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Some of the most prominent natural products originate from plants. Discovering their biosynthetic genes

has been a slow process. In contrast to microbial systems, co-expression analysis rather than genome

mining has been the main strategy to elucidate biosynthetic pathways in plants. However, traditional co-

expression analyses are limited in efficiency and often not as successful as desired. In this review, we

describe emerging technologies to improve or replace traditional co-expression analyses, for example

based on genome or protein data. Furthermore, we critically discuss the current state and impact of

artificial intelligence and machine learning in the field. Our review will help to select the most efficient

approaches for elucidation of biosynthetic pathways in plants for future work. Additionally, we highlight

areas that require further methodological improvements to guide future research.
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1. Introduction

Some of the most prominent natural products used in medi-
cine, agriculture, and other elds of industry originate from
plants, for example morphine, azadirachtin, and menthol. For
decades, there have been extensive efforts to understand the
biosynthetic pathways by which plants produce such natural
products. The motivation behind these studies has been
twofold: rst, to improve our fundamental understanding of
biochemical pathways in plants. Second, and perhaps more
importantly, as a starting point for biotechnology andmetabolic
engineering efforts to improve access to natural products from
plants, as many of these occur only inminor quantities in plants
and are therefore expensive.1,2 In microorganisms, genome
mining is the single major strategy to elucidate biosynthetic
pathways of natural products.3–5 This is in sharp contrast to
plants, where genome mining has found very limited use so far.
Originally, the major limitation preventing efficient application
Nat. Prod. Rep.
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of genomemining in plants was simply the lack of genomic data
of sufficient quality. However, even today, with improved
sequencing technologies and hundreds of plant genome
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sequences having become available,6–8 genomemining in plants
is still limited in relevance, as many currently elucidated
biosynthetic genes in plants are not physically clustered by
pathway.9 Instead, for the past two decades, the central para-
digm for gene discovery in biosynthetic pathways in plants has
been the so-called “guilt-by-association” principle:10 It is
assumed that genes in the same biosynthetic pathway share the
same expression pattern across tissues or experimental condi-
tions. At least one known pathway gene, termed “bait gene”, is
then required as a reference point to “sh” for further genes
with a similar expression pattern. Indeed, searching for genes
that are co-expressed with one or several bait genes from the
target pathway has proven to be a very efficient strategy forming
the foundation of many breakthrough studies in recent years.
Thereby, co-expression analyses have largely superseded other
established approaches for discovering biosynthetic genes such
as classical genetics.11 However, this traditional co-expression
analysis is an inherently slow and not always reliable process,
which can either lead to very long (oen >100) candidate lists12

or to overlooking genes which are not commonly associated
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with specialised metabolism or not tightly correlated with the
pathway of interest at the transcriptional level. To improve the
efficiency of biosynthetic pathway elucidation in plants, there is
therefore an urgent need to improve traditional co-expression
analyses or to nd alternative strategies that can complement
or extend them based on modern methodological
developments.

In this review, we will rst describe current strategies that
have been used to improve the power of co-expression analyses
(Section 2), followed by Sections 3–5 focussing on orthogonal
discovery strategies. In Section 3, we discuss in which ways and
to what extent genome data can facilitate the discovery of
biosynthetic genes in plants. Section 4 covers current
approaches that are focused directly on biosynthetic proteins
rather than at the gene level. In Section 5 we describe efforts to
leverage articial intelligence for the study of biochemical
pathways in plants, including a critical discussion of current
limitations. Finally, Section 6 provides a conclusion with a crit-
ical comparison of these different emerging technologies which
facilitate the discovery of biosynthetic genes in plants.
Fig. 1 Improving traditional co-expression analysis by integration of
multi-omics strategies and approaches to increase its resolution. (A)
Combination of transcriptomics with other omics techniques. (B)
Increasing the resolution of co-expression analyses by integrating
spatial and temporal information or by inter-species comparison
(phylotranscriptomics). Icons from BioIcons and FreeSVG were used:
‘qpcr_machine’ by KeHan (CC0), ‘LC-MS system’ by funkyfoodscience
(Public Domain) and ‘genomesequencer-2’ by DBCLS (CC-BY 4.0,
modified).
2. Improving co-expression analyses

