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Abstract

Metagenomic studies in diverse environments have generated petabytes of sequencing data,
allowing biologists to peer into the uncultivated microbial majority with unprecedented clarity.
Such advances have heralded a new era of enzyme discovery where proteins of interest can be
directly extracted from metagenomic sequencing data, although this remains a challenging task.
Traditionally, metagenomic enzyme discovery, including those involved in xenobiotic degradation,
have largely relied on functional insights derived from activity-guided or PCR-based
metagenomics. Due to its untargeted and holistic nature, metagenomics allows us to probe the
unknown and underexplored microbial diversity, which represents a key resource for novel
biocatalyst discovery. Metagenomic shotgun sequencing-based enzyme discovery additionally
avoids common biases introduced through the PCR-based or activity-guided functional genomics
methods. In this chapter, we have provided an overview of metagenomics in novel enzyme
discovery with discussions on both experimental and computational aspects of the same. We
discuss in detail the computational strategies for identifying possible enzyme candidates from
shotgun sequencing data and experimental strategies to characterize candidate enzymes once
they have been identified. Finally, we review emerging methods for metagenomic enzyme
discovery as well as future goals and challenges with an emphasis on metagenomics-based

approaches.
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1. Introduction

Increasing industrial, agricultural and domestic activities coupled with economic globalisation has
led to large amounts of diverse pollutants being released in the environment. These include
diverse pollutants such as pesticides, herbicides, dyes, petroleum hydrocarbons, and plastics,
among others. Most pollutants are polymeric aromatic molecules with cyclic or planar units, which
contribute to their stability and persistence in the environment. Indeed, the most frequently
persistent and recalcitrant pollutants in natural habitats include polycyclic aromatic hydrocarbons
(PAHSs), steroids and dyes. Other persistent pollutants, which are not necessarily polymeric
aromatic compounds, include long chain aliphatic hydrocarbons, organocyanides,
organophosphates, polyurethanes, and pyrethroid herbicides and pesticides. Their recalcitrance to
natural degradation, a direct result of their highly stable structures, contributes to the toxicity of
these compounds in the environment and in animals. These compounds are often categorised as
persistent organic pollutants (POP), with some of them being potent carcinogens, mutagens

and/or capable of endocrine disruption (Ballschmite et al., 2002).

Restoration of polluted soil, lacustrine, marine and groundwater environments can be a major
challenge. Different methods to clean up such contaminated habitats include physical and
chemical methods such as pollutant adsorption, electrokinetic coagulation, ion exchange,
electrochemical treatments, as well as biological techniques. Most physical or chemical methods
for remediation of polluted sites have major drawbacks including the generation of undesirable
by-products, economic infeasibility and high sludge production (Robinson et al., 2001). Biological
remediation methods, in contrast, employ bacteria, fungi, algae or enzymes derived from such
microbes for degradation and mineralization of pollutants in the environment to stable, innocuous
end products (Cerniglia, 1997, Sutherland et al., 2004). Additionally, as bioremediation can attain

complete removal of contaminants from the environment, such methods are considered more



effective and environment-friendly compared to more intrusive physical and/or chemical methods
(Colleran, 1997). Bioremediation exploits the metabolic versatility of microorganisms to degrade a
wide variety of organic pollutants in the environment as opposed to directly applied physical or
chemical methods. Indeed, since most organic pollutants resemble certain naturally occurring
compounds, most contaminated habitats would have certain endemic microorganisms that may

be capable of metabolising these pollutants as their primary carbon source.

Microbial degradation of pollutants is mediated by specific microbial enzymes and are key
components of bioremediation strategies. In most cases, such enzymes have broad specificity for a
range of compounds having similar structures, thereby contributing to the metabolic plasticity of
microbes in the environment. Upon detection and isolation, directed evolution-based strategies
can be employed to improve the stability and catalytic efficiency of such enzymes (Theerachat et
al., 2012). Most major advances in the recent years in such work has however been derived from
‘omics’-based techniques, more specifically, next-generation sequencing (NGS)-based methods.
Indeed, NGS-based methods have provided several insights into the catabolism of contaminants in
the environment by bacteria and fungi through elucidation of relevant genes, operons, and
metabolic pathways. This has helped us gain a better understanding of the genetic and molecular
determinants involved in microbial degradative processes in the environment and in turn, aided
the development of better bioremediation strategies. Most of such knowledge has been gathered
from functional genomics studies, where functional characterization of microbial genomes after
genome sequencing and/or activity-based screening of genomic libraries have led to identification
of genes directly involved in the degradation of pollutants of interest (Pieper et al., 2004).
However, given that a majority of microbial species in environmental microbiomes are not
detectable through culture-dependent methods (Bakken, 1997, Pham and Kim, 2012), it can be
reasonably speculated that most microorganisms capable of xenobiotic degradation remain

uncharacterized.



Functional metagenomics, which endeavours to assign function to proteins in all genomes in a
microbial community, in contrast to functional genomics that focuses on a single microbial
genome, is a highly efficient method to access the uncharacterized microbiome. Since NGS-based
functional metagenomic studies involve no isolation or cultivation steps, they represent a high
throughput method for accelerated discovery of novel biocatalysts from the plethora of
uncharacterized and uncultivated microbes in the environment. In this chapter, we discuss the
various considerations, tools and strategies for functional metagenomics-based enzyme discovery,
including those that involve metagenomic cloning and heterologous expression. Additionally, we
discuss emerging techniques, methods and approaches in functional metagenomics with special
emphasis on sequencing-based ones. Finally, we review in brief the upcoming goals and future
challenges in the fast-changing discipline of enzyme discovery. We have endeavoured to focus on
the aspects of functional metagenomics that represent the frontiers of the discipline and limit
discussions of classical approaches, which are elaborated elsewhere in this book. Ultimately, we
present a largely generalized approach to metagenomic enzyme discovery that can be applied in
most investigations of the nature, with discussions specific to pollutant degrading enzymes

wherever appropriate.

2. Metagenomics and functional characterization of microbiomes

The term metagenomics was first coined by Handelsman et al (Handelsman et al.,, 1998) and
involves the study of environmental nucleic acids, specifically DNA. The first direct-sequencing-
based study of microbial communities in the environment can however be attributed to
phylogenetic studies carried out by Pace et al (Pace et al., 1985). Metagenomic studies not only
include natural environments, but also investigation of microbial communities in human and
animal guts (Almeida et al., 2019, Xia et al., 2017), built-up spaces (Danko et al., 2021) and indeed,

the International Space Station (Mora et al.,, 2019), among others. While early metagenomic



studies followed a low throughput, cloning-based strategy, the advent of next-generation
sequencing (NGS) technologies have transformed metagenomics into a high-throughput, holistic
method to investigate microbiomes. Combined with continually decreasing sequencing costs, this
has contributed to an exponential growth of sequencing repositories and has propelled
metagenomics into becoming a scientific discipline in its own right. Indeed, sequencing
repositories are estimated to accommodate approximately 10*® bp of nucleotide data within the

next five years (Stevens et al., 2015).

Towards the end of the twentieth it became increasingly obvious that culture-dependent
techniques were inadequate in recovering the majority of microbial diversity from environmental
microbiomes. Most microorganisms in the environment do not survive in isolation and often
exhibit a fastidious dependence on specific nutrients or metabolic fluxes to thrive. Indeed, only 1-
5% of microbes in the highly studied rhizosphere could be recovered in the laboratory using
culture-based methods (Bakken, 1997). The inability of culture-based methods in the laboratory to
replicate such environmental conditions therefore meant that the majority of genetic information
in environmental microbiomes remained elusive. Due to its culture-independent nature,
metagenomics, more specifically NGS-based metagenomics, can provide researchers access to the
genetic information of a greater proportion of the microbiome and therefore holds a major
advantage over culture-based methods. Indeed, the ‘rare biosphere’, i.e. microbes occupying
specific habitat niches and present in low abundance, can only be accessed through culture-
independent, metagenomic techniques. The capability of metagenomic approaches to elucidate
the functional characteristics of a largely uncultivated microbial majority has been demonstrated
in the identification of metabolically-diverse lineages including candidate phyla radiation and
DPANN archaea (Lomakina et al., 2018, Nicolas et al., 2020). Other examples include the
elaboration of the biosynthetic potential of several uncultivated microbial phyla such as Eelbacter,

Candidatus Tectomicrobia and Angelobacter, among others (Wilson et al., 2014, Crits-Christoph et



al., 2018). Indeed, heterologous expression of genes of interest from Candidatus Tectobacteria has
allowed characterization of novel biosynthetic products and metabolic pathways (Wilson et al.,
2014, Crits-Christoph et al., 2018, Mori et al., 2018). Although promising, the discovery of novel
enzymes or products from metagenomes present unique challenges that can primarily be

attributed to the uncultivable nature of microbes/DNA being through metagenomic approaches.

