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Abstract
Understanding the mechanisms underlying biodiversity patterns is a central issue in ecology, while how
temperature and precipitation jointly control the elevational patterns of microbes is understudied. Here,
we studied the effects of temperature, precipitation and their interactions on the alpha and beta diversity
of soil archaea and bacteria in alpine grasslands along an elevational gradient of 4,300-5,200 m on the
Tibetan Plateau. Alpha diversity was examined on the basis of species richness and evenness, and beta
diversity was quantified with the recently developed metric of local contributions to beta diversity (LCBD).
Typical alpine steppe and meadow ecosystems were distributed below and above 4,850 m, respectively,
which was consistent with the two main constraints of mean annual temperature (MAT) and mean
annual precipitation (MAP). Species richness and evenness showed decreasing elevational patterns in
archaea and nonsignificant or U-shaped patterns in bacteria. The LCBD of both groups exhibited
significant U-shaped elevational patterns, with the lowest values occurring at 4,800 m. For the three
diversity metrics, soil pH was the primary explanatory variable in archaea, explaining over 20.1% of the
observed variation, whereas vegetation richness, total nitrogen and the K/Al ratio presented the strongest
effects on bacteria, with relative importance values of 16.1%, 12.5% and 11.6%, respectively. For the
microbial community composition of both archaea and bacteria, the moisture index showed the
dominant effect, explaining 17.6% of the observed variation, followed by MAT and MAP. Taken together,
temperature and precipitation exerted considerable indirect effects on microbial richness and evenness
through local environmental and energy supply-related variables, such as vegetation richness, whereas
temperature exerted a larger direct influence on LCBD and the community composition. Our findings
highlighted the profound influence of temperature and precipitation interactions on microbial beta
diversity in alpine grasslands on the Tibetan Plateau.

1. Introduction
Spatial patterns of biodiversity are increasingly well documented [1]; however, the mechanisms
underlying these patterns remain unclear [2]. Climate factors have been identified as the main drivers
shaping diversity gradients [3]. For instance, a positive correlation between temperature and species
richness has been found along latitudinal [4] and elevational gradients [5–7]. The main hypotheses
explaining spatial diversity gradients are (1) the metabolic theory of ecology, relating higher mutation and
speciation rates towards warmer areas [8], and (2) the productivity-diversity hypothesis, focusing on the
positive effect of resources on species coexistence and diversity [9]. Furthermore, precipitation has been
reported to be the main driver of biodiversity [10], which supports the water availability hypothesis,
focusing on direct or indirect (via effects on productivity and soil environmental properties) constraints
on biodiversity. For instance, precipitation constrains aboveground vegetation and soil moisture across
bioclimatic zones, which indirectly influences species physiology [11], structure [12] and their interactions
[13]. Thus, warmer and wetter conditions increase productivity, which can further influence biodiversity
[14].
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Elevational gradients in which climatic conditions vary greatly over a short geographical distance provide
a ‘natural laboratory’ for testing the joint influence of temperature and precipitation on biodiversity [15–
16]. With increasing elevation, temperature generally decreases, and precipitation shows various
elevational patterns, which are linked to diversity patterns [17–19]. Biodiversity is limited by drought or
low temperature at lower or higher elevations, respectively [20–22]. The warmest-wettest conditions at
intermediate elevations may predict hump-shaped elevational diversity patterns [14]. For instance, the
bacterial [23] community has been reported to exhibit a hump-shaped elevational diversity pattern driven
by temperature, in which precipitation follows a hump-shaped pattern as elevation increases. However,
bacterial richness shows a U-shaped elevational pattern driven by mean annual temperature (MAT) and
mean annual precipitation (MAP), in which decreasing and increasing elevational patterns are observed
of temperature-precipitation [24]. Thus, it remains unclear how temperature and precipitation jointly
control microbial biodiversity elevational patterns.
Here, we intensively reviewed elevational richness patterns for soil microbes under different temperature
and precipitation combinations (Figs. S1, S2, Table S1). We further examined the temperature and
precipitation effects on microbial biodiversity at 10 elevations covering alpine steppe and meadow
vegetation along an elevational gradient (4,300-5,200 m) on the Tibetan Plateau (Figs. 1a, b). We
projected MAT and MAP at sampling sites in a Whittaker biome plot to show how plant biomes are
distributed in association with long-term precipitation and temperature [25]. We collected climate data
with a high temporal and spatial resolution from 2007 to 2013. The grass line occurs at approximately
5,200 m, which is sensitive to climate change. The temperature decreased, and precipitation followed a
hump-shaped elevational pattern (Fig. S5). Thus, the elevational gradient provides an invaluable natural
laboratory for testing whether temperature and precipitation jointly influence microbial biodiversity
patterns. Herein, we aimed (1) to explore microbial biodiversity elevational patterns, (2) to estimate the
joint impact of temperature and precipitation on microbial biodiversity, and (3) to evaluate the direct and
indirect effects of temperature and precipitation on microbial biodiversity. We hypothesized that microbial
biodiversity would exhibit hump-shaped or U-shaped elevational patterns, which may be strongly
influenced by temperature, precipitation and their interactions in direct and indirect ways (Fig. 1c).

