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ABSTRACT 

Microorganisms and their natural products provide valuable commodities for industry and 

research applications. Microbial bioprospecting (MBP) describes the process of searching 

microbial communities for taxa with metabolic capabilities and/or products of interest. The 

natural environment provides a plethora of ecosystems, each with varying physicochemical 

and ecological properties, containing unique and potentially novel microbial sources to exploit 

through MBP efforts. With the advent of next-generation sequencing, high-throughput data can 

be obtained from these environments, allowing for large-scale surveys of the microbial life 

present within. 

 Metagenomics provides a culture independent approach for investigating the 

microbiome and allows us to tap into the hitherto uncultured majority of microorganisms that 

exist. Bioinformatic tools and techniques have advanced to a stage where we can now utilize 

genome-resolved metagenomics to gain further insights into the complete workings of 

individual microorganisms. Microbial ecology combined with the metagenomic approach 

presents an avenue for preliminary in-situ investigations on how microorganisms respond to 

various ecological properties found within different types of environments. By understanding 

the ecological drivers that influence microbial activity, we can better target MBP efforts to 

select for metabolically suitable candidate taxa of interest. 

 This thesis sought to use and examine in-silico MBP techniques that explore 

environmental (meta)genomic data. The studies investigated gaps in knowledge within 

understudied or overlooked microorganisms and/or microbiomes to discern taxonomic and 

ecological patterns that can be used to discover candidate taxa for industry applications. The 

applications explored in this thesis are targeted towards the ‘green industry’, particularly post-

mining ecosystem restoration and sustainable solutions. The genomic blueprints of candidates 
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suitable for the aforementioned applications will be made publicly available for further study. 

The studies also evaluated methodology used for in-silico MBP and how ecological 

considerations can be made to improve upon current practices, such as using environmental 

metadata to find patterns for targeting microbial candidates of interest. 

 The research within the thesis begins by exploring stored topsoil from a Western 

Australian mining operation for indigenous archaeal nitrifiers. Using high-throughput 

sequencing in conjunction with ammonia enrichment, the taxonomic profile of the metagenome 

was used to determine which ammonia-oxidizing archaea (AOA) groups showed the greatest 

amount of propagation, with genome-resolved metagenomics used to recover population 

genomes from that AOA subset. Next, research into in-situ amendment was used to investigate 

a pre-sequencing methodology approach for improving sequence quality and metagenomic 

assembly statistics from environmental microorganisms. The MicrobeTRAP, an in-situ 

microbial capture system using selective nutrient enrichment was tested and showed improved 

data curation for downstream in-silico data analyses. The thesis then investigated the use of 

publicly available data repositories to mine environmental genomes for candidates that could 

produce polyhydroxyalkanoate (PHA), a biopolymer that is a sustainable alternative to 

petroleum-based plastics. This was a proof-of-concept study that aimed to use the associated 

taxonomic and ecological metadata to produce a list of PHA producing candidate genomes. 

Through this collated list, we were able recognise microbial candidates from overlooked taxa, 

and those from ecosystems containing unique physiochemical conditions with the potential to 

diversify current PHA production methods. 

 From the overall findings, we recognized that in-silico MBP methods in tandem with 

analysis of the ecological interactions between microorganisms and environmental conditions 

were critical for discovering suitable candidate taxa. Furthermore, we observed that rapid 
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advances in sequencing technology and resultant explosion of sequence data available is 

exponentially outpacing the computational power available needed to perform in-depth 

analyses of said data. As such, we determined that more focus towards procedures prior to 

sequencing, such as consideration of the in-situ experimentation phase when developing in-

silico MBP methodology is needed to both improve the curation of (meta)genomic data and to 

reduce the required resource burden. In addition, better metadata reporting practices need to be 

more widely implemented, along with improvements to the availability and actionability of 

associated metadata, as the contextual information they provide is crucial for managing the 

increasing volumes of publicly available sequence datasets. The thesis concludes by 

highlighting practices that may improve the accessibility and manageability of data, which is 

critical for future studies that produce or utilize large-scale (meta)genomic data and addresses 

the upcoming bottlenecks that test the limits of our currently available technological and 

computing capabilities.  
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AIMS OF THE THESIS 

The overarching goal of this thesis is to use and evaluate methodology of in-silico approaches 

for microbial bioprospecting using large-scale sequence data. The specific aims explored in 

this thesis and how the thesis chapters approach these aims are summarized below: 

THESIS AIMS 

Aim 1 – Explore the concept of in-silico microbial bioprospecting and examine methodology 

behind the (meta)genomic approaches used to facilitate this process.  

Aim 2 – Investigate microbial communities for taxa of interest through metagenomic 

approaches in microbial ecology utilizing high-throughput sequencing of target environments. 

Aim 3 – Evaluate the use of in-situ pre-sequencing amendment in the form of substrate capture 

and nutrient based enrichment within an environmental setting, and its effects on genomic data 

recovery and resource utilization. 

Aim 4 – Investigate the importance of contextual data in large-scale analyses by utilizing 

ecological metadata in combination with publicly available sequence data from online 

repositories for genome mining. 

CHAPTER SUMMARIES 

Chapter 1 – General Introduction and Literature Review 

The first chapter addressed Aim 1 through a literature review which provided context on the 

importance of microorganisms and their natural products for use in industry and research. This 

chapter introduced the concept of using genomic information obtained from the environment 

to survey microorganisms and their metabolic potential. Various publicly available resources 
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such as online repositories, reference databases, (meta)genomic tools and pipelines are 

highlighted. Methodology is explored, with discussions on the benefits of bioprospecting 

environmental samples from microbiomes with unique or amended physicochemical properties 

to select for natural products with properties of interest. Persistent and predicted challenges 

within metagenomics were discussed along with future considerations towards the goal of 

improving upon the current techniques utilized within this field.  

Chapter 2 – Bioprospecting a Soil Ecosystem for Indigenous Microorganisms 

The second chapter investigated indigenous nitrifying archaea from Western Australian soil 

for their potential in the restoration of disturbed soils. The chapter focused on Aim 2 by using 

high-throughput sequencing on stored topsoil samples from a Western Australian mining site 

for use in genome-resolved metagenomics. The study in chapter 2 also touched on Aim 3 by 

using ammonia enrichment to gain insight on how indigenous nitrifiers respond to ammonia 

input and improving the genomic recovery on the subset that are propagated. The experimental 

process aimed to promote the growth of ammonia-oxidizing archaea, as well as the recovery 

of metagenome-assembled genomes (MAGs) from this candidate taxa. Successful recovery of 

MAGs from these indigenous nitrifying archaea can be used as metabolic blueprints towards 

developing isolation strategies for the archaeal candidates. 

Chapter 3 – Bioprospecting Utilizing Selective Enrichment 

The third chapter evaluated the MicrobeTRAP, an in-situ microbial capture system that uses 

nutrient release pills coupled with capture substrates that attracts microorganisms from the 

surrounding soil environment. The work on this chapter centred on Aim 3, using selective 

nutrient enrichment to produce a simplified community subset from the greater environment 

with the purpose of improving sequence quality and metagenomic assembly statistics. Aim 2 
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was also explored as sequencing and metagenomic techniques were applied to the experimental 

samples to gauge the effectiveness of the MicrobeTRAP. The study investigated different 

nutrient formulations on whether they improved sequence data curation, metagenomic 

assembly, or the recovery of MAGs from taxa that are underrepresented within known 

cultivated microorganisms. This research sought to assess the effectiveness of the 

MicrobeTRAP as a viable in-situ pre-sequencing amendment approach for reducing resource 

burdens in large-scale environmental sequencing projects. 

Chapter 4 – Bioprospecting by Mining Publicly Available Genomic Data 

The fourth chapter of the thesis investigated a large-scale collection of bacterial and archaeal 

genomes from an online repository for polyhydroxyalkanoate (PHA) biopolymer producing 

genotypes. The research in this chapter delivered on Aim 4 by utilizing the Integrated Microbial 

Genomes (IMG) data warehouse’s extensive metadata reporting system to link ecological data 

to genomes sequenced by the Joint Genome Institute (JGI). Sequence searches for PHA 

synthase (PhaC) was conducted on the genome collection to find biopolymer producing 

genotypes and to group genomes into the different PhaC classes. Metadata for candidate 

genomes sourced from environmental samples was used to distinguish ecological and 

taxonomic patterns for different PhaC classes to find overlooked or understudied PHA 

producing taxa, as well as to discern ecosystems that more likely harbours positive genotypes. 

The goal was to produce a collated list of genomes that researchers could sort by ecosystem, 

taxonomy or PhaC class, along with their predicted protein sequence to act as a collection of 

explicit candidates for use in further research. 
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Chapter 5 – Editorial: PLOS Ten Simple Rules 

The fifth chapter is a guide to the metagenomic approach in microbial ecology with the 

intention to promote interest in the respective fields. The purpose of the chapter is to share the 

skills developed through investigating all the aims during the journey experienced in the 

writing of the thesis. This editorial was envisioned as a science communication piece presented 

as a PLOS “Ten Simple Rules” article - a casual conversation format that presents ten core 

tenets that provides advice towards a particular subject. This chapter introduced the concept of 

‘big data’, recommended resources and skillsets, and contemplated future directions with the 

goal of improving the accessibility of the field of metagenomics to potential students, 

researchers, and innovators. 

Chapter 6 – General Discussion  

The final chapter provided a summary of the findings obtained within the studies presented in 

the thesis. Through investigating all the aims outlined in the thesis, the chapter discussed what 

gaps in knowledge have been filled, what discoveries were made, and what are the next logical 

steps for the studies conducted. The limitations faced in the studies are also discussed, but more 

importantly what the future outlooks and directions are for this field of study. The primary 

conclusion presented in the thesis is that although in-silico microbial bioprospecting is a 

powerful tool for discovery, there is a growing need to focus on exploring methodology and 

practices that improves the accessibility of large-scale data for analysis. This is both to address 

the impending computational bottleneck due to advances in sequencing technology (data 

produced) far outpacing Moore’s Law (computing power), and to encourage better metadata 

reporting, accessibility and actionability, which provides vital contextual information for 

filtering the exponentially growing volumes of sequence data produced.
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CHAPTER 1 

General Introduction and Literature Review 
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1.1 Chapter Overview and Scope of the Thesis 

Bioprospecting is the process employed to explore biological sources for natural products to 

exploit for use in industry and research. Microbial bioprospecting (MBP) in particular, seeks 

to discover microorganisms of interest and their metabolic capabilities and/or products. 

Microorganisms and their bioproducts see widespread use across many fields: therapeutics, 

food production, as well as in sustainable industries and environmental bioremediation. As 

such, MBP provides a vital avenue for discovering microbial-based solutions to challenges 

across various economic pursuits and industry applications. 

 Metagenomics, along with the rapid advancement of next generation sequencing 

platforms, have been key to the development towards large-scale MBP of natural environments. 

The culture independent approach offered by metagenomics expands the potential of novel 

discovery by tapping into the hitherto uncultured majority of microorganisms. Understanding 

microbial ecology through (meta)genomic analyses are key to identifying the ecological 

interactions that drive microbial functions and metabolic processes. By investigating the 

metabolic capacity of microorganisms, researchers can develop better strategies for the 

recovery and isolation of desirable MBP targets from ecosystems of interest. 

 The studies in the thesis focused on the utilization of in-silico MBP methods for large-

scale (meta)genomic datasets – to explore environmental settings for suitable candidate taxa 

for use in target industrial applications, as well as to evaluate the current methodology. To 

provide context for the research performed in the thesis, a comprehensive literature review has 

been presented in the first chapter. Major concepts behind in-silico MBP are described, such 

as the tools and resources required to perform the analyses, the challenges with presently 

available technology, and discussion regarding current methodology along with how 

alternative approaches can improve data acquisition and curation within the field (Aim 1). 
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1.2 Publication 1 – Review Article 

Vuong, P., Wise, M. J., Whiteley, A. S., & Kaur, P. (2022). Small investments with big returns: 

environmental genomic bioprospecting of microbial life. Critical Reviews in Microbiology, 1-

15. https://doi.org/10.1080/1040841X.2021.2011833 

Small investments with big returns: environmental genomic bioprospecting 

of microbial life 

Paton Vuonga, Michael J. Wiseb, Andrew S. Whiteleyc and Parwinder Kaura 

a UWA School of Agriculture & Environment, University of Western Australia, Perth, 

Australia; b School of Physics, Mathematics and Computing, University of Western Australia, 

Perth, Australia; c Centre for Environment & Life Sciences, Commonwealth Scientific and 

Industrial Research Organisation (CSIRO), Floreat, Australia. 

1.3 Abstract 

Microorganisms and their natural products are major drivers of ecological processes and 

industrial applications. Microbial bioprospecting has been critical for the advancement in 

various fields such as pharmaceuticals, sustainable industries, food security and bioremediation. 

Next generation sequencing has been paramount in the exploration of diverse environmental 

microbiomes. It presents a culture-independent approach to investigating hitherto uncultured 

taxa, resulting in the creation of massive sequence databases, which are available in the public 

domain. Genome mining searches available (meta)genomic data for target biosynthetic genes, 

and combined with the large-scale public data, this in-silico bioprospecting method presents an 

efficient and extensive way to uncover microbial bioproducts. Bioinformatic tools have 

progressed to a stage where we can recover genomes from the environment; these metagenome-

assembled genomes present a way to understand the metabolic capacity of microorganisms in 

a physiological and ecological context. Environmental sampling been extensive across various 
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ecological settings, including microbiomes with unique physicochemical properties that could 

influence the discovery of novel functions and metabolic pathways. Although in-silico methods 

cannot completely substitute in vitro studies, the contextual information it provides is 

invaluable for understanding the ecological and taxonomic distribution of microbial genotypes 

and to form effective strategies for future microbial bioprospecting efforts. 

1.4 Introduction 

Bioprospecting, at its core, is the process of exploring and investigating biological sources for 

potential bioproducts for industry and research applications (Beattie et al. 2011). Microbial 

bioprospecting (MBP), in particular, aims to discover and exploit the biochemical processes 

expressed within microorganisms (Strobel and Daisy 2003; Vester et al. 2015; Müller et al. 

2016). One of the greatest reservoirs of discovery are soil ecosystems with more than 1 × 1016 

prokaryotes in just one ton of soil (Curtis and Sloan 2005). There are numerous examples of 

the utilization of microorganisms and their bioproducts in various areas of industry (Figure 1.1) 

(Das and Dash 2014; Cubillos et al. 2019; Dufossé and Fouillaud 2019; Pham et al. 2019; Singh 

2019; Singh et al. 2019; El-Malek et al. 2020; Adegboye et al. 2021). With an estimated 

85 − 99% of the prokaryotes still to be cultured, it is fair to say that a myriad of discoveries is 

still to be made in the field of MBP (Lok 2015).  
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Figure 1.1 

Microbial bioproducts and their industrial applications. A non-exhaustive list of examples 

in which microorganisms and their bioproducts are utilized directly or as part of industrial 

processes. 
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Critically, microbial organisms are consummate engineers, developing biological 

processes which are essential components of functioning ecosystems (Prosser et al. 2007; 

Graham et al., 2016) from catalyzing complex global scale bio(geo)chemical processes to 

neutralizing anthropogenic effects (Oren 2010), all as a result of utilizing diverse resources 

through evolved metabolic processes, and generally within relatively harsh environments 

(Burgin et al. 2011). Therefore, an in-depth understanding regarding microbial functions and 

ecological interactions could be beneficial in developing useful industrial processes utilizing 

the abilities of microorganisms (Rittmann et al. 2006; Kouzuma and Watanabe 2014). 

Advances in next generation sequencing (NGS) and molecular techniques have allowed 

for the discovery and genotypic/phenotypic characterization of environmental microorganisms 

using culture-independent methods (Ferrer et al. 2016). Metagenomics of genetic material 

sourced directly from environmental samples has been the key to discovering novel species 

and functions from uncultured microbes (Madhavan et al. 2017). MBP of metagenomes has 

led to discoveries of novel enzymes and biocatalysts within soil ecosystems (Lee and Lee 2013). 

Ecological studies are key to effective MBP ventures, and the evolution of techniques and 

technologies used in molecular microbial ecology have been critical in this process (Rashid 

and Stingl 2015). 

1.5 Resources for in-silico MBP 

The exploration of environmental microbiomes has advanced due to the initiatives created by 

large-scale sequencing projects. Through the collective efforts of research groups and 

laboratories, extensive sequence datasets from multiple environmental settings have been made 

available for the wider research community. These datasets are invaluable for MBP as they 

contain a large of trove information for in-silico studies for the discovery of novel function and 
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microorganisms. Here, we explore resources produced by the collaborative efforts of 

researchers, available within the public domain. 

Global sequencing projects 

The Earth Microbiome Project (EMP) is a collective effort by hundreds of researchers to 

document the uncultured microbial communities of various environment types across the globe 

(https://earthmicrobiome.org/). The aim of EMP is to catalogue the diversity of bacterial and 

archaeal communities through 16S rRNA amplicon sequencing (Gilbert et al. 2014). The EMP 

collaborative effort uses standardized protocol and analysis workflows to ensure the reporting 

of consistent data from contributing researchers (Thompson et al. 2017). This database, as 

envisioned by the creators of the EMP, is a platform that allows users to query existing 

taxonomic data – and, in the future, paired metagenomic and metabolomic datasets – as a meta-

analysis to form hypothesis to guide further analyses (Gilbert et al. 2018). This is essential as 

it allows for better targeted methods regarding ecological decisions during MBP efforts. 

Another global-scale resource for environmental microbial sequences are the oceanic 

samples from the Tara Oceans expedition (Karsenti et al. 2011). The environmental data 

produced by the Tara Oceans expedition are expansive, consisting of both amplicon sequencing 

and shotgun sequencing datasets for viral, prokaryotic and protist organisms 

(https://www.ebi.ac.uk/metagenomics/super-studies/1). In addition to the raw data, taxonomic 

and functional profiles of the datasets are available for analysis courtesy of the research 

provided by Sunagawa et al. 2015 (http://ocean-microbiome.embl.de/companion.html). Over 

2600 draft metagenome-assembled genomes (MAGs) have been reconstructed by Tully et al. 

(2018) from datasets generated by the Tara Oceans expedition and have been made publicly 

available for further research. Data provided by Tara Oceans have facilitated the research of 

global marine nitrogen bioavailability, highlighting the previously unseen diversity of nitrogen 
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fixing microbial communities (Delmont et al. 2018). The expansive data collected by Tara 

Oceans expedition as well as the resultant analyses provide a promising potential in 

breakthroughs for novel MBP discoveries. 

Sequence database and repositories 

Online archive facilities for genomic and metagenomic sequencing projects with publicly 

available data are a vital resource for in-silico MBP. One of the largest online collections of 

nucleotide sequence data within the public domain arguably belong to the International 

Nucleotide Sequence Database Collaboration (INSDC; http://www.insdc.org/). INSDC is a 

combined effort between the DNA Databank of Japan (http://www.ddbj.nig.ac.jp/) hosted by 

the National Institute of Genetics in Mishima, Japan (Ogasawara et al. 2020); the European 

Nucleotide Archive (http://www.ebi.ac.uk/ena/) provided by the European Molecular Biology 

Laboratory's European Bioinformatics Institute (EMBL-EBI) in Hinxton, UK (Amid et al. 

2020); and GenBank (https://www.ncbi.nlm.nih.gov/genbank/) maintained by the National 

Centre for Biotechnology Information (NCBI) in the National Institutes of Health in Bethesda, 

Maryland, USA (Sayers et al. 2020). The aims of INDSC are to collect and store submitted 

sequence and associated data, all of which are identically saved across the three organizations, 

with a total of nearly 9 petabytes of publicly available data in 2020, a ten times rate of growth 

from the previous four years, with the same rate of data growth predicted within the coming 

years (Arita et al. 2021). The wide selection of genomes and metagenomes across numerous 

studies provide ample opportunities for MBP from samples from different environments and 

experimental settings. 

The Integrated Microbial Genomes & Microbiomes (IMG/M) system 

(https://img.jgi.doe.gov/cgi-bin/m/main.cgi) is another online repository that contains genome 

and metagenome datasets sequenced by the Joint Genome Institute (JGI), datasets from 
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external researchers as well as data imported from GenBank. IMG/M expands upon these 

datasets by assembling the sourced sequences and requiring external users to submit assembled 

sequence data. Through integrated binning and advanced searching facilities, users can search 

across both isolate genomes and metagenome bins for genes or proteins of interest (Chen et al. 

2021). The Genomes OnLine Database (GOLD; https://gold.jgi.doe.gov/) is another initiative 

by JGI that works alongside IMG/M. GOLD is a manually curated database of genome and 

metagenome sequencing projects with a stringent set of metadata reporting protocols which 

fundamentally acts like a filter for sequence submissions to the IMG/M system (Mukherjee et 

al. 2021). The advantage of the metadata requirements is that it provides a more comprehensive 

understanding of taxonomic and ecological relationship between different genome and 

metagenome datasets. The IMG/M system also makes metadata easily accessible by giving 

users the option to download an extensive tabular output with options to include a large 

selection of metadata fields. This ready access to metadata is critical for downstream analyses 

by highlighting potential ecological or phylogenetic distributions when conducting searches 

for bioproducts of interest during MBP efforts. 

Officially founded in 2019, one of the newest organizations to participate in the 

provision of online sequence storage is the National Genomics Data Centre, part of the China 

National Centre for Bioinformation (CNCB-NGDC; https://bigd.big.ac.cn/). One of the 

CNCB-NGDC databases is the Genome Sequence Archive (GSA; https://bigd.big.ac.cn/gsa/), 

a rapidly growing database of raw sequence data with nearly 8000 terabytes of data as of May 

2021. The GSC was created by the CNCB-NGDC to address the bottleneck of bandwidth 

limitations in transferring data over international networks due to exponential growth of 

sequencing data in China and is designed to complement and follow the standards of data 

submission provided by the INSDC (Wang et al. 2017). The GSC and other facilities provided 
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by the CNCB-NGDC are open-access resources for the international research community and 

is a valuable repository of information from the country with the one of the biggest productions 

of research data (Members & Partners CNCB-NGDC 2021). 

1.6 Bioinformatic tools of the MBP trade 

Whether MBP is directed at public data sources or the researcher’s own laboratory samples, 

bioinformatic tools are essential for analyzing, categorizing and visualizing sequence data into 

a meaningful form. The large-scale data usually found in genomic or metagenomic projects 

require extensive processing to answer the critical questions of “who, what, where and how.” 

Conversely, to generate enough data to analyze, the bioinformatic tools require both high 

quality and large quantities of data to perform well. Understanding the in-silico approach is an 

important step for creating targeted MBP efforts that pave the way for potential microbial 

bioproduct recovery or production. 

Amplicon sequencing – surveying potential candidates 

There are multiple bioinformatic pipelines that can analyze amplicon sequencing data (such as 

16S rRNA) and they fall into two categories: Operational Taxonomic Unit (OTU) clustering 

through tools such as QIIME (Caporaso et al., 2010), MOTHUR (Schloss et al. 2009) and 

USEARCH-UPARSE (Edgar 2013); or Amplicon Sequence Variants (ASV) with tools like 

DADA2 (Callahan et al. 2016), QIIME2-Deblur (Amir et al. 2017; Bolyen et al., 2019) and 

USEARCH-UNOISE (Edgar 2016). OTU clustering classifies groups of sequences with a 

shared threshold of identity (typically 97%), whereas ASV distinguishes between each 

individual sequence after error correction and deionizing of reads, categorizing them by single 

nucleotide differences (Glassman and Martiny 2018). Although both methods are acceptable 

in the scientific community, there has been a push towards the use of ASV due to its finer 

resolution, reusability, reproducibility, and comprehensiveness (Callahan et al. 2017). ASVs 
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were used as the approach of choice in determining the microbial community composition in 

the EMP protocols (Thompson et al. 2017). 

Next generation sequencing (NGS) technologies have improved amplicon sequencing 

on a massive scale, providing a cost-efficient way of finding out the “who” of microbial 

communities, a boon for MBP efforts (Gołębiewski and Tretyn 2020). The amplicon 

sequencing of marker-genes only provides taxonomic information, but software such as 

PICRUSt2, using microbial community composition, can be used to predict the functional 

potential of a metagenome by comparing the identified species to reference genomes and gene 

families (Douglas et al. 2020). The combination of microbial community composition and their 

functional potential is vital when selecting ecosystems for MBP, especially when targeting 

specific taxa or microbial bioproducts of interest. This first step is vital for determining whether 

further investment of capital or research effort is warranted, and acts as an initial survey into 

the ecological capacity of the microorganisms present within the target MBP environment. 

Whole genome shotgun – shooting for microbial “gold” 

Whole genome shotgun (WGS) sequencing expands on amplicon sequencing by obtaining 

molecular data on a wider scale, providing random yet broad genetic information of all the 

organisms within a sample community (Chen and Pachter 2005). The biggest distinction 

between amplicon sequencing and WGS is that the latter can also provide information 

regarding the functional capabilities of a microbial community (Huson et al. 2016; Franzosa et 

al. 2018). The ability to assign and quantify protein coding genes is an important step in 

understanding the functional gene diversity and metabolic potential of microorganisms within 

an ecosystem (De Filippo et al. 2012). WGS based metagenomic analyses fundamentally allow 

us to understand “who’s there” but also “what they can potentially do” in microbial 



38 

 

 

communities, without requiring either cultured or known representatives (Bharti and Grimm 

2021). 

Compared to amplicon sequencing data, the large volume of information carried within 

WGS sequence datasets required heavy processing to extract meaningful results. As such, 

numerous metagenomic workflows with a wide range of tools have been reviewed in literature 

(Quince et al. 2017; Breitwieser et al. 2019; Pérez-Cobas et al. 2020; Bharti and Grimm 2021). 

Arguably, the assembly of sequencing data into contiguous sequences, or contigs, is the most 

critical step, as the longer sequences allow for the identification of complete genes or even 

operons, as well as the ability to bin assembled sequenced into MAGs (Ayling et al. 2020). An 

example of a metagenomic pipeline is anvi’o (https://merenlab.org/software/anvio/), an 

integrated platform for multi’omics analysis, which has a workflow for genomic and 

metagenomic data, and contains tools for the assembly, binning and genotypical 

characterization of sequence data (Eren et al., 2021). A web-based platform for the 

investigation of large-scale (meta)genomic data is Galaxy (https://usegalaxy.org/), which hosts 

a myriad of tools that cater for almost all the computational needs for processing sequence data, 

including reproducible workflows suited to the needs of the user (Afgan et al., 2018). A 

commercial variant is CLC Genomics Workbench, which provides a user-friendly approach 

for those with rudimentary computing skills by providing batch analyses requiring minimal 

interaction from the user (https://digitalinsights.qiagen.com/). The transformation of sequence 

data into a workable, meaningful form is one of the keystones to in-silico MBP. 

1.7 Metabolites and metabolism: the search for microbial goods and services 

From sequence data and through bioinformatic tools, MBP aims to find bioproducts or 

microorganisms of interest through the analysis of metabolic genotypes. The advantage of in-

silico bioprospecting is that sequence data can be obtained from both cultured species as well 
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as hitherto uncultured and novel microorganisms, greatly expanding the field of search. By 

searching species as well as their ecosystems for their metabolic capacity, we can further 

narrow down potential candidates for the bioproduct or biochemical activity of interest. 

(Meta)genome mining – the search for natural products 

The basis of genomic mining is the search for protein coding genes related to biosynthetic 

enzymes putatively involved in the production of secondary metabolites (Ziemert et al. 2016). 

Despite its namesake, genomic mining can also be done on metagenomes, and the publicly 

available large-scale projects such as those from Tara Oceans or EMP are a trove for novel 

discoveries (Delmont et al. 2011). Traditionally, the process of searching for enzyme encoding 

genes were performed using sequence searching tools such as BLAST+ (Camacho et al. 2009), 

DIAMOND (Buchfink et al. 2021), or HMMer (Eddy 2011) by querying sequences from 

reference databases such as RefSeq (https://www.ncbi.nlm.nih.gov/refseq/) (O'Leary et al. 

2016), Pfam (http://pfam.xfam.org/) (Mistry et al. 2021) or UniprotKB 

(https://www.uniprot.org/) (UniProt 2021). Through this screening process, positive genotypes 

are identified in genomes and metagenomes and can be further analyzed for physiological, 

ecological, and phylogenetic factors (Figure 1.2). 

Newer mining tools expand on prior sequence searching software by identifying 

biosynthetic gene clusters (BGCs), which are groups of genes that encode metabolic pathways 

responsible for synthesizing secondary metabolites and their derivatives (Martinet et al. 2019). 

Examples of well-studied BGC types from which novel natural products have been discovered 

include polyketide synthases (PKS), non-ribosomal peptide synthetases (NRP), ribosomally 

synthesized and post-translationally modified peptides (RiPP), and terpenoids/isoprenoids 

(Ziemert et al. 2016). Although there is a wide diversity of natural products, the underlying 

biosynthetic process is highly conserved with core gene families specifically associated with 
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the biosynthesis of secondary metabolites, which can be targeted by genome mining tools 

(Weber and Kim 2016). A major limitation of genome mining tools are they require the 

sequences that contain potential BGCs to be contiguous, which can be difficult to obtain using 

short-read assembly data. Fragmented data, due to repetitive regions such as those commonly 

found in type I PKS or NRP, or from poor-quality metagenomic data, can hinder the ability of 

genome mining tools to identify potential BGCs and care must be needed to provide well-

assembled data (Blin et al. 2019). 
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Figure 1.2 

Simplified models for in-silico mining of microbial bioproducts. (A) Mining genomes for 

target biosynthetic gene(s). This approach helps determine taxonomic distribution of the target 

genotypes of interest and produces explicit microbial candidates. (B) Mining metagenomic data 

for the presence of target functional gene(s) of interest. This approach is best for evaluating 

ecological and environmental association with the gene(s) of interest as well as abundances 

within the ecosystem. 
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The Secondary Metabolite Bioinformatic Portal (SMBP; 

http://www.secondarymetabolites.org/) is a website that contains information on all aspects of 

bioinformatic tools, databases, metabolite analysis tools and other resources regarding the 

mining of BGCs. One of the most comprehensive BGC mining tools available, and one that is 

recommended by the SMBP, is antiSMASH, with the latest version (v6.0) providing detection 

rules for 71 BGC types (Blin et al. 2021). Dedicated databases for predicted and annotated 

BCGs such as the IMG/ABC database (https://img.jgi.doe.gov/cgi-bin/abc/main.cgi) 

(Palaniappan et al. 2020) and the MIBiG 2.0 repository 

(https://mibig.secondarymetabolites.org/) (Kautsar et al. 2020) are constantly growing and 

supporting the genomic mining efforts. BiG-FAM is a recently established database expanding 

on the secondary metabolites field by grouping homologous BGCs into gene cluster families 

with the aim of exploring the global diversity of clusters, through the mining of BCGs from 

publicly available isolate and metagenome-assembled genomes (Kautsar et al. 2021). 

Machine learning, the development and utilization of pattern recognition algorithms 

that perform classification and prediction tasks, have been pivotal in advancing the discovery 

of novel BGCs (Prihoda et al. 2021). These algorithms have the capability to predict potential 

biological activity of interest directly from gene sequences, for example, such as natural 

products with antimicrobial or antifungal properties, by recognizing molecular features 

associated with known BGCs (Walker and Clardy 2021). BGC prediction tools that utilize 

machine learning based pattern recognition include DeepBGC (Hannigan et al. 2019), which 

predicts putative BGCs and their potential natural product activity, SBSPKSv3 (Agrawal and 

Mohanty 2021), which provides automated prediction of macrocyclized structures of 

NRPs/PKs, and decRiPPter (Kloosterman et al. 2020), which predicts novel classes of RiPPs. 

The use of machine learning has vastly improved the prediction and understanding of natural 
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products produced by BGCs and has contributed to novel discoveries that can further benefit 

both industry and research. 

Genomic mining of microbial BGCs have contributed to MBP strategies towards the 

discovery of natural bioproducts. The screening of sequence data from diverse environments 

can unveil ecosystems with prevalent BGCs previously unknown in the literature. Iglesias et 

al. (2020) through genome and metagenome mining of public data for BGCs of abyssomicin, 

a recently growing family of compounds with antimicrobial properties, discovered that they 

were more likely to be found in terrestrial environments, mainly in soil and plant-associated 

ecosystems. Iglesias et al. found this contrasted with the few previously isolated microbial 

abyssomicin producers which showed a habitat distribution favouring aquatic environments. 

The search for diverse BCGs can also be found within taxonomic groups. Bacteria from genus 

Streptomyces are major producers of diverse bioactive products utilized in many clinical fields, 

owing to the large amounts of BGCs (roughly 25 − 70) found with their genomes compared to 

other Actinobacteria (Belknap et al, 2020). Streptomyces appear to downregulate or inactivate 

secondary metabolite production under laboratory conditions, with their full repertoire only 

revealed with genomic sequencing. Over 1700 Streptomyces genomes have been submitted 

and are available at NCBI’s RefSeq, presenting a valuable trove for BGC mining for diverse 

metabolites across different strains (Lee et al. 2020). Thus, the mining of genomes and 

metagenomes for BCGs is critical in understanding the distribution of bioproducts by 

highlighting taxa or ecosystems that harbour these genotypes, allowing users to form better 

approaches when creating MBP efforts. 

MAGs – the search for reliant metabolism 

Binning tools are used to create MAGs, which in essence are collections of taxonomically or 

compositionally congruent contigs that have been clustered into individual groups representing 
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genomes (Yue et al. 2020). MAGs can be considered a form of culture independent MBP for 

the discovery of microorganisms, based on DNA sequence data from species obtained in 

various environmental settings (Parks et al. 2017). The use of MAGs as a MBP strategy has 

two main benefits: the ability to analyze the potential metabolic capacity of hitherto uncultured 

taxa as well as capturing genomic data in situ, providing better context for metabolic 

interactions within the target environment (Figure 1.3) (Frioux et al. 2020). This is crucial for 

industrial applications that require the integration of the microorganisms, rather than just their 

bioproducts, with the prime industry example being bioremediation, a process in which 

environmental contaminants are removed through the actions of microbes (Bilal and Iqbal 

2020). Successful bioremediation efforts require an understanding of the key genes and related 

metabolic processes that govern the microbes and their interaction with environmental 

contaminants (Gupta et al. 2020). Metagenomic analyses are a vital approach to examine 

whether microorganisms within a contaminated environment can metabolize the contaminants 

effectively, as information obtained from isolates alone are often not sufficient in conveying 

the complex interactions within these microbial communities (Bell et al. 2015). 
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Figure 1.3 

The recovery of metagenome-assembled genomes provides ecological context. (A) 

Genomes of ecosystem dwelling species contain core metabolic pathways required for living 

within the target habitat. (B) Shotgun sequencing of the genomes creates fragmented sequences 

of the genomes. (C) Assembly of the sequences can recover additional information about the 

metabolic pathways but may not give full context of the species physiology. (D) The recovery 

of MAGs returns the full spectrum of metabolic capacity in context with the original genome. 

