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Abstract. To capture the complexity of fungal communities, microbial ecologists must often resort to ampli-
con sequencing. Amplicon sequences are obtained from the nuclear ribosomal internal transcribed spacer (ITS),
which is currently used as a marker for fungal taxonomic identity. Raw amplicon sequences are analysed using ei-
ther amplicon sequence variants (ASVs) or operational taxonomic units (OTUs). However, these two approaches
are conceptually different, and there is disagreement over which is more suitable for fungal sequence data.

In order to address this problem, we used published fungal genomes to simulate amplicon sequencing of the
ITS1 and ITS2 regions of fungal communities with diversity spanning 50 to 800 strains. These data were then
analysed via six pipelines with differences at key steps in read processing and ASV/OTU retrieval. In addition,
we confirmed the results with sequencing data from a previously published 189-strain mock community.

Our results show that the choice between ASV and OTU has only a minor effect on the end result and that the
most important step in the analysis pipeline is the extraction of the ITS region from the short-read sequences.
Moreover, we recommend sequencing with as large a library size as possible, joining the reads to perform ITS
extraction and then clustering the sequences into OTUs. We hope that this will help microbial ecologists choose
the most appropriate approach to answer their specific questions.

1 Introduction

Due to the difficulty in culturing many microbial species,
fungal communities are often studied through the amplifica-
tion and sequencing of specific, carefully selected stretches
of DNA, i.e. barcodes. This sidesteps the problems of cul-
turing microbes but brings its own challenges, such as iden-
tifying which amplicons come from which species – a task
made more difficult by the multiple copies and the intraspe-
cific variation in markers, such as the ITS region (Lofgren et
al., 2019).

Operational taxonomic units (OTUs) group sequences to-
gether at a specified similarity threshold in order to approxi-
mate fungal species (Kauserud, 2023). OTUs are retrieved by
clustering sequences via similarity, traditionally using 97 %
similarity as a threshold (Tedersoo et al., 2022). While this is
adequate for most taxa (Blaalid et al., 2013), it is unsuitable
for many others (Nilsson et al., 2008).

A more recent approach is given by amplicon sequence
variants (ASVs). ASVs do not cluster by similarity but use
statistical tools to correct for sequencing errors, i.e. a pro-
cess called denoising, to identify the true sequence for each
read (Callahan et al., 2016, 2017). While DADA2’s ASVs
are widely used, there are conceptually similar methods with
different names, such as UNOISE2’s zero-radius OTUs (zO-
TUs; Edgar, 2016). The main differences between OTUs and
ASVs are the following: (1) ASVs are supposed to represent
actual biological sequences, whereas OTUs are clusters of
similar sequences; (2) ASVs can be directly compared be-
tween studies that use the same workflow, whereas OTUs are
study-specific; and (3) ASVs can resolve single base-pair se-
quence differences, whereas OTU resolution varies depend-
ing on the threshold and read composition.

Studies have shown no difference when analysing bacte-
rial 16S ASVs or OTUs at the family level (García-López
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et al., 2021), and broad-scale ecological conclusions remain
valid whether using OTUs or ASVs for both 16S and ITS
amplicons (Glassman and Martiny, 2018; García-López et
al., 2021; Rzehak et al., 2024). However, there are concerns
that fungal ASVs will over-inflate alpha diversity due to high
copy numbers of ribosomal DNA and intraspecific sequence
variation (Tedersoo et al., 2022; Kauserud, 2023). While this
has been demonstrated on some small datasets (Estensmo et
al., 2021), larger comparisons have concluded that ASVs out-
perform OTUs for fungal datasets and that it is OTUs that re-
sult in exaggerated alpha diversity due to the number of false
positives (Pauvert et al., 2019; Joos et al., 2020). For exam-
ple, Pauvert et al. (2019) found that OTU-based approaches
identified between 577 and 1413 OTUs for a community of
only 189 fungal species. However, see Glassman and Martiny
(2018) for a contradictory result. Finally, the higher resolu-
tion of ASVs may reveal ecologically relevant information,
which can be obscured by the use of OTUs (Tipton et al.,
2022). At present, there is no consensus on the trade-offs be-
tween the two approaches or agreement on which one best
represents the true fungal community.

In this paper, we take advantage of publicly available fun-
gal genomes to simulate amplicon sequencing datasets with
realistic levels of diversity in order to compare the results ob-
tained using either ASVs or OTUs with the true community
composition. This is intended to address the question of the
most suitable way to perform fungal metabarcoding analy-
ses and should be of interest to all researchers working with
fungal amplicons.

