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ABSTRACT

Objective. To describe the relevance and some tools of genome mining to explore genetic and molecular
determinants encoded in bacterial genomes to address agronomic problems.
Design/Methodology/Approach. Literature review of the importance of bacteria as a reservoir of
biosynthetic gene clusters (BGC), involved in the production of metabolites with biological activity as anti-
pathogens; and of genome mining as a tool to reveal this potential.

Results. Bioinformatic tools are useful for the exploration of bacterial genomes and have the potential to
contribute to the resolution of agronomy problems. For example, the use of bacteria, their genes and
metabolites for the control of phytopathogens that attack crops of global importance. Likewise, the limitations
of the genome mining and their coupling with other experimental approaches to achieve bioprospecting of
BGC or their related metabolites are summarized.

Limitations of the study/implications: Although the use of genome mining to explore the potential of
bacteria is a very powerful approach, it will always be necessary the experimental corroboration at the
laboratory level, to confirm the hypotheses generated by bioinformatics tools.

Findings/conclusions: Genome mining allows to take advantage of the large number of bacterial genomes
currently sequenced, that are available in public databases to understand the genetic bases of their biological
activities. As well as for the heterologous expression of biosynthetic genes, or the identification and purification
of new metabolites. The foregoing with the objective of contributing with more effective and environmentally
friendly solutions that address agronomic problems.

Keywords: bacterial genomes, bioprospection, genome mining, biosynthetic gene clusters (BGC),
phytopathogens.

INTRODUCTION
It is well known that bacteria produce a wide variety of chemical compounds with

different metabolic origins and different biological activities. A biosynthetic gene cluster
(BGC) i

is a group of genes that, when expressed together, produce enzymes involve
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the biosynthesis of a bioactive metabolite, also called secondary (Medema et al., 2015).
BGCs are the toolbox available to bacteria to produce complex chemical structures that
can be applied in different areas, such as solving some agronomic problems. There are
many applications of bacteria, their metabolites or enzymes in the field of agronomy that
have not yet been exploited in Mexico according to their potential. For example, the great
losses caused each year by phytopathogens that attack crops of economic importance. This
and other problems could be addressed through bioprospecting of bioactive microbial
metabolites (BMMs).

The 1solation and chemical identification of BMM until their application in a given
product is a long run. However, current advances in accelerated genome sequencing, and
the use of bioinformatics tools to “mine” information, accelerate and smooth processes,
allowing the identification of which biosynthetic genes are potentially involved in some
biological activity and what are the possible production routes of metabolites. Such
proposals for possible genes subsequently have to be addressed from a biochemical point
of view or using other complementary tools such as metabolomics or genetic engineering.
This review recapitulates the main route for the systematic and exhaustive search of clusters
of genes involved in the biosynthesis of bioactive compounds, emphasizing genome mining
applied in the identification of possible BGCs and the bioactive metabolites they produce,
for agronomic use in the control of phytopathogens.

Genomic and metabolic plasticity of bacteria

Bacterial genomes are very diverse. They contain a core genome, which includes genes
that provide essential information and is conserved for most bacteria. They also contain a
flexible part in which are the genes that give identity to each species. These genes provide
additional characteristics that differentiate one bacterium from another both genetically
and metabolically. This flexible part of the genome is where genomic plasticity occurs
in bacteria, which is defined as the ability to incorporate genes or complete sets of genes
(operons) into their genome (Bennett, 2004).

Among the mechanisms that contribute to genomic plasticity are point mutations that
alter the expression of genes or the metabolic activity of encoded enzymes; mechanisms
of genetic exchange such as recombination between genomes, or conjugation (plasmid
exchange) between bacteria. As well as the horizontal transfer of genes promoted by
bacteriophages, mobility of genome fragments by transposons, repairs and integration of
DNA regions of different sizes (Dobrindt and Hacker, 2001; Sela et al., 2018). Genomic
plasticity is considered one of the keys to the evolution of bacteria (Sela et al., 2018); the
infinite metabolic possibilities that result from it make bacteria a source of numerous

bioactive metabolites that can be of beneficial use with different applications.

Main types of biosynthetic gene clusters

There are different classes of biosynthetic gene clusters, classified according to the
type of metabolite in whose biosynthesis participate. In addition to their origin, bacterial
bioactive metabolites are grouped into ribosomal and non-ribosomal products. Here we

address the main groups that belong to the non-ribosomal type; non-ribosomal peptide
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synthetases and polyketide synthases which are two large sets of biosynthesis enzymes
that have been studied with greater emphasis due to their frequent prevalence in bacterial
genomes.

