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a b s t r a c t
Microbiome research has grown exponentially in recent years, but methodological variations can
easily undermine the reproducibility across studies. To systematically evaluate the comparability of
sequencing results of 16S rRNA gene sequencing (16Ss)- and shotgun metagenomic sequencing
(SMs)-based microbial community profiling in laboratories under routine conditions, we designed a
multicenter study across 35 participating laboratories in China using designed mock communities
and homogenized fecal samples. We found that the observed microbial compositions of the mock
communities in 46.2% (12/26) of the 16Ss and 82.6% (19/23) of the SMs laboratories had significant
correlations with the expected result (Spearman r > 0.59, P < 0.05). DNA extraction methods, amplified
regions and bioinformatics analysis tools (taxonomic classifiers and database) were important factors
causing interlaboratory deviations. Addressing laboratory contamination is an urgent task because
various sources of unexpected microbes were found in negative control samples. Well-defined control
samples, such as the mock communities in this study, should be routinely used in microbiome
research for monitoring potential biases. These findings will provide guidance in the choice of more
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reasonable operating procedures to minimize potential methodological biases in revealing human
microbiota composition.
Ó 2020 THE AUTHORS. Published by Elsevier BV on behalf of Cairo University. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Due to the ever-evolving development of analytical methodologies, the microbiome, especially the gut microbiome, has become a
hot topic in biomedical research and now represents one of the
most studied and interesting fields in medicine. Mounting evidence has linked changes in the composition and activity of the
microbiota (especially the gut microbiota) to a wide range of diseases and ecological phenotypes, such as diabetes [1], obesity [2],
colorectal cancer [3], liver cirrhosis [4], rheumatoid arthritis [5]
and severe depression [6]. Although the knowledge to date of a
causative role for any of the microbial members detected in these
approaches is still very limited, it can be expected that human
microbiome data will be transformed into biomarkers related to
the diagnosis or prognosis of human diseases in the near future [7].
Currently, most bacterial and archaeal taxa across diverse
biomes remain uncultured [8,9], restricting the possibility of characterizing the full picture of environmental microbial communities
through culture techniques. Fortunately, increasingly powerful
next-generation sequencing (NGS) technologies are allowing us
to pry deeper and more clearly into the structure, function and
diversity of the human microbiome without prior culturing [10].
16S rRNA gene sequencing (16Ss) and shotgun metagenomic
sequencing (SMs) are the two main NGS tools implemented for
microbial community profiling. 16Ss is used to identify and classify
microbes by selectively amplifying and sequencing the hypervariable regions of the 16S rRNA gene. As 16Ss is high throughput (ten
to hundreds of microbiotas in a single sequencing run) [11], is cost
effective [12] and has increasingly accessible bioinformatics tools
[13], it has become a widely deployed method for profiling complex microbial communities [14,15]. SMs sequences the genomes
of all the microbes isolated from the entire microbial community.
Its advantage lies in the capacity for strain-level reconstruction
in the taxonomic analysis and for the functional annotation with
pathway predictions of the studied microbiome [16–18].
Unfortunately, microbiome studies based on these sequencing
strategies published at an exponential rate over the past several
years have been documented to be difficult to reproduce across
independent studies [16–18]. Significant variation has been
reported even across studies of the same disease [20,21]. For example, multiple studies demonstrated an elevated Firmicutes/Bacteroidetes ratio in obese subjects [22–24], but some other studies
reported weak associations between this ratio and obesity [25–
27]. Regarding the previous microbiome and colorectal cancer
(CRC) studies, Feng et al. found that the gene and genus richness
of the gut microbiota in CRC patients was significantly higher than
that in the control group [28], while, in another study, CRC patient
microbiomes exhibited reduced gene richness and gene alpha
diversity [3]. A recent systematic review that was based on 13
case-control studies investigating gut microbiota differences
between Parkinson’s disease (PD) patients and controls showed
that the abundance of butyrate-producing species was decreased
in the PD group compared to that in controls in only 9 studies
[29]. Moreover, several subversive views on the human microbiome, such as the presence of microbes in the blood and placenta,
have been strongly questioned by different researchers [29]. These
conflicting reports have triggered a ‘‘reproducibility crisis” in the
microbiome field, undermining the credibility of microbiome
science and delaying its translation [33,34]. In addition to differ-

