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a b s t r a c t
Due to the massive quantity and broad phylogeny, an accurate measurement of microbial diversity is highly challenging in soil ecosystems. Initially, the deviation caused by sampling should be adequately considered. Here, we
attempted to uncover the effect of different sampling strategies on α diversity measurement of soil prokaryotes.
Four 1 m2 sampling quadrats in a typical grassland were thoroughly surveyed through deep 16S rRNA gene sequencing (over 11 million reads per quadrat) with numerous replicates (33 soil sampling cores with total 141
replicates per quadrat). We found the difference in diversity was relatively small when pooling soil cores before
and after DNA extraction and sequencing, but they were both superior to a non-pooling strategy. Pooling a small
number of soil cores (i.e., 5 or 9) combined with several technical replicates is sufﬁcient to estimate diversities for
soil prokaryotes, and there is great ﬂexibility in pooling original samples or data at different experimental steps.
Additionally, the distribution of local α diversity varies with sampling core number, sequencing depth, and abundance distribution of the community, especially for high orders of Hill diversity index (i.e., Shannon entropy and
inverse Simpson index). For each grassland soil quadrat (1 m2), retaining 100,000 reads after taxonomic clustering might be a realistic option, as these number of reads can efﬁciently cover the majority of common species in
this area. Our ﬁndings provide important guidance for soil sampling strategy, and the general results can serve as
a basis for further studies.
© 2021 Elsevier B.V. All rights reserved.
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no uniﬁed standard scheme for sampling in soil, especially for largescale studies that possess huge space heterogeneity. In contrast, it is
ideal to explore the inﬂuence of different sampling strategies on small
scale, due to low relative heterogeneity and easy to accomplish thorough sampling. In this study, intensive sampling in four 1 m2 quadrats
in a semiarid temperate steppe in northern China was performed. We
focused on a small scale, that is, 1 m2 topsoil, with the aim to create a
guideline for making decisions on which sampling strategies to consider
in order to achieve the best microbial proﬁling. We hypothesize that a
variety of sampling methods commonly applied at present will affect
the measurement of microbial α diversity through replicate type and
number, as well as pooling scheme. To test this hypothesis, the main
objective of this study is to ascertain (i) How sampling strategies, including the numbers of biological replicates (i.e., 5 or 9), tradeoff between the relative number of biological and technical replicates (i.e., 5
biological replicates each technically replicated 7 times, or 9 biological
replicates each technically replicated 4 times), sequencing depth, and
whether pooling soil cores or data affect α diversity measurement, (ii)
What are the minimum requirements to observe the common species
in a local community? We designed a complex nest sampling scheme
containing various different sampling methods, and examined the
values, distributions and taxonomic diversity proﬁles of observed α diversity with these methods.