 

The recovery of MAGs can expand metagenomic analyses by providing information 

within the context of candidate taxa and their physiological interactions with their ecological 

setting (Garza and Dutilh 2015). By understanding the microbial metabolic capability through 

MAGs, we can use this knowledge to predict the physiology of microorganisms to develop 

cultivation methods for hitherto uncultured taxa discovered through metagenomic data 

(Gutleben et al. 2018). The end goal of MBP endeavours is the utilization and exploitation of 

microorganisms and their natural products; MAG can provide a means to elucidate microbial 

“dark matter.” 
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1.8 Off the beaten track – insights into unique environmental MBP targets 

The natural environment is host to a variety of ecosystems, each with their own unique 

microbiomes. Metagenomes from environments such as soil (Jansson and Hofmockel 2018) 

and marine ecosystems (Kodzius and Gojobori 2015) represent bountiful MBP targets due to 

their high species richness and diverse ecological interactions harbouring an abundance of 

metabolic potential. Although diverse communities provide a plethora of opportunities, only 

the highest relative abundance genomes are well characterized, or if the community is 

extremely diverse, no taxa at all may be covered sufficiently without additional amounts of 

sequencing (Howe and Chain 2015). There are alternative settings that can present MBP 

opportunities within low complexity environments and the unique conditions they present may 

contribute to the increased probability of rare and even novel discoveries. 

Fringe benefits: extremophiles and their ecosystems as MBP targets 

Microbiomes from extreme physicochemical conditions harbour extremophile microorganisms, 

and their bioproducts have long been recognized as valuable targets for MBP (Niehaus et al. 

1999). These organisms have evolved means to allow them to survive under harsh 

physicochemical conditions: acidity, alkalinity, salinity, temperature, and pressure extremes 

are common constraints faced by extremophiles (Rampelotto 2013). A useful adaptation found 

in microbial extremophile bioproducts are “extremozymes,” biocatalysts that remain effective 

in the harsh physicochemical conditions, making them desirable for the broad conditions 

present in industry applications (Elleuche et al. 2014; Raddadi et al. 2015). Another bioproduct 

adaptation within extremophiles are “extremolytes,” protective compounds that allow them to 

survive in the extreme conditions and confer benefits to therapeutics as they can protect 

proteins and cells from exposure to environmental damage (Lentzen and Schwarz 2006; Becker 
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and Wittmann 2020). The robust and protective properties of natural products produced by 

extremophile microorganisms make extreme ecosystems prime MBP targets. 

The unique properties of extreme environments also exhibit a strong influence on the 

metabolic development of microbial extremophiles. Microbial organisms in extreme 

environments have been shown to have faster evolutionary rates, potentially developing 

additional novel functions compared to microbes in more temperate settings (Li et al. 2014). A 

study by R. Chen et al. (2020a) of microbial mats found in extreme conditions in Shark Bay, 

Australia, discovered potentially novel BGCs in two archaeal phyla not known to carry BGCs. 

Extreme ecosystems have also been proving to be excellent MBP targets for novel 

antimicrobial compounds (Sayed et al. 2019; Sivalingam et al. 2019). In low-energy 

oligotrophic environments, negative inter-microbial interactions are more prevalent compared 

to nutrient-rich environments with microbes displaying increased resistance to anti-microbials 

compounds (Ponce-Soto et al. 2015), This suggests that within the oligotrophic microbial 

communities, metabolic adaptations are being utilized to compete against other microbes, 

increasing the chance for novel gene discoveries (Mullis et al. 2019). 

The microbial community structures within extreme environments could also improve 

the quality of genomic data recovery in metagenome studies. Studies have shown that in many 

extreme ecosystems, naturally low diversity microbiomes occur (Yun et al. 2016; Cockell et 

al., 2019; Merino et al. 2019; Zhang et al. 2019). The reduced complexity could make certain 

extreme environment microbiomes more amenable to metagenome assembly as enrichment 

methods have been shown to successfully enable the recovery of novel genomes from low 

diversity environments (McIlroy et al. 2014). This property was arguably paramount to the 

success of study by Tyson et al. (2004) who successfully recovered the first known MAGs 

from an ultra-low-diversity acid mine drainage site, prior to the advent of NGS technology and 
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modern metagenome assembly software. Despite being ill suited for many forms of life, 

extreme ecosystems – with their unique microbial communities, potential for novel and robust 

bioproducts, and amenability for metagenomic analysis – hold great opportunities for MBP 

discoveries. 

Stacking the deck: selective nutrient enrichment of microbiomes 

Microbiome amendments which reduce microbial community complexity have the potential to 

provide insight into rare and otherwise underrepresented taxa in complex microbiomes, as well 

as improving the rate of genomic data recovery. Temperate soils’ microbiomes are high 

complexity, with vast differences in cellular abundance and high degrees of strain level 

heterogeneity that results in significant computational demands and increased errors from 

metagenomic assemblers (van der Walt et al. 2017). Delmont et al. (2015) utilized in situ 

enrichment techniques to reduce microbiome complexity and succeeded in recovering rare and 

novel genomes from an environmental soil sample, demonstrating that reduced complexity 

assists in genomic data capture. This demonstrates that normally high complexity microbiomes 

can be made amenable to MAG based studies by using selective enrichment. 

As of writing, there are few studies investigating the reduction of microbiome diversity 

for downstream analysis. Zegeye et al. (2019) showed that selective nutrient enrichment of soil 

microbial consortia in a soil medium with specific carbon-based compounds presented a 

successional trend of reducing complexity in the microbial consortia. Naylor et al. (2020) used 

selective enrichment on an environmental soil sample with a wide array of substances through 

separate “modules” that would form “reduced-complexity” subsets of samples. The resulting 

enriched modules created by Naylor et al. had reduced diversity and richness with a higher 

presence of rare and formerly undetected taxa present in the sample modules versus control 

soil. From an ecological standpoint, the drawback of a “reduced-complexity” experimental 



49 

 

 

setting is a loss of overall targets for discovery from the originally diverse microbiome. For the 

purposes of MBP, however, the selective enrichments can potentially aid in the recovery of 

taxa related to specific metabolic pathways and for creating opportunities towards 

characterizing rare and fringe taxa. 

The underrepresented taxa could be the main drivers of ecological function within the 

microbiomes of complex communities. Recent studies have shown that they appear to have a 

higher participation in biological processes than more abundant taxa, being the major providers 

for multifunctionality in soil ecosystems (Chen et al. 2020). Liang et al. (2020) discovered that 

rare taxa contained proportionally more nitrogen cycling genes than in the more abundant taxa 

in soil ecosystems across a latitude gradient. The use of selective enrichment could serve as a 

filter for the discovery of these rare ecological drivers and their multifunctional genes. 

1.9 The challenges of (meta)genomic MBP 

Although the utilization of in-silico MBP is an effective way to identify microorganisms and 

their bioproducts across ecological and taxonomic divides, there are limitations when relying 

on pure sequence data. Genomic data and even gene expression data are not prescriptive and 

does not automatically translate to bioproduction at the experimental level (Uygun et al. 2016). 

The presence of metabolic pathways in the genomes of uncultured taxa may give insight into 

cultivation conditions, but often these results remain unfulfilled (Lavy et al. 2014). Recent 

advances using reverse genomics have seen some successes in isolating previously uncultured 

taxa, but this field is still in its infancy and still requires further studies before consistent 

cultivation efforts can occur (Cross et al. 2019). 

Genomic data is heavily reliant on the accuracy of representative sequences and errors 

during the generation and annotation of sequence data may lead to misrepresentation in 
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characterization. Short-read NGS has enabled the massive generation of sequence data due to 

its unparalleled volume of throughput, but it can result in errors and gaps during (meta)genomic 

assembly within low complexity/repeat regions of the genome due to the inability of short-

reads to cover extended genomic regions (van Dijk et al. 2018). Assigning specific taxa to 

observed functions is difficult, especially in high diversity or high species richness 

microbiomes, with the high complexity causing misassembles or chimeric sequences during de 

novo assembly, as well as resulting in shorter assembled sequences (Tamames et al. 2019). 

MAGs submitted to databases are often drafts that are highly fragmented and result in many 

instances of errors during automated annotation (Salzberg 2019). These accumulating errors 

need to be considered when relying on reference sequences needed to characterize data to 

prevent the propagation of erroneous data. 

Environmental metadata is vital to MBP as well as for ecological studies in general, but 

this critically contextual information is often omitted or erroneous. The IMG/M and GOLD 

system has extensive ecosystem labels for ecological data, but often critical information in 

these fields is omitted or contains minimal information. For example, there are instances where 

the GOLD metadata for latitude and longitude provided for environmental genomes are not 

ecologically relevant, indicating their place of sequencing instead of the environment where 

the sample collections occurred. To address the issue of the poor reporting of contextual 

information, the Genomic Standards Consortium (GSC) (https://gensc.org/), recommended the 

Minimum Information about any (x) Sequence (MIxS) as a standard for all studies that generate 

sequence data. MIxS sets guidelines which encourages the reporting of contextual data such as 

geolocation, habitat, physicochemical data, as well as sequencing methodology, and has been 

recognized by many database portals including those from INSDC, with studies complying 

with MIxS having the “GSC” keyword (Field et al., 2011). Although the use of MIxS standards 



51 

 

 

is optional, it provides a framework for future environmental sequencing studies to follow, and 

hopefully becomes a ubiquitous practice. 

1.10 The future of genomic MBP 

NGS technology is the cornerstone of large-scale sequencing studies and its advancement will 

improve the quality of information discovered as well as address current issues faced during 

data sequencing. The latest NGS technology or “third-generation sequencing” is being 

pioneered by two main companies: Oxford Nanopore Technologies (ONT) 

(https://nanoporetech.com/) and Pacific Biosciences (https://www.pacb.com/). Currently, ONT 

holds the record with the longest read sequenced, with a published read length of 2.2 Mb (Payne 

et al. 2019), with claims of producing reads longer than 4 Mb 

(https://nanoporetech.com/products/comparison). In terms of assembly statistics, a recent study 

showed that ONT was capable of producing reads with an N50 of 65 kb, and assembled contigs 

showing an N50 and N90 of 11.74 and 3.34 Mb, respectively (Frei et al. 2021). By covering 

repeated regions and the ability to capture multiple genes in a single read, the use of long-read 

sequencing has shown to result in longer assembled sequences, more complete genes, improved 

binning and produce more complete genomes, which virtually addresses all issues common to 

current short-read NGS technologies (Xie et al. 2020). Long-read technology has also 

improved insights on extrachromosomal mobile genetic elements (eMGEs), such as plasmids 

and phages, which are notoriously difficult for short-read sequencing to characterize due to 

homologous sequences amongst eMGEs, and between eMGEs and the chromosome itself 

(Suzuki et al. 2019). The major drawbacks of long-read sequence data in its current form are 

its relatively high error rare, high cost per base, and low total output, which prevents it from 

being widely utilized in large-scale sequencing efforts (Liao et al. 2019). Constant advances 

are improving on the drawbacks currently faced by long-read sequence, and along with 
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increasing development of supporting analytical tools, the mainstream use of long read 

sequencing is an inevitability (Amarasinghe et al. 2020). 

Synthetic genomics in tandem with in-silico MBP could revolutionize molecular 

microbiology through DNA synthesis to edit or create custom genomes (Kosuri and Church 

2014). The large volume of sequence data produced by NGS combined with mining efforts has 

presented a massive array of DNA sequences containing potential functions that could be 

synthesized and integrated into genomes (Hughes and Ellington 2017). In theory, with enough 

metabolic and functional information, synthesized genomes could be used to create synthetic 

ecology, where the environmental interactions could be dictated by microorganisms created by 

the user (McKinlay 2021). Although advances have been made in this field, the DNA synthesis 

process is costly, long sequences are difficult to construct accurately and we are still far from 

thoroughly understanding all physiological and metabolic nuances within the genomes to create 

complete working models (Zhang et al. 2020). 

Prokaryotic-derived CRISPR-Cas systems have been pivotal in the progress of genomic 

editing, with discoveries of new CRISPR-Cas systems furthering advancements in both 

industry and research applications in the field of microbial biotechnology (Ding et al. 2020). 

CRISPR-Cas directed manipulation of BGC promoter regions have produced novel metabolites 

from previously silent BGCs within Streptomyces species (Zhang et al. 2017), and conversely 

the inactivation of streptothricin or streptomycin encoding BGCs in actinomycete strains 

triggered the production of different previously masked antibiotics (Culp et al. 2019). There 

are still limitations in this field, such as cytotoxicity issues and difficulty of genomic 

manipulations in certain microbial strains occurring with the most widely used CRISPR-Cas 

endonuclease types, Cas9 and Cas 12a (Li and Peng 2019; Liu et al. 2020), with the large sizes 

of these endonucleases often limiting the packaging capacity of the adeno-associated virus 
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delivery vehicles (Pickar-Oliver and Gersbach 2019). New discoveries such a miniature 

CRISPR-Cas12f derived from Acidibacillus sulfuroxidans (Wu et al. 2021) and using 

transposons such as RNA-guided integrases for more efficient genomic integration (Vo et al. 

2021) are some strategies developed for addressing some of the limitations encountered in 

CRISPR-Cas genome editing. CRISPR-Cas systems are a revolutionary asset in biotechnology 

and a valuable MBP target, which both relies on discoveries through in-silico studies and 

provides downstream applications in potential secondary metabolite production. 

1.11 Conclusion 

In-silico MBP remains an effective method to discover the natural products of microorganisms 

and how to exploit their physiological capabilities. The ever-growing volumes of sequence data 

from constantly improving NGS technologies serve to bolster the advancement of industrial 

and research applications utilizing microbial metabolites and metabolism. As more 

environmental microbiomes and taxa are explored, we uncover precious insights into the 

distribution of microbes and their ecological interactions. As such, the contextual data 

generated from these studies can be considered as valuable as the bioproducts itself. Although 

it can never substitute in-vitro studies, the analysis of sequence data work in tandem for creating 

strategies that can track down favourable taxonomic groups or ecological conditions that may 

contain MBP targets of interest. 
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Bioprospecting a Soil Ecosystem for Indigenous Microorganisms 
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2.1  Chapter Overview 

Microorganisms are vital contributors to the environmental biogeochemical cycle. Within that 

process, the nitrogen cycle is critical for the fitness of ecosystems as nitrogen is often the 

limiting nutrient within the natural environment. As such, to successfully rehabilitate soils from 

post land-use ecosystems, an understanding of the nitrogen metabolism of native 

microorganisms are essential for restoration efforts. Within Western Australia however, 

indigenous microbial nitrifiers from natural terrestrial landscapes have been largely unexplored 

and the study presented in this chapter seeks to fill that knowledge gap. 

 Stored topsoil provides a crucial reserve for the microbial diversity needed to restart 

ecological functions during the restoration of disturbed soils. The typical storage conditions for 

topsoil are often oligotrophic, and along with loss of above ground diversity, creates extreme 

conditions for microbial survival. Previous studies into Western Australian stored topsoil 

samples discovered a persistent archaeal population containing potential nitrifier candidates 

among the microbial communities. The study conducted in this chapter expanded upon the 

previous research, using shotgun sequencing to gain further insights into the metabolic capacity 

of these archaeal cornerstone taxa. 

 Ammonia-oxidizing archaea were targets for bioprospecting as they are involved in the 

initial and limiting step in the nitrification process of the nitrogen cycle. The baseline 

microbiome was compared to successional samples enriched with inorganic ammonia over the 

course of three weeks. The study will use genome-resolved metagenomics to identify candidate 

taxa from known ammonia-oxidizing archaeal groups (Aim 2). The ammonia enrichment 

serves to provide insight into response of ammonia-oxidizing prokaryotes to nitrogen input, as 

well to improve the recovery of genomic data from the taxa of interest (Aim 3). The goal was 

to recover metagenome-assembled genomes from ammonia-oxidizing archaea groups that 
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show the greatest response to ammonia enrichment. These will provide the metabolic blueprint 

to further develop strategies for the isolation of archaeal nitrifier candidates acclimated to the 

physicochemical conditions present in Western Australian topsoil. 

2.2  Publication 2 – Research Article 

Vuong, P., Moreira-Grez, B., Wise, M. J., Whiteley, A. S., Kumaresan, D., & Kaur, P. (2022). 

From rags to enriched: metagenomic insights into ammonia-oxidizing archaea following 

ammonia enrichment of a denuded oligotrophic soil ecosystem Environmental microbiology, 

24(7), 3097-3110. https://doi.org/10.1111/1462-2920.15994 

From Rags to Enriched: Metagenomic Insights into Ammonia-oxidizing 

Archaea Following Ammonia Enrichment of a Denuded Oligotrophic Soil 

Ecosystem 

Paton Vuong1, Benjamin Moreira-Grez1, Michael J. Wise2,3, Andrew S. Whiteley4, Deepak 

Kumaresan5 and Parwinder Kaur1 

1 UWA School of Agriculture & Environment, University of Western Australia, Perth, 

Australia; 2 School of Physics, Mathematics and Computing, University of Western Australia, 

Perth, Australia; 3 The Marshall Centre of Infectious Diseases, School of Biological Sciences, 

The University of Western Australia, Perth, Australia; 4 Centre for Environment & Life 

Sciences, Commonwealth Scientific and Industrial Research Organisation (CSIRO), Floreat, 

Australia; 5 School of Biological Sciences, Queen’s University of Belfast, Belfast, United 

Kingdom. 

2.3 Summary 

Stored topsoil acts as a microbial inoculant for ecological restoration of land after disturbance, 

but the altered circumstances frequently create unfavorable conditions for microbial survival. 

Nitrogen cycling is a critical indicator for ecological success and this study aimed to investigate 

the cornerstone taxa driving the process. Previous in-silico studies investigating stored topsoil 

discovered persistent archaeal taxa with the potential for re-establishing ecological activity. 
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Ammonia oxidization is the limiting step in nitrification and as such, ammonia oxidizing 

archaea (AOA) can be considered as one of the gatekeepers for the re-establishment of the 

nitrogen cycle in disturbed soils. Semi-arid soil samples were enriched with ammonium sulfate 

to promote the selective enrichment of ammonia oxidizers for targeted genomic recovery, and 

to investigate the microbial response of the microcosm to nitrogen input. Ammonia addition 

produced an increase in AOA population, particularly within the genus Candidatus 

Nitrosotalea, from which metagenome-assembled genomes (MAGs) were successfully 

recovered. The Ca. Nitrosotalea archaeon candidates’ ability to survive in extreme conditions 

and rapidly respond to ammonia input makes it a potential bioprospecting target for application 

in ecological restoration of semi-arid soils and the recovered MAGs provide a metabolic 

blueprint for developing potential strategies towards isolation of these acclimated candidates. 

2.4 Introduction 

Mining operations often involve the clearing of vegetation, and removal and subsequent storage 

of topsoil, which serves as a critical reserve of soil microbial communities for post-mining 

rehabilitation and restoration of ecosystem processes (Williams et al., 2019). Long term storage 

has been shown to change community structure and diversity, which may have negative 

implications for nutrient cycling and other vital ecological processes (Ezeokoli et al., 2019). 

As soil microbial populations are essential for plant community development, successful 

restoration of degraded terrestrial ecosystems requires the input of effective soil inoculum 

(Wubs et al., 2016). In determining the microbial diversity and functional capacity of stored 

topsoil and substrate blends (topsoil and mine site waste substrates) in mine site restoration 

scenarios in Western Australian (WA) conditions, we showed phylogenetic divergence but 

“potential” functional redundancy for microbe-related functions and reported enrichment of 

archaeal taxa across different topsoil blends, indicating a persistent group of taxa (Kumaresan 
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et al., 2017). Long-term storage of topsoil can contribute to loss of the seed bank, leading to 

the decline of the reemergence of native and endemic flora (Golos and Dixon, 2014). In a 

follow up study, we also showed that biocrusts, the aggregated layer containing crucial 

microbial community and the majority of biological activity within arid soils, can play an 

important role in nitrogen cycling within arid landscapes in WA soils (Moreira-Grez et al., 

2019b). Soil biodiversity is key for ecosystem multifunctionality (Wagg et al., 2014) and 

ensuring microbial functional diversity in mine site restoration scenario is critical to enable 

critical nutrient cycling processes. 

Nitrogen is considered a major limiting nutrient for plant growth within terrestrial 

ecosystems, and microbial processes facilitate availability of nitrogen compounds for plant 

growth i.e., nitrogen fixation, ammonia oxidation (Moreau et al., 2019). In the nitrification step 

of nitrogen cycling, ammonia oxidation is the initial and limiting step and is performed by 

ammonia-oxidizing archaea (AOA), ammonia-oxidizing bacteria (AOB) and complete 

ammonia oxidation (comammox) bacteria (Kuypers et al., 2018; Lehtovirta-Morley, 2018). As 

such, these ammonia-oxidizing taxa are arguably the gatekeepers of nitrogen cycling and 

understanding their ecological presence is key to determining the sustainability of an ecosystem 

(Amoo and Babalola, 2017). AOA, in comparison to AOB, dominate soil microbiomes with 

low ammonium supply. The metabolic and ecological differences between archaeal and 

bacterial ammonia oxidizers that modulate this niche partitioning have been previously 

described in dryland soils (Trivedi et al., 2019). For instance, within the weathered lateritic 

agricultural WA soils, a reverse trend has been observed, where AOB are present in higher 

numbers compared to AOA. The authors speculate that the low copper levels (a key co-factor 

ammonia oxidation in AOA) in WA agricultural soils could drive the functions (Jenkins et al., 

2016). Western Australian soils could be host to unique microbial communities that are adapted 
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to the lateritic soils, which are often depleted of other nutrients, such as phosphorus, potassium 

and critically, nitrogen, due to extensive weathering and the binding of nutrients to lateritic 

compounds that make them unavailable for uptake (O’Brien et al., 2019).  

In our previous work, we highlighted the higher relative abundance of novel 16S rRNA 

gene sequences related to archaeal taxa involved in nitrogen cycling. Unlike agricultural soils 

in Western Australia (Jenkins et al., 2016), the nitrifiers in natural ecosystems, particularly rich 

in iron-ore deposits are largely unknown. Shotgun metagenome sequencing has the potential 

to pinpoint cornerstone taxa that may play critical roles throughout the ecological restoration 

due to their capacity to link both taxonomic and functional information (Hart et al., 2020). Here, 

we aim to recover genomic data of ammonia oxidizing taxa from ammonium-enriched stored 

topsoil from the mining sites in semi-arid WA soils, with particular focus on the persistent 

archaeal presence observed in our previous work (Kumaresan et al., 2017; Moreira-Grez, et al., 

2019a). Enrichment of the microcosm using inorganic ammonium coupled with metagenomic 

sequencing led to improved genomic recovery of AOA that provided in-silico blueprints of the 

metabolic capacity of recovered candidates that can aid in developing isolation strategies for 

potential bioprospecting ventures. The enrichment was also used to compare the response of 

AOA and AOB groups to ammonium input in oligotrophic conditions. The metagenomic 

approach utilized in this study provided insight into the ecological drivers of ammonia-

oxidizing taxa in the semi-arid soils from natural ecosystems in WA, with a focus towards their 

nitrogen cycling potential in the restoration of disturbed soils.  

2.5 Results 

Temporal taxonomic profiles of the soil metagenomes  

Semi-arid soils subjected to enrichment with (NH4)2SO4 showed similar proportions in the 

overall bacterial populations, with only slight variation in relative abundance observed across 
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time points between both the amplicon (Figure 2.1a) and WMS data (Figure 2.1b). The most 

substantial increase in relative abundance after three-weeks of N enrichment were sequences 

related to archaeal phyla Thaumarchaeota, Aigarchaeota, Crenarchaeota and Korarchaeota 

(TACK) superphylum (Guy and Ettema, 2011) which contains the canonical AOA. This is 

most notable in the Archaea;Thaumarchaeota phylum from the WMS data, with an increase in 

relative abundance from 0.155% (baseline) to 5.629% (three weeks), a roughly 34 fold increase 

in metagenomic reads classified as Thaumarchaeota. The disparity between the phylum naming 

for the amplicon sequences and WMS data is likely due to the differences in the respective 

databases utilized by each method. The publicly available versions of the Greengenes 16S 

rRNA gene database uses older taxonomic terms, likely from when Thaumarchaeota was still 

classified as a ‘mesophilic Crenarchaeota’ (Pester et al., 2011). As the WMS classification is 

based on the latest NBCI non-redundant protein database, it provides a more up to date 

classification consistent with current literature. Another point of note is the replacement of 

Cyanobacteria from amplicon sequences to Gemmatimonadetes in the WMS data, most likely 

due to misidentification of chloroplast sequences among the 16S amplicons (Hanshew et al., 

2013). The diversity and evenness of the soil samples was shown to decrease over time post 

enrichment, likely due to the substantial change in relative abundance observed within the 

archaeal phyla, however this change was determined to be statistically not significant according 

to one-way ANOVA (Figure 2.2a). The clustering of the soil sample data in the non-metric 

multidimensional scaling (NMDS) analysis showed a clear successional trend observed in the 

microbial communities as time progressed post (NH4)2SO4 enrichment (Figure 2.2b).  
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Figure 2.1 

Taxonomic distribution at the phylum level of the soil metagenome from amplicon and 

whole metagenome shotgun sequencing data. Comparisons between baseline soil and time 

points post enrichment with ammonium sulfate. Amplicon sequencing data was used solely to 

determine relevant time points for the subsequent whole metagenome shotgun sequencing. 
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Figure 2.2  

Measurements of microbial community structure at the genus level from Kaiju outputs 

using whole metagenome shotgun data. Baseline and treatment populations were 

investigated for temporal changes in A) Alpha-diversity though Shannon diversity index with 

differences between samples determined to be not significant via one-way ANOVA and B) 

Beta-diversity via non-metric multidimensional scaling of microbial community dissimilarity.  

 

Effects of enrichment on ammonia oxidizing prokaryote populations  

Sequences affiliated to AOA showed greater increase in relative abundance compared to AOB 

at the genus level across successive time points post enrichment with (NH4)2SO4 (Figure 2.3a). 

In the baseline soils, AOA abundances were either at similar levels or lower than those of AOB 

with respect to relative proportion within the overall population. Over the course of the 

experimental period, the relative abundances of all detected AOA increased, whereas the AOB 

population remained similar or showed only slight increases on a subset of taxa. At the end of 

the three-week period, AOA from the genus Candidatus Nitrosotalea and Nitrososphaera 

showed higher relative abundances across all samples, with Ca. Nitrosotalea showing at least 

a 10-fold increase in relative abundance within two replicate samples compared to the highest 
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reported AOB genus. Nitrospira showed a marginal increase at week three, however, as no 

MAGs were recovered from this genus, we were unable to determine if the reported populations 

were composed of comammox or nitrite oxidizers. Correlations of ammonia-oxidizing taxa 

showed strong associations between the pairs of AOA and AOB (Figure 2.3b). In the baseline 

soils, multiple bacterial and archaeal taxa had a strong negative correlation, indicating 

competitive interactions between both groups. After three weeks, aside from Nitrosospira, 

these associations were no longer observed between archaeal and bacterial groups. Coupled 

with the substantial increase seen in AOA but not AOB numbers in the relative abundance data, 

suggests that within this subset of ammonia-oxidizing prokaryotes, archaea may have out-

competed most bacteria groups after three weeks post enrichment. 
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Figure 2.3  

Taxonomic profiling of a subset of ammonia-oxidizing taxa at the genus level from soil 

metagenome. A) Relative counts of archaea (circles) and bacteria (triangles) from baseline and 

three-week post ammonia sulfate enrichment. B) Correlation plot of AOA vs AOB (including 

Nitrospira). Area within the rectangle seen in the correlation plot highlights all archaea- 

bacteria associations. 
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Differential abundances of the metabolic profile of the metagenome post enrichment 

At the level 3 subsystem category, the overall diversity and evenness of metabolic genes 

displayed a marginal increase across all soil samples as time progressed post enrichment, 

however the one-way ANOVA testing determined that the changes observed were determined 

to be not significant (Figure 2.4a). In comparison, certain individual metabolic genes within 

the level 3 subcategory were significantly enriched or suppressed in the three-week post 

enrichment treatment sample compared to the baseline soil (Figure 2.4b, Supplementary Table 

1). The genes of interest that were significantly enriched were those associated with archaeal 

biosynthesis and transcription. This pattern of diversity is also reflected in the taxonomic 

abundance data, in which the overall population showed little to marginal change, but 

substantial increases were seen in sequences associated with archaeal taxa. 
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Figure 2.4   

Changes in metabolic gene distributions at SEED subsystem level 3 observed in the 

baseline and post ammonium sulfate enriched soils. A) Box plot of Shannon diversity and 

evenness index of metabolic genes showing overall changes from all time points. One-way 

ANOVA determined differences between samples were not significant. B) Volcano Plot 

produced from ALDEx2 analysis of metabolic genes from baseline samples vs three-weeks 

post enrichment. Data points in red indicate that the metabolic gene in question was either 

significantly enriched or suppressed in comparison to others according to Welch’s t and 

Wilcoxon rank test (α < 0.05). 

 

Archaeal genomes recovered from soil metagenome 

A total of 5 archaeal MAGs were recovered from across all soil metagenomes that passed the 

completeness and contamination protocols. As GTDB-tk was used to classify the MAGs, the 

GTDB naming convention will be used to categorize the taxonomic labels for all resultant data 

involving the MAGs recovered in the study. Four MAGs were classified from canonical AOA 

genera, three from genus Nitrosotalea (CheckM reported completeness - nc_117: 64.56%, 

t2_109: 58.90% and t3_48: 92.23%) and one from genus Nitrososphaera (completeness - 

t2_80: 78.80%). The remaining MAG was an archaeon from order Woesearchaeales. 

Additional information on all recovered MAGs such as quality and assembly statistics, 
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assigned classification, classification method, predicted tRNAs and rRNA can be found in 

Supplementary Table 2. 

Effects of enrichment on diversity capture and sequence utilization in metagenomic 

assemblies 

The redundancy estimation by Nonpareil showed increased rates of coverage for the diversity 

observed within the post enrichment soil metagenome compared to that of the baseline soils, 

given similar sequencing efforts (Figure 2.5). The improved coverage likely reflects the 

decreased diversity observed in the post-enrichment metagenomes (Figure 2.2a), which is also 

supported by the values reported by the Nonpareil diversity index (Baseline: 23.81, Two-

weeks: 23.24, Three-weeks: 22.64). Read mapping of the baseline, two-week and three-week 

metagenomic reads to their respective assembled sequences reported an overall alignment rate 

of 46.69%, 53.51% and 57.71% respectively, which closely mirrors the values presented by 

the estimated average coverage seen on the Nonpareil curves to their respective datasets. 

Improvements in overall alignment rates from the post-enrichment metagenomes were also 

seen downstream in the recovered AOA candidate MAGs, with a clear pattern observed in the 

Nitrosotalea candidates, nc_117 (baseline): 0.02%, t2_109 (two-weeks): 0.07% and t3_48 

(three-weeks): 0.17%, along with the sole Nitrososphaera candidate MAG t2_80 (two-weeks): 

0.29%. The increased alignment rates in the post-enrichment metagenomes and MAGs 

demonstrate that more reads are being utilized in assembled sequences, likely due to the 

reduction in diversity resulting in better coverage. Increased read maps in the Nitrosotalea 

candidate MAGs from successional metagenomes also suggest that the more abundant 

Nitrosotalea subpopulations (Figure 2.3a) observed in the post-enrichment microbiomes have 

improved the genomic capture rate of this taxa. 
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Figure 2.5  

Estimation of the coverage of diversity between the baseline and post enrichment soil 

metagenomes using Nonpareil. The empty circles on the curves show the actual sequencing 

volume of the respective datasets. The dashed and solid red horizontal lines show the 95% and 

100% estimated coverage threshold respectively. The arrows are a visual indicator of the 

Nonpareil diversity index of each dataset, with arrows further right indicating more diverse 

communities. 
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Phylogenomic comparison and distributions of nitrogen metabolism pathways of interest 

The four archaeal MAGs classified as AOA candidates appeared to be closely related to the 

known ammonia-oxidizers Nitrososphaera and Nitrosotalea, which is congruent with the 

genus classification assigned by GTDB-tk (Figure 2.6). All the MAGs identified as genus 

Nitrosotalea (nc_117, t2_109 and t3_48) were found to contain amoA and the t3_48 MAG 

which had the highest completion, showed a nitrogen metabolic pathway pattern consistent 

with several Nitrosotalea and other AOA genomes. Although the genus Nitrososphaera MAG 

(t2_80) was phylogenetically assigned within the Nitrososphaera clade, it is missing the 

AmoCAB node or results from Pfam/TIGRFAM searches required to definitively confirm it as 

an AOA. Given the phylogenetic placement, this is most likely due to missing data resulting 

from the MAG being incomplete, rather than an actual absence of ammonia monooxygenase. 
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Figure 2.6  

Maximum likelihood tree and nitrogen pathways of archaeal genomes. Ammonia-

oxidizing archaea (AOA) genomes from RefSeq were phylogenetically compared to the 

potential AOA MAGs recovered from this study (indicated by bold labels). Completeness of 

MAGs were reported by CheckM. Nitrogen pathways displayed were predicted by MinPath 

using the KEGG metabolic pathway models and are represented by shaded boxes indicating 

the predicted presence of a node within the respective nitrogen metabolic pathway. Shaded 

stars are nodes that were not present in the MinPath prediction but were detected via HMM 

search using the Pfam A database. Bootstrap values of ≥ 95% are shown by solid dots. Coloured 

backgrounds indicate AOA groups: Marine Group I (MG-I); South African Gold Mine 

Crenarchaeotic Group 1 (SAGMCG-1); Soil Crenarchaeotic Group (SCG); Hot Water 

Crenarchaeotic Group III (HWCGIII) and Thermophilic AOA (ThAOA). 
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2.6 Discussion 

Metagenomics provides a primary approach into the observations of the in-situ metabolic 

potential of environmental microorganisms and their response to ecological changes.  

Furthermore, the recovery of MAGs allows us to understand the metabolic capacity of a 

microbiome within the context of the individual microorganism present. The prediction of 

metabolic potential, however, does not automatically guarantee function. A pertinent example 

is the denitrification process where varying ecological factors determine whether transcription 

occurs or even if functional enzymes are produced, despite the presence of denitrification genes 

within the genome (Lycus et al., 2017). Another issue is that due to the limitations of short-

read sequencing, the MAGs often remain drafts, with the missing data obscuring valuable 

ecological and functional information. Nonetheless, extensive in-silico approaches such as this 

study, provide the groundwork to explicitly select candidate taxa for potential bioprospecting 

ventures and the ability to further explore other biosynthetic pathways present, within the 

context of the ecological question at hand. 

 From the denuded environment present in the stored topsoil, archaea appeared to have 

displayed the greatest relative response to the (NH4)2SO4 enrichment. This is reflected in the 

significant increases seen within Thaumarchaeota at the phylum level, AOA at the genus level, 

as well as in archaeal-associated metabolic gene groups among the metagenomic reads. Studies 

into archaeal involvement in plant-microbe interactions have shown that not only do archaea 

participate in nutrient cycling, but also promote growth, improve disease resistance, and 

mitigate stress factors in plants (Jung et al., 2020). This suggests that stored topsoil treated with 

(NH4)2SO4 to stimulate the growth of AOA populations, can be used to improve soils for post 

land-use rehabilitation. 
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 In this pilot study, we investigated the potential of using inorganic nitrogen addition 

within the context of soil restoration and how it can modulate nitrifier activity/diversity. 