ences in study populations, the irreproducibility of metagenome
analysis stems mainly from a wide range of experimental variables
at all steps of the experiment workflow, including sample handling
and nucleic acid extraction [35,36], primer choice (for 16Ss) [36],
sequencing strategies [37] and bioinformatics analysis [38].
With the rapid development of sequencing technology, an
increasing number of laboratories have established private procedures for microbial community profiling, providing us with additional choices of sequencing platforms for the study of the
relationship between the human microbiome and diseases. However, with a lack of standards in metagenomic data generation
and processing, do their results still have high interlaboratory variability when analyzing identical specimens as that reported in previous studies [37,38]? To systematically evaluate the
comparability and accuracy of microbial community profiling
detected with 16Ss and SMs techniques in different laboratories
and discover sources of variation that affect the accuracy of test
results, we conducted a multicenter evaluation study in 2019
among 35 individual laboratories in China using designed mock
samples and fecal samples. The results objectively reflect the existing issues in current microbial community diversity analysis.
Materials and methods
Study design
The National Center for Clinical Laboratories (NCCL) organized
this multicenter quality evaluation study. A total of 35 laboratories
from China that had developed workflows and routinely performed
16Ss- and/or shotgun metagenomic sequencing-based microbial
community profiling volunteered to participate in this activity.
Among these laboratories, 14 participated in the quality assessment of both methods, 9 laboratories participated in only the quality assessment of the 16S rRNA gene sequencing method, and the
other 12 laboratories participated in only the quality assessment
of the metagenomic sequencing method. Each of the participating
laboratories was sent one or two sample sets on dry ice. One sample set contained five types of physical samples prepared by the
NCCL: (1) Sample 201901 (total volume, 1 ml; microbial count,
6  108 cell). A microbial cell mock community consisted of 6 gpositive bacterial species (Bifidobacterium bifidum, Clostridium beijerinckii, Clostridium butyricum, Cutibacterium acnes, Enterococcus
faecalis and Lactobacillus gasseri) and 5 g-negative bacterial species
(Bacteroides thetaiotaomicron, Bacteroides fragilis, Enterobacter hormaechei, Escherichia coli and Fusobacterium nucleatum). These 11
bacteria belong to five phyla and eight genera. Except for one
microbe, Cutibacterium (formerly Propionibacterium) acnes, which
is a member of the normal human skin microbiota, the other 10
bacterial strains are generally present in the healthy gut microflora; (2) Sample 201902 (total volume, 100 ul; DNA amount,
2.8 lg). A DNA mixture of the 11 bacteria in sample 201901. The
DNA amount (ng) of each bacterium was theoretically consistent
with that in 201901 (approximately 2.8 lg); (3) Sample 201903
(total volume, 100 ul; microbial count, approximately 1.17  109
cell). A homogenized human stool sample; (4) Sample 201904 (total volume, 100 ul). A sample with quantitative amounts (3  107
cells) of F. nucleatum species added to Sample 201903; and (5)
Sample 2019NC (total volume, 1 ml). A negative sample consisted
of 1 ml sterile PBS buffer. All the details of sample preparation (e.g.,
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bacterial culture and spiking, stool sample collection and handling,
Sample aliquoting and storage) and microbial quantification
strategies (e.g., droplet digital PCR (ddPCR), high-sensitivity dsDNA
assay, agarose gel electrophoresis) are available in the supplementary material (Supplementary methods).
A questionnaire focused on the methodological aspects of their
operating procedures for microbiome profiling was also delivered
to the laboratories alongside the sample sets. All the samples were
stored at 80 °C prior to handling in the participating laboratories
and were tested and analyzed within one month. The results of
taxonomic classification of each sample were reported to the NCCL.
The NCCL compared the results reported by each laboratory with
the expected results to evaluate their accuracy and comparability
and further analyzed the methodological differences in different
laboratories to find the factors that caused the interlaboratory
deviations.

Table 1
Methodological variance reported by the participating laboratories.
16Ss (26 laboratories)
N
1. DNA extraction kit
manufacture
Qiagen
Tiangen
Zymo Research
Omega
Other/Custom
2. bead-beating included
in cell wall disruption?
Yes
No
3. Amplified region of 16S
rRNA gene
V3-4
V4
V1-9
V4-5
V1-2
V2, V3, V4, V6-7, V8, V9
4. Sequencing Platform
Illumina NovaSeq
Illumina MiSeq
Illumina Hiseq
Ion Torrent PGM
PacBio Sequel
5. Sequencing Mode
Paired-end
Single-end
6. Sequencing read length
150
250
300
400
600
68,866a
7. Data Analysis Pipeline
Qiime
USEARCH
Parallel-META Pipeline

Statistical analysis
We calculated the Spearman rank correlation coefficient to
identify the correlation between the results reported in participating laboratories and the theoretical results in mock communities
(samples 2001901 and 201902). A P value < 0.05 indicates a correlation between them. The higher the r value is, the stronger the
correlation. To evaluate the factors that may cause interlaboratory
deviations (e.g., DNA extraction methods, PCR amplified regions,
sequencers and bioinformatics analysis tools), principal component analysis (PCA) and permutational multivariate analysis of
variance (PERMANOVA) over the Bray-Curtis distances were performed based on the relative microbial abundance data of the feces
sample 201903 generated by participants using 16S rRNA gene
sequencing at the genus level and shotgun metagenomic sequencing at the species level.
Results
Methodological variance in participating laboratories
To assess the level of methodological variance in the routine
testing process of participating laboratories, each laboratory was
required to complete predesigned electronic questionnaires for
both sequencing methods, recording the details of reagents, instruments, and software and their corresponding parameters in performing tests. We summarized the recorded data from all the
participants (Table 1). The detailed findings are summarized in
the Supplementary material (Supplementary Results). Briefly, the
operation procedures established for microbiome analysis among
the participants are very different, including a wide variety of different methodological approaches for DNA extraction (with or
without a bead-beating step), different PCR primers for 16Ss, multiple types of sequencing platforms (Illumina, MGI, Ion Torrent,
PacBio and others), and various bioinformatics pipelines and reference databases. Based on their specific standard operating procedures (SOPs), the final sequencing data generated by each
laboratory were significantly different. For 16Ss, the median was
0.07 G (interquartile range (IQR) 0.0034G-7G), that for SMs was
approximately 8G (IQR 0.23G-19.4G).
Variations in mock communities at the genus level by 16Ss
Overview of the reported data
In sample 201901, only 7 laboratories (26.9%, 7/26) detected all
9 genera of bacteria. In addition to the low-abundance Bifidobacterium spp., which was undetected by 50% (13/26) of laboratories,
Enterobacter spp. had the lowest detection rate (61.5%, 16/26), fol-