1. Introduction
Earth is occupied by innumerable microbial species, the majority of
which haven't been fully explored (Amann et al., 1995; Locey and
Lennon, 2016). Recently, high-throughput sequencing technologies applied to environmental DNA have offered unprecedented insights into
this amazing diversity (Roesch et al., 2007). The high volume and accuracy, as well as low-cost, in comparison to traditional culture-based
methods provide these technologies tremendous advantages in covering the richness and abundance of various ecosystems (Bokulich et al.,
2013; Nguyen et al., 2015). Across all ecosystems, soils harbor the
most diverse microbiota from thousands to millions per gram of soil
(Gans et al., 2005; Roesch et al., 2007; Schloss and Handelsman,
2006), and thus its diversity is most difﬁcult to be fully characterized.
While recent advances in PCR-based marker gene technologies and
data analysis have drastically improved our knowledge about soil microbiota, the majority of these microbial species and their overall diversity still remains to be fully uncovered (Delgado-Baquerizo et al., 2018;
Knight et al., 2018).
The deﬁnition of an appropriate sampling strategy is the ﬁrst critical
step of a study as it greatly affects the reliability of the results and the
statistical power of subsequent analyses (Balint et al., 2016). Although
the sampling strategy depends on the biological questions being asked
and objectives being sought, as well as the complexity and similarity
of communities examined (Zhou et al., 2013), it is still urgent to deﬁne
a general reference to improve the detection of microbial species. A recent review of sampling strategies used in metabarcoding studies
pointed out that 95% (71 out of 75 studies) were based on subjective
choices and inappropriate ﬁeld methods, and therefore could not be repeated (Dickie et al., 2018), partly due to the differences in the number
of sampling quadrats, the size of individual samples, and their spatial arrangement among different studies. Sampling methods in microbial
ecology also vary widely depending on the studied habitats.
In soils ecosystems, two types of sampling strategies have been used
in most studies. The ﬁrst strategy, the ﬁve-spot-sampling method, consists of collecting four cores at the corners of a square shaped quadrat
and one core in the center, then pooling and thoroughly mixing the
ﬁve cores as one composite sample to be used for subsequent microbial
analysis (Liu et al., 2019; Wang et al., 2018; Wang et al., 2017b; Wang
et al., 2019). The second method consists of randomly locating several
soil cores from within a deﬁned area and then aggregating them into a
single sample (Wang et al., 2017a; Wang et al., 2015). Few studies
have systematically evaluated the effects of different sampling strategies on the α diversity measurement. As most studies involve ﬁeld sampling, it appears necessary to thoroughly consider various factors
associated with sampling processes, such as the number of sampling
units, the sample locations, the number of replicates (both technical
and biological), and the pooling scheme, on the reproducibility and reliability of results (Dickie et al., 2018; Zinger et al., 2019). In additional
to these factors, which sequencing depth is sufﬁcient to describe microbial community α diversity has been widely discussed, while due to the
cost and technical constrains, the sequencing depth of previous studies
has generally been low (Lundin et al., 2012; Smith and Peay, 2014). This
is also an open question that how many sequences for a sample is
enough to capture common species in soil ecosystems.
Several indexes have been developed to represent α diversity of a
local community, the most popular of which include richness, Shannon
entropy (Shannon, 1948), and inverse Simpson index (Simpson, 1949).
Recently, these indexes have been integrated into the class of diversity
measures called Hill numbers (also called the effective number of species), and this uniﬁed framework has shown a huge advantage in quantifying species diversity (Chao et al., 2014; Hill, 1973). However, there
are relatively few studies drawn on this approach in their diversity surveys (Haegeman et al., 2013; Hu et al., 2019; Kang et al., 2016).
From the above, valid inferences critically rely on robust sampling
techniques, upon which later steps are based. In fact, there is currently

2. Material and methods
2.1. Site description
This study was carried out in a semiarid temperate steppe in Duolun
County (42°02′ N, 116°17′ E, 1324 m a.s.l.), Inner Mongolia Autonomous
Region of China, which belongs to the eastern part of the Eurasian grassland biome. Semiarid steppe accounts for 78% of the total grassland area
in China, playing a vital role in sustaining a variety of animals and plants,
as well as serving the development of the region's socio-economics
(Kang et al., 2007). The study site has been described previously (Liu
et al., 2009; Ru et al., 2018; Yang et al., 2011; Zhang et al., 2017), and
only a brief statement will be given here. This ecosystem is a typical
temperate zone habitat and belongs to semiarid continental monsoon
climate. Long-term mean annual temperature and mean annual precipitation are approximately 2.1 °C and 385.5 mm, respectively. The soil
type in this area is chestnut (Chinese classiﬁcation) or Haplic Calcisols
(FAO classiﬁcation) and mean bulk density is ~1.31 g cm−3. In a
1 × 1 m quadrat, the grass species richness is about 14, and the dominant species are perennials such as Cleistogenes squarrosa, Stipa krylovii,
Allium bidentatum, Artimesia frigida, Agropyron cristatum, and Potentilla
acaulis according to previous study (Yang et al., 2011). There is no history of the use of fertilizers, pesticides or the other amendments in
our surveyed ﬁeld.
2.2. Sampling design
The experiment used a nested design with four individual quadrats
(abbreviate to Q1, Q2, Q3, and Q4) within a 20,000 m transect. Each
quadrat consisted of 33 soil cores/samples of 20 cm in depth and 4 cm
in diameter. The ﬁve central cores were circumscribed circles and the
square surrounding these ﬁve cores represented an area of 0.009 m2.
The diagonal of the ﬁrst square corresponded to the width of a square
of higher dimension delimited by four cores at its corners. The size of
the sampled squares kept expanding until the square width reached
1 m for a total area of 1 m2 that corresponded to the cores 30 to 33
(Fig. 1). For each sample, soil was mixed and sieved on a 2 mm mesh
to remove rocks and roots.
We wanted to test various sampling strategies on α diversity estimations. Hence, for each quadrat, we ﬁrstly performed different soil
pooling strategies before DNA extraction, that consisted of various combinations of biological and technical replicates. Detailed sampling
2
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Overall, each quadrat had 33 + 33 + 35 + 36 + 33 = 170 replicates
in total, including 33 original samples and 137 generated replicates. In
order to simplify the experimental replicates size during our experiments, some replicates could be replaced by others. Speciﬁcally, replicates with treatment C9ER4 from cores 1, 30, 31, 32, 33 with 4 times
PCR could be substituted by the corresponding replicates with treatment C5ER7. For example, C5ER7-1-1, C5ER7-1-2, C5ER7-1-3, C5ER71-4 were four replicates with treatment C5ER7 from 1st core with 4
times PCR, and these four replicates could also be regarded as C9ER41-1, C9ER4-1-2, C9ER4-1-3, C9ER4-1-4. We could reduce the replicate
size by 20 in this manner. Additionally, replicates without mixing
from cores 1st, 26th, 27th, 28th, 29th, 30th, 31st, 32nd, 33rd could
also be replaced by corresponding replicates with treatment C5ER7.
Replicate size could be reduced by a further 9 in this manner. Hence, a
total of 29 replicates could be integrated, ﬁnal number of replicates
was 141 in each quadrat and total replicates number was 564, covering
both the original and the generated replicates.
2.3. DNA extraction, PCR and high-throughput sequencing
DNA was extracted from 0.5 g soil by a FastDNA SPIN kit for soil
(Qbiogene, Solon OH). The V4 region of the 16S rRNA gene was ampliﬁed using the 515F (5′-GTGCCAGCMGCCGCGGTAA-3′) and 806R (5′GGACTACHVGGGTWTCTAAT-3′) primer set with self-designed paired
barcodes sequences (12 mer) for pooling multiple replicates in one sequencing run (Caporaso et al., 2012). Barcodes used in our study were
summarized in Table S1. The polymerase chain reaction (PCR) ampliﬁcation was conducted in a 50 μL mixture containing 1 μL of template
DNA (20–30 ng/μL), 5 μL of 10 × PCR buffer, 1.5 μL dNTP mixture,
0.5 μL Taq DNA polymerase (TaKaRa), 1.5 μL of 10 μM each primer and
39 μL ddH2O. The reaction conditions included denaturation at 94 °C
for 1 min, 30 cycles of 94 °C for 20 s, 57 °C for 25 s, 68 °C for 45 s, extension at 68 °C for 10 min. The PCR products were puriﬁed, quantiﬁed, and
pooled in equimolar ratios. Sequencing library was constructed following the protocol of VAHTSTM Nano DNA Library Prep Kit for Illumina®
(Vazyme Biotech Co., Ltd). Sequencing was conducted on Illumina
Hiseq platform by PE250 kit (2 ∗ 250 bp) (Guangdong Magigene Biotechnology Co., Ltd).

