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Abstract

:

Soil fungi are a highly diverse group of microorganisms that provide many ecosystem services. The mechanisms of soil fungal community assembly must therefore be understood to reliably predict how global changes such as climate warming and biodiversity loss will affect ecosystem functioning. To this end, we assessed fungal communities in experimental subtropical forests by pyrosequencing of the internal transcribed spacer 2 (ITS2) region, and constructed tree-fungal bipartite networks based on the co-occurrence of fungal operational taxonomic units (OTUs) and tree species. The characteristics of the networks and the observed degree of fungal specialization were then analyzed in relation to the level of tree species diversity. Unexpectedly, plots containing two tree species had higher network connectance and fungal generality values than those with higher tree diversity. Most of the frequent fungal OTUs were saprotrophs. The degree of fungal specialization was highest in tree monocultures. Ectomycorrhizal fungi had higher specialization coefficients than saprotrophic, arbuscular mycorrhizal, and plant pathogenic fungi. High tree species diversity plots with 4 to 16 different tree species sustained the greatest number of fungal species, which is assumed to be beneficial for ecosystem services because it leads to more effective resource exploitation and greater resilience due to functional redundancy.
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1. Introduction


Soil fungi are a highly diverse group of microorganisms [1,2] that are crucial for soil health [3] and provide many ecosystem services including decomposition, element cycling, plant nutrition, and plant protection [4]. The mechanisms of soil fungal community assembly must therefore be understood to reliably predict how global changes such as climate warming and biodiversity loss will affect ecosystem functionality. Fungal community assembly is influenced by abiotic, biotic factors as well as stochastic and deterministic processes. Key drivers of fungal community composition and richness include soil moisture [5], soil nutrient content [6,7], precipitation [8], and vegetation [9,10]. Tree species loss is a likely consequence of global change, so it is important for silvicultural management to determine how such losses could affect soil fungal communities. We have previously characterized the effects of tree diversity on specific functional groups of soil fungi in subtropical young forests [11]. Here, we extend this analysis by investigating the effects of tree diversity on fungal specialization and tree-fungal network patterns.



Tree species are known to strongly affect ecosystem conditions including soil properties [12,13,14] and microclimate [15,16]. Therefore, regions of high tree diversity have less homogeneous soil and environmental conditions than those with tree monocultures. Additionally, the local conditions in regions of high tree diversity depend strongly on the tree species that are present. The neighborhood conditions of a tree can also result in niche shifts. For example, niche differentiation based on crown height was observed in experimental tree communities with high diversity [17,18]. Similarly, fine root niche complementarity [19] was shown to increase resource capture in mixed stands [20,21], and tree species richness was found to correlate positively with the filling of the soil volume by fine roots [19].



The performance of species under different environmental conditions can differ strongly [22]. Some species can cope with a broad range of environmental conditions and thus occur frequently in many different habitats. Other species, known as specialists, only perform well in a narrow range of environmental conditions. Therefore, it is assumed that well-adapted specialists will outperform generalists in homogenous environments, while the reverse will be true in heterogeneous environments. In molecular soil fungal ecology, the abundance of a fungal taxon can be regarded as a proxy for its performance because it is assumed that well-performing species will be more able to proliferate and will thus have a greater chance of being detected.



Network analysis is a technique that originated in the social sciences but has been widely used in community macroecology, for instance to characterize pollinator-plant or predator-prey interaction networks [23,24]. The advent of molecular high throughput sequencing technologies has enabled this technique to also be used in microbiology to clarify the mechanisms that structure fungal communities in a way that complements descriptive investigations based on alpha and beta diversity relationships [25,26,27]. Network analysis can be used to assess the ecological interactions between functionally different partners and to deduce their ecosystem-level consequences in a more integrated manner than is possible by intraspecific investigation. Network analyses inherently account for the fact that all components of an ecosystem are interconnected [28]. Consequently, ecological network analyses are increasingly being used to evaluate the effects of environmental change on ecosystems [29,30]. For example, Tylianakis, et al. [31] found that anthropogenic habitat modification did not affect species richness but significantly influenced the network structure of bees, wasps, and their parasitoids, affecting parasitism rates and thus pollination. Plant-fungal networks have been analyzed to support or better understand disease management [32], ecosystem development [27], succession and seasonality [33], latitudinal gradients [34], and host preferences [35,36,37,38,39]. However, to our knowledge, this work is the first to examine the effects of tree species diversity on tree-soil fungal network structure and soil fungal specialization, and the likely consequences of global tree species loss. The data analyzed here were derived from the Biodiversity and Ecosystem Functioning experiment China (BEF China) [40,41], which features plots having one, two, four, eight, and 16 different tree species.



We performed a tree-fungal bipartite network analysis using a subsampling approach and evaluated the network metrics specified below in relation to three tree diversity levels. Additionally, we analyzed the specialization of fungal OTUs based on the phi coefficient [42] and assessed differences in the specialization of specific fungal functional groups. Our analysis is based on several network structure metrics, including the main metrics of nestedness, modularity, and connectance, as well as generality—a measure of network asymmetry (Figure S1). The latter metric was included because studies on consumer-prey networks have shown that environmental change can affect consumer-prey asymmetries without strongly affecting other network metrics [29]. The fungal C score, as measure of disaggregation, was also computed to deduce possible mechanisms of fungal community assembly [43,44].



Nestedness measures the extent to which specialist species of higher trophic levels (e.g., pollinators) interact with generalist species of lower trophic levels (e.g., plants). Each generalist species typically interacts with many higher trophic level species [30]. Highly nested communities are assumed to be stable because most of the interactions involve generalist species, so the overall network structure will not be greatly affected if a disturbance removes a specialist species. Non-nested patterns may be either modular or checkerboard (anti-nested). In modular patterns, there are sets of species that interact more strongly with one-another than with species outside the set. Such patterns may result from evolutionary processes that favor the emergence of highly co-adapted species (for example, species that form symbiotic interactions [45]) or modules that independently perform specialized functions [46]. To assess general network structure in terms of nestedness, computed nestedness values were compared to those for a randomized dataset (a null model). Connectance is the ratio of the number of interactions in the network to the total number of possible interactions, while fungal generality is defined as the mean number of tree species per fungal species.



We hypothesized that increasing tree diversity would increase connectance and fungal generality while reducing modularity, fungal C score, and fungal specialization as measured by the phi coefficient.




2. Materials and Methods


We used previously published amplicon sequencing data to construct interaction networks [11]. For details of the soil sampling, soil sample preparation, nucleic acid extraction, 454 pyrosequencing, and bioinformatics analysis procedures, please see the work of Weißbecker, Wubet, Lentendu, Kühn, Scholten, Bruelheide and Buscot [11]. Here we briefly outline the experimental design and major sample processing procedures, and describe in detail the data processing steps involved in the network and statistical analyses.



2.1. Sampling Site


Our study was conducted in the frame of the Biodiversity and Ecosystem Functioning experiment China (BEF China [40]). In 2009, experimental forest plots were established on a hillside in Jiangxi Province in Southeastern China (29 °C07′26.0″ N 117 °C54′29.0″ E). The site’s climate is subtropical, with warm wet summers and cold dry winters. A broken-stick design was used to determine the experimental planting schemes of the 31 forest plots investigated here: a set of 16 native subtropical tree species was repeatedly sub-divided into subsets of eight, four, two and one species to establish communities with lower tree diversity levels (Figure S2). The total species pool had equal numbers of arbuscular mycorrhizal- (AM) and ectomycorrhizal- (EcM) forming tree species. Each forest plot covered 25.8 m × 25.8 m. In each plot, 400 trees were planted with a spacing of 1.29 m. In October 2011, the mean total tree height ranged from 52 to 301 cm depending on tree species [47].