3. Targeted metagenomic sampling

Several microbial communities have been demonstrated to have xenobiotic degradation potential.
However, the ability to degrade and mineralize xenobiotic compounds is not exclusive to microbes
in contaminated ecosystems. Sufficient taxonomic and functional diversity along with the ability to
metabolise compounds similar to the pollutant of interest as the primary carbon source can allow
microbial communities from non-polluted environments to successfully negotiate contamination
events. In recent years, several such natural habitats, which have never or rarely been exposed to
pollution events, have been investigated for xenobiotic degrading enzymes. Indeed, such studies
have revealed the presence of genes approximating to nearly 15% of the entire annotated human
gut microbiome catalogue to be involved in the degradation and mineralization of xenobiotic
compounds (Qin et al., 2010). However, due to the inherently contaminated nature of polluted
environments, such ecosystems represent genetic sinks enriched in microbes able to degrade and
thrive on xenobiotic compounds. Understandably, most metagenomic studies aimed at xenobiotic
degrading enzyme discovery have been carried out in polluted habitats including contaminated
soils and groundwater, activated sludge, and wastewater, among others. Several such studies have
employed stable-isotope probing (SIP) to deconvolute the degradation of a pollutant of interest by
microbial communities, where the contaminant has been radiolabelled. For example, to
understand petroleum hydrocarbon degradation by microbial communities in contaminated

groundwater, Wang et al (Wang et al., 2012) supplemented contaminated groundwater



microcosms with 3C-labelled naphthalene. The heavy, radiolabelled DNA was subsequently
separated from the unlabelled genetic material, sequenced and cloned to screen for desirable
degradative properties. Such an enrichment-based approach is adequate for investigating active
degraders of primarily simpler xenobiotic compounds. However, more complex pollutants, such as
PAHs and complex aliphatics, often require the participation of multiple microbial species to
accomplish complete degradation into simple products. Indeed, such approaches may overlook or
miss microbes involved in the degradation of the most recalcitrant pollutant molecules and only

detect microbes catalysing the metabolism of simpler products in the final steps of degradation.

4. Experimental designs for metagenomic enzyme discovery

In this section, we briefly discuss the various approaches, both in silico and experimental, in
metagenomic enzyme discovery. While our primary emphasis will be on enzyme discovery from
shotgun sequencing data, we will briefly outline both activity-guided and PCR-based functional
metagenomics approaches (Figure 1). Comprehensive reviews on the latter are available

elsewhere (Katz et al., 2016).

4.1. Activity-guided functional metagenomics

Functional metagenomic library screening through identification of desirable activities was one of
the earliest methods developed in metagenomic enzyme discovery. In contrast to other methods,
activity-based metagenomic methods are capable of simultaneously screening for novel enzymes
as well as obtaining biochemical data. The approach relies on the observation of desirable
phenotypes, in this case the degradation of pollutants of interest, by metagenomic clones. There
are three main steps in such an approach: (i) cloning of environmental DNA or cDNA ranging
between 2-200 kb into appropriate expression vectors such as fosmids, cosmids, or bacterial
artificial chromosomes to create metagenomic or metatranscriptomic clone libraries; (ii)

heterologous expression of the cloned fragments in an appropriate microbial host; and, (iii)



implementation of appropriately sensitive phenotypic screening strategies to identify ‘hits’, i.e.,
clones of interest exhibiting desirable properties. Metagenomic clones identified as ‘hits” are then
subjected to sequencing to reveal the genes or coding regions in the environmental DNA fragment
and further investigate the protein of interest. Since such functional screening does not depend on
any prior information, such as sequence homology with known genes, activity-guided
metagenomics is particularly effective in identifying novel protein families, i.e. de novo enzyme
discovery, as well as to assign new functions to previously identified protein families. Indeed, such
screening has been widely used to identify additional properties of known enzymes, especially
those considered commercially relevant, such as lipases, amylases, and cellulases, among others
(Berini et al., 2017). Activity-based metagenomic studies have been instrumental in providing
proof of function for xenobiotic degrading enzymes too. Two protein families involved in pollutant
degradation and identified through activity-guided screening are oxidoreductases and hydrolases;
these have been reviewed in detail elsewhere (Ufarté et al., 2015). Activity-based metagenomic
screening, however, suffers from a number of disadvantages. Firstly, many enzymes require
specific substrates or cofactors to function, and so may evade detection through general screening
assays developed for primary metabolic enzymes. Additionally, incompatibility in codon usage, low
levels of expression, and differential metabolic requirements, among others, in metagenomic
library hosts may lead to detection of a lower number of ‘hits’. Activity-based metagenomic
studies have been more productive compared to sequence-based ones in providing evidence for
enzyme function with respect to xenobiotic degrading enzymes. The primary two families of
enzymes involved in pollutant degradation that have been unravelled through the use of activity-
guided screening are oxidoreductases and hydrolases. E. coli was the most frequently used host
for enzyme validation, although non-conventional hosts such as Bacillus, Thermus, Pseudomonas
and Sphingomonas, among others, were also used in limited capacity (Ufarté et al., 2015). The

transformation efficiency of E. coli for various plasmid types was indeed significantly higher than



other hosts, with the ability to appropriately express genes from taxonomically-distant species as

well (Tasse et al., 2010).

4.2. PCR and microarray-based functional metagenomics

Microbiomes can be directly explored for known enzyme families using polymerase chain reaction
(PCR)-based methods or through DNA/DNA and DNA/cDNA hybridisation methods. This can be
achieved through the design of degenerate primers or probes from conserved sequences in the
genes of interest. PCR-based screening strategies are highly specific and sensitive as such
characteristics are inherent to PCR itself, with upscaling and of throughput possible through
pooling and other deconvolution methods (Ferrer et al., 2016). PCR-based screening for pollutant
degrading enzymes are fairly common and numerous examples of the same are available. For
instance, ammonia monooxygenases, which are key enzymes involved in denitrification, were
amplified and identified from soil, marine and laboratory microcosm samples contaminated with
nitrates (Nogales et al., 2002, Treusch et al., 2005) using PCR-based methods. Similarly, PCR-based
screening techniques were also employed to understand the diversity and abundance of 2,4-D/a-
ketoglutarate and Fe?*-dependent dioxygenases that are involved in the degradation of
phenoxyalkanoic acid herbicides (Zaprasis et al., 2010). Interestingly, in most PCR-based screening
studies, the emphasis is on understanding the genetic diversity of the protein of interest and the
taxa contributing to the same in a given habitat. Consequently, reports of identification of full-
length gene sequences and subsequent characterization of the enzyme products aimed at capture
of novel catalysts are rare. One such example is the identification and validation of polychlorinated
biphenyl degrading enzymes by Sul et al (Sul et al., 2009). In this study, microcosms of river
sediments contaminated with polychlorinated biphenyl were amended with '3C-biphenyl and the
labelled DNA was later extracted and used to construct a cosmid library with 30-40 kb inserts.

