ISME Communications, 2025, 5(1), ycaf028

https://doi.org/10.1093/ismeco/ycaf028
Advance access publication: 11 February 2025

Original Article

/NN
EEER
umEy

A\1/4

Synthetic DNA spike-in standards for cross-domain
absolute quantification of microbiomes by rRNA gene
amplicon sequencing

Dieter M. Tourlousse* and Yuji Sekiguchi

Biomedical Research Institute, National Institute of Advanced Industrial Science and Technology, Tsukuba Central 6, 1-1-1 Higashi, Tsukuba, Ibaraki 305-8566,
Japan

*Corresponding author: National Institute of Advanced Industrial Science and Technology, Tsukuba Central 6, 1-1-1 Higashi, Tsukuba 305-8566, Japan.
Email: dieter.tourlousse@aist.go.jp

Abstract

Microbiome studies using high-throughput sequencing are increasingly incorporating absolute quantitative approaches to overcome
the inherent limitations of relative abundances. In this study, we have designed and experimentally validated a set of 12 unique
synthetic rRNA operons, which we refer to as IDNA-mimics, to serve as spike-in standards for quantitative profiling of fungal/eukaryotic
and bacterial microbiomes. The rDNA-mimics consist of conserved sequence regions from natural rRNA genes to act as binding
sites for common universal PCR primers, and bioinformatically designed variable regions that allow their robust identification in any
microbiome sample. All constructs cover multiple rRNA operon regions commonly targeted in fungal/eukaryotic microbiome studies
(SSU-V9, ITS1, ITS2, and LSU-D1D2) and two of them also include an artificial segment of the bacterial 16S rRNA gene (SSU-V4) for
cross-domain application. We validated the quantitative performance of the rDNA-mimics using defined mock communities and
representative environmental samples. In particular, we show that rDNA-mimics added to extracted DNA or directly to the samples
prior to DNA extraction precisely reflects the total amount of fungal and/or bacterial rRNA genes in the samples. We demonstrate
that this allows accurate estimation of differences in microbial loads between samples, thereby confirming that the rDNA-mimics are
suitable for absolute quantitative analyses of differential microbial abundances.
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Introduction

High-throughput sequencing of marker gene amplicons is a key
technique in contemporary microbiome research. A primary goal
of such studies is to identify taxa associated with particular
environmental conditions. This is, however, not straightforward
because sequence counts alone only capture relative abundances
(i.e. microbiome data are compositional [1]). Because changes
in the absolute abundance of any given taxon can change the
relative abundance of all other taxa in the sample, this can
lead to inaccurate conclusions or obscure biologically relevant
information if not adequately accounted for [2-6]. The relative
nature of sequence counts also complicates the integration of
microbiome profiles across different kingdoms or domains [7].
This is because each kingdom or domain requires different PCR
primers for amplicon library construction, resulting in relative
abundances that represent proportions of different overall com-
positions.

The above challenges can be mitigated by converting sequence
counts to absolute units by normalizing the data to the total
microbial load (i.e. the total absolute amount of microbes) in
the samples. In its simplest form, this involves multiplying
relative taxon abundances measured through sequencing by

experimentally determined microbial loads. Techniques for
measuring total microbial abundances that have been integrated
with sequencing fall into two categories: (i) complementary
microbial quantification methods, such as quantitative real-time
PCR [6, 8], digital PCR [9], and flow cytometry [10, 11], and (ii)
incorporation of quantitative standards, or spike-ins, into samples
[12, 13]. While each method has its strengths and limitations [14],
the use of spike-ins is particularly appealing because it eliminates
the need for auxiliary measurements and is also relatively easy
to incorporate into existing workflows.

Spike-in controls for microbiome applications can be whole
cells [15-18] or genomic DNA [19, 20] from cultured microbes,
and artificial (or synthetic) nucleic acid sequences (see references
below). Artificial sequences are attractive because they can be
readily designed to be different from natural sequences and to
have desired properties in terms of guanine-cytosine (GC) content,
length, etc. Given these advantages, several previous studies devel-
oped synthetic spike-in controls for both amplicon sequencing of
bacterial and/or fungal communities [21-25] and metagenomics
[26, 27]. For amplicon sequencing, the majority of past studies
described a small number of spike-ins that are compatible with
only a single, or at most a few, “universal” rRNA gene primers. To
facilitate wider adoption, it would be beneficial to develop a more
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diverse array of spike-ins that can be used with a wider range of
PCR primers targeting different rRNA genes and regions. In this
regard, we have previously described a set of full-length synthetic
16S rRNA genes that are compatible with PCR primers targeting
any hypervariable region [21].

In this study, we have developed 12 synthetic rRNA operon
sequences to serve as spike-in DNA standards for absolute quan-
titative analysis of fungal/eukaryotic and bacterial abundances
by high-throughput amplicon sequencing. These spike-ins, which
we termed rDNA-mimics, cover multiple segments of the rRNA
operon commonly targeted in fungal/eukaryotic microbiome
studies. Two of them also include an artificial segment of the
bacterial 16S rRNA gene for quantitative analysis across two
domains. Because the rDNA-mimics are added directly to the
samples and processed together with the natural sequences in the
samples throughout the entire workflow, they act as competitive
controls that provide robust references for normalizing read
counts to the microbial load in the samples or, equivalently, for
absolute quantification of the detected taxa. Here, we describe the
design of rDNA-mimics and validate their suitability as internal
standards for the absolute quantification of microbiomes across
the two domains.

Materials and methods
Design of the rDNA-mimics

Following our previously described strategy [21], sequences of the
rDNA-mimics were created by substituting the variable regions in
natural rRNA operons with unique artificial sequences that are
distinct from known sequences. To this end, artificial sequences
were designed starting from a set of randomly generated 20-
mers, with desired GC content and lacking homopolymers of
>3bp. The 20-mers then were progressively assembled into longer
sequences, at each step screening for balanced base composition,
direct and inverted repeats of >8 bp, uniform GC content (within
2.5% of the overall GC content), prohibited k-mers (such as
8-mers matching the intended PCR primers), and sequence
similarity (alignments of >16 bp, as evaluated by pairwise local
alignment) within and between sequences. Resultant sequences
were further assessed for secondary structure formation using
the M-fold server [28] and queried against NCBI's nt/nr database
by nucleotide BLAST (last verified on August 10, 2024). Natural
rRNA gene sequences of Saccharomyces cerevisiae (strain S288C) and
Cryptococcus neoformans (strain H99) were extracted from genome
sequences available in Genbank, under accession numbers
NC_001144.5 and NC_026746.1, respectively. Conserved regions
in the rRNA genes were identified based on commonly used PCR
primer sequences and the intervening regions were replaced
by the artificial sequences. A summary of the rDNA-mimics
and their sequences, with the natural conserved and artificial
variable regions highlighted, are provided in Table S1 and Table S2,
respectively.

Preparation of the rDNA-mimics as linearized
plasmid DNA

Full-length rDNA-mimics were chemically synthesized and
cloned into plasmid vectors (pUC19) by Genscript (Tokyo, Japan).
For production, plasmids were transformed into ECOS Competent
Escherichia coli DHS« cells (Nippon Gene) and plasmid DNA
was extracted from overnight cultures using a QIAprep Spin
Miniprep Kit (Qiagen), both following the manufacturer’s provided
instructions. Plasmid DNA was linearized using the restriction
enzymes Bsal (for Sc4001, Cn4001, Sc5002, Sc5004, Sc5005, Sc5006,

Cn5001, and Sc5002) or Bpml (for Sc5001, Sc5003, Sc6001, and
Cn6001), using the buffers and conditions recommended by the
manufacturer (New England Biolabs). Linearized plasmid DNA
was purified using the Agencourt AMPure XP system (Beckman
Coulter), and inspected by electrophoresis using the Agilent 2200
Tapestation system with a D5000 ScreenTape (Agilent). DNA
concentrations were quantified with a high-sensitivity Quant-iT
dsDNA Assay Kit (Invitrogen) using a Qubit Fluorometer 3.0 (Life
Technologies). Plasmid DNA was diluted to 10 ng/ul in Tris-EDTA
buffer (pH 8.0), and stored in single-use aliquots at —80°C. The full-
length sequences of the rDNA-mimics were confirmed by Sanger
sequencing following the procedures we described previously [21],
and in all cases matched the expected sequences.

