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Summary
Surveys of microbial systems indicate that in many
situations taxonomy and function may constitute
largely independent (‘decoupled’) axes of variation.
However, this decoupling is rarely explicitly tested
experimentally, partly because it is hard to directly
induce taxonomic variation without affecting functional composition. Here we experimentally evaluate
this paradigm using microcosms resembling lake
sediments and subjected to two different levels of
salinity (0 and 19) and otherwise similar environmental conditions. We used DNA sequencing for taxonomic and functional proﬁling of bacteria and
archaea and physicochemical measurements to monitor metabolic function, over 13 months. We found
that the taxonomic composition of the saline systems

Received 25 January, 2020; accepted 29 June, 2020. *For correspondence. E-mail louca.research@gmail.com

© 2020 Society for Applied Microbiology and John Wiley & Sons Ltd

gradually but strongly diverged from the fresh
systems. In contrast, the metabolic composition
(in terms of proportions of various genes) remained
nearly identical across treatments and over time.
Oxygen consumption rates and methane concentrations were substantially lower in the saline treatment,
however, their similarity either increased (for oxygen)
or did not change signiﬁcantly (for methane) between
the ﬁrst and last sampling time, indicating that the
lower metabolic activity in the saline treatments was
directly and immediately caused by salinity rather
than the gradual taxonomic divergence. Our experiment demonstrates that strong taxonomic shifts need
not directly affect metabolic rates.
Introduction
The relationship between the taxonomic composition,
metabolic function (i.e., biochemical process rates) and
metabolic composition (i.e., relative abundances of
organisms or genes performing speciﬁc metabolisms) of
microbial systems is subject to intense investigation, with
major implications for industrial process control, medicine
and ecosystem modelling (Allison and Martiny, 2008;
Widder et al., 2016). Various surveys (Turnbaugh
et al., 2009; Burke et al., 2011; Nelson et al., 2016;
Louca et al., 2016a; Louca et al., 2016b), experiments
(Fernández et al., 1999; Fernandez et al., 2000; Vanwonterghem et al., 2016) and simulation models (Louca
and Doebeli, 2015, 2017; Coles et al., 2017) have
attempted to link these properties to each other, often
revealing that even under constant environmental conditions microbial taxonomic composition can be highly variable despite relatively constant metabolic composition
and/or function. These observations indicate that mechanisms stabilizing metabolic function (such as substrate
limitation) may differ from those stabilizing taxonomic
composition within any given functional group,
i.e., organisms specializing on a particular function
(Louca et al., 2018). Biological interactions may potentially cause taxonomic variation without affecting metabolic composition and/or function (Louca and
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Doebeli, 2017). Stochastic ecological drift, i.e. where the
randomness of birth–death events in ﬁnite populations
causes ﬂuctuations in relative species abundances over
time (Lande et al., 2003; Sloan et al., 2006), has also been
proposed as a potential mechanism (Ayarza and
Erijman, 2010; Oﬁţeru et al., 2010; Frossard et al., 2012;
Stegen et al., 2012), however, the importance of ecological
drift in natural microbial systems has been questioned
(Louca et al., 2018).
Experiments with microcosms have been particularly
useful for disentangling the relationships between environmental conditions, taxonomy, metabolic composition
and metabolic function in microbial systems (Widder
et al., 2016). Many experiments use chemical treatments
to modify microbial taxonomic composition in microcosms, and then examine the effects on a given function
(Girvan et al., 2005; Langenheder et al., 2005, 2006;
Peter et al., 2011; Harter et al., 2014; Peng et al., 2017;
Rath et al., 2019). Common garden experiments, where
microbial communities of different origins are subjected
to identical conditions, have also been used to examine
the potential effects of origin on metabolic rates
(Strickland et al., 2009; Reed and Martiny, 2013; Martiny
et al., 2017). These experiments yielded mixed results,
with many (but not all) ﬁnding that origin and/or taxonomic composition inﬂuence metabolic function. A consolidation of ﬁndings is challenging, partly because
individual experiments rarely concurrently examine taxonomy, metabolic composition and function. In fact, to our
knowledge, no previous experiment controlled for metabolic composition when assessing the effects of taxonomy on function. The aforementioned treatment
experiments, for example, either (i) do not examine the
metabolic composition of the microbial systems, thus not
clarifying whether systems also differed in metabolic
composition or just taxonomic composition within functional groups, (ii) cover a relatively short time period (typically a few days or weeks), thus leaving open the
question whether different treatments eventually converge to the same metabolic composition or function
given sufﬁcient acclimation time, or (iii) they only consider
a single time point, thus not clarifying whether changes in
function were actually caused by the increasing compositional divergence between treatments or by direct effects
of the treatment on microbial physiology. In the case of
common garden experiments, it is unclear whether
observed effects of origin on function were merely due to
differences in the functional composition of the original
communities and insufﬁcient time available for adjustment to the new conditions. Clarifying these ambiguities
is important for understanding how microbial system
function depends on environmental conditions, taxonomic
composition and functional composition. Furthermore,
most experiments were performed with well-mixed
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systems, such as in chemostats or in continuously
shaken solutions. However, many natural systems such
as sediments, soil, bioﬁlms and water columns are spatially structured, and this structure can strongly inﬂuence
metabolic functioning, thus making the translation of
experimental results to natural systems difﬁcult (Canﬁeld
and Thamdrup, 2009; Louca et al., 2019).
Here we present a time series experiment with replicate sediment-column microcosms operated over
56 weeks (13 months), with the goal of assessing the direct
inﬂuence of microbial taxonomic community composition on
metabolic function while controlling for metabolic composition. Our study addresses the aforementioned shortcomings
by (i) concurrently monitoring taxonomic composition, metabolic composition and metabolic functions, (ii) doing so over
a much longer period than in most previous experiments,
(iii) considering multiple time points where needed to reveal
trends, and (iv) reproducing the spatial structuring of natural
aquatic sediments. Microcosms were all built using the
same homogenized material (mostly mud from a freshwater
lake), starting solely with the original microorganisms in that
material, although some microcosms were supplemented
with sodium chloride (NaCl) salt to create two alternative
salinity treatments (fresh and saline). Salinity was considered as a treatment because it strongly affects microbial
taxonomic composition in nature (Lozupone and
Knight, 2007), while its effects on metabolic composition
and function remain poorly understood (Dupont et al.,
2014). As NaCl is not itself a metabolic substrate, we
hypothesized that it may select for alternative taxa without directly selecting for or against speciﬁc metabolic
groups, thus potentially permitting an investigation of how
taxonomic variation in and of itself (i.e., regardless of variation in functional composition) affects function. The
effects of salinity on microbial activity are also of environmental and industrial interest (Duan et al., 2018; Navada
et al., 2019). We used 16S rRNA amplicon sequencing
and gene-centric metagenomic sequencing to assess the
taxonomic and metabolic composition of the microbial
(bacterial and archaeal) communities respectively, at
various time points and at two different depth intervals
(henceforth ‘top’ and ‘bottom’ segments). Concurrently,
we measured methane concentrations as well as oxygen
gradients to assess net methane production and total
oxygen consumption rates over time respectively.

