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Microbial legacies alter decomposition in response
to simulated global change
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Terrestrial ecosystem models assume that microbial communities respond instantaneously, or are
immediately resilient, to environmental change. Here we tested this assumption by quantifying the
resilience of a leaf litter community to changes in precipitation or nitrogen availability. By
manipulating composition within a global change experiment, we decoupled the legacies of abiotic
parameters versus that of the microbial community itself. After one rainy season, more variation in
fungal composition could be explained by the original microbial inoculum than the litterbag
environment (18% versus 5.5% of total variation). This compositional legacy persisted for 3 years,
when 6% of the variability in fungal composition was still explained by the microbial origin. In
contrast, bacterial composition was generally more resilient than fungal composition. Microbial
functioning (measured as decomposition rate) was not immediately resilient to the global change
manipulations; decomposition depended on both the contemporary environment and rainfall the year
prior. Finally, using metagenomic sequencing, we showed that changes in precipitation, but not
nitrogen availability, altered the potential for bacterial carbohydrate degradation, suggesting why the
functional consequences of the two experiments may have differed. Predictions of how terrestrial
ecosystem processes respond to environmental change may thus be improved by considering the
legacies of microbial communities.
The ISME Journal (2017) 11, 490–499; doi:10.1038/ismej.2016.122; published online 14 October 2016

Introduction

The resilience of microbial communities—the rate at
which they respond to environment change—is key
to understanding their role in human, engineered
and natural systems (McMahon et al., 2007; Allison
and Martiny, 2008; Costello et al., 2012; Lozupone
et al., 2012; Shade et al., 2012). Human activities are
altering the variability and long-term trends in
temperature, precipitation and nitrogen availability,
factors known to alter microbial composition in
natural ecosystems (Allison and Martiny, 2008;
Evans and Wallenstein, 2012; Rousk et al., 2013).
However, terrestrial ecosystem models assume that
microbial communities respond instantaneously, or
are immediately resilient, to environmental change

(Schimel and Gulledge, 1998; Lawrence et al., 2009;
Treseder et al., 2012; Hawkes and Keitt, 2015).

In the face of shifting conditions, it is useful to
consider resilience broadly, without regard to an
equilibrium state (Loreau et al., 2002). Thus, a highly
resilient community responds quickly to environ-
mental change, and its composition will be deter-
mined by contemporary conditions. In contrast, a
non-resilient community will be a function of
historical, as well as contemporary, environmental
conditions (Hawkes and Keitt, 2015). Indeed, plant
and animal species often lag for decades in their
response to climate change (Parmesan, 2006;
Wilczek et al., 2014). However, microorganisms are
generally expected to be more resilient than larger
organisms because of faster growth rates, greater
dispersal capabilities, and their potential for
phenotypic plasticity and rapid evolution (Shade
et al., 2012).

If microbial composition is not immediately
resilient, a key question is whether such delays
matter for ecosystem functioning, which could lead
to climate change feedbacks in natural ecosystems
(Treseder et al., 2012). Prior studies testing for the
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effects of the historical environment on microbial
functioning have yielded mixed results (for example,
Updegraff et al., 1998; Waldrop and Firestone, 2006;
Evans and Wallenstein, 2012; Rousk et al., 2013; Li
et al., 2015). Crucially, however, these studies do not
tease apart the legacies of abiotic parameters versus
those of the microbial community itself. Hence, it
remains unclear whether functional predictions
would be improved by incorporating the response
of the microbial community itself.

The Loma Ridge Global Change Experiment
manipulates rainfall and nitrogen, two factors sub-
ject to anthropogenic change in southern California
(Wilson et al., 2003; Fenn et al., 2003). Previously,
we have shown that the leaf litter microbial commu-
nity is sensitive to simulated drought and nitrogen
addition in this grassland (Amend et al., 2015;
Matulich et al., 2015). Bacteria and fungi decompose
most plant detritus (litter) in terrestrial ecosystems
(Swift et al., 1979), and this process is a key step in
the carbon cycle, as it mediates the balance of carbon
being respired as CO2 into the atmosphere or stored
in the soil (Adair et al., 2008).