2 Methodology

2.1 Taxon selection

We downloaded the DNA “toplevel” fasta files from Ensembl
Fungi Release 57/Release 110 (http://ftp.ensemblgenomes.
org/pub/fungi/release-57/, last access: 19 August 2025),
which contains 1505 genomes from 859 species. In or-
der to obtain real-world levels of intragenomic diversity,
we used primersearch from EMBOSS 6.6.0.0 (Rice et al.,
2000) to identify all amplicons per genome for a par-
ticular primer pair and selected those with a minimum
length of 100 bases and a maximum length of 1499 bases.
We used the gITS7 (5′-GTGAATCATCGAATCTTTG-3′)
and ITS4 (5′-TCCTCCGCTTATTGATATGC-3′) primers,
targeting the ITS2 region (Ihrmark et al., 2012), as they
are recommended and widely used in the field (Teder-
soo et al., 2022). To be sure our results were not specific
to a particular primer pair, we additionally tested ITS1f
(5′-CTTGGTCATTTAGAGGAAGTAA-3′) with ITS2 (5′-
GCTGCGTTCTTCATCGATGC-3′), as recommended by
the Earth Microbiome Project (https://earthmicrobiome.org/
protocols-and-standards/its/, last access: 19 August 2025;
Tedersoo et al., 2022), which amplifies the ITS1 region and
1183F (5′-AATTYGAHTCAACRCGGG-3′) with 1625R

(5′-CGACRGGMGGTGTGBACA-3′), which amplifies the
18S rRNA gene and has been recommended for general eu-
karyotic studies (Latz et al., 2022).

2.2 Generation of mock communities

A total of 10 mock communities were simulated from all
the species which produced amplicons for a particular primer
pair, with the abundances determined by a power law func-
tion (x−1.08). If multiple amplicons were produced from a
single species, they contributed equally to the abundance of
that species. In silico next-generation sequencing was sim-
ulated using Grinder 0.5.4 (Angly et al., 2012). The simu-
lated reads were 300 bases long and had an insert distance
(maximum amplicon size) of 2500 bases; uniform mutations
across the length of each read at a rate of 0.473 % (Stoler and
Nekrutenko, 2021); a 1000 : 1 ratio of substitutions and in-
dels (Schirmer et al., 2016); and 10 % chimeras (De Muinck
et al., 2017) occurring in the ratio 314 : 38 : 1 of bimers,
trimers and quadramers. We produced three library sizes
for each community: small (10 000 reads), medium (25 000
reads) and large (50 000 reads). A limitation of Grinder is that
it does not generate realistic error profiles for the simulated
reads. To overcome this, we used quality scores obtained
from real sequencing data that were randomly assigned to the
simulated reads. To test our pipelines on real data, we used
the triplicate sequencing of mock communities published by
Pauvert et al. (2019).

2.3 Sequence processing

The mock sequencing data were preprocessed using one of
two pipelines depending on whether the ITS region was
extracted from the reads or not. ITS extraction has been
recommended as flanking regions may complicate cluster-
ing (Bengtsson-Palme et al., 2013; Tedersoo et al., 2022).
However, QIIME2’s developers state that ITS extraction of-
fers little benefit when training naïve Bayes classifiers to
assign taxonomy to each OTU/ASV (https://docs.qiime2.
org/2024.10/tutorials/feature-classifier/, last access: 19 Au-
gust 2025), suggesting that it may also be unnecessary for
the overall analysis. ITS extraction is further omitted in
the QIIME2 fungal ITS tutorial (https://forum.qiime2.org/
t/fungal-its-analysis-tutorial/7351, last access: 19 August
2025), but it is included in a tutorial by the Australian Mi-
crobiome Initiative (https://www.australianmicrobiome.com/
protocols/itsanalysisworkflow/, last access: 19 August 2025).

In the ITS extraction pipeline, the forward and reverse
reads were merged with fastq-join (Aronesty, 2013), with a
minimum overlap of 40 bases and maximum difference of
15 %. The joined reads were processed by Trimmomatic 0.39
(Bolger et al., 2014), and the ITS region was extracted with
ITSxpress (Rivers et al., 2018). Joining reads and extracting
the ITS region has a drawback in that length variations in ITS
regions mean that the reads of some taxa can not be joined,
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leading to an ITS length bias. Due to this, researchers some-
times only use the forward reads (Nguyen et al., 2015; Pau-
vert et al., 2019). In the forward-only pipeline, the only pre-
processing was trimming by Trimmomatic. For both the ITS
extraction and the forward-only pipelines, we used Trimmo-
matic to (1) trim the first 20 bases of the read to remove the
barcode; (2) remove low-quality bases using a 6-base slid-
ing window and a minimum quality score of 20; and, finally,
(3) discard any reads that were shorter than 100 bases. As
there is no ITS region to extract for the 18S amplicons, we
conducted the comparison using only the forward reads ver-
sus using the merged forward and reverse reads.

