
Title Tropical marine biodiversity through a molecular lens: eDNA metabarcoding across oceans, 

habitats, and time

Authors(s) Hintikka, Sanni

Publication date 2022

Publication information Hintikka, Sanni. “Tropical Marine Biodiversity through a Molecular Lens: eDNA Metabarcoding 

across Oceans, Habitats, and Time.” University College Dublin. School of Biology and 

Environmental Science, 2022.

Publisher University College Dublin. School of Biology and Environmental Science

Item record/more 

information

http://hdl.handle.net/10197/13262

Downloaded 2023-05-26T05:55:56Z

The UCD community has made this article openly available. Please share how this access

benefits you. Your story matters! (@ucd_oa)

© Some rights reserved. For more information

https://twitter.com/intent/tweet?via=ucd_oa&text=Tropical+marine+biodiversity+through+...&url=http%3A%2F%2Fhdl.handle.net%2F10197%2F13262


TROPICAL MARINE BIODIVERSITY THROUGH A 
MOLECULAR LENS: eDNA METABARCODING 

ACROSS OCEANS, HABITATS, AND TIME. 

 

 

SANNI MARIA HINTIKKA 
Student number 13711501 

 
The thesis is submitted to University College Dublin for the 

degree of Doctor of Philosophy in the College of Science 
 

December 2021 

School of Biology and Environmental Science 

Head of School | Assoc. Prof. Evelyn Doyle 

Supervisor | Assoc. Prof. Jens Carlsson 

Research Studies Panel | Prof Emma Teeling and Dr John Finarelli 



 

 

TABLE OF CONTENTS 
ACKNOWLEDGMENTS ...................................................................................................................................... i 
STATEMENT OF ORIGINAL AUTHORSHIP ........................................................................................................ iii 
LIST OF FIGURES .............................................................................................................................................. iv 
LIST OF TABLES ................................................................................................................................................ vi 
SUMMARY ...................................................................................................................................................... vii 

GENERAL INTRODUCTION ............................................................................................................................... 1 
1.1 IDENTIFYING ANIMALS: FROM MORPHOLOGY TO DNA BARCODING ...................................................1 

1.2 MONITORING AQUATIC BIODIVERSITY: WHY IS CHANGE NEEDED? ......................................................2 

1.3 THE EVOLUTION OF METAZOAN eDNA METHODS ................................................................................3 

1.4 THE MOLECULAR SIGNAL – HOW RELIABLE IS IT? .................................................................................4 

1.5 QUANTIFYING TAXA FROM MOLECULAR DATA .....................................................................................6 

1.6 MOTIVATIONS FOR THIS THESIS ............................................................................................................7 

METABARCODING eDNA ACROSS TWO OCEANS ............................................................................................ 9 
2.1 INTRODUCTION .................................................................................................................................. 10 

2.2 MATERIALS AND METHODS ............................................................................................................... 12 

2.2.1 Site descriptions ........................................................................................................................... 12 

2.2.2 Sampling, subsite selection and filtering ...................................................................................... 14 

2.2.3 Field sterilisation procedures and contamination controls .......................................................... 17 

2.2.4 DNA extraction, amplification, and library preparation ............................................................... 18 

2.2.5 Bioinformatics .............................................................................................................................. 19 

2.2.6 Statistical analyses ....................................................................................................................... 21 

2.3 RESULTS ............................................................................................................................................. 22 

2.3.1 Sequencing and bioinformatics .................................................................................................... 22 

2.3.2 Global and regional community structures .................................................................................. 26 

2.4 DISCUSSION ........................................................................................................................................ 31 

2.4.1 Patterns of biodiversity ................................................................................................................ 31 

2.4.2 Effect of experimental choices on outcome – sequencing and sampling effort .......................... 33 

THE EFFECT OF TAXONOMY ON SPATIO-TEMPORAL PATTERNS DETECTED WITH eDNA METABARCODING 34 
3.1 INTRODUCTION .................................................................................................................................. 35 

3.2 MATERIALS AND METHODS ............................................................................................................... 37 

3.2.1 eDNA sampling and sample processing........................................................................................ 37 

3.2.2 Temporal analyses ....................................................................................................................... 38 

3.3 RESULTS ............................................................................................................................................. 39 

3.4 DISCUSSION ........................................................................................................................................ 45 

THE DARK MATTER INVESTIGATOR (DARN) TOOL: GETTING TO KNOW THE KNOWN UNKNOWNS IN COI 
AMPLICON DATA ........................................................................................................................................... 48 

4.1 INTRODUCTION .................................................................................................................................. 49 

4.2 IMPLEMENTATION ............................................................................................................................. 51 



 

4.2.1 Building the COI tree of life .......................................................................................................... 51 

4.2.2 Investigating COI dark matter ...................................................................................................... 53 

4.3 TREE AND SOFTWARE EVALUATION ................................................................................................... 55 

4.3.1 Evaluation of the phylogenetic tree ............................................................................................. 55 

4.3.2 DARN using mock community data .............................................................................................. 55 

4.3.3 DARN using real community data ................................................................................................ 56 

THE BACTERIAL HITCHHIKER’S GUIDE TO COI: UNIVERSAL PRIMER-BASED COI CAPTURE PROBES FAIL TO 
EXCLUDE BACTERIAL DNA, BUT 16S CAPTURE LEAVES METAZOA BEHIND .................................................. 60 

5.1 INTRODUCTION .................................................................................................................................. 61 

5.2 MATERIALS AND METHODS ............................................................................................................... 63 

5.2.1 The experimental design ............................................................................................................. 64 

5.2.2 Amplification and library preparation .......................................................................................... 66 

5.2.3 Bioinformatic processing .............................................................................................................. 66 

5.2.4 Statistical tests ............................................................................................................................. 67 

5.3 RESULTS ............................................................................................................................................. 68 

5.3.1 COI library .................................................................................................................................... 70 

5.3.2 16S library .................................................................................................................................... 72 

5.3.3 Taxonomic confidence ................................................................................................................. 74 

5.4 DISCUSSION ........................................................................................................................................ 75 

GENERAL DISCUSSION ................................................................................................................................... 78 
6.1 METABARCODING BEST PRACTICES – FOR NOW ............................................................................... 79 

6.2. eDNA METABARCODING – THE FUTURE ........................................................................................... 81 

6.3. CONCLUSIONS ................................................................................................................................... 84 

REFERENCES .................................................................................................................................................. 85 
APPENDIX - SECTION 1: PROTOCOLS .......................................................................................................... 102 
APPENDIX - SECTION 2: Chapter II supplementary information ................................................................. 107 
APPENDIX - SECTION 3: Chapter III supplementary information ................................................................ 111 
APPENDIX - SECTION 4: Chapter IV Supplementary information .............................................................. 116 
APPENDIX – SECTION 5: Chapter V supplementary information ................................................................ 120 
APPENDIX – SECTION 6: Data availability ................................................................................................... 121 
   
  



 

 

 

 

“The ocean is a living soup.” 
Her Deepness, Dr Sylvia Earle, 2014 

 

 



 

i 
 

ACKNOWLEDGMENTS 

A massive thank you and a heavy pat on the back belongs to my supervisor Jens Carlsson, who 

supported my funding application with unbelievable optimism, despite the fact I didn’t even know 

what metabarcoding was back in 2017 when I first walked into his office. As my PhD turned into a deep 

dive into metabarcoding and bioinformatics, your Just-Do-It attitude is what kept me pushing towards 

the surface and led me to explore the 1001 ways to do metabarcoding. Tusen tack!  

Throughout my PhD years, many people have supported and encouraged me, be it in my daily life or 

in my life as an academic. As far as the lab group goes, there is no way these acknowledgements would 

be complete without thanks to Nettan Carlsson, the heart and soul of the A52 lab. The indisputable 

real boss of the lab, the wizard of resources, the keeper of funds. Nettan, the lab would not function 

without you, I hope you know that! Another thank you belongs to Bernie Ball, who always knew where 

to find the most obscure reagents that I didn’t even know I needed. You two were a fountain of 

knowledge when it came to my lab protocols, and I thank you for all the time you spent discussing the 

weird and wonderful black box that is PCR with me. To Andy Tighe, the golden boy, thank you for 

always being a friend, and John Byrne a.k.a. JB, for bringing me to Kenya – AND BACK in one piece. A 

thank you also to an alum of A52, Laura Gargan, for showing me the metabarcoding ropes in the first 

place when I had no idea what I got myself into! And thank you to my RSP panel, for their continued 

support throughout the years.  

My PhD was originally conceived after conversations onsite in Honduras. Dan Exton, thank you for 

letting me pursue my molecular whim with Operation Wallacea, those samples would probably still be 

in Tela if it weren’t for you. Max Bodmer, you really need to get a smart phone so I can thank you 

properly for smacking that first draft into attention! A thank you to all the Opwall volunteers and staff 

who helped me sample and filter onsite over the years – Helen, Vanessa, Josh, Christina, Chris, Elina, 

and too many more whose names (but not faces!) I’ve forgotten. Special thanks belong to Quentin 

Caussin a.k.a. Paco and Hazel Araujo, who helped me sample during the winter months. The boat 

captains – Vicente and Hernan – for keeping us all safe in the crazy Tela Bay waves, muchas gracias. 

And finally, a massive thank you for being a friend and an ally to Antal Borcsok. I will always remember 

this one time when you mentioned the Book of Mormon and I honestly thought you had converted, 

until you started to play the songs of the musical on full blast in the car. Probably the most confused I 

ever was during this PhD. For my Kenyan sampling I must thank Prof Bernerd Fulanda for bringing us 

from camp to sea each day to sample during my very short visit, and Silvana Wandoe, who helped me 



 

ii 
 

with the sampling and the filtering throughout my visit, because let’s face it, filtering can be a tad 

tedious.  

My friends and family have been a huge support throughout my PhD, although I think they still have 

no idea what I’ve been doing for the past few years… Priscilla Sonnier, I think at this point another Big 

Tiny would be in order, don’t you? The tree is calling. Anni Salminen, thank you for being my spiritual 

guide when I needed one, when I didn’t think I needed one, and when I didn’t need one. To my mom 

and dad, I’m sorry for all the times I spoke to you Finglish; that incomprehensible mix of Finnish and 

English because I just could not figure out how to explain what I do in my own native language. Kiitos 

kärsivällisyydestä ja kaikesta mitä olette minulle antaneet elämäni aikana. Kohti uusia seikkailuja!   

But without a doubt this thesis would not have been completed if it wasn’t for my wonderfully 

supportive and exceptionally understanding partner in crime and love. You pushed me when I wanted 

to quit, and you slowed me down when I was going too fast. I don’t know if I would have been able to 

get to where I am without you, so my biggest thank you goes to you, for sticking by me through the 

highs and lows of what is academic life! Merci à mon meilleur ami, mon amour, Fares.  

  



iii 

STATEMENT OF ORIGINAL AUTHORSHIP 

I hereby certify that the submitted work is my own work, was completed while registered as a candidate 

for the degree stated on the title page, and I have not obtained a degree elsewhere on the basis of the 

research presented in this submitted work.  

Sanni Hintikka 

The work presented throughout this thesis has been composed by me, with the exception of chapter four, 

which was lead authored by Haris Zafeiropoulous for publication. I made a considerable contribution to 

the data used and was heavily involved in the testing and validation of the tool presented, as well as 

editing and reviewing the manuscript during its submission process.  



 

iv 
 

LIST OF FIGURES 

Page | Figure 

13 | Figure 2.1:  Photos from Banco Capiro reef in Tela, Honduras. Left picture shows a colony of endangered branching 
coral Acropora cervicornis within the reef, and the right picture highlights the high hard coral cover found 
on most of Banco Capiro, with dominant lettuce coral species Agaricia agaricites.  

14 | Figure 2.2:  Map of sampling subsites in Watamu, Kenya. The Marine National Park (MNP) and Marine National 
Reserve (MNR) boundaries are drawn in black and red, respectively.  

15 | Figure 2.3:  Map of sampling subsites in Tela and Utila, Honduras.  

16 | Figure 2.4:  Image of submersible Ruttner sampler. On the left, the Ruttner is open at depth, and on the right, it has 
been closed via sending a weight down the line.  

24 | Figure 2.5:  Read depth effect on ASV richness: A) Number of observed annotated ASVs plotted against demultiplexed 
read depth (log10 transformed). Each point represents a replicate of a sample (Caribbean sites in green 
(TELA) and orange (Utila), Watamu in blue). The local polynomial regression line was fitted using α = 0.75, 
and shaded areas signify ± 95% CI, except where -95% CI goes below 0. The Spearman coefficients (R) are 
shown with their associated p-values. B) shows ASV accumulation against the number of sequenced 
samples, and C) shows the same against sequencing depth.  

25 | Figure 2.6:  ASV richness and read depth. Each plot shows the local polynomial regression line (loess, fitted using α = 
0.75, and shaded areas signify ± 95% CI) for detections of one kingdom, against the demultiplexed read 
depth. The Spearman coefficients (R) calculated for a linear model are shown with their associated p-
values. Each point signifies an independently sequenced sample, and the colours denote the originating 
sampling sites (green = Tela, orange = Utila, blue = Watamu).  

26 | Figure 2.7:  A) Proportion of ASVs of each kingdom detected in different number of samples. B) The proportion of 
relative ASVs abundances per kingdom at each site.   

28 | Figure 2.8:  Top twelve metazoan classes. A) Relative read abundances for the top twelve most common metazoan 
classes found at each subsite within each site. B) The total number of ASVs in each of the top twelve 
metazoan classes at each subsite within each site.   

29 | Figure 2.9: Community structures using metazoan ASVs assigned to family level. NMDS plots show eDNA samples 
from Honduran (a) and Kenyan (b) subsites, with sample origin signified by color (light blue = Tela, dark 
blue = Utila, red = Watamu) and habitat types signified by shapes (circle = mangrove, triangle = reef). Plots 
C-D show the same at the site level, with subsite level resolution (subsites defined by colors, habitats 
defined by shape). 

30 | Figure 2.10:  Shared metazoan ASVs between mangrove and reef habitats. Each venn diagram shows the number of 
metazoan ASVs assigned to at least family level in reef (blue) and mangrove (green) habitats in Honduras 
(A) and in Kenya (B). For A), the two sites are shown (Tela on the left and Utila on the right). Numbers and 
percentages in overlapping areas signify the count and proportion shared ASVs, if any. 

37 | Figure 3.1:  Map of sampled sites in Tela, Honduras. 

39 | Figure 3.2:  Images taken on the Banco Capiro reef. The left image was taken when the bleaching was most visible 
(Oct 2019), and the right was taken in Feb 2020. Note that in the right-side image, the brown on the corals 
is not only zooxanthellae, but some is dead coral covered by brown algae. Images courtesy of Antal 
Borcsok (Tela Marine Research Centre). 

40 | Figure 3.3:  Read abundance and ASV richness of detected kingdoms. Plot A) shows the rarefied abundance of reads 
for each kingdom, while B) depicts the actual ASV count for each kingdom at each Collection time (S’18, 
W’19, S’19 and W’20) for both the mangrove (MANG) and reef (REEF) habitats. 



 

v 
 

41 | Figure 3.4:  Shared and unique ASVs found in the reef and mangrove habitats at each collection time.  Row A) shows 
all ASVs regardless of taxonomic annotation status, B) shows ASVs that were taxonomically Unassigned, 
and C) shows only high confidence metazoan ASVs. 

42 | Figure 3.5:  Non-metric multidimensional scaling of Jaccard distances based on Hellinger transformed ASV 
abundances. All ASVs (left) refers to the full dataset using all ASVs that passed bioinformatics, Unassigned 
ASVs (middle) refers to those ASVs that did not pass the confidence threshold of taxonomic assignments 
at the kingdom level, and Metazoan ASVs (right) refers to the metazoan dataset that consists of only 
metazoan ASVs with high-confidence order level taxonomic assignments (Note: for the metazoan dataset, 
mangrove samples from W’20 included zero high confidence metazoan ASVs, and was therefore excluded 
from ordination). 

43 | Figure 3.6:  Observed ASV richness by habitat and collection time for both the full dataset containing all ASVs, and for 
the metazoan ASVs only. Horizontal lines inside the boxes are the median richness, the box limits show 
the interquartile range, with the whiskers extending to the upper and lower quartiles. Outliers are shown 
as points outside of the upper and lower limits. P-values of non-parametric Kruskal-Wallis test results for 
overall variation of means within each habitat are also shown in each plot. 

44 | Figure 3.7:  Jaccard betadiversity between (A) and within (B) habitats (REEF and MANG). Total betadiversity is shown 
in red, and its partitions are shown in green (ASV replacement) and blue (ASV richness). Collection times: 
S18 = July 2018, W19 = Jan 2019, S19 = July 2019, and W20 = Jan-Feb 2020.  

53 | Figure 4.1:  Overview of the approach followed to build the COI reference tree of life. Sequences were retrieved from 
Midori 2 (eukaryotes) and BOLD (bacteria and archaea) repositories. Consensus sequences at the family 
level were built for each domain specific dataset. MAFFT and consensus sequences at the family level 
were built using the PhAT algorithm. The COI reference tree was finally built using RAxML-ng. Noun project 
icons by: Arthur Slain and A. Beale. 

55 | Figure 4.2:  Phylogenetic tree of the consensus sequences retrieved; the tree that DARN makes use of. Light blue: 
bacterial branches. Dark green: archaeal branches. White: eukaryotic branches. 

63 | Figure 5.1:  Flowchart of targeted capture experimental design: Experimental design to assess changes in community 
detections through the targeted capture protocol (eDNA sample n = 10). The numbered steps detail the 
type of template used in PCR to amplify both metazoan COI and bacterial 16S. Untreated eDNA (i.e., 
raw_eDNA) refers to template taken directly from eDNA extract. AMPure clean refers to template from 
eDNA extract that was cleaned with AMPure magnetic beads. Steps 3 and 6 (capture steps) refer to the 
product of the targeted capture with either COI and 16S probe, resp., and are explained in more detail in 
main text. Steps 4 and 6 are templates obtained from the eluents of steps 3 and 5, respectively, rather 
than from direct processing of the eDNA sample. The IDs used for each step in the figures throughout this 
study are found in the yellow boxes.  

65 | Figure 5.2:  Flowchart describing the stages of a targeted bead capture protocol.   

69 | Figure 5.3:  Reads and ASVs through bioinformatics and processing. Total reads (A) that passed the bioinformatics 
pipeline (denoising, length filtering, merging, chimera removal and control correction) and proportion of 
demultiplexed reads (B) that passed the bioinformatics pipeline (denoising, length filtering, merging, 
chimera removal and control correction). C) The total richness of ASVs in each library after rarefying to 
even sequencing depth of 30 000 reads/sample. Box limits depict the 25%-75% interquartile ranges with 
the horizontal line showing the median value (n=10 for each template type). The whiskers extend to the 
upper and lower quartiles, and outliers are shown as points. Kruskal-Wallis non-parametric test p-values 
are shown for each group, and significant Wilcoxon pairwise test results between the raw eDNA samples 
and each of the other template types are depicted with asterisks (* = p<0.05, ** = p < 0.01, *** = p < 
0.001, **** = p < 0.0001). For details of template type, please refer to Fig. 5.1. NOTE: The y-axes do not 
start at 0 to accommodate the large scales, and in C the y-axes of COI and 16S are on different scales for 
a better visualisation. 

70 | Figure 5.4:  COI library relative abundance. Relative abundance of kingdoms for each originating template type.  

71 | Figure 5.5:  COI read abundance and ASV richness. Total reads (top) and ASV richness (bottom) for Metazoa (A), 
Bacteria (B) and Unassigned ASVs of the COI library. On the x-axis are the different template types used 
from each step of the targeted capture protocol. The p-values at the bottom show the result of the 
Kruskal-Wallis test for the whole group, while significant results of Wilcoxon pairwise test between 
reference group raw_eDNA and all other template types are depicted with asterisks. (Significance levels: 
* = p < 0.05, ** = p < 0.01). The boxplot limits stretch over the interquartile range, with the horizontal line 



 

vi 
 

signifying the median value, and the whiskers reaching to the upper and lower limits. Outliers are shown 
as points. NOTE: y-axes do not begin at 0 to accommodate the scale differences for the three phyla and 
to provide a clearer visualisation.  

72 | Figure 5.6:  16S library relative abundance. Relative abundance of six most abundant phyla detected in the 16S library 
with each template type.  

73 | Figure 5.7:  16S read abundance and ASV richness. Total reads (top) and ASV richness (bottom) for Protebacteria (A), 
Cyanobacteria (B) and Bacteroidetes ASVs of the 16S library. On the x-axis are the different template types 
used from each step of the targeted capture protocol. The p-values at the bottom show the result of the 
Kruskal-Wallis test for the whole group, while significant results of Wilcoxon pairwise test between 
reference group raw_eDNA and all other template types are depicted with asterisks. (Significance levels: 
* = p < 0.05, ** = p < 0.01, *** = p < 0.001). The boxplot limits stretch over the interquartile range, with 
the horizontal line signifying the median value, and the whiskers reaching to the upper and lower limits. 
Outliers are shown as points. NOTE: y-axes do not begin at 0 to accommodate the scale differences for 
the three phyla and to provide a clearer visualisation 

74 | Figure 5.8:  Confident family level assignments of ASVs. A) Proportion of reads that belong to ASVs with high 
confidence family level assignments. Boxplots show total reads (B) and observed richness (C) of ASVs with 
high confidence family level assignments. The boxplot limits stretch over the interquartile range, with the 
horizontal line signifying the median value, and the whiskers reaching to the upper and lower limits. 
Outliers are shown as points. The p-values at the bottom of boxplots show the resulting p-value of Kruskal-
Wallis test for the whole group, while significant results of Wilcoxon pairwise test between reference 
group raw_eDNA and all other template types are depicted with asterisks (significance levels: * = p < 0.05, 
** = p < 0.01). 

 

LIST OF TABLES 

23 | Table 2.1:  Summary table of sequencing results. Control samples are divided by sites to separate field controls 
(cooler and filter blanks) from laboratory controls (extraction and PCR blanks). 

27 | Table 2.2:  Total ASVs and reads confidently assigned to kingdom level in eDNA metabarcoding samples of 2019 from 
Watamu (Kenya, West Indian Ocean), and Tela and Utila (Honduras, Caribbean Sea). 

40 | Table 3.1:  Summary of samples and ASVs used in temporal analyses. Full dataset contains all ASVs that passed 
bioinformatics, regardless of taxonomic annotation status, the Metazoan dataset contains only ASVs with 
high-confidence metazoan order level assignments, and the Unassigned dataset contains only ASVs with 
low-confidence (< 0.6 bootstrap value) kingdom level assignments. 

52 | Table 4.1:  Number of sequences and taxonomic species per domain of life and resources. The (#) symbols stand for 
“number”. 

57 | Table 4.2:  DARN outcome over the samples or set of samples. Assignment fractions of the sequences per domain 
per sample in the DARN results over the samples.  

 

  
 

  



 

vii 
 

SUMMARY 

 

Environmental DNA (eDNA) metabarcoding is a relatively new tool in the field of marine ecology, yet in the 

last decade its use has grown exponentially. Encouraging metabarcoding efforts that support and/or 

augment conventional survey results have paved the way for implementation of molecular based 

monitoring, yet it is unclear whether the tools should be directly compared or validated with e.g., visual 

methods. Afterall, the sensitivity of molecular methods goes far beyond what can be seen, even with a 

microscope. Furthermore, the tools are also still held back by the paucity of reference sequences in online 

databases. 

In this thesis, I examined the use of eDNA metabarcoding in the context of highly diverse tropical marine 

habitats. In chapter two, the ability of metabarcoding to reflect currently accepted biodiversity patterns 

was assessed. I used standardised methods across two vastly different yet characteristically similar regions, 

namely the Caribbean Sea and the Western Indian Ocean, to be in a position to directly compare how 

metabarcoding performs in different environments. Despite quite a range of habitats being studied with 

metabarcoding to date, to my knowledge no one has done a comparison of this scale to evaluate 

metabarcoding performance. The results of this chapter show clearly how an understanding of underlying 

biodiversity levels is crucial for effective experimental and monitoring design, as well as bioinformatics 

processing when using metabarcoding approaches.  

Chapter three takes a closer look at one of the sites studied in chapter two, by analysing temporal data 

from a reef and a mangrove habitat in Tela, Honduras. Metabarcoding efforts often suffer from a lack of 

resolution as a result of gaps in reference databases, and therefore this chapter examined the differences 

in spatio-temporal patterns that could be found whether using taxonomically higher resolution data or data 

that purely passed through bioinformatics processes and was thus assumed to be of good quality. The 

taxonomically unassignable data was found to be more informative in terms of finding temporal changes, 

yet it is clear that taxonomic information of some level is required to draw conclusions and make predictions 

from the observed changes.  

With this in mind, chapter four presents a new tool for investigating the so-called “dark matter” of 

metabarcoding; the conventionally unassignable molecular operational taxonomic units (mOTUs) or actual 

sequence variants (ASVs). Instead of strict taxonomic assignments, this tool uses a phylogenetic placement 

approach of your query reads to a large reference tree of COI and COI-like (i.e., of bacterial and archaeal 

origin) sequences currently available in online databases. By applying this tool to metabarcoding data from 

various projects, we found further evidence that a large proportion of the resulting mOTUs/ASVs from 

marine eDNA samples originate from bacterial sources.  
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In chapter five, to address this issue, I developed a capture probe protocol with the aim to isolate target 

metazoan DNA templates from eDNA samples, or alternatively remove the abundant bacterial DNA 

templates, prior to the amplification step of a conventional metabarcoding effort. In order to fully 

understand the effects of the protocol, all of the steps were evaluated for changes in the abundance and 

richness of COI and bacterial 16S, by amplifying and sequencing for both. The results clearly demonstrated 

the nonspecificity of popular COI primers, but also revealed the range of DNA that capture probes are able 

to pull out from eDNA extracts, providing a basis for suggesting an exciting new approach for isolation of 

target DNA.
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CHAPTER I 

 

GENERAL INTRODUCTION 
 

1.1 IDENTIFYING ANIMALS: FROM MORPHOLOGY TO DNA BARCODING 

For centuries, naturalists have been identifying animals based on their morphological features, going 

as far back as the ancient Greek philosopher Aristotle and his book “The History of Animals” (approx. 

350 BC). Aristotle grouped animals together based on shared features (e.g., animals with blood vs 

animals without blood), and even applied a rudimentary binomial naming system, being the first to 

use these two main concepts of modern taxonomy. This system was developed to what is considered 

the root of all modern classification systems by Carl Linnaeus in the 1700s, who used a hierarchical 

method for grouping organisms based on shared characteristics and traits and solidified the binomial 

naming system still in use today. Although the methods for identifying, classifying, and naming 

organisms have evolved since Aristotle’s and Linnaeus’s time, identifying organisms has been based 

solely on morphology and/or physiology until relatively recently.  

The early experiments exploring the inheritance of traits by Mendel in the 1860s, the discovery of DNA 

structure by Watson, Crick and Franklin in the 1950s, the development of Sanger Sequencing in late 

1970s (Sanger et al. 1977) and the invention of polymerase chain reaction (PCR) in 1980s (Mullis et al. 

1986) all contributed towards developing the fields of genetics and genomics. The first full genome 

was sequenced in 1995 (bacterium Haemophilus influenza), and five years later the Human Genome 

Project (HGP) was launched, which aimed to sequence all 3 billion bases of the human genome. Since 

the HGP was successfully completed in early 2000s, the decreasing costs and increasing power of DNA 

sequencing made researchers eager to sequence the genomes of their study organisms (Barba et al. 

2014). This was followed by an exponential increase of sequence data in online databases, of which 

the most widely used is GenBank® (created 1982) from the National Centre for Biotechnology 

Information (NCBI). 

Using this database, Hebert et al. (2003b) presented the idea of “barcoding” animal life to identify 

species using sequence data rather than morphology. Identification of the mitochondrial gene COI 

(cytochrome oxidase I) as a suitable barcode candidate for most animal life (Hebert et al. 2003a) led to 

the development of a new online workbench dedicated to DNA barcoding; the Barcode of Life 
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Database (BOLD) (Ratnasingham and Hebert 2007). Since then, the sequence reference library has 

grown massively; performing a simple search in BOLD (Barcode of Life Database, 

www.boldsystems.org, accessed on 17th Sept 2018) for barcodes of the taxonomic group Actinopterygii 

(ray-finned fishes) results in over 170 000 records representing over 15 000 species. In fact, the growth 

of the database does not seem to be slowing down, as the same search three years later (2nd Sept 

2021) found over 270 000 records representing over 20 000 species.  

