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Microbial communities represent a vast and largely untapped source of natural products with potential

applications in various fields, including medicine, agriculture, and the biomanufacturing industry.

Secondary metabolites play a crucial role in mediating interspecies interactions within these

communities, influencing their structure and function. Recent advances in microbial genetic engineering

and multi-omics technologies have enabled the harnessing of these interactions for enhanced natural

product discovery and production. These techniques, coupled with systems biology and mathematical

modelling, allow for the rational design and manipulation of microbial consortia to elicit the expression

of cryptic biosynthetic gene clusters and to optimize the production of desired compounds. Additionally,

direct mining of microbiomes using metagenomics, metatranscriptomics, and metabolomics has

revealed a wealth of novel biosynthetic gene clusters and secondary metabolites with potential

therapeutic and industrial value. Despite the challenges associated with cultivating and characterizing

diverse microbial species, ongoing advancements in computational tools and data analysis are rapidly

expanding our ability to explore and exploit the seemingly inexhaustible reservoir of natural products

hidden within microbial communities.
1 Introduction

Bacterial secondary metabolism is a rich source of powerful
bioactive compounds, which play a pivotal role in the interac-
tions governingmicrobial communities,1 in addition to being of
great commercial and clinical importance. This means that
complex microbial communities rather than monocultures of
single strains could be the most obvious source to tap for
natural product discovery and development. Based on this
fundamental insight, there has been a long tradition of using
microbial co-cultures to elicit the expression of cryptic and/or
silent biosynthetic gene clusters (BGCs).2 Similarly, the
supplementation of elicitors that simulate naturally occurring
interspecies interactions is routinely used for the discovery of
natural products.3–5 Recent technological advances in microbial
genetic engineering6 and microbiomics7,8 have opened up an
array of novel and exciting opportunities for harnessing
microbial interspecies interactions for natural product
discovery and production. For example, engineering small
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microbial communities into distributed natural products
production systems is now a realistic prospect,9 and dynamic
division of labour (DDOL), mediated by horizontal gene trans-
fer, can be employed to ensure the stable maintenance of the
productive community.10 Moreover, constant improvements of
molecular proling technologies allow the natural product
community to access the seemingly inexhaustible reserve of
secondary metabolites represented by microbiomes from
a highly diverse range of environments, from the deep gut to the
deep sea.11–14 Advances in multi-omics data acquisition and
analysis are increasingly freeing us from the constraints posed
by the limited culturability of isolated microbiome constituents
with regards to natural products discovery,15 as they can be
applied directly to the non-cultured microbiome in situ. At the
same time, the insights emerging from this work are high-
lighting the extent to which we need to rethink current culti-
vation methods, as we are aiming for microbiome engineering
and the exploitation of synthetic communities and co-
cultivation approaches on a larger scale.
2 The role of secondary metabolites
within microbial communities

Secondary metabolites exert a profound inuence on the
dynamics of microbial communities, shaping their structure,
function, and stability.16–18 These small extracellular molecules,
Nat. Prod. Rep., 2026, 43, 301–312 | 301
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produced and released by microorganisms, oen in response to
external stimuli, act as crucial mediators of interspecies and
intraspecies interactions, facilitating competition, cooperation,
and communication within complex microbial networks1,7,19