In this study, we tested the resilience of a
microbial community—its composition and func-
tioning—in its natural environment using microbial
‘cages’ (Reed and Martiny, 2007; Allison et al., 2013)
in the largest and longest experiment of its kind. The
cages inhibit the exchange of microorganisms,
allowing separate manipulation of the microbial
community, litter substrate and contemporary abio-
tic environment (Figure 1a). In earlier studies, we
reported some results from the first year of this
experiment, including extracellular enzyme poten-
tial and litter mass loss (Allison et al., 2013; Alster
et al., 2013). Here, we assayed the taxonomic
composition of bacteria and fungi in the litterbags
and followed composition and litter mass loss over 3
years. We then compared these metrics with those of
control communities remaining in their original
environment to quantify how long the origin of the

microbial community, as opposed to its contempor-
ary environment or litter substrate, explained varia-
tion in microbial composition or functioning
(Figure 1b).

We further investigated whether the resilience of
microbial functioning in the litterbags was linked
to changes in a community’s potential for carbohy-
drate degradation. Microorganisms carry different
suites of glycoside hydrolase (GH) genes that
encode enzymes that hydrolyze the glycosidic
bond between the carbohydrate moieties of poly-
mers such as cellulose (Berlemont and Martiny,
2015). We used metagenomic sequencing to com-
pare GH composition among the transplanted
communities.

Materials and methods

Field site
The Loma Ridge Global Change Experiment was
established in February 2007 in the foothills of Santa
Ana Mountains within the Irvine Ranch National
Landmark in Orange County, California (117.704°W,
33.742°N; Potts et al., 2012). Annual mean tempera-
ture is 17 °C, and mean precipitation is 325mm,
falling primarily during a ‘wet’ season from Novem-
ber to April (Kimball et al., 2014). The grassland is
dominated by the annual grass genera Avena,
Bromus and Lolium; the annual forb genera Erodium
and Lupinus; and the native perennial grass Nassella
pulchra.

We used a subset of the global change manipula-
tions: two levels of precipitation (ambient and ~40%
reduction) and two levels of nitrogen (ambient or
60 kg N ha− 1 year− 1 added as slow-release calcium
nitrate) applied to subplots within precipitation
treatments (Allison et al., 2013). Drought was
imposed by covering the plots only when rainfall
was forecast. The covers (polyethylene sheeting over
steel arch frames) were removed again soon after

Figure 1 (a) Experimental design of the drought reciprocal transplant within the global change experiment. A parallel design was carried
out for the nitrogen reciprocal transplant. Global change manipulations were initiated in February 2007. In December 2010, microbial cage
litterbags were filled with sterilized leaf litter, collected from either ambient rainfall or drought treatment plots (litter origin). Each litterbag
was then inoculated with a microbial inoculum collected from ambient or drought plots (microbial origin). Finally, sealed litterbags were
placed back into ambient or drought plots (plot environment). One bag from each of eight replicate blocks was destructively sampled at the
end of each rainy season (March) for 3 years. (b) To assay resilience of the microbial community, we quantified how well microbial origin
explained either microbial composition or functioning (litter mass loss) at each time point. A steep decline in variance explained over time
indicates high resilience; a slow decline over time indicates strong legacy effects (dashed gray arrow).
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rainfall, reducing rainfall by half with negligible
effects on temperature or sunlight in the plots (Potts
et al., 2012). Both treatments altered litter chemistry
(Allison et al., 2013).

