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ABSTRACT

High-throughput amplicon sequencing (HTAS) of conserved DNA regions is a
powerful technique to characterize microbial communities. Recently, spike-in mock
communities have been used to measure accuracy of sequencing platforms and data
analysis pipelines. To assess the ability of sequencing platforms and data processing
pipelines using fungal internal transcribed spacer (ITS) amplicons, we created two
ITS spike-in control mock communities composed of cloned DNA in plasmids: a
biological mock community, consisting of ITS sequences from fungal taxa, and a
synthetic mock community (SynMock), consisting of non-biological ITS-like
sequences. Using these spike-in controls we show that: (1) a non-biological synthetic
control (e.g., SynMock) is the best solution for parameterizing bioinformatics
pipelines, (2) pre-clustering steps for variable length amplicons are critically
important, (3) a major source of bias is attributed to the initial polymerase chain
reaction (PCR) and thus HTAS read abundances are typically not representative of
starting values. We developed AMPtk, a versatile software solution equipped to deal
with variable length amplicons and quality filter HTAS data based on spike-in
controls. While we describe herein a non-biological SynMock community for ITS
sequences, the concept and AMPtk software can be widely applied to any HTAS
dataset to improve data quality.

Subjects Biodiversity, Bioinformatics, Ecology, Microbiology, Mycology

Keywords Mycobiome, Synthetic spike-in control, Amplicon toolkit, Fungi, Metabarcoding,
High-throughput amplicon sequencing, Biodiversity, rRNA internal transcribed spacer,
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INTRODUCTION

High-throughput amplicon sequencing (HTAS) is a powerful tool that is frequently
used for examining community composition of environmental samples. HTAS has proven
to be a robust and cost-effective solution due to the ability to multiplex hundreds of
samples on a single next-generation sequencing (NGS) run. However, HTAS output from
environmental samples requires careful interpretation and appropriate and consistent use
of positive and negative controls (Nguyen et al., 2015). One of the major challenges in
HTAS is to differentiate sequencing error versus real biological sequence variation.
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Considerable progress has been made in the last several years via improved quality of
sequencing results through manufacturer upgrades to reagents as well as improved quality
filtering and “clustering” algorithms. While most algorithm development in HTAS is
focused on the prokaryotic microbiome, using the 16S subunit of the ribosomal RNA
(rRNA) array (e.g., QIIME (Caporaso et al., 2010), Mothur (Schloss et al., 2009), UPARSE
(Edgar, 2013), DADA2 (Callahan et al., 2016)), many of these same tools have been
adopted for use with other groups of organisms, such as fungi.

The internal transcribed spacer (ITS) region of the rRNA array has emerged as the
molecular barcode for examining fungal communities in environmental samples
(Schoch et al., 2012). The ITS region is multi-copy and thus easily amplifiable via PCR
even from environmental samples with low quantities of fungal DNA. The ITS region
consists of three subunits, ITS1, 5.8S, and ITS2 (Fig. 1A), and is generally conserved
within fungal species yet possess enough variability to differentiate among species in
many taxonomic groups. Because of its widespread use, public databases are rich with
reference fungal ITS sequences (Schoch et al., 2012). However, there are several properties
of fungi and the fungal ITS region that are potentially problematic for HTAS that include:
(i) fungi have variable cell wall properties making DNA extraction efficiency unequal for
different taxa and/or cell types (hyphae, fruiting bodies, spores, etc) (Vesty et al., 2017),
(ii) the number of nuclei per cell is variable between taxa (Roper et al., 2011), (iii) the
number of copies of the rRNA array are different between taxa and in some cases isolates
of the same taxa (Ganley ¢ Kobayashi, 2007), (iv) a single isolate can have multiple ITS
sequences (intragenomic variability; (Lindner ¢ Banik, 2011; Simon ¢ Weiss, 2008)), (v)
the ITS region is highly variable in length (Schoch et al., 2014), (vi) ITS sequences vary in
GC content (Wang et al., 2015), and (vii) there are a variable number of homopolymer
repeats (Hart Miranda et al., 2015). Additionally, current read lengths of commonly used
sequencing platforms (Illumina Miseq currently covers ~500 bp (2 x 300) and Ion
Torrent is 450 bp) are not long enough to cover the entire length of the ITS region, which
is typically longer than 500 bp. However, conserved priming sites exist to amplify either
the ITS1 region or the ITS2 region, which has been shown to be sufficient for taxonomic
identification. While several studies have used the ITSI region for HTAS, the ITS1 region
contains introns in some taxa and thus to avoid potential bias it has been suggested that
ITS2 region should be the preferred region for fungi ( Taylor et al., 2016). Progress has
recently been made using single-molecule DNA sequencing (e.g., PacBio) to assess fungal
communities with long read lengths (up to 3,000 base pairs), but this has not yet been
widely adopted due to cost and technical hurdles (James et al., 2016; Kennedy, Cline &
Song, 2018; Tedersoo, Tooming-Klunderud & Anslan, 2018).

Sequencing error is a known problem across NGS platforms used for HTAS. To address
issues with sequencing error and reliability of results from HTAS, it has become
increasingly common practice to use spiked-in “mock” community samples as positive
controls for the parameterization and optimization of experimental workflows and data
processing. Spike-in mock community controls for fungal ITS have been used (Amiend,
Seifert & Bruns, 2010; De Filippis et al., 2017; Nguyen et al., 2015; Taylor et al., 2016;
Tonge, Pashley & Gant, 2014), and have consisted of fungal genomic DNA (gDNA)
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Figure 1 The fungal internal transcribed spacer (ITS) region of the rRNA array is highly variable in
length. (A) A schematic of the rRNA array highlights the conserved priming sites commonly used to
amplify either the ITS1 or ITS2 region. (B) Size distribution of full length ITS (blue), ITS1 (green), ITS2
(red) sequences in the UNITE v7.2 curated databases shown in comparison to the bacterial 16S V3/V4
amplicon from the Silva v128 database. Current sequencing technologies do not have read lengths long
enough to capture full-length ITS sequences, and thus ITS1 or ITS2 regions are used for fungal envir-
onmental community analysis. 16S V3/V4 in yellow; ITS full length in blue, ITS2 in red, and ITS1 in green.
Note that the graphs for ITS2 and ITS full-length are shifted up on the y-axis and the y-axis is divided into
two segments for visualization purposes. Full-size K&l DOIL: 10.7717/peer.4925/fig-1

extracted from tissue from fruiting bodies, cultures, or spores of a number of taxa which
are then (usually) combined in equimolar amounts. Mock communities composed of
fungal gDNA from fruiting bodies, spores, and/or hyphae provide a measure of success of
extraction, PCR, and sequencing and thus are useful in the HTAS workflow. However,
such mock communities are of limited value if used to validate/parameterize data
processing workflows due to intrinsic properties of the ITS region mentioned previously
(variable copy number, intraspecific variation, variable length, etc.). Therefore, there is a
need for fungal ITS spike-in control mock communities that function to validate
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laboratory experimental design, validate data processing steps, and compare results
between sequencing runs and platforms.

High-throughput amplicon sequencing is cost-effective due to the ability to massively
multiplex environmental samples on a single sequencing run. This process depends on
the attachment of a unique sequence identifier (referred to as a barcode, an index, or a tag,
depending on sequencing platform) to each piece of DNA to be sequenced. In recent
years, “tag-switching” (“index hopping,” “tag jumping,” “barcode jumping,” “index-
bleed,” or “barcode switching”) has been noted to occur on Roche 454 platforms as well as
Mlumina platforms (Carlsen et al., 2012; Degnan ¢ Ochman, 2012; Kircher, Heyn ¢ Kelso,
2011; Philippe, Lejzerowicz & Pawlowski, 2015; Schnell, Bohmann ¢ Gilbert, 2015). Tag-
switching can lead to over-estimation of diversity in environmental samples (Philippe,
Lejzerowicz ¢ Pawlowski, 2015; Schnell, Bohmann & Gilbert, 2015) and mis-assignment
of sequences to samples. It has been noted that spike-in mock communities may be
useful to help detect tag-switching, and subsequent filters may be applied for use
with the HTAS pipeline of choice (Degnan ¢ Ochman, 2012; Philippe, Lejzerowicz &
Pawlowski, 2015).

We hypothesized that a mock community composed of cloned fungal ITS sequences
(in plasmids) would circumvent several of the variability issues associated with using
mock communities composed of fungal DNA or fungal tissue (variable copy number,
intraspecific variation, etc), allowing for a definitive assessment of HTAS for mycobiome
studies. Subsequently, we found that current “off-the-shelf” software solutions performed
poorly using these fungal ITS community standards and thus developed AMPtk
(amplicon toolkit), a versatile software pipeline that improves results from HTAS data.
Furthermore, we designed a non-biological synthetic spike-in mock community
consisting of ITS-like sequences (SynMock) that, when coupled with AMPtk, provides
a simple method to reduce the effects of tag-switching between multiplexed samples on a
HTAS run.

MATERIALS AND METHODS

Biological mock community

To construct the biological mock community (BioMock) we selected 26 identified fungal
cultures (Table S1) from the Center for Forest Mycology Research (CFMR) culture
collection (US Forest Service, Madison, WI, USA). These cultures were purposefully
chosen to represent a taxonomic range of fungal species, including species with known
ITS paralogs, species with GC rich ITS regions, a variety of ITS lengths, and species
with a variety of homopolymers in the ITS region. To measure the sensitivity of our
bioinformatics approach, we also included two ITS sequences from Leptoporus mollis
that were cloned from the same culture as an example of intragenomic variation in the
fungal ITS region. These two sequences are more than 3% divergent (95.9% identical) and
thus would typically represent separate operational taxonomic units (OTUs) in a
clustering pipeline, despite being from the same fungal isolate. All cultures were grown on
cellophane on malt extract agar, and DNA was extracted from pure cultures following
(Lindner ¢ Banik, 2008). Following extraction, the gDNA was PCR amplified using the
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fungal ITS specific primers ITS-1F (Gardes ¢» Bruns, 1993) and ITS4 (White et al., 1990).
PCR products were then cloned into pGEM-T (Promega, Madison, WI, USA) and Sanger
sequenced using the ITS1-F primer following the protocol in (Lindner ¢ Banik, 2011).
Sequences were verified via BLAST search and two clones of each isolate were selected and
cultured in liquid Luria-Bertani (LB) media and incubated at 37 °C for 24 h. Plasmids
were purified from the cultures in LB media using standard alkaline lysis. These plasmids
will hereafter be termed “purified plasmids.” The purified plasmids were then Sanger
sequenced with vector primers T7 and SP6 to verify the insertion of a single copy of the
appropriate ITS fragment. Purified plasmid DNA was quantified using a Qubit® 2.0
fluorometer and DNA concentrations were equilibrated to 10 nM using DNA-free
molecular grade water. Following equilibration, 5 pl of each purified plasmid were
combined to make an equimolar “BioMock” community of single-copy purified plasmids.

