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Resumen

Desde que se secuenciaron las primeras secuencias gendmicas con las denominadas
tecnologias de primera generacion hasta el momento actual donde se estan implantando
las tecnologias de secuenciacién de tercera generacién se ha producido un abaratamiento
del coste que supone secuenciar el genoma completo de un organismo. Esto ha supuesto
un gran aumento de los datos gendmicos disponibles, generando la necesidad de la
automatizacion del andlisis para poder sacar el mayor provecho a toda esta informacion.
En este sentido se han desarrollado aplicaciones capaces de localizar los genes
presentes en secuencias biolégicas. Estas aplicaciones incluso en genomas de
procariotas, que poseen una menor complejidad con respecto a organismos eucariotas,
no encuentran todas las secuencias codificantes de proteinas, y en especial si estas se

corresponden con sORF, pseudogenes o0 genes no canonicos.

Con el objetivo de solventar este problema, y permitir completar asi el conjunto de genes
de un genoma, se desarroll6 AnABlast. Este algoritmo es capaz de localizar regiones
codificantes de proteinas mediante el acumulo de alineamientos no significativos,
descartados habitualmente. En esta tesis se presenta el desarrollo y aplicacion de
AnABIlast sobre genomas completos. Se han estudiado y optimizado los parametros para
mejorar la sensibilidad y especificidad utilizando como base el genoma de Drosophila
melanogaster y se han validado los resultados de posibles nuevos genes codificantes de
proteinas, especialmente pequefios ORFs, en Caenorhabditis elegans mediante la técnica
de RNA interferente. Asimismo, se ha desarrollado la segunda versién del anotador
funcional Smag3s, que permite asignar funciones tanto a proteomas como a transcriptomas
completos. En esta segunda version se han reducido las dependencias, simplificado su
uso, mejorado la sensibilidad y especificidad y reduciendo el tiempo de ejecucion y los
costes computacionales. Finalmente estas dos herramientas (AnaBlast y Sma3s) se han
combinado en la aplicacion web de AnABlast, facilitando de esta forma su uso y, por lo
tanto, permitiendo a grupos experimentales completar la anotacién de sus genomas de

estudio.
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1. Introduccion




18



1.1 Motivacion

1.1.1 Secuenciacion

A mediados del siglo XX dio comienzo una de las grandes revoluciones de la biologia
actual. Severo Ochoa y su discipulo Kornberg, en la Universidad de Nueva York,
secuenciaron en laboratorio las primeras moléculas de RNA y DNA respectivamente. Eran
simples cadenas de poly-A y poly-T, pero pronto dieron paso a la secuenciacion de
cadenas mas complejas, lo que dio lugar, poco después, a los trabajos de Marshall W.
Nirenberg y J. Heinrich Matthaei, que mostraban que a partir de una cadena de uracilo se
obtenian péptidos de fenilalanina, y asi pudieron concluir que el triplete UUU de RNA
codificaba para este aminoacido (Nirenberg and Matthaei 1961). Este descubrimiento
desencaden6 pronto una carrera por descifrar los aminoacidos codificados por los
diferentes tripletes de nucledtidos del DNA, dando lugar al cédigo genético, tal y como lo
conocemos actualmente, con sus 64 posibles codones y los 22 amino&cidos que
codifican.

Este descubrimiento tardé en dar paso a la secuenciacién de DNA de organismos, ya que
primero se tuvieron que desarrollar tecnologias adecuadas, como la de Gilbert y Maxan
(Maxam and Gilbert 1977) que marcaba el DNA con nucleoétidos radiactivos y lo rompia
guimicamente en nucleétidos concretos para determinar su orden, y la de Sanger y
Coulson (Sanger, Nicklen, and Coulson 1977) que en lugar de romper, interrumpia la
sintesis de nucleotidos concretos. Esta Ultima se acabd imponiendo por su mayor
sencillez, denominandose actualmente como tecnologia de secuenciacion de primera
generacion, y permitié la secuenciacion por primera vez de un genoma completo, la
secuencia del fago PhiX174 (Sanger et al. 1977).

En sucesivos afios se fueron secuenciando los genomas completos de diferentes
organismos. En 1995 se realiz6 la primera secuenciacion de un genoma bacteriano
completo, Haemophilus influenzae, (White et al. 1995), en 1996 se secuenci6 el primer

organismo eucariota, Saccharomyces cerevisiae, (A. Goffeau et al., 1996) , en 1999 se

19



secuenci6é el primer organismo pluricelular Caenorhabditis elegans (Wilson 1999), y un
afio mas tarde se terminé de secuenciar el genoma de Drosophila melanogaster (Adams
2000). Estos genomas han servido como modelos para numerosas enfermedades y, con
mas de dos décadas de estudio a sus espaldas, tienen un elevado nivel de conocimiento
con numerosas evidencias moleculares derivadas de numerosos estudios tanto in silico

como de laboratorio.

Estos genomas iniciales dieron paso a un nuevo hito en esta revolucién de la biologia,
que ha dado paso a la era gendmica. En abril de 2003 finaliz6 el Proyecto Genoma
Humano, con la secuenciacion del 99% del genoma de H. sapiens, con una precision del
99.9%. Se tardaron 13 aflos en secuenciar este primer genoma humano, con un coste
aproximado de unos 3.000 millones de dolares y con la contribucién de mdltiples centros

internacionales (Collins 2003).

Pero este hito pronto se quedaria pequefio, y solo unos pocos afios mas tarde, en 2007,
comenzé el proyecto de los 1000 genomas que, gracias a la aparicion de nuevas
tecnologias de secuenciacién como /llumina, Roche Diagnostics (454) y Life Technologies
(SOLID), denominadas Next Generation Sequencing (NGS), permitieron en 2012 culminar
su primera fase, en la que se secuenciaron 1092 genomas provenientes de 14
poblaciones humanas distintas. La informacién y datos provenientes de este proyecto
actualmente son una herramienta imprescindible en muchos proyectos de investigacion,
sirviendo como referencia y control de la variabilidad gendmica humana, ya que se logro
encontrar el 98% de los SNP con una frecuencia mayor del 1 % en la poblacién. En
namero de bases secuenciadas, hablamos de aproximadamente de 6.000.000 millones de
bases, cuyo manejo y andlisis supusieron un gran reto, incluso para las infraestructuras
de datos que tenian que almacenar esta informaciéon (The 1000 Genomes Project
Consortium, Clarke, et al. 2012) (The 1000 Genomes Project Consortium, McVean, et al.
2012).

Pronto se vio que esta enorme cantidad de informacién se quedaba corta a la hora de
afrontar retos futuros de salud (Heath et al. 2008), como la busqueda de asociaciones a
enfermedades raras y variantes genéticas debidas a diferencias entre poblaciones. Esto
a dado lugar a que, en la actualidad, se esté llevando a cabo el proyecto del millén de
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genomas por parte de 13 paises de la Union Europea. En este proyecto se esperan

recopilar mas de un millon de genomas y tenerlos disponibles para el afio 2022.

Todo este niumero de genomas secuenciados no hubiera sido posible sin el abaratamiento
de los costes de secuenciacién que han supuesto las tecnologias NGS (Figura 1), lo que
ha permitido que, en la actualidad, la secuenciacion de genomas completos esté al

alcance de cualquier grupo (Loman and Pallen 2015).
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Figura 1: Coste de secuenciacién de un genoma humano completo (délares), coste de secuenciaciéon por
Mbp (do6lares) y produccion de secuencias en Mb, National Human Genome Research Institute, NIH.

En la actualidad existen mas de 370.000 organismos secuenciados, segun la base de
datos GOLD (Genomes Onlines Database) (Mukherjee et al. 2019), muchos de los cuales
tienen secuenciadas varias variedades, cepas o individuos, por lo que el niumero total de

genomas unicos puede multiplicar varias veces esta cifra (Figura 2).

21



—— bacterias
— eucariotes
— arqueas

140000 -

120000 -

100000 -

80000 -

Genomas

60000 -

40000 -

20000 -

@ L _—
2010 2012 2014 2016 2018
Aio
Figura 2: N° total de proyectos en GOLD (Genomes Online Database, Joint Genome Institute) por afio
separados por grupo taxondémico.

Por otra parte las tecnologias de secuenciacion siguen avanzando, y actualmente las
antiguas NGS han pasado a denominarse tecnologias de secuenciacion de segunda
generacion, ya que se estdn asentando las denominadas tecnologias de tercera
generacion como Oxford Nanopore (Deamer, Akeson, and Branton 2016) y PacBio
(Rhoads and Au 2015). Estas tecnologias se centran en obtener la secuencia de
nucleodtidos a partir de una sola molécula de DNA, lo que evita los sesgos provocados por
el uso de PCR y la sincronizacion necesaria en las tecnologias de segunda generacion
(Schadt, Turner, and Kasarskis 2010). Las tecnologias de 3% generacion son capaces de
secuenciar cadenas muy largas de DNA, de varios miles de pares de bases, aunque
actualmente con el handicap de una mayor tasa de error que las tecnologias de 12
generacion, lo cual suele afrontarse complementando con datos obtenidos de las

tecnologias anteriores.

A pesar de toda la informacién que se puede producir mediante la secuenciacion de un
organismo, este paso solo es el inicio, y la base para los subsiguientes andlisis que se
suelen realizar sobre los datos genomicos. Una vez se ha conseguido secuenciar el
genoma de un organismo, el siguiente paso consiste en el ensamblado de las lecturas

para formar secuencias mas largas. Sobre el ensamblado se realiza la anotacion o
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busqueda de elementos funcionales, siendo habitual la localizacion de los DNA
codificantes de proteinas, asi como las regiones correspondientes a los genes no
codificantes de proteinas (Kersey et al. 2016). Una vez localizados los genes, el siguiente
paso consiste en asignar una funcion a las proteinas que codifican, pudiendo incluir en su
anotacién caracteristicas como la localizacion celular y una estructura (Figura 3). Estos
primeros pasos en el analisis de un genoma son fundamentales, ya que de la calidad de

esta informacion dependeran los subsiguientes analisis y estudios.

Muestra Secuenciacion Ensamblado Localizacion Anotacion

S w— e, de genes funcional
—_— [ P— 3 s———  RuBP >

Figura 3: Esquema de andlisis de novo de una secuencia nucleotidica

La necesidad de analisis y gestion de toda esta enorme cantidad de informacion, dio lugar
ya en los afios 60 a la bioinforméatica, con la pionera Margaret Dayhoff. Esta disciplina
cientifica se encuentra en la interseccion de la biologia molecular y la informética. Su
dominio lo constituye, esencialmente, el desarrollo y aplicacion de herramientas
computacionales para la recoleccion, almacenamiento, manejo, analisis e interpretacion
de la informacion evolutiva, estructural y funcional contenida en la secuencia de las
biomoléculas, con el objetivo final de tener aplicacion directa en estudios relacionados con

los sistemas biolégicos (Mount, D.W. 2001).

1.1.2 Ensamblado

Las tecnologias de secuenciacion no producen directamente la secuencia del genoma de
un organismo. El resultado de estas tecnologias son multiples (repetidas) pequefas
secuencias que proceden de las diferentes regiones a lo largo de todo el genoma. Estas
pequefas secuencias se denominan lecturas (del ingles “reads”). Esto requiere que se
haga necesario un siguiente paso de ensamblado de las lecturas, para montar el genoma

del organismo de interés.
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En la actualidad, segun el tipo de lecturas que ensamblan, podemos encontrar por un lado
herramientas bioinformaticas capaces de trabajar con lecturas cortas (aproximadamente
de unas 300 pb) provenientes de tecnologias de secuenciacion de segunda generacion
como: SOAPdenovo (Luo et al. 2012), Velvet (Zerbino and Birney 2008), SPAdes
(Bankevich et al. 2012). Por otro lado mas recientemente, y acompafiando a las
tecnologias de secuenciacion de tercera generacion, encontramos ensambladores que
pueden trabajar con lecturas largas (hasta varios miles de pb). Dentro de este grupo
estan: Canu (Koren et al. 2017), miniasm (Li 2016) y FALCON (Chin et al. 2016).

No obstante, recientemente se ha mostrado que la combinacion de estas cadenas largas
(Oxford nanopore y PacBio) junto con las lecturas mas cortas de Illunima, pueden mejorar
el ensamblado de genomas muy bien estudiados, como es el caso de Caenorhabditis
elegans, (Yoshimura et al. 2019). También se ha empleado esta combinacién para mejorar
otro tipo de ensamblados, como los de las lecturas de ARN usadas en experimentos de
transcriptomica denominados RNA-seq (Au et al. 2012). Normalmente, el ensamblado se
optimiza con la correccién de la mayor tasa de error de las secuencias largas, mediante
lecturas de secuencias cortas, con menor tasa de error. Esto ha puesto en evidencia los
NUMeEerosos errores existentes en secuencias que se creian bien conocidas como en el
caso de C. elegans, donde con la nueva secuenciacién se han encontrado 53 posibles
nuevos genes, o el de Acinetobacter baumannii, donde 400 regiones codificantes de
proteinas se predijeron con un tamafio diferente y otras 200 fueron eliminadas (Hamidian
et al. 2019).

Estas mejoras se deben sobre todo a que las secuencias largas evitan los problemas que
tienen las secuencias cortas en zonas de DNA repetidas y de baja complejidad (Schadt,
Turner, and Kasarskis 2010). Estas ventajas han hecho que versiones recientes de
ensambladores afiadan la opcién de poder combinar estos dos tipos de lecturas de forma

automética, como puede hacer actualmente SPAdes (Antipov et al. 2016).

1.2 Localizacion de genes codificantes de proteinas
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La localizacion de genes ha sido un reto desde los inicios de la secuenciacion de
genomas y en especial de los genes que codifican para secuencias de aminoacidos y son
traducidos a proteinas (genes codificantes de proteinas). Aunque ésta puede ser una
definicion candnica, no siempre se ajusta a la realidad y los limites entre genes

codificantes y no codificantes de proteinas no siempre estan claros (Gerstein et al. 2007).

1.2.1 Procariotas

En organismos procariotas, inicialmente se confiaba en la basqueda de similitud entre
secuencias para localizar las nuevas regiones codificantes, de tal forma que si la region
del nuevo genoma se parecia lo suficiente a algin gen codificante conocido, se
consideraba que en esa nueva region habia un gen codificante. Para realizar estas
comparaciones, en un principio, se utilizaron algoritmos de programacion dindmica
(Needleman and Wunsch 1970; Smith and Waterman 1981) que son mas exhaustivos,
pero se acabaron imponiendo algoritmos heuristicos, que realizan una aproximaciéon a la
solucién éptima como BLAST (S. F. Altschul et al. 1990) y FASTA (Pearson and Lipman
1988), que son lo que se siguen utilizando en la actualidad. Todos estos algoritmos se
basan en la busqueda de similitudes significativas entre secuencias. Para valorar esta
semejanza emplean matrices de puntuacion asignando un valor o penalizacion para cada
sustitucion en las cadenas de DNA o aminoacidos. Entre estas matrices de puntuacion se
encuentran las PAM (Dayhoff, M. O 1979), basadas en un modelo evolutivo de sustitucion,
y las mas recientes y utilizadas BLOSUM (Henikoff and Henikoff 1992), las cuales dan
mas peso a sustituciones frecuentes encontradas en motivos o dominios de familias

proteicas.

Estas técnicas de busqueda de similitud entre secuencias tienen el problema de que,
debido al enorme aumento de en el nUmero de secuencias que se han incorporado a las
bases de datos en los ultimos afios, la busqueda de similitud entre secuencias supone un
problema en términos de tiempos de computacion, si se quiere utilizar una base de datos
actualizada. Ademas tienen el handicap de que si en la base de datos de referencia no

existe una proteina suficientemente similar, no se detectara esa region codificante.
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Para solventar estos problemas se desarrollaron métodos ab initio, los cuales buscan
sefales de secuencia que marcan el inicio y fin de las regiones codificantes. Inicialmente
se crearon algoritmos basados en Modelos Ocultos de Markov como GeneMark
(Borodovsky and Mclninch 1993) y GLIMMER (Salzberg et al. 1998) (A. Delcher 1999) (A.
L. Delcher et al. 2007). Mas adelante, para solventar la falta de precisién a la hora de
detectar la posicion de inicio en genomas con un alto contenido en GC, se desarrollo
Prodigal (Hyatt et al. 2010) que es capaz de usar los sitios de unién al ribosoma (RBS en
sus siglas en ingles) existentes en el genoma, mejorando de esta forma la precision a la

hora de localizar los genes codificantes de proteinas.

Con estos programas se pueden llegar a predecir correctamente mas del 95% de los
genes codificantes de proteinas, pero también predicen erroneamente algunas regiones
no codificantes, como sucede por ejemplo con las regiones ribosémicas. Para solucionar
estos falsos positivos, se han incorporado estas herramientas a flujos de trabajo
automatizados de localizacion de genes, que tienen en cuenta tanto los genes
codificantes como los no codificantes, como RAST (Aziz et al. 2008) y Prokka (Seemann
2014).

1.2.2 Eucariotas

En organismos eucariotas la prediccién de regiones codificantes se complica debido a la
mayor complejidad en la estructura de su genoma (Figura 4), sobre todo por la presencia
de intrones, exones, sitios de splicing enhancers/potenciadores y las grandes regiones no
codificantes que contienen, y que separan a las regiones codificantes que pueden ser
muy cortas, siendo incluso de la longitud de una base (Abebrese et al. 2017).
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A) Operén
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B) Gen
Promotor 5’ UTR Exon 1 Intron 1 Exon 2 Intron 2 Exon 3 3'UTR
Codon GU AG GU AG Codon

Inicio Stop

Figura 4: Estructura general de los genes de procariotas (A) y eucariotas (B)

Inicialmente también se usaban algoritmos basados en la busqueda de similitud de
secuencias, pero se pasoO rapidamente a los métodos ab initio debido al aumento del
tamafio de las bases de datos y a que la longitud de los genomas de eucariotas hacia que

estos métodos fueran impracticables.

Entre estos métodos ab initio se encuentran genelD (Guigo et al. 1992), que se basa en
deteccion de sefiales y reglas jerarquizadas, GLIMMER HMM (Majoros, Pertea, and
Salzberg 2004) que utiliza modelos ocultos de Markov para detectar sefiales (HMM) y
AUGUSTUS (Stanke et al. 2004), que aplica un método hibrido entre blusqueda de

similitud entre secuencias y modelos ocultos de Markov.

En el mejor de los casos la sensibilidad de estos algoritmos no supera el 85% a nivel de
exon, y si lo llevamos a nivel de gen la sensibilidad cae por debajo del 70% con
precisiones aun mas bajas, por lo que el reto de localizar in silico genes codificantes de
proteinas en genomas de eucariotas esta lejos de estar resuelto (Goodswen, Kennedy,
and Ellis 2012).

Cuando los organismos han sido muy estudiados, como es el caso de los organismos
modelo S. pombe, D. melanogaster, C. elegans, esta falta de sensibilidad y especificidad
de los algoritmos se ha solventado parcialmente. Estos organismos se han estudiado de
forma exhaustiva por diferentes métodos y por lo tanto se conocen la mayoria de genes
presentes en sus genomas, existiendo bases de datos especificas para ellos como
WormBase (Harris et al. 2010), FlyBase (Tweedie et al. 2009) y PomBase (Wood et al.
2012). El hecho de que estos genomas estén muy bien estudiados no significa que se

hayan encontrado todos sus genes (Figura 5). Por ejemplo, el nUmero de genes
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codificantes de proteinas en C. elegans ha ido variando a lo largo de los afos, pasando
de unos 19000 detectados en los andlisis iniciales, a mas de 21000 predichos en la ultima
version del genoma de C. elegans (WS272) disponible en WomBase (Dubaj Price and
Hurd 2019).

Los genes codificantes de proteinas (una vez procesados los intrones) se localizan dentro
de marcos abiertos de lectura (ORFs en sus siglas en ingles). Estos ORFs son regiones
del genoma que comienzan con un codén de inicio y terminan con un codon de stop y no
presentan ningn codon de stop entre ambos. Esto indica que esta region puede ser

traducida a aminoacidos.

