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Resumen

La fermentacidn obscura es un proceso donde una comunidad microbiana convierte materia
organica en biogas rico en hidrdégeno. Esta tecnologia tiene un gran potencial para la biorremediacién
de aguas residuales y la disminucién del uso de combustibles fésiles y ha recibido mucha atencién
debido a las cualidades del hidrégeno como combustible limpio y eficiente. Sin embargo, el proceso
enfrenta algunos retos como la inestabilidad de los biorreactores y el bajo rendimiento. La
fermentacién obscura deriva de la digestidon anaerobia, proceso por el que se produce metano a partir
de hidrégeno y acidos grasos volatiles resultado de la fermentacién de materia organica. Para evitar
el consumo de hidrégeno, se inhiben a las arqueas metandgenas (las principales consumidoras del
hidrégeno) por medio de pretratamientos al indculo. Debido a los pretratamientos, la estructura de
las comunidades cambia drasticamente perdiéndose una gran parte de la diversidad y de las
interacciones bidticas que ocurren en las comunidades de origen. Las consecuencias de esta pérdida

de diversidad e interacciones no estdn bien estudiadas y sus consecuencias ecoldgicas se desconocen.

Un paso importante para mejorar el entendimiento de comunidades naturales y el disefio de
comunidades en biotecnologia es entender los mecanismos ecolédgicos que dirigen sus dindmicas
poblacionales y su comportamiento funcional. Con este objetivo en mente, en esta tesis evaluamos el
papel de la diversidad y de las interacciones entre bacterias en la produccion de hidrégeno en
biorreactores. De esta forma, primero se realizé una revision y metaanalisis acerca de la composicion
microbiana, parametros de cultivo y rendimiento de los biorreactores en experimentos publicados de
fermentacién oscura y de digestién anaerobia (Capitulo 1). Encontramos que no sélo la diversidad de
las especies, sino también las interacciones bidticas entre ellas dan lugar a las propiedades observadas
a nivel de comunidad (como la estabilidad). En el Capitulo Il proponemos un marco de trabajo para el
estudio ecoldgico de comunidades microbianas con énfasis en comunidades usadas para propdsitos
biotecnoldgicos. En este marco de trabajo resaltamos la importancia del disefio experimental y de la
sistematizacion de la investigacidon de la ecologia de comunidades microbianas. Finalmente, en el
Capitulo lll, ponemos en practica, de forma experimental, el marco de trabajo propuesto en el Capitulo
Il para analizar el efecto que tiene la pérdida de diversidad en la estabilidad y el funcionamiento de
los reactores productores de hidrégeno. Encontramos que la relacién entre la diversidad microbiana
y la funcidn de los reactores es multinivel y tiene efectos distintos para las distintas propiedades
medibles a nivel comunidad. Los resultados que aqui se presentan proveen nuevos panoramas para
la integraciéon de la teoria ecoldgica en el estudio de las comunidades microbianas y pretenden
acercarnos al objetivo de entender, predecir y mejorar el uso las comunidades microbianas bajo

diversos escenarios que van desde el conocimiento basico hasta aplicaciones en sostenibilidad.
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Abstract

Dark fermentation is a process where a microbial community converts organic matter into hydrogen-
rich biogas. This technology has great potential for the bioremediation of wastewater and the
reduction of fossil fuels use. It has received much attention due to the qualities of hydrogen as a clean
and efficient fuel. However, the process faces some challenges such as bioreactor instability and poor
performance. Dark fermentation derives from anaerobic digestion, a process by which methane is
produced from hydrogen and volatile fatty acids resulting from the fermentation of organic matter.
To avoid the consumption of hydrogen, the methanogenic archaea (the main hydrogen consumers)
are inhibited by inoculum pretreatment. Due to the pretreatments, the structure of the communities
changes drastically, losing a large part of the diversity and the biotic interactions that occur in the
original communities. The consequences of this loss of diversity and interactions are not well studied,

and their ecological consequences are unknown.

An important step in improving the understanding of natural communities and community
design in biotechnology is to understand the ecological mechanisms that drive their population
dynamics and functional behavior. With this goal in mind, in this thesis we evaluated the role of
diversity and interactions between bacteria in hydrogen production in bioreactors. In this way, a
review and meta-analysis about the microbial composition, culture parameters and performance of
the bioreactors in published dark fermentation experiments was first carried out (Chapter |). We found
that not only the diversity of the species, but also the biotic interactions between them give rise to
the properties observed at the community level (such as stability). In Chapter Il we propose a
framework for the ecological study of microbial communities with an emphasis on communities used
for biotechnological purposes. In this framework we highlight the importance of experimental design
and systematization of research on the ecology of microbial communities. Finally, in Chapter Ill, we
experimentally implemented the framework proposed in Chapter Il to analyze the effect of diversity
loss on the stability and performance of hydrogen-producing reactors. We found that the relationship
between microbial diversity and bioreactor function has different effects for different properties
measurable at the community level. The results presented here provide new scenarios for the
integration of ecological theory in the study of microbial communities and aim to get us closer to the
goal of understanding, predicting and improving the use of microbial communities under various

scenarios ranging from basic knowledge to sustainability applications.
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Prologo

Los microorganismos presentan una enorme diversidad taxondmica y funcional que solamente se ha
descrito parcialmente. La ecologia microbiana estudia esta diversidad en el contexto de interacciones,
tanto bidticas como abidticas, buscando entender la relacidon entre la diversidad y funciones
microbianas. El metabolismo de los microorganismos es indispensable para todos los ecosistemas del
planeta ya sea como parte de los ciclos biogeoquimicos, en el tracto digestivo de un mamifero o en el
funcionamiento de un biorreactor. Sin embargo, los microorganismos normalmente existen en
comunidades o grupos de distintas especies que son muy complejas y en donde cada especie
interactua de formas diferentes con el resto. Incluso las comunidades mads pequefas son dificiles de
predecir debido a la complejidad de sus interacciones. Queda mucho por entender acerca de las

interacciones microbianas, y sus consecuencias, en contextos comunitarios y ambientales.

Esta investigaciéon doctoral se enfocd en integrar y generar informacién acerca de como
ocurren las interacciones microbianas y cudl es su efecto en funciones de interés, a nivel comunidad.
Para esto se utilizaron como modelo de estudio consorcios productores de hidrégeno al ser un tipo
de comunidad de relativamente baja diversidad y cuyo funcionamiento puede medirse facilmente.
Para cumplir los objetivos de investigacion se utilizaron aproximaciones tanto bioinformaticas como
experimentales. Esta tesis estd conformada por una introduccidon general que describe el marco
conceptual bajo el que se desarrollé el trabajo de investigacion. Se presentan tres articulos cientificos
a manera de capitulos. El Capitulo | es un metaanalisis en el que se reunid informacion de cientos de
experimentos publicados acerca de consorcios microbianos productores de hidrégeno y de
fermentacién obscura. Este metaanalisis se realizé con el objetivo de generar hipdtesis acerca de los
microorganismos involucrados en el funcionamiento de los reactores, de sus interacciones bidticas y
de los factores ambientales que podrian influir tanto en la composicién como en el establecimiento
de estas interacciones. El Capitulo Il es una propuesta de marco de trabajo para la generacion de
hipoétesis sobre la relacidn entre la composicion microbiana e interacciones con el funcionamiento de
biorreactores productores de hidrégeno. En este capitulo postulamos el valor de la generacién de
hipdtesis con soporte estadistico para su posterior verificacion experimental y aporte al
entendimiento de los mecanismos involucrados en la relacién diversidad-funcién. El Capitulo Il
presenta los resultados de un experimento en el que se usaron 12 réplicas de biorreactores a escala
laboratorio en dos condiciones de cultivo para analizar el efecto de los niveles de diversidad en las
interacciones microbianas y en el funcionamiento de los biorreactores. Finalmente, se presentan las

conclusiones generales y perspectivas de este trabajo.



Introduccion general

1. Ecologia microbiana

El desarrollo de los primeros microscopios y las observaciones de Antoine van Leeuwenhoek, Robert
Hooke y Athanasius Kircher en el siglo XVII confirmaron la existencia de seres vivos microscépicos
(Wainwright, 2003). Estos descubrimientos dieron origen a la microbiologia, que durante los primeros
dos siglos de su existencia se enfocd, principalmente, en la importancia médica de los
microorganismos. Hacia finales del siglo XIX, Sergei Winogradsky realizé estudios sobre las bacterias
que participan en el ciclo del nitrégeno y Martinus Beijerinck investigd las bacterias anaerobias
participantes del ciclo del azufre (Burton, 2011; Dworkin, 2012). El nuevo enfoque de Winogradsky y
Beijerinck de estudiar los microbios en su contexto ambiental y comunitario dio inicio a la ecologia
microbiana (Bertrand et al., 2015). Mas adelante, a mediados del siglo XX, Robert Hungate y Tomotari
Mitsuoka realizaron estudios pioneros acerca de la ecologia del microbioma intestinal de rumiantes y
humanos (Hungate, 1960; Mitsuoka, 2014). Estos estudios establecieron las bases técnicas de cultivo

para describir morfoldgica, taxondmica y funcionalmente a distintos grupos bacterianos.

Hoy en dia sabemos que las bacterias han colonizado todos los ecosistemas de la Tierra. Estos
microorganismos son muy diversos taxonémica y funcionalmente y son indispensables en el
mantenimiento de la vida en el planeta. Las bacterias son responsables de llevar a cabo gran parte de
los ciclos biogeoquimicos del planeta que permiten el flujo de nutrientes por los ecosistemas, de
mantener la salud del agua y la productividad del suelo (Falkowski et al., 2008; Singh, 2015). A su vez,
la diversidad funcional microbiana tiene el potencial de ser utilizada por los humanos para la soluciéon
de problemas ambientales y de salud. Las bacterias forman comunidades complejas donde millones
de células interactian y funcionan de formas diferentes, lo que las vuelve dificiles de predecir y

controlar.

La ecologia microbiana estudia la diversidad de microorganismos y aspira a entender el
complejo funcionamiento de sus comunidades. Esta disciplina estudia como las poblaciones de
especies microbianas se ensamblan para formar comunidades y cémo interactian entre ellas y con el
medio ambiente (Madigan et al., 2015) . Especificamente, |la ecologia microbiana estudia las siguientes
caracteristicas de las comunidades microbianas (Barton, Larry and Northup, Diana, 2011; Bertrand et

al., 2015):

1 Elorigen de las especies de microorganismos.



2 Ladiversidad taxondmica y funcional de los microorganismos.

3 Elrol de cada especie microbiana en una comunidad.

4 las interacciones que ocurren entre microorganismos y entre microorganismos vy
macroorganismos.

5 Las interacciones entre microorganismos y su ambiente.

6 Laevolucién de las poblaciones microbianas.

7 La capacidad comunitaria de transformar compuestos a manera de servicios ecosistémicos y

biotecnoldgicos.

El desarrollo de técnicas moleculares independientes del cultivo (aunado al renovado interés
en técnicas dependientes de cultivo) ha permitido obtener informacion a gran escala acerca de la
diversidad y funcidon microbianas (Gray and Head, 2008; Lagier et al., 2015). Actualmente, la ecologia
microbiana enfrenta el desafio de descifrar patrones y generar teorias generalizables a partir de esta
gran cantidad de informacidn con el fin de entender cdmo la diversidad y funcidon microbianas surgen

y responden a perturbaciones (Costello et al., 2012).

2. Complejidad en comunidades microbianas

2.1. Relacion entre diversidad y funcion

Todas las comunidades microbianas tienen una estructura caracteristica de numero vy
abundancia de especies que se conoce como diversidad taxondmica (Barton, Larry and Northup,
Diana, 2011). La diversidad taxonémica de una comunidad microbiana es resultado de las capacidades
metabdlicas de las especies, de las condiciones ambientales (como pH, nutrientes y humedad) y de
procesos ecoldgicos y evolutivos (p. ej. migraciones, adaptaciones e interacciones bidticas; Bertrand
etal., 2015; Ladau & Eloe-Fadrosh, 2019). Por otra parte, cada especie contribuye, con sus capacidades
metabdlicas, a la diversidad funcional de la comunidad. La diversidad funcional se refiere a la variedad
de capacidades metabdlicas (o funciones) que tiene un grupo de organismos que coexisten en un lugar
y momento determinados (Klassen, 2018). Esta diversidad funcional es considerada como el enlace
fundamental entre la diversidad taxondmica y los servicios ecosistémicos (es decir, los beneficios que
reciben los seres humanos de las comunidades microbianas; Escalas et al., 2019). Por ejemplo, las
bacterias pueden ayudar al aprovechamiento de nutrientes y prevencion de enfermedades cuando
forman parte de los microbiomas de macroorganismos, en la agricultura mantienen la productividad
del suelo y permiten la biorremediacion de suelo y agua contaminados (Elena et al., 2016; McKenney

et al., 2018; Ladau and Eloe-Fadrosh, 2019; de Corato, 2020). Sin embargo, la relacién entre la



diversidad taxondmica de una comunidad y su funcién es compleja y depende de las caracteristicas

de las especies involucradas, de las condiciones ambientales y de sus interacciones.

Tanto la estructura taxondmica como el perfil funcional de una comunidad microbiana son
dificiles de predecir debido a que son propiedades que no pueden ser inferidas, solamente, como
resultado de sus partes individuales (Escalante et al., 2015; Madsen et al., 2018). Estas propiedades
(conocidas como propiedades emergentes) determinan propiedades ecoldgicas de las comunidades
como la resiliencia, coexistencia de especies, capacidades metabdlicas y la autoorganizacidn espacial
(Berg et al.,, 2022). Ademas, las comunidades microbianas son susceptibles a cambios en las
condiciones ambientales (i.e. cambio climatico, contaminacion y disponibilidad de recursos) que
pueden cambiar su composicién y funcién (Allison and Martiny, 2009). En principio, existe evidencia
de que algunas funciones son altamente dependientes de la diversidad microbiana (Morris et al.,
2020). Por ejemplo, durante la descomposicién de materia organica en el suelo, la degradacién de
sustratos complejos (como la lignina) estd asociada a unos cuantos grupos bacterianos (p. ej. Bacterias
de las familias Comamonadaceae y Caulobacteraceae; Wilhelm et al., 2019). También, durante el ciclo
del nitrégeno, la oxidacién anaerobia del amonio esta asociada a grupos bacterianos reducidos como
el género Brocadia (Wang et al., 2019). Sin embargo, es importante reconocer que se ha observado
que, en algunos casos, la variedad taxondmica puede cambiar constantemente mientras que las
funciones del ecosistema se mantienen estables. Este fendmeno puede deberse a que diversos
procesos (como transferencia horizontal o evolucidn convergente) resultan en redundancia funcional
(dénde diferentes grupos taxondmicos, filogenéticamente distantes, poseen las mismas capacidades
metabdlicas; Louca et al., 2018). Mas aun, los microorganismos que se encuentran en proporciones
bajas pueden tener impactos muy importantes en la funcidn de toda la comunidad como los
productores de metano en el tracto digestivo de los rumiantes y los fijadores de nitrégeno en el
océano (Shade et al., 2014). Finalmente, un nivel mas de complejidad en la relacién entre la diversidad
taxondmica y la funcién es la constante retroalimentacién que existe entre ellas. Aunque en primera
instancia la presencia de ciertas especies en una comunidad da lugar a un grupo determinado de
funciones, estas funciones cambian las condiciones ambientales afectando el metabolismo vy
crecimiento del resto de los microorganismos de la comunidad (Fiegna et al., 2015; Wang et al., 2017;
Netzker et al., 2018). Estos efectos que tienen los microorganismos entre ellos es posible estudiarlos
desde un contexto de interacciones ecoldgicas que son parte de los mecanismos mds importantes que
subyacen la relacion diversidad-funcion. Asi, entender las funciones microbianas desde un contexto
ecoldgico nos puede dar acceso a un manejo preciso de las comunidades microbianos en escenarios

de cambio climatico y biotecnolégicos (Jobard et al., 2014).



2.2. Interacciones ecoldgicas en comunidades microbianas

Las bacterias no viven de forma aislada, en cambio, forman parte de comunidades donde se
llevan a cabo complejas interacciones ecoldgicas. Georgy Gause y otros ecélogos realizaron estudios
de laboratorio clasicos con levaduras y ciliados que demostraron por primera vez la existencia de
interacciones ecoldgicas entre especies microbianas (Gause, 1932; Vandermeer, 1969). En estos
experimentos se preguntaban si dos organismos con un nicho similar que colonizan un mismo
ambiente coexistirian o alguno se extinguiria. Los experimentos de Gause llevaron a la adopcién del
principio de exclusién competitiva que explica que dos organismos con un nicho similar no podrian
coexistir debido a la fuerte competencia entre especies por espacio y nutrientes (Hardin, 1960). El
principio de exclusidn competitiva se volviéd un paradigma, bajo el cual, se estudié el ensamblaje de
comunidades tanto de macroorganismos como de microorganismos (Cavender-Bares et al., 2009).
Estos estudios sentaron las bases para la actual investigacién de las interacciones ecolégicas entre
microorganismos. Sin embargo, en la naturaleza es comun la coexistencia de especies, icomo se
pueden generar diferentes especies y, por lo tanto, interacciones entre especies, si una especie lleva

a todas las demds especies emergentes a la extincién?