Bacterial and fungal mock communities

The bacterial mock community consisted of near full-length 165
TRNA genes of 14 strains cloned into pUC19 plasmid vectors,
as we described previously [21]. For the fungal mock commu-
nity, we cloned partial rRNA operon sequences of the follow-
ing strains: Hymenoscyphus varicosporoides NBRC 104355, Emericella
nidulans NBRC 30063, Schizosaccharomyces pombe NBRC 11645, C.
neoformans ATCC 32719, Candida glabrata NBRC 0622, S. cerevisiae
NBRC 1136, Candida tropicalis NBRC1400, Marasmius purpureostria-
tus NBRC 30141, Aspergillus oryzae NBRC 100959, and Trichoderma
reesei NBRC 31329. Purified genomic DNA of the strains was
obtained from the NITE Biological Resource Center (NBRC) at the
National Institute of Technology and Evaluation (NITE, Japan).
For C. neoformans, the ZymoBIOMICS Microbial Community DNA
Standard (Zymo Research) was used as source material. Par-
tial TRNA operons were amplified by PCR using forward and
reverse primers 1391f (5’-GTACACACCGCCCGTC-3') and LR3r (5'-
GGTCCGTGTTTCAAGACGG-3'), encompassing the V9 region of
the small-subunit (18S) TRNA gene to the D1D2 region of the large-
subunit (26S/28S) TRNA gene. PCR reactions (20 ul) contained 1x
KAPA HiFi HotStart ReadyMix and 500 nM each of forward and
reverse primer. Thermal cycling conditions were as follows: 3 min
at 95°C, 95°C for 30 s, and 68°C for 1 min (25 cycles), and 5 min
at 72°C. Amplicons were purified using the Agencourt AMPure
XP system and cloned into a pUC19 plasmid vector (Nippon
Gene) with the DNA Ligation Kit Ver.2.1 (Takara Bio), following
the manufacturer’s instructions. Transformation of the plasmids
into E. coli DHS« cells, linearization, and purification of plasmid
DNA were performed as described earlier for the rDNA-mimics,
including linearization of the plasmid DNA using Bpml for all
strains, except A. oryzae (Scal) and C. neoformans (Bsal). Sanger
sequencing was performed and the resultant sequences were
used as references for analysis (see below).

Soil DNA extraction

Soil sample was collected at the National Institute of Advanced
Industrial Science and Technology (Tsukuba, Japan). Extraction
of DNA was performed using the FastDNA SPIN Kit for Soil (MP
Biomedicals), following the manufacturer’'s manual. If applicable,
rDNA-mimics were added to the samples after cell lysis by bead-
beating.

Amplicon library construction and sequencing

Amplicon libraries were constructed by two-step tailed PCR,
largely following Illumina’s “16S Metagenomic Sequencing
Library Preparation” protocol. First-round PCR reactions (20 pul)
consisted of 1x KAPA HiFi HotStart ReadyMix, 500 nM each of
forward and reverse primer (see Table S3 for primer sequences
and Table S4 for amplicon characteristics), and 2 ul of DNA
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template. The latter contained 2 ng of environmental DNA (soil
DNA, spiked with rDNA-mimics before or after DNA extraction)
or~2x 10> total copies of the rDNA-mimics and/or mock
community plasmid DNA. The same thermal cycling scheme,
except for the annealing temperature, was used for all primer sets,
consisting of enzyme activation for 3 min at 95°C, 20 to 25 cycles
of denaturation (95°C), primer annealing, and extension (72°C),
each for 30 s, and a final extension for 5 min at 72°C. Annealing
temperatures for the different primer sets were as follows: SSU-
V9: 50°C; ITS2: 52°C; LSU-D1D2: 57°C; ITS1: 52°C and SSU-V4:
50°C. PCR products were purified with the Agencourt AMPure XP
system, using a 1:1 bead-to-sample ratio, and eluted in 25 ul of
buffer. Second-round PCR reactions (20 ul) consisted of 1x KAPA
HiFi HotStart ReadyMix, 2 ul each of barcoded primer (Nextera
XT Index Kit v2, Illumina), and 2 ul of purified first-round PCR
product. Thermal cycling conditions were as above, except for
the annealing temperature (here, 55°C) and number of cycles
(here, 8). After clean-up as above, the amplicons were inspected
and quantified using the D1000 ScreenTape system (Agilent) and
pooled at equimolar concentrations. The pooled libraries were
supplemented with PhiX control DNA (up to 30%) and sequenced
on an lllumina Miseq instrument using V2 chemistry (2 x 251-bp
reads).

Processing and analysis of sequence reads

Binary Base Call (BCL) files were converted to FASTQ format
using Illumina’s bcl2fastqg conversion software (v2.16.0.10;
default parameters). Reads were additionally processed with
Atropos v1.1.31 [29] to trim potentially remaining adapters,
with options -aligner insert -no-default-adapters -adapter
CTGTCTCTTATACACATCT -adapter2 CTGTCTCTTATACACATCT.
Next, primers in the reads were identified and removed using
Cutadapt v4.3 [30], using the primer-specific parameters shown in
Table S5. In all cases, sequences lacking identifiable primers and
undetermined bases (flags -max-n 0 —discard-untrimmed) were
removed. Sequences were then further filtered based on their
expected errors using DADA2’s v1.26.0 [31] filterAndTrim function
(see Table S5). Reads were then denoised to construct amplicon
sequence variants (ASVs), following DADA2’s common workflow,
including learning the error models (function learnErrors) and
denoising (function dada). Only the forward reads were used for
primer sets SSU-V9, ITS1, and ITS2. For SSU-V4 and LSU-D1D2
amplicons, forward and reverse reads were denoised separately
and subsequently combined using DADA2’s mergePairs command,
with the option justConcatenate = TRUE for LSU-D1D2 amplicons.
Sequence data from different sequencing runs were processed
separately and then merged into a single ASV count table.
For taxonomic assignment, we used DADA2’s assignTaxonomy
function with a custom database of the sequences of the rDNA-
mimics and strains in the mock communities. If applicable,
multiple ASVs assigned to a given rDNA-mimic or species in
the mock community were combined and their counts summed.
For environmental samples, all ASVs not assigned to the rDNA-
mimics were considered as environmental ASVs and their counts
were summed to represent total microbial loads.

Data analysis

Data analysis and visualization were performed in R v4.4.1 [32],
via the RStudio GUI v2023.3.1.446 [33], mainly using the packages
part of the “tidyverse” v2.0.0 [34], including dplyr v1.1.4 and
tidyr v1.3.1 for data handling and ggplot2 v3.5.1 for plotting. If
applicable, random subsampling (without replacement) of count
tables was performed using vegan’s v2.6 [35] rrarefy function.

Fitting of rectangular hyperbola was performed using the function
drm (with fct=MM.2()) of the R package dcr v3.0 [36]. Linear
regression analysis was performed using R stats’ Im function.
Linear correlations between actual and measured values were
calculated as Pearson'’s correlation coefficients, calculated using
R stats’ cor function. Differences between expected and measured
values were expressed as the geometric mean of absolute fold
differences [21], which is equivalent to the mean of the differences
in log-transformed values.

