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Abstract

Aim: Growing attention has been focused on the changes in the structure and diversity of micro-

bial communities under altered precipitation pattern, but little is known about how this factor

impacts microbial interactions. Our aim was to elucidate the variations of microbial interactions in

semi-arid grassland soils and determine the key factor in regulating microbial assemblies in water-

limited areas.

Location: A c. 3,700 km transect across three habitats (desert, desert grassland and typical grass-

land) in Northern China.

Time period: July and August 2012.

Major taxa studied: Total bacteria and archaea.

Method: The random matrix theory (RMT)-based network inference approach was used to con-

struct species interaction networks. The relationships between microbial network topology and

environmental variables were examined by Mantel and partial Mantel tests.

Results: At the regional scale (across habitats), mean annual precipitation was the most important

factor constraining the network structure, whereas at the local scale (within a habitat), soil condi-

tions and plant parameters became more important, but their relative effects differed among

habitats. In particular, no correlation was detected between the desert network and any environ-

mental factors. The number of central species increased substantially in desert grassland and

typical grassland networks in comparison to those in the desert network. Inter- and intra-module

connections, particularly negative connections, also increased in the two grassland habitats.

Main conclusions: Microbial networks become more complex as precipitation increases. A simple

network structure (no connectors between modules, more sparsely distributed species and lower

competitive links) and less association with environmental factors in the desert network indicate

that microbial communities in extremely dry ecosystems are unstable and vulnerable; that is, future

climate change will greatly influence microbial interactions in these extremely dry areas. Overall,

our findings provide new insight into the way in which microbes respond to changing precipitation

patterns by regulating their interactions in water-limited ecosystems.
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1 | INTRODUCTION

Global climate change has been having great impacts on soil ecosys-

tems via increased temperature, altered precipitation patterns, more

nitrogen fertilization and elevated CO2 emissions. Vast efforts have

been made to elucidate the soil microbial responses to global warming

and CO2 atmospheric enrichment in recent years (Castro, Classen,

Austin, Norby, & Schadt, 2010; Crowther et al., 2015; Liang et al.,

2015). However, few studies have been conducted to reveal the

effects of changing precipitation patterns on soil microbial commun-

ities. In water-limited ecosystems, the increase of precipitation has a

greater impact on microbial biomass and activity than the effects

of elevated temperatures and/or CO2 levels (Chen et al., 2015;

Delgado-Baquerizo et al., 2016; Liu, Zhang, & Wan, 2009). Even dis-

crete minor precipitation events could trigger rapid microbial responses

that influence soil nutrient cycling in drylands (Nielsen & Ball, 2015).

Recent studies have also demonstrated that increased precipitation

could accelerate nutrient cycling (Li et al., 2017) and offset the soil

organic material loss in semi-arid temperate steppe in northern China

(Zhang, Johnston, Li, Konstantinidis, & Han, 2017). Therefore, water

availability is regarded as one of the most important factors that con-

strain the activity of soil microorganisms and nutrient cycling, especially

in water-limited ecosystems.

There have been plenty of studies assessing the effect of water

availability on microbial communities in various ecosystems in the past

few decades. They have found that an altered precipitation pattern,

either controlled by experimental simulation or represented by natural

temporal and spatial gradients, played a key role in shaping the micro-

bial community structure (Angel, Soares, Ungar, & Gillor, 2010;

Barnard, Osborne, & Firestone, 2013; Chen et al., 2015; Cregger,

Schadt, McDowell, Pockman, & Classen, 2012) and constraining the var-

iations in microbial abundance and diversity (Barnard et al., 2013;

Carson et al., 2010; Hawkins et al., 2003; Pasternak et al., 2013). In

addition, the altered precipitation pattern and microbial response conse-

quently regulated many biogeochemical processes (Austin et al., 2004;

Liu et al., 2009; Nielsen & Ball, 2015). Owing to such efforts, we have

gained some knowledge of microbial community structure and diversity

in response to precipitation changes in water-limited ecosystems.

Microbial community structure is determined by the relative bal-

ance of community assembly processes (Stegen, Lin, Fredrickson, &

Konopka, 2015). Selection is one of the ecological processes governing

microbial community assembly; thus, microbial interaction, acting as a

kind of selection force, should make a contribution to microbial com-

munity assembly (Hunt & Ward, 2015) and biogeochemical cycling

(Morri€en et al., 2017). A growing number of researchers have studied

microbial networks in diverse environments (Agler et al., 2016; Bar-

beran, Bates, Casamayor, & Fierer, 2012; Chow, Kim, Sachdeva, Caron,

& Fuhrman, 2014; Deng et al., 2016; Shi et al., 2016; Tu et al., 2015;