Las interacciones que ocurren entre pares de especies bacterianas se pueden clasificar en un
eje continuo que va desde las interacciones negativas hasta las positivas. Las interacciones negativas
incluyen la competencia, el amensalismo y el parasitismo (Ghoul and Mitri, 2016). La competencia,
ademas, se dividide en explotacién e interferencia (Birch, 1957). Mientras que la explotacién ocurre
por similitud de los recursos utilizados, la interferencia se refiere a formas directas de inhibicidn. Por
otra parte, las interacciones positivas incluyen el comensalismo y el mutualismo (Goldford et al.,
2018). De forma similar, formas de cooperacion (procesos eco-evolutivos donde le selecciona la
inversion en una interaccion positiva; West et al., 2007b) que originalmente se habian observado en
macroorganismos se han comprobado experimentalmente en microorganismos; por ejemplo, la
discriminacién por parentesco (interacciones mediadas por la similitud del genotipo; Liu et al., 2021)
o la divisién del trabajo (cuando organismos cooperadores se especializan en realizar tareas
complementarias; West and Cooper, 2016). El signo y la fuerza de las interacciones entre los
microorganismos tienen consecuencias importantes para el surgimiento de las propiedades
emergentes de las comunidades, ayudando a determinar lo que define a una comunidad, en contraste
a solo ser una coleccién aleatoria de especies (Gorter et al., 2020; Ratzke et al., 2020). A pesar de su
importancia, conocemos poco de como surgen las interacciones ecoldgicas entre bacterias y aun no

podemos predecir su impacto en la composicion y funcién de las comunidades.
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Una consideracidn importante es que las interacciones ecoldgicas pueden ser incidentales o
haberse desarrollado a través de procesos de evolucién y adaptacién (Tan et al., 2015). Dependiendo
de su historia evolutiva, su impacto en otros organismos puede variar, asi como el efecto de la pérdida
de diversidad de las comunidades en los organismos que participan en las interacciones. Las
interacciones incidentales se refieren a las que suceden como resultado del metabolismo de los
organismos y que no reciben una inversién metabdlica ni han sido resultado de adaptaciones a la
interaccion (Germerodt et al., 2016). Por ejemplo, en un momento particular, una especie puede estar
realizando la degradacién de un carbohidrato complejo por medio de una enzima extracelular o
produciendo acidos grasos como desecho. Los subproductos como azucares simples o acidos grasos
qguedan disponibles en el medio y pueden ser aprovechados por organismos diferentes a los que
realizan la funcidon. Se ha propuesto que las interacciones incidentales pueden dar lugar a
interacciones mas complejas por medio de adaptaciones especificas (Gorter et al., 2020). Por ejemplo,
si la liberacidon de enzimas extracelulares, al ser un proceso costoso, es aprovechado por organismos
ajenos al productor puede convertirse en un tipo de parasitismo y, en el organismo productor de la
enzima, pueden seleccionarse adaptaciones que eviten que las enzimas puedan ser aprovechados por
no productores. De esta manera, pueden surgir funciones como la produccidon de sustancias
inhibidoras como bacteriocinas o la formacidn de biopeliculas que doten de estructura espacial a las
comunidades que eviten la fuga de funciones costosas (Riley and Wertz, 2002; West et al., 2007a). La
Hipdtesis de la Reina Roja se propuso para explicar cdmo las especies se enfrascan en carreras
armamentistas donde las especies deben adaptarse y evolucionar, no sélo para tener una ventaja
reproductiva, sino también para sobrevivir porque los organismos que compiten también estdn
evolucionando (Bonachela et al., 2017). En contraste, la Hipdtesis de la Reina Negra se propuso para
explicar el surgimiento de las relaciones cooperativas en bacterias que interactian por periodos
prolongados (Morris et al., 2012). Esta hipdtesis propone que, a partir de interacciones incidentales
por medio de funciones que se hacen disponibles al medio extracelular, dos poblaciones de bacterias
pueden perder la capacidad de realizar las funciones que reciben de las demas dando lugar a
interdependencias metabdlicas y coexistencia (Morris, 2015). La Hipdtesis de la Reina Negra ha sido
observada experimentalmente, lo que ha demostrado que las interacciones pueden surgir y cambiar
en tiempos cortos que pueden ser relevantes, por ejemplo, en la operacidén de biorreactores (Jeffrey
Morris et al., 2014). Por las razones descritas aqui, el consenso general es que las interacciones bidticas
tienen un impacto profundo en las dindmicas de ensamblado, diversidad y funcién de las comunidades
microbianas (Cordero and Datta, 2016; Ghosh et al., 2016; Madsen et al., 2018). Sin embargo, debido
a las caracteristicas intrinsecas de los organismos microbianos (es decir, su pequefio tamafo y sus

interacciones mediadas quimicamente) el estudio de sus interacciones es complicado cuando se
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estudian comunidades completas (Schmidt et al., 2015; Franzosa et al., 2019). Para entender estos
mecanismos es posible utilizar técnicas moleculares, microbioldgicas, bioinformaticas y estadisticas,
qgue, en conjunto con disefios experimentales sélidos, permiten generar hipdtesis cada vez mds
precisas acerca del comportamiento de las comunidades microbianas. Recientemente, se han
desarrollado nuevas aproximaciones, tanto experimentales como bioinformaticas, para generar
hipétesis para el origen de las interacciones microbianas y su efecto en las dindmicas poblaciones y

funcionales (Bauer and Thiele, 2018; Nai and Meyer, 2018; Amor and Bello, 2019).

2.3. Aproximaciones al estudio de la relacion diversidad-funcion y de las interacciones ecoldgicas

Gracias al desarrollo de las tecnologias de secuenciacion masiva y de analisis de parametros
fisicoquimicos se puede generar una gran cantidad de informacién acerca de la composicion y funciéon
de las comunidades microbianas. Para esto, la secuenciacion del gen 16S rRNA (que codifica para el
RNA ribosomal 16S que forma parte de la subunidad menor de los ribosomas procariotas) es el
estdndar usado en los estudios de ecologia microbiana para determinar la abundancia e identidad de
los microrganismos presentes en una comunidad (Case et al., 2007). Por otra parte, determinar
parametros fisicoquimicos del medio, asi como la concentracién de metabolitos de interés para cada
comunidad sirven como medidas representativas de la funcién microbiana. En consecuencia, se
generan amplios conjuntos de datos multidimensionales compuestos por multiples variables (p. ej.
Abundancia de especies, genes, concentracion de metabolitos, proteinas o acidos grasos) que
conllevan una alta dificultad de analisis e interpretacién. Con estos objetivos en mente, se han
implementado diferentes analisis estadisticos para la inferencia de procesos ecoldgicos a partir de la
informacién de las comunidades microbianas. Entre estas aproximaciones se encuentran los analisis
de correlacion y de ordenacidén que, en conjunto con sus respectivas representaciones graficas (p. ej.
Mapas de calor, redes o graficas de ordenacion), permiten detectar patrones de coocurrencia entre
diferentes especies o establecer la relacidn entre especies y parametros funcionales. Estos analisis son
implementados en paquetes informaticos muy usados para el estudio de comunidades microbianas
como QIIME2 (Bolyen et al., 2019) y MicrobiomeAnalyst (Dhariwal et al., 2017). No obstante, no existe
una receta de analisis estadisticos que sea Util para todos las comunidades y experimentos ya que

cada analisis tiene requerimientos y ventajas y desventajas que deben tomarse en cuenta.

En el caso de los andlisis de correlaciones, en estos se calculan coeficientes de correlacién
como el de Pearson o el de Spearman entre los datos de abundancia de las distintas bacterias
presentes (p. ej. obtenidas a través del conteo del gen 16sRNA) o entre los datos de abundancia y

datos funcionales (para tratar de inferir posibles interacciones ecolégicas o relaciones entre diversidad
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y funcién respectivamente; Vanwonterghem et al., 2014; Hugerth and Andersson, 2017). A partir de
matrices de correlacién de abundancia de bacterias, es posible inferir redes ecolédgicas donde los
nodos representan las bacterias y los vértices las interacciones negativas o positivas inferidas (Weiss
et al.,, 2016). Este tipo de andlisis y algunas variaciones que involucran el uso conjunto de otras
medidas de distancia o similitud estan disponibles en paquetes informaticos como CoNet (Faust and
Raes, 2016) o MENAP (Deng et al., 2012). Las ventajas de estos andlisis es su facil implementacion (ya
gue multiples paquetes informaticos son capaces de realizarlos), facil visualizacién de los resultados
por medio de mapas de calor y el uso conjunto de coeficientes y medidas de distancia y similitud para
mejorar las inferencias producidas (Faust et al., 2012; Weiss et al.,, 2016; Wang et al., 2017). Sin
embargo, para los analisis de correlacidn se han observado desventajas como falta de sensibilidad y
precisién ya que tienden a generarse falsos positivos (Weiss et al., 2016; Mainali et al., 2017; Carr et
al.,, 2019) y que la interpretacion de la relaciéon causa-efecto muchas veces se realiza sin bases

mecanisticas sélidas (Prosser, 2020).

Por otra parte, los analisis de ordenacién son un conjunto de analisis que resumeny presentan
datos multivariados para mostrar, graficamente, las diferencias entre muestras en menos
dimensiones que el conjunto de datos original (Syms, 2008). Esta reduccién de dimensionalidad va
acoplada con una interpretacion sencilla a través de una grafica de ordenacion o biplot (como se les
conoce en inglés a estas graficas), donde los objetos cercanos tienen valores similares de variables y,
los lejanos, valores diferentes (Paliy and Shankar, 2016). Existen dos tipos de ordenaciones, sin
restriccion y restringidas. En las ordenaciones sin restriccion los analisis se llevan a cabo con una sola
tabla de datos y tienen el objetivo de identificar patrones entre muestras e identificar variables
responsables de esos patrones (Syms, 2008). En las ordenaciones con restriccién se usan dos o mas
tablas de datos (p. ej. Una tabla de abundancia de especies y una tabla de variables ambientales) y
s6lo la variacion en la tabla de especies que puede ser explicada por la tabla de variables es analizada
y mostrada con el objetivo de identificar las relaciones entre ambas (Ramette, 2007). Aunque estos
anadlisis tienen un uso extendido en ecologia microbiana debido a su gran utilidad, cuentan con
desventajas como el requerimiento de un nimero de muestra alto (Forcino et al., 2015) y que existen
una gran cantidad de variantes de andlisis de ordenacién que complica elegir el andlisis adecuado para
el tipo de datos a analizar (Buttigieg and Ramette, 2014). Cada tipo de analisis de ordenacidn tiene
distintas bases estadisticas y la seleccidn de cada una depende de la estructura de los datos que se

van a analizar.
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Es importante mencionar que el desarrollo de nuevos analisis para estudiar la relacidn
diversidad-funcién en comunidades microbianas es un area de constante desarrollo. En este sentido,
se han desarrollado otras aproximaciones como analisis de especies indicadoras y diversas
implementaciones de modelos estadisticos y matematicos para identificar asociaciones entre
bacterias (De Caceres et al., 2010; Griffith et al., 2016; Shaw et al., 2016). Mas recientemente, el
modelado metabdlico ha surgido como una opcidon para integrar la informacién gendmica y
metabdlica de los organismos con sus procesos ecoldgicos permitiendo la inferencia de sus funciones
e interacciones bidticas (Bauer et al., 2017; Bauer and Thiele, 2018; Jansma and Aidy, 2020). Las
distintas aproximaciones descritas aqui han sido utilizadas con éxito en distintos escenarios en los que

han demostrado su utilidad para ayudar a entender las comunidades microbianas muy diferentes.

Por ejemplo, usando analisis estadisticos, se ha determinado que el pH del suelo es uno de los
principales determinantes en la composicidn y diversidad microbianas a nivel global (Lauber et al.,
2009), se han identificado los microorganismos que pueden realizar la degradacién de moléculas
complejas como la celulosa (Jiang et al., 2015), los plasticos (Oberbeckmann et al., 2016), las proteinas
(Kato et al., 2008) o los lipidos (Nobu et al., 2015). En cuanto a las interacciones ecoldgicas entre
microorganismos, se ha identificado que las bacterias patégenas en el microbioma de la placa dental
presentan coocurrencias que pueden indicar complementariedad (Faust et al., 2012) y también se han
identificado bacterias asociadas a resistencia a patégenos en la piel de anfibios (Rebollar et al., 2016).
Estos estudios representan un primer paso para la generacién de hipétesis que luego podran guiar la
realizacion de experimentos para resolver preguntas especificas. Una vez que se han identificado
interacciones potencialmente relevantes para un sistema de estudio (p. ej. usando métodos
estadisticos) es posible plantear un estudio experimental de dichas interacciones. Para este objetivo
es posible usar aproximaciones dependientes de cultivo donde se aislan los organismos de una
comunidad o se usan cepas de coleccidn para realizar co-cultivos o construir comunidades sintéticas
controladas (Abreu and Taga, 2016). De esta manera se han estudiado las interacciones cooperativas
en el tracto digestivo de los seres humanos (Vrancken et al., 2019), las interacciones antagonistas en
comunidades bacterianas acuaticas (Aguirre-von-Wobeser et al., 2014) y las interacciones que son
importantes en el ensamblaje de comunidades de suelo (Friedman et al., 2017). Ademas, el uso de
técnicas moleculares como analisis de isétopos e hibridacidn fluorescente in-situ ayudan a descifrar
los metabolitos involucrados y a descifrar la estructura espacial en las comunidades (D’Souza et al.,

2018).
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3. El caso de los consorcios microbianos productores de hidrogeno
Una aproximacion util para estudiar la relacién diversidad-funcidn es el uso de consorcios microbianos

con una complejidad reducida que permitan generar y probar hipdtesis ecoldgicas. Los consorcios
utilizados para la produccion de biocombustibles y consorcios sintéticos se han utilizado para probar
hipdtesis ecoldgicas y proponer teorias ecoldgicas generalizables (De Roy et al., 2014,
Vanwonterghem et al., 2014). En particular, los consorcios microbianos productores de hidrégeno
representan un buen sistema para estudiar hipdtesis ecoldgicas ya que son sistemas poco diversos
con funciones medibles bien estudiadas (Wang et al., 2020). La produccidn biolédgica de hidrogeno por
medio de consorcios microbianos se lleva a cabo por un proceso conocido como fermentacion obscura
ddnde se lleva a cabo la fermentaciéon de materia organica dando lugar a hidrégeno, acidos grasos
voldtiles y alcoholes. Los consorcios que participan en la fermentacion obscura provienen de los
consorcios de digestion anaerobia (un proceso por el cual se genera metano) pero son pretratados
agresivamente para seleccionar sélo a los organismos con capacidad para la produccion de hidrégeno
(Wang and Yin, 2017). La digestién anaerobia es un proceso robusto que se usa con éxito para el
tratamiento de aguas residuales y la producciéon de biogas rico en metano. En contraste, la
fermentacién obscura es un proceso inestable y poco robusto (Castellé et al., 2020). Se desconoce
cémo los pretratamientos agresivos y la pérdida de diversidad en los consorcios de fermentacion
obscura impactan su estructura, interacciones y, estos a su vez, su funcionamiento. Aunque se ha
estudiado la composicién microbiana de consorcios microbianos de fermentaciéon obscura, se ha
dejado de lado el estudio de mecanismos (como las interacciones bidticas) que impactan en su

dindmica y su funcién.

El proceso de digestion anaerobia comprende cuatro etapas: hidrdlisis, acidogénesis,
acetogénesis y metanogénesis (Figura 1). La hidrdlisis hace metabdlicamente disponibles los
polimeros que forman la materia orgdnica al transformarlos en monémeros por medio de la liberacidon
de enzimas extracelulares (p. ej. Celulasas, celobiasas, xilanasas, lipasas y proteasas; Weiland, 2010) y
es, por lo tanto, considerado un paso limitante en la digestién anaerobia (Vavilin et al., 2008). Durante
la acidogénesis, los mondémeros son fermentados para producir dcidos grasos volatiles de distintas
longitudes, alcoholes, CO, y H, (Chandra et al.,, 2012). Los acidos grasos y el hidrégeno son
intermediarios en la produccion del metano (Figura 1), por lo que este paso es esencial en la
produccién de substratos para el Ultimo paso de la digestidon anaerobia. La acetogénesis comprende
la formacién de acetato a partir de varios substratos y rutas, por ejemplo: los dcidos propidnico y
butirico y el etanol son convertidos en acetato mientras se produce hidrégeno (Weiland, 2010), las
azUcares son transformadas solamente en acetato (homoacetogénesis; Miiller, 2003) y el CO, es

reducido usando hidréogeno (Chandra et al., 2012). En la digestidn anaerobia, la acetogénesis también
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es un paso limitante pues el acetato es el principal substrato para la produccién de metano (Chandra
et al., 2012). La metanogénesis es la produccidn de metano por parte de arqueas metandgenas. Este
proceso puede ser de tres tipos (Chandra et al.,, 2012): acetoclastica (acetato como substrato),
hidrogenotréfica (CO, y H, como substrato) y metilotréfica (metanol como substrato). La
metanogénesis tiene un papel muy importante en la digestion anaerobia pues consume el H, que
inhibe el metabolismo de las bacterias productoras de hidrégeno y de las acetégenas (Weiland, 2010).
Cada etapa puede ser realizada por grupos de organismos diferentes o un grupo puede participar en
mds de una etapa. Sin embargo, los pretratamientos son aplicados para eliminar las especies

bacterianas que consumen hidrégeno para la produccidon de metano y de acetato.

Polimeros complejos
(polisacaridos,
proteinas, lipidos)

Hidrolisis

Y
Mondmeros y oligomeros
(azucares, aminoacidos,
acidos grasos de cadena

larga)
Acidogénesis
Y
Acetogénesis Acidos grasos
volatiles
(C>2)
Y Y Y Y
t Acetato H, + CO, }

Metanogénesis

Biogas
) (CH, +CO,)

Figura 1. Etapas de la digestién anaerobia. (Modificada de Chandra et al., 2012).

Aun cuando se ha investigado extensamente el efecto de los pardmetros de cultivo en la
produccién de hidrégeno se conoce poco acerca de la ecologia de los consorcios que habitan los
reactores. Sin embargo, recientemente se han hecho algunos esfuerzos pioneros para dar un enfoque
ecoldgico a las funciones de las bacterias que conforman los consorcios microbianos productores de
hidrégeno. Por ejemplo, se sabe que especies del género Bacillus participan en hidrélisis de sustratos
complejos que hacen disponibles azlicares simples a productores de hidrégeno (Cabrol et al., 2017).
Por otra parte, especies del género Klebsiella consumen oxigeno permitiendo el crecimiento de los
productores de hidrégeno que son estrictamente anaerobios (p.ej. del género Clostridium)

(Vasconcelos et al., 2016). También se ha identificado la formacién de estructura espacial (por
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ejemplo, por bacterias del género Prevotella) y la regulacién del pH (gracias a bacterias el género
Megasphaera) como parte de las interacciones positivas que tienen bacterias no productoras de
hidrégeno (Cabrol et al., 2017). Por otro lado, se han identificado interacciones que perjudican la
produccién de hidrégeno, como la produccidon de bacteriocinas (un tipo de competicion por
interferencia) o el consumo de hidrégeno (un tipo de comensalismo) (Castello et al., 2020). También
se ha reconocido a la diversidad como una propiedad global de las comunidades con un impacto en la
funcién. Por ejemplo, una alta diversidad puede mejorar la estabilidad por medio de redundancia
funcional, incrementando la productividad por medio de la complementariedad de funciones o
incrementando la posibilidad de la ocurrencia de cepas productoras de hidrégeno resistentes a
inhibidores (Jobard et al.,, 2014; Castellé et al., 2020). Es importante destacar que apenas se ha
establecido la funcién de una pequefa parte de los microorganismos de los consorcios de
fermentacién obscura y que el efecto de los pretratamientos y las condiciones de cultivo en las
interacciones ecoldgicas no se ha estudiado. También, la mayoria de las inferencias que se han
realizado carecen de comprobacién experimental explicita. Debemos mejorar la integracién del
estudio ecoldgico de los consorcios que habitan los reactores al estudio de sus parametros y
rendimiento. De esta manera, podremos entender las interacciones que explican su ensamble y

funciones, lo que nos acercard a un mejor manejo con fines industriales.
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Capitulo 1: Estudio comparativo de la estructura de comunidades de

digestion anaerobia y de fermentacion obscura.