Reciprocal transplant
After the global change treatments were in place for
3.5 years, we set up reciprocal transplants within
the larger manipulations. The first year of the
transplant experiments are described in Allison
et al. (2013), but for this study, we continued the
experiments for a total of 3 years. To manipulate
litter origin, we collected senesced plant material
from the three types of plots (ambient, drought and
added nitrogen). To keep the litter treatment
constant across years, the litter from this collection
was stored dry at room temperature and used each
year of the experiment. Homogenized dry litter (2 g)
was placed into nylon membrane bags with 0.45 μm
pores (GE Healthcare Life Sciences, Pittsburgh, PA,
USA). The bags allowed water, nutrients and
possibly small bacteria to pass through. We ster-
ilized all bags and their contents with at least
22 kGy gamma irradiation. To manipulate microbe
origin, we inoculated the sterile litterbags with
50 mg non-sterile, dried and ground (Wiley mill,
1 mm mesh) litter. To manipulate the plot environ-
ment, we distributed these litterbags (N = 360) into
the treatment plots on 15 December 2010. We
retrieved the litterbags in batches of 120 (15
treatment combinations × 8 blocks) on 3 March, 14
June and 14 November 2011. For the second year,
new sterile litterbags were made, inoculated with
50 mg from each of the litterbags collected in
November 2011, and placed in the field on 7
December 2011. Litterbags were collected on 5
March, 4 June and 19 November 2012. For the third
year, new sterile litterbags were inoculated with the
November 2012 samples and placed in the field on
3 December 2012. A final collection was taken on 4
March 2013.

Each litterbag was destructively sampled for
litter mass, bacterial and fungal abundance, and
DNA extraction. Before placing the litterbags in the
field, we weighed the fresh litter and dried a
subsample to constant mass at 65 °C to obtain dry
mass. All mass losses are reported as percentage
initial dry mass.

Microbial abundance and biomass
Bacterial cell densities were measured by flow
cytometry (Allison et al., 2013). A 0.1 g subsample
of fresh litter was ground and fixed within 8 h of
collection. Cells were extracted from litter by adding
tetrasodium pyrophosphate to a final concentration
of 0.01 M and gently sonicated for 30min at 4 °C. The
extract was filtered, stained with SYBR Green, and
incubated for 15min at room temperature. Particles
in stained extracts and unstained controls were

counted by flow cytometry (BD Accuri C6; BD
Biosciences, San Jose, CA, USA), and cell densities
were calculated as the number of stained counts
minus unstained counts per g dry litter. We
converted bacterial cell counts to biomass (ug C g− 1

dry litter) assuming spherical cells with radius
0.6 μm and C density of 2.2 × 10− 13 g mm− 3

(Bratbak, 1985).
Fungal hyphal lengths were determined by mod-

ifying a procedure described previously (Allison
et al., 2013). Briefly, another 0.1 g subsample of fresh
litter was ground, dried, and dispersed in 10ml
sodium hexametaphosphate solution (0.395% mass/
volume) with vigorous stirring. This solution was
filtered and stained with acid fuchsin and filtered
onto two filters. Both filters were dried and mounted
on a microscope slide. Hyphal lengths (m g−1 dry
litter) were determined on phase contrast micro-
scope under × 100 magnification using the grid-
intercept method (Giovannetti and Mosse, 1980) and
50 grids per filter. Hyphal lengths were converted to
biomass (μg C g− 1 dry litter) assuming a fresh density
of 1.1 g cm− 3, 33% dry mass, 40% C in dry mass and
hyphal diameter of 5.2 μm (Paul and Clark, 1996).
Hyphal diameter was estimated as described in
Alster et al. (2013) and did not vary by treatment
or date.

