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Estimating the species richness of microorganisms is of great importance in predicting, maintaining and managing microbial communities. Although the roles of environmental heterogeneity and geographical distance in structuring soil microbial communities have been studied intensively, the effects of environmental and spatial variation on the species richness estimation have not been examined. To this end, we have explored their effects on estimating the belowground soil bacterial species richness within a 50 ha forest dynamic plot (FDP) using a published massive sequencing dataset with intensive sampling scheme. Our resampling analyses showed that, for a given sequencing depth, increasing the sample size could significantly enhance the detection of rare species by capturing more of the environmental and spatial variation, thus obtaining higher observed and estimated species richness. Additionally, the estimates of bacterial species richness were significantly and positively correlated with environmental variation among samples, indicating that environmental filtering was the main mechanism driving the processes of community assembly for belowground soil bacterial communities in the plot. Moreover, this effect of environmental variation could be markedly alleviated when the sample size was higher than 450, and thus we predicted that there were at least 42,866 soil bacterial species based on 8,296,878 sequences from 550 samples in the whole 50 ha FDP. Furthermore, we built a power law environmental heterogeneity equation (EHE) as a decision-tool to determine an approximate sample size for comprehensively capturing the environmental gradient within a given habitat. Collectively, this work further links the inherent environmental and spatial variation to the estimation of soil bacterial species richness within a given region, and provides a useful tool of sampling design for a better understanding of microbial biogeographic patterns and estimation of microbial biodiversity.
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INTRODUCTION

Species richness is a fundamental property of an ecological community, and further is essential for pattern prediction, ecological modeling and theory test in community ecology (MacArthur and Wilson, 1967; Connell, 1978; Stevens, 1989; Hubbell, 2001). Given the profound importance of species richness in sustaining ecosystem function (Maestre et al., 2012) and addressing urgent issues in conservation biology (Groom et al., 2006), how many species coexist within a given locality or, indeed, on Earth has remained a central theme in ecology (May, 1988). However, to answer this question in an extraordinary diverse natural community, exhaustedly counting every single species is seemingly an endless work. Therefore, model-based estimation of species richness according to the observed abundance and/or incidence data derived from field surveyed samples is necessary. Under this framework, by using the worldwide biological inventories, the number of tree species in tropical region has recently been estimated to fall between 40,517 and 53,345 (Slik et al., 2015), and the mean global estimates of beetles, insects and terrestrial arthropods are 1.5, 5.5, and 6.8 million, respectively (Stork et al., 2015). Nevertheless, little is known about the species richness of microorganisms, which represent a large proportion of Earth’s biodiversity (Whitman et al., 1998) and are the key contributors to ecosystem function (Bell et al., 2005).

Soil is the most important terrestrial habitat on Earth, and soil bacteria play critical roles in driving various ecological processes and biogeochemical cycles (Hogberg et al., 2001; Kowalchuk and Stephen, 2001; Rillig and Mummey, 2006). However, estimating the bacterial species richness is particularly challenging because of their enormous diversity and number of individuals [e.g., soil on Earth contains an estimated 2.6 × 1029 prokaryotic cells (Whitman et al., 1998)]. By using culture-independent approaches (e.g., clone library inventory and high-throughput sequencing of 16S rRNA gene), estimating the number of operational taxonomic unit (OTU) at 97% sequence similarity is the most typically and widely used strategy to proximately measure the bacterial species richness (Rosselló-Mora and Amann, 2001; Gevers et al., 2005; but see other similarity thresholds in Yarza et al., 2014), and recent studies have attempted to estimate the number of bacterial OTUs from different soil habitats such as grassland, agriculture land and sediment (Hughes et al., 2001; Curtis et al., 2002; Bohannan and Hughes, 2003; Kemp and Aller, 2004; Hong et al., 2006; Schloss and Handelsman, 2006; Roesch et al., 2007; Youssef et al., 2009). The estimates of bacterial OTU richness across these soil samples range from a few dozens and hundreds (Hughes et al., 2001; Bohannan and Hughes, 2003; Kemp and Aller, 2004) to thousands and tens of thousands (Curtis et al., 2002; Hong et al., 2006; Schloss and Handelsman, 2006; Roesch et al., 2007; Youssef et al., 2009). However, little research has explored the underlying mechanism accounting for this uncertainty on estimating the bacterial OTU richness.