Prefacio

El ndmero, identidad, abundancia e interacciones de las especies que conforman las
comunidades microbianas tienen un fuerte impacto en cémo éstas se comportan y funcionan. Por
ejemplo, se sabe que el nimero de especies en una comunidad puede determinar si es robusta a
invasiones o a la pérdida de especies y que las interacciones bidticas influyen su dindmica de
abundancia y funcién. Por esta razén, el estudio de la relacién diversidad-funcidn en comunidades
microbianas es indispensable para poder controlar y predecir el comportamiento de los sistemas
microbianos. Para entender las diferencias en estabilidad y rendimiento entre biorreactores de
fermentacién obscura y de digestién anaerobia, en este capitulo utilizamos la informacién publicada
de la composicion microbiana de mds de 200 experimentos para comparar la estructura ecolégica de
los consorcios microbianos asociados a ambos tipos de fermentacion. También, recopilamos
informacién de las condiciones de cultivo (pH, temperatura), del origen del inéculo y de la funcién de
los reactores (producciéon de biogas). Con esta informacién y, por medio de aproximaciones
estadisticas (analisis multivariados y de redes de coocurrencia), evaluamos la asociacion entre las
caracteristicas de cultivo y la funcidn de los biorreactores con la composicion microbiana. Por otra
parte, realizamos la inferencia de interacciones por medio de la construccion de redes de
coocurrencias para comparar la estructura ecoldgica de los dos tipos de consorcios (digestidn

anaerobia y fermentacion obscura).

En resumen, los resultados muestran una codependencia entre la comunidad microbiana, las
condiciones operacionales y la funcion de los reactores (rendimiento de hidrégeno). Se observé una
relacién positiva entre la riqueza de especies y el rendimiento de hidrégeno. Algunos grupos
bacterianos (p. ej. Tissierellaceae, Oxalobacteraceae y Tepidimicrobium), ademas de la familia
Clostridiaceae, se relacionaron positivamente con la produccién de hidrogeno. Mds aun, el analisis de
redes encontré que las comunidades de digestion anaerobia son mas robustas que las de
fermentacién obscura, posiblemente, debido a la pérdida de diversidad y de interacciones resultado
de los pretratamientos y de las condiciones de cultivo en el caso de las segundas. Nuestros resultados
apoyan la hipétesis de que una mayor diversidad tiene efectos benéficos para la estabilidad y funcién
de los consorcios microbianos. Causas de esto pueden ser la diversidad metabdlica y la redundancia

funcional. Por otra parte, el mayor nimero de las interacciones positivas en los consorcios
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microbianos de digestidon anaerobia pueden también pueden contribuir a su mayor estabilidad. Detras
de estas interacciones inferidas pueden estar comportamientos como facilitacién o cooperacidn
debido a la degradacion de sustratos complejos, eliminacién de toxinas o formacién de biopeliculas.
Proponemos que la investigaciéon futura en ecologia microbiana debe considerar los procesos
ecoldgicos y evolutivos para entender las causas de la estabilidad a largo plazo de los consorcios
microbianos. En particular, se deben investigar experimentalmente las relaciones entre condiciones

ambientales, composicidon microbiana, interacciones bidticas y funcion.
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Introduction

The urgency to find energy production alternatives to fossil
fuels has driven the development of different processes with
less polluting consequences. Hydrogen is a high-energy car-
rier that can be used for electricity generation and as a source
of energy for transportation, domestic or industrial settings,
while its combustion results mainly in water [1]. Hydrogen
plays a central role in reducing contaminant emissions from
vehicles and industries to help reach the “carbon zero” goals
established by several countries. In this sense, the European
Union (EU) and specific countries, such as the USA, Norway
and Germany, have dedicated specialized budgets to research
projects related to hydrogen production and its application
with the goal of introducing hydrogen into their energy sys-
tems (e.g., in the case of EU ensuring full access to hydrogen
refueling points by 2025) [2,3]. Currently, hydrogen is mainly
produced by high-energy demand processes such as water
electrolysis and methane reforming [4]. Dark fermentation, a
low-energy demand process for hydrogen production, has
been investigated in recent decades as a promising alternative
to produce hydrogen on a large scale. It comprises the con-
version, by microorganisms, of renewable carbohydrate-rich
substrates from industrial or household sources [1,5]. Dark
fermentation is a promising avenue for hydrogen production
because it has high production rates compared to other
biotechnological options [5], is easy to operate, has low energy
requirements and has the possibility to be integrated with
other technologies such as photo-fermentation and microbial
fuel cells [6].

Dark fermentation arises from gaseous anaerobic meta-
bolism, which is a complex process resulting from microbial
activity, under anaerobic conditions, that leads to the forma-
tion of organic acids, methane and hydrogen. This is a process
that occurs naturally in lake sediments and soils [7], and
consists of four phases (hydrolysis, acidogenesis, aceto-
genesis and methanogenesis) [8]. H, is produced during
acidogenesis and is then consumed to produce acetate and
methane during acetogenesis and methanogenesis, respec-
tively [9]. Because anaerobic communities (e.g., anaerobic
digestion reactors, compost) have been the most used inocula
for hydrogen fermentation bioreactors [10], several strategies
have been followed to prevent H, consumption. The oldest
and most widely used method is the inoculum pretreatment
(i.e., heat shocks as they allow hydrogen-producing spore-
forming bacteria to survive while methanogenic archaea are
deactivated) [8]. Other methods include pH control (because
methanogenic microorganisms can only thrive in a reduced
range of pH, namely 6.8-8.2) [11] and decreasing hydraulic
retention time (as methanogenic archaea have slower growth
rates than hydrogen producers they are washed out of bio-
reactors) [11]. These methods eliminate methanogenic pop-
ulations and, consequently, the process arrests at the
acidogenesis phases where hydrogen is produced, along with
CO,, volatile fatty acids and alcohols [8]. Moreover, molecular
characterization of consortia, mainly by means of Denaturing
Gradient Gel Electrophoresis (PCR-DGGE), have confirmed that
overall diversity is reduced mainly to Firmicutes species
(hydrogen-producing and spore-forming bacteria such as

Clostridium species due to their ability to resist pretreatment
conditions and bioreactors culture conditions) [5,12—14]. Still,
low productivity and stability have precluded large-scale
implementation of hydrogen fermentation bioreactors. On
one hand, productivity stands on thermodynamic bases, with
H, partial pressure and temperature playing an important role
in the metabolic pathways that microorganisms use for
obtaining energy. High H, partial pressures and low temper-
atures make unfavorable the catabolic reactions that give rise
to H, production, thus, directing metabolic activity to ethanol
or lactate production [15-17]. On the other hand, stability,
meaning the capability of bioreactors to operate for long pe-
riods, has proved to be an obstacle [13,18,19], except in a few
cases [20]. Because significant diversity is lost after pre-
treatments of inocula and due to culture conditions, some
attributes related to their ecological structure might also be
lost. The loss of these attributes is possibly related to the low
stability of hydrogen-producing consortia, as opposed to the
high stability and yield that characterize anaerobic digestion
reactors [21]. For this reason, it is necessary to develop
methods that are useful, not only for promoting rapid growth
of hydrogen-producers, but also, that allow to maintain
hydrogen production for extended periods. To overcome these
obstacles in biohydrogen production, it is critical to investi-
gate the microbial component of bioreactors considering
ecological aspects of the consortia such as diversity, potential
interactions and systemic properties of their organization [22].

Specifically, it is crucial to understand how ecological at-
tributes of microbial consortia are related to stability and
yield, and also how they are affected by the pretreatments and
culture conditions. Some of these ecological attributes include
functional redundancy and its relationship with diversity [23]
and the biotic interactions between the community members
[24,25]. The ecological attributes of any biological system,
particularly microbial consortia, are at the foundation of
population dynamics with direct impact in the evolutionary
processes that can lead to variations in a reactor's perfor-
mance [26]. Current knowledge about the ecological attributes
of hydrogen-producing reactors is limited and mainly focused
on some interactions associated with specific processes such
as granule formation (e.g., Streptococcus species) [27], anoxic
conditions maintenance (e.g., Klebsiella species) [27], substrate
hydrolysis (e.g., Pseudomonas and Bifidobacterium species) [28]
and inhibitions by bacteriocins (e.g., Lactobacillus) [29]. It is
important to mention here that, given the great interest in
biohydrogen, there is abundant literature that reports the di-
versity of hydrogen producing bioreactors. Nonetheless, little
attention has been given to analyze this information with an
ecological perspective, which has limited the conclusions and
progress in managing microbial consortia and reactors. On the
one hand, multivariate statistical analyses might help to
comprehend the complex influence of culture conditions on
the microbial component of hydrogen production [30].
Currently, our understanding is limited to the control of spe-
cific populations and operational parameters. For example,
high temperature has proven to increase hydrogen production
by enrichment of high-yield thermophilic organisms [31-33],
while pH limits methanogenic growth, influences metabolic
pathways in species of microbial consortia and selects for
distinct bacteria even at the species level [11,34-36]. On the
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other hand, ecological networks can be inferred and analyzed
to examine their systemic properties. Topological measures
(e.g., connectivity or robustness) can be calculated and related
to biological properties of the actual communities [37-39].
Overall, knowledge of the ecological properties of hydrogen
producing consortia (diversity and interactions) can provide a
systemic understanding on their functioning and help toward
a better and sustained performance.

In this work, we reviewed scientific publications corre-
sponding to 111 hydrogen fermentation and 122 anaerobic
digestion experimental settings. This information was used to
construct databases on composition and operational condi-
tions for multivariate and network analyses. The main goal
was to investigate the relationships between culture condi-
tions of bioreactors, biological factors (i.e., diversity, co-
occurrence, and network properties) and H, yield. Specific
goals included the following: (i) investigating specific micro-
bial groups related to certain operational conditions and var-
iations in H; yield; (ii) determining the structure of hydrogen-
producing and anaerobic consortia in terms of their ecological
co-occurrence networks, and (iii) finding structural changes
related to their stability.

Methods
Literature search

A key word search was conducted in SCOPUS using “dark
fermentation” and “microbial” for hydrogen-producing ex-
periments and “anaerobic digestion” and “microbial” for
anaerobic digestion experiments (publications until 2016 were
included). Since physical interaction is assumed among mi-
croorganisms (co-occurrence), only data from experiments
performed in a single bioreactor were used.

Data extracted from the literature

Attributes registered from the hydrogen-producing reactor
experiments included the following factors: H, yield, tem-
perature, pH, pretreatment, inoculum origin, substrate, and
prokaryotic species richness and identities. From anaerobic
digestion experiments, we only recorded species identities.
The information was registered at the time of maximum yield
or production (either H, or methane) based on the assumption
of equivalent ecological status; thus, the potential coexistence
of the recorded members of the communities was possible. In
51 of the experiments, the H, yield data were transformed to
mol Hy/mol hexoseconsumea for the multivariate analysis.

Microbial composition data

Microbial composition was analyzed in terms of presence/
absence data based on 16S rDNA gene sequence differences as
the standard marker for species identity in prokaryotes [40].
Importantly, most of the experiments used PCR-DGGE for
analyzing microbial communities for which band sequencing
was not always performed (also, when bands were excised
and sequenced, generally, only a subset of the total bands
were chosen). When reported sequences were of at least
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1000 bp, their GenBank accession number was recorded. For
sequences below 1000 bp, their identity was recorded ac-
cording to sequence similarity with their closest relative (at
least 97%, 95% and 90% similarity to 16S rDNA sequence for
species, genera and family identity, respectively). For experi-
ments where no sequences were available, the reported spe-
cies identities were recorded and, in the case of unidentified
OTUs (Operational Taxonomic Units) without reported se-
quences, they were only counted as part of total richness. The
available sequences were downloaded using their accession
numbers and grouped according to genera identities using the
UCLUST script [41] in QIIME [42] (95% similarity cut). The sta-
tistical analyses were performed at genus and family levels,
although ecological patterns were only found and reported at
the family level.

Statistical analyses

To visualize and identify patterns of environmental variables
(culture and operation parameters of the reactors) and their
correspondence with microbial composition, a multivariate
ordination approach was followed. First, culture conditions
parameters and H, yield were standardized via a z-score
transformation [30]. Then, three Canonical Correspondence
Analyses (CCAs) were performed to model the OTUs (family
level; removing unique families) response to environmental
parameters, inoculum source, pretreatment, and substrate
complexity (simple for defined substrates using a single car-
bohydrate as carbon source or complex for undefined sub-
strates, including waste water and organic residues). These
analyses were performed using the vegan package [43]
implemented in R software [44]. Additionally, an indicator
species analysis was carried out using community composition
and H, yield. Each experiment, was categorized according to
H, yield using 3 quantiles (0.02-1.02, 1.19-2.12 and
2.2—3.2 mol Hy/mol hexoseconsumed for low, medium and high
H, yield). The indicspecies package for R [45] was used for this
analysis.

Network analysis

To investigate the systemic properties of the studied microbial
communities, co-occurrence networks were reconstructed
using the complex networks reconstruction algorithm, Sets2-
Networks [46]. Only experiments where two or more families
were reported were used (hydrogen fermentation: 106 exper-
iments; anaerobic digestion: 122 experiments). Correlations
with probability values of 0.70 or higher were considered
statistically significant as described by Clark et al. [46]. Net-
works were topologically analyzed using Cytoscape [47] and
connectance was measured as an important topological
parameter for ecological networks [48]. Modularity analyses
were performed using the community detection algorithm by
Blondel et al. [49] implemented in Gephi [50]. Finally, robust-
ness analyses were performed consisting of measuring their
robustness coefficient [39] when nodes were removed at
random or by decreasing degree and their average vulnera-
bility [37).
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Results and discussion

Richness and temperature are positively correlated with H,
production

Three CCAs allowed investigation of the relationship between
culture conditions, microbial diversity and H, yield (Fig. 1, see
Tables S1 and S2). The first CCA included inocula origin, the
second included the type of pretreatment applied to the
inocula and the third included the medium complexity.

Our results show that species richness and temperature
are positively related to H; yield. In this sense, CCAs showed a
positive relationship between H, yield and richness (experi-
ments with six or more species tended to have a higher H,
yield in comparison to those with only two to three species;
1.94 vs 1.77 mol Hy/mol hexoseconsumed). This observation
underpins previous studies documenting that more diverse
communities (in terms of number of species) are also more
diverse in terms of metabolic pathways that can lead to a
wider range of usable substrates [23,51]. In addition, a
hydrogen-producing consortium with more species might
also increase functional redundancy and stability in the face
of environmental perturbations or invasions [25,52].

In the case of temperature, the CCA modeling microbial
diversity and pretreatments shows a positive relationship

between the temperature and H, yield (Fig. 1B; likewise, those
bioreactors operated at high temperatures, from 50 to 70 °C,
were associated with medium-to-high H, yield). This result
validates the multivariate analyses because it agrees with the
fact that high temperatures favor H, production and prevent
external species invasion such as by pathogens [53,54]. Inter-
estingly, pH was also positively related to H; yield, although,
accounting for the range analyzed in our experiments (4—7),
this might be an effect caused by pH inhibition because H,
production falls with decreasing pH due to increased meta-
bolic costs being totally inhibited at approximately pH 4
[55,56]. Furthermore, optimal pH values have been reported
between 5.5 and 7 [15].

Regarding the complexity of substrate, Fig. 1C shows that
experiments where simpler media are used are prone to have
an increased H, yield. Since these defined, simple media are
generally sterile, invasions and competition might be reduced.
On the other side, complex media, like manure, sewage or
waste water might carry invasive species that outgrow
hydrogen producers [57]. Unexpectedly, simple-media exper-
iments tended to show a higher richness than complex media
experiments. Further research is needed to investigate this
relationship explicitly, but some potential explanations for
this pattern include the complex interaction between inoc-
ulum sources (with varying initial diversity; [58]), pre-
treatments (that drastically reduce potential diversity),
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culture conditions (representing a strong selective force) and
substrate complexity. Examples of the complexity of in-
teractions among different ecological parameters can be
found in literature from microbial experimental evolution
looking explicitly at the resulting diversity when imposing
different selection regimes, substrates and environmental
conditions. In particular, we would like to point at a couple of
studies where simple or single carbon sources (substrates)
have been used in culture conditions and have resulted in the
emergence or stable coexistence of more that one strain or
bacterial “type” due to the appearance or de novo interactions
by cross-feeding strategies [22,58—60]. In the light of this
knowledge, the complexity of the ecological systems that
represent bioreactors, and that the analyzed experiments
where not designed to control for diversity of substrates and
diversity of microbial communities it is thus difficult to simply
expect a direct relationship between these two parameters.

