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Resumen

Segun la Organizacion Mundial de la Salud (OMS), las
enfermedades infecciosas siguen siendo una de las principales causas
de mortalidad y hospitalizacion infantil en todo el mundo. Hasta hace
poco, se creia que generalmente la mayoria de las muertes eran
causadas por enfermedades bacterianas, pero durante la Gltima década,
hay evidencias crecientes que apuntan al hecho de que las infecciones
virales también son responsables de una morbilidad y mortalidad
significativas en los nifios.

Hoy en dia, distinguir entre infecciones virales y bacterianas sigue
siendo un desafio, ya que los resultados de los cultivos bacterianos
pueden tardar dias en estar disponibles y, a menudo, son negativos
cuando la infeccidn se encuentra en lugares inaccesibles o los nifios
han recibido tratamiento con antibidticos. Por tanto, la mayoria de los
médicos por temor a pasar por alto una infeccion bacteriana
potencialmente mortal deciden admitir nifios febriles en el hospital y
administrar antibidticos mientras esperan los resultados de los
cultivos. En consecuencia, numerosas infecciones virales se tratan
erroneamente con antibiéticos, lo que contribuye al desarrollo de
bacterias resistentes a los antibidticos. El uso excesivo de antibidticos,
junto con la ausencia de medicamentos antimicrobianos de nueva
generacion, esta creando una "era post-antibiotica”, en la que las
infecciones comunes y las lesiones menores podrian ser mortales, un
escenario probable en el futuro cercano segun lo declarado por la
OMS.

El desarrollo de ensayos basados en la PCR (reaccion en cadena
de la polimerasa), junto con los microarrays, ha aumentado
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notablemente nuestra capacidad de diagnosticar de forma precisa
infecciones virales conocidas y emergentes ademas de posibilitar la
deteccion de multiples patégenos en una sola prueba. Cabe destacar
sin embargo que los ensayos moleculares son menos eficaces en la
deteccidn de infecciones bacterianas, especialmente las causadas por
bacterias invasivas. Ademas, la PCR podria no decirnos quién es el
agente causal primario, ya que solo indica la presencia de &cidos
nucleicos del patdgeno. Pero el patdgeno detectado podria no ser
viable y su presencia podria atender a una enfermedad reciente pero
no relacionada o una simple colonizacién asintomatica. Ademas, tan
solo aquellos patégeno que hayan sido considerados en el disefio del
panel de PCR podran ser detectado, lo que pueden darse falsos
negativos para el agente causal. Por lo tanto, mejorar nuestras
herramientas de diagnostico para que sean mas eficaces y rapidas es
uno de los mayores desafios en la atencion medica actual, como ha
quedado demostrado en la actual pandemia del coronavirus SARS-
CoV-2.

En este trabajo de tesis, nos centramos en el estudio de las firmas
de expresion génica, ya que el transcriptoma, al ser la conexion entre
la informacién contenida en nuestros genes y el fenotipo puede actuar
como el "canario” del genoma indicandonos los genes del huésped que
tienen potencial como biomarcadores de enfermedades infecciosas.
Mientras que el genoma de todas las células dentro del cuerpo humano
es el mismo, el transcriptoma es una capa dinamica de informacion,
que cambia entre los tipos de células y las condiciones del organismo.
Por lo tanto, cuantificar la cantidad de ARN mensajero ayuda a
comprender la actividad celular a nivel molecular, facilitando el
analisis de la respuesta del paciente al virus, bacterias y/o parasitos.
Por lo tanto, los enfoques basados en el estudio de la transcriptomica
del huésped tienen un gran potencial para arrojar luz sobre la
patogénesis de las enfermedades infecciosas y pueden permitir nuevos
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enfoques de diagnostico en comparacion a aquellos basados en el
estudio del genoma.

La mayoria de las firmas transcriptomicas han sido descubiertas
utilizando datos obtenidos a partir de microarrays de expresion. Sin
embargo, en los ultimos afos la técnica de RNA-seq estd aumentando
su popularidad y sustituyendo rapidamente a los microarrays. Debido
a que permite el descubrimiento de nuevos transcritos, interpretar
eventos de splicing alternativo, estudiar la expresion de cada hebra de
ADN por separado etc. Pero mas interesante es el hecho de que
permite realizar estudios meta-transcriptomicos, esto es secuenciar
todas las moléculas de ARN de las distintas especies que viven en el
mismo ecosistema al mismo tiempo, posibilitando ejemplo permite
estudiar el transcriptoma del microbioma intestinal junto con el
huésped

Como el niumero de moléculas medidas por microarrays y RNA-
seq puede ser enorme, es necesario utilizar algoritmos supervisados de
aprendizaje automatico para seleccionar los transcritos con potencial
como biomarcadores. Un breve resumen del proceso seria: Primero
obtener el nimero de moléculas (counts) por cada transcrito en el caso
de RNA-seq o la intensidad con la que emite fluorescencia cada sonda
en el caso de los microarrays. A continuacion, es necesario normalizar
los datos para estimar de forma precisa el nivel de expresion y asi
poder hacer comparaciones precisas de la expresion génica entre
muestras; este paso es necesario ya que, aunque en general cuantas
mas moléculas/intensidad por transcrito mayor expresién, existen
otros factores como la profundidad de secuenciacion, tamafo del gen
o incluso el contenido guanina/citosina que influyen en la cantidad de
transcritos/intensidad detectada. Después realizar un analisis de
expresion diferencial utilizando la distribucion binomial negativa en el
caso de datos RNA-seq o una distribucion normal si se trabaja con
microarrays. Finalmente, se obtiene una tabla de transcritos
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diferencialmente expresados. Con esta lista, se puede realizar analisis
adicionales en funcion del objetivo del experimento, como el analisis
de enriquecimiento de rutas metabdlicas o usar algoritmos para buscar
firmas

Afortunadamente, hoy por hoy disponemos de muchos algoritmos
que pueden aplicarse a la busqueda de firmas transcriptomicas; por
citar algunos: lasso, elastic net, maquinas de soporte de vectores etc.
Cuando hay muchos transcritos en un modelo de prediccion, estos
algoritmos permiten elegir automaticamente la mejor combinacion de
transcritos para construir un modelo de prediccion 6ptimo. Eliminar
las transcritos menos relevantes ayuda a encontrar un modelo més
parsimonioso, simple y facil de entender. Cuando el rendimiento es el
mismo, los modelos mas simples siempre se deben priorizar frente a
aquellos mas complejos.

El objetivo principal es encontrar un numero reducido de
transcritos con una especificidad y sensibilidad lo suficientemente
altas como para ser utilizadas en entornos clinicos. La forma més
comUn de evaluar el rendimiento del diagndstico de la firma
transcriptomica es utilizar las curvas ROC (acronimo de Receiver
Operating Characteristic Curve) junto con valores predictivos
positivos y negativos en una cohorte test, que debe ser diferente a la
utilizada para entrenar el algoritmo, cohorte de entrenamiento.

Para que las firmas transcriptémicas sean aplicables en entornos
clinicos, se deben cumplir dos condiciones: reducir el coste de la
prueba al minimo y reducir el procesamiento de muestras y datos a
tiempos que se adapten a las necesidades clinicas de tratamiento y
monitorizacion del paciente. La forma mas facil de conseguirlo seria
usar gPCR en lugar de microarrays 0 RNA-seq junto con un software
sencillo que estimase el resultado de la prueba basandose en la
concentracion de ARNm de la firma transcriptomica.
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La principal ventaja de la secuenciacion de nueva generacion
(NGS) es que permitiria analizar simultaneamente los niveles de
expresion del huésped y la presencia de acidos nucleicos de multiples
patdégenos en una misma prueba. Pero, a pesar de que el coste y el
tiempo de procesamiento requeridos para NGS han disminuido en la
ultima década, solo unas pocas tecnologias de NGS estan totalmente
adaptadas para el diagnostico en entornos clinicos o a pie de cama.

Es importante sefialar que las firmas transcriptomicas no tienen
como objetivo reemplazar las pruebas diagndsticas basados en la
deteccion de patdgenos ni los estudios microbiol6gicos, sino que se
convertiran en una nueva fuente de informacion para el tratamiento de
los pacientes infectados. El desarrollo de firmas basadas en el huésped
seria particularmente Gtil para desentrafiar la etiologia de pacientes
febriles, o para distinguir enfermedades infecciosas de enfermedades
autoinmunes como el Kawasaki.

A pesar de las evidencias y resultados prometedores que se
pueden encontrar en la literatura, ninguna firma transcriptomica de
enfermedades infecciosas se ha transformado en una prueba de
diagnostico en el punto de atencion. En esta tesis doctoral se
demuestra la viabilidad del uso de algoritmos de aprendizaje
automatico para el descubrimiento de marcadores de huésped
bacterianos y virales, y la viabilidad para traducirlos a pruebas de
gPCR que pueden ser implementadas en muchos centros facilmente,
ya que la mayoria hospitales ya estan haciendo pruebas basadas en
gPCR para muchas condiciones diferentes. Por lo tanto, esta tesis
puede considerarse un paso hacia delante en el desarrollo de nuevas
pruebas diagnosticas basadas en firmas transcriptomicas y algoritmos
de aprendizaje automatico.

Las hipotesis de partida de esta tesis que fueron evaluadas en los
diferentes estudios fueron:
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1. Existe una predisposicion genética en humanos a la

susceptibilidad y severidad de las infecciones. O dicho de
otra forma los patégenos no infectan a quien quieren sino a
quien pueden.

. Durante las infecciones agudas, el transcriptoma del

huesped sufre cambios que son especificos del patdgeno
(“huella/firma transcriptomica”).

. EI ARN extraido de sangre periférica de pacientes con

infecciones agudas se puede utilizar para descubrir firmas
de expresion en huésped especificas para distintos
patdgenos o condiciones.

. La ancestralidad tiene un impacto en la expresion génica,

puede ser un factor de confusién, y debe tenerse en cuenta
al buscar firmas de expresion del huésped en todo el
genoma

. La ancestralidad se puede inferir de los datos de secuencia

de ARN

En concreto, los principales objetivos fijados para esta tesis fueron:

1. Desarrollar un pipeline de analisis bioinformatico aplicable

a los datos de microarrays de expresion génica y secuencias
de ARN (RNA-seq) para descubrir genes expresados
diferencialmente

. Emplear algoritmos de aprendizaje automatico para

identificar pequefios grupos de transcritos con potencial
como biomarcadores, que permitan discriminar entre
infecciones fenotipicamente similares.

. Evaluar el rendimiento de los conjuntos de biomarcadores y

validar su poder clasificatorio en cohortes independientes.
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4. Comparar el rendimiento de nuestros biomarcadores
descubiertos con otros encontrados por otros investigadores,
asi como las pruebas de diagnostico actuales empleadas en
la rutina clinica.

5. Desarrollar un pipeline de analisis bioinforméatico para
inferir polimorfismos de nucle6tido Unico (SNP) a partir de
lecturas de RNA-seq. Y a partir de estos SNPs estimar la
ancestralidad del paciente.

6. Evaluar como las variables de confusion, particularmente la
ancestralidad del paciente, pueden afectar la expresion
génica.

Durante esta tesis, nos concentramos en la identificacion de
biomarcadores para enfermedades infecciosas transcriptomicos en el
huésped, tanto en un sentido amplio (infecciones virales frente a
bacterianas) pero también investigamos patdégenos concretos el como
rotavirus, virus respiratorio sincitial (VRS), S. pneumoniae, etc.

A pesar de que tanto RNA-seq como los microarrays son dos
herramientas muy potentes para descubrir firmas de ARN, ambos
tienen problemas inherentes, como una tasa de error mas alta que la
secuencia de Sanger tradicional, problemas de estandarizacion y
reproducibilidad, etc. Por lo tanto, antes de que cualquier biomarcador
sea traducido a una prueba clinica, debe validarse utilizando
tecnologias precisas y menos propensas a falsos positivos que la
secuenciacion de nueva generacion y los microarrays como la qPCR o
Nanostring®.

El desarrollo de una prueba diagndstica a pie de cama basada en
biomarcadores transcriptomicos es un objetivo dificil de conseguir
actualmente debido a las limitaciones técnicas existentes. Sin
embargo, este objetivo podria lograrse en el futuro cercano gracias a
las nuevas tecnologias emergentes. Prueba de ello es que en el campo
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de la oncologia ya se comercializan firmas de expresion génica para
evaluar las posibilidades de recurrencia del cancer de seno.
Desafortunadamente, esta innovadora prueba de diagndstico se basa
en el andlisis de microarrays de ADNc de muestras tumorales, por lo
que solo puede ser realizada por personal de laboratorio experto en
centros con infraestructura moderna

Un buen ejemplo de estas nuevas tecnologias que permiten la
deteccidn sencilla. sensible y cualitativa de la expresion génica es el
Oxford Nanopore MinlON® podria ser una herramienta interesante
para traducir la firma de ARN del huésped del genoma completo en
una prueba de diagnostico de cabecera de rutina. Dado que MinlON®
es un secuenciador portétil, permite la adquisicion de datos en tiempo
real (no es necesario esperar a que finalice la ejecucién para comenzar
a analizar los datos) y el protocolo puede optimizarse para obtener el
resultado aproximadamente seis horas. Ademas, ya existen
dispositivos para la preparacion de librerias que permitirian realizar
las pruebas sin la necesidad de un laboratorio.

Independientemente de sus limitaciones, la presente tesis
representa un paso adelante hacia el uso de firmas transcriptomicas en
la préactica clinica. La aplicacion de los biomarcadores Omicos
encontrados en esta tesis en una prueba clinica para diagnostico o
prondstico necesita validaciones adicionales. Incluyendo el disefio de
estudios clinicos completos para evaluar escenarios, como diferentes
severidades, puntos temporales en el curso de la enfermedad
infecciosa, infecciones parasitarias, otras enfermedades inflamatorias,
etc.

Seria deseable que estos futuros estudios utilicen un enfoque
holistico y combinen analisis moleculares, inmunologicos, cultivos
celulares microbioldgicos tradicionales, enfoques metagenomicos y
firmas de genes del huésped, para asi poder integrar la informacion del
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patdgeno, la respuesta inmune / transcriptomica del huésped y los
sintomas clinicos de la enfermedad.

Esto nos permitira, por un lado, ampliar el conocimiento de la
patogenia de las infecciones, y, por otro lado, ayudara a estimar si un
patdgeno detectado en una prueba clinica es responsable de la
patogénesis observada o si es solo una colonizacion inofensiva. Cabe
destacar que las firmas de genes del huésped no estan destinadas a
reemplazar el diagndstico basado en microbiologia, sino que emergen
como una herramienta complementaria para obtener mas informacion.
El desarrollo de pruebas de diagndstico / pronostico basadas tanto en
el patdgeno como en la respuesta del huésped podria revolucionar el
tratamiento de pacientes con sospecha de sepsis, fiebre de etiologia
incierta y también ayudar a distinguir a los pacientes con un mayor
riesgo de desarrollar una enfermedad infecciosa grave o invasiva que
permita tratamiento farmacologico temprano y / o aumento de la
vigilancia del paciente.

