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RES�MEN 
 
El obDetivo de este trabaDo es la evaluación y optimiTación del anWlisis bioinformWtico de los 
datos generados por secuenciación masiva (*#S) aplicada al diagnóstico de enfermedades raras 
(EE..).  

Las enfermedades raras (aKuellas con un ratio de incidencia inferior a 1 de cada 2.000 
personas), suponen, en su conDunto, un problema de primera magnitud para los sistemas 
sanitarios de todo el mundo, puesto Kue su prevalencia combinada es similar a la de algunas 
enfermedades mWs comunes como la diabetes (se estima Kue 1 de cada 7 personas desarrollarWn 
una enfermedad rara a lo largo de su vida). El BecBo de Kue el espectro fenot\pico de estas 
enfermedades sea enormemente amplio, sumado a Kue los cuadros cl\nicos (en el caso por 
eDemplo de las enfermedades con afectación neurológica) son altamente solapantes, Bace Kue 
su diagnóstico sea especialmente complicado y se retrase en el tiempo durante a]os. Esto 
conlleva mucBo sufrimiento para pacientes y familias, una sobrecarga del sistema de salud y la 
incapacidad de proporcionar un diagnóstico genético adecuado en tiempo y forma. Cuando no 
eRist\a la tecnolog\a *#S, el anWlisis genético era el último paso en el proceso diagnóstico de 
este tipo de enfermedades.  urante este proceso, Kue Babitualmente duraba a]os, se somet\a al 
paciente a numerosas pruebas funcionales, bioKu\micas, de imagen, anatomo-patológicas, etc. 
En base a los s\ntomas cl\nicos y los BallaTgos en estas pruebas se interrogaban uno o varios 
genes consecutivamente sin alcanTar, en la mayor parte de los casos, un diagnostico etiológico 
definitivo.  

La aparición de la *#S con su enorme potencia tiene la capacidad de modificar los 
protocolos diagnósticos. Esta Berramienta permite el anWlisis simultWneo de miles de genes, 
incluso de todo el genoma, en un corto per\odo de tiempo, y a un precio raTonable, convirtiendo 
as\ al anWlisis genético en un test apto para ser considerado prueba de primera l\nea en el estudio 
de las enfermedades sospecBosas de tener una base genética. Sin embargo, esta potencia tiene 
una contrapartida: la ingente cantidad de datos generados por la *#S supone un importante 
reto a la Bora de filtrar y analiTar los resultados. Este proceso, Dunto con la falta de personal 
entrenado y preparado para abordar estos compleDos problemas, constituye en la actualidad el 
cuello de botella a la Bora de aplicar estas nuevas tecnolog\as al campo de la cl\nica. 

En la *#S, el genoma es fragmentado de manera aleatoria en peKue]os troTos Kue son 
amplificados y secuenciados (le\dos) en paralelo por las plataformas de secuenciación. Esto da 
lugar a millones de lecturas Kue tienen Kue ser posteriormente alineadas contra el genoma de 
referencia (alineamiento). �demWs de ser capaces de procesar esta inmensa cantidad de datos 
de manera óptima, los programas de alineamiento deben enfrentarse a dos grandes retos: (1) las 
posibles diferencias entre la secuencia le\da en el paciente y la región del genoma de referencia 
(diferencias Kue pueden ser producidas por la propia variabilidad interindividual o por la 
eRistencia de variantes poblacionales, o incluso por los errores intr\nsecos propios de cada 
plataforma), y (2) la presencia de secuencias repetitivas a lo largo del genoma. Estas regiones 
repetitivas (Kue suponen cerca de la mitad del � * Bumano) pueden producir ambigbedad en 
el alineamiento, Baciendo Kue los programas no puedan identificar con claridad el origen de la 
lectura. �s\, los alineadores tienen Kue conseguir un eKuilibrio entre ser lo suficientemente 
permisivos como para poder alinear lecturas con peKue]as variaciones respecto del genoma de 
referencia, y lo suficientemente estrictos como para poder asignar un\vocamente cada lectura a 
su posición original.  
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1na veT las lecturas se encuentran alineadas, se procede a la detección de variantes, es 
decir, identificar las diferencias Kue eRisten entre el genoma del paciente secuenciado y el 
genoma de referencia. En este trabaDo, las agrupamos en tres grandes grupos, según su efecto 
sobre el genoma y la forma de detectarlas: (1) las variantes puntuales (S*2s por sus siglas en 
inglés single nucleotide variants) y las peKue]as deleciones e inserciones (I* ELs), (2) las 
variantes en el número de copias (C*2s copy number variants), y (3) las variantes de 
reordenamiento (inversiones, translocaciones, y grandes inserciones de novo). 

ERisten tres grandes aproRimaciones actualmente basadas en la tecnolog\a *#S: los 
llamados kpaneles génicosl, en los Kue se secuencian en paralelo las Tonas codificantes 
(eRones) de una lista de genes (generalmente agrupados en función del fenotipo con el Kue estén 
relacionados)� la secuenciación del eRoma completo (3ES), en el Kue se secuencian todas las 
regiones codificantes conocidas presentes en el genoma Bumano� y, por último, la secuenciación 
del genoma completo (3#S). � pesar de Kue el anWlisis 3#S es mucBo mWs completo (permite 
identificar variantes no detectables con las otras dos aproRimaciones, como las variantes de 
reordenamiento o las variantes Kue no se encuentran en regiones codificantes), y los resultados 
obtenidos son generalmente mWs Bomogéneos (la distribución de las lecturas es mucBo mWs 
uniforme), las dos primeras técnicas, englobadas baDo el término de secuenciación dirigida, son 
las mWs Babituales en la prWctica cl\nica, dado Kue suponen un menor coste Kue la 3#S, y los 
datos obtenidos son mucBo mWs maneDables y fWciles de interpretar.  ado Kue el obDetivo del 
presente estudio es la aplicación de la *#S al diagnóstico de EE.., nos Bemos centrado en el 
anWlisis de datos procedentes de secuenciación dirigida. Las variantes detectables mediante 
secuenciación dirigida son las S*2s e I* ELs, y los C*2s situados en regiones codificantes 
(aKuellos Kue contienen 1 o mWs eRones de un gen o varios genes).  

Las S*2s son las variantes mWs sencillas de detectar (se trata simplemente de la 
substitución de un nucleótido por otro), y eRisten numerosas Berramientas para su 
identificación. Por su parte, la detección de I* ELs es mWs compleDa, dado Kue su presencia 
supone una dificultad a]adida para los programas de alineamiento (faltan o sobran nucleótidos 
de la secuencia de referencia). Sin embargo, el mayor reto Kue suponen ambos tipos de variantes 
es determinar su posible implicación con la enfermedad. Este proceso se conoce comúnmente 
como prioriTación de variantes y consiste en identificar, de toda la larga lista de variantes 
detectadas en el genoma de un paciente, las Kue mWs probablemente puedan estar implicadas en 
el fenotipo cl\nico a estudio. El primer paso en la prioriTación de variantes es filtrar las variantes 
comunes (con una frecuencia en bases de datos públicas superior al 1�, o incluso al 0,5�), 
puesto Kue esas frecuencias son incompatibles con la incidencia de las EE... El siguiente paso 
es evaluar el impacto Kue pueden llegar a tener según el tipo de variante (missense, nonsense, 
splicing, frameshift, etc.) y la posición genómica en la Kue se encuentran. Para ello eRisten 
numerosas Berramientas bioinformWticas Kue permiten la evaluación in silico de su impacto 
funcional. Estas pautas son una prWctica común en el anWlisis de datos *#S, pero un paso 
imprescindible y no tan común en la prioriTación de variantes es la evaluación de la tolerancia 
de cada gen a las variantes missense (la tolerancia mutacional). *uestra eRperiencia a lo largo 
de estos a]os en la aplicación de la *#S al diagnóstico de EE.. es Kue algunos genes admiten 
una o incluso varias variantes missense raras sin Kue ello de lugar a ningún tipo de patolog\a, 
mientras Kue en otros la presencia de una única variante puede ser catastrófica y determina un 
fenotipo cl\nico enormemente grave. Esto Kuiere decir Kue la selección purificadora negativa 
es mucBo mWs fuerte para unos genes Kue para otros. 1na forma de valorar la sensibilidad de 
cada gen a la variación es observando su número de variantes missense poblacionales frente a 
la suma de variantes totales (sinónimas � missense) de dicBo gen. El ratio missense / 
missense�sinónimas nos da una idea de lo conservado Kue debe estar ese gen para Kue sea 
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funcional y de la selección negativa a la Kue estW sometido. Cuando el ratio es muy alto implica 
Kue no eRiste una gran fuerTa conservadora actuando para Kue la secuencia aminoac\dica de la 
prote\na permaneTca inalterable. Cuanto mWs baDo es el ratio indica Kue la fuerTa Kue actúa para 
conservar la secuencia original es mWs fuerte en ese gen, e implica Kue cualKuier cambio puede 
afectar seriamente a la funcionalidad de la prote\na codificada. Para evaluar dicBa tolerancia 
mutacional, Bemos aplicado el método propuesto por PetrovsEi y colaboradores (PetrovsEi et 
al. 2013) a las variantes comunes de �5� muestras de individuos con ascendencia europea 
eRtra\das del Proyecto 1000 #enomas presentes en 1.�70 genes relacionados con EE.. 
neurológicas y metabólicas. Para cada gen, Bemos obtenido un T-score definido como el residuo 
estudentiTado obtenido a partir de la regresión del número total de variantes missense comunes 
(con frecuencia �0.5�) contra el número total de variantes missense y sinónimas comunes 
presentes en cada gen. 1n T-score en torno a cero indica Kue el gen tiene el número esperado 
de variantes missense dado su tasa mutacional. Los genes con un T-score negativo son aKuellos 
Kue tienen menos variantes missense de las esperadas, es decir, son genes muy conservados en 
los Kue la evolución elimina cualKuier variante porKue afecta a la funcionalidad de la prote\na 
codificada por el gen, y por lo tanto menos tolerantes a la presencia de estas variantes. Por su 
parte, los valores positivos de T-score pertenecen a los genes mWs tolerantes a las variaciones 
missense, es decir, a los menos conservados. �s\, este parWmetro permite identificar los genes 
en los Kue la presencia de variantes missense tienen una mayor probabilidad de resultar 
deletéreas. Sin embargo, la probabilidad de detectar variantes raras missense en un gen también 
depende de su tama]o, dado Kue a mayor número de bases nucleot\dicas de un fragmento mayor 
es la probabilidad de Kue se produTca una mutación de manera aleatoria. Por lo tanto, ademWs 
del parWmetro de tolerancia mutacional, también es importante estimar la probabilidad de 
detección de variantes raras en el gen utiliTando muestras control. Para ello, utiliTando las 
mismas muestras Kue para el cWlculo del T-score, calculamos la probabilidad de detectar una 
(en el caso de genes con Berencia dominante o ligados al cromosoma 4) o dos (en el caso de 
genes con Berencia recesiva) variantes raras en cada gen según una distribución de Poisson de 
parWmetro l igual a la frecuencia de una/dos variantes raras (�0.5�) en dicBo gen. �s\, vemos 
Kue, en genes bien conservados, la probabilidad de contener variantes raras puede encontrarse 
en el mismo rango Kue en genes poco conservados debido al gran tama]o de dicBos genes. Por 
lo tanto, es fundamental tener en cuenta estos dos parWmetros a la Bora de prioriTar variantes. 

La conservación espec\fica del nucleótido donde se produce el cambio también es de vital 
importancia, dado Kue, si una variante missense con un alto impacto funcional teórico se 
encuentra situada en una región muy poco conservada dentro del gen, es muy posible Kue dicBa 
variante no sea patogénica. $ay programas espec\ficos para determinar la conservación de un 
nucleótido a lo largo de la evolución (#E.P, SIF0i). +tro aspecto crucial es tener en cuenta 
la arKuitectura mutacional del gen en el Kue se encuentran las variantes. Para algunos genes la 
presencia de incluso varias variantes missense no supone un problema, ya Kue solamente las 
variantes de truncamiento pueden afectar a la funcionalidad del mismo, como por eDemplo en 
el caso del gen !!� o de  #���. En otros casos, sin embargo, las variantes de truncamiento 
son menos deletéreas Kue las missense� por eDemplo, en el gen ����� las variantes de 
truncamiento dan lugar a fenotipos mucBo menos severos Kue las variantes missense. ERisten 
genes (como  �!��� o ����) en los Kue la posición relativa de la variante dentro del gen, as\ 
como el tipo de variante (truncamiento vs missense), pueden dar lugar a fenotipos diferentes.  

1na veT evaluadas todas estas caracter\sticas, y prioriTadas las variantes mWs 
probablemente relacionadas con el fenotipo del paciente, el último paso en el estudio de 
enfermedades de Berencia dominante o ligada al 4 es determinar si las variantes son de novo. 
 ado Kue estas variantes no Ban estado suDetas a selección negativa, son las mWs probablemente 
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patogénicas. Por supuesto, en el caso de enfermedades recesivas es imprescindible si 
encontramos dos variantes determinar Kue estWn en cromosomas opuestos. Por ello, el estudio 
familiar de las variantes prioriTadas en los pacientes es esencial para una correcta interpretación 
de los resultados de un anWlisis *#S. 

Los C*2s son variantes Kue Ban sido implicadas en multitud de EE.. y en las 
enfermedades del neurodesarrollo en particular (epilepsia, autismo, esKuiTofrenia, discapacidad 
intelectual, ...). Sin embargo, este tipo de variantes Ban sido (y continúan siendo) infra-
detectadas, especialmente las de menor tama]o, debido a Kue en el pasado la secuenciación 
clWsica era insensible a ellas y las tecnolog\as utiliTadas para su detección a gran escala (la 
Bibridación genómica comparativa o ��� array, y los arrays de S*Ps) únicamente permit\an 
identificar C*2s de un tama]o superior a 30Eb. �s\, los C*2s de entre 1-30Eb, Kue parecen 
estar asociados a numerosas patolog\as y enfermedades, Ban sido infra-detectados de forma 
sistemWtica a menos Kue se buscasen espec\ficamente en un gen concreto con metodolog\as 
como el MLP� o PC. en tiempo real.   

La aparición de la *#S traDo consigo la capacidad de detectar C*2s de menor tama]o, 
pero no eRist\an Berramientas bioinformWticas adecuadas para su detección, y su uso reKuer\a 
de eRpertos en bioinformWtica Kue no estWn presentes en mucBos centros de diagnóstico 
molecular.  

Los métodos para la detección de C*2s a partir de datos *#S var\an según se estén 
analiTando datos de secuenciación dirigida o del genoma completo. Mientras para la detección 
de C*2s en 3#S eRisten múltiples Berramientas, el número de ellas desarrolladas para 
secuenciación dirigida es mucBo menor (aunKue Ba aumentado considerablemente en los 
últimos a]os). La mayor parte de estas Berramientas se basan en la comparación de los patrones 
de profundidad de cobertura entre la muestra a estudiar y un conDunto de muestras control. La 
principal diferencia entre los distintos métodos radica en la modeliTación estad\stica en la Kue 
se basan (modelos ocultos de MarEov, de Poisson, binomial negativa, etc.), y en el proceso de 
filtrado Kue aplican para reducir el número de falsos positivos. Cuando nos planteamos elegir 
una de estas Berramientas para la gestión de nuestros datos nos encontramos con Kue el mayor 
BWndicap para poder evaluar dicBas Berramientas era conseguir el suficiente número de muestras 
para utiliTar como controles positivos de C*2s. Por ello, nos planteamos crear una amplia base 
de datos de muestras generadas artificialmente con C*2s de diferente tama]o y en diferentes 
posiciones. � la Bora de elegir los programas para la simulación de datos artificiales, tuvimos 
en cuenta varias cosas. En primer lugar, la mayor parte de las Berramientas de simulación 
eRistentes fueron creadas para imitar datos de 3#S, y no son vWlidas para generar datos 
artificiales Kue simulen datos de secuenciación dirigida. +tro aspecto importante es Kue, en 
general, estas Berramientas se dividen entre las Kue generan lecturas artificiales y las Kue 
permiten introducir variantes en dicBas lecturas. �demWs, como los principales problemas 
asociados a la detección de estas variantes son los sesgos generados por el contenido #C, la 
presencia de secuencias repetitivas, el tipo de secuenciador utiliTado, etc., es importante elegir 
un simulador de datos *#S Kue pueda reproducir esta variabilidad. 0eniendo en cuenta estas 
limitaciones, concluimos Kue la aproRimación óptima era utiliTar 3essim (S. 'im, &eong, and 
�afna 2013) para la generación de lecturas simuladas Kue imiten las generadas en secuenciación 
dirigida, y .S2Sim (�artenBagen and  ugas 2013) para la introducción de C*2s en dicBas 
lecturas. Con la combinación de ambas Berramientas generamos 320 muestras simuladas con 
C*2s introducidos artificialmente (ademWs de 20 muestras sin C*2s para ser utiliTadas como 
controles negativos), a dos profundidades medias de cobertura diferentes (504 y 3004). 
IntroduDimos duplicaciones y deleciones (tanto en Beterocigosis como en Bomocigosis) de 
diferentes tama]os y en diferentes combinaciones. Con esta amplia base de datos *#S generada 
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artificialmente, comparamos el rendimiento de 12 programas desarrollados para trabaDar con 
datos de secuenciación dirigida: ERomeC*2 (SatBirapongsasuti et al. 2011), ERomeCopy 
(Love et al. 2011), C+*0.� (&. Li et al. 2012), ERome eptB (Plagnol et al. 2012), C+*IFE. 
('rumm et al. 2012), C�*+ES (�acEenrotB et al. 2014), C+ E4 (&iang et al. 2015), 
CL�MMS (PacEer et al. 201�), Co*2a I*# (&oBansson et al. 201�),  ECo* (FoQler et al. 
201�), C*2Eit (0alevicB et al. 201�), y SeKC*2 (CBen et al. 2017).  e los resultados 
obtenidos, sacamos las siguientes conclusiones: la primera fue Kue todas las Berramientas 
mostraban un meDor rendimiento con mayores profundidades de cobertura media, lo Kue era de 
esperar, dado Kue una menor cobertura media implica un mayor número de Tonas con poca 
profundidad de cobertura en las Kue la pérdida o ganancia de cobertura producida por deleciones 
o duplicaciones es similar a la variación generada por el ruido de fondo. La segunda conclusión 
fue Kue, en general, las deleciones son mWs sencillas de detectar Kue las duplicaciones, lo Kue 
también era de esperar de forma intuitiva, dado Kue la diferencia de coberturas es mWs sutil en 
las duplicaciones Kue en las deleciones. +tra conclusión fue Kue los C*2s Kue contienen un 
mayor número de eRones son, en general, mWs fWciles de detectar Kue los de tama]o mWs 
reducido. Esto también era esperable, dado Kue cuanto mayor sea un C*2 mWs dif\cil es Kue la 
diferencia en la profundidad de cobertura se pueda confundir con ruido de fondo. Encontramos 
Kue las Berramientas Kue meDores resultados obtuvieron fueron  ECo*, ERome eptB, 
ERomeC*2, C�*+ES y Co*2a I*#. Sin embargo, dado Kue ninguna de ellas consiguió un 
100� de sensibilidad, Kuisimos identificar cuWl ser\a la combinación óptima para conseguir 
eliminar los falsos negativos. *uestra aproRimación fue la de clasificar una región como C*2 
si al menos tres Berramientas diferentes la categoriTaban como tal. Los resultados obtenidos 
fueron bastante decepcionantes: para conseguir detectar todos los C*2s de las muestras 
simuladas, fue necesario combinar los resultados de al menos � Berramientas diferentes, lo Kue 
supone un incremento considerable del tiempo y del coste computacional del anWlisis. Cabe 
resaltar Kue las muestras artificiales no pueden reproducir al 100� la compleDidad de las 
muestras reales, por lo Kue estos resultados no son directamente eRtrapolables al anWlisis real� 
para lo Kue sirven es para identificar las tendencias generales (Kué Berramientas detectan meDor 
Kué tipo de C*2, cuWles tienen menor número de falsos positivos, etc.). 

� la vista de las carencias Kue ten\an las Berramientas eRistentes para la detección de estas 
variantes, decidimos desarrollar un programa de detección de C*2s enfocado en analiTar datos 
de paneles génicos, y Kue fuese especialmente sensible a los C*2s de menor tama]o (aKuellos 
Kue contengan un único eRón). Para ello, realiTamos primero un anWlisis eRBaustivo de las 
posibles causas de variabilidad en los patrones de cobertura entre las muestras generadas en los 
anWlisis de secuenciación dirigida. Los resultados confirmaban algunos de los ya publicados: el 
contenido #C, la variabilidad técnica en la preparación de librer\as y la secuenciación, las 
modificaciones en el dise]o de paneles génicos, la integridad inicial del � * etc., son factores 
Kue implican importantes cambios en la Bomogeneidad del perfil de cobertura entre muestras. 
Por lo tanto, a la Bora de obtener resultados fiables con los programas basados en la 
comparación de patrones de cobertura, es crucial maRimiTar la Bomogeneidad entre las 
muestras. Esto se puede conseguir procesando las muestras en paralelo y de la misma forma, y 
maRimiTando la profundidad de cobertura media para aumentar la cobertura de las Tonas con 
alto contenido #C. 