DNA is ubiquitous in the environment and can be found in both intra- and extracellular forms. Some 

of the first extractions of DNA from the environment took place in late 1980s in the form of 

extracellular double stranded (ds)DNA from marine waters (DeFlaun et al. 1986) and intracellular 

microbial DNA from soil samples (Ogram et al. 1987). However, the term “environmental (e)DNA”, 

referring to genetic material that can be isolated directly from environmental samples (e.g., water, 

soil, air) and the idea of characterising macrofaunal communities or detecting invasive species through 

eDNA was not used by the wider environmental research community until the late 2000s and early 

2010s (Ficetola et al. 2008, Haile et al. 2009, Jerde et al. 2011). Since its realisation, the non-invasive 

eDNA sampling has all but revolutionised the field of ecology.  

 

1.2 MONITORING AQUATIC BIODIVERSITY: WHY IS CHANGE NEEDED? 

Sampling for eDNA is entirely non-invasive, whether sampling for water, soil or air, although it could 

be considered invasive for micro-organisms. Non-invasiveness is one of the key characteristics that 

makes eDNA so popular, as traditional methods used for population studies and biodiversity 

monitoring in aquatic ecology are often highly invasive for the target taxa. For example, studying 

freshwater fish diversity has largely relied on electrofishing (Sutherland et al. 2002, Jaramillo-Villa et 

al. 2010, Hermoso et al. 2011), even though it is known to cause physical harm that can sometimes 

lead to fatalities (Dolan and Miranda 2004). This is a particularly unfortunate outcome if electrofishing 

manages to capture a rare or endangered species. Ecological studies of the marine environment have 

also historically been reliant on invasive methods to collect data. For instance, size selective catching 

of target species through netting or long lining methods to provide an estimate of population structure 

can be powerful, but is inherently damaging to both target and nontarget species caught as by-catch 

(Robertson and Smith-Vaniz 2008, García De León et al. 2018). Therefore in some cases, data gathered 

by commercial fisheries has been used, where the animals have been caught for other end purposes 

(Worm et al. 2005). Unfortunately, using commercially obtained data can lead to a level of 

misidentification due to lack of taxonomic expertise and/or presence of cryptic species, which in turn 
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can leave databases of species records severely inaccurate (Daan 2001). By extracting genetic material 

directly from water samples, eDNA removes the need to handle and morphologically identify 

specimens.  

Species detection sensitivity is also generally improved by eDNA over traditional methods (Thomsen 

et al. 2012a, Olds et al. 2016). For example, the invasive American bullfrog (Rana catesbeiana) was 

found in 7 ponds using conventional visual and audio surveys, whereas eDNA detected the frog in 38 

ponds, out of the total 49 ponds sampled in Southern France (Dejean et al. 2012). Furthermore, when 

eDNA sampling is combined with traditional methods, the overall biodiversity estimates tend to 

increase, as both methods typically detect a number of unique taxa (Cilleros et al. 2019). For instance, 

when using eDNA alongside Baited Remote Underwater Visual systems (BRUVs), Stat et al. (2018) was 

able to detect the cryptic and small species that often go unnoticed in BRUVs surveys.  

Additionally, sampling for eDNA is often considerably less time consuming than traditional sampling, 

which could potentially decrease the costs associated with environmental monitoring (Jerde et al. 

2011, Ji et al. 2013). That said, although the cost of sequencing with high-throughput sequencing (HTS) 

platforms has decreased in recent years, eDNA was recently still only as cost effective as for example 

electrofishing, when surveying for species presence using species specific primers (Evans et al. 2017). 

However, as the world keeps changing at an increasing rate, so does the biodiversity that we rely on 

for our own survival (Dornelas et al. 2014, Hillebrand et al. 2018). For instance, the changes in ocean 

temperatures are driving changes in species distributions, with far reaching impacts on local and global 

biodiversity (Doney et al. 2011). As the rate of change increases, traditional sampling methods are 

falling behind in their ability to provide timely and comprehensive monitoring data. Sampling for 

aquatic eDNA is quick, the laboratory methods long established and efficient, and just a single 1L water 

sample contains information from a broad range of taxa from bacteria and fungi to arthropods and fish 

(Stat et al. 2017, Holman et al. 2021).  

 

1.3 THE EVOLUTION OF METAZOAN eDNA METHODS  

When eDNA was first used in metazoan ecology, it was mostly applied to monitor rare, endangered 

and/or invasive species, which required the use of species-specific primers (Ficetola et al. 2008, 

Thomsen et al. 2012b). Yet, one advantage of eDNA is being able to characterise whole communities 

from water samples using only one or few primers (Stat et al. 2017, Djurhuus et al. 2018, Gallego et al. 

2020, Holman et al. 2021). This approach is known as metabarcoding, and it utilises “universal” primers 
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designed to amplify the same gene region from a broad taxonomic grouping, such as fish (Miya et al. 

2015) or arthropods (Elbrecht and Leese 2017). By using these universal primers, metabarcoding also 

allows for the detection of species not necessarily expected to inhabit an area, like invasion fronts of 

non-native species or species thought to be locally extinct (Evans et al. 2016, Olds et al. 2016, Stat et 

al. 2017). Although broad, universal primers are usually constricted to varying levels of taxonomic 

coverage (e.g., fish (Miya et al. 2015), metazoa (Leray et al. 2013), arthropoda (Elbrecht and Leese 

2017), etc.), and the holy grail of a truly universal primer set able to amplify across the tree of life is 

unlikely to exist. That said, to get around the “universal specificity” of primers (i.e., only targeting one 

taxonomic group) and to obtain as much information from one sampling event as possible, some 

researchers have opted to use multiple sets of primers, with Holman et al. (2021) targeting different 

taxonomic groups and West et al. (2020) using a different gene region for the same group to increase 

detection rates. Although these two studies were done on vastly different spatial scales (140km2 vs      

2 000 km of shoreline), they both provide good evidence that eDNA distributions are not purely 

dictated by water movement. In fact, West et al. (2020) showed that despite high levels of water 

movement, the eDNA signals were able to discriminate between different habitat types within a 

tropical island system. Additionally, Holman et al. (2021) showed that three broad taxonomic 

groupings (metazoa, bacteria and protista) separated by millions of years of evolution follow similar 

biogeographic patterns along a 2 000 km stretch of coastline. Metabarcoding therefore allowed the 

researchers to essentially use one sampling and laboratory approach to obtain community data for 

vastly different taxonomic groups, a feat entirely out of reach using traditional data collection 

methods.  

 

1.4 THE MOLECULAR SIGNAL – HOW RELIABLE IS IT? 

One of the principal concerns regarding eDNA metabarcoding is the potential for contamination of 

samples due to the ubiquity of DNA in the environment, casting some doubt on validity of detections 

and leading to a continued focus on comparing metabarcoding results against traditional methods 

(Thomsen et al. 2012a, Goldberg et al. 2016, Fernández et al. 2018, Jeunen et al. 2019a, Suter et al. 

2021). Contamination can, at best, manifest as signals from taxa that are easy to identify and remove 

based on the likelihood of them being true detections or common contaminants, like DNA from 

humans or chickens for instance (Clarke et al. 2014). Cross-contamination between samples can be 

detected by for example including mock samples in the metabarcoding run that are made up of taxa 

not found in the sampled regions (De Barba et al. 2014). The detections of these “non-native” taxa in 

real samples can then give an indication of contamination levels in the real eDNA samples, by way of 
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identifying cross-contamination. And when negative PCR controls (i.e., no DNA template added to the 

PCR reaction) are also included, it is possible to effectively remove most potential contaminants from 

the sample data (De Barba et al. 2014, Davis et al. 2018). However, at its worst, contamination can 

interfere with the conclusions drawn from HTS data by for instance severely inflating the observed 

richness values (Calderón-Sanou et al. 2020). Therefore, appropriate sample processing, 

bioinformatics choices, and corrections of detections based on control samples are crucial to making 

robust conclusions from metabarcoding data. 

Another key consideration when applying metabarcoding methods to ecological research is the 

coverage of references sequences in public databases. In 2013 it was estimated that on average a fifth 

of known species had a barcode reference sequence in a database (NCBI or BOLD), with even some of 

the most barcoded groups – such as Arthropoda – showing only approx. 15% of named species with a 

barcode (Kvist 2013). It is obvious that without a reference sequence to match to, accurately 

identifying taxa from molecular data becomes impossible. Yet, more recently the application of 

taxonomy-free approaches or analyses using higher levels of taxonomic assignments has made it 

possible to find biodiversity patterns and changes in community structures without the need for high-

resolution taxonomic information (Cordier et al. 2018, Jeunen et al. 2019a, Frühe et al. 2021). In 

addition to using taxonomy-free approaches, tools that allow at least partial identification of strong 

but unidentified molecular signals could be used to direct future research and barcoding efforts 

(Zafeiropoulos et al. 2021b). With these developments in mind, it has become clear that eDNA 

methods and metabarcoding should not be directly compared to conventional methods of ecological 

monitoring, nor should its reliability necessarily be judged on how well it matches traditional 

detections, as the resulting data from these methods are so vastly different. 

Metabarcoding to this day is still reliant on using PCR amplification to enrich the target DNA from eDNA 

samples. When choosing primers for metabarcoding applications, one should consider the potential 

for taxonomic bias during the amplification step. Taxonomic bias is usually observed when the 

nucleotide sequence of the primer binding sites on genes with high evolutionary rates – such as COI – 

is not conserved among the target taxa, therefore causing mismatches between the primer and the 

priming site (Clarke et al. 2014, Deagle et al. 2014). This can lead to severe bias in the detected taxa, 

even within the pre-determined taxonomic coverage of a primer (Clarke et al. 2014, Kelly et al. 2014, 

Elbrecht and Leese 2017).  

In addition to the within group bias, some universal primers developed for metazoans reportedly also 

amplify DNA from fungal, bacterial and plant origins (Collins et al. 2019, Gallego et al. 2020). This is a 

particularly common problem when using COI primers on marine eDNA samples, as the bulk of the 
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DNA in marine water comes from bacterial sources (Stat et al. 2017). The sheer number of bacterial 

and other nontarget template versus that of target metazoan DNA available for PCR reactions results 

in large proportions of the sequencing output also being of nontargets, therefore considerably 

increasing the cost per target sequence obtained from HTS. Because PCR is what amplifies the 

nontarget signals along with the targets, some have attempted to bypass the PCR step in 

metabarcoding altogether. Capture probes that isolate target DNA via hybridisation from 

environmental samples before sequencing (Gnirke et al. 2009, Ávila-Arcos et al. 2011, Wilcox et al. 

2018) or improvements in mitochondrial enrichment protocols could potentially provide a higher yield 

of target DNA to begin with (Zhou et al. 2013). In theory, this would increase the proportion of target 

sequences in HTS outputs (whether PCR was used before sequencing or not), making sequencing more 

cost-effective – a coveted outcome of any new development. 

  

1.5 QUANTIFYING TAXA FROM MOLECULAR DATA 

Researchers are increasingly using quantitative methods – mainly quantitative (q)PCR and droplet 

digital (dd)PCR – to determine the initial concentration of target DNA present in a sample (Doi et al. 

2015, De Souza et al. 2016, Gargan et al. 2017, Uthicke et al. 2018). These methods have been used to 

evaluate eDNA degradation and transportation rates in mesocosms and freshwater systems (Strickler 

et al. 2015, Wilcox et al. 2016), as well as in studies investigating the relationship of copy number to 

abundance and/or biomass of the target species (Doi et al. 2017, Uthicke et al. 2018). Information on 

the estimated abundance of a species is central to efficient fisheries management (Lacoursière-Roussel 

et al. 2016), and it has been theorised it could be inferred from either HTS outputs (i.e., metabarcoding 

data) or initial copy numbers in a sample, determined by qPCR or ddPCR. However, the read numbers 

generated by HTS could be influenced by for example primer bias, leading to an unrealistic 

representation of relative abundance between detected taxa (Collins et al. 2019). Hence, if eDNA is 

used in population structure studies, quantifying the raw copy number in an environmental sample 

would present less uncertainty (Doi et al. 2017, Uthicke et al. 2018). Nevertheless, our understanding 

of how abiotic (e.g., temperature, turbidity, etc) and biotic (e.g., source species, bacterial decay, etc) 

factors influence eDNA concentrations through transportation, shedding and decay rates is still very 

limited (Sassoubre et al. 2016, Hansen et al. 2018, Wei et al. 2018). Therefore, even using initial copy 

numbers for abundance information requires careful consideration of the taxa being studied as well 

as the environment the samples are collected in.  
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Quantitative (q)PCR 

qPCR works by incorporating either fluorescently labelled hydrolysis probes or an intercalating 

fluorescent dye into the PCR reaction and measuring the fluorescence produced at each cycle, which 

intensifies as more amplicons are produced. While intercalating dyes such as SYBR® Green will bind to 

any double stranded (ds)DNA, making them an inexpensive choice for single-species studies (Davy et 

al. 2015), hydrolysis probes provide the opportunity to resolve the concentration of DNA from more 

than one target species at a time (Goldberg et al. 2016). Furthermore, they provide higher specificity 

for single-species studies, as probes are designed specifically for target taxa, meaning primer-dimers 

and other nontarget dsDNA will not produce a fluorescent signal.  

Droplet Digital (dd)PCR 

Based on a method of partitioning a 20 µl PCR reaction mixture into approximately 20 000 

independently amplified “droplets”, ddPCR has been shown to have higher sensitivity to low copy 

numbers of template DNA than qPCR (Hindson et al. 2011, Doi et al. 2015). Partitioning of the reaction 

results in some of the droplets containing template DNA, while others do not, and PCR will be run to 

endpoint before quantification. The use of fluorescent probes (e.g., TaqMan) allows for determination 

of whether amplification occurred in each droplet, and Poisson statistics provide a relatively simple 

equation for estimating the initial copy number from the fraction of positive reactions (Hindson et al. 

2011). To date, ddPCR has been used in marine ecology to estimate abundance and/or biomass of 

single species, and validation experiments of target abundance/biomass in tanks vs. target 

abundance/biomass in the wild (based on traditional methods) have been promising (Doi et al. 2015, 

Baker et al. 2018, Uthicke et al. 2018). 

 

1.6 MOTIVATIONS FOR THIS THESIS 

This thesis is focused on the utility of metabarcoding methods on tropical marine habitats, namely 

coral reefs and mangrove lagoons. Due to the overall paucity of reference sequences, these highly 

diverse habitats are likely to have proportionally less of their diversity covered in current databases. In 

addition, it is estimated only approx. 9% of coral reef species diversity is known to science (Fisher et 

al. 2015), casting doubt on the practicality of molecular methods in tropical marine ecology. Therefore, 

using a marker with the most available references for eukaryotes – the COI barcode region – this thesis 

examined the suitability of metabarcoding eDNA from these habitats for answering ecological 

questions on community structures and biodiversity patterns through space and time.  
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Because of the low taxonomical cover of reference databases, requiring robust taxonomic assignments 

can severely limit the amount of analysable data from a metabarcoding run. Thus, to address this 

limitation when using molecular data, an alternative way to investigate the phylogenetic origins of 

sequenced molecular units was developed in collaboration with the Institute of Marine Biology in 

IMBCC (Heraklion, Greece). The results of this, together with already existing evidence that bacterial 

reads often contribute a large proportion of COI-based eDNA metabarcoding outputs, motivated an 

endeavour to develop a capture method to isolate target DNA templates from eDNA extracts prior to 

conventional metabarcoding via PCR.  
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CHAPTER II 

 

METABARCODING eDNA ACROSS TWO OCEANS 
 

ABSTRACT 

DNA is ubiquitous in the environment and has in the last decade been increasingly utilised for the 

detection of eukaryotic taxa using only environmental samples, such as water. Environmental DNA 

(eDNA) has been shown to successfully detect patterns of biodiversity in both small (<5 km) and large 

(>2 000km) scales in the marine environment. Yet little is known about the effect of the underlying 

levels of biodiversity on metabarcoding results and the required amount of sequencing per sample. 

Tropical coral reefs and mangrove lagoons, representing some of the most diverse marine habitats, 

display large differences in biodiversity across the globe. This study looked at these habitats in the 

Caribbean Sea (Honduras) and the Western Indian Ocean (Kenya) using standardised methods and one 

universal primer pair for cytochrome oxidase I (COI) across both sites, to evaluate how well 

metabarcoding results reflect currently known patterns of biodiversity, both globally and locally. 

Additionally, the effect of the underlying biodiversity level was assessed in terms of sequencing depth 

required. At each location, taxa from across Metazoa, Bacteria, Fungi and Viridiplantae were detected. 

Biodiversity patterns on the interoceanic scale were found to be highly congruent with currently 

accepted biodiversity patterns yet differed from the expected community patterns at the local scale. 

Furthermore, sequencing depth was not linearly related to obtained richness per sample, and the 

relationship varied between kingdoms. The evidence presented here shows that a single marker can 

provide an abundance of information across the tree of life, but consideration must be given to the 

different detection levels of each kingdom, as well as the sequencing requirements based on known 

levels of underlying biodiversity.
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2.1 INTRODUCTION 

Metabarcoding eDNA from marine samples has become a popular tool for detecting a range of marine 

taxa. From assessing zooplankton communities (Casas et al. 2017, Djurhuus et al. 2018) to tracking 

seasonal changes in large vertebrates (Andruszkiewicz et al. 2017), eDNA is providing a tool for marine 

biologists to gather community and population data without having to physically capture, observe or 

identify the taxa. For instance, detection of marine fish through metabarcoding of eDNA samples has 

been shown to provide similar spatial resolution of species occurrence when compared with more 

conventional methods, such as using historical sighting records (Andruszkiewicz et al. 2017) or Baited 

Remote Underwater Video surveys (BRUVs) for real time comparisons (Stat et al. 2018). While methods 

like BRUVs frequently miss cryptic and nocturnal species, they can be readily detected through 

metabarcoding of environmental samples (Stat et al. 2018). In fact, metabarcoding of eDNA samples 

can be so sensitive that it detects non-resident commercial species, whose DNA likely ends up in 

estuaries and coastal waters through wastewater (Stoeckle et al. 2017, Yamamoto et al. 2017). 

Monitoring marine biodiversity can be difficult due to the scale and nature of the environment. Non-

invasive in situ visual surveys are dependent on visibility being adequate for detections, which is often 

dictated by prevailing weather conditions (e.g., high winds cause turbidity and inaccessibility to 

offshore sites, heavy rains bring sedimentation from land, etc.). Surveyed taxa may also change their 

behaviour in accordance with weather (Jarolím et al. 2010), time of day (Freeman et al. 2004) and 

season (Hammerschlag and Serafy 2010, Gandra et al. 2018), all of which should be taken into account 

when making inferences from visual surveys. The use of molecular methods bypasses some of these 

issues, as the DNA signal from an organism is not dependent on it being present at the time of 

sampling, and so long as water can be collected, visibility is not an issue. Although there is variability 

in the persistence of dissolved eDNA in marine waters (from 3h to over 1 month (Salter 2018)), 

detection probabilities can be improved by sufficient sampling and replication levels (e.g., Alberdi et 

al. 2017, Lanzén et al. 2017). Although sufficient sampling will also minimise the biases of traditional 

visual surveys, the labour, cost, and time requirements for additional eDNA sampling are usually 

considerably less than what would be incurred from additional surveying with visual methods. 

Additionally, visual surveys are restricted to taxa that can be seen by eye. Tropical coral reefs are 

known as biodiversity hotspots across the globe, and despite covering less than 0.1% of the surface of 

Earth they host over 30 different animal phyla (versus all terrestrial and freshwater habitats with 19 

phyla) (Birkeland 2015). It is therefore unreasonable to expect visual surveys to be able to capture 

even a handful of these at a time. Yet, a single water sample and the DNA extracted from it can be 

used to detect organisms across all kingdoms of life (Stat et al. 2017, Holman et al. 2021).  
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To investigate the utility of eDNA metabarcoding for broad biodiversity estimations in the marine 

realm, this study compared tropical marine habitats, specifically reef and mangrove habitats, from two 

different oceans: the Caribbean Sea (Western Atlantic) and the Western Indian Ocean (WIO). Globally, 

coral reefs support possibly the highest biodiversity found in the marine realm (Plaisance et al. 2011), 

and as a result provide a multitude of ecosystem services, such as food, nutrient cycling, cultural 

benefits and storm protection to mention a few (Moberg and Folke 1999, Costanza et al. 2014a, Beck 

et al. 2018). Caribbean reefs are typically thought to be less speciose than those found in the WIO; for 

example, the WIO hosts approximately three times more reef associated fish species than the 

Caribbean (Mouillot et al. 2014). This difference is often attributed to the geographical history of the 

regions; the Caribbean Sea is physically separated from other tropical oceans by the closed Panama 

Isthmus and the deep-sea trench between the continental shelves in the Atlantic, while the WIO is 

closer and more connected to Earth’s most biodiverse marine habitat in the Coral Triangle (Leprieur et 

al. 2016).  

As one of the most economically valued ecosystems (Costanza et al. 2014a), coral reefs have been 

given a high level of public attention and protection through governmental policies and initiatives (e.g., 

Coral Triangle Initiative (www.coraltriangleinitiative.org), Reef 2050 plan from the Australian 

government to protect the Great Barrier Reef (www.environment.gov.au/marine/gbr/long-term-

sustainability-plan), the US Coral Reef Task Force (www.coralreef.gov), etc.). That said, mangrove 

habitats that are connected to reef systems are often overlooked in these plans. The connection 

between reef and mangrove systems is well documented (Moberg and Folke 1999, Nagelkerken et al. 

2000, Kimirei et al. 2011, Sambrook et al. 2019), and mangrove habitats have been shown to provide 

much of the same services as coral reefs. Yet, although mangrove systems have also been recognised 

as a potentially important habitat to conserve due to their function as carbon sinks, the rate of 

mangrove habitat loss is still up to 3% per year (Pendleton et al. 2012). The links between reef and 

mangrove habitats have generally been inferred from studies on a few taxa at a time (Kimirei et al. 

2011, Jaxion-Harm et al. 2012), and reviews and meta-analyses can usually only focus on one group of 

taxa (e.g., fish (Sambrook et al. 2019). Using molecular methods may allow these connections to be 

made across multiple phyla, or even multiple kingdoms, at a time (Stat et al. 2017, Holman et al. 2021).  

To date, many marine metabarcoding studies have also concluded that eDNA can confidently 

distinguish between different communities (Port et al. 2016, O’Donnell et al. 2017, Jeunen et al. 2019a, 

Siegenthaler et al. 2019). Considering the transportation potential of eDNA in freshwater systems 

(Deiner and Altermatt 2014, Deiner et al. 2016), it could be expected that coastal marine regions with 

heavy tides show a high level of eDNA signal homogenisation. However, studies have shown eDNA 
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metabarcoding to be efficient in discriminating communities less than 5 km apart, even in highly 

dynamic environments (Jeunen et al. 2019a, West et al. 2020). Then, based on the current evidence, 

it could be assumed that any similarities found locally between habitats in the current study are of true 

distribution of eDNA, however the possibility of eDNA transport due to tides cannot be fully ruled out, 

as the Caribbean and the WIO experience very different levels of tides (max. 0.5m versus max 4m, 

resp.).  

Another consideration for any metabarcoding study is the depth of sequencing per sample. It is 

expected that saturation of richness will be reached with sufficient sequencing, like conducting 

sufficient visual survey transects should result in a plateaued species accumulation curve, largely via 

increased probability of detecting rare taxa (Alberdi et al. 2017). However, some suggested sequencing 

depths to achieve a comprehensive biodiversity picture can be financially out of reach for many 

research or monitoring projects (up to 10M reads per sample (Singer et al. 2019)). It is also suggested 

that higher sequencing depths should be applied for samples from more diverse habitats, such as the 

tropics, although to date, no study exists that discusses the effect of sequencing depth on samples 

from regions with large differences in their expected biodiversity (but see Grey et al. (2018)). Here, the 

current study provided a unique opportunity to compare this effect on samples from two different 

oceans, processed with the same protocols throughout. 

In summary, the study at hand investigated whether using eDNA metabarcoding reflects the global 

currently accepted biodiversity patterns in eukaryotes, and whether the tropical habitat connectivity 

patterns hold across multiple taxonomic groups. Additionally, the effect of sequencing depth on the 

recovered richness was analysed to test whether a higher sequencing depth is required for more 

biodiverse regions.  

 

2.2 MATERIALS AND METHODS 

2.2.1 Site descriptions 

Tela – Honduras  
The study area of Tela Bay (15°46'42.4"N 87°28'23.7"W), on the north coast of Honduras, has a tropical 

climate with no dry season and increased rainfall between October and December, and contains both 

mangrove habitat (Los Micos lagoon, 15°47'57.7"N 87°35'57.9"W) and offshore coral reef (Banco 

Capiro, 15°51'48.6"N 87°29'42.9"W). The coral reef is part of the Meso-American Barrier Reef (second 

largest barrier reef system in the world) and lies approximately 8km north from the coast of Tela, a 

town with a population of approx. 38 000 people. This reef is thought to be unique in the Caribbean 
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basin as it boasts an >70% hard coral cover (Fig. 2.1) and is known as a sanctuary for the long-spined 

sea urchin (Diadema antillarum) that experienced large die-offs in the early 1980s with little to no 

recovery around the Caribbean (Bodmer et al. 2015). In addition, the Banco Capiro reef is turbid 

relative to other Caribbean reef systems. The mangrove habitat is a relatively large, closed lagoon with 

a small opening to the sea with one river (Rio San Alejo) feeding it with freshwater. The habitats 

sampled in Tela experience heavy anthropological pressures in the form of pollution and resource 

harvesting (fishing, tree felling for fuel and building material, etc.), with large parts of the land along 

the rivers running to the bay and surrounding coastlines converted to palm oil production. In addition, 

freshwater fish farms (e.g., tilapia (Oreochromis aureus)) are found along the river running to the 

mangrove lagoon.  

 

Figure 2.1: Photos from Banco Capiro reef in Tela, Honduras. Left picture shows a colony of endangered branching coral 
Acropora cervicornis within the reef, and the right picture highlights the high hard coral cover found on most of Banco Capiro, 
with dominant lettuce coral species Agaricia agaricites.  

 

Utila – Honduras  

Utila is the smallest and western-most island of the three Bay Islands (16°05'54.2"N 86°56'06.0"W) 

found north of the Honduran coastline in the Caribbean Sea and is a popular and busy diving 

destination, with a population of approx. 4 100 people. Coral reef outcrops surround the island on all 

sides, and a large part of the island is covered by mangrove trees. The reef habitat in Utila is regarded 

as degraded with low hard coral cover but is more representative of the average Caribbean reefs (coral 

cover typically less than 20% (Jackson et al. 2014)) than the reef found in Tela. The mangrove trees 

cover most of the island’s landmass, with a shallow lagoon situated on the south side of the island 

(16°05'24.0"N 86°54'48.8"W) that has a natural opening to the sea and nearby reef habitats. From the 

north of the lagoon, a small man-made canal leads to the north coast of the island.  
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Watamu – Kenya  

The town of Watamu (approx. 30 000 people) on the coast of Kenya is best known for the Watamu 

Marine National Park and Reserve (est. 1968, 3°23'21.1"S 39°58'55.1"E) (Fig. 2.2). The area within the 

Marine National Park (MNP) is a no-take zone with fee-based tourism activity and encompasses the 

coastal fringing reef and the mouth of the lagoon, while the mangrove habitat along Mida Creek is 

included within the Marine National Reserve (MNR) allowing traditional harvesting, research, and 

tourism (Owuor et al. 2017) (Fig. 2.2). The reef habitat underwent a mass bleaching event in 1998 with 

a reduction in hard coral cover from approx. 45% to as low as 10% and is currently ranging between 

15-31% (Cowburn et al. 2013). The mangrove habitat has historically been heavily harvested, and 

although the cover type has changed, the habitat area cover has not experienced any large losses since 

1989 (Alemayehu et al. 2014).  

 

Figure 2.2: Map of sampling subsites in Watamu, Kenya. The Marine National Park (MNP) and Marine National Reserve (MNR) 
boundaries are drawn in black and red, respectively.  

2.2.2 Sampling, subsite selection and filtering 

Each sampling subsite was sampled twice at different days to give two ecological replicates per subsite. 

