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Abstract

Microbial communities are ubiquitous, complex and dynamic systems that constantly adapt to

changing environmental conditions, while playing important roles in natural environments, human

health and biotechnological processes. Invasive mobile genetic elements (iMGE) are considered as

important biotic components of microbial communities, in particular (bacterio)-phages and plas-

mids are some of the most abundant and diverse biological entities, which may influence commu-

nity structure and dynamics. Microbial populations within naturally occurring communities are

constantly interacting with each other. Ecological interactions between those populations can be

generally classified as competitive and cooperative relationships. To date, extensive studies on bi-

otic interactions, i.e. relationships between microbial hosts with iMGEs and between microbial

populations, have been somewhat limited, thus restricting our understanding of microbial commu-

nity dynamics. Fortunately, high-throughput multi-omics derived from microbiomes, i.e. metage-

nomics and metatranscriptomics, enables access to both functional -potential and -expression infor-

mation of those biotic components. Combining longitudinal multi-omics data with mathematical

frameworks allows us to model microbial community interactions and dynamics, unlike ever be-

fore. Here, I present a longitudinal integrated multi-omics analysis of biotic components within

foaming activated sludge, spanning ~1.5 years to unravel i) iMGE-host dynamics and ii) ecological

interactome. In the first part of this work, empirical host-iMGE CRISPR-based links in combi-

nation with mathematical modelling highlighted the importance of plasmids, relative to phages,

in shaping community structure, while also showing that plasmids vastly outnumbered, and were

more targeted via CRISPR-Cas systems, compared to their phage counterparts. In the second part

of this work, mathematical modelling is used to provide ecological contexts for the relationships

between microbial community members. In general, we observed a dynamic interactome, with

higher cooperative interactions, despite these populations encoding highly similar functional po-

tential. In summary, this work demonstrates the potential of longitudinal multi-omics in expanding

our understanding of microbial community dynamics, which could be expanded to other microbial

ecosystems and potentially lead to applications in human health and biotechnological processes.
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Chapter 1

1.1 Microbiomes

Microbiomes are ubiquitous, complex, heterogeneous and dynamic. A widely accepted
definition of microbiome is that it is a collection of microorganisms living at the same
place at the same time [Whipps et al., 1988; Berg et al., 2020]. This definition is context-
specific and can be assumed to include the vast diversity of microbiomes per se, influenced
by their environmental conditions. Microbiomes are made up of bacteria, archaea, fungi
and (micro)eukaryotes, mobile genetic elements (MGEs) and relic DNA, i.e. extracellular
DNA released into the environment when microorganisms die [Lennon et al., 2018]. In
the context of the present work, microbiomes and microbial communities are referred
interchangeably.
Microbiomes in natural environments can be used as quality/health indicators. For exam-
ple, the microbiome composition can serve as indicator of e.g. seagrass health [Martin
et al., 2020], eutrophication of coral reef ecosystems [Glasl et al., 2019], and soil qual-
ity [Schloter et al., 2018]. Microbiomes in biotechnological processes are key to efficient
food production, e.g. cheese [Walsh et al., 2020] and wine [Liu et al., 2019], or wastewater
treatment [Wu et al., 2019]. Microbiomes in biomedicine mainly involve the understand-
ing of dysbiosis, i.e. microbiome composition that deviates from a “healthy” microbiome,
i.e. enriched presence of pathogenic microorganisms. Dysbiosis is commonly observed in
various diseases, such as diabetes[Musso et al., 2011], irritable bowel syndrome [Rodiño-
Janeiro et al., 2018] and Parkinson’s disease [Elfil et al., 2020], while differences in micro-
biome composition have been observed in naturally-born neonates versus those born via
C-section [Wampach et al., 2017, 2018; Busi et al., 2021]. On the other hand, probiotics
and prebiotics are commonly prescribed or recommended, through diet and/or supplemen-
tation to improve gut health in certain dysbiotic cases [Macfarlane and Cummings, 1999;
Turnbaugh et al., 2007].
Microbiomes are highly dynamic systems that are constantly adapting to their environment
[Gerber, 2014; Gonze et al., 2018]. For example, microbiome composition within the hu-
man gastrointestinal tract is known to vary between individuals and further compounded
by experiencing daily fluctuations [Voigt et al., 2016]. Such microbiome dynamics are
driven by both abiotic factors, i.e environmental conditions that include temperature, pH,
or nutrient availability, and biotic factors including community composition and interac-
tions between community members [Machineni, 2020].
Considering the important role of microbiomes in various aspects of our lives, microbiome
research has been rapidly expanding over the last decade. Additionally, these highly dy-
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namic and complex systems require extensive interdisciplinary research initiatives, span-
ning the fields of microbiology, chemistry, mathematics, engineering and medicine, among
others. In this chapter, I cover various topics involving the study of microbiome dynamics.

1.1.1 Mobile genetic elements

Mobile genetic elements (MGEs) are genetic material that move within and between
genomes, i.e. intracellular and extracellular mobility, respectively. MGEs are key com-
ponents that drive evolution. The combined presence of MGEs in a genome is known
as the mobilome, and it is made up of bacteriophages, plasmids and transposons. MGEs
that move between cells can also be considered as invasive MGEs (iMGEs), e.g. bacte-
riophages and plasmids. iMGEs usually carry genes encoding functions that allow their
transfer to- and replication within- other cells [Leplae et al., 2004]. iMGEs immediate
effects on the bacteria are typically detrimental, resulting in either cell destruction or sui-
cide. However, iMGE effects can also enhance the survival of a bacteria via acquisition
of antimicrobial resistance genes [Koonin, 2016; Rios Miguel et al., 2020]. My work
hereafter focuses on the influence of iMGEs, namely plasmids and phages, on community
dynamics.

Bacteriophages (or phages), are viruses that infect bacteria. They are considered to be
the most abundant and diverse biological entities on earth [Bergh et al., 1989; Weinbauer,
2004]. Genomes of phages are made up of RNA or DNA, with either; linear or circular
configuration; single- or double- stranded, and vary widely in size [Hatfull and Hendrix,
2011; Hay and Lithgow, 2019]. Lytic phages adsorb into host cells and utilize host cellular
machinery for self-replication, which eventually leads to the destruction of the host cell.
Certain phages may also integrate their genetic material into the host genome, i.e. lyso-
genic phages. These phages either remain dormant or influence bacterial gene expression
[Zrelovs et al., 2020]. However, under stressful situations, lysogenic phages can trigger
their replication and become lytic [Nanda et al., 2015]. The diverse genetic material of
phages are a key factor that provides them with a wide range of regulation and replica-
tion mechanisms, often adverse for the host. However, those replication mechanisms are
capable of transferring genes from one bacteria to another via transduction (Figure 1.1).

Plasmids are usually highly abundant double stranded, mostly circular DNA, which greatly
vary in their size. They are found within cells, but are independent from the bacterial
chromosome, due to their ability to replicate as autonomous genetic elements [del Solar
et al., 1998]. Plasmids may carry genes that either complement the bacterial metabolism
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[Lee et al., 1992; Rios Miguel et al., 2020] or enhance bacterial survival, thus justifying the
cost for a given bacteria to carry a plasmid [San Millan and MacLean, 2017]. Plasmids are
also capable of transferring genetic material from one bacteria to another via conjugation
(Figure 1.1). In general, genetic material transfer mechanisms involving MGEs are known
as “horizontal gene transfer”, which covers transduction, transformation and conjugation,
and are key factors for evolution [Boto, 2010; Hall et al., 2020].

Figure 1.1: Conjugation and transduction as examples of horizontal gene transfer mechanisms.. On
the left, a lytic phage infects a cell, during its life cycle can incorporate its genomic material to the bacterial
chromosome, and when new bacteriophage material is being replicated and packed within the viral capsids,
bacterial genomic material can be also included. Therefore, when new phages infect new bacteria, they can
carry bacterial genes from previous infections. On the right, plasmids can be transferred from one bacteria
to another through conjugation.

1.1.2 Prokaryotic defense mechanisms

Due to the negative effects of iMGEs on prokaryotic cells, they have evolved to develop
several defence mechanisms against the activity of iMGEs (Figure 1.2). These include, but
are not limited to, surface modification, superinfection exclusion, restriction-modification

4



Chapter 1

systems, prokaryotic argonaute enzymes (pAgos), and CRISPR-Cas systems [van Houte
et al., 2016].

Figure 1.2: Bacterial immune mechanisms against iMGEs. Figure adjusted from [van Houte et al.,
2016]. Overview of several prokaryotic defense mechanisms against phages, plasmids, or both phages and
plasmids.

Surface modification consists of the complete loss, mutation, blocking or masking of the
receptors that bacteriophages utilize to enter the cells [Bertozzi Silva et al., 2016]. Specif-
ically, the surface modification of host receptors aims to inhibit the initial step of phage
infection, which is the binding to specific surface proteins or cell wall components of the
host cell. For example, in Pseudomonas aeruginosa, the receptor of pilus-specific phages,
type IV pili, can be modified to prevent phage binding [Harvey et al., 2018].
Superinfection exclusion consists of the blockage of phage’s genetic material injection to
the host, or the phage replication. This mechanism is, indeed, encoded by already infecting
phages, commonly in the form of prophages [Bondy-Denomy et al., 2016]. For example,
the „80 prophage of Escherichia coli encodes the Cor protein, that inactivates the cell
surface receptor FhuA and inhibits the infection of related phages [Uc-Mass et al., 2004].
Restriction modification (R-M) systems protect the host against iMGEs by the cleavage of
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foreign unmethylated DNA, while protecting native DNA by methylating specific sites or
motifs. R-M systems are widely spread within bacteria and archaea, and there are several
known types [Sneppen et al., 2015].
Prokaryotic argonaute enzyme (pAgo) proteins bind small nucleic acids and use them for
sequence-specific cleavage, suppressing invasion and activity of iMGEs [Makarova et al.,
2009; Ryazansky et al., 2018]. For example, the expression of these proteins in E. coli
leads to plasmid degradation [Olovnikov et al., 2013].
CRISPR-Cas systems are a sequence-based recognition immune system within prokary-
otes, especially prevalent within archaea (~90%) [Sorek et al., 2008]. CRISPR stands for
clustered regularly inter-spaced short palindromic repeats [Jansen et al., 2002]. Briefly, a
short sequence of the iMGEs, i.e. protospacer, is extracted and then integrated within the
CRISPR locus of the prokaryotic chromosome. Upon integration, this short sequence is
known as a spacer, and is flanked by repetitive sequences [Mojica et al., 2005]. There is
a set of CRISPR associated genes, known as cas genes, usually near the CRISPR locus
[Jansen et al., 2002]. Through the expression of the CRISPR locus and the activity of
CRISPR associated proteins (Cas), the cell will recognize future infections and inactivate
the iMGE (Figure 1.3). A large part of this work revolves around using CRISPR informa-
tion, namely the unique characteristic of CRISPR loci and the complementarity between
spacers and protospacers.
Last but not least, in order to overcome those prokaryotic defense mechanisms, iMGEs
evolved ways to ensure their own survival [Samson et al., 2013]. For example, phages can
escape the CRISPR-Cas recognition by mutating their protospacers, or by carrying anti-
CRISPR cellular machinery [Faure et al., 2019], which are proteins that inhibit CRISPR-
Cas systems.
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Figure�1.3:�CRISPR-Cas�system.�Figure�from�[Gong�et�al.,�2020].�The�CRISPR�locus�is�structured�as�spacer�
sequences� (coloured� diamonds)� originated� from� protospacers,� flanked� by� small� repetitive� sequences
(grey� rectangles)� specific� to� the� prokaryotic� chromosome.�Near� the�CRISPR� locus,� the� cas� genes� encode�
CRISPR�associated�proteins�that�are�involved�in�the�a)�integration,�b-c)�recognition�and�cleavage�of�the�MGE�
sequences.

1.2� Model�microbial�community

Model� organisms� are� typically� used�within� the� field� of� biology,� including�microbiome-
related�studies.� Notable�examples�of�model�organisms�are�mouse�(Mus�musculus),�yeast
(Saccharomyces� cerevisiae),� fruit� fly� (Drosophila� melanogaster),� nematode� worm�
(Caenorhabditis�elegans),�western�clawed� frog� (Xenopus� tropicalis),�or�zebrafish� (Danio�
rerio).� These� organisms� provide� stable� platforms� to� test� hypotheses� on� fundamental�
insights� into� biolog-ical� mechanisms� which� may� result� in� beneficial� biomedical,�
biotechnological� or� environmental� outcomes.� Similarly,� the� study� of� microbiomes� and�
microbial�communities�could�benefit�from�well-defined�model�systems.�However,�the�high�
complexity,� plasticity� and� challenging�manipulability� of�microbiomes� remain� barriers� to�
recapitulating�microbiomes� in� the� laboratory.� In� recent�years,� there�have�been� important�
advances� in� the�development�of�devices/platforms� that�simulate� the�conditions�of�natural�
microbiome�systems,�e.g.�human�gut� [Shah�et�al.,�2016]�and�bioreactors�[Connelly�et�al.,�
2017].
The�present�work,�hereby�focuses�on�a�model�microbial�community�within�the�activated

7



Chapter 1

sludge of a biological wastewater treatment plant (BWWTP).

1.2.1 Wastewater treatment

Communal wastewater is collected from residences, institutions, commercial and indus-
trial establishments, ground water, storm-water and surface water. Wastewater treatment
is of great importance for the protection of natural environments and human health, repre-
senting one of the most widely used biotechnological processes on our planet [Sheik et al.,
2014].
Conventional wastewater treatment consists of a combination of physical, chemical, and
biological processes, consisting of a preliminary treatment, a primary treatment, and a sec-
ondary treatment (Figure 1.4). The preliminary treatment removes large solids found in
wastewater. The primary treatment removes organic and inorganic solids through physi-
cal sedimentation and flotation, with the use of clarifiers or settling tanks. The secondary
treatment, or biological treatment, involves the so-called activated sludge process which
removes or reduces the remaining organic material and suspended solids, by utilizing nat-
urally occurring microorganisms in a controlled environment [Sonune and Ghate, 2004].
Specifically, during the activated sludge process, microbial populations remove dissolved
organic matter through assimilation and oxidation. Then, the suspended biomass is sepa-
rated from the treated wastewater by an aeration phase where the majority of the activated
sludge is recycled [Sheik et al., 2014].

1.2.2 Activated sludge foaming

The process of activated sludge foaming takes place in anoxic tanks, in the form of foaming
sludge islets. Microbial communities from activated sludge foam represent good models
of microbial ecology due to the relatively homogeneous environment of BWWTPs, with
well-defined physico-chemical boundaries, such as temperature, pH, oxygen and nutrient
concentration [Narayanasamy et al., 2015]. They exhibit medial species richness, while
being highly dynamic [Zhang et al., 2012; Yang et al., 2020]. The high biomass samples
from this system allow for the extraction of relevant biomolecules. Moreover, foaming
sludge represents a convenient and virtually unlimited source of spatially and temporally
resolved samples. The continuous tracking of physico-chemical parameters, as standard
procedure of the BWWTPs, allow for detailed complementary physicochemical informa-
tion. The combination of the aforementioned hallmark characteristics enable extensive
sample collections for multi-omic studies, alongside important measurements of environ-
mental factors and metadata [Daims et al., 2006].

8



Chapter 1

The exploration of the microorganisms involved in the activated sludge process could lead
to potential for biofuel and bioplastic production [Sheik et al., 2014]. Foaming islets of
activated sludge are partially composed of filamentous and lipid-accumulating microor-
ganisms, and they are particularly suitable for energy recovery via transesterification to
produce biofuel [Muller et al., 2014b].

Figure 1.4: Biological wastewater treatment plant of Schifflange, Luxembourg. a, Overview of the
infrastructure where the i) preliminary treatment, ii) primary treatment, iii) secondary treatment, and iv) the
removal of remaining foam take place. b, Surface of the anoxic tank where the activated sludge takes place.
c-g photos represent examples of lipid accumulating bacteria from [Wältermann and Steinbüchel, 2005].
c, Cell of Ralstonia eutropha H16 accumulating poly(3-hydroxybutyrate) (PHB) inclusions [Pötter et al.,
2002]. d, Cell of Rhodococcus opacus PD630 from late stationary growth phase accumulating large amounts
of triacylglycerols (TAG) inclusions [Alvarez et al., 1996]. e, Cell of Acinetobacter calcoaceticus ADP1
with three spherical wax esters (WE) inclusions. f, Acinetobacter sp. strain HO1-N accumulating small
rectangular WE inclusions [Singer et al., 1985]. g, Acinetobacter sp. strain M1 accumulating large, disc-like
WE inclusions [Ishige et al., 2002]. Abbreviations of the photos: B, boundary layer; CM, plasma membrane;
ET, electron-transparent TAG inclusion; ICM, intracellular plasma membrane; OM, outer membrane; PHA,
PHA inclusion; PG, peptidoglycan; W, wax ester inclusion. Bars in c-g, 0.2 µm.

1.3 Systems ecology of microbial community dynamics

The study of microbial community dynamics requires interdisciplinary and complemen-
tary approaches. Specifically, microbiomes are often analysed in a System biology ap-
proach, being communities and their emergent properties studied as a whole, rather than
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the components alone, especially considering that a large majority of naturally occurring
microbes remain either uncultured or unculturable within a laboratory setting [Staley and
Konopka, 1985; Amann et al., 1995; Stewart, 2012]. As part of Systems Biology, Systems
Ecology includes the study of dynamic processes of microbiomes and their interactions
within ecosystems. These studies might involve interdisciplinary and integrative frame-
works that include systematic sampling and multi-omic measurements, bioinformatics
data processing and analysis, modelling and predictions, and ideally experimental vali-
dations to understand and control microbial ecosystems [Muller et al., 2013].
To resolve complex dynamics in microbiomes, longitudinal or time-series analyses are
crucial. These dynamics stem from constant adaptation of a given community towards
fluctuations of abiotic and biotic factors. However, the fates of these microbial consortia
under perturbations are often not understood nor predictable [Muller, 2019]. Thus, lon-
gitudinal studies are capable of resolving the dynamics in microbiomes at the levels of
composition, structure, and function, offering valuable insights into temporal trends, espe-
cially when used in tandem with environmental data [Law et al., 2016], which ultimately
reveals how microbial consortia adapt to biotic and/or abiotic perturbations.

1.3.1 Sampling and biomolecular extraction

Sampling for longitudinal, systematic multi-omic studies requires the consideration of
sampling frequency, availability of biomass, and metadata including complementary mea-
surements [Gerber, 2014; Kumar et al., 2014; Eisenhofer et al., 2019], all of which affect
downstream analyses. Since most microbial communities are heterogeneous, biomolec-
ular extraction from a single sample is ideally required, over multiple extractions from
subsamples [Peña-Llopis and Brugarolas, 2013; Roume et al., 2013].
Additionally, batch effects are often overlooked in omic studies [Duvallet et al., 2017], but
can be minimized at any stage; i) by including randomisation, sample tracking, and ex-
tensive documentation during sample processing, handling, biomolecular extractions and
high-throughput measurements [Leek et al., 2010], and ii) by adding specific downstream
analytical and computational methods [Gibbons et al., 2018]. In longitudinal studies, sam-
ple randomisation can be implemented at several ensuing steps and could help discriminate
between batch effects and temporal variation.

1.3.2 Systematic high-throughput measurements

Sequencing approaches are key to study microbial diversity of microbiomes. Initially, the
16S rRNA gene amplicon sequencing has made possible the characterization and study of
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microbiomes, overcoming the need to cultivate every microorganism, individually. The
16S rRNA marker gene has a conserved region with a hypervariable sequence, which al-
lows the differentiation between organisms. 16S rRNA sequencing, or amplicon sequenc-
ing, has been widely used to identify new taxa and characterize microbiomes, providing
great insights for the development of many modelling methods. However, the 16S rRNA
sequencing i) is unable to differentiate between strains, ii) leaves mobile genetic elements
undetected, and iii) lacks a genomic context that provides insights about the function. To
fill those gaps, untargeted sequencing of all the genomes from microbiome samples was
developed, i.e. metagenomics (MG), which provides a broader picture of community com-
position and structure, while enabling the study of functional potential. More recently,
the generation of high-throughput “function-omes”, such as metatranscriptomics (MT),
metaproteomics (MP), and (meta)metabolomics (MM) allow for the study of expressed
community functions and exchange of substrates [Muller et al., 2018].

Leveraging the power of the entire high-throughput meta-omic spectrum, i.e. MG, MT,
MP and MM, enables fine-grained observations of microbial community ecology. For ex-
ample, the most abundant populations at the MG level may not necessarily be contributing
the most to community function, assessed with additional functional omics, MT, MP, and
MM [Muller et al., 2014a; Kaysen et al., 2017]. In addition, the integration of multiple
omic readouts, e.g. the co-assembly of MG and MT sequencing data [Narayanasamy et al.,
2016], could potentially decrease the biases and limitations stemming from a single omic
readout [Narayanasamy et al., 2015].

1.3.3 Bioinformatic analyses

Bioinformatic analyses of microbiomes can be broadly separated into two approaches,
reference-dependent and reference-independent. Reference-dependent methods rely on
information or databases available a priori, especially if the components/features of a
given microbial ecosystem are well characterized, e.g. those within the human gastroin-
testinal tract. Here, bioinformatic analysis is addressed from the context of a reference-
independent approach, centered around de novo assemblies of MG and MT data. This
is due to the asymmetric advantages and opportunities compared to reference-dependent
approaches, namely the discovery of novel microbial taxa and/or functionalities.
Prior to downstream analyses, sequencing reads require preprocessing to remove arti-
ficial sequences, e.g. sequencing adapter, spike-ins [Bolger et al., 2014], or contam-
inants, e.g. human sequences in a human microbiome sample [Narayanasamy et al.,
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2016],�rRNA�in�metatranscriptomes�[Kopylova�et�al.,�2012],�and�laboratory�contaminants
[Heintz-Buschart� et� al.,� 2016].� De� novo� assembly� can� then� be� carried� out� to� generate�
longer�contiguous�sequences�(or�contigs),�which�provide�the�basis�for�downstream�analy-
ses.� Then,�an�estimation�of�the�microorganisms�that�are�present�in�a�given�sample�can�be�
assessed�by�reconstructing�their�genomes,�into�so-called�metagenome-assembled�genomes
(MAGs),� through�binning.�There�are�a�multitude�of�binning� tools� that� typically�use�com-
positional� and� coverage� features�of� the� contigs� [Alneberg� et� al.,�2014;�Wu� et� al.,�2014;�
Heintz-Buschart�et�al.,�2016;�Graham�et�al.,�2017;�Herath�et�al.,�2017;�Kang�et�al.,�2015;�
Qian� and�Comin,�2019].� In� addition,� there� are�now� tools� to� automate� the�process�of� re-
fining� the� bins� to� select� the� highest-quality�MAGs� [Sieber� et� al.,� 2018;�Uritskiy� et� al.,�
2018].�Importantly,�these�methods�also�enable�ensemble�binning�approaches,�balancing�the�
strengths� and� weaknesses� of� different� binning� methods� [Chen� et� al.,� 2020;� Yue� et� al.,�
2020].�Taxonomic�classification�can�be�assessed�at�the�contig�or�at�the�MAG�level�[Wu�and�
Eisen,�2008;�Wood�and�Salzberg,�2014;�Kim�et�al.,�2016],�which�can�be�used� to� further�
refine�the�MAGs�and�improve�their�quality�[Sieber�et�al.,�2018].�Given�the�integral�roles�of�
iMGEs� within� microbiomes� (Section� 1.1.1),� identification/prediction� of� these� features�
should�be�emphasised�as�part�of�microbiome�analyses.�For�that�purpose,�there�is�a�plethora�
of�tools�available�to�predict�bacteriophages�and�plasmids�from�MG�data�[Carr�et�al.,�2021].�
Most�of�these�tools�rely�on�sequence�similarity�to�known�iMGE�sequences,�which�results�
in� a� limited� amount� of� predictions.�However,� the�field� is� con-tinuously� improving�with�
novel� state-of-the-art� methods,� e.g.� a� deep-learning� method� for� alignment-free�
identification�of�phage�sequences� [Auslander�et�al.,�2020].� In�parallel,� the�assignment�of�
functions� to� predicted� open� reading� frames� (ORFs)� is� per-formed� via� gene� annotation�
[Seemann,� 2014].� For� that,� there� are� specialized� gene� annota-tion� tools� for� features� of�
interest,� such� as� antibiotic� resistance� and� virulence� genes� [de� Nies
et�al.,�2020],�or�CRISPR�type�classification�[Couvin�et�al.,�2018].�Furthermore,�the�predic-
tion�of�CRISPR� loci�[Zhang�et�al.,�2020]�from�MG�and�MT�data�provides� insights�about�
microbial� interactions�with� iMGEs,� due� to� the� spacer-protospacer� complementarity� [Ed-
wards�et�al.,�2016;�Shmakov�et�al.,�2020].�Finally,�microbiomes�may� be� studied� from� a�
gene-centric�perspective,�which�does�not� re-quire�MAG� level�delineation� [Roume� et� al.,�
2015].� This�work�focuses�on�MAGs-centric�analysis.
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1.3.4 Bioinformatic analyses applied to longitudinal data

Different features of a defined system (bacterial taxa, iMGEs and CRISPR information),
appear in varying quantities in different timepoints, and it is challenging to link and track
them from one timepoint to another without any predefined reference. Therefore, the con-
struction of a “representative longitudinal catalogue” (hereafter referred to as catalogue)
of MAGs/genes, iMGEs and CRISPR information, provides a non-redundant representa-
tive base to link features from the different longitudinal samples [Herold et al., 2020]. The
outcome of any downstream analysis is highly reliant on the quality of the MAGs and
genes within a catalogue, which in turn depends on the quality large-scale bioinformatic
processing (e.g. de novo assembly and binning).
Such a longitudinal catalogue can be obtained by an aggregated processing approach or
by a sample-wise processing approach (Figure 1.5). The main advantage of an aggregated
processing approach is its potential simplicity, due to the possibility of a single run for
all the large-scale bioinformatic processing steps. While pooled sample sequencing as-
semblies have been shown to be effective [Magasin and Gerloff, 2015], especially in the
advent of highly efficient de novo assemblers [Li et al., 2016] and digital normalisation
[Brown et al., 2012]. Pooling sequencing reads from a large number of samples increases
the complexity of the de novo assembly process, especially for complex communities. It
also requires substantial computational resources, potentially resulting in lower quality
contigs, MAGs and genes [Chen et al., 2020].
In a sample-wise approach, sequencing assemblies, binning and prediction of iMGEs and
CRISPRs are performed per sample and pooled together for de-replication and clustering
processes to construct the catalogue (Figure 1.5). Briefly, the de-replication method is
applied after independent sample-wise large-scale bioinformatic processing [Evans and
Denef, 2020]. On the one hand, a gene catalogue could be performed by predicting
ORFs followed by de-replication through clustering [Li and Godzik, 2006; Edgar, 2010;
Mirdita et al., 2019]. On the other hand, a MAG catalogue could be produced by the
de-replication of MAGs, though it is more complex and requires several steps: i) defini-
tion of MAGs from sample-wise de novo assemblies, ii) curation of high-quality MAGs
(high completeness, low contamination) [Parks et al., 2015], iii) de-replication of MAGs
[Brito and Alm, 2016; Olm et al., 2017; Wampach et al., 2018; Evans and Denef, 2020]
to select those which are most representative of the longitudinal data [Chen et al., 2020].
De-replication methods are particularly advantageous for longitudinal microbiome studies
with many deeply sequenced MG and MT samples. This work relies on de-replication
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based methods to generate the longitudinal catalogue.
Longitudinal catalogues provide compositional information of community taxa and po-

Figure 1.5: Generic workflow for a longitudinal and multio-mics microbiome data. From experimental
design to validation.

tential functions. However, the relative quantification of community members and func-
tionalities is key in harnessing the power of longitudinal microbiome data, as it allows
the observation of community taxa/functional dynamics and could be used in downstream
modelling. In that regard, quantifying MG and MT sequencing data is a standard pro-
cess of aligning reads [Li and Durbin, 2009] to relevant catalogues, and then quantifying
features of interest (e.g. population/gene relative genomic abundance, gene expression)
based on those alignments, providing information on community structure, functional
potential and gene expression. Complementally, MP data provides functional insights,
whereby several methods are available for the quantification of such data [Delogu et al.,
2020; Pible et al., 2020], while identification and quantification of metabolites through
MM data [Kapoore and Vaidyanathan, 2016; Mallick et al., 2019; Røst et al., 2020] pro-
vide insights on the community phenotype(s). However, in situ measurements of substrate
uptakes through labelling-based approaches [Starr et al., 2018] are challenging. There-
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fore, specific metabolites of interest could be indirectly linked to members of a microbial
community by proportionally assigning the relative contribution of a MAG to a given
(re)constructed metabolic pathway based on genomic abundance or gene/protein expres-
sion [Noecker et al., 2016; Blasche et al., 2021].

1.3.5 Analysis of community characteristics and dynamics

Modelling community dynamics aims to make plausible predictions from previous obser-
vations and discernible patterns. However, a one-size-fits-all approach does not yet exist
and has to be tailored for specific hypotheses and studies. Thus, data exploration is essen-
tial for a better understanding of what modelling approaches fit the data type, quality, and
quantity.

Modelling microbial community omic data is challenging, especially when it involves
short non-equidistant interval time-series with few samples, given the practicality and fea-
sibility issues associated with in situ studies. In addition, microbiome omic data is i)
compositional [Gloor et al., 2017], e.g. provided as relative abundances, which requires
specific considerations when selecting statistical analyses, ii) highly sparse, such that the
interpretation of zero-values generated from sampling, biological, or technical processes
heavily affects data-derived conclusions [Silverman et al., 2020], and iii) high dimensional,
which increases modelling difficulty due to the influence of feature selection that can heav-
ily affect potential predictions [Bolón-Canedo et al., 2016]. Moreover, complementary use
of different omics further increases complexity [Dahal et al., 2020; Thiele et al., 2020],
but could add predictive power to these models [Fondi and Liò, 2015; Vasilakou et al.,
2016]. Hence, the preprocessing, curation and transformation of the omics data, includ-
ing metadata, is essential for downstream modelling efforts [Bordbar et al., 2014]. There
are increasing efforts in the development of methods and frameworks towards improved
longitudinal microbiome data analyses for a more accurate model selection [Bodein et al.,
2019], e.g. a community model framework to test temporal structure and neutrality, and
fitting to an interaction model [Faust et al., 2018].

To understand how environmental impact and variation of certain microbial populations
may influence others, often resulting in shifts in microbial populations, quantitative char-
acterizations of such dynamics are possible through mathematical models of observable
patterns and their underlying mechanisms. Therefore, by leveraging the longitudinal mi-
crobial abundances one would be able to identify communal responses to perturbations,
which, depending on the resilience of the community, may, for example, lead to a disbal-
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ance of the microbial community [Gonze et al., 2017]. Initial exploration of the dynamics
can be assessed by ordination analyses, where high dimensional population structure data
is visualized in a two-dimensional space to observe the trajectory of the samples and the
behaviour of the system, e.g. metastability, cycles, alternative states [Gonze et al., 2018].
Then, with correlation-based methods, mutualistic and competition relationships may be
inferred by positive or negative correlations, whereby an ensemble approach of correlation
methods has been shown to be useful [Weiss et al., 2016]. However, interactions within
a community are complex and correlations are insufficient to infer them. Specifically, the
application of other non-linear methods would be necessary to resolve those relationships,
e.g. generalized Lotka-Volterra models [Fisher and Mehta, 2014]. Finally, most of the
aforementioned approaches could also be extended to model microbiomes from a func-
tional perspective, by complementing the community structure data with functional struc-
ture data, which could be further complemented or even replaced by functional models
based on metabolic reconstructions [Biggs et al., 2015].
In the presence of multi-omics microbiome data, data integration have been routinely
performed, with notable examples from studies in i) type-1 diabetes-derived microbiota
[Heintz-Buschart et al., 2016], ii) healthy human gut [Tanca et al., 2017], iii) Crohn’s dis-
ease [Erickson et al., 2012] and iv) activated sludge [Muller et al., 2014a; Roume et al.,
2015]. However, equivalent studies within longitudinal microbiome analyses remain rather
limited. Hence, this work includes an extensive multi-omic longitudinal data set derived
from a model microbiome community (Section 1.2.2), which is used to study microbiome
dynamics.

1.4 Objectives

The main objective of this work is to elucidate the microbial community dynamics of the
model system under study, i.e. the foaming activated sludge, through the integration of
longitudinal and multi-omics data. It is achieved through the generation of an extensive
multi-omic longitudinal data set, followed by large-scale bioinformatics processing us-
ing state-of-the-art tools. Finally, modelling frameworks are applied, to characterize and
understand community dynamics. This work specifically focuses on the interactions and
dynamics between i) bacterial hosts and their associated iMGEs and ii) between bacterial
populations.
In Chapter 2 the main objective is to understand the roles of iMGEs on community dy-
namics. To achieve this, all the necessary components of the system were identified,
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namely the microbial hosts and the iMGEs. To that end, the co-assembly MG and MT
reads was performed, and then a pipeline combining several state-of-the-art tools was
developed to identify MAGs and to construct a longitudinal catalogue of representative
MAGs (rMAGs) that covers most of the abundant/dominant microbial community mem-
bers. In parallel, the prediction of iMGEs, specifically phages and plasmids were car-
ried out using state-of-the-art tools. In addition, CRISPR-based targeting via spacer se-
quences was used to further identify potential iMGEs. Therefore, CRISPR information
was extensively extracted from the data. To that end, further classification of iMGEs
and CRISPR-Cas systems was performed, resulting in a longitudinal catalogue for each
of them, respectively. Consequently, iMGE-host interactions were inferred through the
links defined via the CRISPR information. Quantitative information (such as rMAG and
iMGE abundances) were then used to develop models of the dominant microbial family,
and to construct iMGE and host interactions networks to explain the relative importance
of iMGEs in the model system.
Chapter 3 aims to unravel the interactions between microbial populations of the model
system over time, through an ecological context. Those ecological interactions were then
explained using functional characteristics of interacting populations. To that end, mod-
elling based on rMAG abundances over time, including physico-chemical recordings, were
utilized to build an ecological interactome. This ecological interactome was inferred for
the entire time-series and for shorter-time windows to reveal the nature of long-term and
short-term interactions. Additionally, functional information, i.e. functional potential and
expression, was analysed to explain the nature of the ecological interactions, with focus
on the dominant population of Candidatus. Microthrix parvicella.
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Chapter 2
Roles of bacteriophages, plasmids and
CRISPR immunity in microbial
community dynamics revealed using
time-series integrated meta-omics

This chapter describes longitudinal multi-omics microbiome data analyses to elucidate the
dynamic interaction between (bacterial) hosts and iMGEs. This chapter includes material
from the following published first author peer-reviewed publication.
Susana Martínez Arbas, Shaman Narayanasamy, Malte Herold, Laura A. Lebrun, Michael
R. Hoopmann, Sujun Li, Tony J. Lam, Benoît J. Kunath, Nathan D. Hicks, Cindy M. Liu,
Lance B. Price, Cedric C. Laczny, John D. Gillece, James M. Schupp, Paul S. Keim,
Robert L. Moritz, Karoline Faust, Haixu Tang, Yuzhen Ye, Alexander Skupin, Patrick
May, Emilie E. L. Muller and Paul Wilmes
2021
Roles of bacteriophages, plasmids and CRISPR immunity in microbial community dy-
namics revealed using time-series integrated meta-omics
Nature Microbiology, 6:123-135. Appendix A.2
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Chapter�2

2.1� Abstract

Viruses�and�plasmids�(invasive�mobile�genetic�elements,�iMGEs)�have�important�roles�in�
shaping� microbial� communities,� but� their� dynamic� interactions� with� CRISPR-based�
immunity� remain� unresolved.� We� analysed� generation-resolved� iMGE-host� dynamics�
spanning� one� and� a� half� years� in� a�microbial� consortium� from� a� biological�wastewater�
treatment� plant� using� integrated� meta-omics.� We� identified� 31� bacterial� metagenome-
assembled� genomes� (MAGs)� encoding� complete�CRISPR-Cas� systems� and� their� corre-
sponding� iMGEs.�CRISPR-targeted� plasmids� outnumbered� their� bacteriophage� counter-
parts�by�at�least�5-fold,�highlighting�the�importance�of�CRISPR-mediated�defence�against�
plasmids.�Linear�modelling�of�our� time-series�data�revealed� that� the�variation� in�plasmid�
abundance�over� time�explained�more�of� the�observed�community�dynamics� than�phages.�
Community-scale�CRISPR-based� plasmid-host� and� phage-host� interaction� networks� re-
vealed� an� increase� in�CRISPR-mediated� interactions� coinciding�with� a� decrease� in� the�
dominant� Candidatus� Microthrix� parvicella� population.� Protospacers� were� enriched� in�
sequences�targeting�genes�involved�in�the�transmission�of�iMGEs.�Understanding�the�fac-
tors�shaping�the�fitness�of�specific�populations�is�necessary�to�devise�control�strategies�for�
undesirable�species�and�to�predict�or�explain�community-wide�phenotypes.

2.2� Introduction

Microbial�community�dynamics�are�driven�by�both�abiotic�(environmental)�and�biotic�(bi-
ological)�factors�(Section�1.1).�The�latter�includes�iMGEs�which�move�between�genomes,�
such� as� bacteriophages� and� plasmids� [Zhang� et� al.,� 2013;�Koonin� et� al.,� 2017]� and� are�
believed�to�play�an�important�role�in�microbial�community�dynamics�[Rizzo�et�al.,�2013;�
Jassim�et�al.,�2016]�(Section�1.1.1),�by� transferring�detrimental�or�beneficial�genetic�ma-
terial� to�or�between�hosts� [Zhang�et�al.,�2013;�Koonin�et�al.,�2017].�They�also� represent�
key� components� in�horizontal�gene� transfer,� contributing� to� the� spread�of� antimicrobial�
resistance� [Zhang� et� al.,� 2011].�Here,we� present� a� time-resolved,� integrated�meta-omic�
analysis� aimed� at� elucidating� CRISPR-mediated� interactions� and� dynamics� between�
iMGEs� and� their� hosts,�within� a�model�mi-crobial� community� in� activated� sludge� of� a�
BWWTP,�described�in�Section�1.2.�We�utilize�correlation�and�linear�regression�methods�to�
describe� community� dynamics� under� the� lens� of� the� dominant� population� Candidatus�
Microthrix�parvicella� and� information� from� the�CRISPR-Cas� system� to�define�host� and�
iMGE� interactions.� Exploiting� the� sequence-based� CRISPR� links� between� spacers� and�
protospacers,�specific�host�populations�can�be�linked�O
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to specific iMGEs, as well as to their corresponding invasion events[Zhang et al., 2013;
Koonin et al., 2017].

2.3 Methods and Material

2.3.1 Sampling

Individual floating sludge islets within the anoxic tank of the Schifflange BWWT plant
(Esch-sur-Alzette, Luxembourg) were sampled according to previously described pro-
tocols [Muller et al., 2014a]. Samples are indicated as dates (YYYY-MM-DD). Time-
resolved sampling included two initial sampling dates (2010-10-04 and 2011-01-25) as
previously reported [Muller et al., 2014a; Roume et al., 2015]. More frequent sampling
was performed from 2011-03-21 to 2012-05-03, of which data from three samples (2011-
10-05, 2011-10-25 and 2012-01-11) have been previously published [Muller et al., 2014a].

2.3.2 Concomitant biomolecular extraction and high-throughput meta-

omics

Concomitant biomolecular extraction of DNA, RNA and proteins as well as high-throughput
measurements to obtain MG, MT, and MP data were carried out according to previously
established protocols [Muller et al., 2014a; Roume et al., 2015].

2.3.3 Isolate culture, genome sequencing and assembly

85 isolate cultures of lipid accumulating bacterial strains were derived from the sludge
islets sampled from the same anoxic tank described above. The isolation protocol, includ-
ing the screening for lipid accumulation properties (via Nile Red staining), DNA extrac-
tion, and sequencing was performed as previously described [Roume et al., 2015; Muller
et al., 2017]. The genomic data was assembled and analysed using an automated version
of a previously described workflow [Muller et al., 2017] that spanned sequencing read pre-
processing, de novo assembly and gene annotation (See Section 2.3.16). The genome of
Candidatus Microthrix parvicella Bio17-1 was obtained from the publicly available NCBI
BioProject PRJNA174686 [Muller et al., 2012].

2.3.4 Co-assembly of metagenomic and metatranscriptomic data

Sample-wise integrated MG and MT data analyses were performed using IMP version 1.3
[Narayanasamy et al., 2016] with customized parameters, i.e. i) Illumina Truseq2 adapters
were trimmed, ii) the step involving the filtering of reads of human origin step was omitted
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for the preprocessing, and iii) the MEGAHIT de novo assembler [Li et al., 2014] was used
for the co-assembly of MG and MT data. Nonpareil2 [Rodriguez-R and Konstantinidis,
2014b] was applied to the preprocessed MG and MT data to assess the relative depth of
coverage.

2.3.5 Metaproteomic analyses

Raw mass spectrometry files were converted to MGF format using “MSconvert” with de-
fault parameters. The resulting files were used to run the Graph2Pro pipeline [Tang et al.,
2016] together with the corresponding assembly graphs from MEGAHIT, which allowed
the integration of MG, MT and MP data. Assemblies often result in fragmented consen-
sus contigs leading to a loss of information on strain variation, as well as, open-reading
frames spanning multiple contigs. The Graph2Pro pipeline combines the Graph2Pep algo-
rithm and FragGeneScan [Rho et al., 2010] to predict peptides from short and long edges
of the graph even if the peptides span multiple edges. Graph2Pro further predicts protein
sequences from the graphs of the IMP-based co-assemblies, using identified peptides as
constraints. To produce the final protein identifications, MP data was searched against the
sample-specific databases derived from Graph2Pro.
The combined set of tryptic peptides was used as the target database for peptide iden-
tification using the MS-GF+ search engine [Kim and Pevzner, 2014] using customized
parameters. The instrument type was set to a high-resolution LTQ with a precursor mass
tolerance of 15ppm and an isotope error range of -1 and 2. The minimum and the maxi-
mum precursor charges were set to 1 and 7, respectively. The false discovery rate (FDR)
was estimated by using a target-decoy search approach where reverse sequences of the
protein entries were generated while preserving the C-terminal residues (KR) and con-
catenated to the database. All identifications were filtered in order to achieve an FDR of
1%.
Identified peptides from the Graph2Pro pipeline were assigned using peptidematch [Chen
et al., 2013] against Prokka-based [Seemann, 2014] predictions from IMP for protein-
coding sequences of the rMAGs, and prodigal-based predictions [Hyatt et al., 2010] in-
cluding fragmented genes (see Section 2.3.11) for protein-coding sequences of the iMGEs.
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2.3.6 Binning, selection of representative genome bins, taxonomy and

estimation of abundance

Co-assembled contigs from each timepoint were binned, as described previously [Heintz-
Buschart et al., 2016]. Binning was based on nucleotide signatures, presence of single-
copy essential genes and metagenomic depth-of-coverage. Bins from each timepoint with
at least 28% completeness and contamination of less than 20% along with the 85 isolate
genomes were subjected to a dereplication process, using dRep [Olm et al., 2017] v0.5.4,
to select representative metagenome-assembled genomes (rMAGs). Accordingly, dRep
parameters were set to: i) genome completeness of 0.6 (based on CheckM [Parks et al.,
2015] v1.0.7), ii) strain heterogeneity of 101, iii) average nucleotide identity (ANI) thresh-
old of 0.6 to form primary clusters, and iv) ANI threshold of 0.965 to form secondary clus-
ters. Taxonomic classification was performed using a customized version of AMPHORA2
[Wu and Scott, 2012]. Additionally, taxonomic classification was performed with Sour-
mash [Brown and Irber, 2016] 2.0.0a1-lca-version with kmer-length of 21 and threshold
of 4 using an existing database which included around 87,000 microbial genomes (down-
loaded on 2017-11-09 from https://osf.io/s3jx8/download).
AMPHORA2-based predictions for individual marker genes were combined by summa-
tion of the associated assignment probabilities. If the summed probability scores for the
highest-scoring taxonomic level constituted less than one third of the total probability
scores, the assignment was discarded as a “low confidence assignment”. Taxonomic as-
signments of AMPHORA2 and sourmash-lca were combined and then filtered to select a
final taxonomic assignment for the rMAGs, giving priority to predictions from sourmash-
lca due to higher expected specificity and an updated database. We then selected rMAGs
with a “completeness - contamination” value of Ø 50% for further downstream analyses.
To represent population-level abundances and transcription levels, the preprocessed MG
and MT paired- and single-end reads from all the time-series samples were mapped onto
the collection of rMAGs using “bwa mem” [Li and Durbin, 2009] and contig-level average
depth-of-coverage values were extracted for the MG and MT data. Gene-level MT read
counts for all the predicted genes present within each rMAG were normalized to obtain
the corresponding gene expression values, specifically, gene length and total read counts
per sample were used as scaling factors to obtain normalized gene expression values.
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2.3.7 Identification of CRISPR elements

CRISPR information, i.e. spacers, repeats and flanking sequences, were predicted using
CRASS [Skennerton et al., 2013] version 0.3.8 based on the IMP-based preprocessed MG
and MT paired- and single- end reads as input. MetaCRT [Rho et al., 2012] was used
to predict spacers and repeats from IMP-based MT and co-assembled contigs. A custom
script was used to extract flanking regions from the metaCRT results.
The redundancy of spacers, repeats and flanking sequences was reduced by clustering the
sequences with CD-HIT-EST [Fu et al., 2012] version 4.6.7. Spacers were clustered us-
ing 90% sequence identity [Moller and Liang, 2017; Lam and Ye, 2019], covering the
entire length of the compared sequences [Moller and Liang, 2017]. CRISPR-flanking re-
gions were clustered using 99% sequence identity, with at least 97.5% coverage of both
the compared sequences. On the other hand, the CD-HIT-EST clustering parameters for
repeats were determined manually by clustering the known repeats belonging to a sin-
gle CRISPR locus of Ca. M. parvicella Bio17-1 [Muller et al., 2012]. Specifically, the
sequence identity parameter was first set to 99% and the sequence coverage was set to
100%. These parameters were reduced by 5% in the following iterations until all repeats
were regrouped into a single cluster. Subsequently, all the known repeats of Candidatus
Microthrix parvicella were clustered at i) 80% sequence identity, ii) covering the length of
at least 75% of the shorter sequence. Thereby, these parameters were used for the clus-
tering of all repeats. FASTA headers of all the sequences were left unchanged (i.e. -d
parameter in CD-HIT-EST) because they contained information required for downstream
analyses (e.g. sample name, contig name, CRASS-computed coverage, etc.). The clus-
tering procedure for the different CRISPR elements yielded non-redundant sequences of
repeats, spacers and flanking regions.
Spacer abundances were estimated by extracting their coverage values from CRASS. Equiv-
alent information was obtained from metaCRT by using “bwa-mem” to map MG and MT
reads from each of the time-resolved samples to the entire set of contigs predicted by
metaCRT (i.e. contigs containing at least one CRISPR locus). The depth-of-coverage
information was derived using bedtools [Quinlan and Hall, 2010]. Based on this, abun-
dance values were extracted for each of the predicted spacers per timepoint. The depth-of-
coverage information of the metaCRT contigs was then consolidated using CRASS cover-
age results by referring to the non-redundant spacer clusters (derived from CD-HIT-EST).
The consolidated results are hereafter referred as “spacer abundance values”. Specifi-
cally, the spacer abundance values from the specific timepoints were assigned to the non-
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redundant spacers thereby allowing a temporal representation of spacer abundance values.
Subsequently, the spacer abundance values were transformed to counts per million (CPM)
[Robinson et al., 2009; Sha et al., 2015] per sample of non-redundant spacers that had at
least one read count, in at least one sample were selected and the CPM values were calcu-
lated. Finally, to determine presence/absence of a given spacer, a minimum cutoff of CPM
= 1 was applied. Applying standard cutoffs (i.e. above 3-5) caused loss of information
from the short spacer sequences within the repetitive CRISPR regions, which usually do
not recruit many reads during the mapping process.

