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Abstract 

Background: Amplicon sequencing is an established and cost-efficient method for profiling microbiomes. However, 
many available tools to process this data require both bioinformatics skills and high computational power to process 
big datasets. Furthermore, there are only few tools that allow for long read amplicon data analysis. To bridge this gap, 
we developed the LotuS2 (less OTU scripts 2) pipeline, enabling user-friendly, resource friendly, and versatile analysis 
of raw amplicon sequences.

Results: In LotuS2, six different sequence clustering algorithms as well as extensive pre- and post-processing options 
allow for flexible data analysis by both experts, where parameters can be fully adjusted, and novices, where defaults 
are provided for different scenarios.

We benchmarked three independent gut and soil datasets, where LotuS2 was on average 29 times faster compared 
to other pipelines, yet could better reproduce the alpha- and beta-diversity of technical replicate samples. Further 
benchmarking a mock community with known taxon composition showed that, compared to the other pipelines, 
LotuS2 recovered a higher fraction of correctly identified taxa and a higher fraction of reads assigned to true taxa (48% 
and 57% at species; 83% and 98% at  genus level, respectively). At ASV/OTU level, precision and F-score were highest 
for LotuS2, as was the fraction of correctly reported 16S sequences.

Conclusion: LotuS2 is a lightweight and user-friendly pipeline that is fast, precise, and streamlined, using extensive 
pre- and post-ASV/OTU clustering steps to further increase data quality. High data usage rates and reliability enable 
high-throughput microbiome analysis in minutes.

Availability: LotuS2 is available from GitHub, conda, or via a Galaxy web interface, documented at http:// lotus2. earlh 
am. ac. uk/.
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Background
The field of microbiome research has been revolu-
tionized in the last decade, owing to methodological 
advances in DNA-based microbial identification. Ampli-
con sequencing (also known as metabarcoding) is one of 
the most commonly used techniques to profile microbial 

communities based on targeting and amplifying phyloge-
netically conserved genomic regions such as the 16S/18S 
ribosomal RNA (rRNA) or internal transcribed spac-
ers (ITS) for identification of bacteria and eukaryotes 
(especially fungi), respectively [1, 2]. The popularity of 
amplicon sequencing has been growing due to its broad 
applicability, ease-of-use, cost-efficiency, streamlined 
analysis workflows as well as specialist applications such 
as low biomass sampling [3].
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Alas, amplicon sequencing comes with several techni-
cal challenges. These include primer biases [4], chimeras 
occurring in PCR amplifications [5], rDNA copy num-
ber variations [6], and sequencing errors that frequently 
inflate observed diversity [7]. Although modern read error 
corrections can already significantly decrease artifacts of 
sequencing errors [8], some of the biases can be further 
corrected in the pre- and post-processing of reads and 
OTUs/ASVs, respectively. To process amplicon sequenc-
ing data from raw reads to taxon abundance tables, several 
pipelines have been developed, such as mothur [9], QIIME 
2 [10], DADA2 [8], PipeCraft 2 [11], and LotuS [12]. These 
pipelines differ in their data processing and sequence clus-
tering strategies, reflected in differing execution speed and 
resulting amplicon interpretations [12, 13].

Here, we introduce Lotus2, designed to improve repro-
ducibility, accuracy, and ease of amplicon sequencing 
analysis. LotuS2 offers a completely refactored installation, 
including a web interface that is freely deployable on Gal-
axy clusters. During development, we focused on all steps 
of amplicon data analysis, including processing raw reads 
to abundance tables as well as improving taxonomic assign-
ments and phylogenies of operational taxonomic units 
(OTUs [14]; or amplicon sequence variants (ASVs [15];) at 
the highest quality with the latest strategies available.

Pre- and post-processing steps were further improved 
compared to the predecessor “LotuS1”: the read filtering 
program sdm (simple demultiplexer) and the taxonomy 
inference program LCA (least common ancestor) were 
refactored and parallelized in C++. LotuS2 uses a ‘seed 
extension’ algorithm that improves the quality and length 
of OTU/ASV representative DNA sequences. We inte-
grated numerous features such as additional sequence 
clustering options (DADA2, UNOISE3, VSEARCH and 
CD-HIT), advanced read quality filters based on proba-
bilistic and Poisson binomial filtering, and curated ASVs/
OTUs diversity and abundances (LULU, UNCROSS2, 
ITSx, and host DNA filters). LotuS2 can also be inte-
grated in complete workflows. For instance, the micro-
biome visualization-centric pipeline CoMA [16] uses 
LotuS1/2 at its core to estimate taxon abundances.

Here, we evaluated LotuS2 in reproducing microbi-
ota profiles in comparison to contemporary amplicon 
sequencing pipelines. Using three independent data-
sets, we found that LotuS2 consistently reproduces 
microbiota profiles more accurately and reconstructs 
a mock community with the highest overall precision.

Materials and methods
Design philosophy of LotuS2
Overestimating observed diversity is one of the central 
problems in amplicon sequencing, mainly due to sequenc-
ing errors [7, 17]. The second read pair from Illumina 

paired-end sequencing is generally lower in quality [18] and 
can contain more errors than predicted from Phred quality 
scores alone [19, 20]. Additionally, merging reads can intro-
duce chimeras due to read pair mismatches [21]. The accu-
mulation of errors over millions of read pairs can impact 
observed biodiversity, so essentially is a multiple testing 
problem. To avoid overestimating biodiversity, LotuS2 
uses a relatively strict read filtering during the error-sensi-
tive sequence clustering step. This is based on (i) 21 qual-
ity filtering metrics (e.g., average quality, homonucleotide 
repeats, and removal of reads without amplicon primers), 
(ii) probabilistic and Poisson binomial read filtering [18, 
22], (iii) filtering reads that cannot be dereplicated (clus-
tered at 100% nucleotide identity) either within or between 
samples, and (iv) using only the first read pair from paired-
end Illumina sequencing platforms. These reads are termed 
“high-quality” reads in the pipeline description and are 
clustered into OTUs/ASVs, using one of the sequence clus-
tering programs (Fig. 1B).

However, filtered out “mid-quality” sequences are partly 
recovered later in the pipeline, during the seed extension 
step. LotuS2 will reintroduce reads failing dereplication 
thresholds or being of “mid-quality” by mapping these 
reads back onto high-quality OTUs/ASVs if matching at 
≥ 97% sequence identity. In the “seed extension” step, the 
optimal sequence representing each OTU/ASV is deter-
mined by comparing all (raw) reads clustered into each 
OTU/ASV. The best read (pair) is then selected based on 
the highest overall similarity to the consensus OTU/ASV, 
quality, and length, which can then be merged in case of 
paired read data. Thereby, the seed extension step ena-
bles more reads to be included in taxon abundance esti-
mates, as well as enabling longer ASV/OTU representative 
sequences to be used during taxonomic classifications and 
the reconstruction of a phylogenetic tree.

Implementation of LotuS2
Installation
LotuS2 can be accessed either through major software 
repositories such as (i) Bioconda, (ii) as a Docker image, or 
(iii) GitHub (accessible through http:// lotus2. earlh am. ac. 
uk/) (Fig. 1A). The GitHub version comes with an installer 
script that downloads the required databases and installs 
and configures LotuS2 with its dependencies. Alterna-
tively, we provide iv) a wrapper for Galaxy [23] allowing 
installation of LotuS2 on any Galaxy server from the Gal-
axy ToolShed. LotuS2 is already available to use for free on 
the UseGalaxy.eu server (https:// usega laxy. eu/), where raw 
reads can be uploaded and analysed (Supplementary Figure 
S1). While LotuS2 is natively programmed for Unix (Linux, 
macOS) systems, other operating systems are supported 
through the Docker image or the Galaxy web interface.

http://lotus2.earlham.ac.uk/
http://lotus2.earlham.ac.uk/
https://usegalaxy.eu/
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Input
LotuS2 is designed to run with a single command, 
where the only essential flags are the path to input files 
(fastq(.gz), fna(.gz) format), output directory, and map-
ping file. The mapping file contains information on 

sample identifiers, demultiplexing barcodes, or file paths 
to already demultiplexed files and can be either automati-
cally generated or provided by the user. The sequence 
input is flexible, allowing simultaneous demultiplexing 

Fig. 1 Workflow of the LotuS2 pipeline. A LotuS2 can be installed either through (i) Bioconda, (ii) GitHub with the provided autoInstaller script, 
or (iii) using a Docker image. Alternatively, (iv) Galaxy web servers can also run LotuS2 (e.g., https:// usega laxy. eu/). B LotuS2 accepts amplicon 
reads from different sequencing platforms, along with a map file that describes barcodes, file locations, sample IDs, and other information. After 
demultiplexing and quality filtering, high-quality reads are clustered into either ASVs or OTUs. The optimal sequence representing each OTU/
ASV is calculated in the seed extension step, where read pairs are also merged. Mid-quality reads are subsequently mapped onto these sequence 
clusters to increase cluster representation in abundance matrices. From OTU/ASV sequences, a phylogenetic tree is constructed, and each cluster 
is taxonomically assigned. These results are made available in multiple standard formats, such as tab-delimited files, .biom, or phyloseq objects 
to enable downstream analysis. New options in LotuS2 for each step are denoted with black colour whereas options in grey font were already 
available in LotuS

https://usegalaxy.eu/
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of read files and/or integration of already demultiplexed 
reads.

