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Abstract 

Background  Plants in natural surroundings frequently encounter diverse forms of stress, and microbes are known 
to play a crucial role in assisting plants to withstand these challenges. However, the mining and utilization of plant-
associated stress-resistant microbial sub-communities from the complex microbiome remains largely elusive.

Results  This study was based on the microbial communities over 13 weeks under four treatments (control, drought, 
salt, and disease) to define the shared core microbiota and stress-specific microbiota. Through co-occurrence net-
work analysis, the dynamic change networks of microbial communities under the four treatments were constructed, 
revealing distinct change trajectories corresponding to different treatments. Moreover, by simulating species extinc-
tion, the impact of the selective removal of microbes on network robustness was quantitatively assessed. It was found 
that under varying environmental conditions, core microbiota made significant potential contributions to the main-
tenance of network stability. Our assessment utilizing null and neutral models indicated that the assembly of stress-
specific microbiota was predominantly driven by deterministic processes, whereas the assembly of core microbiota 
was governed by stochastic processes. We also identified the microbiome features from functional perspectives: 
the shared microbiota tended to enhance the ability of organisms to withstand multiple types of environmental 
stresses and stress-specific microbial communities were associated with the diverse mechanisms of mitigating 
specific stresses. Using a culturomic approach, 781 bacterial strains were isolated, and nine strains were selected 
to construct different SynComs. These experiments confirmed that communities containing stress-specific microbes 
effectively assist plants in coping with environmental stresses.

Conclusions   Collectively, we not only systematically revealed the dynamics variation patterns of rhizosphere 
microbiome under various stresses, but also sought constancy from the changes, identified the potential contribu-
tions of core microbiota and stress-specific microbiota to plant stress tolerance, and ultimately aimed at the beneficial 
microbial inoculation strategies for plants. Our research provides novel insights into understanding the microbe-
mediated stress resistance process in plants.
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Background
Owing to their sessile lifestyle, plants are constantly 
exposed to diverse biotic and abiotic stresses. Well-struc-
tured and regulated microbes establish a subtle yet rela-
tively symbiotic relationship with plants [1, 2], assisting 
them in coping with challenges such as nutrient acquisi-
tion, novel and often-stressful conditions, and pathogens 
[3]. Recent studies have demonstrated the critical role 
of rhizosphere microbes in plant health and adaptation 
to various environmental challenges. Different microbes 
exhibit distinct functions in stress responses. Moreover, 
the microbes recruited by plants have a strong correla-
tion with their native soil. Therefore, comprehending the 
variation patterns and enrichment of microbial commu-
nities under different stresses in the same soil environ-
ment provides valuable insights into microbe-mediated 
stress resistance and possesses significant ecological and 
agricultural significance.

A group of microbes that can consistently occur in the 
rhizosphere is defined as the core microbiota [4]. The 
majority of these microbes belong to abundant taxa, and 
their presence is closely associated with the dynamic 
alterations of ecosystem functions [5, 6]. In extreme envi-
ronments involving drought, salinity, and disease, these 
microbes can still survive, fully indicating the strong via-
bility of this group. Precisely owing to this strong adapt-
ability, they play the role of mainstays in the complex and 
variable environment, which clearly shows their irre-
placeable position in the ecosystem. Nevertheless, a large 
number of current studies have demonstrated that under 
stressed conditions, plants will actively recruit benefi-
cial microbial communities in order to assist themselves 
in withstanding stress [7–9]. This unique phenomenon 
cannot be fully and profoundly revealed by exclusively 
depending on the definition of the core microbiota. 
Hence, it is imperative for us to introduce the concept of 
stress-specific microbiota, which are defined as microbial 
taxa specifically present in various distinct stress envi-
ronments, so as to more precisely and comprehensively 
explain the interaction mechanism between plants and 
microbes in stressed environments. Ultimately, we need 
to explore the dynamic changes of microbial communi-
ties from the macroscopic perspective of the overall com-
munity; and from the relatively microscopic perspective 
of sub-communities, conduct an in-depth exploration of 
the relatively stable members and seek to discover the 
specific correlations within the microbial community, 
and subsequently analyze the distinctive roles played by 
the core microbiota and the stress-specific microbiota in 
stress events respectively.

As a model tree species, members of the Populus genus, 
characterized by their rapid growth and perennial nature, 
have a closer relationship with microbes, making them 

an attractive system for studying microbial intervention 
strategies. The three common stresses, namely drought, 
salt, and disease, are the primary stressors that poplar 
trees confront [10–12]. They pose substantial threats 
to poplar’s growth and development, influencing vari-
ous physiological and biochemical processes. Here, with 
poplar as the research material, we carried out a large-
scale controlled experiment, integrated amplicon and 
metagenomic data, and studied and compared the bulk 
and rhizosphere microbiomes of poplar under normal 
growth conditions and the three stresses. The aims of this 
study were to (i) delineate the variation patterns of the 
microbiome in different growth states, (ii) demonstrate 
the functional characteristics of the microbiome under 
different stresses and furnish functional-level evidence 
for a deeper understanding of the interaction between 
microbes and plants, (iii) explore the roles played by the 
core and stress-specific microbiomes in ecosystems, and 
(iv) construct SynComs to enhance plant stress resist-
ance, offering a theoretical basis for constructing an effi-
cient plant–microbe stress resistance system. This study 
provides novel insights into understanding the microbe-
mediated stress resistance process in plants.

Results
Uncovering alterations of the poplar microbiome 
under three stresses
To determine how the three stresses (drought, salt, dis-
ease) impacted microbiome recruitment, a large-scale 
controlled experiment was conducted to observe the 
relevant characteristics of the microbiome in the Popu-
lus alba × P. glandulosa (84 K) planting device from 
samples collected over the subsequent 13 weeks (TP1–
TP13) under normal growth conditions and three stress 
treatments (Fig.  1). The 13-week treatment resulted in 
reductions in stem height (15.73%, 21.35%, and 34.83%), 
leaf number (22.22%, 33.33%, and 40.74%), and above-
ground biomass (12.5%, 28.83%, and 32.5%) for the dis-
ease, drought, and salt treatment groups, respectively 
(Additional file  1: Fig. S1). According to the 16S rRNA 
gene amplicon sequencing results, a total of 19,548,080 
high-quality bacterial reads were obtained from 312 
soil samples. After removing the low-quality and plant-
derived reads, the remaining reads were clustered into 
8347 bacterial ASVs, which were distributed in 45 phyla 
and 120 classes. The 5546 ASVs were shared among all 
treatments, while the numbers of unique ASVs in con-
trol, drought, salt, and disease groups were 68, 95, 116, 
and 195, respectively (Additional file 1: Fig. S2).