The trimmed sequences were processed with QIIME2
amplicon-2024.02 (Bolyen et al., 2019) in one of three ways.
ASVs were generated using DADA2 (Callahan et al., 2016)
with either the default settings (maximum expected errors=
2, reads truncated at the first quality score≤ 2) or with mod-
ified settings recommended for fungal ITS sequences (maxi-
mum expected errors= 8, reads truncated at the first quality
score≤ 8; Rolling et al., 2022). In both cases, samples were
pseudo-pooled for ASV calling. Alternatively, sequences
were clustered into 97 % OTUs with the QIIME2 VSearch
plugin (Rognes et al., 2016), and chimeras were removed
using uchime de novo filtering. The ASVs and OTUs were
taxonomically classified by a naïve Bayes classifier trained
on either the dynamic, developer sequences of UNITE ver-
sion 9 (Nilsson et al., 2019; Abarenkov et al., 2022) or the
Silva 138.1 SSU database (Quast et al., 2013; Yilmaz et al.,
2014; Robeson et al., 2021). For the 18S region, we obtained
essentially no usable reads using the ASV approaches and
about half as many reads as for other markers using OTU
approaches (Figs. S1 and S2 in the Supplement). As such,
no further analysis was attempted as these 18S primers were
deemed unsuitable for fungal community analysis.

In this paper, we refer to each pipeline as a treatment
made up of a unique combination of read processing and an
ASV/OTU method. With two possibilities for read process-
ing and three methods of forming ASVs/OTUs, we have a
total of six treatments (Table 1). In order to compare the treat-
ments with the ground truth, we used the TRUE community.
The TRUE community represents the generated community
without the effects of PCR errors, processing, or cluster-
ing/denoising. To create the TRUE community, we summed
reads from different amplicons so that taxa with multiple
amplicons would have greater relative abundance than taxa
which only produce a single amplicon. The proportion of
each taxon was multiplied by the library size and rounded
to the nearest whole number to give the number of reads pro-
duced by that taxon in an ideal situation. Finally, the species
and genus name from Ensembl Fungi was matched to the
UNITE database. In the few cases when taxa names could not
be found in the database, they were considered to be uniden-
tified in the TRUE community.

2.4 Community analysis

The performance of the treatment was evaluated by com-
parison of the simulated community with the true com-
munity from which the artificial sequencing reads were
derived. The comparisons were performed on a num-
ber of ecologically relevant parameters and at differ-
ent taxonomic levels. Simulated communities were eval-
uated on their diversity metrics (number of observed
ASVs/OTUs, Simpson’s Index of Diversity and the Shan-
non Diversity Index), taxonomic composition, sensitiv-
ity (true positives/(true positive + false negative)), speci-
ficity (true positives/(true positives + false positives)) and
distance from the true community. We used three differ-
ent distance measurements – Aitchison, Hellinger and Bray–
Curtis. Aitchison has been recommended for compositional
data (Gloor et al., 2017; Tedersoo et al., 2022) and is seen
as superior to Bray–Curtis dissimilarity (Gloor et al., 2017).
Hellinger distance has been shown to perform well and has
also been recommended for microbial datasets (Legendre
and Gallagher, 2001; Chen et al., 2021), although it has
been criticised due to not being monotonic to changes in ab-
solute abundance (Ricotta, 2019). Bray–Curtis dissimilarity
was also included due to its widespread usage in microbial
ecology.

Although the differences in library sizes in these artificial
communities are minimal, we performed rarefaction to bet-
ter mimic real-world analysis practices. A single round of
rarefaction, though commonly used in microbial ecology, is
incorrect as it merely subsamples and does not correct for li-
brary size (Cameron et al., 2021; Schloss, 2023). We made
use of the mirlyn R package to perform 100 rounds of rar-
efaction (Cameron et al., 2021).

