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Abstract 
Despite rapid advances in DNA-based biodiversity monitoring, current metabarcoding 
approaches often rely on taxon-specific markers, which limit comparability and hinder scalable 
assessment across taxa and ecosystems. Here, I evaluate a metabarcoding workflow targeting 
the full-length ribosomal RNA (rRNA) operon as a universal eukaryotic marker, with a 
comprehensive assessment of its key components, including primer coverage, marker resolution, 
reference database completeness, and downstream processing. Additionally, I tested the 
feasibility of Oxford Nanopore Technology (ONT) for long-read sequencing in this context. I 
applied the workflow to bulk insect samples from the Insect Biome Atlas (IBA), enabling direct 
comparison with established COI (cytochrome oxidase I)-based Illumina sequencing data derived 
from identical biological material. To process full-length rRNA operon Nanopore data, I developed 
PRiMATE, a Pipeline for rRNA operon Metabarcoding Annotation and Taxonomic Evaluation. I 
show that the workflow captures a broad taxonomic spectrum across major eukaryotic groups, 
including animals, fungi, plants, and diverse protists, with consistent ecological patterns, and 
provides taxonomic resolution sufficient for comparative biodiversity analyses. Compared to COI-
based approaches, the workflow recovered fewer annotated insect OTUs but nevertheless 
produced similar community composition patterns. Ultimately, I present a complete 
Nanopore-based metabarcoding workflow, including a customised pipeline for full-length rRNA 
operon data. With future work to improve the database and to explore approaches to higher 
taxonomic resolution, this workflow could provide a scalable and standardised framework for 
universal assessment of eukaryotic biodiversity. 

1. Introduction 
Biodiversity forms the very foundation of the ecosystems we rely on for food, clean water and air, 
and a stable climate (Romanelli et al., 2015). For example, arthropods provide ecosystem 
services of immense ecological and economic value, such as pollination, pest control and 
nutrient cycling.  But, like many other taxa, arthropod biodiversity and biomass are declining, with 
studies suggesting a 78% loss of insect biomass over 27 years (Hallmann et al., 2017). 
Considering the great diversity within arthropods and their importance, it is vital to have methods 
for monitoring their biodiversity. This allows us to assess, document, and understand species 
richness, develop strategies for conserving areas, and evaluate the effects of those strategies.  

Metabarcoding is an indirect approach for biodiversity assessment studies that is becoming 
increasingly popular because it is cost-effective, scalable, and does not require taxonomic 
expertise (Iacaruso et al., 2025; Çevik and Çevik, 2025; Macher et al., 2026). Classical species 
identification approaches face various bottlenecks, as they are time-consuming and expensive, 
and expert knowledge is fading (Engel et al., 2021; Fatima, Srividya and Singh, 2024; Miraldo et 
al., 2025). Metabarcoding circumvents these bottlenecks by collecting and extracting DNA from 
bulk samples of specimens (e.g. Malaise insect traps) or from environmental substrates such as 
water, soil, or air (eDNA) (Taberlet et al., 2018). In the next step, a hypervariable marker region 
(barcode) is selectively amplified and sequenced, then compared to a reference database for 
taxonomic identification. There are several markers commonly used in metabarcoding, each 
targeting different taxa. Examples can be found in Table 1: Overview of commonly used markers 
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for metabarcoding”. The taxonomic focus of a given barcode region can be due to genetic reasons 
(e.g., if the marker is not present in all taxa; rbcL is only present in photosynthetic organisms), but 
often it is due to historical reasons. Once a marker is established for a given taxon and a reference 
database has been built, establishing a new marker usually requires considerable effort.  

Table 1: Overview of commonly used markers for metabarcoding 

Marker Used for  Notes Reference  
COI Metazoa (especially 

insects, animals) 
Standard barcode for animals, poor 
for protists/plants 

(Folmer et al., 1994) 

18S Protists and Metazoa Highly conserved; good for broad 
surveys, low species resolution 
 

(Medlin et al., 1988) 

28S General phylogeny Less commonly used; lower 
database coverage; sometimes 
used for phylogeny 

(Schoch et al., 
2012) 

ITS1 Fungi  Standard for fungal metabarcoding 
 

(Gardes and Bruns, 
1993) 

ITS2  Fungi, Plants Works for plants but is often 
combined with other markers 

(Kress and 
Erickson, 2007) 

rbcL Photosynthetic 
organisms (plants, 
algae)  

Conservative; good universality, low 
resolution 
 

(CBOL Plant 
Working Group et 
al., 2009) 

V4 General eukaryotic Good balance: coverage vs 
resolution 
 

(Stoeck et al., 2010) 

V9 Protists  Very short; great for degraded DNA 
(eDNA), lower taxonomic resolution 

(Amaral-Zettler et 
al., 2009) 

 

However, on the downside, this variety of markers also poses a major bottleneck in eDNA 
metabarcoding studies, as workflows are not readily comparable across studies and taxa (Priest 
et al., 2025). Due to the limited taxonomic coverage of the various markers, these studies capture 
only a small fraction of biodiversity. With the development of sequencing methods such as Oxford 
Nanopore Technology (ONT) and PacBio, it is now possible to sequence much longer DNA 
fragments than with short-read Illumina, enabling sequencing of longer potential barcode 
regions. Whilst studies have successfully demonstrated high-accuracy sequencing of long 
amplicons using PacBio (Heeger et al., 2018; Jamy et al., 2020), relatively few studies have 
examined the practicality of ONT workflows for metabarcoding (Krehenwinkel et al., 2019; Baloğlu 
et al., 2021; Chang et al., 2024), especially with the latest flow cell chemistry V14. Thus, this study 
aims to evaluate an ONT-based metabarcoding workflow targeting the full rRNA operon as a 
comprehensive marker for assessing biodiversity across all eukaryotes. 

The rRNA operon is a DNA sequence present in all eukaryotes that spans roughly 3.5-20 kbp (Khot, 
Ko and Fredricks, 2009; Macdonald et al., 2024) and includes several hypervariable marker 
regions, such as 18S, 28S, and the ITS regions, as represented in Figure 1: Genetic structure of the 
rDNA operon and primer binding sites”. Using the entire operon combines the advantages of 
shorter barcode regions covered by this marker, allowing the use of their well-established 
databases, with those of a long marker, such as more phylogenetic information and better 
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taxonomic annotation, by providing more sequence information across multiple marker regions 
(Johnson et al., 2019; de Oliveira Martins et al., 2020; Doorenspleet et al., 2025).  

The rRNA operon thus has the potential to overcome the trade-off between taxonomic coverage 
and resolution in metabarcoding studies. Combined with the advantages of ONT, including the 
affordability and portability (Tyler et al., 2023; Dorey and Howorka, 2024) of sequencing devices 
like the MinION, this workflow is promising for real-time in-field deployment in biodiversity studies 
targeting all eukaryotic life. Thus, this study aimed to evaluate an ONT-based metabarcoding 
workflow targeting the full rRNA operon as a comprehensive marker for assessing biodiversity 
across all eukaryotes. 

