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Autonomous Reef Monitoring Structure (ARMS) are standardized devices for sampling biodiversity in complex marine benthic habitats such as coral reefs. When coupled with DNA sequencing, these devices greatly expand our ability to document marine biodiversity. Unfortunately, the existing workflow for processing macrofaunal samples (>2-mm) in the ARMS pipeline—which involves Sanger sequencing—is expensive, laborious, and thus prohibitive for ARMS researchers. Here, we propose a faster, more cost-effective alternative by demonstrating a successful application of the MinION-based barcoding approach on the >2 mm-size fraction of ARMS samples. All data were available within 3.5–4 h, and sequencing costs relatively low at approximately US$3 per MinION barcode. We sequenced the 313-bp fragment of the cytochrome c oxidase subunit I (COI) for 725 samples on both MinION and Illumina platforms, and retrieved 507–584 overlapping barcodes. MinION barcodes were highly accurate (∼99.9%) when compared with Illumina reference barcodes. Molecular operational taxonomic units inferred between MinION and Illumina barcodes were consistently stable, and match ratios demonstrated highly congruent clustering patterns (≥0.96). Our method would make ARMS more accessible to researchers, and greatly expedite the processing of macrofaunal samples; it can also be easily applied to other small-to-moderate DNA barcoding projects (<10,000 specimens) for rapid species identification and discovery.
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INTRODUCTION

An estimated 80% of living species remain unknown to science, including up to 90% of the world’s marine species (Mora et al., 2011; Appeltans et al., 2012; Wilson, 2017). In the context of accelerating global change, there is an urgent need to more rapidly discover and assess species diversity, given that rates of species losses are predicted to occur faster than we can document them (Costello and Wilson, 2011). Fostered by the need to expedite species discovery, marine researchers have proposed the use of the Autonomous Reef Monitoring Structure (ARMS), a standardized sampling tool that enables comprehensive documentation of marine biodiversity beyond standard indicator species (Plaisance et al., 2011a; Leray and Knowlton, 2015). Briefly, ARMS are designed to mimic the structural complexity of coral reefs and are commonly deployed on the marine benthos for a length of time to allow marine organisms to colonize before subsequent retrieval (Knowlton et al., 2010). All organisms on the units are then DNA-sequenced for species identification and quantification (Leray and Knowlton, 2015). Globally, approximately 1,700 ARMS units have been deployed under the Global ARMS Program1, an initiative helmed by the Smithsonian National Museum of Natural History that encourages the deployment of ARMS around the world with the aim of consolidating and making all ARMS-related data available. Notably, ARMS have become a widely utilized method for assessing benthic diversity in many shallow marine systems (Plaisance et al., 2011a, b; Leray and Knowlton, 2015; Al-Rshaidat et al., 2016; Hurley et al., 2016; Pearman et al., 2016, 2018, 2019; Pennesi and Danovaro, 2017; Ransome et al., 2017; Carvalho et al., 2019; David et al., 2019; Hazeri et al., 2019).

One of the most common criticisms of utilizing ARMS is the high sequencing costs (Danovaro et al., 2016). A standard ARMS sequencing workflow (see Leray and Knowlton, 2015) involves removing all fauna from ARMS and sorting into either sessile or motile fractions, with the motile fraction being further subdivided into three distinct size ranges (i.e., >2-mm, 500-μm–2-mm, 106–500-μm; Figure 1). Specimens sorted into the largest size range (>2-mm) of the motile fraction are barcoded via Sanger sequencing while the other fractions undergo metabarcoding (Figure 1). While the former is done to retain sample-sequence association for the >2-mm size fraction (Leray and Knowlton, 2015), it has never been clear why Sanger sequencing was chosen over more advanced barcoding methods [i.e., next-generation sequencing (NGS); Shokralla et al., 2014; Meier et al., 2016], especially given that other size fractions already undergo NGS metabarcoding (Leray and Knowlton, 2015). Additionally, NGS has already proven to have near-perfect accuracy (≥99%) when benchmarked against Sanger sequencing (Baudhuin et al., 2015; Beck et al., 2016). Sequencing, however, typically requires access to a well-equipped molecular laboratory (Glenn, 2011; Quail et al., 2012), and Sanger costs remain high at US$18 per sample (Meier et al., 2016), making ARMS sequencing an expensive endeavor. Consequently, researchers have resorted to using imaging techniques and morphological examination of the ARMS plates as an alternative to assessing biodiversity (Hurley et al., 2016; David et al., 2019), despite morphology-based approaches being less cost-effective (Hayes et al., 2005). Sanger sequencing costs may also be the reason there is a decreasing representation of >2-mm size fractions (Supplementary Table S1), suggesting that a considerable component of marine fauna remains potentially undiscovered. Fortunately, sequencing technologies are rapidly improving, and the rise of third-generation sequencers aimed at democratizing sequencing to the masses (Mikheyev and Tin, 2014) are now challenging the dominance of second-generation mainstays like Illumina. One such innovation is the MinION sequencer, and it offers a potential solution to making research into the >2-mm size fraction more accessible for ARMS researchers.
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FIGURE 1. The ARMS processing workflow by Leray and Knowlton (2015). We replaced Sanger sequencing of >2-mm specimens with nanopore barcoding highlighted in bold.