LotuS2 is highly configurable, enabling user-specific 
needs beyond the well-defined defaults. There are 63 
flags that can be user-modified, including dereplication 
filtering thresholds (-derepMin), sequencing platform 
(-p), amplicon region (-amplicon_type), or OTU/ASV 
post-processing (e.g., -LULU option to remove errone-
ous OTUs/ASVs [24]). In addition, read filtering criteria 
can be controlled through 32 detailed options via custom 
config files (defaults are provided for Illumina MiSeq, 
hiSeq, novaSeq, Roche 454, and PacBio HiFi).

Output
The primary output is a set of tab-delimited OTU/ASV 
count tables, the phylogeny of OTUs/ASVs, their taxo-
nomic assignments, and corresponding abundance tables 
at different taxonomic levels. These are summarized in 
.biom [25] and phyloseq objects [26], that can be loaded 
directly by other software, such as R and Python pro-
gramming languages, for downstream analysis.

Furthermore, a detailed report of each processing step 
can be found in the log files which contain commands of 
all used programs (including citations and versions) with 
relevant statistics. We support and encourage users to 
conduct further analysis in statistical programming lan-
guages such as R, Python, or MATLAB and using analysis 
packages such as phyloseq [26], documented in tutorials 
at http:// lotus2. earlh am. ac. uk/.

Pipeline workflow
Most of LotuS2 is implemented in Perl 5.1; computa-
tional or memory intensive components like simple 
demultiplexer (sdm) and LCA (least common ances-
tor) are implemented in C++ (see Fig. 1B for pipeline 
workflow). Demultiplexing, quality filtering, and derep-
lication of reads is implemented in sdm. Taxonomic 
post-processing is implemented in LCA. Six sequence 
clustering methods are available: UPARSE [18], 
UNOISE3 [27], CD-HIT [28], SWARM [29], DADA2 
[8], and VSEARCH [30].

In the “seed extension” step, a unique representative 
read of a sequence cluster is chosen, based on quality and 
merging statistics. Each sequence cluster, termed ASVs in 
the case of DADA2, OTUs otherwise1, is represented by 
a high confidence DNA sequence (see Design Philosophy 
of LotuS2 for more information).

OTUs/ASVs are further post-processed to remove 
chimeras, either de novo and/or reference based using 
the program UCHIME3 [31] or VSEARCH-UCHIME 

[30]. By default, ITS sequences are extracted using ITSx 
[32]. Highly resolved OTUs/ASVs are then curated 
based on sequence similarity and co-occurrence pat-
terns using LULU [24]. False-positive OTU/ASV counts 
can be filtered using the UNCROSS2 algorithm [33]. 
OTUs/ASVs are by default aligned against the phiX 
genome, a synthetic genome often included in Illumina 
sequencing runs, using Minimap2 [34]; and OTUs/
ASVs that produce significant matches against the phiX 
genome are subsequently removed. Additionally, the 
user can filter for host contamination by providing cus-
tom genomes (e.g., human reference), as host genome 
reads are often misclassified as bacterial 16S by existing 
pipelines [3].

Each OTU/ASV is taxonomically classified using 
one of RDP classifier [35], SINTAX [36], or by align-
ments to reference database(s), using the custom 
“LCA” (least common ancestor) C++ program. Align-
ments of OTUs/ASVs with either Lambda [37], BLAST 
[38], VSEARCH [30], or USEARCH [39] are compared 
against a user-defined range of reference databases. 
These databases cover the 16S, 18S, 23S, 28S rRNA 
genes, and the ITS region; by default, a Lambda align-
ment against the SILVA database is used [40]. Other 
databases bundled with LotuS2 include Greengenes 
[41], HITdb [42], PR2 [43], beetax (bee gut-specific 
taxonomic annotation) [44], and UNITE (fungal ITS 
database) [45]. In addition, users can provide refer-
ence databases (a fasta file and a tab-delimited tax-
onomy file, see  "–refdb" flag documentation in the 
LotuS2 help). These databases can be used by them-
selves or in conjunction with the bundled ones. From 
mappings against one or several reference databases, 
the least common ancestor for each OTU/ASV is cal-
culated using LCA. Priority is given to deeply resolved 
taxonomies, sorted by the earlier listed reference 
databases. LotuS2 can also be used to analyse ampli-
cons from other phylogenetically conserved genomic 
regions (e.g., Cytochrome c oxidase subunit I (COI) or 
dissimilatory sulfite reductase (dsr)). For these cases, 
users have to provide custom reference databases and 
taxonomic assignments (via -refdb flag, see above). For 
inferring phylogenetic trees, multiple sequence align-
ments for all OTUs/ASVs are calculated with either 
MAFFT [46] or Clustal Ω [47]; from these a maxi-
mum likelihood phylogeny is constructed using either 
fasttree2 [48] or IQ-TREE 2 [49]. User discretion is 
advised, as ITS amplicons might be less suitable for 
inferring reliable phylogenies.

If the pipeline should fail at any step, a comprehen-
sive error report with suggestions for follow up steps 
is automatically provided to the user; bugs should be 
submitted to “https:// github. com/ hilde bra/ lotus 2”.

1 Note that UNOISE3 uses the term zero-range OTUs (zOTUs); for brevity, 
this is omitted throughout the text.

http://lotus2.earlham.ac.uk/
https://github.com/hildebra/lotus2
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Benchmarking amplicon sequencing pipelines
To benchmark the computational performance and 
reproducibility, we compared LotuS2’s performance to 
commonly used amplicon sequencing pipelines includ-
ing mothur [9], PipeCraft 2 [11], DADA2 [8], and QIIME 
2 [10]. We relied, where possible, on default options or 
standard operating procedure (SOPs) provided by the 
respective developers (mothur: https:// mothur. org/ wiki/ 
miseq_ sop/;

PipeCraft 2: https:// pipec raft2- manual. readt hedocs. 
io/ en/ stable/ user_ guide. html; QIIME 2: https:// docs. 
qiime2. org/ 2021. 11/ tutor ials/ moving- pictu res/, and 
DADA2: https:// benjj neb. github. io/ dada2/ tutor ial. html). 
We benchmarked PipeCraft 2 using the demultiplexed 
raw reads from LotuS2. DADA2 cannot demultiplex 
raw reads and in these cases, LotuS2 demultiplexed raw 
reads were also used as DADA2 input.

Our benchmarking scripts are available at https:// 
github. com/ ozkurt/ lotus2_ bench marki ng (see Sup-
plementary information). Several sequence cluster 
algorithms were benchmarked, for LotuS2: DADA2 
[8], UPARSE [18], UNOISE3 [27], CD-HIT [28], and 
VSEARCH [30]; for QIIME 2: DADA2 and Deblur [50]; 
DADA2 supporting natively only DADA2 clustering; 
for mothur: OptiClust; for PipeCraft 2: VSEARCH, 
and for LotuS1: UPARSE. For taxonomic classification, 
SILVA138.1 [40] was used in all pipelines.