Results

Design and experimental validation of the
rDNA-mimics

We designed 12 unique synthetic TRNA operons (rDNA-mimics)
starting from the sequences of the rRNA operons of two fungi,
namely the type strains of the yeasts S. cerevisiae (Sc, strain S288C)
and C. neoformans (Cn, strain H99). Following the approach out-
lined in our previous work [21], the rDNA-mimics were generated
by replacing the variable regions of the Sc and Cn rRNA genes
with bioinformatically designed artificial sequences that are fully
distinct from known sequences in the NCBI nr/nt database. This
layout allows the rDNA-mimics to be amplified by PCR primers
targeting the conserved natural sequences and robustly identified
in any microbiome sample based on their artificial sequence
regions. To facilitate PCR amplification and sequencing, the arti-
ficial sequences were designed with balanced nucleotide com-
position and uniform GC content (40%, 50%, or 60%; Fig. S1)
and screened to avoid homopolymers, repeats, similarity within
and between sequences, and secondary structures. As shown in
Fig. 1A, the rtDNA-mimics contain conserved regions flanking the
eukaryotic/fungal V9 hypervariable region of the small subunit
(SSU) rRNA gene, the fungal internal transcribed spacers (ITS1 and
ITS2), and the D1/D2 domain of the fungal large subunit (LSU)
rRNA gene. These regions were selected because they represent
widely used marker loci for characterizing eukaryotic (SSU-V9)
and fungal (ITS1, ITS2, and LSU-D1D2) microbial communities
[37-39]. For cross-domain application, two Sc-based rDNA-mimics
also contain artificial versions of the V4 hypervariable region
of the bacterial 16S rRNA gene, a commonly targeted region in
microbiome studies, including the Earth Microbiome Project [40],
flanked by conserved sequences from E. coli [21]. The rDNA-
mimics, which had a length of 1320 to 1919 bp (Table S1, see
Table S2 for marked-up sequences), were chemically synthesized,
inserted into a plasmid vector for propagation, and used in the
form of linearized plasmid DNA.

For initial experimental testing, we analyzed an equimolar
mixture of all 12 rDNA-mimics (referred to as mix E) using the
eukaryotic/fungal primer sets SSU-V9, ITS1, ITS2, and LSU-D1D2,
as well as the bacterial primer set SSU-V4 (Fig. 1A, see Table S3 for
primer sequences). After sequencing on an [llumina MiSeq instru-
ment and denoising the sequences with DADA?2, the relative abun-
dances of all rDNA-mimics were comparable across all tested
fungal/eukaryotic primer sets (Fig. 1B). Within each primer set,
deviations from the expected abundances, expressed as the geo-
metric mean of absolute fold differences (gmAFD, averaged across
rDNA-mimics), ranged from 1.05 for the SSU-V9 primer set to 1.10
for the ITS1 primer set. The slightly higher deviation between
expected and measured abundances for the ITS1 primer set was
largely due to the differences in the abundance of the Cn-based
rDNA-mimics (9.4 &+ 1.0%, mean + SD) compared to the Sc-based
rDNA-mimics (7.8 +0.7%). This discrepancy may be explained by
their non-identical PCR primer binding sites and/or differences
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Figure 1. (A) Overview of the rDNA-mimics. The upper part of the schematic shows the organization of the fungal/eukaryotic rRNA operon along with
the partial bacterial 16S rRNA gene (V4 hypervariable region) incorporated in two of the rDNA-mimics. The middle part shows the layout of the
rDNA-mimics, consisting of artificial sequences flanked by conserved sequences of the natural rRNA genes of the yeasts S. cerevisiae (Sc) and

C. neoformans (Cn). Colored squares on the right correspond to the legend in panel B. The lower part indicates the location of the PCR primers used for
experimental evaluation of the rDNA-mimics. (B) Testing of the rDNA-mimics with an equimolar formulation of all 12 rDNA-mimics (mix E). Stacked
bar charts of the relative abundances of the rDNA-mimics, averaged over three technical replicates, for amplicon libraries generated with the primer
sets shown on the x-axis. (C) Testing of the rDNA-mimics with mix E added to an even fungal or bacterial mock community. Each symbol shows an
individual data point from three technical replicates. Symbols for the rDNA-mimics are colored as in panel B and data for all species in the mock
communities are shown as dark grey circles. (D) Scatter plot of species abundances for the fungal (mock F) or bacterial (mock B) mock community +
mix E samples (y-axis) against the mock community-only samples (x-axis). Data are shown as the mean (circles) and SD (error bars) of three technical

replicates, with fill colors indicating the primer set. The solid line represents the 1:1 diagonal and the corresponding R? value is indicated.

in amplicon sizes (Table S4) as both factors have been shown to
affect detection efficiency in the context of amplicon sequencing
[41,42]. For the SSU-V4 primer set, both rtDNA-mimics Sc5001 and
Sc5002 were also detected with nearly equal abundance (Fig. 1B).
These results confirmed that the rDNA-mimics can be effectively
and uniformly amplified by PCR using common eukaryotic/fungal
and bacterial primers targeting different regions of the rRNA
operon.

We next tested whether the tDNA-mimics exhibited compara-
ble detection efficiencies to diverse natural rRNA gene sequences.
For this purpose, we combined mix E with mock communities
consisting of plasmid DNA with cloned rRNA genes from 10 fungal
or 14 bacterial species, such that all sequences were equally abun-
dant in the combined mixtures. For the fungal primer sets and
fungal mock + mix E, we found that the abundance of most rDNA-
mimics was within the range of the abundances of the species in
the mock community (Fig. 1C). Two species, namely T. reesei and
S. pombe, yielded lower abundances for SSU-V9 and ITS1 primer
sets, respectively. This could be explained by primer mismatches
between the SSU-V9 primers and T. reesei (Table S4), whereas the
ITS1 primers perfectly matched S. pombe, and other unidentified

factors were thus likely responsible for its moderate underestima-
tion. For the bacterial SSU-V4 primer set, the abundance of the
two rDNA-mimics was slightly lower than the abundance of the
species in the bacterial mock (Fig. 1C). Differences were however
relatively small (1.2-fold compared to the mean abundance of the
mock community members), and may be due to factors such as
PCR and/or sequencing bias or inaccuracies introduced during
sample preparation. These results showed that the detection
efficiency of the rDNA-mimics is largely comparable to that of
diverse natural rRNA genes, hence confirming their suitability as
internal standards for quantitative microbiome analyses. Further-
more, the rDNA-mimics did not interfere with the detection of the
mock community members, as shown by comparing the fungal
or bacterial mock + mix E samples to the mock community-only
samples (Fig. 1D).

Quantitative performance of rDNA-mimics added
to complex environmental DNA

To further validate the rDNA-mimics, we evaluated their quanti-
tative performance by spiking them at varying levels (as absolute
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copy numbers) into DNA extracted from soil, as a representative
diverse environmental sample. Specifically, we added decreasing
amounts of mix E, between approximately 2 x 102 and 2 x 10° total
copies, to a fixed amount of soil DNA (2 ng), and constructed
amplicon libraries using all the above primer sets. The abun-
dances of the rDNA-mimics were determined after denoising of
the sequence data with DADA?2; here, ASVs not assigned to the
rDNA-mimics were considered as environmental taxa and their
counts were summed to represent the total amount of soil-derived
sequences in the samples. For the SSU-V4 primer set, the Sc5001
and Sc5002 rDNA-mimics yielded at most 25 reads per sample
at the lowest spike-in level; these data were thus excluded prior
to analysis. Similarly, data for the fungal primer sets with the
highest spike-in level were omitted because virtually all reads
(98.7 £ 0.5%) belonged to the rDNA-mimics. Across the remaining
samples, ASV count tables contained >40000 reads and were
analyzed without subsampling, unless otherwise noted.

For all primer sets, the number of reads (after random subsam-
pling to equal depth) assigned to the rDNA-mimics increased con-
sistently with higher spike-in levels (Fig. 2A). Non-linear regres-
sion further showed that the data for each primer set followed
the expected rectangular hyperbolic trend when plotting tDNA-
mimic read counts, after subsampling, against spike-in levels. This
demonstrated that the observed read counts precisely reflected
the abundance of the rDNA-mimics, relative to the total microbial
load, in the samples over multiple orders of magnitude.

