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Experimental warming reveals positive feedbacks to
climate change in the Eurasian Steppe
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Identifying soil microbial feedbacks to increasing temperatures and moisture alterations is critical for
predicting how terrestrial ecosystems will respond to climate change. We performed a 5-year field
experiment manipulating warming, watering and their combination in a semiarid temperate steppe in
northern China. Warming stimulated the abundance of genes responsible for degrading recalcitrant
soil organic matter (SOM) and reduced SOM content by 13%. Watering, and warming plus watering
also increased the abundance of recalcitrant SOM catabolism pathways, but concurrently promoted
plant growth and increased labile SOM content, which somewhat offset SOM loss. The treatments
also increased microbial biomass, community complexity and metabolic potential for nitrogen and
sulfur assimilation. Both microbial and plant community composition shifted with the treatment
conditions, and the sample-to-sample compositional variations of the two communities (pairwise
β-diversity distances) were significantly correlated. In particular, microbial community composition
was substantially correlated with the dominant plant species (~0.54 Spearman correlation
coefficient), much more than with measured soil indices, affirming a tight coupling between both
biological communities. Collectively, our study revealed the direction and underlying mechanisms of
microbial feedbacks to warming and suggested that semiarid regions of northern steppes could act
as a net carbon source under increased temperatures, unless precipitation increases concurrently.
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Introduction

Human activities have raised the concentration of
atmospheric greenhouse gases, causing a 0.85 °C
increase in the global mean temperature since 1880
(IPCC, 2014). Climate warming has profound influ-
ences on biodiversity and ecosystem functioning,
which in turn can result in feedbacks to climate
warming (Luo et al., 2014; Steinauer et al., 2015).
Feedbacks of soil ecosystems to climate change
remain poorly understood, despite containing more
carbon (C) in the form of soil organic matter (SOM)
than both aboveground plant communities and

atmosphere pools combined (Grosse et al., 2011;
Scharlemann et al., 2014). Climate change could
enhance microbial decomposition of SOM, primarily
by promoting enzyme activities, and lead to positive
feedback through the direct release of CO2 and/or
CH4 to the atmosphere (Heimann and Reichstein,
2008; Mackelprang et al., 2011; Karhu et al., 2014;
McCalley et al., 2014). Alternatively, soil microbial
communities could possibly acclimate/adapt to
climate warming, and thus have no or even negative
feedback (Zhou et al., 2012). A net increase or
decrease in terrestrial ecosystem C storage will
ultimately depend on the balance between plant
primary productivity, microbial C fixation, soil
heterotrophic respiration and soil C stabilization
over time, and is likely to vary between ecosystem
types. However, it has been challenging to identify
the direction of microbial feedbacks to climate
change, primarily because the recalcitrant compo-
nents of SOM and the microbial groups responsible
for their degradation are diverse, and SOM decom-
position rates are slow (Curtis et al., 2002;
Handelsman et al., 2007).
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Temperature and precipitation are perhaps the
most important factors in determining biodiversity
and ecosystem functioning in terrestrial ecosystems,
and precipitation patterns are expected to shift with
climate warming (Dore, 2005; Groisman et al., 2005).
Although the feedback of soil microbial communities
to climate warming was found to be positive in a
relatively arid prairie ecosystem (~350mm mean
annual precipitation), a negative feedback was
revealed in a comparatively moist prairie ecosystem
(~900mm mean annual precipitation; Nie et al.,
2012; Zhou et al., 2012). Therefore, it is important to
investigate microbial feedbacks in additional ecosys-
tem types and under concurrent changes of pre-
cipitation and temperature. Changes in moisture and
temperature conditions also affect aboveground
plant communities (Yang et al., 2011), which govern
the type and abundance of many organic substrates
provided to soil microbial heterotrophs. Thus,
changes in climate should also impact microbial
communities indirectly through shifts in plant
composition and productivity.