Results and discussion
Taxonomic composition
A total of 25 replicate fresh and 15 replicate saline
(19 PSU) microcosms were concurrently set up and incubated in the dark, and sampled at ﬁve discrete time
points. Because sampling was destructive, a different
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Fig 1. Experimental design. (A) Illustration of a single microcosm, consisting mostly of mud covered by a layer of water, inside a glass jar.
Also illustrated are the segments considered for DNA sampling (‘top’ and ‘bottom’) and methane concentration measurements (bottom only),
as well as the region where O2 concentration depth-proﬁles were measured. DNA sampling and methane and O2 concentration measurements were each performed at distinct lateral locations on the microcosm to prevent interference between measurements. For photos of the
DNA and methane sampling see Fig. S4. (B) Schematic of experimental replication and Sampling strategy. For each treatment, multiple
independent microcosms were set up at the beginning of the experiment and kept under identical conditions in the laboratory. At any given
sampling time point, physical and chemical measurements were performed and the material was extracted for microbiome analysis for a
subset of replicate microcosms. Because sampling was destructive, a different subset of microcosms was sampled each time. Each sample
thus provides a snapshot from the trajectory of a separate microcosm, however, the trajectories of all microcosms within a given treatment
are statistically equivalent.

subset of microcosms (ﬁve fresh and three saline) was
sampled each time; thus, distinct samples represent
snapshots of independent but statistically equivalent
trajectories (schematic in Fig. 1). The taxonomic composition of the communities was assessed in terms of the
relative abundances of 16S rRNA amplicon sequence
variants (ASVs) (Callahan et al., 2016, 2017).
We found that the taxonomic composition gradually
diverged between the fresh and saline treatments,
resulting in markedly different communities by the end of
the experiment (Figs 2 and 3, for taxon identities, see
Fig. S1). This divergence between the fresh and saline
microcosms was also conﬁrmed using PERMANOVA
tests (Anderson, 2017) of between-treatment versus
within-treatment pairwise abundance-weighted Unifrac
dissimilarities (Lozupone et al., 2007) (overview in
Table S1). The PERMANOVA pseudo F-statistic was
F = 17.4 (n = 80, p < 0.001 based on permutation tests,
standardized effect size S = 19.5) when comparing all
saline versus all fresh microcosms, and F = 14.8 (n = 16,
p < 0.001, S = 11.8) when comparing only the ﬁnal time
points. Divergence between saline and fresh microcosms
was somewhat stronger in the top segment: The PERMANOVA pseudo F-statistic was F = 35.5 (n = 40,
p < 0.001, S = 44.6) in the top segment and F = 14.9
(n = 40, p < 0.001, S = 21.7) in the bottom segment, when
considering all time points. Changes in composition mainly
occurred in the saline treatment, although some subtle
changes over time are also visible in the fresh treatment
(Figs 2 and 3C–E). By the end of the experiment

communities in the saline top and bottom segments had
diverged signiﬁcantly from one another (PERMANOVA
F = 45.8, n = 6, p = 0.029, S = 3.0, Fig. 3C).
In the ﬁnal sampling point, the fresh microcosms were
dominated by members of the Bathyarchaeia class at the
top, and members of the Bathyarchaeia and Dehalococcoidia classes at the bottom (Fig. S1). Concurrently, the
saline microcosms became dominated by members of
the Betaproteobacteriales and Chitinophagales orders at
the top, and by members of the Fusobacteriales order at the
bottom. These taxonomic changes in the saline microcosms presumably occurred largely in response to the substantially elevated salt stress compared with most of the
microorganisms’ original environment (a freshwater lake).
Many of the ASVs that eventually dominated the saline
microcosms were either not detected or only present at low
relative abundances in the ﬁnal fresh microcosms. For
example, among the 10 most relatively abundant ASVs in
the ﬁnal saline top segments (averaged across replicates)
none was detected in the ﬁnal fresh top segments. Among
the 10 most relatively abundant ASVs in the ﬁnal saline
bottom segments, only six were detected in the ﬁnal fresh
bottom segments and only at substantially lower relative
abundances (down by 25%–98%). Some of the ASVs that
eventually dominated the saline microcosms could not be
detected in any fresh sample at any time point nor in the
earlier saline samples, which means that these ASVs must
have been extremely rare initially. At any given depth and
time point, replicates of a speciﬁc treatment had a more
similar taxonomic composition than was the case between
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Fig 2 . Taxonomic composition. Taxonomic composition in microcosms in terms of the relative abundances of ASVs, in the top (A) and bottom
(B) section of the microcosms. Each column corresponds to a different sample (ordered by treatment and sampling time), and every colour corresponds to a different ASV. For simplicity, only ASVs that are among the 30 most relatively abundant in at least one of the treatment-depth combinations (fresh-bottom, fresh-top, etc.) are shown. Taxonomic identities of ASVs (to the maximum reliable resolution) are listed for the top
30 ASVs; for taxonomic identities of all shown ASVs see Fig. S1. For abundances relative to all 11 639 ASVs see Fig. S5.

treatments, although some variation was evident among
replicates, particularly in the top segment of the saline
microcosms (Fig. 2A).
By the end of the experiment differences between
treatments were much greater than differences between
replicates within any given treatment, and freshwater
microcosms remained almost unchanged over time
(Fig. 3C–E). This suggests that salinity was the major
cause of taxonomic changes over time, and that stochastic effects (including ecological drift) were much less

important than salinity-driven environmental ﬁltering in
shaping taxonomic composition. Similarly, within any
given treatment and depth segment replicates tended to
follow coherent trajectories through composition space
over time. Indeed, the fresh bottom segments tend to
form distinct clusters at each time point (PERMANOVA
F = 5.8, n = 25, p < 0.001, S = 15.3, Fig. 3E), and this
pattern is even stronger for the saline microcosms
(PERMANOVA F = 14.0, n = 15, p < 0.001, S = 18.9 in
the top segment, PERMANOVA F = 16.8, n = 15,
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Fig 3. Taxonomic dissimilarities. A, B. Abundance-weighted Unifrac dissimilarities (Lozupone et al., 2007) (ASV level) between fresh and saline
microcosms at each time point in the top (A) and bottom (B) segments. C–E, Principal coordinate analysis (PCoA) of abundance-weighted
Unifrac dissimilarities (ASV-level) between communities. Each point represents one sample from the top or bottom segment of independent
microcosms (C: all samples, D: top segment only and E: bottom segment only). Points are shaped and coloured according to treatment (fresh
vs. saline) and segment (top vs. bottom) in C, and by treatment and time point in D–E. See the main text and Table S1 for PERMANOVA
statistics.

