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ABSTRACT
Environmental DNA (eDNA) metabarcoding is a 
recent technology that allows for a more effective 
and cost-efficient evaluation of biotic communities. 
However, as with all new methodologies, eDNA 
metabarcoding is under continuous development 
and improvement. In this study, we evaluated 
bioinformatics approaches for processing eDNA 
sequencing data to investigate intertidal algal com-
munities’ biodiversity. We also assessed methodo-
logies for dealing with problematic amplicons data 
and provided suggestions on using such data in 
biodiversity studies. Overall, this study showed that 
paired-reads without overlap could be joined with 
“N” s or processed as the single-end reads without 
disrupting correct beta diversity clustering.  Eva-
luated amplicon clustering and reads abundance 
scaling methods also did not significantly affect beta 
diversity results. The most vulnerable step appeared 
to be the taxonomic assignment of clustered ampli-
cons. The presence of “N” in the middle of joined 
reads dramatically reduces taxonomic assignment 
effectiveness. Also, k-mer based taxonomy assign-
ment tools tend to assign lower taxonomic ranks to 

shorter amplicons.
Keywords: 

RESUMEN
Metabarcoding del DNA Ambiental (eDNA) es una 
tecnología reciente que permite una evaluación 
más efectiva y eficiente en costo de las comuni-
dades bióticas. Sin embargo, como en todas las 
metodologías nuevas, el metabarcoding eDNA está 
en continuo desarrollo y mejoramiento. En este 
estudio, evaluamos los enfoques bioinformáticos 
para el procesamiento de datos de secuencia de 
eDNA para investigar la biodiversidad de las comu-
nidades algales intermareales. También evaluamos 
las metodologías que tratan con datos de amplico-
nes problemáticos y proveemos sugerencias para 
utilizar dichos datos en estudios de biodiversidad. 
En general, este estudio demuestra que pares de 
lecturas sin traslapamiento podrían ser unidas con 
“N” s, o procesadas como lecturas de un solo extre-
mo sin perturbar el agrupamiento correcto de la 
diversidad beta. La evaluación del agrupamiento de 
amplicones y los métodos escalados de abundancia 
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de lecturas tampoco afectaron significativamente 
los resultados de diversidad beta. El paso más vul-
nerable parecer ser la asignación taxonómica de 
los amplicones agrupados. La presencia de “N” en 
medio de las lecturas unidas reduce dramáticamen-
te la efectividad de las asignaciones taxonómicas. 
También, las herramientas de asignación taxonómi-
ca basada en los k-meros tienden a asignar rangos 
taxonómicos menores a amplicones cortos.
Palabras Clave:

INTRODUCTION
High-throughput sequencing (HTS) has extended 
DNA-based species identification by providing 
the opportunity to sequence and identify mul-
tiple taxa from the same environment (Ji et al. 
2013). The method of environmental DNA (eDNA) 
sequencing and identification of many distinct 
species from a common environment is known as 
metabarcoding. The declining cost of sequencing 
allows a wide use of metabarcoding for biodiversi-
ty surveillance and monitoring. 
Like many innovative techniques, metabarcoding 
has several potential pitfalls which could affect the 
accuracy of biodiversity estimation. These include 
PCR-generated errors, sequencing errors, and 
errors due to partial DNA degradation (Cristescu 
2014, Coissac et al. 2012). Formation of chimeric 
molecules—the primary PCR-generated error—
could cause chimeric reads to compose approxi-
mately 30% of all amplified sequences (Wang & 
Wang 1997, Edgar et al. 2011, Smyth et al. 2010). 
Chimeric reads are caused by the annealing of an 
incomplete DNA strand to the template of a di-
fferent DNA sequence. These incomplete strands 
then act as primers and can be extended to form 
artificial chimeric reads (Smyth et al. 2010, Edgar et 
al. 2011). Another set of less common mechanisms 
of chimeric read formation includes stochastic dis-
sociation of the polymerase, secondary structure 
induced pausing and dissociation, and nucleotide 
mis-incorporation (Smyth et al. 2010). Chimeric 
reads are difficult to identify from the pooled eDNA 
sequences due to a low confidence in the initial 
sequence structure. Chimeric sequence bias could 
be reduced by removing rare amplicons during 
downstream OTU read clustering (Lammers et al. 
2014, de Boer et al. 2015). In recent years, several 
algorithms have been developed and incorporated 
into bioinformatics packages to identify chimeric 
sequences. The most common chimeric read fin-