The semiarid steppe ecosystem in northern China
is an important component of the Eurasian grassland
biome (Christensen et al., 2004; Niu et al., 2008),
where water is a key-limiting factor and soil
temperature is low from later autumn to early spring,
limiting microbial activity (Liu et al., 2009; Zhang
et al., 2014). According to climate history, air
temperatures adjacent to our study site have risen
by ~ 2.4 °C in the past several decades (1953–2008),
and summer precipitation is expected to increase in
the future (Sun and Ding, 2010). Here, we conducted
a long-term field experiment involving watering (W)
and warming (T), mimicking increased precipitation
and elevated temperature, respectively, and their
combination (WT). We employed shotgun metage-
nomic sequencing, which can reveal the presence
and relative abundance of genes responsible for SOM
transformations in situ and at the whole-community
level, of soil microbial communities sampled after 5
years of treatment and integrated the resulting
sequence data with plant community properties
and soil physicochemical characteristics in order to
identify the direction and mechanism of soil micro-
bial feedbacks to climate change. The biomass and
species richness of plants were also monitored in
order to assess the interplay between aboveground
plant and belowground microbial communities
(Zhang et al., 2014).

Given the dry conditions and cool autumn/winter
temperatures that characterize this ecosystem,
we hypothesized that watering and warming will
stimulate microbial growth/biomass and also
increase community diversity/complexity (hypoth-
esis 1). Enhanced microbial activities will result in
greater utilization of recalcitrant SOM substrates and
soil nutrients (hypothesis 2), which will be relatable
to whole-community gene abundances and the
corresponding environmental indices. Furthermore,
the potential synchrony in plant and microbial

community assemblages under this experimental
regime, attributable to existing environmental para-
meters, treatment conditions, plant–microbe rela-
tionships, can be assessed by comparing the sample-
to-sample compositional variations of both groups
(hypothesis 3).

Materials and methods

Experimental design in the field
This experiment started in 2005 and was part of a
long-term field experiment conducted in a steppe
ecosystem in the Inner Mongolia Autonomous
Region of China. The study site and experimental
design have been described previously (Niu et al.,
2008; Liu et al., 2009; Yang et al., 2011), and only a
brief description is provided here. The site was
a typical temperate zone habitat, characterized by a
semiarid continental monsoon climate. Annual
mean temperature was 2.1 °C, with monthly mean
temperature ranging from –17.5 °C in January to
18.9 °C in July. Annual mean precipitation was
~385.5mm, with 80% occurring from June to
September. Soil was chestnut soil (Chinese classifi-
cation), corresponding to the Calcis-orthic Aridisol
in the US Soil Taxonomy classification, with sand,
silt and clay being 62.7%, 20.3% and 17.0%,
respectively. Soil mean bulk density was
~1.31 g cm− 3. This ecosystem was dominated by
perennials, including Agropyron cristatum, Allium
bidentatum, Artemisia frigida, Cleistogenes squar-
rosa, Potentilla acaulis and Stipa krylovii.

This experiment adopted a paired nested design,
with watering and warming as the primary and
secondary factor, respectively (Niu et al., 2008; Liu
et al., 2009; Yang et al., 2011). There were three pairs
of 10m×15m plots, with one plot in each pair being
randomly assigned to the watering treatment and the
other to the control (see Supplementary Figure S1 for
a graphical representation of the experimental
design). In each watering plot, six sprinklers were
arranged evenly in two rows, with a 5m distance
between two sprinklers. Each sprinkler covered a
circular area with a 3m diameter, and the six
sprinklers covered the whole 10m×15m plot. In
July and August, 15mm water was added weekly to
the watering plots, and thus a total amount of
120mm water (~30% of annually mean precipita-
tion) was added each year. Within each 10m×15m
plot, four 3m×4m subplots were randomly assigned
to the warming and control subplots (each with two
replicates). The warming subplots were heated
continuously since 28 April 2005, using
165 cm×15 cm MSR-2420 infrared radiators (Kalglo
Electronics, Bethlehem, PA, USA) suspended 2.5m
above the ground, and resulted in a ~ 1.1 °C increase
in soil temperature above control conditions. In the
control subplot, one ‘dummy’ heater with the same
size and shape as the infrared radiator was sus-
pended 2.5m high, mimicking the shading effect of
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the heater. For the watering treatment, the sprinkler
was very small and its disturbance effect on the
ecosystem was negligible, so we did not install a
‘dummy’ sprinkler in the control. Overall, there were
six replicates for each of the four treatments.