El objetivo final deberia ser desentrafiar el papel de estos
biomarcadores y sus rutas metabdlicas asociadas ya que podrian
ayudar a desentrafiar los mecanismos criticos en la defensa del
huésped contra patégenos especificos. Lo que también ayudara a
desarrollar nuevos enfoques terapéuticos.

Aunque todavia hay numerosas adversidades que superar antes de
que las firmas de expresion génica del huésped puedan introducirse en
la rutina del diagndstico molecular. Las firmas basadas en
biomarcadores de expresion génica en sangre del huésped tienen un
gran potencial para el diagnéstico de enfermedades infecciosas, y
probablemente pronto veremos sus primeras aplicaciones clinicas.
Como la mayoria de los estudios de firmas transcriptomicas se han
basado en analizar ARN a partir de sangre periférica, es probable que
las primeras pruebas que se comercialicen utilicen este tipo de
muestra, pero seria interesante también evaluar el uso de otras
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muestras menos invasivas como saliva o0 hisopos nasofaringeos
especialmente en contextos pediatricos.

En los proximos afios, la comunidad cientifica probablemente
construird una biblioteca de firmas genéticas para todas las
condiciones y patdgenos comunes. Lo que, en paralelo con el
desarrollo de nuevas tecnologias que puedan determinar de forma
rapida y precisa la expresion génica de un pequefio numero de genes,
conduciria a un diagnostico mas rapido y a reducir el mal uso de
antibioticos. Las firmas transcriptomicas tienen el potencial de
permitir obtener un diagndstico antes de la aparicion de los primeros
sintomas de la enfermedad, el diagndstico rapido de enfermedades
infecciosas no solo mejora los resultados de los pacientes, sino que
ayuda a retrasar la transmision paciente-paciente o que sera de crucial
para la especie humana en un mundo cada vez mas globalizado como
demostro la pandemia de SARS-CoV2 de 2019.

Finalmente, enumero las principales conclusiones extraidas de la
investigacion realizada en el presente doctorado:

1. Nuestro estudio de asociacion de genoma completo
(GWAS) encontr6 dos SNPS rs201967957 (gen MEIS1) y
rs576099063 (gen TSPAN15) en el huésped asociadas con
la neumonia neumocécica. Utilizando una prueba de carga
de patogenicidad encontramos otros cuatro genes, a saber,
OR9G9, MUC6, MUC3A y APOB, que acumulan variantes
patogénicas en una proporcion mayor que los controles. Al
analizar varios repositorios de datos transcriptémicos,
confirmamos que los genes MEIS1, TSPAN15 y APOBR
(que codifica el receptor de la proteina APOB) tienen un rol
en el desarrollo de neumonia en modelos de raton vy
humanos.
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. Nuestros resultados sugieren que los transcritos de los genes
IFI44L y FAMB89A son suficientes para diferenciar las
infecciones bacterianas de las virales. La sefial de estos
genes no se ve afectada por ancestralidad de los pacientes, y
es atil para discriminar una amplia gama de patdgenos y
diferentes niveles de gravedad. Ademas, de acuerdo con
nuestro ensayo g-PCR, medir la expresion del gen IFI144L
seria suficiente para discriminar entre enfermedades virales
y bacterianas con una gran sensibilidad y especificidad.

. Demostramos que los datos de expresion del huésped
(RNA-seq o microarrays) pueden traducirse con éxito en un
ensayo de gPCR in vitro réapido, altamente preciso Yy
relativamente econémico que podria implementarse en la
rutina clinica sin un gran esfuerzo.

. Demostramos que es posible inferir la ancestralidad de los
pacientes a partir de lecturas RNA-seq, pero cabe destacar
la precision de los resultados depende de la calidad de las
lecturas durante secuenciacion.

. Este trabajo de tesis supone un toque de atencién para los
estudios de expresion génica, acerca de la importancia de
controlar y modelizar la ancestralidad de los pacientes para
evitar efectos de confusion.

. Identificamos una firma de 17 transcritos en el huésped
especifica para la infeccion por VRS comparando la huella
transcriptomica de este virus contra otros virus
respiratorios.

. Encontramos dos RNAs largos no-codificantes vinculados a
infecciones virales. Estas moléculas son biomarcadores
prometedores (ENSG00000254680 y ENSG00000273149)
por lo que patentamos su uso como biomarcadores virales.
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8. Demostramos por primera vez el potencial de los RNAs
largos no-codificantes como biomarcadores para el
diagndstico de infecciones virales humanas.

9. La vacuna contra el rotavirus induce cambios en el
transcriptoma  del  huésped  similares, pero no
completamente equivalentes, a los que causa la infeccion
natural en los nifios. Alterando los patrones de expresion de
genes asociadas con el ciclo celular, diarrea, nauseas,
vomitos, invaginacion intestinal y morfologia anormal del
intestino medio.

10.  Encontramos una firma de 9 transcritos, que identifica
con precision a los nifios que han sido vacunados de
rotavirus, lo que puede ser de gran utilidad para identificar a
los nifios no vacunados o en los que la vacunacion no haya
proporcionado una adecuada nivel de proteccion.

11. Identificamos el micro ARN hsa-mir-149 que parece
desempefiar un papel en la defensa del huésped contra los
patégenos virales y puede ser una potencial diana
terapéutica.

12.  En conjunto, los resultados de esta tesis sugieren que
cada enfermedad infecciosa esta asociada con un patron
Unico de genes que se activan o desactivan generando una
"firma o huella transcriptébmica”, que se puede utilizar para
identificar patdgenos y enfermedades.
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1. Introduction

According to the World Health Organization (WHO), infectious
diseases are still among the major causes child mortality and are
responsible for a big number of medical visits and hospitalizations all
around the globe[1, 2]. Until recently it was commonly accepted that
the most of the casualties were caused by bacterial infectious diseases,
but during the last decade, increasing evidence point towards the fact
that viral infections are also responsible for significant morbidity and
mortality in children [3].

Nowadays distinguishing between viral and bacterial infections is
still a challenge, as the bacterial culture results can take some days
and are often negative when the infection is located in unreachable
sites [4] or children have received antibiotic treatment[5]. Therefore,
most clinicians out of the fear of missing a life-threatening bacterial
infection decide to admit febrile children to the hospital and
administer antibiotics while awaiting the culture results [6].
Consequently, numerous viral infections are erroneously treated with
antibiotics, contributing to the development of antibiotic-resistant
bacteria [7]. Antibiotics have allowed humanity to live longer and
healthier, but the antibiotic over-use, in conjunction with the absence
of new generation anti-microbial drugs, is making a “post-antibiotic
era”, in which common infections and minor injuries would once
again kill, a likely scenario in the near future as stated by the WHO.

The development of PCR (Polymerase chain reaction) assays,
together with microarrays, have noticeably increased our capability of
accurate diagnosis old and emerging viral infections [8] while
allowing the interrogation of multiple viruses in a single test [9].
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Unfortunately, molecular assays have been less efficient in detecting
bacterial infections especially those caused by invasive bacteria [10].
Furthermore, PCR might not tell us who is the primary causative
agent, as it only indicates the presence of nucleic acids. But the
detected pathogen might no longer be viable and its presence may
attend to a recent but unrelated illness [11] or asymptomatic
colonization. Therefore, improving our diagnostic tools is one of the
biggest challenges in current healthcare.

Currently, the different omics approaches such as proteomics,
metabolomics, genomics, epigenomics and transcriptomics are a
powerful tool our knowledge of the relationship between the
pathogens and the host also leading to the discovery of omic
signatures [12].

Microarrays and RNA-seq allow studying the gene expression of
many samples in a short period, producing highly dimensional
datasets that require sophisticated bioinformatics pipelines and
mathematical algorithms [12, 13]. RNA-seq is rising in popularity and
is quickly substituting microarrays because it allows the discovery of
new transcripts, interpret complex alternative splicing events, study
allele-specific expression etc [12]. Furthermore, it also allows
performing meta-transcriptomic studies and sequencing RNA
molecules from distinct species that live in the same ecosystem at the
same time [14].

In this thesis we focused on the study of gene expression
signatures as the transcriptome can act as the “canary” of the genome,
as it is a bridge between the information content within our genes and
the phenotype. Whereas the genome of all the cells within the human
body is the same the transcriptome is a dynamic layer of information
that changes between cell types and the conditions of the organism.
Therefore, quantifying the amount of messenger RNA (mRNA) helps
to comprehend the cellular activity at a molecular level, then
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facilitating the analysis of the patient response to viruses, bacteria and
parasites. Thus, host transcriptomics approaches hold the potential to
shed further light into the pathogenesis of infectious diseases and may
enable new diagnosis approaches [12], Figure 1.
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Figure 1. Different pathogens trigger unique host transcriptomic responses
that can be evaluated from whole blood.

Fluorescence

Copies per reaction (Ct)

The following steps are the core of any bioinformatic pipeline for
gene expression biomarker discovery: (1) data quality control and pre-
processing, (2) biomarker selection (3) application of a prediction
model (4) evaluation of the model performance[12]. Even Though the
data pre-processing step for the RNA-seq data is far more complex
and computationally demanding than for microarray data [13], once
the expression data is normalized and pre-processed employing
machine-learning algorithms is possible to identify relevant transcripts
for prognosis and diagnosis.

As the number of molecules measured by microarrays and RNA-
seq can be huge [13], using algorithms for data mining and feature
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selection is a necessary step. Fortunately, there are many supervised
machine learning algorithms that can be used for biomarker selection
(lasso, elastic net, support vector machine, etc) and the computational
capability to address this problem [15, 16]. The main objective is to
find a reduced number of transcripts [5, 12] with high specificity and
sensibility to be used in clinical settings. The most common way to
evaluate the performance of diagnosing transcriptomic signature is to
use Receiver operating characteristic (ROC) curves, together with
positive and negative predictive values in a different cohort than the
one used to train the algorithm.

The first ones to use this revolutionary approach were Zaas and
colleagues [17] in 2009. They proposed a ground-breaking approach,
instead of focusing on the infectious agent they focused on studying
the host transcriptomic response and were first to evaluate the
potential of host gene signatures for diagnosis of infections. After
studying the blood transcriptomic profile of patients affected by three
different respiratory viruses rhinovirus, respiratory syncytial virus
(RSV) and influenza they found three transcriptomic signatures: 1)
OAS2, CXCL10, and SOCS1 for HRV, 2) FCRGR1A, GBP1, and
LAP3 for RSV, and TNFAIPL, IFI27, and SEPT4 for influenza) able
to distinguish between healthy individuals and infected patients [17].

From 2009 to present-day many research groups focused on the
study in mMRNA host response signatures for acute infections diagnosis
[5, 18-25]; Figure 2.
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Using microarrays and machine learning approaches gene expression The future steps are translating the
signatures derived from whole blood signatues into test that can be
have been reported for several pathogens such as Dengue virus, Respiratory used in clinical settings, and

syncytial virus, HIV, M. tuberculosis, P. Falciparum etc evaluate the possibility of using
less invasive samples

Figure 2. State of art of the art of transcriptomic signatures and future
steps.

Taking together these results, on the one hand, confirm the
enormous potential of host transcriptomic signatures for the diagnosis
of infectious and inflammatory diseases, and on the other hand,
support the idea that the different species of viruses and bacteria
trigger a characteristic host immune response leading to particular
gene expression patterns [10].

It deserves attention the fact that blood signatures can reach high
accuracy even for viral infections that are believed to be restricted to
the gut or the respiratory tract [7, 26], which is good news as
obtaining a blood sample is far less invasive than obtaining infected
tissue, especially in a pediatric context.

As we discussed before, transcriptomic signatures have already
proven their potential to diagnose infectious diseases, but further
research into the host response to the different pathogens would allow
broadening their scope and clinical applications. For example,
correlating symptoms of a bad prognosis with changes in host
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transcriptome would allow the design of severity signatures that might
help clinicians to determine the priority of patient's treatments based
on the severity of their condition or likelihood of recovery [27].
Which would be of particular interest when facing a pandemic such as
the one caused by the SARS-CoV-2 in 2019 [28]. For the discovery of
these severity signatures, it might be also interesting including
measurements of the immune response, and microbiology tests such as
gPCR or cultures as it will help us to have a complete picture of the
host response and its correlation with the symptoms of the disease.
Furthermore, this combined approach would be of great interest when
studying coinfections [10].

Here and now, the challenge is identifying and validating new the
diagnostic and prognostic signatures for the most common human
pathogens for which experimental design and clinical recruitment are
key pieces. The most common approach to ensure reproducibility and
validity of the biomarkers is using a training group for the algorithm
and evaluate its performance in an independent validation group [12].

Nevertheless, careful patient recruitment is essential in both the
training and discovery sets to avoid bias when the algorithm chooses
the markers. It has been described that just a few false assignments in
the discovery set might result in distorted biomarker identification
[29].

Even though rigorous patient phenotyping increases the
possibilities of training the model appropriately and find clinical
relevant markers, this is not always easy as some diseases are complex
and lack of gold standard tests as in the case of tuberculosis [20].
Furthermore, patient recruitment needs to be representative of the
population including cofounder variables that might impact the results
of study such as endemic infections (such as HIV), physical
conditions (obesity), different groups of age, gender, ancestry [30] etc.
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As these conditions might have an impact in the transcriptome and
bias the results, so they should be considered in the algorithms.

Currently, using new parsimonious approaches [31] together with
multi-cohort meta-analyses [19], scientists have been able to identify
expression signatures using minimal numbers of transcripts, a key
stepping stone [12] towards the translation of transcriptomic
signatures into clinical diagnostic tests for disease progression and/or
treatment effectiveness [32].

Gene expression signatures hold the potential to allow to obtain a
diagnosis before the appearance of disease symptoms. Quick
diagnosis of infectious diseases improves patient outcomes together
with aiding to slow patient-patient transmission [12], which would be
of crucial importance in scenarios such as the Covid-19 pandemic.

To turn gene expression signatures into a clinical test is necessary
to use a technology that allows obtaining a reliable measurement of
gene expression [12]. The good news is that the stage is already
settled, as in the research area of oncology, gene expression signatures
are being used to assess the chances of breast cancer recurrence [33].
Unfortunately, this innovative diagnostic test is based on microarray
analysis of tumor sample cDNA, thus it can only be conducted by
experts in laboratories with modern infrastructure [12].

In order to make transcriptomic signatures applicable in clinical
settings two conditions need to be fulfilled: a) reducing its cost, and b)
reduce the sample and data processing to the minimum in order to be
relevant in clinical settings.

The easiest way would be using qPCR instead of microarrays or
RNA-seq together with simple software that will just yield the
predicted result according to the mRNA concentration the transcript
signature. Unfortunately, the gPCR technique is required to be
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performed in a fully equipped laboratory by expert laboratory
technicians making it impossible to use the field.

The main advantage of NGS is that it would allow to
simultaneously target the host and multiple pathogens in the same run.
But, despite the fact that the cost and processing time required for
NGS have dropped in the last decade, only a few of NGS technologies
are suited for diagnosis in point of care settings, such as lon Torrent
Genexus System ® which allows obtaining results in a single day with
a hands-off automated workflow. Another promising tool is Oxford
Nanopore’s MinlON sequencer®, which allows for portable
sequencing opening the door to the development of bedside NGS
tests.