The MinION is a small handheld sequencer that was introduced in 2014 by Oxford Nanopore Technologies (ONT). MinION’s release was significant for nucleic acid sequencing for several reasons: (1) its lower entry and per base sequencing cost, compared to second-generation sequencing technologies, (2) its ability to perform long-read sequencing, which is ideal for genome assemblies, (3) its compact size and portability, and (4) its ability to generate data real-time (Mikheyev and Tin, 2014). However, despite these promising advantages, nanopore sequencing remains hampered by its fairly high raw read error rate. For example, raw MinION read accuracies were 65–88% in its initial launch phase (Lu et al., 2016), but ongoing improvements in flow cell chemistry have increased the average read accuracy to ∼90% for the R9.4 flow cells (Tyler et al., 2018; Wick et al., 2019). Further, new error-correction pipelines for barcoding have since emerged, including the miniBarcoder (Srivathsan et al., 2018, 2019), minibar (Krehenwinkel et al., 2019a), ONTrack (Maestri et al., 2019), and SAIGA (Seah et al., 2020), which allow users to capitalize on nanopore sequencing advantages while keeping error rates low.

Given the recent advances in sequencing technology, we propose that the MinION-based barcoding approach can also be applied to ARMS research, specifically to process >2-mm samples in place of Sanger sequencing. We demonstrate this through application of the miniBarcoder pipeline (Srivathsan et al., 2018) on >2-mm samples collected from ARMS units deployed in Singapore. This pipeline was chosen because its utility has been thoroughly demonstrated on insects (Srivathsan et al., 2018, 2019) and seafood (Ho et al., 2020), and here we extend its applicability to a more taxonomically diverse sample set. We posit that the MinION method is more cost-efficient and will enable a much faster ‘sample-to-sequence’ workflow for ARMS researchers, with the added advantage of scalability depending on individual project requirements. This makes MinION-based barcoding a highly useful tool for any small-to-moderate (<10,000 samples) specimen-rich biodiversity barcoding endeavors.



MATERIALS AND METHODS


Deployment, Retrieval, and Processing of ARMS Units

Four sets of three ARMS units were deployed across four sites in the Southern Islands of Singapore for 2 years from July 2016 to July 2018. The ARMS units were processed according to Leray and Knowlton (2015). Collections were authorized by the National Parks Board (permit number NP/RP15-088). The >2-mm samples were vouchered individually and classified by morpho-phylum during the disassembly and sorting phase. Classifications were recorded for downstream congruence checks with molecular data (see below). Samples were handled according to NUS Institutional Animal Care and Use Committee (IACUC) guidelines (IACUC Protocol B15-1403).



DNA Extraction and Gene Amplification

Genomic extractions were performed using the abGenixTM automated DNA and RNA extraction system (AITbiotech Pte Ltd, Singapore), using the Animal Tissue Genomic DNA Extraction kit according to manufacturer’s instructions. All samples were processed separately.

We targeted the 313-bp region of cytochrome c oxidase subunit I (COI) gene because mini-barcodes were shown to perform just as well as the full-length barcodes for species-level identifications, and that loss in length for >200-bp barcodes did not result in demonstrable loss of information (Yeo et al., 2020). We did not adopt the conventional barcoding primers (i.e., LCO1490/HCO2198; Folmer et al., 1994) because of its known poor amplification success with marine fauna (Leray et al., 2013; Lobo et al., 2013; Ip et al., 2019). The MinION sequencing platform was benchmarked against Illumina NGS technology as the latter has already been validated to be just as accurate as Sanger sequencing (Baudhuin et al., 2015; Beck et al., 2016). We thus reasoned it was unnecessary to generate Sanger barcodes for comparison. PCR amplification was done using the mlCOIintF: 5′-GGWACWGGWTGAACWGTWTAYCCYCC-3′ (Leray et al., 2013) and LoboR1: 5′-TAAACYTCWGGRTGWCCRAARAAYCA-3′ (Lobo et al., 2013) primer combination. This primer set was chosen over conventional metabarcoding primer pair, mlCOIintF, and jgHCO2198 (Geller et al., 2013; see also Wangensteen et al., 2018), as the inclusion of inosine bases in the latter primer raised cost (Meier et al., 2016). We thus opted for the LoboR1 primer as the substitution of inosine bases with wobble bases decreased the primer cost by 4×. Furthermore, this primer pair had also achieved ≥95% amplification success in an earlier study by Ip et al. (2019), making it a suitable alternative primer to pair with mlCOIintF for barcoding marine fauna.

Our Leray-Lobo PCR primers were tagged with 8-bp barcode tags on the 5′ end to allow for downstream demultiplexing (Meier et al., 2016). Multiplexing was performed at the sample level, and both the forward and reverse tags were unique to each specimen. Each PCR reaction comprised 2 uL of template DNA, 2 uL each of 10 uM primer, 1 uL of magnesium chloride, 1 uL of bovine serum albumin (1 mg/mL), 12.5 uL of GoTaq Green Master Mix (Promega), and topped up to 25 uL with sterile water. The thermal cycling profile used was as follows: 94°C for 60 s; 5 cycles of 94°C for 30 s, 48°C for 120 s, 72°C for 60 s, followed by 30 cycles of 94°C for 30 s, 54°C for 120 s, 72°C for 60 s, and a final extension for 5 min at 72°C. A subset of products were run on 2% agarose gels stained with GelRed (Cambridge Bioscience) to ensure amplification success, while all negative controls were screened to ensure they were clean.

