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Abstract

Premise: The occurrence of different microorganisms on aquatic macrophyte fossils
suggests that biofilm microbes may facilitate leaf preservation. Understanding the
impact of microorganisms on leaf preservation requires studies on living plants
coupled with microbial amplicon sequencing. Choosing the most suitable bioinfor-
matic pipeline is pivotal to accurate data interpretation, as it can lead to considerably
different estimations of microbial community composition.

Methods: We analyze biofilms from floating and submerged leaves of Nymphaea alba
and Nuphar lutea and mock communities using primers for the 16S ribosomal RNA
(rRNA), 18S rRNA, and ITS amplicon regions and compare the microbial community
compositions derived from three bioinformatic pipelines: DADA2, Deblur, and
UNOISE.

Results: The choice of denoiser alters the total number of sequences identified and
differs in the identified taxa. Results from all three denoising pipelines show that the
leaf microbial communities differed between depths and that the effect of the en-
vironment varied depending on the amplicon region.

Discussion: Considering the performance of denoising algorithms and the identifi-
cation of amplicon sequence variants (ASVs), we recommend DADA?2 for analyzing
16S rRNA and 18S rRNA. For the ITS region, the choice is more nuanced, as Deblur
identified the most ASVs and was compositionally similar to DADA2.
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Microbial sequencing is becoming increasingly integrated
into interdisciplinary studies. In particular, there is growing
interest in high-throughput sequencing in the inter-
disciplinary field of taphonomy, the study of how organisms
decay and ultimately fossilize (Gee, 1996; Raff et al., 2008;
Janssen et al., 2022; Dhami et al., 2023). Decay experiments,
which have been more recently coupled with microbial as-
says, are being used to understand the role of biofilms in the
decay of animals (Iniesto et al, 2017, 2021; Mihler
et al., 2023) and plants (Iniesto et al, 2018; Janssen
et al., 2021; Karaci¢ et al., 2024), highlighting the important
role of this approach in interdisciplinary research.

Using amplicon sequencing to assess the microbial
community composition of biofilms in early decay experi-
ments is a new technique used by experimental plant ta-
phonomists to understand the role of biofilms in leaf decay
and preservation (Janssen et al., 2021; Karaci¢ et al., 2024).
Biofilms comprise a matrix of microorganisms (e.g., bacte-
ria, fungi, and algae) and their extracellular polymeric
substances (EPSs) (Donlan, 2002). They form in a variety of
natural environments, including surfaces in the water such
as plant roots and the leaf surfaces of aquatic plants
(Donlan, 2002; Pang et al, 2016). Plant leaves provide a
unique habitat for biofilms as they can release oxygen via
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cellular respiration, thus promoting the growth of aerobic
bacteria (Lear et al., 2012). There are complex interactions
between the plant leaf and biofilm, resulting in different
microbial communities within the biofilm as compared to
those in the surrounding water column (He et al., 2014).
Plants that are completely submerged experience differences
in water flow, light conditions, and nutrient concentrations
compared to floating freshwater plants (He et al., 2012).
Biofilms commonly lead to the degradation of plant tissue,
especially in eutrophic waters (Dong et al., 2017). The
presence of biofilms can ultimately lead to the degradation
of living leaves by the blocking of light, which prohibits
photosynthesis, and biofilm organisms may compete with
the host plant for resources such as light and nutrients
(Letakova et al., 2018). However, degradation of plant tis-
sues by biofilms does not always occur.

In some aquatic environments, biofilms can be impor-
tant for the preservation of tissues. Previous research has
emphasized the importance of biofilms for the fossilization
of both soft-bodied and mineralized body parts and soft
tissue associated with dinosaur bones (Kaye et al., 2008;
Peterson et al., 2010), embryos (Raff et al., 2008), tadpoles
(Toporski et al., 2002), and crayfish (Mahler et al., 2022)
based on experimental taphonomy and the imaging of well-
preserved fossil tissues. Furthermore, there is evidence that
microbial biofilms are also involved in the long-term pres-
ervation of plant tissue (Iniesto et al., 2018). Recently,
Karaci¢ et al. (2024) found changes in the community
composition of leaf biofilms under aerobic and anaerobic
conditions using amplicon sequencing, highlighting the role
of environmental conditions in leaf preservation and decay.

However, the results of such microbiome studies are
vulnerable to biases due to differences in bioinformatic pi-
pelines (Allali et al., 2017; Prodan et al., 2020). Thus, there is
a need to define best practices for microbial community
studies in microbial taphonomy, particularly regarding
plant studies. Using environmental plant biofilms from two
genera of water lilies (Nymphaeaceae) and mock commu-
nities, we aim here to assess the differences in three com-
mon pipelines (DADA2, Deblur, and UNOISE) and
describe the biases introduced through each pipeline. Sim-
ilar analyses have been performed previously (Nearing
et al., 2018; Prodan et al., 2020; Nilsen et al., 2024). How-
ever, when working with environmental data from different
environments, the effectiveness of the denoising pipelines
can vary. Nearing et al. (2018) found that DADA?2 identified
more amplicon sequence variants (ASVs) than Deblur and
UNOISE, whereas Nilsen et al. (2024) found that UNOISE
had the greatest ASV richness and outperformed Deblur
and DADA2 when using high-diversity seafloor samples.
Furthermore, using a fecal dataset, Prodan et al. (2020)
found that DADA?2 offered the best sensitivity with less
specificity and suggested that UNOISE reached a balance of
sensitivity and specificity. Therefore, it is highly important
to explore different bioinformatic pipelines for specific types
of samples of interest to better understand their biases.
Providing an overview of results from different pipelines

facilitates a better understanding of microbial community
results and their function in the environment.