Wang et al., 2016; Zhou, Deng, Luo, He, & Yang, 2011). As a comple-

ment to traditional measurements of alpha and beta diversity, networks

shed new light on another aspect of community organization, as fol-

lows: (a) a theoretical model showed that multiple types of interaction

and diverse community composition were integral to stabilizing

biological communities (Mougi & Kondoh, 2012); and (b) empirical data

showed that network complexity increased even as species diversity

decreased as plants grew (Shi et al., 2016). Additionally, microbial inter-

actions have been emphasized to be crucial to understanding the

dynamics of microbial community assembly under global climate

change (Berg et al., 2010; Classen et al., 2015). Although some studies

have investigated the changing microbial interactions in response to

elevated CO2 levels (Tu et al., 2015; Wang et al., 2016; Zhou et al.,

2011), there has been little revealed as to how microbial interactions

vary with altered precipitation patterns, especially in water-limited

ecosystems.

To investigate the potential microbial interactions in response to

changes in precipitation patterns, a random matrix theory (RMT)-based

network approach, based on a high-throughput sequencing dataset and

a batch of environmental parameters, was used to construct networks

for three habitats, namely desert, desert grassland and typical grass-

land, along a c. 3,700 km transect in Northern China with a gradient in

mean annual precipitation (MAP). The environmental factors controlling

microbial community composition and assembly are dependent on

scale and vegetation type in drylands (Chen et al., 2015; Wang et al.,

2017). Specifically, soil condition plays a vital role at a local scale

(within vegetation type), whereas climate (e.g., precipitation) becomes

more important at a regional scale (across vegetation types). Here, we

hypothesized that microbial interactions vary across habitats and the

underlying environmental factors differ with scale and among habitats.

In particular, precipitation would be a central factor in determining the

variances of microbial interactions along the whole transect

(c. 3,700 km; regional scale). Furthermore, given the fact that in water-

limited ecosystems the microbial biomass and activity could be stimu-

lated by more water availability (Averill, Waring, & Hawkes, 2016;

Uhliova, Elhottova, Tiska, & Santrkova, 2005) and more supply of car-

bon (C) through plant root exudates (Merino, Nannipieri, & Matus,

2015), there should be more opportunities for different species to

interact with each other as microbial biomass increases. Therefore, we

predict that with increasing precipitation and a resulting increase in

nutrient availability, microbial interactions will be strengthened.

2 | MATERIALS AND METHODS

2.1 | Site description and sampling

During July and August 2012, a field campaign was conducted along a

c. 3,700 km east–west transect across arid and semi-arid ecosystems,

including desert, desert grassland and typical grassland and meadow

grassland habitats in Northern China (see Supporting Information

Appendix S1, Figure S1.1). The meadow grassland habitat was excluded

from this study owing to an insufficient number of sampling sites to

perform the network analysis. On this transect, c. 77–98% (mean 88%)

of the precipitation occurs between June and September (during the

growing season), mainly in July and August, corresponding to the

period of highest plant aboveground biomass. In temperate grasslands,

this annual peak in aboveground standing biomass approximates the

aboveground net primary productivity (ANPP) (Bai et al., 2007). This
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transect has strong spatial climatic variability, with MAP increasing

from west (38 mm) to east (436 mm), whereas mean annual tempera-

ture (MAT) decreases from 10 to 23 8C. Elevations range from 500 m

in the east to 1,700 m above sea level in the west (Luo et al., 2016).

From west to east, various plant community types are found corre-

sponding to changes in climate and soil type. Desert, with a vast area

of grey–brown desert soil, is dominated by Reaumuria spp. and Salsola

spp. and has the lowest plant richness (PR) and ANPP. The desert

grassland has an intermediate level of PR and ANPP, dominated by Car-

agana spp., Stipa spp. and Cleistogenes spp. in brown calcic soil. The

typical grassland on chestnut soil (Kastanozem soil group), dominated

by Stipa spp., Cleistogenes spp., Leymus spp. and Agropyron spp., is the

highest in both PR and ANPP among grassland types (Wang et al.,

2014, 2017).

Along the transect, 55 sites (20 for desert, 15 for desert grassland

and 20 for typical grassland) with 50–100 km intervals were selected

based on the criteria that they were 500–1,000 m away from major

roads and > 50 km from human settlements and subjected to minimal

animal grazing and other anthropogenic disturbances. The latitude, lon-

gitude and elevation of each sampling site were recorded by GPS

(eTrex Venture; Garmin, Olathe, KS, USA). For each site, two plots

(50 m 3 50 m) c. 1 km away from each other were selected to collect

soil samples, each of which contained five quadrats (1 m 3 1 m; the

four corners and the centre within the large plot). For each quadrat, 10

soil cores (2.5 cm diameter 3 10 cm depth) were collected, mixed thor-

oughly and pooled as one composite sample for subsequent chemical

and microbial analysis. After discarding the samples whose bags were

broken during transportation, we finally obtained 8–10 samples for

each site. All samples were measured separately and values averaged

to represent site conditions. More details regarding the sampling are

given by Wang et al. (2015).