(Fig. 1). It is oen the case that during the stationary phase of
growth, when nutrients are limited, bacteria upregulate their
secondary metabolism and secrete bioactive compounds in the
extracellular environment.20 For example, it has been shown
that the soil-dwelling bacterium Streptomyces coelicolor switches
on the production of different antibiotics in response to phos-
phate starvation.21 Similarly, iron-starvation is a well-studied
trigger for the production of siderophores in a wide range of
bacteria.22–24 In both examples, the production of secondary
metabolites shapes microbial communities through competi-
tion. Compounds such as antibiotics and bacteriocins (bacterial
produced antimicrobial peptides) cause direct inhibition of
other bacteria competing for the same resources in the same
spatial niche.25,26 On the other hand, compounds like side-
rophores, which are high-affinity iron-chelating compounds,
are oen produced to scavenge iron from the environment,
drastically limiting its availability to other microorganisms
(competition) or by helping others which are capable of
exploiting the same siderophore.22 Similarly, biosurfactants can
be produced to enhance nutrient availability or accessibility,
such as rhamnolipids (a type of glycolipid) primarily produced
by Pseudomonas aeruginosa to access hydrophobic substrates
like hydrocarbons or to disperse biolms of competing
bacteria.27,28 Furthermore, other secondary metabolites act as
signalling molecules, facilitating communication within and
between microbial species. These signals can elicit a range of
responses in recipient cells, including alterations in gene
expression, biolm formation, virulence factor production, and
the synthesis of secondary metabolites.29 N-acyl homoserine
lactones (AHLs) are a well-studied example of this kind of
molecule. AHLs are secondary metabolites commonly used by
Francesco Del Carratore
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Gram-negative bacteria in quorum sensing. Quorum sensing is
a process that regulates several cellular activities (e.g., antibiotic
production, biolm formation and virulence) depending on
population density.30,31 Moreover, AHLs have been implicated in
interkingdom interactions, such as the communication
between symbiotic bacteria and their host.32–34 Geosmin repre-
sents another example of a secondary metabolite believed to be
involved in interkingdom interactions. It is believed that this
compound, usually produced by the members of the genus
Streptomyces, acts as an olfactory signal that attracts certain
insects such as the vinegar y Drosophila melanogaster and the
mosquito Aedes aegypti, helping with spore dispersion.35–37 To
sum up, bacterial secondary metabolites are oen bioactive
compounds secreted in the extracellular medium, driving
microbial community dynamics by a complex web of competi-
tive, cooperative and communicative interactions.

3 Microbial co-cultures can elicit the
expression of cryptic and/or silent
biosynthetic gene clusters (BGCs)

Thanks to computational tools such as antiSMASH,38 we are
able to identify a very large number of biosynthetic gene clusters
(BGCs) responsible for the production of secondary metabo-
lites,39 thus dramatically reducing the number of cryptic BGCs.
However, only a small fraction of these BGCs have been char-
acterised and associated with their end compound.40 This is, at
least partially, due to the fact that a large number of bacterial
species struggle to grow in lab conditions, while they thrive in
their ecological niche.41 Moreover, bacterial BGCs are oen
expressed in response to external stimuli which are unknown or
not easily reproducible in controlled environments,42 thus
remaining silent in laboratory conditions. For example,
secondary metabolites are oen produced as a response to
interspecies interactions,43 and this phenomenon has been
Rainer Breitling
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Fig. 1 Secondary metabolites as mediators of microbial community dynamics: this schematic illustrates how secondary metabolites released by
microbes shape community structure. (A) Iron-competition: the blue bacterium releases a siderophore which strongly binds to iron. In turn the
siderophore facilitate iron uptake for the producer (1) and the other organisms able to exploit it (3 and 4). The orange bacterium, not able to take
up the siderophore, goes into iron starvation and starts producing an antibiotic as stress response (2). (B) The antibiotic released by the orange
bacterium inhibits the growth of the green bacteria (5), which does not produce enough AHL (Quorum Sensing molecule) to trigger antibiotic
production. (C) Far from the orange bacterium, the green bacteria can grow and produce enough AHL to self-induce antibiotic production (6),
which kills the red plant pathogen (7). (D) Through the same regulatory system that controls sporulation, Streptomyces produces the volatile
compound geosmin. Geosmin attracts insects, which in turn help dispersing the spores (8). Created in BioRender. Del Carratore, F. (2025) https://
BioRender.com/ium6gv7.
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exploited (Fig. 2). For example, supplementation of the growth
medium with cell extracts or parts of the cell walls of other
organisms has been successfully used to mimic interspecies
interactions, leading to diversied secondary metabolite
production.44,45 Secondary metabolite production can also be
elicited by signalling molecules secreted by plants and animals.
For example, several catechol-containing molecules, such as
epinephrine, have been shown to elicit the production of
various secondary metabolites in Streptomyces sp. MBT84.5