El algoritmo de detección Kue desarrollamos (Patt.ec) aplica una normaliTación diferente 
dependiendo de si se estWn analiTando eRones o genes completos. En el caso de eRones, el 
método utiliTado es el siguiente: para cada nucleótido, la profundidad de cobertura se divide 
por la cobertura mWRima del gen Kue lo contiene. Para evitar seleccionar erróneamente una 
duplicación como valor mWRimo, desarrollamos una subrutina para cada gen combinando la 
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prueba de CBi-cuadrado para la detección de valores at\picos y el algoritmo de agrupamiento 
de las -�means. 1na veT calculado el mWRimo, se calcula para cada nucleótido su log-ratio:  

 

!"#$%&'"( = log -."$/0"1((&34&)."$/0"1((1".&)
6 

donde: ."$/0"1((&34&) y ."$/0"1((1".&) representan las coberturas normaliTadas del test 
y del control (o de la media de los controles en el caso de Kue Baya mWs de uno) en el nucleótido 
-, respectivamente. Estos log-ratios siguen una distribución normal 7(89:;<, >?), donde 89:;< 
es la media de todos los log-ratios del eRón, y >?  es la desviación t\pica de todos los log-ratios 
del gen. Los C*2s adyacentes del mismo tipo con un p-valor inferior a 0,05 y un porcentaDe de 
subida/baDada similar se concatenan en una única región. El p-valor resultante es una 
modificación del método de FisBer para la combinación de probabilidades (corregido para 
pruebas dependientes, como estW implementado en el paKuete de . �pool.�). Para reducir el 
número de falsos positivos, Bacemos la regresión lineal de la cobertura media del test sobre la 
cobertura media normaliTada del control para eRón, y cada p-valor es penaliTado en función de 
su distancia a los valores aDustados. Por último, aplicamos la corrección de �enDamini-$ocBberg 
o la de �onferroni en función del número de resultados obtenidos. En el arcBivo de salida se 
reportan los C*2s Kue tengan un p-valor �0,05 y un porcentaDe de subida/baDada superior al 
35� para deleciones y al 30� para duplicaciones (parWmetros aDustables por el usuario). Para 
el anWlisis de genes completos se aplica el mismo método (a eRcepción de la penaliTación 
mediante la regresión), utiliTando en este caso la siguiente normaliTación: si la muestra es de 
seRo femenino, la cobertura de cada nucleótido del gen se divide por la cobertura media global 
de la muestra. Si es de seRo masculino, los genes autosómicos se dividen por la cobertura media 
global de dicBos genes, y los genes del cromosoma 4 se dividen por la media de dicBo 
cromosoma.  

1na veT optimiTado Patt.ec, comparamos su rendimiento con el de � Berramientas de 
detección de C*2s (ERome eptB, ERomeCopy, ERomeC*2, C+*0.�, C+ E4, CL�MMS, 
SeKC*2 y C*2Eit), utiliTando tanto datos de muestras con C*2s cedidas por otros 
laboratorios y secuenciadas de manera óptima (maRimiTando profundidad de cobertura, 
secuenciando al mismo tiempo test y controles, etc.), como datos de muestras de acceso libre 
(del Proyecto 1000 #enomas). En el caso de las muestras con C*2s reales secuenciadas en 
nuestro laboratorio, las Berramientas con mayor sensibilidad fueron Patt.ec y ERomeC*2, 
seguidas de ERome eptB y C*2Eit, mientras Kue las muestras con mayor especificidad fueron 
Patt.ec, ERome eptB y C+*0.�, en ese orden. Los resultados obtenidos con las muestras del 
Proyecto 1000 #enomas fueron mucBo peores (tanto en términos de sensibilidad como de 
especificidad), seguramente debido a la poca uniformidad eRistente entre los patrones de 
cobertura de las muestras (la media de correlación entre las profundidades de cobertura globales 
era inferior a 0,5), lo Kue resalta la importancia de minimiTar la variabilidad en los patrones de 
cobertura entre la muestra a estudiar y los controles utiliTados. 

En nuestro primer manuscrito eRplicamos cómo siguiendo estas pautas, la lista de variantes 
raras detectadas puede restringirse de forma mucBo mWs óptima a las Kue tienen mWs 
probabilidades de estar implicado en el fenotipo cl\nico del paciente, evitando en algunos casos 
la necesidad de realiTar estudios funcionales Kue implican mucBo tiempo y coste. En nuestro 
segundo manuscrito describimos una forma de generar datos *#S artificiales e introducir 
C*2s en ellos Kue permite evaluar el rendimiento de las Berramientas eRistentes para la 
detección de C*2s. Con ellos comparamos 12 Berramientas de detección de C*2s, evaluando 
los puntos fuertes y débiles de cada una. En el último manuscrito, presentamos un programa 
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para la detección de C*2s, dise]ado espec\ficamente para trabaDar con datos de paneles 
génicos, de fWcil uso para laboratorios sin gran eRperiencia en bioinformWtica y especialmente 
sensible a los peKue]os C*2s, y Bemos comparado su rendimiento con el de otros programas 
eRistentes.  

En resumen, con estos tres trabaDos Bemos pretendido optimiTar al mWRimo el diagnóstico 
de las EE.. mediante el uso de secuenciación dirigida. Somos conscientes de Kue Kuedan 
mucBas lagunas Kue cubrir en el diagnóstico de EE.., como la detección fiable de 
mosaicismos, la detección de variantes fuera de regiones codificantes, el anWlisis de 
enfermedades atendiendo a su posible origen oligogénico, o las variantes de reordenamiento. 
Estos problemas serWn abordados en el futuro inmediato, mediante la aplicación de la 3#S al 
anWlisis de EE...





 

A�STRACT 
 
0Be main goal of tBis tBesis Qas to evaluate and optimiTe tBe bioinformatic analysis of data 
generated by neRt generation seKuencing (*#S) tecBnologies to facilitate tBe diagnosis of rare 
diseases (. s). 

. s (diseases tBat affect feQer tBan 1 in 2,000 people) constitute a maDor problem for 
BealtB systems around tBe Qorld, QitB a combined prevalence comparable to tBat of more 
common diseases sucB as diabetes. Indeed, it is estimated tBat 1 in 7 people Qill develop a .  
tBrougBout tBeir lives. 0Be very broad pBenotypic spectrum of tBese diseases, togetBer QitB tBe 
significant overlap in clinical presentations (e�g�� diseases QitB neurological involvement) maEe 
diagnosis especially compleR and time-consuming. 0Be inability to provide patients QitB a 
timely genetic diagnosis results in protracted suffering for tBem and tBeir families, as Qell as 
overload of BealtB systems. �efore tBe emergence of *#S tecBnologies genetic analysis Qas 
considered tBe final step in tBe diagnostic process in .  patients.  uring tBis process, QBicB 
usually lasted years, patients Qould undergo multiple tests (functional, biocBemical, imaging, 
anatomic-patBological, etc.). �ased on tBe results obtained and tBe patientns clinical signs, 
individuals QitB suspected genetic disorders Qere referred for analysis of a candidate gene by 
classical seKuencing. In most cases tBis approacB failed to establisB a definitive etiological 
diagnosis. 

*#S Bas important implications for tBe future of .  diagnosis. 0Bis tool alloQs rapid, cost 
effective, simultaneous analysis of tBousands of genes, or even tBe entire genome, and Bas tBe 
potential to maEe genetic analysis a first-line test in tBe study of diseases QitB a suspected 
genetic component. $oQever, users of *#S are faced QitB a neQ cBallenge: tBe Buge amount 
of data generated poses maDor difficulties in QBen filtering and analyTing tBe results. 0Bis 
draQbacE, togetBer QitB tBe lacE of adeKuately trained personnel reKuired to address tBese 
compleR problems, Bas led to a bottlenecE limiting tBe clinical application of tBese neQ 
tecBnologies. 

In *#S tBe genome is randomly fragmented into small pieces tBat are amplified and 
seKuenced (read) in parallel by seKuencing platforms. 0Bis results in millions of reads tBat must 
be subseKuently aligned against a reference genome. �lignment programs must be capable of 
optimally processing Buge amounts of data and addressing tQo Eey cBallenges: (1) possible 
differences tBat arise betQeen tBe patientns seKuence and tBe corresponding region in tBe 
reference genome (due to inter-individual variability, tBe eRistence of population variants, or 
error intrinsic to a given platform)� and (2) tBe presence of repetitive seKuences tBrougBout tBe 
genome. 0Bese repetitive regions (QBicB account for approRimately Balf of all Buman  *�) 
can lead to ambiguities in tBe alignment data, Bindering clear identification of tBe origin of tBe 
read. SeKuence alignment tools must tBerefore striEe a balance betQeen being sufficiently 
permissive to ensure alignment of reads QitB small variations QitB respect to tBe reference 
genome, and being strict enougB to be able to uniKuely assign eacB read to its original position. 

+nce reads are aligned, tBe neRt step is variant detection, i�e�� identification of differences 
betQeen tBe patientns seKuenced genome and tBe reference genome. 2ariants can be clustered 
into tBree main types according to tBeir effect on tBe genome and tBe manner in QBicB tBey are 
detected: (1) single nucleotide variants (S*2s) and small deletions and insertions (I* ELs)� 
(2) copy number variants (C*2s)� and (3) rearrangement variants (inversions, translocations, 
and large de novo insertions). 
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0Bree maDor *#S-based approacBes are currently used: so-called kgene panelsl, in QBicB 
tBe coding areas (eRons) of a list of genes are seKuenced in parallel (usually grouped according 
to tBe pBenotype QitB QBicB tBey are related)� QBole-eRome seKuencing (3ES), in QBicB all 
EnoQn coding regions present in tBe Buman genome are seKuenced� and QBole-genome 
seKuencing (3#S). 3#S enables tBe most complete analysis, alloQing identification of 
variants tBat cannot be detected using tBe otBer tQo approacBes (e�g�� rearrangement variants 
and variants located outside of coding regions) and tBe results obtained are generally more 
Bomogeneous (read distribution is mucB more uniform). *onetBeless, tBe first tQo tecBniKues, 
encompassed under tBe term ktargeted seKuencingl, are tBe most common in clinical practice: 
tBey are less costly tBan 3#S and tBe data obtained is mucB more manageable and easier to 
interpret. Since tBe obDective of tBis study Qas to apply *#S to tBe diagnosis of . s, Qe Bave 
focused on tBe analysis of data produced by targeted seKuencing approacBes. 0Be variants 
detectable by targeted seKuencing are S*2s and I* ELs, and C*2s located in coding regions 
(tBose tBat contain 1 or more eRons of a gene or several genes). 

S*2s are tBe result of tBe substitution of one nucleotide for anotBer. 0Bey are tBerefore tBe 
simplest type of variant to detect, and tBere are a range of tools available tBat do so effectively. 
�y contrast, tBe detection of I* ELs is more compleR: tBeir presence results in an eRcess or 
deficit of nucleotides QitB respect to tBe reference seKuence, creating added difficulties for 
alignment programs. $oQever, for botB S*2s and I* ELs tBe greatest cBallenge is 
determining tBeir possible involvement in tBe patientns disease. 0Bis process is commonly 
EnoQn as variant prioritiTation and consists of identifying, from tBe entire list of variants 
detected in tBe patientns genome, tBose most liEely implicated in tBe clinical pBenotype under 
study. 0Be first step in prioritiTing variants is to filter common variants (tBose QitB a freKuency 
�1� in public databases, or even �0.5�): tBese freKuencies are incompatible QitB tBe incidence 
of . . 0Be neRt step is to evaluate tBe impact according to tBe type of variant (missense, 
nonsense, splicing, framesBift, etc.) and its genomic position. 0Bere are numerous 
bioinformatics tools tBat enable in silico evaluation of a variantns functional impact. 3Bile tBese 
are basic steps in tBe analysis of *#S data, anotBer essential but less commonly performed tasE 
is to prioritiTe variants according to tBe tolerance of tBe gene to missense variants (mutational 
tolerance). In our eRperience over several years of applying *#S to .  diagnosis, some genes 
can tolerate one or even several rare missense variants QitB no patBological conseKuences, 
QBile in otBers tBe presence of a single variant can be catastropBic and give rise to a very severe 
clinical pBenotype. 0Bis implies tBat tBe negative purifying selection is mucB stronger for some 
genes tBan for otBers. +ne Qay of assessing a genens sensitivity to variation is to compare tBe 
number of population missense variants for eacB gene QitB tBe sum of all variants (synonymous 
� missense) in tBat gene. 0Be missense / missense � synonymous ratio provides an indication 
of BoQ conserved a gene must be in order to remain functional and tBe level of negative 
selection to QBicB it is subDected. � BigB ratio implies tBat tBe gene is not subDected to a BigB 
level of conservative force, and tBerefore tBe amino acid seKuence of tBe encoded protein 
remains uncBanged. � loQer ratio indicates tBat tBe gene is subDected to strong forces acting to 
conserve its original seKuence, and implies tBat any cBange can seriously affect tBe functionality 
of tBe encoded protein. 0o evaluate mutational tolerance, Qe applied tBe metBod proposed by 
PetrovsEi et al. (PetrovsEi et al. 2013) to common variants in 1,�70 genes implicated in rare 
neurological and metabolic diseases in �5� individuals QitB European ancestry. 0Bese data 
Qere eRtracted from tBe 1000 #enomes ProDect. For eacB gene, Qe calculated a T-score, defined 
as tBe studentiTed residual obtained by regression of tBe total number of common missense 
variants (freKuency� 0.5�) against tBe total number of common missense and common 
synonymous variants present in eacB gene. � T-score value close to Tero indicates tBat tBe gene 
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Barbors tBe eRpected number of missense variants given its mutational rate. #enes QitB a 
negative T-score are tBose QitB feQer tBan eRpected missense variants. 0Bese are BigBly 
conserved genes tBat are less tolerant of tBe presence of tBese variants: evolution eliminates any 
variant oQing to its effect on tBe functionality of tBe encoded protein. Conversely, a positive T-
score indicates a less conserved gene, QBicB is tolerant of missense variations. 0Bis parameter 
alloQs identification of genes in QBicB tBe presence of missense variants is more liEely to be 
deleterious. $oQever, tBe probability of detecting rare missense variants in a gene also depends 
on its siTe: tBe greater tBe number of nucleotide bases in a fragment, tBe greater tBe probability 
tBat a mutation Qill randomly occur. 0Berefore, in addition to evaluating mutational tolerance 
it is also important to estimate tBe probability of detecting rare variants in tBe gene using control 
samples. 0o do tBis, using tBe same samples as for T-score calculation, Qe determined tBe 
probability of detecting 1 (in tBe case of dominantly inBerited or 4-linEed genes) or 2 (in tBe 
case of recessively inBerited genes) rare variants in eacB gene according to a Poisson 
distribution of parameter l eKual to tBe freKuency of 1 or 2 rare variants (�0.5�) in tBat gene. 
3e found tBat after accounting for gene siTe tBe probability of tBe presence of a rare variant 
can be similar in BigBly conserved and poorly conserved genes, underscoring tBe importance of 
taEing tBese tQo parameters into account QBen prioritiTing variants. 

�notBer parameter tBat must be considered is tBe specific conservation of tBe nucleotide in 
QBicB a given cBange occurs. If a missense variant QitB a tBeoretically BigB functional impact 
is located in a very poorly conserved region QitBin tBe gene, it is very possible tBat it Qill Bave 
no patBogenic repercussions. Specific programs can evaluate tBe conservation of a nucleotide 
tBrougBout evolution (#E.P, SIF0, etc.). �notBer crucial parameter to consider is tBe 
mutational arcBitecture of tBe gene in QBicB a variant is located. In some genes (e�g�� !!�, 
 #���� tBe presence of even several missense variants may Bave no deleterious effect, and 
gene functionality is only affected by truncating variants. In otBer cases, truncating variants are 
less deleterious tBan missense variants. For eRample, in ����� truncating variants give rise to 
mucB less severe pBenotypes tBan missense variants. In otBer genes (e�g��  �!���, ����) tBe 
resulting pBenotype is determined by botB tBe type of variant (truncating or missense) and its 
relative position QitBin tBe gene. 

+nce all tBese cBaracteristics Bave been evaluated, and tBe variants most liEely to be 
implicated in tBe patientns pBenotype are prioritiTed, tBe last stage in tBe study of dominantly 
inBerited or 4-linEed diseases is to determine QBetBer tBe variants Bave arisen de novo. �ecause 
de novo variants Bave not been subDected to negative selection, tBey are most liEely to be 
patBogenic. +f course, in tBe case of recessive diseases if tQo variants are detected it is essential 
to determine QBetBer tBey are located on opposite cBromosomes. � family study of tBe 
prioritiTed variants is tBus essential for correct interpretation of tBe results of *#S analyses. 

C*2s Bave been implicated in many . s, and in neurodevelopmental diseases in 
particular (epilepsy, autism, scBiTopBrenia, intellectual disability). $oQever, because tBese 
variants cannot be detected using classical seKuencing tecBniKues, and because tBe tecBnologies 
used for large-scale detection (comparative genomic BybridiTation 7C#$8 and single nucleotide 
polymorpBism 7S*P8 arrays) can only identify C*2s �30 Eb, tBese types of variants Bave been 
(and continue to be) under-detected. In particular, C*2s of 1j30 Eb, QBicB appear to be 
implicated in numerous diseases, Bave been systematically under-detected unless specifically 
searcBed for in a particular gene using specific metBodologies sucB as multipleR ligation-
dependent probe amplification (MLP�) or real-time polymerase cBain reaction (PC.). 

3Bile tBe emergence of *#S Bas facilitated tBe detection of smaller C*2s, tBere remains 
a deartB of adeKuate bioinformatics tools for tBeir detection, and tBeir use reKuires eRpertise in 
bioinformatics not typically found in molecular diagnostics centers. 
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0Be metBods used for C*2 detection from *#S data vary depending on QBetBer tBe data 
are derived from targeted seKuencing or 3#S approacBes. 3Bile tBere are multiple tools 
available for tBe detection of C*2s from 3#S data, feQer Bave been designed for use QitB 
targeted seKuencing data (altBougB tBe number of tBese tools Bas increased considerably in 
recent years). Most of tBese tools are based on tBe comparison of deptB-of-coverage patterns 
betQeen tBe study sample and a set of control samples. 0Be main difference betQeen tBe 
metBods lies in tBe type of statistical modeling on QBicB tBey are based (Bidden MarEov models, 
Poisson, negative binomial models, etc.), and tBe filtering process applied to reduce tBe number 
of false positives. 3Ben evaluating tBe utility of eacB of tBese tools for tBe management of our 
data, Qe found tBat tBe most cBallenging aspect of tBe evaluation process Qas obtaining enougB 
samples to use as positive C*2 controls. 0Berefore, Qe set about creating a large database of 
artificially generated samples containing C*2s of varying siTes and positions. 3Ben selecting 
programs to generate simulated data Qe tooE several factors into account. First, most eRisting 
simulation tools Bave been developed to mimic 3#S data and are not valid for generating 
artificial reads tBat simulate targeted seKuencing data. Second, in general tBese tools can be 
divided into tBose tBat generate artificial reads and tBose tBat alloQ tBe introduction of variants 
into artificial reads. 0Bird, because one of tBe Eey problems associated QitB tBe detection of 
tBese variants is tBe generation of biases caused by #C content, tBe presence of repetitive 
seKuences, and tBe type of platform used, among otBer factors, it is important to cBoose an *#S 
data simulator tBat can reproduce tBis variability. 0aEing into account tBese limitations, Qe 
concluded tBat tBe optimal approacB Qas to use 3essim (S. 'im, &eong, and �afna 2013) to 
generate simulated reads tBat mimic tBose generated in targeted seKuencing, and .S2Sim 
(�artenBagen and  ugas 2013) to introduce C*2s into tBose reads. 1sing tBis combination of 
tools, Qe generated 320 simulated samples QitB artificially introduced C*2s (plus 20 samples 
QitBout C*2s tBat served as negative controls) at tQo different mean deptBs of coverage (504 
and 3004). 3e introduced duplications and deletions (botB BeteroTygous and BomoTygous) of 
different siTes and in different combinations. 1sing tBis large, artificially generated *#S 
database Qe compared tBe performance of 12 programs designed to QorE QitB targeted 
seKuencing data: ERomeC*2 (SatBirapongsasuti et al. 2011), ERomeCopy (Love et al. 2011), 
C+*0.� (&. Li et al. 2012), ERome eptB (Plagnol et al. 2012), C+*IFE. ('rumm et al. 
2012), C�*+ES (�acEenrotB et al. 2014), C+ E4 (&iang et al. 2015), CL�MMS (PacEer et 
al. 201�), Co*2a I*# (&oBansson et al. 201�),  ECo* (FoQler et al. 201�), C*2Eit 
(0alevicB et al. 201�), and SeKC*2 (CBen et al. 2017). �ased on tBe results obtained, Qe can 
draQ several conclusions. First, all tools performed better QitB greater mean deptB-of-coverage. 
0Bis finding Qas unsurprising: loQer mean deptB-of-coverage implies a greater number of areas 
poorly covered in QBicB tBe loss or gain of coverage caused by deletions or duplications is 
difficult to distinguisB from tBe variation generated by bacEground noise. Second, in general 
deletions are easier to detect tBan duplications. 0Bis finding Qas also eRpected, since tBe 
difference in coverage is more subtle in tBe case of duplications tBan deletions. 0Bird, C*2s 
containing greater numbers of eRons are, in general, easier to detect tBan tBose of smaller siTe. 
0Bis Qas also eRpected, given tBat tBe larger tBe C*2 tBe less liEely tBe difference in deptB-of-
coverage is confused QitB bacEground noise. 3e found tBat tBe tools tBat produced tBe best 
results Qere  ECo*, ERome eptB, ERomeC*2, C�*+ES, and Co*2a I*#. $oQever, 
given tBat none acBieved 100� sensitivity, Qe sougBt to identify tBe optimal combination of 
tools to eliminate false negatives. 0o tBis end, Qe classified a region as a C*2 if it Qas 
categoriTed as sucB by at least tBree different tools. 0Be results obtained Qere disappointing: in 
order to detect all C*2s in tBe simulated samples it Qas necessary to combine tBe results of at 
least � different tools, QBicB entailed a considerable increase in computational time and cost. It 
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sBould be noted tBat artificial samples cannot completely reproduce tBe compleRity of real 
samples, and tBerefore tBese results sBould not be directly eRtrapolated to real analyses. 
$oQever, tBey do alloQ us to identify general trends (e�g�� QBicB tools best detect QBicB type 
of C*2, QBicB tools produce tBe feQest false positives, etc). 