Se puede afirmar que de forma generalizada existe una subestimacion del niUmero de
genes codificantes de proteinas localizados en marcos abiertos de lectura (ORFs) no
canodnicos, de pequefio tamafio, pseudogenes o con codones de inicio alternativos. Estas
proteinas ademas pueden jugar un papel importante en sistemas clave para el organismo
como la respuesta inmune (Jackson et al. 2018). Véase por ejemplo el gran aumento en el
namero de genes de C. elegans a partir de 2018 (Fig. 5b).

—— D. melanogaster —— C. elegans

30000 - 21000 -

28000 - 20800 -

26000 -
20600 -

24000 -
20400 -

Num. genes codificantes

22000 -
20200 -

20000 -
2006 2008 2010 2012 2014 2016 2018 2006 2008 2010 2012 2014 2016 2018
Afio Afio

Figura 5: Evolucién del nimero de genes codificantes de proteinas en las bases de datos de FlyBase y
WormBase para D. melanogaster y C. elegans respectivamente. Datos obtenidos del histérico procedente del
ftp de FlyBase y WormBase respectivamente.
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1.2.3 Marcos abiertos de lectura cortos

Trabajos recientes han mostrado un nuevo componente de los genomas, los marcos
abiertos de lectura cortos, o en sus siglas en inglés sORFs (Small Open Reading
Frames). Se considera un ORF como pequefio, cuando tiene 100 codones 0 menos, y se
ha visto que pueden codificar péptidos bidlogicamente activos que suelen tener un papel
regulatorio en la expresion de genes canoénicos (Andrews and Rothnagel 2014), o en la
regulacion de procesos fundamentales como el transporte de calcio en D. melanogaster,

llegando a afectar a la contraccion del corazon en estos organismos (Magny et al. 2013).

Los sORF pueden ser intergénicos, pero en su mayoria se encuentran en las regiones
5'UTR, 3'UTR, dentro del propio gen que regula, pero en un marco de lectura diferente, en
regiones intrénicas, e incluso dentro de RNAs no codificantes (hcRNA) (Figura 6). Ademas
los SORF suelen tener como inicio codones alternativos al AUG (Hellens et al. 2016). La
funcién biologica de gran mayoria de estos sORF tiene que ser investigada y debido al
gran nimero en que se encuentran en los genomas de eucariotas, es imprescindible

discernir entre aquellos SORF que pueden codificar péptidos y los que no.

I sORF

@ 5— B Exon 1 —_— Exon 2 3UTR —_—3
—
5UTR
5 [ INcRNA 3
5 =  B5UTR Exon 1 — Exon 2 - 3UTR —_3

® ©

5'=— 5UTR Exon 1 —-— Exon 2 3UTR —_3

Figura 6: Posibles localizaciones de SORF que pueden traducirse a aminoacidos. (A) sORF en las regiones
no traducidas de genes canénicos. (B) sORF dentro de IncRNA. (C) sORF dentro de exones canénicos pero
en diferente marcos de lectura al correspondiente a la proteina canénica. (D) sORF dentro de regiones
intrénicas de genes canénicos que se pueden traducir mediante splicing alternativo.
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Dentro de un genoma complejo como el de D. melanogaster se proponen que pueden
existir mas de 550.000 sORF de al menos 10 codones de longitud, de los cuales no todos
tienen una funcién bioldgica (Pueyo, Magny, and Couso 2016). Por lo tanto discernir entre
aquellos que se traducen y codifican un péptido con funcién y los que no, es una tarea
primordial y abrumadora, ya que el nimero de péptidos activos que forman parte de los
organismos se puede multiplicar varias veces. Los algoritmos que identifican genes
canolnicos no tienen en cuenta estas secuencias tan cortas (<= 100 aa), ya que se
considera que la mayoria de genes codificantes lo hacen para proteinas mas largas, pero
si se dieran por validos estos sORFs provenientes de predicciones automaticas, las bases
de datos se inundarian de falsos positivos, a menos que se comprobaran
experimentalmente los resultados (Pueyo, Magny, and Couso 2016). Todo esto hace que
se abra un nuevo campo en la genémica, ya que existen evidencias de que una gran

parte de estos pequefios péptidos pueden tener funciones importantes en los genomas.

Los primeros algoritmos computacionales que se usaron para predecir los sORFs, eran
programas basados en parte en la similitud entre secuencias, y en caracteristicas
intrinsecas de las mismas, como puede ser la composicion de hexameros, la frecuencia
de dicodones y la proporcion entre sustituciones de aminoacidos sinénimos y no
sinénimos, como son Coding Region Identification Tool Invoking Comparative Analysis
(CRITICA) (Badger and Olsen 1999), Coding Potential Calculator (CPC) (Kong et al. 2007)
y sORF Finder (Hanada et al. 2010). Otro grupo de algoritmos se basan en estudios
filogenéticos de las secuencias, ya sea mediante filogenética basada en modelos ocultos
de Markov (phylo-HMM), como PhastCons (Siepel 2005), o basados en modelos
filogenéticos de sustitucién de codones como PhyloCSF (Lin, Jungreis, and Kellis 2011).

Actualmente estos algoritmos no son lo suficientemente precisos, siendo necesario
combinarlos con otros métodos experimentales de deteccion de traduccion como son
Ribo-Seq y espectrometria de masas. Pero aiun combinando estos métodos puede ser
dificil diferenciar los resultados del ruido de fondo de traducciones aleatorias (Pueyo,
Magny, and Couso 2016).
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1.3 Anotacion funcional de genes codificantes de

proteinas

Una vez localizados los genes del genoma, otro paso fundamental es predecir la funcion
de éstos. El enorme crecimiento en el nimero de secuencias genémicas ha provocado un
incremento similar en el nUmero de secuencias proteicas. Esto ha provocado que la gran
mayoria de proteinas estén anotadas de forma computacional, sin ninguna validacién
experimental (Figura 7). Lo que hace que la precision de los algoritmos encargados de
asignar funciones a las proteinas sea fundamental para el conocimiento general de los
genomas y para disciplinas mas aplicadas como la biomedicina y la farmacéutica
(Radivojac et al. 2013).

TrEMBL

Swiss-Prot

106 107 108
N2 Proteinas

Figura 7: Numero de proteinas en UniProtKB revisadas y anotadas manualmente (Swiss-Prot) y anotadas
automaticamente y no revisadas (TrEMBL)

En un principio se usaban algoritmos como BLAST (BLASTP para proteinas), para la
busqueda de similitud entre secuencias. Si las proteinas eran suficientemente similares,la
proteina problema recibia las anotaciones de la proteina similar procedente de la base de
datos. Como evolucion de BLAST, que usa matrices de peso por posicion para puntuar la
similitud entre 2 secuencias, aparecié PSI-BLAST que se basa en perfiles de secuencia,
con un numero de secuencias de una base de datos que se consideran similares a la
proteina problema (S. Altschul 1997). Estos algoritmos realizan basquedas de similitud
frente a bases de datos de proteinas como UniProt Knowledgebase
(The UniProt Consortium 2017), o bases de datos de secuencias nucleotidicas como
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GenBank (Benson et al. 2012). Estas bases de datos intentan ser un compendio de todas
las secuencias conocidas. Surgen de esfuerzos internacionales y de la integracion de
diferentes bases de datos que cruzan periédicamente su informacion para mantenerse
actualizadas. UniProtKB surge de la colaboracion entre NCBI (National Center for
Biotechnology Information), EBI (European Bioiformatic Institute) y SIB (Swiss Institure of
Bioinformatic). GenBank pertenece al NCBI y al mismo tiempo forma parte de la
“International Nucleotide Sequence Database Collaboration” donde participan las bases
de datos DDBJ (DNA DataBank of Japan) y ENA (European Nucleotide Archive).

En un siguiente paso, junto a los programas de busqueda de similitud que usaban BLAST,
se empezaron a usar programas basados en Modelos Ocultos de Markov, como hace
InterProScan (Jones et al. 2014), el cual emplea los algoritmos de TMHMM y HMMERS,
ademas de BLAST, para buscar en un gran nimero de bases de datos como son: Pfam
(EI-Gebali et al. 2019) y TIGRFAMs (Haft et al. 2012), constituidas por familias de
proteinas generadas por alineamientos multiples y modelos ocultos de Markov; SMART
(Letunic and Bork 2018), Prosite (Sigrist et al. 2012) y PRINTS (Attwood 2000), que son
bases de datos de dominios y motivos proteicos; ademas de PIRSF (Wu 2004), Panther
(Mi et al. 2019) y HAMAP (Pedruzzi et al. 2015), que son bases de datos de familias de
proteinas revisadas manualmente; y finalmente ProDom (Bru 2004) y CATH-Gene3D
(Dawson et al. 2017), que son bases de datos de proteinas que incluyen informacion 3D,
al igual que SUPERFAMILY (Pandurangan et al. 2019). Todas estas bases de datos se
han integrado en InterPro (Mitchell et al. 2015).

Mas recientemente aparecieron nuevos algoritmos como DIAMOND (Buchfink, Xie, and
Huson 2015). Este algoritmo, realizando un BLASTX, es decir buscando la traduccién de
los 6 marcos de lectura de una secuencia nucleotidica frente a una base de datos de
proteinas, puede ser hasta 20.000 veces mas rapido que BLAST alineando secuencias,
pero a costa de tener una menor sensibilidad. Para conseguir este incremento se basa en

estrategias como la reduccion del alfabeto, espaciado e indexacion de semillas.

DIAMOND se emplea en aplicaciones como eggNOG-mapper (Huerta-Cepas et al. 2017),
para asignar funciones realizando busquedas de similitud en la base de datos de
ortélogos eggNOG (Huerta-Cepas et al. 2019). Se considera que dos genes son ortélogos

cuando se han originado a partir de un gen ancestral procedente del genoma del ultimo
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antepasado comun. Esta base de datos proporciona informacién funcional y filogenética

de los grupos de ortélogos que contiene.

En la actualidad se siguen usando programas que se basan en BLAST para alinear
secuencias, sobre todo cuando realizan un BLASTP (alineamiento de proteinas frente a
bases de datos de proteinas), ya que en estos casos la rapidez de DIAMOND no

sobrepasa a la de BLAST para valores de igual sensibilidad.

Existen otros programas de anotacion funcional pero suelen tener otras limitaciones como
es el caso de Argot2.5 (Lavezzo et al. 2016), ESG/PFP (Khan et al. 2015), BAR-PLUS
(Piovesan et al. 2011) y FastAnnotator (Chen et al. 2012), que solo estan disponibles
mediante una aplicacion web donde el nimero de proteinas a anotar esta limitado.
Trinotate (Bryant et al. 2017) es otro programa que s6lo permite anotar transcriptomas, y
Blast2GO (Conesa et al. 2005) que necesita una licencia de pago para acceder a todas

sus funcionalidades.

A estas limitaciones hay que sumarle el uso que hacen algunos programas de grandes
bases de datos con millones de proteinas, o que hace que los tiempos de alineamiento
aumenten afio tras afio conforme estas bases de datos aumentan. Un ejemplo de esto lo
tenemos en BAR-PLUS que hace uso de UniProt completa, y por tanto teéricamente su
tiempo de ejecucion creceria exponencialmente, en paralelo al crecimiento actual de esta

base de datos.

Todos estos programas se basan por tanto, de algin modo u otro, en la basqueda de
similitud de las secuencias problemas frente a diferentes bases de datos, con lo que
volvemos al problema del crecimiento y actualizacion de las bases de datos y los
problemas que provoca el aumento del tiempo de calculo y desactualizaciéon de las

anotaciones presentes en las mismas.
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Sma3s vl & AnABlast

Previo al desarrollo de esta tesis se desarrollo el anotador funcional de proteinas Sma3s,
por Sequence Massive Annotation using 3 Modules (Munoz-Merida et al. 2014). Esta
aplicacion permite la anotaciéon automatizada de grandes cantidades de secuencias
biolégicas (nucledtidos o aminoacidos). Para realizar la anotacidbn se basa en tres
mobdulos que de forma sucesiva anotan la secuencia problema. En el primer médulo se
extraen las anotaciones de secuencias muy similares, el segundo médulo obtiene las
anotaciones mediante la busqueda inicial de ortélogos y el tercero usa los términos
enriquecidos procedentes de grupos de secuencias similares a la secuencia problema.
Como base de datos de referencia puede usar tanto UniprotKB completa como cada uno
de sus secciones por separado, Swiss-Prot y TrEMBL, o incluso sélo secuencias de

grupos taxonémicos concretos.

Un aflo mas tarde se desarroll6 el algoritmo AnABlast para la busqueda de regiones
codificantes de proteinas en secuencias gendémicas (Jimenez et al. 2015), realizandose
las primeras pruebas con regiones intergénicas de la levadura Schizosaccharomyces
pombe. Esta primera version del algoritmo se desarrolld con el objetivo de probar que la
acumulacion de alineamientos no significativos de BLAST de proteinas sobre secuencias
gendmicas no tenian una distribucion azarosa. En estas primeras versiones se realizaba
un BLASTX, es decir se alineaban las secuencias de los seis marcos de lectura posibles
de las regiones intergénicas frente a la base de datos de proteinas UniRef50
(The UniProt Consortium 2017). Esta base de datos proviene de la agrupacion, mediante
el programa CD-HIT (Fu et al. 2012), de las proteinas de UniProtKB que tienen una
identidad mayor o igual al 50% y un solapamiento mayor o igual al 80%. De esta forma,
esta base de datos elimina en gran medida la redundancia y disminuye el posible sesgo
debido a la sobrerrepresentacion en UniProtKB de grupos de secuencias de la misma

familia que pueden dar lugar acumulaciones de alineamientos anormalmente altos.

Como se ha descrito anteriormente, la versién inicial de AnABlast es capaz de localizar
posibles secuencias codificantes de proteinas en pequefias regiones gendmicas (como
son las regiones intergénicas de S. pombe). Por otro lado, la primera versiéon de Sma3s es
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capaz de anotar estas secuencias. Por lo tanto, la combinacion de estas dos herramientas
podria ser empleada en los pasos posteriores a la secuenciacion y ensamblado de
secuencias gendmicas y esta posibilidad ha sido explorada y desarrollada durante esta

tesis.
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2. Objetivos
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2.1 Objetivos

El objetivo planteado en esta tesis se centra por un lado en el desarrollo y mejora del
algoritmo AnABlast para la localizacion de genes codificantes de proteinas en genomas
completos, asi como la puesta en practica del mismo sobre genomas de diferentes
organismos eucariotas. Y por otro lado se trata de mejorar la anotacion masiva de
secuencias bioloégicas mediante la herramienta computacional Sm3s, asi como el
desarrollo de una aplicacion web que permita el uso combinado de estas dos aplicaciones
de forma répida y abierta para toda la comunidad cientifica. Este objetivo general se

puede dividir en los siguientes apartados:

1. Puesta a punto de la busqueda de acumulos de alineamientos no significativos
de BLAST en genomas completos y validacion del protocolo comparando frente
a los resultados ya publicados de las regiones intergénicas de
Schizosaccharomyces pombe.

2. Mejora de la anotacion funcional de secuencias biolégicas (nucledtidos y
aminoacidos) realizada mediante la aplicacion Sma3s, incluyendo la mejora de la
sensibilidad y especificidad de las anotaciones, asi como el tiempo de ejecucion,
eliminacién de dependencias del programa, facilidad de uso y mejora en las
salidas de la aplicacion.

3. Optimizaciéon de parametros para localizar los acimulos de alineamientos no
significativos de BLAST para la busqueda de ORFs en el genoma de Drosophila

melanogaster.

4. Aplicacion de la busqueda de acimulos de alineamientos no significativos de
BLAST sobre el genoma de Caenorhabditis elegans, para buscar y validar genes
codificantes de proteinas descartados por otros algoritmos, haciendo hincapié en

pequefos ORFs.
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5. Desarrollo de una aplicaciéon web que permita el uso facil, abierto y combinado
de AnABlast y Sma3s.
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3. Marco teorico
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3.1 Marco tedrico de las publicaciones

En este apartado se describira el desarrollo de la tesis y se resumiran brevemente los
resultados mas importantes de los articulos cientificos implicados en la misma. En los
articulos que se encuentran adjuntos mas abajo, se describen en mas detalle todos los

desarrollos y resultados obtenidos durante la tesis (Figura 8).

Tesis
Anotacién
Funcional |
Sma3s v2 ;
Att. 2 i i
v v v
) ) .
Adaptacion Optimizacion Aplicacién
del algoritmo _| de parametros _ | Herramienta
- | C.elegans - web
S. pombe D. melanogaster U. maydis
_J J
Art. 1 Art. 3 Art. 4 Art. 5

Figura 8: Esquema de los trabajos realizados en la tesis. Art. 1: AnABlast: a new in silico strategy for the
genome-wide search of novel genes and fossil regions (previo a esta tesis) . Art.2: Sma3s: A universal tool
for easy functional annotation of proteomes and transcriptomes (https://doi.org/10.1002/pmic.201700071).
Art. 3 Drosophila melanogaster (https://doi.org/10.1186/s12864-020-6632-y). Art. 4: Caenorhabditis
elegans (enviado a revista). Art. 5: Aplicacién web ( DOI https://doi.org/10.1007/978-1-4939-9173-0_12 ).

El desempefio de este trabajo se inicio tras la publicacion de los articulos cientificos de
Sma3s vl (Munoz-Merida et al. 2014) y AnABlast (Jimenez et al. 2015). En este ultimo
articulo se describen las bases del algoritmo AnABlast, que sirve como base para el inicio

de esta tesis.
Durante las etapas iniciales de la tesis se redisefid el algoritmo para su aplicacion en

genomas completos, ya que previamente solo se habia aplicado sobre las regiones

intergénicas de Schizosaccharomyces pombe. Durante este proceso se pasoé a realizar
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un TBLASTN en lugar de un BLASTX, ambos provenientes del paquete BLAST+
(Camacho et al. 2009). El segundo algoritmo (utilizado para S. pombe) realiza
alineamientos de los seis marcos de lectura de una secuencia nucleotidica frente a una
base de proteinas y el primero (implementado en esta tesis) permite alinear una proteina
frente a una base de datos de secuencias nucleotidicas, traduciendo sus seis posibles
marcos de lectura. Este cambio permiti6 comparar la base de datos de proteinas
UniRef50 frente a genomas completos (siendo las proteinas de UniRef, en este caso, las
secuencias problema), ya que de forma inversa (siendo las secuencias gendmicas las
secuencias problema) el algoritmo no funcionaria debido a limitaciones del mismo por la

longitud de las secuencias problema.

Como resultado de este cambio, se emplearon como secuencias problema las méas de 24
millones de proteinas existentes en UniRef50, y como base de datos el genoma completo
de Schizosaccharomyces pombe. Una vez obtenidos los resultados del andlisis del

genoma completo, se validaron con los obtenidos en las regiones intergénicas en Jiménez

et al, mostrando resultados muy similares (Figura 9).

[ ] Genoma completo S. pombe  [[] Intergénico S. pombe

Region 1 Region 2

Region 3

5 3

Secuencia genémica
Figura 9: Comparacion en tres regiones intergénicas de S. pombe de los picos de AnABlast obtenidos

mediante la aplicacién de este algoritmo sobre el genoma completo (rosa) o exclusivamente sobre las
regiones intergénicas (azul).
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En resumen, el algoritmo para el analisis de genomas completos consiste en alinear los
aminoacidos predichos a partir de los seis marcos de lectura de una secuencia gendmica
contra la base de datos de proteinas no redundante UniRef50. Cada una de las
secuencias representantes de UniRef50 se emplea como secuencia problema y mediante
un TBLASTN se alinea contra los 6 marcos de lectura de la secuencia gendmica
traducidos a aminoacidos. De todos los alineamientos posibles nos quedamos con
aquellos que tienen un bitscore de 30, independientemente del p-valor que tengan
(protomotivos). Esto supone que la gran mayoria de alineamientos son no significativos
(p-value mayor de 10e-5). A partir de estos alineamientos se genera una puntuacion para
cada posicion de cada uno de los seis marcos de lectura, de tal forma que esta
puntuacion se corresponde con el sumatorio de los alineamientos que se superponen en
cada posicion. Esta puntuacion se traduce en una intensidad de sefial o altura y es la
agrupacion de las alturas de cada posicion lo que genera las sefiales o picos de AnABlast
(Figura 10).