Increasingly, microbial biogeographic studies have documented that both niche-based environmental processes and dispersal-based spatial processes structure soil bacterial assemblages (Horner-Devine et al., 2004; Ramette and Tiedje, 2007; Ranjard et al., 2013), indicating a heterogeneous distribution of bacterial OTUs within a given region. This non-random distribution of bacterial OTUs is largely due to their fitness differences that influenced by the environmental adaptation of soil physicochemical properties such as pH (Fierer and Jackson, 2006) and C/N ratio (Bates et al., 2011), and/or their dispersal limitation that caused by the limited dispersal ability and geographic barriers (Martiny et al., 2011). Although the importance of these two ecological processes in structuring the bacterial distribution patterns have been well studied, their effects on the estimates of bacterial OTU richness are largely unknown, implying that adequately capturing these inherent environmental and spatial variation is helpful to fill this knowledge gap and may obtain a more reliable estimate of total bacterial species richness within a given region (i.e., gamma diversity). However, previous estimates are mainly the quantification of bacterial alpha diversity with only a single (Schloss and Handelsman, 2006; Roesch et al., 2007) to dozens of samples (Kemp and Aller, 2004), and this insufficient sampling makes the reliable estimation of gamma diversity for a given area an impossible task. Additionally, the species abundance distribution curves of bacterial communities usually show a pattern that a steep slope upward to the left (Hong et al., 2006; Bunge et al., 2014), indicating that a large fraction of OTU richness is contributed by rare OTUs with low abundance. However, most of these rare OTUs can only be detected occasionally in a few samples even if high-throughput sequencing strategies are applied in diversity surveys of microbial communities (Nemergut et al., 2011). This implies much stronger effects of environmental and spatial variation on the distribution of these rare species, emphasizing the necessity of intensive sampling scheme for the accurate estimation of bacterial gamma diversity.

Here, to explore the effects of environmental and spatial variation on estimating soil bacterial OTU richness, we reanalyzed the published massive 16S rRNA gene (V4 hypervariable region) sequencing dataset of belowground soil bacterial communities in a 50 ha FDP located in Barro Colorado Island (BCI), Panama (Barberán et al., 2015), and performed three resampling analyses to show their effects by statistically controlling the sequencing depth and/or sample size (see detailed methods below). Specifically, 550 soil samples that uniformly distributed throughout the plot were previously collected with detailed records of the soil environmental properties and the spatial coordinates. This intensive sampling design comprehensively captures the environmental and spatial variation in this plot, making it an ideal system for addressing our scientific questions. Our results indicated that the observed and estimated soil bacterial gamma diversity were significantly affected by environmental variation among samples. While the intensive sampling scheme could markedly alleviate this effect, providing a more reliable estimate of soil bacterial gamma diversity in the 50 ha plot. Furthermore, we built an environmental heterogeneity equation (EHE) according to the power law function, E = cSz, to describe the relationship between the sample size (S) and the captured environmental gradient (E), and demonstrated that this equation is a useful decision-tool for sampling design.

MATERIALS AND METHODS

Data Collection

Among the 63 FDPs within a global monitoring network called the Center for Tropical Forest Science-Forest Global Earth Observatory (CTFS—ForestGEO)1, the BCI plot is the first established FDP and the aboveground plant species richness, spatial distribution of stems and soil nutrients in this plot have been studied intensively (Condit et al., 2000; John et al., 2007). It has been reported that there are approximately 258 plant species for all trees ≥ 1 cm diameter at breast height (DBH) in the 50 ha BCI plot (John et al., 2007). A recent study has further found that the taxonomic and phylogenetic beta diversities of belowground soil microbial communities were strongly correlated with those of aboveground plant communities in this plot (Barberán et al., 2015). The massive sequencing dataset in this study has provided a comprehensive profile of belowground soil microbial communities and it is publicly available in FigShare2.