However, the experiments on the basal soils did not account for the growth of AOAs without 

enrichment. Further AOA propagation studies within stored topsoil should consider baseline 

community succession i.e., without nutrient input, to account for other potential ecological 

interactions within the microcosm. Future field-scale trials will certainly account for other 

contributing factors such as nitrogen fixation, plant-microbe interactions, among other 

variables, that can modulate nitrogen availability. Here, our focus was to identify keystone taxa 

and recover the genomes of indigenous archaeal nitrifiers. 

Variations in the observed AOA and AOB population numbers between baseline and 

enriched soils provided valuable insight into the potential effects of N addition within natural 

ecosystems in WA. Short-term addition of inorganic ammonia in the form of (NH4)2SO4 

appeared to promote the rapid growth of AOA in the semi-arid topsoil. The large increase in 

AOA population numbers compared to AOB post (NH4)2SO4 enrichment may be due to the 

inhibitory effect of high ammonia concentrations, which has been observed to affect the growth 

of AOB but not AOA (Liang et al., 2020). This niche differentiation of AOA and AOB could 

be utilized when developing fertilization strategies for the promotion of AOA growth for 

nitrification within the semi-arid soils present in WA. 

Further studies exploring ammonia-oxidizing taxa is crucial for understanding the 

ecological processes that drive nitrifying microorganisms within the WA natural soil 

ecosystems. Ecological studies of ammonia-oxidizers have been carried out in managed soils 

in WA, particularly within agricultural soils (O’Sullivan et al., 2013; Banning et al., 2015; Fisk 

et al., 2015; Jenkins et al., 2016), but very little work has been done in native terrestrial 

environments. A thorough understanding of the edaphic properties of soil in natural ecosystems 
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and how they affect ammonia-oxidizing taxa are essential for the restoration of disturbed soils 

to their state prior to land use. This process is vital for screening ideal candidate taxa acclimated 

to the ecological conditions present within the unique soil ecosystems present within the natural 

WA landscape. 

Within the dominant post-enrichment AOA population, the genus Ca. Nitrosotalea 

displayed the greatest relative abundance in archaeal reads and provided the highest number of 

recovered archaeal MAGs. The Ca. Nitrosotalea archaeon thrive in acidic environments (pH 

4.5 – 5.5) through high-affinity substrate acquisition and pH homeostasis systems which confer 

the ability to oxidize ammonia at low pH, conditions that have been found to inhibit AOB 

activities (Lehtovirta-Morley et al., 2016a). High rates of horizontal gene transfer discovered 

in other Ca. Nitrosotalea genomes likely contributed to the lineage’s ability to be successful in 

extreme environments, by facilitating the procurement of physiological systems allowing for 

survival in harsh environments (Herbold et al., 2017). The properties associated with Ca. 

Nitrosotalea likely contributed to the relative success in propagation observed in the candidate 

taxa found within this study, as the stored topsoil was derived from acidic soils (Kumaresan et 

al., 2017).  

AOA that can persist in extreme conditions are desirable bioprospecting targets for 

isolation as they can provide effective soil remediation in a broader range of ecological 

conditions. Candidatus Nitrosocosmicus franklandus, an AOA species isolated from arable soil 

has been observed to thrive in high ammonia concentrations potentially providing contributions 

towards the nitrification of fertilized soils due to its physiological diversity (Lehtovirta-Morley 

et al., 2016b). The Ca. Nitrosotalea candidates sequenced in this study comparatively, have 

also been shown to respond well to high ammonium input but are able to survive in denuded 

oligotrophic conditions commonly seen in stored topsoil. Combined with the known Ca. 
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Nitrosotalea archaeon ability to survive in acidic environments, makes the Ca. Nitrosotalea 

candidates discovered in this study prime targets for isolation and utilization as indigenous 

microorganism for the restoration of semi-arid soil ecosystems present in WA. Novel isolation 

or in-situ enrichment techniques that facilitate the inoculation of Ca. Nitrosotalea can 

potentially speed up the re-establishment of the N-cycle upon disturbed soils. 

 In tandem, AOA produce less N2O emissions compared to AOB under both high and 

low ammonium supply, making AOA ideal candidates for the reduction in N2O production 

(Hink et al., 2018).  Within terrestrial environments, excess use of nitrogen-based fertilizer has 

led to an increase in the production of nitrous oxide (N2O), a major greenhouse gas, from 

nitrifying and denitrifying microbes (Thompson et al., 2019). There has been increased interest 

in investigating the physiology and niche differentiation in AOA, AOB and comammox 

bacteria to develop strategies that optimize microbial processes within the nitrogen cycle, 

whilst mitigating the effects of greenhouse gas production (Prosser et al., 2019). Microbial 

bioprospecting of natural soil ecosystems with low nitrogen content, such as oligotrophic soil 

ecosystems could produce candidate AOA that can potentially operate under conditions with 

minimal nitrogen input and may further reduce N2O production.  

2.7 Conclusion 

Stored topsoil is vital for restoring post land-use ecosystems and understanding the microbial 

communities that persist within the less-than-ideal conditions during storage is crucial for 

successful rehabilitation. Metagenomic approaches coupled with the enrichment of the topsoil 

biome has provided insight on taxa involved with critical nitrogen cycling capacity that can 

persist in the denuded oligotrophic conditions, as well as those that can respond rapidly to 

nitrogen input. Through MAGs, we were able to further explore metabolic capacity within the 

context of taxa allowing us to explicitly shortlist candidate taxa with diverse nitrogen 
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metabolism. These metagenomic insights can be applied to develop strategies in bioprospecting 

for acclimated taxa that can perform essential ecological functions needed to revitalize 

degraded ecosystems. In addition, further insight into the nitrogen metabolism in nitrifying and 

denitrifying taxa in different ecological niches may aid in the understanding of microbial N2O 

production in a bid to reduce climate footprints by finding suitable candidates for use in 

anthropogenic activities. 

2.8 Experimental procedures 

Sample collection 

Soil samples were collected from topsoil storage from an active mine site 200 kilometers east 

of Geraldton, Western Australia (−29.164658°, 116.786696°). Soil collection protocols are 

detailed under the ‘Materials and Methods’ section in the study by Kumaresan et al., (2017), 

with details of soil chemistry composition in Supplementary Table 3. 

 Experimental setup 

Samples were incubated under 150 mg Kg-1 of ammonium sulfate ((NH4)2SO4). The 

concentration of inorganic nitrogen was selected as it reflects the levels of nitrogen addition 

commonly used in the WA agricultural sector for soils as demonstrated in a prior study 

(Moreira-Grez, et al., 2019a). Briefly, 5 g of topsoil and 625 µL of sterilized water were added 

to a 120 ml serum bottle, aseptically. No other nutrient sources were added to avoid the 

enrichment of possible copiotroph communities that might hinder the growth of the targeted 

oligotrophic communities present in the study. Bottles were sealed with a rubber stopper and 

clamped to prevent air exchange throughout the experiment. Twelve replicates were prepared 

with destructive sampling over a 3-weeks period (3 replicates per timepoint). Bottles were 

incubated at 25°C in dark conditions. Soil from the topsoil storage facility was sampled and 
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kept stored at -20°C until downstream analyses in order to assess baseline community 

composition (herein, timepoint zero). 

DNA extraction and 16S rRNA gene amplicon PCR 

DNA was extracted in triplicate from 0.3 g of soil samples using a Powersoil-htp 96 Soil DNA 

isolation kit, following manufacturer’s guidelines with minor modifications (freeze-thaw cycle 

(x3) after the addition of solution C1; 50 µL of solution C6 passed twice through the silica 

filter). Extracted DNA was quantified using a Qubit 2.0 fluorometer (Life Technologies, United 

States). For the 16S rRNA analysis, 2 ng of DNA was used as template for subsequent PCR 

amplification using the 515F/806R primer set, targeting the 16S rRNA V4 region for both 

bacteria and archaea domains (Liu et al., 2007). For the in-depth protocols, refer to Kumaresan 

et al. (2017) for PCR reagent and thermal conditions.  

16S rRNA gene amplicon analysis 

To identify relevant time points for shotgun metagenomic analysis, amplicon sequencing was 

used as a first step. PCR amplicons were sequenced using the Ion Torrent PGM platform 

(Thermo Fisher Scientific, Australia). Analysis was performed within QIIME wrapper (v. 1.9; 

Caporaso et al., 2010) using parameters described in the paper by Moreira-Grez et al. (2019b). 

Briefly, low quality sequences were rejected (phred score <20, size between 130 and 350). No 

primer mismatch and/or barcode error were allowed. Chimeric sequences were filtered using 

USEARCH (v. 6.1; Edgar, 2010). Quality-passed reads were then clustered using UCLUST4 

at 97% sequence similarity cut-off for the identification of representative OTUs. Taxonomic 

assignment of representative sequences was done using RDP classifier based on the 

Greengenes database (v. 13.8; McDonald et al., 2012). Resulting taxonomic frequency table 

was used for determining if notable community differences were observed between time points 

for further shotgun metagenome sequencing. 
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After considering the microbial community composition based on the 16S rRNA gene 

analysis, DNA extracted from the baseline community (time zero), two- and three-weeks post 

enrichment replicates were selected for whole metagenome shotgun (WMS) sequencing, due 

to minimal differences in the relative abundance of the microbial communities between the 

baseline and one-week enrichment samples. Extracted DNA samples for WMS were sent to 

Australian Genome Research Facility (https://www.agrf.org.au/) for sequencing. Library 

preparation was performed using the Takara ThruPLEX protocol (version: QAM-108-003) and 

sequenced via the HiSeq 4000 (Illumina) sequencing platform utilizing the 150bp paired end 

technology. 

Functional and taxonomic profiling of soil metagenomes.  

Raw reads sequenced from the soil metagenomes were processed with Trimmomatic 

(v. 0.39; Bolger et al., 2014) to remove low quality bases and Illumina adapter sequences with 

the parameters ‘PE –phred33 ILLUMINACLIP:TruSeq3-PE.fa:2:30:10 LEADING:3 

TRAILING:3 SLIDINGWINDOW:4:20 MINLEN:36’. Reads in which both pairs passed the 

trimming process were kept for further analysis in the workflow. An estimation of coverage 

and diversity capture between the temporal samples was performed with Nonpareil (v. 3.3.4; 

Rodriguez-R et al., 2018), using the alignment algorithm option via the ‘-T alignment’ flag. 

Nonpareil was used to estimate required sequencing efforts needed to cover the calculated 

diversity between the baseline soil and post-enrichment samples. The associated Nonpareil R 

package was used to plot the redundancy curves and report the estimated diversity index 

between the temporal samples. 

Taxonomic profiling of microbial abundance was done at the read level using Kaiju (v. 

1.7.4; Menzel et al., 2016), with default parameters using the ‘nr_euk’ database 

(https://kaiju.binf.ku.dk/database/kaiju_db_nr_euk_2021-02-24.tgz) obtained from the Kaiju 
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website. Outputs were combined from samples with the same time point (baseline, two- and 

three weeks) for determining the taxonomic abundance at the phylum level via the ‘kaiju2table’ 

module using the ‘-r phylum’ flag (Supplementary Table 4). Entries under ‘cannot be assigned 

to a (non-viral) phylum’ and ‘unclassified’ were combined under the label 

‘Unassigned/unclassified’. Relative abundance computed at the phylum level with 16S rRNA 

amplicon sequences (QIIME) and metagenomic reads (Kaiju) were used to assess ammonium-

dependent enrichment over the three-week period. The eight most abundant phyla were 

selected for plotting on both datasets, although ‘Unassigned/unclassified’ bin was also included 

for the metagenomic reads due to its large proportion throughout the dataset. Remaining taxa 

(other bacteria and archaea, which within the metagenomic subset also includes eukaryotes and 

viruses) were classified as “other”. Stacked bar charts were computed using triplicates means 

and were visualized through the ggplot2 R package (v. 3.3.5; Wickhan and Sievert, 2016).   

For a more in-depth analysis, the ‘kaiju2table’ module was also used to explore the 

effect of the enrichment on the differential abundance for all replicates across all samples (3 

each for baseline, two- and three-weeks post enrichment) at the genus level using the ‘-r genus’ 

flag (Supplementary Table 5). The genus level output from Kaiju was imported into R v. 4.1.0 

and features were rarefied at 39292701 reads per sample, to allow for meaningful comparison 

when needed. Alpha- and beta-diversity, between the soil community taxa spanning different 

time points was performed on via the Shannon diversity index and non-metric 

multidimensional scaling analysis (NMDS) based on the Bray-Curtis dissimilarity coefficient, 

respectively; implemented in the Vegan R package (v. 2.5-7; Oksanen et al., 2020). Statistical 

difference between Alpha diversity values was tested using one-way ANOVA with Tukey as a 

post hoc test as implemented on the multcomp R package (v. 1.4-17; Hothorn et al., 2008). 
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Resulting figures for the alpha- and beta-diversity plots of microbial community structures was 

visualized by ggplot2. 

Prokaryotes known to oxidize ammonia - AOA Nitrososphaera, Nitrosocosmicus, 

Nitrosocaldus, Nitrosotalea, Nitrosopumilus Nitrosoarchaeum, Nitrosotenuis and 

Nitrosopelagicus; AOB Nitrosomonas, Nitrosospira and Nitrosococcus; and including 

comammox Nitrospira, were plotted to determine the effects of (NH4)2SO4 enrichment on the 

relative abundance of this subset of taxa. Corrplot R package (v. 0.90; Wei and Simko, 2021) 

was used to create a correlation matrix to analyze the strength of association between the 

relative abundance of AOA and AOB within the baseline soil and soil three-week post 

enrichment.  The subsequent scatter and correlation plots for representing relative abundance 

and the correlation matrix, respectively, between ammonia-oxidizing prokaryotes were created 

using ggplot2. 

Functional profiling of the metagenome was performed at the read level using SUPER-

FOCUS (v. 0.34; Silva et al., 2016), which groups metabolic genes into functionally similar 

groups based on a reduced SEED subsystem (Overbeek et al., 2005). SUPER-FOCUS was run 

using default parameters, with DIAMOND (v. 0.9.14; Buchfink et al., 2015) as the aligner of 

choice among all individual samples.  The Shannon diversity index was used to determine 

significant differences between metabolic genes at the Level 3 SEED subcategory comparing 

data from replicates from the baseline and three-week post enrichment samples through the 

Vegan R package with the results visualized by ggplot2. ANOVA-like differential expression 

analysis was used to compare metabolic gene counts between the baseline and three-week post 

enrichment samples via the ALDEx2 v. 1.24.0 R package using the ‘t’ option for Welch’s t and 

Wilcoxon rank test (Fernandes et al., 2013; Fernandes et al., 2014; Gloor et al., 2016). The 

conversion of metabolic count data through centered log scale transformation in ALDEx2 into 
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a scale invariant form removed the need for prior rarefication of read counts and the 

transformed data underwent 128 Dirichlet Monte-Carlo Instances and 10000 iterations with 

Benjamini-Hochberg correction. Results from ALDEx2 were then visualized via a volcano plot 

using the EnhancedVolcano package (v. 1.12.0; Blighe et al., 2021). Genes with Log2 fold 

change lower than -2.5 and higher than 2.5 while having a significance level below alpha level 

(α < 0.05) were identified as significant microbial enrichments/suppressions (Supplementary 

Table 1).  

Genome recovery from soil metagenomes 

De novo assembly of the metagenomes were performed using metaSPAdes (v. 3.15.1; Nurk et 

al., 2017) using default parameters and the ‘--only-assembler’ option enabled. MetaSPAdes 

was selected as the assembler of choice as it has been recommended for studies that aim to 

reconstruct representative genomes from the environment, which was one of the main focuses 

of this paper (Vollmers et al., 2017). Experimental replicates within each temporal sample 

(baseline, two weeks, and three weeks enrichment) were respectively co-assembled to improve 

the rate of genomic recovery. Read mapping of the assembled contigs and MAGs were 

performed using Bowtie 2 (v. 2.3.4.1; Langmead and Salzberg, 2012). Post processing of read 

alignment files such as sorting and indexing of read maps for downstream analyses was carried 

out using Samtools (v. 1.10; Li et al., 2009). Binning was done using metaBAT2 (v. 2.12.1; 

Kang et al., 2019) using default parameters, with the quality and assembly statistics of the 

binned MAGs reported by CheckM (v. 1.1.2; Parks et al., 2015). Archaeal MAGs with reported 

completion >50% and <5% contamination was selected for further downstream analysis.  

Characterization of metagenome-assembled genomes 

MAGs were taxonomically classified via GTDB-tk (v. 1.5.0; Chaumeil et al., 2020) using the 

Genome Taxonomy Database release 06-RS202 data (Parks et al., 2020). Functional annotation 
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of the MAGs was done using MetaErg (v. 1.2.3; Dong and Strous, 2019), with the associated 

database (released on Jan. 8, 2021, from: http://ebg.ucalgary.ca/metaerg/db.tar.gz). MetaERG 

is an annotation pipeline that utilizes various HMM and sequence search tools, as well as 

metabolic pathway prediction tools to automate the functional profiling of metagenomes and 

MAGs. Within MetaErg, output from Aragorn (v.1.2.41.c; Laslett and Canback, 2004) was 

used to predict tRNA and rRNAfinder (v. 1.1.0; Dong and Strous, 2019) was used for the 5S, 

16S and 23S rRNA sequences for the purposes of MIMAG reporting (Bowers et al., 2017). 

MetaErg functional profile output results from HMMER (v. 3.1; Eddy, 2011) utilizing the 

Pfam-A (Finn et al., 2014) and TIGRFAM (Haft et al., 2013) databases as well as the metabolic 

pathway prediction by MinPath (v. 1.5; Ye and Doak, 2009) for KEGG pathways (Kanehisa 

and Goto, 2000) were investigated to detect proteins related to nitrogen metabolism. 

Phylogenomic comparisons of MAGs and nitrogen pathways 

To prepare data for genome wide phylogenetic comparison, proteins were predicted for each 

individual MAG via Prodigal (v. 2.6.3; Hyatt et al., 2010). Only archaeal MAGs classified by 

GTDB from canonical AOA groups were selected for comparison in phylogenetic and pathway 

distributions. These were then processed via PhyloPhlAn (v. 3.0; Asnicar et al., 2020), using 

the ‘supermatrix_aa.cfg’ configuration file generated by 

‘phylophlan_write_default_configs.sh’, which uses DIAMOND to map proteins to a marker 

database and MAFFT (v. 7.487; Katoh and Standley, 2013) for multiple sequence alignment. 

The database used was the PhyloPhlAn database via the ‘-d phylophlan’ option, containing 400 

universal markers that are detailed in the paper by Segata et al., (2013) with the ‘--accurate’ 

option enabled. PhyloPhlAn was first run using default parameters to determine the minimum 

number of markers present in the genomes used in the study via the standard output using the 

‘--verbose’ option. As one MAGs returned only 99 markers, the minimum of number of marker 
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option was set using the flag ‘--min_num_markers 99’. Archaeal MAGs recovered in the study 

were compared to reference genomes and as the highest level of taxonomy used to distinguish 

genomes was at the family level, the diversity setting was set to ‘--diversity medium’. Genomes 

used as comparative references for AOA candidate MAGs were from canonical AOA members 

and obtained from NCBI’s Refseq database (Supplementary Table 6).  

 To create a bootstrapped tree, the concatenated alignment outputs for bacterial and 

archaeal marker genes produced by the Phylophlan pipeline were run separately through 

RAxML-HPC (v. 8.2.12; Stamatakis, 2014) with the parameters ‘-p 1989 -x 12345 -N 100 -m 

PROTCATLG -f a’. The bootstrapped trees produced by RAxML-HPC were visualized via 

iTOL (v. 6.3; Letunic and Bork, 2021). Visualization also included the presence of the nodes 

within selected KEGG pathways modules for nitrogen metabolism: Denitrification (M00529) 

and Complete nitrification (M00804) (Supplementary Table 7). In cases where the AmoCAB 

node was absent from Minpath predicted KEGG pathway, the functional profile created by 

MetaErg utilizing HMMER and the Pfam A database was used to confirm the presence of 

ammonia monooxygenase proteins. 
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Information (NCBI) under the accession number PRJNA775848.  
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CHAPTER 3 

Bioprospecting Utilizing Selective Enrichment 
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3.1  Chapter Overview 

Natural environments are often lucrative targets for microbial bioprospecting with many soil 

ecosystems containing rich sources of microbial biodiversity. For in-silico approaches however, 

the high complexity microbial communities present in these environments often result in 

uneven coverage of the diversity present during sequencing, leading to errors in the 

metagenomic assembly process. In addition, more abundant taxa are often overrepresented 

during sequencing efforts, potentially leading to rarer microorganisms being overlooked in 

ecological surveys. A potential remedy to this situation is to examine the pre-sequencing step 

of the metagenomic approach by exploring the use of in-situ refinements to create a simpler 

and more accessible microbiome. 

 Processes that aim to simplify diversity within high-complexity microbial communities 

can potentially provide benefits, such as reducing the computing burden and/or improving the 

genomic capture from taxa of interest. Selective enrichment of microcosms has seen success 

in producing reduced complexity models of the original microbial community that it was 

derived from. Existing in-situ screening methods cited in this chapter have been utilized to 

select for microorganisms of choice, but they often require the successful isolation of the target 

specimens which can also involve lengthy dilution processes. The study presented in this 

chapter explores an alternative in-situ screening technology that uses nutrient enrichment to 

select for microorganisms directly from the environment, whilst allowing inter-species 

interactions between the microbial communities of the microcosm and the environment to 

occur. 

Here, we trialed the MicrobeTRAP (https://www.bioomix.com/technology), a modular in-

situ soil amendment system, that uses slow-release nutrient pills to attract microorganisms into 

a porous capture substrate. In this case study, the focus was the comparison of the microbiomes 
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between the MicrobeTRAP substrates and the sample soil environment on whether the 

treatment substrates reduced community complexity, decreased computing and sequencing 

requirements, and/or improved subsequent sequence quality and assembly statistics (Aim 3). 

Taxonomic and metabolic profiling of the metagenome, along with genome-resolved 

metagenomics, were used to analyze the MicrobeTRAP system’s effects on microbial 

community structure, and to assess the quality of the resultant genomic data capture (Aim 2). 

This chapter provided an evaluation on methodology involved in obtaining sequencing data 

from the environment and whether the explored pre-sequencing amendment improves the 

accessibility of information – either through the improvement of resource and sequence 

utilization, or by increased genomic data capture of prokaryotes from taxa with fewer cultivated 

representatives. 

3.2  Publication 3 – Research Article 

Vuong, P., Moreira-Grez, B., Andersen, M., Andersen, J., Wise, M. J., Whiteley, A. S., & Kaur, 

P. (2022). The MicrobeTRAP System with Selective Nutrient Enrichment Improves Data 

Curation and Metagenomic Assembly of Environmental Microorganisms. ISME 

Communications (Submitted and under review). 

The MicrobeTRAP System with Selective Nutrient Enrichment Improves 

Data Curation and Metagenomic Assembly of Environmental 

Microorganisms 

Paton Vuong1, Benjamin Moreira-Grez1, Morten Østergaard Andersen1,2, Julia Magdalena 

Østergaard Andersen1,2, Michael J. Wise3,4, Andrew S. Whiteley5 and Parwinder Kaur1. 

1 UWA School of Agriculture & Environment, University of Western Australia, Perth, 

Australia; 2 Section for Biotechnology, Department of Chemical Engineering, Biotechnology 

and Environmental Engineering, University of Southern Denmark, Odense, Denmark; 3 School 

of Physics, Mathematics and Computing, University of Western Australia, Perth, Australia;  
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4 The Marshall Centre of Infectious Diseases, School of Biological Sciences, The University 

of Western Australia, Perth, Australia; 5 Centre for Environment & Life Sciences, 

Commonwealth Scientific and Industrial Research Organisation (CSIRO), Floreat, Australia. 

3.3 Abstract 

High complexity microbial communities found commonly in soil ecosystems have caused 

persistent issues in metagenomic analyses. The heterogeneity in complex microbiomes often 

results in uneven coverage of diversity, which during de novo metagenomic assembly results 

in errors and increases computational burden. Here, we present the MicrobeTRAP (MCT), an 

in-situ capture system that uses porous substrates and nutrient release pills to attract 

microorganisms from the greater soil environment to produce a reduced complexity subset 

population. The treatment substrates (nutrient enriched and negative control) resulted in 

simplified communities that reduced the estimated sequencing effort needed for coverage of 

the diversity present within the captured population. Metagenomes from all treatment 

substrates were observed to produce better sequence quality, assembly statistics, and better 

rates of classification into lower taxonomic ranks compared to the control soil. The MCT 

system demonstrated the ability to facilitate inter-species interactions, with the recovery of 

genomes from putative symbiont and predatory bacterial candidates, including rare taxa from 

the Candidate Phyla Radiation superphylum. The use of the MCT as a pre-sequencing 

amendment was shown to improve the recovery and utilization of sequence data with potential 

to aid in microbial bioprospecting strategies and improving accessibility for large-scale 

metagenomic experiments. 
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3.4 Introduction 

The true scope of the microbial world remains unknown, with an estimated 1.2 x 1030 bacteria 

and archaea that exist within environmental ecosystems [1], yet up to an estimated 99% of 

these remain uncultured in vivo [2-4]. Advances in sequencing technologies and metagenomics 

have allowed us to glimpse into the hitherto uncultured majority through the culture-

independent recovery of genomic material from the environment allowing for the 

reconstruction of metagenome-assembled genomes (MAGs) [5-7]. The recovery of MAGs 

from environmental metagenomes have been critical in forging a path into the microbial ‘dark 

matter’ by providing candidate taxa integral to expanding the prokaryotic tree of life [8]. The 

genome-based approach via the utilization of MAGs alongside isolate genomes has vastly 

improved our understanding of bacterial and archaeal phylogeny through the production of 

normalized and consistent taxonomic ranks [9]. 

 Although next generation sequencing and bioinformatic tools have advanced to enable 

the analysis of sequencing data on a massive scale, metagenomic assembly methods still face 

many limitations [5, 10, 11].  High complexity environments have long been a major 

contributor to the constraints that impede metagenomic assembly [12]. A common example are 

temperate soils ecosystems, which contain microbial communities that are highly diverse with 

vast differences in abundance and strain level heterogeneity that result in high computational 

demands and increased errors from metagenomic assemblers [13]. High complexity 

communities affect sequence coverage, which in terms of DNA is defined as the mean number 

of times a nucleotide is sequenced [14]. Sufficient coverage is required for reads to overlap for 

assembly, and for a single genome the optimal value for this is roughly 50X coverage [15]. 

High variations in abundance of taxa observed within complex communities often result in 
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uneven coverage of diversity during sequencing and areas of low coverage risk being pruned 

by de Bruijn algorithms utilized by most metagenomic assemblers [11, 16].   

 Innovative approaches to modifying and/or screening the microbiome have been 

developed to improve the recovery of novel taxa from high complexity environments [17]. 

Selective enrichment has been shown to reduce microbiome complexity and has facilitated the 

recovery of MAGs from rare and novel taxa from soil microbiomes [18]. In addition, the use 

of selective enrichment can produce reduced complexity models for targeting microorganisms 

with specific metabolic pathways, through the use of specific nutrients to promote the growth 

of taxa of interest in soil microcosms [19, 20]. Membrane diffusion-based approaches such as 

iChip [21], diffusion bioreactors [22], and the soil substrate membrane system [23] attempt to 

cultivate cells isolated from soil by using permeable membranes at allow the cells access to 

nutrients and metabolites from soil sourced from the original sample environment. The 

drawback of these membrane diffusion-based systems are they first require a lengthy dilution 

process, followed by a successful isolation of cells from the greater environment in order to 

facilitate the process. 

 The MicrobeTRAP (MCT) presents a new approach as an in-situ capture system using 

nutrient release pills and a porous capture substrate pill to attract microorganisms from the 

greater environment [24]. The selective enrichment method utilized by the MCT system targets 

microorganisms with biochemical processes of interest through the release of nutrients into the 

environment. The chemotactic gradient attracts microorganisms into the MCT capture pill 

through chemotaxis or diffusion, whereupon they can settle and grow. The advantage of the 

MCT’s open system is that it allows for close interspecies interaction to occur, which is critical 

for fitness in microbial communities [25, 26]. Metagenomic sequencing of the capture substrate 

has shown that the MCT was able to produce a reduced complexity community subset, lower 
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computational resource requirements, and produce improved metagenomic assembly statistics 

for recovering population genomes. Use of the MCT system showed potential for the capture 

of specific microbial targets for bioprospecting ventures, as well as improving sequence quality 

from high complexity natural environments. 

3.5 Materials and Methods 

Experimental setup of the MicrobeTRAP 

The MCT system, along with the capture and nutrient pills were created according to the 

‘Materials and methods’ section under the patent [24]. For this experiment, the methodology 

for creating the array, as well and nutrient and capture pills are provided in the supplementary 

methods, with the experimental setup shown in Supplementary Figure 1. Additional 

information about the commercial aspects of the MCT can be found at 

https://www.bioomix.com/technology.  Four MCTs were loaded with nutrient and capture pills 

and placed in the Taxonomic Gardens at the University of Western Australia (UWA) campus 

in February 2019. The location (31°59'01.7"S 115°49'11.9"E) was at 10 cm depth in leaf 

covered root rich soil in a wooded area adjacent to a fern patch.  

Nutrient pills compositions that were loaded and the biochemical processes targeted for 

this study are presented in Supplementary Table 1. Briefly, the aim of the substrate is to provide 

a non-colonized environment free of predators and other suppressors. The glucose + glycine 

(GLY) treatment targets organotrophic growth with environmentally present electron acceptors, 

whereas the glucose + glycine + Sodium nitrate (NIT) treatment intended to target 

organotrophic growth with nitrate as electron acceptor resulting in nitrate reduction 

(denitrification). The no-nutrient sample (ROC) acted as a negative control for the capture pills 

and array and would provide a nutrient poor environment for targeting species best adapted to 

growing under such conditions, whereas the nutrient treatments would provide the polar-
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opposite conditions by providing an abundant and universal C and N source, respectively. Soil 

samples from the location was also taken as a control for the experimental study to represent 

the baseline community, as well as to compare the effects between the soil and substrate on 

sequencing efforts and sequence assembly statistics. Immediately after placement and 3 days 

after placement, the soil containing the MCT was watered with 2L demineralized water to 

promote microbial movement into the array, with the MCTs being retrieved after 9 days to be 

prepared for DNA extraction and sequencing.  

DNA Extraction and Sequencing 

Capture pills for each nutrient treatment condition along with the soil samples for the control 

(all samples obtained in triplicate) were prepared for DNA extraction and subsequent analysis. 

Capture pills were removed from the array and washed in ELGA water. The capture pill and 

soils underwent bead homogenization and DNA was extracted from all samples using the 

Powersoil DNA extraction kit (Qiagen) according to the manufacturer's protocol. DNA 

concentration was measured using a Qubit 2.0 (Thermo Fisher) using a Qubit dsDNA HS Assay 

kit (Invitrogen). Extracted DNA samples were sent to the Ramaciotti Centre for Genomics at 

the University of New South Wales (Sydney, Australia) for whole metagenome shotgun 

sequencing. Library preparation was done via Nextera DNA Flex Library Prep, with half-

volume reactions - all reagents used at 1/2 volume, with no changes made to reagent ratios or 

incubation times. Samples were then sequenced on the Illumina NextSeq 500 platform, using 

a mid-output flowcell with a 2 x 150bp run format. 

Metagenomic read analysis 

Raw reads sequenced from the soil and treatment substrate metagenomes were processed with 

Trimmomatic v. 0.39 [27] to remove low quality bases and Illumina adapter sequences with 

the parameters ‘PE –phred33 ILLUMINACLIP:TruSeq3-PE.fa:2:30:10 LEADING:3 
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TRAILING:3 SLIDINGWINDOW:4:20 MINLEN:36’. Reads in which both pairs passed the 

trimming process were kept for further analysis in the workflow. To estimate the rate of 

sequence coverage and diversity capture between the different experimental microbiomes, 

Nonpareil v. 3.3.4 [28] was used with the alignment algorithm via the ‘-T alignment’ flag. This 

was used to determine differences in sequencing effort needed to cover the observed diversity 

between the control soil and treatment substrates. The associated Nonpareil R package was 

used to plot the redundancy curves and output a summary on the estimated diversity between 

the experimental samples. 

Taxonomic profiling was done at the read level using Kaiju v. 1.7.4 [29], with default 

parameters using the ‘nr_euk’ database built from the NCBI BLAST nr database, containing 

all proteins belonging to archaea, bacteria, viruses, as well fungi and microbial eukaryotes 

(https://kaiju.binf.ku.dk/database/kaiju_db_nr_euk_2021-02-24.tgz) obtained from the Kaiju 

website. Outputs from Kaiju were combined within their respective experimental triplicates for 

determining taxonomic abundances via the ‘kaiju2table’ module at the phylum, class, order 

and genus level using the ‘r’ option for each corresponding rank. Taxonomic distributions 

between the control soil and treatment substrates were analyzed at the phylum level, with phyla 

>1% relative abundance selected for plotting on both datasets (Supplementary Table 2). 

Remaining taxa (other bacteria, archaea, eukaryotes and viruses) were classified as “other”. 

Entries under ‘cannot be assigned to a (non-viral) phylum’ and ‘unclassified’ were combined 

under the label ‘Unassigned/unclassified’. To analyze unique taxa counts, genera accounting 

for more than 0.1% of the total sample community were compared using ggVennDiagram 

v1.2.0 [30] to determine if the treatments produced any differences in community not seen at a 

higher rank. Taxonomic profile data were also analyzed at the phylum, class, order, and genus 

levels to investigate whether the treatment substrates improved the rate of classification 
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(Supplementary Table 3). This was determined for each rank by the difference between the 

relative percentages unassigned to the current and previous higher taxonomic rank, the amount 

of classified, as well as unclassified reads.  

Analysis of differentially abundant metabolic genes between the control soil and each 

treatment substrate was performed at the read level using SUPER-FOCUS v. 0.34 [31], which 

grouped metabolic genes into functionally similar groups based on a reduced SEED subsystem 

[32]. SUPER-FOCUS was run using default parameters, with DIAMOND v. 0.9.14 [33] as the 

aligner of choice among all individual samples. SUPER-FOCUS outputs data based on the 

SEED hierarchy, with the increasing levels indicating more specific metabolic categories of 

metabolic gene, with the functional genes themselves at the highest category. Level 1 SEED 

subsystem outputs were imported into R v. 4.1.0 and features were rarefied at 1099193 reads 

per sample, to allow for meaningful comparison across samples. The level 1 SEED datasets 

were then analyzed for differential abundances using STAMP v2.1.3 [34] with statistical 

differences determined by ANOVA, with a Tukey-Kramer post-hoc test and Benjamini-

Hochberg false discovery error correction for q-value > 0.05.  

The level 3 SEED subsystem outputs (Supplementary Table 4) from SUPER-FOCUS 

underwent ANOVA-like differential abundance analysis to compare metabolic gene counts 

between the control soil and each treatment substrate via the ALDEx2 v. 1.24.0 R package [35-

37] using the ‘t’ option for Welch’s t and Wilcoxon rank test. The conversion of metabolic 

count data through centered log scale transformation in ALDEx2 into a scale invariant form 

removed the need for prior rarefication of read counts and the transformed data underwent 128 

Dirichlet Monte-Carlo Instances and 10000 iterations with Benjamini-Hochberg correction. 

