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ABSTRACT
Plant-associated microbes are critical for plant growth and survival under natural environmental conditions. To date, most plant microbiome studies involving high-throughput amplicon sequencing have
focused on the relative abundance of microbial taxa. However, this technique does not assess the total microbial load and the abundance of individual microbes relative to the amount of host plant tissues. Here, we
report the development of a host-associated quantitative abundance profiling (HA-QAP) method that can
accurately examine total microbial load and colonization of individual root microbiome members relative
to host plants by the copy-number ratio of microbial marker gene to plant genome. We validate the HAQAP method using mock experiments, perturbation experiments, and metagenomic sequencing. The
HA-QAP method eliminates the generation of spurious outputs in the classical method based on microbial
relative abundance, and reveals the load of root microbiome to host plants. Using the HA-QAP method, we
found that the copy-number ratios of microbial marker genes to plant genome range from 1.07 to 6.61 for
bacterial 16S rRNA genes and from 0.40 to 2.26 for fungal internal transcribed spacers in the root microbiome samples from healthy rice and wheat. Furthermore, using HA-QAP we found that an increase in total
microbial load represents a key feature of changes in root microbiome of rice plants exposed to drought
stress and of wheat plants with root rot disease, which significantly influences patterns of differential
taxa and species interaction networks. Given its accuracy and technical feasibility, HA-QAP would facilitate
our understanding of genuine interactions between root microbiome and plants.
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INTRODUCTION
Roots of healthy plants are colonized by complex, diverse microbial communities (the microbiome), which play crucial roles
in plant nutrient acquisition, stress tolerance, and disease resistance (Van Wees et al., 2008; Hacquard et al., 2015; Franco
et al., 2017). Indeed, the rhizosphere has 10–100 times more
microbes compared with unplanted soil (Lynch, 1982). Highthroughput amplicon sequencing of the bacterial 16S rRNA
genes or the fungal internal transcribed spacers (ITSs) has
been used in several model and crop species (Bulgarelli et al.,
2012; Lundberg et al., 2012; Edwards et al., 2015; Zgadzaj
et al., 2016; Niu et al., 2017; Duran et al., 2018) to detect root
microbiome composition and variation based on relative
microbial abundance, revealing that root microbiome
composition is mainly determined by geographical location,
soil type, abiotic and biotic stresses, and host genotype
(Edwards et al., 2015; Muller et al., 2016). In light of the
increasing focus on root microbiome–host plant interactions
(Hiruma et al., 2016; Castrillo et al., 2017), there is a growing
need to investigate microbial load of root microbiome relative
to host plants.
To date, the commonly used microbiome profiling methods are
basically based on the relative abundance of bacteria or fungi
(referred as the classical profiling method; see below) and fail
to reveal the actual microbial load relative to the amount of
host plant tissue (Gloor et al., 2017; Almeida and Shao, 2018)
(Figure 1A). Without knowing total microbial load, it is
impossible to determine whether an enrichment in certain
species resulted from an increase in their absolute
abundance or a decrease in the abundances of other
dominant taxa (Stammler et al., 2016). Accordingly, the
classical profiling method sometimes generates spurious
outputs, since it is based on determining relative abundance
(Figure 1B and 1C). For example, plant root B contains
microbes with the same proportional composition as those in
root A, but with twice the total microbial load. The classical
profiling method detects the same microbiome (with identical
microbial composition) in roots A and B when it actually has
changed substantially in terms of its microbial load (Figure 1B
and 1C). In another typical example, the level of a single
microbe (blue diamond) is unchanged, while the levels of
other microbes are dramatically higher, in root C versus root
A. The classical profiling method detects a higher relative
abundance of those microbes with increased levels, but also
reports a reduction in the level of this specific microbe, even
though it did not actually change. This is because the sum of
the relative abundances of all microbes is 100%. When the
relative abundances of some microbes significantly increase,
the relative abundances of other microbes necessarily appear
to decrease (Figure 1B and 1C). Therefore, the main problem
with the classical profiling method is that it is unable to
detect changes in microbial load relative to the host plant
tissue.
Various methods have been proposed to assess the microbial
load in the microbiome relative to the host. In the human gut,
16S ribosomal RNA (rRNA) sequencing was combined with
flow cytometry-based microbial cell counting or microbial
quantitative PCR (qPCR) to quantify absolute microbial
2
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abundances in fecal samples (Vandeputte et al., 2017).
However, neither of these two methods is suitable for
studying the microbial load associated with host plant
tissues, such as the root-associated microbiome. Flow cytometry cannot precisely count microbial and plant cells in living or
disrupted root samples, and universal 16S rRNA or ITS primers
do not discriminate sequences from microbes versus plant
plastids (chloroplasts and mitochondria), which prevents the
accurate detection of microbial DNA by qPCR. Furthermore,
staining methods such as CARD-FISH (fluorescence in situ hybridization coupled with catalyzed reporter deposition)
(Schmidt and Eickhorst, 2014) also are not suitable for
detection and taxonomic classification of individual
microbiome members associated with plant roots in a highthroughput manner. The analysis of DNA from plant plastids
has been proposed as a solution (Edwards et al., 2015;
Lebeis et al., 2015), but it is not an ideal internal control due
to the high amount and variable copy number of plastids per
cell (Cole, 2016). Plastid sequences typically account for
>80% of the 16S rRNA sequences in root microbiome
datasets and are experimentally removed during library
preparation protocols (Bulgarelli et al., 2012; Lundberg et al.,
2012, 2013). By contrast, metagenome-based sequencing
can be used to detect root microbial load in plant tissues by
classifying reads as belonging to microbes and plants,
but cannot be applied to numerous samples due to the high
cost (Karasov et al., 2018).
The utilization of spiking internal control is a prospective strategy for solving the problem about quantifying microbial load.
Synthetic spikes have been established in the field of RNA
sequencing (Risso et al., 2014), proteomics (Geiger et al.,
2011), and metagenomics (Hardwick et al., 2018). Recently,
spiking known sequences (Smets et al., 2016; Lin et al.,
2019) or cultures that do not exist in the community
(Stammler et al., 2016), or using synthetic spikes of 16S
(Tourlousse et al., 2017) and a combination of 16S, 18S, and
ITS synthetic spikes (Tkacz et al., 2018), were developed for
quantitative microbiome analyses. However, these spike-inbased microbiome profiling methods were only used for
microbiome samples without the host. In addition, universal
microbial genes, such as 16S rRNA gene or ITS, have high
sequence similarity with sequences in plant genomes, making
it impossible to examine microbiome load by comparing genes
in microbes and plants. Therefore, quantitative detection of
microbiome abundance to host tissues, such as plant roots, remains a major challenge. In this study, we developed a simple,
cost-effective, and modular host-associated quantitative
abundance profiling (HA-QAP) method that allows detecting
microbial load and colonization of individual root microbiome
members relative to host plants by the copy-number ratio of
the microbial marker genes (16S rRNA gene or ITS) to plant
genome. This high-throughput technique detects the colonization of an individual microbe and accurately assesses variations in root-associated microbiomes and microbe–microbe interactions. Using mock experiments, perturbation experiments,
and metagenomic sequencing, we validated the accuracy and
reproducibility of the HA-QAP. Moreover, using HA-QAP we
found that an increase in total microbial load is a key feature
of the changes that occur in the microbiomes of rice plants under drought stress and in wheat with root rot disease.
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Figure 1. Advantages and Experimental Procedure for Quantitative Abundance Profiling of the Microbiome in Plant Roots.
(A) The major limitation of the current root microbiome profiling technique based on relative abundance is the lack of a method for quantitatively assessing
the microbial load per unit amount of plant root tissue.
(B) Three simulated root microbiomes associated with the same amounts of root tissue (upper panel) and the corresponding microbial profiling based on
relative or quantitative abundance (lower panel). RA, relative abundance; QA, quantitative abundance, representing the copy-number ratio of microbial
marker genes relative to plant genome.
(legend continued on next page)
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RESULTS
The Spike-In Plasmid and Principle of HA-QAP
We generated an artificial spike-in plasmid as an internal control
to quantitatively detect the load and abundance profiles of root
microbiome associated with host plants. The spike-in plasmid
we designed contains a plant-specific gene fragment flanked
by conserved regions of the bacterial 16S rRNA gene and fungal
ITS (see Methods). The plant gene fragment is the RID1 gene,
encoding a master regulator of flowering in rice (Wu et al.,
2008), which is not present in microbial genomes. The gene
fragment can be amplified and integrated into the classical
PCR-based bacterial and fungal profiling (Figure 1D). Because
the amplified plant-specific sequence does not exist in the natural microbial community, the spike-in sequences could be
easily identified during data analysis. We added a defined
amount of the spike-in plasmid to the DNA samples of root microbiome (containing both plant and microbial DNA) before PCR
amplification, measured plant DNA amount by qPCR with the
plant marker gene (e.g., RID1 in the rice genome), and determined the relationship between the amounts of spike-in and
plant DNA (see Methods). Based on this relationship, the copy
number of microbial marker genes (16S rRNA gene or ITS)
can then be normalized to the copy number of plant genome,
which reflects the quantitative microbial colonization on host
plant roots (Figure 1D; see also Supplemental Figure 1 and
Methods).