100 — bitscore

_;_ip_ea,k_—_he_i_gh__t___:

true positive false negative false positive

Figura 10: Esquema de los perfiles de AnABlast obtenidos en tedrico genoma con un gen con dos exones. El
tamafio de los picos es la maxima acumulacién de protomotivos en una posicién especifica del genoma
(Alineamientos de BLAST incluidos los que tienen bitscore bajos). Los picos con una acumulacion de
protomotivos por encima de un cierto limite son considerados como posibles regiones codificantes de
proteinas (sefiales codificantes). Los picos significativos que coinciden con un exon conocido se consideran
verdaderos positivos, mientras que aquellos que coinciden con regiones gendémicas sin exones conocidos son
considerados como falsos positivos. Los exones conocidos que no coinciden con acumulaciones
significativas de protomotivos constituyen los falsos negativos.
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Tras realizar estos cambios en el algoritmo se procedié a actualizar la aplicacion de
anotacion funcional Sma3s, obteniendo su segunda version, la cual ofrecia una mejor

precision y un menor tiempo de ejecucion.

Para comprobar si los pardmetros aplicados en el analisis inicial, de las regiones
intergénicas, eran los Optimos para analizar genomas completos se decidié analizar el

genoma de un eucariota complejo como es Drosophila melanogaster.

Una vez determinados cuales eran estos parametros 6ptimos se paso a la aplicacion en el
genoma de Caenorhabditis elegans obteniendo resultados positivos validados in vivo con

fenotipos obtenidos mediante RNA interferente.
Por ultimo se decidi6 facilitar el uso de AnABlast a los miembros de la comunidad

cientifica sin conocimientos de bioinformatica, mediante el desarrollo de una aplicacion

web programada en Perl.

3.1.1 Anotacion funcional (Sma3s v2)

Como se ha comentado previamente, el objetivo principal de esta tesis consistia en la
localizacion de nuevas regiones codificantes de proteinas. Pero una vez obtenidas estas
regiones, su anotacién funcional podria constituir un paso fundamental y un apoyo a la

posibilidad de que estas regiones realmente son codificantes.

Para realizar esta anotacion funcional desarrollamos la segunda version de la aplicacion
Sma3s (Munoz-Merida et al. 2014). Esta aplicacion se basa en alineamientos locales,
mediante BLAST, y enriquecimiento biolégico que se combinan mediante tres modulos.

Permitiendo un uso sencillo y una alta precisién en las anotaciones.

En su segunda version, realizada durante esta tesis, se redujeron el numero de
dependencias de software, hasta precisar sélo la instalacion previa de los paquetes
BLAST+ y Perl. Ademas se redujo el tiempo de anotacion medio por secuencia problema
mediante el uso de una base de datos de proteinas no redundante Uniref90
(The UniProt Consortium 2017). Esta base de datos proviene de la agrupacién de todas
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las proteinas de UniProtKB usando un umbral minimo de 90% de identidad y 80% de
cobertura (The UniProt Consortium 2017), lo que se consigue mediante la aplicacion CD-
HIT (Fu et al. 2012). Ademas, se mejord la precision de sus anotaciones, permitiendo
asignar nombres de proteinas y descripciones informativas, las cuales son de gran utilidad
para proyectos futuros. Por ultimo, para mejorar el analisis posterior, se mejord la salida
de resultados, los cuales ahora se pueden abrir desde un porgrama de hoja de calculo y
permiten analizar clases funcionales de los proteomas o transcriptomas anotados. Todo
esto, junto a una mejora en la precision de los resultados debida a mejoras en la
integracion de los mddulos y el uso de las etiquetas de calidad de las anotaciones
presentes en la base de datos. El primero de los modulos realiza una busqueda de
secuencias muy similares y el segundo moédulo una busqueda de ortdlogos. A partir de
estos dos modulos se asignan, principalmente, los nombres de los genes y las
descripciones de las secuencias, evitando la asignacion de nombres espurios, mediante
un filtrado de los mismos a través de unas sencillas reglas como son la longitud del
nombre o la presencia de caracteres extrafios. El tercer modulo emplea todos los
alineamientos significativos que ha generado la secuencia problema para obtener las
anotaciones compartidas. Para la asignacion de las anotaciones se emplean los 3

modulos, lo que mejora la sensibilidad de las mismas.

La herramienta bionformatica resultante permite realizar la anotacion de proteomas o
transcriptomas completos a cualquier investigador, dando un resultado en forma de
anotaciones funcionales por secuencia, muy facil de revisar y util para la realizacion de
analisis posteriores. Para mostrar las mejoras de la version 2 se anotaron 52 proteomas
del genero Bacillus de bacterias. Utilizando la hoja de clases funcionales de resultado de
cada anotacién, se pudieron comparar funciones generales entre las diferentes especies
(Figura 11). Estos procesos biologicos provienen de los GO Slim (Gene Ontology
Consortium 2004), y representan una vision de los niveles superiores procedentes de las
tres ontologias de términos GO presentes en la base de datos Gene Ontology
(http://geneontology.org/ ). Estas tres ontologias son Funciéon Molecular, que describe la

actividad, Procesos Bioldgicos, que describe los objetivos por una o mas conjuntos
ordenados de funciones moleculares y Componente Celular, que describe la localizacion,

a niveles de componentes subcelulares y complejos macromoleculares.
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Figura 11: Numero de proteinas anotadas por Sma3s en diferentes procesos bioldgicos para tres proteomas
del género Bacillus. Se destaca el nimero de proteinas relacionadas con virulencia, el cual es mayor en B.
anthracis (agente etioldégico del antrax), algo menor en B. cereus (patégeno oportunista causante de
intoxicaciones alimentarias), y menor atn en B. thuringiensis. Es esta ultima especie destaca el elevado
nimero de proteinas relacionadas con esporulacién, seguramente debido a proteinas formadoras de
paraesporas denominadas cristales, las cuales presenta especificamente esta especie.

3.1.2 Optimizacion de parametros ( Drosophila melanogaster )

Para ajustar los parametros del algoritmo y comprobar si los alineamientos de baja
puntuacion que se obtenian con AnABlast eran debidos al azar, se aplico el algoritmo
sobre el genoma de Drosophila melanogaster. En un principio se habian empleado todos
los alineamientos obtenidos al comparar la base de datos Uniref50 frente al genoma

problema, los cuales tuvieran un bitscore >= 30.

Si tomamos como referencia un p-valor considerado como significativo de 10e-5,
obtendremos que la mediana de los bitscore para ese valor esta cercana a 51 (Figura 12).
Para evaluar la precision de este limite se obtuvieron los picos de AnABlast aplicando un
limite de bitscore 31 y 29, siendo en el primer caso mas restrictivos que el segundo.
Ademas del bitscore, otro parametro clave de AnABlast es la altura a partir de la cual se

considera que un pico destaca la presencia de una secuencia codificante de proteinas.
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Figura 12: Distibucion de los bitscores para diferentes p-valores obtenidos de los 100.000 primeros
alineamientos de blast procedentes de los resultados de AnABlast de D. melanogaster

Se evalud tanto la precision como la sensibilidad de ambos parametros utilizando dos
bases de datos de referencia de diferentes afios, 2012 y 2017 (Figura 13) . La
especificidad aumenta conforme aumenta el bitscore o la altura minima de pico, ya que
son parametros mas restrictivos, pero en este caso la sensibilidad disminuye. De manera
similar la sensibilidad aumentaba cuando se empleaba la base de datos de referencia
mas actual (2017). Teniendo en cuenta estés variaciones se determind que los mejores

parametros son un bitscore de 30 y una altura minima de pico de 70.

Para mostrar los resultados de AnABlast sobre D. melanogaster se cred un visualizador
gendmico usando la herramienta JBrowse (Buels et al. 2016). En este visualizador,
ademas de los picos generados por AnABlast, se pueden activar y desactivar diferentes
pistas (tracks) con informacion de utilidad sobre elementos gendmicos como: Genes
presentes en FlyBase y Expressed Sequence Tags (EST). Se puede acceder a los
resultados de AnABlast con D. melanogasterdesde la siguiente URL:

http://www.bioinfocabd.upo.es/drome

51


http://www.bioinfocabd.upo.es/drome

TP 2012 TP 2017

400 400

300 300

N
o
o

peak height

peak height

100 100

- | T

0
bitscore 29 bitscore 30 bitscore 31 bitscore 29 bitscore 30 bitscore 31

FP 2012 FP 2017

400 400

w
o
o
w
o
o

= =
N 2
2 2
~ 200 ~ 200
© [
g g
100 100
0
bitscore 29 bitscore 30 bitscore 31 bitscore 29 bitscore 30 bitscore 31
5e+05 5e+05
15 4e+05 15 4e+05
e} e}
E3e+05 E 3e+05
=z =z
£ 2e+05 £ 2e+05
Q Q
1e+05 .\ 1e+05
0e+00 0e+00
bitscore 29 bitscore 30 bitscore 31 bitscore 29 bitscore 30 bitscore 31

Figura 13: Distribucion de la altura de picos y nimero de sefiales codificantes encontradas a diferentes
valores de bitscore. La distribucién de altura de pico esta separada por a) verdaderos positivos y b) falsos
positivos, y se muestran por cada distribucién de la base de datos (2012 y 2017) y segun tres limites de
bitscore. Los valores atipicos se muestran como una cadena de puntos por encima de las cajas. ¢) El nimero
de sefales codificantes de verdaderos y falsos positivos para cualquier altura de pico segin los
correspondientes limites de bitscore (Se muestran el niimero de picos a partir de una altura minima de 20).

3.1.3 Aplicacion de AnABlast (Caenorhabditis elegans)

El principal organismo sobre el que se utiliz6 AnABlast es Caenorhabditis elegans. El
objetivo de este andlisis era localizar nuevos genes codificantes de proteinas potenciales,
asi como nuevos exones pertenecientes a genes conocidos, con el valor de poder

comprobar posteriormente en laboratorio los resultados. Para llevar a cabo este objetivo,
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en un principio, se generaron los perfiles de AnABlast para todo el genoma, se extrajeron
los picos significativos y se realizd un filtrado de los mismos. Este filtrado consistio en
descartar:
* Picos que solapaban con genes o pseudogenes conocidos (Se descartan los genes
conocidos ya que estamos buscando secuencias codificantes nuevas)
* Picos que solapaban con predicciones de otros programas (Se descartan
predicciones de otros programas ya que nos interesan genes que solo AnABlast

puede localizar).

Después del filtrado se obtuvieron 92 picos correspondientes a posibles nuevas regiones
codificantes. Estos 92 picos se dividieron en dos grupos, dependiendo de su proximidad a
genes conocidos, con la intencion de separar aquellos posibles nuevos genes de los
posibles nuevos exones: 82 picos, a mas de 500 nucledtidos de genes conocidos y 10

picos a menos de 500.

Posteriormente se realizo un analisis funcional en laboratorio mediante RNAI, sobre los 82
picos predichos como nuevos genes codificantes de proteinas. En este analisis se realizo
un muestreo de posibles nuevos fenotipos, encontrando 3 picos de AnABlast que
presentaban fenotipo (G71, G98 y G107) (Figura 14). Teniendo en cuenta que no todos
los genes silenciados mediante este método generan fenotipo, es destacable haber
encontrado tres candidatos AnABlast correspondientes a secuencias que al silenciarlas

generan fenotipo.

Al igual que en el caso de D. melanogaster, para C. elegans también se cred0 un
visualizador genémico para revisar los resultados de AnABIlast, donde se pueden activar y
desactivar diferentes apartados que contienen informacién de: Genes presentes en
WormBase, transposones, evidencias de transcripcion como puede ser polisomas,
espectrografia de masas y RNAseq, y predicciones realizadas por diferentes programas
como son GeneFinder, GeneMarkHMM, mGene, mSplicer. Se puede acceder a esta
informacion en la siguiente URL:

http://www.bioinfocabd.upo.es/celegans
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Figura 14: Andlisis del pico de AnABlast G71 (X: 11701412-11701730). A) Perfiles de AnABlast
mostrando el pico G71 (caja caudrada) y las sefiales adyacentes que coinciden con los exones de la proteina
C44C10.3. Se muestran los datos de expresion de RNA (RNA-seq). B) Media de gusanos (%) que alcanzan
el estado adulto desde la L1 (tiempo 0 horas) en gusanos sometidos al RNAi E71 (rosa) con respecto a los
controles (verde). Las barra de desviacién estdndar son mostradas. Se muestran fotografias del fenotipo
causado por G71 RNAI con respecto a los controles a las 49 horas (paneles inferiores). Las flechas indican

la vulva no madura de los animales en 1L4.
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3.1.3 Aplicacion web

Una vez demostrada la utilidad del algoritmo y testados los parametros mas adecuados
para su aplicacion, se decidi6 ampliar el nimero posible de usuarios, mediante la

simplificacion de su uso. Para alcanzar este objetivo se desarrollé un aplicacion web.

( ) AnABlast

—
Discover protein-coding regions within genomic sequences
Help | Example

Paste a nucleotide sequence (text or FASTA format, max 25Kb):

Alternatively, you can upload these files:

nucleotide seq
(FASTA format) Choose File No file chosen

hoose F No file chosen
(it allows to use a sequence up to 1Mb) ehoossBliey) No e chose

Sensitivity Default (Score=30)

(@0t

AnABlast is licensed under a (

Figura 15: Imagen inicial de la aplicacién web de AnABlast

Esta aplicacion se programé en lenguaje Perl mediante CGlI (Common Gateway
Interface), que es un protocolo para ejecutar programas informaticos via peticiones web
(“CGI” 2019). Mediante este protocolo se aceptan las secuencias problemas y se lanzan
los programas necesarios para realizar el control de calidad de las mismas y ejecutar
AnABlast, asi como Sma3s para anotar las predicciones, y otros predictores como
Prodigal y AUGUSTUS para comparar resultados. Por dltimo, para una mejor
visualizacion de los resultados, se puso en marcha un visualizador de genomas basado
en JBrowse (Buels et al. 2016), el cual esta programado en JavaScript (“JavaScript” 2019)
y HMTL5 y permite una rapida visualizacion de genomas e informacioén asociada como la
posicion de los picos de AnABlast los cuales estan almacenados en 6 ficheros en formato

BigWig (Kent et al. 2010), uno para cada marco de lectura, que se muestran en JBrowse
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en un solo track mediante el médulo multiBigWig (“Elsiklab, Github” 2019) facilitando de

esta forma su visualizacion, comparacion y analisis posterior.

O AnABlast Result 1ps: Select tracks from the et block 0 activate

Available Tracks

views | Push on the items fo expand information | Open drop-down menu fo download sequences and more advanced

x 100 200 300 400 500 600

At 1| @ Q. @ s~ xsesiies 1653 768 bl

2 sestiost 1.000 L125 1250
Grs Nucectice sequence | LI LI |
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A) Secuencia Nucleotidica
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C) Track AnABlast Open Roading frames _— @

D) Track ORFs Prokaryotsc prediction (Prodigal) = @

E) Track Prediccion
genes

Figura 16: Ejemplo de los resultados mostrados por la aplicacion web de AnABlast. A) Secuencia genémica
con su traducciéon a aminoacidos en sus 6 marcos de lectura. Las dos lineas centrales representan los
nucledtidos (un color para cada tipo) y las lineas grises arriba y abajo de la secuencia nucleotidica
representan los 6 marcos de lectura donde se marcan en rojo los codones de parada y en verde los codones de
inicio. B) Acumulacion de alineamientos producida por AnABlast (pico). C) Track de los nucleétidos que
estan dentro de la sefial de AnABlast (morado). D) Track de los ORF solapantes con la sefial de AnABlast
(azul). E) Track de las predicciones realizadas por otros algoritmos, en este caso Prodigal (Rojo).

Este visualizador de genomas (Figura 16) es el tltimo paso de la aplicacion web y en él se
muestran todos los resultados de forma visual y accesible, pudiendo navegar por toda la
secuencia problema. Ademas todos los ficheros generados por los andlisis estan

disponibles para su descarga posibilitando su posterior andlisis e integracion con otras
herramientas.

Se puede acceder a la aplicacion web de AnABlast desde la siguiente URL:

http://www.bioinfocabd.upo.es/anablast/
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4. Capitulo 1: Sma3s v2
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4.1 Sma3s: a universal tool for easy functional

annotation of proteomes and transcriptomes

Carlos S. Casimiro-Soriguer*, Antonio Mufioz-Mérida?, Antonio J. Pérez-Pulido*

!Centro Andaluz de Biologia del Desarrollo (CABD-CSIC), Universidad Pablo de Olavide,
Ctra. Utrera, Km. 1, 41013 Sevilla, Spain; *CIBIO-InBIO, Research Network in Biodiversity
and Evolutionary Biology, Universidade do Porto, Campus Agrario de Vairdo, 4485-661

Vairao, Portugal

4.1.1 Abstract

The current cheapening of next-generation sequencing has led to an enormous growth in
the number of sequenced genomes and transcriptomes, allowing wet labs to get the
sequences from their organisms of study. To make the most of these data, one of the first
things that should be done is the functional annotation of the protein-coding genes. But it
used to be a slow and tedious step that can involve the characterization of thousands of

sequences.

Sma3s is an accurate computational tool for annotating proteins in an unattended way.
Now, we have developed a completely new version, which includes functionalities that will
be of utility for fundamental and applied science. Currently, the results provide functional
categories such as biological processes, which become useful for both characterizing
particular sequence datasets and comparing results from different projects. But one of the
most important implemented innovations is that it has now low computational
requirements, and the complete annotation of a simple proteome or transcriptome usually

takes around 24 hours in a personal computer.

Sma3s has been tested with a large amount of complete proteomes and transcriptomes,

and it has demonstrated its potential in health science and other specific projects.
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4.1.2 Introduction

The current omics era is generating an enormous amount of available proteomes that we
need to functionally annotate if we want to make the best of them. In fact, the annotation of
all the protein-coding genes from an organism accelerates its knowledge at the molecular
level [1,2].

Whereas the transcriptome allows both assessing the gene expression in a particular
condition and knowing the specific protein-coding genes expressed by an organism, the
genome allows knowing all the genes of this organism. It includes genes encoding for
proteins predicted by a gene finder utility or proteogenomics strategy [3]. But, both of them

need the functional annotation of protein-coding sequences prior to further analysis.

Functional annotation of a dataset coming from a whole genome or transcriptome can
become a slow and tedious job, mainly when researchers have no knowledge on
bioinformatics. In this context, the annotation of large sequence datasets is usually
performed after a default similarity search followed by the assignment of functional terms
from the best hits, without any more analysis [4,5]. Furthermore, the automatic annotation
of large datasets, usually based on sequence similarity, is something that cannot be easily
managed by the current computational tools. Most of available automatic annotators only
allow the use of web applications with limitations in the number of query sequences to
analyze. This is the case of the best scored tools arisen from the first critical assessment
of protein function annotation experiment (CAFA), such as FFPred, Argot, PANNZER,
ESG/PFP, or BAR-PLUS [6]. Only two of them allow the annotation of large datasets using
specific programming scripts (FFPred [7], PANNZER [8]), but their standalone versions
have a lot of requirements, including large databases and specialized software, all of
which are elusive for experimental researchers. Blast2GO also belongs to this category
[9]. It is a widely used annotation tool that can be difficult to use, especially with large
datasets of sequences and without a commercial subscription. All of these tools annotate
mainly amino acid sequences, but there are other methods for specifically annotating
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protein-coding sequences, useful for analyzing transcriptomic data, which have the same

weaknesses [10-12].