 

Figure 1: Genetic structure of the rDNA operon and primer binding sites. The figure shows the 
genetic structure of the rRNA operon, including its ribosomal genes 18S, 5.8 and 28S, as well as several of 
the commonly used markers listed in Table 1: Overview of commonly used markers for metabarcoding. 
The arrows below indicate the primer binding sites used for amplification in this study. Figure is based on 
(Burki, Sandin and Jamy, 2021; Latz et al., 2022; Krabberød et al., 2025) 

 To test this approach in a realistic ecological context, I used a subset of 14 eDNA extracts from 
Malaise trap samples of the Insect Biome Atlas (IBA, Miraldo et al., 2025). In that study, bulk insect 
samples were collected over twelve months from 203 Malaise traps at 100 sampling locations 
across Sweden and another 50 traps at 33 locations across Madagascar, resulting in a total of 
4749 Swedish Malaise trap samples and 2566 from Madagascar. For DNA extraction, these 
samples were processed with mild lysis and, in some instances, homogenised, which allowed us 
to study the extraction of genetic material from inner cobionts as well. For the COI analysis 
previously conducted by the IBA, these eDNA extracts were amplified with general metazoan 
primers, sequenced on short-read Illumina platforms, and processed into operational taxonomic 
units (OTUs) using the DADA2 and HAPP pipelines. In this study, however, I amplified these same 
eDNA extracts using general eukaryotic primers (Jamy et al., 2020) to target the full rRNA operon, 
before sequencing them with ONT and processing them with BaNaNA (Chwalińska et al., 2025) 
and our customised version, PRiMATE.  

If the rRNA operon in fact constitutes a universal eukaryotic barcoding marker, I expect it to 
recover, as part of its outcome, a comparable insect community composition and ecological 
patterns to those obtained with the COI marker, which is currently the standard for insect 
metabarcoding studies (Hebert et al., 2003). To better interpret rRNA operon performance, I also 
analysed some of its components (18S and 28S). Whilst evaluating various parts of this proposed 
metabarcoding workflow, I put special emphasis on the marker and sequencing technology to 
answer the following two questions:  

1. How does rRNA-based metabarcoding compare to COI in terms of recovering community 
composition, ecological patterns, and overall taxonomic coverage? 
2. Is ONT-based long-read sequencing a viable and scalable approach for metabarcoding of the 
rRNA operon? 
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2. Results 

Sample preparation, sequencing and processing  
To test the performance of the rRNA operon marker system, I selected a subset of 14 DNA extracts 
from homogenised insect bulk samples in the IBA study. These samples originate from 13 
sampling locations representing the five main habitats of Sweden (forest, grassland, alpine, 
cropland, and urban, see Figure 10: Sampling Locations across Sweden. Map of Sweden and parts 
of Norway showing the geographic positions of all sampling sites. Colours represent habitat type at each 
location (alpine, grassland, forest, cropland, and urban), and point shapes indicate trap type (single trap or 
multi trap). Samples S11 and S12 were collected at the same location.). 

In the IBA study, sampling locations are further classified as either single-trap or multi-trap sites. 
While these traps are physically identical, multi-trap sites contain several traps located within the 
same sampling site and, where possible, distributed across different nearby habitat types. 
Nevertheless, each individual trap is assigned to a single habitat category. Therefore, this 
distinction was not considered further in the present study. 

 The DNA extracts were successfully amplified using general eukaryotic primers (Jamy et al., 2020, 
2022), featuring a size of ca. 4.5 kbp. After purification, all samples met the 40 ng/µL threshold 
required for Nanopore adapter ligation, with concentrations ranging from 40 to 330 ng/µL. The 14 
samples were sequenced in two batches on a MinION R10.4 flow cell, with samples 01 and 02 run 
as test samples, followed by the remaining samples, which were run together. For 18S and 28S 
analysis, I used BaNaNA (Chwalińska et al., 2025), a pipeline for generating OTUs and taxonomic 
assignments, including abundance estimates, for long-read Nanopore sequencing data. Because 
BaNaNA is designed to isolate individual marker regions within the rRNA operon for taxonomic 
assignment rather than utilise the full operon, I built a modified pipeline based on BaNaNA. 
PRiMATE (Pipeline for rRNA operon Metabarcoding Annotation and Taxonomic Evaluation) 
enables the processing of complete rRNA operons and supports taxonomic assignment using the 
ribosomal operon database ROD (Krabberød et al., 2025).  

For ease of discussion, the terms COI, 18S, 28S, and rRNA are used throughout this report, even 
though they collectively refer to the entire metabarcoding workflow, which comprises multiple 
components, such as primer choice, sequencing method, and a database and pipeline for 
processing raw data. 

Sequencing resulted in an average of 804,659 reads per sample, ranging from 236,032 (Sample 
08) to 2,825,651 (Sample 02) reads. Following marker-specific extraction and filtering of the same 
sequencing data, an average of 212,523 reads (26%, 18S), 49,572 reads (6%, 28S), and 112,227 
reads (14%, rRNA operon) per sample remained across all OTUs. 

To understand what causes this drop in sequence reads and thereby also assess how the 
pipelines, an important component of the metabarcoding workflow, could be improved, I further 
investigated the read counts at the intermediate steps of the pipelines, as shown in Figure 2: 
Changes in read count during data processing”. For the COI analysis in the IBA study the reads for 
the intermediate steps in their pipeline is not known. They had in average 1.24 million raw 
sequencing reads per sample and for the Swedish samples ended up with ~640k OTU reads per 
sample, which is equivalent to a loss of ca. 50% (Miraldo et al., 2025). 
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Figure 2: Changes in read count during data processing. The number of reads during the five major 
intermediate steps is shown for each marker analysis. As marker analysis was done on the same 
sequencing reads and the first two steps of quality filtering and rRNA extraction are identical except for 
minor adjustments, the read counts are identical. However, the read counts after clustering and the OTU 
reads after taxonomic assignment differ across marker analyses.  