Some families are related to variations in hydrogen
production

Some families, such as Ruminococcaceae, Tissierellaceae,
Oxalobacteraceae and Clostridiales Family XVIII, were associ-
ated with high H; yield in the CCAs, although it was not possible
to establish a statistical relationship through the “indicator spe-
cies analysis”. The positive correlation of Ruminococcaceae
members with high H; yield can be explained by experimental
evidence that associates some of its members with ruminal
biohydrogenation [61] as they are H, producers and important
substrate hydrolyzers [27]. Moreover, Tepidimicrobium, a Tis-
sierellaceae family member, may contribute to complex sub-
strate degradation because they are xylanolytic bacteria [62].
Furthermore, some Oxalobacteraceae members (genus: Janthi-
nobacterium) are hydrogen producers [63], and in the Clos-
tridiales family XVIII, genera such as Anaerovorax degrade
putrescine (protein degradation preduct), producing hydrogen
[64]. Other families associated with high H; production include
Thermoanaerobacteraceae (a widely known thermophilic high-
yield hydrogen-producer family) [19], Desulfovibrionaceae
(some members are H; producers) [65] and Lachnospiraceae
(butyric acid producers commonly found in rumen) [66].
Families associated with low H; yield included Spor-
olactobacillaceae, Bacillaceae, Lactobacillaceae, Enterobac-
teriaceae, Paenibacillaceae and Bifidobacteriaceae (see Fig. 1).
The first three families were also associated with low H; yield
in the “indicator species analysis” (p-value < 0.05). The negative
correlation of the presence of Lactobacillaceae, Spor-
olactobacillaceae and Bifidobacteriaceae families with H;
yield can be explained by their metabolic capabilities of
lactate and alcohol production, processes that in turn reduce
hydrogen production [67]. Furthermore, these and the Paeni-
bacillaceae families are also reported to produce bacteriocins
that are proven to have a negative effect on Clostridium spe-
cies, which are well-recognized H, producers [27,29,68].
Because Bacillaceae and Enterobacteriaceae members are
facultative anaerobes, they are thought to enhance H, pro-
duction by consuming O; in mixed cultures [27,69], although
they also produce H; via pyruvate formate-lyase (with a
maximum H; yield of just 2 mol of H; per mol of glucose) [70],
acting as substrate competitors decreasing H, production.
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Additionally, it might be possible that hydrogen consumers or
lactate producers take advantage of these conditions and out-
grow hydrogen producers as previously reported [18].

Interestingly, Clostridiaceae was not associated with any of
the axis, indicating that this family is prevalent in these ex-
periments although not all of its members produce Ha.
Because the main pretreatment used was heat-shock, Clos-
tridiaceae dominance was expected [71]. These results rein-
force the idea that H, production can be achieved even when
members of Clostridiaceae are not present [72].

Inocula and pretreatments affect microbial composition and
Ha production

The CCA including the origin of inoculum shows that the
compost inocula was associated with the highest H, yield
(Fig. 1A). This result is in agreement with previous studies that
reported that these communities are highly hydrolytic and
acidogenic, especially when degrading lignocellulosic sub-
strates [73]. Along with compost, rumen and manure com-
munities were included in this category; these communities
can carry adaptations (e.g., enzymes) for complex substrate
degradation, potentially increasing H production [74]. Mean-
while, activated sludge inocula was associated with the
highest richness that agrees with their high diversity [75].
Despite this result, higher richness does not translate into
high H; yield, probably because drastic selective and culture
conditions eliminate a large part of this diversity as previously
reported [76].

From the pretreatments conditions analyzed, we observed
that samples with no pretreatment were related to interme-
diate H; yield and to some unwanted species such as those in
Paenibacillaceae and Sporolactobacillaceae families, as ex-
pected [27]. Thermal shock pretreatment is associated with
the Clostridiaceae family, as mentioned above [71,77]. How-
ever, thermal shock pretreatment is negatively related to H;
yield, perhaps because substrate competitors such as Bacil-
laceae are capable of forming spores [77). Finally, chemical
pretreatments (e.g., pH, chloroform) were associated with
high H, yield as previously reported [78,79].

It is important to note that the number of experiments
included (51) might not be representative of all the diversity
present in hydrogenogenic consortia, so caution should be
taken when making further generalizations. Hereof, stan-
dardization of the methods and units used in the experiments
is essential to make wide-scale comparisons and is the first
step for identifying patterns that can help to better under-
stand microbial communities. Nonetheless, these findings
show that further research of specific groups correlated with
H: yield is essential to characterize their metabolic capabil-
ities, interactions and culture requirements toward increasing
H; yield. Finally, it is worth noting that some inocula may not
include the specific groups that have the best response and
performance in terms of H; yield, which should be considered.

Anaerobic digestion consortia are more robust than Hz
producing consortia

To investigate potential interactions among members
and systemic properties of hydrogen-producing and
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methanogenic microbial consortia, network analyses were
performed. In general, the topological attributes of both net-
works (i.e., centrality, connectance and density; Table 1)
indicate that anaerobic digestion network is less central and
more densely connected than the hydrogen fermentation
network (Figs. 2 and 3; data from Tables $3 and S4; significant
edges in Tables 55 and 56). In both networks, Clostridiaceae is
the most important node (in terms of its betweenness cen-
trality) reflecting the importance of this family in the energy
flux of anaerobic communities. Although the anaerobic
digestion network has a higher connectance than the
hydrogen fermentation network, both have low connectance
even when compared against macroorganism networks [48].
This could be because networks were inferred at the family
level using DGGE data and not by massive sequencing, i.e.,
diversity was underestimated and pattern detection power at
the finer scale was lost.

Particular differences between topological attributes of
both networks indicate that the anaerobic digestion network
is more robust than the hydrogen fermentation network. In
fact, the robustness analysis mathematically confirmed ex-
pectations about the topological attributes and their rela-
tionship with robustness. This analysis indicates that the
anaerobic digestion network has a higher robustness coeffi-
cient either when nodes are removed randomly
(84.78% + 19.74 vs 89.47% + 6.98) or by degree (19.62% vs 33.6%).
Moreover, the anaerobic digestion network has a lower
average vulnerability than the hydrogen fermentation
network (1.35*107¢ vs 1.92*10~"). The intersection network
reveals that only 16 nodes and 14 edges (out of 38 nodes and
117 edges of the anaerobic digestion network) are conserved
between both networks (Fig. 4), which reveals that after the
pretreatments, not only is the diversity greatly reduced, but
also that few of the original interactions are conserved. These
topological attributes can give us insights into the ecological
mechanisms that allow anaerobic digestion systems to stably
operate for extended periods [80].

One possible ecological explanation for bioreactor stability
derived from the topological network analysis is that, by being
densely connected, the microbial communities of these re-
actors are robust against random or directed species losses

Table 1 — Topological attributes of the resulting networks
at the family level.
Attribute H, fermentation Anaerobic
network digestion network
Average degree 3.586 6.158
Centrality 0.937 0.652
Avg. path length 1.872 2.037
Density 0.128 0.166
Connectance 0.062 0.081
Modularity 0.545 0.434
(2 modules) (2 modules)
Clustering 0.445 0.609
coefficient
Heterogeneity 1.430 1.015
Diameter 2 4
Nodes 29 38
Shared nodes 16
Edges 52 117

[81] as well as against species invasions [82]. However, the
evidence for the latter is mixed [83,84]. As the diagram in Fig. 5
shows, only a small part of the original diversity of the
anaerobic digestion consortia remains in the hydrogenogenic
consortia, which may mean that richness is a determining
factor in the stability of ecological communities (e.g., resil-
ience and resistance), for example, by enhancing functional
redundancy [25,51,85]. When taking into account the sub-
strate complexity, Fig. 5 shows that, independently of the
substrate type, anaerobic digestion experiments have a higher
richness. Although in dark fermentation experiments the
majority of families are shared among simple and complex
substrate experiments, some families are present only in
complex substrate experiments. The diversity-invasibility
relationship hypothesizes that high diversity increases
resource competition, which results in decreased niche op-
portunities hindering alien invasions [86]. Since low diversity
and high resource availability characterize hydrogen
fermentation communities, invasion might be facilitated by
collapsing the bioreactor’s function as found in other com-
munities [87]. Furthermore, the lack of natural competitors
might facilitate invasion success [88], although it is not known
how the same applies for microbial communities. Overall, our
results indicate that potentially cooperative associations
among members of the anaerobic digestion microbial com-
munities are lost in hydrogen fermentation bioreactors, which
negatively affects diversity and stability, precluding their
long-term operation.

Further exploration of the ecological organization of mi-
crobial consortia was achieved by a modularity analysis of
anaerobic and hydrogen fermentation networks. Both net-
works are decomposed into twe modules, which correspond
with ecological associations that can be exploited to increase
the system stability and H, production (Figs. 2 and 3). The
anaerobic digestion network modules indicate that they have
a complex structure matching previously known biological
information because the two inferred modules broadly
represent the process division into the acidogenic and the
methanogenic phases. As such, the first module comprises
function-related families such as Clostridiaceae (hydrolyzer
and H; producers) [5,23], Enterobacteriaceae (which aid in
maintaining anaerobic conditions in bioreactors and produce
H,) [89], Streptococcaceae (which aid in granulation or biofilm
formation) [5,90], Bacillaceae and Bifidobacteriaceae (sub-
strate hydrolysers; the earlier is also a H, producer) [5,91]. The
second module includes methanogenic archaea along with
hydrolyzers and H; producers (e.g., Ruminococcaceae) [27,61]
and syntrophic bacteria (e.g., Syntrophobacteraceae) [92].
The coexistence of several archaea groups agrees with the
niche separation between them due to their metabolic di-
versity [9]. In contrast, the hydrogen network's division into
two modules has no biological correspondence other than the
previously mentioned disruption of ecological interactions
and roughly corresponding to a divided acidogenic phase.
still, the earlier mentioned functions should be tracked to
particular strains that can provide these functions without
precluding H, production so that consortia design can be
achieved successfully.

It is relevant to discuss the validity and caveats that the use
of PCR-DGGE data in diversity analyses, such as the presented

25



EN

ENERGY 41 (2016) 17297 17303

ac |

Pept N
Desdl fo‘acgac
Mos ae / : \
'ccac [ N Pseudol

Anaere
Syntroph

aceac

Thermod iaceace

Fig. 2 — Co-occurrence network of the anaerobic digestion consortia at the family level. Node color ac
centrality of the nodes from low (green) to high values (red). Node edge color shows

J (:]orslridi‘milyAXI

forbet
dule. Experi

1 ts

hip to a

included = 103. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of

this article.)

Thermoana

Sporolac laceac

Comai ceae

jccae

E Flavobo
Thcnnod‘»iaceac
Prc\r‘a

Erysi| ceae

Pacnil

Enlcr:’

rtae_Sedis

Lachn‘

Family XVI

centrality of the nodes from low (green) to high values (red). Node edge color shows

B:

¥ Pmpion.accac/ g
D‘es/ullfc’waoeae'

Pcplo‘c Oxalol’ 4
Tissi‘é ae Pcploslre‘accae \

eriaceac

c

B iﬁdoOceae

N Pscudo ceae

Conob@@
mvr‘aceae Vcll]eae

Fig. 3 — Co-occurrence network of the hydrogen-producing consortia at the family level. Color accounts for betweenness

1. dul

ship to a Experiments

included = 122. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of

this article.)

here, may impose to our conclusions and the perspectives for
future research with these considerations. Although DGGEs
have been reported as highly reproducible and congruent with
Next Generation Sequencing (NGS) methods (also known as
high throughput sequencing) in terms of profiling complex
communities, it is true that diversity in DGGE profiles is not
completely captured (only numerically dominant taxonomic
groups are consistently found in both methodological ap-
proaches) (93-96], it has also been noted that protocol-specific
variations in DGGEs can lead to significant difference in
banding patterns. For example, amplicon choice (specific
genes and gene regions), double band patterns due to changes
in DNA structure, polymerase errors and preferential band
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sequencing influence the quality of the data and, can impact
negatively the comparability of experiments [97-100]. Thus, it
is undeniable that limitations exist in regard to the type of
data collected (i.e. DGGE derived), and diversity estimates here
presented should be taken cautiously by themselves, none-
theless and given the comparative nature of the analyses here
presented, it is valid to say that the findings regarding statis-
tical relationships between diversity and operational param-
eters as well as H, yield may hold even with more accurate
methodologies of community composition analysis. None-
theless it is worth mentioning that modern technologies for
microbial composition characterization such as NGS, prote-
omics and metabolomics will help to re-evaluate the diversity
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and functional information so far published and to further
disentangle the ecological phenomena that occur within
hydrogenogenic consortia beyond statistical relationships of
parameters.

In summary, results from the multivariate analyses show a
codependency between operational conditions, community
structure and bioreactor functioning (H, yield). Although
these results should be taken with caution due to the meth-
odological bias for identifying species, a clear, positive rela-
tionship is observed between temperature, pH and richness
with high H, yield. Some families and species highlighted
here, (besides from the highly studied Clostridiaceae), are
frequently ignored or overlooked in the design and enrich-
ment of consortia (and even in the isolation of hydrogen-
producing strains). These species might be good candidates,
per se or in association, for enhancing hydrogen production via
other functions and interactions. Moreover, the network an-
alyses confirmed the hypothesis that hydrogen fermentation
consortia are less robust than anaerobic digestion consortia,
possibly due to the loss of diversity and interactions by
aggressive inocula pretreatments and culture conditions.

Conclusions

As future research aims to design high-yield and long-term
stable consortia, ecological and evolutionary processes
should be considered. As shown by our results, some

overlooked aspects that need to be included in future research
are: the relationship between microbial diversity and stability
(including metabolic diversity and functional redundancy)
and the amount, type and members of microbial interactions
(e.g. facilitation and mutual cooperation between hydrogen
producers and biofilm producers or facultative anaerobes).
Also, this work highlights the limitations of currently used
methods for exploring microbial diversity (i.e. DGGE). Finer
molecular approaches (e.g., massive sequencing or tran-
scriptomics) can provide more detailed and species-level in-
formation about microbial composition in terms of identity,
abundance and functional role in bioreactors. Future work is
necessary to experimentally investigate the relationships
found in this study and to apply them effectively to overcome
the productivity and yield problems. For example, questions
that derive from our work include: (1) how to increase mi-
crobial diversity while maintaining high yield? (2) how to
prevent or restore the ecological interactions and processes
lost in hydrogen producing consortia? (3) what conditions give
rise to cooperative interactions between microorganisms
present in this consortia? Nonetheless, the information pre-
sented here can direct future research to focus on specific
microbial groups and their interactions. This research can
transition from in silico modeling of bioreactors to specific
experiments, including synthetic biology design, considering
both evolutionary and ecological dynamics.
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Capitulo 2: Propuesta de marco de trabajo para el estudio de consorcios
productores de hidrégeno con un enfoque ecolégico.

Prefacio

Para poder predecir el funcionamiento de comunidades microbianas y su respuesta ante
perturbaciones (p. Ej. Cambio climatico) es indispensable entender los mecanismos que subyacen sus
dindmicas poblacionales. En el caso de la fermentacién obscura, su escalamiento depende de la
optimizacidon de la estabilidad funcional de los consorcios asociados a los biorreactores. Sin embargo,
hasta ahora, la investigacion de los consorcios de fermentacion obscura se ha realizado,

principalmente, sélo desde el enfoque de la ingenieria de los biorreactores.

El proceso de la investigacidn cientifica no es lineal. En cambio, puede verse como un proceso
iterativo en el que nuevas ideas y experimentos se basan en informacidon generada previamente. En
ese contexto, la investigacidn sobre ecologia de sistemas microbianos puede verse beneficiada de una
sistematizacién y estandarizacién de los analisis usados. Esta aproximacién puede proveer de
profundidad y detalle al entendimiento mecanismos basicos como las interacciones y la relacion
diversidad-funcién. Los resultados de estudios sistematicos permiten generar nuevas hipdtesis a
probar experimentalmente y avanzar de manera sostenida hacia la comprension de mecanismos
subyacentes a los patrones observados. En este capitulo se propone un marco de trabajo para el
estudio integral de consorcios microbianos usando como modelo los consorcios de fermentacion
obscura. Nuestro enfoque permite el analisis del comportamiento general de la funcién y diversidad
microbianas de los reactores como primer paso. Posteriormente, nuestro enfoque se orienta en inferir

la relacion entre la diversidad y la funcién del sistema.

Usando un experimento tipico de fermentacidn obscura como caso de estudio, mostramos la
importancia de construir hipdtesis mecanisticas usando evidencias de distintas fuentes. Por una parte,
proponemos que el uso de andlisis correlativos y multivariados reducen la complejidad de la
informacién y permiten la deteccidn de organismos y patrones relevantes. El uso de analisis que
incluyan la biologia de los organismos, como la modelacion metabdlica, son propuestos como
complemento a los analisis correlativos y permiten generar hipétesis acerca de los mecanismos y
consecuencias de las interacciones microbianas. Adicionalmente, nuestro marco de trabajo hace
hincapié en llevar a cabo disefios experimentales que incluyan contrastes y replicacion, lo que aporta
robustez estadistica a las observaciones y conclusiones. Estos disefios permiten evaluar de forma

rigurosa el efecto de las condiciones de cultivo, contrastar con experimentos control el efecto de los
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tratamientos aplicados y llevar a cabo la modelacidon estadistica de los procesos bioldgicos.
Finalmente, propone el uso de herramientas computacionales con base estadistica para el estudio de
los mecanismos ecoldgicos y evolutivos (como las interacciones bidticas) que producen las dinamicas
observadas, lo que permite la construccién de nuevas hipdtesis y el disefio de experimentos que lleven
a avances solidos en el conocimiento de mecanismos subyacentes. También se ejemplifica la utilidad
que los resultados obtenidos por este marco de trabajo en la planeacion de nuevos experimentos por
medio de la retroalimentacién entre estudios. Los resultados obtenidos por medio de nuestro marco
de trabajo son utilizados como caso de estudio para demostrar la utilidad de la sistematizacién y
robustez experimental en la investigacion cientifica circular necesaria para descifrar los complejos

mecanismos que gobiernan las comunidades microbianas.
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Introduction

Increased greenhouse gases emissions and dependency on
fossil fuels motivate research on sustainable and clean energy
production based on renewable resources [1]. Dark fermen-
tation by microbial consortia is a promising avenue for
transforming residual carbohydrate-rich biomass into low-
contaminant hydrogen, volatile fatty acids, and alcohols [2],
and it has advantages over other strategies of biological
hydrogen production (e.g. photofermentation, microbial fuel
cells) that require specialized equipment and substrates.
However, the performance and stability of dark fermentation
remain as issues and continue to be investigated to success-
fully scale up the process [3,4].

‘While few studies have incorporated the ecological aspect
of dark fermentation (i.e. [5,6]), most research has emphasized
the role of operating conditions on the performance of bio-
reactors mostly overlooking the underlying ecological dy-
namics of the microbial consortia. Despite this, studying the
species richness and abundance of microbial consortia asso-
ciated with dark fermentation and their relationship to bio-
reactors performance has provided a broad catalog of the
most common species, their potential metabolism and func-
tions [/]. The few studies that have investigated microbial
interactions in hydrogen-producing bioreactors have provided
hypotheses regarding the role of some bacterial groups in
critical functions such as hydrogen production, oxygen con-
sumption, or granule formation [6,8—11]. With this basic
knowledge, some efforts have been made to integrate data
qualitatively [12] and quantitatively [13], but the lack of sta-
tistically sound experimental designs and an integrated
analytical approach for studying microbial interactions have
hindered the emergence of clear patterns or informed hy-
potheses in terms of the diversity-function relationship and
microbial interactions.