2. Materials And Methods

2.1. Site description
We examined a 900 m elevational gradient (4,300-5,200 m at 100 m vertical intervals) in the
Nyainqentanglha Mountains (30°18′-30°32′N, 90°03′-91°52′E) in Damxung County, Central-East Tibetan
Plateau. The climate of the region is semiarid, with a growing season of 5 months from May to
September. MAT is 2.1 ℃, and MAP is 479 mm. The precipitation in the growing season accounts for
90% of the total precipitation. Stipa capillacea and Stipa purpurea are dominant at low elevations of
4,300-4,500 m (alpine steppe ecotone), while Kobresia pygmaea is the dominant species at high
elevations of 4,950-5,100 m (alpine meadows ecotone) [22], and mid-elevations are occupied by an
ecotone of alpine steppe and meadow ecosystems.
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We set up eight HOBO weather stations (Onset Inc., Bourne, MA, USA) at 4,300, 4,400, 4,500, 4,650, 4,800,
4,950, 5,100, and 5,200 m and recorded air temperature and precipitation at 1-hour intervals. We collected
climate data with a high temporal and spatial resolution from 2007 to 2013. At 4,600, 4,700, 4,900 and
5,000 m, temperature and precipitation were predicted from the data of the eight weather stations using a
linear model. We calculated 13 temperature and 8 precipitation variables (Table S3), such as MAT and
MAP as the long-term measurement for temperature and precipitation; precipitation seasonality
(coefficient of variation) (PSCV), which is the ratio of the standard deviation of the monthly total
precipitation to the mean monthly total precipitation [26]. To characterize the joint influence of
temperature and precipitation on the microbial community, we calculated the ratio of growing season
precipitation to the total accumulated temperature above 5°C (GSP/AccT) [22], which could serve as a
substitute for the climate moisture index [27]. Statistical dependence between the climate variables was
assessed using Spearman’s rank correlation coefficients. Except for MAT, MAP and GSP/AccT, all the
other pairwise Spearman’s rank correlations were less than 0.75. Thus, seven climate variables were
retained, including MAT, the minimum temperature of the coldest month (MTCM), GSP/AccT, MAP, the
precipitation of the driest month (PMD), PSCV and the mean annual coldest temperature (Tmin).

2.2. Soil sample collection
The results obtained from an adequate number of sample replications are more accurate for revealing the
community distribution at each elevation. In August 2013, nine nested samples (10 cm depth) were
collected at distances of 1 and 10 m at each elevation. Five soil cores were randomly taken from each
site using a soil sampler tube (5 cm in diameter) and were then mixed as a composite sample. At each
elevation, nine replications were performed. In total, there were 89 samples (we removed one sample
collected at 10 m above 5,000 m because of contamination) collected over the whole elevational
gradient. A total of 250 g of soil was sieved through a 2 mm mesh, and subsamples (approximately 50 g)
were transferred to plastic bags and placed into a − 80°C refrigerator for soil bacterial community
analysis. The remaining soil (approximately 200 g) was kept at 4 ℃ for soil property measurement.

