
Genómica evolutiva de la regulación 
transcripcional en las principales familias 
multigénicas del sistema quimiosensorial

de Drosophila

Pablo Librado Sanz

ADVERTIMENT. La consulta d’aquesta tesi queda condicionada a l’acceptació de les següents condicions d'ús: La difusió 
d’aquesta tesi per mitjà del servei TDX (www.tdx.cat) i a través del Dipòsit Digital de la UB (diposit.ub.edu) ha estat 
autoritzada pels titulars dels drets de propietat intel·lectual únicament per a usos privats emmarcats en activitats 
d’investigació i docència. No s’autoritza la seva reproducció amb finalitats de lucre ni la seva difusió i posada a disposició 
des d’un lloc aliè al servei TDX ni al Dipòsit Digital de la UB. No s’autoritza la presentació del seu contingut en una finestra
o marc aliè a TDX o al Dipòsit Digital de la UB (framing). Aquesta reserva de drets afecta tant al resum de presentació de 
la tesi com als seus continguts. En la utilització o cita de parts de la tesi és obligat indicar el nom de la persona autora. 

ADVERTENCIA. La consulta de esta tesis queda condicionada a la aceptación de las siguientes condiciones de uso: La 
difusión de esta tesis por medio del servicio TDR (www.tdx.cat) y a través del Repositorio Digital de la UB 
(diposit.ub.edu) ha sido autorizada por los titulares de los derechos de propiedad intelectual únicamente para usos 
privados enmarcados en actividades de investigación y docencia. No se autoriza su reproducción con finalidades de lucro 
ni su difusión y puesta a disposición desde un sitio ajeno al servicio TDR o al Repositorio Digital de la UB. No se autoriza 
la presentación de su contenido en una ventana o marco ajeno a TDR o al Repositorio Digital de la UB (framing). Esta 
reserva de derechos afecta tanto al resumen de presentación de la tesis como a sus contenidos. En la utilización o cita de 
partes de la tesis es obligado indicar el nombre de la persona autora. 

WARNING. On having consulted this thesis you’re accepting the following use conditions:  Spreading this thesis by the 
TDX (www.tdx.cat) service and by the UB Digital Repository (diposit.ub.edu) has been authorized by the titular of the 
intellectual property rights only for private uses placed in investigation and teaching activities. Reproduction with lucrative
aims is not authorized nor its spreading and availability from a site foreign to the TDX service or to the UB Digital 
Repository. Introducing its content in a window or frame foreign to the TDX service or to the UB Digital Repository is not 
authorized (framing). Those rights affect to the presentation summary of the thesis as well as to its contents. In the using or
citation of parts of the thesis it’s obliged to indicate the name of the author.



Universitat de Barcelona
Facultat de Biologia

Departament de Genètica

Genómica evolutiva de la regulación transcripcional
en las principales familias multigénicas del sistema

quimiosensorial de Drosophila

Pablo Librado Sanz

Barcelona, Febrero de 2014





Genómica evolutiva de la regulación transcripcional
en las principales familias multigénicas del sistema

quimiosensorial de Drosophila

Memoria presentada por Pablo Librado Sanz
para optar al Grado de Doctor
por la Universitat de Barcelona.

Departament de Genètica
Universitat de Barcelona

El director y tutor de la tesis El autor de la tesis
Dr. Julio Rozas Liras Pablo Librado Sanz
Catedràtic de Genètica
Universitat de Barcelona

Barcelona, Febrero de 2014





A mis padres





Índice

1 Introducción 1
1.1 Evolución biológica mediante selección natural 1

1.1.1 La huella molecular de la selección natural 1

1.2 Regulación de la transcripción 3

1.2.1 Elementos cis-reguladores de la transcripción 4

1.2.2 Dominios de la cromatina 5

1.3 Duplicación génica y familias multigénicas 6

1.4 El sistema quimiosensorial 8

1.4.1 El sistema quimiosensorial periférico en Drosophila 9

1.4.2 Las familias multigénicas del sistema quimiosensorial en Drosophila
10

1.5 Evolución de las familias multigénicas del sistema quimiosensorial 12

1.5.1 Regiones codificadoras 12

1.5.2 Regiones reguladoras de la transcripción 14

1.5.3 Ganancia y pérdida de genes quimiosensoriales 15

1.5.4 Distribución genómica de las OBPs 16

1.6 Especies y poblaciones analizadas 19

1.6.1 Las 12 especies de Drosophila 19

1.6.2 Drosophila Genetic Reference Panel 20

2 Objetivos 21

3 Capítulos 23
3.1 DnaSP v5: a software for comprehensive analysis of DNA polymorphism data

23

3.2 BadiRate: estimating family turnover rates by likelihood-based methods 27

3.3 PopDrowser: the Population Drosophila Browser 47

3.4 Uncovering the functional constraints underlying the genomic organization of
the odorant-binding protein genes 51

3.5 Positive selection drives the evolution of the transcriptional regulatory ups-
tream regions of the major chemosensory gene families 73



viii ÍNDICE

4 Discusión 121
4.1 Implementación de nuevos métodos analíticos 121

4.1.1 DnaSP v5 121
4.1.2 BadiRate 123
4.1.3 popDrowser 124

4.2 Evolución de la regulación transcripcional de los genes quimiosensoriales
125
4.2.1 Distribución física de los genes que codifican OBPs 125
4.2.2 Evolución de las regiones upstream 128

5 Conclusiones 133

Bibliografía

Bibliografía 137

Anexo

A El proyecto DGRP 149

B Mycobacterial phylogenomics 157

C Informe del director 209

D Financiación 213



1
Introducción

1.1 Evolución biológica mediante selección natural

El concepto de evolución biológica fue acuñado por algunos filósofos griegos
[1, 2], e incluso por el mismo Charles Bonnet en el siglo XVIII [3]. No obstante,
hasta que en 1859 no se publicaron las obras de Charles Darwin y Alfred Rus-
sel Wallace (donde se recogen múltiples evidencias empíricas) [4], no hubo
un cambio de paradigma en el pensamiento científico y filosófico: la biodi-
versidad existente no es la obra de un creador divino, sino el resultado de
un proceso natural de cambios graduales heredados de un antepasado común
(evolución biológica; Figura 1.1).

¿Cuáles son los mecanismos responsables de la evolución biológica? Los prin-
cipales motores de la evolución son la mutación, la recombinación, la deriva
genética y la selección natural. Aunque todos ellos interactúan simultánea-
mente, sólo la selección natural puede explicar la adaptación de las especies al
medio, a través de la reproducción diferencial de los individuos. Efectivamen-
te, los individuos portadores de mutaciones deletéreas tendrán menos opor-
tunidad de reproducirse, de tal forma que la frecuencia de sus mutaciones
disminuirá en la población (selección negativa o purificadora). Al contrario,
las mutaciones beneficiosas incrementarán su frecuencia (selección positiva o
darwiniana), pudiendo fijarse en todos los individuos de la especie.

1.1.1 La huella molecular de la selección natural

La determinación del impacto de la selección natural es fundamental en bio-
logía evolutiva. Además de poseer profundas implicaciones conceptuales, su
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Figura 1.1: Cambio de paradigma en el pensamiento biológico. Los creacionistas (visión ’limita-
da’ por el recuadro marrón) se ciñen -paradójicamente- a la realidad directamente observable:
’existen diferentes especies y por tanto deben haber existido siempre (son inmutables)’. Los evo-
lucionistas, sin embargo, entienden que las especies descienden de un ancestro común, a través
de cambios graduales. Adaptado de [5].

detección puede ayudarnos a comprender la función de los elementos gené-
ticos (ej. genes), así como también revelar que mutaciones explican los pro-
cesos adaptativos. Uno de los ejemplos más mediáticos es la adaptación de
las poblaciones humanas a la vida en altitudes superiores a los 4000 metros,
donde la concentración de oxígeno es un 40% menor que en el nivel del mar.
Recientes estudios han constatado que un gran porcentaje de los individuos
de la meseta tibetana portan mutaciones relacionadas con el metabolismo del
oxígeno, como una mutación cercana al gen EPAS1 (coloquialmente conocido
como ’gen de los súper atletas’).
¿Cómo se puede discernir el impacto de la selección natural de los otros me-
canismos responsables de la evolución biológica? La teoría de la coalescencia
provee el marco matemático-estadístico necesario para contrastar ésta y otras
hipótesis. Desafortunadamente, la modelización de muchos escenarios evolu-
tivos no dispone de solución analítica, haciendo imprescindible la búsqueda
de soluciones numéricas mediante simulaciones por ordenador (computacio-
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nalmente muy costosas).
Una aproximación igualmente popular es la comparación de dos clases de
posiciones: una focal (potencial diana de la selección natural) y una neutra
(donde las mutaciones no tienen consecuencias fenotípicas y, por tanto, son
’invisibles’ para la selección natural) [6-8]. Así, en las regiones codificadoras de
proteína, las mutaciones se clasifican en no sinónimas (clase focal) o sinónimas
(clase neutra) dependiendo de si comportan un cambio de aminoácido o no.
De hecho, el ratio entre la divergencia no sinónima (dN) y sinónima (dS) es
uno de los estadísticos más robustos para inferir el impacto de la selección
natural (ω = dN/dS); valores de ω que se desvían significativamente de uno
(lo esperado bajo un modelo neutro) son interpretados como el efecto de la
selección negativa (ω < 1) o positiva (ω > 1) [9, 10].
La mayoría de procesos adaptativos ocurren en episodios puntuales de la his-
toria. Para detectarlos, la clase focal y la neutra se pueden comparar a diferen-
tes tiempos evolutivos: analizando la variación intraespecífica o polimorfismo
(que permite inferir el impacto reciente de la selección natural), variación in-
terespecífica o divergencia (para detectar la huella pretérita de la selección na-
tural) o ambas (polimorfismo y divergencia, útil para estudiar tiempos evolutivos
intermedios). Todas estas metodologías han permitido estimar el impacto de
la selección natural en regiones codificadoras [11, 12]. No obstante, los estu-
dios genómicos que abordan la contribución de la regulación transcripcional
a los procesos adaptativos todavía son escasos [13].

1.2 Regulación de la transcripción

Las instrucciones genéticas para el correcto desarrollo y funcionamiento del
organismo están codificadas en su ADN. Así, los genes contienen la informa-
ción necesaria para la síntesis de macromoléculas (ej. las proteínas), que son
las grandes responsables de acometer las funciones celulares, desde catalizar
reacciones metabólicas hasta contraer el músculo.
La comparación del número de genes por especie muestra algunos resultados
aparentemente contradictorios. Basándose en la complejidad de organismos
previamente secuenciados, algunos miembros de la comunidad científica es-
timaron que el genoma humano debería contener entre 31000 y 140000 genes.
Sin embargo, su secuenciación determinó la existencia de tan sólo 22721 genes
[14, 15], un número comparable a los 23300 del erizo de mar [16], pero mucho
menor que los 40745 de la planta del arroz [17].
¿Cómo es posible que el genoma de una especie tan ’compleja’ como la huma-
na apenas tenga la mitad de genes que el arroz? Entre las posibles explicacio-
nes, destaca la idea de que la complejidad de un organismo no sólo depende
del número de macromoléculas codificadas en su genoma, sino también de la
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Figura 1.2: La enzima ARN polimerasa ’transcribe’ la información codificada en el gen a transcrito
mensajero.

cantidad, lugar y momento en el que se sintetizan (expresan). Por tanto, para
comprender la biología de los individuos y de las especies es imprescindible
examinar los mecanismos que controlan la expresión génica.
La síntesis proteica implica dos procesos moleculares sucesivos: la trans-
cripción del ADN a ARN (Figura 1.2) y la posterior traducción del ARN
a proteína. Actualmente, se sabe que la abundancia de proteína se puede
controlar a diferentes niveles, mediante mecanismos pre-transcripcionales,
post-transcripcionales y post-traduccionales. Tanto por cuestiones meto-
dológicas, como por constituir el primer control de la expresión génica, la
comunidad científica se ha centrado en el estudio de los mecanismos pre-
transcripcionales, especialmente los que implican elementos cis-reguladores
(CREs) y dominios de la cromatina.

1.2.1 Elementos cis-reguladores de la transcripción

Los CREs son secuencias cortas de ADN (típicamente entre 6 y 15 nucleótidos)
donde se unen -de forma más o menos específica- las proteínas reguladoras
que inducen o reprimen la actividad transcripcional. Cada CRE puede contro-
lar la transcripción de varios genes y, de forma complementaria, la transcrip-
ción de cada gen puede estar regulada por varios CREs. Los CREs que dirigen
la transcripción del mismo gen suelen estar físicamente agrupados, forman-
do módulos cis-reguladores (CRMs) en su región proximal (promotor) o distal
(enhancers) [18].
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La unión de la ARN polimerasa al promotor normalmente induce un nivel
basal de transcripción génica. Entonces, ¿cómo se ajusta la expresión en cada
tejido o estadio del desarrollo? Entre otros mecanismos, destaca el que propor-
cionan los enhancers, modulando estos niveles basales en un marco espacio-
temporal concreto, sin alterar la expresión en otras condiciones (sin efectos
pleitrópicos).
Se ha hipotetizado que -debido a sus reducidos efectos pleitrópicos- las mu-
taciones en los CRMs pueden ser el principal sustrato de la selección positiva
[19]. La lógica que subyace a esta hipótesis es la siguiente: las mutaciones con
múltiples efectos pleitrópicos normalmente comprometen la viabilidad del in-
dividuo y, por tanto, son purgadas por la selección purificadora. Al contrario,
la naturaleza modular de los CRMs (tanto a nivel estructural como funcional)
garantiza que las consecuencias fenotípicas de sus mutaciones se circunscri-
ban a un marco espacio-temporal concreto. Uno de los ejemplos más ilustra-
tivos acerca del potencial adaptativo de los CRMs es el conocido como ’per-
sistencia de la lactasa’. A diferencia del resto de mamíferos, algunos humanos
expresan dicho enzima más allá de la época de lactancia. La capacidad de di-
gerir la leche durante toda la vida es -probablemente- una adaptación a un
cambio sustancial en nuestra actividad socio-económica: la ganadería. Cier-
tamente, la domesticación de algunas especies animales estabilizó el abaste-
cimiento de nutrientes, lo que tuvo un gran impacto en el desarrollo de las
poblaciones humanas. Pues bien, gran parte de este cambio transcripcional se
explica por la mutación de un único CRM, situado a unos 14000 nucleótidos
del gen que codifica para la enzima lactasa [20]). A pesar de éste y otros ejem-
plos, la contribución relativa de los CREs al cambio adaptativo sigue siendo
una de las principales controversias en biología evolutiva: los críticos abogan
por otros mecanismos que también reducen la pleiotropía de las mutaciones,
como la duplicación génica [21].

1.2.2 Dominios de la cromatina

¿Cómo es posible que el diámetro del núcleo de las células eucariotas sea apro-
ximadamente un millón de veces menor que la longitud del ADN que alber-
ga? Dentro del núcleo, el ADN no está en una conformación canónica lineal,
sino empaquetado, formando la cromatina. La cromatina está constituida por
una serie de proteínas, principalmente octámeros de histonas (nucleosomas)
alrededor de los cuales se enrolla (empaqueta) el ADN [22].
Las regiones empaquetadas dificultan la accesibilidad de la maquinaria trans-
cripcional a los CREs [23]. Para garantizar que los genes se transcriban en el
lugar y el momento adecuado, los eucariotas han adquirido dos mecanismos
complementarios. Por una parte, la cromatina puede desempaquetarse local-
mente [24, 25], facilitando el acceso de la ARN polimerasa y de otras proteínas
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Figura 1.3: Modelos evolutivos de las familias multigénicas. A. Evolución divergente: los miem-
bros de la familia multigénica divergen gradualmente; B. Evolución concertada: las copias génicas
homogeneizan su información mediante mecanismos como la conversión génica; C. Nacimien-
to y muerte de genes: las copias se ganan por duplicación génica, divergen gradualmente y,
eventualmente, se pierden. Cada cuadrado representa un gen. Adaptado de [29].

reguladoras. Por otra parte, como la remodelación de la cromatina es ener-
géticamente costosa [26], los genes tienden a estar agrupados en aquellas re-
giones cromosómicas con un ambiente transcripcional adecuado. Por ejemplo,
los centrómeros y telómeros (constitutivamente empaquetados por cuestiones
estructurales) presentan una menor densidad génica [27]. Por tanto, el estado
de la cromatina no sólo regula la transcripción, sino que también influencia la
distribución física de los genes.

1.3 Duplicación génica y familias multigénicas

Una familia multigénica es un conjunto de genes relacionados filogenética-
mente (son homólogos), porque derivan de una serie de eventos de duplica-
ción de ADN. Se han propuesto diferentes modelos para la evolución de las
familias multigénicas (Figura 1.3): la evolución divergente, la evolución con-
certada y la evolución por nacimiento y muerte. Aunque no son excluyentes,
el último modelo es el que mejor se ajusta a la mayoría de familias multigéni-
cas estudiadas hasta la fecha [28].
En el modelo de nacimiento y muerte, los genes se ganan por duplicación y se
pierden por deleción o pseudogenización. Existen diferentes mecanismos mo-
leculares que explican la duplicación de ADN, incluyendo el entrecruzamien-
to desigual (que produce duplicaciones en tándem) o la retrotransposición.
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Inmediatamente después de duplicarse, los genes (parálogos) codifican pro-
teínas con la misma estructura primaria. No obstante, como el proceso muta-
cional es estocástico, los parálogos divergirán gradualmente con tres posibles
destinos: (i) la pseudogenización (una de las copias acumulará mutaciones de
pérdida de función); (ii) la neofuncionalización (una de las copias divergirá,
hasta adquirir una nueva función); y (iii) la subfuncionalización (las dos co-
pias divergirán, adquiriendo funciones parcialmente complementarias, aun-
que entre ambas retienen la función ancestral) [30].
Para comprender la contribución relativa de estos mecanismos a la divergen-
cia entre especies, es fundamental estimar la tasa de nacimiento (β) y muerte
(δ) de genes. La aproximación más popular es, probablemente, la reconcilia-
ción del árbol de genes (AG) con el de especies (AE) [31-33]. Brevemente, la
reconciliación intenta explicar las incongruencias del AG con el AE mediante
diferentes eventos de duplicación y pérdida de genes. No obstante, es bien sa-
bido que el AG puede ser incongruente con el AE por otros motivos, tanto me-
todológicos como biológicos. Así, la mayoría de algoritmos de reconciliación
obvian -por cuestiones computacionales- la incertidumbre asociada al alinea-
miento de secuencias o a la propia inferencia filogenética (problemas metodo-
lógicos). Además, la reconciliación del AG con el AE puede no representar la
verdadera historia de ganancia y pérdida genes si hay: polimorfismo ances-
tral [34], conversión génica [35], transferencia genética horizontal (HGT) [34]
o, simplemente, presiones selectivas heterogéneas entre los diferentes genes
[36] (problemas biológicos). En ambas situaciones, el número de eventos de
duplicación y, especialmente, de pérdida de genes puede sobrestimarse consi-
derablemente [37].
Actualmente, no existen modelos computacionalmente factibles que integren
la incertidumbre metodológica y las posibles incongruencias entre el AG y el
AE. Por ello la ganancia y pérdida de genes se estudia mediante modelos de
nacimiento y muerte (BD) [38, 39]. Los modelos de BD son estadísticamente
complejos. En concreto, son cadenas de Markov, donde el número de genes son
los posibles estados de la cadena y la transición entre estados es proporcional
al número de genes existentes. Efectivamente, la probabilidad que ocurra una
duplicación en tándem, una pseudogenización o una deleción incrementa con
el número de genes existentes (son mecanismos moleculares dependientes de
densidad) (Figura 1.4A).
Debido a que no se puede producir una duplicación si al menos no existe un
gen, la probabilidad de transición de cero a un gen es nula (cero es un estado
absorbente de la cadena de Markov). Que dicha probabilidad sea nula limita la
aplicación de los modelos clásicos de BD, por dos motivos. Primero, durante
la definición computacional de las familias multigénicas, los miembros muy
divergentes quedan separados en subfamilias. Algunas subfamilias son espe-
cíficas de linaje, con lo que ’aparentemente’ se originan de novo (de cero a un
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Figura 1.4: A. Los primeros tres estados de la cadena de Markov en un modelo BD donde las
probabilidades de nacimiento (β) y muerte (δ) son proporcionales al número de genes existentes.
En este caso, la transición de 0 a 1 gen es nula; B. Lo equivalente en un modelo BDI, donde la
ganancia de elementos tiene un componente dependiente de densidad (β) y otro independiente
(ι).

gen). Segundo, existen mecanismos de ganancia de genes que realmente son
independientes de densidad; por ejemplo, en procariotas puede haber eventos
de HGT, los cuales no dependen del número de genes existentes en el genoma
receptor.
Para soslayar estas limitaciones, se desarrollaron los modelos de nacimiento,
muerte e innovación/inmigración (BDI) (Figura 1.4B) [39]. En estos modelos,
la probabilidad de ganar un gen tiene un componente dependiente de densi-
dad (β) y otro independiente (ι); de hecho, el modelo BD es un caso particular
del BDI, donde ι = 0. La inclusión de una tasa independiente de densidad (ι)
posibilita analizar familias muy divergentes, casos de HGT e incluso familias
de elementos funcionales típicamente cortos, que pueden originarse de novo,
como los CREs.

1.4 El sistema quimiosensorial

Todos los organismos interaccionan con el ambiente a través de señales, tanto
físicas (visuales, acústicas, térmicas, electromagnéticas o táctiles), como quími-
cas [40]. Aunque todas ellas aportan información complementaria, la ingente
diversidad de compuestos químicos conlleva un gran potencial para percibir
el estado del medio externo. Por ello, procesos tan críticos como la detección
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de nutrientes o pareja dependen -en gran medida- del sistema quimiosenso-
rial [41-44]. La quimiopercepción puede dividirse en dos subsistemas fisioló-
gicamente relacionados, pero anatómicamente independientes, el gusto y el
olfato. El gusto permite la detección de compuestos solubles, mientras que el
olfato de compuestos volátiles. Esta subdivisión funcional está estrechamen-
te vinculada con el medio que habitan las especies. En términos generales, la
discriminación de estímulos en fase gaseosa es una adaptación crítica al me-
dio terrestre [45-47], aunque algunos organismos acuáticos también presentan
sistema olfativo [48].
Durante la diversificación de los artrópodos, han ocurrido diversos eventos
de terrestralización independientes (ej. en insectos, miriápodos, quelicerados
y crustáceos), con lo que algunos elementos del sistema olfativo se han tenido
que adquirir de forma independiente en cada linaje, a partir de genes ya exis-
tentes (cooptación). La ubicuidad y convergencia evolutiva de la percepción
olfativa ponen de manifiesto que el sistema quimiosensorial es crítico para
la supervivencia de los organismos y, por tanto, un excelente candidato para
estudiar los procesos adaptativos a nivel molecular.

1.4.1 El sistema quimiosensorial periférico en Drosophila

En Drosophila, las primeras etapas de la quimiopercepción ocurren en unas
estructuras quitinosas en forma de pelo llamadas sensilios (Figura 1.5A). Los
principales componentes de los sensilios son: la linfa (una solución acuosa
que baña su interior), las células accesorias y las neuronas receptoras (RNs)
[49, 50].
Las características de los sensilios dependen de la naturaleza de los estímulos
que procesan. Los sensilios olfativos (incluyen los subtipos tricoideos, coeló-
nicos y basicónicos) presentan una membrana con múltiples poros y están
típicamente inervados por dos ORNs (Figura 1.5A). Por el contrario, los gus-
tativos (con los subtipos largos, intermedios y cortos) tienen un único poro en
el ápice, y entre dos y cuatro GRNs. Además, también existen diferencias en la
localización de los sensilios; mientras los olfativos están restringidos al palpo
maxilar y al tercer segmento antenal, los gustativos están ampliamente distri-
buidos por el cuerpo de la mosca, incluyendo proboscis, patas, alas e incluso
placa vaginal [53].
A pesar de las particularidades de los sensilios, hay tres fases que son comu-
nes a todos los procesos de quimiopercepción periférica: (i) la perfusión del
estímulo a través de los poros cuticulares (del medio externo hasta la linfa del
sensilio), (ii) su difusión a través de la linfa (hasta la membrana de la RN), (iii)
y la activación de los quimioreceptores anclados en la membrana de la RN
(transmiten la señal a centros neuronales superiores (Figura 1.5B)).
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Figura 1.5: A) Sensilio olfativo del tipo tricoideo, con sus respectivos poros (P) en la cutícula (CU),
la linfa del sensilio (SL), así como también dos neuronas sensoriales olfativas (ORNs). Fuente:
[51]. B) Representación esquemática de la proyección axónica de los ORNs a los glomérulos
olfativos del lóbulo antenal. Fuente: [52].

1.4.2 Las familias multigénicas del sistema quimiosensorial en
Drosophila

Los estudios de genética molecular, conjuntamente con los de comportamien-
to, han permitido identificar una serie de proteínas involucradas en las pri-
meras etapas de la quimiopercepción. Actualmente, con la creciente disponi-
bilidad de genomas secuenciados y métodos bioinformáticos, se ha constata-
do que muchas de estas proteínas están codificadas en familias multigénicas
[54-56], entre las que destacan las proteínas extracelulares de unión a ligando
y los propios quimiorreceptores. No obstante, que los miembros de una fa-
milia multigénica tengan un origen común no implica -necesariamente- que
todos estén involucrados en la quimiopercepción. Es muy probable que algu-
nos de sus miembros hayan divergido funcionalmente, especializándose en
otros procesos biológicos o funciones moleculares relacionadas.

Proteínas de unión a ligando

Las células accesorias de los sensilios quimiosensoriales secretan una gran
cantidad de pequeñas proteínas globulares (120-230 aminoácidos, aproxima-
damente) de unión a ligando, entre las que destacan las Odorant-Binding Pro-
teins (OBPs) y las dos familias de Chemosensory Proteins (CSPs, CheAs y CheBs)
[57-60]. Tanto las CSPs como las OBPs se han clasificado en diferentes subfa-
milias. Por ejemplo, aparte de las OBPs denominadas clásicas, se han descrito
las PBP/GOBP, las minus-C, las plus-C, las diméricas, las ABPI, las ABPII, las
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CRLBP y las D7 [61, 62]. Estas subfamilias se han definido en base a criterios
filogenéticos, funcionales y estructurales, especialmente por su patrón de cis-
teínas. La conservación del patrón de cisteínas es crítico para la funcionalidad
de la proteína, ya que estabiliza su plegamiento globular, presentando los resi-
duos hidrofílicos en el exterior (facilita su solubilización en la hemolinfa), y los
hidrofóbicos alrededor del sitio de unión (posibilita el transporte de estímulos
volátiles).
La función de las proteínas de unión a ligando todavía no se conoce comple-
tamente. La proteína mejor caracterizada es la Obp76a (lush), que participa
en la detección de la feromona 11-cis-vacenil acetato (cVA). Estudios crista-
lográficos de rayos X han demostrado que cVA se une físicamente a lush, lo
que induce un cambio en la conformación de la proteína. Se especula que esa
conformación ’activa’ de lush es capaz de disparar, directa o indirectamente,
la actividad del quimiorreceptor Or67d [63], el cual inerva glomérulo olfativo
DA1. No obstante, hay dos evidencias parcialmente contradictorias con es-
ta hipótesis [64]. Primero, mutantes que mimetizan la conformación ’activa’
de lush no tienen ningún efecto sobre la actividad del receptor, cuando son
expresados in vivo. Segundo, altas concentraciones de cVA pueden activar el
receptor por sí mismas, sugiriendo que es cVA (y no lush) la que activa Or67d.
Así, el modelo actual sugiere que lush no es indispensable para la detección de
cVA, pero si importante para incrementar la sensibilidad del sistema olfativo
frente a las concentraciones de cVA existentes en la naturaleza.
Parece inverosímil que este modelo funcional sea extrapolable a todos los
miembros de estas familias multigénicas. Algunas OBPs y CSPs se expresan
en órganos no quimiosensoriales, incluyendo el tarso o las glándulas acceso-
rias de macho [65, 66]. Incluso se ha constatado que algunas CSPs participan
en otros procesos biológicos, como en el desarrollo y la regeneración [67]. Ade-
más, las CheAs y las CheBs pueden tener un papel adicional a la de solubilizar
compuestos hidrofóbicos, ya que se expresan mayoritariamente en los sensi-
lios gustativos, donde participan en la detección de feromonas que ya son
parcialmente solubles por sí mismas (aunque tienen un elevado peso mole-
cular) [59, 68]. Por tanto, es probable que estas familias codifiquen proteínas
genéricas de unión a ligando, con sólo algunos miembros involucrados en la
quimiopercepción.

Proteínas quimiorreceptoras

Los quimiorreceptores están anclados en la membrana de las RN, e incluyen:
la superfamilia de quimiorreceptores (que engloba los receptores olfativos y
gustativos; ORs y GRs, respectivamente) [54, 55, 69], y la superfamilia de re-
ceptores ionotrópicos (comprendida por los IRs antenales y divergentes; aIRs
y dIRs) [70].
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Los análisis filogenéticos han demostrado que los ORs divergieron a partir de
los GRs [69], de tal forma que todavía conservan ciertas similitudes estructu-
rales y funcionales: (i) ambas familias multigénicas codifican para proteínas
de unos 400 aminoácidos, caracterizadas por siete dominios transmembrana
y una topología atípica (con el extremoN-terminal en el citosol y el C-terminal
en la matriz extracelular [71, 72]); (ii) algunos GRs y ORs no son funcionales
por sí mismos, sino que forman parte de complejos heteromultiméricos, como
el dímero constituido por los Gr21a y Gr63a (de respuesta a CO2) [73], o el que
componen el co-receptor Or83b (también conocido como ORCO) y cualquier
otro tipo de OR [74]. La superfamilia de receptores ionotrópicos también codi-
fica para proteínas con función olfativa (los aIRs) y -probablemente- gustativa
(los dIRs) [70, 75].
¿Por qué estas dos superfamilias multigénicas se han especializado indepen-
dientemente (convergencia evolutiva) en funciones gustativas y olfativas? Las
evidencias sugieren que en realidad discriminan compuestos de diferente na-
turaleza química. Así, los aIRs se expresan en sensilios coelónicos (asociados
con la detección de aminas), mientras que los ORs en sensilios tricoideos (fero-
monas volátiles) y basicónicos (odorantes de nutrientes) [76]. Además, aunque
no se conoce completamente su mecanismo de activación [51] (Figura 1.6), la
cinética de ambos quimiorreceptores es diferente: el tiempo de reacción frente
a estímulos es menor en OR-ORCO que en los aIRs (pero los aIRs prolongan
el disparo durante más tiempo) [77, 78].
Con todo, se ha constatado que los IRs tienen un origen antiguo, y acometen
funciones basales en la quimiopercepción [75]. Al contrario, el origen y evo-
lución de los GRs y ORs parece vinculado a ciertas particularidades del linaje
de los artrópodos [61]. Por ejemplo, la cinética de activación OR-ORCO (más
sensible y rápida) se ha interpretado como una adaptación al vuelo, donde el
tiempo de exposición al estímulo es limitante (la capacidad de volar fue ad-
quirida por los insectos en el Carbonífero, hace unos 315-360millones de años)
[78, 79].