In vieQ of tBe deficiencies of eRisting tools for tBe detection of tBese variants, Qe developed 
a C*2 detection program for tBe analysis of gene panel data, QitB particular sensitivity for 
small (single-eRon) C*2s. First, Qe performed an eRBaustive analysis of tBe possible causes of 
variability in tBe coverage patterns betQeen tBe samples obtained by targeted seKuencing 
analysis. 0Be factors identified Qere in good agreement QitB tBose previously described in tBe 
literature: #C content, tecBnical variability in tBe preparation of libraries and seKuencing, 
modifications in tBe design of gene panels, and initial integrity of tBe  *� are all factors tBat 
result in significant cBanges in tBe Bomogeneity of coverage profiles across samples. In order 
to obtain reliable results QitB programs based on tBe comparison of coverage patterns it is 
tBerefore crucial to maRimiTe Bomogeneity across samples. 0Bis can be acBieved by processing 
tBe samples in parallel and in tBe same conditions, and by maRimiTing tBe mean deptB-of-
coverage to increase coverage in areas QitB BigB #C content. 

0Be detection algoritBm Qe Bave developed (Patt.ec) applies a different normaliTation 
algoritBm depending on QBetBer eRons or QBole genes are being analyTed. In tBe case of eRon 
analysis, for eacB nucleotide tBe deptB-of-coverage is divided by tBe maRimum coverage of tBe 
gene in QBicB it is located. 0o avoid erroneous selection of a duplication as a maRimum value, 
Qe developed a subroutine for eacB gene by combining tBe CBi-sKuared test for tBe detection 
of outliers and tBe E-means clustering algoritBm. +nce tBe maRimum is calculated, its log-ratio 
is calculated for eacB nucleotide as folloQs:  

!"#$%&'"( = log -."$/0"1((&34&)."$/0"1((1".&)
6 

QBere ."$/0"1((&34&) and ."$/0"1((1".&) represent tBe normaliTed coverage of tBe test 
and control samples (or of tBe mean of tBe controls if tBere are more tBan one) in nucleotide -, 
respectively. 0Bese log-ratios folloQ a normal distribution 7(89:;<, >?), QBere 89:;< is tBe 
mean of all eRon log-ratios, and >?  is tBe standard deviation of all tBe log-ratios of tBe gene. 
�dDacent C*2s of tBe same type QitB a p-value �0.05 and a similar percentage of coverage�s 
increase/decrease are concatenated in a single region. 0Be resulting p-value is a modification 
of FisBerns metBod for tBe combination of probabilities (corrected for non-independent tests, as 
implemented in tBe . mpool.n pacEage). 0o reduce tBe number of false positives, Qe perform 
linear regression of tBe mean coverage of tBe test against tBe normaliTed mean coverage of tBe 
control, and eacB p-value is penaliTed based on its distance from tBe adDusted values. Finally, 
Qe apply a �enDamini-$ocBberg or �onferroni correction depending on tBe number of results 
obtained. 0Be output file reports C*2s QitB a p-value of �0.05 and a percentage of 
increase/decrease �35� for deletions and �30� for duplications (user adDustable parameters). 
For tBe analysis of QBole genes, tBe same metBod is applied (eRcept for tBe regression penalty), 
in tBis case using tBe folloQing normaliTation: for female samples tBe coverage of eacB 
nucleotide is divided by tBe global mean coverage of tBe sample� for male samples, tBe coverage 
of autosomal genes is divided by tBe overall mean coverage of tBe corresponding genes, and 
tBe coverage of 4 cBromosome genes is divided by tBe mean coverage of tBe corresponding 
cBromosome. 

+nce Patt.ec Qas optimiTed, Qe compared its performance QitB tBat of � C*2 detection 
tools (ERome eptB, ERomeCopy, ERomeC*2, C+*0.�, C+ E4, CL�MMS, SeKC*2 and 
C*2Eit), using C*2-containing samples provided by otBer laboratories and seKuenced 
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optimally (by maRimiTing deptB-of-coverage and processing samples at tBe same time, in tBe 
same laboratory, using tBe same seKuencing Eit), as Qell as samples obtained from public 
databases (tBe 1000 #enomes ProDect). In tBe analysis of real samples seKuenced in our 
laboratory tBe most sensitive tools Qere Patt.ec and ERomeC*2, folloQed by ERome eptB 
and C*2Eit, QBile tBe most specific tool Qas Patt.ec, folloQed by ERome eptB and 
C+*0.�. 0Be results obtained QitB tBe 1000 #enome ProDect samples Qere mucB poorer (in 
terms of botB sensitivity and specificity), probably due to tBe Beterogeneity of coverage patterns 
across samples (tBe mean correlation betQeen overall deptBs-of-coverage Qas �0.5), 
BigBligBting tBe importance of minimiTing tBe variability in coverage patterns betQeen tBe 
study sample and tBe controls used. 

In our first article Qe eRplain BoQ, folloQing tBe aforementioned guidelines, lists of rare 
variants detected can be more optimally created to include only tBose most liEely to be involved 
in tBe patientns clinical pBenotype, tBereby reducing tBe need to perform costly and time-
consuming functional studies. +ur second article describes a metBod to generate artificial 
targeted *#S data into QBicB C*2s can tBen be introduced, alloQing us to evaluate tBe 
performance of eRisting C*2 detection tools. 3e used tBis metBod to compare 12 C*2 
detection tools, evaluating tBe strengtBs and QeaEnesses of eacB. In our tBird article Qe present 
a C*2-detection program tBat is specifically designed to QorE QitB gene panel data, can be 
easily used in laboratories QitBout tBe need for eRtensive bioinformatics eRperience, and is 
especially sensitive to small C*2s, and Qe compare its performance QitB tBat of otBer eRisting 
programs. 

In summary, tBe goal of eacB of tBe tBree articles presented Bere is to optimiTe tBe diagnosis 
of .  tBrougB tBe use of targeted seKuencing data. 0Bere remain many sBortcomings in tBe 
diagnosis of . s, including tBe need for reliable metBods to detect mosaic variants, variants 
located outside coding regions, diseases QitB a possible oligogenic origin, or rearrangement 
variants. 0Bese problems Qill be addressed in tBe near future QitB tBe application of 3#S to 
tBe analysis of . s. 

 
 



 
 
 

�� INTROD�CTION 
 

��� T�ESIS �A�O�T 
0Bis doctoral tBesis is presented as a compendium of tBree papers publisBed in peer-revieQed 
scientific Dournals (CBapter 3), eacB QitB its oQn abstract, main teRt, and references. � brief 
summary of eacB is presented beloQ. 

0Be article Prioritization of variants detected by next generation sequencing according 
to the mutation tolerance and mutational architecture of the corresponding genes 
(Bttps://doi.org/10.33�0/iDms1�0�15�4), QBicB Qas publisBed in tBe �nternational �ournal of 
�olecular  ciences (201� &C. Impact Factor, 4.1�3) is presented in Section 3.1. 0Bis paper 
discusses several Eey concepts relating to variant prioritiTation in tBe diagnosis of rare diseases. 
0Be first concerns tBe kmutational tolerancel of genes in QBicB variants are located (i�e�� tBe 
susceptibility of a given gene to any missense variation). 0Bis depends on tBe strengtB of tBe 
purifying selection acting against tBe variant. 0Be second concept is tBe kmutational 
arcBitecturel of eacB gene. 0Bis is tBe type and location of previously identified mutations in 
tBe gene and tBeir association QitB different pBenotypes or degrees of severity. 0Be tBird 
concept concerns tBe type of inBeritance (inBerited vs. de novo) of tBe variants detected. 1sing 
real data, Qe sBoQ tBat genes, as opposed to variants, can be prioritiTed by calculating a specific 
mutational tolerance parameter for a given gene. 0Be influence of mutational arcBitecture on 
variant prioritiTation is also illustrated using five paradigmatic eRamples. Finally, tBe 
importance of tBe analysis of variants in tBe patient�s family as an essential step in variant 
prioritiTation is also discussed. 

0Be article Free-access copy-number variant detection tools for targeted next-generation 
sequencing data (Bttps://doi.org/10.101�/D.mrrev.201�.02.005), publisBed in �utation 
�esearch��evie9s in �utation �esearch (201� &C. IF, �.0�1), is presented in Section 3.2. 0Bis 
article describes a metBod to generate artificial targeted neRt-generation seKuencing (*#S) data 
tBat simulate tBe data produced by seKuencing platforms. Specifically, Qe focus on tools tBat 
alloQ us to reproduce tBe biases and variability in coverage patterns found in real samples. 
FurtBermore, Qe revieQ metBods for tBe detection of copy number variants (C*2s) based on 
deptB-of-coverage described in tBe current literature, and evaluate tBeir effectiveness using tBe 
simulated data Qe Bave generated. 3e discuss tBe strengtBs and QeaEnesses of tBese detection 
metBods QBen integrated into tBe daily QorEfloQ of a genetic diagnostic laboratory. 

0Be article PattRec: An easy-to-use CNV detection tool optimized for targeted NGS 
assays with diagnostic purposes (Bttps://doi.org/10.101�/D.ygeno.201�.07.011), QBicB Qas 
publisBed in �enomics (201� &C. IF, 3.1�) is presented in Section 3.3. 0Bis article presents a 
neQ C*2 detection tool called Patt.ec, QBicB is optimiTed for targeted *#S data and based 
on tBe comparison of coverage patterns betQeen samples. 0Be utility of tBis tool is evaluated 
using real data, including publicly available data (from tBe 1000 #enomes proDect) and data 
provided by otBer laboratories, and its performance is compared QitB tBat of eRisting C*2 
detection tools. 0Be parameters tBat influence tBe reproducibility of coverage patterns betQeen 
samples, including #C content, biases caused by differences in sample processing, and tBe use 
of different gene panel designs, are also evaluated. 
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��� T�E DIAGNOSIS O� RARE DISEASES 
.are and ultra-rare diseases are defined as tBose QitB incidence rates of less tBan 1 in 2,000 and 
1 in 100,000 people, respectively.  espite tBeir loQ incidence, tBe large number of rare diseases 
(over 7,000 are described, and tBis number is continually groQing) means tBat tBeir combined 
prevalence is significant. �ccording to E1.+. IS (tBe European +rganiTation of .are 
 iseases) �j�� of tBe European population Qill develop a rare disease tBrougBout tBeir lives. 
0Bese prevalence rates are similar to tBose reported for common diseases sucB as diabetes and 
astBma. .are diseases tBerefore constitute a maDor problem for doctors and Bave significant 
economic implications for BealtB systems QorldQide due to tBe difficulty in establisBing a 
specific etiological diagnosis. $ealtB services are generally unprepared to deal QitB diseases 
QitB sucB loQ incidences and variable pBenotypic eRpression. Many of tBe clinical 
manifestations of tBese diseases overlap QitB tBose of more common diseases, and symptoms 
can appear late, even in adultBood. �pproRimately Balf of tBese diseases appear during 
cBildBood. Early diagnosis is tBerefore essential. $oQever, montBs and even years can pass 
betQeen tBe appearance of tBe first clinical signs and diagnosis. �ccording to tBe SpanisB 
Federation of .are  iseases (FE E.) tBe mean time reKuired to establisB a diagnosis is 5 years 
(kLas Enfermedades .aras en cifrasl n.d.). 

#iven tBeir diagnostic compleRity, togetBer QitB tBe fact tBat over �0� of rare diseases 
Bave an identified genetic component, tBese diseases stand to benefit greatly from recent 
advances in tBe field of  *� seKuencing. 1ntil Dust a feQ years ago genetic analysis Qas 
considered tBe final stage of tBe diagnostic process in patients QitB rare diseases. �fter a process 
tBat typically lasted years and involved tBe documentation of clinical manifestations and 
successive biocBemical, patBological, functional, and imaging tests, patients QitB suspected 
genetic disorders Qere referred for analysis of a candidate gene by classical seKuencing. In most 
cases tBis Qould produce a negative result, and anotBer candidate gene Qould be seKuenced. 
0Bis cycle Qould continue, increasing tBe time to diagnosis and in most cases ending QitBout 
establisBing a definitive diagnosis. 0Be rate of diagnosis using tBis metBodology Qas very loQ, 
eRcept for certain diseases QitB Qell-defined clinical, biocBemical, or patBognomonic 
cBaracteristics and QitB loQ genetic Beterogeneity (e�g�� pBenylEetonuria). 0Be emergence of 
neRt generation seKuencing tecBnology (*#S) represented a turning point in our understanding 
of rare diseases, and in tBeir diagnosis and treatment (�accBelli and 3illiams 201��  anielsson 
et al. 2014). 0Be emergence of *#S approRimately 15 years ago Beralded tBe potential to 
radically cBange tBe diagnostic process by providing a fast, poQerful, and loQ-cost alternative 
for tBe simultaneous genetic analysis of many genes early in tBe diagnostic process. 3itBin a 
feQ QeeEs, *#S-based tools can close in on one or a small number of candidate genes and can 
Belp establisB a rapid diagnosis in a considerable percentage of cases. 0Bis neQ diagnostic 
process can dramatically reduce Qaiting times and sBorten tBe often endless searcB tBat many 
patients and tBeir families Bad to endure before tBe advent of tBis tecBnology. It is tBerefore 
unsurprising tBat tBe Qorldns best BealtBcare systems Bave incorporated tBese poQerful tools 
into tBeir routine diagnostic processes.  

*#S Bas also given rise to a neQ pBenomenon in medicine EnoQn as reverse pBenotyping. 
In some cases, tBe combined use of *#S and segregation analysis can identify a patBogenic 
mutation in a gene tBat is EnoQn to cause disease but Qas previously linEed to a different 
pBenotype. In sucB cases, retrospective clinical investigation of tBe patient and family members 
may reveal additional, previously unrecogniTed cBaracteristics. In a revieQ of more tBan 300 
studies in QBicB rare diseases Bad been investigated using QBole-eRome seKuencing (3ES), 
�oycott et al. found tBat approRimately 25� of tBe genetic mutations related to a specific 
disorder Qere associated QitB a pBenotype tBat Qas actually observed folloQing clinical 
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reevaluation of tBe patient after a genetic finding (�oycott et al. 2013). 0Be recent literature 
includes many eRamples of reverse pBenotyping. For eRample, �rif and colleagues identified a 
variant in ���� (implicated in optic atropBy syndrome) in tQo affected members of a family 
in QBicB no opBtBalmological studies Bad previously been conducted, leading clinicians to 
reassess tBe pBenotype of tBe patients and to ultimately establisB a correct diagnosis (�rif et al. 
2013). #raTiano et al. identified a variant in ��� (QBicB causes aromatic amino acid 
decarboRylase deficiency 7�� C8) in tBree consanguineous patients QitB syndromic 
intellectual disability, tBus eRpanding tBe �� C pBenotype (#raTiano et al. 2015). In tBeir 
study, 6Bang and coQorEers detected tQo variants in BeteroTygosis in  ��� (QBicB is 
implicated in Bereditary spastic paraparesis) in a patient QitB sloQly progressing and apparently 
sporadic ataRia QBose symptoms included kemotional disconnectionl, tBereby adding 
neurobeBavioral disorders to tBe pBenotype of tBis disease (L. 6Bang et al. 2017). 0Bese 
findings sBoQ tBat in rare diseases tBe seKuence in QBicB clinical signs appear, as Qell as tBeir 
intensity, vary greatly from one patient to anotBer. 0Bis Belps eRplain QBy it can be so difficult 
to establisB diagnosis. &ust a feQ years ago, doctors Bad no cBoice but to observe and Qait for 
furtBer clinical signs to appear over time. $oQever, *#S noQ provides doctors QitB poQerful 
molecular tools tBat can uncover important clues early in tBe disease process and alloQ tBem to 
begin investigating manifestations tBat are not yet fully eRpressed or Bave not yet appeared. 
Many rare diseases can be caused by mutations in tens or Bundreds of different genes. For 
eRample, tBe �onne and .ivier team annually updates a list of genes associated QitB 
myopatBies, tBe most recent version of QBicB contains 535 genes (�onne, .ivier, and $amroun 
201�). 3ang and colleagues proposed an eRBaustive list of ��3 epilepsy-related genes, and 
anotBer 2�4 genes potentially involved in tBis disease (3ang et al. 2017). 0Be ability to 
seKuence Bundreds or tBousands of genes in parallel alloQs analysis of genes tBat are implicated 
in tBe disease suspected to underlie tBe patient�s pBenotype, as Qell as genes associated QitB 
otBer diseases QitB overlapping pBenotypes, QitBout substantially increasing tBe cost of tBe test. 
0Bis translates into an increase in tBe rate of diagnosis of diseases in QBicB tBe complete clinical 
picture is difficult to identify or emerges sloQly over time. 0BanEs to *#S, tBe number of genes 
associated QitB neQly identified diseases Bas groQn eRponentially in all fields of medicine. 0Be 
increase over tBe last 20 years in tBe number of pBenotype entries in tBe +nline Mendelian 
InBeritance in Man (+MIM) database for QBicB tBe molecular basis of a particular pBenotype 
is EnoQn is sBoQn in Figure 1. 0Bis eRplosion of EnoQledge is a conseKuence to tBe use of 
*#S to rapidly seKuence any region of tBe Buman genome, ranging from several genes to tBe 
entire genome, QitB a BigB degree of sensitivity. 

0Bree main *#S-based tests are used in tBe study of rare diseases. 0Bese tests can be 
ordered according to cost, ease of analysis, and scope, and include (1) parallel seKuencing of 
coding seKuences (eRons) of gene groups in QBicB mutations result in similar or overlapping 
pBenotypes (gene panels)� (2) QBole-eRome seKuencing (3ES), in QBicB all EnoQn coding 
regions of tBe Buman genome are seKuenced� and (3) QBole-genome seKuencing (3#S), QBicB 
analyTes tBe entire Buman genome. In current clinical practice tBe most commonly used analysis 
is targeted seKuencing, using eitBer gene panels or 3ES (Lindy et al. 201�� LiEar et al. 201�� 
+rtega-Moreno et al. 2017� Savarese et al. 201�). In recent years 3ES Bas predominated in 
studies of tBe genetic basis of rare diseases. 0Bis type of analysis covers only 1� (�30 Mb) of 
tBe Buman genome, and its main draQbacE is its inability to detect certain types of variants, 
sucB as tBose located in intronic or intergenic regions. Moreover, targeted seKuencing offers 
mucB less uniform read distribution as a conseKuence of tBe enricBment of tBe areas to be 
studied, resulting in loQer coverage in certain areas, especially tBose QitB BigB #C content 
(Meienberg et al. 201�). $oQever, tBis type of analysis is very Qidely used tBanEs to tBe 
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folloQing features: compared QitB 3#S, (1) tBe cost is mucB loQer and (2) tBe amount of data 
generated is mucB more manageable, reducing botB tBe time reKuired for analysis and tBe 
compleRity of tBe data obtained. Compared QitB 3ES, gene panels offer mucB faster response 
times, and feQer incidental findings (variants associated QitB a greater liEeliBood of developing 
a disease otBer tBan tBat being studied). 1nfortunately, gene panels are unable to identify neQ 
disease-causing genes. 