Fig. 1. Detailed sampling design in each quadrat.

information in one quadrat is summarized graphically in Fig. 1. Replicates could be divided into two parts, including the original soil cores
and the generated replicates based on these cores. In each quadrat, 33
original soil cores with nested distribution were taken as biological replicates and could be regarded as non-pooling method. The generated
replicates could be constructed in four different soil pooling methods,
which contained (a) 5 pooled biological replicates (the 1st, 30th, 31st,
32nd, 33rd in all 33 cores) with 33 technical replicates (abbreviated to
C5R33), and (b) 9 pooled biological replicates (the 1st, 26th, 27th,
28th, 29th, 30th, 31st, 32nd, 33rd in all 33 cores) with 33 technical replicates (abbreviated to C9R33). These two treatments referred to
pooling an equal amount of soil from these 5 or 9 cores, respectively,
and PCR was conducted 33 times on each pool of cores, yielding 33 technical replicates. These two methods were both only technical replicates,
the difference being the number of biological replicates to be mixed. Additionally, there were (c) 5 biological replicates (the 1st, 30th, 31st,
32nd, 33rd in all 33 cores) each technically replicated 7 times (abbreviated to C5ER7) and (d) 9 biological replicates (the 1st, 26th, 27th, 28th,
29th, 30th, 31st, 32nd, 33rd in all 33 cores) each technically replicated 4
times (abbreviated to C9ER4), and the difference was the relative number of biological replicates versus technical replicates. For the treatment
C5ER7, PCR was conducted 7 times on 5 biological replicates, yielding 5
biological × 7 technical = 35 replicates. For the treatment C9ER4, PCR
was conducted 4 times on 9 biological replicates, yielding 9 biological × 4
technical = 36 replicates. Moreover, treatments (a) C5R33 and
(c) C5ER7 could be used to simulate the ﬁve-spot-sampling method
while (b) C9R33 and (d) C9ER4 could be used to simulate the ninespot-sampling method, which is a further extension of ﬁve-spotsampling method. In addition to the above four pooling soil strategies,
(e) data from all 33 cores were pooled in data analysis to test the effect
of high number of biological replicates and was regarded as pooling data
strategy (abbreviated to C33). At the stage of our experimental design,
we designed a similar number of replicate size for each treatment, i.e.,
33 for (a) C5R33 and (b) C9R33, 35 for (c) C5ER7, 36 for (d) C9ER4
and 33 for (e) C33, to ensure that the different mixing schemes could
achieve a similar sequencing depth when compared with original soil
core samples, to minimize the impact of resampling process on data
loss and facilitate the exploration of diversity distribution caused by different sampling strategies.