PCR has known biases, which are related to different sequence characteristics and are
hard to predict in mixed DNA communities of unknown composition. To illustrate the
impact of initial PCR bias on the number of reads obtained from each member of a mixed
DNA community, we generated individual HTAS-compatible PCR products from each
BioMock plasmid which were subsequently mixed (post-PCR) in an equimolar ratio. This
was accomplished by PCR amplifying each individual plasmid with the same barcoded
primer set. PCR products were purified using E-gel® CloneWell™ 0.8% SYBR® Safe
agarose gels (ThermoFisher Scientific, Madison, WI, USA), quantified using a Qubit® 2.0
fluorometer, and combined into an equimolar mixture post-amplification. This post-PCR
combined mock community can be used to examine sequencing error on NGS platforms
and is referred to as BioMock-standards.

Non-biological synthetic mock community

We used the well-annotated rRNA sequence from Saccharomyces cerevisiae as a starting
point to design ITS-like synthetic sequences. The ITS adjacent regions of small subunit
(SSU) and large subunit (LSU) of S. cerevisiae were chosen as anchoring points because of
the presence of conserved priming sites ITS1/ITS1-F and ITS4. A 5.8S sequence was
designed using S. cerevisiae as a base but nucleotides were altered so it would be
compatible with several primers in the 5.8S region, including ITS2, ITS3, and fITS7.
Random sequences were generated with constrained GC content and sequence length for
the ITS1 and ITS2 regions. Twelve unique sequences were synthesized (Genescript,
Piscataway Township, NJ, USA) and cloned into pUC57 harboring ampicillin resistance.
The SynMock sequences and the script to produce them are available in the OSF
repository (https://osf.io/4xd9r/) as well as packaged into AMPtk distributions (https://
github.com/nextgenusfs/amptk). Each plasmid was purified by alkaline lysis, quantified,
and an equimolar mixture was created as a template for HTAS library prep.

Preparation of HTAS libraries and NGS sequencing

High-throughput amplicon sequencing libraries were generated using a proofreading
polymerase, Pfx50 (ThermoFisher Scientific, Madison, WI, USA), and thermocycler
conditions were as follows: initial denaturation of 94 °C for 3 min, followed by 11 cycles of
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(94 °C for 30 s, 60 °C for 30 s (drop 0.5 °C per cycle), 68 °C for 1 min), then 26 cycles of
(94 °C for 30 s, 55 °C for 30 s, and 68 °C for 1 min), with a final extension of 68 °C for
7 min. PCR products were cleaned using either E-gel® CloneWell™ 0.8% SYBR® Safe
agarose gels (ThermoFisher Scientific, Madison, WI, USA) or Zymo Select-a-size spin
columns (Zymo Research, Irvine, CA, USA). All DNA was quantified using a Qubit®
2.0 fluorometer with the high-sensitivity DNA quantification kit (ThermoFisher
Scientific, Madison, WI, USA).

A single step PCR reaction was used to create Ion Torrent compatible sequencing libraries
(PCR protocol described above), and primers were designed according to manufacturer’s
recommendations. Briefly, the forward primer was composed of the Ion A adapter
sequence, followed by the Ion key signal sequence, a unique Ion Xpress Barcode sequence
(10-12 bp), a single base-pair linker (A), followed by the fITS7 primer (Ihrmark et al., 2012).
The reverse primer was composed of the Ion trP1 adapter sequence followed by the
conserved ITS4 primer (White et al., 1990). Sequencing on the Ion Torrent PGM was done
according to manufacturer’s recommendations using an Ion PGM™ Hi-Q™ OT2 Kit, an
Ion PGM™ Hi-Q™ Sequencing Kit, an lon PGM™ sequencing chip (316v2 or 318v2),
and raw data were processed with the Ton Torrent Suite v5.0.3 with the “~disable-all-filters”
flag given to the BaseCaller. Libraries for Illumina MiSeq were generated by a two-step
dual indexing strategy. All samples were PCR amplified with Illumina-fITS7 and Illumina-
ITS4 primers using PCR protocol described above. PCR products were cleaned and then
dual-barcoded using an eight cycle PCR reaction using the Illumina Nextera Kit and
subsequently sequenced using 2 x 300 bp sequencing kit on the Illumina MiSeq at the
University of Wisconsin Biotechnology Center DNA Sequencing Facility. All primers
utilized in this study are available via the OSF repository (https://ost.io/4xd9r/).

Data processing using AMPtk

AMPtk is publically available at https://github.com/nextgenusfs/amptk. All primary
data and data analysis done in this manuscript are available via the Open Science
Framework (https://osf.io/4xd9r/). AMPtk is written in Python and relies on several
modules: edlib (éosvic & Sikic, 201 7), biopython (Cock et al., 2009), biom-format
(McDonald et al., 2012), pandas (McKinney, 2010), numpy (van der Walt, Colbert &
Varoquaux, 2011), and matplotlib modules (Hunter, 2007). External dependencies are
USEARCH v9.1.13 (Edgar, 2010) or greater and VSEARCH v2.2.0 (Rognes et al., 2016) or
greater. In order to run the DADA2 (Callahan et al., 2016) method R is required along
with the shortRead (Morgan et al., 2009) and DADA2 packages. The major steps for
processing HTAS data are broken down into (i) pre-processing reads, (ii) clustering into
OTUs, (iii) filtering OTU table, and (iv) assigning taxonomy.

Pre-processing reads

Data structures from Roche 454 and Ion Torrent are similar where reads are in a single file
and have a unique barcode at the 5" or 3" end of the read followed by the gene-specific

priming site; therefore, AMPtk processes reads from these two platforms very similarly.
As a preliminary quality control step, only reads that have a matching barcode sequence
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(default is to allow 0 mismatches in barcode sequence) and forward primer are retained
(default is to allow two mismatches in primer sequence). Next, reverse primer sequences
are removed and if the amplicons are barcoded on the 3’ end the reverse barcode is
identified. Finally, the reads are processed in a lossless trimming method that truncates
reads longer than the user-defined maximum length but keeps reads shorter than this
threshold if they had a valid reverse primer sequence. Data from Illumina is processed
differently because reads are most often paired-end reads and most sequencing centers
provide users with de-multiplexed by sample paired-end data (i.e., output of “bcl2fastq”).
However, AMPtk also has de-multiplexing methods for the commonly used Earth
Microbiome Project format as well as paired-end Illumina data containing barcodes
sequences. When processing Illumina data, AMPtk first trims forward and reverse
primer sequences, then merges the paired end reads using USEARCH or VSEARCH; phiX
spike-in control is removed with USEARCH, and all data are combined into a single file.
Pre-processing reads in AMPtk from any of the sequencing platforms results in a single
output file that is compatible with all downstream steps.

Clustering reads into OTUs

AMPtk is capable of running several different clustering algorithms including UPARSE,
DADA2, UNOISE2, UNOISE3, and reference-based clustering. The algorithms all start
with quality filtering using expected errors trimming and are modified slightly in
AMPtk to build OTU tables using the de-multiplexed data (not the quality filtered data)
using a 97% percent identity to OTU threshold; therefore read counts represent what
was in the sample after de-multiplexing but prior to quality filtering. This is an important
distinction, as using variable length amplicons coupled with quality filtering using
expected error trimming (Edgar ¢ Flyvbjerg, 2015) can bias longer reads, further
distorting read abundance in the final OTU tables.

Filtering OTU tables to alleviate Tag-switching

Filtering in AMPtk works optimally when a spike-in mock community is sequenced in
the dataset. While by default AMPtk is setup to work with the SynMock described herein,
any spike-in mock community can be used. AMPtk identifies which OTUs belong to
the mock community and calculates tag-switching rate of that mock community into
other samples as well as into the mock community from samples. This calculated
tag-switching percentage is then used to filter the OTU table. Filtering is done on a per
OTU basis, such that read counts in each OTU that are below the tag-switching threshold
are set to zero as they fall within the range of data that could be attributed to tag-switching
error and read counts above the threshold are not changed.

Assigning taxonomy

AMPtk is pre-configured with databases for fungal ITS, fungal LSU, arthropod mtCO1,
and prokaryotic 16S; however custom databases are easily created with the “amptk
database” command. Several tools are available for taxonomy assignment in AMPtk
including remote blast of the NCBI nt database, RDP Classifier (Wang et al., 2007),
global alignment to a custom sequence database, UTAX Classifier (RC Edgar,
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http://drive5.com/usearch/manual9.2/cmd_utax.html), and the SINTAX Classifier
(Edgar, 2016). The default method for taxonomy assignment in AMPtk is a “hybrid”
approach that uses classification from global alignment, UTAX, and SINTAX. The best
taxonomy is then chosen as follows: (i) if global alignment percent identity is >97% then
the top hit is retained, (ii) if global alignment percent identity is <97%, then the best
confidence score from UTAX or SINTAX is used, (iii) if there is disagreement between
taxonomy levels assigned by each method then a least common ancestor approach is
utilized to generate a conservative estimate of taxonomy. AMPtk also can take a QIIME-
like mapping file that can contain all the metadata associated with the HTAS study; the
output is then a multi-fasta file containing taxonomy in the headers, a classic OTU table
with taxonomy appended, and a BIOM file incorporating the OTU table, taxonomy, and
metadata. The BIOM output of AMPtk is compatible with several downstream statistical
and visualization software packages such as PhyloSeq (McMurdie ¢» Holmes, 2013) and the
vegan package in R (Jari et al., 2017).