During processing, both pipelines apply several filtering and quality control steps to ensure that 
sequences meet length and quality criteria. The initial quality filtering and rRNA extraction steps 
are independent of the chosen marker. Only the steps after marker selection, including clustering, 
chimera removal, and OTU formation, were performed separately, resulting in different outcomes. 
In total, during processing, the loss from raw sequencing reads to final OTU reads ranges from 
74% (18S) to 86% (rRNA operon) to 94% (28S).  During the initial filtering process, ca 21% of all 
sequences were discarded because they did not meet the predefined length requirement (two to 
eight kbp) or had a low-quality score. Another 18% of reads were discarded during the rRNA 
operon extraction step, including sequences that lacked the 5.8S, 18S, and 28S markers or 
contained them in multiple copies, indicating sequencing artefacts. Most reads, however, were 
discarded during clustering, in which the extracted rRNA sequences were grouped based on their 
average quality score across the sample (in our case, 98.7-99.2%). Due to the overall higher rate 
of sequencing errors, both pipelines removed clusters with fewer than four sequences, assuming 
singletons were sequencing artefacts. In our case, this caused a significant drop in reads of ca. 
58% for 18S, 72.3% for 28S and 77.3% for the rRNA operon. For the following steps, such as 
chimera removal, sequences were merged, hindering the tracking of individual read counts per 
sample. However, analysis of the number of clusters during these steps indicates that the loss is 
negligible. For the taxonomic assignment, one of the last major steps in processing, the previously 
generated consensus sequences of the clusters were compared against a database. For 18S and 
28S annotations, I used the SILVA SSU (Small SubUnit, equivalent to 18S) and LSU (Large SubUnit, 
equivalent to 28S) databases, respectively. For rRNA operon annotation, I used ROD. Sequences 
that could not be taxonomically assigned with a percentage identity above 70% and a query cover 
of 90% were discarded. Whilst this had little effect on 18S and rRNA operon analyses (2.6% and 
5.2% losses in this step, respectively), a significant 66% drop in reads was observed in 28S 
processing.  It can be assumed that this drop is due to the lower amount of reference sequences 
in the LSU database, which prevents many samples from being assigned to it (see Table 2: 
Comparison of reference database coverage across major clades”).  
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This is further supported by examining graphs of sequence identity distribution, which show the 
number of OTUs matched to the reference database at a given sequence identity. For 18S, the 
peak is around 98%, with very few OTUs with less than 90% sequence identity and an average 
identity of 97%, indicating that, for the vast majority of consensus sequences representing the 
clusters, there were very good matches in the database. For the rRNA analysis, this distribution is 
more even, with the majority of OTUs at around 85% sequence identity (average 87%), but also 
many with higher sequence identity. For the 28S analysis, however, there is a clear peak around 
87% (average 88%), but few OTUs with higher sequence identity.  

 

Figure 3: Identity Score for taxonomic assignment. Each graphic shows the number of Observed 
OTUs, along with their respective percentage of identity match to the reference sequence to which they 
were assigned. The black line indicates the average. It should be noted that only OTUs with an identity score 
greater than 70% and query coverage greater than 90% are included here, as all other OTUs were discarded 
during taxonomic assignment.   

OTU counts comparison across markers  
OTU richness per sample also differed among markers, with mean values ranging from 98 (28S) to 
263 (rRNA operon), 395 (18S), and 521(COI). However, given the variation in read counts among 
the final OTUs due to sequencing depth and sample processing, I performed rarefaction to 10,000 
OTU reads per sample, based on 100 bootstraps, to ensure a fair comparison.  
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Figure 4: OTU richness before and after rarefaction. For every sample and marker, the number of 
OTUs is shown before and after rarefaction. As rarefaction was based on 100 bootstraps, the rarefied bars 
show the average, with error bars indicating the standard error.  

Whilst the OTU richness distribution was more even after rarefaction, there was still significant 
variation between the different processing approaches. The overall pattern showed that COI had 
the most OTUs per sample, with an average of 347 OTUs after rarefaction, followed by 18S with an 
average of 273 OTUs, rRNA operon with 208 OTUs, and 28S with an average of 91 OTUs.  

Species composition  
A central aim of this thesis was to understand how different metabarcoding marker systems affect 
the detection of biodiversity signals in environmental DNA (eDNA) samples. To explore this, I 
compared both OTU richness (used here as a proxy for species richness) and read abundance 
(used here as a proxy for relative abundance), from three commonly used marker systems (COI, 
18S, 28S) and the newly proposed system (rRNA operon), all of which were applied to the same 
set of samples. This way, I could answer questions about how marker choice affects two key 
aspects of biodiversity assessment: taxonomic coverage and taxonomic resolution, in this case, 
for insects. To make use of all the obtained data, I used the non-rarefied OTU counts and reads for 
this analysis. It should be kept in mind that the ground-truth composition of these samples, e.g. 
through manual expert identification, is unknown. But as COI is the current standard for metazoan 
metabarcoding studies and has the most comprehensive reference database, it will be used as a 
benchmark in this study for the other marker systems.  

 

Figure 5: OTU richness and abundance across samples. Stacked bar plots showing absolute 
counts of observed OTUs and sequencing reads across all samples for each genetic marker (COI, 18S, 28S, 
and rRNA). Colours represent the ten most abundant clades (at different taxonomic levels) identified across 
all samples and markers. (a) OTU richness: Total number of unique OTUs detected per marker across all 
samples. Because identical OTUs can occur in multiple samples, these values do not correspond to the 
sum of OTUs counted within individual samples. (b) OTU abundance: Total number of reads per marker, 
reflecting how often OTUs are detected across all samples. In contrast to richness, this measure accounts 
for repeated observations and therefore equals the cumulative number of reads across all samples. 
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Across all samples, two general patterns emerged. Firstly, total richness and abundance varied 
significantly among markers. COI yielded the highest values (ca. 4,200 OTUs and 4.5 million 
reads), followed by 18S (3,000 OTUs; 3 million reads), rRNA (2,800 OTUs, 1.6 million reads), and, 
lastly, 28S (850 OTUs, 700,000 reads); which is a pattern consistent with the observations for the 
rarefied OTU counts. Secondly, looking at the composition of the ten most abundant clades, it 
was noticeable that all markers were vastly dominated by arthropods. Whilst this, on the one 
hand, was not surprising given the nature of the sample (bulk-sample of insects), the insects 
found in these traps have been in contact with plants and fungi and carry external and internal 
DNA traces as well as symbionts, which were expected to release their DNA into the homogenised 
samples. And whilst arthropods dominated all markers, this was especially true for COI. This was 
not only the case for these selected samples, but also for all samples from the IBA study, where 
Arthropoda made up more than 97% of OTUs and about 99.5% of total reads (Miraldo et al., 2025). 
Looking at the other markers, however, other clades such as Apicomplexa, Ascomycota, 
Basidiomycota, and Streptophyta were detected at much higher ratios. This demonstrates that 
there is much more eukaryotic diversity present in these samples than what is picked up by the 
COI primers; this diversity can be efficiently captured through the rRNA operon and its containing 
markers.  

To assess whether different marker systems recovered comparable community patterns, I 
compared clade-level OTU composition and abundance across individual samples. Consistent 
with previous observations, COI-derived profiles were almost exclusively dominated by 
arthropods, whereas 18S, 28S, and rRNA-based analyses revealed substantially more diverse 
community compositions. 

 

Figure 6: Clade OTU composition and abundance per sample. Stacked 100% bar plots showing 
the relative composition of the ten most abundant clades for each sample and genetic marker (COI, 18S, 
28S, and rRNA). (a) OTU composition: Proportional composition of OTU counts within each sample, based 
on the number of unique OTUs assigned to each clade. (b) OTU abundance: Proportional composition of 
sequencing reads within each sample, reflecting the relative frequency of OTUs assigned to each clade. 

Despite differences in relative proportions, overall patterns were partially conserved across 
markers. Clades that were highly abundant in a given sample under one marker tended to also be 
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relatively abundant in the same sample under other markers, indicating that broad community 
signals are reproducible across marker systems. Apart from the Apicomplexa, which were largely 
absent in rRNA operon analysis, the 18S and rRNA operon analysis yielded very similar patterns. 