Genetic analyses
From each litterbag, 0.05 g of ground litter was flash
frozen using liquid nitrogen and stored at − 80 °C
for DNA extraction. Samples were extracted using a
previously described procedure (Matulich et al.,
2015), and cleaned using an AllPrep Kit (Qiagen,
Valencia, CA, USA). To characterize bacterial
composition, the V4 region of the 16S ribosomal
RNA (rRNA) gene and the D1 and D2 region of the
28S rRNA gene was PCR amplified as in (Matulich
et al., 2015). PCR products were cleaned using the
Agencourt AMPure XP PCR Purification System
(Beckman Coulter Inc., Indianapolis, IN, USA),
quantified using a Quant-iT (Life Technologies,
Grand Island, NY, USA) Assay Kit and a Synergy 4
microplate reader (BioTek, Winooski, VT, USA),
pooled into equimolar concentrations and pyrose-
quenced at the Duke University ISGP Sequencing
Facility on a 454 Life Sciences FLX sequencer using
Titanium chemistry (454 Life Sciences, Branford,
CT, USA).

The amplicon sequences were processed using
the QIIME (version 1.6.0) toolkit (Caporaso et al.,
2010) with the following parameters: quality score
450, sequence length 4300 and o700 for fungi
and 4200 and o550 for bacteria, maximum
homopolymer of 6, 6 maximum ambiguous bases
and 0 mismatched bases in the primer. Sequences
were denoised using Denoiser (Reeder and Knight,
2010), and operational taxonomic units (OTUs)
were picked at the 97% identity level using
UCLUST (Edgar, 2010) in QIIME. The taxonomic
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identity of the OTUs was assigned to bacteria
by reference to SILVA 108 (Quast et al., 2013) and
the Greengenes database (DeSantis et al., 2006)
using the naive RDP classifier within QIIME (Wang
et al., 2007). Taxonomic identity of the fungal
OTUs were assigned by reference to the 28S LSU
RDP database (Cole et al., 2013) using BLAST.
Nucleotide sequences are available from NCBI SRA
(deposition SRP067657).

To assay GH composition, we created metage-
nomic libraries from the March 2011 samples. We
first pooled equal concentrations of DNA extracts
from four litterbags undergoing the same treatment
yielding two replicates for each of the combinations
of factors (microbial origin, plot environment and
litter origin) for the two experiments (drought and
added nitrogen). This pooling was necessary to
yield enough DNA for some of the samples. We
fragmented the DNA of the pooled samples to
300 bp using a hydroshear (Covaris, Woburn, MA,
USA) and prepared 30 metagenomic libraries using
a Truseq library kit (Illumina, San Diego, CA, USA).
(The same ambient-ambient-ambient (microbe-lit-
ter-plot) samples were used for the two experi-
ments.) The libraries were sequenced with on the
Illumina HiSeq 2000 platform (100- bp paired ends;
treated as single reads for downstream analysis).
Sequences were uploaded onto the MG-RAST
server (Glass and Meyer, 2011) (accessions
4514321-31, 4535613-25 and 4537557-62). In total,
44.4 Gbp (passed QC) were obtained. Taxonomic
annotation, using the M5NR database, at the
genus level, was considered for sequences with
e-value⩽ 10 − 5.

We used a custom bioinformatics pipeline to
detect and assign GHs to particular families and in
the case of the GH8 family, further discriminated
between functions (Berlemont et al., 2014;
Berlemont and Martiny, 2015). GH families were
assigned to substrate target categories according to
the substrate specificities of characterized enzymes,
as stated in the CAZy database (Lombard et al.,
2014). In addition, biosynthetic cellulases (BcsZ)
from GH8 were separated from hydrolytic enzymes
(Berlemont and Martiny, 2013).

Statistics
Multivariate analysis was conducted using PRIMER
6.0 and PERMANOVA+ (Clarke and Gorley, 2006;
Anderson et al., 2008). Before these tests, samples
with poor quality data were excluded, after which
332 bacterial and 343 fungal samples remained. For
both the bacteria and fungi, we then generated a
rarefied distance matrix among the remaining
samples. We created 100 OTU tables from the
original data, randomly drawing the lowest com-
mon number of sequences from each of the
remaining samples (1265 sequences for bacteria;
2527 for fungi). To weight the rarer taxa more
heavily, we transformed each table by taking the

square root of each cell value and rounding to the
nearest integer. We then calculated a Bray–Curtis
distance matrix for each of the 100 OTU tables.
Finally, for each pairwise comparison between
samples (that is, each cell in the distance table),
we chose the median Bray–Curtis value among the
100 distance matrices.