Accessory scripts in AMPtk

AMPtk has several additional features that will aid the user in analyzing HTAS data.
For instance, AMPtk contains a script that will prepare data for submission to the NCBI
SRA archive by formatting it properly and outputting a ready-to-submit SRA submission
file. The FunGuild (Nguyen et al., 2016) package which assigns OTUs to an annotated
database of functional guilds is also incorporated directly into AMPtk. Additionally, users
can draw a heatmap of an OTU table as well as summarize taxonomy in a stacked
histogram.

HTAS software pipeline comparison

For comparison of software pipelines, sequencing data from the Ion Torrent PGM and
[Mlumina MiSeq consisted of a single SynMock library, a single BioMock library, and

16 environmental sample libraries. To compare the outputs of these pipelines, OTUs
and a corresponding OTU tables were generated using AMPtk v1.2.1, QIIME2 v2018.2,
UPARSE (USEARCH v10.0.240), and PIPITS v2.0 (Illumina data only). Read length
was set to 300 bp where appropriate for each tool and default or recommended settings
were used for each software pipeline with the following exceptions in UPARSE: for
processing the Illumina data VSEARCH was used to quality filter, de-replicate (identify
unique sequences), and generate an OTU table because the file size was too large to be
supported by 32-bit version of USEARCH. QIIME2 workflow utilized the “qiime
cutadapt” module to de-multiplex the Ion Torrent PGM data and to remove primers from
both datasets. Clustering was done in QIIME2 using DADA?2 followed by 97% clustering
using VSEARCH, which is the same methodology used in the “amptk dada2” method.
SynMock and BioMock communities were analyzed using “amptk filter” command for
each pipeline to map the OTUs to the corresponding mock communities. Error rate for
each mock community was calculated as a percent of the total number of mismatches
divided by the total number of base pairs. Scripts used for analysis are available at the
Open Science Framework repository (https://osf.io/4xd9r/).
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Table 1 Summary statistics of the fungal ITS molecular barcode in comparison to bacterial 16S.

Region Num seqs Avg length (bp) % HP > 6 (%) % HP > 8 (%) % >450 bp
ITS full length 696,704 488 55.07 8.66 -
ITS1 685,399 247 36.58 5.60 3.27%
ITS2 535,200 264 44.19 5.54 0.83%
16S (V3/V4) 627,247 253 23.74 1.02 -

Note:

HP, homopolymer stretches.

RESULTS

In silico analysis of the fungal ITS region

To gain baseline data on potential amplicons of the ITS1 or ITS2 regions, the ITS1 and
ITS2 regions were extracted with the “amptk database” command using priming sites
specific for each region (ITS1: ITS1-F and ITS2 primer sequences; ITS2: fITS7 and ITS4
primer sequences) from the UNITE+INSD v7.2 database (Abarenkov et al., 2010)
consisting of 736,375 ITS sequences. For comparison, the commonly sequenced V3-V4
region was extracted using the “amptk database” command from prokaryotic 16S
sequences from the Silva v128 database (Quast et al., 2013). A length histogram for
each dataset as well as summary statistics were generated (Fig. 1B; Table 1), indicating
that all three of these molecular barcodes have an average length of ~250 bp (Table 1);
however, there was considerable variation in the lengths of the ITS region in comparison
to the V3/V4 region of 16S (Fig. 1B). Stretches of homopolymer sequences can also be
problematic for some NGS platforms (454 and PGM), and thus the number of sequences
in this dataset that contained homopolymer stretches greater than six nucleotides were
calculated using the “find_homopolymers.py” script in the AMPtk distribution (Table 1).
Given the small percentage of ITS1 and ITS2 regions that are greater than 450 bp (the
current upper limit of the Ion Torrent PGM platform), the number of taxa in the reference
database that are unlikely to sequence on the Ion Torrent due to amplicon length is
relatively small (Table 1). Illumina MiSeq is now capable of paired end 300 bp read lengths
(2 x 300); however, reads need to overlap for proper processing in NGS software
platforms and thus a ~500 bp size limit would also be able to sequence most taxa in the
reference database using either the ITS1 or ITS2 region.

Existing data processing workflows perform poorly with

fungal ITS sequences

We cloned known ITS sequences from 26 cultures from the CFMR culture collection that
varied in length (237-548 bp), ranged in GC content (43.8-68.4%), and contained
sequences with homopolymer stretches with one sequence containing two 9 bp stretches.
These plasmids were combined into BioMock and BioMock-standards as described in
materials and methods section. The value of the BioMock-standards is that the library
was combined after PCR, and thus the standards are free from PCR-induced artifacts that
may arise from PCR amplification of a mixed community. Clustering amplicons into
OTUs is common practice in molecular ecology and there are many software
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solutions/algorithms (such as QIIME (Caporaso et al., 2010), UPARSE (Edgar, 2013),
Mothur (Schloss et al., 2009), and DADA2 (Callahan et al., 2016)) that have been
developed to deal appropriately with errors associated with NGS platforms. Many studies
using 16S amplicon data have focused on comparing clustering methods (Callahan et al.,
2016; Edgar, 2013), while others have focused on quality filtering reads prior to clustering
(Edgar & Flyvbjerg, 2015). At the time these data were generated (2014-2015), there
were very few options for pre-processing data from the Ion Torrent platform; thus we used
the compatible 454 method in QIIME v1.9 to de-multiplex the sequencing data
(minimum length = 100, maximum length = 550, maximum length homopolymers = 10,
maximum primer mismatch = 2). These data were then clustered using UCLUST,
SWARM, and USEARCH in QIIME v1.9 as well as UPARSE (usearch v7.0.1090). However
the number of OTUs was highly over-estimated for our mock communities and the error
rates were very high (Table S2). The best performing clustering pipeline was UPARSE;
however the number of OTUs predicted for the 12 member SynMock was unacceptably
high, resulting in 82 OTUs with the Ion Torrent PGM data while the 38 OTUs for Illumina
MiSeq data were slightly more accurate (Table S2). Based on advances in the UPARSE
pipeline and the importance of quality trimming outlined by Edgar ¢ Flyvbjerg (2015),
we speculated that these high error rates and inflated OTU counts could be due to the
pre-processing of reads (finding barcodes/primers and quality trimming the sequence
data) allowing errors in the data. We were unable to run our data through Mothur due to
the inability to do a multiple sequence alignment and subsequent distance matrix of
the ITS region. It is important to note that with the exception of USEARCH/UPARSE,
these software solutions have been built with 16S amplicons in mind and several have been
optimized for Illumina data.

One major difference in 16S amplicons versus those of ITS1/ITS2 is that the lengths of
16S amplicons are nearly identical, while ITS1/ITS2 amplicons vary in length (Fig. 1B).
The variable length coupled with sequence divergence of the ITS region between
diverse taxa, makes the ITS region impossible to align in many cases (Schoch et al., 2012)
and thus represents a major limitation in data processing (i.e., sequence alignment is
required for default Mothur OTU clustering). To illustrate the importance of properly
pre-processing ITS data, we clustered the ITS1 and ITS2 regions using UPARSE while
using the full length ITS1/ITS2 UNITE reference database as a benchmark (Fig. 2). Using
the UNITE database, we then explored the outcome of trimming/truncating the sequences
to different length thresholds, a common practice in OTU clustering pipelines. The
UPARSE algorithm uses global alignment and as such terminal mismatches count in the
alignment (as opposed to local alignment where terminal mismatches are ignored); thus
the UPARSE pipeline expects that reads are truncated to a set length. The original
UPARSE algorithm achieves this by truncating all reads to a set length threshold and
discards reads that are shorter than the length threshold. Therefore real ITS sequences
are discarded (Fig. 2). We then came up with two potential solutions to fix this
unintended outcome: (i) truncate reads that were longer than the threshold and keep all
shorter reads (full length), and (ii) truncate longer reads and pad the shorter reads with
N’s out to the length threshold (padding). Using the UNITE v7.2 database of curated
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Figure 2 Pre-processing ITS sequences is critically important to accurately recover OTUs using the
curated UNITE v7.2 reference database. ITS1 and ITS2 sequences were extracted from the UNITE v7.2
general fasta release database using “AMPtk database.” Identical sequences were collapsed (dereplication)
and remaining sequences were clustering using UPARSE (“cluster_otus”) to generate the total number of
UPARSE OTUs expected for the (A) ITS1 and (B) ITS2 regions. The data was then processed to five
different lengths (150, 200, 250, 300, and 350 bp) and then clustered (UPARSE “cluster_otus”) using (i)
default UPARSE truncation (longer sequences are truncated and shorter sequences are discarded), (ii)
padding with ambiguous bases (longer sequences truncated and shorter sequences padded with N’s to
length threshold), and (iii) full-length sequences (longer sequences are truncated and shorter sequences
are retained if reverse primer is found). Full-length and padding pre-processing sequences outperforms
default UPARSE truncation. Full-size K&] DOT: 10.7717/peerj.4925/fig-2

sequences (general release June 28th, 2017) as input, both “full-length” and “padding”
improved UPARSE results with the “full length” method recovering more than 99%
of the expected OTUs (Fig. 2). It should be noted that the recent version of USEARCH
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- DADA2: de-noising into inferred sequences

- UNOISEZ2/3: de-noising into inferred sequences
9. Reference chimera filtering (optional)
10. Map reads to OTUs and/or ASVs
11. Create OTU table Y,

amptk cluster
amptk dada2

amptk unoise2

amptk unoise3

~
12. Map OTUs/ASVs to mock community (optional)

13. Calculate index-switching rate between samples
14. Index-switching filter, remove counts below rate
15. Update FASTA OTUs/ASVs and OTU table

J

16. Pre-formatted databases for ITS, 16S, COIl, and LSU can\
be downloaded with ‘amptk install’

17. Assign taxonomy using “hybrid” approach

- Global alignment to reference DB

- UTAX Classifier based on trained DB

- SINTAX Classifier based on reference DB

- parse results and choose best taxonomy

18. Ouptut taxonomy, append to OTU table, create BIOM )

amptk SRA-submit amptk heatmap

Figure 3 Overview of the commands in AMPtk. AMPtk is built to be compatible with multiple
sequencing platforms as well as contains several clustering algorithms.
Full-size K&l DOI: 10.7717/peerj.4925/fig-3

amptk taxonomy

(versions >v8.0.1611) includes a similar method to allow reads to be padded with N’s out
to a user-defined length threshold (https://www.drive5.com/usearch/manual/cmd_fastx_
truncate.html).