Detailed information about sampling scheme, sequence processing and methods of measuring soil environmental variables were described previously (Barberán et al., 2015). The pH value of the soil samples vary from 4.6 to 7.6, and a wide range of gradient was also found for other environmental variables in this plot (Supplementary Table S1). A total of 573 samples were sequenced to assess the belowground soil bacterial communities, the number of bacterial sequences per sample varies several orders of magnitude, from 3 to 29,953. Therefore, to reduce the potential sequencing biases among samples, samples with extremely low or high number of sequences were discarded and then leaving a total of 550 samples for the subsequent analyses. As a consequences, 8,296,878 bacterial quality sequences were generated by the Illumina Miseq platform, with a range of 8,434 to 21,531 sequences per sample.

Selection of Best Estimators of Soil Bacterial OTU Richness

A series of non-parametric and parametric estimators were used to estimate bacterial OTU richness. In our analyses, abundance-based non-parametric estimators included Chao1 (Chao, 1984) and abundance-based coverage estimator (ACE; Chao and Lee, 1992), while incidence-based non-parametric estimators included Chao2 (Chao, 1987) and incidence-based coverage estimator (ICE; Lee and Chao, 1994). Jackknife1 (Burnham and Overton, 1979) and Jackknife2 (Burnham and Overton, 1979) non-parametric estimators could be calculated by using both abundance-based (Jackknife1ab and Jackknife 2ab) and incidence-based (Jackknife1in and Jackknife2in) data. All these non-parametric estimators and their corresponding 95% confidence intervals (CI) were calculated using the Species Prediction and Diversity Estimation (SPADE; Chao and Shen, 2010). In addition, bacterial OTU richness can also be estimated by fitting species abundance distribution (SAD) to parametric models. Five functions including Poisson, single exponential and finite mixtures of two, three and four exponentials were used to fit the frequency distribution of bacterial OTUs using CatchAll (version 4.0; Bunge et al., 2012), and the best model was selected following the criteria of CatchAll to estimate the OTU richness and the 95% CI.

To select the statistically best estimator, we estimated the OTU richness of a randomly selected dataset of 495 samples (covering 90% of all samples) using these non-parametric and parametric estimators, and then compared the estimates with the observed OTU richness based on the total dataset of 550 samples. The log10 scale of this deviation was termed as the log error of extrapolation (Dengler, 2009; Basset et al., 2012). This calculation was repeated 100 times and the estimator with the lowest mean log error of extrapolation was chose as the statistically best estimator (Dengler, 2009; Basset et al., 2012). Tukey’s Honestly Significant Difference (HSD) test was used to determine the differences of log error of extrapolation among different estimators at P < 0.05.

Resampling Analyses

In order to explore the effects of environmental and spatial variation on the estimation of soil bacterial OTU richness, we conducted three resampling analyses.

Resampling Analysis 1

We hypothesized that the increase in sample size could reflect and capture more environmental and spatial variation and enhance the detecting ability of rare species, which consequently increasing the observed and estimated species richness even if the overall sequencing depth remained consistent. To test this, we ranked our samples according to their sequencing depth, and randomly selected 10 of the top 30 most sequenced samples and 20 of the top 30 least sequenced samples to make two comparable sub-datasets with different sample size but similar sequencing depth, and then repeated this 100 times. We performed the statistical comparisons of the number of rare OTUs (here defined as the OTUs with relative abundance lower than 0.1% across all samples), the observed and estimated OTU richness between these two sub-datasets by t-test (R Core Development Team, 2015).

Resampling Analysis 2

If the hypothesis in Resampling analysis 1 was correct, we further examined that whether the effects of environmental and spatial variation on number of rare OTUs and the observed and estimated OTU richness for bacterial communities were different. For this purpose, we randomly selected 20 samples from the total dataset and repeated this 1,000 times. For each sub-dataset, we calculated the number of rare OTUs and the observed and estimated OTU richness, respectively. Since soil pH is previously reported as the major environmental property structuring the diversity and composition of soil bacterial communities in this plot (see Figure 1 in Barberán et al., 2015), the mean values of pairwise Euclidean distances of pH and spatial coordinates were used to assess environmental and spatial variation among samples for each sub-dataset, respectively. Multiple linear regression analyses were performed to assess the effects of environmental and spatial variation as well as the sequencing depth on the numbers of rare, observed and estimated OTUs, respectively. Then partial residuals plots were used to examine their independent effects when all other variables in the multiple regression models are statistically controlled for.