It must be remarked that transcriptome signatures do not aim to
replace microbe focused diagnosis approaches, they will become a
new source of information for managing the infected patients. The
development of host-based signatures would be particularly useful for
unravelling the etiology of febrile patients, or for distinguishing
infectious diseases from autoimmune conditions [10, 34].

Up till now, no transcriptional signature has been transformed
into a point-of-care test (Turner, Gupta et al. 2020). The findings
summarized in the present thesis documents prove the viability of
using machine learning algorithms for the discovery of bacterial and
viral host markers and the feasibility to translate them to a gPCR test.
This would facilitate its implementation, as most hospitals are already
doing qPCR-based tests for many different conditions. Therefore, this
thesis can be considered a stepping-stone towards the development of
more transcriptomic specific signatures, by generating more data
together mining the vast public repositories of transcriptomic data
already available following machine learning approaches.
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2. Hypothesis

This thesis has three main hypotheses that were evaluated in the
research articles:

There is a genetic predisposition in humans to susceptibility and
severity of infections. Not all individuals in close contact with
pathogens get infected and develop the disease, in general, most
patients show mild to moderate symptoms, and just a minority
develop severe disease. We suspect that the genome influences a
patient’s likelihood to suffer from different infectious diseases
including whether they become infected and how severe their outcome
will be.

During Acute infections the transcriptome undergoes gene
expression changes that are pathogen-specific. Therefore, the RNA
from whole blood of patients with acute infections can be used to
discover pathogen-specific genome-wide host expression signatures
for diagnosis and prognosis.

Ancestry has an impact on gene expression and should be taken
into account when looking for genome-wide host expression
signatures as it could act as cofounding effect like in genome-wide
association studies. We expect that variant calling from RNA—seq
data should yield enough SNPs to infer a sample ancestry without the
need of complementary experiments
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3. Objectives

The objectives put forward in the different studies were

. To develop a bioinformatic analysis pipeline applicable to gene
expression microarray data and RNA-seq to discover differentially
expressed genes

. To employ machine learning algorithms to identify the smallest
sets of biomarkers that would allow discriminating between
phenotypically similar infections.

. To assess the performance of the biomarker sets and validate their
classificatory power in independent cohorts.

. To compare the performance of our discovered biomarkers with
other found by other researchers, as well as current diagnostic tests
employed in the clinical routine.

. To develop a bioinformatic analysis pipeline applicable to gene
expression RNA-seq to infer SNPs and from them estimate the
patient's ancestry.

. Evaluate how cofounder effects, particularly the patient's ancestry,
may affect gene expression.
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4. Methods

In this section, I will broadly summarize the main steps followed
in the current thesis. For a more detailed description of the methods,
protocols, pipelines and tools please refer to the methods section of
each article in the results section (Figure 3).

Raw data FastQ

QC and filtering
Alignment
l Gene expresion
Alternative splicing
Readcount  mm) iCrORNA
1 Detecting causal
VariantCalling =) variants
Enrichment/pathway Annotationand
analysis downstream
analysis
1 Reporting
Data delivery R-markdown

Figure 3. NGS data analysis overview
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4.1 What is next-generation sequencing?

Next-generation sequencing [35], is a term that comprises a broad
range of DNA sequencing technologies developed after the Human
Genome Project (end on 2000) as an alternative method of the
classical Sanger sequencing method. NGS has fully transformed the
field of genetics. All these methods use massively parallel approaches
to generate large amounts of reads from several samples at high
throughput and coverage to increase the sequencing accuracy. The
first NGS technologies were[36]:

e Illumina sequencing: which works by detecting the nucleotides
fluorescent signal when they are added to the nucleotide chain.

e Roche 454 sequencing: which as the previous method is based
on fluorescence, but it detects the pyrophosphate release when
nucleotides are incorporated by polymerase to the nucleotide
chain.

e lon Torrent sequencing: which differs from the previous two
methods as it does not measure light, rather it measures pH
changes. lon Torrent works detecting the release of protons
produced when a nucleotide is incorporated to the DNA
strand.

Currently, many companies are offering different and new NGS
approaches such as Thermo Fisher, Illumina, Oxford Nanopore,
PacBiO, BGI etc. Thanks to these relatively new technologies
researchers can sequence DNA and RNA much faster and cheaper
compared to Sanger sequencing. For instance, nowadays is it possible
to sequence a complete human genome in just a single day using
NGS, whereas over a decade was required to deliver the final draft of
the human genome using Sanger sequencing [37]
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Therefore, in the last decades, NGS has become extremely
popular being used by researchers all over the world, generating
numerous revolutionary discoveries completely revolutionizing the
genomic field. Nevertheless, it has several intrinsic limitations such
as:

1. Cost: Even though the cost has dropped dramatically, it is still
higher than other diagnostic techniques such as cell cultures or
gPCR. Nevertheless, NGS use for molecular diagnosis in
clinical routine is becoming more widespread, especially in
hospitals and fertility clinics. Up to the point that some
companies have started to offer direct-to-consumer genetic
testing without the involvement of any health care provider.

2. NGS is complex, it requires skilled and trained personal to
both perform the laboratory protocols and analyze the data
which complicates its application in clinical settings.

3. Depending on the platform and the protocol the error rate of
NGS can be high, therefore especially in clinical scenarios,
Sanger sequencing needs to be used for confirmatory purposes
[38].

4.2 NGS platforms

Several companies are producing NGS machines with different
technologies properties, advantages and disadvantages (Table 1), but
regardless of the chosen platform. NGS consists of sequencing the
DNA (or cDNA) of as given and sample and transform the obtained
signal into a text file containing “reads”. These “reads” are text lines
that contain chunks of the targeted sequences and therefore composed
of the characters AGTC (or N when sequencer cannot detect which
nitrogenated base is present).

49



RUTH BARRAL ARCA

50

Sequencing

By Synthesis

50- 250 bp

~0,1%

1 - 6 days

15 - 1000
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throughput
platform
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hybridization

75 - 100 bp

- 0,1
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220

The two-base
encoding
provides
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Change in pH

200 bp

~1%
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equipment.
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Single-molecule

Pyrosequencing Real-Time
700 bp 3kb
~0.1% ~13%

10 - 24 hours 1 -2 hours
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Longest read
length. Fast run
times

Long reads fast run
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Table 1. NGS platforms comparison adapted from [39]
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4. METHODS

4.3 NGS data preprocessing

Regardless of the sequencing technology used to sequence the
patient’s samples, the raw data is presented as unmapped reads (FastQ
format) or mapped reads (BAM format). The first step before starting
the data analysis, it to perform quality control of the samples and
discard the quality outliers if present.

The following data preprocessing steps depend on the kind of
study; for instance, for RNA-seq it would be necessary to perform the
sequence alignment of the FastQ reads to the human reference to
quantify the gene expression and data normalization. Whereas for
genome-wide association studies the following steps would be the
variant calling to retrieve the SNPs present in the samples and dep
filter the obtained markers according to minimum allele frequency,
Hardy-Weinberg equilibrium, call rate...

4.3.1 Quality control of FASTQ files

Although there are quite a few formats for NGS raw sequences
(such as Oxford Nanopore ® FAST5), the most used and common one
is the FastQ file. Which consist of a text file that contains the
nucleotide sequence with the quality information of each nucleotide
base in addition to other technical data.

Reads are represented by four lines on a FastQ file:

e Linel: Starts with an @’ followed by the sequence identifier and an
optional description. The description contains the platform
information and coordinates within the flow cell.

e Line2: This line contains the raw sequence letters.

e Line3: It begins with a + character. It is not mandatory. It may
contain extra information.
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e Line4: Corresponds to the quality values for each nucleotide of Line
2, it is encoded with ASCII characters.

Quality score boxplot (Figure 4) displays the distribution of base
quality values as a box plot for each position in the read. The
background color (green, orange or red) specifies ranges of high,
medium and low qualities. The plot is offered only for FastQ files
(BAM files usually contain base quality information, but reads
contained in the BAM, which are aligned reads, are not necessarily a
representative subset of all the sequenced reads).

Mean Quality Scores

Phred Score

Position (bp)

Figure 4. Quality score boxplot. In this example [40], all read positions
have excellent quality (green area). It is common to observe a reduction of
quality at the 3’ end of the reads especially in long reads (>150bp), if the
quality decreases till reaching the red region it is a common practice to
truncate the 5’ and 3’ extremes of the reads.
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Example of a FastQC Script

#!/bin/bash
#SBATCH -t 24:00:00
#SBATCH -n 24
#SBATCH -p thinnodes
module load fastqc/0.11.5
cd /home/usc/ap/rba/lustre/fastaQ ## the directory of our FastaQ files
fastgc./*.g9z
Example of a MultiQC script

module load gcc/5.3.0
module load python/2.7.11
multigc --force /home/usc/ap/rba/lustre/fastaQC

The software FastQC [41] performs an automated quality
assessment, executing the most common quality control analysis.
Another useful tool is multiQC [42] which aggregates the results from
FastQC across many samples into a single report to easily visualize
problematic samples.

Usually, the quality of sequencing drops towards the 3’ end of the
reads. Therefore, it is a common practice to remove trim low-quality
3’ ends (below 20) from reads in addition to adapter removal. There
are different tools to perform these tasks such as Cutadapt [43]or the R
package QuasR [44]

4.4 Mapping NGS reads

After the FastQ files have been pre-processed, the reads have to
be aligned (or mapped) against the human reference genome. There
are different aligners freely available such as TopHat [45], Bowtie2
[46] and STAR [47]. The aligner that has been used in the present
thesis was STAR as it has been specially designed for RNA-seq data
and it has the faster running time.
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After the alignment is finished, STAR generates “.BAM” files
containing the mapping information. The “.SAM” and “.BAM” files
are the standard file formats for storing information on reads including
read quality and how and where do they align to the reference
genome. The “.BAM” files are the binary versions of “.SAM” files.
Consequently, even though “.BAM” is not human-readable it is
processed much faster and it is much less computationally demanding.
The “.SAM” file has the same information but in a plain text format.

If the option --quantMode GeneCounts is chosen, STAR counts the
number of reads per gene while mapping (note that a read is only
counted if it overlaps just a single gene). The result of this counting
process is stored in a text file per sample with the termination
“.ReadsPerGene.out.tab” file containing four columns corresponding to:

* column 1: gene ID

+ column 2: counts for unstranded RNA-seq

+ column 3: counts for the 1st read strand aligned with RNA
+ column 4: counts for the 2nd read strand aligned with RNA

Depending on the experiment that is being carried out, reads can
be mapped to:

» Genes if the study focuses on gene expression.
» Exons if the study focuses on alternative splicing.
 Other features such as miRNAs, tRNAs, piRNAs, etc.

STAR example
Generating the reference genome Index
cd /home/ruth/STAR-2.7.0f
STAR --runMode genomeGenerate --runThreadN 16

--genomeDir /home/ruth/star_rna --genomeFastaFiles
/home/ruth/star_rna/GRCh38.all.fa

--sjdbGTFfile /home/ruth/star_rna/Homo_sapiens.GRCh38.96.gtf --sjdbOverhang 99
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Example of a STAR scripts
Single End Reads

cd /home/ruth/STAR-2.7.0f/bin/Linux_x86_64
dirReads=/home/ruth/rota/hilde
for ff in “cd $dirReads; Is *.fastq.gz®

do

echo $ff

mkdir $ff

cd $ff

/home/ruth/STAR-2.7.0f/bin/Linux_x86_64/STAR --runThreadN 16 --
genomeDir /home/ruth/star_rna --readFilesIn $dirReads/$ff --
readFilesCommand zcat --runMode alignReads --quantMode GeneCounts --
outFilterType BySJout --alignSJoverhangMin 10 --alignSJDBoverhangMin 5 --
outSAMtype BAM SortedByCoordinate --outSAMattributes NH HI NM MD --
outReadsUnmapped Fastx --outBAMcompression 8 --twopassMode Basic --
outFileNamePrefix $ff

cd ..

done

Paired End Reads

cd /home/usc/ap/rba/lustre/newfiles/bams/ASIA/INDIA
dirReads=/home/ruth/files
for ffin “cd $dirReads; Is *1.fastg.gz’
do
base=${ff:0:10}
varl="_1.fastq.gz"
var2="_2.fastq.gz"
filel=$base$varl
file2=$base$var2
echo $filel
echo $file2
mkdir $hase
cd $hase
/home/ruth/STAR-2.7.0f/bin/Linux_x86_64/STAR --runThreadN 24 --
genomeDir /home/ruth/star_rna --readFilesIn $dirReads/$filel $dirReads/$file2
--runMode alignReads --quantMode GeneCounts --outFilterType BySJout --
alignSJoverhangMin 10 --alignSJDBoverhangMin 5 --outSAMtype BAM
SortedByCoordinate --outSAMattributes NH HI NM MD --outReadsUnmapped
Fastx --outBAMcompression 8 --twopassMode Basic --outFileNamePrefix $ff --
readFilesCommand zcat
cd ..
done
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4.5 Quality Control of BAM files

Occasionally, all the previous steps may be executed from the
sequencing services and they directly provide the “.BAM” files. In
this scenario or when downloading data from public repositories, it is
crucial to ensure which genome and which version was used for the
alignment, as well as the parameters employed.

Regardless of the way the “.BAM” files are obtained, there are
different procedures to carry out the quality control of the aligned
data, and to ensure that the alignment process was successful and that
they are not biases in a way that may impact downstream analyses.
The previously described tool MultiQC together with STAR provide
nice and informative reports that help in the decision-making process
especially when outliers are present.

Duplication level plots (Figure 5) computed for each sample
display the proportion of reads with different duplication levels. In a
diverse library, the majority of sequences will appear only once.
Therefore a low level of duplication implies a high level of coverage
of the sequence of interest, but a very high level of duplication would
be probably caused by technical bias e.g. PCR over-amplification
[41]. Nevertheless, due to the nature of RNA-seq data a certain level
of duplication is expected [48]. Moreover, the most common
sequences are shown. This could be useful to identify contaminations
from another organism, over sequencing issues or fragments of
adapters still attached to the reads.
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Sequence Duplication Levels

% of Library

A

w0 50
sequence Duplication Level

Figure 5. Plot of the relative level of duplication found for every sequence.
The X-axis represents the proportion of duplicated reads whereas the Y-
axis refers to the %of library.

Mapping statistics (Figure 6) displays the proportion of reads that
were [42] mappable to the reference genome. It is useful to evaluate:
a) library complexity as it shows the proportion of reads that map only
to one locus, or multiple loci, b) the alignment efficiency if a sample
has a higher percentage of unmapped reads it might need to be
removed in downstream analysis. These statistics values depend on
the library size (total number of reads in a library); therefore it is wiser
to only make the comparison between libraries of similar sizes.