We then pooled a total of 767 PCR products into nine separate pools. Pooling was done by plate as we had up to 96 unique barcode tag combinations (i.e., one library per pool, for a total of nine pools for each sequencing platform). The amplicon pools were then cleaned separately using 1.1× Sera-MagTM Magnetic SpeedBeadsTM (GE Healthcare Life Sciences) in 18% polyethylene glycol-8000 (PEG-8000) buffer (1 M NaCl, 10 nM Tris-HCl, 1 nM EDTA, pH 8). The same purified amplicon pools were then used for both Illumina and MinION sequencing to allow for direct comparison of sequencing accuracy between platforms. Illumina sequencing technology, especially MiSeq, is known to be highly accurate (Loman et al., 2012; Fox et al., 2014), thereby serving as a suitable reference baseline to determine accuracy of MinION barcodes.



MinION Barcoding

We prepared two different sets of amplicon pools for MinION sequencing. The first set comprised a single library pool with 96 amplicons, while the eight remaining libraries made up the second set. The first run was intended as a pilot test, and we only proceeded with the second run after confirming that the first run was successful. Future studies that employ MinION-based barcoding for ARMS with similar sample sizes should note that one flowcell would suffice. About 300 ng and 700 ng of starting material were used for the first and second sets, respectively. MinION libraries were prepared using the Ligation Sequencing Kit (SQK-LSK109), with the following modifications: (1) end-repair and dA-tailing reactions were incubated in a thermocycler at 20°C for 30 min, followed by 65°C for 30 min, and (2) ligation reactions were incubated in the thermocycler for 15 min at 20°C. An additional multiplexing step was performed at the library-level for the second set using the Native Barcoding Expansion (1-12; EXP-NDB-104), using the same modifications described above. To improve library preparation efficiency, we extended the time taken for end-repair and adapter ligation as preliminary trials using the manufacturer’s protocol resulted in library failure, with little to no sequencing occurring even as numerous pores were available. Library preparation took approximately 2 h for the first set and 4–5 h for the second set. Sequencing was performed on two separate R9.4.1. flow cells on MinKNOW for Ubuntu 18 (v4.0.5), and each instance was run for 24 h.



Illumina Barcoding

For Illumina-based validation, we prepared PCR-free libraries using NEBNext Ultra II DNA library prep kit (New England Biolabs), but with TruSeq DNA Single Indexes (Set B, Illumina), following the manufacturers’ instructions up till the adapter ligation step. Libraries were then cleaned using 1.1× Sera-Mag PEG suspension before final pooling in equimolar ratios and subsequent sequencing over one lane of Illumina MiSeq platform (251 × 251-bp) at the Genome Institute of Singapore.



Bioinformatics Pipeline

For MinION reads, the raw fast5 files were uploaded onto a computer cluster for basecalling (guppy version 3.1.5+781ed57). For both datasets, no quality filtering criteria (–min_score 0) was applied during the basecalling process. For the second flow cell, guppy_barcoder was used to further demultiplex basecalled reads by native barcodes. The MinION reads were then analyzed using the miniBarcoder.py script (Srivathsan et al., 2018). We performed the recommended full search (-D 0) on the dataset using the unique tag mode (-m 1), which permitted only 1-bp mismatch between tags (Srivathsan et al., 2018). Because our tags were shorter, we also performed two different variations of the unique tag search; (i) ‘full,’ and (ii) ‘half’ (see Supplementary Table S2). The latter setting was run to minimize the likelihood of erroneous demultiplexing by preventing binning of reads that had only mutant tags. Any resulting MAFFT barcode that had <10× read coverage and >1% of ambiguous bases called as Ns were also removed. For generating RACON barcodes, we mapped the raw reads back onto the MAFFT barcode using GraphMap v0.5.2 (Sović et al., 2016), and then generated a consensus barcode using RACON v1.3.3 (Vaser et al., 2017). We adhered to the max error rate of 0.15 in GraphMap that was suggested for 1D reads (Srivathsan et al., 2019). Both MAFFT and RACON barcodes were then subjected to amino acid correction (Srivathsan et al., 2018), using publicly available sequences on GenBank (nt database downloaded 16th July 2019) to yield MAFFT+AA and RACON+AA barcodes, respectively. As our sample set consisted of fauna from different phyla, the appropriate genetic code (option -g) needed to be applied in the correction process. We used code 2 for vertebrate, code 4 for Cnidaria, code 5 for invertebrate, and code 9 for echinoderm and flatworm samples. We also varied the namino option (Srivathsan et al., 2019) from 1 to 3; this setting determines the number of flanking amino acids to be used in the correction process. The final step was to align the MAFFT+AA and RACON+AA barcodes and perform strict consensus calling using the consolidate.py script to derive what Srivathsan et al. (2018, 2019) refer to as “consolidated barcodes.”

For Illumina-based barcoding, we ran a modified bioinformatics pipeline from Sze et al. (2018) and Leveque et al. (2019). Briefly, paired-end reads were merged using PEAR v0.9.11 (Zhang et al., 2014), and OBITools v1.2.11 (Boyer et al., 2016) was used for demultiplexing and further downstream processing of assembled reads. All the steps were similar, except that instead of running obisplit after obiuniq to distribute reads to samples, we used obisubset. Both obisplit and obisubset perform similar functions, but we chose to use the latter module as it was designed specifically to be applied post-obiuniq (Boyer et al., 2016). We applied the following quality filtering criteria to consider the derived Illumina barcodes as valid: (1) total reads assigned to a sample needed a minimum 10× coverage, and (2) if there were secondary reads assigned to that sample, the dominant read needed to be at least five times more abundant than the next most dominant sequence (Srivathsan et al., 2018). A translation check was then performed on Geneious R11 v11.1.5 (Kearse et al., 2012); this was to ensure our Illumina reference sequences were of mitochondrial origin.