In contrast to the relatively stable alterations observed 
in Shannon’s diversity index of bulk soil samples, the 
rhizosphere samples displayed more pronounced vari-
ations (Fig.  2A). This suggests that the response of 
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Fig. 1  Outline of the experimental design of the study. A Field layout of the 12 planting tanks (2.1 × 0.3 m 2 each) in a random block design of four 
treatments (green: control, blue: drought, yellow: salt and pink: disease) with three replicates in a 6.5 × 1.5 m 2 field. Seven groups of semi-open 
mesocosm were evenly spaced within each planting tank. The semi-open mesocosm system consisted of an inner reticular container and seven 
outer reticular containers. The inner container (root compartment) was made of the 150-μm nylon mesh net with a height of 20 cm and a diameter 
of 6 cm, which allowed microbes to pass freely and prevented the root from spreading and growing at will. The outer container (rhizosphere 
soil compartment) was the rectangular 150-μm nylon mesh bag with a height of 20 cm and a width of 2 cm. The entire semi-open ecosystem 
was placed in the planting tank and covered with about 3 cm of soil. B Collection sites of natural soils in Beijing city. The black dots were 
the locations for natural soil sampling. C The growth of plants before stress treatments. 1 week: the first week of seedings moving into the planting 
tanks; 2 week: the second week of seedings moving into the planting tanks; 3 week: the third week of seedings moving into the planting tanks; 
4 week: the fourth week of seedings moving into the planting tanks; 5 week (T0): the fifth week of seedings moving into the planting tanks, which 
was the beginning of the stress treatments. D Sampling strategy of the experiment. Bulk soil was collected from three locations in each planting 
tank every week, and three outer containers were randomly collected from each semi-open ecosystem to sample the rhizosphere soil. Record 
the growth and physiology of plants every week
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rhizosphere microbial communities to stress environ-
ments was rapid and profound [13–15]. Consequently, 
in the subsequent analyses, we primarily focused on the 
rhizosphere samples as they provide valuable insights 
into the ecological dynamics and responses within this 
crucial microenvironment. Compared to the control 
group, Shannon’s diversity in rhizosphere samples exhib-
ited a persistent decline trend under the three stress 
treatments, with significant differences observed at time 
points T3, T5, and T7, respectively (P < 0.01, Fig.  2A). 
In order to determine the main factors driving commu-
nity composition, unconstrained principal coordinate 
analyses (PCoAs) of Bray Curtis distances were per-
formed using all available ASVs. The analysis conducted 
on all samples revealed that the samples belonging to 
rhizosphere and bulk soils clustered into distinct groups 
(Fig. 2C), with the composition of rhizosphere soil com-
munities exhibiting a larger combined variation being 
explained by the first two axes in the PCoA plots com-
pared to bulk soil samples (rhizosphere = 31.892%, bulk 
soil = 21.468%, R2 = 0.27, P < 0.001) (Additional file 1: Fig. 
S3, Additional file 2: Table S1). Individual PCoA analysis 
performed separately for each treatment type demon-
strated that the stress treatment communities displayed 
larger and more dynamic changes, with greater separa-
tion between time points (Control: R2 = 0.08, P = 0.161; 
Drought: R2 = 0.35, P < 0.001; Disease: R2 = 0.19, P < 
0.001; Salt: R2 = 0.23, P < 0.001) (Fig. 2D).

To further gain a comprehensive insight into the altera-
tions in root-associated microbial communities induced 
by stress, we attempted to perform differential analysis 
of the relative abundance at different taxonomic levels 
to identify bacterial lineages enriched under each stress 
treatment. Specifically, at the phylum or class level, the 
salt stress and drought stress treatment groups were 
enriched in Firmicutes (11.32%, P < 0.01; 3.04%, P < 0.01) 
and Actinobacteria (6.04%, P < 0.01; 8.11%, P < 0.01), 
whereas the disease group was enriched in the Alpha-
(36.84%, P < 0.01) and Gamma-proteobacteria (18.70%, 
P < 0.01) (Fig.  2B, Additional file  1: Fig. S4, Additional 
file  2: Table  S2). Among the genera showing signifi-
cant differences between the stress treatment and con-
trol groups for drought, salt, and disease (specifically 

170, 154, and 180, respectively), 42.4%, 28.0%, and 
36.7% of the genera exhibited strong enrichment in the 
stress-treated groups (Additional file  1: Fig. S5), with 
phylogenetic reconstruction suggesting a non-random 
distribution of this enrichment (Fig. S6 A). The propor-
tion of ASVs enriched in drought, salt, and disease treat-
ment accounted for 3.1%, 0.9%, and 3.0% of the total 
ASVs. Taken together, these results depicted the altera-
tion patterns of the microbiome under different growth 
states and suggest different stresses exert varying path-
ways and time scales in influencing rhizosphere bacterial 
communities.

Using a Random Forest model, we identified a set of 
biomarker taxa that were most sensitive to stress types 
(Fig. 2E). After modeling the species abundance at vari-
ous taxonomic levels, it was discovered that constructing 
the model at the family level achieved the highest accu-
racy, explaining 87.2% of the variation in the rhizosphere 
microbial community associated with stress types. To 
reveal important bacterial classes as biomarker taxa to 
correlate with stress types, we performed tenfold cross-
validation with five repeats to evaluate the importance 
of bacterial class (Additional file  2: Table  S3). The error 
curve stabilized with the involvement of the 22 most sen-
sitive classes and these 22 stress-discriminant classes, 
belonging to 9 phyla, were determined as the biomarker 
taxa of the changes in stress types (Fig.  2E, Additional 
file 2: Table S4). Of the identified biomarker taxa, 11 were 
stress colonizers (stress enriched), 9 were non-stress col-
onizers (stress depleted), and 2 were complex colonizers 
(Fig.  2F). With three stress colonizers (Actinobacteria, 
Clostrida, and Bacilli) ranking among the top four classes 
in terms of importance to the model accuracy, the stress 
colonizers exhibited a greater contribution to the predic-
tive model compared to the non-stress colonizers.

Identification of the core and stress‑specific ASVs groups
Expanding upon the findings of differential analysis, we 
conducted additional investigations to discern specific 
rhizosphere ASVs that exhibited alterations under dis-
tinct stress conditions. Applying consistent filtering cri-
teria, three sets of stress-specific ASVs were identified: 
drought-specific ASVs were predominantly concentrated 

Fig. 2  Taxonomic distribution and diversity comparisons in rhizosphere and bulk soil microbiomes. A Mean Shannon’s diversity index 
across the bulk soil and rhizosphere at each time point. All time points (T1–T13) are arranged in order along the x axis in each panel. The vertical 
dashed lines in the figure indicate the time points that show significant differences from the control group (P < 0.01). B Relative abundance 
for the most abundant bacterial phyla. Percent relative abundance of the top 10 most abundant phyla for control, drought, salt, and disease 
treatments across bulk soil and rhizosphere. C PCoA of Bray Curtis distance for all samples. Red: rhizosphere samples; blue: bulk soil samples. 
D PCoA of Bray Curtis distance for four treatment of rhizosphere samples colored by time point. Individual time points are represented 
by distinct colors. E The biomarker taxa listed in descending order of importance to the model accuracy. F Dynamics of the relative abundance 
of the stress-discriminant biomarker taxa with treatment time.

(See figure on next page.)
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Fig. 2  (See legend on previous page.)
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in Actinobacteria (48.2%) and Alphaproteobacteria 
(36.5%); salt-specific ASVs were primarily composed of 
Firmicutes (16.7%) and Actinobacteria (57.7%); disease-
specific ASVs were mainly represented by Proteobacte-
ria (70.1%) and Actinobacteria (11.4%) (Fig. S6 A). The 
drought, salt, and disease groups have 255, 254, and 79 
ASVs respectively, with 120, 132, and 62 genera respec-
tively. Considering the specific classification types of 
these ASVs, it was observed that the unique ASVs asso-
ciated with each stress type (drought, salt, disease) col-
lectively accounted for the majority, representing 68.8%, 
83.8%, and 70.7% of the respective stress-specific clas-
sified bacterial ASVs (Additional file  1: Fig. S7). The 
enriched ASVs within each treatment displayed minimal 
overlap, underscoring the plants’ recruitment of distinct 
bacterial species in response to various stresses.

In contrast to the stress-specific ASVs, which were 
rare and not persistent, most of the highly abundant and 
prevalent ASVs were shared. We proposed that a set of 
ASVs persisting across time and treatment groups may 
play unique roles in plant–microbe interactions. ASVs 
with a relative abundance > 0.01% and present in more 
than 90% of the samples were defined as core microbes. 
A total of 126 ASVs were denoted as the core microbiota, 
accounting for only 1.5% of all observed ASVs but con-
tributing 15.6% to the total beta diversity (Fig. S6B-D). A 
minimal overlap was observed between core and stress-
specific microbiota across treatments. Specifically, only 
2.4% (6 out of 255) of drought-specific microbes, 4.3% (11 
out of 254) of disease-specific microbes, and 2.5% (2 out 
of 79) of salt-specific microbes overlapped with the core 
ASVs (Fig. S7). Members of the core microbiota, such as 
Arthrobacter [16], Streptomyces [17, 18], Sphingobium 
[19], Bradyrhizobium [20], and Burkholderiales [21], have 
been found to be multi-functional in the environment. 
Although the core microbiota primarily consists of ben-
eficial functional bacteria, their overall functional roles in 
response to stress remain unclear.