2.2 | Measurements

Total organic carbon (TOC) and total nitrogen (TN), determined using

wet oxidation and a modified Kjeldahl procedure, increased from west

to east (Wang et al., 2014). Total phosphorus (TP) was digested using

1 M H2SO4 after ignition at 550 8C in a muffle furnace and measured

by the molybdate colorimetric method at 880 nm on a spectrophotome-

ter (Carry 500; Varian Company, Palo Alto, CA, USA; Feng et al., 2016).

Soil was dissolved in water at a ratio of 1:2.5 to measure pH. Soil water

content (SWC) was determined gravimetrically after overnight drying at

105 8C. Both SWC and nutrient availability gradually increased from

west to east along the transect. In each quadrat (1 m 3 1 m), all grasses

were harvested for calculation of ANPP. For shrubby vegetation (in a

5 m 3 5 m quadrat), about one-quarter of annual branches were clipped

to measure ANPP (expressed per square metre). The MAP and MAT

data were obtained from the WorldClim global climate database (Hij-

mans, Cameron, Parra, Jones, & Jarvis, 2005) with 1 km resolution from

1950 to 2000. Mean annual precipitation for each site was interpolated

using a geographical information system (GIS)-based multiple regression

method in ArcGIS version 9.3. Parameters (including MAT, TN, TOC

and N/P) that were very strongly correlated with MAP, with Spearman’s

q2 > .7, were excluded from the analysis (Wang et al., 2017), and others

(MAP, SWC, pH, C/N, TP, PR, ANPP and elevation) were retained when

studying the possible correlation between microbial interactions and

environmental variables. More details regarding the geochemical meas-

urements are given by Wang et al. (2014).

2.3 | DNA extraction and polymerase chain reaction

Extracted DNAs from .5 g soil per quadrat were subject to PCR using a

barcoded primer set (515F, 5ʹ-GTGCCAGCMGCCGCGGTAA-3ʹ; and

806R, 5ʹ-GGACTACHVGGGTWTCTAAT-3ʹ) capturing the V4 region of

both bacterial and archaeal 16S ribosomal RNA genes. The PCR prod-

ucts for each site were combined. After quantification, amplicons from

different sites were pooled in equimolar concentrations. Sequencing

was performed with Illumina Miseq sequencing. The details of DNA

extraction and quantification and raw data processing are described by

Wang et al. (2015).

2.4 | Network construction with regular random

matrix theory-based approach

The species interaction networks constructed based on 16S rDNA

sequencing data were defined as phylogenetic molecular ecological

networks (pMENs; Deng et al., 2012). This method is different from

other correlation-based network methods in that it uses random matrix

theory (RMT) to identify the appropriate similarity threshold automati-

cally before network construction. According to Deng et al. (2012),

four steps were included in the construction process: data collection,

data transformation, pairwise similarity matrix calculation and the adja-

cent matrix determination.

Specifically, for each ecosystem, only operational taxonomic units

(OTUs, at 97% sequence identity) occurring in > 75% of the total sam-

ples were used for network computation; for the entire transect, environ-

mental variables were included in the network construction besides

OTUs. The relative abundance of OTUs and/or environmental variables

was log10-transformed, and missing values were filled with a very small

number (.01) if paired valid values were available. Then a symmetric cor-

relation matrix was calculated. The correlation between each of the two

detected microorganisms was measured by the Spearman correlation

coefficient (r value). The correlation matrix was converted into the similar-

ity matrix by taking the absolute values. Thereafter, the similarity thresh-

old from .30 to 1.00 with intervals of .01 was increased until an optimal

similarity threshold was found where significant non-random patterns

were detected in the network. Only the similarity values above a certain

threshold were kept for calculating matrix eigenvalues. The significant

non-random patterns were determined by evaluating whether the spac-

ing of the eigenvalue distribution followed a Poisson distribution. An indi-

rect network graph could be drawn after the adjacency matrix was

defined and subsequently visualized in software.