Because biofilms are diverse communities of micro-
organisms living in a variety of different environments, they
are an ideal community to study the effectiveness of de-
noising pipelines in an environmental context. Further-
more, this analysis is the first, to our knowledge, to identify
the effectiveness of these pipelines using 16S, ITS, and 18S
datasets collected from the same samples.

METHODS
Sample collection

In July 2022, six leaves of Nymphaea alba L. and six leaves
of Nuphar lutea (L.) Sm. were collected from the largest
pond lined with Taxodium Rich. at the University of Bonn
Botanical Garden in Bonn, Germany. Half of the leaves were
floating, and the other half were submerged in the pond
sediment. The pond is in an urban environment with a
community of aquatic plants and animals that is replenished
by rainfall and a small stream. In the month before sample
collection, the mean water temperature was 18.4°C. Among
the floating leaves, brown leaves with signs of biofilm
development were preferentially selected. The leaf biofilms
were identified visually, and leaves with a thick, mucous-like
coating were selected. The biofilm was distinguishable from
water, as it did not fall off the leaf when gently shaken. The
submerged leaves were settled on the bottom of the pond
beneath the mud and had likely been there since the pre-
vious winter (~6 mo), although the exact duration of the leaf
decay is unknown. The submerged leaves were no longer
attached to their respective parent plants by a petiole.

The three floating leaves each of Nymphaea and Nuphar
were placed into separate bins containing water from the
pond. To reduce further contamination, the bins had been
cleaned previously with ethanol. The submerged leaves of
each plant species were collected from pond mud at a water
depth of approximately 1 m and immediately placed in a
separate bin filled with pond water. Neither the floating nor
submerged leaves were rinsed or washed to ensure the
biofilms stayed intact. Pond water and pond sediment were
collected in triplicate in sterile 50-mL Falcon tubes on the
same day. The pond water was removed from the surface of
the pond, and the pond sediment was collected directly
from where the water lily leaves were submerged.
Sequencing of the pond water and sediment samples pro-
vides information about the microbes present in the en-
vironments to which the biofilms were exposed.

DNA extraction and sequencing
Leaves were stored in Tris-EDTA (TE) buffer at —20°C for

DNA extraction. To separate the biofilm from leaf surfaces,
the leaves stored in TE buffer were thawed and then
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sonicated in an ultrasound bath (Branson 1210 Ultrasonic
Cleaner; Emerson, St. Louis, Missouri, USA) for 2 min.
After sonication, the samples were first filtered through a
sterilized coarse filter (grade: 3hw; Binzer & Munktell Filter,
Battenberg, Germany) to remove leaf debris and sediment.
The filtrated samples were filtered a second time using
vacuum filtration and a 0.20-pm pore filter (mixed cellulose
ester membrane; Berrytec, Griinwald, Germany) to retain
the bacteria, fungi, and algae. These filters were stored in 50-
mL Falcon tubes at —20°C until DNA extraction.

The DNA from the filters was extracted using the Fast-
DNA Spin Kit for Soil (MP Biomedicals, Irvine, California,
USA), which had been tested by our working group and
found to be optimal for leaves in our freshwater environ-
mental setting (Janssen et al., 2021). Previous studies have
shown this kit's effectiveness in extracting DNA from water-
logged sediment and freshwater (Knauth et al, 2013; Lee
et al., 2021). The extractions were performed following the
manufacturer's instructions, and the DNA was eluted in
50-uL DNase-free water. DNA concentration and quality were
checked using a NanoDrop One/OneC Microvolume
UV-VIS spectrophotometer (Thermo Fisher Scientific,
Waltham, Massachusetts, USA).

High-throughput amplicon sequencing was performed
using three sets of primers to capture the diversity of bacteria
(16S ribosomal RNA [rRNA]), fungi (ITS region), and dia-
toms (18S rRNA). For 16S rRNA sequencing, we used the V4
variable region using the F515 (GTGYCAGCMGCCGCGG-
TAA) and R806 (GGACTACVSGGGTATCTAAT) primers
(Caporaso et al., 2011). The V1 and V2 regions of the 18S
rRNA gene were amplified using SSU_F04 (GCTTGTCTC-
AAAGATTAAGCC) and SSU_R22 (GCCTGCTGCCTTCC-
TTGGA) primers (Choi et al., 2022). The ITS rRNA region
was amplified using the ITS-1F (CTTGGTCATTTAGAGG-
AAGTAA) and ITS-2R (GCTGCGTTCTTCATCGATGC)
primers (Korabecna et al., 2003). Soil and water samples were
sequenced in triplicate for only 16S and ITS. The PCR
reaction was a single-step PCR with HotStarTaq Plus Master
Mix Kit (QIAGEN, Hilden, Germany) The initial denatura-
tion lasted 5 min at 95°C followed by 95°C for 30, 53°C for
40's, and 72°C for 1 min for 30-35 cycles. The final elonga-
tion step was at 72°C for 10 min. Paired-end sequencing
(bTEFAP) was performed by MR DNA (Shallowater, Texas,
USA; http://www.mrdnalab.com) on the MiSeq sequencing
platform (Illumina, San Diego, California, USA) with 2 x 300
paired-end reads following the manufacturer's guidelines
(Dowd et al., 2008). All sequences and raw data are available
through the National Center for Biotechnology Information
(NCBI) under BioProject number PRJNA1043867 (http://
www.ncbi.nlm.nih.gov/bioproject/1043867).