The BGC of non-ribosomal peptide synthetases (NRPS) have as their core, multi-
modular enzymes that condense amino acids in a linear way through the formation
of thioester-type peptide bonds (Figure 1, right), forming peptides different from those
synthesized in the ribosome since, in addition to the 20 amino acids, they integrate more
than 500 non-proteinogenic amino acids, heterocyclic elements and glycosylated residues,
through biosynthetic pathways from other origins (Walsh and Fischbach, 2010).

Polyketide synthases (PKS) are an extensive group of enzymes classified into three
types, whose activity is the modular condensation of monomers of acyl-CoA, malonyl and
methyl malonyl, important intermediates in the biosynthesis of many organic compounds
(Fischbach and Walsh, 2006).

NRPS genes such as PKS contain functional domains that once the enzyme is expressed
become modules for substrate activation and for initiation, elongation, modification and
termination of the product that can be a bioactive metabolite. Additionally, they may have

transport proteins, transferases, and other auxiliary enzymes (Figure 1, left).
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Figure 1. Example of bacterial biosynthetic clusters coding for an NRPS or a PKS 1 and the assembly of the metabolites they produce. Arrows
represent the genes of a BGC that encode biosynthetic enzymes (red or blue), as well as genes that encode transport proteins, auxiliary enzymes,
etc., (gray). On the right is the assembly logic (biosynthesis) of non-ribosomal peptides and polyketides. As well as the most common functional
domains or modules (circles) of NRPS and PKS and their function (below).
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Traditional strategy for the identification of BGC of bioactive metabolites
in microorganisms

The traditional method for identifying biosynthetic gene clusters of secondary
metabolites in bacteria (Figure 2, top) is based on the isolation of the metabolite guided
by the bioactivity of supernatants from bacterial cultures. Also, on the use of chemical
methods, such as mass spectrometry and nuclear magnetic resonance, to deduce the
chemical structure of the bioactive metabolite.

Subsequently, the corresponding biosynthetic genes are inactivated by induced
mutagenesis or randomized genetic deletion, followed by the detection and isolation
of non-producing clones (Bachmann, Lanen, & Baltz, 2014; Read ez al., 2020). These
mutant strains that do not produce the metabolite are analyzed to identify their genes
affected; therefore, they are responsible for the biosynthesis of the metabolite. Despite the
great advantage of directly isolating and characterizing the active product, this approach
has as its main limitation that the expression of BGC 1s controlled by factors found in the
natural habitat of bacteria. This means that, in laboratory conditions those genes may
not be expressed, which generates the so-called cryptic genes (Clardy et al., 2006; Lee et
al., 2020).

Genome mining
Genome mining is the set of steps and tools, totally dependent on bioinformatics,
that allows to identify bacterial clusters from genome sequences, by comparing against
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Figure 2. Comparison of the traditional strategy and the genome mining approach for the seeking of new bioactive metabolites and the BGCs
that synthesize them.
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previously described clusters. The existence of conserved regions between clusters of
various bacteria greatly facilitates the genome mining; although bioactive metabolites
can be highly diverse in their chemical structure, the biosynthetic machinery that
includes assembly enzymes, belongs to the same families of highly conserved enzymes,
especially PKS and NRPS (Lee et al., 2020).

This new approach is radically different from the traditional approach and allows new
BGCU:s to be identified more quickly (Figure 2, bottom). In recent years; as a result of new
sequencing technologies and the easy and inexpensive access to genome sequence data,
many bioinformatics tools have been developed based on identifying the highly conserved
regions of the BGC, for the annotation or labeling of coding regions in the genomes (Ren
et al., 2020; Cibichakravarthy and Jose, 2021). The application of these technologies has
revealed that the biosynthetic potential of bacteria has been underestimated. For example,
following the traditional strategy, only four BCCs were discovered and characterized in
the bacterium Streptomyces coelicolor in 30 years; but it is currently known that members of
this genus possess approximately 30 clusters of biosynthetic genes, including many whose
products have not yet been identified (Bentley et al., 2002; Lee et al., 2020).

Bioinformatics tools most commonly used in genome mining
Below are the general route, hotspots, and bioinformatics tools most commonly used for

genome mining in the search for BGC.

1. Evaluating the quality of genomes. The completeness and quality of a sequenced
genome is a fundamental part of mining genomes in search for BGC. It is known
that a large number of genomes that are sequenced and reported in the databases
are not complete. For example, 36% of the genomes of the genus Streptomyces show
poor completeness (Studholme et al., 2016). Likewise, the quality of the sequenced
nucleotide bases is of great importance for the prediction of BGC since high-quality
genomes improve the prediction of coding sequences (CDS), which in turn improves
the prediction of the large genes that usually compose the core machinery of BGC.