To allow comparison, an identical cut-off of .90 was used to con-

struct the interaction networks for each ecosystem. Positive associations

in the networks indicated common preferred environmental conditions,

interspecies cross-feeding, co-aggregation or niche overlapping, whereas
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negative associations usually suggested competition, or niche partition-

ing and/or resistance to be grazed by predator in a food web (Deng

et al., 2016; Faust & Raes, 2012). The network construction and statisti-

cal analysis were performed using the existing pipeline available at

http://ieg2.ou.edu/MENA (Deng et al., 2012). The networks were

visualized with Gephi 0.9.1 (Bastian, Heymann, & Jacomy, 2009) and

Cytoscape 3.2.1 (Killcoyne, Carter, Smith, & Boyle, 2009).

2.5 | Characterization of phylogenetic molecular

ecological networks and statistical analysis

Global network properties, including average connectivity (avgK), har-

monic geodesic distance (HD) and average clustering coefficient (avgCC),

were calculated as described by Deng et al. (2012). The method of fast

greedy modularity optimization (Newman, 2006) was used to detect

module structure. A module in the network is defined as a group of

OTUs that are highly connected among themselves but have far fewer

connections with OTUs outside the group. Modularity (M) could be very

important for system stability (Olesen, Bascompte, Dupont, & Jordano,

2007). Random networks were generated by a randomization procedure

with 100 permutations to evaluate whether or not the constructed net-

works were random, with the number of nodes and links being constant

between random and experimental networks (Deng et al., 2012).

The topological roles of nodes could be classified into the follow-

ing four categories by within-module connectivity (Zi) and among-

module connectivity (Pi) of each node: (a) peripheral nodes (Zi � 2.5,

Pi � .62), which have only a few links and almost always to the nodes

within their modules; (b) connectors (Zi � 2.5, Pi > .62), which are

highly linked to several modules; (c) module hubs (Zi > 2.5, Pi � .62),

which are highly connected to many nodes in their own modules; and

(d) network hubs (Zi > 2.5, Pi > .62), which act as both module hubs

and connectors. The relationships between microbial network topology

and environmental variables can be examined by Mantel and partial

Mantel tests (Deng et al., 2012; Mantel, 1967). Firstly, the OTU signifi-

cance (GS) was calculated and defined as the square of the Pearson

correlation coefficient (r2) of the OTU abundance profile with environ-

mental traits. Secondly, calculation of correlations between the connec-

tivity and multiple GS of environmental traits, and connectivity

represents how strong a node is connected to nodes around, namely

node degree.

3 | RESULTS

3.1 | Global topological properties of phylogenetic

molecular ecological networks for different habitats

The networks for three habitats were constructed individually and their

topological parameters measured further (Table 1). All three networks

were scale free, which means that only a few nodes in the network have

a large number of connections, whereas most nodes have no or few

connections (Barab�asi, 2009), as indicated by all curves of network con-

nectivity distribution being well fitted with the power-law model with R2

values ranging from .78 to .95. High modularity values (.65–.78) indi-

cated that all three networks were able to be isolated into multiple mod-

ules. The typical grassland network with higher precipitation was more

complex than desert and desert grassland networks with lower precipita-

tion and was identified by the increased average connectivity (avgK),

shorter harmonic geodesic distance (HD) and smaller modularity (Table

1). Multiple metrics showed that all three empirical networks were signif-

icantly different from relevant random networks generated by the ran-

domization procedure, suggesting that these observed interactions were

distinct from the randomly generated networks.

3.2 | The dominant microbial taxa with high

connectivity varied across the three habitats along the

precipitation gradient

Microbial co-occurrence patterns were distinctly different for desert,

desert grassland and typical grassland networks, whereas the networks

became more clustered as the precipitation increased (Figure 1). By

counting the number of phyla with > 1% relative abundance in each

network, nine phyla, namely Actinobacteria, Proteobacteria, Acidobac-

teria, Firmicutes, Bacteroidetes, Chlorofelxi, Planctomycetes, Gemmati-

noadetes and an unclassified bacterial phylum, were detected in the

desert network, an additional two in the desert grassland (Verrucomi-

crobia and Armmatimonadetes) and three (Verrucomicrobia, Armmati-

monadetes and Crenarchaeota) in typical grassland networks. The

relative abundances of different phyla involved in the network (in the

legend to Figure 1) varied among the different habitats, but the varia-

tion trends were similar to those reported in a previous study (Wang

et al., 2015). For example, the overall relative abundance of Actinobac-

teria and Chlorofelxi decreased linearly from the driest desert to the

TABLE 1 Topological properties of the microbial phylogenetic molecular networks and their random networks under three levels of
precipitation

Network indexes Typical grassland Desert grassland Desert

Empirical networks Similarity threshold .9 .9 .9

R2 of power law .936 .952 .778
Average connectivity (avgK) 4.263 2.946 3.235
Harmonic geodesic distance (HD) 10.741 19.648 33.927
Average clustering coefficient (avgCC) .185 .125 .173
Modularity (M) .653 .726 .784

Random networks Harmonic geodesic distance (HD) 4.2396 .092 5.8146 .154 3.5576 .045

Average clustering coefficient (avgCC) .0206 .003 .0096 .002 .0346 .005
Modularity (M) .4746 .004 .6326 .004 .5476 .007
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relatively wet typical grassland, whereas the opposite trend was found

for Verrucomicrobia. Interestingly, Firmicutes declined exponentially

from desert to desert grassland and typical grassland, and Armatimona-

detes showed higher abundance in desert grassland and decreased in

either desert or typical grassland.