We identified the most important variables, which ex-
plained the distance between the treatments and mock data
through statistical modelling, as implemented in the R pack-
age nlme (Pinheiro and Bates, 2000; Pinheiro et al., 2025).
We analysed the data with two models: the short model
(Distance∼ Level+Treatment+Library_Size), which cal-
culated the effects of taxonomic level and treatment, and
the full model (Distance∼ Level+Processing+Method+
Library_Size), which calculated the effects of taxonomic
level, read processing and ASV/OTU method. In all cases,
we controlled for community diversity as a random effect.
For the reanalysis of the Pauvert et al. (2019) data, we did
not consider library size as there was no variation in library
size.

All analyses of the community data were performed in R
4.4.1 (14 June 2024) (R Core Team, 2024) using the follow-
ing packages and their dependencies: groundhog 3.2.0 (Si-
monsohn and Gruson, 2023) – set to either 1 April 2024 or
25 April 2024 depending on the script, vegan 2.6-4 (Oksa-
nen et al., 2022), mirlyn 1.4.2 (Cameron et al., 2021), nlme
3.1-164 (Pinheiro and Bates, 2000; Pinheiro et al., 2025),
viridis 0.6.5 (Garnier et al., 2024), multcompView 0.1-10
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Table 1. An explanation of the abbreviations for each treatment and what that treatment entailed.

Term Category Explanation

FWD Processing Only the forward reads were used in the analysis.

ITS Processing Forward and reverse reads were merged, then the ITS region was extracted.

ASV Method Sequences were denoised into ASVs using DADA2 with default settings.

ASV_Rolling Method Sequences were denoised into ASVs using DADA2 with modified settings, as
recommended by Rolling et al. (2022).

OTU Method Sequences were clustered into 97 % OTUs using VSearch.

FWD_ASV,
ITS_OTU, etc.

Treatment Each treatment is a unique combination of a processing step and an ASV/OTU method.

TRUE Treatment The TRUE community functions as a control with the composition matching the generated
community with no influence from different processing steps or clustering/denoising.

(Graves et al., 2024), ggpubr 0.6.0 (Kassambara, 2023),
FSA 0.9.5 (Ogle et al., 2023), multcomp 1.4-25 (Hothorn
et al., 2008), dplyr 1.1.4 (Wickham et al., 2023), ggrepel
0.9.5 (Slowikowski, 2024), ggtext 0.1.2 (Wilke and Wiernik,
2022), cowplot 1.1.3 (Wilke, 2024), ggplot2 3.5.1 (Wick-
ham, 2016), MetBrewer 0.2.0 (Mills, 2022), ggpubfigs 0.0.1
(Steenwyk, 2024), RColorBrewer 1.1-3 (Neuwirth, 2022),
phyloseq 1.48.0 (McMurdie and Holmes, 2013), ggnewscale
0.4.10 (Campitelli, 2025) and stringr 1.5.1 (Wickham, 2023).

3 Results

3.1 Simulated communities

3.1.1 Taxonomic diversity

The taxonomic composition of our simulated communities
was highly dependent on the taxonomic composition of the
Ensembl Fungi database (Figs. 1 and S3–S7). For the ITS1
and ITS2 communities, we were capable of simulating com-
munities of 450 and 500 unique species respectively. To ob-
tain communities with higher diversity, up to 800 individual
genomes, we allowed genomes of different strains from the
same species.

The ITS1 communities were primarily composed of As-
comycota (77.30 %) and Basidiomycota (17.83 %), with
large proportions of Glomeromycota, Chytridiomycota, or
Mucoromycota in specific communities. The most com-
mon orders were Saccharomycetales (19.80 %), Hypocreales
(10.00 %), Eurotiales (9.20 %) and Helotiales (7.72 %), and
the most common genera were Saccharomyces (5.88 %), As-
pergillus (4.45 %) and Fusarium (4.41 %).

Similar to the ITS1 communities, Ascomycota (75.39 %)
and Basidiomycota (19.72 %) accounted for the vast ma-
jority of the phylum-level ITS2 reads. Even at lower taxo-
nomic levels, the communities of the different markers were
similar. The most common orders were Saccharomycetales

(18.25 %), Hypocreales (10.72 %), Eurotiales (9.10 %) and
Helotiales (5.18 %), and the most common genera were Sac-
charomyces (5.32 %), Aspergillus (4.69 %) and Fusarium
(3.72 %).