2.3.8 Linking rMAGs to CRISPR elements

The non-redundant flanking regions and repeats were used to associate MAGs with specific
CRISPR loci using BLASTN [Altschul et al., 1990]. Non-redundant CRISPR-flanking se-
quences and CRISPR-repeats were searched against the contigs of the MAGs. Flanking
sequences and MAG-contig(s) exhibiting similarities of at least 95% of identity and cov-
erage of either: i) 80% for flanking sequences >100bp or ii) 95% for flanking sequences
<100bp were retained for the downstream filtering steps. Next, the aforementioned flank-
ing sequences for which the associated repeats had at least 75% of identity and 80% cov-
erage against the MAG-contig(s) were further retained for downstream processing. Upon
defining the selected flanking repeats sequences linked to a MAG, spacers linked to the
repeats flanking sequences were then associated to the MAG. Thereby, the composition
of spacers per MAG was determined. Finally, all the CRISPR information belonging to a
MAG was linked to its rMAG to preserve the maximum amount of CRISPR information.
cas genes and CRISPR types and subtypes were predicted from all the assembled contigs
using CRISPRone [Zhang and Ye, 2017]. The cas genes and CRISPR types were then
assigned to their respective MAGs.
We then selected rMAGs predicted as Candidatus Microthrix parvicella (see Section 2.3.6)
to inspect the cas genes and CRISPR type predictions. Next, we used CRISPRCasFinder
[Couvin et al., 2018] to further confirm the selected cas genes and CRISPR type pre-
dictions of Candidatus Microthrix parvicella. We performed manual curation on all the
rMAGs� predicted� as� Candidatus� Microthrix� parvicella.� We� identified� a� contig�
(D47_L1.43.1_contig_476300)�of� 10,224� bps� that� encoded� a� complete�CRISPR� operon�
which� was� highly� similar� to� the�CRISPR�operon�of� the� isolate�genome�of�Candidatus�
Microthrix�parvicella�Bio17-1.�This�contig�was�incorporated�with�rMAG-165.
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2.3.9 Identification of protospacers and protospacer-containing con-

tigs

A BLASTN [Altschul et al., 1990] search was performed using all non-redundant spac-
ers as queries against the contigs from all timepoints using the parameters defined in
CRISPRtarget [Biswas et al., 2013]. Spacer matches with at least 95% coverage and
95% identity were selected for further analysis [Shmakov et al., 2017]. Any IMP-based
MT or co-assembled contigs containing repeat sequences and/or identified by metaCRT to
encode CRISPR sequences were excluded from downstream analyses. Accordingly, the
remaining spacer matches (or complements) were defined as protospacers, and the respec-
tive contigs that contained at least one protospacer were defined as protospacer-containing
contigs (PSCC) and were retained as iMGEs.

2.3.10 Classification of iMGEs

Bacteriophage sequences were predicted by analysing all co-assembled contigs using Vir-
Sorter [Roux et al., 2015] version 1.0.3 and VirFinder [Ren et al., 2017] version 1.0.0.
Similarly, plasmid sequences were predicted using cBar [Zhou and Xu, 2010] version 1.2
and PlasFlow [Krawczyk et al., 2018] version 1.0.7. The predictions were consolidated
by annotating candidate iMGE sequences as “plasmid” if the sequences were positively
predicted by cBar and/or PlasFlow, as “phage” if the sequences were positively predicted
by VirSorter and/or VirFinder, as “ambiguous” if the sequences were predicted as both
plasmid and phages by any combination of the aforementioned tools, and finally as “un-
classified” if they contained at least one protospacer and were not annotated as phage or
as plasmid. Following this step, all iMGEs (i.e. phages, plasmids, ambiguous and un-
classified) were clustered using CD-HIT-EST with clustering parameters of 80% identity
and at least 50% coverage, generating the non-redundant set of iMGEs. The classifica-
tion/annotation of representative clusters was retained for the downstream analyses. Fi-
nally, BLASTN [Altschul et al., 1990] was performed on the clustered contigs against
NCBI plasmids and virus databases to retrieve their taxonomy.
Genomic and transcriptomic abundances of the iMGEs were obtained by mapping the
IMP-preprocessed MG and MT paired- and single-end reads from all timepoints to the
iMGE representative contigs using bwa-mem [Li and Durbin, 2009]. The contig-level
average depth of coverage derived from the MG and MT data represented the iMGE abun-
dance and iMGE gene expression, respectively.
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2.3.11 Gene annotation of phage- and plasmid-derived contigs

Open reading frames within iMGEs were predicted using Prodigal [Hyatt et al., 2010] v2.6
with “meta” and “incomplete gene” settings. Predicted genes were annotated using hmm-
search [Johnson et al., 2010] against an in-house licensed version of the KEGG database
[Kanehisa et al., 2016]. KEGG function identifiers were then converted to the higher-level
COG functional categories [Tatusov et al., 2000]. Finally, ARGs were annotated using
“hmmsearch” against ResFam’s full HMM database [Gibson et al., 2015].

2.3.12 Linear model of community dynamics

Correlations between family-level groups, whereby plasmids and phages were assigned
to bacterial families based on their previous contig assignments to MAGs were calculated
using the “rcorr” function within the “Hmisc” R package. Euclidean distances of the cor-
relation vectors were calculated using the “dist” function (“stats” R package). Next, a hi-
erarchical clustering was applied on the calculated Euclidean distances, using the “hclust”
function (“stats” R package). The tree was then cut with a height parameter of four (i.e. H
= 4), using the “cutree” function from R “stats” package [R Core Team, 2013].
The “lm” function from the R “stats” package was used to generate the models. To avoid
overfitting, we restricted the linear models to a maximum of 15 family-level groups. Ran-
dom sampling was performed for 100,000 model realisations and model quality was as-
sessed by the adjusted R2 value. In our first approach, we did not restrict the model com-
position and allowed all combinations with the same probability. Then, from the random
sampling data, we ranked models based on the adjusted R2 value and looked for enrich-
ment in specific families within the best models (N=25, N=50, N=100). In a first iteration,
we selected enriched families and iMGEs, i.e. plasmids and phages, to obtain a global
model, and then, we selected the significant groups from the global model to obtain a
reduced model. Once we had the models for the entire time-series and the shorter-time in-
tervals, we identified the common significant groups in all the models. Next, we removed
the group Microthrixaceae-plasmids from the reduced models for each time interval, to
assess the influence of these plasmids within the performance of the model.

2.3.13 Network analyses and visualization

CRISPR-based plasmid-host and phage-host networks were defined by the co-occurrence
of rMAGs, spacers and a targeted iMGEs in at least one timepoint. Thus, if a given non-
redundant spacer was assigned to a specific rMAG and this specific rMAG did not co-occur
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in at least one timepoint, this spacer was deemed inactive within this rMAG through-
out the time-series. Consequently, a spacer was assigned to a rMAG if, and only if, the
spacer co-occured with its assigned rMAG in at least one timepoint. Thus, the iMGEs
targeted by the spacers assigned to rMAGs were used to build the CRISPR-based plasmid-
host and phage-host networks. Finally, the timepoint-specific networks were built based
on the presence/absence of the rMAGs and their linked plasmids or phages. Network
properties such node degree, betweenness and closeness were estimated by the function
“speciesLevel”, within the “bipartite” R package [Dormann et al., 2008]. Modularity,
defined by the value of Q [Newman, 2006], and nestedness, defined as the value of the
“Nestedness matrix based on Overlap and Decreasing Fill” (NODF) [Almeida-Neto et al.,
2008], were calculated using the functions “computeModules” and “nested”, respectively.
Visualization and manual inspection of the networks were performed with Cytoscape
[Shannon et al., 2003] version 3.6.1. R version 3.4.1, together within the “tidyverse”
framework, was used for processing data tables, statistical analysis and data visualization
[Conway et al., 2017].

2.3.14 Estimation of spacer gain-loss and CRISPR locus dynamics

Based on the previously calculated CPMs per rMAG, their assigned spacers and iMGEs,
dates of first and last occurrence within the timeseries were defined. We subsequently de-
fined events of gain and loss of spacers, and possible secondary encounters of the iMGE
with the rMAGs in order to resolve the variation within a given CRISPR array per popula-
tion. These events were classified as follows: i) gain of a given spacer if its first detection
within the timeseries occurred after the first occurrence of its targeted iMGE, ii) likely
gain of a given spacer if both the spacer and its targeted iMGE occurred for first time at
the same timepoint, iii) likely secondary encounter if the spacer occurred for first time be-
fore its linked iMGE, iv) loss of a given spacer if the spacer’s last detection occurred after
the last detection of its linked iMGE, v) likely loss of a given spacer if the last detection of
both spacer and iMGE occurred at the same timepoint, vi) spacer loss before iMGE loss if
the last occurrence of the spacer occurred before the last occurrence of the iMGE.

2.3.15 Workflows automation and computing platforms

The automation of workflows was made using several versions of snakemake [Köster and
Rahmann, 2012], from 3.10.2 to 5.1.4. All computing was run on the University of Lux-
embourg High-Performance Computing (ULHPC) platform [Varrette et al., 2014].
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2.3.16 Data and code availability

The genomic FASTQ files, rMAGs, and isolate genomes from this work are publicly avail-
able within NCBI BioProject PRJNA230567. Similarly, MP data from this work is pub-
licly available in the PRIDE database under the accession number PXD013655.
Additional publicly available projects cited by this work include NCBI BioProject PR-
JNA174686.
The code is available on three separate repositories: i) the IMP, binning and population
genomes can be found in https://github.com/shaman-narayanasamy/LAO

-time-series (doi: 10.5281/zenodo.3988660), ii) the CRISPR and MGE analyses can
be found in https://github.com/susmarb/LAO_multiomics_CRISPR_iMG
Es (doi: 10.5281/zenodo.3988592), iii) the isolate assembly analyses can be found in ht
tps://github.com/shaman-narayanasamy/Isolate_analysis� (doi:�
10.5281/zen-odo.3988667).

2.4� Results

2.4.1� Time-resolved�meta-omics�of�foaming�sludge�islets

53 samples of foaming sludge islets from the surface of an anoxic tank were collected
from a BWWTP over a period of 578 days. The mean sampling frequency of eight days
(SD=16 days) is equivalent to the doubling time of the dominant population, Candidatus
Microthrix parvicella (Ca. M. parvicella) [Rossetti et al., 2005; Sheik et al., 2016], thereby
facilitating the study of population dynamics on a generational timescale. Concomitant
DNA, RNA and protein fractions were obtained from each sample [Roume et al., 2013],
which is critical for coherent downstream systematic measurements and multi-omic data
integration [Roume et al., 2013]. These biomolecular fractions were subjected to deep,
high-throughput measurements resulting in time-resolved metagenomic (MG), metatran-
scriptomic (MT), and metaproteomic (MP) data. A total of 1.5x109 MG reads and 1.7x109

MT reads underwent sample-specific, large-scale bioinformatic processing, followed by
MG and MT de novo co-assembly [Narayanasamy et al., 2016] yielding a total of 2.1x107

contigs (Appendix B.1). Additionally, we estimated ~50% average coverage of commu-
nity members resolved for the individual timepoints (Appendix E.1). MP datasets yielded
a total of 7.6x106 mass spectra, whereby a total of 9.6x107 redundant peptides were iden-
tified per sample using the 3.1x107 protein sequences predicted from the co-assembled
contigs as the search database (Appendix B.2).
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Contigs from the co-assembled MG and MT data from each sample were binned, produc-
ing a total of 26,524 metagenome-assembled genomes (MAGs) across all samples (Ap-

pendix B.1), of which 1,364 MAGs were selected for dereplication together with a col-
lection of 85 isolate genomes (Appendix E.2). The dereplication yielded pools of MAGs
for which we defined representative MAGs (rMAGs) [Olm et al., 2017]. These rMAGs
underwent taxonomic classification, quality filtering and manual curation thereby yielding
a total of 92 rMAGs which were retained for downstream analyses (Appendix B.3). In
this work, rMAGs are assumed to represent pools of MAGs resulting from dereplication
and are equivalent to populations. Therefore, our population-level analyses are, by default,
on the rMAG-level unless otherwise specified.

2.4.2 CRISPR-Cas information over the entire meta-omics dataset

We resolved the CRISPR-Cas systems within rMAGs by extracting their respective cas
genes and classifying the CRISPR-types [Zhang and Ye, 2017]. This resulted in a final set
of 31 (37%) rMAGs that encoded classifiable and complete CRISPR-Cas systems, i.e. cas
genes allowing CRISPR-Cas system classification, and CRISPR loci containing the re-
quired information for linking hosts to iMGEs [Edwards et al., 2016]. The most common
CRISPR-Cas system within the community was type I, which was found in 21 rMAGs and
across several taxonomic families, followed by type III assigned to nine rMAGs, while
type II and V systems were identified in three and one rMAGs, respectively. Combina-
tions of different CRISPR types within a single rMAG were also detected. Accordingly,
we found type I and III to be present together in five rMAGs, thereby representing the
most commonly detected combination [Crawley et al., 2018] (Figure 2.1, Appendix B.4).
We used an ensemble of computational methods to extract CRISPR information on the
read- and contig- level, resulting in an extensive set of detected CRISPR repeats and spac-
ers (both collectively referred to as CRISPR elements) per sample. Overall, we retrieved
89,856 repeats and 525,579 spacers over the entire time-series. However, they are redun-
dant because the same repeats or spacers may appear at multiple timepoints (Figure 2.2).
Therefore, we removed redundancy by clustering CRISPR elements, resulting in 8,469 and
162,985 non-redundant repeats and spacers, respectively. Spacers were more highly rep-
resented on the MG-level whereas repeats were more highly represented on the MT-level
(Appendix E.3). 778 (~9%) non-redundant repeats and 20,002 (~12%) non-redundant
spacers could be directly assigned to at least one rMAG, in turn representing 196,159
(~37%) and 29,685 (~33%) redundant spacers and repeats, respectively. In order to re-

29



Chapter 2

tain the maximum amount of information for downstream analyses, the entire collection
of spacers and repeats from the entire pool of MAGs were linked to their corresponding
rMAGs (Appendix B.4). Although this may result in high numbers of unfiltered spacers
associated with certain rMAGs, e.g. rMAG-117 which represents 41 MAGs and is asso-
ciated with 6,574 spacers, this approach allows comprehensive tracking of CRISPR and
targeted iMGE dynamics.

Figure 2.1: Community dynamics and CRISPR-Cas type distribution. a, Relative abundance of repre-
sentative metagenome-assembled genomes (rMAGs) over time. The labels on the x-axis indicate the sam-
pling dates and the double slashes (//) on the time axis represent absence of samples in the sampled system.
b, Venn diagram of CRISPR-Cas system types based on the numbers of rMAGs that encode them. Overlaps
indicate single rMAGs carrying more than one CRISPR-Cas system. c, Distribution of taxonomic affilia-
tions at family rank per CRISPR-Cas system type. (a) and (c) The legend colours marked with asterisks (*)
represent families containing CRISPR-Cas systems.
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Figure 2.2: Non-unique CRISPR elements over time. Number of predicted a, repeats, and b, spacer per
time point. The labels in the x-axis indicate the exact sampling dates, and the double slashes (//) represent
absence of samples due to absence of foaming islets.

2.4.3 Protospacers in the entire meta-omics dataset

Protospacers may represent either the origin of the spacers or targets for iMGEs inhi-
bition/splicing. Spacer information from the CRISPR loci can be used to detect iMGEs
through complementary matching to their targeted protospacers [Marraffini and Sontheimer,
2010; Amitai and Sorek, 2016]. Single matches of spacers to targeted iMGEs have been
shown to be sufficient for conferring immunity against such iMGEs [Bolotin et al., 2005;
Mojica et al., 2005]. Thus, spacers were searched against all contigs. Those containing at
least one protospacer match, i.e. protospacer-containing contigs (hereafter referred to as
PSCCs), and lacking repeats to avoid self-matching, were considered as putative iMGEs.
Accordingly, we detected 750,375 protospacers within 224,651 PSCCs (Figure 2.3), high-
lighting the large number of PSCCs that encode multiple protospacers (56%). It is note-
worthy that the filtering of PSCCs with repeats (109,504 redundant PSCCs) resulted in the
exclusion of potential iMGEs encoding CRISPR loci.
Upon the removal of redundancy with the iMGEs (next section and Appendix E.4), a
total of 209,199 protospacers were retained within 49,306 non-redundant PSCCs (Ta-

ble 2.1). Here, there were instances of single spacers targeting multiple protospacers, from
either different or the same PSCCs. On average, one spacer targeted 21.85 protospacers
(median=7, SD=51.27), while PSCCs tended to contain more than one protospacer (i.e.
mean=3.29, median=2, SD=4.60).
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Figure 2.3: Non-unique protospacers, and protospacer-containing contigs (PSCC) over time. Number
of predicted a, protospacers, and b, PSCCs per time point. The labels in the x-axis indicate the exact
sampling dates, and the double slashes (//) represent absence of samples due to absence of foaming islets.

Table 2.1: Protospacer-containing contigs summary. Number of spacer matching protospacers, before
and after filtering procedures.

2.4.4 Plasmids and phages in the entire meta-omics dataset

Based on the contigs from all timepoints, we predicted phage and plasmid sequences.
The total number of annotated iMGEs represented 6.97% of all contigs, for which 2.22%
contained at least one protospacer (i.e. PSCCs). Interestingly, we found that sequences an-
notated as plasmids outnumbered phages by ~16-fold (Appendix E.4). At this stage, there
was a lack of predicted prophage sequences, likely due to the limitations of the available
phage prediction methods. All the predicted iMGEs were clustered to yield non-redundant
representative iMGEs traceable over time, which maintained similar proportions to the
previously described redundant set, i.e. ~16-times more plasmid than phages (Table 2.2).
Among these, we found 12,232 (1.7%) plasmids and 227 (0.5%) phages with similarities
to sequences within the NCBI database, demonstrating a representation lack of those el-
ements within public databases. A similar trend in proportions is reflected in the iMGEs
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Table 2.2: Summary of redundancy removal of iMGEs. Number of candidate invasive mobile genetic
elements (iMGEs) and protospacer-containing contigs (PSCC) before and after the removal of redundancy
(using CD-HIT). The number of protospacers within the PSCCs is based on blastn matching of spacers and
PSCC. Additionally, the classification of iMGEs as phage, plasmid, ambiguous and unclassified is based on
predictions from VirSorter, VirFinder, PlasFlow and cBar.

targeted by spacers. Plasmids (12,412) are targeted 5-times more frequently than phages
(2,351). Since we were interested in iMGEs that are interacting with hosts via CRISPR,
we focused on the non-redundant iMGEs that were also PSCCs (henceforth we collec-
tively refer to these as iMGEs) for downstream analyses. Additionally, the MG and MT
co-assembled contigs allowed the detection of iMGEs exclusively present on the MT level,
e.g. RNA phages [Callanan et al., 2018]. Accordingly, a total of 2,890 MT-only contigs
assigned as iMGEs were retrieved, from which 2,102 and 387 were classified as plasmid
and phage, respectively.
BWWTPs are thought to represent hotspots for the spread of antimicrobial resistance genes
(ARGs) [Rizzo et al., 2013; Tong et al., 2019]. Therefore, we inspected plasmid and phage
functions targeted by CRISPR systems [Davison et al., 2016; Shmakov et al., 2017] and
screened those iMGEs for potential ARGs (Appendix E.5, Appendix B.5, Appendix B.6,
Figure 2.4). We found 1,570 (0.22%) plasmids and 106 (0.25%) phages encoding 38 dif-
ferent ARGs, including tetracycline-resistance genes, which are known to be persistent
in BWWTP [Che et al., 2019; Tong et al., 2019]. Additionally, we found ten plasmid-
PSCCs. Among these, three were encoding ARGs that were being targeted by spacers,
specifically aminoglycoside nucleotidyltransferase (ANT3), streptomycin phosphotrans-
ferase (APH3”) and Class D beta-lactamases (ClassD) (Table 2.3 and Appendix B.7).
Apart from these specific cases, iMGEs encoding ARGs were not PSCCs and, thus, are
likely not targeted by CRISPRs.
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Figure 2.4: Functional gene categories encoded and targeted within plasmids and phages. a, Functional
categories encoded by plasmids and b, by phages. a, b Each bar indicates the number of genes found per
functional category. The left bar plots show the number of genes of specific functional categories within
invasive mobile genetic elements (iMGEs) with and without protospacers (that is PSCCs). For those iMGEs
that are PSCCs, the right bar plot highlights the number of genes of specific functional categories for which
protospacers occurred within the intragenic regions.
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Table 2.3: Antibiotic resistant genes (ARGs) within iMGEs.
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2.4.5 Community dynamics

The relative abundances of rMAGs and representative iMGEs were used to infer com-
munity dynamics over time (Figure 2.1, Figure 2.5, Figure C.1). We grouped rMAGs
at the family level due to the large fraction of unclassified taxa. Families such as Mi-
crothrixaceae, Moraxellaceae, Leptospiraceae and Acidimicrobiaceae, which are known
to be present within sludge communities [Muller et al., 2014a; Shchegolkova et al., 2016],
were found to be prominent members. To further investigate the effects of iMGEs on
the community dynamics, we linked iMGEs to their putative host families based on their
assignments via binning. This resulted in a total of 79 family-level groups of bacteria, plas-
mids and phages. Microthrixaceae family showed a relative abundance average of 15.5%
(median=15.9%, SD=5.2) with minor fluctuations throughout the time-series, except be-
tween 2011-11-16 and 2012-01-03, where there was a significant decrease. Moraxellaceae
(mean=6.4%, median=3.6%, SD=7.5) and Leptospiraceae (mean=6.9%, median=5.9%,
SD=6.4) showed relatively low abundances over time but increased with the decline in
Microthrixaceae (Figure 2.1), thereby representing the shift in the community structure.
To further investigate the community dynamics, we defined three overlapping shorter-
term intervals according to before, during and after the aforementioned community shift
(Appendix E.6). Subsequently, correlation between the family-level groups, hierarchi-
cal clustering and linear modelling using Microthrixaceae family as the response variable
were performed for the entire time-series and shorter-term intervals.
The correlation analysis showed 62 pairs of family-level groups consistently exhibiting
significant correlations (Figure 2.6), whereby 10 families correlated (rÆ-0.7 or rØ0.7,
p-valueÆ0.001) with their own plasmids and phages in the entire time-series as well
as the shorter-term intervals, e.g. Microthrixaceae, Moraxellaceae and Leptospiraceae
(Appendix B.8). Hierarchical clustering of correlation values from the entire time-series
yielded a total of six clusters, whereby most bacteria, plasmids and phages assigned to the
same families clustered together, demonstrating a predictable variation of these family-
level groups. Further inspection of the dominant families showed Microthrixaceae clus-
tering separately from Leptospiraceae and Moraxellaceae (Figure 2.6, Figure 2.7 and
Figure C.2). The latter two clustered together and exhibited significant negative corre-
lation with Microthrixaceae (r=-0.63, p-value=8.3x10≠7, and r=-0.52, p-value=9.9x10≠5,
respectively), further supporting their observed acyclical behaviour relative to Microthrix-
aceae (Figure 2.6, Figure 2.7 and Figure C.2).
In addition, a selection of the best linear models showed an enrichment of Microthrix-
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aceae-plasmids, Acidimicrobiaceae-phages and Saprospiraceae-plasmids groups and, in
agreement with the enrichment analysis, the best model (adjusted R2=0.9983) showed
iMGEs from Microthrixaceae, Saprospiraceae and Moraxellaceae families exhibiting sig-
nificant contributions (Appendix E.7). Thus, the longitudinal abundance data for Mi-
crothrixaceae exhibited good agreement with the models (Figure 2.8). Overall, the linear
modelling analysis showed the appearance of Microthrixaceae-plasmids as the only com-
mon significant predictor in all the models (entire time-series and shorter-term intervals).
This group was then removed from those models to assess its relative importance, result-
ing in a significant reduction of predictive power (Figure C.3, Figure C.4, Appendix B.9,
Appendix B.10 and Appendix E.7). Thereby, its plasmids had a stronger effect on the pre-
diction of Microthrixaceae abundances compared to its phages, indicating a higher relative
importance for plasmids in governing Microthrixaceae dynamics.

Figure 2.5: Community activity. Relative expression based on mapping MT data to representative metage-
nomic assembled genomes (rMAGs) over time. The labels on the x-axis indicate the sampling dates and the
double slashes (//) on the time axis represent absence of samples in the sampled system.
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Figure 2.6: Correlation within longer- and shorter-term time intervals. a, Correlation heatmaps based
on the entire time-series and shorter-term time intervals. The rows and columns preserve the order of the
hierarchical clustering from the entire time-series. The coloured strip annotations on the right and bottom
represent clusters 1-6. The values within the heatmaps represent significant (threshold: p Æ 0.001) corre-
lations. Statistical tests were two-sided and adjusted for multiple comparisons. b, Significant correlated
pairs within the entire time-series and shorter-term intervals (horizontal bars). Vertical bars represent the
number of intersections between those pairs in different time intervals. Coloured boxes represent the in-
tersections of longer-(entire time-series) and shorter-term dynamics, respectively. Appendix B.8 provides
detailed information on the common correlating pairs between the time intervals.
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Figure 2.7: The rMAGs were grouped together at the family-level. Plasmids and phages were grouped
based on their family-level association, i.e. binned together with an rMAG of a given family. The bacterial,
plasmid and phage groups were clustered based on the correlation of their cumulative group-level abundance
dynamics. a, Dynamics of all clusters based on cumulative abundance of each cluster members. b, Dynam-
ics of the cluster 2 members, including Microthrixaceae and its associated plasmids and phages as cluster
members. c, Dynamics of the cluster 3 members, including Microthrixaceae and its associated plasmids and
phages as reference (these groups are marked with an asterix). Relative abundance values on the y-axis were
derived from MG data. The x-axis represents time, colour coded by seasons as labelled in panel c. Please
refer to Figure 2.1 for the exact sampling dates within the seasons.
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Figure 2.8: Microbial community dynamics. Top: models based on the longer-term dynamics. Bottom:
models based on three shorter-term dynamics. The models are based upon the group-level relative abun-
dance values. Longer-term dynamics are represented by all data points from the entire time-series. The
shorter-term intervals were defined around the “shift” in community structure, where the abundance of Mi-
crothrixaceae family decreases drastically. Exact sampling dates of the shorter-term intervals are highlighted
in the x-axis. Three models were applied to the longer- and shorter- term time intervals, respectively. The
relative abundance of the Microthrixaceae family is included for reference.
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2.4.6 CRISPR-Cas mediated iMGE-host interactions

To describe CRISPR-mediated interactions between iMGEs and their hosts, we retained
4,985 spacers that were encoded by at least one rMAG (host), co-occurred with its assigned
rMAG in at least one timepoint, and targeted at least one iMGE at any given timepoint. We
subsequently searched for iMGEs and corresponding spacers newly appearing during the
time-series, i.e. spacer integration events, and observed that 2,377 spacers were detected
either after or at the same timepoint as their corresponding targeted iMGEs. The mean
spacer integration time, i.e. lag time between detection of an iMGE and its corresponding
spacer, was 9.5 weeks (median=8, SD=8.5). Spacers which disappeared after the detection
of their linked iMGEs were considered to be lost. We observed 1,616 spacers being lost
with seven weeks as the average time for such deletions (median=5.5, SD=7.5). Interest-
ingly, the average time for spacer integration and deletion was lower for phages compared
to plasmids (Appendix B.11). Furthermore, there was a shift from spacer gain to loss on
2011-11-29, suggesting that a majority of integration events occurred during the summer
to autumn transition and a majority of deletion events in late autumn, corresponding to the
shift in community structure occurring in autumn-winter (Figure C.5).
We then separated the CRISPR-mediated interactions into a plasmid-host network com-
prising 18 hosts and 1,881 plasmids, with 2,274 interactions, and a phage-host network
comprising 16 hosts and 472 phages, with 490 interactions (Figure 2.9). Additionally, we
defined an occurring interaction within a given timepoint if a host and its interacting iMGE
were detected in either MG or MT data, resulting in time-resolved network topology vari-
ations (Appendix B.12, Appendix E.8). We included orphan iMGEs and hosts, for which
their associated counterparts were not detected within the same timepoint to visualize the
dynamics (Appendix D.1 and Appendix D.2).
The time-resolved plasmid-host interaction networks had an average modularity of Q=0.71
(median=0.73, SD=0.07), with two main modules of interactions: a group containing a
core set of rMAGs classified as Leptospira biflexa, and a group containing rMAGs from
different species, i.e. Marinobacter hydrocarbonoclasticu, Acinetobacter sp. ADP21,
Chitinophaga pinensis and Haliscomenobacter hydrossis. Ca. M. parvicella was repre-
sented by rMAG-165. In contrast, the phage-host interaction networks had an average
modularity of 0.69 (median=0.69, SD=0.07) and smaller interacting groups. However,
the overall dynamics of both networks were similar, with the number of interactions in-
creasing during November 2011, which co-occurred with the drop in Ca. M. parvicella
(Microthrixaceae) and the increase in other populations, such as Leptospira biflexa or
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Haliscomenobacter hydrossis. Based on these networks, we performed a one mode pro-
jection to resolve direct interactions between rMAGs with common iMGEs. For this, we
observed a higher range of interactions between rMAGs from the plasmid-host network,
suggesting a wide spread of plasmids across different families in contrast to the more
restricted infection range of phages (Figure 2.10, Appendix B.13).
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Figure 2.9: Networks of plasmid- and phage-host interactions. Bipartite networks representing global
CRISPR-based interactions from the entire time-series involving bacterial hosts (multicolored circular
nodes) and their associated a, plasmid (turquoise hexagonal nodes) and b, phage (purple diamonds) se-
quences. The edges represent at least one spacer at one timepoint from the host targeting the corresponding
iMGE.
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Figure 2.10: One-mode projection of the bipartite iMGE-CRISPR host networks. Interaction network
between microbial populations, where the interactions are inferred from the iMGE-CRISPR host interac-
tions.
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2.4.7 Population-level iMGE-host dynamics

To further understand the iMGE-host dynamics in relation to the maintenance of microbial
populations of interest, we focused on the dominant population within the community, Ca.
M. parvicella [Blackall et al., 1996; Muller et al., 2012; McIlroy et al., 2013], which con-
stitutes ~30% of the community at specific dates (Figure 2.1). More specifically, it showed
distinct characteristics in the community and network dynamics, such that timepoints with
decreased Ca. M. parvicella abundance exhibited a higher number of overall CRISPR-
mediated interactions (Figure 2.11, Appendix D.1 and Appendix D.2), further supported
by the negative correlations with the total number of plasmid-host interactions over time
(r=-0.33, p-value=0.017) and phage-host interactions over time (r= -0.40, p-value=0.004).
However, upon focusing on the population-level CRISPR-based iMGE-host interactions
of Ca. M. parvicella, we observed a positive correlation between the population abun-
dance over time and its number of iMGEs-host interactions, i.e. plasmid-host (r=0.63,
p-value¥0) and phage-host (r=0.25, p-value=0.02). Finally, the iMGE-Ca. M. parvicella
network exhibited highly modular structure, whereby a set of iMGEs interacted with its
set of spacers (Figure 2.11).
We identified a single contig of 10,224 bp in length that encoded a complete CRISPR
operon. This contig shared 97.62% sequence identity with Candidatus Microthrix parvi-
cella Bio17-1 [Muller et al., 2012] (Appendix E.9, Appendix B.14). Briefly, the contig
contained six cas genes and 11 CRISPR-repeats. Using the MT and MP data, we found
the cas genes within the rMAG to be expressed over time, with Cas2 showing the highest
level of gene expression while Cas7 was found more frequently at the protein level (Fig-

ure 2.11). We were able to link a total of 670 spacers across the entire time-series to this
specific CRISPR locus. These spacers were present within an average of 25.5 timepoints
(median=28.5, SD=14). Out of all the associated spacers, 433 lacked matches within the
time-series and 246 could be linked to a protospacer in at least one timepoint. Among
these, 64 targeted plasmids, 24 phages, and 12 both plasmids and phages (Figure 2.11).
10 of the 12 spacers targeting both had matches in protein coding genes including sigma
70 factor of RNA polymerase, GDSL-like lipase 2, and helix-turn-helix domain 23, which
are genes known to be widely encoded by both plasmids and phages. Additionally, we
inspected the spacers activity within the CRISPR loci and observed 45 spacers with gain
or loss events (Figure 2.12). Similar to the community level, there was also a shift in gain
to loss events, occurring after the community shift on 2011-12-28 (Figure 2.13). Overall,
cas gene and Cas protein expression levels, coupled to spacer dynamics targeting more
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plasmids (example in Figure 2.14) than phages, demonstrated a highly active CRISPR-
Cas system within Ca. M. parvicella.
In contrast to Ca. M. parvicella, other populations exhibited more dynamic CRISPR loci,
such as the rMAG-40 classified as Leptospira biflexa, and less dynamic loci, such as the
rMAG-31 classified as Intrasporangium calvum (Appendix E.10). L. biflexa has eight
putative CRISPR loci and a locus of cas genes classified as type V (Appendix B.15, Fig-

ure 2.15) and these contained a total of 680 spacers, of which 146 exhibited gain or loss
within the time-series. The population with the highest amount of spacers was rMAG-73,
classified as Chitinophaga pinensis, with CRISPR type III and a total of 1,119 spacers,
of which 306 were active (i.e. with either gain or loss events). Overall, the size of the
CRISPR locus did not directly relate to spacer gain/loss. Finally, we observed that dif-
ferent population-level CRISPR-Cas dynamics exist at the level of gene and protein ex-
pression as well as spacer integration activity. Based on our results, Ca. M. parvicella
populations contain a functional CRISPR system but use it sparingly compared to other
populations.

46



Chapter 2

Figure 2.11: The CRISPR-Cas system of Ca. M. parvicella. a, CRISPR-cas locus predicted within a
reconstructed population-level genome (rMAG-165) identified as Ca. M. parvicella. b, MT-based expression
levels of the corresponding cas genes. Boxplot represents expression levels aggregated from 51 timepoints
based on normalized read counts. Data are presented as median values, Q1≠1.5◊IQR and Q3+1.5◊IQR.
c, MP-level representation of Cas proteins. The numbers represent the number of timepoints where at least
one peptide of the corresponding Cas protein was detected. d, Representation of the active CRISPR spacers
(gain or loss of spacer within the time-series) assigned to Ca. M. parvicella. The order of the spacers, is
based on their first occurrence within the time-series. e, Spacer-iMGE-based interactions represented per
timepoint as percentages of the global interactions of Ca. M. parvicella.

47



Chapter 2

Figure 2.12: Spacer acquisition dynamics in Candidatus Microthrix parvicella population. Dynamics
of spacers assigned to the Ca. M. parvicella population. The y-axis includes the spacer IDs. The coloured
boxes next to the spacer IDs indicate the type of iMGE targeted by that spacer, i.e. turquoise for plasmids,
purple for phages and brown for both. The boxes within the plot are coloured based on the presence (light
blue) or absence (dark grey) of the spacer within the CRISPR array for each timepoint. Green boxes represent
spacer gain events, specifically light green for spacer integration (iMGE is detected before the spacer) and
dark green for a putative spacer integration (iMGE and spacer are detected at the same timepoint). Dark blue
boxes represent potential secondary contact events (spacer detected before the iMGE). The labels on the x-
axis indicate the sampling dates and the double slashes (//) on the time axis represent absence of samples
from the sampled system.
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Figure 2.13: Spacer acquisition dynamics in Candidatus Microthrix parvicella population. Barplot
representing the percentage of spacers per time-point reflecting a gain or loss events. Gain events are defined
as: i) “Gain of the spacer, spacer integration” when the iMGE was detected before or at the same timepoint
as its linked spacer, and ii) “Gain of the spacer, secondary contact” when the spacer was detected before
the linked iMGE within the time-series. Loss events are defined as: i) “Loss of the spacer, spacer deletion”
when both the spacer and the iMGE are not detected anymore within the remainder of the time-series, and
ii) “Loss of the spacer” when the spacer is not detected within the time-series anymore but the iMGE is still
detected after spacer loss. The labels on the x-axis indicate the sampling dates and the double slashes (//) on
the time axis represent absence of samples from the sampled system.
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Figure 2.14: Abundance of Ca. M. parvicella and selected plasmid sequences targeted by the spacers

of the same species. a, Metagenomics (MG)-based and metatranscriptomics-based (MT) abundance of Ca.
M. parvicella over time. b, Abundance of plasmid contig “D28_L2.21_contig_56858”, with a size of 2,503
bps which is targeted by three spacers within Ca. M. parvicella’s CRISPR locus. c, Abundance of plasmid
contig “D48_E1.25_contig_355826”, with a size of16,151 bps which is targeted by one spacer within Ca.
M. parvicella’s CRISPR locus. Statistical tests were two-sided and adjusted for multiple comparisons.
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Figure 2.15: Spacers acquisition dynamics of the rMAG-40 population (Leptospira biflexi). a, CRISPR-
Cas operon. b, cas genes expression at MT-level, aggregated from 51 timepoints. Presented data as median
values, Q1 ≠ 1.5 ◊ IQR and Q3 + 1.5 ◊ IQR. c, MP-level representation of Cas proteins; number of
timepoints where at least one peptide was detected. d, Number of interactions between rMAG-40 and
iMGEs. Purple section represents the number of interactions with phages; turquoise represent interactions
with plasmids. e, Percentage of spacers per timepoint with a gain or loss event. Gain events are defined
as: i) “Gain of the spacer, spacer integration”, the iMGE was detected before, or at the same timepoint, as
its linked spacer, and ii) “Gain of the spacer, secondary contact”, the spacer was detected before the linked
iMGE, within the time-series. Loss events are defined as: i) “Loss of the spacer, spacer deletion”, both
spacer and iMGE are not detected within the rest of the time-series, and ii) “Loss of the spacer”, the spacer
is not detected within the time-series anymore, but the iMGE is detected after spacer loss. f, Dynamics of
spacers assigned to the rMAGs. Double slashes on x-axis (//) represent absence of samples.
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2.5 Discussion

We present an extensive time-resolved integrated meta-omics analysis of CRISPR-mediated
iMGE-host interactions. Given the vast extent of unresolved bacterial taxa as well as plas-
mid and phage sequences in this community, the reliance on existing sequence databases
would have greatly limited the analysis of key community members. Our reference-
independent approach, including de novo genomic assembly, binning and plasmid/phage
prediction, were required to analyse this dataset. We were able to link microbial population
genomes (rMAGS) to iMGEs using spacer-protospacer links [Edwards et al., 2016], unlike
previous approaches that have relied on abundance levels [Brown et al., 2019]. Overall,
our approach of resolving interaction dynamics between iMGEs and their hosts revealed
an enrichment in CRISPR-based plasmid targeting relative to phages.
To extract coherent information across the time-series, we minimized redundancy con-
cerning the: population-level genomes; CRISPR information; and iMGEs. The aforemen-
tioned procedures may potentially result in a dilution of information, especially regarding
to the underlying species- and strain-level diversity. However, this trade-off was necessary,
considering the inherent properties of the time-series dataset, namely in relation to the ap-
pearance, disappearance and/or reappearance of features over time. More importantly, our
stringent methodology allowed us to balance the advantages of a de novo assembly-based
approach, i.e. detecting novel microbial/iMGE populations, while enabling us to track the
populations over time.
We systematically optimised the plasmid and phage prediction by applying an ensemble
approach to reduce bias stemming from a single tool, establishing associations of iMGEs
and specific rMAGs through binning, identifying strong correlations between iMGEs and
their associated rMAGs, and using spacer-protospacer links to establish empirical evi-
dence of interaction between rMAGs and iMGEs. Despite this, several limitations must be
addressed, including the inherent inaccuracies of the plasmid and phage prediction tools,
the inability to predict prophages within community, and the lack of reliable taxonomic
classifications of iMGEs.
Our ensemble approach for iMGE identification demonstrated that plasmids are highly
abundant within the community. The stepwise linear modelling approach demonstrated
that plasmids have more pronounced impact on the dominant Microthrixaceae compared
to phages. Furthermore, based on the extracted protospacer information, plasmids are
also targeted more often than their phage counterparts by CRISPR systems. In contrast
to previous studies focused on CRISPR-mediated immunity against phages, our results

52



Chapter 2

thereby support the notion that plasmids also play key roles in adaptation and promotion
of diversity [Davison, 1999]. In this context, BWWTPs are thought to be hotspots for the
spread of ARGs through MGEs [Rizzo et al., 2013; Li et al., 2018]. Our data revealed a
comparatively small fraction of plasmids encoding ARGs being targeted by CRISPR sys-
tems, suggesting that bacteria retain potentially beneficial plasmids [Jiang et al., 2013],
e.g. those encoding ARGs [Murray et al., 2018], but further detailed investigation includ-
ing data from longer-term time-series is required.
The period with decreased Microthrixaceae abundance (from 2011-11-02 to 2012-01-
25) coincided with the increased in abundance of: other families (e.g. Leptospiraceae
or Moraxellaceae); their corresponding plasmids; and overall CRISPR-mediated interac-
tions. Based on this information, the increase in plasmids suggests a short-term fitness
advantage for Leptospiraceae and Moraxellaceae populations on the one hand. On the
other hand, CRISPR-mediated links indicate CRISPR-based suppression of those plas-
mids in a possible drive towards the normalisation of community structure and function,
including the dominance of Ca. M. parvicella. However, any direct cause-effect relation-
ships remain to be further explored under controlled laboratory conditions.
In relation to phages, we found that they tend to correlate with specific families, e.g.
Moraxellaceae and Leptospiraceae, which exhibit acyclical dynamics in relation to the
Microthrixaceae family, but showed a smaller effect in the linear models. Additionally,
rMAG populations within the Moraxellaceae and Leptospiraceae families exhibited higher
CRISPR activity in terms of phage-linked spacer gain/loss. In that regard, phages are
known to affect specific populations, which, according to our data, does not include the
dominant Ca. M. parvicella, as previously observed by Liu et al. [2017]. Therefore, future
studies need to be directed at deciphering the roles of individual plasmids and phages on
specific populations, as well as the community as a whole.
Based on our observations, a strong case can be made to include iMGEs and CRISPR-
based interactions as additional features into models which incorporate abiotic parameters
(e.g. temperature, pH, oxygen concentration, etc.) and biotic drivers (e.g. population
dynamics, inter-microbial population interactions, etc.) [Roume et al., 2015; Coenen and
Weitz, 2018; Brown et al., 2019], especially when such information can be extracted from
metagenomic data. The inclusion of such additional features may provide a more compre-
hensive model of community dynamics and process performance.
Finally, the composition of CRISPR loci have been found to be highly environment-
specific [Kunin et al., 2008], which should translate into environment-specific CRISPR-
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mediated interactions. Therefore, the present study should be repeated on samples from
other environments to provide a broader understanding of CRISPR-based interactions in
relation to iMGEs [Bernheim et al., 2019].