4.1.3 Results and discussion

To overcome the challenges of the current functional annotators we developed Smas3s,
which is a standalone tool that has already shown a high accuracy with large sequences
datasets, both of proteins and protein-coding nucleotide sequences [13]. From its first
version it has been used in projects with organisms coming from heterogeneous
taxonomic divisions such as bacteria [14], fungus [15-17], invertebrates [18], plants
[19,20], and animals [21-23], and it provided useful results in all cases. Despite being
easy to use, Sma3s had some computational requirements that we have now overcome
(Supporting information: sections S1.1). Currently, it only depends on the installation of the
standard BLAST software, and it allows using Sma3s on any operating system while
hardly using computational resources. Additionally, it has now a low requirement of time
thanks to the use of a shorter non-redundant database providing the precomputated
reference annotations. As mentioned above, Sma3s is being used to annotate large
datasets, but detailed analysis of the annotations is sometimes performed by other
software [15,21], which is not able to exploit the full potential of the results. Thus, Sma3s
now provides elaborated results, including functional categories which allow the user the
easy creation of charts and the further analysis of the obtained annotations. Finally, Sma3s
accuracy has been improved, thanks to the integration of its three previously independent
modules (Fig. S1), and by the use of quality tags from the annotations, such as the

evidence codes coming from Gene Ontology [24].

Initially, the new Sma3s has been compared with two of the best tools to annotate
proteins, Argot and Blast2GO, and Sma3s obtains the best results with a benchmark of
currently well-annotated sequences where self-annotation was avoided using an early

release of the reference database (Supporting information: section S1.2).
To annotate a proteome the default mode can be used, though it is recommended to add
two special parameters for improving the annotation with GO terms (-go and -goslim). The

Sma3s result offers a report with different annotation types, including the most probable
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gene name and protein description, EC numbers for enzymes, GO terms, and UniProt
keywords and pathways. But one of the most demanded usability for massive annotators
is the possibility of giving summaries with information about functional categories. This
could be useful, for example, to compare annotations of different organisms in the same
project. To enable this functionality, Sma3s now reports a summary with different
categories and the number of sequences belonging to each category. To present this new
functionality, we selected Bacillus subtilis as a complete proteome to annotate. From the
3,940 proteins from B. subtilis, Sma3s is able to assign annotations to 3,583 of them
(91%), with GO and keywords as the most abundant annotated terms (Suppl. file 2). From
the results, the different biological processes of this bacterium can be studied from GO
Slim as well as from UniProt keywords categories (Fig. 1). The coverage from the former is
higher (it offers an average of 2 terms by each protein), but keywords offer novel terms
which can be very useful, as it can be checked in the present example with the group
Sporulation. Hence, Sma3s found 255 proteins related to Sporulation in this well-known
sporulated bacterium [25]. These different functional categories sources offer
complementary results. For example, whereas the number of transport proteins is much
higher in keyword than in GO Slim category, the number of proteins involved in
carbohydrate metabolism is lower (Fig. 1). All of this allows a more complete collection of

the biological processes characteristics of the organism to annotate.

a) GO slim terms b) UniProt Keywords

100% 100%
others (260)

a0k others (451)

Figure 1. Number of proteins predicted to be involved in different biological processes. The figure
represents the percentage of proteins belonging to different biological processes from a) GO Slim and b)
UniProt keyword categories. The number of proteins predicted to each process is shown in brackets.
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The Sma3s reports can be also used to compare different functional annotations coming
from different organisms. To show this utility, we annotate 52 proteomes of the Bacillus
genus, and compare 2 representative annotations from both biological process categories:
Cell motility from GO Slim, and Antibiotic biosynthesis from UniProt keywords (Fig. 2). All
annotated proteomes have a similar number of proteins involved in cell motility, with the
exception of B. gaemokensis [26], and B. mycoides, which is one of the rare Bacillus that
has been previously reported to lack of motility [27]. On the other hand, several species
highlight if we check the other biological process, antibiotic biosynthesis. For B. subtilis,
the representative species of the genus, Sma3s finds 45 proteins related with this
annotation, and it is known that this species produces more than two dozen of different
antibiotics of a great variety of types [25]. Further, we have been able to support this
interesting ability in two more species, B. megaterium, and different strains of B.
amyloliquefaciens [28-30]. All together shows a practical example of a discovering of

bacterial strains of interest in a specific field, with for example application in medicine.
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Figure 2. Number of proteins predicted to be involved in antibiotic biosynthesis and motility from
different species of Bacillus. Proteins annotated in the antibiotic biosynthesis were extracted from UniProt
keyword category, and those annotated in cell motility were extracted from GO Slim category.

So far we have showed Sma3s functionalities with well annotated proteomes. But we have
also showed its great utility in heterogeneous annotation projects by annotating a non-
model species proteome (Supporting information: section S1.3), and a transcriptome from
a polyploid plant (Supporting information: section S1.4). The latter has been compared to

the results of the widely used tool Trinotate [10], and Sma3s showed a great performance.
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In conclusion, here we show that Sma3s is a useful computational tool for annotate
proteomes and transcriptomes in a short time and with minimal requirements.
Furthermore, the most important characteristic of Sma3s is that it can be used to annotate
complete sequence datasets by any user without computational skills, which will allow
increasing the knowledge about their organisms in study. All of them, as far as we know,
will leave Sma3s as virtually one of the easier and faster, keeping its accuracy, functional

annotator of proteins and protein-coding sequences currently available.
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4.2 Sma3s: a universal tool for easy functional
annotation of proteomes and transcriptomes.

Supporting information
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and Evolutionary Biology, Universidade do Porto, Campus Agrario de Vairdo, 4485-661

Vairao, Portugal

4.2.1 Additional results

4.2.1.1 Sma3 algorithm overview

The Sma3s algorithm has been completely rewritten to simplify its use and offer more
useful information in the results, in addition to reduce the entire run time (Fig. S1).
Originally, Sma3s was composed of three independent but complementary modules. The
first of them searches for very similar sequences and its annotations, the second searches
for orthologs, and the third one uses all significant alignments from a Blast search to
retrieve shared annotations with significant expected values. In the current version, all the
three modules have been merged to both improve the ease to use and complete the

results with more accurate assignments.
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Figure S1. Organigram of the Sma3s pipeline. Every sequence from the query dataset is compared to the
reference database using Blast (blastp for proteomes and blastx for transcriptomes). This database can be
filtered to taking in account only sequences of expected high quality. Sma3s prioritizes annotations
(especially gene name and description) coming from very similar or orthologous proteins. The last module
enriches the annotations with proteins sharing short similarity regions but with common annotations.
Finally, Sma3s gives the results in two files, one of them with all the annotations for each query sequence,
and the other with functional categories that can be used to both create figures and compare different
annotations.

Since both of the initial modules are based on more similar sequences, gene names and
descriptions are mainly assigned from them rather than the third module. But annotations

overall are assigned from all the 3 modules to improve the final sensitivity.

Nevertheless, users can run Sma3s with a single module to check if their sequences are
already annotated in the database (using only the module 1), or if there are orthologs in
the database that enable the annotation (using only the module 2).

4.2.1.2 Proving the accuracy of Sma3s for annotating protein sequences

To test the accuracy of Sma3s, a dataset of 349 manually curated proteins was used.

These proteins entered in Swiss-Prot in 2015 or later. So, to avoid self-annotation Sma3s
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was used with Swiss-Prot 2014 as the reference database for the annotation. The result
shows that despite of they are new sequences in the public database of proteins, the
obtained accuracy is high, with recall around 60% to both keywords and GO terms (Fig.
S2).
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Figure S2. Annotation accuracy when using different reference databases. Recall and precision is
represented by percent values, and run times (dashed line) is represented in minutes. The results are shown
both a) when UniProt keywords, and b) GO terms are evaluated. In all cases the 2014 versions of the
databases were used, except for UniRef90 version 2016. For both Argot and Blast2GO only GO terms were
evaluated, and databases from 2014 were used.

Sma3s was initially based on Swiss-Prot as the reference database, but we wanted to
increase the accuracy using a greater database. Thus, UniProt database was selected to
annotate the same dataset. This is a database with a number of sequences 100 times
higher (Table S1). In this case, the results show that though the precision increases
slightly, the run time makes it unfeasible, especially if we want to annotate huge sequence

datasets.

Table S1. Number of annotated proteins within different databases and number of Blast hits obtained
for all the sequences in the test dataset. Two different versions are used for the different databases.

2014 2016

Swiss-Prot  UniProt UniRef90 UniProt UniRef90

Number of

proteins

annotated 524,643 52,924,113 10,809,500 47,715,549 21,330,801

Number of Blast hits 36,000 65,636 63,421 71,995 68,811

In order to decrease the run time, we wanted to use a shorter database but maintaining a
more complete collection of protein sequences than with Swiss-Prot. To do that we used
UniRef90, where sequence redundancy is reduced using 90% identity as a threshold. In
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this case, the number of sequences is 5 times lower than with UniProt (Table S1). So,
when we run Sma3s with UniRef90 (2014) as the reference database, the time run is
similar to that obtained when we used Swiss-Prot. But also more importantly, the accuracy
is almost as high as when using UniProt. In fact, the number of significant Blast alignments
is similar to that obtained when we used the complete UniProt database.

The query dataset is composed of new sequences that are currently better known. So,
when we use Smag3s with the current release of UniRef90 (2016), the accuracy is now the
highest, with a recall close to 80% and a precision of 63%. All of this proposes the last
version of UniRef90 as the reference database to annotate proteins and protein-coding

sequences with a high accuracy and a short run time.

To compare Sma3s with other protein functional annotators we chose Argot, since it has
recently showed a high accuracy [1], and Blast2GO, since it is a widely used
computational tool. We annotate the query dataset with both of them and databases from
2014, and the predicted GO terms were collected and compared with those from the
Sma3s results. The precision with Sma3s was the highest out of three annotators (37%
versus 31% and 27%) (Fig. 2b), though it showed the lowest recall when using UniRef90
2014 (66% versus 75% and 70%), but not when using the 2016 version. But, it is important
to note that, even though the recall is higher with Argot, this value changes depending on
the type of GO term. The higher recall of Argot seems related to the most generic terms
coming from the cellular component ontology (Fig. S3). However the molecular function
and biological process ontologies have better results with Sma3s versus Argot, especially
in more specific terms. Although cellular localization is important to know the place where
a protein exerts its function, molecular functions and even more biological processes are
more demanded in projects analyzing gene expression or comparing the annotation of

phylogenetically related organisms.
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and green (Biological Process) color.

4.2.1.3 Sma3s is able to get complete annotations for non-model organisms

To show the performance of Sma3s with non-model organisms we annotate the complete
proteome of Tetranychus urticae, the red spider mite. This proteome has 17,526 proteins,
and Sma3s was able to annotate 7,052. The recall at the level of GO was high (75%), and
also at the level of pathways (86%), but lower with keywords (51%). But the prediction
assigns a number of annotations much higher than that found in the database UniProt for
this proteome. In fact, the precision goes from 20 to 25% with GO and keywords
respectively. This latter could be explained due to Sma3s finds new annotations for not
well annotated proteomes. It can be showed with the proteins annotated as carotenoid
metabolism. Other than certain aphids, T. urticae is the only animal known to be able to
synthesize carotenoids, which appear to have been acquired through horizontal gene
transfer from a fungus [2]. Only 3 proteins of this mite are annotated to participate in
carotenoid metabolism in the database UniProt, but Sma3s was able to annotate 7
proteins with a total of 28 annotations related to this process. These results suggest that a
great percent of the predicted annotations by Sma3s are really true, contrary to

expectation.
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4.2.1.4 Sma3s is able to annotate complex transcriptomes

Sma3s can also annotate complete transcriptomes. To show this ability, a transcriptome of
the polyploid plant Festuca pratensis was annotated. This dataset has been previously
annotated by the tool Trinotate and it allows to compare results [3]. Sma3s was able to
annotate 35,093 sequences out of the 72,123, versus the 21,324 sequences annotated by
Trinotate. The distribution of functional categories was similar between both of the
annotations, though Trinotate seems to lose the more specific terms (Fig. S4). For
example, though generic localizations such as cytoplasm and plasma membrane have
similar numbers from both annotations, specific organelles such as mitochondrion, Golgi
apparatus, or the plant characteristic vacuoles are more annotated by Sma3s. And the
same happens with biological processes such as anatomical structural development and
reproduction. These results again suggest a more specific annotation by Sma3s compared

with other current annotators.
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Figure S4. Number of proteins predicted in the different functional categories for the F. pratensis
transcriptome. Functional categories coming from GO Slim are shown for both the Sma3s and Trinotate
annotation. Only the 10 most frequent terms by ontology are showed.
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4.2.2 Materials and methods

4.2.2.1 Improvements in the algorithm

The three independent modules of Sma3s have been now integrated to give a more
complete annotation. The first two modules discover significant homologs and they are
now used to assign a gene name and a description to each query sequence. But only
informative names are used, avoiding those with rare symbols or longer than 6 characters.
Then, annotation terms are assigned from either the module 1 or 2, and this preliminary

annotation is complemented with the more productive module 3.

One of the principal algorithm improvements concerns to the results. The annotation
sources have been extended, and the final annotation report now includes EC numbers for
enzymes, together with UniProt keywords and pathways [4], and GO terms [5]. To add
functional categories, which are especially useful to undertake great annotation or
comparative genomic projects, Sma3s gives GO Slim terms that report more general
annotations. The GO Slim terms have been extracted from each GO term in the reference
database, using both the Map2Slim script and the Generic GO Slim file from the Gene
Ontology web. The results also include four categories used to classify the keywords in

UniProt: Biological process, Cellular component, Developmental stage, and Disease.

Due to the exponential growth of the sequence databases, the quality of the annotations is
something to keep in mind [6]. Thus, Sma3s allows reporting quality annotations, where
only experimental assigned GO terms and keywords will be used. To do this, annotations
with the “Inferred Electronic Annotation” evidence code coming from both GO terms (IEA)
and UniProt keywords (EC0O:0000501, and codes related to this one) can be discarded in
the analysis. In addition, non-informative annotations are avoided, as well as database
sequences without any GO term and keyword, and predicted sequences from the
reference database can be also discarded.

The remaining parameters from Sma3s are now fixed in an automatic way for improving

both proteome and transcriptome annotations, and make easier the use of the annotator.

76



Finally, Sma3s offers the annotations in a text file that can be opened with any
spreadsheet program (tab-separated values; TSV), along with a file containing the
summary of the results. This latter includes the functional categories, with biological
processes and pathways, which allow the easy creation of figures to the end user.

4.2.2.2 Requirements to use Sma3s

The installation of the Blast+ package is the only mandatory requirement for Sma3s
(ftp://ftp.ncbi.nim.nih.gov/blast/executables/LATEST), together with the Perl programming
language interpreter. Sma3s takes around 24 hours to annotate a simple proteome
(around 5000 sequences), and a similar time to annotate a short transcriptome (adding -
nucl parameter, which will use blastx instead of blastp). Moreover, Sma3s allows
parallelization of the initial Blast step, using high performance computing (HPC) to

accelerate the entire process.

The Sma3s script can be found at:

http://www.bioinfocabd.upo.es/sma3s

There, you can see video tutorials about how to use Sma3s in different operating systems.
Finally, you can use UniProt files with .dat extension from its website to perform the
annotation  (ftp:/ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/).
But we offer a non-redundant database, coming from UniRef90, which allows shorter times
to annotate bigger sequence datasets. This database was used to produce the results
presented in this work, and it can be downloaded from our website.

4.2.2.3 Test dataset of new proteins

To annotate proteins with a current minimum quality, but using a previous database
version, where the proteins were not annotated, we proceeded with the following steps.
We used the manually curated Swiss-Prot section in UniProt database release 2016 _07.
Then, we collected entries created from 2015, with only one Accession number, thus
avoiding any new entry coming from a previous one. But these proteins could come from

TrEMBL, the not curated section in UniProt database. To avoid the latter, we checked the
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history from each entry. Thus, we selected entries created in UniProt from January 2015 to
July 2016 and currently stored in Swiss-Prot. Finally, we remove 41 proteins that lacked

GO terms, since they did not allow measuring the accuracy.

Following this strategy, we found 349 proteins from Swiss-Prot release 2016 07, with
manually assigned annotations, which did not exist in the release from 2014 (Suppl. file 1).
Thus, annotating these proteins using Swiss-Prot release 2014 11, and checking
accuracy with Swiss-Prot release 2016 07, constitutes a good procedure to test

annotation tools avoiding self-annotation.

To check the prediction, we used GO Slim terms and UniProt keywords from Smag3s, and
convert GO annotations found by Argot to GO Slim, using the Map2SIlim script by the
Gene Ontology Consortium.

We used Sma3s with the following reference databases: Swiss-Prot 2014 11, UniProt
2014 11, UniRef90 2014 11, and UniRef90 2016 07 (taking away the 349 query
sequences). And we used Argot release 2.5 from its website (July, 2016), which used
databases from 2014, and Blast2GO 4.1 standalone version with the database Swiss-Prot
from 2014.

4.2.2.4 Annotation of proteomes and transcriptomes

To annotate different proteomes from Bacillus genus we downloaded the protein dataset
files from Ensembl bacteria database [7]. We selected only reference species whose
names were composed by two words. Thus, we finally downloaded 52 different proteomes.
To annotate the non-model proteome from T. urticae we downloaded its UniProt entries
from the Proteomes section of this database. These entries were removed from the

reference database to avoid self-annotation.

Finally, to annotate the plant transcriptome from F. pratensis we used the sequences
deposited at the Transcriptome Shotgun Assembly database in the NCBI under the
accession GBXZ00000000.1 (https://www.ncbi.nlm.nih.gov/Traces/wgs/?val=GBXZ01).
The Sma3s annotation was compared with that from the Additional file 1 by Czaban et al.

3].
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All of these datasets were used to run Sma3s, using default parameters and a HPC cluster
to accelerate the process. The —nucl parameter was activated for the transcriptome

annotation.
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5. Capitulo 2: AnABlast

81



82



5.1 AnABlast, re-searching for protein-coding
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Searching protein-coding sequences with AnABlast

5.1.1 Abstract

AnABlast is a computational tool that highlights protein-coding regions within intergenic
and intronic DNA sequences which escape detection by standard gene prediction
algorithms. DNA sequences with small protein-coding genes or exons, complex intron-
containing genes, or degenerated DNA fragments are efficiently targeted by AnABlast.
Furthermore, this algorithm is particularly useful in detecting protein-coding sequences
with non-significant homologs to sequences in databases. AnABlast can be executed

online at http://www.bioinfocabd.upo.es/anablast/.

Keywords: Gene finding, coding DNA sequences, in silico-annotation tool, small genes,

fossil DNA sequences.
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5.1.2 Introduction

A great number of wet-lab groups are sequencing whole genomes as a common practice,
taking advantage of the current burst of the genomics era. In silico analysis of such
amount of sequences is essential for accurate annotation tasks [1, 2], but computational
tools for predicting genes usually have accuracies of around 90%, or even lower for exons
in protein-coding genes coming from eukaryotic organisms [3, 4]. Thus, a significant
number of coding sequences escape detection when using currently available genome

annotation tools.

The identification of similar proteins through BLAST analysis is one of the most useful
strategies in genome annotation. Finding significant alignments facilitates the assignment
of putative functions to query amino acid sequences through the identification of related
proteins in sequence databases. Non-significant alignments, those below the significant
score threshold and, therefore, discarded by in silico gene finders, are often found in
conventional similarity searches. In hypothetical polypeptide sequences obtained from the
electronic translation of non-coding DNA, such alignments occur by chance at a very low
frequency. Protein-coding sequences, however, mostly arise from previous ones during
evolution, and non-significant alignments can include both functional and random
evolutionary footprints coming from common ancestors [5, 6]. Thus, in polypeptide
sequences computationally translated from coding DNA, in addition to random matches,
footprints of ancestral common sequences increase the frequency of non-significant
alignments, and consequently, the accumulation of non-significant alignments efficiently
discriminates putative coding from non-coding DNA sequences (lacking such footprints).
Even in the case of highly divergent genes, their coding sequences may contain footprints
of common ancestral proteins to be found, among the millions of proteins available in
databases, by using this strategy [5, 6]. Therefore, alignments accumulated in predicted
amino acid sequences provide a method to discern coding from non-coding DNA, a new
strategy used by AnABlast (Ancestral-patterns search through A BLAST-based strategy) to
overcome limitations of current in silico algorithms in order to identify putative coding DNA

sequences [7].
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Here, we present the AnABlast web application, a novel computational tool which allows
the identification of putative coding regions in recent genomic sequences, or in intergenic

and intron sequences of annotated genomes.