2. Identification of genes and their function (Annotation of genomes). I'or the
identification of genes encoding proteins, rRNA and tRINA, etc., a wide variety of
tools are used. One of the most used is RAST (Rapid Annotation using Subsystem)
that identifies genes, assigns functions, predicts groups of genes associated with
abstract functional roles that are represented in the genome (subsystems), uses
this information to reconstruct the metabolic network and makes the result easily
manipulated for the user. In addition, the annotated genome can be explored in an
environment that supports comparative analysis with other different genomes (Aziz
et al., 2008).

3. Use of BGC databases. Currently the largest reservoir of BGC is in the Atlas
of biosynthetic gene clusters (Integrated Microbial Genomes IMG-ABC, Joint
Genome Institute JGI) (Hadjithomas et al., 2015). This gene bank contained more
than 960 000 groups of putative genes as part of some BGC in 2016. Only a small
fraction of these BGCs make it to the final product description. Recently, the
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Minimum Information for Biosynthetic Gene clusters (MIBiG) initiative has carried
out a manual re-annotation of approximately 1300 BGCs representing an important
highly curated reference dataset (Medema et al., 2015). A significant number of
programs have been developed to conduct searches for biosynthetic gene clusters
within genomes including BAGEL (de Jong et al., 2006); ClustScan (Starcevic et
al., 2008); CLUSEAN (Weber ¢t al., 2009); NP.searcher (Li ¢t al., 2009); PRISM
(Skinninder ¢t al., 2017); and antiSMASH (Blin et al., 2019). Most of these programs
rely on searching for highly conserved BGC sequences to map their location. The
Secondary Metabolite Bioinformatics Portal is http://www.secondarymetabolites.
org a platform that updated and exhaustively groups the specialized software for the
search for new BGGCs. In this platform is the antiSMASH program that has been the
most widely used in the prediction of gene clusters and which we described below.

4. BGC prediction. Since its initial launch in 2011, antiSMASH has become the most
widely used tool for the search for clusters of secondary and specialized biosynthetic
genes in fungi and bacteria; including those producing polyketides, non-ribosomal
peptides, terpenes, aminoglycosides, aminocoumarins, indolocarbazoles, antibiotics,
bacteriocins, nucleosides, beta-lactams, butyrolactones, siderophores, melanins
and others (Medema et al., 2011). In addition to using the characteristic gene of
each cluster type using HMM (Hidden Markov Models) profiles for gene cluster
identification, antiSMASH uses an algorithmic approach to extend the gene pool
by 5, 10 or 20 kb on both sides; therefore, poorly spaced clusters can be merged
into “superclusters” (Blin et al., 2021). AntiSMASH also provides additional domain
analysis options of the NRPS/PKS; as well as annotation, prediction of the central
chemical structure of polyketides and non-ribosomal peptides, comparative analysis
of gene groups (ClusterBlast) and also the analysis of families of enzymes involved in
secondary metabolism (Blin ez al., 2021). There are other tools based on phylogenetic
reconstructions such as EvoMining (Cruz-Morales et al., 2016) and NaPDoS
(Ziemet et al., 2012); as well as in similarity networks such as Genome Neighborhood
Networks (GNNs) (Zao et al., 2014). In both cases there is the limitation that they
require extensive prior knowledge of homologous enzymes.

5. Integrating Genome Mining with Metabolomics and Targeted Search. The
integration of different strategies can be crucial for the discovery and study of bacterial
secondary metabolites. Metabolomics is an analytical profiling technique used to
measure and compare a large number of metabolites present in biological samples
(Manchester and Anand, 2017). Once combining genomics and metabolomics, a
new non-ribosomal lipopeptide Stendomycin (antifungal) was discovered from
Streptomyces hygroscopicus (Kersten et al., 2011). In another study, bioactive metabolites
of Streptomyces roseosporus were identified by integrating correlation networks between
metabolite fragmentation patterns by mass spectrometry and metabolomics, leading
to the discovery of Stenothrycin, a metabolite with antimicrobial activity against
Gram positive and negative bacteria (Liu e al., 2014). Additionally, the search for

metabolites directed by function, by tracking their biological activity, can make the
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search for secondary metabolites more successful and give it a more applied meaning
as we may see below.