Statistical modeling has been considered a powerful
approach to gain a mechanistic understanding of complex
microbial systems (as the ones bioreactors represent [14,15]).
The strength of statistical modeling relies heavily on the
replication of experiments that allow data collection for
analytical integration regarding microbial diversity, metabo-
lites production-consumption, and biotic interactions [16,17].
Two exemplary cases that have followed this approach
include the study of the human gut and the frog skin micro-
biomes. In particular, given the information provided by sta-
tistical modeling of complex microbial communities, it has
been possible to identify the microbial community structure
characteristic of healthy and sick individuals and the species
of symbiotic bacteria that might prevent or treat diseases in
the skin of frogs and the human gut microbiome [18-20].
Moreover, statistical modeling approaches coupled with the
power of high-throughput sequencing and genomics repre-
sent an unprecedented opportunity to advance in the under-
standing of the mechanistic basis of the functioning of
microbial consortia, from bioreactors to microbiomes.

In the present work, we propose an analytical framework
to investigate the microbial ecology of consortia in dark
fermentation reactors through the statistical modeling of
multivariate data (i.e. microbial diversity, metabolite
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composition, reactor performance) (Fig. 1). In particular, the
framework intends for and in-depth understanding of the
ecological basis of dark fermentation bioreactors through a
sequence of questions with increasing depth of inquiry: (1)
How microbial populations diversity change during biereactor
operation? (level 1: description) (2) How microbial and metab-
olite dynamics are related during bioreactor operation? (level
2: association) and (3) Given bioreactor culture conditions,
which interactions among existing microbial groups can be
inferred? (level 3: modeling). To illustrate the framework, and
as a proof of concept, we present as a study case a hydrogen-
producing bioreactor operated during 45 days in which data of
performance, microbial diversity, and metabolite production/
concentration were analyzed. We aim to contribute to
bringing attention to the importance of experimental design
and ecology-driven analyses to advance in the understanding
of dark fermentation consortia. From our study case, which
represents a standard bioreactor setting, we exemplify the
potential of our framework and discuss the limitations of
current experimental settings and analyses. For instance, we
describe how interactions between bacteria could occur with a
potential effect on performance, given the operation condi-
tions of the analyzed bioreactor. Also, we make evident how
lack of replicates, controls, and limited sampling points
negatively affect the robustness of conclusions. Our results
also provide hypotheses on the performance to be specifically
tested in further experiments, illustrating the power of an
analytical framework that can systematically narrow down
the study of the ecological basis of bioreactors performance.

A framework for integrating functional and
microbial data

The proposed framework allows for the analytical integration
of operating parameters (performance) and microbial data at
three inquiry/analytical levels depending on the objectives of
the experiment and data availability. The framework is
thought in the context of the complex interactions of micro-
bial communities which difficult a predictive control of bio-
reactors. The framework inquiry levels are built upon
statistical analyses, some of which, are commonly carried out
in microbial ecology research, but are presented here in a
streamlined fashion to facilitate its application and the iden-
tification of patterns from multivariate data. Using this
approach, it is possible not only to build a catalog of microbial
diversity but also to identify candidate microbial groups
related to particular functions, their interactions, and their
impact on the performance of bioreactors. Beyond the con-
ceptual presentation of the framework, we also describe the
complementary analytical methodologies of the different in-
quiry levels of the framework, their requirements, and appli-
cations in helping to disentangle ecological relationships in
dark fermentation consortia. We also identify the limitations
and possible adjustments of experimental designs that can
improve research on dark fermentation microbial consortia.
Finally, itis important to notice that this framework is thought
of as a roadmap of an iterative process in which models are
refined through experimental validation.
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ion prc
P

115 :

14

ERY

The process of developing mechanistic models of dark
fermentation should involve the collection of detailed micro-
bial and function data. Importantly, these models should link
biological and engineering information for a comprehensive
or system-level analysis. To conduct comprehensive analyses
that lead to robust conclusions, reproducibility, and

predictability, adjustments to experimental designs may be
needed. One major and critical adjustment of experimental
designs for microbial ecology research in bioreactors is repli-
cation and hypothesis-driven investigation of microbial
communities. The benefits of replicated experimental design
have been deeply discussed in microbial ecology research

36



31709

[26—28] but it has not been implemented successfully in bic-
process research except for few cases [29,30]. For example,
replicates are of utmost importance as it is not possible to
capture the biological complexity of microbial consortia and
their response to perturbations in a single trial [31]. In turn,
not replicating makes it impossible to distinguish if the
observed responses are due to physiological processes or
culture conditions. Likewise, replicated controls are indis-
pensable to determine the effect of treatments on microbial
diversity and function. These considerations will enable to
step up from observational and catalog studies to predictive
models.

Level 1: Description of microbial diversity and bioreactor
performance

Given the variation of microbial consortia composition (di-
wversity) and bioreactors performance, it is common to present
a relatively simple summary of the functional and microbial
diversity dynamics. Microbial diversity descriptive analyses
are commonly presented in dark fermentation studies [32,33].
Bar graphs are the most frequently used visualization tool
since they allow immediate identification of the differences in
the relative abundance of microbial groups across samples
[34]. To complement bar graphs, heatmaps built with stan-
dardized abundance data can be presented. Heatmaps are
graphical representations of relative abundance tables and
allow to observe changes in composition regardless of the
overall abundance of taxonomic groups [35]. Additionally,
heatmaps allow for clustering visualization in dendrograms in
which rows and columns are reordered as the result of hier-
archical clustering analysis. The dendrogram arrangement
displays clusters of species (rows) with similar abundance and
samples (columns) with similar bacterial composition [34].
Also, dendrograms show the hierarchical relationship be-
tween species and samples (reflecting the beta diversity, or
differences in composition across samples) [36]. It is note-
worthy that no function-diversity relationships should be
interpreted from these graphs alone since they give no sta-
tistical support. Bar graphs and heatmaps can be constructed
in QIIME 2 [37], R, Python, or using web platforms such as
MicrobiomeAnalyst [38] or VAMPS [36]. Further analyses for
revealing associations between the culture environment and
microbial diversity can be explored with other approaches,
some of which are described in the following sections.

Level 2: Association of microbial diversity with bioreactor
performance

In microbial consortia, metabolites are consumed and pro-
duced by microbial groups simultaneously as the basis for
their ecological interactions [29,40]. Thus, identifying the
bacteria that are involved in the production/consumption of
certain metabolites is ecologically meaningful. Information on
metabolite dynamics, in parallel with microbial diversity data,
can help to determine which bacterial groups and their
metabolism may impact bioreactors performance. Nonethe-
less, the analytical coupling of metabolite-microbial diversity
data should take into account at least three biclogical aspects
of microbial physiclogy: (1) transformation of metabolites is
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not linear and cross-feeding and feedbacks occur [41,42]; (2)
several species might participate in more than one function
(or metabolite transformation [39]); and (3) even when mi-
crobial species are closely related or from well-known mi-
crobial groups, they might contribute differently to
bioreactors performance due to variations in response to
conditions or metabolic capabilities [12].

Inference of diversity-function relationships

By using microbial abundance and metabolites concentration
data it is possible to make statistical inferences about which
microbial groups participate in the transformations of which
metabolites. The main idea is to statistically relate changes in
microbial species abundance with changes in metabolites
concentration. Additionally, it is also relevant to observe
patterns at a larger scale (i.e. sub-groups of species).

To determine associations between the microbial compo-
sition and bioreactor performance (metabolic data), correla-
tive analyses (e.g. Spearman or Pearson correlations) have
frequently been used in natural, medical and biotechnological
systems [43—46]. As with diversity data, heatmaps are usually
useful to summarize and visualize the correlations between
the microbial abundance and the concentration of the me-
tabolites [34]. Another common approach to investigate the
relationship between microbial groups and function is
ecological ordination. In ecological ordination, all variables
(metabolites) are reduced to new synthetic axes in which ob-
jects (species) are displayed [47]. The reduction of variables
and plotting of species result in ordination plots that allow to
identify if species have a positive or negative relationship with
metabolites. Several ordination analyses are available
depending on the type of data (mainly species abundance and
metabolites concentration tables). The most common are the
principal components analysis (PCA), the redundancy anal-
ysis (RDA), the non-metric multidimensional scaling (NMDS),
and the canonical correspondence analysis (CCA) [47,48].
These analyses can be carried out in R using the vegan pack-
age [49] or using the MicrobiomeAnalyst [38] and VAMPS [36]
web platforms. Extensive reviews of these analyses have been
published previously [47,48], and the decision on the best one
depends on the characteristics of the study and type of data.
For example, PCAs are typically performed with microbial
abundance data only to cbserve similarity between sample
composition [50]. In contrast, CCAs can help to include oper-
ational parameters (even categorical) to further relate di-
versity with bioreactors function [50].

Considering that microbial communities are dynamic and
exhibit complex responses to their environment [51] it can be
ecologically informative to analyze temporal changes of the
correlations between microbial diversity and metabolites
composition. To this end, temporal correlations are calculated
using data values with temporal lags. This method can help to
infer the pathways of metabolites transformations. These
correlations are calculated between the different bacterial
abundance and metabolites concentrations at different tem-
poral lags (e.g. metabolites concentration at day t-1 with
bacterial abundance at day t). Python packages pandas v0.23.4
[52] and sklearn v0.19.2 [53]. Finally, from the correlation
matrix between metabolites at time t-1 vs. microbes at time t
and microbes at time t vs. metabolites at time t+1, a temporal
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correlation network can be generated using the appropriate
software such as Cytoscape v3.6 [54].

Level 3: Inference of ecological interactions

In the final inquiry level of the framework, analyses reach the
deepest level to generate mechanistic hypothesis of microbial
interactions. In this level, the goal is to generate an ecological
network hypothesis of the biotic interactions between the
microorganisms in the bioreactor. The networks represent
hypotheses of the potential interactions, whether positive or
negative and can be analyzed mathematically to identify
properties of their constituents and the global structure of the
microbial consortia [55]. Once analyzed, ecclogical networks
can help to visualize potential mechanics of microbial con-
sortia behavior by bringing attention to key species or in-
teractions with possible consequences on performance.
Further, the described interactions are then candidates to be
tested in experiments that investigate their effect on perfor-
mance and their response to culture conditions.

Co-occurrence networks

The most accessible method for reconstructing ecological
networks is through the correlation of microbial abundance
data [56]. The results are co-occurrence/co-exclusion net-
works in which nodes represent species and edges the corre-
lation between their abundance as a proxy of potential
interactions [57]. Edges can signify positive interactions if
species tend to occur simultaneously or negative interactions
if species tend to exclude themselves across samples [57]. The
main advantage of inferring co-occurrence networks is that
the only requirement is the abundance data of consensus 16s
rRNA gene sequences for each microbial species. Most
commonly, Spearman, Pearson, or Kendall correlations are
used followed by calculation of p-values [56]. Other common
filters to narrow down the statistically valid correlations is to
determine a minimum value of the correlation index and only
keeping interactions supported by two or three distinct cor-
relation methods [58]. The CoNet plugin v1.1.1 [21] for Cyto-
scape v3.6 [54] allows to streamline the process of inferring co-
occurrence networks using several correlation indices and
allowing to filter valid correlations by p-value calculation and
randomization routines. As with other correlation-based
methods described before, the sample size must be as large
as possible (especially with increasing diversity), replication is
one way to increase sample size, as this reduces the false
positive rate and increases analyses robustness [21].

Metabolic modeling

Metabolic modeling consists of the mathematical interpreta-
tion of the bacterial-mediated biochemical transformations
required for the uptake and excretion of nutrients and me-
tabolites obtained from annotated bacterial genomes [59].
Metabolic models include all the known chemical reactions a
bacterium is capable to perform and the associated genes
(thus called genome-scale medels [15]). With the information
of the species genomes, two individual genomic models can
be coupled to infer potential interactions of species based on
the products and substrates (i.e. pairwise metabolic models)
[23,24]. Metabolic modeling can be incorporated into the

network inference process by using only statistically signifi-
cant abundance correlations in the generation of pairwise
models. The MMinte software [24] can carry out the identifi-
cation of the metabolic models by using 16sRNA gene se-
quences of the identified bacteria (e.g. obtained from level 1)
and downloading the metabolic models of their closets rela-
tives from the ModelSeed database [60]. Then, the same soft-
ware can carry out the coupling process by the calculation of
the pairwise models from a user-given list of significant co-
occurrences and evaluation of the potential interactions
using flux balance analysis. The output from MMinte is a list of
potential interactions that can be plotted using Cytoscape
software [54]. Other options for performing metabolic
modeling of microbial interactions include The Microbiome
Modeling Toolbox [61] BacArena [25], and COMETS [62] which
can also take into account spatial and temporal scales.

Results and discussion
Case of study

The experimental data sets employed in this study are from
Munoz-Paez et al. [63]. Briefly, experiments were performed in
an anaerobic sequential bioreactor operated during 45 days at
35 °C with controlled pH at 5.5. The substrate and inoculum
consisted of an acid-dilute lignocellulosic hydrolyzate and a
heat-treated anaerobic granular sludge, respectively. Phases
of hydrogen production were delimited by periods of
increasing substrate concentrations until hydrogen produc-
tion fell (Fig. 2). An overview of metabolites produced during
bioreactors operations is presented in Fig. S1. Detailed infor-
mation about the experiments and operating conditions is
available in Munoz-Paez et al. [63].

Level 1: Description of microbial diversity and bioreactor
performance

The first inquiry level of the proposed analytical framework
includes the description of microbial diversity and the per-
formance of hydrogen-producing bioreactors. As we previ-
ously mentioned, bar graphs are the most frequently used
visualization tool of microbial diversity, since they allow im-
mediate identification of the differences in the relative
abundance of microbial groups across samples. However, bar
graphs are not well suited to observe changes in fine detail. For
instance, bar graphs tend to be cluttered when several species
are present and only changes in highly abundant species are
evident [34]. Sub-dominant species can be keystone species in
the sense that they contribute to nutrient cycling and
increasing carbon flow, thus of relevance in the functioning of
consortia [17,64,65]. In our study case, we used a comple-
mentary heatmap of standardized species abundances to
inspect patterns of changes in all the identified bacterial
species, independently of their relative abundance.

The implementation of both bar and heatmap graphs as
diversity analyses and visualization tools in our study case is
presented in Fig. 3. From the bar graphs, it can be observed that
microbial composition was highly variable in the course of the
experiment (Fig. 3a). Besides, with the heatmap analysis, it is
possible to appreciate more detail regarding diversity
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information. For instance, at least two clusters of bacterial
species were observed in the analysis, based on species abun-
dance changes along five sampling points (Fig. 3b). These
clusters represent subsets of the bacterial diversity that coex-
isted in a given time with potential positive interactions within
each cluster, and potential negative interactions between
clusters. In this regard, heatmaps can guide the interpretation
of further analyses by looking more closely into the clusters.
For instance, in our study case, two clusters of bacterial species
are formed and persist for the duration of the experiment with
distinctive abundance patterns. During the first 28 days of the
experiment, a cluster composed of several Clostridium species
(e.g. Clostridium oryzae and Clostridium autoethanogenum), Etha-
lonigenens spp., Pseudomonas panacis, and Lactobacillus buchneri
were most abundant. After the first 28 days of the experiment,
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the other cluster, composed of species such as Mitsuokella
multacida, Clostridium beijerinckii, and Yokenella regensburgei
increased their abundance. Although the composition of clus-
ters from this analysis can be taken into account in further
analysis, caution should be taken in the ecological interpreta-
tion of the clusters given that, in this analysis, the clustering of
species has no statistical support.

If analyses are not continued from this point, the resultis a
catalog of microbial diversity that cannot fully support
ecological hypothesis [66]. Proper ecological interpretation
requires the integration of metabolic data and microbial
composition since microbial diversity and function are the
results of complex interactions among bacteria and with their
environment [67]. Finally, the main caveat to be noticed here
is that lack of replication of the experiment poses limitations
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to the robustness of statements regarding actual differences
across samples throughout the experiment.

Level 2: Association of microbial diversity with bioreactor
performance

The integrated analysis of microbial and metabolite data aims
to understand how bacterial composition relates to bio-
reactors performance or function (“association” in Fig. 1). It has
been largely known that variations in the microbial compo-
sition of communities affect the function of ecosystems [68].
Despite cutting edge advances in dark fermentation research
and some progress in the exploration of the microbial ecology
of bioreactors performance (i.e. [32,69,70]), limited under-
standing still exists on the microbial consortia structure and
its relationship with performance. As mentioned earlier, lon-
gitudinal studies where temporal scale is considered will
allow to follow up on the transformations metabolites un-
dergo and the associated microorganisms to such
transformations.

Avoiding a “black box" approach when studying bio-
reactors will contribute to improve bioreactors management.
For example, it is necessary to understand which organisms
participate as primary degraders of complex substrates,
which use smaller hydrolyzed compounds, and which might
help to recycle scarce nutrients. In our study case, we identi-
fied at least two clusters of bacteria based on correlation
patterns with metabolites (Fig. 4a). Notably, bacteria of these
clusters correlate, in opposite directions, with hydrogen pro-
duction. The first cluster includes bacteria like P. panacis, L.
buchneri, C. oryzae, and C. autoethanogenum, and the second
cluster includes bacteria like C. beijerinckii and Y. regensburgei,
which coincides with the clustering based on relative abun-
dance similarity of the samples (Fig. 3b). Notably, this

associations were similar in lagged correlations (e.g. C. autoe-
thanogenum positive with hydrogen and butyric acid and Y.
regensburgei negative with hydrogen and butyric acid). Two, not
mutually exclusive processes could have contributed to the
observed clustering of bacterial species that would require
further investigation. One possible explanation could be dif-
ferential responses to the changes in culture conditions
(Fig. 2). Another, reason could be that interactions between
members of each cluster might have contributed to distinct
growth or inhibition of the bacteria. Evidence of the second
potential explanation is that species of one the first cluster
positively correlate with hydrogen, butyric acid, and propionic
acid representing a H, producing subgroup [71]. In this first
cluster, Clostridium spp. are common hydrogen producers [72],
but bacteria like Lactobacillus have a less clear role. Lactobacillus
might be competitive [5] or even cooperative [73] to hydrogen
producers. In contrast, bacteria of the second cluster posi-
tively correlate with carbohydrate and acetate consumption
which might indicate a competitive advantage in nutrient
uptake.