ITS amplicons were clustered with CD-HIT, UPARSE, 
and VSEARCH and filtered by default using ITSx [32] 
in LotuS2. ITSx identifies likely ITS1, 5.8S, and ITS2 
and full-length ITS sequences, and sequences not 
within the confidence interval are discarded in LotuS2. 
In analogy, QIIME 2-DADA2 uses q2-ITSxpress [51] 
that also removes unlikely ITS sequences.

Error profiles during ASV clustering were inferred 
separately for the samples sequenced in different MiSeq 
runs during DADA2 and Deblur clustering in all pipe-
lines. We truncated the reads into the same length (200 
bases, default by LotuS2) in all pipelines while analys-
ing the datasets. Primers were removed from the reads, 
where supported by the pipeline in question.

Measuring computational performance of amplicon 
sequencing pipelines
When benchmarking pipelines, processing steps were 
separated into 5 categories in each tested pipeline: (a) 
Pre-processing (demultiplexing if required, read filtering, 
primer removal, and read merging for QIIME 2-Deblur), 
(b) sequence clustering (clustering + refining of the clus-
ters and denoising for QIIME 2-DADA2, (c) OTU/ASV 
taxonomic assignment, (d) construction of a phyloge-
netic tree (the option is available only in mothur, QIIME 
2, and LotuS2 and applied only for the 16S datasets), and 

(e) removal of host genome (the option is available only 
in QIIME 2 and LotuS2). In mothur, sequence clustering 
and taxonomic assignment times were added since these 
pipeline commands are entangled (https:// mothur. org/ 
wiki/ miseq_ sop/).

Data used in benchmarking pipeline performance
Four datasets with different sample characteristics (with 
respect to, e.g., compositional complexity, target marker 
and region, and amplicon length) were analyzed: (i) Gut-
16S dataset [12]: 16S rRNA gene amplicon sequencing of 
40 human faecal samples in technical replicates that were 
sequenced in separate MiSeq runs, totalling 35,412,313 
paired-end reads. Technical replicates were created by 
extracting DNA twice from each faecal sample. Primer 
sequences were not available for this dataset [12]. Since 
the Illumina runs were not demultiplexed, pipelines had 
to demultiplex these sequences, as applicable (please see 
the Computational performance and data usage section 
for further details). (ii) Soil-16S dataset: 16S rRNA gene 
amplicon sequencing of two technical replicates (a sin-
gle DNA extraction per sample) from 50 soil samples, 
that were sequenced in separate MiSeq runs, totalling 
11,820,327 paired-end reads. PCR reactions were con-
ducted using the 16S rRNA region primers 515F (GTG 
YCA GCMGCC GCG GTAA) and 926R (GGC CGY CAA 
TTY MTTT RAG TTT). The soil-16S dataset was already 
demultiplexed, requiring pipelines to work with paired 
FASTQ files per sample. (iii) Soil-ITS dataset: ITS ampli-
con sequencing of 50 technical replicates of soil samples 
(a single DNA extraction per sample), sequenced in two 
independent Illumina MiSeq runs, totalling 6,006,089 
paired-end reads. The ITS region primers gITS7ngs_201 
(GGG TGA RTC ATC RAR TYT TTG) and ITS4ngsUni_201 
(CCTSCSCTTANTDATA TGC ) [52] were used to amplify 
DNA extracted from soil samples. The soil-ITS dataset 
was already demultiplexed.

(iv) Mock dataset [53]: This was a microbial mock 
community with known species composition, mock-16 
[53]. The mock dataset comprised a total of 59 strains 
of Bacteria and Archaea, representing 35 bacterial and 
8 archaeal genera. The mock community was sequenced 
on an Illumina MiSeq (paired-end) by targeting the V4 
region of the 16S rRNA gene using the primers 515F 
(GTG CCA GCMGCC GCG GTAA) and 806R (GGA CTA 
CHVGGG TWT CTAAT) [53]. This dataset was demulti-
plexed and contained 593,868 paired reads.

Benchmarking the computational performance 
of amplicon sequencing pipelines
To evaluate the computational performance of LotuS2 
in comparison to mothur, QIIME 2 [10], DADA2 

https://mothur.org/wiki/miseq_sop
https://mothur.org/wiki/miseq_sop
https://pipecraft2-manual.readthedocs.io/en/stable/user_guide.html
https://pipecraft2-manual.readthedocs.io/en/stable/user_guide.html
https://docs.qiime2.org/2021.11/tutorials/moving-pictures/
https://docs.qiime2.org/2021.11/tutorials/moving-pictures/
https://benjjneb.github.io/dada2/tutorial.html
https://github.com/ozkurt/lotus2_benchmarking
https://github.com/ozkurt/lotus2_benchmarking
https://mothur.org/wiki/miseq_sop/
https://mothur.org/wiki/miseq_sop/
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[8], and the last released version of LotuS [12] (v1.62 
from Jan 2020; called LotuS1 here), all pipelines were 
run with 12 threads on a single computer free of other 
workloads (CPU: Intel(R) Xeon(R) Gold 6130 CPU 
@ 2.10 GHz, 32 cores, 375 GB RAM). To reduce the 
influence of network latencies on pipeline execution, 
all temporary, input, and output data were stored on 
a local SSD hard drive. PipeCraft 2 is not designed 
for high performance computing cluster execution 
(https:// pipec raft2- manual. readt hedocs. io/ en/ stable/ 
insta llati on. html# windo ws) and was therefore excluded 
from computational performance benchmarking; how-
ever, the gut-16S and soil-16S datasets using default 
options and 6 cores where possible was executed in a 
laptop in > 8 h (excluding the demultiplexing step) and 
in > 24 h, respectively.

The remaining pipelines were run three times con-
secutively to account for pre-cached data and to obtain 
average execution time and maximum memory usage. To 
calculate the fold differences in execution speed between 
pipelines, the average time of QIIME 2, mothur, and 
DADA2 to complete the analysis was divided by the aver-
age time by all LotuS2 runs (using different clustering 
options). The average of these numbers across the gut-
16S, soil-16S, and soil-ITS datasets was used to estimate 
the average speed advantage of LotuS2.

Benchmarking reproducibility of amplicon sequencing 
pipelines
Technical replicates of the soil and gut samples were 
used to estimate the reproducibility of the microbial 
community composition between replicates. This 
was measured by calculating beta and alpha diver-
sity differences between technical replicate samples. 
To calculate beta diversity, either Jaccard (measur-
ing presence/absence of OTUs/ASVs) or Bray-Cur-
tis dissimilarity (measuring both presence/absence 
and abundances of OTUs/ASVs) were computed 
between technical replicate samples. Before comput-
ing Bray-Curtis distances, abundance matrices were 
normalized. Jaccard distances between samples were 
calculated by first rarefying abundance matrices to an 
equal number of reads (to the size of the first sample 
having > 1000 read counts) per sample using RTK [54]. 
Significance of pairwise comparisons of the pipelines 
in beta diversity differences was calculated using the 
ANOVA test where Tukey’s HSD (honest significant 
differences) test was used as a post hoc test in R.

To calculate alpha diversity, abundance data were first 
rarefied to an equal number of reads per sample. Signifi-
cance of each pairwise comparison in alpha diversity was 
calculated based on a paired Wilcoxon test, pairing tech-
nical replicates.

Analysis of the mock community
We used an already sequenced mock community [53] 
of known relative composition and with sequenced ref-
erence genomes available. Firstly, taxonomic abundance 
tables (taxonomic assignments based on SILVA 138.1 
[40] in all pipelines) were compared to the expected 
taxonomic composition of the sequenced mock commu-
nity. Precision was calculated as (TP/(TP + FP)), recall 
as (TP/(TP + FN)), and F-score as (2*precision*recall/
(precision+recall)), TP (true positive) being taxa present 
in the mock and correctly identified as present, FN (false 
negative) being taxa present in the mock but not identi-
fied as present, and FP (false positive) being taxa absent 
in the mock but identified as present. The fraction of 
read counts assigned to true positive taxa was calculated 
based on the sum of the relative abundance of all true 
positive taxa. These scores were calculated at species and 
genus levels.