While proven successful, this approach only exploits uni-
directional interactions. Conversely, microbial co-culturing
can be used to successfully exploit bidirectional interactions
for the enhancement of secondary metabolite production as
well as the discovery of new natural products.2,46 For example,
nutrient competition might elicit the production of an extra-
cellular signalling molecule by one organism that in turn elicits
the production of an antibiotic from the other. It has been
shown that four bacterial strains, Lactobacillus helveticus
KLDS1.9207, Enterococcus faecium KLDS4.0352, Lactobacillus
reuteri KLDS1.0737 and Enterococcus faecalis KLDS4.0313
induced the production of the bacteriocin plantaricin by
Lactobacillus plantarum KLDS1.0391.47 Such an effect was only
This journal is © The Royal Society of Chemistry 2026
seen when live cells of the partner organism were present in the
culture.47 Diffusible molecules are oen responsible for such
interactions. For example, when cultured together, Wick-
erhamomyces anomalus and Monascus purpureus led to a signi-
cant increase in production of 13S-hydroxyoctadecadienoic
acid, a putative quorum-sensing molecule. In turn, this
dramatically boosted the production of Monacolin K and
natural pigments byM. purpureus.48 For the most part, attempts
to enhance production, or eliciting the production of novel
natural products through co-culturing have been characterised
by trial and error. However, multi-omics approaches, mathe-
matical modelling and synthetic engineering will allow for the
rational engineering of more complex and effective microbial
communities.
4 How can we exploit this?
4.1 The mathematical modelling of these interactions is
a necessary step

As in any complex biological system, it is important to under-
stand that a reductionist approach focused on simply under-
standing each individual interaction is not enough to fully
Nat. Prod. Rep., 2026, 43, 301–312 | 303
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Fig. 2 Co-culturing strategies to stimulate natural product production: different strategies that can be used to trigger the production of natural
products frommicrobial cultures: (A) monoculture: when grown alone in lab condition, this bacterium does not express the BGC responsible for
the biosynthesis of a natural product of interest. This BGC is usually expressed as response to nutrient starvation, interspecies interaction, or it is
induced when the QS molecule, produced by the bacterium itself, reaches a specific concentration. While able to grow, in this condition the
bacterial population does not reach the necessary density that would lead to the required concentration of the QSmolecule. (B) Co-culture with
mutualistic partner: when growing with another partner that establishes a positive interaction, the bacterium can grow better and/or produce an
higher amount of the QS molecule, which acts as an autoinducer for the BGC of interest. (C) Supplementation of elicitors: it is possible to
supplement the culture medium with molecules extracted from another organism (elicitors). Such molecules can mimic the interspecies trig-
gering the expression of the BGC and the production of the natural product. (D) Co-culture with competitor: when growing with a competitive
partner able to more effectively use the nutrients available in the medium, the bacterium enters nutrient starvation which in turn triggers the
production of the natural product. Created in BioRender. Del Carratore, F. (2025) https://BioRender.com/acnnm44.
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capture the complexity governing even the simplest microbial
community.49 Using a systems biology-based approach, we can
understand how individual secondary metabolite-mediated
interactions have a broader effect on the entire community.
Understanding such emergent properties of microbial networks
requires multi-omics approaches coupled with advanced
mathematical modelling of such networks. By integrating
genomics, transcriptomics, proteomics, and metabolomics,
multi-omics approaches facilitate the prediction of the meta-
bolic potential of community members50,51 (Fig. 3), the identi-
cation of secondary metabolites produced,52,53 and assessing
the transcriptional and metabolic responses of neighbouring
organisms to such compounds.54 The interpretation and con-
textualization of the huge number of biological insights
generated by multi-omics data, requires complex computa-
tional biology and mathematical modelling methods. Genome-
scale metabolic models for example, can be used for this
purpose.55,56 These models are built from the functional anno-
tation of individual genomes or metagenome-assembled
genomes (MAGs), and, at their best, can describe the
complete metabolic potential of single organisms or microbial
communities.57–59 These models can be used to integrate and
contextualise omics data60 as well as estimate feasible metabolic
ux distributions that support observed phenotypes, such as
growth, and in turn predict nutrient uptake, byproduct
304 | Nat. Prod. Rep., 2026, 43, 301–312
secretion, and potential cross-feeding interactions between
community members.61,62 Recent advances in this eld open the
way for their use to describe how abiotic factors (e.g., nutrient
availability) or biotic perturbations (e.g., addition or removal of
a members) can alter microbial networks.62,63 Ecological
models, such as Lotka–Volterra models, can be used to simulate
and predict how the composition of microbial communities'
changes over time.64–66 More advanced dynamic simulations,
combining GSMMs and methods such as dynamic Flux Balance
Analysis (dFBA), allow the description and prediction of the
temporal changes in community members' abundance and the
concentration of extracellular metabolites, allowing the under-
standing of the effect of initial conditions, growth rates and
interspecies interactions.67 Together with multi-omics
approaches, mathematical modelling is a necessary tool for
the understanding of the dynamics governing microbial
communities, hence, enabling the rational design of synthetic
microbial consortia possessing the desired function, such as
the efficient production of natural products.
4.2 Engineering communities for enhanced NP production