To test for the effects of the experimental factors
on bacterial and fungal composition, we performed
three-way permutational multivariate analyses
of variance (PERMANOVA) using the default
settings, including all three factors as fixed effects.
Except in one case, there were no significant
interactions between the factors on microbial
composition. Therefore, to improve the estimates
of the variation explained by the significant factors,
we re-ran the tests with only the main factors. In the
one case where the plot-by-microbe interaction was
significant (for the fungi in the drought experiment
in 2011; P = 0.038), we included this variation
in the calculations. To identify the taxa contribut-
ing to significant treatment differences, we used
similarity percentage (SIMPER) analysis. Non-
metric multidimensional scaling (MDS) ordination
was used to visualize patterns in community
composition.

We estimated the effect size—the relative impor-
tance of the three manipulated factors—on microbial
composition using the estimates of the components
of variation from the PERMANOVA. We divided
each factor’s estimate by the sum of the estimates for
all significant factors plus the residual variation
(Anderson et al., 2008), then multiplied by 100 to
report this value as a percentage. This approach is
analogous to the unbiased univariate analysis of
variance (ANOVA) estimators of variance compo-
nents (Searle et al., 1992). We estimated the effect
size of the factors on mass loss by using a standard
three-way ANOVA (Gotelli and Ellison, 2004). To
parallel the composition analyses, an ANOVA was
performed for each year (averaged over the sampling
dates). Although variance partitioning approaches
have limitations, they are especially useful for
comparing effects within an experiment, as we do
here (Olejnik and Algina, 2003).

To test the effects of global change on GH gene
composition, we performed a three-way PERMA-
NOVA on the relative abundance of bacterial GH
genes in the metagenomic libraries, lumping the
genes into 11 substrate target categories. Similar
results were obtained when the genes were categor-
ized into finer categories, defined by the GH family
or by GH family and genus-level taxonomy. Given
the minimal replication of the metagenomic
libraries, we limited our analysis to tests of the three
main terms (that is, we did not test for interactions
between the terms).

Finally, we analyzed percentage mass loss and
microbial abundances using a factorial mixed-model
ANOVA with repeated measures, transforming the
data when necessary to improve normality and
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homogeneity of variances. The model included
microbe origin, litter origin, plot environment, and
date as fixed effects (along with their interactions)
and two random effects: block and subject nested
within block. We defined subject as the batch of
litterbags with the same block, plot, litter origin, and
microbe origin.

Results and Discussion

The taxonomic composition and diversity in the
litterbags indicated that the cages allowed a natural
grassland litter community to persist while prevent-
ing microbial immigration. The dominant taxa
(defined by 97% sequence similarity of 16S and
28S rRNA genes) were also abundant outside the
litterbags at this site (Matulich et al., 2015). Fourteen
of the 20 most abundant bacterial taxa (phyla
Actinobacteria, Bacteriodetes and Proteobacteria)
were shared in both the litterbags and in naturally
occurring leaf litter, and their relative frequencies
were highly correlated (r=0.72; P=0.004;
Supplementary Figure S1). Similar patterns were
observed for fungi, with the dominant taxa belonging
to the Ascomycota and Basidiomycota phyla
(r=0.77, P=0.002; Supplementary Figure S1). At
the same time, bacterial and fungal richness was
highest in the inoculum and declined over time in
the litterbags (Supplementary Figure S2). Such a
decline is expected, as the initial inoculum would
comprise litter specialists as well as transients from

nearby habitats (for example, soil and live plants)
that would be outcompeted on leaf litter.