SMs (23 laboratories)

Mother
EzBioCloud
Ion ReporterTM
8. Reference Databases
Greengenes
SILVA
NCBI 16S rRNA
database
PrecisionGene
Database (PRS-DB)
EzBioCloud 16S
database
Custom
a

N
1. DNA extraction kit manufacture

9
3
3
3
8

19
7

13
6
3
1
1
2
3
14
5
3
1
22
4
5
10
7
1
2
1
11
7
1
3
1
3

Qiagen
Tiangen
Zymo Research
Omega
Other/Custom
2. Bead-beating included in cell
wall disruption?
Yes
No
3. DNA fragmentation method
Enzymatic
Physical (ultrasound)
4. Sequencing Platform
Illumina NovaSeq
Illumina Hiseq
MGISEQ-2000
Illumina MiSeq
DA8600
NextSeq CN500
MGISEQ-200RS
5. Sequencing Mode
Paired-end
Single-end
6. Sequencing read length
100
150
200
300
7. Taxonomic classifier
MetaPhlAn2
Kraken 2
SOAPaligner/soap2
Diamond 0.9.27
Explify V2.1.0 (IDbyDNA Inc.)
8. Reference Databases
Default database in taxonomic
classifiers or NCBI nr database
MetaHIT database

7
3
2
3
8

14
9

13
10
9
4
3
2
2
2
1
18
5
4
15
2
2
12
5
3
2
1
20
3

11
10
1
2
1
1

Generated using a third generation of sequencer (PacBio Sequel) by P24.

lowed by Escherichia spp. (unreported in 2 laboratories) and
Clostridium spp. (unreported in 1 laboratory) (Supplementary Dataset 1).
Taking the reported results of all laboratories as a whole, a moderate correlation (Spearman rank correlation coefficient r > 0.72,
P < 0.01) was found between the median observed microbial abundances and the expected microbial abundances in samples 201901
or 201902 (Fig. 1A). However, the observed relative abundance of
each bacterium varied greatly from laboratory to laboratory, especially that of Bacteroides spp. (range: 0.3% (P9)–53.5% (P5)), Enterococcus spp. (range: 0.8% (P5)–43.9% (P29)) and Fusobacterium spp.
(range: 0.1% (P9)–39.8% (P30)) (Fig. 1B, Supplementary Dataset
1). Spearman’s rank correlation showed moderate or strong significant correlations between the reported results of 46.2% (12/26) of
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Fig. 1. The analysis of the observed results of mock communities in 35 laboratories. Spearman rank correlation coefficients were calculated for both the 16Ss (A) and SMs
laboratories (C) to identify the correlation between the median observed microbial abundances and the expected microbial abundances in the samples 201901 and 201902.
The scatter plot shows that the observed relative abundance of each bacterium at the genus level for 16Ss (B) and at the species level for SMs (D) varied greatly among
laboratories. The observed relative abundance of the designed low-abundance Bifidobacterium spp. in 16Ss or B. bifidum in SMs is displayed on the right axis. The line displays
the interquartile range (lower quartile to upper quartile).

Fig. 2. The correlation between the results for the sample 201901 reported by any two 16Ss laboratories (A) or SMs laboratories (B) was evaluated by Spearman’s rank
correlation coefficient. The number in every square represents the Spearman r value. The higher the r value is, the stronger the correlation. A square marked with a black circle
means that there is no correlation between the results of the two corresponding laboratories (P value >0.05). ‘‘Expected” indicates the designed value by the NCCL.

laboratories and the expected result (range of r value: 0.67–0.92,
Fig. 2A). The interlaboratory differences in reported microbiota
composition could be intuitively reflected in a clustered histogram
(Fig. 3A). P7 and P8 performed microbiome analysis using the same
protocol, and the final results were very related (r = 0.97) (Figs. 2A,

3A). P27 and P34 utilized similar procedures as well. Their results
were highly correlated (r = 0.96) and very close to the expected
composition (r > 0.8). In contrast, several laboratories reported
microbial compositions that were very different from the expected
results due to insufficient detection of certain bacteria. For exam-
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Fig. 3. The clustered histogram intuitively reflects the interlaboratory differences in the reported microbiota composition in the sample 201901 (A for 16Ss at the genus level
and C for SMs at the species level). The number of unexpected bacteria with a relative abundance >0.01% was counted in every laboratory (B for 16Ss at the genus level and D
for SMs at the species level). The number on each petal refers to the identified unexpected bacteria for the corresponding laboratory.