Distinct co‑occurrence networks of four treatments
In order to visually observe the interactions and environ-
mental preferences among microbial species, we inferred 
co-occurrence patterns using metacommunity network 
inference based on strong and significant correlation 
relationships. We obtained four large networks classi-
fied by different treatments (control; drought; salt; dis-
ease), each of which was modeled as an undirected graph 
composed of nodes and edges. At a high level, differ-
ences in the structure of the four networks were appar-
ent. A higher number of nodes and edges were recorded 
in stress networks than the control network (Fig. 3A–C, 
Additional file  2: Table  S5), creating more intricate net-
work patterns, which supports our expectation that 

potential interactions in stress networks are stronger 
than those of the control network. The average degree 
and the average clustering coefficient of networks were 
higher in stress groups than in control group, indicating a 
more dynamic and active community after stress [22, 23] 
(Additional file 2: Table S6).

To delve deeper into the dynamic variations of micro-
bial communities over time within the distinct treatment 
groups, 52 networks were established covering the entire 
temporal spectrum of the four treatments. Based on the 
network properties, the rhizosphere co-occurrence net-
works of different treatments followed distinct trajec-
tories of change (Fig.  3D and Additional file  1: Fig. S8). 
The variations of network topological parameters were 
regressed against treatment time (Additional file  1: Fig. 
S9). The results showed a significant decrease in the total 
number of nodes (network size) with the progression of 
treatment time in both the salt stress and drought stress 
treatment groups, as well as in the total number of links 
and average degree (Fig. 3E and Additional file 1: Fig. S9). 
This suggested that the complexity of microbial networks 
in the salt stress and drought stress treatment groups 
continued to decrease, with the associations between 
microbes tending to simplify as the severity of stress 
intensified. The slope of network properties over time of 
the disease group was not statistically different in con-
trast to the two groups of abiotic stress. Overall, while the 
temporal network complexity of the three stress groups 
did not increase over time, their total networks were con-
sistently more complex than those of the control group, 
indicating the rhizosphere microbial community of the 
stress groups with higher turnover rates and the recruit-
ment of additional new members.

By simulating species extinction, we calculated the 
robustness (the resistance to node loss) of the overall net-
works under four treatments to investigate the impact 
of different treatment conditions on the stability of co-
occurrence networks in the rhizosphere microbial com-
munity. Based on a random loss of species (where 50% 
of taxa were randomly removed), it was concluded that 
the robustness of stress networks was significantly higher 
than that of the control network [24] (Fig.  3F). In addi-
tion, the network vulnerability (the maximum decrease 
in network efficiency when a single node is deleted from 
the network) was highest in the control network [25] 
(Fig.  3G). To assess the importance of core and specific 
ASVs in the rhizosphere microbiome co-occurrence 
network, we quantified the impact of selectively remov-
ing core and specific ASVs on network robustness. The 
results showed that removing the core ASVs led to lower 
network robustness compared to the removal of a greater 
quantity of specific ASVs (Fig. 3F), underscoring the piv-
otal influence of the core ASVs on the network stability. 
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Fig. 3  Distinct co-occurrence networks of four treatments. A The overall co-occurrence networks of four treatments. The nodes are colored 
according to bacterial phylum. Node size indicates the degree of connection. Edge color represents positive (purple) and negative (green) 
correlations. B The distribution of the degree and closeness centrality for ASVs. C The degree of ASVs in different networks. The significance 
of difference was determined by nonparametric Kruskal–Wallis test . D The co-occurrence networks of salt treatment at 13 time points. E Temporal 
changes of average degree under salt stress treatment. R 2 represents the goodness of fit of a power-law model. F The robustness changes 
of random removal, the core ASVs removal, and the specific ASVs removal. G Network vulnerability measured by maximum node vulnerability 
in four networks.
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Further eliminating the influence of varying ASVs num-
bers, we randomly sampled the same number of ASVs, 
core ASVs, and specific ASVs from the overall network. 
The significantly lower cumulative degree ranking of core 
ASVs compared to specific and random ASVs highlighted 
the closer interconnections and pivotal roles played 
by core ASV members within the network (Additional 
file 2: Table S7). Collectively, the preceding results indi-
cated the potential stabilizing role for core ASVs under 
environmental variations, while specific ASVs contrib-
uted varying proportions of importance within particular 
environments.

Community assembly in different sub‑communities
The neutral community model (NCM) was used to 
effectively estimate partial relationships between the 
occurrence frequency of ASVs and relative abundance 
changes (Fig. 4A). The results revealed that stress treat-
ments reduced community stochastic assembly to vary-
ing extents, with the lowest variance observed in the 
salt treatment group at 25.1%, followed by the drought 
group (40.9%) and the disease group (48.3%). Moreover, 
we employed a null model to delineate the mechanisms 
of assembly processes, uncovering both deterministic 
(|βNTI|≥ 2) and stochastic processes (|βNTI|< 2) driving 
community assemblies (Fig. 4B). Following further analy-
sis of microbial community structural changes between 
control and stress-treated groups, βNTI values primar-
ily distributed within the < − 2 interval among the three 
sample pairs, indicating that the shifts in microbial com-
munity structure following stress imposition were pri-
marily driven by deterministic factors.

To dissect the ecological assembly processes of com-
munities under diverse stresses, we narrowed our focus 
to examine the ecological patterns and assembly pro-
cesses of specific sub-communities. Notably, the core 
sub-community exhibited the anticipated high ecological 
niche width, while the stress-specific microbial sub-com-
munities demonstrated elevated niche width (Fig.  4C). 
RC-bray and βNTI were combined to identify the deter-
minism and stochasticity of sub-community assembly. 
The differences in βNTI between the core microbial com-
munity and stress sub-communities were significantly 

observed (Fig. 4D). The core sub-community was mainly 
driven by homogenizing dispersal (39.7%) and undomi-
nated processes (47.6%) (Fig.  4E). The salt-specific and 
the drought-specific sub-communities were significantly 
affected by heterogeneous selection (88.4%; 73.7%), while 
the disease-specific sub-community was dominated by 
heterogeneous selection (56.2%) and undominated pro-
cesses (29.5%).

Metagenomic data provide deeper insights into microbial 
interactions
To determine the role of shifts in the composition of 
rhizosphere microbial communities from the functional 
perspective, we performed metagenomic sequencing on 
samples from all treatments. The combined datasets of 
48 rhizosphere samples contained a total of 591.96 Gbp 
of raw reads (Additional file 2: Table S8). Of 8.43 million 
genes in our dataset, we obtained approximately 28% 
functional annotations of the unigenes (2.34 of 8.43 mil-
lion) and assigned 8858 KOs to the annotated unigenes 
(Fig. 5A, B).

Upon pairwise comparisons between stressed and 
control samples, the shared enrichment pathways under 
three stresses mainly involved in nutrient acquisition, 
secondary metabolism regulation, and environmen-
tal adaptation (Fig.  5C). Specifically, these shared KOs 
involved tyrosine metabolism (maiA), glycine, serine, 
and threonine metabolism (ectA), terpenoid and pol-
yketide metabolism (snoaL2, asm12), fatty acid degrada-
tion (gcdH), and phosphate transport (ugpA) (P < 0.05, 
| ReporterScore |> 1.64, Additional file  2: Table  S9). In 
addition, over-represented transcription factor fami-
lies such as TetR/AcrR, NarL, and OmpR [26–29] are 
typically involved in metabolism, transport, and stress 
responses, processes that might be expected to be cru-
cial under stress conditions in the rhizosphere (P < 0.05, 
| ReporterScore |> 1.64). These shared pathways likely 
contribute to broad-spectrum stress resistance, enhanc-
ing the ability of organisms to withstand multiple types of 
environmental stresses in natural settings.