MinION Barcode Accuracy and Clustering Congruence

As the primary aim of this paper was to showcase the feasibility of MinION-based barcoding in ARMS research, we focused our analysis on demonstrating the reliability of error-corrected MinION barcodes rather than drawing any ecological- or community-level inferences from our results.

Both the MinION and Illumina barcodes were screened for contamination using BLASTn (Camacho et al., 2009) against the same nt database used previously for error-correction of MinION barcodes. BLAST hits that had at least 70% BLAST match to the database and a minimum 250-bp overlap were parsed through readsidentifier v1.0 (Srivathsan et al., 2015). We used the MAFFT dataset as it was the largest barcode dataset, and retrospectively filtered the other datasets for contaminants. For our contamination check, we used the morpho-phylum classifications made during the sample vouchering process to match against taxonomic output from readsidentifier. Samples that failed this congruence check were followed-up with voucher examinations to check for potential wrong morpho-phylum assignments (i.e., pre-sorting error). If pre-sorting error was deemed unlikely, the barcode was subsequently removed from the dataset. Any barcode that matched a non-metazoan sequence (e.g., bacteria) was also excluded.

We assessed sequencing accuracy of our clean MinION barcodes with the Illumina reference barcodes using the assess_corrbarcodes_wref.py and assess_uncorrbarcodes_wref.py scripts; accuracy is defined as the number of perfect matches over the total number of bases compared (Srivathsan et al., 2018, 2019). Any MinION barcode that differed from its Illumina reference by >3% was deemed erroneous and removed; this was because the same amplicon pools were used, and hence, derived barcodes should be identical regardless of platform used. Any differences, if any, could indicate erroneous binning of MinION reads into the wrong sample (i.e., demultiplexing error).

We then determined whether the two sequencing approaches differed in the number of molecular operational taxonomic units (MOTUs) attained. Overlapping Illumina and MinION barcodes from each dataset were separately aligned on MAFFT v7.407 (Katoh and Standley, 2013) under default parameters. Objective clustering was carried out with gaps treated as missing data, grouping sequences into MOTUs based on uncorrected p-distances, testing thresholds of 2–4% (Meier et al., 2006; Srivathsan and Meier, 2012). We then performed a match ratio check to investigate if MinION clustered in the same way as Illumina barcodes (Ahrens et al., 2016; Srivathsan et al., 2019; Yeo et al., 2020).



Macrofaunal Biodiversity of ARMS

We evaluated barcode accuracy and MOTU congruence performance across the MinION-generated datasets to select the best-performing consolidated barcode dataset for biodiversity analysis. Objective clustering was performed on the chosen dataset (in full) at 3% clustering threshold, with resultant MOTUs subjected to BLASTn. Only BLAST hits that had at least 80% match to the nt database, and had a minimum overlap of 250-bp parsed through readsidentifier to obtain taxonomic identities. We then performed a morphological examination of randomly selected MOTUs to check if identities and MOTU members made sense.



Sequencing Costs

We also calculated the sequencing costs associated with both MinION and Illumina to examine how they compared with the Sanger method. Our calculations did not consider the entry cost of sequencing hardware (i.e., the price of a MinION sequencer or Illumina MiSeq), which we assumed were readily accessible. For MinION sequencing, we assumed that reagents and flow cells were purchased separately because this provides a more meaningful gauge as the MinION starter pack is usually a one-time purchase for most users. For Illumina sequencing, we used publicly available sequencing costs2.



RESULTS


Macrofaunal Fraction of ARMS

We obtained 725 specimens, representing seven different phyla, from 12 ARMS units across four reef sites in Singapore. Samples were largely dominated by arthropods (314 samples), followed by molluscs (148 samples) and annelids (147 samples; Figure 2). In sum, 767 amplicons, comprising 725 specimens and 42 negative controls were sequenced on both Illumina and MinION platforms.
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FIGURE 2. Total diversity obtained from ARMS across the different phyla (A) by abundance, showing the total number of samples obtained (“All”), number of barcodes obtained at the consolidated stage, namino = 1 setting (“Barcoded”), and number of consolidated barcodes with species-level identification at ≥97% (“Identified”), and (B) by proportion, showing “Barcoded,” “Identified” and samples that did not amplify (“Failed”).




MinION Barcoding

The first MinION flow cell generated 17,912,094 reads. As processing the entire dataset was computationally intensive, we subsampled the data at the 15-min mark of sequencing to obtain the first 280,000 reads. The second flow cell had terminated prematurely after 3 h and generated 958,112 reads. This was probably caused by the presence of contaminants (likely residual ethanol from the bead clean up) that interfered with library preparation efficiency. Given that Srivathsan et al. (2018) obtained 98% of their barcodes (for ∼500 samples) at 100× coverage within 2 h of sequencing, we proceeded with downstream analysis for our own run as a 3 h run was expected to be sufficient for our marginally larger sample size. The combined dataset comprised 1,238,112 raw reads, of which 1,091,301 reads remained after guppy_barcoder (Table 1).