Table 2
Unexpected bacteria found in sample 201901.

a

16 s rRNA gene sequencing

Shotgun metagenomic sequencing

Bacterium
(Genus)

No. of
Laboratory

Bacterium (Species)

No. of
Laboratory

Kocuria sp.
Citrobacter sp.
Blautia sp.
Klebsiella sp.
Collinsella sp.

17
9
8
8
7

10
7
7
6
6

Salmonella sp.
Roseburia sp.

7
6

Ruminococcus
sp.
Othersa

6

Klebsiella pneumoniae
Bacteroides ovatus
Bacteroides vulgatus
Bacteroides caccae
Bacteroides
cellulosilyticus
Lactobacillus johnsonii
Parabacteroides
distasonis
Others

6
6
5

5

Full list is showed in supplementary Table S2.

ple, the results from P9 did not show any significant correlation
with those of the other laboratories (all P values >0.05, Fig. 2A).
This finding was likely due to the almost complete lack of Bacteroides spp. (0.1%) and the complete lack of Clostridium spp.
(Fig. 3A, Supplementary Dataset 1).
The presence of unexpected bacteria is a matter of concern. In
this study, 25 laboratories reported unexpected genera (Supplementary Dataset 2). The number of bacteria with an abundance
>0.01% in every laboratory varied from 1 to 123 (Fig. 3B). The most
frequent was Kocuria spp. (Table 2), which were reported by 17
(65.4%, 17/26) laboratories and were further aligned to the species
Kocuria kristinae in most of the laboratories. This bacterium is a

normal skin-resident gram-positive (G+) facultative anaerobic
bacterium [37,38], indicating the possibility of the presence of
exogenous contamination during sample processing. The other
unexpected bacteria were mostly intestinal bacteria. They might
have originated from mismatches in sequence alignment, as the
sequenced 16S rRNA gene is very similar in multiple bacteria.
Notably, the occurrence of laboratory cross-contamination among
samples processed in the same batch might be another cause.
Potential sources of variation
Previous studies have shown that different DNA extraction
approaches (kits) vary in efficiency for different types of microbes,
especially for hard-to-lyse microbes (such as G+ bacteria), leading
to significant deviations in DNA yield and bacterial composition
[40–42]. This issue is ubiquitous in the laboratories participating
in this evaluation study. The cumulative proportion of G+ bacteria
detected in the genome mixed sample (201902) in 84.6% (22/26) of
the laboratories was higher than that in the corresponding wholecell mixed sample (201901), and the median abundance among all
laboratories was also higher (40.7% vs 29.1%) (Supplementary
Dataset 1, Fig. 4A), indicating that the yield of G+ bacteria lost more
than that of gram-negative bacteria during the extraction process.
The chosen PCR primers are also critical determinants of the
final bacterial sequence profiles [43]. In this study, primers targeting multiple different regions of the 16S rRNA gene were used.
From the reported results, we observed that Enterobacter spp.
might be significantly affected by amplification region bias. This
genus was identified in 11 (84.6%) of the 13 laboratories that used
V3-V4 region amplification primers and in all laboratories using
the full length (V1-V9 regions; P6, P24, and P26) or nearly full
length (7 hypervariable regions; P7 and P8) of the 16S rRNA gene.
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Fig. 4. Potential sources of variation in 16Ss. (A) The cumulative relative abundance of G+ bacteria detected in the samples 201901 and 201902. Each point represents a
participating laboratory. The line displays the interquartile range (lower quartile to upper quartile). The performance of the 16Ss laboratories in detecting Enterobacter spp.
using different amplification regions (B) and in identifying Enterobacter spp. using different reference databases (C). (D) More accurate results were obtained by reanalyzing
the raw data of the sample 201901 reported by several laboratories (P2, P25 and P24). The raw data of P2 were reanalyzed by P2 and P10 with pipelines including the SILVA
database. The raw data of P25 were reanalyzed using the EzBioCloud database. The raw data of P24 were reanalyzed by changing the annotation algorithm. The correlations
between the observed microbial abundances and the expected microbial abundances were calculated, and the corresponding Spearman’s R and P values are shown above the
histograms.

However, no Enterobacter spp. was detected in 4 (80%) of the 5 laboratories using the V4 primer alone in all samples. The primers for
the V1-V2 or V4-V5 regions failed to detect this genus as well
(Fig. 4B).
Escherichia coli is the most common microbe in gut microbiota.
However, Escherichia spp. were underrepresented <2-fold in as
many as 42.3% (11/26) of laboratories when using 16Ss in this
study. In contrast, with SMs, only 2 laboratories had abundances
slightly less than 1/2 of the expected 12.6% (0.37-fold in P1, 0.46fold in P16) (Supplementary Dataset 3). We reviewed the results
reported by all laboratories and found that different databases performed differently in the accurate identification of Escherichia spp.
(Fig. 4C). Through replacing the initially used reference database,
we reanalyzed the sequencing data of two laboratories where
Escherichia spp. was completely omitted in all of the sample sets
(P2) or strongly underestimated (1%; <10-fold) (P25). The final
results showed that the relative abundance of Escherichia spp.
increased, and importantly, the reanalysis did not introduce bias
to other species (Fig. 4D, Supplementary Dataset 4–5), indicating
that the choice of reference database does affect the effective identification of certain taxa. Thus, we highlight that when analyzing
the taxa of interest, researchers should take into account the
potential analysis errors and bias caused by the untimely updating
of the database (such as the Greengenes database, which has not
been updated science 2013).
In addition, P24 effectively reduced the proportion of unclassified sequences by changing the annotation algorithm (Fig. 4D). In
summary, we found the above factors affecting the reproducibility
of 16Ss by analyzing the reported data. Although these findings
need further verification, they can still play a guiding role in the
laboratory optimization of process variables.

