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Materials and methods 

Study site, study design, and sampling 

Our study site was located in south-east China in the Jiangxi province (29.08-29.11° N, 

117.90-117.93° E). The region is characterized by a subtropical climate with warm, rainy 

summers and cold, dry winters (mean temperature of 16.7°C and mean rainfall of 1821 mm) 

[1]. Soils in the region are Cambisols and Cambisol derivatives, with Regosol on ridges and 

crests [2]. The natural vegetation consists of species-rich broad-leaved forests dominated by 

Quercus glauca, Castanopsis eyrei, Daphniphyllum oldhamii, and Lithocarpus glaber [3, 4]. 

Sampling took place in BEF China, a tree diversity experiment, including tree species 

mixture plots (1, 2, 4, 8, and 16 tree species per plot), was planted in 2009 after clear-cutting 

the original forest (Fig. 1) [4]. To account for the role of tree diversity and soil quality, we 

collected 150 soil samples across different levels of tree diversity randomly distributed in the 

landscape (Fig. 1, Suppl. S2). We sampled from mid-August to late-September 2018, before 

the litterfall season. To avoid spatio-temporal autocorrelation, the daily sample location was 

chosen randomly, and to control for the distance to the trees, each sample was extracted on 

the transect between two trees. For each pair of trees, we extracted four soil cores (5 cm 

diameter; 10 cm depth), 5 cm and 20 cm away from the centerpoint between the tree pair 

(Fig. 1). A composite sample was built from these four cores by homogenizing with a 2 mm 

sieve.  

Soil quality analyses 

Soil moisture was measured from 25 g of soil by drying at 40°C for two days. A subsample 

was used to measure soil pH in a 1:2.5 soil-water solution. Soil total organic carbon (TOC) 



was measured by a TOC Analyzer (Liqui TOC II; Elementar Analysensysteme GmbH, 

Hanau, Germany). Soil total nitrogen (TN) was measured on an auto-analyzer (SEAL 

Analytical GmbH, Norderstedt, Germany) using the Kjeldahl method [5]. Soil total 

phosphorus (TP) concentration was measured after wet digestion with H2SO4 and HClO4 by a 

UV-VIS spectrophotometer (UV2700, SHIMADZU, Japan). Carbon to nitrogen and carbon 

to phosphorus ratios were calculated as TOC:TN and TOC:TP, respectively.  

Soil microbial biomass 

Microbial biomass was measured using phospholipid fatty acid (PLFA) analysis. PLFAs were 

extracted from 5 g of frozen soil following Frostegård et al. (1991) [6]. Biomarkers were 

assigned to microbial functional groups according to Ruess et al. (2010) [7]. These markers 

targeted bacteria (gram-positive bacteria: i15:0, a15:0, i16:0, i17:0; gram-negative bacteria: 

cy17:0, cy19:0; general bacterial markers: 16:1ω5; 16:1ω7), arbuscular mycorrhizal fungi 

(20:1ω9), and saprophytic and ectomycorrhizal association fungi (18:1ω9 and 18:2ω6,9, see 

Suppl. S3). Total microbial biomass was calculated as the sum of biomasses of all microbial 

groups. The ratio of bacteria to fungi (B:F) was calculated as the ratio of the sum of all 

bacterial biomasses to the sum of all fungal biomasses. 

Active microbial biomass was measured using the substrate-induced respiration method [8]. 

About 6 g of soil was used to determine soil active microbial biomass, and 8 mg of glucose 

per gram of dry soil was added to saturated the soil micro-organism catabolism enzymes. O2 

respiration was measured based on electrolyte O2 micro-compensation using an automated 

respirometer. Active microbial biomass was calculated from the maximum initial respiratory 

response after induction (MIRR). 



Soil microbial taxonomic profile 

Microbial DNA was extracted from freeze-dried soil samples using a PowerSoil DNA 

Isolation Kit (MO BIO Laboratories Inc., Carlsbad, CA, United States). DNA concentrations 

were checked with a NanoDrop spectrophotometer (Thermo Fisher Scientific, Dreieich, 

Germany), and the extracts were adjusted to 10–15 ng/ul. The bacterial and fungal amplicon 

libraries were prepared following Schöps et al. (2018) [9] and Nawaz et al. (2019) [10]. 

Briefly, bacterial and fungal amplicon libraries were built separately using 16S rRNA gene 

and ITS2 rDNA regions, respectively. The bacterial 16S rRNA gene was amplified with 

universal primers 515f and 806r [11] with Illumina adapter sequence overhangs. The fungal 

ITS2 rDNA region was amplified by performing a semi-nested PCR using the initial primer 

combination of ITS1F [12] and ITS4 [13]hr followed by the primer pair fITS7 [14] and ITS4 

containing the Illumina adapter sequences. The amplicon libraries were indexed, purified, 

quantified, and pooled equimolarly to a final concentration of 4nM which was then mixed in 

1:3 ratio to make the final sequencing library. Paired-end sequencing of 2x300 bp was 

performed on an Illumina MiSeq platform (Illumina Inc., San Diego, CA, United States) 

using the MiSeq Reagent kit v3 at the Department of Environmental Microbiology, UFZ.  