2.6 Conclusions

This Chapter shows the power of longitudinal integrated-omics to provide perspectives
of host and iMGE interactions. Empirical CRISPR-based information may be used to
validate host-iMGE interactions derived from other analytical methodologies, such as cor-
relation and linear modelling. In the next chapter, we demonstrate how the empirical
CRISPR-based interactions devised in the present chapter can be expanded to support
general models based on microbial community structure, function and ecological relation-
ships.
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Time-series integrated multi-omic analyses
for ecological interactome inference of
microbiomes

This chapter is based on the following manuscript in preparation:
Martínez Arbas et al. (2021). Time-series integrated multi-omic analyses for ecological
interactome inference of microbiomes.
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3.1 Abstract

Microbial communities are highly dynamic systems that constantly react and adapt to
changing environmental conditions which influence microbial community structure and
function. Resilient microbial communities are able to overcome these environmental in-
fluences to continue playing their roles within the system. Here, we show which environ-
mental, i.e. abiotic, factors influence the community dynamics in different seasons. We
further infer ecological interactions using molecular signatures derived from longitudinal
multi-omics data. These signatures are used to model a time-resolved community-wide
interactome, which shows cooperation and competition in equivalent proportions, with a
low presence of predation. We observe that cooperative interactions are stronger than com-
petitive interactions. From the complete interactome, we further define a core subnetwork,
i.e. ecological interactions occurring within the system in several time windows from the
timeseries, that may demonstrate a shift in their ecological relationships, e.g. a coopera-
tive relationship between two community members becoming a competitive relationship,
likely due to their response to the environment. We further inspected the ecological re-
lationships of the dominant taxa Candidatus Microthrix parvicella. In conclusion, we
demonstrate the utility of longitudinal multi-omics to elucidate ecological relationships
between community members.

3.2 Introduction

Structure and function of microbial communities are driven by the complex web of inter-
actions between the members of the microbiome within a system, i.e. biotic relationships,
and the influence of the environmental conditions, i.e. abiotic influence. This complex
interactome is key for the resistance and resilience of microbiomes in response to pertur-
bations [Coyte et al., 2015; Jiao et al., 2019]. Resilience is defined as the rate at which
microbial populations recover from a perturbation, and resistance is defined by the ef-
fect that these perturbations have on the microbial abundances [Clark et al., 2021]. In
general, resilience is conditioned upon functional redundancy among community mem-
bers, when phenotypic traits are widely distributed, e.g. lipid-accumulating organisms
within activated sludge are resilient through phenotypic plasticity and niche complemen-
tarity [Herold et al., 2020]. Ecological interactions can be i) asymmetric or symmetric,
i.e. have effect in one or both of the interacting community members, and ii) have neu-
tral, positive or negative effects [Faust and Raes, 2012; Coyte et al., 2021]. Symmetrical
relationships, which affect both of the interacting members, are i) cooperation, i.e. both
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interacting members benefit from the interaction, ii) competition, i.e. both members en-
counter detrimental effects [Guerrero et al., 2011], and iii) predation, i.e. one of the inter-
acting members benefits from the relationship, while the other faces detrimental effects.
Asymmetrical relationships, when there is neutral effect for one interacting member, while
there is non-neutral effect for the other interacting member, are i) commensalism, i.e. the
non-neutral effect is positive, and ii) amensalism, i.e. the non-neutral effect is negative.
In response to environmental changes, these relationships may change, e.g. in human gut
microbiomes, the presence of antibiotics may lead a shift between cooperative to compet-
itive interactions [Seelbinder et al., 2020].
Mathematical frameworks are a useful methodology to infer ecological interactions and
thus can be applied on microbiome data [Dohlman and Shen, 2019]. On one hand, cor-
relation analyses are often applied to infer positive and/or negative pairwise associations
[Weiss et al., 2016]. However, the directionality of these associations is not defined. On the
other hand, the availability of timeseries (or longitudinal) data allows for the application
of suitable algorithms to infer ecological relationships with directionality, to define more
complex interactions [Weiss et al., 2016; Dohlman and Shen, 2019]. A notable example
frequently used in longitudinal microbiome analyses is the generalized Lotka-Volterra al-
gorithm [Fisher and Mehta, 2014]. Additionally, one can predict the abundance of one
population based on a combination of abundances from different populations with regres-
sion methods [Trosvik et al., 2015; de Muinck et al., 2017; Silverman et al., 2018]. The
direction and sign of the interactions are key to defining the above mentioned ecologi-
cal relationships (i.e. cooperation, competition, predation, commensalism and amensal-
ism). Although these interactions could be defined mathematically, the underlying bio-
logical mechanisms that explain those relationships need to be further interrogated, e.g.
i) metabolic models have been widely used to explain cross-feeding [Deines and Bosch,
2016], ii) competition for the same resources [Guerrero et al., 2011], iii) competition be-
tween bacteria that are targeted by same invasive mobile genetic elements, such as phages
[Refardt, 2011], or iv) cooperation through the transfer of plasmids that carry beneficial
genes for their survival [Dimitriu et al., 2014].
Herein, we particularly describe the environmental factors influencing microbiome dy-
namics within the foaming activated sludge (i.e. model system defined in Chapter 1 and
Chapter 2). We then infer ecological networks based on the observed community struc-
ture and dynamics over, before, during, and after an observed shift of the community
structure (defined in Chapter 2, Section 2.4.2), which further allowed us to identify core
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interactions. Subsequently, we describe putative bio-molecular mechanisms underlying
some of those interactions, based on their functional potential and functional expression.

3.3 Material and methods

3.3.1 Generation and analyses of the longitudinal and multi-omics

dataset

The integrated longitudinal multi-omic data generation, processing and analyses of the
model system are described in detail within Section 2.3.

3.3.2 Physico-chemical measurements

During the sample collection, physico-chemical parameters including pH, air and water
temperature, conductivity, and oxygen levels were manually measured with a portable
field kit (Hach). Additionally, automated measurements were recorded by the biological
wastewater treatment plant (BWWTP), including pH, water temperature, oxygen, nitrates,
phosphates, and ammonium levels, and dry matter.

3.3.3 Visualization of longitudinal sample trajectory

Non-parametric multidimensional scaling (NMDS) was applied to the normalized MG
and MT rMAG abundance tables, with the constraints of the recorded physico-chemical
parameters. Missing values of the manual measurements of pH were imputed using the R
package “imputeTS” [Moritz and Bartz-Beielstein, 2017]. All analysis and visualizations
were performed with R version 4.0.1, specifically the packages “lubridate” [Grolemund
and Wickham, 2011], “vegan” [Oksanen et al., 2019] and “ggplot” [Wickham, 2016] were
used.
The calculation of the Jensen-Shannon divergence from the rMAG abundances at the MG
level was performed using a customised version of the publicly available code from Aru-
mugam et al. [2011] (https://enterotype.embl.de/enterotypes.html).

3.3.4 Calculation of correlations

Pearson correlations were performed using the “psych” [Revelle, 2020] R package. To
obtain correlation matrices at the MG and MT levels, the input tables were the normal-
ized counts per gene per rMAG over time. The correlations were performed between
the normalized gene counts of a given rMAG for timepoint t and timepoint t + 1 using the
“corr.test” function, with the parameter “BH” (i.e. Benjamini Hochberg) as the adjustment
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method for multiple testing. Only correlation values with an adjusted p-value Æ 0.01 were
kept. Finally, t-tests were performed on the correlation matrices to determine whether the
mean of the correlation values in a given pair of timepoints t are different from the next
pair t + 1; compared pairs with adjusted p-value Æ 0.01 were considered as significantly
different.

3.3.5 Modelling and ecological network inference

Centered log-ratio transformations [Aitchison et al., 2000], using the R package “compo-
sitions” [Boogaart and Tolosana-Delgado, 2008] were applied to the relative abundance
values prior to the mathematical modelling step. To avoid overfitting and obtain a selec-
tion of the most significant rMAGs (predictor variables) influencing the abundance of a
given rMAG (response variable), models based on linear regression with Ridge and Lasso
penalizations, i.e. elastic nets [Friedman et al., 2010], were performed. These models were
calculated for each rMAG in four different sets of overlapping time windows consisting of
the following timepoints, i) the entire timeseries, i.e. from 2011-03-21 to 2012-05-03, ii)
the first 20 timepoints, i.e. from 2011-03-21 to 2011-08-29, iii) 20 timepoints covering the
previously observed shift of the community structure (Section 2.4.2), i.e from 2011-08-05
to 2011-01-19, and iv) the last 20 timepoints, i.e. from 2011-12-21 to 2012-05-03. The
elastic net models were obtained using the “glmnet” [Friedman et al., 2010] and “caret”
[Kuhn, 2008] packages in R, to find the penalization parameter values – and ⁄ that calcu-
late the best models. We then extracted the computed features for all the rMAGs from the
linear models as depicted in eq. (3.1). Thus, these interactions were i) directed, i.e. the
direction of the interaction is given by the predictors and reponse variables, ii) weighted,
i.e. the interactions had assigned strength based on the coefficients of the models, and
iii) signed, i.e. the effect of the interaction is positive (+) or negative (-), also assigned
based on the coefficient of the models, see equation 1. These characteristics were then
used to define ecological interactions between the rMAGs, as described by Faust and Raes
[2012], i.e. interactions between hypothetical community members X and Y are defined
as follows i) amensalism (0/-) - if X has no effect on Y, and Y has a negative effect on
X, ii) commensalism (0/+) - if X has no effect on Y, and Y has a positive effect on X, iii)
mutualism (+/+) - X and Y have reciprocal positive effects, iv) competition (-/-) - if X and
Y have reciprocal negative effects, and v) parasitism or predation (-/+) - if X has positive
effect on Y, and Y has a negative effect on X. Subsequently, the models resulted in four
networks describing the interactions in the four overlapping time windows respectively.
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Yi = —0 + —iXi + ‘ (3.1)

where X = predictor variable
Y = response variable
—0 = intercept
—i = slope
‘ = random component

3.3.6 Network analysis and visualization

The node degree, i.e. the number of interactions per node, distributions of the inferred
networks were then compared to the distributions of three different null network models
[Connor et al., 2017]: i) random model based on Erdős–Rényi networks, ii) preferential
attachment model based on Barabasi-Albert networks, and iii) stochastic-block models.
Node strength is calculated by first computing the average weight, of the absolute values,
of interactions between two rMAGs, e.g. average of absolute values of the coefficients
—. This results in the interactions of all rMAGs to be represented by a single edge value,
without directionality. Then, these average interaction weights associated to a given node
are summed up to obtain a cumulative node strength.
The R “igraph” package [Csardi and Nepusz, 2006] was used to perform network anal-
yses and calculate centrality measures of the networks. To visualize the networks, the R
“igraph” package [Csardi and Nepusz, 2006] and Cytoscape [Shannon et al., 2003] version
3.6.1 were used.

3.3.7 Functional annotation and profiling of the rMAGs

Open reading frames (ORFs) of complete genes were predicted using prodigal [Hyatt et al.,
2010], and subsequent functional annotation was performed using “hmmsearch” from the
HMMER suite [Johnson et al., 2010] against the KEGG HMM database [Kanehisa et al.,
2016]. The normalized MG reads mapping to each timepoint (Section 2.3.6) were used to
compute the average normalized read counts for all timepoints. A binary matrix was for-
mulated based on the presence/absence per gene and per MAG, and then used to calculate
the Jaccard distances between the rMAGs with the “vegdist” function of the R “vegan”
package [Oksanen et al., 2019]. Then, multidimensional scaling (MDS) of the Jaccard
distances was visualized, and k=4 was chosen to perform k-means clustering, using the
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function “kmeans” from the R stats package [R Core Team, 2013]. Additionally, the nor-
malized MT reads mappings were used to calculate the realized function of KO functional
categories between different clusters and rMAGs, which is the proportion of genes of a
given function that are expressed.

3.3.8 Code availability

The R code to perform the above described analyses and visualizations are available
at https://github.com/susmarb/Ecological-interactome-prelimin
ary-.

3.4 Results

3.4.1 Sample collection, multi-omic readouts and environmental mea-

surements of the model system: foaming islets of activated sludge

Foaming�sludge� islets�were�sampled�weekly�over�1.5�years� (Chapter�2,�Section�2.3.1).�
Figure� 3.1� shows� the� amount� of� foaming� sludge� islets� occurring� on� the� surface� of� the�
anoxic� tank�of� the�Schifflange� communal�wastewater� treatment�plant,� corresponding� to�
the�samples�described� in�Section�2.3.1.�The�amount�and�appearance�of� the� foam�varied�
over�time.�Specifically,�the�foaming�sludge�appears�almost�nonexistent�during�the�autumn�
season,�while�during�winter�a�continuous�layer�of�sludge�is�formed.�In�general,�spring�and�
summer� exhibited� amounts�of� sludge�between� the� extremes� in� autumn� and�winter,�with�
clear�islets�forming�on�the�surface�of�the�anoxic�tank�wastewater.�Briefly,�(and�as�described�
in�Chapter�2),� each� sample�was� subjected� to� a� concomitant�biomolecular� extraction�of�
DNA,� RNA,� proteins� and� metabolites� and� posterior� high-throughput� measurements,�
resulting� in� a� longitudinal� and�multi-omics� dataset� (Section� 2.3.1).� In� this� chapter,�we�
further� complemented� the� multi-omic� longitudinal� data� with� detailed� physico-chemical�
parameters,� i.e.� abiotic� factors.� Specifically,� we� recorded� two� sets� of� physico-chemical�
parameters;�manual� and� automated.�On� one� hand,�manually� recorded� physico-chemical�
measurements�were� carried� out� as� part� of� the� sampling� procedure� (Figure� 3.2),�which�
reflect� the�environmental�conditions�of� the�system�at� the� time�of�sampling.�On� the�other�
hand,�automated�physico-chemical�measurements,�e.g.�organic�compounds,�were�recorded�
as� part� of� the� routine� operation� of� the� wastewater� treatment� plant.� These� automated�
readouts,�which�are�observed�over�a�longer�period�of�time�(Figure�3.2),�further�depicting�
environmental�seasonality.�These�environmental�changes�have�been�shown� to�af-fect� the�
performance�of�the�water�treatment,�e.g.�the�nitrification�process�[Johnston�et�al.,�����>�
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Figure 3.1: Foaming activated sludge islets. Pictures of the Schifflange communal wastewater treatment
plant anoxic tank surface, located in Luxembourg, where the samples were collected.
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Figure 3.2: Physico-chemical parameters measured at the activated sludge wastewater treatment

plant. a-d, Physico-chemical measurements of the anoxic tank during the weekly sample collection pe-
riod spanning 1.5 years; a, air and water temperature, b, dissolved oxygen, c, water pH of inflow and anoxic
tank, d, and concentration of organic compounds. Monthly average of daily monitored e, water temperature
and f, NH4 from 2008 to 2018. a-b, “manual” and “automatic” refer to measurements by sample collector
and automated monitoring sensors of the wastewater treatment plant, respectively. If manual or automatic
are not specified, the measurement was then taken from the automated monitoring sensors. e-f, seasonal
coloured backgrounds, i.e. blue represents winter, green spring, yellow summer and orange autumn. Grey
box represents sampling period. Double slashes (//) on x-axis represent absence of samples/measurements.
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3.4.2 Microbial community dynamics

Microbial community structure and functional dynamics were defined by reconstructing
microbial genomes, i.e. representative metagenome-assembled genomes, or rMAGs, and
estimating their genomic abundance (MG) and functional expression (MT) (Section 2.3.6).
We observed fluctuations of the community structure (Section 2.4.2) with a striking shift
over autumn (Figure 2.1) and an apparent posterior community structure recovery during
winter. Similarly, the dynamics of the community expressed function (Figure 2.5) ex-
hibits fluctuations alongside the community structure, including the drastic shift in micro-
bial abundances during autumn. Additionally, constrained ordination analysis shows that
temperature, dissolved oxygen and the pH of the incoming wastewater (i.e. inflow) are
the abiotic factors that influence the trajectory of the community structure and expressed
function the most (Figure 3.3). This is in line with previous knowledge that highlights
how inflow composition and environmental conditions influence wastewater treatment op-
erations [Liu et al., 2016]. The sample trajectory in Figure 3.3 (at both MG and MT level)
shows a few samples in autumn that are somewhat isolated from the rest of the samples,
possibly indicating cyclic behavior. This apparent cyclic behavior and trajectory based on
the omic profiles correspond to the varying amount of foaming sludge during the different
seasons (Figure 3.1), which have been previously observed in activated sludge foaming
[Wang et al., 2016; Johnston and Behrens, 2020].
Additionally, Jensen-Shannon distances between all the samples were calculated to ob-
serve the change in community diversity over time (Figure 3.4). An additional ordination
analysis on the calculated Jensen-Shannon indices further supports the cyclical behavior
observed based on the community structure (Figure 3.3), whereby the samples from au-
tumn exhibited higher variation (JSD Ø 2.5) relative to the other samples (JSD < 2.5)
(Figure 3.4), further supporting the notion of a system perturbation from which the com-
munity recovered afterwards.
Another indicator that is commonly used to describe system dynamics that may lead to
alternative states is auto-correlation [Scheffer et al., 2009; Liu et al., 2015b; Dogra et al.,
2020], i.e. correlations of consecutive timepoints. Here, we calculated the auto-correlation
based on the gene level functional potential and expression of the rMAGs (Figure 3.5),
and then computed the significance of those auto-correlation values. On one hand, the ob-
served average trend of functional potential auto-correlations is R Ø 0.7, with a large fluc-
tuation corresponding to the community structure shift. On the other hand, the observed
trend of the functional expression auto-correlations is also high, but it exhibits more fre-
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quent large fluctuations compared to the functional potential auto-correlations. We found
that the auto-correlation on the MG level is significantly different (p-value Æ 0.01 of t-
test) only in December-2011, immediately after the community shift. However, for the
MT level significant differences were indicated in seven different instances covering April,
July, August, November and December, with the latter coinciding with the significant dif-
ference in the aforementioned significant MG level auto-correlation of December-2011
(Figure 3.5). It is worth noting that the significant auto-correlation values in November
to December, covers the community shift, indicating expression level dynamics during the
community shift event. These observed short-term perturbations might be representing
seasonal changes as described in more detail by Herold et al. [2020].
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Figure 3.3: Ordination plots of community structure and functional profiles over time. Bray-Curtis
dissimilarity ordination of relative abundances on the a-b metagenomics and c-d metatranscriptomics levels
of individual rMAGs constrained by environmental conditions. a and c show the ordination of the samples,
and b and d display direction and magnitude of influence of physico-chemical parameters relative to the
trajectory of the samples.
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Figure 3.4: Community diversity dynamics. a, Jensen-Shannon divergence between consecutive time-
points. b-d, Bray-Curtis dissimilarity ordination of the Jensen-Shannon distances between all samples in-
cluding b, sample ordination, c, sample trajectory displayed as arrows, and d, direction and magnitude of
physico-chemical parameter influence indicated as arrows. The labels on the x-axis indicate the sampling
dates while the double slashes (//) represent absence of samples.
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Figure 3.5: Autocorrelation of gene abundance and expression per representative MAG over time. a,
Pearson correlations on the metagenomics level. b, Pearson correlations on the metatranscriptomics level.
Correlation values are shown as absolute values, i.e. negative values are computed as positive values. The
asterisks (*) on the x-axis, under the dates, refer to timepoint comparisons that were significantly different to
the next timepoint comparison (t-test with p-valueÆ0.05), where bottom asterisks corresponds to MG level
significance, and top asterisks to MT significance.
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3.4.3 Mathematical framework for defining ecological interactions and

network

Inter-population ecological interactions were inferred to elucidate how the community
members interact with each other. Briefly, those ecological interactions between com-
munity members such as cooperation, commensalism, competition, amensalism and pre-
dation were defined using a linear model based mathematical framework (Section 3.3.5).
Given the nature of microbiome data such as sparsity and compositionality, a centered
log-ratio transformation was performed to the rMAGs relative abundance data [Aitchison
et al., 2000]. Furthermore, the high dimensionality of the data results in a higher number
of variables (i.e. rMAGs and environmental parameters) compared to number of observa-
tions (i.e. timepoints). Therefore, elastic nets were utilised to avoid potential overfitting of
the models. The elastic nets consist of linear models implemented with Ridge and Lasso
regularization methods [Zou and Hastie, 2005], and aim to predict the response variable,
i.e. transformed abundance of a selected rMAG, by selecting the most important group of
predictors, i.e. all rMAGs other than the response variable and/or environmental parame-
ters. The resulting models provide direction, weight and sign to the interactions between
community members, i.e. between the rMAGs, (Section 3.3.5).
Elastic net modelling was applied separately to the entire timeseries and three additional
overlapping time windows (defined in Section 3.3.5 and Figure 2.8). The degree distribu-
tions of the inferred ecological networks were then compared to three degree distributions
of null models, i.e. Erdős–Rényi random model, Barabasi-Albert preferential attachment
model and stochastic-block model (Figure 3.6). We observed that the inferred ecologi-
cal networks have a degree distribution trend between the preferential attachment and the
stochastic-block models.
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Figure 3.6: Comparison of ecological networks degrees with null models. Network degree distribution
of the ecological network inferred from different overlapping time windows, including: a, entire timeseries
data, b, before community structure shift, c, during-shift and, d, after-shift. The overlapping time windows
are defined in Section 3.3.5. a-d, The points represent the observed degree distributions, and the coloured
lines represent the trends of calculated degree distributions for networks representing three null models, i.e.
Erdős–Rényi random model (blue line), Barabasi-Albert deterministic network of preferential attachment
(green line), and stochastic-block model (purple lines).
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3.4.4 Timeframe-specific ecological networks capture different dynam-

ics

Each ecological network consisted of 107 nodes, which included both rMAGs and physico-
chemical parameters (Figure 3.7), i.e. we treated both biotic and abiotic features as net-
work nodes. There were 11,449 possible interactions per network, and we obtained an
average of 2,540 interactions (MEDIAN=2,561, SD=293), whereby the average network
density (i.e. the proportion of realized interactions among the potential interactions) was
0.465 (MEDIAN=0.495, SD=0.078). All the four networks collectively represented 4,795
unique interacting pairs, from which eight were predation interactions, 3,833 cooperative
interactions, i.e. cooperation and commensalism, 641 competitive interactions, i.e. com-
petition and amensalism, and 313 interactions changing their interaction type within the
different time windows, e.g. two rMAGs were predicted as cooperative in one time win-
dow and competitive in any other.
The models representing the different overlapping time windows, which were built from
different sets of timepoints (Section 3.3.5 and Figure 2.8) captured interactions specific to
a certain time window, e.g. interactions occurring exclusively during the community shift
as a response to environmental changes and the growth spike of microorganisms that were
lowly abundant just before the shift. We then computed the node strength, i.e. cumulative
strength of weighted interactions per node, of the different time windows, which further
reflected the differential node strength distributions (Figure 3.8) between the networks.
Significant differences were observed between the entire timeseries and after-shift models
(t-test p-value Æ 0.05).
We then selected the top 20 rMAGs from each of the four networks with the highest node
strengths(Appendix B.16) and defined them as the rMAGs with the most relative im-
portance. Their comparison revealed that the importance of these rMAGs were highly
specific to each network, represented by the little-to-no overlaps between the networks of
different time windows (Figure 3.8). At the family level taxonomic classification, 66%
of the total identified families were represented in the aforementioned important nodes
(Appendix B.17). We then defined three core families that contained the most important
rMAGs from all the four networks, which were Saprospiraceae, Chitinophagaceae, and
Moraxellaceae, while Microthrixaceae was the taxa of highly important nodes in the en-
tire timeseries network. Additionally, the physico-chemical parameters that appeared as
important nodes within the networks included pH, water temperature and organic com-
pounds, although their relative importance differ between networks.
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Figure 3.7: Inferred ecological networks. Each network represents the ecological relationships inferred
from different time windows, i.e. a, the entire timeseries data, b, before, c, during, and d, after the com-
munity structure shift. d, Percentage of ecological interactions type per network. e, Summary of network
properties. The node size is based on the node strength, i.e. the cumulative weight of interactions per node.
The edge colour is based on the type of ecological interactions.
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Figure 3.8: Summary of selected network features. a, Distribution of node strengths, i.e. strength of
weighted interactions per node in the different time windows. b, Common and unique interactions between
nodes (i.e. representative MAGs at species level) within the inferred ecological networks within different
time windows. c, Top 20 common and unique nodes represented in b, of each overlapping time window
network based on the highest node strength values. d, Taxonomic families of the top 20 nodes represented
in c. Labels of “All_timeseries”, “Before_shift”, “During-shift”, and “After_shift” refer to the four different
time windows used to construct the networks and are defined in Section 3.3.5.
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3.4.5 Cooperative relationships between populations are stronger than

competitive relationships

In general, the distribution of ecological interactions within all the networks were cate-
gorized into two groups with similar distributions of ecological interactions: i) the en-
tire timeseries and the after-shift time windows with ~37% of cooperative interactions
(cooperation + commensalism), and ~52% of competitive interactions (competition +
amensalism), and ii) the networks before- and during- shift with ~50% cooperative and
competitive interactions (Figure 3.7). However, regardless of the distribution of coop-
erative/competitive interactions, the average strength of the cooperative interactions was
significantly higher (Wilcoxon’s test with p-value Æ 0.05) compared to the strength of the
competitive interactions in all the networks (Appendix B.18). Finally, predation interac-
tions were higher within the entire timeseries network, and lower within the overlapping
window networks, but in all the cases, they represented less than 1% of interactions, while
their strength was lower than any other type of ecological interaction (Appendix B.18).
Based on family-level taxonomic classification (Figure 3.9), we found that the families
Corynebacteriaceae and Nitrosomonadaceae were the ones with the highest percentage of
cooperative interactions (above 50% of their interactions), followed by Anaerolineaceae
and Streptomycetaceae. On the other hand, Flavobacteriaceae, Moraxellaceae, and No-
cardiaceae were the families with the highest percentages of competitive interactions
(above 50%). Notably, the highest percentage of predation interactions were also observed
in the Corynebacteriaceae family (Figure 3.9 and Appendix B.19). Additionally, the av-
erage strength of intra-family interactions exceeded the inter-taxa interactions (Wilcoxon’s
test with p-value Æ 0.05) in all the networks (Appendix B.20). Finally, intra- and inter-
taxa cooperative interactions were stronger than competitive interactions.
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Figure 3.9: Type of ecological interactions per taxonomic family. The cumulative ecological relationships
per family based on all inferred ecological networks from the different time windows, i.e. all timeseries,
before-shift, during-shift, and after-shift ecological networks. The taxonomic family “Low confidence”
refeers to unclassified rMAGs.

3.4.6 Core and unique subnetworks

In this work, we defined two distinct types of subnetworks, namely i) the core subnetwork
and ii) the unique time window subnetworks, which covered different subsets of interac-
tions. The core subnetwork was made up of ecological interactions found in all the dif-
ferent time window networks, and there were in total 402 core interactions (Figure 3.10).
We further defined the following ecological interaction types: i) 134 stable cooperative
interactions, i.e. cooperation or commensalism, ii) 95 stable competitive interactions, i.e.
competition or amensalism, and iii) 173 dynamic interactions that switched from compet-
itive to cooperative interactions or vice versa within the core subnetwork. Amongst those
aforementioned stable and dynamic interactions, we found that predation interactions were
always dynamic, i.e. not maintained in all the time windows.
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The unique time window subnetworks, on the other hand, were defined by the ecological
interactions found exclusively (or uniquely) within a given time window. Consequently,
there are 301, 303, 260, and 673 interactions within the entire timeseries, before-, during-
and after- shift unique time window subnetworks, respectively (Figure 3.10). The distribu-
tion of interactions within those unique subnetworks varied from their complete networks
(Section 3.4.4), such that the i) the entire timeseries and the during-shift unique subnet-
works were made up of ~50% percent of cooperative and ~50% competitive interactions,
while ii) the before- and after-shift unique subnetworks showed higher percentage of com-
petitive interactions (~55%) than cooperative interactions (~45%).
Finally, all the taxonomic families were involved in both core and unique time window
subnetworks while the influence of physico-chemical parameters was lower in the core
subnetwork, relative to the unique time window subnetworks (Figure 3.10).
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Figure 3.10: Subnetworks information. a, Network representing the core interactions, i.e. those present
in all the four time windows networks. b, Summary of the subnetworks representing unique interactions
from each of the four time window networks. c, Percentage of taxonomic families and physico-chemical
parameters involved in the subnetworks of core and unique interactions from a, and b. d, Percentage of
ecological interactions involved in the b subnetworks.

3.4.7 Overview of community based on function

We interrogated the rMAGs functional capacities and expressions to explore the underly-
ing functional mechanisms that could explain the predicted ecological interactions. To that
end, we clustered the rMAGs based on their functional potential, i.e. presence/absence of
genes covered at the MG level over the entire timeseries, as described by Herold et al.
[2020]. Briefly, this clustering is based on the Jaccard similarity indexes of the rMAGs
(Section 3.3.7), obtained from a binary table of presence/absence of genes in each rMAG,
where presence/absence were defined based on the average of gene abundance from all the
timepoints (Section 3.3.7). Accordingly, the clustering yielded four clusters of the rMAGs
(Figure 3.11). All these clusters contained all the functional categories found within the
community. Then, we defined the realized function by calculating the number of genes
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that were expressed in a given functional category per cluster, in relation to the total num-
ber of genes of that category found within all the rMAGs (Figure 3.11).
The first cluster was dominated by rMAGs with unknown taxonomy, only predicted at
the superkindom level as Bacteria. These rMAGs contained all the functions within the
community, but exhibited low realized function for all the functional categories. The sec-
ond cluster was dominated by rMAGs of Saprospiraceae and Chitinophagaceae families,
and it contained the highest realized function of the functional categories, including the
expression of 78.3% of the "Lipid metabolism" function. The third cluster was dominated
by rMAGs of the families Leptospiraceae and Moraxellaceae, containing also Anaeroli-
naceae. While in general, the functional categories of the third cluster showed less re-
alized functions than the second cluster, it had the highest realized function of the func-
tional category "Drug resistance: antimicrobial", which contained antimicrobial resistance
(AMR) genes. The fourth and last cluster was dominated by rMAGs of the families In-
trasporangiaceae and Acidimicrobiaceae, and contained Microthrixaceae family rMAGs,
which made up the dominant populations within the model community, in terms of abun-
dance (Section 2.4.2). The realized function of the functional categories was similar to
the third cluster, e.g. "Lipid metabolism" and "Metabolism of cofactors and vitamins".
However, the expression varied in functions like "Glycan biosynthesis and metabolism",
where the third cluster showed higher realized function, or "Xenobiotics biodegradation
and metabolism", where the fourth cluster had more realized functions.
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Figure 3.11: Functional potential and expression. a, NMSD of the rMAGs based on Jaccard similarity
indexes, coloured by taxonomic family on the left, and by cluster membership on the right. b Percentage of
genes expressed genes per functional category, within each cluster.
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3.4.8 Core subnetwork involving dominant population; Microthrix
parvicella

Microthrix parvicella is a filamentous lipid accumulating bacteria that plays an impor-
tant role in the efficiency of the activated sludge process, due to its influence in bulking
[Rossetti et al., 2005], while being dominant in terms of abundance within the model sys-
tem (Section 2.4.2). We isolated interactions involving Ca. M. parvicella from the core
subnetwork (Figure 3.12) because we were able to determine both stable and dynamic
interactions with regards to Ca. M. parvicella. Additionally, those core interactions were
less influenced by environmental fluctuations (Figure 3.10). Based on the relative abun-
dance over time of the interacting rMAGs with Ca. M. parvicella, we observed similar
abundance patterns for cooperative rMAGs, and nearly opposite trends of abundance for
competitive rMAGs (Figure 3.12). These similar/opposite patterns were expected due to
the linearity of the predicted relationships.
Based on the functional clustering of the rMAGS (Section 3.4.7), Ca. M. parvicella be-
longed to the fourth cluster and interacted with members of the first, second and fourth
clusters, specifically with rMAGs of the taxonomic families Acidimicrobiacea, Moraxel-
laceae, Xanthomonadaceae and Saccharimonadaceae (Figure 3.12).
Its competitive interactions tended to occur with members of the second cluster, while
it exhibited cooperative interactions with members of the first and fourth (its own) clus-
ters. Ca. M. parvicella tended to maintain stable competitive/cooperative interactions
with its counterparts, except for those rMAGs within the Saccharimonadaceae family.
Interestingly, the overlaps of expressed genes between Ca. M. parvicella and its coun-
terparts varied from 23% to 33%, with the smallest overlap with a competitor Ca. M.
parvicella-centric interaction network. There was also no difference in percentages of
functional overlap based on the type of ecological interaction, i.e. competitive/cooperative
(Figure 3.12). We then focused on the "Lipid metabolism" functional category within
Ca. M. parvicella, due to its well characterized phenotype of lipid accumulation [McIlroy
et al., 2013]. Within this category most of the lipid metabolism pathways were expressed
over time. Specifically, genes from the “Fatty acid degradation” subcategory were the
highest expressed of the lipid metabolism function, while “Fatty acid elongation”, “Cutin,
suberine and wax biosynthesis”, and “Alpha-linoleic acid metabolism” subcategories re-
mained not-expressed over the entire timeseries (Figure 3.13). Interestingly, the coopera-
tive rMAGs relative to Ca. M. parvicella (Figure 3.12) exhibited broad expression of the
lipid metabolism genes, including the expression of “Cutin, suberine and wax biosynthesis
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pathway” by the rMAGs of the Acidimicrobiaceae family (Figure 3.13).
The competitive rMAGs (Figure 3.12) also showed varying expression patterns of lipid
metabolism pathways. For instance, rMAG D15_G1.18.2, from the Moraxellaceae fam-
ily, exhibited an opposite relative abundance and expression trend compared to Ca. M.
parvicella, (Figure 3.13). An additional example was rMAG D20_P23, from the family
Xanthomonadaceae, which highly expressed the “Fatty acid biosynthesis” genes, but had
very low expression levels of all other lipid metabolism subcategories (Figure 3.13).
We then performed a simple linear model using those isolated Ca. M. parvicella-associated
rMAGs as predictor variables for the abundance of Ca. M. parvicella (response variable).
We obtained a model with adjusted R2=0.94, with D11_O1.7 (Microthrixaceae), D20_P23
(Xanthomonadaceae) and D15_G1.18.2 (Moraxellaceae) as significant rMAGs.
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Figure 3.12: Core interactions of Microthrix parvicella. a, Subnetwork representing the core interactions
in which Ca. M. parvicella (two rMAGs) is involved. b, Number of overlapping/non-overlapping genes
of the rMAGs represented in a. c, Number of overlapping/non-overlapping expressed genes of the rMAGs
represented in a. d Relative abundance over time of the rMAGs represented in a.
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Figure 3.13: Lipid metabolism expression of selected rMAGs. a, Summary of functional pathways
expression per rMAG. b, Functional pathway expression over time.
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3.5 Discussion

In this chapter, we showed the seasonal and cyclical behavior exhibited by the model sys-
tem in terms of i) amount of foam, ii) recorded long-term environmental parameters over
10 years and ii) omic-data trajectory, represented by community structure and diversity
indices. Specifically, the sample trajectories showed outliers that might be consequence
of short-term perturbations in the system, while the Jenssen-Shannon divergence indexes
showed higher fluctuations revolving around the community shift event, i.e. lower index
before and after the perturbation. Furthermore, the auto-correlation trends showed only
one significantly different auto-correlation on the MG level while demonstrating multiple
significantly different auto-correlations in the MT level, which might indicate rapid adap-
tation to short-term environmental perturbations through differential gene expression.
Linear models have been previously proposed for, and used to model ecological interac-
tions within microbial communities [Trosvik et al., 2015; de Muinck et al., 2017]. To the
best of our knowledge, most explorations in this direction relied on 16S data, while we
used MG data. Additionally, we utilized elastic nets due to its general advantages and
suitability for our data (Section 3.4.3). However, it must be noted that these models only
capture linear relationships, while microbial interactions in nature can be more complex.
Thus, the exploration of non-linear relationships is possible using e.g. generalized addi-
tive models [Trosvik et al., 2015]. In general, these regression methods are suitable for
our data due to their capability of fitting to data trends such that missing data points need
not be imputed in advance.
Considering the concordance of the community shift event occurring on 2011-11-02 to
2012-01-03 with the sample trajectory and MT-level auto-correlation, we computed mod-
els based on overlapping time windows centered around the community shift event. Ac-
cordingly, we identified unique time window subnetworks and highlighted the influence
of physico-chemical parameters within those short-term overlapping time windows com-
pared to the core subnetwork. To that end, we were able to show that the interactions
captured by the different short-term overlapping time windows may indeed reflect dynam-
ics responding to perturbations that are not captured over the entire timeseries. Finally, all
the taxonomic families were involved in both core and unique time window subnetworks,
covering all the functional potential of the community, regardless of the specific rMAGs
within those subnetworks.
In our system, cooperative relationships appear to be more frequent and stronger than
competitive relationships. Literature has suggested that closely related organisms tend
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to compete against one another [Gómez et al., 2010], however we found the opposite in
our system, whereby intra-familial relationships tend to be cooperative. Additionally, our
functional cluster approach indicated that rMAGs with highly similar functional potential
(i.e. same cluster) do not necessarily compete with each other. However, more detailed
analysis is required in this direction, e.g. the use of higher resolution of functional ex-
ploration [Herold et al., 2020], to further establish general links between function and
ecological relationships.
In this work, we used Ca. M. parvicella as an instance to explain ecological interactions
in the context of their underlying functional mechanisms (Section 3.4.8). However, there
is still a need to further explore the expression patterns of several functional categories
to understand these ecological interactions. The performance of a linear model based on
the core Ca. M. parvicella interactions was slightly lower compared to the reduced linear
model defined in Chapter 2, which includes iMGEs. Abundance, functional, and relation
to iMGEs information could be combined to form an integrated dynamic model to the en-
tire microbial community.
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4.1 General overview

This work presents an extensive time-resolved integrated meta-omics analysis based on
two different perspectives: i) iMGEs and host interactions and ii) ecological interactions
between microbial community members. This and previous work [Herold et al., 2020]
clearly demonstrate the advantages of the unprecedented wealth of information retriev-
able from a longitudinal and multi-omic microbiome data set. In general, both studies
demonstrated the utility of mathematical frameworks supported by empirical information
to elucidate a microbial community interactome.
On the one hand, Chapter 2 revolves around the interactions between bacterial hosts and
iMGEs, given that the latter is believed to influence the dynamics of microbial communi-
ties. Briefly, we detected an overwhelming abundance of plasmid sequences within this
system. In addition, these plasmids were shown to be highly relevant compared to bac-
teriophages through a mathematical model that predicts the abundance of the dominant
microbial family (Microthrixaceae). We were then able to support our model by incor-
porating CRISPR-based links, which showed that plasmids were indeed highly targeted,
compared to phages.
On the other hand, Chapter 3 involved the construction of an ecological interactome of
all the identified bacterial community members and abiotic factors. We then defined a
set of core interactions within the system that covered all the community predicted func-
tions. We then used gene expression information to observe overlaps or complementarity
of functionalities between community members, to explain competitive or cooperative in-
teractions.
Overall, this work could serve as a baseline for further explorations of multi-omic longi-
tudinal microbiome studies, extending to different systems, e.g. human gut microbiome
[Lloyd-Price et al., 2019]. In this Chapter, I discuss the potential challenges, implications
and longer-term impact of the present work. Figure 4.1 shows an overview of this Chap-
ter.
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Figure 4.1: General overview of perspectives. Schematic summary of the present work and perspectives.
Green boxes represent material shown in previous Chapters. Red boxes represent content discussed within
the current Chapter.

4.2 Bacteriophages

As for other mixed microbial community-driven processes, biological wastewater treat-
ment is influenced by abiotic factors, such as temperature or operational conditions, lead-
ing to for example seasonal changes in treatment efficiency [Jones and Schuler, 2010;
Johnston and Behrens, 2020]. Moreover, biotic factors such as bacteriophages have been
shown to influence activated sludge community structure [Brown et al., 2019], which can
negatively affect the wastewater treatment quality. Specifically, the increase of bacterio-
phages (phages) may negatively affect the nitrification [Choi et al., 2011] and phosphorus
removal processes [Barr et al., 2010], by provoking a decrease in populations responsible
for those processes. Phages have been proposed to serve as bacterial pathogen indicators
and biocontrol elements against undesirable bacteria, i.e. not only bacteria that affect the
performance of the wastewater treatment, but also bacteria that could be released to rivers
and lakes and pose a threat to public health, such as Salmonella [Jassim et al., 2016].
An important challenge of wastewater treatment is the bulking of the activated sludge,
which involves filamentous bacteria, e.g. M. parvicella [Soddell and Seviour, 1990]. Bac-
teriophages have been proposed as elements to engineer filamentous bacteria involved in
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bulking�[Withey�et�al.,�2005].�For�instance�NOC1,�NOC2�and�NOC3�phages�could�be�used�
against�Nocardioforms,�another�known�agent�of�bulking�[Khairnar�et�al.,�2016].�Similarly,�
lytic�phages�could�be�used�against�Haliscomenobacter�hydrossis�[Kotay�et�al.,�2011].� In-
terestingly,�the�use�of�parasitic�bacteria�has�recently�been�proposed�as�a�promising�strategy�
for�the�biocontrol�of�bacteria�responsible�for�stabilizing�wastewater�foams�[Batinovic�et�al.,�
2021].
In� this�work,�we�demonstrated� that�filamentous�bacteria� involved� in�bulking,�and� in� lipid�
accumulation,� such� as� members� of� the� Anaerolineaceae� and� Microthrixaceae� families,�
have�an�active�CRISPR-Cas�system,�which�implied�the�existence�and�potential�activity�of�
bacteriophages� that� affect� these� populations.� These� predicted� phages� could� be� used� to�
create,� expand� and� ideally�validate� a�bacteriophage� catalogue�with� the�purpose�of� engi-
neering�the�overgrowth�of�filamentous�bacteria�within�this�system�[Choi�et�al.,�2011;�Liu�et�
al.,�2015a].�However,�significant� refinement�would�first�be� required� for� these�newly�pre-
dicted�phages,�namely� i)�more�complete�and/or�accurately�reconstructed�phage�genomes,�
via�de�novo�reassembly,�ii)�linking�phage�activity�with�environmental�conditions,�bacterial�
activity�or�functional�processes�i.e.�under�which�circumstances�do�these�phages�peak,�and�
iii)�based�on�i)�and�ii)�be�defined�as�potential�biological�indicators�(or�biomarkers)�for�im-
portant�processes�within� the� activated� sludge.�Finally,�multi-omics�data,� specifically� the�
MT�data,�offers�the�unique�opportunity�to�pre-dict,�characterize�and�study�the�dynamics�of�
RNA� phages� [Narayanasamy,� 2017],� while� it� simultaneously� offers� the� opportunity� to�
identify�and�explore�novel�CRISPR-Cas�systems�for� targeting�RNA�sequences,� i.e.�RNA�
interference�[Zhu�et�al.,�2018].