The Spike-In Plasmid Is Suitable for Quantitative
Microbiome Profiling
Because a correlation between the counts of spike-in reads in
the profiling results and the amount of spike-in plasmid in the
DNA template is critical for spike-in-based quantification
(Jiang et al., 2011), we tested this correlation using different
amounts of the spike-in plasmid. After adjustment for uneven
sequencing depth by rarefaction, we found that read
counts of the spike-in plasmid in the sequencing data
increased with increasing amounts of spike-in in the input,
following a Poisson general linear regression model (Pearson’s
r = 0.94, P < 0.001, Figure 2A). This result indicates that
quantitative detection of the spike-in plasmid was reliable
across a dynamic range of 4.0 3 104 to 8.0 3 105 copies
per PCR, in which we could expect a linear response of
spike-in reads in relation to input amount (see also
Supplemental Table 1).
To determine whether the spike-in plasmid affects the quantification of microbial relative abundance, we determined the relative abundance of individual bacteria using DNA from the bacterial mock experiments in the presence of a gradient
concentration of the spike-in plasmid (0, 4.0 3 104, 8.0 3 104,
1.6 3 105, and 8.0 3 105 copies per PCR). We then investigated
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the distribution of the relative abundance of each reference bacterial strain after filtering out the spike-in sequences. The relative abundances of individual bacterial strains in the samples
containing the spike-in plasmid remained consistent with those
of the control samples without the spike-in plasmid (Figure 2B;
Wilcoxon rank-sum test, P > 0.05; see also Supplemental
Table 2). Our results demonstrate that the spike-in plasmid
did not affect bacterial PCR amplification and detection, indicating that the spike-in plasmid is suitable for quantitative microbiome profiling.

Design and Rationale to Detect Microbial Load in Mock
Experiments
To verify the reliability of HA-QAP, we compared it with the classical method based on relative abundance profiling (RAP) using
three groups of premixed DNAs from cultivated microbes and
germ-free plants (mock experiment, Figure 2C–2F). These
three groups of mock samples represent typical samples that
produce spurious results (shown in Figure 1B) using the RAP
method. Group 1 contained mixed DNA from germ-free plants,
nine bacteria, and three fungi at a fixed ratio, including strains of
four bacterial phyla (Actinobacteria, Bacteroidetes, Firmicutes,
and Proteobacteria) and two fungal phyla (Ascomycota and Basidiomycota). Group 2 contained an amount of DNA from germfree plants equal to that in group 1 but with twice the amount of
microbial DNA with the same interspecies ratio. Group 3 contained the same amounts of DNA from germ-free plants, Proteobacteria, and Ascomycota as those of group 1, but with twice
the amount of microbial DNA from the remaining microbes
with the same interspecies ratio (see also Supplemental
Table 3). To determine the appropriate concentration of spikein to use for accurate analysis, we performed quantitative
profiling of each group using a gradient of spike-in plasmid
(0, 4.0 3 104, 8.0 3 104, 1.6 3 105, and 8.0 3 105 copies per
PCR). As we knew the exact differences between groups 1
and 2 and between groups 1 and 3 in the mock experiments,
we evaluated the accuracy of the HA-QAP and classical RAP
methods, respectively.

HA-QAP Detects the Microbial Load of Root Microbiome
in Mock Experiments
The HA-QAP method detected the shift in total bacterial load
relative to plant root DNA in the mock experiments
(Figure 2C and 2D). Since classical 16S rRNA gene profiling
can only detect the relative abundance of bacterial members
of the microbiome, it does not reflect the changes in the
bacterial load relative to plant roots (samples A and B in
Figures 1B, 1C, and 2C). We compared the accuracy of the
HA-QAP and RAP methods in groups 1 and 2, as mentioned
above. The classical RAP method revealed the same relative
abundances of each strain within groups 1 and 2 (two-tailed

(C) Bar plots showing a comparison of relative (left panel) versus quantitative (right panel) microbial profiling of simulated root microbiome samples in (B).
(D) Schematic diagram showing the workflow of HA-QAP. (1) The artificial plasmid is designed and constructed as a spike-in control, containing
conserved 16S rRNA, ITS primer regions (799F/1193R and ITS1F/ITS2), and a plant-specific gene sequence (the RID1 gene in this study). (2) DNA is
extracted from the root microbiome, including plants and microbes. (3) A selected plant marker gene found in the total DNA is quantified by qPCR; this
value is used to calibrate microbial relative abundance to quantitative abundance in step (7). (4) The predefined amount of spike-in plasmid is added to the
DNA of root microbiome samples based on experience. (5 and 6) PCR amplicon libraries (bacteria and fungi, respectively) are prepared, sequenced (5),
and analyzed (6). (7) The bacterial and fungal reads are calibrated based on the read counts of the spike-in and the amount of the plant marker gene
quantified by qPCR in step (3) to determine the quantitative abundance relative to the host plant tissue.
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A

Figure 2. HA-QAP Is More Accurate than
Classical Profiling Based on Relative Abundance in the Bacterial Mock Experiments.