To further illustrate this, we also analyzed the ratio of environ-
mental (numerator) to rtDNA-mimic (denominator) read counts.
After applying a log transformation, these ratios are known as
additive logratios (ALR) in compositional data analysis [43]. Equiv-
alently, they also represent scaling factors to normalize read
counts by total microbial loads or to convert microbial read counts
to absolute quantities (e.g. copy number per unit amount of sam-
ple). Plotting the ALR-transformed microbial counts against spike-
in levels on a double logarithmic scale should here, by design,
result in curves described by a linear trend line with a slope of
—1 (see Supplementary Note 1 for mathematical expressions).
Considering total rtDNA-mimic reads as the basis for ALR transfor-
mation, the best-fit linear regression slopes of the curves closely
matched the expected value for all primer sets (—0.97 &+ 0.03), with
high coefficients of determination (R? > 0.99; Fig. 2B). Similarly,
when using the reads for each rDNA-mimic separately for ALR
transformation, the slopes remained close to —1 (—0.98+0.05,
mean + SD across primer sets and rDNA-mimics), again with high
R? values (Fig. S2). These data showed that the rDNA-mimics
are suitable as references for ALR transformation or converting
microbial read counts to absolute scale.

Since differential abundance analyses in microbiome research
primarily focus on comparing absolute abundances between sam-
ples [44], we also calculated the differences in ALR-transformed
counts between all pairs of samples, and compared them
to the values theoretically expected by design. Based on the
experimental design in which varying levels of rDNA-mimics
(as absolute copy numbers) were added to a fixed amount of
soil DNA, differences in ALR-transformed soil-derived reads
between samples are expected to be equal to the log-fold
differences in rDNA-mimic levels between samples, up to a
minus sign, as shown in Supplementary Note 1. Since the
rDNA-mimics were added at four different levels in 10-fold
dilution steps, this thus amounted to expected values of logio(10),
log10(100) and logi0(1000). As anticipated from the near-unity
slopes of the above dose-response curves, we observed good to
excellent agreement between expected and actual values (Fig. 2C).

Across all data, measured values deviated 1.29-fold (gmAFD;
interquartile range [IQR]: 1.09-1.45) from the expected values,
with 79.1% of comparisons showing differences of less than
1.5-fold. When averaged separately for each rDNA-mimic and
primer set, gmAFDs ranged from 1.16 for primer set LSU-D1D2
to 1.35 for ITS2, and from 1.17 for rtDNA-mimic Cn4001 to 1.42
for Sc5003. These data confirmed that rDNA-mimics accurately
capture differences in microbial loads between samples, thus
validating their suitability for absolute differential abundance
analyses.

Determination of microbial loads using
rDNA-mimics spiked before DNA extraction

We next evaluated the effectiveness of the rDNA-mimics when
incorporated directly into samples before DNA extraction. For this
purpose, we added a constant amount of mix E, approximately
4 x 10° total rDNA-mimic copies, to varying amounts of soil (37,
75, 150, and 300 mg). Here, we note that samples were spiked
after cell lysis to avoid potential shearing of the TDNA-mimics. Fol-
lowing DNA extraction, amplicon libraries were generated using
the fungal primer sets ITS1 and ITS2, and the bacterial primer
set SSU-V4. The 300-mg soil sample yielded fewer than 10 reads
for the rDNA-mimics with primer set SSU-V4 and was therefore
excluded from the analysis. For all remaining samples, ASV count
tables contained >60000 reads per sample.

As expected, the number of reads (after random subsampling
to equal depth) assigned to the rDNA-mimics decreased mono-
tonically with increasing soil biomass, again following the theo-
retically expected trend (Fig. S3). As with the previous experiment,
the linearity of the dose-response curves was assessed by plotting
the ratio of soil to rDNA-mimic read counts against soil biomass
on a log-log scale. As shown in Fig. 2D, the resultant curves based
on the aggregated rDNA-mimic read counts demonstrated good
to excellent linearity for each primer set, with slopes close to 0.9
and R? values of >0.95. Similar results were observed for curves
calculated for each rDNA-mimic individually, with slopes and R?
values of 0.89+£0.08 and 0.95 £ 0.04, respectively (Fig. S4).

In view of these results, the estimated microbial loads for both
eukaryotes/fungi and bacteria, calculated based on the defined
amount of each of the rDNA-mimics added to the samples,
showed a strong correlation with soil biomass (Fig. S5), with
Pearson’s correlation coefficients of 0.95=+0.04 (IQR: 0.95-0.98).
Furthermore, normalized microbial loads (i.e. copy numbers per
mg of soil) for both fungi and bacteria remained largely unaffected
by soil DNA input amount (Fig. 2E), with an average coefficient of
variation of less than 20% and an interquartile range of 14.7%
to 21.0%. Collectively, these data confirmed that rDNA-mimics
added prior to DNA extraction can provide precise estimates of
total microbial load across the two domains.

Demonstration of staggered rDNA-mimic
mixtures and quantification of
bacterial-to-fungal ratios

As noted earlier, and unlike most previous studies, we designed a
set of multiple spike-ins to offer greater flexibility in their applica-
tion. As an example, and to further validate the rDNA-mimics, we
created a staggered pool containing the eight rDNA-mimics with
a GC content of 50% (see Table S1). Using a staggered mixture of
rDNA-mimics provides a straightforward way of assessing data
quality based on the linearity of the standard curves for each
sample [21]. Here, we applied this mixture for quantitative anal-
yses of a series of samples with varying amounts of fungal and
bacterial mock community. This allowed us to additionally assess
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Figure 2. (A) Relationship between total rDNA-mimic reads (i.e. summed across rDNA-mimics) and their spike-in levels (i.e. total copies per PCR). Each
symbol represents an individual data point, colored by primer set as indicated in the legend. Colored lines show the fitted rectangular hyperbola for
each primer set. The grey horizontal line indicates the subsampling depth (i.e. 40 000 reads per sample). (B) Relationship between ALR-transformed soil
reads and rDNA-mimic spike-in levels. Solid lines show the best-fitting linear regression line (log-log scale); slopes and R? values (within parentheses)
are added as text labels, colored as in panel A. (C) Conconcordance between actual and measured differences in ALR-transformed soil read counts. For
this analysis, we considered all pairs of samples with different rDNA-mimic levels, resulting in expected values of logio(10), log10(100) and log10(1000),
as indicated on the y-axis. For each log-fold difference on the y-axis, dashed horizontal lines show two-fold differences between actual and measured
values. Symbols represent individual data points, colored by the rDNA-mimic used as the basis for ALR transformation. Grey symbols show the data
using the aggregated rDNA-mimic reads for ALR transformation. (D) Relationship between ALR-transformed microbial read counts (y-axis), based on
the aggregated rDNA-mimic reads, and the amount of soil subjected to DNA extraction (x-axis), for samples supplemented with a constant amount of
an equimolar formulation of the rDNA-mimics. Each symbol represents a data point for three primer sets (ITS1, ITS2, and SSU-V4, colored as in panel
A). Solid lines show the best-fit log-log linear regression line, with slopes and R? values (within parentheses) shown as text labels. (E) Normalized

microbial loads (i.e. estimated copies per mg of soil) as determined using each of the rDNA-mimics as the basis for quantification. Each symbol
represents a different data point, colored as in panel C. Estimates based on the summed rDNA-mimic counts are shown in dark grey.

the performance of the rtDNA-mimics for determining bacterial-
to-fungal (BF) microbial load ratios. As shown in Fig. S6, the
samples, designated mixBFa through mixBFg, contained a fixed
amount of bacterial plus fungal mock community and captured
BF ratios between 40 and 0.025. The rDNA-mimic mixture was
added to the samples at a fixed level in absolute units, with the
amount of each of the rDNA-mimics ranging from 200 (Sc5006)
to 2.5 x 10* (Sc5003) copies per PCR reaction. Amplicon libraries
were constructed using the fungal primer sets ITS1 and ITS2 and
the bacterial primer set SSU-V4, and were quantified based on
DADA?2-denoised sequences. Across samples, >36 000 reads per
sample (IQR: 65149-107 535) were retained in the annotated ASV
count tables.