TABLE 1. Reads and barcodes obtained across the different datasets.

[image: Table 1]We achieved 39 or 49% demultiplexing success depending on the criteria used (Table 1), with the ‘full’ and ‘half’ dataset capturing 608,603 and 489,899 reads, respectively. Despite these differences, we obtained ∼760 preliminary MAFFT barcodes across both datasets. Although the ‘full’ dataset yielded more preliminary MAFFT barcodes, it retained ∼20 fewer barcodes compared to the ‘half’ dataset after filtering for >1% ambiguous bases. We then ran the entire miniBarcoder pipeline for all datasets, and found that while the ‘half’ dataset consistently had more barcodes than the ‘full’ dataset, MOTUs obtained were found to be highly similar (Table 1). We present results based on the ‘half’ dataset as it was the larger barcode dataset.

We obtained 649 MAFFT and RACON barcodes from the ‘half’ dataset, with read coverage per sample ranging from 27 to 4,181 (Supplementary Figure S1). After amino acid correction, 639 MAFFT+AA barcodes and 641 RACON+AA barcodes remained; these corrected barcodes were then consolidated to obtain 561 consolidated barcodes (Table 1). All three types of error-corrected barcodes still retained a low number of ambiguities (coded as Ns), with MAFFT+AA barcodes having the most, and consolidated barcodes having the least ambiguities (Figure 3). Overall, MinION barcoding success was 77.4% (561 out of 725 specimens). None of the 42 negative controls passed the Ns-filter stage of the MAFFT barcode step. Of the 561 consolidated barcodes, a further 48 barcodes were removed because they failed the morpho-phylum and barcode congruence check. Failure was attributed to cross-contamination after confirmatory checks with the vouchers. Notably, the same 48 samples failed on the Illumina platform. No barcode was found to have top BLAST hit to non-metazoan sequences. We retained 513–514 consolidated barcodes for further analysis.
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FIGURE 3. Ambiguities remaining in the three types of error-corrected MinION barcodes: MAFFTT+AA (red), RACON+AA (blue), and consolidated (purple) across varying namino settings (1–3).




Comparing MinION and Illumina Barcodes

For our Illumina reference barcodes, 21,854,748 reads were generated on one MiSeq lane; 645 barcodes remained after applying sequencing filters. Five barcodes failed the translation check and were removed; 640 Illumina reference barcodes remained.

In terms of sequencing accuracy, we found all MinION datasets had near-perfect barcode accuracy when compared with Illumina barcodes, scoring at least 99.95% for accuracy; with the MAFFT dataset achieving 100% accuracy (Table 2). In addition, no MinION barcode had >3% mismatch when evaluated against the Illumina reference. MAFFT barcodes generally had few to no mismatches, while RACON barcodes were marginally less accurate than MAFFT barcodes (Table 2). The uncorrected barcode datasets scored higher on accuracy, but a fair proportion of them (>100 samples for each barcode dataset) had internal gaps. The error-correction pipeline was able to resolve this issue such that only 6–13 samples had gaps. It was the consolidated datasets that yielded the most barcodes with no gaps and the fewest mismatches (Table 2).


TABLE 2. Accuracy and gaps observed when MinION barcodes from the ‘half’ dataset were compared with Illumina barcodes.

[image: Table 2]The MOTUs obtained from objective clustering for MinION and Illumina barcode datasets were highly congruent, differing by up to just four MOTUs depending on the dataset (Table 3). MOTUs obtained were also fairly stable across the 2–4% p-distance thresholds tested for both sequencing datasets. Match ratios were also very high (≥0.96) across the datasets (Table 3). Again, the consolidated barcodes performed the best, with the same number of MOTUs obtained, and perfect match ratios.


TABLE 3. The number of molecular operational taxonomic units (MOTUs) obtained for each overlapping dataset at 2–4% threshold, and the differences in MOTUs between MinION (‘half” dataset) and Illumina datasets.

[image: Table 3]We ultimately selected the consolidated barcodes (namino = 1) dataset for biological analysis, taking into consideration that it was highly accurate (99.989%), had the least samples with internal gaps, no differences in MOTUs obtained when compared to Illumina references, and had perfect match ratios across different clustering thresholds (Tables 2, 3). While the namino = 2 consolidated barcode dataset performed similarly well, the namino = 1 dataset was chosen because it contained less ambiguities (Figure 3). We obtained 513 clean MinION barcodes with the namino = 1 consolidated barcode dataset, representing 138 MOTUs at 3% objective clustering threshold (Table 1). Only 26 of the 138 MOTUs could be delimited to species at ≥97% sequence similarity, of which 16 had species-level identification. Molluscan samples (six MOTUs) had the highest identification success to species-level, followed by Arthropoda (five MOTUs; Figure 2). A similar pattern of identification success was noted previously by Ip et al. (2019).



Sequencing Costs

Overall, the per sample costs for both Illumina and MinION sequencing was found to be six-fold cheaper than the Sanger method (Table 4), costing an estimated US$3 per barcode. MinION barcodes were marginally more expensive than Illumina barcodes (US$3.27 vs. US$3.15) in this study. The higher cost was attributable to the additional flow cell and reagents used in this study; had we not used them, the MinION barcodes would have cost US$1.91 (Table 4).