Measurement of soil physiochemical indexes, plant and
bacterial community indexes
On 22 August 2010, four random soil cores (10 cm
deep, 3.5 cm diameter) were collected from each
3m×4m subplot. All soil cores were taken no less
than two inches away from a plant stalk, and the
aboveground foliage of plant material was removed
before sampling. The four soil cores were thoroughly
mixed and passed through a 2mm sieve to remove
plant roots. Part of the composited soil samples was
frozen for DNA extraction, whereas the remaining
portion was used to measure SOM content, soil total
nitrogen (N) content, NH4

+-N and NO3
−-N content,

water content and pH. SOM and total N contents
were quantified with the potassium dichromate-
vitriol oxidization method and the Kjeldahl acid-
digestion method, respectively (Bao, 2000). Soil
NH4

+-N and NO3
−-N contents were determined on a

FIAstar 5000 Analyzer (Foss Tecator, Hillerød,
Denmark) after extraction of fresh soil with 1mol l−1

KCl. Soil water content was determined as the
weight loss after drying for 24 h at 105 °C. Soil pH
was measured in 1:2.5 (W/V) suspensions of soil in
distilled water. In addition, soil temperature at the
depth of 10 cm was recorded with a CR1000
datalogger (Campbell Scientific, Logan, UT, USA) at
1 h intervals from 4 June 2005. And bacterial 16S
rRNA gene abundance was quantified using real-time
PCR, as described before (Zhang et al., 2013a, b).

All aboveground plants were harvested in two
random 0.3m×0.5m quadrats from each plot; the
plants were sorted into species, and then oven-dried
at 65 °C for 48 h and weighted. The total weight of all
these plants was calculated as the aboveground plant
biomass, and the total species number was counted
to represent plant richness.

For each of the soil physicochemical indexes and
plant and bacterial community indexes, two-way
analysis of variance with block as a random factor
was adopted to reveal the effect of warming and
watering and their interaction. Multiple comparison
was also conducted among the four treatments; in
particular, the Least Significant Difference method
and Tamhane’s T2 method was adopted for equal
and unequal variances, respectively.

Shotgun metagenomic sequencing, sequence
annotation and taxonomic analysis
Soil DNA was extracted with the MoBio PowerLyzer
PowerSoil DNA isolation kit according to the
manufacturer’s instructions. To obtain sufficient
DNA for the shotgun metagenomic sequencing and
to ensure adequate representation of soil, 4–6

replicates were conducted for each sample (0.25 g
soil per replicate; 1.0–1.5 g of total soil used for
extraction for each soil composite sample). The
laboratory protocol followed the description in the
Illumina Paired-End Prep kit protocol. DNA was
sheared mechanically and size-selected to ~180-bp
and gel purified. Sequencing was performed in the
Illuminia Hiseq 2000 system at Shanghai Majorbio
Bio-pharm Technology Co., Ltd for 23 samples
(six per treatment); and there was one control sample
for which the library preparation and sequencing
methodologies were slightly different from the
others, and its sequences were incomparable to other
data sets.

Shotgun sequencing resulted in 12.0 ± 4.5 million
sequences (mean±one s.d.), or 2.4 ± 0.9 Gbp of
sequencing effort, per sample (average of 14 Gbp
per treatment), and 8.6 ± 2.3 million sequences
passed quality control for downstream analysis
(Supplementary Table S1). The sequences were
quality trimmed and annotated (see the details in
the Supplementary materials and methods), and
further processed with the DESeq2 package (Love
et al., 2014), in which the differentially-abundant
metabolic pathways between the treatments were
identified and the false discovery rate from multiple
testing was accounted for using Benjamini–Hochberg
correction (adjusted P-values; Benjamini and
Hochberg, 1995). We specifically focused on the
effect of each treatment on the abundances of genes
for the catabolic processes of various C-complexes
with different decomposability, ranging from the
highly recalcitrant lipids and phenolics to the more
labile monosaccharides, sugar acids and sugar
alcohols. More attention was also given to the
genes for N/sulfate acquisition, biosynthesis, and
metabolism.

The relative abundance of various prokaryotic
phyla was determined by aligning the sequences to
Greengenes 16S ribosomal database (DeSantis et al.,
2006; see the details in the Supplementary materials
and methods). The relative abundance of fungi
relative to prokaryotes (archaea and bacteria) was
determined by aligning these reads to the Silva
database (Quast et al., 2013). Bacteria were found to
make up ~94% of ribosomal gene fragments, and
thus we further calculated bacterial taxonomic
richness by sampling equal number of sequences.