As alluded to above, we assessed the linearity of the mea-
surements by plotting the number of reads, normalized within
the sub-composition of the rDNA-mimics, for each of the rtDNA-
mimics against their copy number (Fig. 3A, see also Fig. S7). Con-
sistent with the results of pure mix E described above, the two
Cn-based rDNA-mimics exhibited noticeably higher abundances

than the Sc-based controls for the ITS1 primer set. Focusing
only on the Sc-based rDNA-mimics for primer set ITS1, slopes
of the log-log linear regression lines were close to unity for all
samples (0.9340.04). For primer set ITS2, the slopes were also
close to the expected value (1.06 +0.07), although the variance in
rDNA-mimic abundances between samples was higher than for
the ITS1 primer set. As a whole, the near-unity slopes and high
R? values demonstrated the consistency of quantification across
rDNA-mimics and concentrations, and also verified that amplicon
library preparation, sequencing, and bioinformatics analyses were
successfully performed. This showcased the utility of staggered
rDNA-mimic pools for quality control of the quantitative perfor-
mance of the entire measurement, from PCR amplification to
bioinformatics analysis.

Similar to the analysis of the environmental samples described
earlier, we again calculated the ratio of the aggregated read counts
for the mock communities, representing the total amount of
microbial rRNA operons in the samples, to the rDNA-mimic read
counts to assess how well these reflected the microbial loads in
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the samples. For this analysis, we focused on the more abundant
rDNA-mimics (i.e. Sc5003, Cn5002, Sc5004) and the two cross-
domain rDNA-mimics (Sc5001 and Sc5002). As depicted in Fig. 3B,
plotting this ratio against mock community loads on a log-log
scale demonstrated that the TDNA-mimics precisely captured the
microbial loads in the samples, as shown by the near-unity slopes
(0.96 +£0.04, across rDNA-mimics and primer sets).

Based on these results, the estimated microbial loads were
strongly correlated with the actual values, with Pearson’s corre-
lation coefficients exceeding 0.99 (Fig. S8). Still, we found that
the estimated microbial loads deviated several-fold from the
expected values. This bias was however consistent across samples
for a given rDNA-mimic and thus canceled out when calculating
differential microbial loads. This is demonstrated in Fig. 3C by
comparing actual and measured differences in microbial loads
between all sample pairs. Across all data, the measured values
differed 1.13-fold (gmAFD; IQR: 1.04-1.18) from the actual values.
Considering individual rDNA-mimics, gmAFDs varied between
1.05x for bacterial loads estimated using primer set SSU-V4 and
Sc5001 to 1.34x for fungal loads evaluated with the ITS2 primer

and Sc5002. Further, because total microbial loads represent a
fixed scaling factor applied uniformly to all taxa in a given sample,
differential abundances of individual species in the mock com-
munity were also accurately estimated (Fig. S9), with deviations
between actual and expected values of 1.17 (gmAFD, averaged
across species and rDNA-mimics), 1.28 and 1.21 for the ITS1,ITS2,
and SSU-V4 primer sets, respectively. Further, the accuracy of the
differential abundance estimates were largely comparable across
species, despite species-dependent bias when considering their
(relative) abundances on a per-sample basis, especially for the
fungal primer sets (Fig. S10).

Finally, for cross-domain quantification, we calculated the ratio
of the estimated absolute loads of bacteria to fungi and compared
these to the actual BF ratios. Fungal abundances were calculated
based each of the rDNA-mimics individually, whereas bacterial
abundances were determined using Sc5001 and Sc5002. We then
calculated BF ratios based on Sc5001 and Sc5002, which capture
both fungal and bacterial in a single construct, as well as every
combination of Sc5001/5c5002 and the other fungal rDNA-mimics
(i.e. Sc5003, Cn5002, Sc5004). As shown in Fig. 3D, measured BF


https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data
https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data
https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data
https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data

8 | Tourlousse and Sekiguchi

ratios were strongly linearly correlated with actual values, with
Pearson'’s correlation coefficients of >0.99. Furthermore, for most
rDNA-mimics, the deviation between expected and measured
values was small, with an interquartile range for the gmAFD of
1.13 to 1.31. Here, we also found that estimates derived from the
constructs Sc5001 and Sc5002 showed deviations from expected
values that were largely comparable to those obtained from other
rDNA-mimic pairs (1.17 £0.06 versus 1.19 £ 0.08, excluding esti-
mates involving Cn5002). Finally, due to the strong linear relation-
ship between expected and measured BF ratios within samples,
differences in BF ratios between pairs of samples were highly
accurate (Fig. S11).

Discussion

We have introduced a series of synthetic rRNA operon constructs
(rDNA-mimics) to serve as spike-in standards for quantitative
analysis of eukaryotic/fungal and bacterial microbiomes. Unlike
similar reagents developed in previous studies [e.g. 23, 24], our
rDNA-mimics span multiple genes and regions of the eukaryotic/-
fungal rRNA operon. This makes them compatible with a broader
range of PCR primers commonly used in eukaryotic/fungal micro-
biome studies, thus facilitating their wider adoption. Compared
to the work of Wang et al. [45], which described five synthetic
standards compatible with the bacterial 336F/806R and fungal
ITS3/ITS4 primers, the rDNA-mimics described here offer greater
flexibility in PCR primer selection. This advantage is due to the
inclusion of longer conserved sequence regions, and not only the
primer binding sites as in Wang’s constructs.

We demonstrated how rDNA-mimics, when added to extracted
DNA or directly to samples prior to DNA extraction, can be reliably
enumerated using different PCR primer sets and precisely reflect
total fungal and bacterial loads, as total rRNA gene/operon copy
numbers, in the samples. Although the mock community results
showed discrepancies between actual and estimated microbial
loads, this bias was generally consistent across samples and thus
canceled out when comparing the resulting absolute-scale abun-
dances between samples. We here note that rDNA-mimics, like
any spike-in control, are subject to the same biases as the natural
sequences in the samples. Therefore, the inferred microbial loads
should better capture the microbial community that is subjected
to analysis by sequencing, compared to techniques such as flow
cytometry. As suggested by McClaren et al. [46] based on theoret-
ical considerations, this should lead to more accurate estimates
of fold differences in taxon abundances between samples and
consequently to more reliable differential abundance analysis.

Akey feature of the TDNA-mimics is their ability to assess abso-
lute abundances of both eukaryotic/fungal and bacterial micro-
bial taxa, thereby making the taxonomic profiles amenable to
integrated analysis. Interactions between fungi and bacteria are
thought to play a critical role in the functioning of a wide range
of ecosystems [47], and the TDNA-mimics are therefore expected
to enable more detailed investigations based on cross-domain
amplicon sequencing studies. This also includes the estimation
of absolute abundance ratios of fungi and bacteria—a key metric
for understanding and managing soil ecosystems [48]. Although
we found only relatively small differences when comparing cross-
domain abundance ratios (more specifically, BF ratios) calculated
using pairs of rDNA-mimics, constructs with both fungal and
bacterial rRNA genes (such as Sc5001 and Sc5002) are particularly
advantageous for this purpose. They simplify handling by requir-
ing only a single rDNA-mimic per sample and their BF ratios are
perfectly calibrated.

The availability of 12 unique sequences allows flexibility and
enhances the versatility of the rDNA-mimics, beyond absolute
quantification. Specifically, following our previous work using
synthetic 16S rRNA gene spike-in controls [21], rDNA-mimics pro-
vide a useful tool for quality control and assessment of potential
bias throughout the entire measurement workflow, from PCR
amplification to sequencing and bioinformatics. For instance, we
have shown here how staggered mixtures can be used to evalu-
ate quantitative performance based on the consistency/linearity
of measurements across different rDNA-mimics and concentra-
tions. As an example of bias, we observed that the Cn-based rDNA-
mimics were consistently detected at higher abundances than
the Sc-based rDNA-mimics when using the ITS1 primer; this was
presumed to be related to their differences in PCR primer binding
sites or amplicon lengths. Given the considerable variation in the
size of the ITS1 region among fungi [42], this may lead to signifi-
cant inaccuracies in observed fungal profiles. To address this, the
inclusion of rtDNA-mimics in the samples, albeit preferably with
a broader size range, could provide adjustment factors to correct
for biases introduced by differences in amplicon length.