 

 
Figure 1. Total number of OMIM entries per year for the past 20 years. * data collected up to August 31st, 

2019. 

 
��� T�E C�A��ENGE O� GENOMIC DATA ANA��SIS	 �IOIN�ORMATICS 
0Be application of *#S to tBe study of diseases of genetic origin represents a tremendous step 
forQard, but also presents a neQ cBallenge: tBe difficulty in filtering and interpreting tBe data 
produced. 3Bile tBe output of classical seKuencing approacBes is a single  *� seKuence (QitB 
a Qell-defined genomic position), *#S data consists of millions of kpiecesl of  *� seKuence, 
tBe original position of QBicB is not easily identifiable because all seKuences from all tBe studied 
genes are miRed togetBer. It is tBerefore necessary to develop specific bioinformatics programs 
to order tBe results obtained from seKuencing platforms. 0Be process of detecting variants 
(modifications in tBe nucleotide seKuence QitB respect to tBe reference genome) is also less 
immediate tBan QitB classical seKuencing. In fact, because *#S can produce errors and false 
positives, classical seKuencing remains tBe reference metBod to confirm tBe presence of certain 
types of variants, especially in areas poorly covered by *#S. 
 

����� S#,0#)!&)$  )"  '&$)(#)/ 
*#S tecBnologies randomly fragment tBe genome into small pieces tBat are amplified by 

PC. and subseKuently kreadl or seKuenced in parallel. 0Bis seKuencing consists of tBe reading 
of a certain number of bases of tBe fragment (tBe number of bases read usually ranges from 50 
bp to 400 bp or more, depending on tBe platform used). In single-end seKuencing, tBe fragment 
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is read in only one direction, QBile in paired-end seKuencing eacB fragment is read in botB 
directions.  

�mong tBe most common seKuencing metBods (Salipante et al. 2014� Liu et al. 2012) are 
seKuencing by syntBesis (used by Illumina) (kIllumina U SeKuencing and �rray-�ased Solutions 
for #enetic .esearcBl n.d.), ligation seKuencing (0BermofisBer S+Li ) (kLife 0ecBnologies - 
ESl n.d.), semiconductor ion seKuencing (Ion 0orrent Systems Inc.) (kIon 0orrent - ESl n.d.), 
and pyroseKuencing (created by .ocBe / 454 Life Sciences) (k.ocBe Life Science U 3elcomel 
n.d.), altBougB pyroseKuencing Bas been obsolete since 2013 (k�io-I0 3orldl n.d.). EacB of 
tBese processes produces millions of reads of 50j700 bp, QBicB must tBen be aligned against 
tBe Buman reference genome to identify tBeir genomic position. 0Bis alignment process is far 
from trivial: in addition to tBe difficulty in QorEing QitB tBe massive amounts of data generated 
by tBe platform, eacB platform Bas its oQn intrinsic seKuencing errors (error rates vary from 
0.1j1�, depending on tBe platform) (CanTar and SalTberg 2017). In Illumina seKuencing, tBe 
most freKuent errors are single-nucleotide substitutions, in Ion 0orrent and 454 tBe most 
common errors are small deletions, and S+Li  produces �-0 biases (FoR and .eid-�ayliss 
2014� #oodQin, McPBerson, and McCombie 201�). FurtBermore, tBe alignment process can be 
furtBer complicated by tBe presence of variants (common or rare) in tBe seKuenced sample tBat 
may cause reads in a given region to differ from tBe reference genome. $oQever, tBe most 
cBallenging aspect of tBe alignment process is tBe presence of repetitive seKuences in tBe 
reference genome, i�e�� pieces of  *� tBat are repeated (tBe eRact same seKuence or small 
variations tBereof), even Bundreds of times, at different locations QitBin tBe genome. 0Bese 
seKuences account for approRimately Balf of all Buman  *� (�atTer and  eininger 2002) and 
pose a great cBallenge for aligners, particularly seKuences tBat sBare a BigB degree of similarity. 
�lignment algoritBms seeE tBe best possible matcB betQeen tBe reads and tBe reference genome, 
and generally acBieve up to �0� uniKue alignments, since most of tBe repetitive seKuences 
present in tBe genome differ sufficiently from one otBer so as not to pose a problem. $oQever, 
tBose tBat sBare a BigBer percentage of similarity can result in ambiguities in tBe alignment data. 
Moreover, tBe potential presence of population variants in tBese regions furtBer complicates tBe 
process. �ligners must tBerefore cBoose QBetBer to discard reads tBat fall in tBese repetitive 
regions, prioritiTe better aligned reads, or report all possible alignments (assigning a penalty 
according to tBe number of mismatcBed bases) (0reangen and SalTberg 2011). 

0Be algoritBms used must tBerefore be strict enougB to uniKuely assign eacB read to its 
corresponding genomic position (taEing into account tBe presence of repetitive seKuences in tBe 
genome), but sufficiently permissive to be able to align reads QitB discrepancies relative to tBe 
reference genome. 0Be tQo most used metBods for alignment are (1) seed and associative matriR 
(seed / BasB) metBods, QBicB searcB for matcBes in sub-seKuences (seeds) assuming tBat at least 
one Qill matcB perfectly QitB tBe reference (BasB)� and (2) metBods based on tBe �urroQs-
3Beeler transformation (�urroQs and 3Beeler, n.d.), QBicB indeR tBe reference genome so tBat 
tBe searcB for matcBes is computationally mucB less eRpensive (FliceE and �irney 200�� $eng 
Li and $omer 2010). 0Be best EnoQn algoritBms tBat use tBe �urroQs-3Beeler transformation 
are �3� ($. Li and  urbin 200�) and �oQtie (Langmead et al. 200�). �3�-mem (Li, $eng 
2013) applies tBe seed / BasB metBod to find matcBes betQeen tBe seeds and tBe reference, and 
assigns eacB an alignment ksuitabilityl value using tBe SmitB-3aterman metBod (SmitB and 
3aterman 1��1). �urroQs-3Beeler transformation-based metBods are generally faster but less 
sensitive tBan seed / BasB metBods, and are more suitable for sBorter read lengtBs (�70 bp) tBan 
seed / BasB metBods (QBicB are recommended for read lengtBs g70 bp) (k�urroQs-3Beeler 
�lignerl n.d.). 
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+nce tBe millions of reads generated by tBe platform are aligned, tBe neRt step is to detect 

tBe variations in tBe sample QitB respect to tBe reference genome. 3Bile most of tBese variations 
are inBerited from tBe parents, tBey can also occur de novo in tBe germ cells of tBe parents or at 
some point during embryonic development. Specific detection metBodologies are used for 
different variant types, eacB of tBem Bas uniKue features tBat maEe tBem more or less easy to 
detect. FurtBermore, not all variants are detectable using all types of seKuencing. 

2ariants can be classified into tBree main groups according to tBe type of modification tBey 
produce in tBe genome and BoQ tBey are detected: single-nucleotide variants and small 
insertions/deletions� copy number variations� and genomic rearrangements (Figure 2).  

 
 

 

Figure 2. Types of variants according to the modification produced into the genome. 

 
1.3.2.1 Single-nucleotide variants and small insertions/deletions 
Single-nucleotide variants (S*2s) are variations in a single nucleotide in tBe  *� 

cBain, QBile small insertions and deletions (I* ELs) are defined as losses or gains of a small 
number of nucleotides (f50 bp). 0Bese variants are tBe most common in tBe genome (��.�� of 
all variants are S*2s or I* ELs) (1000 #enomes ProDect Consortium et al. 2015� 'atsonis et 
al. 2014). 0Bey can be categoriTed as genic (tBose tBat occur QitBin a gene) or non-genic (tBose 
located in intergenic regions). #enic variants can be subgrouped as folloQs: 

 
1. Coding variants: variants tBat occur in coding regions of tBe gene (eRons).  

a. S*2s: depending on tBe nucleotide cBange produced and tBe position QitBin tBe amino 
acid, tBese variants can be classified as folloQs: 
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i. Synonymous: tBe resulting amino acid remains tBe same (e�g�� tBe cBange 
0#C�0#T still produces a cysteine).  

ii. Missense: tBe nucleotide cBange produces a different amino acid (e�g�� tBe 
cBange 0#C�0#G produces a tryptopBan instead of a cysteine). 

iii. *onsense: tBe nucleotide cBange produces a stop codon (e�g�� tBe cBange 
0#C�0#A produces a stop codon instead of a cysteine). 

b. I* ELs: tBese are divided into tQo subgroups, depending on QBetBer tBe number of 
nucleotides inserted or deleted is a multiple of tBree: 

i. *on-framesBift
 if tBe number of inserted or deleted bases is tBree or a multiple 
of tBree, one or more neQ amino acids are generated (or deleted) but tBe rest of 
tBe seKuence is unaffected. 

ii. FramesBift: if tBe number of bases is not a multiple of tBree, tBe reading frame 
of tBe gene is altered beginning at tBe location of tBe variant. In most cases tBis 
results in tBe appearance of a premature stop codon in QBicB tBe m.*� is 
subDect to a process EnoQn as nonsense-mediated m.*� decay (*M ), 
resulting in its elimination (Lin et al. 2017). In otBer cases, a premature stop 
codon is not produced and tBe I* EL causes a cBange in tBe amino acid 
seKuence, resulting in a protein longer tBan tBe original encoded protein (tBe 
stop codon emerges doQnstream of tBe original codon). 

 
2. *oncoding variants: tBese occur in introns (intronic variants) or in cis-regulatory regions (5 

�10. and 3� 10.). 
 
3. Splice-site variants: tBese variants affect tBe consensus regions necessary for correct splicing 

of eRons.  ifferent types of consensus seKuences are involved in tBe splicing process. 0Be 
most conserved are tBose found on tBe border betQeen an eRon and an intron (splice acceptor 
and/or donor sites), QBile less conserved ones can be located botB in intronic regions (brancB 
site) or QitBin eRons: splicing enBancers (ESE) and splicing silencers (ESS) (�nna and 
MoniEa 201�). 

 
+f tBese variants, tBose tBat typically most affect gene functionality are nonsense, framesBift, 
and splice-site variants. 0Bese usually result in premature termination of transcription, and are 
tBus EnoQn as truncation variants (*g et al. 200�). 2ariants tBat result in substitution of one 
amino acid for anotBer (missense) can be totally Barmless (common polymorpBisms QitB no 
effect on tBe protein) or can lead to gain or loss of function of tBe encoded protein, QitB potential 
patBological repercussions. 0Be latter Bave loQ freKuencies and are often studied as potential 
causative mutations in rare diseases.  

Many tools are used to detect S*2s (tBe most easily detected variant type). 0Qo main 
approacBes are used, depending on tBe type of variant sougBt: (1) tBose designed to detect 
germline variants (i�e�� QBicB are inBerited from parents or arise de novo in tBe parentsn germ 
cells)� and (2) tBose designed to detect mosaic variants (i�e�� QBicB appear at some point during 
embryonic development and are tBerefore not present in all tissues) or somatic variants (QBicB 
arise after birtB in a specific tissue). 0o detect germline variants, variant callers usually apply a 
�ayesian approacB based on tBe eRpected number of reads of tBe variants (50� for 
BeteroTygous variants, 100� for BomoTygous variants). 0Bus, all variants QitB an allelic 
freKuency outside tBe ranges permitted by eacB tool are discarded as false positives. 0Be most 
Qidely used tools tBat apply tBis �ayesian approacB are S�Mtools ($eng Li 2011), Free�ayes 
(#arrison and MartB 2012) and #�0' (Mc'enna et al. 2010).  etection of somatic and mosaic 
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variants is more compleR, as tBey can Bave different allelic freKuencies. 0Be most common 
detection metBods are based eitBer on comparison of affected QitB BealtBy tissue (tBe approacB 
most often used in cancer studies, in QBicB tumor tissue can be compared QitB blood), or on 
tBe use of a set of samples from control individuals (i�e�� BealtBy individuals) to filter out 
common germline variants. 0Be algoritBms applied can be �ayesian-based (e�g�� SomaticSniper 
(Larson et al. 2012) and StrelEa (Saunders et al. 2012)), or Beuristic (e�g�� 2arScan2 ('oboldt 
et al. 2012)). 

0Be most important factors tBat can affect S*2 detection include intrinsic errors in 
seKuencing platforms (QBicB can lead to false positives), tBe type of sample seKuenced (e�g�� 
formalin-fiRed paraffin embedded (FFPE) samples are usually Kuite degraded, and tBis 
increases tBe probability of false positives and even false negatives), and, above all, a lacE of 
sufficient coverage in tBe region studied (Spencer, 6Bang, and Pfeifer 2015).  

 etection of I* ELs is cBallenging for several reasons. First, correct alignment of tBe 
seKuence reads to tBe reference genome is more difficult QBen tBere are eitBer more or feQer 
nucleotides QitB respect of tBe reference seKuence. Second, even QBen tBe reads are correctly 
placed, alignment at tBe nucleotide level is usually incorrect due to repetitive local structures, 
partial overlapping, or insufficient BigB-Kuality seKuence flanEing tBe I* EL. 0Bird, QBile 
Illumina�s sBort seKuence reads Bave a loQ overall I* EL error rate, systematic I* EL errors 
can occur, particularly in Bomopolymers (�lbers et al. 2011� Montgomery et al. 2013). 
.epetitions of all Einds complicate tBe mapping process, as tBey introduce ambiguity as regards 
tBe true position of a read, potentially reducing tBe sensitivity QitB QBicB Qe can detect I* ELs 
or otBer mutations. If not analyTed correctly, repetitions can also introduce false positives by 
suggesting tBe presence of artificial I* ELs betQeen repetitive elements and decreasing tBe 
specificity of variant calling. In particular, simple tandem repeats (S0.s) are especially difficult 
genomic seKuences to seKuence and analyTe: tBey Bave a seKuencing error rate substantially 
BigBer tBan tBat of otBer seKuences and are prone to polymerase slippage, QBicB can artificially 
eRtend or contract tBe lengtB of tBe repetitive element (*arTisi and ScBatT 2015). 

1.3.2.2 Copy number variants 
In general Bumans carry tQo copies of eacB genomic region (one inBerited from eacB 

parent). � C*2 is tBe result of an alteration in tBis number, caused by losses or gains of genetic 
material (resulting in no copies, one copy, or tBree or more copies). 0Bese variants can arise as 
a conseKuence of several different mecBanisms, one of QBicB is Bomologous recombination 
during meiosis betQeen repeated seKuences of loQ copy numbers (LC.s), specific to tBe region. 
0Be type of  *� rearrangement resulting from tBese events is a function of tBe orientation of 
repeated seKuences tBat serve as substrates for Bomologous recombination. .ecombination 
betQeen direct repetitions can lead to elimination and/or duplication of tBe genetic material 
located betQeen tBe repetitions, QBile recombination betQeen inverted repetitions results in 
inversion of tBe intermediate genomic seKuence (&. .. LupsEi 1���). C*2s present in tBe 
Buman genome cover a greater number of nucleotides and arise de novo more freKuently tBan 
S*2s (StanEieQicT and LupsEi 2010). 0Bey eRert a greater influence tBan S*2s on Buman 
evolution and genetic diversity among individuals, and Bave been implicated in susceptibility 
to several rare diseases, including autism and scBiTopBrenia. Locus-specific mutation rates for 
C*2s are in tBe range 10-4j10-5 (i�e�� 1000j10000 times greater tBan tBe corresponding rate for 
S*2s) (&ames .. LupsEi 2007). 

0o date, tQo main tools Bave been used to detect C*2s: comparative genomic 
BybridiTation (C#$ array) and single-nucleotide polymorpBism (S*P) array. 0Bese alloQ 
detection of C*2s of a minimum siTe of 30 Eb, QBicB are not detectable by cBromosomal 
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banding. �ecause tBe aforementioned tools cannot detect smaller C*2s (1j30 Eb), tBeir rates 
are liEely underestimated (.edon et al. 200�). Crucially, it is very liEely tBat C*2s QitBin tBis 
siTe range play Eey roles in tBe development of certain rare diseases. For eRample, Poultney et 
al. reported tBat up to 7� of autism cases Barbor eRon deletions of 1j30 Eb tBat potentially 
contribute to tBeir disease (Poultney et al. 2013).  etection of C*2s by *#S is tBerefore of 
utmost importance, as it is tBe only metBodology capable of detecting small C*2s. 
FurtBermore, tBe ability of *#S to detect C*2s means tBat C*2 identification can be 
incorporated into routine gene panels and 3ES analyses, QBicB can increase tBe diagnostic rate 
up to �� QitBout increasing tBe cost of tBe analysis (Pfundt et al. 2017). 

0Be metBods applied to detect C*2s differ depending on QBetBer Qe are QorEing QitB 
3#S or targeted seKuencing data. Four main approacBes can be distinguisBed: (1) paired-end 
mapping� (2) split read mapping� (3) deptB-of-coverage� and (4) de novo local assembly. In 
paired-end seKuencing tBe  *� fragments are read at botB ends, QitB a fiRed separation 
betQeen reads (EnoQn as insert siTe). 3Ben tBese reads fall near tBe breaEpoint (i�e�� tBe 
beginning or end) of a deleted area of tBe genome, tBe siTe of tBe insert is larger tBan stipulated, 
QBile in cases of duplications botB reads Bave a mucB smaller distance, and can even overlap. 
MetBods based on tBis approacB tBerefore looE for reads QitB an insert siTe distinct from tBat 
eRpected for tBe detection of C*2s ('orbel et al. 2007). Split-read metBods also use paired-
end reads, but are based on a different principle: tBe obDective of tBis approacB is to detect 
breaEpoints by looEing for reads QitB partners tBat are not mapped, or only partially mapped, 
against tBe reference genome (6.  . 6Bang et al. 2011). �lgoritBms based on deptB-of-coverage 
are based on tBe premise tBat tBe number of reads in a genomic region is proportional to tBe 
original number of copies in tBat region. 0Berefore, coverage in deleted areas is loQer (reduced 
by approRimately Balf if one copy of tBe alleles is missing and near Tero QBen tQo copies are 
missing) tBan for tBe rest of tBe genome, and is BigBer in duplicate areas (approRimately 1.5 
times BigBer if one allele is duplicated). 0Bese tBree metBodologies start QitB tBe reads already 
aligned or mapped against tBe reference genome. �y contrast, in de novo assembly metBods 
 *� fragments are reconstructed from tBe reads generated by tBe platform by assembling tBe 
reads tBat overlap one anotBer. SubseKuently, tBese assembled fragments are compared QitB 
tBe reference genome to identify regions QitB C*2s (�lEan, Coe, and EicBler 2011). 

*ot all detection metBods used in 3#S are applicable to targeted seKuencing. �ecause 
C*2s usually contain botB coding and noncoding regions, breaEpoints generally fall outside 
tBe areas seKuenced in tBese analyses, and tBerefore paired-end, split read, and de novo 
assembly metBodologies are not valid. In sucB cases tBe only appropriate metBodologies are 
tBose based on deptB-of-coverage. $oQever, unliEe 3#S tBe coverage is not uniformly 
distributed tBrougBout tBe seKuenced regions. �dditional measures are tBerefore reKuired to 
overcome tBis problem, tBe most common of QBicB is to compare coverage patterns betQeen 
tBe sample and a set of control samples seKuenced under tBe same conditions.  
 