Given that nodes with higher connectivity are usually regarded as

the central nodes in the network structure (Layeghifard, Hwang, &

Guttman, 2017), we looked at the nodes (bacterial species) with high

connectivity. It was found that the taxa that took the central positions

in the networks varied across habitats (Figure 1). For example, Firmi-

cutes was the predominant phylum in the desert network, whereas

Actinobacteria played an important role in the desert grassland net-

work, followed by Proteobacteria, which became a more important

component in the typical grassland network. Acidobacteria and the

unclassified bacterial phylum were also important components in the

typical grassland network.

3.3 | More complex inter- and intra-module

connections from desert to desert grassland and

typical grassland with increasing precipitation gradient

Modules identified in the network represented a group of microbial

taxa that either have similar phylogeny, or potentially interact or

share similar niches. By focusing on the modules with more than five

nodes, a total of 16 (four with nodes � 30), 21 (seven with nodes

� 30) and 19 (seven with nodes � 30) modules were detected in

desert, desert grassland and typical grassland network, respectively

(Supporting Information Appendix S1, Figure S1.2). In desert grass-

land under low precipitation, modules were more isolated, as indi-

cated by the few connections between modules (2.2% of the total

connections; Figure 2). With increasing precipitation, inter-module

connections increased to 11.3 and 17.7% in the desert grassland and

typical grassland network, respectively (Figure 2). Likewise, the total

numbers of intra-module connections in desert grassland and typical

grassland networks were also much higher than in the desert net-

work. Although positive connections were dominant in all three net-

works, the proportions of negative connections were elevated

dramatically in desert grassland and typical grassland networks (1.6

vs. 22.57 vs. 22.8%; Figure 2).

Although the microbial community structures (Wang et al.,

2015) and species interactions were greatly different among desert,

desert grassland and typical grassland samples, we still found 30

OTUs that were shared in all three networks. Three sub-networks

were created based upon these 30 OTUs and their first neighbours.

Likewise, the shared OTUs became more connected especially in

typical grassland sub-network (Supporting Information Appendix S1,

Figure S1.3).

FIGURE 1 Overview of the networks under three different habitats, with node size proportional to node connectivity. Nodes are coloured
for phylogenetic phyla with relative abundance > 1%, whereas those with relative abundance < 1% are in grey. Dominant taxa with a high
degree of nodes that are composed of the major modules showed a habitat-specific feature. A red link indicates positive correlation and a
blue link negative correlation
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3.4 | Module hubs and connectors

Connectivity within and among modules were used to identify the roles

of each node in the network. Usually, one of four ecological roles (periph-

erals, module hubs, network hubs or connectors) could be assigned to

each node. In the present study, we did not detect network hubs. Periph-

erals occupied > 98% of the total nodes in all three networks. Increased

numbers of module hubs and connectors were observed in desert grass-

land and typical grassland (Figure 3). Specifically, eight module hubs were

observed in the desert network, and the number increased to 10 and 17

in desert grassland and typical grassland networks, respectively. Com-

pared with the module hubs, fewer connectors were detected, but they

showed a similar increasing trend to module hubs, ranging from no con-

nectors in the desert network to three and 13 in the desert grassland and

typical grassland network, respectively (Figure 3).

Module hubs and connectors were distributed in various microbial

taxa (Figure 3). Of the total 35 module hubs, nine belonged to Actiono-

bacteria, seven to Acidobacteria, five to unclassified bacteria and four to

alpha-Proteobacteria. Others were affiliated with the Gemmatimona-

detes, beta-Proteobacteria, Chloroflexi, Firmicutes, Nitrospira, Verruco-

microbia and unclassified Proteobacteria. Connectors were detected

only in desert grassland and typical grassland networks. Three connec-

tors in the desert grassland network belong to the bacterial phyla Acido-

bacteria, Actinobacteria and unclassified bacteria. More taxa were

classified into connectors (n 5 13) in the typical grassland network.