Mock communities
Mock communities representing the 16S rRNA, ITS, and 18S

rRNA regions were chosen from previous studies. Janssen et al.
(2021) had previously used the 16S rRNA mock community to

test the effectiveness of DNA extraction kits using the 16s-515F
(GTGCCAGCMGCCGCGGTAA) and 16s-806R (GGAC-
TACVSGGGTATCTAAT) primers. All sequences were de-
posited in the European Nucleotide Archive (study accession
number 471 PRJEB43756). The ITS region mock community
was developed by Bakker (2018) using the ITS-1 (CTT-
GGTCATTTAGAGGAAGTAA) and ITS-2 (GCTGCGTTC-
TTCATCGATGC) primers. The mock community sequences
with even amounts of each community member and
unmodified PCR conditions were chosen for this study and
downloaded from the NCBI database under BioProject number
PRJNA377530. The 18S mock community was originally de-
veloped in Bradley et al. (2016) using the EukA (AACCTGG-
TTGATCCTGCCAGT) and EukB (TGATCCTTCTGCAGG-
TTCACCTAC) primers. All sequences are deposited in the
NCBI Database under BioProject number PRINA314977.

Pipelines and parameters

Three different pipelines were tested: DADA2 (Callahan
et al., 2016), Deblur (Amir et al., 2017), and UNOISE
(Edgar, 2016). We aimed to compare the pipelines with
these typical conditions to match the most plausible use. All
steps in the DADA?2 and Deblur pipelines were performed
in QIIME2 (qiime2-amplicon-2023.9) (Bolyen et al., 2019)
using Python 3.10.8. USEARCH/UNOISE was run within
VSEARCH (Rognes et al., 2016) until taxonomic classifi-
cation (Appendix S1; see Supporting Information with this
article). At that point, all three pipelines were classified
using the same databases. The Silva v138 database (Quast
et al.,, 2013) was used for identification of 16S and 18S
rRNA samples, and UNITE version 10.0 with 97% identity
(Nilsson et al., 2019) was used to classify the ITS region.
These bioinformatic processes take raw DNA sequences
and use denoising programs to group the sequences into
ASVs representing the microbial members identified,
which can then be linked with taxonomic databases
to provide information on the composition of the
communities.

DADA2

DADA? begins by building an error model based on the
distribution of errors observed in the sequencing data
(Callahan et al., 2016) (Appendix S1); this includes both
substitution errors and insertion/deletion errors. The
DADA?2 denoise pipeline (dada2 denoise-paired) was run
with a minimum trim length of 230 bp (Appendix S2). The
reads were dereplicated, which collapses all the reads that
code for the same sequence. Unique to DADA?2 is the
algorithm that learns the error rates introduced by PCR
amplification and sequencing based on a subset of the data.
This is followed by sample inference, which uses another
algorithm to infer ASVs. Up to this point, all processes
were performed separately on forward and reverse reads;
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the reads were then merged and the chimeras removed
(Appendix S1).

Deblur

Unlike DADA2, Deblur uses only forward reads (Amir
et al., 2017). We used the Deblur pipeline within QIIME2
(deblur denoise-16S for bacteria and deblur denoise-other for
fungi and eukaryotes) with a minimum trim length of 230 bp.
Similar to DADA?2, Deblur collapses identical sequences into
unique representatives and uses an error model to estimate
the error rates in the sequencing data. The denoising process
in Deblur involves clustering similar sequences together and
constructing consensus sequences. The algorithm uses the
error model to identify and correct errors, resulting in the
generation of high-quality, denoised sequences. This is fol-
lowed by chimera detection and removal, and as in DADA2,
an ASV table is then generated with abundances assigned to
each unique sample (Appendices S1 and S2).