Notably, each type of stress elicited distinct micro-
biome responses characterized by specific pathway 
enrichments. The disease group showed enrichment 

Fig. 4  Assembly process structuring the bacterial community. A Fit of the neutral community model (NCM) of community assembly. The solid 
grey lines represent the best fit to the neutral community model, and the dashed grey lines indicate 95% confidence intervals around the model 
prediction. ASVs that occur more or less frequently than predicted by neutral community model are shown by red and blue, respectively. R 2 
represents the fit to the model. B Difference of βNTI between four treatment communities. C The niche breadth of the core and specific ASVs 
groups. D Difference of βNTI between the core and specific ASVs groups. E The relatively explained ecological process of the core and specific 
communities based on the values of two indices, βNTI and RCbray. Un: undominated processed; DiL: dispersal limitation; HoD: homogenizing 
dispersal; HeS: heterogene selection.

(See figure on next page.)
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Fig. 4  (See legend on previous page.)
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in KOs associated with aromatic compound degrada-
tion and enediyne antibiotics biosynthesis. The coex-
istence of plant-released aromatic compounds for 
pathogen resistance and microbially produced enediyne 
antibiotics, known for their potent antibacterial proper-
ties, illustrated the complex defense strategies formed 
in the rhizosphere environment by the combined action 
of plants and microbes. Furthermore, genes encoding 
MCPs, flagellar proteins and a series of chemotaxis pro-
teins (MotA, MotD, CheZ, CheV) were found to be upreg-
ulated in the salt and drought treatments (Additional 
file 2: Table S10). Consistent with previous research, we 
observed significant enrichment of cellular motility path-
ways (bacterial chemotaxis, flagellar assembly) in the 
rhizosphere soil under two abiotic stresses, which dem-
onstrated that salt and drought stresses shaped the rhizo-
sphere community dominated by the higher expression 
of bacteria involved in cell motility [30]. We also identi-
fied the significant enrichment of the ABC transporters 

pathway in the rhizosphere soil under salt stress. ABC 
transporter proteins are indispensable for bacterial 
adaptation to high salinity by reducing energy consump-
tion, enhancing molecular absorption, and regulating 
osmotic pressure [31]. Overall, these results suggest that 
the rhizosphere microbiome shows a unique response to 
each treatment (Fig. 5D).

To further elucidate patterns of synergistic stress resist-
ance among rhizosphere microbes, we classified all anno-
tated genes into 12 clusters for each treatment based on 
their patterns of accumulation using the fuzzy c-means 
clustering algorithm [32, 33] (Fig.  5E and Additional 
file 1: Fig. S10). We specifically focused on clusters such 
as Cluster Sa3, Sa5, Sa8, and Sa9, which showed suc-
cessive upregulation at four key time points. Functional 
enrichment results revealed that clusters exhibiting sus-
tained upregulation under various stress conditions 
displayed diverse and clear enrichment patterns with 
specific emphases (Fig. 5F). For instance, genes involved 

Fig. 5  Functional characteristics of bacterial communities under stresses. A Enrichment and depletion of the KOs, fold change > 2 or < − 2, 
respectively. B Venn diagram of enriched KOs in the salt, drought, and disease treatment groups. C The functional enrichment for salt, drought, 
and disease groups. D Venn diagram of enriched pathways in the salt, drought, and disease treatment groups. E Dynamics of gene expression 
during drought stress. Fuzzy c-means clustering grouped the expression profiles of gene expression atlas into 12 clusters. The x axis depicts 
drought samples from four key stages. F The functional enrichment for clusters with continuous upregulation. G Distribution of phylum for clusters 
with continuous upregulation.
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in biofilm formation, quorum sensing, and ABC trans-
porters, were mainly enriched in Cluster Sa3. It sug-
gested that the microbes within cluster Sa3 were actively 
involved in environmental adaptation and the preserva-
tion of internal and external environmental stability in 
salt-stressed poplar trees through multiple mechanisms. 
By contrast, genes involved in genetic information met-
abolic pathways, such as citrate cycle (TCA cycle) and 
oxidative phosphorylation, were enriched in Cluster Sa9. 
Remarkably, the clusters with relatively robust functions 
(Cluster Sa8, Di7, Dr9) exhibit a phylum distribution 
preference similar to that of specific ASVs groups iden-
tified in prior analyses, compared to the overall contigs 
distribution, potentially highlighting the essential roles 
these stress-specific species play in long-term stress 
resistance and adaptation (Fig.  5G). All together, these 
data suggest that microbes within different clusters may 
synergistically mitigate stress through diverse mecha-
nisms, exhibiting distinct functional characteristics in the 
rhizosphere environment and appearing to be associated 
with stress-specific microbial communities.

Construction of synthetic communities and inoculation 
experiments
To evaluate the effects of the recruited bacteria on 
plant, we isolated 781 bacteria strains from the rhizos-
phere of four treatments by applying a culture-depend-
ent approach using different cultivation media. Among 
them, 81 bacterial strains were identified belonging to 
core or stress-specific ASVs groups (Additional file  2: 
Table S11). According to their ability of dissolving inor-
ganic P, solubilizing K, producing siderophile, producing 
IAA, and antagonistic activity, 15 strains were selected 
and inoculated separately into the sterile rhizosphere of 
plants to test whether they triggered plant growth pro-
motion (Additional file 1: Fig. S11 A and Additional file2: 
Table  S12). Plants inoculated with 14 strains exhibited 
significantly greater biomass and height compared to the 
control group, showing that 14 strains individually trig-
gered increased plant growth promotion (P < 0.01) (Addi-
tional file 1: Fig. S11B and Additional file 1: Fig. S12).

Next, we selected a total of 9 bacterial strains to con-
struct synthetic communities based on the fact that each 
core and stress-specific microbial groups contained at 
least 3 strains, aiming to achieve enhanced growth-pro-
moting effects (Additional file 2: Table S13). It included 
species of the genera or family Actinomyces, Kribbella, 
and Streptomyces (phylum Actinobacteria), Bacillus, Peri-
bacillus, and Priestia (phylum Firmicutes), and Brucella, 
Vaeiovorax, and Sphingomondace (phylum Proteobacte-
ria) (Additional file 2: Table S13). Ultimately, six synthetic 
communities were constructed based on the division into 
different subgroups, including SCA (Drought + Core), 

SCB (Salt + Core), SCC (Disease + Core), SCD (Core), 
SCE (Drought + Disease + Salt), and SCF (All).

After 2  weeks of growth, plants treated with the six 
synthetic communities showed greater biomass and 
height compared to uninoculated plants. Among these, 
three synthetic communities composed of stress-specific 
groups along with the core group exhibited higher bio-
mass and height compared to other three communities. 
Interestingly, the synthetic community containing all 
strains did not show improved performance (Additional 
file 1: Fig. S11 C).