Unfortunately, it is becoming uncommon to find quality plots in
the supplementary material on most biomedical omic studies. As
inferred from our recent study [48], journals should encourage authors
to include their quality plots (in the supplementary files).
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Figure 6. Mapping statistics summary

4.6 RNA-seq analysis obtaining differentially expressed

genes

4.6.1 Summary

RNA-seq is a new method to perform expression analysis via
high-throughput sequencing. It is the high-throughput sequencing
counterpart of the gene expression microarray technology [49]. RNA-
seq main advantage is that it gives a better estimation of gene
expression than microarrays because the amount of data obtained is
much higher as all of the RNA within a sample is sequenced (some
kinds of RNA species such as miRNA may need special laboratory
protocols to construct the library) rather than just those transcripts that
are complementary to the microarray proves.
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RNA-seq can be summarized in the following steps: 1)
sequencing every RNA molecule in a sample, 2) counting the number
of times each transcript has been sequenced. With current
technologies it is not possible to sequence the whole transcriptome at
once, therefore MRNA molecules are fragmented, converted to cDNA
and amplified by PCR. After this step, the cDNA fragments are
sequenced and the FastQ files are generated [13].

RNA-seq works by counting the number of reads (counts) that
map a feature of interest (gene, transcrito, exon, etc.). Consequently,
RNA-seq data are discrete and do not follow a normal distribution,
whereas microarray data are continuous and follows the normal
distribution [50].

There are two main approaches when dealing with RNA-seq data:

1- Normalize the counts transforming the data into continuous
data (using the R package limma and the function voom), and
analyze it using microarray pipelines [50]. Even though this
approach is popular especially for combining RNA-seq and
microarrays data it has some inherent drawbacks:

e Microarray normalization implies taking logarithms to
transform the data, but as some transcripts will likely have
cero counts it will raise an error. Therefore, it is mandatory
to add “pseudo counts” to the count data.

e There are other strategies for data transformation, but it is
still necessary to treat RNA-seq data with the microarray
algorithms designed to eliminate background noise and
normalize. The main issue is that it is not possible to be sure
if the assumptions made by microarray data make sense for
RNA-seq data and also is complex to figure out if data
transformation is successfully representing the original
RNA-seq.
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2- Taking this scenario into account, unless microarray and RNA-
seq data are being compared in the same study, the vast
majority of scientists prefer to analyze RNA-seq data applying
statistical distribution for count data such as the negative
binomial (Figure 7).

RNA-seq data Microarray data

Density
Frequency

0 2 3 4 5 6 7 8 i
Counts Intensity

Figure 7. Expression level: microarray data vs RNA-seq data distribution

In summary, the first step is to obtain the number of counts; then
it is necessary to normalize the data, between and within samples. The
last step would be the differential expression analysis using the
negative binomial distribution. Finally, a table of differentially
expressed transcripts is obtained. With this list, there is further
analysis that can be performed depending on the experimental
objective such as pathway enrichment analysis, or test for over-
representation [51] of microRNA-targets [52].

4.6.2 Replicates

As in all laboratory experiments, it will be common to have
biological and/or technical replicates. The number of replicates that
must be included in an RNA-seq experiment depends on two factors:
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1) the biological variability of the measurements study which depends
on the technical and the biological variability, and 2) the desired
statistical power. Currently, the rule of the thumb is that at least three
replicates should be employed for any inferential analysis [13].

Thus, for finding genes differentially expressed during a disease
biological replicates in disease and controls are needed. Nevertheless,
in some scenarios (e.g. when studying very rare diseases), this is often
impossible. Therefore a few numbers of cases and controls are
available, to raise the statistical power, the best strategy is to employ
technical replicates. Considering for each biological replicate 2-3
technical replicates. But if the number of samples is adequate
including technical replicates is not encouraged as in RNA-seq
reproducibility between technical replicates is usually high (Spearman
r?>0.9) [13].

Careful design of RNA sequencing experiments is crucial to avoid
technical biases and is as crucial as a good experimental design.
Particularly when the study includes a large number of samples that
need to be pre-processed in several batches and sequenced in different
runs. No statistician neither Dbioinformatician regardless of their
experience will be able to save a poorly designed experiment [13].

4.6.3 Normalization

The goal of normalization is to eliminate technical biases that
may occur in the data to avoid that they have a negative impact on the
final results. Normalization between samples is a necessary step
because the number of read counts is associated with several factors,
for instance:

e Sequencing depth: Is necessary to take care of the fact that the
different samples might have different sequencing depth. As if
this is not taken into account samples with higher sequence
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reads would overestimate the gene expression level (more
reads per gene will be expected in these samples) while
samples with low sequence depth will underestimate the gene
expression level (fewer reads per gene will be expected in
these samples) [13].

e Gene length and mRNA expression level: the longer the gene,
the more number of reads it will have in the library [53].

e The GC-content: Some sequencing technologies and library
preparation protocols may cause an enrichment in GC rich
sequences. The higher the GC content the higher the proportion
of genes having further coverage. Therefore the GC-content has
an important impact on gene expression measurements that is
sample-specific and may increase the risk of having false
positives in differentially expression analysis [54].

At present, there are many methods and tools for normalizing
RNA-seq data, here we will discuss some of the more popular
approaches:

Copies Per Million (CPM)

It is the easiest normalization approach; it consists of dividing the
counts per gene by library size (the number of reads in the sample). The
result is the proportion of reads mapping at each gene. It is common to
multiply the proportion per one million to have copies per million.

Reads Per Million Mapped Reads (RPKM)

It resembles the CPM approach, but it also takes into account the
gene length. Consequently, it needs a gene annotation file (gff3/gtf) to
assess the length of each gene. It is important to take into account that
only a small fraction of the genome is expressed in a given tissue or
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during a certain condition. Therefore, it is expected that when
comparing samples, the vast majority of transcripts would not be
differentially expressed. Under this assumption, to evaluate if the
normalization process has been successful, we could plot the
distribution of log-ratios between the expression levels of the two
samples log(RPKMs-samplel / RPKMs-sample2), and the resulting
distribution should be centred at 0. We should also expect that some
ratios will not be centred at 0, because they will correspond to
differentially expressed transcripts [55].

Trimmed Mean of M values (TMM)

The percentage of counts mapped to a certain gene in a library is
not only dependent on the gene expression level even though it is
affected by the expression features of the entire sample. The trimmed
mean of M-values (TMM) is a method that has been created to solve
this problem [53]. It is implemented in the EDAseq R package [56],
the tweeDEseq package [57] and it tries to correct for library size,
gene length and GC-content.

The method can be summarized as follows:

* Ygk: observed reads for gene g in library k summarized from
the raw reads

« Gk: true and unknown number transcripts,
* Lg: gene g length

« Nk: total number of reads for library k

+ Sk: total RNA output of a sample [58].
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The expected value of Ygk is:

ngkLg
Sk

G
E[Ygk] = Nk where Sk = Z ugkLg

g=1

Equation 1. TMM formula

Conditional quantile normalization (CQN)

CQN normalization approach is based on an algorithm that uses a
robust generalized regression that takes into account the library size,
the gene length, and the GC-content. It is implemented in the cgn R
package[54].

According to this approach, the number of counts (Y) given the
mean value of a given gene of a certain sample could be modelled
using the following function: Let Yi;j be the observed counts, let Xg =
(Xg;1.....Xg;p) be the covariates (GC-content, gene length, etc), let hi
be the technical variability whereas fi;j accounts for sample-dependent
systematic bias which is modelled using cubic splines mi is the
sequencing depth for each sample

Yg,i|ug’i = ~Poisson(ug, i)

p
U, = exp {hi(egi) + Z fi (%) + log(ml-)}

j=1

Equation 2. CQN formula
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Relative Log Expression normalization (RLE)

It is implemented in the DESeq2 package. The method can be
summarized as following: define Ygkr be the observed reads for gene
g € (1, ..., G)f, in condition k €)1, ..., K) for the number of replicates
r € (1, ..., R)For a more detailed explanation of the algorithm please
refer to [58, 59]

KR
RLE __ K R
Yoo = 1/ (k=1 Tr=1 Xgir)

gkr
YRLE)

RLE _ :
Trf = mediang(

Equation 3. RLE(DESeqg2) formula

The first step is to calculate the geometric mean for each gene
between all individuals. Then the counts per gene in each individual
are divided by this mean. The size factor for an individual is
calculated as the median of these ratios. This approach corrects for
library size and RNA composition bias, which may appear for
instance when only a reduced proportion of genes are very highly
expressed in one condition but not in the others.

As discussed before is necessary to have biological replicates
condition of study to accurately calculate the dispersion. If the number
of biological replicates is small is very difficult to assess group
variance reliably, therefore DESeq2 uses shrinkage estimation for
dispersions and fold changes. A dispersion value is calculated for each
gene by fitting a model. If there are no biological replicates for one of
the studied conditions, DESeq will measure the dispersion using the
samples from the other conditions as replicates [59, 60]. According to
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several studies, TMM and RLE vyield virtually the same results with
real and simulated data sets [58].

It is important to bear in mind that RNA-seq is still an evolving
field, and every year new normalization methods and tools are being
published. Here the most common ones were summarized, but new
methods are being developed that might become popular in the future.

Differential Expression

In RNA-seq the differential expression analysis aims to find genes
differentially expressed between phenotypical conditions from a
statistical point of view [59]. As explained in previous sections it is
crucial to have at least 3 biological replicates for those conditions (or
technical replicates if biological are impossible to obtain)[13]. The
differential expression analysis consists of comparing the mean value
of genes across all the studied conditions.

As explained before, the main issue when analyzing RNA-seq is
that the data do not follow a normal distribution, because it is count data
(one, two, three times, etc). At the very beginning the number of counts
mapped to gene, or feature of interest, was modelled using a Poisson
distribution [61]. Poisson distribution is useful to describe variables are
counted, but it has an important drawback: it assumes that mean and
variance are the same. Therefore, the Poisson distribution could only be
used if when analyzing count data when the mean and the variance are
the same, which usually is a too strong/limiting assumption. As it has
been described in real RNA-seq count data, several transcripts have a
variance that is much higher than the mean. Consequently, the
biological variability of RNA-seq data cannot be correctly described
using the Poisson distribution [62]. This is the reason why currently
most scientists use the Negative Binomial distribution (NB) which
assumes the count data is over-dispersed (variance > mean) to model
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RNA-seq data. The most popular algorithms designed to find
differentially expressed genes use NB distribution to model the RNA-
seq count data but they differ in the approaches used for measuring/
assessing the data overdispersion.[53, 59, 63].

Whereas Poisson distribution has only one parameter, the mean
value of the number of counts that map to a gene, NB is a two-
parameter distribution that models overdispersion. Overdispersion can
be defined as the ratio between the mean and the variance when the
variance and the mean are equal the overdispersion equals one,
consequently in this particular scenario, the negative binomial and the
Poisson would be the same [64, 65].

Enrichment/Pathway Analysis

Enrichment pathway analysis is usually the final step of any kind
of NGS data analysis. The input for this analysis is a list of features of
interest such as genes differentially expressed, genes associated with a
phenotype, most expressed genes etc. There are several analysis and
tools available (both free-to-use and private) to perform this kind of
analysis once a obtained a list of genes of interest.

Functional Annotations databases

For this purpose the Bioconductor project [66] offers annotations
packages ordered into the subsequent groups:

¢ Organism-level annotations: org.Hs.eg.db

e Microarray annotations: illuminaHumanv4.db, hgu133a.db etc.

e Gene-set annotations: GO.db, KEGG.db etc.

These annotation packages have the information stored as SQL.ite
databases [67]. This information can be accessed via SQL commands
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or using the R language as an interface that writes these statements
instead of the user. Annotation packages are updated each time the
Bioconductor software is updated every six months.

For illustrating how functional annotation using geneset databases
is performed, 1 will focus on the famous Gene Ontology Project
(http://www.geneontology.org) [68]. However, all the following step
could be done using other databases such as The Kioto Encyclopedia
of genes (KEGG)[69], Reactome[70], or Ingenuity Pathway Analysis
® (IPA)[71] etc. The analysis design would be exactly the same the
only thing would change would be the database used.

GO is a major bioinformatics project whose aims is to unify the
representation of gene and gene product attributes across all species[72].
This vocabulary is based on the called “GO terms”, which are duos
composed of a term identifier (GO ID) limma and a description:

+ G0:0050727: Regulation of inflammatory response
+ GO0:0000016: Lactase activity
+ GO0:0050755: Chemokine metabolic process

Each GO term belongs to one of the next three ontologies:
Biological Process (BP), Molecular Function (MF) and Cellular
Component (CC). Note that a certain gene product could be associated
with more than one cellular component and participate in several
biological processes. Therefore, each gene will be associated with
several GO terms.

Overview of a functional analysis

After annotating the genes of interest to the chosen database it
will be desirable to know if the genes of interest have any function in
common or belong to the same pathways, which is the same as saying
if there is an enrichment in any pathway or function.
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The main statistical analysis to evaluate the existence of
over/under-represented functions or pathways are 1)Enrichment, or
overrepresentation which is by far the most used [73]. 2) The
aggregate score also is known as GSEA-like [74]

Functional Enrichment or Over/Under-representation
analysis.

In summary, given a group of genes of interest, the easiest way to
determine if they are associated with any pathway is to apply a
hypergeometric test. Which will estimate the probability that the
proportion of genes belonging to a given function/pathway within the
genes of interest list is statistically significantly higher than the
proportion expected by chance.

In this scenario, the data will follow a discrete distribution as its
obtained from taking data from a basket without replacement which
corresponds to a binomial distribution. Though, as there is a limited
number of genes for each pathway, the data instead of following a
binomial distribution will follow a hypergeometric distribution[75].
The hypergeometric distribution is a discrete probability distribution
that describes the number of successes n draws from a finite
population without replacement, whereas the binomial distribution
describes the number of successes for n draws with replacement.

4.7 Variant Calling

The variant calling analysis is used for finding genomic variants
such as single nucleotide polymorphisms (SNPs) or Copy Number
Variations (CNVs) between the samples of our study and the reference
genome. Consequently, the first step would be to get the DNA-seq
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reads aligned to a reference genome, as described previously, using a
DNA-seq aligner such as Bowtie[46, 76].

Then use a variant caller algorithm such as Gatk [77] or Platypus
(https://github.com/andyrimmer/Platypus). The inputs of variant caller
algorithms usually are .BAM files, whereas the output will be a
variant call format (vcf) file containing the detected variants. Finally
using a reference gene database and different tools such as Annovar
[78], Oncotator [79], or Nirvana[80] we can obtain information about
the discovered variants such as which genes are associated with them.

Example of a Platypus script

cd /home/ruth/rotavirus/filtered

python /home/ruth/rota/filtered/Platypus_0.8.1/Platypus.py
callVariants

--bamFiles=listOfFiles.txt --
refFile=/home/ruth/star_rna/GRCh38.all.fa

--filterDuplicates=0 --minMapQual=0 --minFlank=0 --
maxReadLength=500

--minGoodQualBases=10 --minBaseQual=20 --nCPU=16 --
output=rota. GRCh38.vcf

4.8 Microarrays

Microarrays consist of a predefined library of synthetic nucleic
acid molecules (known as probes or oligos) that are immobilized and
spatially arranged in rows and columns on solid support[81].