1.3.2.3 .earrangement variants 
.earrangement variants are tBose in QBicB tBe amount of genetic material remains 

constant but is relocated tBrougBout tBe genome. 0Bis category includes inversions 
(cBromosomal rearrangements in QBicB tBe orientation of a segment is altered), translocations 
(cBromosomal segments tBat move from one genomic position to anotBer, eitBer QitBin tBe 
same cBromosome or in anotBer), and large de novo insertions (g50 bp). 0Be later can be 
subclassified as folloQs, depending on tBe type of seKuence inserted: mobile element insertions 
(MEIs)� nuclear mitocBondrial  *� insertions (*1M0s)� viral element insertions (2EIs)� and 
insertions of unspecified seKuence ('osugi et al. 201�).  
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 etection of tBese variants is based on identification of tBeir breaEpoints using tecBniKues 
sucB as paired-end mapping, split-read mapping, and de novo assembly. Most of tBese variants 
are not detectable by targeted seKuencing, as tBe breaEpoints tend to lie in noncoding areas of 
tBe genome. Moreover, tBe rearrangement variants can be present in tBe form of compleR 
rearrangements, QBicB are composed of several of tBese �canonical� variants, maEing tBeir 
detection and identification even more difficult (SancBis-&uan et al. 201�). 
 

�����  � -& )/ +-&*-&2 /&*) 
+nce tBe variants Bave been detected, tBe neRt step is to identify tBose most liEely related 

to tBe patient�s pBenotype. Most of tBe variants detected in tBe Buman genome are not directly 
implicated in any disease, at least in tBe conteRt of tBe study of rare diseases. 0Be vast maDority 
of variants are common (i�e�� are found at BigB freKuencies in tBe general population): only 1j
4� of genome variants are rare (i�e�� Bave a freKuency in tBe population of less tBan 0.5�) 
(1000 #enomes ProDect Consortium et al. 2015). 0Bis applies not only to single-nucleotide 
variants and small insertions and deletions. For eRample, ��� contains a region of � eRons 
(eRons �2j��, �0j�7, and ��j105) tBat is triplicated in tBe general population (i�e�, tBe normal 
copy number of sucB region is siR) ('iisEi et al. 201�). In fact, Conrad and colleagues estimated 
tBat tBere are 3,7�7 C*2s QitB freKuencies �5� (siTe �450 bp) in tBe European population 
(.edon et al. 200�). 0Berefore, tBe first step QBen performing variant analysis is usually to filter 
tBe common variants using multiple eRisting public databases, sucB as tBe 1000 #enomes 
ProDect (k1000 #enomes U �  eep Catalog of $uman #enetic 2ariationl n.d.), tBe ERome 
�ggregation Consortium (kER�C �roQserl n.d.), or tBe #enome �ggregation  atabase 
(k#nom� l n.d.). 

Even if Qe focus solely on rare variants, tBeir patBogenicity cannot be ensured, since many 
of tBem may Bave no impact, or no Barmful impact, on gene eRpression. 0Be results of tBe 
1000#, gnom� , and ER�C proDects provide many eRamples of tBese types of scenarios. For 
eRample, of tBe �0,70� eRomes analyTed in ER�C, 54� of tBe variants detected Qere singletons 
(i�e�� variants tBat appear only once in tBe entire database) (LeE et al. 201�). 0Be variants QitB 
tBe greatest functional impact, in addition to C*2s and rearrangement variants, are tBose tBat 
modify tBe reading pattern of tBe gene and/or tBe amino acids it encodes. $oQever, botB 
synonymous variants and tBose located in noncoding areas may be related to tBe patient�s 
pBenotype. � groQing number of studies associate tBese variants QitB clinical pBenotypes 
(Sauna and 'imcBiySarfaty 2013�  iRit, 'umar, and MoBapatra 201�� &. E. Miller et al. 201�� 
SBarma et al. 201�). 3Bile synonymous variants do not result in amino acid modifications, tBey 
are found in tBe coding areas of tBe gene and can lead to tBe appearance or disappearance of 
consensus seKuences involved in m.*� splicing, tBe stability of QBicB is conseKuently altered 
(Sauna and 'imcBi-Sarfaty 2011). 0Be same applies to noncoding gene variants: until recently 
intergenic  *� Qas EnoQn as DunE  *�, but Qe noQ EnoQ tBat it contains seKuences essential 
for tBe differential regulation of space-time gene eRpression (�arrett, FletcBer, and 3ilton 
2012).  

0Be cBromosomal position of a variant QitBin tBe gene is also important. For eRample, 25� 
of cases of idiopatBic dilated cardiomyopatBy are caused by truncation variants in !!�, and yet 
truncation variants in tBis gene Bave also been found in about 3� of BealtBy individuals. 0Be 
difference betQeen deleterious and nondeleterious truncation variants is tBeir location: tBe 
former are mainly located in tBe �-band of tBe gene, QBile tBe latter are located outside of tBat 
band (EBsan et al. 2017). 0Bere are a variety of tools used to predict tBe impact of variants on 
gene eRpression, according to tBeir position and tBe type of cBange tBey cause. Most of tBese 
tools are designed for missense variants (C+* EL (#onTWleT-PéreT and LópeT-�igas 2011), 
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Mutation0aster2 (ScBQarT et al. 2014), PoliPBen-2 (�dTBubei, &ordan, and Sunyaev 2013), 
F�0$MM (SBiBab et al. 2013))� splice-site variants (#eneSplicing (Pertea, Lin, and SalTberg 
2001), $uman Splicing Finder ( esmet et al. 200�)), and I* ELs (P.+2E�* (CBoi and CBan 
2015)). 

0Bere is general consensus regarding tBe classification of variants according to tBeir 
potential patBogenicity. 0Be �merican College of Medical #enetics (�CM#) classifies variants 
into five groups according to tBeir relationsBip QitB a specific disease: patBogenic, liEely 
patBogenic, benign, liEely benign, and of uncertain significance (.icBards et al. 2015). In 
general, in order to classify a variant as patBogenic it must be a protein-truncating variant 
(nonsense, framesBift, C*2, or otBer type of splicing variant) or a missense variant tBat 
produces an amino acid cBange previously associated QitB tBe disease, QitB a very loQ 
freKuency in databases, not inBerited from BealtBy parents, and located in a gene for QBicB a 
relationsBip QitB tBe disease is Qell documented. �ltBougB tBere are some specific guidelines 
for C*2 classification ('earney et al. 2011), tBe maDority of eRisting guides for variant 
classification are oriented toQards S*2s and I* ELs, as tBese are tBe most Qidely studied 
variants. 

+n tBe otBer Band, several studies Bave linEed tBe presence of C*2s QitB cBanges in tBe 
eRpression of genes located QitBin or near tBe C*2 ($enricBsen, CBaignat, and .eymond 
200�). C*2s are implicated in numerous rare diseases, including autism spectrum disorder 
('usBima et al. 201�� 5ingDun et al. 2017� Pinto et al. 2014), scBiTopBrenia (MarsBall et al. 
2017� SriretnaEumar et al. 201�� �vramopoulos 201�), intellectual disability (Cooper et al. 
2011� #ilissen et al. 2014), and several neurodevelopment diseases (0Bygesen et al. 201�� 
$eBir-'Qa et al. 2011� 0aEumi and 0amada 201�). Pfundt and collaborators performed C*2 
analyses on 2,�03 samples from patients QitB various diseases of genetic origin 
(neurodevelopmental, movement, metabolic disorders, etc.), and detected clinically relevant 
C*2s in 123 samples (Pfundt et al. 2017). �n estimated 15� to 20� of cases of 
neurodevelopmental disorders, including intellectual disability and autism spectrum disorder, 
can be attributed to C*2s ( . 0. Miller et al. 2010). In fact, analysis of C*2s by cBromosomal 
microarray (MC�) is considered a first-line test for tBe clinical diagnosis of patients QitB 
intellectual disability of unEnoQn cause (MoescBler, SBevell, and #enetics 2014). $oQever, a 
groQing number of studies indicate tBat 3ES and 3#S are of greater diagnostic utility tBan 
CM�: a meta-analysis conducted by ClarE et al. reported tBat tBe probability of establisBing 
diagnosis using 3ES or 3#S is up to �.3 times BigBer tBan tBat QitB CM�, suggesting tBat 
tBese approacBes sBould be considered first-line tests for tBe diagnosis of diseases of genetic 
origin (ClarE et al. 201�). It sBould be noted tBat tBe presence of C*2s is not alQays associated 
QitB disease. In tBe genomes of BealtBy individuals 6arrei et al. identified 107 coding genes 
from QBicB at least �5� of eRons Qere deleted in BomoTygosis, suggesting tBat removal of 
tBese genes Bas no pBenotypic conseKuences (6arrei et al. 2015). 0Bis BigBligBts anotBer 
problem encountered in sucB analyses: altBougB a variant may Bave a significant impact on tBe 
gene, not all genes are eKually sensitive to variation. Certain genes can tolerate large variations 
in tBeir structure QitB no patBological conseKuences, QBile in otBers mucB smaller cBanges can 
lead to disease. 

So far, Qe Bave focused primarily on Mendelian diseases, in QBicB variants in a single gene 
give rise to disease (also EnoQn as monogenic diseases). $oQever, not all diseases are caused 
by variations in a single gene: some arise from combinations of variants in different genes 
(oligogenic diseases). 0Be simplest forms of oligogenic disease are digenic diseases, of QBicB 
several types are described: classic, pseudo-digenic, or combinations of tQo different 
Mendelian diseases ( eltas 201�). Classic digenic diseases are tBose in QBicB tBe disease only 
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manifests QBen tBe patient carries tQo variants in tQo distinct genes. 0ang and colleagues 
described one sucB scenario in tBeir study of a family of CBinese origin, tQo members of QBicB 
Bad early-onset ParEinson�s disease. 0Be affected family members eacB carried tQo variants, 
one in ���� (also EnoQn as �����) and anotBer in �����, QBile otBer family members QBo 
carried only one of tBe variants Qere unaffected (0ang et al. 200�). Pseudo-digenic diseases are 
tBose in QBicB a variant in one gene produces tBe disease, QBile a variant in anotBer gene 
modifies tBe pBenotype. For eRample, in cystic fibrosis patients QBo are BomoTygous for tBe 
PBe50�del variant in ��!�, tBe presence of a variant in !���� modifies tBe disease pBenotype, 
increasing tBe risE of developing severe lung disease ( rumm et al. 2005). Finally, 
combinations of tQo different Mendelian diseases caused by variants in distinct genes can also 
be considered digenic. In a retrospective study of 7,374 patients, Posey and coQorEers reported 
�7 cases of combinations of tQo distinct diseases caused by variants in different genes. 0Bese 
diseases can Bave very different pBenotypes. +ne sucB eRample concerned a patient carrying 
variants in ������ and �
��, QBicB cause tQo diseases QitB very different clinical 
cBaracteristics: Coffin-Siris syndrome 1 and Bemolytic anemia, respectively. �lternatively, tBe 
pBenotypes of tBe tQo diseases can overlap, as observed in anotBer case in QBicB a patient 
carried variants in ����� and  ����, QBicB respectively gave rise to tQo types of epileptic 
encepBalopatBy: epileptic encepBalopatBy, early infantile, 7� and epileptic encepBalopatBy, 
early infantile, 13 (Posey et al. 2017). 

'im and collaborators Bave proposed a metBod to detect diseases QitB oligogenic 
inBeritance (�. 'im et al. 201�), and Bave used tBis approacB to identify genes involved in 
BoloprosencepBaly, demonstrating tBat tBe appearance of tBis disease is a conseKuence of tBe 
combined effects of multiple variants. First, tBe autBors did not prioritiTe variants according to 
eRisting guidelines for tBe identification of patBogenic or liEely patBogenic variants, as tBese 
are oriented toQards Mendelian diseases and generally rule out all variants tBat cannot alone 
give rise to tBe disease. Secondly, tBey focused tBeir analysis on all genes potentially (even 
remotely) related to a pBenotype similar to tBat of disease under study, or tBose QitB eRpression 
patterns tBat resemble tBat of tBe disease of interest. Finally, using a large coBort of botB patients 
and BealtBy controls, tBey looEed for sets of tQo or more rare variants in tBe prioritiTed genes 
in patients (eitBer variants inBerited from eacB parent, or de novo variants) tBat did not appear 
in tBe same combination in tBe controls.  



 
 
 

�� O��ECTI�ES 
 
��� MAIN O��ECTI�E 
0Be main goal of tBis tBesis is tBe development of specific tools for tBe analysis of data produced 
by targeted *#S tecBnologies. 0Bese tools Qould facilitate genetic diagnosis of rare diseases, 
optimiTe tBe detection and prioritiTation of S*2s, I* ELs, and C*2s, and minimiTe tBe 
occurrence of false negatives and false positives. 
 
��� S�ECI�IC O��ECTI�ES 
0o acBieve tBis main obDective, tBe folloQing specific goals Qere defined: 
 
a. Identify genes QitB tBe BigBest and loQest tolerance to S*2s and I* ELs, and implement 

a metBodology for tBe prioritiTation of tBese variants based on tBeir potential patBogenicity 
(3.1). 

 
b. Evaluate currently eRisting algoritBms and tools for C*2 detection tBat are applicable to 

targeted *#S data (3.2). 
 
c. Identify tBe possible causes of variability in tBe coverage patterns betQeen tBe samples 

obtained by targeted seKuencing analysis, and develop of a metBod for C*2 detection based 
on tBe comparison of sucB coverage patterns betQeen samples (3.3). 
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�� GENERA� DISC�SSION 
 
0Be analysis of *#S output data is not trivial: for eacB type of variant tBere are different 
limitations in terms of detection and prioritiTation. 0Be easiest variants to identify are S*2s 
and I* ELs, but prioritiTation of tBese variants remains problematic. 0o determine tBe possible 
patBogenicity of tBe variants detected, it is essential to evaluate tBeir potential functional 
impact, taEing into account tBe type of variant in Kuestion and tBeir genomic position. 0Bis type 
of evaluation is common practice in tBe analysis of S*2s and I* ELs, as evidenced by tBe 
large number of available tools for tBeir evaluation in silico (C+* EL, $uman Splicing Finder, 
Mutation0aster2, PoliPBen-2, F�0$MM, #eneSplicer, P.+2E�*, etc.). Evaluation of tBe 
mutational tolerance of eacB gene is eKually important but mucB less common. *ot all genes 
are eKually tolerant. In some tBe presence of a variant can be tBe sole cause of a disease, QBile 
in otBers tBe presence of one or more variants Bas no patBological conseKuences. In our article 
�rioriti<ation of "ariants �etected by �e:t �eneration  e3uencing �ccording to the �utation 
!olerance and �utational �rchitecture of the �orresponding �enes (3.1), Qe presented an 
approacB for tBe evaluation of mutational tolerance based on tBe ratio of missense variants to 
tBe total number of missense and synonymous variants detected in eacB gene. In principle, 
missense variants Bave a greater impact on tBe gene tBan synonymous variants. 0Berefore, in 
genes QitB loQer mutational tolerance tBe proportion of tBe former is eRpected to be smaller, 
since negative selection acts on tBese genes to restrict tBe perpetuation of variants QitB a greater 
functional impact. Similarly, genes QitB greater mutational tolerance Qill contain a larger 
proportion of missense tBan synonymous variants, since tBe presence of tBe former does not 
affect gene functionality and tBerefore negative selection does not occur. 3Bile EnoQledge of 
mutational tolerance is BigBly valuable for variant prioritiTation, it sBould be borne in mind tBat 
gene siTe affects tBe probability of randomly detecting a rare variant. 0Bus, altBougB tQo genes 
may be eKually tolerant of mutations, tBere Qill be a greater probability of encountering rare 
missense variants in tBe larger gene. 0Berefore, to analyTe variants in eacB gene Qe must taEe 
into account tBe probability of detecting rare variants in tBe gene in Kuestion (based on tBeir 
freKuency in a control population) as Qell as tBe genens tolerance to tBe presence of missense 
variants. Conservation of tBe nucleotide in QBicB tBe variant is found is, in turn, of vital 
importance in determining its possible patBogenicity. 0Be presence of missense variants located 
in very poorly conserved regions of genes sBould be interpreted QitB caution, as it is possible 
tBat tBeir presence Bas no patBogenic conseKuences. Conversely, variants tBat tBeoretically Bave 
no deleterious effects (e�g�� synonymous variants) but are located in BigBly conserved regions 
sBould be studied in greater detail, as tBey may impair correct eRpression of tBe gene. �notBer 
important factor QBen prioritiTing tBe variants detected is tBe mutational arcBitecture of tBe 
gene in QBicB tBey are found. *ot all genes are eKually sensitive to all types of mutations. 
Certain genes (e�g�� !!��  #���) can tolerate multiple rare missense variants, but undergo 
alterations in functionality in tBe presence of only one or tQo truncation (framesBift, nonsense) 
variants. In otBer genes (e�g�� �����) truncation variants are not especially deleterious, yet tBe 
presence of a tBeoretically less Barmful variant (e�g�� a missense variant) can give rise to a very 
severe pBenotype. In some genes (e�g�� !��	) different types of variants can produce different 
pBenotypes, ranging from mild to severe. 0Berefore, in-deptB EnoQledge of tBe genes being 
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analyTed, tBeir tolerance to different types of variants, and tBe relationsBip betQeen tBe genomic 
position of variants and tBe different resulting pBenotypes is crucial QBen prioritiTing and 
interpreting tBe results obtained from *#S assays. �fter prioritiTation of tBe variants tBat are 
most liEely implicated in tBe patientns pBenotype, it is necessary to determine QBetBer tBey are 
inBerited or Bave arisen de novo (in tBe case of dominant or 4-linEed inBeritance genes). �e 
novo variants Bave not been subDect to negative selection, and are tBe most liEely to contribute 
to tBe patientns pBenotype, particularly dominantly inBerited genes. 0Berefore, a family study 
of tBe prioritiTed variants (analysis of tBe parents and, QBere possible, tBe siblings of tBe indeR 
case) is essential for correct interpretation of tBe results obtained. In cases in QBicB tBere is a 
previous family medical Bistory it is essential to evaluate cosegregation of tBe variant QitB tBe 
pBenotype under study. 

0argeted *#S enables tBe detection of C*2s, in addition to S*2s and I* ELs. 3Bile 
S*2s and I* ELs are relatively easy to detect (especially S*2s), C*2 detection is more 
compleR. Multiple tools Bave been developed to detect tBis type of variant. Most are 3#S-
based. 0Bose specially designed to QorE QitB targeted *#S data typically compare coverage 
patterns betQeen samples to detect areas in QBicB genetic material Bas been lost or gained. 0Be 
main difference betQeen tBe various metBods lies in tBe metBodology used to maEe tBese 
comparisons, and tBe process used to filter tBe results and rule out false positives. ConseKuently, 
not all C*2 detection tools are eKually sensitive for all variant types. Some detect deletions 
better tBan duplications, QBile otBers are more sensitive to larger variants (in terms of tBe 
number of eRons covered and tBe number of base pairs). It is essential to identify tBe strengtBs 
and QeaEnesses of eacB tool in order to select tBe most appropriate tool for tBe specific analysis 
to be performed. +btaining a sufficient number of samples QitB clearly identified C*2s in 
order to test a given tool poses a significant cBallenge. In our article �ree�access copy�number 
variant detection tools for targeted ne:t�generation se3uencing data (3.2) Qe presented a 
metBodology for tBe generation of simulated C*2-containing samples, QBicB Qe tBen used to 
evaluate tBe most commonly used C*2 detection tools. � notable problem tBat arises QBen 
attempting to detect variants by comparing coverage patterns is tBe presence of biases in 
coverage patterns (e�g�� biases generated by #C content, tBe presence of repetitive seKuences, 
or tBe type of seKuencer used). It is tBerefore important to cBoose a simulator tBat can reproduce 
tBis variability. $oQever, it is impossible to fully reproduce tBe compleRity of real samples, 
and tBerefore results obtained QitB artificial samples sBould be considered a best-case scenario 
(C*2 detection metBods Qill generally produce poorer results QitB real samples tBan QitB 
simulated samples). 0Bis does not mean tBat tBe results obtained QitB artificial samples cannot 
be eRtrapolated. 0Bese data can be used to deduce general trends. If a tool detects deletions 
mucB better tBan duplications, or Bas problems detecting small C*2s, tBe same effect can be 
eRpected QitB real samples. 3Bat cannot be assumed is tBat tBe sensitivity and specificity are 
comparable in botB scenarios. �ased on tBe results obtained QitB tBe simulated samples tBat Qe 
generated, Qe can reacB several global conclusions. First, tBe best results are obtained QitB 
greater mean deptB-of-coverage. 0Bis is unsurprising: tBe loQer tBe coverage tBe greater tBe 
liEeliBood tBat tBe area containing tBe C*2 is poorly covered (increasing tBe liEeliBood of false 
negatives). Poorly covered areas can also produce false positives. Second, in general C*2s tBat 
are larger (in terms of eRon number) are easier to detect tBan smaller C*2s. 0Bis may be due 
to tBe fact tBat tBe loQer tBe number of eRons contained in a C*2, tBe greater tBe liEeliBood 
tBat tBey Qill not be detected due to bacEground noise and BigB variability, among otBer factors. 
�notBer potential eRplanation is tBat most tools prioritiTe larger C*2s to reduce tBe liEeliBood 
of false positives, most of QBicB are single-eRon variants. �notBer conclusion Qe can draQ 
from tBese comparisons is tBat most tools detect deletions better tBan duplications. �ecause 



#E*E.�L  ISC1SSI+* 

 
�7 

C*2 detection is based on differences in coverage it is unsurprising tBat duplications (QBicB 
generally consist of 3 instead of 2 copies, resulting in a ratio betQeen tBe duplicated area and 
tBe normal of around 1.5) are more difficult to detect tBan deletions (in QBicB tBere is 1 copy 
instead of 2, and tBus tBe ratio betQeen deleted and normal Tone is 0.5), as tBe differences are 
more subtle. Finally, tBe presence of more tBan one C*2 in tBe same sample (duplications 
and/or deletions in different genes) Bas varying effects depending on tBe tool used: in general 
kcompoundl C*2s (multiple C*2s in tBe same sample) are easier (or eKually easy) to detect 
tBan ksimplel C*2s (one C*2 per sample). It sBould be noted tBat combinations of several 
factors can bias tBe results obtained. �otB compound and simple C*2s can include small-and 
large-siTed C*2s, duplications, and deletions, and tBerefore tBe results obtained may be 
influenced by parameters otBer tBan C*2 type (compound or simple). �ecause none of tBe 
tools analyTed can detect all tBe variants in tBe simulated samples, and in order to increase 
detection sensitivity, Qe combined several tools in an attempt to reduce tBe number of false 
negatives obtained. 0o tBis end, Qe considered a region to be positive if it Qas detected by at 
least tBree distinct tools. 0Be results obtained Qere not very encouraging: Qe found tBat to 
acBieve maRimum sensitivity it Qas necessary to combine at least � different tools, significantly 
increasing tBe computational cost of tBe analysis. 