Estimation of community complexity and functional
richness
Community complexity estimations were performed
on composite metagenomes, where the sequences of
five replicate samples of each treatment were
combined (pooling of five samples in T, W and WT
treatments to be consistent with the control group).
All merged sequences ⩾ 80 bp were inputted to
Nonpareil, which is a statistical tool that uses
sequence redundancy to derive dataset complexity
estimations (that is, total sequence complexity) and
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the amount of sequencing effort needed to achieve a
desired representation of total sequence richness
(Rodriguez-R and Konstantinidis, 2014).

To exclude the influence of unequal sampling, the
relatively rarer functional pathways with o10− 6

relative abundance in each sample (there were at
least 106 reads assigned to functional genes for each
sample) were removed for the calculation of pathway
richness (Fierer et al., 2012).

Statistical analysis of microbial and plant
compositional variation
Bray–Curtis and weighted UniFrac distances calcu-
lated from the relative abundances of OTUs (opera-
tional taxonomic unit), and Bray–Curtis distances
calculated from the relative abundances of func-
tional genes, were used to assess the compositional
variation between microbial communities (Bray and
Curtis, 1957; Lozupone et al., 2007). Bray–Curtis
distances were also calculated from the biomass of
plant species to represent plant community compo-
sitional variation of plots from which metagenomes
were derived. Principal coordinate analysis was used
to visualize the relative differences in community
taxonomic and gene functional composition among
different treatments (Anderson, 2003). PERMA-
NOVA (permutational multivariate analysis of var-
iance) was further used to reveal the effects of
experimental treatments on the taxonomic and
functional composition (Anderson, 2005). Linear
regression analyses were used to identify the
relationships between these principal coordinate
analysis axes. Linear regression analyses were also
used to identify the relationships between the
relative change in phylum or functional gene
abundance caused by different treatments.

Mass analysis between subsets of environmental indices
and microbial community dissimilarity matrices
Mash, a tool that uses kmers to compare the sequence
composition between metagenomes, was used to
calculate sample–sample dissimilarities (options: -k
25 –s 100000; Ondov et al., 2015). The distance matrix
obtained from Mash and from weighted UniFrac
distances of 16S rRNA-derived OTUs were used to
test for correlation between microbial community
structure and biotic and abiotic variables with ‘bioenv’
(Clarke and Ainsworth, 1993), an analysis contained in
the R package ‘vegan’. In short, this function calculates
Euclidean distances between samples and attempts to
determine the subset of environmental variables that
correlates best to the user provided distance matrix.
Subsets are scored and ranked with Spearman correla-
tion. The Mash distances were also compared with
plant community Bray–Curtis distances (see above) to
determine whether the two distance matrices were
significantly correlated using the Mantel test.

Accession numbers
The pyrosequencing reads were deposited in the
Sequence Reads Archive database of the National
Center for Biotechnology (accession no. SRA057669),
and the shotgun metagenomic data were deposited in
MG-RAST with the project name of ‘Multifactorial
Environmental Changes in Inner Mongolia of China’.

Results and discussion

Microbial feedback direction under climate change
The warming treatment raised soil temperature at the
sampling depth by 1.1 °C, on average, above the
temperature of the control plots, which represented a
small but significant shift in temperature relevant for
climate change. Two-way analysis of variance
revealed that warming and watering had significant
interactive effect on the SOM content (Po0.05;
Table 1). In particular, warming alone decreased
the SOM content by ~13.0% relative to the control,
but the decrease was smaller/negligible under water-
ing (4.9%) and its combination with warming (3.8%;
Table 1). Our shotgun sequencing covered ~ 30% of
the total diversity (sequence richness) in each
treatment (Supplementary Figure S2) based on
estimates using Nonpareil (Rodriguez-R and Kon-
stantinidis, 2014). Although this coverage may
appear relatively low, the large number of replicated
samples per treatment (5–6 replicates) and the fact
that all data sets were similar in size, which makes
comparisons among data sets robust (Rodriguez-R.
and Konstantinidis, 2014), offset the low coverage
and provided for meaningful comparisons.