2.3. Environmental variables
Soil samples were dried naturally at room temperature. Then, soil water content (SWC), pH, total nitrogen
(TN), total phosphorus (TP), total organic carbon (TOC), soluble organic carbon (DOC) and soluble
organic nitrogen (DON) were determined as potential explanatory variables of biodiversity. Briefly, 5 g soil
samples were dried at 105°C for 12 hours, and SWC was calculated based on weight loss before and
after drying. Five grams of soil was added to distilled water (soil:water = 1:2.5), after which the mixture
was stirred for 1 min and sat for 30 min, and the pH was determined with a pH metre (Sartorius PB-10,
Germany). TN was determined using a modified Kjeldahl method [28] and quantified with an elemental
analyser (Vario Macro Cube, Elementar, Germany). TOC, DOC and DON were measured with a TOC
analyser (TOC-VCPH, Shimadzu, Japan). TP was measured using the molybdenum blue method [29].
We measured soil geochemical elements and calculated the weathering index to evaluate its influence on
biodiversity. Raw soil samples were digested by pressurized acid digestion using a mixture of HNO3 and
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HF in a Teflon digestion vessel [30]. Specifically, 20–30 mg soil samples were added to the vessel with 1
ml HNO3 and 1 ml HF, and the mixture was then placed in an oven at 190°C for 24 hours. The cooling
solutions were evaporated until they were nearly dry on a hot plate at 150°C, after which 1 ml HNO3 was
added, and the steps were repeated once. Next, 2 ml HNO3 and 3 ml ultrapure water were added to the
residue, and the mixture was heated at 150°C for 24 hours. Finally, the digestant was diluted to 50 ml
using ultrapure water. Metal elements, including Ca, Mg, Fe, Al, K, Na, Ba, Mn, Ti and P, were measured
using inductively coupled plasma optical emission spectroscopy (Leeman Labs, USA). Principal
component analysis (PCA) was applied to extract the two principal component axes of the metal
elements. The chemical index of alteration (CIA = [(Al2O3)/(Al2O3 + CaO + K2O + Na2O)] * 100) [31] and the
Ti/Al, Na/Al, K/Al and Na/K ratios were calculated as indicators of weathering.
The normalized difference vegetation index (NDVI) is an indicator that reflects the growth state and
coverage of vegetation. We downloaded Landsat 8 remote sensing image data
(https://earthexplorer.usgs.gov/), applied ENVI 5.1 software for radiation calibration and atmospheric
correction, and calculated the NDVI of the sampling site vegetation community through the band math
module. The aspect and slope of the sampling sites were extracted from SRTMDEM 90 m-resolution raw
elevation data (http://www.gscloud.cn/home) as potential explanatory variables of biodiversity. For the
evaluation of the vegetation community, we established a 1 m × 1 m quadrat at each elevation and
recorded species present and the number of individuals of each species. Then, vegetation richness, the
Shannon index and evenness were calculated.

2.4. Community analyses
Total soil DNA was extracted from 0.5 g soil subsamples by using the FastDNA® SPIN kit for soil (MP
Biomedicals, USA). DNA extraction efficiency was determined by agar gel electrophoresis, and the
obtained DNA concentration and purity were detected with a NanoDrop 2000c UV-Vis spectrophotometer
(Thermo Fisher Scientific, USA). We used the 515F (5’-GTGCCAGCMGCCGCGGTAA-3’) and 806R (5’GGACTACHVGGGTWTCTAAT-3’) primers to amplify the 16S rRNA gene V4 region [32]. The PCR
amplification steps were as follows: predenaturation at 94°C for 3 min, denaturation at 94°C for 30 s,
annealing at 56°C for 30 s, elongation at 72°C for 45 s (28 cycles) and elongation for 5 min until the
temperature dropped to 4°C. After the PCR products were purified by gel cutting, double-stranded DNA
was quantified accurately by using PicoGreen (Invitrogen, Carlsbad, California). Then, the sequencing
template was prepared by using the Ion PGMTM Template OT2 400 Kit (Life Technologies, USA).
Sequencing data were derived via the Ion Torrent PGM (Life Technologies, USA) approach [33]. All
sequences were converted to FASTQ format using SAMtools [34]. Then, standardization processing was
performed on a Linux system terminal. The sequences were processed with QIIME (v1.8). UCHIME was
used to remove chimaeric sequences, and UCLUST was used to divide operational taxa with 97%
similarity into operational taxonomic units (OTUs). The representative sequences of each OTU were then
compared with data from the Ribosomal Database Project (RDP) for systematic classification [35].
Across all soil samples, we obtained a total of 2,904,266 high-quality sequences, with 32,632 sequences
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per sample on average. The raw data were deposited in the NCBI Sequence Read Archive database, and
the project ID is PRJNA734468.
2.5. Literature analysis
We searched the data in the Web of Science (1990-September 2020) using the combined keywords
(‘altitude’ or ‘elevation’) and (‘diversity’ or ‘richness’) and (‘micro*’). We included studies on soil microbes
such as archaea, bacteria and fungi involving ≥ 3 sampling sites on each elevational gradient. We further
compiled the elevational patterns of richness and then classified those patterns as significantly
decreasing (D), increasing (I), hump-shaped (H), U-shaped (U) and nonsignificant (N) according to the
results of the analysed papers [36].