Besides the microbial lineages observed in desert grassland network,

others included Bacteroidetes, alpha-Proteobacteria, beta-Proteobacteria

and Verrucomicrobia. We found that > 75% of the module hubs and

connectors were occupied by Actinobacteria (25.5%), Acidobacteria

(17.6%), Proteobacteria (alpha- 9.8% and beta- 7.88%) and unclassified

bacteria (15.7%). Although these microbial phyla were keystone taxa,

their abundances were relatively low (.009–.09% in desert vs. .006–.17%

in desert grassland vs. .002–.36% in typical grassland network).

3.5 | Environmental factors constraining the network

structures and topology

Along the entire transect, we found that MAP and ANPP were identi-

fied in the network (Figure 4). In particular, MAP could be considered

FIGURE 2 Increases in inter-module connections and negative
connections are concurrent with the increase in mean annual pre-
cipitation (MAP)

FIGURE 3 Putative keystone species in three habitat networks.
Different symbols with specific colours represent different habitats,
namely green triangles for typical grassland, red squares for desert
grassland and blue diamonds for desert. The phylogenetic affiliations
for the identified module hubs and connectors are listed on the plot
with abbreviations as follows: Acido5Acidobacteria;
Actin5Actinobacteria; Bacte5Bacteroidetes; Chlor5Chloroflexi;
Firmi5Firmicutes; Gemma5Gemmatimonadetes; Nitro5Nitrospira;
a-Pro5a-Proteobacteria; b-Pro5b-Proteobacteria; Prote5Proteo-
bacteria; Uncla5Unclassified; Verru5Verrumicrobia

FIGURE 4 Sub-network between mean annual precipitation (MAP)
and its directly connected nodes from the whole transect network.
Each node represents an operational taxonomic unit (OTU, at 97%
sequence identity) and is marked with the OTU identification number.
Node size is proportional to node connectivity. Orange coloured nodes
were among the top 10 nodes with highest node connectivity. A red
link indicates positive correlation and a blue link negative correlation
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as a hub node by high node connectivity (node degree528) and six

nodes directly connected to MAP were among the top 10 nodes with

highest connectivity (Figure 4), suggesting that MAP plays an important

role in maintaining the network structure and topology.

To explore further the effect of soil-related, climate-related and

plant-related factors on variation of network structure for each habitat,

Mantel and partial Mantel tests were used (Table 2). The measured

nonlinear environmental variables were classified into the following

groups: soil-related factors (C/N, TP, pH and SWC), climate-related fac-

tors (MAP and elevation) and plant-related factors (PR and ANPP). The

connectivity of the nodes in the typical grassland network was signifi-

cantly correlated with soil and plant-related factors (p5 .001), whereas

soil (p5 .001) and climate-related factors (p< .05) were responsible for

the variation of the desert grassland network structure. No significant

correlations were detected in desert network connectivity with any

environmental variables. Furthermore, not all the nodes (OTUs) in the

networks showed a significant correlation with the corresponding envi-

ronmental factors (Table 2). In the typical grassland network, significant

correlations mainly occurred for OTUs belonging to Actinobacteria,

Acidobacteria, Proteobacteria (alpha-, beta- and delta-), Bacteroidetes,

Chloroflexi, Firmicutes and Gemmatimonadetes, whereas in the desert

grassland network, only OTUs belong to Actinobacteria, Proteobacteria

(alpha- and beta-), Armatimonadetes, Chloroflexi and Verrumicrobia

showed significant correlations.

Interestingly, within each habitat the same phylum contained dif-

ferent genera (classes for Proteobacteria) that responded to different

environmental factors and in different habitats even though the same

genus might respond to different environmental factors (Table 3). For

example, within Actinobacteria, only the genus Rubrobacter was

observed to be correlated significantly with soil-related factors in typi-

cal grassland, whereas in desert grassland three other genera were

observed, with Conexibacter correlated with soil-related factors, Acidi-

terrimonas with both soil- and plant-related factors, and Solirubrobacter

with plant-related factors, and in desert, Solirubrobacter was observed

to be significantly correlated with climate-related factors.

4 | DISCUSSION

The different responses of microbial communities across habitats to

changing precipitation patterns in water-limited areas provides funda-

mental information for our understanding about microbial plasticity

under the background of global climate change. In the present study,

we used a developed network analysis to reveal the microbial interac-

tions across three different habitats in Northern China. Our results sup-

ported the proposed hypothesis that microbial interactions vary across

habitats and the underlying environmental factors differ with scale.