Genes with Log2 fold change lower than -2.5 or higher than 2.5 while having a significance 

level below alpha level (α < 0.05) were identified as significant microbial 
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enrichments/suppressions (Supplementary Table 5 – 7). The combined gene significance score 

(π-value) was also calculated to determine the level of differential abundance across all 

enriched metabolic genes within their respective treatments [39]. 

For diversity testing and comparison of metabolic functions, the level 3 SEED hierarchy 

outputs, as well as the functional genes were also rarefied at 1099193 reads per sample. Alpha- 

and beta-diversity measures of the Level 3 SEED metabolic gene abundances between the 

control and treatment samples via the Shannon diversity index and non-metric 

multidimensional scaling analysis (NMDS) based on the Bray-Curtis dissimilarity coefficient, 

respectively, implemented in the Vegan R package v. 2.5-7 [40]. Statistical difference between 

Alpha diversity values was tested using the nonparametric Kruskal–Wallis rank sum test, 

followed by Dunn’s test for multiple pairwise comparisons for median difference with 

Benjamini-Hochberg false discovery error correction for α = 0.05 (and expressing adjusted p-

values) using the dunn.test R package v. 1.3.5 [41]. Resulting figures for the alpha- and beta-

diversity plots of microbial community metabolic structures were visualized by ggplot2 v. 3.3.5 

[42]. The R package ggVennDiagram [30] was also used compare unique counts of metabolic 

genes at the community level for functional genes which were observed in at least 500 reads 

or above. 

Genome recovery and assembly/sequence quality statistics 

De novo assembly of the metagenomes were performed using metaSPAdes v. 3.15.1 

[43] using default parameters and the ‘--only-assembler’ option enabled. Experimental 

triplicates for the control soil and nutrient treatments were respectively co-assembled to 

improve the rate of genomic recovery. Assembly statistics of the assembled contigs were 

reported by the assembly-stats v. 1.0.1 [44] using both the default settings and the ‘-l 1500’ 

option to only select contigs above 1500bp in length.  Mapping and information for the 
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alignment statistics of reads to the assembled contigs was carried out using Bowtie 2 v. 2.3.4.1 

[45]. Post processing of read alignment files such as sorting and indexing of read maps for 

downstream analyses was carried out using Samtools v. 1.10 [46]. Binning of the assembled 

contigs was done using metaBAT2 v. 2.12.1 [47], which uses both sequence composition (tetra-

nucleotide frequency) and differential abundance in the binning process, with the default 

parameters.  

Quality and assembly statistics including coverage of the binned MAGs were reported 

by CheckM v. 1.1.2 [48] (Supplementary Table 8 – 11). Recovered MAGs with reported 

completion >60% and <5% contamination were retained as ‘passed’ bins that were sufficient 

for further research as draft genomes. The data for the estimated completeness, mean contig 

length, N50 and coverage for all genomes was plotted using ggplot2 with a Kruskal–Wallis 

rank sum test between control and treatments performed using the ggpubr R package v. 0.4.0 

[49]. MAGs that passed were taxonomically classified via GTDB-tk v. 1.5.0 [50] using the 

Genome Taxonomy Database release 06-RS202 data [51]. As part of the MetaERG pipeline 

[52], Aragorn v.1.2.41.c [53] was used to predict tRNAs and rRNAfinder v. 1.1.0 [52] was 

used for the 5S, 16S and 23S rRNA sequences for the purposes of MIMAG reporting for the 

recovered MAGs [54]. 

3.6 Results 

Taxonomic analysis of control and treatment metagenomes 

A reduction in community complexity was observed at the phylum level in the treatment 

metagenomes compared to the control soil between the representative reads from the WGS 

data (Figure 3.1a). Within the control soil, a larger variety of taxa were present with the largest 

relative abundances observed from bacterial phyla consisting of members from Acidobacteria, 

Actinobacteria, Bacteroidetes, Chloroflexi, Planctomycetes, Proteobacteria, Candidatus 
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Rokubacteria, and Verrucomicrobia. Within the glycine + glucose (GLY) and glycine + 

glucose + sodium nitrate (NIT) treatments, both communities only contained three phyla 

(Actinobacteria, Firmicutes, and Proteobacteria) that made up the bulk of bacterial 

representatives, with a roughly a quarter of the communities consisting of the eukaryotic 

phylum Ascomycota, which was not observed in noticeable numbers within the control soil. In 

comparison, the no nutrient (ROC) treatment was dominated by Proteobacteria, with only 

Actinobacteria and Bacteroidetes appearing in appreciable numbers. 

 

 

Figure 3.1.  

Taxonomic profiles of the metagenomes from whole metagenome shotgun sequencing 

data produced by Kaiju. A) taxonomic distribution at the phylum level and B) Venn diagram 

showing genus level comparisons of unique counts in taxon accounting for at least 0.1% of the 

total sample community. Comparisons are between the control soil and treatment substrates 

contained in the MicrobeTRAP. 
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At the lower taxonomic ranks, differences in unique taxa counts were observed between 

control and treatment substrates (Figure 3.1b). The highest unique taxa count was seen in the 

control soil, which reflects the variation seen at the phylum level. In contrast, the second highest 

count of unique taxa was seen in the ROC treatment, contrary to the relatively homogenous 

taxonomic profile observed at the phylum level. A relatively high count of unique taxa was 

observed shared between the GLY and NIT samples, likely due to the common nutrient 

composition present in both treatments promoting the growth of similar taxa.  

The treatment metagenomes showed an increased rate of taxonomic classifications 

within the WGS reads compared to those from the control soil (Supplementary Table 3). The 

relative percent of unclassified reads decreased in the GLY (25.74%), NIT (27.23%) and ROC 

(10.2%) treatments compared to those from the control soil (31.86%). The treatments also saw 

an increased rate of classification, with fewer reads unassigned towards progressively lower 

taxonomic ranks compared to the control soil. The ROC treatment retained the most classified 

reads at the genus level (72.1%), followed by GLY (55.92%), NIT (46.97%), with the control 

soil having the least relative percent of genus classified reads (32.29%). 

Metabolic gene abundances 

Pairwise comparisons at the level 1 SEED hierarchy, identified significant differential 

abundances of metabolic genes most notable in the ROC treatment compared to the control soil 

and other treatments (Figure 3.2). Genes related to carbohydrate metabolism, as well as in 

“cofactors, vitamins, prosthetic groups, pigments”, were observed to significantly less 

abundant on average in ROC compared to all other samples. Conversely, abundances of 

metabolic gene groups related to membrane transport, metabolism of aromatic compounds, 

motility and chemotaxis, along with sulfur metabolism were significantly higher in ROC 

compared to all other samples. Virulence-related genes in ROC were higher when compared 
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to the nutrient treatments, but not against the control soil. This suggests that major metabolic 

shifts are observed when selective pressure is applied and the use of nutrients that target 

ubiquitous biochemical pathways may cause a substantial shift in taxonomic distribution from 

the original community (Figure 3.1a), but not in the metabolic profile. 

 

Figure 3.2.  

Differentially abundant metabolic genes across all control and treatment samples. Level 

1 SEED subsystem categories were compared via ANOVA, with a Tukey-Kramer post-hoc (q 

> 0.05). Only differential abundances that are statistically significant with mean proportions > 

0.5% are shown. 
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Delving into the Level 3 SEED hierarchy provided more focused insights into the 

potential metabolic shifts in the treatment substrates when compared to the control soil. Notable 

trends between the treatments were that more carbohydrate, protein, and ribosomal related 

metabolic genes were observed to be enriched in the GLY and NIT treatments, whereas 

siderophore, phage, secretion systems and clustering-based subsystems were more prevalent in 

the ROC treatment (Supplementary Table 5 – 7). Within the GLY and NIT treatments, several 

of the enriched genes belonged to eukaryotic-related metabolic functions, likely due to the 

observed enrichment of the Ascomycota phylum. From the π – values applied to the gene set 

enrichment analysis, the most substantial significant enrichments observed across all 

treatments appear to be related to either transcription, colonization, or defense systems, likely 

as result of substantial changes in microbial community structure and activity, due to the abrupt 

migration and colonization into an environment with markedly different physicochemical 

properties. 

The diversity and evenness of the metabolic genes contained within the microbial 

communities of the treatment substrates showed higher variation in comparison to the control 

soil, but the overall differences between samples were statistically insignificant according to 

the Kruskal–Wallis rank sum test (Figure 3.3a). Combined with the data on enriched metabolic 

genes, the variation could be due to the microbes ‘breaking ground’ into a new habitat, but the 

higher complexity and almost non-existent variation present within the original environment 

of the control soil appears to act as a dampener inhibiting major changes, likely due to the 

system being at a stable metabolic equilibrium. This suggests that although a reduction in 

community complexity has occurred within the treatments, it is still possible to observe a 

semblance of the overall metabolic capacity observed within the original soil population. 

However, further work at the metatranscriptome level would be required to obtain a better 
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resolution of the metabolic variation between the treatments and control soil at the community 

level.   

 

 
Figure 3.3.  

Comparisons of microbial metabolic gene counts from SUPER-FOCUS for control and 

treatment populations (each n = 3). Output of level 3 SEED subsystem categories were 

investigated for metabolic differences in A) Alpha-diversity using the Shannon Index 

measuring the diversity and evenness of metabolic abundance, with statistical differences 

between samples determined by the Kruskal–Wallis rank sum test and B) Beta-diversity via 

non-metric multidimensional scaling of microbial community dissimilarity. C) Functional gene 

outputs were compared for each sample for unique occurrences of functional genes with at least 

500 hits. 
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The clustering of the experimental sample data in the non-metric multidimensional scaling 

(NMDS) analysis showed distinct separate groupings between the different treatment groups, 

with overlap in the GLY and NIT communities likely due to common nutrients within the 

enrichment formulation (Figure 3.3b). The greatest unique functional gene counts from the 

samples were observed within the NIT and ROC treatments (Figure 3.3c). These observations 

suggests that treatments that pose greater changes to nutrient availability correlate to an 

increased difference in the number of unique functional genes when compared to other samples.  

Sequence assembly statistics and computational utilization 

The redundancy estimation by Nonpareil showed that the treatment samples produced a higher 

rate of average coverage to sequencing effort compared to the control soil (Figure 3.4). The 

average estimated coverage in all treatment samples were >80%, with the NIT treatment above 

95%, compared to the roughly 30% coverage observed in the control soil given the sizes of the 

sequenced data sets. The improved coverage parallels the simplified communities, with the 

Nonpareil diversity index lower in the treatment samples (GLY: 19.13, NIT: 18.27, ROC: 

19.03) compared to the control (23.10). This indicates that the reduced complexity produced 

by all treatment substrates required less sequencing volume in order to provide a higher rate of 

coverage compared to the control soil obtained from the greater environment. 
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Figure 3.4 

Comparison of diversity and coverage from the metagenomic data sets of the 

experimental samples with Nonpareil curves. The curves show the required data set size to 

reach an estimated average coverage with a given sequencing volume. The horizontal dashed 

and solid red lines show 95% and 100% average coverage respectively, with the empty circle 

on the curve showing the actual size of the representative dataset. The arrows on the lower axis 

are a visual indicator of Nonpareil diversity index for each treatment, with those further right 

having more diverse communities. 
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The reads from the treatment metagenomes showed improvements in the sequence 

assembly process in both computational resource requirements and assembly statistics 

compared to the control soil (Table 3.1). The total time and memory required for metagenomic 

assembly was roughly halved in the reads from GLY and ROC treatments and was reduced to 

almost one-third in the NIT treatment. The average contig length and N50 improved in all 

treatment samples’ assemblies, both when looking at all read lengths as well as for contig 

lengths >1500 bp. The 1500bp contig length subset was included because it was the minimum 

recommended by the binning software (MetaBAT2) used in this study, and provided a 

representative scope of contigs utilized in the typical binning process. Mapping quality was 

also improved, with the relative amount of uniquely mapped paired-end read sets more than 

doubling in the treatment samples. The treatment samples also resulted in much higher overall 

alignment rates when compared to the control, indicating improvements in the utilization of 

metagenomic reads during sequence assembly.  
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Table 3.1.  

Computational resource usage and assembly statistics of control and treatment sequences. 

 Control Soil 
Glucose + Glycine  

(GLY) 

Glucose + Glycine 

+ NaNO3 (NIT) 

No Nutrients 

(ROC) 

 Assembly (MetaSPAdes) 

No. of Reads 31703050 33338890 35228723 34879799 

Avg Read  

Length (bp) 
134.799 137.072 138.61 136.83 

Assembly Time 469m 53.903s 223m 5.187s 178m 28.284s 240m 14.828s 

Max RAM 

 Usage (GB) 
98 51 35 55 

Avg contig length (bp) 352.49 586.37 497.15 495.07 

Largest contig 163152 495064 2093888 452937 

N50 (bp) 326 928 561 600 

Number of contigs 4620747 1368841 942304 1372930 

Avg contig length 

(>1500 bp) 
2903.78 5595.61 5676.76 4129.73 

N50 (>1500bp) 2822 8790 16777 4930 

Number of contigs 

(>1500bp) 
53162 27371 62454 47511 

 Read Mapping (Bowtie 2) 

Concordant Unique 

Alignments (%) 
24.49 59.86 73.18 53.57 

Overall Alignment 

Rate (%) 
46.80 85.98 91.86 85.76 
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Recovery and assembly statistics of metagenome-assembled genomes 

Due to GTDB-tk being used to taxonomically classify the MAGs, the Genome Taxonomy 

Database naming scheme was used to identify the passing subset (>60% completeness, <5% 

contamination) of recovered genomes. From the control soil, 28 MAGs were recovered, with 

the 8 passed MAGs containing candidates from the archaeal phylum Thermoproteota (2) and 

from bacterial phyla Acidobacteriota (2), Actinobacteriota (3), and Desulfobacterota (1). The 

GLY treatment had produced 42 MAGs, with the 5 passed MAGs from bacterial phyla 

Actinobacteriota (2) and Firmicutes (3). Of the 34 MAGs recovered from the NIT treatment, 

10 bacterial candidates passed were from Actinobacteriota (4), Firmicutes (4), and 

Proteobacteria (2). The MAGs recovered from the ROC treatment contained 50 total candidates 

with 12 passing from bacterial phyla Bacteroidota (1), Bdellovibrionota (1), Patescibacteria (2), 

and Proteobacteria (8). Assembly statistics, MIMAG data, and GTDB-tk classification for the 

passing subset of bins recovered from the control soil and treatment substrate metagenomes 

can be found in Supplementary Table 12. 

 The MAGs binned from the treatment metagenomes saw improvements across certain 

assembly statistics as reported by CheckM (Figure 3.5). Significant differences according to 

the Kruskal–Wallis rank sum test were reported between bins from the control and treatments 

in the N50, mean contig lengths, and coverage statistics, with a general increase/improvement 

observed within MAGs binned from the treatment substrates. The increase in assembly 

statistics within the treatment bins was also seen in the subset of ‘passed’ bins. The exception 

was within the estimated completeness reported between MAGs binned from the control and 

treatment, which showed no significant differences between the groups. 
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Figure 3.5.  

Boxplots with standard error bars displaying assembly statistics for bins recovered from 

the control and treatment substrates. The assembly statistics are A) estimated completeness, 

B) coverage, C) mean length of the contigs and D) N50 contig size as reported by CheckM. 

The data explored the genomic bins recovered from control soil and the glycine + glucose 

(GLY), glycine + glucose + sodium nitrate (NIT), and no nutrient (ROC) substrates. The 

treatments are analyzed within two groups, one containing all the recovered bins and the other 

containing only MAGs that passed a minimum standard for use as a draft genome (>60% 

completeness, <5% contamination). 
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3.7 Discussion 

Advances in high-throughput sequencing technology have allowed users to explore 

environmental microbiomes on a large scale. Improvements in sequencing technology, 

however, have far outpaced Moore’s Law and are leading to bottlenecks in the ability to provide 

sufficient computing power for processing the exponentially growing data [55]. High 

complexity microbial communities have presented a persistent issue for in-silico metagenomic 

analyses and in combination with computational bottlenecks, will eventually hit a roadblock 

where in-depth analysis of large-scale sequence data from complex microbiomes may become 

unfeasible. Quantum computing is the purported solution to the stagnation of computational 

growth, but both the technology and its application for use in sequence assembly are still very 

much in their infancy [56]. A potential solution to this challenge is to focus on pre-sequencing 

refinement, which acts as a filter similar to the way in-silico data can be filtered for relevant 

targets to reduce the need to process superfluous information. 

 The MCT appeared to produce better computational resource and sequence utilization 

within the treatment substrates. The reduction of complexity in the treatment substrates also 

reduced the estimated sequencing effort needed for sufficient coverage of the diversity present, 

as well as reduced the computational resources required for assembly. The sequence data from 

the treatments displayed improved assembly statistics and sequence quality parameters 

compared to the control soil from the greater environment, which was also reflected in the 

improved statistics reported in the MAGs recovered. The reduction in required experimental 

resources using the MCT improves the accessibility of the metagenomic approach for 

environmental microbial ecology, which may benefit researchers from low- and middle-

income countries who may struggle with obtaining sufficient sequencing and computing 

throughput. 
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 The improved coverage and reduced required sequencing efforts observed through use 

of the MCT could also be beneficial for applications using long-read sequencing in 

metagenomic studies. The use of the MCT could address the lower throughput rates of long-

read sequencers and the higher average coverage can assist in better rates of consensus for error 

correction [57]. The ability to efficiently use long-read sequencing in more metagenomic 

studies could improve the quality of draft MAGs by producing less fragmented and longer 

contigs when compared to sequences assembled with short-read sequencing [58]. Another 

benefit is the characterization of biosynthetic gene clusters, which code for secondary 

metabolites that are not generally expressed under cultivation conditions and are often difficult 

to assemble via short-read sequencing [59]. The MCT platform enabling potential widespread 

use of long-read sequencing could provide more accurate annotation of MAGs by enabling 

better resolutions of taxonomic and functional markers, which could improve the classification 

of new metagenomic specimens or allow the ‘polishing’ of existing MAGs, both of which 

would contribute to further understanding of microbial ecology [57, 60]. 

 The reduced complexity communities within the GLY and NIT nutrient treatment 

substrates appeared to promote taxa from bacterial phyla Actinobacteria, Firmicutes and 

Proteobacteria. These phyla constitute three of the highest cultivated bacterial representatives, 

suggesting that bacteria from these taxa are the least fastidious and quickest in terms of growth 

and propagation [17]. This effect was similarly observed in a groundwater enrichment 

experiment where simple carbon compounds widely utilized by microorganisms (such as 

glucose), promoted low biodiversity communities with taxa from highly cultivated 

representatives [61]. The experiment by Wu et al. [61] however, also showed that complex 

carbon enrichments have significantly increased diversity from the simple carbon treatments 

but also increased the propagation of rare candidates from taxa underrepresented in cultured 



131 

 

 

organisms. This suggests that although nutrients that target ubiquitous metabolic pathways can 

produce simplified communities, focusing on formulation strategies for creating selective 

enrichment substrates is key for targeting rare taxa from originally diverse communities.  

 Although not represented in substantial numbers within the overall taxonomic profile 

of the metagenome, MAGs from the bacterial phyla Bdellovibrionota and Patescibacteria were 

recovered from the ROC treatment substrate. Patescibacteria is synonymous with the Candidate 

Phyla Radiation (CPR), a superphylum which contains virtually no cultivated representatives 

with studies on CPR members reliant on environmental MAGs [62]. Evidence suggests that 

CPR representatives are symbionts in nature [63, 64] and Bdellovibrionota consists of obligate 

predatory bacteria that predate various gram-negative species [65, 66], both likely towards the 

dominant Proteobacteria population seen within the ROC treatment. This is supported by the 

various significantly enriched metabolic genes related to phage and secretion systems 

potentially indicating increased negative microbial interactions. This is an indicator of the 

MCT’s ability to facilitate inter-species interactions with the capture pill’s potential to create 

conditions that promote the capture of symbiont/parasitic taxa, especially those from rare CPR 

members. 

The observed microbial growth in the absence of an enrichment source suggests that 

the ecological interactions between the capture substrate and the greater soil environment 

played a crucial role in the growth of the microbial community within the ROC treatment. 

Microbial interactions have been shown to be core to the development of microbial 

communities and facilitating these exchanges are critical for the survival of many 

microorganisms [67, 68]. A pertinent example includes several metabolic genes related to 

siderophores, which are associated with iron transport and cell signalling, and were observed 

to be significantly enriched in the ROC treatment [69]. The lack of a carbonaceous substance 
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as a chemo-attractant [70] to drive microbial cellular movement in the ROC treatment indicates 

that diffusion may play a large role in the colonization of the substrates [71]. This demonstrates 

the MCT’s potential to sequester taxa but still facilitate exchange between the microbial 

community from the captured subset and the greater soil environment, allowing for vital 

interactions that may not be available within traditional isolation techniques. 

From observations such as substantial shifts in the taxonomic and metabolic profiles, 

higher levels of unique taxa and functional genes compared to other samples, as well as from 

identified MAGs, the ROC treatment appeared to be the most effective in the selective 

capturing of taxa. The unique taxa count at the genus level showed that even without nutrients 

the MCT was observed to recover diversity not seen within the control soil, with the added 

advantage of potentially avoiding the less fastidious, fast-growing copiotrophs seen in the 

nutrient treatments with simple substrates. The reduction of carbohydrate- and cofactor-related 

metabolic genes seen at the community level in the ROC treatment reflects the reduced 

presence of these functions in known Patescibacteria genomes [72]. Along with increases in 

motility and chemotaxis related genes which have important roles in microbial symbiosis [73] 

suggests that the conditions provided by the ROC treatment were suited towards the capture of 

symbionts. Chemotaxis and the metabolism of aromatic compounds are important processes in 

microbial biodegradation [74], with the community within the ROC substrate potentially 

containing bioprospecting targets for candidates or metabolic genes for use in this application. 

Selective pressure and the promotion of host associations are some of the approaches crucial 

for accessing the rare biosphere [75], with the MCT providing vital insight as an in-situ strategy 

for further exploration.  

 The use of the MCT system as an intermediary appeared to be a better overall 

alternative for recovery of environmental genomic material compared to directly extracting 
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from soil. This was demonstrated by the improved assembly statistics and sequence quality 

measures over the control soil, even with the absence of a selective nutrient supply. The 

improvements may be due to performing DNA extraction from an inert substrate and avoiding 

common issues with processing soil directly, such as the presence of humic substances, which 

affect the yield and quality of extracted DNA and often requires extensive purification steps 

[76, 77]. In addition, the substrate may aid in DNA extraction for microorganisms from soils 

of varying physicochemical properties, by providing a consistent medium for easier 

optimization of extraction protocols [78].  The data from this study suggests the MCT system 

presents a cleaner, more reliable approach to sample soil ecosystems that potentially improves 

the quality and yield from DNA extraction processes. 

 Compared to other selective systems, the MCT's strength lies in its accessibility, 

scalability, and modularity. As the capture substrate has direct contact with the target 

environment, it provides access to symbiosis between synergistic partners as potentially 

observed from data from the ROC treatment, which would be impeded by a membrane 

separation approach [21]. The modular nature of the nutrient release system means users can 

quickly deploy formulations with different nutrient constituents and ratios, allowing for parallel 

in-situ environmental testing of microbial response to physicochemical conditions for 

developing optimal cultivation methods [17]. This has the potential for the MCT being adapted 

into a high-throughput cultivation platform where tailored formulations, potentially including 

selective inhibitors (e.g., antibiotics, toxins, metabolic/enzymatic inhibitors, etc) could be used 

in the nutrient delivery system to create series of highly selective substrates. As demonstrated 

in the ROC treatment, substrates with high selective pressure could elucidate the presence of 

taxa not seen within the original environment, whilst preventing the propagation of fast-
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growing, more commonly grown microorganisms which could inhibit the growth of more 

fastidious species. 

 Although the MCT system shows potential in improving genomic data recovery in this 

pilot study, there are many challenges and further strategies that need to be addressed for future 

ventures. The reduction of complexity also results in the inevitable loss of biodiversity, such 

as the loss of bacterial phyla Acidobacteria, Candidatus Rokubacteria, and Verrucomicrobia, 

as well as archaeal Thermoproteota from the control soil population – all underrepresented and 

desirable taxa for further research for cultivation strategies [17]. Further exploration of 

selective nutrient formulations is also needed to better select for underrepresented taxa from 

high diversity environments. However, the enrichment process of the most abundant taxa may 

be an advantage in low biomass and/or extreme ecosystems where all taxa are potentially of 

interest, with the MCT-based propagation providing a more consistent subsample with better 

yield. Although promising, additional experimentation is required to test the robustness of the 

MCT system in different ecosystem types, physicochemical settings, and with various nutrient 

formulations. 

3.8 Conclusion 

The MCT was designed to remedy the persistent challenges with processing high complexity 

microbial communities, as well address the bottleneck of increasing computing burden from 

exponentially growing sequencing throughput. The MCT system as a method for pre-

sequencing amendment has shown potential in improving sequence quality and computational 

resource utilization for metagenomic applications. Its modular nature allows users to exchange 

nutrients and capture pills as desired, allowing the MCT to be adapted to different environments 

and select for various biochemical processes of interest. Our hope is that the MCT can aid in 

furthering in-silico approaches for developing bioprospecting and microbial cultivation 
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strategies for underrepresented and novel taxa, as well as improve accessibility through the 

reduction of computing and sequencing resource requirements. 
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CHAPTER 4 

Bioprospecting by Mining Publicly Available Genomic Data 
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4.1  Chapter Overview 

Environmental issues arising from petroleum-based plastic production is quickly becoming an 

insurmountable problem if left unchecked. Introduced in this chapter are the issues of fossil 

fuel use in the production in plastics, as well as the accumulation of non-degradable plastic 

waste rapidly contributing towards hazardous effects on the climate and upon natural 

ecosystems. The sustainable approach explored within this chapter that can potentially utilize 

renewable materials for production and creating biodegradable polymers that can be disposed 

of safely, may be the key to solving this dilemma. The case study presented in this chapter 

seeks to investigate strategies towards discovering microbial-based biopolymer alternatives 

that could aid in solving the issues surrounding the use of petroleum-based plastics. 

 Polyhydroxyalkanoates (PHAs) are biopolymers produced by microorganisms as a 

carbon-based energy storage substrate. PHAs are biodegradable, non-toxic and inert, with 

research into agricultural, food, and green waste as an avenue of providing sustainable 

feedstock for microbial-based production methods. Widespread use of microbially-produced 

PHAs is not yet feasible due to issues with the efficiency of the production and extraction 

processes, along with the polymer compositions of current PHAs not yet meeting the standards 

required for broad industrial use. With the advent of next-generation sequencing, online 

sequence repositories have swelled with libraries of genomic information that could potentially 

be tapped for information regarding PHA biosynthesis. The study in the chapter aims to mine 

publicly available environmental genomes for the presence of PHA synthase (PhaC), a key 

enzyme involved in PHA biosynthesis, to discover potential microbial candidates that can 

diversify the current methods of PHA production. 

 The paper presented in this chapter is a proof-of-concept study for the utilization of 

curated sequence data and contextual information available from global databases for use in 
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developing bioprospecting strategies. The study aimed to investigate publicly available 

genomic data, along with the associated environmental metadata to discern taxonomic and 

ecological patterns that could aid in improving the understanding microbial PHA production 

(Aim 4). The research would cumulate as a list of bacterial and archaeal genomes that could 

be sorted by PhaC class, taxonomy, and ecosystem information, along with the PHA protein 

sequence predicted for each candidate. Alongside providing solutions towards a persistent 

environmental issue, this chapter highlights that the accessibility to readily available and 

searchable metadata is as important as the availability of sequence data for use in scientific 

analyses.  

4.2  Publication 4 – Research Article 

Vuong, P., Lim, D. J., Murphy, D. V., Wise, M. J., Whiteley, A. S., & Kaur, P. (2021). 

Developing Bioprospecting Strategies for Bioplastics Through the Large-Scale Mining of 

Microbial Genomes. Frontiers in Microbiology, 12(1950), 1-11. 10.3389/fmicb.2021.697309 

Developing Bioprospecting Strategies for Bioplastics Through the Large-

Scale Mining of Microbial Genomes 

Paton Vuong1, Daniel J. Lim2, Daniel V. Murphy1, Michael J. Wise3,4, Andrew S. Whiteley5 

and Parwinder Kaur1 

1 UWA School of Agriculture and Environment, The University of Western Australia, Perth, 

WA, Australia; 2 Department of Physics and Astronomy, Curtin University, Perth, WA, 
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4.3 Abstract 

The accumulation of petroleum-based plastic waste has become a major issue for the 

environment. A sustainable and biodegradable solution can be found in Polyhydroxyalkanoates 

(PHAs), a microbially produced biopolymer. An analysis of the global phylogenetic and 

ecological distribution of potential PHA producing bacteria and archaea was carried out by 

mining a global genome repository for PHA synthase (PhaC), a key enzyme involved in PHA 

biosynthesis. Bacteria from the phylum Actinobacteria were found to contain the PhaC Class 

II genotype which produces medium-chain length PHAs, a physiology until now only found 

within a few Pseudomonas species. Further, several PhaC genotypes were discovered within 

Thaumarchaeota, an archaeal phylum with poly-extremophiles and the ability to efficiently use 

CO2 as a carbon source, a significant ecological group which have thus far been little studied 

for PHA production. Bacterial and archaeal PhaC genotypes were also observed in high salinity 

and alkalinity conditions, as well as high-temperature geothermal ecosystems. These genome 

mining efforts uncovered previously unknown candidate taxa for biopolymer production, as 

well as microbes from environmental niches with properties that could potentially improve 

PHA production. This in silico study provides valuable insights into unique PHA producing 

candidates, supporting future bioprospecting efforts toward better targeted and relevant taxa to 

further enhance the diversity of exploitable PHA production systems. 

4.4 Introduction 

Plastic waste pollution has become a significant issue, with plastic waste as of 2015 amounting 

to 6,300 million metric tons predicted to almost double to 12,000 million metric tons by 2050, 

with only 9% being recycled, 12% disposed of through incineration and 79% of which is sent 

to landfill or ending up in the natural environment (Geyer et al., 2017). The disposal processes 

for petroleum-based plastics are notoriously problematic—incineration is costly and produces 
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toxic by-products and recycling is slow due to sorting required to accommodate the wide range 

of plastic formulations with certain plastic additives often limiting their use in recycling 

(Anjum et al., 2016). In addition, the production of plastics accounts for 4–8% of the global 

consumption of oil, with the projected use rising to 20% by 2050 (Narancic et al., 2020). The 

need for biodegradable and sustainable alternatives has, therefore, become critical with 

microbially produced polyhydroxyalkanoates (PHAs) showing significant promise as an 

economically viable replacement for petroleum-based plastic (Meereboer et al., 2020). 

Polyhydroxyalkanoates (PHAs) are a group of microbially-made polyesters: 100% 

biodegradable, thermoplastic, insoluble in water, non-toxic and biocompatible. The major 

advantage for waste management is that PHA products are 100% biodegradable (compostable 

bioplastics) in the land and ocean, leaving no lasting waste management footprint. As such 

these biopolymers are well suited as a “green” alternative to petroleum-based plastics by being 

both biodegradable and non-toxic (Dietrich et al., 2017). Prokaryotic species that produce 

PHAs are broad and include many bacteria, such as Alcaligenes latus, Ralstonia eutropha, 

Azotobacter beijerinckii, Bacillus megaterium and Pseudomonas oleovorans (Bhuwal et al., 

2013; Anjum et al., 2016), as well as several archaea from the family Halobacteriaceae (Han 

et al., 2010; Hermann-Krauss et al., 2013). PHAs are produced by microorganisms as a form 

of intracellular energy storage, within the microbial cytoplasm, and manifests when there is an 

excess supply of carbon but other essential nutrients, such as oxygen, nitrogen, and phosphorus 

are deficient (Laycock et al., 2014). The carbon-based “feedstocks” used in the development 

of efficient microbial PHA production are derived from sustainable and low-cost sources: 

agricultural waste (starch, lignocellulose and animal carcasses), molasses, whey, waste oils and 

glycerol from the production of biodiesel (Cui et al., 2016). 
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The types of PHAs produced by individual microorganisms are categorized by the 

number of carbon atoms within the monomer units that form the PHA polymer: short-chain 

length (SCL) PHAs consist of 3–5 carbon atoms, medium-chain length (MCL) PHAs with 6–

14 carbon atoms and PHAs with > 14 carbon atoms are considered long-chain length (LCL) 

(Sagong et al., 2018). The mechanical properties of PHAs are influenced by the carbon length 

of the monomers, SCL-PHAs due to their crystalline structure, are generally stiff, brittle and 

have poor thermal stability, requiring modified processing approaches for an improved product 

(Wang et al., 2016). In comparison, MCL-PHAs have good thermos-elastomeric properties but 

are mainly limited to bacteria from the family Pseudomonadaceae (Oliveira et al., 2020). LCL-

PHAs are rare and only produced by Pseudomonas strains (Meereboer et al., 2020) and have 

seen less interest within the area of bioplastic development (Muneer et al., 2020). 

The enzyme responsible for the polymerization of monomeric substrates during PHA 

biosynthesis is PHA synthase (PhaC) which is organized into four classes depending on their 

primary protein structure, substrate specificity and subunit composition (Rehm, 2003). Class I 

contains a type of PhaC (∼60 kDa) which forms a homodimer; Class II has two synthases 

PhaC1 and PhaC2 (∼60 kDa each), in which only PhaC1 is physiologically active; Class III 

forms a heterodimer with a catalytic subunit PhaC (40–53 kDa) and a secondary subunit PhaE 

(20–40 kDa); and lastly, Class IV also forms a heterodimer with a catalytic subunit PhaC (41.5 

kDa) and a secondary subunit PhaR (22 kDa) (Mezzolla et al., 2018). Class I and IV PhaCs 

favor SCL monomers, with carbon chain lengths C3-C5 whilst Class II PhaC prefer MCL 

monomers, composed of carbon chain lengths C6-C14 (Chek et al., 2017). Class III PhaCs also 

favor C3-C5 SCL monomers but can also utilize substrates with C6-C8 carbon chain lengths 

(Rehm, 2003; Ray and Kalia, 2017). 
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More than 150 unique monomers have been discovered within PHA polymer samples 

since the discovery of PHA (Agnew and Pfleger, 2013). PHA polymer properties meet the 

design needs of nearly all synthetic plastics providing considerable industrial product design 

and manufacturing flexibility. As an example, PHAs have physical properties similar to 

synthetic polyethylene and polypropylene (polyolefins) which are used extensively in single-

plastic use products which are at higher risk of becoming waste. The composition of the 

monomers is tied to the substrate specificity of the individual PhaC enzyme, and PHAs with 

novel monomer compositions are constantly being discovered from bacteria in various 

environments (Sharma et al., 2017). PhaCs with broad substrate specificity are desirable for 

two major reasons. PHA with co-polymer composition have been observed to possess better 

physical properties compared to homopolymer SCL-PHAs (Chek et al., 2017; Ray and Kalia, 

2017). In addition, they can more readily utilize a wider range of carbon substrates which could 

potentially include inexpensive plant or animal waste products (Nielsen et al., 2017; Surendran 

et al., 2020). 