Resampling Analysis 3

If hypotheses in Resampling analysis 1 and 2 were supported, we finally attempted to explore that whether these effects of environmental and spatial variation on the estimated OTU richness could be alleviated by intensive sampling scheme. To this end, we randomly selected samples from 550 soil samples according to a series of sampling levels (i.e., 10, 20, 50, 100, 150, etc.). For each sampling level, we calculated the estimated OTU richness and mean values of pairwise environmental and spatial distances as mentioned in Resampling analysis 2, and repeated this 1,000 times. We performed the partial Mantel test to show the correlation between the differences of estimated bacterial OTU richness and the differences of environmental or spatial variation among this 1,000 sub-datasets when other variables were controlled for. Then we plotted the changes of correlation coefficient (r) and statistical significance (P-value) along the gradient of sampling levels.

Estimate of Soil Bacterial OTU Richness within the 50 ha Plot

We finally aimed to provide a more reliable estimate of soil bacterial OTU richness within this 50 ha FDP, because the effect of environmental variation was demonstrated to be alleviated using this intensive sampling design (see Results). The Jackknife1ab estimator was found as a statistically best estimator in this study (see Results) and used for estimating the total number of soil bacterial OTU richness. Although singletons were necessary for the calculation of Jackknife1ab estimator (Burnham and Overton, 1979), they were removed during sequences processing in previous study (Barberán et al., 2015). Therefore, the number of singletons was re-estimated based on the number of doubletons, tripletons and quadruplets following the recently developed method (Chiu and Chao, 2016).

Environmental Heterogeneity Equation (EHE)

In this study, we hypothesized that increasing sampling effort can capture more environmental variation and thus enhance the probability of detecting a wider gradient of environmental properties (i.e., a greater difference between maximum and minimum values), which representing a larger niche range that available for more species to coexist. Indeed, our results demonstrated that the soil bacterial species richness was significantly affected by and positively related to the environmental variation of soil pH, while intensive sampling scheme could alleviate this effect (see Results). This highlights the importance of measuring how the captured environmental gradient responses to the sample size and determining the appropriate sample size.

For this purpose, we randomly selected sub-datasets from all 550 soil samples with a step-length of 10 samples (i.e., 10, 20, 30, etc.), and repeated this 100 times. We calculated the averages of environmental gradient (i.e., difference between maximum and minimum values of soil pH) for every sampling levels and plotted them against the sample size and fitted a curve (“nls” function in R) named EHE according to the power law function, E = cSz, to describe the relationship between the sample size (S) and the captured environmental gradient (E). Furthermore, we randomly reduced the total dataset to 200, 100, and 50 samples, respectively, to test whether this EHE is sensitive to the total dataset. Additionally, we simulated a more homogenous (pH range ≤ 1) dataset of 550 samples with the same mean pH value (pH = 5.8; Supplementary Table S1) of original dataset to test whether this EHE is sensitive to the extent of environmental heterogeneity.

The tangent slope of this EHE represents the derivative of EHE, suggesting that the captured environmental heterogeneity is asymptotic to the upper bound value when the tangent slope is closed to 0. Therefore, we finally explored the changes of tangent slope across sample size to determine an approximate sample size for broadly capturing the environmental gradient and estimating the bacterial species richness within habitat.