Bioinformatic analysis was performed using the Quantitative Insights into Microbial Ecology 

– QIIME 2 2020.2 [15]. The forward and reverse reads were demultiplexed, primer sequences 

were trimmed, denoised, and grouped into Amplicon Sequence Variants (ASVs) using cut-

adapt for chimeria removal (q2-cutadapt) [16] and DADA2 for non-target taxa removal (via 

q2‐dada2) [17]. ASV tables were imported into R with the 'phyloseq' package [18]. The 

fungal and bacterial ASVs were rarefied to 16,542 and 28,897 reads per sample respectively. 

OTU richness, Shannon diversity, and Pielou evenness were calculated using the 

'microbiome' package [19]. We inspected the correlations between these indices and focused 

our analyses on Shannon diversity index (Suppl. S4). 



Soil microbial functional profile 

DNA was extracted with the FastDNA Spin Kit for Soil (MP Biomedicals, USA) following 

the manufacturer's instructions. DNA concentrations were checked with a NanoDrop 

spectrophotometer (Thermo Fisher Scientific, Dreieich, Germany), and DNA concentrations 

were quantified with the QuantiFluor dsDNA kit (Promega, USA) and a microplate reader 

(SpectraMax M5, Molecular Devices). DNA was diluted to 50 ng µl−1 with sterile water and 

stored at −20 °C.  

Microbial functional genes coding for enzymes involved in carbon anabolism and catabolism 

processes, which are central to soil carbon cycling (complete list in Suppl. S5) [20], were 

quantified using a high-throughput quantitative-PCR-based chip (HT-qPCR; SmartChip Real-

time PCR system, WaferGen Biosystems, Fremont, USA). This chip contained 72 primer 

pairs: 36 designed pairs, 35 published pairs, and the bacterial 16S rRNA gene, which allows 

to quantify 72 DNA genes in parallel [21]. PCR reaction conditions were as follows: initial 

denaturation of 10 min at 95°C, and 40 cycles of denaturation at 95°C for 30 s, annealing 30 s 

at 58°C and extension at 72°C for another 30 s. The melting curve was automatically 

generated by the WaferGen software. Three replicates for each sample were analyzed. 

Results with multiple melting peaks or with amplification efficiencies less than 80% and over 

120% were excluded. Only results with a threshold cycle (CT) less than 31 (the detection 

limit for this method) were used for further analysis. The relative copy number of each 

functional gene was calculated as shown in eq. 1 [22]. Then, the relative abundance of a 

given functional gene was defined as the proportion of the relative copy number of a 

functional gene to the relative copy number of the 16S rRNA gene. 

Gene relative copy number (GR):   GR = (31-CT) x (10/3) / GR16S                           (1)  



To compare abundance patterns across functional genes, we scaled each functional gene 

abundance between 0 and 1 across all samples using the z-transformation, and we summed 

the scaled abundance of functional genes related to carbon catabolism (i.e. "Cata", Suppl. 

S5). To quantify the evenness of the functional gene abundances, the functional gene Pielou 

evenness was calculated using the R 'diversity' from the 'vegan' package ("FG evenness", 

respectively). 

Soil microbial physiological potential 

Microbial physiological potential indices were calculated from substrate-induced respiration 

assays using the Microresp.® method [23]. Fourteen substrates from three chemical classes 

(i.e. saccharides, amino-acid, and carboxylic acids) were selected to create a gradient of 

molecular weights (ranging from 89 to 221 g.mol-1 ), and a gradient of carbon oxidation 

states (ranging from -2 to 3 e- , Suppl. S5). Ten g of soil was evenly distributed on the half of 

96 deep-well plate and incubated at 25°C for five days. For each substrate, 30 mg of substrate 

per gram of soil water was added to three wells. CO2 production of the wells was fixed in 

agar – cresol red gel during the six following hours. Total CO2 production of the wells was 

measured by colorimetry using a photo-spectrometer. Two indices were calculated from these 

CO2 measurements: substrate-use efficiency and substrate-use range. Substrate-use efficiency 

was calculated as the Pielou evenness (from R 'diversity' function package 'vegan') of the CO2 

production of all substrates. Substrate-use range was defined as the difference in CO2 

production between oxalic acid and alanine, the two substrates on the upper and lower 

extremes of carbon oxidation. We performed sensitivity analyses to explore the effects of 

substrate selection on these indices, which showed that substrate selection did not alter our 

results and conclusions (Suppl. S6).  



Soil microbial respiration 

Soil microbial respiration was measured on 6 g of fresh soil following Scheu et al. (1992) [8] 

without adding any substrate or water, thereby reflecting the actual respiration at the site. 

