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Abstract
Sequencing based tools have revolutionized microbiology in recent years. Highthroughput DNA sequencing have allowed high-resolution studies on microbial life in
many different environments and at unprecedented low cost. These culture-independent
methods have helped discovery of novel bacteria in both the environment and human
hosts that are not accessible through traditional means, and genome bioinformatics have
allowed interrogation of their metabolic capabilities through novel tools of reconstructing
genomes from short DNA sequencing reads. These new approaches to studying bacterial
taxonomy and function enables hypothesis generation of how variation in microbial
communities and functionality impacts interaction with their hosts and environments.
This thesis contributes new tools and improvements to existing ones to discover relevant
variation in microbiomes. Finally, it explores the integration of various molecular methods to build hypotheses about the impact of a copper contaminated soil.
The introduction is a broad introduction to the field of microbiome research with a focus
on the technologies that enable these discoveries and how some of the broader issues have
related to this thesis particularly for considerations there was no space for in the papers.
The main focus is on the bioinformatics, the processing of the data after it has been generated by the sequencing machines. However, some topics such as DNA extraction is
touched upon as it have a big impact on downstream results.
Manuscript 1 ,“Large-scale benchmarking reveals false discoveries and count transformation sensitivity in 16S rRNA gene amplicon data analysis methods used in microbiome
studies”, benchmarked the performance of a variety of popular statistical methods for
discovering differentially abundant bacteria . between two conditions. The purpose is to
assess the false discovery rate, recovery of truly differential abundant bacteria and the
impact of beta diversity exploration strategies commonly used in microbiome research.
We assess these differences by simulation and by making biological assumptions about
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the data, and conclude that researchers should be careful in their choice of methods, as it
might lead to inflated rates of both type I and type II errors.
In Manuscript 2 a new software package is described that allows the exploration of microbial functionality that is found on mobile genetic elements. This exploration is done
through annotation of metagenomic contigs and subsequent statistical discovery. Statistical validation of the approach is performed and two datasets are tested, the Hygum soil
metagenomes and a public dataset of UC patients. A number of significant candidates are
discovered and their feasibility is discussed in the context of available knowledge of the
respective microbiomes.
Manuscripts 3 and 4 detail the exploration of a heavily copper-contaminated site in Hygum, Denmark. The site has been used for impregnating wood using CuSO4, and while it
was shut down in 1924 it is still contaminated with a gradient of copper spanning 100folds. “Coping with copper: legacy effect of copper on potential activity of soil bacteria
following a century of exposure” uses RNA-based sequencing to study the active fraction
of the microbioal community. It extends on past work on the soil by enumerating only the
bacteria of the active fraction and defining functional response groups, groups that respond similarly to the copper concentrations. Manuscript 4 extends previous literature by
using metagenomics sequencing and RNA sequencing of mRNA to characterize the functionality of the microbial community. Based on an assessment of catabolic diversity and
expression of growth-related proteins we conclude that the copper contamination selects
for K-strategists, and that they are likely infected with lytic phages that prey on the community.
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Resume
Sekventerings-baserede værktøjer har revolutioneret mikrobiologi I de seneste år. Næstegenerations sekventering har givet mulighed for studier af mikrobielt liv i hidtil uset høj
opløsning og i mange forskellige miljøer. Disse metoder, som er uafhængige af dyrkning
har givet mulighed for at opdage nye bakterier i både naturen og menneskelige værter
som ikke har været tilgængelige med traditionelle værktøjer. Genom og bioinformatik
værktøjer lader forskere afklare metabolsk potentiale ved at rekonstruere fulde genomer
fra kort DNA stykker. Disse nye metoder kan bruges til at generere hypoteser om hvorledes variation i mikrobielle samfund påvirker deres miljø eller vært.
Denne afhandling bidrager med nye værktøjer og forbedringer af eksisterende der kan
bruges til at finde variation i mikrobiomer. Endeligt udforskes integration af molekylære
metoder til at lave nye hypoteser om kopper forurenings indflydelse i jord.
Introduktionen er en bred introduktion til mikrobiom forskningfeltet med fokus på den
teknologi der bruges til at lave nye opdagelser og til at uddybe overvejelser som der ikke
var plads til i artiklerne. Hovedfokus er på bioinformatik siden, behandling af data efter
det kommer ud af sekventeringsmaskinen. Dog påkalder andre emner som f.eks DNA
ekstraktion sig også opmærksomhed da det har stor indflydelse på resultaterne.
Manuskript 1, “Large-scale benchmarking reveals false discoveries and count transformation sensitivity in 16S rRNA gene amplicon data analysis methods used in microbiome
studies”, beskriver et benchmarking studie af forskellige aspekter af ofte brugte statistiske
metoder til at afklare hvilke bakterier der findes i forskellig mængde under forskellige
betingelser. Formålet med dette er at belyse hvor ofte sande nulhypoteser forkastes og at
finde ud af hvor ofte metoder accepterer sande alternative hypoteser. Vi undersøger dette
ved hjælp af simulations-studier og ved at lave biologiske antagelser om hvilke hypoteser
er sande. Vi konkludere at man bør være påpasselig i sit metode-valg fordi anvendelse af
metoderne kan føre til type I fejl-rater der er større end forventet.
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Manuskript 2 beskrives udviklingen af en ny softwarepakke der tillader udforskning af
den del af mikrobielle funktionelle gener der findes på mobile elementer. Dette er baseret
på annotation af metagenom contigs og efterfølgende statistisk modellering. Vi foretager
en statistisk validering af metoden og afprøver den på to datasæt, Hygum jord metagenomerne og et offentligt tilgængeligt datasæt fra patienter med blødende tyktarmsbetændelse. Vi identificerer nogle statistisk signifikante kandidat-gener og diskuterer deres
mulige funktion i lyset af hvad man ved om deres respektive mikrobiomer.
Manuskript 3 og 4 beskriver udforskningen af en grund i Hygum i Danmark som er
stærkt forunenet med kopper. Grunden har været brugt til at imprægnere træ ved hjælp
af koppersulfat. Den blev lukket i 1924, men den er stadig foruneret med en gradient der
spænder over 100-fold forskelle. “Coping with copper: legacy effect of copper on potential
activity of soil bacteria following a century of exposure” anvender RNA-baserede
metoder til at studere den metabolsk aktive del af bakterierne. Vi bygger videre på eksisterende observationer ved kun at kigge på den aktive del, og at gruppere disse i grupper
efter deres respons på forurening. Manuskript 4 bidrager yderligere ved at bruge metagenom og metatranskriptom sekventering til at udforske den metabolske funktionalitet af
bakterierne. Baseret på diversiteten af det katabolske potentiale og udtrykket af DNA polymerase konkluderer vi at kopper selekterer for bakterier der bruger den såkaldte Kstrategi. Vi konkluderer yderligere at de formentligt inficeres af phager i den lytiske fase.
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Unravelling the mechanisms of bacterial interactions in model communities

Introduction
Sequencing
High-throughput sequencing has enabled a new era in microbiology research. Frederick
Sanger shared the 1980 Nobel prize in chemistry for a method that allowed the determination of the sequence of base pairs in DNA. In 1977 they had applied this method to sequence the first complete genome of an organism, Phi-174 with 5386 basepairs[1]. The first
complete microbial genome, from Haemophilus influenzae (1,830,137 bp) was completed
in 1995[2]. Finally in the early 2000s the complete human genome was reported from two
competing projects at around 3 billion bp [3-5].
While these milestones were all completed with the same fundamental technology, Sanger
sequencing, they spurred innovation in both optimizing the wet-lab procedures, such as
shotgun sequencing[6], and handling the exponentially growing data output. Sanger sequencing as well as the next generation of technologies sequence short fragments of genomes that then requires assembly to a long contiguous chromosome. Furthermore, obtaining the sequence of a gene is not immediately informative of its function and so much
effort has been put into the task of searching newly sequenced genes against databases of
known gene functions. These two basic tasks of sequence bioinformatics have necessitated
a wealth of algorithm development and infrastructure requirements to handle the output
from the rapidly developing sequencing technology.
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Figure 1: Cost of sequencing dropping faster than Moores law (from https://www.genome.gov/sequencingcosts/)

While initially Sanger sequencing was a laborious procedure that required manual cycling
of reagents and running gels, it has been automated into cycle sequencing. This was one
of the factors that drove the sequencing of the human genome to be a contentious race
between a public and a private effort, because the throughput grew exponentially.
The 2 nd generation of DNA sequencing technology was driven by miniaturization of wet
lab procedures that allowed them to be carried out on small plates, millions in parallel.
While the read length was generally shorter and the error rates were higher, the throughput was orders of magnitudes larger. Three companies in particular, Illumina, SOLiD and
454 made their entry into the market with fundamentally different chemistries. The high
throughput and low price opened up a new era in microbial and human genome sequencing, and the amount of sequenced genomes rose exponentially.
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In addition to the amount of genomes, cheap sequencing allowed the development of other applications. Of particular interest in this thesis will be amplicon sequencing, metagenomic and, metatranscriptomic sequencing.

Amplicon sequencing is the targeted sequencing of a particular gene by amplifying a region of the gene using PCR primers. For microbiome purposes the 16S rRNA gene is often
the target.This was enabled in particular by the longer and longer reads of the 454 machines. Before the machine was obsoleted in 2016 the Titanium FLX kit was sold as producing 800bp long reads. As reads are made from targeted and amplified regions of bacterial conserved 16s genes (figure X), longer reads allow better discrim ation of bacteria. As
the field has shifted away from 454 technology, it is now typically Illuminas 2x300bp or
the Ion Torrents 400bp kit. This change in chemistry has also had a large impact. Pyrosequencing as used by the 454 had a high rate of “indel” type errors. The chemistry relies on
adding a fluorescent base to an extending sequence and reading the light signal that results if the base was incorporated. If the sequence consists of several bases of the same
type, several bases are added, but the light signal is not completely proportional. The machines own estimate of the error rate, PHREDS score[7], is incorrect which leads to the
“homopolymer” problem. Amplicon sequencing uses the similarity of reads to group
reads into putative species, so this required the development of algorithms to control the
error rate and avoid inflated diversity estimates. The Illumina Sequencing-by-synthesis
chemistry does not have theses same issues, and neither does the newer Ion Torrent kits.
While amplicon sequencing relies on amplification of particular regions of DNA, metagenomics aim to sequence all available DNA in a given sample. This is done by extracting
DNA and building libraries as if it was a regular genome, ie. fragmenting the DNA and
attaching adapters that allow the sequencing machine to capture the short fragment.
The final application relevant to this thesis is the sequencing of metatranscriptomes, RNA
instead of DNA. As the sequencers cannot directly operate on RNA molecules, the protocol includes a step for converting RNA to DNA by reverse transcriptase, an enzyme iso-
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lated from RNA viruses. This reaction is primed by random hexamers, ensuring that the
amplification is unbiased. After this amplification regular libraries can be build and sequenced.
RNA sequencing does come with several caveats. First, RNA is a very fragile molecule
and to get useful data samples must be immediately frozen in at -80 degrees, complicating
sample collection and which types of samples it is even meaningful to collect. Second, a
large fraction of the RNA pool in a given sample will be ribosomal, so consideration must
be made whether to remove this, at the cost of extra complexity and possible bias.

DNA extraction

DNA extraction is an important issue in microbiome work. Sequencing of DNA requires
the DNA to be accessible to PCR enzymes and library building, and the final estimation of
bacterial abundances rely on all cells to have been lysed equally well. Different organisms
have evolved different cell walls to protect them from the environment. While gram positive bacteria have one membrane with a thick layer of peptidoglycan, gram-negative
bacteria have two membranes and a thinner layer of peptidoglycan in the the periplasmic
space between the membranes the so-called cell envelope, with an additional layer of lipopolysaccharides. Other domains of life have evolved different cell walls, of most relevance to this thesis is the distinct chitin and ergosterol in fungal cell walls that we exploit
to quantify the biomass of fungi. Indeed, differences in cell-wall is thought to have deep
evolutionary roots [8]. The consequence of these differences is that lysis of cells in DNA
extraction must be optimized to lyse equally well.
Extraction of a wide variety of cells is only one practical concern, investigators must consider other parameters such as quality and amount of eluate. For amplion sequencing that
involves amplifying specific pieces of DNA very low amounts are needed, but for building metagenomic libraries much more DNA is needed. For amplicon sequencing PCR
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inhibitors such as humic acid [9, 10] in general, but heavy metals for contaminated soils in
particular [11], found in soil can prevent amplification and must be removed, typically by
dilution. Another quality aspect is the shearing of DNA by harsh treatment in the extraction process, which can cause chimeric PCR products [12, 13]. Sanquing et al [14] observed
ranges of 9-23 kb, but observed fragments down to 120bp.
DNA extraction of both soil and faeces can generally proceed by two routes, direct and
indirect. These lyse directly from the soil or faecal matter or pull out cells and then do the
lysis subsequently. Indirect extraction can free cells from the soil particulate by eg. using
nycodenz gradiets, a solute with higher density than bacterial cells. After ultracentrifugation cells will be found on top of the gradient. While it has been shown to bias
the extracted microbial community [15] it gives substantially more DNA of high molecular weight [16].
Direct extraction is most common for microbiome purposes, and is generally considered
less laborious. Bead beating is an essential part of the protocol for that ensures efficient
lysis [17] but it has also been recognized that longer bead beating will result in more
shearing [18]. Without this step it has been demonstrated that DNA extraction systematically misrepresents some bacteria[19]. Even with bead beating different methods can systematically bias extraction of members that are crucial to study in both soil and faeces,
with possible consequences for controversial subjects in human microbiome research such
as the Fimicutes/bacteroidetes ratio and it’s relation to obesity [20].

Amplicons: Quality control
Quality control of amplicons is of greater importance in amplicon sequencing than most
other NGS applications. Because of the de novo clustering to form OTUs, errors in reads
falsely increases diversity because a read with sufficiently many errors will look like a
new species. Additionally, amplicon sequencing relies on PCR. Not only are some polymerases known to be error-prone but all PCR reactions can generate chimeras. Chimeras
are amplicons that are the result of one prematurely terminated amplicon being used as a
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“mega-primer” in the subsequent round of amplification that makes it seems as if one
part of the amplicon was generated from one species, and the rest from another.

Figure 2: Variability of the 16S gene. From Neefs et al. 1990 [21]

The problem of chimera removal was studied before NGS, when most 16S sequences were
described by Sanger sequencing [22]. Indeed, Hugenholtz et al [23] demonstrated that
several studies of PCR libraries had chimeric artefacts
In addition to the issue of the quality of individual reads, PCR-based methods also suffer
from some general issues like amplification bias and contamination, particularly for lowDNA yield samples. The issues with contamination has now been well-documented in the
literature [24-26]. The use of negative controls for both the DNA extraction step and the
PCR amplification has been recommended, but it is still unclear if this information can be
used to derive contamination free microbiome profiles, as many contaminantants are also
the organisms that are of biological interest in the samples. Another useful addition to
experiments is a positive control in the form of a mock community, a constructed community with known composition. These are part of the human microbiomes standard protocols[27], and can be ordered commercially. Another approach is to use a so-called “generous donor” approach where several samples are mixed and this mix sequenced across
batches[28]. The latter is similar to the controls used in LC-MS where a lot of effort have
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been put into correcting spectra based on these pooled samples run at different times [29].
To my knowledge no such corrections exist yet for sequencing data.

Figure 3: Evaluation of the mock communities generated for the data in ma nuscript 1. Figures text taken from C. Balles
master thesis [30]

For the 5000-sample dataset generated in manuscript 2. Both negative and positive controls were sequenced. The genus-level composition of the positive controls are shown in
figure X. the leftmost column shows the ideal composition. Clearly none of the sequenced
mock communities are exactly identical, but none of the genera seem to deviate more than
~10%. The internal correlations between the mocks are mostly > 0.9 (figure X) giving some
confidence in the between-sample conclusions we make.
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Figure 4: Correlations between mock community compositions [30]

Amplicons: OTU picking
From amplicon sequencing data it is possible to follow several strategies for data analysis.
One strategy is to simply take the reads and search them against a database of previously
observed 16S sequences, so-called closed reference OTU picking[31]. This approach is
popular for large datasets because it is trivially parallelizable and it immediately gives the
phylogenetic identity of the query read. Because of the conservation pattern of the PCR
amplified fragment is possible to analyse the sequencing data on the basis of sequencedefined groups of reads, so called Operational Taxonomic Units (OTUs). The exact formulation of the OTU concept rely on many technical considerations and have been the subject of much discussion in the literature. One initial consideration is how identical sequences should be to be considered to have originated from the same species. The current
standard is to define everything within 97% identity the same species. This threshold was
originally defined because full-length 16S sequences are correlated with the older DNADNA hybridization concept of 70% full-genome identity for grouping species [32]. Additionally, because amplicons was originally sequenced on 454 chemistry the chosen threshold had to be higher than the error-rate of 1%. However, as the sequenced fragment is
expected to be more variable than the full-length 16S on average, it is not obvious that this
is the best threshold for short, and much effort has gone into testing this empirically.
Complicating matters, is the fact that the algorithm used for grouping and the exact defi-
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nition of the measurement of separation of clusters impact the observed species. Schloss et
al. [33] has done comprehensive empirical testing of choice of algorithm, but even so in
practice many datasets must rely on approximations to these algorithms without mathematical guarantees of finding the optimal clustering for the chosen definition. One example of such an approximate algorithm is usearch [34] in which computationally expensive
alignments are replaced with cheap k-mer based overlap similarity to narrow the search
space for candidates to align. This approximation is very fast, but is not guaranteed to
find the optimal clustering. Validation on mock community datasets, however, shows that
in practice this strategy performs very well.
Newer algorithms eschew the clustering step and simply attempt to denoise the observed
sequences so that taxonomy classifications can be made a single-nucleotide resolution [3537]. This is in part made possible by the lower error rate, and more manageable error profile of the Illumina Truseq chemistry as compared to 454 [38].

Metagenomes: Mapping
The most widely used bioinformatics strategy for analyzing metagenome data is simply
mapping the reads against databases of known DNA material. Databases such as NCBIs
Non-redundant Proteins Database allow annotation against a database that has been preclustered to remove very similar proteins for reduced search times. Databases such as
Metacyc[39] and Kyoto encyclopedia of genes and genomes (KEGG)[40] offers additional
structure for the understanding of the output. The latter databases are organized into biologically meaningful structures such as modules and pathways that allow the estimation
of whether the joint microbial community can complete certain chemical transformations,
and the abundance of the enzymes mapped to these pathways provide a measure through
which it is possible to look for overrepresentation of pathways under different experimental or environmental conditions.
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The mapping of reads against databases is trivially parallelizable, and it is easy to dedicate as much computer power to the problem as is available, and sequencing search of
DNA against proteins has seen big advances recently [34, 41]
Abundances of mapped reads have to be normalized to interpret them correctly. The statistics section discusses the effects of library size that needs to be accounted for, but another consideration is that genes have different lengths. In a model where reads are completely randomly generated from genomes, longer genes are more likely to have generated reads and this must be accounted for. The Humann [42] and Humann2 packages account for this by taking the family of the specific gene that a read mapped to and normalizing with the average length in that family.
This mapping approach also extends to taxonomic identification. In manuscript 4 we deploy two different strategies to inform us about the taxonomic composition. The first is
extracting reads that are possibly ribosomal Small Subunits (SSU) and identifying them
using the software Metaxa2 [43]. The amount of extracted sequences from each clade of
interest forms the basis for a rarefaction analysis and an analysis of the correlations of
taxonomic groups with environmental parameters in manuscript 4. We use the rarefaction
analysis to conclude that we have not quite sequenced deep enough to discover all diversity at the genus level but that there is significant differences between the groups when
sampling a fixed number of reads.
The second is the mapping strategy included in the humann2 package: metaphlan2 [44].
This software maps all metagenome reads against a database of pre-selected markers that
unequivocally identifies microbial clades as well as viruses. This database was constructed by finding discriminatory genes for each clade in the IMG database[45]. To compute
relative abundance for the clades metaphlan2 normalizes the number of hits to the nucleotide length and the amount of markers for the clade. We use the correlation between
abundance and copper contamination to elaborate on unidentified groups from the previous SSU analysis, demonstrating the complementarity of these approaches on metagenomic data. In addition we select a Gammaproteobacteria marker from the literature to
investigate unclassified bacteria [46]
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Metagenomes: Assembly and binning
As sequencing throughput and the complexity of experimental designs has increased, so
has the state of assembly technology matured. Assembly in the early days of Sanger sequencing was simply constructing overlapping sequences of short reads aided by computer visualization. The human genome project saw the development of an automated
computer program for doing the full assembly. As next generation sequencing became
common, bioinformaticians has used a lot of energy on more effective assemblers. Overlap assemblers, formally known as overlap-layout-consensus assemblers, such as the the
Celera Assembler[47] used for the first human genomes and Newbler[48] used for 454
sequencing essentially formalizes and optimizes the process a human operator would go
through to stitch short reads together.
The newer paradigm in assembly however uses a different representation of the data that
would not be immediately intuitive to a human operator. Overlapping DNA words of
length k, called k-mers, are arranged in a directed graph so that each node is a word and
edges connecting them represent overlap of all but one character in the linked k -mers.
In this representation of reads the ideal full genome would be represented by the so-called
Eulerian path through the graph, a path that visits all edges exactly once. This is a wellstudied problem in graph theory and has several algorithms of acceptable complexity.
The first of these from Pevzner et al [49] represented a substantial improvement on the
celera assembler used for the first human genome assembly, and was soon adapted to
short reads [50]. This representation also has the advantage that the assembly problem can
be solved with a bounded amount of memory that depends on the genome size [51].
However, in practice a complication is that sequencing has an error rate means that there
will exist many k-mers in the data that is not of biological origin. Additionally, it is not
obvious which choice of word-length k is the best. DNA often has repeats and ideally the
choice of k-mer would be longer than these repeats so their overlap is uniquely identifiable. However, longer k-mers allow for more errors in the individual k-mers, increasing
the number of false paths in the graph.
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There is no analytically tractable way of choosing k, and while heuristics exists they must
also account for the fact that in practice memory usage increases with longer k. The only
hard and fast rule is that k should be an uneven number so that k-mers cannot be palindromic, ie. the same sequence no matter if read from 3’ or 5’ end. One widely used solution is to use digital normalization[52] in which all k-mers below some specified abundance is simply removed, on the intuition that if it is only found few times it is more likely
to be noise. However, for the problem of metagenomes specifically, it is likely that there is
some amount of organisms with low coverage, and this approach would discard those.
The assembler Megahit expands on this strategy by removing all edges with abundance
less than d, but recovering them if they come from a context of surrounding highabundance k-mers, and it is fast enough to simply try a selection of k’s for evaluation.
Assemblies for metagenomics binning is currently made from one of two overall strategies. Some projects, such as most MetaHit projects, prefer to assemble each sample individually while others prefer coassembly, pooling all samples together and doing one big
assembly. To my knowledge no systematic studies have been performed on what works
best and the choice is likely best made based on considerations of the particular dataset.
While coassembly would seem to be the obvious choice to obtain better coverage of all
organisms, for some projects the number and depth of samples prohibit coassembly in
practice because of RAM limitations. It also depends on the choice of downstream binning
method. Some binning methods were made for clustering covariances of protein abundances [22] while others, such as CONCOCT[53] are made for contig covariance and
composition.