p < 0.001, S = 24.8 in the bottom, Fig. 3D and E). This
coherence is also visible in Fig. 2, where the ASVs eventually becoming dominant in the saline treatments (at any
given depth) are largely the same across replicates. This
again suggests that ecological drift was less important
than deterministic processes driving taxonomic succession, which may include bottle effects, the gradual depletion of organic carbon and biotic interactions. Indeed, if
the ecological drift was the main driver of taxonomic
variation over time in any given treatment and depth
segment, then each replicate microcosm would follow a
random trajectory with independent direction, and
samples from the ﬁrst and last time points would not constitute distinct clusters. Our results demonstrate that,
under carefully replicated environmental conditions, even
complex microbial communities can have largely reproducible dynamics. Some variability between replicates
was observed in the saline top segments sampled
towards the end of the experiment (Figs 2A and 3D),
which can likely be attributed to the fact that most of the

eventually dominant taxa started at extremely low—in many
cases undetectable—population sizes (which generally
leads to greater stochasticity in relative abundance).
Metabolic composition
We found that metabolic composition, in terms of the
proportions of genes associated with various metabolic
functions (KEGG level C categories, metabolism only;
Kanehisa et al., 2016), was remarkably similar between
the two treatments and between the ﬁrst and last time
point, especially when considering a speciﬁc depth
segment (Fig. 4A and B and Fig. S2). For example, when
comparing saline to fresh microcosms sampled at the
ﬁnal time point, based on pairwise abundance-weighted
Bray–Curtis dissimilarities of metabolic composition, we
found a PERMANOVA pseudo F-statistic of F = 3.2
(n = 16, p = 0.069, S = 1.6), which is much weaker than
the effect sizes reported above based on ASV compositions. Even at the level of individual genes (KEGG
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orthologs), for example, involved in methane metabolism
(the dominant metabolic group), all microcosms showed
remarkable compositional similarity (Fig. 4C and D and
Fig. S2). This similarity contrasts the highly variable ASV
composition between treatments as well as between time
points (in the saline treatment). Hence, it appears that
taxonomic shifts induced by the elevated salinity were
largely due to changes in relative birth and death rates
between taxa with similar metabolic specializations but
varying salinity tolerances, rather than between organisms occupying distinct metabolic niches. As a result, the
same metabolic functions ended up being represented at
similar proportions by distinct taxa in the two treatments.
Metabolic activity
Metagenomic composition a priori only yields insight on
the functional potential of a community, rather than actual
metabolic activities. Here, to examine broad metabolic
activity we evaluated oxygen consumption rates based

A

B

C

D
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on oxygen concentration gradients at the mud–water
interface, as well as methanogenic activity based on
methane concentrations in the bottom segment. Methane
was considered because the bulk of organic carbon
catabolism in these mud columns is expected to lead to
the production of methane (as an intermediate and/or
end product). Oxygen consumption was considered
because a large fraction of catabolic end products is
eventually aerobically oxidized, either directly or through
a redox cascade involving intermediate electron acceptors (Holmer and Storkholm, 2001; Glud, 2008). As the
oxygen proﬁles were generally almost perfectly linear at
the mud–water interface (Fig. S3), the slope of these proﬁles could be used as a proxy for overall oxygen consumption rates by the microcosm (up to an unknown
proportionality constant; Glud, 2008). These measurements were performed for the ﬁrst time on the 6th week,
to allow for sufﬁcient methane buildup and a stabilization
of oxygen and methane concentration proﬁles following
the startup phase (Knorr and Blodau, 2009).

Fig 4. Metabolic composition. A, B. Relative abundances of genes groups involved in various types of metabolism (KEGG level C categories,
metabolism only; Kanehisa et al., 2016), in the top (A) and bottom (B) section, sampled at the start and end of the experiment. Only the 50 most
abundant groups are shown, and segment heights are proportional to relative abundances among those 50 groups. C, D. Relative abundances
of individual genes involved in methane metabolism (KEGG orthologs in level C category ‘methane metabolism’), in the top (C) and bottom
(D) section, sampled at the end of the experiment. Only the 50 most abundant genes are shown. For additional genes see Fig. S2.
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Oxygen gradients (i.e., the slope of O2 concentration
over depth, μM mm−1) and methane concentrations (μM)
gradually decreased over time (Fig. 5A and B), presumably reﬂecting decreasing catabolic rates due to the gradual depletion of labile organic carbon in the microcosms.
As a gradual decrease in overall rates is expected even
under constant community composition, we focus our
analysis on the comparison between treatments at any
given time point. Oxygen gradients as well as methane
concentrations in the saline microcosms were substantially lower than in the fresh microcosms, indicating lower
oxygen consumption rates and lower net methane production rates. For example, after 6 weeks oxygen gradients in the saline microcosms were only !48% relative to
those in the fresh microcosms (when averaged over all
saline–fresh pairs), and methane concentration in the
saline microcosms were at !38% relative to the fresh
ones (Fig. 5C and D). Given that CO2 and CH4 are usually the main end-products of the degradation of organic
matter (especially of polysaccharides) (Bryant, 1979;
Conrad, 1999), and given that complete catabolism to

CO2 requires more oxygen atoms as electron acceptors
than partial catabolism to CH4, it follows that overall catabolic rates were likely lower in the salinity treatments
(since otherwise, either O2 consumption and/or net CH4
production would be higher).
The average oxygen gradient ratio was signiﬁcantly
higher at the last sampling point when compared with the
ﬁrst sampling point (from 48% to 72%, 72%),
corresponding to an increased similarity in oxygen respiration rates between treatments. The average methane
concentration ratio did not change signiﬁcantly when
comparing the ﬁrst and last sampling points (from 38% to
34%, p = 0.25). These observations suggest that the
lower metabolic rates in the saline treatment were more
likely caused directly by the physiological/physical effects
of salt rather than indirectly due to taxonomic changes.
Acclimation (potentially through taxonomic restructuring)
in the salinity treatment may have in fact contributed to
making oxygen consumption rates more similar between
treatments. Another potential cause for the increased rate
similarity could be that in the long term the ﬂuxes in this