Once a promising design for a novel functional microbial
community has been identied through multi-omics and
computational modelling, its implementation usually requires
This journal is © The Royal Society of Chemistry 2026
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Fig. 3 Leveraging multi-omics for functional insights and predictive
modelling: combining genomic, transcriptomic, and metabolomic
data allows to connect microbial genetic potential to functional
output. This is key for discovering novel natural products by associ-
ating metabolites with the BGCs responsible for their synthesis. The
main strength of this approach is represented by the possibility of
sampling directly from the metabolome natural environment. Meta-
genomics data allows the reconstruction of genome-scale models of
the sequenced organisms, in silico identification of BGCs and
modelling population dynamics (e.g. Lotka–Volterra model). Meta-
transcriptomics data can be used to identify the actively transcribed
BGCs, improve the metabolic models, and detect changes in gene
expression in response to different stimuli. Metabolomics can also be
used to improve the metabolic models and measure the produced
natural compounds, which can be putatively assigned to the detected
BGCs. Metabolic models provide insights on the possible metabolic
interactions between the different microorganisms (e.g. cross-
feeding). The modelling of the population dynamics allows the iden-
tification of the interactions governing the microbiome (e.g., param-
eters of the Lotka–Volterra model) which can be either mediated via
metabolic exchanges or secondary metabolites. Created in BioRender.
Del Carratore, F. (2025) https://BioRender.com/33ifd7c.

This journal is © The Royal Society of Chemistry 2026
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extensive microbial genetic engineering. Signicant techno-
logical advances are providing the scientic community with
unprecedented abilities to manipulate microbial genomes.
Combined with the understanding of complex community
dynamics, these technologies open the way to harness the vast
biosynthetic potential of the microbial world. For instance, the
development of CRISPR-Cas technology provided us with
versatile, precise and efficient tools for the genetic engineering
of microbial genomes.68,69 This allows the manipulation of gene
expression and the introduction of heterologous pathways,
paving the way for the rewiring of metabolic networks in
a greatly expanded range of microbial species, including the
ones relevant in natural microbiomes.70 It is now possible to
build signal-responsive synthetic gene expression circuits able
to sense specic molecules or changes in the environment and
trigger the activation of different metabolic pathways, including
the ones responsible for the production of natural products.71,72

For example, a rhamnose-inducible regulatory system has been
developed for the dynamic control of different metabolic
pathways in several Streptomyces species.73 CRISPR-Cas tech-
nology also provided us with the ability to simultaneously edit
multiple genes at the same time with high efficiency. Such
multiplex genome editing techniques are crucial for the engi-
neering of complex metabolic pathways and for manipulating
multiple members of the same community. For example, using
the recently developed CRISPR-BEST system,74 it has been
possible to simultaneously edit 17 different target sites in
Streptomyces coelicolor.75 Thanks to these developments, the
engineering of small microbial communities is now a realistic
prospect.