2.2. Soil Sampling


In October 2011, we randomly selected five tree individuals per tree species in each plot (where possible) for root zone sampling, which was performed by using an augur to remove four soil cores (6 cm in diameter and 10 cm deep) at points 20–30 cm from the tree trunk in each of the cardinal compass directions. The four soil cores were then mixed, sieved (2 mm mesh size), and homogenized to form a composite soil sample. The experimental plots were planted according to a broken-stick design (Figure S2), and the number of experimental plots chosen for sampling decreased with increasing tree diversity while the number of samples collected per plot increased (Figure S2). Two 15 g subsamples from each pooled sample were immediately flash-frozen in liquid nitrogen. One subsample was then freeze-dried [48] and transported by airplane within 4 days to the processing lab in Germany, where it was immediately stored at −80 °C until needed for molecular analysis.




2.3. Nucleic Acid Extraction and Multiplexed Amplicon Pyrosequencing


Microbial DNA was extracted with a PowerSoil® htp 96 Well Soil DNA Isolation Kit or a PowerSoil® Total RNA Isolation Kit (MO BIO Laboratories Inc., Carlsbad, CA, USA) in combination with a PowerSoil® DNA Elution Accessory Kit. Fungal ITS rDNA amplicon libraries were generated using the fungal-specific ITS1f primer [49] containing Roche 454 pyrosequencing adaptor B, the universal ITS4 [50], Roche 454 pyrosequencing adaptor A, and a sample-specific multiplex identifier sequence (MID). All samples were subjected to three replicate PCR reactions. PCR products were cleaned, quantified, and processed using the GS FLX+ sequencing kit (Roche, Mannheim, Germany). The amplicons were sequenced by unidirectional pyrosequencing from the ITS4 ends using a Roche GS FLX+ 454 pyrosequencer at the Department of Soil Ecology, Helmholtz Centre of Environmental Research (UFZ, Halle, Germany).




2.4. Bioinformatic Analysis


Multiple levels of sequence processing and quality filtering were applied using an in-house metabarcode analysis pipeline for grid engines based mainly on the MOTHUR [51] and OBITools [52] software suites. Sequences with ambiguous bases, barcode mismatches, or homopolymers exceeding eight nucleotides were discarded. FlowClus [53] was used to denoise flows and trim reads into uniform 360 bp long read fragments spanning the ITS2 region and the 5.8S rRNA gene. Chimeric reads were removed using UCHIME [54] and quality filtered sequences were clustered into operational taxonomic units (OTUs) using vsearch [55] with a sequence similarity threshold of 97%. OTUs were taxonomically assigned using the UNITE database version v7_2 [56]. Putative functions were annotated using the FUNGuild fungal database [57].




2.5. Data Processing


Data processing and statistical analyses were performed using R (version 3.5.2, [58]). The phyloseq package [59] was used to combine and process OTU count and environmental data. Rare fungal OTUs comprising only singleton, doubleton, and tripleton sequences were discarded [60]. Sequences were rarefied to 700 sequences per sample. All remaining OTUs with at least 10 sequences in the total rarefied dataset were considered in subsequent analyses [32]. The abundance data were transformed into incidence data. Other R packages used for data management and visualization included BiocManager [61], biomformat [62], dplyr [63], data.table [64], extrafont [65], gdata [66], ggplot2 [67], plyr [68], prodlim [69] and vegan [70].




2.6. Tree-Fungal Bipartite Analysis in a Subsampling Approach


We performed a fungal-tree bipartite network analysis based on observations of fungal-tree co-occurrence using the bipartite package [71]. In accordance with our sampling design, we sampled each of the 31 forest plots of the broken-stick design.



No replicates of tree species mixtures were sampled. For each tree species, we collected five samples at each diversity level. The number of collected samples per plot thus increased with the diversity level: five samples were collected from each monoculture plot, whereas 80 (16 × 5) samples were collected from the 16 tree species mixture plot. Because the number of forest plots decreased as the tree diversity level increased, we aggregated the data for the four, eight and 16 tree species mixture plots into a single “high tree diversity” dataset (Figure 1a). Thus, the “high tree diversity dataset” represented seven independent forest plots compared to eight two-tree species mixtures and 16 tree monoculture plots. We therefore constructed our bipartite networks (see Figure 1c) using a subsampling approach in which each subsample was based on seven plots per tree species diversity level and seven tree species. This ensured that all networks were based on the same number of individual plots and the same number of samples within a plot.



Within a given subsampling combination, the same seven tree species were investigated at all three diversity levels and only one tree species was sampled per plot (Figure 1b). For the two tree species mixtures, there were 1024 (8 × 27) valid subsamples based on seven independent plots with one tree species per plot. However, the tree species Castanopsis eyrei suffered severe mortality and comparatively few individuals of this species were planted initially. Therefore, at the time of sampling, only a few individuals of this species remained in the experiment, so it was excluded from our analysis. Consequently, there were 576 independent combinations of seven tree species and seven two-species plots that could be used to generate bipartite networks. Bipartite networks were generated based on tree-fungal co-occurrence (Figure 1c) for each of the possible co-occurrence thresholds. That is to say, networks were generated based on the observation of tree-fungus co-occurrence in one, two, three, four or five of the five soil samples collected for each tree species at each diversity level. We only considered presence-absence data. Network topological characteristics (Figure 1d) were calculated at the network and fungal OTU levels using the networklevel and grouplevel functions of the bipartite package, respectively. For each tree diversity level, we calculated the fungal richness, Shannon diversity, and the following network characteristics: number of fungal OTUs, nestedness (NODF), network connectance, fungal generality, mean number of shared fungal partners, and fungal C score. The Kruskal-Wallis test was used to assess the statistical significance of differences in network characteristics between tree diversity levels based on the 576 data points generated by the subsampling approach. The Kruskal-Wallis test for multiple comparisons (as implemented in the pigrmess package [72]) was used as a post hoc test to perform pairwise group comparisons between the three tree diversity levels.



According to Almeida-Neto, et al. [73] the nestedness metric Nestedness metric based on Overlap and Decreasing Fill (NODF) is more robust than the nested temperature metric; higher NODF values indicate greater nestedness. NODF values of our data were statistically compared them to NODF values generated using a simulated null model. The null model was created by shuffling the OTU abundance data before it was divided into subsets corresponding to different tree diversity levels. The column and row sums of the data were kept constant during shuffling. We then used the nullmodel function of the vegan package with the “r2dtable” method to create the null models.




2.7. Specialization Analysis


To complement the bipartite network analysis, we assessed the degree of fungal specialization across the tree diversity levels and among the fungal functional groups. The specialization of each fungal OTU for each tree species was assessed by computing the φ (phi) specialization coefficient based on presence/absence data using Equation (1) [42]:


φ = ± √(X2/N) = (a × d−b × c)/√((a + b) × (c + d) × (a + c) × (b + d))



(1)




where X2 is the chi-square statistic for a 2 × 2 contingency table with N being the total number of observations, a the number of occurrences of a fungal OTU in a plot containing a particular tree species, b the number of occurrences in plots without that species, c the number of times the fungal OTU is absent in plots containing that species, and d the number of times the fungal OTU is absent in all other plots. The phi coefficient ranges from −1 to 1; the extrema of this range indicate a fungal OTU that always avoids the tree species in question and one that is only found in association with that tree species, respectively.



We determined the median phi coefficient for each of the 576 subsampling combinations (see Section 2.7), generating seven plots for each of the three tree diversity levels. The median value of the tree-specific positive phi coefficients of the present OTUs was then calculated for each subsampling combination. Boxplots were used to visualize the median phi coefficients of the subsampling combinations for each tree diversity level. We also determined whether the phi coefficient differed between fungal functional groups and analyzed the differences in the calculated positive phi values. The Kruskal-Wallis test and the Kruskal-Wallis test for multiple comparisons with the Bonferroni correction were used to assess the statistical significance of observed differences, as the subsampling approach did not commonly yield normally distributed results. For each fungal OTU, we calculated the maximum phi coefficient across all tree species and identified the 200 fungal OTUs with the highest maximum phi coefficients. The phi coefficients of these fungal OTUs were visualized in a heatmap and clustered using Euclidean distance-based hierarchical clustering dendrograms. The R packages used for this purpose were gplots [66], colorspace [74], and dendextend [75]. We also determined the taxonomic identities of the 20 fungal OTUs with the highest positive phi coefficients. To complement the specialization pattern analysis, we also assessed the taxonomic identity of the most frequent fungal species in all the subsampling combinations. We defined a fungal OTU as being frequent if it occurred in all seven plots of at least one subsampling combination. All fungal OTUs showing this high occurrence pattern at all three diversity levels in at least one subsampling combination were identified taxonomically. In addition, we identified all of the fungal OTUs that were only frequent at one diversity level (which we termed “unique frequent fungal OTUs”) and investigated their occurrence patterns at the diversity levels in which they were not frequent.