As co-expression analyses have been the dominant strategy to
discover biosynthetic genes in plants, an obvious way forward is
to further improve existing methods (Fig. 1). The statistical
power of co-expression analyses and therefore its capacity to
reveal a restricted set of gene candidates with high condence is
strongly determined by the number of samples and the varia-
tion in expression levels of target genes within these samples.
Ideal datasets for co-expression analysis include some samples
with very high expression of target genes and other samples
with very low values. For example, several triterpenoid biosyn-
thesis genes were discovered based on their strong root-specic
expression.13 Likewise, defence-related biosynthesis genes in
bread wheat showed strong induction upon treatment with
pathogens.14 As a consequence, traditional co-expression anal-
yses tend to fail in cases where biosynthetic pathways merely
show constant basal expression throughout a plant without any
obvious pattern, or if expression patterns are not uniform
within a pathway. Several studies suggest that in many cases
where initially no clear expression pattern can be observed,
there are indeed hidden patterns which are averaged out in bulk
transcriptome sequencing data.15,16 A major strategy to improve
co-expression analyses is therefore to rene datasets to increase
the resolution of expression data. In this section, we will discuss
different approaches to achieve such improved resolution,
either based on integration of further omics data, increase of
the spatial or temporal resolution, or by comparing expression
patterns across species borders (Fig. 1).
2.1. Multi-omics strategies

On its own, transcriptomic analysis is typically limited to a one-
sided perspective on complex, biological systems which
neglects downstream regulatory layers. This can easily result in
missing critical connections that would be of interest for
This journal is © The Royal Society of Chemistry 2026
discovering biosynthetic genes. To expand the capacity of co-
expression analysis and to overcome its limitations, it has
become increasingly popular to combine transcriptomics with
other layers of omics data, such as genomics, proteomics and/or
metabolomics (Fig. 1A). These multi-omics analyses offer
a more comprehensive view on complex biological processes
and are especially useful when a pathway is still completely
unknown or when functional relationships are not clearly re-
ected in expression data. Several reviews have already high-
lighted the rise of multi-omics analysis from different
perspectives, e.g., illustrating applications with specic exam-
ples,17 discussing challenges of handling high-dimensional
biological datasets,18 and providing potential guidelines for
the design and execution of multi-omics studies.19

While (epi)genomics and proteomics will be discussed in
more detail in Sections 3 and 4, we focus here on one of the
most widely applied multi-omics strategies for pathway eluci-
dation, the integration of transcriptomics and metabolomics.
The reason for the prevalence of this combination is probably
that metabolite analysis is inherently required for pathway
elucidation, for example to identify pathway intermediates, to
Nat. Prod. Rep.
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monitor enzyme assays, or to analyse heterologous reconstitu-
tion efforts. Consequently, metabolomics data and equipment
are oen already accessible. In its simplest form, this combi-
nation of omics datasets can be merely conceptual, based on
separate analysis of the datasets followed by a joint interpreta-
tion.20,21 Even such a conceptual integration can strengthen the
selection process of candidate genes when co-expression
patterns align with metabolite abundance or when tissues in
which relevant genes are likely to be active are highlighted. Two
recent examples showcasing the application of this approach
include the elucidation of ipecac alkaloid biosynthesis22 and
saponin biosynthesis.23 A particularly important application of
metabolomics analyses is to decrypt effects from metabolite
transport throughout tissues, which oen blur any differences
in biosynthetic activity of different plant parts. A powerful
strategy to counter such transport effects and to reveal tissue
sections which are biosynthetically active has been recently re-
ported based on feeding of isotope-labelled intermediates or
even simply deuterated water.24,25 This enabled the identica-
tion of plant parts that actively produce metabolites to inform
the selection of samples for transcriptome sequencing, result-
ing in successful gene discovery.

Beyond the simple, solely conceptual combination of trans-
criptomic and metabolomic datasets, such data can also be
integrated and analysed collectively within a single statistical
framework.20 This statistical integration can reveal relation-
ships and associations between different omics datasets based
on statistical methods. Cavill et al. provide an in-depth overview
of different concepts how such statistical integration can be
achieved, for example via correlation-based data integration.20

Focusing on examples of pathway elucidation, statistical inte-
gration of transcriptomics and metabolomics data has been
applied to propose candidate genes in dihydrochalcone
biosynthesis in sweet tea26 and in neolignan biosynthesis in
Magnolia.27 In both cases, candidate genes were only predicted
but not experimentally validated, highlighting that statistical
integration for direct pathway elucidation remains relatively
rare compared to simpler conceptual approaches, potentially
caused by a gap between researchers with advanced statistical
and computational expertise and experimental scientists.
Nevertheless, statistical integration is frequently used in related
research topics, such as exploring system-wide responses to
stress,28,29 pathway regulation mechanisms,30–32 and evolu-
tionary analyses,33 offering potentially transferable strategies
for multi-omics integration.