UNOISE

UNOISE is not an open-source program; however, by using
VSEARCH, we could use the UNOISE algorithm
(Edgar, 2016) within QIIME2 and directly compare it to
DADA2 and Deblur, which is also coded within QIIME2.
The code for this process was derived from https://www.
nicholas-ollberding.com/post/denoising-16s-sequence-reads-
using-unoise3-via-vsearch-and-qiime2/. Like DADA?2, this
pipeline uses merged reads, which were filtered to a mini-
mum length of 230bp. VSEARCH was run within the
QIIME2 environment and included the following steps: fil-
tering low-quality reads, finding unique reads through de-
replication, creating zero-radius operational taxonomic units
(zOTUS) (analogous to ASVs) using cluster_unoise, remov-
ing chimeras, and mapping the reads back to centroids using
usearch_global. The cluster_unoise command uses the UN-
OISE algorithm, which orders the sequences by decreasing
abundance and removes sequences with fewer than eight
counts (default threshold). It then uses a model on each
sequence to compare its abundance with the abundance of its
closest sequence. If the input sequence is less than 97%
identical to its closest sequence, the input sequence becomes
a new ASV. The usearch_global command searches for
high-identity hits (97%) using the USEARCH algorithm
(Appendices S1 and S2).

Taxonomic identification

After each denoising pipeline, the ASV tables were con-
verted into QIIME2 objects for downstream taxonomic
identification. Each dataset was assigned taxonomy using
the classify-consensus-vsearch command and the Silva v138
(Quast et al., 2013) for the 16S rRNA and 18S rRNA regions

and UNITE (qiime_ver10_97) (Nilsson et al., 2019) for the
ITS region. For downstream statistical analyses, singletons
were removed. Taxonomic tables were filtered in R so the
16S rRNA only contained ASVs classified as bacteria or
archaea, ITS rRNA contained only fungi, and 185 rRNA
contained nonfungal eukaryotes. This insured the datasets
only included taxa with known domains and removed
potentially contaminated ASVs. For each dataset, the taxo-
nomic tables and ASV tables were merged using R to create
one data frame.

Statistical analyses

Statistical analyses were performed in R (version 4.4.0;
R Core Team, 2024). To determine differences in the effec-
tiveness between pipelines, we compared the ASV richness
(alpha diversity) using the amp_alpha_diversity function in
the package ampvis2 (Andersen et al., 2018). For the mock
communities, differences in the total number of ASVs and
differences in the relative abundance of each genus identified
by each pipeline were determined with ANOVAs.

The data were rarified to the smallest number of reads in
any sample, resulting in 40,000 for 16S, 165 for ITS, and
15,620 for 18S. Differences in ASV richness between each
pipeline were determined with ANOVAs. This analysis was
performed with all the data from each pipeline and separately
for each experimental environment (floating, submerged,
water, and sediment) to determine if there were different
effects of pipeline use depending on the environment. The
number of shared genera was visualized with Venn diagrams
(Liu et al, 2021). The differences in the community com-
position at the ASV level were measured with a permuta-
tional multivariate ANOVA (PERMANOVA) based on
Bray-Curtis distances using the microeco package (Liu
et al,, 2021). These results were visualized using clustered bar
plots, heatmaps, and principal coordinate analysis (PCoA)
plots created with ampvis2 and microeco (Andersen
et al., 2018; Liu et al, 2021). Differences in the identified
phyla by each pipeline were assessed with ANOVAs.

RESULTS

Differences in 16S rRNA ASV richness and
abundant genera among pipelines

The choice of pipeline alters the results of the mock com-
munity because it significantly impacts the total number of
sequences identified (F, 3519 =58.3, P <0.001). DADA2 had
the most sequences and UNOISE had the fewest (Appendix
S3A). This is also evident in the total number of sequences
assigned to each of the genera in the mock community
(Appendix S3B). Thus, similar results were expected with
the environmental samples.

There were differences in the total number of observed
ASVs and the number of reads among pipelines, with
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UNOISE detecting the most reads (Appendices S4 and S5).
After removing ASVs with no taxonomic information
(unidentified to domain or phylum), UNOISE had the
greatest ASV richness (10,069) followed by DADA2 (8226)
and Deblur (3634) in the biofilm samples (F,s5; =16.02,
P <0.0001; Appendix S5). This differed from the mock
community, in which UNOISE detected the fewest number
of sequences. UNOISE had a greater Shannon diversity
(Fb51=7.6, P=0.013; Appendix S5). The pipelines only
shared 515 (48.3%) genera in the biofilm samples, and
DADA? had the greatest number of unique genera (n = 295;
Figure 1B). The relative abundance of each phylum was
similar among pipelines, with Gammaproteobacteria and
Alphaproteobacteria being the most dominant classes
(Figure 1C). However, Alphaproteobacteria abundance
varied among pipelines (F,s; =12, P=0.0005), with UN-
OISE detecting the most Alphaproteobacteria sequences.
There were differences in the relative abundance of micro-
bial classes among environments, primarily between the
surrounding environment (water and soil) and the biofilms.

The water contained the most Gammaproteobacteria
(F3,50=50.03, P<0.001) and Bacteroides (F;s509=50.12,
P <0.001), whereas the soil contained more Alphaproteo-
bacteria (Fs50=8.7, P<0.001) and Verrucomicrobiae
(F3,50=60.64, P<0.001) compared to the other environ-
ments. The water also contained more Actinobacteria
(F3,50=24.5, P<0.001) compared to the biofilms, whereas
the floating leaf biofilms contained more Cyanobacteria
compared to the water (F350=3.7, P=0.015).