B

(A) Dose–response curves for the linear correlation between read counts of spike-in plasmid
(BI12-4) obtained by Illumina sequencing and
amount of spike-in plasmid in the DNA samples,
indicating that bacterial reads of the spike-in
plasmid in the sequencing data reflect the
amount of spike-in plasmid in the initial DNA
samples. The gray region indicates 95% confidence intervals (CIs).
D
C
(B) Box plots representing the relative abundance
of the nine bacteria in the same mock experiment
with a gradient of spike-in levels of 0–8.0 3 105
copies per reaction. Wilcoxon rank-sum test
showed no significant differences in bacterial
relative abundance between the control group
without spike-in and groups with different spike-in
levels (4.0 3 104, 8.0 3 104, 1.6 3 105, and 8.0 3
105 copies per reaction, P > 0.05).
(C and D) The HA-QAP method revealed the
significant increase in bacterial load (two-sided tE
F
test, P < 0.05), which could not be detected by the
classical method based on relative abundance.
Box plots showing a comparison of bacterial
profiles in mock experiments between groups 1
and 2 using the classical method based on relative abundance (RAP) (C) and HA-QAP (D).
Quantitative abundance represents the copynumber ratio of bacterial 16S rRNA genes relative
to plant genome.
(E and F) The HA-QAP method improved the
detection of the increases in the levels of
Actinobacteria, Bacteroidetes, and Firmicutes
G
(two-sided t-test, P < 0.05) and revealed that the
quantitative abundance of Proteobacteria did not
change (two-sided t-test, P > 0.05) when the
amounts of other bacteria increased. Box plots
showing a comparison of bacterial profiles in
mock experiments between groups 1 and 3
using RAP (E) and HA-QAP (F). Quantitative
abundance represents the copy-number ratio of
bacterial 16S rRNA genes relative to plant
genome. Notably, the RAP method showed a
spurious reduction in Proteobacteria levels, but
HA-QAP did not.
(G) Scatter plot showing the ratio of errors between HA-QAP and RAP. Dots on the line with
fixed slope = 1 represent errors from HA-QAP equivalent to those from RAP. Most dots fall below the line with slope = 1, demonstrating that the HA-QAP
method presents more real data. Data are based on comparisons (group 1 versus group 2; group 1 versus group 3) at different spike-in levels. Three
groups of mock experiments were designed; n = 3, 4, and 5 for groups 1, 2, and 3, respectively.
All data shown in (C) to (F) are from samples with 4.0 3 104 copies of spike-in per reaction. The trend was consistent using other amounts of spike-in. Act,
Actinobacteria; Bac, Bacteroidetes; Fir, Firmicutes; Pro, Proteobacteria. See also Supplemental Figures 2 and 3.

Student’s t-test, P > 0.05), which did not reflect the bacterial
load and abundance relative to roots (Figure 2C; see also
Supplemental Table 4). By contrast, the HA-QAP method detected an average of 2.4-fold change (expected ratio of 2fold) in bacterial abundance relative to plant root DNA between
groups 1 and 2 at a spike-in concentration of 4.0 3 104 copies
per PCR (two-tailed Student’s t-test, P < 0.05; Figure 2D; see
also Supplemental Table 4). The same trends were observed
in three other experiments with different amounts of spike-in
plasmid (8.0 3 104, 1.6 3 105, and 8.0 3 105 copies per

PCR) (see also Supplemental Figure 2 and Supplemental
Table 4).

HA-QAP Accurately Detects the Changes of Individual
Root Microbiome Members in Mock Experiments
The HA-QAP method detected the quantitative abundance of individual bacteria relative to root DNA when there were dramatic
changes of highly abundant bacteria in mock experiments
(Figure 2E and 2F). The classical RAP method (based on
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relative abundance) often generates spurious results when the
levels of highly abundant bacteria increase or decrease.
We investigated the microbial communities in two mock
experiments (groups 1 and 3) using the HA-QAP and RAP
methods. The classical RAP method detected a reduction (twotailed Student’s t-test, P < 0.05) in the levels of Proteobacteria
(Pro-1203, Pro-1204, and Pro-670) from groups 1 to 3 when their
abundance relative to plant roots did not change (Figure 2E; see
also Supplemental Table 5). Notably, the HA-QAP method detected the true changes in bacterial communities from groups
1 to 3, with increases in the abundances of Actinobacteria,
Bacteroidetes, and Firmicutes (two-tailed Student’s t-test, P <
0.05; average fold change, 1.9; see also Supplemental Table 6)
and no significant difference in the levels of Proteobacteria
strains when the spike-in concentration was 4.0 3 104 copies
per PCR (two-tailed Student’s t-test, P > 0.05; Figure 2F; see
also Supplemental Table 5). These trends were also observed
in experiments using three other gradients of spike-in plasmid
(see also Supplemental Figure 3; Supplemental Tables 5 and 6).
To assess the RAP and HA-QAP methods, we calculated the
errors between the expected values and measured values in
the microbial mock experiments using the two methods
(Figure 2G). We plotted the ratio between HA-QAP-induced errors and RAP-induced errors (Figure 2G), where the line with a
slope = 1 would represent that the HA-QAP-induced error is
equivalent to the RAP-induced error. Most ratios between HAQAP-induced errors and RAP-induced errors were below this
line, demonstrating that the HA-QAP method presented more
real data. Taken together, the HA-QAP method overcame the limitations of the RAP method, revealing the changes in bacterial
load and quantitative abundance of individual bacterial members
relative to plant roots.
Similar to the results observed in the bacterial mock experiments,
HA-QAP also detected the total fungal load and quantitative
abundance of individual fungal strains relative to plant roots.
Spike-in read counts and input amounts followed a Poisson general linear regression model (Pearson’s r = 0.98, P < 0.001;
Figure 3A), indicating that quantitative detection of the spike-in
plasmid was reliable across a dynamic range of 4.0 3 104 to
8.0 3 105 copies per PCR (see also Supplemental Table 7). As
shown in Figure 3B, the spike-in plasmid did not affect the
trends of relative abundance of each fungus (Wilcoxon ranksum test, P > 0.05; see also Supplemental Table 8). As
expected, the classical RAP method did not detect differences
in the total fungal loads between groups 1 and 2 (two-tailed
Student’s t-test, P > 0.05; Figure 3C; see also Supplemental
Figure 4A and Supplemental Table 9), whereas HA-QAP revealed
the increase in fungal load relative to plant roots from groups 1
and 2 (two-tailed Student’s t-test, P < 0.05; Figure 3D; see also
Supplemental Figure 4B and Supplemental Table 9). Moreover,
the HA-QAP method detected the specific increase in abundance
of the Basi-AF78 fungus relative to plant roots (two-tailed Student’s t-test, P < 0.05; Figure 3E and 3F). By contrast, this
increase leads to a spurious reduction in abundance of the two
Ascomycota isolates (Asco-AF1 and Asco-AF105) in the RAP
method (two-tailed Student’s t-test, P < 0.05; Figure 3E), which
is not visible with the HA-QAP method (two-tailed Student’s
t-test, P > 0.05; Figure 3E and 3F; see also Supplemental
Figure 5A and 5B; Supplemental Table 10). Finally, we
6
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calculated the ratio between HA-QAP-induced error and RAPinduced error and plotted the values (Figure 3G). For the fungal
mock experiments, all dots fell below the line with a slope = 1,
demonstrating that the HA-QAP method presented more real
data, as observed for bacteria.

HA-QAP Detects Changes in Microbial Load in Natural
Root Samples
Since the HA-QAP method worked well in the mock experiments,
we further validated the utility of this plasmid in natural root samples. The spike-in plasmid did not alter the relative abundance of
bacteria or fungi in natural root samples. The relative abundances
of both bacterial and fungal operational taxonomic units (OTUs)
between natural root samples with and without the spike-in
plasmid were highly comparable (for bacteria, Pearson’s r =
0.99, Figure 4A; for fungi, Pearson’s r = 0.97, Figure 4B; see
also Supplemental Figure 6 for other spike-in concentrations).
The Shannon index also showed no significant difference between control and spiked samples (Wilcoxon rank-sum test, P
> 0.05; see also Supplemental Figure 7).
To test the performance of the HA-QAP method in natural root
samples, we perturbed the microbiome samples of natural roots
with defined amounts of DNA from the roots of germ-free rice to
artificially reduce the microbial load of samples to 55% compared
with the original samples. The HA-QAP method detected a
decrease in bacterial and fungal microbial load relative to plant
root tissue in the perturbed samples (Figure 4D and 4F), while
the classical RAP method did not (Figure 4C and 4E), since the
classical RAP method only detected the relative abundance of
microbes. The HA-QAP method revealed decreases in total bacterial and fungal loads of 50% and 52%, respectively, at a spikein concentration of 2.0 3 105 copies per reaction (Figure 4D and
4F). Similar trends were observed in other experiments using
different concentrations of spike-in plasmid (see also
Supplemental Figure 8). Taken together, the HA-QAP method
successfully detected the microbial load relative to root tissue
in both mock and natural samples, and thus can be used to investigate quantitative interactions between the microbiome and
roots.