Depending on the nature of the biomolecules there are different
types of microarrays being the most common the DNA and RNA
microarrays.
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DNA microarray RNA microarray
Sample: DNA RNA
Uses ¢ One sample ¢ Gene expression profiling studies
e Paired samples: e Discovery of biomarkers involved
Case/control in biological processes
e Familial studies e Detection of genes and pathways

« Genome-Wide Association | involved in diseases and
Studies (GWAS) pharmacological treatments

e Pharmacogenomics and
toxicogenomics studies

e Dose-effect studies

e Classification of samples based
on gene signatures

e Predictive models associated with

genes
What e Gained/lost genomic o Differentially Expressed Genes
information region between conditions
yield? « Molecular Karyotype e Functional ENRICHMENT for each

comparison (GO, IPA, KEGG, etc)
e Alternative splicing

e Loss of heterozygosity

e Uniparental disomies
detection

e Mosaicism
e SNP Genotyping

Table 2. Comparison of DNA vs RNA microarrays

Microarrays are a versatile technique as there are many kinds of
studies that can be performed using this technology such as mRNA
expression, miRNA, DNA copy number variation, single nucleotide
polymorphisms, Methylation, DNA-protein interaction etc. (Table 2).

A general pipeline of an RNA microarray can be summarized in
the following steps [81]:

1. Isolate and purify mRNA from samples
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2. Reverse transcription: This step consists of performing a
reverse transcription of the mRNAs to obtain complementary
DNA strand (cDNA) while incorporating a fluorescent dye
linked to a DNA nucleotide, obtaining a fluorescent labelled
cDNA strand. If Cases and controls samples are labelled with
different colour dyes the can be hybridized in the same
microarray.

3. Hybridization: Labelled cDNAs are placed on a DNA
microarray where they will hybridize to the complementary
DNA. Non-hybridized cDNAs are washed away.

4. Scanning: The hybridized fluorescent labelled cDNAs are
excited with a laser beam to produce a signal. The intensity of
the fluorescent signal correlates with the number of cDNAs
hybridized to the probes. In other words, the fluorescence
intensity correlates to the expression level in the sample. The
microarray vendor software detects, quantify and transform the
signal into proportions that can be bioinformatically analyzed.

A detailed explanation of how microarray data analysis was
conducted in the current thesis can be found in the articles method
section of the results. But in a few words: the first step is to analyze
the image of the array to see if there has been an error in the scanner.
After that, a quality control analysis is performed to check all the
parameters such as internal control probes etc. If no problems are
found, the next step is the normalization of the microarray. After this
step the analysis pipeline is different for DNA and RNA arrays:

In genomic array after the normalization step, different pipelines
can be followed depending on the feature of interest: copy number,
mosaicism, genotyping... Whereas in expression arrays after a
previous step of filtering there are other pipelines to be followed such
as differentially expression analysis, alternative splicing, enrichment
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analysis etc. Whenever possible is particularly interesting to integrate
both kinds of arrays to enhance the possibility of discovering results
with biological meaning [82].

For microarray preprocessing and analysis there are many
commercial tools and R packages, for instance, some popular R
packages are Affy[83] for preprocessing Affymetrix® arrays and
Lumi for preprocessing Illumina® microarrays [84].In the present
thesis, we used Limma [50] for the detection of differentially
expressed genes measured with microarrays between groups. Limma
iIs an R package that combines a moderated t-test statistics, an
empirical Bayes approach together with linear models [85] for
analysing data from gene expression experiments including
microarrays and RNA-seq for a detailed explanation of limma
algorithm refers to Richie et. al article [50]

The first microarray was invented in 1995 [86] but is not until the
appearance of commercial arrays together with the sequence of the
human genome that their use becomes widespread. Due to recent
developments and an exponential reduction in sequencing costs, the
use of NGS has skyrocketed. Having in mind this scenario, it may
look like microarrays are an obsolete technique but nothing could be
further from reality, as proven by the popularity of recently developed
array based technologies such as Nanostring® [87, 88]. Currently,
microarrays are cheaper than NGS, especially if the cost of analysis is
taken into account because data management and analysis are far more
complex for NGS than for microarray, up to the point that it typically
requires the use of a computational cluster. On the contrary,
microarrays data analysis can usually be performed in user-oriented
computers. Besides, the rapid and continuous evolution NGS
technologies and pipelines make many scientists feel like NGS a less
mature approach than microarrays. Even though they are a powerful
tool, microarrays have drawbacks being the main one that their design
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requires a priori knowledge of the reference genome sequence or have
a prior hypothesis about which genes to include. Furthermore like
NGS microarrays may have reproducibility issues and the results
should be validated using Sanger sequencing or qPCR[89] [35].

4.9 Variable subset selection

When there are many transcripts in a prediction model, model
selection algorithms allow to choose automatically the best
combination of transcripts for constructing an optimal prediction
model. Eliminating non-relevant transcripts helps to find a simpler and
easy to understand the model. When the performance is the same,
simpler models are always preferred over complex ones.

Furthermore, the use of variable subset selection algorithms is
crucial when dealing with omic data, as the main challenge comes
from the fact that (p) the number of variables (genes, transcripts,
proteins etc) is much larger than the number of samples (n). This
problem is called the “dimensionality course”.

It has been described that when p>>n it is relatively
straightforward to find genes that perform great on the data set used to
train the model but fail miserably when external validation is
conducted. Leading to poor prediction models. Moreover, there can be
a lot of variability in the least-squares fit, generating overfitting and
subsequently bad predictions on future observations not included in
the training data set.

The conceptually easiest strategy consists of evaluating all the
possible combination of genes and then picking the best model. This
method called best subsets regression is computationally demanding
which makes it unfeasible when dealing with many predictor
variables.
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Consequently, a better approach for omic data is the Step Wise
regression, which consists of adding and removing genes to find the
model with the best performance using a reduced set of genes. Other
suitable methods for high dimensional omic data are penalized
regression (ridge, lasso, elastic net, etc) and the principal component-
based regression methods principal component regression (PCR) and
partial least squares (PLS) [90].

4.9.1 Standard Linear Model / Ordinary Least Squares
Method

Assuming a linear model of n samples and p predictors (genes),
the equation of a simple model would like this:

Y = B0 + B1X1 + B2X2 + ...+ PpXp
Let Y be the dependent variable (phenotype)

Let B the vector of coefficient estimates for different independent
variables X.

The fitting procedure needs a loss function which is called
residual sum of squares (RSS). The coefficients of the model are
calculated in order to minimize this loss function.

RSS = zn:(Yi — Bo —zp:ﬂj xij) *
i=1 j=1

Equation 4. Residual Sum of Squares Formula

The coefficients will be adjusted using the training dataset. If
there is noise in the training data, then the estimated coefficients won’t
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generalize well to the future data. This is where regularization comes
in and shrinks or regularizes these learned estimates towards zero.

The standard linear model (equation 4) performs poorly when
dealing with high dimensional data p>>n [90].

4.9.2 Penalized Regression/Shrinkage Methods /Regulation
methods

A more suitable alternative for dealing with omic data is the
penalized regression as it allows to obtain a model that is penalized for
having too many genes in the model (the lesser number of genes the
easiest to translate a transcriptomic signature into a clinical test) by
adding a penalty in the algorithm.

This penalty reduces the values of the coefficients of the less
informative genes towards zero or equal zero. This shrinkage needs
the selection of a regulation parameter called lambda that fixes the
quantity of penalty. In the following subsections, we will summarize
the penalty regression methods employed in this thesis [90] [91].

4.9.2.1 Ridge Regression

Ridge regression reduces the regression coefficients of the less
informative genes towards zero. The reduction of the coefficients is
obtained by penalizing the regression model with the sum of the
square coefficients. The amount of penalty can be established using a
constant called lambda A. When lambda equals zero the penalty
parameter has no effect and ridge regression will behave as the least
square method. Therefore, the higher the lambda the higher the impact
of the shrinkage on the coefficients of the model.
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n p p p
D Gi=Bo= ) Bx) P+ A ) Browssid ) pE
i=1 =1 =1 =1

Equation 5. Ridge Regression Formula

The above formula corresponds to ridge regression, where the
RSS has been changed by adding the quantity of shrinkage. The
coefficients are calculated by minimizing this function. A corresponds
to the tuning parameter that chooses how much the flexibility of the
model is penalized. The increase in flexibility corresponds to the
increase of its coefficients.

The main advantage of this regression approach compared to the
previous one is that it performs reasonably well with high dimensional
omic data (p>>n). Nevertheless, it has an important disadvantage that
made this approach unfeasible for reaching our objectives, as it yields
extremely complex models as a result because it keeps all the genes in
the final model. Ridge regression reduces the coefficients towards
zero, but any of them will be zero. The lasso approach is an alternative
that avoids this problem [90].

4.9.2.2 Least Absolute Shrinkage and Selection Operator
regression (Lasso regression)

Lasso is another regression model which is based on minimizing
the function:

n p p b
D 0i=Bo= ) Brpi+ A) B =rssed ) |7l
i=1 j=1 j=1 j=1

Equation 6. Lasso Regression Formula
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It reduces the regression coefficients towards zero by penalizing
the regression model with the sum of the absolute coefficients. The
advantage of the lasso compared to the ridge regression is that the
penalty causes that genes with a minimum contribution to the model
have a coefficient equal to zero. Which means that lasso allows on the
one hand to shrink the model coefficients and on the other hand to
perform variable selection. As a consequence lasso yield as result
models simpler and easier to interpret models, that incorporate only a
fraction of the genes, than the ridge regression [90, 91].

4.9.2.3 Elastic Net:

Elastic net produces a regression model that is penalized with
both 1) sum of the square coefficients and 2) the sum of the absolute
coefficients.

n p
Brenet = argmind > i = Bo = ) (B xip)?
i=1 =1

1% 1%
+ AIZW +1, zﬁf
=1 =1

Equation 7. Elastic Net Formula

When compared to the other methods one of the advantages of the
elastic net, is that it has the capability to yield more than n non-zero
coefficients. This is particularly interesting when dealing with omic
data as it helps to avoid problems due to n>>p [90, 91].
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4.9.2.3 Parallel Regularised Regression Model Search (PREMS)

PReMS is particularly interesting methods for discovering small
biomarker signatures as it has been designed to estimate small
prediction models.

0, = [pOi | )p(Bl7.DIdB = <5, p(y; | B3)

Equation 8. Parallel Regularised Regression Model Search
(PREMS) Formula

When given a group of biomarker candidates PReMS looks
through numerous logistic regression models built from optimal
subgroups of the candidate biomarkers, iteratively increasing the
model size. Similarly, to elastic net the method estimates both the best
shrinkage coefficient parameter and well as the optimal model size.
The main advantage of PREMS over lasso and elastic net is that it
tends to select smaller models, normally without compromising much
the model performance in terms of AUC [92].
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5. Results

This thesis has been written following the article compendium
modality. Consequently, results are displayed as research articles. Six
articles are presented as the main results and constitute the essential
core of the thesis. Before each article, the quality indicators of the
publications summarized. All the articles have undergone a peer-
reviewing process and were published during the doctoral period.

The results have been divided into three broad blocks that
correspond to three crucial aspects of genome-wide RNA biomarkers
discovery:

1. Discovery of biomarkers
2. Validation of biomarkers
3. Study of confounding effects

Additionally, as complementary results other unpublished article
is included. This article has been sent to journals, but as publication
experienced a backlog due to the COVID19 outbreak, it is still
undergoing a peer-reviewing process.
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5.1 Article 1: Discovery of new biomarkers

Original title:

Whole exome sequencing identifies new host genomic susceptibility
factors in empyema caused by streptococcus pneumoniae in children:
a pilot study.

Authors:

Antonio Salas, Jacobo Pardo-Seco, Ruth Barral-Arca, Miriam
Cebey-Lo6pez, Alberto Gomez-Carballa, Irene Rivero-Calle, Sara
Pischedda, Maria-José Curras-Tuala, Jorge Amigo, José Gomez-Rial,
Federico Martinon-Torres

Identification of the article:
https://doi.org/10.3390/genes9050240
Identification of the journal:

Genes
ISSN: 2073-4425
Current Impact factor: 3.331
Quartil / Research area: Q2 / ‘Genetics & Heredity’

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the data analysis and the writing process.

5.1.1 Evidence of Quality

Genes (ISSN 2073-4425; CODEN: GENEGD9) is a peer-reviewed
open-access journal of genetics and genomics published monthly
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online by MDPI. Impact Factor: 3.331 (2018); 5-Year Impact Factor:
3.484 (2018)

Citations up to September 2019:

1. Salas, A. (2019). The natural selection that shapes our
genomes. Forensic Science International: Genetics, 39, 57-60.

2. Szyroka, J. (2019). Regulation of the ‘molecular
scissor’ ADAMI10 by tetraspanin  Tspanl5  (Doctoral
dissertation, University of Birmingham).

3. Martinon-Torres, F., Bosch, X., Rappuoli, R., Ladhani, S.,
Redondo, E., Vesikari, T.,... & Martin, C. (2019). TIPICO IX:
report of the 9th interactive infectious disease workshop on
infectious diseases and vaccines. Human vaccines &
immunotherapeutics, 1-11.

5.1.2 Article abstract including the main results

Pneumonia is the leading cause of death amongst infectious
diseases. Streptococcus pneumoniae is responsible for about 25% of
pneumonia cases worldwide, and it is a major cause of childhood
mortality.

We carried out a whole-exome sequencing (WES) study in eight
patients with complicated cases of pneumococcal pneumonia
(empyema). An initial assessment of the statistical association of WES
variation with pneumonia was carried out using data from the 1000
Genomes Project (1000G) for the Iberian Peninsula [91] as reference
controls. Pseudo-replication statistical analyses were carried out using
different European control groups. Association tests pointed to single
nucleotide polymorphism (SNP) rs201967957 (gene MEIS1;
chromosome 2; p-valueigs = 3.71 x 10—13) and rs576099063 (gene

83



RUTH BARRAL ARCA

TSPAN15; chromosome 10; p-valuegs = 2.36 x 10—8) as the best
candidate variants associated to pneumococcal pneumonia.

A burden gene test of pathogenicity signalled four genes, namely,
OR9GY9, MUC6, MUC3A and APOB, which carry significantly
increased pathogenic variation when compared to controls.

By analysing various transcriptomic data repositories, we found
strong supportive evidence for the role of MEIS1, TSPAN15 and
APOBR (encoding the receptor of the APOB protein) in pneumonia in
mouse and human models. Furthermore, the association of the
olfactory receptor gene OR9G9 has recently been related to some viral
infectious diseases, while the role of mucin genes (MUC6 and
MUC3A), encoding mucin glycoproteins, are well-known factors
related to chronic obstructive airway disease.

WES emerges as a promising technique to disentangle the
genetic basis of host genome susceptibility to infectious respiratory
diseases.
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Carballa, A., Rivero-Calle, I.,... & Martindn-Torres, F. (2018).
Whole exome sequencing identifies new host genomic
susceptibility factors in empyema caused by streptococcus
pneumoniae in children: a pilot study.