Secondly, we investigated the precision of reported 
16S rRNA nucleotide sequences, representing each 
OTU or ASV, by calculating the nucleotide similar-
ity between ASVs/OTUs and the known reference 16S 
rRNA sequences. To obtain the nucleotide similarity, we 
aligned ASV/OTU DNA sequences from tested pipelines 
via BLAST to a custom reference database that contained 
the 16S rRNA gene sequences from the mock community 
(https:// github. com/ capor aso- lab/ mockr obiota/ blob/ 
master/ data/ mock- 16/ source/ expec ted- seque nces. fasta), 
using the –taxOnly option from LotuS2. The BLAST 
% nucleotide identity at > 50% horizontal OTU/ASV 
sequence coverage is subsequently used to calculate the 
best matching 16S rRNA sequence per ASV/OTU.

Results
We analyzed four datasets to benchmark the compu-
tational performance and reliability of the pipelines. 
The datasets consisted either of technical replicates 
(gut-16S, soil-16S, and soil-ITS) or a mock community. 
Technical replicates were used to evaluate the reproduc-
ibility of community structures and were chosen to rep-
resent different biomes (gut and soil) using different 16S 
rRNA amplicon primers (gut-16S and soil-16S), or ITS 
sequences (soil-ITS) as well as a synthetic mock commu-
nity of known composition.

Computational performance and data usage
The complete analysis of the gut-16S dataset was fast-
est in LotuS2 (on average 35, 12, 9, and 3.8 times faster 
than mothur, QIIME 2-DADA2, QIIME 2-Deblur, and 
native DADA2, respectively, Fig.  2A). Note that since 
DADA2 could not demultiplex the dataset, the average 
of LotuS2 and QIIME2 demultiplexing times were used 

https://pipecraft2-manual.readthedocs.io/en/stable/installation.html#windows
https://pipecraft2-manual.readthedocs.io/en/stable/installation.html#windows
https://github.com/caporaso-lab/mockrobiota/blob/master/data/mock-16/source/expected-sequences.fasta
https://github.com/caporaso-lab/mockrobiota/blob/master/data/mock-16/source/expected-sequences.fasta
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Fig. 2 Computational performance of amplicon sequencing pipelines. 16S rRNA amplicon MiSeq data from A gut-16S, B soil-16S, and C soil-ITS 
samples were processed to benchmark resource usage of each pipeline, run on the same system under equal conditions (12 cores, max 150 Gb 
memory). In all pipelines, OTUs/ASVs were classified by similarity comparisons to SILVA 138.1. In LotuS2, Lambda was used to align sequences 
for all clustering algorithms. Pipeline runs were separated by common steps (pre-processing, sequence clustering, taxonomic classification, and 
phylogenetic tree construction and/or off-target removal). Because native DADA2 cannot demultiplex reads, we used the average demultiplexing 
time of QIIME 2 and LotuS2 (LotuS2 demultiplexed, unfiltered reads were provided to DADA2). Since phylogenetic trees based on ITS sequences 
may lead to erroneous phylogenies [55], we did not include the phylogenetic tree construction step in the analysis of the soil-ITS dataset. LotuS2 
runs are labelled with red color. D, E, F Data usage efficiency of each tested pipeline, by comparing the number of sequence clusters (OTUs or 
ASVs) to retrieved read counts in the final output matrix of each pipeline. Note that mothur results for soil-16S are not shown, because the pipeline 
rejected all sequences at the default parameters
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instead. LotuS2 was also faster in the analysis of the soil-
16S dataset compared to the other tested pipelines (5.7, 
3.5, and 3.5 times faster than DADA2, QIIME 2-DADA2, 
and QIIME 2-Deblur, respectively, Fig.  2B). The differ-
ence in speed between LotuS2 and QIIME 2 was more 
pronounced in the analysis of the soil-ITS dataset, where 
LotuS2 was on average 69 times faster than QIIME 2 and 
DADA2 (Fig. 2C).

LotuS2 also outperformed other pipelines in the case 
of the gut-16S dataset (on average LotuS2 was 15 times 
faster) compared to the soil dataset (average 4.2). This 
difference stems mainly from the demultiplexing step, 
where LotuS2 is significantly faster. The sequence cluster-
ing step was fastest using the UPARSE algorithm with an 
average 60-fold faster run time than sequence clustering 
in other pipelines. Averaged over these three datasets, 
LotuS2 was 29 times faster than other pipelines.

Taxonomic classification of OTUs/ASVs was also faster 
in LotuS2 (~ 5 times faster for gut-16S and 2 times for 
soil-16S). However, this strongly depends on the total 
number of OTUs/ASVs for all pipelines. For example, 
the default naïve-Bayes classifier [56] in QIIME 2 is faster 
than the LotuS2 taxonomic assignment in this bench-
mark  (using  Lambda LCA against the SILVA reference 
database). Nevertheless, LotuS2 also offers  taxonomic 
classifications via RDP classifier [35]  or SINTAX [36], 
both of which are significantly faster.

Compared to LotuS1, LotuS2 was on average 3.2 times 
faster, likely related to refactored C++ programs that 
can take advantage of multiple CPU threads (Fig. 2A, B). 
In its fastest configuration (using “UPARSE” option in 
clustering and “RDP” to assign taxonomy), the gut and 
soil 16S rRNA datasets can be processed with LotuS2 in 
under 20 min and 12 min, respectively, using < 10 GB of 
memory and 4 CPU cores.

Despite using similar clustering algorithms (e.g., 
DADA2 clustering is available in DADA2, QIIME 2, and 
LotuS2), the tested pipelines apply different pre- and 
post-processing algorithms to raw sequence reads and 
clustered ASVs and OTUs, leading to differing ASV/
OTU numbers and retrieved reads (the total read count 
in the ASV/OTU abundance matrix) (Supplemen-
tary Table S1 and Fig.  2D–F). DADA2 typically esti-
mated the highest number of ASVs, but the number of 
retrieved reads varied strongly between datasets. QIIME 
2-DADA2 estimated fewer ASVs than DADA2, but more 
ASVs than LotuS2-DADA2, while mapping fewer reads 
than LotuS2. Although retrieving a smaller number of 
reads, QIIME 2-Deblur reported comparable numbers 
of ASVs to LotuS2, despite the differences in cluster-
ing algorithms. PipeCraft 2 using VSEARCH clustering 
retrieved slightly higher number of reads in the final out-
put matrix than LotuS2-VSEARCH; but it also reported 

a considerably higher number of OTUs (Supplemen-
tary Figure S2). Although retrieving a smaller number 
of reads, QIIME 2-Deblur reported comparable num-
bers of ASVs to LotuS2, despite the differences in clus-
tering algorithms. mothur performed differently in the 
gut-16S and soil-16S datasets, where it estimated either 
the highest number of OTUs or could not complete the 
analysis since all the reads had been filtered out, respec-
tively. Overall, LotuS2 often reported the fewest ASVs/
OTUs, while including more sequence reads in abun-
dance tables. This indicates that LotuS2 has a more effi-
cient usage of input data while covering a larger sequence 
space per ASV/OTU.

Benchmarking the reproducibility of community 
compositions
Next, we assessed the reproducibility of community 
compositions between pipelines analysing the gut-16S, 
soil-16S, and soil-ITS datasets. This was estimated by 
comparing beta diversity between technical replicates 
(Bray-Curtis distance, BCd and Jaccard distance, Jd). We 
found that Jd and BCd were the lowest in LotuS2, largely 
independent of the chosen sequence clustering algo-
rithms and dataset. This indicates a greater reproduc-
ibility of community compositions generated by LotuS2 
(Fig.  3A, B and Supplementary Figure S2). The lowest 
BCd and Jd were overall observed for LotuS2-UPARSE 
(Fig.  3A, B and Supplementary Figure S2) in both gut- 
and soil-16S datasets, though this was not always sig-
nificant between different LotuS2 runs (Supplementary 
Table S2).

Even using the same clustering algorithm, LotuS2-
DADA2 compositions were more reproducible compared 
to both QIIME 2-DADA2 and DADA2 (significant only 
on soil data). LotuS2-DADA2 denoises by default all 
reads (per sequencing run) together, while in the default 
DADA2 setup each sample is denoised separately; the 
latter strategy has a reduced computational burden but 
can potentially miss sequence information from rare 
taxa. Also, LotuS2-VSEARCH compositions were more 
reproducible than PipeCraft 2-VSEARCH, except in the 
Jd between the replicates of the soil-16S dataset. mothur 
showed poorer performance compared to other pipelines 
on the gut-16S dataset and did not give results for the 
soil-16S dataset.