To test for a legacy of microbial composition, we
compared the effect size (estimated variance
explained in a PERMANOVA model; Anderson,
2001) of microbial origin (the initial inoculum in
the litterbag) over time (Figure 1b). This comparison
reveals how long a legacy of initial composition was
apparent after being transferred to a new litter or plot

Microbial origin Plot environment 

20
11

 
20

13
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ar

 

ambient
drought

ambient
drought

Figure 2 Non-metric MDS plots of the fungal communities in the drought experiment litterbags in 2011 (a, b) and 2013 (c, d). Within a
year, the samples are color coded on the left-hand column by the origin of the initial microbial inoculum (dark blue and orange) or on the
right-hand column by the plot environment in which the litterbags were placed (light blue and red). The different symbols denote the
particular combination of the three experimental factors. In order of plot environment, litter origin, and microbial origin: ’ is AAA, ● is
AAD, ✕ is ADA, * is ADD, ▵ is DAA, ▿is DAD, □ is DDD, and ▼ is DDA, where A is ambient and D is drought. Stress values indicate
goodness of fit in two dimensions.

Table 1 The effect of plot environment, litter origin and microbe
origin on microbial composition

Factor 2011 2012 2013

Drought
Bacteria Plot environment 0.001 0.001 0.001

Litter origin 0.011 0.170 0.008
Microbe origin 0.158 0.158 0.078

Fungi Plot environment 0.002 0.001 0.001
Litter origin 0.009 0.001 0.001
Microbe origin 0.002 0.072 0.005

Nitrogen
Bacteria Plot environment 0.569 0.570 0.038

Litter origin 0.001 0.055 0.033
Microbe origin 0.001 0.462 0.171

Fungi Plot environment 0.229 0.292 0.314
Litter origin 0.117 0.161 0.323
Microbe origin 0.001 0.180 0.013

The results of PERMANOVA tests for bacterial or fungal composition
for each year in each experiment (drought or added nitrogen). Values
are P-values and bolded when o0.05.
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environment. To illustrate this analysis, we first plot
the results of the fungi in the drought experiment
using non-metric MDS (Figure 2). In 2011, just
3 months after the initial inoculation of the litterbags,
all three factors significantly altered fungal composi-
tion (Po0.001; Table 1). However, most (18%) of the
variation in fungal composition could be explained
by whether the inoculum originated from an ambient
or drought plot (Figure 2a) rather than the origin of
the litter (4%) or the plot environment (5.5%) of the
litterbag (Figure 2b; Table 1). By 2013, the microbial
origin effect was much less apparent (6%), whereas
the effects of litter origin and plot environment were
slightly clearer (Figures 2c and d). Plotting the effect

sizes over time (orange line in Figure 3a) reveals that
fungal composition was in part determined by the
original inoculum even after 3 years.

In the nitrogen experiment, fungal composition
was also still affected by the legacy of the microbial
community after 3 years (Figure 3b; Table 1). In
contrast, bacterial composition was more resilient
than fungal composition. In the drought experiment,
microbial origin did not affect bacterial composition
even after the first rainy season (Figure 3c). In the
nitrogen experiment, microbial origin explained a
significant amount (12.5%) of bacterial composition
during the first year, but was an insignificant factor
by the second year (Figure 3d; Table 1).

Notably, the legacies of the microbial origin were
driven by changes in a relatively small number of
taxa. Just 10 fungal taxa explained 445% of the
compositional variation between the ambient and
treatment communities (Supplementary Table S1).
Similarly, 10 bacterial taxa explained 420% of the
compositional variation in the N experiment (bacterial
composition was resilient by the first sampling point
in drought experiment; Supplementary Table S2). The
slower response of fungi versus bacteria could be
due to slower growth and turnover rates of fungal
spores and hyphae than bacterial cells. Indeed,
although bacterial density fluctuated by orders of
magnitude between sampling points, fungal density
was less dynamic (Supplementary Figure S3).