Watering, warming and their combination consis-
tently increased the relative abundance of catabolic
pathways specific to highly recalcitrant C-com-
plexes, decreased those of medium decomposability,
and had inconsistent effects on those of labile
C-complexes (for example, poly-, di- and monosac-
charides, sugar acids and alcohols) relative to the
control samples. Specifically, genes involved in
lignin degradation were 22.3% and 18.3% more
abundant in W and WT treatments, respectively,
compared with control (Po0.05; Figure 1). Observed
differences in lipid catabolic pathways over control
were +12.7%, +10.9% and +18.3%, in W, T and WT
treatments, respectively (Po0.05; Figure 1). Genes
for benzoate catabolism differed in abundance from
control by +12.2%, +12.3% and +12.1% in W, T and
WT treatments, respectively (Po0.10; Figure 1).
In addition, described catabolic pathways specific
to phenolic or carboxylic acids generally increased
in abundance over control for all three treatments in
most cases (Figure 1). In contrast, genes responsible
for the degradation of complex carbohydrates, such
as hemicellulose xylan (−13.5% in W, − 14.0% in T,
−11.7% in WT; Po0.01) and polysaccharide starch
(−33.9% in W, −41.0% in T, − 29.6% in WT;
Po0.05; Figure 1), decreased in abundance for
treatment groups relative to control.
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A recent study found that, among all biological/
physicochemical indices (for example, pH and water
content), gene abundance was the best predictor of
soil element-cycling rates because it integrated the
information of both environmental history and
recent process activity (Petersen et al., 2012).
Similarly, a study on soil gene–enzyme relationships
demonstrated that, when accounting for existing
microbial community structure and major environ-
mental indices, gene relative abundance was an
adequate predictor of the associated enzyme activity
(Trivedi et al., 2016). Thus, although the increased
abundance of pathways for recalcitrant SOM sub-
strates does not represent a direct measure of
enhanced microbial activity, these results suggest
that microbes increased their usage of recalcitrant
SOM substrates as a result of the experimental
treatment conditions. This could be attributable to
C compounds of medium decomposability becoming
less abundant after 5 years of treatment conditions
(Figure 1). Consistent with these interpretations,
warming promoted microbial utilization of recalci-
trant SOM such as phenols, measured by BIOLOG
EcoPlates as described previously (Zhang et al.,
2013c) and thus decreased the total SOM content
(Table 1), with decreases in both the labile and
recalcitrant fractions of SOM, which was quantified
for soil samples taken at the same time (August 2010)
from this field experimental system (Song et al.,
2012). Meanwhile, warming had little effect on
aboveground plant biomass (Table 1). Taken
together, these results demonstrated that soil micro-
bial communities of the Eurasian steppe under
warming degraded more SOM, causing positive
feedbacks to climate warming.

Experimental watering promoted an increase in
plant richness (Po0.05, Table 1); this result provided
a possible explanation for the difference in SOM

content observed between warming and both water-
ing groups; that is, an elevated diversity/input of
plant organic materials into the soil, as reported
previously (Song et al., 2012), partly counteracted
the effect of microbial degradation and caused the
change in the total SOM content to be smaller/
negligible (Table 1).

Intensified assimilation of N and S into microbial
biomass
Genes involved in the uptake and biosynthesis of
N and sulfur (S) compounds were generally more
abundant in treatment relative to control metagen-
omes (Figure 2). Specifically, sulfate binding (sbp)
and import (cysAWT) genes were, on average, 13.5%,
9.7% and 7.8% more abundant in W, T and WT
groups, respectively. Following S acquisition genes,
pathways responsible for several steps involved in
assimilatory sulfate reduction and incorporation of
S into new biomass were also more abundant in
treatment data sets. These genes included sulfate
adenyltransferase (cysN, cysD, bifunctional nodQ),
phosphoadenosine phosphosulfate reductase (cysH)
and sulfite reductase (sir; Figure 2). Although genes
related to nitrate and ammonium binding and
acquisition showed mixed results, assimilatory
nitrate reductase gene (nasA) was significantly more
abundant by 27.5% and 26.6% in W and WT
samples, respectively, relative to control (Po0.05,
Figure 2). Although nitrate reductase genes napA
and narG were more abundant in all treatment
groups, genes specific to dissimilatory nitrate reduc-
tion (nrfA, nrfH) displayed mixed results, and genes
specific to denitrification (nirK/S, norBC, nosZ)
generally decreased in abundance across all treat-
ment groups, relative to the control group. These
results suggested that watering and warming