In the experiment presented here as an example, correla-
tive analyses serve as a first exploration of the microbial
diversity-function relationship. Although no consensus exists
when determining the minimum sample size for statistical
tests, in this and similar experiments, the robustness of the
analyses can be compromised if no replication is considered
[28]. We acknowledge that logistical and financial reasons
might prohibit the implementation of replicates in bioreactor
research. Yet, it is important to consider the use of all the
possible replicates per treatment to assess the statistical sig-
nificance of correlation and ordination analyses (and their
complementary ANOVAs or PERMANOVAs) which are nega-
tively affected by low sample sizes [21,74,75]. Lastly, neither of

40



{TER DROGEN ENERGY 45 (2020) 31706-31718 31713
a b
3
c
g ¢ t1 t 1
:s
p—— L
Lactobacillus paracasei - F .00
Ethanoligenens 1° 204 -
Ruminococcus 1. .08 S/
Prevolslla 2. 2 : 7 >
votella - > R,
Clostridium beijerinckii 1° 5 : l Propionic acid
Enterobacter tabaci -
Pectinatys Meingensi
‘ectinatus frisingensi: /
i ] i
Clostridium beijerincki
Anaerofilum |
Ethanoligene! i
Lactobacillus buchneri -
udomonas panacis
Lactobacillus harbinensis
Clostridium guangxiense
Bulleidia p-1630-c5
Prevotella 1
Clostridium algifaecis
Clostridium neuense 4
Lactobacillus hilgardi
Clostridium sp . -
Ruminococcaceae 1. .
Prevotella 3. .
Lactococcus lactis
Clostridiaceae . H |
Acetobacter ascendens . =
Clostridium carboxidivorans . |
glosuidieceae;. I :
lostridiaceae 3 . \ -
Clostridium oryzae | \ o bejjerincki 7
Acetobacter lovaniensis . \ - /
Clostridiaceae 2.
Unidentified Bacteria . Il
Mitsuokella multacida - i
Bulleidia p-1630-c5
Fig. 4 — Correlations between microbial composition and tabolites a. Correlations b OTUs abundance and

metabolites concentration at the same sampling time. b. Temporal correlations between microbial abundance and
metabolites concentration before (t-1) and after (t-+1) sampling for diversity analysis (blue lines with open squares indicate
negative correlations; pink lines with open arrows indicate positive correlations). (For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of this article).

the described methods explain causality nor the mechanism
underling the phenomena, but they serve as a guide to
detecting potentially relevant interactions [66]. Follow-up ex-
periments in the same system (i.e. culture conditions, sub-
strates, and inocula) must be performed to test the generated
hypotheses. Additional metabolites (non-performance related
such as bacteriocines) and molecular techniques (as prote-
omics) can provide direct information on the underlying
metabolic mechanisms of interactions, as has been done in
anaerobic reactor research [43].

Level 3: Inference of ecological interactions

To date, approaches in dark fermentation research tend to
focus on bacteria as standalone entities ignoring the in-
teractions that occur among different microbial groups. When
reconstructing ecological networks, species co-occurrence or
mutual exclusions, which are statistical inferences, could be
the result of actual ecological interactions, either positive or
negative respectively [57]. Nonetheless, further integration of
information is needed to support ecological hypotheses from
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network inferences, such as metabolic data that can help to
identify potential metabolic pathways involved [76]. Genomic-
derived metabolic modeling can add information to further
support detailed hypotheses of microbial interactions, the
involved metabolites, ecological functions, and niche of key
bacteria in microbial consortia [76]. Statistical support and
multivariate information help in formulating data-informed
hypotheses to be tested and refined in an iterative process
embedded in the presented framework.

In the “modeling” step of our proposed analytical frame-
work, microbial and metabolite data allow inference of
ecological interactions through network analyses and meta-
bolic modeling. In the bioreactor described here, the inferred
network showed that negative (or antagonistic, competitive)
interactions are more prevalent than cooperative interactions,
as has been observed in other systems where competition is
prevalent due to nutrient or spatial limitation [23,77] which
might be also the case for bioreactors fed with easily
fermentable substrates [78]. Some of the inferred relationships
between bacteria based only in their abundance and
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Fig. 5 — Metabolic modeling network inference of ecological interactions at a species level. Inference is based on species
pairs growth in a hypothetical culture medium with composition akin to the bioreactor’s experimental conditions
(Supplementary text 1). Colors of edges represent the types of interactions as follows: yellow, parasitism; red, competition
and green, commensalism. (For interpretation of the references to color in this figure legend, the reader is referred to the

Web version of this article).

metabolite concentrations are coherent with the results of the
modeled ecological network. For example, C. autoethanogenum
and C. beijerinckii were found to have a potentially competitive
interaction (Fig. 5). This competitive behavior might be the
result of their overlap in metabolic capabilities, as has been
already observed for different Clostridium species and their
overlap in certain energy sources [79] and metabolically similar
bacteria [20]. Likewise, the predicted negative relationship be-
tween C. autoethanogenum and Y. regensburgei could be subject
to further investigation as no previous reports on it have been
made. In contrast, L. buchneri and P. panacis were found to
potentially engage in a cooperative interaction (Fig. 5), with
previous information on the coexistence of these genera [13].
Furthermore, the commensal interactions detected by the
ecological model (Fig. 5) tend to occur between bacteria that are
in the same cluster of bacterial-metabolite correlations (i.e. P.
panacis and L. buchneri; Fig. 4a), while parasitic (negative) in-
teractions occur between bacteria in different clusters. It is not
clear what would be the functional consequences at the
bioreactor scale of cooperative interactions between non-
hydrogen producers on bioreactors performance.

Network inference and metabolic modeling are comple-
mentary analyses, allowing us to have ecological hypotheses
of the observed patterns of co-occurrence and co-exclusion.
Thus, to couple metabolic modeling (or other metabolic in-
ferences) to network analysis is strongly advised, since
correlative analyses (network inference) are limited in
reflecting actual biological interactions [81-84]. Additionally,
since statistical methods are the first step in network recon-
struction, a replicated experimental design indispensable to
obtain trustworthy results [21]. An extensive review of addi-
tional methods for ecological networks reconstruction and
their requirements can be consulted elsewhere [85]. Inde-
pendently of the method used for networks reconstruction, an
important point to consider is that biological information to
generate mechanistic models used in interactions description

is still scarce and an interdisciplinary effort between experi-
ments and models is required [15]. Strain-level information
has been suggested as necessary given the genotypic and
phenotypic heterogeneity in same-species bacterial pop-
ulations [86—89).

Conclusions

Studying bioreactors from an ecological point of view is key to
understand the microbially mediated processes, thus neces-
sary to improve their control and performance. To gain
mechanistic insights into the ecological interactions that are
the basis of bioreactors behavior it is necessary to integrate
the data of their performance with their associated microbial
diversity. Here, we described a conceptual and analytical
framework to investigate the ecological basis of dark
fermentation bioreactors as tightly interconnected pop-
ulations of bacteria. This framework allows to identify spe-
cies, and their interactions, that might represent examples of
ecological dynamics with impact in bioreactors function. The
presented framework relies heavily on statistical analysis and
modeling, which requires to design experiments with appro-
priate replication and controls for robust ecological in-
ferences. Finally, the conceptual basis of the framework
emphasizes the value of generating statistically sound hy-
potheses and test them experimentally in an iterative and
robust process to advance into mechanistic knowledge on the
ecological basis of dark fermentation.
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Capitulo 3: Comparacion de estructura ecoldgica de consorcios

productores de hidrogeno.

Prefacio

Como se ha explicado en los capitulos anteriores, la diversidad de las comunidades microbianas tiene
un gran impacto en su funcién y estabilidad. Esta diversidad puede variar por razones como
perturbaciones ambientales o por razones intrinsecas a las poblaciones y comunidades, como
interacciones bidticas o adaptaciones al medio ambiente. En cualquier caso, la diversidad de un
consorcio puede conferir robustez por medio de redundancia funcional, influir en la capacidad de
resistir invasiones de especies y aumentar la diversidad metabdlica del consorcio. Por estas razones y
para tener la posibilidad de intervenir para mejorar las respuestas funcionales y ante perturbaciones
o invasiones, es necesario analizar las consecuencias de las variaciones en la diversidad en consorcios

microbianos.

En el caso particular de los consorcios de fermentacidon obscura, los pretratamientos y las
condiciones de cultivo representan perturbaciones ambientales que tienen el potencial de afectar la
diversidad. Esta pérdida de diversidad puede afectar sus dindmicas ecolégicas y evolutivas con
consecuencias funcionales no estudiadas hasta ahora. En este capitulo presentamos los resultados de
un experimento en el que se exploraron las consecuencias que la pérdida de diversidad tiene en la
estabilidad y la funcidn de consorcios microbianos de fermentacidn obscura. Para esto se
establecieron biorreactores productores de hidrégeno bajo dos tratamientos a partir de un inéculo
comun procedente de granulos de digestion anaerobia. Como se menciond en el capitulo anterior,
consideramos que incluir replicacién en el disefio experimental es indispensable para obtener
resultados y conclusiones robustos. Debido a esto, utilizamos 12 biorreactores réplica para cada uno
de los tratamientos. En el primer tratamiento los biorreactores se inocularon con granulos de
digestion anaerobia bajo condiciones operacionales tipicas para la produccién de hidrégeno. En el
segundo tratamiento el indculo fue pretratado térmicamente previo al establecimiento de los
reactores, los cuales, se mantuvieron bajo las mismas condiciones que los anteriores. Una vez
estabilizada la produccidn de biogds, se realizd una invasién controlada para determinar la

invasibilidad de ambos tipos de comunidades.

Se analiz6 la composicién taxondmica (diversidad del gen 16S rRNA) y funcion de la comunidad

microbiana (produccién de biogas y acidos grasos volatiles) a lo largo del tiempo, estableciendo
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relaciones estadisticas entre los grupos bacterianos y la producciéon de metabolitos. Ademas, se
estudid la estructura de diversidad de dichas comunidades al inferir las posibles interacciones
ecoldgicas. Los resultados muestran que los biorreactores tuvieron dindmicas similares entre las
réplicas de cada tratamiento, aunque los distintos tratamientos fueron notablemente distintos en sus
dinamicas. De forma general, se observé que en ambos tratamientos la produccidn de biogas aumenté
de forma constante hasta su estabilizacidn. En los biorreactores sin pretratamiento (que mostraron
mayor diversidad), la produccién de biogas aumentd a medida que la composicidon microbiana cambio
hacia el predominio de bacterias productoras de hidrégeno. En este escenario, los procesos
deterministas como las interacciones bidticas y la fisiologia de las bacterias involucradas parecen
haber jugado un papel importante en el ensamblaje y funcionamiento de las comunidades. Ademas,
los biorreactores no pretratados mostraron menos susceptibilidad a la invasiéon (con el invasor
estableciéndose solo en una réplica en los biorreactores no pretratados frente a 6 réplicas invadidas
en los reactores pretratados), pero el efecto observado fue mayor ya que las bacterias invasoras
lograron establecerse y convertirse en una especie dominante. Este estudio provee una base para el
estudio de los mecanismos que dan lugar a la compleja relacion entre la diversidad microbiana y la
funcién de comunidades microbianas productoras de hidrégeno. Se han identificado relaciones
potenciales entre bacterias y funciones particulares, interacciones ecoldgicas entre las bacterias de
las comunidades con potencial de afectar la funcién y el efecto de la diversidad en la invasién de los
reactores. La investigacion futura puede usar esta informacién para disefiar experimentos que
prueben estos resultados y, eventualmente, incorporarlos al disefio de comunidades microbianas

productoras de hidrégeno y al manejo de sus condiciones de cultivo.
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Abstract

The relationship between the taxonomic diversity and the function of microbial communities is
complex. Specifically, the ecological mechanisms that drive the dynamics of microbial populations and
the consequences of these dynamics on functional traits have remained elusive. Among the simplest
but natural microbial communities are dark fermentation consortia, a subset of the more diverse and
complex microbial communities, anaerobic digestion communities. Dark fermentation consortia have
been of interest as they produce biofuels such as hydrogen and different alcohols that can be used as
fossil fuels alternatives. However, these hydrogen-producing communities have unresolved instability
and low yield issues. We have previously proposed that instability and low yields in dark fermentation
communities could be due to reduced diversity that results from aggressive pretreatments of original
anaerobic digestion communities. In this work, we used dark fermentation communities to examine
experimentally the effect of diversity reduction in functional traits, including stability and microbial
interactions. We established two types of treatment, (i) maintaining strict culture conditions that are

known to induce hydrogen production and ii) applying a heat-shock treatment known for selecting
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hydrogen-producing bacteria, which resulted in two types of communities, high and low diversity.
Each treatment consisted of 12 replicates that were transferred to fresh medium daily (during 27 days
for the non-treated bioreactors and 60 days for the heat-shock treated bioreactors) Microbial
communities of the two treatments were characterized in their function as well as resistance to
invasion. Microbial composition was characterized by culture-independent 16S rRNA gene amplicon
sequencing. We analyzed microbial community composition and function through time, establishing
statistical relationships between bacterial groups and metabolite production. Also, we inferred the
potential ecological interactions that might have been established. Results show that the replicate
bioreactors for each treatment predictably shifted to a similar composition and increased and stable
biogas production. The non-treated bioreactors showed less susceptibility to the invasion (with the
invasive bacteria establishing only in one replicate in the non-treated bioreactors vs 6 invaded
replicates of the low diversity treatment). However, the effect observed in the non-treated bioreactor
replicate where the invader bacteria established was more drastic since the invasive bacteria managed

to become dominant.

Introduction

The high taxonomic and metabolic diversity of bacterial groups give rise to complex functional
behaviors in microbial communities where even thousands of different bacteria might coexist (Locey
and Lennon, 2016; Louca et al., 2018). The relationship between the microbial composition, diversity
and their functional outcomes can be difficult to predict and control since these result from complex
metabolic and environmental interactions (Escalante et al., 2015; Hays et al., 2015). Also, microbial
communities are susceptible to perturbations (i.e. climate change, pollution and nutrient availability)
which might change their composition and functioning (Allison and Martiny, 2009). Moreover, the
mechanisms behind such changes have been observed to be case-specific (Shade, 2017). It has been
suggested that the increase in diversity components (i.e. richness and evenness) leads to higher

stability and functional resilience due to functional redundancy, niche complementation and
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differential response traits against perturbations, but mixed evidence has been found (Shade et al.,
2012). In bioreactors, such as those from dark fermentation and anaerobic digestion, it has been found
that consortia with higher alfa-diversity were more resilient to environmental pH disturbances (Feng
et al., 2017), while evenness has been found to increase stability by allowing the community more
capacity to use a varied array of metabolic pathways (Werner et al., 2011). Similarly, in soil bacterial
communities increased diversity was related to increased stability against heat perturbations (Tardy
et al., 2014; Xu et al., 2021). In contrast, Wertz et al. found no effect on stability against heat
disturbances of decreasing bacterial diversity in bacterial communities of soil (Wertz et al., 2007) and
Glasl et al. found that in marine sponges-associated bacterial communities varying levels of microbial
diversity did not affect the stability against salinity disturbances (Glasl et al., 2018). Further, not only
the identity and abundance of species are important for the stability and function of bacterial
communities. For example, biotic interactions are important to determine the assembly and
composition of bacterial communities (Pérez-Gutiérrez et al., 2013; Datta et al., 2016; Friedman et al.,
2017; Meroz et al., 2021). Besides, these interactions are important in determining the function,
stability and invasibility of communities (Ghosh et al., 2016; Kinnunen et al., 2016; Madsen et al., 2018;
Ratzke et al., 2020). Since microbial communities carry out important processes like nutrient cycling,
substrate degradation and metabolites production, understanding the mechanisms that drive the
diversity-function relationship can help in the management of microbial communities, for example, in

biotechnological o bioremediation settings (Johns et al., 2016).

Using microbial consortia with reduced complexity can be the first step to understanding the
mechanisms that link diversity and function. Simplified microbial consortia (like those used for biofuels
production or artificially-assembled consortia) have been used to test ecological hypotheses and
propose generalizable ecological theories since they offer controlled environments and easily
measurable functions (De Roy et al., 2014; Stenuit and Agathos, 2015; Cairns et al., 2018). Due to the

intrinsic characteristics of microbial organisms (i.e. their small size and chemically-mediated
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interactions; (Schmidt et al., 2015) the exploration of ecological mechanisms (e.g. biotic interactions)
in microbial communities is frequently performed via statistical inference. In this line, to advance the
knowledge regarding the precise ecological dynamics of microbial consortia, specifically designed
experiments and systematized research can be performed (Navarro-Diaz et al., 2020). Experimental
controls, contrasting experimental settings and replication are useful to determine the impact of
culture conditions, statistical detection of patterns and robust interpretation of results. In turn, results

obtained in this manner can narrow the scope of hypotheses directing further experiments.

Hydrogen-producing microbial consortia represent a good system to study ecological
hypotheses since they are low-diverse systems with well-studied measurable functions (Wang et al.,
2020). Hydrogen-producing (also known as dark fermentation consortia) are microbial consortia
derived from anaerobic digestion communities in which hydrogen-producing bacteria are selected by
using aggressive pretreatments and strictly controlling culture conditions (Wang and Yin, 2017). In
hydrogen-producing reactors, instability and low yield are still unresolved issues and proposed causes
underlie ecological processes like biodiversity loss and competitive interactions (Castelld et al., 2020).
It has been known that certain species present in hydrogen-producing consortia have a certain impact
on the community function. For instance, Clostridium species have been attributed with hydrogen
production and degradation of complex substrates and Bacillus species with eliminating toxic oxygen
(Cabrol et al., 2017). Other bacteria like Lactobacillus species have more intriguing roles. Initially
depicted as inhibitors of hydrogen producers by the production of bacteriocins, recently, they have
been regarded as aiding hydrogen production and participants in detoxification processes (Sikora et
al., 2013; Mufioz-Péaez et al., 2018). Importantly, most of these functions have not been studied in an

ecological context that can provide insights into population dynamics and community-level properties.

In this work, we studied the effect that changes in diversity had on the function and the

stability of microbial consortia. For this, we used hydrogen-producing consortia as a model system.
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Carrying out two commonly used strategies for achieving hydrogen production, we established two
sets of microbial consortia with two levels of diversity from the same inoculum. The first strategy
consisted of applying an aggressive heat-shock pretreatment to the inoculum while the second
consisted of maintaining specific culture conditions previously reported to allow for hydrogen
production. We hypothesize that since diversity determines the function and stability of microbial
consortia, each of the two sets of hydrogen-producing bioreactors will not only have varying degrees

of diversity but also their long-term behavior and resistance to perturbations.