These inserts were subsequently screened using primers designed against aromatic dioxygenases



leading to the identification of a biphenyl dioxygenase encoding gene, which was subcloned,
expressed and validated for its biphenyl degradation activity. Another such example is the
identification of novel bacterial laccases through PCR-based screening of a marine metagenomic
library and subsequent experimental validation of their activity against azo-dyes, catechol,
syringaldazine, and 2,6-dimethoxyphenol, among others, by Fang et al (Fang et al., 2012). Probe-
based metagenomic enzyme discoveries involve high density arrays designed to detect sequences
specific to certain genes of interest and allows investigators to gain a detailed understanding of
the diversity and abundance of such sequences in the habitat under study (Eyers et al., 2004). For
instance, the GeoChip 4.0, which accommodates 83,992 50-mer oligonucleotide probes targeting
152,414 genes, was used by Lu et al to elucidate the differences in hydrocarbon degradation
processes when comparing deep sea water samples and non-contaminated ones (Lu et al., 2012).
This microarray-based method successfully highlighted the functional differences between the two
microbial communities as well as quantified the hydrocarbonoclastic genes involved in aerobic

degradation of petroleum hydrocarbons.

In the last few decades, metagenomic investigations have established that the actual enzyme
diversity in the environment is much higher than that predicted from functional genomic data. To
access the enzyme diversity unavailable using conventional primers, certain innovative strategies
have been designed in recent years. For instance, lwai et al have developed a hybrid approach
where PCR-based screening is combined with next-generation sequencing of generated amplicons
to iteratively construct new primers from other conserved regions in the gene of interest (lwai et
al., 2010). Such an approach allows the detection of structurally diverse and divergent proteins
belonging the same functional group. Indeed, such approaches have allowed the identification of
thousands of full-length dioxygenases from novel, unknown clusters of sequences recovered from
metagenomes of polychlorinated biphenyl and 3-chlorobenzoate contaminated soils (lwai et al.,

2010, Morimoto and Fujii, 2009). In the latter study by Morimoto et a/ (Morimoto and Fuijii, 2009),



genes that became dominant after addition of pollutants of interest were identified through PCR-
denaturing gradient gel electrophoresis (DGGE) based methods. These dominant DNA sequences
were subsequently used as anchor fragments to facilitate PCR-metagenome walking that led to
the retrieval of full-length genes as well as elucidation of upstream and downstream

genes/sequences.

The major drawback of PCR-based screening approaches is, understandably, its dependence on
sequence homology, i.e. prior information on the gene or protein family of interest. This severely
limits the usefulness of PCR-based methods in probing the unknown enzyme diversity.
Additionally, being based on PCR, such methods have inherent amplification biases against GC-rich
sequences and the less abundant members of microbiomes. Furthermore, short amplicons from
genes do not provide reliable and/or complete information about the taxonomy of the source
organisms or the co-occurrence information regarding other neighbouring genes. While this can
be somewhat overcome through PCR-metagenome walking as mentioned above, the process is
tedious and low-throughput. CONKAT-Seq, an innovative method recently developed by Libis et a/
(Libis et al., 2019) uses a co-occurrence network analysis-based approach to identify rare gene
clusters. It employs position-barcoded domain amplification in an array of highly partitioned
metagenome library, following which co-occurrence networks are computed for various protein
domains and statistical analysis carried out to elucidate highly linked but rare gene clusters.
Amplicon sequencing remains a favoured choice among researchers due to its low cost, but with
decreasing sequencing prices, it is anticipated to be superseded by metagenomic shotgun

sequencing in functional metagenomics studies aimed at enzyme discovery.

4.3. Metagenomic shotgun sequencing-based approaches

As mentioned above, metagenomic shotgun sequencing refers to the direct, untargeted

sequencing of environmental DNA. Methods for library preparation in shotgun sequencing and



bioinformatic analysis have been discussed elsewhere (Ayling et al., 2019, Almeida and De
Martinis, 2019). Metagenomic shotgun sequencing-based enzymatic discovery has several
advantages over traditional functional metagenomics-based approaches. For example, shotgun
sequencing-guided methods typically introduce less bias compared to functional metagenomics as
PCR amplification and microbial hosts such as E. coli are not required. Additionally, shotgun
sequencing is a high-throughput, highly scalable method that is less labour intensive compared to
fosmid/cosmid library based functional metagenomics that take much longer to produce
sequencing/gene level data. Furthermore, since sequencing data are now typically deposited in
public repositories, analysis of these metagenomes can be carried out by different research groups
around the world to provide further insights into genes and gene clusters of interest, their
regulation, and other relevant aspects; this could never be possible with large-insert library based
functional metagenomics. However, while shotgun sequencing is capable of providing information
at an accelerated rate compared to functional metagenomics, downstream cloning and
heterologous expression of the genes of interest are still necessary for biochemical validation of

enzymes identified through both methods.

One of the major challenges in shotgun sequencing-guided enzyme discovery is the retrieval of
environmental DNA Of sufficient quality and quantity from complex habitats/microbiomes and
achievement of adequate sequencing depth that may allow error correction. This can be partly
resolved through targeted enrichment methods in sequencing, which are be particularly effective
in extracting longer reads from specific taxa or gene clusters of interest from low amounts of
environmental DNA. For instance, recent advances from Samplix Technologies (Kvist et al., 2014)
relies on microdroplet multiple displacement amplification of unknown sequences flanking short,
desired sequences to enable indirect capture and sequence enrichment of the former. Other
disadvantages in shotgun sequencing-based approaches include computational costs attached to

such projects, limitations of bioinformatic approaches, as well as the inherent biases and



inaccuracies of metagenomic assembly, annotation, and binning. Shotgun sequencing projects
frequently employ the lllumina sequencing platform, which produces short reads that can be an
impediment to recovery of full-length genes/gene clusters, even with the significant advances
made in metagenomic assembly in recent years. Short-read sequencing can however be
complemented with other sequencing methods to improve metagenomic assemblies. For
instance, techniques such as Hi-C chromosome capture for proximity-guided assembly of short
reads have successfully demonstrated improvements in the genome-level resolution of human gut
and cow rumen microbiomes (Yaffe and Relman, 2020, Stewart et al., 2018). Additionally, long-
read sequencing technologies such as Oxford Nanopore (Jain et al., 2016) or PacBio HiFi (Hon et
al.,, 2020) can be combined with short-read sequencing to dramatically improve metagenomic
assemblies. This is particularly important in retrieval of full-length genes/operons of microbial
enzymes involved in secondary metabolism which are often clustered together in microbial

genomes.

In recent years, several studies have investigated heavily polluted sites using metagenomic
methods to understand microbial community structures, functional characteristics, species
interactions, and genetic determinants necessary for survival in such habitats. However, discovery
of enzymes from direct shotgun sequencing as compared to functional metagenomics approaches
remain rare. Indeed, a recent estimate has reported that only seven studies have identified novel
enzymes using shotgun sequencing methods compared more 300 such instances using functional
metagenomic methods (Berini et al., 2017). Metagenomic analysis of the activated biomass from
an effluent plant carried out by Jadeja et al allowed the identification and retrieval of novel
oxygenase sequences (Jadeja et al., 2014). Additionally, samples of the activated biomass were
demonstrated to degrade a range of aromatic hydrocarbons, but the degradation activity was not
attributed to specific taxa or enzymatic component. A study by Wang et al (Wang et al., 2012)

discovered a key operon involved in naphthalene degradation by combining stable isotope probing



and shotgun sequencing. Shotgun sequencing of 3C-labelled DNA was followed by cloning of the
identified operon and experimental validation of naphthalene degradation. This remains one of
the few examples where massively parallel sequencing has been successfully employed to identify
and characterize new pollutant degrading enzymes. With increasing focus on shotgun sequencing
studies, a considerable reservoir of metagenomes and annotated genes are now available that can
be analysed in silico for identification of novel catalysts in bioremediation. Indeed, 1,200 bacterial
laccases have been identified in genomic and metagenomic datasets, which remain to be

experimentally validated (Ausec et al., 2011).