2.6. Statistical analyses
The alpha and beta diversities of a community represent different facets of biodiversity driven by
different environmental factors. We thus calculated species richness and Pielou’s evenness [37] to
represent microbial alpha diversity and local contributions to beta diversity (LCBD) [38] and the
community composition to represent beta diversity. Species richness is the number of species in the
ecosystem, and evenness represents the extent of evenly distributed species [36, 39]. We used Pielou’s
evenness because it is a good measure of the community distribution of relative abundance [40].
LCBD values quantify the relative contributions of individual sites to total beta diversity [38]. A high LCBD
value for a site indicates that the site harbours a unique community composition. We computed LCBD
values by using Hellinger-transformed abundance data and the LCBD.comp function by using adespatial
(v0.3-8). Variations in community composition (beta diversity) [41] are a measure of differences in the
microbial community composition between pairwise sites [42]. Principal coordinate analysis (PCoA)
based on the community Bray-Curtis distance metric and PERMANOVA (Adonis statistic) was used to test
the community composition along elevational gradients in the ‘vegan’ package (V 2.5.6).
To explore the elevational patterns of microbial richness, evenness and LCBD, we used linear or quadratic
model. The more appropriate model was selected based on the lower value of Akaike’s information
criterion (AIC) [43]. Before evaluating the influence of different explanatory variables with different
measurement units on microbial biodiversity, all variables were Z-score transformed. We conducted
random forest analysis to estimate the relative importance of individual variables to community
biodiversity using the ggRandomForests (V2.0.1) package [44]. A Mantel test was used to test the
correlation between the microbial community and environmental variables. We classified all variables
into three groups: climate variables, such as temperature and precipitation; local factors, such as soil
physicochemical properties and the weathering index; and energy variables, such as vegetation, soluble
carbon and nitrogen. We applied variation partitioning analysis (VPA) to identify the contributions of
climate, energy and local variables (Table S4) to explaining microbial biodiversity. Before the analysis,
collinear variables were removed by backward selection.
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We used structural equation models (SEMs) to test and quantify the direct and indirect effects of
temperature and precipitation on microbial biodiversity. We ran all alternative models based on the full
model (Fig. 1c) using AIC and model fit statistics [45]. We chose the final model with the lowest AIC value,
and the detailed modelling fit indices are presented in Table S6. In addition, suitable model fits were
evaluated on the basis of the AIC value, a nonsignificant χ2 test (P > 0.05), the comparative fit index (CFI >
0.95) and the standardized root mean squared residual (SRMR < 0.05). We ran the SEMs using the lavaan
package (V0.6.5) [46], which provides multiple latent variable models to explain the underlying
relationships in the models. All statistical analyses and plots were conducted in R statistical software
V3.6.1 by using the packages vegan V2.5.6, ggplot2 V3.2.1, and corrplot V0.84.

3. Results
3.1. Literature analysis of richness
We compiled the elevational patterns of precipitation and species richness from the literature.
Temperature shows a decreasing elevational pattern, whereas precipitation regimes differ across
elevational gradients, which means that the species richness elevational patterns correspond to different
precipitation patterns. Decreasing-increasing (D-I) and decreasing-hump-shaped (D-H) elevational
patterns of temperature-precipitation accounted for 60.6% and 27.3%, respectively, of 33 examined cases,
whereas decreasing-decreasing (D-D) and decreasing-U-shaped (D-U) elevational patterns of temperatureprecipitation accounted for only a small proportion (6.1%) (Fig. S1, Table S1). In total, 36.4% of the cases
exhibited nonsignificant elevational patterns in all temperature-precipitation combinations, followed by
decreasing (21.2%) and hump-shaped (18.2%) elevational patterns (Figs. S1, S2). Microbial richness
showed hump-shaped elevational patterns in association with D-D elevational patterns of temperatureprecipitation. In 30.0%, 25.0%, 20.0% and 20.0% of cases, microbial richness exhibited decreasing,
nonsignificant, hump-shaped and U-shaped elevational patterns, respectively, in association with D-I
elevational patterns of temperature-precipitation. Microbial richness exhibited nonsignificant elevational
patterns in association with D-U elevational patterns of temperature-precipitation. In 55.6%, 11.1% and
11.1% of cases, microbial richness exhibited nonsignificant, hump-shaped and U-shaped elevational
patterns, respectively, in association with D-H pattern elevational patterns of temperature-precipitation.
Thus, there were no general elevational patterns of richness in association with different temperature and
precipitation combinations. We further reviewed the main drivers shaping richness elevational patterns. In
54.5% of cases, local environmental variables were shown to be the most important drivers of species
richness, followed by climate (30.3%) and energy (6.1%) variables (Table S1).

3.2. Biodiversity patterns of microbial community
Generally, alpha and beta diversity showed U-shaped and hump-shaped elevational patterns, respectively,
at approximately 4,700-4,900 m. For species richness, the whole archaea and the phylum Crenarchaeota
exhibited a significant (P < 0.01) decreasing pattern, while bacteria showed nonsignificant pattern
(Figs. 2a, S8). Most bacterial phyla exhibited significant elevational patterns in richness (12 out of 14
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phyla), among which approximately 36%, 29% and 14% were U-shaped, hump-shaped and decreasing
patterns (P < 0.05), respectively (Fig. S8). For species evenness, archaea and bacteria showed significant
(P < 0.05) decreasing and U-shaped patterns with R2 values of 0.18 and 0.35, respectively (Figs. 2b, S9).
Approximately 64% of phyla showed significant (P < 0.05) elevational patterns in evenness, among which
approximately 29%, 29% and 7% were U-shaped, hump-shaped and decreasing patterns, respectively (Fig.
S9). For instance, Acidobacteria, Firmicutes and Proteobacteria exhibited significant U-shaped patterns;