4.3� Plasmids

Plasmid� content� has� been� typically� assessed� by� focussing� on� plasmids� associated�with�
isolated� strains/taxa� [Ike�et�al.,�1994;�Bauda�et�al.,�1995].� More� recently,� the�availabil-
ity�of�metagenomics�data�has�allowed�for�the�assessment�of�metagenomics-derived�“plas-
midomes”.� The�work�on� the�model� system�plasmidome� (Chapter�2)� showed� an� (over)�
abundance� of� plasmids,� which� were� also� highly� targeted� by� CRISPR� systems,� further�
supporting� plas-mids� as� highly� diverse� and� dynamic� components� within� the� system�
[Sentchilo�et�al.,�2013].�Interestingly,�studies�[Zhang�et�al.,�2011;�Perez�et�al.,�2020]�and�
specialized�computational� tools� [Rozov� et� al.,� 2017;� Krawczyk� et� al.,� 2018;� Pellow� et�
al.,� 2020]� focusing� on� plas-midomes� are� also� emerging,� enabling� a� deeper�
understanding�of� these�components�and�UIFJS�SPMFT�XJUIJO�NJDSPCJBM�FDPTZTUFNT�
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In� this�work,�plasmid�sequences�were� found� to�be�enriched� in� functions� related� to�DNA�
replication,� recombination,� repair� and� transfer� (Appendix�E.5),�which� is� in� line�with� a�
recent� study� of� plasmids�within� a� lake�microbial� ecosystem,�where�most� of� the� known�
functions�of�plasmids�were�dominated�by�functions�associated�with�replication�and�trans-
position�[Perez�et�al.,�2020].�Activated�sludge�systems�were�shown�to�carry�a�wide�variety�
of�antibiotic�and�heavy�metal�resistance�genes�[Zhang�et�al.,�2011;�Sentchilo�et�al.,�2013].�
In� that� regard,� this�work� highlighted� the� depletion� in� functions� related� to� antimicrobial�
resistance�genes�(ARGs)�within�plasmids�targeted�by�CRISPR-Cas�systems�(Chapter�2).�
Previous�work�suggests�that�conjugative�plasmids�targeted�by�CRISPR-Cas�systems�often�
lack�ARGs�[Shmakov�et�al.,�2017].�This�might�reflect�the�relevance�of�plasmids�containing�
ARGs� to� shape� the�microbial�community�of� the� foaming�activated� sludge.�Furthermore,�
this� lack�of�ARGs�within� targeted�plasmids�has�been�proposed�as�a�useful�feature� to�de-
crease�the�spread�of�ARGs�[Gholizadeh�et�al.,�2020],�and�to�engineer�the�microbial�com-
munity�by�sequence-specific�killing�of�pathogenic�bacteria�or�removal�of�accessory�genes�
[Westra�et�al.,�2019].�Finally,�plasmids�are�also�highly�interesting�because�they�represent�a�
source� of� novel� functions� within� microbial� communities,� carrying� between� 40� to� 60%
genes�of�unknown�functions�[Zhang�et�al.,�2011;�Sentchilo�et�al.,�2013;�Dib�et�al.,�2015].

4.4� CRISPR�information�as�a�multi-faceted�analytical�
tool�GPS�NJDSPCJPNFT���

In Chapter 2, information from CRISPR systems was mainly used as empirical links
between host populations and corresponding iMGEs. Previous work has also relied on
CRISPR information as a means to identify novel bacteriophages, and the identification of
new phage marker genes [Davison et al., 2016]. However, CRISPR information within a
microbiome is not limited to the prediction/classification of novel bacteriophages, specif-
ically in the context of our multi-omic longitudinal data. We were able to use the infor-
mation on spacer gain-loss, which could also serve as an indicator of selection pressure
based on MGEs activity to better understand underlying mechanisms of bacterial (or ar-
chaeal) adaptation, i.e. during aggressive/active infection of bacteriophages, CRISPR-Cas
systems might be less active relative to other defense mechanisms, given that complemen-
tary defense mechanisms are believed to act faster compared to CRISPR-Cas systems, for
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instance surface modification mechanisms to avoid phage adsorption [Chevallereau et al.,
2019]. However, this remains to be further characterized at a large scale in naturally oc-
curring microbial communities, such as the model system of this work. Moreover, the
combination of multi-omics and longitudinal data would allow us to further interrogate
the dynamics of these defense mechanisms.
CRISPR-Cas information also serves as a way to differentiate strains that can be linked
to different epidemiological traits, such as bacterial virulence, antimicrobial resistance
and/or geographic origin [Karimi et al., 2018]. This strain information can be obtained
through the order of spacers within the CRISPR locus [Shariat and Dudley, 2014], and
could be used in complement with classic methods of strain tracking, such as single nu-
cleotide variants, copy number variants, auxiliary gene content [Evans and Denef, 2020],
and time-resolved strain tracking [Brito and Alm, 2016; Zlitni et al., 2020].

4.5 Expanding modelling approaches for the longitudinal

multi-omics dataset

Modelling time series and multi-omics microbiome data is highly challenging due to its
unique characteristics (Chapter 1). Classical mathematical algorithms used to model lon-
gitudinal data from other fields, such as finance and economics, may not be directly ap-
plicable to microbiome datasets because they are typically not as extensive or continuous,
due to the cost of generating the data.
Chapter 1 briefly reviewed suitable methods to model longitudinal data to infer linear
and non-linear relationships between community members (Section 1.3.5), based on their
abundances at the MG level. However, extensive literature of statistical and mathematical
frameworks for multi-omic and/or longitudinal microbiome data is currently available. For
instance, Noor et al. [2019] review the integration of multi-omics data from data-driven
and knowledge-based perspectives. Coenen et al. [2020] discuss approaches to character-
ize temporal dynamics and to identify periodicity of populations and putative interactions
between them, while Faust et al. [2018] propose a classification scheme for better model
selection. Bodein et al. [2019] provide a multivariate framework to integrate longitudi-
nal and multi-omics data, while Park et al. [2020] discuss the development of models
and software tools for time series metagenome and metabolome data. Ruiz-Perez et al.
[2021] proposes bayesian dynamic networks to integrate time series multi-omics micro-
biome data. Overall, the application of these methodologies should be tailored towards
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specific hypotheses and studies, for which data exploration is essential to select modelling
approaches that fit the type, quality, and quantity of the data.
The emergence of studies which track microbiome dynamics of cohorts over time, i.e.
multiple individuals/sites [Carmody et al., 2019; Lloyd-Price et al., 2019; Mars et al.,
2020], necessitates the ability to discriminate variation stemming from the same indi-
vidual/environment compared to those from different individuals/environments. In such
cases, multi-level statistical modeling (also known as mixed-effects/hierarchical models)
are able to account for repeated sampling or nested variation across a sample population
[Sokal, 1995; Kuznetsova et al., 2017; Mallick et al., 2021]. Most notably, Lloyd-Price
et al. [2019] extensively applied such methods to associate multi-omic microbiome signa-
tures with host-derived molecular profiles in a cohort of 132 individuals. Other instances
include multi-omic longitudinal studies that combine murine and human datasets to unveil
the adaptation of gut microbiomes to raw and cooked food [Carmody et al., 2019] and
the identification of therapeutic targets for irritable bowel syndrome [Mars et al., 2020].
Finally, there are newer methodologies that apply similar/related statistical frameworks to
modelling multi-omic data [Mallick et al., 2021].
In the context of Chapter 3, the inference of ecological interactions based on microbial
MG level abundances, i.e. cooperative and competitive interactions inferred through linear
relationships, showed that cooperative interactions were stronger than competitive inter-
actions intra- and inter- taxa. These models can be further expanded in several ways to
answer different questions. For instance, the application of additional mathematical algo-
rithms, such as generalized additive models (GAMS) [Trosvik et al., 2015], could be used
to capture complex interactions, especially those that extend beyond linear relationships.
Then, the results from different modelling approaches can be then integrated to select a
group of core interactions [Röttjers et al., 2020].
We could also envision integrating the modelling-based approach in Chapter 3 with the
iMGEs information from Chapter 2. Specifically, the iMGEs could serve as predic-
tor variables for rMAG abundances. Additionally, the link of such iMGEs through e.g.
correlations, to environmental conditions, could add the assumption to the models that
prophages are triggered to lytic lifestyle under environmental stress conditions.
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4.6 Addition of biological information: functional clus-

ters, metabolic networks and rMAG profiling

The�advantage�of�additional�functional�information�that�the�multi-omics�data�offers�in�this�
dataset�is�clear.�On�one�hand,�metabolic�network�reconstruction�based�on�MG�and�MT�data�
have�been�used� to�define�ecological� interactions�of�cooperation�or�competition�based�on�
the�potential�use�of�nutrient� resources,�and�gene�expression�of� specific� functions,�which�
also�defines� fundamental�and� realized�niches� [Muller�et�al.,�2018].�The�activated� sludge�
system� has� demonstrated� functional� redundancy� between� the� community�members,� and�
flexibility� of� the� community� members� to� respond� to� perturbations� within� the� system�
[Herold� et� al.,� 2020].� The� addition� of� such� information� for� the� ecological� interactome�
model�building�could�be�used�as�another�layer�of�information�to�define�rMAG�functional�
profiles.�On� the�other�hand,� through� the�usage�of� the�MP�and�MM�data,�one�could�prune�
the�ecological�network�and�further�define�cooperation�or�competition�scores�based�on�the�
relative� amount� of� overlapping� compounds� that� could� be� assigned� to� specific� rMAGs�
[Wilmes�et�al.,�2010].�Subsequently,�one�could�also�define�functional�profiles�per�rMAG/
iMGEs,� per� time� point,� i.e.� functional� potential� based� on� the� MG� information� and�
expressed�function�based�on� the�MT� information.�To�be�able� to�further�analyse� temporal�
patterns,� one� could� construct� networks� based� on� sliding�windows,�which� is� a� standard�
methodology� utilised� in� finance� (e.g.� stock� market),� rather� than� using� predefined� time�
windows,�such�as�the�performed�models�in�Chapter�2�and�Chapter�3�which�were�inferred�
from� the�entire� time�series�and� from�overlapping� time�windows�using�as� reference�point�
the�community�shift�observed� in� the�autumn�season� (Section�2.4.5,�Appendix�E.6).�The�
sliding�window�specific�networks�could�reveal�fine-grained�dynamics,�patterns�or� trends.�
However,�one�of� the�challenges�with�such�an�approach,�specifically�with� the�model�data�
set,�would� be� the� selection� of� the� right� number� of� time� points� per� sliding�window� and�
mitigating�potential�effects�of�uneven�sampling.�Overall,�here�a�further� integration�of� the�
multi-omics� data� is� proposed,� rather� than� analysing� each� omic� independently� and� then�
comparing� the� results.�This�has� the� risk� to� add�noise,�but� also� the� advantage� to� capture�
emergent�properties�of� the�system� that�might�not�be�cap-tured�when�analysing� the�omics�
independently.
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4.7 Expanding functional annotation

De novo assembly of MG and/or MT datasets yield a plethora of open reading frames,
which are then functionally annotated in silico. These in silico functional annotation
strategies are typically based on sequence homology [Ovchinnikov et al., 2017]. How-
ever, there are many ORFs that remain unannotated, e.g. “hypothetical proteins” or as
“domains/proteins of unknown functions” [Robinson et al., 2021]. Based on the system of
study, more than half of the predicted ORFs could remain unannotated.
Given the availability of quantitative gene-level MG and MT abundance information, one
could envision utilizing such abundance information to construct gene-level interactomes.
The general approach would be similar to that described in Chapter 3, but with the inter-
acting components being genes, instead of populations/taxa. One could then infer func-
tions of unknown genes based on “guilt by association”, i.e. genes which are associated
or interacting are more likely to share function [Gillis and Pavlidis, 2012]. While such
approaches have been applied in model organisms [Lee et al., 2015; Kim et al., 2015,
2013], humans [Hwang et al., 2019], and mixed microbial communities [Jaffe et al., 2016;
Corel et al., 2016]. Such strategies in combination with downstream in silico refinement,
e.g. metabolic modelling [Magnúsdóttir et al., 2017], and laboratory validation, e.g. over-
expression experiments [Narayanasamy et al., 2015], could lead to de novo discovery of
enzymes, i.e. proteins from previously uncharacterized families/folds [Robinson et al.,
2021], which could lead to promising enzymes for biotechnological processes, derived
from unculturable mixed microbes [Berini et al., 2017].

4.8 Understanding microbial community dynamics for sys-

tem prediction

Microbial communities are highly dynamic systems (Chapter 1) and their general prop-
erties, such as stability and alternative stable states, can be explored to predict responses
to perturbations. Stability is a property widely used to define stable states of a system and
their transition between them (if any). However, the definition of stability could vary based
on various criteria, e.g. time scale, biological context, etc. [Gonze et al., 2018]. Moreover,
microbial communities may exhibit a transition between multiple stable states, which are
referred to as alternative stable states [Gonze et al., 2017]. The transition between alterna-
tive stable states may be smooth or drastic, i.e. critical transitions. Identification of trends
may serve as early warning signals of imminent transitions between those alternative states
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[Scheffer et al., 2009]. In general, these trends may be identified via i) statistical, or ii)
mathematical model-based indicators [Scheffer et al., 2012].
Statistical indicators include, e.g. i) increased autocorrelations of dominant taxa within the
system [Scheffer et al., 2009; Liu et al., 2015b; Fuhrman et al., 2006; Gilbert et al., 2012]
and ii) bistability analysis (e.g. taxa distributions) [Lahti et al., 2014]. Additionally, other
creative statistical measures could be applied based on the system of study and biological
question. For instance, the computation of resilience indexes to quantify microbial popula-
tions response to environmental perturbations, i.e. the rate (how fast) and the extent (how
close to the pre-pertubation state) a microbial population recovers from a given perturba-
tion [Dogra et al., 2020], for which alpha-diversity has been used [Raymond et al., 2016].
Levy et al. [2020] have defined a permissivity parameter to calculate the relative tendency
of the microbiome to permit (flexibility) or resist (rigidity) variation based on microbial
population trajectories. Similarly, de Celis et al. [2020] defined a stability measure based
on a core microbiome that makes up a large fraction of the total microbial abundance.
Community-level models which infer biological information, such as ecological interac-
tions, are also suitable to identify early warning signals in predicting critical transitions.
For example, Coyte et al. [2015]; Coyte and Rakoff-Nahoum [2019] simulated stability
based on the amount of cooperative and competitive interactions within a system and ob-
served that an increase in cooperative interactions leads to instability of the system. Al-
though, efforts to explain and validate such transitions are being carried out [Hoek et al.,
2016; Castellanos et al., 2020; Xu, 2021; Seelbinder et al., 2020].
In the context of the data analysed here, we have used longitudinal multi-omics with var-
ious methods to show that microbial populations within our model system are resilient
against environmental perturbations [Herold et al., 2020]. Moreover, in Chapter 3, we
computed the MG- and MT- level microbial population autocorrelations and observed
fluctuating patterns that could be explained by seasonal changes. Additionally, our model-
based ecological interactome revealed dynamical trends of cooperation and competition
over time to further support the notion of stability and resilience within the system.

4.9 Perspective on microbial community control

Longitudinal multi-omics studies offer a plethora of new opportunities for further under-
standing microbial community dynamics. The methodology applied to the present work
can be adapted and applied to different microbiomes to characterize their ecological inter-
actome dynamics. Leveraging information of combined multi-omics modeling through
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network topology analysis could lead to the identification of robust and cost-efficient
microbiome-derived biomarkers. These biomarkers could serve as important indicators
in microbial ecosystems, especially those relevant to health, biotechnology and nature.
For instance, a set of biomarkers could be defined to monitor wastewater treatment and
perhaps predict bulking. Wastewater treatment management entities could then respond to
these predictions by adjusting physico-chemical parameters (e.g. adjusting aeration peri-
ods) or through biological means (e.g introduction of specific bacteria or phages). On one
hand, the latter could enable the process control of bulking to ensure smooth operations
of the treatment plant, while on the other hand bulking could be maximized for optimized
biofuel production. Consequently, such strategies could be helpful for engineering and
control of sustainable wastewater treatment processes.
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In recent years, multi-omic studies have enabled resolving community structure and 
interrogating community function of microbial communities. Simultaneous generation of 
metagenomic, metatranscriptomic, metaproteomic, and (meta) metabolomic data is more 
feasible than ever before, thus enabling in-depth assessment of community structure, 
function, and phenotype, thus resulting in a multitude of multi-omic microbiome datasets 
and the development of innovative methods to integrate and interrogate those multi-omic 
datasets. Speci!cally, the application of reference-independent approaches provides 
opportunities in identifying novel organisms and functions. At present, most of these large-
scale multi-omic datasets stem from spatial sampling (e.g., water/soil microbiomes at several 
depths, microbiomes in/on different parts of the human anatomy) or case-control studies 
(e.g., cohorts of human microbiomes). We"believe that longitudinal multi-omic microbiome 
datasets are the logical next step in microbiome studies due to their characteristic advantages 
in providing a better understanding of community dynamics, including: observation of trends, 
inference of causality, and ultimately, prediction of community behavior. Furthermore, the 
acquisition of complementary host-derived omics, environmental measurements, and 
suitable metadata will further enhance the aforementioned advantages of longitudinal data, 
which will serve as the basis to resolve drivers of community structure and function to 
understand the biotic and abiotic factors governing communities and speci!c populations. 
Carefully setup future experiments hold great potential to further unveil ecological mechanisms 
to evolution, microbe-microbe interactions, or microbe-host interactions. In this article, 
we"discuss the challenges, emerging strategies, and best-practices applicable to longitudinal 
microbiome studies ranging from sampling, biomolecular extraction, systematic multi-omic 
measurements, reference-independent data integration, modeling, and validation.

Keywords: microbiome, metatranscriptomics, metaproteomics, time-series, metagenomics, metabolomics,  
de novo assembly



Martínez Arbas et al. Perspectives on Longitudinal Microbiome Studies

Frontiers in Genetics | www.frontiersin.org 2 June 2021 | Volume 12 | Article 666244

TABLE!1 | Longitudinal multi-omic microbiome datasets and studies.

System Sample type Duration� Frequency� Total of 
samples

MG MT MP MM Complementary data Studies

Human gut 
microbiome

Stool samples 
from 132 
humans; 
healthy or with 
Crohn’s disease 
or ulcerative 
colitis

1"year Bi-weekly 2,965 x x x x Host genomics, 
transcriptomics bisul!te 
sequencing, serologic 
pro!les, diet surveys, 
and fecal calprotectin

Lloyd-Price et"al., 2019
Ruiz-Perez et"al., 2021

Stool samples 
of 77 
individuals

6"months Monthly 474 x x Host transcriptome, 
metabolome, cytokines, 
methylome, dietary 
survey, and physiology

Blasche et"al., 2021

Activated 
sludge

Floating sludge 
islets from a 
single anoxic 
tank

1.5"year Weekly 53 x x x x Temperature, pH, 
oxygen concentration, 
conductivity, in#ow, 
nitrate concentration, 
and extracellular 
metabolites

Herold et"al., 2020
Martínez Arbas et"al., 
2021

Full- and lab-
scale activated 
sludge

2.5"months Weekly 10 x x Temperature, pH, redox 
potential and dissolved 
oxygen

Law et"al., 2016

Longitudinal multi-omic data must be!of least six timepoints and at least two meta-omic readouts excluding 16S amplicon sequencing. Omics data derived from host(s) are 
considered separate from the microbial meta-omic spectra.  
!Approximate values.

INTRODUCTION

Advances in the study of microbial communities have highlighted 
their important role in natural processes, including those 
considered as ecosystem services for humankind (Bodelier, 
2011). Complex dynamics in microbiomes at the level of 
composition and structure, as well as function (Heintz-Buschart 
and Wilmes, 2018) stem from constant adaptation of a given 
community toward !uctuations of abiotic and biotic factors. 
However, the fate of these microbial consortia in the face of 
perturbations is o"en not understood nor predictable (Muller, 
2019). Longitudinal approaches are necessary to understand 
microbial community dynamics, as they may o#er valuable 
insights into temporal trends and consequences of environmental 
forcings, when used in tandem with host-derived (Heintz-
Buschart et$ al., 2016; Lloyd-Price et$ al., 2019; Mars et$ al., 
2020) or environmental (Law et$ al., 2016; Herold et$ al., 2020) 
data. Longitudinal studies can be$ conducted using diachronic 
or synchronic approaches (Costa Junior et$ al., 2013). Herein, 
we$ discuss the capacity of longitudinal diachronic approaches 
as a critical tool toward studying microbial communities. We$will 
further focus on multi-omics longitudinal studies, which leverage 
the power of the entire high-throughput meta-omic spectrum, 
namely meta-genomics (MG), -transcriptomics (MT), -proteomics 
(MP), and -metabolomics (MM), as they are now more feasible 
and a#ordable than ever before (Narayanasamy et$ al., 2015).

Overall, longitudinal multi-omics will enhance our understanding 
of microbial community dynamics, which could potentially bring 
about positive outcomes in biomedicine, biotechnology, and for 
the environment. However, various aspects must be$ considered 
when conducting longitudinal multi-omic microbiome studies, 

ranging from experimental design, bioinformatic processing, 
modeling, and validation. In this article, we$ explore challenges, 
considerations, and potential solutions for such studies, based on 
recent advances and reports (Law et$ al., 2016; Lloyd-Price et$ al., 
2019; Herold et$ al., 2020; Martínez Arbas et$ al., 2021), which are 
applicable to both microbe-centric (e.g., soil, water) or host-centric 
(e.g., human gut) systems. Finally, although this article focuses 
on speci%cally longitudinal multi-omic microbiome studies, the 
content is generally applicable to any large-scale microbiome studies.

MULTI-OMIC CONSIDERATIONS AND 
EXPERIMENTAL DESIGN FOR 
LONGITUDINAL STUDIES

Integration of multi-omic microbiome datasets has been routinely 
performed, with notable instances, including studies on type-1 
diabetes (Heintz-Buschart et$al., 2016), cancer (Kaysen et$al., 2017), 
healthy human gut (Tanca et$ al., 2017), Crohn’s disease (Erickson 
et$ al., 2012), and activated sludge (Muller et$ al., 2014; Roume 
et$ al., 2015; Yu et$ al., 2019). &ese studies clearly demonstrate 
the maturity of the current microbiome multi-omics toolbox. Despite 
this, and to the best of our knowledge, equivalent multi-omic 
surveys based on extensive longitudinal microbiome sampling 
remain rather limited. Table! 1 lists several relevant studies of 
longitudinal (at least six timepoints) and multi-omic (at least two 
omic levels, excluding 16S amplicon sequencing) microbiome datasets.

&e famous adage “absence of evidence is not evidence of 
absence” (Altman and Bland, 1995) could likely be$ a prelude 
to most microbiome studies. Hence, we$ discuss these studies 
in the context of reference-independent bioinformatics 
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approaches, centered around de novo assemblies of sequencing 
data (MG and MT), subsequently complemented by additional 
omics (MP and MM, depending on their availability; Figure!1). 
Reference-independent approaches o#er asymmetric advantages 
and opportunities in discovering novel microbial taxa and/or 
functionalities (Celaj et$ al., 2014; Narayanasamy et$ al., 2015; 
Lapidus and Korobeynikov, 2021), compared to reference-
dependent methodologies (Sunagawa et$ al., 2013; Treangen 
et$ al., 2013). Moreover, the integration of multi-omics has 
been shown to yield superior output compared to single omic 
studies. For instance, the co-assembly of MG and MT sequencing 
reads was shown to improve the quality of assembled contigs 
(Narayanasamy et$al., 2016), which in turn improves taxonomic 
annotation, gene calling/annotation, binning, metabolic pathway 
(re) construction (Muller et$ al., 2018; Zhou et$ al., 2020; 

Zimmermann et$ al., 2021), and quanti%cation of features, e.g., 
taxa/genes (Narayanasamy et$ al., 2016). Similarly, MP spectra 
searches are more e#ective when performed against gene 
databases derived from MG assemblies of the same sample/
environment, compared to generic databases, thus improving 
the recruitment of measured peptides (Tanca et$al., 2016; Heyer 
et$ al., 2017; Timmins-Schi#man et$ al., 2017). Moreover, such 
a reference-independent approach may be$necessary for microbial 
communities that are not well characterized and lack extensive 
uni%ed genome or gene catalogues, such as those available for 
the human gut microbiome (Li et$ al., 2014; Almeida et$ al., 
2021). However, most microbial communities are heterogeneous, 
which further complicates downstream multi-omic data 
processing, integration, curation, transformation, and modeling 
(Jiang et$ al., 2019). &erefore, the adherence toward standards 

FIGURE!1 | Systems ecology work#ow for longitudinal multi-omic microbiome studies. A study conceptualized via an experimental design phase and an initial 
biological question which is then followed by sample collection, sample management, and systematic high-throughput measurements. The next-generation 
sequencing (NGS) data could either undergo aggregated processing (yellow track) involving a pooled de novo assembly of NGS reads from all longitudinal samples, 
to eventually yield a metagenome assembled genome (MAG) and/or gene catalogue via binning and gene calling, respectively. In the dereplication approach (red 
track), data from each sample are !rst processed in a sample-wise manner, namely the steps of de novo assembly, binning, and gene calling. The resulting MAGs 
and predicted ORFs are then merged through a process called dereplication which generates the catalogue. The availability of a catalogue allows quanti!cation 
whereby the output could be"used for descriptive analyses which could potentially lead to updated or entirely novel biological questions. Quanti!ed values, 
combined with descriptive analyses, could then be"used within dynamic or metabolic models (gray track). Validation of models could lead to further in situ 
longitudinal experimental designs. Finally, all data (raw input, output, metadata) and code (not depicted) should be"archived under a data and code management 
strategy. Free icons were used from https://www.#aticon.com (creators: Freepik, Gregor Cresnar, Freepik, and Smashicons).
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and best-practices, spanning from sampling to data analyses 
is important to the outcome of a project. Accordingly, Figure!1 
illustrates the potential lifecycle of a longitudinal multi-omic 
microbiome study.

Longitudinal multi-omic studies require systematic and 
thorough study designs that consider sampling parameters 
(Gerber, 2014; Cao et$ al., 2017; Liang et$ al., 2020), metadata, 
and complementary measurements, such as physico-chemical 
parameters or questionnaires (Kumar et$al., 2014), all of which 
a#ect downstream analyses. Sampling parameters, such as 
duration and frequency, are dictated by the inherent properties 
of a given microbial system. For instance, the sampling duration 
when studying gut microbiome development of neonates could 
span from birth until a “mature” gut microbiome composition 
is achieved (Stewart et$al., 2018), which may vary from subject 
to subject. Naturally-occurring microbial systems that are 
exposed to the environment may exhibit annual cyclical 
behavior based on seasonality and, therefore, could be$sampled 
for at least one complete season-to-season cycle (Johnston 
et$ al., 2019). Sampling frequency may be$ determined by the 
dynamics and/or generational-timescale of a given system. 
For instance, the human gut microbiome is known to exhibit 
daily !uctuations, and therefore could be$ sampled on a daily 
basis within a given temporal study (David et$ al., 2014), 
while activated sludge systems are known to exhibit 
(approximately) weekly doubling periods and thus could 
be$ sampled on a weekly basis (Herold et$ al., 2020; Martínez 
Arbas et$ al., 2021). Based on the recommendations of Sefer 
et$ al. (2016), if biological replicates are either not feasible 
(i.e., n$ =$ 1) or limited (i.e., low n) (Herold et$ al., 2020), 
one should ideally opt for higher frequency (dense) longitudinal 
sampling, and less dense sampling if biological replicates were 
available (i.e., high n), e.g., a cohort of patients (Lloyd-Price 
et$ al., 2019). Equidistant sampling is required by many 
downstream mathematical frameworks, such as cross-correlation 
or local similarity analysis (Faust et$al., 2015), and thus should 
be$ strived for, as much as possible. However, the datasets 
listed in Table! 1, albeit extensive and resource intensive, are 
not perfectly equidistant, further highlighting the practical 
challenges for longitudinal sampling in situ, including, but 
not limited to, accessibility, consistent biomass availability, 
and cost.

SAMPLE, DATA AND CODE 
MANAGEMENT

It is crucial to limit potential biases linked to longitudinal data, 
e.g., in extended time-series; samples are stored for long periods, 
while multiple personnel may be$ involved in sample collection, 
handling, storage, and documentation. Hence, clear guidelines 
and standardization must be$ established, as they are key factors 
that potentially a#ect downstream processes and overall outcome 
(Blekhman et$ al., 2016; Schoenenberger et$ al., 2016).

Biomolecular extraction from a single sample is ideal over 
multiple extractions from subsamples (Roume et$ al., 2013a). 
Advantageously, commercial kits for concomitant extraction of 

multiple biomolecules are available, including reports proposing 
adapted methods for extracting various biomolecules, such as 
DNA, total RNA, small RNA, protein, and metabolites (Peña-
Llopis and Brugarolas, 2013; Roume et$al., 2013b; &orn et$al., 
2019). &e availability of su'cient biomass (Eisenhofer et$ al., 
2019) lysis-, homogenization-(Machiels et$ al., 2000; Santiago 
et$ al., 2014; Fiedorová et$ al., 2019) and preservation- (Borén, 
2015; Hickl et$al., 2019) methods are key factors that determine 
e#ectiveness to comprehensively recover all intracellular and/
or extracellular biomolecules. Next, biomolecular extraction 
should be$ automated, whenever possible. While evaluations 
have shown that it may not necessarily provide better quality 
results compared to a human operator (Phillips et$ al., 2012), 
the output is more consistent (Fidler et$ al., 2020). In the same 
vein, omic readouts should also be$ generated on a single 
platform (s) as unique batches to ensure consistent output quality.

Batch e#ects are o"en overlooked in omic studies (de Go#au 
et$ al., 2021), but can be$ minimized during stages of sample 
processing by including randomization, sample tracking, and 
extensive documentation (Leek et$ al., 2010). Sample 
randomization implemented within batches of biomolecular 
extraction and high-throughput measurements could help 
discriminate batch e#ects and temporal variation, i.e., di#erent 
sets of randomly selected samples from di#erent timepoints 
could be$ treated together at each di#erent step (Oh et$ al., 
2019). Additionally, batch e#ects could be$ mitigated using 
downstream analytical (Wang and Cao, 2019) and computational 
methods (Gibbons et$ al., 2018; McLaren et$ al., 2019).

A potential e#ective experimental measure for minimizing 
and elucidating batch e#ects is the inclusion of mock/control 
samples during both the extraction and high-throughput 
measurements (Bokulich et$ al., 2016; Hornung et$ al., 2019; 
ATCC Mock Microbial Communities, 2020). Samples with low 
biomass, e.g., from neonates, glacier-streams, or acid-mine 
drainage, should include extraction blanks as negative controls, 
which are extremely valuable to discriminate contaminants 
arising from kits and reagents (Salter et$ al., 2014; Heintz-
Buschart et$ al., 2018; Wampach et$ al., 2018; Weyrich et$ al., 
2019). Furthermore, spike-ins could be$helpful for downstream 
quanti%cation (Zinter et$ al., 2019). Importantly, replicates can 
be$used within downstream statistical frameworks (Sokal, 1995; 
Anderson, 2017; Kuznetsova et$ al., 2017; Mallick et$ al., 2021) 
to understand both within- and between-sample heterogeneity, 
thereby minimizing mischaracterisation of contaminants or 
%ndings driven by batch e#ects (de Go#au et$ al., 2021).

Longitudinal and multi-omic studies yield large datasets, 
where data processing and analyses are typically time and 
resource intensive. &ese rich datasets may be$reused to study 
multiple aspects of a given microbial system (Table!1). &erefore, 
equal emphasis should be$ placed on designing bioinformatic 
work!ows and code/data management strategies to improve 
reproducibility and transparency. For example, peer-review 
journals have begun mandating “data availability” sections 
and links to code repositories in adherence to project/coding 
best practices and standards (Sandve et$ al., 2013; Bokulich 
et$ al., 2020), further improving posterior data integration 
and analysis in the short-term, while improving scaling-up 
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and knowledge transfer in the long run (Shahin et$ al., 2017; 
Wilson et$ al., 2017). In addition, format-free archival 
repositories, such as Zenodo could be$ used for non-standard 
data types,1 for instance simulated raw data, physico-chemical 
measurements, intermediate data, large tables, and archived 
Github repositories. Despite this, reports indicate that 26% 
of bioinformatics tools are no longer available (Mangul et$ al., 
2019), while gaps in available raw data (Jurburg et$ al., 2020) 
and metadata (Schriml et$ al., 2020) still exist.

CONSTRUCTION OF LONGITUDINAL 
GENE AND GENOME REFERENCE 
CATALOGUES

Microbiomes may be$ studied from a gene-centric perspective 
(Roume et$ al., 2015), which requires read or contig-level 
taxonomic classi%cation (Segata et$al., 2012; Wood and Salzberg, 
2014), ORF prediction (Hyatt et$ al., 2010; Rho et$ al., 2010), 
and gene annotation (Seemann, 2014; Buch%nk et$ al., 2015; 
Franzosa et$al., 2018; Queirós et$al., 2020). Metagenome assembled 
genomes (MAGs) provide genomic context and can be$obtained 
through binning (Chen et$ al., 2020; Yue et$ al., 2020) followed 
by taxonomic classi%cation (Bremges et$ al., 2020; Chaumeil 
et$ al., 2020) and functional annotation. In that regard, several 
tools exist that improve the binning process by automating 
the selection of highest-quality MAGs (bins) and/or performing 
MAG re%nement (Broeksema et$ al., 2017; Sieber et$ al., 2018; 
Uritskiy et$ al., 2018). &ese tools enable ensemble binning 
approaches, balancing out the strengths and weaknesses of 
di#erent binning methods (Chen et$ al., 2020; Yue et$ al., 2020).

Features (i.e., taxa or genes) appear in varying quantities, 
in di#erent timepoints of longitudinal meta-omic studies. It is 
challenging to link and track features from one timepoint to 
another without any given point of reference. &erefore, the 
construction of what we$ term as “representative longitudinal 
catalogues” (herea"er referred to as catalogues) of MAGs/genes, 
provides a non-redundant representative base to link features 
from the di#erent longitudinal samples (Herold et$ al., 2020; 
Martínez Arbas et$ al., 2021). &e outcome of any downstream 
analysis is highly reliant on the quality of the MAGs and genes 
within a catalogue, which further depends on the quality of 
large-scale bioinformatic processing (e.g., de novo assembly and 
binning). Figure!1 illustrates two methods of constructing such 
catalogues, which are through aggregated processing of data 
from all samples or through de-replicating the output from 
individually processed sample data (i.e., sample-wise processing). 
A third alternative to these methods could be$the representation 
of non-redundant genes in pangenomes from MAGs annotated 
at the species-level (Tettelin et$ al., 2005; Delmont and Eren, 
2018), collected across all timepoints. &is allows for identifying 
any varying patterns especially in the context of environmental 
factors and phylogenetic constraints in!uencing gene acquisition 
and/or genome-streamlining (Tettelin et$ al., 2005). Given that 

1 https://zenodo.org

others have highlighted the catalogue building methodologies 
(Qin et$ al., 2010; Nayfach et$ al., 2020; Almeida et$ al., 2021); 
here, we$ elaborate methods discussed above in the context of 
both gene- and MAG-centric strategies.

&e general advantage of the aggregated processing approach 
is simplicity, whereby a single run is required for all the 
large-scale bioinformatic processing steps (Figure!1). Moreover, 
pooled assemblies have been shown to be$ e#ective (Magasin 
and Gerlo#, 2015), especially in the advent of highly e'cient 
de novo assemblers (Li et$al., 2016) and digital normalization 
(Brown et$ al., 2012). However, pooling reads from a large 
number of samples increases the complexity of the de novo 
assembly process, especially for complex communities. It 
also requires substantial computational resources, while 
potentially resulting in lower quality contigs, MAGs, and 
genes (Chen et$ al., 2020).

&e dereplication method (Figure!1) is applied a"er independent 
sample-wise large-scale bioinformatic processing (Evans and 
Denef, 2020). Predicted ORFs could be$ de-replicated through 
clustering (Li and Godzik, 2006; Edgar, 2010; Mirdita et$ al., 
2019), producing a gene catalogue (Li et$ al., 2014). On the 
contrary, the dereplication of MAGs is more complex, requiring 
several steps: binning from sample-wise de novo assemblies to 
generate MAGs, curation of high-quality MAGs (Parks et$ al., 
2015), and dereplication of MAGs (Olm et$ al., 2017; Wampach 
et$ al., 2018) to select the most representative MAGs of the 
longitudinal data (Uritskiy et$ al., 2018; Chen et$ al., 2020). In 
general, dereplication methods are particularly advantageous for 
longitudinal microbiome studies with many deeply sequenced 
samples (Herold et$ al., 2020; Martínez Arbas et$ al., 2021).

Although not systematically evaluated, one caveat worth 
considering when constructing a catalogue based on de novo 
assemblies, binning, and dereplication is the potential loss of 
resolution in population-level diversity (Kashtan et$ al., 2014; 
Evans and Denef, 2020; Quince et$al., 2020), which may include 
single nucleotide variants, copy number variants, strains, and 
auxiliary gene content (Evans and Denef, 2020) potentially 
impacting important downstream steps, such as integration 
of metaproteomic data (Tanca et$ al., 2016) or time-resolved 
strain tracking (Brito and Alm, 2016; Zlitni et$ al., 2020). To 
the best of our knowledge, the extent of the impact has yet 
to be$systematically investigated. In our opinion, several strategies 
can be$ applied to overcome this issue, including the usage 
of a comparative genomics methodology, i.e., pangenomes 
(Delmont and Eren, 2018), even opt for (re) assemblies of 
read subsets associated to particular taxa or MAGs of interest 
(Albertsen et$al., 2013), or the application of strain-level analysis 
tools (Anyansi et$ al., 2020).

Overall, choosing the speci%c methods for constructing a 
longitudinal catalogue depends on various factors, including 
the biological question, complexity of the community (van der 
Walt et$ al., 2017), number of samples, and sequencing depth. 
To the best of our knowledge, a comparison between an 
aggregated processing approach and a dereplication approach 
has yet to be$ conducted. Such a comparison would further 
help to inform researchers on selecting the best strategy for 
longitudinal analyses.
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QUANTIFICATION AND NORMALIZATION

Longitudinal catalogues provide compositional information of 
community taxa and potential functions. However, the relative 
quanti%cation of community members and functionalities is 
key in harnessing the power of longitudinal microbiome data, 
as it allows the observation of community taxa/functional 
dynamics and could be$ used in downstream modeling. In that 
regard, quantifying MG and MT sequencing data is a standard 
process of aligning reads (Li and Durbin, 2009) to relevant 
catalogues, and then quantifying features of interest (e.g., 
population/gene relative genomic abundance, gene expression) 
based on those alignments, providing information on community 
structure, functional potential, and gene expression. 
Complementally, MP data provide functional insights, whereby 
several methods are available for the quanti%cation of such 
data (Delogu et$al., 2020; Pible et$al., 2020), while identi%cation 
and quanti%cation of metabolites through MM data (Kapoore 
and Vaidyanathan, 2016; Mallick et$ al., 2019; Røst et$ al., 2020) 
provide insights on the community phenotype (s). However, 
in situ measurements of substrate uptake through labeling-
based approaches (Starr et$al., 2018) are challenging. &erefore, 
speci%c metabolites of interest could be$ indirectly linked to 
members of a microbial community by proportionally assigning 
the relative contribution of a MAG to a given (re) constructed 
metabolic pathway based on genomic abundance or gene/protein 
expression (Noecker et$ al., 2016; Blasche et$ al., 2021).

Normalization of quanti%ed values is required to enable 
community structure and function comparisons between 
timepoint samples. &e selection of normalization methods is 
important as it a#ects downstream analytical steps. &ere are 
several methods to normalize longitudinal MG and MT data, 
from the generation of compositional data to log-ratios and 
di#erential rankings (Chen et$ al., 2018; Pereira et$ al., 2018; 
Morton et$ al., 2019). Additionally, one should also inspect the 
data for potential confounding batch e#ects and take it into 
consideration when performing normalization (Gibbons et$ al., 
2018; McLaren et$ al., 2019; Coenen et$ al., 2020). In summary, 
e#ective relative quanti%cation and normalization will serve 
as a strong basis for downstream modeling approaches, and 
the development of robust methods for absolute quanti%cation 
will be$ decisive in the future.

ANALYSIS OF COMMUNITY 
CHARACTERISTICS AND DYNAMICS

Generally, microbiome omic data are complex, as it is (i) 
compositional, e.g., provided as relative abundances, which 
require speci%c considerations when selecting statistical analyses 
(Gloor et$al., 2017), (ii) highly sparse, such that the interpretation 
of zero-values generated from sampling, biological, or technical 
processes heavily a#ects data-derived conclusions (Silverman 
et$al., 2020), and (iii) high dimensional, which increases modeling 
di'culty due to the in!uence of feature selection that heavily 
a#ect potential predictions (Bolón-Canedo et$ al., 2016). 
Furthermore, multi-omic studies may contain gaps within the 

omic spectrum, such that certain samples may not be$represented 
within a certain omic layer (Lloyd-Price et$ al., 2019). Despite 
introducing complexity, the complementary use of di#erent 
omics could improve analysis outcomes and add predictive 
power to models (Muller et$ al., 2013; Fondi and Liò, 2015). 
Longitudinal data introduce another layer of complexity, i.e., 
time dependencies, such that one timepoint is dependent on 
the previous timepoints, rendering conventional statistical 
analyses unsuitable as they assume samples to be$ independent 
(Coenen et$ al., 2020). &is is further compounded by the fact 
that samples from longitudinal in situ studies are o"en low 
in number and non-equidistant (Park et$ al., 2020). Imputation 
may be$ used to supplement missing values (i.e., omic 
measurements or timepoints; Jiang et$ al., 2020).

Initial exploration of the microbiome dynamics can 
be$assessed through ordination analyses, where high dimensional 
population structure data are visualized in a two-dimensional 
space to observe the trajectory of the samples and the behavior 
of the system, i.e., metastability, cycles, and alternative states 
(Gonze et$ al., 2018). &en, community member relationships 
may be$ inferred using, e.g., correlation methods (Faust et$ al., 
2012; Friedman and Alm, 2012; Weiss et$al., 2016). Unfortunately, 
correlations may be$ insu'cient to assess complex community 
interactions, whereby the application of modeling approaches 
would be$ necessary to resolve those relationships (Fisher and 
Mehta, 2014; Trosvik et$ al., 2015; Ridenhour et$ al., 2017). 
Modeling could serve as a means of integrating several layers 
of omic data (Lloyd-Price et$ al., 2019; Ruiz-Perez et$ al., 2021) 
further elucidating microbial interplay beyond species abundances 
and functional potential.

Extensive literature of statistical and mathematical frameworks 
for multi-omic and/or longitudinal microbiome data is currently 
available. For instance, Noor et$al. (2019) review the integration 
of multi-omics data from data-driven and knowledge-based 
perspectives. Coenen et$ al. (2020) discuss approaches to 
characterize temporal dynamics and to identify periodicity of 
populations and putative interactions between them, while Faust 
et$ al. (2018) propose a classi%cation scheme for better model 
selection. Bodein et$al. (2019) provide a multivariate framework 
to integrate longitudinal and multi-omics data, while Park et$al. 
(2020) discuss the development of models and so"ware tools 
for time-series metagenome and metabolome data. Overall, 
the application of these methodologies should be$tailored toward 
speci%c hypotheses and studies, for which data exploration is 
essential to select modeling approaches that %t the type, quality, 
and quantity of the data.

More recently, the emergence of studies which track 
microbiome dynamics of cohorts over time, i.e., multiple 
individuals/sites (Carmody et$al., 2019; Lloyd-Price et$al., 2019; 
Mars et$al., 2020), necessitates the ability to discriminate variation 
stemming from the same individual/environment compared to 
those from di#erent individuals/environments. In such cases, 
multi-level statistical modeling (also known as mixed-e#ects/
hierarchical models) is able to account for repeated sampling 
or nested variation across a sample population (Sokal, 1995; 
Anderson, 2017; Kuznetsova et$ al., 2017; Mallick et$ al., 2021). 
Most notably Lloyd-Price et$ al. (2019) extensively applied such 
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methods to associate multi-omic microbiome signatures with 
host-derived molecular pro%les in a cohort of 132 individuals. 
Other instances include multi-omic longitudinal studies that 
combine murine and human datasets to unveil the adaptation 
of gut microbiomes to raw and cooked food (Carmody et$ al., 
2019) and the identi%cation of therapeutic targets for irritable 
bowel syndrome (Mars et$ al., 2020). Finally, there are newer 
methodologies that apply similar/related statistical frameworks 
to modeling multi-omic data (Mallick et$ al., 2021).

&e validation of the models remains one of the most 
challenging issues. Mathematical models combined with culture 
of synthetic microbial communities are commonly utilized to 
study mechanisms behind host-microbiome interactions (Moejes 
et$ al., 2017). It is also possible to validate interactions between 
microbes by, e.g., applying environmental perturbations in 
controlled conditions (Law et$ al., 2016; Herold et$ al., 2020). 
&ese explorations may result in a further understanding of the 
role of biotic and abiotic factors in shaping microbiomes, in 
relation to community phenotypes found in nature, biotechnological 
processes (Law et$al., 2016; Herold et$al., 2020), or host-associated 
microbiomes (Moejes et$ al., 2017; Garza et$ al., 2018).