Variations in mock communities at the species level by SMs
Overview of the reported data
Compared with 16Ss, SMs was more sensitive in species identification. Eighteen (78.3%) of the 23 SMs laboratories were able to
detect all 11 target bacteria mixed in the sample 201901 (Supplementary Dataset 1). A total of 91.3% (21/23) SMs laboratories successfully detected low-abundance B. bifidum (0.02%), while as
described above, up to half of the 16Ss laboratories failed to detect
this bacterium even at the genus level. The median observed
microbial composition in the mock sample 201901 or 201902 by
SMs showed a higher correlation (Spearman r > 0.87; P < 0.01) with
the expected value than that analyzed by 16Ss (Fig. 1C). The
observed relative abundance variation of B. thetaiotaomicron was
the largest, ranging from 5.5% (P1) to 53% (P13) (Fig. 1D). The
results of 82.6% (19/23) of laboratories showed significant correlations with the expected result (range of r values: 0.59–0.97;
P < 0.05) (Fig. 2B). Similar to those of 16Ss, the results analyzed
by the near-identical SMs workflow were very similar (P7 and
P8; P12, P21 and P22) (Fig. 3C). Due to the existence of a high proportion of unclassified sequences or unexpected species (‘‘others”
in Fig. 4B), the final results of 5 laboratories (P1, P9, P12, P21 and
P22) were very different from the expected result.
The issue of false positive results was also observed in SMs
(Supplementary Dataset 2). We counted the reported species
with a relative abundance >0.01% and found that 65.2% (15/23)
of laboratories had unexpected bacteria, of which 5 laboratories
reported more than 20 species (range: 22–92 species) (Fig. 3D).
Overall, Streptococcus pneumoniae was the most frequent unexpected species reported by 15 (43%, 10/23) laboratories (Table 2).
The following were 4 Bacteroides species, B. ovatus, B. vulgatus, B.
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caccae and B. cellulosilyticus, which are part of the indigenous
microflora of the gastrointestinal tract and closely genetically
related to the Bacteroides species (B. thetaiotaomicron and B. fragilis) mixed in the sample 201901 [44]. Thus, it cannot be ruled
out that the unexpected annotation of the four bacteria was
caused by mismatches of similar sequences from B. thetaiotaomicron or B. fragilis.

Potential sources of variation
As observed with the 16Ss, SMs results were also affected by
biases caused by nucleic acid extraction (Fig. S1). Laboratories need
to design experiments to optimize the sample handling and nucleic
acid extraction processes and avoid significant differences in
results [45].
As described above, the sequences that failed to be assigned
to the 11 target bacteria in the sample 201901 accounted for a
high proportion (from 30.3% to 72.3%) in five laboratories (P1,
P9, P12, P21 and P22). We compared their protocols and found
that the deviation might be caused by the taxonomic classifier
and database used. In detail, P1 and P9 carried out the taxonomic classification using DIAMOND software, which is a DNAto-protein classifier [46]. Broadly, protein classifiers have many
more unclassified reads than DNA-to-DNA classifiers (such as
Kraken 2) because the former target only the coding sequence
of the genome and, therefore, will not be able to classify noncoding sequencing reads [47]. P12, P21 and P22 used exactly the
same protocol for microbiome analysis. The reference database
was the MetaHIT gene catalog, which was established by the
MetaHIT research team and included only human gut nonredundant microbial genes [48]. Thus, compared with the more comprehensive NCBI taxonomy database, this database will also
miss noncoding sequences and cannot identify microbes other

7

than intestinal bacteria (e.g., Cutibacterium acnes was not
detected in this study).
Detection of the spiked F. nucleatum in fecal samples
Seven (26.9%) of the 16Ss laboratories reported Fusobacterium
spp. in the fecal sample 201903, with the relative abundance in
each laboratory lower than 0.15%. By contrast, all laboratories
could detect Fusobacterium spp. in the sample 201904, with F.
nucleatum species added in advance, and the abundance was
higher than that in the paired sample 201903 (Supplementary
Dataset 6). However, the relative abundance varied greatly among
laboratories, ranging from 0.015% (P9) to 17.1% (P24) (Supplementary Fig. S2A). Further analysis revealed that only 13 (50%) laboratories were able to identify F. nucleatum to the species level in the
sample 201904 (Supplementary Dataset 7). The workflows of other
laboratories did not show species-level identification capabilities
for the colorectal cancer-related bacterium.
Through SMs, low-abundance F. nucleatum in the sample
201903 could be identified in 11 laboratories. In the sample
201904, each laboratory reported F. nucleatum. Although the range
of calculated abundances was wide, as it was with 16Ss, the median value (2.35%) was closer than that for 16Ss (3.9%) to the estimated value of 2.5%, as shown in Supplementary Fig. S2B.
Variations in fecal samples
Overall, the detection results by the two methods in fecal samples (201903) were relatively consistent at the phylum level. However, the observed relative abundances of the dominant two
bacterial phyla (Firmicutes and Bacteroides) in each laboratory
responded differently to the protocols they used (Fig. 5A and B). To
investigate potential causes that led to interlaboratory deviations