We then calculated the fraction of samples being clos-
est in BCd distance to its technical replicate for each 
pipeline (Fig.  3D, E), simulating the process of identify-
ing technical replicates without prior knowledge. While 
LotuS1 resulted in the highest fraction of samples being 
closest to its replicate among all samples in the gut-16S 
dataset, it performed the worst in the soil-16S dataset. 
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On the other hand, in the mothur result, technical rep-
licates were the most unlikely to be closest to their tech-
nical replicate. LotuS2 with UNOISE3 clustering resulted 
in the highest fraction of samples being closest to its 
replicate in the soil-16S dataset. When this compari-
son was made with the non-default options in LotuS2 
(using different dereplication parameters, deactivating 
LULU, using UNCROSS2 or retaining taxonomically 
unclassified reads), BCd between the technical replicates 
remained largely unchanged, especially in the soil-16S 
dataset (Supplementary Figure S2, Supplementary Fig-
ure S3A, B and Supplementary information). However, 
retaining unclassified reads could significantly reduce 
the reproducibility of LotuS2 results on the gut-16S 
dataset. Furthermore, even starting the analysis with dif-
ferent read truncation lengths, LotuS2 still had the high-
est reproducibility in both gut- and soil-16S datasets 

(Supplementary Figure S4, Supplementary Figure S5 and 
Supplementary information).

Lastly, we calculated the reproducibility of reported alpha 
diversity between technical replicate samples in both gut-
16S and soil-16S datasets (Supplementary Figure S6A, B). 
In both datasets, LotuS2 alpha diversity was not signifi-
cantly different between technical replicates, as expected 
(6 of 8 comparisons, Wilcoxon signed-rank test). Although 
this was also the case for PipeCraft 2, in 6 of 6 cases, 
mothur, QIIME 2, and DADA2 had significant differences 
in the alpha diversity between technical replicates.

Thus, LotuS2 showed in our benchmarks a higher data 
usage efficiency and higher reproducibility of community 
compositions than mothur, PipeCraft 2, QIIME 2, and 
DADA2. These benchmarks also showed the importance 
of pre- and post-processing raw reads and OTUs/ASVs, 
since LotuS2-DADA2 and QIIME 2-DADA2 performed 

Fig. 3 Reproducibility from different amplicons sequence data analysis pipelines. Three independent datasets were used to represent different 
biomes and amplicon technologies, using A, D human faecal samples (16S rRNA gene, N = 40 replicates). B, E soil samples (16S rRNA gene, N = 
50 replicates), and C, F soil samples (ITS 2, N = 50 replicates). A–C Bray-Curtis distances among technical replicate samples were used to assess the 
reproducibility of community compositions by different pipelines. The pipeline with the lowest BCd in each subfigure is denoted with a star (*). The 
significance of pairwise comparisons of each pipeline was calculated using the Tukey’s HSD test (Supplementary Table S2). D–F Further, the fraction 
of technical replicates being closest to each other (BCd) was calculated to simulate identifying technical replicates without additional knowledge. 
Numbers above bars are the ordered pipelines performing best. Lower Bray-Curtis distances between technical replicates and a higher fraction of 
correct technical replicates indicate better reproducibility. LotuS2 runs are labelled with red color
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better than DADA2, despite using the same clustering 
algorithm. LotuS2-VSEARCH also performed better than 
PipeCraft 2-VSEARCH.

Benchmarking the soil‑ITS dataset
Compared to 16S rRNA gene amplicons, ITS ampli-
cons typically vary  more in length [4], thus  requiring a 
different sequence clustering workflow;  LotuS2 in ITS 
mode uses by default CD-HIT to cluster ITS sequences, 
and ITSx to identify plausible ITS1/2 sequences.

In terms of data usage, both LotuS2 and QIIME 
2-DADA2 retrieved similar numbers of reads, but for 
QIIME 2 these read counts were distributed across twice 
the number of ASVs (Fig.  2F). QIIME 2-DADA2 repro-
duced the fungal composition significantly worse in repli-
cate samples, compared to LotuS2-UPARSE, having higher 
pairwise BCd (Fig. 3C) and Jd (Supplementary Figure S2H, 
I). However, it spanned the highest fraction of samples 
closest to its technical replicate, although this fraction was 
overall very high for all the pipelines (0.978-1) (Fig.  3F). 
DADA2 showed a poor performance in comparison to 
the other pipelines, resulting in the lowest data usage effi-
ciency (Fig. 2F) (yielding the highest number of ASVs, low-
est retrieved read counts) and the lowest reproducibility 
(highest BCd) (Fig. 3C, Supplementary Table S2) between 
replicate samples. LotuS2 had overall the lowest BCd and 
Jd between replicates, using both UPARSE and CD-HIT 
clustering (Fig.  3C, Supplementary Figure S2H, I). The 
use of CD-HIT in combination with ITSx led to increased 
OTU numbers (from 947 to 1008) although read counts 
remained mostly the same in the final output matrix and 
BCd was largely similar (Supplementary Figure S3C). 
Here, deactivating LULU slightly decreased reproducibility 
(Supplementary Figure S3C).

Finally, we calculated the reproducibility of alpha diver-
sity between the technical replicate samples in the soil-
ITS dataset (Supplementary Figure S6C). All pipelines 
resulted in no significant difference between the techni-
cal replicate samples, thus alpha diversity was reproduc-
ible in all pipelines.

Benchmarking the dataset from the mock microbial 
community
To assess how well a known community can be recon-
structed in LotuS2, we used a previously sequenced 
16S mock community [53] containing 43 genera and 59 
microbial strains, where complete reference genomes 
were available.

All pipelines performed poorly at reconstructing the 
community composition (Pearson R = 0.43–0.67, Spear-
man Rho = 0.54–0.80, Supplementary Table S3 and Sup-
plementary Figure S7), possibly related to PCR biases 
and rRNA gene copy number variation. Therefore, we 

focused on the number of correctly identified taxa. For 
this, we calculated the number of reads assigned to true 
taxa as well as precision, recall, and F-score at genus 
level. LotuS2-VSEARCH and LotuS2-UPARSE had the 
highest precision, F-score, and fraction of reads assigned 
true positive taxa, (Fig.  4A and Supplementary Figure 
S8). LotuS1 had the highest recall, but low precision. 
When applying the same tests at species level, LotuS2-
DADA2 had overall the highest precision and F-score 
(Supplementary Figure S9). QIIME 2-Deblur had often 
competitive, but slightly lower, precision, recall, and 
F-scores compared to LotuS2, while mothur, PipeCraft 
2-VSEARCH, QIIME 2-DADA2, and DADA2 scores 
were lower (Fig. 4A).

Next, we investigated which software could best report 
the correct OTU/ASV sequences. For this, we calculated 
the fraction of TP OTUs/ASVs (i.e., OTUs/ASVs which 
are assigned to a species based on the custom mock refer-
ence taxonomy) with 97–100% nucleotide identity to 16S 
rRNA sequences from reference genomes in each pipeline 
(Fig.  4B). Here, LotuS2-VSEARCH and LotuS2-UPARSE 
reported OTU sequences were most often identical to the 
expected sequences, having 82.2% of the OTU sequences 
at 100% nucleotide identity to reference sequences. QIIME 
2-Deblur ASV sequences were of similar quality, but slightly 
less often at 100% nucleotide identity (78.2%). DADA2, 
QIIME 2-DADA2 and PipeCraft 2-VSEARCH ASV/
OTU sequences were often more dissimilar to the expected 
reference sequences. It is noteworthy that LotuS2-DADA2 
and LotuS2-VSEARCH outperformed these pipelines based 
on the same sequence clustering algorithm, likely related 
to the stringent read filtering and seed extension step in 
LotuS2.