1.5 Evolución de las familias multigénicas del siste-
ma quimiosensorial

1.5.1 Regiones codificadoras

Un aspecto fundamental para comprender el origen y función de estas fami-
lias multigénicas es cuantificar la contribución de la selección natural en su
evolución. Esta información puede ser de gran utilidad para comprender si el
impacto de la selección natural depende del proceso biológico en el que par-
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Figura 1.6: Las tres hipótesis sobre el mecanismo de activación del heterodímero OR-ORCO. A.
Transducción meramente ionotrópica; B. Transducción tanto ionotrópica como metabotrópica; C.
Transducción únicamente metabotrópica. Fuente: [51].

ticipan las proteínas (i.e. olfato y gusto) o de la función molecular que desem-
peñan (proteína de unión a ligando o quimiorreceptor).

Estas cuestiones se pueden abordar analizando los niveles de constricción fun-
cional (ω) en sus regiones codificadoras. En el grupo melanogaster de Drosophila
(Figura 1.7), la ω es mayor en las CSPs (la mediana es ωCSPs = 0.05), que en las
familias del sistema olfativo (ωaIRs = 0.12, ωOBPs = 0.14 y ωORs = 0.14) y gus-
tativo (ωdIRs = 0.18 y ωGRs = 0.22) [80]. Como se ha comentado anteriormente,
los valores de ω < 1 indican que estas familias evolucionan -mayormente- bajo
la acción de la selección purificadora. No obstante, se ha detectado la huella de
la selección adaptativa en algunas posiciones de los ORs y, especialmente, de
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Figura 1.7: Relaciones filogenéticas de las 12 especies de Drosophila, con los tiempos de diver-
gencia inferidos por Tamura [84].

los GRs que participan en la discriminación de sabores amargos [81, 82]. Mu-
chos de los compuestos con sabor amargo, como la cafeína, son metabolitos
secundarios producidos por las plantas, que actúan como insecticidas natura-
les ante los depredadores. Se hipotetiza que la presión selectiva que ejercen
plantas e insectos entre sí (coevolución) es la causa de los recurrentes procesos
adaptativos en este grupo de GRs [42, 83].
La ausencia de la huella de la selección positiva en las regiones codificado-
ras de proteínas de unión a ligando sugiere que los quimiorreceptores son los
principales contribuyentes a los cambios adaptativos. No obstante, también
es posible que las OBPs y CSPs tengan un papel adaptativo, pero a una escala
temporal diferente. En este sentido, se ha inferido que la fijación de algunas
mutaciones en el sitio de unión a ligando de las OBPs han sido promovidas
por la selección natural positiva, tanto en la subfamilia Minus-C de Apis melli-
fera como en los duplicados recientes Obp83a y Obp83b de D. melanogaster [85,
86]. Además, las substituciones en las regiones codificadoras tan sólo repre-
sentan una pequeña fracción de los posibles cambios fijados por la selección
natural. Por tanto, para tener una visión general del impacto de la selección
natural es fundamental estudiar otras regiones genómicas, y a diferentes tiem-
pos evolutivos.

1.5.2 Regiones reguladoras de la transcripción

Los cambios en la regulación transcripcional pueden ser uno de los principales
contribuyentes a la divergencia fenotípica. Ciertamente, la detección del estí-
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mulo externo y la posterior respuesta conductual son procesos parcialmente
independientes. Por un lado, la detección del estímulo depende de la acti-
vación del quimiorreceptor, mientras que la respuesta frente a ese estímulo
del centro neuronal donde proyecta cada RN (ej. glomérulo olfativo). Es de-
cir, el mismo quimiorreceptor expresado en dos RNs diferentes podría inducir
respuestas conductuales dispares, incluso frente al mismo estímulo. Aunque
todavía no se conoce completamente el mecanismo por el cual cada quimio-
rreceptor se transcribe -de forma específica- en un subconjunto de RNs, los
análisis de expresión en ORs sugieren que la acción conjunta de unos pocos
CREs proximales (que inducen transcripción basal) y distales (que reprimen
la transcripción en las RNs donde el OR no debe expresarse) es suficiente para
conferir un correcto patrón transcripcional [87, 88]. Bajo este sencillo mecanis-
mo de regulación, las mutaciones que alteran la funcionalidad de los CREs
producirán una gran variabilidad fenotípica, pudiendo ser uno de los princi-
pales sustratos de la selección natural.
Los estudios de asociación a escala genómica (GWAS) han confirmado que
una parte significativa de la varianza en el comportamiento olfativo y gustati-
vo se explica por mutaciones en regiones reguladoras de la transcripción [89,
90]. El caso más ilustrativo es la especialización de D. sechellia en Morinda citri-
folia, una planta arbórea que produce metabolitos secundarios repelentes para
la mayoría de especies del género Drosophila. D. sechellia, sin embargo, pre-
senta una serie de modificaciones transcripcionales, incluida una inserción de
4bp en la región upstream del gen Obp57e [42] que alteran su comportamiento,
haciendo que los metabolitos secundarios del fruto pasen de ser repelentes a
atractivos.

1.5.3 Ganancia y pérdida de genes quimiosensoriales

El tamaño (número de genes) de las principales familias multigénicas del sis-
tema quimiosensorial varía entre las 12 especies de Drosophila actualmente
secuenciadas (Figura 1.7) [11]. La familia quimiosensorial con mayor varianza
es la de los GRs, con un rango que va desde 50 copias en D. virilis y D. moja-
vensis hasta 68 en D. willistoni. Por el contrario, la familia más estable es la de
los aIRs, con 17 copias en todas las especies excepto en D. sechellia, donde sólo
se han identificado 16.
Cabe destacar que en genomas de baja cobertura, como los de D. sechellia
(4.9X) y D. persimilis (4.1X), el número de genes anotados puede ser menor,
pero no porque se hayan perdido a lo largo de la evolución, sino porque no
se hayan secuenciado o ensamblado correctamente [91]. Por tanto, para evitar
posibles sesgos en los análisis de ganancia y pérdida de genes, es recomenda-
ble excluir estas especies con genomas de mala calidad (Figura 1.8). En las 10
especies de Drosophila restantes, la tasa de nacimiento y muerte de genes (λ =
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[eventos por millón de años y por copia]) indica que los aIRs y las CSPs han
experimentado pocos cambios de tamaño (λaIRs = 0.0002 y λCSPs = 0.0004),
mientras que las familias de los dIRs, ORs, OBPs y GRs son muy dinámicas
(λdIRs = 0.0059, λORs = 0.0062, λOBPs = 0.0069 y λGRs = 0.0113 respectivamente)
[80]. Aunque el número de familias analizadas no es muy elevado, existe una
correlación significativa entre ω y λ (correlación de Pearson; P = 0.0270). Esta
asociación sugiere que la variación tanto a nivel de secuencia codificadora, co-
mo de número de copias, está moldeada por los mismos procesos evolutivos,
ya sean selectivos o demográficos [81, 92].
La selección natural puede moldear tanto la ganancia como la pérdida de ge-
nes, dos tipos de eventos que pueden tener importantes consecuencias funcio-
nales. Por ejemplo, la pseudogenización del quimiorreceptor Gr64e reduce la
preferencia de D. pseudoobscura hacia el glicerol, un compuesto derivado de la
fermentación por levadura (aunque la levadura es uno de los principales ali-
mentos de Drosophila, D. pseudoobscura muestra una preferencia similar ante
levadura y glucosa) [93]. En general, la especialización de nicho ecológico, ya
sea en la dieta o en cualquier otro proceso vital, comporta una relajación de la
selección natural (muchos genes son innecesarios y, por tanto, son susceptibles
a perderse).
Los eventos demográficos también pueden tener un impacto en la variación
del tamaño de las familias multigénicas. Así, en especies endémicas (donde el
tamaño efectivo poblacional es pequeño), la eficacia de la selección natural es
reducida (el efecto de la deriva genética es comparativamente grande), lo que
puede incrementar la varianza en el número de copias [81]. En las 12 especies
de Drosophila, se ha constatado que el endemismo (D. sechellia y D. grimshawi)
y, en menor medida, el especialismo (D. sechellia, D. erecta y D. mojavensis)
tienen efectos significativos en el número de quimiorreceptores (ORs y GRs),
pero no en el de proteínas de unión a ligando (OBPs y CSPs) (Figura 1.8) [92].

1.5.4 Distribución genómica de las OBPs

Las principales mutaciones estructurales de los cromosomas son las inversio-
nes paracéntricas, causadas -por ejemplo- por eventos de recombinación ec-
tópica entre secuencias repetitivas e invertidas (cercanas a los puntos de ro-
tura) [94]. En Drosophila, asumiendo los tiempos de divergencia inferidos por
Tamura [84], las tasas de reordenamiento cromosómico van desde 0.015 has-
ta 0.093 puntos de rotura por millón de años (Mya) y por megabase [95], lo
que aproximadamente equivale a 0.187-1.157 inversiones fijadas por Mya y
por cromosoma. Teniendo en cuenta que 60 inversiones (producidas de forma
aleatoria) son suficientes para cambiar la localización de la mayoría de genes
de un cromosoma [96], la colinearidad genómica debería mantenerse poco,
incluso entre especies cercanas.
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Figura 1.8: Tasa de nacimiento y muerte de genes (λ) por familia y especie. Nótese como las
especies con un genoma de mala calidad (en rojo) tienen λ mayores.

Entonces, ¿cómo se explica que algunos grupos de genes conserven su ’vecin-
dad’ (se mantengan contiguos) a lo largo del tiempo, formando clusters? En
Drosophila, la mayor parte de la distribución génica se explica por un sesgo
mutacional: como los puntos de rotura no están distribuidos aleatoriamente a
lo largo del cromosoma, algunas regiones son menos propensas a experimen-
tar reordenaciones génicas. Aun así, existen clusters activamente mantenidos
por la selección natural [97]. Para comprender el significado biológico de estos
clusters, primero es imprescindible discernirlos de forma inequívoca, contras-
tando si realmente están más conservados de lo esperado dados los propios
niveles y patrones de reordenamiento cromosómico.
Los genes que codifican OBPs -en particular- no están distribuidos aleatoria-
mente en el genoma (Figura 1.9). Dicha distribución podría explicarse por
su principal mecanismo de origen (la duplicación por entrecruzamiento de-
sigual), que lleva a una disposición en tándem de las copias génicas. Sin em-
bargo, se ha comprobado que los genes que codifican para OBPs mantienen
su posición física más tiempo del esperado, dadas las tasas de reordenación
cromosómica de Drosophila [61]. Esto sugiere que la distribución tiene algún
significado funcional, como por ejemplo facilitar la co-regulación con otros
genes, ya sean parálogos o no.
La localización de los genes puede estar restringida por los mecanismos de
co-regulación transcripcional (ej. CREs compartidos entre genes o estado de
la cromatina). Ciertamente, las mutaciones que alteran la localización de los
genes pueden inducir un patrón de co-expresión erróneo y, por tanto, tende-
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Figura 1.9: Distribución de los genes que codifican OBPs a lo largo de los principales brazos
cromosómicos de D. melanogaster. El sombreado de colores son los 10 clusters inferidos por
[98].

rán a ser eliminadas por la selección natural (lo que dejará una huella molecu-
lar característica en la distribución génica). Por ejemplo, en insectos, los genes
co-regulados se mantienen físicamente cercanos por estar dentro del rango de
acción de sus enhancers [99].
Como los dominios de la cromatina proporcionan diferentes ambientes trans-
cripcionales, también pueden afectar a la organización génica. Por ejemplo,
Caron y colaboradores observaron que los genes con altos niveles de expre-
sión (EI o expression intensity) están físicamente agrupados en el genoma hu-
mano [100]. En realidad, dicha relación es artefactual, ya que los genes agru-
pados son los que tienen una elevada amplitud transcripcional (EB o expres-
sion breadth: número de tejidos o condiciones donde el gen se transcribe). No
obstante, como EB y EI están positivamente asociados, también se observa el
efecto indirecto de EI [101].
¿Por qué los genes con alto EB suelen mantener su proximidad cromosómica?
Se ha hipotetizado que la distribución no aleatoria de los genes es resultado de
presiones selectivas para minimizar el ruido transcripcional (EN o expression
noise, cambios en la abundancia de transcrito que no son debidos a diferencias
genéticas ni ambientales, sino a la propia estocasticidad del proceso transcrip-
cional). El EN es -normalmente- deletéreo, porque genera importantes des-
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ajustes estequiométricos en las redes metabólicas [102, 103]. Este desajuste es
mayor para los genes con alto EB (coloquialmente denominados genes ’house-
keeping’), ya que normalmente ocupan posiciones centrales en las vías meta-
bólicas. Por tanto, la selección natural tiende a favorecer la localización de los
genes con alto EB en regiones cromosómicas de bajo EN.
En este contexto, las proteínas que regulan la organización de la cromati-
na pueden tener un papel relevante, especialmente las que están -directa o
indirectamente- asociadas a la membrana nuclear [104-108]. La membrana
nuclear, además de compartimentalizar la célula, determina la posición y la
conformación de los cromosomas en el nucleoplasma. Entre otras funciones,
dirige la acción de las proteínas remodeladoras de la cromatina, posibilitando
el acceso de la maquinaria celular (proteínas involucradas tanto en la trans-
cripción como en el transporte de macromoléculas). En Drosophila, una de las
evidencias más contundentes acerca del papel de la membrana nuclear en la
distribución génica es que los sitios de unión al ADN de lamD0 (proteína de la
membrana nuclear) co-localizan con clusters ultraconservados [109]. A pesar
de todos estos estudios, todavía se desconocen las causas y mecanismos que
explican la distribución cromosómica de los genes que codifican OBPs.

1.6 Especies y poblaciones analizadas

1.6.1 Las 12 especies de Drosophila

Los insectos del género Drosophila son típicamente pequeños (2-8 milímetros
de longitud), y se alimentan de fruta madura o en descomposición. Aunque
la sistemática y nomenclatura del género todavía no está completamente re-
suelta, se han descrito tres grandes subgéneros: las Idiomyia o Hawaianas (unas
1000 especies), las Sophophora (unas 1100) y las Drosophila (unas 330) (Figura
1.7).
Desde hace más de un siglo, las especies del género Drosophila y, más concre-
tamente D. melanogaster, son organismos modelo en varias disciplinas científi-
cas, como en ecología, genética del desarrollo, evolutiva y molecular. Los mo-
tivos de su éxito como organismomodelo son: (i) la facilidad paramantenerlas
en el laboratorio (son pequeñas y tienen una dieta sencilla), (ii) un tiempo de
generación corto (10-20 días, dependiendo de la temperatura), (iii) una des-
cendencia abundante (fundamental para testar hipótesis genéticas), (iv) y que
presentan cromosomas politénicos (esenciales para estudios cromosómicos).
La secuenciación de D. melanogaster [110] y, posteriormente, de D. pseudoobscu-
ra [111] establecieron las bases para realizar estudios evolutivos impensables
hasta la fecha. Con la secuenciación de otros 10 genomas de Drosophila (D.
sechellia, D. simulans, D. yakuba, D. erecta, D. ananassae, D. persimilis, D. moja-
vensis, D. willistoni, D. virilis y D. grimshawi) se completó uno de los grandes
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hitos de la genómica comparada en organismos eucariotas (Figura 1.7) [11].
Hoy en día, con la creciente disponibilidad de datos masivos funcionales (ej.
expresión génica [65, 112], recombinación [113], anotación de CREs [112]), las
12 especies de Drosophila son uno de los mejores modelos de estudio en genó-
mica evolutiva.

1.6.2 Drosophila Genetic Reference Panel

El Drosophila Genetic Reference Panel (DGRP) es un conjunto de 168 líneas iso-
génicas de D. melanogaster, y de sus respectivas secuencias genómicas [114].
Para construir las líneas isogénicas, se partió de hembras fecundadas, y se
realizaron cruzamientos hermano-hermana durante un total de 20 generacio-
nes. Posteriormente, 10 de las líneas se secuenciaron con la plataforma 454 de
Roche (con una cobertura media de 12.1X), 129 con Illumina (21.4X) y 29 con
ambas. El DGRP se concibió como un recurso para realizar estudios de asocia-
ción genotipo-fenotipo (GWAS). No obstante, la secuencia genómica de 168
líneas de una misma población (Raleigh, Carolina del Norte, Estados Unidos
de América) también posibilita realizar inferencias evolutivas a una resolución
sin precedentes, incluyendo la posibilidad de detectar procesos incipientes de
adaptación a nivel molecular.
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Objetivos

Todos los organismos presentan sistemas capaces de discriminar compuestos
con gran especificidad y sensibilidad. Incluso las bacterias pueden detectar
la concentración de ciertas substancias, como la glucosa, y condicionar su lo-
calización espacial a dicho gradiente, a través de un fenómeno conocido co-
mo quimiotaxis [115]. La ubicuidad del sistema quimiosensorial (SQ) refleja su
esencialidad e importancia en la eficacia biológica de los individuos, lo que le
convierte en un excelente modelo para estudiar procesos adaptativos a nivel
molecular.
El principal objetivo de esta tesis doctoral es analizar el impacto de la selec-
ción natural, tanto positiva (o darwiniana) como negativa (o purificadora), en
la regulación transcripcional de los genes del SQ. Este objetivo general se ha
abordado mediante: (i) el desarrollo e implementación de herramientas bio-
informáticas que faciliten el análisis de la variabilidad genética; (ii) el estudio
del impacto de la selección natural en los mecanismos de regulación transcrip-
cional de los genes del SQ de Drosophila (regiones upstream y dominios de la
cromatina). Los objetivos específicos de la tesis doctoral han sido:

• Implementar nuevos métodos de genética de poblaciones y evolución
molecular en el programa DnaSP [116], para: (i) analizar la variabilidad
genética en loci independientes, (ii) detectar regiones conservadas a lo
largo del tiempo (phylogenetic footprinting y phylogenetic shadowing), y (iii)
visualizar los resultados de DnaSP conjuntamente con las anotaciones
existentes en el navegador genómico de la Universidad de California y
Santa Cruz (UCSC) [117].

• Implementar una instancia del navegador genómico GBrowse [118] que
permita calcular y visualizar los niveles y patrones de variabilidad nu-
cleotídica en las líneas de D. melanogaster secuenciadas por el proyecto
DGRP.



22 Objetivos

• Desarrollar e implementar modelos estocásticos ganancia y pérdida de
elementos genéticos (ej. genes o CREs) que posibiliten testar hipótesis
biológicamente relevantes, como expansiones y contracciones en espe-
cies concretas.

• Estudiar el impacto de diferentes mecanismos de co-regulación trans-
cripcional en la distribución cromosómica de los genes que codifican
Odorant-Binding Proteins (OBPs).

• Examinar la contribución de la selección natural a la evolución de las
regiones upstream de los genes del SQ de D. melanogaster, con el propó-
sito de determinar su potencial papel en la adaptación de esta especie
durante la colonización de nuevos hábitats.



3
Capítulos

3.1 DnaSP v5: a software for comprehensive analy-
sis of DNA polymorphism data

DnaSP es un programa que permite analizar de forma exhaustiva el polimor-
fismo nucleotídico. La versión 5 implementa nuevas características y métodos
analíticos especialmente diseñados para estudiar el polimorfismo de ADN en
datos masivos. Entre otras características, las nuevas implementaciones po-
sibilitan: (i) analizar varios archivos de datos a la vez; (ii) reconstruir la fase
haplotípica de individuos diploides; (iii) examinar el nivel y patrón de inser-
ción y deleción de nucleótidos; (iv) visualizar los resultados conjuntamente
con las anotaciones genómicas disponibles en la navegador genómico de la
Universidad de California y Santa Cruz (UCSC); (v) inferir regiones funciona-
les mediante metodologías de phylogenetic footprinting.
A diferencia de las regiones codificadoras de proteína, la anotación de elemen-
tos cis-reguladores (CREs) de la transcripción sigue siendo un importante reto
metodológico. La capacidad de inferir CREs difiere sustancialmente in vitro e
in vivo. In vivo, además de la secuencia de nucleótidos, hay otros determinan-
tes de la unión proteína-ADN, como el estado de la cromatina o la topología
del ADN [119, 120]. En este contexto, las metodologías de phylogenetic foot-
printing y phylogenetic shadowing han demostrado ser de gran utilidad para la
detección de regiones funcionales, principalmente CREs.
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ABSTRACT

Motivation: DnaSP is a software package for a comprehensive
analysis of DNA polymorphism data. Version 5 implements a number
of new features and analytical methods allowing extensive DNA
polymorphism analyses on large datasets. Among other features,
the newly implemented methods allow for: (i) analyses on multiple
data files; (ii) haplotype phasing; (iii) analyses on insertion/deletion
polymorphism data; (iv) visualizing sliding window results integrated
with available genome annotations in the UCSC browser.
Availability: Freely available to academic users from:
http://www.ub.edu/dnasp
Contact: jrozas@ub.edu

1 INTRODUCTION
The analysis of DNA polymorphisms is a powerful approach to
understand the evolutionary process and to establish the functional
significance of particular genomic regions (Begun et al., 2007;
Nielsen, 2005; Rosenberg and Nordborg, 2002). In this context,
estimating the impact of natural selection (both positive and
negative) is of major interest. Furthermore, DNA polymorphisms
are relevant as a tool for a broad range of life science disciplines.
Consequently, many high-throughput sequencing, genotyping and
polymorphism detection systems have been developed and are
currently publicly available (Shendure and Ji, 2008). These new
technologies are generating massive amounts of data that need to be
processed, analyzed and transformed effectively into knowledge.

These technological advances have largely stimulated the
development of both analytical methods and computer applications.
Population genetic methods, and particularly those based on
coalescent theory (Hudson, 1990; Wakeley, 2009), are used at
an increasing rate, but need to be adapted to the particularities
of the data (massive amounts of data, missing data, genotypes,
insertion/deletion (indels) polymorphisms, etc.). Furthermore, new
computer applications and algorithms need to be developed for
processing massive datasets (Excoffier and Heckel, 2006), and more
specifically computer visualization tools for the representation of
DNA variation patterns. DnaSP (DNA Sequence Polymorphism) is
a software package that allows for extensive DNA polymorphism
analyses using a friendly graphical user interface (GUI) (Rozas et al.,
2003). Version 5 extends the capabilities of the software, allowing

∗To whom correspondence should be addressed.

comprehensive DNA polymorphism analyses on multiple data files
and on large datasets. Altogether, the present version of DnaSP has
the appropriate features for exhaustive exploratory analyses using
high-throughput DNA polymorphism data.

2 FEATURES
DnaSP v5 incorporates major improvements. The new version
currently allows for the handling and analysis of multiple data files
in batch, and implements new algorithms and methods; among other
things (see below) includes a newmodule to identify conservedDNA
regions, this feature might be useful for phylogenetic footprinting-
based analyses (Vingron et al., 2009). DnaSP provides a convenient
GUI facilitating all data management and analytical tasks; the
results can be visualized graphically as well as in a text report.
DnaSP accepts multiple DNA sequence alignment file formats
(Rozas et al., 2003), including NEXUS (Maddison et al., 1997),
and HapMap3 files with phased haplotypes (The International
HapMap Consortium, 2003). The software allows exhaustive DNA
polymorphism analyses, including those based on coalescent theory
(Rozas et al., 2003; Wakeley, 2009).

2.1 Haplotype reconstruction
Haplotype reconstruction aims at resolving haplotype phase given
genotypic information. DnaSP implements statistical methods to
infer haplotype phase, and prepares adequately the phased data
for subsequent analyses. The input data (unphased genotype data)
are required in FASTA format using IUPAC nucleotide ambiguity
codes to represent heterozygous sites. DnaSP reconstructs the
phase by applying various algorithms (PHASE v2.1, fastPHASE
v1.1 and HAPAR) differing in the underlying population genetic
assumptions. PHASE (Stephens and Donnelly, 2003; Stephens et al.,
2001) assumes Hardy–Weinberg equilibrium and uses a coalescent-
based Bayesian method to infer haplotypes. fastPHASE (Scheet and
Stephens, 2006) implements a modification of the PHASE algorithm
taking into account the patterns of linkage disequilibrium and its
gradual decline with physical distance. This algorithm is faster and
allows for the handling of larger datasets than PHASE, while being
slightly less accurate. HAPAR (Wang andXu, 2003) infers haplotype
phase by maximum parsimony, i.e. attempts to find the minimum
number of haplotypes explaining the genotype sample.
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2.2 Deletion/insertion polymorphisms
Deletion/insertion polymorphisms (DIPs) analysis can provide
insights into the evolutionary forces acting on DNA. This
information, however, has been rarely used. One obstacle has
been the difficulty of defining clearly homologous states (Young
and Healy, 2003). DnaSP incorporates an algorithm for treating
indels related to the ‘simple indel coding’ method of Simmons and
Ochoterena (2000). Specifically, only indels with the same 5′ and 3′
termini are considered homologous (resulted from a single event),
and indels of different lengths (even in the same position of the
alignment) are treated as different events. DnaSP, nevertheless, uses
a slightly different method for coding completely overlapping gaps,
and allows the user to choose the level of overlap to be coded.
Subsequently, DnaSP estimates a number of DIP summary statistics,
such as the average indel length, indel diversity, as well as Tajima’s
D (Tajima, 1989) based on indel information.Additionally, it exports
the recoded data in the NEXUS format file.

2.3 Analysis of multiple data files
DnaSP can automatically read and analyze multiple data files
sequentially (in batch mode). These data files may contain a varying
number of sequences (from within one species, or from one species
as well as one outgroup), or represent diverse genomic regions.
The program estimates the most common DNA polymorphism
and divergence summary statistics (such as the nucleotide and
haplotype diversity, the population mutation parameter, the number
of nucleotide substitutions per site, etc.), and neutrality tests (such
as Tajima’s, Fu and Li’s and Fu’s tests).

2.4 Sliding window results visualization
The sliding window technique is a useful tool for exploratory DNA
polymorphism data analysis (Hutter et al., 2006; Rozas et al.,
2003; Vilella et al., 2005). The current version of DnaSP permits
visualizing results of the sliding window (for example, nucleotide
diversity or Tajima’s D values along the DNA sequence) integrating
available genome annotations in the UCSC browser (Kent et al.,
2002). This feature can greatly facilitate the interpretation of the
results; for instance, it is possible to identify the relevant genome
annotations (genes, intergenic regions, conserved regions, etc.),
which are adjacent to regions with atypical patterns of nucleotide
variation.

3 IMPLEMENTATION
DnaSP version 5 has been developed in Microsoft Visual Basic
v6.0, C and C++, and it runs under Microsoft Windows operating
systems (2000/XP/Vista). With the use of Windows emulators,
DnaSP can also run onApple Macintosh platforms, Linux and Unix-
based operating systems. The software has been tested in all three
platforms.
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3.2 BadiRate: estimating family turnover rates by
likelihood-based methods

El análisis comparativo de especies filogenéticamente relacionadas permite in-
ferir el papel de la selección natural y la adaptación en la evolución de las fa-
milias multigénicas. Sin embargo, los métodos existentes no eran apropiados
para estudiar la dinámica de ciertos tipos de elementos genéticos funcionales,
tales como los elementos cis-reguladores de transcripción (CREs).
En este artículo se describe BadiRate, un nuevo programa para estimar tanto
la dinámica de familias de elementos funcionales (ej. genes o CREs), como su
contenido en los nodos internos de la filogenia. BadiRate implementa varios
modelos estocásticos, los cuales proporcionan un marco estadístico apropiado
para contrastar hipótesis, como expansiones y contracciones de familias mul-
tigénicas en linajes específicos. Las pruebas de validación (en datos simulados
y empíricos) muestran que BadiRate es capaz de inferir las tasas de ganancia
y pérdida de elementos funcionales con gran exactitud.
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ABSTRACT

Motivation: The comparative analysis of gene gain and loss rates is
critical for understanding the role of natural selection and adaptation
in shaping gene family sizes. Studying complete genome data from
closely related species allows accurate estimation of gene family
turnover rates. Current methods and software tools, however, are not
well designed for dealing with certain kinds of functional elements,
such as microRNAs or transcription factor binding sites.
Results: Here, we describe BadiRate, a new software tool to
estimate family turnover rates, as well as the number of elements
in internal phylogenetic nodes, by likelihood-based methods and
parsimony. It implements two stochastic population models, which
provide the appropriate statistical framework for testing hypothesis,
such as lineage-specific gene family expansions or contractions. We
have assessed the accuracy of BadiRate by computer simulations,
and have also illustrated its functionality by analyzing a representative
empirical dataset.
Availability: BadiRate software and documentation is available from
http://www.ub.edu/softevol/badirate.
Contact: jrozas@ub.edu
Supplementary information: Supplementary data are available at
Bioinformatics online.
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1 INTRODUCTION
It is generally accepted that gene and genome duplications are a
major evolutionary mechanism for generating functional innovation
(Ohno, 1970). The increasing availability of closely related genome
sequences allows an accurate analysis of gene family evolution
(Hahn et al., 2007; Sanchez-Gracia et al., 2009; Vieira and Rozas,
2010). Such studies have shown that most families are highly
dynamic and evolve under a birth-and-death (BD) process (Nei
and Rooney, 2005). Indeed, the comprehensive analysis of gene
gains and losses can provide helpful insight into the role of natural
selection and adaptation in shaping gene family size variation.

The stochastic BDmodel (BDM) (Hahn et al., 2005) implemented
in the programs CAFE (De Bie et al., 2006) and BEGFE (Liu et al.,
2011) allows estimating the family turnover rate (λ) by maximum
likelihood (ML) and by Bayesian methods, respectively. This model,
nevertheless, has some drawbacks. First, it assumes equal BD rates,
an assumption that may not hold. Secondly, because duplications

∗
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from zero ancestral genes are not possible (zero is an absorbing state
in the probabilistic BDM), it cannot handle gene families without
elements in the phylogenetic root. These assumptions can therefore
bias the estimates of both the number of members in internal
nodes, as well as the BD rate. Two recently developed computer
programs, GLOOME (Cohen et al., 2010) and Count (Csuros,
2010), overcome these difficulties. Nevertheless, GLOOME can
only model presence/absence of phyletic patterns instead of size
changes, whereas Count assumes independent turnover rates for all
lineages, which precludes testing biological relevant hypothesis such
as linage-specific accelerations.

Here, we describe BadiRate, a new software tool to estimate
family turnover rates through the Gain-and-Death (GD) and the
Birth-Death-and-Innovation (BDI, also known as Birth-Death-
and-Immigration) stochastic models. The current implementation
allows modeling families of diverse functional elements, such
as microRNAs, cis-regulatory elements or coding-protein genes.
Additionally, these models provide a statistical framework for
hypothesis testing, such as family expansions/contractions in
specific lineages.

2 DESCRIPTION
BadiRate implements methods to estimate the family turnover rates
such as, gain (γ), birth (β), death (δ) and innovation (ι) rates.
These rates can be classified as density-dependent (BD) and density-
independent (gain and innovation). Indeed, the probability of having
a death (e.g. a gene loss via deletion or pseudogenization) or a birth
(e.g. a gene gain by unequal crossing-over) event is proportional to
the actual family size. Conversely, the probability of having a gain
or innovation [e.g. horizontal gene transfer (HGT) or by de novo
origin of short cis-regulatory elements] event does not depend on
the actual gene number.

We have implemented two stochastic population models in
BadiRate, the BDI and the GD models (Csuros and Miklos, 2009;
Hahn et al., 2005) (for details see Supplementary Material), to
analyze the evolution of such diverse functional elements. The GD
model is especially suitable for analyzing families where members
might have a de novo origin, such as transcription factor binding
sites (TFBSs) and small non-coding RNAs (miRNAs, piRNAs, etc)
or even families exhibiting high HGT. In contrast, the BDI model is
appropriated to study gene families whose major mechanism for the
acquisition of genes is density-dependent (although it can alsomodel
scenarios with a reduced number of HGT or de novo origin events).
BadiRate also implements a particular case of the BDI model in
which BD rates are assumed to be equal, the Lambda-Innovation
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Fig. 1. Relative performance of the different methods. Computer simulations based on gene families of five members (S = 5) at the most internal node, and a
null innovation rate (I= 0). (A) The box plot represents the error values (see Supplementary Material) distribution across tested methods. (B and C) Surface
plots showing the error values of the ML estimates in scenarios simulated under a combination biologically realistic BD rates. Analysis under the BDI, LI
and P models are conducted with BadiRate and are depicted in blue, green and cyan, respectively. The model implemented in CAFE is depicted in red. BD
rates are measured in number of events per gene per million years (See Supplementary Material for details).

model (LI). This model is nearly equivalent to that implemented
in CAFE (except for the innovation parameter), which allows the
comparison between the two programs.