A

B

C

D

Fig 5. Metabolic activity. A. Linear oxygen gradients at the mud–water interface of each microcosm, as a proxy for net oxygen ﬂux into each
microcosm; one point per microcosm, red boxes are fresh microcosms, blue boxes are saline microcosms. Horizontal bars denote means, boxes
span one standard deviation above and below the mean. B. Methane concentrations in the bottom segment of each microcosm. Points and
boxes are as in A. C. Ratios of oxygen gradients in saline versus fresh microcosms, plotted over sampling time; points denote means across all
3 × 5 saline–fresh microcosm pairs sampled at any given time point, vertical bars span one standard deviation above and below the mean.
D. Ratios of methane concentrations in saline versus fresh microcosms, plotted over sampling time; points and vertical bars are as in C.
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poorly mixed system are strongly constrained by boundary conditions and physical transport properties (Louca
et al., 2019).
A negative effect of salinity on metabolic rates has
been observed previously, especially when microorganisms were originally taken from a less saline environment
(as in our case) (Wilson et al., 2013; Rath and
Rousk, 2015; Peng et al., 2017; Navada et al., 2019;
Rath et al., 2019). The effects of salinity are at least
partly physiological in nature, with salinity imposing a
stress to cells (Rath and Rousk, 2015) that might lead to
lower microbial population sizes and generally lower bulk
metabolic rates. While we did not explicitly quantify cell
abundances, the amount of DNA that we were able to
extract for sequencing was about !2–4 times lower for
the saline samples compared with the fresh samples,
consistent with the expectation that salt stress would
impact total cell abundances. Salinity could also affect
the kinetics of extracellular enzymes catalysing the
hydrolysis of organic polymers (likely a rate-limiting step
in our system; Glissmann and Conrad, 2002; Fey and
Conrad, 2003; Beulig et al., 2018), especially when these
enzymes are optimized for non-saline environments.
Future experiments using metatranscriptomics, metaproteomics or metabolomics could help resolve the
effects of salinity on individual metabolic reactions.
Based on the common paradigm for methanogenic
digestion (Conrad, 1999; Beulig et al., 2018), microbial
productivity in our microcosms was likely largely driven
by a catabolic cascade starting with the hydrolysis and
fermentation of biopolymers, followed by hydrogenogenesis, acetogenesis and ultimately methanogenesis at
depth and methane oxidation towards the surface
(Conrad, 1999; Beulig et al., 2018). This roughly linear
pathway structure and stoichiometric (ﬂux balance) constraints are expected to lead to positive correlations
between the activity rates (and hence abundances) of
various metabolic groups (Sinsabaugh and Follstad
Shah, 2012; Helton et al., 2015). Such correlations might
explain why the proportions of various metabolic groups
were so conserved between treatments despite the differences in metabolic rates.
Previous experiments exposed alternative microbial
communities, e.g. originating from different environments
(Reed and Martiny, 2013) or assembled randomly from
isolates (Matulich and Martiny, 2015), to a new common
environment and found that in the short-term metabolic
rates differed between communities, concluding that
microbial composition affects function. It is clear that two
randomly assembled microbial communities (e.g., taken
from different environments) are a priori unlikely to immediately respond to a new environment with equal metabolic rates, since differences in physiology, metabolic
potential, reaction kinetics, initial cell abundances and
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adaptation to environmental stressors (e.g., salinity) can
all affect metabolic rates. A more interesting question is
whether metabolic rates ultimately converge between
communities as time proceeds. Such convergence could
occur as communities gradually adjust to the new conditions, not necessarily by converging taxonomically, but
through physiological adaptation or through changes in
relative functional group abundances (e.g., with functional
group proportions adjusted to substrate availabilities).
Our ﬁndings suggest that gradual taxonomic adjustments
have partly compensated for salinity effects on oxygen
consumption rates, consistent with previous similar ﬁndings (Reed and Martiny, 2013; Wilson et al., 2013;
Martiny et al., 2017).
Conclusions
We have provided an experimental demonstration of a
partial decoupling between microbial taxonomic and metabolic composition in a realistic spatially structured microbial system. Simply by increasing salinity while keeping
most other environmental variables unchanged, we triggered a gradual but ultimately strong taxonomic shift with
little effect on the metabolic composition. This shows that
mechanisms stabilizing metabolic composition need not
necessarily stabilize the taxonomic composition, consistent with similar conclusions from previous environmental
surveys (Burke et al., 2011; Louca et al., 2016b, 2018). It
also allowed us to investigate the role of taxonomic composition on metabolic function while controlling for metabolic composition. While our saline microcosms
appeared to exhibit substantially lower oxygen consumption and net methanogenic rates than the fresh ones, relative rate differences between treatments did not
signiﬁcantly increase over time, suggesting that metabolic rates were impeded due to salinity itself and not
due to the increasing taxonomic divergence between
treatments. This distinction is important when experimentally assessing the effects of taxonomy on function,
because the chemical/physical treatment itself rather than
the induced taxonomic shifts may be affecting metabolic
rates. Microbial communities in our saline microcosms
gradually restructured, presumably through the growth of
more salt-tolerant clades, and this restructuring was
ongoing even after 56 weeks. Hence, previous shorter
experiments observing metabolic rate differences
between microbial communities of alternative natural origin or alternative artiﬁcial construction (Langenheder
et al., 2006; Strickland et al., 2009; Peter et al., 2011;
Matulich and Martiny, 2015), under identical new conditions, may have been observing transient rate differences
that might have eventually disappeared. This realization
underlines the importance of distinguishing between
short-term and long-term (i.e., near steady state) effects
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of treatments and community origin on microbial community composition and function.
Materials and methods overview
Microcosms were constructed using identical homogenized material mostly comprising mud from an urban
freshwater lake, with the addition that salt (NaCl) was
added to the saline treatments. A total of 40 microcosms
(25 fresh and 15 saline) were set up, and subsequently
kept under identical conditions in the dark until sampling.
Samples were collected at multiple time points (but never
twice from the same microcosm) throughout the experiment. As sampling was destructive, a different subset of
microcosms was sampled each time and subsequently
discarded. The ﬁrst batch of microcosms was sampled
6 weeks into the experiment, while the last batch was
sampled after 56 weeks. At each sampling time, ﬁve
fresh and three saline microcosms were sampled on the
same day, except at time = 0 where a single sample was
taken since all microcosms started with the exact same
material (note that the number of samples in each treatment and time point is fully accounted for in our statistical
analyses). For any given microcosm sampled, all physicochemical measurements and material retrieval for DNA
sequencing were performed within a time interval of
1–2 h. Depth proﬁles of oxygen concentrations (μM) were
measured near the water–mud interface using optical
microsensors; for each microcosm, four independent oxygen proﬁles were measured and subsequently averaged.
Oxygen gradients were calculated by ﬁtting a linear curve
to the proﬁles. Example oxygen proﬁles from two microcosms are shown in Fig. S3. Methane concentrations
were measured within a single depth interval inside the
mud (1.4–3.4 cm from the bottom), using a headspace
method adjusted from (Iversen and Jorgensen, 1985;
Hoehler et al., 1994; Paull et al., 2000) and using a GC–
MS system. Mud samples for DNA sequencing were
extracted from the microcosms at two depth intervals, a
‘bottom’ interval (1.4–3.4 cm from the bottom) and a ‘top’
interval (3.4 cm from the bottom up until the mud surface). To inactivate potential relict DNA from non-living
organisms, samples were treated using propidium monoazide (Carini et al., 2016). DNA was extracted using the
QIAGEN® DNeasy PowerSoil Pro DNA extraction kit and
sent to the Integrated Microbiome Resource at Dalhousie
University in Halifax, Nova Scotia, Canada, for 16S rRNA
amplicon and metagenomic sequencing. 16S rRNA ASVs
were determined using dada2 (Callahan et al., 2016) and
taxonomically classiﬁed using a consensus approach
based on a comparison to the SILVA database v132
(Glöckner et al., 2017). Metabolic predictions for ASVs
were performed using the FAPROTAX database (Louca
et al., 2016b). Metagenomic sequences were annotated

using the protein prediction tool orfm (Woodcroft
et al., 2016), the local sequence aligner diamond
(Buchﬁnk et al., 2014) and an amino acid reference database constructed from UniRef100 (Consortium, 2018).
Full methodological details are given in Supplement S1.
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S.1

Supplemental materials and methods

In this section we provide full methodological details in a self-contained format.