Gemmatimonadetes showed a significant hump-shaped pattern; and Crenarchaeota exhibited a
significant decreasing elevational pattern (Fig. S9).
We observed consistent significant U-shaped LCBD-elevation relationships for archaeal (R2 = 0.18, P <
0.01) and bacterial (R2 = 0.38, P < 0.01) communities (Fig. 2c). U-shaped patterns were also found for
most bacterial phyla (12/14), such as Acidobacteria, Actinobacteria and Proteobacteria (P < 0.05) (Fig.
S10). Interestingly, the lowest LCBD values for the whole microbial communities and their phyla occurred
at approximately 4,700-4,900 m. The microbial community composition was mainly differentiated by
elevation (Adonis statistic: R2 > 0.11, P = 0.001; Figs. 2d, e).

3.3. Underlying drivers of elevational biodiversity
Typical alpine steppe and meadow ecosystems were distributed below and above 4,850 m, which was
consistent with the two main constraints of MAT and MAP (Fig. 1a). The climate and vegetation ecotone
also occurred at approximately 4,800-4,900 m in conceptual Whittaker biome plot (Fig. 1b). Climate, local
and energy variables varied substantially along elevational gradients. For instance, MAT (− 1.9–2.84 ℃),
MAP (313–552 mm) and PSCV (134–141) showed significant (P༜0.05) decreasing, hump-shaped and Ushaped elevational patterns, respectively (Figs. S3, S5). Energy variables, such as the vegetation Shannon
index (1.28–1.92), showed increasing and hump-shaped elevational patterns (P༜0.05), while the local
variable of soil pH showed a significant (P༜0.05) U-shaped elevational pattern (Fig. S3).
Soil pH was the most important explanatory variable, explaining 20.1%, 55.8% and 21.4% of the variation
in archaeal richness, evenness and LCBD, respectively (Figs. 3a, b, c). Vegetation richness, TN and the
K/Al ratio had the strongest effects on bacterial richness, evenness and LCBD, with relative importance
values of 16.1%, 12.5% and 11.6%, respectively (Figs. 3e, f, g). The moisture index (GSP/AccT ratio) was
the most important explanatory factor, explaining over 17.6% variation of microbial community
composition represented by the first axis of PCoA (PCoA1), followed by MAT and MAP (Figs. 3d, h).
Microbial richness, evenness and LCBD at the phylum level were driven by different variables. For
richness, Tmin, PMD, pH, vegetation richness and TP were the most important predictors, explaining
15.7%, 27.3%, 18.1%, 32.6% and 45.3% of the variation in Acidobacteria, Betaproteobacteria,
Gemmatimonadetes, Firmicutes and Cyanobacteria, respectively (Fig. S16). For evenness, Tmin, pH and
slope were the primary drivers, explaining 21.5%, 48.7% and 56.8% of the variation in Deltaproteobacteria,

Gammaproteobacteria and Crenarchaeota, respectively (Fig. S17). For LCBD, MTCM and slope had the
strongest effects on Actinobacteria and Crenarchaeota, with relative importance values of 14.3% and
25.8%, respectively (Fig. S18).
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Temperature and precipitation exerted considerable indirect effects on microbial richness and evenness
through local and energy variables, whereas temperature directly influenced microbial LCBD and PCoA1.
The total effects of temperature were larger than those of precipitation in explaining the variations in
microbial evenness, LCBD and PCoA1 (Figs. 4, S19). Local and energy variables had direct effects on
microbial alpha and beta diversity (R > 0.22) (Fig. 4). For archaea, the final SEMs explained 20.9%, 29.1%,
37.8% and 65.1% of the variation in richness, evenness, LCBD and PCoA1 (Figs. 4a-d), respectively.
Temperature had a larger indirect influence on microbial evenness, LCBD and PCoA1 than precipitation,
with R values over 0.22 and 0.07 (Table S6). Temperature had direct effects on archaeal LCBD and
PCoA1, with R values of 0.24 and 0.37 (P༜0.05), respectively (Figs. 4c, d). For bacteria, the final SEMs
explained 15.1%, 54.7%, 67% and 78.5% of the variation in richness, evenness, LCBD and PCoA1 (Figs. 4eh), respectively. Temperature had a larger indirect influence on microbial alpha and beta diversity than
precipitation, with R values over 0.2 and 0.07 (Table S6), respectively. Temperature had significant
(P༜0.05) direct effects on bacterial LCBD and PCoA1, with R values over 0.39.
Such effects of climate, energy and local variables were further statistically supported by linear or
quadratic regression analysis (Fig. S13), Mantel’s test (Fig. S14) and variation partitioning analysis (Fig.
S15). For instance, DON, MAT, TP and PMD were the most important drivers of archaeal richness,
evenness, LCBD and PCoA1 (P༜0.05), with R2 values of 0.12, 0.18, 0.26 and 0.42, respectively. PSCV, the
first PCA axis of metal variables (metal.pc1), MTCM and TP were the most important drivers of bacterial
richness, evenness, LCBD and PCoA1, with R2 values of 0.05, 0.30, 0.51 and 0.70 (P༜0.05), respectively
(Fig. S13). The microbial communities were most significantly correlated with the GSP/AccT ratio (R >
0.37, P < 0.01) (Fig. S14). Variation partitioning analyses showed that the combined effects of climate,
energy and local variables explained over 18% of the variation in microbial LCBD and PCoA1, whereas the
effects of these three groups of variables explained only slightly over 3% of the variation in microbial
richness and evenness. Climate variables showed pure effects larger than local and energy variables in
explaining microbial LCBD and PCoA1 (Fig. S15).