The most prominent discrepancy concerned Apicomplexa. These taxa were highly abundant in 
18S-derived data but largely absent in 28S and only weakly represented in the rRNA operon 
analysis. Instead, the 28S data showed a notable presence of Dinoflagellata. Given the close 
evolutionary relationship between these groups and the limited representation of Apicomplexa in 
28S reference databases, these assignments are likely misclassifications. This interpretation is 
supported by the observation that samples with high Apicomplexa abundance in the 18S analysis 
consistently show elevated proportions of Dinoflagellata in the 28S data. 

OTU composition and read abundance show largely consistent patterns of community 
composition. Although read abundance is disproportionately elevated for certain taxa, such as 
Dinoflagellata and Basidiomycota in 28S-processed data, overall composition remains 
comparable to that observed for OTU composition and across markers. 

To assess how 18S, 28S, and rRNA operon processing compared to the COI benchmark in terms 
of insect order composition, I compared Insect OTU composition and abundance across these 
workflows.  

 

Figure 7: Insect Order OTU composition and abundance per sample. Stacked 100% bar plots 
showing the relative composition of the ten most abundant insect orders for each sample and genetic 
marker (COI, 18S, 28S, and rRNA). (a) OTU composition: Proportional composition of OTU counts within 
each sample, based on the number of unique OTUs assigned to each clade. (b) OTU abundance: 
Proportional composition of sequencing reads within each sample, reflecting the relative frequency of 
OTUs assigned to each insect order. 

Two things stood out in the analysis. Firstly, insect community composition was strongly 
dominated by Diptera, which consistently account for more than 50% of OTUs and reads across 
all markers. Secondly, the 28S analysis showed almost no taxonomic diversity on the order level, 
consisting almost exclusively of Diptera and a small proportion of Hymenoptera. Due to this 
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limited resolution, 28S provides little additional ecological information and was disregarded for 
further comparative analyses. More data, however, are available in the supplementary materials. 

In contrast, COI, 18S and rRNA operon analyses revealed more diverse and comparable 
community structures. While relative proportions differ, the same major insect orders were 
consistently detected across samples, indicating that 18S and rRNA operon markers can 
reproduce broad patterns of community composition compared to the benchmark COI. 

However, some marker-specific differences were observed. The rRNA operon uniquely featured 
Thysanoptera and Mantodea, which were largely absent from the COI and 18S data. As mantodea 
are not native to Sweden, it can be assumed that this is a misclassification similar to the case of 
Dinoflagellata. Conversely, Blattodea were detected primarily in 18S data but were largely absent 
in the other marker systems. Orthoptera showed a higher share of OTU composition in 18S and 
rRNA data than in COI, although their abundance was similar across markers. Hemiptera were 
consistently detected in COI OTU composition across most samples, but were rare or absent in 
COI abundance.  

Among the ten most abundant insect orders, none was exclusively detected by COI across all 
samples. While individual orders occasionally were absent from specific samples in 18S or rRNA-
based analyses, every order detected by COI was also recovered by these markers in at least 
some samples. This indicates that the 18S and rRNA operon markers do not show systematic 
incompatibility with any major insect orders and are broadly comparable to COI in terms of 
taxonomic coverage for insects. 

When comparing patterns in OTU composition and abundance, OTU composition showed greater 
overall consistency across markers than OTU abundance. While relative proportions sometimes 
differed, the dominant insect orders within each sample were largely consistent across richness-
based profiles. In contrast, abundance-based profiles exhibited more pronounced differences, 
likely reflecting marker-specific biases in amplification and sequencing. 

To quantitatively assess similarity in community composition across markers, Bray–Curtis 
similarities were calculated for pairwise comparisons of samples based on insect order 
composition.  
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Figure 8: Bray-Curtis similarity across marker pairs. Violin plots showing the distribution of Bray–
Curtis similarity values for pairwise comparisons of markers (COI–18S, COI–rRNA, and 18S–rRNA) across 
individual samples. Each point represents a single sample comparison. Similarity values range from 0 
(completely dissimilar) to 1 (identical community composition). The width of each violin reflects the density 
of similarity values within each marker pair. The height is constrained to the theoretical range of Bray–Curtis 
similarity (0–1). The dashed horizontal line indicates the median, and the solid horizontal line indicates the 
mean. 

The quantitative assessment showed that the 18S and rRNA operon datasets were more similar 
to each other than either was to the COI dataset. Both markers captured the dominant insect 
community structure identified by COI, indicating that they reliably reflected major compositional 
patterns.  

Overall, 18S showed slightly higher agreement with COI based on mean similarity (0.72 vs 0.66). 
However, median values were essentially identical between 18S and rRNA (0.78 vs 0.77), 
suggesting they performed similarly overall, though the rRNA dataset featured a few samples with 
larger deviations (e.g., Sample 07). Generally, marker performance was not uniform across 
samples, and individual samples exhibited varying levels of agreement due to marker-specific 
biases.  

 

Database comparison 
To assess whether differences in annotation composition were due to missing taxa in the 
corresponding databases, I analysed the sizes and contents of the databases. For this, I focused 
on the same most abundant clades and insect orders previously observed in our samples.  

Table 2: Comparison of reference database coverage across major clades 

Clade IBA custom COI SILVA SSU SILVA LSU ROD 
Arthropoda 1799159 10173 3900 1849 
Apicomplexa 0 1210 149 151 
Ascomycota 0 5942 1953 5676 
Streptophyta 0 5668 1474 1922 
Basidiomycota 0 2644 458 772 
Dinoflagellata 0 4674 74 7 
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Euglenozoa 0 919 14 84 
Zoopagomycota 0 209 41 41 
Nematoda 4480 2174 370 132 
Ciliophora 87 2935 52 28 
Total Sequences 2126400 510495 95279 11935 

 

Looking at the total number of sequences in the databases, immense differences in size became 
apparent. The custom version of the BOLD reference database from the IBA project for COI 
analysis is, with more than 2 million sequences, by far the largest database, followed by 18S 
(500,000), 28S (100,000), and, lastly, the ROD with just 12,000 sequences (0.6% compared to 
COI). On the other hand, the COI database shows the lowest diversity as it appears to be 
intentionally focused on Arthropoda, with Arthropoda accounting for ca. 85% of the database and 
only two other major groups observed in our samples: Nematoda and Ciliophora. All other 
databases had entries for all major clades observed in our samples.  