2.4. Data processing
The 16S rDNA sequencing data was preprocessed and analyzed with
a publicly accessible Galaxy pipeline (http://mem.rcees.ac.cn:8080) integrated with various bioinformatics tools (Feng et al., 2017). The raw
reads were demultiplexed according to their barcodes, after which
primers were trimmed. Forward and reverse sequences were joined
by FLASH, and Btrim was performed with an average quality score > 20
to remove low-quality bases (Kong, 2011; Magoc and Salzberg, 2011).
Only sequences with no ambiguous bases and within the range of
245–260 bp in length were retained. Operational taxa units (OTUs)
were identiﬁed with UPARSE at 97% cutoff (Edgar, 2013). Singletons,
which were deﬁned as OTUs with only one read across all replicates
generated by UPARSE, were discarded. In addition, Deblur was also applied to generate Amplicon Sequence Variants (ASVs), only sequences
which appeared at least 10 times study wide were retained according
to the recommendation from the Deblur workﬂow (Amir et al., 2017;
Callahan et al., 2016; Edgar, 2016).
2.5. The Hill numbers in diversity measurement
Hill numbers, also known as effective number of species, refer to the
number of equally abundant species that are needed to give the same
value of a diversity measure (Chao et al., 2014). The deﬁnition of Hill
number is (Hill, 1973):
q
D = (∑Si=1pqi )1/(1−q), q ≥ 0 and q ≠ 1. Where q is the weighted order
of Hill diversity, and determines the sensitivity of the index to the
3
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explore the difference among various sampling methods. All results
were visualized by ggplot2 package (Ginestet, 2011).

relative frequencies of species abundance. The parameter D is the estimated diversity, while S is the total number of species and pi is the relative abundance of species i in the sample. Especially, when q = 0, D
corresponds to species richness, when q = 1, D tends to the Shannon
entropy, and when q = 2, the value of D is the inverse Simpson index.
A higher q will give more weight to the abundant species.

2.7. Accession numbers
All raw sequence data reported in this paper have been deposited in
the Genome Sequence Archive (Wang et al., 2017c) in BIG Data Center
(Zhang et al., 2019), Beijing Institute of Genomics (BIG), Chinese Academy of Sciences, under accession number CRA001897 that is publicly
accessible at http://bigd.big.ac.cn/gsa.

2.6. Statistical analysis
α diversities based on Hill numbers, including species richness (q =
0), Shannon entropy (q = 1) and inverse Simpson index (q = 2) were
calculated by iNEXT package in R project (Hsieh et al., 2016). Wilcoxon
test was conducted to verify whether there was signiﬁcant difference of
α diversity values between different sampling strategies (Benjamini
and Hochberg, 1995). It was performed at the highest sequencing
depth as different pooling methods showed the great difference. Resampling process (5000, 10,000 and 30,000 reads) for our analysis
was implemented 1000 times to eliminate artiﬁcial deviations. Normal
distribution test was performed by Shapiro-Wilks test to conﬁrm
whether the distribution of α diversity values was normally distributed
(Royston, 1982a; Royston, 1982b). Representative sequences were classiﬁed into different phyla by Bayesian classiﬁer against the RDP training
set (Wang et al., 2007). On the basis of resampling 30,000 reads for each
sample, phyla with relative abundance higher than 1% were retained to

3. Results
3.1. Sampling design and retained sequences
In order to address how sampling strategy affects microbial α diversity estimation in soil, we designed various soil pooling schemes across
four quadrats representing different combinations of biological and
technical replicates (Fig. 1). A total of 63,321,455 high quality sequences
passed quality control process and were used for OTU or ASV clustering
(Table S2). Two taxonomic programs, UPARSE and Deblur, respectively
obtained 38,315 OTUs and 62,366 ASVs. Thereafter, data was ﬁrst internally mixed for each treatment and retained sequences were between
9,699,599 to 11,828,642 for UPARSE and 4,701,044 to 5,598,327 for