5.1.3 Short introduction to the web interface

AnABlast can be executed from a web application and only needs a genomic sequence of
up to 25 Kb to start its execution. Alternatively a BLAST report can be provided if, for
example, the user wants to run the slow similarity search in a computer cluster (Fig. 1). In

this latter case, the genomic sequence can be as long as 1 Mb.

Home Tools ~

Home AnABlast: discover new and ancestral protein-coding genes

= Sma3s v2: annotate proteomes
& transcriptomes

= AnABlast: search for new and
ancient genes in genomic
sequences
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« orthoFind: search and annotate —
homologous proteins

+ PlantFuncSsSRs: Plant
functional SSRs for biodiversity
and ecological explorations

= AnaGram: annotate non-
conserved proteins

) AnABlast

Discover protein-coding regions within genomic sequences

Help

Education Paste a nucleotide sequence (text or FASTA format, max S0Kb):

« Diploma de Especializacion en
Analisis Bioinformatico

- Biotechnology master's degree

= OpenCourseWWare: Servidores de
datos en bioinformatica

« Biosaia: Journal of
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« Contact
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S)0l0)
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AnABlast is licensed under a Creative Commons Attribution-MonCommercial-NoDerivs 3.0 Unported License.

Fig. 1 Screenshot of the AnABlast Web page at http://www.bioinfocabd.upo.es/anablast/
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Briefly, AnABlast compares the predicted amino acid sequence from each of the six
reading-frames of a genomic DNA sequence against a non-redundant protein database,
and accumulates all the found hits that we name protomotifs, including low-scored
alignments [5]. These protomotifs are usually accumulated in coding sequences but rarely
in non-coding sequences. Thus the graphic profile of accumulated AnABlast protomotifs
yields peaks that may accurately mark putative protein-coding genes, pseudogenes, and

fossil sequences, even in the presence of sequencing errors.

AnABIlast runs a BLASTX search against the UniRef50 database and gathers hits with a
default minimal bit-score of 30, though the user can choose to run AnABIlast with a higher
sensitivity (bit-score 28) or with a lower sensitivity but higher specificity (bit-score 35). The

results appear in a genome browser that uses the JBrowse tool, including four tracks:

* AnABlast profile, diagram showing protomotifs accumulation; in green colors those
from the forward strand, and in red colors those from the reverse strand.

* Peaks, regions with a protomotif accumulation above the threshold (70 is used by
default, meaning that 70 different non-redundant proteins share this protomotif). The
predicted functional annotation using Sma3s [8] is showed when an element is
selected.

* ORFs, found open reading frames from a start codon to a stop codon.

* Predicted genes, gene structure predicted by a gene finder: AUGUSTUS for
eukaryotic sequences [9], and Prodigal for prokaryotes sequences [4].

A representative landscape resulting from the AnABlast analysis of the fission yeast
Schizosacchomyces pombe region coding for the annotated and well characterized cwf2
and atp-11 genes is shown in Fig. 2. Users can select one region from the last three tracks
to obtain both the nucleotide and amino acid sequences. In addition, users can zoom in a
region and gather the sequences from the AnABlast profile pull-down. At present, one

execution of AnABIlast takes approximately 1 minute for each Kb of input sequence.
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Fig. 2. Representative AnABlast profile highlighting exons in the annotated cwf2 and atp-11 protein-coding
genes in the S. pombe genome (Pombase annotations). The six different colors represent profiles of
accumulated alignments in protein sequences predicted from each of the six possible reading frames. A)
Using a high sensitivity cut-off, several unspecific peaks appear in non-coding regions, B) using the default
cut-off, peaks appear only matching with true protein-coding regions, C) using a low sensitivity cut-off,
coding sequences are precisely delimited, but the first exon of cwf2 does not show any peak, D) Annotated
gene exons (yellow), AnABlast peaks (pink), and ORF tracks (blue) are shown to give a reference on the
genomic region where the peaks appear.

5.1.4 Examples of using AnABlast

AnABlast can be executed online at http://www.bioinfocabd.upo.es/anablast/. By default, it
will use optimal parameters with a default sensitivity [7], making the use of this programme
extremely simple. The most basic use of AnABlast is the identification of coding sequences

in intergenic regions of annotated genomes.

5.1.4.1 Basic search of intergenic coding regions in annotated genomes

To illustrate the usage of the AnABlast web application as a new method for the search of

new putative coding regions, we took the genome sequence and annotation of Salmonella
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enterica subsp. enterica serovar Typhimurium str. LT2 (ASM694v2 assembly) from
Ensembl Bacteria database [10], and extracted all the intergenic regions longer than 1Kb.
We discarded the regions where the gene finder Prodigal predicted protein-coding genes,
and used AnABlast to analyse the 8 remaining regions, which were potential candidates to
harbour genes that escaped the gene finder. Two adjacent peaks were identified in a
region flanked by the genes STM3083 (putative mannitol dehydrogenase) and STM3085
(putative gntR family regulatory protein) (Fig. 3). The two peaks in the forward strand were
then BLASTed against UniProt to search for homologous protein sequences [11]. The first
one (with the lowest signal) has an ORF with a predicted amino acid sequence similar to
an Uroporphyrinogen decarboxylase (UniProt:AOA0OV2D8Y5), while the second one (with
the higher peak) is similar to a racemase (UniProt:AOA158N139), both of them from
different species of Salmonella.
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Available Tracks Genome Track View Help ©0 Share
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Fig. 3. AnABlast results for region AE006468:3242290-3248051 of S. enterica LT2. Protomotif
accumulation for four previously annotated genes in the reverse strand are highlighted in red colors, and two
novel signals appearing in the forward strand in green colors, one of which could represent a racemase
protein not previously annotated. Complete ORF were found for two of the discovered regions that were
missed in a conventional gene finder (Prodigal).

Overall, these results show how AnABlast is useful to discover new putative protein-coding
genes where other methods have failed. In eukaryotic genomes, in addition to new
putative genes as shown above in the prokaryotic Salmonella genome, AnABlast peaks
also highlight new exons in annotated genes
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5.1.4.2 Identification of small genes without significant homologs in the data base.

Genes encoding very small polypeptides and/or lacking significant homology to any others
in the database are difficult to identify by conventional in silico methods. As an example,
Fig. 4 shows the AnABlast profile of an intergenic genomic region discovering one of such

putative small genes in the S. pombe genome [7].

chr 1:5123352-5124403

SPNCRNA.1048
SPAC29A4.22

1

Fig. 4. AnABlast peak at Chr I: 2975642-2975772 (green color, forward strand) in the S. pombe genome
encodes a small peptide with no significant similarity to known proteins in databases.

Therefore, as shown in this example, AnABlast is particularly useful in the identification of
small ORFs and/or coding sequences lacking significant homology to others in databases,

coding sequences that often escape to conventional searches.

5.1.4.3 Pseudogenes and rearranged DNA fragments.

The identification of ORFs within DNA regions underlined by AnABlast helps to identify
coding sequences of putative new genes. However, AnABlast peaks often identify coding
sequences lacking complete ORFs, accumulating both stop codons and frameshifts, which
usually represent pseudogenes and fossil coding sequences. Therefore, it is also helpful in
identifying genomic rearrangements (Fig. 5) or even sequences acquired by horizontal
transfer, showing evolutionary remnants [7]. Furthermore, the simple visual inspection of
the obtained profiles may identify near identical patterns in different chromosome locations

which remark direct or inverse repeats of a genomic region (see example in Fig. 5).
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Fig. 5. Similar AnABlast profiles uncovering a rearranged region repeated in two different chromosomes (A

and B) in the S. pombe genome. Annotated genes flanking the corresponding chromosomal intervals are
indicated.

All the features described above make AnABlast a useful tool for the exhaustive analysis

of the enormous amount of genomic data that is obtained in the present time, previous to
the next post-genomic era.
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6.1 Ancient evolutionary signals of protein-coding
sequences allow the discovery of new genes in the

Drosophila melanogaster genome
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6.1.1 Abstract

The current growth in DNA sequencing techniques makes of genome annotation a crucial
task in the genomic era. Traditional gene finders focus on protein-coding sequences, but
they are far from being exhaustive. The number of this kind of genes continuously
increases due to new experimental data and development of improved bioinformatics
algorithms. In this context, AnABlast represents a novel in silico strategy, based on the
accumulation of short evolutionary signals identified by protein sequence alignments of low
score. This strategy potentially highlights protein-coding regions in genomic sequences
regardless of traditional homology or translation signatures. Here, we analyze the
evolutionary information that the accumulation of these short signals encloses. Using the
Drosophila melanogaster genome, we stablish optimal parameters for the accurate gene
prediction with AnABlast and show that this new strategy significantly contributes to add
genes, exons and pseudogenes regions, yet to be discovered in both already annotated

and new genomes.

Keywords: ancient sequences; gene finding, protein-coding genes; drosophila

melanogaster,; protomotifs
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6.1.2 Introduction

Research groups from all over the world are sequencing whole genomes as a common
task, taking advantage of the current burst in the genomics era [1]. The analysis of the
sequences from those genomes is essential for accurate annotation procedures. However,
computational tools for gene discovery usually miss around 20% of protein-coding genes
when annotating a whole genome, or even more in the case of eukaryotic organisms [2,3].
Thus, a significant number of protein-coding sequences and other functional genomic

elements are missing when using currently available genomic annotation approaches.

One of the most intensively studied model organism is the fruit-fly Drosophila
melanogaster. Its genome was sequenced in 2000, and 13,601 protein-coding genes were
initially annotated, coming from the integration of the two used gene finders, which
respectively predicted 13,189 and 17,464 genes [4]. From this milestone, the number of
fruit-fly genes has changed, and numerous and significant discrepancies have arisen [5].
But nowadays the FlyBase database put this number at 14,133 [6], showing that the
number of genes is constantly increasing over time, and a greater increase is expected to
come from the discovery of new kinds of genes, such as those shorter than 100 amino

acids, which in the fruit-fly genome could account for thousands of them [7].

Traditional gene finders are routinely based on both significant sequence similarity and
sequence signatures such as those used to define open reading frames (ORF), signals
involved in splicing [8], or combined protocols to get better results [9]. Among the new
proposed methods, we have previously shown that accumulation of low-score alignments,
which would represent footprints of ancient sequences, highlights present and ancient
protein-coding regions which are hard to discover by conventional methods [10]. Briefly,
this novel computational approach, that we named AnABlast, compares the putative amino
acid sequences from the six reading frames of a genomic sequence against a non-
redundant protein database, and collects the matches, including low-score alignments,
which we call protomotifs. These are specifically accumulated in coding but rarely in non-
coding sequences. Thus, the profile of AnABlast with peaks of accumulated protomotifs,

accurately marks putative protein-coding genes, pseudogenes, and fossils of ancient
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coding sequences, overcoming the effects of possible sequencing errors and reading

frame shifts, since it does not search for reading frames but sequence coding signals.

Here, we use the well-studied D. melanogaster genome to determine optimal parameters
for AnABlast and efficiently identify protein-coding sequences. By using AnABlast with
early annotation versions of the database, we show that many new genes predicted by this
algorithm are true genes that have been incorporated into the genome annotation of this
organism. We also show that AnABlast is useful to discover small ORF and fossil
sequences that are hidden to conventional gene finder algorithms, and show how this new
strategy can contribute to discover the complete set of protein-coding regions of a whole

genome.

6.1.3 Results and Discussion

Searching for protein-coding signals in the fruit-fly genome

AnABlast is a computational tool that searches for protein-coding regions in whole
genomes by taking into account low-score alignments shared by multiple unrelated protein
sequences. To this end, AnABlast uses the putative amino acid sequences translated from
a genomic sequence to search for sequence similarity in a non-redundant protein
database. Alignments obtained from this similarity search (called protomotifs), including
those of a low score, are then piled up along the query sequence, and peaks accumulating
protomotifs above a specific threshold will highlight potential protein-coding regions and
will be considered coding-signals (Fig. 1). Finally, these coding-signals can be evaluated:
those ones underlying exons from a protein-coding gene will be true positive predictions,
exons without coding signals will be false negatives, and coding-signals underlying introns
or intergenic regions will be putative false positives. But it should be noted that the false
positives could potentially underlie new coding sequences which escaped to conventional
annotation pipelines. Thus, false positives highlighted by AnABlast may represent genomic
regions encoding putative new proteins, but also non-functional degenerated protein-

coding regions, something of particular interest in current genome research.
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Fig. 1. Schematic diagram showing AnABlast profiles obtained in a theoretical genomic region with a
two-exon gene. The peak-height is the maximum accumulation of protomotifs in a specific genomic position
(BLAST alignments including low bit-scores). Peaks with a protomotif accumulation above a peak-height
threshold are considered as putative protein-coding regions (coding-signal). Significant peaks matching a
known exon represents true positive peaks, while those underlying a genomic region without known exons
are considered false positive coding-signals. Well-known exons which do not significantly accumulate
protomotifs (peak-height below the threshold) constitute false negatives.

To test the capability of AnABlast to discover protein-coding regions, we used this
algorithm to analyze the whole genome of the fruit-fly D. melanogaster (2012 and 2017
releases). Protein sequences coming from the virtual translation of the complete fly
genome (in all the six reading frames) were subjected to BLAST search against a non-
redundant protein database (UniRef50) under a low restriction threshold, and the resulting
alignments were accumulated along the query sequence to produce the AnABlast profile.
Then, all well-known exons of this genome were compared with the set of putative coding
regions identified by AnABlast. As expected, most of the AnABlast peaks with a high
protomotif accumulation matched annotated exons (putative true positives), but a small
fraction of them fell in both intronic and intergenic regions lacking of any annotated gene,
exon or pseudogene (Suppl. file 1, genomic browser with AnABlast results). These false
positive signals represent a particularly interesting set of genomic regions, since they

could constitute new protein-coding regions.
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Protomotifs underlie into the true reading frame

Protein-coding signals highlighted by AnABlast are mainly composed by protein sequence
alignments of low score, but also occasionally high score. To test if such alignments are
just random, or they actually match true protein-coding regions, we studied the distribution
of protomotifs underlying protein-coding regions at different BLAST bit-scores, regarding to
the different possible reading frames. Though millions of protomotifs were scattered
throughout the fruit-fly genome within annotated exons, most of them were concentrated in
the right reading frame, with a much lower number found in any of the other possible five

reading frames (Fig. 2).
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Fig. 2. Distribution of protomotifs coming from true positive coding-signals separated by the true
reading frame of the protein-coding sequences where they accumulate. The different parts of the figure
represent protomotifs accumulated in protein-coding sequences at different BLAST bit-score starting in a)
frame +1, b) frame +2, c) frame +3, d) frame -1, e) frame -2, and f) frame -3. The box size is proportional to
the number of protomotifs in that frame, and the exact number of protomotifs is also shown below the X-
axis. The three reading frames coming from the forward strand are colored in green color, and the three
coming from the reverse strand are colored in red color.

Thus, protomotifs are mainly accumulated in the true reading frame in spite of their low

score. Interestingly, a significant number of them accumulate in the right strand but at a
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different reading frame. Contrarily, the other strand shows an enormously reduced number
of protomotifs, with a lower order of magnitude. In fact, the protomotifs accumulated in the
contrary strand present bit-score values lower than 30, but those accumulated in the true
strand present values near to 100. This result suggests, from an evolutionary point of view,
that new protein-coding genes might putatively come just from shifting the reading frame in

the same strand.

Optimization of AnABlast parameters for the efficient prediction of protein-coding signal

Until now we have seen how AnABlast coding-signals mainly match to protein-coding
region in the genome, but we did not use any threshold to evaluate the results and
measure the accuracy in the procedure of gene prediction. To optimize AnABlast
parameters for the identification of new exons and genes, the distribution of true and false
positive coding-signals were evaluated at different peak-height thresholds. AnABlast
profiles depend on the bit-score value used to restrict alignment significance during the
BLAST search, therefore, in addition to the value of bit-score 30, previously used by
AnABlast [10], the evaluation was carried out also using the more and less restrictive bit-
scores of 29 and 31 respectively. Regardless of the taken score, true positive coding-
signals account for the highest peak-height (Fig. 3), though under more restricted score
values (higher bit-score), AnABlast peaks were more selective and focused into the
protein-coding regions of the genome (higher peak-heights). However, the absolute
number of true protein-coding regions dropped down with such higher scores, decreasing
the number of peaks underling protein-coding sequences (Fig. 3c). On average, predicted
coding-signals falling in non-coding regions (false positives) have much lower peak-height
values (Fig. 3b). However, the distribution of these false positives show outliers with peak-
height values indistinguishable from the true positive set, which could be considered as

new putative protein-coding regions.

100



True Positives (2012) True Positives (2017)
400 400
£ 300 £ 300
=2 [}
] ®
. .
® 200 © 200
(] [¢}]
o o
100 100
— | B e
0 bitscore 29  bitscore 30  bitscore 31 0 bitscore 29  bitscore 30  bitscore 31
b)
False Positives (2012) False Positives (2017)
400 400
= 300 £ 300
(=] j=2
(0] (]
< <
& 200 ® 200
(0] 4]
o o
100 100
0 bitscore 29  bitscore 30  bitscore 31 0 bitscore 29  bitscore 30  bitscore 31
c)
%500000 % 500000
§400000 e §4000OO =P
2300000 =T S 300000 *TP
£200000 £ 200000
2100000 2 100000
0 0
bitscore 29  bitscore 30 Dbitscore 31 bitscore 29 Dbitscore 30 bitscore 31

Fig. 3. Peak-height distribution and number of coding-signals found at different bit-score values. Peak-
height distributions are separated by a) true positive and b) false positive, and they are shown by each
database release (2012 and 2017) and three different bit-score thresholds. The outliers are shown as a chain
of points above the boxes. c¢) The number of true and false positive coding-signals at any peak-height with
the corresponding bit-score thresholds (note that it shows number of peaks with peak-heights as low as 20
and higher).

In a specific genome, the accuracy of the protein-coding sequence prediction by AnABlast
not only depends on the bit-score value, but also on the peak-height threshold coming
from the alignment accumulation. Under a bit-score value of 30, the optimal peak-height
cutoff depends on the used database and the amount of sequences that it contains. In this

way, when the most current database from 2017 was used, the false positive outliers
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appear from a peak-height of 70, so proposing that peaks higher than this value could
predict new protein-coding regions. However, when using the 2012 database, this peak-

height value was around to 40.

To better test both the precision and recall of AnABlast in predicting protein-coding
sequences, coding-signals were compared against the gene annotation of fruit-fly genome
and the accuracy of AnABlast prediction in this set was analyzed. As expected, the recall is
higher when using a more recent database (release 2017, with more than 21 million
proteins) compared to an older one (release 2012, with around 4.5 million proteins) at the
same peak-height. When using the database of 2017, the precision has an asymptote at
around peak-height equal to 100 with a value of around 90% (only 1 in 10 predictions are
not right), though the recall at this threshold is only of 65% (only 6.5 in 10 of the true
protein-coding sequences are recovered) (Fig. 4a). However, this accuracy is reached with

peak-height equal to 35, when the older release of the database is used (Fig. 4b).
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Fig. 4. Recall and precision of AnABlast at different bit-score thresholds. Values were calculated when
using the databases: a) release 2017, and b) release 2012. The black dot marks the precision value at bit-score
30, and the unfilled dot marks the recall. The complete results and values for all the used parameters can be
found in Suppl. file 2.