The mock community consisted of 49 bacteria and 10 
archaea [53], with a total of 128 16S rRNA gene copies 
included in their genomes. If multiple 16S copies occur 
within a single genome, these can diverge but are mostly 
highly similar or even identical to each other [57]. Thus, 
the expected biodiversity would be 59 OTUs and ≤ 
128 ASVs. Notably, the number of mothur and QIIME 
2-Deblur TP ASVs/OTUs exceeded this threshold (N = 
370, 198, respectively), indicating that both pipelines over-
estimate known biodiversity. DADA2, QIIME 2-DADA2, 
and PipeCraft 2-VSEARCH generated more ASVs than 
expected per species (N = 94, 122, and 90 respectively), 
but this might be explained by divergent within-genome 
16S rRNA gene copies. LotuS2 was notably at the lower 
end in predicted biodiversity, predicting between 53 and 
61 OTUs or ASVs in different clustering algorithms (Sup-
plementary Table S4). However, these seemed to mostly 
represent single species, covering the present species best 
among pipelines, as the precision at species level was 
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highest for LotuS2 (Supplementary Figure S9), thus cap-
turing species level biodiversity most accurately.

Based on the mock community data, LotuS2 was 
more precise in the reported 16S rRNA gene sequences, 
assigning the correct taxonomy, and detecting biodi-
versity. Within-genome 16S copies were less likely to be 
clustered separately using LotuS2.

Discussion
LotuS2 offers a fast, accurate, and streamlined amplicon 
data analysis with new features and substantial improve-
ments since LotuS1. Software and workflow optimiza-
tions make LotuS2 substantially faster than all QIIME 2, 
DADA2, and mothur. On large datasets, this advantage 
becomes crucial for users: for example, we processed a 

Fig. 4 Benchmarking of amplicon sequence data analysis pipeline’s performance using a mock community with known species composition. A 
Accuracy of each pipeline in predicting the mock community composition at genus level. For benchmarking we compared the fraction of reads 
assigned to true genera and both correctly and erroneously recovered genera. Precision, Recall, and F-score were calculated based on the true 
positive, false positive, and false negative taxa identified. At species level, LotuS2 excelled also in these statistics (Supplementary Figure S9). B 
Percentage of true positive ASVs/OTUs having a nucleotide identity ≥ indicated thresholds to 16S rRNA gene sequences of genomes from the 
mock community. Pipeline(s) showing the highest performance in each comparison is denoted with a star (*). TP, true positive; ASV, amplicon 
sequencing variant; OTU, operational taxonomic unit. LotuS2-UPARSE and LotuS2-VSEARCH had the same result, therefore colors are overlaid
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highly diverse soil dataset consisting of > 11 million non-
demultiplexed PacBio HiFi amplicons (26 Sequel II librar-
ies) in 2.5 days on 16 CPU cores, using a single command 
(unpublished data). Besides being more resource and 
user-friendly, compositional matrices from LotuS2 were 
more reproducible and accurate across all tested datasets 
(gut 16S, soil 16S, soil ITS, and mock community 16S).

LotuS2 owes high reproducibility and accuracy to the 
efficient use of reads based on their quality tiers in dif-
ferent steps of the pipeline. Low-quality reads introduce 
noise and can artificially inflate observed biodiversity, 
i.e., the number of OTUs/ASVs [58]. Conversely, an 
overly strict read filter will decrease sensitivity for low-
abundant members of a community by artificially reduc-
ing sequencing depth. To find a trade-off, LotuS2 uses 
only truncated, high-quality reads for sequence cluster-
ing (except ITS amplicons), while the read backmapping 
and seed extension steps restore some of the discarded 
sequence data.

Notably, OTUs/ASVs reported with LotuS2 were the 
most similar (at > 99% identity) to the reference, com-
pared to other pipelines (Fig. 4B). This was mostly inde-
pendent of clustering algorithms used, rather resulting 
from  a combination of selecting high-quality reads for 
sequence clustering and the seed extension step select-
ing a high-quality read (pair) best representing each 
OTU or ASV. The seed extension unique to LotuS2 also 
decouples read clustering and read merging, avoid-
ing the use of the error-prone 3′ read end or the second 
read pair during the error sensitive sequence clustering 
step [18]. Decoupling sequence clustering length restric-
tions from other pipeline steps thus avoids limiting infor-
mation in computational steps benefitting from longer 
DNA sequences, such as taxonomic assignments or phy-
logeny reconstructions.

In conclusion, LotuS2 is a major improvement over 
LotuS1, representing pipeline updates that accumulated 
over the past 8 years. It offers superior computational 
performance, accuracy, and reproducibility of results, 
compared to the other tested pipelines. Importantly, it 
is straightforward to install, and programmed to reduce 
required user time and knowledge, following the idea 
that “less is more with LotuS2”.
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of having lower number of reads than the rarefaction depth) were 
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of differences in richness between the sets were calculated based on 
the paired samples Wilcoxon test (***, **, *, and “ns” denotes p<0.0005, 
p<0.005, p<0.05, and p> 0.05 (i.e., not significant), respectively).

Additional file 11: Supplementary Figure S7. Observed composition 
of the mock community compared to the composition predicted by 
each pipeline. A) Relative abundances of the 16 orders having the highest 
abundance. B) Bray-Curtis distance based PCoA of the observed composi-
tion of the mock sample and composition predicted by each pipeline

Additional file 12: Supplementary Figure S8. Number of reads and 
OTUs/ASVs and those assigned true taxa at genus level by each pipeline 
in the analysis of the mock community. Total number of A) reads retrieved 
by each pipeline and those assigned to true taxa at genus level B) OTUs/
ASVs generated by each pipeline and those assigned to true taxa at genus 
level. Blue and red line indicates number of 16S gene copies and species, 
respectively, in the mock community.

Additional file 13: Supplementary Figure S9. Accuracy of each pipeline 
in predicting the mock community composition at species level. For 
benchmarking we compared the fraction of reads assigned to true taxa 
and both correctly and erroneously recovered taxa at the species level 
from the mock community.

Additional file 14: Supplementary information. 

Acknowledgements
The authors gratefully thank numerous LotuS1 users for consistent feedback 
and suggestions over the years, Sarah Worsley for proof-reading the manu-
script, Raul Y Tito, Stefano Romano and Rebecca Ansorge for their user-com-
ments on LotuS2. We would like to acknowledge CyVerse UK for the hosting 
of the LotuS2 website.

Authors’ contributions
FH programmed LotuS2, sdm, and LCA with contributions from JF, EÖ, MB, 
and NS. EÖ benchmarked pipelines with help from FH and DN. Website, 
Galaxy interface, conda support, and installation scripts for LotuS2 were 
implemented by FH, JF, NS, and EÖ. EÖ and FH wrote the manuscript with 
contributions from all authors. The author(s) read and approved the final 
manuscript.

Funding
EÖ and FH were supported by European Research Council H2020 StG 
(erc-stg-948219, EPYC). EÖ, JF, DN, and FH were supported by the Biotech-
nology and Biological Sciences Research Council (BBSRC) Institute Strategic 
Program Gut Microbes and Health BB/r012490/1 and its constituent project 
BBS/e/F/000Pr10355. NS and RPD were supported by the Biotechnology 
and Biological Sciences Research Council (BBSRC), part of UK Research and 
Innovation, Core Capability Grant BB/CCG1720/1, and the National Capability 
BBS/E/T/000PR9814. MB was supported by the Swedish Research Councils 
Vetenskapsrådet (grants 2017–05019 and 2021-03724) and Formas (grant 
2020-00807).

Availability of data and materials
The datasets generated during the current study are available here: https:// 
zenodo. org/ record/ 68571 89#. YtWSR XbMI2w
Mock-16 community is downloaded from the mockrobiota repository [53]:
https:// s3- us- west-2. amazo naws. com/ mockr obiota/ latest/ mock- 16/ mock- 
forwa rd- read. fastq. gz
https:// s3- us- west-2. amazo naws. com/ mockr obiota/ latest/ mock- 16/ mock- 
rever se- read. fastq. gz
Availability of LotuS2: Documentation, tutorials: lotus2.earlham.ac.uk, Installa-
tion via bioconda: https:// anaco nda. org/ bioco nda/ lotus2
Galaxy wrapper (MIT licensed): https:// github. com/ TGAC/ earlh am- galax 
ytools/ tree/ master/ tools/ lotus2 and https:// tools hed. g2. bx. psu. edu/ view/ earlh 
aminst/ lotus2/
Galaxy server: https:// usega laxy. eu/

Programs (GPLv3 licensed): https:// github. com/ hilde bra/ lotus2, https:// github. 
com/ hilde bra/ sdm, https:// github. com/ hilde bra/ LCA
LotuS2 users can report an issue or propose a new feature by opening a new 
issue in the LotuS2 github repository. All the commands used for the bench-
marking are available in https:// github. com/ ozkurt/ lotus2_ bench marki ng

Declarations

Ethics approval and consent to participate

Not applicable.Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Gut Microbes & Health, Quadram Institute Bioscience, Norwich Research Park, 
Norwich, Norfolk NR4 7UQ, UK. 2 Earlham Institute, Norwich Research Park, 
Norwich, Norfolk NR4 7UZ, UK. 3 Department of Ecology, Swedish University 
of Agricultural Sciences, Ulls väg 16, 756 51 Uppsala, Sweden. 4 Institute 
of Ecology and Earth Sciences, University of Tartu, Lai St, 40 Tartu, Estonia. 