Fig. 2. Richness (Hill, q = 0)-reads relationships with different sampling strategies by (a, b) UPARSE 97% cutoff and (c, b) Deblur. For all ﬁgures, the shaded regions around the curves are
the average value ±95% conﬁdence interval (CI) among all four quadrats. Embedded ﬁgures in (a, c) were enlarged view of the end of curves. Scatters in (b, d) were individual soil core
samples from four quadrats and were regarded as non-pooling methods. Embedded tables in (b, d) were the percentage of scatters relative to the CI of all curves.
4
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samples were higher than pooling treatments by UPARSE and Deblur,
respectively, while more than half (51.51% for UPARSE and 69.01% for
Deblur) were lower than ﬁve pooling treatments (Fig. 2b, d), suggesting
that the richness obtained by measuring only one biological replicate
was generally lower than that obtained by pooling independent soil
cores or technical replicates. In other words, whether pooling biological
replicates before DNA extraction, or just adopting sequencing of these
replicates separately and then pooling data, the difference in richness
obtained in a local community was relatively small under high sequencing depth, but they were both superior to any individual core (nonpooling strategy).
Furthermore, effects of reads on higher orders of Hill diversity indexes, including Shannon entropy (Hill, q = 1) and inverse Simpson
index (Hill, q = 2) were explored (Fig. 3). The rise in diversities became
stable under relatively fewer reads (200,000 for UPARSE and 10,000 for
Deblur) than richness (Hill, q = 0), as outlined above. Most of corresponding diversity reckoned by non-pooling method was within the
conﬁdence interval of ﬁve pooling treatments, and there were still
more values lower, instead of higher than all treatments (Table S4). In
contrast to the previous results from richness, no consistent patterns
were observed in ﬁve pooling schemes to allow the identiﬁcation of
any obvious advantages. Likewise, there was no signiﬁcant difference

Deblur, among the different sampling strategies. These sequences were
resampled for subsequent analysis.
3.2. Sampling strategies affect α diversity values
We ﬁrst tested the difference of observed richness (Hill index, q = 0)
relying on the read numbers under different sampling strategies. The
differences between various pooling methods were gradually reﬂected
in the rarefaction curves as the number of reads increased (Fig. 2a, c),
however, these differences were not signiﬁcant at maximum sequencing depth (Table S3). For both algorithms, richness originating from
pooling data from 33 cores (C33) and 9 biological replicates each technically replicated 4 times (C9ER4) were highest, and their curves almost
coincided. Richness from 5 biological replicates each technically replicated 7 times (C5ER7) was the second highest, and the pooled 5 or 9 biological replicates with 33 technical replicates (C5R33 and C9R33)
showed the lowest richness. The difference between treatments of
non-pooling biological replicates (C5ER7, C9ER4) and treatments of
pooling several biological replicates (C5R33, C9R33) was more obvious
in Deblur than UPARSE at relatively higher sequencing depth. Additionally, individual soil core samples from four quadrats were regarded as
non-pooling method. Richness from only 3.03% and 1.41% of these

Fig. 3. Shannon entropy (Hill, q = 1)-reads relationships with different sampling strategies by (a) UPARSE 97% cutoff and (b) Deblur. Inverse Simpson (Hill, q = 2)-reads relationships with
different sampling strategies by (c) UPARSE 97% cutoff and (d) Deblur. For all ﬁgures, the shaded regions around the curves are the average value ±95% conﬁdence interval (CI) among all
four quadrats. Scatters in were individual soil core samples from four quadrats and were regarded as non-pooling methods.
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3.4. The necessary sequencing depth to cover “common species”

among different treatments (Table S5, S6). Nevertheless, it should be
noted that when species abundance is taken into account for local α diversity measurement, the curves would intersect. This result revealed
that both sequencing depth and abundance distribution of a microbial
community could inﬂuence the measurement of α diversity.
Additionally, taxonomic information at the phylum level demonstrated a relatively consistent microbial community composition in
both UPARSE and Deblur (Fig. 4). Actinobacteria, Thaumarchaeota,
Proteobacteria, Acidobacteria, Firmicutes and Verrucomicrobia were
dominant phyla and the variation among four sampling quadrats was
low. Although α diversities were restricted by sampling methods, the
relative abundance of species varied little among various strategies.