0o address tBe multiple sBortcomings of eRisting tools for C*2 detection (difficulty 
detecting small C*2s and duplications, BigB numbers of false positives, etc.), Qe Bave 
developed a program for C*2 detection based on tBe comparison of coverage patterns betQeen 
samples. 0Bis tool is described in tBe article �att�ec
 �n easy�to�use ��" detection tool 
optimi<ed for targeted ��  assays 9ith diagnostic purposes (3.3). Patt.ec is specifically 
designed to analyTe data obtained from gene panel seKuencing, and its main obDective is to 
detect C*2s tBat Bave eitBer arisen de novo or Bave loQ freKuencies in tBe population. Patt.ec 
offers several advantages over eRisting tools: it is not necessary to separate samples from female 
and male patients QBen analyTing genes located on tBe 4 cBromosome (due to tBe normaliTation 
process used)� users can opt to eRclude from tBe analysis regions containing EnoQn 
polymorpBic C*2s� tBe program generates a database in QBicB tBe results of tBe different 
analyses performed are stored (alloQing rapid identification of regions tBat contain large 
numbers of positives and are tBerefore liEely regions QitB BigB variability, as Qell as 
polymorpBic C*2s in tBe population)� tBe false positive rate is reduced by performing tBe same 
analysis on several copies of tBe test and control samples at sligBtly less tBan mean coverage 
(altBougB tBis considerably increases tBe computational time)� tBe default output file is in :ls: 
format QitB a color code to facilitate interpretation (altBougB users can cBoose plain teRt files 
if tBey QisB to use tBe data as input for anotBer program)� and tBe program features an intuitive, 
user-friendly grapBical user interface (#1I), QBicB alloQs pre-analysis adDustment of various 
parameters (e�g�� minimum coverage reKuired for control samples in eacB region, percentage 
reKuired to define a duplication or a deletion). 0o compare tBe performance of Patt.ec QitB 
eRisting tools Qe analyTed samples from public repositories (tBe 1000 #enomes proDect) as Qell 
as tBose provided by otBer laboratories in QBicB C*2s Bad been identified using otBer metBods. 
Patt.ec sBoQed sligBtly greater sensitivity tBan otBer tools, and more effectively detected small 
(single-eRon) C*2s. In analyses run using publicly available samples, all tBe tools performed 
poorly. 0Bis is because tBe kinternall samples and tBeir respective controls Qere seKuenced in 
tBe best possible conditions to reduce inter-sample variability (i�e�� Qere processed at tBe same 
time, in tBe same laboratory, using tBe same seKuencing Eit), QBicB is not possible in tBe case 
of samples from public repositories. 0Bis BigBligBts tBe importance of minimiTing factors tBat 
can generate bias and variability betQeen samples, since all C*2 detection programs based on 
tBe comparison of coverage patterns reKuire a BigB degree of similarity betQeen samples in 
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order to produce optimal results. �ltBougB tBe results obtained in analyses of samples 
seKuenced under optimal conditions are very promising, tBe results sBould alQays be 
corroborated using ortBogonal metBods (e�g�� KPC.), since false positives due to intrinsic 
seKuencing-related issues cannot be ruled out, especially in cases of single-eRon C*2s. 0Be 
greatest limitation of tBe Patt.ec metBod is tBat it Qas not created for use QitB large gene panels, 
and tBerefore it cannot be recommended for use QitB 3ES data. �ecause tBe main obDective 
QBen creating tBe program Qas to acBieve tBe BigBest sensitivity possible (especially for small 
C*2s, even single-eRon variants), its application to 3ES data results in many false positives, 
since 3ES does not offer tBe same degree of stability (in terms of coverage patterns) as gene 
panels. 

In summary, tBe goal of eacB of tBe tBree articles presented Bere Qas to optimiTe tBe 
diagnosis of rare diseases tBrougB tBe use of targeted seKuencing data, providing a global 
metBodology for tBe analysis of tBese Eind of data. 



 
 
 

�� CONC��SIONS AND ��T�RE RESEARC� 
 
��� CONC��SIONS 
0Bis tBesis presents a global metBodology for tBe analysis of *#S data to facilitate diagnosis 
of rare diseases. #iven tBat gene panels are tBe most commonly used analytical approacB for 
diagnostic studies of rare diseases, tBe main obDective Qas to optimiTe tBe identification and 
filtering of all variants tBat can be identified using tBis type of seKuencing. �ecause tBere are 
already a variety of tools designed for tBe detection of S*2s and I* ELs tBat produce good 
results, Qe cBose to QorE QitB eRisting tools and focused on optimiTing tBe filtering process, in 
terms of botB tBe variant and tBe gene in QBicB it is located. Currently available tools for tBe 
detection of tBe otBer variant type found in tBese analyses, C*2s, are less Qell optimiTed for 
targeted *#S data. 0Bese tools are relatively neQ and, as discussed above, Bave various 
sBortcomings tBat maEe tBem inappropriate for use in clinical diagnosis. 0o address tBis need, 
Qe Bave created a specific tool for tBe detection of C*2s in tBe conteRt of gene panel analysis. 
0Bis tool offers greater sensitivity, especially for tBe detection of small C*2s, QBicB are more 
liEely implicated in tBe development of rare diseases. 
 
��� ��T�RE RESEARC� 
0Be main draQbacE of tBe metBodology presented Bere is tBe applicability to clinical practice 
of tBe results obtained. �ecause gene panels are tBe most commonly used analytical tool for tBe 
study of rare diseases, tBe results presented Bere focus on variants tBat can be detected using 
gene panels. $oQever, 3ES is increasingly used in routine practice in centers tBat study tBese 
types of diseases, and altBougB far from Qidespread a groQing number of centers perform 
3#S, QBicB alloQs tBe identification of variants not detectable using otBer types of analysis. 

0Be folloQing are tBe neRt steps reKuired to optimiTe tBe genetic diagnosis of rare diseases: 
 

1. Identification of non-Mendelian (oligogenic) inBeritance  
�ltBougB tBis is tBeoretically possible using gene panel analysis, Qe believe tBat for correct 

identification of tBese genes it is essential to QorE QitB data produced by 3ES (or ideally 
3#S). 0Bis Qould enable analysis of tBe possible roles in rare diseases of all genes, not Dust 
tBose previously linEed to a disease in tBe literature. �ecause very large sample siTes are 
reKuired to perform tBis type of study tBe diseases tBat can be studied are limited. 0Be first 
obDective is tBe study of epilepsy, for QBicB large sample siTes can be attained relatively easily. 
Moreover, evidence suggests a digenic or oligogenic origin for many forms of epilepsy 
($empelmann et al. 200�� Marini et al. 2004). 

 
2. .ole of mosaicism in tBe development of rare diseases 

0Be studies presented Bere do not address tBe analysis of mosaic variants, oQing to tBe 
difficulty detecting and subseKuently confirming tBe presence of tBese variants. 0Be presence 
of mosaic variants Bas been linEed to several rare diseases in recent studies. Stosser et al. 
detected mosaic patBogenic variants QitB a freKuency of 3.5� in � epilepsy-associated genes 
(Stosser et al. 201�). In tBeir study, Cao and coQorEers estimated tBat 1.5� of diagnoses 
establisBed for approRimately 12,000 samples could be attributed to mosaic variants (Cao et al. 
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201�). Confirmation of tBe presence of tBese variants reKuires analysis of affected tissue. 
0Berefore, one of our future obDectives is to optimiTe detection of tBis type of variant and to 
perform tBe necessary analyses only in cases of patients in QBicB tBe presence of mosaic 
variants is strongly suspected. 

 
3. .earrangement variants and variants located in noncoding areas of tBe genome. 
Many variants are only detectable by 3#S analysis (noncoding regulatory variants and 

rearrangement variants). 0Be tQo main problems QitB tBe application of 3#S to clinical 
practice are its cost and difficulties associated QitB data analysis. 0Be groQing number of 
laboratories and companies employing tBis tecBniKue, togetBer QitB tBe gradually decreasing 
cost of analysis, leaves no doubt tBat its use Qill be Qidespread in tBe not too distant future. It 
is tBerefore important to optimiTe tBe analysis of data produced using tBis metBodology to 
enable simultaneous identification of S*2s, I* ELs, C*2s, and rearrangement variants. 
Studies of neurodevelopmental disorders (Soden et al. 2014), or in early infantile epileptic 
encepBalopatBy (+strander et al. 201�) , among otBer diseases, Bave already reported increases 
in tBe percentage of cases diagnosed tBrougB tBe use of 3#S. $oQever, tBis increase in 
diagnostic rate is limited by difficulties in determining tBe patBogenicity of rearrangement and 
intronic variants (�lfares et al. 201�). It is tBerefore essential tBat Qe broaden our EnoQledge 
tBrougB tBe study of tBese variants. 0Bis Qill reKuire tBe analysis of as many patients as possible, 
and creation of a solid pipeline for tBe detection of tBese variants. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 



 

 

�� RE�ERENCES 
 
k1000 #enomes U �  eep Catalog of $uman #enetic 2ariation.l n.d. �ccessed &une 30, 201�. 

Bttp://QQQ.internationalgenome.org/. 

1000 #enomes ProDect Consortium, �dam �uton, Lisa  . �rooEs, .icBard M.  urbin, EriE P. 
#arrison, $yun Min 'ang, &an +. 'orbel, et al. 2015. k� #lobal .eference for $uman 
#enetic 2ariation.l *ature 52� (7571): ��j74. Bttps://doi.org/10.103�/nature153�3. 

�dTBubei, Ivan,  aniel M. &ordan, and SBamil .. Sunyaev. 2013. kPredicting Functional Effect 
of $uman Missense Mutations 1sing PolyPBen-2.l Current Protocols in $uman 
#enetics / Editorial �oard, &onatBan L. $aines ... 7et �l.8 0 7 (&anuary): 1nit7.20. 
Bttps://doi.org/10.1002/0471142�05.Bg0720s7�. 

�lbers, Cornelis �., #erton Lunter,  aniel #. Mac�rtBur, #ilean Mc2ean, 3illem $. 
+uQeBand, and .icBard  urbin. 2011. k indel: �ccurate Indel Calls from SBort-.ead 
 ata.l #enome .esearcB 21 (�): ��1j73. Bttps://doi.org/10.1101/gr.11232�.110. 

�lfares, �Bmed, 0agBrid �loraini, Lamia �l Subaie, �bdulelaB �lissa, �Bmed �l -udsi, 
�Bmed �laBmad, Fuad �l Mutairi, et al. 201�. k3Bole-#enome SeKuencing +ffers 
�dditional but Limited Clinical 1tility Compared QitB .eanalysis of 3Bole-ERome 
SeKuencing.l #enetics in Medicine 20 (11): 132�j33. 
Bttps://doi.org/10.103�/gim.201�.41. 

�lEan, Can, �radley P. Coe, and Evan E. EicBler. 2011. k#enome Structural 2ariation 
 iscovery and #enotyping.l *ature .evieQs #enetics 12 (5): 3�3j7�. 
Bttps://doi.org/10.103�/nrg2�5�. 

�nna, �bramoQicT, and #os MoniEa. 201�. kSplicing Mutations in $uman #enetic  isorders: 
ERamples,  etection, and Confirmation.l &ournal of �pplied #enetics 5� (3): 253j��. 
Bttps://doi.org/10.1007/s13353-01�-0444-7. 

�rif, �eenisB, 'isBore .. 'umar, PBilip Seibler, Franca 2ulinovic, �mara Fatima, Susen 
3inEler, #udrun *brnberg, et al. 2013. k� *ovel +P�3 Mutation .evealed by ERome 
SeKuencing: �n ERample of .everse PBenotyping.l &�M� *eurology 70 (�): 7�3j�7. 
Bttps://doi.org/10.1001/Damaneurol.2013.1174. 

�vramopoulos,  imitrios. 201�. k.ecent �dvances in tBe #enetics of ScBiTopBrenia.l 
Molecular *europsycBiatry 4 (1): 35j51. Bttps://doi.org/10.115�/0004���7�. 

�accBelli, CBiara, and $yQel &. 3illiams. 201�. k+pportunities and 0ecBnical CBallenges in 
*eRt-#eneration SeKuencing for  iagnosis of .are Pediatric  iseases.l ERpert .evieQ 
of Molecular  iagnostics 1� (10): 1073j�2. 
Bttps://doi.org/10.10�0/1473715�.201�.1222�0�. 



I.I� .+C� +0E.+ 

 

 

102 

 

 
 
 

�acEenrotB,  aniel, &ason $omsy, Laura .. Murillo, &oe #lessner, EdQin Lin, Martina 
�ruecEner, .icBard Lifton, EliTabetB #oldmuntT, 3endy '. CBung, and 5ufeng SBen. 
2014. kC�*+ES:  etecting .are Copy *umber 2ariants from 3Bole ERome 
SeKuencing  ata.l *ucleic �cids .esearcB 42 (12): e�7. 
Bttps://doi.org/10.10�3/nar/gEu345. 

�arrett, Lucy 3., Sue FletcBer, and Steve  . 3ilton. 2012. k.egulation of EuEaryotic #ene 
ERpression by tBe 1ntranslated #ene .egions and +tBer *on-Coding Elements.l 
Cellular and Molecular Life Sciences �� (21): 3�13j34. 
Bttps://doi.org/10.1007/s0001�-012-0��0-�. 

�artenBagen, CBristopB, and Martin  ugas. 2013. k.S2Sim: �n ./�ioconductor PacEage for 
tBe Simulation of Structural 2ariations.l �ioinformatics (+Rford, England) 2� (13): 
1�7�j�1. Bttps://doi.org/10.10�3/bioinformatics/btt1��. 

�atTer, MarE �., and Prescott L.  eininger. 2002. k�lu .epeats and $uman #enomic 
 iversity.l *ature .evieQs #enetics 3 (5): 370j7�. Bttps://doi.org/10.103�/nrg7��. 

k�io-I0 3orld.l n.d. �ccessed &une 24, 201�. Bttps://QQQ.bio-itQorld.com. 

�onne, #isZle, FranXois .ivier, and  alil $amroun. 201�. k0Be 201� 2ersion of tBe #ene 
0able of *euromuscular  isorders (*uclear #enome).l *euromuscular  isorders 2� 
(12): 1031j�3. Bttps://doi.org/10.101�/D.nmd.201�.0�.00�. 

�oycott, 'ym M., Megan .. 2anstone,  ennis E. �ulman, and �leR E. Mac'enTie. 2013. 
k.are- isease #enetics in tBe Era of neRt-#eneration SeKuencing:  iscovery to 
0ranslation.l *ature .evieQs. #enetics 14 (10): ��1j�1. 
Bttps://doi.org/10.103�/nrg3555. 

�urroQs, M, and  avid & 3Beeler. n.d. k� �locE-Sorting Lossless  ata Compression 
�lgoritBm,l 24. 

k�urroQs-3Beeler �ligner.l n.d. �ccessed &une 24, 201�. Bttp://bio-bQa.sourceforge.net/. 

CanTar, Stefan, and Steven L. SalTberg. 2017. kSBort .ead Mapping: �n �lgoritBmic 0our.l 
Proceedings of tBe IEEE 105 (3): 43�j5�. 
Bttps://doi.org/10.110�/&P.+C.2015.2455551. 

Cao, 5e, Mari &. 0oEita, EdQard S. CBen, .aDarsBi #BosB, 0iansBeng CBen, 5anming Feng, 
EliTabetB #orman, et al. 201�. k� Clinical Survey of Mosaic Single *ucleotide 2ariants 
in  isease-Causing #enes  etected by ERome SeKuencing.l #enome Medicine 11 (1): 
4�. Bttps://doi.org/10.11��/s13073-01�-0�5�-2. 

CBen, 5ong, Li 6Bao, 5i 3ang, Ming Cao, 2iolet #eloQani, MingcBu 4u, Smriti �. �graQal, 
et al. 2017. kSeKC*2: � *ovel MetBod for Identification of Copy *umber 2ariations 
in 0argeted neRt-#eneration SeKuencing  ata.l �MC �ioinformatics 1� (1): 147. 
Bttps://doi.org/10.11��/s12�5�-017-15��-3. 



.EFE.E*CES 

 
103 

CBoi, 5ongQooE, and �gnes P. CBan. 2015. kP.+2E�* 3eb Server: � 0ool to Predict tBe 
Functional Effect of �mino �cid Substitutions and Indels.l �ioinformatics 31 (1�): 
2745j47. Bttps://doi.org/10.10�3/bioinformatics/btv1�5. 

ClarE, MicBelle M., 6ornitTa StarE, Lauge Farnaes, 0iong 5. 0an, Susan M. 3Bite,  avid 
 immocE, and StepBen F. 'ingsmore. 201�. kMeta-�nalysis of tBe  iagnostic and 
Clinical 1tility of #enome and ERome SeKuencing and CBromosomal Microarray in 
CBildren QitB Suspected #enetic  iseases.l *pD #enomic Medicine 3 (1): 1j10. 
Bttps://doi.org/10.103�/s41525-01�-0053-�. 

Cooper, #regory M., �radley P. Coe, SantBosB #iriraDan, &ill �. .osenfeld, 0iffany 2u, Carl 
�aEer, CBarles 3illiams, et al. 2011. k� Copy *umber 2ariation Morbidity Map of 
 evelopmental  elay.l *ature #enetics 43 (�): �3�. Bttps://doi.org/10.103�/ng.�0�. 

 anielsson, 'rissi, LieQ &un Mun, �manda Lordemann, &immy Mao, and CBeng-$o &immy 
Lin. 2014. k*eRt-#eneration SeKuencing �pplied to .are  iseases #enomics.l ERpert 
.evieQ of Molecular  iagnostics 14 (4): 4��j�7. 
Bttps://doi.org/10.15��/1473715�.2014.�0474�. 

 eltas, C. 201�. k igenic InBeritance and #enetic Modifiers.l Clinical #enetics �3 (3): 42�j
3�. Bttps://doi.org/10.1111/cge.13150. 

 esmet, FranXois-+livier,  alil $amroun, Marine Lalande, #Qena[lle Collod-�éroud, Mireille 
Claustres, and CBristopBe �éroud. 200�. k$uman Splicing Finder: �n +nline 
�ioinformatics 0ool to Predict Splicing Signals.l *ucleic �cids .esearcB 37 (�): e�7j
e�7. Bttps://doi.org/10.10�3/nar/gEp215. 

 iRit, .itu, �sBoE 'umar, and �BagyalaRmi MoBapatra. 201�. kImplication of #�0�4 
Synonymous 2ariants in Congenital $eart  isease: � CompreBensive in-Silico 
�pproacB.l Mutation .esearcB/Fundamental and Molecular MecBanisms of 
Mutagenesis �13 (&anuary): 31j3�. Bttps://doi.org/10.101�/D.mrfmmm.201�.12.002. 

 rumm, MitcBell L., MicBael 3. 'onstan, MarE  . ScBlucBter, �llison $andler, .Bonda Pace, 
Fei 6ou, Maimoona 6ariQala, et al. 2005. k#enetic Modifiers of Lung  isease in Cystic 
Fibrosis.l *eQ England &ournal of Medicine 353 (14): 1443j53. 
Bttps://doi.org/10.105�/*E&Moa0514��. 