This hypothesis was based, in part, on previous findings that the

TABLE 2 The Mantel tests on connectivity versus the gene significance of environmental factors in overall network and major taxonomic cat-
egories in each habitat

Typical grassland Desert grassland Desert

Soila Plant Climate Soil Plant Climate Soil Plant Climate

Whole network .13***b .14*** .01 .14*** 0 .04* 2.07 2.01 2.04

Actin .14** .05 0 .1*** .04 .02 2.06 .05 2.02

Acido .17*** .1* .01 .08 2.08 .08 .05 .19** 2.15

Prote .13*** .12** 2.03 .19*** 2.07 .07 2.1 .06 .03

alpha .14** .12* .02 .15** 2.09 .16* 2.07 .05 .09

beta .07 .17* .03 .22 .24* .01 2.25 .18 2.01

delta .05 .15* 2.09 .16 2.17 2.15 2.1 2.35 .33

Armat .11 2.26 .16 .27* .02 .18

Bacte .19** 2.03 .04 .02 2.12 .13 2.28 0 .17

Chloro 2.12 .6* 2.1 .34* .14 2.14 2.11 2.06 .08

Firmi 2.01 .35* .25 .04 .15 2.1 .03 .02 2.03

Gemma .01 .42* .02 .08 .11 2.01 2.14 .09 .19

Planc 2.01 2.08 .25* .1 2.03 .18 2.12 2.05 2.04

Verru .1 2.01 2.07 .29* .03 2.12 .15 2.07 2.34

Uncla .06 .21** .08 .14** .08 .12* 2.05 2.02 .03

Acido5Acidobacteria; Actin5Actinobacteria; Armat5Armatimonadetes; Bacte5Bacteroidetes; Chlor5Chlorofelxi; Firmi5Firmicutes; Gem-
ma5Gemmatimonadetes; Planc5Planctomycetes; Prote5Proteobacteria, including major classes alpha-Proteobacteria, beta-Proteobacteria and delta-
Proteobacteria; Uncla5Unclassified bacteria; Verru5Verrumicrobia.
aSoil geochemistry factors, including C/N, total phosphorus, pH and soil water content; plant factors, including plant richness and aboveground net pri-
mary production; and climate factors, including mean annual precipitation and elevation.
bMantel test r value; significance as follows: ***p � .001, **.001 < p � .01, *.01 < p � .05.
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underlying environmental factors that control the microbial community

vary with spatial scale and vegetation type (Chen et al., 2015). Indeed,

overall network properties changed distinctly across the three habitats

(Table 1), and the species involved in microbial interactions changed

with habitats, as evidenced by dominant phyla (those with high node

connectivity) variations (Figure 1) and only 30 shared taxa detected

across habitats (Supporting Information Appendix S1, Figure S1.3).

Additionally, along the whole transect (regional scale) the effect of

MAP on microbial interactions overwhelmed other factors, such as soil

and plant conditions (Figure 4), whereas the opposite was true within

habitat (local scale; Table 2).

We also hypothesized that the underlying environmental factors

are vegetation dependent; that is, the relative effects of soil-, plant-

and climate-related factors differ among habitats, which was well sup-

ported by our results. The habitat variation (vegetation types changed)

along the sampled transect was mainly driven by the climate changes,

especially MAP, which accompany shifts in the edaphic and plant con-

ditions (Wang et al., 2015). In the present study, soil-related parameters

had important roles in maintaining both desert grassland and typical

grassland network structures with relatively high precipitation (Table 2),

whereas plant-related and climate-related factors contributed more to

the microbial interactions in typical grassland and desert grassland,

respectively (Table 2). This is reasonable, because increasing precipita-

tion could relieve nutrient diffusion limitations in water-limited areas,

resulting in high plant richness and biomass (Bai et al., 2008), which in

turn affects nutrient supply to soil microorganisms (Hacker et al., 2015;

Li et al., 2017). In contrast, in the driest habitat, desert, there was no

significant difference between any other environmental factors and

microbial interactions. These findings are similar to those previously

reported for driving bacterial community assembly over space (Wang

et al., 2017), emphasizing that selection may play a dominant role in

microbial assembly in desert grassland and typical grassland commun-

ities because of the significantly strong correlations with environmental

factors (Wang et al., 2017). Similar to the entire network, major micro-

bial phyla and genera responded differentially to soil-related, plant-

related and climate-related factors among habitats (Tables 2 and 3).

Given the systematic differences among different habitats, microbial

interactions structured by habitats may be a sign of habitat preference

determined by their physiological capabilities.