Received: 24 December 2021   Accepted: 1 September 2022

References
 1. Bahram M, Hildebrand F, Forslund SK, Anderson JL, Soudzilovskaia NA, 

Bodegom PM, et al. Structure and function of the global topsoil microbi-
ome. Nature. 2018;560:233–7.

 2. Özkurt E, Hassani MA, Sesiz U, Künzel S, Dagan T, Özkan H, et al. Seed-
derived microbial colonization of wild emmer and domesticated bread 
wheat (Triticum dicoccoides and T. aestivum) seedlings shows pronounced 
differences in overall diversity and composition. mBio. 2020;e02637–20.

 3. Bedarf JR, Beraza N, Khazneh H, Özkurt E, Baker D, Borger V, et al. Much 
ado about nothing? Off-target amplification can lead to false-positive 
bacterial brain microbiome detection in healthy and Parkinson’s disease 
individuals. Microbiome. 2021;9:75.

 4. Tedersoo L, Anslan S, Bahram M, Põlme S, Riit T, Liiv I, et al. Shotgun 
metagenomes and multiple primer pair-barcode combinations of 
amplicons reveal biases in metabarcoding analyses of fungi. MycoKeys. 
2015;10:1–43 Pensoft Publishers.

 5. Haas BJ, Gevers D, Earl AM, Feldgarden M, Ward DV, Giannoukos G, et al. 
Chimeric 16S rRNA sequence formation and detection in sanger and 
454-pyrosequenced PCR amplicons. Genome Res. 2011;21:494–504.

 6. Lee ZM-P, Bussema C, Schmidt TM. rrnDB: documenting the number 
of rRNA and tRNA genes in bacteria and archaea. Nucleic Acids Res. 
2009;37:D489–93.

 7. Quince C, Lanzen A, Davenport RJ, Turnbaugh PJ. Removing noise from 
pyrosequenced amplicons. BMC Bioinformatics. 2011;12:38.

 8. Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJA, Holmes SP. 
DADA2: high-resolution sample inference from Illumina amplicon data. 
Nat Methods. 2016;13:581–3 Nature Publishing Group.

 9. Schloss PD, Westcott SL, Ryabin T, Hall JR, Hartmann M, Hollister EB, et al. 
Introducing mothur: open-source, platform-independent, community-
supported software for describing and comparing microbial communi-
ties. Appl Environ Microbiol. 2009;75:7537–41.

 10. Bolyen E, Rideout JR, Dillon MR, Bokulich NA, Abnet CC, Al-Ghalith GA, 
et al. Reproducible, interactive, scalable and extensible microbiome data 
science using QIIME 2. Nat Biotechnol. 2019;37:852–7.

 11. Anslan S, Bahram M, Hiiesalu I, Tedersoo L. PipeCraft: flexible open-source 
toolkit for bioinformatics analysis of custom high-throughput amplicon 
sequencing data. Mol Ecol Resour. 2017;17:e234–40 Blackwell Publishing Ltd.

 12. Hildebrand F, Tadeo R, Voigt A, Bork P, Raes J. LotuS: an efficient and user-
friendly OTU processing pipeline. Microbiome. 2014;2:30 BioMed Central Ltd.

https://zenodo.org/record/6857189#.YtWSRXbMI2w
https://zenodo.org/record/6857189#.YtWSRXbMI2w
https://s3-us-west-2.amazonaws.com/mockrobiota/latest/mock-16/mock-forward-read.fastq.gz
https://s3-us-west-2.amazonaws.com/mockrobiota/latest/mock-16/mock-forward-read.fastq.gz
https://s3-us-west-2.amazonaws.com/mockrobiota/latest/mock-16/mock-reverse-read.fastq.gz
https://s3-us-west-2.amazonaws.com/mockrobiota/latest/mock-16/mock-reverse-read.fastq.gz
https://anaconda.org/bioconda/lotus2
https://github.com/TGAC/earlham-galaxytools/tree/master/tools/lotus2
https://github.com/TGAC/earlham-galaxytools/tree/master/tools/lotus2
https://toolshed.g2.bx.psu.edu/view/earlhaminst/lotus2/
https://toolshed.g2.bx.psu.edu/view/earlhaminst/lotus2/
https://usegalaxy.eu/
https://github.com/hildebra/lotus2
https://github.com/hildebra/sdm
https://github.com/hildebra/sdm
https://github.com/hildebra/LCA
https://github.com/ozkurt/lotus2_benchmarking


Page 14 of 14Özkurt et al. Microbiome          (2022) 10:176 

 13. Prodan A, Tremaroli V, Brolin H, Zwinderman AH, Nieuwdorp M, Levin 
E. Comparing bioinformatic pipelines for microbial 16S rRNA amplicon 
sequencing. PLoS One. 2020;e0227434.

 14. Blaxter M, Mann J, Chapman T, Thomas F, Whitton C, Floyd R, et al. Defin-
ing operational taxonomic units using DNA barcode data. Philos Transact 
Royal Soc B Biol Sci. 2005;360:1935–43 Royal Society.

 15. Callahan BJ, McMurdie PJ, Holmes SP. Exact sequence variants should 
replace operational taxonomic units in marker-gene data analysis. ISME J. 
2017;11:2639–43 Nature Publishing Group.

 16. Hupfauf S, Etemadi M, Juárez MFD, Gómez-Brandón M, Insam H, Pod-
mirseg SM. CoMA – an intuitive and user-friendly pipeline for amplicon-
sequencing data analysis. PLoS One. 2020;e0243241.

 17. Reeder J, Knight R. The “rare biosphere”: a reality check. Nat Methods. 
2009;6:636–7.

 18. Edgar RC. UPARSE: highly accurate OTU sequences from microbial ampli-
con reads. Nat Methods. 2013;10:996–8.

 19. Jeon Y-S, Park S-C, Lim J, Chun J, Kim B-S. Improved pipeline for reducing 
erroneous identification by 16S rRNA sequences using the Illumina 
MiSeq platform. J Microbiol. 2015;53:60–9.

 20. Kozich JJ, Westcott SL, Baxter NT, Highlander SK, Schloss PD. Develop-
ment of a dual-index sequencing strategy and curation pipeline for 
analyzing amplicon sequence data on the MiSeq Illumina sequencing 
platform. Appl Environ Microbiol. 2013;79:5112–20.

 21. Sinclair L, Osman OA, Bertilsson S, Eiler A. Microbial community  
composition and diversity via 16S rRNA gene amplicons: evaluating the 
Illumina platform. PLoS One. 2015;e0116955.

 22. Puente-Sanchez F, Aguirre J, Parro V, Puente-s F, Aguirre J. A novel 
conceptual approach to read-filtering in high-throughput amplicon 
sequencing studies. Nucleic Acids Res. 2015;44(4):e40.

 23. Afgan E, Baker D, Batut B, Van Den Beek M, Bouvier D, Ech M, et al. The 
galaxy platform for accessible, reproducible and collaborative biomedical 
analyses: 2018 update. Nucleic Acids Res. 2018;48(14):8205–7.

 24. Frøslev TG, Kjøller R, Bruun HH, Ejrnæs R, Brunbjerg AK, Pietroni C, et al. 
Algorithm for post-clustering curation of DNA amplicon data yields  
reliable biodiversity estimates. Nat Commun. 2017;8(1):1188.