3.1.2 Alpha diversity

We found that, even for the TRUE community, the small li-
brary size was insufficient to fully capture the richness of
the samples, and the plot starts to level off even as diver-
sity increases (Figs. S8 and S9). The medium and large
libraries show a more linear response, with the larger li-
brary size showing smaller variations in richness. The per-
formance of different treatments on richness estimation is
best seen by plotting the difference between the true diver-
sity of the community and the estimated diversity (Figs. 2a
and S10–S11). In almost all treatments, the small library
size led to an underestimate in richness at all but the lowest
level of diversity. Medium library sizes perform better, par-
ticularly for the TRUE community, but still underestimate
richness as the diversity increases. With large library sizes,
ITS_ASV_Rolling, ITS_ASV and ITS_OTU all show good
estimates of richness, except in the highest-diversity com-
munities with strain-level differences. The treatments using
only the forward reads never manage to provide an accu-
rate estimate of richness. In contrast to the other treatments,
FWD_OTU not only overestimates the richness, but the over-
estimate becomes more severe with increasing library size.

We did not see a large effect of library size on the Shan-
non (Figs. S12 and S13) or Simpson (Figs. S14 and S15)
indices. Except for the FWD_ASV and FWD_ASV_Rolling
treatments, all treatments gave an estimate that was similar to
the TRUE treatment when there were no duplicate species,
i.e. different sequenced genomes from the same species. In
fact, the Simpson index showed very little variation at all.
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Figure 1. Taxonomy of simulated communities. Stacked barplots show the taxonomic composition of the simulated ITS1 (left side) and ITS2
(right side) communities. For each diversity level, ranging from 50 fungal genomes (top) to 800 fungal genomes (bottom), the 10 replicate
communities are shown at both the phylum (narrow column) and the order (wide column) levels.

3.1.3 Sensitivity and specificity

In our simulated data, except for the lowest diversity
at medium and large library sizes, the FWD_ASV and
FWD_ASV_Rolling treatments showed lower sensitivity
under all tested conditions (Figs. 2b and S17–S18). The

ITS_ASV and ITS_ASV_Rolling treatments performed bet-
ter but had noticeably lower sensitivity than the OTU treat-
ments. However, this difference was reduced when using
large library sizes. With linear mixed-effect models, we
saw that, on average, sensitivity of ITS-processed data was
12.7 % higher than that of FWD-processed data, and the sen-
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Figure 2. Richness estimation errors, sensitivity and specificity for the ITS2 community with different treatments. (a) Boxplots showing
the difference between the observed richness (estimated from the reads) and the true richness (the number of genomes used to simulate the
sequencing) of the ITS2 communities under different treatments when the library size is large (50 000 reads). (b) Treatment-specific mea-
sures of sensitivity (true positives/(true positive+false negative)) and specificity (true positives/(true positives+false positives)) at different
taxonomic levels when the library size is large and the community diversity is 500 genomes. The treatment abbreviations are explained in
Table 1.

sitivity of OTU methods was 15.9 % higher than that of ASV
methods. There was no statistical difference between ASV
and ASV_Rolling methods.

In contrast, we found much less variation in specificity be-
tween treatments (Figs. S18 and S19). However, specificity
does vary with taxonomic level, showing the best perfor-
mance at the class level (Fig. 2b). Between different methods
and processing, we saw only very small differences, with the
biggest difference being ASVs having a 1.4 % higher aver-
age specificity than OTUs in ITS2, but this difference was
reversed in ITS1.

3.1.4 Composition

Using distance/dissimilarities to compare the different treat-
ments with the theoretical best results of the TRUE com-
munity (Figs. S20–S25), we identified a few general trends.
First, the distance/dissimilarity increases with lower taxo-
nomic levels (Fig. 3). Second, while there is much overlap
between the standard deviation of the different treatments,
the mean values of the FWD and ITS treatments tend to clus-
ter together, with ITS treatments better approximating the
TRUE community. We also found that, under certain con-
ditions, the FWD_OTU treatment would cluster with the ITS

treatments. Generally, ITS_OTU displayed the least differ-
ence from the TRUE treatment.

Statistical modelling to identify the key factors determin-
ing the distance from the TRUE community showed that
the taxonomic level is consistently the most important fac-
tor (Figs. 4 and S26), with decreasing impact on Aitchison,
Hellinger and, finally, Bray–Curtis distances. Although the
other variables are nearly always significant, they tend not to
explain a large proportion of the variation. There is an ex-
ception for Bray–Curtis distance, where treatment explains
approximately 8 %–10 % of the variation in the short model.
From the full model, we see that the primary contribution is
due to processing, explaining 7 %–10 % of the total variation.