Table 1 The effect of experimental treatments on the biotic and abiotic indices

Indices Mean (s.e.) under each treatment P-value from two-way ANOVA

Control T W WT Block T W W*T

SOM content (g kg−1 soil) 12.22 (0.68)a 10.55 (0.62)b 11.57 (0.53)a,b 11.68 (0.64)a,b 0.001 0.071 0.637 0.041
Soil total N content (g kg− 1 soil) 2.52 (0.11) 2.48 (0.08) 2.47 (0.08) 2.36 (0.08) o0.001 0.186 0.106 0.481
Soil NH4

+-N content (mg kg−1 soil) 8.46 (0.33)A 7.37 (0.3)B 8.25 (0.3)A,B 8.31 (0.29)A 0.738 0.120 0.269 0.087
Soil NO3

−-N content (mg kg− 1 soil) 5.18 (0.75)B 4.93 (0.58)B 10.74 (1.75)A 8.55 (0.88)A 0.027 0.208 o0.001 0.314
Soil pH 7.18 (0.11)B 7.09 (0.07)B 7.41 (0.06)A 7.35 (0.03)A,B 0.574 0.345 0.004 0.841
Soil water content (kg kg− 1 soil) 0.067 (0.005)A,B 0.061 (0.008)B 0.110 (0.028)A 0.095 (0.022)A,B 0.030 0.141 o0.001 0.459
Soil temperature (°C) 14.6 (0.1)B 15.7 (0.1)A 14.4 (0.1)B 15.3 (0.1)A 0.513 o0.001 o0.001 0.025
Aboveground plant biomass (g m−2) 42.83 (3.64) 42.37 (9.57) 43.03 (5.08) 51.39 (5.29) 0.062 0.494 0.427 0.449
Plant species richness 10.17 (1.22)A,B 8.17 (1.05)B 13.17 (1.01)A 12 (0.82)A 0.808 0.159 0.005 0.704
Bacterial 16 S rRNA gene abundance
(109 per g soil)

9.56 (0.59) 11.42 (1.01) 11.62 (1.23) 12.02 (0.86) 0.076 0.115 0.169 0.336

Bacteria relative abundance 0.934 (0.005)B 0.939 (0.003)B 0.953 (0.002)A 0.944 (0.002)A,B 0.051 0.388 0.001 0.040
Fungi relative abundance 0.014 (0.004)A 0.007 (0.002)B 0.006 (0.001)B 0.008 (0.001)A,B 0.786 0.298 0.071 0.028
Archaea relative abundance 0.051 (0.004)A,B 0.054 (0.004)A 0.042 (0.002)B 0.048 (0.001)A,B 0.018 0.080 0.006 0.580
Bacteria richness 541 (15) 564 (15) 606 (26) 624 (71) 0.161 0.589 0.111 0.961
Functional richness 1634 (4)b 1640 (7)a,b 1653 (4)a 1656 (10)a 0.779 0.582 0.031 0.887

Abbreviations: ANOVA, analysis of variance; SOM, soil organic matter. Lower case letters (a, b) and upper case letters (A, B) indicate Po0.10
ando0.05 in the multiple comparison, respectively.
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treatments stimulated the growth of soil microorgan-
isms and favored microbes capable of acquiring S
and N inorganic nutrients. Consistent with these
gene abundances, microbial biomass C and N were
found to increase under these treatments, as reported
previously (Zhou et al., 2013). In addition, the 16S
rRNA gene abundance of soil bacterial communities
based on quantitative PCR also showed an increase
trend under the three treatments (19–26% increase),
although it was non-significant statistically (P40.10;
Table 1).

Stimulation of microbial community complexity and
functional richness
Sequence-redundancy analysis using Nonpareil
(Rodriguez-R and Konstantinidis, 2014) reveals
that the composite metagenome of each treatment
(W, T and WT) had greater overall sequence
diversity than the composite control metagenome
(Supplementary Figure S2), reflecting more complex

microbial communities associated with these treat-
ments. Thus, a larger sequencing effort is required to
achieve a similar representation of the corresponding
communities relative to the control one. For exam-
ple, to reach 50% coverage, 13.4, 18.2, 15.7 and 16.6
billion base pairs of sequencing depth would be
required for the control, watering, warming and
watering, plus warming treatment, respectively.
By combining five metagenomes for each sample
group, ~ 30% of estimated community richness was
represented in each case, with un-sampled diversity
presumably belonging to sequences of comparatively
rarer taxa.