The most dominant genera included Rhizobium,
unidentified Cyanobacteria, Pseudomonas, Nevskia, Limno-
habitans, Novosphingobium, Pantoea, and Sphingomonas;
Rhizobium was the most prevalent across all leaves.
DADA2, Deblur, and UNOISE each identified a different
abundant Cyanobacteria ASV. Pseudomonas was more
abundant on the submerged leaves, Nevskia and Limnoha-
bitans were most abundant in the water samples, and
Novosphingobium and Pantoea were more abundant in the
biofilm of the floating leaves. The microbial community
heatmaps resemble each other regardless of which pipeline
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bacterial phyla (p__) identified from each pipeline and environment.
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was used (Figure 2B). The PCoA and PERMANOVA
analyses indicated that the overall community composition
differs among the pipelines (F, 5; = 3.1, P < 0.001) and varies
significantly in accordance with the experimental environ-
ments (F350=2.5, P<0.001) (Figure 2A).

The 16S number of ASVs (richness) of the biofilm
communities of submerged leaves was higher than the

richness of the biofilms on the floating leaves (Appendix S6),
likely influenced by the sediment that contained the most
ASVs. There was no difference in Shannon diversity between
floating and submerged leaves (Appendix S6). Prokaryotic
biofilm community composition varied significantly between
leaf depths (F;10=2.4, P=0.013), although not between
plant species (Fj 10 =0.73, P=0.602; Appendix S6).
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Significant differences in ITS region
community composition among pipelines

Like the 16S analysis, the choice of pipeline for the mock
community alters the total number of sequences identified
(F21017=28128, P<0.001). UNOISE identified the most
sequences, whereas DADA2 and Deblur identified similar
numbers of sequences (Appendix S3C). Although each
pipeline identified the same genera, the relative abundance
of the genera varied among the pipelines for the mock
community (Appendix S3D). Such variation may also be
expected with the environmental samples.

There were significant differences in the performance of
the three pipelines in regard to the ITS rRNA sequences
(Figure 3, Appendix S5). Based on the rarefaction curves,
DADA2 best estimated the ASV richness (Appendix S4B).
After the removal of ASVs with no domain or phylum
information and after further filtering to only include fungi,
Deblur (n=184) detected significantly more ASVs than
DADA2 (n=174, F,5,=7.2, P=0.0024) and UNOISE
(n=98, F,51=7.2, P=0.011) (Appendix S5). This differed
from the mock community results, as Deblur detected more

ASVs overall. In total, only 14.9% of genera were shared
among all three pipelines, and 50% of the genera were u-
nique to Deblur (Figure 3B). Even at the phylum level, there
were discrepancies in the taxonomic identification, with
Deblur identifying more Ascomycota (F,5; = 6.5, P =0.003)
and UNOISE identifying more Basidiomycota, although this
difference was not statistically significant (F, 5 =2.3,
P=0.11; Figure 3C). There were differences in the relative
abundance of each phylum based on the environment. The
floating leaves contained more Ascomycota than the soil
and water (F,5; =6.5, P=0.002), whereas the water con-
tained more Mortierellomycota (F5 5o = 3.6, P=0.019), Mu-
coromycota (F350=3.9, P=0.013), and Rozellomycota in
DADA?2 only (F; 4 =5.1, P=0.013).

There were also differences in the genera identified by
each pipeline. Plectosphaerella was the most abundant genus
identified by both DADA2 and Deblur, but not UNOISE.
An unidentified fungus in Ceratobasidiaceae and Saccha-
romyces was abundant according to DADA2 and UNOISE,
but not Deblur (Figure 4B). Boeremia was detected in high
abundance with DADA2, whereas Pyrenochaetopsis was
detected more frequently in Deblur (Figure 4B). The
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FIGURE 3  Alpha diversity of fungal communities. (A) Fungal ASV richness for each experimental condition as determined by each denoising pipeline.
The height of the bar represents the mean, and the bars are the standard deviation. Statistical differences in the number of ASVs detected by each pipeline
determined by a t-test are noted with ns (P> 0.05) and ** (P <0.01). (B) Venn diagram showing the number (and percentage) of fungal genera unique to
each pipeline and shared among them. (C) Stacked-bar plot showing the relative abundance of fungal phyla (p__) identified from each pipeline and

environment.
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heatmaps show that the community composition differs
among the three pipelines regarding the fungal community;
however, the fungal community was similar among the
biofilms. Several genera were more abundant in the water
compared to the other environments, including an
unidentified Rozellomycota, Armillaria, Hypholoma, and
Cortinarius. The PCoA and PERMANOVA analyses show
clear differences in the community composition among the
pipelines (F,5; = 8.5, P < 0.001; Figure 4A).

The different pipelines produced varying results
between the experimental environments. For DADA2,
Shannon diversity was greater in the water compared to the
floating leaves (F; ¢ =14.3, P=0.0042), and based on PER-
MANOVA analysis, there was no difference in the com-
munity composition between environments (F;o=0.64,
P=0.53), but these results differed among plant species

(F110=1.2, P=0.02; Appendix S7). However, neither De-
blur nor UNOISE identified differences in ASV richness or
Shannon diversity nor differences in the community com-
position between environments or between plant species
(Appendix S7).