Due to the intrinsic nature of the variable length ITS amplicons, we needed a data
processing solution that would be flexible enough to maintain the full length of the reads,
trim reads without data loss, prepare sequencing reads for downstream clustering
algorithms, handle a large number of sequences, and support all major NGS platforms.
Using the mock communities described herein as a means to validate the results of all data
processing steps, we wrote a flexible series of scripts for processing Illumina, Ion Torrent,
as well as Roche 454 data that are packaged into AMPtk (amplicon tool kit). A flow
diagram of AMPtk is illustrated in Fig. 3 and a more thorough description of AMPtk
is provided in the material and methods section. A manual for AMPtk is available at
http://amptk.readthedocs.io/en/latest/. After data are pre-processed with AMPtk via a
platform specific method, AMPtk then functions as a wrapper for several popular
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Table 2 Comparison of HTAS software pipelines on the Ion Torrent PGM sequencing platform.

Pipeline Total Reads SynMock SynMock BioMock BioMock Primer/adapter Run
OTUs in OTU OTUs error OTUs error contam.” (%) time (min)’
table (n=12) rate' (%) (n=23) rate' (%)
AMPtk (UPARSE) 901 1,830,315 30 (12) 0.099 30 (23) 0.057 0.00 17
USEARCH (UPARSE) 821 1,823,711 32 (11) 1.573 32 (23) 0.054 63.63 215
AMPtk (DADA2) 814 1,822,013 30 (12) 0.099 31 (23) 0.058 0.00 9
QIIME2 (DADA2) 277 676,282 8 (5) 2.276 21 (19) 0.043 97.11 41
Notes:

' Error rate is the percent of total mismatches/total number of nucleotides.
* Primers and adapter contamination was measured by using the “search_oligodb” method in USEARCH v10.0.240.
* Data were run using 10 cpus/threads on a Mac Pro OS 10.13.3 (12 core 2.4 GHz Intex Xeon processor with 64 GB of RAM).

algorithms including UPARSE, DADA2, UNOISE2, and UNOISE3. Data presented in
Fig. 2 were generated using AMPtk v1.0.1 while the rest of the data were generated using
AMPtk v1.2.1.

AMPik is a fast and accurate HTAS pipeline

Molecular ecology is a rapidly changing field because methods must keep pace with
technological advances in DNA sequencing. Therefore, we compared AMPtk to a handful
of currently popular HTAS software pipelines: QIIME2 (https://qiime2.org), USEARCH
(Edgar, 2013), and PIPITS v2.0 (Gweon Hyun et al., 2015). PIPITS is not a universal
HTAS pipeline as it only works with paired-end Illumina data; however, we included it
because it uses the ITSx software (Bengtsson-Palme et al., 2013) to extract the ITS region.
For analysis of the Ion Torrent PGM data AMPtk performed the best by recovering all
members of the SynMock and BioMock communities, combined with the lowest error
rate, the fastest run time (17 min), and the most read counts recovered in the OTU
table (Table 2). Both USEARCH and QIIME2 resulted in OTUs that contained either
primer or adapter sequence contamination, largely due to incomplete removal of the
reverse primer sequence (Table 2). A similar trend was found in processing the Illumina
MiSeq data; AMPtk recovered all members of the SynMock and BioMock communities,
had low error rates, and recovered the most read counts in the OTU table (Table 3).
USEARCH was slightly faster than AMPtk (55 vs 67 min, respectively), however, it had
high error rates for the SynMock community (1.047%) as well as missed a member of the
SynMock community (Table 3). The mock community members that were missed by
USEARCH or QIIME2 were those that were shorter amplicon sequences, i.e., both
pipelines missed mocké (ITS2 region is 161 bp). All pipelines produced more OTUs in
each mock community sample than were expected; some of these OTUs are a result of
tag-switching and a few others are chimeras that slip through the chimera detection
algorithms in UPARSE or DADA2. These OTUs can be filtered out of the dataset using the
“amptk filter” command, however, for transparency and to measure the pipeline
performance, the raw data are presented (Tables 2 and 3). PIPITS was unable to identify
any members of the SynMock community because the non-biological SynMock sequences
are not identified by ITSx and thus the SynMock cannot be processed by pipelines that
use ITSx as a method to pull out the ITS1 or ITS2 regions (Table 3).
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Table 3 Comparison of HTAS software pipelines on the Illumina MiSeq sequencing platform (2 x 300 bp).

Pipeline Total Readsin  SynMock SynMock BioMock BioMock Primer/adapter Run
OTUs OTU table OTUs (n=12) error rate’ (%) OTUs (n =23) error rate' (%) contam.” (%) time (min)®

AMPtk (UPARSE) 2,007 13,636,429 33 (12) 0.063 36 (23) 0.031 0.00 67
USEARCH (UPARSE®) 1,924 12,073,312 43 (11) 1.047 33 (23) 0.029 0.00 55

AMPtk (DADA2) 1,954 13,628,802 34 (12) 0.063 42 (23) 0.032 0.00 470
QIIME2 (DADA2) 786 8,522,714 16 (10) 1.186 29 (22) 0.901 53.43 269

PIPITS (ITSx) 2,784 9,798,280 20 (0) 100 48 (22) 0.744 0.00 1,108

Notes:

" Error rate is the percent of total mismatches/total number of nucleotides.
? Primers and adapter contamination was measured by using the “search_oligodb” method in USEARCH v10.0.240.

® Data were run using 10 cpus/threads on a Mac Pro OS 10.13.3 (12 core 2.4 GHz Intex Xeon processor with 64 GB of RAM).

* VSEARCH was used for dereplication (finding unique sequences), quality filtering, and constructing OTU table due to data being too large for 32-bit USEARCH10.

Read abundances do not represent community abundances:

PCR introduces bias

Next-generation sequencing platforms are quantitative if the library to be sequenced is
unbiased, as is typically the case with RNA-sequencing and whole genome sequencing
library prep protocols. However, PCR of mixed communities has long been shown to
introduce bias in NGS workflows (Aird et al., 2011; Kebschull ¢ Zador, 2015; Pinto &
Raskin, 2012) and use of 16S mock communities resulted in read abundance bias
(Bokulich et al., 2013; Edgar, 2017; Kozich et al., 2013). For HTAS this is an important
caveat, as molecular ecologists are interested in diversity metrics of environmental
communities as well as their relative abundance. Through the use of mock communities,
several studies have pointed out that read abundance from fungal HTAS are not
representative of relative biological abundance (Amend, Seifert ¢ Bruns, 2010; De Filippis
et al., 2017). However, it was recently reported that for a fungal ITS mock community of
eight members, abundances were meaningful (7aylor et al., 2016) and correlations
between template abundance and read abundance have been previously reported (Ihrmark
et al., 2012). Due to disagreements in the literature many studies use abundance-based
metrics to analyze HTAS, perhaps due to the unintended consequences of using
presence/absence metrics on data that suffer from tag-switching. We reasoned we

could investigate this issue using the ITS BioMock artificial community, which would not
suffer from bias associated with DNA extraction, ITS copy numbers, and intraspecific
variation. We compared the relative read abundances of BioMock-standards to three
different combinations of BioMock on both the Ton Torrent PGM and Illumina MiSeq
platforms (Fig. 4). The BioMock-standards consist of an equimolar mixture of 26 PCR
products thereby removing the PCR bias from mixed DNA samples, while the BioMock
communities consist of an equimolar mixture of 23 single-copy plasmids. These data
show that even in an extreme example of an equally mixed community of cloned ITS
sequences, read abundance does not represent actual abundance in the mock community
(Fig. 4). The majority of the bias is introduced at the initial PCR step, as the post-PCR
combined BioMock-standards result in a more equal distribution of reads, albeit not a
perfect distribution. We also tested PCR conditions, DNA concentrations, and sample
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Figure 4 Read abundance is an unreliable proxy for actual abundance within a mixed community. Using an equimolar mixture of cloned ITS
sequences in plasmid form (MockA, MockB1, MockB2) in comparison to equimolar mixture of individual PCR products (Stds) illustrates that the
initial PCR reaction during library preparation heavily biases the read abundance obtained after sequencing on both the Ton Torrent PGM and
Mumina MiSeq platforms. While read abundances are unreliable, all members of the mock community were recovered. MockA represents a
1:16,000 dilution and MockB1/MockB2 are replicates of a 1:32,000 dilution of the BioMock community. The Ion Torrent PGM platform has a
length threshold of approximately 450 bp; therefore longer amplicons like Wolfiporia cocos ITS2 sequence very poorly.
Full-size K&] DOT: 10.7717/peerj.4925/fig-4
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reproducibility on the Ion Torrent PGM and in all conditions tested we still observed
unequal read abundances (Fig. S1).

While the bias via PCR is consistent between sequencing platforms, there is no obvious
correlation between length of the read, GC content, nor stretches of homopolymers
affecting efficient PCR amplification. For example, Wolfiporia dilatophya (mock11)
contains no homopolymer stretches larger than 5, has GC distribution of 54.6%, and is
near the median in length, yet it does not PCR amplify well in the BioMock community
(Fig. 4). These data also show a size limitation in the Ion Torrent PGM workflow, as
Wolfiporia cocos (mock26) sequences very poorly due to its long ITS2 region of 548 bp
(Fig. 4). Three members of the original 26 members of the BioMock community were
dropped (mock24, mock25, mock26) due to persistent problems getting them to
amplify/sequence in repeated HTAS on the Ion Torrent platform (Fig. S1). While mock26
(W. cocos) was likely difficult to sequence due to its long size, mock24 and mock25
consistently failed to amplify in the equal mixture of plasmids for unknown reasons.