While incorporating the rDNA-mimics in existing workflows
is relatively straightforward, users should keep several points in
mind. First, a preliminary estimate of the expected microbial load
in the samples may be required to set the appropriate amount of
rDNA-mimics to incorporate into the samples, such that a suffi-
cient number of rtDNA-mimic reads are obtained for robust quan-
tification without sacrificing too much sequencing capacity. For
simplicity, this could be done by quantifying total microbial loads
in representative samples using quantitative PCR, preferably with
the same primers as used to prepare the amplicon libraries for
sequencing. Such a two-tiered approach may be justified given
the benefits of competitive PCR assays, which underlies the rDNA-
mimics, to be more accurate in the presence of e.g. PCR inhibitors
[49] or other types of procedural bias. Second, because the cross-
domain rDNA-mimics have a fixed one-to-one ratio of fungal
to bacterial abundances, they may be more difficult to apply to
samples with widely varying fungal and bacterial loads. In this
case, it may be advisable to use the here-described fungi-only
rDNA-mimics in conjunction with the full-length synthetic rRNA
genes we described previously [21]. This would not only allow
users to independently vary the amount of fungal and bacterial
rDNA-mimics added to the samples but also enable other 16S
TRNA gene regions to be targeted and generate multi-point dose-
response curves for quality assessment.

Conclusion

The benefits of absolute quantitative microbiome profiling are
increasingly recognized in the microbiome field, and this has
spurred efforts to establish frameworks for absolute quantitative
analysis. While a number of statistical techniques have been
developed for differential abundance analysis of compositional
microbiome data, a recent benchmarking study advocated the use
of experimental quantitative methods [50]. Such techniques are
expected to improve accuracy, facilitate statistical analysis, and
provide more detailed biological insights. The herein-described
rDNA-mimics thus provide a valuable resource for future micro-
biome studies.

Acknowledgements

The authors express their gratitude to Akiko Ohashi for her excel-
lent technical assistance.


https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data

Synthetic DNA standards for cross-domain quantitative microbiome analysis | 9

Supplementary material

Supplementary material is available at ISME Communications
online.

Conflicts of interest

The authors declare that they are listed as inventors on filed
patents related to the synthetic rRNA gene standards described
in this study.

Funding

This work was supported by the National Institute of Advanced
Industrial Science and Technology (AIST), Japan.

Data availability

Full-length sequences of the rDNA-mimics are available in
the DDBJ/GenBank/EMBL nucleotide sequence database under
accession numbers PQ159721-PQ159732. Raw Illumina sequence
reads have been deposited in NCBI's Sequence Read Archive
under BioProject PRJNA1100950 (https://www.ncbi.nlm.nih.gov/
bioproject/?term=PRJNA1100950). All source data and code
are available in the Zenodo repository under DOI 10.5281/
zenodo.14592209 (https://zenodo.org/records/14592209).

References

1. Gloor GB, Macklaim JM, Pawlowsky-Glahn V et al. Microbiome
datasets are compositional: and this is not optional. Front Micro-
biol 2017;8:2224. https://doi.org/10.3389/fmicb.2017.02224

2. Bruijning M, Ayroles JF, Henry LP et al. Relative abundance
data can misrepresent heritability of the microbiome. Microbiome
2023;11:222. https://doi.org/10.1186/s40168-023-01669-w

3. Epp Schmidt D, Maul JE, Yarwood SA. Quantitative amplicon
sequencing is necessary to identify differential taxa and cor-
related taxa where population sizes differ. Microb Ecol 2023;86:
2790-801. https://doi.org/10.1007/s00248-023-02273-z2

4. Swift D, Cresswell K, Johnson R et al. A review of normalization
and differential abundance methods for microbiome counts
data. Wiley Interdiscip rev. Comput Stat 2023;15:15. https://doi.
0rg/10.1002/wics.1586

5. Tito RY, Verbandt S, Aguirre Vazquez M et al. Microbiome con-
founders and quantitative profiling challenge predicted micro-
bial targets in colorectal cancer development. Nat Med 2024;30:
1339-48. https://doi.org/10.1038/s41591-024-02963-2

6. Liao C, Rolling T, Djukovic A et al. Oral bacteria relative abun-
dance in faeces increases due to gut microbiota depletion and
is linked with patient outcomes. Nat Microbiol 2024;9:1555-65.
https://doi.org/10.1038/s41564-024-01680-3

7. Brunner D, Robinson AJ, Chain PSG. Combining compositional
data sets introduces error in covariance network reconstruction.
ISME Commun 2024;4:ycae057. https://doi.org/10.1093/ismeco/
ycae057

8. Jian C, Luukkonen P, Yki-Jarvinen H et al. Quantitative PCR
provides a simple and accessible method for quantitative
microbiota profiling. PLoS One 2020;15:0227285. https://doi.
org/10.1371/journal.pone.0227285

9. Barlow]T,Bogatyrev SR, Ismagilov RF. A quantitative sequencing
framework for absolute abundance measurements of mucosal

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

and lumenal microbial communities. Nat Commun 2020;11:2590.
https://doi.org/10.1038/s41467-020-16224-6

Vandeputte D, Kathagen G, D’hoe K et al. Quantitative micro-
biome profiling links gut community variation to microbial load.
Nature 2017;551:507-11. https://doi.org/10.1038/nature24460
Props R, Kerckhof FM, Rubbens P et al. Absolute quantification of
microbial taxon abundances. ISME ] 2017;11:584-7. https://doi.
org/10.1038/isme;j.2016.117

Satinsky BM, Gifford SM, Crump BC et al. Use of internal stan-
dards for quantitative metatranscriptome and metagenome
analysis. Methods Enzymol 2013;531:237-50, Elsevier, https://doi.
0rg/10.1016/B978-0-12-407863-5.00012-5.

Harrison JG, John Calder W, Shuman B et al. The quest for
absolute abundance: the use of internal standards for DNA-
based community ecology. Mol Ecol Resour 2021;21:30-43. https://
doi.org/10.1111/1755-0998.13247

Galazzo G, van Best N, Benedikter BJ et al. How to count our
microbes? The effect of different quantitative microbiome pro-
filing approaches. Front Cell Infect Microbiol 2020;10:403. https://
doi.org/10.3389/fcimb.2020.00403

Stammler F, Glasner ], Hiergeist A et al. Adjusting micro-
biome profiles for differences in microbial load by spike-in bac-
teria. Microbiome 2016;4:28. https://doi.org/10.1186/540168-016-
0175-0

Wang C, Yang Y, Wang Y et al. Absolute quantification and
genome-centric analyses elucidate the dynamics of microbial
populations in anaerobic digesters. Water Res 2022;224:119049.
https://doi.org/10.1016/j.watres.2022.119049

Lou J, Yang L, Wang H et al. Assessing soil bacterial com-
munity and dynamics by integrated high-throughput abso-
lute abundance quantification. Peer] 2018;6:e4514. https://doi.
org/10.7717/peer].4514

Kallastu A, Malv E, Aro V et al. Absolute quantification of
viable bacteria abundances in food by next-generation sequenc-
ing: quantitative NGS of viable microbes. Curr Res Food Sci
2023;6:100443. https://doi.org/10.1016/j.crfs.2023.100443

Smets W, Leff JW, Bradford MA et al. A method for simulta-
neous measurement of soil bacterial abundances and com-
munity composition via 16S rRNA gene sequencing. Soil Biol
Biochem 2016;96:145-51. https://doi.org/10.1016/].s0ilbio.2016.
02.003

Crossette E, Gumm J, Langenfeld K et al. Metagenomic quantifi-
cation of genes with internal standards. MBio 2021;12:e03173-20.
https://doi.org/10.1128/mBi0.01174-21