Watamu and Utila were sampled during one sampling effort; Utila was sampled over 5-6 July 2019, 

and Watamu between 14-15 Aug 2019. Tela was sampled with temporal analyses in mind over a two-

year period during four sampling efforts: 4-26 July 2018, 12-16 Jan 2019, 10-29 July 2019, and 25 Jan-

10 Feb 2020, however note that only samples collected during July 2019 were statistically analysed in 

this study. 
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The subsites for water sampling were selected with the aim to provide the broadest possible coverage 

of each habitat for each of the sites (TELA, UTILA and WATAMU). Therefore, on the reefs, sampling 

subsites covered the accessible reed habitat as far as was logistically possible. In Tela this meant one 

site on a small reef outcrop (CN), and one site on both the eastern and western ends of the reef proper 

(KG and BF, resp.; Fig 2.3), while the Utilan reef habitat was sampled on both sides of the mangrove 

mouth; one site east of the mouth (SB) and two sites west of the mouth (LB and SG; Fig. 2.3). In 

Watamu, three reef subsites were selected at increasing intervals northeast from the mangrove 

mouth, following the coastline and approximately 200m from the shore (Fig. 2.2). The reef sites were 

always sampled during incoming tide, and at the earliest one hour after the turn of the tide, to 

minimise the risk of capturing eDNA that originated from the mangrove habitat and was transported 

to the reef with the outgoing tide.  

 

Figure 2.3: Map of sampling subsites in Tela and Utila, Honduras.  

In 2018 in Tela, the reef water samples were collected via diving and the use of zip lock bags. To 

minimise contamination from the sampling diver, the sampler wore nitrile gloves during the sampling 

dive, the zip lock bags were opened against the current at approximately 1 m above the reef at the 

beginning of the dive, and two fin kicks were performed against the current prior to closing the bag. 

From 2019 onward, in Tela and Utila where reef site depths were well known from diving activity, a 

submersible Ruttner sampler was used to collect water from approx. 1m above the reef surface in 2019 

and 2020 (Fig. 2.4). The Ruttner was sterilised between sites with a 10% bleach spray and rinsed with 

local water prior to sampling. To avoid damaging the reefs in Watamu due to insufficient knowledge 

of the depths at sampling subsites, the choice was made to sample surface water at the reef sites in 

Watamu. In addition to the subsites on the reef proper, the Honduras sites of Tela and Utila included 
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an “open ocean” subsite, approx. 300m from the reef towards the pelagic environment (OCEAN, Fig. 

2.3). Sampling outside of the reef proper was not possible in Watamu due to the volatility of the ocean.  

To account for any potential differences arising from the different sampling methods for the reef 

habitat (via diving, submersible sampler, and surface water), field control samples to capture onsite 

procedural contamination were included at each sampling day and brought through sequencing. The 

different types of field controls are detailed in section 2.2.3. 

 

Figure 2.4: Image of submersible Ruttner sampler. On the left, the Ruttner is open at depth, and on the right, it has been 
closed via sending a weight down the line.   

The mangroves were also sampled to provide broad coverage of the habitat, as far as was logistically 

possible, and were always sampled during the outgoing tide to minimise the amount of detectable reef 

eDNA that may have been transported over with the incoming tide. The mouth of the lagoon (MOUTH) 

was sampled to capture any eDNA present in the mangrove habitat that may be on its way out with 

the outgoing tide, therefore in theory capturing the diversity of the full mangrove habitat. In addition, 

one site near human habitation (PROXIMAL) and one site as far away from the ocean (DISTAL) were 

sampled to give a more complete overview of the detectable diversity in the mangrove habitats (Figs 

2.2 and 2.3). All mangrove subsites were sampled for surface water, to avoid disturbing the shallow 

soft benthos and accidentally sampling for resuspended sediment. In Honduras, both mangrove 

habitats were sampled via boat; Tela with a motorised boat due to the size of the lagoon, and Utila 

with a kayak. As boats can also introduce non-local DNA into the water, the sampling was always done 

upstream from the boat, avoiding the wake, and reaching as far as possible from the side of the boat 

to minimise the risk of contamination. In Watamu, the mangrove habitat was sampled at each of the 
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sampling subsites either by wading into the water (MOUTH and PROXIMAL) or by walking on the 

mangrove tree roots above water surface (DISTAL) and collecting the surface water upstream from the 

sampling person. While wading into water can cause the soft sediment to become resuspended in the 

water column, the water flow in the mangrove habitat in Watamu was strong enough to ensure water 

collected upstream from the sampling person was unaffected by sediment.  

Filtering of water samples was performed in a dedicated room onsite at each site. Only persons directly 

involved in the filtering process were allowed into the filtering room during the process to minimise 

risk of contamination. To avoid cross contamination between reef and mangrove samples, all 

equipment and the filtering area/surfaces were sterilised between processing samples from the two 

different habitats (for details see next section). For each ecological replicate collected, 1 L of water was 

filtered through a Whatman® glass microfiber filter (Grade 934-AH®, pore size 1.5 µm), and stored in 

a 2 ml screw cap tube with silica beads to help remove any remaining moisture that could accelerate 

DNA degradation. If a filter got saturated before 1L had been filtered through, a second filter was used 

for the remaining water, and the amount of water filtered through each was noted. The tubes 

containing the eDNA filters were stored out of sunlight at either -20 ˚C (Honduras) or room 

temperature (Kenya) until transportation to University College Dublin, Ireland, for laboratory 

processing. Samples were stored at room temperature for a maximum of one week.  

 

2.2.3 Field sterilisation procedures and contamination controls 

In Kenya, eDNA was sampled using unopened drinking water bottles for each sampling session, while 

in Honduras reusable 1L sampling bottles were used to collect the water from the Ruttner sampler. 

The re-usable sampling bottles were sterilised by submerging them in 10% bleach for a minimum of 20 

minutes, followed by a tap water rinse and placing them in the sun (closed) for UV exposure for a 

minimum of 20 minutes. Filtering equipment (filter funnels, trays, tweezers, etc.) were sterilised using 

a similar approach, with a 10% bleach bath for 20 min, followed by rinse with tap water and dry in an 

access-controlled room. The filter funnels were assembled using sterilised equipment (trays and 

tweezers), stored in new clean zip lock bags, and placed in the sun for UV exposure for a minimum 20 

min (for step-by-step sterilisation and filter assembly protocols, see the Appendix - Section 1). All 

surfaces used during filtering were wiped with 95% ethanol in between samples.  

Two types of procedural contamination controls were used in the field: cooler blanks and filter blanks. 

A cooler blank was included for each sampling session to capture any contamination that may arise 

from the handling and transportation of samples. In Honduras, a cooler blank was a sterilised sampling 

bottle filled with tap water, while in Kenya an unopened drinking water bottle was used. To capture 
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any procedural contamination, these cooler blanks were opened for a minimum 10s at one subsite per 

sampling session (most sessions covered more than one subsite at a time), closed, and treated as a 

normal sample through the rest of the sample processing and through to sequencing. Filter blanks 

were used to capture any contamination arising from the filtering process by including these clean 

water samples as one of the samples at the filtration step and bringing them through the full sample 

processing to sequencing. In Kenya, these were again unopened drinking water bottles, and in 

Honduras these were sterilised sampling bottles filled with tap water. The cooler and filter blanks were 

used for “control correction” at the bioinformatics step when processing the sequence data, to remove 

detections of taxa that may have arisen from the protocols of sampling and filtering.  

 

2.2.4 DNA extraction, amplification, and library preparation 

Extractions and PCR preparations were done in a dedicated Low-Copy DNA (LCD) laboratory using two 

laminar hoods, one dedicated to DNA processing, and the other for reagent preparation. The hoods 

were sterilised with 70% ethanol and a 10 min UV exposure between each processing session. 

Extractions were done in batches by site (Tela, Utila or Watamu), with the Tela samples further divided 

by habitat in accordance with the four sampling efforts, and each extraction effort included an 

extraction blank (extraction process without input of eDNA filter) which was consequently processed 

as per a normal eDNA sample. A half of each filter was used for extraction, with the other half stored 

for archival purposes. DNA was extracted from the filters using Qiagen Blood and Tissue DNA 

extraction kit. For each water sample, a half of the filter was cut into four pieces and placed into a 1.5 

ml Eppendorf tube with 600 µl of AL buffer and digested for 24 h at 63 ˚C. After digestion, the steps 

followed manufacturers protocol until the elution step, where the DNA was eluted twice from the spin 

column using 30 µl AE buffer, to a total of 60 µl of extracted eDNA per ecological replicate. This was 

done to retain a higher concentration of eDNA than may have been achieved using the manufacturers 

recommended volume of 200 µl of AE buffer.  

To multiplex the samples, a combination of twelve and eight uniquely tagged forward and reverse 

(respectively) primers (Forward: 5’ – 6bp tag – mlCOIintF – 3’; Reverse: 5’ – 6bp tag – jgHCO2198 – 3’) 

were used to amplify an approx. 313 bp section of the mitochondrial cytochrome oxidase I (COI) gene 

(Leray et al. 2013) (tag and primer sequences in Appendix - Section 2: Table S2.1). Technical replication 

with different tag pairs for each sample was done to reduce the potential bias arising from using tagged 

primers and one-step PCR (O’Donnell et al. 2016). Therefore, each ecological replicate was sequenced 

with three different tag combinations to give three sequenced technical replicates per each ecological 

replicate, and these technical replicates were amplified in three reactions to account for stochasticity 
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in the PCRs (total of nine PCR reactions per ecological replicate). Each 20 µl PCR consisted of 2 µl 

template DNA, 0.6 µl of each forward and reverse primers (10 µM), 0.8 µl dNTP’s, 0.08 µl KAPA Taq 

Polymerase, 2.0 µl KAPA Taq Buffer A and 12.52 µl ddH2O. The thermocycling profile consisted of an 

initial denaturation step of 5 min at 95˚C, followed by 40 cycles of 10s at 95˚C, annealing for 30s at 

46˚C and elongation for 60s at 72˚C. Each library included a no-template-control (PCR blank) which was 

allocated a unique tag combination and replicated for every PCR run for samples for the same library. 

To form the multiplexed libraries, the PCR reactions for each tag combination were pooled, quantified, 

and finally pooled in equimolar amounts with the other barcode combinations. In total four libraries 

were prepared for commercial sequencing using paired end 250bp Illumina MiSeq V3 chemistry by 

Swiss biotechnology company Fasteris. Full details of tagging combinations per sample, samples per 

library, and sample metadata can be found in supplementary file All_samples_metadata.xlxs (incl. all 

samples from 2018-2020, Appendix – Section 6).  

 

2.2.5 Bioinformatics 

The raw reads from sequencing were expected to have a mixed orientation in the F and R files received 

for each library (i.e., both forward and reverse primers were present in both F and R files) due to the 

PCR-free ligation of sequencing adapters by the sequencing facility. Therefore, the raw reads were 

demultiplexed twice, once for each possible orientation, using CUTADAPT (Martin 2011) and the full 

primer and tag sequences, allowing for a maximum of two errors and using a minimum length 

requirement of 100bp (full commands given in Appendix - Section 2). This resulted in each library 

containing two sets of demultiplexed files, one for each orientation, with each set made up of paired 

files for each of the samples in that library. In order to avoid mixing of error models in the denoising 

step, the two orientations for each library were processed separately through the bioinformatics 

pipeline to produce Actual Sequence Variants (ASVs), followed by reverse complementing the reverse 

oriented ASVs (i.e., with reverse primers in the F files) before merging with the forward oriented ASVs.  

Denoising the reads into ASVs was done using the DADA2 pipeline (Callahan et al. 2016). DADA2 uses 

error estimation models to infer ASVs for each F and R file individually prior to merging the paired 

reads. First, the reads were trimmed and filtered using the filterAndTrim function with parameters set 

to truncate each F and R file at 200bp, allowing no Ns in the sequences and additionally truncating at 

first instance of quality score less than or equal to two (truncLen=c(200,200), minLen=100, maxN=0, 

maxEE=c(2,2), truncQ=2). Then, error estimates were used to infer ASVs for each F and R file, and the 

paired reads were merged. After merging, the resulting reads were filtered to include only reads of 

length 313bp, and chimeras were removed using the “consensus” method of the function 

removeBimeraDenovo. At this point, the ASV sequences from the reverse oriented files (where reverse 
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primers were in the F file) were reverse complemented, and these reverse complemented sequences 

were used for taxonomic assignment, while the forward oriented ASVs were assigned as is.  

Taxonomic assignment was performed with the Ribosomal Development Project’s naïve Bayesian 

Classifier (RDP Classifier v2.0.3, Wang et al. 2007) using a broad scale COI database (Porter and 

Hajibabaei 2018a). This database was chosen due to its broad coverage of different taxonomic groups, 

including outgroups such as Bacteria and Fungi. Of the resulting classifications, those with a bootstrap 

confidence (BSC) value of < 0.6 were changed to NA, and the highest classification above the threshold 

was retained for the species-level notation in the taxonomy table (e.g., family assignment > 0.6 BSC, 

genus assignment < 0.6 BSC, species-level notation would be “familyname_sp.”). Where the kingdom 

level assignment was under the threshold, the ASV was labelled as “Unassigned”. The threshold of 0.6 

BSC was chosen as an appropriate trade-off between minimising the risk of false positives that could 

arise from not having a reference sequence in the database for the query sequence (i.e., missing 

references for a species), and improving the number of accurate species-level assignments (Gold et al. 

2021a). After parsing the taxonomic assignments, the data from the different orientations were 

merged. 

Control correction to remove potential contaminant ASVs was done using the field and laboratory 

controls (field: cooler and filter blanks; laboratory: extraction blanks and no-template controls) and a 

relative abundance threshold of 10% (e.g., see Antich et al. 2021b); if the relative abundance of a ASV 

in a control sample was 10% of the total abundance of that ASV across the related samples (i.e., cooler 

blank A was used to correct all samples transported with it, filter blank B was used to correct all 

samples filtered with it, etc.), that ASV was discarded from that group of samples. Note that the 

correction was first done on the most exclusive controls (i.e., cooler blanks with the smallest number 

of related eDNA samples) and proceeded through the controls to finish with the most inclusive ones 

(i.e., the no-template controls covering entire sequencing libraries). Once corrected, all samples across 

all sites were combined for analysis in R (v4.0.3). In cases where more than one ASV was annotated to 

the same species with good confidence, species level assignments were merged to have one 

representative ASV per species, but unique ASVs were retained at all higher taxonomic ranks. All ASVs 

classified as “Unassigned” were removed from the data at this stage, all ASVs with an abundance of 1 

were also discarded to avoid artificially inflating diversity estimates. A table of all ASVs discarded per 

control sample/group as a result of the control correction are provided in supplementary file 

Control_correction_disc_ASVs.xlxs (incl. all control corrections across 2018-2020).  
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2.2.6 Statistical analyses 

Sequencing depth and richness 

All analyses were performed in RStudio (R version 4.0.3) using vegan (v2.5.7, (Oksanen et al. 2009) and 

phyloseq (v1.34.0, McMurdie and Holmes 2013) R packages. To investigate the relationship of 

sequencing depth to observed ASV richness, this section used all ASVs that passed the bioinformatics 

and QC (i.e., all ASVs with good confidence kingdom level assignment). The ASV richness from all 2019 

samples across all sites were plotted with a local polynomial regression line (loess, the recommended 

method for <1000 observations) using phyloseq and ggplot2 (v3.3.2, Wickham 2016) against the 

demultiplexed read counts per sample. This model was used to highlight patterns in the data that do 

not follow usual generalised linear models. Additionally, for each plot the linear Spearman correlation 

(R value) was calculated with its associated p-value. The specaccum function of the vegan package was 

used to assess sampling and sequencing completeness for obtained ASV richness at the site level (note 

that specaccum uses the fully processed ASV abundances for read rarefaction, not the demultiplexed 

counts). To assess which kingdoms were most impacted by sequencing depth, loess models were also 

fitted for each kingdom separately against the demultiplexed read depths. In addition, general linear 

models were also produced for each kingdom and graphical results for these are supplied in the 

Appendix – Section 2: Fig S2.1. 

Global and regional community structures 

For the analyses over different spatial scales, eDNA samples from the 2019 sampling efforts across all 

study sites (Tela, Utila and Watamu) and covering the reef and mangrove habitats were analysed and 

the total ASVs confidently assigned to each kingdom were tabulated first. The rest of the analyses only 

considered ASVs with good confidence metazoan assignments to at least family level. The relative 

abundances of metazoan ASVs were calculated for each subsite, and the most common metazoan 

classes were visualised with phyloseq. Community structure and betadiversity analyses were done 

using a presence-absence transformed abundance table of all metazoan taxa and Jaccard distances 

were calculated between samples using this binary data and the vegan package. To assess differences 

between and within sites, the adonis function of vegan was used for PERMANOVA analyses. Significant 

within-site PERMANOVA results were followed by evaluating the homogeneity of dispersions (function 

betadisper) at the site level (habitat and subsite dispersions evaluated) and comparing their median 

distance-to-centroid with a permuted ANOVA test (function permutest). The community structures 

were also assessed visually using non-metric multidimensional scaling (NMDS), and additional 

ordination MDS visualisations using fourth-root transformed abundance data are provided in the 

Appendix - Section 2: Fig. S 
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2.3 RESULTS 

2.3.1 Sequencing and bioinformatics 

Across all sampling efforts, a total 20 873 936 raw reads were obtained from sequencing of which         

18 893 378 reads were demultiplexed into the sequenced samples, and a total 9 587 269 reads passed 

successfully through all bioinformatics and control correction steps. On average, the eDNA samples 

from Tela contained 59 979 ± SD 27 639 reads, samples from Utila contained 46 796 ± SD 22 882 reads, 

and samples from Watamu contained 143 284 ± SD 66 196 reads after demultiplexing. The field control 

samples (cooler and filtration blanks) from Tela and Utila contained a mean 39 217 ± SD 39 996 and  

51 637 ± SD 12 292 demultiplexed reads, and field controls from Watamu contained a mean 1 676 ± 

SD 1 204 reads.  Meanwhile the laboratory controls (extraction and PCR blanks) contained an average 

1 036 ± SD 468 reads after demultiplexing. Of the demultiplexed reads, a total of 64.6%, 51.9% and 

39.9% of the reads were remaining in the Tela, Utila and Watamu eDNA samples, respectively, after 

bioinformatic processing and control correction. Read counts at all bioinformatics steps as well as ASV 

counts for all samples through 2018-2020 are summarised in Table 2.1. The Tela and Utila eDNA 

samples produced a total 9 199 and 6 004 ASVs by DADA2, of which 3 415 and 2 726 were 

taxonomically assigned to at least kingdom, respectively.  From the Watamu eDNA samples, DADA2 

produced 11 408 ASVs, of which 6 692 were taxonomically assigned. Read and ASV counts per sample 

are provided in supplementary file All_Samples_Metadata.csv (Appendix - Section 6). 

Considering only the eDNA samples from June-August 2019 for all sites, ASV richness had no significant 

relationship to the demultiplexed read depth (Fig. 2.5A). However, accumulation curves show a clearly 

incomplete sampling effort in Utila and Watamu, while Tela sampling almost reaches a plateau (Fig. 

2.5B). Additionally, read accumulation curves indicate sufficient sequencing depth for the observed 

ASVs was reached at all sites (Fig. 2.5C).  
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Table 2.1: Summary table of sequencing results. Control samples are divided by sites to separate field controls (cooler and filter blanks) from laboratory controls (extraction and PCR blanks). 

  eDNA samples TELA UTILA WATAMU         

    n=168 n=42 n=36         

    total median mean sd (±) total median mean sd (±) total median mean sd (±)         

RE
AD

S 

Demultiplexed 10,076,475 57,799 59,979 27,639 1,965,444 45,267 46,796 22,882 5,158,231 127,256 143,284 66,196         

Filtered 8,661,536 49,409 51,557 24,097 1,641,406 36,609 39,081 19,957 4,168,153 104,731 115,782 53,152         

Merged 8,448,461 47,780 50,288 23,694 1,585,725 35,374 37,755 19,679 3,991,132 99,286 110,865 51,796         

Nonchimeric 6,538,812 37,401 38,922 21,485 1,043,634 27,440 24,848 10,762 2,058,088 55,608 57,169 29,100         

Control Corrected 6,505,247 37,360 38,722 21,487 1,020,762 26,991 24,304 10,497 2,056,422 55,602 57,123 29,071         

AS
Vs

 

ASVs * 9,199 1,128 1,000 774 6,004 784 856 600 11,408 1,281 1,522 775         

Tax assigned ** 3,415 337 287 216 2,726 267 275 181 6,692 614 720 371         

                                    

  Control samples TELA UTILA WATAMU LABORATORY 

    n=32 n=8 n=7 n=13 

    total median mean sd (±) total median mean sd (±) total median mean sd (±) total median mean 
sd 
(±) 

RE
AD

S 

Demultiplexed 1,254,928 28,055 39,217 39,996 413,099 50,003 51,637 12,292 11,734 1,440 1,676 1,204 13,467 871 1,036 468 

Filtered 1,044,133 24,225 32,629 34,871 334,512 39,804 41,814 11,610 5,446 762 778 588 6,234 408 480 300 

Merged 1,024,300 22,419 32,009 34,524 331,284 39,360 41,411 11,641 4,655 666 665 553 5,067 332 390 298 

Nonchimeric 677,184 10,144 21,162 26,758 194,630 18,840 24,329 16,493 1,880 158 269 325 3,199 240 246 199 

Control Corrected 2,533 27 79 127 233 18 29 28 156 18 22 17 1,916 74 147 142 

AS
Vs

 

ASVs * 357 13 17 19 67 12 11 4 97 15 16 12 280 14 26 30 

  *) Number of ASVs after control correction                             

  

**) Number of ASVs with a good confidence kingdom level assignment 
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Figure 2.5: Read depth effect on ASV richness: A) Number of observed annotated ASVs plotted against demultiplexed read 
depth (log10 transformed). Each point represents a replicate of a sample (Caribbean sites in orange (TELA) and blue (Utila), 
Watamu in green). The local polynomial regression line was fitted using α = 0.75, and shaded areas signify ± 95% CI, except 
where -95% CI goes below 0. The Spearman coefficients (R) are shown with their associated p-values. B) shows ASV 
accumulation against the number of sequenced samples, and C) shows the same against sequencing depth.  

Correlation strength between sequencing depth and ASV richness in each kingdom varied somewhat 

between sites (Fig. 2.6). Previous studies show that a relatively strong correlation between increasing 

sequencing depth and ASV richness could be expected (Alberdi et al. 2017, Singer et al. 2019), however 

this statement was largely found not to hold for the data presented in this study. The metazoan ASVs 

displayed a significant but only moderately positive correlation in the Utila samples, and no evidence 

for a positive relationship was observed in the Tela and Watamu samples (Fig. 2.6A; Utila: R = 0.47, p 

< 0.01; Tela: R = -0.15, p > 0.1; Watamu: R = -0.08, p > 0.5). Overall, the Watamu samples showed no 

significant relationships between the demultiplexed read depths and the observed ASV richness of the 

different kingdoms, but they did display observably high variability in the ASV richness at higher 

sequencing depths (Figs. 2.5B-E).  
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Figure 2.6: ASV richness and read depth. Each plot shows the local polynomial regression line (loess, fitted using α = 0.75, 
and shaded areas signify ± 95% CI) for detections of one kingdom, against the demultiplexed read depth. The Spearman 
coefficients (R) calculated for a linear model are shown with their associated p-values. Each point signifies an independently 
sequenced sample, and the colours denote the originating sampling sites (green = Tela, orange = Utila, blue = Watamu).  

In addition to metazoan ASVs, the Utila samples showed a moderate positive correlation of 

Viridiplantae richness to read depth (R = 0.38, p < 0.05), however it should be noted that the overall 

richness of Viridiplantae in the Utilan dataset was low (25 ASVs). The Tela samples displayed three 

significant relationships: a moderately positive correlation for fungal ASV richness to sequencing depth 

(R = 0.42, p < 0.01) and, curiously, a weakly negative relationship of Viridiplantae and Other Eukaryota 

ASVs to sequencing depth (Viridiplantae: R = -0.31, p < 0.05; Other Eukaryota: R = -0.33, p < 0.05). 

However, for both of these groups the mean richness was relatively low in the Tela samples 

(Viridiplantae a mean 7 ASVs per sample, Other Eukaryota a mean 30 ASVs per sample), and the 

negative trends may be driven by samples that contained few but abundant taxa for these groups (e.g., 

a cluster of plankton sampled by chance).  

The majority of ASVs in each kingdom were detected in less than 10 samples in all sites (Fig. 2.7A). In 

Tela, only one ASV was detected in all samples (CAR_2691: Pelagibacteraceae bacterium (kingdom 

Bacteria)). In Utila, no ASVs were detected across all samples, while in Watamu, two ASVs with only 

kingdom level assignments were detected across all samples (WIO_78: Metazoa; WIO_304: Bacteria). 
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Figure 2.7: A) Proportion of ASVs of each kingdom detected in different number of samples. B) The proportion of relative 
ASVs abundances per kingdom at each site.  

In addition, the proportion of ASVs that had an abundance of under 10 reads varied mostly between 

approx. 25 % and 60% for most kingdoms, with the exception of Fungi in the Watamu samples, where 

the ASVs were represented by less than 10 reads were a distinct minority (Fig. 2.7). The amount of 

reads per ASVs generally followed the same pattern as the number of detections across samples (Fig. 

2.7B). 

2.3.2 Global and regional community structures 

For the 2019 samples across all three sites, 1 552 836 reads were confidently assigned at least to 

kingdom in 9 884 ASVs across 120 samples. Between all the sites, 78.6% of ASVs were assigned as 

bacterial, and they accounted for 41.8% of the reads (Table 2.2). Metazoan reads accounted for 40.2% 

of the overall reads, but only 12.7% of the ASVs. While the highest observed ASV richness was found 

in the bacterial kingdom for all sites, in the Caribbean sites (Tela and Utila) more reads were metazoan 

than bacterial (Table 2.2, full ASV abundance table per sample with taxonomic assignments is found in 

the supplementary file ASV_table_CH_II.csv: Appendix - Section 6).  

Table 2.2: Total ASVs and reads confidently assigned to kingdom level in eDNA metabarcoding samples of 2019 from 
Watamu (Kenya, West Indian Ocean), and Tela and Utila (Honduras, Caribbean Sea).  
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   Metazoa 
Other 

Eukaryota Bacteria Fungi Viridiplantae Total 
W

AT
AM

U
 

reads 153,300  112,863  454,637  2,223  39,720  762,743  

ASVs 707  464  5,432  30  24  6,657  

TE
LA

 reads 208,498  41,242  117,349  28,886  15,126  411,101  

ASVs 224  169  905  36  30  1,364  

U
TI

LA
 reads 262,942  30,257  77,022  177  8,594  378,992  

ASVs 449  167  1,981  5  30  2,632  

A
LL

 reads 624,740  184,362  649,008  31,286  63,440  1,552,836  

ASVs 1,259  716  7,773  69  67  9,884  

For analyses on metazoan taxa that were confidently assigned to at least family level (total 303 ASVs 

and 323 875 reads across all sites), four samples were excluded due to having no such ASVs: one 

sample from Tela (14c, PROXIMAL subsite in the MANG habitat), one sample from Utila (103b, OCEAN 

subsite), and two samples from Watamu (130a and 130c, both were replicates of the same water 

sample from PROXIMAL subsite in the MANG habitat). This left a total 41, 41 and 34 samples for 

metazoan community analyses for Tela, Utila and Watamu, respectively. 

In Honduras and Kenya, a total 124 and 179 metazoan ASVs were confidently assigned to at least family 

level, respectively. In Tela, the MANG samples (DISTAL, PROXIMAL and MOUTH) contained mostly 

reads assigned to Gastropoda and Actinopteri, however the total richness of ASVs for these classes in 

the Tela MANG samples was low (Fig. 2.8A, B). In the REEF habitat of Tela, the majority of reads were 

assigned to anthozoans, and specifically to the main reef building coral Agaricia agaricites (CAR_1346; 

Fig. 2.1). Despite the relative abundances showing a strong unevenness in both habitats (Fig. 2.8A), the 

REEF samples in Tela displayed a higher level of alpha diversity than the MANG samples (Fig. 2.8B).  
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Figure 2.8: Top twelve metazoan classes. A) Relative read abundances for the top twelve most common metazoan classes 
found at each subsite within each site. B) The total number of ASVs in each of the top twelve metazoan classes at each subsite 
within each site.  

In the Utila samples, much more variability was observed in the relative abundances between the 

subsites (Fig. 2.8A), however overall, most of the top twelve classes were represented across both 

habitats. In particular, the MOUTH subsite displayed the highest number of ASVs, potentially 

suggesting it accumulates diversity from both the REEF and MANG habitats. The Watamu samples also 

showed a high level of variability between and within the habitats in terms of relative abundances, but 
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representation of the top classes seems similar across the habitats (Fig. 2.8A,B). That said, the REEF 

samples displayed a consistently higher number of ASVs across all classes (Fig. 2.8B). 