Consistent with the result of community sequence
complexity, there was greater microbial functional
richness in the three treatment groups relative to the
control, and this trend is especially obvious under
watering, and watering plus warming (Po0.05;
Table 1), which was congruent with the two
treatments having the highest estimated community
sequence complexity (see above). Both the relative

Figure 1 Log2-fold differences in gene abundance between treatment (W, T, WT) and control soil samples for selected SOM degradation
pathways. The raw count data underwent a variance-stabilizing transformation in DESeq2, which is used for logarithmically distributed
count data with low mean values that tend to have high variance. Pathways denoted with an upward (increase relative to control) or
downward (decrease relative to control) carat were significantly different (Po0.05; see key).
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abundance and species richness of bacteria was
greater in the three treatments relative to the control
(Table 1), and bacterial rRNA or functional genes
made up 490% of the total, indicating that the
stimulated community complexity and functional
richness primarily resulted from bacteria rather
archaea and fungi.

Warming and watering treatments likely resulted
in more favorable metabolic conditions for soil
microbes and thus increased the functional/meta-
bolic diversity of their corresponding soil microbial
communities. Several recent studies have demon-
strated a positive correlation between gene diversity
and ecosystem functioning (Salles et al., 2012; Singh
et al., 2014; Trivedi et al., 2016); thus, the elevated
complexity of these soil microbial communities
indicated that the overall functional potential might
have increased. Thus, it is likely that an overall
increase in community diversity is at least partially
responsible for the enhanced degradation of recalci-
trant SOM in W, T andWT groups (Song et al., 2012).

High correlation between microbial composition and
plant and soil indices
Experimental watering resulted in significant shifts
in plant community composition (Po0.05). In
particular, it primarily favored the growth of grasses
and semi-shrubs compared with non-gramineous

forbs, as reported previously (Yang et al., 2011).
There was a significant positive correlation between
plant community variation (that is, pairwise Bray–
Curtis β-diversity distances) and the compositional
variation of microbial communities (using Mash
distances; Mantel test, R2 = 0.35, Po0.01; see also
Supplementary Figure S3). These results imply that
microbial communities with similar local plant
communities tend to be more similar than those
with different plant communities. The specific
ecological mechanisms governing these patterns
require additional investigation.

Furthermore, correlations were obtained between
microbial community sample-to-sample similarity
and environmental indices and plant biomass data
(Clarke and Ainsworth, 1993). For distances based
on kmer-composition of the metagenomes using
Mash (Ondov et al., 2015), the maximum correlation
obtained was 0.544 when using the abundance of six
of the seven most abundant plant species
(Supplementary Data S1). For distances derived from
16S rRNA OTUs (weighted unifrac), the maximum
correlation achieved was 0.542, using three of the
seven most abundant plant species, NH4

+-N content,
NO3

−-N content and soil temperature (environmental
indices included in assessment: Total C, Total N,
NH4

+-N, NO3
−-N, soil moisture, pH, temperature,

aboveground plant biomass, plant species richness).
It is worth noting that distance matrices derived from

Figure 2 A diagram representing selected nitrogen and sulfur pathways and the difference in abundance of the underlying genes between
control and treatment metagenomes. Percentages are ordered like this: watering vs control, warming vs control and watering+warming vs
control. Percentages given in blue or red represent an increase or decrease in the abundance of the corresponding genes, respectively.
Percentages denoted with an asterisk (*) represent abundance changes that were statistically significant (Po0.05, DESeq2).
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sequence annotations, that is, Euclidean or Bray–
Curtis distances derived from counts of reference
proteins (for example, Swiss-Prot) or 16S-derived
taxonomic summaries, which represent the more
common practices, only provided weak correlations
with plant and environmental indices (correlation
coefficients o0.25). These results revealed that
community composition was highly relatable to
measured environmental and more so to plant
parameters of the ecosystem, which is uncommon
for soils owing to their high complexity and hetero-
geneity compared with other habitats, especially
when sampling bulk soil (as opposed to the rhizo-
sphere). It also demonstrates an improvement in
associating microbial community composition with
abiotic and biotic indices by incorporating sequence
relatedness (weighted UniFrac) or sequence compo-
sition (Mash; kmer based) over commonly used
functional gene annotation techniques. In previous
studies, only a small part of microbial community
variation could be explained by plant and soil
indices, with the remaining fraction often attributed
to under-sampling and ecological stochastic processes

(Ramette and Tiedje, 2007; Ge et al., 2008; Wang
et al., 2015).