5. Computational methods in metagenomic enzyme discovery

5.1. Searching metagenomic databases

Due to the petabytes of sequencing data being deposited in public repositories, a wealth of
information is available for researchers to mine and identify novel enzymes and predict new
enzyme functions in protein families, including those involved in xenobiotic degradation. After
sampling, DNA extraction and sequencing, shotgun sequencing-based metagenomic studies
deposit their data in public repositories such as the Sequence Read Archive (SRA) (Leinonen et al.,
2011), Joint Genome Institute Integrated Microbial Genomes and Microbiomes Resource (JGI
IMG/M) (Chen et al., 2019) or MGnify (Mitchell et al., 2020), among others. MGnify is unique
compared to other metagenome resources as it allows researchers to probe metagenomes using
Hidden Markov Models (HMMs) compared to more commonly implemented sequence-alignment
based methods such as BLAST (McGinnis and Madden, 2004) or DIAMOND (Buchfink et al., 2015).
This is an important distinction as compared to alignment-based methods, HMM-guided methods
are more effective in identification of remote homologs and as an extension, novel enzymes. Sets
of alighed sequences are used to build probabilistic models, i.e. HMM profiles, which can

sensitively detect distantly related enzymes at the boundaries of protein families. Custom HMM



profiles can be built for defined clades of closely related sequences to investigate metagenomes
for protein subfamilies as desired by the user. A complementary approach to HMM-based
searches involve the reconstruction of metagenome-assembled genomes (MAGs) from
metagenomic shotgun sequencing data. Assembly and binning of metagenomic contigs into MAGs
allow researchers to extract full-length genes at a genome level resolution, which in turn enables
recovery of full-length genes/operons involved in secondary metabolism from the unknown
microbial biodiversity. Indeed, a recent study on ~ 10,000 diverse environmental metagenomes by
Nayfach et al (Nayfach et al., 2021) using MAG-based approaches led to the identification of >
100,000 biosynthetic gene clusters, thereby underlining both the challenges and opportunities in
metagenomic enzyme discovery from metagenomic shotgun sequencing data. Given the
exponential rise in shotgun sequencing data being generated, there is a distinct need for improved
tools and platforms, HMM-based, MAG-based or otherwise, to facilitate and accelerate

metagenomic novel enzyme discovery.

5.2. Phylogenetic methods

Phylogenetics, which aims to understand the links between shared functional traits including
proteins with similar functions, can be a particularly useful tool in enzyme discovery. Most
enzymes tend to group by their shared preference of substrates or similar functionality and not
their taxonomic origin, unlike other genes such as the 16S rRNA. This makes phylogenetics a
powerful tool in reference-based enzyme discovery, where sequences of genes of interest can be
aligned with uncharacterized, metagenomic sequences to identify distantly related enzymes.
Reference sequences for characterized enzymes of interest can be obtained from Swiss-Prot
(Bairoch and Apweiler, 1996), the Protein Data Bank (Berman et al., 2000) or through literature
search. In such an approach, reference sequences act as anchors or seeds around which the

phylogenetic tree is expanded, with distantly related, uncharacterized sequences forming distinct



clades with no seed sequences. This provides easy, visual inspection of distantly related, possibly
novel sequences and is often a good place to start investigations for enzymes preferring different
substrates or with novel functionalities. A key drawback of phylogenetic trees is that their
accuracy is dependent on the quality of the multiple sequence alignments they are built on. While
there are several multiple sequence alignment tools available, such as MAFFT (Katoh et al., 2002),
MUSCLE (Edgar, 2004) and Clustal Omega (Sievers and Higgins, 2018), manual inspection of the
alignment to trim regions outside the core alignment as well as large gaps is essential to ensure
high-quality trees downstream. Tools such as Gblocks (Castresana, 2000) and trimAl (Capella-
Gutiérrez et al., 2009) are well suited to carry out such intermediate steps before treeing. An
additional limitation of phylogenetic methods is the computational cost of creating trees from
large multiple sequence alignments. While rigorous maximume-likelihood based treeing tools such
as RaxML (Stamatakis, 2014) or PhyML (Guindon et al., 2005) make few assumptions and require
significant investment in time and resources, newer algorithms such as FastTree (Price et al., 2010)
and RaxML-NG (Kozlov et al., 2019) faster, less resource-hungry and nearly as accurate. FastTree
employs heuristic methods to shrink the tree search space and make approximations of maximum-
likelihood probabilities, in turn achieving drastically reduced treeing times. RaxML-NG, in contrast,
allows computational scalability for large metagenomic datasets while retaining the improved
accuracy of RaxML. IQ-Tree (Nguyen et al., 2015) is yet another popular treeing tool, and includes
automated model selection as well as ultra-fast bootstrapping. The ETE3 toolkit (Huerta-Cepas et
al., 2016) or ggtree (Yu et al., 2018) implemented in R can be used for advanced annotation and

visualization of phylogenetic trees.

Ancestral state reconstruction (Hochberg and Thornton, 2017) is a related method that analyses
contemporary protein sequences to infer their evolutionary history and may help identify
evolutionarily distant relatives of reference genes of interest. FastML (Ashkenazy et al., 2012) is a

web-based tool that allows ancestral state reconstruction to be explored by non-experts. Indeed,



ancestral state reconstruction of diterpene cyclases by Hendrikse et al and subsequent
experimental validation of the predicted sequences revealed that ancestral forms of the enzymes
had improved thermostability and broader substrate specificity (Hendrikse et al., 2018). Tools like
EvoMining (Sélem-Mojica et al., 2019) and CORASON (Navarro-Mufioz et al., 2020) can be
implemented in phylogeny-based genome mining to identify new enzymes. CORASON, or CORe
Analysis of Syntenic Orthologs to prioritize natural products biosynthetic gene clusters, takes a
guery gene and genome database to identify gene clusters that share the same genomic core and
reconstructs multi-locus phylogenies to explore evolutionary relationships. Although originally
created to explore biosynthetic gene clusters, the tool can be used for any gene cluster. EvoMining
is based on the assumption that primary metabolic enzymes often undergo duplication or
horizontal gene transfer and both events can lead to the rise of secondary metabolic enzymes with
novel functions. It has been implemented recently in the discovery of novel enzymes involved in
the biosynthesis of arseno-organic molecules (Cruz-Morales et al., 2016). Overall, phylogenetics is
a key first step in enzyme bioprospecting from metagenomes and can be highly effective when

used in combination with some of the other relevant methods described in this section.

5.3. Genome context-based approaches

Gene neighbourhoods, i.e. genes flanking the gene of interest can often provide important
information regarding the substrates, cofactors or partner proteins required for enzyme activity.
Indeed, gene context is a critical but frequently overlooked aspect of metagenomic enzyme
discovery. Gene neighbourhood analysis can be automated using the Genome Neighbourhood
Tool (EFI-GNT) addition for the Enzyme Function Initiative Enzyme Similarity Tool (EFI-EST) (Gerlt
et al., 2015, Zallot et al., 2019). The EFI-GNT provides statistical analysis on gene co-occurrence to
facilitate identification of possible functional linkages as well as generates genome neighbourhood

networks that allows visual inspection of genome context. Other tools such as BiG-SLICE (Kautsar



et al., 2021) and BiG-SCAPE (Navarro-Mufioz et al., 2020) are designed to identify and group
biosynthetic gene clusters. The latter is integrated with CORASON thereby allowing simultaneous
analysis using neighbourhood clustering as well as phylogenetics. BiG-SLICE dramatically reduces
computational resource requirement and run time by clustering gene clusters in a Euclidean space
rather than by pairwise comparison. Indeed, BiG-SLICE is well suited for genome-context guided
metagenomic enzyme discovery due to its ability to cluster millions of gene clusters from
metagenome-assembled genomes within a reasonable run-time. The STRING web resource is
another platform that is helpful in identification of gene functions through investigations into gene
context (Szklarczyk et al., 2019). STRING employs text mining of scientific literature and gene
associations inferred from diverse data including co-expression data and gene orthology to model
organisms to facilitate functional analysis of proteins including prediction of protein-protein
interactions. Although STRING is not designed specifically for metagenomic investigations, it can
nevertheless be used to confidently infer protein-protein interactions. CO-ED is a more specific
tool, which can implement network analysis to identify co-occurring domains in multi-domain
proteins (de Rond et al., 2020). CO-ED relies on PFAM information as input, which can be
extracted from metagenomes using PfamScan (Madeira et al., 2019). Upon completion of analysis,
CO-ED highlights the domains in the input data that are already present in public repositories (for
e.g. UniPROT (The UniProt, 2019), MIBIiG (Kautsar et al., 2020)), and other domains that have not
yet been characterized. CO-ED therefore provides insights into unusual domains or combination of
protein domains (in multi-domain proteins) in metagenomes and in turn facilitates identification

of possible points of initiation for enzyme discovery investigations.