To further investigate the effectiveness of synthetic 
communities in enhancing stress tolerance, particularly 
whether communities containing stress-specific groups 
exhibit superior effectiveness, we inoculated plants 
exposed to three stresses with six synthetic communi-
ties. To ensure the validity of the experimental results, 
we conducted the same experiment on 1-month-old and 
3-month-old poplar trees and finally obtained similar 
results. As expected, synthetic communities containing 
stress-specific group performed better under specific 
stress condition (reflected in mortality rate, fresh weight, 
etc.) (Fig.  6A, Additional file2: Table  S14). In addition, 
SCF-treated plants, which displayed lower biomass and 
plant height under normal growth conditions, unexpect-
edly demonstrated a 53.3% and 43.4% increase in height 
under two abiotic stress conditions. This phenomenon 
may be attributed to specific bacterial strains adapt-
ing alternative functionalities under stress conditions, 
thereby inducing responses in other microbial strains 
[34]. We selected stress-related marker genes from exist-
ing literature for transcriptional analysis to rule out the 
possibility that the increase in plant biomass was due 
to a general growth response (Fig. 6B). The SCA (FUS3 
[35] and C3H35 [36]), SCB (GRF15 [37] and WOX11/12a 
[38]), and SCC (WRKY18 [39] and TGA1 [40]) inocula-
tion groups corresponding to drought, salt, and disease 
respectively showed the most significant upregulation of 
related resistance genes under stress. It was notable that 
the SCC-inoculation group containing core microbiota 
showed only a significant upregulation of GRF15 expres-
sion. Taken together, these results highlight the impor-
tance of stress-specific microbes in responding to stress 
conditions.

Discussion
Here, we conducted a comprehensive analysis of ampli-
cons and metagenomes from poplar across continuous 
time points under three different stress conditions and 
normal growth. This study showed that stresses induce 
a high degree of microbial dynamism within the poplar 
rhizosphere, with different types of stress leading to dis-
tinct variation patterns and shaping diverse microbial 
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communities. Microbial communities exhibit complex 
dynamics, with distinct species having fitness advantages 
under different sets of conditions determined by the sur-
rounding biotic and abiotic environments [41]. Utilizing 
a random forest model, we delineated biomarker cat-
egories pertinent to various stress types and identified 
Actinobacteria (Actinobacteria), Alphaproteobacteria 
(Proteobacteria), and Clostridia (Firmicutes) as the most 
critical features, demonstrating their substantial correla-
tion with stress. We were also able to use these models 
to accurately predict the types of stress experienced by 
plants in preprocessed data, despite the fact that these 
models were not trained on such data. This model proves 
essential for elucidating the relationships between spe-
cific taxonomic groups and stress types, and for deriving 
potential ecological implications.

The network analysis of co-occurrence patterns among 
taxonomic units facilitates the exploration of microbial 
interactions within complex communities, offering new 
insights into the structure of poplar rhizosphere micro-
biota under three types of stress conditions and normal 
growth. Microbial interactions shape microbial diversity 
and functionality, while changes in ecological network 
structure can impact ecosystem function and stability 
[25, 42, 43]. In this study, we found support for stresses 
disrupting microbial community networks: networks in 
stressed environments were larger and more complex, 
showcasing a more active microbial community com-
pared to those in normal habitats. In contrast to the 
stressed groups, the control networks remained rela-
tively static and simple over time, potentially indicating a 
more inactive or dormant state of the bacteria [44]. Both 
from the overall network perspective and when observ-
ing network trends at different time points, the microbial 

community networks in environments subjected to abi-
otic and biotic stress exhibited distinct pattern differ-
ences. Specifically, the network size, complexity, and 
stability of both types of abiotic stress decreased with 
increasing stress duration. Combining these findings 
with previous research, we conclude that microbes tend 
to reduce their associations under high environmental 
stress and be partially replaced by competitive species 
[45–48]. In contrast, networks under biotic stress showed 
a different trend, with no significant statistical differences 
in their subnetwork characteristics. We hypothesize that 
this foliar biotic stress does not sharply eliminate certain 
soil microbes but instead “gently” recruits new members 
[49–51]. Studies on tomatoes [52], Arabidopsis thali-
ana [53], and peppers [54] have shown that infection by 
above-ground pathogens can systematically send sig-
nals to the root system, thereby altering the rhizosphere 
microbial community by changing the plant’s secretion 
pattern. Notably, our study reveals microbial community 
structures under different stresses, which helps delve into 
microbial interactions under various stress conditions.

Metagenomic analyses indicated that microbiome 
functional genes involved in nutrient acquisition, second-
ary metabolism regulation, and environmental adapta-
tion were enriched in stressed plants compared to those 
normally growing. To be specific, these shared KOs 
were implicated in tyrosine metabolism, glycine, serine, 
and threonine metabolism, terpenoid and polyketide 
metabolism, fatty acid degradation, phosphate trans-
port, and other metabolic and transport processes. We 
propose that this represents a broad-spectrum adaptive 
response to stress, illustrating that a coadaptive strategy 
exists for microbes and plants [55]. Generally, biotic and 
abiotic stresses are seldom compared together. However, 

Fig. 6  The SynComs assist plants in coping with stress. A Ratio of the fresh weight of plants treated with SynComs to the blank group 
under stressed conditions. Under each column chart are corresponding pictures of the plants. Disease severity information (leaf infection rate) 
was also added to the disease treatment group. B Relative expression of stress-related genes to Actin in the poplar plants. Asterisks denote 
significant differences (P < 0.01).
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previous research has proposed that plants under stress 
conditions can balance microbe-mediated nutrient 
acquisition and defense. For instance, Arabidopsis’s Phos-
phate Starvation Response 1 (PHR1), which modulates 
phosphate stress responses, also directly controls a set 
of functionally related plant immune system genes and 
contributes to the assembly of root microbiome, thereby 
integrating plant nutrient responses, immune functions, 
and microbiome assembly [56]. Increasing evidence 
suggested that there are interactions between different 
signaling pathways in plants, potentially by influenc-
ing the rhizosphere microbiome to cope with various 
types of stress encountered under field conditions [57, 
58]. Exploring the functional overlap of microbiomes 
provides new insights into how microbial responses 
intersect under various stresses, which helps them act 
simultaneously and coordinately to maximize resource 
utilization. Microbiome breeding has become a trans-
formative technology by controlling the composition and 
function of plant-associated microbial communities to 
achieve enhanced tolerance, improved nutrient uptake, 
or increased productivity [59, 60]. Specific functional 
genes play a crucial role in this process. For instance, 
specific M gene haplotypes can significantly enrich spe-
cific microbiome components and enhance protection 
against pathogens [61]; genes involved in the biosynthesis 
or regulation of plant metabolites, such as different lignin 
precursors and coumarins, can affect the plant microbi-
ome, and optimizing the production of these compounds 
through targeted plant breeding is expected to reduce the 
global use of chemical pesticides and fertilizers [62, 63].

Plants not only utilize environment-derived microbi-
omes to regulate nutrient responses and immune systems 
but also attract beneficial microbes from the environ-
ment to cope with specific stresses, a strategy known as 
the “cry for help” [64]. Various stressors trigger unique 
responses, leading to diverse acclimatization and defen-
sive strategies. In diseased microbiomes, enrichment 
of pathways involved in the degradation of aromatic 
compounds and enediyne antibiotics biosynthesis has 
been observed, underscoring the complex defensive 
strategies between plants and microbes. In response to 
pathogen attacks, stress can regulate the root exudate 
profile—through transport, biosynthesis, and secretion 
processes—to attract specific beneficial bacteria that aid 
in defense [65]. Subsequently, these beneficial microbes 
employ antimicrobial compounds and quorum-sensing 
quenching molecules to inhibit pathogen growth and 
virulence [66, 67]. Furthermore, both salt and drought, 
as abiotic stresses, initially alter soil properties to rapidly 
eliminate a subset of unsuitable microbes and modify 
the root exudate secretion profile to trigger a “cry for 
help.” Consistent with our results, previous studies have 

confirmed that salt stress enhances the secretion of xan-
thine by plants, which enriches plant growth-promoting 
Pseudomonas by stimulating its motility [30]. Clustering 
analysis of annotated genes identified distinct and clear 
enrichment patterns under three stress conditions, aid-
ing in the classification of microbes involved in the same 
biological processes and highlighting the interactions 
among coexisting microbes. This result will facilitate the 
more precise identification of functional microbes and 
the development of functional synthetic communities in 
the future.