Synthetic biology tools are routinely used to enable heterol-
ogous expression of BGCs in single strains;76 however, the
metabolic burden placed on the host cell by the introduction of
a complex, multistep pathway can impede the accumulation of
productive biomass and limit pathway efficiency.77–79 A strategy
based on the division of the labour (DOL) associated with such
complex pathways across the different members of a microbial
community, can be an effective solution for addressing this
issue.80,81 Within a small microbial community articially put
together in a Petri dish or in a liquid medium, it is possible to
engineer somemembers for the production of specic nutrients
or precursor compounds, that in turn enhance the production
of specic secondary metabolites for another member of the
community.82 A similar mechanism was implemented in
a synthetic three-member community consisting of Corynebac-
terium glutamicum, Yarrowia lipolytica and Bacillus subtilis.83 In
this study, C. glutamicum was engineered to produce high levels
of precursor compounds (Threonine, Proline, Valine and
Isoleucine), while the recombinant Y. lipolytica YL-21 was used
to produce a higher level of C16 fatty acid. This resulted in an
enhanced production of fengycin (an antifungal particularly
effective against Rhizoctonia solani) by B. subtilis CGF26-IV.83

In a similar attempt, Mehta et al. designed a synthetic
community consisting of 2 engineered Escherichia coli sub-
populations each encoding a part of the biosynthetic pathway
of violacein. This strategy led to a 2.5-fold increase in produc-
tion when compared to the monoculture alternative.84 Using
Nat. Prod. Rep., 2026, 43, 301–312 | 305
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a different approach, Raeenia and colleagues designed
a synthetic community composed of mutant strains of Yarrowia
lipolytica to upcycle fermentation byproducts, specically citric
acid (CA), to increase production yields.85 A glucose-non-
consuming “upcycler” strain was created through metabolic
engineering and adaptive laboratory evolution to efficiently
consume CA. When co-cultivated with a wild-type strain that
produces CA, this community showed higher cell densities and
improved b-carotene production compared to the monoculture.
The presence of the “upcycler” strain improved growth by 2.35-
fold and b-carotene production by 2-fold.85 The successful
implementation of the DOL strategies relies on the ability to
obtain stable synergistic communities. Focusing on Saccharo-
myces cerevisiae, Aulakh et al. identied 49 pairs of auxotrophic
mutants that spontaneously form syntrophic communities
through high-throughput phenotypic screening. These
communities were found to grow synergistically, with some
pairs exchanging metabolic intermediates rather than just end
products.86 The authors demonstrated the biotechnological
potential of these communities by splitting a malonic semi-
aldehyde (MSA) biosynthesis pathway between different auxo-
trophs, which resulted in increased production of the
compound. A specic pair (Dtrp2–Dtrp4) demonstrated an up to
a six-fold increase in MSA production per unit biomass
compared to a monoculture.86 Similarly, Park et al. demon-
strated that a combination of Dtrp2 and Dtrp4 mutants of Y.
lipolytica and S. cerevisiae forms stable interspecies and intra-
species communities.87 By splitting the biosynthetic pathway of
3-hydroxypropionic acid (3-HP) between the strains, they
applied a DOL approach leading to a 19.3-fold increase in 3-HP
production in the best-performing intraspecies community
compared to the monoculture, and an 18.6-fold increase in the
best-performing interspecies community.87

Peng et al. used a design-led approach by engineering 15
auxotrophic strains and overproduction strains for various
essential metabolites.88 Using these strains as modular
“donors” and “receivers”, they designed novel two- and three-
member communities and explored how factors like initial
population ratio and metabolite exchange rate inuence
community dynamics. The obtained toolkit was successfully
used to employ a DOL strategy for producing resveratrol. By
splitting the resveratrol biosynthetic pathway among the
community members, the authors achieved a 3.16-fold higher
production than the monoculture control.88 While extremely
promising, the major limitation of such a DOL strategy is rep-
resented by the fact that the maintenance of different engi-
neered subpopulations is challenging due to competition and
convoluted inter-strain population dynamics. In a recent study,
Hamrick et al. (2024) showed through mathematical modelling,
how dynamic division of labour (DDOL) can overcome these
limitations.10 DDOL is dened as a DOL where the different
metabolic steps are not persistently associated with one single
strain but are dynamically interchangeable and reversible. This
can be achieved by encoding the different steps on plasmids
capable of horizontal gene transfer. Through mathematical
modelling the authors showed that, compared with a static DOL
approach, DDOL enables persistence of multi-step pathways
306 | Nat. Prod. Rep., 2026, 43, 301–312
within a microbial community, as well as being able to generate
microbial communities more resilient to asymmetric burden.10