5.4. Sequence similarity networking

Sequence similarity networks (SSNs), are graphs that display relationships between protein

families and were first published in 2009 for the purpose of investigations into protein



superfamilies (Atkinson et al., 2009). SSNs use scores from an all-against-all BLAST search for a
user-defined custom dataset to generate network graphs where each protein sequence is
represented by a node and pairwise sequence similarities define the edges between the nodes.
Smaller clusters of protein families of interest can be revealed by pruning the network graph
through manipulation of the sequence similarity threshold. Clusters of metagenomic sequences of
interest can therefore be analysed relatively quickly to identify protein subfamilies that may vyield
novel biocatalysts. As mentioned above for phylogenetics, it is useful and indeed, common
practice to include representative sequences as seed or anchor points, which in turn helps draw
robust inferences for relationships between protein families and subfamilies. A major advantage
of SSNs is the ability to visually inspect thousands of sequences and interpret the relationship
between proteins. Additionally, SSNs can be computed much faster than bootstrapped maximum-
likelihood phylogenetic trees and are computationally less intensive as well. Visual inspection of
network graphs can be carried out interactively using network visualisation tools such as
Cytoscape (Shannon et al., 2003). However, while the graphical user interface in Cytoscape makes
network inspection more accessible to researchers, it may be difficult to reproduce such
graphs/networks due to the point-and-click system. Python, R or C/C++ can be used to create
reproducible SSN workflows for CyREST API or igraph (Csardi and Nepusz, 2006, Ono et al., 2015);
users without coding or programming experience can alternatively use the EFI-EST platform for
automated sequence similarity network construction online (Gerlt et al., 2015). A key drawback of
SSN analysis are biases introduced during pruning of the network graph using sequence similarity
threshold scores. BLAST e-values form an important parameter in such decisions, which can often
be misleading since BLAST e-values are derivatives of database size that in turn make comparisons
between SSNs infeasible as the size of the sequence databases may vary. Furthermore, a variety of
graph layouts may lead to different interpretations of the same data. As a compromise,

sequences, codes, network layouts, similarity scores and BLAST e-values can be made publicly



available, which will allow third-party examination of SSN workflows and limit bias introduced

through preferences of the involved researchers.

5.5. Structure-based methods

Traditionally, the lack of structural information for most proteins has been a roadblock for
inferring enzyme functions from metagenomes. Although in recent years efforts have been made
to characterize more proteins at the structural level, these have focused disproportionately on
culturable organisms. Indeed, only a small proportion of PDB entries originate from metagenomes
(Robinson et al., 2001). Surprisingly, large-scale efforts to structurally characterize proteins, as
mentioned above, have yielded much fewer novel protein folds than expected (Jaroszewski et al.,
2009). While it is expected that the repertoire of protein folds will be expanded as we further
interrogate the unknown microbial majority, it must be noted that given the enormous
possibilities of amino acid combinations, only a small fraction of protein conformations are
represented in biological macromolecules studied to date. Observations that even the most
conserved protein folds can catalyse a variety of reactions underline our nascent understanding of
the effects of the multi-dimensional enzyme structure on catalytic diversity. Nevertheless, protein
structure can provide important insights into functionality beyond the primary amino acid
sequence. Powerful structural prediction tools such as AlphaFold2 (Jumper et al., 2021) can
significantly advance our understanding of uncharacterized proteins. However, AlphaFold2 is
currently not available publicly and web-based homology modelling tools such as I-TASSER (Roy et
al.,, 2010), Phyre2 (Kelley et al., 2015) and SWISS-MODEL (Schwede et al., 2003) can be used
alternatively to predict protein structure. Importantly, structural prediction is often the first step
towards detection of active sites as well structurally vital motifs, both of which play critical roles in

determining enzymatic/protein function.



Enzyme active sites represent a minute proportion of the full-length, folded protein volume in
three-dimensional space. Catalytic residues in enzyme active sites as well as the architecture of
the site itself are highly conserved compared to the rest of the enzyme. However, the same
catalytic residues can accommodate a wide range of substrates as well as catalyse a diversity of
reactions, most famously in case of the Ser-His-Asp catalytic triad (Rauwerdink and Kazlauskas,
2015), thereby indicating the multifunctional capabilities of even highly conserved residues in the
enzyme active site. The prediction of enzyme function from examination of the active site alone
can therefore be challenging, if not impossible. Alteration of a single residue in the active site can
drastically change the substrate specificity or enantioselectivity of an enzyme; protein engineering
for enzyme discovery can therefore lead to a lot of dead-ends (May et al., 2000). In this respect,
identification of naturally occurring active site variants across genomes/metagenomes can provide
an alternative and complementary route in enzyme discovery besides protein engineering. Studies
on active site variants targeted at enzyme discovery from metagenomic shotgun sequencing are
rare, with unusual active sites only reported upon enzyme characterization. Tools such as CASTp
are useful for the de novo, automated detection of active sites/active site variants (Tian et al.,
2018). Databases such as the Mechanism and Catalytic Site Atlas (M-CSA), which catalogues active
site architecture and chemistry, can also be useful in this regard (Ribeiro et al., 2018). Although M-
CSA currently contains more than 1000 curated entries representing approximately 73k Swiss-Prot
entries and 15k PDB entries, it still represents less than 10% of proteins with solved structures
(Robinson et al., 2001). Additionally, predicted active site information is also available in UniProt,
which can be useful in identifying variant active sites in structurall similar metagenomic
sequences. Other conserved motifs beyond active sites, such as cofactor binding sites that can be
detected using tools such as ScanProSite (de Castro et al., 2006), are also generally conserved and
can be useful in enzyme discovery. Overall, strategies such as motif searching combined with

sequence homology modelling or de novo identification of conserved/variant structural features



and cofactor binding sites, can be particularly useful in structure-based enzyme discovery from

metagenomic sequences.

5.6. Machine-learning based methods

Machine learning (ML) has made great strides in the past few decades with the continuous
advancement of computing power and algorithms, particularly in the life sciences and chemistry.
Indeed, more than 35 machine-learning-based methods for protein prediction have been
published in the past decade; these approaches provide researchers with the opportunity to apply
methods beyond homology modelling to understand unknown links between protein sequence,
structure and function. One of the key drawbacks of machine-learning-based methods is their
requirement for large amounts data to train. The quality and quantity of data directly influence
the accuracy and sensitivity of the resulting machine-learning model, with more complex models
requiring greater amounts of training data. Machine-learning models, particularly deep neural
networks, frequently suffer from overfitting, where such models become highly specific for the
given dataset and cannot be implemented in a generalized manner for similar studies or datasets.
Availability of high-quality, curated data in public databases such as MiBIG (Kautsar et al., 2020)
and Swiss-Prot (Bairoch and Apweiler, 1996) is therefore essential for adequate training of
machine-learning algorithms and in enabling enzyme discovery. Transfer learning is an emerging
method that is designed to handle the scarcity of experimentally verified data, where machine-
learning models are pre-trained on large quantities of unlabelled data such as metagenomic
sequences in order to learn the general characteristics of the data and in turn, improve
performance on separate, related tasks such as protein function prediction. Further advances in
transfer-learning methods as well as semi-supervised machine-learning will allow researchers to
investigate large metagenomic datasets with machine-learning models trained on relatively

smaller amounts of labelled data.