A few of these studies, for example the investigation of heat
stress responses in tea plants,28 illustrate the use of untargeted,
large-scale metabolomic approaches integrated with trans-
criptomics. Rather than focusing on specic metabolite classes,
such approaches aim at a broader, system-level characterisation
of metabolic changes. This more comprehensive metabolomic
coverage might also be very valuable for biosynthetic pathway
elucidation, especially if substrates, intermediates, or products
are unknown, transient, or distributed across interconnected
metabolic networks. Untargeted metabolomics can therefore
provide unbiased insights into metabolic alterations and may
help reveal connections between biosynthetic pathways and
Nat. Prod. Rep.
other metabolic processes that would not be captured by tar-
geted analyses alone.

Despite the growing availability of multi-omics datasets in
plant research, integrating transcriptomic, metabolomic, and
other omics layers remains challenging. The data are high-
dimensional, heterogeneous, and oen interdependent,
limiting the effectiveness of simpler statistical approaches.34

Computational tools and platforms are being developed rapidly
to manage, visualise, and partially integrate these datasets.
Notable approaches from the perspective of plant science with
recent applications include PaintOmics,35,36 OmicsAnalyst,37

and Holomics.38 On the web server PaintOmics, multi-omics
data can be integrated by mapping them onto biological path-
ways.35,36 PaintOmics has been used, for example, to analyse the
phenylpropanoid pathway in Sorghum bicolor, enabling assess-
ment of both gene expression and metabolite changes under
different conditions;39 in another example, proteomic and
metabolomic data from safflower seeds were integrated,
providing pathway-level visualisation of coordinated alterations
across metabolic processes.40 The web-based platform Omic-
sAnalyst focuses on statistical integration approaches, such as
correlation-based analysis, combined with multiple visual-
isation options such as heatmaps and scatter plots.37 For
example, Berková et al. used OmicsAnalyst to investigate
cadmium-induced changes in protein abundance and metabo-
lite levels in ax.41 Similarly, Holomics can be used for statis-
tical integration of multi-omics data, as demonstrated for
studying the effects of hormone levels on other signalling
pathways in germinating barley embryos.42 Compared to the
previous two web-based platforms, Holomics is provided as an
easy-to-use R application.38

Although the availability of such user-friendly tools for
multi-omics integration is improving, fully harnessing the
potential of multi-omics data and deriving meaningful biolog-
ical insights oen requires even more advanced approaches. In
Section 5, we will examinemachine learningmethods that build
on these statistical foundations to perform integration of multi-
omics data.
2.2. Increasing the temporal and spatial resolution

To successfully improve co-expression analyses, samples should
be included in which a given biosynthetic pathway is highly
active, together with samples where the biosynthetic pathway is
dormant. This can be achieved by nding conditions that
induce a biosynthetic pathway, for example based on phyto-
hormone treatment,43 abiotic stress,43,44 or biotic stress such as
pathogen treatment.14,45 Theoretically, as many biosynthetic
pathways exhibit differential activity throughout the develop-
mental cycle of a plant, increasing the temporal resolution of
expression data by adding additional time points would be
a conceivable option (Fig. 1B).46,47 However, focusing on the
temporal variation of biosynthetic pathways in plants is rarely
used for gene discovery, possibly because the effect size is oen
rather small. One of the few successful examples comes from
olives, where secoiridoid levels vary during maturation and
ripening.48 Instead, probably the most reliable approach to
This journal is © The Royal Society of Chemistry 2026
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obtain expression data with higher resolution is to improve the
spatial resolution. Instead of bulk tissues, it is possible to
analyse tissue sections, which can be prepared either manually
or more precisely using laser microdissection.49–51 Ideally, the
selection of tissue parts is guided by spatially resolved meta-
bolomics data that reveals metabolite distribution patterns and
ideally also sites of active biosynthesis. Mass spectrometry
imaging is a particularly powerful approach for this purpose.52

The combination of laser-capture microdissection and mass
spectrometry imaging was recently applied to obtain funda-
mental insights into quinolizidine alkaloid biosynthesis in
lupins.53