Table 3: Comparison of reference database coverage across major insect orders 

Order IBA custom COI SILVA SSU SILVA LSU ROD 
Diptera 640830 828 201 491 
Hymenoptera 249635 419 84 104 
Coleoptera 155020 2365 104 63 
Lepidoptera 397994 69 4 978 
Orthoptera 13487 133 39 15 
Blattodea 5757 84 4 3 
Hemiptera 75919 758 192 31 
Mantodea 1156 32 9 5 
Thysanoptera 5947 101 31 2 
Trichoptera 19571 13 9 36 
Total Insect Sequences 1606621 5649 2546 1745 

 

Looking at insect sequences in the databases, I again compared the numbers of sequences for 
the ten most common orders found in our samples. Again, the custom BOLD reference Database 
from the IBA study greatly exceeds the other databases in size by a factor of 100 to 1,000 across 
all orders in every order and in the total number of insect sequences. However, all databases 
featured reference sequences in all of these orders. Therefore, database bias alone could not 
explain the observed differences in taxonomic composition between metabarcoding workflows. 
It could not explain why 28S analysis resulted in Diptera and Hymenoptera being the only insect 
OTUs, nor could the hypothesis, that Apicomplexa are mislabeled as Dinoflagellata due to a lack 
of Apicomplexa reference sequences withstand, because the 28S database had twice as many 
Apicomplexa sequences as Dinoflagellata sequences.  

 

Ecological Analysis 
To assess whether different barcodes reveal comparable patterns of beta diversity and 
community composition, an ecological analysis was conducted. NMDS (non-metric 
multidimensional scaling) ordinations based on Bray-Curtis Dissimilarity Matrices showed 
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acceptable stress values ranging from 0.10 to 0.13 for all three evaluated markers (18S, rRNA 
operon, and COI), indicating a reliable low-dimensional representation of the data.  

 

Figure 9: Comparison of NMDS ordinations based on Bray-Curtis Dissimilarity. Non-metric 
multidimensional scaling (NMDS) ordinations for each marker (COI, 18S, and rRNA), showing the clustering 
of samples based on Bray–Curtis dissimilarity. Colours indicate habitat type. Distances between samples 
reflect differences in community composition, with samples plotted closer together being more similar and 
those further apart being more dissimilar. Absolute positions of points are not interpretable between plots; 
only the relative distances within each ordination are meaningful. Stress values indicate the goodness of fit 
of each NMDS, with lower values indicating a better representation of the underlying Bray-Curtis distance 
matrix. Stress values below 0.2 indicate an acceptable representation, while values below 0.1 indicate a 
good fit. 

Across markers, samples show highly similar clustering patterns by habitat type. In general, three 
main clusters can be distinguished. First, the three alpine samples cluster together with sample 
S01, a forest sample from the same geographic region. Second, a small group of outlier samples 
forms a separate cluster. In the 18S and rRNA analyses, these outliers are the forest samples S03 
and S07, whereas in the COI analysis, samples S07 and S09 appear as outliers. Finally, the largest 
cluster comprises all remaining samples, which include urban, grassland, and cropland habitats. 

Except for a single outlier differing between marker systems, the clustering patterns are highly 
consistent across analyses. This indicates that all markers recover comparable ecological 
structure. 

As clustering appeared to occur by habitat, a PERMANOVA was conducted to statistically test this 
observation. Habitat grouping yielded significant results (p<0.05) across all markers. However, 
this observed effect should be interpreted with caution, as multivariate dispersion diagnostics 
indicate non-homogeneous dispersion of community variability across habitats (p<0.05).  

3. Discussion  
In this study, I compared the components of four metabarcoding barcode regions to assess their 
practicality and performance for metabarcoding eukaryotes in general and insects in particular, 
using DNA extracts from insect bulk samples. Again, it must be kept in mind that the ground truth 
for species composition and abundance in these samples is unknown. However, by evaluating 
the individual components, I were still able to draw some general conclusions. 
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Marker performance 
As mentioned at the beginning, a major current bottleneck in metabarcoding is the diversity of 
markers used for different purposes, which limits the comparability across studies of different 
taxa and ecosystems (Priest et al., 2025). Whilst many of the markers currently in use, such as 
COI, work well for their use cases and already have established databases and workflows, they 
are, by design, not suitable as universal markers. Given the existing variety of markers, why would 
I propose another? Firstly, this marker region is not entirely new. As mentioned, this region 
contains well-established marker regions such as 18S and 28S, as well as highly variable 
subregions, including V4, V9, and ITS, that are already used for metabarcoding of different 
organism groups. Secondly, and most importantly, for the purpose of biodiversity monitoring there 
arre huge benefits of using one general marker for all organism groups, as it provides a complete 
picture of the diversity of a site and allows intercomparisons between organism groups. Granted, 
while changing to a new marker can have initial downsides, such as a lack of reference sequences 
for many taxa, these will be outweighed by the benefits of making progress towards a more 
standardised and broadly applicable barcode for future biodiversity studies and assessments. 
Whilst I focused on eukaryotes in this study, the rRNA operon is not limited to them. Studies have 
shown that the rRNA operon, which contains the 16S and 23S regions instead of the 18S and 28S, 
enables higher taxonomic resolution (Seol et al., 2022). Therefore, using the full-length rRNA 
operon as a marker has the potential to bridge across major domains of life, even though the 
primers and database might need to be adjusted accordingly.  

Yet, our results highlight a fundamental trade-off among the investigated marker systems in their 
current state. COI provides high resolution for arthropods but appears to have limited taxonomic 
breadth in our analysis. This is likely due at least in part to the use of a custom reference database 
that is largely restricted to arthropods. Re-running the COI analysis with a more comprehensive 
and less biased database, such as BOLD or eKOI (González-Miguéns et al., 2025), which also 
includes protists and other non-metazoan taxa, could give a better picture of the actual 
taxonomic breadth captured by COI. 

At the same time, even with a broader database, COI remains somewhat limited in its ability to 
address deeper evolutionary scales. Its relatively short sequence length and high substitution rate 
make it difficult to resolve relationships across large phylogenetic distances. While our data 
suggest low species-level resolution (see Figure 3: Identity Score for taxonomic assignment. Each 
graphic shows the number of Observed OTUs, along with their respective percentage of identity match to 
the reference sequence to which they were assigned. The black line indicates the average. It should be 
noted that only OTUs with an identity score greater than 70% and query coverage greater than 90% are 
included here, as all other OTUs were discarded during taxonomic assignment.”, this pattern would need 
to be confirmed with a more systematic comparison of taxonomic assignments across markers 
by including COI identity scores.  

While the 18S marker analyses resulted, on average, in more OTUs and reads than the rRNA 
operon, they also showed a composition that was more similar to that obtained with COI. 
Additionally, 18S captured greater diversity than COI, particularly among protists. Taken together, 
this suggests several advantages of the 18S marker in our dataset. However, it is still limited by its 
relatively short sequence length, which reduces the amount of phylogenetic information it can 
provide. Additionally, in silico assessments of different 18S regions for metabarcoding have 
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shown a trade-off between coverage and resolution: more conserved genetic regions yield higher 
taxonomic coverage but lower species-level resolution, and vice versa (Ficetola et al., 2024). And 
even though the fourth marker investigated here, the 28S region, is structurally very similar to 18S, 
it can at this point not be recommended for eukaryotic metabarcoding at this point, largely due to 
its poor database coverage.   