4. Discussion
Temperature and precipitation have been suggested to shape soil microbial biodiversity along
environmental gradients [47–48]; however, their joint influence on the elevational patterns of soil
microbes has rarely been reported. Here, we tested the hypotheses that microbial alpha and beta diversity
are mainly constrained by precipitation at low elevations but by low temperature at high elevations,
resulting in hump-shaped and U-shaped elevational patterns associated with the combination of
temperature and precipitation in alpine grasslands in semiarid regions. We found clear elevational
patterns of species richness, evenness, LCBD and the community composition, which were primarily
explained by the moisture index, representing the combination of temperature and precipitation.
Furthermore, temperature had considerable direct and indirect effects on microbial alpha and beta
diversity, while precipitation exerted relatively minor and indirect effects. Overall, these results supported
our hypotheses and further suggested that the response of microbial alpha and beta diversity to
Page 9/22

temperature and precipitation may vary with elevation because of elevational shifts in temperature and
precipitation limiting microbial growth.

4.1. Elevational patterns of microbial community
biodiversity
Microbial alpha and beta diversity can provide different insights into elevational diversity patterns [36,
49]. Soil microbial alpha diversity has shown decreasing (34%) or nonsignificant (33%) elevational
patterns in meta-analyses [50]; however, species richness showed nonsignificant (36.4%) and decreasing
(21.2%) elevational patterns in our literature review, which was in line with 35% and 30% of the cases
showing nonsignificant and decreasing elevational patterns, respectively [36]. These results
demonstrated that a decreasing or nonsignificant pattern was probably a feature of the microbial alpha
diversity elevational pattern [3]. Furthermore, the differences in the distribution of elevational diversity
indicate the importance of considering habitat differences associated with different combinations of
temperature and precipitation [21].
The declining elevational patterns of archaeal richness were consistent with the genes of soil ammoniaoxidizing archaea identified within the same elevational gradient [51], although the maximum diversity of
soil archaea was found at mid-elevations [52]. Bacterial richness showed a nonsignificant elevational
pattern in alpine grasslands, which was consistent with previous studies; for instance, 25.0% and 55.6%
of the studies showed nonsignificant elevational patterns among D-D and D-H elevational patterns of
temperature-precipitation, respectively. The diversity patterns of the dominant phyla contributed
significantly to the whole community pattern; thus, U-shaped (36%) and hump-shaped (29%) patterns for
bacterial phyla contributed to a nonsignificant pattern of whole bacterial richness. These phylum patterns
were also in line with hump-shaped and U-shaped elevational patterns in places where precipitation
followed a hump-shaped elevational pattern [7, 53]. However, the U-shaped elevational pattern of bacterial
evenness contrasted with increasing, decreasing and nonsignificant patterns of stream bacterial
evenness reported along multiple mountainsides across Asia and Europe [36]. When we scaled down to
the phylum level, most of the phyla (> 58%) showed significant U-shaped and hump-shaped elevational
patterns of evenness, which have rarely been documented [15]. For LCBD, the whole archaeal and
bacterial communities and their phyla exhibited a consistent U-shaped pattern, suggesting that such
pattern is probably a general feature of the elevational pattern of microbial beta diversity [15, 54], mainly
because of the greater uniqueness of the community composition at both ends of the elevational
gradient [38]. The microbial community composition was significantly affected by elevation, which was
in line with previous findings [5, 55, 56].