Genes, 9(5), 240.

https://www.mdpi.com/2073-4425/9/5/240
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5.2 Article 2: Discovery of new biomarkers

Original title:

RNA-Seq Data-Mining Allows the Discovery of Two Long Non-
Coding RNA Biomarkers of Viral Infection in Humans

Authors:

Barral-Arca, R., Gomez-Carballa, A., Cebey-Lopez, M., Currés-
Tuala, M. J., Pischedda, S., Viz-Lasheras, S.,... & Salas, A.

Identification of the article:
doi: 10.3390/1jms21082748.
Identification of the journal:
Int J Mol Sci
EISSN: 1422-0067,

Current Impact factor: 4.183

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the data analysis and the writing process.

5.2.1 Evidence of Quality

International Journal of Molecular Sciences (ISSN 1422-0067;
CODEN: IJMCFK; ISSN 1661-6596 for printed edition) is an
international peer-reviewed open access journal providing an advanced
forum for biochemistry, molecular and cell biology, molecular
biophysics, molecular medicine, and all aspects of molecular research
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in chemistry, and is published semi-monthly online by MDPI. Impact
Factor: 4.183 (2018)

5.2.2 Article abstract including the main results

There is a growing interest in unravelling gene expression
mechanisms leading to viral host invasion and infection progression.
Current findings reveal that long non-coding RNAs (IncRNAs) are
implicated in the regulation of the immune system by influencing gene
expression through a wide range of mechanisms. By mining whole-
transcriptome shotgun sequencing (RNA-seq) data using machine
learning approaches, we detected two IncRNAs (ENSG00000254680
and ENSG00000273149) that are downregulated in a wide range of
viral infections and different cell types, including blood mononuclear
cells, umbilical vein endothelial cells, and dermal fibroblasts. The
efficiency of these two IncRNAs was positively validated in different
viral phenotypic scenarios. These two IncRNAs showed a strong
downregulation in virus-infected patients when compared to healthy
control transcriptomes, indicating that these biomarkers are promising
targets for infection diagnosis. To the best of our knowledge, this is
the very first study using host IncRNAs biomarkers for the diagnosis
of human viral infections.
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5.2.3 European patent derived from this study

European Patent Office

Europdisches
Pliertamt 80298 MUNICH
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Office européen
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BARRAL ARCA, Ruth
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Application No /Patent No.
19382084.2 - 1118

Universidade de Santiago de Compostela, et al

Designation as inventor - communication under Rule 19(3) EPC

You have been designated as inventor in the above-mentioned European patent application. Below you
will find the data contained in the designation of inventor and further data mentioned in Rule 143(1) EPC:
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5.3 Article 3: Discovery of new biomarkers

Original title:

A Meta-Analysis of Multiple Whole Blood Gene Expression Data
Unveils a Diagnostic Host-Response Transcript Signature for
Respiratory Syncytial Virus. Int. J. Mol. Sci. 2020, 21, 1831.

Authors:
Identification of the article:
doi: 10.3390/ijms21051831
Identification of the journal:
Int J Mol Sci
EISSN: 1422-0067,

Current Impact factor: 4.183

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the study design, data analysis and the writing process.

5.3.1 Evidence of quality.

International Journal of Molecular Sciences (ISSN 1422-0067;
CODEN: IJMCFK; ISSN 1661-6596 for printed edition) is an
international peer-reviewed open access journal providing an
advanced forum for biochemistry, molecular and cell biology,
molecular biophysics, molecular medicine, and all aspects of
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molecular research in chemistry, and is published semi-monthly
online by MDPI. Impact Factor: 4.183 (2018)

5.3.2 Article abstract including the main results

Respiratory syncytial virus (RSV) is one of the major causes of
acute lower respiratory tract infection worldwide. The absence of a
commercial vaccine and the limited success of current therapeutic
strategies against RSV make further research necessary. We used a
multi-cohort analysis approach to investigate host transcriptomic
biomarkers and shed further light on the molecular mechanism
underlying RSV-host interactions. We meta-analyzed seven
transcriptome microarray studies from the public Gene Expression
Omnibus (GEO) repository containing a total of 922 samples,
including RSV, healthy controls, coronaviruses, enteroviruses,
influenzas, rhinoviruses, and coinfections, from both adult and
paediatric patients.

We identified > 1500 genes differentially expressed when
comparing the transcriptomes of RSV-infected patients against
healthy controls. Functional enrichment analysis showed several
pathways significantly altered, including immunologic response
mediated by RSV infection, pattern recognition receptors, cell cycle,
and olfactory signaling. Besides, we identified a minimal 17-transcript
host signature specific for RSV infection by comparing transcriptomic
profiles against other respiratory viruses. These multi-genic signatures
might help to investigate future drug targets against RSV infection.
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Respiratory Syncytial Virus.
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5.4 Article 4: Validation of biomarkers

Original title:

A 2-transcript host cell signature distinguishes viral from bacterial
diarrhea and it is influenced by the severity of symptoms

Authors:

R. Barral-Arca, J. Pardo-Seco, F. Martinén-Torres & A. Salas
Identification of the article:
https://doi.org/10.1038/s41598-018-26239-1
Identification of the journal:

Scientific Reports
ISSN: 2045-2322
Current Impact factor: 4.011

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the study design, data analysis and the writing process.

5.4.1 Evidence of quality.

Scientific Reports is an open-access journal publishing original

research from across all areas of the natural and clinical sciences.

Scientific Reports is the 11th most-cited journal in the world, with
more than 300,000 citations in 2018, and receives widespread
attention in policy documents and the media. Scientific Reports is led
by the same ethical and editorial policy guidelines as other Nature
Research journals to ensure that all the research we publish is
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scientifically robust, original, and of the highest quality. Journal
metrics 2018: 2-year impact factor: 4.011,5-year impact factor: 4.525

5.4.2 Article abstract including the main results

Recently, a biomarker signature consisting of 2-transcript host
RNAs was proposed for discriminating bacterial from viral infections
in febrile children. We evaluated the performance of this signature in a
different disease scenario, namely a cohort of Mexican children
(n=174) suffering from acute diarrhoea of different infectious
etiologies.

We first examined the admixed background of the patients,
indicating that most of them have a predominantly Native American
genetic ancestry with a variable amount of European background
(ranging from 0% to 57%).

The results confirm that the RNA test can discriminate between
viral and bacterial causes of infection (t-test; P-value =6.94x10—-11;
AUC =80%; sensitivity: 68% [95% CI: 55%—79%]; specificity: 84%
[95% CI: 78%-90%]), but the strength of the signal differs
substantially depending on the causal pathogen, with the stronger
signal being that of Shigella (P-value=3.14 x10-12; AUC=289;
sensitivity: 70% [95% CI: 57%—83%]; specificity: 100% [95% CI:
100%—-100%]). The accuracy of this test improves significantly when
excluding mild cases (P-value =2.13 x 10—6; AUC = 85%; sensitivity:
79% [95% CI: 58%—-95%]; specificity: 78% [95% CI: 65%—88%)]).

The results broaden the scope of previous studies by
incorporating different pathogens, variable levels of disease severity,

and different ancestral background of patients, and add confirmatory
support to the clinical utility of these 2-transcript biomarkers.
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5.5 Article 5: Validation of biomarkers

Original title:

A gPCR expression assay of IFI44L gene differentiates viral from
bacterial infections in febrile children

Authors:

Alberto Gomez-Carballa, Miriam Cebey-Lopez, Jacobo Pardo-Seco,
Ruth Barral-Arca, Irene Rivero-Calle, Sara Pischedda, Maria José
Curras-Tuala, José Gomez-Rial, Francisco Barros, Federico Martinon-
Torres & Antonio Salas

Identification of the article:
doi.org/10.1038/s41598-019-48162-9
Identification of the journal:
Scientific Reports
ISSN: 2045-2322

Current Impact factor: 4.011

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the data analysis

5.5.1 Evidence of quality.

Scientific Reports is an open-access journal publishing original
research from across all areas of the natural and clinical sciences.
Scientific Reports is the 11th most-cited journal in the world, with
more than 300,000 citations in 2018, and receives widespread
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attention in policy documents and the media. Scientific Reports is led
by the same ethical and editorial policy guidelines as other Nature
Research journals to ensure that all the research we publish is
scientifically robust, original, and of the highest quality. Journal
metrics 2018: 2-year impact factor: 4.011,5-year impact factor: 4.525

5.5.2 Article abstract including the main results

The diagnosis of bacterial infections in hospital settings is currently
performed using bacterial culture from a sterile site, but they are lengthy
and limited. Transcriptomic biomarkers are becoming promising tools for
diagnosis with potential applicability in clinical settings. We evaluated an
RT-qPCR assay for a 2-transcript host expression signature (FAMS89A
and [FI44L genes) inferred from microarray data that allow
differentiating between viral and bacterial infection in febrile children.
This assay was able to discriminate viral from bacterial infections (P-
value=1.04 x 10—4; AUC=92.2%; sensitivity = 90.9%;
specificity = 85.7%) and showed very high reproducibility regardless of
the reference gene(s) used to normalize the data. Unexpectedly, the
monogenic /FI44L expression signature yielded better results than those
obtained from the 2-transcript test (P-value =3.59 x 10—5; AUC =94.1%;
sensitivity = 90.9%; specificity = 92.8%).

We validated this [FI44L signature in previously published
microarray and whole-transcriptome data from patients affected by
different types of viral and bacterial infections, confirming that this
gene alone differentiates between both groups, thus saving time,
effort, and costs. Herein, we demonstrate that host expression
microarray data can be successfully translated into a fast, highly
accurate and relatively inexpensive in vitro assay that could be
implemented in the clinical routine.
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5.6 Article 6: Studying Confounding effects

Original title:
Ancestry patterns inferred from massive RNA-seq data
Authors:

Barral-Arca, R., Pardo-Seco, J., Bello, X., Martinon-Torres, F., &
Salas, A

Identification of the article:
doi: 10.1261/rna.070052.118
Identification of the journal:
RNA
ISSN: 1469-9001

Current Impact factor: 3.63

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the study design, data analysis and the writing process.

5.6.1 Evidence of quality

The journal RNA established in 1995 serves as an international
forum for publishing original reports on RNA research in the broadest
sense. RNA is a monthly journal which provides rapid publication of
significant original research in all areas of RNA structure and function
in eukaryotic, prokaryotic, and viral systems. It covers a broad range
of subjects in RNA research
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5.6.2 Article abstract including the main results

There is a growing body of evidence suggesting that patterns of
gene expression vary within and between human populations.
However, the impact of this variation in human diseases has been
poorly explored, in part owing to the lack of a standardized protocol to
estimate biogeographical ancestry from gene expression studies.

Here we examine several studies that provide new solid evidence
indicating that the ancestral background of individuals impacts gene
expression patterns. Next, we test a procedure to infer genetic ancestry
from RNA-seq data in 25 data sets where information on ethnicity was
reported. Genome data of reference continental populations retrieved
from The 1000 Genomes Project were used for comparisons.
Remarkably, only eight out of 25 data sets passed FastQC default
filters. We demonstrate that, for these eight population sets, the
ancestral background of donors could be inferred very efficiently,
even in data sets including samples with complex patterns of
admixture (e.g., American-admixed populations). For most of the gene
expression data sets of suboptimal quality, ancestral inference yielded
odd patterns.

The present study thus brings a cautionary note for gene
expression studies highlighting the importance to control for the
potential confounding effect of ancestral genetic background.
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6. Complementary results
(non-published articles):
Article 7 Discovery of new biomarkers

Original title:

Host transcriptomic response following administration of rotavirus 2
vaccine in infants’ mimics wild type infection

Authors:

Barral-Arca R., Gdmez-Carballa A., Cebey-Ldopez M., Curras-Tuala
MJ., Pischedda S., Gémez-Rial J., Habgood-Coote D., Herberg J.,
Kaforou M., Martinon-Torres F., Salas A.

Doctoral student contributions

In relation to the present article, the doctoral student took part in
the study design, data analysis and the writing process.

Abstract

Background. Rotavirus (RV) is an enteric pathogen that has a
devastating impact on childhood morbidity and mortality worldwide.
The immunologic mechanism underlying the protection achieved after
RV vaccination is not yet fully understood. We compared the
transcriptome of children affected by community-acquired RV
infection, and children immunized with a live attenuated RV vaccine
(RotaTeg®). RV vaccination mimics the wild type infection-causing
similar changes in children's transcriptome, including transcripts
associated with cell cycle, diarrhoea, nausea, vomiting,
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intussusception, and abnormal morphology of midgut. A machine
learning approach allowed to detect a combination of 9-transcripts that
differentiates vaccinated from convalescent-naturally infected children
(AUC: 0.9; 95%CI: 0.7-1) and distinguishes between acute-infected
and healthy control children (in both cases, AUC: 1; 95%ClI: 1-1).

We identified a miRNA hsa-mir-149 that seems to play a role in
the host defense against viral pathogens and may have an antiviral
role. Our findings might shed further light in the understanding of RV
infection, its functional link to intussusception causes, as well as guide
development of antiviral treatments and safer and more effective
vaccines. The 9-transcript signature may constitute a marker of
vaccine protection and helps to differentiate vaccinated from naturally
infected or susceptible children.
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Abstract
Background. Rotavirus (RV) is a enteric pathogen that has devastating impact on
childhood morbidity and mortality worldwide. The immunologic mechanism underlaying

the protection achieved after RV vaccination is not yet fully understood.

Methods. We compared the transcriptome of children affected by community-acquired
RV infection, and children immunized with a live attenuated RV vaccine (RotaTeq®).
Results. RV vaccination mimics the wild type infection causing similar changes in
children's transcriptome, including transcripts associated with cell cycle, diarrhea,
nausea, vomiting, intussusception, and abnormal morphology of midgut. A machine
learning approach allowed to detect a combination of 9-transcripts that differentiates
vaccinated from convalescent-naturally infected children (AUC: 0.9; 95%CI: 0.7—1), and
distinguishes between acute-infected and healthy control children (in both cases, AUC:
1; 95%ClI: 1-1). We identified a miRNA hsa-mir-149 that seems to play a role in the host
defense against viral pathogens and may have an antiviral role.

Discussion. Our findings might shed further light in the understanding of RV infection, its
functional link to intussusception causes, as well as guide development of antiviral
treatments and safer and more effective vaccines. The 9-transcript signature may
constitute a marker of vaccine protection and helps to differentiate vaccinated from
naturally infected or susceptible children.

Keywords: biomarkers, RNA-seq, transcriptomics, vaccination, miRNA, rotavirus,

machine learning, intussusception, midgut morphology
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Background

Infectious acute gastroenteritis is one of the major causes of hospitalization in children,
with rotavirus (RV) being the most frequent etiologic agent in severe disease [1]. RV is
also one of the leading causes of infant death in developing countries; it was estimated
that RV was responsible for the death of more than 600.000 children per year worldwide
before the introduction of vaccines, and 128.000 after the introduction of vaccines in
children younger than five years [2; 3; 4]. As there are no antiviral therapies available,
the treatment of RV infection is based on avoiding dehydration and replacing the
electrolyte losses of affected children. The development and introduction of RV vaccines
has resulted in significant fewer cases of severe gastroenteritis in those countries where
RV vaccination is included in the routine schedule [5; 6].