Metatranscriptomes
Metatranscriptomes in this thesis is used in two different ways. In Nunes et al [54] RNA
is isolated and reverse transcribed to cDNA using random hexamer primers. The pool of
cDNA is then amplified by 16s primers and sequenced as an amplicon dataset. This technology is not as widespread as amplifying directly from DNA, and comes with a separate
set of benefits and challenges. One is the additional wet-lab work required to secure the

Bioinformatics for discovery of microbiome variation

fragile RNA and transcribe it into cDNA. Another is primarily related to the source being
the transcribed RNA in ribosomes. With DNA the copy number is fixed by the number of
rrnX loci multiplied by the number of chromosomes in each cell. The copy number of loci
is a well-studied quantity from sequenced full genomes [55], but more importantly it is
phylogenetically conserved. So for statistical purposes it is reasonable to assume that the
number in a particular bacterium will be the same for the same bacteria in a different
sample. The chromosomal copy number for prokaryotes can vary quite widely [55], but
can still be expected to be conserved phylogenetically. Ribosome amount on the contrary
will vary [56]. Indeed Schlaecther et al demonstrated in 1958 that the amount of ribosomes
in Salmonella is dependent on the growth rate [57].
RNA however degrades very quickly in the environment. This lets us get a clearer picture
of the active microbes in an environment [58]. It has been show in several cases that sequencing rRNA is the only way to observe important organism that were not abundant at
the DNA level such as the case of Legionella in water pipes [59] and eukaryotes in soil
[60].
For the other type of transcriptome in this thesis, RNA is simply transcribed to cDNA and
all of it is sequenced as in the case of metagenomics.
Like metagenomes, meta-transcriptomes can be analysed by either assembly or reference
based methods. An additional consideration is that the reference can be made from metagenomes of the same samples, the approach used in this thesis. This allows quantification
of expression of novel proteins, not found in existing databases. For high-diversity environments where many new organisms exists from which proteins have not been characterized this can provide leads on novel proteins in which the expression is important for
the system being studied. Alternatively, it is possible to assemble the transcripts themselves into longer fragments[61, 62], and then map the short fragments back for quantification of transcript abundance.
Isolated RNA consists of mostly ribosomal RNA (Matthew et al estimated it at 85% [63]),
so a decision must be made whether to deplete this so that the mRNA fraction can be
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studied, or to investigate the phylogenetic structure of the sample via the expressed rib osomal RNA. The latter is a popular option in studying soil where the organisms of interest
are not only prokaryotic, but also includes fungi, protozoa and other biota. Enumerations
of soil biota with ribosomal RNA can lead to better discovery of non-prokaryotes than
their metagenomics counterparts, and several studies have been published [64]
For the functional fraction, it is reasonable to assume that bacteria do no express their
entire genome at the same time. Furthermore, inactive DNA can be found in high
amounts in the environment,[58] so metatranscriptomes can potentially offer a more focused perspective on the microbiome. Expression studies have previously been performed on microarrays, but microarrays have the inherent limitation that nucleotides tend
to cross-hybridise[65] and concerns about reproducibility has been raised [66] The expression of mRNA is also a more direct measure of the enzymatic activities performed by
a community. Some chemical transformation such as nitrogen or carbon cycling impacts
the environment or the host organism, and more accurate estimates of the rate of tran sformations can contribute to a greater understanding of the effects. The early attempts at
estimating turnover of bulk elements came from marine environments such as using enzyme abundance measured by metagenomics to predict primary production [67], and the
marine setting was also the background for some of the early metatranscriptomic studies
[68, 69]. These were also the studies that demonstrated that depletion of ribosomal RNA
was

practical

[70,

71].
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General Objectives
The overall objective of this thesis is to use and build bioinformatics tools to explore variation in microbiome research. Interest is on several types of microbiome data. Manuscripts
1 and 3 are centered on amplicons, and the statistical tools to discover variation in this
type of data. Manuscripts 2 and 4 explores hypothesis generation for metagenomic data.
The chosen methods are statistical. The first is direct modelling of the hypothesis that
there might be an interaction between elements in a mobile genetic context and an outcome. The second is an integrative approach to link several types of data. The objectives
across the studies are the following:



Ensure robustness of the inferences. This thesis attempts this
through statistical validation of methods and through complimentary approaches



Generate new hypotheses about the chosen environments.
Through the collection and exploration of molecular data new aspects of well-known environments are explored
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Introduction to manuscripts
Manuscript 1
This thesis explores the statistical tools developed for the new sequencing methods in [72].
While the paper is focused on 16s amplicon studies many of the same considerations can
be given to other types of sequencing methods. Indeed, several of the tools benchmarked
were developed for RNA-seq.
The major challenges that necessitates development of these new tools are related to the
way sequencing generates the data. To estimate abundance the bioinformatic workflow
typically ends up mapping reads to a reference, OTUs, contigs or reference genomes, the
data is counts. This is usually better modeled by other distributions than the Gaussian,
such as the poisson- or negative binomial distributions. Furthermore, sequencing usually
has a fixed amount of possible reads, and controlling how many we get per sample is not
always reliable. Consequently, random variation in library sizes may add noise, or in the
worst case confound inference[73]. Because the sum of reads is fixed the data is also inherently compositional, meaning that changing the abundance of one thing necessarily
changes something else because all abundances must sum to 100%. Compositional data
analysis is a field with a long history[74] and its own tools that are just recently influencing microbiome analysis[75, 76].
Another common characteristic of sequencing data is that it tends to be quite highdimensional, meaning that we observe orders of magnitude more units, OTUs, genes or
transcripts, than we have samples. This has implications for data analysis, no matter if
viewed from a predictive or an inference perspective.
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From a predictive point of view many dimensions typically means that the models we use
has many parameters. This is known to lead to overfitting [77, 78], in which the model fits
to peculiarities in the particular sample of data available but does not generalize well to
previously unseen data from the underlying population.
From an inference perspective we often try to estimate differences in the underlying populations of sampling units. However, as the number of required hypotheses test increases
so does the chance of committing a type I error, ie. getting a false positive[79]
In practice, multivariate modeling has proved very effective in this type of data analysis.
In particular, calculating similarities between samples and using that as the basis of plotting and inference is a widely used strategy, and many tools have been developed to
quantify similarities and to analyse them.
Principal Components Analysis (PCA) is one such choice widely used for dimensionality
reduction [80]. The key point of PCA is that It can be used to take a set of vectors of dimensionality D in a coordinate system specified by the observations, and rotate them into
vectors of dimensionality D-1, in such a way that the variance of the basis components is
successively maximized, ie. the first component explains the most variance, the second
component the second highest amount of variance etc. These new vectors (called scores)
can then be visualized with their first few components to produce a 2 or 3 dimensional
visualization that hopefully highlights the important features of the data. The assumption
that the maximal variance is also the most interesting is not always warranted, and other
methods that highlights other aspects of the data has been developed. Multidimensional
Scaling (MDS) is the most widely used of these alternative methods primarily in the form
introduced by Kruskal [81]. The objective in MDS is different from PCA as it attempts to
find a new set of points in R^n (where n is a number chosen by the user, 2 is common for
visualisation) so that the difference in distances between these new points, and the differences in the original points are minimized. This objective is in some sense a more direct
representation of the layout of the datapoints,that could more accurately reflect the nature
of the data. Instead of evaluating the quality of the new representation in terms of variance explained, MDS uses the residual variance, termed stress, for evaluation, and Krus-
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kal provides in the original paper a table of what benchmarks indicated was acceptable
levels of stress.
The underlying tool of PCA is the Euclidian distance that is used to calculate the covariance matrix. This can be replaced with a variety of distances. The rotation must then be
estimated by Principal Coordinates Analysis (PCoA) instead of PCA. Beta diversity metrics have an extensive history in ecology [82], and many of the tools developed there has
been adopted in microbial ecology, such as Jaccard [83] and Bray-Curtis[84] distances.
There has also been development of microbiome specific measures that incorporate phylogenetic trees [85, 86]. Finally, before the distance is calculated some investigators prefer
to do transformations, such as the classic log or square root transformations, or use normalization such as dividing by the library size or use methods designed for RNA-seq such
as TMM [87]
In [72] we attempt to quantify the impact of analysis choices in the multivariate case by
simply choosing data sets that assume to be separable and then seeing how well different
combinations of transformations, normalization and similarity measures can separate
them, in a factorial manner.
From the false-discovery rate simulations we conclude that some of the methods designed
for sequencing-based analyses have poor control of FPR. MetagenomeSeq [88], a tool that
is widely used in microbiome research, does poorly on the default settings that the software was released with, but a newer update to their model keeps the FPR at 0.019, but
still suffers from the influence of sparsity in the dataset. BaySeq [89], designed for RNAseq experiments, seemingly has an unpredictable FPR profile, while most methods converge towards very high p-values when faced with sparsity. The classical methods such as
t-test, wilcoxons test and a permutation test all have FPR < 0.05. However, there is often a
trade-off between false positive and false negative rate, and in the spike-in recovery test,
neither the t-test nor the Wilcoxon test has very good performance. The permutation test
does well in the large sample setting. The sequencing-specific tools seem to do well in this
test. Another interesting observation is that contrary to expectation, the proportion of
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case/controls have little influence on performance. Running these benchmarks on smaller
datasets changes the performance characteristics of several methods, and the performance
of edgeR [90] is suddenly the overall best as measured by AUC and FPR together. The
final recommendations from this part of the paper is that sample size is the key parameter
for the choice between edgeR (small sample sizes) and permutation test or metagenomeSeqs featureModel (large sample sizes).

Figure 5: The extremes of the best and worst performances of various beta diversity
metrics

The beta-diversity benchmark highlights the importance of
choosing the best metric by illustrating the best and the worst
choices for the samples (figur 5). The results are fairly striking
as it is clearly impossible to separate any groups under a poor
choice of metric. More systematically, we use various types of
normalization and transformations and largely conclude that
the impact of these is small. Choice of beta diversity metric,
however, is key, and we conclude that Unifrac [85]in its
weighted formulation seems to perform the best. We also see
the Shannon-Jensen divergence perform above average in some
situations. This metric has important roles in the literature as it
has been used to define clusters for various microbiome such as
the vaginal [91] and gut [92], known as enterotypes. Literature
has suggested that these enterotypes are not reproducible under different choices of distance metric [93] and subsequent suggestions that they are not
robust [94]. Our results seem to elaborate on the situational specificity of the ShannonJensen divergence.
With these results, the overall conclusion of the paper is that there is a wide array of
choices in conducting microbiome analyses, and the data characteristics matter. With this
in mind we make concret recommendations for conducting these studies.
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Manuscript 2

Horizontal gene transfer (HGT) is the lateral transfer of genetic elements between bacteria, as opposed to inheritance of genetic features between ophav and progeny. Horizontal
gene transfer play a central role in bacterial adaptation to their environment, both on the
short time-scale of becoming antibiotic resistant in the event of an antibiotic exposure and
on a longer timescale of bacterial evolution [95].
HGT has traditionally been thought to proceed through several mechanisms known as
transformation, transduction and conjugation.
Transformation is the uptake of naked DNA from the environment, and is an important
mechanism for the uptake of plasmids. It is also widely exploited in biotechnological applications for cloning purposes since it was discovered that the competence, the rate of
DNA uptake, of cells can be greatly improved over their natural state by calcium chloride
[96]. Transduction is the transfer of DNA from viruses into bacterial cell. This route has
been demonstrated to be of great functional importance in particular in marine systems,
where phages have been demonstrated to function as resevoirs for functional genes that
greatly change the bacterial interaction with such key systems as the nitrogen cycle [97]
and the carbon cycle [98]. Finally, conjugation is transfer mediated by a complex gene
system for expressing pili, transport proteins, through cell-to-cell contact of bacteria. This
system, known as the Type IV secretion system, can transfer large islands of genomic
DNA. This mode of transfer has been well-characterized in many clinically relevant bacteria such as Staphylococous areus that have been known to to have large pathogenicity islands [99].

In this thesis HGT is primarily studied with a focus on the functionality that can be transferred without much concern for which particular mechanism was used. Manuscript X
describes the development of software for identifying horizontally transferred functionali-
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ty that can be associated with an outcome. The justification for doing this exploratory type
of work in a field that is otherwise focused on reductionist identification of mechanisms of
transfer and functionality in well-defined systems is the observation that some highly
relevant areas of biology would not be relevant without horizontal gene transfer.
Antibiotic resistance is the most prominent case of this. Most instances of problematic
antibiotic resistance arise not from the evolution of new resistance genes, but from the
wide spread of existing ones. This wide spread has the quite obvious cause that without it
cells would succumb to antibiotics, and so there is strong selective pressure to aquire and
maintain antibiotic resistance. Other well-described cases of this are pathogenicity islands, containing antibiotics to kill other bacteria competing for the same nutrients or iron
scavenging genes for improved fitness in a host where iron is often a growth limiting factor, such as the case of Prevotella copri in rheumatoid arthriritis [100]. These cases are all
characterized by having a very explicit effect on the host. The exploratory strategy outlined in manuscript 2 aims to identify other more subtle cases, essentially by modeling the
interaction between the effect of functionality and the location of this, possibly identifying
more subtle cases of microbial traits doing disproportionate harm to the host because of
mediation by horizontal gene transfer. The aim in a human microbiome context is to identify elements that have a positive impact on the bacterial fitness, while having a negative
effect on the host, analogously to the case of antibiotics resistance.
The implication of there being a significant horizontal transfer of dysbiosis-inducing traits
would be important to the way microbiomes are currently studied. The majority of studies currently rely on 16S rRNA gene sequencing. These cannot tell much about the function of the bacteria. Even with functional inference tools like PiCrust, only phylogenetically conserved functionality can be examined, missing horizontally transferred elements.
For that expensive metagenome sequencing would be required. Additionally, because
plasmids and phage often have a specific host range [101], horizontal gene transfer as the
main driver could confound a purely phylogenetic study and make it appear as If phylogeny were related to outcome when in fact the latent variable of mobile host range
would be driving the association, producing candidate hits that would not be reproducible in other populations.
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One such human condition could be the disease state Ulcerative Colitis (UC), in which the
gut of the patients are inflamed. This inflammation is a stress factor for the microbiome
that could use mobile genetic elements to aquire protective functionality, such as antioxidants to counter reactive oxygen species used by both the innate and adaptive immune
system [102] . Indeed, UC is known to be characterized by an adaptive response using
Type-2 helper cells that has a variety of bactericidal effects . We used the MetaHIT human
microbiome catalogue [103] to investigate this hypothesis. According to the supplementary information all patients sampled were in clinical remission, but since UC is a relapsing disease that will frequently flare up, we assume that there is some selective pressure
that can be regarded as constant because of the constant need to be able to react to inflammation. In the metadata generously uploaded by the MetaHIT consortium it is specified that there is 219 samples in this set, 92 controls and 127 UC patients. The contigs from
these samples form the basis of the predictions made by the SYNTENY tool.
The other dataset used is from the long-term copper contaminated soil also used in manuscript 4,
We validate the tool statistically by several methods. One method is assessment of the
assumptions of the linear models, from which we conclude that although there are some
deviations they seem to be largely fulfilled. To quantify this we assess the False Positive
Rate under a variety of randomizations and conclude that although there is some chances
of false positives induced by the modelling, the alpha rate is controlled. As a further validation on our results we follow up candidates by checking if they have ever appeared on
a mobile genetic element in the databases. If not it would be a big surprise to identify it in
this manner, and we conclude that it is probably a false positive. Finally, we explore the
power properties of the modelling by simulating new data assuming a significant model,
while varying the number of observations. We somewhat arbitrarily set the power of interest at 80%, as is common in randomized controlled trials [104], but the most interesting
observations is that we can still identify candidates in fairly low numbers of observations,
limiting the amount of sequencing needed to use the tool, and expanding the scope of
investigation to shallower sequenced experiments.
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Finally, we identify a number of candidates and follow up on their plausibility. One such
candidate is thiamine synthesis. We discuss the feasibility of the candidate and demonstrate that it is encountered in plasmid databases. In the discussion we argue for its possible role as an antioxidant, conferring a fitness advantage to the cell, and demonstrate that
previous literature has shown it has higher abundance in children with Crohns, and that
its relative abundance decreases when they are cured (Figure X). For the other candidates
as well we discuss their possible biological relevance in the two dimensions described:
How do they help bacterial fitness, how do relate to the environment, and for the case of
the human microbiome, could they be harming the host?

Figure 6: Exclusive Enteral Nutrition decreases the amount of thiamine synthesis (M00127) potential in childen [105]
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Manuscripts 3 & 4

Soil covers much terrestrial land and studying it is important for biogeochemical cycling,
agriculture and climate change. The soil microbiome harbors one of the most diverse bacterial communities of big importance. The soil microbiome is engaged in a complex interplay with other soil organisms such as fungi, earthworms, and protozoa, and with plant
roots in the so-called rhizosphere. In the rhizosphere soil microbes play both parasitic and
symbiotic roles where they complement plant roots in what was termed the “rhizosphere
effect” in the beginning of the 20 th century [106]. For microbiologists the soil microbiome
represents a wealth of micro-niches and food webs where bacteria interact. This complexity also drives soil diversity and evolution. The exact extent of the taxonomic diversity is
still a matter of debate. Gans et al, 2005 estimated 10^6 different species based on extrapolation of DNA re-association experiments [107]. This estimate has been highly contested
both on its own merits [108] and by subsequent estimation by various sequencing experiments [109-111] . It is one of the most diverse ecosystems [112] and this presents challenges for sequencing based studies of these environments[113]. Additionally, soil is highly
heterogeneous in all dimensions so sampling strategies need to account for this by pooling samples from plots so that the final result will represent an average of a plot, and
make stringent decisions about which exact layer of soil to sample. Even with these sampling practices, sequencing coverage still fall short and rarefaction curves of soil organisms rarely saturate. This gives problems for the reproducibility even within experiments.
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Figur 7: (A) Sampling site location for manuscript 3 and 4. (B) The degree of copper pollution at the hotspot is so high
that is forms visible clots