Machine-learning-based methods can incorporate a wide variety of features to produce better
models. These include protein sequences, structural information, protein-protein interaction data
and physicochemical properties for amino acids, among others (Robinson et al., 2001). Certain ML
methods have also employed text mining to extract feature information available in text format,
particularly in journal articles (You et al., 2018). Autoencoders, which are artificial neural networks
that can automate feature extraction, thus removing human biases, have been recently employed
in unsupervised encoding of protein features 181. Although such automation is attractive,
Autoencoders require even larger datasets and longer compute times, which in turn may limit
their usability. A diverse array of machine learning models including simple logistic regression,
random forest and multi-layer neural networks, among others, have found use in protein function
prediction (Bonetta and Valentino, 2020). However, benchmarking on different machine-learning
models can be difficult due to the inconsistent classification systems used for prediction of protein
functionality. Most machine-learning models use hierarchically structured protein classification
systems such as the EC classification (Webb et al., 1992), Gene Ontology (GO) (Ashburner et al.,
2000) or Functional Catalogue (Ruepp et al., 2004), among others, as objectives. Understandably,
this creates difficulties in comparing various protein function prediction models, but recent
initiatives such as the Critical Assessment of Functional Annotation Challenge have made
important efforts to standardize the diverse approaches undertaken (Zhou et al., 2019).
Importantly, deep neural networks have been outperformed by simple homology modelling and
logistic regression models in certain instances of protein function prediction, and underlines the
nascent and developing nature of ML in this field (Bonetta and Valentino, 2020). A primary
drawback of currently available ML methods is their limitation of predicting truly novel protein
functions. While ML models can be trained on a variety of objectives (i.e., GO or EC), they are
unable to predict entirely new enzyme classes. Negative selection algorithms can be employed as

an alternative to multi-objective training, where enzymes can be classified based on their ability to



perform a particular function or not (Youngs et al., 2014). In this method, proteins are not forced
into previously defined enzyme classes, but can be predicted to not fit into any known classes, or

fit into multiple classes, indicating potential substrate promiscuity (Copley, 2003).

6. Characterization of new enzymes

6.1. Primary selection and cloning

Until this point in the chapter, we have discussed various computational methods for prediction of
enzyme function and identification of potential candidate enzymes. While such in silico techniques
might be useful for prioritization of newer areas of the protein space to be explored, they remain
predictions at best, and require functional validation through rigorous experimentation. In the
following sections we will review and discuss some of the newer methods and approaches to
successfully navigate functional validation of novel enzymes, primarily selection, cloning,
expression and screening. We will not discuss the classical methods for heterologous expression
and screening here; they have been reviewed in detail previously (Katz et al., 2016). An important
initial step when selecting proteins for characterization in the lab is to ensure removal of
truncated or chimeric sequences that in turn may give rise to dysfunctional proteins. Additional
clues for mispredicted start or stop codons may be obtained from visual inspection of multiple
sequence alignments, where erroneous sequences will show up as outliers in terms of sequence
length. Several tools are currently available to facilitate selection of candidate sequences from
hundreds of thousands of metagenomic sequences for enzyme discovery. Clustering tools such as
CD-HIT, UCLUST and Linclust (available through the MMSeq?2 software suite) (Li and Godzik, 2006,
Edgar, 2010, Steinegger and Soding, 2017) can cluster metagenomic sequences by similarity to
give automatically selected representative sequences. Representative sequences for protein
subfamilies of interest can be subsequently selected through SSN analysis and visualisation in

Cytoscape (Shannon et al.,, 2003) or igraph (Csardi and Nepusz, 2006). The strategy here,



irrespective of the clustering and selection pipeline followed, is that highly similar proteins will
almost always perform similar functions. While exceptions to this rule have been reported (North
et al., 2020), clustering remains a useful tool in the initial stages for selection of representative

candidate sequences from metagenomes.

Further filtering of representative sequences may be necessary depending on the dataset size. In
many cases, the absence of high-throughput enzyme activity assays can preclude further
investigation of several metagenomic sequences. Most frequently however, metagenomic
sequences found in culturable organisms are readily selected since functional characterization in
this case would be possible in the native host. Yet another popular strategy is to select proteins
from thermophilic organisms that tend to have increased thermostability. It must be noted that
this is also a generalization, since proteomes of diverse organisms across the tree of life have
exhibited highly variable melting temperatures, even for organisms adapter to extreme
temperatures (Jarzab et al., 2020). Alternatively, proteins with higher GC content, transmembrane
regions or extended disordered regions may be filtered out to obtain candidate proteins more
likely to be stable. Various tools such as XANNPred (Overton et al., 2011), CrystalP2 (Kurgan et al.,
2009), XtalPred (Slabinski et al., 2007)and ParCrys (Overton et al., 2008), among others, have been
developed to predict crystallization proclivities and can be used to predict protein stability.
Multiple tools can be used to assess protein stability and results aggregated and ranked in order to
prioritize representative sequences for experimental validation. Such an approach ensures that
biases and weaknesses in individual tools are offset through an ensemble-based analytical
approach, and in turn enables robust identification of the most promising candidates for enzyme
discovery. Removal of signal peptides, i.e. 16-30 amino acids at the end of the N-terminus of many
prokaryotic and eukaryotic proteins, is an approach that increases the likelihood of obtaining
soluble proteins. Signal proteins are short sequences that direct the export of proteins from the

cytosol and can therefore influence the solubility of proteins during heterologous expression



experiments. SignalP (Teufel et al., 2022) has been the most commonly used tool for detection and
removal of N-terminal signal peptides in recent years, but more advanced, machine learning based
tools for signal peptide detection are now available (Wu et al., 2021). With better understanding
of the links between signal peptides and protein function, these can be used as attributes to filter

representative sequences in enzyme discovery.

6.2. Heterologous expression

Once genes or enzymes of interest have been identified, constructs for heterologous expression of
the same must be created. Most vectors used in construction of metagenomic libraries in
functional metagenomics, however, are typically ill-suited for heterologous expression.
Additionally, certain secondary metabolism gene clusters, which can be quite extensive in length,
may be captured in a truncated form in fosmid or cosmid vectors that have maximum insert sizes
of approximately 4.5 kb. New methods, besides classical restriction-based cloning and Gibson
assembly methods, have been developed to facilitate efficient cloning of genes/gene clusters of
interest in heterologous hosts (Zhang et al., 2019, Bordat et al., 2015). Among these new
techniques, transformation-associated cloning relies on natural homologous recombination in
yeast to aggregate overlapping cosmid/fosmid clones, while genetic recombineering employs
diverse bacteriophage proteins to enable homologous recombination in E. coli (Zhang et al., 1998).
The latter also allows rapid and efficient cloning of large gene clusters using RecET direct cloning in
combination with Redaf recombination (Wang et al., 2016). The availability of sufficient genetic
material for cloning can be an issue in heterologous expression and PCR amplification remains one
of the most reliable methods to produce the same if the original environmental sample or the
culturable organism is available. In the event of an absence of the genetic material for
amplification, gene synthesis can be carried out for the enzyme/gene of interest. Advantages of

gene synthesis include codon optimization for the heterologous host of choice, which can be



particularly useful for the expression of metagenomic sequences in non-conventional, distantly
related hosts. Heterologous expression of metagenomic sequences often fail even when
constructs are prepared properly. One of the reasons behind this may be that some enzymes
exhibit activity only when co-expressed with surrounding genes, i.e. the entire gene cluster.
Additionally, other factors such as suitable coenzymes, cofactors, or post-translational
modification machineries may be absent in the host leading to a failure of heterologous

expression or production of dysfunctional proteins.