ding software include: UCHIME, ChimeraSlayer, 
DECIPHER, and CATCh (Edgar et al. 2011, Haas et al. 
2011, Wright et al. 2012, Mysara et al. 2015).
Sequencing errors remain one of the major pro-
blems in such studies (Coissac et al. 2012). Sequen-
cing errors could cause a two-fold exaggeration of 
an actual biodiversity estimate (Kunin et al. 2010). 
Such overestimation could be crucial if these re-
sults were to be used for creating or maintaining 
environmental management policies. Repetitive 
sequences such as homopolymers and sequencing 
duplicates are some of the most influential sequen-
cing artifacts, especially if they occur in high-quality 
regions (Coissac et al. 2012, Balzer et al. 2013). Such 
reads cannot be removed by quality filtering and 
are difficult to align to one specific region. Also, the 
high abundance of the same sequences could mask 
important rare reads. Several studies demonstra-
ted that up to 50 % of OTUs could be represented 
by few or single sequences, which could be falsely 
removed as sequencing artifacts due to their low 
representation (Agogue et al. 2011, Gilbert et al. 
2009, Reeder & Knight 2010).
Overall, the standard bioinformatics pipelines for 
metabarcoding analyses are still in a developmen-
tal stage, especially for non-bacterial communities. 
Most of these pipelines are developed and used for 
very specific purposes, which creates an enormous 
number of tools that were used only one or two 
times (Cristescu 2014, McPherson 2009, Ratna-
singham & Hebert  2013, Bik et al. 2012). Also, it 
raises the question of which data processing steps 
are crucial for accurate and efficient analyses of 
metabarcoding data. The major goals of this pu-
blication are to present an assessment of multiple 
bioinformatics approaches for processing eDNA 
sequencing data and to provide troubleshooting 
options for amplicons data with imperfections that 
could limit an efficiency of default bioinformatics 
approaches. The methodology was tested on UPA 
and LSU eDNA sequences collected from the coas-
tal area of the northern Gulf of Mexico (NGoM) with 
the particular interest for the algal communities.