RESULTS

Observed OTU Richness and the Best Estimator of Soil Bacterial OTU Richness

In total, 33,242 bacterial OTUs were identified at the 97% sequence similarity level across all the 550 soil samples. The number of bacterial OTUs per sample varied from 794 to 3,632, with an average of 2,578 ± 431 (mean ± SD). Results of Tukey’s HSD test showed that non-parametric Jackknife1ab estimator was statistically the best for estimating the soil bacterial OTU richness, with the lowest mean log error of extrapolation among all the estimators (Figure 1). The advantage of Jackknife estimator is its assumption of inequality in the detection probabilities among species, while other non-parametric estimators suppose that species can be detected equally (Burnham and Overton, 1979). This advantage meets the fact that the detecting probability of rare OTUs is lower than that of abundant OTUs even though the high-throughput sequencing technologies are applied (Nemergut et al., 2011; Lynch and Neufeld, 2015). Moreover, the Jackknife estimator has been shown to perform well in previous simulation studies (Pollock and Otto, 1983; Norris and Pollock, 1996) and the Jackknife1 estimator was found to perform better than the Jackknife2 estimator with respect to the precision of species richness estimation (Palmer, 1990, 1991; Walther and Morand, 1998).
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FIGURE 1. Log error of extrapolation of different estimators for bacterial OTU richness. Error bars are the standard deviations of the 100 randomly selected datasets and letters refer to Tukey’s HSD test grouping. See Section “Materials and Methods” for the abbreviations of estimators.



Effects of Environmental and Spatial Variation on Estimating Soil Bacterial OTU Richness

Among the 1,000 replicates in Resampling analysis 1, the overall sequencing depths of the two sub-datasets (i.e., less sample size with more sequences per sample vs. greater sample size with less sequences per sample) remained consistent (205,446 ± 1,371 vs. 205,815 ± 2,558, t-test, P = 0.21). However, the number of rare OTUs as well as the observed and estimated OTU richness were significantly higher (P < 0.05) in the sub-dataset with greater sample size (Figure 2). This result demonstrated our hypothesis that with similar number of microbial individuals (i.e., sequences), increasing sample size could significantly enhance the detecting ability of rare OTUs, suggesting that capturing more of the environmental and spatial variation would obtain higher observed and estimated OTU richness.
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FIGURE 2. Statistical comparisons of two sub-datasets in Resampling analysis 1. The number of sequences, rare, observed and estimated OTUs between the two sub-datasets were compared by t-test. The asterisks above bars indicate significant difference at P < 0.05.



Subsequently, we performed Resampling analysis 2 to examine that whether environmental and spatial variation had different effects on estimating bacterial OTU richness. Partial residuals plots showed that when spatial variation and number of sequences in the multiple regression models were statistically controlled, environmental variation among samples revealed a significant and positive effect on the number of rare OTUs as well as the observed and estimated OTU richness of bacterial communities, without significant effect of spatial variation (Figure 3 and Supplementary Table S2). These results implied that the diversity pattern of belowground soil bacterial communities was driven by environmental heterogeneity in the plot.
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FIGURE 3. Partial residuals plots show the independent effects of environmental and spatial variation on estimating the bacterial OTU richness. These plots show the effect of a given independent variable when all others in the models are controlled for. (A,B) The effects of environmental and spatial variation on number of rare OTUs. (C,D) The effects of environmental and spatial variation on observed OTU richness. (E,F) The effects of environmental and spatial variation on estimated OTU richness.



Finally, we performed Resampling analysis 3 to explore whether sufficient sampling could alleviate the effect of environmental variation on the estimated soil bacterial OTU richness. Partial Mantel tests along the gradient of sampling levels showed that, when the sampling levels were lower than 450, the differences of estimated bacterial OTU richness among the 1,000 replicates were significantly and positively correlated with the corresponding differences of environmental variation (Figure 4). Expectedly, the correlation coefficient decreased with the increase of sampling size and became non-significant when the sampling levels were higher than 450 (Figure 4), indicating that the effect of environmental variation on estimating bacterial OTU richness could be markedly alleviated by intensive sampling in this study.


[image: image]

FIGURE 4. The effects of environmental and spatial variation on estimate of bacterial OTU richness across sampling levels. Solid and open symbols are significant and non-significant correlations, respectively. At each sampling level, the correlation between difference of estimated bacterial OTU richness and difference of environmental variation among the 1,000 sub-datasets was calculated when the differences of both spatial variation and sequencing depth were controlled for. Error bars are 95% CI.



Estimate of Soil Bacterial OTU Richness within the Plot

Since the non-parametric Jackknife1ab estimator has the merit of providing a lower-bound estimate of species richness (Gotelli and Colwell, 2001), we finally predicted that the most likely lower-bound estimate of bacterial OTU richness was 42,866 (95% CI = 42,676, 43,063) in the entire 50 ha plot.