Non-conventional hosts can be used as an alternative to conventional hosts such as E. coli for
heterologous expression when the latter fails. To do this, homologous sequences for metagenomic
sequences of interest can be mined from genomes and such sequences in turn can be cloned and
expressed in E. coli or other conventional hosts. In this manner, researchers can obtain
information on the sequence/gene/domains of interest by studying similar proteins from related
organisms that can be expressed in conventional hosts. Examples include the investigation of
FR900359, a Gq protein inhibitor identified from a leaf metagenome but later characterized using
a homologous protein from Chromobacterium vaccinia expressed in E. coli (Hermes et al., 2021).
Yet another strategy for heterologous expression can be selection of the closest culturable
taxonomic relatives if genetic engineering tools are available for the same. Indeed, such an
approach has been frequently implemented in expression of various biosynthetic gene clusters
from Streptomyces spp. in the model host Streptomyces coelicolor A3(2) (Zhang et al., 2016).
Protein expression in E. coli for sequences from evolutionarily distant organisms, however, can be
successful in certain cases. Overall, the choice of a host for heterologous expression of
metagenomic sequences of interest are still based on a process trial-and-error. Design-build-test-
learn pipelines in synthetic biology may be able to produce optimized hosts for heterologous

expression in the future, thereby reducing the trial-and-error process (Carbonell et al., 2018).



6.3. Enzyme activity screening

The final challenge in characterization of enzymes is carrying out assays, in vitro or in vivo, to
assess enzyme activity. Generally, there is a compromise required at this stage between
throughput and specificity for enzyme screening methods. Typically, activity-screening assays
involve visual confirmation for zones of inhibition around cultured bacterial colonies or production
of colour or fluorescence due to enzymatic action on chromophores or fluorophores respectively.
However, suitable substrates analogues may not be available for a numerous, especially novel,
uncharacterized enzymes; the presence of large chromophore or fluorophores may also interfere
with the activity of candidate enzymes. Mass spectrometry (MS) can be used as an alternative
here as it is sensitive and allows generalized application without the need for substrate analogues.
Although this allows accurate monitoring of enzyme activity, MS suffers from low-throughput due
to the requirement for chromatographic separation. Alternative workflows are now available that
bypass the chromatographic step to allow MS-based enzyme activity screening with higher
throughput. For instance, nanostructure-initiator mass spectrometry (NIMS) employs a
nanostructured surface to trap compounds that can be subsequently released by laser irradiation
for MS (Northen et al., 2008). A washing step promotes non-covalent fluorous interactions on said
surface that in turn enables compound separation. An improvement on NIMS, PECAN (Probing
Enzymes with Click-assisted NIMS) relies on click chemistry, thereby allowing screening of enzymes
which are not able to accommodate bulky perfluoroalkylated tails in their active site. As it uses
click chemistry, substrate analogues with ‘clickable’ alkynes or azides are still required in PECAN,
but being much less bulkier than the perfluoroalkylated tails used in NIMS, a wider range of
enzyme classes can be assayed by this method (de Rond et al., 2019). Another alternative to NIMS
is SAMDI-MS (Self-assembled Monolayers for matrix-assisted desorption/ionization-MS), where
proteins or metabolites are immobilized on self-assembled monolayers of alkanethiolates on gold.

This allows significantly higher throughput compared to MS-based method while conserving the



specificity and generalizability of the latter (Mrksich, 2008). Additionally, SAMDI-MS does not
require labelling, which makes it ideal for enzymes without established screening assays. Although
these methods have only been employed in a limited capacity for metagenomic enzyme discovery,
they are well suited for the same, with specialised equipment and expertise needed for these
methods being the primary barriers to their successful implementation in the discipline. Besides
mass spectrometry-based methods, biosensors may also be used in metagenomic enzyme
discovery. Indeed, biosensors have been employed in identifying a novel enzyme capable of
cyclizing w-amino fatty acids from a marine sediment metagenomic library (Yeom et al., 2018).
Methods such as mRNA display has been recently used to screen a naturally occurring RiPP
maturase (Fleming et al., 2020). It must be noted that in contrast to MS-based methods, biosensor
and mRNA display are generally tailored to enzyme classes and therefore are high-throughput but
less generalizable. Overall, several emerging techniques have been discussed in this section that
have been used in a variety of applications and can be adapted and implemented in metagenomic

enzyme discovery from diverse environments.

7. Metagenomic enzyme discovery: Outlook and emerging techniques

In this section, we discuss upcoming methods and techniques that can be used in association with
metagenomics to accelerate enzyme discovery. These include meta-omic methods such as
metabolomics and metatranscriptomics as well as single-cell genomics, cell-free techniques and

sequence independent methods, among others.

7.1. Cell-free methods

Cell-free systems such as filtered lysate from E. coli or other expression hosts of choice can be a
viable alternative to heterologous expression and purification of proteins of interest. All cellular
organelles required for successful expression remains in the lysate, and additional components

such as amino acids, cofactors and DNA can be exogenously added to induce expression of



proteins or metabolic pathways of interest (Bogart et al., 2021). In contrast to whole-cell hosts,
cell-free platforms allow rapid transcription and translation of sequences of interest unbound to
cellular growth. Additionally, cell-free platforms are also more tolerant to toxic metabolite
production that may kill whole-cell hosts in heterologous expression. Throughput in such cell-free
systems can be further increased using integrated screening methods such as in-droplet reaction
microfluidics and mRNA display, among others (Bogart et al., 2021). Low yield however remains a
frequently encountered issue for cell-free platforms, particularly when involving exogenous DNA
distantly related to E. coli. Other commonly encountered issues include rapid degradation of
MRNA templates and other critical cellular machinery. Despite these issues, cell-free systems are
rapidly rising in popularity and it is anticipated that they will be widely implemented in

metagenomic enzyme discovery in future.

7.2. Meta-omics approaches

While we have discussed enzyme discovery in this chapter primarily in terms of metagenomic
shotgun sequencing, other meta-omic applications, both sequencing-dependent and independent,
can make important, complementary contribution to enzyme. Indeed, integration of omic-
methods such as transcriptomics/metatranscriptomics, metabolomics and metaproteomics,
among others, can provide a powerful framework to link genetic information with phenotypic
data, thereby facilitating hypothesis generation. For instance, transcriptomic studies provides
insights into the transcription profile of an organism of interest at any given time and can
elucidate differentially expressed genes (of both known and unknown functions) under conditions
of interest. Instances of RNA-Seq involvement in enzyme discovery and expansion include the
identification of biosynthetic pathways for domoic acid and expansion of the enzymatic repertoire
of DadH related enzymes in the gut (Rekdal et al., 2020, Chekan et al., 2020). Metatranscriptomics-

based approaches can similarly be used for enzyme discovery from microbiomes. Although



metatranscriptomics-based studies in enzyme discovery are still sparse, ease of sequencing and
increasingly accessible bioinformatic tools are driving a steady increase in these numbers. For
instance, BiG-MAP is a recently released tool that enables differential expression analysis of
biosynthetic gene clusters in transcriptomic/metatranscriptomic datasets (Pascal Andreu et al.,
2020). While similar tools are not yet available specifically for pollutant degrading enzymes, most
of the tools described in the chapter, frequently developed for biosynthetic gene clusters, can be
used for xenobiotic-degrading enzyme discovery. Integration of metatranscriptomic and
increasingly available metabolomics data, along with analytical tools such as BiG-MAP, will
contribute to an accelerated metagenomic mining for relevant enzymes of interest.
Metaproteomics, compared to other omics-methods, remains an under-utilized technique.
Recently, a functional metaproteomics workflow has been proposed by Sukul et al, where proteins
are directly isolated from soil samples, separated using 2D-polyacrylamide gel electrophoresis, and
refolded to assay, screen and identify novel lipolytic enzymes using a fluorogenic lipase substrate
(Sukul et al., 2017). Proteins exhibiting desired activities are then subjected to mass-spectrometric
analysis. Simultaneous metagenomic shotgun sequencing of the same soil sample allowed
searching of the lipolytic enzymes identified using mass-spectrometry against a custom
environmental database and recover full-length sequences and taxonomic origins for proteins of
interest (Sukul et al., 2017). This study employed in-gel assays, which may be challenging to
execute for screening enzymes without well-established colorimetric or fluorometric substrates.
Thus, low-yields of proteins from environmental samples, refolding of proteins in-gel and
limitations regarding available assays, may be some issues that need to be resolved before
metaproteomics methods can be better integrated into meta-omic workflows. Nevertheless,
integration of meta-omic methods, as discussed, provide a promising avenue towards

metagenomic enzyme discovery.