Given the presence of multiple treatment groups, our 
focus was on examining the core microbiota and stress-
specific microbes to assess their contributions under 
stress conditions. The minimal overlap between core 
and stress-specific microbiota underscores their distinct 
ecological roles. Core taxa, which persist across treat-
ments, likely provide constitutive functions essential for 
host health, such as nutrient acquisition and immune 
priming [68]. In contrast, stress-specific microbes may 
act as facultative mutualists, recruited to address acute 
environmental challenges. This segregation aligns with 
the “ecological filter” theory, where host selection and 
environmental stressors shape microbiota assembly [69]. 
The low overlap suggests minimal functional redundancy 
between core and stress-adaptive communities, which 
could reflect niche partitioning to avoid competition. 
Alternatively, it may indicate rapid microbial adapta-
tion to stressors via horizontal gene transfer or commu-
nity succession, as observed in rhizosphere studies [70]. 
Combined with the co-occurrence network and ecologi-
cal indicators analysis, we found that the removal of core 
microbiota had the most significant impact on network 
stability and the core microbiota exhibited a broader 
niche width, implying their crucial role in maintaining 
community structure stability. This finding aligns with 
studies demonstrating the ecological importance of core 
microbiota in preserving functional stability in refor-
estation ecosystems [6]. While stress-specific microbes 
were essential for maintaining the structure of the co-
occurrence network within their respective stress envi-
ronments, their impact was less pronounced compared 
to core microbiota. Further analysis using null and neu-
tral models revealed that the assembly of stress-specific 
microbiota is primarily driven by deterministic processes, 
whereas the assembly of core microbiota is governed by 
stochastic processes. Generally, the core microbiome 
identified by the definition method of membership com-
prised the abundant taxa common in the host [71]. Many 
studies on the community assembly of abundant taxa, 
such as those conducted in wetland soils [72], contami-
nated soils [73], and loess plateau soils [74], have simi-
larly demonstrated that stochastic processes governed 
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the assembly of abundant taxa. Core communities with 
broader niche widths are considered more versatile in 
metabolic functions and better able to withstand envi-
ronmental fluctuations [75, 76]. It has been shown that 
stochastic processes lead to higher diversity and transi-
tion rates [77], suggesting that the core taxa dominated 
by stochastic processes are more responsible for main-
taining community and functional stability. Since deter-
ministically assembled communities exhibited enhanced 
functionality compared to those assembled stochastically 
[78], it is likely that stress-specific microbiota contributes 
more to the function of the ecosystem in particular envi-
ronments. Within low-diversity extreme environments, 
bacteria with “specialized functions” play important 
roles in the ecosystem that reduce environmental stress 
and increase the survival probability of other microbes 
lacking such functions [79]. Core microbiota and stress-
specific microbiota simultaneously facilitated species 
interactions through different mechanisms, and the 
trade-off between them affects the community’s potential 
to acclimatize to new environments. Although the roles 
and correlations of these microbiota have been proposed, 
the protective mechanisms and functional contributions 
of these core and stress-specific microbial communities 
still require separate and collective verification using cul-
tivation-based approaches.

Based on the above conclusions, we conducted bacterial 
separation and selected strains based on the classification 
of core and stress-specific groups to further construct 
synthetic communities. Leveraging the observable key 
characteristics of the strains and recent advancements 
in microbiome research, we endeavored to select isolat-
able rhizosphere bacterial strains that are representative 
of the four groups to construct the synthetic community. 
Among them, bacterial strains from the genera or fami-
lies Actinomyces, Kribbella, and Streptomyces (phylum 
Actinobacteria), Bacillus, Peribacillus, and Priestia (phy-
lum Firmicutes), and Brucella, Variovorax, and Sphin-
gomonas (phylum Proteobacteria) have been shown 
to promote plant growth. By employing the strategy of 
concurrently applying both core and specific groups, 
we observed significant improvements in plant perfor-
mance under both normal and stress conditions. The 
measurement of the transcription of the stress-related 
genes for the three types of stresses further confirmed 
that the microbial community not only promoted plant 
growth, but indeed initiated the stress resistance pro-
cesses of plants, such as ROS scavenging (WOX11/12a), 
regulating plant hormone signals like ABA (FUS3), and 
activating immune responses (WRKY18, TGA1). Nota-
bly, inoculation with either core or specific groups alone 
did not yield substantial enhancements in plant stress 
tolerance, demonstrating the indispensable role of these 

microbiota in the rhizosphere environment [13, 80]. The 
core microbiota was likely to merely tend to trigger the 
general plant growth promotion effect. However, the syn-
thetic community containing all strains exhibited poor 
performance under normal growth conditions, which 
may be attributed to functional redundancy among these 
species, as they perform similar roles within the given 
community [81–83]. A possible explanation for the high-
est plant height observed in the SCF-inoculated groups 
under two types of abiotic stress is that functional redun-
dancy among species may be altered due to shifts in their 
functional roles within the modified environmental con-
ditions [34, 84]. Species that are redundant under normal 
growth conditions may turn out to be essential perform-
ers or partners in new interspecific interactions after 
environmental change [34]. It is undeniable that the cur-
rent seven synthetic communities cannot fully possess 
all bacterial interactions and functions within the four 
groups. However, given the unquestionable difficulty in 
isolating these specific microbes, future research might 
attempt innovative approaches such as microfluidic cul-
tivation, membrane diffusion-based cultivation, and cell 
sorting-based cultivation to construct more comprehen-
sive core and stress-specific communities [85, 86].

Conclusions
Overall, our research demonstrated the alteration pat-
terns and functional characteristics of the microbiome 
under different growth conditions. Meanwhile, it fur-
ther indicated that the core microbiota and the stress-
specific microbiota under stress each have their own 
functions and are both indispensable, jointly exerting 
beneficial effects on the poplar host. The core microbiota 
makes a prominent contribution in maintaining com-
munity stability and is biased towards promoting plant 
growth. While the stress-specific microbiota is recruited 
by plants and exhibits diverse protective potentials in 
the face of different stresses by regulating osmotic pres-
sure, secreting antibiotics, and other means. This study 
provides new insights into the potential mechanisms by 
which the microbiome helps plants cope with stress and 
offers a theoretical basis for constructing an efficient 
plant–microbe stress resistance system.

Methods
Experimental design and sampling
To analyze the influence of three kinds of stress on 
rhizosphere microbial communities, 84 K poplars were 
planted in plastic house in in Baishan Town, Changping 
District, Beijing, China (40.14807° N, 116.35353° E).

The soil used in this study was collected from five sites 
in Beijing where poplar trees had been planted for more 
than 10 years. The topsoil (10–15 cm) was removed, and 
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the layer (15 − 30 cm) was collected. Then, all soils were 
sieved through a 0.5-cm mesh screen at room tempera-
ture to remove plant debris, mixed in equal proportions, 
and stored in the cold room (4℃) for further use. When 
the experiment commenced, we retrieved the soil from 
the cold room maintained at 4  °C, allowed it to reach 
room temperature, and then mixed it with the sterile soil 
in equal proportion to ensure an adequate nutrient sup-
ply for plant growth. The sterile soil used in this study 
was obtained by thoroughly mixing vermiculite, perlite, 
and moss peat in 1:1:2 volumes, and then sterilizing it in 
the autoclave at 121 °C for 20 min twice at 24-h intervals.