As described above, the precision varies regarding to the bit-score threshold used, and a
higher precision and lower recall are reached when more restrictive values are used. So,

to ensure a high accuracy we chose bit-score 30 and a peak-height threshold of 100. By
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using these parameters, we expect that AnABlast could discover new unknown protein-
coding genes and exons inside the 10% putative false positives. However, with the older
database, with a number of sequences almost five times lower, we should take a peak-
height threshold of 35. All of this gives a great number of AnABlast coding-signals
matching with protein-coding region spread over the fruit-fly chromosomes, and between
4500-7000 (depending of the used database) candidates to be new protein-coding
sequences (Table 1; Suppl. file 3). These restricted parameters allow finding more than

30,000 exons from the current fruit-fly annotation.

Table 1. Number of true and false positives predicted by AnABlast using the 2012 and 2017 databases,
and separated by chromosomes. The peak-height threshold used was 40 (2012) and 100 (2017).

chromosomes

Coding-signals 2L 2R 3L 3R 4 X Y Total
True positives 6,691 7,515 6,954 9,085 387 6211 81 36,92
(2012) 4
False positives 1,035 1,390 1,384 1,517 40 1,143 483 6,992
(2012)

True positives 6,139 6,798 6,164 8,325 379 5390 72 33,26
(2017) 7

False positves 535 1,068 947 913 41 443 518 4,465
(2017)

AnABIlast is able to discover current genes using an old database

The number of annotated protein-coding sequences is continuously revisited in annotated
genomes, and new genes, exons and pseudogenes continuously appear as a
consequence of experimental results and new in silico approaches. For instance, when the
FlyBase database released in 2012 is compared to the current 2017 release, it can be
found that 38 protein-coding genes, 91 exons from well-known genes, and 74
pseudogenes entered into the database later than 2012. This dataset of true protein-
coding sequences absent in the 2012 allows us to carry out a simulation to estimate the
efficiency of AnABlast in discovering new protein-coding sequences. Remarkably, when
using the 2012 FlyBase database, with the parameters previously suggested (bit-score 30
and peak-height 35), we found that AnABlast highlights the majority of the protein-coding
sequences from this dataset (Table 2). More than 60% of the protein-coding genes are

found, and also the 80% of the pseudogenes were predicted by AnABlast. These results

103



improve when using a less restricted peak-height value. In the case of new exons, their
small length (some of them are coding for only a few amino acids) makes extremely
difficult the in silico identification. However, up to 11% of them were also discovered by
AnABlast, increasing up to 60% when changing the default peak-height to 26, which
present a precision of 70% (Table 2; Suppl. file 4). Overall, it is important to highlight that
the most of these new protein-coding sequences predicted by AnABlast were not found by
the widely used gene finder AUGUSTUS [11].

Table 2. Genomic elements from the database release 2017 discovered using the database release 2012,
separated by peak-height threshold. Note that ‘<5’show the false negatives (when less than 5 protomotifs

were found), and the last column show the most significant true positives.

found by
AUGUSTU  peak- peak- peak- peak-
annotated S gene height height height height

Sequence type (2017) finder (<5) (<26) (26-35) (>35)
Protein-coding 38 9 0(0%) 14 ((37%) 1 (2%) 23 (61%)
gene
Exon 91 9 12 (13%) 55 (60%) 14 (16%) 10 (11%)
Pseudogene 74 15 0 (0%) 7 (9%) 8 (11%) 59 (80%)

The identification of very small genes is still challenging for in silico strategies, including
AnABlast. One of the new genes that AnABlast failed to identify in the 2012 database
(CG45546) is coding for a short protein of 93 amino acids (Fig. 5a). Interestingly, AnABlast
efficiently identified it when using the 2017 database, due to the fact that this sequence
and its putative homologs were now included in the database, increasing the peak-height
to a significant level. This gene is still lost by AUGUSTUS, even when using the current
database release. To discard that these coding-signals underlined by AnABlast occur by
chance, the reverse sequence of this gene was used as a negative control. When this
control is analyzed, AnABlast profiles present no accumulation of protomotifs (Fig. 5a,
below). Furthermore, we shuffled the sequence of the gene, and the 85% of the
simulations did not present any protomotif, and the remaining 15% gave peak-height

values lower than 18 (Suppl. File 5).
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Fig. 5. AnABlast profile for three regions of the fruit-fly genome. Green color represents protomotif
accumulation in the forward strand, and red color in the reverse strand. a) Different analysis for the gene
CG45546 region, from top to bottom: using database release 2012, 2017 and using the reverse sequence as
random query; b) region including part of the ory gene (CG40446), together with the exons annotated in both
database releases (the red arrow marks two peaks corresponding to an ancient mobile element); c) region of
the pseudogene CR44906, including surrounding genes and a transposable element in the 5’ end. An
additional track with EST signals (Expressed Sequence Tags) is shown, which suggests expression for the
transposable sequence.

Some new exons are also found and highlighted within well-annotated genes. One of this
exon was found in the Ory gene (CG40446). The exon appearing in the 2017 database is
found by AnABlast using the 2012 release and a peak-height higher than 35 (Fig. 5b).
Interestingly, AnABlast produced two weak peaks within an intronic sequence of this gene,
with a peak-height around 50, very similar to others in the 3’ end. Conventional search for
homologous sequences to these AnABlast coding-signals revealed similarity with
retrotransposons from invertebrate organisms, suggesting that this genomic region is
coding for ancient proteins of a mobile element. In addition, a high peak overlapping with

an exon in the 5’ end is also emerging in the reverse strand, which represents a tri-
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nucleotide region coding for amino acid repeats in all the reading frames. This artefact is
characteristic of nucleotide repeats, and it can be avoided by enabling the low-complexity

filter in the similarity search step with BLAST.

In addition to new genes and exons, AnABlast was able to discover 59 pseudogenes
which did not appear in the used 2012 database (Table 2). This shows the ability of
AnABlast for discovering protein-coding regions regardless of the presence of a complete
open reading frame. One of these pseudogenes (CR44906), included in FlyBase in 2013,
is clearly highlighted by AnABlast in the reverse strand of the 2012 database (Fig. 5c).
Remarkably, another coding-signal is found in the forward strand, upstream of this
pseudogene. In deep analysis of this sequence revealed that it encodes the transposase
of an annotated transposable element. The presence of numerous expression sequence
tags (EST) support the expression of this sequence. However, this transposase is not yet

annotated in FlyBase database.

Putative new protein-coding sequences in the present database

Finally, according to the efficient identification of protein-coding sequences highlighted by
AnABlast, it is expected that after a future further characterization, a considerable fraction
of the false positive sequences predicted when the 2017 database is used become true
positives. One of these candidates is found 3’ upstream to the genes CG44014 and
CG44013, coding for uncharacterized proteins bearing a calycin domain related to
extracellular proteins and involved on lipid transport. AnABlast suggests a significant
coding-signal in this region (Fig. 6). The putative protein sequence encoded by this
AnABlast region has no homologues in other organisms, but it is located in an evolutionary
conserved region, again matching with EST signals which also support the putative
expression of this genomic region. A list of false positives which could likely propose new
putative protein-coding sequences is available in Suppl. file 3, and in tracks FP (False

Positives) in Suppl. File 1.
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Fig. 6. AnABlast profile for a region with a putative new gene. The profiles were created with both 2012
and 2017 release databases, and they are shown together with the gene, the EST track and one additional
track taken from the UCSC browser representing the evolutionary conservation of the sequence versus 27
different insect genomes, which shows a high conservation for the proposed new gene.

Discussion

Currently, gene finder algorithms have a limited recall and usually lose the 10-20% of the
true coding regions [3], especially those lacking homologs and/or having non-conventional
characteristics such as small ORFs or pseudogenes. It leads to the necessary
development of new algorithms based on different ideas [12,13]. In this context, we
proposed a new in silico strategy, named AnABlast that uses low-score alignments coming
from multiple non-redundant proteins [10]. As shown in this study, in agreement with
previous reports [14-16], these alignments (protomotifs) do not accumulate randomly but
in true genomic protein-coding regions (Supplementary file 1; Fig. 3). By using the D.
melanogaster genome as a model system, we set optimal parameters for using AnABlast

as a new protein-coding finder in whole sequenced genomes.

AnABlast has not the aim of annotating an entire genome, since it allows the identification
of only 60-85% of the actual genes annotated in a genome (Table 2). However, the
accumulation of protein sequences using a non-redundant database and low bit-scores in

the BLAST search enables AnABlast to discover new genes that scape to conventional
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strategies, producing a precision up to 90% with exons, genes and pseudogenes among
the identified protein-coding signals (Fig. 4). Thus, AnABlast is particularly useful to re-
search for new genes in already annotated genomes. Another advantage of the AnABlast
strategy is the fact that protomotifs are accumulated within the true reading frame, and not
scattered throughout the genome (Fig. 2). Importantly, coding signals are also identified by
AnABIlast in the coding strand, but at different reading frames. It rarely occurs in any of the
three reading frames coming from the reverse strand, suggesting that new protein-coding
exons or genes may emerge by frameshift mutations in preexisting ORFs [17]. In fact, the
peak-height distribution matching ORFs in true genes has the highest value, followed by
peaks identified in the next frame, which suggests that new protein-coding regions may
emerge by point deletions in the original frame. This observation agree with previous
evidences in mammals suggesting a higher frequency of evolutionary fixation for deletion
than for insertion mutations [18,19], a trend that have also been found in the D.
melanogaster genome [20]. Remarkably, AnABlast coding-signal are sometimes found in
the ends of well-known genes, overlapping with the right reading frame and suggesting
than C-terminus and N-terminus of genes are subjected to evolutionary contractions and

expansions that are efficiently identified by AnABlast [10].

The discovery of protein-coding genes by AnABlast is independent of the appearance of
an open reading frame, a feature that allows the discovery of sequences without canonical
structures, such as pseudogenes and transposable sequences. Disabled or unitary
pseudogenes originated from inactivated genes are particularly difficult to identify due to its
high sequence divergence after long-term evolution [21]. Since AnABIlast searches for the
accumulation of footprints of common ancient protein sequences (low-score patterns), this
strategy is particularly useful in underlying fossil sequences in which significant homology
is lost (Fig. 5c¢).

Another important challenge to the whole annotation of genomes is the discovery of short
ORFs [7]. These short protein-coding sequences were missed in the past, since it is
difficult to distinguish between functional open reading frames and non-functional ones
arisen by chance [22]. Albeit less efficiently, AnABlast is also useful for assisting in this
task (Fig. 5a). Altogether, we encourage the use of AnABlast as a good in silico method
that complement current gene finder algorithms and conventional genome annotation

tools.
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6.1.4 Conclusions

The present study shows how AnABlast, which uses a strategy based of the accumulation
of low bit-score protein homologs along a query protein sequence, is able to discover new
putative protein-coding genes/exons where other methods fail. AnABlast is also able to
locate pseudogenes showing evolutionary remnants or even small ORFs that escape the
conventional searches. All these features makes of AnABlast a meaningful tool for the
exhaustive analysis of genomic data, currently produced at an increasingly rapid rate. To
allow the analysis of genomic regions and searching for new protein-coding genes, we

have built a web application which is available at http://www.bioinfocabd.upo.es/anablast/

[23]. Our results aim to analyze new genomes as well as to revisit annotated ones in order

to discover new hidden genes.

6.1.5 Materials and Methods

Search for protein-coding signals

AnaBlast was used to search for protomotifs using the release 6 from D. melanogaster
genome versus the UniRef50 database from January 2012 (with 4,606,913 sequences)
and January 2017 (with 21,859.863 sequences), independently. UniRef50 is a protein
database with non-redundant sequences in 50% identity threshold [24]. Blastx was used to
get hits (that we call protomotif) with a threshold e-value of 10 and a bit-score between 29-
31, which gave significant results in other projects [10], though the e-value has been

decreased in order to optimize the analysis of a complete genome.

Protomotifs were classified by reading frame, when they matched to well-known exons in
the genome. The distribution of protomotifs was made using the ggplot library of R

programming language.

The genome analysis was performed in a HPC cluster, using 100 threads and it lasted
around 1 week. The remaining analysis with sequences up to 10kb were performed in the

web application of AnABlast, which allows to analyze genomic sequences up to 25Kb, or
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longer if the user provides the precalculated BLAST report: http://www.bioinfocabd.upo.es/

anablast/

Testing protocol

The D. melanogaster genome annotation release dmel-all-r5.43 from January 2012 was
converted to the release dmel-all-r6.19 from January 2017 using the conversion tool from
the FlyBase database. Genes were compared with bedtools intersect, obtaining all the
new exons, complete genes, and pseudogenes appearing in release 6 but not in release 5.
To a higher constraint, the sequences were searched in UniProt database to discard
previously described protein-coding genes, and only genes not appearing in any database
release before 2017 were maintained. The remaining sequences were taken and used as
the testing dataset. For the testing protocol, Blastx was run with the genome release 6 and
the Uniref50 database release from January 2012. The sequences from the testing dataset
were taken with 100 nucleotides both in the 5 and 3’ ends, previous to analyze by
AnABIlast.

Both tracks for EST sequences and conservation (27 insects conservation by PhastCons)

were obtained from the UCSC browser [25].

Accuracy measurement

A coding-signal is considered to match with an annotated exon when at least the 20% of
the exon is covered, or the 20% of the peak underlies the exon. To check this, AnaBlast
results were converted to bed format and compared to the GFF file with the annotated
genes from the D. melanogaster release 6. Accuracy was measured by comparing exons
and protein-coding signal from AnABlast, considering true positives (TP, AnABlast coding-
signals matching to exons, or pseudogenes), false positives (FP, AnABlast coding-signals
matching to introns or intergenic regions), and false negatives (FN, exons or pseudogenes
without AnABlast coding-signals). Then, precision (specificity of the analysis: percentage
of right predictions in the results) and recall (sensitivity of the analysis: percentage of right

elements which are predicted) was calculated:

Precision = (TP/TP+FP) x 100
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Recall = (TP/TP+FN) x 100
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7.1 Identification of small protein-coding regions in
the Caenorhabditis elegans genome: an application of
AnABlast
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7.1.1 Summary

The sequencing of higher eukaryotic genomes has become routine, but the accurate
identification of genes and their protein-coding regions is less straightforward. AnABlast is
a new approach that we recently described for the in silico recognition of protein-coding
regions in DNA sequences. By using AnABlast, here we report the identification of 82
putative new protein-coding sequences that were identified only by this algorithm in the
well annotated Caenorhabditis elegans genome. Conventional homology/motif searches,
available RNA expression data and RNA interference experiments supported that
AnABlast efficiently predicts functional protein-coding sequences, including proteins
encoded in small ORFs. Therefore, AnABlast provides a novel tool for the accurate
identification of protein-coding regions that escape to other in silico strategies, as well as a
new approach towards the detection of small bioactive proteins in annotated eukaryotic

genomes.

Keywords: AnABlast, C. elegans, new genes, in silico gene-prediction tool, protein-coding
sequences, SORFs
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7.1.2 Introduction

Obtaining the complete inventory of genes in sequenced genomes is a main goal in the
current genomic age [1]. Thanks to advances in bioinformatics and computing power, it is
now possible to scan the genome in unprecedented scrutiny [2,3]. Different in silico
methods has been devised as useful predictors of protein-coding regions [4-7], but such
methods are generally not sufficiently robust for finding small exons, small protein-coding
genes and highly divergent genes, sharing very short stretches of sequence identity in

databases, which remain reluctant to identification even in model organisms [8].

Bioinformatics tool AnABlast has been recently developed as a reliable new computational
approach for locating protein-coding regions in genomic DNA sequences [9,10]. This novel
gene predictor is based on the fact that protein-coding genes mostly arise from previous
ones during evolution. Thus, even small and/or highly divergent coding sequences may
harbour ancient footprints to be found among the millions of proteins available in
databases. AnABlast accumulates these footprints searched which are low-stringency
BLAST alignments common between the query sequence and known protein sequences.
Since protein-coding footprints are not present in non-coding DNA sequences [11,12], the
significant accumulation of insignificant BLAST score alignments allows AnABlast to
highlight DNA protein-coding regions that, at present, can only be uncovered in silico by
this algorithm [9,10].

In a pilot study, the system was trained on the fission yeast genome, and its performance
was evaluated by examining RNA expression on the predicted AnABlast coding regions of
the genome of this lower eukaryotic model [9]. However, identifying genes in higher
eukaryotes is more complex. In higher eukaryotes, genes may span hundreds or
thousands of Kbs with the protein-coding sequences accounting for only a few percent of
the total sequence [2,3]. Thus, the accurate identification of such sequences in complex
eukaryotic genomes is a difficult undertaking. The nematode Caenorhabditis elegans has
been established as a multicellular eukaryote model for the study of genetics and
developmental biology. Initial analysis of the complete genome sequence of C. elegans by
the WormBase consortium revealed over 19000 coding genes, but this number has been

continuously increasing as a consequence of both, new experimental data and improved
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protein-coding gene prediction algorithms [13]. The latest version of the C. elegans
genome sequence (WS228) predicts 24610 coding genes (Genome and biological are
available in the WormBase database [14]. The in silico identification of novel protein-
coding regions in this model organism in silico is challenging. By analysing the C. elegans
genome, here we show that AnABlast is highly efficient in locating yet unknown protein-
coding sequences in this complex genome, including small protein-coding genes and new

exons of known genes.

7.1.3 Results and Discussion

Discovery of hew protein-coding regions in the C. elegans genome

Sequence-sequence and sequence-profile alignment algorithms have been widely
adopted for the identification of related genes [15]. Methods that can identify remote
homologues sharing insignificant BLAST scores between each other have also been
implemented by detecting intermediate homologue sequences to connect them [16, 17].
AnABIlast efficiently uncovers protein-coding sequences not by significant homology or
intermediate homologues, but by the significant abundancy of short-stretches of amino
acid sequences (protomotifs) in a protein coming from the virtual translation of a query
DNA sequence [10]. In order to perform a search for unidentified protein-coding sequences
in a multicellular eukaryote, AnABlast profiles were generated for the entire genome of the
C. elegans nematode. The complete set of AnABlast results of the C. elegans genome
analysis, including signals for known genes, can be accessed at the genomic browser

http://www.bioinfocabd.upo.es/ibrowse/JBrowse-1.12.1/?data=datasets/celegans. As

expected, the vast majority of AnABlast signals were related to already annotated genes,

and only those non-annotated AnABlast sequences were then selected.

AnABlast is designed to highlight protein-coding sequences from unknown genes and
exons, but also from highly degenerated pseudogenes and relic sequences [9,10]. To
focus on the search of new actual genes, or new exons of annotated genes, AnABlast
signals predicting peptides with less than 30 amino acids were discarded. To evaluate the
singularity of AnABlast, the new protein-coding sequences were subjected to other
available gene finders [6,15], and those predicted also by other bioinformatics tools (about

121


http://www.bioinfocabd.upo.es/jbrowse/JBrowse-1.12.1/?data=datasets/celegans

60%) were discarded as well. Overall 92 AnABlast regions were selected as new
candidate to be actual coding-protein sequences uncovered only by AnABlast. Among
them, 82 were located at least at 500 nucleotides to any annotated gene, suggesting that
the new signals could identify new genes (S1 Table), while the other 10 signals were
adjacent (less than 500 nucleotides) to annotated genes, which therefore could rather be

new exons of known genes (S2 Table).

It was long assumed that proteins are at least 100 amino acids long. Interestingly,
predicted AnaBlast protein-coding sequences account for relatively small ORFs (see ORF
length in S1 and S2 Tables). While long ORFs can be efficiently identified (6,15), the in
silico detection of small ORFs is very difficult as the short length makes it hard to
distinguish true coding ORFs from ORFs occurring by chance. With the advances in
technology, notably ribosome profiling assays and proteogenomics, the identification of
functional small peptides has drastically increased, rising the number of potentially
functional ORFs within the eukaryotic genomes [19-22]. Based on the remarkable property
of AnABlast in highlighting small coding regions (less than 100 residues), we believe that
this computer approach may provide a powerful tool for the identification of these elusive

small ORFs in sequenced genomes, complementing proteogenomic methods.