There have been other universal markers proposed, such as the “JEDI” marker, a short SSU 
fragment targeting the V4-V5 region of the 18S/16S gene (Priest et al., 2025). This approach offers 
clear advantages in terms of standardisation and broad taxonomic coverage, enabling the 
simultaneous analysis of organisms across domains of life. However, the JEDI marker relies on a 
relatively short fragment of the SSU rRNA gene, which limits its taxonomic resolution. 
Consequently, species-level annotation is often not possible, and multiple taxa may be grouped 
within the same sequence variant. This reflects a fundamental trade-off between universality and 
resolution that remains a key limitation of short-read universal markers. I hope to overcome this 
limitation by integrating the rRNA operon, which spans conserved and highly variable regions, 
including 18S, ITS, and 28S, thereby providing broad taxonomic coverage and improved 
resolution. Thanks to the development of long-read platforms such as PacBio and Nanopore, 
using longer regions as markers is now feasible and shows promising potential for metabarcoding 
studies.  

This study showed that the rRNA operon can indeed provide broad taxonomic coverage of 
eukaryotic taxa, including metazoa, plants, fungi, and unicellular life, which is not possible with 
COI and would otherwise require combining several primers and markers. Therefore, this could 
significantly reduce the work required to detect all eukaryotic diversity, standardising and 
simplifying biodiversity assessment. And whilst the taxonomic resolution is currently lagging the 
COI standard, it recovers similar sample compositions and ecological structures.  

 

Bias and limitations of other metabarcoding workflow components 
When comparing different markers, several components of the metabarcoding workflow strongly 
influence downstream results. Three of these components are the reference database, the 
chosen primers and the bioinformatic pipeline, all of which I have evaluated in this project.  

Firstly, a rich database is essential for taxonomic assignment, but even when it contains many 
reference sequences, it does not guarantee correct taxonomic assignment. I have seen significant 
variation in database size and structure across the four databases used in this study, ranging from 
2,126,400 reference sequences in the COI database to 11,935 in the ribosomal operon database 
(see Table 2: Comparison of reference database coverage across major clades”). On the other 
hand, I observed that even when reference sequences are available, an accurate assignment is 
not guaranteed. The 28S database featured more Apicomplexa reference sequences than 
Dinoflagellata, but Apicomplexa identified by 18S and the rRNA operon were labelled as 
Dinoflagellata, which is presumably a mislabel, given the nature and origin of the samples. 
Additionally, although reference sequences are available for various insect orders, only Diptera 
and Hymenoptera were recovered using the 28S marker. The reason for this is not fully clear, but 
it could be due to low identity matches, uneven taxonomic representation within these groups, or 
primer bias.  
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These findings demonstrate that database completeness alone does not ensure accurate 
taxonomic assignment, particularly when reference sequences are unevenly distributed across 
taxa or insufficiently resolved. 

A second important factor influencing the overall results is the choice of primers, which 
determines which sequences are amplified and thus detectable in downstream processing. Two 
different primer pairs were used in the workflows compared in this study. BF3 (Elbrecht et al., 
2019) and BR2 (Elbrecht and Leese, 2017) were used in the IBA study to amplify the COI region. 
The COI region shows a high degree of sequence variability, which allows for high taxonomic 
resolution but also increases the risk of primer bias, as it is more difficult to identify regions that 
are sufficiently conserved for primer binding (Krehenwinkel et al., 2017). I used 3NDf and 21R to 
amplify the rRNA operon, as shown in Figure 1: Genetic structure of the rDNA operon and primer 
binding sites”. In a previous in silico analysis, 3NDf and 21R were shown to match 91.5% and 
88.1% of all eukaryotic reference sequences from SILVA release 132 (Jamy et al., 2020), 
respectively. Whilst these primers are designed to maximise eukaryotic coverage, this indicates 
that a fraction of diversity remains undetected. Additionally, these primers have also been shown 
to recover taxa unevenly, leading to variation in diversity across groups (Jamy et al., 2020). For 
example, the absence of Thysanoptera in COI may be explained by known amplification biases 
associated with this gene. Due to its high sequence variability, COI primers often exhibit 
mismatches with certain taxa, leading to reduced amplification efficiency and taxon-specific 
underrepresentation. Previous in silico analyses have demonstrated that amplification success 
strongly depends on primer design and that Thysanoptera can be especially difficult to amplify. 
(Marquina, Andersson and Ronquist, 2019).  

Lastly, the processing of sequencing reads also affects the outcome. Decisions such as 
thresholds for quality filtering and clustering, removal of singletons, and chimera filtering affect 
whether OTU diversity and abundance are likely over- or underrepresented. Whilst the loss of 
sequence reads during the processing with DADA2 and the HAPP pipeline used in the IBA study is 
unknown, I saw an average overall loss of 75% to 91%. I identified two steps that lead to the largest 
decrease in reads: removing clusters with fewer than four sequences and taxonomic assignment. 
Whilst it can be argued that removing singletons is currently necessary due to ONT's higher error 
rate, future improvements in sequencing technology might render this step obsolete, thereby 
significantly increasing the proportion of reads that make it through the pipeline.  

For the taxonomic assignment, it was only in one marker, 28S, where, during the processing, 
another large proportion of reads was lost. This was presumably due to sequences that did not 
meet the thresholds of 70% identity and 90% query cover. However, this loss was negligible in 18S 
and rRNA analyses, indicating that with improved databases, it can be minimised.  

Despite the challenges of read loss, I demonstrated that PRiMATE, our modified version of 
BaNaNA, can process entire rRNA operon reads to achieve sufficient OTU richness and 
abundance for analysis of species composition and beta diversity. This makes it a suitable, 
standardised tool for future rRNA operon metabarcoding studies. Whilst the processing duration 
currently increases proportionally with longer reads, I hope that future modifications will reduce 
this time constraint.  
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Practicality of ONT for metabarcoding 
One core question of this study addressed the practicality of Oxford Nanopore Technology 
sequencing for metabarcoding. As short-read sequencing methods such as Illumina are not 
suitable for sequencing the entire rRNA operon, long-read sequencing solutions are required. I 
showed that using such a method, in this case ONT, is indeed practically feasible.  

Alternatives such as PacBio sequencing are also available and are currently more widely used for 
metabarcoding applications, particularly due to their higher throughput and read depth. However, 
ONT offers a distinct advantage in terms of accessibility, as it can be used as a relatively low-cost, 
mobile sequencing platform.(Srivathsan et al., 2024).  This makes it possible to sequence smaller 
numbers of samples locally, rather than relying on centralised facilities and running entire Single 
Molecular Real-Time (SMRT) Cells, which can be less practical and more expensive for smaller 
projects(Soto-Serrano et al., 2024).  

I sequenced 14 samples in 2 runs, with one run combining 12 samples simultaneously and still 
yielding sufficient read depth. According to ONT, the sample size could be increased even further 
to 24 samples per sequencing run using the Native Barcoding Kit 24 V14 I used (Nanopore store: 
Native Barcoding Kit 24 V14, 2026), although this is ultimately limited by the required sequencing 
depth per sample. And whilst this was not tested in our study, other studies have demonstrated 
the practicality of deploying the entire metabarcoding workflow in the field, which sets it apart 
from other technologies and can be a game-changer for real-life in situ biodiversity assessment 
(Tyler et al., 2023; Gygax et al., 2025).  