To target the widespread species in the community and better reﬂect the effect of different sampling methods, we simpliﬁed microbial
community structure and deﬁned the species present in 90%, 95%, and
99% of all 141 replicates in a quadrat as “common species”. These common species represented a low proportion of the total richness (5.97%,
4.51%, 2.62% by UPARSE and 15.04%, 14.32%, 8.79% by Deblur on average
for 90%, 95%, and 99% cutoff, respectively) but a high proportion of the
total number of reads (86.05%, 82.55%, 74.67% by UPARSE and 67.88%,
62.70%, 53.07% by Deblur on average) (Fig. S3). Although there were
great distances and some degree of environmental heterogeneity
among all four quadrats, the overall pattern was consistent within
each quadrat. Microbial communities were dominated by a few common species together with many rare species.
Thereafter, we attempted to further address how many reads were
required to effectively cover these common species. The percentage of
common species recovered increased with the number of reads, and
99% of them were recovered with a sampling effort of 100,000 reads,
for the three tested cutoffs (Fig. 6). The observed relationships
plateaued at a sampling depth of roughly 100,000, 70,000 and 30,000
for the 90%, 95% and 99% cutoffs, respectively. Meanwhile, increasing
the number of reads had no apparent effect on the total abundance of
detected common species, at the three cutoff levels, which suggested
that the deﬁnition of common species using their occurrence across replicates allows capturing their abundance even at low sampling effort.
According to above-mentioned deﬁnition of common species, we then
compared different pooling methods to determine the proportion of
common species that they were able to recover (Table S7). 20,000
(UPARSE) and 100,000 (Deblur) reads were sufﬁcient to detected all
the common species by 90%, 95% and 99% cutoffs by any pooling
scheme. Different treatments showed similar high coverage under different sequencing depths, indicating that they are applicable to capturing common species.

3.3. Distributions of α diversity values
Based on above results, considering the sequencing depth in current
environmental samples, we further explored the distributions of α diversities with various sampling strategies. In general, α diversity is determined by calculating the average value of multiple replicates
within a sampling quadrat. But the implicit premise is that these observed values conform to normal distribution. In our results, the violin
diagram combined with normality test demonstrated that the distribution of the local richness signiﬁcantly changed with sampling strategy
(Figs. 5, S1, S2). Observed richness values from pooling several biological replicates (C5R33, C9R33 and C33) ﬁtted normal distribution under
all sequencing depths (5000, 10,000 and 30,000 reads), while values
form performing several biological replicates with each technically replicated sometimes (C5ER7 and C9ER4) did not satisfy normal distribution in both UPARSE and Deblur. This result strongly indicated that no
matter pooling soil cores or data, they could both effectively increase
the total species pool, reduce the difference caused by heterogeneity between soil cores and minimize the extreme effect form some outliers.
Additionally, sequencing depth would not change the distribution pattern of richness that already exists, but had effect on the signiﬁcance
level in C5ER7 and C9ER4. By contrast, when we took species abundance
into consideration, the distribution of the diversity would alter with
sampling methods, sequencing depth and clustering algorithms
(Fig. S1, S2). For example, results of Shannon entropy (Hill, q = 1)
from C5R33 followed normal distribution at 5000 and 10,000 reads,
but did not ﬁt this pattern at 30,000 reads (P < 0.05) for both UPARSE
and Deblur, while C5ER7 was normally distributed at 5000 reads for
UPARSE, but not for Deblur. This unexpected change in distribution
also occurred in C5R33 for inverse Simpson index (Hill, q = 2). When
more weight is given to abundant species, the distribution of diversity
can be kept normal only by pooling more biological replicates (C9R33
and C33).

4. Discussion
To obtain an accurate diversity estimation for a given area, sampling
is the ﬁrst issue to be considered, however the deviation caused by sampling strategies has not yet been adequately explored. Sampling
methods vary widely in the study of microorganisms in different
habitats, especially in soil which contains a tremendous diversity
(Delgado-Baquerizo et al., 2018; Gans et al., 2005; Roesch et al.,
2007; Schloss and Handelsman, 2006; Tedersoo et al., 2014). In this
study, with deep sequencing (over 9 and 4 million reads for
UPARSE and Deblur, respectively) and high number of replicates
(33 cores and total 141 replicates) in each quadrat, we attempted
to uncover the inﬂuence of different sampling strategies on α

Fig. 4. Taxonomic diversity proﬁle at the phylum level under 30,000 reads. a, UPARSE; b, Deblur. Phyla with relative abundance higher than 1% were kept. Stand error was calculated based
on four sampling quadrats.
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Fig. 5. Values and distributions of richness under different sampling strategies. (a, c, e) UPARSE; (b, d, f) Deblur. (a, b) 5000 reads; (c, d) 10,000 reads; (e, f) 30,000 reads. Normal
distribution test was performed by Shapiro-Wilks test to conﬁrm whether the distribution of α diversity values was normally distributed, and signiﬁcance was shown at the bottom
by stars. *, P < 0.05; **, P < 0.01; ***, P < 0.001.