Building the EHE

Consistent with our hypothesis, the EHE suggests that more environmental variation could be captured with the increase in sampling effort, and thus a wider environmental gradient (i.e., greater pH range) could be detected (Figure 5A). A power law function was fitted to the data points of 550 samples as a specific EHE550 (i.e., black line in Figure 5A), revealing that the relationship between sample size (S) and captured environmental gradient (E) followed E = 1.26 × S0.14. The tangent slope of this EHE550 was closed to 0 when the sample size was greater than about 450 (Figure 5B), suggesting that the captured environmental gradient was asymptotic to the upper bound value (Figure 5A). Similar coefficients of the EHE and trend of their tangent slopes were found among different total datasets with 200, 100, and 50 samples, implying that the EHE of a given region is insensitive to the number of samples in total collected dataset (Figure 5). Comparatively, the z value of the EHE using a simulated more homogenous (pH gradient ≤ 1) dataset was much smaller, and its tangent slope decreased dramatically, showing that only an approximate sample size of 100 was sufficient to capture the environmental gradient in this homogenous habitat (Figure 5). These results suggested that the EHE could well describe the environmental heterogeneity of a given habitat, and serve as a decision-tool to determine the appropriate sample size for broadly capturing the environmental gradient and thus providing a reliable estimate of bacterial species richness.
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FIGURE 5. Environmental heterogeneity equation (EHE) and the change of its tangent slope across sample sizes. (A) Theses data were fitted by a power law function and these EHE describe the relationship between number of samples and captured environmental gradient (i.e., range of soil pH in this study). Black, red, blue, and yellow lines denote the EHE when the total dataset is 550, 200, 100, and 50 samples, respectively. Green line describes the EHE of our simulated homogenous dataset with narrower pH range. The c and z values denote the coefficients of power law EHE (E = cSz). (B) The tangent slopes across sample sizes represent the derivative of EHE. Stars indicated the approximate sample sizes when the slope was closed to 0.



DISCUSSION

Estimating the microbial species richness has always been a scientific question of great interest. Answering this question is challenging but critical in assessing biodiversity on Earth and its contribution to ecosystem function and stability. By using the scaling laws of biodiversity that is originally found in communities of plants and animals, a recent study has addressed this question based on the sequencing datasets that collected across different ecosystems, and has predicted that there are one trillion microbial species on Earth (Locey and Lennon, 2016). However, this estimate may be renewed since it is expected that the estimate of microbial species richness will keep on rising in the future due to the rapid improvement of sequencing depth and reads length (Bunge et al., 2014). Additionally, although the importance of environmental heterogeneity and geographical distance in structuring soil bacterial communities has been demonstrated in microbial biogeographic studies (Fierer and Jackson, 2006; Green and Bohannan, 2006), how they affect the estimates of bacterial species richness has rarely been explored. Therefore, instead of conducting ultra-deep sequencing to provide a more accurate estimate, in this study, we focus on the potential effects of environmental and spatial variation on estimating the total soil bacterial species richness within a given region of 50 ha FDPs, which is largely ignored in previous studies.

By performing resampling analyses to reflect and control the environmental and spatial variation, our findings demonstrate that the increase in sample size can significantly enhance the detection of rare species when holding the total sequencing depth consistent, and therefore increase the observed and estimated species richness. It should be noted that there is a tradeoff between the sample size and the number of sequences per sample for a given total sequencing depth. Specifically, a greater sample size is capable of capturing more of the environmental and spatial variation and detecting more rare species within a given habitat, while the increase in sample size will lead to a reduction in average sequencing depth per sample and a decrease in rare and observed species richness that are detected in each sample. We assume that there is an optimal balance between the sample size and sequencing depth per sample for this tradeoff to obtain the greatest number of rare species and the observed and estimated species richness, although further studies are still needed. Additionally, despite that our work emphasize the importance of comprehensively considering the effects of environmental and spatial variation in soils, previous studies have showed that deep-sequencing a single sample can uncover most of the microbial OTUs in oceans across temporal (Caporaso et al., 2012) and spatial scales (Gibbons et al., 2013). This is likely attributed to the hydrological connections between oceans and the lower turnover rate of microbial taxa in ocean rather than in soil (Zinger et al., 2014), suggesting that the strength of these effects of environmental and spatial variation is dependent on the ecosystem characteristics.