Characterization of novel putative C. elegans genes

Different approaches can be used to validate predicted AnABlast sequences as functional
genes. Often, putative protein-coding regions detected by AnABlast escape to
conventional homology searches. However, AnABlast signals occasionally uncover short
sequences with significant homology to others in databases that had been missed or
ignored from previous bioinformatics analysis. Thus, in a first approach, open reading
frames (ORFs) in the corresponding DNA sequence (chain and frame) highlighted by
AnABlast were identified, and a conventional search of motifs and homologs were
performed to uncover putative functions of the inferred protein sequences. Since small
ORFs may initiate with start codons other than AUG [20], predicted protein sequences
lacking an initiation methionine were equally considered as possible exons from other
gene. As shown in S1 Table, some of the identified sequences share stretches of
significant similarity to proteins in reference data bases, and/or match recognized motif

signatures [23, 24]. AnABlast signals G71 and G75 are representative examples of
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predicted genes with both, motifs and significant homolog proteins found in related

Caenorhabditis species (Fig 1).
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Fig 1. Putative new protein-coding sequences identified by AnABlast in signals G71 (X:11701412-
11701730) and G75 (V:4970301-4970493). A) Signals G31 (left) andG75 (right) (squares). Annotated exons
of their respective adjacent genesC44C10.3 and F26G5.10 are shown (yellow boxes). B) F-box
associatedFBA2-Motif signature and Serpentine type 7TM GPCR chemoreceptor motif underlined in signals
G71 (left) and G 75 (right) respectively. C) Top 10 Blast hits of G71 (left) and G75 (right) protein sequences.
D)G71 (left) and G75 (right) protein sequence alignments to proteins found in the indicated Caenorhabditis
specie. Sequence ID and alignment significance (E-value) are indicated.

One important question regarding this study is why the annotation of these genes had

been missed from the WormBase database (www.\WormBase.org). The fact that many of

these candidate genes encode relatively small peptides with short stretches of similarity to
other proteins in databases explain why the annotation of these putative protein-coding
sequences have been missed from previous in silico analysis. The WormBase database
provides genome-wide data of gene expression from Ribo-seq, RNA-seq and proteomic
experimental results. Therefore, we also analysed the existence of reported RNA and
peptide expression in the selected sequences to support the accuracy of AnABlast in
searching for actual functional genes. Significant expression levels were observed in 18 of

the proposed new genes (see in S1 Table). Among them, some showed either significant

123


http://www.wormbase.org/

homology to other proteins (G30, G45 and G54), harboured significant motifs (G26, G58),
or both (G31) (Fig 2).
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Fig 2. Putative new protein-coding sequence identified by AnABlast in peak G31 (1:12928143-12928563).
A) AnABlast profile of peak G31 (square) and annotated exons (yellow boxes) of the flanking genes
Y18D10A.20 andY18D10A. RNA expression profiles (RNA-Seq, black boxes) available in WormBase are
shown. B) FBA2-Motif signature identified in predicted G31 protein sequence. C) Top 10 Blast hits of G31
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protein sequence. D) G31 Protein sequence alignments to proteins in the indicated Caenorhabditis specie.
Sequence ID and alignment significance (E-value) are indicated.

Expression itself is a useful clue for the identification of functional genes. Remarkably, 12
out of 18 AnABIlast-predicted coding-regions showing significant expression levels lack any
detectable homology or motif signature (S1 Table), reinforcing the potential use of
AnABIlast in re-searching for putative genes that escape to conventional in silico strategies.

Characterization of novel putative exons

In the identified putative protein-coding sequences, 30 AnABlast signals were located at
less than 500 bp to the 5’ or to the 3’ end of known genes, suggesting that these coding
regions could well be exons of the adjacent genes. Among them, 10 were exclusively
underlined by AnABlast as putative exons (S2 Table) and were further studied (the
remaining 20, also predictable by other algorithms, were discarded). To explore the
possibility that these10 AnABlast signals could identify new exons of known genes, amino
acid sequences predicted by AnABlast and by the adjacent gene were concatenated, and
the resulting sequence was used to search for homolog proteins in data bases. When the
new predicted exon belongs to the annotated gene, homolog proteins expanding
significant similarity along the added exon may be identified in data bases. This approach
suggested that at least E6, E13, E26 and E28 encode putative new exons belonging to

their adjacent genes.

AnABlast E6 DNA region is located at the 5’ end of the gene encoding the hypothetical
protein MO3A8.3, a protein containing a PH-like domain. Remarkably, Blast search of
concatenated E6-M0O3A8.3 protein sequences indicates that a stretch of E6 expands the

amino-terminal end of MO3A8.3 protein homologs identified in C. briggsae and C. nigoni
(Fig 3).

Based on microarray and RNA-seq data, expression of MO3A8.3 is affected by several
genes including daf-16, daf-12, and sir-2.1 [WormBase data], suggesting a role of this
protein in different developmental processes of the nematode. According to RNA
expression data available in WormBase, DNA regions coding for both E6 and M0O3A8.3 are
expressed at similar levels in C. elegans (see in Fig. 3).Thus, we suggest that genomic
DNA predicted by AnABlast to encode E6 is likely a new non-annotated exon of the gene

encoding MO3A8.3in the C. elegans genome.
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AnABIlast-coding sequence E13 locates at the 5’ end of the gene encoding two protein-
isoforms, F20G2.3a and F20G2.3b. WhileF20G2.3a homologs containing E13 sequences
were not found, the concatenated E13-F20G2.3b sequence was similar to protein F28H7.8
found in the parasitic nematode Toxocara canis, suggesting that E13 could be a putative
exon of the F20G2.3b isoform (see in Fig. 4). Some weak intronic signals can be predicted
in the DNA sequence encoding E13. However, while RNA-seq data indicate that both
F20G2.3a and F20G2.3b DNA regions are expressed, expression is not observed in the
E13genomic interval. Thus, the E13 DNA sequence may represent a pseudo exon, rather

than an actual exon of this gene.
Signals E23 and E28 can also be identified in homolog proteins when concatenated to

predicted protein sequences coded by their respective adjacent genes (S1 Fig),

suggesting that both are putative new exons of these hypothetical genes.
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Fig 4. Putative new exon underlined by AnABlast peak E13 (V: 13768591-13768795). A) AnABlast Profiles
indicating the peak E13 and adjacent signals matching Exons encoding F20G2.3a and F20G2.3b isoforms of
the adjacent gene. RNA expression (RNA-seq) is shown. B) Sequence alignment of concatenated E13-
F20G2.3b protein sequence to protein F28H7.8 (ID: KHN82554.1) (expected 1e-31) of the nematode
Toxocana canis. E13 amino acid sequence is indicated (square box)

Functional analysis of the putative new protein-coding sequences by RNA

interference

As described above, detailed analysis of directed homology searches, or RNA-expression
data, support AnABlast as a useful algorithm in the re-search of protein-coding sequences
that are hidden to other established methods. However, the great challenge for AnABlast is
the possibility to uncover new genes that escape both, to conventional in silico analysis
and to available expression data. The nematode C. elegans is a genetically tractable
model system that has been widely used to investigate the molecular mechanisms of
aging and longevity, and the development of RNA interference (RNAI) technology has
provided a powerful tool for performing large-scale genetic screens in this organism. RNAI
is an endogenous cellular mechanism triggered by double-stranded RNA (dsRNA), which
leads to the degradation of homologous RNAs in the cytoplasm. RNAi degradation of
MRNA is typically not complete, often giving rise to hypomorphic phenotypes [25].
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However, RNAI is relatively easy to use since feeding worms with bacteria expressing
dsRNA is enough to knockdown gene expression [25]. Thus, to gain insight into the
function of the candidate genes discovered only by AnABlast, all the selected DNA
sequences were knocked down with RNAI, and developmental-associated phenotypes
were examined. Only a fraction of the functional genes should be expected to develop a
distinguishable phenotype on these characteristics by using RNAI strategies [26]. Thus, it
is remarkable that three of the selected sequences (signals G71, G98 andG107) yielded
RNAi-dependent phenotypic defects, suggesting that at least these three DNA sequences
uncovered only by AnABlast likely identify new functional genes.

Peak G71 encodes a predicted 82 amino acids peptide, with neither significant homologs
in databases nor reported RNA expression (S1 Table). When this DNA sequence was
knocked down with RNAI, a significant delay in the L4 to adult transition was observed (Fig
5). Detailed in silico analysis indicated that the encoded 82 amino acid sequence contains
an F-box domain. About 326 C. elegans annotated genes contain known F-box
sequences, indicating that it is a frequent domain in the worm genome. F-box containing
proteins usually bind SCF complexes, which in turn function in the ubiquitination of cell
cycle regulatory proteins [27]. In C. elegans, however, the F-box domain is also found in
FOG-2 proteins triggering spermatogenesis during development [28]. According to the
observed phenotype in peak 71 knocked down worms (Fig 5), the proposed F-box
containing peptide could play a role in exit of the L4 state during the nematode

development.

Peak G98 encodes a putative 35 amino acids peptide without reported RNA expression,
as well as without significant homologs (S1 Table). RNAi knockdown experiments of this
sequence Yyielded a slight delay in development that can be visualized in the transition of
the last developmental stage (L4 larval stage to adult) (S2A Fig). This small peptide
harbours a BEACH domain, a highly conserved motif which functions in lysosomal protein
trafficking, but also endomembrane signalling during development [29]. Thus, the identified
BEACH-containing peptide encoded by AnABlast peak 98 could also affect different

developmental steps.

Finally, peak 107 encodes a 38 amino acids peptide, which according to RNAI results

could also play a role during L4 state progression, with a percentage of animals that never
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reach adulthood (S2B Fig). A BAH domain is found in this peptide (S1 Table). Proteins
containing this domain are usually involved in chromatin remodelling, histone recognitions
[30], and PCNA ubiquitination [31]. Therefore, there is a large repertoire of different
functions in which this peptide could act during worm development.

The analysis of the knockdown efficiency of a publicly available RNAI resource revealed
that >90% of in vivo lines exhibited residual gene expression of 25% or more RNAI,
suggesting that RNAI is likely insufficient to functionally identify a large number of genes
[25]. In fact, only about 19% of C. elegans genes yield observable phenotypes when
subjected to RNAi knockdown [26]. In our characterization, this frequency would
significantly drop down since our phenotypic assay only covers a limited set of
developmental defects. Remarkably, RNAi-induced phenotypes were observed in 3 out of
94 sequences assessed, suggesting that sequences highlighted only by AnABlast

efficiently uncover genomic regions encoding functional protein.
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Fig 5. Analysis of AnABlast Peak G71(X: 11701412-11701730). A) AnABlast profiles showing peak G71
(square box) and the adjacent signals matching exons encoding protein C44C10.3. RNA expression data
(RNA-seq) are shown. B) Average worms (%) that reaches adulthood from L1 (time O hours) in worms
subject to E71 RNAI (pink) with respect to the control (green). Standard deviation bars are indicated.
Photographs of the phenotype caused by G71 RNAi with respect to control at 49 hours are shown (lower
panels). Arrows indicate the typical non-mature vulva of 1.4 animals.

Perhaps the most fundamental question that can be asked about a DNA sequence is
whether or not it encodes protein. Large ORFs are easily uncovered in silico by ORF-
Finder algorithms, but finding small ORFs represents an extremely difficult task [19,22].
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Our approach leads to the prediction of a set of putatively coding sequences including
small ORFs in the C. elegans genome. We encourage the use of AnABIlast for the in silico
re-search of protein-coding sequences in other sequenced genomes, as well as a new tool

for the in silico identification of putative bioactive peptides.
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7.1.4 Materials and Methods

AnABlast Search strategy

AnABIlast search for putative protein-coding sequences was employed following described
methods [10] but analysing the complete genome. Due to the long length of the C. elegans
chromosomes, they were used as the reference database in a similarity search using
BLASTX and the millions of protein sequences of non-redundant UniRef50 database
(2014_02 version) as query sequences [15]. To get non-restricted alignments, a threshold
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bit-score of 30 was used. Then, AnABlast takes the positions from the acquired hits and
counts the number of alignments (belonging to different non-redundant proteins) that
matches each genomic position. As a result, AnABIlast yields a profile along the C. elegans
genome where discrete peaks highlight specific regions. The found hits including low-
scored alignments (protomotifs) are usually accumulated in coding sequences but rarely in
non-coding sequences [11,12]. Thus, profile of accumulated AnABlast protomotifs yields
peaks that accurately marks putative protein-coding regions even in the presence of
sequencing errors, or evolutionary degenerated sequences such as pseudogenes and
relic sequences. Peaks with less than 70 accumulated alignments were discarded.

In silico analysis of the selected sequences

For in silico analysis, C. elegans annotations in the genomic regions of the candidates
were downloaded from WormBase database at 1 February 2017. Annotations were
gathered from the tracks of WormBase browser, including gene coordinates, RNA
expression, proteomics, and similarity sequences. An expression evidence is associated to
an AnABlast candidate when the evidence overlaps at least 20% with the candidate signal.
The amino acid sequence delimited by each AnABlast peak was further studied by using

BLAST [15], Pfam for domain sequences [27], and Smag3s for functional annotation [3].

Knockdown RNAI assay by feeding

The RNAI clones used in this study were obtained from the selected DNA sequenced
underlined by AnABlast as putative protein-coding sequences. DNA fragments ranging
between 0.2 to 0.4 kb were PCR amplified and cloned into a pL4440 vector by ligation
after digestion with restriction enzymes. Oligonucleotides designed for each clone are
listed in S3 Table. All RNAI clones were verified by DNA sequencing. C. elegans strains
were cultured and maintained using standard procedures [32). L1 of N2 were
synchronized in M9 for 16 hours at 20°C and seeded in plates with E. coli strains that carry
either the empty vector pL4440 (control) or the AnABlast DNA sequence-targeting as
previously described in [25]. Plates were incubated at 20°C and young adults were
counted at 47-48 hours each hour for 6-7 hours. The images were taken at 50 hours in
Olympus SZX16 stereoscope equipped with a PLAPO 1x lens and an Olympus DP73

camera.
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7.1.6 Supplemental Figures
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S1 Fig. Putative new exons identified by AnABlast peaks E23 (X:6001927-6002254) and E28 (V:5856625-
5856859). A) Signals E23 (left) and E28 (right) (squared). Annotated exons of their respective adjacent
genes F22F4.4a and F28F12.8 are shown. B) Top Blast hits of E23 (left) and E28 (right) predicted protein
sequences. C) E23 (left) and E28 (right) protein sequence alignments to proteins found in the indicated
specie. Exon E28 sequences is highlighted in box. Sequence ID and alignment significance (expected value)

are indicated.
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S2 Fig. RNAI analysis of AnABlast signals G98 (II: 9428645-9428735) and G107 (X: 14567563-14567626).
A) AnABlast profiles showing peak G98 (left) and peak G107 (right) and signals matching exons encoding
their respective adjacent proteinM175.5 and C44H4. Signals G98 and G107are indicated (squares). RNA
expression data (RNA-seq) are shown. B) Average worms (%) that reaches adulthood from L1 (time 0 hours)
in worms subject to E98 (left) or to E107 (right) RNAi (pink) with respect to their controls (green). Standard
deviation bars are shown.
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8. Discusion General
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8.1 Discusion

La secuenciacion de genomas completos permite obtener el catalogo completo de las
instrucciones de fabricacién de herramientas moleculares que posee un organismo. Pero
el hecho de obtener la secuencia de nucle6tidos de un organismo, no se traduce de forma
instantanea en el conjunto de funciones que puede realizar dicho organismo. Para obtener
estas funciones se necesita de un andlisis en profundidad de esta secuencia para
localizar de esta forma todos y cada uno de los elementos funcionales que la componen.
Con este objetivo se creo en 2003 el Proyecto de la Enciclopedia de los Elementos del
DNA (ENCODE en sus siglas en ingles) (The ENCODE Project Consortium 2004). Este
proyecto se centraba en el genoma humano pero pronto se amplio a organismos modelo
mediante mModENCODE (modENCODE Consortium et al. 2009).

Desde entonces, se han empleado diversas técnicas de laboratorio para localizar estos
elementos funcionales como son RNAseq (Gerstein et al. 2010), espectrometria de masas
(Krijgsveld et al. 2003) o perfiles ribosdmicos (Ribo-seq), especialmente en el caso de los
sORFs (Olexiouk, Van Criekinge, and Menschaert 2018). Todas estas técnicas, al basarse
en la deteccion de proteinas, o sus precursores, como es el caso del RNAm, tienen la
desventaja de que solo pueden detectar aquellos elementos funcionales que se estan
empleando por el organismo en un momento dado. Siendo necesarios muestreos a lo
largo del desarrollo del organismo y en diferentes ambientes, para obtener el conjunto
completo de las funciones codificadas en un genoma. Pero incluso realizando este tipo de
muestreos, no se llegan a detectar la totalidad de los genes codificantes de proteinas,
como evidencia el hecho de que el nimero de estos genes haya variado a lo largo de los
afos en diferentes organismos modelo. Este tipo de técnicas se enfrentan a su vez a
problemas de escalabilidad, especialmente en el momento actual donde la secuenciacién

de genomas completos es algo habitual

Por tanto, la localizacion in silico de genes codificantes de proteinas en genomas
completos, sigue siendo uno de los grandes retos en la actual era genémica. Por un lado,
en genomas de organismos procariotas 0 a la hora de localizar genes canonicos, se

obtienen buenos resultados con los algoritmos actuales, aunque sigue existiendo margen
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de mejora como ha evidenciado AnABlast en el desarrollo de esta tesis. Por otro lado, el
hecho de la existencia de genes no canonicos como pseudogenes, secuencias fosiles,
pequefios ORF, codones de inicio alternativos y cambios en el marco de lectura
(frameshifts) hace que este reto siga vigente. En especial en los sORF ya que su
bldsqueda presenta una gran dificultad debido a su pequefio tamafio (menos de 100 aa)
(Crappé et al. 2013; Kroll et al. 2017).

A la dificultad de encontrar estructuras génicas no canénicas, hay que sumar la dificultad
que genera la presencia de errores en la secuenciacion y en el ensamblado. Estos errores
pueden ocultar la presencia de genes a los algoritmos y programas tradicionales, los
cuales pueden dejar sin localizar hasta un 20% de los genes presentes en un genoma
eucariota (Goodswen, Kennedy, and Ellis 2012). Esto ha puesto en evidencia la necesidad
de implementar nuevas ideas para la localizaciébn de genes codificantes de proteinas
(Gross et al. 2007; Kelley et al. 2012).

La aparicion de los secuenciadores de tercera generacion, que producen lecturas de gran
tamafio, junto con las lecturas cortas, pero de gran precision, de las tecnologias de
secuenciacion de segunda generacion, ha puesto en evidencia la necesidad de mejorar
los ensamblados de los genomas actuales. Esto es necesario incluso en genomas de
organismos modelo como C. elegans (Yoshimura et al. 2019) donde se han localizado
nuevos genes mediante algoritmos tradicionales como AUGUSTUS (Stanke et al. 2004).

Esta falta de precision en los algoritmos tradicionales puede ser debida a la rigidez de los
mismos, ya que tradicionalmente intentan buscar estructuras o secuencias genicas
utilizando parametros estrictos y bien definidos. Pero la linea que separa las regiones
codificantes de las no codificantes no es clara. Ejemplos de este limite difuso los tenemos
en los IncRNA, pseudogenes, 5UTR y sORF, que se traducen a proteinas que pueden
tener funciones clave para el organismo o pueden servir como reservorio para la creacion
de nuevos genes (Couso and Patraquim 2017; Ji et al. 2015; Pueyo, Magny, and Couso
2016; Ruiz-Orera et al. 2014).