We have implemented three statistical frameworks to estimate
family turnover rates and the number of members in internal
nodes: maximum a posteriori (MAP), ML and parsimony (see
Supplementary Material). Likelihood-based methods have the
advantage of contrasting biological relevant scenarios, such as the
identification of gene families or specific-lineages with extreme
turnover rates (Johnson and Omland, 2004). Moreover, the MAP
approach allows the incorporation of prior biological information
without a large computational cost.

BadiRate requires as input the established species phylogenetic
tree and a tab-delimited file with the family size of each species
represented in the phylogeny (see BadiRate’s documentation).

3 SIMULATION RESULTS
We assessed the accuracy of the turnover rates estimates by
computer simulations on the well-characterized 12 Drosophila
species phylogeny (Supplementary Material; Supplementary
Figures S1, S2, S3, S4 and S5). Particularly, we benchmarked the
BadiRate ML (under the BDI, LI and GD models) and parsimony
estimates, as well as the CAFE (v2.2) ML estimates (under the
implemented BDM model).

Our results show that, in general (and as expected), the parsimony
algorithm performs worse than ML methods (Fig. 1A). Among
the ML models, the BDI method outperforms all others (LI
and CAFE), especially in cases where small-size families have
asymmetric birth/death rates, i.e. β>δ or vice versa (Fig. 1B;
Supplementary Figure S2). Apart from the higher accuracy of the
BDI model, which mainly results from the separate estimation
of BD rates, the LI model also outperforms CAFE even in
scenarios with a null innovation rate (Fig. 1A and C; Supplementary
Figure S3). Unlike LI and CAFE, which are particular cases of
the BDI model, the performance of the GD model is not directly
comparable to BDI. Still, our simulations show good performance
of the GD model in the analyzed scenarios (Supplementary
Figure S4).

4 EMPIRICAL RESULTS
We also illustrate the BadiRate application by analyzing the
suggested miRNA expansion in the D.willistoni lineage (Nozawa
et al., 2010). Since the identification of the miRNA copies in
the 11 Drosophila species was conducted by similarity based
on the available D.melanogaster miRNA data, the identification
of the family members is less accurate for longer divergence times.
To control for this effect, we contrasted two scenarios, one assuming
independent turnover rates in two classes of branches (in the internal
lineages leading to D.melanogaster and in the rest of branches)
and the other incorporating a third class of turnover rates (for the
D.willistoni lineage). The lowerAkaike Information Criterion (AIC)
value of the second scenario (AIC= 1509.8128) compared with the
first one (AIC= 1518.3918) suggests that the D.willistoni lineage
indeed has distinct miRNA turnover rates. We also inferred the
most likely number of miRNA elements in the internal nodes of
the Drosophila phylogeny; these figures are very similar to that
estimated in (Nozawa et al., 2010) (Supplementary Figure S6).
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Supplementary Methods
Maximum Likelihood (ML) estimates

BadiRate implements an Amoeba hill-climbing method (Nelder and Mead, 1965) to maximize 

the likelihood of the family turnover rates: 

argmax ( )ML L
�

�� � (1)

where θ are the family turnover rate parameters, and L(θ) is the likelihood of these parameters in 

the whole phylogeny. BadiRate assumes that the evolution of the families is independent, which

allows computing the L(θ) as the product of the individual family likelihoods:
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where f is the total number of families, and Li(θ) is the likelihood of the parameters in the 

observed family i. Nevertheless, if some families became extinct in all surveyed species the 

actual value of f can be larger than the observed one. In such cases, it is convenient to correct the 

L(θ) value as (Cohen, et al., 2008; Felsenstein, 1992):
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where LNULL(θ) is the likelihood of a family to be absent in all external nodes. BadiRate 

calculates Li(θ) and LNULL(θ) using the pruning algorithm of Felsenstein (Felsenstein, 1981):

intmax
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i a
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� 	 (3)

where maxint is the maximum number of family members in internal phylogenetic nodes 

(bounded for computational reasons), πa  is the prior probability of the number of members at the 

root, and Pr(ROOT) (a) is the probability of having ‘a’ family members in the most internal node 

(the phylogenetic root).

We defined the maxint value as:

intmax 2 maxext n� 
 (4)



where maxext is the maximum number of members in external nodes, and n is an user-defined 

constant value (by default, n = 10). The rationale behind this dynamic upper boundary (for each 

particular gene family) is to optimize the trade-off between the computational time and the 

numerical precision of the likelihood computation. 

BadiRate models πa by using a Poisson or a Negative Binomial distribution, with parameters 

estimated by likelihood (ML or MAP) or by parsimony methods. For the latter case, BadiRate 

assumes that the parameter of the Poisson distribution is equal to the family size inferred by 

parsimony. 

The pruning algorithm of Felsenstein assumes that lineages evolve independently of each other,

so BadiRate computes Pr(ROOT) (a) as the product of the probabilities of the two descendant 

lineages. For instance, the probability to have a family of ‘a’ members in the most internal node, 

is given by the following recursive equation:

int intmax max
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where Pr(y)(dy) is the probability of having dy members in the descendant node y, and 

Pr(a|dy,ty,θy) is the transition probability from a state ‘a’ (number of members in the internal 

node) to a state dy. We calculated the transition probabilities of the stochastic GD (Gain-and-

Death) and BDI (Birth-Death-and-Innovation, also known as Birth-Death-and-Immigration)

models as in (Csuros and Miklos, 2009). In addition, BadiRate can also model the process 

assuming that birth and death rates are equal, a specific BDI case (nearly equivalent to the model 

implemented in CAFE) denoted here as the lambda-innovation (LI) model.

BadiRate can estimate the ML family turnover rates by assuming equal rates across lineages 

(global rate model), by considering variation in specific branches (branch-specific rate models),

or even by assuming independent turnover rates in all lineages (free rate model). ML estimates

under different branch models can be further used (for instance, by means of the likelihood ratio 

test, Akaike, or Bayesian information criteria) to test relevant biological hypothesis (e.g., the 



existence of higher or lower family turnover rates in specific lineages or groups of lineages). 

BadiRate allows detecting outlier lineages but also reports the gene families that have not likely 

evolved under the ML turnover rates (i.e., families that significantly depart from the ML 

estimates); these outliers are interesting candidates for lineage-specific adaptations. Moreover, 

BadiRate uses these ML estimates to infer the most likely number of family members in the 

internal nodes, and it also determines the minimum number of gains and losses in each lineage.

Maximum a Posteriori (MAP) estimates
BadiRate can also incorporate prior biological information about family turnover rates. For 

instance, we can model the fact that HGT or de-novo origin of genes are unlikely events (Zhou, 

et al., 2008), or the massive gene loss that usually occur in endosymbiotic lineages (Mira, et al., 

2001), by defining appropriate a priori probability distributions for the innovation and death 

rates, respectively. Specifically the MAP is given by:

argmax ( ) ( )MAP L g
�

� �� � (6)

where g(θ) is the a priori distribution of the family turnover rates. BadiRate models g(θ) with a 

Gamma distribution with the scale parameter fixed at the value 1 and, therefore, the mean and 

variance are uniquely determined by the shape (α) parameter; thus, we may specify small α 

values if the biological information are indicative of  low turnover rates, and vice versa. For 

instance, to analyze eukaryotic multigene families, we might use a Gamma distribution with a 

low shape value (e.g. α = 0.00001, or even α = 0) as the innovation rate prior; conversely, to 

estimate family turnover rates in endosymbiotic lineages, we might assume a Gamma

distribution with a high shape value (e.g. α = 0.5) as the death rate prior.



Parsimony estimates
In addition to the BDI, LI and GD stochastic models, we have also implemented an algorithm to 

estimate the family turnover rates by parsimony. BadiRate first infers the number of genes in all 

internal nodes by using the Wagner parsimony or a modification of the Sankoff algorithm. Then,

BadiRate uses this information to determine the minimum number of gain and loss events in 

each branch; assuming one innovation event only if there are zero gene copies in a given internal 

node and one (or more) in the descendent nodes (otherwise, the family gains will be considered 

gene duplications). From this number of gain and loss events, BadiRate finally calculates the 

density-dependent (rd, for birth and death) and independent (ri, for gain and innovation) family 

turnover rates as follows (Vieira, et al., 2007):

1
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where n is the number of phylogenetic lineages, t the total divergence time of the phylogeny (the 

sum of all branch lengths), and ab and eb are the number of ancestral family members and events 

(births, deaths, gains or innovations) in lineage b, respectively. 

The accuracy of the parsimony algorithm relies on its ability to correctly infer evolutionary 

events. Because the algorithm attempts to minimize the number of events, the gene turnover 

rates may be underestimated. To avoid a situation where gain and loss events mask each other, it 

is helpful to separate a particular gene family into its component ortholog groups (or 

subfamilies); the inference of gains and losses separately in each subfamily leads to better 

parsimony estimates. It is worth noting that BadiRate can also use the parsimony inferences as 

the starting values to reduce convergence problems in the ML estimates of the family turnover 

rates.

Error Estimates (Computer Simulations)



To assess the performance of BadiRate on simulated data, we measured the error between 

estimated and true (fixed in simulations) turnover rates as the normalized Euclidean distance (d)

between each family in each replicate and the simulated fixed value:
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where �t and �t are the true birth and death rates, �ei and �ei those rates estimated in the i

replicate, and σ�e and σ�e the standard deviation over all replicates. This distance has the 

advantage of taking into account standard deviations, which allows testing if the estimates 

significantly depart from the rates fixed in the simulations.

Results
Simulation Results
We assessed the accuracy of the family turnover rates estimates by conducting computer 

simulations on the well characterized 12 Drosophila species phylogeny (Drosophila 12 Genomes 

Consortium, 2007) (Supplementary Figures S1, S2, S3, S4 and S5). In the simulations, we fixed 

the number of genes in the root (S = 5, 10 and 20), applied a range of BDI or GD rates (�, � and 

� = 0, 0.002, 0.004, 0.006, 0.008 and 0.01; � = 0, 0.001 and 0.01), and determined the actual 

number of genes at the leaves. For a particular scenario, we performed 100 replicates, each 

comprising 30 gene families (a total of 3000 trees). We then benchmarked the BadiRate ML 

(under the BDI, LI and GD models) and parsimony estimates, as well as the CAFE ML estimates 

(under the BDM model). Moreover, we also evaluated the performance of the BadiRate ML 

estimates under different root family size distributions: under a Poisson with the parameter 

estimated by ML (PML) or parsimony (PP), and under a Negative Binomial with parameters 

estimated by ML (NBML).



Our results show that, in general (and as expected), the family turnover rates estimated by 

parsimony are less accurate than the ML estimates (Figure 1A). Among the ML turnover 

estimates, the BDI method implemented in BadiRate outperforms the two others (LI and CAFE);

this is especially true in cases where small-size families have asymmetric birth/death rates, i.e. �

> � or vice versa (Figure 1A and 1B; Supplementary Figure S2). Apart from the higher accuracy 

of the BDI model, which mainly results from the separate estimation of birth and death rates, the 

LI model also outperforms CAFE, even in scenarios with a null innovation rate (Figures 1A and 

1C; Supplementary Figure S3). Unlike LI and CAFE, which are particular cases of the BDI 

model, the performance of the GD model is not directly comparable to BDI. Still, our 

simulations show good performance of the GD model in the analyzed scenarios (Supplementary 

Figure S4).

We also found that the BadiRate ML estimates are more accurate using the PML or NBML (root 

family size distributions) in cases of asymmetric birth/death rates, and using the PP in cases of 

similar birth and death rates. This result might reflect the fact that our parsimony algorithm 

equally scores gain and loss events, which yields good root family size inferences only in cases 

of similar birth and death rates. Its performance and favorable running speed, makes the PP

approach a good alternative for the analysis of families with similar birth and death rates

(Supplementary Figure S5).

Empirical Data Results
We also illustrate a BadiRate application by analyzing published microRNA data from the 12 

Drosophila species (Nozawa, et al., 2010) under the GD model. In this work, the authors 

suggested a putative miRNA expansion in the D. willistoni lineage. To test this hypothesis, we 

compared the likelihood of the turnover rates under a global-rates model to a model assuming 

specific turnover rates in the D. willistoni branch. The likelihood-ratio test is not significant (p =

0.1527), suggesting that there are no differences on the miRNA turnover rates between D. 



willistoni and the rest of Drosophila lineages. However, because miRNAs in the 11 non-

melanogaster species were identified by similarity based on the available D. melanogaster

miRNA data, the identification of miRNA family members is less accurate for longer divergence 

times. This can lead to the detection of spurious miRNA expansions, which may mask putative 

changes in the turnover rates in D. willistoni. To control for this effect, we compared the 

likelihood values of two scenarios. The first scenario assumes independent turnover rates in two 

classes of branches (in the internal lineages leading to D. melanogaster and in the rest of 

branches), while the second additionally incorporates a third class of turnover rates (for the D. 

willistoni lineage). The lower Akaike Information Criterion (AIC) value of the second scenario

(AIC = 1509.8128) compared to the first one (AIC = 1518.3918), and the significant LRT (P =

0.0018), indicates that the D. willistoni lineage indeed has distinct miRNA turnover rates. 

Moreover, we also inferred the most likely number of miRNA elements in the internal nodes of 

the Drosophila phylogeny; these figures are very similar to that estimated by (Nozawa, et al., 

2010) (Supplementary Figure S6).

BadiRate’s Input and Output
BadiRate requires as input the established species phylogenetic tree (ultrametric-rooted tree in 

Newick format) and a tab-delimited data file with the family size for each species represented in 

the phylogeny (for full details see BadiRate’s documentation). The output includes estimates of 

the turnover rates, the most likely number of members in internal nodes (in extended Newick 

format), and the outlier families (families with turnover rates significantly higher or lower than 

that estimated for the whole data after correcting for multiple testing).
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3.3 PopDrowser: the Population Drosophila Browser

La secuenciación de 168 líneas isogénicas de una única población natural (Ra-
leigh, Carolina del Norte) de D. melanogaster es un recurso sin precedentes
para la comunidad científica, ya que posibilita detectar procesos incipientes
de adaptación.
En este artículo se presenta el ’Population Drosophila Browser’ (PopDrowser),
un nuevo navegador genómico especialmente diseñado para analizar y vi-
sualizar la variación nucleotídica a lo largo del genoma de D. melanogaster.
PopDrowser incluye una serie de estadísticos descriptivos del nivel y patrón
de polimorfismo y divergencia nucleotídico, estimas del desequilibrio de liga-
miento y varios tests de neutralismo. Además, PopDrowser puede re-calcular
los estadísticos con parámetros definidos por el usuario (ej. longitud de la re-
gión analizada, excluir singletons, etc.), lo que le dota de una gran versatilidad
para posteriores estudios evolutivos.
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ABSTRACT

Motivation: The completion of 168 genome sequences from a single
population of Drosophila melanogaster provides a global view of
genomic variation and an understanding of the evolutionary forces
shaping the patterns of DNA polymorphism and divergence along
the genome.
Results: We present the ‘Population Drosophila Browser’
(PopDrowser), a new genome browser specially designed for the
automatic analysis and representation of genetic variation across the
D. melanogaster genome sequence. PopDrowser allows estimating
and visualizing the values of a number of DNA polymorphism and
divergence summary statistics, linkage disequilibrium parameters
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custom analyses on-the-fly using user-selected parameters.
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1 INTRODUCTION
Population genetics studies have been so far based on fragmentary
and non-random samples of genomes, providing a partial and
often biased view of the population genetics processes (Begun
et al., 2007). A new dimension to genetic variation studies is
provided by the new availability of within-species genomes. Next-
generation sequencing technologies are making affordable genome-
wide population genetics data, not only for humans and the main
model organisms, but also for most organisms on which research is
actively carried out on genetics, ecology or evolution (Pool et al.,
2010).

Genome browsers are very useful tools to query and visualize
disparate annotations at different genomic locations using a web
user interface (Schattner, 2008). A number of web-based genome
browsers displaying genetic variation data are already available
(Benson et al., 2002; Dubchak and Ryaboy, 2006; Frazer et al.,
2007; Hubbard et al., 2002; Kent et al., 2002; Stein et al.,
2002). Such browsers, however, are not well suited to deal with
population genomics sequence information. For example, HapMap
(International HapMap Consortium, 2003), the most comprehensive

∗To whom correspondence should be addressed.
†The authors wish it to be known that, in their opinion, the first three authors
should be regarded as joint First Authors.

genome browser of variation data so far, contains information on
single nucleotide polymorphisms (SNPs), Copy Number Variations
(CNVs) and linkage disequilibrium of human populations. It does
not offer, however, genetic variation estimates along sliding-
windows or neutrality-based tests.

The Drosophila Genetic Reference Panel (DGRP) (T.Mackay
et al., accepted for publication) has recently sequenced and analyzed
the patterns of genome variation in 168 inbred lines of Drosophila
melanogaster from a single population of Raleigh (USA), and
conducted a genome-wide association analysis of some phenotypic
traits. Amajor goal of this project is to create a resource of common
genetic polymorphism data to aid further population genomics
analyses. As a part of this DGRP project, here we present a modified
Gbrowse specifically designed for the automatic estimation and
representation of population genetic variation in D. melanogaster,
the ‘Population Drosophila Browser’ (PopDrowser). Unlike other
population analysis tools (Hutter et al., 2006; Kofler et al., 2011),
the PopDrowser is a genome browser, which can be customized to
create analogous resources for any other species with within-species
polymorphism data.

2 IMPLEMENTATION

2.1 Input data
The initial input data are a set of 168 aligned intraspecific
D. melanogaster sequences from the DGRP project, and also
include the genome sequences of Drosophila yakuba and Drosophila
simulans, which were used as outgroup species.

2.2 Interface and implementation
PopDrowser allows reporting precomputed estimates of several
DNA variation measures along each chromosome arm through
the combined implementation of the programs PDA 2 (Casillas
and Barbadilla, 2006), MKT (Egea et al., 2008) and VariScan 2
(Hutter et al., 2006). The data and summary statistics are graphically
displayed along the chromosome arms on a web-based user interface
using the Gbrowse software.

PopDrowser also includes an innovative capability that
allows performing custom analyses on-the-fly. After selecting a
chromosome region and a particular track, the user can conduct
exhaustive analyses by defining their own custom input parameters.
Furthermore, users can choose to either visualize the output of
their analyses graphically in the browser—as a new track—or to

© The Author 2011. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oup.com 595
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Fig. 1. PopDrowser snapshot showing the results of the McDonald–
Kreitman tests in the ade2-RA gene within its genome context.

download it in a tabulated text file. The estimates available for
on-the-fly analyses are specified in Table1.

The current implementation is running in an Ubuntu 10.04 Linux
x64 server, 2 IntelXeon 3Ghz processors, 32GB RAM withApache.

2.3 Output
Along with reference genome annotations, the genome browser
output includes measures of a number of nucleotide summary
statistics, such as the levels of nucleotide diversity (π and θ),
DNAdivergence between species (K), different measures of linkage
disequilibrium and genome-wide neutrality tests. Such analyses are
computed along each chromosome arm in non-overlapping sliding
windows of 0.05, 0.1, 0.5, 1, 10, 50 and 100 kb. For each gene,
the browser also provides a single track including information
of the generalized and the integrative McDonald–Kreitman tests
(McDonald and Kreitman, 1991; T.Mackay et al., accepted for
publication) along with minor and derived allele frequency (MAF,
DAF) spectrums (Fig. 1). All the tracks included in the PopDrowser
are summarized in Table 1.
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Table 1. Summary of the PopDrowser tracks

Category Gene annotations and estimates

Drosophila melanogaster
reference annotations
(build 5.13) and
recombination

Gene structure, mRNA, CDS (Coding
Sequence), ncRNA, tRNA, orthologous
genes, phastCons, GC content. local
recombination rate (Fiston-Lavier et al.,
2010)

Density tracks Genes, microsatellites, transposons, CDS,
SNPs

Nucleotide variants SNPs, single nucleotide fixations
Measures of nucleotide

variation and LD)a
Number of segregating sites (S), total

minimum number of mutations (η),
number of singletons (ηe), nucleotide
diversity (π), Watterson’s estimator of
nucleotide diversity per site (θ), number of
haplotypes (h), haplotype diversity (Hd),
nucleotide divergence per site (corrected
by Jukes–Cantor) (K). LD: D, absolute D
(|D|), D′, absolute D′ (|D′|), r2

Neutrality testsa Fu and Li’s D,Da, F,Fa, Fay and Wu’s H ,
Tajima’s D, Fu’s FS statistics. MKT (per
gene)

LD, linkage disequilibrium; CDS, coding sequence.
aEstimates available for on-the-fly analyses (except MKT per gene).
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3.4 Uncovering the functional constraints underlying
the genomic organization of the odorant-binding
protein genes

El sistema olfativo tiene un papel fundamental en la supervivencia y repro-
ducción de los individuos. En insectos, las primeras etapas de la quimioper-
cepción están mediadas por las proteínas de unión a odorantes (OBPs). La
distribución de los genes que codifican para OBPs no es aleatoria, sino que se
conserva más tiempo de lo esperado dadas las tasas de reordenamiento cro-
mosómicas observadas en Drosophila. Hasta la fecha, todavía no se conocían
las causas de dicha conservación.
En este estudio presentamos un análisis exhaustivo de los factores potencial-
mente responsables de dicha conservación, que incluyen: i) la arquitectura de
la región promotora, ii) un ambiente transcripcional característico, y iii) el es-
tado de la cromatina.
Nuestros resultados sugieren que los dominios de la cromatina restringen la
ubicación de los genes que codifican para OBPs en regiones cromosómicas que
se caracterizan por un determinado ambiente transcripcional. Sin embargo, y
de forma aparentemente contradictoria con los modelos establecidos, este am-
biente no se caracteriza por un menor ruido transcripcional (EN). De hecho,
el EN podría incrementar la plasticidad fenotípica de los individuos, lo cual
puede ser crítico en la percipción olfativa.
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Abstract

Animal olfactory systems have a critical role for the survival and reproduction of individuals. In insects, the odorant-binding proteins

(OBPs) are encoded by a moderately sized gene family, and mediate the first steps of the olfactory processing. Most OBPs are

organized in clusters of a few paralogs, which are conserved over time. Currently, the biological mechanism explaining the close

physical proximity among OBPs is not yet established. Here, we conducted a comprehensive study aiming to gain insights into the

mechanisms underlying the OBP genomic organization. We found that the OBP clusters are embedded within large conserved

arrangements. These organizations also include other non-OBP genes, which often encode proteins integral to plasmamembrane.

Moreover, the conservation degree of such large clusters is related to the following: 1) the promoter architecture of the confined

genes, 2) a characteristic transcriptional environment, and 3) the chromatin conformation of the chromosomal region. Our results

suggest that chromatin domains may restrict the location of OBP genes to regions having the appropriate transcriptional environ-

ment, leading to the OBP cluster structure. However, the appropriate transcriptional environment for OBP and the other neighbor

genes isnotdominatedby reduced levelsofexpressionnoise. Indeed, thestochasticfluctuations in theOBPtranscriptabundancemay

have a critical role in the combinatorial nature of the olfactory coding process.

Key words: chemosensory system, olfactory reception, gene cluster constraint, expression noise, chromatin domain.

Introduction

Animal olfactory systems allow for the detection of food,

predators, and mates, and thus demonstrating a critical role

for the survival and reproduction of individuals (Krieger and

Ross 2002; Matsuo et al. 2007). In Drosophila, the early steps

of odor processing occur in chemosensory hairs (i.e., the sen-

silla), which are located in the third antennal segment and the

maxillary palp. The main biochemical events include the

uptake of volatile molecules through the cuticle pores, trans-

port across the sensilla lymph, and interaction with olfactory

receptors. The latter steps are mediated by the odorant-bind-

ing proteins (OBPs), which may have an active role in olfactory

coding such as contributing to odor discrimination (Swarup

et al. 2011) and receptor activation (Laughlin et al. 2008;

Biessmann et al. 2010). OBPs are small (10–30kDa; 130–

220 aa long), highly abundant, globular, and water-soluble

proteins (Kruse et al. 2003; Tegoni et al. 2004). These mole-

cules are encoded by a moderately sized multigene family (in

the 12Drosophila species, the number of OBPmembers range

from 41 to 62), with an evolution that is consistent with the

birth-and-death model (Vieira et al. 2007).

In arthropods, most OBP genes are organized in clusters of

a few paralogs (Hekmat-Scafe et al. 2002; Foret andMaleszka

2006), an arrangement that is moreover conserved over time

(Vieira and Rozas 2011). Nevertheless, it is not well established

whether the conservation of these OBP clusters represent the

outcome of an uneven distribution of chromosomal rearran-

gement breakpoints, or rather they are constrained by natural

selection for some functional meaning (Zhou et al. 2009;

Sanchez-Gracia and Rozas 2011; Vieira and Rozas 2011).

For example, functionally linked genes, such as those encod-

ing subunits of the same complex (Chamaon et al. 2002),

proteins of the same pathway (Lee and Sonnhammer 2003),

or genes with expression patterns restricted to the head,

embryo, or testes (Boutanaev et al. 2002) are often clustered

in the Drosophila melanogaster genome. As clusters of func-

tionally linked genes may include nonhomologous members,

the OBP gene organization may be preserved by functional

constraints imposed from neighboring genes.

The presence of shared cis-regulatory elements, such as

bidirectional promoters or pleiotropic enhancers, may explain

the OBP gene organization (Li et al. 2006; Yang and Yu 2009).

GBE

� The Author(s) 2013. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-nc/3.0/), which permits

non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact journals.permissions@oup.com

2096 Genome Biol. Evol. 5(11):2096–2108. doi:10.1093/gbe/evt158 Advance Access publication October 21, 2013

 at U
niversitat D

e B
arcelona on D

ecem
ber 19, 2013

http://gbe.oxfordjournals.org/
D

ow
nloaded from

 



For example, central regions of some Drosophila syntenic clus-

ters are enriched for highly conserved noncoding elements

that regulate the transcription of genes with the appropriate

composition of core promoter elements (CPEs) (Engstrom

et al. 2007). Notably, the CPE composition and expression

pattern are two features characterizing the broad and peaked

promoter architectures (a classification based on the distribu-

tion of transcription start sites) (Hoskins et al. 2011). Although

genes with peaked promoters are often expressed in specific

tissues or developmental stages, those with broad promoters

usually have constitutive transcription (Kharchenko et al.

2011; Rach et al. 2011). Therefore, shared cis-regulatory ele-

ments may differentially restrict the movement of genes with

particular promoter architectures or transcriptional patterns.

Chromatin conformation (Filion et al. 2010; Kharchenko

et al. 2011) could also affect gene organization given its role

in the regulation of gene expression (i.e., the so-called position

effect). For example, human unfolded chromatin (30-nm

chromatin fibers) encompasses high-density gene regions

(Gilbert et al. 2004), which usually exhibit elevated expression

breadth (EB) (Caron et al. 2001; Lercher et al. 2002).

Interestingly, transcriptional activation after chromatin unfold-

ing induces stochastic fluctuations in transcript abundance

(i.e., expression noise [EN]) (Becskei et al. 2005). Such EN is

often deleterious, particularly for broadly expressed genes,

because it yields imbalances in the stoichiometry of proteins

(Fraser et al. 2004). These features led Batada and Hurst

(2007) to hypothesize that broadly expressed genes are clus-

tered in regions of constitutively unfolded chromatin to min-

imize EN. Several lines of thought support this model. For

example, as head-to-head gene pairs share their promoter

regions, a chromatin unfolding event can facilitate the tran-

scriptional activation of both genes. Therefore, chromatin un-

folding events will be less frequent in head-to-head than other

gene pair arrangements, leading to reduced levels of EN

(Wang et al. 2010). Because EN is often deleterious, natural

selection may favor the maintenance of the head-to-head

gene pair organization in clusters.

Chromosomal proteins determining the chromatin state,

such as nuclear membrane (Capelson et al. 2010;

Vaquerizas et al. 2010), insulators (Maeda and Karch 2007;

Wallace et al. 2009; Negre et al. 2010), and chromatin remo-

deling (Kalmykova et al. 2005; Li and Reinberg 2011) proteins,

may therefore play a relevant role in maintaining gene clus-

ters. In this regard, the function of the JIL-1 protein kinase

deserves special attention for its role in defining the decon-

densed interbands of polytene chromosomes, which charac-

terize active and unfolded chromatin (Jin et al. 1999; Regnard

et al. 2011; Kellner et al. 2012). Moreover, JIL-1 kinase, which

phosphorylates Serine 10 and 28 at Histone 3, physically in-

teracts with the lamin Dm0 (a structural nuclear membrane

protein) (Bao et al. 2005) and Chromator (localized in the

spindle matrix of the nucleosketeleton) (Gan et al. 2011) pro-

teins. Recently, the lamin Dm0 protein has been shown to

colocalize with conserved microsynteny in Drosophila (Ranz

et al. 2011), whereas Chromator changes the chromatin fold-

ing state (Rath et al. 2006). Therefore, high-order regulatory

mechanisms involving chromatin conformation may underlie

the conservation of some gene clusters.

Here, we analyzed the mechanisms underlying the OBP

genomic organization. We found that the OBP clusters are

embedded within large arrangements, which also include

other non-OBP genes. The conservation degree of such

large arrangements is moreover related to a number of func-

tional and expression features, such as a transcriptional envi-

ronment not dominated by reduced levels of EN. Indeed, the

stochastic fluctuations in the OBP transcript abundance may

have a critical role in the combinatorial nature of the olfactory

coding process.

Materials and Methods

DNA Sequence Data and Assignment of Orthologous
Groups

We downloaded the D. melanogaster gene and protein

sequences and their orthologous relationships (release

fb_2011_04) with the additional 11 Drosophila species

(Drosophila 12 Genomes 2007) from FlyBase (release 5.40).

The orthology data set contains predicted and curated pair-

wise relationships between the Drosophila species (i.e., one-

to-one, one-to-many, and many-to-many relationships). We

clustered these ortholog pairs into groups with multiple spe-

cies using the Markov Clustering Algorithm software with

default parameters (inflation¼2 and scheme¼7).

Gene Clustering

We define a conserved cluster as a group of neighbor genes

maintained over time; this definition allowed us to study clus-

ters of linked genes, regardless whether they are homologous.

To infer such conserved gene clusters, we used theMCMuSeC

software (Ling et al. 2009), which permits that clusters can

undergo internal rearrangement events (Luc et al. 2003), as

well as tandem gene duplications (recent duplicates originated

from members of the same cluster). For each inferred cluster,

we measured the conservation level as the branch length

score (BLS), that is, the total divergence time (Tamura et al.

2004) since the cluster origin. The larger the BLS value, the

more ancient the gene cluster.

We evaluated the significance of each BLS value separately

for each cluster size (n). Indeed, small-sized clusters (with a low

number of genes) have a lower probability to be disrupted by

chromosomal rearrangements than larger ones. For each clus-

ter size, we generated an empirical null distribution of the

expected BLS value by randomly sampling 10,000 groups of

n contiguousD. melanogaster genes, and the BLS values were

computed across the information of the 12 Drosophila spe-

cies. We defined the probability of an observed BLS value
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(pBLS) as the fraction of sampled clusters with a BLS value

lower than or equal to the observed (supplementary table

S1, Supplementary Material online).