3. Results


Taxonomic assignments of fungal OTUs, the assignments of OTUs to functional groups, and the effects of environmental, spatial, and biotic factors on fungal community composition and diversity were reported by Weißbecker, Wubet, Lentendu, Kühn, Scholten, Bruelheide and Buscot [11]. Briefly, pyrosequencing generated 1,155,299 raw sequences (737,907 sequences after quality filtering and removal of OTUs with less than four reads) from the 394 collected soil samples. Among the major fungal functional groups, saprotrophic fungi dominated, accounting for 31% of the detected OTUs. Less common functional groups were EcM fungi (7% of all OTUs), AM fungi (5%), and plant pathogens (5%); 46% of the fungal OTUs could not be assigned to a functional group. The final dataset for the following analyses (rarefied to a uniform number of 700 sequences per sample and pruned to exclude OTUs not containing at least 10 sequence reads) comprised 248,026 sequences that were clustered into 1926 fungal OTUs. The analysis was based on three data subsets representing: (i) tree monoculture plots (ii) two tree species mixture plots, and (iii) high tree diversity plots (i.e., plots with 4, 8, or 16 tree species). Rarefaction curves for these data subsets are shown in Figure S3.



3.1. Tree-Fungal Bipartite Network Analysis with a Subsampling Approach


The network analysis was based on a subsampling approach (see Method Section 2.7 and Figure 1), which was used to generate all the results presented below. The topological characteristics of the tree-fungal bipartite network were calculated at the network and group levels for all possible tree-fungal co-occurrence link thresholds (Table S1). Although the specific values of the network parameters depended on the choice of link threshold, the general trends between tree diversity levels were robust (Figure 2). Increasing the link threshold generally reduced the number of fungal OTUs retained in the bipartite networks (Figure 2a) from about 1000 fungal OTUs for a threshold of 1/5 to about 50 OTUs for a threshold of 5/5. Table 1 presents the full set of results obtained using a link threshold of 3/5 (meaning that the bipartite network only included a link between an OTU and a tree species if at least three of the five samples collected for that tree species showed the presence of that fungal OTU). The fungal richness, fungal Shannon diversity, and fungal C score for the monocultures and the two tree species mixtures did not differ significantly but were significantly lower than those for the high tree diversity mixtures (Table 1, Figure S4). At the network level, we analyzed nestedness, network modularity, and network connectance. Tree-fungal networks were less nested (i.e., had lower NODF values) than the null model (Table 2). The two tree species diversity level had the lowest network modularity value and the highest network connectance and fungal generality. All calculated networks consisted of a single module.




3.2. Fungal Specialization Patterns as Evaluated using the Phi Coefficient


The specialization of the fungal community at the three tree diversity levels was assessed by computing the median phi coefficients for the 576 subsampling combinations. Specialization was lowest in the two tree species mixtures plots and highest in the tree monocultures (Figure 3). The EcM fungi exhibited a greater degree of specialization than the other fungal functional groups (Figure 4; a table showing the phi coefficients of all the fungal OTUs is available at the zenodo archive); the degrees of specialization of the other groups (saprotrophs, plant pathogens, and AM fungi) did not differ significantly. Additionally, the degree of specialization of saprotrophic fungi in plots with AM tree species was significantly higher than in those with EcM tree species (data not shown). We visualized the distributions of the 200 most specialized fungal OTUs in a heatmap covering all the studied tree species (Figure 5), indicating different numbers of specialized OTUs per tree species. Taxonomic identifications of the 20 most highly specialized fungal OTUs are presented in Table S2; eight of these OTUs were EcM fungi, four were saprotrophs, one was an orchid mycorrhizal OTU, and seven belonged to unknown fungal functional groups. Fifteen fungal OTUs were identified as frequent fungal species at all three tree diversity levels (Table S3). Most (nine) of these frequent fungal OTUs were saprotrophs (nine OTUs), but two were plant pathogens and one arbuscular mycorrhizal fungal OTU was also identified.



All fungal taxa that were frequent at only one tree diversity level also occurred at the other tree diversity levels at lower frequencies (see histograms indicating frequency of observation in 1–7 trees in the subsampling approach in Figure S5).





4. Discussion


In this study, we analyzed the relationship between tree diversity, tree-fungal bipartite network structure, and fungal specialization in young subtropical forest plantations. Weißbecker et al. [11] previously found that local tree species richness had no effect on soil fungal OTU richness. Here, using a network analysis approach that combines tree diversity levels, we found that plots with high tree species diversity (i.e., plots containing four to 16 different tree species) exhibited increased fungal diversity. We also observed differences in the network structure of fungal-tree bipartite networks and differences in the degree of fungal specialization between tree diversity levels.



4.1. Increased Fungal Alpha Diversity in Plots with High Tree Species Diversity


The fungal alpha diversity (richness and Shannon diversity) was significantly greater for the high diversity tree species mixtures than for tree monocultures and two tree species mixtures. Tree species richness enhances forest productivity [76,77,78] and can thus yield higher productivity compared to monocultures (overyielding). Therefore, in addition to providing a greater variety of distinct niches, increasing tree species diversity could increase the quantity of resources (e.g., rhizodeposits, litter input, and fine root turnover) available to fungi, thereby increasing the fungal diversity that can be sustained. A more diverse fungal community might also enhance tree productivity; the two effects could thus be complementary. Accordingly, in a separate study conducted at the site considered here, Fichtner, et al. [79] found that local neighborhood tree species richness increased tree community productivity due to facilitation and competitive reduction. Our previous study [11] revealed no comparable positive effects of tree species diversity on fungal richness. However, that study was conducted at the local neighborhood scale, with tree species diversity values ranging from one to eight because only one focal sampling tree and its eight nearest neighbors were considered. In this work, we instead focused on abundant fungal OTUs (i.e., those represented by at least 10 sequence reads) and binned data representing five diversity levels into three wider diversity categories, increasing the statistical power of our analysis. This resulted in the detection of a positive effect of tree species richness on the abundance of fungal taxa.




4.2. The Connectance and Fungal Generality of Tree-Fungal Bipartite Networks are Highest at the Two Tree Species Diversity Level


Next to the relationship between fungal and tree species diversity, we investigated tree species –fungal OTU co-occurrence patterns. The computed network characteristics revealed significant differences between the low tree diversity plots (monocultures and two tree species mixtures) and those with high tree diversity (four, eight or 16 tree species, see Table 1). Independently of the chosen link threshold, none of the network characteristics of the tree-fungal bipartite networks differed significantly between the monocultures and the two tree species mixtures. However, contradicting our hypotheses that network connectance and generality would increase and modularity and C scores would decrease with tree diversity, we found that the high tree diversity plots had: (i) lower median connectance and fungal generality values than the monoculture and two tree species mixture plots as well as (ii) higher modularity values and fungal C scores.



Our hypothesis that fungal specialization would decrease with tree diversity was supported by the finding that monoculture plots had the highest degree of fungal specialization, which suggests that fungal specialists outcompete generalists in the relatively homogeneous environments created when only one tree species is present. The two tree species networks had higher network connectance and a lower degree of fungal specialization than those for monocultures. These observations also support our hypothesis that generalist fungi can cope adequately with the more heterogeneous environments created by the presence of two tree species, and outcompete specialist fungi that only perform well in one of the two niches created by the two tree species. However, our initial hypothesis was not supported by the finding that high tree diversity mixtures had a greater degree of specialization and lower network connectance than the two tree species mixtures. Planting several tree species together presumably creates more environmental niches than are present in monocultures due to both species diversity and interaction effects/processes. Additionally, highly diverse tree species mixtures may offer habitats suitable for fungi specialized in connecting different tree species, i.e., those fungi that need resources from different trees to which they are connected.