TABLE 4. Cost comparison between MinION, Illumina and Sanger sequencing for this study.
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DISCUSSION


Cost- and Time-Savings With MinION-Based Barcoding

We here demonstrate a successful application of the MinION-based barcoding pipeline to process >2-mm samples from ARMS units deployed on tropical coral reefs. Our strategy is advantageous to researchers using ARMS due to cost and time savings, as well as the low outlay of sequencing equipment. We expect that this improved barcoding strategy will help sustain or generate newfound interest in the >2-mm sized fraction of ARMS, given its declining representation in recent years (Supplementary Table S1).

Most importantly, the costs involved in MinION sequencing are inversely related to the sample size, and what makes MinION barcoding so suited for ARMS is that sample sizes are just right for MinION barcoding to be fast and cost-effective. The abundance of >2-mm organisms from past studies ranged from several hundred (Plaisance et al., 2011a; Al-Rshaidat et al., 2016; Pearman et al., 2018) to the thousands (Plaisance et al., 2011b; Leray and Knowlton, 2015; Supplementary Table S1). Previously, such sample sizes would have been too small to be multiplexed cost-effectively on an Illumina or PacBio flow cell—one would need >10,000 specimens with Illumina NGS barcoding for US$1 barcodes (Meier et al., 2016; Srivathsan et al., 2018)—but large enough that Sanger sequencing becomes laborious and cost-prohibitive. MinION-barcoding thus becomes ideal for ARMS researchers (or any other barcoding project) because it caters to projects with small to moderate sample sizes. For example, Srivathsan et al. (2019) demonstrated sequencing costs as low as <US$0.35 per sample for ∼3,500 specimens on a single flow cell. In this study, our total amplicon size (767) using the MinION barcode costs more at US$3 per sample, but would be considerably cheaper (US$1.91 per sample) had we used a single flow cell (Table 4). Nevertheless, MinION barcoding (and even Illumina barcoding) remains considerably cheaper than Sanger barcoding (≥US$18 per barcode; Table 4; Meier et al., 2016). Furthermore, the ability to multiplex numerous samples on a flow cell saves considerable time. In this study, we obtained ∼700 preliminary barcodes in 3.5 h, whereas the Sanger method for the equivalent sample size would take ∼18 h. This is attributable to the laborious preparatory bench work of the latter, where sample pooling is not possible, and samples have to be processed in batches. By employing a multiplexing strategy in MinION barcoding as described here and in Srivathsan et al. (2018, 2019), all the amplicons can be processed into a single library at one time. Overall, MinION barcoding is cheaper and faster for processing a larger number of samples than the present Sanger workflow for the ARMS > 2-mm fraction.

Relatedly, the MinION hardware is also comparatively cheaper to obtain than most sequencers (e.g., ABI capillary or Illumina), with a starter pack costing approximately US$1,000. Most molecular laboratories would already have access to basic laboratory equipment (e.g., thermocyclers), so there is no additional hardware required to perform MinION barcoding. Moreover, the minimal computational prerequisites for the miniBarcoder pipeline further enhance the attractiveness of MinION barcoding. We completed the entire analysis pipeline on a 4-core computer (32 Gb RAM) within 1 week, meaning that a conventional laptop or desktop is sufficient. Additionally, the plug-and-play nature of the software makes it intuitive for users, who need only basic proficiency in the Ubuntu environment.



MinION Barcodes Are Viable

Furthermore, the miniBarcoder pipeline affords flexibility while remaining scientifically robust. First, the miniBarcoder pipeline was able to accommodate our use of shorter tags (8-bp vs. 13-bp); the fact that none of our MinION barcodes differed by >3% from their Illumina references suggests high demultiplexing success, and that any failures in morpho-phylum and barcode congruence checks on both platforms were due to wet-lab errors. Notably, our second flow cell had two levels of multiplexing; the first at the sample level via tagged primers, and the second at the library level via ONT native barcodes, which may increase margins for demultiplexing error, but we did not observe this occurring with our dataset, further demonstrating high demultiplexing fidelity. Second, we successfully used different settings during the unique tag search to increase barcode recovery (Supplementary Table S2). Despite lower demultiplexing success, we recovered a higher number of MAFFT N-filtered barcodes from the ‘half’ rather than ‘full’ dataset (Table 1). We posit that accepting mutant tags introduced more erroneous reads per sample in the ‘full’ dataset, which increased the number of ambiguous bases during the majority consensus calling step when generating preliminary MAFFT barcodes and led to their subsequent removal. This suggests that read quality rather than number of demultiplexed reads is more important for recovering barcodes. We thus recommend that users toggle between settings to maximize barcode retrieval. Such tests do not take long and would translate to cost savings by reducing the need for re-sequencing. Third, we successfully applied the barcoding pipeline to a broad spectrum of >2-mm specimens, representing seven different phyla (Figure 2), and managed to recover 513 consolidated MinION barcodes. This was possible through the careful application of the appropriate mitochondrial genetic code in the error-correction step. Our amplification and identification success rates were similar to a previous barcoding study by Ip et al. (2019), which employed a combination of Sanger and Illumina barcoding, further exemplifying that MinION barcodes are viable and that performance success is defined more by primer choice rather than sequencing platform.