Our resampling analyses further reveal that when the sample size and sequencing depth were statistically controlled, the estimate of bacterial OTU richness is significantly higher with increasing environmental variation among samples, while there is no significant correlation between the estimate and spatial variation. This finding is in line with the previously reported results that soil bacterial diversity and community composition is strongly associated with soil pH variation but weakly correlated with spatial distance in this 50 ha forest plot (Barberán et al., 2015), supporting that environmental filtering is the main mechanism driving the community assembly of soil bacterial communities (Horner-Devine et al., 2004; Ranjard et al., 2013). It has been reported that bacteria can disperse easily within a habitat (Horner-Devine et al., 2004) but is often sensitive to different conditions of soil properties (Fierer et al., 2009; Angel et al., 2010; Rousk et al., 2010), leading to an environment-dependent pattern of diversity and composition of bacterial communities. Thus, higher environmental variation among samples can broaden the niche space that soil bacteria can occupy, especially for rare bacterial species with narrow niche breadth (Barberán et al., 2014; Lynch and Neufeld, 2015), and further provide more resource availability for more diverse bacterial taxa to coexist. In summary, our results suggest that the sampling strategy for estimating soil bacterial species richness should be able to broadly capture the full range of environmental gradient within the habitat.

We finally suppose that the effect of environmental variation can be alleviated by intensive sampling, and our resampling analyses demonstrate this expectation by revealing that the correlation coefficient between differences of environmental variation and differences of estimates decrease and become non-significant with the increase in sampling size. This finding implies that the estimates of soil bacterial species richness in previous studies with limited sample size are largely influenced by the effect of environmental variation and thus underestimated. We suppose that the re-estimated bacterial species richness of the same sites/regions with greater sample size will possibly be higher because more of the environmental variation can be captured. Thus, mathematically quantifying the minimum sample size to alleviate the effect of environmental variation should receive careful attention because it serves as a baseline for designing the sampling and sequencing scheme before estimating soil bacterial species richness. We believe that this value could be a function of area, latitude, environmental and topographical heterogeneity, spatial configuration and community evenness, etc., and fitting this model based on the metadata worldwide will provide a promising opportunity to fill this gap. In this study, we have built an EHE according to the power law function to measure the extent of environmental heterogeneity of a given region by clearly showing the relationship between the sample size and the captured environmental gradient. Specifically, this EHE is insensitive to the total dataset and the environmental heterogeneity can be assessed by single (e.g., pH in this study) or multiple (e.g., principal component) environmental variables. Therefore, a prior measurement of environmental properties using dozens of samples is sufficient to build this EHE, and we recommend that this EHE is a decision-tool to determine the appropriate sample size for the studies of microbial biogeography and species richness estimation.

The remarkable dataset we used in this study represents a good beginning to successfully alleviate the effect of environmental variation on estimating bacterial species richness, and thus ensures a more reliable and comprehensive assessment of biodiversity and distribution pattern of belowground soil bacterial communities in the entire 50 ha plot (Barberán et al., 2015). Similar initiatives are worthy to be implemented in other FDPs around the word to better identify generalizable patterns and interactions between aboveground and belowground communities in the most complex terrestrial habitat, using the sampling and sequencing scheme in current study (Barberán et al., 2015) as a foundation.

CONCLUSION

We have highlighted the significant effect of environmental variation on the estimation of soil bacterial species richness. Further, we have demonstrated that this effect can be markedly alleviated by the intensive sampling scheme, and provided a more reliable and accurate estimate of bacterial OTU richness within a 50 ha FDP. Finally, we have built an EHE as a decision-tool for the sampling design. Except for offering a better description of soil microbial biodiversity, our work has made an important attempt to link the inherent environmental variation to the estimation of soil bacterial species richness within a given area, explaining one of the underlying mechanisms of why the previous assessment of local diversity highly varies in a habitat. Since the measurement of diversity is a starting point for further inquiry of ecological mechanisms (Shade, 2017), this study advances our understanding toward a better sampling strategy for a more reliable and accurate estimation by considering the importance of environmental heterogeneity in maintaining or changing microbial diversity in natural ecosystems.
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