We also used computer simulations to examine whether

the chromatin and expression factors that correlate with the

pBLS value (e.g., JIL-1 binding intensity or EN) are specific

constraints of the OBP gene organization, or correspond to

genome-wide characteristics. We generated null empirical dis-

tributions by randomly sampling 10,000 replicates of 31

D. melanogaster clusters without OBP genes, but with the

same number of genes and similar pBLS (�0.01) as that ob-
served for clusters including OBP genes. For each replicate, we

calculated the correlation between the characteristic chroma-

tin and expression factors and the pBLS value. The probability

of an observed correlation (P value) was estimated as the pro-

portion of samples with correlation values higher than the

observed. A low probability (i.e., P< 0.05) value indicates

that the surveyed factor is not as common among the

genome-wide Drosophila gene clusters as it is in the clusters

including OBP genes.

Expression Data

We obtained gene expression data for all of the D. melano-

gaster genes from FlyAtlas (Chintapalli et al. 2007). We used

the whole fly expression intensity (EI) information, and all of

the 26 conditions incorporated in FlyAtlas, including larval and

adult tissues. We considered that a gene is transcribed if the

present call value was greater than zero. In addition to the EI

value, we also computed the EB as the fraction of tissues

where the gene is transcribed (regardless of the expression

level in a given tissue), the sex-specific expression (SSE)

as the transcription in sexual tissues (i.e., testis, ovary, male

accessory glands, virgin spermateca, and mated spermateca)

relative to the rest of tissues, and the EN as the coefficient

of variation (COV) of the EI values. As the FlyAtlas expres-

sion data were determined from highly inbred flies

(the Canton-S stock) reared at homogeneous conditions

(22 �C with a 12h:12h light regime), the COV values are

not explained by differences in the genetic or environmental

background, but rather represent an excellent proxy to

evaluate the stochastic fluctuations in transcript abundance

(EN). The mean expression measures for each cluster were

calculated as the average expression values of the spanned

genes.

Functional Genomic Data

The ChIP-chip binding intensity for the JIL-1 protein and the

nine chromatin states defined in Kharchenko et al. (2011)

were downloaded from the modENCODE project database

(BG3 D. melanogaster cell line). The nine-state chromatin

model classifies each D. melanogaster nucleotide position

into one out of nine chromatin states (i.e., Promoter and

TSS, Transcription elongation [TE], Regulatory regions, Open

chromatin, Active genes on the male X chromosome,

Polycomb-mediated repression, Pericentromeric heterochro-

matin, Heterochromatin-like embedded in euchromatin, and

Transcriptionally silent, intergenic) on the basis of the combi-

natorial profile of 18 histone marks (Kharchenko et al. 2011).

The promoter architecture information, which integrates cap

analysis of gene expression (CAGE), RNA ligase mediated

rapid amplification of cDNA ends (RLM-RACE) and cap-

trapped expressed sequence tags data, was obtained from

Hoskins et al. (2011). We performed the promoter analysis

using all promoter annotations, but also confirmed the results

by restricting the analysis to promoters with only validated

support (evidence from two or more data types; e.g., CAGE

and RLM-RACE).

We used the FlyBase Gene Ontology (GO) annotation (re-

lease fb_2011_04) to gauge whether genes clustered with

OBP genes are functionally related. We analyzed the GO over-

representation using the Topology-Elim algorithm (Grossmann

et al. 2007), which considers the hierarchical dependencies of

the GO terms, and was implemented in the Ontologizer 2.0

software (Bauer et al. 2008).

Phylogeny-Based Analysis

The age of the genes (the divergence time since its origin) is a

relevant factor to be considered when analyzing the mecha-

nisms involved in gene cluster conservation. For example,

recent gene duplications usually evolve faster than older

ones (Luz et al. 2006) and often exhibit an SSE pattern.

Moreover, the maximum BLS value of a particular cluster de-

pends on the age of the encompassed genes. We inferred the

maximum BLS cluster value as the minimum age of the en-

compassed genes, using the topological dating approach

(Huerta-Cepas and Gabaldon 2011) with the BadiRate soft-

ware (Librado et al. 2012).

Statistical Multivariate Analysis

We examined the relationships among the pBLS and a

number of genomic and gene expression factors by different

association tests (supplementary table S2, Supplementary

Material online). On the one hand, we analyzed bivariate as-

sociations by using the following: 1) the Wilcoxon exact test,

2) the Pearson correlation coefficient, 3) the Spearman’s rank

correlation coefficient, and 4) the maximal information coef-

ficient (MIC) (Reshef et al. 2011). We used theWilcoxon exact

test to compare clusters with low (<0.90) and high (>0.99)

pBLS values. As this test requires a categorization of a contin-

uous variable (the pBLS value), it is often conservative. For this

reason, we also computed the Pearson correlation coefficient,

which captures the linear continuous dependence between

variables. Nevertheless, the Pearson correlation coefficient is

very sensitive to outliers and skewed distributions, which may

generate spurious associations between variables. Indeed, the

assumptions required to calculate the probability associated to

Librado and Rozas GBE
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the Pearson correlation coefficient may not hold in our data;

for instance, the pBLS values are not normally distributed

(Kolmogorov–Smirnov test: P< 2.2e�16). In such case, the

Spearman’s rank correlation coefficient is recommendable.

This test, however, is not without problems, such as the use

of themidrank approach for handling ties. TheMIC-based test

does not assume normality of the data and allows detecting a

wide range of bivariate associations, including monotonic

(e.g., linear, exponential) and nonmonotonic (e.g., sinusoidal)

relationships. However, the P value of the MIC score can only

be obtained by simulations. Currently only a few precomputed

tables are available, which precludes computing exact

P values, especially for our genome-wide data set (sample

size of 3,434). Given these pros and cons, we reported the

Spearman’s rank correlation coefficient throughout the man-

uscript. In addition, it is worth noting that all conclusions ex-

tracted from the Spearman’s rank correlation coefficient were

also supported by other tests, especially the main findings

(supplementary table S2, Supplementary Material online).

On the other hand, as the examined variables are clearly inter-

correlated, we also conducted a partial correlation and a path

analysis. We assessed the goodness of fit of our empirical data

to the underlying path model by evaluating the chi-squared

significance.

The Wilcoxon exact test, the Pearson, and the Spearman’s

correlation coefficients, as well as the partial correlation and

the path analysis were performed using the R programming

language (version 2.7.2). The MIC score was computed using

the Java binary provided by the authors, and its P values were

determined using the precomputed tables available at the

MINE web site. We conducted the multiple testing correction

using the Benjamini–Hochberg procedure (Benjamini and

Hochberg 1995) at a 5% of false discovery rate (FDR),

which was implemented in the multtest package of the R

programming language. We also used in-house developed

Perl scripts for handling all genomic and expression data files.

Results

Gene Cluster Identification

We inferred a total of 31 conserved clusters that include both

OBP and other nonhomologous genes (see Materials and

Methods; table 1). These 31 clusters are maintained, on aver-

age, in 5.9 Drosophila species, comprise a mean of 8.3 genes

and, more importantly, recover most of the OBP clusters de-

fined in Vieira et al. (2007). For example, the cluster with

highest gene density comprises four OBP genes (Obp19a,

Obp19b, Obp19c, and Obp19d; cluster 1 in Vieira et al.

[2007]) and one non-OBP gene in 7,330bp. This cluster has

been detected in 11 species, having a pBLS (cluster constraint

probability) value of 0.995, and an adjusted pBLS (after

correcting for the FDR [Benjamini and Hochberg 1995]) of

0.977 (table 1). In total, 14 of these clusters are significant

(pBLS>0.95), although only 10 remain after correcting for

multiple testing (adjusted pBLS> 0.95). Therefore, these clus-

ters are likely to be under functional constraints.

To determine specific features of the OBP gene organiza-

tion, we compared clusters including OBP genes with all clus-

ters identified in the Drosophila genomes. We inferred a total

of 3,434 clusters (supplementary table S1, Supplementary

Material online) that, on average, are conserved in 5.9

Drosophila species and encompass 6.4 genes (fig. 1). A total

of 1,290 of the 3,434 clusters have a pBLS higher than 0.95,

although only 58 remain significant after controlling for FDR.

Because the FDR correction constitutes a conservative criterion

(i.e., FDR methodologies reduce its statistical power as the

number of tests increases [Carvajal-Rodriguez et al. 2009]),

the actual number of clusters under functional constraint is

likely to be higher than these 58 cases. Given that the raw

pBLS value, which is not adjusted for multiple testing, is a

continuous estimate of the cluster constraint strength, classi-

fying clusters into significant and nonsignificant unbalanced

categories will yield a further loss of statistical power (Pearson

1913). To avoid the negative effects of categorization, we

analyzed the effect of competing factors on raw pBLS esti-

mates using different association measures (supplementary

table S2, Supplementary Material online), although only

the values of the Spearman’s rank correlation coefficient are

reported throughout the manuscript.

Genes Clustered with OBP Genes Encode Plasma
Membrane Proteins

We studied the existence of functional relationships among

the genes clustered with OBPs by GO enrichment analysis (in

total, 198 non-OBP genes). We compared the functionally

annotated non-OBP genes in the 31 focal clusters (162 out

of the 198 genes have GO annotations) with those present in

all of the 3,434 Drosophila clusters (9,353 out of 11,811

genes). We found that the most characteristic GO terms

among the genes clustered with OBPs are regulation of neu-

rotransmitter transport, sodium channel activity, axon, neuro-

transmitter receptor activity, and integral to plasma

membrane. After multiple testing correction (Benjamini and

Hochberg 1995), only the latter category remained significant

(hypergeometric test, P¼1.34e�15; table 2). As this analysis

does not take into account the pBLS value of the clusters, we

also separately reanalyzed the data from three different pBLS

bins, each containing a similar number of genes. Notably, we

found that the integral to plasma membrane GO term is en-

riched among the genes most conserving their neighborhood

with the OBP genes.

The Cluster Conservation Correlates with the Type of
Cis-Regulatory Elements

We analyzed the relevance of cis-regulatory elements in main-

taining clusters including OBP genes. In particular, we
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examinedwhether the pBLS value of such clusters is associated

with the promoter architecture of the confined genes (i.e., the

peaked or broad promoters as a proxy for the type of CPEs

[Hoskins et al. 2011]). We found a significant correlation

(Spearman’s rank correlation coefficient: r¼ 0.415,

P¼0.044; table 3), that is, the higher the pBLS value, the

higher the proportion of broad-type promoters. Remarkably,

this trend is also observed for all of the 3,434 Drosophila clus-

ters (Spearman’s rank correlation coefficient: r¼ 0.044,

P¼0.016), indicating that gene clusters may have distinctive

cis-regulatory elements.

The presence of the cis-regulatory elements shared among

genes can restrict the movement of the target genes. For ex-

ample, genes transcribed from shared promoters are common

in many species, resulting in an excess of head-to-head gene

pair arrangements (Trinklein et al. 2004; Kensche et al. 2008;

Xu et al. 2009). We analyzed whether clusters including OBP

genes have distinctive head-to-head, tail-to-tail, or head-to-tail

gene pair organizations, but we detected no significant cor-

relation with their pBLS value (Spearman’s rank correlation

coefficient, P> 0.05; supplementary fig. S1A–C, Supplemen-

tary Material online). In contrast, the results of the genome-

wide analysis (including all 3,434 Drosophila clusters) were all

significant (Spearman’s rank correlation coefficient:

r¼�0.095, P¼ 4.85e�8; r¼ 0.214, P<2e�16;

r¼0.110, P<2.92e�10 for the head-to-tail, tail-to-tail and

head-to-head gene pair arrangements, respectively).

Therefore, the sharing of cis-regulatory elements between

contiguous genes is not a major factor in explaining the main-

tenance of OBP gene organization.

EB and EN Are Associated with the Conservation of
Clusters That Include OBP Genes

As genes with broad-type promoters are often broadly ex-

pressed (Hoskins et al. 2011), we examined expression pattern

Table 1

The Drosophila melanogaster Clusters Including OBP Genes

D. melanogaster Gene

Cluster Region

No. of

Genes

No. of OBPs No. of Genomes

Conserved

pBLS Adjusted pBLS

Obp8a X:9100153 . . . 9111401 4 1 8 0.925719 0.872071

Obp18a X:19029114 . . . 19064675 3 1 2 0.733075 0.714666

Obp19a-d X:20284679 . . . 20292009 5 4 11 0.995459 0.976539*

Obp22a 2L:1991705 . . . 2008966 4 1 4 0.734812 0.714666

Obp28a 2L:7426866 . . . 7497360 10 1 3 0.930950 0.874085

Obp44a 2R:4018938 . . . 4022588 2 1 12 0.921412 0.871778

Obp46a 2R:6194535 . . . 6209405 4 1 9 0.945767 0.887918

Obp47a 2R:6785747 . . . 6829206 4 1 5 0.893760 0.843170

Obp47b 2R:7189426 . . . 7197334 4 1 12 0.992088 0.964959*

Obp49a 2R:8574114 . . . 8645028 10 1 7 0.997471 0.983415*

Obp50a-c 2R:10257836 . . . 10260511 3 3 6 0.799992 0.753622

Obp50d 2R:10257836 . . . 10261264 4 1 5 0.793360 0.753622

Obp50e 2R:10262077 . . . 10299077 5 1 5 0.834610 0.786371

Obp51a 2R:10911880 . . . 10943746 2 1 4 0.603538 0.603538

Obp56a-c 2R:15585228 . . . 15588573 3 3 11 0.937764 0.879417

Obp56d-f 2R:15573111 . . . 15602373 9 3 3 0.895767 0.843170

Obp56g 2R:15656966 . . . 15671525 2 1 9 0.747767 0.714666

Obp56h 2R:15703059 . . . 15720473 2 1 10 0.840740 0.786371

Obp56i 2R:15703059 . . . 15768425 4 1 3 0.687717 0.676687

Obp57a-c 2R:16391061 . . . 16426819 10 3 4 0.951438 0.892469

Obp57d-e 2R:16413832 . . . 16449834 15 2 2 0.959350 0.903065

Obp58b-d; Obp59a 2R:18554661 . . . 18595219 11 4 5 0.988070 0.958908*

Obp69a 3L:12332216 . . . 12410803 7 1 9 0.990356 0.962628*

Obp73a 2R:5950890 . . . 6004962 6 1 9 0.986228 0.957306*

Obp76a 3L:19561538 . . . 19683092 20 1 3 0.999983 0.999483*

Obp83a-b 3R:1786045 . . . 1852962 6 2 4 0.839688 0.786371

Obp83cd; Obp83ef; Obp83g 3R:1880432 . . . 2129375 29 3 3 0.999967 0.999483*

Obp84a 3R:3050136 . . . 3113354 12 1 6 0.998575 0.985275*

Obp93a 3R:16774436 . . . 16966087 33 1 2 0.997325 0.983415*

Obp99a 3R:25456026 . . . 25501141 7 4 5 0.976460 0.933660

Obp99b-d 3R:25444756 . . . 25548111 17 3 2 0.97025 0.923146

Average 8.3 1.7 5.9

NOTE.—The “no. of genes” and “no. of OBPs” columns indicate the total number of protein coding and OBP genes in the clusters, respectively. The “no. of genomes
conserved” column represents the number of Drosophila species where the gene cluster region is identified.

*Significant clusters (adjusted pBLS> 0.95).
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FIG. 1.—Frequency distribution of the 3,434 Drosophila clusters. Frequency distribution of the 3,434 Drosophila clusters, which is conditioned on the

cluster size (i.e., number of genes per cluster) and the BLS value (total time of cluster conservation in million years ago). The 58 significant clusters after

correcting for multiple testing are depicted in red.

Table 2

The 15 GO Terms Most Overrepresented among Genes Clustered with OBPs

GO Term No. of Population

Count

No. of Sample

Count

P Value Adjusted P Value

Integral to plasma membrane 180 22 6.78e�14 1.06e�10*

Sodium channel activity 35 4 0.0022 0.4634

GTPase activator activity 62 5 0.0030 0.4634

Retinal binding 6 2 0.0036 0.4634

Phototransduction 41 4 0.0040 0.4634

Metal ion transport 130 7 0.0047 0.4634

Monovalent inorganic cation transport 137 7 0.0062 0.4634

Locomotion 253 10 0.0071 0.4634

Neurotransmitter receptor activity 49 4 0.0075 0.4634

Locomotory behavior 144 7 0.0081 0.4634

Axon 52 4 0.0093 0.4634

Regulation of neurotransmitter secretion 10 2 0.0104 0.4634

Regulation of neurotransmitter transport 10 2 0.0104 0.4634

Sodium ion transport 56 4 0.0120 0.4634

Calcium-dependent phospholipid binding 11 2 0.0126 0.4634

NOTE.—The “Population Count” and “Sample Count” columns indicate the number of genes with GO annotation in the population (9,353
genes in the 3,434 Drosophila clusters) and sample (162 in genes clustered with OBPs), respectively. The “P value” column indicates the proba-
bility of observing such number of genes in the sample, given the number of genes in the population. *Overrepresented GO terms (adjusted
P< 0.05).
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effects on cluster conservation. We found that the pBLS value

of the clusters including OBP genes significantly correlates

with EB (Spearman’s rank correlation coefficient: r¼ 0.548,

P¼0.001) and EN (Spearman’s rank correlation coefficient:

r¼0.403, P¼0.024), but not with EI (Spearman’s rank

correlation coefficient: r¼ 0.087, P¼0.641) (table 3).

Nevertheless, these variables are highly intercorrelated:

broadly expressed genes often exhibit high EI (Newman

et al. 2006) and low EN (Lehner 2008). In addition, other

factors, such as gene age (GA), may also hinder the causes

of cluster conservation. For example, newly arising genes

exhibit low EI and high gene loss rates (Wolf et al. 2009).

We determined the causal relationships among the factors

involved in the OBP gene organization using path analysis

(fig. 2), and assigning GA as the exogenous variable (i.e.,

not affected by factors of the underlying model). After factor-

ing out the intercorrelated variables, EB (b¼0.423, P¼ 0.004)

and EN (b¼0.290, P¼0.043) remained significant, that is,

clusters including OBP genes are expressed in many tissues,

exhibiting high stochastic fluctuations in transcript abun-

dance, regardless of their EI (b¼�0.032, P¼0.821).

Interestingly, this result differs from the genome-wide analy-

ses (3,434 clusters), where the pBLS value is affected by the EI

(b¼ 0.201, P<2e�16) and EB (b¼ 0.114, P¼2e�9), but

not by the EN (b¼ 0.011, P¼0.489). However, the transcrip-

tional effects on both data sets (including or not OBP genes)

are not directly comparable, because they contain a different

number and type of clusters. To evaluate whether EI and EN

are specific features of the OBP gene organization, we thus

performed computer simulations.We found that the EN effect

(path coefficient from EN to pBLS) is higher for clusters includ-

ing OBP genes than for random samples of 31 comparable

clusters (P¼0.035), whereas the EI effect is lower (P¼0.034).

Unlike comparable genome-wide clusters, clusters with OBP

genes are not only influenced by EB but also by the EN, which

does not support the clustering model of EN minimization.

OBP Genes in Conserved Clusters Also Exhibit Elevated
Levels of EN

We analyzed whether the positive relationship between EN

and cluster conservation remains significant after excluding

non-OBP genes from the 31 conserved clusters. For that,

we controlled for intercorrelated expression features.

For example, we found that OBP genes in clusters with low

pBLS, such as the Obp22a and Obp50a genes, are often tran-

scribed in sexual tissues, which may suggest that the OBP

gene organization has an SSE component (Spearman’s rank

correlation coefficient: r¼�0.420, P¼ 0.017; fig. 3A).

However, we found that this association is just a by-product

of the OBP GA (partial correlation analysis, t¼�1.262,

P¼0.219; fig. 3B), supporting the observation that newly

arising genes often exhibit an SSE pattern (Yeh et al. 2012).

Actually, only the EI and EN of the OBP genes are directly

associated with cluster conservation (partial correlation analy-

sis, t¼�2.831 and t¼2.382, P¼0.009 and P¼0.025, re-

spectively). Overall, it supports the idea that EN may play a

major role in shaping the OBP gene organization.

Clusters Including OBP Genes Exhibit Distinctive
Transcriptional Regulation by High-Order Chromatin
Structures

We studied the effect of high-order chromatin structures (i.e.,

the nine specific chromatin states defined in Kharchenko et al.

[2011]) on the conservation of clusters including OBP genes.

We found a significant positive relationship between the pBLS

Table 3

Summary of the Associations between pBLS and EB, EI, and EN

OBP Clusters Clusters with OBPs All Clusters

BC PC BC PA PA

EB r¼0.099 (P¼ 0.596) t¼ 1.770 (P¼0.089) r¼ 0.548 (P¼ 0.001) b¼ 0.423 (P¼0.004) b¼ 0.114 (P¼ 2.3e�9)

EI r¼�0.197 (P¼ 0.288) t¼�2.831 (P¼0.009) r¼ 0.087 (P¼ 0.641) b¼�0.032 (P¼0.821) b¼ 0.201 (P< 2e�16)

EN r¼0.138 (P¼ 0.458) t¼ 2.382 (P¼0.025) r¼ 0.403 (P¼ 0.024) b¼ 0.290 (P¼0.043) b¼ 0.011 (P¼ 0.489)

NOTE.—Relationship between pBLS and the EB, EI, and EN. The “OBP clusters,” “Clusters with OBPs” and “All clusters” columns show results for clusters of OBP genes,
for clusters including OBP genes, and for all 3,434 Drosophila clusters, respectively. “BC,” “PC,” and “PA” stand for bivariate correlation, partial correlation, and path analysis,
respectively.
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FIG. 2.—Transcriptional environment in clusters that include OBP

genes. Path analysis model for the causal relationships among cluster con-

straint probability (pBLS), the minimum age of a gene in the cluster (GA),

the EB, the EI, and the EN. The GA is the exogenous variable. The numbers

on the lines indicate the path coefficients. Solid and dashed arrows

represent significant and nonsignificant relationships.
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value of these clusters and the proportion of nucleotides in the

TE chromatin state (Spearman’s rank correlation coefficient:

r¼0.480, P¼0.006; fig. 4A). This chromatin state exhibits a

distinct composition of proteins and histone marks

(Kharchenko et al. 2011). As JIL-1 kinase is preferentially lo-

calized at the coding (Regnard et al. 2011) and promoter

(Kellner et al. 2012) regions of the regulated genes, we ana-

lyzed its binding intensity separately for the coding, untrans-

lated region, intergenic and intronic regions of the 31 focal

clusters. We observed a strong positive correlation between

the pBLS value and the JIL-1 binding intensity, though, after

correcting by multiple testing, only remains statistically signif-

icant for the coding regions (Spearman’s rank correlation

coefficient: r¼0.617; P¼ 2e�4; fig. 4B). Taken together,

these results suggest that the transcriptional regulation by

high-order chromatin structuresmaintains theOBP gene orga-

nization to chromatin domains with the appropriate transcrip-

tional environment (supplementary fig. S2, Supplementary

Material online).

We further examined whether the high JIL-1 binding inten-

sity and TE chromatin state represent particular features of

clusters including OBP genes. Remarkably, the genome-wide

cluster data set also shows significant correlation between the

pBLS values and the JIL-1 binding intensities (Spearman’s rank

correlation coefficient: r¼ 0.305; P< 2e�16) and TE chroma-

tin state (Spearman’s rank correlation coefficient: r¼ 0.312;

P<2e�16). However, our computer simulations show that

the correlation strengths are much higher for clusters includ-

ing OBP than for random groups of 31 comparable clusters

(P< 1e�5 and P¼0.010; fig. 4C and D for the TE chromatin

state and for JIL-1), which suggests that the JIL-1 binding in-

tensity and TE chromatin state are relevant factors explaining

the conservation of clusters including OBP genes.

Discussion

Cluster Inference

Several methods have been developed to detect gene clusters

conserved across a phylogeny (Lathe et al. 2000; Tamames

2001; Zheng et al. 2005). These methods differ in their un-

derlying biological assumptions; therefore, their appropriate-

ness depends on the biological question to be addressed. For

example, the Synteny Database (Catchen et al. 2009) uses

synteny information (i.e., it requires the same gene order

and orientation across two genomes) to infer ortholog and

paralog relationships, whereas the original version of the

OperonDB algorithm (Ermolaeva et al. 2001) searches for clus-

ters of physically close gene pairs conserved across different

species to predict operons. The latter version of OperonDB

(Pertea et al. 2009) improves the sensibility of the method

by allowing rearrangement events inside the candidate cluster

regions. There is compelling evidence indicating that some

functional clusters can undergo internal rearrangements with-

out transcriptional consequences (Itoh et al. 1999; Lathe et al.

2000); this observation led to the formation of the gene team

model (Luc et al. 2003), which we applied here to infer

Drosophila clusters.

Nevertheless, the gene team model implemented in the

MCMuSeC software (Ling et al. 2009) also has some statistical

problems. First, the inferred clusters can contain overlapping

information, that is, a particular gene may be present in more

than one cluster. Because such a feature violates the indepen-

dence premise assumed for most statistical tests, we have

confirmed that all of our conclusions hold after excluding

overlapping clusters (1,634 out of 3,434 clusters have non-

overlapping information, and 25 of these encompass OBP

genes). Second, the statistical power to estimate conserved

gene clusters increases with the species divergence time.

Indeed, the 12 Drosophila species (Drosophila 12 Genomes

2007) used in this study are not divergent enough to detect

small clusters (i.e., up to three genes). To detect such small

clusters, it would be more appropriate to use more divergent

species. However, the 12 Drosophila genomes provide a rea-

sonable tradeoff between the quality of the assemblies and

annotations (e.g., identification of orthologous and low se-

quence fragmentation in scaffolds) and the statistical power.

This issue has important implications because twomain classes

of clusters have been described (Weber and Hurst 2011): small

clusters of highly coexpressed genes (likely constrained by

shared CREs) and large clusters of housekeeping and unre-

lated (i.e., nonhomologous) genes. Despite using genome

data from 12 Drosophila species small-size clusters may be

underestimated, this bias should not be relevant for the

second cluster class. Thus, our results do not discard a relevant

role of shared CREs in shaping genome architecture, but

rather highlight the importance of high-order chromatin

coregulatory mechanisms in the OBP gene organization. We

mostly found large clusters (an average of 6.4 and 8.3 genes

for clusters with and without OBP genes, respectively), which

comprise a number of nonhomologous genes that exhibit

high gene EB; features that characterize housekeeping gene

clusters (i.e., the large-size cluster class).
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FIG. 3.—Genomic features of OBP genes. Relationship between pBLS

and the SSE value using (A) all OBP genes and (B) after removing the recent

OBP duplicates (red points).
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Clusters Including OBP Genes Are Conserved by
Functional Constraints

We identified 31 clusters including—at least—one OBP gene,

and ten remained significant after correcting for multiple test-

ing (table 1). Although natural selection may appear as the

most immediate explanation for the conservation of the OBP

genome organization, it could also represent a by-product of

the uneven distribution of rearrangements along chromo-

somes (Ranz et al. 2001; Pevzner and Tesler 2003; Ruiz-

Herrera et al. 2006; Bhutkar et al. 2008). Indeed, orthologous

chromosome regions affected by a reduced number of rear-

rangements may maintain their cluster-like structure in the

absence of functional constraints (von Grotthuss et al.

2010). However, such an explanation is unlikely to be the

main reason for the maintenance of clusters including OBP

genes. Indeed, homologous chromosome regions depleted

in rearrangement breakpoints (and hence in rearrangements)

are not common across Drosophila species (Ranz et al. 2001;

Bhutkar et al. 2008; Schaeffer et al. 2008). In fact, the recom-

bination rate, which is highly associated with the rearrange-

ment rate, widely varies among closely related species (True

et al. 1996). Consistently, we found no association between

the recombination rate (Comeron et al. 2012) and pBLS values

across the 31 focal clusters (Spearman’s rank correlation co-

efficient: r¼�0.14, P¼ 0.47), or across all 3,434 Drosophila

clusters (Spearman’s rank correlation coefficient: r¼0.02,

P¼0.16) (supplementary fig. S3, Supplementary Material

online). This lack of association results from the fact that we

evaluated the statistical significance of the clusters using the

observed divergence time ofmicrosynteny conservation as null

distribution. As this empirical null distribution depends upon

the mode of chromosome evolution, it already captures the

information of the uneven rearrangement distribution ob-

served alongDrosophila chromosomes. Therefore, it is unlikely

that the OBP gene organization was a by-product of the rear-

rangement rate heterogeneity. In contrast, it may be con-

strained by natural selection for some functional meaning.

As conserved clusters of functionally or transcriptionally

linked genes may include nonparalogous members, we de-

fined a cluster as a group of genes that maintain their neigh-

borhood across species regardless of whether they are

homologous. This approximation is different from that used

by Vieira and Rozas (2011) who only consider clusters of OBP

paralogs. These authors observed that OBP genes are found
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physically closer than expected by chance, although OR (odor-

ant receptors) are not. In contrast, we found that some ORs

are clustered with other nonhomologous genes (supplemen-

tary tables S1 and S3, Supplementary Material online).

Similarly, clusters of OBP paralogs are conserved, but embed-

ded within large arrangements that also include other non-

OBP genes (table 1). For example, one of the most conserved

Drosophila clusters includes lush (table 1 and fig. 5), which

encodes an OBP involved in social aggregation and mating

behavior (Xu et al. 2005), but also Shal (a potassium channel),

ash1 (involved in the ovoposition and oogenesis), asf1 (den-

drite morphogenesis), and tey (synaptic target recognition).

Noticeably, the genes within this cluster also exhibit similar

patterns of transcription across different developmental

stages (fig. 5; Graveley et al. 2011). Overall, it suggests that

some functional and transcriptional links maintain the lush

genome cluster.

High-Order Chromatin Regulatory Mechanisms Provide
the Appropriate Transcriptional Environment for Cluster
Maintenance

Chromatin domains may restrict the location of genes to re-

gions having the appropriate transcriptional environment

(Noordermeer et al. 2011; Thomas et al. 2011), which may

maintain the OBP gene organization. Nonhistone chromatin

proteins regulating the chromatin state are therefore of par-

ticular interest. For example, lamin Dm0, which physically

interacts with JIL-1 kinase (Bao et al. 2005), binds to gene

clusters conserved across Drosophila species (Ranz et al.

2011). Remarkably, we found a strong association between

the JIL-1 binding intensity and the maintenance of clusters

including OBP genes (Spearman’s rank correlation coefficient:

r¼0.617, P¼0.010; fig. 4D). Moreover, genes regulated by

JIL-1 kinase exhibit elevated levels of EB (Regnard et al. 2011)

and EN (JIL-1 releases the paused RNA polymerase II at the

proximal-promoter (Kellner et al. 2012), favoring transcrip-

tional elongation bursts that increase EN [Becskei et al.

2005; Kaern et al. 2005; Rajala et al. 2010]). Consistent

with this idea, we have shown that the OBP gene organization

is associated with elevated levels of EB (P¼0.004) and EN

(P¼ 0.043).