However, ONT sequencing also comes with some bottlenecks. Despite advances in flow cell 
chemistry, achieving the high DNA concentration required for adaptor ligation can be challenging. 
This can make the library preparation more time-consuming and technically demanding 
compared to short-read platforms as Illumina. Additionally, the number of viable pores in the flow 
cell significantly influences sequencing speed and depth. Although used pores can, in principle, 
be partially restored using a flow cell wash kit (Nanopore store: Flow Cell Wash Kit, 2026), this 
was unsuccessful in our case, and the flow cell could not be reused. 

Lastly, the higher error rate of ONT raw reads, currently about <1% (Kim et al., 2024) compared to 
Illumina with <0.1% (Illumina Inc, 2011) used for the COI analysis can lead to inflated diversity 
estimates if uncorrected. Fortunately, clustering raw reads into OTUs provides a useful alternative 
that makes the final data less sensitive to small variations caused by read errors, as highly similar 
reads will be grouped into the same cluster. And due to improvements in chemistry, very recent 
studies have been showing that Nanopore data without OTU clustering can be feasible, as 
standard denoising algorithms were able to process raw nanopore reads into error-free ASVs 
(Riisgaard-Jensen et al., 2026). 

In summary, while ONT is already usable for metabarcoding and offers unique features such as 
portability, it also has technical limitations. However, with ongoing improvements in sequencing 
accuracy and library preparation efficiency, ONT-based metabarcoding is likely to become an 
increasingly competitive alternative to established sequencing platforms, particularly for flexible 
and field-deployable biodiversity monitoring. 
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Study limitations  
As mentioned previously, the true community composition and abundance of the samples 
analysed in this study are unknown. Whilst COI is commonly accepted as the standard marker for 
arthropod metabarcoding (Hebert et al., 2003), it cannot be used as ground truth. And whilst a 
few samples of the IBA study have recently been taxonomically identified by hand, this is not 
possible for the homogenised samples that I used in our study. To better quantify the accuracy of 
the evaluated markers, a follow-up study using mock communities with known composition 
would be required. 

To gain a deeper understanding of the taxonomic limitations of COI and the rRNA operon, an in-
silico primer analysis would be beneficial. This could help determine whether the absence of 
certain taxa in the final output is due to primer bias, i.e., a lack of primer binding to the sequences 
of these taxa. Additionally, for a more balanced comparison, the COI data should be 
taxonomically assigned using a reference database that is not restricted primarily to arthropods. 

Whilst the sample features strong arthropod dominance and thus does not provide an equally 
distributed representation of eukaryotic diversity, our results still show a broad range of clades, 
indicating that non-target taxa associated with the sampled organisms are successfully detected. 

To test the significance of habitat types' effect on ecological composition, a larger and more 
balanced sampling design would improve statistical power and allow more robust inference of 
habitat-specific effects. 

Throughout this study, OTU abundance is used as a proxy for species abundance. It should be 
noted that abundance estimates based on DNA quantity are semi-quantitative, as they can be 
affected by many factors. Firstly, DNA shedding, the release of DNA into the environment, can 
differ greatly between taxa, species and even gender (Çevik and Çevik, 2025). Secondly, as 
mentioned before, PCR amplification can introduce amplification bias, leading to some 
sequences being amplified more than others (Rathod and Silverman, 2026). Lastly, the gene copy 
number variation of the marker of choice can differ. Both COI and rRNA-based markers are multi-
copy genes. Ribosomal RNA genes occur in large tandem arrays with hundreds to thousands of 
copies per genome (Kobayashi, 2011). COI is encoded in the mitochondrial genome, which is 
itself present in multiple copies per cell. This variation in copy numbers affects the abundance of 
sequencing reads, further complicating the estimation of species abundance based on DNA 
quantity (Krehenwinkel et al., 2017).  

Lastly, one aspect that should be explored in future studies is the level of taxonomic assignment. 
While this information is available for the IBA study, for example, showing that in the Swedish 
insect dataset around 50% of specimens could be identified to genus level and 34% to species 
level (Miraldo et al., 2025), comparable data have not been generated for the rRNA operon in this 
study. 

Although all matches in the reference database result in a species-level assignment, meaning that 
100% of the OTUs that passed filtering are annotated to species level, this does not necessarily 
reflect a confident assignment. Low identity scores may indicate that higher taxonomic ranks are 
correctly assigned, while species-level (and potentially even family-level) assignments may be 
unreliable. 
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Conclusion and Outlook  
This study aimed to assess the practicality of an rRNA operon–based metabarcoding workflow for 
biodiversity assessment by evaluating its individual components and benchmarking its 
performance against COI-derived data from the same environmental samples.  

Firstly, I showed that, despite lower taxonomic resolution, the rRNA operon recovered similar 
community compositions and ecological patterns to those obtained with the benchmark COI 
analysis, although it led to a lower overall count of taxonomically annotated OTUs. At the same 
time, it substantially increased taxonomic coverage, including protists, fungi, and plants, which 
could not be detected with the COI workflow. 

Secondly, I showed that ONT-based long-read sequencing presents a viable and scalable 
approach for metabarcoding of the rRNA operon. Whilst not free of trade-offs due to current 
technical constraints, it provided sufficient sequencing depth even for pooled samples. 

Considering all evaluated components, I conclude that the proposed rRNA operon 
metabarcoding workflow has strong potential to serve as a standardised and universal approach 
for eukaryotic biodiversity assessment. The combination of broadly binding primers, a multi-
marker operon integrating established barcode regions, portable long-read sequencing, and a 
customised bioinformatic pipeline enables comprehensive and flexible biodiversity analyses. In 
addition, the workflow can be adapted by using individual operon regions, such as 18S, 28S, or 
ITS, where appropriate, thereby remaining compatible with existing approaches while maintaining 
its integrative potential. 

Future work should focus on improving reference databases, which remain a key limitation for 
accurate taxonomic assignment. While this is a time-intensive task, existing databases for 
individual markers such as 18S, 28S, and ITS provide a strong foundation that can be further 
integrated and expanded. In parallel, ongoing improvements in sequencing accuracy are likely to 
reduce the error rate. With these further improvements in sequencing accuracy, particularly for 
ONT, corresponding adaptations to the PRiMATE pipeline can be implemented. For example, 
reduced error rates may allow the use of ASVs instead of OTUs, higher clustering thresholds, or 
the retention of low-abundance sequences such as singletons. These adjustments would likely 
reduce the loss of raw reads during processing and decrease computational complexity, thereby 
improving data retention and processing efficiency while maintaining high-quality output. 

Together, these developments indicate that rRNA operon–based metabarcoding, particularly 
when combined with ONT sequencing, has the potential to become a key framework for future, 
standardised biodiversity assessment across eukaryotic life. 