A potential methodological reason for the differ-
ential responses of the bacterial and fungal commu-
nities could be that very small bacteria are
immigrating into the litterbags; however, we do not
think this possibility explains this result for two
reasons. First, even if a few bacteria (and perhaps
even fungal hyphae) immigrate through the litterbag
mesh, they would make up a small fraction of the
total community. Given that all but the rarest taxa are
likely already present in the inoculum to all
litterbags, this contamination would have a negligi-
ble effect on the abundance of any particular taxon
and therefore community composition. Further, if
unwanted immigration is much higher than
expected, size selection should result in different
litterbag communities than those observed outside
the bags. In fact, the communities inside and
outside of the litterbags were highly correlated
(Supplementary Figure S1).

In contrast to the dissipating effect of the microbial
origin over time, plot environment and litter origin
had a relatively consistent effect on microbial
composition over the 3 years (blue and green lines
in Figures 3a–d). This result was expected as the plot
and litter treatments were maintained over the
course of the experiment (new litter from a single
collection was added yearly). Precipitation treatment
was a particularly strong determinant of bacterial
composition (explaining between 12% and 28% of
composition variation across the 3 years). The
reduced effect in 2012 (Figure 3c) is likely due the
timing of the precipitation manipulations that year;

Figure 3 Percent estimated variance explained by plot environ-
ment (blue), litter origin (green) and microbe origin (orange) on
microbial composition and litter mass loss each year. As in
Figure 1b, a steep decline in the variance explained by microbial
origin over time indicates high resilience. Top panels (a and b) are
fungal composition, middle (c and d) are bacterial composition
and bottom (e and f) are mass loss. Panels on the left-hand side are
for the drought experiment and on the right-hand side, for the
nitrogen experiment. For fungal and bacterial composition,
estimated variance is plotted at zero if the factor was not
significant (P40.05, except one case where P=0.055) in the
PERMANOVA (Table 1). For litter mass loss, all positive estimates
are plotted and marked by ‘ns’ if not significant.
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both ambient and drought plots received the same
rainfall during the 6 weeks before sampling
(Supplementary Figure S4).

Microbial functioning was also not immediately
resilient to the global change manipulations. In the
drought experiment, litterbags inoculated with
microbial communities from the drought treatment
experienced 16.5% slower decomposition by the end
of the first rainy season (Figure 4a; microbe origin
first year: P=0.009 (Allison et al., 2013); microbial
origin all 3 years: P=0.056; microbe × year:
P=0.032; Supplementary Table S3). The strength of
this microbial origin effect was similar to, or even
stronger than, that of the plot environment
(Figure 4b). However, by the second rainy season,
microbial origin no longer influenced litter mass loss
in the drought experiment (Figures 3e and 4). In the
nitrogen experiment, microbial origin only weakly
affected mass loss (Supplementary Figure S5); the
high nitrogen community increased mass loss by an
average of 6% over the 3 years, but this effect was not
significant in the post hoc individual year tests
(Figure 3f). Thus, the compositional differences

between the ambient and added nitrogen commu-
nities appeared nearly functionally redundant, at
least in terms of the decomposition rate.

What explains the lag in the decomposition
response? As inoculum communities were collected
within tens of meters of one another, we assume that
the same taxa were present in all litterbags even
though immigration was restricted. Also, the differ-
ences between the drought and ambient commu-
nities were caused by moderate changes in the
abundance of common taxa, rather than major shifts
in the identity of common taxa (Supplementary
Figure S1; Matulich et al., 2015). We therefore
hypothesize that the lag in microbial composition
and its functioning was due to slow growth and
turnover of individual taxa. However, we cannot rule
out the possibility that the convergence in the
community response was also partly due to de novo
point mutations and horizontal gene transfer among
cells during the experiment.