In HTAS experiments, considerable effort is made to try to sequence to an equal depth
for each sample. However, in practice this rarely works perfectly and thus a typical HTAS
dataset has a 2—4 x range in number of reads per sample. The depth of sequence range for
the HTAS runs presented here is within a range of 2x for each run and the smallest
number of reads per sample in any of our sequencing runs was nearly 60,000 (Table S5).
Unequal sequencing depth has been used as rationale for explaining the lack of correlation
between read abundance and actual abundance. Therefore, random subsampling of reads
in each sample prior to clustering (also called rarefying) has been widely used in the
literature, despite a compelling statistical argument that this method is flawed (McMurdie
& Holmes, 2014). Randomly subsampling reads for each sample using our BioMock
community yielded nearly identical read abundance biases (Fig. S2). Sequencing depth
has been shown to be an important variable for HTAS experiments (Smiith ¢ Peay, 2014),
therefore it has been recommended that a reads per sample cutoff be used with processing
environmental datasets (while each dataset is different and should be tested empirically,
typically we use 5,000-10,000 as a minimum number of reads per sample).

A non-biological synthetic mock community to measure
tag-switching among samples

Tag-switching is a phenomenon that has been described on Roche 454 platform (Carlsen
et al., 2012) as well as Illumina platforms (Kircher, Sawyer & Meyer, 2012; Wright &
Vetsigian, 2016). A consensus on a mechanism of tag-switching during the sequencing
run has yet to be reached. Tag-switching is a significant challenge to overcome as
sample crossover has the potential to over-estimate diversity and lead to inaccurate
representations of microbial communities, especially considering that read abundance is
an unreliable proxy for biological abundance (Fig. 4). Using our BioMock sequencing
results, we also discovered this phenomenon on both Ion Torrent and Illumina platforms.
We calculated the rate of tag-switching in our BioMock Ion Torrent sequencing run to
be 0.033% and on Illumina MiSeq between 0.233% and 0.264%. We also confirmed that
tag-switching was happening on the Illumina flow-cell by re-sequencing a subset of
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Figure 5 Schematic drawing of the 12-member non-biological synthetic mock community (SynMock). Conserved priming sites for either ITS1
or ITS2 amplicons are retained for versatility. The length distribution, GC content, and homopolymer stretches are representative of curated public
databases; however, the sequences are non-biological and thus not found in nature. Full-size K&l DOI: 10.7717/peerj.4925/fig-5

[lumina libraries that had shown high tag-switching on the first MiSeq flowcell that did
not contain the BioMock (Fig. S3). One problem that we noticed in measuring tag-
switching using a mock community of actual ITS sequences (BioMock) was that these
same taxa in the mock community could be present in environmental samples, which
would lead to inaccurate estimation of tag-switching. In our environmental data, it

was likely that at least one of the BioMock members was present in several of the
environmental samples, suggesting the calculated tag-switching could be over-estimated.
To overcome this problem, we designed a non-biological SynMock community
composed of ITS-like sequences that contained conserved priming sites (SSU and LSU
regions), ITS1 region, 5.8S region, and an ITS2 region (Fig. 5). We designed the ITS1 and
ITS2 portions of the sequences to be non-biological; that is, no similar sequences are
known to occur in nature (based on searches of known databases and based on the
infinitesimally low probability that a randomly generated sequence would match
something found in nature) and therefore these non-biological sequences can be used to
accurately track tag-switching in HTAS studies. Using the summary statistics from the
analysis of the UNITE reference database for guidance, we also varied the length, GC
content, and homopolymer stretches to be representative of real fungal ITS sequences.
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The SynMock was tested as a spike-in control on both the Ion Torrent and Illumina
MiSeq platforms. The raw data were processed using AMPtk and clustered using UPARSE.
These data illustrate that the synthetic sequences are able to be processed simultaneously
with real ITS sequences and provide a way to track the level of tag-switching between
multiplexed samples (Fig. 6). The increased benefit of being able to track the SynMock
sequences as they “bleed” out of the sample allows for a more accurate measurement of
tag-switching. Using default Illumina de-multiplexing (allowing one mismatch in the
index sequence), tag-switching using the SynMock community was 0.057% (Fig. 6C). To
determine if allowing mismatches in the index reads was increasing tag-switching, we
reprocessed the data with 0 mismatches and found that tag-switching was reduced to
0.036%. While tag-switching was reduced by nearly half, the tradeoff was that 0
mismatches resulted in approximately 10% fewer reads. For most datasets, a loss of
10% of the sequencing reads should not be problematic, especially if the benefit is to
reduce sample mis-assignment in the data. We noted that in our Illumina dual-indexing
library prep that there was increased tag-switching on samples that had a shared
reverse index (i7), suggesting that errors are increased at later stages of an Illumina
sequencing run (Fig. 6B). A similar pattern of increased tag-switching correlating with
relaxed primer mismatch settings was observed with Ion Torrent PGM data, although not
as drastic. Allowing one mismatch in the barcode resulted in 0.167% tag-switching while
allowing 0 mismatches in the barcode resulted in 0.156% tag-switching (Fig. 6C). While
these data would suggest that tag-switching is perhaps higher in Ion Torrent PGM
datasets, we have subsequently used the SynMock on more than 10 different HTAS Ion
Torrent PGM experiments and have since seen much lower levels of tag-switching,
occasionally approaching zero.

Many environmental samples can contain hundreds of taxa and thus a legitimate
concern is that the 12-member SynMock community does not represent a realistic
community in terms of diversity in a sample. To test if the SynMock was able to be
recovered in a more complex community, we mixed SynMock together with two
environmental samples that had more than 200 OTUs in previous sequencing runs. These
mixed samples show that SynMock could be recovered from a complex community and
the sequences behave like real ITS sequences (Fig. 6A). While many studies have set a read
count threshold to filter “noisy” data from OTU tables, this threshold has been typically
selected arbitrarily, i.e., OTUs with read counts less than 100 or less than 10% of the total,
etc. Use of the SynMock spike-in control allowed for data-driven thresholds to be
measured and moreover for the ability to filter the OTU table based on the calculated tag-
switching. The AMPtk filter command calculates tag-switching by mapping the OTUs to
the mock community and then provides a way to filter the OTU table based on this
calculated value. AMPtk filters across each OTU in the table such that if a read abundance
value for a particular sample is below the calculated tag-switching threshold it is converted
to zero, and therefore difficult to sequence or “low abundance” OTUs are not
indiscriminately dropped. Taken together, these data illustrate the utility of a non-
biological SynMock community in parameterizing data processing steps and importantly
providing a method in AMPtk to reduce tag-switching from HTAS datasets. AMPtk
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Figure 6 Tag-switching or sample mis-assignment occurs on both Ion Torrent PGM and Illumina Miseq. (A) Read counts from the SynMock
community run on the Ion Torrent PGM platform. SynMock reads can be found in environmental samples and reads from the environmental
samples are found in the SynMock sample. The data were processed allowing zero mismatches in the barcode sequence and there is no clear pattern
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still not sufficient to eliminate tag-switching. Full-size K&) DOT: 10.7717/peerj.4925/fig-6

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 19/27


http://dx.doi.org/10.7717/peerj.4925/fig-6
http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

provides an easy to use method to accurately process variable length amplicons, cluster
them into OTUs or denoise sequences, generate an OTU table, filter the OTU table for
tag-switching, and assign taxonomy.

DISCUSSION

Many HTAS studies have the goal of measuring and comparing biological diversity in
environmental samples; however, there are technical limitations that need to be
understood in order to reach justifiable conclusions. Mock communities and negative
controls have been shown to have great utility for HTAS studies, and expanding upon this
concept, we present a non-biological SynMock community of ITS-like sequences for use
as a technical spike-in control for fungal biodiversity studies. Additionally, we describe
AMPtk, a software tool kit for analyzing variable length amplicons such as the fungal ITS1
or ITS2 molecular barcodes. These two tools can be coupled together to validate data
processing pipelines and reduce tag-switching from OTU tables prior to downstream
community ecology analyses. The concept of a non-biological synthetic spike-in
control can be expanded to many different genes and organisms, as was recently described
for 16S for microbiome studies ( Tourlousse et al., 2017).

The ITS region is widely used as a molecular barcode in fungal biodiversity studies
as it is easy to amplify and public reference databases are robust. However, HTAS
with the ITS region presents some unique challenges due to variability in sequence
characteristics such as length and copy number. Most HTAS software development and
optimization has been focused on the 16S molecular barcode, a region that is near
uniform in length across prokaryotic taxa. Thus, there is a need for a software solution
that can more accurately account for variable length amplicons. We developed a single-
copy mock community based on cloned ITS sequences as a tool to validate and compare
different NGS platforms and data processing pipelines. Using an artificial single-copy
mock community of cloned ITS sequences in plasmids (BioMock), we determined that
the core clustering/denoising algorithms work for variable length amplicons; however,
pre-processing techniques widely used for uniform length amplicons introduce significant
error into the pipelines. Simplifying the pre-processing of sequencing reads (i.e.,
identifying unique sequence barcodes, removing forward/reverse primers, and trimming
reads to a uniform length without data loss) resulted in large improvement in downstream
OTU clustering. The pre-processing of reads prior to quality filtering is critical for variable
length amplicons and is implemented in AMPtk. It should be noted that we originally
developed AMPtk several years ago to address a need in pre-processing HTAS data from
the Ion Torrent platform, more recent versions of USEARCH have taken a similar
approach for pre-processing reads allowing for the ability to pad reads with N’s. However,
there is no documented method to remove reverse primers using USEARCH (v10.0.240).