METHODS
The dataset (Bombin et al. 2020) for this study 
included paired-end DNA sequences of Univer-
sal plastid amplicon (UPA), from the 23S rDNA 
(primers p23SrV_f1 and p23SrV_r1, 410-450 bp 
amplicons) (Sherwood & Presting 2007) and part 
of a large nuclear ribosomal subunit (LSU rDNA) 
(primers C1FL and D1FL, 550-590 bp amplicons) 
(Leliaert et al. 2007). The Illumina libraries for both 
amplicons were prepared with 2x250 basepair 
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(bp) paired-end chemistry and the second time 
with 2x300 bp paired-end chemistry, MiSeq Rea-
gents kits v2 and v3 respectively (MS-102-2003 and 
MS-102-3003) and sequenced on Illumina MiSeq 
platform at the Genomics and Sequencing Center 
at the University of Rhode Island. Environmental 
DNA samples were collected from intertidal and 
water column zones of Cape San Blass (CSB), FL, 
USA and Grand Isle (GIS), LA, USA.
Demultiplexed reads were processed with Trim-
momatic-0.36 (Bolger et al. 2014) with the default 
options. Trimmomatic-0.36 checked a correct 
elimination of standard Illumina-specific bar-
code sequences discarding leading and trailing 
low-quality bases, and completely removed all 
sequences shorter than 36 bases. Forward and 
reverse reads were merged and assembled by 
USEARCH -fastq_mergepairs tool (Edgar 2010). 
Merged reads and sequences that did not have 
a merging pair were filtered with -fastq_filter 
command, discarding all reads with an expected 
error greater than one. Reads were dereplica-
ted and unique sequences were counted with 
VSEARCH --derep_fulllength command (Rognes et 
al. 2016) removing reads shorter than 50, 75, and 
150 bp for comparisons. Singletons and chimeric 
reads were removed, and reads were clustered 
into operational taxonomic units (OTUs) with 
97 % identity or zero-radius OTU (ZOTU) with 
100 % identity using -cluster_otus or -unoise3 
tools, respectively. OTUs were assigned to the 
lowest possible taxonomic rank by the UCLUT 
algorithm implemented in QIIME 1.9.1 (Caporaso 
et al. 2010, Edgar 2010) and by the SINTAX tool 
(Edgar 2016) implemented in VSEARCH (Rognes 
et al. 2016). The custom-designed sequence da-
tabase, which included Sherwood’s Lab database 
(Sherwood et al. 2017) and published reference 
sequences of seaweeds and phytoplankton, was 
used as the reference for taxonomy assignment. 
The database was filtered to include only taxo-
nomic groups that belong to: Rhodophyta, Baci-
llariophyta, Cercozoa, Charophyceae, Chlora-
rachniophyceae, Chlorokybophyceae, Chloro-
phyta, Chrysophyceae, Ciliophora, Coleochaeta-
les, Coleochaetophyceae, Cryptophyta, Cyanobac-
teria, Dictyochophyceae, Dinophyceae, Euglenida, 
Eustigmatophyceae, Haptophyceae, Klebsormi-
diophyceae, Mesostigmatophyceae, Mesotaenia-
ceae, Oomycetes, Pelagophyceae  Phaeophyceae, 
Phaeothamniophyceae, Raphidophyceae, Xan-
thophyceae, and Zygnematophyceae.
Reads cumulative sum scaling (CSS) normalization 
and/or rarefaction for alpha and beta diversities 

were performed through QIIME 1.9.1 with metage-
nomeSeq 1.26.1(Paulson et al. 2013). Rarefaction 
was performed with depths of 1, 10, 200 and 300 
thousand(s) reads. UPA and LSU sequences were 
aligned separately with MUSCLE 3.8 (Edgar 2004) 
with the default options. Alignments were filtered 
by QIIME’s filter_alignment.py script and OTUs/ZO-
TUs neighbor-joining trees were inferred by MUS-
CLE 3.8. Binary Jaccard (Jaccard 1912), Bray Curtis 
(Faith et al. 1987), and Weighted UniFrac distance 
and principal coordinates (PCoA) analysis matrices 
were calculated by beta_diversity_through_plots.py 
script with R 3.6.1 and Vegan v2.4-2 package. 