In order for MinION barcoding to perform optimally, successful library preparation is key. We found that extending the incubation times for end-repair and adapter ligation (see the section “MinION Barcoding”) improved library preparation success, a step that was also performed by Seah et al. (2020), albeit with slightly different lengths of time. This appears to be library-dependent as Srivathsan et al. (2019) did not require any modifications. ARMS researchers can adopt our incubation settings or conduct their own optimization runs, which would extend the time needed for library preparation, but that extra time is negligible compared to the time and labor saved in lieu of Sanger sequencing. Another crucial factor to note is input library quality, as nanopore sequencing is sensitive to contaminants. In particular, the premature termination of our second run was probably caused by the presence of contaminants, likely due to residual ethanol from the bead wash step. We suggest that a short (1–2 min) vacuum-drying step would safeguard against residual ethanol contamination, but also caution that over-drying could be as detrimental as under-drying. Researchers concerned about potential contaminants in their input DNA can opt for prior cleanup (at the expense of some DNA loss) with specialized kits like DNA Clean and Concentrator (Zymo Research; e.g., Quek et al., 2019, 2020) to enhance library preparation success.



MinION-in-ARMS: (Meta)Barcoding and Beyond

We here describe an improved workflow for barcoding the >2-mm sized fraction with the MinION sequencer (Figure 1). There are, however, other size-fractions involved (106–500-μm, and 500-μm–2-mm) in ARMS and it presently remains untested whether MinION sequencing can be applied to metabarcoding of the other size fractions. The miniBarcoder has been successfully applied to mixed food items, essentially small-scaled metabarcoding samples, but the reads had to be first parsed by identity and then manually grouped before consensus calling to obtain MAFFT barcodes (Ho et al., 2020). It remains unclear how the miniBarcoder pipeline would fare when scaling up to metabarcoding ARMS samples, where the entire tree of life is represented. Presently, there is no established nanopore metabarcoding pipeline for metazoans. Further work should thus also assess how other nanopore barcoding workflows such as ONTrack (Maestri et al., 2019) or existing Illumina-based metabarcoding pipelines such as DAD2 (Callahan et al., 2016) and UNOISE2 (Edgar, 2016) perform with nanopore metabarcoding reads. Specifically, it is necessary to evaluate if these programs can take into account the sequencing error rate and still differentiate truly biologically divergent metabarcoding reads (Krehenwinkel et al., 2019b). Fortunately, nanopore sequencing chemistry continues to improve, and it would be interesting to investigate how the recently released R10.3 flow cell, which purportedly produces more accurate reads, fares in MinION sequencing. The release of higher-throughput sequencers like GridION and PromethION also opens up exciting possibilities for deeper sequencing, that when accompanied with more accurate sequencing chemistry, may allow for nanopore metabarcoding in the near future.

Autonomous Reef Monitoring Structure research presents a curious situation, and is possibly one of the rare few DNA sequencing projects where the different sub-groups undergo different types of sequencing. The >2-mm sized fraction is the only group to undergo DNA barcoding, and is the only group where individual specimens are photographed (Leray and Knowlton, 2015). In that regard, we ultimately opted for a MinION barcoding approach for the >2-mm size fraction over bulk-sample metabarcoding (as with the other size fractions) in order to remain true to the intended design of ARMS, which is to retain sequence-to-sample association (Leray and Knowlton, 2015). Such an approach will be helpful for the confirmation of previous species records, as demonstrated in other studies (Huang et al., 2014; Poquita-Du et al., 2017, 2019; Yip et al., 2018; Ng et al., 2019; Oh et al., 2019) and voucher-sequence matching would facilitate downstream integrative taxonomic work to either resolve cryptic species complexes (Bickford et al., 2007; Chang et al., 2018; Chan et al., 2019), or even describe new species (Srivathsan et al., 2019). The fact that our samples remain largely unidentifiable (only 12% of MOTUs could be identified to species at ≥97% sequence similarity) further impresses the need for postliminary taxonomic work to establish species-level identity—whether they are existing or new species—and add new information to DNA barcode repositories (e.g., Kutty et al., 2018; Ip et al., 2019). We emphasize that many of our samples remain unidentified due to lack of robust online database matches rather than the ambiguities that persist in the MinION barcodes after error-correction (Figure 3); the latter of which has been demonstrated to be of minor concern (Srivathsan et al., 2018, 2019; Ho et al., 2020). The improved sequencing chemistry in R10.3 flowcells would hopefully improve MinION barcode quality, and in turn, encourage more widespread adoption of the method. The need to better integrate sequence data and anchor it to taxonomy is a main reason why we do not subject the >2-mm size fraction to bulk metabarcoding. The proposed MinION-barcoding approach thus offers a new window of opportunity to process the macrofaunal section faster, while leaving room for subsequent integrative taxonomic work because sequence-to-sample information is retained.



CONCLUSION

We here proposed MinION-based barcoding as an alternative sequencing approach to the initial pipeline (Leray and Knowlton, 2015) for rapid processing of the >2-mm size fraction involving hundreds to thousands of specimens. We have demonstrated that MinION-based barcoding is viable and highly accurate, by comparing our MinION barcodes to Illumina references generated from the same library pools. The few ambiguities that persist in the error-corrected MinION barcodes do not compromise biological inferences. MinION barcodes also exhibit congruent clustering patterns with reference barcodes, are cheaper than the existing Sanger barcodes, and an entire dataset of ∼700 barcodes can be easily obtained in under 4 h. We conclude that this method would most certainly streamline the workflow for processing ARMS samples, while still retaining the much needed sample-to-sequence information that is valuable for follow-up integrative taxonomic work. Beyond ARMS, MinION barcoding can also be easily applied in other small-to-moderate DNA barcoding projects (<10,000 specimens) for rapid species identification and discovery. We encourage researchers working on such small-to-moderate biodiversity barcoding endeavors to not only incorporate MinION-based barcoding into their research, but to also continually innovate and find ways to improve existing workflows. The faster we are able to generate barcodes, the sooner the integrative taxonomic work and ecological analyses of marine biodiversity can begin.
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Barcode No. of barcodes MOTUs obtained MOTU Difference Match ratio
(MinlON/Illumina) (MinlON-lllumina)
2% 3% 4% 2% 3% 4% 2% 3% 4%