Little variation in predicted 18S rRNA
community composition among pipelines

For the 18S rRNA mock community, Deblur identified the
fewest sequences, whereas DADA2 and UNOISE performed
similarly (Appendix S3E); however, this difference was not
statistically significant (F,36=1.02, P=0.37). DADA2 and
UNOISE also identified similar genera with similar relative
abundances, unlike Deblur (Appendix S3F). Thus, it is
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expected that the environmental data will have similar
results between DADA2 and UNOISE. Upon removing the
ASVs with no taxonomic information, the total number of
ASVs was similar among the three pipelines: DADA2 (534),
Deblur (483), and UNOISE (501), which differs from the
dominance of UNOISE observed in the other domain
analyses (Appendix S5).

For the environmental samples, UNOISE detected the
most reads but DADA2 and Deblur better represented the
overall richness (Appendix S4C). Similar to 16S rRNA and ITS
rRNA, there is a difference in ASV richness among pipelines
(Appendix S5) for 18S rRNA community composition
(F>33=20.9, P<0.001). Upon removing the ASVs with no
taxonomic information, the total number of ASVs varied
among the three pipelines: DADA2 (534), Deblur (483), and
UNOISE (501), although this differs from the dominance of
UNOISE observed in the other domain analyses (Appendix S5,
Figure 5). There was no difference in Shannon diversity or
community composition among the pipelines (Appendix S8).

There are several differences in the relative abundance of
phyla between floating and submerged biofilms, with Orcho-
phyta (F;34=4.1, P=0.05), Peronosporomycetes (F;34=94,

P=0.004), Cercozoa (Fy3,=7.0, P=0.01), Gastrotricha
(F134=45, P=0.04), Cryptophyceae (F;3,=64, P=0.02),
Protalveolata (F; 34 =4.2, P=0.04), and Bicosoecida (F;3,=8.9,
P=0.005) all found to be more abundant on the submerged
leaves compared to the floating leaves. Despite differences at the
phylum level, likely driven by taxa with low abundance, the
most abundant genera were found to be similar among pipe-
lines. Cryptomycota and Podocopidia were more abundant in
the floating leaf biofilms but were also detected in high abun-
dance in both floating and submerged leaves and in all three
pipelines. Each pipeline detected three different Embryophyta
ASVs, and these were more abundant in the submerged leaf
biofilms. The nematode Chromadorida was more abundant in
the floating leaves. Moreover, the PCoA and PERMANOVA
analyses show the clustering of the pipelines (Figure 6A) with a
significant difference in community composition among pipe-
lines (F,33=12.1, P<0.001; Appendix S5). Based on the
heatmap, each pipeline identified at least two different ASV's
of Embryophyta, one of which was more abundant in
the submerged leaves and the other more abundant in the
floating leaves (Figure 6B). A total of 65% of the genera were
shared among all the pipelines, and Deblur identified the
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greatest number of unique genera (n=14; Figure 5B),
although UNOISE detected more Holozoa than Deblur
(F2,33 :4.6, P: 0013)

DISCUSSION

The results obtained by the three methods (DADA2, Deblur,
and UNOISE) with the 16S rRNA (bacteria), ITS rRNA
(fungi), and 18S rRNA (nonfungal eukaryotes) datasets were
compared to determine changes in alpha and beta diversity
among the pipelines. Although the sets of biofilm samples
used in each pipeline were the same, dissimilarities in the
results can lead to different conclusions regarding the
microbial community. This was further confirmed using
mock communities. Furthermore, we highlighted how these
data can be interpreted from a plant taphonomic viewpoint.

The mock community analysis shows that each pipe-
line can provide results that differ in community compo-
sition and in the overall read abundance. Additionally, as
we observed differences in the patterns of the mock
community compared to the biofilm samples, the effec-
tiveness of each pipeline is dependent on the individual
dataset. Thus, the potential biases posed by each pipeline
should be considered when interpreting the results of any
sequencing study.

Pipelines with 16S rRNA highlight the trade-off
between high sequence abundance and
taxonomic identification

Using the biofilm samples, we found that UNOISE (via
VSEARCH) was the most effective tool for identifying the
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highest number of 16S rRNA ASVs, while DADA2
and Deblur produced similarly lower counts of ASVs
(Figure 1A). However, a greater number of ASVs does not
necessarily mean that UNOISE performed better, as the
resulting taxonomy should also be assessed. A greater
number of ASVs could also be explained by the occurrence
of “artificial” species resulting from the splitting of taxo-
nomic groups (Schloss, 2021). The discrepancy between
UNOISE and DADA2 could be due to the more accurate
error-detection rates of DADA2 (Bukin et al, 2023).
Therefore, in some studies, the count table of ASVs
observed in DADA2 and UNOISE were combined in the
consensus table to minimize erroneous and low abundant
ASVs (Modin et al., 2020; Karaci¢ et al., 2022).