Microbial bioprospecting of large genome collections for the presence of PhaCs could 

be a viable approach to discover new substrate specificities and monomer compositions that 

could improve current PHA production systems. Genome mining is a method of in silico 

bioprospecting where collections of genome sequences are searched for putative enzymes 

involved in the biosynthesis of secondary metabolites (Ziemert et al., 2016). The Integrated 

Microbial Genomes and Microbiomes system (IMG/M) is an online platform that allows users 

access to a global repository of genome and metagenome datasets (Chen et al., 2021). The 

Genomes OnLine Database (GOLD), provided through IMG/M, is a manually curated database 

with a metadata reporting system that allows users to easily tabulate and browse the associated 

metadata assigned to each submitted genome (Mukherjee et al., 2021). Exploring the global 
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distribution of microorganisms along with access to large scale ecological data could give 

valuable insight toward taxa that are less studied, as well as environmental microbes that exist 

in extreme or unusual ecosystems, for their potential in improving current PHA production 

methods. 

4.5 Materials and Methods 

Preparation of Bacterial and Archaeal Data 

A set of 16,576 bacteria (accessed 14th Dec 2020) and 1932 archaea (accessed 20th Feb 2021) 

genome sequences along with their associated taxonomic and ecosystem metadata were 

obtained from the IMG/M1 warehouse to create the experimental dataset (Supplementary Data 

1, 2). Due to the large volume of bacterial sequences available, only the JGI sequenced bacteria 

genomes were obtained for this study, whereas all available archaeal genomes (both JGI and 

externally sequenced) were downloaded. PhaC protein sequences used to query the genome 

sequences were sourced from UniprotKB2 database using the search term “gene:phac” and 

included both reviewed (Swiss-Prot) and unreviewed (TrEMBL) results (The UniProt C, 2021). 

The bacterial PhaC protein sequences were filtered using the term “taxonomy:bacteria” with a 

resulting 4,038 sequences (accessed 21st Jan 2021) and archaeal sequences with 

“taxonomy:archaea” resulting in 178 sequences (accessed 20th Feb 2021). Available protein 

sequences retrieved from UniprotKB were limited to Class I, II, and III PhaCs for bacterial 

sequences and Class I and III for archaeal sequences. Bash3 and MATLAB4 were used to 

conduct the sorting and categorization of the large-scale data. The scripts are available in our 

GitHub5 repository. 

PhaC Reference Sequence Preparation and Curation 

The sequences were first manually curated through visual inspection of the metadata. The 

following categories of sequences were removed through inspection of the protein name: (1) 
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Names determined to not be PhaCs, (2) Names with ambiguous function, (3) Putative PhaCs 

and (4) Fragment PhaCs. PhaC sequences with amino acid lengths < 328 in bacteria and < 100 

in archaea were also filtered out as “fragments.” Duplicate protein sequences were removed. 

Subsets of the PhaC sequences created according to the class listed in the protein name field 

from the respective metadata entry. Where the protein name entry did not identify the class, 

the TIGRFAM metadata entry was used to assign the PhaC class. 

BLAST + v2.10.1 was used to classify the remaining unclassified PhaCs (Camacho et 

al., 2009). The combined subset of known PhaC (Class I, II, and III for bacterial PhaC and 

Class I and III for archaeal PhaCs), were aligned via BlastP with e-value = 1 × 10–10 against 

the unclassified PhaC sequences of the respective taxonomic domain. The unclassified 

sequences were then classified according to the class of the query sequence with the lowest e-

value. In cases where multiple hits achieved the lowest e-value, the query sequence with the 

highest bitscore was used for classification. The final curated protein sequence dataset used for 

the prediction of PhaCs in the genome datasets were 2,799 bacterial PhaCs (Class I = 1,799; 

Class II = 604; Class III = 375; Unknown = 1) and 140 archaeal PhaCs (Class I = 2; Class III 

= 137; Unknown = 1). The final curated bacteria and archaea query PhaC protein sequences 

and associated metadata are available in Supplementary Data 3, 4, respectively. 

PhaC Distribution in the Genome Datasets 

The PhaC protein sequences were aligned against their respective domain genome sets 

(Supplementary Data 1, 2) using TblastN with e-value = 1 × 10–10. A single best hit was chosen 

from each genome as the representative PhaC protein sequence for use in downstream 

phylogenetic comparisons by selecting the lowest e-value result. In cases where multiple hits 

achieved the lowest e-value, the hit with the highest bitscore was used as the representative 

predicted PhaC sequence. The UniprotKB ID of the matching query, as well as PhaC Class, 
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were appended onto the taxonomic and ecosystem metadata of IMG genomes for identified 

PhaC genotypes and can be found in Supplementary Data 5, 6 for bacteria and archaea, 

respectively. Multiple sequence alignment was performed using both the BLAST predicted 

PhaC sequences within genomes and the curated Uniprot reference sequences via Kalign 3, 

with default settings (Lassmann, 2020). The alignment was performed for all PhaC protein 

sequences within their respective domains to visualize the distribution of PhaC classes. Due to 

the large number of sequences, FastTree v2.1.10 (Price et al., 2010) was used to create 

maximum-likelihood phylogenetic trees using the WAG amino acid substitution model, 

implemented through the Galaxy6 online platform (Afgan et al., 2016). Phylogenetic trees were 

visualized using the Interactive Tree of Life7 (iTOL) online tool (Letunic and Bork, 2019). 

4.6 Results 

Phylogenetic Distribution of Bacterial PhaCs Genotypes 

Within the maximum-likelihood tree, the bacterial PhaC protein sequences appeared to form 

generally distinct groupings within their respective classes in the phylogenetic tree, with Class 

III PhaCs showing relatively high variation in phyla compared to those seen in Class I and II 

PhaCs (Figure 4.1A). PhaCs of unknown class were included to determine if their classification 

could be inferred via phylogenetic tree reconstruction. From the phylogenetic tree, the 

unknown class sequences appear to fall within the majority Class III grouping on the tree. 

However, the placements appear to be close to a variable region where different PhaC classes 

are dispersed and as such tentatively remained unclassified and were omitted from further 

analysis. 
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Figure 4.1 

Maximum-likelihood tree of (A) bacterial and (B) archaeal PHA Synthase protein 

sequences. Sequences include both UniprotKB query sequences and BLAST identified 

sequences from IMG genomes. Uncoloured strip sections indicate unclassified data. Created 

using Interactive Tree of Life (iTOL). 

 

From the initial bacterial genome dataset PhaCs were identified in 24.8% (n = 4,119) 

of the genomes. From this subset of genomes with PhaC genotypes, 2339 Class I, 529 Class II 

and 1,229 Class III PhaCs were identified according to the class of the matching query sequence 

used in the BLAST search (Supplementary Data 5). Class I PhaCs from the genome dataset 

were identified predominantly in Proteobacteria comprising 98.2% (n = 2,298) of the Class I 

containing genomes with the remaining 1.8% comprising of Actinobacteria (n = 26), 

Bacteroidetes (n = 12), Candidatus Dadabacteria (n = 1), Chloroflexi (n = 1) and Spirochetes 

(n = 1). Within Class II PhaC identified genomes, Proteobacteria were also dominant appearing 

in 81.5% (n = 431) of the genomes with the remaining 18.5% from Actinobacteria (n = 97) and 

Bacteroidetes (n = 1). Class III PhaCs in comparison were identified in a much larger variety 
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of phyla although Proteobacteria still remaining the largest contributor at 51.8% (n = 637), 

followed by Actinobacteria 27.7% (n = 341), Firmicutes 12% (n = 148), with the remainder 

consisting of established phyla 5.4%; Acidobacteria (n = 5), Bacteroidetes (n = 13), Chloroflexi 

(n = 9), Cyanobacteria (n = 17), Elusimicrobia (n = 3), Gemmatimonadetes (n = 2), Nitrospirae 

(n = 3), Planctomycetes (n = 3), Spirochetes (n = 9), Verrucomicrobia (n = 2) and from 

candidatus or unknown phyla 3.1%; candidate division NC10 (n = 1), Candidatus 

Blackallbacteria (n = 3), Candidatus Dadabacteria (n = 1), Candidatus Falkowbacteria (n = 3), 

Candidatus Kaiserbacteria (n = 2), Candidatus Melainabacteria (n = 3), Candidatus 

Moranbacteria (n = 1), Candidatus Riflebacteria (n = 1), Candidatus Rokubacteria (n = 15), 

Candidatus Wallbacteria (n = 1), and unclassified (n = 6). 

Environmental Distribution of Bacterial PhaCs Genotypes 

To determine the distribution of bacteria PhaC genotypes in relevant environments, genomes 

were used if marked as “environmental,” under the GOLD ecosystem category, or “aquatic” or 

“terrestrial” under the GOLD ecosystem category, in the metadata contained in Supplementary 

Data 5. Entries that were “unclassified” were not pertinent regarding environmental 

information and were omitted. From the identified PhaC genotypes, environmental genomes 

were observed containing 765 Class I, 114 Class II and 370 Class III PhaCs (Figure 4.2). 
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Figure 4.2 

Environmental distribution of bacteria and archaea PHA Synthase genotypes. The 

relative abundance of IMG Genomes with classified GOLD ‘Aquatic’ or ‘Terrestrial’ 

ecosystem categories. 

 

Class I PhaC genotypes were most abundant in diverse environments with 32.8% (n = 

251) present in “Freshwater,” 30.4% (n = 232) in “Soil” and 21.8% (n = 167) from “Marine” 

ecosystem types. Class I were also present in other aquatic ecosystem types consisting of; 5.2% 

(n = 40) “Non-marine saline and alkaline,” 5.1% (n = 39) “Sediment” and 2% (n = 15) 

“Thermal springs.” The remaining 2.7% appeared in small amounts from terrestrial 

environments; (n = 5) “Agricultural field,” (n = 1) “Deep subsurface” and (n = 1) “Oil reservoir.” 

Within Class I bacterial genotypes, the presence of Proteobacteria were prevalent across all 

observed ecosystem types, with trace representations of Actinobacteria in “Soil” and “Thermal 
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springs,” Bacteroides in “Freshwater” and “Soil,” Chloroflexi in “Marine,” Spirochetes in 

“Freshwater” and Candidatus Dadabacteria in “Soil” (Supplementary Table 1). 

Over half of Class II PhaC genotypes were found in “Soil,” with 58.8% (n = 67) 

representation with the second and third largest percentage consisting of diverse aquatic 

environments, 18.4% (n = 21) “Freshwater” and 9.6% (n = 11) “Marine” ecosystem types. The 

rest of the Class II genotypes were found in the remaining 7% terrestrial environments; (n = 4) 

“Geologic,” (n = 3) “Agricultural field,” (n = 3) “Peat” and (n = 1) “Mud volcano” as well as 

3.6% aquatic environments; (n = 2) “Non-marine saline and alkaline,” (n = 1) “Sediment” and 

(n = 1) “Thermal springs.” From the Class II genotypes, Proteobacteria was present across 

almost all observed ecosystem types, with Actinobacteria being the only other phylum present, 

found mostly within “Soil” and in trace amount across “Freshwater,” “Marine” and “Geologic” 

and the sole representative within “Mud volcano” (Supplementary Table 2). 

Class III PhaC genotypes followed the trend of having the highest percentage of 

abundance in diverse terrestrial and aquatic environments with 45.4% (n = 168) in “Soil,” 

25.9% (n = 96) “Freshwater” and 16.6% (n = 61) from “Marine” ecosystem types. Class III 

genotypes were present in other aquatic environments with relative abundances of; 5.7% (n = 

21) “Non-marine saline and alkaline,” 3% (n = 11) “Thermal springs,” 1.4% (n = 5) “Sediment” 

and 0.3% (n = 1) “Aquaculture” with the remaining 1.8% from terrestrial ecosystem types; (n 

= 2) “Agricultural field,” (n = 2) “Geologic” and (n = 1) “Cave.” Compared to Class I and II, 

Class III genotypes were highly diverse across the observed ecosystem types (Supplementary 

Table 3). The ecosystem types containing Class III genotypes of note were “Freshwater” and 

“Soil,” with the highest levels of diversity across all PhaC classes and were observed to contain 

representatives of several Candidatus phyla. 
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Environmental bacterial PhaC genotypes also investigated to determine whether they 

were recovered from unusual or niche settings (Table 1). Within each class a total of 8.6% (n 

= 66) Class I, 5.4% (n = 6) Class II and 10.8% (n = 40) Class III PhaC genotypes were found 

in ecosystems with extreme physicochemical conditions. The most common niche 

environments present across all bacterial PhaC genotypes were high salinity and alkalinity 

conditions found in “Non-marine saline and alkaline” ecosystem types and the unique high-

temperature geothermal environments found in “Thermal springs” and ‘Mud volcano” 

ecosystem types as well as “Hydrothermal vents” found in “Marine” ecosystem types. Bacteria 

PhaC genotypes were also found in acidic, desert, saline or permafrost environments, as well 

as ecosystems with petroleum contamination: “Oil reservoir” and “Creosote-contaminated soil.” 

The distribution of phyla across these niche ecosystem settings for Class I, II and III bacterial 

genotypes can be found in Supplementary Tables 1–3, respectively. 
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Table 4.1 

Environmental PhaC genotypes found in extreme physicochemical conditions. Descriptors are 

taken from GOLD metadata under the ecosystem subtype or habitat headings. Ecosystems with 

no descriptors inherently contain extreme conditions. 

Ecosystem Type 
Extreme ecosystem subtype or habitat 

descriptors 

Bacteria PhaC 
Archaea 

PhaC 

Class I Class II Class III Class III 

Marine 
Deep oceanic, basalt-hosted subsurface 

hydrothermal fluid, Hydrothermal vents 
3 2 4 3 

 Deep-sea    3 

 Creosote-contaminated soil   1  

Non-marine saline 

and alkaline 
 40 2 21 44 

Thermal springs  15 1 11 7 

Geologic Acid Mine 2    

 Saline water, Salt, Salt mine 4   3 

Oil reservoir  1    

Mud volcano   1   

Rock-dwelling Halite pinnacle    55 

Soil Creosote-contaminated soil   1  

 Desert soil 1  1  

 Permafrost sediment   1  

  Saline    3 

Subtotal  

(Relative abundance) 

66 6 40 118 

(8.6%) (5.3%) (10.8%) (57.8%) 

 

Phylogenetic Distribution of Archaeal PhaCs Genotypes 

In the maximum-likelihood tree, most of the archaeal PhaC protein sequences belonged to 

Class III PhaCs, with the few Class I and unclassified Class PhaCs sequences appeared to group 

closely together apart from the Class III PhaCs (Figure 1B). Due to the ambiguity of the 

unknown class PhaCs, they were omitted from further downstream analysis. Within the Class 

III PhaCs, a distinct grouping can be observed from Class III PhaCs belonging to Euryarchaeota 
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compared to the Class III PhaCs found in Crenarchaeota and Thaumarchaeota. From the initial 

dataset of archaeal genomes, there were PhaCs predicted in 17.5% (n = 338) of the samples 

(Supplementary Data 6). The sole genome containing Class I (n = 1) belonged to the phylum 

Euryarchaeota. Class III was the dominant PhaC genotype appearing within the archaea 

genomes with 65.4% belonging to Euryarchaeota (n = 217), 30.1% from Thaumarchaeota (n = 

100), 3% from Crenarchaeota (n = 10) and the remaining 1.5% unclassified (n = 5). 

Environmental Distribution of Archaeal PhaCs 

Within the archaeal PhaC identified genomes, only Class III PhaC genotypes had representative 

samples from environmental settings according to the GOLD metadata listed in Supplementary 

Data 6 (Figure 2). The highest abundance environments that archaea Class III genotypes were 

present in were 29.4% (n = 60) “Marine,” 27.4% (n = 56) “Rock-dwelling” and 21.6% (n = 44) 

“Non-marine saline and alkaline” ecosystem types. Contrary to the bacteria PhaCs, archaea 

Class III PhaCs genotypes were less represented in the diverse ecosystem with abundances of 

8.3% (n = 17) in “Freshwater” and 4.9% (n = 10) from “Soil” with the remaining found in 3.4% 

(n = 7) “Thermal springs,” 3.4% (n = 7) “Geologic” and 1.6% (n = 3) from “Sediment” 

ecosystem types. Euryarchaeota were present across all observed ecosystem types, with 

Thaumarchaeota present in “Freshwater,” “Marine,” “Thermal springs” and “Soil,” 

Crenarchaeota present solely in “Marine,” and unclassified archaeal phyla within “Marine” and 

“None-marine saline and alkaline” (Supplementary Table 4). 

Over half of the archaea Class III genotypes were found in extreme settings with 57.8% 

of all archaea PhaC environmental genomes from ecosystems with extreme physicochemical 

conditions (Table 1). The two settings that formed the majority of extreme ecosystems were 

the saline “Halite pinnacle” found in almost all the “Rock-dwelling” ecosystem types as well 

as the high salinity and alkalinity “Non-marine saline and alkaline” ecosystem types. Aside 
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from other saline environments, archaea PhaC genotypes were also found in the “Marine” 

ecosystems within “deep sea,” and “Hydrothermal vents” habitats as well as from “Thermal 

springs” ecosystems. The distribution of archaeal phyla within the observed niche settings can 

be found in Supplementary Table 4. 

4.7 Discussion 

The genome mining effort has provided an encompassing view of the phylogenetic and 

ecological distribution of bacterial and archaeal PhaC genotypes. This in silico microbial 

bioprospecting method presents a broad categorization method that inexpensively searches 

publicly available data for PHA producing candidates across multiple bacterial and archaeal 

phyla. Through this approach, we were able to visualize the presence of different PhaC classes 

amongst various phyla and ecosystems. The resulting data provided insights on the general 

distribution of PhaC genotypes including ecological “hot spots,” as well as presenting 

microbial candidates that could improve current PHA production systems by utilizing cheaper 

feedstock or providing more efficient operating conditions. 

PhaC genotypes appeared in a broad number of bacterial and archaeal genomes, 

consisting of 24.8 and 17.5%, respectively of the genome datasets, suggesting that PHAs are a 

relatively conserved form of carbon energy storage within bacteria (Serafim et al., 2018) and 

archaea (Wang et al., 2019b). This is also supported by the distribution of Class III PhaCs in 

bacteria, which the study identified across 23 phyla, roughly one-fifth of the 111 recognized 

bacterial phyla by the Genome Taxonomy Database8 through the standardization of bacterial 

taxonomy (Parks et al., 2018). Class III PhaCs have more variation in PHA chain lengths 

compared to other SCL-PHA producing classes, which may lead to a great potential of unique 

monomer subunits (Ray and Kalia, 2017). Combined with the large scale of observed diversity, 

Class III PhaCs may harbor a wider range of substrate specificities that could potentially 
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produce novel monomeric compositions which could be the target for protein engineering for 

improved PHA properties and production (Jia et al., 2016). The findings suggest that PhaCs, 

in particular Class III genotypes, are more prevalent and diverse in composition within both 

bacteria and archaea domains through our in silico observations. 

The dominance of Proteobacteria across Class I and II and roughly half of Class III 

PhaC genotypes suggest that PHA production is highly conserved within the phylum. The 

prevalence of Proteobacteria as PHA producers was similarly observed in a study investigating 

PHA accumulating organisms in a mixed microbial culture, with Proteobacteria accounting for 

nearly 88% of the microbial community when the PHA content was at its peak level (Sruamsiri 

et al., 2020). Proteobacteria have been observed to have highly diversified genomes that 

enables metabolic adaptability in response to varying environmental conditions (Zhou et al., 

2020). This indicates that Proteobacteria contain innate physiology which more readily 

responds to changes to external stressors, with PHA production as one of the responses to 

fluctuations in available nutrient levels. Proteobacteria genotypes contain Class I, II and III 

PhaCs, which demonstrates a wide variation in substrate specificity, likely owing to the 

adaptive nature of the diversified genomes. However, this does not explain the almost 

exclusivity of Class I and II PhaCs to Proteobacteria and the relatively high taxonomic diversity 

seen in Class III PhaCs. Within the PHA gene cluster, phaC has been identified as the hub gene 

and plays a major role in cluster formation in prokaryotes (Kutralam-Muniasamy et al., 2017). 

Further study is required to uncover why Class III PhaC genotypes presumably undergoes more 

horizontal transfer compared to Class I and II and why Class III cluster appeared to be favored 

in a higher variety of taxa. 

A potential MCL-PHA producing alternative the study discovered is bacteria from the 

phylum Actinobacteria, which was amongst the Class II PhaC genotypes that were identified 
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in our studies. Class II PhaCs are of particular interest as they are the only PhaC class capable 

of producing MCL-PHAs and bacteria that generate MCL-PHAs are mainly Pseudomonas 

which consists of almost all of the Proteobacteria PhaC II genotypes that were found in this 

study (Mozejko-Ciesielska et al., 2019). MCL-PHAs have not had widespread production due 

to requiring expensive carbon sources needed for Pseudomonas PHA production, meaning 

cheaper compatible feedstocks were needed to be found (Tanikkul et al., 2020), or recombinant 

strains are required to utilize inexpensive industry by-products as substrates (Löwe et al., 2017). 

Actinobacteria is widely recognized within sustainable industries for its ability to breakdown 

plant biomass including the use of agricultural and forestry plant waste as a carbon source 

(Lewin et al., 2016; Bettache et al., 2018). Since raw materials can account for 40–48% of 

production costs, bioprospecting for Actinobacteria Class II PhaC genotypes could potentially 

kickstart industrial levels of MCL-PHAs through the use of inexpensive feedstock (Schmidt et 

al., 2016). 

Roughly two-thirds of the archaea PhaC genotypes found in this study were from the 

phylum Euryarchaeota, of which most of the constituents were class Halobacteria. The 

abundance of Halobacteria PhaC genotypes and the favourability of extremophiles to work in 

broad conditions is reflected in the almost exclusive focus on haloarchaea in the study of 

archaea PHA producers (Han et al., 2010; Legat et al., 2010; Hermann-Krauss et al., 2013). 

Our search identified several PhaC genotypes within the archaeal phylum Thaumarchaeota 

within aquatic ecosystems, and to date, no extensive studies have been performed on the 

viability of PHA production within this phylum. Thaumarchaeota are found across many 

ecosystems, including extreme environments such as acidic and alkaline soils as well as in 

trenches within the hadal zone of the ocean (Wang et al., 2019a; Zhong et al., 2020). The CO2 

fixation pathway is highly efficient even in nutrient-limited conditions within Thaumarchaeota, 
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meaning it could potentially utilize CO2 as a cheap and sustainable feedstock for PHA 

production (Könneke et al., 2014; Reji and Francis, 2020). With a broad range of operation and 

efficient utilization of an inexpensive carbon source, Thaumarchaeota could be considered a 

viable PHA production candidate. 

The environment with extreme conditions that PhaC genotypes from both bacteria and 

archaea were observed to appear most in was the “non-marine saline and alkaline” ecosystem 

type. Soda lakes are the prime example of this ecosystem type being saline, high pH 

environments with high amounts of available carbon in the form of carbonates and bicarbonates, 

often with limited levels of nitrogen compounds—conditions that favor the production of PHAs 

(Ogato et al., 2015). Despite appearing as inhospitable environments, they are host to a diverse 

array of microbial life, which includes multiple bacterial phyla and the species from the 

Euryarchaeota phylum of archaea (Sorokin et al., 2014). With the right conditions for PHA 

production as well as positive genotyping of PhaCs from both domains from our study, high 

salinity, high pH environments such as soda lakes could be a potential trove of PHA producing 

microbes for future microbial bioprospecting ventures. 

Another extreme physicochemical environment of note from our findings into the 

ecological distribution of PhaC genotypes were geothermal ecosystems such as hydrothermal 

vents or hot springs. Hydrothermal vents are areas of the ocean floor where seawater percolates 

through cracks in the crust and are superheated by rocks in contact with magma (Dick, 2019). 

The areas, around which hydrothermal fluid circulate, are rich in carbon and are dominated by 

microbial thermophilic methanogens (Minic and Thongbam, 2011; Ver Eecke et al., 2012). Hot 

springs are similar in setting, except the water source comes from groundwater and is also rich 

in microbial life (Urschel et al., 2015; Narsing Rao et al., 2021). From observation of 

environmental PhaC genotypes from niche environments, it seems that PHA producers can be 
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readily found in extremophiles containing extreme physicochemical conditions, so long as 

there is an abundant carbon source. 

Over half of the archaea PhaC genotypes were found in extreme environments, which 

may indicate that taxa that commonly contain extremophiles may have developed physiological 

strategies utilizing PHA production. Within extreme environments, PHA production in 

microbial extremophiles acts not only as a carbon energy reserve but may also provide a 

protective role by maintaining cellular and membrane integrity against extreme physiochemical 

conditions (Obulisamy and Mehariya, 2021). PHA has been shown to function alongside 

extracellular polysaccharides (EPS) in microbial extremophiles to protect cellular function and 

structure from physiochemical stress (López-Ortega et al., 2021). Studies have found that in 

Haloferax mediterranei, a species of halophilic archaea, changing stressors such as increasing 

salinity (Cui et al., 2017a) or making nitrogen levels deficient (Cui et al., 2017b) can promote 

the accumulation of PHA over that of EPS. These findings provide insight into how PHA 

performs a critical role in microbial survival against external stress factors, as well as strategies 

on how to apply these stress factors to improve accumulation rate during PHA production. 

PhaC genotypes discovered from these extreme environments could prove beneficial 

for cost reduction in industrial PHA production. Factors that contribute to the high cost of PHA 

production include maintaining a closed, contamination-free environment for 

fermentation/growth, expensive feedstock and difficult PHA extraction processes (Chen et al., 

2020). Utilizing halophile PHA producers conveys several advantages in this regard: a high 

salinity environment can undergo continuous fermentation in an open unsterile environment 

which reduces operating costs, they can use various inexpensive feedstocks to produce PHAs 

and due to high intracellular osmotic pressure of halophiles, they can be lysed using 

tap/municipal water for easy PHA extraction (Mitra et al., 2020). Thermophiles can similarly 
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reduce contamination risks by using elevated temperatures during fermentation (Xiao et al., 

2015) and have been investigated for use in sustainable industries for their thermostable 

bioproducts (Debnath et al., 2019). By exploiting the extreme conditions that certain microbes 

have adapted to, we may be able to develop processes that can lead to more efficient and cost-

effective PHA production techniques. 

Studies screening for PHA synthase sequences recovered from niche and under-

represented environments has yielded success in novel insights toward diversifying PHA 

production methods. Genomes from Janthinobacterium sp. isolates recovered from Antarctica 

were found to contain hitherto uncharacterized putative PHA synthase genes that were 

phylogenetically divergent from the known PhaC classes and tentatively labeled as “Class V” 

PhaCs (Tan et al., 2020). The first occurrence of PHA producers from hypersaline microbial 

mats were discovered in salt concentration ponds located in Mexico through PCR amplification 

of phaC genes (Martínez-Gutiérrez et al., 2018). A study which mined PHA synthases from 

mangrove soil metagenomes in Malaysia uncovered a novel synthase from unculturable 

bacteria that was able to utilize a wide range of substrates by incorporating six types of PHA 

monomers, demonstrating that PHA sequences procured from in silico based approaches are 

effective for diversifying PHA production methods (Foong et al., 2018). The aforementioned 

studies demonstrate the versatility of in silico screening methods for directing future strategies 

toward selecting promising candidates and novel synthases for PHA production strategies. 

The creation of a categorized genomic list of potential PHA producing microbes 

presents a valuable resource that directs researchers to explicit candidates, as well as access to 

potential metabolic pathways of interest. A similar bioprospecting strategy was utilized 

successfully by Bustamante et al. (2019) using in silico screening methods to screen for 

putative PHA and β-galactosidase genes in a select number of microorganisms from literature 
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to find PHA producers that could hydrolyze lactose for utilizing excess whey produced from 

the dairy industry as a cheap feedstock alternative. In comparison, our study has presented a 

broader scope by using genomes from large-scale data repositories in the public domain, 

allowing researchers access to a wider array of candidates which can be sorted by PhaC class, 

taxonomy and ecological information. Through this resource, users can filter for candidates of 

interest for and can locate the resulting genome for further analysis of metabolic activity 

relevant to the production method being investigated. 

This study is a proof of concept that contextual information generated from large-scale 

genome mining is highly valuable for use in developing bioprospecting strategies with regards 

to both ecological and taxonomic data. This approach can be applied to any target functional 

protein or gene of interest to create a shortlist of microbial candidates and their potential 

ecosystems for further in-depth analysis or experimentation. The effectiveness of this approach 

is dependent on not only the volume of the available sequence data, but also on prudent 

reporting and ready access to metadata. Accompanying information such as physiochemical 

conditions, geolocation and other ecologically contextual data are often missing from sequence 

data recovered from environments, which is critical for the eventual recovery of isolates 

(Gutleben et al., 2018). To address this issue, reporting protocols have been proposed such as 

the Minimum Information about any (x) Sequence (MIxS) by the Genome Standards 

Consortium9 and the GOLD metadata system by utilized by IMG/M being examples of creating 

standards for robust metadata reporting. The continual growth of online sequence repositories 

within the public domain and improvement of standards for metadata reporting presents a 

massive pool of data freely available to exploit. The mining of large-scale data provides a 

broader view into patterns in environmental or taxonomic distribution of biosynthetic products, 
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which only improves over time as more data is constantly accumulated from studies conducted 

across the globe. 

4.8 Conclusion 

Genome mining allows for the large-scale discovery of potential microbial PHA producers 

through in silico identification of PhaC genotypes. Through the categorization of genotypes 

via phylogenetic and ecological information, we can find insight through the discovery of less-

studied taxa as well as microbes from environmental niches with potential properties that can 

improve on current PHA production techniques. Although this approach is no substitute for 

protein expression assays, it presents an overview of the trends inherent in PHA producing 

microbes. The information gained from this study could be utilized for directing bioprospecting 

ventures for more effective discovery of potential PHA producing microbes. 
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4.13 Footnotes 

1. ^ https://img.jgi.doe.gov/cgi-bin/m/main.cgi 

2. ^ https://www.uniprot.org/ 

3. ^ https://www.gnu.org/software/bash/ 

4. ^ https://www.mathworks.com 

5. ^ https://github.com/pvuonguwa/phac_dist 

6. ^ https://usegalaxy.org.au 

7. ^ https://itol.embl.de 

8. ^ https://gtdb.ecogenomic.org/ 

9. ^ https://gensc.org/mixs/ 
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CHAPTER 5 

Editorial: PLOS Ten Simple Rules 

  



185 

 

 

5.1  Chapter Overview 

Microbial ecology has evolved following the advent of next generation sequencing with ‘big 

data’ quickly becoming the norm for researchers within the field. Environmental 

(meta)genomics has firmly found itself in parallels with data science, where swaths of data 

require specialized tools in order to be transformed into meaningful biological information. 

Analyzing large-scale sequence data can be daunting to researchers who are new to the field, 

especially as there are a plethora of approaches and tools available but no agreed upon ‘standard’ 

on implementation. This chapter presented a dialogue between the author to prospective 

scientists, with the intent on passing on the knowledge and skillsets obtained during the writing 

of the thesis. 

 The paper written in this chapter was inspired by another article, “Ten simple rules for 

getting started with command-line bioinformatics,” by Brandies and Hogg, 2021. The article 

was part of the PLOS Journal’s “Ten Simple Rules” series, which presented a casual 

communication format for scientists to provide advice towards a particular research or career 

topic. As such, the paper in this chapter was written a similar vein, with advice directed towards 

the conceptualization of research topics, recommendation to tools and resources, tips for 

quality-of-life improvements, and considerations for the future of microbial ecology through 

the lens of in-silico analysis. Naturally, the topics also presented an avenue to apply the 

techniques utilized for microbial ecology towards microbial bioprospecting applications. 

 This chapter was purposed as a partner piece to the general discussion/conclusion to 

the thesis, whereby skills developed investigating the aims of the thesis are conveyed as a 

science communication article. The paper explored various aspects that encompassed the aims 

of the thesis: description of (meta)genomic approaches towards microbial ecology which forms 

the basis of in-silico microbial bioprospecting (Aim 1), the tools, resources and methodology 



186 

 

 

needed to perform the analyses (Aim 2), considerations for improving methodology through 

pre-sequencing amendment (Aim 3) and the importance of contextual data and metadata 

availability for use in managing large-scale sequence data (Aim 4). Publishing the findings of 

the thesis is important as it adds to the knowledge pool but using science communication to 

encourage more innovators to enter the STEM field is equally as important for scientific 

progress. The key message delivered by the paper (and ultimately the thesis) is the importance 

of ensuring accessibility of resources and information needed for research in this rapidly 

growing field, along with its equally increasing demands. 

5.2  Publication 5 – Editorial 

Vuong, P., Wise, M. J., Whiteley, A. S., & Kaur, P. (2022). 10 Simple Rules for Investigating 

(Meta)Genomic Data from Environmental Ecosystems. PLOS Computational Biology 

(Submitted and under review). 

10 Simple Rules for Investigating (Meta)Genomic Data from 

Environmental Ecosystems 

Paton Vuong1, Michael J. Wise2,3, Andrew S. Whiteley4 and Parwinder Kaur1 

1 UWA School of Agriculture and Environment, The University of Western Australia, Perth, 

WA, Australia; 2 School of Physics, Mathematics and Computing, The University of Western 

Australia, Perth, WA, Australia; 3 Marshall Centre for Infectious Disease Research and 

Training, University of Western Australia, Perth, WA, Australia, 4 Centre for Environment and 

Life Sciences, CSIRO, Floreat, WA, Australia. 

5.3 Introduction 

Metagenomics is the sequencing and study of DNA directly from environmental samples and 

is an approach used in microbial ecology to explore the diversity and functions of microbial 

communities (1). The study of the metagenome presents an avenue to investigate 
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environmental microorganisms in-situ through culture-independent techniques, which 

facilitates the discovery and analysis of the metabolic potential of hitherto uncultured taxa (2). 

Expanding our reach into the once obscure facets of microbial life has yielded further insights 

into the ecological activity of microorganisms, uncovering a trove of novel metabolic products 

and pathways with a wide range of biotechnical applications in many industries (3, 4). Data 

obtained from metagenomes has also been pivotal in directing strategies for the cultivation of 

novel microorganisms (5). The benefit of metagenomics is that it forms a wide-reaching 

preliminary approach that can provide contextual information to direct further downstream 

research for microorganisms in the wet lab. 

Microbial ecology has developed to a stage where “big data'' is often the norm. Through 

advances in sequencing and computational technologies, we have experienced an 

unprecedented level of progress in the field of microbial ecology, improving our understanding 

of the many global ecosystems (6). Metagenomics draws many parallels when compared to 

data science - environmental sequence data presents a large volume of information which must 

be sifted through and sorted to make sense of underlying ecological and taxonomic patterns 

(7). The amount of information that needs to be processed however, can be daunting for those 

starting out, and often still pose challenges even for those familiar to the field. 