It has been shown that housekeeping genes may be parti-

cularly confined to chromosome regions possessing the ap-

propriate transcriptional environment; indeed, mutations that

alter their location may exert important deleterious pleiotropic

effects in diverse tissues and developmental stages (Wang and

Zhang 2010). Batada and Hurst (2007) have suggested that

broadly expressed genes are located in chromosome regions

with low stochastic transcriptional fluctuations to minimize

the deleterious effects of EN. However, the functional con-

straints underlying the conservation of the OBP gene organi-

zation do not support this hypothesis. First, clusters with OBP

genes often exhibit a high proportion of broad-type pro-

moters, which yield elevated levels of EB. Although these

two features (broad-promoters and EB) are associated with

reduced levels of EN (Tirosh and Barkai 2008; Wang and

Zhang 2010; Xi et al. 2011), we detected a positive relation-

ship between the stochastic transcriptional fluctuation (EN)

FIG. 5.—The cluster including the lush (Obp76a) gene. The cluster (pBLS value of 0.999983) including lush (Obp76a) and other 19 non-OBP genes (blue

boxes). The coordinates (from 19,570k to 19,680k) correspond to the 3L chromosome of Drosophila melanogaster. The intensity peaks below the genes

indicate the EI values across 30 developmental stages (in different colors).
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and the pBLS value of these clusters (table 3). Second, al-

though EN can be alleviated by increasing EI (Lehner 2008),

the most conserved clusters include OBP genes not only with

the highest EN (partial correlation analysis, P¼ 0.025) but

also with the lowest EI (partial correlation analysis;

P¼0.009; table 3). In fact, the EI effect on pBLS is lower for

clusters with OBP genes than for random samples of 31 com-

parable clusters (P¼ 0.034). Finally, even though head-to-

head gene pair arrangements can minimize EN (Wang et al.

2011), clusters with OBP genes do not exhibit a significant

correlation between the pBLS value and the proportion of

head-to-head gene pair frequency. Therefore, a suitable tran-

scriptional environment need not always have reduced levels

of EN; indeed, a clustering model based on elevated EN levels

may explain the OBP gene organization.

Some theoretical models predict that, under certain circum-

stances, EN can even be beneficial as a source for natural

variation, particularly for proteins acting in changing environ-

ments (e.g., stress response proteins such as oxidative kinases

[Dong et al. 2011]). Some empirical results are consistent with

this model. In yeast, for example, the elevated EN of plasma-

membrane transporters appears to be driven by positive se-

lection (Zhang et al. 2009). The genes clusteredwith OBPs also

encode membrane proteins and, interestingly, many of these

proteins have transporter activity (table 2). In fact, the exten-

sive transcriptional diversification of the OBPs suggests that,

apart from transporting odorants of the external environment,

some OBPs also act as general carriers of hydrophobic mole-

cules through the extracellular matrix (Arya et al. 2010).

Therefore, higher EN levels may allow for the detection of

wider ranges of concentrations of hydrophobic molecules.

Fluctuations in OBP transcript abundance may represent an

important mechanism to increase phenotypic plasticity.

Mutations affecting OBP mRNA stability (Wang et al. 2007)

and reduced OBP expression levels (Swarup et al. 2011) can

actually elicit differentDrosophila behaviors to particular odor-

ants, that is, fluctuations in OBP transcript abundance can play

a key role in the combinatorial nature of the olfactory coding

process. Therefore, natural selection may have favored assem-

bling OBP genes in chromosomal regions with high EN, which

in turnmay have led to the observed structure of OBP genes in

clusters of functionally and transcriptionally related genes.

Supplementary Material

Supplementary tables S1–S3 and figures S1–S3 are available

at Genome Biology and Evolution online (http://www.gbe.

oxfordjournals.org/).

Acknowledgments

J.R. conceived and supervised all research. P.L. developed the

bioinformatics tools, analyzed the data, and wrote the first

version of the manuscript. Both the authors approved the

final manuscript. The authors thank J.M. Ranz, F.G. Vieira,

and three anonymous reviewers for their comments and sug-

gestions on the manuscript. This work was supported the

Ministerio de Ciencia e Innovación of Spain grants BFU2007-

62927 and BFU2010-15484, theComissió Interdepartamental
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3.5 Positive selection drives the evolution of the
transcriptional regulatory upstream regions of
the major chemosensory gene families

El sistema quimiosensorial de los animales está involucrado en procesos bioló-
gicos críticos para su supervivencia, muchos de los cuales están mediados por
familias multigénicas. Varios estudios han demostrado que las regiones codi-
ficadoras de los genes del sistema quimiosensorial han evolucionado, princi-
palmente, por selección purificadora. No obstante, también se han detectado
algunas posiciones con la huella molecular de la selección positiva. El conoci-
miento evolutivo de las regiones codificadoras, contrasta con la falta de estu-
dios en sus regiones upstream, especialmente dadas las evidencias que vincu-
lan ciertos cambios transcripcionales con efectos fenotípicos.
En esta tesis doctoral, hemos cuantificado la contribución relativa de la selec-
ción natural a la evolución molecular de las regiones upstream de los genes
quimiosensoriales. Para el análisis, hemos integrado datos del proyecto “Dro-
sophila Genetic Reference Panel” (DGRP) y de la anotación funcional de los
elementos cis-reguladores (CREs). Los resultados muestran que la selección
natural tiene un impacto significativo en la evolución de las secuencias ups-
tream, tanto a nivel de divergencia nucleotídica, como a nivel de ganancia y
muerte de CREs, un resultado que es especialmente pronunciado en las fami-
lias que codifican para receptores olfativos (ORs) y gustativos (GRs).
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Abstract

The animal chemosensory system is involved in critical and essential biological 

processes, most of them mediated by proteins encoded in multigene families. Several 

studies have revealed that the chemosensory protein-coding regions evolve under 

purifying selection; even so a few positions show the molecular hallmark of positive 

selection. This relatively well-defined mode of protein-coding evolution contrasts with 

the lack of studies at their upstream regions, especially taking into account the large 

body of evidence linking transcriptional changes at the chemosensory genes and 

phenotypic effects. 

Here, we quantified the relative contribution of natural selection to the molecular 

evolution of the upstream regions of the major chemosensory gene families. For the 

analyses, we have integrated data from the Drosophila Genetic Reference Panel (DGRP) 

project, altogether with the functional annotation of the fly cis-regulatory elements 

(CREs). We show that natural selection has played a major role in driving the evolution 

of the chemosensory upstream regions at the level of both, sequence divergence and 

CRE gain and loss, especially for the OR and GR gene families. 

 

 



3 
 

Introduction 

The chemosensory system is involved in essential processes such as nutrition, 

reproduction and social communication (Krieger and Ross 2002; Matsuo et al. 2007; 

Whiteman and Pierce 2008; Smadja and Butlin 2009). In insects, the specificity and 

sensibility of this system highly rely on the peripheral processes occurring in sensilla 

(Pelosi 1996; Hildebrand and Shepherd 1997): the uptake of chemical stimuli, its 

transport through the sensilla lymph, and the interaction with the chemoreceptor that 

will activate the signal transduction cascade. Most of these peripheral processes are 

mediated by proteins encoded in multigene families (Sanchez-Gracia et al. 2009), 

including extracellular ligand-binding proteins, such as Odorant Binding Proteins 

(OBPs) and Chemosensory Proteins (CSPs), and membrane receptor proteins, such as 

Odorant Receptors (ORs), Gustatory Receptors (GRs) and Ionotropic Receptors (IRs). 

Since the correct expression of such genes determines the ability to discriminate 

external chemical cues (and thus the individual fitness), the chemosensory system 

constitutes an excellent candidate to study the role of natural selection in driving 

transcriptional regulation at the molecular level.  

 

Several studies have revealed that the chemosensory protein-coding regions evolve 

under purifying selection (for a review, Sanchez-Gracia et al. 2009). Even so, the 

selective constraint is lower for the ‘odorant binding’ functional category than for the 

genome average (Clark et al. 2007), and a few positions show the molecular hallmark of 

positive selection (Foret and Maleszka 2006; McBride et al. 2007; Sánchez-Gracia and 

Rozas 2008). This relatively well-defined mode of protein-coding gene evolution 

contrasts with the lack of studies surveying the upstream regions of the chemosensory 

genes (hereafter, chemosensory upstream regions). Indeed, there are compelling 
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evidence linking transcriptional changes and phenotypic effects. For example: (i) 

expression changes in the Or10 (Rollmann et al. 2010), Or43a (Stortkuhl et al. 2005), 

and Obp99a (Wang et al. 2010) have been associated with behavioural responses to 

benzaldehyde, an odorant involved in the D. melanogaster feeding behaviour; (ii) the 

transcription of several OBP and OR genes, such as the Or22a and the Obp50a, is 

upregulated in D. sechellia, likely reflecting its host specialization (Kopp et al. 2008); 

(iii) the OBP genes are often located in chromosome regions with a transcriptional 

background that may be advantageous in unstable external environments (Librado and 

Rozas 2013). Overall, these findings support the critical involvement of the 

chemosensory transcriptional changes in driving the phenotypic variation, both within 

(polymorphism) and between (divergence) species. 

 

Comparison of polymorphism and divergence variability patterns between 5’ upstream 

and neutrally evolving regions can be instrumental for understanding the action of 

natural selection on regulatory sequences (Jenkins et al. 1995; Egea et al. 2008). This 

powerful approach allows -in addition- estimating the fraction of substitutions fixed by 

positive selection (i.e. the so-called � parameter (Fay et al. 2001)). Noticeably, � 

estimates in non-coding regions widely vary among species, ranging from ~0% in 

humans (Keightley et al. 2005; Eyre-Walker and Keightley 2009) to ~50% in the UTRs 

of Drosophila (Andolfatto 2005; Haddrill et al. 2008). Nevertheless, this variation need 

not necessarily indicate differences in the adaptive pressures, but may only reflect the 

reduced effectiveness of natural selection in small populations (i.e. with low effective 

population size, or Ne) (Jensen and Bachtrog 2011; Gossmann et al. 2012). Recently, 

Schneider et al. (2011) developed a new approach that first accounts for Ne variations 

over time, and then estimates the main selective parameters: the distribution of fitness 
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effects of new deleterious mutations (DFE), the proportion of adaptive mutations (pa) 

with a certain selective strength (sa), the rate of adaptive substitution (�), and the ratio of 

adaptive-to-neutral substitution rates (��).  

 

Here, we examined the relative contribution of natural selection to the molecular 

evolution of the 5’ upstream gene regions of the major chemosensory families. For that, 

we have integrated data from the Drosophila Genetic Reference Panel (DGRP) project 

(Mackay et al. 2012), altogether with the functional annotation of the fly genome (Roy 

et al. 2010). We show that natural selection has played a major role in driving the 

evolution of the 5’ chemosensory upstream regions, especially in the sequence 

divergence and turnover of their cis-regulatory elements (CREs). We show that natural 

selection has played a major role in driving the evolution of the chemosensory upstream 

regions at the level of both, sequence divergence and CRE gain and loss, especially for 

the OR and GR gene families. 
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Material and Methods 

Genomic alignments 

We downloaded the genome-wide multiple sequence alignment (MSA) of 158 D. 

melanogaster (Mackay et al. 2012), with D. simulans and D. yakuba as outgroup 

species, from the PopDrowser database (Ramia et al. 2012). For each protein-coding 

gene (nG = 14380, after excluding mitochondrial and Y-linked genes in release 5.42), 

we extracted the MSA of (i) its largest transcript isoform, (ii) its 4d-fold degenerate 

positions, (iii) its intronic regions and (iv) its upstream sequence (the 2Kb 5’ upstream 

region, provided it does not overlap with any other protein-coding region). 

 

Handling residual heterozigosity and missing data 

The DGRP project includes a suite of 158 D. melanogaster lines from a natural 

population of Raleigh, inbred to near homozigosity. We treated residual heterozygosis 

as missing data. Since ~40% of the MSA positions include missing data (residual 

heterozigosity and/or “N”s), removing these alignment columns (complete deletion) 

would yield an important loss of information. Alternatively, since only ~12% of the 

MSA positions include eight or more missing nucleotides (Figure S1), we focused our 

analyses on positions with at least 150 valid alleles (nP = 105630385 positions).  

The analysis of a fixed number of 150 valid alleles along the MSA allows comparing 

variability among regions, and provides enough statistical power to conduct 

evolutionary inferences. To deal with positions including more than 150 valid alleles, 

we used a probabilistic approach. Suppose an alignment position with 152 valid alleles 

(e.g. 150 adenines, 2 derived timines, and 6 missing variants), from which we have to 

sample only 150 valid nucleotides. Three different samples could be extracted: 148 

adenines and two timines, 149 adenines and one timine, or 150 adenines and zero 
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timines. The probability of each configuration can be calculated by means of the 

hypergeometric distribution. In this example, we would consider a doubleton, singleton 

or monomorphic mutations/position with probabilities 0.9738, 0.0261 and 8.7138e-05, 

respectively. 

 

Handling intra-locus linked positions  

Most frequency spectrum-based tests assume that nucleotide positions evolve 

independently. However, natural selection can increase (e.g. via selective sweep) or 

reduce (e.g. via background selection) the frequency of nearby neutral alleles in regions 

with strong linkage disequilibrium (LD), such as in the D. melanogaster telomeric 

regions (Figure S2). To deal with confounding LD effects, we applied two different 

approaches. First, since recombination can break up LD, we only analysed the 

nucleotide diversity patterns at high-recombining regions (>2 cM/Mb). The 

recombination rates were obtained using the Recombination Rate Calculator v2.2 

(Fiston-Lavier et al. 2010). Second, for each group of linked mutations (haplotype 

block), we only analysed the most central SNP as representative (tagSNP) of the allele 

frequencies within the haplotype block. For this analysis, we detected significantly 

linked positions by means of the Fisher exact test, after controlling for multiple testing 

(Benjamini and Hochberg 1995). We then cluster all these pairs into larger groups (the 

haplotype blocks) using mcl v10-201 program (Van Dongen 2008).  

 

Nucleotide diversity across different site categories  

We used VariScan (Vilella et al. 2005; Hutter et al. 2006) to estimate the nucleotide 

diversity (�) at the upstream and 4d-fold sites of each protein-coding gene (the number 

of protein-coding genes in high-recombining regions is nGHR = 9328). In addition, we 
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also computed � at positions 8-30 of short introns (�65 bp) (nIHR = 12844 introns), since 

they may represent the most neutrally evolving class of sites (Parsch et al. 2010). For 

each site category, we computed the mean and confidence intervals of � over nGHR (or 

nIHR), using the wtd.mean and wtd.quantile functions of the [R] programming language. 

Unfolded Site Frequency Spectrum (uSFS) 

To determine the unfolded site frequency spectrum (uSFS), we reconstructed the 

intronic and upstream ancestral sequences of the 158 D. melanogaster lines. For that, 

we compared the consensus of such lines (selecting the most frequent nucleotide variant 

at each position) against the D. simulans and D. yakuba outgroup species (to polarize 

mutations), by means of the joint ancestral reconstruction of the ‘baseml’ program 

(Yang 2007). Given the sequence of the D. melanogaster ancestor, computing the uSFS 

(at biallelic alignment positions with at least 150 valid nucleotides) is straightforward. 

Distribution of fitness effects, and rates of adaptive evolution

We used the DFE v2.03 program (Keightley and Eyre-Walker 2007; Schneider et al. 

2011) to estimate the impact of natural selection at the chemosensory upstream 

sequences in high-recombining regions (nCHR = 133). However, since the demographic 

events may mimic the nucleotide diversity pattern yield by natural selection, we 

estimated the underlying demographic history of the Raleigh population from the uSFS 

of the 228533 short intron positions (uSFSSIP, used as neutral reference). In particular, 

we contrasted if the population has had: (i) a constant effective population size (Ne), (ii) 

one Ne change (expansion or contraction) some generations ago (two-epoch model), or 

(iii) two Ne changes (expansions or contractions) in the past (three-epoch model). The 
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weighted Akaike Information Criterion (wAIC) indicated that the best-fit model is the 

last one (three-epoch). 

We then evaluated the fit of three selection regimes to the uSFS data of the upstream 

regions: (i) the “no selection model”, which considers that the allele frequencies are just 

shaped by the three-epoch demographic scenario, (ii) “negative selection model”, which 

contemplates the three-epoch demographic scenario plus the fitness effects of new 

deleterious mutations (DFE; modelled by means of a Gamma distribution), and (iii) the 

“complex selection model”, which includes the three-epoch demographic scenario, the 

DFE, and a proportion of mutations (pa) with certain selective advantage (sa). To 

determine the impact of natural selection at the 133 chemosensory upstream regions, we 

compared the “no selection model” against the “negative model” (test for negative 

selection), and the “negative model” against the “complex model” (test for positive 

selection) via the likelihood ratio test (using a Chi-squared with 2 d.f.).  

 

Functional and expression data 

We used information of the D. melanogaster genomic regions bound by specific 

regulatory proteins (often represented as binding peaks, or BPs). In particular, we 

searched the ‘TF_binding_sites’, ‘enhancer’, ‘silencer’ and ‘insulator’ keywords in the 

‘feature’ field of the FlyBase (Marygold et al. 2013) GFF file (release 5.54). We just 

retained the BPs located at the upstream regions (2Kb upstream from the translation 

start site) of the chemosensory gene families. To test whether the transcriptional 

patterns of the chemosensory genes can be explained by their BP content, we examined 

their expression RPKM values (Reads Per Kb and Million of mapped reads) across 80 

different conditions (30 developmental stages, 29 tissues and 21 treatments) (Marygold 

et al. 2013).  We excluded those chemosensory genes without expression changes 
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across conditions, because the correlation (similarity) between gene pairs cannot be 

computed if the standard deviation is zero. 

 

Inference of binding motifs in D. melanogaster

The BP information may provide a limited resolution in the present study, since:  (i) 

BPs are larger (~900 bp) than real CRE motifs (tipically, 6-15 bp), and include many 

DNA positions not involved in tuning the protein binding affinity; and (ii) each BP 

often represents an unknown number of CRE motifs. To overcome these limitations, we 

inferred the actual number of CRE motifs by scanning (Grant et al. 2011) the D. 

melanogaster chemosensory upstream sequences with the Position Weight Matrices 

(PWMs) stored in the JASPAR v5 database (Mathelier et al. 2013).  

In the 5’ chemosensory upstream regions showing statistical support for positive 

selection (i.e. significant for the ‘positive selection’ test), we also examined the 

polymorphism-to-divergence ratio inside and outside these inferred CREs. We did not 

used the DFE statistical framework, since its application may not be appropriated with a 

low number of positions (Schneider et al. 2011). Instead, we used the mstatspop 

program, which implements a new method especially suitable for large data sets 

including missing data (Ferretti et al. 2012). 

 

Analysis of the CRE turnover 

We studied the CRE turnover process occurred during the Drosophila diversification. 

For that, we first inferred the actual number of CREs motifs (Cij) per regulatory protein 

(i) in five closely-related species (j): D. melanogaster, D. sechellia, D. simulans, D. 

yakuba and D. pseudoobscura. Since the inference of each CRE motif (t) has a 

particular level of uncertainty (pijt), we weighted Cij as: 
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where nij is the total number of inferred CRE motifs per regulatory protein (i) in species 

(j).  

Previous molecular knowledge suggests that the evolution of Cij may be consistent with 

a gain-and-death (GD) model, where CREs originate de-novo (density-independent 

mechanism, because the probability of having a de novo origin is independent on the 

current number of CREs), and become lost by deletion or motif degeneration (density-

dependent mechanism, because the probability of having a deletion or motif 

degeneration depends on the actual number of CREs). In particular, we used the GD 

model (-rmodel GD) as implemented in the BadiRate program (Librado et al. 2012) to 

evaluate the fit of three branch scenarios to Cij: (i) the GD-GR-ML model, where all 

lineages have the same GD rates (one branch class); (ii) a GD-dmel-ML model, where 

GD rates can vary between the foreground (D. melanogaster) and the background 

lineages (two branch classes); and (iii) a GD-FR-ML model, where all lineages can have 

particular GD rates (eight branch classes). To avoid local convergence problems, we 

analysed each branch model with 20 different seed values, and the one with best 

likelihood was selected for further analyses. The fit of the branch models to Cij was 

evaluated via the wAIC.  
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Results

Binding peak data at the 5’ chemosensory upstream regions 

The analysis of the BP distribution in each chemosensory gene showed a highly 

heterogeneous distribution (Figure 1; Table S1). First, the transcription of the Ir68a and 

Or22a genes is controlled by at least 16 and 12 regulatory proteins, while the upstream 

region of the universal co-receptor ORCO only includes a single Caudal BP. Second, a 

few BP are gene or family-specific (e.g. Disco appears to exclusively regulate the 

Obp99b), whereas others control the transcription of multiple genes (e.g. Caudal or 

Chinmo). Third, in comparison with non-chemosensory genes, we found that the 

number of BPs is significantly lower at the OBP, OR, GR and aIR upstream regions 

(Wilcoxon exact test; P < 0.05; Table S1). 

To further understand the functional significance of this particular BP landscape, we 

computed the transcriptional similarity among chemosensory gene pairs (Figure S3), as 

well as the proportion of BPs shared between their upstream regions. We remarkably 

observed that the BP and transcriptional similarity measures are uncorrelated (Mantel 

test; P = 0.58), suggesting that the current BP annotations are inappropriate to study the 

impact of natural selection in the transcriptional evolution of the chemosensory genes. 

Demographic history of the D. melanogaster Raleigh population

Since demographic events can mimic the molecular hallmark of natural selection 

(Tajima 1989), we need to take into account the already-described bottleneck 

experienced by D. melanogaster during the colonization of North America (Keller 

2007; Duchen et al. 2012). The molecular hallmark led by the demographic scenario can 

be discerned by analysing genome-wide data of a selectively neutral class of sites. We 

examined three candidate classes of neutral sites: the 2Kb upstream regions, the 4d-fold 
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degenerate sites, and the positions 8-30 of short introns (�65 bp) (short intron positions, 

or SIP). In agreement with previous findings (Parsch et al. 2010), our genome-wide 

analysis shows that SIPs exhibit the highest levels of nucleotide diversity, with an X-to-

autosomes �SIP ratio that approaches to the neutral expectations of ¾ (Figure 2). Overall, 

it supports the idea that the SIPs are negligibly affected by natural selection. 

We tested whether the unfolded site frequency spectrum of mutations at SIPs (uSFSSIP, 

Figure 3) shows the footprint of a recent bottleneck event. We separately analysed the 

autosomic and X-linked uSFSSIP, and consistently found that the best-fit demographic 

scenario is the 3-epoch model (wAICx = 0.99, and wAICautosomic = 0.99, respectively), 

which supports the demographic inference proposed for this population (Duchen et al. 

2012). We used the ML parameter estimates (under the 3-epoch model) to control for 

this demographic scenario, when analysing the action of natural selection. 

 

Impact of natural selection in the evolution of the chemosensory upstream regions 

We examined the impact of natural selection by concatenating the 5’ upstream regions 

of each chemosensory family, and applying the ‘negative’ and ‘positive selection’ tests. 

We remarkably found that the latter test is significant for all the chemosensory families, 

indicating a significant contribution of both, negative and positive selection (Table 1). 

The distribution of fitness effects (DFE) reveals that most new mutations are mildly (10 

< -Nes < 100) or strongly deleterious (-Nes > 100), especially for the aIR and CSP 

upstream regions (Figure 4).  

We also inferred huge rates of adaptive substitution (�), ranging from 0.77 in aIRs to 

0.98 in ORs (Table 1). Nevertheless, since � is very sensitive –among other factors- to 

the demographic events (Gossmann et al. 2012), � is not directly comparable among 

studies, or even among genomic regions. In this regard, a better estimator of the 
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adaptive pressure is �� (� normalised by the rate of neutral substitution) (Gossmann et 

al. 2012). We found that the OR and GR upstream regions exhibit higher �� estimates 

than the other 5’ chemosensory upstream regions (Table 1).  

We also conducted the ‘negative’ and ‘positive selection’ tests separately for each 

chemosensory upstream gene region. After correcting for multiple testing, we notably 

found that 32 out of the 133 analysed upstream regions are statistically significant 

(Table 2). However, an in-depth analysis casts doubts on the biological relevance of 10 

of them. For example, four out of these 10 upstream regions are located at the 

chromosome band 56, whereas five at the chromosome band 22 (Figure S4). Rather 

than independent gene-by-gene positive selection events, this clustering of statistically 

significant cases suggests some chromosome context-effects. Similarly, the Or9a gene 

is located near nocte, in a region that shows the molecular hallmark of a selective sweep 

(nocte is involved in the temperature compensation of the circadian clock, critical for 

the adaptation to temperate environments). Even after excluding these 10 uncertain 

cases, we remarkably found that eighteen out of the 22 remaining upstream regions 

belong to the OR and GR families, an overrepresentation of membrane chemoreceptor 

genes (Fisher test; P = 0.0284). This result corroborates that positive selection is more 

pervasive at the 5’ upstream regions of these two chemoreceptor families. 

 

Distribution of natural selection along the chemosensory upstream regions 

The analysis of whole 5’ upstream regions may motivate erroneous interpretations about 

the impact of natural selection in transcriptional evolution. Indeed, upstream regions 

often include many positions not involved in transcriptional regulation. To test whether 

the molecular hallmark of positive selection is homogeneously distributed along the 22 

positively-selected upstreams regions, we compared the polymorphism-to-divergence 
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ratio inside (�/Ki) and outside (�/Ko) the CRE binding motifs inferred by FIMO (Figure 

5). We found that �/Ki depends on the stringency level used to infer binding regions. 

With a FIMO qvalue cutoff equal to 0.01, �/Ki�is lower than �/Ko� However, relaxing 

the FIMO qvalue cutoff gradually diminishes this pattern, until approaching the nearly 

constant �/Ko ratio found outside the inferred binding motifs. Remarkably, these �/Ki 

vs. �/Ko differences are very likely to result from the action of natural selection within 

the CRE binding sites strongly resembling its canonical motif.  

 

Natural selection and CRE turnover 

To gain insights into the impact of positive selection in driving the CRE turnover, we 

examined the gain and loss of binding motifs across the 5’ upstream regions of each 

chemosensory family. In particular, we estimated the gain and death CRE turnover rates 

using the maximum likelihood framework provided by the BadiRate program (Librado 

et al. 2012). We found that the CRE gain rate ranges from �����������(OBPs) 

to����������ORs��gains per Mya, while the CRE death rate from ����0.0086 (aIRs) to 

0.0259 (GRs) losses per Mya per CRE copy. In fact, the CRE death rate perfectly 

correlates with the pa·sa (the product of the rate, pa, and strength, sa, of advantageous, 

which is an excellent estimator of the impact of positive selection at the population 

level; Spearman rank correlation coefficient;   = 1, P = 0; Figure S5). On the contrary, 

pa·sa and � are not significantly associated (Spearman rank correlation coefficient;   = 

0.1, P = 0.8729). This lack of association may result from the variation in the CRE 

number per upstream region (Table S1), given that�� cannot be normalized by this factor 

(unlike �!�see methods). To test this hypothesis, we analysed the net number of turnover 

events, instead of the �!�� rates. Remarkably, we inferred a higher number of gain and 

loss events in the 22 positively-selected than in the rest of upstream regions (Wilcoxon 
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test; P = 0.0472 for gains, and P = 0.0316, for losses), which strongly supports the idea 

that positive selection drives the gain and loss of binding motifs at the chemosensory 

upstream regions.  
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Discussion 

Analyses of nucleotide diversity in large population data sets 

Analyses of large population data sets open unprecedented opportunities to conduct 

large-scale evolutionary analyses, including the detection of the molecular hallmark of 

natural selection (Mackay et al. 2012; Pool et al. 2013). Large data sets, however, entail 

some methodological challenges, like the treatment of missing data (Ferretti et al. 

2012). 

Here, we used a MSA from 158 D. melanogaster inbred lines from a single population 

(Raleigh, North Caroline; DGRP project) (Mackay et al. 2012), which harbours ~40% 

of positions either with missing nucleotides (caused by sequencing problems) or with 

residual heterozygosity. Removing these alignment columns (complete deletion) will 

yield an important loss of information, as well as a potential bias and misleading 

interpretations on the evolutionary forces shaping the nucleotide diversity patterns 

(residual heterozygosity is unevenly distributed along the genome (Langley et al. 

2012)). To handle with such problem, we applied two different strategies: to compute 

the uSFS using a probabilistic approach, and to compute the levels of polymorphism 

and divergence using the mathematical framework provided by (Ferretti et al. 2012). 

  

The demographic history of D. melanogaster and natural selection 

It is well know that D. melanogaster colonized America in recent years. In North 

America, the first D. melanogaster specimen was captured in 1875, and only 30 years 

later it was the most common dipteran species along the mainland (Keller 2007). The 

North America colonisation likely offered opportunities to natural selection, as response 

to the new climate environment pressures. Indeed, the colonization is so recent that the 

molecular footprint of positive selection may remain in the D. melanogaster genome 
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and, particularly, in some chemosensory system genes (which may have play a relevant 

role in the adaptive process).  

The demographic events, however, can mimic the molecular hallmark of natural 

selection. To discern between both processes, we must analyse -as a reference- a neutral 

class of sites. In agreement with previous findings (Parsch 2003; Parsch et al. 2010), we 

found that the positions 8-30 of the short introns (�65bp) are the most effectively 

neutral data, with an X-to-autosomic ratio of 0.72. Indeed, its nucleotide diversity is 

slightly lower than in 4d-fold degenerate positions, which may reflect a certain level of 

codon usage bias (CUB) for translational efficiency or accuracy (Nielsen et al. 2007; 

Poh et al. 2012; Lawrie et al. 2013).  

The extension of the McDonald-Kreitman (MK) (McDonald and Kreitman 1991) test is 

not appropriated for a bottleneck scenario (Charlesworth and Eyre-Walker 2008; Parsch 

et al. 2009). One the one hand, a recent population expansion can cause the fixation of 

slightly deleterious mutations, leading to the false inference of positive selection. On the 

other hand, the MK test assumes that deleterious mutations are not segregating in the 

population, which may not hold in epochs of reduced Ne. In this case, slightly 

deleterious mutations will contribute more to polymorphism than to divergence, 

yielding underestimates of�". To circumvent the latter problem, Fay et al. (2001) 

proposed filtering out low-frequency variant positions (enriched in slightly deleterious 

mutations). In populations recovering from a bottleneck, nevertheless, most neutral 

mutations may also be segregating at low frequencies. Thus, applying the MK test may 

bias the results. 



19 
 

The huge rates of adaptive evolution 

We found rates of adaptive substitution (" � 0.95) much higher than those previously-

inferred in the D. simulans non-coding regions (" � 0.5) (Andolfatto 2005). In this 

context, it is worth noting that the mean fixation time for new mutations is: 

22(log(2 ) log(2 ) )
fix

N st
s

�
 

#  

where N2 is the population size after the bottleneck recovery, relative to the ancestral 

population size (1.7 in our case), � is the Euler’s constant (0.5772) and sa adaptive 

coefficient. If sa � 0.01, the mean fixation time is 3.94 N2 generations, whereas only 

0.06 N2 generations are required if sa � 0.99 (Figure S6). Therefore, the recovery from 

the bottleneck is so recent (0.05 N2 generations ago) that hardly the strongly favoured 

mutations have had time enough to reach fixation. Consequently, our � estimates may 

not indicate a huge adaptive pressure to environmental changes, but rather point out the 

recent demographic expansion of this population (Duchen et al. 2012). To avoid 

misleading interpretations about the impact of positive selection, we estimated the ratio 

of the adaptive-to-neutral substitution rates (��), an estimator that is indeed comparable 

among different populations and genomic regions. 

Evolutionary comparison of the chemosensory upstream regions 

One of the fundamental issues to understand the origin and function of the major 

chemosensory multigene families is to compare their evolutionary rates at different 

time-scales. Until this work, such studies have mainly focused on the gene turnover and 

on the selective constraint at the protein-coding regions (Sanchez-Gracia et al. 2009). 