CONCLUSION

Longitudinal microbiome studies combined with integrated 
multi-omic measurements provide unprecedented 
opportunities to study microbial community dynamics, both 
structurally and functionally. In tandem with evolving high-
throughput technologies, e.g., long-read sequencing (Moss 
et$ al., 2020; Wickramarachchi et$ al., 2020), these studies 
will become important tools in the exploration and potential 
exploitation of microbial consortia. We$ described strategies 
to mitigate the various challenges associated with such  
studies, encompassing study design, best practices, practical 

considerations, and bioinformatics processing and modeling. 
While longitudinal multi-omics datasets are currently scarce 
(Table! 1), we$ are con%dent that it will increasingly become 
more common, similar to how we$are increasingly transitioning 
from single omics to multi-omic (Noor et$ al., 2019). 
Longitudinal microbiome multi-omics will serve as an 
important tool for further improving analytical methods, 
which will in turn lead to relevant biomedical, biotechnological, 
and environmental outcomes.
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Microbial community dynamics are driven by both abiotic 
(environmental) and biotic (biological) factors. The lat-
ter include mobile genetic elements that move within 

and/or between genomes1,2 and are believed to play an important 
role in microbial community dynamics3,4. More specifically, inva-
sive mobile genetic elements (iMGEs), such as bacteriophages and 
plasmids, may transfer detrimental or beneficial genetic material 
to or between hosts1,2. Bacteriophages (henceforth referred to as 
phages) are viruses that specifically infect and replicate within bac-
teria. Phages are considered to be the most abundant and diverse 
biological entities with single- or double-stranded DNA or RNA 
genetic material5, and potentially play a role in shaping microbial 
community structure6,7. In contrast, plasmids are generally circular, 
double-stranded DNA molecules independent of the bacterial chro-
mosome that encode their own origin of replication and are usually 
found in higher copy numbers8. Plasmids represent key compo-
nents in horizontal gene transfer and are major contributors to the 
spread of antimicrobial resistance9.

Prokaryotic hosts have several defence mechanisms10 against 
iMGE invasion. One notable example is the CRISPR–Cas sys-
tem, which is an adaptive immune process with mechanisms for 

acquired immunological memory1,2. It consists of genomic regions 
known as clustered regularly inter-spaced short palindromic repeats 
(CRISPRs) and a class of proteins referred to as CRISPR-associated 
(Cas) proteins. CRISPR–Cas systems recognize iMGEs and cleave 
short subsequences from these iMGEs, called protospacers, which 
are integrated as spacers within the CRISPR loci of prokaryotic 
genomes11–13. The spacer sequences serve as a genetic memory bank 
of infection history used to recognize and interfere with future inva-
sions. By exploiting the sequence-based links between spacers and 
protospacers, specific host populations can be linked to specific 
iMGEs and to their corresponding invasion events1,2.

The present work focuses on a model microbial community in an 
activated sludge biological wastewater treatment plant (BWWTP), 
which arguably represents the most widely used biotechnological 
process on our planet and is an essential component of future inte-
grated energy and matter management strategies14. Foaming sludge, 
which occurs as floating islets on the surface of anoxic treatment 
tanks and is partially composed of populations of lipid-accumulating 
microorganisms, is particularly suitable for energy recovery via bio-
diesel production15. These communities also represent good models 
of microbial ecology because they exhibit medial species richness 

Roles of bacteriophages, plasmids and CRISPR 
immunity in microbial community dynamics 
revealed using time-series integrated meta-omics
Susana Martínez Arbas! !1,13, Shaman Narayanasamy! !1,10,13, Malte Herold1, Laura A. Lebrun1, 
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Viruses and plasmids (invasive mobile genetic elements (iMGEs)) have important roles in shaping microbial communities, 
but their dynamic interactions with CRISPR-based immunity remain unresolved. We analysed generation-resolved iMGE–host 
dynamics spanning one and a half years in a microbial consortium from a biological wastewater treatment plant using integrated 
meta-omics. We identified 31 bacterial metagenome-assembled genomes encoding complete CRISPR–Cas systems and their 
corresponding iMGEs. CRISPR-targeted plasmids outnumbered their bacteriophage counterparts by at least fivefold, highlight-
ing the importance of CRISPR-mediated defence against plasmids. Linear modelling of our time-series data revealed that the 
variation in plasmid abundance over time explained more of the observed community dynamics than phages. Community-scale 
CRISPR-based plasmid–host and phage–host interaction networks revealed an increase in CRISPR-mediated interactions coin-
ciding with a decrease in the dominant ‘Candidatus Microthrix parvicella’ population. Protospacers were enriched in sequences 
targeting genes involved in the transmission of iMGEs. Understanding the factors shaping the fitness of specific populations is 
necessary to devise control strategies for undesirable species and to predict or explain community-wide phenotypes.
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while at the same time being highly dynamic. Foaming sludge rep-
resents a convenient and virtually unlimited source of spatially and 
temporally resolved samples with complementary detailed physi-
cochemical information16. Here, we present a time-resolved, inte-
grated meta-omics analysis aimed at elucidating CRISPR-mediated 
interactions and dynamics between iMGEs and their hosts. The 
resolved community and population interactions and dynamics 
highlight that CRISPR-based immunity within the studied commu-
nity predominantly targets plasmid sequences.

Results
Time-resolved meta-omics of foaming sludge islets. A total of 53 
samples of foaming sludge islets from the surface of an anoxic tank 
were collected from a BWWTP over a period of 578 days. The mean 
sampling frequency of 8 days (s.d. = 16 days) is equivalent to the 
doubling time of the dominant population ‘Candidatus Microthrix 
parvicella’ (M. parvicella)17,18, thereby facilitating the study of popu-
lation dynamics on a generational timescale. Concomitant DNA, 
RNA and protein fractions were obtained from each sample19, 
which is critical for coherent downstream systematic measurements 
and multi-omic data integration20. These biomolecular fractions 
were subjected to deep, high-throughput measurements resulting 
in time-resolved metagenomics (MG), metatranscriptomics (MT) 
and metaproteomics (MP) data. A total of 1.5 ◊ 109 MG reads and 
1.7 ◊ 109 MT reads underwent sample-specific, large-scale bioinfor-
matics processing, followed by MG and MT de!novo co-assembly21, 
yielding a total of 2.1 ◊ 107 contigs (Supplementary Table 1). 
Additionally, we estimated ~50% average coverage of community 
members resolved for the individual time points (Supplementary 
Note 1 and Supplementary Fig. 1). MP datasets yielded a total 
of 7.6 ◊ 106 mass spectra, whereby a total of 9.6 ◊ 107 redundant 
peptides were identified per sample using the 3.1 ◊ 107 protein 
sequences predicted from the co-assembled contigs as the search 
database (Supplementary Table 2).

Contigs from the co-assembled MG and MT data from each sam-
ple were binned, producing a total of 26,524 metagenome-assembled 
genomes (MAGs) across all samples (Supplementary Table 1), of 
which 1,364 MAGs were selected for dereplication together with 
a collection of 85 isolate genomes (Supplementary Note 2). The 
dereplication process yielded pools of MAGs for which we defined 
representative MAGs (rMAGs)22. These rMAGs underwent taxo-
nomic classification, quality filtering and manual curation to yield 
a total of 92 rMAGs, which were retained for downstream analyses 
(Supplementary Table 3). In this work, rMAGs are assumed to rep-
resent pools of MAGs resulting from dereplication and are equiva-
lent to populations. Therefore, our population-level analyses are, by 
default, on the rMAG level unless otherwise specified.

CRISPR–Cas information over the entire meta-omics dataset. 
We resolved the CRISPR–Cas systems within rMAGs by extract-
ing their respective cas genes and classifying the CRISPR types23. 
This resulted in a final set of 31 (37%) rMAGs that encoded classifi-
able and complete CRISPR–Cas systems (that is, cas genes allowing 
CRISPR–Cas system classification) and CRISPR loci containing the 
required information for linking hosts to iMGEs24. The most com-
mon CRISPR–Cas system within the community was type I, which 
was found in 21 rMAGs and across several taxonomic families, fol-
lowed by type III, which was assigned to 9 rMAGs, while type II and 
V systems were identified in 3 rMAGs and 1 rMAG, respectively. 
Combinations of different CRISPR types within a single rMAG 
were also detected. Accordingly, we found that types I and III were 
present together in five rMAGs, thereby representing the most com-
monly detected combination25 (Fig. 1 and Supplementary Table 4).

We used an ensemble of computational methods to extract 
CRISPR information on the read- and contig- level, which resulted 
in an extensive set of detected CRISPR repeats and spacers (both 

collectively referred to as CRISPR elements) per sample. Overall, 
we retrieved 89,856 repeats and 525,579 spacers over the entire time 
series. However, they are redundant because the same repeats or 
spacers may appear at multiple time points (Extended Data Fig. 1).  
Therefore, we removed redundancy by clustering CRISPR ele-
ments, which resulted in 8,469 and 162,985 non-redundant repeats 
and spacers, respectively. Spacers were more highly represented on 
the MG level, whereas repeats were more highly represented on 
the MT level (Supplementary Note 3 and Supplementary Fig. 2). 
A total of 778 (~9%) non-redundant repeats and 20,002 (~12%) 
non-redundant spacers could be directly assigned to at least one 
rMAG, in turn representing 196,159 (~37%) and 29,685 (~33%) 
redundant spacers and repeats, respectively. To retain the maximum 
amount of information for downstream analyses, the entire collec-
tion of spacers and repeats from the entire pool of MAGs were linked 
to their corresponding rMAGs (Supplementary Table 4). Although 
this may result in high numbers of unfiltered spacers associated 
with certain rMAGs, for example, rMAG-117, which represents 41 
MAGs and is associated with 6,574 spacers, this approach allows 
comprehensive tracking of CRISPR and targeted iMGE dynamics.

Protospacers in the entire meta-omics dataset. Protospacers 
may represent either the origin of the spacers or targets for iMGE 
inhibition/splicing. Spacer information from the CRISPR loci can 
be used to detect iMGEs through complementary matching to 
their targeted protospacers26,27. Single matches of spacers to tar-
geted iMGEs are considered sufficient for conferring immunity 
against such iMGEs28,29. Thus, spacers were searched against all 
contigs. Those containing at least one protospacer match, that is, 
protospacer-containing contigs (hereafter referred to as PSCCs), 
and lacking repeats to avoid self-matching were considered as 
putative iMGEs. Accordingly, we detected 750,375 protospacers 
within 224,651 PSCCs (Extended Data Fig. 1), which highlights the 
large number of PSCCs that encode multiple protospacers (56%). 
It is noteworthy that the filtering of PSCCs with repeats (109,504 
redundant PSCCs) resulted in the exclusion of potential iMGEs 
encoding CRISPR loci.

After removing redundancy with the iMGEs (see next section 
and Supplementary Note 4), a total of 209,199 protospacers were 
retained within 49,306 non-redundant PSCCs (Supplementary  
Table 5). Here, there were instances of single spacers targeting 
multiple protospacers from either different or the same PSCCs. 
On average, one spacer targeted 21.85 protospacers (median = 7, 
s.d. = 51.27), while PSCCs tended to contain more than one proto-
spacer (that is, mean = 3.29, median = 2, s.d. = 4.60).

Plasmids and phages in the entire meta-omics dataset. On the 
basis of the contigs from all time points, we predicted phage and 
plasmid sequences. The total number of annotated iMGEs rep-
resented 6.97% of all contigs, for which 2.22% contained at least 
one protospacer (that is, PSCCs). Interestingly, we found that 
sequences annotated as plasmids outnumbered phages by ~16-fold 
(Supplementary Note 4 and Supplementary Table 6). At this stage, 
there was a lack of predicted prophage sequences, which is likely 
due to limitations of the available phage prediction methods. All the 
predicted iMGEs were clustered to yield non-redundant representa-
tive iMGEs that were traceable over time, which maintained similar 
proportions to the previously described redundant set; that is, ~16 
times more plasmid (707,093) than phages (42,039). Among these, 
we found 12,232 (1.7%) plasmids and 227 (0.5%) phages with simi-
larities to sequences within the National Center for Biotechnology 
Information (NCBI) database, which demonstrates the lack of 
representation of these elements within public databases. A simi-
lar trend in proportions was reflected in the iMGEs targeted by  
spacers. Plasmids (12,412) were targeted five times more frequently 
than phages (2,351). Since we were interested in iMGEs that are 

NATURE MICROBIOLOGY | www.nature.com/naturemicrobiology



ARTICLESNATURE MICROBIOLOGY

interacting with hosts via CRISPR, we focused on the non-redundant 
iMGEs that were also PSCCs (henceforth, we collectively refer to 
these as iMGEs) for downstream analyses. Additionally, the MG 
and MT co-assembled contigs allowed the detection of iMGEs 
that were exclusively present on the MT level, for example, RNA 
phages30. Accordingly, a total of 2,890 MT-only contigs assigned as 
iMGEs were retrieved, from which 2,102 and 387 were classified as 
plasmid and phage, respectively.

BWWTPs are thought to represent hotspots for the spread of 
antimicrobial-resistance genes (ARGs)3,31. Therefore, we inspected 
plasmid and phage functions targeted by CRISPR systems32,33 and 
screened those iMGEs for potential ARGs34 (Supplementary Note 5, 
Supplementary Table 7 and Extended Data Fig. 2). We found 1,570 
(0.22%) plasmids and 106 (0.25%) phages encoding 38 different 
ARGs, including tetracycline-resistance genes, which are known to 
be persistent in BWWTPs31,35. Additionally, we found ten plasmid 
PSCCs. Among these, three encoded ARGs that were being tar-
geted by spacers, specifically aminoglycoside nucleotidyltransfer-
ase (ANT3), streptomycin phosphotransferase (APH3��) and class 
D beta-lactamases (ClassD) (Supplementary Tables 8 and 9). Apart 

from these specific cases, iMGEs encoding ARGs were not PSCCs; 
therefore, they are likely not targeted by CRISPRs.

Community dynamics. The relative abundance of rMAGs and 
representative iMGEs were used to infer community dynamics 
over time (Fig. 1, Extended Data Fig. 3 and Supplementary Fig. 3). 
We grouped rMAGs at the family level due to the large fraction of 
unclassified taxa. Families such as Microthrixaceae, Moraxellaceae, 
Leptospiraceae and Acidimicrobiaceae, which are present within 
sludge communities15,36, were prominent members. To further 
investigate the effects of iMGEs on the community dynamics, we 
linked iMGEs to their putative host families based on their assign-
ments via binning. This resulted in a total of 79 family-level groups 
of bacteria, plasmids and phages.

The Microthrixaceae family showed a relative abundance  
average of 15.5% (median = 15.9%, s.d. = 5.2) with minor fluc-
tuations throughout the time series, except between 2011-11-16  
and 2012-01-03, when there was a significant decrease. 
Moraxellaceae (mean = 6.4%, median = 3.6%, s.d. = 7.5) and 
Leptospiraceae (mean = 6.9%, median = 5.9%, s.d. = 6.4) showed 
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relatively low abundance over time, but increased with the decline 
in Microthrixaceae (Fig. 1), thereby representing the shift in the 
community structure.

To further investigate the community dynamics, we defined 
three overlapping shorter-term intervals according to before, dur-
ing and after the aforementioned community shift (Fig. 2 and 
Supplementary Note 6). Subsequently, correlation between the 
family-level groups, hierarchical clustering and linear modelling 
using the Microthrixaceae family as the response variable were per-
formed for the entire time series and for shorter-term intervals.

The correlation analysis showed 62 pairs of family-level groups 
that consistently exhibited significant correlations (Supplementary 
Fig. 4), whereby ten families correlated (r � �0.7 or r � 0.7, P � 0.001) 
with their own plasmids and phages in the entire time series as 
well as the shorter-term intervals, for example, Microthrixaceae, 
Moraxellaceae and Leptospiraceae (Supplementary Table 10). 
Hierarchical clustering of correlation values from the entire time 
series yielded a total of six clusters, whereby most bacteria, plas-
mids and phages assigned to the same families clustered together, 
which demonstrates that there is predictable variation of these 
family-level groups. Further inspection of the dominant families 
showed Microthrixaceae clustering separately from Leptospiraceae 
and Moraxellaceae. The latter two clustered together and exhibited 
significant negative correlation with Microthrixaceae (r = �0.63, 
P = 8.3 ◊ 10�7, and r = �0.52, P = 9.9 ◊ 10�5, respectively), which 
further supports their observed acyclical behaviour relative to 
Microthrixaceae (Extended Data Fig. 4 and Supplementary Fig. 5).

In addition, a selection of the best linear models showed an 
enrichment of Microthrixaceae plasmids, Acidimicrobiaceae phages 
and Saprospiraceae plasmids and, in agreement with the enrich-
ment analysis, the best model (adjusted R2 = 0.9983) showed iMGEs 
from Microthrixaceae, Saprospiraceae and Moraxellaceae families 
exhibiting significant contributions (Extended Data Fig. 5). Thus, 
the longitudinal abundance data for Microthrixaceae exhibited 
good agreement with the models (Fig. 2). Overall, the linear model-
ling analysis showed the appearance of Microthrixaceae plasmids as 
the only common significant predictor in all the models (entire time 
series and shorter-term intervals). This group was then removed 
from those models to assess its relative importance, and this resulted 
in a significant reduction of predictive power (Extended Data  
Fig. 6, Supplementary Tables 11 and 12, Supplementary Note 7 and 
Supplementary Fig. 6). Consequently, its plasmids had a stronger 
effect on the prediction of Microthrixaceae abundance compared to 
its phages, which indicates a higher relative importance of plasmids 
in governing Microthrixaceae dynamics.

CRISPR–Cas mediated iMGE–host interactions. To describe 
CRISPR-mediated interactions between iMGEs and their hosts, 
we retained 4,985 spacers that were encoded by at least one rMAG 
(host), co-occurred with its assigned rMAG in at least one time 
point and targeted at least one iMGE at any given time point. We 
subsequently searched for iMGEs and corresponding spacers 
newly appearing during the time series (that is, spacer integration 
events), and observed that 2,377 spacers were detected either after 

or at the same time point as their corresponding targeted iMGEs. 
The mean spacer integration time (that is, the lag time between the 
detection of an iMGE and its corresponding spacer) was 9.5 weeks 
(median = 8, s.d. = 8.5). Spacers that disappeared after the detec-
tion of their linked iMGEs were considered to be lost. We observed 
1,616 spacers that were lost, with 7 weeks as the average time for 
such deletions (median = 5.5, s.d. = 7.5). Interestingly, the average 
time for spacer integration and deletion was lower for phages com-
pared to plasmids (Supplementary Table 13). Furthermore, there 
was a shift from spacer gain to loss on 2011-11-29, suggesting that 
the majority of integration events occurred during the summer to 
autumn transition, while the majority of deletion events occurred in 
late autumn, which corresponds to the shift in community structure 
occurring in autumn to winter (Supplementary Fig. 7).

We then separated the CRISPR-mediated interactions into a 
plasmid–host network comprising 18 hosts and 1,881 plasmids, 
with 2,274 interactions (Fig. 3), and a phage–host network compris-
ing 16 hosts and 472 phages, with 490 interactions (Extended Data 
Fig. 7). We also defined an occurring interaction within a given 
time point if a host and its interacting iMGE were detected in either 
MG or MT data, which resulted in time-resolved network topology 
variations (Supplementary Table 14 and Supplementary Note 8). We 
included orphan iMGEs and hosts for which their associated coun-
terparts were not detected within the same time point to visualize 
the dynamics (Supplementary Videos 1 and 2).

The time-resolved plasmid–host interaction networks had an 
average modularity of Q = 0.71 (median = 0.73, s.d. = 0.07), with 
two main modules of interactions: a group containing a core set 
of rMAGs classified as Leptospira biflexa and a group containing 
rMAGs from different species, that is, Marinobacter hydrocar-
bonoclasticus, Acinetobacter sp. ADP21, Chitinophaga pinensis 
and Haliscomenobacter hydrossis. M. parvicella was represented 
by rMAG-165. In contrast, the phage–host interaction networks 
had an average modularity of Q = 0.69 (median = 0.69, s.d. = 0.07) 
and smaller interacting groups. However, the overall dynamics 
of both networks were similar, with the number of interactions 
increasing during November 2011, which co-occurred with the 
drop in M. parvicella (Microthrixaceae) and the increase in other 
populations, such as L. biflexa or H. hydrossis. Based on these 
networks, we performed a one mode projection to resolve direct 
interactions between rMAGs with common iMGEs. For this, we 
observed a higher range of interactions between rMAGs from 
the plasmid–host network, which suggests that there is a wide 
spread of plasmids across different families in contrast to the 
more restricted infection range of phages (Supplementary Fig. 8 
and Supplementary Table 15).

Population-level iMGE–host dynamics. To further understand 
the iMGE–host dynamics in relation to the maintenance of micro-
bial populations of interest, we focused on the dominant popula-
tion within the community, M. parvicella15,37–39, which constitutes 
~30% of the community at specific dates (Fig. 1). More specifi-
cally, it showed distinct characteristics in the community and net-
work dynamics, such that time points with decreased M. parvicella 

Fig. 2 | Microbial community dynamics. a, The rMAGs were grouped together at the family level. Plasmids and phages were distinctly grouped on the 
basis of their family-level association (that is, binned together with a rMAG of a given family). The bacterial, plasmid and phage family-level groups were 
clustered on the basis of the correlation of their group-level abundance dynamics. The groups are displayed on the right of the heatmap. The coloured 
block on the right and bottom of the heatmap represents the six clusters emerging from the hierarchical clustering, represented by the trees at the top and 
left of the heatmap. The shown Pearson correlations have a significant level of P!<!0.001 (that is, threshold). Statistical tests were two-sided and adjusted 
for multiple comparison. b, Upper: models based on the longer-term dynamics. Lower: models based on three shorter-term dynamics. The models are 
based on the group-level relative abundance values. Longer-term dynamics are represented by all data points from the entire time series. The shorter-term 
intervals were defined around the shift in community structure, at which the abundance of Microthrixaceae family drastically decreases. Exact sampling 
dates of the shorter-term intervals are highlighted in the x axis. Three models were applied to the longer- and shorter-term time intervals. The relative 
abundance of the Microthrixaceae family is included for reference.
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abundance exhibited a higher number of overall CRISPR-mediated 
interactions (Fig. 4 and Supplementary Videos 1 and 2), which was 
further supported by the negative correlations with the total num-
ber of plasmid–host interactions over time (r = �0.33, P = 0.017) 
and phage–host interactions over time (r = �0.40, P = 0.004). 

However, after focusing on the population-level CRISPR-based 
iMGE–host interactions of M. parvicella, we observed a posi-
tive correlation between the population abundance over time and  
its number of iMGE–host interactions, that is, plasmid–host 
(r = 0.63, P � 0) and phage–host (r = 0.25, P = 0.02). Finally, the 

Saprospiraceae_phage
Saprospiraceae_plasmid
Rhodocyclaceae_plasmid
Saprospiraceae
Nitrosomonadaceae_phage
Rhodocyclaceae_phage
Cryomorphaceae
Cryomorphaceae_phage
Cryomorphaceae_plasmid
Verrucomicrobiaceae_phage
Verrucomicrobiaceae
Verrucomicrobiaceae_plasmid
Intrasporangiaceae_plasmid
Intrasporangiaceae
Intrasporangiaceae_phage
Sphingobacteriaceae_plasmid
Sphingobacteriaceae
Sphingobacteriaceae_phage
Chitinophagaceae
Chitinophagaceae_plasmid
Acidimicrobiaceae_phage
Microthrixaceae
Microthrixaceae_phage
Microthrixaceae_plasmid
Rhodocyclaceae
plasmid_NA
Moraxellaceae_phage
Moraxellaceae
Moraxellaceae_plasmid
phage_NA
Leptospiraceae
Leptospiraceae_phage
Leptospiraceae_plasmid
Nitrospiraceae
Nitrospiraceae_phage
Comamonadaceae_phage
Comamonadaceae
Comamonadaceae_plasmid
Acidimicrobiaceae
Acidimicrobiaceae_plasmid
Nitrosomonadaceae_plasmid
Nitrosomonadaceae
Nitrospiraceae_plasmid
Mycobacteriaceae_phage
Xanthomonadaceae_plasmid
Mycobacteriaceae
Anaerolineaceae
Anaerolineaceae_phage
Anaerolineaceae_plasmid
Mycobacteriaceae_plasmid
Xanthomonadaceae
Xanthomonadaceae_phage
Neisseriaceae
Neisseriaceae_plasmid
Pseudomonadaceae
Pseudomonadaceae_plasmid
Kofleriaceae
Kofleriaceae_phage
Kofleriaceae_plasmid
Gordoniaceae
Gordoniaceae_phage
Gordoniaceae_plasmid
Flavobacteriaceae
Flavobacteriaceae_phage
Flavobacteriaceae_plasmid
Corynebacteriaceae
Corynebacteriaceae_phage
Corynebacteriaceae_plasmid
Chitinophagaceae_phage
Pseudomonadaceae_phage
Unassigned
Unassigned_plasmid
Nocardioidaceae
Nocardioidaceae_plasmid
Nocardioidaceae_phage
Unassigned_phage
Streptomycetaceae_phage
Streptomycetaceae
Streptomycetaceae_plasmid

–1.0
–0.5
0.0
0.5
1.0

Colour key, correlation

0.000

0.001

0.002

Re
lat

ive
 a

bu
nd

an
ce

 (%
)

0.001

0.002

Re
lat

ive
 a

bu
nd

an
ce

 (%
)

20
11

–0
3–

21
20

11
–0

3–
29

20
11

–0
4–

05
20

11
–0

4–
14

20
11

–0
4–

21
20

11
–0

4–
29

20
11

–0
5–

06
20

11
–0

5–
13

20
11

–0
5–

20
20

11
–0

5–
27

20
11

–0
6–

03
20

11
–0

6–
09

20
11

–0
6–

17
20

11
–0

6–
24

20
11

–0
7–

01
20

11
–0

7–
08

20
11

–0
8–

05

20
11

–0
9–

12

20
11

–1
0–

12

20
11

–1
1–

02

20
11

–1
1–

29

20
11

–1
2–

21

20
12

–0
1–

11

20
12

–0
2–

01
20

12
–0

2–
08

20
12

–0
2–

14
20

12
–0

2–
23

20
12

–0
3–

14

20
12

–0
4–

04
20

12
–0

4–
10

20
12

–0
4–

17
20

12
–0

4–
25

20
12

–0
5–

03

20
12

–0
3–

28
20

12
–0

3–
22

20
12

–0
3–

08
20

12
–0

2–
29

20
12

–0
1–

25
20

12
–0

1–
19

20
12

–0
1–

03
20

11
–1

2–
28

20
11

–1
1–

23
20

11
–1

1–
16

20
11

–1
1–

07

20
11

–1
0–

05
20

11
–0

9–
28

20
11

–0
9–

19

20
11

–0
9–

05
20

11
–0

8–
29

20
11

–0
8–

19
20

11
–0

8–
11

Date of sample collection

Colour of the points
model

Microthrixaceae
Global model
Reduced model
Reduced model with
no plasmids

Microthrixaceae
Before shift 
During shift
After shift

Shape of the points
time frame

Spring SpringWinterAutumnSummer
Before shift After shiftDuring shift

Cluster 1 Cluster 6Cluster 5Cluster 4Cluster 3Cluster 2

a

b

//////

NATURE MICROBIOLOGY | www.nature.com/naturemicrobiology



ARTICLES NATURE MICROBIOLOGY

iMGE–M. parvicella network exhibited a highly modular structure, 
whereby a set of iMGEs interacted with its set of spacers (Fig. 4).

We identified a single contig of 10,224 base pairs in length that 
encoded a complete CRISPR operon40. This contig shared 97.62% 
sequence identity with ‘Candidatus Microthrix parvicella Bio17-1’37 
(Supplementary Note 9). Briefly, the contig contained 6 cas genes 
and 11 CRISPR repeats. Using the MT and MP data, we found that 
the cas genes within the rMAG were expressed over time, with Cas2 
showing the highest level of gene expression while Cas7 was found 

more frequently at the protein level (Fig. 4). We were able to link 
a total of 670 spacers across the entire time series to this specific 
CRISPR locus. These spacers were present within an average of 
25.5 time points (median = 28.5, s.d. = 14). Out of all the associated 
spacers, 433 lacked matches within the time series and 246 could 
be linked to a protospacer in at least one time point. Among these, 
64 targeted plasmids, 24 targeted phages and 12 targeted both plas-
mids and phages (Fig. 4). Ten out of the 12 spacers targeting both 
had matches in protein-coding genes, including sigma 70 factor of 
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RNA polymerase, GDSL-like lipase 2 and helix-turn-helix domain 
23, which are genes known to be widely encoded by both plas-
mids and phages. Additionally, we inspected the activity of spacers 

within the CRISPR loci and observed 45 spacers with gain or loss 
events (Fig. 5). Similar to the community level, there was also a shift  
in gain to loss events occurring after the community shift on  

b c

Protein

a

Gene
CRISPR

1,646

1,529

974

2,455

2,375

290

Si
ze

 (b
p)

Occurrence

Normalized counts

PlasmidInteraction with

100500

d

0
25
50
75

Date of sample collection and season

In
te

ra
cti

on
s (

%
)

e

Phage

Mobile genetic elements
Plasmid

Targeting plasmid
Targeting phage
Targeting both plasmid and phage

CRISPR spacers

SpringWinterAutumnSummerSpring

// // //

Phage

20
11

–0
3–

21
20

11
–0

3–
29

20
11

–0
4–

05
20

11
–0

4–
14

20
11

–0
4–

21
20

11
–0

4–
29

20
11

–0
5–

06
20

11
–0

5–
13

20
11

–0
5–

20
20

11
–0

5–
27

20
11

–0
6–

03
20

11
–0

6–
09

20
11

–0
6–

17
20

11
–0

6–
24

20
11

–0
6–

01
20

11
–0

7–
08

20
11

–0
8–

05

20
11

–0
9–

12

20
11

–1
0–

12
20

11
–1

0–
05

20
11

–0
9–

28
20

11
–0

9–
19

20
11

–0
9–

05
20

11
–0

8–
29

20
11

–0
8–

19
20

11
–0

8–
11

20
11

–1
1–

02

20
11

–1
1–

29
20

11
–1

1–
23

20
11

–1
1–

16
20

11
–1

1–
07

20
11

–1
2–

21

20
12

–0
1–

11

20
12

–0
2–

01
20

12
–0

2–
08

20
12

–0
2–

14
20

12
–0

2–
23

20
12

–0
3–

14

20
12

–0
4–

04
20

12
–0

4–
10

20
12

–0
4–

17
20

12
–0

4–
25

20
12

–0
5–

03

20
12

–0
3–

28
20

12
–0

3–
22

20
12

–0
3–

08
20

12
–0

2–
29

20
12

–0
1–

25
20

12
–0

1–
19

20
12

–0
1–

03
20

11
–1

2–
28

cas3HD

cas8u1

cas7

cas1

csb2gr5

cas2

2

20

2

Fig. 4 | The CRISPR–Cas system of M. parvicella. a, The CRISPR–cas locus predicted within a reconstructed population-level genome (rMAG-165) identified 
as M. parvicella. b, MT-based expression levels of the corresponding cas genes. Boxplots represent expression levels aggregated from 51 time points based 
on normalized read counts. Data are presented as median values, Q1–1.5!◊!interquartile range (IQR) and Q3!+!1.5!◊!IQR. c, MP-level representation of Cas 
proteins. The numbers represent the number of time points at which at least one peptide of the corresponding Cas protein was detected. d, Representation 
of the active CRISPR spacers (gain or loss of spacer within the time series) assigned to M. parvicella. The order of the spacers is based on their first 
occurrence within the time series. e, Spacer-iMGE-based interactions represented per time point as percentages of the global interactions of M. parvicella.

NATURE MICROBIOLOGY | www.nature.com/naturemicrobiology



ARTICLES NATURE MICROBIOLOGY

2011-12-28 (Extended Data Fig. 8). Overall, the cas gene and  
Cas protein expression levels, coupled to spacer dynamics tar-
geting more plasmids (example shown in Extended Data Fig. 9)  
than phages, demonstrate a highly active CRISPR–Cas system 
within M. parvicella.

In contrast to M. parvicella, other populations exhibited 
more dynamic CRISPR loci, such as the rMAG-40 classified as  
L. biflexa, and less dynamic loci, such as the rMAG-31 classified 
as Intrasporangium calvum (Supplementary Note 10). L. biflexa has 
eight putative CRISPR loci and a locus of cas genes classified as type 
V (Supplementary Table 16 and Extended Data Fig. 10), and these 
contained a total of 680 spacers, of which 146 exhibited gain or loss 
within the time series. The population with the highest amount 
of spacers was rMAG-73, which was classified as C. pinensis, with 
CRISPR type III and a total of 1,119 spacers, of which 306 were 
active (that is, with either gain or loss events). Overall, the size of the 
CRISPR locus did not directly relate to spacer gain or loss. Finally, 

we observed that different population-level CRISPR–Cas dynamics 
exist at the level of gene and protein expression as well as spacer 
integration activity. Based on our results, M. parvicella populations 
contain a functional CRISPR system, but use it sparingly compared 
with other populations.

Discussion
We presented an extensive time-resolved, integrated meta-omics 
analysis of CRISPR-mediated iMGE–host interactions. Given the 
vast extent of unresolved bacterial taxa as well as plasmid and phage 
sequences in this community, the reliance on existing sequence 
databases would have greatly limited the analysis of key commu-
nity members. Our reference-independent approach, including 
de!novo genomic assembly, binning and plasmid/phage prediction, 
were required to analyse this dataset. We were able to link micro-
bial population genomes (rMAGS) to iMGEs using spacer–pro-
tospacer links24, unlike previous approaches that have relied on 
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Fig. 5 | Spacer acquisition dynamics in the M. parvicella population. Dynamics of spacers assigned to the M. parvicella population. The y axis includes the 
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based on the presence (light blue) or absence (dark grey) of the spacer within the CRISPR array for each time point. Green boxes represent spacer gain 
events, specifically light green for spacer integration (iMGE is detected before the spacer) and dark green for a putative spacer integration event (iMGE and 
spacer are detected at the same time point). Dark blue boxes represent potential secondary contact events (spacer detected before the iMGE).
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abundance levels41. Overall, our approach of resolving interaction 
dynamics between iMGEs and their hosts revealed an enrichment 
in CRISPR-based plasmid targeting relative to phages.

To extract coherent information across the time series, we mini-
mized redundancy concerning population-level genomes, CRISPR 
information and iMGEs. The aforementioned procedures may 
potentially result in a dilution of information, especially regard-
ing underlying species- and strain-level diversity. However, this 
trade-off was necessary considering the inherent properties of the 
time-series dataset, namely, in relation to the appearance, disappear-
ance and/or reappearance of features over time. More importantly, 
our stringent methodology allowed us to balance the advantages of 
a de!novo assembly-based approach, that is, detecting novel micro-
bial and iMGE populations, while enabling us to track the popula-
tions over time.

We systematically optimized the plasmid and phage prediction 
process by applying an ensemble approach to reduce bias stemming 
from a single tool, establishing associations of iMGEs and specific 
rMAGs through binning, identifying strong correlations between 
iMGEs and their associated rMAGs and using spacer–protospacer 
links to establish empirical evidence of interactions between rMAGs 
and iMGEs. Despite this, several limitations must be addressed, 
including the inherent inaccuracies of the plasmid and phage pre-
diction tools, the inability to predict prophages within community 
and the lack of reliable taxonomic classifications of iMGEs.

Our ensemble approach for iMGE identification demonstrated 
that plasmids are highly abundant within the community. The step-
wise linear modelling approach demonstrated that plasmids have a 
more pronounced impact on the dominant Microthrixaceae com-
pared to phages. Furthermore, based on the extracted protospacer 
information, plasmids are targeted more often than their phage 
counterparts by CRISPR systems. In contrast to previous studies 
focused on CRISPR-mediated immunity against phages, our results 
support the notion that plasmids also play key roles in the adap-
tation and promotion of diversity42. In this context, BWWTPs are 
thought to be hotspots for the spread of ARGs through iMGEs3,43. 
Our data revealed a comparatively small fraction of plasmids encod-
ing ARGs that are targeted by CRISPR systems, which suggests that 
bacteria retain potentially beneficial plasmids44, for example, those 
encoding ARGs45, but further detailed investigation including data 
from longer-term time series is required.

The period with decreased Microthrixaceae abundance 
(from 2011-11-02 to 2012-01-25) coincided with the increased 
in abundance of other families (for example, Leptospiraceae 
or Moraxellaceae), their corresponding plasmids and over-
all CRISPR-mediated interactions. Based on this information, 
the increase in plasmids suggests a short-term fitness advan-
tage for Leptospiraceae and Moraxellaceae populations, on the 
one hand. On the other hand, CRISPR-mediated links indicated 
CRISPR-based suppression of those plasmids in a possible drive 
towards the normalization of community structure and function, 
including the dominance of M. parvicella. However, any direct 
cause–effect relationships remain to be further explored under 
controlled laboratory conditions.

In relation to phages, we found that they tended to cor-
relate with specific families, for example, Moraxellaceae and 
Leptospiraceae, which exhibited acyclical dynamics in relation to 
the Microthrixaceae family, but showed a smaller effect in the linear 
models. Additionally, rMAG populations within the Moraxellaceae 
and Leptospiraceae families exhibited higher CRISPR activity in 
terms of phage-linked spacer gain or loss. In that regard, phages 
are known to affect specific populations, which, according to our 
data, does not include the dominant M. parvicella, as previously 
observed46. Therefore, future studies need to be directed towards 
deciphering the roles of individual plasmids and phages on specific 
populations, as well as the community as a whole.

Based on our observations, a strong case can be made to 
include iMGEs and CRISPR-based interactions as additional 
features into models that incorporate abiotic parameters (for 
example, temperature, pH and oxygen concentration) and biotic 
drivers (for example, population dynamics and inter-microbial pop-
ulation interactions)41,47,48, especially when such information can be 
extracted from MG data. The inclusion of such additional features 
may provide a more comprehensive model of community dynamics 
and process performance.

Finally, the composition of CRISPR loci is highly 
environment-specific49, which should translate into 
environment-specific CRISPR-mediated interactions. Therefore, 
the present study should be repeated on samples from other envi-
ronments to provide a broader understanding of CRISPR-based 
interactions in relation to iMGEs50.

Methods
Sampling. Individual "oating sludge islets within the anoxic tank of the 
Schi#ange BWWT plant (Esch-sur-Alzette, Luxembourg; 49° 30� 48.29� N; 
6° 1� 4.53� E) were sampled according to previously described protocols15. Samples 
are indicated as dates (YYYY-MM-DD). Time-resolved sampling included two 
initial sampling dates (2010-10-04 and 2011-01-25) as previously reported15,48. 
More frequent sampling was performed from 2011-03-21 to 2012-05-03, of which 
data from three samples (2011-10-05, 2011-10-05 and 2012-01-11) have been 
previously published15.

Concomitant biomolecular extraction and high-throughput meta-omics. 
Concomitant biomolecular extraction of DNA, RNA and proteins as well as 
high-throughput measurements to obtain MG, MT and MP data were carried out 
according to previously established protocols15,48,51.

Isolate culture, genome sequencing and assembly. A total of 85 isolate cultures 
of lipid-accumulating bacterial strains were derived from the sludge islets 
sampled from the same anoxic tank described above. The isolation protocol, 
including screening for lipid-accumulation properties (via Nile Red staining), 
DNA extraction and sequencing, was performed as previously described48,51. 
The genomic data were assembled and analysed using an automated version of 
a previously described workflow51 that spanned sequencing read preprocessing, 
de!novo assembly and gene annotation (see the section “Code availability”). The 
genome of ‘Candidatus M. parvicella Bio17-1’ was obtained from the publicly 
available NCBI BioProject database PRJNA174686 (ref. 37).

Co-assembly of MG and MT data. Sample-wise integrated MG and MT data 
analyses were performed using IMP21 (v.1.3) with the following customized 
parameters: (1) Illumina Truseq2 adapters were trimmed; (2) the step involving the 
filtering of reads of human origin step was omitted for preprocessing; and (3) the 
MEGAHIT de!novo assembler52 was used for the co-assembly of MG and MT data. 
Nonpareil2 (ref. 53) was applied to the preprocessed MG and MT data to assess the 
relative depth of coverage.

MP analyses. Raw mass spectrometry files were converted to MGF format using 
MSconvert with default parameters. The resulting files were used to run the 
Graph2Pro pipeline54 together with the corresponding assembly graphs from 
MEGAHIT, which allowed the integration of MG, MT and MP data. Assemblies 
often result in fragmented consensus contigs, thus leading to a loss of information 
on strain variation and to open-reading frames spanning multiple contigs. The 
Graph2Pro pipeline combines the Graph2Pep algorithm and FragGeneScan55 to 
predict peptides from short and long edges of the graph even if the peptides span 
multiple edges. Graph2Pro further predicts protein sequences from the graphs of 
the IMP-based co-assemblies using identified peptides as constraints. To produce 
the final protein identifications, MP data were searched against the sample-specific 
databases derived from Graph2Pro.

The combined set of tryptic peptides was used as the target database for 
peptide identification using the MS-GF+ search engine56 and customized 
parameters. The instrument type was set to a high-resolution LTQ with a precursor 
mass tolerance of 15 ppm and an isotope error range of �1 and 2. The minimum 
and the maximum precursor charges were set to 1 and 7, respectively. The false 
discovery rate (FDR) was estimated by using a target-decoy search approach, 
whereby reverse sequences of the protein entries were generated while preserving 
the carboxy-terminal residues (KR) and concatenated to the database. All 
identifications were filtered to achieve an FDR of 1%.

Identified peptides from the Graph2Pro pipeline were assigned using 
peptidematch57 against Prokka-based58 predictions from IMP for protein-coding 
sequences of the rMAGs, and prodigal-based predictions59, including fragmented 
genes (see section “Gene annotation of phage- and plasmid-derived contigs” 
below) for protein-coding sequences of the iMGEs.
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Binning, selection of representative genome bins, taxonomy and estimation of 
abundance. Co-assembled contigs from each time point were binned as previously 
described60. Binning was based on nucleotide signatures, presence of single-copy 
essential genes and MG depth of coverage. Bins from each time point with at 
least 28% completeness and contamination of less than 20% along with the 85 
isolate genomes were subjected to a dereplication process using dRep22 (v.0.5.4) to 
select rMAGs. Accordingly, the following dRep parameters were set: (1) genome 
completeness of 0.6 (based on CheckM61 (v1.0.7)); (2) strain heterogeneity of 101; 
(3) average nucleotide identity (ANI) threshold of 0.6 to form primary clusters; and 
(4) ANI threshold of 0.965 to form secondary clusters. Taxonomic classification 
was performed using a customized version62 of AMPHORA2 (ref. 63). Additionally, 
taxonomic classification was performed using sourmash64 2.0.0a1-lca-version with 
a kmer-length of 21 and a threshold of 4 using an existing database that included 
around 87,000 microbial genomes (downloaded on 09 November 2017 from 
https://osf.io/s3jx8/download).

AMPHORA2-based predictions for individual marker genes were combined 
via the summation of the associated assignment probabilities. If the summed 
probability scores for the highest-scoring taxonomic level constituted less 
than one-third of the total probability scores, the assignment was discarded 
as a ‘low confidence assignment’. Taxonomic assignments of AMPHORA2 
and sourmash-lca were combined and then filtered to select a final taxonomic 
assignment for the rMAGs, giving priority to predictions from sourmash-lca due to 
higher expected specificity and an updated database. We then selected rMAGs with 
a ‘completeness � contamination’ value of �50% for further downstream analyses.

To represent population-level abundance and transcription levels, the 
preprocessed MG and MT paired- and single-end reads from all the time-series 
samples were mapped onto the collection of rMAGs using bwa mem65, and 
contig-level average depth-of-coverage values were extracted for the MG and MT 
data. Gene-level MT read counts for all the predicted genes present within each 
rMAG were normalized using R statistical software to obtain the corresponding 
gene expression values.

Identification of CRISPR elements. CRISPR information (that is, spacers, 
repeats and flanking sequences) were predicted using CRASS66 (v.0.3.8) based on 
the IMP-based preprocessed MG and MT paired- and single-end reads as input. 
MetaCRT67 was used to predict spacers and repeats from IMP-based MT and 
co-assembled contigs. A custom script was used to extract flanking regions from 
the metaCRT results.

The redundancy of spacers, repeats and flanking sequences was reduced by 
clustering the sequences with CD-HIT-EST68 (v.4.6.7). Spacers were clustered using 
90% sequence identity69,70, covering the entire length of the compared sequences69. 
CRISPR-flanking regions were clustered using 99% sequence identity, with at least 
97.5% coverage of both the compared sequences. Conversely, the CD-HIT-EST 
clustering parameters for repeats were manually determined by clustering the 
known repeats belonging to a single CRISPR locus of ‘Candidatus M. parvicella 
Bio17-1’37. Specifically, the sequence identity parameter was first set to 99% and the 
sequence coverage was set to 100%. These parameters were reduced by 5% in the 
subsequent iterations until all repeats were regrouped into a single cluster. Next, 
all the known repeats of M. parvicella were clustered at 80% sequence identity, 
covering the length of at least 75% of the shorter sequence. These parameters were 
used for the clustering of all repeats. FASTA headers of all the sequences were 
left unchanged (that is, -d parameter in CD-HIT-EST) because they contained 
information required for downstream analyses (for example, sample name, contig 
name and CRASS-computed coverage). The clustering procedure for the different 
CRISPR elements yielded non-redundant sequences of repeats, spacers and 
flanking regions.