depths (Figs. 2, 3), this was consistent with results observed in previous
studies for both bacteria and fungi (Branco et al., 2013; Song et al.,
2015). When comparing the effect of biological and technical replication
on α diversity, we found that biological replicates contribute more richness than technical replicates in Deblur algorithms, while both biological and technical replicates contributed similarly in UPARSE (Fig. 2).
This may be due to the fact that current procedures in maker gene surveys (e.g., DNA extraction, PCR reaction, sequencing depth and bioinformatics analysis) are susceptible to various biases and errors, and a low
overall reproducibility among technical replicates is universally observed in microbiome studies (Gohl et al., 2016; Knight et al., 2012;
Wen et al., 2017; Zhou et al., 2013; Zhou et al., 2011). More importantly,
random effect which is inherent to sampling process will add artiﬁcial
uncertainty, especially for rarefying small sequences numbers from
large library size (McMurdie and Holmes, 2014). On this basis new species can always be observed by increasing the number of technical replicates. Overall, this study provided explicit evidence that collecting 5
versus 9 biological replicates in a quadrat, or pooling soil before DNA extraction versus pooling data after sequencing each replicate separately,
does not exhibit clear advantages or drawbacks, but they are all superior
to non-pooling strategies. Additionally, diversities from pooling based
on 5 or 9 replicates were essentially identical to 33 replicates, suggesting that large numbers of biological replicates are not required. Furthermore, taxonomic diversity proﬁle at the phylum level also suggested a
consistent microbial community composition among different sampling
strategies (Fig. 5). This has strong implications for microbial surveys in
various habitats, which indicates that fewer soil cores (e.g., 5 or

diversity measurement at a small scale (Fig. 1, Table S2). Overall, we
found consistent patterns in four quadrats, despite the great distance
among these quadrats within a 20,000 m transect (Figs. 2–4). This
suggests that the heterogeneity between quadrats with large scales
has no obvious effect on the measurement of α diversity. As our current study is focused in steppe, it is noted that the results obtained in
our study can be a foundation for further studies in steppe ecosystem, or may be extended to other microbial habitat which is suitable
for these types of sampling strategies.
Randomization and true replication have been regarded as the only
two essential concepts in sampling design to ensure correct analysis and
interpretation (Balint et al., 2016; Dickie et al., 2018; Prosser, 2010).
Pooling has been applied as a convenient way to approach randomization during the sampling process. But at the same time, it is often confounded with haphazard and subjective methods for convenience in
practice. The choice of pooling or not, the type of pooled units (i.e., soil
cores or data), and the number of (biological or technical) replicates required to accurately describe community richness have been discussed
at length in various reviews (Balint et al., 2016; Glenn, 2011; Goodrich
et al., 2014; Knight et al., 2012; Knight et al., 2018; Song et al., 2015;
Zinger et al., 2019). It should be noted that in order to draw our conclusions, there is a hidden precursor assumption that widespread undersampling leads to underestimation of α diversity (Chao and Jost,
2015). Therefore, the higher diveristy proves the superiority of one
method. In our study, we found that pooling replicates provided higher
α diversity (including richness, Shannon entropy and inverse Simpson
index) values compared with individual cores under high sequencing
7
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Fig. 6. Percentages of the number of observed common species to all common species and its abundance to all common species by (a, b, c) UPARSE and (d, e, f) Deblur. (a, d) 90% cutoff, (b,
e) 95% cutoff and (c, f) 99% cutoff. Black dashed line is the local ﬁtting of average values.

greatly biased, while this effect is weaker for a measure of Shannon entropy (Hill, q = 1) or inverse Simpson index (Hill, q = 2) (Fig. 3), corresponding with previous results (Lundin et al., 2012). Other studies have
reported that sequencing depth has a higher inﬂuence on community
richness estimation than replication (Sims et al., 2014; Smith and
Peay, 2014). A study by Wen et al. suggested at least 30,000 effective sequences were required for the analysis of soil microbial communities by
16S rRNA gene amplicon sequencing on the Miseq platform (Wen et al.,
2017). They focused on reproducibility among technical replicates, and
demonstrated that when sequencing depth reached approximately
30,000 reads, OTU overlap saturated around 20–40%. In addition, at
least three technical replicates per soil sample have been recommended
for DNA extraction to reduce bias as well as increase representativeness
(Feinstein et al., 2009; Ni et al., 2017). More generally, both replication
and sequencing depth should be conducted to a certain level to counteract heterogeneity and improve diversity estimates (Balint et al., 2016;
Lanzen et al., 2017). Based on our analysis, we found that 30,000 reads
were far from enough to cover the potentially high diversity of soil prokaryotes, however it was sufﬁcient to capture common species in a local
community by different pooling methods. Additionally, our results
demonstrated that merely increasing sequencing depth did not entirely
overcome the variation among technical replicates as richness continued to increase (Fig. 2). We further proved that biological and technical
replication did not need to be particularly high, however, more effort
should be placed into sequencing depth when studies focus on capturing the overall community richness, while sequencing depth can be reduced appropriately when one focuses on high abundance species
(Fig. 3). Nevertheless, replication must also be guaranteed to ensure analytical power (Knight et al., 2012).
The term “common species” is poorly deﬁned and usually applied
to convey distinct information in different studies (Avolio et al.,
2019). In order to evaluate richness obtained by different sampling
strategies, objectively and conveniently, we used three cutoffs:
90%, 95% and 99%, to estimate the degree to which a species is readily
detectable when the replicate size is large enough (141) in a quadrat.