Spatial discrimination was observed both between and within habitats at all sites. In Honduras, the 

NMDS analyses on the metazoan ASVs show a clear separation of the reef and mangrove habitats at 

both sites, with OCEAN samples falling near the REEF habitat in Tela and equally distinct from the REEF 

and MANG habitats in Utila (Fig. 2.9A, C, D). In addition, the REEF samples from both sites cluster closer 

together than REEF and MANG from Tela only, suggesting similarities in the Utila and Tela REEF 

communities. In Tela, 67% of the observed differences are explained by habitat and the subsites within 

each (PERMANOVA: Habitat R2 = 0.55106, p < 0.001; Habitat:Subsite R2 = 0.12168, p < 0.01), with 

similar dispersions between each habitat and  subsite (Appendix - Section 2: permutest: p > 0.05).  

 

Figure 2.9: Community structures using metazoan ASVs assigned to family level. NMDS plots show eDNA samples from 
Honduran (a) and Kenyan (b) subsites, with sample origin signified by color (light blue = Tela, dark blue = Utila, red = Watamu) 
and habitat types signified by shapes (circle = mangrove, triangle = reef). Plots C-D show the same at the site level, with 
subsite level resolution (subsites defined by colors, habitats defined by shape). 

In Utila, 51% of the variation observed is driven by the origin of the samples (PERMANOVA: Habitat R2 

= 0.2937, p < 0.001; Habitat:Subsite R2 = 0.21685, p < 0.001). Between the two habitats, the Utila 

samples do not show differences in dispersion levels, yet interestingly the dispersions at the subsite 

level differ significantly from each other (permutest: p < 0.01). The NMDS ordination shows this 

significance as the more spread-out samples from subsites DISTAL in the MANG habitat, and SG and 

LB from the REEF habitat (Fig. 2.9D). In Watamu, the REEF samples cluster more tightly together than 

the MANG samples, but also display a relatively high level of spatial distinctiveness between subsites 

(Fig. 2.9B, E). In total, 53% of the variation is explained by the origin of the samples, with the nested 
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subsites explaining a lager proportion (PERMANOVA: Habitat R2 = 0.22336, p < 0.001; Habitat:Subsite 

R2 = 0.30986, p < 0.001). The permutation test for homogeneity of dispersions supported the 

ordination by resulting in significant differences in dispersions at both the Habitat and Subsite levels. 

 

Figure 2.10: Shared metazoan ASVs between mangrove and reef habitats. Each venn diagram shows the number of metazoan 
ASVs assigned to at least family level in reef (blue) and mangrove (green) habitats in Honduras (A) and in Kenya (B). For A), 
the two sites are shown (Tela on the left and Utila on the right). Numbers and percentages in overlapping areas signify the 
count and proportion shared ASVs, if any. 

In Honduras (excl. OCEAN subsite), the most unique metazoan ASVs were harboured in the mangrove 

habitat of Utila (40 out of total 119 metazoan ASVs) (Fig. 2.10A). The highest number of shared species 

was between the two habitats of Utila with 15 ASVs, followed by 11 ASVs shared between the two reef 

habitats and the Utila mangrove habitat. In addition, the two reef sites shared 9 ASVs out of the total 

119 ASVs found across the Honduran REEF and MANG sites. Within Tela, the reef and mangrove 

habitats shared only 1 ASV (CAR_664: Temora turbinata (phylum Arthropoda, order Calanoida)), 

together with the two habitats in Utila (Fig. 2.10A), while the mangrove habitat in Tela contained a 

total 9 unique ASVs. In Kenya, 96 ASVs and 42 ASVs were unique to the reef and mangrove habitats, 

respectively, while 41 ASVs were shared between the two habitats out of a total 179 ASVs found across 

the MANG and REEF samples (Fig. 2.10B).  
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2.4 DISCUSSION 

This study has provided further proof that environmental sampling and metabarcoding can provide a 

good estimate of the state of biodiversity not only on a large geographical scale, but also for a breadth 

of taxonomic groups and even within a habitat (Stat et al. 2017, Antich et al. 2021b, Holman et al. 

2021). Metabarcoding accurately captured the higher tropical biodiversity expected in the Indian 

Ocean compared to the Atlantic. Additionally, the results indicate that sequencing depth is not 

uniformly related to the molecular richness of different kingdoms obtained from environmental 

samples.  

2.4.1 Patterns of biodiversity 

Species richness of tropical marine habitats decreases as you move away from the so called “coral 

triangle” in the Indo-Pacific Ocean (Gray 1997, Mouillot et al. 2014, Leprieur et al. 2016), with the 

Caribbean region being the least speciose of all tropical marine environments. Here, targeting a short 

section (approx. 313bp) of a popular metazoan barcode marker, COI, resulted in amplification of a wide 

range of eukaryotic taxa as well as bacterial, fungal and viridiplantae taxa, from both the Caribbean 

and the Western Indian Ocean (WIO) (Table 2.2). Most kingdoms display a higher richness in the 

samples from Watamu in the WIO, than from either of the Honduran sites, showing that 

metabarcoding can accurately reflect the currently accepted patterns of global species richness for 

tropical marine habitats.  

However, the amplification of non-metazoan taxa with primers for a metazoan marker gene is typically 

thought of as an issue, as it reduces its ability to provide good resolution results for the target taxa 

(Collins et al. 2019). That said, for broadscale monitoring it may actually have an advantage; instead of 

having to use multiple different markers to track changes for a variety of taxonomic groups, one marker 

and one primer set can be enough to find community changes along environmental gradients (Gallego 

et al. 2020). Then, once taxonomic groups identified as potential indicators for environmental change 

have been found, they can be further investigated using more taxonomically specific primers to 

provide smaller scale resolution, if required. An added benefit of using environmental sampling in this 

scenario is that the same water samples can be used for both the broadscale and targeted 

investigations, providing direct comparability of results. This can be further accommodated by 

archiving a part (here ½) of the filters for future research.  Furthermore, old metabarcoding data can 

be interrogated in the future with updated reference databases, creating a more flexible temporal 

dataset than would be obtained from visual surveys.  
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Across all sites, the reef and mangrove habitats were distinct in the ordination analyses and the 

environmental origin (Habitat/Subsite) of the samples was found to be a driving force behind the 

differentiation. This distinction, however, is slightly different between the sites. In Honduras, the reefs 

of Utila have previously been thought to be less diverse than the Tela reefs, largely due to the 

differences in observed reef health, yet from the metabarcoding results it seems that they share 

numerous taxa (Fig. 2.10A). In addition to the shared taxa, the reef sites cluster together in the 

ordination analyses, suggesting perhaps more similar reef communities than may be expected based 

on their visual characteristics (Fig. 2.9A) (Bodmer et al. 2015b). These two pieces of evidence 

demonstrate how metabarcoding data can reveal patterns that are not necessarily found with visual 

assessments.  

Furthermore, the mangrove samples in Tela are more distinguishable from the reef habitats than the 

Utilan mangrove samples, possibly a result of the distance in between the habitats (Fig. 2.3) as distance 

related decay in community similarity has been observed with metabarcoding before (O’Donnell et al. 

2017, Pearman et al. 2020). In Utila, the mangrove and reef samples were all collected within a two-

kilometre radius, with a large opening from the mangrove to the reef areas. Meanwhile the mangrove 

habitat in Tela, situated on the mainland, is approximately 8km from the reef and has only a small 

opening to the sea, making it less connected to the reef habitat at Banco Capiro. Additionally, the 

lagoon receives input from the mainland river San Alejo, which could carry in traces of freshwater 

metazoan DNA from as far as 100km upstream (Pont et al. 2018). Hence it is possible that the large 

differences seen between the reef habitats and the Tela mangrove are in fact a result of eDNA 

transportation from freshwater species, however deeper analyses at the species level resolution are 

out of scope for this study.      

In Watamu (Kenya, WIO), the reef samples were also found to exhibit stronger clustering and thus less 

variability than the mangrove samples. As there is a creek from inland running into the mangrove 

habitat, the possibility of accumulating molecular biodiversity in the mangrove waters increases 

through transportation of genetic material downstream, similarly as discussed for the Tela mangrove 

habitat (Deiner and Altermatt 2014, Li et al. 2018). It is also possible that due to the high tidal 

differences the timing of the mangrove sampling was too soon after the turn of the tide, not allowing 

sufficient time for the eDNA that may have originated from the ocean to be transported out of the 

mangrove habitat, however if this was the case, then the reef samples would likely have clustered 

within the mangrove samples in the ordinations. That said, the mangrove samples displayed  higher 

variance between themselves, exhibiting the potential for molecular diversity accumulation from the 

mangrove habitat itself, the ocean through tides and even terrestrial DNA from upstream via eDNA 
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transportation (Sales et al. 2020). Therefore, considering the characteristics of the sampled habitat in 

terms of temporal and spatial variation is crucial for robust analyses. 

2.4.2 Effect of experimental choices on outcome – sequencing and sampling effort 

The results here provide evidence that the relationship between sequencing depth and the observed 

richness from metabarcoding data are not as clearly correlated as previously thought (Singer et al. 

2019). Overall, the results suggest that read depth is less important than sampling effort, especially in 

highly diverse regions. Here, the observed richness remained low in the Honduran samples from Tela 

and Utila even at higher read depths (Fig. 2.5A), indicating the samples themselves were perhaps 

already taxonomically poor, or dominated by fewer but more abundant taxa. Additionally, although 

the samples from Watamu, which is in the Western Indian Ocean, show a higher richness at all read 

depths when compared to the Honduran samples, there does not seem to be any clear relationship 

between the obtained richness and the amount of sequencing performed (Fig. 2.5A). Increasing 

sequencing depth has previously been shown to improve the detection of low-abundance taxa in 

metabarcoding (targeting e.g., invertebrates (Alberdi et al. 2017) and fungi (Smith and Peay 2014)), or 

by using a different sequencing platform (Singer et al. 2019). However, the results presented here do 

not support the hypothesis that higher sequencing depths have a larger effect on richness estimates 

(Singer et al. 2019). That said, the sampling effort was found to be incomplete at all sites (Fig. 2.5B). 

This is a relatively common occurrence in eDNA metabarcoding studies (Bylemans et al. 2018, Grey et 

al. 2018, West et al. 2020, Gold et al. 2021b), and supports previously found evidence that to obtain a 

more comprehensive biodiversity estimate for a region, increasing ecological replication may be more 

valuable than increasing sequencing depth (Bylemans et al. 2018, Grey et al. 2018). Therefore, 

increasing ecological replication is recommended, even if it means lower sequencing depths per 

sample.  

In terms of sequencing depth and its relationship to the richness of the different kingdoms detected, 

this study did not find any strong evidence to support higher sequencing depth to obtain more 

comprehensive richness estimates. Target taxa for the primer pair used (namely, Metazoa and Other 

Eukaryota) showed no obvious increases in richness with the increased sequencing depths (Fig. 2.6A, 

E). Together with the ASV accumulation curves against rarefied read depths (Fig. 2.5C), this would 

indicate that most of the target taxa that amplified were also successfully sequenced, and that no 

significant increases to eukaryotic richness would be obtained from increasing sequencing depth. 

Although restricting sequencing depth may miss rare taxa, when the aim is to broadly estimate 

biodiversity patterns, these taxa are less significant to the results (Cucherousset et al. 2008).   
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Furthermore, the high level of nonspecific amplification of non-metazoan groups (Bacteria, Fungi and 

Viridiplantae) can provide an additional layer to broadscale biodiversity and community patterns 

(Berry et al. 2019), however the variability in their richness to sequencing depth relationships may 

complicate drawing conclusions from the data (Fig. 2.6B-D). For instance, bacterial richness showed no 

clear relationship to sequencing depth, but both Fungi and Viridiplantae displayed variable 

relationships in the different sites (Fig. 2.6B-D). When analysing broadscale data, it is more likely that 

the molecular richness of nontarget groups other than Bacteria could be more strongly affected by 

environmental conditions or sampling effort than the target metazoan taxa. Therefore, when using 

data generated with universal primers for biodiversity analyses, data normalisation to account for the 

different relationships between sequencing depth and richness is critical. Additionally, although this 

study advocates for the use of broadscale metabarcoding to find patterns of environmental change, 

many metabarcoding efforts using the COI marker aim to target exclusively eukaryotic taxa (Djurhuus 

et al. 2018, Fernández et al. 2018, Bakker et al. 2019, Gargan et al. 2021). With a universal primer 

prone to nonspecific amplification, the removal of e.g., bacterial DNA, a commonly amplified nontarget 

group (Zafeiropoulos et al. 2021b), prior to amplification would leave only target DNA available for 

PCR, potentially improving eukaryotic detections.   

 

CONCLUSIONS 

Metabarcoding eDNA samples using one primer pair for a metazoan barcode marker gene (COI) can 

provide abundant information and reveal both large- and small-scale patterns of biodiversity. For the 

age of climate change and rapid biodiversity declines, quick and efficient biodiversity monitoring can 

be achieved with metabarcoding eDNA. Additionally, rather than a weakness, the taxonomic breadth 

of the sequences obtained for larger scale studies should be considered a strength of the method, 

allowing researchers to direct their next steps accordingly towards perhaps more informational 

groups. Furthermore, these informational groups could then be investigated without the need for 

more sampling, as the same samples can be re-analysed with a different approach (e.g., different 

primers or new reference databases), especially in cases where part of the samples have been archived 

for future use. Although more detailed research is required to better evaluate the effects of sequencing 

effort on the taxa and richness observed, this study provides evidence that the relationship between 

sequencing depth and obtained richness may be less important than sampling effort.  
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CHAPTER III 

 

THE EFFECT OF TAXONOMIC RESOLUTION ON SPATIO-

TEMPORAL PATTERNS DETECTED WITH eDNA METABARCODING 

 

ABSTRACT 

Biodiversity change as a result of global anthropogenic pressures threatens the stability of vulnerable 

and highly diverse environments, such as tropical marine habitats. Temporal monitoring with 

molecular tools like environmental DNA (eDNA) metabarcoding can highlight and reveal what is 

changing and provide insights to the drivers of change. Yet the ability of these tools to provide 

taxonomically sound information is still impeded by lack of coverage in reference sequence databases. 

Here, temporal patterns of biodiversity were investigated with eDNA metabarcoding for reef and 

mangrove habitats in Honduras over a two-year period. Community composition and changes to 

betadiversity were examined for three different levels of taxonomic resolution: full dataset containing 

all Actual Sequence Variants (ASVs), high confidence metazoan ASVs only, and ASVs without a 

taxonomic assignment. Patterns of change were generally stronger using the unassigned ASVs, 

showing more distinct clustering of samples by collection time in ordinations and a higher percentage 

of variation explained by the full interaction model of habitat and collection time. Additionally, a 

potential response to a bleaching event was observed in all datasets examined. Without taxonomic 

information, however, it is difficult to assess the true impacts of change on the ecosystems, especially 

in the absence of environmental data (e.g., pH, temperature, salinity, etc.). This study supports the use 

of low-resolution taxonomic data for temporal metabarcoding studies but stresses the need for 

environmental data and/or at least at minimum kingdom level taxonomic information to be able to 

make ecologically sound statements about the studied habitats.  
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3.1 INTRODUCTION 

Global marine biodiversity is under threat from several human impacts, including climate change, 

habitat degradation and overfishing (Gray 1997, Forster et al. 2011, Mazaris et al. 2019), with tropical 

marine habitats showing the highest rates of change (Blowes et al. 2019). Although evidence by various 

meta-analyses shows no net loss of species richness globally, they have highlighted the significance of 

community level changes (changes to species identities/abundances) in temporal biodiversity studies 

(Dornelas et al. 2014, Vellend et al. 2017, Hillebrand et al. 2018). Community changes without a net 

loss of species may lead to biotic homogenisation, and especially in marine environments it may go 

unnoticed by conservation and monitoring efforts (Magurran et al. 2015). And as functional roles filled 

by different species are almost as numerous as species themselves (Mouillot et al. 2014), changes to 

communities via species turnover (i.e., changes to species identities) can have far reaching impacts on 

ecosystem functioning, and by extension to the services and resources we gain from them for our own 

benefit (Costanza et al. 2014b). 

Studying seasonal variation in local species composition requires long-term monitoring, and traditional 

methods (such as visual surveys or the capturing of specimens) tend to be expensive especially in terms 

of person-hours (Ji et al. 2013). Environmental DNA (eDNA) metabarcoding – the simultaneous 

identification of molecular signals covering multiple taxa from environmental samples – is increasingly 

being used as a tool to monitor temporal changes in aquatic communities (Guardiola et al. 2016, 

Sigsgaard et al. 2017, Stoeckle et al. 2017, Berry et al. 2019, Mariani et al. 2021). Spatio-temporal 

patterns detected by metabarcoding zooplankton and micro-eukaryotes have revealed the potential 

for it to highlight new indicator groups for environmental and ecological change (Brannock et al. 2016, 

Banerji et al. 2018, Bucklin et al. 2019). For instance, a survey of eukaryotic zooplankton found more 

pronounced temporal patterns with protist groups than with the more commonly surveyed arthropod 

taxa, suggesting they may be a more informational group as indicators for environmental change 

(Bucklin et al. 2019). Metabarcoding has also shown to be highly comparable to traditional surveys. 

For example, reads recovered from metabarcoding targeting sharks and rays via metabarcoding 

revealed a seasonal fluctuation in the read abundance of two commonly found shark species around 

Reunion Island (Indian Ocean). Curiously, the detected patterns match the abundance and detection 

levels found via long-lining surveys for the tiger shark (Galeocerdo cuvier), but the patterns found for 

the scalloped hammerhead (Sphyrna lewini) were previously unknown (Mariani et al. 2021). 

Meanwhile, fish monitoring over a one-year period combining snorkelling surveys with eDNA sampling 

in Denmark found strong concordance between the two methods in terms of fish richness and 

expected occurrence patterns, providing further proof of the validity of eDNA metabarcoding for 
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monitoring community changes in marine fish (Sigsgaard et al. 2017). Monitoring via metabarcoding 

can greatly reduce the effort and costs associated with long-term monitoring, as well as almost entirely 

eliminate the physical impact on the target taxa, as eDNA sampling does not require handling of the 

organisms.  

However, metabarcoding studies are reliant on reference sequence databases for accurate taxonomic 

annotations and are being held back by incomplete reference databases (Kvist 2013). A lot of effort is 

currently being put into building and curating barcode reference sequence databases. Through for 

example large barcoding efforts like BIOSCAN (https://ibol.org/programs/bioscan/, [accessed: 

21/10/2021]), that covers over 2 000 sampling sites in 30 countries, and aims to barcode 2M species 

by 2027, the accuracy of taxonomic assignments in molecular datasets acquired from metabarcoding 

will ultimately be improved (Richardson et al. 2017, Gold et al. 2021a). That said, to circumvent the 

biases that may arise from incomplete databases, the molecular operational taxonomic units (mOTUs) 

or Actual Sequence Variants (ASVs) obtained through bioinformatic processing of raw metabarcoding 

data can be used as an equivalent to biological species (Guardiola et al. 2016, Berry et al. 2019). Using 

an approach with different markers for taxonomically distinct groups may allow the assumption that 

all reads that pass the general quality controls of bioinformatics processing  belong to the intended 

taxonomic target group (Berry et al. 2019), however using entirely unannotated mOTUs/ASVs can lead 

to overinflation of biodiversity – and especially richness – estimates (Clare et al. 2016, Calderón-Sanou 

et al. 2020). Nevertheless, taxonomy-free approaches may be the way forward for rapid environmental 

status assessments from metabarcoding data, as shown by several studies on freshwater diatoms 

(Apothéloz-Perret-Gentil et al. 2017, Feio et al. 2020, Tapolczai et al. 2021). Although these innovative 

methods incorporating machine-learning (Feio et al. 2020) and converting traditional data to molecular 

indices (Apothéloz-Perret-Gentil et al. 2017) are promising, they still lack the ability to draw ecological 

conclusions due to the lack of taxonomic information. Therefore, researchers generally opt to use 

lower levels of taxonomic assignments than species to avoid misidentifications due to database errors 

or missing references (Guardiola et al. 2016, Stat et al. 2017, Jeunen et al. 2019a).  

This study aimed to detect potential patterns of temporal change in two distinct yet connected tropical 

marine habitats (a mangrove lagoon and a coral reef). Temporal analyses of species richness and 

community structure were compared between ASVs with high confidence order level annotations and 

ASVs with no taxonomic assignment, to establish whether ASVs with low or no taxonomic information 

could and should be used for meaningful ecological analyses.   
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3.2 MATERIALS AND METHODS 

3.2.1 eDNA sampling and sample processing 

This study focused on samples collected from a mangrove and a reef habitat in Tela Bay, Honduras 

(Fig. 3.1; 15°46'42.4"N 87°28'23.7"W; for detailed site description see Chapter II - Methods). The 

samples were collected during four collection times between 2018 and 2020 (Summer 2018: S’18 = 4-

26 July 2018; Winter 2019: W’19 = 12-16 Jan 2019; Summer 2019: S’19 = 10-29 July 2019; Winter 2020: 

W’20 = 25 Jan-10 Feb 2020), following the sampling, filtering, and storage procedures laid out in 

Chapter II, resulting in a total 144 eDNA samples sequenced for the temporal analyses. Sampling 

subsites were chosen to provide highest possible coverage of both habitats (three subsites in the REEF 

habitat and three subsites in the MANG (mangrove) habitat; Fig. 3.1). To briefly summarise the sample 

processing, the ecological replicates were filtered onsite in Tela onto glass microfibre filters (WhatMan 

©, Grade 934-AH®, pore size 1.5 µm), and stored with silica beads in -20˚C until extraction with Qiagen 

Blood and Tissue kit as per manufacturer’s protocol. Amplification was performed with the COI primer 

pair mlCOIintF/jgHCO2198 (Leray et al. 2013) as described in Chapter II - Methods. 

 

Figure 3.1: Map of sampled sites in Tela, Honduras.  

Bioinformatics processing involved removal of technical sequences, paired-end merging, length and 

quality filtering, and ASV inference. Taxonomic assignment was done with RDPClassifier (Wang et al. 

2007) using a broad eukaryotic database with outgroups (Porter and Hajibabaei 2018) (see Chapter II 

– Methods, for full details of sample processing and bioinformatics). Taxonomic assignments were then 

parsed with a bootstrap threshold of 0.6 for each taxonomic level (i.e., assignments with a bootstrap 

value of less than 0.6 were changed to “NA”), and where the kingdom level assignment had a bootstrap 
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value of < 0.6 the ASV was annotated as “Unassigned”. This threshold is slightly more conservative 

than suggested by Porter and Hajibabaei (2018), because in comparison to their test data, the dataset 

from this study is more likely to contain mOTUs that are not represented in the reference database, 

making them more prone for misidentifications (namely false positives) if the bootstrap threshold is 

too low. The full dataset was then filtered for ASVs present at a minimum of 5 reads across all samples, 

the samples pooled by ecological replicate (i.e., by water sample) and rarefied to even depth without 

replacement (26 643 reads per pooled sample, total 48 samples). 

For comparisons to determine whether taxonomic information is crucial for making ecological 

conclusions from metabarcoding data, the temporal analyses were run with three different subsets of 

data: the Full dataset containing all ASVs (incl. the “Unassigned”), the Metazoan dataset containing 

only metazoan ASVs with at minimum a high-confidence order level assignment, and the Unassigned 

dataset containing only the Unassigned ASVs. All datasets were filtered to include only samples that 

contained a minimum of 10 reads in total. Then, ASV abundances were Hellinger transformed for 

spatial and temporal analyses (Laporte et al. 2021).  

3.2.2 Temporal analyses 

Statistical tests and visualisations were done using RStudio (R version 4.0.3) and packages phyloseq 

(McMurdie and Holmes 2013) and vegan (Oksanen et al. 2009). Shared and unique ASVs between REEF 

and MANG habitats at each collection time were plotted with package ggvenn (v0.1.9, Yan 2021) for 

all datasets, and the mean ASV richness at each collection time within each habitat was tested for 

differences using the non-parametric Kruskal-Wallis test. The temporal changes in community 

composition were investigated by non-metric multidimensional scaling (NMDS) for each habitat using 

Jaccard distances, computed with the Hellinger transformed abundances. Multivariate PERMANOVA 

(function adonis) was performed to estimate the variance explained by season and collection time 

within each habitat. Changes to betadiversity within and between habitats at each collection time was 

examined using the R package BAT (v2.7.1, Cardoso et al. 2015) and a presence-absence based Jaccard 

index. This package calculates the total betadiversity between a set of sites and estimates how much 

species replacement (i.e., species turnover) and species gain/loss (i.e., changes in species richness) 

contribute to the total betadiversity.  

The assessments of temporal patterns were viewed primarily in the context of typical summer-winter 

fluctuations found in the study area. Sea surface temperature (SST) varies by approximately 3˚C 

between the summer (S’18 and S’19, 10-year average SST 29.4˚C) and winter (W’19 and W’20, 10-year 

average 26.6˚C). In addition, a severe coral bleaching event that took place after the S’19 collection, 
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and whose effect was still visible at the time of the W’20 sampling (Fig. 3.2), was considered for results 

that showed deviation from the seasonal trends.  

 

Figure 3.2: Images taken on the Banco Capiro reef. The left image was taken when the bleaching was most visible (Oct 2019), 
and the right was taken in Feb 2020. Note that in the right-side image, the brown on the corals is not only zooxanthellae, but 
some is dead coral covered by brown algae. Images courtesy of Antal Borcsok (Tela Marine Research Centre). 

 

3.3 RESULTS 

After ASV abundance filtering and rarefying to even depth for each pooled sample, the full               

dataset over the two-year period produced 6 697 ASVs across 48 samples (Supplementary file: 

ASV_table_CH_III.csv). The metazoan dataset contained a total 140 ASVs in 39 samples (no samples 

from MANG W’20 contained metazoan ASVs, and two samples from MANG S’18 and one sample from 

MANG S’19 contained no good confidence metazoan ASVs), while a total of 4 304 ASVs were annotated 

as Unassigned across all 48 samples (Table 3.1). More ASVs were detected in the REEF habitat at all 

collection times (Table 3.1, Fig. 3.3B). The full dataset contained detections across 22 phyla, of which 

eight were metazoan (Annelida, Arthropoda, Chordata, Cnidaria, Echinodermata, Gastrotricha, 

Mollusca and Porifera) and covered a total 58 metazoan orders. Unassigned ASVs dominated the full 

dataset at all collection times except W’20, when fungal ASVs had the highest abundance in the 

mangrove samples (Fig 3.3).  
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Table 3.1: Summary of samples and ASVs used in temporal analyses. Full dataset contains all ASVs that passed bioinformatics, 
regardless of taxonomic annotation status, the Metazoan dataset contains only ASVs with high-confidence metazoan order 
level assignments, and the Unassigned dataset contains only ASVs with low-confidence (< 0.6 bootstrap value) kingdom level 
assignments.  

  Full dataset Metazoan dataset Unassigned dataset 

  MANG REEF MANG REEF MANG REEF 
  n ASVs n ASVs n ASVs n ASVs n ASVs n ASVs 

S'18 6 461 6 3422 4 10 6 54 6 337 6 2338 
W'19 6 501 6 3872 5 21 6 68 6 293 6 2716 
S'19 6 642 6 2741 6 10 6 36 6 372 6 1932 
W'20 6 367 6 3340 NA NA 6 55 6 191 6 2364 

 

 

Figure 3.3: Read abundance and ASV richness of detected kingdoms. Plot A) shows the rarefied abundance of reads for each 
kingdom, while B) depicts the actual ASV count for each kingdom at each Collection time (S’18, W’19, S’19 and W’20) for both 
the mangrove (MANG) and reef (REEF) habitats.  

In addition to the observable differences in the abundance of reads for most kingdoms at each 

collection time, the richness of ASVs also varied through time (Fig. 3.3B). In the mangrove habitat, 

Bacteria, Fungi and Other Eukaryota ASVs showed significant overall variability through time, with 

fungal richness being significantly higher in the mangrove samples from W’20 than the habitat mean 

richness for that habitat through time (Fig. S3.2, Appendix - Section 3). The reef habitat exhibited 

significant variability in Fungal, Viridiplantae and Other Eukaryota ASV richness, but not for Bacteria 

(Fig. S3.2, Appendix -Section 3). 
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A very small proportion of ASVs were shared between the habitats at each timepoint (Fig. 3.4). The 

largest number of shared taxa was found at collection time W’20, with 72 ASVs, corresponding to 2% 

of the total ASVs, shared between the habitats in the full dataset. At all the other times, proportion of 

shared taxa remained below 2% (Fig. 3.3A). Most of the shared ASVs seen in the full dataset were in 

fact entirely Unassigned (Fig. 3.3B), while only one high confidence metazoan ASV was shared between 

the habitats at both 2019 collection times. No metazoan ASVs were shared in S’18 (Fig. 3.3C). 