Compared with the moderate-to-high correlation
achieved between plant species community dis-
tances and Mash distances, a correlation of only
0.200 was observed when using solely abiotic
environmental indices. This is likely because plant
community composition is also reflective of local
environmental conditions, as well as interactions
between plants and belowground microbial commu-
nities, which might be un-relatable to soil condi-
tions. This finding suggests that an alteration in
environmental conditions directly affecting one
biological community (for example, plants) would
influence the other group (belowground microbes)
indirectly (if not directly), owing to associations
between biological communities. However, further
investigations are required in order to obtain a more
quantitative understanding of the direct and indirect
associations between plant and soil microorganisms.

In agreement with the abovementioned results of
the correlation analysis, PERMANOVA revealed that
watering and warming significantly changed the

Figure 3 Effects of experimental treatments on the taxonomic (a) and functional (b) composition of soil microbial communities, and the
relationship between the taxonomic and functional compositions (c). The proportion of variation explained by taxonomic PCoA axes 1
and 2 is 41.41% and 22.10%, respectively. The proportion of variation explained by functional PCoA axes 1 and 2 is 44.92% and 20.77%,
respectively.
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taxonomic and functional structure of soil microbial
communities, respectively (Po0.05; Figures 3a and b
and Supplementary Figure S4), and the principal
coordinate analysis axes of the taxonomic and
functional composition showed significant linear
relationships to each other (Po0.05; Figure 3c).
Consistently, PERMANOVA also revealed that
watering significantly altered the taxonomic compo-
sition of soil bacterial communities measured with 454
pyrosequencing targeting at 16S rRNA genes, as
reported previously (Zhang et al., 2013b). Meanwhile,
the treatments had similar effects on soil microbial
communities because the relative changes in phyla/
functional abundance caused by the three treatments
were positively correlated (Supplementary Figure S5).

As stated above, besides plant species biomass,
microbial community composition was also corre-
lated with soil NH4

+-N and NO3
−-N content, indicating

that soil N content may have had an important role
in structuring the microbial community. Meanwhile,
soil NH4

+-N content decreased under these treatments
(Table 1), whereas microbial genes for N assimilation
(Figure 2) and the activities of N-acquisition
enzymes of microbial communities (Zhou et al.,
2013) increased under treatment conditions, consis-
tent with an overall higher demand for N. These
results suggest that the effect of plants on below-
ground microbial communities might be mediated,
as least in part, by higher demand for N. Experi-
mental methods aimed at uncovering the extent to
which plants and belowground microbial commu-
nities (the biological groups primarily mediating
C fixation and release from soils) respond synchro-
nously vs independently to these types of environ-
mental change should continue to be a focal point in
future research endeavors.

Conclusions

The SOM content is as high as ~ 2.4 kgm−2 in the
0–10cm soil layer, representing ~1.2% of the total
soil weight in this semiarid steppe ecosystem.
Because most soil organic material is very complex
and recalcitrant, total SOM content often seems to be
very stable for long periods of time (Lützow et al.,
2006; Mikutta et al., 2006), even under the influence
of climate warming (Zhou et al., 2012). Here, we
found a significant decrease in the SOM content
caused by just 5 years of moderate climate warming
of ~ 1.1 °C (Table 1), providing strong evidence of
microbial positive feedback to climate warming. This
is because warming (and also watering) enhanced
microbial population size (more so taxa capable of
degrading recalcitrant SOM compounds and with
pathways involving the acquisition of inorganic
N and S nutrients), and stimulated community
diversity and complexity. Meanwhile, we find that
a concurrent increase in precipitation will wholly or
partially counteract soil microbial positive feedback.
The close synchrony between plant and

belowground communities across this experimental
regime underscores the value and necessity of
investigating potential co-responses and interactions
between groups in future studies, even for bulk (non-
rhizosphere) soil. It will also be important to assess
the gene activity level (for example, metatranscrip-
tomics) in addition to gene presence (for example,
metagenomics), and to obtain more samples to test
for seasonal and inter-annual dynamics in order for a
more complete picture to emerge.
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