Frequent species are believed to provide crucial network structure support and resilience [80] because they are not limited by resource or partner availability [81]. Therefore, a high number of frequent species is sometimes taken as an indicator of ecosystem stability. On the other hand, specialist species broaden functionality and resource use. Since silvicultural practice affects tree diversity [82] and the associate fungal communities in terms of diversity and homogenecity [83], of the three tree species diversity levels considered in this work, the high diversity level may be ecologically preferable in terms of fungal richness and the number of specialist and frequent taxa for three reasons. First, it has the highest number of fungal species. Second, these fungal species include more specialized fungal taxa than are present in plots with less diverse tree species mixtures, meaning that the fungal community’s resource usage is broader. Third, the frequent species found at the lower tree diversity levels are also present at the high diversity level, albeit at reduced frequencies. In the event of tree diversity loss from the high tree diversity plots (which could cause the loss of some specialized fungi), these fungal species may increase in abundance and become frequent, taking over ecological processes such as decomposition, tree protection, and tree nutrition.



EcM fungal OTUs exhibited a significantly higher degree of specialization than the other fungal functional groups (saprotrophic fungi, AM fungi, and plant pathogens). Moreover, unlike other fungal functional groups, EcM fungal communities reportedly exhibit significant host effects [11]. In general, evolutionary history suggests that EcM fungi are more highly specialized than AM fungi [84]. The number of plant host species and EcM fungal species is similar (about 6000 species) [1,85,86,87], while AM plants comprise around 80% of all plant species [1,88] but only around 300 AM fungal morphospecies have been described [89]. Nevertheless, some degree of host preference has been reported for AM fungi [90,91,92]. Bennett, et al. [33] found a higher degree of specialization in tree-AM fungal networks of old forests (>130 years) than in young forests (25 years), and proposed that specialization in AM fungi will become more pronounced as a forest develops after clear-cutting. These authors also suggested that post-disturbance (clear-cutting) associations might reflect the local availability of fungal taxa rather than the intrinsic host preferences of AM fungi.




4.3. Comparison with Other Bipartite Network Studies


In general, our tree-fungal bipartite networks exhibited low to moderate network connectance (0.20–0.27), high modularity (0.41–0.58), and non-nested structures. For comparative purposes, the network characteristics determined in other plant-soil fungal studies are presented in Table 3. Network metrics depend strongly on the number of nodes included, and care must be taken when comparing network metrics from different studies. For example Fodor [44] found a high network connectance in mature forests (55–100 years old) and concluded that mycorrhizal fungi (which were predominantly generalists) acted as connector organisms linking the tree species. This pattern did not exist in our young forests (which were sampled in the third growing season after planting) even though many EcM tree species and tree individuals were present. The fungal communities at our sampling site were characterized by limited dispersal and a high beta-diversity across and within plots [11]. This indicates that mycorrhizal networks had not yet been established at the plot scale; the fungal communities (especially those of EcM fungi) differed strongly between samples within the same plot [11]. Whereas the tree-EcM networks analyzed by Fodor [44] showed a nested pattern, Bahram, et al. [93] found tree-EcM networks to be non-nested. While some studies suggest that mutualistic networks have inherently nested structures [94], nestedness patterns in soil fungal communities span the full spectrum of possible structures, ranging from nested [25,44,94] to non-nested [95] and even anti-nested [34] (Table 2). Nestedness is a core network metric because it has been suggested to be related to network persistence [96].



In contrast to previous bipartite network studies, all our networks consisted of a single module with high modularity, “indicating the possible presence of community structure” [97]. A modular structure indicates that groups of nodes perform different functions with some independency from one-another [46]. For example, Toju et al. [95] found eight interconnected modules with differing fungal functional group compositions. The high modularity [98] of our networks (>0.4) may indicate the presence of different fungal functional groups that assemble in different ways relative to the tree community [11]. The computational method used in this work only divides networks into multiple modules if the number of edges between communities is lower than expected [97], which was not the case for our networks. The low number of modules per network (one) may be another indicator of the early developmental state of our networks, indicating that they have yet to form densely interconnected modules.





5. Conclusions


In accordance with our hypothesis, tree monocultures had the highest frequencies of specialist fungi. However, the degree of fungal specialization and network segregation were higher in plots with high tree diversity than in those with only two tree species. There is ongoing and global interest in clarifying the impact of tree diversity on sustainable forest plantations [99,100]. Plots with high tree diversity (i.e., those with four to 16 different tree species) supported the greatest number of fungal species, which is assumed to be beneficial for ecosystem service provision because greater fungal diversity enables more effective resource exploitation and confers greater resilience due to functional redundancy.







Data availability


Relevant materials and protocols will be made available upon request. Datasets of the raw sequences generated for this study can be found in the European Nucleotide Archive (https://www.ebi.ac.uk/ena/data/view/PRJEB12020) [101]. The bioinformatically processed sequence dataset and metadata can be found in the Zenodo repository (https://zenodo.org/record/1215505) [102]. The R scripts generated for the statistical analyses and the table with the fungal OTU phi coefficients are available in a Zenodo repository (https://zenodo.org/record/3533732) [103].





Supplementary Materials


The following are available online at https://www.mdpi.com/2076-2607/7/11/547/s1, Figure S1: Conceptual visualizations of the analysed network characteristics, Figure S2: Broken-stick-design of the experimental forest plots, Figure S3: Rarefaction curves, Figure S4: Fungal richness, Figure S5: Occurrence patterns of unique frequent fungal OTUs. Table S1: Network characteristics for tree-fungal bipartite analysis based on co-occurrence, Table S2: Top 20 specialist fungal OTUs based on maximum phi coefficient values, Table S3: Frequent fungal OTUs at all three tree diversity levels.





Author Contributions


Conceptualization, C.W., T.W., F.B. and H.B.; formal analysis, C.W., A.H.-B., T.W. and H.B.; investigation, C.W.; data curation, C.W.; writing—original draft preparation, C.W.; writing—review and editing, C.W., A.H.-B., F.B., H.B. and T.W.




Funding


This research was funded by the German Research Foundation (DFG) within the framework of the Research Unit FOR 891 “BEF-China” (grant numbers BU 941/12-2 and BR1698/10-2), “GFBio II” (grant number BU 941/23-2) and the Helmholtz Impulse and Networking Fund through the Helmholtz Interdisciplinary Graduate School for Environmental Research (HIGRADE) [104]. Anna Heintz-Buschart was funded by the German Centre for Integrative Biodiversity Research (iDiv) Halle-Jena-Leipzig of the German Research Foundation (FZT 118).




Acknowledgments


We thank the administrators of the UFZ/iDiv HPC for excellent support.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Blackwell, M. The fungi: 1, 2, 3… 5.1 million species? Am. J. Bot. 2011, 98, 426–438. [Google Scholar] [CrossRef]

	



Peay, K.G.; Kennedy, P.G.; Talbot, J.M. Dimensions of biodiversity in the earth mycobiome. Nat. Rev. Microbiol. 2016, 14, 434–447. [Google Scholar] [CrossRef] [PubMed]

	



Garbeva, P.; van Veen, J.A.; van Elsas, J.D. Microbial diversity in soil: Selection microbial populations by plant and soil type and implications for disease suppressiveness. Annu. Rev. Phytopathol. 2004, 42, 243–270. [Google Scholar] [CrossRef] [PubMed]

	



Van der Heijden, M.G.A.; Bardgett, R.D.; van Straalen, N.M. The unseen majority: Soil microbes as drivers of plant diversity and productivity in terrestrial ecosystems. Ecol. Lett. 2008, 11, 296–310. [Google Scholar] [CrossRef] [PubMed]

	



Herold, N.; Schöning, I.; Gutknecht, J.; Alt, F.; Boch, S.; Müller, J.; Oelmann, Y.; Socher, S.A.; Wilcke, W.; Wubet, T.; et al. Soil property and management effects on grassland microbial communities across a latitudinal gradient in germany. Appl. Soil Ecol. 2014, 73, 41–50. [Google Scholar] [CrossRef]

	