Bioactive compounds of bacteria applied in agronomy:
the case of biological control against phytopathogens

An example of BGCs useful to promote agroecological production are those that
code for the biosynthesis of metabolites applicable to the control of phytopathogens.
Over several years various microorganisms including different bacteria have proved to
have the ability to suppress diseases in economically important crops (Table 1). This
antagonistic action of bacteria against phytopathogens is given among other factors by
a variety of secondary metabolites including iron-chelating siderophores, antibiotics,
volatile biocides, as well as lytic enzymes and degradation enzymes (Compant et al.,
2005; Pal and Gardener, 2006; Colla et al., 2018; Vurukonda, Giovanardi and Stefani,
2018; Kohl, Kolnaar and Ravensberg, 2019). A recent example of the use of genome
mining is presented in the work of Siupka et al. (2020), who found multiple clusters of
biosynthetic genes in a strain of Streptomyces isolated from chimney ash, which showed
antagonistic activity against pathogenic strains of Fusarium avenaceum, Aspergillus niger,
Nigrospora oryzae ssp. rosel7, and Curoularia coatesieae ssp. junF9. To give one more
example, in our laboratory a confrontation test was carried out with phytopathogenic
fungi to discriminate within a strain collection of more than 300 bacteria; starting only
from antagonistic bacteria to those phytopathogens at the genome sequence and perform
mining in search of the BGC that carry out the activity for which they were selected.
Once the BGC has been identified, they can be heterologously expressed in controlled
systems such as bioreactors, for the isolation or purification of metabolites and their

eventual application (unpublished study data).

CONCLUSIONS

Genome mining is an important tool for the quick and easy prediction of biosynthetic
gene clusters, based on the genome data of bacteria. This approach easily and quickly
opens a door for the possible resolution of problems in the agricultural sector. However,
bioprospecting of metabolites derived from these genes requires a subsequent and extensive
laboratory analysis. The activation of biosynthetic clusters of secondary metabolites that
are silenced; purification of the final metabolic products; and successful elucidation of
their chemical structure should be done.

The information available in the databases is scarcely exploited in applications and
developments directed towards agriculture. The education of human resources, trained
in the management of these bioinformatics tools and their integration into task groups is
essential; towards the bioprospecting of the microbial resources identifiable in Mexico,
thus accelerated through genome mining. On the knowledge of this genetic richness, it may
be possible to contribute to the resolution of some agricultural problems in the country,
in order to offer the use of natural products and their mass production as alternatives,
through technological developments based on biosynthetic gene clusters.
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Table 1. Examples of some of the antibiotics produced by bacteria antagonistic to fungi; bacteria that produce them, as well as the target
pathogen, and the diseases they cause are shown.

Antibiotic

Source [ Target pathogen [ Illness

Chemical structure

Ref.

2,4-diacetylphloroglucinol

Pseudomonas fluorescens F113 | Pythium spp.
| Damping off

Shanahan et al., 1992

Agrocin 84

Agrobacterium radiobacter | Agrobacterium
tumefaciens | Crown gall

Kerr, 1980

Bacilomycin D

Bacillus subtilis AU195 | Aspergillus flavus |

Contamination of aflatoxin

Moyne et al., 2001

Bacillus amyloliquefaciens FZB42 |

Fengycin Fusarium oxysporum | Rot Koumoutsi ez al., 2004
0 b Moy
Herbicolin FPantoca agglo.m erans C9-1/ Erwinia HzNMN\)\rN OH Wright ez al., 2001
amylovora | Fire blight
o} 0]
g o
g o N o~ S
Tturin A B. sublilis QSTT13 | Botrytis cinérea'y R LE Ay Paulitz y Belanger 2001
solani | Damping off T gy ° °
e e = O I
woo LM 'i““‘
B. subtilis BBG100 T T,
Mycosubtilin Pythium | Gaeumannomyces graminis var. P o 8, Leclere et al., 2005
- . e o o R AL,
Tritici | Damping off L ) 5
Ny
[N
P, fluorescens 2-79 and 30-84 | ~
Phenazin Gaeumannomyces graminis var. tritici | P Thomashow et al., 1990
I

Foot or crown rot
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Table. 1. Continues...

Antibiotic Source [ Target pathogen [ Illness Chemical structure Ref.
. P, fluorescens PI-5 | Pythium ultimum'y R. Howell y Stipanovic

Pyoluteorin solani | Damping off 1980

NXanthobaccin A Lysob.aqer sp. stralvn SB-K88 | Aphanomyces Islam et al., 2010
cochlioides | Damping off

Gliotoxin Trichoderma virens | Rhizoctonia solani | Wilhite ¢t a., 2001
Root rot
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