Fig. 5. Variations detected in the fecal sample 201903. Violin plot showing the results reported by 16Ss (A) and SMs (B) laboratories for the dominant 4 phyla. PCA analysis
was applied for the evaluation of variations introduced by microbial cell wall disruption methods (C) and reference databases (D) in 16Ss laboratories and taxonomic
classifiers (E) and microbial cell wall disruption methods (F) in SMs laboratories. For 16Ss, the results of bead-beating strategies could be clearly distinguished from those of
enzymatic lysis methods (C) and the results generated by the SILVA database and those by the Greengenes database also tended to cluster into distinct groups (D). For SMs,
the results generated by two taxonomic classifiers (MetaPhlAn and Kraken) were visibly discriminated (E) and the results produced using bead-beating methods are clustered
together (F).
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Table 3
Effect sizes and explained variances of the main factors assessed by PERMANOVA analysis.
Factors

Sums Of Sqs

Mean Sqs

F. Model

R2

P value

16S rRNA gene sequencing

Databases
Microbial cell wall-breaking methods
Classifiers
DNA extraction kits
Sequencers
Primers (amplified regions)

1.91
0.84
1.40
1.25
0.78
0.81

0.38
0.42
0.23
0.21
0.19
0.16

2.67
2.45
1.31
1.13
1.02
0.81

0.40
0.18
0.29
0.26
0.16
0.17

0.00
0.01
0.11
0.27
0.44
0.79

Shotgun metagenomic sequencing

Classifiers
Databases
DNA ectraction kits
Microbial cell wall-breaking methods
Sequencers

2.96
0.78
2.49
0.84
1.81

0.74
0.78
0.36
0.42
0.30

4.69
3.28
1.62
1.69
1.21

0.51
0.13
0.43
0.14
0.31

0.00
0.00
0.01
0.04
0.17

in the final microbial compositions, principal component analysis
(PCA) was conducted on the relative microbial abundance data of
the sample 201903 generated by participants using 16Ss at the
genus level and SMs at the species level. For 16Ss, PCA was able to
visibly discriminate the profiles originating from laboratories adding a bead-beating step and those using only enzymatic lysis methods for microbial cell wall disruption (Fig. 5C). The results generated
by the SILVA database and those by the Greengenes database also
tended to cluster in two distinct groups (Fig. 5D). However, other
factors, such as the DNA extraction kit, amplification primers,
sequencing technology, and taxonomic classifier, did not seem to
exhibit a clear direct impact on the microbial dissimilarities (Supplementary Fig. S3) since the grouped results were irregularly distributed on the ordination plot. These findings were further
confirmed by PERMANOVA. Reference databases (R2 = 0.40,
P = 0.001) and microbial cell wall disruption methods (R2 = 0.18,
P = 0.008) were both factors affecting interlaboratory reproducibility (Table 3). With the same statistical analysis, we found that the
interlaboratory variations that occurred among the microbial taxa
identified by SMs could be explained by multiple factors, such as
DNA extraction methods (wall disruption methods and extraction
kits), taxonomic classifiers (MetaPhlAn and Kraken) and databases
(Fig. 5E, F; Table 3). However, we did not observe significant variation introduced by different types of sequencers (P = 0.17) (Table 3).
Negative control
We included a PBS buffer aliquot as a negative control sample,
which was required to be tested using the same procedure as that
used for the other samples. At least one bacterium was reported in
10 (38.5%) of the 16Ss laboratories and 7 (30.4%, 7/23) of the SMs
laboratories, with observed numbers ranging from 1 to 22 and 2
to 46, respectively (Supplementary Dataset 8). Overall, Proteobacteria, Firmicutes, Bacteroidetes and Actinobacteria were the dominant bacterial phyla, accounting for 42.7% (41/96), 25% (24/96),
14.6% (14/96) and 13.5% (13/96), respectively, in the 7 SMs laboratories. The sources of these detected contaminating microbes varied. For example, the species C. acnes, Moraxella osloensis,
Staphylococcus hominis and Staphylococcus epidermidis are common
bacteria living on the skin, on mucous membranes or in the surrounding environment. Dozens of bacteria belonging to the gut
microbiota, such as Bacteroides dorei, B. thetaiotaomicron and Prevotella copri, might be derived from cross-contamination of gutderived samples during sample preparation. The genera Stenotrophomonas, Pseudomonas and Xanthomonas were possibly derived
from reagent contamination [49].
Discussion
Our study reflects the fact that there is great methodological
variation in the current microbiome research in different laborato-