3.2 Reanalysis of Pauvert et al. (2019)

3.2.1 Taxonomy

The mock community of Pauvert et al. (2019) (Figs. S27–
S31) is composed of 52.38 % Basidiomycota and 46.03 %
Ascomycota. The most abundant orders are Agaricales
(35.44 %), Hypocreales (13.22 %), Glomerellales (8.47 %),
Helotiales (6.35 %), and Pleosporales and Russulales (both
5.82 %). At the genus level, the most abundant taxa are
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Figure 3. Community composition assessed by distance from
the TRUE community. Distances (Aitchison, Bray–Curtis and
Hellinger) between ITS2 communities from the TRUE community
with a diversity of 500 genomes and a large library size (50 000
reads). Error bars show standard deviation. The treatment abbrevia-
tions are explained in Table 1.

Fusarium (7.94 %), Colletotrichum (6.35 %) and Botrytis
(4.76 %).

Due to knowing the composition of the mock commu-
nity, we were able to identify specific taxa which were ei-
ther missed or erroneously identified during the sequencing
analysis. These details can be seen in the tables in the Supple-
ment (Tables S1–S5). At the order level, taxa like Capnodi-
ales, Pezizales, Amylocorticiales and Dacrymycetales were
present in both the mock and the TRUE community but were
not detected when analysing the sequencing data. Mortierel-
laceae and Mucorineae were present only in the mock com-
munity. Even more interesting were the taxa which were
specific to certain methods; Ophiostomatales was present in
the mock community and all the pipelines that used ITS-
extracted reads, but it was in neither the TRUE community
nor the treatments using only the forward reads. Similarly,
Eurotiales and Tremellales were present in all treatments ex-
cept for those using ITS-extracted reads.

At the genus level, the mock and TRUE communities were
almost identical, suggesting that all genera should have been
detected. However, in practice, some genera that should have
been detected were not, and many genera that were detected
were not present in either the mock or the TRUE communi-

ties. As with the order level, many taxa that should have been
detected were specific to the processing; Clavariadelphus
and Cosmospora were only detected when using FWD pro-
cessing, and others, like Gliomastix, Metarhizium and Nae-
vala, were only identified in the ITS-extracted samples.

3.2.2 Alpha diversity

We were able to fully capture the expected richness (189 fun-
gal strains) in the TRUE community, indicating that it was
theoretically possible, but all the treatments resulted in an
underestimate of richness (Figs. S32 and S33). The underes-
timate was greatest in the ITS_ASV and ITS_ASV_Rolling
treatments (median richness= 125), and the best per-
formance came from the FWD_OTU treatment (median
richness= 152). Similarly, all treatments underestimated the
Shannon and Simpson indices (Figs. S34 and S35).

3.2.3 Sensitivity and specificity

FWD treatments were the most sensitive (Fig. S36), with
average sensitivity scores higher than ITS treatments by
6.62 %. The percent of true taxa detected decreased with tax-
onomic depth, and there was no difference between FWD or
ITS-extracted treatments at the family and genus level. Over-
all, we measured no significant difference between ASVs or
OTUs.

The FWD treatments showed a peak in specificity at the
order level (∼ 83 %), while ITS-extracted treatments were
most accurate (∼ 86 %) at the family level (Fig. S37). ITS-
extracted treatments maintained the best performance even
at the genus level. However, statistically, there was no sig-
nificant difference between any of the processing or methods
overall.

3.2.4 Composition

The increase in Aitchison distance from the TRUE com-
munity as we tested lower taxonomic levels was linear,
while Hellinger distance and Bray–Curtis dissimilarity re-
sembled an exponential curve (Fig. 5). There was visible
separation of the FWD and ITS-extracted treatments, but
processing was only significant for Hellinger (R2

= 7.54×
10−3, p = 5.76×10−31) and Bray–Curtis (R2

= 4.66×10−3,
p = 9.36×10−4), not for Aitchison (R2

= 6.52×10−7, p =

0.91). Method was also significant for Hellinger (R2
=

2.78×10−4, p = 6.70×10−3) and Bray–Curtis (R2
= 3.08×

10−3, p = 0.02) but not Aitchison (R2
= 1.85× 10−5, p =

0.83).

4 Discussion

4.1 Strengths and weaknesses

The major strength of this analysis is that, by using simulated
sequences from whole genomes, we can achieve realistic lev-
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Figure 4. Variation explained by factors in linear models. Boxplots of variation explained by different factors for either the short (treatment)
or the full (method and processing) linear model for the ITS2 marker for communities of different diversity (number of fungal genomes).
Residuals are not shown. The differences between treatment, method and processing are summarised in Table 1.

els of diversity and possess perfect knowledge of the com-
munity composition. Comparisons using real-world data are
constrained by the fact that the ground truth is unknown, so,
while differences between methods can be identified, it is not
possible to tell which method gives a better approximation of
the truth. Even mock communities suffer from this problem
as differences in copy numbers and PCR biases mean that
the abundances of the resulting sequences may not neces-
sarily reflect the abundances of the cells which were mixed.
That said, we also analysed a published mock community to
test whether the results of the simulated communities were
transferable to the real world.