Soil health is an important topic for agriculture and large disturbances such as climate
change and contamination, gives us the need to monitor and quantify soil health. Traditional bioindicators include denitrifing activity [114], that are very sensitive to soil disturbance [115]. Methanotroph activity has also been recommend as a soil indicator. S equencing-based bioindicators is a new option provided by the increase in sequencing
throughput, and mobile DNA sequencers such as the Oxford Nanopore hold the potential
to make this even more relevant. Efforts have been made to systematise the use of soil
bioindicators such as the French ADEME project[116] that offers a range of both sequencing, molecular and ecological bioindicators along with short instruction sheets on their
indication.
In this thesis the focus is on a particular soil that has been contaminated since 1924 by
anthropogenic activity, wood impregnation with CuSO4 (figure X). But even today it is
estimated that many thousands tons of copper in its sulfate form is released at various
sites in the world [117]. Copper has the potential to accumulate in soils reaching toxic levels [118]. Cells need trace amount of copper to function but high levels have many negative effects on cells [119]. The mechanism highlighted in manuscript 2 is induced oxidative stress, and we describe how microbes might share a mobile element relieving this in
the form of vitamin b6 synthesis. There are many other forms of microbial resistance and
tolerance measures, particularly such as efflux transporters, pumping out ions from the
cell. Indeed in manuscript 4 we observe an increase in relative abundance and diversity of
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copA transporters in both contaminated soils. The phylogenetic diversity in the hotspot
was also lower and thus this not an explanation for the increase in copA diversity.
In addition to all these direct effects on the cells of copper, there are also indirect effects.
The physic-chemical properties of the soil such as pH change which is known to have a
large impact on soil organisms [120, 121]. Additionally, the plant cover of the site also
disappears and with that also the roots. This information from manuscript 3, the significant increase in carbon content of the contaminated soil observed, and the wider catabolic
diversity potential we observe in the metagenome leads us to conclude that a new ecological niche opens up in the contaminated soil. This niche is well-suited for slow-growing,
wide substrate utilizing bacteria, which in the literature has been term ed K-selected microbes [122].
Additionally, we observe an increased expression of phages in the lytic cycle. In a crosssectional study design such as this it is very hard to identify causality. Ecological theory
offers some possible hypotheses that we discuss the observations in context of. However,
these observations do contribute to the general field of soil health and can form the basis
for causal studies.
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Conclusion
The stated general objective of this thesis was to build and use tools to discover microbiome variation, in a robust manner that generates new hypotheses. Two of the manuscripts draw upon the tool of simulation to assess the robustness of statistical techniques.
The conclusions from these assessments are that the tools generally used for hypothesis
testing based discovery in microbiome research must be approached with caution, and
that the sparsity and size of datasets influence the optimal tool choice. For the SYNTENY
tool developed in in this thesis we conclude that it has a statistical performance that is
almost as good as expected. The SYNTENY tool was used to generate several new hypotheses about the mobile genetic elements bacteria can use to adapt to their local environment, and in particular oxidative stress seemed a common stressor whether bacteria
are being selected by copper contamination or the immune system. The Hygum soil papers proposed several hypotheses about the altered lifestyle of bacteria in copper contaminated soil

based on observation from DNA and expression sequencing
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Background: There is an immense scientific interest in the human microbiome and its effects on human physiology,
health, and disease. A common approach for examining bacterial communities is high-throughput sequencing of 16S
rRNA gene hypervariable regions, aggregating sequence-similar amplicons into operational taxonomic units (OTUs).
Strategies for detecting differential relative abundance of OTUs between sample conditions include classical statistical
approaches as well as a plethora of newer methods, many borrowing from the related field of RNA-seq analysis. This
effort is complicated by unique data characteristics, including sparsity, sequencing depth variation, and nonconformity
of read counts to theoretical distributions, which is often exacerbated by exploratory and/or unbalanced study designs.
Here, we assess the robustness of available methods for (1) inference in differential relative abundance analysis and (2)
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Results: Running more than 380,000 full differential relative abundance tests on real datasets with permuted
case/control assignments and in silico-spiked OTUs, we identify large differences in method performance on a
range of parameters, including false positive rates, sensitivity to sparsity and case/control balances, and spike-in
retrieval rate. In large datasets, methods with the highest false positive rates also tend to have the best detection power.
For beta-diversity-based sample separation, we show that library size normalization has very little effect and that the
distance metric is the most important factor in terms of separation power.
Conclusions: Our results, generalizable to datasets from different sequencing platforms, demonstrate how the choice of
method considerably affects analysis outcome. Here, we give recommendations for tools that exhibit low false positive
rates, have good retrieval power across effect sizes and case/control proportions, and have low sparsity bias. Result output
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Background
Technical advances in DNA sequencing have allowed for
the collection of high-dimensional biological data on an
unprecedented scale. This development has ignited a
surge of scientific opportunities and interest in the
human microbiome and its effects on human physiology,
health, and disease [1, 2]. A common approach to
microbiome studies is the amplification of hypervariable
regions of bacterial 16S rRNA genes from biological
samples, sequencing of amplicons in a high-throughput
fashion, and grouping of sequences into operational taxonomic units (OTUs) [3–5] for downstream applications.
A common statistical analysis of OTU data is differential relative abundance (DA) testing, a serial univariate
test of each OTU between two sample groups, e.g., phenotypes, compartments, or time-points. This relatively
simple endeavor is complicated by certain characteristics
of the data, in particular three major points. First, the
OTU count matrix is sparse, with often between 80 and
95% of the counts being zero [6, 7]. Second, the library
sizes (sum of counts in each sample; also referred to as
sequencing depth) vary significantly, sometimes by
several orders of magnitude, making it nonsensical to
compare counts directly between samples, since they
each represent a different fraction of the composition of
a given sample. Third, as is well known from ecological
literature, the variances of these count distributions are
greater than their means, a phenomenon known as overdispersion [8, 9]. In the RNA-seq field which is based on
similar sequencing technology, explicit modeling of this
mean-variance relationship has been attempted [10, 11].
The aim of this work is to benchmark the many options
investigators face when analyzing 16S amplicon-based
sequencing data. Previous work with similar objectives has
focused on the practice of rarefaction [12, 13], i.e., resampling reads within each sample to equal amounts to overcome the differences in sequencing depths. This work
attempts three separate benchmarks of inference robustness, all based on real datasets generated from clinical
samples, obtained from different compartments in the
human microbiome, including the gut, hypopharynx, and
vagina, covering a wide range of human ecological niches.
First, we have quantified the false discovery rate of the
most popular differential relative abundance (DA) methods
by randomly assigning case/control status to samples, thus
creating an empirical null distribution, and testing each
OTU for differential relative abundance. Second, we have
simulated in silico spiking of known magnitudes and
examined how well these can be recovered. We have used
a range of multiplicative and additive spike-in magnitudes
applied to OTUs from different relative abundance tertiles
to explicitly control the range of OTUs to be recovered.
Furthermore, as the microbiome field is currently in a state
where many projects are exploratory and not explicitly
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designed, we have examined the effect of the case/control
proportion. The included methods are well-established
choices for data analysis in many fields. The Welch twosample t test is the default choice for comparing two
sample means, while the Wilcoxon rank sum test is a
nonparametric alternative. Negative binomial generalized
linear models (GLM) have long been a popular option in
ecology for modeling count data such as species observation counts [14], by adding an additional parameter to
account for the aforementioned overdispersion. From the
field of RNA-seq, which have faced many of the same data
analysis challenges, we have included two widely used
packages estimating counts parametrically, also utilizing
the negative binomial distribution, DEseq2 [15] and edgeR
[16], as well as baySeq [17], using an empirical Bayes
method for parameter estimation. From the field of microbial ecology, metagenomeSeq [7] has been designed with
microbial marker surveys in mind, using a normalization
procedure and a zero-inflated gaussian (ZIG) mixture
model, designed to handle sequence depth issues and
sparsity, as well as an alternative zero-inflated log-normal
model with included parameter shrinkage (feature model)
[18]. The ALDEx2 method has been developed with
emphasis on the compositional nature of sequencing data,
implementing Monte Carlo sampling of Dirichlet distributions and averaging p values across resamples [19]. In
addition, we have implemented a simple custom permutation test, based on the null distribution of a test statistic
! mean counts in cases "2
defined as log mean
obtained through rancounts in controls
dom permutations of samples as cases/controls. Finally, we
have quantified the effect of normalization, transformation,
and choice of distance measure on the beta-diversity
separation of samples with a known biological grouping.
Multivariate analysis and choice of distance measure in
particular are currently being debated in microbial ecology
as claims of inherent clustering of vaginal [20] and gut
microbiomes [2] have been made. The robustness of these
claims has been shown to be sensitive to data analysis
choices [21], visualization choice [22], and copy number
estimation procedures [23]. Ecology has a long tradition
for multivariate analysis of species tables, and many of the
currently available tools have therefore been adapted from
this field, such as the Bray-Curtis dissimilarity measure
[24]. Microbial ecology has seen the development of
measures exploiting phylogenetic information in the
sequencing reads. Here, we include the weighted and
unweighted UniFrac [25, 26]. Additionally, we included the
Jensen-Shannon divergence, which plays a key role in
enterotyping and clustering of vaginal microbiomes. The
Euclidean distance is known to be unsuited for ecological
distance measurements due to what has been termed the
“double zero” problem, the fact that it is not possible to
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distinguish if a species is absent from two samples due to
undersampling [7, 27]. It has been included as a baseline,
since many early papers explored microbiomes using
Euclidean-driven principal component analysis.

Results
Study design and data characteristics

The study was divided into three parts (Fig. 1), namely
(1) false positive rate (FPR) testing, (2) spike-in retrieval
testing, and (3) beta-diversity optimization. We used
seven large datasets: three for the FPR tests and spike-in
retrieval tests (labeled A1-A3), one simulated set (labeled
A4) for assessing the effect of spike-in independent sample strata, and three for the beta-diversity optimization
tests (labeled B1–B3). The datasets and their characteristics
are presented in Additional file 1: Table S1. The datasets
are characterized by having high degrees of sparsity, large
variation in library sizes, and an overdispersed meanvariance relationship (Additional file 2: Figure S1).
False positive rates

We found striking differences in the FPR of the tested
methods using identical permutations of the three large
datasets A1–A3 (Additional file 3: Figure S2A). A total
of 17,550 full DA tests were analyzed. Generally, many
methods were robust, with FPR close to or below 0.05,
as expected under the null hypothesis. However, edgeR,
metagenomeSeq ZIG (unfiltered, see below), and especially baySeq displayed very high FPRs, indicating that
models did not fit well to the data. Intriguingly, baySeq,
edgeR, and negative binomial GLMs performed worse
under balanced conditions, i.e., 50% cases and 50%
controls, than under unbalanced conditions with only
10% cases. Most methods had low variance of FPR
across iterations, but metagenomeSeq ZIG and especially
baySeq showed considerable variation within parameter
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sets. To ensure that observed differences in FPRs
between balanced conditions were not due to inherent
biological signals or sample structures in the datasets
used, we repeated the analysis in an additional simulated
dataset (A4, n = 5850), based on within-OTU count
permutation, retaining the biological distribution of
OTU count data but breaking within-sample characteristics. With the exception of baySeq, no major deviations
were observed from the results obtained with dataset A3
(Additional file 3: Figure S2B).
Next, we investigated the effect of OTU sparsity on
test inference (Fig. 2) and observed that the sparsity of
any given OTU had different effects when applying the
different methods, in the feces dataset A1. OTU-wise p
values from non-spiked single DA runs with 50% cases,
selected by the median FPR, depended to some extent
on the percentage of zeroes in the OTU in question.
The methods edgeR, negative binomial GLM, metagenomeSeq ZIG (unfiltered), and especially baySeq displayed
biased results at high sparsity, meaning that many zeroes
lead to lower p values, irrespective of any signal in the
data. This effect was to some extent ameliorated for metagenomeSeq by its filtering step, which essentially removes
most of the sparse OTUs after the model has been estimated, as demonstrated in Fig. 2. The feature model did
not exhibit this inflation. DESeq2 in particular exhibited a
conservative estimation of p values at high sparsity and t
tests, and Wilcoxon and the permutation tests were all
very robust across the range. The ALDEx2 method was
very conservative and showed a narrow band of p values
resembling a Gaussian distribution around 0.5, regardless
of sparsity.
Spike-in retrieval tests

A total of 175,500 spiked DA analyses from datasets
A1–A3 were considered. The spike-ins were performed

Fig. 1 Spike-in approach and analysis flowchart. Left, a theoretical sample where the count data for OTU A is multiplied by 3 before rescaling to
original sequencing depth. Right, flowchart of the simulation study, yielding FPR and AUC for each method, dataset, and set of variables, as well
as R2 values for all combinations of normalization, transformation, and distance in the beta-diversity optimization
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Fig. 2 OTU sparsity vs. p value. Scatterplots of OTU sparsity vs p value with panels representing each differential relative abundance test method
in feces dataset A1, with 50% cases. Colored line represents the LOESS regression on data. False positive rate (FPR) is defined as the fraction of
OTUs with p < 0.05. Each differential relative abundance test represents the median FPR for that method, out of all 150 permutations. Contour lines indicate
point density and can be compared to a hypothetical null distribution of p values demonstrated in the final panel (“Random uniform”)

by increasing the raw counts of random OTUs in cases,
either multiplicatively or additively (see Fig. 1), by a
range of spike-in magnitudes, in order to measure the
relative retrieval performance between methods.
Additional file 4: Figure S3A shows the area under the
curve (AUC) value distributions of the receiver operating
characteristics (ROC) curve when using p values to
discriminate between multiplicatively spiked and nonspiked OTUs in the feces dataset A1, for all the
methods, case proportions, and magnitudes. We found
that most methods improved detection power as the
spike-in magnitudes increase, though both Wilcoxon
and metagenomeSeq ZIG (filtered) did not exhibit this
property to the same extent as the others. The multiplicative spike-in AUC distributions for the other two
datasets A2 and A3 (Additional file 4: Figure S3B, S3C)
showed very similar characteristics. Overall, the best
performance in terms of AUC was exhibited by the
sequencing-specific methods edgeR, metagenomeSeq
ZIG, and baySeq, as well as the assumption-free permutation test. The mid-level in performance was represented
by negative binomial GLM, DESeq2, and ALDEx2, whereas
t tests and Wilcoxon performed the worst. The robustness
of these methods varied greatly, with some tests yielding
AUC values below 0.5, in case of the t tests and Wilcoxon
even with a median value below 0.5 in the unbalanced tests

with case proportions at 10%. The most robust test was the
permutation test and metagenomeSeq feature model, which
only very rarely fell below 0.5 in AUC.
We repeated these analyses with additive spiking
(Additional file 5: Figure S4A, S4B, S4C), yielding very
similar results, albeit with lower variance in the distributions. We found that the methods exhibited the same
hierarchy of performance across the three datasets as in
the multiplicative spike-in tests. The best performing
models were saturated already at magnitude 10, rendering magnitude of change 20 unnecessary.
Finally, we considered a mixed spike-in setup (Additional file 6: Figure S5). In this setup, methods were not
as clearly separated in AUC values, although the same
general hierarchy was retrieved. The highest AUC values
were found in the methods edgeR, metagenomeSeq ZIG,
negative binomial GLMs, and the permutation test.
Figure 3 shows the median AUC values vs the median
FPRs, illustrating the overall performance of the various
methods in the three datasets, at the highest magnitude
(20) with multiplicative spiking.
Subsets and simulated data

We repeated the FPR (n = 11,700) and spike-in tests (n
= 117,000) to examine the relative performance of the
various methods in small- and medium-sized datasets by
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subsetting datasets A1–A3, yielding datasets of lower
sparsity (A1s–A3s and A1m–A3m) (Additional file 1:
Table S1). We found that the performance hierarchy was
very similar across all six subsets with regard to both
FPR and spike-in AUC (Fig. 4). There were some deviations from the larger sets, especially metagenomeSeq
ZIG and the permutation test performed worse in the
subsets, whereas edgeR kept a high AUC but with much
lower FPR. The distributions of FPR and AUC under all
parameter combinations can be seen in Additional file 7:
Figure S6A–D.
In the simulated dataset A4, the AUC results (n =
58,500, Additional file 8: Figure S7A–C) were nearly
identical to those from dataset A3, on which it was
based, except for baySeq, which performed worse in
dataset A4, but with very high variability.
Spike-in retrieval sensitivity to sparsity

We examined the effect of OTU sparsity on the ability of
the various methods to retrieve spiked OTUs, expressed
as the p value quantile of a spiked OTU within all p values
from a dataset, for each method, which should ideally be
as low as possible. Additional file 9: Figure S8A–C shows

that almost all methods had better detection power at low
sparsity (many positive samples), but the patterns of saturation were quite different. Additional file 9: Figure S8A
shows that most methods were primarily dependent on
the number of positive samples, with the lines from the
differently sized datasets following each other closely.
Notably, Wilcoxon tests were negatively influenced by
zero-inflation, meaning that the detection power was
decreased with dataset size for the same number of positive samples. For the smaller datasets, metagenomeSeq
ZIG and baySeq did not show better performance with
more positive samples. The filtered metagenomeSeq ZIG
and feature model had several OTUs with quantiles of 1,
since p values were filtered or not computed and therefore
set to a value of 1. Additional file 9: Figure S8B shows
sensitivity to case proportion, where almost all methods
had better performance across the range with more
balanced group sizes, though the effect was greatest for
metagenomeSeq feature model and the t test. Finally, in
Additional file 9: Figure S8C, we see that most methods
saturate faster with high spike-in magnitude. Notably, the
Wilcoxon test gains little from increased magnitudes.
Overall, the metagenomeSeq feature model seemed to
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Fig. 3 Median test AUC vs median test FPR. Scatterplots of median test area under the curve (AUC) vs median test false positive rate (FPR), for
the datasets A1–A3; three different compartments in the COPSAC2010 cohort. FPR is defined as the fraction of OTUs with p < 0.05. Dot color
represents differential relative abundance test method, while dot shape represents experiment case/control balance
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Fig. 4 Median test AUC vs median test FPR, small and medium subsets. Scatterplots of median test area under the curve (AUC) vs median test
false positive rate (FPR), for the datasets A1s–A3s and A1m–A3m; three different compartments in the COPSAC2010 cohort, with 50% case/control
proportion. FPR is defined as the fraction of OTUs with p < 0.05. Dot color represents differential relative abundance test method

saturate at the lowest number of positive samples for
across these figures, although it required at least two positive samples in each group to compute a p value, most
evident in Additional file 9: Figure S8B.
Beta-diversity optimization

We studied the effects of library size normalization,
count transformation, and distance metric on the ability
to separate biologically relevant groups in beta-diversity
analyses (Fig. 5). All analyses were significant with p <
0.001, but with large differences in R2 values. In the
feces dataset B1, the optimal separation was found in
log transformed counts using 10−5 as pseudocount
with weighted UniFrac, yielding an Adonis R2 value of
0.367. In the HMP dataset B2, the optimal was nontransformed weighted UniFrac, with an R2 value of
0.166. In the feces dataset B3, TMM normalization
was not possible due to high sparsity, and this method
was omitted from the analysis. The optimal separation
was found in log transformed counts using 10−5 as
pseudocount with weighted UniFrac, yielding an R2
value of 0.145. As a sensitivity analysis to include
TMM, we agglomerated closely related OTUs, thereby

reducing the number of OTUs and the sparsity, which
did not materially change the results, see Additional
file 10: Figure S9.
Across all three datasets, several characteristics were
very similar. The most important factor was the choice
of distance metric, with the weighted UniFrac metric
scoring the highest in terms of separation power in all
three datasets. The transformation applied to (normalized) counts was of less importance. In the feces dataset
B1, log transformations with very small pseudocounts
were best, whereas the untransformed counts were optimal in the HMP oral dataset B2. In both cases, the effects
were large. The effect of library size normalization was by
far the lowest, especially between no normalization, CSS,
DESeq2, and TMM normalization, which essentially did
not matter in terms of separation in any of the three datasets. TSS was the normalization type with the highest
impact, but it mostly changed the optimal transformation
choice, rather than improve or deteriorate the separation
power as such. These effects were very apparent when
comparing the optimal combinations of normalization,
transformation, and distance with the poorest for each
dataset, as described above, visualized with principal
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Discussion
We conducted extensive benchmarking of the most popular available methods for differential relative abundance
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(See figure on previous page.)
Fig. 5 The effect of normalization, transformation, and distance metric on beta-diversity separation. a Datasets B1–B3 (vertical panels) with all combinations of library size normalizations (horizontal panels) and count transformations (color) applied prior to the calculation of distances and use of
Adonis permanova model. Effect of design variable in question (B1—age; B2—tongue versus palate; B3—age group) measured as model R2 value.
The highest and lowest R2 values (yielding best and worst separation, respectively) are demonstrated in subplots b–g for each dataset as principal
coordinate analysis plots, colored by design variable, with overlaid prediction ellipses (B1—subplot (b, c); B2—subplot (d, e); B3—subplot (f, g)).
CSS cumulative sum scaling, TMM trimmed mean of M values, TSS total sum scaling

permuted data, often grossly overestimating the OTUwise differences between two groups, which indicates that
assumptions made by the models were not met by the
data. Intriguingly, the methods with the highest FPR also
had the highest AUC values for recovering our spiked
OTUs. Thus, the p values obtained from these methods
are very well suited to distinguish differentially abundant
OTUs from non-differentially abundant OTUs, but are
not meaningful in relation to normal thresholds for significance (i.e., 5%), instead representing an arbitrary classifier value. This problem could potentially be solved by
setting a more restrictive significance threshold, although
the value of this threshold would need to be set empirically for each dataset, for instance through a permutation
similar to the setup of this study. Even then, for some of
the methods, especially metagenomeSeq ZIG and baySeq,
we found that p values varied greatly with the sparsity of a
given OTU, meaning that this empirical cutoff value
should not be the same in all OTUs but, to some extent,
depend on the sparsity of that OTU to accurately reflect
the null distribution. It has to be noted that baySeq was
run with the default negative binomial prior distribution,
but allows the user to define a custom parameterization
for the prior, which could improve the performance of
baySeq in this regard. We have not explicitly addressed
pre-inference filtering, which is a common practice to
reduce the strain of correction for multiple inference.
However, we have examined the effects of metagenomeSeq ZIG’s recommended filtering step. We found that this
filtering removed the most sparse/rare OTUs, which ameliorates the abovementioned dependence of p values on
sparsity. However, it is a very conservative filtering, which
could also be applied to any of the other methods, and
does not fix the underlying problems with the fit of the
statistical model. Indeed, many rare OTUs could be truly
differentially abundant in many types of studies. We have
analyzed crude p values across all methods, and not explicitly corrected p values for multiple inference, leaving the
expected null FPR at 0.05. This correction is a necessary
step in most situations and is often done by controlling
the false discovery rate using the Benjamini-Hochberg
approach [28] or the familywise error rate using, e.g., the
Bonferroni correction [29]. However, this step is independent of model choice and should be applied regardless
of which method is used to obtain p values, which makes
it irrelevant in our study setup.