Microbial Load Is a Key Feature of the Changes in Root
Microbiome Response to Drought Stress in Rice
Drought stress is one of the most significant obstacles to agricultural productivity, resulting in billions of dollars in worldwide losses annually (Lesk et al., 2016). Efforts to ensure global food
security are increasingly focusing on investigating the root
microbiome in crop plants under drought conditions (SantosMedellin et al., 2017; Xu et al., 2018b). Drought significantly
alters root microbiome composition across several plant
species, including wheat, barley, sorghum, and rice (Naylor
et al., 2017; Santos-Medellin et al., 2017; Xu et al., 2018b).
However, the changes in root microbial load under drought
stress are not known. To address this issue, we grew two rice
varieties, MH63 and WYJ7, under drought and wet conditions
at both the Hainan Farm and the Anhui Farm in China.
Consistent with a previous report (Santos-Medellin et al., 2017),
we found that drought treatment influenced rice rootassociated microbial composition based on microbial relative
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Figure 3. HA-QAP Is More Accurate than Classical Profiling Based on Relative Abundance in the Fungal Mock Experiments.
(A) Dose–response curves for linear correlation between read counts of spike-in plasmid (BI12-4) obtained by Illumina sequencing and amount of spike-in
plasmid in the DNA samples, indicating that fungal reads of the spike-in plasmid in the sequencing data reflect the amount of spike-in plasmid in the initial
DNA samples. The gray region indicates 95% CIs.
(B) Box plots representing the relative abundance of reads assigned to the three fungi in the same mock experiment with a gradient of spike-in levels from
0 to 8.0 3 105 copies per reaction. Wilcoxon rank-sum test showed no significant differences in fungal relative abundance between the control group
without spike-in and groups with different spike-in levels (4.0 3 104, 8.0 3 104, 1.6 3 105, and 8.0 3 105 copies per reaction, P > 0.05).
(C and D) The HA-QAP method revealed the significant increase in fungal load (two-sided t-test, P < 0.05), which could not be detected by the classical
method based on relative abundance. Box plots showing a comparison of fungal profiles in mock experiments between group 1 and group 2 samples
using RAP (C) and HA-QAP (D). Quantitative abundance represents the copy-number ratio of fungal ITS relative to plant genome.
(E and F) The HA-QAP method more accurately detected the increase in Basidiomycota levels (two-sided t-test, P < 0.05) and revealed that the
quantitative abundance of Ascomycota did not change (two-sided t-test, P > 0.05) when the levels of the other fungal isolates increased. Box plots
showing a comparison of fungal profiles in mock experiments between groups 1 and 3 using RAP (E) and HA-QAP (F). Quantitative abundance represents
the copy-number ratio of fungal ITS relative to plant genome. Notably, RAP showed a spurious reduction in Ascomycota levels (Asco-AF1 and AscoAF105), but HA-QAP did not.
(G) Scatter plot showing the ratio of errors between HA-QAP and RAP. Dots on the line with fixed slope = 1 represent errors from HA-QAP equivalent to
those from RAP. All dots fall below the line with slope = 1, demonstrating that the HA-QAP method presents more real data. Data are based on comparisons (group 1 versus group 2; group 1 versus group 3) at different spike-in levels. Three groups of mock experiments were designed; n = 4, 3, and 5 for
groups 1, 2, and 3, respectively.
All data shown in (C) to (F) are from samples with 4.0 3 104 copies of spike-in per reaction. The trend was consistent when using other spike-in levels.
Asco, Ascomycota; Basi, Basidiomycota. See also Supplemental Figures 4 and 5.
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Figure 4. HA-QAP Reveals a Reduction in Microbial Load in Perturbed Natural Root Samples.
(A and B) Scatter plot showing the correlation between the relative abundance of bacterial OTUs (A) and fungal OTUs (B) in natural rice roots with spike-in
(spike-in levels: 2.0 3 105 copies per reaction, in y axis) versus rice roots without spike-in (x axis), demonstrating that spike-in did not influence the relative
abundance of bacterial or fungal OTUs in natural root samples.
(C and D) Bacterial profile based on relative abundance (C) and quantitative abundance (D) in natural rice roots and rice roots with 55% microbial load
compared with the original natural samples by RAP and HA-QAP, respectively. Quantitative abundance represents the copy-number ratio of bacterial 16S
rRNA genes relative to plant genome. Note that the HA-QAP method revealed the reduction in bacterial load in perturbed natural rice roots.
(E and F) Fungal profile based on relative abundance (E) and quantitative abundance (F) in natural rice roots and rice roots with 55% microbial load
compared with the original natural samples by RAP and HA-QAP, respectively. Quantitative abundance represents the copy-number ratio of fungal ITS
relative to plant genome. Note that the HA-QAP method revealed the reduction in fungal load in perturbed natural rice roots.
Data in (C) to (F) represent three technical replicates.

abundance (see also Supplemental Figure 9). Using the HA-QAP
method, we found that the bacterial and fungal loads of the rice
root microbiome significantly increased under drought conditions
at the Hainan Farm (Figure 5A). The total microbial load of the root
microbiome relative to host plant tissue increased 1.1- and 2.8fold in MH63 and WYJ7, respectively, under drought conditions
(Wilcoxon rank-sum test, P < 0.05, Figure 5A). To validate the
increase in microbial load detected by the HA-QAP method in
plant roots under drought stress, we performed metagenomic
sequencing of the same samples and evaluated the microbial
load by assessing the proportion of reads that can be mapped
to microbes and plants in the publicly available NCBI-NR database (Benson et al., 2006). The metagenomic data revealed the
similar trend of increases in the microbial load that correlated
with those detected by the HA-QAP method (Figure 5B–5E).
Moreover, the trend of microbial load increase in roots of MH63
and WYJ7 varieties under drought stress was also detected at
the Anhui Farm, which is located 1650 km away from the
8