In agreement with these previous studies, we found two distinctive modes of gene 

family evolution (Figure 6). On the one hand, the aIR and CSP upstream regions mainly 

evolve under a strong negative selection (high –Nes), with only a few mutations being 
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advantageous (low pa; Table 1). It could be speculated that the low number of aIR and 

CSP upstream regions may compromise our ability to accurately infer the selective 

parameters. However, the standard errors of the estimates are comparable among the 

five surveyed families (Table 1), which indicates that these differences are not due to 

methodological issues, but they have some biological relevance. Indeed, the aIR and 

CSP gene families have an ancient origin (Vieira and Rozas 2011), and likely commit a 

basal function in sensing chemical cues (Croset et al. 2010), or even in other biological 

processes (Nomura et al. 1992). On the other hand, the GR and OR upstream regions 

exhibit the highest $" values (Table 1), relative to the other chemosensory gene 

families. This suggests that molecular impact of positive selection at the upstream 

region not only depends on the biological function of the families (olfaction vs. taste), 

but also on the molecular process in which they are involved (membrane receptor vs. 

extracellular binding proteins).  

It is also worth noting that our estimates of positive selection (�� � 0.4) are comparable 

to that inferred for a sample of 373 D. melanogaster protein-coding regions (Gossmann 

et al. 2012). It partially contradicts some ideas postulating that upstream regions may 

have a large contribution to the adaptive evolution. In fact, we found that neither the 

rate (pa) nor the strength (sa) of positive selection are higher for the chemosensory than 

for the rest of upstream regions (Bootstrap analysis; P > 0.05, for all the surveyed 

chemosensory gene families).  

These results, however, should be cautiously interpreted. Indeed, we found that the 

molecular hallmark of natural selection is not homogeneously distributed along the 

upstream regions, but differentially focalised within the CREs (Figure 5). Since the 

number of CREs varies for each chemosensory upstream region, the analysis of the 

whole upstream region may yield misleading interpretations. 
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In this regard, it has been found that the CRE content highly varies across closely-

related species (Bradley et al. 2010; Dowell 2010; Schmidt et al. 2010). This huge 

turnover has been traditionally interpreted as a result of genetic drift and compensatory 

gains and losses (Ludwig et al. 2000; Durrett and Schmidt 2008). However, and 

consistently with recent findings (He et al. 2011), we detected that the pa·sa product is 

strongly correlated with the CRE turnover, supporting the hypothesis that positive 

selection  drives the gain and loss of CRE binding motifs at the chemosensory upstream 

regions. 
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Figure Legends 
Figure 1. Network representation of the binding peaks (squares) bound at the 5’ 

chemosensory upstream regions (diamonds). Diamond colours depict the 
chemosensory gene families. Chemosensory upstream regions without any 
binding peak are not represented. 

Figure 2. Nucleotide diversity levels (�) at three putatively-neutral classes of sites: the 
4d-fold degenerate sites, the positions 8-30 of short introns (�65 bp), and 2kb 
upstream regions. ��was separately computed for all the autosomic and X-linked 
regions. 

Figure 3. The unfolded site frequency spectrum for biallelic sites, calculated from the 
positions 8-30 of all short introns (�65 bp) across the autosomic and X 
chromosomes. 

Figure 4. Distribution of fitness effects of new deleterious mutations, discretized into 
four categories: nearly neutral (0<-Nes<1), slightly deleterious (1<-Nes<10), 
mildly deleterious (10<-Nes<100) and strongly deleterious (100<-Nes).  

Figure 5. The �/K ratio inside (blue line) and outside (dashed violet line) the CRE 
binding motifs, inferred using different FIMO qvalue cutoffs. 

Figure 6. Impact of natural selection at the major chemosensory gene families. Gene 
turnover rate (�), selective constraint ($) for their protein-coding regions. Mean 
deleterious effect (-Nes), rate of adaptive-to-neutral substitution ($"), proportion 
of adaptive mutations (pa) and their strength (pa). For displaying purposes, � was 
multiplied by 10, while -Nes divided by 100.  

Supplementary material 
Figure S1. Missing allele distribution along the 2R chromosome of the 158 D. 

melanogaster lines (DGRP project). 
Figure S2. PopDrowser screenshot showing polymorphism and divergence along the 

2L chromosome of the 158 D. melanogaster lines (DGRP project). 
Figure S3. Heatmap showing the transcriptional correlation values between 

chemosensory gene pairs. The colour gradient indicates the intensity of the 
correlation, from r = -1 (blue) to r = 1 (red). The gene names with an ‘*’ are 
significant for the ‘positive selection’ test, while those with a ‘+’ have D. 
melanogaster lineage-specific CRE turnover rates. Genes without transcriptional 
changes across the examined expression conditions are not included.

Figure S4. PopDrowser screenshot showing the Gr22e-a gene cluster region, altogether 
with the proportion of missing data, the nucleotide diversity, the linkage 
disequilibrium, and the divergence to D. yakuba and D. simulans. 

Figure S5. Correlation between the CRE death rate (�) and the product between the rate 
(pa) and strength (sa) of advantageous mutations across the 5 major 
chemosensory families. 

Figure S6. Relationship between the mean fixation time (measured in generations/Ne) 
of new mutations and the coefficient of selection (sa). 
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Discusión

Los primeros estudios de evolución molecular se centraron en la comparación
de proteínas por electroforesis, análisis inmunológicos o incluso mediante su
propia secuenciación. Uno de los trabajos con mayor repercusión demostró
que las diferencias proteicas no eran suficientes para explicar la divergencia
anatómica y conductual existente entre humanos y chimpancés [121]. Desde
entonces, los cambios en los mecanismos de regulación transcripcional han
despertado un creciente interés en la comunidad científica (Figura 4.1). Aun
así, su contribución a la divergencia fenotípica sigue siendo una de las cues-
tiones más controvertidas en biología [19, 21].
La actual disponibilidad de datos moleculares masivos nos dota de una opor-
tunidad sin precedentes para comprender el papel de la selección natural po-
sitiva en la evolución de los mecanismos reguladores de la expresión génica.
No obstante, la idiosincrasia de estos nuevos datos masivos requiere del pre-
vio desarrollo e implementación de potentes herramientas bioinformáticas.

4.1 Implementación de nuevos métodos analíticos

4.1.1 DnaSP v5

Con más de 8000 citas acumuladas entre todas sus versiones, DnaSP [116,
122-125] es uno de los programas más populares en el ámbito de la genética
de poblaciones y la evolución molecular. Una de las claves de su éxito radica
en la constante actualización de sus funcionalidades. En la versión DnaSP v5
[116], hemos implementado nuevos métodos orientados al estudio de datos
masivos de polimorfismo y divergencia nucleotídica, entre los que destaca la
capacidad de detectar regiones funcionales por phylogenetic footprinting y phy-
logenetic shadowing [126].
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Figura 4.1: Número de publicaciones científicas por año que incluyen la palabra clave ’transcrip-
tional regulation’.

La idea que subyace al phylogenetic footprinting es realmente simple y eficaz:
si una región se conserva a lo largo del tiempo, probablemente es funcional.
Efectivamente, puede haber regiones conservadas no funcionales (falsos po-
sitivos). Por ejemplo, si las especies comparadas divergieron recientemente,
las regiones genómicas pueden estar conservadas por no haber tenido tiempo
de acumular substituciones. Para discernir la constricción funcional de la me-
ra conservación, se desarrollaron las técnicas de phylogenetic shadowing. Estás
técnicas consideran que una región es funcional sólo si está significativamente
más conservada de lo esperado (dada la divergencia entre las especies anali-
zadas).
DnaSP implementa una aproximación intermedia. En concreto, detecta aque-
llas regiones del alineamientomúltiple (MSA) enriquecidas en posiciones con-
servadas (test de Fisher). La sensibilidad y especificidad del método depende
de si el MSA contiene un balance razonable entre regiones funcionales y re-
giones selectivamente ’neutras’. Si todo el MSA presenta el mismo nivel de
conservación (ej. un exón), DnaSP no anotará ningún elemento funcional. Pa-
ra soslayar esta limitación, el MSA focal se puede concatenar con otro MSA de
posiciones ’neutras’, lo que reportaría resultados análogos a los obtenidos por
phylogenetic shadowing.
En esta tesis, hemos utilizado las nuevas implementaciones de DnaSP v5 de
forma mayoritariamente prospectiva. Por ejemplo, hemos analizado los ni-
veles y patrones de variabilidad tanto en las regiones upstream de los genes
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quimiosensoriales, como en sus elementos cis-reguladores de la transcripción
(CREs).

4.1.2 BadiRate

El análisis comparativo de ganancia y pérdida de genes es fundamental pa-
ra comprender el papel de la selección natural en moldear el tamaño de las
familias multigénicas. Tradicionalmente, la dinámica de las familias multigé-
nicas se ha analizado en un marco de parsimonia, mediante la reconciliación
del árbol de genes (AG) con el árbol de especies (AE) [31-33]. Aunque todavía
es ampliamente utilizada [98], la reconciliación del AG con el AE es extrema-
damente sensible a posibles errores metodológicos y violaciones del modelo
biológico de nacimiento y muerte de genes (ej. conversión génica o transfe-
rencia horizontal) [34, 37, 127]. Hasta la fecha, esto no representaba un proble-
ma sustancial, puesto que el análisis estaba circunscrito a unas pocas familias
multigénicas que se podían revisar concienzudamente. No obstante, con la
creciente disponibilidad de genomas completos, la revisión manual ha dejado
de ser una opción viable.

Por ello se han desarrollado nuevos modelos estadísticos que integran parte
de la incertidumbre metodológica y biológica [128, 129]. Sin embargo, la para-
metrización es tan extensa, que muchos no son computacionalmente factibles.
Una alternativa más simple es obviar la información de las secuencias génicas
y, por tanto, de los sesgos asociados al AG. Intuitivamente se podría pensar
que ignorar la secuencia génica es contraproducente, porque se reduciría la
relación entre la señal biológica y el ruido estocástico (signal-to-noise ratio). No
obstante, la variación en el número de copias génicas es -por sí misma- alta-
mente informativa de los procesos evolutivos [130], habiendo demostrado ser
de gran utilidad en varios estudios genómicos [131-133].

En el programa BadiRate [134], hemos desarrollado e implementado diferen-
tes modelos estocásticos para estimar la dinámica de ganancia y pérdida de
elementos genéticos, ya sean regiones que codifican para proteína o CREs. Ba-
diRate nos ha permitido analizar -por primera vez- la dinámica de los CREs
de los genes quimiosensoriales, confiriéndonos una visión evolutiva comple-
mentaria al análisis clásico de los niveles y patrones de variación nucleotídica.

Actualmente, estamos trabajando en la incorporación de nuevas funcionali-
dades, entre las que destacan la capacidad de contrastar un mayor número
de hipótesis biológicas, el cálculo de intervalos de confianza, y una interfaz
gráfica que facilite su uso por parte de usuarios inexpertos en entornos bioin-
formáticos complejos.
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Figura 4.2: Interfaz de popDrowser, mostrando el patrón de diversidad y divergencia nucleotí-
dica (π y K ), el desequilibro de ligamiento (r2), y la tasa de recombinación a lo largo del brazo
cromosómico 2R de D. melanogaster.

4.1.3 popDrowser

Los primeros esfuerzos de secuenciación genómica se centraron en especies
modelo o con algún interés aplicado [110]. No obstante, la reducción de los
costes de secuenciación [135] ha potenciado enormemente los estudios de ge-
nómica de poblaciones. Por ejemplo, en D. melanogaster, existen tres proyectos
diferentes: el Drosophila Population Genomics Project (DPGP; poblaciones afri-
canas) [136], los 20 genomas europeos [137], y el Drosophila Genetic Reference
Panel (DGRP; de una única población de Norteamérica; Raleigh, Carolina del
Norte) [114].
Como miembros del proyecto DGRP, y de forma consistente con su filosofía
(ser un recurso disponible para toda la comunidad científica), hemos desarro-
llado popDrowser [138]. PopDrowser es una instancia del navegador genó-
mico Gbrowse [118] que permite visualizar y analizar el polimorfismo y diver-
gencia (con D. simulans y D. yakuba como especies outgroup) en los genomas
de D. melanogaster secuenciados por el proyecto DGRP (Figura 4.2). Entre las
principales características de popDrowser destaca la posibilidad de analizar
estas secuencias genómicas de forma ’remota’ (sin necesidad de descargar la
información). Además, popDrowser es fácilmente adaptable a cualquier otro
proyecto de genómica de poblaciones, lo que le convierte en una herramienta
bioinformática muy versátil.
El navegador popDrowser ha sido de gran provecho para el análisis de las
regiones upstream de los genes quimiosensoriales. Su utilidad radica en el al-
macenamiento de información ya pre-procesada (alineamientos, diversidad
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nucleótidica, etc.), lo que nos ha posibilitado realizar una inspección visual y
rápida de la variación nucleotídica en diferentes regiones cromosómicas que
incluyen genes quimiosensoriales.

4.2 Evolución de la regulación transcripcional de los
genes quimiosensoriales

El sistema quimiosensorial monitoriza las condiciones ecológicas y sociales
del ambiente externo, lo que permite modular la conducta del individuo acor-
de a sus necesidades. En otras palabras, la correcta expresión de los genes qui-
miosensoriales condiciona la capacidad de discriminar estímulos esenciales
(como nutrientes o pareja) y, por tanto, la eficacia biológica de los individuos.
Por ello, los mecanismos que regulan la transcripción de los genes quimio-
sensoriales son -a priori- un excelente modelo para estudiar el impacto de la
selección natural a nivel molecular.
En esta tesis, hemos estudiado los mecanismos de regulación transcripcional
a dos niveles diferentes (pero relacionados). Primero, hemos analizado el im-
pacto de los dominios de la cromatina en la distribución física de los genes
que codifican OBPs. Segundo, hemos determinado la contribución relativa de
la selección natural en la evolución de las regiones 2Kb upstream de los genes
del sistema quimiosensorial.

4.2.1 Distribución física de los genes que codifican OBPs

Inferencia de clusters

En el ámbito de la genómica comparada, el término clúster tiene diferen-
tes acepciones, lo que puede motivar cierta confusión. Operacionalmente, un
clúster se define como un conjunto de genes parálogos que están físicamente
agrupados. Aunque de gran utilidad para comprender la relevancia del en-
trecruzamiento desigual en la duplicación génica (las copias génicas quedan
dispuestas en tándem), esta interpretación carece de sentido funcional per se.
Al contrario, los clusters de genes (parálogos o no) que se conservan a lo lar-
go del tiempo si pueden tener implicaciones funcionales. Por ejemplo, en D.
melanogaster, los genes que se transcriben en la cabeza o en el testículo están
físicamente agrupados a lo largo del cromosoma. Esta asociación es significa-
tiva incluso después de controlar por el efecto del entrecruzamiento desigual
en el origen y, por tanto, la distribución de muchos genes parálogos [139].
Con la explosión de la genómica comparada en procariotas, se constató que
muchos clusters funcionales pueden experimentar reordenaciones internas
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sin que ello comporte consecuencias fenotípicas [140, 141]. Para acomodar es-
tas observaciones, se ha formalizado una nueva definición de clúster, donde la
estricta conservación de la colinearidad no es un requisito indispensable, sino
que basta con que los genes mantengan su ’vecindad’ (el denominado ’gene
team model’ [142]).
¿Por qué los genes conservan su ’vecindad’ a lo largo del tiempo? La conser-
vación de los clusters resulta -principalmente- de la interacción de dos fuerzas
evolutivas: (i) la mutación, ya que las regiones poco propensas a sufrir reorde-
naciones cromosómicas mantendrán su colinearidad a lo largo del tiempo [96,
97, 143, 144], y (ii) la selección natural, que puede mantener los clusters de for-
ma activa por diversos motivos, como facilitar la co-regulación transcripcional
de sus integrantes. Para discernir entre ambas hipótesis, hemos aplicado una
nueva y eficiente implementación del ’gene team model’ cuya filosofía es similar
a la del phylogenetic shadowing [145]: se considera que los clusters están someti-
dos a constricción funcional sólo si están significativamente más conservados
de lo esperado (dada la tasa de reordenamiento cromosómico en Drosophila).
La sensibilidad y especificidad para inferir clusters bajo constricción funcio-
nal incrementa con la divergencia entre las especies comparadas, así como
también con la calidad de sus ensamblajes y anotaciones genómicas. Intui-
tivamente, se podría pensar que nuestro modelo de estudio (las 12 especies
de Drosophila) atesora un excelente balance (representatividad filogenética vs.
calidad de la información genómica) para realizar análisis de este tipo. Sin
embargo, hemos apreciado que la divergencia entre las 12 Drosophila no pro-
porciona suficiente potencia estadística para detectar los clusters más peque-
ños (de dos o tres miembros) que estén activamente mantenidos por la selec-
ción natural. Esto tiene importantes connotaciones, ya que se ha postulado
que existen dos tipos de clusters, los denominados ’pequeños’ (constituidos
por pocos miembros que están filogenéticamente relacionados y altamente
co-regulados), y los denominados ’grandes’ (formados por genes que se ex-
presan en múltiples condiciones, o genes housekeeping) [146]. Aunque pueden
estar parcialmente sesgados, nuestros resultados no pretenden minimizar la
relevancia de los clusters ’pequeños’, sino poner de manifiesto la importancia
de los ’grandes’ en la distribución física de los genes que codifican OBPs.

Clusters que incluyen OBPs

Hemos identificado un total de 31 clusters que -en promedio- están conserva-
dos en 5.9 especies y contienen 8.3 genes, 1.7 de los cuales codifica OBPs. Más
allá de la media, el repertorio génico por clúster es muy variable. Por una par-
te, el clúster con mayor densidad génica abarca la región 20284679-20292009
del cromosoma X de D. melanogaster, e incluye cinco genes, cuatro de los cua-
les codifican OBPs (Obp19a-d). Por otra parte, uno de los clusters bajo mayor
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constricción funcional contiene 20 genes, pero tan sólo uno de ellos codifica
una OBP (lush). Los 19 genes restantes están involucrados en procesos apa-
rentemente relacionados, como Shal (un canal de potasio), asf1 (morfogénesis
de dendritas), y tey (transmisión sináptica).
¿Qué función desempeñan los genes que están clusterizados con las OBPs? He-
mos encontrado que -aparte de las propias funciones olfativas- estos clusters
incluyen genes que típicamente se transcriben en el sistema nervioso, como
canales de sodio, receptores de neurotransmisores y, especialmente, proteínas
integrales de la membrana celular (test de Fisher; P = 1.06e−10).

Causas de la conservación de los clusters

La co-regulación transcripcional permite orquestar la expresión génica frente
a estímulos externos, y en diferentes tejidos o estadios del desarrollo. El caso
más ilustrativo es -probablemente- el del operón bacteriano lac, que coordina
la transcripción policistrónica de tres enzimas, dos de los cuales están involu-
crados en la degradación de la lactosa [147]. Salvando ciertas diferencias mole-
culares, los clusters eucariotas también pueden facilitar la co-regulación trans-
cripcional de sus miembros. En vertebrados, por ejemplo, los genes que codi-
fican los factores de transcripción Hox están físicamente agrupados, y además
en el mismo orden en el que se transcriben durante el desarrollo [148-150].
Nuestros análisis multivariantes han revelado que la constricción funcional de
los 31 clusters focales correlaciona positivamente con la amplitud (EB) y el rui-
do (EN) transcripcional de sus integrantes (Path analysis; P = 0.004 y P = 0.043,
respectivamente). Este resultado es -aparentemente- paradójico, ya que el EN
suele ser deletéreo [102, 103]. Sin embargo, en algunas circunstancias, el EN
puede generar una plasticidad fenotípica beneficiosa, especialmente si afecta
la expresión de proteínas que están en contacto directo con ambientes exter-
nos cambiantes, como transportadores extracelulares (ej. OBPs) o proteínas
integrales de membrana (ej. canales de sodio) [151, 152]. Así, las fluctuaciones
estocásticas en la abundancia de OBPs podrían inducir respuestas conductua-
les dispares frente al mismo estímulo [153, 154], una variación fenotípica que
quizás juegue un papel fundamental en la percepción olfativa.

Mecanismos de co-regulación transcripcional

Durante las primeras décadas del siglo XX, el estudio de los cromosomas poli-
ténicos de Drosophila reveló la existencia de dos estados bien diferenciados de
la cromatina: la eucromatina y la heterocromatina. Aunque ya se habían cons-
tatado diferencias en cuanto a la densidad génica, no fue hasta 1930 cuando
Hermann Muller demostró que el estado de la cromatina también condiciona
la transcripción génica (el denominado efecto de posición) [155]. Actualmente,
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las nuevas técnicas experimentales han permitido identificar un amplio aba-
nico de estados de la cromatina, cada uno con sus pecularidades transcripcio-
nales [112].

Hemos demostrado que el nivel de constricción funcional de los 31 clusters
focales está asociado con un estado de la cromatina denominado ’elongación
de la transcripción’ (correlación de Spearman; P = 0.006) y, de forma muy in-
teresante, con la unión de la proteína quinasa JIL-1 (correlación de Spearman;
P < 0.001). La JIL-1 interactúa físicamente con LamD0 [106] y Chromator [108],
dos proteínas estructuralmente asociadas con la membrana nuclear que ya
han sido -directa o indirectamente- relacionadas con el mantenimiento de los
clusters [109, 156]. Entre otras funciones, la JIL-1 libera la ARNpolimerasa pau-
sada en la región promotora [157], lo que produce una ráfaga de elongación
de la transcripción génica que incrementa el EN [158].

La arquitectura de la región promotora puede tener un papel fundamental en
pausar la actividad de la ARN polimerasa. En este contexo cabe destacar que
se han identificado dos tipos de promotores, los denominados peaked (normal-
mente inician la transcripción a partir del mismo nucleótido) y los denomina-
dos broad (desde posiciones más dispersas) [159]. De forma consistente con los
anteriores resultados, también hemos encontrado una asociación significativa
entre la proporción de promotores del tipo broad y la constricción funcional
del clúster (correlación de Spearman; P = 0.044). Dado que la arquitectura del
tipo broad está asociada con un elevado EB, con un posicionamiento particular
de los nucleosomas y con una composición distintiva de CREs [105, 159], tam-
bién hemos estudiado la contribución de la selección natural en la evolución
de las regiones upstream de las principales familias multigénicas del sistema
quimiosensorial.

4.2.2 Evolución de las regiones upstream

Historia demográfica de las poblaciones norteamericanas de D. melanogaster

Al igual que otras especies comensales de humanos, la distribución geográfi-
ca de D. melanogaster está íntimamente ligada a nuestra historia demográfica.
Así, en América del Norte, el primer espécimen de D. melanogaster se capturó
en 1875 (Nueva York), probablemente trasladada de forma involuntaria por el
comercio naval con Europa y/o Centroamérica [160]. Sólo 30 años después, la
mosca del vinagre ya estaba catalogada como el díptero más común de todo el
continente [161] (Figura 4.3). Como la colonización del hábitat norteamericano
es tan reciente, la huella molecular de la selección adaptativa (donde el siste-
ma quimiosensorial puede tener un papel fundamental) podría ser fácilmente
detectable en el genoma.
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Figura 4.3: Colonización de América del Norte por D. melanogaster. Las fechas indican el año
en el que la especie se capturó por primera vez en cada población. Fuente: [161].

Los eventos demográficos -sin embargo- moldean la frecuencia de las muta-
ciones que segregan en la población, pudiendo dejar una huella molecular si-
milar a la de la selección natural [162]. La aproximación más popular para dis-
cernir el impacto de la selección natural es la extensión del test de McDonald-
Kreitman (eMK) [6, 163]. A pesar de su popularidad, esta aproximación no
está exenta de problemas. La eMK asume que la selección natural negativa es
suficientemente eficaz como para purgar las mutaciones ligeramente deleté-
reas (MLDs) de la población, una suposición que podría no cumplirse en las
poblaciones norteamericanas de D. melanogaster. Primero, el efecto fundador
asociado a cualquier proceso de colonización implica un bajo Ne y, por tanto,
una reducción de la eficacia de la selección natural (algunas MLDs pueden
estar segregando a baja frecuencia) [164, 165]. Segundo, después del cuello de
botella inicial, la población de D. melanogaster se expandió rápidamente por
Norteamérica (Figura 4.3), lo que pudo llevar a la fijación de algunas MLDs.

En esta tesis, hemos utilizado un potente y novedoso método de genética de
poblaciones [8, 166] que primero controla por el efecto de la historia demográ-
fica, para luego estimar los principales parámetros selectivos: el efecto de las
mutaciones deletéreas, la tasa de substitución adaptativa (α [167]), y α norma-
lizada por la tasa de substitución neutra (ωα) [168].
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Impacto de la selección darwiniana en las regiones upstream

Hemos estimado que el 95% de las substituciones ocurridas en las 2Kb ups-
tream de los genes quimiosensoriales se han fijado por el efecto de la selección
natural positiva (α ≈ 0.95), una estima muy superior al 50% inferido en las
regiones no codificadoras de D. simulans [169]. ¿Cómo se concilian estos resul-
tados tan dispares? La respuesta viene dada -otra vez- por la historia demo-
gráfica de la población. Generalmente, el efecto fundador (unos pocos indivi-
duos colonizan un nuevo hábitat) comporta una reducción de la variabilidad
genética, que sólo se recupera con el paso del tiempo. En esta población, sin
embargo, la recuperación del cuello de botella es tan reciente que apenas las
mutaciones ventajosas han tenido tiempo para fijarse.
Si α depende de cada historia demográfica, ¿cómo podemos comparar la con-
tribución de la selección natural en la evolución de diferentes poblaciones? La
poca interpretabilidad de α (en términos selectivos) se puede solventar norma-
lizándola por la tasa de substitución neutra (una normalización denominada
ωα) [168]. En este sentido, nuestras estimas de ωα (desde ωα = 0.266 en aIRs
hasta ωα = 0.440 en ORs) son similares a las obtenidas para 373 regiones de D.
melanogaster que codifican proteína (ωα ≈ 0.4) [168], lo que soporta la idea de
que la estima de α ≈ 0.95 es un mero subproducto de la historia demográfica.
La anterior comparativa de ωα contradice, además, una de nuestras hipótesis
de partida: las regiones upstream de los genes quimiosensoriales no son una
de las principales dianas de la selección darwiniana (estimada como ωα). De
hecho, ni la proporción (pa) ni el coeficiente de la selección adaptativa (sa) son
mayores en las regiones upstream de los genes quimiosensoriales que en el res-
to de regiones upstream del genoma (análisis de muestreo con reemplazamien-
to, o boostrap; P > 0.05, para todas las familias quimiosensoriales analizadas).

Impacto de la selección darwiniana en los CREs

El análisis indiscriminado de 2Kb (región upstream) puede inducir interpre-
taciones erróneas acerca del impacto de la selección natural en la evolución
transcripcional, puesto que estas regiones incluyen muchos nucleótidos que
no participan en el control de la expresión génica. Ciertamente, el número de
CREs necesarios para conferir un correcto patrón transcripcional es muy hete-
rogéneo, siendo aparentemente menor en los genes quimiosensoriales que en
el resto (test de Wilcoxon; P < 0.05 para todas las familias analizadas, excepto
para los aIRs).
Para examinar el impacto de la selección natural en las regiones que si con-
trolan la transcripción génica, hemos comparado el polimorfismo y la diver-
gencia (π/K) de los CREs con el resto de regiones upstream. La relación π/K
es menor en los CREs que en las demás posiciones (test de Wilcoxon; P <
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2.2e−16), principalmente porque la selección natural negativa purga las muta-
ciones deletéreas, produciendo un déficit relativo de π (test de Wilcoxon; P <
2.2e−16).
Aunque la selección purificadora juega un papel fundamental en su conser-
vación [170], el contenido de CREs es muy variable entre genes ortólogos
[171-173]. Tradicionalmente, esta elevada dinámica se ha interpretado como
resultado de la deriva genética y de las mutaciones compensatorias [174, 175].
No obstante, recientemente se han encontrado algunas evidencias discrepan-
tes, que sugieren una mayor contribución de la selección natural positiva
[176]. Gracias al desarrollo e implementación de nuevos modelos de ganancia
y pérdida de CREs en BadiRate [134], hemos podido contrastar estas dos
hipótesis en un marco probabilístico. De forma notable, hemos detectado una
leve (pero significativa) asociación entre el impacto de la selección adaptativa
y los eventos de ganancia (test de Wilcoxon; P = 0.0472) y pérdida (test de
Wilcoxon; P = 0.0316) de CREs de los genes quimiosensoriales, lo cual es
consistente con un impacto de la selección darwiniana en la evolución de su
regulación transcripcional.

Evolución de las familias multigénicas del sistema quimiosensorial de Drosop-
hila

La creciente disponibilidad de genomas completos está incrementando sus-
tancialmente nuestro conocimiento de la evolución de las familias multigéni-
cas del sistema quimiosensorial [80], lo cual es absolutamente imprescindible
para comprender su origen y función. En este sentido, la comparación del
impacto de la selección natural revela dos modos de evolución bien diferen-
ciados (Figura 4.4). Por una parte, los aIRs y las CSPs están sometidos a una
fuerte constricción, lo cual es consistente con nuestro conocimiento evolutivo
y funcional de ambas familias: tienen un origen antiguo y juegan un papel
basal en la quimiopercepción, así como también en otros procesos biológicos
[61, 67, 75].
Las OBPs, los OR y los GRs evolucionan -por otra parte- más rápidamente,
y de forma parecida entre sí. Un aspecto interesante atañe al impacto de la
selección natural positiva en las regiones upstream; a diferencia de lo observa-
do para λ y ω (donde las OBPs y los ORs parecen estar sujetas a presiones
selectivas parecidas[80]; Figura 4.4) , las estimas de ωα son significativamente
más elevadas en los ORs (intervalos de confianza estimados por bootstrap; ωα

= 0.442 [0.399-0.471]) y GRs (ωα = 0.415 [0.386-0.445]) que en las OBPs (ωα =
0.349 [0.311-0.383]).
Aunque aún faltan evidencias al respecto, esta discrepancia evolutiva podría
estar vinculada con el impacto diferencial de la cromatina en la regulación
transcripcional de las OBPs y de los ORs. Efectivamente, hemos encontrado
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Figura 4.4: Comparación del impacto de la selección natural en la evolución de las principales
familias del sistema quimiosensorial. Dinámica de ganancia y pérdida de genes (λ); constricción
funcional en las regiones codificadoras (ω); presión selectiva en las regiones upstream (ωα);
proporción (pa) y coeficiente de selección (sa) de las mutaciones beneficiosas; efecto de las
mutaciones deletéreas (-Nes). Por propósitos ilustrativos, λ ha sido multiplicada por 10, y -Nes
divido entre 100. Los datos de λ y ω han sido extraídos de [80].

que los clusters que incluyen OBPs están localizados en regiones cromosómi-
cas caracterizadas por un estado de la cromatina denominado ’elongación de
la transcripción’, lo que a su vez repercute en la amplitud y el ruido transcrip-
cional de sus integrantes. De cualquier modo, no cabe duda que la selección
natural (negativa y positiva) ha jugado un papel fundamental en la evolución
de los mecanismos que regulan la transcripción de los genes quimiosensoria-
les, tanto los que implican elementos cis-reguladores (CREs), como los domi-
nios de la cromatina.



5
Conclusiones

1. Hemos implementado nuevos métodos de genética de poblaciones y
evolución molecular en el programa DnaSP, entre los que destaca la infe-
rencia de regiones funcionales por phylogenetic footprinting y phylogenetic
shadowing, y el análisis automatizado de los niveles y patrones de varia-
bilidad en múltiples loci.

2. Hemos implementado popDrowser, una instancia del navegador genó-
mico Gbrowse especialmente diseñada para proyectos de genómica de
poblaciones, como el Drosophila Genetic Reference Panel (DGRP). La ver-
satilidad de popDrowser radica en la posibilidad de realizar análisis de
forma ’remota’, lo que facilita la visualización inmediata de los resulta-
dos con el resto de anotaciones integradas en el propio navegador.