EBsan, MeBroT, $e &iang, 'ate L.0Bomson, and 'atDa #eBmlicB. 2017. k3Ben Signalling #oes 
3rong: PatBogenic 2ariants in Structural and Signalling Proteins Causing 
CardiomyopatBies.l &ournal of Muscle .esearcB and Cell Motility 3� (3): 303j1�. 
Bttps://doi.org/10.1007/s10�74-017-�4�7-3. 

kER�C �roQser.l n.d. �ccessed &une 30, 201�. Bttp://eRac.broadinstitute.org/. 

FliceE, Paul, and EQan �irney. 200�. kSense from SeKuence .eads: MetBods for �lignment 
and �ssembly.l *ature MetBods � (S11): S�j12. Bttps://doi.org/10.103�/nmetB.137�. 

FoQler, �nna, SBaTia MaBamdallie, Elise .uarE, SBeila Seal, Emma .amsay, MattBeQ ClarEe, 
Imran 1ddin, et al. 201�. k�ccurate Clinical  etection of ERon Copy *umber 2ariants 



I.I� .+C� +0E.+ 

 

 

104 

 

 
 
 

in a 0argeted *#S Panel 1sing  ECo*.l 3ellcome +pen .esearcB 1 (*ovember): 20. 
Bttps://doi.org/10.12���/Qellcomeopenres.100��.1. 

FoR, EdQard &, and 'ate S .eid-�ayliss. 2014. k�ccuracy of *eRt #eneration SeKuencing 
Platforms.l &ournal of *eRt #eneration SeKuencing � �pplications 01 (01). 
Bttps://doi.org/10.4172/24��-��53.100010�. 

#arrison, EriE, and #abor MartB. 2012. k$aplotype-�ased 2ariant  etection from SBort-.ead 
SeKuencing.l �r4iv:1207.3�07 7K-�io8, &uly. Bttp://arRiv.org/abs/1207.3�07. 

#ilissen, CBristian, &ayne 5. $eBir-'Qa,  Die 0DQan 0Bung, MaartDe van de 2orst, �regDe 3. 
M. van �on, MarDolein $. 3illemsen, MicBael 'Qint, et al. 2014. k#enome SeKuencing 
Identifies MaDor Causes of Severe Intellectual  isability.l *ature 511 (750�): 344j47. 
Bttps://doi.org/10.103�/nature133�4. 

k#nom� .l n.d. �ccessed &une 30, 201�. Bttps://gnomad.broadinstitute.org/. 

#onTWleT-PéreT, �bel, and *uria LópeT-�igas. 2011. kImproving tBe �ssessment of tBe 
+utcome of *onsynonymous S*2s QitB a Consensus  eleteriousness Score, Condel.l 
�merican &ournal of $uman #enetics �� (4): 440j4�. 
Bttps://doi.org/10.101�/D.aDBg.2011.03.004. 

#oodQin, Sara, &oBn  . McPBerson, and 3. .icBard McCombie. 201�. kComing of �ge: 0en 
5ears of neRt-#eneration SeKuencing 0ecBnologies.l *ature .evieQs #enetics 17 (�): 
333j51. Bttps://doi.org/10.103�/nrg.201�.4�. 

#raTiano, Claudio, �nita 3iscBmeiDer, 0ommaso Pippucci, Carlo Fusco, CBiara 
 iKuigiovanni, Margit *`uEas, Martin SauE, et al. 2015. kSyndromic Intellectual 
 isability: � *eQ PBenotype Caused by an �romatic �mino �cid  ecarboRylase #ene 
(  C) 2ariant.l #ene 55� (2): 144j4�. Bttps://doi.org/10.101�/D.gene.2015.01.02�. 

$eBir-'Qa, &ayne 5., �enDam\n .odr\gueT-Santiago, LisenEa E. 2issers, *icole de LeeuQ, 
.olpB Pfundt, &an '. �uitelaar, Luis �. PéreT-&urado, and &oris �. 2eltman. 2011. k e 
*ovo Copy *umber 2ariants �ssociated QitB Intellectual  isability $ave a Paternal 
+rigin and �ge �ias.l &ournal of Medical #enetics 4� (11): 77�j7�. 
Bttps://doi.org/10.113�/Dmedgenet-2011-100147. 

$empelmann, �nne, 'irsten P. 0aylor, �rmin $eils, Susanne LorenT, &ean-Francois 
PrudnBomme, .ima *abbout, +livier  ulac, et al. 200�. kERploration of tBe #enetic 
�rcBitecture of IdiopatBic #eneraliTed Epilepsies.l Epilepsia 47 (10): 1��2j�0. 
Bttps://doi.org/10.1111/D.152�-11�7.200�.00�77.R. 

$enricBsen, CBarlotte *., Evelyne CBaignat, and �leRandre .eymond. 200�. kCopy *umber 
2ariants,  iseases and #ene ERpression.l $uman Molecular #enetics 1� (.1): .1-�. 
Bttps://doi.org/10.10�3/Bmg/ddp011. 

kIllumina U SeKuencing and �rray-�ased Solutions for #enetic .esearcB.l n.d. �ccessed &une 
23, 201�. Bttps://emea.illumina.com/�langsel�/es/. 



.EFE.E*CES 

 
105 

kIon 0orrent - ES.l n.d. �ccessed &une 23, 201�. 
Bttps://QQQ.tBermofisBer.com/es/es/Bome/brands/ion-torrent.Btml. 

&iang, 5ucBao,  ereE �. +ldridge, SBaron &.  isEin, and *ancy .. 6Bang. 2015. kC+ E4: � 
*ormaliTation and Copy *umber 2ariation  etection MetBod for 3Bole ERome 
SeKuencing.l *ucleic �cids .esearcB 43 (�): e3�. Bttps://doi.org/10.10�3/nar/gEu13�3. 

&oBansson, Lennart F., FreerE van  iDE, Eddy *. de �oer, 'rista '. van  iDE-�os, &an  . $. 
&ongbloed, �nnemieEe $. van der $out, $elga 3esters, et al. 201�. kCo*2a I*#: 
Single ERon 2ariation  etection in 0argeted *#S  ata.l $uman Mutation 37 (5): 457j
�4. Bttps://doi.org/10.1002/Bumu.22���. 

'atsonis, Panagiotis, �manda 'oire, StepBen &osepB 3ilson, 0eng-'uei $su, .Bonald C. Lua, 
�ngela  aQn 3ilEins, and +livier LicBtarge. 2014. kSingle *ucleotide 2ariations: 
�iological Impact and 0Beoretical Interpretation.l Protein Science: � Publication of tBe 
Protein Society 23 (12): 1�50j��. Bttps://doi.org/10.1002/pro.2552. 

'earney, $utton M., EriE C. 0Borland, 'erry '. �roQn, Fabiola -uintero-.ivera, and SaraB 
0. SoutB. 2011. k�merican College of Medical #enetics Standards and #uidelines for 
Interpretation and .eporting of Postnatal Constitutional Copy *umber 2ariants.l 
#enetics in Medicine 13 (7): ��0j�5. Bttps://doi.org/10.10�7/#IM.0b013e31�2217a3a. 

'iisEi, 'irsi, 2ilma-Lotta LeBtoEari, �ri L_ytynoDa, Liina �Blstén, &enni Laitila, Carina 
3allgren-Pettersson, and 'atarina Pelin. 201�. k� .ecurrent Copy *umber 2ariation 
of tBe *E� 0riplicate .egion: +nly .evealed by tBe 0argeted *emaline MyopatBy 
C#$ �rray.l European &ournal of $uman #enetics 24 (4): 574j�0. 
Bttps://doi.org/10.103�/eDBg.2015.1��. 

'im, �rtem, Clara Savary, CBristZle  ubourg, 3ilfrid Carré, CBarlotte Mouden, $ouda 
$amdi-.oTé, $élZne #uyodo, et al. 201�. kIntegrated Clinical and +mics �pproacB to 
.are  iseases: *ovel #enes and +ligogenic InBeritance in $oloprosencepBaly.l �rain: 
� &ournal of *eurology 142 (1): 35j4�. Bttps://doi.org/10.10�3/brain/aQy2�0. 

'im, SangQoo, 'yoQon &eong, and 2ineet �afna. 2013. k3essim: � 3Bole-ERome 
SeKuencing Simulator �ased on in Silico ERome Capture.l �ioinformatics (+Rford, 
England) 2� (�): 107�j77. Bttps://doi.org/10.10�3/bioinformatics/btt074. 

'oboldt,  aniel C., -unyuan 6Bang,  avid E. Larson,  ong SBen, MicBael  . McLellan, Ling 
Lin, CBristopBer �. Miller, Elaine .. Mardis, Li  ing, and .icBard '. 3ilson. 2012. 
k2arScan 2: Somatic Mutation and Copy *umber �lteration  iscovery in Cancer by 
ERome SeKuencing.l #enome .esearcB 22 (3): 5��j7�. 
Bttps://doi.org/10.1101/gr.12���4.111. 

'orbel, &. +., �. E. 1rban, &. P. �ffourtit, �. #odQin, F. #rubert, &. F. Simons, P. M. 'im, et 
al. 2007. kPaired-End Mapping .eveals ERtensive Structural 2ariation in tBe $uman 
#enome.l Science 31� (5�4�): 420j2�. Bttps://doi.org/10.112�/science.114�504. 

'osugi, SBunicBi, 5uEiBide MomoTaQa, 4iaoRi Liu, CBiEasBi 0erao, MicBiaEi 'ubo, and 
5oicBiro 'amatani. 201�. kCompreBensive Evaluation of Structural 2ariation 



I.I� .+C� +0E.+ 

 

 

10� 

 

 
 
 

 etection �lgoritBms for 3Bole #enome SeKuencing.l #enome �iology 20 (1): 117. 
Bttps://doi.org/10.11��/s1305�-01�-1720-5. 

'rumm, *iElas, Peter $. Sudmant, �rtBur 'o, �rian &. +n.oaE, MaiEa Malig, �radley P. Coe, 
�aron .. -uinlan,  eboraB �. *icEerson, and Evan E. EicBler. 2012. kCopy *umber 
2ariation  etection and #enotyping from ERome SeKuence  ata.l #enome .esearcB 
22 (�): 1525j32. Bttps://doi.org/10.1101/gr.13�115.112. 

'usBima, Itaru, �ranEo �leEsic, MasaBiro *aEatocBi, 0eppei SBimamura, 0aEasBi +Eada, 
5ota 1no, MaEo MoriEaQa, et al. 201�. kComparative �nalyses of Copy-*umber 
2ariation in �utism Spectrum  isorder and ScBiTopBrenia .eveal Etiological +verlap 
and �iological InsigBts.l Cell .eports 24 (11): 2�3�j5�. 
Bttps://doi.org/10.101�/D.celrep.201�.0�.022. 

Langmead, �en, Cole 0rapnell, MiBai Pop, and Steven L. SalTberg. 200�. k1ltrafast and 
Memory-Efficient �lignment of SBort  *� SeKuences to tBe $uman #enome.l 
#enome �iology 10 (3): .25. Bttps://doi.org/10.11��/gb-200�-10-3-r25. 

Larson,  avid E., CBristopBer C. $arris, 'en CBen,  aniel C. 'oboldt, 0ravis E. �bbott,  avid 
&.  ooling, 0imotBy &. Ley, Elaine .. Mardis, .icBard '. 3ilson, and Li  ing. 2012. 
kSomaticSniper: Identification of Somatic Point Mutations in 3Bole #enome 
SeKuencing  ata.l �ioinformatics (+Rford, England) 2� (3): 311j17. 
Bttps://doi.org/10.10�3/bioinformatics/btr��5. 

kLas Enfermedades .aras en cifras.l n.d. �ccessed &une 22, 201�. Bttps://enfermedades-
raras.org/indeR.pBp/enfermedades-raras/enfermedades-raras-en-cifras. 

LeE, MonEol, 'onrad &. 'arcTeQsEi, Eric 2. MiniEel, 'aitlin E. SamocBa, Eric �anEs, 0imotBy 
Fennell, �nne $. +n onnell-Luria, et al. 201�. k�nalysis of Protein-Coding #enetic 
2ariation in �0,70� $umans.l *ature 53� (7�1�): 2�5j�1. 
Bttps://doi.org/10.103�/nature1�057. 

Li, $., and ..  urbin. 200�. kFast and �ccurate SBort .ead �lignment QitB �urroQs-3Beeler 
0ransform.l �ioinformatics 25 (14): 1754j�0. 
Bttps://doi.org/10.10�3/bioinformatics/btp324. 

Li, $eng. 2011. k� Statistical FrameQorE for S*P Calling, Mutation  iscovery, �ssociation 
Mapping and Population #enetical Parameter Estimation from SeKuencing  ata.l 
�ioinformatics (+Rford, England) 27 (21): 2��7j�3. 
Bttps://doi.org/10.10�3/bioinformatics/btr50�. 

Li, $eng. 2013. k�ligning SeKuence .eads, Clone SeKuences and �ssembly Contigs QitB 
�3�-MEM.l �r4iv:1303.3��7 7K-�io8, MarcB. Bttp://arRiv.org/abs/1303.3��7. 

Li, $eng, and *ils $omer. 2010. k� Survey of SeKuence �lignment �lgoritBms for *eRt-
#eneration SeKuencing.l �riefings in �ioinformatics 11 (5): 473j�3. 
Bttps://doi.org/10.10�3/bib/bbK015. 

Li, &ason, .icBard Lupat, 'ausBalya C. �marasingBe, Ella .. 0Bompson, Maria �.  oyle, 
#eorgina L. .yland, .icBard 3. 0otBill, Saman '. $algamuge, Ian #. Campbell, and 



.EFE.E*CES 

 
107 

'ylie L. #orringe. 2012. kC+*0.�: Copy *umber �nalysis for 0argeted 
.eseKuencing.l �ioinformatics (+Rford, England) 2� (10): 1307j13. 
Bttps://doi.org/10.10�3/bioinformatics/bts14�. 

kLife 0ecBnologies - ES.l n.d. �ccessed &une 23, 201�. 
Bttps://QQQ.tBermofisBer.com/es/es/Bome.Btml. 

LiEar, 0ina, Mensuda $asanBodviw, *ataua 0eran, �leu Maver, �orut Peterlin, and 'arin 
3ritTl. 201�. k iagnostic +utcomes of ERome SeKuencing in Patients QitB Syndromic 
or *on-Syndromic $earing Loss.l PL+S +*E 13 (1): e01��57�. 
Bttps://doi.org/10.1371/Dournal.pone.01��57�. 

Lin, MaoRuan, SaraB 3Bitmire, &ing CBen, �lvin Farrel, 4ingBua SBi, and &un-tao #uo. 2017. 
kEffects of SBort Indels on Protein Structure and Function in $uman #enomes.l 
Scientific .eports 7 (1): �313. Bttps://doi.org/10.103�/s415��-017-0�2�7-R. 

Lindy, �manda S., Mary �etB Stosser, EliTabetB �utler, Courtney  oQntain-PicEersgill, �nita 
SBanmugBam, 'yle .etterer, 0racy �randt, #abriele .icBard, and  ianalee �. 
Mc'nigBt. 201�. k iagnostic +utcomes for #enetic 0esting of 70 #enes in �5�5 
Patients QitB Epilepsy and *eurodevelopmental  isorders.l Epilepsia 5� (5): 10�2j71. 
Bttps://doi.org/10.1111/epi.14074. 

Liu, Lin, 5inBu Li, Siliang Li, *i $u, 5imin $e, .ay Pong,  anni Lin, LiBua Lu, and Maggie 
LaQ. 2012. kComparison of *eRt-#eneration SeKuencing Systems.l &ournal of 
�iomedicine and �iotecBnology 2012: 1j11. Bttps://doi.org/10.1155/2012/2513�4. 

Love, MicBael I., �lena MyuixEovW, .uping Sun, 2era 'alscBeuer, Martin 2ingron, and Stefan 
�. $aas. 2011. kModeling .ead Counts for C*2  etection in ERome SeKuencing 
 ata.l Statistical �pplications in #enetics and Molecular �iology 10 (1). 
Bttps://doi.org/10.2202/1544-�115.1732. 

LupsEi, &. .. 1���. k#enomic  isorders: Structural Features of tBe #enome Can Lead to  *� 
.earrangements and $uman  isease 0raits.l 0rends in #enetics: 0I# 14 (10): 417j22. 

LupsEi, &ames .. 2007. k#enomic .earrangements and Sporadic  isease.l *ature #enetics 3� 
(7 Suppl): S43-47. Bttps://doi.org/10.103�/ng20�4. 

Marini, Carla, Ingrid E. ScBeffer, 'atBryn M. Crossland, �ronQyn E. #rinton, Fiona L. 
PBillips, &acinta M. McMaBon, SamantBa &. 0urner, et al. 2004. k#enetic �rcBitecture 
of IdiopatBic #eneraliTed Epilepsy: Clinical #enetic �nalysis of 55 MultipleR 
Families.l Epilepsia 45 (5): 4�7j7�. Bttps://doi.org/10.1111/D.0013-
�5�0.2004.4��03.R. 

MarsBall, CBristian ..,  aniel P. $oQrigan,  aniele Merico, �Booma 0BiruvaBindrapuram, 
3enting 3u,  ouglas S. #reer,  anny �ntaEi, et al. 2017. kContribution of Copy 
*umber 2ariants to ScBiTopBrenia from a #enome-3ide Study of 41,321 SubDects.l 
*ature #enetics 4� (1): 27j35. Bttps://doi.org/10.103�/ng.3725. 

Mc'enna, �aron, MattBeQ $anna, Eric �anEs, �ndrey SivacBenEo, 'ristian CibulsEis, 
�ndreQ 'ernytsEy, 'iran #arimella, et al. 2010. k0Be #enome �nalysis 0oolEit: � 



I.I� .+C� +0E.+ 

 

 

10� 

 

 
 
 

Map.educe FrameQorE for �nalyTing neRt-#eneration  *� SeKuencing  ata.l 
#enome .esearcB 20 (�): 12�7j1303. Bttps://doi.org/10.1101/gr.107524.110. 

Meienberg, &anine, .émy �ruggmann, 'onrad +eRle, and #abor Matyas. 201�. kClinical 
SeKuencing: Is 3#S tBe �etter 3ES�l $uman #enetics 135 (3): 35�j�2. 
Bttps://doi.org/10.1007/s0043�-015-1�31-�. 

Miller,  avid 0., Margaret P. �dam, SQaroop �radBya, Leslie #. �iesecEer, �rtBur .. 
�rotBman, *igel P. Carter,  eanna M. CBurcB, et al. 2010. kConsensus Statement: 
CBromosomal Microarray Is a First-0ier Clinical  iagnostic 0est for Individuals QitB 
 evelopmental  isabilities or Congenital �nomalies.l 0Be �merican &ournal of 
$uman #enetics �� (5): 74�j�4. Bttps://doi.org/10.101�/D.aDBg.2010.04.00�. 

Miller, &ason E., Manu '. SBivaEumar, SBannon L. .isacBer, �ndreQ &. SayEin, Seunggeun 
Lee, 'QangsiE *Bo,  oEyoon 'im, and for tBe �lTBeimerns  isease *euroimaging 
Initiative (� *I). 201�. kCodon �ias among Synonymous .are 2ariants Is �ssociated 
QitB �lTBeimerns  isease Imaging �iomarEer.l In �iocomputing 201�, 3�5j7�. 'oBala 
Coast, $aQaii, 1S�: 3+.L  SCIE*0IFIC. 
Bttps://doi.org/10.1142/�7���1323553390034. 

MoescBler, &oBn �., MicBael SBevell, and Committee +n #enetics. 2014. kCompreBensive 
Evaluation of tBe CBild 3itB Intellectual  isability or #lobal  evelopmental  elays.l 
Pediatrics 134 (3): e�03j1�. Bttps://doi.org/10.1542/peds.2014-1�3�. 

Montgomery, StepBen �.,  avid L. #oode, EriEa 'viEstad, Cornelis �. �lbers, 6Bengdong  . 
6Bang, 4inmeng &asmine Mu, #uruprasad �nanda, et al. 2013. k0Be +rigin, Evolution, 
and Functional Impact of SBort Insertion- eletion 2ariants Identified in 17� $uman 
#enomes.l #enome .esearcB 23 (5): 74�j�1. Bttps://doi.org/10.1101/gr.14�71�.112. 

*arTisi, #iuseppe, and MicBael C. ScBatT. 2015. k0Be CBallenge of Small-Scale .epeats for 
Indel  iscovery.l Frontiers in �ioengineering and �iotecBnology 3 (&anuary). 
Bttps://doi.org/10.33��/fbioe.2015.0000�. 