4.2. Underlying mechanisms of microbial biodiversity
Despite the increasing attention given to the elevational biodiversity patterns of microbes, the joint effects
of temperature and precipitation on microbial biodiversity patterns have not been well studied.
Temperature and precipitation put restrictions on how many species can survive at different elevations;
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i.e., temperatures or precipitation levels determine the minimum and maximum niches within which a
species can survive or restrict species productivity, which in turn limits the total number of individuals
[57–58]. The alpha and beta diversity of flora and fauna along elevational gradients are commonly driven
by temperature and precipitation in arid and semiarid ecotones or environments [59–60]. We found that
the moisture index, representing the combination of temperature and precipitation, was the primary driver
of the microbial community composition. To the best of our knowledge, this is the first report indicating
that the interactions of temperature and precipitation exert a profound influence on microbial beta
diversity along elevational gradients. Furthermore, the lowest values of the U-shaped LCBD pattern
occurred at mid-elevations (4,700-4,900 m) (Fig. 2), where the relationship between the moisture index
and LCBD showed a transition (Fig. S11). Thus, interactions of temperature and precipitation at midelevations may support more similar microbial communities, thereby shaping U-shaped elevational
patterns of LCBD, which contrasts with findings showing that temperature alone drives the elevational
patterns of stream bacteria, diatoms and macroinvertebrates along six elevational gradients [54]. One
possible reason for the contrasting results between the two studies on microbes could be habitat
differences. Furthermore, mid-elevations (4,700-4,900 m) are transition ecotones of soil nutrient
availability and vegetation under a temperature-precipitation regime, which may also impact microbial
beta diversity [61].
In our study, MAT and MAP were both found to be the main drivers of the soil microbial community
composition, in accord with the metabolic theory of ecology [23–24], the productivity-diversity hypothesis
and the water availability hypothesis [62]. This result was consistent with those of earlier reports on the
stream microbial community composition driven by mean temperature and mean precipitation along
elevational gradients in Norway, Spain and China [63]. However, precipitation was shown to be the
primary factor shaping bacterial community structure along the same elevational gradient according to
terminal restriction fragment length polymorphism analysis [64]. The microbial community composition
is dependent on the long-term development of near-ground temperature and soil moisture regimes [19].
Thus, long-term (2007–2013) climate data with a high temporal and spatial resolution could precisely
reveal the impacts of temperature and precipitation on the microbial community, which may explain the
inconsistent results of different articles.
Climate has direct and indirect effects on microbial diversity [65]. However, temperature both directly and
indirectly influences microbial alpha and beta diversity, which has rarely been reported [49, 66]. With
increasing temperature, vegetation richness increases and soil pH decreases, indirectly influencing
microbial richness [67]. For microbial LCBD and the microbial community composition, the direct effects
of temperature were dominant, mainly explained by temperature impacting microbial metabolism rates
and growth rates [8]. The larger total effects of temperature than precipitation in explaining variations in
microbial alpha and beta diversity were in line with reports of plant and animal diversity along an
elevational gradient [68]. Precipitation can directly influence the microbial community through shifts in
osmotic pressure and resource availability, which can induce responses related to microbial physiological
stress, growth and metabolic activity [69]. Thus, precipitation deficits can limit soil microbe growth and
activity by inhibiting the diffusion of nutrients and carbon substrates in soil samples [70]. Our results
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clearly indicated that precipitation exerted an indirect effect on microbial alpha and beta diversity via
local environmental and energy supply-related variables, such as vegetation richness. Changes in
precipitation or evapotranspiration influence vegetation types, soil pH and other soil characteristics,
especially in arid and semiarid environments [2, 71]; thus, precipitation has a considerable indirect impact
on microbial alpha and beta diversity.
In addition to the main effects of temperature and precipitation, local and energy variables played a
secondary role in shaping diversity patterns. Soil pH was the main driver of the richness, evenness and
LCBD of archaea, which was in line with previous studies in soil bacteria [64, 72, 73]. However, the finding
that soil pH had a minor impact on bacterial alpha and beta diversity was unexpected. Soil pH is an
integrated functional index related to soil characteristics [74] that imposes physiological stress on
individual growth and the microbial distribution [75]. Archaea inhabit more restricted ecological niches,
which may make them more sensitive to soil pH variations along elevational gradients than bacteria [76].
Vegetation is the key driver of soil microbial diversity through the alteration of soil nutrient cycling [77–
78]. For instance, plant diversity exerts a substantial influence on soil bacterial beta diversity [79].
Vegetation richness was found to have the strongest impact on bacterial richness, which was in line with
previous studies [80–81] and in accord with the productivity hypothesis, which emphasizes the positive
effect of resources on species diversity [9, 58]. Higher-diversity plant communities are composed of more
diverse leaves and roots, and the release of more diverse root exudates can promote soil microbial
diversity [82]. For instance, the diversity of soil bacteria peaks under conditions of high phosphorus
availability but relatively low total carbon levels [83]. Vegetation richness showed significant positive
relationships with TP and TOC (Fig. S4). Furthermore, vegetation richness and bacterial richness showed
a nonlinear relationship (Fig. S12). These results indicated that energy variables were limiting factors for
bacterial richness. The unexplained variations (> 85%) in microbial richness may have been caused by
unmeasured environmental factors or biological factors [84]. It was further concluded that the elevational
patterns of the alpha and beta diversity of microbial phyla were driven by distinct variables largely due to
niche differentiation among taxa along elevational gradients [15]. For instance, the richness of