Previous studies have observed lower ASV counts using
Deblur compared to both DADA2 and UNOISE (Prodan
et al., 2020). Although all three methodologies identified the
same 515 genera, making up 48% of the total, DADA2 was
notable for identifying the greatest number of unique genera
(Figure 1B). This could again be attributed to DADA2's en-
hanced error-correction abilities, which likely improved its
matching of ASVs to known taxa in the database. Previous
work analyzing such denoising methods for fecal microbiomes
found similar discrepancies in the identified genera among the
pipelines (Liu et al., 2023). On the other hand, Deblur might
have identified fewer genera because it eliminates sequences
appearing fewer than 10 times, in contrast to DADA2, which
removes sequences that occur only once (Callahan et al., 2016;
Amir et al,, 2017). The removal of such sequences eliminates
sequences that may be artifacts instead of microbial taxa;
however, with its higher removal rate, Deblur may not detect
as many rare taxa, which can be important to the function and
structure of the microbial communities (Shade et al., 2014).
Each method thus employs a strategy to discard single-
occurrence sequences and those with low frequencies, which
helps eliminate some errors but also inadvertently removes
rare taxa. Researchers should choose their threshold levels
carefully to ensure they best fit their objectives.

Upon comparing genus-level microbial community
composition across pipelines, each pipeline identified the
same abundant genera, leading to broadly similar microbial
community profiles (Figure 2). This suggests that, despite
the pipelines identifying distinct genera (Figure 1), the
discrepancies mainly occur among genera with low relative
abundance. However, many studies observed that the ASV
approach used by DADA2 has a higher precision for
detecting rare taxa (He et al., 2015; Modin et al., 2020).

Overall community composition at the genus level
remains comparable across the pipelines, with all three
identifying the same highly abundant genera. The abundance
of Alphaproteobacteria varied among the pipelines. This is
important to note when assessing the microbial community
composition of biofilms, as Alphaproteobacteria is often the
most abundant class of bacteria during early biofilm forma-
tion (Rehman et al., 2020). Our results suggest that either
UNOISE can better detect Alphaproteobacteria sequences
or, due to the high number of total ASVs, the number of

Alphaproteobacteria sequences may be inflated. Prokaryotic
community composition and richness also differed between
depths. The genera that were more abundant on the sub-
merged leaves include the biofilm-forming and occasionally
pathogenic Pseudomonas (Tolker-Nielsen et al., 2000; Hofte
and De Vos, 2006), while Novosphingobium, a genus found in
a variety of different environments (Kumar et al., 2017), and
the biofilm-forming plant pathogen Panteoa (Von Bodman
et al., 2003) were more abundant on the floating leaves.

Results from ITS sequences highlight the
importance of pipeline selection

Interestingly, we did not observe the same patterns among
the pipelines when using the ITS region dataset, which had a
lower overall count of ASVs that could have made the
results less stable. The UNITE database is less robust than
Silva v138, and fungal communities are not as diverse as
bacterial communities; thus, we can expect a difference in
the ASV richness between the 16S rRNA and the ITS region.
There were a few differences at the phylum level among the
pipelines, the most notable being the identification of more
Ascomycota by Deblur. Most of the differences in the rel-
ative abundances of phyla were specific to the surrounding
environment (water vs. soil) and their related biofilms
rather than resulting from the choice of pipeline. The fungal
community also differed between plant species, although
only when the DADA2 pipeline was used.

Contrary to the 16S rRNA analyses, Deblur identified the
greatest number of ASVs and had the most unique genera,
with only 14 genera identified by all three pipelines. These
discrepancies in ITS data could come from differences in ASV/
operational taxonomic unit (OTU) length or robust clustering
processes in which short reads were covered by longer reads
that were merged in the centroid OTU for UNOISE (Modin
et al, 2020; Rolling et al., 2022). However, UNOISE is very
good at identifying highly abundant sequences, which could
explain a higher number of identified Basidiomycetes. Recent
research also showed that OTUs were better than ASVs in
recovering fungal diversity (Tedersoo et al., 2022).

The differences at the phylum level are also found at the
genus level, where the PERMANOVAs show differences in
the microbial community composition among the pipelines.
This could be because of the lower number of ASVs identi-
fied using UNITE, which could place a greater emphasis on
the differences in rare taxa detected by each pipeline (Nearing
et al.,, 2018). Therefore, we suggest that additional fungal
mock communities should be analyzed in parallel with plant
samples in future studies to better explore these issues.

Denoising pipelines perform similarly for 18S
eukaryotes

The denoising pipelines yielded similar results for the 18S
rRNA sequences. Like 16S rRNA, UNOISE identified the
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highest number of ASVs, although the 18S rRNA dataset
had the highest percentage of genera shared among the
pipelines (65%; Figure 5). The most abundant genera were
similar among pipelines and the overall community com-
position, likely because of the above-mentioned reasons
regarding 16S rRNA sequences. Previous work has shown
that in microeukaryotic and phytoplankton communities,
UNOISE vyields greater richness than DADA2 (Bukin
et al,, 2023), which agrees with the results found in this
study. However, in a soil nematode study, DADA2 out-
performed Deblur, which was not the case observed here
(Kenmotsu et al., 2020). This highlights the results we found
when comparing the mock communities with the biofilm
communities: the effectiveness of each pipeline is largely
dependent on the study system. Therefore, if the time and
resources are available, it is best to test multiple pipelines
before drawing conclusions regarding microbial community
composition.