7.3. Single-cell genomics



Increasingly popular, single-cell genomics can be implemented as both an alternative to shotgun
sequencing and/or as a complimentary application. In single—cell genomics, microbial cells first
sorted, usually using FACS or microfluidics-based method, with subsequent lysis and whole
genome multiple displacement amplification using high-fidelity polymerases (Woyke et al., 2017).
One of the major drawbacks of single-cell genomics is the low-yield of DNA material from a single
cell even after a billion-fold amplification of single-cell genetic material, which in turn results in
poor quality of genomes. Additionally, minute amounts of contaminating DNA can result in
contributing a significant proportion of the DNA material due to the initial amplification step and
in turn destabilise the entire pipeline. Recent advances have contributed to the development of
optimized protocols implementing high-fidelity polymerases to improve such issues along with
amplification bias from GC-rich genetic material commonly encountered in secondary metabolism
related gene clusters from Actinobacteria and other organisms with high GC content
(Stepanauskas et al., 2017). A clear advantage of single-cell genomics over shotgun sequencing-
based metagenomics is the ability of the former to directly link taxonomic information with
genomic and phenotypic data without the requirement for binning and annotation. Ideally, best
results would be obtained through simultaneous examination of the samples of interest using
both single-cell genomics and shotgun sequencing, where limitations of either can be offset to
maximise result quality. Reference genomes from cultivated isolates have been found to rarely
overlap with MAGs or single-amplified genomes (SAGs; genomes amplified using single-cell
genomics methods) and indicates that diverse sequencing application may contribute to greater
genome-level resolution of microbial communities (Paoli et al., 2021). Importantly, since single-cell
genomics methods sequence every cell individually, it has contributed to a better understanding
of the within-population genomic variability and evolution. Notable here is that gene clusters
involved in secondary metabolism are frequently strain-specific and single-cell sequencing

therefore provides a high-throughput, reliable and sensitive method to screen for the same in



microbiomes. Single-cell RNA sequencing has been used to show spatial transcription
heterogeneity in microbial populations that are genetically identical (Imdahl et al., 2020). Since
spatial heterogeneity has been reported in secondary metabolite production, single-cell
transcriptomics may be a useful method to probe microbial communities for unknown genes with
functions of interest (Tobias and Bode, 2019). Overall, single-cell genomics remains a nascent field

of research with wide applications, including metagenomic enzyme discovery.

7.4. Sequence-independent methods

Most techniques to infer protein function described in this chapter have either been sequence-
based on structural homology-based. However, such approaches may be insufficient in identifying
and characterizing enzymes that do not have any structural or sequence similarity with known
protein families. Although limited to certain protein families, few tools are available now to
investigate and aid such de novo enzyme discovery. decRiPPter (Data-driven Exploratory Class-
independent RiPP TrackER) has been recently developed to identify new RiPP classes without
consulting homology to known RiPP classes or enzymes (Ziemert et al., 2016). Briefly, decRiPPter
employs a filtering step where it implements pan-genomic analyses to infer sparsely distributed
operons within taxonomic clades, thereby identifying genes/gene clusters that may be involved in
secondary metabolism. While this approach has been used previously to identify a new family of
RiPP maturases, a major drawback of the process remains the increased possibility of false
positives compared to homology-based methods when searching for novelty. Due to its limited
implementation in current research, sequence- and structure-independent methods remain an

open and emerging field for metagenomic enzyme discovery.

8. Conclusion and future challenges

Several challenges remain before the rate of enzyme discovery, particularly from the unexplored

microbial space, can see significant acceleration. Firstly, studies on metagenomic enzyme



discoveries are heavily skewed towards prokaryotes and eukaryotes in the environment are rarely
investigated for enzymatic properties. Eukaryotes, however, play an important role in several
ecosystems with some cultivable fungi being frequently used in bioremediation. Moving forward,
eukaryotic populations in the environment need to be screened more diligently, with possible
expression in new screening hosts, to facilitate discovery of novel biocatalysts from the unknown
eukaryotic biodiversity. Similar bias can be noticed in the existing literature for studies involving
esterases and oxidases with diverse substrate specificities. While such enzyme discovery studies
are common, investigations into proteases, which are likely to be effective in hydrolysis of amide
bonds in pollutants, are sparse. Additionally, uncharacterized protein families enriched in polluted
habitats are seldom further investigated. Future efforts in metagenomic enzyme discovery may
require certain changes in established approaches. For example, a recent meta-analysis revealed
that among metagenomic enzymes discovered between January 2014 and March 2017, > 84%
were esterases or cellulases and > 82% were discovered through activity-guided screening (Berini
et al., 2017). This indicates a bias towards industrially relevant enzymes that can be detected using
colorimetric assays. Additionally, hosts besides E. coli need to be considered for heterologous
expression of candidate enzymes/genes in metagenomic enzyme discovery studies. Indeed, a
controlled study reported the successful expression of ~30-40% of environmental bacterial genes
and only 7% of high GC-content DNA the E. coli model system (Gabor et al., 2004). Given that
many organisms classified as high-GC content are important producers of secondary metabolites
and represent interesting reservoirs of novel enzymes, alternative and non-conventional hosts
should be assessed for heterologous expression. Additional complications in leading to failed
heterologous expression in E. coli hosts may involve a lack of cofactors, coenzymes, post-
translational modification systems, and protein folding factors, among others. Proteins with
reduced sequence identity with reference proteins with known functions are more likely to

catalyse novel reactions and utilise a broader range of substrates, thereby making them



interesting targets for enzyme discovery. In order to detect more distantly related sequences,
iterative HMM based strategies or PSI-BLAST may be used. For the former, an initial HMM model
can be supplemented with BLAST searches to identify distant neighbours of the gene, the model
rebuilt with the newly identified sequences and the search carried out iteratively until no new
homologs are identified. Ultimately, enzymes/genes of interest need to be studied and
understood as clusters of genes they are generally present as and not in isolation. Since bacterial
genes involved in secondary metabolism are highly linked, identification of coexpression modules
from metatranscriptomic datasets can help predict function of unknown genes through
coexpression with genes with known functions. It can be anticipated that advances in long-read
sequencing methods will allow examination of genetic loci directly from environmental DNA
compared to requirements for assembly and binning for short-read sequencing datasets. Overall,
the milieu of genetic clusters, transcriptomes and protein interactomes represent underexplored

routes in enzyme discovery.

The emergence of meta-omic methodologies in the last decades has enabled researchers to access
the functional potential of the hitherto unknown microbial populations in environmental
microbiomes. Indeed, activity-guided screening of metagenomes have led to the discovery of
numerous enzymes, primarily bacterial in origin, frequently from highly contaminated
environments or habitats with other extreme characteristics. Notably, such de novo enzyme
discovery using shotgun sequencing-based metagenomics is still rare. Thus, even with the
continually accelerating accrual of meta-omics data in public repositories, the ease of next-
generation sequencing has not necessarily translated to increased functional characterization of
novel protein families. Functional metagenomics approaches are currently limited in several ways.
These include the logistical impossibility of screening hundreds of thousands of metagenomic
clones for desired properties, the requirement to design novel screening assays for new enzymatic

reactions, and the need to handle hazardous, toxic materials when genes involved in xenobiotic



degradation are sought, among others. Some of these limits are being overcome by the
development of multi-step activity-based screening strategies as well as the use of non-toxic
structural analogues of the pollutants of interest in primary screening. Although continual
advances in bioinformatic algorithms and next-gen sequencing methodologies show great promise
in providing new avenues enzyme discovery, functional metagenomics techniques will remain
important pillars for de novo enzyme identification and expansion. Importantly, we anticipate
shotgun-sequencing based methods in combination with mass spectrometry-based molecular
networking methods will facilitate rapid de-replication of candidate enzymes/genes and limit
rediscovery, thereby providing proper direction and indirectly expediting truly novel enzyme

discovery.
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10. Legends

Figure 1. Flowchart of experimental and computational approaches in metagenomic enzyme

discovery.
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