A semi-open mesocosm system was used in this paper, 
guaranteeing repeated collection of rhizosphere soil from 
each individual plant without damaging the root system, 
which consisted of an inner reticular container and sev-
eral outer reticular containers [87]. All containers were 
filled with previously prepared soil with microbes. The 
inner container (root compartment) was made of the 
150-μm nylon mesh net with a height of 20 cm and a 
diameter of 6 cm, which allowed microbes to pass freely 
and prevented the root from spreading and growing 
at will. The outer container (rhizosphere soil compart-
ment) was the rectangular 150-μm nylon mesh bag with 
a height of 20 cm and a width of 2 cm. Eight outer con-
tainers were evenly arranged around the inner container, 
with no gap left in the middle. The method of obtaining 
rhizosphere soil in this way has been verified by prelimi-
nary experiments. Each rectangular mesh bag could be 
removed individually during sampling according to the 
experimental design. Seven groups of semi-open meso-
cosm systems were evenly spaced separately in twelve 
planting tanks with a length of 2.8 m and a width of 0.4 m 
that were filled with microbial soil.

Plants were grown in the plastic house from Mar. 30 to 
Oct. 25, 2021. In the tissue culture room of the labora-
tory, 200 bottles of tissue culture seedlings with the same 
growth and the same propagation time, growing to about 
8 cm, were selected. The roots of the tissue culture seed-
lings were cleaned, dipped in carbendazim and nutri-
ent solution, and then put in pots containing sterile soil 
in the greenhouse respectively. Then the seedlings were 
hardened for a month to acclimatize to the greenhouse 
environment. Until April 30, 182 healthy seedlings were 
counted as living. Afterwards, strong seedlings growing 
to about 15 cm were selected, and they were planted in 
the interior container of the semi-open ecosystem after 
gently removing the soil with sterile water. The entire 
semi-open ecosystem was placed in the planting tank and 
covered with about 2 cm of soil.

The plants were grown under normal conditions in 
this apparatus for 3  months with twice-weekly irriga-
tion. Plant treatments were initiated on July 30 th, 2021. 

After conducting comprehensive pre-experiments, we 
determined that the 200 mmol/L NaCl solution and 10% 
PEG6000 solution, which were the closest to the semi-
lethal dose, would serve as the final experimental concen-
trations for salt and drought stress induction respectively. 
To induce salt stress, a quarter of the 12 planting tanks 
were irrigated twice a week with a NaCl solution at a con-
centration of 200 mmol/L. For drought stress treatment, 
three planting tanks were irrigated twice a week with a 
10% PEG6000 solution, while three other planting tanks 
were inoculated with 100 µL of Colletotrichum gloe-
osporioides BJ12 [88] conidial suspension (1 × 106 spores/
mL) on their third and fifth leaves. Through preliminary 
experiments, we have confirmed that the onset time of 
BJ12 is between 5 and 7 days. Therefore, we initiated the 
treatment 1  week in advance and ensured at all times 
that two leaves of each plant were infected, with timely 
re-inoculation whenever necessary. The remaining three 
planting tanks served as the control group and received 
normal watering twice a week, like the plants in the group 
that were infected with pathogens. To eliminate the influ-
ence of external factors such as geographical location, 
the three treatments and the control were arranged in an 
alternating pattern in the 12 planting tanks.

Soil sampling was performed once a week. Each time, 
a nylon mesh bag containing the rhizosphere soil of all 
plants was randomly selected, and the soil outside each 
semi-open mesocosm was excavated. These were respec-
tively mixed uniformly in accordance with the plant-
ing tanks as rhizosphere samples and field soil samples. 
The soil in each planting tank was regarded as one rep-
licate of this treatment, with a total of three replicates. 
The amplicons were submitted for testing once a week, 
and the metagenomes were sent for testing once every 
2 weeks. Meanwhile, the plant height, leaf size, leaf num-
ber, ground diameter, and photosynthetic indicators of 
the plants were measured on a weekly basis.

DNA extraction and Illumina sequencing
Total DNA was extracted from 0.5 g of rhizosphere or 
soil samples using DNeasy PowerSoil Pro Kits (Qiagen, 
Germany) in accordance with the manufacturer’s pro-
tocol. The DNA concentration and purity were assessed 
on a 1% agarose gel, and subsequently, sterile water was 
used to dilute the DNA to a final concentration of 1 μg/
μL based on the initial measurement. The PCR prod-
uct targeting the V4 region of bacterial 16S rRNA gene 
was amplified using specific primers 515 F: GTG​YCA​
GCMGCC​GCG​GTAA and 806R: GGA​CTA​CNVGGG​
TWT​CTAAT [47]. The reaction mixture consisted of 
15 μL of Phusion® High-Fidelity PCR Master Mix (New 
England Biolabs), 0.2 μM of forward and reverse prim-
ers, and 10 ng of template DNA. The thermal cycling 
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conditions were as follows: initial denaturation at 98 °C 
for 1  min, followed by 30 cycles of denaturation at 98 
°C for 10 s, annealing at 50 °C for 30 s, extension at 72 
°C for 30 s, and a final extension step at 72 °C for 5 min. 
The PCR products were quantified, thoroughly mixed in 
equidensity ratios, and subsequently purified using the 
Qiagen Gel Extraction Kit (Qiagen, Germany). Finally, 
the library was sequenced on the Illumina NovaSeq plat-
form and 250 bp paired-end reads were generated.

For metagenomic library preparation, the metagen-
omic DNA was randomly fragmented by the Covaris 
ultrasonic disruptor. Subsequently, the entire process of 
library preparation was accomplished through sequential 
steps including end repair, addition of A tails, addition 
of sequencing adapters, purification, and PCR amplifica-
tion. After quality control, quantification and normaliza-
tion of the DNA libraries, reads were generated from the 
Illumina HiSeq6000 platform according to the manufac-
turer’s instructions.

Amplicon data analysis
The paired-end reads were merged into a single sequence 
using USEARCH v11.0. 667. We employed the fastq_
maxee_rate option to remove the low-quality reads with 
the error rate exceeding 1%. And then, reads shorter 
than 100 bp were discarded through the fastq_minlen 
option of VSEARCH 2.21.1. Biological reads were identi-
fied with 100% sequence similarity to generate the ASV 
table through the unoise3 option [89] of USEARCH. 
Taxonomic assignment was performed by comparing the 
sequences against the SILVA reference database for bac-
teria using QIIME v1.9.1.

For subsequent analysis, the table format results were 
converted to Biological Observation Matrix (BIOM) for-
mat using BIOM 2.1.5. We proceeded by utilizing mul-
tiple scripts within QIIME v1.9.0 to standardize and 
calculate both alpha and beta diversity metrics. Kruskal–
Wallis test was carried out to compare the difference of 
alpha diversity. The principal coordinate analysis (PCoA) 
plots were generated from Bray–Curtis similarity matri-
ces by using R package ggplot2. PERMANOVA was used 
to assess the effect of compartment (bulk soil or rhizo-
sphere), time period (weeks 1–13), and treatment (con-
trol, drought, disease, or salt) on the bacterial community 
variation either detected by Bray–Curtis dissimilarities 
using the adonis command in vegan package in R. To 
identify the important predictor that was most sensitive 
to the stress types, the Random forest model was con-
ducted using the “randomForest” R package. After 1000 
iterations, features were ranked by importance based on 
model accuracy. The optimal number of biomarkers was 
determined via 5 repetitions of tenfold cross-validation. 
Random forest models were constructed for different 

taxonomic levels, and the best classification level was 
selected according to model performance metrics. The 
abundance-occupancy distribution was used to explore 
the frequency and quantity of microbes across different 
treatments and time series. After sorting the data based 
on occupancy, a weighted index was calculated. Sub-
sequently, the contribution of ASVs to the Bray–Curtis 
similarity was computed.