 25. McDonald D, Clemente JC, Kuczynski J, Rideout JR, Stombaugh J, Wendel 
D, et al. The biological observation matrix (BIOM) format or: how I learned 
to stop worrying and love the ome-ome. Gigascience. 2012;1:7.

 26. McMurdie PJ, Holmes S. Phyloseq: an R package for reproducible 
interactive analysis and graphics of microbiome census data. PLoS One. 
2013;8:e61217 Public Library of Science.

 27. Edgar RC. UNOISE2: improved error-correction for Illumina 16S and ITS 
amplicon sequencing. bioRxiv. 2016;081257.

 28. Fu L, Niu B, Zhu Z, Wu S, Li W. CD-HIT: accelerated for clustering the next-
generation sequencing data. Bioinformatics. 2012;28:3150–2.

 29. Mahé F, Rognes T, Quince C, de Vargas C, Dunthorn M. Swarm: robust and 
fast clustering method for amplicon-based studies. PeerJ. 2014;2:e593.

 30. Rognes T, Flouri T, Nichols B, Quince C, Mahé F. VSEARCH: a versatile open 
source tool for metagenomics. PeerJ. 2016;2016:1–22.

 31. Edgar R. UCHIME2: improved chimera prediction for amplicon sequenc-
ing. bioRxiv. 2016;074252.

 32. Bengtsson-Palme J, Ryberg M, Hartmann M, Branco S, Wang Z, Godhe A, 
et al. ITSx: improved software detection and extraction of ITS1 and ITS2 
from ribosomal ITS sequences of fungi and other eukaryotes for analysis 
of environmental sequencing data. Methods Ecol Evol. 2013;914–9.

 33. Edgar R. UNCROSS2: identification of cross-talk in 16S rRNA OTU tables; 2018.
 34. Li H. Minimap2: pairwise alignment for nucleotide sequences. Bioinfor-

matics. 2018;34:3094–100.
 35. Liu Z, DeSantis TZ, Andersen GL, Knight R. Accurate taxonomy assign-

ments from 16S rRNA sequences produced by highly parallel pyrose-
quencers. Nucleic Acids Res. 2008;36:e120.

 36. Edgar R. SINTAX: a simple non-Bayesian taxonomy classifier for 16S and 
ITS sequences. bioRxiv. 2016;074161

 37. Hauswedell H, Singer J, Reinert K. Lambda: the local aligner for massive 
biological data. Bioinformatics. 2014;30:i349–55.

 38. Altschul SF, Madden TL, Schäffer AA, Zhang J, Zhang Z, Miller W, et al. 
Gapped BLAST and PSI-BLAST: a new generation of protein database search 
programs. Nucleic Acids Res. 1997;25(17):3389–402.

 39. Edgar RC. Search and clustering orders of magnitude faster than BLAST. 
Bioinformatics. 2010;26:2460–1.

 40. Yilmaz P, Parfrey LW, Yarza P, Gerken J, Pruesse E, Quast C, et al. The SILVA 
and “all-species living tree project (LTP)” taxonomic frameworks. Nucleic 
Acids Res. 2014;42:D643–8.

 41. McDonald D, Price MN, Goodrich J, Nawrocki EP, DeSantis TZ, Probst 
A, et al. An improved Greengenes taxonomy with explicit ranks for 
ecological and evolutionary analyses of bacteria and archaea. ISME J. 
2012;6:610–8 Nature Publishing Group.

 42. Ritari J, Salojärvi J, Lahti L, de Vos WM. Improved taxonomic assignment of 
human intestinal 16S rRNA sequences by a dedicated reference database. 
BMC Genomics. 2015;16:1056.

 43. Guillou L, Bachar D, Audic S, Bass D, Berney C, Bittner L, et al. The protist 
ribosomal reference database (PR2): a catalog of unicellular eukaryote 
small sub-unit rRNA sequences with curated taxonomy. Nucleic Acids 
Res. 2013;41(Database issue):D597–604.

 44. Jones JC, Fruciano C, Hildebrand F, Al Toufalilia H, Balfour NJ, Bork P, et al. 
Gut microbiota composition is associated with environmental landscape 
in honey bees. Ecol Evol. 2017;8(1):441–51.

 45. Kõljalg U, Nilsson RH, Abarenkov K, Tedersoo L, Taylor AFS, Bahram M, 
et al. Towards a unified paradigm for sequence-based identification of 
fungi. Mol Ecol. 2013;22:5271–7.

 46. Katoh K, Standley DM. MAFFT multiple sequence alignment software 
version 7: improvements in performance and ssability. Mol Biol Evol. 
2013;30:772–80.

 47. Sievers F, Wilm A, Dineen D, Gibson TJ, Karplus K, Li W, et al. Fast, scalable 
generation of high-quality protein multiple sequence alignments using 
Clustal omega. Mol Syst Biol. 2011;7:539.

 48. Price MN, Dehal PS, Arkin AP. FastTree 2--approximately maximum-likeli-
hood trees for large alignments. PLoS One. 2010;5:e9490 Public Library of 
Science.

 49. Nguyen L-T, Schmidt HA, von Haeseler A, Minh BQ. IQ-TREE: a fast and 
effective stochastic algorithm for estimating maximum-likelihood phy-
logenies. Mol Biol Evol. 2015;32:268–74.

 50. Amir A, McDonald D, Navas-Molina JA, Kopylova E, Morton JT, Zech XZ, 
et al. Deblur rapidly resolves single-nucleotide community sequence 
patterns. mSystems. 2017;2:1–7.

 51. Rivers AR, Weber KC, Gardner TG, Liu S, Armstrong SD. ITSxpress: software 
to rapidly trim internally transcribed spacer sequences with quality scores 
for marker gene analysis [version 1; peer review: 2 approved]. F1000Res. 
2018;7:1418.

 52. Nilsson RH, Anslan S, Bahram M, Wurzbacher C, Baldrian P, Tedersoo L. 
Mycobiome diversity: high-throughput sequencing and identification of 
fungi. Nat Rev Microbiol. 2019;17(2):95–109.

 53. Bokulich NA, Rideout JR, Mercurio WG, Shiffer A, Wolfe B, Maurice CF, et al. 
Mockrobiota: a public resource for microbiome bioinformatics bench-
marking. mSystems. 2016;1(5):e00062–16.

 54. Saary P, Forslund K, Bork P, Hildebrand F. RTK: efficient rarefaction analysis 
of large datasets. Bioinformatics. 2017;33:2594–5.

 55. Porter TM, Brian GG. Are similarity- or phylogeny-based methods more 
appropriate for classifying internal transcribed spacer (ITS) metagenomic 
amplicons? New Phytol. 2011;192:775–82.

 56. Bokulich NA, Kaehler BD, Rideout JR, Dillon M, Bolyen E, Knight R, et al. 
Optimizing taxonomic classification of marker-gene amplicon sequences 
with QIIME 2’s q2-feature-classifier plugin. Microbiome. 2018;6(1):90.

 57. Větrovský T, Baldrian P. The variability of the 16S rRNA gene in bacterial 
genomes and its consequences for bacterial community analyses. PLoS 
One. 2013;8:e57923 Public Library of Science.

 58. Kunin V, Engelbrektson A, Ochman H, Hugenholtz P. Wrinkles in the rare 
biosphere: pyrosequencing errors can lead to artificial inflation of diver-
sity estimates. Environ Microbiol. 2010;12:118–23.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	LotuS2: an ultrafast and highly accurate tool for amplicon sequencing analysis
	Abstract 
	Background: 
	Results: 
	Conclusion: 
	Availability: 

	Background
	Materials and methods
	Design philosophy of LotuS2
	Implementation of LotuS2
	Installation
	Input
	Output
	Pipeline workflow

	Benchmarking amplicon sequencing pipelines
	Measuring computational performance of amplicon sequencing pipelines
	Data used in benchmarking pipeline performance
	Benchmarking the computational performance of amplicon sequencing pipelines
	Benchmarking reproducibility of amplicon sequencing pipelines
	Analysis of the mock community

	Results
	Computational performance and data usage
	Benchmarking the reproducibility of community compositions
	Benchmarking the soil-ITS dataset
	Benchmarking the dataset from the mock microbial community

	Discussion
	Acknowledgements
	References