Methods

Experimental design

To investigate if microbial diversity affects the ecological robustness of dark fermentation microbial
consortia, we used lab-scale bioreactors inoculated with anaerobic digestion granules and applied two
different treatments to control for levels of diversity that permitted to evaluate the different
functional outcomes. The experiment was conducted in two sequential stages, in the first stage we
intended to specifically evaluate the effect of diversity on the functional stability of the bioreactors;
in the second stage, we challenged the bioreactors with a controlled invasion of Lactobacillus
plantarum culture. For the first stage, we artificially reduced the diversity of the original inoculum with
a heat-shock treatment (Valdez-Vazquez and Poggi-Varaldo, 2009) to further compare the microbial
community dynamics and performance of the heat-shock treated microbial communities against the
non-treated communities. Twelve replicates per treatment (heat-shock treated and non-treated)
were maintained with daily transfers into fresh medium and until biogas production stability was
achieved. After biogas production stabilized, for each of the two “diversity treatments” we chose the
six replicates with less variance in biogas production to start the second stage of the experiment. The
six chosen replicates per diversity treatment were inoculated with a strain of L. plantarum that was
isolated from a hydrogen-producing reactor anaerobic bioreactor (Pérez-Rangel et al., 2021), the

other six were used as non-invasion controls (Figure 1). The second stage (invasion) of the experiment
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was terminated when biogas production stabilized in the invaded bioreactors. The functioning or
performance of the bioreactors throughout the experiments was determined based on three
parameters: daily biogas production, volatile fatty acids (VFAs) concentration and pH. Microbial
diversity and composition were determined by culture-independent 16S rDNA amplicon high

throughput sequencing.
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Figure 1. Experimental design. Starting from a single inoculum, we followed two experimental
treatments to artificially modify microbial diversity. Each treatment consisted of 12 replicates derived
from a single inoculum. To test the stability of reactors in each treatment, we periodically measured
the performance of bioreactors until biogas production stabilized. After biogas production
stabilization, we challenged the reactors with a controlled invasion and determined the success of the
invasive bacteria based on their abundance in the reactors. In the invasion experiment, 6 bioreactors
per treatment were selected and inoculated with Lactobacillus plantarum simulating a biological
invasion, while the remaining 6 bioreactors per treatment were used as controls. After biogas
production in invaded bioreactors stabilized, the experiment was terminated. All the data on the
diversity and performance of the bioreactors were subject to statistical analyses for formal

comparisons of the experimental treatments.
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Bioreactors’ setup

To compare the effect of diversity on the function and stability of bioreactors, we artificially reduced
the diversity of the original inoculum with a heat-shock treatment. The original microbial inoculum
consisted of anaerobic digestion granules obtained from a brewery wastewater treatment plant.
Before the experiment, 15g of the inoculum was homogenized in 20mL of 1:1 PBS/glycerol solution
and frozen at —80°C until use. From this inoculum, the two diversity treatments bioreactors were
established as overnight cultures using 20 mL of homogenized inoculum and 40 mL of fresh medium
at 37°C. For the low diversity treatment, a heat-shock pretreatment of 90°C for 1h was applied after
the overnight culture. Since, after the heat-shock pretreatment, no growth was achieved under
aerobic conditions, strictly anaerobic conditions had to be used in this treatment by adding 0.5 g/L of
cysteine to the culture medium. Once initial cultures were established for both treatments, they were
divided into 12 replicates per treatment. To partition each reactor, 20 mL of the culture were
transferred into a new serum bottle with 40 mL of fresh medium. Then, 20mL of the culture in original
bioreactor was kept and also 40mL of fresh medium was added. This partition step was repeated 4
times and 12 random replicates were used for each treatment. From that point, every 24 hours, 20mL
of the culture of each replicate culture was reinoculated into 40mL of fresh medium. After each
transfer, pH was adjusted to 6. The medium had the following composition per liter: glucose (5 g/L),
urea (0.65 g/L), K2HPO4 (0.25 g/L), MgCl,-6H,0 (0.376 g/L), FeSO4- 7H,0 (0.1 g/L), CoCl,-6H,0 (0.0025
g/L), MnCl,-4H,0 (0.0025 g/L), Kl (0.0025 g/L), NiCl,-6H,0 (0.0005 g/L), ZnCl, (0.0005 mg/L) and yeast
extract (0.5 g/L); modified from (Mizuno et al., 2000). For all the cultures we used 100 mL serum
bottles as lab-scale semi-continuous bioreactors with a working volume of 60mL. Bioreactors were

incubated at 37°C and shaken at 50 rpm. Transfers were performed until biogas production stabilized.

Invasion test
After the initial stabilization period, each of the 6 most similar replicates in terms of biogas production

for each treatment was divided again and one of the derived bioreactors for each replicate was
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inoculated with a strain of Lactobacillus plantarum previously isolated from a hydrogen-producing
bioreactor (Pérez-Rangel et al., 2021). The strain of L. plantarum was grown overnight in LB medium
(Sigma Aldrich, USA) and then acclimatized for 3 days in the same medium and conditions that were
used in our bioreactors. The invasion was performed at a 10% ratio. For this, we followed the same
protocol for daily transfers, but instead of just 40mL of fresh medium, we used 34 mL of fresh medium

and 6 mL of the overnight culture of L. plantarum.

Bioreactors’ performance characterization

To characterize the performance of the bioreactors, we measured three parameters: daily biogas
production, volatile fatty acids (VFAs) concentration and pH. Daily biogas production was measured
in an inverted graduated cylinder using the water displacement technique and, to ensure an exact
measurement, we prevented CO, absorption by using a 5N HCL solution (pH < 2; (Boshagh and
Rostami, 2020). Volatile fatty acids (VFAS) concentration was determined using an SRl 8610-00 gas
chromatograph equipped with a Porapak Q column and using Helium at a 30mL/min flow rate as

carrying gas. Temperatures for the injector, column and oven were 150C°, 50C° and 50C° respectively.

Characterization of microbial diversity

At the same time points in which chemical analyses were performed, we obtained samples for
microbial composition analyses. Samples were stored at -80°C until processing. DNA was extracted
using the Quick-DNA Fungal/Bacterial DNA Microprep Kit (Zymo Research, USA) following the
manufacturer's instructions. Sequencing library preparation was performed targeting the V4 region of
the 16S SSU rRNA gene using primers 515F: GTGYCAGCMGCCGCGGTAA (Parada et al., 2016) and 806R:
GGACTACNVGGGTWTCTAAT (Apprill et al., 2015). Amplifications were performed in 25 pL reactions
with the Platinum Hot Start PCR Master Mix (Invitrogen, USA) 0.5 uL of 10 mM primers, and 1 pL of
DNA template. Negative controls were included for each PCR reaction to ensure that no contamination

occurred. Later, amplification products were visualized using electrophoresis gels. Finally, the
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sequencing reaction was performed using the Miseq 300PE platform at the Macrogen facilities (Korea)

using Reagent V3 and Phix at 30% and with a red length of 250PE.

16S rRNA sequence data processing

De-multiplexing, filtering, and chimera check. Raw sequences (10,540,264) were demultiplexed using

the demuxbyname script from the BBTools suite (Bushnell B., sourceforge.net/projects/bbmap/).
Demultiplexed sequences were next processed using QIIME 2 v2021.2 (Bolyen et al., 2019). Sequence
quality control (denoising and chimera check) and inference of amplicon sequence variants (ASVs) was
performed using the dada2 denoise-paired command. We modified the trim left f, trun len f, trim left
r, and trun len r parameters to remove 30bp from both extremes of the reverse and forward
sequences. After quality control, 7,893,591 (74.89%) sequences were retained. The raw data (paired-
end files) were deposited in the NCBI sequence read archive (SRA) with the accession number:
PRINA814689.

ASV assignment. After quality filtering, samples were rarefied to the average of reads per sample

(27,082 reads) using the giime feature-table rarefy command with the --p-with-replacement argument
in QIIME 2 v 2021.2. Taxonomy was assigned to 115 ASVs using BLAST (Altschul et al., 1990) against
the NCBI’s 16S ribosomal RNA refseq database (O’Leary et al., 2016). Finally, to improve pattern
recognition and reduce technical variability, ASVs with less than 20 reads in 20% of the samples were
filtered out (retaining 24 ASVs) of the following analyses based on the filtering criteria published
previously (filtering ASVs with less m = 20 counts in at least k = 20 samples, where m and k were

selected as 0.1% of the minimum sample library size which was ~20,000) (Cao et al., 2021).

Statistical analyses

To assess the variability of microbial function over time, for each treatment, we plotted the 12
bioreactors function data (biogas production and AGVs). Similarly, to assess the variation of the

average microbial abundance over time we used stacked bar plots of the average abundance of each
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ASV for the 12 replicates. To investigate how low-abundance ASVs behaved over time the average
abundance was plotted in a heatmap, normalizing ASVs abundance across samples. To analyze the
relationship between microbial composition and bioreactors we followed two approaches. First, we
performed Spearman correlations between ASVs abundance counts and metabolites concentrations
and biogas production obtained using the cor function in the stats R package v4.0.5. We represented
the correlations as heatmaps for visual interpretation. Then, we used the cca function in the vegan R
package v.2.5-7 (Oksanen et al., 2013) to perform a canonical correspondence analysis (CCA) using the
abundance counts of ASVs and normalized metabolites concentrations and biogas production. All
analyses were performed using R v.4.0.5 (R Core Team, 2016). Finally, to infer the potential
interactions occurring between the members of the hydrogen-producing consortia, we used the
Lotka-Volterra-based network inference approach implemented in MetaMIS v1.02 (Shaw et al., 2016).
For each sampling time point, the average of the non-normalized microbial abundance of the 12
replicates was computed and used to infer ecological networks. The networks were visualized using

Cytoscape 3.0 (Shannon et al., 2003).

Results

Bioreactor’s function

For both treatments (the treated and the non-treated treatments), hydrogen production showed
increased production and stability over time being the main difference between treatments that the
low diversity treatment showed a higher biogas production overall (Figure 2). For the non-treated
bioreactors, initially, hydrogen production was approximately 250 mL/L, and at the end of the
experiment, it reached 800 mL/L. Also, biogas production stabilized towards the end of the
experiment, such that all replicates showed similar productivity both on contiguous days and between
replicates. For the treated bioreactors, high and stable biogas production was quickly achieved and
showed a smaller increase since the 12 replicates produced around 1500 mL/L of biogas stabilizing at

the end of the experiment around 1700mL/L. Importantly, intra-replicate variation was higher in the
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non-treated than in the treated bioreactors (Figure 2). In both treatments, the concentration of VFAs
remained mostly stable over time (Figure 3). The prevalence of acetic and butyric acids indicates that
hydrogen production was occurring although gas composition was not measured. Overall, all
replicates from both treatments stabilized in terms of biogas production several weeks after the start
of the experiment and reached different production peaks depending on the treatment. In the non-
treated bioreactors, counterintuitively, biogas production and concentration of VFAs did not show any
parallel pattern of change. In this sense, biogas production showed a steady increase while VFAs did
not show the same pattern of change. In the treated bioreactors, VFAs and biogas showed the same

pattern of stable production.

The effect of the invasion by L. plantarum on the function of the bioreactors was different in
each of the treatments. In both experiments, invasion induced a reduction in biogas production
observed 24 hours after the inoculation (Figure 2). After the initial reduction, biogas production
increased again to the levels observed before the invasion. However, in the non-treated bioreactors,
one replicate did not recover from invasion and stopped producing biogas. Also, for the heat-treated
bioreactors, biogas production recovery was faster than in the non-treated consortia. The
concentration of the analyzed VFAs was not seemingly affected by the invasion in either treatment

(Figure 3).
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Figure 2. Biogas production over time in the non-treated (panel a) and heat-shock treated (panel b)
bioreactors. Dotted vertical lines represent the sampling days for microbial and VFAs characterization.
The red vertical line represents the day where the invasion with L. plantarum occurred. 12 replicates

were measured per day until the invasion day where only the 6 invaded samples are shown.
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Figure 3. Volatile fatty acids production over time in the non-treated (panel a) and heat-shock treated
(panel b) bioreactors. The red vertical line represents the day where the invasion with L. plantarum

occurred. 12 replicates were measured per day until the invasion day where only the 6 invaded

samples are shown.

Microbial composition

In the non-treated bioreactors, the microbial consortia were composed of several bacterial ASVs that
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showed a distinctive pattern of change during the experiment. Initially, the bacterial composition was
highly dominated by Citrobacter amalonaticus, Clostridium butyricum, and Enterococcus
xiangfangensis (Figure 4a). Towards the end of the experiment, the abundance of C. amalonaticus and
C. butyricum decreased and Ethanoligenens harbinense, Enterococcus olivae, E. xiangfangensis and
Clostridium pasteurianum became dominant. Aside from these highly abundant ASVs, 15 other ASVs
comprised about a fifth of the total bacterial abundance. These, from now on called rare ASVs, showed
independent dynamics from the highly abundant species (Figure 4a and Figure 5). In particular, the
abundance of rare ASVs remained stable during the 60 days of the experiment. In contrast, after the
heat-shock treatment, only two ASVs were present (C. guangxiense and C. pasteurianum; Figure 2b),
and their abundance remained stable throughout the experiment being C. guangxiense the dominant

ASV.
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Figure 4. Microbial diversity composition per treatment and over time. Mean relative abundance
(N=12) of different amplicon sequence variants (ASVs) in (a) the non-treated and (b) heat-shock

treates bioreactors.
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Figure 5. Heatmap showing the variability of the relative bacterial abundance over time in the non-
treated bioreactors. Abundance is standardized per ASV to reflect variability between times for each

ASV. Each day represents the average abundance per ASV (n = 12).

Relationship between microbial diversity and function of bioreactors

Since only two species survived in the heat-treated bioreactors and little variation was observed in
their function, all correlation and multivariate analyses were performed only in the communities of
non-treated bioreactors. It was found that hydrogen production was positively related to the
abundance of certain ASVs. For instance, E. harbinense, C. pasterianum E. olivae, Clostridum
carboxidorans and Peptostreptococcus anaerobius are positively correlated with biogas production
while C. amalonaticus, C. butyricum, Clostridium swellfunianum, Clostridium vulturis, Rummelibacillus
pycnus and Clostridium nitrophenolicum were negatively correlated (CCA in Figure 6 and Pearson
correlations in Figure 7). The bacteria that had negative correlations with biogas production tended

to present positive correlations with, either butyric acid and/or propionic acid. For instance, ASVs like
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R. pycnus were positively related to butyric acid, while Clostridium luticellarii was positively related to,
both, butyric and propionic acids. The rest of the analyzed volatile acids (isobutyric acid, isovaleric acid
and valeric acid) and microbial ASVs show no clear relationship to hydrogen production. The CCA
(Figure 6), also shows that the structure of the microbial composition of samples in all replicates
followed similar composition and function during the experiment. Thus, samples from earlier times in
the experiment showed similar microbial structure and functional performance to samples from the

end of the experiment.
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Figure 6. Canonical correspondence analysis (CCA) biplot (n = 120, 12 per day). CCA representing the
relationship between bioreactors function (biogas and volatile fatty acids) and microbial composition
in the non-treated bioreactors. Yellow points represent ASVs, vectors represent metabolites and
hollow points represent samples colored by the time of the experiment when they were taken.
Eigenvalues: axis 1 = 0.324, axis 2 = 0.111. Percentage of variance explained: 15.54 (axis 1), 5.33 (axis

2). Cumulative percentage explained: 20.88.
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significance of the correlation ("***” = 0.001; "**" = 0.01; "*" = 0.05).

The inferred interactions tended to be potentially beneficial for bacteria that were positively related
to biogas (such as E. harbinense and E. olivae) and potentially negative for bacteria that were
negatively related to biogas production (like C. amanoliticus and C. butyricum; Figure 8). For example,
it was inferred that E. harbinense and E. olivae were benefited by C. pasteurianum. On the other side,

C. amanoliticus was negatively affected by C. pasteurianum and R. pycnus, and C. butyricum was
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affected by E. xiangfangensis. Meanwhile, C. nitrophenolicum was a low-abundant bacteria with
several interactions that could have modified the consortia composition. For instance, C
nitrophenolicum benefited E. harbinense but negatively affected by C. amanoliticus and C. butyricum.

In turn, C. nitrophenolicum was benefited by E. xiangfangensis and Clostridium tyrobutyricum.
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Figure 8. Interactions inferred in the non-treated bioreactors. Nodes denote bacterial species, blue
edges denote positive interactions, red edges denote negative interactions, the direction of the arrows
represents the direction of the interaction, and the intensity of the color of edges represents the

strength of the interaction.

Robustness to invasion

Although both types of consortia were resistant to invasion by L. plantarum, each treatment showed
different responses to invasion. Figure 7 shows the microbial composition of the bioreactors after the
invasion of L. plantarum was performed. In the non-treated biroreactors, after 24 hours of the
invasion, L. plantarum was present in all the bioreactors where it was inoculated. After one week of

inoculation, L. plantarum was detectable in only one of the bioreactors. Importantly, in the bioreactor
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where L. plantarum was still present, it became the dominant organism causing the collapse of
hydrogen production. In the heat-shock treated bioreactors, an initial presence of L. plantarum was
observed 24 hours after the inoculation. Contrarily to the non-treated bioreactors, L. plantarum never
became dominant in any of the bioreactors, rather, it persisted in small abundances after one week.
At the end of the experiment, all the bioreactors where L. plantarum did not establish kept a microbial

composition like that observed before the inoculation.
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Figure 9. Microbial composition after 6 replicates were divided and inoculated with L. plantarum.
Panels a and b correspond to the non-treated bioreactors, 1 day and 7 days after the inoculation
respectively. Panels ¢ and d correspond to the heat-shock treated diversity bioreactors, 1 day and 7
days after the inoculation respectively.