Spacer abundance values were estimated by extracting their coverage values 
from CRASS. Equivalent information was obtained from metaCRT by using 
bwa-mem to map MG and MT reads from each of the time-resolved samples to the 
entire set of contigs predicted by metaCRT (that is, contigs containing at least one 
CRISPR locus). The depth-of-coverage information was derived using bedtools71. 
Based on this, abundance values were extracted for each of the predicted spacers 
per time point. The depth-of-coverage information of the metaCRT contigs was 
then consolidated using CRASS coverage results by referring to the non-redundant 
spacer clusters (derived from CD-HIT-EST). The consolidated results are hereafter 
referred as ‘spacer abundance values’. Specifically, the spacer abundance values 
from the specific time points were assigned to the non-redundant spacers, thereby 
allowing a temporal representation of spacer abundance values. Subsequently, the 
spacer abundance values were transformed to counts per million (c.p.m.)72,73 per 
sample, and non-redundant spacers that had at least one read count in at least one 
sample were selected and the c.p.m. values were calculated. Finally, to determine 
the presence/absence of a given spacer, a minimum cut-off value of c.p.m. = 1 was 
applied. Applying standard cut-offs (that is, above 3–5) caused loss of information 
from the short spacer sequences within the repetitive CRISPR regions, which 
usually do not recruit many reads during the mapping process.

Linking rMAGs to CRISPR elements. The non-redundant flanking regions  
and repeats were used to associate MAGs with specific CRISPR loci using 
BLASTN74. Non-redundant CRISPR-flanking sequences and CRISPR repeats  

were searched against the contigs of the MAGs. Flanking sequences and MAG 
contig(s) exhibiting similarities of at least 95% identity and coverage of either  
(1) 80% for flanking sequences >100 bp or (2) 95% for flanking sequences <100 bp 
were retained for the downstream filtering steps. Next, the aforementioned 
flanking sequences for which the associated repeats had at least 75% identity and 
80% coverage against the MAG contig(s) were further retained for downstream 
processing. After defining the selected flanking repeat sequences linked to a MAG, 
spacers linked to the repeat flanking sequences were then associated to the MAG. 
In this way, the composition of spacers per MAG was determined. Finally, all the 
CRISPR information belonging to a MAG was linked to its rMAG to preserve the 
maximum amount of CRISPR information.

CRISPR types and subtypes and cas genes were predicted from all the 
assembled contigs using CRISPRone23. The cas genes and CRISPR types were then 
assigned to their respective MAGs.

We then selected rMAGs predicted as M. parvicella (see the section 
“Binning, selection of representative genome bins, taxonomy and estimation of 
abundance”) to inspect the cas genes and CRISPR-type predictions. Next, we used 
CRISPRCasFinder75 to further confirm the selected cas genes and CRISPR-type 
predictions of M. parvicella. We performed manual curation on all the rMAGs 
predicted as M. parvicella. We identified a contig (D47_L1.43.1_contig_476300) of 
10,224 bp that encoded a complete CRISPR operon that was highly similar to the 
CRISPR operon of the isolate genome of ‘Candidatus M. parvicella Bio17-1’. This 
contig was incorporated with rMAG-165.

Identification of protospacers and protospacer-containing contigs. A 
BLASTN74 search was performed using all non-redundant spacers as queries 
against the contigs from all time points using the parameters defined in 
CRISPRtarget76. Spacer matches with at least 95% coverage and 95% identity 
were selected for further analysis32. Any IMP-based MT results or co-assembled 
contigs containing repeat sequences and/or identified by metaCRT to encode 
CRISPR sequences were excluded from downstream analyses. Accordingly, the 
remaining spacer matches (or complements) were defined as protospacers, and 
the respective contigs that contained at least one protospacer were defined as 
PSCCs and were retained as iMGEs.

Classification of iMGEs. Bacteriophage sequences were predicted by analysing all 
co-assembled contigs using VirSorter77 (v.1.0.3) and VirFinder78 (v.1.0.0). Similarly, 
plasmid sequences were predicted using cBar79 (v.1.2) and PlasFlow80 (v.1.0.7). 
The predictions were consolidated by annotating candidate iMGE sequences 
as follows: ‘plasmid’ if the sequences were positively predicted by cBar and/or 
PlasFlow; ‘phage’ if the sequences were positively predicted by VirSorter and/
or VirFinder; ‘ambiguous’ if the sequences were predicted as both plasmid and 
phage by any combination of the aforementioned tools; and, finally, ‘unclassified’ 
if they contained at least one protospacer and were not annotated as phage or 
as plasmid. Following this step, all iMGEs (that is, phages, plasmids, ambiguous 
and unclassified) were clustered using CD-HIT-EST with clustering parameters 
of 80% identity and at least 50% coverage, generating the non-redundant set of 
iMGEs. The classification/annotation of representative clusters was retained for the 
downstream analyses. Finally, BLASTN74 was performed on the clustered contigs 
against NCBI plasmid and virus databases to retrieve their taxonomy.

Genomic and transcriptomic abundances of the iMGEs were obtained by 
mapping the IMP-preprocessed MG and MT paired- and single-end reads from all 
time points to the iMGE representative contigs using bwa-mem65. The contig-level 
average depth of coverage derived from the MG and MT data represented the 
iMGE abundance and iMGE gene expression, respectively.

Gene annotation of phage- and plasmid-derived contigs. Open reading  
frames within iMGEs were predicted using Prodigal59 (v.2.6) with the “meta”  
and “incomplete gene” settings. Predicted genes were annotated using  
hmmsearch81 against an in-house licensed version of the KEGG database82.  
KEGG function identifiers were then converted to the higher-level COG  
functional categories83. Finally, ARGs were annotated using hmmsearch  
against ResFam’s full HMM database84.

Linear model of community dynamics. Correlations of family-level groups, 
whereby plasmids and phages were assigned to bacterial families based on their 
previous contig assignments to MAGs, were calculated using the “rcorr” function 
within the Hmisc R package. Euclidean distances of the correlation vectors were 
calculated using the “dist” function (stats R package). Next, hierarchical clustering 
was applied on the calculated Euclidean distances, using the “hclust” function (stats 
R package). The tree was then cut with a height parameter of four (that is, H = 4), 
using the “cutree” function from R stats package85.

The “lm” function from the R stats package was used to generate the models. To 
avoid overfitting, we restricted the linear models to a maximum of 15 family-level 
groups. Random sampling was performed for 100,000 model realizations, and 
model quality was assessed using the adjusted R2 value. In our first approach, we 
did not restrict the model composition and allowed all combinations with the same 
probability. Then, from the random sampling data, we ranked models based on the 
adjusted R2 value and looked for enrichments in specific families in the best models 
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(N = 25, 50, 100). In the first iteration, we selected enriched families and iMGEs 
(that is, plasmids and phages) to obtain a global model, and then we selected the 
significant groups from the global model to obtain a reduced model. Once we had 
the models for the entire time series and the shorter-time intervals, we identified 
the common significant groups in all the models. Next, we removed the group 
Microthrixaceae plasmids from the reduced models for each time interval to assess 
the influence of these plasmids within the performance of the model.

Network analyses and visualization. CRISPR-based plasmid–host and phage–
host networks were defined by the co-occurrence of rMAGs, spacers and a 
targeted iMGE in at least one time point. Thus, if a given non-redundant spacer 
was assigned to a specific rMAG and this specific rMAG did not co-occur in 
at least one time point, this spacer was deemed inactive within this rMAG 
throughout the time series. Consequently, a spacer was assigned to a rMAG if, 
and only if, the spacer co-occurred with its assigned rMAG in at least one time 
point. Thus, the iMGEs targeted by the spacers assigned to rMAGs were used 
to build the CRISPR-based plasmid–host and phage–host networks. Finally, the 
time-point-specific networks were built on the basis of the presence/absence of the 
rMAGs and their linked plasmids or phages.

Network properties such node degree, betweenness and closeness were 
estimated by the function “speciesLevel” within the bipartite R package86. 
Modularity, defined by the value of Q87, and nestedness, defined as the value of the 
nestedness matrix based on overlap and decreasing fill (NODF)88, were calculated 
using the functions “computeModules” and “nested”, respectively.

Visualization and manual inspection of the networks were performed using 
Cytoscape89 (v.3.6.1). R (v.3.4.1), together within the “tidyverse” framework, was 
used for processing data tables, statistical analyses and data visualization90.

Estimation of spacer gain–loss and CRISPR locus dynamics. Based on the 
previously calculated c.p.m. per rMAG, their assigned spacers and iMGEs, the 
dates of the first and the last occurrence within the time series were defined. We 
subsequently defined events of gain and loss of spacers and possible secondary 
encounters of the iMGE with the rMAGs to resolve the variation within a given 
CRISPR array per population. These events were classified as follows: (1) gain of 
a given spacer if its first detection within the time series occurred after the first 
occurrence of its targeted iMGE; (2) probable gain of a given spacer if both the 
spacer and its targeted iMGE occurred for first time at the same time point;  
(3) probable secondary encounter if the spacer occurred for first time before its 
linked iMGE; (4) loss of a given spacer if last detection of the spacer occurred after 
the last detection of its linked iMGE; (5) probable loss of a given spacer if the  
last detection of both the spacer and the iMGE occurred at the same time point;  
(6) spacer loss before iMGE loss if the last occurrence of the spacer occurred  
before the last occurrence of the iMGE.

Workflow automation. Bioinformatics workflow automation was achieved using 
Snakemake91 (v.3.10.2 to v.5.1.4).

Computing platforms. All computing was run on the University of Luxembourg 
High-Performance Computing (ULHPC) platform92.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.

Data availability
The genomic FASTQ files, rMAGs and isolate genomes from this work are publicly 
available within NCBI BioProject PRJNA230567. Similarly, MP data from this 
work are publicly available in the PRIDE database under the accession number 
PXD013655. Additional data are available via Zenodo (https://doi.org/10.5281/
zenodo.3774024 and https://doi.org/10.5281/zenodo.3766442).
Additional publicly available projects cited by this work include NCBI BioProject 
PRJNA174686. Source data are provided with this paper.

Code availability
The code is available on three separate repositories: (1) the IMP, binning and 
population genomes can be found in https://github.com/shaman-narayanasamy/
LAO-time-series (https://doi.org/10.5281/zenodo.3988660); (2) the CRISPR and 
MGE analyses can be found in https://github.com/susmarb/LAO_multiomics_
CRISPR_iMGEs (https://doi.org/10.5281/zenodo.3988592); and (3) the isolate 
assembly analyses can be found in https://github.com/shaman-narayanasamy/
Isolate_analysis (https://doi.org/10.5281/zenodo.3988667).
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Extended Data Fig. 1 | Non-unique CRISPR elements, protospacers, and protospacer-containing contigs (PSCC) over time. Number of predicted  
a, repeats, b, spacers, c, protospacers, and d, PSCCs per time point. The labels in the x-axis indicate the exact sampling dates, and the double slashes  
(//) represent absence of samples due to absence of foaming islets.
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Extended Data Fig. 2 | Functional gene categories encoded and targeted within plasmids and phages. a, Functional categories encoded by plasmids and 
b, by phages. a, b Each bar indicates the number of genes found per functional category. The left bar plots show the number of genes of specific functional 
categories within invasive mobile genetic elements (iMGEs) with and without protospacers (that is PSCCs). For those iMGEs that are PSCCs, the right bar 
plot highlights the number of genes of specific functional categories for which protospacers occurred within the intragenic regions.
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Extended Data Fig. 3 | Community activity. Relative expression based on mapping MT data to representative metagenomic assembled genomes  
(rMAGs) over time. The labels on the x-axis indicate the sampling dates and the double slashes (//) on the time axis represent absence of samples  
in the sampled system.
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Extended Data Fig. 4 | Dynamics of clusters comprised of bacterial-, plasmid- and phage- groups. The rMAGs were grouped together at the family-level. 
Plasmids and phages were grouped based on their family-level association, that is, binned together with an rMAG of a given family. The bacterial, plasmid 
and phage groups were clustered based on the correlation of their cumulative group-level abundance dynamics. a, Dynamics of all clusters based on 
cumulative abundance of each cluster members. b, Dynamics of the cluster 2 members, including Microthrixaceae and its associated plasmids and phages 
as cluster members. c. Dynamics of the cluster 3 members, including Microthrixaceae and its associated plasmids and phages as reference (these groups 
are marked with an asterix). Relative abundance values on the y-axis were derived from MG data. The x-axis represents time, colour coded by seasons as 
labelled in panel c. Please refer to Fig. 1 for the exact sampling dates within the seasons.
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Extended Data Fig. 5 | Model fitness and family enrichment within the best models predicting Microthrixaceae family abundance. a, Distribution of the 
adjusted R2 values of 100,000 model realizations. b, Enrichment of the family-level bacterial, plasmid and phage groups in the best 25, 50 and 100 models 
of the entire time-series. c, The upset plot represents the number of family-level bacterial, plasmid and phage groups (that is features) within the best 
model of different time intervals, that is the entire time-series and three time-windows (horizontal bars). The number of intersections between features 
in the best models in different long- and short-time intervals (vertical bars). The coloured boxes represent the intersections representing short- and long- 
term time dynamics, respectively.
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Extended Data Fig. 6 | Linear models predicting Microthrixaceae family abundance within the entire time-series. Model data fitted to the raw data of 
the entire time-series (n=51 in!situ samples), specifically a, the best or global model, b, the reduced model, which lacks the non-significant families of the 
global model, and c, the reduced model without Microthrixaceae-plasmids. Gray bands represent the +/- standard error measurement of the regression 
line. Statistical tests were two-sided and adjusted for multiple comparisons.
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Extended Data Fig. 7 | Networks of phage-host interactions. a, Bipartite network representing global CRISPR-based interactions from the entire 
time-series between bacterial hosts (multicolored circular nodes) and their associated phages (purple diamond nodes). The edges represent at least one 
spacer from the host targeting the corresponding phage throughout the entire time-series. b, Number of phage-host CRISPR-based interactions. Each bar 
represents the total number of interactions in a specific timepoint (n=1), for each of the 51 timepoints in the time-series. The labels on the x-axis indicate 
the sampling dates and the double slashes (//) on the time axis represent absence of samples in the sampled system. The summary statistics within the 
panel represents the number of CRISPR-based interactions in the entire time-series (n=51 in!situ samples).
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Extended Data Fig. 8 | Spacer acquisition dynamics in Candidatus Microthrix parvicella population. Barplot representing the percentage of spacers per 
time-point reflecting a gain or loss events. Gain events are defined as: i) “Gain of the spacer, spacer integration” when the iMGE was detected before or at 
the same timepoint as its linked spacer, and ii) “Gain of the spacer, secondary contact” when the spacer was detected before the linked iMGE within the 
time-series. Loss events are defined as: i) “Loss of the spacer, spacer deletion” when both the spacer and the iMGE are not detected anymore within the 
remainder of the time-series, and ii) “Loss of the spacer” when the spacer is not detected within the time-series anymore but the iMGE is still detected 
after spacer loss. The labels on the x-axis indicate the sampling dates and the double slashes (//) on the time axis represent absence of samples from the 
sampled system.
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Extended Data Fig. 9 | Abundance of M. parvicella and selected plasmid sequences targeted by the spacers of the same species. a, Metagenomics 
(MG)-based and metatranscriptomics-based (MT) abundance of M .parvicella over time. b, Abundance of plasmid contig “D28_L2.21_contig_56858”, 
with a size of 2,503 bps which is targeted by three spacers within M. parvicella’s CRISPR locus. c, Abundance of plasmid contig “D48_E1.25_
contig_355826”, with a size of16,151 bps which is targeted by one spacer within M. parvicella’s CRISPR locus. Statistical tests were two-sided and adjusted 
for multiple comparisons.
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Extended Data Fig. 10 | See next page for caption.
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Extended Data Fig. 10 | Spacers acquisition dynamics of the rMAG-40 population classified as Leptospira biflexi. a, CRISPR-Cas operon.  
b, Metatranscriptomics-based expression levels of the cas genes. Boxplot represents expression levels aggregated from 51 timepoints based on normalized 
read counts. Data are presented as median values, Q1–1.5 x IQR and Q3 + 1.5 x IQR. c, Metaproteomic-level representation of Cas proteins. The numbers 
represent the number of time points where at least one peptide of the Cas protein was detected. d, Barplot representing the number of interactions 
between rMAG-40 and iMGEs. The purple section of the bars represent the number of interactions with phages, while in turquoise represent interactions 
with plasmids. e, Barplot representing the percentage of spacers per time-point with a gain or loss event. Gain events are defined as: i) “Gain of the spacer, 
spacer integration”, when the iMGE was detected before, or at the same timepoint, as its linked spacer, and ii) “Gain of the spacer, secondary contact”, 
when the spacer was detected before the linked iMGE, within the time-series. Loss events are defined as: i) “Loss of the spacer, spacer deletion”, when 
both the spacer and the iMGE are not detected anymore within the rest of the time-series, and ii) “Loss of the spacer”, when the spacer is not detected 
within the time-series anymore, but the iMGE is still detected after spacer loss. f, Dynamics of spacers assigned to the rMAG. The y-axis shows the IDs 
of spacers assigned to the rMAG. The labels on the x-axis indicate the sampling dates and the double slashes (//) on the time axis represent absence of 
samples in the sampled system. The labels on the x-axis indicate the sampling dates and the double slashes (//) on the time axis represent absence of 
samples in the sampled system.
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Data collection Base calling of sequenced metagenomic (MG) and metatranscriptomic (MT) was processed using commercial software bundled within 
Illumina sequencing platforms to generate raw FASTQ data. Raw metaproteomic (MP) mass spectra were acquired using commercial 
software from Thermo Fischer Scientific. 
 
This work represents part of a larger ongoing multi-annual project. Please refer previous publications for detailed information on NGS 
and mass spectrometry platforms and the associated software for those platforms: 
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Data analysis All the code related to this work is available in three separate repositories:  
i) Integrated Meta-omics Pipeline (IMP), binning and population genomes: https://git-r3lab.uni.lu/shaman.narayanasamy/LAO-time-
series,  
ii) CRISPR and mobile genetic element analyses: https://git-r3lab.uni.lu/susana.martinez/LAO_multiomics_CRISPR_iMGEs,  
iii) for the isolate assembly analyses: https://git-r3lab.uni.lu/shaman.narayanasamy/Isolate_analysis/activity.  
This information is included in the manuscript in the "Code availability" section.  
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Graph2Pro (no ver. number available) 
dRep (ver. 0.5.4) 
CheckM (ver. 1.0.7) 
R statistical package (ver. 3.4.1) 
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Cytoscape (ver 3.6.1) 
bwa (ver. 0.7.17) 
Crass (ver. 0.3.8) 
metaCRT (no ver. number available) 
CD-HIT (ver. 4.6.7) 
VirSorter (ver. 1.0.3) 
VirFinder (ver 1.0.0) 
PlasFlow (ver 1.0.7) 
cBar (1.2) 
snakemake (ver from 3.10.2 to 5.1.4) 

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers. 
We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A list of figures that have associated raw data 
- A description of any restrictions on data availability

The metagenomic and metatranscriptomics FASTQ files, rMAGs, and isolate genomes are available as NCBI BioProject PRJNA230567 (https://www.ncbi.nlm.nih.gov/
bioproject/?term=PRJNA230567). MP data has been deposited in the PRIDE database under the accession number PXD013655 (https://www.ebi.ac.uk/pride/
archive/projects/PXD013655). Supplementary Files 1 (https://doi.org/10.5281/zenodo.3774024) and 2 (https://doi.org/10.5281/zenodo.3766442) are available via 
Zenodo. 
Additional publicly available projects cited by this work include NCBI BioProject PRJNA174686 (https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA174686).
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Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences
For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description A generation-resolved, integrated meta-omic analysis of invasive mobile genetic elements and microbial host dynamics within a 
microbial community from a biological wastewater treatment plant spanning one and a half years.

Research sample Individual floating sludge islets from the surface of the anoxic tank of the Schifflange biological wastewater treatment plant were 
sampled due to their richness in lipid accumulating organisms. They were then subjected to a concomitant biomolecular extraction of 
DNA, RNA an proteins, and a high throughput measurements to obtain metagenomic, metatranscriptomic and metaproteomic 
datasets to be computationally analysed.

Sampling strategy Samples were collected from Schifflange biological wastewater treatment plant (Esch-sur-Alzette, Luxembourg; 49°30ʹ48.29ʺN; 6°1ʹ
4.53ʺE). Individual floating sludge islets were collected from the same spot of the anoxic tank, along with physico-chemical 
parameters of the water, i.e. pH, temperature, conductivity, oxygen. 
Two initial samples were collected on 2010-10-04 and 2011-01-25 in the context of previously published work (https://
doi.org/10.1038/ncomms6603 and https://doi.org/10.1038/npjbiofilms.2015.7). More frequent sampling was performed from 
2011-03-21 to 2012-05-03, of which data from three samples (2011-10-05, 2011-10-05 and 2012-01-11) have been previously 
published (https://doi.org/10.1038/ncomms6603). A total of 53 samples were collected over a period of 578 days. The mean sample 
frequency was 8 days (SD=16 days). The sampling procedure was designed to span at least one entire annual seasonal cycle (i.e. 
winter, spring, summer, autumn) while the sampling frequency corresponded to the doubling time of the dominant bacterial 
population of approximately 8 days, thus representing an approximate generational time scale.  
Sampling was performed by Laura A. Lebrun and Emilie E.L. Muller. 
This work represents part of a larger ongoing multi-annual project. Thus, all the samples  were subjected to the same experimental 
protocols. Please refer to detailed methods on sampling procedures in previous publications: 
https://doi.org/10.1038/ncomms6603 
https://doi.org/10.1038/npjbiofilms.2015.7 

Data collection Laura A. Lebrun and Emilie E.L. Muller performed the concomitant biomolecular extractions resulting in fractions of DNA, RNA, 
proteins and metabolites for each in situ sample. They also performed the bacterial strain isolation (re-plating), screening and 
genomic DNA extraction for lipid accumulating bacteria. 
Nathan D. Hicks, Cindy M. Liu, Lance B. Price, John D. Gillece, James M. Schupp and Paul S. Keim performed the DNA and RNA library 
preparation and next-generation sequencing (NGS) to obtain MG and MT data. They also performed the DNA library preparation and 
NGS of isolate genomic data. 
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Michael R. Hoopmann and Robert L. Moritz performed the mass-spectrometry measurements of the protein fractions.  
This work represents part of a larger ongoing multi-annual project. For detailed information and descriptions about data collection, 
experimental protocols, experimental kit versions, DNA and RNA library preparation, proteomic sample preparation, high-throughput 
platforms, please refer to the following articles: 
https://doi.org/10.1038/ismej.2012.72 
https://doi.org/10.1038/ncomms6603 
https://doi.org/10.1038/npjbiofilms.2015.7 
https://doi.org/10.1186/s40793-017-0274-y 

Timing and spatial scale Individual floating sludge islets within anoxic tank number one of the Schifflange BWWT plant (Esch-sur-Alzette, Luxembourg; 49°
30'48.29"N; 6°1'4.53"E) were sampled always on the same spot. Sampling was carried out from 2010-10-04 to 2012-05-03. Two 
samples were collected on 2010-10-04 and 2011-01-25, to determine the sequencing conditions and the microbial diversity and was 
published in previous work. Subsequently, samples were collected on a weekly basis  from 2011-03-21 to 2012-05-03, which 
approximately corresponds to the generational time scale of the sludge of eight days. The lack of samples in periods; from 
2011-07-08 to 2011-08-05, from 2011-10-12 to 2011-11-02, and from 2011-11-20 to 2012-12-21 are due to absence of foaming 
islets as consequence of (i) heavy or continued rain and/or (ii) natural decrease of foam during summer and autumn seasons.

Data exclusions The first two samples, collected on 2010-10-04 and 2011-01-25, were excluded from the all analyses after the "population 
abundance estimation" (in the "Binning, selection of representative genomic bins, taxonomy and estimation of abundance" section) 
because the sampling occurred before the period of weekly sample collection (i.e. 2011-03-21 to 2012-05-03) and therefore did not 
fit within the generational time-scale.

Reproducibility Experimental procedures adhered to previously published protocols. Open source software was used in all the computational 
analyses. All custom scripts and commands are available within multiple Gitlab repositories. Wherever applicable, the software 
versions are reported in "Methods and Material" within the manuscript.

Randomization Samples collected from 2011-03-21 to 2012-05-03 were randomized before biomolecular extractions. The biomolecular fractions 
were further randomized prior to the high-throughput measurements.  
The two initial samples, collected on 2010-10-04 and 2011-01-25, were not included within the aforementioned randomization 
procedure(s) as they were collected in the context of previous work (https://doi.org/10.1038/ncomms6603 and https://
doi.org/10.1038/npjbiofilms.2015.7) and were used to pilot the experimental protocols which was conducted prior to the higher 
frequency sampling (i.e. from 2011-03-21 to 2012-05-03).  

Blinding Blinding is not applicable in this study as it did not involve human subjects, but rather data from in situ samples from a naturally 
occurring environment.

Did the study involve field work? Yes No

Field work, collection and transport
Field conditions Anoxic tank of an activated sludge (biological) wastewater treatment facility under seasonal climatic conditions (i.e. spring, 

summer, autumn and winter).

Location Schifflange biological wastewater treatment plant (Esch-sur-Alzette, Luxembourg; 49°30ʹ48.29ʺN; 6°1ʹ4.53ʺE).

Access and import/export Access was granted to the research personnel based on agreement between the principal investigator, Prof. Paul Wilmes (on 
behalf of the research institution), and the wastewater treatment facility management (Mr. Bissen and Mr. Di Pentima) from the 
Syndicat Intercommunal a Vocation Ecologique (SIVEC), Schifflange, Luxembourg. All research personnel are informally 
introduced to the management and personnel of the facility prior to conducting any work. Research personnel were not 
provided with keys or electronic access cards, and thus could only enter the premises upon the permission of personnel at the 
entrance of the facility.

Disturbance Sampling had a minimum-to-no impact on the operations of the wastewater treatment facility. The work of the researchers did 
not require (complete or partial) shutdown or any operational disruption of the facility. Sampling was performed by the research 
personnel (Emilie E.L. Muller and Laura A. Lebrun) without any involvement of the staff of the facility. Research personnel either 
brought their own equipment or used equipment from the site, which was dedicated to them, thus not hindering any operations 
or personnel within facility. Researchers could access operational readings (e.g. temperature, inflow, outflow, etc.) of the facility 
directly via a dedicated web portal of the facility using login credentials provided by the facility management. Two formal 
meetings weres organized between researchers and management of the facility over the past five years.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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The development of reliable, mixed-culture biotechnological processes hinges on under-

standing how microbial ecosystems respond to disturbances. Here we reveal extensive

phenotypic plasticity and niche complementarity in oleaginous microbial populations from a

biological wastewater treatment plant. We perform meta-omics analyses (metagenomics,

metatranscriptomics, metaproteomics and metabolomics) on in situ samples over 14 months

at weekly intervals. Based on 1,364 de novo metagenome-assembled genomes, we uncover

four distinct fundamental niche types. Throughout the time-series, we observe a major,

transient shift in community structure, coinciding with substrate availability changes. Func-

tional omics data reveals extensive variation in gene expression and substrate usage amongst

community members. Ex situ bioreactor experiments con!rm that responses occur within

!ve hours of a pulse disturbance, demonstrating rapid adaptation by speci!c populations. Our

results show that community resistance and resilience are a function of phenotypic plasticity

and niche complementarity, and set the foundation for future ecological engineering efforts.
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M ixed-culture biotechnological processes are essential for
humankind to achieve its sustainable development
goals1,2. However, in order to engineer reliable pro-

cesses, fundamental insights into microbial niche ecology are
necessary. Biological wastewater treatment plants (BWWTPs)
represent a ubiquitous biotechnological application and occupy a
central position in sustainable resource management plans3,4.
Oleaginous bacterial populations are commonly found as the
main constituents of !oating sludge in BWWTPs and include
divergent taxa such as Candidatus Microthrix parvicella or Aci-
netobacter spp.5. Storage lipids, such as triacylglycerols (TAGs),
wax esters (WEs), and polyhydroxyalkanoates (PHA), derived
from the lipid-rich biomass can directly be transesteri"ed to fatty
acid alkyl esters (biodiesel)5, whereby PHA also represents a
suitable precursor for bioplastics6. In general terms, substrate
storage provides microbial populations with a competitive
advantage under rapidly !uctuating and oftentimes sparse sub-
strate conditions7,8. Even though BWWTP operation is a con-
trolled process, factors such as aeration cycles, seasonal changes
in temperature, and composition of in!ow wastewater !uctuate.
These factors have a profound impact on population dynamics9
as well as linked process ef"ciency10. For example, periods of
inef"cient operation have been linked to competition between
polyphosphate and glycogen accumulating organisms11. How-
ever, for wastewater-borne lipid-accumulating populations, which
have compelling potential to be used in circular economic
models3, community shifts have been observed12–14 with yet
unclear links to niche ecology in situ.

Integrated meta-omics approaches hold the potential to resolve
the fundamental niches and realized niches of microbial popu-
lations in situ15. The former represents the exhaustive inventory
of resource ranges and conditions sustaining viability in the
absence of environmental stress, competition, or predation, while
the latter represents the part of a fundamental niche that is
actually utilized by a population in the presence of other species
and in a particular environment. The reconstruction of the fun-
damental niches is possible by linking functional potential to
metagenome-assembled genomes (MAGs)16 obtained through
metagenomic (MG) sequencing. Functional omics data, such as
metatranscriptomics (MT) or metaproteomics (MP), allow the
resolution of realized niches16. Meta-omics approaches have
previously been used for comparative functional screening in
different environments and to characterize microbial activity, e.g.,
by using MT/MG ratios17,18. In human gut-borne microbial
communities, niche partitioning has been inferred based on
transcriptional pro"les19. Furthermore, the coupling of MT and
MP to meta-metabolomic (MM) data allows the differentiation
between niches of genetically closely related populations20.
Resolving the functions of coexisting microbial populations is of
particular interest in the context of the extensive functional
redundancy within microbial ecosystems21,22. Based on their
emergent properties23, microbial communities are characterized
by composite metabolic capabilities and increased robustness
compared to individual strains24,25. Steering these complex sys-
tems towards a desired endpoint, e.g., increased lipid accumula-
tion, requires in-depth understanding of niche space and stability.

Here, we study whether community resistance and resilience
are a function of phenotypic plasticity and niche com-
plementarity. We develop and apply a novel framework for the
in situ characterization of fundamental and realized niches of
individual populations providing an in-depth understanding of
ecological processes within a microbial community. We delineate
ecological niches by integrating longitudinal meta-omics data
(MG, MT, MP, and MM) and study complementarity of the
realized niches. The addition of functional omics data (MT, MP,
and MM) enables the resolution of metabolic plasticity and we

thereby reveal how microbial ecosystems respond to disturbance.
Using ex situ experiments to simulate pulse disturbances, we
assess the response of individual oleaginous populations to oleic
acid addition under shifting dissolved oxygen concentrations.
Our dataset and methods represent important resources for the
emerging "eld of integrating meta-omics data to study mixed
microbial communities. Our results contribute to applications
beyond wastewater treatment such as informed ecological engi-
neering or research on host-associated microbiota.

Results
A time-resolved meta-omics dataset. To characterize the niche
space of lipid-accumulating populations as well as resistance and
resilience of the microbial community, we sampled a municipal
BWWTP weekly over a 14-months period (from 2011-03-21 to
2012-05-03). Additionally, two preliminary time-points outside of
the time-series were included13,26. Samples were split into intra-
cellular and extracellular fractions, followed by concomitant
biomolecular extractions27 and high-throughput measurements
(Fig. 1). MG, MT, and MP data were obtained on the intracellular
fractions and MM data was generated on both the intracellular
and extracellular fractions.

After quality "ltering, the per-sample averages of MG and MT
reads were 5.3 ! 107 (±7.7 ! 106 s.d.) and 3.3 ! 107 reads (±1.2 !
107 s.d.), respectively (Supplementary Data 1). We performed
sample-speci"c genome assemblies (average of 4.1 ! 105 contigs
per sample) followed by binning28 yielding a total of 1364 MAGs
passing our quality "ltering criteria (see “Methods” section). To
track the abundance, gene expression, and activity of individual
microbial populations over time, we dereplicated29 the MAGs
across samples to generate 220 representative MAGs (rMAGs).
From these, we further selected those with the highest complete-
ness resulting in 78 rMAGs (76.2% mean completeness, 2.2%
mean contamination) (Supplementary Data 2). These genomes
represent the major populations across the time-series, with an
average mapping percentage of 26% ± 3% (s.d.) and 27% ± 3% (s.
d.) of total MG reads and total MT reads per time-point,
respectively, and are corroborated by a previous study based on
16S rRNA amplicon sequencing13. For the MP measurements, we
obtained a per-sample average of 1.5 ! 105 ± 8.2 ! 103 (s.d.)
MS2 spectra and a total of 7.6 ! 106 MS2 spectra. Of 7.8 ! 105
identi"ed peptides, 3.3 ! 105 (43%) could be matched to 2.1 ! 105
predicted coding sequences of the 78 rMAGS. Per time-point, on
average 1.5 ! 104 ± 4.5 ! 103 (s.d.) spectral matches, i.e., on
average 94% of all rMAG-associated matches could be assigned
to genes with predicted functions, i.e., assigned KEGG ortholog
groups (KOs). To study the community-wide resource space and
metabolite turnover, we measured metabolite levels by an
untargeted approach using gas chromatography (GC) coupled
with mass spectrometry (MS) (Supplementary Data 3). In total,
89% (58 of 65) of the identi"ed metabolites could be linked to
enzymes encoded by the rMAGs. We estimated resource uptake
by calculating intracellular vs. extracellular metabolite ratios for
42 metabolites detected in both fractions (Supplementary Data 3).
Additionally, six abiotic parameters were measured during
sampling, as well as 34 parameters recorded continuously as
part of the BWWTP online monitoring (Supplementary Data 4).

We also generated MG and MT data for the ex situ
experiments. These simulated the !uctuating conditions within
the BWWTP, namely the short-term response to pulse dis-
turbances of oleic acid in!ux under shifting dissolved oxygen
conditions. We sequenced DNA and RNA fractions obtained at 0,
5, and 8 h after addition of oleic acid, yielding on average 1.02 !
108 MG and 9.33 ! 107 MT reads per sample. The increased
sequencing depth compared to the in situ time-series was
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important to obtain a "ne-grained view on short-term responses
to oleic acid. Mapping of the sequencing reads to the selected set
of rMAGs revealed mapping percentages comparable to the
in situ time-series (mean: 21% ± s.d.: 1% for both MG reads and
MT reads).

Overall, our meta-omics dataset comprehensively describes
mixed microbial communities underlying lipid-accumulation
processes in BWWTPs, and in particular their functional
potential, composition, activity, as well as substrate availability
and assimilation.

Distinct niche types. To resolve the fundamental niches of the
pertinent bacterial populations through their functional genomic
potential, we assigned KOs to the rMAGs’ predicted coding
sequences. We hypothesized that individual populations would
form clusters based on the similarity/dissimilarity of their func-
tional potential. We found four distinct clusters of rMAGs by
projecting pairwise Jaccard distances of KO presence (Fig. 2a and
Supplementary Fig. 1). These functional clusters (FunCs) repre-
sent differences of known, overall metabolic capabilities of the
rMAGs and re!ect their fundamental niches. FunC-1 consisted of
Actinobacteria, and FunC-2 was primarily comprised of members
of the Bacteroidetes phylum, mainly of the Sphingobacteriia class
(Fig. 2a). FunC-3 contained Betaproteobacteria and Gammapro-
teobacteria whereas FunC-4 appeared more diverse, containing
Spirochaetia as a subcluster, Deltaproteobacteria, and tax-
onomically unclassi"ed rMAGs. We found mash-based genomic
distance30 to be strongly linked to FunC assignment (PRO-
CRUSTES sum of squares: 0.399, correlation 0.775, PROTEST p-
value 0.001, Supplementary Fig. 2a), highlighting that phylogeny
is a strong determinant for FunC assignment. However, some

distantly linked subgroups were de"ned by their shared func-
tional complement, i.e., assigned to a different FunC than their
neighbors in a corresponding phylogenetic tree (Supplementary
Fig. 2b). This shows that KO pro"le similarity-based analyses
provide important information in addition to phylogeny-based
approaches31.

A total of 1857 KOs was shared between all FunCs and we
found that FunCs 1, 3, and 4 contained comparable numbers of
nonredundant KOs with 4276, 4177, and 4129 KOs, respectively
(Fig. 2b). FunC-2 exhibited a reduced number of KOs (3550),
however it also represented the least taxonomically diverse FunC
as it almost exclusively consisted of Haliscomenobacter spp. and
Chitinophaga spp. (Supplementary Data 2). We tested for the
molecular functions that were signi"cantly enriched in individual
FunCs and found, among others, functions related to lipid
metabolism for FunC-1, amino sugar, and nucleotide sugar
metabolism for FunC-2, and bio"lm and secretion systems for
FunC-3 to be enriched (Fig. 2c and Supplementary Data 5; one-
sided Fisher!s exact test, adjusted p-values < 0.05).

While lipid-accumulating organisms hold great potential for
the recovery of high-value molecules5, interactions between these
organisms as well as the community at large are understudied
in situ. We found that diacylglycerol O-acyltransferase (DGAT/
WS), which is involved in lipid storage32, was encoded in 23 out
of 24 rMAGs of FunC-1, pointing to the importance of TAG
accumulation in this cluster. Most FunC-3 members also encoded
DGAT/WS (14 of 19). Moreover, PHA synthase was enriched in
this cluster (15 of 19). All rMAGs encoded lipases, functions
involved in fatty acid synthesis, or beta-oxidation. However,
several acyl-CoA and acyl-ACP dehydrogenases were over-
represented in FunC-1 and FunC-3. Additionally, acetyl-CoA
acetyltransferases involved in the degradation and biosynthesis of
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Fig. 1 Overview of the study design. Samples are derived from in situ sampling of an anoxic tank of a municipal biological wastewater treatment plant.
Metagenomic (MG), metatranscriptomic (MT), metaproteomic (MP), and meta-metabolomic (MM) data is generated. Physicochemical data is also
collected. Additionally, MG and MT data is generated for ex situ experiments using biomass from the same system and fed with oleic acid under different
oxic conditions to evaluate short-term responses to pulse disturbance. The time-series meta-omics data is integrated to de!ne metagenome-assembled
genomes (MAGs) over all time points. Representative MAGs (rMAGs) across time are selected for further analysis. The rMAGs’ functional potential is
used to infer the fundamental niches. Abundance and activity data are derived from the functional omics and substrate usage is inferred per population.
The variability of gene expression is used to assess the phenotypic plasticity of the individual populations.
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fatty acids were prevalent throughout all FunCs. The enrichment
in FunC-1 and FunC-3 for genes involved in lipid accumulation
are consistent with previous metabolic characterizations, with
FunC-1 consisting mainly of Actinobacteria for which TAG
accumulation has been described33. FunC-3 contains Betapro-
teobacteria and Gammaproteobacteria that have been

characterized as TAG, WE, and/or PHA accumulators, e.g.,
Thauera spp., Albidiferax spp., or Acinetobacter spp.33,34.
Importantly, we observed a difference between these FunCs in
the utilization of acetyl-CoA. Speci"cally, FunC-1 members
showed an enrichment in functions related to the ethylmalonyl-
CoA pathway (crotonyl-CoA reductase and enoyl ACP
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reductase), while FunC-3 members encoded key enzymes
involved in the glyoxylate cycle (malate synthase and isocitrate
lyase).

We further determined speci"c functional enrichment for the
four FunCs in relation to the breakdown of other macromolecules
(including CAZymes and proteases), nitrogen cycling, stress
response, and motility (Supplementary Data 5). The discriminat-
ing functions point towards interdependencies between the
different FunCs, e.g., in terms of denitri"cation (Fig. 2c). We
found that the separation into taxonomically consistent groups is
accompanied by speci"c conserved functions, e.g., strong
enrichment in FunC-1 for WhiB transcriptional regulators
characteristic of the Actinobacteria35. Overall, we observed a
widely distributed set of core functions in foaming sludge
microbiomes and identi"ed groups of populations characterized
by distinct functional potential in lipid metabolism, amino sugar,
and nucleotide sugar metabolism as well as bio"lm and secretion
systems.

Community dynamics and stability. To understand whether
population dynamics can be related to substrate availability and
other abiotic factors36, we used MG depth-of-coverage to infer
rMAG population abundance across the time-series. We com-
puted distances between the rMAGs’ abundance pro"les (based
on their pairwise correlations) and found that the dynamics of
rMAGs can be partially explained by the FunC assignment
(PERMANOVA R2= 0.12, Pr > F= 0.002; no signi"cant differ-
ence in dispersion; Supplementary Fig. 3), thereby linking FunC
membership to temporal abundance shifts. The most abundant
taxa (Supplementary Data 2) included Candidatus Microthrix
(26.0% relative abundance across the time-series; referred to as
Microthrix in the remaining text), Acinetobacter (8.1%), Halis-
comenobacter (8.0%), Intrasporangium (7.2%), Leptospira (6.3%),
Albidiferax (5.7%), and Dechloromonas (2.4%) (Fig. 3a). Several
of the recovered rMAGs belonged to "lamentous taxa according
to the MiDAS "eld guide database for organisms in activated
sludge37, such as the highly abundant Microthrix, and Halisco-
menobacter, as well as the less abundant Anaerolinea (1.1 %) and
Gordonia (0.2 %).

Variations during the operation of BWWTPs occur largely due
to changes in the in!uent wastewater composition and climatic
conditions38. We observed gradual changes in the community
structure with the seasons (Fig. 3a). In October 2011 (month
seven of the timeseries), the community composition began to
shift, with a markedly altered composition in late November
2011. This shift was characterized by spikes in the relative
abundance of Leptospira (peak at 2011-11-23) and Acinetobacter
(peak at 2011-11-29) (Fig. 3a), and co-occurred with a
pronounced shift in substrates (Fig. 4 and Supplementary Fig. 4).
The substrates included mainly nonpolar metabolites, including
long-chain fatty acids (LCFAs) and glycerides, as well as polar
metabolites mannose, glucose, disaccharides, ethanolamine, and
putrescine. We found that the intersample distances of MG-based
abundances could partially be explained by a subset of the abiotic

factors (Fig. 3c). Summer samples were characterized by higher
temperatures, phosphate levels and higher intracellular vs.
extracellular oleic acid ratios. Higher extracellular mannose levels
and a slight increase in conductivity marked the beginning of the
autumn shift. During November, intracellular and extracellular
levels for LCFAs increased, indicating a higher availability or
turnover of LCFAs, but not necessarily an equivalent conversion
to neutral storage lipids. In the subsequent winter time-points,
substrate levels normalized and the community transitioned back
to the predisturbance state.

The dominance of Microthrix was re-established within
approximately ten generations, given estimates for in situ growth
rates of 0.12–0.3 growth cycles per day7,8. The stability39 of the
individual rMAGs was heavily affected by the November shift
(mean population stability: 1.43 ± 0.69 s.d.), compared to the
stability when excluding the respective time-points (mean
population stability: 2.39 ± 1.28 s.d.; 2011-11-02 to 2011-11-29;
Supplementary Data 2). The observed population dynamics
indicate that the community composition is resilient, i.e., recovers
after pronounced changes in available substrates, and resistant to
small-scale environment !uctuations over time.

While MG depth was used as a proxy for population
abundance, MT depth enabled the analysis of transcriptional
activity within the community and of individual popula-
tions (Fig. 3b). The comparison of intersample distances based
on mean, relative MT depth showed similar patterns to MG-based
results (Fig. 3c), albeit with a higher degree of variability indicated
by increased inter-sample distances (Fig. 3d). A comparison of
relative MP counts showed a more even distribution between
populations with comparable overall trends (Supplementary
Fig. 5). Samples collected in April 2011 and 2012 appeared to
represent transition states between seasons. Additionally, a set of
late winter and early spring samples in 2011 and 2012 showed
higher similarities at the expression level than at the abundance
level. Interestingly, the high abundance of individual genera, such
as Microthrix or Chitinophaga was not necessarily re!ected in
their mean expression levels (Fig. 3b and Supplementary Fig. 5):
populations assigned to Leptospira, Haliscomenobacter, Anaeroli-
nea, and Acinetobacter showed higher mean expression overall.
Spikes in relative MT depth as for Acinetobacter rMAGs (Fig. 3b;
2011-04-14, 2011-05-08, and 2012-04-25) point towards increased
activity around these time-points, which however did not lead to
major shifts in community structure. Notably, higher expression
levels of Acinetobacter were succeeded by increased expression
levels of Haliscomenobacter (2011-04-14 to 2011-05-20) or
Anaerolinea (2011-05-08 to 2011-09-19). On average, MT-based
stability values were less affected by the community shift than
MG-based stability values (Supplementary Table 2). We also
observed adaptation of metabolic pathway activity to environ-
mental conditions (Fig. 5). Pentose to EMP pathway intermediates
exhibited the highest correlation between MT and MP abun-
dances, followed by Hydrogen metabolism and Fatty acid
oxidation. Several pathways exhibited a characteristic drop during
the November shift, e.g., hydrogen metabolism, hydrocarbon

Fig. 2 Fundamental niche types. a Multidimensional scaling (MDS) of Jaccard distances for the functional repertoire (presence of KEGG ortholog groups
[KOs]) for each rMAG. Ellipses containing 95% (inner) or 99% (outer) of cluster-assigned data points are shown resulting in four distinct functional
clusters (FunCs). Colors indicate the class-level taxonomy of the rMAGs. b Numbers of shared and unique KO assignments between the FunCs. Colored
bars show the total number of nonredundant KO assignments within the individual FunCs. Overlaps between different sets of FunCs and their unique KOs
are represented by the central black bars with the points below de!ning the members of the respective sets. c Presence of key functions within the four
FunCs. Bars next to metabolic conversions show the proportion of rMAGs encoding characteristic enzymes for the respective reaction or pathway adjusted
for mean rMAG completeness. Pathways ubiquitously present across rMAGs are shown in gray color. Source data are provided as a Source Data !le. red.
reductase, GLN syn. glutamine synthetase, GLU dhg. glutmatate dehydrogenase, glyox. cyc. glyoxylate cycle, ethylm.-CoA ethylmalonyl-CoA pathway,
PHA depolym. PHA depolymerase.
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degradation, and TCA cycle, while fatty acid oxidation showed a
marked peak. This highlights the transition from dominance by
generalist, lipid-accumulating populations towards a lipolytic
community.