ries. Thirty-five participating laboratories have established what
they believe is the most reasonable way to carry out microbial
analysis, according to local conditions. Only a few laboratories used
near-identical protocols (P7 and P8; P12, P21 and P22; P27 and
P34). High interlaboratory variability was found in the reported
relative abundance of each bacterium in the mock communities.
Even though the results from laboratories with near-identical protocols showed good precision (slight intracenter deviations), they
were not necessarily accurate (such as the results of P12, P21
and P22). Further statistical analysis demonstrated that multiple
factors, such as the DNA extraction method, amplification region
and bioinformatic protocol choice, could introduce interlaboratory
bias that affects the perception of community diversity in the analyzed samples.
Of note, because of the complexity of microbial communities as
well as uncontrollable technical biases, no normalization
approaches or guidelines have been established to improve the
reproducibility of microbiome research in different laboratories.
Even attempting to find consensus ‘‘best practices” for microbiome
studies is challenging [50,51], and a great deal of research has been
conducted to find solutions to these problems [42,52,53]. DNA
extraction contributes a majority of the experimental variability.
We observed in most laboratories that the relative abundance of
G+ bacteria in the whole-cell sample was decreased compared
with that in the corresponding genome sample, which does not
require DNA extraction. This issue occurred in many previous studies as well [40,41,54]. Introducing a bead-beating homogenization
step was considered a practical method to increase the yield of
hard-to-lyse microbes (such as G+ bacteria) [45]. However,
approaches/kits based on bead-beating vary in efficiency [40].
The parameters used (bead size, grinding time, etc.) need to be validated to avoid producing shortened DNA fragments, which can
contribute to DNA loss during subsequent library preparation
[51]. To ensure consistency and reproducibility of DNA extraction
in different laboratories, Greathouse et al. recommended three
minimal standards that should be followed: (1) provide the details
of the DNA extraction process in a study so that other studies can
reproduce the entire process to the greatest extent; (2) introduce
appropriate quality control materials to detect DNA extraction bias
and possible contamination; and (3) utilize the same DNA extraction protocol across studies for multicenter studies [51]. Regarding
the third recommendation, we emphasize that the method
adopted should be a pre-evaluated DNA extraction protocol with
minimal deviation, similar to what the International Human
Microbiome Standards (IHMS) group recommended [45].
Likewise, the choice of 16S rRNA gene variable region primers is
one essential aspect demanding careful consideration when performing 16Ss because primer bias toward particular taxonomic
groups has been widely reported [55–57]. For example, a gut
microbiota analysis showed that the genera Sphingomonas, Roseburia, and Bilophila were detectable only with V3-V4 sequencing,
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whereas the genera Clostridium and Lactococcus could be detected
with only V4-V5 sequencing [58]. Fouhy et al. demonstrated that
the V4-V5 primers gave the most comparable results across platforms (MiSeq and Ion PGM) [59]. In V4 sequencing, the genus
Cutibacterium (formerly Propionibacterium) was almost completely
undetected [60]. The widely used ‘‘universal” (27f and 1492r) primers for targeting the full-length 16S rRNA gene (V1-V9) failed to
amplify more than 40% of purified Actinobacteria isolates [61]. In
this study, we found that the V3-V4 region primers are superior
to the V4, V1-V2 and V4-V5 region primers in identifying Enterobacter spp. These observed differences highlight the importance
of careful selection of the 16S rRNA gene-targeting primers and
emphasize that extreme caution should be taken when comparing
studies conducted with different 16S rRNA gene-sequencing methods. Using two or more primer sets to completely cover the bacterial diversity in complex samples may be a viable solution for 16Ss
[62].
At present, there are many bioinformatics tools can be selected
for taxonomic identification and classification. However, the lack of
consistency in bioinformatic processing steps has a significant
effect on the comparability of results between individual studies
and sometimes leads to erroneous conclusions [38]. A previous
study showed that the number of species identified by different
metagenomic classifiers can differ by over 3 orders of magnitude
on the same simulated datasets [63]. DNA-to-DNA classifiers
(Kraken-like) tend to perform better than DNA-to-protein tools
(DIAMOND-like) for taxonomic classification in SMs [47]. In this
study, it was found that nearly 70% (18) of the 26 16Ss laboratories
use Qiime or USEARCH for taxonomic classification. Further PCA
analysis also found no visible difference between the results using
Qiime and USEARCH analysis (Supplementary Fig. S3). PERMANOVA analysis confirmed that the bioinformatics tool was not
the main driver of inter-laboratory differences in 16Ss laboratories
(P = 0.11) but was a factor causing differences among SMs laboratories (P < 0.01). MetaPhlAn2 was the most frequently used tool
in the SMs laboratories (52%, 12/23). In PCA plot, the results of laboratories using MetaPhlAn2 were clustered together (Fig. 5E), indicating that the results using this tool tend to be more consistent.
However, based on this analysis, we couldn’t determine that which
metagenomic classifier is better, because in a real-world scenario,
there is many other experimental factors that affect the accuracy of
the final result. In order to accurately assess which bioinformatics
tool is more accurate and reliable, further experiments are needed
to evaluate them with real sequencing dataset of known characteristics or simulated sequencing data, to avoid the bias introduced in
the wet lab experiments (sampling, nucleic acid extraction, library
construction and sequencing). Thus, we suggest that before choosing any bioinformatics pipeline, a laboratory should evaluate its
performance in taxonomic classification using simulated and
experimental datasets to ensure that no analytical bias is produced
for certain taxa.