Preparation of microcosms
Microcosm containers: Each microcosm was enclosed in a straight-sided glass jar (external diameter 9.525
cm, total height 16.985 cm, Uline R product number S-19316) with metal lid and rubber sealing ring. A hole
(diameter 1 cm) was drilled into the center of each lid to permit air exchange between the microcosm and
the exterior. All jars and lids were autoclaved. Sterlitech R nylon membrane filters (pore size 0.1 µm) were
glued over the lid holes under sterile conditions, to prevent entry of new microorganisms into the microcosms
during the experiment.
Microcosm material: Organic carbon-rich soft mud was obtained from the bottom of a nearby urban lake
(Trout Lake, Vancouver, coordinates 49.255472¶ N, 123.063120¶ W) on December 24, 2016. We also collected lake water from the same location in separate containers. The mud was left to settle for 10 minutes
and water was subsequently poured off to reduce differences in water content when distributing the mud into
the various microcosms. The mud was sieved through a coarse sieve (pore size 8 mm) to remove stones and
branches. A small quantity of local ocean coast sediments (amounting to about 0.03% of mud mass), taken
from Wreck Beach, Vancouver (coordinates 49.262226¶ N, 123.261712¶ W), was added to the mud in order
to amend the microbial “seed pool” in the microcosms with salt-tolerant microorganisms (note that this small
1

quantity had a negligible effect on the chemical composition of the mixture). The mud was subsequently homogenized in a large container using an electrical drill with paint mixer blade. For the saline treatment, 15
L of homogenized mud was transferred to a new sterile container, and mixed saline solution consisting of
100 mL lake water and 226 g NaCl. To ensure the same water content between treatments, we also added
lake water to the remaining (non-saline) mud at the same proportion. The fresh and saline mud were each
homogenized once more. To each jar, we transferred 750 mL of the appropriate mud (fresh or saline) and
immediately capped the jar. Some mud material was also PMA-treated and frozen for later sequencing (see
microbiome analysis details below). After sitting for 2 days, in all jars the mud column depth ranged within
≥105–110 mm and the water level on top of the mud was in the range ≥24-26 mm. The salinity of fresh and
saline microcosms (overlying water compartment) was measured using a refractometer at the beginning of
the experiment as well as at sampling time; fresh microcosms had a salinity of 0 PSU throughout, and saline
microcosms had a salinity of ≥19 PSU with variations between microcosms or time points always less than
0.5 PSU.
A total of 40 microcosms (25 fresh and 15 saline) were set up. All microcosms were kept in the dark and
under laboratory conditions at 20–21¶ C, until the time of sampling. The risk of unwanted colonization
by outside microorganisms during the experiment was evaluated using 2 control jars filled with sterilized
lysogeny broth (Lennox modification: 2 g tryptone, 1 g yeast extract, 1 g NaCl, 200 mL deionized water),
which were maintained next to the microcosms. Both controls displayed no sign of microbial growth as
indicated by the absence of any cloudiness.

Sampling scheme
Samples were collected at multiple time points (but never twice from the same microcosm) throughout the
experiment. As sampling was destructive, a different subset of microcosms was sampled each time and subsequently discarded. Each sample thus provides an independent snapshot from the trajectory of a separate
microcosm, and the trajectories of all microcosms within a given treatment are statistically equivalent. The
first batch of microcosms was sampled 6 weeks into the experiment, while the last batch was sampled after
56 weeks. At each sampling time, 5 fresh and 3 saline microcosms were sampled on the same day, except at
time=0 where a single sample was taken since all microcosms started with the exact same material (note that
the number of samples in each treatment and time point is fully accounted for in our statistical analyses). For
any given microcosm sampled, all physicochemical measurements and material retrieval for DNA sequencing were performed within a time interval of 1-2 hours, in the following order: First, general non-invasive
measurements such as water level and visual inspection were performed. Second, oxygen concentration profiles near the water-mud interface were measured using needle sensors (see details below). At the end of
this step, all overlaying water was carefully removed from the microcosm using a plastic syringe. Third, two
coring tubes were inserted at two new locations (away from the previous oxygen sensor penetration points),
for material collection for methane concentration measurements and DNA sequencing (see details below).

Oxygen measurements
Oxygen depth profiles: Depth profiles of oxygen concentrations (µM) were measured near the water-mud
interface using Pyroscience R optical microsensors (models OXR50 and OX230), connected to a 2-channel
FirestingO2 R optical oxygen meter and operated using the Pyro-O2-Logger software by Pyroscience R .
Oxygen measurements were automatically corrected for the microcosm’s temperature and salinity within
Pyro-O2-Logger, and using the Pyroscience TSUB21 R submersible Pt100 temperature sensor. Depth profiles were generally measured starting at about 10 mm above the mud surface. The sensors were slowly
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submerged into the mud at 0.5 mm or 1 mm intervals (ensuring sufficient resolution depending on the anticipated depth gradients) until concentrations dropped below detection limit. Sensors were submerged using a
micromanipulator that was custom-built using a Starrett R 254 Vernier height gauge. At each depth and for
each sensor, oxygen concentrations were recorded for 30 seconds at a sampling rate of 1 Hz with smoothing
parameter 1; the first 15 seconds were discarded from each depth to avoid early transients in the signal, and
the remaining 15 seconds were averaged to remove signal noise. Two sensors were submerged in parallel at
a time in order to obtain depth profiles at two distinct locations, and this procedure was repeated twice for
every microcosm, thus yielding 4 independent oxygen profiles at a time.
The oxygen sensors were cleaned with ethanol and deionized water, and oxygen gradients in the water were
left to stabilize for 5–10 minutes, prior to each profile measurement. Both sensors were calibrated regularly using the Pyro-O2-Logger software through a 2-point calibration, with one point constituting 100%
saturation in water at atmospheric partial pressure and laboratory temperature (deionized water bubbled for
several minutes) and the second point constituting concentration 0 (sensor submerged deep into the mud of
a microcosm). Example oxygen depth profiles from two microcosms are shown in Supplemental Fig. S3.
Oxygen gradients: Near the water-mud interface, oxygen profiles were approximately linear. Hence, their
linear slope can be used to quantify the net oxygen consumption rate of a microcosm (Cai and Sayles, 1996;
Glud, 2008), up to an unknown proportionality constant (stemming from the unknown oxygen diffusion
coefficient in our system) which is the same across all microcosms. We fitted a piecewise linear function
(resembling a sigmoid shape) of the general form:
C(z) =

Y
_
_
]Ca

C ≠ (Ca ≠ Cb ) ·

a
_
_
[C
b

z≠za
zb ≠za

: z < za
: za Æ z Æ zb ,

(1)

: z > zb

where z is depth, Ca is the maximum measured concentration, Cb is the minimum measured concentration,
and za and zb are fitted parameters corresponding to the two depths between which the profile is mostly
linearly. The above formula fit the measured concentration profiles generally well (e.g., see Supplemental Fig.
S3). The oxygen concentration gradient at the mud-water interface was estimated from the fitted parameters
as (Ca ≠ Cb )/(zb ≠ za ). Since for each microcosm we had measured 4 independent oxygen profiles, this
yielded 4 independent oxygen gradient estimates per microcosm, which were subsequently averaged. In
our article we henceforth refer to these averaged concentration gradients when discussing the microcosms’
oxygen consumption rates.