4. Methods 

Samples 
A subset of 14 homogenised DNA extracts from the Insect Biome Atlas (Miraldo et al., 2025) was 
used for this study. These 14 samples originate from 13 different sites across Sweden, 
representing 5 different ecosystems (see map).  The concentrations of the individual samples 
before amplification are shown in Table 5: Sample Overview.   
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Figure 10: Sampling Locations across Sweden. Map of Sweden and parts of Norway showing the 
geographic positions of all sampling sites. Colours represent habitat type at each location (alpine, 
grassland, forest, cropland, and urban), and point shapes indicate trap type (single trap or multi trap). 
Samples S11 and S12 were collected at the same location. 

Barcode Amplification and Purification 
Samples were amplified by 28-cycle PCR using the universal eukaryotic primers 3NDf and 21R 
(sequences shown in Table 4: Primers and corresponding sequences used for amplification”) 
targeting the entire ribosomal RNA operon as indicated in Figure 1: Genetic structure of the rDNA 
operon and primer binding sites”. Amplified products were visualised and verified by loading 2 µL 
of PCR product, 3 µL Nuclease-free Water, and 1 µL of loading dye onto a 0.8% gel and were 
subsequently purified using the Promega Beads (see Supplementary Material). If the sample 
concentration after purification was too low to continue with barcode adaptation, the number of 
cycles was increased to 30. If that was still insufficient, the purified product 30-cycle reaction 
product was used as a template for an additional 6-cycle amplification. 

Table 4: Primers and corresponding sequences used for amplification 

Primer Sequence Reference 
3NDf 5′-GGCAAGTCTGGTGCCAG-3′ (Cavalier-Smith et al., 2009) 
21R 5′-GACGAGGCATTTGGCTACCTT-3′ (Schwelm et al., 2016) 
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Table 5: Sample Overview 

Sample Sample 
Concentration 
(ng/µL) 

PCR 
cycl
es 

Concentration 
after PCR (ng/µL) 

Dilution for 
Sequencing (ng/µL) 

01 17.2 ng/µL 28 43 30 
02 27.4 ng/µL 28 77 30 
03 0.368 ng/µL 30+6 113 40.0 
04 5.24 ng/µL 30 66.6 30.4 
05 12.7 ng/µL 30+6 112 42.0 
06 20.9 ng/µL 28 44.8 42.2 
07 8.31 ng/µL 30+6 153 51.0 
08 30.1 ng/µL 30+6 338 48.2 
09 8.39 ng/µL 30+6 284 42.6 
10 21.4 ng/µL 30+6 174 51.6 
11 32.9 ng/µL 28 85 41.6 
12 23.7 ng/µL 28 55.1 40.0 
13 21.3 ng/µL 28 46.8 41.8 
14 15.15 ng/µL 28 46.6 41.4 

 

Library Preparation 
Samples were prepared for sequencing with the Oxford Nanopore Native Barcoding Kit 24 V14 
(SQK-NBK114.24, (Nanopore store: Native Barcoding Kit 24 V14, 2026)), following the official 
Nanopore protocol (Protocol version NBA_9168_v114_revT_02Oct2025; (Ligation sequencing 
amplicons - Native Barcoding Kit 24 V14 (SQK-NBD114.24), 2025)), with some minor alterations 
as described below.  

During the end-prep, no DNA control sample was included; thus, 12.5 µL of amplicon DNA were 
added instead of 11.5 µL. As a Hula mixer was unavailable, the samples were manually rotated 
every 2 minutes.  To avoid pellet cracking, bead purification was performed in 2 batches, each 
with 6 samples, to reduce pellet exposure time. In step 18, after resuspending in 10 µL nuclease-
free water, the pellets were resuspended by careful pipetting rather than spinning, as spinning 
either was insufficient to move the pellet to the bottom of the tube where the water is present, or, 
with stronger spinning, the pellet became insoluble. Pipetting instead created a homogenous 
resuspension.  

After ligation of the native barcodes, samples were stored at 4°C overnight, as per the protocol.  

As fragments featured a length of ca. 4.5 kbp long, the long-fragment buffer was used for adapter 
ligation during the bead-washing step. For the library dilution, 148 ng were loaded, corresponding 
to the recommended 35-50 fmol for short fragments (1-10 kbp) under the assumption of one base 

pair equaling to an average molecular weight of 660 
𝑔

𝑚𝑜𝑙
 (reference). 

𝑚𝑤 = 4500 𝑏𝑝 ∗ 660
𝑔

𝑚𝑜𝑙 ∗ 𝑏𝑝
= 2970000

𝑔

𝑚𝑜𝑙
 

𝑚 = 50 ∗ 10−15𝑚𝑜𝑙 ∗ 2970000
𝑔

𝑚𝑜𝑙
= 148 𝑛𝑔 
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Sequencing and processing  
For sequencing, the flow cell  of the type FLO-MIN114 (R10 Nanopore, Kit 14 chemistry, Nanopore 
store: MinION/GridION Flow Cell (DNA), 2025) was attached to a MinION Mk1D (Nanopore store: 
MinION Mk1D, 2026). The MiniKNOW Software (version 25.09.16) was used to start and monitor 
the run. The test run for samples 01 and 02 was run until the flow cell reached the end of life after 
73 hours, and the second run with the remaining samples was run for 72 hours. Raw nanopore 
signal data (POD5 format) were basecalled using Dorado v1.2.0 with the super-accuracy 
(sup@v.5.2.0) model. Reads were filtered during basecalling using a minimum quality score 
threshold of Q9.  

Raw sequencing reads were processed with the BaNaNA pipeline (Barcoding Nanopore Neat 
Annotator; Chwalińska et al., 2025)), which performs length and quality filtering, rRNA detection 
using Barrnap, marker extraction, clustering, and consensus sequence generation, followed by 
polishing. Reads from all samples are subsequently merged, screened for chimeras, and 
clustered into OTUs for taxonomic assignment. This approach was used for 18S and 28S analyses.  

Because BaNaNA is designed to process short-read markers from long-read sequences but 
cannot process full-length rRNA operons, I developed a customised extension termed PRiMATE 
(Pipeline for rRNA operon Metabarcoding Annotation and Taxonomic Evaluation). While initial 
steps such as filtering, clustering, consensus building, and polishing remain unchanged, PRiMATE 
differs fundamentally in how it treats rRNA genes. Instead of extracting a single marker, Barrnap 
is used to annotate reads, which are then filtered to retain the complete operon structure (18S–
5.8S–28S) and kept as full-length sequences. Subsequent clustering, chimera removal, and OTU 
inference are thus performed on operon-level sequences, and taxonomic assignment is 
conducted against a dedicated full-length rDNA operon database (ROD, Krabberød et al., 2025). 

Statistical Analysis 
All scripts for the statistical analysis are written in R, using the vegan package for rarefaction and 
NMDS Ordination, dplyr and tidyr for structuring and extracting information from tables, and 
ggplot2 for creating graphs. They can be found as R Markdown files in the supplementary material 
on https://github.com/MrLinusGreen/Supplementary_Material_Statistical_Analysis. 
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