Lauber, C.L.; Strickland, M.S.; Bradford, M.A.; Fierer, N. The influence of soil properties on the structure of bacterial and fungal communities across land-use types. Soil Biol. Biochem. 2008, 40, 2407–2415. [Google Scholar] [CrossRef]

	



Schappe, T.; Albornoz, F.E.; Turner, B.L.; Neat, A.; Condit, R.; Jones, F.A. The role of soil chemistry and plant neighbourhoods in structuring fungal communities in three panamanian rainforests. J. Ecol. 2017, 105, 569–579. [Google Scholar] [CrossRef]

	



Tedersoo, L.; Bahram, M.; Põlme, S.; Kõljalg, U.; Yorou, N.S.; Wijesundera, R.; Villarreal Ruiz, L.; Vasco-Palacios, A.M.; Thu, P.Q.; Suija, A.; et al. Fungal biogeography. Global diversity and geography of soil fungi. Science 2014, 346, 1256688. [Google Scholar] [CrossRef]

	



Saitta, A.; Anslan, S.; Bahram, M.; Brocca, L.; Tedersoo, L. Tree species identity and diversity drive fungal richness and community composition along an elevational gradient in a mediterranean ecosystem. Mycorrhiza 2018, 28, 39–47. [Google Scholar] [CrossRef]

	



Urbanova, M.; Snajdr, J.; Baldrian, P. Composition of fungal and bacterial communities in forest litter and soil is largely determined by dominant trees. Soil Biol. Biochem. 2015, 84, 53–64. [Google Scholar] [CrossRef]

	



Weißbecker, C.; Wubet, T.; Lentendu, G.; Kühn, P.; Scholten, T.; Bruelheide, H.; Buscot, F. Experimental evidence of functional group-dependent effects of tree diversity on soil fungi in subtropical forests. Front. Microbiol. 2018, 9. [Google Scholar] [CrossRef] [PubMed]

	



Russell, A.E.; Raich, J.W.; Valverde-Barrantes, O.J.; Fisher, R.F. Tree species effects on soil properties in experimental plantations in tropical moist forest. Soil Sci. Soc. Am. J. 2007, 71, 1389–1397. [Google Scholar] [CrossRef]

	



Menyailo, O.V.; Hungate, B.A.; Zech, W. Tree species mediated soil chemical changes in a siberian artificial afforestation experiment: Tree species and soil chemistry. Plant Soil 2002, 242, 171–182. [Google Scholar] [CrossRef]

	



Reich, P.B.; Oleksyn, J.; Modrzynski, J.; Mrozinski, P.; Hobbie, S.E.; Eissenstat, D.M.; Chorover, J.; Chadwick, O.A.; Hale, C.M.; Tjoelker, M.G. Linking litter calcium, earthworms and soil properties: A common garden test with 14 tree species. Ecol. Lett. 2005, 8, 811–818. [Google Scholar] [CrossRef]

	



Augusto, L.; Ranger, J.; Binkley, D.; Rothe, A. Impact of several common tree species of european temperate forests on soil fertility. Ann. For. Sci. 2002, 59, 233–253. [Google Scholar] [CrossRef]

	



Aussenac, G. Interactions between forest stands and microclimate: Ecophysiological aspects and consequences for silviculture. Ann. For. Sci. 2000, 57, 287–301. [Google Scholar] [CrossRef]

	



Sapijanskas, J.; Paquette, A.; Potvin, C.; Kunert, N.; Loreau, M. Tropical tree diversity enhances light capture through crown plasticity and spatial and temporal niche differences. Ecology 2014, 95, 2479–2492. [Google Scholar] [CrossRef]

	



Williams, L.J.; Paquette, A.; Cavender-Bares, J.; Messier, C.; Reich, P.B. Spatial complementarity in tree crowns explains overyielding in species mixtures. Nat. Ecol. Evol. 2017, 1. [Google Scholar] [CrossRef]

	



Sun, Z.; Liu, X.J.; Schmid, B.; Bruelheide, H.; Bu, W.S.; Ma, K.P. Positive effects of tree species richness on fine-root production in a subtropical forest in se-china. J. Plant Ecol. 2017, 10, 146–157. [Google Scholar] [CrossRef]

	



Brassard, B.W.; Chen, H.Y.H.; Cavard, X.; Laganiere, J.; Reich, P.B.; Bergeron, Y.; Pare, D.; Yuan, Z.Y. Tree species diversity increases fine root productivity through increased soil volume filling. J. Ecol. 2013, 101, 210–219. [Google Scholar] [CrossRef]

	



Dimitrakopoulos, P.G.; Schmid, B. Biodiversity effects increase linearly with biotope space. Ecol. Lett. 2004, 7, 574–583. [Google Scholar] [CrossRef]

	



Peers, M.J.L.; Thornton, D.H.; Murray, D.L. Reconsidering the specialist-generalist paradigm in niche breadth dynamics: Resource gradient selection by canada lynx and bobcat. PLoS ONE 2012, 7, e51488. [Google Scholar] [CrossRef] [PubMed]

	



Burkle, L.A.; Marlin, J.C.; Knight, T.M. Plant-Pollinator Interactions over 120 Years: Loss of Species, Co-Occurrence, and Function. Science 2013, 339, 1611–1615. [Google Scholar] [CrossRef] [PubMed]

	



Allesina, S.; Pascual, M. Network structure, predator-prey modules, and stability in large food webs. Theor. Ecol. 2008, 1, 55–64. [Google Scholar] [CrossRef]

	



Montesinos-Navarro, A.; Segarra-Moragues, J.G.; Valiente-Banuet, A.; Verdu, M. The network structure of plant-arbuscular mycorrhizal fungi. New Phytol. 2012, 194, 536–547. [Google Scholar] [CrossRef]

	



Chagnon, P.L.; Bradley, R.L.; Klironomos, J.N. Using ecological network theory to evaluate the causes and consequences of arbuscular mycorrhizal community structure. New Phytol. 2012, 194, 307–312. [Google Scholar] [CrossRef]

	



Tylianakis, J.M.; Martinez-Garcia, L.B.; Richardson, S.J.; Peltzer, D.A.; Dickie, I.A. Symmetric assembly and disassembly processes in an ecological network. Ecol. Lett. 2018, 21, 896–904. [Google Scholar] [CrossRef]

	



Hacquard, S. Disentangling the factors shaping microbiota composition across the plant holobiont. New Phytol. 2016, 209, 454–457. [Google Scholar] [CrossRef]

	



Derocles, S.A.P.; Bohan, D.A.; Dumbrell, A.J.; Kitson, J.J.N.; Massol, F.; Pauvert, C.; Plantegenest, M.; Vacher, C.; Evans, D.M. Chapter one—Biomonitoring for the 21st century: Integrating next-generation sequencing into ecological network analysis. In Advances in Ecological Research; Bohan, D.A., Dumbrell, A.J., Woodward, G., Jackson, M., Eds.; Academic Press: Cambridge, MA, USA, 2018; Volume 58, pp. 1–62. [Google Scholar]

	



Bennett, A.E.; Evans, D.M.; Powell, J.R. Potentials and pitfalls in the analysis of bipartite networks to understand plant-microbe interactions in changing environments. Funct. Ecol. 2019, 33, 107–117. [Google Scholar] [CrossRef]

	



Tylianakis, J.M.; Tscharntke, T.; Lewis, O.T. Habitat modification alters the structure of tropical host–parasitoid food webs. Nature 2007, 445, 202–205. [Google Scholar] [CrossRef]

	



Poudel, R.; Meyer, L.; Jumpponen, A.; Kennelly, M.M.; Rivard, C.L.; Schlatter, D.C.; Paulitz, T.C.; Gardener, B.M.; Kinkel, L.L.; Garrett, K.A. Microbiome networks: A systems framework for identifying candidate microbial assemblages for disease management in the era of genomics and phytobiomes. Phytopathology 2017, 107, 154. [Google Scholar]

	



Bennett, A.E.; Daniell, T.J.; Oepik, M.; Davison, J.; Moora, M.; Zobel, M.; Selosse, M.-A.; Evans, D. Arbuscular mycorrhizal fungal networks vary throughout the growing season and between successional stages. PLoS ONE 2013, 8. [Google Scholar] [CrossRef] [PubMed]