RESULTS AND DISCUSSION
Processing of Unmerged Paired-end Reads: Up to 
99 % of LSU and 68 % of UPA paired reads did not 
merge due to lack of overlap between forward and 
reverse sequences (Bombin et al. 2020). Therefore, 
two strategies for the processing such sequences 
were compared: 1) treating unmerged paired reads 
as single-end reads (Lanner et al. 2019) and 2) joi-
ning forward and reverse reads with a region of the 
ambiguous bases (N) (Eckert et al. 2018). The chosen 
method for processing unmerged reads had a strong 
impact on the number of reads that pass quality fil-
tration. The unmerged reads that were processed as 
the single-end reads generally passed USEARCH qua-
lity filtration step with the same rate of ~98.2 % as the 
merged reads. However, 15.27 % more reads were 
discarded by the USEARCH filtering algorithm if the 
same reads were joined beforehand (Table 1), even 
when the highest Phred quality score was assigned 
to joining bases (N). USEARCH v.11 documentation 
and other literature search did not provide any ex-
planation for this behavior of the filtration algorithm. 
Therefore, the best solution was to join reads after 
they passed the quality filtration step. Also, removal 
of primer binding sites, which is suggested by creator 
of USEARCH R. Edgar (https://drive5.com/usearch/
manual/pipe_readprep_primers.html) in order to 
decrease an expected error value of reads, was eva-
luated as well. Stripping primers binding sites just 
slightly increased the number of reads that pass the 
filtration step (Table 1). However, this increase was 
almost completely cancelled out when reads were 
filtered to the minimum length of 150 bp. 
OTUs/ZOTUs resulting from any joining method 
had at least two-fold lower ratio of reads that were 
able to map back to OTU/ZOTU sequences, which 
is a required step for calculating a relative abun-
dance. Therefore, OTU/ZOTU abundance tables 
showed lower fraction of non-zero values, which 
could decrease effectiveness of statistical compari-
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son and diversity estimates between environmen-
tal samples (Kaul et al. 2017, Weiss et al. 2017). Also, 
lower number of mapped reads decreased the 
possible rarefaction depth. This was especially no-
ticeable for LSU’s ZOTU with joined reads (Fig. 1a), 
which showed the lowest (among tested methods) 
average sequence per sample count of 16,908.3 
(Median: 15,697). When unmerged reads form the 
same samples were processed as single-end reads, 
the average sequence per sample count reached 
317,614.4 (Median: 318,474.5), which increased the 
possible rarefaction depth (Fig. 2b). A low subsam-
pling rarefaction depth leads to an overall decrease 
in diversity (Weiss et al. 2017) and raises the impact 
of random chance (McMurdie & Holmes 2014). 
However, Procrustes analysis showed that there is 
no statistically significant difference between sam-
ple diversity (beta diversity) caused by unmerged 
reads processing method. These results indicate 
that reads loss, which occurred on the mapping 
stage due to the reads joining method, was even (or 
almost even) between all environmental samples.

Data Transformations for Diversity Metrics: In 
the current study we also evaluated effects of reads 
clustering methods (OTUs and ZOTUs), minimum 
length of sequences for the analysis, and the re-
lative abundance data transformation techniques 
including rarefaction and scaling normalization on 
alpha- and beta- diversity results. Overall, the OTUs 
approach was more tolerant to the unmerged 
reads joining method and had more mapped reads 
in all environmental samples. Also, the utilization 
of the OTUs instead of ZOTUs relative abundance 
table increased an average alpha diversity and de-
creased a standard deviation value (Fig. 1c).
HTS data cannot be used to estimate and compare 
diversity metrices immediately because in most 
cases, the abundance of sequenced reads is not 
proportional to the abundance of organisms in the 
sampled environment. Such absence in the mea-
ningful correlation between the reads and organis-
ms’ frequencies is often referred as the “abundan-
ce bias,” which is caused by unequal DNA-template 
preferability during PCR and sequencing procedu-
res. Currently, there is no universal methodology 
to correct abundance bias in metabarcoding data, 
but the most widely used data transformation me-
thods include rarefaction and scaling normalization 
(Weiss et al. 2017). Rarefaction is dependent on 
the sequencing depth of a sample with the lowest 
reads count, which could cause diversity loss and 
increased chance of type 1 and type 2 errors when 
samples are sequences with unequally (McMurdie 

& Holmes 2014). On the other hand, accuracy of 
the scaling normalization can be greatly affected by 
zero values and rare OUT/ZOTU presence in sam-
ples with variability of the sequencing depth (Weiss 
et al. 2017). Unexpectedly, the multiple Procrustes 
analysis indicated that the tested data transforma-
tion method or any other reads processing modifi-
cation did not have a statistically significant impact 
(p-values ≤ 0.5) on the beta diversity results (Table 
2). These results can be due to rather high sequen-
cing depth of all environmental samples and/or 
relatively limited number of tested environmental 
samples in our dataset.