Tourlousse DM, Yoshiike S, Ohashi A et al. Synthetic spike-
in standards for high-throughput 16S rRNA gene ampli-
con sequencing. Nucleic Acids Res 2017;45:e23. https://doi.
org/10.1093/nar/gkw984

Koike K, Honda R, Aoki M et al. A quantitative sequencing
method using synthetic internal standards including functional
and phylogenetic marker genes. Environ Microbiol Rep 2023;15:
497-511. https://doi.org/10.1111/1758-2229.13189

Hutchinson MI, Bell TAS, Gallegos-Graves V et al. Merging fun-
gal and bacterial community profiles via an internal control.
Microb Ecol 2021;82:484-97. https://doi.org/10.1007/500248-020-
01638-y

Tkacz A, Hortala M, Poole PS. Absolute quantitation of
microbiota abundance in environmental samples. Microbiome.
2018;6:110. https://doi.org/10.1186/s40168-018-0491-7

Guo X, Zhang X, Qin Y et al. Host-associated quantita-
tive abundance profiling reveals the microbial load variation
of root microbiome. Plant Commun 2019;1:100003. https://doi.
0rg/10.1016/j.xplc.2019.100003


https://academic.oup.com/ismecommun/article-lookup/doi/10.1093/ismeco/ycaf028#supplementary-data
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA1100950
10.5281/zenodo.14592209
10.5281/zenodo.14592209
https://zenodo.org/records/14592209
https://zenodo.org/records/14592209
https://zenodo.org/records/14592209
https://zenodo.org/records/14592209
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.1186/s40168-023-01669-w
https://doi.org/10.1186/s40168-023-01669-w
https://doi.org/10.1186/s40168-023-01669-w
https://doi.org/10.1186/s40168-023-01669-w
https://doi.org/10.1186/s40168-023-01669-w
https://doi.org/10.1007/s00248-023-02273-z
https://doi.org/10.1007/s00248-023-02273-z
https://doi.org/10.1007/s00248-023-02273-z
https://doi.org/10.1007/s00248-023-02273-z
https://doi.org/10.1007/s00248-023-02273-z
https://doi.org/10.1002/wics.1586
https://doi.org/10.1002/wics.1586
https://doi.org/10.1002/wics.1586
https://doi.org/10.1002/wics.1586
https://doi.org/10.1038/s41591-024-02963-2
https://doi.org/10.1038/s41591-024-02963-2
https://doi.org/10.1038/s41591-024-02963-2
https://doi.org/10.1038/s41591-024-02963-2
https://doi.org/10.1038/s41564-024-01680-3
https://doi.org/10.1038/s41564-024-01680-3
https://doi.org/10.1038/s41564-024-01680-3
https://doi.org/10.1038/s41564-024-01680-3
https://doi.org/10.1093/ismeco/ycae057
https://doi.org/10.1093/ismeco/ycae057
https://doi.org/10.1093/ismeco/ycae057
https://doi.org/10.1093/ismeco/ycae057
https://doi.org/10.1093/ismeco/ycae057
https://doi.org/10.1371/journal.pone.0227285
https://doi.org/10.1371/journal.pone.0227285
https://doi.org/10.1371/journal.pone.0227285
https://doi.org/10.1371/journal.pone.0227285
https://doi.org/10.1371/journal.pone.0227285
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/s41467-020-16224-6
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/nature24460
https://doi.org/10.1038/ismej.2016.117
https://doi.org/10.1038/ismej.2016.117
https://doi.org/10.1038/ismej.2016.117
https://doi.org/10.1038/ismej.2016.117
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.1016/B978-0-12-407863-5.00012-5
https://doi.org/10.1111/1755-0998.13247
https://doi.org/10.1111/1755-0998.13247
https://doi.org/10.1111/1755-0998.13247
https://doi.org/10.3389/fcimb.2020.00403
https://doi.org/10.3389/fcimb.2020.00403
https://doi.org/10.3389/fcimb.2020.00403
https://doi.org/10.3389/fcimb.2020.00403
https://doi.org/10.1186/s40168-016-0175-0
https://doi.org/10.1016/j.watres.2022.119049
https://doi.org/10.1016/j.watres.2022.119049
https://doi.org/10.1016/j.watres.2022.119049
https://doi.org/10.1016/j.watres.2022.119049
https://doi.org/10.1016/j.watres.2022.119049
https://doi.org/10.7717/peerj.4514
https://doi.org/10.7717/peerj.4514
https://doi.org/10.7717/peerj.4514
https://doi.org/10.7717/peerj.4514
https://doi.org/10.1016/j.crfs.2023.100443
https://doi.org/10.1016/j.crfs.2023.100443
https://doi.org/10.1016/j.crfs.2023.100443
https://doi.org/10.1016/j.crfs.2023.100443
https://doi.org/10.1016/j.crfs.2023.100443
https://doi.org/10.1016/j.soilbio.2016.02.003
https://doi.org/10.1128/mBio.01174-21
https://doi.org/10.1128/mBio.01174-21
https://doi.org/10.1128/mBio.01174-21
https://doi.org/10.1128/mBio.01174-21
https://doi.org/10.1093/nar/gkw984
https://doi.org/10.1093/nar/gkw984
https://doi.org/10.1093/nar/gkw984
https://doi.org/10.1093/nar/gkw984
https://doi.org/10.1093/nar/gkw984
https://doi.org/10.1111/1758-2229.13189
https://doi.org/10.1111/1758-2229.13189
https://doi.org/10.1111/1758-2229.13189
https://doi.org/10.1007/s00248-020-01638-y
https://doi.org/10.1186/s40168-018-0491-7
https://doi.org/10.1186/s40168-018-0491-7
https://doi.org/10.1186/s40168-018-0491-7
https://doi.org/10.1186/s40168-018-0491-7
https://doi.org/10.1016/j.xplc.2019.100003
https://doi.org/10.1016/j.xplc.2019.100003
https://doi.org/10.1016/j.xplc.2019.100003
https://doi.org/10.1016/j.xplc.2019.100003
https://doi.org/10.1016/j.xplc.2019.100003

10

| Tourlousse and Sekiguchi

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Zaramela LS, Tjuanta M, Moyne O et al. synDNA-a synthetic
DNA spike-in method for absolute quantification of shotgun
metagenomic sequencing. mSystems 2022;7:e0044722. https://
doi.org/10.1128/msystems.00447-22

Hardwick SA, Chen WY, Wong T et al. Synthetic microbe com-
munities provide internal reference standards for metagenome
sequencing and analysis. Nat Commun 2018;9:3096. https://doi.
0rg/10.1038/541467-018-05555-0

Zuker M. Mfold web server for nucleic acid folding and
hybridization prediction. Nucleic Acids Res 2003;31:3406-15.
https://doi.org/10.1093/nar/gkg595

Didion JP, Martin M, Collins FS. Atropos: specific, sensitive,
and speedy trimming of sequencing reads. Peer] 2017;5:€3720.
https://doi.org/10.7717/peerj.3720

Marcel M. Cutadapt removes adapter sequences from high-
throughput sequencing reads. EMBnet ] 2011;17:10-2. https://doi.
0rg/10.14806/ej.17.1.200

Callahan BJ, McMurdie PJ, Rosen MJ et al. DADA2: high-resolution
sample inference from Illumina amplicon data. Nat Methods
2016;13:581-3. https://doi.org/10.1038/nmeth.3869

R Core Team. R: A Language and Environment for Statistical Comput-
ing. Vienna: R Foundation for Statistical Computing, 2024.

Posit Team. RStudio: Integrated Development Environment for R.
Boston: Posit Software, PBC, 2023, Available from: http://www.
posit.co/.

Wickham H, Averick M, Bryan ] et al. Welcome to the tidy-
verse. ] Open Source Softw 2016;4:1686. https://doi.org/10.21105/
j0ss.01686

Oksanen J, Simpson GL, Blanchet FG et al. Vegan: Community Ecol-
ogy Package. R package version 2.6-6.1. Available from: https://
CRAN.R-project.org/package=vegan.