3. Hemos desarrollado nuevos modelos estocásticos para analizar la ga-
nancia y pérdida de elementos genéticos, ya sean genes eucariotas (que
mayoritariamente se originan por duplicación de ADN), procariotas
(donde la transferencia horizontal puede jugar un papel importante) o
incluso elementos cis-reguladores de la transcripción (que pueden tener
un origen de novo).

4. Hemos implementado diversos modelos estocásticos para el análisis de
la ganancia y pérdida de elementos genéticos en el programa BadiRate.
Este programa proporciona el marco filogenético y probabilístico apro-
piado para contrastar diferentes hipótesis evolutivas, como expansiones
y contracciones de familias multigénicas en linajes concretos.

5. Los genes que codifican OBPs están activamente mantenidos en clus-
ters por la acción de la selección natural. Estos clusters incluyen ade-
más otros genes, entre los que destacan los que codifican proteínas de la
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membrana celular.

6. Los análisis multivariantes revelan que la conservación de estos clusters
está relacionada con: (i) la amplitud y el ruido transcripcional de sus
integrantes; (ii) el estado de la cromatina (’transcription elongation’ y con
la unión de la proteína JIL-1); (iii) la arquitectura de la región promotora
de sus genes.

7. Las inferencias mediante potentes métodos de genética de poblaciones
indican que la selección natural (negativa y positiva) contribuye signi-
ficativamente a la evolución de las regiones upstream de los genes del
sistema quimiosensorial.

8. Las regiones upstream de los aIRs y las CSPs están sometidas a una im-
portante constricción funcional, mientras que las de los ORs y los GRs
han experimentado un mayor impacto de la selección darwiniana.

9. La huella molecular de la selección natural no es homogénea a lo largo
de la región upstream, sino que mayoritariamente solapa con los CREs.

10. El impacto de la selección natural positiva correlaciona positivamente
con la dinámica de ganancia y pérdida de los CREs que regulan la trans-
cripción de los genes quimiosensoriales.
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Stephanie M. Rollmann1{, Julio Rozas7, Nehad Saada2, Lavanya Turlapati1, Kim C.Worley2, Yuan-QingWu2, Akihiko Yamamoto1,
Yiming Zhu2, Casey M. Bergman5, Kevin R. Thornton4, David Mittelman9 & Richard A. Gibbs2

A major challenge of biology is understanding the relationship between molecular genetic variation and variation in
quantitative traits, including fitness. This relationship determines our ability to predict phenotypes from genotypes and
to understand how evolutionary forces shape variation within and between species. Previous efforts to dissect the
genotype–phenotype map were based on incomplete genotypic information. Here, we describe the Drosophila
melanogaster Genetic Reference Panel (DGRP), a community resource for analysis of population genomics and
quantitative traits. The DGRP consists of fully sequenced inbred lines derived from a natural population. Population
genomic analyses reveal reduced polymorphism in centromeric autosomal regions and theX chromosome, evidence for
positive and negative selection, and rapid evolution of the X chromosome. Many variants in novel genes, most at low
frequency, are associated with quantitative traits and explain a large fraction of the phenotypic variance. The DGRP
facilitates genotype–phenotype mapping using the power of Drosophila genetics.

Understanding howmolecular variationmaps to phenotypic variation
for quantitative traits is central for understanding evolution, animal
and plant breeding, and personalized medicine1,2. The principles of
mapping quantitative trait loci (QTLs) by linkage to, or association
with, marker loci are conceptually simple1,2. However, we have not yet
achieved our goal of explaining genetic variation for quantitative traits
in terms of the underlying genes; additive, epistatic and pleiotropic
effects as well as phenotypic plasticity of segregating alleles; and the
molecular nature, population frequency and evolutionary dynamics of
causal variants. Efforts to dissect the genotype–phenotype map in
model organisms3,4 and humans5–7 have revealed unexpected com-
plexities, implicating many, novel loci, pervasive pleiotropy, and
context-dependent effects.
Model organism reference populations of inbred strains that can be

shared among laboratories studying diverse phenotypes, and for
which environmental conditions can be controlled and manipulated,
greatly facilitate efforts to dissect the genetic architecture of quan-
titative traits3,4. Measuringmany individuals of the same homozygous
genotype increases the accuracy of the estimates of genotypic
value1 and the power to detect variants, and genotypes of molecular
markers need only be obtained once. We constructed the Drosophila
melanogaster Genetic Reference Panel (DGRP) as such a community
resource. Unlike previous populations of recombinant inbred lines
derived from limited samples of genetic variation, the DGRP consists

of 192 inbred strains derived from a single outbred population. The
DGRP contains a representative sample of naturally segregating
genetic variation, has an ultra-fine-grained recombination map
suitable for precise localization of causal variants, and has almost
complete euchromatic sequence information.
Here, we describe molecular and phenotypic variation in 168 re-

sequenced lines comprising Freeze 1.0 of the DGRP, population
genomic inferences of patterns of polymorphism and divergence
and their correlation with genomic features, local recombination rate
and selection acting on this population, genome-wide association
mapping analyses for three quantitative traits, and tools facilitating
the use of this resource.

Molecular variation in the DGRP
We constructed the DGRP by collecting mated females from the
Raleigh, North Carolina, USA, population, followed by 20 generations
of full-sibling inbreeding of their progeny. We sequenced 168 DGRP
lines using a combination of Illumina and 454 sequencing technology:
29 of the lines were sequenced using both platforms, 129 lines have
only Illumina sequence, and 10 lines have only 454 sequence. We
mapped sequence reads to the D. melanogaster reference genome,
re-calibrated base quality scores, and locally re-aligned Illumina
reads. Mean sequence coverage was 21.43 per line for Illumina
sequences and 12.13 per line for 454 sequences (Supplementary
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Table 1). On average, we assayed 113.5 megabases (94.25%) of the
euchromatic reference sequence with,22,000 readmapping gaps per
line (Supplementary Table 2). We called 4,672,297 single nucleotide
polymorphisms (SNPs) using the Joint Genotyper for Inbred Lines
(JGIL; E.A.S., personal communication), which takes into account
coverage and quality sequencing statistics, and expected allele
frequencies after 20 generations of inbreeding from an outbred popu-
lation initially in Hardy–Weinberg equilibrium. In cases where base
calls were made by both technologies, concordance was 99.36%
(Supplementary Table 3).
The SNP site frequency distribution (Fig. 1a) is characterized by a

majority of low frequency variants. The numbers of SNPs vary by
chromosome and site class (Fig. 1b). Linkage disequilibrium8 decays
to r25 0.2 on average within 10 base pairs on autosomes and 30 base
pairs on the X chromosome (Fig. 1c and Supplementary Fig. 1). This
difference is expected because the population size of the X chro-
mosome is three quarters that of autosomes, and the X chromosome
can experience greater purifying selection because of exposure of
deleterious recessive alleles in hemizygous males. There is little evid-
ence of global population structure in the DGRP (Fig. 1d and Sup-
plementary Fig. 2). The rapid decline in linkage disequilibrium locally
and lack of global population structure are favourable for genome-
wide association mapping.
Not all SNPs are fixed within individual DGRP lines (Supplemen-

tary Table 4). The expected inbreeding coefficient (F) after 20
generations of full-sibling inbreeding1 is F5 0.986; therefore, we
expect some SNPs to remain segregating by chance. Segregating
SNPs can also arise from new mutations, or if natural selection
opposes inbreeding, due to true overdominance for fitness at
individual loci or associative overdominance due to complementary
deleterious alleles that are closely linked or in segregating inversions.
We identified 390,873 microsatellite loci, 105,799 of which were

polymorphic (Supplementary Table 5); 36,810 transposable element
insertion sites and 197,402 total insertions (Supplementary Table 6).
On average, each line contained 1,175 transposable element insertions
(Supplementary Table 6), although most transposable element
insertion sites (25,562) were present in only one line (Supplementary

Table 7).We identified 149 transposable element families. The number
of copies per family varied greatly from an average of 315.7 INE-1
elements per line to an average of 0.003 Gandalf-Dkoe-like elements
per line (Supplementary Table 8).
Wolbachia pipientis is a maternally inherited bacterium found in

insects, including Drosophila, and can affect reproduction9. We
assessed Wolbachia infection status in the DGRP lines to account
for it in analyses of genotype–phenotype associations, and found
51.2% of lines harbouring sufficient Wolbachia DNA to imply infec-
tion (Supplementary Table 9).

Polymorphism and divergence
Weused theDGRP Illumina sequence data andgenomesequences from
Drosophila simulans andDrosophila yakuba10 to perform genome-wide
analyses of polymorphism and divergence, assess the association of
these parameters with genomic features and the recombination land-
scape, and infer the historical action of selection on a much larger scale
than had been possible previously11–16.We computed polymorphism (p
and h, refs 17 and 18) and divergence (k, ref. 19) for the whole genome,
by chromosome arm (X, 2L, 2R, 3L, 3R), by chromosome region (three
regions of equal size in Mb—telomeric, middle and centromeric), in
50-kbp non-overlapping windows, and by site class (synonymous
and non-synonymous sites within coding sequences, and intronic,
untranslated region (UTR) and intergenic sites) (Supplementary
Tables 10 and 11).
Averaged over the entire genome, p5 0.0056 and h5 0.0067,

similar to previous estimates from North American populations16,20.
Average polymorphism on the X chromosome (pX5 0.0040) is
reduced relative to the autosomes (pA5 0.0060) (X/A ratio5 0.67,
Wilcoxon test P5 0), even after correcting for theX/A effective popu-
lation size (X4/35 0.0054, Wilcoxon test P, 0.00002; Supplementary
Table 10). Autosomal nucleotide diversity is reduced on average
2.4-fold in centromeric regions relative to non-centromeric regions,
and at the telomeres (Fig. 2a and Supplementary Table 10), whereas
diversity is relatively constant along the X chromosome. Thus,
pX. pA in centromeric regions, but pA.pX in other chromosomal
regions (Fig. 2a and Supplementary Table 10).
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Genes on the X chromosome evolve faster (kX5 0.140) than auto-
somal genes (kA5 0.126) (X/A ratio5 1.131, Wilcoxon test P5 0)
(Fig. 2b and Supplementary Table 10). Divergence is more uniform
(coefficient of variation (CV)k5 0.2841) across chromosome arms
than is polymorphism (CVp5 0.4265). The peaks of divergence near
the centromeres could be attributable to the reduced quality of align-
ments in these regions. Patterns of divergence are similar regardless of
the outgroup species used (Fig. 2b and Supplementary Table 11).
The pattern of polymorphism and divergence by site class is consist-

ent within and among chromosomes (pkSynonymouswpkIntronwpkIntergenicw
pkUTRwpkNon�synonymous ), in agreement with previous studies on smaller
data sets12,15 (Supplementary Figs 3 and 4 and Supplementary
Table 11). Polymorphism levels between synonymous and non-
synonymous sites differ by an order of magnitude. Variation and
divergence patterns within the site classes generally follow the same
patterns observed overall, with reduced polymorphism for all site
classes on the X chromosome relative to autosomes, increased X chro-
mosomedivergence relative to autosomes for all but synonymous sites,
decreased polymorphism in centromeric regions, and greater variation
among regions and arms for polymorphism than for divergence. Other
diversity measures and more detailed patterns at different window-
sizes for each chromosome arm can be accessed from the Population
Drosophila Browser (popDrowser) (Table 1 and Methods).

Recombination landscape
Evolutionary models of hitchhiking and background selection21,22

predict a positive correlation between polymorphism and recombina-
tion rate. This expectation is realized in regions where recombination
is less than 2 cMMb21 (Spearman’s r5 0.471, P5 0), but recom-
bination and polymorphism are independent in regionswhere recom-
bination exceeds 2 cMMb21 (Spearman’s r520.0044, P5 0.987)
(Fig. 2a and Supplementary Table 12). The average rate of recombina-
tion of the X chromosome (2.9 cMMb21) is greater than that of
autosomes (2.1 cMMb21), which may account for the low overall
X-linked correlation between recombination rate and p. The lack of
correlation between recombination and divergence (Supplementary
Table 12) excludes mutation associated with recombination as the
cause of the correlation. We assessed the independent effects of
recombination rate, divergence, chromosome region and gene density
on nucleotide variation of autosomes and the X chromosome
(Supplementary Table 13). Recombination is the major predictor of

polymorphism on the X chromosome and autosomes; however, the
significant effect of autosomal chromosome region remains after
accounting for variation in recombination rates between centromeric
and non-centromeric regions.

Selection regimes
We used the standard23 and generalized12,24,25 McDonald Kreitman
tests (MKT) to scan the genome for evidence of selection. These tests
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Table 1 | Community resources
Resource Location

DGRP lines Bloomington Drosophila Stock Center
http://flystocks.bio.indiana.edu/Browse/RAL.php

Sequences Baylor College of Medicine Human Genome
Sequencing Center
http://www.hgsc.bcm.tmc.edu/project-species-i-
DGRP_lines.hgsc
National Center for Biotechnology Information Short
Read Archive
http://www.ncbi.nlm.nih.gov/sra?term5DGRP
Mackay Laboratory
http://dgrp.gnets.ncsu.edu/

Read alignments Baylor College of Medicine Human Genome
Sequencing Center
http://www.hgsc.bcm.tmc.edu/projects/dgrp/

SNPs Baylor College of Medicine Human Genome
Sequencing Center
http://www.hgsc.bcm.tmc.edu/projects/dgrp/
freeze1_July_2010/snp_calls/
NationalCenter forBiotechnology InformationdbSNP
http://www.ncbi.nlm.nih.gov/SNP/
snp_viewBatch.cgi?sbid51052186
Mackay Laboratory
http://dgrp.gnets.ncsu.edu/

Microsatellites Baylor College of Medicine Human Genome
Sequencing Center
http://www.hgsc.bcm.tmc.edu/projects/dgrp/
freeze1_July_2010/microsat_calls/
Mittelman Laboratory
http://genome.vbi.vt.edu/public/DGRP/

Transposable elements Mackay Laboratory
http://dgrp.gnets.ncsu.edu/

Molecular population
genomics

PopDrowser
http://popdrowser.uab.cat

Phenotypes Mackay Laboratory
http://dgrp.gnets.ncsu.edu/

Genome-wide association
analysis

Mackay Laboratory
http://dgrp.gnets.ncsu.edu/
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compare the ratio of polymorphism at a selected site with that of a
neutral site to the ratio of divergence at a selected site to divergence at
a neutral site. The standard MKT is applied to coding sequences, and
synonymous and non-synonymous sites are used as putative neutral
and selected sites, respectively. The generalized MKT is applied to
non-coding sequences and uses fourfold degenerate sites as neutral
sites. Using polymorphism and divergence data avoids confounding
inference of selection with mutation rate differences, and restricting
the tests to closely linked sites controls for shared evolutionary
history26–28. We infer adaptive divergence when there is an excess of
divergence relative to polymorphism, and segregation of slightly dele-
terious mutations when there is an excess of polymorphism over
divergence. Estimates of a, the proportion of adaptive divergence,
are biased downwards by low frequency, slightly deleterious muta-
tions29,30. Rather than eliminate low frequency variants31, we incorpo-
rated information on the site frequency distribution to the MKT test
framework to obtain estimates of the proportion of sites that are
strongly deleterious (d), weakly deleterious (b), neutral (f) and
recently neutral (c) at segregating sites, as well as unbiased estimates
of a (Supplementary Methods).

Deleterious and neutral sites
Averaged over the entire genome, we infer that 58.5% of the segreg-
ating sites are neutral or nearly neutral, 1.9% are weakly deleterious
and 39.6% are strongly deleterious. However, these proportions vary
between the X chromosome and autosomes, site classes and chro-
mosome regions (Supplementary Tables 14–16 and Fig. 3). Non-
synonymous sites are the most constrained (d5 77.6%), whereas in
non-coding sites d ranges from 29.1% in 59 UTRs to 41.3% in 39
intergenic regions. The inferred pattern of selection differs between
autosomal centromeric and non-centromeric regions: d is reduced
and f is increased in centromeric regions for all site categories
(Fig. 3). We observe an excess of polymorphism relative to divergence
in autosomal centromeric regions, even after correcting for weakly
deleterious mutations, implying a relaxation of selection from the
time of separation of D. melanogaster and D. yakuba. Because selec-
tion coefficients depend on the effective population size32 (Ne), this
could occur if the recombination rate has specifically diminished in
centromeric regions during the divergence between D. melanogaster
and D. yakuba; or with an overall reduction of Ne associated with the
colonization of North American habitats33,34. In the latter case, we
expect a genome-wide signature of an excess of low-frequency
polymorphisms and of polymorphism relative to divergence,
exacerbated in regions of low recombination. We indeed find an
excess of low-frequency polymorphism relative to neutral expectation
as indicated by the negative estimates of Tajima’s D statistic35

(D520.686 averaged over the whole genome and D520.997 in
autosomal centromeric regions). In contrast, the X chromosome does
not show a differential pattern of selection in the centromeric region,
has a lower fraction of relaxation of selection, fewer neutral alleles, and
a higher percentage of strongly deleterious alleles for all site classes
and regions (Fig. 3 and Supplementary Tables 14–16).
Transposable element insertions are thought to be largelydeleterious.

There are more singleton insertions in regions of high recombination
($ 2 cMMb21) andmore insertions shared in multiple lines in regions
of low recombination (, 2 cMMb21) (Fisher’s exact test P5 0), and
comparison of observed and expected site occupancy spectra reveals
an excess of singleton insertions (P5 0, Supplementary Fig. 5).

Adaptive fixation
We find substantial evidence for positive selection in autosomal non-
centromeric regions and the X chromosome (Fig. 2c and Supplemen-
tary Tables 15 and 17). We estimated a by aggregating all sites in each
region analysed to avoid underestimation by averaging across genes36

in comparisons of chromosomes, regions and site classes. We also
computed the direction of selection, DoS37, which is positive with
adaptive selection, zero under neutrality and negative when weakly
deleterious or newnearly neutralmutations are segregating. Estimates
of a from the standard and generalized MKT indicate that on average
25.2% of the fixed sites between D. melanogaster and D. yakuba are
adaptive, ranging from 30% in introns to 7% in UTR sites (Sup-
plementary Fig. 6). Estimates of DoS and a are negative for non-
synonymous and UTR sites in the autosomal centromeres, consistent
with underestimating the fraction of adaptive substitutions in regions
of low recombination because weakly deleterious or nearly neutral
mutations are more common than adaptive fixations. The majority of
adaptive fixation on autosomes occurs in non-centromeric regions
(Fig. 2c). We find over four times as many adaptive fixations on the X
chromosome relative to autosomes. The pattern holds for all site
classes, in particular non-synonymous sites and UTRs, as well as
individual genes, and is not solely due to the autosomal centromeric
effect (Supplementary Table 15 and Supplementary Figs 6 and 7).
Finally, when we consider DoS in recombination environments above
and below 2 cMMb21, we find greater adaptive propensity in genes
whose recombination context is$ 2 cMMb21 (Wilcoxon test, P5 0;
Supplementary Fig. 8).
To understand the global patterns of divergence and constraint

across functional classes of genes, we examined the distributions of
v (dN/dS, the ratio of non-synonymous to synonymous divergence)
and DoS across gene ontology (GO) categories. The 4.9% GO
categories with significantly elevated DoS include the biological
process categories of behaviour, developmental process involved
in reproduction, reproduction and ion transport (Supplementary
Table 18). Recombination context is the major determinant of vari-
ation in DoS (Supplementary Table 19) whereas GO category is as
important as recombinational context for predicting variation in v
(Supplementary Table 19).
GO categories enriched for positive DoS values differ from those

associated with high values ofv (Supplementary Table 18), indicating
that positive selection does not occur necessarily on genes with highv
values. If adaptive substitutions are common, high values of v reflect
the joint contributions of neutral and adaptive substitutions. Further,
equating high constraint (lowv) with functional importance overlooks
the functional role of adaptive changes15. Unlike v, DoS takes into
account the constraints inferred from the current polymorphism, dis-
tinguishing negative, neutral and adaptive selection.

Genome-wide genotype-phenotype associations
Wemeasured resistance to starvation stress, chill coma recovery time
and startle response38 in the DGRP. We found considerable genetic
variation for all traits, with high broad sense heritabilities. We also
found variation in sex dimorphism for starvation resistance and chill
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coma recovery with cross-sex genetic correlations significantly differ-
ent from unity (Supplementary Tables 20–22).
We performed genome-wide association analyses for these traits,

using the 2,490,165 SNPs and 77,756 microsatellites for which the
minor allele was represented in four or more lines, using single-locus
analyses pooled across sexes and separately for males and females. At
P, 1025 (P, 1026), we find 203 (32) SNPs and 2 (0) microsatellites
associated with starvation resistance; 90 (7) SNPs and 4 (2) micro-
satellites associated with startle response; and 235 (45) SNPs and 5 (3)
microsatellites associated with chill coma recovery time (Fig. 4a,
Supplementary Fig. 9 and Supplementary Tables 23 and 24). The
minor allele frequencies for most of the associated SNPs are low,
and there is an inverse relationship between effect sizes and minor
allele frequency (Supplementary Fig. 10).
The DGRP is a powerful tool for rapidly reducing the search space

for molecular variants affecting quantitative traits from the entire gen-
ome to candidate polymorphisms and genes. Althoughwe cannot infer
which of these polymorphisms are causal due to linkage disequilibrium
between SNPs in close physical proximity aswell as occasional spurious
long range linkage disequilibrium (Fig. 4a and Supplementary Fig. 9),
the candidate gene lists are likely to be enriched for causal variants. The
majority of associations are in computationally predicted genes or
genes with annotated functions not obviously associated with the three
traits. However, genes previously associated with startle response39

(Sema-1a and Eip75B) and starvation resistance40 (pnt) were identified
in this study; and a SNP in CG3213, previously identified in a
Drosophila obesity screen41, is associated with variation in starvation
resistance. Several genes associated with quantitative traits are rapidly
evolving (psq, Egfr; Supplementary Tables 17 and 23) or are plausible
candidates based on SNP or gene ontology annotations (Supplemen-
tary Table 23).

Predicting phenotypes from genotypes
We used regression models to predict trait phenotypes from SNP
genotypes and estimate the total variance explained by SNPs. The
latter cannot be done by summing the individual contributions of
the single marker effects because markers are not completely inde-
pendent, and estimates of effects of single markers are biased when
more than one locus affecting the trait segregates in the population.
We derived gene-centred multiple regression models to estimate the
effects of multiple SNPs simultaneously. In all cases 6–10 SNPs
explain from 51–72% of the phenotypic variance and 65–90% of the
genetic variance (Supplementary Tables 25 and 26 and Supplemen-
tary Figs 11–13). We also derived partial least square regression
models using all SNPs forwhich the singlemarker effectwas significant

at P, 1025. Thesemodels explain 72–85% of the phenotypic variance
(Fig. 4b, c and Supplementary Fig. 14).

Discussion
The DGRP lines, sequences, variant calls, phenotypes and web tools
for molecular population genomics and genome-wide association
analysis are publicly available (Table 1). The DGRP lines contain at
least 4,672,297 SNPs, 105,799 polymorphic microsatellites and 36,810
transposable elements, as well as insertion/deletion events and copy
number variants and are a valuable resource for understanding the
genetic architecture of quantitative traits of ecological and evolutionary
relevance as well as Drosophila models of human quantitative traits.
These novel mutations have survived the sieve of natural selection and
will enhance the functional annotation of the Drosophila genome,
complementing the Drosophila Gene Disruption Project42 and the
Drosophila modENCODE project43.
Genome-wide molecular population genetic analyses show that

patterns of polymorphism, but not divergence, differ by autosomal
chromosome region, and between theX chromosome and autosomes.
Polymorphism is lower in autosomal centromeric than non-
centromeric regions, but not for the X chromosome. We propose that
the correlation of polymorphism with recombination in regions
where recombination is, 2 cMMb21 is due to the reduced effective
population size in regions of low recombination8. Selection is less
efficient in regions of low recombination32, consistent with our obser-
vation that the fraction of strongly deleterious mutations and posi-
tively selected sites are reduced in these regions.
All molecular population genomic analyses support the ‘faster X’

hypothesis44. Relative to the autosomes, the X chromosome shows
lower polymorphism, faster rates of molecular evolution, a higher
percentage of gene regions undergoing adaptive evolution, a higher
fraction of strongly deleterious sites, and a lower level of weak negative
selection and relaxation of selection. New X-linked mutations are
directly exposed to selection each generation in hemizygous males,
and the X chromosome has greater recombination than autosomes44;
both of these factors could contribute to this observation.
Genome-wide association analyses of three fitness-related quant-

itative traits reveal hundreds of novel candidate genes, highlighting
our ignorance of the genetic basis of complex traits. Most variants
associated with the traits are at low frequency, and there is an inverse
relationship between frequency and effect. Given that low-frequency
alleles are likely to be deleterious for traits under directional or
stabilizing selection, these results are consistent with the mutation–
selection balance hypothesis1 for the maintenance of quantitative
genetic variation. Regression models incorporating significant SNPs
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explain most of the phenotypic variance of the traits, in contrast with
human association studies, where significant SNPs have tiny effects
and together explain a small fraction of the total phenotypic variance7.
If the genetic architecture of human complex traits is also dominated
by low-frequency causal alleles, we expect estimates of effect size
based on linkage disequilibrium with common variants to be strongly
biased downwards.
In the future, the full power ofDrosophila genetics can be applied to

validating marker-trait associations: mutations, RNA interference
constructs and quantitative trait loci mapping populations. The
DGRP is an ideal resource for systems genetics analyses of the rela-
tionship between molecular variation, causal molecular networks and
genetic variation for complex traits4,38,45, and will anchor evolutionary
studies in comparison with sequenced Drosophila species to assess to
what extent variation within a species corresponds to variation among
species.

METHODS SUMMARY
The full Methods are in the Supplementary Information. Information on sequen-
cing and bioinformatics includes methods for DNA isolation; library construc-
tion and genomic sequencing; sequence read alignment; SNP, microsatellite and
transposable element identification; genotypes for assurance of sample identity;
and Wolbachia detection. Methods for molecular population genomics analysis
include details of recombination estimates; diversity measures, linkage disequi-
librium and neutrality tests; software used for population genomic analysis; data
visualization (popDrowser); standard and generalized McDonald–Kreitman
tests, statistical analysis methods; quality assessment and data filtering; and gene
ontology analyses. Methods for quantitative genetic analyses include phenotype
measures, quantitative genetic analyses of phenotypes, statistical analyses of
genotype–phenotype associations and predictive models, and a web-based asso-
ciation analysis pipeline.
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Abstract 

Species of the genus Mycobacterium differ in several features, from geographic ranges, 

and degree of pathogenicity, to ecological and host preferences. The recent availability of 

several fully sequenced genomes for a number of these species enabled the comparative 

study of the genetic determinants of this wide lifestyle diversity. Here, we applied two 

complementary phylogenetic-based approaches using information from 19 

Mycobacterium genomes to obtain a more comprehensive view the evolution of this 

genus. First, we inferred the phylogenetic relationships using two new approaches, one 

based on amino acid substitutions but using a specific matrix for Mycobacterium, and the 

other based on a gene content dissimilarity matrix. We then, utilized our recently 

developed gain-and-death stochastic models to study gene turnover dynamics in this 

genus in a maximum likelihood framework. We uncovered a scenario that differs 

markedly from traditional 16S rRNA data and improves upon recent phylogenomic 

approaches. We also found that the rates of gene gain and death are high and unevenly 

distributed both across species and gene families, further supporting the utility of the new 

models of rate heterogeneity applied in a phylogenetic context. Finally, our Gene 

Ontology overrepresentation analysis among the most expanded or contracted gene 

families revealed that transposable elements and fatty acid metabolism-related gene 

families are likely the most important drivers of Mycobacterium genus diversification. 

 

Keywords: Gene turnover rates, Gene gain-and-loss, Gene families, Maximum 

Likelihood, Rate heterogeneity, M. tuberculosis
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Introduction 

The genus Mycobacterium represents a large group of approx. 120-170 ecologically 

diverse type strains (American Type Culture Collection, http://www.atcc.org; Leibniz 

Institute DSMZ-German Collection of Microorganisms and Cell Cultures, 

http://www.dsmz.de; StrainInfo, http://www.straininfo.net/taxa/1059) that include both 

animal-adapted and free-living taxa. Although most of these species are ubiquitous 

environmental saprophytes, around one-third are pathogenic to vertebrates (Howard and 

Byrd 2000). These include members of the M. tuberculosis complex (MTBC), like 

Mycobacterium tuberculosis (the etiologic agent of tuberculosis and the major cause of 

death in AIDS patients worldwide) (Raviglione, et al. 1995), M. bovis (causes 

tuberculosis in cattle and other mammals) (O'Reilly and Daborn 1995; Une and Mori 

2007) or M. africanum (infects humans specifically in West Africa) (de Jong, et al. 2010), 

as well as M. leprae (the causative agent of leprosy) (Sasaki, et al. 2001), M. ulcerans 

(responsible for the Buruli ulcer) (van der Werf, et al. 1999) or the M. avium complex 

(MAC), consisting of M. avium (opportunistic human pathogen) and M. avium ssp. 

paratuberculosis (causes Johne’s disease in ruminants; see Johne’s Information Center, 

University of Wisconsin, at http://www.johnesdisease.org and http://www.johnes.org), 

among others. 

 

In recent years, there has been an emergence of tools and techniques for the rapid 

characterization of complete microbial genomes (Comas, et al. 2010; MacLean, et al. 

2009). At present, we are able to exploit the powerful analytical methods of molecular 

evolution and population genomics to determine the relative contribution of the different 
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evolutionary forces that shape mycobacterial genome organization, structure and 

diversity. These methods offer the exceptional opportunity to explore the genetic and 

genomic determinants of pathogenesis, virulence, or lifestyle diversity in bacteria. 

Moreover, such analyses not only contribute to a better understanding of the biology of 

these species but also improve the diagnosis of mycobacterial diseases and the 

development of new strategies to identify potential drug targets and vaccine candidates. 

 

The mutational events underlying gene and genome evolution are varied, ranging from 

nucleotide substitutions, to gene gains and losses, or changes in genomic structure and 

organization. Comparative genomic studies in the Mycobacterium genus have uncovered 

a genomic evolution characterized by frequent and unevenly distributed gene gain and 

loss events, being some of them associated with pathogenesis and virulence. 

Nevertheless, these studies applied either simple pairwise comparisons of genomic 

features (Gomez-Valero, et al. 2007), or used the gene tree and species tree reconciliation 

approach under a parsimony context (McGuire, et al. 2012). Therefore, the use of full 

probabilistic approaches that explicitly take heterogeneity into account (both across gene 

families and lineages) can, not only provide robust parameter estimates (gene turnover 

rates, ancestral gene content, number of gene gains and loss events, etc.), but also provide 

a rigorous statistical framework to contrast different biologically realistic scenarios. 

Nevertheless, the performance of maximum likelihood (ML) approaches in a 

phylogenetic context is highly dependent on the accuracy of the underlying species tree. 

When the tree is not simultaneously co-estimated, the analysis should be performed 

applying the most accurate topology and branch lengths. In recent years a number of 
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phylogenomic analyses have studied the phylogenetic relationships on the genus 

Mycobacterium (McGuire, et al. 2012; Prasanna and Mehra 2013; Smith, et al. 2012; 

Vishnoi, et al. 2010). However, these results do not agree on a single evolutionary history 

for the diversification of the genus, showing differences both in topology and branch 

lengths. 