We also examined the possibility that decomposi-
tion rates were altered by changes in microbial
abundance rather than microbial composition. Bac-
terial abundance was measured by flow cytometry
and fungal abundance by microscopy. We then
converted these metrics to biomass to compare
the groups. Drought directly reduced bacterial
mass by 30% (P=0.0001; Supplementary Table S3;
Supplementary Figure S3), which was accompanied
by lower mass loss. However, bacterial mass was also
58% lower when growing on litter from the drought
environment (Supplementary Figure S3), and this
reduction was not accompanied by a change in mass
loss (Figure 3e). Across the entire experiment,
bacterial abundance (the vast majority of microbial
biomass) had only a marginal effect on litter mass
loss by the next sampling date (P=0.054) and no
significant interaction between bacterial mass and
sampling date (P=0.73; overall analysis of covar-
iance model: F3, 472 = 60.07, adjusted R2 = 0.272).
Together, these results suggest that microbial com-
position, not abundance, was primarily responsible
for the community influence on decomposition rate
(Figure 4a).

To investigate why microbial functioning may be
more resilient to changes in nitrogen than to changes
in rainfall, we characterized how the global change
treatments altered the potential for carbohydrate
degradation. Metagenomic sequencing revealed that
the litter communities carried an abundant and
diverse collection of GH genes. Most (498%) of the
4710 000 identified GH sequences were bacterial,
and GH sequences accounted for 0.31% of all
annotated bacterial sequences. GH genes can be
further classified into different GH families that
target different substrates (Lombard et al., 2014;
Berlemont and Martiny, 2015). The sequences fell
into 67 different GH families that could be divided
into 5805 unique types based on both GH family and
genus-level taxonomy. Many of the GH genes target
oligosaccharides, but others revealed the potential

Figure 4 Effect of (a) microbial origin, (b) plot environment and
(c) litter origin on percentage mass loss in the drought experiment.
N=32 for each treatment at each date. Error bars are ± 1 s.e.m. See
Supplementary Table S3 and Figure 3e for significance and effect
sizes, respectively.
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for structural polysaccharide deconstruction, includ-
ing cellulose, xylan and chitin (Supplementary
Figure S6).

The composition of bacterial GH genes in the
litterbags was significantly altered by the plot
environment (PERMANOVA: Po0.001, variance
explained: 27.8%) and specifically, by changes in
precipitation (Figure 5). Drought selected for an
increased abundance of GH genes that targeted
starch, xylan, mixed polysaccharides, and ‘other
animal’ (for example, non-chitin) polysaccharides,
and a decreased abundance of those targeting
oligosaccharides and ‘other plant’ (for example, non-
cellulose or xylan) polysaccharides (Supplementary
Table S4). In contrast, added nitrogen did not alter GH
composition (Figure 5), in agreement with previous
work at this site (Berlemont et al., 2014). This result
suggests a mechanistic reason for why microbial
functioning was more resilient to changes in nitrogen
than to changes in rainfall. Drought altered bacterial
taxonomic composition in such a way that carbohy-
drate degradation traits were also altered, leading to
a lower decomposition rate. In contrast, taxonomic
shifts in response to nitrogen addition did not alter
carbohydrate degradation traits, and the functional
consequences were barely detectable. This differ-
ence highlights the correlation (or lack thereof)
between effect and response traits, where an organ-
ism’s effect traits affect ecosystem functioning and its
response traits influence how a taxon responds to
environmental change (Lavorel and Garnier, 2002;
Martiny et al., 2015). In this litter community, traits
that affect litter decomposition appear to be corre-
lated with the response to changing rainfall, but not
to changing nitrogen availability.

Two additional considerations will be important
to understand the consequences of microbial lega-
cies for predictions of ecosystem processes. First, we
only investigated the effect on decomposition, but

the same legacies may simultaneously alter addi-
tional, unmeasured processes. Second, given that
ecosystems are constantly being disturbed, it will be
important to investigate how even a 1-year lag time
may compound over time. Nevertheless, terrestrial
microbial communities should not broadly be
expected to be instantaneously resilient.
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