Methane concentration measurements
Methane sampling: Methane concentrations were measured within a single depth interval inside the mud
(1.4–3.4 cm from the bottom), using a headspace method adjusted from (Iversen and Jorgensen, 1985;
Hoehler et al., 1994; Paull et al., 2000). Mud samples from any particular depth interval were extracted
using a custom-made coring device, which consisted of a transparent 10 mL serological pipette (internal
diameter 0.8 cm) connected to a plastic syringe (capacity 60 mL) via rubber tubing. Through careful operation of the syringe to maintain appropriate suction, the pipette was gradually submerged vertically into
the mud, and subsequently pulled out of the mud while containing a complete sample of the entire mud
column with preserved depth structure; material from the desired depth intervals was then obtained by sequentially pushing out sections of the mud in the pipette (using the connected syringe) into corresponding
containers (Supplemental Fig. S4). The entire mud extracted from the target depth interval (1.5 mL) was
directly transferred into an Agilent R 20 mL crimp-top headspace vial that contained 8.5 mL of 200 mM
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NaOH solution (pH ≥ 13.3), which was used to terminate any microbial activity (Hoehler et al., 1994; Paull
et al., 2000). Each vial was immediately capped and crimp-sealed using an Agilent R magnetic crimp cap
with PTFE/silicone septum, vigorously shaken to mix, and subsequently stored at 4¶ C in the dark and upside
down until further analysis.
Blanks and standards: Blanks and calibration standards were prepared at the end of the experiment using mud
from an unused microcosm, separately for each treatment since salinity influences the solubility of methane.
Specifically, for any given treatment and a single blank or standard, 1.5 mL of mud was transferred into a 20
mL headspace vial containing 8.5 mL of 200 mM NaOH solution. Instead of capping the vial, vials were kept
open for 24 hours on a 50¶ C heat block and occasionally shaken to allow the complete escape of methane
and eventual equilibration with the atmosphere. Any evaporated water was restored with deionized water.
After 24 hours, vials were cooled down to lab temperature, capped and crimp-sealed, and stored together
with the sample vials. Some of these vials were directly used as blanks, while others were used to prepare
calibration standards by injecting 10 µL, 50 µL, 100 µL or 200 µL of pure methane through the septum
using a gastight microliter needle syringe. This standard range was chosen to cover the anticipated methane
levels in our samples, based on preceding trials. Standards were prepared in triplicates and separately for
each treatment, thus yielding in total 24 standards.
Headspace analyses using GC-MS: Headspace methane concentrations were determined at the end of the
experiment using a GC-MS system, composed of an Agilent R 7890A gas chromatograph, an Agilent 5975C
inert XL triple-axis Mass Selective Detector (MSD), an Agilent J&W CP-Molsieve 5Å column (length 10
m, diameter 0.32 mm, film 30 µm, 7 inch cage), and an Agilent GC Injector (autosampler) 80. Column
temperature was 35¶ C during runs and flushed at 50¶ C between runs. Inlet temperature was 150¶ C, Aux-2
temperature was 250¶ C, and injection volume was 500 µL of headspace. The MS signal (total ion concentration at 16 atomic mass units) was integrated around the methane peak time to obtain the total area under
the curve (AUC) for all samples, blanks and standards. A linear curve of the form Y = A · X ≠ B was fitted
to the AUCs obtained for the blanks and standards (separately for the fresh and saline treatments), with Y
being the volume of methane injected, X being the AUC and A, B being fitted parameters (B is the amount
of methane left in the blanks). The curve fit was excellent for both treatments (R2 > 0.99). For any sample,
the total amount (volume) of methane in the vial (Yvial , measured in liters) was estimated as Yvial = A · X,
where X is the AUC for that sample. The methane concentration in the original mud material (Ymud , measured in mol · L≠1 ) was calculated as Ymud = ﬂ · (Yvial ≠ Yatm )/Vmud , where ﬂ ¥ 0.0417 mol · L≠1 is
the molar density of pure methane gas under laboratory conditions (atmospheric pressure and temperature
20¶ C) (International Organization for Standardization, 2016), Vmud = 1.5◊10≠3 L is the volume of material
used, and Yatm ¥ 1.87 ◊ 10≠8 L is the amount of methane expected in 10 mL of air (the headspace volume)
(Rigby et al., 2008).

Microbiome analyses
Preparing material for DNA sequencing: Mud samples for DNA sequencing were extracted from the microcosms at specific depth intervals using the coring device described above for the methane measurements.
Note that while material for DNA was collected after the methane sampling, a separate coring tube was used
for the DNA sampling that was submerged prior to pulling out the methane core. This approach was followed
to avoid any alteration of the mud depth structure inside the DNA core when pulling out the methane core.
Two depth intervals were sampled for DNA sequencing, a “bottom” interval (1.4–3.4 cm from the bottom)
and a “top” interval (3.4 cm from the bottom up until the mud surface). From each of these two depth intervals, mud was first gently homogenized in a collection glass using a spatula, and subsequently about 0.2
g of homogenized material was placed into a transparent 1.5 mL microcentrifuge tube containing 0.5 mL of
4