The inclusion of a permutation test is not meant as a
recommendation or novel method, but it proves an
interesting comparison as it is simple, extremely robust,
and has good detection power, such that it far outperforms the other simple methods—t test and Wilcoxon. It
should be noted that the many ties in sparse data may
disproportionately limit the maximum statistical power
of rank-based tests such as the Wilcoxon test (illustrated
in Additional file 12: Figure S10), which was also evident
in Additional file 9: Figure S8A–C.
Furthermore, under some circumstances, the t test
produced AUC values that were below 0.5, i.e., worse
than random performance. As can be seen from the
contour lines in Fig. 2, this occurred due to the t test
producing too low p values at extreme levels of sparsity,
where only one sample was positive, which overpowered
the p value decrease from the weaker spike-in magnitudes as these were selected to represent low, medium,
and high levels of sparsity. Naturally, this phenomenon
can be attributed to unmet distributional assumptions in
the data.
The AUC statistic is usually employed as a measure of
separation, e.g., how well does a certain biomarker
distinguish between healthy and sick. However, it can
also be used as a scale-independent enrichment statistic,
as in the present study. Importantly, at low spike-in
magnitudes, AUC values should not be expected to be
close to 1 but should rather be used to compare power
between different methods.
We repeated the analyses in small- and medium-sized
datasets, since many researchers opt for smaller, balanced
designs when testing specific experimental hypotheses.
These results showed that some methods performed
worse (permutation test, metagenomeSeq ZIG), while
others improved (edgeR) when compared to the results
from the large datasets. This phenomenon may be linked
to the decreased sparsity of these smaller sets, as described
in Additional file 1: Table S1, due to a lower amount of
rare taxa compared to common taxa, in addition to the
differences in statistical power of the methods given low
sample sizes, which may limit real-world applications.
Previously, the optimal library size normalization for
beta-diversity measures have been thoroughly discussed,
and count transformations have been recognized as important approaches for optimally separating biologically
meaningful groups [7, 13, 30–32]. Our results highlight
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the importance of carefully considering which normalizations, count transformations, and distance metrics
should be applied to identify the best separation in the
beta-diversity space. In particular, the relative impact of
these three factors has been elucidated. Generally, we
found that library size normalization is the least important
of the three. Especially the difference between no
normalization, CSS, DESeq2, and TMM normalizations
was negligible in all three datasets. TSS normalization was
the most different from the others, but mostly changed
the optimal transformation choice rather than improve or
deteriorate the separation, which highlights the importance of choosing an appropriate pseudocount relative to
the scale of the data when using log transformations.
Count transformations did not necessarily improve separation but was very impactful in all cases. The effect of a
log transform is down-weighting of high-abundant taxa
and up-weighting of low-abundant taxa, which is a pivotal
consideration in terms of expected abundance levels of
taxonomic differences between groups in a study. The
most important factor was the choice of distance metric.
In all of our examples, the best separation was found with
the weighted UniFrac metric. However, this study was not
designed to infer which distance metric is best, as this will
depend on the data, but rather the relative importance of
these three factors. It should also be noted that R2 values
for presence/absence distance metrics such as unweighted
UniFrac may be inherently limited by sparsity and rare
taxa. Additionally, the problems with increasing sparsity
in large datasets observed in the taxon-wise DA tests
should not affect beta-diversity tests, since pairwise
sample-wise distances do not depend on taxa absent from
both samples.
It is a strength of the study that we, through a large
amount of computations, have generated results from
combinations of parameters of relevance to the field,
namely statistical method, normalization method, case/
control ratio, sample size, and spike-in magnitude. It is
also a strength of this study that our analyses are
conducted on large and biologically diverse human
microbiome data. Many large-scale microbiome studies
are being conducted and planned presently, with diverse
human ecological niches represented. Thus, it is important to survey different body sites, since the uniquely
different microbial compositions present may influence
the distributional characteristics of the resulting datasets.
While the results presented here derive from biological
data, our results from the spike-in analyses rely on in
silico spike-ins, rather than actual biological signals or
wet-lab spike-ins. This approach is both a strength and a
limitation, in that it allows very precise manipulation
and complete control throughout the experiment, as
well as the opportunity for nearly limitless repetition to
examine well-resolved distributions of the parameters of
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interest. Conversely, it does not represent an actual biological signal, and manipulating the data may skew certain
distributional qualities present, such as the inherent count
ratios between OTUs. Though not feasible in this study, future studies could conduct wet-lab spike-ins to track and
compare detection power between packages. However,
great care must be taken to control the relative concentrations of original content vs. spike-in content, especially in
the case of rare OTUs. Hence, this approach also poses
many potential issues that may lead to skewed data not
accurately reflecting true biological changes.
In previous studies, the best way to account for variation
in library sizes has been discussed with a primary focus on
the procedure of rarefying counts that is random withinsample resampling of counts without replacement to an
even sequencing depth across all samples [12]. This prevalent approach has been criticized due to discarding of valid
data, but others argue that it can be the optimal method in
some situations, as uneven library sizes disproportionately
affects unweighted distance measures and presence/
absence analyses [13]. Since the topic of rarefaction already
has been debated in detail, and is currently regarded
unfavorably, we chose not to include it in this study.

Conclusion
This study represents an independent attempt to benchmark various methods for differential relative abundance
analysis of count-based microbiome datasets, using real
biological large-scale datasets. The results presented here
warrant an increased awareness of the potential for spurious findings in differential relative abundance analyses. 16S
data poses problems to both parametric and nonparametric
statistical models, and new methods should explicitly
account for sparsity, which is increased in large datasets.
Considering the results presented here as a whole, we
recommend researchers choose tools for detecting DA that
exhibit low false positive rates, that have good retrieval
power across effect sizes and case/control proportions, and
that are not biased for these parameters at differing levels
of (high) sparsity: metagenomeSeq feature model and the
basic permutation test both fulfill these criteria for large
and small datasets, and edgeR for small datasets. When
exploring beta diversity of microbiome data, analysts should
carefully consider their choice of count transformation and
distance metric, the latter having the largest impact on
results. We have provided all source code and source data
necessary to reproduce the results presented in this study,
including random seeds for random processes. This will
allow other investigators to verify and expand upon our
results and aid in selecting the optimal analysis methods
given the unique characteristics of their own data. The
comparisons can easily be extended to analysis methods
not covered in this paper, ensuring that computation time,
rather than coding time, should be the main limiting factor.

Thorsen et al. Microbiome (2016) 4:62

Methods
Sample collection and preparation

For dataset A1, A2, A3, and B1, the primary sample
materials were collected from the COpenhagen Prospective Studies on Asthma in Childhood 2010 (COPSAC2010) mother-child cohort, following 700 children
and their families from pregnancy into childhood, as
previously described in detail [33]. In this study, we used
fecal samples collected at ages 1 week (n = 95), 1 month
(n = 361), and 1 year (n = 622); vaginal swabs collected at
week 36 of pregnancy (n = 670); and hypopharyngeal
aspirates (n = 144) collected at acute wheezy episodes in
children with persistent wheeze aged 1–3 years, using a
soft suction catheter passed through the nose. DNA was
extracted using MoBio PowerSoil kits on an EpMotion
5075, amplified using a two-step PCR reaction with forward and reverse 16S V4 primers, and sequenced using
250bp paired-end sequencing on an Illumina MiSeq. A
full description of the laboratory workflow and the bioinformatics pipeline is available in the Additional file 13.
To examine effects in smaller datasets, we subset datasets A1, A2, and A3 into 16 (small) and 50 samples
(medium) by random sampling with recorded random
seeds, resulting in datasets A1s–A3s and A1m–A3m.
Additionally, we created a simulated dataset A4 by independent resampling of all OTUs across samples, without
replacement, of dataset A3.
Additionally, for dataset B2, we used public data from the
Human Microbiome Project [34], testing separation ability
between the tongue dorsum (n = 316) and hard palate (n =
301) 16S V3-5 samples (http://hmpdacc.org/HMQCP/).
For dataset B3, we used data from Pop et al. [35],
downloaded from Bioconductor (http://bioconductor.org/
packages/release/data/experiment/html/msd16s.html), testing separation between age groups 0–6 months (n = 112),
6–12 months (n = 308), 12–18 months (n = 173), 18–
24 months (n = 146), and 24–60 months (n = 253).
To reduce sparsity of dataset B3, chimeras were
rechecked using USEARCH v7.0.1090 [36] against the
gold database [37], and 3624 chimeras (listed in
Additional file 14: Table S2) were removed from the
OTU table. Since a phylogenetic tree file was not
published along with the OTU table and sample
metadata from this paper, we built one using the
supplied reference sequences as described in the “Bioinformatics” section of the Additional file 13. Due to
issues with TMM normalization of this dataset (see
the “Results” section), we agglomerated similar OTUs
to reduce the sparsity as a sensitivity analysis. This
was achieved by computing pairwise phylogenetic
distances using the tree and grouping together all
OTUs who were closer to each other than the 0.001
quantile of the distance distribution, see Additional
file 1: Table S1. The OTUs were merged with the
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merge_taxa function in the R package phyloseq [38],
using the OTU with the highest sum of counts as
archetype.
Differential relative abundance testing

We selected several widely used methods for differential
relative abundance testing to apply on the datasets, using
built-in library size normalization, default parameters,
and testing as applicable for each method. All tests were
conducted using the statistical software package R [39]
and parallelized using custom bash scripts with GNU
parallel [40]. The source code for all testing procedures
is available in an online repository. The selected
methods and associated transformation steps were as
follows:
! metagenomeSeq ZIG [7]: using raw counts,

!

!
!

!

!

!

!

!
!

cumulative sum scaling (CSS) was applied with
the quantile supplied by cumNormStat. Testing
was done using fitZig.
metagenomeSeq ZIG, filtered: as above, but
discarding all OTUs below median effective sample
size (supplied by the fitZig model), as recommended
by the authors in the package vignette.
mgS featureModel: as with metagenomeSeq, but
using fitFeatureModel to test, rather than fitZig.
baySeq [17]: using raw counts, two models were
defined; no changes and cases vs controls. Library
sizes were supplied to the object. Priors were
estimated with the negative binomial distribution
before estimating likelihoods for cases vs controls.
P values were defined as 1-likelihood.
DESeq2 [15]: using raw counts, geometric means
were calculated manually and supplied to the
estimateSizeFactors function. Standard testing was
invoked with DESeq.
edgeR [16]: using raw counts, normalization factors
were calculated with trimmed mean of M values
(TMM), common and tagwise dispersions were
estimated, and testing was done with exactTest.
Negative binomial generalized linear model (GLM):
using raw counts, a model was fitted to each OTU
with glm.nb from the MASS package [41], using log
(library size) as offset and cases vs controls as the
only dependent variable.
t test: counts were transformed to relative
abundances, before applying the R built-in t.test
function using default parameters, including the
Welch/Satterthwaite approximation to degrees of
freedom due to possibly unequal variances.
Log t test: as above, but counts were log
transformed first, with a pseudocount of 1.
Wilcoxon: counts were transformed to relative
abundances, before applying the R built-in
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Mann-Whitney/Wilcoxon rank sum test with
wilcox.test using default parameters.
! Permutation: a simple custom permutation test was
written and applied to counts normalized to relative
abundances.
a" test statistic was computed as log
! mean counts inFirst,
4
cases 2
mean counts in controls . Next, 10 permutations of this
test statistic was calculated by random resampling of
all cases and controls without replacement to
empirically estimate the null distribution of each
OTU. The p value associated with an OTU was
calculated as the proportion of permuted test statistics
equal to or greater than the real test statistic.
! ALDEx2 [19]: raw counts were supplied to the aldex
function, using 32 Monte Carlo samples, and both the
Welch t test (we.ep) and Wilcoxon (wi.ep) p values
were used.
If a method did not return a p value for any given
OTU, it was set to 1.
False positive rates

Unannotated OTU tables were tested for FPR by randomly
selecting samples as cases or controls, thus assuring the
null hypothesis, with varying case proportions of 10, 25, or
50%, and subsequently applying all the abovementioned
DA methods. This was repeated 150 times using unique
recorded random seeds, identical between methods. A false
positive was defined as an OTU with a crude p value below
0.05. The FPR was defined as number of false positive
OTUs/total number of OTUs.
Spike-in retrieval performance

Unannotated OTU tables were randomized as described
above. Then, five random OTUs from each relative abundance tertile were modified (“spiked”) with a given magnitude, only in cases, to induce a signal in the data. Only
OTUs present in at least one of the assigned case samples
were eligible. Spiking was done either by multiplying
counts by a given magnitude (multiplicative), multiplying
by a range of magnitudes (mixed multiplicative), or adding
the mean proportion of nonzero counts multiplied by a
magnitude to all non-zero counts (additive). After spiking,
samples were rescaled to original sequencing depth. This
was repeated for the magnitudes 0.5, 2, 5, 10, and 20 for
multiplicative and 0.5, 2, 5, and 10 for additive, with the
case/control proportions 10, 25, and 50%. All DA methods
were applied, and p values were obtained as described
above. This was repeated 150 times for all combinations
of case proportion, spike method, magnitude, and method
on each dataset. The area under the receiver operating
characteristic curve (AUC) value was calculated using raw
p values, assuming they were lower in spiked vs. nonspiked OTUs, with the “pROC” package [42].
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Beta-diversity optimization

To assess the effects of normalization, transformation,
and distance metrics on the ability of beta-diversity
analysis to distinguish between groups, we selected datasets with less-than-perfect separation by a particular
design variable. Next, datasets were subjected to different normalization methods (none (included as baseline),
total sum scaling/relative abundance (TSS), metagenomeSeq’s cumulative sum scaling (CSS), edgeR’s trimmed
mean of M values (TMM) and DESeq2’s size factors), and
transformations (natural logarithm with pseudocount 1,
0.01, and 0.0001, square root, and cubic root). In case of
pseudocounts below one, all post-transformation values
were corrected by subtracting the log of the pseudocount,
effectively preserving zeroes from the original counts.
Finally, selected distance metrics were applied (Bray-Curtis,
Euclidean, Jensen-Shannon Divergence, UniFrac, weighted
UniFrac) to provide beta-diversity distance matrices from
all these combinations. Jensen-Shannon Divergence,
UniFrac, and weighted UniFrac are independent of
normalization by design and were only computed once
per dataset and transformation. We then fitted a
distance-based permutation multiple analysis of variance (PERMANOVA) model (Adonis from the R package vegan [43]) to assess the separation power of the
given design variable in the dataset, measured as an Rsquared value. In datasets B1 and B2, where the design
included repeated measurements, these were supplied
to the model in the strata argument. All data handling
and distance calculations were done using the statistical software package R [39] with the add-on package
phyloseq [38]. All plots were produced with the package ggplot2 [44].

Additional files
Additional file 1: Table S1. Overview of the datasets used in the study.
Sampling and data characteristics of the seven datasets used in the
study, A1–A4 for the false positive rate and spike-in retrieval tests and
B1–B3 for the beta-diversity optimization tests. (XLSX 5 kb)
Additional file 2: Figure S1. Data characteristics for feces dataset A1.
(A) Dot plot overview of the dataset; black if an OTU was present, blank if
not present in a given sample. Sparsity in the dataset is 90.8%. (B) Library
size distribution showing differences of several orders of magnitude. (C)
Mean-variance relationship showing overdispersion, i.e., higher variance
than mean value of a given OTU. (PDF 504 kb)
Additional file 3: Figure S2. A. False positive rate distributions for
datasets A1–A3. Violin plot of distributions of false positive rate (FPR) in
150 iterations for each case proportion in datasets A1–A3 (vertical
panels), analyzed with all differential relative abundance methods
(horizontal panels). FPR is defined as the fraction of OTUs with p < 0.05.
P values were not corrected for multiple testing. Black dots represent
medians in each distribution. B. False positive rate distributions for
dataset A4. Violin plot of distributions of false positive rate (FPR) in 150
iterations dataset A4, analyzed with all differential relative abundance
methods (horizontal panels). FPR is defined as the fraction of OTUs with
p < 0.05. P values were not corrected for multiple testing. Black dots
represent medians in each distribution. (ZIP 649 kb)
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Additional file 4: Figure S3. A. Area under the curve distributions for
multiplicative spike-ins in dataset A1. Violin plot of distributions of area under
the receiver operating characteristic curve (AUC) for spiked vs non-spiked p
values from differential relative abundance (DA) tests. AUC distributions from
150 iterations for each combination of spike-in magnitude and case
proportion (vertical panels) in dataset A1, analyzed with all differential
relative abundance methods (horizontal panels). Black dots represent
medians in each distribution. B. Area under the curve distributions for
multiplicative spike-ins in dataset A2. Violin plot of distributions of
area under the receiver operating characteristic curve (AUC) for
spiked vs non-spiked p values from differential relative abundance
(DA) tests. AUC distributions from 150 iterations for each combination
of spike-in magnitude and case proportion (vertical panels) in dataset
A2, analyzed with all differential relative abundance methods (horizontal
panels). Black dots represent medians in each distribution. C. Area under the
curve distributions for multiplicative spike-ins in dataset A3. Violin plot of
distributions of area under the receiver operating characteristic curve (AUC)
for spiked vs non-spiked p values from differential relative abundance (DA)
tests. AUC distributions from 150 iterations for each combination of spike-in
magnitude and case proportion (vertical panels) in dataset A3, analyzed
with all differential relative abundance methods (horizontal panels). Black
dots represent medians in each distribution. (ZIP 2685 kb)
Additional file 5: Figure S4. A. Area under the curve distributions for
additive spike-ins in dataset A1. Violin plot of distributions of area under the
receiver operating characteristic curve (AUC) for spiked vs non-spiked p
values from differential relative abundance (DA) tests. AUC
distributions from 150 iterations for each combination of spike-in magnitude
and case proportion (vertical panels) in dataset A1, analyzed with all
differential relative abundance methods (horizontal panels). Black dots
represent medians in each distribution. B. Area under the curve distributions
for additive spike-ins in dataset A2. Violin plot of distributions of area under
the receiver operating characteristic curve (AUC) for spiked vs non-spiked p
values from differential relative abundance (DA) tests. AUC distributions from
150 iterations for each combination of spike-in magnitude and case
proportion (vertical panels) in dataset A2, analyzed with all differential
relative abundance methods (horizontal panels). Black dots represent
medians in each distribution. C. Area under the curve distributions for
additive spike-ins in dataset A3. Violin plot of distributions of area
under the receiver operating characteristic curve (AUC) for spiked vs
non-spiked p values from differential relative abundance (DA) tests.
AUC distributions from 150 iterations for each combination of spike-in
magnitude and case proportion (vertical panels) in dataset A3, analyzed
with all differential relative abundance methods (horizontal panels). Black
dots represent medians in each distribution. (ZIP 2183 kb)
Additional file 6: Figure S5. Area under the curve distributions for
mixed multiplicative spike-ins in datasets A1–A3. Violin plot of distributions of
area under the receiver operating characteristic curve (AUC) for spiked vs nonspiked p values from differential relative abundance tests. AUC distributions
from 150 iterations for each case proportion in datasets A1–A3 (vertical
panels), analyzed with all differential relative abundance methods (horizontal
panels). Black dots represent medians in each distribution. (PDF 588 kb)
Additional file 7: Figure S6. A. False positive rate distributions for
datasets A1s–A3s and A1m–A3m. Violin plot of distributions of false
positive rate (FPR) in 150 iterations for datasets A1s–A3s and A1m–A3m
(vertical panels), analyzed with all differential relative abundance methods
(horizontal panels). FPR is defined as the fraction of OTUs with p < 0.05.
P values were not corrected for multiple testing. Black dots represent
medians in each distribution. B. Area under the curve distributions for
multiplicative spike-ins in datasets A1s–A3s and A1m–A3m. Violin plot of
distributions of area under the receiver operating characteristic curve
(AUC) for spiked vs non-spiked p values from differential relative abundance
(DA) tests. AUC distributions from 150 iterations for each multiplicative
spike-in magnitude in datasets A1s–A3s and A1m–A3m (vertical panels),
analyzed with all differential relative abundance methods (horizontal panels).
Black dots represent medians in each distribution. C. Area under the curve
distributions for additive spike-ins in datasets A1s–A3s and A1m–A3m. Violin
plot of distributions of area under the receiver operating characteristic curve
(AUC) for spiked vs non-spiked p values from differential relative abundance
(DA) tests. AUC distributions from 150 iterations for each additive spike-in
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magnitude in datasets A1s–A3s and A1m–A3m (vertical panels), analyzed
with all differential relative abundance methods (horizontal panels). Black
dots represent medians in each distribution. D. Area under the curve
distributions for mixed multiplicative spike-ins in datasets A1s–A3s
and A1m–A3m. Violin plot of distributions of area under the receiver
operating characteristic curve (AUC) for spiked vs non-spiked p values
from differential relative abundance (DA) tests. AUC distributions from
150 iterations for mixed multiplicative spike-in magnitudes in datasets
A1s–A3s and A1m–A3m (vertical panels), analyzed with all differential
relative abundance methods (horizontal panels). Black dots represent
medians in each distribution. (ZIP 4027 kb)
Additional file 8: Figure S7. A. Area under the curve distributions for
multiplicative spike-ins in dataset A4. Violin plot of distributions of
area under the receiver operating characteristic curve (AUC) for
spiked vs non-spiked p values from differential relative abundance
(DA) tests. AUC distributions from 150 iterations for each combination
of multiplicative spike-in magnitude and case proportion (vertical
panels) in dataset A4, analyzed with all differential relative abundance
methods (horizontal panels). Black dots represent medians in each
distribution. B. Area under the curve distributions for additive spike-ins in
dataset A4. Violin plot of distributions of area under the receiver operating
characteristic curve (AUC) for spiked vs non-spiked p values from differential
relative abundance (DA) tests. AUC distributions from 150 iterations for each
combination of additive spike-in magnitude and case proportion (vertical
panels) in dataset A4, analyzed with all differential relative abundance
methods (horizontal panels). Black dots represent medians in each distribution.
C. Area under the curve distributions for mixed multiplicative spike-ins in
dataset A4. Violin plot of distributions of area under the receiver operating
characteristic curve (AUC) for spiked vs non-spiked p values from differential
relative abundance (DA) tests. AUC distributions from 150 iterations for each
case proportion (vertical panels) in dataset A4, analyzed with all differential
relative abundance methods (horizontal panels). Black dots represent medians
in each distribution. (ZIP 1831 kb)
Additional file 9: Figure S8. A. Spike-in retrieval as a function of number
of positive samples, by dataset size. Aggregated results across 150 iterations
of multiplicative spike-ins of magnitude 5 with 50% cases, in datasets A1,
A1s, and A1m. Each dot represents a spiked OTU. The Y-axis displays its p
value quantile (0 is lowest p value, 1 is highest p value) within that DA run,
and the X axis shows how many samples are positive (nonzero) for that
OTU. Results from the three datasets are overlaid with different colors and
faceted by statistical method. B. Spike-in retrieval as a function of number
of positive samples, by case proportion. Aggregated results across 150
iterations of multiplicative spike-ins of magnitude 5 with 10, 25, or 50%
cases, in dataset A1. Each dot represents a spiked OTU. The Y-axis displays
its p value quantile (0 is lowest p value, 1 is highest p value) within that DA
run, and the X axis shows how many samples are positive (nonzero) for that
OTU.
Results from the three case proportions are overlaid with different colors,
and faceted by statistical method. C. Spike-in retrieval as a function of
number of positive samples, by spike-in magnitude. Aggregated results
across 150 iterations of multiplicative spike-ins of magnitudes 0.5, 2, 5, 10,
and 20 with 50% cases, in dataset A1. Each dot represents a spiked OTU.
The Y-axis displays its p value quantile (0 is lowest p value, 1 is
highest p value) within that DA run, and the X axis shows how
many samples are positive (nonzero) for that OTU. Results from the
different spike-in magnitudes are overlaid with different colors, and
faceted by statistical method. (ZIP 16398 kb)
Additional file 10: Figure S9. The effect of normalization,
transformation, and distance metric on beta-diversity separation in the
modified dataset B3. Dataset B3 modified by grouping of several OTUs,
reducing the dataset to 8770 OTUs. All combinations of library size
normalizations (horizontal panels) and count transformations (color)
applied prior to calculation of distances and use of Adonis permanova
model. Effect of age group measured as model R2 value. The highest and
lowest R2 values (yielding best and worst separation, respectively) are
demonstrated in subplots B & C as principal coordinate analysis plots,
colored by design variable, with overlaid prediction ellipses. CSS
cumulative sum scaling, TMM trimmed mean of M values, TSS total
sum scaling. (PDF 124 kb)
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Additional file 11: Table S3. Summary of benchmark performance for
included tools. (PDF 32 kb)

Agency (COPSAC2010: 2015-41-3696). Both parents gave written informed
consent before enrollment.