 

Figure 3.4: Shared and unique ASVs found in the reef and mangrove habitats at each collection time.  Row A) shows all ASVs 
regardless of taxonomic annotation status, B) shows ASVs that were taxonomically Unassigned, and C) shows only high 
confidence metazoan ASVs.  

Ordination analyses show a clear separation of communities between the reef and mangrove habitats 

using either the full, metazoan, or unassigned datasets (Fig. 3.5; Full dataset PERMANOVA Habitat: R2 

= 0.22064, p < 0.001; Metazoan dataset PERMANOVA Habitat: R2 = 0.18323, p < 0.001; Unassigned 

dataset PERMANOVA Habitat: R2 = 0.24748, p < 0.001; full PERMANOVA results in Appendix – Section 

3). Note that because the samples from W’20 collection time from the mangrove habitat had no 

metazoan ASVs confidently assigned to order level, W’20 was not included in ordination analyses of 

the metazoan only data. Season of collection time had a slight but significant impact on the community 

in all datasets (R2 approx. 0.05 for all datasets: p < 0.01 for Full and Unassigned, p < 0.05 for Metazoa), 

and Collection time (as nested within season) also explained a significant proportion of the data for all 

datasets (PERMANOVA Season:Collection time: Full dataset R2 = 0.08603, p < 0.01; Metazoan dataset 

R2 = 0.06586, p < 0.05; Unassigned dataset R2 = 0.08441, p < 0.001). When using only the unassigned 

ASVs, more variation (52.3%) was explained by the full model (Jaccard distance ~ 
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Habitat*(Season/Collection time)) than when using either the Full dataset (49.8 %) or the Metazoan 

dataset (39.2%) (Appendix – Section 3: PERMANOVA results). 

 

Figure 3.5: Non-metric multidimensional scaling of Jaccard distances based on Hellinger transformed ASV abundances. All 
ASVs (left) refers to the full dataset using all ASVs that passed bioinformatics, Unassigned ASVs (middle) refers to those ASVs 
that did not pass the confidence threshold of taxonomic assignments at the kingdom level, and Metazoan ASVs (right) refers 
to the metazoan dataset that consists of only metazoan ASVs with high-confidence order level taxonomic assignments (Note: 
for the metazoan dataset, mangrove samples from W’20 included zero high confidence metazoan ASVs, and was therefore 
excluded from ordination).  

For all datasets, the mangrove samples showed a significant level of variability in the mean observed 

richness of ASVs across the different collection times (Fig. 3.6), however no single collection time was 

statistically different from the group mean within the habitat. In the reef samples, no significant 

variation was observable through time in any of the datasets.  



CHAPTER III | SPATIO-TEMPORAL PATTERNS 

43 
 

 

Figure 3.6: Observed ASV richness by habitat and collection time for both the full dataset containing all ASVs, and for the 
metazoan ASVs only. Horizontal lines inside the boxes are the median richness, the box limits show the interquartile range, 
with the whiskers extending to the upper and lower quartiles. Outliers are shown as points outside of the upper and lower 
limits. P-values of non-parametric Kruskal-Wallis test results for overall variation of means within each habitat are also shown 
in each plot. 

Total betadiversity between habitats was stable through time in the full dataset (Fig. 3.7A, results for 

Unassigned and Metazoan datasets provided in Appendix – Section 3, Figs S3.3 and S3.4). An initial 

increase in the contribution of ASV replacement (equivalent to species replacement or turnover 

between samples) to the total betadiversity is observed from W’19 and S’19, along with a decrease in 

the contribution of differences in richness, however a reversal in the relative contribution of 

replacement and richness to between habitat betadiversity is seen in the W’20 estimates (Fig. 3.7A). 

Although ASV replacement dominated the betadiversity estimates in both the MANG and REEF 
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habitats through time, opposing trends in the directionality of the total, replacement and richness 

components were detected in the REEF and MANG habitats from the S’19 to the W’20 collection time 

(Fig. 3.7B). Within the MANG habitat, while the total betadiversity initially declines (meaning the 

samples get more similar), an increase can be seen at the W’20 collection time, mostly attributed to 

an increase in ASV replacement, while the richness component declines slightly (Fig. 3.7B). On the 

other hand, within the REEF habitat ASV replacement shows a slight upward trend in conjunction with 

a downward in the richness component from S’18 through to S’19, followed by a simultaneous trend-

reversal of both partitions, which together keep the total betadiversity relatively stable within the REEF 

habitat through the study period (Fig. 3.7B). 

 

Figure 3.7: Jaccard betadiversity between (A) and within (B) habitats (REEF and MANG). Total betadiversity is shown in red, 
and its partitions are shown in green (ASV replacement) and blue (ASV richness). Collection times: S18 = July 2018, W19 = Jan 
2019, S19 = July 2019, and W20 = Jan-Feb 2020.  
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3.4 DISCUSSION 

This study aimed to detect ecologically meaningful patterns in metabarcoding data and found spatial 

and temporal variation in relative abundance of taxonomic groups, ASV richness, betadiversity and 

community structure over a two-year study period. Furthermore, these patterns were also observable 

using the taxonomically unassigned ASVs, providing evidence to support the use of taxonomy-free 

approaches with metabarcoding data. As one of the key obstacles to efficient species-level 

metabarcoding is the lack of references in barcode databases (Kvist 2013, Weigand et al. 2019, 

Hestetun et al. 2020), to ensure statistical power is not lost it is vital that researchers find ways to 

utilise all of the data produced from metabarcoding, without necessarily restricting analyses to only 

the target groups derived from high resolution taxonomic assignments.  

In relation to the relative abundances of taxonomic groups, the most striking change detected was the 

increase in fungal reads in the mangrove habitat in the W’20 samples. Marine fungi are dominated by 

the largely saprobic phylum Ascomycota (Jones et al. 2015, Devadatha et al. 2021), which was also the 

dominant group here, with the most abundant fungal taxon identified as Trichoderma asperellum 

(class Sordariomycetes, order Hypocreales). This species is known as a microbial biological control 

agent in agriculture due to its wide applications in pest- and pathogen control as well as a growth 

enhancer, and products with T. asperellum are widely used in Honduras (Woo et al. 2014). Therefore, 

it is possible that during the winter season heavier rainfall and subsequent increased waterflow from 

inland transported agriculturally applied T. asperellum downstream into the lagoon where it was 

detected in the W’20 samples. However, if this was the case, it would be expected that the W’19 

samples display at least a moderate increase in fungal reads as well (in comparison to the summer 

collection times), yet the W’19 fungal abundance was the lowest detected in the mangrove habitat 

throughout the study period. It is thus more likely that an out of ordinary environmental disturbance 

caused the higher abundance and richness of fungal ASVs in the W’20 samples. Perhaps there was an 

increase in organic matter in the mangrove lagoon, as the ecology of marine fungal groups suggests 

they are generally dependent on higher levels of nutrients than what is generally found in open water 

habitats, and can also tolerate relatively wide ranges of salinity (Richards et al. 2012). Unfortunately, 

no measuring of organic matter was done during the sampling efforts, and therefore accurately 

determining the cause of the increased fungal reads will remain at a speculative level. 

There were no obvious trends found in the number of shared ASVs through the study period, however 

the level of overlap between the habitats was surprisingly low. In contrast to global trends in 

betadiversity (Vellend et al. 2017, Hillebrand et al. 2018, Blowes et al. 2019), the temporal changes 

detected here between habitats seem to suggest they were becoming more distinct from each other 
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in terms of the species’ identities (based on the increases in the replacement component), until the 

change in the proportions of replacement and richness at the W’20 collection time. As observed total 

ASV richness showed a drop (albeit not statistically significant) in W’20 in the mangrove habitat while 

the reef habitat remained relatively stable from S’19 to W’20, this could explain the change in the 

relative contributions of the betadiversity partitions. That said, the reversals observed in the 

betadiversity components in both the within and between habitat analyses could also be a 

consequence of the bleaching event recorded on the Banco Capiro reef and surrounding areas in 

October of 2019, as the damage was still clearly visible at the time of the W’20 sampling (Fig. 3.2). To 

understand if and how these observed changes are connected to the bleaching, more detailed analyses 

utilising concurrent abiotic data (e.g., temperature, salinity, pH, etc.) would be needed. Despite the 

missed opportunity to collect abiotic data for this study, the results presented here give one example 

of how taxonomy-free data, or data utilising broader taxonomic assignments, from metabarcoding 

could potentially be used as an indicator for ecological disturbances. 

Taxonomic assignments have been shown to only be as accurate as the reference database used to 

infer them (Schenekar et al. 2020, Gold et al. 2021a, Hleap et al. 2021), but for samples collected in 

habitats with high proportions of unknown taxa, curating targeted reference databases is likely an 

impossible task. Coral reefs represent one such habitat type, as it is estimated only approx. 9% of reef 

occurring species have been named worldwide (Fisher et al. 2015). Therefore, using very stringent 

taxonomic filters on these highly diverse samples can severely impact the amount of analysable 

output. For instance, the full dataset in this study contained over 1.2M reads after rarefying to even 

sequencing depth, and represented over 6.5K potentially distinct species (i.e., ASVs). In contrast, the 

conservatively filtered metazoan dataset contained only 5.4% (approx. 70K) of those rarefied reads 

despite being the target group for the primer pair used and contained only 140 potential species.  

Although accurate taxonomic information is crucial for efforts targeting e.g., invasive species (Lim et 

al. 2016, Grey et al. 2018), this study showed that monitoring for spatial or temporal changes in 

biodiverse communities through metabarcoding can be efficiently done using higher levels of 

taxonomic assignments – or none at all. The unassigned dataset provided similar, but often stronger, 

patterns of change across time and space as the more conservatively processed Metazoan dataset. 

Similarly, Jeunen et al. (2019) showed stronger spatial discrimination between marine habitat types in 

their mOTU based data, when compared to their taxonomically assigned dataset. This suggests that 

the differences in communities between habitats and sampling times may be best characterised using 

these taxonomy-free molecular signals.  
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In recent years, applying machine learning to metabarcoding data has yielded promising results in the 

field of biomonitoring (Cordier et al. 2017, 2018, Gerhard and Gunsch 2019, Fan et al. 2020, Frühe et 

al. 2021). Accurate predictions of ecological impacts of aquaculture are now possible using data where 

over 70% of the mOTUs generated were only assigned to references annotated as “uncultured 

bacterium” (Frühe et al. 2021). Moreover, sensitivity to multiple stressors of phytoplankton 

communities has also been better detected using molecular data than morphological methods (Fan et 

al. 2020). The question remains whether these calibrations of molecular data are applicable on a larger 

scale, for example the European wide Water Framework Directive (WFD), without a recurring need of 

validation against morphological data with every monitoring effort.  

 

CONCLUSIONS 

Despite the low level of temporal replication, the data here supports recent research using taxonomy-

free molecular data to reveal ecological disturbances and patterns. Evidence from relative abundances 

of broad taxonomic groups, overall species richness and betadiversity between and within habitats all 

suggest that something changes before the final collection time. However, to assess and predict the 

impact of this event on the current and future communities, some level of taxonomic information is 

still required. Reliable methods for placing unknown ASVs/mOTUs and sequences within a taxonomic 

framework that do not necessarily expect a high-resolution assignment in order to make ecologically 

relevant statements about the state of a habitat or environment are required. These placements could 

then be used to inform future focus of metabarcoding efforts, as well as provide insights into the 

stressors that may be impacting and changing the environment.  
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CHAPTER IV 

 

THE DARK MATTER INVESTIGATOR (DARN) TOOL: GETTING TO 

KNOW THE KNOWN UNKNOWNS IN COI AMPLICON DATA 

This chapter has been published in Metabarcoding and Metagenomics as: 
Zafeiropoulos H, Gargan L, Hintikka S, Pavloudi C, Carlsson J (2021). The Dark mAtteR iNvestigator (DARN) tool: getting to 
know the known unknowns in COI amplicon data. Metabarcoding and Metagenomics 5: e69657. 
https://doi.org/10.3897/mbmg.5.69657  
  

ABSTRACT 

The mitochondrial cytochrome C oxidase subunit I gene (COI) is commonly used in environmental DNA 

(eDNA) metabarcoding studies, especially for assessing metazoan diversity. Yet, a great number of COI 

operational taxonomic units (OTUs) or/and amplicon sequence variants (ASVs) retrieved from such 

studies do not get a taxonomic assignment with a reference sequence. To assess and investigate such 

sequences, the Dark mAtteR iNvestigator (DARN) software tool was developed here. For this purpose, 

a reference COI-oriented phylogenetic tree was built from 1 593 consensus sequences covering all the 

three domains of life. With respect to eukaryotes, consensus sequences at the family level                    

were constructed from 183 330 sequences retrieved from the Midori reference 2 database, which 

represented 70% of the initial number of reference sequences. Similarly, sequences from 431 bacterial 

and 15 archaeal taxa at the family level (29% and 1% of the initial number of reference sequences 

respectively) were retrieved from the BOLD and the PFam databases. DARN makes use of this 

phylogenetic tree to investigate pre-processed COI sequences of amplicon samples to provide both a 

tabular and a graphical overview of their phylogenetic assignments. To evaluate DARN, both 

environmental and bulk metabarcoding samples from different aquatic environments using various 

primer sets were analysed. This study demonstrates that a large proportion of non-target prokaryotic 

organisms, such as bacteria and archaea, are also amplified in eDNA samples and suggests prokaryotic 

COI sequences to be included in the reference databases used for the taxonomy assignment to allow 

for further analyses of dark matter. DARN source code is available on GitHub at 

https://github.com/hariszaf/darn and as a Docker image at https://hub.docker.com/r/hariszaf/darn. 
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4.1 INTRODUCTION 

DNA metabarcoding is a rapidly evolving method that is being more frequently employed in a range of 

fields, such as biodiversity, biomonitoring, molecular ecology and others (Deiner et al. 2017, Ruppert 

et al. 2019). Environmental DNA (eDNA) metabarcoding, targeting DNA directly isolated from 

environmental samples (e.g., water, soil or sediment, (Taberlet et al. 2012a)) is considered a holistic 

approach (Stat et al. 2017) in terms of biodiversity assessment, providing high detection capacity. At 

the same time, it allows wide scale rapid bio-assessment (Stat et al. 2017) at a relatively low cost as 

compared to traditional biodiversity survey methods (Ji et al. 2013).  

The underlying idea of the method is to take advantage of genetic markers, i.e., marker loci, using 

primers anchored in conserved regions. These universal markers should have enough sequence 

variability to allow distinction among related taxa and be flanked by conserved regions allowing for 

universal or semi-universal primer design (Deagle et al. 2014). In the case of eukaryotes, the target is 

most commonly mitochondrial due to higher copy numbers than nuclear DNA and the potential for 

species level identification. Furthermore, mitochondria are nearly universally present in eukaryotic 

organisms, especially in case of metazoa, and can be easily sequenced and used for identification of 

the species composition of a sample (Taberlet et al. 2012b). However, it is essential that 

comprehensive public databases containing well curated, up-to-date sequences from voucher 

specimens are available (Schenekar et al. 2020). This way, sequences generated by universal primers 

can be compared with the ones in reference databases, assessing sample OTU composition. The 

taxonomy assignment step of the eDNA metabarcoding method and thus, the identification via DNA-

barcoding, is only as good and accurate as the reference databases (Cilleros et al. 2019).  

Nevertheless, there is no truly “universal” genetic marker that is capable of being amplified for all 

species across different taxa. Instead, different markers are used for different taxonomic groups 

(Deiner et al. 2017). While bacterial and archaeal diversity is often based on the 16S rRNA gene, for 

eukaryotes a diverse set of loci is used from the analogous eukaryotic rRNA gene array (e.g., ITS, 18S 

or 28S rRNA), chloroplast genes (for plants) and mitochondrial DNA (for eukaryotes) in an attempt for 

species-specific resolution (Coissac et al. 2012). The mitochondrial cytochrome c oxidase subunit I (COI) 

marker gene has been widely used for the barcoding of the Animalia kingdom for almost two decades 

(Hebert et al. 2003a). There are cases where COI has been the standard marker for metabarcoding, 

such as in the assessment of freshwater macroinvertebrates (Elbrecht and Leese 2017) even though 

not all taxonomic groups can be differentiated to the species level using this locus (Deiner et al. 2017); 
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for example, in case of fish other loci are widely used such as 12S rRNA gene (hereafter referred to as 

12S rRNA) (Miya et al. 2020). 

The mitochondrial COI (also called cox1) is a gene fragment of approx. 700 bp and is widely used for 

metazoan diversity assessments. This study presents some of the reasons that microbial eukaryotes 

and prokaryotes are also amplified in such studies, raising the issue of the known unknown sequences. 

COI is a fundamental part of the heme aa3-type mitochondrial cytochrome c oxidase complex: the 

terminal electron acceptor in the respiratory chain. Even if aa3-type Cox have been found in bacteria, 

there are also other cytochrome c oxidase (Cox) groups, such as the cbb3-type cytochrome c oxidases 

(cbb3-Cox) and the cytochrome ba3 (Ekici et al. 2012, Schimo et al. 2017). Furthermore, the presence 

of highly divergent nuclear mitochondrial pseudogenes (numts) has been a widely known issue on the 

use of COI in barcoding and metabarcoding studies, leading to overestimates of the number of taxa 

present in a sample (Song et al. 2008). Numts are non-functional copies of mtDNA in the nucleus that 

have been found in major clades of eukaryotic organisms (Bensasson et al. 2001).  

Thus, as  Mioduchowska et al. (2018) highlight, when universal primers are used targeting the COI 

locus, it is possible to co-amplify both nontarget numts and prokaryotes (Siddall et al. 2009). This has 

led to multiple erroneous DNA barcoding cases and it is now not uncommon to encounter bacterial 

sequences described as metazoan in databases such as GenBank (Mioduchowska et al. 2018). Even 

though there are various known issues (Deagle et al. 2014), COI is indeed considered as the “gold 

standard” for community DNA metabarcoding of bulk metazoan samples (Andújar et al. 2018); bulk is 

an environmental sample containing mainly organisms from the taxonomic group under study 

providing high quality and quantity of DNA (Taberlet et al. 2018). However, as highlighted in the same 

study, this is not the case for eDNA samples. As Stat et al. (2017) state, in the case of eDNA samples, 

the target region for metazoa is found in general at considerably lower concentrations compared to 

those from prokaryotes because most primers targeting the COI region amplify large proportions of 

prokaryotes at the same time (Yang et al. 2013, 2014, Collins et al. 2019). Cold-adapted marine 

gammaproteobacteria are an indicative example for this case as shown by Siddall et al. (2009).  

The co-amplification of prokaryotes explained above is a major reason for why many Operational 

Taxonomic Units (OTUs) and/or Amplicon Sequence Variants (ASVs) in eDNA metabarcoding studies 

cannot get taxonomic assignments when metazoan reference databases are used (c.f. Aylagas et al. 

(2016)) or they are assigned to metazoan taxa but with very low confidence estimates. Despite the 

presence of such OTUs/ASVs to a varying degree in metabarcoding studies using the COI marker gene 

(Siddall et al. 2009), there has not been a thorough investigation of the origin of these sequences. 
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Although unassignable sequences could be informative, there have been few attempts to further 

investigate this dark matter (e.g., Sinniger et al. 2016, Haenel et al. 2017). 

The aim of this study was to build a framework for extracting such nontarget, potentially unassigned 

(or assigned with low confidence) sequences from COI environmental sequence samples, hereafter 

referred to as “dark matter” as per Bernard et al. (2018). Here it is argued that the vast majority of 

these sequences represent microbial taxa, such as bacteria and archaea.  

More specifically, based on the previously described methodology by Barbera et al. (2019) for large-

scale phylogenetic placements, a framework was built to estimate to what extent the OTUs/ASVs 

retrieved in an environmental sample represent target taxa or not. That is, to evaluate the taxonomy 

assignment step in a metabarcoding analysis, by checking the phylogenetic placement of dark matter 

sequences. Similar studies have provided great insight into other marker genes, e.g. Jamy et al. (2020). 

 

4.2 IMPLEMENTATION  

4.2.1 Building the COI tree of life 

Sequences for the COI region from all the three domains of life were retrieved from curated databases. 

Eukaryotic sequences were retrieved from the Midori reference 2 database (version: GB239) (Machida 

et al. 2017). Initially, 1 315 378 sequences were retrieved corresponding to 183 330 unique species 

from all eukaryotic taxa. With respect to bacteria and archaea, 3 917 bacterial COI sequences were 

obtained from the BOLD database (Ratnasingham and Hebert 2007). Similarly, 117 sequences from 

archaea were obtained from BOLD. In addition, for all the PFam protein sequences related to the 

accession number for COX1 (PF00115), the respective DNA sequences were extracted from their 

corresponding genomes. This way an additional 217 archaeal and 9 154 bacterial sequences were 

obtained (see Table 1). In total, sequences from 15 archaeal, 371 bacterial families and 60 taxonomic 

groups of higher level not assigned in the family level, were gathered. An overview of the approach 

that was followed is presented in Figure 4.1.  

The large number of obtained sequences effectively prevents a phylogenetic tree construction 

encompassing their total number in terms of building a single phylogenetic tree covering all of the 

three domains of life (Archaea, Bacteria, Eukaryota). Therefore, consensus representative sequences 

from each of the three datasets were constructed using the PhAT algorithm (Czech et al. 2019); based 

on the entropy of a set of sequences, PhAT groups sequences into a given target number of groups so 

they reflect the diversity of all the sequences in the dataset. As PhAT uses a multiple sequence 
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alignment (MSA) as input, all the three domain-specific datasets were aligned using the MAFFT 

alignment software tool v7.453 (Katoh et al. 2002).  

In the case of Eukaryotes, the alignment of the corresponding sequences would be impractically long 

because of their large number (approx. 183K sequences). To address this challenge, a two-step 

procedure was followed; a sequence subset of 500 sequences (reference set) was selected and aligned 

and then used as a backbone for the alignment of all the remaining eukaryotic COI sequences. All 

sequences were considered reliable as they were retrieved from curated databases (Midori2 and 

BOLD). To build the reference set, a number (𝑛) of the longest sequences from each of the various 

phyla were chosen, proportionally to the number (𝑚) of sequences of each phylum (see Appendix – 

Section 4: Table S4.1). The ‘--min-tax-level’ parameter of the PhAT algorithm corresponded to the class 

level, for the case of eukaryotes and to the family level for archaea and bacteria. This parameter forced 

the PhAT algorithm to build at least one consensus sequence for each class and family respectively. 

The taxonomy level was not the same for the case of eukaryotes sequence dataset and those of 

bacteria and archaea, as the number of unique eukaryotic families was one order of magnitude higher. 

The PhAT algorithm was invoked through the gappa v0.6.1 collection of algorithms (Czech et al. 2020). 

Table 4.1: Number of sequences and taxonomic species per domain of life and resources. The (#) symbols stand for “number”. 

Resources bacteria  archaea 

  # of 
sequences 

# of strains # of 
sequences 

# of strains 

BOLD 3,917 2,267 117 117 
PFam-
oriented 

9,154 4,532 217 115 

Total unique 
entries 11,421 6,798 334 201 

 

A total of 1 109 consensus sequences (70% of total consensus sequences) were built covering the 

eukaryotic taxa, while 463 (29%) bacterial and 21 (1%) archaeal consensus sequences were included. 

The per-domain, consensus sequences returned can be found under the ‘consensus_seqs’ directory 

on the GitHub repository (see ‘_consensus.fasta’ files). These sequences were then merged as a single 

dataset and aligned to build a reference MSA; this time MAFFT was set to return using the ‘--globalpair’ 

algorithm and the ‘--maxiterate’ parameter equal to 1 000. The MSA returned was then trimmed with 

the ClipKIT software package (Steenwyk et al. 2020) to keep only phylogenetically informative sites 

(the final MSA is available on GitHub, see ‘trimmed_all_consensus_aligned_adjust_dir.aln’). 

The reference tree was then built based on this trimmed MSA using the IQ-TREE2 software (Hoang et 

al. 2018, Minh et al. 2020). ModelFinder was invoked through IQ-TREE2 and the GTR+F+R10 model 

was chosen based on the Bayesian Information Criterion (BIC) among 286 models that were tested. 
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The phylogenetic tree was then built using 1 000 bootstrap replicates (-B 1000) and 1 000 bootstrap 

replicates for Shimodaira–Hasegawa-like approximate likelihood ratio test (SH-aLRT) (-alrt 1000). 

 

Figure 4.1: Overview of the approach followed to build the COI reference tree of life. Sequences were retrieved from Midori 
2 (eukaryotes) and BOLD (bacteria and archaea) repositories. Consensus sequences at the family level were built for each 
domain specific dataset. MAFFT and consensus sequences at the family level were built using the PhAT algorithm. The COI 
reference tree was finally built using RAxML-ng. Noun project icons by: Arthur Slain and A. Beale. 

A thorough description of all the implementation steps for building the reference tree are presented in a 

Google Collab Notebook (see Appendix – Section 4 for details). The computational resources of the 

IMBBC High Performance Computing system, called Zorba (Zafeiropoulos et al. 2021a), were exploited to 

address the needs of the tasks. 

4.2.2 Investigating COI dark matter 

The COI reference tree was subsequently used to build and implement the Dark mAtteR iNvestigator 

(DARN) software tool. DARN uses a ‘.fasta’ file with DNA sequences as input and returns an overview 

of sequence assignments per domain (eukaryotes, bacteria, archaea) after placing the query 

sequences of the sample on the branches of the reference tree. Sequences that are not assigned to a 

domain are grouped as “distant”. It is necessary for the input sequences to represent the proper strand 
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of the locus, i.e., input reads should have forward orientation. To facilitate this, DARN has an option to 

invoke the orient module of the VSEARCH package (Rognes et al. 2016) to implement this step, in case 

the user is not sure about the orientation of the sequences to be analysed. 

The focal query sequences are aligned with respect to the reference MSA using the PaPaRa 2.0 

algorithm (Berger and Stamatakis 2012). The query sequences are then split to build a discrete query 

MSA. Finally, the Evolutionary Placement Algorithm EPA-ng (Barbera et al. 2019) is used to assign the 

query sequences to the reference tree.  

To visualise the query sequence assignments, a two-step method was developed. First, DARN invokes 

the ‘gappa examine assign’ tool which taxonomically assigns placed query sequences by making use of 

the likelihood weight ratio (LWR) that was assigned to this exact taxonomic path. In the DARN 

framework, by making use of the ‘--per-query-results’ and ‘--best-hit’ flags, the gappa assign software 

assigns the LWR of each placement of the query sequences to a taxonomic rank that was built based 

on the taxonomies included in the reference tree. The first flag ensures that the gappa assign tool will 

return a tabular file containing one assignment profile per input query while the latter will only return 

the assignment with the highest LWR. DARN automatically parses this output of gappa assign to build 

two input Krona profile files based on a) the LWR values of each query sequence and b) an adjustive 

approach where all the best hits get the same value in a binary approach (presence - absence). In the 

‘final_outcome’ directory that DARN creates, two ‘.html’ files are produced, one for each of the Krona 

plots; Krona plots are then built using the ktImportText command of KronaTools (Ondov et al. 2011). 

In addition four ‘.fasta’ files are generated including the sequences of the sample that have been 

assigned to each domain or as “distant”. A ‘.json’ file with the metadata of the analysis is also returned 

including the identities of the sequences assigned to each domain.  

DARN also runs the ‘gappa assign’ tool with the ‘--per-query-results’ flag only. This way, the user can 

have a thorough overview of each sample’s sequence assignments, as a sequence may be assigned to 

more than one branch of the reference tree, sometimes even to different domains. However, in cases 

with sequences assigned to multiple branches, the likelihood scores are most typically up to 100-fold 

to 1000-fold different. 

DARN source code as well as all data sequences and scripts for building the reference phylogenetic 

tree are available on GitHub (https://github.com/hariszaf/darn).  
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4.3 TREE AND SOFTWARE EVALUATION  

4.3.1 Evaluation of the phylogenetic tree 

The inferred phylogenetic tree is shown in Figure 4.2, with the bacterial (light blue) and archaeal (dark 

green) branches highlighted; in Appendix – Section 4: Figure S4.1 the distribution of the eukaryotic 

phyla on the tree is presented. As shown, bacteria and archaea can be distinguished from eukaryotes. 

Scattered bacterial branches that are present among eukaryotic ones represent the diversity of the 

COI locus. To evaluate the phylogenetic tree, the set of consensus sequences were placed on it using 

the EPA-ng algorithm. The placements verified that the phylogenetic tree built is valid, as the 

consensus sequences have been placed in their corresponding taxonomic branches (Appendix – 

Section 4: Fig S4.2; the figure was built using the heat-tree module of the gappa examine tool).  