During 24 hours, O2 consumption was continuously measured using an automated 

respirometer based on electrolytic O2 micro-compensation [8]. Soil microbial respiration was 

calculated as the mean of O2 consumption between the 14 to 24 hours after starting the 

measurement. Active microbial biomass (with substrate addition) and microbial respiration 

(without substrate addition) were measured on the same sample and machine. To test the 

robustness of our results, all following analyses were run with and without active microbial 

biomass. 

Statistical analyses 

All data handling and statistical analyses were performed using the R statistical software 

version 4.0.3, and all R scripts used for this study can be found in our GitHub repository 

(https://github.com/remybeugnon/Beugnon-

Du_et_al_2021_Microbial_community_and_functions). All metrics inferred from soil 

measurements are summarized in the Suppl. S4. In order to avoid any model-fit deviation due 

to scale differences between variables, all explanatory variables were centered and divided by 

two standard deviations for our analyses using the R 'rescale' function from the 'arm' package. 

For each analysis, we compared the drivers' effect sizes defined as the standardized estimate 

of a given variable in the model where the response variable was centered and divided by two 

standard deviations.  

Tree diversity effects on soil microbial community facets and functions 

We used linear multivariate models and normal distribution assumptions to test the effects of 

tree species richness on soil microbial biomass (total and active microbial biomass), 

https://github.com/remybeugnon/Beugnon-Du_et_al_2021_Microbial_community_and_functions
https://github.com/remybeugnon/Beugnon-Du_et_al_2021_Microbial_community_and_functions


taxonomic profile (B:F ratio and Shannon diversity of bacteria and fungi), functional profile 

(catabolic functional gene abundance and evenness), physiological potential (substrate-use 

efficiency and range), and microbial respiration. All previous linear multivariate models were 

tested in R using the ‘lm’ function and statistical hypotheses of the following linear models 

were tested in Suppl. S7 using the 'model_check' function from the 'performance' package in 

R. 

Effects of soil microbial facets on microbial functions  

We tested the correlation between the microbial facets – soil microbial biomass, taxonomic 

and functional profiles – using Pearson correlation tests. We used linear multivariate models 

and normal distribution assumptions to test the effects of microbial biomass (total and active 

microbial biomass), taxonomic profile (B:F ratio and Shannon diversity of bacteria and fungi) 

and functional profile (catabolic functional gene abundance, and evenness) on soil microbial 

physiological potential (substrate-use efficiency and range), and soil microbial respiration. 

Explanatory variables (microbial biomasses, taxonomic and functional profile indices) were 

selected using forward and backward step selection based on AIC (i.e., R 'step' function from 

'stats' package). A variance partitioning analysis was performed on the final set of variables to 

disentangle the effects of microbial biomass and taxonomic profile using the R 'varpart' 

function from the 'vegan' package. All previous linear multivariate models were tested in R 

using the ‘lm’ function and statistical hypotheses of the following linear models were tested 

in Suppl. S8 using the 'model_check' function from the 'performance' package in R 

Cascading effects of the different soil microbial community facets on microbial physiological 

potential and microbial respiration  

We tested the relationships between soil microbial biomass, taxonomic and functional 

profiles, physiological potential, and respiration using a Structural Equation Modeling (SEM) 

framework. Microbial biomass, taxonomic and functional profiles were linked to each other 



by correlations, and their effects on physiological potential indices and soil microbial 

respiration were modeled with causal relations (directed paths). Our SEM was fitted using the 

R ‘sem’ function from the ‘lavaan’ package [24]. The model fit to our data, and model quality 

were estimated using three complementary indices: (i) the root mean square error of 

approximation (RMSEA), (ii) the comparative fit index (CFI), and (iii) the standardized root 

mean squared residuals (SRMR). Model fits were considered acceptable when RMSEA < 

0.10, CFI > 0.9 and SRMR < 0.08. All statistical hypotheses and complete outputs can be 

found in Suppl. S9. 

Effects of tree species richness and soil quality on relationships between the soil microbial 

community and their functions 

To test the effects of tree species richness and soil quality on the relationship between the soil 

microbial community facets and microbial respiration, we added the causal effects of soil 

quality indices and tree species richness onto the variables of our previous SEM model. To 

assess which group of response variables was the most affected by soil quality and tree 

species richness, the effects of soil quality and tree species richness were summarized by a 

group of response variables (soil microbial biomass, taxonomic profile, functional profile, 

physiological potential, and microbial respiration). For each group of response variables, we 

summed all the absolute standardized effects of soil quality or tree species richness on each 

of the response variables. Additionally, to assess the importance of soil quality indices and 

tree species richness for microbial community facets and microbial functions, we summed the 

absolute standardized effects of each soil quality index and tree species richness. All 

statistical hypotheses and complete outputs can be found in Suppl. S10. 
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