Ultimately, this approach of improving the spatial resolution
of expression data leads to single-cell or single-nucleus RNA-
seq, techniques which are becoming more and more acces-
sible and affordable in plant science.54–56 Indeed, recent break-
through studies highlight that expression patterns that are not
obvious at the bulk tissue level oen become much more
pronounced at the single-cell level, revealing that oen specic
cell types are crucial for a biosynthetic pathway. For example,
biosynthesis of the antidepressant natural product hyperforin is
governed by specialised cells termed Hyper cells in Hypericum
perforatum.57 Single-cell transcriptomics was also successfully
used in a tobacco species to study ower scent biosynthesis,
which only occurs in distinct cells in the corolla.16 Recently,
single-cell transcriptomics helped to discover key genes for
securinega alkaloid biosynthesis, which are expressed in
a vasculature-associated cell type.58 In monoterpene indole
alkaloid biosynthesis, single-cell RNA-seq revealed even
multiple different specialised cell types which co-operate in
a coordinated manner.59–61 Impressively, such single-cell trans-
criptomics data can now even be connected with metabolomics
data of the same single cells to further improve predictions of
which cell types are particularly relevant for a given pathway.62

Even at the single-cell level, not all biosynthetic pathways are
easily resolved. Using single-cell data for gene discovery is
particularly successful in cases where biosynthetic genes are
expressed in a homogenous cluster of cells that corresponds to
one discrete cell type. However, if biosynthetic genes are
expressed in diverse cell types, it can again be difficult to
identify clear patterns. In such cases, a powerful bioinformatics
method termed consensus non-negative matrix factorisation
(cNMF) can be applied to distinguish between identity pro-
grammes (which determine the cell type) and activity pro-
grammes (such as biosynthesis).63 This cNMF method was
recently successfully employed in a breakthrough study to
identify previously missing genes from paclitaxel (Taxol)
biosynthesis in yew tree needles.15

At the moment, single-cell and single-nucleus RNA-seq is
still a fairly rare approach to discover biosynthetic genes in
plants. Themain reasons are that sequencing costs are still high
compared to bulk RNA-seq and that experimental protocols to
get high quality data are relatively challenging.54 However, data
analysis is becoming more streamlined, as databases and
resources such as PlantscRNAdb 4.0 are developed which help
to rapidly assign plant cell types.64
This journal is © The Royal Society of Chemistry 2026
In addition to sequencing of individual cells or nuclei
outside of the original tissue context, modern techniques for
spatial transcriptomics are starting to provide spatially resolved
expression data for intact tissues; an example is the commercial
10X Visium platform.65,66 While earlier methods were limited in
spatial resolution,66 modern approaches such as Stereo-seq or
the image-based MERFISH method can achieve cellular and
even sub-cellular resolution.65,67 Despite their potential, spatial
transcriptomics techniques have not yet been applied for gene
discovery in plants. One reason is that plant cells possess
challenging features such as thick cell walls and auto-
uorescence which hinder common spatial transcriptomics
protocols.65 So far, two studies focused on known pathways such
as avonoid or carotenoid biosynthesis.68,69 Considering that
spatial transcriptomics can also be combined with other omics
data such as metabolomics data from mass spectrometry
imaging or single-cell RNA-seq,65 we expect that it will become
an important tool for gene discovery in the future.

As discussed above, it is possible that even at the single-cell
level no apparent biosynthesis expression patterns can be
observed unless suitable statistical methods to extract such
patterns are applied. Furthermore, single-cell analysis is only
advantageous if a biosynthetic pathway is cell-type specic; if
this is not given, obtaining more bulk RNA-seq data is
economically preferable. Nonetheless, we anticipate that
further improvements in single-cell/single-nucleus RNA-seq as
well as spatial transcriptomics and particularly better algo-
rithms for data analysis will establish pathway elucidation at
the single-cell level as a central strategy in the future.
2.3. Co-expression across species borders –
phylotranscriptomics

Traditionally, co-expression analysis is carried out within
a single species. Nonetheless, in principle, transcriptomics can
also be applied – with certain restrictions – across different
species or other taxonomic units, an approach typically termed
phylotranscriptomics. In the simplest form, phylotran-
scriptomics can be used similarly to phylogenomics to recon-
struct phylogenetic relationships by comparing transcript
rather than gene sequences. When based on rigorous ortho-
logue identication, sequence-based phylotranscriptomic trees
can closely align with phylogenomic trees but offer a more cost-
effective alternative.70