Two different vaccines are licensed in Europe for the immunization against RV:
(a) the live attenuated pentavalent human-bovine reassorted vaccine RotaTeg® (RVS5,
Merck and Co, Inc, Pennsylvania, USA), and (b) the live attenuated human vaccine
Rotarix™ (RV1, GSK Biologicals, Rixensart, Belgium) [7]. RV5 is composed of a
combination of five human/bovine reassorted RV that replicate poorly in the gut [3]. RV1
is made from a single human live attenuated strain, that replicates easily in the intestine
[3; 7]. Both vaccines confer protection and have shown real-life effectiveness and
impact, however the exact immunologic mechanism conferring protection against RV
gastroenteritis is not fully understood [8]. The development of future RV vaccines or the
improvement of current formulations is limited by our incomplete knowledge of the
mechanisms responsible for RV pathogenesis and the host susceptibility [9]. Possible

heterologous effects of RV vaccination are also the focus of attention (see [10; 11; 12]
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and references therein). It has been recently reported that RV infection is able to
provoke global changes in the transcriptome of infected cells to evade the innate host
response; likewise, the host develops mechanisms to avoid viral invasion, including a
strong inhibition of glycophorin genes [13].

Despite the importance of these interactions and the burden that RV means to
human health, only a few human blood gene expression studies have been published to
date [13; 14]; none of them have investigated how vaccines influence the blood
transcriptome. There is therefore a lack of knowledge on how RV interacts with the host
[13] and the mechanism that underlies the acquired immunity after RV vaccination.

To the best of our knowledge, this is the first transcriptomic investigation of RV
vaccine response in whole blood, and we present a comparison of vaccinated infants

versus wild type RV infected children, and age-matched healthy controls.

Methods

Samples and ethical approval

The Spanish cohort of 32 western-European children, prospectively collected between
2013-2014 at the Hospital Clinico Universitario of Santiago de Compostela (Galicia;
Western Spain) (Figure 1A) comprised: (i) 6 healthy age-matched controls (with all the
vaccines of the Spanish immunization schedule up to date but no rotavirus vaccine), (i)
14 RVS5 vaccinated infants, i.e., all the regular vaccines up to date plus three RV5 doses
(RV5V group), and (i) 6 RV infected children required medical attention due to
moderate or severe symptomatology (RVinf group) at two different time-points, namely,

acute (during medical attendance) and convalescent phases (40+10 days after clinical
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recovery) (Table S$1). A blood sample was obtained from these children using a
PAXgene RNA tube (PreAnalytiX GmbH). Ages ranged from nearly 2 to 34 months
(male/female ratio = 0.77). The mean time elapsed from hospital admission to blood
collection in infected children was three days; whereas, in RV vaccinated children the
blood sample was taken prior to vaccination and one month after the last RV5 dose.
There were no remarkable clinical features in the individuals recruited. A subset of these
controls and infected children were previously analyzed in [13].

All researchers were specifically trained in the study protocol for patient recruitment,
sampling processing, and storage. The study was conducted following the principles of
Good Clinical Practice and of the Declaration of Helsinki. Written informed consent was
obtained from a parent or legal guardian for each subject before study inclusion. The
project was approved by the Ethical Committee of Clinical Investigation of Galicia (CEIC

ref. 2012/301).

Quality control of total RNA, libraries preparation and RNA-seq

We followed the same quality standards described before [13]. Briefly, Bioanalyzer 2100
and Qubit 2.0 were employed to evaluate the quality and the quantity of the collected
RNA. We used GLOBINclearTM-Human Blood Globin Reduction Kit (Life Technologies;
CA, USA) to eliminate globin mRNA and obtain a clearer signal from mRNAs from
leukocytes. Poly(A)+* mRNA fraction was isolated from total RNA, and cDNA libraries
were obtained following lllumina’s recommendations. Equimolar pooling of the libraries
was performed before clusters generation using cbot from lllumina. An lllumina HiSeq
2000 sequencer was used to sequence the pool of cDNA libraries using paired-end

sequencing (100x2).
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RNA-seq bioinformatic analysis

We first performed quality control of the raw data using FastQC [15]. Next, we used
MultiQC [16] to ensure that no biases exist in the data which may affect the downstream
analysis. Afterward, the whole transcriptome paired-end reads were mapped against the
human genome provided by Ensembl v. GRCh37_r87/release 87 using the aligner
STAR (https://github.com/alexdobin/STAR). We used STAR to count the number of
reads that map to each gene. Using R v3.4.3 (http:/www.r-project.org), we computed
Reads Per Million Mapped reads or RPKM [17] and TMM [18] implemented in the
edgeR package [19], and Conditional Quantile Normalization or CQN [20] and Deseq2
[21] using the library tweeDEseq package [22]. We finally chose the Deseq2 package as
this package was also used to perform the downstream analysis.

The samples were analyzed for their ancestral background in Barral-Arca et al. [23]
indicating their main European ancestry, then matching self-reported ethnicity.

We used the Negative Binomial distribution [18] implemented in the DESeq package
together with the Surrogate Variable Analysis (SVA) method implemented in the sva R
package to estimate differential expressed genes (DEG) and reduce batch effects. A
generalized linear model was fitted in each cohort, and a t-statistic was calculated for
each gene. P-values were corrected for multiple testing using the Benjamini-Hochberg
false discovery rate (FDR) approach.

Table S2 also contains the information regarding the genes differentially expressed

between vaccinated and infected children.
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Statistical analysis

We used Principal Component Analysis (PCA) to visualize the global transcriptome
patterns of RNA-seq data and to identify outliers. PCA was carried out using the library
DESeq R package.

We investigated the differentially expressed genes (DEG) for over-representation of
common functions and/or pathways, using a hypergeometric test that calculates the
probability that the proportion of genes within a given function/pathway might be found
by chance within our selection of genes. We used two different public databases: (/) the
Gene Ontology Project (GO; [24]), and (i) the Kyoto Encyclopedia of Genes and
Genomes or KEGG [25]. Ingenuity Pathway Analysis (IPA;
https://www.giagenbioinformatics.com/) tool was used to estimate the most significantly
altered pathways and generate networks of biomarkers.

Among the DEG between RV5V and controls, we focused on those reported to be
associated with intussusception according to the Disgenet database ([26]), namely:
STK11, PTEN and ARID1B. We also investigated the APC gene as it was also reported
to be associated to intussusception in the literature [27].

The R package CORNA [28] was used to test for significant associations between
the genes differentially expressed in vaccinated children and microRNAs.

The Heatmaps of the genes associated with nausea, vomiting, and diarrhea
according to Ingenuity® and the genes associated with hsa-mir-149 according to
CORNA, were generated using hierarchical clustering and the R package ggplot2.

We used the Fisher enrichment test to detect enrichment in immunity-related genes

within those DEG when comparing vaccinated-controls vs. wild type controls. The list of
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immunity-related genes considered were those included in the nCounter® Immunology
Panel (Human V2; https://www.nanostring.com).

We used a linear discriminant analysis to identify a transcript signature that
distinguishes unvaccinated children from vaccinated children using Parallel Regularized
Regression Model Search or PReMS [29]. The ability of the predicted model to
discriminate vaccinated children was assessed by computing the Area Under the Curve
(AUC), and the sensitivity, and the specificity at the optimal cutpoint according to the
Youden index was calculated with the R package Optimal Cutpoints [30]. PReMS was
initially built splitting the whole dataset into a training set (80% of the samples) and a
test set (20% of the samples taken at random).

The performance of the proposed signatures was evaluated using Receiver
Operating Characteristic (ROC) curves that represent the true positive rate (TPR)
against the FPR at different threshold cutpoints. ROC curves were built in R using the
package pROC [31].

The proportions of different cell types in peripheral blood may differ naturally, and in
consequence, mMRNA measurements can vary as well [32]. We used the Cell-type
COmputational Differential Estimation (CellCODE) [33] method implemented in the R
package of the same name, which assigns expression alterations to their cell type of
origin with high accuracy, to analyze if there were any difference between the cell-type

proportions in the blood of our three groups under study.

Results

RNA-seq results
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To study the changes experienced in the transcriptome of RV5V and RVinf we
performed large-scale expression screening using RNA-seq. A PCA of the whole
transcriptome identified one outlier among the acutely infected children, which was
eliminated from the followed-up analysis. After eliminating this outlier, the first principal
component of the PCA (PC1; accounting for most of the variation, 73%; Figure 1B),
shows two main clusters separating healthy controls from vaccinated children plus
infected children, suggesting that both RV wild type and the vaccine attenuated virus
modify the global transcriptome in a similar manner.

We obtained 9,503 DEG in the vaccinated versus controls comparison, and 8,958 in
the infected children (RVinf acute phase and RVinf convalescent phase) versus controls
(Table S2, Figure 1C). It is interesting to note that more than half (~52%; Figure 1C) of
the DEG of vaccinated children against healthy controls overlap with those differentially
expressed in infected children against healthy controls (Figure 1C).

Three out of four genes related to intussusception (ARID1B, APC, PTEN, and
STK11) according to Disgenet were significantly differentially expressed between RV5V
and controls (Figure 2). The three genes were up-regulated in the RV5V group: ARID1B
(logFC: 0.76; P-value 2.1 x 107""), PTEN (logFC: 0.84; P-value = 3.7 x 10°®), and APC

(logFC: 1.32; P-value = 7.7 x 10°").

Pathway analysis

Analysis of differential regulation using IPA showed that many of the DEG in vaccinated
versus healthy children were associated with gastrointestinal disease, inflammatory
disease, organ injury and abnormalities (P-value = 3.3 x 10 Table S3; Figure 3),

including fecal incontinence (P-value = 3.1 x 10°%; Figure 3B), diarrhea (P-value = 1.7 x

10
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102 Figure 3C), and nausea and vomiting (P-value = 2.7 x 10% Figure 3D).
Furthermore, IPA also identified a statistically significant overexpression of pathways
and genes associated to the humoral immunity component of the adaptive immune
system which is responsible for secreting antibodies (Figure 4). This result is consistent
with the Fisher analysis showing that there is an enrichment in genes associated with
the immune system in both comparisons RV5V vs. controls (P-value [Fisher exact test] =
5.5 x 10", OR = 2.12) and RVinf vs. controls (P-value [Fisher exact test] = 8.1 x 1075
OR = 2.20).

In addition, IPA also identified (Figure $1) the pathway “abnormal morphology of
midgut” (nine genes involved) as significantly enriched in RV5V versus controls (P-value
= 2.0 x 107%); the heatmap of Figure S1 shows the differential expression of these
genes.

Enrichment of humoral immunity component of the adaptive immune system is also
present when comparing RVinf against controls (Figure 4).

Overall, the results suggest that the activation of the immune system produced by
the vaccine is comparable to the one caused by the wild type infection.

GO analysis indicates the overexpression of biomarkers associated with
gastrointestinal injury and abnormalities (Table S4), including bacterial invasion of the
epithelium (hsa05100, hsa05120) and a noticeable down-expression of genes
associated to cell-to-cell adhesion: GO:0007155, GO:0022610, GO:0016337, hsa04540,

hsa04530, hsa04520.

11
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Furthermore, the pathway analysis results yielded by KEGG (Table $5) and GO
ontology (Table S§4) showed an enrichment of genes related to the regulation of cell

cycle (hsa04110, GO:0051726, GO:0007049).

Cell Deconvolution

Cell deconvolution analysis indicates a statistically significant increase of B and T
lymphocytes in vaccinated children compared to controls (CD4T: P-value = 8.4 x 10'5;
CD8T: P-value = 2.0 x 10°%; B cells: P-value = 5.0 x 10%; Figure $2), in agreement with
the IPA results. (Table S3;).

The results also indicate that the relative proportion of innate and adaptive immune
cells of the infected against the vaccinated children is statistically significant in several
cell types (Figure S$2); in particular when comparing convalescent-infected children

against vaccinated.

MiRNA enrichment analysis

The association test for over-representation of microRNA-target between vaccinated
children and controls yielded one remarkable result: of a total of 9,503 DEG, there were
a total of 216 genes (Figure 5) differentially expressed between these two groups that
are targets of the microRNA hsa-mir-149 (P-value = 3.7 x 10'2; expectation = 173;

observations = 216).
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A O-transcript RNA signature to differentiate vaccinated versus

unvaccinated

We used the PReMS algorithm [29] to create a signature able to distinguish between
vaccinated and unvaccinated children (including healthy controls, RV acute and
convalescent children). The algorithm found a 9-transcripts signature (Table 1) that
allows to accurately separate these three classes (Figure 6). ROC curves indicate that
our model classified correctly all the observations as the AUC was 100% for the training
set and >90% for the test set (Figure 6). Convalescent children vs. vaccinated are the
two classes that are more difficult to differentiate using this signature.

At the optimal cutpoint, and according to the Youden statistic (-1.9967), the
sensitivity was 1; whereas the specificity was 0.97 with an AUC of 0.98 (0.94-1 IC) when

comparing vaccinated against unvaccinated children in the whole dataset.

Discussion

RV vaccination causes global long-lasting changes in the transcriptome of peripheral
blood cells, affecting the expression of more than 9,000 genes. Although the vast
majority of children do not experience any adverse effects after vaccination [34], we
found altered expression of biomarkers associated with vomit, diarrhea, fecal
incontinence and nausea. This suggests that the vaccine actually mimics a mild version
of the disease.

Due to the reported association of intussusception and earlier RV vaccines in the
past (risk of 1.5 [95%CI: 0.2-3.2] with the first dose according to Yih et al. [35]), large

safety studies were conducted on the current vaccines RV5 and RV1 before they were
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approved. Nevertheless, the link between RV and intussusception remains unclear, up
to the point that several studies have not found an increase in intussusception cases
after administration of RotaTeq [36]. There is now a general agreement in the medical
community indicating that the benefits of RV vaccination substantially surpass the low
risk of intussusception that might be associated with vaccination [37]. We found that
several DEG between RV5V, and control children have been reported to be associated
with intussusception (Figure 2) and abnormal morphology of midgut (Figure $1); e.g.
gene APC, that is up-regulated in RV5V and RVinf, has been described to play a role in
the development of a jejunal adenoma causing intussusception [27]. This gene
expression pattern may contribute to explain the reported increase of intussusception
risk in vaccinated children. These genes could be targeted for the development of future
safer vaccines and specifically analyzed in those children experiencing intussusception
after vaccination.

Children vaccinated against RV over-expressed cell cycle related genes, this
mechanism is used by many other viruses to facilitate their replication [38]. Transcription
of these genes may be a consequence of the increase of B2 lymphocytes observed in
RVSV children (Figure S2; Table S$3). As RV5 is a live-attenuated vaccine whose viral
particles replicate in the gut, these results are in good agreement with our previous
findings indicating that the host cell cycle is affected by RV infection [13; 39].