Hainan Farm (see also Supplemental Figure 10A). Thus, our
data suggest that drought-mediated increase in microbial load
in plant roots represents an intrinsic feature of plant microbiome
response to drought stress.
To assess the effects of microbial load on the patterns of differential taxa in the root microbiome of rice plants grown under
drought and wet conditions, we compared the enrichment and
depletion profiles based on the RAP and HA-QAP methods. We
found that the phyla and OTUs detected as enriched in rice roots
under drought conditions using the RAP method were more
significantly enriched using HA-QAP. By contrast, those depleted
under drought stress using the RAP method showed less pronounced depletion when HA-QAP was used. These trends were
observed in both rice varieties and locations (Hainan and Anhui
Farms; Figure 5F and 5G; see also Supplemental Figure 10B
and 10C). The increase of Actinobacteria in MH63 roots under
drought conditions is not revealed by RAP, whereas the HA-
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Figure 5. HA-QAP Reveals Microbial Load Increase in Rice Roots under Drought Stress.
(A) The HA-QAP method showing the significant increases in bacterial and fungal loads in the root microbiome of two rice varieties (MH63 and WYJ7)
under drought-stress conditions. Quantitative abundance represents the copy-number ratio of bacterial 16S rRNA genes and fungal ITS relative to plant
genome.
(B and C) Metagenomic data showing higher ratios of annotated reads of bacteria (B) and fungi (C) to those of plants under drought conditions in rice
varieties MH63 and WYJ7 grown in Hainan (dry: n = 3; wet: n = 3).
(D and E) Scatter plots showing the linear correlation between the ratio of annotated reads of bacteria (D) and fungi (E) to those of plants detected by
metagenomic sequencing (x axis) versus the microbial load detected by the HA-QAP method (y axis). Gray region indicates 95% CIs.
(F) Heatmap showing the log2 fold change in abundance of drought-responsive bacterial phyla with respect to control treatment (wet) in rice varieties
MH63 and WYJ7 detected by HA-QAP and RAP. Orange boxes indicate an increase while blue boxes indicate a decrease. White boxes indicate no
significant fold change. Note that for the root microbiome of both varieties, the HA-QAP method revealed a shift in drought-responsive phyla, with an
(legend continued on next page)
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QAP method revealed a 0.2-fold increase relative to rice roots
(Figure 5F).
The influence of HA-QAP on differential bacteria was further illustrated at the OTU level. As shown in Figure 5H, OTU_16
(Actinobacteria) was enriched in response to drought only when
using the HA-QAP method. For the depleted OTUs under drought
conditions detected by RAP, the difference was less pronounced
or reversed with HA-QAP analysis (Figure 5I and 5J). OTU_11
(Proteobacteria) was significantly depleted in response to
drought when examined by RAP but not HA-QAP (Figure 5I).
OTU_13 (Proteobacteria) was significantly enriched in droughtstressed root samples using RAP but was depleted using
HA-QAP (Figure 5J). Together, the aforementioned different
results obtained from RAP versus HA-QAP methods rely on accurate assessment of microbial load in plant tissues. The HA-QAP
method is potentially a more useful tool for identifying beneficial,
agriculturally important microbes that improve drought tolerance
in rice.

HA-QAP Reveals Absolute Increases in Total Microbial
Load in Wheat Roots Infected with Root Rot Disease
Common root rot is a disease of winter wheat and causes yield losses every year (Kumar et al., 2002; Xu et al., 2018a). Symptoms
include dark-brown lesions on roots, subcrown internodes, and
stem bases. Little is known regarding the influence of root rot
disease on root microbiome composition and microbial load in
wheat. Using the HA-QAP method, we investigated the root microbiome in healthy wheat plants and wheat plants exhibiting common root rot under field conditions (Triticum aestivum cv.
‘‘Lumai21’’; see also Supplemental Figure 11).
We found that plants with root rot disease showed differential
root microbiome composition and increased microbial load
compared with healthy plants. First, principal coordinates analysis (PCoA) based on microbial composition revealed that the
root microbiomes of healthy and infected wheat plants separated
in the first and second coordinates (Figure 6A and 6B). For the
bacterial microbiome, a clear separation of root samples
distinguished by health status was observed on the PCoA2
coordinate, explaining 22.4% of the variance (PERMANOVA,
P < 0.001). For fungal communities, healthy samples and
infected samples were obviously separated on the first two
ordination axes, explaining 23.2% of the total variance
(PERMANOVA, P < 0.001). Second, the HA-QAP method re-
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vealed that the bacterial and fungal loads of the root microbiome
significantly increased in infected samples (Wilcoxon rank-sum
test, P < 0.05, Figure 6C). The total bacterial load increased by
2.2-fold in samples with root rot disease, while the fungal load
increased by 4.5-fold. Notably, the abundance of potential
disease-associated genus Bipolaris significantly increased relative to plant roots when considering the total microbial load (Wilcoxon rank-sum test, P < 0.005), whereas the important microbial
signal was lost when using the RAP method (P > 0.05) (Figure 6D).
The increase in bacterial and fungal load was further validated by
metagenomic sequencing (Figure 6E). Therefore, although RAP
allowed us to discriminate between healthy and infected wheat
plants, only HA-QAP analysis identified increased microbial
abundance as a key feature of the changes in the microbiome
associated with common root rot disease.
Microorganisms do not exist in isolation, instead forming
complex ecological interactions (Faust and Raes, 2012).
Co-occurrence networks are widely used to infer microbial interactions through correlations of microbial relative abundance (van
der Heijden and Hartmann, 2016; de Vries et al., 2018; Duran
et al., 2018). Nevertheless, the results of such analyses should
be interpreted with caution, as they are susceptible to
compositionality effects based on relative abundances (Faust
and Raes, 2012; Morton et al., 2017; Vandeputte et al., 2017).
To evaluate the influence of microbial load on co-occurrence patterns, we constructed a genus co-occurrence network based on
abundance information from the top 55 most abundant genera
and the potential disease-associated genus Bipolaris using the
RAP and HA-QAP methods. As shown in Figure 6F, the HAQAP method (upper triangle) detected more co-varying genus
pairs than RAP, including 16 genera correlating with Bipolaris
(bacteria, 13; fungi, 3; P < 0.05). In contrast to the HA-QAP
method, the RAP method (lower triangle) only detected three
Bipolaris-associated trade-offs. Taken together, the HA-QAP
method identified more potential disease-associated microbiome signals driven by the increase in microbial load than the
RAP method, which may facilitate the study of microbe–
microbe interactions and microbe-associated pathogenesis
involved in common root rot disease.

DISCUSSION
Environmental forces, nutritional elements, and disease can affect
the colonization of the host by microorganisms (Stammler et al.,
2016; Castrillo et al., 2017; Santos-Medellin et al., 2017;