Es en este campos, incluyendo la localizacion de genes no canonicos, cripticos o fosiles,
es donde encaja AnABlast y su blsqueda de acumulaciones de pequefias secuencias

fésiles de aminoacidos denominados protomotivos. Se ha descrito en otros trabajos y con
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mayor soporte en este trabajo, como los protomotivos no se acumulan de forma aleatoria
(Andrade 2009; Perez, Thode, and Trelles 2004; Thode, Garcia-Renea, and Jimenez
1996), sino en gran medida en la misma hebra y marco de lectura donde se encuentra la
secuencia codificante de proteinas. Esto hace que las sefiales de AnABlast permitan
localizar genes codificantes de proteinas incluso si estos presentan varios codones de
STOP y/o cambios de fase de lectura. En este trabajo ademas se ha mostrado como esta
estrategia puede ser aplicable sobre genomas completos permitiendo un andlisis masivo
de los mismos, lo cual es fundamental en la época actual donde se secuencian toda clase

de organismos diariamente.

Durante el desarrollo de esta tesis se ha trabajado en todo momento con genomas de
organismos modelo, bien conocidos y anotados y en todos ellos se han encontrado
indicios de la existencia de posibles nuevos genes codificantes de proteinas. Este hecho
no es algo fuera de lo comun, ya que a lo largo de los afios el niumero de genes
codificantes de proteinas, tanto en D. melanogaster como en C. elegans, ha ido
aumentando. Esto no implica que se hallan localizado todos los genes presentes en
dichos genomas, como se ha mostrado recientemente en un ensamblado mejorado del
genoma de C. elegans por Yoshimura et al. (Yoshimura et al. 2019), el cual ha permitiendo

la localizacién de nuevos genes codificantes de proteinas.

A pesar de las evidencias, estos posibles nuevos genes no dejan de ser una prediccion,
por lo tanto una confirmacién de su existencia en laboratorio permitiria validar los
resultados predichos por AnABIlast. Por este motivo se realizé la busqueda de fenotipos
mediante la técnica de RNAI. Se detectaron 3 fenotipos al silenciar 96 regiones en el
genoma de C. elegans. Este numero, no puede considerarse bajo, ya que hay que tener
en cuenta que en la gran mayoria de las lineas de C. elegans (>90%) solo se silencia
aproximadamente el 75% de la expresion del gen, existiendo un 25 % de la proteina que
se sigue expresando (Kamath et al. 2003). Ademas el muestreo de fenotipos que se
realizo, solo cubria una limitada cantidad de defectos en el desarrollo. Por lo tanto obtener
3 fenotipos de un total de 96 ensayos, supone un numero que pone de relieve y confirma
la alta especificidad que tienen AnABlast a la hora de localizar genes codificantes de
proteinas, y a su vez su utilidad en futuros flujos de trabajo de localizacion de genes sobre

nuevos genomas.
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La localizacion de genes dentro de genomas completos es un paso fundamental para
descifrar la informacion contenida en estas moléculas biolégicas. Pero para desentrafar
en profundidad la informacién contenida en los genomas, es necesario saber qué
funciones realizan las proteinas que en ellos se codifican. Por lo tanto, la anotacion

funcional de estas proteinas o de sus precursores, los RNAm, es imprescindible.

Actualmente existen poco mas de una decena de aplicaciones capaces de predecir la
funcion que va a tener una secuencia biolégica (nucledtidos o aminoacidos), y la gran
mayoria tienen algun tipo de limitacion: s6lo es posible su utilizacion mediante una
aplicacion web, el nimero de secuencias que se pueden anotar es limitado, la anotacion
esta limitada a transcriptomas, son complejas de usar o son aplicaciones de pago.
Ademas de estas limitaciones, muchas de estas aplicaciones utilizan bases de datos de
referencia que han crecido exponencialmente en los Ultimos afios. Por lo tanto los tiempo
de anotacién de grandes conjuntos de secuencias problema también han aumentado, o
en el peor de los casos siguen empleando bases de datos pequefias pero

desactualizadas.

Por estos motivos se desarrollé la segunda version de la aplicacion Sma3s. Esta version
permite la anotaciéon masiva de secuencias mediante una base de datos actualizada y de
un tamafio y crecimiento contenido, UniRef90. A su vez se eliminaron practicamente las
dependencias y se mejord el formato y salida de los resultados. Todo esto junto a un
aumento de la precision y una reduccion de los coste de computacion. Todas estas
caracteristicas permitieron integrar, de forma sencilla, la anotacién funcional dentro del
algoritmo de AnABlast y por consiguiente de la aplicaciébn web, debido a la mejora en la
facilidad de uso e instalacion de la aplicacion. Ademas Sma3s v2 mediante su version de
linea de comandos es empleada para proyectos genémicos de gran envergadura como
pueden ser: La reconstruccion de rutas metabdlicas y transcriptomas de Quercus ilex
(Lopez-Hidalgo et al. 2018; Guerrero-Sanchez et al. 2019), la reanotacion de los genes
presentes en el organismo modelo Nicotiana benthamiana (Kourelis 2018) o la anotacion
del proteoma completo de organismos no modelo como la paloma mensajera (Gazda et
al. 2018).

Precisamente, la facilidad de uso, es una de las caracteristicas a la que menos

importancia se da durante el desarrollo de una nueva aplicacion en el mundo académico.
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Esto puede estar motivado por que comunmente este tipo de aplicaciones se presentan
por primera vez al publico en revistas cientificas especializadas donde la mayoria de sus
lectores tienen los conocimientos necesarios para hacer uso de complicadas aplicaciones.
Pero si se quiere que una aplicacion sea realmente Util, es necesario ampliar el espectro
de usuarios a aquellos cientificos que carecen de habilidades de programacién o

computacion.

Con este objetivo se desarroll6 también la aplicacion web de AnABlast, la cual ha puesto a
disposicion de la comunidad cientifica, de una forma sencilla y grafica, todas las
posibilidades de las que hace gala AnABlast. Pero, Ademas, esta aplicaciéon web ha sido
realmente Util para el avance de nuestra investigacion, al permitirnos realizar pruebas y

experimentos de forma rapida y sencilla.

8.1.1 Planes futuros

Durante el desarrollo de esta tesis se han planteado diversos planes de futuro y mejoras
tanto en la aplicacion Sma3s como en AnABlast.

Uno de los cuellos de botella que presentan tanto la aplicacion Sma3s como AnABlast es
la utilizacion del algoritmo BLAST para el alineamiento de secuencias bioldgicas. Entre los
diferentes algoritmos de alineamiento que existen uno de los mas prometedores el
DIAMOND, por lo que posiblemente se desarrollen versiones de prueba tanto de AnABlast
y Sma3s que empleen este algoritmo. Ademas de probar nuevos algoritmos de
alineamiento quizds sea necesario implementar nuevos algoritmos para estas
aplicaciones que permitan aumentar tanto el rendimiento como la especificidad y

sensibilidad de las aplicaciones.

Otra mejora que se ha planteado en la aplicacion Sma3s, es ampliar la cantidad y
variedad de anotaciones que se obtienen como resultado mediante la utilizacién de las
bases de datos relacionadas que presenta UniProtKB. Ademas, se podrian usar perfiles

HMMER de proteinas bien anotadas, para asi acelerar la anotacion.
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Volviendo a AnABlast. Actualmente solo se ha aplicado este algoritmo sobre organismos
modelos. Por lo tanto se plantea su utilizacion y estudio en organismos tan diferentes
como procariotas y humano. Existiendo pruebas iniciales realizadas sobre la aplicacion
web que han permitido detectar nuevos posibles SORF en procariotas y abundantes
secuencias de baja complejidad LINE y SINE en el cromosoma Y de humano.

Otro aspecto importante a la hora de analizar los perfiles de AnABlast, en el futuro, son la
forma de los picos, ya que se ha visto que tiene una relacion directa con la secuencia,
pudiéndose detectar de forma visual repeticiones en tandem y en espejo de regiones
genomicas (Figura 17) . Ademas se ha visto como cierto tipo de secuencias mantienen
unas formas de pico muy caracteristicas. Por ejemplo las regiones CRISPR son
facilmente detectables de forma visual al presentar los picos de AnABlast una
caracteristica forma de sierra (Figura 18).
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Figura 17: Posible duplicaciéon en espejo invertida y duplicacién en tandem. Imagen capturada del
explorador de genes (JBrowse) de C. elegans. Se muestra dos proteinas F-box B (lado izquierdo) procedentes
de los genes curados de Wormbase. Ademas, se muestra también los picos de AnABlast correspondientes a
estas proteinas y dos picos mas, aguas arriba, con formas similares (los picos en rojo se corresponden con
sefiales de la cadena reversa y en verde de la cadena adelantada). La forma de los picos de AnABlast sugiere
que existio una primera duplicacién en espejo e inversién que dio lugar a las dos proteinas F-box B seguida
de una duplicacién en tandem que dio lugar a los dos picos, aguas arriba, de los cuales el que esta en la
cadena reversa (rojo) posiblemente se traduzca a aminoacidos a pesar de no encontrarse descrito en
WormBase.
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Figura 18: Resultados de la aplicacion web de AnABlast de una secuencia genémica bacteriana. A la
derecha se puede ver la caracteristica forma de sierra que presentan las regiones CRISPR. El primer track se
corresponde con las sefiales de AnABlast (picos). El segundo track (violeta) son las regiones gendmicas
dentro de cada pico. El tercero (azul) los ORF solapantes con cada pico. El ultimo track (rojo) es la
prediccién de la aplicacién Prodigal para esta secuencia genomica.
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9. Conclusiones
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9.1 Conclusiones

Sma3s v2 es una herramienta bioinformatica que permite la anotacion funcional

tanto de proteomas como de transcriptomas completos.

Sma3s v2 reduce los tiempos de ejecucion y los requerimientos computacionales
con respecto a la version 1 manteniendo la precision en las anotaciones y

aumentando la sensibilidad.

Sma3s v2 es una aplicacion que puede ser empleada por toda la comunidad

cientifica, sin requerir apenas conocimientos computacionales.

Sma3s v2 permite comparar anotaciones de genomas completos, por medio de

las clases funcionales de su fichero de resultados summary.

Las aplicaciones disefiadas para localizar genes en genomas completos,
actualmente no son capaces de localizar todos lo genes, existiendo un niamero

significativo de genes que se escapan a sus predicciones.

El acimulo de alineamientos de secuencia no significativos de proteinas sobre
genomas completos no se produce al azar, sino en regiones codificantes de

proteinas y principalmente en su mismo marco de lectura

El acumulo de alineamientos no significativos de proteinas sobre genomas
completos indica ,en un alto porcentaje, la presencia de regiones codificantes de
proteinas, siendo capaces de discriminar entre zonas codificantes y no
codificantes. Ademas, aumenta la probabilidad de ser una regién codificante de
proteinas cuanto mayor es el acumulo de alineamientos no significativos de
BLAST

Los falsos positivos de AnABlast pueden indicar la presencia de posibles nuevas
regiones codificantes de proteinas que se han escapado a la predicciéon

mediante otros métodos.
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16.

Utilizar un bitscore de 30 en BLAST como limite inferior para los alineamientos
no significativos, muestra los mejores resultados para detectar regiones

codificantes de proteinas, y no acumular asi secuencias al azar.

Para un determinado bitscore la altura de pico mas precisa depende del tamafio
de la base de datos que se emplea como referencia. Para una referencia actual
(Uniref50 2017), una altura de pico de 70 es la mas adecuada para detectar

posibles nuevas regiones codificantes de proteinas.

En AnABlast, el empleo de bases de datos mas recientes produce una mayor
sensibilidad con respecto a utilizar bases de datos antiguas. Siendo los picos de
AnABlast significativamente mas bajos cuando se emplean bases de datos

menos recientes.

AnABlast es capaz de detectar secuencias codificantes de proteinas y
pseudogenes actuales de Drosophila melanogaster, no incluidas en versiones
antiguas de la base de datos FlyBase ni detectables por otros métodos como

AUGUSTUS, empleando como referencia versiones antiguas de UniRef50.

AnABlast es capaz de detectar nuevas regiones codificantes de proteinas que
presentan evidencias claras de expresion pero que aun no estan incluidas como
codificantes en versiones actuales de las bases de datos de Drosophila

melanogaster.

AnABlast es capaz de predecir nuevas regiones codificantes de proteinas en el
genoma de Caenorhabditis elegans, incluso aquellas consideradas smallORF
(menos de 100 aa).

Muchas de las regiones codificantes de proteinas predichas por AnABlast en el
genoma de Caenorhabditis elegans presentan evidencias de transcripcion y
traduccion y algunas de ellas pueden servalidadas mediante experimentos de
RNA interferente en laboratorio.

La aplicacion web facilita el uso de AnABlast en regiones de hasta 25 Kb

permitiendo analizar el acimulo de protomotivos en regiones menores de 25 kb.
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11.1 Codigos fuentes

11.1.1 Sma3s v2

https://github.com/UPOBioinfo/sma3s

11.1.2 AnABIlast

https://github.com/UPOBioinfo/AnABlast

11.1.3 Aplicacién web AnABIlast

https://github.com/UPOBioinfo/AnABlast_webapp
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11.2 Tablas de las posibles regiones codificantes

encontrados en C. elegans

11.2.1 Posibles genes codificantes de proteinas

ORF

id position Expression Homologs motifs length Protomotifs
IV:1213206..12

G5 13443 + (Polysome) - 80 88
11:11736898..1

G14 |1737084 + (RNAseq) - 39 175
111:670901..671

G22 |255 + (RNAseq) - 162 74
111:5838386..58

G23 38494 + (RNAseq) - 41 71
X:17515475..1

G25 7515919 + (RNAseq) - 175 70
11:11717583..1 PF07735 (F-box

G26 1718477 + (RNAseq) - associated) 269 297
11:13644506..1

G30  |3644671 + (RNAseq) +(002112_CAEEL) 75 196
1:12928143..12 PF07735 (F-box

G31 928563 + (RNAseq) + (G8JLX0O_CAEEL) associated) 167 164
V:13396252..1

G32 |3396714 + (RNAseq) - 176 84
X:15015384..1

G43  |5015639 + (RNAseq) - 49 233
111:7833431..78

G45 |33716 + (RNAseq) + (Q9XWD9_CAEEL) 97 102
1:7316251..731

G46 6590 + (RNAseq) - 122 70
V:14367725..1

G49  |4368037 + (RNAseq) - 119 74
X:16728266..1

G50 |6728758 + (RNAseq) - 126 93
V:8646870..86

G51 (47347 + (RNAseq) - 165 98
IV:379001..379

G52  |340 + (RNAseq) - 140 71
111:4101011..41 +

G54 (01389 + (RNAseq) (AOAOU5FV96_9EURO) 138 139
X:541358..541

G57 |586 - + (E3LUBO_CAERE) 59 1820
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V:19477929..1

PF00097 (Zinc finger,
C3HC4 type (RING

G58 9478157 + (RNAseq) - finger)) 72 243
V:10709701..1
G61 |0709983 - - 102 424
1IV:1278944..12 PS50883 (EAL
G63 79091 - - domain profile.) 37 363
1:14308479..14
G64 308887 - - 59 354
V:5768239..57
G65 |68632 - - 61 343
PF10318 (Serpentine
V:3576900..35 type 7TM GPCR
G67  |77317 - + (GOPEE4_CAEBE) chemoreceptor Srh) 67 288
11:6978237..69 PF07735 (F-box
G68 78540 - - associated) 113 271
X:14916816..1
G69 4916993 - + (Q84LU4_GINBI) 22 271
V:13060163..1
G70 3060358 - + (GOP3Q5_CAEBE) 46 251
X:11701412..1 PF07735 (F-box
G71 1701730 - + (Q4R178_CAEEL) associated) 86 251
PF10319 (Serpentine
V:4970301..49 type 7TM GPCR
G75 70493 - + (ABWQ28_ CAEBR) chemoreceptor Srj) 47 147
11:11805687..1
G76 1805840 - + (Q9XX13_CAEEL) 52 136
V:6699013..66
G78 99454 - - 108 134
11:3733728..37
G83 34019 - - 154 116
mobidb-lite
111:669337..669 + (consensus disorder
G85 397 - (AOAOP5LGG1_9CRUS) |prediction) 91 112
11:4548339..45
G86 48606 - - 95 111
X:7713027..77
G89 13081 - - 51 108
1:10067869..10
G93  |067959 - - 24 104
11:3857180..38
G95 57426 - - 92 101
1:6983892..698
G97  |3949 - - 41 97
11:9428645..94
G98 28735 - - 34 97
X:13784500..1
G99  |3784599 - - 42 96
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X:7369398..73

G100 (69593 - - 76 95
111:7619994..76

G103 {20480 - - 180 92
111:7546511..75

G106 (46649 - - 70 91
X:14567563..1

G107 |4567626 - + (H3D5Q5_TETNG) BAH domain 24 91
11:3997148..39

G108 (97499 - - 121 90
X:16024200..1

G109 (6024737 - - 237 90
IV:2212713..22

G110 (13040 - - 106 89
IV:1212666..12

G111 |13077 - - 133 88
X:13380046..1

G112 3380358 - - 104 88
X:14344402..1

G114 |4344645 - - 84 86
111:214502..214

G115 |[871 - - 133 85
IV:1287156..12

G116 (87513 - - 126 84
IV:9866734..98

G117 |67040 - - 79 84
1V:3654868..36

G121 (55246 - - 182 82
X:743277..743

G122 |580 - - 118 82
111:12582510..1 +

G123 (2582588 - (AOAOLBG6E5_OCTBM) 30 81
1:14315133..14

G126 |315517 - - 59 78
11:9992028..99

G127 (92310 - - 90 78
X:15255109..1

G129 (5255442 - - 127 78
X:9603752..96

G130 (04172 - - 143 78
11:12979623..1

G131 (2979845 - - 39 77
11:6310391..63

G133 (10769 - - 128 76
111:11729720..1

G134 (1729903 - - 76 76

G135 [lll:1446243..14 |- + (A8Y423_CAEBR) mobidb-lite 66 76
46597 (consensus disorder
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prediction) / mobidb-
lite (consensus

disorder prediction)

1:13395200..13

G136 |395593 - 88 75
V:10032341..1
G137 |0032656 - 79 75
V:8678462..86
G138 |78762 - 69 75
X:9646607..96
G139 (46910 - 121 75
[:11500352..11
G140 |500649 - 113 74
1:12612423..12
G141 (612753 - 135 74
1:4819997..482
G142 |0081 - 17 74
11:1696730..16
G144 |96958 - 89 74
V:12890577..1
G145 |2890904 - 110 73
X:1120485..11
G146 (20578 - 88 73
V:6564739..65
G147 (64919 - 51 72
1:12541606..12
G148 |541939 - 87 71
V:3831077..38
G149 |31377 - 113 71
mobidb-lite
X:10433971..1 (consensus disorder
G152 |0434304 - prediction) 119 71
mobidb-lite
(consensus disorder
prediction) / mobidb-
X:854404..854 lite (consensus
G154 |797 - disorder prediction) 179 71
V:11699793..1
G155 |1700117 - 97 70
X:14348630..1
G156 |4348903 - 137 70
X:5994407..59
G157 |94674 - 87 70
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11.2.2 Posibles exones

Knockdown
ORF_len |phenotype of the

id position Expression |Homologs motifs |gth adjacent gene protomotifs
X:3495047..349

E5 |5548 + (RNAseq) 127|Ninguno 83
X:6799982..680 +

E6 |0363 + (RNAseq) |(E3LDB8_CAERE) 176|Ninguno 79
11:13888312..138 Retencion larvaria y

E7 |88573 + (RNAseq) 92|letalidad 73
V:13768591..13

E13 |768795 64/Ninguno 121
X:10674619..10 Retencidn larvaria y

E14 |674925 98|letalidad 80
V:7882127..788

E18 (2430 114|Ninguno 79
X:6001927..600

E23 [2254 149|Ninguno 74
V:5856625..585

E28 |6859 84|Ninguno 120
V:3445206..344 Anormal desarrollo del

E29 |5602 155|linaje neural 80
X:3170746..317

E30 |1163 186|Ninguno 70
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