Regardless of 16Ss or SMs, the contamination of exogenous
microorganisms is always an inevitable problem [49]. The results
for the mock communities (201901 and 201902) and the negative
control (2019NC) indicated that the presence of contaminating
microorganisms varied between laboratories. Similar to previous
findings, the sources of these occult contaminants may include
molecular biology regents (e.g., DNA extraction kits, PCR reagents,
etc.) [64], researchers, plastic consumables [65], crosscontamination between samples and laboratory environments
[50,66]. The effects of unexpected contaminants are particularly
problematic in low-biomass samples that contain very little
endogenous DNA [53]. There are numerous options to minimize
the effects of contamination in microbiome analysis. For example,
during sampling and processing, experimenters should wear protective clothing and equipment (i.e., laboratory coats, face masks,
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hairnets, sleeves, and clean disposable gloves) to cover all exposed
skin if possible to reduce the introduction of contaminants into the
samples. As many procedures as possible, such as DNA extraction,
library preparation, and sequencing, should be completed in a
cleaned, isolated working environment with appropriately treated
equipment and consumables [66]. To monitor and minimize regent
contamination, it is wise to choose one kit type for all of the samples in a microbiome study. If multiple kits are used, a record
should be made of which samples were processed with which kit
so that contamination of a particular kit lot number can be traced
through to the final dataset [49,53]. Importantly, concurrent
sequencing of negative control samples (sampling blank control,
DNA extraction blank control, and no-template amplification control) is strongly advised in every analysis for detecting contamination and assessing the levels of cross-contamination between
samples [49,66]. Furthermore, positive controls (microbial wholecell or DNA mock communities) should be processed alongside
samples to assess biomass and contamination levels and ensure
that contaminants do not drive the results of the study [64,66].
Additionally, contamination assessment is suggested to be a minimal publication requirement of a high-throughput metagenomic
study. The approach taken to identify and minimize the effects of
contaminants during analysis should be clearly reported to
enhance reproducibility and allow such approaches to be critically
evaluated by others [67].
Mock communities (reference samples with known microbial
cell or DNA compositions) are necessary for standardizing analyses
[68]. Using such well-defined samples, we can discover possible
biases during the experiment (such as the DNA extraction, amplification and data analysis biases found in this study) to benchmark
different technologies and to verify that the analysis in each run is
within acceptable bias limits [55,69,70]. A valuable example is that
Yeh and colleagues discovered highly aberrant and strong biases
from marine microbiome analysis by the routine use of mock communities as internal standards [71]. Thus, when planning a 16Ssor SMs-based microbiome study, the inclusion of a mock community is strongly encouraged. Ideally, the mock communities should
include more than just a few members that are representative of
the samples being analyzed to detect problems that occur in some
interesting taxa and to help validate clustering [71]. At present,
commercial mock communities are available from the American
Type Culture Collection (ATCC) (www.atcc.org), BEI resource
(www.beiresources.org) and Zymo Research (www.zymoresearch.com). Notably, as in this and previous studies, the use of
in-house developed mock communities is also encouraged because
they can more accurately reflect the variability of interesting or
important bacteria than the commercially available communities
[13,38,72].
The current study is not without limitations. First, for 16Ss, considering that the purpose of microbial community profiling is to
find the relationship between the final taxonomic annotation
results (microbes and their relative abundances) and human
health, we evaluated the reproducibility of different laboratories
based on an annotated species checklist rather than operational
taxonomic unit (OTU) data. We could not find a uniform standard
to compare the OTU data reported by each laboratory because their
amplification regions, clustering standards and naming rules were
different. In addition, we did not distribute duplicate samples to
evaluate intralaboratory consistency, as previous studies did
[37,38]. However, in fact, we found that the results reported by
laboratories with near-identical protocols showed slight interlaboratory deviations. Finally, another important value of SMs is to
reveal the functional characteristics of the microbiome. However,
the samples synthesized in this study were not useable for the
assessment of the reproducibility of functional analysis. If further
research finds a suitable way to carry out this work, it will be of
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enhanced significance for the standardization of microbiome
research.
Conclusion
Microbiome research holds great promise for multiple fields,
but methodological variations can easily undermine the progress
and reputation of this developing research area. Therefore, it is
necessary for researchers to carry out reasonable investigations
and research to recognize these variations and provide data support for addressing them scientifically. High interlaboratory deviations were found in this multicenter quality assessment of 16Ssand SMs-based microbiota profiling. To improve the comparability
of interlaboratory results and to carry out scientific and reasonable
metaanalyses of microbiome studies, methodologies in routine
sequencing laboratories urgently need to be optimized and standardized, quality control materials (such as mock communities)
should be routinely used, and external quality assessment (EQA)
programs should be established and gradually improved. In addition, studies should now be encouraged to accurately report
methodological details (their SOPs) while publishing research
results to achieve traceability of methodological deviations and
further improve the interlaboratory comparability of microbiome
analysis data.
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