enhanced enrichment and reduced depletion under drought-stress conditions compared with wet conditions due to the increase in root bacterial load
detected by HA-QAP.
(G) Venn diagram showing the overlap and differences in drought-responsive OTUs detected by the RAP and HA-QAP methods. The purple and green
ellipses represent drought-responsive OTUs detected by the RAP and HA-QAP method, respectively. x indicates the five OTUs detected as depleted
OTUs using RAP but identified as enriched OTUs using HA-QAP, suggesting that the microbial load value is essential for tracking the changes in the
abundances of these bacteria.
(H–J) Examples showing the changes in OTUs in rice roots under drought and wet conditions using RAP and HA-QAP. Quantitative
abundance represents the copy-number ratio of bacterial 16S rRNA genes relative to plant genome. The responses of three OTUs to drought-stress
conditions differed depending on the method: OTU_16 (H) was detected as an enriched group responsive to drought only using HA-QAP. Conversely,
OTU_11 (I) was detected as significantly depleted in dry root samples only using RAP and not HA-QAP. OTU_13 (J) was found to be significantly depleted
in dry root samples using RAP but enriched using HA-QAP.
Note that all data from Hainan are consistent with those from Anhui (see also Supplemental Figure 9 and 10). For all analyses (except for B and C), the
number of biological replicates was as follows: MH63 (dry: n = 15; wet: n = 13); WYJ7 (dry: n = 11, wet: n = 13); bulk soil (dry: n = 6; wet: n = 6). Error bars
represent SD calculated from replicates. Statistical significance was determined by Wilcoxon rank-sum test. Asterisks indicate statistically significant
differences (**P < 0.01; ***P < 0.001). NS, not significant.
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Figure 6. HA-QAP Reveals Microbial Load Increase in Wheat Plant with Root Rot Disease.
(A and B) Principal coordinates analysis of Bray–Curtis distances showing that infected and healthy roots formed distinct clusters in the bacterial (A) or
fungal (B) microbiome. Each point corresponds to a sample: infected root samples, triangles; healthy root samples, squares; bulk soil samples, circles.
(C) Infected root samples had significantly higher bacterial and fungal load than healthy roots. Quantitative abundance represents the copy-number ratio
of bacterial 16S rRNA genes and fungal ITS relative to plant genome.
(D) Relative versus quantitative abundance of the potential disease-associated pathogenic genus Bipolaris in healthy and infected samples with root rot
disease assessed by RAP and HA-QAP. Quantitative abundance represents the copy-number ratio of fungal ITS relative to plant genome.
(E) Metagenomic data showing higher ratios of bacterial (left) and fungal (right) reads to host plant reads in infected root samples (infected samples, n = 4;
healthy samples, n = 4).
(F) Genus co-occurrence patterns within the top 55 most abundant genera and the potential disease-associated pathogenic genus Bipolaris detected by
RAP and HA-QAP. Pairwise correlations between taxon abundances were calculated using RAP (lower triangle) and HA-QAP (upper triangle). Significant
correlations (two-sided adjusted test, false discovery rate < 0.05) are represented by circles; the color of each circle represents the correlation coefficient
(legend continued on next page)
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Vandeputte et al., 2017; Xu et al., 2018b). By integrating spike-in
DNA into root microbiome samples, we established a straightforward, high-throughput method to detect the total microbial load
of the root microbiome relative to host plant tissue. This method,
HA-QAP, links the microbiome with the host plant through a predefined proportional relationship of spike-in plasmid and plant
DNA. We validated the HA-QAP methods via mock experiments
(Figures 2 and 3), perturbation experiments (Figure 4),
and metagenomic sequencing of natural samples (Figures 5B–5E
and 6E). By applying HA-QAP to the root microbiome of rice plants
under wet and drought conditions, we demonstrated that the microbial load of the rice root microbiome increased under drought
conditions in two rice varieties grown in two locations (Figure 5
and Supplemental Figure 10). Moreover, using HA-QAP, we detected an increase in total microbial load in wheat roots infected
with root rot disease (Figure 6). These results suggest that
changes in the microbial load are a key feature of the root
microbiome in plants under abiotic and biotic stress conditions.
Since the HA-QAP method is based on microbial load, it reveals
the quantitative abundance of individual microbes relative to host
plant tissue, avoiding the spurious results obtained from the classical method based on relative abundance (RAP). Applying the
HA-QAP method to mock experiments, we demonstrated that
HA-QAP detected increases in the levels of individual microbes
relative to root tissue when the relative microbial composition
was the same across samples (see Figures 2C, 2D, 3C, and
3D). As the quantitative abundance of an individual microbe is
not influenced by that of other microbes, the HA-QAP method
avoids the false detection of changes in unaltered microbiome
members resulting from increases in the levels of highly abundant
microbes (see Figures 2E, 2F, 3E, and 3F). Therefore, the HA-QAP
method provides accurate information about changes in the
directionality and extent of individual microbiome members.
Plants live under abiotic and biotic stress conditions, which
significantly affect the root microbiome (Lebeis et al., 2015;
Castrillo et al., 2017; Santos-Medellin et al., 2017). HA-QAP allows us to identify beneficial or detrimental microbes associated
with plant roots. For example, Actinobacteria, the most prominent phylum whose population increases under drought conditions (Naylor and Coleman-Derr, 2017; Naylor et al., 2017;
Santos-Medellin et al., 2017; Xu et al., 2018b), were
significantly enriched in response to drought in our test fields
when measured using HA-QAP but not RAP (Figure 5). In
addition to abiotic stress, various biotic stresses have profound
effects on the plant-associated microbiome, which is thought to
represent a microbial mechanism for disease suppression
(Muller et al., 2016; Busby et al., 2017; Kwak et al., 2018).
Similar to Tkacz et al. (2018), the spike-in plasmid designed for
this study also supports cross-domain comparison. Unlike adding a combination of 16S and ITS synthetic spikes, the spike-in
plasmid designed in this study simultaneously contains universal
primer binding sites specific for bacteria and fungi (Figure 1D),
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enabling us to use a universal plasmid to spike root microbiome
samples to normalize both bacterial and fungal reads and then
construct a co-occurrence network for observing the synergistic
effects of microbiome members on the host. Owing using the
same plasmid for bacterial and fungal library construction, this
might reduce the bias from PCR amplification, sequencing, and
subsequent data normalization. As shown in Figure 6F, HAQAP detected more microbes correlated with the potential
disease-associated fungus Bipolaris compared with RAP. Such
information is particularly helpful, providing guidance for further
investigating plant–bacteria–fungi interactions.
Determination of the number of bacteria on roots is critical for
plant–bacteria interaction studies. Previous studies on quantification of root-associated bacteria mainly include the plate counting and various types of microscopy associated with FISH, GFP
tagging, b-glucuronidase staining, and fluorogenic dye staining,
which can calculate the colony-forming units per unit mass or volume of roots (Kandel et al., 2017). The HA-QAP developed in this
study estimates the copy-number ratio of bacterial 16S rRNA
gene to plant genome, approximately 1.07–1.94 for rice and
6.61 for wheat under the normal field conditions. The ratio of bacteria to rice is similar to the ratio of bacteria to human cells
(around 1:1) (Sender et al., 2016). Knowing the ratio of bacteria
in plant tissues can be an important indicator in understanding
microbiome variation among plants.
As this method relies on the number of genome copies in a specific sample being representative of the amount of plant tissue
collected, a few factors are relative to the output of HA-QAP.
First, endoreduplication, which affects the genome copy/cell
ratio, needs to be considered (John and Qi, 2008). In many
plants, cell expansion accompanied by endoreduplication is
closely related to the plant development (Breuer et al., 2010; De
Veylder et al., 2011). Second, the section of host tissue being
sampled should be consistent. Root tips are going to be more
cell-dense than root samples in the elongation and maturation
zones, which may also have a big effect on the amount of DNA
per amount of root tissue collected. Therefore, sampling needs
to be taken by using a standardized procedure at the same stage
and section of root tissue, which will make the result more reliable. Furthermore, we suggest using a coverage of spike-in at
10%–60% in a library. Low levels of spike-in (<5%) might increase the instability and variability of calibrated results.
Given its accuracy and technical feasibility, the HA-QAP method
expands classical microbiome analysis based on relative abundance, may further be explored as tools to survey the rootassociated microbiome dynamics over time, or be associated
with hosts under various environmental conditions (both biotic
and abiotic stress), linking microbiome features to hostassociated quantitative data, including phenotype data, physiological parameters or plant exudates, and metabolite concentrations.
This method should help reveal important biological mechanisms

(Spearman’s r). The taxa are firstly ranked according to the bacterial and fungal domain and then ordered by the individual’s quantitative
abundance within the same domain. The leftmost/top represents the most highly abundant.
For all analyses (except E), the number of biological replicates is as follows: infected root samples, n = 7; healthy root samples, n = 7; bulk soil samples,
n = 5. Error bars represent SD calculated from replicates. Statistical significance was determined by Wilcoxon rank-sum test. Asterisks indicate statistically significant differences (*P < 0.05; **P < 0.01). NS, not significant.
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underlying the role of the microbiome in plant health and production in the future. With slight modifications, HA-QAP could be
utilized in any type of amplicon profiling study of host–
microbiome interactions.