While we believe our approach has several advantages
compared to existing pipeline comparisons, we recognise
two main limitations. First, our communities are not neces-
sarily representative of the fungal diversity which is found
in nature. Our communities are drawn only from those fungi
which have been fully sequenced – a subset which is biased
towards those that are simple to culture and of medical or
commercial interest. Second, we have only addressed a lim-
ited number of ways in which sequence data could be pro-
cessed; other studies have shown that there can be major
differences in the results depending on your analysis deci-
sions (Pauvert et al., 2019; Rzehak et al., 2024). However, we
have tried to closely adhere to the analysis pipeline which we
would use in practice, rather than trying combinations which
might never be used. This is because our goal has not been to

exhaustively explore all possible methods but to compare the
results of using ASVs or OTUs for fungi. We hope that the
comparisons remain valid regardless of the specific settings.

4.2 Fungal-specific changes to method parameters
were unnecessary

Our ASV_Rolling treatment was designed to test the claims
of Rolling et al. (2022) that fungal ASVs required modifi-
cations to the standard pipeline in order to maximise read
retention and improve the quality of the results. The standard
ASV pipeline used the default settings, which allowed for a
maximum of two expected errors (maxEE= 2, for the func-
tion filterAndTrim()) and truncated reads at the first base with
a quality score≤ 2, while ASV_Rolling allowed a maximum
of 8 expected errors and truncated reads at the first base with
a quality score≤ 8. In our tests, we did not see a statistically
significant difference in the number of reads retained for ei-
ther our simulated data or the sequencing of a mock com-
munity prepared by Pauvert et al. (2019) (Figs. S1 and S2).
While there may be a slight reduction in the distance be-
tween the TRUE community and the ASV_Rolling methods
(Fig. 2), the two methods gave essentially identical results.
This echoes recent results testing various parameters for 16S
metabarcoding, where changing the maximum expected er-
rors for ASV generation did decrease the UniFrac distance,
but the distances were not significant (Nayman et al., 2023).
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Figure 5. Community composition of the Pauvert replicates as-
sessed by distance from the TRUE community. Distances (Aitchi-
son, Bray–Curtis and Hellinger) between ITS2 communities from
the TRUE community. Each of the triplicate communities is indi-
cated by a point. The treatment abbreviations are explained in Ta-
ble 1.

Therefore, we do not see any pressing reason to recommend
changing the default values when generating fungal ASVs.

4.3 Richness estimates require large library sizes and
ITS extraction

In contrast to studies which predict increased richness from
ASVs (Estensmo et al., 2021), we found that ASVs consis-
tently underestimated richness, while OTUs tended to over-
estimate richness, particularly if ITS extraction was not per-
formed, although this was dependent on the library size
(Figs. S10 and S11). Our results align with many other stud-
ies that show that, in practice, ASVs estimate lower lev-
els of richness than OTUs do (Pauvert et al., 2019; Joos
et al., 2020). However, large library sizes, along with ITS
extraction, resulted in both ASV and OTU methods giving
roughly the same accurate richness in our simulated commu-
nities (Fig. 2). Large library sizes should now be standard
for most metagenomic sequencing projects due to techno-
logical advances. We recommend merging fungal reads and
performing ITS extraction, unless there is a compelling rea-
son to use unidirectional reads, such as poor-quality reverse

reads or species whose ITS region is too long for short-read
sequencing. Members of the family Cantharellaceae have
ITS1 lengths up to approximately 1100 bases (Feibelman et
al., 1994), and the plant pathogenic oomycete Plasmopara
halstedii has an ITS2 region of approximately 2200 bases
(Thines et al., 2005), both of which will be missed by an ap-
proach that merges short reads.

While standard short reads were adequate for resolving
species richness, they lacked the resolution to accurately
measure richness when the community included strains of
the same species. This can be seen as a discontinuity in the
richness graphs at the 500- or 600-genome diversity levels for
ITS1 and ITS2 respectively (Figs. S8–S11). We also saw that
we underestimated community richness in the Pauvert et al.
(2019) data, even with OTU methods. This can partially be
explained by the fact that the Pauvert et al. (2019) community
includes multiple strains of certain species, with 14 of the
fungi having identical marker sequences to other members
of the community (Pauvert et al., 2019). Strain-level iden-
tification must be achieved with full-length ITS sequences,
or other markers, as has been shown for full-length bacterial
16S sequences (Callahan et al., 2019; Johnson et al., 2019).