 

 

Figure 4.2: Phylogenetic tree of the consensus sequences retrieved; the tree that DARN makes use of. Light blue: bacterial 
branches. Dark green: archaeal branches. White: eukaryotic branches. 

4.3.2 DARN using mock community data 

To examine whether the phylogenetic-based taxonomy assignment addresses a real-world issue, a 

local blast database was built using the total number of the consensus sequences retrieved. As 

expected, when the consensus sequences were blasted against this local blastdb, all were matched 
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with their corresponding sequences. However, when a mock dataset was used to evaluate the two 

approaches (blastdb and the phylogenetic tree) none of the bacterial sequences were captured as 

bacteria after blastn against the local blastdb. All bacterial sequences returned an incorrect eukaryotic 

assignment. Contrary, when the phylogenetic tree was used, all the bacterial sequences were 

captured.  

4.3.3 DARN using real community data  

To evaluate DARN on the presence of dark matter we analysed a wide range of cases to show the 

ability of DARN to detect and estimate dark matter under various conditions. Both eDNA and bulk 

samples, from marine, lotic and lentic environments, were selected to reflect various combinations of 

primer and amplicon lengths, PCR protocols and bioinformatics analyses (Table 4.2).  

More specifically, 57 marine, surface water, eDNA samples from Ireland were analysed through a. 

QIIME2 (Bolyen et al. 2019) and  DADA2 (Callahan et al. 2016) and, b. PEMA (Zafeiropoulos et al. 2020). 

Similarly, 18 mangrove and 18 reef marine eDNA samples from Honduras, were analysed using a. JAMP 

v0.74 (Elbrecht and Leese 2017) and DnoisE (Antich et al. 2021a) and b. PEMA.  Furthermore, a 

sediment sample and two samples from Autonomous Reef Monitoring Structures (ARMS), one 

conserved in DMSO and another in ethanol from the Obst et al. (2020) dataset were analysed using 

PEMA. In addition, one lotic and two lentic samples from Norway were analysed using PEMA. For the 

case of the lentic samples, multiple parameter sets regarding the ASVs inference step were 

implemented; i.e, the d parameter of the Swarm v2 (Mahé et al. 2015) that PEMA invokes was set 

equal to 2 and 10 to cover a great range of different cases (Kamenova 2020). DARN was then executed 

using the ASVs retrieved in each case as input. All the DARN analyses and the PEMA runs were 

performed on an Intel(R) Xeon(R) CPU E5649 @ 2.53GHz server of 24 CPUs and 142 GB RAM in the 

Area52 Research Group at the University College Dublin. 

The number of sequences returned, using various bioinformatic analyses, ranged from circa 3k to 214k 

(Table 4.2) in the different amplicon datasets used. A coherent visual representation of the DARN 

outcome for all the datasets is available at https://hariszaf.github.io/darn/. The visual and interactive 

properties of the Krona plot allow the user to navigate through the taxonomy. Furthermore, DARN also 

supports a thorough investigation per OTU/ASV, as it returns a ‘.json’ file with all the OTUs/ASVs ids 

that have been assigned in each of the four categories (Bacteria, Archaea, Eukaryotes and distant).
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Table 4.2: DARN outcome over the samples or set of samples. Assignment fractions of the sequences per domain per sample in the DARN results over the samples.  

Sample(s) 
accession 
(ENA) 

Environment 
type 

Sample 
type 

Primer set 
Amplicon 

length 
(bp) 

Preservation 
method 

Annealing 
temperature 

Bioinfo 
pipeline(s) 

# of ASVs 

~ % of sequence assignments per domain  
(if PEMA, using d = 10)  

Eukaryotes  Bacteria Archaea distant 
ERS6449795 
- 
ERS6449829 

marine eDNA 

multiplex: 

658 

water  
stored at 4°C 

/ filtered 
within 24 

hours 

60°C x 35 
cycles 

QIIME2 - 
Dada2 13,376 11 88 0.02 0.003 jgHCO2198 - jgLCO1490 

 and 
 LoboF1 - LoboR1 PEMA 

39,454 25 75 0.1 0.4 
    (d=10)  
ERS6463899 
- 
ERS6463901 

marine 
reef 

eDNA mlCOIintF - jgHCO2198 313 
filters stored 

with silica 
beads 

46°C  x 35 
cycles 

JAMP  

1,304 35 65 0 0.2 

dada2  

ERS6463906 
- 
ERS6463911 

PEAR  

vsearch  

ERS6463913 
- 
ERS6463918 

DnoisE 

ERS6463920 
- 
ERS6463922 

PEMA 
11,545 46 50 1 3 

(d=10) 

ERS6463744 
-  
ERS6463761 

marine 
mangrove 

JAMP  

663 40 60 - 0.6 

dada2  
 PEAR  
 vsearch  
 DnoisE 
 PEMA 

5,879 49 47 1 2 
  (d=10) 

ERR3460466 marine bulk 

mlCOIintF - jgHCO2198 313 

DMSO / -
20°C 

62 °C (-1 
°C/cycle) x 
16 cycles 

and 46 °C x 
24 cycles 

PEMA 193 99 1 - - 

ERR3460467 marine bulk ETOH / -20°C (d=2) 74 97 0 - 3 

ERR3460470 marine eDNA -20°C   184 71 28 0 1 

ERS6488992 lentic 

eDNA fwhF2 - EPTDr2 142 ATL-buffer 

60 °C x 6 
cycles and 
48 °C x 26 

cycles 

PEMA 416 85 7 3 5 

ERS6488993 lentic (d=10) 315 99.2 0.4 0.4 - 

ERS6488994 lentic   823 90 4 2 4 

ERS6488995 lotic eDNA BF3 - BR2 458 ATL-buffer 50°C  x 35 
cycles 

PEMA 
1,940 64 34 2 0.3 

(d=10) 
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Significant proportions of non-eukaryote DARN assignments were observed in all marine eDNA 

samples (Table 4.2). Bacterial assignments made up the largest proportion of the non-eukaryotic 

assignments (35.3% on average and more than 75% of the OTUs/ASVs in some cases), however, 

archaeal assignments were also detected to a great extent as well (18.4% on average). The lentic 

samples were those with the shortest amplicon length among those analysed (142 bp); hence, for their 

orientation a database with only the shortest consensus sequences (<700 bp) was used, as otherwise 

a great number of sequences did not have sufficient number of hits and was discarded (Appendix – 

Section 4: Table S4.2). It is worth mentioning that in this case, the initial number of raw reads ranged 

from ~53,000 (ERS6488992, ERS6488993) to ~88,000 (ERS6488993) while the number of ASVs returned 

(using Swarm with d parameter equal to 10) ranged from 365 (ERS6488993) to 823 (ERS6488993). This 

relatively low number of ASVs could indicate that targeting such small COI regions could decrease the 

co-amplification of non-targeted sequences. In the case of bulk samples (Table 4.2) only a low 

proportion of the sequences were not assigned as Eukaryotes, suggesting that non-eukaryotic 

sequences are more abundant in environmental samples. This is to be expected since prokaryotes are 

amplified as whole organisms from environmental samples, while metazoa that are usually the 

targeted taxa in COI studies, are amplified from DNA traces or/and other parts of biological source 

material. 

 

CONCLUSIONS 

By making use of a COI - oriented reference phylogenetic tree built from 1 593 consensus sequences, 

to phylogenetically place sequences from COI metabarcoding samples onto it, the surmise for including 

bacteria, algae, fungi etc. (Yang et al. 2013, Aylagas et al. 2016) was verified. The results demonstrate 

that standard metabarcoding approaches based on the COI gene region of the mitochondrial genome 

will not only amplify eukaryotes, but also a large proportion of nontarget prokaryotic organisms, such 

as bacteria and archaea. Clearly, dark matter, and especially bacteria, make up a significant proportion 

of sequences generated in COI based eDNA metabarcoding datasets. The large proportion of 

prokaryotes observed in the present study is corroborated by the findings of Yang et al. (2013). 

Furthermore, dark matter seems to be particularly common in eDNA as compared to bulk samples 

(Andújar et al. 2018). However, it should be mentioned that the high number of prokaryotic sequences 

in COI metabarcoding data is also reflecting known issues with contamination (Kumar et al. 2013, 

Dittami and Corre 2017, De Simone et al. 2020), incorrectly labelled reference sequences (Steinegger 

and Salzberg 2020) and holobionts (Gilbert et al. 2012, Salvucci 2016) in eukaryotic genomes. 
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As publicly available bacterial COI sequences are far too few to represent the bacterial and archaeal 

diversity, their reliable taxonomic identification is not currently possible. This way, bacterial, i.e., 

nontarget, sequences that were amplified during the library preparation have at least the possibility 

of a taxonomic assignment. The implementations using DARN indicate that it is essential both for global 

reference databases (e.g., BOLD, Midori etc) and custom reference databases which are commonly 

used, to also include non-eukaryotic sequences. 

While this approach specifically addressed the COI gene, DARN can be adapted to analyse any locus 

fragment. For instance, metabarcoding of environmental samples for the 12S rRNA mitochondrial 

region is often employed to assess fish biodiversity (Weigand et al. 2019, Miya et al. 2020) and the 

approach presented here could be adjusted to allow further analyses of the 12S rRNA data. In addition, 

this approach can be used to identify nontarget eukaryotes when the target is bacterial taxa (Huys et 

al. 2008). The approaches implemented in DARN can benefit both bulk and eDNA metabarcoding 

studies, by allowing quality control and further investigation of the unassigned OTUs/ASVs. Moreover, 

the approach presented here allows researchers to better understand the known unknowns and shed 

light on the dark matter of their metabarcoding sequence data. 
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CHAPTER V 

 

 

THE BACTERIAL HITCHHIKER’S GUIDE TO COI:  

UNIVERSAL PRIMER-BASED COI CAPTURE PROBES FAIL TO EXCLUDE 

BACTERIAL DNA, BUT 16S CAPTURE LEAVES METAZOA BEHIND 

 
This chapter has been submitted for review in Metabarcoding and Metagenomics, and is published in bioRxiv as: 
Hintikka S, Carlsson JEL, Carlsson J (2021) The bacterial hitchhiker’s guide to COI: Universal primer-based COI capture 
probes fail to exclude bacterial DNA, but 16S capture leaves metazoa behind. bioRxiv: 2021.11.28.470224. 
https://doi.org/10.1101/2021.11.28.470224  
 

 
ABSTRACT 

Environmental DNA (eDNA) metabarcoding from water samples has, in recent years, shown great 

promise for biodiversity monitoring. However, universal primers targeting the cytochrome oxidase I 

(COI) marker gene popular in metazoan studies have displayed high levels of nontarget amplification. 

To date, enrichment methods bypassing amplification have not been able to match the detection levels 

of conventional metabarcoding. This study evaluated the use of universal metabarcoding primers as 

capture probes to either isolate target DNA or to remove nontarget DNA, prior to amplification, by 

using biotinylated versions of universal metazoan and bacterial barcoding primers, namely metazoan 

COI and bacterial 16S.  Additionally, each step of the protocol was assessed by amplifying both COI and 

bacterial 16S to investigate the effect on the metazoan and bacterial communities. Bacterial read 

abundance increased significantly in response to the captures (COI library), while the quality of the 

captured DNA was improved. The metazoan-based probe captured bacterial DNA in a range that was 

also amplifiable with the 16S primers, demonstrating the ability of universal capture probes to isolate 

larger fragments of DNA from eDNA. Although the use of the tested probe cannot be recommended 

based on the experimental results, the concept of capturing longer fragments could be applied to 

metazoan metabarcoding. By using a truly conserved site without a high-level taxonomic resolution as 

a target for capture, it may be possible to isolate DNA fragments large enough to span over a nearby 

barcoding region (e.g., COI), which can then be processed through a conventional metabarcoding-by-

amplification protocol. 
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5.1 INTRODUCTION 

The use of environmental DNA (eDNA) metabarcoding for monitoring aquatic species has steadily 

increased during the past decade (Thomsen et al. 2012, Port et al. 2016, O’Donnell et al. 2017, 

Sigsgaard et al. 2017, Cilleros et al. 2019, Jeunen et al. 2020). In many cases, the aim of a 

metabarcoding effort is to estimate the number of different species or taxa present in a body of water, 

without having to physically observe the organisms. Although many studies have shown that eDNA 

metabarcoding is more sensitive than traditional monitoring methods (Valentini et al. 2016, Sard et al. 

2019), others have pointed out that choices made in the laboratory and during the bioinformatics 

analyses can have large impacts on the inferred species lists and downstream ecological analyses 

(Ficetola et al. 2014, Evans et al. 2017).  

Analysing eDNA present in highly diverse marine samples is associated with well-known challenges, 

especially when targeting metazoans. For example, the proportion of available eukaryotic DNA in a 

marine environmental sample can be overrun by orders of magnitude more of genetic material from 

microbial origins (Stat et al. 2017, Zafeiropoulos et al. 2021). Additionally, a recent study comparing 

the effectiveness of metabarcoding water eDNA samples against bulk samples has demonstrated large 

discrepancies in the biodiversity obtained between these two methods (Hajibabaei et al. 2019), noting 

especially the inability of eDNA metabarcoding to detect key indicator species. That said, neither is 

necessarily an issue when species-specific primers are used on eDNA samples, as positive detections 

can be made from very low concentrations (Biggs et al. 2015, Furlan et al. 2016, Gargan et al. 2021). 

Recently, less universal primers were developed targeting macroinvertebrates while specifically 

excluding nontarget groups (Leese et al. 2021). While these primers capture mostly target DNA and 

thus can give a deeper picture of the community present, they also show more primer bias than 

compatible universal primers, sometimes struggling to detect specific species or even groups. Many 

metabarcoding studies target the mitochondrial gene cytochrome oxidase I (COI), the classical 

eumetazoan barcoding gene, which due to its high rate of evolution give it good interspecific 

resolution. Yet, this complicates the development of universal primers aimed at amplifying COI for a 

broad range of taxa in a single metabarcoding effort (Collins et al. 2019). These universal primers for 

COI are often highly degenerated, which can lead to high levels of nontarget amplification, and 

therefore also amplify nontarget DNA (especially when little target DNA is present in the sample), as 

well as introduce primer bias during amplification (Elbrecht and Leese 2015, Collins et al. 2019, 

Zafeiropoulos et al. 2021). For marine eDNA samples it is not uncommon to have over 50% of the 

resultant Actual Sequence Variants (ASVs) or molecular operational taxonomic units (mOTUs) assigned 



CHAPTER V | HITCHHIKER’S GUIDE TO COI 

62 
 

to bacterial origins due to COI-like bacterial genes co-amplifying with the degenerate COI primers 

(Zafeiropoulos et al. 2021). 

To address the issues of primer bias, enrichment methods that bypass the amplification step altogether 

have been investigated in the context of metabarcoding (Zhou et al. 2013, Dowle et al. 2016, Mariac 

et al. 2018, Wilcox et al. 2018). On bulk samples, whether using differential centrifugation to isolate 

mitochondrial DNA (Zhou et al. 2013) or employing 20,000 capture probes designed based on a 

database of target taxa (Dowle et al. 2016), the enrichment results in detection rates that are 

comparable to or better than conventional PCR-based methods, with the added benefit of good 

correlation of returned sequence abundance to the relative biomass or abundance of species in the 

sample. To avoid the cost and technical challenges of synthesising multiple probes via PCR in-house 

(Maggia et al. 2017), Mariac et al. (2018) used a single capture probe synthesised in-house that was 

designed to be equidistant to the fish species found in the Amazon basin. Captures were done on 

ichthyoplankton samples with results showing good correlation to real species frequencies as 

discovered by morphological identifications. Despite the encouraging results, few have tested capture 

approaches on aquatic eDNA samples where low levels of target DNA is the norm rather than the 

exception. The first proof of concept for enrichment from eDNA samples came from Wilcox et al. 

(2018), who synthesised capture probes via PCR from 40 target taxa. Although they found a good 

correlation of true abundance to sequences per taxa, the sensitivity of the method was deemed much 

lower than that of contemporary PCR-based metabarcoding. 

This study wanted to take advantage of the universality of existing primers used in metabarcoding and 

apply them to the capture process. The theory behind this approach relates to the varying probabilities 

of primers amplifying a specific target. Based on Kebschull and Zador (2015), if the probability of a 

template to get amplified by a primer varies only during the first few cycles of PCR (and not after), the 

difference between a “lucky” and “unlucky” template can be up to 4-fold by the end of 25 cycles. 

Applying their theory into metabarcoding, then, having a much higher proportion of amplifiable non-

target DNA can potentially counteract the higher probability of target templates being amplified, 

throughout the PCR cycles, purely due to numbers of each type of available template. However, if the 

target templates that have a higher probability of being amplified with the primer, are isolated after 

the first cycle, the relative proportions of target and amplifiable non-target DNA should be evened out 

to an extent.  

To test this theory, biotinylated versions of two common metabarcoding primers for metazoan and 

bacterial metabarcoding were used in an attempt to isolate either nontarget or target templates prior 
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to the typical amplification step. Sequencing for both target and nontarget markers allowed for an 

assessment of the effect of the capture protocol steps on both communities. 

 

5.2 MATERIALS AND METHODS 

The eDNA samples chosen for this study were collected in July 2019 as part of a larger sampling effort 

characterising habitat connectivity (results reported in Chapters II and III). The samples used here were 

from two subsites of a coral reef habitat (one on a small reef outcrop and one on the reef proper) 

known as Banco Capiro in Tela, Honduras (15°51'48.6"N 87°29'42.9"W), following the sampling and 

filtering protocols as outlined in Chapter II. A total ten eDNA samples (five from each subsite) were 

extracted using Qiagen Blood and Tissue kit as per manufacturers protocol and eluted in 100 µl of AE 

buffer. To investigate the effect of the capture protocol on the diversity detected from these eDNA 

samples, the experiment was designed to track changes at each step of the protocol in both metazoan 

and bacterial communities by building sequencing libraries targeting the metazoan cytochrome 

oxidase subunit I (COI) and the bacterial 16S small subunit rRNA (16S). 

  

 

Figure 5.1: Flowchart of targeted capture experimental design: Experimental design to assess changes in community 
detections through the targeted capture protocol (eDNA sample n = 10). The numbered steps detail the type of template 
used in PCR to amplify both metazoan COI and bacterial 16S. Untreated eDNA (i.e., raw_eDNA) refers to template taken 
directly from eDNA extract. AMPure clean refers to template from eDNA extract that was cleaned with AMPure magnetic 
beads. Steps 3 and 6 (capture steps) refer to the product of the targeted capture with either COI and 16S probe, resp., and 
are explained in more detail in main text. Steps 4 and 6 are templates obtained from the eluents of steps 3 and 5, respectively, 
rather than from direct processing of the eDNA sample. The IDs used for each step in the figures throughout this study are 
shown in the yellow boxes.  
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5.2.1 The experimental design  

To assess changes in the community detected, a total of six steps of the capture protocols were 

amplified and sequenced for each of the eDNA samples. The experimental design in visualised in Fig. 

5.1. Firstly, the untreated eDNA was amplified to provide a baseline against which the rest of the steps 

could be compared (step ID: raw_eDNA). To evaluate the effect of a basic bead clean, step 2 involved 

a clean with AMPure XP beads at a 1:1 ratio, using 20 µl of the eDNA sample (step ID: AMPure). Steps 

3 and 4 involve the capture of DNA with a COI probe, to assess the community that can be detected 

from the COI captured product (step ID: COI_capt.) and from what is left behind after the capture (step 

ID: COI_eluent). The same was done for steps 5 and 6, where the eDNA sample was subjected to a 

capture with a 16S probe, and both the captured product (step ID: 16S_capt.) and the eluent (step ID: 

16S_eluent) were amplified to assess the effect on the communities detected. Two libraries were 

constructed for sequencing; one for COI and one for bacterial 16S, to better quantify and assess the 

effect of the captures in the target and nontarget groups. 

Targeted capture method - Capture probes 

For the captures targeting the COI region, a biotinylated version of forward primer mICOIintF (referred 

to as COI probe; Leray et al. 2013) was used (5’-biotin-GGW ACW GGW TGA ACW GTW TAY CCY CC-3’). 

For the captures targeting bacterial 16S, a biotinylated version of forward primer 515F (referred to as 

16S probe; Earth Microbiome Project (EMP)) was used (5’-biotin-GTG YCA GCM GCC GCG GTA A -3’).  

Targeted capture method - Hybridisation and bead capture 

For both COI and 16S capture reactions, hybridisation was performed using 20 µl of eDNA sample and 

20 µl of hybridisation buffer (12 µl of SSC (20X), 0.2 µl of SDS (10%), 1.2 µl of BSA (10 mg/ml), 1.6 µl of 

probe (COI or 16S, 10 µM), 5 µl of ddH2O). Both hybridisation reactions were first incubated for 10 

minutes in 95˚C followed by 24 h in 58˚C or 63˚C for the COI and 16S probes, respectively. Then, the 

reactions were allowed to cool to room temperature before processing with streptavidin coated 

magnetic beads (DynaBeads© M270).  

Streptavidin binds biotin and allows for the target gene/region to be pulled out of the samples with 

the annealed biotinylated probes using an external magnet. The beads were prepared as per 

manufacturer’s instructions, by washing stock beads (concentration 10 µg/µl) thrice with 2X binding 

and washing buffer (2X B&W buffer: 10 mM Tris-HCl (pH 7.5), 1 mM EDTA, 2 M NaCl), and resuspending 

in twice the stock volume of 1X B&W buffer, to a final concentration of 5 µg/µl. For the capture, a 1:1 

ratio of beads to sample was deemed most appropriate (pers. comm. with DynaBeads© manufacturer) 

to achieve the optimal 3D spatial configuration of beads in the reaction and to maximise their biotin 

binding ability. Therefore, 35 µl of the hybridised product and 35 µl of the prepared beads were mixed 
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in new 0.5 µl PCR tubes by pipetting 10 times and incubated for 30 minutes at room temperature with 

gentle rotation. After incubation, the tubes were placed on a magnetic plate for 3 min to collect the 

beads with their bound probe-target complex on the side of the tubes. The eluent (approximately 70 

µl) from each capture was transferred to new 1.5 ml Eppendorf tubes, and the magnetically captured 

products were washed three times with 1X B&W buffer before being resuspended in 20 µl ddH2O (to 

match the original eDNA volume used for the capture). A visualisation of the targeted bead capture 

process is provided in Figure 5.2.  

 

Figure 5.2: Flowchart describing the stages of a targeted bead capture protocol.   

The eluents were further processed with ammonium acetate precipitation to reduce, after pilot testing 

showed evidence of potential PCR inhibition, likely due to the high salt concentration of the buffers 

used (pilot data not shown). First, for each 70 µl eluent, 5.6 µl of ammonium acetate (7.5 M) and 160 

µl of cold 100% EtOH was added, and the tubes centrifuged at 12 400 rcf or 30 min. Then, the liquid 

was discarded (if no visible pellet, approx. 3-5 µl was left in tubes) and another 100 µl of cold 70% EtOH 

was added, and the tubes centrifuged at 12 400 rcf for another 15 minutes. Again, the liquid was 

discarded, but if no pellet was visible approx. 3-5 µl was left in the tube and let evaporate on a thermal 

block set to 50˚C. Finally, the precipitated DNA was re-eluted in 20 µl of ddH2O, to match the volume 

of the original eDNA sample used for the capture reaction.  

To account for any contamination that might have occurred during sample processing, protocol 

controls (PC) were included throughout the process. Essentially, for every step where DNA was added 

or manipulated, an additional sample with ddH2O in place of DNA was included and brought through 

the rest of the protocol (i.e., for a capture of COI, one sample with water was also put through the 
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capture process, with the capture product of the water sample acting as the capture PC, and the eluent 

from that used as the eluent PC).  

5.2.2 Amplification and library preparation 

To multiplex the samples, a combination of ten and seven uniquely tagged forward and reverse primers 

(respectively, for details see Appendix – Section 5: Table S5.1) (COI: 5’ – 6bp tag – mlCOIintF – 3’ / 5’ – 

6bp tag – jgHCO2198 – 3’ (Leray et al. 2013); 16S: 5’ – 6bp tag – 515F – 3’ / 5’ – 6bp tag – 806R – 3’ 

(EMP)) were used to amplify a approx. 313 bp section of the mitochondrial cytochrome oxidase I (COI) 

gene and the approx. 250 bp hypervariable V4 region of the bacterial 16S gene. A different tag 

combination was used for each step of the protocol and each eDNA sample used (for details see Suppl. 

file - Metadata.csv, columns F_tag and R_tag), and PCR reactions were run in triplicate. Each 30 µl 

reaction consisted of 2 µl template DNA, 1.2 µl of each forward and reverse primers (10 µM), 1.2 µl 

dNTP’s, 1.2 µl BSA (10 mg/ml), 0.12 µl KAPA Taq Polymerase, 3.0 µl KAPA Taq Buffer A and 20.08 µl 

ddH2O. The thermocycling profile for COI amplification consisted of an initial denaturation step of 5 

min at 95˚C, followed by 40 cycles of 10s at 95˚C, 30s at 46˚C and 60s at 72˚C, and a final elongation 

step of 10 minutes at 72˚C. For 16S amplification, the thermal conditions were an initial denaturation 

step of 3 min at 94˚C, followed by 35 cycles of 45s at 94˚C, 60s at 50˚C and 90s at 72˚C, and a final 

elongation step of 10 minutes at 72˚C. The PCR replicates were then pooled for each tag combination, 

excess primers and nucleotides were removed using ExoSAP-IT™ (ThermoFisher Scientific) according 

to manufacturer’s instructions, the replicate pools were quantified and finally pooled in equimolar 

amounts into the COI and 16S libraries. The final library preparation (sequencing adapter ligation) and 

sequencing using NovaSeq 250PE technology was undertaken by Novogene Europe.  

5.2.3 Bioinformatic processing 

Bioinformatic processing was done for the 16S and COI libraries separately. The quality of the raw 

reads was first assessed with FastQC (v0.11.9, Andrews 2010). Due to the library preparation method 

leading to a mixed orientation of reads in the sequencing output (both forward and reverse primers 

are possible in both paired end raw files, i.e., in R1 and R2), for each library, demultiplexing was 

performed twice using CUTADAPT (Martin 2011), once for each orientation. Additionally, to account 

for the tag sequences being the same for both forward and reverse primers, the full tag plus primer 

sequences were used for demultiplexing (instead of only the 6bp tag sequences) with a maximum two 

errors allowed. Full examples of demultiplexing commands are provided in Appendix - Section 2, as 

the bioinformatics processing followed the same pipeline as Chapter II. 

The rest of the bioinformatic processing was done using the DADA2 pipeline (v1.12.1, Callahan et al. 

2016), with each orientation processed separately to avoid mixing of error models as per developer’s 
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recommendation. The following describes the steps taken for each orientation. First, minimum read 

length was set to 100bp, and both read directions (R1 and R2) were set to truncate at 200bp (function: 

filterAndTrim; parameters: truncLen=c(200,200), minLen=100, maxN=0, maxEE=c(2,2), truncQ=2). 

Then, to denoise the demultiplexed reads into Actual Sequence Variants (ASVs) DADA2 estimates the 

sequencing error rates from the demultiplexed data. The pipeline was modified to accommodate the 

use of Illumina NovaSeq 6000 data instead of MiSeq (which the pipeline was developed for) by 

enforcing monotonised decreasing error rates after the error estimations, as recommended by the 

pipeline developers. Finally, the paired-end reads were merged across all samples, filtered to 253 bp 

and 313 bp length for the 16S and COI libraries, respectively, and chimeras were removed (details of 

read abundance at each step of the pipeline are available in the Metadata.csv file, Appendix - Section 

6). 

The resulting ASVs were then taxonomically assigned using the RDP Naïve Bayesian classifier method 

(Wang et al. 2007). This classifier uses kmers to find the best hit in a reference database and assigns a 

bootstrap confidence value at each taxonomic level. For the 16S data, the DADA2 function 

assignTaxonomy was used with the SILVA version 132 trained database, which covers Bacteria, 

Archaea and Eukaryotic taxa for the 16S small subunit rRNA locus. For the COI ASVs, the RDP 

assignment tool was used outside of DADA2, with a trained database of COI references covering 

Bacteria, Archaea and Eukaryotic taxa (Porter and Hajibabaei 2018). For each 16S and COI assignment, 

a bootstrap threshold of 0.5 was applied across all taxonomic levels, as recommended by Wang et al. 

(2007). A further curation step to remove spurious ASVs and cluster similar ASVs together was done 

with the LULU algorithm (Frøslev et al. 2017).  