Metagenomic data analysis
The raw reads obtained from metagenome sequenc-
ing were employed to generate clean reads through the 
removal of adaptor sequences, trimming, and elimina-
tion of low-quality reads. Then, further quality control 
and host removal were conducted through kneaddata 
v0.10.0. The pooled metagenomic reads from each 
group were de novo assembled using Megahit v1.0 with 
the default parameter. Gene annotation was performed 
using prokka v1.13.3, and a non-redundant gene set was 
constructed using CD-HIT-est with the identify cut-
off of 95%. The meta option of the salmon software was 
selected for gene quantification to generate the gene 
abundance matrix. Diamond software was used to align 
the protein sequences against the KO database for func-
tional gene annotation. The Reporter score algorithm was 
used to calculate the enrichment level of functional pat-
terns. Fuzzy c-means (FCM) algorithms were employed 
for gene clustering, implemented using the Mfuzz pack-
age in R.

Network construction and analysis
The rhizosphere soil community networks of each treat-
ment were constructed based on the relative abundance 
of ASVs using SparCC correlation to evaluate the com-
plexity of the interactions in rhizosphere microbiota. The 
correlation matrix of random values was obtained from 
the original dataset through the bootstrap approach. 
Subsequently, by comparing the distribution of the values 
in the observed correlation matrix within that of the ran-
dom value correlation matrix, pseudo p-values are gener-
ated. The correlation matrix and the p-value matrix are 
merged to obtain the ultimate network. The high relative 
abundances (> 0.01%) and statistically significant cor-
relations (P < 0.01, Spearman’s correlations with > 0.8 or 
< − 0.8) among ASVs were included into the network 
analyses [90, 91]. A set of measures (i.e., the numbers of 
nodes and edges, average degree, average path length, 
clustering coefficients, network diameter, and modular-
ity) were calculated to analyze the topology of the net-
work. Based on linear regression analysis, the changing 
trends of the network topological properties with the 
variation of stress time were presented. Networks were 
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visualized and explored with the interactive platform 
Gephi (http://​gephi.​github.​io/).

In order to verify the stability of rhizosphere microbial 
co-occurrence networks, species extinction was simu-
lated through random species loss, and then the robust-
ness and vulnerability of the network were assessed [25]. 
Robustness was defined as the proportion of remaining 
species in the network after random or targeted node 
removal. Vulnerability measured the relative contribution 
of specific nodes to global efficiency. Both robustness and 
vulnerability metrics were calculated using the ggCluster-
Net package, with the rand.remov.once function defined 
to simulate species extinction. And to further determine 
the importance of sub-communities to the stability of 
the overall community, we randomly removed the nodes 
belonging to the sub-communities in the network 100 
times and generated 100 random networks [25]. Due to 
the different numbers of species in the sub-communi-
ties, we specified the same number (50) of nodes to be 
removed. For each randomization, a set of network topo-
logical properties was calculated, and finally the cumula-
tive ranking and confidence interval of the characteristics 
were obtained.

Quantification of ecological modeling
To evaluate ecological studies of community structure 
and species co-occurrence, it is critical to quantify the 
degree of resource division (i.e., niche overlap). The value 
of Levin’s niche breadth and niche overlap of the sub-
community was calculated in the R environment (http://​
www.r-​proje​ct.​org) using spaa. The average of B-values 
from all taxa within one subcommunity was calculated as 
the community-level B-value (Bcom). Similarly, the aver-
age of O-values from taxon pairs within the community 
was calculated as the community-level O-value (Ocom).

The null model and neutral community model were 
used to investigate the importance of deterministic 
and stochastic processes on the bacterial community 
assembly. The Raup–Crick index (RC-Bray) and β near-
est-taxon index (βNTI) were combined to assess the 
mechanisms of community assembly. Bray–Curtis-based 
Raup-Crick (RCbray) is a metric of taxonomic β-diversity. 
|βNTI|< 2 indicates that community assembly is domi-
nated by stochastic processes. βNTI < − 2 indicates that 
community assembly is dominated by heterogeneous 
selection; |βNTI|< 2 and RC < − 0.95 indicate that com-
munity assembly is dominated by homogenizing disper-
sal; |βNTI|< 2 and |RC|< 0.95 indicate that community 
assembly is dominated by undominated process; |βNTI|< 
2 and RC > 0.95 indicate that community assembly is 
dominated by dispersal limitation; βNTI > 2 indicates 
that community assembly is dominated by homogeneous 
selection.

Bacterial isolation from the rhizosphere and inoculation 
of SynComs
The PBS washing solution was diluted, dispensed, and 
incubated in 1/10 TSB medium in 96-well microtiter 
plates at 28 ℃ for 14 days and was indexed using the two-
sided barcode PCR system based on Illumina sequencing 
[86, 92]. The recovered bacteria were compared with the 
members of the corresponding rhizosphere microbiota 
with > 99% 16S rRNA gene identity. Each ASV identi-
fied from the recovered bacteria was selectively cultured 
and purified on 1/2 TSA medium. The bacterial universal 
primers 341 F/1075R and 63 F/1389R were employed to 
amplify the 16S rRNA genes. Subsequently, the obtained 
sequences were subjected to BLAST searches against 
the NCBI database and the Ribosomal Database Project 
reference database for bacterial classification purposes. 
Moreover, the sequences of individual bacterial isolates 
were compared through BLAST with the sequences of 
ASV representatives derived from 16S rRNA sequences, 
and then assigned to the corresponding ASVs. In total, 
81 strains were identified as belonging to core or stress-
specific ASVs groups and were stored at − 80 ℃ with 
50% glycerin solutions. Try to select bacteria from dif-
ferent genera and choose multi-functional strains based 
on their abilities to solubilize phosphorus and potas-
sium, produce siderophores, produce IAA, and exhibit 
antagonistic capabilities. The selected strains were inocu-
lated on LB plates at 37 ℃ for 2 days. The appearance of 
strain colonies including size, shape, gloss, color, consist-
ency, and transparency was observed. Pikovskaya (PKO) 
mediums, silicate bacteria mediums, and CAS detection 
medium (CAS) were used to test the phosphate-solubi-
lizing and potassium-releasing capacity of the strain [93–
95]. LB medium supplemented with L-tryptophan was 
used to measure the IAA production of the strain [96]. 
All strains were propagated in TSB medium using the 
shake–flask fermentation method with a culture period 
of 4 days at 25 °C. Each bacterial fermentation broth was 
centrifuged at 4000 × g for 8 min, and then resuspended 
in PBS. To standardize the initial state of each strain, the 
OD600 values were systematically monitored throughout 
the resuspension process. The OD600 was adjusted to 0.2 
(approximately 108 cells/mL). Ensure that the core and 
the three stress-specific groups each contain more than 
three ASVs. Subsequently, the strains were equimolarly 
mixed as SynComs. Finally, each plant received a cumu-
lative total of approximately 109 cells [8]. To ensure the 
validity of the experiment, we had 6 biological replicates 
for each treatment, and conducted the same experiment 
on 1-month-old and 3-month-old poplar trees. Further-
more, a blank control group and a control group were 
established. In the blank control group, the plants were 
carefully excavated prior to inoculation and subsequently 
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placed in sterilized soil. During the inoculation process, 
an equal volume of PBS buffer was administered by irri-
gation. Similarly, in the control group, an equivalent 
volume of PBS buffer was applied via irrigation during 
inoculation.

Gene expression
The genes FUS3 and C3H35 have been shown to be 
related to drought resistance of poplar; GRF15 and 
WOX11/12a have been confirmed to be associated with 
salt tolerance in poplar; WRKY18 and TGA1 have been 
confirmed to be related to disease resistance of poplar. 
Actin was chosen as an internal standard. Relative expres-
sion level (fold change) was calculated by the 2−ΔΔCt 
method. For each sample, three biological replicates and 
four technical replicates were conducted respectively. 
All the primers used in RT-qPCR are listed in Additional 
file 2: Table S15.
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