Proper pre-processing of variable length amplicons improves clustering results
substantially. However, the BioMock results illustrated that read abundances obtained
from HTAS are not a reliable proxy for inferring biological abundance, demonstrating
additional assays such as qPCR or metagenomics are required to capture biological
abundance. Previous studies have tried to correct for relative abundance by normalization
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to rRNA copy numbers in 16S studies with minimal success (Edgar, 2017; Kembel et al.,
2012). However this is not something that is currently feasible for fungal HTAS due to lack
of knowledge in rRNA copy numbers. It has also been suggested that data transformations
(log, square-root, etc) can be used to reduce the effects of abundance bias prior to
downstream ecological analysis (Nguyen et al., 2015). While the data presented here do not
support using read abundance as a proxy for biological abundance in HTAS studies, it does
support use of presence/absence (binary) metrics as we were able to recover all members
of our mock community using AMPtk, even when they were spiked into a diverse
environmental sample. We identified the initial PCR reaction (library construction) as the
major source of read number bias, a conclusion consistent with the literature (Jusino et al.,
2017; Polz & Cavanaugh, 1998; Wu et al., 2010). To reduce PCR artifacts for any assay it is
generally accepted that one should use the fewest cycles possible, avoid samples with
low DNA quantity, and to use a proofreading polymerase (Oliver et al., 2015). We have tested
DNA concentration and PCR cycle numbers for HTAS library generation and subsequent
sequencing on the Ion Torrent PGM platform, and our results were consistent with these
general guidelines (Fig. S1). However, following these guidelines is not sufficient to reduce
the bias in read abundance from a mixed community from PCR. The Ion Torrent PGM
platform currently has an amplicon size limit of ~450 bp, and thus some very large
ITS sequences are difficult to sequence. However, there are only a small number of
known ITSI1 or ITS2 sequences that are longer than 450 bp (Table 1) and therefore either
platform, Ion Torrent or MiSeq, provided similar results under the conditions tested.
Tag-switching has recently been acknowledged by Illumina (https://tinyurl.com/
illumina-hopping), although they limit their acknowledgement to a new flow cell on the
HiSeq and NovaSeq platforms. Several studies have shown that older instruments/flow
cells have also shown tag-switching, albeit at a much lower rate (Kircher, Sawyer ¢» Meyer,
20125 Wright ¢ Vetsigian, 2016) and tag-switching has been identified on Roche 454
(Carlsen et al., 2012). A dual-indexing approach has been suggested to minimize the tag-
switching in datasets (Kozich et al., 2013), however the dual indexing strategy we used in this
manuscript was not sufficient to eliminate tag-switching. Tag-switching was much higher if
samples shared one of the two index sequences (Fig. 6B), suggesting that dual indexing
using unique sequences for every sample should further reduce the effects of tag-switching
on the Mllumina platform. Here we report a low rate of tag-switching on both Ion Torrent
and Illumina MiSeq platforms. While the effective rate of tag-switching is low (<0.2%),
coupled with the fact that read number is not a reliable proxy of community abundance,
tag-switching in datasets being analyzed by presence-absence metrics is a problematic
scenario. To identify and combat tag-switching, we created a non-biological SynMock
community (SynMock) of ITS-like sequences that behave like real ITS sequences during the
HTAS workflow. Because the SynMock sequences are not known to occur in nature, they
can be effectively used to measure tag-switching in a sequencing run.

CONCLUSION

We propose that HTAS studies of fungal ITS communities can be improved by employing
SynMock or a similar non-biological community as a technical control. Additional
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controls such as a BioMock or a community of mixed fruiting bodies, spores, hyphae, etc.
of taxa of interest are also useful if the experiment is designed to identify the prevalence of
particular taxa. The bioinformatics pipeline presented here, AMPtk, was developed to
specifically address the quality issues that we have identified by using spike-in mock
communities and to provide the scientific community with a necessary tool to study
fungal community diversity. AMPtk is a flexible solution that can be used to study other
regions used in HTAS, such as mitochondrial cytochrome oxidase 1 (mtCO1) of insects
and the LSU of the rRNA array. The goal of AMPtk is to reduce data processing to a few
simple steps and to improve the output of HTAS studies. Due to the inherent properties of
HTAS and the ITS molecular barcode, we take the position that studies of this nature
should be used as a preliminary survey of taxa present in an ecosystem and that inferring
relative abundance from read numbers should be avoided. To understand relative
abundance of particular taxa in a community, sequence data from HTAS studies should be
coupled with independent assays such as taxa specific qPCR or digital PCR would allow
for relative abundance determinations. However as DNA sequencing continues to become
more cost effective, relative abundance in fungal community ecology experiments can be
obtained using metagenomics.

ACKNOWLEDGEMENTS

We sincerely thank Rita Rentmeester for assisting with the growth of some the cultures
used to create the biological mock community.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

Funding was provided by the USDA Forest Service, Northern Research Station. The
funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

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

Author Contributions

e Jonathan M. Palmer conceived and designed the experiments, performed the
experiments, analyzed the data, prepared figures and/or tables, authored or reviewed
drafts of the paper, approved the final draft.

e Michelle A. Jusino conceived and designed the experiments, performed the
experiments, authored or reviewed drafts of the paper, approved the final draft.

e Mark T. Banik conceived and designed the experiments, performed the experiments,
authored or reviewed drafts of the paper, approved the final draft.

e Daniel L. Lindner conceived and designed the experiments, contributed reagents/

materials/analysis tools, authored or reviewed drafts of the paper, approved the
final draft.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 22/27


http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

DNA Deposition

The following information was supplied regarding the deposition of DNA sequences:
Raw sequencing reads and data processing scripts are available at the Open Science

Framework: Palmer, Jonathan. 2018. “AMPtk.” Open Science Framework. https://osf.io/

4xd9r. Sequencing data is also available at NCBI Small Read Archive under the SRP144513

accession under the BioProject PRJINA305924.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/
10.7717/peerj.4925#supplemental-information.

REFERENCES

Abarenkov K, Henrik Nilsson R, Larsson K-H, Alexander IJ, Eberhardt U, Erland S, Heiland K,
Kjoller R, Larsson E, Pennanen T, Sen R, Taylor AFS, Tedersoo L, Ursing BM, Vralstad T,
Liimatainen K, Peintner U, Kéljalg U. 2010. The UNITE database for molecular identification
of fungi—recent updates and future perspectives. New Phytologist 186(2):281-285
DOI 10.1111/j.1469-8137.2009.03160.x.

Aird D, Ross MG, Chen W-S, Danielsson M, Fennell T, Russ C, Jaffe DB, Nusbaum C, Gnirke A.
2011. Analyzing and minimizing PCR amplification bias in Illumina sequencing libraries.
Genome Biology 12(2):R18 DOI 10.1186/gb-2011-12-2-r18.

Amend AS, Seifert KA, Bruns TD. 2010. Quantifying microbial communities with 454
pyrosequencing: does read abundance count? Molecular Ecology 19(24):5555-5565
DOI 10.1111/j.1365-294X.2010.04898.x.

Bengtsson-Palme J, Ryberg M, Hartmann M, Branco S, Wang Z, Godhe A, Wit P,
Sanchez-Garcia M, Ebersberger I, Sousa F, Amend A, Jumpponen A, Unterseher M,
Kristiansson E, Abarenkov K, Bertrand YJK, Sanli K, Eriksson KM, Vik U, Veldre V,
Nilsson RH. 2013. 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 in Ecology and Evolution 4(10):914-919
DOI 10.1111/2041-210X.12073.

Bokulich NA, Subramanian S, Faith JJ, Gevers D, Gordon JI, Knight R, Mills DA, Caporaso JG.
2013. Quality-filtering vastly improves diversity estimates from Illumina amplicon sequencing.
Nature Methods 10(1):57-59 DOI 10.1038/nmeth.2276.

Callahan BJ, McMurdie PJ, Rosen MJ, Han AW, Johnson AJA, Holmes SP. 2016. DADA2: high-
resolution sample inference from Illumina amplicon data. Nature Methods 13(7):581-583
DOI 10.1038/nmeth.3869.

Caporaso JG, Kuczynski J, Stombaugh J, Bittinger K, Bushman FD, Costello EK, Fierer N, Pefia AG,
Goodrich JK, Gordon JI, Huttley GA, Kelley ST, Knights D, Koenig JE, Ley RE, Lozupone CA,
McDonald D, Muegge BD, Pirrung M, Reeder J, Sevinsky JR, Turnbaugh PJ, Walters WA,
Widmann J, Yatsunenko T, Zaneveld J, Knight R. 2010. QIIME allows analysis of high-
throughput community sequencing data. Nature Methods 7(5):335-336
DOI 10.1038/nmeth.f.303.

Carlsen T, Aas AB, Lindner D, Vralstad T, Schumacher T, Kauserud H. 2012. Don’t make a
mista(g)ke: is tag switching an overlooked source of error in amplicon pyrosequencing
studies? Fungal Ecology 5(6):747-749 DOI 10.1016/j.funeco.2012.06.003.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 23/27


https://osf.io/4xd9r
https://osf.io/4xd9r
https://www.ncbi.nlm.nih.gov/sra/?term=SRP144513
https://www.ncbi.nlm.nih.gov/bioproject/?term=PRJNA305924
http://dx.doi.org/10.7717/peerj.4925#supplemental-information
http://dx.doi.org/10.7717/peerj.4925#supplemental-information
http://dx.doi.org/10.1111/j.1469-8137.2009.03160.x
http://dx.doi.org/10.1186/gb-2011-12-2-r18
http://dx.doi.org/10.1111/j.1365-294X.2010.04898.x
http://dx.doi.org/10.1111/2041-210X.12073
http://dx.doi.org/10.1038/nmeth.2276
http://dx.doi.org/10.1038/nmeth.3869
http://dx.doi.org/10.1038/nmeth.f.303
http://dx.doi.org/10.1016/j.funeco.2012.06.003
http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

Cock PJA, Antao T, Chang JT, Chapman BA, Cox CJ, Dalke A, Friedberg I, Hamelryck T,
Kauff F, Wilczynski B, de Hoon MJL. 2009. Biopython: freely available Python tools for
computational molecular biology and bioinformatics. Bioinformatics 25(11):1422—-1423
DOI 10.1093/bioinformatics/btp163.