	



Toju, H.; Sato, H.; Yamamoto, S.; Tanabe, A.S. Structural diversity across arbuscular mycorrhizal, ectomycorrhizal, and endophytic plant-fungus networks. BMC Plant Biol. 2018, 18. [Google Scholar] [CrossRef] [PubMed]

	



Polme, S.; Bahram, M.; Jacquemyn, H.; Kennedy, P.; Kohout, P.; Moora, M.; Oja, J.; Opik, M.; Pecoraro, L.; Tedersoo, L. Host preference and network properties in biotrophic plant-fungal associations. New Phytol. 2018, 217, 1230–1239. [Google Scholar] [CrossRef] [PubMed]

	



Staab, M.; Blüthgen, N.; Klein, A.-M. Tree diversity alters the structure of a tri-trophic network in a biodiversity experiment. Oikos 2015, 124, 827–834. [Google Scholar] [CrossRef]

	



Zhang, J.Y.; Bruelheide, H.; Chen, X.F.; Eichenberg, D.; Krober, W.; Xu, W.X.; Xu, L.T.; Schuldt, A. Tree diversity promotes generalist herbivore community patterns in a young subtropical forest experiment. Oecologia 2017, 183, 455–467. [Google Scholar] [CrossRef] [PubMed]

	



Cao, H.-X.; Klein, A.-M.; Zhu, C.; Staab, M.; Durka, W.; Fischer, M.; Fornoff, F. Intra- and interspecific tree diversity promotes multitrophic plant–hemiptera–ant interactions in a forest diversity experiment. Basic Appl. Ecol. 2018, 29, 89–97. [Google Scholar] [CrossRef]

	



Fornoff, F.; Klein, A.-M.; Blüthgen, N.; Staab, M. Tree diversity increases robustness of multi-trophic interactions. Proc. Biol. Sci. 2019, 286, 20182399. [Google Scholar] [CrossRef]

	



Bruelheide, H.; Nadrowski, K.; Assmann, T.; Bauhus, J.; Both, S.; Buscot, F.; Chen, X.Y.; Ding, B.Y.; Durka, W.; Erfmeier, A.; et al. Designing forest biodiversity experiments: General considerations illustrated by a new large experiment in subtropical china. Methods Ecol. Evol. 2014, 5, 74–89. [Google Scholar] [CrossRef]

	



Bruelheide, H. The Role of Tree and Shrub Diversity for Production, Erosion Control, Element Cycling, and Species Conservation in Chinese Subtropical Forest Ecosystems; Proposal for the 2nd of the DFG Research Unit 891 phase (2011–2014) (DFG Forschergruppe 891); Institute of Biology/Geobotany and Botanical Garden Martin Luther University Halle-Wittenberg: Halle, Germany, 2010; pp. 1–578. [Google Scholar]

	



Chytrý, M.; Tichý, L.; Holt, J.; Botta-Dukát, Z. Determination of diagnostic species with statistical fidelity measures. J. Veg. Sci. 2002, 13, 79–90. [Google Scholar] [CrossRef]

	



Stone, L.; Roberts, A. The checkerboard score and species distributions. Oecologia 1990, 85, 74–79. [Google Scholar] [CrossRef]

	



Fodor, E. Linking biodiversity to mutualistic networks-woody species and ectomycorrhizal fungi. Ann. For. Res. 2013, 56, 53–78. [Google Scholar]

	



Guimarães, P.R.; Rico-Gray, V.; Oliveira, P.S.; Izzo, T.J.; dos Reis, S.F.; Thompson, J.N. Interaction intimacy affects structure and coevolutionary dynamics in mutualistic networks. Curr. Biol. 2007, 17, 1797–1803. [Google Scholar]

	



Guimerà, R.; Nunes Amaral, L.A. Functional cartography of complex metabolic networks. Nature 2005, 433, 895. [Google Scholar] [CrossRef] [PubMed]

	



Li, Y.; Härdtle, W.; Bruelheide, H.; Nadrowski, K.; Scholten, T.; von Wehrden, H.; von Oheimb, G. Site and neighborhood effects on growth of tree saplings in subtropical plantations (china). For. Ecol. Manag. 2014, 327, 118–127. [Google Scholar] [CrossRef]

	



Weißbecker, C.; Buscot, F.; Wubet, T. Preservation of nucleic acids by freeze-drying for next generation sequencing analyses of soil microbial communities. J. Plant Ecol. 2017, 10, 81–90. [Google Scholar] [CrossRef]

	



Gardes, M.; Bruns, T.D. ITS primers with enhanced specificity for basidiomycetes-application to the identification of mycorrhizae and rusts. Mol. Ecol. 1993, 2, 113–118. [Google Scholar] [CrossRef]

	



White, T.J.; Bruns, T.; Lee, S.; Taylor, J. Amplification and direct sequencing of fungal ribosomal RNA genes for phylogenetics. In PCR Protocols a Guide to Methods and Applications; Innis, M.A., Gelfand, D.H., Sninsky, J.J., White, T.J., Eds.; Academic Press: London, UK, 1990; pp. 315–322. [Google Scholar]

	



Schloss, P.D.; Westcott, S.L.; Ryabin, T.; Hall, J.R.; Hartmann, M.; Hollister, E.B.; Lesniewski, R.A.; Oakley, B.B.; Parks, D.H.; Robinson, C.J.; et al. Introducing mothur: Open-source, platform-independent, community-supported software for describing and comparing microbial communities. Appl. Environ. Microb. 2009, 75, 7537–7541. [Google Scholar] [CrossRef]

	



Boyer, F.; Mercier, C.; Bonin, A.; Le Bras, Y.; Taberlet, P.; Coissac, E. Obitools: A unix-inspired software package for DNA metabarcoding. Mol. Ecol. Resour. 2016, 16, 176–182. [Google Scholar] [CrossRef]

	



Gaspar, J.M.; Thomas, W.K. Flowclus: Efficiently filtering and denoising pyrosequenced amplicons. Bioinformatics 2015, 16, 105. [Google Scholar] [CrossRef]

	



Edgar, R.C.; Haas, B.J.; Clemente, J.C.; Quince, C.; Knight, R. Uchime improves sensitivity and speed of chimera detection. Bioinformatics 2011, 27, 2194–2200. [Google Scholar] [CrossRef] [PubMed]

	



Rognes, T.; Flouri, T.; Nichols, B.; Quince, C.; Mahé, F. Vsearch: A versatile open source tool for metagenomics. PeerJ 2016, 4, e2584. [Google Scholar] [CrossRef] [PubMed]

	



Kõljalg, U.; Nilsson, R.H.; Abarenkov, K.; Tedersoo, L.; Taylor, A.F.S.; Bahram, M.; Bates, S.T.; Bruns, T.D.; Bengtsson-Palme, J.; Callaghan, T.M.; et al. Towards a unified paradigm for sequence-based identification of fungi. Mol. Ecol. 2013, 22, 5271–5277. [Google Scholar] [CrossRef] [PubMed]

	



Nguyen, N.H.; Song, Z.W.; Bates, S.T.; Branco, S.; Tedersoo, L.; Menke, J.; Schilling, J.S.; Kennedy, P.G. Funguild: An open annotation tool for parsing fungal community datasets by ecological guild. Fungal Ecol. 2016, 20, 241–248. [Google Scholar] [CrossRef]

	



R-Core-Team. R: A Language and Environment for Statistical Computing, R Foundation for Statistical Computing. Available online: https://www.R-project.org/ (accessed on 2 January 2019).

	



McMurdie, P.J.; Holmes, S. Phyloseq: An R package for reproducible interactive analysis and graphics of microbiome census data. PLoS ONE 2013, 8, e61217. [Google Scholar] [CrossRef] [PubMed]

	



Brown, S.P.; Veach, A.M.; Rigdon-Huss, A.R.; Grond, K.; Lickteig, S.K.; Lothamer, K.; Oliver, A.K.; Jumpponen, A. Scraping the bottom of the barrel: Are rare high throughput sequences artifacts? Fungal Ecol. 2015, 13, 221–225. [Google Scholar] [CrossRef]

	



Morgan, M. Biocmanager: Access the Bioconductor Project Package Repository. R package version 1.30.4. 2018. Available online: https://rdrr.io/cran/BiocManager/f/vignettes/BiocManager.Rmd (accessed on 2 January 2019).