Control correction to remove potential contaminant ASVs was first applied using the negative controls 

(no-template controls and extraction blanks) and a relative abundance threshold of 10%; if an ASV 

found in a control sample had a relative abundance of >10% out of the total abundance for that ASV 

across all samples, it was discarded (as in Antich et al. (2021)). The same approach was applied with 

the protocol controls (PCs) but applying the correction only to samples of the same protocol step (i.e., 

PC2 = COI capture: ASV relative abundances calculated across COI capture samples only).  

5.2.4 Statistical tests 

All statistical testing and data analyses were performed in R (v4.0.3) using packages phyloseq (v1.34.0, 

McMurdie and Holmes (2013)) and vegan (v2.5.7, Oksanen et al. (2009)). Changes in the reads 

obtained through the bioinformatic pipeline were assessed as total reads and as a percentage of reads 

that passed from demultiplexing through control correction. Kruskal-Wallis nonparametric tests to 

assess variation of means were done across all template types in each library (COI and 16S), and 
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pairwise Wilcoxon rank sum tests were carried out comparing the raw eDNA template to all other 

template types. After the passing reads statistics were computed, all samples were rarefied without 

replacement to sample depth of 30 000 reads (minimum sample depth was 30 111 reads). 

For the COI library, relative read abundance per kingdom was plotted for each template type, and both 

total reads and ASV richness were plotted as boxplots for reads assigned to Metazoa, Bacteria and 

Unassigned. Kruskal-Wallis tests and paired Wilcoxon rank sum test with raw eDNA as reference group 

were calculated for each of the kingdoms. Furthermore, the Unassigned ASVs were taxonomically 

placed using the Dark mAtteR iNvestigator tool (DARN, Zafeiropoulos et al. (2021)) in order to gain a 

better understanding of the ASVs that could not be assigned using the basic taxonomic assignment 

method. The placed Unassigned ASVs were qualitatively assessed using the kronaplot visualisations 

from DARN.  

For the 16S library, relative read abundance of the top phyla making up 98% of the total reads was 

plotted for each template type, and both total reads and ASV richness were plotted as boxplots for 

reads assigned to Proteobacteria, Cyanobacteria and Bacteroidetes, as they were found to be the top 

three phyla. Kruskal-Wallis tests and paired Wilcoxon rank sum test with raw eDNA as reference group 

were calculated for each of the top three phyla.  

To assess whether the capture protocol influenced template quality, total reads and richness of ASVs 

that had at minimum a family level assignment were examined using Kruskal-Wallis and paired 

Wilcoxon tests for both libraries.  

 

5.3 RESULTS 

The individual steps for which results are presented for are outlined in Figure 5.1. To summarise briefly, 

“raw eDNA” refers to templates taken directly from eDNA extracts, “COI capture” and “16S capture” 

refer to templates that were captured from the raw eDNA extract using either COI or 16S capture 

probes (resp.), and “COI eluent” and “16S eluent” refer to what is left behind, after the capture product 

has been removed with either COI or 16S capture probes (resp.). All steps were amplified with COI and 

16S primers to build two sequence libraries, and each step included ten samples. 
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Figure 5.3: Reads and ASVs through bioinformatics and processing. Total reads (A) that passed the bioinformatics pipeline 
(denoising, length filtering, merging, chimera removal and control correction) and proportion of demultiplexed reads (B) that 
passed the bioinformatics pipeline (denoising, length filtering, merging, chimera removal and control correction). C) The total 
richness of ASVs in each library after rarefying to even sequencing depth of 30 000 reads/sample. Box limits depict the 25%-
75% interquartile ranges with the horizontal line showing the median value (n=10 for each template type). The whiskers 
extend to the upper and lower quartiles, and outliers are shown as points. Kruskal-Wallis non-parametric test p-values are 
shown for each group, and significant Wilcoxon pairwise test results between the raw eDNA samples and each of the other 
template types are depicted with asterisks (* = p<0.05, ** = p < 0.01, *** = p < 0.001, **** = p < 0.0001). For details of 
template type, please refer to Fig. 5.1. NOTE: The y-axes do not start at 0 to accommodate the large scales, and in C the y-
axes of COI and 16S are on different scales for a better visualisation. 

For the two libraries combined, a total 19 419 054 raw reads were returned from the NovaSeq 

sequencing effort (raw sequence files available at European Nucleotide Archive (ENA) under project 

accession PRJEB49001), of which 9 728 354 passed through demultiplexing, denoising and control 
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correction. For the COI library, the raw eDNA samples yielded the highest number of total reads passing 

the bioinformatics pipeline, but in the 16S library, only the COI eluent showed significantly less reads 

than raw eDNA passing bioinformatics and control correction (Fig. 5.3A). No significant differences in 

the proportion of reads per sample that passed all bioinformatics steps were observed between the 

raw eDNA versus any other step of the protocol, indicating no loss in read quality was observed (Fig. 

5.3B). Overall richness of ASVs in the COI library was not affected by the capture protocols steps, but 

the 16S library showed significant decreases of overall richness after the AMPure clean, as well as both 

eluents and the 16S capture templates (Fig. 5.3C) 

5.3.1 COI library 

In total, 2 074 ASVs and 1.8M reads were included in the analyses of the COI library after rarefying the 

samples to a read depth of 30 000. It was hypothesised that both relative read count and ASV richness 

for metazoans would be increased with the templates from COI captures or eluents of the 16 captures, 

as in each case the expectation is that target template availability is increased in relation to the 

nontarget. However, Unassigned ASVs dominated the results originating from each template type (Fig. 

5.4). Additionally, a slight increase was observed in the relative abundance of both bacterial and 

metazoan reads when using either the COI or 16S capture products as template.   

 

Figure 5.4: COI library relative abundance. Relative abundance of kingdoms for each originating template type.  

Total metazoan reads were observably reduced in both capture products when compared to the raw 

eDNA samples, but this was only statistically significant for the 16S captures (Fig. 5.5A). The ASV 

richness of metazoans was significantly reduced for both capture products (COI_capt. and 16S_capt.) 
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(Fig. 5.5A). On the other hand, bacterial reads showed a significantly higher abundance for both the 

COI and 16S captures when compared to the raw eDNA but did not display any statistically significant 

changes in ASV richness, despite overall evidence of significant variation (Fig. 5.5B). The unassigned 

reads exhibited a significant drop in read abundance for the COI capture and 16S capture template 

types, but no significant differences were observed in the richness of unassigned ASVs (Fig. 5.5C).  

  

Figure 5.5: COI read abundance and ASV richness. Total reads (top) and ASV richness (bottom) for Metazoa (A), Bacteria (B) 
and Unassigned ASVs of the COI library. On the x-axis are the different template types used from each step of the targeted 
capture protocol. The p-values at the bottom show the result of the Kruskal-Wallis test for the whole group, while significant 
results of Wilcoxon pairwise test between reference group raw_eDNA and all other template types are depicted with 
asterisks. (Significance levels: * = p < 0.05, ** = p < 0.01). The boxplot limits stretch over the interquartile range, with the 
horizontal line signifying the median value, and the whiskers reaching to the upper and lower limits. Outliers are shown as 
points. NOTE: y-axes do not begin at 0 to accommodate the scale differences for the three phyla and to provide a clearer 
visualisation. 

The Unassigned ASVs that were further taxonomically placed with DARN did not vary significantly 

between the different template types (see Supplementary File “Captures_UA_krona.html”) in terms 

of broad taxonomic groupings. The majority were placed within Eukaryota (between 76% (16S capture) 

and 78% (raw eDNA)), of which between 42% to 46% were further placed within the Haptophyta, a 

protist group of phototrophic and mainly planktonic marine organisms that are currently known from 

330 described species. Of the eukaryotically placed ASVs, another approx. 30% for each template type 

did not receive any further placement than Eukaryota, while approx 20-25% were divided between 
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various small and/or microbial groups such as Chlorophyta (green algae), Basidiomycota (fungi), 

Dictyochophyceae (heterokont algae) and Cercozoa (mostly heterotrophic protozoa).  

 

5.3.2 16S library 

The 16S library contained 406 ASVs in 1.8M reads after rarefying to even sequencing depth (30 000 

reads) without replacement. Unsurprisingly, bacterial reads dominated the 16S library, with between 

98.2% and 99.1% of reads assigned to Bacteria for each template type (Appendix - Section V: Fig. S5.1). 

A total of six phyla made up 98.6% of all the reads in the rarefied dataset. The most abundant phylum 

across all template types was Proteobacteria, followed by Cyanobacteria and Bacteroidetes (Fig. 5.6, 

Appendix - Section V: Fig. S5.2). Among the top six phyla was also one archaeal group, Euryarchaeota. 

No differences in relative abundances of phyla between the template types were observed in the 16S 

library, except in the 16S eluent where the relative abundance of Cyanobacteria was visibly increased, 

while Proteobacteria were reduced. 

 

Figure 5.6: 16S library relative abundance. Relative abundance of six most abundant phyla detected in the 16S library with 
each template type. 

Neither Proteobacteria nor Bacteroidetes showed statistically significant changes in the reads obtained 

throughout the capture protocol, but the Cyanobacteria phylum displayed a significant increase in total 

reads in the 16S eluent when compared to raw eDNA (Fig. 5.7 A-C). ASV richness varied significantly in 

all the top three phyla. For the dominant phylum Proteobacteria, all template types showed a decrease 
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in richness when compared to the raw eDNA (Fig. 5.7A). Cyanobacteria exhibited a drop in richness for 

the AMPure cleaned templates, as well as the 16S eluent, despite the increase in reads (Fig. 5.7B). 

Meanwhile, richness was reduced for the Bacteroidetes phylum for template types of COI eluent, 16S 

capture and 16S eluent. It should be noted that the overall richness for the most dominant phylum 

was approx. four to five times higher than the two others used in detailed analysis.  

 

 
Figure 5.7: 16S read abundance and ASV richness. Total reads (top) and ASV richness (bottom) for Protebacteria (A), 
Cyanobacteria (B) and Bacteroidetes ASVs of the 16S library. On the x-axis are the different template types used from each 
step of the targeted capture protocol. The p-values at the bottom show the result of the Kruskal-Wallis test for the whole 
group, while significant results of Wilcoxon pairwise test between reference group raw_eDNA and all other template types 
are depicted with asterisks. (Significance levels: * = p < 0.05, ** = p < 0.01, *** = p < 0.001). The boxplot limits stretch over 
the interquartile range, with the horizontal line signifying the median value, and the whiskers reaching to the upper and lower 
limits. Outliers are shown as points. NOTE: y-axes do not begin at 0 to accommodate the scale differences for the three phyla 
and to provide a clearer visualisation.  
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5.3.3 Taxonomic confidence 

Overall, the 16S library showed a high proportion of confident family level assignments across all 

template types, while the opposite was true for the COI library (Fig. 5.8A). In the COI library, the total 

abundance of family level assignments was significantly increased for both COI and 16S captures (Fig. 

5.8B) but is likely attributable to the increases in bacterial reads overall in the COI library for these 

templates (Fig. 5.5B). Additionally, the increases in reads confidently assigned to family were not 

translated into higher richness of good confidence ASVs in the COI library (Fig. 5.8C). In the 16S library, 

no changes to the total abundance of good confidence reads were observed, yet the richness of 

confidently assigned ASVs was significantly reduced in all template types amplified for the 16S library 

(Fig. 5.8B, C).  

 

Figure 5.8: Confident family level assignments of ASVs. A) Proportion of reads that belong to ASVs with high confidence family 
level assignments. Boxplots show total reads (B) and observed richness (C) of ASVs with high confidence family level 
assignments. The boxplot limits stretch over the interquartile range, with the horizontal line signifying the median value, and 
the whiskers reaching to the upper and lower limits. Outliers are shown as points. The p-values at the bottom of boxplots 
show the resulting p-value of Kruskal-Wallis test for the whole group, while significant results of Wilcoxon pairwise test 
between reference group raw_eDNA and all other template types are depicted with asterisks (significance levels: * = p < 0.05, 
** = p < 0.01). 
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5.4 DISCUSSION 

This study was done to assess if broadscale metabarcoding primers could act as capture probes for 

target template enrichment or to remove nontarget templates from eDNA extracts prior to 

amplification. However, contrary to expectations, the 16S richness (bacterial) decreased in the 

remaining DNA pool after using a COI probe to isolate target DNA, suggesting that captures with the 

COI probe had a stronger effect on the bacterial template pool than the intended target group of 

metazoans, and that a significant amount of bacterial DNA was captured with the COI probe. 

Additionally, reductions in metazoan richness were observed in the COI capture templates.  

In theory, if the captures of bacterial DNA were successful using the 16S probe, there should be less 

bacterial DNA available for PCR in the 16S eluents, and therefore a reduction in relation to the raw 

eDNA in both bacterial reads and richness could be expected. Here, demonstrating the ability of a 

capture probe to isolate larger fragments of target DNA, increased availability of COI-like bacterial DNA 

was apparent in the 16S capture templates based on the increased reads obtained for the kingdom 

Bacteria when amplifying for COI (i.e., the COI library). Despite the read counts in the eluents remaining 

relatively similar to the raw eDNA, richness of bacterial COI-like templates was significantly reduced in 

the 16S eluents, suggesting most of the bacterial diversity that is amplifiable with COI primers was 

captured with the 16S probe. The fact that the 16S library did not show the same pattern of increase 

with the captures would indicate that the primer pair used for 16S is able to amplify most of its 

intended targets even from very diverse samples (i.e., the raw eDNA).  

In fact, both probes seemed to capture longer fragments than just their intended target gene from the 

eDNA samples, as evidenced by the amplification success of bacterial DNA in both the 16S and COI 

libraries from captured templates. In fact, the COI probe appeared to be more efficient in capturing 

bacterial DNA than metazoan DNA (Fig. 5.5A, B). This shines a particularly bright spotlight on the 

inaccuracy of a popular COI primer used in metazoan metabarcoding applications, an issue that has 

not gone unnoticed in recent literature (Deagle et al. 2014, Collins et al. 2019, Zafeiropoulos et al. 

2021). Admittedly, the ability of metazoan COI primers to amplify microbial DNA has been known for 

over a decade (Siddall et al. 2009). Although broadscale biodiversity estimates can be obtained when 

using universal COI primers (e.g., Chapters II-III, Grey et al. (2018), Zafeiropoulos et al. (2021)), their 

bias towards bacterial templates can lead to severe impacts on future metabarcoding efforts, for 

instance by causing bacterial sequences mislabelled as eukaryotic taxa to be entered into reference 

databases (Siddall et al. 2009, Mioduchowska et al. 2018). One way to address this nontarget 

amplification is to develop new primers, however this usually comes with a cost on the universality 

(Elbrecht and Leese 2017, Marquina et al. 2018, Sultana et al. 2018, Collins et al. 2019, Leese et al. 
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2021). Therefore, approaches to isolate the target DNA of broad eukaryotic groups from the nontarget 

DNA (e.g., bacteria and archaea) prior to amplification are more desirable, to maintain the broad 

applicability of the COI marker for metazoans.  

It is possible that the reductions observed in richness of metazoan taxonomic groups in the captured 

templates is a result of the probes pulling out more exclusively DNA of mitochondrial origin, as it would 

be easier for the probes to attach to and pull out smaller fragments. This is also supported by the 

increased proportion of target reads that had a lower-level taxonomic assignment after the COI 

capture. Nuclear mitochondrial pseudogenes (numts) have been identified as a potential source of 

increased species richness estimates (Song et al. 2008), and especially when using denoising rather 

than OTU clustering methods (Andújar et al. 2021). Here, the higher richness estimates of metazoans 

in the raw eDNA samples could be a result of numt amplification in addition to the desired 

mitochondrial COI amplification. One way to avoid amplification of nuclear DNA (and therefore numts), 

is to isolate mitochondrial DNA prior to any further processing by isolating the entire organelles. 

Isolation of mitochondria can be done for example by differential centrifugation, which has been 

successfully applied as an enrichment step to avoid the biases arising from PCR on bulk samples of 

invertebrates, yet this has not yet been tested on eDNA samples (Zhou et al. 2013). That said, current 

knowledge of the state of eDNA in different environmental conditions is sparse (Mauvisseau et al. 

2021), and isolation of full mitochondrial organelles may end up discarding a lot of dissolved or particle 

bound target DNA from an environmental sample. Bait capture methods on eDNA samples were tested 

to enrich target DNA, however it is likely the omission of amplification combined with the high dilution 

factor of target DNA in environmental samples led to reduced species detection rates when the bait 

capture approach was compared to more conventional PCR based metabarcoding (Wilcox et al. 2018). 

Hence, the ideal approach would efficiently isolate mitochondrial DNA – or a part of it spanning over 

the barcoding region – of metazoans to avoid amplification of numts and nontarget taxa, as well as 

incorporate a universal amplification step to enhance detection rates.  

Furthermore, the results also highlighted gaps in some eukaryotic groups in reference sequence 

databases, as evidenced by the large proportion of ASVs that were annotated as Unassigned by the 

RDP taxonomic assignment method, being placed within Eukaryota by the Dark mAtteR iNvestigator 

(DARN). Lack of coverage exists both at the taxonomic level as well as the biogeographic level. For 

instance, in the Barcode of Life database (BOLD), less than half of Atlantic Iberian coast molluscs, 

arthropods and polychaetes have a DNA barcode (Leite et al. 2020), while globally the average species 

representation across all phyla was estimated at approx. 21% (Kvist 2013). However, this relates to 

coverage in terms of how many species within a phylum have a representative sequence, whereas in 
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some cases, intraspecific coverage may be more important for making accurate taxonomic 

assignments. Here, most placements of the unassigned ASVs being made to Haptophyta would suggest 

that the group is not well represented in the reference database used in the RDP assignments, yet not 

only were they represented, some ASVs were also confidently assigned to species level within 

Haptophyta by RDP. However, haptophyte taxa can exhibit high levels of intraspecific genetic variation 

(Medlin et al. 1996), meaning the group would require a higher number of representative references 

per species to allow for higher levels of confident taxonomic assignments. In cases like this, tools such 

as DARN that allow for a broader investigation of reads unassignable by conventional assignment 

methods may help direct future research and barcoding efforts in terms of taxonomic focus.  

 

CONCLUSIONS 

Although the objective of this study to isolate metazoan DNA from environmental samples was not 

fully fulfilled, the results presented here provide signposts for multiple different avenues of further 

research. It demonstrated the bacterial bias of a popular COI primer with bacterial DNA hitchhiking 

with the metazoan probe, but in the meantime the results also showed how a relatively simple capture 

protocol can increase the proportion of taxonomically assignable reads obtained from environmental 

samples. It may be possible to address the bias issue with better designed primers, but primer design 

is as heavily reliant on reference databases as is taxonomic assignment of metabarcoding outputs, and 

restricting metabarcoding output to only those taxa we know now may lead to datasets that cannot 

be used for temporal analyses in years to come when more taxa have reference sequences. 

Additionally, because the capture protocol seemed efficient in capturing bacterial DNA along with 

metazoan templates, a further investigation to the origin of the DNA may be warranted to account for 

presence or absence of numt amplicons. Based on the results of this study, the use of the tested 

universal COI primer as capture probe for metazoan taxa cannot be recommended due to the observed 

loss of richness after the captures. Additionally, little evidence was found that would support the use 

of the protocol for bacterial enrichment, as the 16S primers used seemed capable of capturing most 

of the bacterial diversity from the raw eDNA samples. Nevertheless, the COI probe was capable of 

capturing fragments of bacterial DNA that were amplifiable with the 16S primer set, providing evidence 

of relatively large DNA fragments being isolated with the probe. Indeed, perhaps it is possible to find 

a truly conserved region on metazoan mitochondrial genomes to use as a “capture-region” for 

mitochondrial DNA, the captured products of which could then be used for conventional COI 

metabarcoding – even with the most degenerate primers.  
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CHAPTER VI 

 

GENERAL DISCUSSION 
 

In this thesis, the power of metabarcoding is clearly demonstrated. With minimal manpower, both a 

geographically and taxonomically broad dataset was produced over a two-year study period. For large 

geographical scales, eDNA metabarcoding offers a relatively cheap alternative for acquiring occurrence 

data on a variety of taxa from microbes to megafauna, without the need for specialised techniques 

and/or equipment for each taxonomic group (Holman et al. 2021). Generally, obtaining reliable data 

on a broad spectrum of phyla at a time – or across the tree of life – would also require the expertise of 

a panel of specialised taxonomists. However, for the purposes of metabarcoding this work has already 

been done by those who have submitted reference sequences to barcode databases, as submissions 

require high confidence taxonomic identifications. Despite known errors and misannotations of some 

taxa in reference databases (Daan 2001, Siddall et al. 2009), the spectrum of taxa in them is what 

enables researchers to use metabarcoding to assess a broader scale of taxa at a time than would have 

been possible prior to the use of molecular methods in ecology (Stat et al. 2017, Holman et al. 2021).  

Nevertheless, environmental DNA and metabarcoding as tools are not without their issues. As is also 

demonstrated in this thesis, the resolution of taxonomic information obtained from metabarcoding 

can be a limiting factor when trying to make ecologically informed statements. Chapter III reveals 

stronger patterns of temporal change and overlap using taxonomically unassignable mOTUs, but 

without information on the origin of these molecular units, impacts on the environment and its 

inhabitants become impossible to predict, especially in the absence of data on environmental variables 

(e.g., temperature, salinity, pH, etc.).  

The first part of this chapter is dedicated to discussing how metabarcoding tools could be best applied 

to marine environments at their current developmental stage, building on the results presented in this 

thesis. The second part of this chapter takes a look at potential future developments in metabarcoding 

that could bring most benefit to the field of marine ecology in the face of global biodiversity change 

(Dornelas et al. 2014, Hillebrand et al. 2018, Blowes et al. 2019). 
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6.1 METABARCODING BEST PRACTICES – FOR NOW 

This thesis showcased how metabarcoding can reveal patterns of biodiversity across a vast 

geographical scale, when standardised sampling and sample processing methods are used. However, 

with the fast pace of development and advances in metabarcoding methods, standardising across 

unrelated studies has yet to happen (Tedersoo et al. 2015, Jeunen et al. 2019b, Zaiko et al. 2021). 

Encouragingly, recent evidence from a comparative study looking at how laboratory processing might 

impact results obtained from metabarcoding, shows that despite differences in laboratory reagents 

and processing, the community patterns found were strikingly similar (Zaiko et al. 2021). Alongside the 

fast-paced development of high-throughput sequencing platforms since ca. 2008 (Slatko et al. 2018), 

the eDNA and metabarcoding tools have advanced rapidly since their first applications to track 

metazoans in the marine realm (Thomsen et al. 2012b, Rodríguez-Ezpeleta et al. 2021). Researchers 

today have a number of guides available for best practices (e.g., Porter and Hajibabaei 2018), including 

how to apply and interpret taxonomy-free data for diversity estimates (Alberdi and Gilbert 2019, 

Mächler et al. 2021).  

To date, the mitochondrial COI marker is the most speciose in terms of reference sequences for 

eukaryotes, and is considered the gold standard for metazoan barcoding (Machida et al. 2017, Andújar 

et al. 2018, Porter and Hajibabaei 2020). However, when used with highly diverse environmental 

samples, like marine water, the degenerate nature of many popular COI primers leads to high levels of 

nonspecific amplifications of nontarget taxa such as bacteria, fungi and plants (Chapters II and III, 

Bakker et al. 2019, Collins et al. 2019, Hajibabaei et al. 2019, Zafeiropoulos et al. 2021). In Chapter II, 

the global patterns of marine biodiversity are shown to hold for most of the nontarget kingdoms as 

well as the eukaryotic targets, demonstrating the applicability of eDNA metabarcoding as a tool to 

obtain broadscale data with relative ease. Chapter III on the other hand shows how the seemingly 

unassignable molecular units provide a stronger characterisation of the changes observed along a two-

year temporal scale. However, in many cases the interests of stakeholders and researchers are in 

finding the charismatic species that help the implementation and maintenance of conservation and 

protection policies (Andruszkiewicz et al. 2017, Sales et al. 2020, Mariani et al. 2021). And for this 

purpose, the COI marker is not yet practical for metabarcoding highly diverse tropical marine water 

samples, because the biases that occur in the amplification step limit the detection of target taxa.   

Currently, a large proportion of metabarcoding efforts in tropical marine habitats are aimed at 

characterising the more conspicuous metazoan taxa, such as fish, molluscs and echinoderms (Stat et 

al. 2018, Jeunen et al. 2019a, West et al. 2020, Mariani et al. 2021). The comparability of such datasets 

to conventionally collected survey data, for instance visual surveys, historical long-lining or baited 
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remote underwater video surveys (BRUVs), give them solid ground to stand on in the field of traditional 

marine ecology (Stat et al. 2018, Mariani et al. 2021). Additionally, these taxonomic groups tend to 

have temporal data and relatively good reference database coverage available, owing to their 

perceived ecological and economical importance (but see e.g., Madduppa et al. (2021) for geographical 

gaps in coverage), making them good candidates for detecting temporal changes and patterns (Mariani 

et al. 2021). Therefore, depending on the aims of the research it may be appropriate to apply a 

different marker than COI to enable more accurate detections of these taxonomic groups of interest.  

At present, where metabarcoding efforts are motivated by a need to determine for example fish 

species richness in an area, it may be more beneficial to apply amplification protocols for the 

mitochondrial 12S rRNA region (Miya et al. 2015, 2020, Port et al. 2016, Gold et al. 2021b). The 12S 

marker has been shown to provide better resolution for fish taxa than the COI marker (Zhang et al. 

2020), although there are substantial differences globally in the amount of fish taxa that have been 

sequenced to cover the 12S marker region (Marques et al. 2021). In addition, primers targeting nuclear 

18S rRNA and metazoan mitochondrial 16S rRNA have also been successfully employed in eDNA 

metabarcoding (Stat et al. 2017, Jeunen et al. 2019a, Koziol et al. 2019). Because barcode databases 

for the various markers vary in their coverage and resolution for different taxonomic groups, the 

application of a multi-marker approach should become standard in eDNA metabarcoding, especially in 

highly diverse habitats (Stat et al. 2017, Jeunen et al. 2019a, Koziol et al. 2019, Alexander et al. 2020). 

Although employing multiple markers can increase the cost of a metabarcoding run, even using just 

two different markers can significantly increase the number of detected species (Djurhuus et al. 2018).  

Moreover, metabarcoding of tropical marine habitats does not have to be restricted to water based 

eDNA samples. In bulk samples, the DNA is obtained from a more defined source, e.g., zooplankton 

from net surveys (Schroeder et al. 2021, Suter et al. 2021) or macroinvertebrates in sediment samples 

(Guardiola et al. 2016, Sinniger et al. 2016). For instance, zooplankton samples can contain both free-

living holoplankton as well as larval forms of larger animals (e.g., fish, crabs), making them an almost 

ideal sample type for detecting a broad range of taxa (Casas et al. 2017, Djurhuus et al. 2018). In 

addition, Autonomous Reef Monitoring Systems (ARMS) could be used to specifically target sessile and 

small mobile benthic taxa in hard-bottomed areas (Pearman et al. 2020), while sediment samples from 

soft-bottom areas have been shown to obtain higher overall richness estimates than any other bulk 

sample type (Koziol et al. 2019). Yet, bulk samples also are prone to amplification biases, largely due 

to size differences of source material if protocols to account for this are not employed, which in turn 

can limit the detection potential of smaller and/or rarer taxa (Deagle et al. 2017, Djurhuus et al. 2018). 

However, when multiple sample types are combined, the taxonomic coverage of returned data 

increases (Koziol et al. 2019, Antich et al. 2021b). 
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Regarding the more practical aspects of designing a metabarcoding effort in the tropics, sample 

replication has repeatedly been shown to increase and improve diversity estimates (Ficetola et al. 

2014, Hajibabaei et al. 2019b, Mächler et al. 2021). As eDNA distribution in water can be quite 

heterogenous, taking more than one sample (or filtering large volumes) at a single sampling site 

ensures a more accurate representation of the area, and reduces the chances of overestimating 

dissimilarities between sites as a result of “patchy” eDNA distribution (Bessey et al. 2020). In addition, 

replication at the technical level (i.e., extraction and/or PCR replication) has been shown to improve 

detections for rare taxa and provide an additional reliability check for low frequency detections 

(Ficetola et al. 2014, Alberdi et al. 2017).  

In summary, in an ideal situation, a multi-marker approach on multiple sample types should be used 

to efficiently obtain as much and as accurate coverage as possible from highly diverse habitats. 

Additionally, replicates of each sample type should be collected, but these can be pooled for further 

processing as the ecological replication is largely done to counter the bias from uneven eDNA 

distribution in the environment. That said, the costs associated with additional sample types and 

markers have not yet been properly estimated. Different sample types require different processing 

protocols with varying costs attached and adding one marker to a metabarcoding effort essentially 

doubles all laboratory reagents required. Therefore, any additional sample types and/or markers need 

to be carefully considered in the context of what is expected of the results; for example, for broad 

biodiversity characterisation you might use the COI marker with water and sediment samples, while 

tracking fish communities could be done with 12S and 16S markers on water eDNA samples. Then 

again, with so many options available, how do we ensure there is sufficient standardisation between 

studies of similar habitats and/or organisms, for them to be comparable? 