De Filippis F, Laiola M, Blaiotta G, Ercolini D. 2017. Different amplicon targets for sequencing-
based studies of fungal diversity. Applied and Environmental Microbiology 83(17):¢00905-17
DOI 10.1128/AEM.00905-17.

Degnan PH, Ochman H. 2012. Illumina-based analysis of microbial community diversity. ISME
Journal 6(1):183—-194 DOI 10.1038/ismej.2011.74.

Edgar RC. 2010. Search and clustering orders of magnitude faster than BLAST. Bioinformatics
26(19):2460-2461 DOI 10.1093/bioinformatics/btq461.

Edgar RC. 2013. UPARSE: highly accurate OTU sequences from microbial amplicon reads. Nature
Methods 10(10):996-998 DOI 10.1038/nmeth.2604.

Edgar R. 2016. SINTAX: a simple non-Bayesian taxonomy classifier for 16S and ITS sequences.
bioRxiv 074161 DOI 10.1101/074161.

Edgar RC. 2017. UNBIAS: an attempt to correct abundance bias in 16S sequencing, with limited
success. bioRxiv 124149 DOI 10.1101/124149.

Edgar RC, Flyvbjerg H. 2015. Error filtering, pair assembly and error correction for next-
generation sequencing reads. Bioinformatics 31(21):3476-3482
DOI 10.1093/bioinformatics/btv401.

Ganley ARD, Kobayashi T. 2007. Highly efficient concerted evolution in the ribosomal DNA
repeats: total rDNA repeat variation revealed by whole-genome shotgun sequence data. Genome
Research 17(2):184-191 DOI 10.1101/gr.5457707.

Gardes M, Bruns T. 1993. ITS primers with enhanced specificity for basidiomycetes—application
to the identification of mycorrhizae and rusts. Molecular Ecology 2(2):113-118
DOI 10.1111/j.1365-294x.1993.tb00005.x.

Gweon Hyun S, Oliver A, Taylor J, Booth T, Gibbs M, Read Daniel S, Griffiths Robert I,
Schonrogge K. 2015. PIPITS: an automated pipeline for analyses of fungal internal transcribed
spacer sequences from the Illumina sequencing platform. Methods in Ecology and Evolution
6(8):973-980 DOI 10.1111/2041-210X.12399.

Hart Miranda M, Aleklett K, Chagnon PL, Egan C, Ghignone S, Helgason T, Lekberg Y, Opik M,
Pickles Brian J, Waller L. 2015. Navigating the labyrinth: a guide to sequence-based,
community ecology of arbuscular mycorrhizal fungi. New Phytologist 207(1):235-247
DOI 10.1111/nph.13340.

Hunter JD. 2007. Matplotlib: a 2D graphics environment. Computing in Science & Engineering
9(3):90-95 DOI 10.1109/MCSE.2007.55.

Ihrmark K, Bodeker IT, Cruz-Martinez K, Friberg H, Kubartova A, Schenck J, Strid Y, Stenlid J,
Brandstrom-Durling M, Clemmensen KE, Lindahl BD. 2012. New primers to amplify the
fungal ITS2 region—evaluation by 454-sequencing of artificial and natural communities. FEMS
Microbiology Ecology 82(3):666—677 DOI 10.1111/j.1574-6941.2012.01437.x.

James TY, Marino JA, Perfecto I, Vandermeer J. 2016. Identification of putative coffee rust
mycoparasites via single-molecule DNA sequencing of infected pustules. Applied and
Environmental Microbiology 82(2):631-639 DOI 10.1128/AEM.02639-15.

Jari O, Blanchet FG, Michael F, Roeland K, Pierre L, Dan M, Peter RM, Hara RBO, Gavin LS,
Peter S, Stevens MHH, Eduard S, Helene W. 2017. Vegan: Community Ecology Package.
Available at https://cran.r-project.org/web/packages/vegan/.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 24/27


http://dx.doi.org/10.1093/bioinformatics/btp163
http://dx.doi.org/10.1128/AEM.00905-17
http://dx.doi.org/10.1038/ismej.2011.74
http://dx.doi.org/10.1093/bioinformatics/btq461
http://dx.doi.org/10.1038/nmeth.2604
http://dx.doi.org/10.1101/074161
http://dx.doi.org/10.1101/124149
http://dx.doi.org/10.1093/bioinformatics/btv401
http://dx.doi.org/10.1101/gr.5457707
http://dx.doi.org/10.1111/j.1365-294x.1993.tb00005.x
http://dx.doi.org/10.1111/2041-210X.12399
http://dx.doi.org/10.1111/nph.13340
http://dx.doi.org/10.1109/MCSE.2007.55
http://dx.doi.org/10.1111/j.1574-6941.2012.01437.x
http://dx.doi.org/10.1128/AEM.02639-15
https://cran.r-project.org/web/packages/vegan/
http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

Jusino M, Banik M, Palmer J, Wray A, Xiao L, Pelton E, Barber J, Kawahara A, Gratton C, Peery M,
Lindner D. 2017. An improved method for utilizing high-throughput amplicon sequencing to
determine the diets of insectivorous animals. Peer] Preprints 5:e3184v1
DOI 10.7287/peerj.preprints.3184v1.

Kebschull JM, Zador AM. 2015. Sources of PCR-induced distortions in high-throughput
sequencing data sets. Nucleic Acids Research 43(21):e143 DOI 10.1093/nar/gkv717.

Kembel SW, Wu M, Eisen JA, Green JL. 2012. Incorporating 16S gene copy number information
improves estimates of microbial diversity and abundance. PLOS Computational Biology 8(10):
€1002743 DOI 10.1371/journal.pcbi.1002743.

Kennedy PG, Cline LC, Song Z. 2018. Probing promise versus performance in longer read fungal
metabarcoding. New Phytologist 217(3):973-976 DOI 10.1111/nph.14883.

Kircher M, Heyn P, Kelso J. 2011. Addressing challenges in the production and analysis of
Mumina sequencing data. BMC Genomics 12(1):382 DOI 10.1186/1471-2164-12-382.

Kircher M, Sawyer S, Meyer M. 2012. Double indexing overcomes inaccuracies in multiplex
sequencing on the Illumina platform. Nucleic Acids Research 40(1):e3 DOI 10.1093/nar/gkr771.

Kozich JJ, Westcott SL, Baxter N'T, Highlander SK, Schloss PD. 2013. Development of a
dual-index sequencing strategy and curation pipeline for analyzing amplicon sequence data
on the MiSeq Illumina sequencing platform. Applied and Environmental Microbiology
79(17):5112-5120 DOI 10.1128/AEM.01043-13.

Lindner DL, Banik MT. 2008. Molecular phylogeny of Laetiporus and other brown rot polypore
genera in North America. Mycologia 100(3):417—-430 DOI 10.3852/07-124r2.

Lindner DL, Banik MT. 2011. Intragenomic variation in the ITS rDNA region obscures
phylogenetic relationships and inflates estimates of operational taxonomic units in genus
Laetiporus. Mycologia 103(4):731-740 DOI 10.3852/10-331.

McDonald D, Clemente JC, Kuczynski J, Rideout JR, Stombaugh J, Wendel D, Wilke A, Huse S,
Hufnagle ], Meyer F, Knight R, Caporaso JG. 2012. The biological observation matrix (BIOM)
format or: how I learned to stop worrying and love the ome-ome. GigaScience 1(1):7
DOI 10.1186/2047-217X-1-7.

McKinney W. 2010. Data structures for statistical computing in Python. In: Proceedings of the 9th
Python in Science Conference, 51-56. Available at https://conference.scipy.org/proceedings/
scipy2010/pdfs/mckinney.pdf.

McMurdie PJ, Holmes S. 2013. phyloseq: an R package for reproducible interactive
analysis and graphics of microbiome census data. PLOS ONE 8(4):e61217
DOI 10.1371/journal.pone.0061217.

McMurdie PJ, Holmes S. 2014. Waste not, want not: why rarefying microbiome data is
inadmissible. PLOS Computational Biology 10(4):e1003531 DOI 10.1371/journal.pcbi.1003531.

Morgan M, Anders S, Lawrence M, Aboyoun P, Pages H, Gentleman R. 2009. ShortRead: a
bioconductor package for input, quality assessment and exploration of high-throughput
sequence data. Bioinformatics 25(19):2607-2608 DOI 10.1093/bioinformatics/btp450.

Nguyen NH, Smith D, Peay K, Kennedy P. 2015. Parsing ecological signal from noise in next
generation amplicon sequencing. New Phytologist 205(4):1389-1393 DOI 10.1111/nph.12923.

Nguyen NH, Song Z, Bates ST, Branco S, Tedersoo L, Menke J, Schilling JS, Kennedy PG. 2016.
FUNGuild: an open annotation tool for parsing fungal community datasets by ecological guild.
Fungal Ecology 20:241-248 DOI 10.1016/j.funeco.2015.06.006.

Oliver AK, Brown SP, Callaham MA, Jumpponen A. 2015. Polymerase matters: non-
proofreading enzymes inflate fungal community richness estimates by up to 15%. Fungal
Ecology 15:86-89 DOI 10.1016/j.funeco.2015.03.003.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 25/27


http://dx.doi.org/10.7287/peerj.preprints.3184v1
http://dx.doi.org/10.1093/nar/gkv717
http://dx.doi.org/10.1371/journal.pcbi.1002743
http://dx.doi.org/10.1111/nph.14883
http://dx.doi.org/10.1186/1471-2164-12-382
http://dx.doi.org/10.1093/nar/gkr771
http://dx.doi.org/10.1128/AEM.01043-13
http://dx.doi.org/10.3852/07-124r2
http://dx.doi.org/10.3852/10-331
http://dx.doi.org/10.1186/2047-217X-1-7
https://conference.scipy.org/proceedings/scipy2010/pdfs/mckinney.pdf
https://conference.scipy.org/proceedings/scipy2010/pdfs/mckinney.pdf
http://dx.doi.org/10.1371/journal.pone.0061217
http://dx.doi.org/10.1371/journal.pcbi.1003531
http://dx.doi.org/10.1093/bioinformatics/btp450
http://dx.doi.org/10.1111/nph.12923
http://dx.doi.org/10.1016/j.funeco.2015.06.006
http://dx.doi.org/10.1016/j.funeco.2015.03.003
http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

Philippe E, Lejzerowicz F, Pawlowski J. 2015. Accurate multiplexing and filtering for high-throughput
amplicon-sequencing. Nucleic Acids Research 43(5):2513-2524 DOI 10.1093/nar/gkv107.