Acidobacteria showed a decreasing elevational pattern and was strongly correlated with temperature,
which was consistent with Bryant’s findings [85].

5. Conclusions
Our literature analysis revealed that soil species richness is dominated by a nonsignificant elevational
pattern, followed by significant decreasing patterns under different combinations of temperature and
precipitation. Furthermore, archaeal richness and evenness exhibited decreasing elevational patterns,
while bacterial richness and evenness showed nonsignificant and U-shaped elevational patterns,
respectively. The LCBD values of both microbial groups and most phyla (12/14) showed significant Ushaped elevational patterns, and the lowest values were found at mid-elevations. The variations in
species richness, evenness and LCBD were primarily explained by local environmental variables or energy
variables, such as soil pH, K/Al, TN and vegetation richness, while the community composition was most
strongly explained by the moisture index, followed by MAT and MAP. Our results also highlighted that
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temperature exerted considerable direct and indirect effects on microbial alpha and beta diversity, while
precipitation exerted relatively minor and indirect effects. Overall, these results suggested that
temperature, precipitation and their interactions profoundly influence microbial beta diversity along
elevational gradients in alpine grasslands in semiarid areas.
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Figure 1
Sampling maps, Whittaker biome of sampling sites and hypothesized mechanisms for microbial
communities. (a) Sampling sites with a nested design on Nyainqentanglha Mountain, Tibet. This
elevational gradient extends across the alpine steppe and meadow ecosystems. (b) The mean annual
temperature (MAT) and mean annual precipitation (MAP) of the sampling sites were projected onto the
Whittaker biome plot. (c) Conceptual model showing hypothesized relationships among temperature,
precipitation, local and energy variables and microbial diversity. The abbreviations for the environmental
variables and their groups are listed in Table S4. Alpha or Beta div: microbial alpha or beta diversity.
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Figure 2
Elevational patterns in microbial community biodiversity. Species richness (a), evenness (b) and the local
contribution to beta diversity (LCBD, c) were considered in the archaeal or bacterial communities and their
phyla. The abbreviations for the phyla are listed in Table S2. A linear or quadratic model was selected
based on the lower value of Akaike’s information criterion. The biodiversity trends of the whole archaeal
and bacterial communities are presented with bold red and black lines, respectively, and the trends of
phylum biodiversity are shown with fine coloured lines. The solid and dotted lines represent significant (P
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＜0.05) and nonsignificant (P＞0.05) results, respectively. Principal coordinate analysis (PCoA) plots of the
composition of archaea (d) and bacteria (e). MAT and MAP of the sampling sites are shown in PCoA
plots. The contours in grey indicate linear relationships between PCoA ordination values and elevations.
ACI: Acidobacteria; ACT: Actinobacteria; ARM: Armatimonadetes; BAC: Bacteroidetes; CHF: Chloroflexi;
CRE: Crenarchaeota; CYA: Cyanobacteria; FIR: Firmicutes; GEM: Gemmatimonadetes; NIT: Nitrospirae;
PLA: Planctomycetes; PRO: Proteobacteria; VER: Verrucomicrobia.

Figure 3
Relative importance of environmental variables for archaeal and bacterial richness (a, e), evenness (b, f),
LCBD (c, g) and PCoA1 (d, h). Relative importance was determined through random forest analysis
including three groups of predictors: climate, energy and local variables. The abbreviations for the
environmental variables and their groups are listed in Table S4.
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Figure 4
Structural equation models of archaeal and bacterial richness (a, e), evenness (b, f), LCBD (c, g) and
PCoA1 (d, h). The environmental variables included four groups of predictors: temperature, precipitation,
energy and local variables. R2 denotes the proportion of variance explained for endogenous variables.
Blue and red arrows indicate positive and negative relationships, respectively. Arrow widths and
accompanying numbers represent the standardized path coefficients of the modelled relationships (*P <
0.05, **P < 0.01, ***P < 0.001). Composite and observed variables are indicated in ovals and rectangles,
respectively. More details on the model fit are summarized in Tables S5-S6. The standardized total
effects are listed in Fig. S19 and Table S7.
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