4.4 Sensitivity is affected by read processing and
analysis method

While differences in specificity were minimal between treat-
ments, both processing and method had statistically signif-
icant effects on sensitivity in our simulated communities,
with OTU clustering and ITS extraction leading to the great-
est sensitivity. ITS extraction is likely more sensitive than
FWD due to the increased information of the joined reads,
while the greater sensitivity in OTU clustering is likely due
to the increased richness compared to ASVs. This suggests
that OTU approaches may be favoured in cases where it is
important to identify a specific taxon, but ASV approaches
should be favoured when the goal is to minimise false posi-
tives.

4.5 Read processing affects taxonomy composition
more than the choice of ASVs or OTUs

We measured the distance from the TRUE community as a
way to quantify the similarity in community composition –
an identical community should have zero distance. We then
determined which of our experimental parameters were influ-
encing the distances. Aside from taxonomic level, the great-
est explanatory power was due to read processing, with the
largest effect in the commonly used Bray–Curtis dissimilar-
ity (Figs. 4 and S26).

A close examination of the mock communities of Pauvert
et al. (2019) did not show any orders (Table S3) or genera
(Table S5) which were specific to either ASVs or OTUs.
However, we identified several taxa which were specific to
processing only the forward reads or merging and performing
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ITS extraction. This agrees with previous studies that found
that ASVs and OTUs share the majority of taxa (Rzehak et
al., 2024) and has important practical implications. If the
goal of a study is to identify a specific taxon, e.g. pathogen
surveillance, then it may be advisable to analyse the metage-
nomic data with both FWD and ITS processing to maximise
the chances of correctly identifying the taxon of interest.

4.6 Differences from Pauvert et al. (2019)

The mock community that we used was originally presented
by Pauvert et al. (2019) as part of an analysis of 260 bioinfor-
matics pipelines. Their final recommendation was to use only
forward reads and create ASVs with DADA2, while stating
that ITS extraction was unnecessary. Our analysis of sim-
ulated communities and reanalysis of the same mock com-
munities came to very different conclusions, but we believe
there are several technological and methodological reasons
for this.

The original analysis merged reads with fastq-join using
either 50-, 100- or 150-base overlaps with no mismatches.
This differs from our approach, based on SEED 2 (Větrovský
et al., 2018), which also used fastq-join but only required a
minimum overlap of 40 bases with a maximum difference of
15 %, i.e. 6 bases. These more relaxed requirements likely
allowed many more reads to be joined and sent for ITS ex-
traction. The original ITS extraction procedure made use of
ITSx (Nilsson et al., 2010; Bengtsson-Palme et al., 2013)
compared to our use here of ITSxpress (Rivers et al., 2018),
which maintains the sequencing quality scores for down-
stream applications. The combination of these factors may
explain why we found ITS extraction to be highly relevant
and the original study did not.

In addition, the original study made use of a custom
database of Sanger sequences of the relevant ITS1 regions in
order to assign taxonomy. While this is a perfectly good way
to identify sequences, it differs substantially from the proce-
dures that are commonly used in environmental microbiol-
ogy, where we do not know which taxa are present, whether
they are in our database and where the database contains
several other taxa. Of the 189 strains in the mock commu-
nity, there were 14 exact matches to other members of the
mock community. In practice, we made use of UNITE ver-
sion 9 (Nilsson et al., 2019; Abarenkov et al., 2022) with
19 000 fungal taxa. The larger databases used in microbial
ecology will include many more exact matches, limiting the
taxonomic level which can be confidently assigned, and in-
crease the risk of falsely matching another taxon due to PCR
or sequencing errors.

5 Conclusions

Based on our results, we make the following recommenda-
tions for environmental microbiology studies using short-
read fungal ITS data.

– Prioritise large library sizes, e.g. 50 000 reads per sam-
ple, as larger library sizes were shown to improve per-
formance. Thanks to improvements in sequencing tech-
nology, this should be achievable with little effort.

– Unless there is a specific reason to only use forward
reads, join forward and reverse reads, then perform ITS
extraction.

– Fears of ASVs greatly overinflating richness are un-
founded for most taxa. For most cases, the choice of
OTUs or ASVs should have only minimal effects, but
OTUs are likely to perform slightly better.

In short, we recommend sequencing with as large a library
size as possible, joining the reads to perform ITS extraction
and then clustering the sequences into OTUs.
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