phosphate-buffered saline (PBS, pH 7.4).
To inactivate relict DNA from non-living organisms potentially present in our mud samples (Carini et al.,
2016), samples were immediately treated using propidium monoazide (PMA) following a modification of
the protocol described by Carini et al. (2016), prior to being frozen. Specifically, to each sample 17.5 µL
of 2 mM PMAxxTM working solution (Biotium R ) was added under low light conditions. Samples were
then vortexed at low speed (to prevent intact cells from breaking) and in the dark (to avoid inactivation of
the light-sensitive PMAxx) for 10 minutes, and subsequently exposed to light from a 500 W halogen lamp
placed 20 cm away from the samples to inactivate any free PMAxx. Light inactivation was performed for 10
consecutive (30 seconds light):(30 seconds dark) cycles, while continuing to vortex gently to ensure uniform
light exposure. PMA-treated samples were frozen at -20¶ C until further processing.
DNA was extracted from mud samples and purified using the QIAGEN R DNeasy PowerSoil Pro DNA extraction kit, by applying the manufacturer’s suggested protocol. Extracted DNA was sent to the Integrated
Microbiome Resource (IMR) at Dalhousie University in Halifax, Nova Scotia, Canada, for 16S rRNA amplicon sequencing and metagenomic sequencing; DNA was sent in multiple batches during the years 2017–
2018. Molecular Grade Water was used to create 6 negative extraction controls, which were also included in
the sequencing jobs.
Amplicon sequencing: Amplicon sequencing was performed on an Illumina R MiSeq using paired-end
300+300 bp V3 chemistry, after PCR amplification with bacterial/archaeal-sensitive fusion primers targeting
the V4–V5 region (515FB-GTGYCAGCMGCCGCGGTAA and 926R-CCGYCAATTYMTTTRAGTTT),
as described by Comeau et al. (2017). Amplicon sequencing was performed for a total of 81 samples (5
time points ◊ 2 depths ◊ (5+3) microcosms, plus the initial mud material). Amplicon sequencing yielded
2,991,176 raw paired-end sequences across all 81 samples. Only the forward part was subsequently analyzed
due to high error rates in the reverse reads and because our main finding of taxonomic shifts was clearly visible
even when using the single 300 bp reads (for comparison, the recent Earth Microbiome Project used singleend reads of lengths Æ150 bp; Thompson et al., 2017). The R package dada2 v1.10.0 (Callahan et al., 2016)
was used for the bulk of the amplicon analysis (quality filtering, ASV inference and chimera filtering), as follows. Reads were quality-filtered using the dada2 function filterAndTrim, with options “truncLen=255,
maxEE=0.5, truncQ=20, trimLeft=5, minLen=250, maxLen=100000”, retaining 1,412,722 reads.
Error model calibration for ASV inference was performed separately for each of the 3 sequencing runs, to account for potentially different error statistics in each run. Calibration was performed using the dada2 function
learnErrors with options “nbases=1e8, randomize=TRUE, MAX_CONSIST=10”. Reads were dereplicated using the dada2 function derepFastq. ASVs were inferred from the dereplicated sequences and separately for each sample, using the dada2 function dada (options “pool=FALSE, selfConsist=FALSE”),
and using the error model calibrated previously for the corresponding run. Chimera filtering was performed
using the dada2 function removeBimeraDenovo (option method=‘consensus’), separately for each sequencing run, retaining 1,248,717 reads. Any ASV with fewer than 4 reads across all samples was omitted
from downstream analyses to avoid spurious ASVs.
ASVs were taxonomically identified using a typical consensus approach based on a comparison to the SILVA
database v132 (Glöckner et al., 2017). Specifically, each ASV was mapped to SILVA’s SSU sequences (nonredundant set) using vsearch v2.10.4 (Rognes et al., 2016), keeping only the top 50 hits. If at least one hit
exhibited a similarity of 100% (for example, if an ASV is represented in SILVA), then all hits at 100% similarity were used to form a consensus taxonomy. Otherwise, if the best hit showed a similarity of s < 100%,
then all hits with comparable similarity (Ø s ≠ 3%) were used for the consensus taxonomy. The consensus
taxonomy of any set of hits was defined as the taxon at the lowest taxonomic possible level (e.g. phylum,
class, etc) containing all hits. If an ASV did not hit any entry in SILVA at or above the lowest allowed similarity (>80% similarity, only ≥1% of ASVs did not meet this requirement), or a consensus taxonomy could
5

not be determined even at the domain level, it was considered unidentified and was subsequently omitted.
This flexible classification approach allowed high-resolution classifications of ASVs that closely and unambiguously matched a SILVA entry, as well as lower-resolution classifications of ASVs only distantly related
to SILVA entries. The overwhelming majority (≥ 99%) of ASVs could be identified at some taxonomic
level. ASVs identified as eukaryotes, chloroplasts or mitochondria were omitted. This yielded a final ASV
table comprising 11,639 taxonomically identified ASVs, corresponding to 1,238,519 reads across 81 samples, with an average number of 15,290 reads and 597 ASVs per sample. Metabolic predictions for ASVs
were performed using the FAPROTAX annotation database v1.2, as described by Louca et al. (2016); about
9.7% of ASVs could be assigned to at least one of FAPROTAX’s functional categories.
Negative extraction+sequencing controls yielded 749 reads and 22 ASVs per control on average. Of the
ASVs found in the negative controls, only one ASV (“ASV.32”) was found among the top 100 ASVs in our
samples; this ASV was matched by 2 reads across our 6 controls, and by 4231 reads across our samples,
and is consistent with barcode switching rather than contamination. Hence, both the abundances of major
groups in our samples as well as our overall analyses and conclusions were unlikely noticeably influenced by
contaminations.
A phylogenetic tree of ASVs, needed for Unifrac beta-diversity analyses (Lozupone et al., 2007), was generated as follows: ASV sequences were aligned with the script parallel_align_seqs_pynast.py in
the QIIME package v1.9.1 (Caporaso et al., 2010b,a), and using the prokaryotic alignments in the SILVA
database v132 (Glöckner et al., 2017) as alignment template (clustered at 80% similarity to reduce computation time). The phylogenetic tree was built from the ASV alignments using the program FastTreeMP
v2.1.10 (Price et al., 2010). Prior to calculating dissimilarities of community composition between samples, each sample was subsampled without replacement to the same number of reads (set to the lowest
number of reads of any sample); subsampling was repeated 100 times and dissimilarities were averaged.
Abundance-weighted Unifrac dissimilarities (Lozupone et al., 2007) were calculated using the QIIME script
beta_diversity.py. PCoA embeddings were calculated using the eigenvector decomposition function
linalg.eigh in the python package scipy v1.2.2 (Virtanen et al., 2019).
PERMANOVA tests comparing ASV composition within versus between sample groups were performed
using the methods described by Anderson and Walsh (2013, Appendix A. pp. 3–4). For any particular comparison, the PERMANOVA standardized effect size (S) was calculated as S = (F ≠ µo )/‡o , where F is the
PERMANOVA test statistic (also known as pseudo F-statistic) calculated from the data, and µo and ‡o are the
mean and standard deviation, respectively, of the test statistic under the null model that between-group distances are statistically similarly distributed as within-group distances. The statistical significance (P ) of the
PERMANOVA test statistic was calculated as the probability that the null model would generate a greater test
statistic than S. µo , ‡o and P were estimated based on 10,000 sample permutations. PERMANOVA analyses using abundance-weighted Unifrac dissimilarities and abundance-weighted Bray-Curtis dissimilarities
(Legendre and Legendre, 1998) yielded qualitatively similar results.
Metagenomic sequencing: Metagenomic (shotgun) sequencing was performed as follows: One nanogram
of each fluorescence-quantified sample was subjected to Illumina R NexteraXT library preparation, as
per the manufacturer’s instructions except that clean-up and normalization were completed using the
Just-a-Plate 96 PCR Purification and Normalization Kit by Charm Biotech R . Equal amounts of all barcoded
samples were then pooled and sequenced in a shared 150+150 bp paired-end Illumina R NextSeq 550
run (Illumina High-Output v2 kit). Metagenomic sequencing yielded 147,339,024 raw paired-end reads
across 17 samples. Forward and reverse reads were merged using the program flash v1.2.11 (Magoc
and Salzberg, 2011), with options “–min-overlap=10 –max-overlap 300 –max-mismatch-density
0.01 –phred-offset=33 –allow-outies”. For paired-end reads that could not be merged, we kept the
forward part. Merged reads and forward parts of non-merged reads were subsequently quality-filtered using
6