With each of the four FunCs comprising multiple organisms
encoding similar KOs and, hence, metabolic capabilities, we

studied how individual populations adapt to their environment.
To this end, we linked changes in community structure and in the
expression levels of individual populations to the in!uence of
environmental parameters. While rMAG abundance patterns
could be linked to FunC assignment (Supplementary Fig. 3), we
could not identify an analogous categorization when correlating
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rMAG abundances to abiotic factors. Instead, correlation patterns
indicating similar preferences to environmental conditions
emerged for subgroups of rMAGs across different FunCs
(Supplementary Fig. 7). This shows that populations with a
similar fundamental niche type responded differently to the
environmental conditions pointing towards functional plasticity
and, thus, adaptations of their realized niches

Niche characteristics of in situ and ex situ time-series. While we
identi"ed four fundamental niche types, it may be assumed that
cohabiting species cannot occupy the same realized niches,
leading to realized niche segregation within and between types.
We hypothesized that different degrees of niche overlap, leading
to variable levels of competition, must exist40,41. To better

understand the complementarity of realized niches, we used the
functional omics data to study how rMAGs overlapped in relation
to their encoded genes and how rMAGs varied in their expression
pro"les. While the former represents competition between
populations with overlapping pro"les, the latter is an important
factor for the adaptability and overall survival strategy of indi-
vidual populations. We distinguished between expressed KOs and
nonexpressed KOs based on MT/MG ratios as well as MP data
and computed distances between the resulting time-point-speci"c
expression pro"les. While the separation based on the functional
potential was preserved in a clustering of expression pro"les (in
particular for FunC-2), the expression pro"les of FunCs-1,
FunCs-3, and FunCs-4 overlapped to a greater extent than those
of FunC-2 (Fig. 6a). Two Anaerolinea populations assigned to

Fig. 3 Community structure and function dynamics. a, b Relative abundance and expression levels of recovered populations represented by rMAGs over
time based on MG depth (a) and MT depth (b) of coverage, respectively, representing mapping percentages of MG [26% ± 3% (s.d.)] and MT [27% ± 3%
(s.d.)]. The relative abundance of individual rMAGs is grouped based on genus-level taxonomic assignment with rMAGs of unresolved taxonomy grouped
in “Other”. Recovered genera with mean abundance below 2% are summarized as a single group (light gray). c, d Ordination of Bray–Curtis dissimilarity of
relative abundances, MG (c) and MT (d), of individual rMAGs constrained by selected abiotic factors (metabolite levels, metabolite-ratios, and physico-
chemical parameters shown as black arrows with arrow lengths indicating environmental scores as predictors for each factor). Points are colored by month
of sampling and point-shape re"ects the year of sampling. Thin black lines connecting the points visualize the time course of sampling. Source data are
provided as a Source Data !le.
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FunC-1 appeared to express similar functions compared to the
rMAGs of FunC-3 and FunC-4 and were found in a subgroup of
rMAGs that showed a higher overall activity in terms of MT/MG
ratios also when clustering expression pro"les per time-point
(Supplementary Fig. 8). Overall, the clusters based on KO
expression status per time-point did not exhibit a separation
according to the grouping into FunCs (Supplementary Fig. 8).
This indicates a propensity of the respective rMAGs to more
frequently express shared KOs than discriminatory KOs and,
consequently, increased the competition for speci"c substrates.

To investigate the importance of individual, discriminatory
functions, we selected rMAG clusters, based on gene expression
and MP counts, to which the two most abundant rMAGs
(D51_G1.1.2, A01_O1.2.4) had been assigned. We observed that
clusters into which rMAG D51_G1.1.2 (Microthrix) was con-
sistently categorized showed expression of few KOs with the
majority being ribosomal proteins, TCA cycle-related enzymes
such as pyruvate, malate, and glyceraldehyde 3-phosphate
dehydrogenases, chaperones, and most frequently the WhiB
family transcriptional regulator (19 time-points; Supplementary
Data 6).

Clusters containing rMAG A01_O1.2.4 (Acinetobacter) fre-
quently exhibited expression of genes related to motility and
chemotaxis as well as stress response, but also functions related to
phosphate accumulation, such as K08311 and K00937 (Supple-
mentary Data 6). KOs related to lipid metabolism were also

frequently expressed in these clusters e.g. acylglycerol lipase (in 35
time-points) or diacylglycerol O-acyltransferase (25 time-points).
This indicates that high expression of key functionalities is an
integral part of the strategies of the populations within these
clusters even though they differed with respect to their encoded
functions.

We next studied how the observed distinction between
populations with high activity is linked to phenotypic plasticity.
As alternating oxygen levels in BWWTPs play an important role
in selecting for lipid accumulating populations7,42, we added oleic
acid, the preferred carbon source for Microthrix43, in lab-scale
experiments under different oxygen !uctuation conditions8 (see
“Methods” section; Fig. 1). These ex situ conditions involved
aerobic, anoxic, aerobically preconditioned biomass followed by
hourly anoxic alternations, and anoxically preconditioned
followed by hourly aerobic alternations. The MT/MG ratios for
FunC-1 and FunC-3 were higher ex situ when compared to the
in situ samples, and vice versa for FunC-2 and FunC-4 rMAGs
(Fig. 6b). Furthermore, especially for FunC-3, average MT/MG
ratios were highest in the aerobic conditions and lowest in the
anaerobic conditions. This is in line with FunC-3 being
comprised mainly of Betaproteobacteria and Gammaproteobac-
teria, which include mostly aerobic genera44. A more "ne-grained
view on differences in speci"c activity was obtained, when
grouping rMAGs based on taxonomic assignment (Fig. 6c). While
rMAGs of the classes Acidimicrobia and Actinobacteria (FunC-1)
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showed the lowest mean MT/MG ratios across the in situ
time-series (0.5), the ratio was twice as high in the ex situ
experiments across all conditions which can be attributed to the
oleic acid pulse. Betaproteobacteria (FunC-3) behaved similarly,
while Gammaproteobacteria (FunC-3) showed a tendency
towards higher activity with increased oxygen levels. We observed

high activity for rMAGs assigned to Anaerolineae and Spir-
ochaetia in the in situ time-series. Interestingly, this was not the
case for Spirochaetia in the ex situ experiments, which points
towards the necessity for additional substrates. The Anaerolineae
rMAGs, with taxonomically related species being mainly
anaerobic45, showed the lowest MT/MG ratio under the
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alternating conditions, while Deltaproteobacteria rMAGs showed
high MT/MG ratios. Overall, the differentiated responses under
alternating conditions point to distinct short-term and long-term
adaptation strategies.

To study how fast the adaptations in response to the in!ux of
oleic acid occur, we compared the baseline (0 h time-points,
before oleic acid addition) against the 5 and 8 h time-points (after
oleic acid addition). At 5 h, lipases, involved in TAG hydrolysis,
for which high expression in the in situ samples was observed,
were downregulated in the ex situ response to the addition of
oleic acid (Supplementary Fig. 9a). An increased number of genes
related to beta-oxidation were upregulated at 5 h, particularly in
rMAGs assigned to FunC-3 (Supplementary Fig. 9b). Similar
effects were observed when comparing the 0 h and 8 h time-
points (Supplementary Fig. 10a, b). This suggests that responses
in gene expression happen within the 5 h timeframe but on
distinct time scales for different populations. In-depth analyses of
the populations exhibiting the highest expression levels for TAG
lipases, DGAT/WS, and PHB synthases (Supplementary Note 1
and Supplementary Figs. 11–14) underline the previously
determined role of Microthrix as a key lipid accumulator in
BWWTPs13,46. The results also indicate that populations such as
Anaerolinea, Leptospira and Acinetobacter overlap with Micro-
thrix in terms of their capacity to assimilate LCFAs and available
neutral lipids. Niche complementarity and plasticity, i.e., over-
lapping fundamental and realized niches, as well as gene
expression variability, impart population-independent processing
of lipids in situ. From an ecosystem perspective, this community-
wide trait confers functional resistance and resilience.

Discussion
The ability to reconstruct population-level genomes and infer
their functional potential from metagenomes allows identi"cation
of the fundamental niches of distinct community members.
Unprecedented views of realized niches are achieved by tracking
functional gene expression via MT and MP analyses, as well as
actual resource usage resolved via comparative metabolomics
analyses of intracellular and extracellular metabolites. The joint
resolution of fundamental and realized niche breadths of indivi-
dual populations is key to understanding the ecological processes
within microbial communities, including, but not limited to, how
such consortia respond to disturbance.

Here, through the application of our novel framework for the
integration of multi-meta-omics datasets, we were able to track
community-wide and population-resolved traits longitudinally
in situ as well as ex situ. We found four distinct fundamental
niche types in this ecosystem. Populations assigned to a speci"c
type shared common functional repertoires and largely shared a
similar phylogenetic background, in line with previously observed
metabolic repertoires47,48. Simultaneously, some functions, e.g.,
related to lipid accumulation, were found to be enriched in
multiple niche types.

Despite our results showing a link between functional com-
plement, realized niches, and phylogeny, we also observed distinct
activities in response to the changing environmental conditions

within individual niche types, e.g., some lowly abundant popu-
lations exhibited high activity. This suggests distinct adaptation
strategies to variabilities in the resource space and is exempli"ed
by the populations in the functional cluster that includes the
dominant Microthrix population. Microthrix follows a strategy
based on phenotypic heterogeneity for rapid adaptation to the
prevailing environmental conditions13. Our ex situ validation
experiments revealed the adaptations to changes in substrate
availability and dissolved oxygen concentrations after as little as
5 h post-disturbance. This plasticity in gene expression allows the
populations to be resistant to !uctuations in environmental
conditions. Furthermore, this strategy was found to be unique to
Microthrix as evidenced from the increased transcriptional
response of other lipid-accumulating and/or lypolytic popula-
tions, e.g., Acinetobacter, Leptospira, or Anaerolinea spp., espe-
cially in the aerobic ex situ conditions.

Our work highlights the requirement to account for organism-
speci"c adaptation strategies and time-frames within mixed
communities. We observed that drastically altered community
composition and gene expression patterns followed a severe
disturbance in substrate levels within our time-series. We hypo-
thesize that this community shift was a consequence of excess
substrate availability, and it highlights a limit to the community!s
resistance. Individual populations recovered within ten sludge age
cycles post-disturbance, which indicates that the resilience of the
community is also linked to phenotypic plasticity. The overlap in
realized niches re!ects niche complementarity. This in turn is
governed by interspeci"c competition over a set of substrates,
such as oleic acid. Other independent work on the human gut
microbiome has highlighted the importance of interspeci"c
competition for the maintenance of stability under a constant
feeding regimen49. How interspeci"c competition or lack thereof
relates to resilience represents a key question for future work.

Overall, our framework demonstrates that multi-meta-omics
data allows an in-depth characterization of ecological niches over
time. Due to the observed plasticity in activity and the recovery
after a major, transient perturbation, we con"rm that the rela-
tionship between resistance and resilience is a function of "ne-
scale competition over resources in this environment. The
resulting complementarity in both the fundamental and realized
niches guarantees the provision of stable ecosystem services50
and, thus, the long-term stable operation of mixed-culture bio-
technological processes. These results are particularly relevant for
the future engineering of niches within mixed-culture bio-
technological processes3, which are key to achieve humankind’s
sustainability goals1,2. In more general terms, it will be important
to understand if phenotypic heterogeneity and niche com-
plementarity play similarly important roles in the stability of
other microbiomes.

Methods
Sampling and biomolecular extractions. Oleaginous biomass comprised of
!oating sludge islets was sampled from the surface of an anoxic tank at the
Schif!ange municipal biological wastewater treatment plant (BWWTP; Schif!ange,
Luxembourg; 49°30!48.29"N; 6°1!4.53"E)27. In situ sampling intervals of approxi-
mately one week were chosen to match the sludge age (the average time the

Fig. 6 Realized niches. a MDS of time-point speci!c expression pro!les based on MT/MG ratios or evidence at the MP level. Colors indicate FunC
assignment of the individual rMAGs. Point shape represents cluster assignment based on automated clustering of the embedded points. Ellipses containing
95% of cluster-assigned data points are shown. Points size represents the average MT/MG depth ratios of the individual rMAGs. The amounts of variance
explained by the !rst two dimensions are shown on the respective axes. b Mean MT/MG depth ratios over all time-points are shown per condition for 78
rMAGs (boxplots show: center line, median; box limits, upper and lower quartiles; whiskers, 1.5! interquartile range; Each group of boxplots corresponds to
a group of rMAGs (FunC-1 n= 24, FunC-2 n= 23, FunC-3 n= 19, FunC-4 n= 12), each boxplot represents an independent experiment.). c Mean MT/MG
depth ratios grouped according to class-level taxonomic assignment of the rMAGs with the number of rMAGs for each group are shown in the top of the
plot (n). Source data are provided as a Source Data !le.
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biomass remains in the entire system) as well as the average doubling time of the
dominant Microthrix population7,13.

Samples were collected with a levy cane, stored in 50 mL sterile Falcon tubes
and !ash-frozen on site. Biomolecules were extracted in randomized batches after
the end of the sampling period. A total of 53 samples was extracted. The set
included two preliminary samples (2010-10-04 and 2011-01-25) and 51 samples
from a higher frequency sampling phase (2011-03-21 to 2012-05-03).

Polar and nonpolar metabolites, DNA, RNA, and proteins were extracted in a
sequential co-isolation procedure13,51. Around 200 mg of frozen samples were
weighed out. Extracellular metabolites were extracted from the supernatant with
cold chloroform and methanol–water, and separated into polar and nonpolar
fractions. Intracellular metabolites were isolated in the same way after a lysis step
by cryomilling, followed by sequential spin column-based (Qiagen Allprep)
puri"cation of RNA, DNA, and proteins.

Abiotic factor measurements and data processing. At the time of sample col-
lection, the following physico-chemical parameters were measured inside the tank
with a portable "eld kit (Hach) on-site: pH, conductivity, oxygen-levels, and
temperature.

Additionally, online monitoring measurements were recorded by the BWWTP
operators including nitrate, phosphate, ammonium, dry-matter and dissolved
oxygen levels at the out!ow as well as conductivity and pH at the inlet, and pH and
temperature inside the sampled tank (referred to as operational measurements). Six
missing values in the on-site measurements for pH were imputed from the
available measurements with the R-package imputeTS using the method stine52.

Metaproteomic analyses. Protein samples were separated by 1D SDS-PAGE
(Criterion precast 1D gel, Bio-Rad), stained and cut into 2 mm bands. Peptides
were subjected to liquid chromatography (LC) after in-gel reduction, alkylation and
tryptic digestion. An Easy-nLC column (Proxeon, Thermo Fisher Scienti"c) was
used. The peptide mixture was separated with a binary solvent gradient for elution
with 0.1% formic acid in water and 0.1% formic acid in acetonitrile. Mass spec-
trometry was performed with an LTQ-Orbitrap Elite (ThermoFisher Scienti"c)
on an 11-scan cycle consisting of a single precursor scan at a mass range of
300!2000m/z followed by ten data-dependent MS/MS scan events. MS/MS scans
were carried out with an isolate width of 2m/z and a normalized collision energy of
35. Additional details of the metaproteome preparations and measurements are
described in a previous study13.

We converted raw mass spectrometry "les to MGF format using MSconvert53
using default parameters. The Graph2Pro pipeline54 was used to process the
resulting "les together with the corresponding MG and MT co-assembly graphs
from MEGAHIT55. The Graph2Pro pipeline uses FragGeneScan56 to predict
proteins from the long edges in the assembly graphs (i.e., from the contigs). In
addition, it predicts tryptic peptides that span multiple edges in the graphs. Search
databases were constructed using the putative proteins and tryptic peptides,
respectively. These were used for initial peptide identi"cation with the MS/GF+
search engine57. Identi"ed tryptic peptides were then combined and used as the
constraints for Graph2Pro to predict protein sequences from the co-assembly
graphs. The generated sample-speci"c databases produced by Graph2Pro were
used for the "nal metaproteomic searches using MS/GF+ (second search) to
produce the "nal identi"cation results. MS–GF+ was used for the "nal peptide
identi"cation with custom parameters: the instrument type was set to high-
resolution linear trap quadropole (LTQ) with a precursor mass tolerance of 15 ppm
and an isotope error range of !1 and 2 and the minimum and the maximum
precursor charges were set to 1 and 7, respectively. We estimated the false discovery
rate (FDR) with a target-decoy search approach using reverse sequences of the
protein entries while preserving the C-terminal residues (KR). An FDR threshold
of 1% was used. Identi"ed peptides from the Graph2Pro pipeline were assigned to
coding sequences (CDS) of rMAGs from prokka-based58 predictions (see below) by
using the command line interface version of peptidematch59. Spectral counts for
sample-speci"c peptide sequences were assigned to matching CDS.

Meta-metabolomic analyses. Four distinct measurements for the metabolite
extracts were performed: i) nonpolar extracellular, ii) polar extracellular, iii)
nonpolar intracellular, and iv) polar intracellular. Metabolite extracts were deri-
vatized using a multipurpose sampler (GERSTEL). Dried polar samples were dis-
solved in 15 !L pyridine, containing 20 mg/mL methoxyamine hydrochloride
(Sigma-Aldrich), and incubated under shaking for 60 min at 40 °C. After adding 15
µL of N-methyl-N-trimethylsilyl-tri!uoroacetamide (MSTFA; Macherey-Nagel),
samples were incubated for additional 30 min at 40 °C under continuous shaking.
Dried nonpolar samples were dissolved in 30 !L MSTFA and incubated under
shaking for 60 min at 40 °C. For quality control, pool samples, i.e., a combination of
all extracts of the same measurement27, were introduced in the measurement
sequence after every "fth measurement.

GC-MS analysis was performed using an Agilent 7890A GC coupled to an
Agilent 5975C inert XL Mass Selective Detector (Agilent Technologies). A sample
volume of 1 µL was injected into a split/splitless inlet, operating in splitless mode
(intracellular and extracellular polar fraction) and split mode (10:1, intracellular
non-polar fraction) at 270 °C. The gas chromatograph was equipped with a 30 m (I.

D. 250 !m, "lm 0.25 !m) DB-5MS capillary column (Agilent J & W GC Column).
Helium was used as carrier gas with a constant !ow rate of 1.2 mL/min.

The GC oven temperature was held at 80 °C for 1 min and increased to 320 °C
at 15 °C/min. Then, the temperature was held for 8 min. The total run time was 25
min. The transfer line temperature was at a constant 280 °C. The mass selective
detector (MSD) was operating under electron ionization at 70 eV. The MS source
was held at 230 °C and the quadrupole at 150 °C. Full scan mass spectra were
acquired from m/z 70 to 700.

All GC–MS chromatograms were processed using the MetaboliteDetector
software60 (v. 2.5). The software package supports automatic deconvolution of all
mass spectra. The following deconvolution settings were applied: peak threshold: 6,
minimum peak height: 6, bins per scan: 10, deconvolution width: 2 scans, no
baseline adjustment, Minimum 15 peaks per spectrum, No minimum required base
peak intensity. Compounds were automatically annotated by retention time and
mass spectrum using an in-house mass spectral library. Detected metabolite
derivatives (_xMeOX_xTMS/_xTMS) were used for further statistical data analysis.

Metabolites detected in blanks at a mean intensity level of more than 75% of the
mean level in samples were removed as contaminants. Metabolites that were not
detected in all pool samples were also removed from subsequent analysis as well as
metabolites not detected in at least 25% (90% for correlation analyses) of samples.
Metabolite intensities were normalized with respect to pool samples to account for
instrument drift as described previously51 by dividing the intensity values by the
mean of up to two preceding and subsequent pool samples according to the
measurement sequence. Metabolite derivate names of identi"ed metabolites were
manually assigned to KEGG compound identi"ers and CHEBI IDs.

Metagenomic and metatranscriptomic analyses. MG libraries were prepared as
paired-end libraries with the AMPure XP/Size Select Buffer Protocol following a
size selection step13. RNA libraries were prepared after washing stored extracts
with ethanol and depletion of rRNAs with the Ribo-Zero Meta-Bacteria rRNA
Removal Kit (Epicenter). The ScriptSeq v2 RNA-Seq Library Preparation Kit
(Epicenter) was used for cDNA library preparation. Libraries were sequenced on an
Illumina Genome Analyser (GA) IIx instrument with a read-length of 100 bps
paired-end. Downstream processing and assembly of MT and MG reads was
carried out with IMP28 version 1.3 with the following parameters: i) Illumina
Truseq2 adapters were trimmed, ii) the "ltering step for reads of human origin was
omitted, and iii) the MEGAHIT v.1.0.6 de novo assembler55 was selected for
coassembly of the MG and MT data. Co-assembled contigs from each timepoint
were binned based on nucleotide signatures, presence of single-copy essential genes
and metagenomic depth of coverage61. MAGs from each timepoint with at least
28% completeness and with a contamination of less than 20% based on essential
marker gene content62 were retained for downstream selection of representative
population-level genomes (rMAGs). To this end, MAGs were dereplicated with
dRep29 using the following parameters: i) completeness threshold of 0.6, ii) strain
heterogeneity threshold of 101, iii) primary cluster identity of 0.6, and iv) sec-
ondary cluster nucleotide identity of 0.965, and other parameters at default settings.
In a following step, a subset of rMAGs with the highest completeness rates was
selected based on CheckM63 completeness estimates, requiring at least 0.50 in the
difference of completeness and contamination estimates. Furthermore, rMAGs
without taxonomic assignment on kingdom level were removed as they could
represent misassembled contigs, resulting in a set of 78 coherently taxonomically
annotated rMAGs that were used for the time-series analysis. For downstream
analyses, MG and MT reads from all time-points were mapped using bwa mem64

per time-point using the rMAGs as references. MG and MT depth-of-coverage per
time-point were computed on the gene and contig level by dividing the summed
depth per base by the length of the respective sequence.

Assembled contigs from IMP were annotated with Prokka v1.1158 including
prediction of full-length coding sequences (CDS) with prodigal v2.6065. Predicted
CDS were also searched with an in-house Hidden Markov Model (HMM)
database61 of KEGG ortholog groups (KO) using HMMer v.1.12b66. We inferred
compounds linked to CDS through CDS-to-reactions links from predicted enzymes
with their respective KO annotation and EC assignment. Links to FOAM ontology
categories67 were assigned to each CDS by matching KO annotations. To assign
MIMAG classi"cations68 for all MAGs, assembly statistics, e.g., N50, were
computed with the R-package seqinr v3.6-169. tRNAs were predicted with Aragorn
v1.2.3870 and MAGs were screened for rRNA genes with barrnap 0.971.

Taxonomic assignment of rMAGs was performed using AMPHORA272 in
combination with sourmash-lca v. 2.0.0a173, kmer-length:21 and threshold:4 and
an existing database including approximately 87,000 microbial genomes
(downloaded on 2017-11-09 from https://osf.io/s3jx8/download). If no taxonomic
assignment was possible by whole genome-comparison (sourmash-lca), predictions
for unassigned levels were augmented with consensus predictions using
AMPHORA2: Assignments based on individual marker genes were combined by
summation of the associated assignment probabilities. The consensus assignment
with the highest overall score was determined. If the consensus assignment scores
constituted for less than one third of the total probability scores the assignment was
discarded as “low con"dence assignment”.

Ex situ experiments. The ex situ experiments were performed in bioreactors
seeded with sludge samples and diluted 1:5 (v/v) with arti"cial wastewater with a
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"nal volume of 2 l8. The mixed sludge was split into two aliquots subjected to
aerobic or anoxic preconditioning for 2 h. For the anoxic preparations a gaseous
dioxygen-free environment (<1000 ppm) was achieved and monitored within a
glove box (Jacomex, Dagneux, France). Thirty milliliters of the sludge mixtures
were transferred into 50 mL serum vials connected to a multifold valve system to
generate alternating aerobic (compressed air) or anaerobic (nitrogen gas) condi-
tions. Samples were subjected to aerobic, anoxic, or alternating conditions (in 1 h
intervals) after 2 h of preconditioning. After the preconditioning (time-point 0 h),
oleic acid was supplemented at 500 !M alongside nitrate (80 !M) and phosphate
(16 !M). Additional samples for concomitant DNA and RNA extraction and
sequencing were taken at 5 and 8 h. This resulted in 12 samples for the four
conditions tested (aerobic, anoxic, aerobically preconditioned followed by alter-
nating, and anoxically preconditioned followed by alternating).

Isolated DNA for the 12 samples was sequenced on an Illumina Hiseq 2500
with a read-length of 250 bps paired-end. Isolated RNA was reverse transcribed to
cDNA and sequenced with a read-length of 100 bp paired-end. Resulting MT and
MG reads were pre-processed with IMP28 and mapped to the rMAGs
reconstructed from the long-term time-series as described above. Raw read counts
per CDS were determined with featureCounts74 and compared with DESeq275
across all conditions.

Statistical analyses. Statistical analyses were performed using R 3.4.4 and R
3.6.176 with prevalent use of the tidyverse R-package77.

Determination of niche types. Annotated KOs for the individual rMAGs were
summarized in a binary presence/absence matrix, in which 0 s indicated absence
and 1 s indicated presence of at least one gene annotated with the respective KO.
Subsequently, pairwise binary Jaccard-distances between the rMAGs based on
these KO pro"les were calculated and projected into two-dimensional space by
multidimensional scaling (MDS). To determine the clustering of rMAGs in the
resulting embedding, the appropriate number of clusters was determined by uti-
lizing the k-means function for a range of centroids (ranging from 1 to 9 centroids)
and determining the total within-sum-of-squares error as a measure of variability
of resulting clusters. Functional clusters (FunCs) were then determined by k-means
clustering. Enrichment of individual KOs within the assigned FunCs was deter-
mined with Fisher!s exact test based on the number of rMAGs with the assigned
KO. Resulting p-values were adjusted by FDR correction (function p.adjust
method= ”fdr”) and KOs with a p-value below 0.05 were considered as enriched
within a FunC. To test the relationship of rMAGs abundance and FunC assign-
ment, pairwise Pearson correlation (cor.test in R) was computed between the
relative abundance values of the rMAGs across time. Resulting correlation coef"-
cients (!) were transformed to distances with the following formula: 1! !"1

2 .
Dispersion of these distances was assessed with the betadisper function of the vegan
package78. Association of the FunC assignment to the distances was tested using
the adonis function.

Whole genome-based pairwise distances between all rMAGs were calculated
with mash v.2.2.230 (-k 21 –s 10,000) and embedded in two dimensions using
MDS. PROCUSTES from the vegan package78 was used to map the whole genome-
based embedding onto the KO pro"le-based embedding. PROTEST from the vegan
package was used with 9999 permutations.

Linking abiotic factors to population abundances. Measurements of abiotic
factors (metabolites and physico-chemical parameters), as well as ratios of intra-
cellular and extracellular metabolite intensity ratios were transformed to z-scores.
Relative abundances of rMAGs were associated to abiotic factor levels by testing for
correlation (cor.test function, method= “spearman”). Additionally, abiotic factor
levels were placed onto a 2D ordination of MG or MT-based abundance pro"les
(Bray–Curtis dissimilarity) applying the vegan function scores.

Correlation of gene levels. To assess the expression of pathways over time, MT
depth and MP spectral counts for genes of rMAGs were summed for each L1
FOAM category67. Grouped values were divided by the total MT depth or MP
counts of all rMAGs per time-point to obtain the relative contribution of genes
assigned to a speci"c category. The relative values were scaled to values between 0
and 1. Correlations between the scaled MT and MP time-series for each functional
category were calculated with the cor function in R.

Clustering of expression pro!les. To characterize expression pro"les of the
distinct rMAGs over time, gene functions (KOs) were summarized as active or
inactive depending on MT/MG ratios or evidence at the MP level. KOs were
considered active if at least one gene with the KO matched the following criteria:
either the MT/MG depth ratio of the gene was greater than 1 or at least 2 peptide
spectral counts could be assigned to the gene. If the MG depth of a gene was below
one, the MT depth was considered instead of the MT/MG ratio to avoid in!ating
active KOs for lowly abundant populations. Binary Jaccard distances of the
resulting KO pro"les were determined for each rMAG separately for each time-
point. Clusters were determined in each of the resulting 51 ordinations with the
hdbscan function of the dbscan package with a minimum of "ve members per

cluster. The resulting clusters were used to assess which functions were expressed
over time by different subsets of rMAGs with a focus on rMAGs assigned to the
same clusters as Microthrix D51_G1.1.2 or Acinetobacter A01_O1.2.4.

Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability
Meta-omics data from "ve individual time-points has previously been published13,26,51.
The MG and MT FASTQ "les and the sample-wise MT-assembly and co-assembly
contigs are available on NCBI BioProject PRJNA230567. MP data has been deposited in
the PRIDE database under the accession number PXD013655. Raw metabolomics data is
available at MetaboLights under the accession MTBLS2021, while processed intensities
after identi"cation are provided with this manuscript (Supplementary Data 3). Similarly,
physico-chemical parameters are provided with this manuscript (Supplementary Data 4).
Processed and intermediary data "les from the combined multi-omic analyses, e.g.,
annotated and normalized MT, MG read counts, are available at Zenodo (https://doi.org/
10.5281/zenodo.3961685). External databases were used in this study: KEGG (https://
www.genome.jp/kegg/), CHEBI (https://www.ebi.ac.uk/chebi/).

Code availability
Code used for genome reconstruction and dereplication is available at the LCSB R3
GitLab (https://git-r3lab.uni.lu/shaman.narayanasamy/LAO-time-series). Code used for
the processing and analyses of the meta-omics data, as well as for additional analyses and
generation of plots for main and supplemental "gures is also available at the LCSB R3
GitLab (https://git-r3lab.uni.lu/malte.herold/laots_niche_ecology_analysis).
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Abstract
The systematic collection, integration and modelling of high-
throughput molecular data (multi-omics) allows the detailed
characterisation of microbiomes in situ. Through metabolic trait
inference, metabolic network reconstruction and modelling, we
are now able to define ecological interactions based on
metabolic exchanges, identify keystone genes, functions and
species, and resolve ecological niches of constituent microbial
populations. The resulting knowledge provides detailed infor-
mation on ecosystem functioning. However, as microbial
communities are dynamic in nature the field needs to move
towards the integration of time- and space-resolved multi-omic
data along with detailed environmental information to fully
harness the power of community- and population-level meta-
bolic network modelling. Such approaches will be fundamental
for future targeted management strategies with wide-ranging
applications in biotechnology and biomedicine.

Addresses
1 Eco-Systems Biology Group, Luxembourg Centre for Systems
Biomedicine, University of Luxembourg, Campus Belval, 7 Avenue des
Hauts-Fourneaux, Esch-sur-Alzette, L-4362, Luxembourg
2 Equipe Adaptations et Interactions Microbiennes, Université de
Strasbourg, UMR 7156 UNISTRA–CNRS Génétique Moléculaire,
Génomique, Microbiologie, Strasbourg, France
3 Department of Microbiology and Immunology, Rega Institute KU
Leuven, Leuven, Belgium
4 CeMM-Reseach Center for Molecular Medicine of the Austrian
Academy of Sciences, Lazarettgasse 14, 1090 Vienna, Austria
5 Department of Medicine 1, Research Laboratory of Infection Biology,
Medical University of Vienna, Währinger Gürtel 18-20, 1090 Vienna,
Austria
6 Konrad Lorenz Institute for Evolution and Cognition Research,
Martinstr. 12, 4300 Klosterneuburg, Austria

Corresponding author: Wilmes, Paul (paul.wilmes@uni.lu)

Current Opinion in Systems Biology 2018, 8:73–80

This review comes from a themed issue on Regulatory and metabolic
networks (2018)

Edited by Uwe Sauer and Bas Teusink

For a complete overview see the Issue and the Editorial

Available online 21 December 2017

https://doi.org/10.1016/j.coisb.2017.12.004

2452-3100/© 2017 The Authors. Published by Elsevier Ltd. This is an
open access article under the CC BY license (http://creativecommons.
org/licenses/by/4.0/).

Keywords
Ecological interactions, Keystone gene, Function and species, Meta-
bolic network and model, Microbial systems ecology, Niche breadth.

Microbial systems ecology
Microbial communities (microbiomes) are involved in all
biogeochemical cycles by contributing functions which
may be common to most ecosystems (underlined words
are defined in Box 1), e.g. nitrogen fixation, or by being
first-line to very specific ecosystem services, e.g. the
degradation of particular xenobiotics. Although the global
relevance ofmicrobial activities for ecosystem functioning
is now widely accepted, methods to study the ecology of
the tremendous richness of the microbial realm are rela-
tively recent. In order to model, predict and understand
the behaviour of microbial constituents in their native
environments, Microbial Systems Ecology heavily relies
on high-throughput, high-fidelity and high-resolution
measurements of microbial consortia (Figure 1A) as well
as the integration of the resulting data [1]. Thereby, Mi-
crobial SystemsEcology relies on specialisedwet- anddry-
lab approaches to achieve coherent assessments of mi-
crobial community structure and function in situ [1e5]. In
addition to the valuable insights on community structure
and functional potential (metagenomics), expressed
functions (metatranscriptomics and metaproteomics)
and metabolic activity (metabolomics), the integration of
the individual omic levels (Figure 1B) allows compre-
hensive resolution of the emergent properties of ecosys-
tems [1,6]. Furthermore, integrative approaches can
significantly reduce the current limitations associated
with single omics by enhancing the interpretability of data
[1], allowing for example to obtain improved genome re-
constructions fromconstituentpopulations [7] and to link
the expression of phenotype-associated microbial func-
tions to distinct taxa [8].

Natural microbial communities are comprised of con-
stituent, interacting populations. Therefore, to move
from descriptive, comparative or statistical studies to
ecological inferences [9], in Microbial Systems Ecology,
microbial communities must be seen as networks of
networks: communitymembers (populations), consisting
of collections of interwovenmolecular networks, form the
interacting units of higher-order ecological systems.
Although different types of molecular networks exist
(e.g. gene regulatory networks, co-occurrence networks,
etc.), we particularly focus our review on metabolic
network reconstruction and related modelling ap-
proaches as applied to microbial communities in view of
resolving specific properties underpinning ecosystem
functioning. We also present our opinion on how
harnessing this ecological knowledge will facilitate
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targeted manipulations of microbial communities in the
future. More specifically, space- and time-resolved inte-
grated multi-omic datasets will allow us to define and
subsequently alter the realised niches of constituent
populations for the management of communitye
conferred traits.

Using metabolic networks to obtain
meaningful ecological insights
Reconstruction, analysis and modelling of metabolic
networks
Community-level metabolic modelling approaches are
classified according to the unit being modelled (entire
community, guilds, species or strains, seeFigure 1B andC)
[10] and the level of detail. Metabolic modelling ap-
proachesmay be divided into i) stoichiometric approaches
that model the metabolism quantitatively [11], and ii)
topological (network-based) approaches, which are more
suitable for qualitative metabolic modelling [12].

In any case, a prerequisite to metabolic modelling is
metabolic network reconstruction, i.e. the assembly of a

metabolic map for the unit of interest. A number of
automatic pipelines generate metabolic reconstructions
directly from the genome [13e15] or metagenome [16],
which can subsequently serve as the starting point for
manual curation [17]. Alternatively, a selected subset of
pathways relevant in a particular environment can be
targeted for metabolic reconstruction [18]. Two major
challenges for metabolic reconstruction are i) the large
number of genes without functional annotation, which
can be partially overcome using gap filling methods [19],
and ii) the association of genes to reactions. Semi-
curated metabolic models are collected in repositories
such as AGORA [20].

Once a metabolic network reconstruction has been ob-
tained, the community’s metabolism can be analysed
qualitatively or quantitatively. For instance, a topological
analysis can serve to identify specific metabolic pathways
of interest or to extract the active part of a community’s
metabolism from metatranscriptomic [21], meta-
proteomic or (meta-)metabolomic data (Figure 1B). A
widespread quantitative metabolic modelling approach is
flux balance analysis (FBA), which calculates the
metabolite flow through reactions such that a particular
objective function, e.g. biomass production, is maximised
[11]. While topological metabolic models can integrate
omics data via node or edge weights, stoichiometric
models can take them into account for instance by
modifying flux distributions [22]. FBA, which was origi-
nally developed for single species, was recently extended
to multiple species [23,24]. However, these approaches
only provide a static picture of the community. Dynamic
community-level metabolic modelling, which describes
the change of species abundances and metabolite con-
centrations over time, currently is an active field of
development [25,26].

In the following paragraphs, we will discuss some ap-
plications of metabolic modelling in more detail, namely
the prediction of ecological interactions, identification
of keystone species and functions as well as metabolic
niche inference.

Metabolic interactions
Metabolic models can be exploited to predict ecological
interactions between species viametabolic cross-feeding,
for instance in the case of mutualistic growth on the toxic
end-products of other species, or when two species
compete for the same nutrients (Figure 1C and D).
Importantly, the extracellular environment, which can be
characterised by metabolomics and physicochemical
measurements, needs to be taken into account when
predicting interactions, since not all potential in-
teractions will be actually realised particularly in
nutrient-rich environments [27]. A number of stoichio-
metric interaction prediction approaches compare growth
rates computed in the presence or the absence of

Box 1. Glossary

- Ecosystem: ecological self-supporting unit constituted of an
environment (the biotope) and the living organisms inhabiting it
(the biocoenosis). Despite flows of materials, organisms and
energy occurring across the boundary of individual units, the two
components of an ecosystem interact more strongly between
each other than with the neighbouring units.

- Ecosystem functioning: all activities, processes and properties
driving biogeochemical activities and leading to the relative
ecological stability of an ecosystem.

- Ecological niche (Hutchinson): the hypervolume comprised of n
dimensions representing the environmental conditions and re-
sources gradients enabling a species to persist. This definition led to
the subsequent description of the fundamental niche (the maximal
usable space) and the realised niche (the actual used space).

- Ecological interactions (or biological interactions or symbiosis):
long-term relationship between individuals of different species
including mutualism (win–win), commensalism (win–neutral),
parasitism/predation (win– lose) and amensalism (lose–neutral).
Metabolic interactions represent a subset of these relationships
when the interaction is mediated through one or multiple metab-
olite(s), as opposed to non-metabolic relationships.

- Metabolic models: in silico description of the metabolic potential of
a biological unit (e.g. community, guild, species), often repre-
sented as a bipartite directed network consisting of metabolites
and reactions/enzymes/genes [12]. While topological metabolic
models represent a qualitative view of metabolism, stoichiometric
metabolic models require the specification of each reaction’s
stoichiometry in a stoichiometric matrix, which forms the basis for
quantitative metabolic modelling.

- Microbial Systems Ecology: the holistic study of microbial com-
munities using systems biology approaches.

- Systematic measurement: “the standardised, reproducible, and
simultaneous measurement of multiple features from a single
sample. Resulting datasets are fully integrable and relate system-
wide behaviours” [1].
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an interaction partner [28e30] or under different envi-
ronmental condition [31] to determine the interaction
type. Here, COMETS [26] also takes into account the
impact of spatial structure on cross-feeding.

In contrast to analyses based on stoichiometric model-
ling, topology-based interaction prediction [32e34] first
involves the inference of seed metabolites for a given
microbial population, which include all metabolites that
cannot be produced by the network itself [35]. It then
assesses whether some of these seeds can be produced by
the metabolic network of another species, which in turn
allows quantification of the potential for commensalism
or mutualism. The metabolic interaction potential mea-
sures themaximum number of essential nutrients that an
organism can obtain by interacting with its community
[34]. Furthermore, the competitive potential between
two species can be determined by computing the overlap
between their seed metabolites [36].

An alternative topological approach finds genome seg-
ments thatmaximise the number of consecutive enzyme-
coding genes. The enzymes in turn catalyse metabolic
transformations which are complementary across species
[37]. Metabolic pathway complementarity or overlap can
also be exploited to screen metagenomic data for in-
teractions. This form of topological analysis has for
instance been applied to explore metabolic strategies in
human gut microbiota [38].

Recent work has involved the use ofmulti-omics to refine
or validate model predictions in different environmental
conditions [39e42]. Beyond interactions mediated
through exchange or competition formetabolites, trophic
interactions such as phage predation can also be inferred
using omic data (see Box 2 for an example of non-
metabolic interactions). Similarly, additional ecological
insights such as keystone roles of some species can be
inferred when metabolic networks are combined with
other layers of knowledge such as co-occurrence of genes/
transcripts/proteins/metabolites or to regression- and
rule-based network analysis [43].

Keystone functions, genes and species
Ecological keystone species are commonly understood as
species that have a pronounced impact on their envi-
ronment independent of their abundance, i.e. they have
a disproportionate deleterious effect on the community
upon their removal [44,45]. This concept reflects the
dependencies within a community governed by
interactions among its members and is clearly context-
dependent: the importance of any organism for stabilis-
ing the community is conferred by the particular group.
Thus being a keystone species is not a Boolean trait, but
it is rather a continuous property that emerges in the
context of community function and different selection
pressures. In order to predict which organism is a func-
tional keystone species, the topological properties of

networks derived from metabolic models that represent
the community-wide organisation of microbial in-
teractions may be used (Figure 1E) in synergy with co-
occurrence networks [46,47]. Measures such as degree,
clustering coefficient and closeness centrality reflect the
scale of the embeddedness of the constituting organisms
(nodes) in the microbial community ranging from direct
ecological partners to local and global neighbourhoods,
respectively [46].

Different categories of keystone species have been pro-
posed including ecosystem engineer (or modifier)
keystone species (Figure 1E), trophic (prey or predator)
keystone species or resource provider keystone species
[48]. In any case, keystone species confer keystone
functionalities to the ecosystem [49]. For example, the
degradation of dietary fibres in the human gut is the
result of a community-driven effort. However, the pivotal
step is the breakdown of the complex resistant starches
like amylopectin and amylose by primary degraders,
which release simple sugar molecules to be fermented by
the rest of themicrobial consortium.Ruminococcus bromii is
a keystone species in this context [50]. The organism
possesses a highly specific cluster of keystone genes
essential for efficient amylolysis [51].

Keystone metabolic genes are predicted to be highly
expressed despite typically low gene copy numbers
(reflecting the typical relatively low abundance of
keystone species) and to catalyse key biochemical
transformations (enzymes represent “load points” in the
community-wide metabolic networks [52]). Therefore,
a framework has been developed for the identification of
such genes in reconstructed community-wide metabolic
networks [49]. High relative gene expression (extracted
from metatranscriptomic and/or metaproteomic data
relative to gene abundance information derived from the
corresponding metagenomic data) as well as specific
network topological features (low relative degree and
high betweenness centrality) are taken into account for
the identification of such keystone genes which,
through genomic linkage to reconstructed population-
level genomes, can be linked to specific constituent
populations which represent keystone species [49].
This approach has highlighted ammonia monooxygenase
as a keystone gene in a biological wastewater treatment
plant which is contributed to the community function
by a specific keystone strain of Nitrosomonas spp [49].
Community-wide reconstructed metabolic networks are
thereby particularly informative for the identification of
keystone traits conferred by specific keystone species.