Taxonomic Assignments: Stripping the primer 
binding sites only decreased the average ampli-
con length and taxonomic resolution (i.e., ability 
to recover low ranks such as genus and species) 
and had no effect on diversity. Lower taxonomic 
resolution of primer binding sites free reads was 
caused due to a reduction of nucleotides available 
for alignment against the reference database and 
loss of taxonomic signal. A similar pattern was 
also reported by Pauvert et al. (2019), who showed 
that splicing ITS1F-ITS2 primer sequences did not 
enhance a reconstruction of mock community 
structure. Removal of primers that do not contain 
degenerate nucleotides is unnecessary, because 
non-degenerate primers do not affect the denoi-
sing clustering (Pauvert et al. 2019). Joined reads 
worked poorly for the LSU marker, which was due 
to the actual large gap size between forward and 
reverse reads. Also, the current data demonstrates 
that SINTAX and several other k-mer based taxo-
nomy assignment tools tend to assign lower taxo-
nomic ranks to shorter amplicons, which highlights 
the importance of an accurately composed and 
filtrated reference databases to prevent a false 
positive, by chance matches. 
In the current work we evaluated strategies for the 
processing of unmerged paired reads and reads 
filtering thresholds and their effect on produced 
amplicons, diversity results, and taxonomic assign-
ments. Overall, saving high-quality unmerged reads 
does not disrupt samples clustering according to 
their collection origin (i.e., sample 1 and sample 
2 of CSB intertidal) and unmerged paired-reads 
could provide further comparative information 
about algal communities according to their res-
pective biological zonation. Also, as it is shown in 
this study, the processing of unmerged reads and/
or data transformation methods should not have 
a significant impact on the diversity estimates if 
the samples are sequenced with enough depth. 
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However, it should be noticed that the k-mer based 
taxonomic assignment methods could be sensitive 
to the choice of reads processing methodology, 
which could affect species richness estimates.
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Sample Joined Before Filtration Joined After Filtration Joined After Filtration and Primer 
Sites Removed

UPA_2x250 1,748,302 1,906,182 1,909,162

UPA_2x300 2,190,248 2,583,900 2,589,312

LSU_2x250 953,322 1,144,234 1,145,174

LSU_2x300 1,242,244 1,605,528 1,609,698

Average 1,533,529 1,809,961 1,813,336.5

Table 1. Number of reads remaining after filtration 

Table 2. Procrustes Analyses between differently transformed relative abundance matrices. P-value and M2 res-
pectively. W-Unif stands for Weighted UniFrac, Un-UniF for Unweighted UniFrac, Rarefaction-N k for the rarefaction 
subsampling in thousands of reads, and CSS-Normal for Cumulative Sum Scaling Normalization

LSU ZOTU Rarefac-
tion-200k
L > 150 bp

ZOTU Rarefac-
tion-10k
L > 150 bp

ZOTU Rarefac-
tion-1k
L > 150 bp

OUT CSS-Normal
L > 150 bp

ZOTU CSS-Nor-
mal
L > 75 bp

ZOTU W-UniF 
CSS-Normal
L > 150 bp

0.004
0.163

0.006
0.163

0.008
0.165

0.001
0.041

0
0.08

ZOTU UnW-UniF 
CSS-Normal
L > 150 bp

0.002
0.172

0
0.129

0.002
0.097

0
0.068

0
0.058

UPA ZOTU W-UniF 
Rarefac-
tion-300k 
L > 150 bp

ZOTU W-UniF 
Rarefaction-10k 
L > 150 bp

ZOTU
Rarefaction-1k
L > 150 bp

OUT W-UniF
CSS-Normal 
L > 150 bp

ZOTU W-UniF 
CSS-Normal
L > 75 bp

ZOTU W-UniF 
CSS-Normal
L > 150 bp

0.008
0.199

0.007
0.203

0.008
0.189

0.003
0.054

0.003
0.122

ZOTU UnW-UniF 
CSS-Normal
L > 150 bp

0
0.168

0.004
0.134

0.007
0.131

0.001
0.115

0.003
0.124
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Figure 1. Shannon Alpha Diversity relation with sequencing depth. The red line shows 2x250 bp paired-end reads 
samples and the blue line shows 2x300 bp paired-end reads samples. (a) LSU ZOTUs with joined paired reads, (b) LSU 
ZOTUs with single unmerged reads, (c) LSU OTUs with joined paired reads.
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Figure 2. Procrustes Analysis of Bray-Curtis PCoA between joining and single-end methods for processing unmerged 
reads. (a)UPA (b) LSU.
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