METHODS
Design and Construction of the Spike-In Plasmids
The spike-in plasmid BI12-4 sequence was designed to comprise specific
plant gene RID1 fragments and conserved 16S rRNA gene (799F/1193R)
and ITS (ITS1F/ITS2) primer regions. Considering the different amplicon
sizes between bacteria and fungi, the ITS primer conserved regions
were designed to be adjacent to the plant gene fragment, and the 16S
rRNA primer regions were designed in the two sides of the ITS primer fragments. Design of the synthetic spike-in was based on the following two
criteria: (1) the plant gene is present in plants and not normally found in
environmental microbiome; (2) the amplicon length targeting the bacteria
and fungi was close to the most common size of the real microorganism.
For spike-in plasmid BI12-4, the amplicon fragment is 378 bp for 16S
sequencing and 336 bp for ITS sequencing.
Assessment of spike-in BI12-4 sequence designed in this work by BLAST
search against a range of NCBI databases verified that the artificial spikein shared no identity with known microorganisms. The conserved primer
regions were added into two sides of the selected plant marker gene
fragment via PCR amplification, and the resulting spike-in was checked
by gel electrophoresis and Sanger sequencing. The artificial spike-in
DNA fragment was cloned into a pGEM-T Easy Vector by using pGEMT Easy Vector System I (Promega, Madison, WI, USA) and was transformed into Escherichia coli DH5a competent cell. Plasmid DNA was
extracted from overnight liquid cultures using the Wizard Plus SV Minipreps DNA Purification System (Promega) and linearized using ScaI
(New England BioLabs, Hitchin, UK). Linearized plasmid DNA was purified
using the Wizard SV Gel and PCR Clean-Up System (Promega),
and its integrity was confirmed by amplifying 799F/1193R and ITS1F/
ITS2. Spike-in DNA concentrations were measured with a QuantiT PicoGreen dsDNA Assay Kit (Invitrogen Life Technologies, Grand Island, NY, USA), and plasmid copy numbers were calculated according
to Lee et al. (2006). The spike-in plasmid was stored at 80 C for further
processing.

Mock and Perturbation Experiments Preparation
To verify the utility of the spike-in plasmid, we used two experiments to
mimic the taxonomic diversity of the root microbiome in natural environments. (1) Mock experiments consisting of genomic DNA of germ-free
rice roots and 12 cultivated microbes. Germ-free plant DNA was extracted
from sterilized rice Zhonghua 11 roots. Nine different bacteria belonged to
four typical phyla, which were dominantly found in the root microbiomes,
contributing to Bacteroidetes (Bac-186), Firmicutes (Fir-11), Actinobacteria (Act-101, Act-135, Act-140), and Proteobacteria (Pro-1203, Pro-1204,
Pro-670, Pro-672), respectively. Three fungal isolates mainly belonged to
Ascomycota (AF1, AF105) and Basidiomycota (AF78). All the DNA concentrations of microbes and plants were quantified through a PicoGreen
dsDNA Assay Kit (Invitrogen) and subsequently diluted to 3.5 ng ml1 for
subsequent mixing. Details on the designed mock DNA mixtures are provided in Supplemental Table 3. The linearized spike-in plasmid BI12-4 was
spiked into samples with five different concentrations: 0, 4.0 3 104, 8.0 3
104, 1.6 3 105, and 8.0 3 105 copies per PCR reaction. (2) Perturbation
experiments comprising natural wild rice Zhonghua 11 root DNA with
four different concentrations of spike-in: 0, 9.8 3 103, 9.8 3 104, and
2.0 3 105 copies per PCR reaction. These samples were then split into
two aliquots: one was used as a normal natural sample and the other
was diluted by a defined amount of germ-free rice DNA, responding to
the total microbial load of the perturbed samples decreasing to 55% of
the original samples. For all defined DNA mixtures, we examined three independent preparations.

Natural Root Samples Collection, Processing, and DNA
Extraction
Two rice (Oryza sativa) cultivars, MH63 (subsp. indica) and WYJ7 (subsp.
japonica), were grown in two geographically distant locations in China: an
agricultural farm in Hainan (18 310 29.1700 N, 110 010 4.7600 E) and a farm in
Anhui (31 540 3.2900 N, 117 060 40.2400 E). Both farms have only been used
for rice cultivation for several years. Dehulled seeds were surface sterilized
and germinated on Murashige and Skoog (MS) agar media. After germination, 2-week-old rice seedlings in MS agar were transferred to farms. The
drought treatment was imposed during the period from tillering emergence (40 days after the seedlings were transplanted). Water was drained
until the soil cracked. At this point, water was added to the field every
other day, which kept the rice alive but still under drought stress. For
control groups, plots were irrigated every other day to keep the soil under
submergence. Fifteen days after water withdrawal, sample collection and
processing were done following Zhang et al. (2018). DNA was extracted
using a FastDNA SPIN Kit for Soil (MP Biomedicals, USA) according to
the manufacturer’s instructions. Extracted DNA was stored in nucleasefree H2O at 80 C and subsequently diluted to 3.5 ng ml1 for subsequent
mixing. According to the experimental design, the spike-in plasmid BI12-4
with predefined amounts (5.85 3 104 copies/PCR reaction) was added
into each rice root DNA extract.
Healthy and infected wheat root samples from Chinese cultivar Lumai21
were collected in an agricultural field in Shandong province, China
(36 400 53.5800 N, 117 250 4.1400 E). Processing of roots and extraction of
DNA were the same as described above. According to the experimental
design, spike-in plasmid BI12-4 with predefined amounts (3.5 3 104
copies/PCR reaction) was added into each wheat root DNA extract.

Amplicon Library and Metagenomic Library Construction, and
Illumina Sequencing
Samples were split into two aliquots and amplified with either 799F/
1193R for bacteria (Bai et al., 2015) or ITS1F/ITS2 for fungi (SantosMedellin et al., 2017). PCR was performed in triplicate in 30-ml
reaction mixtures containing 6 ml of 53 PrimeSTAR Buffer (Mg2+ Plus),
2.4 ml of dNTP Mixture (2.5 mM each), 0.75 ml of each primer (final
concentration 0.2 mM), 0.75 U of PrimeSTAR HS DNA Polymerase
(Takara Bio), and 3 ml of DNA template. For 16S-sequencing libraries,
the V5–V7 region was amplified according to a two-step PCR program:
The first PCR program used was carried out over 98 C for 30 s followed
by 25 cycles (98 C for 10 s, 55 C for 15 s, and 72 C for 60 s) and a final
elongation step of 5 min at 72 C. The first PCR products were
cleaned with AmPure magnetic beads (Beckman Coulter) and diluted
to 10 ng ml1 as templates for the second step of PCR. All samples
were amplified in triplicate for eight cycles under conditions
identical to those of the first step of PCR. 16S PCR products were extracted by a 2% (w/v) agarose gel and then purified with the
Wizard SV Gel and PCR Clean-Up System (Promega), quantified, and
pooled in equimolar concentrations. For ITS libraries, the ITS1 region
was amplified according to a modified two-step PCR program: after
an initial hot start step at 98 C for 30 s, the targeted region was amplified
by 30 cycles of 98 C for 10 s, 50 C for 15 s, and 72 C for 60 s, followed
by a final elongation step of 5 min at 72 C. The first PCR products were
cleaned with AmPure magnetic beads and diluted to 10 ng ml1 as templates for the second step of PCR, in which samples were amplified in
triplicate for 10 cycles under conditions identical to those of the first
step of PCR. ITS PCR products were verified by a 1.2% (w/v) agarose
gel and purified with AmPure magnetic beads, quantified, and pooled
in equimolar concentrations. Final pooled libraries were purified with
AmPure magnetic beads, concentrated, and sent for sequencing by an
Illumina HiSeq 2500 platform (BGI-Shenzhen, Shenzhen, China). To
confirm the accuracy of the HA-QAP method, we sent 12 droughtstress-associated rice root DNA samples and eight root rot diseaseassociated wheat root DNA samples to Novegene (Beijing, China) for
metagenomic sequencing by an Illumina HiSeq X Ten platform.
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Quantification of Plant Marker Gene by Quantitative Real-Time
PCR
To calibrate the quantitative data, we selected RID1 gene and Pinb
gene to represent the marker gene of rice and wheat, respectively. Their
copy numbers in each root sample were determined by absolute qPCR
on a LightCycler 480 II Instrument (Roche). The root genomic DNA concentrations were adjusted to 3.5 ng ml1 for the subsequent qPCR.
Primers were used by Wu et al. (2008) and Gasparis et al. (2011). PCR
assay mixtures consisted of 10 ml of SYBR Green I Master Mix (Roche),
1 ml of each primer (10 nM), 6 ml of nuclease-free water, and 2 ml of
template DNA. qPCR conditions were as follows: 5 min at 95 C, then 45
cycles of 10 s at 95 C, 10 s at 60 C, and 10 s at 72 C. The standard
curve was generated using 10-fold dilution of a plasmid containing the
PCR fragments of the RID1 gene and Pinb gene. The copy number of
marker gene per nanogram of root genomic DNA was calculated based
on Ct values and standard curves.