Microbial niche ecology
Even though it has been shown that clusters in a co-
occurrence network based on 16S rRNA sequencing
data reflect overlapping ecological niche preferences
and common habitats of populations [53], the inference
of niches of distinct bacterial populations in microbial
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Figure 1

Identification of keystone
species and functions

From metabolic models to ecological insights. (A) Following carefully adapted wet-lab procedures and systematic measurements of the purified bio-
molecules, (B) metabolic modelling (here resolved to the community level) by stepwise integration and modelling of the metagenomic (blue), meta-
transcriptomic (green), metaproteomic (red) and (meta-)metabolomic (pink) data, allows to detect, for example, parts of the metabolic network that are
inactive (dotted line circle) at the sample collection. (C) Metabolic modelling (here resolved to the species level), often represented as a directed network
consisting of metabolites (nodes) and reactions (edges), can be a starting point to determine (D) an ecological interaction network (nodes = species;
edges = interactions). Although some non-metabolic interactions, such as commensalism by niche engineering (e.g. the green organism is a biofilm
founder, allowing a secondary colonisation by the yellow microbe) or predation (see Box 2) cannot be predicted from inferred metabolic networks, other
complimentary analyses, such as co-occurrence networks, will allow to predict such behaviour. (E) Topological analysis of metabolic, interaction and co-
occurrence networks allow the detection of metabolic keystone species (highlighted in green; bacterial species) and trophic keystone species (highlighted
in blue; phage). (F) The use of population-resolved metagenomic data to describe the fundamental niche is extended by the use of functional omic data to
characterise the realised niche of different species. From this information, predictions can be made for example in relation to the fitness gradients of
constituent populations.
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communities remains a challenging task, due to the
inherent complexity of trophic interactions and fluctu-
ating environmental conditions. In that sense, inte-
grated multi-omic approaches have been shown to be
useful for studying microbial niche ecology. State-of-
the-art binning approaches [54], or ensemble methods
[55], allow near complete reconstruction of population-
level genomes from assembled sequencing reads. By
applying the traditional concepts of niche ecology by
Hutchinson, the genomic functional potential of a mi-
crobial population reflects its fundamental niche
[56,57]. Conversely, metatranscriptomic or meta-
proteomic data can be used to infer a population’s
realised niche at the time of sampling [57], while intra-
and extracellular metabolomic data allows inferences
regarding resource usage and the overall resource space
available, respectively [57] (Figure 1F). Previous studies
have relied on gene expression patterns to assess life-
style strategies (generalists versus specialists) and the
metabolic niche breadth of distinct populations [57,58].
Computational approaches that automatically predict
phenotypic traits of reconstructed genomes [59] are an
important resource for the in-depth characterisation of
niche occupation. In this context, metabolic models can
provide a detailed picture on growth conditions, such as
available carbon or nitrogen sources and models have
indeed been used to predict medium requirements
reflecting niche breadths [60].

Apart from resource availability and usage, niche breadth
also reflects tolerance ranges to physico-chemical vari-
ables, such as pH, temperature or dissolved oxygen,
which are generally available only for cultured isolates.
Currently, a popular approach involves the linking of
inferred organismal abundances to environmental con-
ditions, which can be challenging due to the composi-
tional nature of rRNA amplicon sequencing data.
Leveraging integrated multi-omic data and metabolic
models may in turn provide a detailed mechanistic un-
derstanding of the adaptation to environmental factors

for single organismal groups, as demonstrated for pH-
dependent metabolic adaptations of Enterococcus faecalis
[61].

Harnessing the power of data integration in
Microbial Systems Ecology
The integration, contextualisation and analysis of multi-
omic data using metabolic network approaches (in syn-
ergy with other network approaches) offer many exciting
opportunities in the context of Microbial Systems
Ecology, a few of which are highlighted above. While
such tools are commonly used in systems biology [62],
their utilisation in (microbial) ecology is still limited.

In order to move beyond associations and hypotheses
derived from integrated multi-omic data, model pre-
dictions will have to be tested using combinations of
detailed field and/or laboratory experiments [1,5,63], as
described for example in Ref. [64]. A discovery-driven
planning approach, wherein systematic measurements,
data integration, model generation, hypothesis testing
and new ecological hypotheses follow each other itera-
tively, should culminate in predictive models [1]. Thus,
system-wide data has to be collected in a manner
consistent with the subsequent integration and model-
ling to continuously improve the community models;
ultimately we aim for models which allow the systematic
and knowledge-guided control of different microbial
community functions and/or structures. In this context,
keystones functions, genes and species represent primary
targets for community management, because of their
disproportionate effect on ecosystem functioning. For
example, lipid accumulating organisms present in
wastewater treatment plants are an abundant source of
lipids which may be directly converted into biodiesel
[65], but as the community phenotype shows seasonal
fluctuations, economical interest remains limited. Bio-
stimulation of endogenous keystone specie(s) or targeted
activation of keystone gene(s) would help tune the
community towards the desired phenotype robustly
around the year [63]. Conversely, a targeted removal of
keystone functions may provoke a collapse of the com-
munity. In this context, the keystone concept was suc-
cessfully used for the prediction of drug targets that
control the pathological lung microbiome of persons with
cystic fibrosis [66].

In the future, by determining the respective ecological
niches of the constituent populations, we will be able to
move beyond ‘basic’ ecological classifications of lifestyle
strategy for microbes such as generalists and specialists
towardsmore specific classifications such as theUniversal
Adaptive Strategy Theory (UAST) describing trade-offs
between ruderal, stress tolerant and competitor behav-
iours [67]. This will further enable us to determine the
metabolic basis of colonisation/immigration, successional
stages and the community response to perturbations. In

Box 2. Causal inference of non-metabolic interactions (i.e.
phage-host interactions from metagenomic data)

Phages are the most abundant and diverse entities in any environ-
ment, greatly influencing microbial community structure and dy-
namics through affecting the prokaryotic (host) metabolism [68,69],
modulating nutrient cycles, and driving long-term host evolution [70].
The unculturability of the vast majority of host and phage strains can
be circumvented by integrating meta-omic data [71,72]. Accordingly,
computational methods have been developed to identify phages
[73,74] and predict links to their putative hosts [75].
In addition, time-resolved datasets enable the inference of phage-
host dynamics [76,77], which will result in improved knowledge
and, thereby, the formulation of potential phage treatment strategies
for biomedical and biotechnological applications [78].
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order to establish such concepts, the field needs to move
towards the integration of time- and space-resolved
multi-omic data to unravel the functional dynamics of
complex microbial communities. In our opinion, the
elucidation of networks requires such longitudinal data
and corresponding time-series analyses to model the
populations’ interplay as well as to highlight which parts
of these networks are active under specific conditions.
Hence, future augmented community-level metabolic
models need to account for trophic interactions and
changing environmental conditions, ideally by integrating
dynamic community models with genome-scale meta-
bolic models. Therefore, within the framework of Mi-
crobial Systems Ecology, we will in the future be able to
systematically define and alter the realised niches of
constituent populations in situ and manage communitye
conferred traits, leading to exciting prospects for
biotechnology and biomedicine.
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B.1 Sample-wise summary.

This table includes sampling dates, MG and MT sequencing information, large-scale
bioinformatics processing from IMP, sample assessment results from Non-pareil and num-
ber of bins. This table is publicly available as part of the publication Roles of bacterio-

phages, plasmids and CRISPR immunity in microbial community dynamics revealed

using time-series integrated meta-omics (Appendix A.2) as Supplementary table 1.

B.2 Metaproteomics summary.

Overview of the metaproteomic data per sample including the number of MS/MS spectra
measured, number of spectra assigned to a peptide, the percentage of identified spectra
and the total number of peptides. This table is publicly available as part of the publication
Roles of bacteriophages, plasmids and CRISPR immunity in microbial community

dynamics revealed using time-series integrated meta-omics (Appendix A.2) as Sup-
plementary table 2.

B.3 Taxonomy of rMAGs.

Summary of representative metagenome-assembled genomes (rMAGs), including stan-
dard assembly statistics and taxonomic predictions. This table is publicly available as part
of the publication Roles of bacteriophages, plasmids and CRISPR immunity in mi-

crobial community dynamics revealed using time-series integrated meta-omics (Ap-

pendix A.2) as Supplementary table 3.

B.4 CRISPR-Cas information of rMAGs.

Summary of CRISPR-Cas information per rMAG including number of CRISPR elements
detected, sequence of CRISPR repeats and classification of the CRISPR-Cas system. This
table is publicly available as part of the publication Roles of bacteriophages, plasmids

and CRISPR immunity in microbial community dynamics revealed using time-series

integrated meta-omics (Appendix A.2) as Supplementary table 4.

B.5 Function within iMGEs.

COG categories identified in plasmids and phages. Number of genes and number of pro-
tospacers per functional category. This table is publicly available as part of the publication
Roles of bacteriophages, plasmids and CRISPR immunity in microbial community
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dynamics revealed using time-series integrated meta-omics (Appendix A.2) as Sup-
plementary table 7.

B.6 Functions within iMGEs-PSCCs.

This information consists of a set of tables separated by COG functional categories and the
type of iMGEs, i.e. phage or plasmid, in which they are found. Each table contains pre-
dicted gene functions for each COG category and information on protospacer-containing
contigs (PSCCs) and non-PSCCs. These tables are publicly available as part of the pub-
lication Roles of bacteriophages, plasmids and CRISPR immunity in microbial com-

munity dynamics revealed using time-series integrated meta-omics (Appendix A.2)
as Additional data, and can be found in the following link https://zenodo.org/r
ecord/3774024.

B.7 Specific ARGs within the iMGEs.

List of ARGs from ResFams database found within the iMGEs. This table is publicly
available as part of the publication Roles of bacteriophages, plasmids and CRISPR

immunity in microbial community dynamics revealed using time-series integrated

meta-omics (Appendix A.2) as Supplementary table 9.

B.8 CRISPR-Cas information of rMAGs.

Pearson correlations between MG-derived relative abundances of family-level bacterial,
plasmid and phage groups, filtered by p-value Æ 0.001. Columns correspond to the anal-
ysed time intervals, i.e. entire time-series, before, during, and after the community shift.
The table shows correlations only if they are significant in selected time intervals, i) all
the analyzed time intervals, ii) before, during and after the community shift, and not in
the entire time-series, iii) before and during the community shift, and not in the other time
intervals, iv) during and after the community shift, and not in the other time intervals,
and v) before and after the community shift, and not in the other time intervals. This
table is publicly available as part of the publication Roles of bacteriophages, plasmids

and CRISPR immunity in microbial community dynamics revealed using time-series

integrated meta-omics (Appendix A.2) as Supplementary table 10.
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B.9 Summary of the linear models predicting Microthrix-
aceae bacterial abundance over time.

This table contains the analyzed time intervals, i.e. longer-term (entire time-series) as well
as shorter-term intervals corresponding to before, during, and after the community shift.
Statistical tests were two-sided. This table is publicly available as part of the publication
Roles of bacteriophages, plasmids and CRISPR immunity in microbial community

dynamics revealed using time-series integrated meta-omics (Appendix A.2) as Sup-
plementary table 11.

B.10 List of family-level bacteria, plasmid and phage groups

within the optimal linear models.

The table contains the family-level groups that were significant within the linear models
of Microthrixaceae bacterial family as response variable performed on the different time
intervals, i.e. entire time-series as well as before, during, and after the community shift.
Columns represent presence (1) or absence (0) per time interval, and the intersection of
specific time intervals. This table is publicly available as part of the publication Roles of

bacteriophages, plasmids and CRISPR immunity in microbial community dynamics

revealed using time-series integrated meta-omics (Appendix A.2) as Supplementary
table 12.

B.11 Summary of spacers activity.

CRISPR spacer gain and loss events, summarized by type of targeted iMGE, i.e. plasmid
or phage, and per microbial population. This table is publicly available as part of the pub-
lication Roles of bacteriophages, plasmids and CRISPR immunity in microbial com-

munity dynamics revealed using time-series integrated meta-omics (Appendix A.2)
as Supplementary table 13.

B.12 iMGE-host CRISPR based networks attributes.

This table contains the network properties of the plasmid-host and the phage-host CRISPR
networks over time, i.e. network properties as number of nodes, number of interactions,
modularity and nestedness over time, and node properties as betweenness, closeness and
degree. This table is publicly available as part of the publication Roles of bacteriophages,
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plasmids and CRISPR immunity in microbial community dynamics revealed using

time-series integrated meta-omics (Appendix A.2) as Supplementary table 14.

B.13 One mode projection network from iMGE-CRISPR

host networks.
The� one-mode� network� represents� the� rMAGs,� obtained� from� the� plasmid-� and� phage-
CRISPR�host�networks.� The� information�within� this� table�contains� the�number�of�com-
mon�iMGEs�between�rMAGs�and�the�network�and�node�attributes.� This�table�is�publicly
available� as� part� of� the� publication�Roles� of� bacteriophages,� plasmids� and�CRISPR

immunity� in�microbial� community� dynamics� revealed� using� time-series� integrated

meta-omics�(Appendix�A.2)�as�Supplementary�table�15.

B.14� CRISPR�locus�information�of�$B.�.��QBSWJDFMMB�
Comparative�CRISPR�locus�analyses�of�Candidatus�Microthrix�parvicella�Bio17-1�isolate
genome� and� the� contig� containing� Ca.� M.� parvicella� -like� CRISPR� locus�
(D47_L1.43.1_contig_476300).� This� information� is� publicly� available� as� part� of� the�
publication�Roles�of�bacteriophages,�plasmids� and� CRISPR� immunity� in� microbial�
community� dynamics� revealed� using� time-series� integrated�meta-omics� (Appendix�
A.2)� as� Additional� data,� and� can� be� found� in� the� following� link� https://
zenodo.org/record/3766442.

B.15� Summary�information�of�spacers�within�rMAGs.

This table contains a summary of the final number of spacers within each rMAG contain-
ing CRISPRs, including spacers activity as gain and loss events. This table is publicly
available as part of the publication Roles of bacteriophages, plasmids and CRISPR

immunity in microbial community dynamics revealed using time-series integrated

meta-omics (Appendix A.2) as Supplementary table 16.

B.16 Top 20 nodes of the ecological networks.

This table contains the top 20 nodes of each ecological networks based on the node
strength. The first column indicates the ID of the node, second, third, fourth and fifth
columns indicate the timeframe of the network, and its values, 1 or NA, indicate presence
or absence, respectively, of such node as one of the top 20 of each given network. This
table is available in https://doi.org/10.5281/zenodo.5113563.
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B.17 Taxonomic family of top 20 nodes of the ecological

networks.

This table contains the taxonomic families assigned to the selected top 20 nodes of each
ecological network. This table is available in https://doi.org/10.5281/zeno

do.5113563.

B.18 Ecological interactions strength.

This table contains the results of the Wilcoxon test applied to define what type of ecolog-
ical interactions were stronger within the ecological networks. This table is available in
https://doi.org/10.5281/zenodo.5113563.

B.19 Ecological interactions per taxonomic family.

This table contains a summary of the amount of ecological interactions (percentage) in
which taxonomic family is involved in all the ecological networks. This table is available
in https://doi.org/10.5281/zenodo.5113563.

B.20 Taxonomic family interactions strength.

This table contains the results of the Wilcoxon test applied to define what type of ecologi-
cal interactions were stronger within and between taxonomic families in the ecological net-
works. This table is available in https://doi.org/10.5281/zenodo.5113563.
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Appendix C.0

Figure C.1: Mapping of the MG and MT reads against representative metagenomics assembled

genomes (rMAGs) and invasive mobile genetic elements (iMGEs). a, Boxplot representing the per-
centages of mapped and unmapped MG and MT reads within samples from the entire time-series (n=51 in
situ samples). Data are presented as median values,Q1 ≠ 1.5 ◊ IQR and Q3 + 1.5 ◊ IQR. b, Barplot
representing the percentages of mapped and unmapped MG reads per time point. c, Barplot representing the
percentages of mapped and unmapped MT reads per time point. The labels in the x-axis indicate the exact
sampling dates, and the double slashes (//) on the time axis represent absence of samples.
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Figure C.2: Dynamics of clusters comprised of bacterial-, plasmid- and phage- groups. rMAGs were
grouped at the family-level. Plasmids and phages were grouped based on their family-level association, i.e.,
binned together with an rMAG of a given family. The bacterial, plasmid and phage groups were clustered
based on the correlation of their cumulative group-level abundance dynamics. Dynamics of the groups
within a, Cluster 1, b, Cluster 4, c, Cluster 5, d, Cluster 6. Microthrixaceae family, and its associated
plasmid and phage groups are found in Cluster 2 (shown in Figure 2.7). Plots display abundance dynamics
of the Microthrixaceae family, plasmid and phage groups as proxy (i.e., not part of those clusters), being
marked with an asterix (*) within those figures. The group “Unassigned” represents rMAGs that could not
be classified on the family-level. Accordingly, the groups “Unassigned_plasmid” and “Unassigned_phage”
represent plasmids and phages that were assigned to those “Unassigned” rMAGs. Unassigned (or unbinned)
plasmids and phages were omitted from all figures. Relative abundance values on the y-axis were derived
from MG data. The x-axis represents time, colour coded by seasons as labelled in panels c and d. Please
refer to Figure 2.1 for the exact sampling dates.
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Figure C.3: Linear models predicting Microthrixaceae family abundance within the entire time-series.

Model data fitted to the raw data of the entire time-series (n=51 in situ samples), specifically a, the best or
global model, b, the reduced model, which lacks the non-significant families of the global model, and c, the
reduced model without Microthrixaceae-plasmids. Gray bands represent the +/- standard error measurement
of the regression line. Statistical tests were two-sided and adjusted for multiple comparisons.
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Figure C.4: Linear models predicting Microthrixaceae family abundance within different time inter-

vals. Overlapping shorter-term intervals model data fitted to the raw data. All intervals consist of n=20 in
situ samples, specifically a, b, c, Model data fitted to the raw data of the time interval before the commu-
nity shift, between 2011-03-21 and 2011-08-29, specifically global, reduced and reduced without plasmids
models, respectively. d, e, f, Model data fitted to the raw data of the time interval during the shift, between
2011-08-05 and 2011-01-19, specifically global, reduced and reduced without plasmids models, respectively,
g, h, i, Model data fitted to the raw data of the time interval after the community shift, between 2011-12-21
and 2012-05-03, specifically global, reduced and reduced without plasmids models, respectively. Global
linear models correspond to the optimal models in each time interval. Reduced linear models include only
the significant features from the global models. Reduced models without plasmids include features from
the reduced models but exclude plasmids of Microthrixaceae. Gray bands represent the +/- standard error
measurement of the regression line. Statistical tests were two-sided and adjusted for multiple comparisons.
Detailed results of the linear models, including model composition, residuals, and coefficients are shown in
Appendix B.9
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Figure C.5: Gain and loss of CRISPR spacers targeting iMGE. a, Barplot representing the number of
spacers per time-point reflecting a gain or loss event. b, Representation of a in percentages. Gain events are
defined as: i) “Gain of the spacer, spacer integration”, when the iMGE was detected before, or at the same
timepoint, as its linked spacer, and ii) “Gain of the spacer, secondary contact”, when the spacer was detected
before the linked iMGE within the time-series. Loss events are defined as: i) “Loss of the spacer, spacer
deletion”, when both the spacer and the iMGE are not detected anymore within the rest of the time-series,
and ii) “Loss of the spacer”, when the spacer is not detected within the time-series anymore, but the iMGE
is still detected after spacer loss. The labels on the x-axis indicate the sampling dates and the double slashes
(//) on the time axis represent absence of samples in the sampled system.
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Appendix D.2

D.1 Video plasmid-host time-lapse networks

Host nodes (circles) are coloured based on their taxonomy. Material publicly available
here as part of the publication Roles of bacteriophages, plasmids and CRISPR immu-

nity in microbial community dynamics revealed using time-series integrated meta-

omics (Appendix A.2).

D.2 Video phage-host time-lapse networks

Host nodes (circles) are coloured based on their taxonomy. Material publicly available
here as part of the publication Roles of bacteriophages, plasmids and CRISPR immu-

nity in microbial community dynamics revealed using time-series integrated meta-

omics (Appendix A.2).
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E.1 General assessment of the alignment of sequencing

data

The MG and MT data provided the foundation for all the downstream analyses. We
deemed it important to estimate the average community coverage based on the time-
resolved MG and MT sequencing data. In this case, “community coverage” specifically
refers to the estimated fraction of the genomes recovered in a given sequencing dataset,
after accounting for factors such as community i) -richness, ii) -diversity and, most im-
portantly, iii) sequencing depth [Rodriguez-R and Konstantinidis, 2014a]. The assessment
was based on the output of Nonpareil [Rodriguez-R and Konstantinidis, 2014b] which
estimates community coverage using unaligned (raw or pre-processed) sequencing reads.
Specifically, we performed the assessment on IMP-based pre-processed MG and MT reads
for each sample, rather than the raw sequencing reads, as the pre-processed reads are used
for all downstream steps, including, but not limited to assembly, read mapping/alignment
and inference of population sizes (rMAGs and iMGEs). Additionally, we performed the
same assessment on the combined MG and MT data, given that IMP generates de novo
assemblies based on these two data types. On average, the combined MG and MT se-
quencing depth achieved approximately 50% community coverage (Figure E.1 and Ap-

pendix B.1) which allowed detailed, population-level study of the prominent community
members. In general, we observed that when MG and MT reads were combined, the cov-
erage estimations typically fell somewhere in between the MG and MT coverage values.
The detailed coverage values are available in Appendix B.1.
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Figure E.1: Sequencing depth assessment of the metagenomic (MG) and metatranscriptomic (MT)

datasets. a, Summary of Nonpareil results based on IMP-based preprocessed reads within all samples in
the time series and the two initial samples (n=53 in situ samples). Data are presented as median values,
Q1 ≠ 1.5 ◊ IQR and Q3 + 1.5 ◊ IQR. Evaluation was performed for each of the following data sets:
i) MG, ii) MT, and iii) combined MG and MT (i.e. MGMT) reads. b, Each curve represents a Nonpareil
coverage model for each sample, whereby the x-axis value corresponds to the upper plateau of the curve (i.e.
dotted red lines where y-axis value 1.0) and represents the theoretical sequencing effort required to cover
all DNA and RNA elements within the community in terms of sequenced base pairs (bp). The circles on the
curves represent the actual sequencing coverage of a given sample. The colors of the curves represent the
individual samples.

E.2� Representative�metagenome�assembled�genomes�
(rMAGs)

Given the time-resolved nature of our dataset, we aimed to link MAGs (i.e. bins) from
different samples within the time-series that may be representative of the same microbial
population. This was achieved through a systematic procedure to reduce the redundancy
of the identified MAGs into representative MAGs (i.e. rMAGs), which are more suitable
for downstream time-series analysis. The timepoint-specific binning was performed us-
ing the procedure described by Heintz-Buschart et al. [2016]. Briefly, two-dimensional
penta-nucleotide-based maps for all contigs Ø 1kbp were generated using Vizbin [Laczny
et al., 2015] for assemblies of each timepoint. These maps were then clustered using the
“dbscan” function in the R package “fpc” [Hennig, 2020]. Next, the number and multi-
plicity of 101 essential genes [Dupont et al., 2012; Albertsen et al., 2013] were used to
assess the completeness and contamination of clusters generated from “dbscan”. Clusters
with multiple copies of the same essential genes were further divided by analysing the
MG coverage depth of the essential genes. The two last steps are repeated three times on
overcomplete bins [Heintz-Buschart et al., 2016]. Accordingly, the quality of bins, based
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on their essential gene content are defined as follows: “P”: more than 100/109 essential
genes, less than 115 essential genes in total (<14% duplicated genes, >92% complete),
“G”: more than 71/109 essential genes (>65% complete), less than 20% in duplicate,
“O”: more than 51/109 essential genes (>47% complete), less than 20% in duplicate, “L”:
more than 31/109 essential genes (>28% complete), less than 20% in duplicate, “C”: at
least 1/109 essential genes (Æ 1% complete), less than 20% in duplicate, “E”: no essen-
tial genes, “B”: at least 1/109 essential genes (>= 1% complete), at least 20% in dupli-
cate, “N”: noise (https://git-r3lab.uni.lu/anna.buschart/MuStMulti
omics/blob/master/autoCluster.R). The binning procedure on all the time-
point assemblies yielded a total of 26,524 bins. Based on the quality metrics established
by Heintz-Buschart et al. [2016], we selected 1,364 bins, now referred to as metagenomic
species (MAGs) with quality criteria P, G, O and L and a collection of 85 isolate genomes
for downstream dereplication [Olm et al., 2017]. The dereplication allowed us to link the
selected MAGs and isolates from different time points. The dereplication process yielded
92 high-quality representative MAGs (i.e. rMAGs) which underwent taxonomic classi-
fication (detailed information of rMAGS available in Appendix B.3). Manual curation
was carried out on rMAGs that were classified as Candidatus Microthrix parvicella. We
then linked plasmids and phages to rMAGs based on the outcome of the binning cluster
membership, i.e. if a plasmid or phage contig fell within a bin of a certain rMAG. Finally,
we scanned the genomes for CRISPR operons, i.e. CRISPR loci with CRISPR-associated
genes (cas genes) [Zhang and Ye, 2017].

E.3 Prediction of CRISPR elements

CRISPR information (i.e. repeats and spacers) were used to link host populations (i.e.
rMAGs) to iMGEs. For this, we utilized two different tools to maximize the extraction of
CRISPR information. First, CRASS [Skennerton et al., 2013] was used to extract CRISPR
information (i.e. spacers, repeats and flanking sequences) directly from the preprocessed
reads from IMP (both paired- and single- end reads). Next, we used metaCRT [Bland et al.,
2007] to extract CRISPR information (i.e. spacers and repeats) on the contig level. We also
used the contig-level information to extract flanking sequences from the metaCRT-derived
CRISPR information to have equivalent information from both CRASS and metaCRT for
further downstream processing. Overall, CRASS predicted more spacers (Figure E.2)
while metaCRT predicted more repeats. This difference is likely due to the fact that spacers
are more diverse elements, making direct extraction from sequencing reads particularly
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effective compared to extraction from the de novo assembled, consensus-based contigs.
Nevertheless, the use of both tools yielded complementary, contextual information. On
the one hand, extraction of CRISPR information from sequencing reads using CRASS
was necessary because i) de novo assemblers do not resolve repetitive regions, such as
CRISPRs effectively, and ii) such approaches allow resolution of CRISPR information
from lowly abundant and/or rare populations. On the other hand, the extraction of repeats
using metaCRT from contigs allows the resolution of the CRISPR loci and linking these
to the constituent rMAGs. Overall, the combination of these methods allowed for the
extraction of comprehensive information regarding the different CRISPR loci which, in
turn, allowed for detailed assessment of spacer complements and their linking to targeted
iMGEs. We also inspected the representation of CRISPR elements on the MG and MT
omic levels. In general, we found more repeats on the MT-level compared to the MG-
level, while spacers were more abundant at the MG-level (Figure 2.2 and Figure E.2).
This may be due to the fact that the number of spacers is larger than the number of repeats.
However, there may be different factors affecting the transcription of spacers including
differential abundance of sub-populations and/or differential expression between and/or
within CRISPR arrays. In particular, leading spacers are typically more highly transcribed
compared to their lagging counterparts. A general assessment of the CRISPR elements
highlighted that repeats had an average length of 30.9 bp (median=39 bp, SD=8.55 bp),
while the shortest and longest sequences were 20 and 77 bp in length, respectively. In
contrast, spacers had an average length of 33.22 bp (median=33, SD=6.26), whilst the
shortest and longest spacers were 11 and 119 bps, respectively. We proceeded to reduce
the redundancy of the spacers using CD-HIT-EST [Fu et al., 2012] and then BLASTN-
searched (using parameters defined by previous work [Biswas et al., 2013]) the unique
set of spacers against all IMP-based MT-assembled and co-assembled contigs. The parts
of contigs that matched to spacers were defined as protospacers, while the contigs were
defined as protospacer containing contigs (PSCCs). Despite the removal of redundancy
among the spacers and stringent criteria used within the previous BLASTN search, we
further clustered the search results by 95% identity and 95% query coverage, followed by
filtering contigs that contained repeats to ensure removal of any possible self-matches.
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Figure E.2: Prediction of CRISPR elements. a, Upset plots representing the a, repeats and b, spacers
predicted in the different omic levels and based on the different tools used. a and b, the vertical bars
represent the intersection between the aforementioned omic levels and/or tools.

E.4 Prediction of invasive mobile genetic elements (iMGEs)

We utilized an ensemble approach to predict putative iMGEs with specifically focusing
on plasmids and bacteriophages (phages). The first approach relied on the CRISPR infor-
mation in the form of spacer-protospacer complements (Appendix E.3). Additionally, we
used VirSorter [Roux et al., 2015] and VirFinder [Ren et al., 2017] to predict sequences
derived from phages. Finally, cBar [Zhou and Xu, 2010] and PlasFlow [Krawczyk et al.,
2018] were used to predict plasmid-derived contigs. We merged the results from all the
aforementioned methods by assigning annotations to the sequences. A given sequence was
annotated as a “plasmid” if it yielded a positive prediction by cBar or PlasFlow. Similarly,
a sequence was annotated as “phage” if yielded a positive prediction by either VirSorter or
VirFinder. A sequence was annotated as “ambiguous” if it was predicted as both plasmid
and phage using any combination of the four aforementioned tools. However, all the afore-
mentioned categories were not necessarily PSCCs because they had to contain at least one
protospacer. Therefore, a contig was considered “unclassified” if it was a PSCC, but was
not classified as a phage or a plasmid. Thereby, we extracted four classes of iMGEs an-
notated as either i) phage, ii) plasmid, iii) ambiguous or iv) unclassified. Figure E.3 sum-
marizes the outcome from the different methods and their classifications. Interestingly,
we found that sequences annotated as plasmids (707,093) outnumbered phages (42,039)
by around 16-fold. Additionally, 80,617 contigs were found to carry “ambiguous” pre-
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dictions. 23,697 (2.86%) of those annotated contigs (i.e. phage, plasmid, ambiguous)
contained at least one protospacer. Furthermore, a small number of contigs with proto-
spacers (6,663) were annotated as “unclassified” due to their lack of plasmid and/or phage
prediction. Overall, the total number of annotated sequences comprised 6.97% of the
IMP-based co-assembled contigs. The redundancy of the identified iMGE sequences were
reduced by clustering all the annotated sequences using CD-HIT-EST [Fu et al., 2012].
Upon clustering, the original annotations of the cluster representatives were retained. The
non-redundant set of iMGEs retained similar proportions to those in the redundant set, i.e.
approximately 17-fold more plasmids than phages. Importantly, a total of 30,360 unique
PSCCs were retained for further analysis of iMGEs and the associated host dynamics.
Table 2.2 summarizes the redundant and unique (non-redundant) set of iMGEs that were
predicted from the analyses. Finally, the absence of prophage predictions could be ex-
plained by the fact that i) VirSorter was the only tool that we applied which was capable
of predicting prophage sequences, ii) short assembly contigs, and iii) limited prophage
sequences within public databases for this specific environment.

Figure E.3: Prediction of invasive mobile genetic elements (iMGEs). Upset plot representing the predic-
tion of iMGEs using different methods (horizontal bars) and their relevant intersections (vertical bars). The
colours of the vertical bars represent the designated annotation after consolidating the prediction of all the
different tools.
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E.5 Functional analysis of PSCCs

We inspected if CRISPR systems/immunity targeted genes with specific functions [Shmakov
et al., 2017; Davison et al., 2016] within iMGEs. For this, we predicted annotated gene
functions within both non-redundant plasmids and phages based on KEGG identifiers and
linked those identifiers to the corresponding COG categories. The most frequently (top 4)
targeted functional categories within plasmids containing protospacers (plasmid-PSCCs)
were “Replication, recombination and repair”, “General function prediction only”, “Tran-
scription” and “Mobilome: prophages, transposons” (Figure 2.4). The latter highlighting
the potential limitations of phage prediction methods. However, the category of genes
most enriched in protospacers was “Nucleotide transport and metabolism”, which was not
present within the top 4 functional categories of plasmid-PSCCs (Appendix B.5). Spe-
cific gene functions within this category include “Adenosine deaminase”. The most fre-
quently targeted phages (phage-linked PSCCs) also contained the same top 4 categories
as plasmid-PSCCs, but differed in their order (Figure 2.4). Unlike plasmids-PSCCs, the
category of genes containing the highest number of protospacers was “Replication, re-
combination and repair” and “Mobilome: prophages, transposons”, which were the two
most frequently targeted categories within phage-PSCCs. Gene functions within these
categories included “DNA modification methylase” and “Phage terminase large subunit”,
respectively. Generally, protospacers were overrepresented within genes that play essential
roles in replication, retention and transmission of the corresponding iMGEs. We also in-
spected the lists for potential depletions in functional categories. In general, we observed
that the most depleted (i.e. < 1% in PSCCs compared to non-PSCCs) categories were
“RNA processing and modification”, “Extracellular structures”, “Secondary metabolites
biosynthesis, transport and catabolism” and “Antimicrobial resistance: ResFam”. Ap-

pendix B.6 contains the detailed information of the specific gene functions based on their
COG categories. Using this broader functional analysis, we did not identify categories de-
pleted specifically when comparing phages to plasmids. Overall, the proportion of targeted
genes within the PSCC of phages is higher (30%) compared to their plasmid counterparts
(25%), likely due to the lower cargo carrying capacity and dense coding regions of the
phage genomes when compared to plasmids [Leclercq et al., 2012].

E.6 Correlation analysis

In general, temporal dynamics were analyzed based on the entire time-series, i.e. 2011-
03-21 to 2012-05-03. However, we also inspected the shorter-term temporal dynamics by
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manually defining three overlapping shorter-term intervals. These intervals are based on
the shift in community structure when the abundance of Microthrixaceae family decreases
drastically, as a reference point. The intervals also overlapped to ensure that sufficient
data points were available for the downstream analyses of localised temporal dynamics.
Accordingly, the intervals were defined as: i) before shift: 2011-03-21 to 2011-08-29,
ii) during shift: 2011-08-05 to 2011-01-19, and after shift: 2011-12-21 to 2012-05-03.
MAGs, plasmids and phages were merged on the family-level (i.e. family-level groups).
Plasmids and phages that could not be assigned to any family-level group were collapsed
into their own distinct groups (i.e., “plasmid_NA” and “phage_NA”). We calculated the
Pearson correlation between the defined bacterial, plasmid and phage groups (all versus
all). Next, a hierarchical clustering on the Euclidean distances was applied. This resulted
in a total of six clusters. Based on the correlations, we first observed the cluster-level
dynamics of the entire time-series. The dominant clusters 2, 3 and 4 were markedly af-
fected by the community shift in the period between 2011-10-05 and 2012-01-11, during
which the abundance of cluster 3 increased significantly, while clusters 2 and 4 reduced
significantly, corresponding to the drastic reduction in the abundance of Microthrixaceae.
Cluster 5 exhibited a peak on 2011-08-19, followed by a gradual decrease until the afore-
mentioned community shift (i.e. drop in Microthrixaceae). Interestingly, cluster 4 peaked
on 2011-09-28, while cluster 2 peaked just prior to the community shift on 2011-10-12
(Figure 2.7 and Figure C.2).

E.7 Linear models

To further investigate the dynamics, we developed linear models based on the dominant
Microthrixaceae as the representative family (i.e., the response variable), including a ran-
dom sampling approach for linear model identification (Section 2.3.12). Linear models
were applied based on the entire time-series and the predefined shorter-term intervals. We
assessed the quality of the models with the distribution of the adjusted R2 values. We
observed a bimodal shape with a high number of optimal models and a long tail for non-
predictive models (Figure E.4). Next, we selected the models with the highest adjusted
R2 values, and inspected these for potential enrichments in specific family-level groups,
to select the best models. We observed that plasmids of Microthrixaceae were present
in 100% of the best models (Figure E.4). We subsequently analyzed a globally optimal
model with an adjusted R2 value of 0.9983. In agreement with the enrichment analysis, the
plasmids of Microthrixaceae and iMGEs assigned at family level, such as Saprospiraceae
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and Moraxellaceae, exhibited significant contributions, while Cryomorphaceae plasmids
and phages did not exhibit any significant contribution. We subsequently excluded non-
significant families from the best global model, which led to a reduced model with an
adjusted R2 value of 0.997 and, compared to the global model, did not exhibit a significant
decrease in the adjusted R2 value (Appendix B.9). Overall, the longitudinal abundance
data for Microthrixaceae exhibits good agreement in those models (Figure 2.8). To fur-
ther validate the observed patterns, we repeated the linear modelling of the shorter-term
intervals using the same procedure as for the models of the entire time-series. We ob-
tained R2 values of 1 in all the global short-term models, with no significant reductions
in the R2 values for the reduced models (Appendix B.9). We found that the plasmids of
Microthrixaceae appeared as the only common significant predictor in all the models (en-
tire time-series and short-term intervals). To further assess the relative importance of this
group as main predictor of the Microthrixaceae family abundance dynamics, we specifi-
cally investigated the dependence of the model qualities with respect to Microthrixaceae
plasmids (Appendix B.10). For this purpose, we excluded Microthrixaceae plasmids from
the respective reduced models, which led to a reduction in predictive power in all mod-
els, especially in the short-term model before (from R2 =0.99 to R2 =0.21) the community
shift. In contrast to the dynamics before and during the community shift, we found that the
shorter-term models highlighted Microthrixaceae and Moraxellaceae phages as significant
predictors after the community shift (Figure C.3) and Figure C.4. Overall, the longitudi-
nal abundance data for Microthrixaceae is in good agreement with the global and reduced
models, but less so when removing Microthrixaceae plasmids as predictors. Thereby, plas-
mids exhibited stronger effect on the prediction of Microthrixaceae abundances compared
to phages. This in turn indicates a higher relative importance for plasmids in governing
the Microthrixaceae dynamics.
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Figure E.4: Model fitness and family enrichment within the best models predicting Microthrixaceae

family abundance. a, Distribution of the adjusted R2 values of 100,000 model realizations. b, Enrichment
of the family-level bacterial, plasmid and phage groups in the best 25, 50 and 100 models of the entire time-
series. c, The upset plot represents the number of family-level bacterial, plasmid and phage groups (that
is features) within the best model of different time intervals, that is the entire time-series and three time-
windows (horizontal bars). The number of intersections between features in the best models in different
long- and short-time intervals (vertical bars). The coloured boxes represent the intersections representing
short- and long- term time dynamics, respectively.

E.8 iMGE-CRISPR-host based networks

The constructed iMGE-host networks are bipartite networks, i.e. there are two groups of
nodes (rMAGs and iMGEs), where the considered interactions occur between elements of
the different groups and not between elements of the same group (rMAG-iMGEs). Prop-
erties of bipartite networks include modularity and nestedness. Modularity (Q) relates to
the connectivity between different groups [Newman, 2006], i.e. in this study it reflects
connectivity between groups of iMGEs (phage or plasmid) and groups of hosts. On the
other hand, nestedness is given as the value of the “Nestedness matrix based on Overlap
and Decreasing Fill” (NODF) and represents the measure of structure in an ecological sys-
tem, i.e. in this study it reflects the iMGE host range specificity [Koskella and Meaden,
2013]. The global phage-host network had a modularity Q of 0.7 (out of 1) and a nest-
edness NODF of 1.0 (out of 100), with similar values observed in the timepoint-specific
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networks� (Appendix�B.12).� Similarly,� the�global�plasmid-host�network�had�a�modular-
ity�and�nestedness�of�Q=0.77�and�NODF=3.43,� respectively.� These�network�properties�
indicate�high�compartmentalization,� i.e.� specific�groups�of� iMGEs� interact�with�specific�
hosts,�and�a�restricted�host�range.�However�and�interestingly,�the�host�range�of�plasmids�is�
broader�than�for�phages�(Figure�2.10).�Finally,�it�is�important�to�note�that�these�properties�
were�exclusive�for�iMGE-host�interactions�via�CRISPR,�compared�to�networks�including�
all� interacting�MGEs,�not� limited� to� those� interacting�via�CRISPRs�but�also�using�other�
mechanisms.

E.9� The�CRISPR-Cas�genes�of�Candidatus�Microthrix�
parWJDFMMB�#JP���
A�complete�Candidatus�Microthrix�parvicella�CRISPR�operon�was�also�detected�within�a�
single� contig� of� 10,224� bp� (D47_L1.43.1_contig_476300).� Specifically,� the� CRISPR�
operon� contained� i)� CRISPR-associated� endonuclease� Cas1,� ii)� CRISPR-associated� en-
donuclease� Cas2,� iii)� CRISPR-associated� endonuclease/helicase� Cas3,� iv)� CRISPR-
associated� protein� Cas7,� v)� CRISPR-associated� proteins� Cas8,� vi)� csb2gr5� and� vii)� a�
CRISPR� locus�with�11�repeats�similar� to� those�encoded�by� the�Ca.�M.�parvicella�Bio17-1�
genome� [Muller� et� al.,� 2012].� This� combination� of� cas� genes� defined� the� CRISPR-Cas�
system� as� a� type� I� and� subtype� I-U,� whose� signature� genes� are� cas3HD� and� cas8u,�
respectively� [Makarova� and� Koonin,� 2015;� Koonin� et� al.,� 2017].� Cas1� and� Cas2� are�
universal�proteins� involved� in�CRISPR-spacer� insertion.�Furthermore,�Cas7,�Cas3HD�and�
Cas8u1� are� all� involved� in� the� interference� step� of� CRISPR-based� immunity,� while� the�
function�of�Csb2gr5�re-mains�unclear�[Makarova�and�Koonin,�2015;�Koonin�et�al.,�2017].�
To� ensure� accuracy� of� the� predicted� CRISPR� operon,� we� processed� the� genomes� of�
Candidatus�Microthrix� parvicella�Bio-17� and� the� contig� containing� the�CRISPR� operon�
with�CRISPRCasFinder�[Couvin�et�al.,�2018],�where�we�further�confirmed�a�highly�similar�
CRISPR�operon�(Ap-pendix�B.14).�The�cas�genes�were�found�to�be�expressed�at�both�the�
MT-� and�MP-levels�while�we� observed� spacer� gain� and� loss� events�within� the�CRISPR�
locus�during�the�time-series,�which�points�towards�an�active�CRISPR�system�(Figure�2.11,�
Figure� 2.12,� Fig-ure� 2.13).� Specifically,� we� detected� 31� spacer� gain� events� for� which�
iMGE�sequences�were�detected�before�their�linked�spacers,�9�spacer�gain�events�for�which�
iMGE� sequences�were� detected� at� the� same� time� as� the� spacers,� and� 5� spacer� gain�
events� for�which� the�iMGE�sequences�were�detected�after� their� linked�spacers.�
Finally,� the�average� lag� time�PG�BO�JOUFHSBUJPO�FWFOU�	J�F��UJNF�CFUXFFO�EFUFDUJPO�PG�J.(&�
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and� detection� of� spacer)�was� 6�weeks� (median=1,� SD=12)� for� spacers� targeting� plasmid�
sequences�and�4�weeks�(median=1,�SD=7)�for�spacers�targeting�phage�sequences.

E.10� Contrasting�Candidatus�Microthrix�parvicella’s�
spac-

ers and iMGEs with other populations

The Ca. M. parvicella-like rMAG-165 clearly demonstrated activity of its CRISPR sys-
tem in terms of gene and protein expression, as well as spacer gain and loss activity (Ap-

pendix E.9). However, we were unable to assess the magnitude of the CRISPR system’s
activity in terms of iMGE targeting. Therefore, we performed an additional assessment
to contrast CRISPR system activity of Ca. M. parvicella with other populations. Accord-
ingly, we sourced additional rMAGs that encoded complete CRISPR systems by fulfilling
the following criteria: i) CRISPR locus, ii) a set of cas genes, iii) CRISPR system type
prediction and iv) occurrence within a single contig. Subsequently, we found rMAG-31
and rMAG-40, classified as Intrasporangium calvum and Leptospira biflexi, respectively,
as suitable candidates for this assessment. rMAG-31 (I. calvum) encoded a type I CRISPR
operon which in turn encoded seven cas genes and one CRISPR locus encoded on a single
contig of 24,304 bp. However, the cas genes and Cas proteins were found to be lowly
expressed, relative to those of Ca. M. parvicella. Its CRISPR locus contained 129 spacers,
with only 7 spacers targeting iMGE sequences within the timeseries, exclusively plasmid
sequences. Spacer integration events were lower when compared to Ca. M. parvicella
with only one spacer gain event occurring in 18 weeks (Appendix B.11, Appendix B.15).
MAG-40 (L. biflexi) encoded a type V CRISPR operon which contained four cas genes
(Figure 2.15) and one CRISPR locus which was encoded on a single contig of 12,586 bp.
The expression of cas genes was found to be comparable to Ca. M. parvicella, but the
expression of Cas proteins was lower. Conversely, spacer integration events were signifi-
cantly more frequent compared to Ca. M. parvicella, with rMAG-40 exhibiting acquisition
of both plasmid- and phage-derived spacers alike. Plasmid-based spacer integration was
the most prevalent (Appendix B.15). The average time for the integration of spacers tar-
geting plasmids was 12 weeks (median=6, SD=15), while for spacers targeting phages was
11 weeks (median=5, SD=14) (Appendix B.11). In summary, we compared the CRISPR
system activity of Ca. M. parvicella with other rMAGs, and observed that rMAG-31 (I.
calvum) had lower activity compared Ca. M. parvicella. On the other hand, rMAG-40
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demonstrated� lower� levels�of�CRISPR� system� activity�when� compared� to�Ca.� M.�par-
vicella,� in� terms�of�gene�and�protein�expression,�despite�demonstrating�enhanced�spacer�
integration�dynamics,�both�in�terms�of�frequency�(i.e.� absolute�number)�and�breadth�(i.e.�
types�of�potential� iMGEs� targeted).� In�general,�we�show� that�different�population-level�
CRISPR-Cas�dynamics�exist�at�the�level�of�gene�and�protein�expression�as�well�as�spacer�
integration�activity.�Based�on�our�results,�Ca.�M.�parvicella�populations�do�contain�a�func-
tional�CRISPR�system,�but�uses�it�rather�sparingly�compared�to�other�population�such�as�
rMAG-40�(L.�biflexi).
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