Alternatively, obligate commensalism can be designed within
synthetic communities, which can allow the persistence of the
community members as well as providing a tool for the
containment of genetically engineered organisms. Forti et al.
designed a 2-member synthetic community. The rst member
consisted of an engineered E. coli strain able to produce non-
standard amino acids from simple carbon sources (producer),
while the second consisted of another engineered E. coli
depending on such non-standard amino acids for growth as
a synthetic auxotroph (utilizer). The authors showed that the
dependence of the utilizer on the producer persisted for up to
14 days in vitro and for 24 h within a simplied synthetic maize
root-associated community.89
4.3 Direct mining of microbiomes for compound discovery

Recent technological advancements in the omics sciences have
opened new routes of access to the vast natural products found
within microbiomes, eliminating the need to isolate and culti-
vate individual strains in a laboratory setting. For instance,
metagenomics allows for the sequencing of the total DNA from
virtually any microbial community.90,91 The data generated from
these metagenomic studies can be used for the reconstruction
of metagenome-assembled genomes (MAGs), providing the
genomic context associated with any specic microbiome,57,92

including the genetic code of the unculturable members, which
oen represent the dominant fraction of natural microbial
communities. Novel computational pipelines for the automated
analysis of such data are constantly being developed, greatly
improving our ability to interpret MAGs.57,93 The metaGEM
pipeline is also able to automatically reconstruct genome-scale
metabolic models from MAGs, shedding light on the metabolic
networks governing microbial communities.57 The assembled
MAGs can also be easily mined for the in silico identication of
BGCs with well-established computational tools such as anti-
SMASH and BAGEL,38,94 the only limitation being the contig
length, as successful BGC mining typically depends on all
members of the cluster being located on a single contiguous
sequence. Once high-quality assemblies are available, these
tools allow for the identication and classication of BGCs
directly from MAGs, as well as predicting the types of secondary
metabolites likely synthesised by these clusters. New very
promising computational tools exploiting the most recent
advances in articial intelligence and deep learning are being
developed, both for BGCs and end-product predictions.95–97

Additionally, it is possible to compare them with known and
well-characterised BGCs, for example by comparing them to the
ones present in the MIBIG database.39 Moreover, it is possible to
use advanced statistical methods for the computational iden-
tication of co-evolving multi-gene modules within BGCs found
in the same microbial communities.98 This approach can help
with the identication of subunits responsible for the same
function across different BGCs, enhance their annotation and
provide insights on how these entities evolve within microbial
communities. Metatranscriptomics is another powerful tool
This journal is © The Royal Society of Chemistry 2026
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that allows measuring the gene expression level of potentially
all the genes present in microbial communities.99,100 Impor-
tantly, it is possible to sample directly from the natural
ecological niche where different microbiomes are found, hence
allowing observations on which BGCs are actively transcribed in
real life scenarios.99 Therefore, such an approach provides
insights on the potential function and regulation of all the
identied BGCs. Metabolomics also self-evidently plays a very
important role in the discovery of natural products directly from
microbiomes. By comprehensively measuring all the small
molecules (metabolites) in a sample, untargeted metabolomics
represents a necessary tool for the identication of the large
diversity of natural products produced by different micro-
biomes.101 Mass spectrometry-based techniques are most
commonly used for untargeted metabolomics experiments, and
in some cases allow the detection of metabolites that can be
directly linked to the BGCs observed in the same sample.101,102

The association of the ions measured via mass spectrometry
with the molecules that generated them (mass spectrum
annotation) continues to be the major bottleneck that greatly
limits the application of metabolomics to natural products
discovery.103 A number of new and exciting tools for the anno-
tation of mass spectrometry data are constantly being
developed,104–107 helping with addressing this challenge.
However, most of these tools rely on matching with the known
compounds recorded in different databases. However, these
tools do not help with the identication of novel compounds,
which are not present in any database. There is a big effort put
towards the development of computational tools that can
predict chemical formulas and even structures for these novel
compounds, such as SIRIUS108 and GNPS.109 Tay et al. (2023)
demonstrated how it is possible to use a recurrent neural
network trained on known natural products to generate over 67
million natural products-like molecular structures to comple-
ment existing records. This approach could help tackle the issue
of incomplete natural products databases.110 When we collect
samples directly from microbiomes, we oen end up with very
complex mixtures, including all sorts of primary metabolites
and natural products, which further complicates the use of
untargeted metabolomics for natural products discovery. An
approach that partially addresses these challenges is repre-
sented by the Small Molecule In situ Resin Capture (SMIRC)
method. SMIRC is a new, culture-independent method that
directly obtains natural products from their native environ-
ments by capturing compounds using adsorbent resins. This
approach bypasses the need for laboratory cultivation and
traditional microbe-rst strategies, which oen fail to access
the full biosynthetic complement of microbiomes. SMIRC has
successfully captured numerous novel compounds, including
those with unprecedented structural features, demonstrating
its potential for exploring previously unexplored regions of
chemical space for natural product discovery.111 More generally,
recent advances in articial intelligence and deep learning are
boosting the development of novel computational methods that
could help every aspect of novel natural products discovery.112