	



McMurdie, P.J.; Paulson, J.N. Biomformat: An Interface Package for the Biom File Format. R/bioconductor package version 1.0.0. 2015. Available online: https://bioconductor.org/packages/devel/bioc/vignettes/biomformat/inst/doc/biomformat.html (accessed on 2 January 2019).

	



Wickham, H.; François, R.; Henry, L.; Müller, K. Dplyr: A Grammar of Data Manipulation. R package version 0.8.0.1. 2019. Available online: https://github.com/tidyverse/dplyr (accessed on 15 February 2019).

	



Dowle, M.; Srinivasan, A. Data.Table: Extension of “data.Frame”. R package version 1.12.0. 2019. Available online: https://cran.r-project.org/web/packages/data.table/index.html (accessed on 15 January 2019).

	



Chang, W. Extrafont: Tools for Using Fonts. R package version 0.17. 2014. Available online: https://cran.r-project.org/web/packages/extrafont/index.html (accessed on 1 January 2019).

	



Warnes, G.R.; Bolker, B.; Gorjanc, G.; Grothendieck, G.; Korosec, A.; Lumley, T.; MacQueen, D.; Magnusson, A.; Rogers, J. Gdata: Various R Programming Tools for Data Manipulation. R package version 2.18.0. 2017. Available online: https://cran.r-project.org/web/packages/gdata/index.html (accessed on 2 January 2019).

	



Wickham, H. Ggplot2: Elegant Graphics for Data Analysis; Springer: New York, NY, USA, 2009. [Google Scholar]

	



Wickham, H. The split-apply-combine strategy for data analysis. J. Stat. Softw. 2011, 40, 1–29. [Google Scholar] [CrossRef]

	



Gerds, T.A. Prodlim: Product-limit Estimation for Censored Event History Analysis. R package version 2018.04.18. 2018. Available online: https://cran.r-project.org/web/packages/prodlim/index.html (accessed on 2 January 2019).

	



Oksanen, J.; Blanchet, F.G.; Kindt, R.; Legendre, P.; Minchin, P.R.; O’Hara, R.B.; Simpson, G.L.; Solymos, P.; Henry, M.; Stevens, H.; et al. Vegan: Community Ecology Package. R software package. 2013. Available online: https://cran.r-project.org/web/packages/vegan/index.html (accessed on 2 January 2019).

	



Dormann, C.F.; Gruber, B.; Fruend, J. Introducing the bipartite package: Analysing ecological networks. R News 2008, 8, 8–11. [Google Scholar]

	



Giraudoux, P. Pgirmess: Spatial analysis and data mining for field ecologists, R package version 1.6.9. 2018. Available online: https://cran.r-project.org/web/packages/pgirmess/index.html (accessed on 2 January 2019).

	



Almeida-Neto, M.; Guimarães, P.; Guimarães, P.R., Jr.; Loyola, R.D.; Ulrich, W. A consistent metric for nestedness analysis in ecological systems: Reconciling concept and measurement. Oikos 2008, 117, 1227–1239. [Google Scholar] [CrossRef]

	



Ihaka, R.; Murrell, P.; Hornik, K.; Fisher, J.C.; Stauffer, R.; Wilke, C.O.; McWhite, C.D.; Zeileis, A. Colorspace: A toolbox for manipulating and assessing colors and palettes. R package version 1.4-0. 2019. [Google Scholar]

	



Galili, T. Dendextend: An R package for visualizing, adjusting and comparing trees of hierarchical clustering. Bioinformatics 2015, 31, 3718–3720. [Google Scholar] [CrossRef]

	



Paquette, A.; Messier, C. The effect of biodiversity on tree productivity: From temperate to boreal forests. Glob. Ecol. Biogeogr. 2011, 20, 170–180. [Google Scholar] [CrossRef]

	



Zhang, Y.; Chen, H.Y.H.; Reich, P.B. Forest productivity increases with evenness, species richness and trait variation: A global meta-analysis. J. Ecol. 2012, 100, 742–749. [Google Scholar] [CrossRef]

	



Forrester, D.I.; Bauhus, J. A review of processes behind diversity-productivity relationships in forests. Curr. For. Rep. 2016, 2, 45–61. [Google Scholar] [CrossRef]

	



Fichtner, A.; Härdtle, W.; Bruelheide, H.; Kunz, M.; Li, Y.; von Oheimb, G. Neighbourhood interactions drive overyielding in mixed-species tree communities. Nat. Commun. 2018, 9. [Google Scholar] [CrossRef]

	



Gonzalez, A.M.M.; Dalsgaard, B.; Olesen, J.M. Centrality measures and the importance of generalist species in pollination networks. Ecol. Complex. 2010, 7, 36–43. [Google Scholar] [CrossRef]

	



Blüthgen, N.; Menzel, F.; Hovestadt, T.; Fiala, B.; Bluthgen, N. Specialization, constraints, and conflicting interests in mutualistic networks. Curr. Biol. 2007, 17, 341–346. [Google Scholar] [CrossRef]

	



Sánchez, F.; del Río, M.; Cañellas, I. Using historic management records to characterize the effects of management on the structural diversity of forests. For. Ecol. Manag. 2005, 207, 279–293. [Google Scholar]

	



Bachelot, B.; Uriarte, M.; Zimmerman, J.K.; Thompson, J.; Leff, J.W.; Asiaii, A.; Koshner, J.; McGuire, K. Long-lasting effects of land use history on soil fungal communities in second-growth tropical rain forests. Ecol. appl. 2016, 26, 1881–1895. [Google Scholar] [CrossRef]

	



Buscot, F. Implication of evolution and diversity in arbuscular and ectomycorrhizal symbioses. J. Plant. Physiol. 2015, 172, 55–61. [Google Scholar] [CrossRef]

	



Alexander, I.J.; Lee, S.S. Mycorrhizas and ecosystem processes in tropical rain forest: Implications for diversity. In Biotic Interactions in the Tropics: Their Role in the Maintenance of Species Diversity; Burslem, D., Pinard, M., Hartley, S., Eds.; Cambridge University Press: Cambridge, UK, 2005; pp. 165–203. [Google Scholar]

	



McGuire, K.L.; Allison, S.D.; Fierer, N.; Treseder, K.K. Ectomycorrhizal-dominated boreal and tropical forests have distinct fungal communities, but analogous spatial patterns across soil horizons. PLoS ONE 2013, 8, e68278. [Google Scholar] [CrossRef]

	



Tedersoo, L.; May, T.W.; Smith, M.E. Ectomycorrhizal lifestyle in fungi: Global diversity, distribution, and evolution of phylogenetic lineages. Mycorrhiza 2010, 20, 217–263. [Google Scholar] [CrossRef] [PubMed]

	



Smith, S.E.; Read, D.J. Mycorrhizal Symbiosis, 2nd ed.; Academic Press: San Diego, CA, USA, 1997. [Google Scholar]

	



Öpik, M.; Davison, J.; Moora, M.; Zobel, M. DNA-based detection and identification of Glomeromycota: The virtual taxonomy of environmental sequences. Botany 2013, 92, 135–147. [Google Scholar] [CrossRef]

	



Wubet, T.; Kottke, I.; Teketay, D.; Oberwinkler, F. Arbuscular mycorrhizal fungal community structures differ between co-occurring tree species of dry afromontane tropical forest, and their seedlings exhibit potential to trap isolates suited for reforestation. Mycol. Prog. 2009, 8, 317–328. [Google Scholar] [CrossRef]

	



Öpik, M.; Metsis, M.; Daniell, T.J.; Zobel, M.; Moora, M. Large-scale parallel 454 sequencing reveals host ecological group specificity of arbuscular mycorrhizal fungi in a boreonemoral forest. New Phytol. 2009, 184, 424–437. [Google Scholar] [CrossRef] [PubMed]