Illumina Sequencing Data Processing and Analysis for 16S
rRNA
The 16S rRNA gene sequences were processed using QIIME 1.9.1
(Caporaso et al., 2010), USEARCH10 (Edgar, 2013), vsearch 2.7.1
(Rognes et al., 2016), and custom scripts. Quality evaluation on raw
sequence data was provided by FastQC (available at http://www.
bioinformatics.babraham.ac.uk/projects/fastqc/). Paired Illumina reads
were subsequently joined (usearch -fastq_mergepairs) and qualityfiltered (usearch -fastq_filter). Barcodes and primer sequences (usearch
-fastx_truncate) were removed. For mock experiments, reads were mapped into reference sequences (map_reads_to_reference.py) with perfect
match. For natural root samples, reads were dereplicated with minuniquesize threshold of 30 to remove low-abundance reads (usearch -fastx_
uniques). The unique reads with abundance were clustered into OTUs
by usearch -cluster_otu at 97% sequence identity. Chimeric sequences
were identified against the SILVA50 database and removed (usearch
-uchime2_ref); taxonomy was then assigned with usearch –sintax method
to filter the mitochondria, chloroplast, or eukaryote sequence (DeSantis
et al., 2006; Quast et al., 2013; Stoddard et al., 2015; Edgar, 2016)
related to host plant. Finally, the spike-in sequences were added into
the OTUs, and the OTU table was obtained by vsearch –usearch_global.

Sequence Processing and Analysis for ITS
As mentioned earlier, ITS sequences were subjected to quality filtering,
demultiplexing, dereplication, and OTU clustering. No errors were allowed
in the barcodes. Sequences below 170 nt (after trimming) were subsequently removed. Retained high-quality sequences were subsequently
mapped into reference sequences with perfect match (map_reads_to_
reference.py) in mock experiments, or OTUs were defined at 97%
sequence identity through UPARSE pipeline for natural root samples,
respectively. Taxonomy assignment was performed with the QIIME
(assign_taxonomy.py) using BLAST (Altschul et al., 1990) against
version 7 of the UNITE database (Koljalg et al., 2013). OTUs not
classified as fungi at the kingdom level were removed from the OTU
table before downstream analysis. Spike-in sequences were added into
the OTUs and the OTU table was obtained.

Metagenomic Data Analysis
Raw paired-end Illumina reads of metagenome data were subjected to
trimming adaptor and filtering of low-quality reads by Trimmomatics
(version 0.38) (Bolger et al., 2014) with a minimum quality threshold
of 20 and length threshold of 50 when the sliding window was set to
4 (SLIDINGWINDOW:4:20 MINLEN:50). To calculate the ratio of reads
of host-originated contamination with total microbiome, we mapped
high-quality trimmed reads to the manually aggregated rice genome
sequence (Oryza sativa indica ASM465v1 and O. sativa japonica
IRGSP-1.0 from EnsemblPlants release 41) and wheat genome (Triticum aestivum IWGSC from EnsemblPlants release 41) using bowtie2
(–very-sensitive –dovetail) (Langmead and Salzberg, 2012), and
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mapped reads as host were subsequently removed from the dataset.
The remaining sequences were assigned taxonomic labels with
Kraken2 classification (–use-names –use-mpa-style –report-zerocounts for output readable result) which utilizes exact alignments of
k-mers by achieving the less sensitive but ultrafast speed (Wood and
Salzberg, 2014).

Quantitative Abundance Calculation
To detect the quantitative profile of root microbiome, we used the
amounts of spike-in to build a relationship between plant DNA and
OTUs. The Illumina reads number of individual bacterial or fungal OTU
was denoted as Rmicro and the reads number of spike-in was denoted
as Rspike-in. The copy number of spike-in per reaction was denoted as
Cspike-in. The copy number of plant root marker gene per PCR reaction,
which represents plant tissue, can be measured by qPCR and denoted
as Cplant.
Based on the above, quantitative abundance (QA) representing the copynumber ratio of microbial marker genes (referred as 16S rRNA gene and
ITS in this study) relative to the plant genome was
QA =

Rmicro Cspikein
:
Rspikein Cplant

Statistical Analysis
All statistical analyses were conducted in the R Environment (v3.4.3)
(R Core Team, 2017). Statistical analyses and plotting were performed
in Rstudio server (R Core Team., 2016) using the dplyr (v0.7.4)
(Wickham et al., 2017), pheatmap (Kolde, 2015), tidyr (Wickham and
Henry, 2018), ggplot2 (v2.2.1) (Wickham, 2009), ggpubr (Kassambara,
2017), and vegan (v2.5–2) (Oksanen et al., 2016) packages. All statistical
tests used were two-sided.
Dose–response curves for linear correlation between spike-in
sequencing reads and spike-in amounts were fitted with a Poisson
generalized linear model, using the function ‘‘glm()’’ of the R package
stats. For alpha diversity, samples were first rarefied at minimal sequences (of all the sample sequence sizes) using the function ‘‘rrarefy().’’
Shannon alpha index was performed with the function ‘‘diversity()’’ in R.
For beta diversity measurements, Bray–Curtis distance matrices were
calculated based on the rarefied OTU counts. Unconstrained PCoA
was performed using the function ‘‘capscale()’’ from the vegan package.
Differential abundance analyses were performed using Wilcoxon ranksum tests at phyla and OTU levels. Differences between multiple groups
were performed using non-parametric Wilcoxon rank-sum tests or twotailed Student’s t-test for all pairs of comparisons. Corrections for multiple testing were performed with Benjamini–Hochberg adjusted P value
(Benjamini and Hochberg, 1995). Heatmaps were generated using the R
package ‘‘pheatmap().’’ Genus–genus associations were defined using
RAP and QAP matrices by Spearman pairwise correlations of taxa
with multiple testing corrections. Taxa were prefiltered to exclude taxa
unclassified at the genus level and taxa that were present in less than
70% of the samples. A documented R-script and the data needed
to reproduce figures and analyses have been deposited in the GitHub
repository (https://github.com/TankMermaid/spike-in or https://github.
com/microbiota/spike-in).
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