Ritz C, Baty F, Streibig JC et al. Dose-response analysis using
R. PLoS One 2015;10:0146021. https://doi.org/10.1371/journal.
pone.0146021

Banos S, Lentendu G, Kopf A et al. A comprehensive fungi-
specific 18S rRNA gene sequence primer toolkit suited for
diverse research issues and sequencing platforms. BMC Microbiol
2018;18:190. https://doi.org/10.1186/s12866-018-1331-4
Hoggard M, Vesty A, Wong G et al. Characterizing the human
mycobiota: a comparison of small subunit rRNA, ITS1,ITS2, and
large subunit rRNA genomic targets. Front Microbiol 2018;9:2208.
https://doi.org/10.3389/fmicb.2018.02208

Bellemain E, Carlsen T, Brochmann C et al. ITS as an environ-
mental DNA barcode for fungi: an in silico approach reveals

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

potential PCR biases. BMC Microbiol 2010;10:189. https://doi.
0rg/10.1186/1471-2180-10-189

Thompson LR, Sanders JG, McDonald D et al. A communal
catalogue reveals Earth’s multiscale microbial diversity. Nature
2017;551:457-63. https://doi.org/10.1038/nature24621

Parada AE, Needham DM, Fuhrman JA. Every base matters:
assessing small subunit rRNA primers for marine micro-
biomes with mock communities, time series and global
field samples. Environ Microbiol 2016;18:1403-14. https://doi.
0rg/10.1111/1462-2920.13023

De Filippis F, Laiola M, Blaiotta G et al. Different amplicon
targets for sequencing-based studies of fungal diversity. Appl
Environ Microbiol 2017;83:e00905-17. https://doi.org/10.1128/
AEM.00905-17

Greenacre M, Martinez-Alvaro M, Blasco A. Compositional data
analysis of microbiome and any-omics datasets: a valida-
tion of the additive log-ratio transformation. Front Microbiol
2021;12:27398. https://doi.org/10.3389/fmicb.2021.727398

Lin H, Peddada SD. Analysis of microbial compositions: a
review of normalization and differential abundance analy-
sis. NPJ Biofilms Microbiomes 2020;6:60. https://doi.org/10.1038/
$41522-020-00160-w

Wang S, Wu Q, Han Y et al. Gradient internal standard method
for absolute quantification of microbial amplicon sequenc-
ing data. mSystems 2021;6:e00964-20. https://doi.org/10.1128/
mSystems.00964-20

McLaren MR, Nearing JT, Willis AD et al. Implications of
taxonomic bias for microbial differential-abundance analy-
sis. Preprint available from https://doi.org/10.1101/2022.08.19.
504330

Deveau A, Bonito G, UehlingJ et al. Bacterial-fungal interactions:
ecology, mechanisms and challenges. FEMS Microbiol Rev 2018;42:
335-52. https://doi.org/10.1093/femsre/fuy008

Djemiel C, Dequiedt S, Bailly A et al. Biogeographical patterns
of the soil fungal ratio across France. mSphere 2023;8:e0036523.
https://doi.org/10.1128/msphere.00365-23

Zentilin L, Glacca M. Competitive PCR for precise nucleic
acid quantification. Nat Protoc 2007;2:2092-104. https://doi.
org/10.1038/nprot.2007.299

Lloréns-Rico V, Vieira-Silva S, Gongalves PJ et al. Benchmark-
ing microbiome transformations favors experimental quanti-
tative approaches to address compositionality and sampling
depth biases. Nat Commun 2021;12:3562. https://doi.org/10.1038/
$41467-021-23821-6

© The Author(s) 2025. Published by Oxford University Press on behalf of the International Society for Microbial Ecology. This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/

by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited

ISME Communications, 2025, 5(1), ycaf028
https://doi.org/10.1093/ismeco/ycaf028
Original Article


https://doi.org/10.1128/msystems.00447-22
https://doi.org/10.1128/msystems.00447-22
https://doi.org/10.1128/msystems.00447-22
https://doi.org/10.1128/msystems.00447-22
https://doi.org/10.1038/s41467-018-05555-0
https://doi.org/10.1038/s41467-018-05555-0
https://doi.org/10.1038/s41467-018-05555-0
https://doi.org/10.1038/s41467-018-05555-0
https://doi.org/10.1093/nar/gkg595
https://doi.org/10.1093/nar/gkg595
https://doi.org/10.1093/nar/gkg595
https://doi.org/10.1093/nar/gkg595
https://doi.org/10.1093/nar/gkg595
https://doi.org/10.7717/peerj.3720
https://doi.org/10.7717/peerj.3720
https://doi.org/10.7717/peerj.3720
https://doi.org/10.7717/peerj.3720
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/nmeth.3869
http://www.posit.co/
http://www.posit.co/
http://www.posit.co/
http://www.posit.co/
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
https://doi.org/10.21105/joss.01686
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://CRAN.R-project.org/package=vegan
https://doi.org/10.1371/journal.pone.0146021
https://doi.org/10.1371/journal.pone.0146021
https://doi.org/10.1371/journal.pone.0146021
https://doi.org/10.1371/journal.pone.0146021
https://doi.org/10.1371/journal.pone.0146021
https://doi.org/10.1186/s12866-018-1331-4
https://doi.org/10.1186/s12866-018-1331-4
https://doi.org/10.1186/s12866-018-1331-4
https://doi.org/10.1186/s12866-018-1331-4
https://doi.org/10.3389/fmicb.2018.02208
https://doi.org/10.3389/fmicb.2018.02208
https://doi.org/10.3389/fmicb.2018.02208
https://doi.org/10.3389/fmicb.2018.02208
https://doi.org/10.1186/1471-2180-10-189
https://doi.org/10.1186/1471-2180-10-189
https://doi.org/10.1186/1471-2180-10-189
https://doi.org/10.1038/nature24621
https://doi.org/10.1038/nature24621
https://doi.org/10.1038/nature24621
https://doi.org/10.1038/nature24621
https://doi.org/10.1111/1462-2920.13023
https://doi.org/10.1111/1462-2920.13023
https://doi.org/10.1111/1462-2920.13023
https://doi.org/10.1128/AEM.00905-17
https://doi.org/10.1128/AEM.00905-17
https://doi.org/10.1128/AEM.00905-17
https://doi.org/10.1128/AEM.00905-17
https://doi.org/10.3389/fmicb.2021.727398
https://doi.org/10.3389/fmicb.2021.727398
https://doi.org/10.3389/fmicb.2021.727398
https://doi.org/10.3389/fmicb.2021.727398
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1038/s41522-020-00160-w
https://doi.org/10.1128/mSystems.00964-20
https://doi.org/10.1128/mSystems.00964-20
https://doi.org/10.1128/mSystems.00964-20
https://doi.org/10.1128/mSystems.00964-20
https://doi.org/10.1101/2022.08.19.504330
https://doi.org/10.1093/femsre/fuy008
https://doi.org/10.1093/femsre/fuy008
https://doi.org/10.1093/femsre/fuy008
https://doi.org/10.1093/femsre/fuy008
https://doi.org/10.1093/femsre/fuy008
https://doi.org/10.1128/msphere.00365-23
https://doi.org/10.1128/msphere.00365-23
https://doi.org/10.1128/msphere.00365-23
https://doi.org/10.1128/msphere.00365-23
https://doi.org/10.1038/nprot.2007.299
https://doi.org/10.1038/nprot.2007.299
https://doi.org/10.1038/nprot.2007.299
https://doi.org/10.1038/nprot.2007.299
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6
https://doi.org/10.1038/s41467-021-23821-6
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/ismeco/ycaf028

	 Synthetic DNA spike-in standards for cross-domain absolute quantification of microbiomes by rRNA gene amplicon sequencing
	Introduction
	Materials and methods
	Results
	Discussion
	Conclusion
	Acknowledgements
	Supplementary material
	Conflicts of interest
	Funding
	Data availability