 

6.2. eDNA METABARCODING – THE FUTURE  

Although metabarcoding toolkits for marine ecology were conceived largely from a need to track and 

monitor species in environments that are hard to reach – making the method reliant on accurate 

species assignments – the results presented in this thesis showcase the ability of the oft discarded 

“unassigned” molecular data to be of use to ecological research. With the development of new tools 

like DARN to taxonomically place the unassignable reads (Zafeiropoulos et al. 2021b), a new dimension 

opens up for marine ecology, allowing metazoan focused researchers to expand their investigations 

and look towards other, potentially more informative groups. For instance, Bacteria was highlighted 

as one of the largest nontarget groups in COI metabarcoding studies using eDNA (Zafeiropoulos et al. 

2021b). This in turn led to the development of a capture protocol in Chapter V of this thesis, as an 



CHAPTER VI | GENERAL DISCUSSION 

82 
 

attempt to remove bacterial DNA from the template pool prior to amplification for metazoan barcode 

marker COI. Despite the apparent failure to remove bacterial DNA from the extracts, the fact the 

products from the 16S captures are still amplifiable with COI primers illuminates a way forward to 

finding a conserved “capture-region” for metazoans. Because the COI marker has proven benefits for 

metazoan metabarcoding from bulk samples (Andújar et al. 2018), being able to isolate the target 

templates from an eDNA extract to essentially mimic the conditions of using bulk samples, would be a 

big step forward in the use of molecular methods in marine ecology. 

Furthermore, a part of the appeal of metabarcoding comes from the vast amounts of data it generates 

and the potential for re-interrogation (Debroas et al. 2017). Despite discrepancies in how data are 

annotated and formatted for uploads (Tedersoo et al. 2015), the already uploaded datasets are an 

immense – and still largely untapped – resource for temporal and spatial research. The availability of 

these data is especially powerful for long-term monitoring projects, as with every instalment of new 

data, the old data can also be re-examined to reveal taxa that perhaps did not have reference 

sequences at the time of their initial analysis. Theoretically, archived metabarcoding data also has the 

potential to reveal occurrences and distributions of newly sequenced endangered or extinct taxa, 

something that is not possible when using archives of visually confirmed records (e.g., trawls, visual 

surveys, etc.). Already, environmental DNA with species-specific primers is used for this purpose to 

track the critically endangered sawfish (Pristis pectinata) within its historical range in the United States 

(Lehman et al. 2021).  In addition, an eDNA metabarcoding effort to detect shark species historically 

present in New Caledonia, found more sharks that were thought to be locally extinct than the historical 

BRUVs and underwater visual census surveys (UVCs) (Boussarie et al. 2018).  

Another unique feature of eDNA for monitoring purposes is the ability to archive the samples 

themselves. For conventional surveys only the records can be archived, but extracts and even filters 

from eDNA sampling could be stored for re-use with new and improved methods, similar to how it is 

done in the medical field (Jarman et al. 2018). However, to my knowledge, no empirical evidence exists 

on eDNA samples retaining their quality through long-term storage. Evidence from barcoding museum 

samples shows, on the one hand, high rates of DNA fragmentation in desiccated specimens, which 

complicates their amplification (Burrell et al. 2015), while others successfully extracted and amplified 

barcodes from specimen preservation mediums like ethanol (Shokralla et al. 2010). That said, some of 

the samples used in this thesis were stored in -20 ˚C for over one year prior to extractions, with no 

negative trends observed between storage time and extracted DNA quantity or quality. A thorough 

investigation of eDNA degradation rates in storage is badly needed to best design the biobanking 
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methods for eDNA samples, including whether they should be extracted prior to storage (Jarman et al. 

2018).  

Researchers are spoilt for choice when it comes to data repositories for their metabarcoding generated 

datasets (e.g., ENA, NBCI SRA, Dryad, etc.), yet little has been done to date in trying to bridge the gap 

between freely available molecular data and the actual detections made from it (Berry et al. 2021). 

This development would be of particular interest for policy makers and ecologists not well versed in 

the use of molecular data, as going from raw sequencing outputs to taxonomic assignments is a field 

of science in and of itself. Therefore, as described in Barry et al. (2021), the responsibility of connecting 

the molecular data and the detections made from it sits with the molecular ecologists, and this is now 

possible in for example the Global Biodiversity Information Facility (GBIF), where the occurrences can 

be recorded and referenced back to the original sequence data deposited in an archive like ENA.  

In terms of the re-usability of molecular datasets, it is commonplace for sequence archives to require 

the data to be processed to remove all technical sequences (i.e., primers, adapters, etc.). Although this 

makes sense, as technical sequences are not informative for biodiversity analyses and can interfere 

with clustering and denoising algorithms (Mahé et al. 2015, Callahan et al. 2016), it can reduce the 

options for re-analyses in future studies. For instance, if a meta-analysis wanted to estimate levels of 

tag jumping across multiple studies, it is not possible when all technical reads have been removed from 

archived datasets. Technical reads are also removed when submitting new barcode records, which can 

complicate the development of tools like GAPeDNA, aimed at providing quick and easy access to 

database coverage levels through in silico PCR of online barcode reference sequences (Marques et al. 

2021). A potential solution for future submissions could be to flag priming and technical regions in 

submitted sequences and allow the choice to omit these sections of sequences when downloading for 

your own use. This could then enable a researcher to, for example, download all metabarcoding 

records for a specific geographical region using the primers of their choice from archives like ENA, 

massively increasing the amount of comparable data for e.g., spatio-temporal studies. In addition, 

processing of raw reads is not fool-proof, and for instance incorrectly demultiplexed sequencing data 

can lead to erroneous data being submitted to an archive, and in the worst case, being re-used as is.  

To summarise, the first step towards improving metazoan metabarcoding from eDNA samples requires 

successful isolation of target templates from those of the more numerous nontargets, e.g., bacteria 

(Stat et al. 2017, Wilcox et al. 2018, Zafeiropoulos et al. 2021b). Secondly, more efforts are required to 

standardise data and sample archiving practices to enable easier access and re-use by future studies. 

Finally, the communication between molecular scientists generating the data and those who could 
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benefit most from it – ecologists, policy makers, NGOs, etc. – needs to be improved: there is no benefit 

to generating a lot of data, if no one knows how to use it. 

 

6.3. CONCLUSIONS 

Metabarcoding methods have come a long way since they were first used in the marine realm to detect 

a coastal vertebrate community (Thomsen et al. 2012a). While COI metabarcoding is still lacking in 

taxonomic resolution due to the non-specificity of primers and paucity of reference sequences, this 

thesis demonstrated how taxonomy-free data or higher taxonomic assignments of molecular units can 

still be a useful asset for ecological research. Indeed, perhaps it is time that eDNA metabarcoding stops 

being actively compared to traditional monitoring methods, as the scope of molecular versus visual 

surveys is so fundamentally different. For biodiversity monitoring of highly diverse habitats, like coral 

reefs, metabarcoding offers immense potential. Additionally, for hard to reach and little explored 

areas, biobanking eDNA samples offers a way to archive distribution records of taxa that are not yet 

described. From detecting temporal change to highlighting how little we know of the living organisms 

on reefs, molecular methods are sure to continue their revolution of the field of marine ecology.   
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APPENDIX - SECTION 1: PROTOCOLS 
 

FIELD STERILISATION PROCEDURES 

Sampling bottles 

Use gloves when handling sampling bottles 

1. Wash in 10% bleach bath in the sink, leave for minimum 20 minutes and rinse with tap water 

2. Set to dry upside down on clean paper towel 

 After sterilisation ensure bottles are ONLY HANDLED WITH GLOVES ON! 

Filter funnels 

Use gloves when handling filter funnels  

1. Place unassembled funnels in a 10% bleach “bath” for minimum 20 minutes, followed by a rub 
using dish gloves and rinse thoroughly with tap water (A) 

2. Set to dry for minimum 30 min on clean paper towel and cover with paper towel (B) 

 

 

Filter mounting  

Use clean NITRILE gloves when handling filter funnels. If at any point you touch something that might 
contaminate the funnels (e.g. the chair, your face etc.) spray your gloves with ethanol and give them a 
good rub. 

1. Spray and wipe tray (or table top) with ethanol and paper towel 

2. Set a new piece of aluminium foil on tray, shiny side up. 
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3. Clean each piece of the funnel with ethanol and paper towel. Starting with the lid, then the 
funnel which you place upside down on the lid, then the blue bottom. WEAR GLOVES AT ALL 
TIMES.  

4. Clean 5 full filter funnels, and place them on the aluminium foil (C) 

5. To sterilise the forceps, dip them half-way into ethanol (in tube), and use the lighter to light the 
ethanol above the aluminium foil (in case of dripping). DO NOT KEEP THE LIGHTER ON OTHER 
THAN TO LIGHT THE ETHANOL. (C) 

 

6. Place a paper filter (D) into the blue piece of the funnel. NOTE: paper filters are very thin, make 
sure to get only one! 

7. Place a glass fibre filter (E) on top of the paper filter (F). NOTE: only touch the filters with the 
forceps, never with your gloves. Handle filters on top of the aluminium, so that if you drop it you wont 
have to chuck it! (if one falls on your lap, take a new one) 

 

8. Click the funnel on top of the blue base, and cover with top   place into unused zip lock bag until 
filtering process (you can use one bag for 5-6 filter funnels) (G & H) 

9. After each “set” of 5-6 funnels, repeat from 1. 

 You can sterilise your gloves by rubbing them with ethanol while keeping them on, 
instead of changing gloves between “sets”.  

Once the filters are in and the funnels are in the bags, an extra measure of sterilisation is to leave the 
filters in their bags under the sun! It is natural UV exposure. Ensure the bags won’t be picked up and 
handled/opened by anyone.  
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SAMPLING PROCEDURES 

REEF sampling 

- sampling bottles, sterilised, labelled for each site  
- Cooler box with ice packs or ice 
- 1 sampling bottle, sterilised, filled with tap water (this is the Cooler blank, see below) 
- Submersible water sampler (if not used, please collect surface samples “upstream” of boat) 
- Spray bottle with 10% bleach (e.g. 100 ml bleach + 900 ml water) 
- nitrile gloves (double if working with a pair) 

 
When at sampling site: 
 

1. Put on clean gloves and spray the water sampler with bleach in and out. Take out sampling 
bottle labelled for site you are at. Anyone handling sampling gear (bottles etc.) during 
sampling should be wearing nitrile gloves.  

2. Water collection with sampler: 
a. Dunk the water sampler in the water a few times to rinse it with local water, then let 

it sink to 1m ABOVE reef surface (based on diving depth records) and then close the 
sampler  

b. Pull the sampler back and dispense the water into the sampling bottle, ensuring the 
bottle is filled fully, before closing and placing it in cooler. 

c. Spray water sampler with bleach, then change your gloves and move on to the next 
mooring line.  

3. Water collection from surface:  
a. Rinse sampling bottle a few times with local water and collect a surface water 

sample as far off the side of the boat as possible, avoiding the wake of the boat.  

COOLER BLANK 
This bottle should be opened, kept open for approx. 10s and then closed at any of the mooring lines. DO 
NOT POUR OUT THE WATER. This negative control accounts for any kind of contamination that may occur 
from just opening a sampling bottle at the site. 
 
MANGROVE sampling 
Sampling sites: Small lagoon, Lagoon Mouth, SE Lagoon (South-East corner or lagoon). 

Protocols are the same as above, except you will collect only surface water from the lagoon.  
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FILTERING 

Equipment: 

 Filter funnels with filters mounted 

 Peristaltic pump with tubing to suction water through filter and a drill to power it 

 Nitrile gloves, non-powdered 

 Tray 

 Aluminium 

 Ethanol (in spray bottle and a 50 mL tube) 

 Paper towel 

 Sample tubes with silica  

 Sharpie for labelling 

 Clean, unused Ziplock bag for sample storage 

 Forceps 

 Lighter 

 

1. Put on new gloves (if your hands are sweaty, dry them under the A/C) 

2. With ethanol, spray the table, tray and tube (where you place the funnel) 

3. Push a filter funnel out of the ziplock bag and place on filter tube. NOTE: Do not reach inside the 
ziplock bag for the funnel, you may contaminate all of the funnels otherwise. Also, using this 
technique of pushing the funnel out, you can reuse the bags for funnel storage. 

4. Take your sample from the cooler and pour 250ml into the funnel. Using a drill and the peristaltic 
pump begin to filter the sample. Repeat until 1L has gone through the filter. NOTE: If filter clogs 
(i.e. no more water will pass through), you can use a second funnel for the same sample. Also 
ensure the pump is operating to suck, and if by mistake the pump operates in the wrong direction 
for a little moment, make a note of it. (I can still use the filter, I just need to be aware of any 
mistakes) 

5. Keep pumping for 1 minute to dry the filter and finish off with a a few seconds of higher speed 
pumping. Leave the funnel on the tube for now. 

6. Spray and rub your gloves with ethanol and place a new piece of aluminium on the tray.  

7. Sterilise the forceps by dipping them half-way in ethanol and use the lighter to light up the 
ethanol. Set on aluminium foil NOTE: do not keep the lighter on, just use it to light the ethanol.  

8. Take a sample tube with silica beads and set on aluminium 

9. Cut a 1cm wide piece of parafilm and set on aluminium 

10. Take funnel off the tube, and holding the funnel above the tray with aluminium foil, pop off the 
funnel from the blue bottom.  
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11. Using forceps, remove the top filter (glass microfibre) and place “dirty” side up on aluminium foil. 
Take care not to touch the filter by hand at all. 

12. Fold the filter in half 4 times, using only the forceps.  

13. Squeeze the folded filter with the forceps to remove any excess water and place the filter in the 
sample tube 

14. Label the tube, wrap parafilm around the top of the tube, place the sample tube in the sample 
storage bag and keep frozen until transportation.  

15. Discard the aluminium foil and spray the table, the funnel holder and the tray with ethanol and 
wipe clean with a clean piece of paper towel 

 Repeat from 1. for next sample.  

A note for filtering mangrove samples: If a filter clogs due to dirty water (happens a lot!), continue 
filtering the same sample through a new filter, until a full bottle (1L) has been filtered. For this, new 
gloves or a change of aluminium on the table are not necessary. (See filtering protocol in other 
document) 

 

When collecting samples, ensure you have a bottle filled with just tapwater (or an unopened bottled 
water) in the cooler. This is a “cooler blank”, which needs to be opened on site, kept open for a half a 
minute, and then closed again (Do not pour the water out!). This also needs to be filtered as a separate 
“sample”. 

When filtering, use one clean sterilised bottle to prepare a “filter blank”; fill the bottle with tapwater 
(or use an unopened bottled water), and filter as you would any normal sample.  
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APPENDIX - SECTION 2: Chapter II supplementary information 
 

PRIMERS AND TAGS 

Forward primer: mlCOIintF: 5’- GGWACWGGWTGAACWGTWTAYCCYCC-3’ 
Reverse primer:  jgHCO2198: 5’-TAIACYTCIGGRTGICCRAARAAYCA-3’ 
 
Table S2.1: Tag sequences and their associated identifier number. Note that tag sequences and identifiers 
used for forward and reverse primers were the same, and the tags were appended to the 5’ end of each 
primer.  

Tag (5’-3’) ID_nr 

AGACGC 1 

AGTGTA 2 

ACTAGC 3 

ACAGTC 4 

ATCGAC 5 

ATGTCG 6 

CTCTAG 7 

CATCAC 8 

TACGAG 9 

ACTCTG 10 

ACATGT 11 

GCGTAC 12 

 
  
BIOINFORMATICS DETAILS 
 
CUTADAPT commands used: 
$ cutadapt \ 
-e 0.08 --no-indels -g file:fwd.fasta -G file:rev.fasta \ 
-o [LIBRARY_TO_DEMUX]/1_demux/{name1}-{name2}_1.fastq \ 
-p [LIBRARY_TO_DEMUX]/1_demux/{name1}-{name2}_2.fastq \ 
L1_F.fastq L1_R.fastq --minimum-length 100 > LIB1/fwd_orient.cutadapt.stat 
 
$ cutadapt \ 
-e 0.08 --no-indels -G file:fwd.fasta -g file:rev.fasta \ 
-o [LIBRARY_TO_DEMUX]/2_demux/{name1}-{name2}_1.fastq \ 
-p [LIBRARY_TO_DEMUX]/2_demux/{name1}-{name2}_2.fastq \ 
L1_F.fastq L1_R.fastq --minimum-length 100 > LIB1/rev_orient.cutadapt.stat 
 
Fasta files contain, in fasta format, the tag plus primer sequences used for demultiplexing, anchored to 
the 5’ end.  
e.g., 
>f1 
^AGACGCGGWACWGGWTGAACWGTWTAYCCYCC 
 
(the underscored part is the 6bp tag that is different for each sample) 
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PERMANOVA ANALYSES WITHIN SITES 
 
Statistically significant p-values are shown in bold font.  
 
TELA: Subsite nested within Habitat 
Call: 
adonis(formula = TELA_dist ~ Habitat/Subsite, data = TELA_sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 
 

  Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 2 7.3324 3.6662 28.6256 0.55106 0.001 
Habitat:Subsite 4 1.619 0.4048 3.1604 0.12168 0.002 
Residuals 34 4.3545 0.1281  0.32726  
Total 40 13.306     1   

 
 
Permutation test for homogeneity of multivariate dispersions  
Permutation: free 
Number of permutations: 999 
Response: Distances 
 

Habitat Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 2 0.05908 0.029542 1.052 999 0.357 
Residuals 38 1.0671 0.028081       

       
Subsite Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 6 0.24099 0.040165 2.0749 999 0.077 
Residuals 34 0.65814 0.019357       

 
 
UTILA: Subsite nested within Habitat 
Call: 
adonis(formula = UTILA_dist ~ Habitat/Subsite, data = UTILA_sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 
 

  Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 2 4.3576 2.17878 10.201 0.2937 0.001 
Habitat:Subsite 4 3.2175 0.80436 3.766 0.21685 0.001 
Residuals 34 7.2619 0.21359  0.48945  
Total 40 14.8369     1   
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Permutation test for homogeneity of multivariate dispersions  
Permutation: free 
Number of permutations: 999 
Response: Distances 
 

Habitat Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 2 0.08751 0.043757 2.4906 999 0.109 
Residuals 38 0.6676 0.017568       

       
Subsite Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 6 0.24944 0.041573 3.0087 999 0.01 
Residuals 34 0.46979 0.013817       

 
 
WATAMU: Subsite nested within Habitat 
Call: 
adonis(formula = WATAMU_dist ~ Habitat/Subsite, data = WATAMU_sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 
 

  Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 1 2.3184 2.31835 13.3987 0.22336 0.001 
Habitat:Subsite 4 3.2161 0.80403 4.6468 0.30986 0.001 
Residuals 28 4.8448 0.17303  0.46678  
Total 33 10.3792     1   

 
Permutation test for homogeneity of multivariate dispersions  
Permutation: free 
Number of permutations: 999 
Response: Distances 
 

Habitat Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 1 0.18036 0.180356 13.493 999 0.002 
Residuals 32 0.42773 0.013366       

       
Subsite Df Sum Sq Mean Sq F N.Perm Pr(>F) 
Groups 5 0.23855 0.04771 9.2839 999 0.001 
Residuals 28 0.14389 0.005139       
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Figure S2.1: General linear models fitted for sample read depth versus mOTU richness. Each point represents an individual 
sample, and the Spearman coefficient R2 and its associated p-value are given for each dataset (Tela = blue, Utila = orange, 
and Watamu = green) in each plot. 

 
Figure S2.2: Community structures using metazoan ASVs assigned to family level and fourth-root transformed abundance 
data. MDS plots show eDNA samples from Honduran (a) and Kenyan (b) subsites, with sample origin signified by color (light 
blue = Tela, dark blue = Utila, red = Watamu) and habitat types signified by shapes (circle = mangrove, triangle = reef). Plots 
C-D show the same at the site level, with subsite level resolution (subsites defined by colors, habitats defined by shape). 
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APPENDIX - SECTION 3: Chapter III supplementary information 
 
 

 
Figure S3.1: Abundance of reads for each kingdom (except Metazoa) in the rarefied dataset. Each plot is separated to the two studied habitats of REEF and MANG (mangrove), and Kruskal-
Wallis test p-values for overall variation within the respective group is shown in each plot.  
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Figure S3.2: Richness of ASVs for each kingdom (except Metazoa) at each collection time and each habitat sampled. Overall variability was tested with the non-parametric Kruskal-Wallis test (p-
values shown), while a Wilcoxon pairwise test was performed for each group against the group mean, and the resulting significance is shown above each tested group (ns = nonsignificant, * = 
p< 0.05, ** = p < 0.01).
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PERMANOVA RESULTS 
 
Full dataset: 
Call: 
adonis(formula = dist ~ Habitat * (Season/Collected), data = sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 

 Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 1 4.2869 4.2869 17.5931 0.22064 0.001 
Season 1 1.0224 1.0224 4.1959 0.05262 0.001 
Season:Collected 2 1.6716 0.8358 3.43 0.08603 0.002 
Habitat:Season 1 1.0583 1.0583 4.3429 0.05447 0.001 
Habitat:Season:Collected 2 1.6434 0.8217 3.3721 0.08458 0.001 
Residuals 40 9.7469 0.2437  0.50166  
Total 47 19.4294     1   

 
 
Metazoan dataset: 
Call: 
adonis(formula = MET_dist ~ Habitat * (Season/Collected), data = MET_sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 

 Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 1 2.91 2.90998 9.636 0.18323 0.001 
Season 1 0.8857 0.88569 2.9329 0.05577 0.002 
Season:Collected 2 1.046 0.52299 1.7318 0.06586 0.015 
Habitat:Season 1 0.916 0.91602 3.0333 0.05768 0.001 
Habitat:Season:Collected 1 0.4606 0.46061 1.5253 0.029 0.075 
Residuals 32 9.6637 0.30199  0.60847  
Total 38 15.882     1   

 
 
Unassigned mOTUs only: 
Call: 
adonis(formula = UA_dist ~ Habitat * (Season/Collected), data = UA_sd)  
Permutation: free 
Number of permutations: 999 
Terms added sequentially (first to last) 

 Df SumsOfSqs MeanSqs F.Model R2 Pr(>F) 
Habitat 1 4.6989 4.6989 20.7329 0.24748 0.001 
Season 1 1.0169 1.0169 4.4869 0.05356 0.001 
Season:Collected 2 1.6027 0.8013 3.5357 0.08441 0.001 
Habitat:Season 1 1.0571 1.0571 4.6644 0.05568 0.001 
Habitat:Season:Collected 2 1.546 0.773 3.4106 0.08142 0.001 
Residuals 40 9.0657 0.2266  0.47746  
Total 47 18.9873     1   
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Figure S3.3: Betadiversity partitioning for Metazoan dataset. Because the W’20 collection time from the MANG habitat was 
only represented by 1 sample containing metazoan mOTUs, MANG W’20 was left out of analyses.  
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Figure S3.4: Betadiversity partitioning for Unassigned dataset.
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APPENDIX - SECTION 4: Chapter IV Supplementary information 
 

Table S4.1: Number of sequences per phylum in the eukaryotes domain dataset and the corresponding number of the 
longest sequences used in the 500 sequences subset (reference set) used as a backbone for the complete alignment 

 

Phylum # of occurrences # of seqs in core aln

Acanthocephala 134 4

Annelida 2.87 16

Apicomplexa 356 4

Arthropoda 124.082 147

Ascomycota 587 4

Bacillariophyta 185 4

Basidiomycota 282 4

Blastocladiomycota 3 1

Brachiopoda 36 2

Bryozoa 215 4

Cercozoa 3 1

Chaetognatha 36 2

Chlorophyta 145 4

Chordata 29.157 97

Chytridiomycota 7 1

Ciliophora 218 4

Cnidaria 1.774 16

Cryptomycota 1 1

Ctenophora 19 2

Cycliophora 2 1

Dicyemida 12 2

Discosea 64 2

Echinodermata 1.541 16

Endomyxa 2 1

Entoprocta 17 2

Euglenozoa 60 2

Evosea 11 2

Gastrotricha 62 2

Gnathostomulida 9 1

Haptista 18 2

Hemichordata 9 1

Heterolobosea 23 2

Imbricatea 8 1

Kinorhyncha 32 2

Mollusca 11.98 48

Mucoromycota 71 2

Nematoda 1.413 16

Nematomorpha 22 2

Nemertea 250 4

Onychophora 85 2

Perkinsozoa 2 1

Phoronida 12 2

Placozoa 2 1

Platyhelminthes 1.535 16

Porifera 813 4

Priapulida 4 1

Rhodophyta 1.741 16

Rotifera 228 4

Streptophyta 1.595 16

Tardigrada 136 4

Tubulinea 1 1

Xenacoelomorpha 81 2

Zoopagomycota 3 1



 

117 
 

Google Collab Notebook address: 
https://colab.research.google.com/drive/1XorHsBm1uqx5TTZsH7SeVRkUA2SS8dnY?usp=sharing 

 

Figure S4.1: Phylogenetic tree of the consensus sequences retrieved showing the distribution of the eukaryotic phyla. 
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Figure S4.1: Placements of the consensus sequences used to build the COI reference phylogenetic tree for the DARN tool, 
onto the phylogenetic tree (stroke width for the branches of the tree is 5). The color coding represents the placements per 
branch, with a range from zero (blue) to a maximum of 2 (blue). The 1 leaf – 1 placement relationship, as well as the 
maximum of 2 placements in the color coding bar, indicate the proper placement of each consensus sequence to its 
corresponding branch. 
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Table S4.2: Number of sequences in each DARN experiment before and after the sequence orientation step. 

 

  

Sample name Sample status # of ASVs built
# of sequences after orientation 

(complete db)
# of sequences after 

orientation (short db)
dada2 13,376 13,054 12,570

pema

39,454 36,478 35,942

JAMP 
dada2 
PEAR 

vsearch 
DnoisE

1,304 1,278 1,272

pema
11,545 10,459 11,044

dada2 663 624 621
pema 5,879 5,056 5,443

pre_clustered 16,106 15,981 16,073
d = 2 193 193 193

d = 10 109 106 109
pre_clustered 7,634 7,593 7,605

d = 2 74 74 74
d = 10 64 64 64

pre_clustered 16,118 16,070 16,080
d = 2 186 184 183

d = 10 107 107 106
ERS6488992 d = 10 416 191 329
ERS6488993 d = 10 335 260 294
ERS6488994 d = 10 823 387 632
ERS6488995 d = 10 1,940 1,706 1,802

ERR3460470

ERS6449795-
ERS6449829

ERS6463899 - ERS6463901

ERS6463906 - ERS6463911

 ERS6463913 - ERS6463918

ERS6463920 - ERS6463922 

ERS6463744 - 
ERS6463761

ERR3460466

ERR3460467
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APPENDIX – SECTION 5: Chapter V supplementary information 
 

SAMPLE IDENTIFIER TAGS 

Table S5.1: Tags used in 5’ end of forward and reverse primers. The tags were the same for forward and 
reverse primers, with the same numbering order (i.e., f1 = 5’-TAG1-FWD_primer-3’; r1 = 5’-TAG1-
REV_primer-3’).  

TAG TAG_NR 

AGACGC 1 

AGTGTA 2 

ACTAGC 3 

ACAGTC 4 

ATCGAC 5 

ATGTCG 6 

CTCTAG 7 

CATCAC 8 

TACGAG 9 

ACTCTG 10 
 

 
Figure S5.2: Relative abundance of kingdoms detected in the 16S library.  
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Figure S5.3: Relative abundance of phyla detected in the 16S library. 

 

APPENDIX – SECTION 6: Data availability 
CHAPTERS II-IV 
Supplementary tables and files that were too large to append are provided as a restricted access repository 
on Zenodo. If you require access, please request it through: 

https://zenodo.org/record/5825652 

Sequencing data generated from the metabarcoding effort from Honduras and Kenya during the making of 
this thesis can be found under ENA project accession PRJEB49866.  

CHAPTER IV 
ENA accession numbers for all the samples used in this project are provided in Table S4.2. This list includes 
data generated from the metabarcoding effort undertaken for this thesis, as well as data from other studies.  

CHAPTER V 
Supplementary files that were too large to append are provided as Supplementary Material on the preprint 
submission to biorXiv and can be found under DOI: 
https://doi.org/10.1101/2021.11.28.470224 

Sequencing data generated from the metabarcoding effort for this chapter can be found under ENA project 
accession PRJEB49001.  