Here, we have estimated the phylogenetic relationships of the genus using two new 

approaches. One based on a Mycobacterium specific amino acid substitution matrix 

inferred from the proteome alignment of 19 genomes, and the other based on gene 

content dissimilarity built using the mutually exclusive genes among genomes. Taking 

advantage of this, we performed an exhaustive study of the gain and death dynamics, 

with special focus on gene turnover rate heterogeneity both across lineages and among 

families. The results uncover an evolutionary scenario that differs, to some extent, from 

most previously published molecular systematics studies, although it is in agreement with 

those who advocate the position of M. leprae as a sister taxon to the MTBC. We also 

show that mycobacterial evolution has been dominated by a high gene gain-and-loss 

dynamic with strong heterogeneity across lineages and gene families, especially for those 

families involved in transposition and fatty acid biosynthesis. 
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Methods

Mycobacterial Genomes and Orthologous Gene Identification 

We retrieved the genome sequences of several Mycobacterium species publicly available 

on the Integr8 database (Kersey, et al. 2005) (Supplementary Table S1, Supplementary 

Material online), including their protein sequences and corresponding pairwise 

orthologous relationships. We included at least two strains per species of M. tuberculosis, 

M. bovis and M. leprae, which resulted in a total of 19 strains examined in this study: M. 

tuberculosis H37Rv; M. tuberculosis H37Ra; M. tuberculosis CDC1551; M. bovis 

BCG/Tokyo 172; M. bovis BCG/Pasteur 1173P2; M. bovis AF2122197; M. leprae TN; M. 

leprae Br4923; M. marinum M; M. ulcerans Agy99; M. avium 104; M. paratuberculosis 

K-10; M. sp. JLS; M. sp. KMS; M. sp. MCS; M. vanbaaleni PYR-1; M. gilvum PYR-

GCK; M. smegmatis MC2 155; and M. abscessus ATCC 19977. To identify groups of 

orthologous sequences, we clustered the pairwise orthologous relationships using a 

Markov Clustering Algorithm (MCL) (Enright, et al. 2002) with an inflation value = 1.50. 

 

Estimation of Substitution Matrices 

The multiple sequence alignment (MSA) for each group of 1:1 orthologous protein 

sequences (one single gene copy per species; dataset Myc19, Supplementary Table S1) 

was built with MAFFT 6.603b using the L-INSi algorithm (--localpair --maxiterate 

1000) (Katoh, et al. 2005). The MSA of the corresponding coding sequence (CDS) was 

performed according to a previous study (Vieira, et al. 2007) by back-translating the 

amino acid alignment using in-house developed Perl scripts. 
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The general time-reversible (GTR or REV) amino acid substitution matrix (Lanave, et al. 

1984) of the 19-proteome alignment of 1:1 orthologs was independently estimated using 

a ML approach so that the time-reversibility condition fiqij = fjqji was satisfied, where f is 

the amino acid equilibrium frequency and q is the exchangeability rate. A tree topology 

was estimated in the fine-grained parallel POSIX-threads build of RAxML 7-8 

(Stamatakis 2006; Stamatakis and Ott 2008) by first using a stepwise-addition maximum 

parsimony starting tree; subsequently, a ML subtree-pruning-regrafting tree search was 

performed with the WAG amino acid substitution matrix (Whelan and Goldman 2001) 

(10 searches). This tree and the WAG matrix were used as a fixed topology and an initial 

set of substitution rates, respectively, for GTR matrix optimization in the codeml program 

of the PAML 4.3 package (Yang 2007). 

 

Phylogenetic Analysis 

The phylogenetic relationships among mycobacterial proteomes were estimated using the 

ML approach in RAxML, the newly generated GTR matrix (hereafter referred to as MYC 

for this specific amino acid dataset) and by accounting for among-site substitution rate 

heterogeneity by means of a discrete gamma distribution with four rate categories (�4) 

(Yang 1994). Node support was evaluated with 500 bootstrap pseudo-replicates 

(Felsenstein 1985). To assess the fit of static replacement matrices commonly used for 

bacterial genomes, we performed the phylogenetic reconstruction in RAxML using the 

WAG, JTT (Jones, et al. 1992), and LG (Le and Gascuel 2008), including the �4 model 

with observed amino acid frequencies (+F). The impact of substitution model choice in 

phylogenetic inference was quantified by comparing their log-likelihood. A partitioned 
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phylogenetic analysis was also carried out in RAxML by using the same substitution 

matrix across partitions while unlinking the amino acid frequencies, rate heterogeneity 

(different � distribution � shape parameter), and branch lengths (constrained to be 

proportional to the final best ML tree). We also inferred the ML phylogenetic tree of the 

19 strains from 16S rRNA sequences in RAxML, mined from the genome assemblies of 

the examined taxa and aligned with MAFFT using the L-INSi algorithm. 

 

In order to explore the putative topological discordance among trees of individual loci, 

we built ML trees for every set of 1:1 protein orthologs and subsequently constructed a 

consensus network (Holland, et al. 2004) in SplitsTree 4.13.1 (Huson and Bryant 2006) 

with edge weights reflecting the number of trees containing that edge and a threshold of 

10%, meaning that the splits used to build that consensus network existed in at least 10% 

of the individual trees. We used our estimated MYC amino acid substitution matrix along 

with empirical amino acid frequencies calculated from every protein alignment. 

Individual orthologous protein tree support (PTS) was quantified by filtering the 

phylogenomic ML tree through the swarm of 1,011 individual protein trees. Tree-to-tree 

distances were estimated using the Robinson-Foulds metric (Robinson and Foulds 1981), 

as implemented in RAxML. Random unrooted trees (n = 5000) for 19 taxa were 

simulated in T-REX (Boc, et al. 2012). 

 

Gene Content Dissimilarity 

We used gene content dissimilarity to generate a distance-based phylogenetic tree. The 

proportion of mutually exclusive genes between taxa a and b is given by 
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 dab=
Eab

T ab
,  

where Eab is the total number of genes exclusive to taxa a and b, and Tab is the total 

number of genes of these taxa. Operationally, we compute Eab as Eab =Ta +T b� 2Sab  and 

Tab as T ab=T a +Tb� Sab , where Ta, Tb, and Sab are the total number of genes in taxon a, 

in taxon b, and the number of shared genes between these taxa, respectively. We clustered 

taxa based on their dab pairwise distances using a modified neighbor-joining algorithm, 

BioNJ (Gascuel 1997). Bootstrap analysis was performed by randomly sampling (with 

replacement) the gene families from the original data set. Node support values were 

calculated using SumTrees (Sukumaran and Holder 2010) from 500 bootstrap replicates. 

 

Gene Family Evolution 

We estimated the gene turnover rates with the ML method implemented in BadiRate v1.5 

(Librado, et al. 2012). We used the Gain-and-Death (GD) stochastic model to estimate 

gain (�) and death (�) rates; this model is specifically suitable for the analysis of gene 

family evolution with high gene turnover rates or putative horizontal gene transfer 

(HGT). The analysis was conditioned on the rooted ultrametric tree (by using the M. 

abscessus lineage as ancestor of all other Mycobacterium species), derived from our 

estimated phylogenomic ML tree (Figure 1). We fitted four different branch models to our 

data (Myc18 dataset, Supplementary Table S1, Supplementary Material online): (i) a 

global rates (GD-GR-ML) model, where both the gain and death turnover rates are 

constant over time; (ii) a free-rates (GD-FR-ML) model that assumes separate GD rates 

for each branch; (iii) a pathogen-specific rates model (GD-PR-ML), which allows for two 
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branch classes (one for pathogenic and another for non-pathogenic lineages); and, finally, 

(iv) the PR model (GD-PRl-ML) in which the branch leading to the M. leprae clade has 

its own GD rates. In addition, we also fitted a free rates (FR) model that takes into 

account GD heterogeneity across gene families using two discrete � distributions with 

two categories (GD -FR-ML+dG2). The goodness of fit of these models was assessed 

using likelihood-ratio tests (LRT) and the Akaike Information Criterion (AIC) (Akaike 

1974). We used the best-fit branch model to estimate the ancestral gene content of each 

family and the � and � rates. We examined the function of the families with significantly 

high or low turnover rates using gene ontology (GO) term enrichment analysis as 

implemented in Ontologizer 2.0.
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Results

Amino acid-based Phylogenetic Tree 

The ML phylogenetic tree of the 19 mycobacteria was estimated using information of 

1,011 1:1 orthologs (364,491 amino acids; Figure 1) and our estimated MYC-GTR amino 

acid substitution matrix (Supplementary Figure S1, Supplementary Material online). 

Overall, it is in concordance with the major relationships known for this genus (Tortoli 

2003): MTBC is sister to M. leprae with close affinities to M. marinum and M. ulcerans, 

and the two M. avium strains follow in a ladderized tree order. A sister clade to all the 

above comprises the rapid-growing, non-pathogenic mycobacteria M. vanbaalenii, M. 

gilvum and M. smegmatis, as well as the free-living environmental strains. 

 

These relationships are markedly different from those obtained on the 16S rRNA gene 

phylogeny (Supplementary Figure S2, Supplementary Material online). Although 16S 

rRNA supports the monophyly of slow and rapid growers at 82% and 100%, it provides 

weak to moderate bootstrap support for mid-depth nodes, like the monophyletic M. 

leprae+M. avium clade, and the MTBC+(M. leprae+M. avium) relationship (<66%). 

Similarly, low levels of support are evident for the placement of M. smegmatis, M. 

vanbaaleni, and M. gilvum (52-65%). Copy number variation for this gene has been 

reported at both the intraspecific (Acinas, et al. 2004) and interspecific (Vetrovsky and 

Baldrian 2013) levels. Here, we found slow growers to harbor a single 16S rRNA gene 

copy, while rapid growers contained two copies that were physically separated by well 

over 1 Mb of their assembled genomes. Copies were mostly identical within species with 

the exception of M. vanbaalenii and the free-living soil strains JLS, KMS, and MCS 
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(Supplementary Figure S2, Supplementary Material online). However, using one vs. both 

16S rRNA gene copies did not impact phylogenetic inference or node stability, with the 

sole exception of the free-living strains that formed paraphyletic assemblages within their 

clade, due to extreme sequence conservation in that lineage. 

 

Because the amino acid substitution matrix can also impact the phylogenetic inference 

(Le and Gascuel 2008), we estimated the specific amino acid replacement matrix for the 

19 Mycobacterium proteome dataset (MYC matrix; Supplementary Figure S1, 

Supplementary Material online). The specific MYC matrix has important differences with 

respect to the WAG matrix, both in amino acid equilibrium frequencies and replacement 

rates. Indeed, the MYC matrix has a higher frequency of Ala, Arg, Cys, and Val and a 

lower frequency of Asn, Ile, Lys, Phe, Ser, and Tyr. Most exchangeability rates are highly 

correlated between MYC and WAG, and most differences were owed to radical changes 

that were more frequent in MYC. Yet, the trees that were built using MYC, WAG, LG 

and JTT exhibit identical topologies, although the MYC-based tree has a better fit to the 

data (likelihood scores: -2,947,171 for MYC vs. -2,960,115 for LG+F, -2,966,562 for 

JTT+F, -2,962,299 for WAG+F). Partitioning the alignment into 1,011 loci yielded an 

even better likelihood score of -2,937,575. 

Internal edges on the consensus network of 1,011 protein ML trees showed reticulation, 

thus indicating disagreement among splits (Supplementary Figure S2B, Supplementary 

Material online). Although the overall phylogenetic structure of the network is similar to 

that of the phylogenomic ML tree with terminal nodes being generally supported by the 

vast majority of protein trees, there seems to be localized incongruence (Supplementary 
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Figure S2A, Supplementary Material online). Specifically, for up to a 25% threshold of 

splits reticulation this incongruence is still apparent, thus providing uncertainty on the 

bifurcating relationships among the MTBC and M. leprae (PTS = 264), while 366 protein 

trees support an M. marinum+M. ulcerans–MTBC relationship, and 253 trees favor an M. 

leprae–M. avium relationship. Similarly, a reticulation remains among the free-living 

strain group, M. gilvum+M. vanbaalenii, and M. smegmatis with the two alternative 

groupings being equally supported by orthologs (PTS = 310 for MCS-KMS-JLS–M. 

gilvum+M. vanbaalenii, and PTS = 296 for M. smegmatis–MCS-KMS-JLS). Once our 

threshold became more stringent, i.e. 30%, the reticulations disappeared and a bifurcating 

topology emerged. Interestingly, this topology differs from the phylogenomic one, as 366 

trees favor an MTBC–M. marinum+M. ulcerans grouping. This indicates that the 

individual trees causing topological conflict express the history of a minority. Overall, 

bipartition conflict was variable with only 12 out of 510,555 total pairwise protein tree 

comparisons exhibiting no disagreement, and, on the other end of the conflict spectrum, 

997 comparisons with trees differing at every split. 

These tree support levels are also noticeable when we contrasted the phylogenomic tree 

to all gene trees (Supplementary Figure S2A, Supplementary Material online), however 

this method of tree agreement quantification does not report the alternative splits that are 

in conflict with the reference – in this case the phylogenomic topology. In order to 

harvest information on the alternative splits, e.g. second and third most prevalent, 

consensus network approaches are needed. In spite of the topological conflict among 

protein trees and between the phylogenomic tree and protein trees, the orthologs 

examined here appear to have related genealogical histories overall, as indicated by the 
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low average relative Robinson-Foulds (RF) distance of 0.46 (i.e. any two protein trees 

differed by 14.80 ± 3.25 out of 32 splits on average) compared to the RF distance 

of 0.989 calculated from 5000 simulated random 19-taxon trees.  

Gene content dissimilarity-based tree 

The evolutionary dynamics of gene gain and loss and amino acid replacements in 

orthologous genes can reflect different aspects of genome evolution, especially in the 

case of mycobacteria. The number of identifiable 1:1 orthologs when considering the 19 

genomes is very low (an effect enlarged by the inclusion of a genome with a radically 

different number of genes, as M. leprae), revealing the importance of gene turnover in 

these species. Then, the information based on the amino acid replacements among 

orthologs may provide only a partial view of the evolution of the genus. To explore the 

effect of gene content on the phylogenetic relationships among mycobacteria, we devised 

a method to capture gene content dissimilarity as a distance measure (see Methods). 

Interestingly, gene content-based analysis (Figure 2), which makes use of a different type 

of genetic information, recapitulates the same topology that the ML phylogenomic 

protein sequence analysis based on our newly estimated MYC amino acid replacement 

matrix, except for the MTBC strains. In fact, the analysis showed an increased resolution 

between close relationships, especially among the strains of this complex. In particular, 

the H37Rv genome exhibited the highest gene content dissimilarity with respect to the 

other members of the clade, and the analysis uncovered a ladder-like array of 

relationships that correlates with the total number of genes as well as corroborates the 

emergence of M. bovis out of M. tuberculosis (with a 98% of bootstrap support for this 

node) (Smith, et al. 2006). M. bovis strains are in fact more closely related to the virulent 
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H37Rv than to other M. tuberculosis strains (100% of bootstrap support). As expected the 

gene content-based tree clearly reflects the massive gene loss in the two M. leprae strains, 

which are a very special case (with only 1,603 and 1,599 genes). Moreover, the 

comparison of gene number between M. tuberculosis (3,949) and M. leprae (1,605) genes 

along with their respective genome sizes (4.40 and 3.27 Mb, respectively) indicates a 

marked discrepancy between genome and gene content dynamics (�2 test; P = 2.20 x 10-

16), showing that mycobacterial taxa with a similar total number of genes may harbor 

strikingly different gene repertoires. 

 

Gene Gain and Loss Dynamics in the Evolution of Mycobacteria 

To gain insights into the major evolutionary mechanisms that act on mycobacterial 

evolution, we analyzed the distribution of gene gains and losses within a phylogenetic 

context using the statistical framework provided by BadiRate (Librado, et al. 2012). We 

fixed the tree topology to the inferred under our newly estimated MYC matrix and 

estimated the GD rates, as well as, the number of genes in each internal phylogenetic 

node. Strikingly, the GD turnover rates were not only extremely high but also unevenly 

distributed among lineages (after excluding unreliable estimates of short branches, the 

gain rates ranged from 0 to 1.07 gene gains/substitution, with death rates from 6.00 x 10-3 

to 4.01 losses/gene/substitution; the highest death rate corresponding to M. leprae). In 

fact, the statistical comparison among the four branch-based assessments showed that 

GD-FR-ML is the model that best fits the observed gene content data (Table 1; 

Supplementary Figure S3, Supplementary Material online). The mere separation between 

pathogenic and non-pathogenic evolutionary dynamics (GD-PR-ML model) does not 
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sufficiently explain the high GD rates exhibited by these genomes, even after accounting 

for the singularities of the M. leprae lineage (GD-PRl-ML model). The branches of the 

MTBC clade also show very different GD rates relative to both M. leprae lineages and to 

the rest of the pathogenic group branches. 

 

To understand the biological meaning of such high gene turnover rates, we analyzed the 

putative heterogeneity of GD rates across gene families. We calculated the likelihood of 

the data under a model that takes into account rate heterogeneity both across lineages and 

gene families (GD-FR-ML+dG2), which fitted the observed data significantly better than 

the FR model (�AIC = 2,158.13). Interestingly, the estimates of the shape parameters of 

the discrete Gamma distribution used to model rate heterogeneity among families ("gain = 

0.08, "death = 0.99) indicate that gain and death processes are also heterogeneously 

distributed (Figure 4). 

 

Combining phylogenomic and gene gain-and-loss information, we estimated that the 

most recent common ancestor (MRCA) of the MTB clade likely had an intermediate 

number of genes (3,053) than previously predicted (2,977) (Gomez-Valero, et al. 2007) 

(3,901) (McGuire, et al. 2012). Our analysis demonstrates that despite sharing a very 

similar number of genes (especially for closely related species and subspecific strains), 

the species-specific gene repertoire is very different; for instance, the genomes of M. 

ulcerans and M. tuberculosis, harboring 4,206 and 3,990 genes, respectively, only share 

approximately half (48.30%) of their genes. Results also show a global trend of gene 

number increases across the diversification of the Mycobacterium taxa (Figure 3). Indeed, 
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when excluding both M. leprae and short (likely unreliable) branches, no lineage exhibits 

a clear net reduction in gene content. Remarkably, the non-pathogenic Mycobacterium 

lineages appear to have gained many more genes than pathogenic and this effect is not 

explained by large expansions in specific branches, but rather equally observed in both 

internal and external branches of this clade. 

 

To gain insight into the functional meaning of such high gene turnover rates, we analyzed 

the overrepresented GO categories among outlier families (i.e., families with rates that 

depart significantly from the estimated GD process). Given the best-fit model (GD-FR-

ML+dG2), we found outliers in 15 of the 34 lineages (Supplementary Table S2, 

Supplementary Material online), in both internal and external branches. Notably, most of 

the outlier gene families (33) displayed gain rates that were significantly higher than 

expected (on a given phylogenetic branch), whereas only one was significantly 

contracted. Specific GO categories (for biological processes) were found to be 

statistically overrepresented in 6 of the 34 analyzed branches (Figure 3), with 

transposition/DNA recombination and fatty acid biosynthesis being the most frequent GO 

term (found in 2 lineages each). This result points to transposable elements and fatty acid 

metabolism as the most important determinants of high gene turnover rates in 

mycobacteria. 

 

Interestingly, some of the above mentioned outlier gene families with overrepresented 

GO terms have been previously related to virulence in these bacteria (Figure 3) 

(Forrellad, et al. 2013). In particular, gene families that encode important integral 
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membrane components of the cell wall (NanT) (Ioerger, et al. 2013), polyketide synthases 

(Pks) (Li, et al. 2010) and enzymes responsible for the assembly of mycobactin (Mbt) 

(Quadri, et al. 1998) displayed higher than expected gain rates in three of the pathogenic 

lineages. Among outlier families without significantly overrepresented GO terms (or with 

overrepresented terms of molecular function or cellular component), some PE/PPE- and 

mmpL-related genes (Domenech, et al. 2005; Mukhopadhyay and Balaji 2011) exhibited 

higher gain rates in M. marinum. On the other hand, a family of genes related to fatty acid 

hydrolases (Mmcs1433), some endonucleases (genes related to Mvan0273), haloacetate 

dehalogenases (genes related to Msmeg1984 and Msmeg2340) and hydrolases (genes 

related to Mmar2844) were outliers of gain rates in some lineages of the non-pathogenic 

clade.
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Discussion  

Our comparative genomic analysis of mycobacteria improves upon the knowledge 

provided by previous studies that have focused on this group. First, we have estimated a 

specific amino acid replacement matrix (MYC) and obtained a more robust phylogeny, 

which is critical to the study of gene content and gene family turnover rates in a 

phylogenetic context. Second, we applied, for the first time, stochastic models of gene 

gain and death to the study of mycobacteria genome evolution under a ML framework; 

this approach provides a sound probabilistic framework to contrast different evolutionary 

scenarios and to separately estimate gene gain and loss rates as well as ancestral gene 

content. 

Phylogenetic Relationships 

Our phylogenomic framework not only allows for the proposal of a robust evolutionary 

scenario for the diversification of mycobacteria, but also provides a trustworthy tree for 

subsequent phylogenetic analyses. In our ML tree, the different strains of M. tuberculosis 

and M. bovis form a single, well-defined clade, and pathogenic and non-pathogenic 

lineages are clearly separated. Nevertheless, both under a partitioned and an unpartitioned 

scheme, we uncovered some important topological differences with respect to most of the 

relationships published for this genus (Smith, et al. 2012), specially the position of non-

MTBC species (M. marinum, M. ulcerans and M. avium) and of some non-pathogenic 

species. These topological differences seem to be data-driven, since our 16S rRNA ML 

tree (Supplementary Figure S2, Supplementary Material online) recovered a different 

topology. This locus has been considered as a “gold standard” for bacterial molecular 
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systematics (Janda and Abbott 2007) since the days of DNA-DNA hybridization, but in 

spite of its functional and sequence conservation, it is now apparent that in the case of 

Mycobacterium as a genus, it does not reflect genome-level evolution. Four main 

topological differences emerged from the comparison of our ML tree and the 16S rRNA 

tree: (1) the separation of the leprae-avium clade (sister to MTBC) and the placement of 

the avium clade basal to all other slow growers; (2) the transfer of the marinum-ulcerans 

clade from a sister relationship with M. leprae to a more basal position outside the M. 

leprae-MTBC clade; (3) M. smegmatis was repositioned from sister taxon of the free-

living soil strains to the base of the rapid growers; (4) M. gilvum and M. vanbaalenii were 

pulled together in a well-supported clade sister to the soil strains.  Our ML model-based 

approach also differs from Vishnoi, et al. (2010) in the placement of M. leprae and the 

non-MTBC pathogenic species and from McGuire, et al. (2012) in the phylogenetic 

relationships between M. smegmatis and the rest of non-pathogenic mycobacteria. The 

choice of amino acid substitution model did not impact topology inference, but our 

estimated MYC GTR model yielded a better likelihood score. Interestingly, our 

phylogenomic tree was not fully supported by the individual orthologs. Not unlike other 

studies spanning a variety of organisms from fungi to vertebrates (Gatesy and Baker 

2005; Salichos and Rokas 2013), we found orthologs exhibiting a conflicting 

phylogenetic history when compared to one another as well as to the concatenated 

proteome phylogenomic tree. While shallow nodes are supported by the vast majority of 

orthologs, deeper alternative groupings emerge when individual locus trees are 

contrasted. Concatenation produced a fully bootstrap-supported phylogeny at the 

interspecific level, while masking individual tree-to-tree disagreement that was made 
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evident by adopting a network approach that enabled us to examine alternate groupings 

on a reticulated topology. Reasons for such incongruity include stochasticity, e.g. 

incomplete lineage sorting, varying sequence convergence levels, lack of phylogenetic 

informativeness, recombination, as well as horizontal gene transfer. By combining 

concatenation with locus-specific phylogenetic methods we were able to propose a robust 

total-evidence evolutionary scenario, while dissecting contradictory evolutionary signals 

at the gene level. 

Gene Content-based analysis 

Although they are highly conserved at the sequence level throughout the genus, the 

number identifiable 1:1 orthologs in Mycobacterium taxa is very low. This pattern reflects 

the major impact of gene content changes, rather than amino acid substitutions, in 

genome evolution. This is especially true for the MTBC, where our gene-content 

phylogeny provides much higher resolution than the amino acid substitution matrix-based 

approach. Here, our analysis clearly supports (with high bootstrap support values) the 

origin of the M. bovis strains from a M. tuberculosis-like ancestor, being the H37Rv 

genome as the closest relative in terms of gene content. The topology for the rest of the 

genus is identical to the ML tree, confirming the inferences from our phylogenomic 

analysis and supporting our topology in contrast to the inferred in other studies (McGuire, 

et al. 2012; Vishnoi, et al. 2010).  

Gain-and-Death Dynamics 
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To study in more detail the gene dynamics across the genus, we applied a full likelihood 

method to study Mycobacterium genome evolution. The applied models not only allow 

for the decoupled estimation of gene gain and death rates (i.e., as two independently 

estimated parameters, � and �) but also explicitly take into account key features of the 

evolution of Mycobacterium species, such as horizontal gene transfer (i.e., gain rates that 

include new copies that originated from 0 ancestral genes) and, more importantly, the 

heterogeneity of GD rates across lineages and gene families. The use of these ML-based 

models allows for the statistical evaluation of competing evolutionary scenarios and the 

selection of the one that best explains observed gene dynamics. 

In this study, we demonstrate that Mycobacterium species show high gene turnover rates 

that differ markedly across lineages and families (GD-FR-ML+dG2 is the best fit model) 

and not merely between pathogenic and non-pathogenic lineages, like several previous 

studies assumed in their analyses (McGuire, et al. 2012; Prasanna and Mehra 2013). 

Clearly, ignoring these rate heterogeneities can greatly bias estimates and the 

identification of particular outlier lineages and families, especially when using 

parsimony-based approaches. We found that our ML estimates of the number of genes at 

the ancestral nodes clearly differ with respect to that found by a previous study (McGuire, 

et al. 2012), which were based on a gene trees species tree reconciliation method 

implemented in the SYNERGY algorithm (Wapinski, et al. 2007). These strong 

differences can likely be explained by the use of a more realistic (and complex) model 

under a solid statistical framework. We cannot rule out the possibility, however, that the 

previously reported low phylogenetic coverage of non-mycobacteria Actinobacteria 

(McGuire, et al. 2012) could also have a significant influence on their results.  
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The analysis of gene families with extreme GD rates may also be sensitive to the model 

assumed. In fact, the number of genes of a particular can differ between species simply 

by the stochastic turnover process, i.e., without significant rate changes. Therefore, the 

mere comparison of family sizes is not sufficient to detect important family expansions or 

contractions. Our methodology, however, allows for the detection of these outliers within 

the estimated gain-and-death stochastic background. In fact, we have been able to 

identify specific lineages in which the gain or loss of gene family members might have 

significant biological relevance. Noticeably, we found manifest differences between 

pathogenic and non-pathogenic lineages, with the latter presenting outlier families related 

to pathogenesis in M. tuberculosis. It has been documented that variations in the proteins 

and lipids that form the cell wall are major determinants of virulence in the MTBC 

(Forrellad, et al. 2013; Reddy, et al. 2013; Sonawane, et al. 2012). These virulence factors 

serve as targets for antimicrobial drug development (North, et al. 2013; Tomioka, et al. 

2011; Wang, et al. 2013). Here, we found that the most important gene gains in fatty acid 

and siderophore biosynthesis (Campbell and Cronan 2001; Rodriguez 2006) and 

carbohydrate membrane transport (Niederweis 2008; Titgemeyer, et al. 2007) likely took 

place in the ancestral lineage that led to the pathogenic clade, after the split of M. 

marinum and M. ulcerans. Despite their close phylogenetic relationship, the two branches 

connecting M. marinum and M. ulcerans had accumulated gene families with 

unexpectedly high gene dynamism. Some of these gene families likely contributed to the 

important phenotypic differences that are observed between these two species (Stinear, et 

al. 2008; Yip, et al. 2007). The most dynamic gene families in non-pathogenic strains are 

enzymes (e.g. metal-dependent hydrolases, haloacetate dehalogenases, endonucleases, 
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isopentenyl pyrophosphate isomerases) and transcriptional regulator encoding families. 

These results suggest that the diversification and adaptation of non-pathogenic 

mycobacteria to their different life-styles may have been promoted by changes in some of 

these gene families. 
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Table list

TABLE 1. Results of the branch models of gene turnover fitted to the gene families 

present in the genus Mycobacterium.
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Figure Legends

FIG. 1. Maximum likelihood phylogenetic reconstruction of the relationships among 

the 19 Mycobacterium taxa inferred from 1011 1:1 orthologous protein sequences. 

Phylogenomic tree based on the MYC substitution matrix estimated from the 

concatenation of 1,011 mycobacterial orthologs. Each ortholog partition was allowed to 

evolve under a different �4 model of among-site rate heterogeneity and its individual 

observed amino acid frequencies. All nodes received 100% bootstrap support. Red and 

green bars indicate pathogenic and non-pathogenic mycobacteria, respectively, while 

yellow and blue bars denote slow and rapid growth species, respectively. 

FIG. 2. Gene content differences among 19 mycobacterial genomes. The upper 

diagonal matrix contains the number of genes shared between pairs of genomes, while the 

lower diagonal shows gene content similarities. The neighbor joining phylogram on the 

left clusters mycobacterial taxa by gene content dissimilarity. All nodes received 100% 

bootstrap support except for those denoted on the tree. 

FIG. 3. Gain and death events under the best-fit model (GD-FR-ML+dG2). Numbers 

in internal nodes indicate the number of ancestral genes. Numbers on the branches denote 

the minimum gain (blue) and loss (red) events estimated from the data. Green, yellow, 

orange, and purple branches indicate the lineages where the outlier families (GD rates) 

are enriched in the biological processes of carbohydrate transmembrane transport, 

transposition, fatty acid biosynthesis, and the siderophore biosynthetic process, 
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respectively. 

 

FIG. 4. Gain (blue) and death (red) rates of each lineage and each family category 

under the GD-FR-ML+dG2 model. 
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Supplementary Tables

TABLE S1. Datasets used for the analyses. 

 

TABLE S2. Lineage-specific distribution of outlier families (GD rates) after fitting the 

GD-FR-ML+dG2 model (one representative of each family). 
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Supplementary Figures 

FIG. S1. Properties of the GTR MYC amino acid substitution matrix and 

comparison with other matrices. (A) Bubble plot of the exchangeability rate differences 

between the WAG (blue) and MYC (red) amino acid substitution matrices. (B) 

Comparison of amino acid frequencies among different matrices (MYC, WAG, LG, JTT). 

 

FIG. S2. Phylogenetic conflict among the concatenated proteome, 16S rRNA gene, 

and 1011 orthologous protein trees. (A) Topological differences between the 

phylogenetic reconstruction based on proteomes and the commonly used bacterial marker 

locus 16S rRNA. Values at the nodes indicate the bootstrap support values expressed as 

the proportion (%) of bootstrap trees that agree with a given bipartition on the best ML 

tree. Values in dark boxes indicate the number of orthologous protein trees that agree with 

a given bipartition on the best ML tree. M. abscessus, which can cause sporadic lung 

disease, was used as the outgroup. (B) Consensus network built with the 1,011 individual 

ML amino acid-based trees with a 10% threshold. Scale bar expresses the number of trees 

containing a given split.  

FIG. S3. Number of genes estimated in ancestral nodes under the four branch-

specific gain and death rate models. GD-GR-ML, global rates model; GD-PR-ML, 

pathogenic lineage-specific rates model; GD-PRl-ML, GD-PR-ML model + M. leprae 

specific rates model; GD-FR-ML, free rates model. 
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