These omics technologies, oen used in combination (multi-
omics), have signicantly advanced our ability to explore the
This journal is © The Royal Society of Chemistry 2026
vast reservoir of BGCs encoded in diverse microbiomes, paving
the way for the discovery of novel natural products.113 In
particular, multi-omics has conrmed the widely held
assumption that a vast number of secondary metabolite
biosynthetic gene clusters (BGCs) can be found in various
microbiomes, such as the human gut,14 freshwater sponges,13

and mangrove swamps.12 A very high proportion of the BGCs
identied from metagenomics studies of natural microbiomes
are uncharacterised and show little to no similarity to charac-
terised BGCs, which suggests a high degree of chemical novelty
among their products.

For example, Zhang et al. (2023) employed a multi-omics
approach combining metagenomics, metatranscriptomics and
untargeted metabolomics to explore the microbial biosynthetic
potential of the mangrove swampmicrobiome.12 The analysis of
the metagenomics data revealed a total of 3740 BGCs. A
signicant fraction of these, particularly those predicted to
encode for polyketides and nonribosomal peptides, showed
very little similarity to known clusters. Such novel clusters were
mainly found in less-studied microbial groups like Desulfo-
bacterota and Chloroexota. Metatranscriptomics data
provided evidence that many of these novel BGCs were actively
expressed in the mangrove environment, suggesting they play
an important role in the community ecology. Additionally,
untargeted metabolomics data revealed that 98% of the detec-
ted mass spectra did not match to any known compounds,
further supporting the novelty of the biosynthetic potential of
this community.12

In another study, Graffius et al. (2023) investigated the
potential of the microbial community within the freshwater
sponge Spongilla lacustris to produce secondary metabolites,
using both cultivation-based and cultivation-independent
(metagenomic) methods.13 The study identied a diverse
range of bacteria, isolating representatives from 41 genera and
recovering 20 metagenome-assembled genomes (MAGs). Anal-
ysis revealed a substantial capacity for secondary metabolite
production, with a total of 306 biosynthetic gene clusters (BGCs)
detected across the isolates' genomes and the MAGs. Genome
mining experiments successfully activated the production of
specic secondary metabolites, such as coprisidins, in selected
Streptomyces isolates, conrming the predicted biosynthetic
potential.13

The human microbiome is another rich and underexplored
source of natural products. In fact, King et al. (2023) systemat-
ically mined 2229 human microbiome genomes, identifying
numerous gene clusters for ribosomally synthesized and post-
translationally modied peptides (RiPPs), specically lanthi-
peptides and lasso peptides.14 The authors were also able to
express some of these in E. coli and functionally characterise 23
new BGCs, testing the activity of their end products against both
healthy commensal bacteria and pathogens. Through this
approach they were able to discover new antibiotics effective
against bacteria implicated in skin, nasal, and vaginal dysbio-
sis, including some active against multidrug-resistant patho-
gens like MRSA and VRE.14 This study demonstrated the
potential of mining human-associated microbiomes for novel
antimicrobial discovery. In a rst important step towards
Nat. Prod. Rep., 2026, 43, 301–312 | 307
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advancing these efforts, Zou et al. (2023) built the sBGC-hm
database, containing 36 583 BGCs mined from human gut
microbiomes, creating a valuable resource to facilitate the
exploration of these communities for new bioactive natural
products.11
5 Conclusions and future
perspectives