9) could be taken to reduce overall costs, and that there is a greater degree of ﬂexibility in pooling original samples or data at different experimental steps.
Interestingly, we found that the distribution of local α diversity can
signiﬁcantly vary with sampling strategy, sequencing depth, and abundance distribution of community at small scale (1 m2), at least at lower
sequencing depths (5000 to 30,000 reads), especially for high order of
Hill numbers (i.e., Shannon entropy and inverse Simpson index)
(Figs. 5, S1, S2). This can be a convincing explanation for the inconsistent pattern in ﬁve pooling treatments between richness and Shannon
entropy, as well as inverse Simpson index (Figs. 2, 3). This suggests
that sampling methods may be adjustable if the desire is to focus on different characteristics of a community, such as common species or dominant species. In fact, the distribution of α diversity cannot be normally
distributed even at small scales due to the presence of hotspots within
soil communities (Kuzyakov and Blagodatskaya, 2015). However, by
pooling biological replicates, we demonstrated that the heterogeneity
can be effectively minimized and the distribution of α diversity can be
normally distributed, and this effect was more obvious for high order
of Hill numbers by pooling more biological replicates (C5R33 and
C9R33) (Figs. 4, S1, S2). Generally, the measurement of α diversity is
usually based on the mean value of multiple replicates under a speciﬁc
sampling unit (a trap, net, quadrat, plot and so on), and further extrapolation of this value as the “true diversity” in a local region. As sampling
and sequencing processes can both distort the distribution of observed
diversity, our results are a wake-up call for this crude approach to calculate α diversity in a region, especially for Shannon entropy (Hill, q = 1)
and inverse Simpson index (Hill, q = 2).
As we noted earlier, increasing sequencing depth can undoubtedly
greatly increase richness (Fig. 2). Various microbial communities
inhabiting different habitats have been characterized with sequencing
depths ranging from thousands to millions per sample (Campbell
et al., 2011; Caporaso et al., 2011; Mou et al., 2013; Zhou et al., 2011).
If the estimation of species richness is based on insufﬁcient sequencing
depth, the fundamental knowledge of microbial communities will be
8
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Appendix A. Supplementary data

For different pooling schemes, less than 100,000 reads were enough
to capture all common species by different sampling strategies
(Fig. 6). Based on these results, to determine the desired sequencing
depth, effort versus reward should be balanced based upon study
aims. If the objective is to capture all the richness in a local community, a deeper sequencing will return better results. However, if the
focus is on the widespread and dominant species, 100,000 reads
per quadrat for richness analysis may be a good option for its high
coverage and easy implementation.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2021.144966.
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5. Conclusions
Our study provides novel insights into our understanding of various sampling strategies on microbial α diversity measurement.
Based on our results, we suggest it is important to consider primarily
sequencing depth. Although it remains challenging to answer the
question of how many sequences or replicates are sufﬁcient, relatively high sequencing depth should be satisfactory to obtain a high
richness with a lower artiﬁcial uncertainty. For each replicate,
retaining 100,000 reads after OTU clustering may be a realistic choice
as it efﬁciently covered over 99% of the richness present in 99% of
samples. It was also sufﬁcient to capture all common species by
different pooling strategies. Secondly, the number of replicates, especially for biological replicate, should be considered to increase
representation and reproducibility within a sampling quadrat, such
as whether ﬁve or nine biological replicates combined with several
technical replicates, according to speciﬁc scientiﬁc questions and
complexity of sampling process. Conducting a high number of replicates, but with low reads per replicate, will likely result in the loss of
many species, while focusing on sequencing depth will likely make
studies unrepresentative and unrepeatable. Our ﬁndings presented
in this study have important implications for sampling processes,
and we believe that the general conclusions learned from this
study can serve as a basis for further studies to a wide range of
prokaryote and eukaryote taxa as they have similar species
abundance distributions in various habitats and larger scales.
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