Several lines of evidence confirm our prediction that microbial

interactions are strengthened with higher precipitation, generating

more complex networks. First, microbial interactions became more

clustered and connected, especially in the typical grassland network

(Figures 1 and 2). Second, more negative connections were observed in

desert grassland and typical grassland networks than in the desert net-

work (Figure 2). Third, the lowest number of module hubs and no con-

nectors were observed in the desert network, but the number

increased substantially in desert grassland and typical grassland net-

works (Figure 3). More isolated species and extremely lower negative

correlations in the desert network under low precipitation may indicate

that these particular taxa fill specific fragmented niche spaces, for

which no direct competitors exist (Wang & Or, 2013). Higher network

complexity under a higher level of precipitation might be explained, in

part, by the increasing biomass stimulated by a greater supply of water

and nutrients in desert grassland and typical grassland, providing more

opportunities for different species to interact with each other (Stein-

berger, Zelles, Bai, von Lutzow, & Munch, 1999). It was notable that,

although more water and nutrients were available in typical grassland

TABLE 3 Major genera belonging to Actinobacteria and Acidobacteria responded to various environmental factors

Typical grassland Desert grassland Desert

Soila Plant Climate Soil Plant Climate Soil Plant Climate

Actinc .14**b .05 0 .1*** .04 .02 2.06 .05 2.02

Rubro .44* 2.28 2.05 2.03 2.23 .03 2.16 .06 0

Conex .01 2.12 .14 .61** 2.21 2.16 2.38 .62** 2.1

Acidi .23 .23 2.15 .32** .2* 2.07 .19 .16 2.07

Solir 2.34 .24 .18 2.15 .31* .17 2.27 2.19 .45**

Acido .17*** .1* .01 .08 2.08 .08 .05 .19** 2.15

Gp1 .48* 2.15 .2

Gp3 .23* .06 2.1 2.27 2.04 .15 2.32 2.35 2.02

Gp4 .2* .19* 2.04 .18* 2.11 0 .02 2.18 .25*

Gp6 .17* .26* .06 .1 2.17 .19* 2.03 .22* 2.24

Gp7 .09 .58 2.37 2.11 .2 .14 .03 .35 .2

aSoil geochemistry factors, including C/N, total phosphorus, pH and soil water content; plant factors, including plant richness and aboveground net pri-
mary production; and climate factors, including mean annual precipitation and elevation.
bMantel test r value; significance as follows: ***p � .001, **.001< p � .01, *.01< p � .05.
cActin5Actinobacteria, including major genera Rubrobacter, Conexibacter, Aciditerrimonas and Solirubrobacter; Acidobacteria, including major genera
Gp1, Gp3, Gp4, Gp6 and Gp7.
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than in desert grassland, the extent of competition (as revealed by the

proportion of negative connections) was comparable between these

two habitats (Figure 2). This may because higher vegetation in typical

grassland provided more heterogeneous niches for microorganisms to

survive and thus reduced the competition.

It is proposed that increasing complexity leads to higher commu-

nity stability with mixed interaction types (Mougi & Kondoh, 2012),

and competition could also increase microbial community stability

(Ghoul & Mitri, 2016). In addition, it has been proved that more tight-

ening up of the network structure and stronger connections between

competitors could enhance the efficiency of resource transfer com-

pared with those inhabiting isolated space (Morri€en et al., 2017). On

the basis of the above reasoning, the simple network structure (no con-

nectors between modules and more sparsely distributed species) and

the extremely low competitive connections in the desert network may

lead to a negative effect on biogeochemical function and indicate an

unstable and vulnerable microbial community in the extremely dry eco-

systems when disturbances occur. Previous studies demonstrated that

desert community assembly was restricted by dispersal limitation

(Wang et al., 2017); that is, species in this habitat are specialized to

local environments and thus sensitive to changes in environments

(Shade et al., 2012). This is consistent with previous findings that the

plant community and microbial activity in drier soils were more sensi-

tive to changes in water availability (Averill et al., 2016; Bai et al., 2008;

Liu et al., 2009).

In summary, this study demonstrated that microbial interactions

and their relationships to environmental factors in drylands varied with

scale and among habitats. The MAP was the most important regulator

along the whole c. 3,700 km transect (regional scale), whereas soil- and

plant-related parameters became important within each habitat (local

scale), with plant-related parameters contributing more to the microbial

interactions in typical grassland with high vegetation. Different

responses of soil microorganisms (both at the phylum and the genus

level) to environmental factors probably reflected differences in habitat

preferences determined by physiological capabilities. An increase in

network complexity was concurrent with an increase in precipitation.

In particular, more connectors and module hubs and more competitive

interactions were discovered in the desert grassland and typical grass-

land networks than the desert network, indicating higher microbial

community stability and a more positive effect on biogeochemical

cycling (Morri€en et al., 2017); that is, the community in an extremely

dry area (e.g., desert) is more vulnerable when facing future global cli-

mate change. From the present study, we found that greater changes

in microbial interactions occurred between desert and desert grass-

lands from west to east along the transect. Future work should focus

on the lower precipitation area (e.g., < 30 mm to � 250 mm MAP) to

determine the tipping point at which microbial interaction (e.g., the per-

centage of positive interaction) starts to change.
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