Pinto AJ, Raskin L. 2012. PCR biases distort bacterial and archaeal community structure in
pyrosequencing datasets. PLOS ONE 7(8):e43093 DOI 10.1371/journal.pone.0043093.

Polz MF, Cavanaugh CM. 1998. Bias in template-to-product ratios in multitemplate PCR. Applied
and Environmental Microbiology 64:3724-3730.

Quast C, Pruesse E, Yilmaz P, Gerken J, Schweer T, Yarza P, Peplies J, Glockner FO. 2013. The
SILVA ribosomal RNA gene database project: improved data processing and web-based tools.
Nucleic Acids Research 41(D1):D590-D596 DOI 10.1093/nar/gks1219.

Rognes T, Flouri T, Nichols B, Quince C, Mahé F. 2016. VSEARCH: a versatile open source tool
for metagenomics. Peer] 4:¢2584 DOI 10.7717/peerj.2584.

Roper M, Ellison C, Taylor JW, Glass NL. 2011. Nuclear and genome dynamics in multinucleate
ascomycete fungi. Current Biology 21(18):R786-R793 DOI 10.1016/j.cub.2011.06.042.

Schloss PD, Westcott SL, Ryabin T, Hall JR, Hartmann M, Hollister EB, Lesniewski RA, Oakley BB,
Parks DH, Robinson CJ, Sahl JW, Stres B, Thallinger GG, Van Horn D], Weber CF. 2009.
Introducing mothur: open-source, platform-independent, community-supported software for
describing and comparing microbial communities. Applied and Environmental Microbiology
75(23):7537-7541 DOI 10.1128/AEM.01541-09.

Schnell IB, Bohmann K, Gilbert MTP. 2015. Tag jumps illuminated—reducing sequence-to-
sample misidentifications in metabarcoding studies. Molecular Ecology Resources 15(6):1289—
1303 DOI 10.1111/1755-0998.12402.

Schoch CL, Robbertse B, Robert V, Vu D, Cardinali G, Irinyi L, Meyer W, Nilsson RH, Hughes K,
Miller AN, Kirk PM, Abarenkov K, Aime MC, Ariyawansa HA, Bidartondo M, Boekhout T,
Buyck B, Cai Q, Chen J, Crespo A, Crous PW, Damm U, De Beer ZW, Dentinger BTM,
Divakar PK, Duenas M, Feau N, Fliegerova K, Garcia MA, Ge Z-W, Griffith GW, Groenewald
JZ, Groenewald M, Grube M, Gryzenhout M, Gueidan C, Guo L, Hambleton S, Hamelin R,
Hansen K, Hofstetter V, Hong S-B, Houbraken J, Hyde KD, Inderbitzin P, Johnston PR,
Karunarathna SC, Koljalg U, Kovacs GM, Kraichak E, Krizsan K, Kurtzman CP, Larsson K-H,
Leavitt S, Letcher PM, Liimatainen K, Liu J-K, Lodge DJ, Luangsa-ard JJ, Lumbsch HT,
Maharachchikumbura SSN, Manamgoda D, Martin MP, Minnis AM, Moncalvo J-M, Mule G,
Nakasone KK, Niskanen T, Olariaga I, Papp T, Petkovits T, Pino-Bodas R, Powell MJ, Raja HA,
Redecker D, Sarmiento-Ramirez JM, Seifert KA, Shrestha B, Stenroos S, Stielow B, Suh S-O,
Tanaka K, Tedersoo L, Telleria MT, Udayanga D, Untereiner WA, Diéguez Uribeondo J,
Subbarao KV, Vagvolgyi C, Visagie C, Voigt K, Walker DM, Weir BS, Weiss M,
Wijayawardene NN, Wingfield MJ, Xu JP, Yang ZL, Zhang N, Zhuang W-Y, Federhen S. 2014.
Finding needles in haystacks: linking scientific names, reference specimens and molecular data
for Fungi. Database 2014:bau061 DOI 10.1093/database/bau061.

Schoch CL, Seifert KA, Huhndorf S, Robert V, Spouge JL, Levesque CA, Chen W, Bolchacova E,
Voigt K, Crous PW. 2012. Nuclear ribosomal internal transcribed spacer (ITS) region as a
universal DNA barcode marker for Fungi. Proceedings of the National Academy of Sciences of the
United States of America 109(16):6241-6246 DOI 10.3410/£.717955047.793460391.

Simon UK, Weiss M. 2008. Intragenomic variation of fungal ribosomal genes is higher
than previously thought. Molecular Biology and Evolution 25(11):2251-2254
DOI 10.1093/molbev/msn188.

Smith DP, Peay KG. 2014. Sequence depth, not PCR replication, improves ecological
inference from next generation DNA sequencing. PLOS ONE 9(2):e90234
DOI 10.1371/journal.pone.0090234.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 26/27


http://dx.doi.org/10.1093/nar/gkv107
http://dx.doi.org/10.1371/journal.pone.0043093
http://dx.doi.org/10.1093/nar/gks1219
http://dx.doi.org/10.7717/peerj.2584
http://dx.doi.org/10.1016/j.cub.2011.06.042
http://dx.doi.org/10.1128/AEM.01541-09
http://dx.doi.org/10.1111/1755-0998.12402
http://dx.doi.org/10.1093/database/bau061
http://dx.doi.org/10.3410/f.717955047.793460391
http://dx.doi.org/10.1093/molbev/msn188
http://dx.doi.org/10.1371/journal.pone.0090234
http://dx.doi.org/10.7717/peerj.4925
https://peerj.com/

Peer/

Sosic M, Sikic M. 2017. Edlib: a C/C ++ library for fast, exact sequence alignment using edit
distance. Bioinformatics 33(9):1394—-1395 DOI 10.1093/bioinformatics/btw753.

Taylor DL, Walters WA, Lennon NJ, Bochicchio J, Krohn A, Caporaso JG, Pennanen T. 2016.
Accurate estimation of fungal diversity and abundance through improved lineage-specific
primers optimized for Illumina amplicon sequencing. Applied and Environmental Microbiology
82(24):7217-7226 DOI 10.1128/AEM.02576-16.

Tedersoo L, Tooming-Klunderud A, Anslan S. 2018. PacBio metabarcoding of Fungi and
other eukaryotes: errors, biases and perspectives. New Phytologist 217(3):1370-1385
DOI 10.1111/nph.14776.

Tonge DP, Pashley CH, Gant TW. 2014. Amplicon—based metagenomic analysis of mixed
fungal samples using proton release amplicon sequencing. PLOS ONE 9(4):€93849
DOI 10.1371/journal.pone.0093849.

Tourlousse DM, Yoshiike S, Ohashi A, Matsukura S, Noda N, Sekiguchi Y. 2017. Synthetic spike-
in standards for high-throughput 16S rRNA gene amplicon sequencing. Nucleic Acids Research
45(4):e23 DOI 10.1093/nar/gkw984.

van der Walt S, Colbert SC, Varoquaux Gl. 2011. The NumPy array: a structure for
efficient numerical computation. Computing in Science ¢ Engineering 13(2):22-30
DOI 10.1109/MCSE.2011.37.

Vesty A, Biswas K, Taylor MW, Gear K, Douglas RG. 2017. Evaluating the impact of DNA
extraction method on the representation of human oral bacterial and fungal communities.
PLOS ONE 12(1):e0169877 DOI 10.1371/journal.pone.0169877.

Wang Q, Garrity GM, Tiedje JM, Cole JR. 2007. Naive Bayesian classifier for rapid assignment of
rRNA sequences into the new bacterial taxonomy. Applied and Environmental Microbiology
73(16):5261-5267 DOI 10.1128/AEM.00062-07.

Wang X-C, Liu C, Huang L, Bengtsson-Palme J, Chen H, Zhang JH, Cai D, Li JQ. 2015. ITSI: a
DNA barcode better than ITS2 in eukaryotes? Molecular Ecology Resources 15(3):573-586
DOI 10.1111/1755-0998.12325.

White T, Bruns TD, Lee S, Taylor J. 1990. Amplification and direct sequencing of
fungal ribosomal RNA genes for phylogenetics. In: PCR Protocols: A Guide to Methods and
Applications. New York: Academic Press, 315-322.

Wright ES, Vetsigian KH. 2016. Quality filtering of Illumina index reads mitigates sample cross-
talk. BMC Genomics 17(1):876 DOI 10.1186/s12864-016-3217-x.

Wu J-Y, Jiang X-T, Jiang Y-X, Lu S-Y, Zou F, Zhou H-W. 2010. Effects of polymerase, template
dilution and cycle number on PCR based 16 S rRNA diversity analysis using the deep
sequencing method. BMC Microbiology 10(1):255 DOI 10.1186/1471-2180-10-255.

Palmer et al. (2018), PeerdJ, DOI 10.7717/peerj.4925 27/27


http://dx.doi.org/10.1093/bioinformatics/btw753
http://dx.doi.org/10.1128/AEM.02576-16
http://dx.doi.org/10.1111/nph.14776
http://dx.doi.org/10.1371/journal.pone.0093849
http://dx.doi.org/10.1093/nar/gkw984
http://dx.doi.org/10.1109/MCSE.2011.37
http://dx.doi.org/10.1371/journal.pone.0169877
http://dx.doi.org/10.1128/AEM.00062-07
http://dx.doi.org/10.1111/1755-0998.12325
http://dx.doi.org/10.1186/s12864-016-3217-x
http://dx.doi.org/10.1186/1471-2180-10-255
https://peerj.com/
http://dx.doi.org/10.7717/peerj.4925

	Non-biological synthetic spike-in controls and the AMPtk software pipeline improve mycobiome data
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusion
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