The inspiration behind this writing is from a recommendation to a PLOS Ten Simple 

Rules article on command-line bioinformatics (8). The article provided a lot of information on 

tools and concepts used by bioinformaticians and it would have been a valuable source of 

guidance for many. This paper styled in the typical format of a Ten Simple Rules article, 

presents a guide on the basics of metagenomic based research aimed at environmental settings. 

We will explore the concepts, tools and resources utilized in metagenomics and how these can 
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potentially help the progress of a researcher beginning their studies (Figure 1). The ten simple 

rules format is a casual one and people are often busy, so at the end of each rule is a TL; DR 

(too long; didn’t read) that summarizes the point we are trying to make if you want to skim 

through (although we do hope you’ll stick around and read the paper in depth!) 

 

 

Figure 5.1   

The ten points outlining the metagenomic approach of microbial ecology. The summary of 

what is presented, along with the vital aspects discussed within each stage. 
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Rule 1: Plan a goal or you run the risk of an endless race 

 The drivers of microbial ecology are multifaceted, with almost limitless interactions and 

dimensions to explore, can cause a “paralysis of choice” scenario to occur. An example of this 

occurred during our first experience with data from a soil ecosystem. The learning process 

extremely captivating and through experimenting with a range of bioinformatic tools, we were 

able to produce an impressive amount of experimental data. However, generating data alone 

does not constitute a paper, and that set of data produced ultimately ended up unused. What 

was lacking was a solid goal – one that could drive a clear question or a distinct narrative from 

the ecosystem of interest. 

         Metagenomics are preliminary studies that set the tone for further research, and one of 

its strengths is the ability to allow in-situ observation of both taxonomy and metabolic capacity 

within microbial populations within any given ecosystem. To find the “take home message” 

from your study, you need to ask yourself these questions regarding your research: 

What is the ecological aspect that you are showcasing – This is arguably the most critical point 

as it forms the key focus of your study from which you create your narrative. Is it an ecosystem 

type, physicochemical properties, a group of taxa or specific biosynthetic pathways that poses 

an interest to you? 

What question are you asking – In order to produce a concise answer, you first need to pose a 

clear question. What insight are you trying to achieve from investigating the ecological aspect 

of interest? 

What has been done before – Thorough consideration of current literature helps create a sort 

of ‘experimental control’ that assists in validating the ecological observations obtained 
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the functional potential of the microorganisms therein is merely descriptive and not prescriptive. 

The presence of a gene may infer the potential existence of a metabolic function, but this does 

not guarantee that the associated microorganisms will produce the biological activity predicted 

(9). Nonetheless, metagenomics presents a scalable avenue of exploration to infer microbial 

candidates and/or biological activities of interest, hence why its strengths lie as a preliminary 

study to help direct the scope of future research towards microbial life in various environmental 

systems. 

Metagenomics as a form of molecular microbial ecology allows researchers to delve 

into the microbiome through the exploration of environmental DNA. The two most common 

approaches are marker-gene (also known as amplicon) sequencing, which uses PCR 

amplification to target select regions within genes of interest (commonly 16S rRNA for 

bacteria/archaea, internal transcribed spacer or ITS region for fungi and 18S rRNA for 

eukaryotes), and whole genome shotgun (WGS) sequencing which sequences all DNA present 

in a random but all-encompassing manner within the microbiome (10). The main difference in 

the two sequencing approaches is that marker-gene sequencing is usually limited to providing 

taxonomic information only, whereas WGS sequencing provides both taxonomic and 

functional annotation, along with the potential to recover metagenome-assembled genomes 

(MAGs) (11). Although contentious, usually only WGS-based studies are considered 

metagenomics as it explores the environmental genome in its entirety compared to the narrower 

scope of marker-gene approaches. Both however, have their place in molecular microbial 

ecology and are dependent on the extent of the questions posed by the study (from which 

hopefully Rule 1 has helped you define for yours). 

 For metagenomics using WGS data, there are two major approaches that can be taken: 

read-based (assembly free) or assembly-based analyses. A paper by Tamames et al., (12) 
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often seen in many metagenomic studies (13, 14). Short-read data was further enhanced 

through the development of sequence assembly software, which allowed for the construction 

of long contiguous sequences or “contigs” enabling the assembly-based analyses discussed in 

Rule 2. The information gleamed from assembled short-read sequences was further improved 

with binning software, that groups contigs through structural comparisons of their sequences, 

allowing for the recovery of MAGs. A major weakness of short-read assembly is that the 

shorter sequence lengths (usually between 200 – 550 base pairs) have issues covering certain 

genomic regions: long repeats, homologous regions between close strains, and sequences 

derived from low abundance species are some common issues that pose problems to the 

algorithm commonly used by short-read assemblers (13, 15). These issues lead to errors in 

assembly, leaving gaps in genomic data that can reduce the integrity of downstream analyses.  

However, the large volumes of data that can be provided at relatively low cost per base means 

that short-read sequencing is still a mainstay of many metagenomic studies. 

 Succeeding the short-read technologies is the aptly named long-read sequencing, with 

Oxford Nanopore Technologies (https://nanoporetech.com/) and Pacific Biosciences 

(https://www.pacb.com/) leading the forefront of this platform. The inclusion of these long-

read sequencing platforms in recent metagenomic studies has shown to produce high quality 

MAGs, which were able to resolve close lineages (16) as well as contain full length 16s RNA 

genes (17), both of which are difficult to produce when assembling using short-read sequencing 

alone. The longer length of sequences produced (average 30,000 – 50,000 base pairs, with 

record lengths exceeding 2.3 million) provides an advantage in metagenomic approaches by 

being able to resolve repetitive regions of DNA, with the added bonus of the longer sequences 

requiring fewer reads to assemble MAGs, thus reducing the chance of utilizing reads from 

errant species (14). The main drawback of long-read platforms is they are more costly per base 
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Rule 4: Think outside the (computer) box  

After deciding what sequencing platform to use, there are still steps that can be taken to 

improve the quality and recovery of data prior to performing computational work. The key aim 

in processing the ‘big data’ in metagenomics is finding the hidden signals within the noise by 

processing raw sequence data into meaningful biological information.  The in-situ modification 

of the microbiome through selective enrichment has shown to reduce community complexity 

and has aided in the recovery of rare microbial genomes (19). Selective enrichment is also 

effective for targeting functions of interest by using nutrients that target the associated 

biochemical pathway(s), with a simplified microcosm shown to bring underrepresented taxa 

with relevant metabolic capabilities to the forefront (20). Although it provides a straightforward 

approach, the enrichment method is not always applicable in all ecological studies, and there 

is no guarantee that the enriched members of the community provide meaningful roles in the 

overall bioprocesses that occur in the sample environment. Other techniques of elucidating rare 

taxa via in-situ methods include cell sorting, membrane diffusion, and microfluidic approaches 

but these can involve lengthy dilution processes and often require the successful isolation of 

the microbial candidates (5).   

 Methods that can help improve data recovery, especially in the binning of MAGs can 

also be applied during the sequencing step. High-throughput chromosome conformation 

capture, also known as “Hi-C”, is a technique that uses proximity ligation to link 

topographically related DNA fragments together (21). A combination of WGS sequencing and 

paired-end sequencing of Hi-C sequences from the same sample can be used in tandem to 

improve quality of binned MAGs. Hybrid assembly approaches, which uses long-read 

sequences as scaffolds for short-read sequences, has also been shown to improve the recovery 
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and with the advent of ‘big data’, the field of data science requires heavy computational power 

to facilitate processing of large-scale data, and metagenomics is no exception to this rule. We 

quickly discovered that our run-of-the-mill laptop was in no way capable of handling the 

computational power needed for some of the data we needed to process. Without the help and 

high-performance computing services of the Pawsey Supercomputing Center 

(https://pawsey.org.au/), some of the larger sequenced metagenomes we worked with would 

never have been analyzed. 

In 2020, the amount of raw sequence data generated by next generation sequencing 

maintained by the INSDC exceeded 9 petabytes, or over 9000 terabytes (24). As this data 

expands, classification software which utilize these reference databases also need increasing 

computational resources to run. Examples include Kaiju (25), a taxonomic classification tool 

for metagenomic reads requires 118-133 GB to run using the NCBI nr database and similarly 

GTDB-tk (26), a tool used to classify prokaryotic genomes requires roughly 215 GB to classify 

the bacteria domain. Metagenomic assembly can require high amounts of RAM, with large 

and/or complex metagenomes such as those from soil requiring anywhere from 500 GB to over 

1TB of RAM depending on the metagenomic assembler used (27). In the words of Chief Brody 

from Jaws – “you’re gonna need a bigger boat.” 

         Nowadays, cloud computing and remote data storage are commonly used for genomic 

and other large scale sequence analyses, and this recommended paper by Langmead and 

Nellore, 2018 (28), lists a series of global cloud service providers, and explains the concepts 

and strategies behind cloud computing. The previously mentioned “Ten simple rules for getting 

started with command-line bioinformatics” (8) also provides advice on estimating 

computational requirements and understanding your options when deciding on a computing 
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         Online databases are also crucial for the functioning of classification tools. Reference 

databases such as from RefSeq (https://www.ncbi.nlm.nih.gov/refseq/), Pfam 

(http://pfam.xfam.org/), and UniprotKB (https://www.uniprot.org/) form the basis for many 

search tools. The MIBiG 2.0 (https://mibig.secondarymetabolites.org/) and BiG-FAM database 

(https://bigfam.bioinformatics.nl/) are recently created online resources for the support of 

biosynthetic gene clusters (BGCs) mining tools. The Genome Taxonomy Database 

(https://gtdb.ecogenomic.org/) utilizes metagenome-assembled genomes (MAGs) to expand 

the prokaryotic tree of life and is a vital resource for the classification of genomes recovered 

from environmental sequence data. Reference data is vital for identifying key taxa as well as 

their metabolic capacity, which is critical for making the connection between the core 

ecological drivers within the environmental setting. 

Although reference datasets are a crucial part of database-driven analyses, users need 

to understand some of the limitations and shortfalls when relying on this data. The massive 

amounts of data generation means that when misclassification occur, they can propagate 

rapidly even within non-redundant sequence databases (32). A lack of consistent standards in 

database development, and the lack of oversight in the submitted data, especially pertaining to 

reference genome completion and quality, are some of the major obstacles that affect the 

integrity of reference databases (33). In addition, overrepresentation bias from sequence data 

obtained from abundant or more readily sequenced organisms can skew results in database-

driven analyses. In 2022, NBCI proposed a remedy these biases through the creation of 

clustered databases, which both reduces the size of the total database and better represents the 

diversity of organisms and their associated sequences. 

(https://ncbiinsights.ncbi.nlm.nih.gov/2022/05/02/clusterednr 1/). As discussed in Rule 2, 

users should be mindful when performing database-driven analyses on less-explored taxa that 
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sequence data grow. The Genomic Standards Consortium (GSC; https://gensc.org/mixs/), an 

initiative for improving reporting standards in large-scale genomic data, recommended a series 

of standards for the “Minimum Information about any (x) Sequence” (MIxS), which includes 

genomes (MIGS), metagenomes (MIMS) and MAGs (MIMAG). Among the recommendations 

were the reporting of parameters such as physicochemical properties, spatial information, and 

geolocation, to help better understand the environment from where the sequence data was 

acquired. Contextual information is critical for filtering and categorizing the growing volumes 

of sequence data, allowing researchers to better understand the ecological drivers behind 

microbial communities and providing an avenue for developing better bioprospecting strategies 

towards microorganisms of interest. 

        Another important aspect of metadata is to ensure that the information is readily 

accessible and in an amenable form. The FAIR Principles (https://www.go-fair.org/fair-

principles/) are a set of guidelines for improving the use and reuse of data in scholarly work, 

with a focus on the ability for machines to find and sort data with little human interaction. This 

allows for automated handling of the rapidly growing volumes data through scripting (which 

we will introduce in the next rule) and makes provisions for the data to be AI ready for machine-

learning projects in the future. An example of actionable and amenable metadata can be found 

in the UniprotKB protein sequence database, which allows users to download associated 

metadata in different formats, such as tab-separated text or as an Excel spreadsheet, allowing 

the ability to parse and sort data quickly. Another example is the Integrated Microbial Genomes 

and Microbiomes system (IMG/M; https://img.jgi.doe.gov/m/), a genome and metagenome 

dataset repository with stringent metadata reporting protocols that follows the standards created 

by the GSC. Similarly, IMG/M provides easy access to sort and export metadata and has fields 

that allow users to filter by ecosystems and/or environmental factors. In one of our previous 
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(https://github.com/bionitio-team/bionitio). The format gives a baseline for the user to 

experience and understand code relevant to bioinformatics as well as help encourage good 

programming practices. 

         A programmer colleague of ours made the recommendation to be “language agnostic” 

- to not lock yourself into an exclusive language, but to be flexible in case the tools you need 

to use are spread across different scripting languages. However, as one can learn anything but 

not everything, here are some languages we can recommend as a starting point based on the 

many common software that we encountered when working with command-line based tools. 

Foremost, Bash (https://www.gnu.org/software/bash/) is a must for command-line interactions 

as most terminals are Unix shells and Bash is the primary way to explore and interact with files 

and folders. For more advanced data manipulation we recommend Python as it is a relatively 

easy to learn language and has good readability.  For learning Python, books we recommend 

are: “Practical Computing for Biologists” (https://practicalcomputing.org/) which is an all-

encompassing guide on many aspects of software and computing practices common to in-silico 

microbial ecology and “Automate the Boring Stuff with Python” 

(https://automatetheboringstuff.com/) that teaches practical uses of the language, such as text 

searching and manipulating within files as well as how to produce various output formats, 

which is critical in creating pipelines and controlling file I/O actions. R (https://www.r-

project.org/) is good to learn, not for scripting in the traditional sense, but for its strengths in 

statistical analysis and eminently for its ability to visualize data (more on that in the next 

section). RStudio (https://www.rstudio.com/) is an integrated development environment 

(basically a form of software to help you to write, use and test code) for R used by beginner 

and advanced users alike, and is highly recommended to be the first thing users should 

download after getting R. The best way to learn scripting is to get stuck into it and to utilize 
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5.4 Conclusion 

The advent of next generation sequencing and subsequent large-scale metagenomics has been 

responsible for the rapid advances in molecular microbial ecology, with further applications 

for use in in-silico bioprospecting. Analysis of environmental sequences has transformed this 

field of data science, which in turn has yielded successful contributions to both research 

knowledge and industrial applications from the novel discoveries within natural ecosystems. 

We hope that those who are looking to explore this field should endeavour not just to fill gaps 

in our ecological understanding of diverse microbial life, but also seek to develop innovations 

that address the ever-growing generation of environmental sequence data and develop 

strategies towards the many bottlenecks that come with the rapid increase of information. 
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General Discussion 
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6.1 Overview 

Microorganisms with their unparalleled metabolic potential are major contributors to 

biotechnology solutions across various industries and research applications. The natural 

environment provides a trove of microbial resources, with ecological analyses providing an 

understanding on what drives microbial activity and function. In this thesis, microbial 

bioprospecting (MBP) has been performed on large-scale environmental (meta)genomic data, 

either through the high-throughput sequencing of soil microbiomes or obtained from publicly 

available data stored in online repositories. This in-silico, culture independent approach was 

employed to discover the genomic blueprints of candidate taxa for use in various industrial 

applications. A methodology for in-silico MBP was also explored, with goals of making 

improvements to the experimental process using ecological data. In summary, the research 

carried out within the thesis highlights the importance of understanding microbial ecology for 

improving methodology and developing bioprospecting strategies for MBP efforts. 

6.2 Addressing the aims and summarizing the findings 

To thoroughly explore the process behind in-silico environmental MBP, we established some 

aims that would be investigated as part of the thesis. To reiterate, these aims were: 

Aim 1 – Explore the concept of in-silico microbial bioprospecting and examine methodology 

behind the (meta)genomic approaches used to facilitate this process.  

Aim 2 – Investigate microbial communities for taxa of interest through metagenomic 

approaches in microbial ecology utilizing high-throughput sequencing of target environments. 

Aim 3 – Evaluate the use of in-situ pre-sequencing amendments in environmental settings and 

their effects on genomic data recovery and resource utilization. 

Aim 4 – Investigate the importance of contextual data in large-scale analyses by utilizing 

ecological metadata in combination with publicly available sequence data from online 

repositories for genome mining. 
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Publication 1 

In Publication 1, the focus was devoted to Aim 1, with a comprehensive literature review that 

presents the importance of microbial contribution to biotechnology and other various industrial 

processes, and details the methodology employed within in-silico MBP that utilize large-scale 

sequence data. The literature review established that the understanding of the community 

structure is needed to predict function, a vital step into gaining insight into the predicted 

functions of the microorganisms present in ecosystems of interest (Graham et al., 2016). The 

papers reviewed in the thesis also introduces the use of metagenomic sequencing as a culture 

independent form of microbial community analysis, as well as examples of tools needed for 

processing the accompanying sequence data (Bharti and Grimm, 2021). A timeline on the how 

the sequencing methodology has changed over time is also presented, with pioneer studies first 

targeting taxonomic composition with amplicon sequencing, then gene-centric approaches with 

shotgun sequencing, and finally as bioinformatic tools and sequencing throughput improved, 

utilizing genome-resolved metagenomics, such as metagenome-assembled genomes (MAGs) 

(Frioux et al., 2020). This leads onto the storage facilities that house the large volumes of 

sequence data produced from individual studies, such as the International Nucleotide Sequence 

Database Collaboration (INSDC; http://www.insdc.org/) or from global sequencing projects 

such as Tara Oceans (http://ocean-microbiome.embl.de/companion.html). This part of the 

thesis’ literature review that encompasses the practices, tools, and resources, helps describe the 

methodology used within the research articles in the latter publications. 

 Ecological drivers, particularly physicochemical properties and selective nutrient 

enrichment are explored to determine how they can influence microbial community structure 

and metabolic response within the environment. Extreme environments produce 

microorganisms with unique metabolisms and metabolites that can be utilized in broad 

operating conditions (Raddadi et al., 2015). Selective nutrient enrichment has been shown to 
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promote the recovery of genomic data from rare taxa (Delmont et al., 2015), as well as 

producing simplified community structures (Naylor et al., 2020) that allow for easier analysis 

of the functional profile. These ecological aspects are the focus for improving MBP practices 

within the research found in the publications presented in the thesis. From the context gathered 

from reviewing the literature, the concept of in-silico MBP is fundamentally based on the core 

tenets employed in microbial ecology, where biodiversity is explored, and functional traits are 

characterized. As such, the research within the thesis has focused on finding ecological 

characteristics within environmental samples that can be targeted for improving the recovery 

of candidate taxa.  

Publication 2 

 Publication 2 presented a scenario of a microbial ecology study, which served to lay 

down a groundwork for the exploring the typical analysis of environmental sequence data. The 

research presented in this publication covers Aim 2 through high-throughput sequencing of the 

microbiome and the exploration of the resultant metagenome using gene-centric and genome-

resolved metagenomics. Publication 2 is a follow-up study that investigates Western 

Australian (WA) soil microbial communities for crucial providers of ecological process that 

can function in the semi-arid ecosystems present in WA (Moreira-Grez, et al., 2019). In 

particular, the study aimed to bioprospect for indigenous archaeal nitrifier candidates from 

persistent archaeal populations observed within stored topsoil for use in the ecological 

restoration of disturbed soils in post-mining ecosystems (Kumaersan et al., 2017). High-

throughput shotgun sequencing combined with the metagenomic approach was used to 

pinpoint the cornerstone taxa that play critical roles in the restoration of ecological function 

within the soil ecosystem (Hart et al., 2020). 

 The biogeochemical process targeted for ecological restoration in this study was the 

nitrogen cycle, which is often the limiting nutrient in many ecosystems (Moreau at al., 2019). 
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As ammonia oxidization is the initial and limiting step found in the nitrification subprocess of 

the nitrogen cycle, ammonia-oxidizing archaea (AOA) would be the MBP targets for 

kickstarting the nutrient cycle in the soil ecosystem (Lehtovirta-Morley, 2018). Through the 

use of ammonium sulfate (NH4)2SO4, we enriched several topsoil microcosms to investigate 

the response of the soil microbial community to nitrogen input. The ammonium enrichment 

appeared to primarily promote the growth of the archaeal subpopulation within the soil 

microbial community, with increases seen in the phylum Thaumarchaeota from the taxonomic 

profile, and from within differently abundant metabolic genes, significant increases in genes 

associated with archaeal biosynthesis and transcription were observed. We discovered that 

from within the ammonia-oxidizing prokaryote population, AOA from Candidatus 

Nitrosotalea showed the greatest increase in relative abundance when comparing the 

taxonomic profile of the metagenome after three-weeks post enrichment to the same subset 

population from the baseline soils.  

The Candidatus Nitrosotalea archaeon observed in the study show promise as suitable 

MBP candidates as they are known to be capable of thriving in low pH environments 

(Lehtovirta-Morley et al., 2016), which is typical of WA soils, in addition to being indigenous 

to the target ecosystem intended for rehabilitation. Using genome-resolved metagenomics, we 

were able to recover three MAGs identified as Candidatus Nitrosotalea archaeon from the 

environmental samples.  The ammonium enrichment practice also served to fulfil the target 

posed in Aim 3 by improving the capture of genomic data through the enrichment of AOA 

populations, with improved genome completion statistics reported in the three-week 

enrichment MAG compared to the one recovered from the baseline soil. These AOA candidate 

MAGs will be offered as publicly available metabolic blueprints for studies that may wish to 

develop isolation strategies for the use of these indigenous nitrifiers in future restoration efforts. 
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Ecological studies on the dynamics of ammonia-oxidizing prokaryote population in 

Australia have been extensively explored in agricultural/managed soils (O’Sullivan et al., 2013; 

Banning et al., 2015; Fisk et al., 2015; Jenkins et al., 2016), but little work has been done on 

those from natural environments prior to this study. The findings in Publication 2 addresses 

the knowledge gap on the dynamics of indigenous archaeal nitrifiers from native ecosystems, 

while providing leads to acclimated taxa for soil rehabilitation suited to the unique ecological 

conditions present within the natural WA terrestrial landscape. 

Publication 3 

Publication 3 presented another ecological study scenario on soil microbial communities, with 

the focus now on the in-silico MBP methodology, specifically targeting the pre-sequencing 

steps with the goal of improving data curation. This study focused on Aim 3 of the thesis by 

evaluating the MicrobeTRAP (MCT; Andersen et al., 2021), an in-situ microbial capture 

system that uses selective nutrient enrichment to attract microorganisms from the environment 

into a porous substrate (https://www.bioomix.com/technology). To test the effectiveness of the 

MCT for use in in-silico MBP applications, this study applied similar methodology developed 

for the study in Publication 2, also using high-throughput sequencing and the metagenomic 

approach. This again covers Aim 2 from another viewpoint, where the primary focus is the 

approach taken rather than the taxa of interest.  

The trial of the MCT system in the study sought to address two major persistent issues 

within metagenomics – uneven coverage of taxa resulting from high-complexity microbial 

communities may cause issues during sequence assembly (Breitwieser et al., 2019; Liao et al., 

2019) and impending resource availability bottlenecks due to advances in sequencing 

technology far outpacing improvements to computing power (November, 2018). The MCT’s 

nutrient treatment and negative control (no nutrient) substrates was observed to all produce 

simplified microbial communities compared to the control soil. The simplified populations also 
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resulted in an improved coverage across the metagenomes, indicating that the experimental 

substrates required less sequencing effort to capture the diversity present when compared to 

the control soil. Computing burden was also reduced when processing the metagenomes from 

the experimental substrates, requiring reduced memory, as well as less time required for 

metagenomic assembly.  Sequence utilization and quality with the experimental substrates also 

appeared to improve – more metagenomic reads were being successfully classified to lower 

taxonomic ranks, and read mapping showed more unique reads mapped with higher overall 

alignment rates. The improved coverage reported from the experimental substrate 

metagenomes also seemed to result in better assembly statistics, with longer average contig 

lengths and a higher N50 length observed, which also similarly improved in the reported 

parameters downstream from the recovered MAGs. Although no rare taxa were observed in 

appreciable numbers from any of the control or experimental samples, MAGs identified from 

the Candidate Phyla Radiation (Lemos et al., 2020), a superphylum with few successfully 

cultivated specimens, were recovered from the negative control substrate. 

The treatments that contained selective enrichments, although producing reduced 

complexity communities, did not increase the growth of rare taxa observed in prior studies 

(Delmont et al., 2015; Naylor et al., 2020). A study by Wu et al., 2020 showed that simple 

carbon enrichments, similar to those utilized in our study produced communities only 

containing commonly cultivated bacterial phyla in groundwater samples, but complex carbon 

enrichments promoted propagation of rare taxa. This suggests that the nutrient formulation 

plays an important role in promoting the growth of rare taxa, not just from the community 

simplification process. The negative control showed that the MCT system itself improves data 

curation and metagenomic assembly statistics independent of selective nutrient input. This is 

possibly due to the MCT substrate providing a more consistent and cleaner medium when 

compared to soil, which contains humic substances that can interfere with the yield and quality 
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of the extracted DNA (Lim et al., 2017; Wnuk et al., 2020). In addition, the substantial growth 

of microorganisms in the absence of an enrichment source suggests that the MCT can facilitate 

microbial interaction with the greater soil environment, evidenced by the significant increase 

in metabolic genes related to siderophores, which are involved in iron transport and cell 

signaling (Johnstone and Nolan, 2015).  

 The findings from Publication 3 indicate that the MCT is a promising device for the 

pre-sequencing amendment of the sample environment. The device is modular in nature, 

allowing users to customize nutrient formulations to target microorganisms with biochemical 

pathways of interest. The MCT has a relatively simple setup, and can be deployed directly into 

the soil ecosystem, unlike many other in-situ screening systems that first require the isolation 

of target microorganisms or contain lengthy dilution processes (Lewis et al., 2021). The 

reduction in sequencing effort and computing power requirements are vital for improving the 

accessibly of MBP to low- and middle-income countries, where microbial innovation to 

industries is essential to social and economic improvements. 

Publication 4 

Publication 4 was an in-silico MBP study that performed genome mining on publicly available 

environmental data from online sequence repositories for microbial candidates that produce the 

biopolymer polyhydroxyalkanoate (PHA), a sustainable alternative to petroleum-produced 

plastics (Meereboer et al., 2020). This paper tackles Aim 4, by using the Integrated Microbial 

Genomes and Microbiomes database (IMG/M; Chen et al., 2021), along with its robust 

metadata system (Mukherjee et al., 2021) to discern ecosystem and taxonomic patterns by 

linking the environmental genome to its associated ecological metadata. Genomes were mined 

for the presence of different PHA synthase (PhaC) classes, which are key enzymes in the 

biosynthesis of PHA (Sagong et al., 2018), using PhaC reference sequences from the UniProt 

protein database (https://www.uniprot.org/). IMG/M and UniProt were selected for this study 
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as the web platforms for both repositories allow users to easily search for metadata in a tabular 

format, which improves accessibly when working with data on a large scale. This study aimed 

to bioprospect for potential PHA producers from niche ecosystems, or from taxa that have been 

underrepresented in other PHA studies in order to diversify PHA production methods. 

 The study searched bacterial and archaeal genomes from IMG/M that had contained 

metadata associated with environment and ecosystem types listed within the respective field. 

Within the bacterial genome subset, the identified PhaC genotypes were observed containing 

765 Class I, 114 Class II and 370 Class III PhaCs. In the archaeal subset, only Class III PhaCs 

were identified within 204 genomes. Bacterial and archaeal genomes were collated into 

respective datasets – each PHA producing candidate contained the ID of the genome and the 

matching query sequence to their respective databases, taxonomic and ecosystem metadata, 

PhaC class, and the predicted PhaC protein sequence. The datasets were presented in tabular 

spreadsheets that could be easily filtered for a parameter of interest and has been made available 

online as part of the publication. 

 From the PHA producing candidates, we found ecosystems, as well as taxa of note that 

could potentially contribute to diversifying PHA production methods. Major limitations that 

currently prevent the large-scale commercialization of PHA production include the need for 

high-cost feedstock, high operational costs pertaining to providing a closed system for 

contamination-free fermentation/growth, as well as difficult PHA extraction processes (Chen 

et al., 2020). Extreme natural environments that PHA producing candidates were found in were 

observed to be either high salinity, high alkalinity, or high-temperature geothermal ecosystems. 

Candidates from these environments could be grown and undergo fermentation under similar 

extreme physicochemical conditions, which would remove the need for a closed system and 

reduce of the risk of contamination from ambient microorganisms. These extremophile 

candidates may also contribute further to the production process, such as thermophiles 
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producing more thermostable products (Debnath et al., 2019), or halophiles with their high 

intracellular osmotic pressure easily lyzed by using municipal tap water (Mitra et al., 2020).  

Notable bacterial candidates were found in the phylum Actinobacteria containing Class 

II PhaC, notable for producing medium-chain length PHAs which have only been extensively 

studied within Pseudomonas species (Mozejko-Ciesielska et al., 2019). Actinobacteria have 

been studied for applications in sustainable industries for their ability to break down plant 

biomass, such as from agricultural or forestry waste to use as a carbon source (Lewin et al., 

2016; Bettache et al., 2018). As feedstock can account for 40-80% of the total cost in PHA 

production (Schmidt et al., 2016), Actinobacteria PHA producers that can utilize plant waste 

could be the edge needed to break into the large-scale commercialization of MCL-PHAs.  

 Thaumarchaeota candidates discovered in this study present an overlooked archaeal 

group, with no extensive levels of study performed on these taxa for PHA production to date. 

Thaumarchaeota are found across a wide variety of ecosystems, including those with extreme 

conditions such as acidic and alkaline soils, and among trenches in the hadal zone of the deep 

ocean (Wang et al., 2019; Zhong et al., 2020). Some Thaumarchaeota archaea have been found 

to contain highly efficient CO2 fixation pathways, meaning CO2 could be utilized as a 

sustainable and cheap feedstock for PHA production (Könneke et al., 2014; Reji and Francis, 

2020). From the broad ecological conditions and efficient utilization of a cheap carbon source, 

Thaumarchaeota have the potential to truly diversify PHA production methods. 

 The findings of Publication 4 produced a collated list of microbial PHA producing 

candidates in a searchable format that is openly available for the greater scientific community 

to utilize. This proof-of-concept study was only possible due to readily accessible and 

searchable metadata, which enabled the ability to filter and condense large-scale genomic data 

into a manageable and meaningful form of information. Contextual information is as vital as 
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sequence data, as it allowed us to gain insights on overlooked taxonomic and ecological 

patterns for addressing limitations within PHA production methods. Along with providing 

novel input into addressing an environmental issue, the study also shows the importance of 

metadata reporting and the accessibility of information for scientific research. 

Publication 5 

Publication 5 is the last paper presented in the thesis and is an editorial article intended as an 

accompaniment to the general discussion chapter of the thesis. The paper is a science 

communication article that details the skillsets developed during the PhD candidature. The 

article follows the PLOS “Ten Simple Rules” model, a casual conversational format where the 

author offers advice on a scientific or career-based topic. As the article covered all the 

knowledge gained during the PhD candidature, it also addresses all the Aims that were 

presented within the thesis. 

 The article discusses the evolution experienced in the field of microbial ecology, with 

the advances in next generation sequencing producing “big data” and concepts within this field 

of study progressing away from “natural science” and becoming more analogous to “data 

science” (Navarro et al., 2019).  Tools and resources for carrying out microbial ecology studies 

with an in-silico approach were recommended, but this article differs from a review article by 

also offering advice on how to obtain relevant skillsets needed to properly utilize these 

instruments. The advice includes recommendations to literature/repositories that teach 

scripting, tips and tricks on how to handle data types, as well as advice on how to present data. 

The article also has short summaries at the end of each rule created for readers who intend to 

only skim the text (or are short on time) so that the main points comprised can be delivered as 

succinctly as possible. 
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 To summarize this paper, if the general discussion presents the findings of the thesis, 

then Publication 5 presents the overall learning experience. Science communication is vital 

for engaging new demographic, which is as crucial as the scientific findings are for advancing 

the field. Similarly, the paper also addresses the limitations and bottlenecks in (meta)genomics, 

along with insight into future directions much like the general discussion, but these thoughts 

are presented to a wider audience as a publication, with the expectation that it can encourage 

or help newcomers and potential innovators into the field. 

6.3 Limitations of Studies and Future Considerations 

While (meta)genomic approaches are efficient for large-scale investigation and can direct 

future research in the wet lab, the nature of being purely information-based means the technique 

limited to conducting preliminary studies in MBP. Even though the advancements from all 

aspects of ‘omics techniques based have allowed us to delve further into the metabolic potential 

of microorganisms, the in-silico sequence data is not prescriptive and does not guarantee the 

function predicted or successful cultivation of the microbial isolate (Gutleben et al., 2018). 

However, the ‘omics approach continues to be a valuable tool in MBP as it remains the main 

culture-independent method to characterize hitherto uncultured microorganisms. As 

technology in synthetic biology advances, we may eventually be able to directly utilize the 

environmental sequences discovered through the use of DNA synthesis and genomic 

integration, allowing the creation of engineered microorganisms that can carry out the functions 

we desire (Hughes and Ellington, 2017). 

  Within the research carried out in the thesis, there were shortcomings and limitations, 

which is unfortunately an inevitable aspect of all scientific studies. In Publication 1, the review 

article covers the importance of biosynthetic gene clusters (BGCs) in the discovery of new 

microbial bioproducts. Due to the scope of the studies and time limitations, we were unable to 

perform in-depth BGCs analysis or integrate BGC mining into the research carried out within 



225 

 

the thesis (Ziemert et al., 2016). Resource and time limitations also prevented me from utilizing 

other forms of sequencing techniques such as Hi-C or long-read sequencing within my 

methodology. This would have provided better linkage between phylogeny and function at the 

metagenome level, along with improving taxonomic classification and metabolic annotation 

from the genome-resolved metagenomics (Xie et al., 2020). 

 In Publication 2, we regretfully were unable to provide a negative control for the 

(NH4)2SO4 soil enrichment experiment. This would have provided valuable insight on the 

natural succession of the microbial community within the stored topsoil. Future work in this 

line of experimentation would include a negative control, along with study into plant-microbe 

interaction by observing the growth of native vegetation under (NH4)2SO4 enrichment of AOA 

population, along with interactions with nitrogen fixing taxa for producing a sustainable system. 

Naturally, future efforts would also be dedicated to cultivating isolates from the Candidatus 

Nitrosotalea archaeon found within the study and their integration into soil microbial inocula 

formulation designed for use in semi-arid soil environments. The lower-than-expected 

sequencing depth of the samples appeared to be a potential constraint to the study as indicated 

by the 40-60% average coverage estimation provided by Nonpareil. This suggests that the 

stored topsoil contains complex microbial communities and as such, future studies should 

consider higher sequencing volumes to better sample the diversity contained within the stored 

topsoil microbiome. 

 The MCT system in Publication 3 was successfully trialed in a soil environment, but 

more testing is required across different environments (e.g., sediments, aquatic) is needed to 

understand the system’s effectiveness under different ecosystem types. Further usage of the 

MCT within environments containing conditions known to create issues with DNA extraction, 

such as those with extreme physicochemical properties or microbiomes with low biomass 

communities, would be required to ascertain whether the MCT capture substrate also improves 
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sequence quality under these difficult settings. Testing of different nutrient formulations would 

also provide an important step to determine the MCT’s effectiveness at selecting taxa from 

groups that have few cultivated representatives, such as members from the CPR superphylum. 