Additional file 12: Figure S10. The lowest obtainable p values from a
Wilcoxon rank sum test depend on sample size and sparsity. Overview of
the lowest p value theoretically obtainable using optimal conditions for a
given sample size and level of sparsity. Optimal conditions refer to (a)
50% cases, i.e., n1 = n2, (b) only nonzero counts in one of the groups,
limited by level of sparsity, (c) no ties between nonzero counts. One
sided p values from normal approximation shown. Since the p value only
depends on the rank distribution, the actual count values do not matter.
Color of the lines indicates level of sparsity; dotted red line corresponds
to p = 0.05. (PDF 9 kb)
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ABSTRACT
Horisontal gene transfer (HGT) is an important mechanism for bacteria to adapt to the environment.
HGTallows bacteria to quickly embed DNA needed to respond to environmental change. This can
impact the environment and human health, as demonstrated by the antibiotics resistance crisis.
Mobile functionality is not limited to resistance genes, but can be metabolic or structural. We have
developed tools facilitating the identification of genes associated with mobile genetic elements thus
potentially identifying key responders to environmental changes.
The current work presents software to explore functionality originating from mobile elements.
Metagenomic contigs are scanned with curated databases of transposases to identify likely
recombination loci. From this mobile frames are defined and the functionality contained in t hese are
analysed for enrichment and co-occurrence of elements. Finally we implement statistical models to
identify candidate functionality that is likely to have an impact on outcomes and found in mobile
frames
We apply the tools to two datasets. The first is a soil metagenome generated from a long-term copper
contaminated site as well as a control soil, in which we identify elements related to transport and
stress response. Second, we use the publically available metagenome set of patients suffering from
Ulcerative Colitis (UC) to identify thiamine synthesizing domains in the mobile pool as associated with
UC. Both datasets had highly significant hits of unknown function.
INTRODUCTION
The terminology “synteny” was first coined by JH Renwick in 1971 when mapping the Human genome
(1) and originally referred to t he genetic linkage bet ween loci positioned on the same chromosome.
The definition has since evolved, and now refers to gene loci on a chromos omal region in different
organisms sharing common evolution ancestry (2).
Mobile genetic elements (MGE) play a crucial role in a diverse set of contexts, no matter the mode, be
it conjugation, transduction or transformation. Potentially conferring novel phenotypes to the recipient,
they are often the basis for the rapid spread of antibiotic resistance in clinical and agricultural
settings(3,4). They can have big impacts on the bacterial interaction with the environment. For
instance, it was recently shown that phage-induced inhibition of CO2 fixation could impact primary

productionof biomass more than “the sum of all coral reefs, salt marshes, estuaries, and marine
macrophytes on Earth” (5). MGEs are also important for bacterial evolution (6,7).
The case of antibiotics resistance has demonstrated clearly that mobility can enhance the spread of
bacterial traits harmful to human health. After having sequenced the human genome and completed
Genome Wide Associations studies, it has emerged that for several diseases genetics can only
explain a low percentage of the variance. Attention has turned to the microbiome for finding factors
that are directly responsible for disease as well as microbiome members that enhance penetrance of
genetic variance, and several studies have suggested interactions between genetics and the
microbiome (8-10). Analogous to the antibiotics case, mobilisation and spread of bacterial traits might
be affecting disease-presenting populations.
Various methods have been developed to study the fraction of the DNA pool that is mobile with wetlab
methods, many relying on enriching or selecting smaller circular elements by rolling circle
amplification(11). This has produc ed new insights into the functional genes carried on these elements,
such as antibiotics- and heavy metal resistance(12).

As the number of sequenced prokaryotic genomes has been steadily growing over the last years,
algorithms and computational tools were concomitantly developed to carry on synteny
investigations (see Deniélou et al (13) for a review). For metagenomics there has been several
attempts at identifying mobile elements, both by searching against databases (14), extracting
information from the assembly graphs, and categorizing elements from metagenomics binning (15)
The recent advent of DNA sequencing as a tool for studying bacterial populations and their
interactions with their environment and hosts has opened up new possibilities of studying microbial
function at a large scale. Major metagenome projects such as MetaHit and the Human Microbiome
Project has found associations between microbiome and wide range of diseases(16), while the Earth
Microbiome Project has found that microbiome both impact and are impacted by their local
environment(17).
In this work we develop software to characterize the functionality of mobile genetic elements and
identify candidates for further investigation into bacterial impact on their environment. The chosen
strategy is to identify transposases and integrases, instigators of horizontal gene transfer, in
metagenomic contigs by Hidden Markov Models (HMMs) of these elements curated from the literature
and characterize the functionality that are physically adjacent to it. We define the concept of open and
closed frames to denote collections of protein sequences that are next to or enclosed in two
transposase annotated genes.
Based on orthologue clustering of the proteins in the contigs we group proteins into functional groups.
Based on this, the software offers functionality for identifying functions enriched in frames compared
to the background contigs. Additionally the software provides statistical integration with expression or
abundance matrices, allowing the user to identify candidate functionality that interacts with being
found in a mobile context and being associated with sample groups , disease-status or environmental
characteristics. Finally a network based approach allows the identification of functionality that is often
carried together in mobile frames.
We illustrate the use of the software by analyzing a metagenome from a long-term copper
contaminated soil and the publically available Metahit data, and demonstrate how the exploration of
functional content can be used to generate hypotheses.

MATERIAL AND METHODS

Implementation
SYNTENY is implemented in python2 with the following dependencies: igraph, numpy, pandas, scipy,
and, statsmodels.
The provided tools can perform the analyses for various annotation sources. E nrichment can be
analysed for eg. pfam domains, KOs or GO terms.
The script integrate_synteny.py takes annotations from various sources, in two different classes
Horisontal Gene Transfer Instigators (HGTi) annotations or functional annotations. The HGTi class is
used downstream to aggregate HGTis of all origins into determination of mobile frames.
For identifying frames the script find_frames.py is provided. This will search contigs for open frames,
protein windows (by default 10, possibly overlapping, proteins long) adjacent to HGTi elements on the
3’ and 5’ sides. Assignments to frames are terminated if ribosomal elements are identified as
indicated by the GO term of the Pfam assignment containing the string “ribosom”. Closed frames,
functional genes enclosed by two HGTi elements, less than 20 genes in size by default will also be
extracted in the same format for downstream analysis. The HGTi genes themselves are stripped from
the frame prior to downstream analyses.

SYNTENY database
To effectively annotate ORFs for identification of frames a helper script is provided to construct a
custom database. This database is the concatenation of the Pfam database (18), the tnppred
database (19), and an entry from TIGRFAM HMM collection (20), an HMM model of an integron.
This concatenated database is constructed to resolve ambiguities in HMM search between different
databases, as comparison of hits based on e-values should be based on databases of the same size.
For computational reasons annotations were done with hmmsearch (http://hmmer.org/). Besides the
default e-value filter we used the gathering thresholds embedded in the Pfam models to filter hits,
where possible. Certain domain hits were validated as previously observed in a mobile context by
searching the domain against the ACLAME (21) database using the gathering threshold cut-off.

Enrichment analysis
Enrichment analysis of frame functional content is reported in terms of Odds Ratios (OR), calculated
based on the number of times proteins with a tag of interest appear either in a mobile frame context or
in the remaining background set of proteins.
SYNTENY offers two methods for assessing significance. The first is a simple one-sided permutation
test, permuting the labels of frame/background, recalculating the OR, and after the desired number of
permutations calculating the number of times the OR were lower than the observed OR.

The second method uses Fishers exact test, as implemented in Scipy for providing a p-value. The pvalue computed is one-sided as we are only interested in in-frame enrichment.
For many practical applications we recommend the second option as in practice the number of
permutations required to converge towards the p-value can be quite large and thus the procedure is
slow.
Abundance interaction modelling
Interaction modelling is performed by treating the abundance of every protein annotated to the tag of
interest as an observation, and performing a linear regression of the following form:
Abundance = Beta1*Obs + Beta2*Group+Beta3*Obs*Group + residual
Where “Obs” contains either “background or “frame” and Group contains “group1” or “group2”.
We minimally require 5 observations in each group to model a tag. Abundances were log-transformed,
as this gave the best overall model fit, when tested on a broad range of models.
The significance is determined by the p-value for the Beta3 coefficient alone and is set at 0.05. The
software provides p-values adjusted by either Bonferroni or Benjamini-Hochberg (BH) corrections. All
reported p-values were corrected using BH.
Statistical validation of the abundance interaction modelling
Two types of analyses were carried out to ensure the modelling performs well when faced with
several anticipated problems such as heterogeneous response distributions for proteins and
imbalanced number of observations. These were false discovery rate assessment and power
calculations.
Assessment of the false discovery rate was performed by permuting the data under various schemes
and re-computing the p-value. P-values should be homogenously distributed under the null
hypothesis, and the proportion of significant p-values should be less than 0.05. To assess sensitivity
to the modelled factors permutation proceeded in three schemes: Randomisation of both variables
and individual randomization. 23 models of orthologues from the Hygum soils were permuted with the
three schemes a 1000 times each.
Power analysis
Power analysis of linear models attempts to elucidate the relationship between the number of
samples and the power of a model to detect significant differences with noisy data. To do this ,
assumptions needs to be made about the effect size and residual distribution. We picked these
parameters from a model of the top hit in terms of significance so that we could explore the effect of
having fewer observations on a strong effect. We chose to do the power analysis by means of
simulation. This strategy generates new abundance observations by filling numbers into the linear

equation described previously. The Beta coefficients are given by the previously assumed model, as
well as the distribution of residuals that we randomly sampled from a normal distribution. In addition
we wanted to explore the effect of the proportion of observations in frame, and we randomly sampled
this proportion from a binomial distribution. 10000 samples were drawn.
Network clustering
For identification of co-occurring functional elements we implemented a weighted network based
strategy. Each chosen functional unit (De novo orthologue, Pfam domain, KEGG orthologue, etc.) is
modelled as a node. Edges between the nodes are defined as the sum of distances that the units
have been found from each other within a frame context. In order to weight physically closer elements
higher, the weights were defined as 1-(distance/frame length). This ensures that highly connected
elements appearing close together are represented as a densely connected subnet. For identification
of dense subnets we used the python igraph implementation of the fastgreedy algorithm (22). This
computationally efficient algorithm ensures that the detection can scale to potentially very large
networks.
Datasets
We study two applications of the tool, both in various metagenomes. One is a soil dataset, the other is
from a human metagenome.
Generation of the Hygum soil dataset has been described in [The other paper]. Briefly, 6 samples
from a control spot and a heavily contaminated spot respectively were taken. The contaminated site
had a copper concentration of ~4500 mg/kg and has previously been described in detail in Nunes et
al. (23). The DNA was extracted and sequenced on Illumina Hiseq. Reads were quality
filtered ,trimmed and assembled with Ray (24). ORFs were called with Prodigal(25).
From the the Metahit human metagenome catalogue, predicted amino acid sequences and their
associated metagenomics abundances from Ulcerative Colitis (UC) subset has been generously
uploaded to http://www.cbs.dtu.dk/databases/CAG/ in support of Nielsen et. al (15).
The proteins and abundances were downloaded. All proteins from ~27k contigs longer than 10 genes
in length were extracted. This subset of genes were clustered and annotated.
Orthologue clustering
For computational reasons we use two different strategies for orthologue identification. Because “all
vs all” searches scale poorly, we use a more exact strategy for the smaller protein set and a more
approximate for the large set. For the smaller Hygum protein set we compute alignments with
ssearch36 (26), while for the larger MetaHit the search was performed with diamond blastp (27),
using the “–more-sensitive” option.
The hits from the two approaches were filtered by how well the alignment was covered as in (28).
Finally Markov clustering (29) were run with unweighted edges to obtain orthologues.
KEGG annotation

For the Hygum dataset called ORFs were searched against the KEGG 2014 release genes database
(30) with diamond (27) using the “–more-sensitive” option and the top hit was used to translate to a
Kegg Orthologue using the provided mapping file (ko_gene.txt).
For the Metahit dataset the KO annotations can be found on the aforementioned website.
Methodological details about the annotation can be found in (15)

RESULTS
Statistical validation of the abundance interaction modelling
Classic linear regression diagnostic plots are shown for a representative selection of 5 models in
figure 2A and B. A shows the fitted values against the residual which is traditionally used to evaluate
the residuals for all combinations of dummy variable levels. There are no obvious trends, but it should
be noted that there is some minor discrepancies in the variance of the factor levels. Figure 2B shows
a QQ plot of the same 5 models. The QQ plot is used to evaluate the distribution of residuals against
a theoretical distribution. While the overall trend is linear there is some notable deviation at the tail
end of the distribution.
To evaluate the severity of the noted deviations from model assumptions simulations were performed
to asses false discovery rate (FDR). 23 models were included in the FDR assessment. As can be
seen in figure 2, the distribution of p-values for all the permutation schemes was largely homogenous.
The largest differences were mainly observed at the very ends of the interval, near 0 and 1. In
particular, permutation of the Obs variable (specifying whether an observation came from a frame or
from the background) has bump at the low end. And indeed, while the two other permutation scheme
has a proportion of p-values near the desired 0.05, the Obs permutations are at 0.11 as seen in the
insert in figure 2.
Another aspect of the model is how effective it is at discovery, the so-called power of the model. This
property of statistical modelling can be explored by simulation. To explore the effects of having fewer
or more unbalanced samples some assumptions are necessary. Power can only be computed in light
of an assumed effect size and standard deviation. With these in hand samples can be drawn from the
putative distribution and the summarised power plotted. Under the assumptions that a highly
significant model from the Hygum data has made a real discovery we use the effect size and standard
deviation to generate data and compute the modelling power, visualized in figure 2 D-F. As the power
in this scenario is both a function of the total number of observation we randomly drew sample sizes
(N) and the proportion of frame vs background, while the proportion of case/controls were fixed at 0.5.
Panel A demonstrates the relationship between the number of observations of a certain tag (N) and
the power of the model. Power has traditionally been sought to be 0.8 (31)illustrated by the horizontal
line. Reaching 0.8 power in a model with this high effect size requires less than 50 observations. The
power as a function of the absolute number of in-frame observations can be seen in panel E. Power is
seemingly not a monotonous function of the number of in-frame observations, likely because heavily

unbalanced number of observations is a problem for Ordinary Least Squares estimation of
coefficients. Because the sample size, N, is random we also explored the effect of the proportion of
in-frame observations in panel F, demonstrating that this should not be skewed to heavily.
Hygum soils analysis
The hygum soil metagenome were assembled into 93928 contigs with an N50 of 943. 230440 ORFs
were called. These were clustered into 103144 orthologues. To validate this de novo orthologue
clustering we compared the KO annotation against this new clustering by computing the Shannon
index of KO annotations in each cluster. A Shannon index of 0 would mean that all KO annotations
were the same. 70% of the clusters with a KO annotation had a Shannon index of 0. Annotation
against the provided database identified 60.8% of the ORFs using the constructed database.
The find_frames.py tool detected 2172 mobile frames with functional content in the Hygum soil
contigs.
The enrichment analyses were performed at both Pfam and GO terms level. The significant hits for
GO were unidentified functionality and DNA integration. The same were seen at the Pfam level,
where both no identification and a domain of unknown function were enriched. However one other
domain. RHH_1, was also enriched. To identify candidates for further investigation the de novo
orthologue clusters were investigated for enrichment. One cluster (13312) has no annotation for any
of the two underlying proteins, but the other top hit, with p=0.067, was formed from 238 proteins. For
explorative purposes we can condense their functional assignments into a word cloud representation
shown in figure 3A where the size of the terms are weighted by occurrence.
The Usp domain was identified which is a general stress response protein as well as

Pyridox_oxidase a domain from Pyridoxamine 5'-phosphate
The top hit for abundance interaction modelling of Pfam domains was Proton_antipo_M , a domain of
an antiporter. In addition to antiporters. Significant hits with enrichment in the background protein set
included several transport related domains such as MFS_1/3, Major facilitator superfamily, ABC_tran,
ABC transporters and BPD_transp_1, binding-protein-dependent transporters.

MetaHIT Ulcerative Colitis subset data analyses
Around 550,000 sequences were clustered into X orthologs. X proteins had the best hit annotation as
an HGTi element. Integration of annotations also included the original MetaHIT KO assignements
downloaded from the website.
3346 frames were detected in the contigs. The most significant enrichment were unclassified protein
domains, both unannotated by KEGG and Pfam and Pfam Domains of Unknown Function (DUF). At
the KO level several orthologues were related to mobility K07497 and K07484, putative transposases,

K00986 a reverse transcriptase, and finally K02314 and K01971, helicase and ligases respectively .
Other top hits included K06148, an ABC transporter for an unknown substrate and finally K06412, the
sporulation initiation gene spoVG. Validation of this hit by searching for SpoVG domains in the
ACLAME database showed no hits, indicating that this domain has not previously been observed in
the mobile pool of genetic elements, and could possibly be a false positive. A near-significant hit was
the NMT1 domain (p=0.11)
The top hit of the abundance interaction analysis was a Domain of Unknown Function, DUF4199.
The second top hit was NMT1. A search against the ACLAME database revealed 80 hits of which 79
were in plasmids and 1 from prophage. Figure 3B shows the adjusted interaction means from the
model, illustrating that the abundance is higher in frames and in group2 (UC patients).
For KO annotations the top hits were two transporter genes: one is K02051 a sulfonate/nitrate/taurine
transporter, the other is K06148 an ABC transporter of unknown substrate.
DISCUSSION
We have to validate and asses the power of the abundance interaction tool included in the SYNTENY
software. The residuals from the models seem to approximately follow assumptions. Depending on
how the null hypothesis is generated the models seem to have an appropriate false positive rate.
From the power analysis it appears that 50 number of observations is needed for the models to have
any detection power. The element of interest must be found in frame a minimum of X times to reach a
power of 0.8, but cannot be found so many times that the comparison to the background becomes
very unbalanced.
The analyses of enrichment of mobile functionality in the Hygum soils showed hits on all levels of
resolutions, both varying levels of database hits, and de novo orthologues.
The enriched domain RHH_1 is a transcriptional regulator previously identified on a plasmid (32).
De novo functional orthologue clustering enables the discovery of novel functionality and with the
word cloud functionality it is possible to explore what functionality the proteins in the cluster have
been assigned to. For the Hygum soil, the most well-described candidate appears to be an
oxidoreductase class of enzyme possibly involved in stress response.
The antiporter hit Proton_antipo_M has an unknown substrate, but it has previously been
demonstrated to confer copper transport capability (33)
Pyridox_oxidase is the domain in the Pyridoxamine 5'-phosphate oxidase which is a rate-limiting step
in vitamin b6 synthesis first characterized in fungi(34). This enzyme has previously been shown in
yeast to have a critical role in cadmium/arsenic tolerance (35). Vitamin B6 has been shown to be
involved in oxidative stress management of various types of fungi (36,37) which is a toxicity
mechanism for high copper concentrations, as free Cu ions can induce free oxygen radical formation

(38). These anti-oxidative properties have also been shown in plants and Plasmodium Falciparum (39)
but has not to our knowledge been shown to be explicitly protective in bacteria.
As is the case for the Hygum soil, the top hits for both enrichment and abundance interaction analysis
of the MetaHIT UC dataset was unidentified functionality
Another hit is a taurine-related gene. Taurine plays an important role in the host-microbiome
relationship, because bile acids are conjugate with taurine. Conjugated taurine has been shown to be
more effective at eliminating harmful bacteria from the gut (40) (41) (42). The microbiome of IBD
patients have also been shown to have less potential for bile acid deconjugation (43,44) and this has
been corroborated by targeted metabolomics(45). As anaerobic bacteria can use taurine as a
substrate for growth (46) one hypothesis consistent with these observations is that gut bacteria
redirects the taurine pool that the host would have used for conjugating bile acids for clearing out
bacteria, further promoting a high bacterial load.
NMT1 is a protein-domain that has been related to the bio-synthesis of vitamins B1 and B6 (47).
Micronutrients status play a role in IBD (48). Previous microbiome analyses have suggested an
increase in thiamine production in ileal Crohns disease (49), as well as a decrease in successful
treatment of children with Crohns disease by Exclusive Enteral Nutrition (50). In the same experiment
there was no significant difference in serum vitamin B1 levels, and significantly higher vitamin b6
levels in serum (51), but this is likely due to improved uptake by the host as inflammation is lowered,
and independent of the microbiota production. However, a mechanistic suggestion is not straightforward from these data as it is not clear how the microbiome impacts the available levels and the
consequence of this might not be the same in all forms of IBD or inflamed tissue.

Conclusions
SYNTENY is a tool for exploring the functional content in regions around HGTi elements. We have
implemented python scripts to integrate a wide variety of functional annotation and include this in
mobile frames that are extracted from the called proteins. We have developed tools for the
downstream analyses of enrichment and abundance interactions with an outcome variable. These
tools were statistically validated, and we estimated

how many observations of an element we

must have to reach satisfactory power. Two datasets have been analysed and particular interesting
findings validated by searching for these in a database of previously observed functionality in mobile
elements. Both datasets demonstrate that there is a large pool of uncharacterised genomic
functionality in mobile elements. For both datasets we identify candidate functionality that is likely to
be transferred horizontally and impacting the outcome of the samples. In particular, we see that
Vitamin B1/B6 synthesis that has previously been linked to IBD in microbiome studies, appear to be a
mobile trait, which could have an impact on the way microbiome studies are conducted in IBD where
the functional content rather than the phylogenetic content should have the main focus.
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Figure 1: Flowchart of data processing. Steps in red is accomplished by external software, steps in
blue with SYNTENY. Metagenomic contigs are annotated with various sources of information. This is
integrated, and used to identify the mobile frames. These are finally used to compute the statistical
associations.