The study of microbial communities and their secondary
metabolites has unveiled a vast potential for natural product
discovery and production. The intricate interactions within
these communities, mediated by secondary metabolites, play
a crucial role in shaping community dynamics and ecological
functions. Advances in genetic engineering and multi-omics
technologies have paved the way for harnessing these interac-
tions, enabling the engineering of synthetic microbial consortia
for enhanced production of natural products and the direct
mining of microbiomes for novel compound discovery. Despite
the challenges associated with culturing and characterizing
diverse microbial species, ongoing advancements in computa-
tional tools and data analysis are rapidly expanding our ability
to explore and exploit the seemingly inexhaustible reservoir of
natural products represented within microbial communities. As
the scientic community continues to unravel the complexities
of microbial interactions and unlock the biosynthetic potential
of unculturable microorganisms, there is a huge potential for
the discovery of new natural products with possible applica-
tions in medicine, agriculture, and industrial biotechnology.
The engineering of microbiomes represents a transformative
frontier in biotechnology, shiing from single-strain
approaches to harnessing complex microbial communities for
natural product discovery and production. We predict that the
next decade will see a convergence of systems biology, machine
learning, and large-scale genome editing, enabling the preci-
sion engineering of microbiomes to unlock their vast reservoirs
of bioactive compounds. A key goal the whole community
should aim for is the development of rational microbiome
design platforms, integrating multi-omics data, metabolic
modelling, and ecological principles. Such platforms will
enable the bottom-up engineering of consortia optimized for
metabolite yield, stability, resilience, and scalability across
diverse bioproduction settings. Decoding microbial interac-
tions, both cooperative and competitive, will allow us to
choreograph synthetic communities that mimic or surpass
natural biosynthetic efficiency in a non-natural bioindustrial
setting. Looking further ahead, the integration of closed-loop
design–build–test–learn pipelines with lab automation and AI
will be critical. Biofoundries will enable the parallel engineering
and functional phenotyping of hundreds of newly assembled
microbial consortia, drastically reducing the time from gene
discovery to product validation. Treating the microbiome as
a designable and evolvable unit will unlock a new era of
distributed biosynthesis and ecological integration, leading to
more robust and versatile bioproduction systems. Ultimately,
we expect to see the emergence of a new-generation bioeconomy
308 | Nat. Prod. Rep., 2026, 43, 301–312
driven by programmable microbial communities, instead of
relying on individual engineered strains.
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M. Gorostiola González, E. J. N. Helfrich, F. Huber,
Nat. Prod. Rep., 2026, 43, 301–312 | 311

https://doi.org/10.1101/2025.03.07.642002
https://doi.org/10/1101/2021.11.15.468547
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5np00038f


Natural Product Reports Highlight

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

4 
Se

pt
em

be
r 

20
25

. D
ow

nl
oa

de
d 

on
 3

/5
/2

02
6 

10
:1

5:
31

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
S. Leopold-Messer, K. Rajan, T. de Rond, J. A. van Santen,
M. Sorokina, M. J. Balunas, M. A. Beniddir, D. A. van
Bergeijk, L. M. Carroll, C. M. Clark, D.-A. Clevert,
C. A. Dejong, C. Du, S. Ferrinho, F. Grisoni, A. Hofstetter,
W. Jespers, O. V. Kalinina, S. A. Kautsar, H. Kim,
T. F. Leao, J. Masschelein, E. R. Rees, R. Reher, D. Reker,
P. Schwaller, M. Segler, M. A. Skinnider, A. S. Walker,
312 | Nat. Prod. Rep., 2026, 43, 301–312
E. L. Willighagen, B. Zdrazil, N. Ziemert, R. J. M. Goss,
P. Guyomard, A. Volkamer, W. H. Gerwick, H. U. Kim,
R. Müller, G. P. van Wezel, G. J. P. van Westen,
A. K. H. Hirsch, R. G. Linington, S. L. Robinson and
M. H. Medema, Nat. Rev. Drug Discovery, 2023, 22, 895–916.

113 J. A. van Santen, S. A. Kautsar, M. H. Medema and
R. G. Linington, Nat. Prod. Rep., 2021, 38, 264–278.
This journal is © The Royal Society of Chemistry 2026

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5np00038f

	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production

	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production
	Engineering microbiomes for natural product discovery and production