The nutrient enrichments used in the study appeared to promote the growth of fast-growing 

generalist microorganisms, showing that substrates used in ubiquitous metabolic pathways are 

not ideal for selective enrichment, even if they reduce the complexity of the microbial 

community. The only treatment that produced significantly different shifts in metabolic gene 

abundances in the overall metabolic community, as well as produced rare taxa in the recovered 

MAGs was the nutrient absent negative control. This indicates that future studies with the MCT 

need to use treatments that apply strong selective pressure against fast-growing, copiotrophs in 

order to prevent them from propagating and obscuring the less abundant, potentially rarer taxa 

present within the microbiome. 

  Within Publication 4, limitations of the genome mining study occurred due to time 

and computing resource constraints, with the search only being conducted on the JGI 

sequenced genome subset from the IMG/M database, instead of all available genome entries. 

Many of the PHA producing candidates were unable to be ecologically linked due to the 

omission of pertinent environment/ecosystem data within the metadata fields. The study was 

also limited in the databases that could be utilized due to the lack of readily accessible and 

searchable metadata. In terms of future work, the next logical step is to test the small-scale 

PHA production on candidates from taxa that have not been extensively studied and that have 

cultivated isolates available. The collated datasets of PHA producing candidates provides the 

explicit contextual information required for developing MBP strategies for targeting 

ecosystems or overlooked taxa of interest improving and diversifying PHA production methods. 

 The information gained by in-silico MBP presents an avenue to reconcile nature-based 

solutions with synthetic biology to drive innovation with the field of microbial biotechnology. 
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The exploration of environmental DNA has allowed access to hitherto uncultured 

microorganisms, with the ever-growing volumes of sequencing data presenting a provision for 

the discovery of new microbial candidates in the form of MAGs (Blackwell et al., 2021; Parks 

et al., 2017). Genomic blueprints provide an avenue to simulate biochemical activity, such as 

metabolic flux (i.e., the rate of metabolic processes), with MAGs providing access to an 

unparalleled potential of novel metabolic pathways that can be explored for more efficient and 

efficacious production (Ravi and Gunawan, 2021). The information provided by MAGs are set 

to improve with the wider adoption of long-read sequencing in studies, with advances in 

throughput and improvements in sequencing accuracy driving more users towards this platform 

(Tedersoo et al., 2021). The inclusion of long-read sequencing in metagenomic studies has seen 

a vast improvement in the recovery of MAGs with fully circularized genomes, even from 

complex environments, allowing for the most comprehensive link between taxa and function 

within the microbial community structure to date (Bickhart et al., 2022; Singleton et al., 2021).  

 The use of long-read sequencing also provides the opportunity for in-silico MBP to go 

beyond searches for individual genes and instead encompass complete BGCs for better 

resolution in understanding metabolic capacity. Soil microbiomes have been observed to 

contain microbial communities rich in BGCs, with long-read metagenomic studies uncovering 

novel full-length BGCs, which were notoriously difficult to recover using the once 

predominant short-read sequencing platforms (Van Goethem et al., 2021; Waschulin et al., 

2022). Advances in genomic editing has enabled the potential to manipulate the genomes of 

uncultured microorganisms directly in the environment (Rubin et al., 2022), with the improved 

sequence data resolution from long-read sequencing providing a clearer roadmap for locating 

tractable elements within the environmental (meta)genomes. These potential advances mean 

that in the future the metagenome may no longer be solely an information based medium, but 
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a facet that can be interacted with for the functional customization of an entire microbial 

community structure. 

 Although the rapid progress observed in next-generation sequencing platforms have 

greatly improved our understanding of microorganisms and the communities they form in 

various environmental systems, the projected issue of computational power beginning to 

rapidly fall far behind that of sequencing technology still looms (November, 2018). 

Microbiome-based innovations are vital for providing advances in sustainable industries 

(D’Hondt et al., 2021) and we need to ensure that we will have the capacity to keep studying 

the environmental microbiome at full capacity. Through methodological consideration at the 

experimental and sequencing stages, we can aim to provide better quality and more efficient 

sequencing data at the computational stage. 

 

6.4 Concluding Remarks 

In-silico MBP has shown to be an effective approach in utilizing large-scale environmental 

data for the discovery of microorganisms, their bioproducts, and physiological traits to exploit 

for applications in various industries. The accompanying field of microbial ecology has 

evolved with the progress of technology, with advancements in high-throughput sequencing 

allowing researchers to delve deeper into the environmental microbiome. As the fields progress, 

researchers too need to develop improved methodologies and practices to handle the ever-

growing volumes of data produced. This research from this in this thesis hopes to provide 

insights into addressing environmental issues using MBP, seeks to highlight the importance of 

the accessibility of data and metadata, along with demonstrating how contextual information 

arising from ecological sources can be used to develop better methodologies. 
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mine site restoration scenario is critical to enable critical
nutrient cycling processes.
Nitrogen is considered a major limiting nutrient for

plant growth within terrestrial ecosystems, and microbial
processes facilitate availability of nitrogen compounds
for plant growth, i.e. nitrogen fixation, ammonia oxida-
tion (Moreau et al., 2019). In the nitrification step of
nitrogen cycling, ammonia oxidation is the initial and
limiting step and is performed by ammonia-oxidizing
archaea (AOA), ammonia-oxidizing bacteria (AOB) and
complete ammonia oxidation (comammox) bacteria
(Kuypers et al., 2018; Lehtovirta-Morley, 2018). As
such, these ammonia-oxidizing taxa are arguably the
gatekeepers of nitrogen cycling and understanding their
ecological presence is key to determining the sustain-
ability of an ecosystem (Amoo and Babalola, 2017).
AOA, in comparison to AOB, dominate soil microbiomes
with low ammonium supply. The metabolic and ecologi-
cal differences between archaeal and bacterial ammo-
nia oxidizers that modulate this niche partitioning have
been previously described in dryland soils (Trivedi
et al., 2019). For instance, within the weathered lateritic
agricultural WA soils, a reverse trend has been
observed, where AOB are present in higher numbers
compared to AOA. The authors speculate that the low
copper levels (a key co-factor ammonia oxidation in
AOA) in WA agricultural soils could drive the functions
(Jenkins et al., 2016). WA soils could be host to unique
microbial communities that are adapted to the lateritic
soils, which are often depleted of other nutrients, such
as phosphorus, potassium and critically, nitrogen, due
to extensive weathering and the binding of nutrients to
lateritic compounds that make them unavailable for
uptake (O’Brien et al., 2019).
In our previous work, we highlighted the higher rela-

tive abundance of novel 16S rRNA gene sequences
related to archaeal taxa involved in nitrogen cycling.
Unlike agricultural soils in WA (Jenkins et al., 2016),
the nitrifiers in natural ecosystems, particularly rich in
iron-ore deposits are largely unknown. Shotgun
metagenome sequencing has the potential to pinpoint
cornerstone taxa that may play critical roles throughout
the ecological restoration due to their capacity to link
both taxonomic and functional information (Hart
et al., 2020). Here, we aim to recover genomic data of
ammonia-oxidizing taxa from ammonium-enriched
stored topsoil from the mining sites in semi-arid WA
soils, with particular focus on the persistent archaeal
presence observed in our previous work (Kumaresan
et al., 2017; Moreira-Grez et al., 2019a). Enrichment of
the microcosm using inorganic ammonium coupled with
metagenomic sequencing led to improved genomic
recovery of AOA that provided in silico blueprints of the
metabolic capacity of recovered candidates that can aid

in developing isolation strategies for potential bio-
prospecting ventures. The enrichment was also used to
compare the response of AOA and AOB groups to
ammonium input in oligotrophic conditions. The meta-
genomic approach utilized in this study provided insight
into the ecological drivers of ammonia-oxidizing taxa in
the semi-arid soils from natural ecosystems in WA, with
a focus towards their nitrogen cycling potential in the
restoration of disturbed soils.

Results

Temporal taxonomic profiles of the soil metagenomes

Semi-arid soils subjected to enrichment with (NH4)2SO4

showed similar proportions in the overall bacterial
populations, with only slight variation in relative abun-
dance observed across time points between both the
amplicon (Fig. 1A) and whole metagenome shotgun
(WMS) data (Fig. 1B). The most substantial increase in
relative abundance after 3 weeks of N enrichment were
sequences related to archaeal phyla Thaumarchaeota,
Aigarchaeota, Crenarchaeota and Korarchaeota sup-
erphylum (Guy and Ettema, 2011) which contains the
canonical AOA. This is most notable in the Archaea;
Thaumarchaeota phylum from the WMS data, with an
increase in relative abundance from 0.155% (baseline)
to 5.629% (3 weeks), a roughly 34-fold increase in
metagenomic reads classified as Thaumarchaeota. The
disparity between the phylum naming for the amplicon
sequences and WMS data is likely due to the differ-
ences in the respective databases utilized by each
method. The publicly available versions of the
Greengenes 16S rRNA gene database use older taxo-
nomic terms, likely from when Thaumarchaeota was
still classified as a ‘mesophilic Crenarchaeota’ (Pester
et al., 2011). As the WMS classification is based on the
latest NBCI non-redundant protein database, it provides
a more up to date classification consistent with current
literature. Another point of note is the replacement of
Cyanobacteria from amplicon sequences to
Gemmatimonadetes in the WMS data, most likely due
to misidentification of chloroplast sequences among the
16S amplicons (Hanshew et al., 2013). The diversity
and evenness of the soil samples were shown to
decrease over time post-enrichment, likely due to the
substantial change in relative abundance observed
within the archaeal phyla; however, this change was
determined to be statistically not significant according
to one-way ANOVA (Fig. 2A). The clustering of the soil
sample data in the non-metric multidimensional scaling
(NMDS) analysis showed a clear successional trend
observed in the microbial communities as time prog-
ressed post (NH4)2SO4 enrichment (Fig. 2B).
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Fig. 1. Taxonomic distribution at the phylum level of the soil metagenome from amplicon and whole metagenome shotgun sequencing data.
Comparisons between baseline soil and time points post enrichment with ammonium sulfate. Amplicon sequencing data were used solely to
determine relevant time points for the subsequent whole metagenome shotgun sequencing.

Fig. 2. Measurements of microbial community structure at the genus level from Kaiju outputs using whole metagenome shotgun data. Baseline
and treatment populations were investigated for temporal changes in (A) Alpha diversity though Shannon diversity index with differences between
samples determined to be not significant via one way ANOVA and (B) Beta diversity via NMDS of microbial community dissimilarity.
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Effects of enrichment on ammonia-oxidizing prokaryote
populations

Sequences affiliated to AOA showed greater increase in
relative abundance compared to AOB at the genus level
across successive time points post-enrichment with
(NH4)2SO4 (Fig. 3A). In the baseline soils, AOA abun-
dances were either at similar levels or lower than those
of AOB with respect to relative proportion within the over-
all population. Over the course of the experimental
period, the relative abundances of all detected AOA
increased, whereas the AOB population remained similar
or showed only slight increases on a subset of taxa. At
the end of the 3-week period, AOA from the genus Can-
didatus Nitrosotalea and Nitrososphaera showed higher
relative abundances across all samples, with Ca.
Nitrosotalea showing at least a 10-fold increase in rela-
tive abundance within two replicate samples compared to
the highest reported AOB genus. Nitrospira showed a
marginal increase at week 3; however, as no MAGs were
recovered from this genus, we were unable to determine
if the reported populations were composed of comammox
or nitrite oxidizers. Correlations of ammonia-oxidizing
taxa showed strong associations between the pairs of
AOA and AOB (Fig. 3B). In the baseline soils, multiple

bacterial and archaeal taxa had a strong negative corre-
lation, indicating competitive interactions between both
groups. After 3 weeks, aside from Nitrosospira, these
associations were no longer observed between archaeal
and bacterial groups. Coupled with the substantial
increase seen in AOA but not AOB numbers in the rela-
tive abundance data suggests that within this subset of
ammonia-oxidizing prokaryotes, archaea may have out-
competed most bacteria groups after 3 weeks post-
enrichment.

Differential abundances of the metabolic profile of the
metagenome post-enrichment

At the level 3 subsystem category, the overall diversity
and evenness of metabolic genes displayed a marginal
increase across all soil samples as time progressed post-
enrichment; however, the one-way ANOVA testing deter-
mined that the changes observed were determined to be
not significant (Fig. 4A). In comparison, certain individual
metabolic genes within the level 3 subcategory were sig-
nificantly enriched or suppressed in the 3-week post-
enrichment treatment sample compared to the baseline
soil (Fig. 4B, Supplementary Table 1). The genes of

Fig. 3. Taxonomic profiling of a subset of
ammonia oxidizing taxa at the genus
level from soil metagenome.
A. Relative counts of archaea (circles)
and bacteria (triangles) from baseline and
3 week post ammonia sulfate enrichment.
B. Correlation plot of AOA versus AOB
(including Nitrospira). Area within the
rectangle seen in the correlation plot
highlights all archaea bacteria
associations.

© 2022 The Authors. Environmental Microbiology published by Society for Applied Microbiology and John Wiley & Sons Ltd.,
Environmental Microbiology, 24, 3097–3110

3100 P. Vuong et al.



interest that were significantly enriched were those asso-
ciated with archaeal biosynthesis and transcription. This
pattern of diversity is also reflected in the taxonomic
abundance data, in which the overall population showed
little to marginal change, but substantial increases were
seen in sequences associated with archaeal taxa.

Archaeal genomes recovered from soil metagenome

A total of five archaeal MAGs were recovered from
across all soil metagenomes that passed the complete-
ness and contamination protocols. As GTDB-tk was used
to classify the MAGs, the GTDB naming convention will
be used to categorize the taxonomic labels for all resul-
tant data involving the MAGs recovered in the study.
Four MAGs were classified from canonical AOA genera,
three from genus Nitrosotalea (CheckM reported com-
pleteness – nc 117: 64.56%, t2 109: 58.90% and t3 48:
92.23%) and one from genus Nitrososphaera (complete-
ness – t2 80: 78.80%). The remaining MAG was an
archaeon from order Woesearchaeales. Additional infor-
mation on all recovered MAGs such as quality and
assembly statistics, assigned classification, classification
method, predicted tRNAs and rRNA can be found in Sup-
plementary Table 2.

Effects of enrichment on diversity capture and sequence
utilization in metagenomic assemblies

The redundancy estimation by Nonpareil showed
increased rates of coverage for the diversity observed
within the post-enrichment soil metagenome compared to
that of the baseline soils, given similar sequencing efforts

(Fig. 5). The improved coverage likely reflects the
decreased diversity observed in the post-enrichment
metagenomes (Fig. 2A), which is also supported by the
values reported by the Nonpareil diversity index
(Baseline: 23.81, 2 weeks: 23.24, 3 weeks: 22.64). Read
mapping of the baseline, 2-week and 3-week meta-
genomic reads to their respective assembled sequences
reported an overall alignment rate of 46.69%, 53.51%
and 57.71% respectively, which closely mirrors the
values presented by the estimated average coverage
seen on the Nonpareil curves to their respective
datasets. Improvements in overall alignment rates from
the post-enrichment metagenomes were also seen down-
stream in the recovered AOA candidate MAGs, with a
clear pattern observed in the Nitrosotalea candidates,
nc 117 (baseline): 0.02%, t2 109 (2 weeks): 0.07% and
t3 48 (3 weeks): 0.17%, along with the sole
Nitrososphaera candidate MAG t2 80 (2 weeks): 0.29%.
The increased alignment rates in the post-enrichment
metagenomes and MAGs demonstrate that more reads
are being utilized in assembled sequences, likely due to
the reduction in diversity resulting in better coverage.
Increased read maps in the Nitrosotalea candidate MAGs
from successional metagenomes also suggest that the
more abundant Nitrosotalea subpopulations (Fig. 3A)
observed in the post-enrichment microbiomes have
improved the genomic capture rate of this taxa.

Phylogenomic comparison and distributions of nitrogen
metabolism pathways of interest

The four archaeal MAGs classified as AOA candidates
appeared to be closely related to the known ammonia-

Fig. 4. Changes in metabolic gene distributions at SEED subsystem level 3 observed in the baseline and post ammonium sulfate enriched soils.
A. Box plot of Shannon diversity and evenness index of metabolic genes showing overall changes from all time points. One way ANOVA deter
mined differences between samples were not significant.
B. Volcano Plot produced from ALDEx2 analysis of metabolic genes from baseline samples versus 3 weeks post enrichment. Data points in red
indicate that the metabolic gene in question was either significantly enriched or suppressed in comparison to others according to Welch’s t and
Wilcoxon rank test (α < 0.05).
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oxidizers Nitrososphaera and Nitrosotalea, which is con-
gruent with the genus classification assigned by GTDB-tk
(Fig. 6). All the MAGs identified as genus Nitrosotalea
(nc 117, t2 109 and t3 48) were found to contain amoA
and the t3 48 MAG which had the highest completion,
showed a nitrogen metabolic pathway pattern consistent
with several Nitrosotalea and other AOA genomes.
Although the genus Nitrososphaera MAG (t2 80) was
phylogenetically assigned within the Nitrososphaera
clade, it is missing the AmoCAB node or results from
Pfam/TIGRFAM searches required to definitively confirm
it as an AOA. Given the phylogenetic placement, this is
most likely due to missing data resulting from the MAG
being incomplete, rather than an actual absence of
ammonia monooxygenase.

Discussion

Metagenomics provides a primary approach into the
observations of the in situ metabolic potential of environ-
mental microorganisms and their response to ecological
changes. Furthermore, the recovery of MAGs allows us
to understand the metabolic capacity of a microbiome

within the context of the individual microorganism pre-
sent. The prediction of metabolic potential, however,
does not automatically guarantee function. A pertinent
example is the denitrification process where varying eco-
logical factors determine whether transcription occurs or
even if functional enzymes are produced, despite the
presence of denitrification genes within the genome
(Lycus et al., 2017). Another issue is that due to the limi-
tations of short-read sequencing, the MAGs often remain
drafts, with the missing data obscuring valuable ecologi-
cal and functional information. Nonetheless, extensive in
silico approaches such as this study provide the ground-
work to explicitly select candidate taxa for potential bio-
prospecting ventures and the ability to further explore
other biosynthetic pathways present, within the context of
the ecological question at hand.

From the denuded environment present in the stored
topsoil, archaea appeared to have displayed the greatest
relative response to the (NH4)2SO4 enrichment. This is
reflected in the significant increases seen within
Thaumarchaeota at the phylum level, AOA at the genus
level, as well as in archaeal-associated metabolic gene
groups among the metagenomic reads. Studies into

Fig. 5. Estimation of the coverage of diversity between the baseline and post enrichment soil metagenomes using Nonpareil. The empty circles
on the curves show the actual sequencing volume of the respective datasets. The dashed and solid red horizontal lines show the 95% and 100%
estimated coverage threshold respectively. The arrows are a visual indicator of the Nonpareil diversity index of each dataset, with arrows further
right indicating more diverse communities.
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archaeal involvement in plant–microbe interactions have
shown that not only do archaea participate in nutrient
cycling but also promote growth, improve disease resis-
tance and mitigate stress factors in plants (Jung
et al., 2020). This suggests that stored topsoil treated
with (NH4)2SO4 to stimulate the growth of AOA
populations can be used to improve soils for post-land-
use rehabilitation.

In this pilot study, we investigated the potential of using
inorganic nitrogen addition within the context of soil resto-
ration and how it can modulate nitrifier activity/diversity.
However, the experiments on the basal soils did not
account for the growth of AOAs without enrichment. Fur-
ther AOA propagation studies within stored topsoil should

consider baseline community succession, i.e. without
nutrient input, to account for other potential ecological
interactions within the microcosm. Future field-scale trials
will certainly account for other contributing factors such
as nitrogen fixation, plant–microbe interactions, among
other variables, that can modulate nitrogen availability.
Here, our focus was to identify keystone taxa and recover
the genomes of indigenous archaeal nitrifiers.

Variations in the observed AOA and AOB population
numbers between baseline and enriched soils provided
valuable insight into the potential effects of N addition
within natural ecosystems in WA. Short-term addition of
inorganic ammonia in the form of (NH4)2SO4 appeared to
promote the rapid growth of AOA in the semi-arid topsoil.

Fig. 6. Maximum likelihood tree and nitrogen pathways of archaeal genomes. AOA genomes from RefSeq were phylogenetically compared to
the potential AOA MAGs recovered from this study (indicated by bold labels). Completeness of MAGs was reported by CheckM. Nitrogen path
ways displayed were predicted by MinPath using the KEGG metabolic pathway models and are represented by shaded boxes indicating the
predicted presence of a node within the respective nitrogen metabolic pathway. Shaded stars are nodes that were not present in the MinPath pre
diction but were detected via HMM search using the Pfam A database. Bootstrap values of ≥95% are shown by solid dots. Coloured backgrounds
indicate AOA groups: Marine Group I (MG I); South African Gold Mine Crenarchaeotic Group 1 (SAGMCG 1); Soil Crenarchaeotic Group (SCG);
Hot Water Crenarchaeotic Group III (HWCGIII) and Thermophilic AOA (ThAOA).
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The large increase in AOA population numbers com-
pared to AOB post-(NH4)2SO4 enrichment may be due to
the inhibitory effect of high ammonia concentrations,
which has been observed to affect the growth of AOB but
not AOA (Liang et al., 2020). This niche differentiation of
AOA and AOB could be utilized when developing fertiliza-
tion strategies for the promotion of AOA growth for nitrifi-
cation within the semi-arid soils present in WA.
Further studies exploring ammonia-oxidizing taxa are

crucial for understanding the ecological processes that
drive nitrifying microorganisms within the WA natural soil
ecosystems. Ecological studies of ammonia-oxidizers
have been carried out in managed soils in WA, particu-
larly within agricultural soils (O’Sullivan et al., 2013; Ban-
ning et al., 2015; Fisk et al., 2015; Jenkins et al., 2016),
but very little work has been done in native terrestrial
environments. A thorough understanding of the edaphic
properties of soil in natural ecosystems and how they
affect ammonia-oxidizing taxa are essential for the resto-
ration of disturbed soils to their state prior to land use.
This process is vital for screening ideal candidate taxa
acclimated to the ecological conditions present within the
unique soil ecosystems present within the natural WA
landscape.
Within the dominant post-enrichment AOA population,

the genus Ca. Nitrosotalea displayed the greatest relative
abundance in archaeal reads and provided the highest
number of recovered archaeal MAGs. The Ca.
Nitrosotalea archaeon thrive in acidic environments
(pH 4.5–5.5) through high-affinity substrate acquisition
and pH homeostasis systems which confer the ability to
oxidize ammonia at low pH, conditions that have been
found to inhibit AOB activities (Lehtovirta-Morley
et al., 2016a). High rates of horizontal gene transfer dis-
covered in other Ca. Nitrosotalea genomes likely contrib-
uted to the lineage’s ability to be successful in extreme
environments, by facilitating the procurement of physio-
logical systems allowing for survival in harsh environ-
ments (Herbold et al., 2017). The properties associated
with Ca. Nitrosotalea likely contributed to the relative suc-
cess in propagation observed in the candidate taxa found
within this study, as the stored topsoil was derived from
acidic soils (Kumaresan et al., 2017).
AOA that can persist in extreme conditions are desir-

able bioprospecting targets for isolation as they can pro-
vide effective soil remediation in a broader range of
ecological conditions. Candidatus Nitrosocosmicus
franklandus, an AOA species isolated from arable soil,
has been observed to thrive in high ammonia concentra-
tions potentially providing contributions towards the nitrifi-
cation of fertilized soils due to its physiological diversity
(Lehtovirta-Morley et al., 2016b). The Ca. Nitrosotalea
candidates sequenced in this study comparatively have
also been shown to respond well to high ammonium input

but are able to survive in denuded oligotrophic conditions
commonly seen in stored topsoil. Combined with the
known Ca. Nitrosotalea archaeon ability to survive in
acidic environments makes the Ca. Nitrosotalea candi-
dates discovered in this study prime target for isolation
and utilization as indigenous microorganism for the resto-
ration of semi-arid soil ecosystems present in WA. Novel
isolation or in situ enrichment techniques that facilitate
the inoculation of Ca. Nitrosotalea can potentially speed
up the re-establishment of the N-cycle upon disturbed
soils.

In tandem, AOA produce less N2O emissions com-
pared to AOB under both high and low ammonium sup-
ply, making AOA ideal candidates for the reduction in
N2O production (Hink et al., 2018). Within terrestrial envi-
ronments, excess use of nitrogen-based fertilizer has led
to an increase in the production of nitrous oxide (N2O), a
major greenhouse gas, from nitrifying and denitrifying
microbes (Thompson et al., 2019). There has been
increased interest in investigating the physiology and
niche differentiation in AOA, AOB and comammox bacte-
ria to develop strategies that optimize microbial pro-
cesses within the nitrogen cycle, whilst mitigating the
effects of greenhouse gas production (Prosser
et al., 2020). Microbial bioprospecting of natural soil eco-
systems with low nitrogen content, such as oligotrophic
soil ecosystems could produce candidate AOA that can
potentially operate under conditions with minimal nitrogen
input and may further reduce N2O production.

Conclusion

Stored topsoil is vital for restoring post-land-use ecosys-
tems and understanding the microbial communities that
persist within the less-than-ideal conditions during stor-
age is crucial for successful rehabilitation. Metagenomic
approaches coupled with the enrichment of the topsoil
biome have provided insight on taxa involved with critical
nitrogen cycling capacity that can persist in the denuded
oligotrophic conditions, as well as those that can respond
rapidly to nitrogen input. Through MAGs, we were able to
further explore metabolic capacity within the context of
taxa allowing us to explicitly shortlist candidate taxa with
diverse nitrogen metabolism. These metagenomic
insights can be applied to develop strategies in bio-
prospecting for acclimated taxa that can perform essen-
tial ecological functions needed to revitalize degraded
ecosystems. In addition, further insight into the nitrogen
metabolism in nitrifying and denitrifying taxa in different
ecological niches may aid in the understanding of micro-
bial N2O production in a bid to reduce climate footprints
by finding suitable candidates for use in anthropogenic
activities.
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Experimental procedures

Sample collection

Soil samples were collected from topsoil storage from an
active mine site 200 km east of Geraldton, WA
(�29.164658�, 116.786696�). Soil collection protocols
are detailed under the ‘Materials and Methods’ section in
the study by Kumaresan et al. (2017), with details of soil
chemistry composition in Supplementary Table 3.

Experimental setup

Samples were incubated under 150 mg kg�1 of ammo-
nium sulfate ((NH4)2SO4). The concentration of inorganic
nitrogen was selected as it reflects the levels of nitrogen
addition commonly used in the WA agricultural sector for
soils as demonstrated in a prior study (Moreira-Grez
et al., 2019a). Briefly, 5 g of topsoil and 625 μl of steril-
ized water were added to a 120 ml serum bottle, asepti-
cally. No other nutrient sources were added to avoid the
enrichment of possible copiotroph communities that might
hinder the growth of the targeted oligotrophic communi-
ties present in the study. Bottles were sealed with a rub-
ber stopper and clamped to prevent air exchange
throughout the experiment. Twelve replicates were pre-
pared with destructive sampling over a 3-weeks period
(three replicates per timepoint). Bottles were incubated at
25�C in dark conditions. Soil from the topsoil storage
facility was sampled and kept stored at �20�C until
downstream analyses in order to assess baseline com-
munity composition (herein, timepoint zero).

DNA extraction and 16S rRNA gene amplicon PCR

DNA was extracted in triplicate from 0.3 g of soil samples
using a Powersoil-htp 96 Soil DNA isolation kit, following
the manufacturer’s guidelines with minor modifications
[freeze–thaw cycle (�3) after the addition of solution C1;
50 μl of solution C6 passed twice through the silica filter].
Extracted DNA was quantified using a Qubit 2.0 fluorom-
eter (Life Technologies, USA). For the 16S rRNA analy-
sis, 2 ng of DNA was used as template for subsequent
PCR amplification using the 515F/806R primer set,
targeting the 16S rRNA V4 region for both bacteria and
archaea domains (Liu et al., 2007). For the in-depth pro-
tocols, refer to Kumaresan et al. (2017) for PCR reagent
and thermal conditions.

16S rRNA gene amplicon analysis

To identify relevant time points for shotgun metagenomic
analysis, amplicon sequencing was used as a first step.
PCR amplicons were sequenced using the Ion Torrent
PGM platform (Thermo Fisher Scientific, Australia).

Analysis was performed within QIIME wrapper (v. 1.9;
Caporaso et al., 2010) using parameters described in the
paper by Moreira-Grez et al. (2019b). Briefly, low-quality
sequences were rejected (phred score <20, size between
130 and 350). No primer mismatch and/or barcode error
were allowed. Chimeric sequences were filtered using
USEARCH (v. 6.1; Edgar, 2010). Quality-passed reads
were then clustered using UCLUST4 at 97% sequence
similarity cut-off for the identification of representative
OTUs. Taxonomic assignment of representative
sequences was done using RDP classifier based on the
Greengenes database (v. 13.8; McDonald et al., 2012).
Resulting taxonomic frequency table was used for deter-
mining if notable community differences were observed
between time points for further shotgun metagenome
sequencing.

After considering the microbial community composition
based on the 16S rRNA gene analysis, DNA extracted
from the baseline community (time zero), 2- and 3-weeks
post-enrichment replicates were selected for whole
metagenome shotgun (WMS) sequencing, due to minimal
differences in the relative abundance of the microbial
communities between the baseline and 1-week enrich-
ment samples. Extracted DNA samples for WMS were
sent to the Australian Genome Research Facility (https://
www.agrf.org.au/) for sequencing. Library preparation
was performed using the Takara ThruPLEX protocol (ver-
sion: QAM-108-003) and sequenced via the HiSeq 4000
(Illumina) sequencing platform utilizing the 150 bp paired-
end technology.

Functional and taxonomic profiling of soil metagenomes

Raw reads sequenced from the soil metagenomes were
processed with Trimmomatic (v. 0.39; Bolger et al., 2014)
to remove low-quality bases and Illumina adapter
sequences with the parameters ‘PE –phred33
ILLUMINACLIP:TruSeq3-PE.fa:2:30:10 LEADING:3
TRAILING:3 SLIDINGWINDOW:4:20 MINLEN:36’. Reads
in which both pairs passed the trimming process were
kept for further analysis in the workflow. An estimation of
coverage and diversity capture between the temporal
samples was performed with Nonpareil (v. 3.3.4;
Rodriguez-R et al., 2018), using the alignment algorithm
option via the ‘-T alignment’ flag. Nonpareil was used to
estimate required sequencing efforts needed to cover the
calculated diversity between the baseline soil and post-
enrichment samples. The associated Nonpareil R pack-
age was used to plot the redundancy curves and report
the estimated diversity index between the temporal
samples.

Taxonomic profiling of microbial abundance was done
at the read level using Kaiju (v. 1.7.4; Menzel
et al., 2016), with default parameters using the ‘nr euk’
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database (https://kaiju.binf.ku.dk/database/kaiju db nr
euk 2021-02-24.tgz) obtained from the Kaiju website.
Outputs were combined from samples with the same time
point (baseline, 2 and 3 weeks) for determining the taxo-
nomic abundance at the phylum level via the
‘kaiju2table’ module using the ‘-r phylum’ flag
(Supplementary Table 4). Entries under ‘cannot be
assigned to a (non-viral) phylum’ and ‘unclassified’ were
combined under the label ‘Unassigned/unclassified’.
Relative abundance computed at the phylum level with
16S rRNA amplicon sequences (QIIME) and meta-
genomic reads (Kaiju) were used to assess ammonium-
dependent enrichment over the 3-week period. The eight
most abundant phyla were selected for plotting on both
datasets, although ‘Unassigned/unclassified’ bin was
also included for the metagenomic reads due to its large
proportion throughout the dataset. Remaining taxa (other
bacteria and archaea, which within the metagenomic
subset also include eukaryotes and viruses) were classi-
fied as ‘other’. Stacked bar charts were computed using
triplicates means and were visualized through the ggplot2
R package (v. 3.3.5; Wickham and Sievert, 2016).
For a more in-depth analysis, the ‘kaiju2table’ module

was also used to explore the effect of the enrichment on
the differential abundance for all replicates across all
samples (three each for baseline, 2- and 3-weeks post-
enrichment) at the genus level using the ‘-r genus’ flag
(Supplementary Table 5). The genus-level output from
Kaiju was imported into R v. 4.1.0 and features were
rarefied at 39292701 reads per sample, to allow for
meaningful comparison when needed. Alpha- and beta-
diversity, between the soil community taxa spanning
different time points was performed via the Shannon
diversity index and NMDS analysis based on the Bray–
Curtis dissimilarity coefficient respectively; implemented
in the Vegan R package (v. 2.5-7; Oksanen et al., 2020).
Statistical difference between Alpha diversity values was
tested using one-way ANOVA with Tukey as a post hoc
test as implemented on the multcomp R package
(v. 1.4-17; Hothorn et al., 2008). Resulting figures for the
alpha- and beta-diversity plots of microbial community
structures were visualized by ggplot2.
Prokaryotes known to oxidize ammonia – AOA

Nitrososphaera, Nitrosocosmicus, Nitrosocaldus,
Nitrosotalea, Nitrosopumilus Nitrosoarchaeum, Nitrosotenuis
and Nitrosopelagicus; AOB Nitrosomonas, Nitrosospira
and Nitrosococcus; and including comammox Nitrospira,
were plotted to determine the effects of (NH4)2SO4

enrichment on the relative abundance of this subset of
taxa. Corrplot R package (v. 0.90; Wei and Simko, 2021)
was used to create a correlation matrix to analyse the
strength of association between the relative abundance
of AOA and AOB within the baseline soil and soil 3-week
post-enrichment. The subsequent scatter and correlation

plots for representing relative abundance and the correla-
tion matrix respectively, between ammonia-oxidizing pro-
karyotes were created using ggplot2.

Functional profiling of the metagenome was performed
at the read level using SUPER-FOCUS (v. 0.34; Silva
et al., 2016), which groups metabolic genes into function-
ally similar groups based on a reduced SEED subsystem
(Overbeek et al., 2005). SUPER-FOCUS was run using
default parameters, with DIAMOND (v. 0.9.14; Buchfink
et al., 2015) as the aligner of choice among all individual
samples. The Shannon diversity index was used to deter-
mine significant differences between metabolic genes at
the Level 3 SEED subcategory comparing data from repli-
cates from the baseline and 3-week post-enrichment sam-
ples through the Vegan R package with the results
visualized by ggplot2. ANOVA-like differential expression
analysis was used to compare metabolic gene counts
between the baseline and 3-week post-enrichment sam-
ples via the ALDEx2 v. 1.24.0 R package using the ‘t’
option for Welch’s t and Wilcoxon rank test (Fernandes
et al., 2013; Fernandes et al., 2014; Gloor et al., 2016).
The conversion of metabolic count data through centred
log scale transformation in ALDEx2 into a scale invariant
form removed the need for prior rarefication of read counts
and the transformed data underwent 128 Dirichlet Monte-
Carlo Instances and 10 000 iterations with Benjamini–
Hochberg correction. Results from ALDEx2 were then
visualized via a volcano plot using the EnhancedVolcano
package (v. 1.12.0; Blighe et al., 2021). Genes with Log2
fold change lower than �2.5 and higher than 2.5 while
having a significance level below alpha level (α < 0.05)
were identified as significant microbial enrichments/
suppressions (Supplementary Table 1).