MAFFT Ns-filter 584 163/164 157/156 152/151 -1 1 1 0.979 0.971 0.990
RACON 584 162/160 153/156 150/151 2 -3 —1 0.981 0.977 0.990
MAFFT+AA (namino = 1) 576 1568/160 1561/152 147/148 -2 —1 -1 0.981 0.990 0.990
MAFFT4+AA (namino = 2) 576 1568/160 1561/1562 147/148 -2 -1 —1 0.981 0.990 0.990
MAFFT+AA (namino = 3) 576 158/160 151/152 147/148 -2 -1 —1 0.981 0.990 0.990
RACON+AA (namino = 1) 577 156/160 152/152 148/148 —4 0 0 0.962 1.000 1.000
RACON+AA (namino = 2) 577 161/160 152/152 148/148 1 0 0 0.990 1.000 1.000
RACON+AA (namino = 3) 577 160/160 152/152 148/148 0 0 0 0.981 1.000 1.000
Consolidated (namino = 1) 507 144/144 136/136 133/133 0 0 0 1.000 1.000 1.000
Consolidated (namino = 2) 507 144/144 136/136 133/133 0 0 0 1.000 1.000 1.000
Consolidated (namino = 3) 508 143/144 136/136 133/133 -1 0 0 0.990 1.000 1.000
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Sequencing  Package cost (US$) Per sample cost (US$) Total (US$)
MinlON $900 per flow cell (used 2); $599 per Ligation Sequencing Kit (6 $3.24 (767 amplicons in total) $3.27 ($1.917)
preps, used 2); $1.88 (if only one flow cell, one Ligation Sequencing reaction
$288 per Native Barcoding Expansion (6 preps, used 1); used, without Native Barcoding Expansion)
$1,170.24 per NEBNext ONT Companion Kit (24 preps, used 9);
$1,275.53 for 60 ml Agencourt AMPure XP $0.08 (estimated from using ~130 I per library of 96 samples)
lllumina $2,121 for MiSeq sequencing cost $3.12 (767 amplicons in total) $3.15
$146.28 for TruSeq Set B adapters (48 libraries, used 9);
$750.48 per NEBNext Ultra Il Library Prep Kit for lllumina (24 preps,
used 9);
$1,275.53 for 60 ml Agencourt AMPure XP $0.03 (estimated from using ~130 I per library of 96 samples)
Sanger $12,194 per Big Dye Terminator v3.1 Cycling Kit (1,000 reactions); $24.40 (2 reactions for 1 sample) $27.18

$337.90 for 96-well plates (100 units);

$4.68 per primer (100 wM; approximately 500 reactions);
$1187.60 for 50 ml Aline Biosciences PureSEQ (10,000 reactions);
$1.22 per well sequencing cost

$0.07 (2 reactions for 1 sample)
$0.02 (2 reactions for 1 sample)
$0.24 (2 reactions for 1 sample)
$2.45 (2 reactions for 1 sample)

Publicly available pricing was used for lllumina sequencing costs (http://www.biotech.cornell.edu/brc/genomics/services/price-list#miseq). Cost for DNA extraction or
PCR amplification is not reflected in this table because the steps and costs are the same.
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Criteria

Raw reads (from both flow cells)
Reads post guppy_barcoder
Reads demultiplexed (% raw reads)
MAFFT barcodes/<1% Ns-filter
RACON barcodes

MAFFT+4AA barcodes
RACON+AA barcodes
Consolidated barcodes
Consolidated barcodes (FINAL)
MOTUs obtained (2/3/4%)

Full Half

1,238,112
1,091,301
608,603 (49.2%) 489,899 (39.6%)
765/623 760/649
623 649
615 639
617 641
546 561
493 513
147/139/136 146/138/135

A total of 767 amplicons (of which 725 were ARMS samples) were barcoded.
The amino acid corrected barcodes for MAFFT, RACON and eventual consolidated
barcodes were obtained from namino = 1 setting. Final refers to the final dataset
with accepted barcodes, after removing contaminants.
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Barcode No. of Accuracy of Number of
overlapping MinlON barcodes samples with

barcodes (%) internal gaps

compared
MAFFT Ns-filter 584 100.000 520
RACON 584 99.994 186
MAFFT4AA (namino = 1) 576 992.958 13
MAFFT+AA (namino = 2) 576 99.971 12
MAFFT+AA (namino = 3) 576 99.971 13
RACON+AA (namino = 1) 577 99.967 6
RACON+AA (namino = 2) 577 99.975 7
RACON+AA (namino = 3) 577 99972 6
Consolidated (namino = 1) 507 99.989 3
Consolidated (namino = 2) 507 99.989 3
Consolidated (namino = 3) 508 99.987 3

Accuracy is defined as the number of perfect matches across total number of base
pairs compared, expressed in percentage (%).
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