Previous studies suggested that antibody-based responses are necessary for acute
control of RV infection, and for immunological memory [40]. We found that vaccinated
children have a significant increase in B cell proportion in peripheral blood (IPA analysis
[Table S3]: P-value = 2.7 x 10 cell deconvolution analysis [Figure $2]: P-value = 5.0 x

10%). This signal persists for a month after the last dose of the vaccine (the time the
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sample was taken in vaccinated children), in concordance with the role of B cells in long
term protection against RV reinfections. Several studies claim that both B cells and
CD8+-T cells play an important role in long term protection against RV reinfection [40;
41; 42]. Consistently, our results also indicate that vaccinated children have higher
levels of T cells (Figure S2B and S2C) compared to the healthy controls. Furthermore,
vaccinated children express biomarkers associated with the differentiation of pre-T
lymphocytes CEBPA, MYH11, RAG2 and T cell receptor signaling (hsa04660) (Table
83 and S85). Also interesting is the fact that in general the innate and adaptive response
of convalescent infected children seem to be more remarkable that the response
provoked by the vaccine (see B-cells and natural killer in Figure $2); this can be due to
(/) the stronger impact on the immune system of the wild infection compared to the
vaccine, and/or (ii) the fact that the sampling time point for convalescent is about 3.7
months while for vaccinated children is roughly 5.2 months. In this time period, we
cannot discard the possibility of new infections among convalescents. It is expected
however that such reinfections would modify the transcriptome in the same direction as
the transcriptome of acute infected children; actually, this might be the case of one of
the convalescent child in the PCA plot (see yellow dot within the cluster of infected
children; Figure 1B).

Response to RV vaccination is also characterized by an over-expression of genes
associated with gastrointestinal disease and inflammation (Table $3). RV5, like the RV,
has a Iytic cycle that burst epithelial cells to liberate the viral particles. Therefore, the
presence of those biomarkers in vaccinated children possibly reflects that the intestinal
barrier is being compromised due to the attenuated RV virus replication. This hypothesis

is also supported by the fact that several pathways associated to cell-cell adhesion (e.g.
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G0:0007155, GO:0016337, hsa04530, hsa04520, hsa04540) are significantly down-
regulated in the vaccinated cohort (Table S4 and S5).

Bioinformatic miRNA target enrichment analysis showed that the expression levels
of >200 genes differentially expressed between RV5V and healthy controls (Figure 5)
can be explained by the regulatory effects of the miRNA hsa-mir-149. Hsa-mir-149 is
known to target the HIV gene Vpr [43], and also RV genes [44]. Most recently, it has
been described that hsa-mir-149 is able to significantly reduce polio replication within
host cells [45]. Further investigation of the relationship between RV and host mirna hsa-
mir-149 may elucidate mechanisms of RV pathogenesis.

While RV5 is an oral vaccine containing reassorted RV strains that replicates poorly
in the gut, we were able to see its effects in the blood transcriptome. This fact
strengthens the hypothesis that RV causes a systematic infection, rather than one
limited to the intestine [46; 47].

The PReMS method yielded a 9-transcript signature that distinguished vaccinated
and unvaccinated children with an accuracy ~90%. Although the signature shows a
good performance in the training and test sets, it would be necessary to validate this
signature in an external cohort of vaccinated children. A signature that identifies children
who have mounted a successful vaccine response might be of particular interest to
detect vaccine failures, to prevent severe RV reinfections, to perform epidemiological
control, and to evaluate immune response in the development of new RV vaccines.
While the number of transcripts might be too large for a ready to use qPCR assay [48],
other technologies would allow to easily test a 9-transcript panel that could be used for

epidemiological surveillance or vaccine research purposes.
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A limitation of the present study is the limited number of subjects analyzed, even
though the sample size lies within the standard range of transcriptome functional studies
[49]. We analyzed the transcriptome of peripheral blood samples, away from the
principal target of infection on the intestinal epithelium, and it would be of particular
interest to compare the impact of RV vaccination on these different tissues.

To conclude, the response to RV vaccination is characterized by the over-
expression of genes associated with gastrointestinal disease, inflammation, activation of
the immune system and gene over-expression of the cell cycle. Although the alterations
of the transcriptome caused by RV vaccination strongly resemble the ones caused by
community-acquired disease, there are DEG that allow accurate discrimination of
vaccinated and acute/convalescent infected children. Further research on these
differences may help to unravel the molecular mechanisms of immune protection
against RV, heterologous effects of the vaccine [50], and key features that allow the
development of safer and more effective vaccines and novel antiviral drugs. Finally, we
describe a 9-transcript signature/panel able to distinguish vaccinated children from

unvaccinated, which may aid in the detection of vaccination failures.
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Legend to the figures

Figure 1. (A) Scheme of sampling and project design; (B) PCA constructed with the top
500 most highly expressed genes; (C) Venn plot of the genes differentially expressed
when comparing healthy controls vs. vaccinated children and healthy controls vs. acute
and convalescent infected (community-acquired) children, corrected by age and gender.
Figure 2. Heatmap of genes associated to intussusception.

Figure 3. (A) Network of biomarkers associated to fecal incontinence, diarrhea, nausea,
and vomiting within the genes differentially expressed between vaccinated and healthy
controls according to IPA; (B) Heatmap of the genes associated to fecal incontinence
within the genes differentially expressed between vaccinated and healthy controls
according to IPA; (C) Heatmap of the genes associated to diarrhea within the genes
differentially expressed between vaccinated and healthy controls according to IPA; and
(D) Heatmap of the genes associated to nausea and vomit within the genes differentially
expressed between vaccinated and healthy controls according to IPA.

Figure 4. Heatmap of genes associated to humoral immunity.

Figure 5. Heatmap of the genes regulated by the miRNA hsa-mir-149 within the genes
differentially expressed between vaccinated and healthy controls.

Figure 6. Classification performance to distinguish RV5V from control children based on

a 9-transcript model.

25

205



RUTH BARRAL ARCA

548 Table 1. Genes included in the 9-transcript signature. Genes with positive logistic

549 regression coefficient values are upregulated in vaccinated children relative to

550 unvaccinated, whereas genes with negative values are downregulated. LR: logistic

551 regression.

552

553
Ensembl ID Gene name |Gene LR coefficient|
ENSG00000118113 |MMP8 Matrix metalloproteinase-8 -7.31x10%
ENSG00000128512 [DOCK4 Dedicator of cytokinesis 4 5.80x10%
ENSG00000131142 (CCL25 C-C motif chemokine ligand 25 -5.54x10™
ENSG00000172738 [TMEM217 |Transmembrane protein 217 -9.37x10™%
ENSG00000175894 [TSPEAR  (Thrombospondin type laminin G domain and EAR repeat 2.41x10%
ENSG00000196565 (HBG2 Hemoglobin subunit gamma 2 -6.18x10™
ENSG00000197768 |STPG3 Sperm-tail PG-rich repeat containing 3 -2.41x10™
ENSG00000198435 [NRARP Notch-regulated ankryrin repeat protein -1.63x10™"
ENSG00000255423 (EBLN2 Endogenous Bornavirus like nucleoprotein 2 2.24x10™
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Supplementary Data

Figure S1. Heatmap of genes associated to abnormal morphology of the midgut.

Figure $2. Box and whiskers plots of the proportion of blood cells according to cell
deconvolution analysis. (A) Dendritic cells, (B) CD4T lymphocytes, (C) CD8T
lymphocytes, (D) plasma cells, (E) monocytes, (F) natural killer cells, (G) B lymphocytes,
and (H) neutrophils. For clarity, statistically significant values are only given for
comparisons between all conditions (acute and convalescent infected and healthy
controls) against vaccinated children. Table $1. Detailed sample information.

Table S2. Differentially expressed genes between controls and vaccinated/RV infected
according to Deseq?2 corrected by age and gender.

Table S83. Ingenuity canonical pathway analysis of the differentially expressed genes
between controls and vaccinated children. The top diseases and functions are indicated
as well as a detailed list of pathways specifically related to gastrointestinal and
immunological diseases.

Table S4. KEGG pathway enrichment analysis of the differentially expressed genes
between controls and vaccinated children.

Table S5. GO pathway enrichment analysis of the differentially expressed genes

between controls and vaccinated children.
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Figure 6.
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Figure S2.
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7. Conclusions

During this thesis, | focused on the identification of
transcriptomic host biomarkers for infectious diseases in a broad sense
viral vs bacterial infections but also particular diseases such as
rotavirus, respiratory syncytial virus, S. pneumoniae etc.. Here 1 list
the main conclusions extracted from the research conducted in the
present PhD:

1.

Our whole Exome association study pointed to the SNPs
rs201967957 (gene MEIS1) and rs576099063 (gene
TSPAN15) as host variants associated with pneumococcal
pneumonia. A burden gene test of pathogenicity signaled four
other genes, namely, OR9G9, MUC6, MUC3A and APOB,
which carry significantly increased pathogenic variation
when compared to controls. By analyzing various
transcriptomic data repositories, we found strong supportive
evidence for the role of MEIS1, TSPAN15 and APOBR
(encoding the receptor of the APOB protein) in pneumonia in
mouse and human models.

Our results suggest that the two transcripts IFI44L and
FAMB9A, provide a strong signal to differentiate bacterial
from viral infections, a non-population dependent signal, and
useful for discriminating a wide range of pathogens and
different levels of severity. Furthermore, according to our g-
PCR assay measuring the expression of the gene IFI44L
would be enough to discriminate between viral and bacterial
diseases.
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216

10.

We demonstrate that host expression data (RNA-seq or
microarray) can be successfully translated into a fast, highly
accurate and relatively inexpensive in vitro gPCR assay that
could be implemented in the clinical routine.

We proved that is possible to infer genetic ancestry
information from RNA-seq data, but the accuracy of the
results depends on the quality of the sequencing reads.

This thesis brings a cautionary note for gene expression
studies highlighting the importance to control for the
potential confounding effect of ancestral genetic background.

We identified a minimal 17-transcript host signature specific
for RSV infection by comparing transcriptomic profiles
against other respiratory viruses.

We found 2-IncRNAs that arise as promising targets for
infection diagnosis and therapy (ENSG00000254680 and
ENSG00000273149) and patented their use as viral
biomarkers.

To the best of our knowledge, this is the very first thesis to
use host IncRNAs biomarkers for the diagnosis of human
viral infections.

Rotavirus vaccination mimics the wild type infection-causing
similar, but not completely equivalent changes in children's
transcriptome, including transcripts associated with cell
cycle, diarrhea, nausea, vomiting, intussusception, and
abnormal morphology of midgut

We found a 9-transcript signature, that accurately identifies
vaccinated against convalescent-infected children and against
acute-infected and healthy control children, which may be
helpful to identify unvaccinated or RV susceptible children in
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which the vaccination may have not provided an adequate
level of protection.

11. We identified a miRNA hsa-mir-149 that seems to play a role
in the host defense against viral pathogens and may have an
antiviral role

Taken together these results suggest that each infectious disease is
associated with a unique pattern of genes that turn on or off by
forming a "molecular signature,” which can be used to quickly
identify each disease.
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8. Discussion

Regardless of its limitations, the present thesis represents a step
forward towards the use of host gene signature in clinical practice.
The translation of the omic biomarkers found in this thesis into a
clinical test for diagnosis, prognosis or risk assessment needs
additional validation. And this validation would require the designing
of thoughtful clinical studies in order to evaluate scenarios. For
instance, different severities, time points in the course of the infectious
disease, parasitic infections, other inflammatory diseases etc.

It would be desirable that these future studies combine molecular,
immunological analysis, traditional microbiologic cell cultures,
metagenomic approaches, and omic host gene signatures. As using a
holistic approach to integrate the pathogen information, the host
immune/transcriptional response, and the clinical symptoms of the
disease will allow us on the one hand to expand the infectious
pathogenesis knowledge. And on the other hand, will help to estimate
if a pathogen detected in a clinical test is responsible for the observed
pathogenesis or if it is just harmless colonization.

It has to be remarked that host gene signatures are not intended to
replace microbiology based diagnosis, instead, they emerge as a
complementary tool to obtain further information. The development of
diagnostic/prognosis tests based on both the pathogen and the host
response could potentially revolutionize the management of patients
with suspected sepsis, fever of uncertain aetiology and also help to
distinguish patients with a higher risk of developing a severe or
invasive infectious disease enabling earlier drug treatment and/or
increasing patient surveillance.
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The final goal should be unravelling the role of these biomarkers
and their associated pathways under the hypothesis that they might help
to discover the critical mechanisms in host defence against specific
pathogens. Which will also help develop new therapeutic approaches.

Even though there are still numerous adversities to overcome
before host gene expression signatures can be introduced into
molecular diagnosis routine. Signatures based on host gene expression
biomarkers have a great potential for diagnosis of infectious diseases,
and probably in the following years, we will see skyrocket their use in
clinical diagnostic tests.

In the next years, the scientific community will likely build a genetic
signature library that covers all common conditions. Which in parallel
with developing new technologies that will be able to quickly and
accurately determine gene expression of a small number of genes would
lead to quicker diagnosis and avoid unnecessary antibiotic treatments.

Even though RNA-seq and microarrays are the most powerful
screening approaches for the discovery of host RNA signatures of
infectious diseases, both have inherent problems such as a higher error
rate than traditional Sanger sequencing, standardization and
reproducibility issues etc. Therefore, before any biomarker is
translated into a clinical test, it needs to be validated using
technologies more precise and less prone to false positives than NGS
and microarrays like gPCR. Consequently, a reasonable next step in
the future would be to validate via g°PCR or Nanostring ® the host
biomarkers discovered in this thesis.

gPCR is currently the “gold standard” in gene expression studies.
Many studies have proven that qPCR is a valid method to validate
microarrays and RNA-seq findings. Furthermore, qPCR based assays
are already widely used in hospitals because it is a technique with high
accuracy, relatively cheap and fast. It has been described that there is a
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8. DISCUSSION

strong correlation between microarray and PCR results.
Nevertheless, it must be taken into account that this association can be
deeply affected by methodological and analytical factors. Therefore
establishing a detailed laboratory gPCR protocol, that includes a
careful selection of housekeeping genes for each specific condition,
and ensuring good laboratory practices is crucial to successfully
convert a host transcriptional signature into a gPCR assay to be used
in diagnostics laboratory routine[7]

And last but not least, even though the development os bedside
test based on transcriptomic biomarkers would be hoped-for at present
is a goal extremely difficult to achieve technical limitations.
Nonetheless, this objective might be achieved in the near future thanks
to new emergent technologies that allow sensitive and qualitative
detection of gene expression. For instance, the Oxford Nanopore
MinlON® could be an interesting tool to translate genome-wide host
RNA signature into a routine bedside diagnosis test. Since MinlON®
is a portable sequencer, allows real-time data acquisition (there is no
need to wait for the run to end to start analysing the data) and the
protocol can be optimized to yield the result roughly six hours[93].
Furthermore, Oxford Nanopore offers devices for library preparation
that would allow running the test without the need for a laboratory.
Another interesting approach is the NanoString nCounter® system to
measure multiple mRNA transcripts at the same time. Even if
extremely reproducible and powerful, this approach requires
expensive equipment and sophisticated bioinformatic data analysis,
which makes unsuitable for its use in point of care routine
diagnosis[12]

It is likely that in the next years see the application of the first
host gene expression diagnosis tests for in infectious diseases in
clinical settings and, more importantly, an improvement in the
diagnosis of infectious diseases.
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