Figure 2: (A) Residuals vs fitted values for 5 representative abundance interaction models. (B) QQ
plot of the residual distribution of the same 5 models. (C) The distribution of p-values for 23
representative models under varying permutation schemes. All is the total randomization of both
factors, Group randomizes the outcome variable, while Obs randomizes wether observations from
the background or a frame. (D) Model power as a function of number of observed proteins from a
particular class (ie. a certain Pfam or KO annotation). (E) Power as a function of the number of in
frame observations. (F) Power as a function of the proportion of in frame observations.

Figure 3: (A) Word cloud example of a de novo orthologue candidate hit (cluster 60) from the Hygum
soils. (B) Adjusted Interaction means of the abundances of protein observations.
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ABSTRACT
Copper has been intensively used in industry and agriculture since mid-18th century and is currently accumulating in soils.
We investigated the diversity of potential active bacteria by 16S rRNA gene transcript amplicon sequencing in a temperate
grassland soil subjected to century-long exposure to normal (∼15 mg kg−1 ), high (∼450 mg kg−1 ) or extremely high
(∼4500 mg kg−1 ) copper levels. Results showed that bioavailable copper had pronounced impacts on the structure of the
transcriptionally active bacterial community, overruling other environmental factors (e.g. season and pH). As copper
concentration increased, bacterial richness and evenness were negatively impacted, while distinct communities with an
enhanced relative abundance of Nitrospira and Acidobacteria members and a lower representation of Verrucomicrobia,
Proteobacteria and Actinobacteria were selected. Our analysis showed the presence of six functional response groups
(FRGs), each consisting of bacterial taxa with similar tolerance response to copper. Furthermore, the use of FRGs revealed
that specific taxa like the genus Nitrospira and several Acidobacteria groups could accurately predict the copper legacy
burden in our system, suggesting a potential promising role as bioindicators of copper contamination in soils.
Keywords: diversity; functional response group; RNA; bioindicator; bioavailable copper; PLFA

INTRODUCTION
Environmental heavy metal pollution is a widespread problem,
and associated effects on soil microbes have, therefore, been
studied for decades (Bååth 1989; Giller, Witter and McGrath
1998). Microbial adaptation and resistance to metal contami-

nants is well known and described in the literature, including
mechanisms such as (i) extra- and intracellular sequestration,
(ii) exclusion by permeability barriers, (iii) enzymatic detoxification, (iv) efflux-pumps and (v) specific reduction of the cellular targets’ sensibility (Rouch, Lee and Morby 1995; Hobman,
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Yamamoto and Oshima 2007; Epelde et al. 2015). The latter is one
of the most complex metal resistance mechanisms as it requires
cellular restructuration and can be achieved by mutation of the
target component (maintaining its functionality), by increasing
the target’s quantity, by repairing the component (mostly feasible when the target is DNA) and by bypassing processes including plasmid-encoded metal-resistant forms of the target
or alternative metal-resistant pathways (Rouch, Lee and Morby
1995; Hobman, Yamamoto and Oshima 2007). Nevertheless, previous DNA-based studies have commonly reported a high sensitivity of soil bacterial communities toward these pollutants
(Brandt et al. 2010; Berg et al. 2012). Moreover, model studies in
microcosms have shown the limited resistance and resilience
capacities of soil microbial communities after metal exposures,
especially in terms of function maintenance and recovery (Griffiths and Phillipot 2013). However, contrasting results were reported in the literature about diversity losses after heavy metal
exposure in different systems (Gans, Wolinsky and Dunbar 2005;
Wakelin et al. 2010; Berg et al. 2012; Gillan et al. 2015). For instance, similar richness levels were reported between normal
and contaminated conditions after long-term exposure in river
sediments (Gillan et al. 2015), and also in soil (Berg et al. 2012).
On the other hand, diversity loss was observed in several occurrences including long-term exposure in soils (Naveed et al. 2014;
Li et al. 2015).
Amongst heavy metals, copper is one of the most common
soil contaminants (Griffiths and Philippot 2013), and copperderived biocides (e.g. copper sulfate) have been intensively used
in wood impregnation stations and agriculture since the mid18th century (Rusjan 2012). Although copper is an essential element supporting many metabolic reactions, it becomes toxic at
high concentrations (Argüello, Raimunda and Padilla-Benavides
2013), and the effects of copper compounds on soil microbial
communities have been the focus of several recent studies (Berg
et al. 2012; Griffiths and Phillipot 2013; Mackie et al. 2014), including long-term exposure (Dell’Amico et al. 2008; Mackie et al. 2013;
Naveed et al. 2014). Nevertheless, very little is known regarding the active fraction and functionality of the corresponding
selected microbial communities after extended period of time.
The remarkable adaptive potential of microbial communities to
thrive under inhospitable conditions is already well established
and documented (Cowan et al. 2015). However, understanding
the long-term selection dynamics behind the evolution of an initial copper resistance trait into a fully developed lifestyle strategy is still not completely understood. Indeed, long-term exposure to a persistent perturbation in complex ecosystems like soil
is expected to trigger many direct and indirect effects, which will
all impact the bacterial communities in an indiscernible and entangled manner. For instance, it is known that copper directly
impacts other components of the ecosystem (e.g. fungi, protists, the plant cover), which might in return also influence the
bacterial communities to some extent (Ekelund, Olsson and Johansen 2003; Rajapaksha, Tobor-Kaplon and Bååth 2004; Strandberg et al. 2006; Fernández-Calviño et al. 2010; Fernández-Calviño
and Bååth 2016). In addition, long-term exposure to several persistent concentrations is expected to trigger serial successions
in the bacterial communities, resulting in selection of different
lifestyle strategies (e.g. opportunistic, generalists, specialists).
This will ultimately reflect the different evolution trajectories
taken by the former community over time, going beyond the initial step of resistance development. All these intermixed and cumulative processes will be merged into a so-called ‘legacy’ effect,
making any attempts to decipher the effects of each individual
factor complicated, if not impossible.

The Hygum fallow research site (Jutland, Denmark) offers
a remarkable opportunity to shed light on this topic. Heavily
contaminated by repeated use of blue vitriol (CuSO4 ) a century
ago, the Hygum site harbors a well-documented copper gradient which has been kept for research purposes (Strandberg et al.
2006). In this study, we aimed to assess the long-term legacy effect of copper contamination on the structure of the transcriptionally active soil bacterial community. In order to achieve this
goal, an array of complementary techniques was used, including phospholipid fatty acid (PLFA) analysis, MicroResp and 16S
rRNA gene transcript amplicon sequencing. Here, the terminology ‘transcriptional activity’ is used to avoid confusion with 16S
rRNA gene sequencing results obtained from DNA instead of
RNA. While results obtained from DNA account for the total bacterial community, results obtained from RNA are showing the
diversity of the bacteria with active transcription of 16S rRNA
gene at sampling time, indicating the potential to produce proteins (transcriptionally active). The experiment was performed
with soil samples collected every 3 months between November
2013 and August 2014, from three plots established at the Hygum
site. We hypothesized that direct and indirect effects linked to a
century of exposure to different copper levels will act as a ‘legacy
burden’, resulting in selection of specific bacterial strategies and
lifestyles. We also intend to shed light on the contrasting diversity status reported in the literature by going one step further
and use state-of-the-art sensitive RNA-based approaches to look
into the transcriptionally active bacteria. We suspect that the
different legacy burden resulting from the copper concentration
gradient would reduce the richness of the transcriptionally active soil bacterial community, selecting divergent groups, with
altered functionalities. To better understand the dynamics at
play under copper legacies and the resulting bacterial strategies,
we applied the macroecological concept of functional response
group (FRG), operationally defined as a group of organisms responding similarly to environmental change (Lavorel and Garnier 2002).

MATERIAL AND METHODS
Experimental setup and soil sampling
The 60 × 120 m flat experimental field is located at Hygum
(55◦ 46’N, 9◦ 27’E), Denmark. Intensively studied since 1993, the
copper contamination gradient is well documented (Arthur
et al. 2012; Berg et al. 2012) and a permanent 4 × 4 m grid
allows the use of a transversal–longitudinal coordinate system. Within 80 m, copper concentration varies from ∼15 mg
Cu kg−1 soil (slightly above typical Danish background values)
to more than 4000 mg Cu kg−1 soil. Soil samples were obtained within three 4 × 4 m areas corresponding to three levels of copper contamination along a longitudinal transect: control (C), semi-contaminated (SC) and hotspot (HS). The control plot was located outside the contaminated area and contained 13–16 mg Cu kg−1 soil. The SC and HS plots contained between 400–500 mg Cu kg−1 soil and 3000–6000 mg Cu kg−1 soil,
respectively.
Each plot was sampled every 3 months between November
2013 and August 2014 resulting in a total of four sampling campaigns.
Detailed plot location, soil characterization and weather conditions in the sampling months are presented in supplementary
data (Table S1, Supporting Information). Six soil samples (4–14
cm soil depth) per plot were collected at each of the four sampling campaigns (total n = 6 × 3 × 4 = 72 samples). Each sample
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consisted of six subsamples collected at six randomly chosen
locations within each 16 m2 plot. All samples were manually
homogenized and subsamples of 2 g were immediately stored
in 5 mL of ice-cold LifeGuard Soil Preservation Solution (MOBIO
laboratories, Carlsbad, CA, USA) for RNA extraction. Sample origin and nomenclature are presented in supplementary data (Table S2, Supporting Information).

Soil pH and moisture
Five grams of moist soil were used for measuring pH in waR
ter using a 1:5 dilution and an Inlab
Routine-L (pH 0–14.0;
100◦ C) pH meter with a 3 M KCl electrolyte (Mettler Toledo,
Glostrup, Denmark). Detailed protocol and results are presented in supplementary data (Supplementary Technical Note
and Fig. S1, Supporting Information). Moisture content of each
sample was determined by drying 10 g of moist soil for 24
h at 90◦ C in a drying oven (Termaks AS, Bergen, Norway)
and calculated by the difference of weight before and after
drying.

Bioavailable copper and chemical soil metal analysis
The amount of bioavailable Cu ([Cubio ]) in soil–water suspensions was determined in all soil samples using a Cu-specific
Pseudomonas fluorescens DF57-Cu15 bioreporter strain as described previously in Brandt, Holm and Nybroe (2008) with a
few modifications (Supplementary Technical Note and Fig. S1,
Supporting Information). The amount of bioavailable copper
per mass of dry soil (Cubio-soil ) was calculated assuming zero
bioavailability of particle-associated copper (Brandt, Holm and
Nybroe 2006a).
Total soil Cu and total metal composition were measured by
Graphite Furnace Atomic Absorption (GFAAS) (Brandt, Holm and
Nybroe 2008; Table S1, Supporting Information) and Inductively
Coupled Plasma Mass Spectrometry (ICP-MS) (Berg et al. 2010;
Table S1, Supporting Information), respectively.

Catabolic response profiling (MicroResp)
Soil samples were sieved through a 2-mm sieve, adjusted to
proper water content and pre-incubated for a week (according to
the manufacturer’s manual) prior to the MicroResp assay (Campbell et al. 2003).
Water and the following seven substrates were used: D-(+)Galactose (GAL), L-Malic acid (MAL), gamma amino butyric acid
(GABI), n-acetyl glucosamine (AGL), D(+) glucose (GLU), alpha ketoglutarate (AKET) and citric acid (CIT) (Campbell et al. 2003; as
modified by Creamer et al. 2009). Percentage of CO2 was obtained
from respiration rates (μg CO2 -C g−1 dry soil h−1 ) using a calibration procedure where indicator gel microplates were incubated
at known CO2 concentrations for 3 h. Absorbance of the indicator gel was recorded at 590 nm (Chameleon FP plate reader;
Hidex, Turku, Finland). For the assay, samples were incubated
in 96 deep well plates with water, and the seven selected substrates for 6 h, and respiration (CO2 production) was recorded
by the change of color in the indicator gel microplate inverted
above the samples. Longer incubation time resulted in nearly total de-coloration in all wells regardless of copper concentration.
The final percentage of CO2 was obtained from the absorbance
values as the fit between absorbance and CO2 follows the expression A + B / (1 + D × Ai) (www.microresp.com; A: –0.235, B:
–2.01, D: –10.8, Ai: normalized absorbance value from individual
micro well).

3

PLFA analysis
PLFAs were extracted from the soil samples according to
Johansen et al. (2013). Briefly, 10 g of dry weight of soil
were placed in Teflon centrifuge tubes (Nalgene Nunc Int.,
Oak Ridge, Tennessee, USA) and extracted in 10 mL of
dichloromethane/methanol/citrate buffer (0.15 M; pH 4.0; 1:2:0.8,
vol:vol:vol). Supernatants from two consecutive extractions
were pooled and split into two phases by the addition of chloroform and citrate buffer. Polar lipids (in the lower phase) were
purified and derivatized according to Joner et al. (2001). Analytical procedure, GC settings and affiliation of individual FAMEs
(Fatty Acid Methyl Ester) to taxonomic groups were performed
as described in Johansen et al. (2013). Results are presented in
supplementary data (Fig. S2, Supporting Information).

RNA extraction and reverse transcription
Total RNA was extracted from the preserved 2 g of soil using
R
the RNA PowerSoil
Total RNA Isolation Kit (MOBIO laboratories, USA) according to the manufacturer’s instructions. Total
RNA extracts were resuspended in sodium citrate (1 mM), quantified using a QubitTM fluorometer (Invitrogen, by Life Technologies, Nærum, Denmark) with a Quant-iT RNA Assay Kit (range
5–100 ng; Invitrogen) and stored at –80◦ C. Samples with total
RNA concentrations lower than 20 ng/μL were excluded from
the experiment (Table S2, Supporting Information). The DNAfree Kit (Ambion, by Life Technologies) protocol was optimized
for DNase treatment of the samples and cDNA was obtained using the Roche Reverse transcription kit (Roche, Hvidovre, Denmark) with random hexamers (100 μM; TAG Copenhagen). Detailed protocols are provided in supplementary data (Supplementary Technical Note, Supporting Information).

Sequencing and trimming of 16S rRNA gene transcripts
PCR of a 1:10 dilution of the obtained cDNA (previous section) was performed using the primers 341F
(5’CCTACGGGRBGCASCAG-3’) and 806R (5’GGACTACNNG
GGTATCTAAT-3’) (Sigma-Aldrich, Brøndby, Denmark) flanking
the V3 and V4 regions of the 16S rRNA gene (Yu et al. 2005; Berg
et al. 2012). A detailed protocol of the library construction is
presented in supplementary data (Supplementary Technical
Note, Supporting Information). Paired-end sequencing of the
16S rRNA gene transcripts was done using MiSeq reagent kit v2
(500 cycles) and a MiSeq sequencer (Illumina Inc., San Diego,
CA, USA). Sequences were demultiplexed using the MiSeq Controller Software, trimmed for diversity spacers using biopieces
(www.biopieces.org), mate-paired using usearch v7.0.1090 (Edgar
2010) and filtered using usearch—maxee 0.5. OTU clustering
was performed using UPARSE (Edgar 2013) as recommended,
in particular removing singletons after dereplication. usearch
against the ‘Gold’ database included in the ChimeraSlayer
package (Haas et al. 2011) was performed for chimera checking
using the recommended settings, and OTU representative
sequences were classified using Mothur v.1.25.0 wang() function
(Schloss et al. 2009) at 0.8 confidence threshold. A phylogenetic tree was constructed using QIIME wrappers for PyNAST
(Caporaso et al. 2010a), FastTree (Price, Dehal and Arkin 2009)
and filter˙alignment.py (Caporaso et al. 2010b). Alignments were
built against the 2011 version of Greengenes (DeSantis et al.
2006) and filtered using allowed gap frac 0.999999 and threshold
3.0. The rrarefy function of the vegan package (Oksanen et al.
2013; the R 3.1.1 software (R Core Team 2014)) was used to rarefy
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the generated annotation tables to 15 000 reads per sample.
Samples with lower number of reads were excluded from the
analysis (Table S2, Supporting Information).
The potential biases introduced by differences in the 16S
rRNA gene copy number of different bacterial groups for absolute quantification are well known, and have been actively discussed by the scientific community in the last decades (Klappenbach, Dunbar and Schmidt 2000; Langille et al. 2013; Větrovský
and Baldrian 2013). Since we work with cDNA in this study, we
kept the 16S rRNA gene transcript counts without normalization
in order to perform a comparative analysis, as we are not interested in absolute quantification, and also because the differential expression levels between species in complex communities
are unknown and difficult to standardize.

Statistical analysis of 16S rRNA gene transcripts
Rarefaction curves (Fig. S3, Supporting Information), alphadiversity (richness, Simpson’s diversity, Shannon’s diversity,
Shannon’s evenness and Chao-1 index) and paired-group cluster analysis (Bray–Curtis dissimilarity index) at genus level were
obtained using the PAST software ver.2.17 (Hammer, Harper and
Ryan 2001). Differences in alpha diversity were determined using two-way ANOVA (SigmaPlot 12.5). Multivariate analysis using the vegan package was applied to the samples for betadiversity analysis at genus level. Briefly, the rarefied and log10 transformed compositional dataset was subjected to a redundancy analysis (RDA) using seven environmental factors: total
and bioavailable copper, pH, moisture, season, substrate use
(based on MicroResp profiles) and bacterial biomass (based on
PLFAs). The significance of the model, of the RDA axes and of
each of the used factors was tested by ANOVA (respectively,
200, 100–300 and 10 000 permutations). A parallel PERMANOVA
using 10 000 permutations and Bray–Curtis dissimilarity index
was performed using total copper, sampling month or the interaction of both, as factors (vegan package; Table S3, Supporting
Information).
For selection of taxa (genus level) with significant changes
in prevalence according to copper contamination level, a negative binomial generalized linear model (nbGLM) was applied to
the dataset (mvabund package; Wang et al. 2012) and analysis of
deviance (P < 0.01) was used. The selected taxa were plotted in
a heatmap of centered and scaled counts, using a combination
of the following R packages: gplots (Warnes et al. 2015), vegan, rioja (Juggins 2014) and RcolorBrewer (Neuwirth 2007), as previously
described (Jacquiod et al. 2016).
SIMPER analysis (similarity percentage) using Bray–Curtis
dissimilarity index was then performed in order to determine
how much dissimilarity (percentage) was overall explained by
them (PAST ver. 2.17).
Groups of organisms that change their activity pattern similarly according to the copper contamination level were classified in FRGs using cluster analysis (pvclust package; Suzuki and
Shimodaira 2006; complete agglomeration method, Euclidean
distance and bootstrapping 10 000 times) on the centered and
scaled counts of the selected taxa, and cut-off between 10.5 and
12.5 according to the contamination level.

RESULTS
MicroResp and PLFA profiles
Overall, the catabolic response profiles from the three plots
were quite different, mostly due to a progressively lower

mineralization rate of GAL, GABI, AGL, GLU and AKET with increasing copper contamination (P < 0.001; Fig. S1, Supporting
Information). MAL mineralization was also reduced in the two
contaminated plots (SC and HS) but at a lower degree (P = 0.01).
The turnover of other substrates, such as CIT, was unimpaired
by the Cu concentrations (P = 0.71).
The results of the PLFA analysis showed a decrease in both
bacterial and especially fungal biomass with increasing copper concentration (Fig. S2, Supporting Information). Moreover,
the effect of copper seemed to affect the Gram-negative bacteria most, having decreased levels of total PLFA g−1 of dry soil
in the contaminated plots (SC and HS) compared to the noncontaminated soil. This pattern was less pronounced for Grampositive bacteria. The concentration of total PLFA was relatively
stable along the four seasons.

Diversity of 16S rRNA gene transcripts
A total of 3 016 459 partial 16S rRNA gene transcript sequences
were obtained from 69 out of 72 soil samples, ranging from 16
031 to 92 777 sequences per sample (Table S2, Supporting Information). Alpha-diversity and rarefaction curves were calculated
and are presented, respectively in Fig. 1 and Fig. S3 (Supporting
Information). Richness and evenness of the transcriptionally active bacterial community (Richness, Shannon’s evenness, Chao1, Shannon and Simpson diversity indices) decreased with increasing copper contamination (ANOVA; P < 0.001), but did not
change with season (ANOVA; P > 0.05; Fig. 1). The combined effect of copper and sampling month also significantly affected
the alpha-diversity indices (ANOVA; P < 0.001) in the three contamination levels, indicating seasonal variation of Cu effects
(Fig. 1).
Changes in the structure of the transcriptionally active soil
bacterial communities were investigated by multivariate betadiversity analysis. Results confirmed the previous observations,
indicating copper as the main driving force in the system (Figs 2
and 3). RDA with the included factors (total and bioavailable copper, pH, moisture, season, substrate use and bacterial biomass)
explained 69.0% of the total variance, of which 57.8% is described
in the first two axes (respectively, 46.0% and 11.8%; Fig. 2). The
most explanatory variable was bioavailable copper (42.2%; Table S4, Supporting Information), which was associated with the
first axis, followed by total copper (16.5%; Table S4, Supporting
Information) associated with both first and second axis. A seasonal effect was also significant, but at a much lower degree
(6.0%; Table S4, Supporting Information), being mostly associated with the third axis (5.8%), which segregated summer from
the other time points (Fig. 2). Despite being significant, pH only
contributed 2.8% for the total explained variance (Fig. 2; Table S4,
Supporting Information). PERMANOVA on Bray–Curtis dissimilarity index confirmed the observed trends, indicating both
copper (60.3%) and season (13.5%) as significantly impacting
the community profiles (Table S3, Supporting Information; P <
0.001). The overruling effect of copper was assessed by a cluster
analysis with Bray–Curtis dissimilarity index (Fig. 3; cophenetic
correlation coefficient = 0.87), revealing a clear first separation
of the HS samples from the others, while the second dichotomy
segregated the C samples from the SCs. This clear copper gradient clustering pattern was mostly due to major phylum-driven
differences, namely a progressive increase in the relative abundance of the transcriptionally active Acidobacteria and Nitrospira phyla, associated with a steady decline of Actinobacteria, Proteobacteria and Verrucomicrobia along the copper gradient (Fig. 3). Hence, long-term exposure to copper promoted the
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Figure 1. Alpha-diversity: Simpson (A), Shannon (B), Evenness (C), Richness (D) and Chao-1 (E) indices calculated from 16S rRNA gene transcript sequencing results
for the different copper contamination levels (C, SC and HS) and sampling months (Nov13, Feb14, May14 and Aug14). Error bars represent standard error of average
values (4 < n < 6). The P-values obtained in the ANOVAs (α = 0.05) performed to each of the alpha-diversity indices, using copper, sampling month or the interaction
of both as factors are presented in (F). Stars represent the level of significance of the differences found in the diversity indices accordingly to the code: (–) > 0.05, (∗ )
0.05 ≤ P-values < 0.01; (∗ ∗ ) 0.01 ≤ P-values< 0.001; (∗ ∗ ∗ ) P-values ≤ 0.001.

differentiation of three distinct transcriptionally active bacterial
communities, with major phylum-driven differences.