	



Martínez-García, L.B.; Richardson, S.J.; Tylianakis, J.M.; Peltzer, D.A.; Dickie, I.A. Host identity is a dominant driver of mycorrhizal fungal community composition during ecosystem development. New Phytol. 2015, 205, 1565–1576. [Google Scholar] [CrossRef] [PubMed]

	



Bahram, M.; Harend, H.; Tedersoo, L. Network perspectives of ectomycorrhizal associations. Fungal Ecol. 2014, 7, 70–77. [Google Scholar] [CrossRef]

	



Sepp, S.K.; Davison, J.; Jairus, T.; Vasar, M.; Moora, M.; Zobel, M.; Opik, M. Non-random association patterns in a plant-mycorrhizal fungal network reveal host-symbiont specificity. Mol. Ecol. 2019, 28, 365–378. [Google Scholar] [CrossRef]

	



Toju, H.; Guimaraes, P.R.; Olesen, J.M.; Thompson, J.N. Assembly of complex plant-fungus networks. Nat. Commun. 2014, 5. [Google Scholar] [CrossRef]

	



Bascompte, J.; Jordano, P.; Melián, C.J.; Olesen, J.M. The nested assembly of plant–animal mutualistic networks. Proc. Natl. Acad. Sci. USA 2003, 100, 9383–9387. [Google Scholar] [CrossRef]

	



Newman, M.E. Modularity and community structure in networks. Proc. Natl. Acad. Sci. USA 2006, 103, 8577–8582. [Google Scholar] [CrossRef]

	



Barberan, A.; Bates, S.T.; Casamayor, E.O.; Fierer, N. Using network analysis to explore co-occurrence patterns in soil microbial communities. ISME J. 2012, 6, 343–351. [Google Scholar] [CrossRef] [PubMed]

	



Verheyen, K.; Vanhellemont, M.; Auge, H.; Baeten, L.; Baraloto, C.; Barsoum, N.; Bilodeau-Gauthier, S.; Bruelheide, H.; Castagneyrol, B.; Godbold, D.; et al. Contributions of a global network of tree diversity experiments to sustainable forest plantations. Ambio 2016, 45, 29–41. [Google Scholar] [CrossRef] [PubMed]

	



Tuck, S.L.; O’Brien, M.J.; Philipson, C.D.; Saner, P.; Tanadini, M.; Dzulkifli, D.; Godfray, H.C.J.; Godoong, E.; Nilus, R.; Ong, R.C.; et al. The value of biodiversity for the functioning of tropical forests: Insurance effects during the first decade of the sabah biodiversity experiment. Proc. Biol. Sci. 2016, 283. [Google Scholar] [CrossRef] [PubMed]

	



Weißbecker, C.; Wubet, T.; Lentendu, G.; Buscot, F. BEF China Fungal Diversity: Raw Sequence Data of 454 Fungal ITS Amplicons. European Nucleotide Archive, 2016. Available online: https://www.ebi.ac.uk/ena/data/view/PRJEB12020 (accessed on 10 October 2018).

	



Weißbecker, C.; Wubet, T. BEF china Fungal Diversity: R Statistic Scripts. Zenodo Data Archive, Version 2. 2018. Available online: https://zenodo.org/record/1215505 (accessed on 10 October 2018).

	



Weißbecker, C.; Heintz-Buschart, A. Scripts and Supplementary Data Sets. Zenodo Data Archive, Version 2. 2019. Available online: https://zenodo.org/record/3533732 (accessed on 9 November 2019).

	



Bissinger, V.; Kolditz, O. Helmholtz Interdisciplinary Graduate School for Environmental Research (HIGRADE). GAIA-Ecol. Perspect. Sci. Soc. 2008, 17, 71–73. [Google Scholar] [CrossRef]








[image: Microorganisms 07 00547 g001 550] 





Figure 1. The bipartite network analysis procedure. Data were pooled into three tree diversity levels (a). An illustrative subsampling set (b). For each subsampling combination, a bipartite network was generated (c) and network characteristics such as fungal generality were computed (d). Statistical differences between the tree diversity levels could be analyzed by considering the combined network characteristics of 576 possible subsampling combinations at each tree species diversity level. 
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Figure 2. Dependence of the calculated network characteristics on the link threshold for tree species –fungal OTU co-occurrence in the bipartite network analysis. The charts show the median values (based on 576 subsamples) of four key network characteristics: fungal OTU number (a), network connectance (b), fungal generality (c) and fungal C score (d). A table showing all of the computed network characteristics is available in the Supplementary Material (Table S1). 
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Figure 3. Boxplots of phi coefficients for the three tree diversity levels, with histogram of the results of all subsampling combinations indicated as horizontal arrays. The Kruskal-Wallis rank sum test and Kruskal-Wallis test for multiple comparisons were used to evaluate the significance of group differences; a, b, and c indicate significantly different groups. 
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Figure 4. Boxplot showing phi specialization coefficients for the main fungal functional groups, with histogram of the results of all subsampling combinations indicated as horizontal arrays; a and b indicate significantly different groups. 
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Figure 5. Heat map showing the distribution patterns of the 200 fungal OTUs with the highest phi specialization coefficients, ordered according to a hierarchical clustering of the phi coefficients, among the 16 tree species. 
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Table 1. Calculated network metrics for different levels of tree species diversity based on 576 tree-fungal bipartite subsamples and three tree diversity levels: monocultures (“Mono”), two-tree species mixtures (“Two mix.”) and high tree diversity mixtures (“High”). The Kruskal-Wallis test was used to identify significant differences in network values across the tree diversity levels. The median values of the network characteristics are reported for each tree diversity level. The Kruskal-Wallis test for multiple comparisons with the Bonferroni-Holmes correction was used to assess the significance of pairwise differences in network characteristics across tree diversity levels (n.s.: no significant difference detected). Numbers indicate the tree diversity levels: 1-monocultures, 2-two tree species mixtures, 3-high diversity tree species mixtures. Results are shown for networks generated using a tree species-fungal OTU co-occurrence threshold of 3/5.






Table 1. Calculated network metrics for different levels of tree species diversity based on 576 tree-fungal bipartite subsamples and three tree diversity levels: monocultures (“Mono”), two-tree species mixtures (“Two mix.”) and high tree diversity mixtures (“High”). The Kruskal-Wallis test was used to identify significant differences in network values across the tree diversity levels. The median values of the network characteristics are reported for each tree diversity level. The Kruskal-Wallis test for multiple comparisons with the Bonferroni-Holmes correction was used to assess the significance of pairwise differences in network characteristics across tree diversity levels (n.s.: no significant difference detected). Numbers indicate the tree diversity levels: 1-monocultures, 2-two tree species mixtures, 3-high diversity tree species mixtures. Results are shown for networks generated using a tree species-fungal OTU co-occurrence threshold of 3/5.
















	
	Number of OTUs in Network
	Modularity
	Connectance 1
	Fungal Generality 2
	Fungal C Score 3
	Mean Number of Shared Fungal Partners 4
	Fungal OTU Richness
	Fungal Shannon Diversity





	Kruskal p
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	Median
	
	
	
	
	
	
	
	



	Mono
	206
	0.52
	0.22
	2.26
	0.67
	9.43
	1004
	4.99



	Two mix.
	198
	0.51
	0.22
	2.33
	0.68
	9.57
	1017
	5.06



	High
	251
	0.58
	0.2
	2
	0.74
	8.48
	1187
	5.34



	Pairwise p
	
	
	
	
	
	
	
	



	1-2
	<0.001
	n.s.
	n.s.
	<0.001
	n.s.
	n.s.
	n.s.
	n.s.



	1-3
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001



	2-3
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001
	<0.001







1 Network connectance: Realized proportion of possible links, 2 Fungal generality: Mean effective number of tree species per fungal species, 3 Fungal C score: Average degree of co-occurrence for all possible pairs of fungal OTUs. Values close to 1 indicate evidence for disaggregation, e.g., through competition. Values close to 0 indicate aggregation of species (i.e., no repelling forces between species), 4 Mean number of shared fungal partners: Mean number of fungal species that interact with at least two tree species
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