*g, Pauline C., Samuel Levy, &iaKi $uang, 0imotBy �. StocEQell, �rian P. 3alenT, 'elvin Li, 
*elson �Relrod,  ana �. �usam, .obert L. Strausberg, and &. Craig 2enter. 200�. 
k#enetic 2ariation in an Individual $uman ERome.l Edited by *icBolas &. ScBorE. 
PLoS #enetics 4 (�): e10001�0. Bttps://doi.org/10.1371/Dournal.pgen.10001�0. 

+rtega-Moreno, Laura, �eatriT #. #irWldeT, 2ictor Soto-Insuga, .ebeca Losada- el PoTo, 
Mar\a .odrigo-Moreno, Cristina �larcón-Morcillo, #ema SWncBeT-Mart\n, et al. 2017. 
kMolecular  iagnosis of Patients QitB Epilepsy and  evelopmental  elay 1sing a 
CustomiTed Panel of Epilepsy #enes.l PloS +ne 12 (11): e01���7�. 
Bttps://doi.org/10.1371/Dournal.pone.01���7�. 

+strander, �etsy E. P., .ussell &. �utterfield, �rent S. Pedersen, �ndreQ &. Farrell, .yan M. 
Layer, �listair 3ard, CBase Miller, et al. 201�. k3Bole-#enome �nalysis for Effective 
Clinical  iagnosis and #ene  iscovery in Early Infantile Epileptic EncepBalopatBy.l 
*pD #enomic Medicine 3 (1): 1j10. Bttps://doi.org/10.103�/s41525-01�-00�1-�. 



.EFE.E*CES 

 
10� 

PacEer, &onatBan S., Evan '. MaRQell, Colm +n usBlaine, �leRander E. LopeT, FredericE E. 
 eQey, .ostislav CBernomorsEy, �ris �aras, &oBn  . +verton, LuEas $abegger, and 
&effrey #. .eid. 201�. kCL�MMS: � Scalable �lgoritBm for Calling Common and 
.are Copy *umber 2ariants from ERome SeKuencing  ata.l �ioinformatics (+Rford, 
England) 32 (1): 133j35. Bttps://doi.org/10.10�3/bioinformatics/btv547. 

Pertea, MiBaela, 4iaoying Lin, and Steven L. SalTberg. 2001. k#eneSplicer: � *eQ 
Computational  MetBod for Splice Site Prediction.l *ucleic �cids .esearcB 2� (5): 
11�5j�0. 

PetrovsEi, Slavé, -uanli 3ang, Erin L. $einTen, �ndreQ S. �llen, and  avid �. #oldstein. 
2013. k#enic Intolerance to Functional 2ariation and tBe Interpretation of Personal 
#enomes.l PLoS #enetics � (�): e100370�. 
Bttps://doi.org/10.1371/Dournal.pgen.100370�. 

Pfundt, .olpB, Marisol  el .osario, LisenEa E. L. M. 2issers, MicBael P. 'Qint, Irene M. 
&anssen, *icole de LeeuQ, $elger #. 5ntema, et al. 2017. k etection of Clinically 
.elevant Copy-*umber 2ariants by ERome SeKuencing in a Large CoBort of #enetic 
 isorders.l #enetics in Medicine: +fficial &ournal of tBe �merican College of Medical 
#enetics 1� (�): ��7j75. Bttps://doi.org/10.103�/gim.201�.1�3. 

Pinto,  alila, Elsa  elaby,  aniele Merico, Mafalda �arbosa, �lison MeriEangas, Lambertus 
'lei, �Booma 0BiruvaBindrapuram, et al. 2014. kConvergence of #enes and Cellular 
PatBQays  ysregulated in �utism Spectrum  isorders.l �merican &ournal of $uman 
#enetics �4 (5): �77j�4. Bttps://doi.org/10.101�/D.aDBg.2014.03.01�. 

Plagnol, 2incent, &ames Curtis, MicBael Epstein, 'in 5. MoE, Emma Stebbings, Sofia 
#rigoriadou, *icBolas 3. 3ood, et al. 2012. k� .obust Model for .ead Count  ata in 
ERome SeKuencing ERperiments and Implications for Copy *umber 2ariant Calling.l 
�ioinformatics (+Rford, England) 2� (21): 2747j54. 
Bttps://doi.org/10.10�3/bioinformatics/bts52�. 

Posey, &ennifer E., 0amar $arel, Pengfei Liu, &ill �. .osenfeld, .egis �. &ames, 6eynep $. 
Coban �Edemir, Magdalena 3alEieQicT, et al. 2017. k.esolution of  isease 
PBenotypes .esulting from Multilocus #enomic 2ariation.l *eQ England &ournal of 
Medicine 37� (1): 21j31. Bttps://doi.org/10.105�/*E&Moa151�7�7. 

Poultney, CBristopBer S., �rtBur P. #oldberg, Elodie  rapeau, 5an 'ou, $ala $arony-*icolas, 
5uDi 'aDiQara, Silvia  e .ubeis, et al. 2013. kIdentification of Small ERonic C*2 from 
3Bole-ERome SeKuence  ata and �pplication to �utism Spectrum  isorder.l 
�merican &ournal of $uman #enetics �3 (4): �07j1�. 
Bttps://doi.org/10.101�/D.aDBg.2013.0�.001. 

.edon, .icBard, SBumpei IsBiEaQa, 'aren .. FitcB, Lars FeuE, #eorge $. Perry, 0.  aniel 
�ndreQs, $eiEe Fiegler, et al. 200�. k#lobal 2ariation in Copy *umber in tBe $uman 
#enome.l *ature 444 (711�): 444j54. Bttps://doi.org/10.103�/nature0532�. 

.icBards, Sue, *aTneen �TiT, SBerri �ale,  avid �icE, Soma  as, &ulie #astier-Foster, 3ayne 
3. #rody, et al. 2015. kStandards and #uidelines for tBe Interpretation of SeKuence 



I.I� .+C� +0E.+ 

 

 

110 

 

 
 
 

2ariants: � &oint Consensus .ecommendation of tBe �merican College of Medical 
#enetics and #enomics and tBe �ssociation for Molecular PatBology.l #enetics in 
Medicine 17 (5): 405j23. Bttps://doi.org/10.103�/gim.2015.30. 

k.ocBe Life Science U 3elcome.l n.d. �ccessed &une 24, 201�. 
Bttps://QQQ.lifescience.rocBe.com/en9es.Btml. 

Salipante, StepBen &., 0oana 'aQasBima, CBristopBer .osentBal,  aniel .. $oogestraat, Lisa 
�. Cummings,  Bruba &. Sengupta, 0imotBy 0. $arEins, �rad 0. CooEson, and *oaB 
#. $offman. 2014. kPerformance Comparison of Illumina and Ion 0orrent *eRt-
#eneration SeKuencing Platforms for 1�S ..*�-�ased �acterial Community 
Profiling.l �pplied and Environmental Microbiology �0 (24): 75�3j�1. 
Bttps://doi.org/10.112�/�EM.0220�-14. 

SancBis-&uan, �lba, &onatBan StepBens, Courtney E. FrencB, *icBolas #leadall, 'aryn Mégy, 
CBristopBer PenEett, +lga SBamardina, et al. 201�. kCompleR Structural 2ariants in 
Mendelian  isorders: Identification and �reaEpoint .esolution 1sing SBort- and Long-
.ead #enome SeKuencing.l #enome Medicine 10 (1): �5. 
Bttps://doi.org/10.11��/s13073-01�-0�0�-�. 

SatBirapongsasuti, &arupon FaB, $ane Lee, �asil �. &. $orst, #eorg �runner, �listair &. 
CocBran, Scott �inder, &oBn -uacEenbusB, and Stanley F. *elson. 2011. kERome 
SeKuencing-�ased Copy-*umber 2ariation and Loss of $eteroTygosity  etection: 
ERomeC*2.l �ioinformatics (+Rford, England) 27 (1�): 2�4�j54. 
Bttps://doi.org/10.10�3/bioinformatics/btr4�2. 

Sauna, 6uben E., and CBava 'imcBi-Sarfaty. 2011. k1nderstanding tBe Contribution of 
Synonymous Mutations to $uman  isease.l *ature .evieQs. #enetics 12 (10): ��3j
�1. Bttps://doi.org/10.103�/nrg3051. 

Sauna, 6uben E., and CBava 'imcBiySarfaty. 2013. kSynonymous Mutations as a Cause of 
$uman #enetic  isease.l In ELS. �merican Cancer Society. 
Bttps://doi.org/10.1002/�7�0470015�02.a0025173. 

Saunders, CBristopBer 0., 3endy S. 3. 3ong, SaDani SQamy, &ennifer �ecK, Lisa &. Murray, 
and .. 'eira CBeetBam. 2012. kStrelEa: �ccurate Somatic Small-2ariant Calling from 
SeKuenced 0umor-*ormal Sample Pairs.l �ioinformatics (+Rford, England) 2� (14): 
1�11j17. Bttps://doi.org/10.10�3/bioinformatics/bts271. 

Savarese, Marco, �nnalaura 0orella, +limpia Musumeci, Corrado �ngelini, #uDa �strea, Luca 
�ello, Claudio �runo, et al. 201�. k0argeted #ene Panel Screening Is an Effective 0ool 
to Identify 1ndiagnosed Late +nset Pompe  isease.l *euromuscular  isorders: *M  
2� (7): 5��j�1. Bttps://doi.org/10.101�/D.nmd.201�.03.011. 

ScBQarT, &ana Marie,  avid *. Cooper, MarEus ScBuelEe, and  ominiE SeeloQ. 2014. 
kMutation0aster2: Mutation Prediction for tBe  eep-SeKuencing �ge.l *ature MetBods 
11 (4): 3�1j�2. Bttps://doi.org/10.103�/nmetB.2��0. 



.EFE.E*CES 

 
111 

SBarma, 5ogita, Milad Miladi, Sandeep  uEare, 'arine �oulay, MaiQen Caudron-$erger, 
MattBias #roc, .olf �acEofen, and Sven  iedericBs. 201�. k� Pan-Cancer �nalysis of 
Synonymous Mutations.l *ature Communications 10 (1): 25��. 
Bttps://doi.org/10.103�/s414�7-01�-104��-2. 

SBiBab, $asBem �, &ulian #ougB,  avid * Cooper, Peter   Stenson, #ary L � �arEer, 'eitB 
& EdQards, Ian * M  ay, and 0om . #aunt. 2013. kPredicting tBe Functional, 
Molecular, and PBenotypic ConseKuences of �mino �cid Substitutions 1sing $idden 
MarEov Models.l $uman Mutation 34 (1): 57j�5. Bttps://doi.org/10.1002/Bumu.22225. 

SmitB, 0.F., and M.S. 3aterman. 1��1. kIdentification of Common Molecular SubseKuences.l 
&ournal of Molecular �iology 147 (1): 1�5j�7. Bttps://doi.org/10.101�/0022-
2�3�(�1)�00�7-5. 

Soden, SaraB E., Carol &. Saunders, Laurel '. 3illig, Emily #. FarroQ, Laurie  . SmitB, &osB 
E. PetriEin, &ean-�aptiste LePicBon, et al. 2014. kEffectiveness of ERome and #enome 
SeKuencing #uided by �cuity of Illness for  iagnosis of *eurodevelopmental 
 isorders.l Science 0ranslational Medicine � (2�5): 2�5ra1��. 
Bttps://doi.org/10.112�/scitranslmed.301007�. 

Spencer,  avid $., �in 6Bang, and &oBn Pfeifer. 2015. kCBapter � - Single *ucleotide 2ariant 
 etection 1sing *eRt #eneration SeKuencing.l In Clinical #enomics, edited by 
SBasBiEant 'ulEarni and &oBn Pfeifer, 10�j27. �oston: �cademic Press. 
Bttps://doi.org/10.101�/��7�-0-12-40474�-�.0000�-3. 

SriretnaEumar, 2enuDa, Clement C. 6ai, Syed 3asim, �rianna �arsanti-Innes, &ames L. 
'ennedy, and &oyce So. 201�. kCopy *umber 2ariant Syndromes �re FreKuent in 
ScBiTopBrenia: Progressing toQards a C*2-ScBiTopBrenia Model.l ScBiTopBrenia 
.esearcB 20� (&uly): 171j7�. Bttps://doi.org/10.101�/D.scBres.201�.04.02�. 

StanEieQicT, PaQet, and &ames .. LupsEi. 2010. kStructural 2ariation in tBe $uman #enome 
and Its .ole in  isease.l �nnual .evieQ of Medicine �1: 437j55. 
Bttps://doi.org/10.114�/annurev-med-10070�-204735. 

Stosser, Mary �etB, �manda S. Lindy, EliTabetB �utler, 'yle .etterer, Caitlin M. Piccirillo-
Stosser, #abriele .icBard, and  ianalee �. Mc'nigBt. 201�. k$igB FreKuency of 
Mosaic PatBogenic 2ariants in #enes Causing Epilepsy-.elated *eurodevelopmental 
 isorders.l #enetics in Medicine: +fficial &ournal of tBe �merican College of Medical 
#enetics 20 (4): 403j10. Bttps://doi.org/10.103�/gim.2017.114. 

0aEumi, 0oru, and 'ota 0amada. 201�. kC*2 �iology in *eurodevelopmental  isorders.l 
Current +pinion in *eurobiology 4�: 1�3j�2. 
Bttps://doi.org/10.101�/D.conb.2017.12.004. 

0alevicB, Eric, �. $unter SBain, 0Bomas �otton, and �oris C. �astian. 201�. kC*2Eit: 
#enome-3ide Copy *umber  etection and 2isualiTation from 0argeted  *� 
SeKuencing.l PLoS Computational �iology 12 (4): e1004�73. 
Bttps://doi.org/10.1371/Dournal.pcbi.1004�73. 



I.I� .+C� +0E.+ 

 

 

112 

 

 
 
 

0ang, �eisBa, $ui 4iong, Ping Sun, 5uBu 6Bang,  anling 3ang, 6Bengmao $u, 6anBua 6Bu, 
et al. 200�. k�ssociation of PI*'1 and  &-1 Confers  igenic InBeritance of Early-
+nset ParEinsonns  isease.l $uman Molecular #enetics 15 (11): 1�1�j25. 
Bttps://doi.org/10.10�3/Bmg/ddl104. 

0Bygesen, &oBan $., 'ate 3olfe, �ndreQ Mc-uillin, Marina 2i]as-&ornet, *eus �aena, 
*atBalie �rison, #reet  n$aenens, et al. 201�. k*eurodevelopmental .isE Copy 
*umber 2ariants in �dults QitB Intellectual  isabilities and Comorbid PsycBiatric 
 isorders.l 0Be �ritisB &ournal of PsycBiatry: 0Be &ournal of Mental Science 212 (5): 
2�7j�4. Bttps://doi.org/10.11�2/bDp.2017.�5. 

0reangen, 0odd &., and Steven L. SalTberg. 2011. k.epetitive  *� and *eRt-#eneration 
SeKuencing: Computational CBallenges and Solutions.l *ature .evieQs. #enetics 13 
(1): 3�j4�. Bttps://doi.org/10.103�/nrg3117. 

3ang, &ie, 6Bi-&ian Lin, Liu Liu, $ai--ing 4u, 5i-3u SBi, 5ong-$ong 5i, *a $e, and 3ei-
Ping Liao. 2017. kEpilepsy-�ssociated #enes.l SeiTure, 25tB �nniversary Issue, 44 
(&anuary): 11j20. Bttps://doi.org/10.101�/D.seiTure.201�.11.030. 

5ingDun, 4ie, 5uan $aiming, 3ang Mingbang, 6Bong Liangying, 6Bou &iaRiu, Song �ing, 5in 
-ibin, and Sun 4iaofang. 2017. kCopy *umber 2ariations Independently Induce 
�utism Spectrum  isorder.l �ioscience .eports 37 (4). 
Bttps://doi.org/10.1042/�S.201�0570. 

6arrei, MeBdi, &effrey .. Mac onald,  aniele Merico, and StepBen 3. ScBerer. 2015. k� Copy 
*umber 2ariation Map of tBe $uman #enome.l *ature .evieQs. #enetics 1� (3): 172j
�3. Bttps://doi.org/10.103�/nrg3�71. 

6Bang, LinQei, 'aren *. McFarland, S. $. Subramony, 'ennetB M. $eilman, and 0etsuo 
�sBiTaQa. 2017. kSP#7 and Impaired Emotional Communication.l Cerebellum 
(London, England) 1� (2): 5�5j��. Bttps://doi.org/10.1007/s12311-01�-0�1�-5. 

6Bang, 6Bengdong  , &iang  u, $ugo Lam, �leR �byTov, �leRander E 1rban, MicBael 
Snyder, and MarE #erstein. 2011. kIdentification of #enomic Indels and Structural 
2ariations 1sing Split .eads.l �MC #enomics 12 (1). Bttps://doi.org/10.11��/1471-
21�4-12-375. 



ANNE�	 E/%&!. C*((&//## A++-*1 ' 
 

 

  Secretaria Técnica  
Comité Autonómico de Ética da Investigación de Galicia 
Secretaria Xeral. Consellería de Sanidade 
Edificio Administrativo San Lázaro 
15703 SANTIAGO DE COMPOSTELA 
Tel: 881 546425;   ceic@sergas.es 

 
 

 
DITAME DO COMITÉ DE ÉTICA DA INVESTIGACIÓN DE SANTIAGO-LUGO 

 

Juan Manuel Vázquez Lago, Secretario do Comité de Ética da Investigación de 
Santiago-Lugo 

 

CERTIFICA: 

Que este Comité avaliou na súa reunión do día 19/04/2016 o estudo: 
  

Título: Creación de una herramienta (NeuroMeGen) para el diagnóstico de 
enfermedades neurometabólicas congénitas e implementación en el SNS 
Promotor: INSCIII 
Tipo de estudo: Outros 
Código de Rexistro: 2015/410 

 
E, tomando en consideración as seguintes cuestións: 
- A pertinencia do estudo, tendo en conta o coñecemento dispoñible, así coma os requisitos 

legais aplicables, e en particular a Lei 14/2007, de investigación biomédica, o Real 
Decreto 1716/2011, de 18 de novembro, polo que se establecen os requisitos básicos de 
autorización e funcionamento dos biobancos con fins de investigación biomédica e do 
tratamento das mostras biolóxicas de orixe humana, e se regula o funcionamento e 
organización do Rexistro Nacional de Biobancos para investigación biomédica, a ORDE 
SAS/3470/2009, de 16 de decembro, pola que se publican as Directrices sobre estudos 
Posautorización de Tipo Observacional para medicamentos de uso humano, e o RD 
1090/2015, de 4 de decembro, polo que se regulan os ensaios clínicos con medicamentos, 
os Comités de Ética da Investigación con medicamentos e  Rexistro Español de Estudos 
Clínicos  

- A idoneidade do protocolo en relación cos obxectivos do estudo, xustificación dos riscos e 
molestias previsibles para o suxeito, así coma os beneficios esperados. 

- Os principios éticos da Declaración de Helsinki vixente. 
- Os Procedementos Normalizados de Traballo do Comité. 
 
Emite un INFORME FAVORABLE para a realización do estudo polo/a 
investigador/a do centro:  

 
Centros Investigadores Principais 

C.H. Universitario de Santiago María Luz Couce Pico 
 
 
En Santiago de Compostela, a 19 de abril de 2016 
O secretario 

 
 

 
 
 

Juan M. Vázquez Lago 




	OPTIMIZATION OF STATISTICAL AND BIOINFORMATIC METHODS FOR THE ANALYSIS OF NEXT GENERATION SEQUENCING DATA FOR RARE DISEASE DIAGNOSIS
	TABLE OF CONTENTS
	RESUMEN
	ABSTRACT
	1. INTRODUCTION
	1.1 THESIS LAYOUT
	1.2 THE DIAGNOSIS OF RARE DISEASES
	1.3 THE CHALLENGE O􀀏 GENOMIC DATA ANALYSIS: BIOINFORMATICS
	1.3.1 SEQUENCING AND ALIGNMENT
	1.3.2 VARIANT DETECTION
	1.3.2.1 Single-nucleotide variants and small insertions/deletions
	1.3.2.2 Copy number variants
	1.3.2.3 Rearrangement variants

	1.3.3 VARIANT PRIORIZATION


	2. OBJECTIVES
	3. RESULTS
	3.1 ARTICLE 1
	3.2 ARTICLE 2
	3.3 ARTICLE 3

	4. GENERAL DISCUSSION
	5. CONCLUSIONS AND FUTURE RESEARCH
	6. REFERENCES
	ANNEX