Functional response groups
We investigated abundance shift patterns at the genus level between copper contamination levels (Fig. 4). A total of 124 out
of 353 genera showed significantly different prevalence according to the three copper contamination levels (nbGLM, P < 0.01;
Fig. 4). These genera accounted for 71.1% of the Bray–Curtis dissimilarity (SIMPER analysis; Fig. 4) and represented 51.9%, 53.9%
and 57.8% of the total genera abundance respectively in C, SC
and HS plots (Fig. 5, panel A).
Six FRGs were identified corresponding to six different tolerance ranges towards copper (Fig. 4). FRG1 and FRG2 presented
higher relative abundance in the C plot. FRG1 corresponded to
the most sensitive group, with 50% relative abundance decrease
in the intermediate copper level (SC plot). On the other hand,
FRG2 showed a slightly higher tolerance, with a progressive relative abundance decrease along copper level (Fig. 5, panel A).
These two FRGs presented the highest richness levels, but with
different compositions, as FRG1 consisted mainly of Proteobacterial and Actinobacterial genera, while FRG2 was mostly constituted by Verrucomicrobial and Acidobacterial genera (Fig. 5,
panel B).
FRG3 and FRG4 were associated with an intermediate tolerance to copper contamination (Figs 4 and 5). FRG3 had stable representation in the C and SC plots and dramatically dropped to a
third in the HS plot (Fig. 5, panel A). FRG4 corresponded to the
group of organisms with enhanced transcriptional activity in the

SC plot and low relative abundance in the HS plot (Fig. 5, panel
A). Both FRGs were mostly constituted by Proteobacterial genera (Fig. 5, panel B). However, FRG3 presented a higher richness
than FRG4, including members from several other phyla (Bacteriodetes, Verrucomicrobia, Firmicutes, Chloroflexi, Armatinonadetes and Acidobacteria). Besides Proteobacteria, FRG4 was
only constituted by Acidobacteria members. However, 70% of sequences belonging to this group were affiliated to Rhodomicrobium and an unclassified group of Rhodospirilllales (Alphaproteobacteria, Figs 4 and 5).
FRG5 and FRG6 included the taxa with higher representation (43.6%) in the HS plot (Fig. 5, panel A). While members of
FRG6 were particularly abundant in the HS plot, taxa in FRG5
displayed a steady increase along the copper gradient (Fig. 5,
panel A). FRG5 only included five taxa, four Acidobacterial genera (34.1% of the FRG5 proportion) and one group of unclassified Betaproteobacteria (65.9% of the FRG5 proportion). FRG6
was more diverse than FRG5, being dominated by Acidobacteria
(52.3% of the FRG6 proportion) followed by Nitrospira, Alphaproteobacteria and Actinobacteria (Fig. 5, panel B).

DISCUSSION
Copper as an ecosystem legacy burden
We present here the first RNA-based study addressing the effect of long-term copper exposure on the structure of the
transcriptionally active soil bacterial community. The used
complementary methodologies (PLFAs, MicroResp profiles and
16S rRNA gene transcript sequencing) allowed us to have a
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Figure 2. 2D representation of redundancy analysis (RDA) performed to rarefied and log10 -transformed 16S rRNA amplicon sequencing data using total and bioavailable
copper, soil moisture, substrate use, bacterial biomass, pH and season as explanatory factors (n = 7). Significance of the model, axes and factors was determined by
ANOVA (respectively, 200, 100–300, 10 000 permutations; α = 0.05). Only significant factors (P < 0.05) are depicted. Stars stand for the level of significance according to
the code: (∗ ) 0.05 ≤ P-values < 0.01; (∗ ∗ ) 0.01 ≤ P-values< 0.001; (∗ ∗ ∗ ) P-values ≤ 0.001.

clearer picture of the overruling copper legacy effect on the bacterial communities. As expected, the results showed that copper is the main driving force in the system, resulting in a strong
legacy burden seen at many levels. Indeed, copper has affected
many components of the ecosystem, including soil properties
(e.g. compaction, C/N ratio, pH) but also plant cover (e.g. absent
in the hotspot). This is coherent with a previous study reporting Cu-induced changes in organic matter content through alteration of the plant cover (Sauvé 2006). Furthermore, the microbial component was also strongly impacted, both in terms of
diversity and numbers.
Our results point to a decline in bacterial biomass as documented by the PLFA analysis. Despite being more tolerant
to heavy metals than bacteria (Bååth 1989; Rajapaksha, ToborKaplon and Bååth 2004), fungal biomass also dropped with increasing concentrations, which is in agreement with the previously attested sensitivity to copper compounds (e.g. Bordeaux
mixture; Bååth 1989; Rusjan 2012). This legacy burden effect observed on the overall components of the site tends to indicate
that ecosystem functioning is impacted.
A significant decrease of all alpha-diversity indices along the
copper gradient, reflecting a loss in both richness and evenness of the transcriptionally active bacterial communities, especially at the highest Cu concentration, was also observed in
this study. Consequences of diversity loss on ecosystem functioning are still unclear and contrasted in the literature depending on the traits considered. For instance, soil bacterial richness
has been linked to the capacity to cope with disturbance, thanks
to functional redundancy (Fetzer et al. 2015), and some deleterious effects of lowered diversity have been detected in specific
key functions such as denitrification (Philippot et al. 2013). Our
results indicate that the transcriptionally active bacterial community had a decline in its diversity over a century of exposure,
being unable to recover to levels close to the non-contaminated
areas and pointing to a potential effect on the functionality in the ecosystem. This observation is correlating with the

accumulation of total carbon and nitrogen in the most contaminated soil (Table S1, Supporting Information) and consequently with potential loss or reduction of functions related
with organic matter degradation. This is further supported by
the catabolic response profiles obtained, showing a progressive
decreased mineralization rate of GAL, GABI, AGL and GLU with
increasing copper level, which is indicative of slower metabolic
turnover activities. Although linking specific functions to taxonomical changes remains highly speculative, our results clearly
indicate a concomitant microbial biomass and biodiversity loss,
together with catabolic activity reduction and higher C/N ratio with increasing copper level. This could indicate the specific loss/reduction of key catabolic functions due to the deleterious effect of copper on soil microbes, resulting in slower carbon turnover. These observations are clearly highlighting the
presence of a real copper concentration-driven legacy burden
affecting the entire ecosystem.

The copper effect on diversity and community structure
Previously reported effects of copper on soil microbial communities have been contradictory, probably due to major
influences of exposure time and resolution of the employed
techniques (Dell’Amico et al. 2008; Ippolito, Ducey and Tarkalson
2010; Wakelin et al. 2010; Berg et al. 2012). Berg et al. (2012) presented the first study addressing the effect of copper on soil bacterial communities using high-throughput DNA sequencing of
the 16S rRNA gene at the Hygum site (Berg et al. 2012). Their
results showed maintenance of the OTU richness with increasing copper. Considering that both studies were performed at the
same site and using similar levels of contamination, but targeting different fractions of the bacterial community, the differences observed could result from the presence of a large fraction
of inactive/latent bacteria in the copper-contaminated plots,
especially in the hotspot. The Actinobacteria phylum, for example, illustrates this assumption, as it was not previously affected
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Figure 3. Cluster analysis of the 16S rRNA gene transcripts sequencing results using the Bray–Curtis dissimilarity index, and stacked horizontal bars depicting the
relative abundance of the taxa present in the samples. Colors in the stacked horizontal bars correspond to the phylum level classification of each taxon, except for
Proteobacteria which were classified to class level. Stars depict the significance of the differences in the taxon proportion found between each copper contamination
level: (∗ ) 0.05 ≤ P-values < 0.01; (∗ ∗ ) 0.01 ≤ P-values< 0.001; (∗ ∗ ∗ ) P-values ≤ 0.001.

by increasing copper concentration (Berg et al. 2012), but was significantly impacted in this study. Nevertheless, it should also be
noted that the lack of effects of copper on OTU richness from the
previous DNA-based survey may possibly be explained by insufficient community coverage (i.e. insufficient sequencing depth).
This notion is indeed supported by results from a subsequent
follow-up study showing a decrease of Pseudomonas spp. richness with increasing copper contamination at the Hygum site
(Thorsen, Brandt and Nybroe 2013).
In terms of community structure, our results pointed to major phylogenetic changes (e.g. phyla and classes) of the transcriptionally active community along the copper gradient, corresponding to an increased prevalence of Nitrospira and Acidobacteria, while Proteobacteria, Actinobacteria and Verrucomicrobia
were receding. These results are in accordance with previous
studies at DNA level in the same site (Berg et al. 2012; Naveed
et al. 2014). However, Actinobacteria members were reported to
survive exposure to several heavy metals (Epelde et al. 2015),

including copper (Lejon et al. 2008), while on the other hand
Acidobacterial-related taxa are known to be sensitive (Wakelin
et al. 2010). Considering the different setups and methodologies
used in the literature, we cannot exclude that the differences observed are related to other parameters (e.g. the exposure time,
the soil characteristics, the resolution of the molecular techniques and potential synergistic/antagonistic effects of other associated heavy metals).
Nevertheless, observing such changes in representation of
large taxonomic groups is fitting our initial hypothesis toward
differential selection of microbial strategists over time. Indeed,
many important ecological traits related to trophic lifestyles (e.g.
oligotrophs and copiotrophs) and strategies (specialists and generalists) have been previously reported to correlate with large
taxonomical groups as family, class or phylum (Fierer, Bradford
and Jackson 2007; Philippot et al. 2009, 2010; Fierer et al. 2012;
Placella, Brodie and Firestone 2012; Ramirez, Craine and Fierer
2012; Barnard, Osborne and Firestone 2013; Trivedi, Anderson
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Figure 4. Heatmap plotting the relative abundance of the 124 taxa differing significantly with copper contamination level. Taxa were selected from the annotation
table fitted to a negative binomial generalized linear model (nbGLM) using analysis of deviance (α = 0.05). Presented data are centered and scaled to the average of
each taxon abundance and each vertical bar corresponds to a sample. Sample clustering (constrained average agglomeration method) and SIMPER analysis were based
on Bray–Curtis dissimilarity index and taxa clustering was based on Euclidean distance (complete agglomeration method; bootstrap = 10 000). Functional response
groups (FRGs; different color in the lateral dendrogram) were identified using a distance cut-off of 10.5 for the control and 12.5 for both semi-contaminated and hotspot
samples. The right vertical bars in the heatmap correspond to the phylum level classification of each taxon with exception of Proteobacteria which were classified to
class level and to the FRGs.

and Singh 2013). In this way, our results tend to indicate that
the initial selection of copper resistance traits evolved, and was
integrated into the bacterial lifestyle strategies after a century of
exposure to the copper legacy burden.
Interestingly, it has been shown that different groups within
Actinobacteria and Acidobacteria phyla are responding with
contrasting patterns to heavy metal contamination (Berg et al.
2012; Epelde et al. 2015). This emphasizes that phylogeneticdriven strategies should not be generalized, and accurate determination should be complemented by other approaches in this
kind of studies. The macroecological concept of FRGs has proven
to be a useful complementing tool for this purpose, allowing the
identification of bacterial taxa with different levels of tolerance
toward copper. Indeed, six FRGs were identified in our setup corresponding to three main levels of sensitivity/tolerance.

The sensitive fraction of the community
FRGs 1 and 2 grouped the taxa with highest prevalence in
the control plot and a high sensitivity to the two tested copper concentrations (FRG1) or only to the highest one (FRG2).
Those two groups were the most diverse of all six, attesting
the decrease in biodiversity along the increasing copper gradient. Moreover, several taxa with previously reported sensitivity
to either heavy metals in general (Epelde et al. 2015) or specifically to copper (Giller, Witter and McGrath 1998; Brandt et al.
2006b; Berg et al. 2012) were identified within these FRGs, including the Pseudomonas and the Ilumatobacter genera and the
Actinobacteria orders Acidimicrobiales and Solirubrobacterales
(FRG1). Acidimicrobiales are known to inhabit acidic environments (Clark and Norris 1996), correlating with the higher pH
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Figure 5. Relative abundance (A) and taxonomical affiliation (B) of the functional response groups (FRGs) present in the control, the semi-contaminated and the
hotspot plots. Percentages in vertical staked bars (A) correspond to the total abundance represented by the six FRGs in each plot. Colors in the stacked horizontal bars
correspond to the phylum level classification of each taxon, with exception of Proteobacteria which were classified to class level. Error bars represent standard error
of average values (22< n < 24 in A and n = 69 for B).

in the copper-polluted plots, especially the hotspot. Verrucomicrobia constituted a large portion of FRG2 and showed a progressive decrease in relative abundance with increasing copper
concentration as previously shown for DNA-based community
structure (Berg et al. 2012).

FRGs with intermediate copper tolerance
FRG3 and FRG4 grouped the taxa with intermediate tolerance to
copper. Organisms with higher prevalence in both C and SC plots
and sudden decrease in the HS constitute FRG3, whereas FRG4
contained the bacteria with higher prevalence only at the intermediate contamination level. Between those two groups, several
bacteria belonging to the Rhizobiales (e.g. Rhizobium, Hyphomicrobium, Rhodomicrobium, whose members are typically nitrogen
fixers) were found. Rhizobium species have previously been suggested as bioindicators of metal toxicity (Giller, Witter and McGrath 1998). Our results showed the specific potential activity
enhancement of these bacteria at quite high copper concentrations, reflecting a larger tolerance range for these members compared to what was previously reported (Tom-Petersen et al. 2003).
Autotrophic nitrifiers have also been suggested as general toxicity biosensors (Tanaka, Taguchi and Utsumi 2002)
presenting different levels of sensitivity to copper in soils

(10–1000 mg kg−1 ) depending on experimental conditions
(Dell’Amico et al. 2008). Corroborating these previous findings,
the ammonia-oxidizing Nitrosospira was found in FRG4 in our
study, indicating enhancement at copper concentrations as
high as 500 mg kg−1 but significant reduction at concentrations
above 3000 mg kg−1 . This is consistent with a previous study
at the Hygum site showing decreased potential nitrification
activity (EC50 = 2060 mg kg−1 ) and tolerance development
among ammonia oxidizers present at Cu concentrations above
1518 mg kg−1 (Mertens et al. 2010).

FRGs showing extreme copper tolerance
Associated with the highest tolerance toward extreme copper
concentrations, FRG5 and FRG6 represent the hardiest groups
found in this study. Several Acidobacteria groups could be identified among these two FRGs as well as Alphaproteobacteria
(FRG6), Nitrospira (FRG6) and unclassified groups of Betaproteobacteria (FRG5) and Actinobacteria (FRG6).
The genus Nitrospira was the only representative of the Nitrospira phylum in FRG6. This genus contains the main nitriteoxidizing bacteria and hence, plays an important role in the
nitrification process (Edwards et al. 2013). Despite being studied mostly for its contribution in the nitrogen cycle, Nitrospira
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members are also known to have several transporters and efflux
systems (Lücker et al. 2010) that may provide them a selective
advantage for survival under extreme copper levels.

Potential copper pollution bioindicators
It is interesting to note that the Acidobacteria phylum was the
only phylum with representatives in all the FRGs detected in this
study. This emphasizes the functional heterogeneity of this phylum and may explain the contradictory copper tolerances reported in previous studies for the taxa within this group (Berg
et al. 2012; Epelde et al. 2015). Despite being acknowledged as
ubiquitous, diverse and abundant in soils (Naether et al. 2012;
Catão et al. 2014), very little information is available regarding
the functionality of Acidobacteria members. Our results suggest a gradual involvement and loss of different Acidobacteria
subgroups along the copper gradient, which was indicated, to
some extent, by Berg et al. (2012) at the DNA level. The subgroups
can be ranked from the most sensitive (e.g. Gp25 in FRG1, followed by Gp4 and Gp10 in FRG2) to intermediate tolerant (e.g.
Gp5 and Gp22 in FRG3, followed by Gp2 and Gp13 only active in
the semi-contaminated plot) and the highly tolerant subgroups
with potential activity in the hotspot (e.g. the gradually increasing Gp1, Gp3 and Gp15 along the copper gradient, as well as Gp6,
Gp11 and Gp12 only in the hotspot). Acidobacteria Gp1, Gp4 and
Gp6 are the most common Acidobacterial groups in soil environments (Naether et al. 2012). While Gp6 was not classified into
any of the FRGs identified in this study, the others presented
opposite tolerance patterns, with Gp4 receding with increasing copper and Gp1 being promoted. Hence, our results suggest
that these different Acidobacterial groups could represent excellent bioindicators of copper-related pollution in soil, as differential change in their transcriptional activity can be directly
linked to different long-term exposure levels and specific strategies. In addition, the genus Nitrospira also seems to be a good
bioindicator candidate, as it was important in discriminating the
highly copper-contaminated soils from the semi-contaminated
and control soils.
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An integrative molecular approach reveals the lifestyle and phage
susceptibility of the microbial community of a long-term contaminated soil
Asker Daniel Brejnrod, Samul Jacquoid, Inés Marques Nunes, Anders Priemé, Søren Johannes Sørensen
Summary
Industrial production has left many sites contaminated with metals. High metal concentrations are
immediately toxic to microorganisms, and microbial communities must adapt to cope with long term
exposure.
This study examines soil samples from a Danish site heavily contaminated with copper (Cu) for 100 years.
The metagenomes and rRNA-depleted metatranscriptomes from control (~15 ppm Cu), semi-contaminated
(~450 ppm Cu) and heavily contaminated “hotspot” soil (~4500 ppm Cu) were sequenced using Illumina
technology. The metagenomic data were mapped against functional and taxonomic databases and
assembled for mapping the metatranscriptome.
The hotspot soil had lower microbial diversity and a phylogenetic shift compared to the two other soils, and
revealed an enhanced relative abundance of transport proteins. The carbon cycle of the contaminated soils
was changed, e.g. the glycoside hydrolase diversity was broader at the hotspot. The microbial growth rate
was lower at the hotspot suggesting that these conditions enhance K-selected microorganisms. In addition,
the contaminated soils showed an elevated expression of phage proteins suggestive of a shift toward the
lytic cycle. Overall, our data suggest that the persistent copper contamination has adapted the microbial
community into a slow-growing lifestyle making them susceptible to attack by lytic phages.
Introduction
Metal and metalloid contamination is a common leftover from previous and current industrial activities,
and can be found on many sites throughout the world. This pollution is characterized by extreme level of
environmental persistence as they can accumulate locally for extended time (Mortatti, de Moraes, &
Probst, 2012; Reis et al., 2016). Metals and metalloids may turn bioavailable under specific physicochemical
conditions, becoming toxic for living organisms. Copper is a common metal contaminant in soils (Griffiths &
Philippot, 2013) , as it is massively used in biocides mixtures applied in agriculture and wood impregnation
plants (Horsfall, 1945). While copper is an essential trace metal for cell functioning, high concentrations are
toxic. High copper bioavailability impacts both microbial and plant life, as well as all other soil
biota(Paoletti, 1999). Following accumulation and long-term exposure, copper pollution may result in
deleterious “legacy burdens”, affecting all ecosystem trophic levels and components (Nunes et al., 2016).
Long-term exposure to copper could lead to selection of resistant or tolerant microorganisms, often
through the acquisition of horizontally transferred elements conferring resistance and tolerance (Luo, Xu,
Riber, Hansen, & Sørensen, 2016). Several mechanisms may be involved in resistance to elevated copper
concentration, e.g. efflux pumps, copper sequestration, sensibility reduction, enzymatic detoxification and
permeable barrier exclusion (Epelde, Lanzén, Blanco, Urich, & Garbisu, 2015).