Discussion

In microbial communities, diversity and function are tightly related although the relationship is not
straightforward (Louca et al., 2018; Escalas et al., 2019). Further, microbial composition and function
are dependent on, not only the culture conditions but also the biological characteristics of the involved
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microorganisms. In hydrogen-producing bioreactors, microbial diversity is harnessed to achieve a
particular function derived from it. These microbial communities are subjected to a varied set of
culture conditions to achieve hydrogen production that have distinctive impacts on their diversity
(from mild to drastic microbial diversity reduction by aggressive pretreatments). However, this
diversity reduction alters the structure, function and stability of the microbial communities with
unknown ecological consequences (Philippot et al., 2013; Wagg et al., 2014; Hernandez et al., 2019).
In this work, we aimed to analyze the effect of reducing the diversity of microbial consortia on

ecological processes (like biotic interactions and robustness).

Treatments on inoculum predictably affected the diversity, structure and function

To determine how variation in microbial diversity affected function, we periodically tracked the biogas
and volatile fatty acid production in both, the non-treated and heat-shock treated bioreactors. Overall,
the results show that the bioreactors of both treatments showed distinctive patterns of composition

and functional stability (Figures 2 and 3).

Both treatments showed a slow but steady increase in biogas production with a decreased
variability at the end of the experiment. In the high diversity treatment, such a pattern was more
noticeable. This pattern of ascending biogas production has been observed previously (Kim and Shin,
2008; Kannaiah Goud et al., 2014). The most obvious cause is a shift in microbial composition either
to an increased abundance of hydrogen-producing bacteria (Castell6 et al., 2018; Palomo-Briones et
al., 2018; Yang and Wang, 2019). Also, the higher stability and biogas production in the pretreated
treatment are in accordance with the previous observation that pretreated communities have been
observed to have better long-term stability by selective enrichment of Clostridum species (Singh and

Wahid, 2015; Cabrol et al., 2017).
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To investigate the microbial composition associated with the observed patterns in the biogas
production, we performed the culture-independent molecular characterization of the microbial
diversity in ten time points in the 12 replicates for each treatment. Figure 4 shows that in the non-
treated bioreactors a significant shift of the dominant bacteria occurred. Also, the CCA (Figure 6)
showed that there was a shift in microbial composition where a subsample of ASVs (including E. olivae,
E. harbinense and C. pasteurianum and C. carboxidivorans) increased in abundance late in the
experiment and were positively related with biogas production. The presumed positive relationship
of E. Harbinense, E. olivae, C. pasteurianum and C. carboxidivorans with hydrogen production was
confirmed in the correlation analysis (Figure 7). E. harbinense and C. pasteurianum are known
hydrogen producers (Wang et al., 2009; Masset et al., 2012; Srivastava et al., 2017) and Enterococcus
species are frequently present in hydrogen-producing consortia and some are hydrogen producers
(Pachapur et al., 2015; Braga et al., 2018; Yin and Wang, 2019). E. olivae has been reported to produce
gas on glucose (Lucena-Padros et al., 2014) although this gas was not identified so, although possible,
it is not clear if E. olivae contributed to hydrogen production. On the other side, C. carboxidivorans is
an homoacetogen capable of growing by consuming H, and CO, (Fuentes et al., 2021). The positive
relationship between C. carboxidivorans and hydrogen could be the result of its increased growth due

to hydrogen availability.

In the heat-treated bioreactors, microbial richness was severely reduced consisting only of C.
guangxiense (which dominated the bioreactors) and C. pasteurianum. Although our case is an extreme
example of reduced microbial diversity, other experiments also show very few ASVs (e.g. (Mufioz-Paez
et al.,, 2019)). It is worth noticing that the stability observed might be deceiving since anaerobic
conditions and sterility might difficult scaling the process and currently represent important
challenges to the industrial application of dark fermentation (Cabrol et al., 2017) and have been
discussed earlier as being the result of selective pretreatments (Hawkes et al., 2002). Our observations

tell us that the loss of diversity possibly affected ecological processes in the bioreactors which resulted
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in different behaviors between treatments. Resolving these ecological processes might help to explain
why microbial composition changed in the non-treated bioreactors through time or why in the heat-

shock treated bioreactors both ASVs remained with a stable abundance.

Stability in diversity treatments was the result of distinctive ecological processes

The impact of ecological microbial interactions on composition and function has been studied in
several systems. For example, cooperative and competitive interactions have been reported to affect
the assemblage of communities in natural and synthetic consortia (Foster and Bell, 2012; Cordero and
Datta, 2016). Further, biotic interactions have been shown to influence the function of microbial
systems, for example by affecting their growth (Pekkonen et al., 2013), productivity (Fiegna et al.,
2015) and resilience (Feng et al., 2017). Also, from an evolutionary point of view, interactions have
been reported to evolve in time frames relevant to the operation time of bioreactors (Rosenzweig et
al., 1994; Harcombe, 2010; Poltak and Cooper, 2011; Jeffrey Morris et al., 2014). Thus, studying the
biotic interactions in microbial communities can help us deduce which organisms had a role in shaping

the abundance and function in microbial systems like bioreactors.

In both treatments, we could observe that ecological interactions and derived ecological
processes can influence the observed dynamics in contrasting ways. In the non-treated bioreactors,
more ASVs meant more chances that interactions with strong effects on composition and function
occurred for alonger time. For instance, in the non-treated bioreactors, negative (e.g. C. pasteurianum
towards E. harbinense and E. olivae) and positive interactions (e.g. Clostridium tyrobutyricum and
Enterococcus xiangfangensis towards directed towards E. Harbinense) may be responsible for the
increase of abundance E. harbinense and E. olivae in the last part of the experiment. Interestingly,
Enterococcus ASVs frequently coexist with Clostridium and Ethanoligenens ASVs in various
environments that range from human hosts to bioreactors (Wang et al., 2009; Pachapur et al., 2015;

Valdez-Vazquez et al., 2015; Braga et al., 2018). As such, our data indicates that the variable roles
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reported for lactic acid bacteria (like Enterococcus) in hydrogen-producing consortia (Sikora et al.,
2013) are ASVs-specific. For example, in our experiment other enterococci (E. xiangfangensis) had a
negative relationship with, both, E. harbinense and C. butyricum. Lastly, low-abundant bacteria (like
C. nitrophenolicum, Rummeliibacillus pycnus and Clostridium tyrobutyricum) were involved in
interactions that could favor the change in the overall composition. Low-abundance bacteria have
been observed to be able to affect the whole structure of microbial communities either by acting as
keystone species, being highly active, or by acting as reservoir against environmental perturbations

and should not be overlooked (Rafrafi et al., 2013; Shade et al., 2014; Lynch and Neufeld, 2015).

Contrarily, in the case of the heat-shock treated bioreactors fewer ASVs led the consortia to
reach stability more quickly. The compositional and functional stability was presumably the result of
the two ASVs showing a mostly neutral interaction. We deduce this neutrality since the two ASVs
coexisted without many changes in abundance during the whole experiment. Also, based on the
interactions inferred for the non-treated bioreactors, no significant interaction was found between C.
pasteurianum and C. guangxiense. This agrees with observations in other communities, both natural
and artificial, where several species of Clostridium can coexist (Graf et al., 2015; Thi Hoang et al., 2018).
Since not every Clostridium (or for that matter any bacterial group) contributes equally to function,
our results draw attention to fully understanding the reasons behind the presence of certain species
in microbial consortia. In the case of the heat-shock treated bioreactors, the presence of C
pasteurianum and C. guangxiense might be the result of deterministic processes like different spore
germination times and growth rates that have been noted to be important in community assembly
(Hawkes et al., 2002; Elke Jaspers and Jorg Overmann, 2014). Also, stochastic processes like drift could
have been important as has been noted earlier for the assembly of microbial communities in
bioreactors (Liébana et al., 2019). As mentioned before, the drastic reduction in ASVs in the heat-
shock treated bioreactors might give the impression of increased stability in the bioreactors. However,

in addition to the fact that strict anaerobic conditions had to be used, the diminished diversity can
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lead to less long-term instability, due to, for example, a lack of functional redundancy in case of

perturbations (Louca et al., 2018).

Invasion by competitive species in non-sterilized substrates is one of the reasons for
bioreactor’s instability (Castellé et al.,, 2018). Several factors have been shown to influence the
resistance to invasions that microbial communities. For example, diversity has been positively linked
with a reduced probability of invasion while stochastic processes have been linked to invasion success
(Mallon et al., 2015). In this line, the microbial communities of the two treatments showed different
responses to invasion (the ratio of invasion establishment and the effect the invasion had) that could
be related to ecological processes specific to each of them. In the non-treated bioreactors, only in one
replicate, the invader became dominant while in the rest of the replicates no presence of the invader
was observed after one week. Contrastingly, in the heat-shock treated bioreactors, L. plantarum
established in at least 4 of them (although in low abundances) but never dominated. In the heat-shock
treated bioreactors L. plantarum might have managed to exploit an available niche which is an
important factor regarding establishment of invaders (Kinnunen et al., 2016). In the non-treated
bioreactors, since the establishment of L. plantarum occurred only once, it is possible that random
processes like drift contributed to invasion success in the particular bioreactor where it established
(Kinnunen et al., 2016). Additionally, the high effect of L. plantarum in the community might be
explained by similarity in fitness with the resident community which might have increased the invasion
effect (Li et al., 2019). Thus, our results show that the relationship between invasion success and
microbial diversity is complex even in simple communities. Further studies have to be performed using
complex substrates (like agro-industrial effluents) and varying conditions like those intended to be

used in industrial-scale bioreactors.
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Conclusions

Despite a long line of evidence showing that diversity has a strong influence on the function
and stability of bacterial communities, it is not clear how ecological mechanisms (from which function
and stability are dependent) are related to diversity and how they are affected when diversity changes.
The results in this work show that the establishment and medium-term behavior of bacterial
communities are the outcomes of the interplay between the number of ASVs, biotic interactions and
culture conditions. In particular, we found that: (1) higher diversity slowed the stabilization of
microbial abundance and dynamics but was ultimately predictable as biotic interactions were
important for the assembly of microbial consortia, (2) loss of diversity made stabilization faster but
less resilient against adverse culture conditions (aerobic conditions) and (3) higher diversity made
invasion success less probable. Further studies investigating the molecular basis of interactions and
confirmatory experiments on the nature of the interactions and their effect could help identify
mechanisms and processes that caused changes in function and invasion behaviors.

Finally, due to the importance of controlling diversity in biotechnological settings, this study
provides a baseline to incorporate ecological theory and experimental designs into the study of
biotechnological settings like bioreactors. Further, this type of study might increase the knowledge of
the relationship between function and diversity which in turn will help improve the yield and stability

of hydrogen-producing bioreactors.
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Conclusiones generales

El trabajo realizado durante esta investigacion doctoral integré teoria ecoldgica a la investigacion de
la ingenieria de biorreactores productores de hidrégeno. Se realizaron aportes en el conocimiento de
las comunidades productoras de hidrégeno que intentan, al mismo tiempo, ser generalizables para
otras comunidades microbianas. Reconociendo a las comunidades microbianas como sistemas
complejos, investigamos el papel que la diversidad, las condiciones de cultivo, la fisiologia y las
interacciones bidticas tienen en las propiedades a nivel comunidad. Adicionalmente, se espera inspirar

ainvestigadores de los ramos de la biotecnologia e ingenieria a considerar las ideas y teorias utilizadas.

El metaandlisis que presentamos en el Capitulo | nos permitié conocer el estado del
conocimiento de la diversidad y la ecologia de las comunidades de fermentacién obscura y detectar
areas dénde hacia falta profundizar la investigacién. Este trabajo fue fundamental para confirmar la
idea que origind toda la investigacién doctoral. En pocas palabras, los resultados de este metaandlisis
demostraron la importancia de entender estas comunidades desde el enfoque ecolégico. En
particular, nos mostré la complejidad de las comunidades microbianas de produccién de hidrégeno a
pesar de su baja diversidad. Por una parte, dejo evidencia que la estabilidad de las comunidades era
resultado tanto de las especies presentes como de sus interacciones. Por otra parte, nos mostro que,
al estudiar las interacciones ecoldgicas en comunidades productoras de hidrégeno, es necesario
enfocarnos en todos los grupos y no sdlo en los que aparentemente son los mas importantes
funcionalmente. Grupos menos conocidos y frecuentemente pasados por alto mostraron ser
importantes para determinar la abundancia y dindmicas poblacionales de las comunidades. A pesar
de las limitaciones de nuestra aproximacion, este trabajo fue la base para continuar explorando las
numerosas avenidas por las cuales la integracién de la investigacién ecoldgica en procesos

biotecnoldgicos puede mejorar su control y rendimiento.

Tomando como base lo aprendido en el Capitulo I, en el Capitulo Il se realizd una propuesta
de marco de trabajo para el estudio de comunidades productoras de hidrégeno. Después de revisar
cientos de experimentos de biorreactores productores de hidrégeno para el metaanalisis del Capitulo
I, nos fue posible identificar algunas dreas que podrian ser mejoradas para obtener resultados de
mayor impacto y con mayor potencial de aplicarse en escenarios industriales. A pesar de que estos
experimentos eran de gran calidad e interés, algunas caracteristicas surgian continuamente que
impedian obtener resultados generalizables. Especificamente, detectamos la falta de réplicas, de

disefios experimentales contrastantes y de un bajo aprovechamiento de los resultados en la
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generacién de nuevas hipotesis aplicables a experimentos posteriores. Es importante mencionar que
utilizamos un experimento tipico de fermentacién obscura como caso de estudio para mostrar la
utilidad del marco de trabajo, pero las ideas y metodologias propuestas son aplicables para una gran
diversidad de comunidades microbianas. Asi, este trabajo tiene un gran potencial para generar un
cambio de aproximacion en el estudio ecoldgico de las comunidades microbianas productoras de
hidrégeno (y otras comunidades similares) al promover la integracion de la metodologia usada en
estudios ecoldgicos de alto impacto con el estudio de los pardmetros operacionales y de rendimiento

de biorreactores.

El trabajo que se describe en el Capitulo Ill representa la culminaciéon de los esfuerzos
realizados en esta investigacion doctoral para integrar la ecologia microbiana con la ingenieria de
biorreactores. Estudiamos un pardmetro ecoldgico de gran relevancia y con una extensa historia
dentro de la ecologia microbiana, la diversidad taxondmica. Demostramos cémo, al seguir los
principios del marco de trabajo que propusimos en el Capitulo Il, es posible comenzar a desentrafiar
los mecanismos ecoldgicos que subyacen el comportamiento de los reactores. Fue posible observar la
predictibilidad de los procesos que ocurren en las comunidades microbianas en su dindamica
taxondmica y funcional. En particular, se mostré que la pérdida de la diversidad taxondmica tuvo un
efecto importante para determinar la estabilidad y funcidon a mediano plazo de las comunidades. El
hallazgo principal fue que el efecto se da a varios niveles ya que la alta diversidad promueve que
inicialmente las multiples interacciones bidticas retrasen la estabilizacidn de la comunidad, pero que
esta alta diversidad promueve una resistencia ante perturbaciones ambientales que son relevantes de
forma industrial. Por otra parte, la alta diversidad parece disminuir la probabilidad de invasidn, pero
no necesariamente el efecto una vez que una especie invasora se establece. Finalmente, es
importante mencionar que de nuestros resultados surgieron nuevas preguntas mas especificas que
no eran consideradas antes de realizar los experimentos y analisis de este trabajo. Esto demuestra
que al realizar un experimento con esas caracteristicas de disefio es posible planear futuras
direcciones de investigacion en un sistema de estudio de forma precisa. A continuacién, se presentan
las perspectivas y las preguntas que surgen de nuestros resultados para la investigacion futura, tanto
en el estudio de comunidades microbianas productoras, como en cuanto a las preguntas de ecologia

microbiana de forma general.
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Perspectivas

Esta investigacidn doctoral representd, en varios aspectos, uno de los esfuerzos pioneros del estudio
ecolégico de las comunidades microbianas productoras de hidrégeno. Por esta razdn, aunque se
respondieron preguntas concretas, muchas nuevas preguntas surgieron de los resultados. A
continuacién, se presentan algunas propuestas de investigaciéon a futuro que nacen de estas

preguntas.

Capitulo I: Este capitulo nos mostrd la importancia de realizar la revisién sistematica y
cuantitativa de la informacidn disponible acerca de fendmenos bioldgicos de interés. También hizo
patente la necesidad de transitar de una caracterizacidén, a manera de catdlogo de la diversidad
microbiana, hacia aproximaciones dedicadas a la prueba de hipdtesis ecoldgicas y evolutivas. En este
sentido serd importante seguir integrando y generando hipétesis ecoldgicas al estudio de los
biorreactores productores de hidrégeno. Finalmente, y debido a que se genera nueva informacién por
las decenas de experimentos publicados cada afio, es muy relevante repetir la revisién cuantitativa de
esta informacion de forma periddica para formalizar los avances en el conocimiento y seguir

detectando dreas especificas donde hace falta realizar investigacion.

Capitulo Il: Al proponer un marco de trabajo, como lo hicimos en el Capitulo Il, se tiene que
reconocer que las metodologias propuestas tienen ciertas limitaciones. Actualmente, algunas de las
limitaciones de estas metodologias (que son aplicables para cualquier investigacién en ecologia
microbiana) tienen que ver con el poco conocimiento que tenemos de muchas especies microbianas.
Por esta razén, es necesario seguir, al menos, dos avenidas que permitan realizar modelos mas
precisos de las comunidades microbianas. Por una parte, realizar el aislamiento y caracterizacion de
cepas bacterianas es muy importante para conocer el metabolismo, interacciones y funciones de los
organismos que se identifiguen en comunidades microbianas. Por otra parte, el mejoramiento de los
métodos estadisticos y computacionales es importante para mejorar la identificacién de especies e

interacciones relevantes y mejorar el modelado de las comunidades.

Capitulo Ill: Los resultados de este capitulo confirmaron que los procesos ecoldgicos que
ocurren en las comunidades microbianas son altamente complejos. En particular, observamos que el
efecto de las variaciones de diversidad en el funcionamiento de las comunidades no es facil de
predecir. En este caso, realizar experimentos con una combinacién de metodologias tanto
microbioldgicas, moleculares y bioinformaticas ayudaran a confirmar las observaciones realizadas

aqui. En particular, es necesario confirmar el papel de los grupos bacterianos y de sus interacciones.
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También es importante utilizar condiciones experimentales mas cercanas a las condiciones
industriales que se planean usar para determinar cdmo afectan los componentes de la diversidad
(como la riqueza y la abundancia de especies) y la estabilidad y probabilidad de invasién de las
comunidades. Esta informacidn nos permitird mejorar el disefio y control de consorcios microbianos
en ambientes biotecnoldgicos y entender la respuesta de las comunidades naturales ante escenarios

de perturbacion.
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