The only phylum-level discrepancy among the pipelines
with the 18S sequences was Holozoa, which was more
commonly detected by UNOISE than Deblur. Holozoa is a
broad taxonomic group, and the difference among denois-
ing methods is likely a result of a greater number of
sequences detected by UNOISE overall. Other phyla, how-
ever, did not differ among pipelines but differed between the
environments, shedding light on how the environment can
shape microeukaryotic communities within a biofilm.
Ochrophyta contain brown algae and diatoms, which were
more abundant on the submerged leaves. Diatoms, and the
extracellular substances they produce, are thought to be an
important aspect of soft-tissue preservation via biofilms
(Harding and Chant, 2000). Cercozoa consist of single-
celled eukaryotes and are important constituents of fresh-
water food webs as natural predators of bacteria (Simek
et al., 2020). They were more abundant on the submerged
leaves, which contained a greater number and higher
diversity of bacteria. Gastrotricha are primarily benthic,
which is why they were more abundant on the submerged
leaves (Strayer et al., 2010). The freshwater alga in Cryp-
tophyceae (Klaveness, 1989), the protists in Protalveolata
(Cavalier-Smith, 1993), and flagellate Bicosoecida (Metz
et al., 2022) were also more abundant on the submerged
leaves.

Taxonomic domain is an important factor in
denoising pipeline selection

Given the results presented, researchers should be aware of
the bias in results that are produced by each pipeline and
choose a pipeline based on careful consideration of the
objectives of their analyses. Additionally, it is important to
compare results from different pipelines to interpret the
data, due to biases of the different pipelines targeting
abundant or rare genera. For bacteria (16S) and nonfungal
eukaryotes (18S), DADA?2 performed the best based on both
the number of sequences detected and the ability to

taxonomically identify them with Silva v138. Although
UNOISE detected more sequences, it is important to con-
sider the lack of taxonomic information associated with
UNOISE for this group of environmental samples. For the
fungal communities (ITS), there were differences in the
number of detected sequences among the pipelines, but
DADA?2 and Deblur identified the most taxa. We recom-
mend either DADA2 or Deblur, as they were more similar
in their community composition and are likely a better
representation of the true fungal community. If researchers
can use the 99% UNITE database or another database to
classify the fungi, such as NCBI Blast, it may decrease the
number of ASVs but increase the reliability of the true
fungal community composition.

The environmental conditions influence the
biofilm microbial community composition

Once the appropriate denoiser is chosen, differences in the
patterns of community assembly among bacteria, fungi, and
microeukaryotes could be driven by environmental condi-
tions. In our study, it is apparent that the bacterial com-
munity is influenced by the depth from which the water lily
leaves had been recovered. On the floating leaves, bacteria are
either derived from the surrounding environment (air and
water) or the plant. These leaves are also exposed to a
markedly different environment, and the lower bacterial
abundance could be due to exposure to ultraviolet light
(Jacobs and Sundin, 2001). When the leaves sink and en-
vironmental conditions change, the bacterial and micro-
eukaryotic communities also shift in response to differences
in oxygenation and light availability. The fungal community
is not as affected by the modifications in environmental
conditions at greater depth; fungi may be less impacted by
environmental alterations because they are not photo-
synthetic. Furthermore, as these leaves were collected from a
seminatural environment (a botanic garden pond), there is
uncertainty of how long the submerged leaves were in the
mud, thus introducing another variable potentially affecting
the microbial community composition. Future work will use
laboratory experiments with consistent leaf-burial conditions
to address this question. Our study thus yields evidence for
domain-stratified responses to depth-induced changes in
environmental conditions, as is shown in previous studies
with different organisms (Pang et al., 2016; Li et al., 2021).

CONCLUSIONS

The integration of next-generation sequencing techniques
in experimental taphonomy represents a significant
advancement in our understanding of the microbial com-
munities involved in decay processes. Here, we highlight the
importance of using appropriate methodologies for micro-
biological studies of plant decay and preservation by com-
paring results produced by different pipelines based on a
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taphonomic dataset. Based on our results, we recommend
DADA?2 for 16S rRNA and 18S rRNA analyses due to its
robust error-detection capabilities and its ability to identify
more genera, including potentially rare taxa. While the
choice of pipeline for analysis of the ITS region presents a
more nuanced decision, Deblur detected the greatest num-
ber of ASVs, although these results were compositionally
similar to DADA?2. Either DADA2 or Deblur could be
appropriate for fungal analyses. These findings contribute to
bridging the gap between plant taphonomy and micro-
biology, paving the way for further exploration into the
intricate role of microbes in plant decay and preservation.

The next-generation sequencing of plant samples also
allowed us to conclude that microbial biofilm communities
are involved in the initial stages of water lily decay. Biofilms
on decaying floating and submerged water lily leaves contain
different microbial communities, with bacteria and micro-
eukaryotes varying by depth. During decay, as the water lily
leaf sinks to the pond bottom, the biofilm microbial com-
munity shifts and, in the process, alters the decay and pres-
ervation processes. Future research should address further
decay and preservation processes using controlled experi-
mental design and targeted application of specific pipelines to
understand which microbes are responsible for decay or
biomineralization processes that could lead to preservation.
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