vsearch with options “–fastq_qmax 64 –fastq_ascii 33 –fastq_minlen 90 –fastq_maxlen
100000 –fastq_qmin 0 –fastq_maxee 0.5 –fastq_truncee 0.5 –fastq_maxee_rate 0.002
–fastq_stripleft 0 –fastq_trunclen_keep 100000”, retaining 66,111,851 high-quality reads.
Open reading frames (ORFs) were predicted using the program orfm v0.7.1 (Woodcroft et al., 2016),
yielding a total of 224,690,407 putative ORFs across all samples, with an average ORF length of 46.6 amino
acids. ORFs were annotated by comparison to an amino-acid reference database using the program diamond
v0.9.24 (Buchfink et al., 2014) with options “–strand ‘both’ –sensitive –algo 0 –compress 1
–max-target-seqs 1 –evalue 1e-3 –unal 0”, keeping only the best hit. For reference we used a
custom database, consisting of sequences in the UniRef100 protein sequence database (Consortium, 2018)
with available KEGG gene ortholog (KO) annotations, as obtained from the UniProt project website on
January 6, 2019. A total of 20,704,162 ORFs could be mapped to a UniRef100 sequence with KO annotation
(1, 217, 892 per sample on average). For any given sample, the relative abundance of a KO was set to
the ratio of ORFs mapped to that specific KO over the total number of ORFs mapped to any KO. In our
subsequent analysis, we only considered KOs classified as involved in some type of metabolism, according
to official KEGG level C categories (as of January 6, 2019). PERMANOVA analyses of abundance-weighted
Bray-Curtis dissimilarities (Legendre and Legendre, 1998), based on the relative abundances of KEGG
level-C gene categories (metabolism only) after rarefaction to a common number of reads, were performed
in a similar manner as described above for ASVs.
Statistical analyses of oxygen and methane concentrations
Oxygen gradient ratios between saline and fresh microcosms were analyzed as follows. For any given time
point, and for any pair of saline and fresh microcosms sampled at that time point (3 ◊ 5 pairs in total), we
calculated the ratio of the saline microcosm’s oxygen gradient over the fresh microcosm’s oxygen gradient.
Fig. 5C shows the arithmetic average and the sample-standard deviation of ratios across all saline-fresh pairs,
at each time point. The average ratio at the first time point (R1 ) was found to be lower than the average ratio
at the last time point (R2 ), i.e. R2 ≠ R1 > 0. To estimate the statistical significance (P ) of this difference,
i.e. under the null model that the expected ratio was identical between the two time points, we performed the
following permutation test. At every iteration, oxygen gradient ratios from the first and last time point were
re-assigned randomly to the two time points, maintaining the same number of ratios (3 ◊ 5) per time point.
Average ratios were then re-calculated for each time point (denoted R̂1 and R̂2 ), yielding a new random
difference R̂2 ≠ R̂1 . A total of 1000 iterations were performed, and the fraction of random differences
R̂2 ≠ R̂1 that was larger (in magnitude) than the observed difference R2 ≠ R1 was taken as an estimate for
the significance P . Methane concentration ratios between fresh and saline microcosms were analyzed in a
similar way (Fig. 5D).
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Figure S1: Taxonomic composition. Taxonomic composition in microcosms in terms of the relative abundances
of exact prokaryotic 16S rRNA amplicon sequence variants (ASVs), in the top (A) and bottom (B) section of the
microcosms. Each column corresponds to a different sample, and every color segment corresponds to a different
ASV. For simplicity, only ASVs that are among the 30 most relatively abundant in at least one of the treatment-depth
combinations (fresh-bottom, fresh-top, etc.) are shown. For each sample the segment heights are proportional to the
relative abundances among plotted ASVs. Sampling times (in weeks) are shown underneath each figure. Consensus
taxonomies estimated for each ASV are listed below the figures, at the finest resolution possible (e.g., some ASVs could
only be reliably identified to the genus level, or family level, etc).
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Figure S2: Metabolic composition. (A,B) Relative abundances of genes involved in various types of energy
metabolism (KEGG orthologs in level C category “energy metabolism”; Kanehisa et al., 2016), in the (A) top and
(B) bottom section, sampled at the start and end of the experiment. Only the 50 most abundant genes are shown, and
segment heights are proportional to relative abundances among those 50 genes. (C,D) Similar to (A,B), but showing
relative abundances of genes in the KEGG level C category “carbohydrate metabolism”. (E,F) Similar to (A,B), but
showing relative abundances of genes in the KEGG level C category “nitrogen metabolism”.
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Figure S3: Example O2 concentration profiles. Oxygen concentration depth-profiles across the water-mud interface,
in one fresh microcosm (first 2 columns) and one saline microcosm (last 2 columns), measured at the end of the
experiment. For each microcosm, 4 independent depth profiles were taken (2 synchronous sensors ◊ 2 replicates), with
measurements in each depth-profile (grey dots) roughly 1–2 mm apart. Zero depth corresponds to the mud surface, and
a negative depth corresponds to locations above the mud surface and inside the water column. The overall linear slope
of each depth profile (concentration change per depth, henceforth “gradient”, written in each plot) was calculated via
least-squares curve fitting (blue curves).
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Figure S4: Coring procedure. (A) Two coring tubes, one for DNA sampling and one for methane sampling, submerged
into a single microcosm. Rubber tubing connects the coring tubes to a pair of syringes, that can be used to adjust
suction/pressure in the coring tubes. (B) Ejection of mud from a specific depth interval from the coring tube into
a headspace vial containing NaOH, for methane concentration measurement. Material for DNA extraction was first
ejected into a temporary container for homogenization, prior to PMA treatment and storage (see Methods for details).
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Figure S5: Community-wide relative abundances of 30 most abundant ASVs. Taxonomic composition in microcosms in terms of the relative abundances of exact prokaryotic 16S rRNA amplicon sequence variants (ASVs), in the
top (A) and bottom (B) section of the microcosms. Each column corresponds to a different sample (ordered by treatment and sampling time), and every color segment corresponds to a different ASV. For simplicity, only ASVs that are
among the 30 most relatively abundant in at least one of the treatment-depth combinations (fresh-bottom, fresh-top,
etc.) are shown. For each sample the segment heights are proportional to the relative abundances among all 11,639
ASVs (including those not shown). Sampling times (in weeks) are shown underneath each figure.
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Table S1: Overview of PERMANOVA results. Listed are a specification of samples included, the sample size (n), the
categorial variable used to group samples, the dissimilarity metric used (taxonomic composition: weighted Unifrac;
metabolic composition: Bray-Curtis), the PERMANOVA pseudo F-statistic (F ), the standardized effect size (S) and
the statistical significance (n) estimated using a permutation test.

samples
all
final time point
all top
all bottom
saline final time point
fresh bottom
saline top
saline bottom
final time point

n
80
16
40
40
6
25
15
15
16

category
salinity
salinity
salinity
salinity
depth
time point
time point
time point
salinity

dissimilarity
taxonomic
taxonomic
taxonomic
taxonomic
taxonomic
taxonomic
taxonomic
taxonomic
metabolic
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F
17.4
14.8
35.5
14.9
45.8
5.8
14.0
16.8
3.2

S
19.5
11.8
44.6
21.7
3.0
15.3
18.9
24.8
1.6

P
<0.001
<0.001
<0.001
<0.001
0.029
<0.001
<0.001
<0.001
0.069
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