Genome recovery from soil metagenomes

De novo assembly of the metagenomes were performed
using metaSPAdes (v. 3.15.1; Nurk et al., 2017) using
default parameters and the ‘--only-assembler’ option
enabled. MetaSPAdes was selected as the assembler of
choice as it has been recommended for studies that aim
to reconstruct representative genomes from the environ-
ment, which was one of the main focuses of this article
(Vollmers et al., 2017). Experimental replicates within
each temporal sample (baseline, 2 weeks and 3 weeks
enrichment) were respectively co-assembled to improve
the rate of genomic recovery. Read mapping of the
assembled contigs and MAGs were performed using
Bowtie 2 (v. 2.3.4.1; Langmead and Salzberg, 2012).
Postprocessing of read alignment files such as sorting
and indexing of read maps for downstream analyses was
carried out using Samtools (v. 1.10; Li et al., 2009). Bin-
ning was done using metaBAT2 (v. 2.12.1; Kang
et al., 2019) using default parameters, with the quality
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and assembly statistics of the binned MAGs reported by
CheckM (v. 1.1.2; Parks et al., 2015). Archaeal MAGs
with reported completion >50% and <5% contamination
were selected for further downstream analysis.

Characterization of metagenome-assembled genomes

MAGs were taxonomically classified via GTDB-tk
(v. 1.5.0; Chaumeil et al., 2020) using the Genome Tax-
onomy Database release 06-RS202 data (Parks
et al., 2020). Functional annotation of the MAGs was
done using MetaErg (v. 1.2.3; Dong and Strous, 2019),
with the associated database (released on Jan. 8, 2021,
from: http://ebg.ucalgary.ca/metaerg/db.tar.gz). MetaERG
is an annotation pipeline that utilizes various HMM and
sequence search tools, as well as metabolic pathway
prediction tools to automate the functional profiling of
metagenomes and MAGs. Within MetaErg, output from
Aragorn (v.1.2.41.c; Laslett and Canback, 2004) was
used to predict tRNA and rRNAfinder (v. 1.1.0; Dong and
Strous, 2019) was used for the 5S, 16S and 23S rRNA
sequences for the purposes of MIMAG reporting (Bowers
et al., 2017). MetaErg functional profile output results
from HMMER (v. 3.1; Eddy, 2011) utilizing the Pfam-A
(Finn et al., 2014) and TIGRFAM (Haft et al., 2013) data-
bases as well as the metabolic pathway prediction by
MinPath (v. 1.5; Ye and Doak, 2009) for KEGG pathways
(Kanehisa and Goto, 2000) were investigated to detect
proteins related to nitrogen metabolism.

Phylogenomic comparisons of MAGs and nitrogen
pathways

To prepare data for genome-wide phylogenetic compari-
son, proteins were predicted for each individual MAG via
Prodigal (v. 2.6.3; Hyatt et al., 2010). Only archaeal MAGs
classified by GTDB from canonical AOA groups were
selected for comparison in phylogenetic and pathway dis-
tributions. These were then processed via PhyloPhlAn
(v. 3.0; Asnicar et al., 2020), using the ‘supermatrix aa.
cfg’ configuration file generated by ‘phy-
lophlan write default configs.sh’, which uses DIAMOND
to map proteins to a marker database and MAFFT
(v. 7.487; Katoh and Standley, 2013) for multiple
sequence alignment. The database used was the Phy-
loPhlAn database via the ‘-d phylophlan’ option, con-
taining 400 universal markers that are detailed in the
paper by Segata et al. (2013) with the ‘--accurate’ option
enabled. PhyloPhlAn was first run using default parame-
ters to determine the minimum number of markers present
in the genomes used in the study via the standard output
using the ‘--verbose’ option. As one MAGs returned only
99 markers, the minimum number of marker option was
set using the flag ‘--min num markers 99’. Archaeal

MAGs recovered in the study were compared to reference
genomes and as the highest level of taxonomy used to
distinguish genomes was at the family level, the diversity
setting was set to ‘--diversity medium’. Genomes used as
comparative references for AOA candidate MAGs were
from canonical AOA members and obtained from NCBI’s
Refseq database (Supplementary Table 6).

To create a bootstrapped tree, the concatenated align-
ment outputs for bacterial and archaeal marker genes pro-
duced by the Phylophlan pipeline were run separately
through RAxML-HPC (v. 8.2.12; Stamatakis, 2014) with the
parameters ‘-p 1989 -x 12345 -N 100 -m PROTCATLG -f
a’. The bootstrapped trees produced by RAxML-HPC were
visualized via iTOL (v. 6.3; Letunic and Bork, 2021). Visual-
ization also included the presence of the nodes within
selected KEGG pathways modules for nitrogen metabo-
lism: Denitrification (M00529) and Complete nitrification
(M00804) (Supplementary Table 7). In cases where the
AmoCAB node was absent from Minpath predicted KEGG
pathway, the functional profile created by MetaErg utilizing
HMMER and the Pfam A database was used to confirm
the presence of ammonia monooxygenase proteins.
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Vuong et al. Mining Microbial Genomes for Bioplastic Production

and recycling is slow due to sorting required to accommodate the
wide range of plastic formulations with certain plastic additives
often limiting their use in recycling (Anjum et al., 2016). In
addition, the production of plastics accounts for 4–8% of the
global consumption of oil, with the projected use rising to 20%
by 2050 (Narancic et al., 2020). The need for biodegradable
and sustainable alternatives has, therefore, become critical with
microbially produced polyhydroxyalkanoates (PHAs) showing
significant promise as an economically viable replacement for
petroleum-based plastic (Meereboer et al., 2020).

Polyhydroxyalkanoates (PHAs) are a group of microbially-
made polyesters: 100% biodegradable, thermoplastic, insoluble
in water, non-toxic and biocompatible. The major advantage for
waste management is that PHA products are 100% biodegradable
(compostable bioplastics) in the land and ocean, leaving no
lasting waste management footprint. As such these biopolymers
are well suited as a “green” alternative to petroleum-based plastics
by being both biodegradable and non-toxic (Dietrich et al., 2017).
Prokaryotic species that produce PHAs are broad and include
many bacteria, such as Alcaligenes latus, Ralstonia eutropha,
Azotobacter beijerinckii, Bacillus megaterium and Pseudomonas
oleovorans (Bhuwal et al., 2013; Anjum et al., 2016), as well as
several archaea from the family Halobacteriaceae (Han et al.,
2010; Hermann-Krauss et al., 2013). PHAs are produced by
microorganisms as a form of intracellular energy storage, within
the microbial cytoplasm, and manifests when there is an excess
supply of carbon but other essential nutrients, such as oxygen,
nitrogen, and phosphorus are deficient (Laycock et al., 2014). The
carbon-based “feedstocks” used in the development of efficient
microbial PHA production are derived from sustainable and
low-cost sources: agricultural waste (starch, lignocellulose and
animal carcasses), molasses, whey, waste oils and glycerol from
the production of biodiesel (Cui et al., 2016).

The types of PHAs produced by individual microorganisms
are categorized by the number of carbon atoms within the
monomer units that form the PHA polymer: short-chain length
(SCL) PHAs consist of 3–5 carbon atoms, medium-chain length
(MCL) PHAs with 6–14 carbon atoms and PHAs with > 14
carbon atoms are considered long-chain length (LCL) (Sagong
et al., 2018). The mechanical properties of PHAs are influenced
by the carbon length of the monomers, SCL-PHAs due to
their crystalline structure, are generally stiff, brittle and have
poor thermal stability, requiring modified processing approaches
for an improved product (Wang et al., 2016). In comparison,
MCL-PHAs have good thermos-elastomeric properties but are
mainly limited to bacteria from the family Pseudomonadaceae
(Oliveira et al., 2020). LCL-PHAs are rare and only produced
by Pseudomonas strains (Meereboer et al., 2020) and have
seen less interest within the area of bioplastic development
(Muneer et al., 2020).

The enzyme responsible for the polymerization of monomeric
substrates during PHA biosynthesis is PHA synthase (PhaC)
which is organized into four classes depending on their primary
protein structure, substrate specificity and subunit composition
(Rehm, 2003). Class I contains a type of PhaC (∼60 kDa) which
forms a homodimer; Class II has two synthases PhaC1 and PhaC2
(∼60 kDa each), in which only PhaC1 is physiologically active;

Class III forms a heterodimer with a catalytic subunit PhaC (40–
53 kDa) and a secondary subunit PhaE (20–40 kDa); and lastly,
Class IV also forms a heterodimer with a catalytic subunit PhaC
(41.5 kDa) and a secondary subunit PhaR (22 kDa) (Mezzolla
et al., 2018). Class I and IV PhaCs favor SCL monomers, with
carbon chain lengths C3-C5 whilst Class II PhaC prefer MCL
monomers, composed of carbon chain lengths C6-C14 (Chek
et al., 2017). Class III PhaCs also favor C3-C5 SCL monomers
but can also utilize substrates with C6-C8 carbon chain lengths
(Rehm, 2003; Ray and Kalia, 2017).

More than 150 unique monomers have been discovered within
PHA polymer samples since the discovery of PHA (Agnew and
Pfleger, 2013). PHA polymer properties meet the design needs
of nearly all synthetic plastics providing considerable industrial
product design and manufacturing flexibility. As an example,
PHAs have physical properties similar to synthetic polyethylene
and polypropylene (polyolefins) which are used extensively in
single-plastic use products which are at higher risk of becoming
waste. The composition of the monomers is tied to the substrate
specificity of the individual PhaC enzyme, and PHAs with novel
monomer compositions are constantly being discovered from
bacteria in various environments (Sharma et al., 2017). PhaCs
with broad substrate specificity are desirable for two major
reasons. PHA with co-polymer composition have been observed
to possess better physical properties compared to homopolymer
SCL-PHAs (Chek et al., 2017; Ray and Kalia, 2017). In addition,
they can more readily utilize a wider range of carbon substrates
which could potentially include inexpensive plant or animal
waste products (Nielsen et al., 2017; Surendran et al., 2020).

Microbial bioprospecting of large genome collections for the
presence of PhaCs could be a viable approach to discover new
substrate specificities and monomer compositions that could
improve current PHA production systems. Genome mining is a
method of in silico bioprospecting where collections of genome
sequences are searched for putative enzymes involved in the
biosynthesis of secondary metabolites (Ziemert et al., 2016).
The Integrated Microbial Genomes and Microbiomes system
(IMG/M) is an online platform that allows users access to a
global repository of genome and metagenome datasets (Chen
et al., 2021). The Genomes OnLine Database (GOLD), provided
through IMG/M, is a manually curated database with a metadata
reporting system that allows users to easily tabulate and browse
the associated metadata assigned to each submitted genome
(Mukherjee et al., 2021). Exploring the global distribution of
microorganisms along with access to large scale ecological data
could give valuable insight toward taxa that are less studied,
as well as environmental microbes that exist in extreme or
unusual ecosystems, for their potential in improving current PHA
production methods.

MATERIALS AND METHODS

Preparation of Bacterial and Archaeal
Data
A set of 16,576 bacteria (accessed 14th Dec 2020) and 1932
archaea (accessed 20th Feb 2021) genome sequences along
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with their associated taxonomic and ecosystem metadata were
obtained from the IMG/M1 warehouse to create the experimental
dataset (Supplementary Data 1, 2). Due to the large volume of
bacterial sequences available, only the JGI sequenced bacteria
genomes were obtained for this study, whereas all available
archaeal genomes (both JGI and externally sequenced) were
downloaded. PhaC protein sequences used to query the genome
sequences were sourced from UniprotKB2 database using the
search term “gene:phac” and included both reviewed (Swiss-Prot)
and unreviewed (TrEMBL) results (The UniProt C, 2021). The
bacterial PhaC protein sequences were filtered using the term
“taxonomy:bacteria” with a resulting 4,038 sequences (accessed
21st Jan 2021) and archaeal sequences with “taxonomy:archaea”
resulting in 178 sequences (accessed 20th Feb 2021). Available
protein sequences retrieved from UniprotKB were limited to
Class I, II, and III PhaCs for bacterial sequences and Class I and
III for archaeal sequences. Bash3 and MATLAB4 were used to
conduct the sorting and categorization of the large-scale data. The
scripts are available in our GitHub5 repository.

PhaC Reference Sequence Preparation
and Curation
The sequences were first manually curated through visual
inspection of the metadata. The following categories of sequences
were removed through inspection of the protein name: (1)
Names determined to not be PhaCs, (2) Names with ambiguous
function, (3) Putative PhaCs and (4) Fragment PhaCs. PhaC
sequences with amino acid lengths < 328 in bacteria and < 100
in archaea were also filtered out as “fragments.” Duplicate protein
sequences were removed. Subsets of the PhaC sequences created
according to the class listed in the protein name field from the
respective metadata entry. Where the protein name entry did
not identify the class, the TIGRFAM metadata entry was used to
assign the PhaC class.

BLAST + v2.10.1 was used to classify the remaining
unclassified PhaCs (Camacho et al., 2009). The combined subset
of known PhaC (Class I, II, and III for bacterial PhaC and
Class I and III for archaeal PhaCs), were aligned via BlastP with
e-value = 1 × 10−10 against the unclassified PhaC sequences
of the respective taxonomic domain. The unclassified sequences
were then classified according to the class of the query sequence
with the lowest e-value. In cases where multiple hits achieved
the lowest e-value, the query sequence with the highest bitscore
was used for classification. The final curated protein sequence
dataset used for the prediction of PhaCs in the genome datasets
were 2,799 bacterial PhaCs (Class I = 1,799; Class II = 604; Class
III = 375; Unknown = 1) and 140 archaeal PhaCs (Class I = 2;
Class III = 137; Unknown = 1). The final curated bacteria and
archaea query PhaC protein sequences and associated metadata
are available in Supplementary Data 3, 4, respectively.

1https://img.jgi.doe.gov/cgi-bin/m/main.cgi
2https://www.uniprot.org/
3https://www.gnu.org/software/bash/
4https://www.mathworks.com
5https://github.com/pvuonguwa/phac_dist

PhaC Distribution in the Genome
Datasets
The PhaC protein sequences were aligned against their respective
domain genome sets (Supplementary Data 1, 2) using TblastN
with e-value = 1 × 10−10. A single best hit was chosen from
each genome as the representative PhaC protein sequence for
use in downstream phylogenetic comparisons by selecting the
lowest e-value result. In cases where multiple hits achieved the
lowest e-value, the hit with the highest bitscore was used as
the representative predicted PhaC sequence. The UniprotKB
ID of the matching query, as well as PhaC Class, were
appended onto the taxonomic and ecosystem metadata of IMG
genomes for identified PhaC genotypes and can be found in
Supplementary Data 5, 6 for bacteria and archaea, respectively.
Multiple sequence alignment was performed using both the
BLAST predicted PhaC sequences within genomes and the
curated Uniprot reference sequences via Kalign 3, with default
settings (Lassmann, 2020). The alignment was performed for
all PhaC protein sequences within their respective domains to
visualize the distribution of PhaC classes. Due to the large
number of sequences, FastTree v2.1.10 (Price et al., 2010) was
used to create maximum-likelihood phylogenetic trees using the
WAG amino acid substitution model, implemented through the
Galaxy6 online platform (Afgan et al., 2016). Phylogenetic trees
were visualized using the Interactive Tree of Life7 (iTOL) online
tool (Letunic and Bork, 2019).

RESULTS

Phylogenetic Distribution of Bacterial
PhaCs Genotypes
Within the maximum-likelihood tree, the bacterial PhaC protein
sequences appeared to form generally distinct groupings within
their respective classes in the phylogenetic tree, with Class III
PhaCs showing relatively high variation in phyla compared to
those seen in Class I and II PhaCs (Figure 1A). PhaCs of
unknown class were included to determine if their classification
could be inferred via phylogenetic tree reconstruction. From the
phylogenetic tree, the unknown class sequences appear to fall
within the majority Class III grouping on the tree. However, the
placements appear to be close to a variable region where different
PhaC classes are dispersed and as such tentatively remained
unclassified and were omitted from further analysis.

From the initial bacterial genome dataset PhaCs were
identified in 24.8% (n = 4,119) of the genomes. From this subset
of genomes with PhaC genotypes, 2339 Class I, 529 Class II
and 1,229 Class III PhaCs were identified according to the class
of the matching query sequence used in the BLAST search
(Supplementary Data 5). Class I PhaCs from the genome dataset
were identified predominantly in Proteobacteria comprising
98.2% (n = 2,298) of the Class I containing genomes with
the remaining 1.8% comprising of Actinobacteria (n = 26),

6https://usegalaxy.org.au
7https://itol.embl.de
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FIGURE 2 | Environmental distribution of bacteria and archaea PHA Synthase genotypes. The relative abundance of IMG Genomes with classified GOLD “Aquatic”
or “Terrestrial” ecosystem categories.

Class III genotypes were present in other aquatic environments
with relative abundances of; 5.7% (n = 21) “Non-marine saline
and alkaline,” 3% (n = 11) “Thermal springs,” 1.4% (n = 5)
“Sediment” and 0.3% (n = 1) “Aquaculture” with the remaining
1.8% from terrestrial ecosystem types; (n = 2) “Agricultural
field,” (n = 2) “Geologic” and (n = 1) “Cave.” Compared to
Class I and II, Class III genotypes were highly diverse across
the observed ecosystem types (Supplementary Table 3). The
ecosystem types containing Class III genotypes of note were
“Freshwater” and “Soil,” with the highest levels of diversity across
all PhaC classes and were observed to contain representatives of
several Candidatus phyla.

Environmental bacterial PhaC genotypes also investigated
to determine whether they were recovered from unusual or
niche settings (Table 1). Within each class a total of 8.6%
(n = 66) Class I, 5.4% (n = 6) Class II and 10.8% (n = 40)
Class III PhaC genotypes were found in ecosystems with
extreme physicochemical conditions. The most common
niche environments present across all bacterial PhaC
genotypes were high salinity and alkalinity conditions
found in “Non-marine saline and alkaline” ecosystem types
and the unique high-temperature geothermal environments
found in “Thermal springs” and ‘Mud volcano” ecosystem
types as well as “Hydrothermal vents” found in “Marine”
ecosystem types. Bacteria PhaC genotypes were also found

in acidic, desert, saline or permafrost environments, as well
as ecosystems with petroleum contamination: “Oil reservoir”
and “Creosote-contaminated soil.” The distribution of phyla
across these niche ecosystem settings for Class I, II and
III bacterial genotypes can be found in Supplementary
Tables 1–3, respectively.

Phylogenetic Distribution of Archaeal
PhaCs Genotypes
In the maximum-likelihood tree, most of the archaeal PhaC
protein sequences belonged to Class III PhaCs, with the few
Class I and unclassified Class PhaCs sequences appeared to group
closely together apart from the Class III PhaCs (Figure 1B). Due
to the ambiguity of the unknown class PhaCs, they were omitted
from further downstream analysis. Within the Class III PhaCs, a
distinct grouping can be observed from Class III PhaCs belonging
to Euryarchaeota compared to the Class III PhaCs found in
Crenarchaeota and Thaumarchaeota. From the initial dataset of
archaeal genomes, there were PhaCs predicted in 17.5% (n = 338)
of the samples (Supplementary Data 6). The sole genome
containing Class I (n = 1) belonged to the phylum Euryarchaeota.
Class III was the dominant PhaC genotype appearing within
the archaea genomes with 65.4% belonging to Euryarchaeota
(n = 217), 30.1% from Thaumarchaeota (n = 100), 3% from
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Crenarchaeota (n = 10) and the remaining 1.5% unclassified
(n = 5).

Environmental Distribution of Archaeal
PhaCs
Within the archaeal PhaC identified genomes, only Class
III PhaC genotypes had representative samples from
environmental settings according to the GOLD metadata listed
in Supplementary Data 6 (Figure 2). The highest abundance
environments that archaea Class III genotypes were present in
were 29.4% (n = 60) “Marine,” 27.4% (n = 56) “Rock-dwelling”
and 21.6% (n = 44) “Non-marine saline and alkaline” ecosystem
types. Contrary to the bacteria PhaCs, archaea Class III PhaCs

TABLE 1 | Environmental PhaC genotypes found in extreme
physicochemical conditions.

Ecosystem
Type

Extreme
ecosystem
subtype or
habitat
descriptors

Bacteria PhaC Archaea PhaC

Class I Class II Class III Class III

Marine Deep oceanic,
basalt-hosted
subsurface
hydrothermal
fluid,
Hydrothermal
vents

3 2 4 3

Deep-sea 3

Creosote-
contaminated
soil

1

Non-marine
saline and
alkaline

40 2 21 44

Thermal
springs

15 1 11 7

Geologic Acid Mine 2

Saline water,
Salt, and Salt
mine

4 3

Oil reservoir 1

Mud volcano 1

Rock-dwelling Halite pinnacle 55

Soil Creosote-
contaminated
soil

1

Desert soil 1 1

Permafrost
sediment

1

Saline 3

Subtotal (Relative abundance) 66 6 40 118

(8.6%) (5.3%) (10.8%) (57.8%)

Descriptors are taken from GOLD metadata under the ecosystem subtype
or habitat headings. Ecosystems with no descriptors inherently contain
extreme conditions.

genotypes were less represented in the diverse ecosystem
with abundances of 8.3% (n = 17) in “Freshwater” and 4.9%
(n = 10) from “Soil” with the remaining found in 3.4% (n = 7)
“Thermal springs,” 3.4% (n = 7) “Geologic” and 1.6% (n = 3)
from “Sediment” ecosystem types. Euryarchaeota were present
across all observed ecosystem types, with Thaumarchaeota
present in “Freshwater,” “Marine,” “Thermal springs” and “Soil,”
Crenarchaeota present solely in “Marine,” and unclassified
archaeal phyla within “Marine” and “None-marine saline and
alkaline” (Supplementary Table 4).

Over half of the archaea Class III genotypes were found in
extreme settings with 57.8% of all archaea PhaC environmental
genomes from ecosystems with extreme physicochemical
conditions (Table 1). The two settings that formed the majority
of extreme ecosystems were the saline “Halite pinnacle” found
in almost all the “Rock-dwelling” ecosystem types as well as the
high salinity and alkalinity “Non-marine saline and alkaline”
ecosystem types. Aside from other saline environments, archaea
PhaC genotypes were also found in the “Marine” ecosystems
within “deep sea,” and “Hydrothermal vents” habitats as well
as from “Thermal springs” ecosystems. The distribution of
archaeal phyla within the observed niche settings can be found in
Supplementary Table 4.

DISCUSSION

The genome mining effort has provided an encompassing
view of the phylogenetic and ecological distribution of
bacterial and archaeal PhaC genotypes. This in silico microbial
bioprospecting method presents a broad categorization method
that inexpensively searches publically available data for PHA
producing candidates across multiple bacterial and archaeal
phyla. Through this approach, we were able to visualize the
presence of different PhaC classes amongst various phyla and
ecosystems. The resulting data provided insights on the general
distribution of PhaC genotypes including ecological “hot spots,”
as well as presenting microbial candidates that could improve
current PHA production systems by utilizing cheaper feedstock
or providing more efficient operating conditions.

PhaC genotypes appeared in a broad number of bacterial
and archaeal genomes, consisting of 24.8 and 17.5%, respectively
of the genome datasets, suggesting that PHAs are a relatively
conserved form of carbon energy storage within bacteria (Serafim
et al., 2018) and archaea (Wang et al., 2019b). This is also
supported by the distribution of Class III PhaCs in bacteria, which
the study identified across 23 phyla, roughly one-fifth of the 111
recognized bacterial phyla by the Genome Taxonomy Database8

through the standardization of bacterial taxonomy (Parks et al.,
2018). Class III PhaCs have more variation in PHA chain lengths
compared to other SCL-PHA producing classes, which may lead
to a great potential of unique monomer subunits (Ray and Kalia,
2017). Combined with the large scale of observed diversity, Class
III PhaCs may harbor a wider range of substrate specificities that
could potentially produce novel monomeric compositions which

8https://gtdb.ecogenomic.org/
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could be the target for protein engineering for improved PHA
properties and production (Jia et al., 2016). The findings suggest
that PhaCs, in particular Class III genotypes, are more prevalent
and diverse in composition within both bacteria and archaea
domains through our in silico observations.

The dominance of Proteobacteria across Class I and II
and roughly half of Class III PhaC genotypes suggest that
PHA production is highly conserved within the phylum. The
prevalence of Proteobacteria as PHA producers was similarly
observed in a study investigating PHA accumulating organisms
in a mixed microbial culture, with Proteobacteria accounting for
nearly 88% of the microbial community when the PHA content
was at its peak level (Sruamsiri et al., 2020). Proteobacteria have
been observed to have highly diversified genomes that enables
metabolic adaptability in response to varying environmental
conditions (Zhou et al., 2020). This indicates that Proteobacteria
contain innate physiology which more readily responds to
changes to external stressors, with PHA production as one
of the responses to fluctuations in available nutrient levels.
Proteobacteria genotypes contain Class I, II and III PhaCs,
which demonstrates a wide variation in substrate specificity,
likely owing to the adaptive nature of the diversified genomes.
However, this does not explain the almost exclusivity of Class I
and II PhaCs to Proteobacteria and the relatively high taxonomic
diversity seen in Class III PhaCs. Within the PHA gene cluster,
phaC has been identified as the hub gene and plays a major
role in cluster formation in prokaryotes (Kutralam-Muniasamy
et al., 2017). Further study is required to uncover why Class III
PhaC genotypes presumably undergoes more horizontal transfer
compared to Class I and II and why Class III cluster appeared to
be favored in a higher variety of taxa.

A potential MCL-PHA producing alternative the study
discovered is bacteria from the phylum Actinobacteria, which
was amongst the Class II PhaC genotypes that were identified
in our studies. Class II PhaCs are of particular interest as
they are the only PhaC class capable of producing MCL-PHAs
and bacteria that generate MCL-PHAs are mainly Pseudomonas
which consists of almost all of the Proteobacteria PhaC II
genotypes that were found in this study (Mozejko-Ciesielska
et al., 2019). MCL-PHAs have not had widespread production due
to requiring expensive carbon sources needed for Pseudomonas
PHA production, meaning cheaper compatible feedstocks were
needed to be found (Tanikkul et al., 2020), or recombinant
strains are required to utilize inexpensive industry by-products as
substrates (Löwe et al., 2017). Actinobacteria is widely recognized
within sustainable industries for its ability to breakdown plant
biomass including the use of agricultural and forestry plant waste
as a carbon source (Lewin et al., 2016; Bettache et al., 2018).
Since raw materials can account for 40–48% of production costs,
bioprospecting for Actinobacteria Class II PhaC genotypes could
potentially kickstart industrial levels of MCL-PHAs through the
use of inexpensive feedstock (Schmidt et al., 2016).

Roughly two-thirds of the archaea PhaC genotypes found
in this study were from the phylum Euryarchaeota, of which
most of the constituents were class Halobacteria. The abundance
of Halobacteria PhaC genotypes and the favourability of
extremophiles to work in broad conditions is reflected in

the almost exclusive focus on haloarchaea in the study of
archaea PHA producers (Han et al., 2010; Legat et al., 2010;
Hermann-Krauss et al., 2013). Our search identified several
PhaC genotypes within the archaeal phylum Thaumarchaeota
within aquatic ecosystems, and to date, no extensive studies have
been performed on the viability of PHA production within this
phylum. Thaumarchaeota are found across many ecosystems,
including extreme environments such as acidic and alkaline
soils as well as in trenches within the hadal zone of the ocean
(Wang et al., 2019a; Zhong et al., 2020). The CO2 fixation
pathway is highly efficient even in nutrient-limited conditions
within Thaumarchaeota, meaning it could potentially utilize
CO2 as a cheap and sustainable feedstock for PHA production
(Könneke et al., 2014; Reji and Francis, 2020). With a broad
range of operation and efficient utilization of an inexpensive
carbon source, Thaumarchaeota could be considered a viable
PHA production candidate.

The environment with extreme conditions that PhaC
genotypes from both bacteria and archaea were observed to
appear most in was the “non-marine saline and alkaline”
ecosystem type. Soda lakes are the prime example of this
ecosystem type being saline, high pH environments with high
amounts of available carbon in the form of carbonates and
bicarbonates, often with limited levels of nitrogen compounds—
conditions that favor the production of PHAs (Ogato et al., 2015).
Despite appearing as inhospitable environments, they are host to
a diverse array of microbial life, which includes multiple bacterial
phyla and the species from the Euryarchaeota phylum of archaea
(Sorokin et al., 2014). With the right conditions for PHA
production as well as positive genotyping of PhaCs from both
domains from our study, high salinity, high pH environments
such as soda lakes could be a potential trove of PHA producing
microbes for future microbial bioprospecting ventures.

Another extreme physicochemical environment of note from
our findings into the ecological distribution of PhaC genotypes
were geothermal ecosystems such as hydrothermal vents or
hot springs. Hydrothermal vents are areas of the ocean floor
where seawater percolates through cracks in the crust and are
superheated by rocks in contact with magma (Dick, 2019).
The areas, around which hydrothermal fluid circulate, are
rich in carbon and are dominated by microbial thermophilic
methanogens (Minic and Thongbam, 2011; Ver Eecke et al.,
2012). Hot springs are similar in setting, except the water source
comes from groundwater and is also rich in microbial life
(Urschel et al., 2015; Narsing Rao et al., 2021). From observation
of environmental PhaC genotypes from niche environments, it
seems that PHA producers can be readily found in extremophiles
containing extreme physicochemical conditions, so long as there
is an abundant carbon source.

Over half of the archaea PhaC genotypes were found
in extreme environments, which may indicate that taxa
that commonly contain extremophiles may have developed
physiological strategies utilizing PHA production. Within
extreme environments, PHA production in microbial
extremophiles acts not only as a carbon energy reserve but
may also provide a protective role by maintaining cellular
and membrane integrity against extreme physiochemical
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conditions (Obulisamy and Mehariya, 2021). PHA has been
shown to function alongside extracellular polysaccharides (EPS)
in microbial extremophiles to protect cellular function and
structure from physiochemical stress (López-Ortega et al., 2021).
Studies have found that in Haloferax mediterranei, a species of
halophilic archaea, changing stressors such as increasing salinity
(Cui et al., 2017a) or making nitrogen levels deficient (Cui et al.,
2017b) can promote the accumulation of PHA over that of EPS.
These findings provide insight into how PHA performs a critical
role in microbial survival against external stress factors, as well
as strategies on how to apply these stress factors to improve
accumulation rate during PHA production.

PhaC genotypes discovered from these extreme environments
could prove beneficial for cost reduction in industrial PHA
production. Factors that contribute to the high cost of PHA
production include maintaining a closed, contamination-free
environment for fermentation/growth, expensive feedstock and
difficult PHA extraction processes (Chen et al., 2020). Utilizing
halophile PHA producers conveys several advantages in this
regard: a high salinity environment can undergo continuous
fermentation in an open unsterile environment which reduces
operating costs, they can use various inexpensive feedstocks to
produce PHAs and due to high intracellular osmotic pressure
of halophiles, they can be lysed using tap/municipal water
for easy PHA extraction (Mitra et al., 2020). Thermophiles
can similarly reduce contamination risks by using elevated
temperatures during fermentation (Xiao et al., 2015) and have
been investigated for use in sustainable industries for their
thermostable bioproducts (Debnath et al., 2019). By exploiting
the extreme conditions that certain microbes have adapted to, we
may be able to develop processes that can lead to more efficient
and cost-effective PHA production techniques.

Studies screening for PHA synthase sequences recovered
from niche and under-represented environments has yielded
success in novel insights toward diversifying PHA production
methods. Genomes from Janthinobacterium sp. isolates recovered
from Antarctica were found to contain hitherto uncharacterized
putative PHA synthase genes that were phylogenetically divergent
from the known PhaC classes and tentatively labeled as “Class
V” PhaCs (Tan et al., 2020). The first occurrence of PHA
producers from hypersaline microbial mats were discovered
in salt concentration ponds located in Mexico through PCR
amplification of phaC genes (Martínez-Gutiérrez et al., 2018).
A study which mined PHA synthases from mangrove soil
metagenomes in Malaysia uncovered a novel synthase from
unculturable bacteria that was able to utilize a wide range
of substrates by incorporating six types of PHA monomers,
demonstrating that PHA sequences procured from in silico
based approaches are effective for diversifying PHA production
methods (Foong et al., 2018). The aforementioned studies
demonstrate the versatility of in silico screening methods for
directing future strategies toward selecting promising candidates
and novel synthases for PHA production strategies.

The creation of a categorized genomic list of potential PHA
producing microbes presents a valuable resource that directs
researchers to explicit candidates, as well as access to potential
metabolic pathways of interest. A similar bioprospecting strategy

was utilized successfully by Bustamante et al. (2019) using
in silico screening methods to screen for putative PHA and
β-galactosidase genes in a select number of microorganisms from
literature to find PHA producers that could hydrolyze lactose
for utilizing excess whey produced from the dairy industry as
a cheap feedstock alternative. In comparison, our study has
presented a broader scope by using genomes from large-scale data
repositories in the public domain, allowing researchers access to
a wider array of candidates which can be sorted by PhaC class,
taxonomy and ecological information. Through this resource,
users can filter for candidates of interest for and can locate
the resulting genome for further analysis of metabolic activity
relevant to the production method being investigated.

This study is a proof of concept that contextual information
generated from large-scale genome mining is highly valuable
for use in developing bioprospecting strategies with regards
to both ecological and taxonomic data. This approach can be
applied to any target functional protein or gene of interest to
create a shortlist of microbial candidates and their potential
ecosystems for further in-depth analysis or experimentation.
The effectiveness of this approach is dependent on not only
the volume of the available sequence data, but also on
prudent reporting and ready access to metadata. Accompanying
information such as physiochemical conditions, geolocation
and other ecologically contextual data are often missing from
sequence data recovered from environments, which is critical
for the eventual recovery of isolates (Gutleben et al., 2018).
To address this issue, reporting protocols have been proposed
such as the Minimum Information about any (x) Sequence
(MIxS) by the Genome Standards Consortium9 and the GOLD
metadata system by utilized by IMG/M being examples of
creating standards for robust metadata reporting. The continual
growth of online sequence repositories within the public domain
and improvement of standards for metadata reporting presents
a massive pool of data freely available to exploit. The mining
of large-scale data provides a broader view into patterns
in environmental or taxonomic distribution of biosynthetic
products, which only improves over time as more data is
constantly accumulated from studies conducted across the globe.

CONCLUSION

Genome mining allows for the large-scale discovery of potential
microbial PHA producers through in silico identification of
PhaC genotypes. Through the categorization of genotypes via
phylogenetic and ecological information, we can find insight
through the discovery of less-studied taxa as well as microbes
from environmental niches with potential properties that can
improve on current PHA production techniques. Although this
approach is no substitute for protein expression assays, it presents
an overview of the trends inherent in PHA producing microbes.
The information gained from this study could be utilized for
directing bioprospecting ventures for more effective discovery of
potential PHA producing microbes.

9https://gensc.org/mixs/
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