Resistance, resilience and stability are key characteristics of soil ecosystem services, with practical
importance in scenarios such as land use and climate change. The underlying mechanisms are still being
unraveled (Graham et al., 2016), but it is clear that both the history of the soil and the current stress
influence the microbial response. Copper contamination has the potential to induce stress at several levels.
First, the direct oxidative stress induced by high concentrations of copper ions (Gaetke & Chow, 2003), and
second, the indirect effects such as changes in physicochemical conditions such as pH, and loss of plant
cover, fungi and other soil biota can impact nutrient availability and functioning of the bacterial cell s.
Soil microbiome research has recently adapted r/K selection theory (Pianka, 1970) as an ecological
framework for explaining observations about microbial dispersal and colonization patterns. Much of this
work has focused on characterizing the carbon metabolism of microbes (Fierer, Bradford, & Jackson, 2007)
and has been used to make predictions about the consequences of soil disturbance (De Vries & Shade,
2013). Briefly, r selected microorganisms are fast growers that can utilize simple carbohydrates for biomass
production, while K selected microorganisms can utilize a wide range of substrates, but grow slower.
Microbial communities are highly susceptible to infection by phages, and phages can drive evolutionary
changes (Koskella & Brockhurst, 2014), as well as have an impact on biogeochemical cycles (Puxty, Millard,
Evans, & Scanlan, 2016). Dynamic modelling of microcosms with recalcitrant aromatic compounds have
suggested a decrease in taxonomic richness, but an increase in genetic diversity of the microbial
communities, under the simultaneous stress of pollution and phage attack (Kato et al., 2015). Accordingly,
several studies have suggested a phage response when microbial communities are stressed with heavy
metals (Lee et al., 2006; Motlagh, Bhattacharjee, & Goel, 2015).
In the present work, we used an integrated approach complimenting metagenomics with
metatranscriptomics to study microbial function and diversity in soil from a Danish site, Hygum, heavily
contaminated with copper. The site of a timber preservation facility from 1911 to 1924, the soil at Hygum
has been contaminated by CuSO 4 used for impregnation of timber (Nunes et al., 2016).
We hypothesized that organisms in long-term contaminated soil would have the genetic potential for
copper resistance, either by efflux pumps or other mechanisms. Additionally, we expected that with the
plant cover missing, altered substrate availability would shape the life-style of the bacteria present.
Materials and methods
Site and soil description
The Hygum site is located in Jutland, Denmark (55o45’N, 9o27’E). The site has previously been extensively
described by Nunes et al. (2016). The site has a local copper gradient, varying from ~15 mg Cu kg-1 to ~4500
mg Cu kg-1, at the control (C) and the Hotspot (HS) areas, respectively. The semi-contaminated (SC) samples
contained ~450mg kg-1. The samples were obtained in May 2014. 16-m2 plots were drawn and six samples
taken within each plot at 4-14 cm soil depth.
Samples for RNA were stored in LifeGuard Soil Preservation Solution (MOBIO Laboratories, Carlsbad, CA,
USA) as described in (Nunes et al., 2016).

Details about the particular samples can be found in (Nunes et al., 2016) for the May 2014 samples,
including soil characteristics and copper measurements.
DNA isolation and sequencing
Total microbial community DNA was isolated from 1-g soil samples using the FastDNA ® SPIN Kit for Soil (MP
Biomedicals, Santa Ana, CA, USA) according to manufacturer’s instructions and stored at -20°C. DNA
qualification was carried out by agarose gel electrophoresis and comparison to a known standard.
Metagenomic libraries for shotgun sequencing were prepared using the Illumina Nextera XT DNA Library
Preparation Kit (Illumina, San Diego, CA, USA). Briefly, the extracted DNA samples, each adjusted to a final
concentration of 0.2 ng μL-1, were subjected to a one-step tagmentation step in which the DNA was
fragmented and tagged with adapter sequences containing unique index and barcode sequences using the
Nextera XT Transposome (Illumina, San Diego, CA, USA). The resulting DNA was subsequently amplified via
a limited-cycle PCR program, according to manufacturer’s instructions. PCR products were purified and sizeselected using Agencourt AMPure XP beads (Beckman Coulter, Brea, CA, USA) according to man ufacturer’s
instructions and stored at -20 oC for further processing. The average size distribution of the library
fragments was determined to range from 800 to 1200 bp using a Fragment Analyzer™ Automated CE
System (Advanced Analytical Technologies, Ames, IA, USA) accompanied by the High Sensitivity NGS
Fragment Analysis Kit (Advanced Analytical Technologies, Ames, IA, USA), according to manufacturer’s
instructions. Obtained data were processed with the PROSize® 2.0 Software (Advanced Analytical
Technologies, Ames, IA, USA), and finally the prepared metagenomic DNA libraries were subjected to 2x300
bp paired-end sequencing on an Illumina® MiSeq® platform (Illumina, San Diego, CA, USA).
RNA isolation and cDNA sequencing
Sample preservation and total RNA isolation/purification are described by Nunes et al. (2016). Ribo-Zero™
rRNA Removal Kit (Bacteria) with the Magnetic Core Kit (both from epicenter ®, an Illumina® company, USA)
was used for rRNA depletion following manufacturer's instruction. Depleted samples were purified using
RNeasy® MiniElute ® kit (Qiagen®, Copenhagen, Denmark) according to the manufacturer´s instructions, and
ScriptSeq v2 RNA-seq libraries were constructed (Epicenter® an Illumina® company, USA). Based on
electrophoresis quality and yields, the three best replicates were kept for further analysis. Sequencing was
done at the Danish National High-Throughput DNA Sequencing Center using a 2x150bp Illumina® HiSeq®
Rapid Paired End run. rRNA sequences were filtered using the Bonsai software SortMeRNA version 2.0
against appropriated databases (Kopylova, Noé, & Touzet, 2012). Filtered mRNA sequences were cleaned
and overlaps merged using a Biopieces (www.biopieces.org) based pipeline.

Bioinformatics analyses
The full bioinformatics analyses strategy is outlined in Figure 1.
Coverage of the genome pool was estimated using the Nonpareil algorithm in k-mer mode, building a
statistical model of the observed k-mers. Rarefaction curves at the genus level were built by Metaxa2
(Bengtsson‐Palme et al., 2015) by extracting all Small Subunit (SSU) sequences from the samples using
HMMs and Blast. These SSU sequences were classified by Metaxa2 for the taxonomic overview. To further
investigate the unresolved part of the taxonomic composition data were classified using Metaphlan2
(Segata et al., 2012).
To map the metagenome against a functional and taxonomic reference database Humann2 (Abubucker et
al., 2012) was run for all samples with default parameters against the uniref90 database. Resulting tables
were merged with humann2_join_tables and normalized to relative abundances with the
humann2_renorm_table script.
Quality-controlled reads were concatenated and assembled with Ray (Boisvert, Raymond, Godzaridis,
Laviolette, & Corbeil, 2012) using a k-mer size of 41. Contigs were filtered to sizes > 1 kb. Open reading
frames (ORF) were called and translated to amino acid sequences with Prodigal (Hyatt et al., 2010) in
metagenome mode (’meta’). Translated search of reads against protein coding sequences was done with
Diamond (Buchfink, Xie, & Huson, 2015), picking the top hit and filtering at an e-value of 10-3. All
abundances were normalized by dividing with the gene length to avoid the bias that more reads could map
to longer ORFs. PFAM (Bateman et al., 2004) annotation was performed by using hmmer 3b1
(http://hmmer.org/) against PFAM release 30, using the conservative “–cut_ga” option to only include
annotations passing the Gathering Threshold set by PFAM curators. Additional differences in sequencing
depth between samples were normalized by dividing by the total amount of mapped reads. This abundance
matrix formed the basis for subsequent statistics processing. The abundance matrix of GO terms
(Ashburner et al., 2000) (Consortium, 2015) was created by mapping PFAM annotations to GO terms
(Mitchell et al., 2014), and expanding the table with a GO term for every instance, then aggregating them
by summation.
To assign the called ORFs to copA (a copper-exporting ATPase) we searched them against the database
provided in Li et al. (Li et al., 2015) of 122 sequences using usearch 9 (Edgar, 2010). The nucleotide
sequences were searched at an identity threshold of 80 % with an e-value of 1E-6.
DbCan (Yin et al., 2012) annotation was done according to the instructions on the website
(http://csbl.bmb.uga.edu/dbCAN/download/readme.txt, retrieved 22-03-2017). Briefly, hmmscan was run
against the called ORFs and the supplied script was used to parse the results. Finally, the recommended evalue for bacterial annotation of 1E-18 was used to filter hits.
To check for confounding of the phage analyses by contamination of the PhiX used in Illumina-based
sequencing we used the “filter_phix” functionality in usearch.
Statistics

Hypothesis testing was performed with t-test in cases of data that either were or could be transformed to
normality, or with the non-parametric Wilcoxon test if this was not the case.
PCA was performed in R using the prcomp() function from the stats package, and results were visualized
using ggplot2 (Wickham, 2016). PCoA was performed in R using the pcoa() function from the ape package
(Paradis, Claude, & Strimmer, 2004). Projection of exogenous variables was performed as recommended in
(Legendre & Legendre, 2012). Briefly, the covariance of all variables with the axes of interest was computed
and scaled with eigenvalues. Finally, these ‘triplot scores’ were normalized to the interval [0-1], along with
the PCoA scores.
Results and discussion
Sequencing data characteristics and processing
Deep sequencing and subsequent quality filtering produced 144.2 Gbps of metagenomics data, averaging
6.1 Gbp (SD: 0.97) per sample. Soil is known to be a highly species-rich environment (Nesme et al., 2016;
Tringe et al., 2005) and estimating coverage is key to interpretation of results. We used the Nonpareil
algorithm to estimate the pooled coverage at 0.82, with an estimated 239 Gbps required to cover 95% of
the metagenome (Figure 2 a). The hotspot soil had a significantly higher coverage than the two other soils
(figure 2A inset)
Because of this uncovered diversity the analysis proceeded in two complementary tracks as outlined in
figure 1. One based on the Humann2 mapping pipeline and one based on a co-assembly of all data and
subsequent ORF calling and annotation. This combined strategy allows both discovery of new ORFs from
the assembly and mapping of reads against functional genes in databases that might be represented in too
low abundance to be assembled. Co-assembly of the metagenome resulted in 93928 contigs longer than
1kb, with an N50 of: X. From this 230440 ORFs were called of which 60% could be annotated with Pfam.
The translated search against the ORFs from the de novo assembly mapped an ave rage of 32.8% (SD: 9%) of
the reads.
Diversity and composition
Extraction of small ribosomal subunit genes via metaxa2 was performed to elucidate the taxonomic
coverage and composition. Rarefaction curves of resampling at the genus level shows no saturation (figure
2B), which is not uncommon in complex environments such as soil (Gans, Wolinsky, & Dunbar, 2005). Clear
group differences were present, with the hotspot samples showing lower richness than both the control
and semi-contaminated soil (t-test, p < 0.05), mirroring the previous observation that higher coverage of
hotspot samples were obtained.
Bacterial diversity at the Hygum site has been explored previously using a broad array of methods and
technologies. 16S rRNA cDNA amplicon sequencing showed a clear impact of copper contamination on
diversity (Nunes et al., 2016), along with transcriptional activity of mRNA (Jacquiod et al. in prep). 16S rRNA
gene amplicon sequencing has shown conflicting results with two studies showing no relation between OTU
richness and bioavailable copper concentration (Berg et al., 2012); Altimira et al. 2012), while Naveed et al
(Naveed et al., 2014) showed an association. It should be noted that Naveed et al. showed a threshold for
dose-response effects, and that the studies involved soil sampled at different high copper concentrations.

The soils were dominated by Proteobacteria, Actinobacteria, Acidobacteria and Firmicutes (figure 2C).
Hierachical clustering of the samples separated all but one sample into discrete groups related to
contamination status. The division into groups was driven by relative abundance differences in the
dominating clades, but there was also heterogeneity within the Proteobacterial classes. In particular
Alphaproteobacteria was enriched in control soils.
The extracted SSUs could not be classified to reveal which groups were dominating the HS samples, but
mapping of reads using metaphlan2 revealed that the group unidentified by using SSU reads was likely to
be Betaprotebacteria. There was also a significant enrichment of proteins annotated to lpxM in the HS
group (P = 0.0043), a cell-wall synthesizing protein specific to Gammaproteobacteria (Brix, Eriksen, Larsen,
& Bisgaard, 2015). Cultivation of microbes at similar long-term contaminated sites has previously shown
enrichment of gram-negative bacteria in the polluted soil (Dell’Amico, Mazzocchi, Cavalca, Allievi, &
Andreoni, 2008). Recent work with bacterial communities exposed to paint containing metals have
suggested that the primary resistance driver was a shift in taxonomic composition towards
Gammaproteobacteria (Flach et al., 2017) and it has been suggested that the mechanism for this is related
to biofilm formation (O'Brien, Hodgson, & Buckling, 2014)
Associations of metagenome with environmental variables
Figure 3 shows environmental parameters projected onto a PCoA representation of the taxonomic and
functional composition, respectively, of the metagenomes. Both plots show first axis separating the copper
gradient which is confirmed by projecting the bio available and total copper concentrations on the plot. The
second axis seems to be driven by a combination of pH and moisture. Other measures of healthy biological
activity such as total respiration, fungal lipids and bacterial biomass are negatively impacted by the high
copper concentration.
Taxonomically, the putative Betaproteobacteria were enriched in the hotspot while Alphaproteobacteria
were highly correlated to the control soil. Axis 2 shows a clear inve rse correlation between pH and
Acidobacteria, while the Actinobacteria were positively correlated to more alkaline soil. The raw
correlations between these two classes are shown in supporting figure 2. Previous 16S rDNA PCR amplicon
surveys of bacterial phyla have found strong correlations with pH for Acidobacteria but not for
Actinobacteria (Jones et al., 2009; Rousk et al., 2010).
The PCoA of the functional composition revealed major axes similar to the taxonomical composition,
probably reflecting that the taxonomically different bacteria have different gene sets. Figure 3B illustrates
the top ten GO terms correlated with the axes. While no negative correlations with copper concentrations
are shown, positive correlations indicate transport related enzymes, while the positive correlations for axis
2 are DNA binding and transcription factor related. High-level analysis of GO terms seemed to indicate that
the primary correlations to the high copper concentrations were membrane and transport related, while
low soil pH was characterized by higher abundance of transcription regulation. The full table of significant
correlations can be found in supplement X
Catabolic potential is associated to copper contamination status
To explore differences in catabolic potential, the assembled metagenome ORFs were annotated with
Database of Carbohydrate-active enzyme Annotation (dbCan). 3901 ORFs could be assigned a carbohydrate

active function. A PCoA plot of the protein metagenome abundances showed distinct catabolic profiles
(figure 4B)Notable associations included several significant lipopolysaccharide related families such as GT83
and GT4 (rho >0.89, adjusted P <0.05 ) positively correlated with high copper content. Negative correlations
with copper content included GH87, alpha-1,3-glucanase, capable of degrading fungal cell walls (Ait-Lahsen
et al., 2001), as well as CE5, cutinase, that enhances the breakdown of cellulose found in plant cell walls
(Zhang, Siika-aho, Tenkanen, & Viikari, 2011) by allowing access to cellulose substrate.
Overall Shannon diversity of glycoside hydrolases families were substantially higher in the ho tspot soils
(Wilcoxon test, P < 0.05 ), while the diversity in control soils was significantly higher than in semicontaminated soils (Wilxocon test, P < 0.05) (figure 4A). As previously mentioned, fungal biomass was lower
in the contaminated soils, and previous studies of enchytraeid worms have demonstrated that they are
severely impacted by copper contamination, suggesting that at the copper concentrations of the soil
sampled for this study they would be nearly gone (Konečný et al., 2014). Earthworms would conceivably be
reduced in numbers because of the lack of substrate from the missing plant cover. Additionally, Nunes et al.
(2016) showed lower respiration of simple carbohydrates and a significantly higher percentage of carbon
content in the hotspot, suggesting decreased carbon turnover at elevated copper concentration.
These facts taken together suggest that the copper contamination has opened up a cataboli c niche of
complex carbon substrates for copper tolerant bacteria (at the expense of fungi) reflected in their
metagenomic potential. In the r/K-selection framework heavy copper contamination would be said to
select for K-strategists, slow growers utilizing a wide range of carbon substrates.
Dose-dependent copA diversity
To cover the largest diversity of the copA gene we searched the ORFs against a previously constructed
database of copA genes from Li et al. (Li et al., 2015). This revealed a significantly higher diversity of copA
(Figure 4C), in both semi-contaminated and hotspot samples as compared to controls (Wilcoxon, P < 0.001).
The normalized summed abundance of reads allocated to copA affiliated genes was significantly higher in
both contaminated groups compared to the control soil (figure 4D), however there was no significant
difference between the two contaminated groups
Increased expression of phage and CRISPR related proteins in heavily polluted soils.
To check for contamination by the PhiX used in Illumina sequencing we searched all the samples and found
no significant differences between groups (supplementary figure 1).
Phages may be a pronounced stress to microorganisms. Many bacteria have evolved CRISPR systems,
bacterial “immune” systems that detect the presence of foreign nucleotide sequences and degrade them
[REF]. The relative abundance of CRISPR/Cas-related proteins was significantly higher in the metagenomes
of the hotspot (t-test, P < 0.001) suggesting an enhanced need of bacteria in the highly contaminated soil to
fend off phages. The semi-contaminated shows a trend towards higher abundance (T-test, P = 0.055).
Expression of these proteins tends (Wilcoxon, p=0.1) to show a similar pattern, but more replicates would
be needed to conclude this. In addition, both hotspot and semi-contaminated soils have significantly higher
expression of total phage protein (t-test, P < 0.05).

Examining the contigs for probable prophages only revealed two incomplete hits; one putative rhizobium
phage at 40% completeness and one putative bacillus phage at 70% completeness. However, features
annotated by Pfam as “Phage_lysis” were significantly correlated with bioavailable copper (rho=0.83, P <
0.001). Additionally, proteins annotated as “Amidase_2” were significantly enriched in hotspot samples (ttest, P = 0.015). This domain is a peptidoglycan hydrolase that is both found in Bacillus strains and in phage
lysins(Ward, Curtis, Taylor, & Buxton, 1982).
It has been suggested that phages are primarily lysogenic in situations with high microbial abundance s and
growth rates, while in situations with low growth rates they use lysis as the main mechanism of spread
(Silveira & Rohwer, 2016). Nunes et al demonstrated that metabolic activity is lower in hotspot soil. As a
proxy for DNA replication we chose expression of the polA, DNA polymerase-coding gene with a ~2 fold
increase (Wilcoxon signed-rank test, P = 0.1) in the control soil compared to the contaminated soils.
It has also previously been shown that phage abundances tend to be higher in low diversity microbial
populations, because phages have a very specific host-range.
Strengths and limitations
The two major strengths of this study are the sampling site and the comprehensive sequencing, allowing
for integration of metagenomic and metatranscriptomic data.
The sampling site has a persistent long term (>100 years) contamination at very high levels, ensuring that
the observed selected traits are not transient, that the full scope of consequences of copper contamination
can be studied, and that changes in intracellular DNA are mirrored by extracellular DNA (Carini et al., 2016) .
Additionally, the site is well-characterized having been the subject of many contributions studying different
aspects, both conventionally and molecularly.
We used deep sequencing to characterize the metagenome, which is suitable for the complex soil
environment. Additionally, we supplemented with metatranscriptome sequencing and utilized the
assembly strategy to tie the two types of data together.
Nevertheless, the current study has several limitations that should be acknowledged, some technical and
some inherent to observational studies of this environment.
We have attempted to explore the technical limitation of sequencing depth by estimating how much
sequencing effort would be needed to capture 95% of the genetic content. Sequencing depth is particularly
challenging in high-diversity environments such as soil. There are other technical challenges with working in
soil with inhibitors such as humic acid complicating PCR and other reactions. Finally, all metagenome
studies have the limitation that DNA and RNA isolation protocols may not effectively lyse all cells equally,
and as such the observed composition will be biased (Jacquiod et al., 2016; Wesolowska-Andersen et al.,
2014), as well as problems with contaminants from kits (Salter et al., 2014).
Observational studies in soil that has large differences in abiotic factors are prone to confounding, because
this induces changes in not only microbial community structure and activity but also pH, plant cover, soil
composition, and soil fauna composition. Untangling these factors requires follow-up by designed

intervention studies, which can separate multi-factorial effects. However, we believe that observational
studies contribute to the generation of relevant ecological hypotheses for testing.
Conclusion
Characterization of contaminated soils by sequencing at ~6Gbp can be an effective tool for testing
hypotheses that can be formulated as changes in relative abundance and/or expression of genes. The
rarefaction curves showed that we have far from exhausted all taxonomic and genetic microbial diversity,
but some of the major patterns have been captured. The hotspot soil is lower in microbial diversity, while
the semi-contaminated are at the same level. Overall functionality patterns indicate a large dependence on
both copper and pH, but separating these effects completely requires designed experiments. The hotspot
soil appears to enhance K-selected bacteria, through the opening of a new catabolic niche by the
disappearance of other biota., e.g. saprotrophic fungi, and the data from our study and previous literature
indicate some degree of interplay between the direct copper effect and the indirect copper effect mediated
through e.g. altered plant cover. Finally we demonstrate that phage RNA is more expressed and the main
phage lifestyle appears to be lytic. We speculate that this could be due to a combination of direct toxic
stress due to copper, the lower bacterial diversity and the lower bacterial growth rates in the highly
contaminated soil.
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Figure Legends
Figure 1: Overview of the strategy for the integration of the molecular data. Quality Control (QC) was
performed on the metagenomics reads (xx bp) before assembly, mapping and identification (search for
ribosomal small subunit sequences in databases). Following assembly into contigs, ORFs were called and
translated into amino acid sequences. Metagenome and transcriptome reads were then mapped to the
ORFs and abundances normalized to sample depth and protein length were calculated. Normalization was
performed by by dividing each element by the sequencing depth and the protein length. Finally the four
abundance matrices were used to do the statistics.
Figure 2: Diversity and composition of the soil groups. (A) shows the estimated coverage of k -mers from
non-pareil algoritm. The inset shows the final coverage estimate. (B) illustrates rarefaction of the classified
small subunit ribosomal sequences. The vertical line indicates 4500 ribosomal sequences, and the inset
shows the observed number of genera when resampling 4500 ribosomal sequences. (C) Heatmap of the
taxonomic composition of the samples. Rows and columns are organized by hierarchical clustering of the
taxa abundances.
Figure 3: PCoA plots of the (A) taxonomic and (B) functional composition of the soil samples. Projected on
top is the correlations of various measured factors from the soil. TotalCu and BioCu are the total and
bioavailable amounts of copper, respectively. Bacterial and fungal biomass was quantified by PLFA.
Figure 4: (A) Shannon diversity of the proteins classified as glycoside hydrolases in the metagenomes of the
three soils. (B) PCoA plot of the distinct carbohydrate-active enzyme profiles. (C) Shannon diversity of copA
genes. (D) Total relative abundance of metagenomics reads allocated to copA.
Figure 5: (A) Relative abundance of metagenomic reads from CRISPR/cas proteins. (B) Relative
metatranscriptome expression of CRISPR/CAS proteins. (C) Relative metanogenomic abundance of phage
proteins. (D) Relative metratranscriptome expression of phage proteins.
Supplementary figure 1: Correlations of (A) Actinobacteria and (B) Acidbacteria with pH
Supplementary figure 2: PhiX contamination of metagenomes in the groups.
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