More compellingly, phylotranscriptomics can extend beyond
sequence analysis and enable comparison of expression data
across different species, which has the potential to uncover
conserved patterns of gene activity and regulatory mechanisms.
Although cross-species co-expression analyses are still rarely
applied directly for pathway elucidation and candidate gene
discovery, some intriguing examples from related research
areas highlight the potential of expression-based phylotran-
scriptomics. For example, this approach was used to study the
evolution of terpene biosynthesis in Pinaceae71 and of allium
avour precursors in Asparagales.72 Expression-based phylo-
transcriptomics has also been applied to elucidate regulatory
mechanisms of plant pathways, as demonstrated in the genera
Nat. Prod. Rep.
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Plantago73 and Datura.74 However, in existing studies, cross-
species co-expression analysis oen remains at a conceptual
level by comparing data at the conclusion level rather than
through statistical co-analysis, reecting the same trend
described above for multi-omics. A major limitation is that the
pathway of interest needs to be present and conserved across
many plant species, which is oen not the case in specialised
metabolism. A further challenge for this approach is to nd
suitable normalisation methods to enable a valid comparison of
expression data from different species. Therefore, statistical
methods for integrating expression data from different plant
species are highly valuable. For example, Lee et al. applied
OrthoClust75 to fuse species-specic orthology-based networks,
enabling the identication of conserved co-expression
modules.76 Similarly, Passalacqua and Gillis aligned single-cell
datasets across species by rst measuring how genes were co-
expressed within each species, then using these co-expression
patterns to bring the datasets into a common framework
based on functional similarity and to identify conserved
expression patterns.77 Although neither study was focused on
biosynthetic pathway elucidation, both investigated conserved
inter-species expression patterns, and their methods could
potentially be applied to pathway gene identication.

Building on these methodological advances, a promising
new tool called CoExpPhylo might have the potential to bridge
the gap between phylotranscriptomics as a solely conceptual
approach and actual gene discovery.78 This computational
pipeline integrates species-specic co-expression networks with
phylogenetic relationships. By clustering orthologous genes
that are both co-expressed and evolutionarily conserved, CoEx-
pPhylo identies candidate genes for specialised metabolic
pathways across multiple species. It demonstrates the relevance
and potential of phylotranscriptomics for the eld of pathway
elucidation.
3. Mining genome and other large
sequence datasets

As outlined in Section 2, co-expression analysis, particularly
when implementing recent improvements, is still the major
approach for identifying biosynthetic genes in plants. However,
an inherent limitation is the underlying assumption of the
“guilt-by-association” principle. In reality, many of the genes
that are co-expressed within a limited dataset might be func-
tionally unrelated, possibly leading to incorrect gene candi-
dates. More problematically, genes from the same biosynthetic
pathway might have different expression patterns, for example
if one gene is involved in multiple pathways, and would there-
fore be missed by co-expression analysis. Therefore, expression-
based approaches alone are not an ideal basis for discovering
new biosynthetic genes.

Genomic data offer a promising complementary approach to
transcriptomics for identifying the genes underlying specialised
metabolism (Fig. 2): they can provide other types of association
among genes than co-expression and capture the full set of
enzymatic functions encoded in an organism. Since the
Nat. Prod. Rep.
publication of the rst plant genome sequence in 2000,
assembly quality has improved dramatically with a concomitant
drop in sequencing costs. Initial plant genome sequences were
still highly fragmented, but long-read sequencing technologies
such as PacBio and Oxford Nanopore Technologies sequencing,
scaffolding techniques like Hi-C and Pore-C, and improved
assembly algorithms now enable the generation of nearly gap-
less assemblies.7,79 Additionally, further types of genomic data,
such as epigenetic modications, can complement a genome
sequence. In this section, we introduce how genomic data can
be leveraged to identify biosynthetic genes in plant specialised
metabolism (Fig. 2).
3.1. Biosynthetic gene clusters in plants

It is well-established that biosynthetic genes in bacteria and
fungi are commonly located next to each other in the genome.
Such biosynthetic gene clusters (BGCs) were historically
believed to be rare in plants; instead, it was assumed that the
genes of biosynthetic pathways in plants would generally be
scattered throughout the genome. This view was shaped by the
fact that the genes from the rst biosynthetic pathways that
were elucidated in plants, for example for avonoids, caroten-
oids and glucosinolates, were not clustered. However, this
assumption has been continuously challenged by the increasing
number of highly contiguous plant genome sequences and
improving knowledge of biosynthetic pathways in plant speci-
alised metabolism.80 Initiated by the discovery of the BGC for
the benzoxazinoid DIMBOA in Zea mays in 1997,81 more than 40
biosynthetic gene clusters have been characterised in plants so
far.82 They span many compound classes like terpenoids, alka-
loids, and cyanogenic glycosides and have been identied in
a wide range of plant species. Some of these plant gene clusters
can be visually explored in the Minimum Information about
a Biosynthetic Gene cluster (MIBiG) repository.83 It appears that
BGCs oen represent evolutionary innovations in plant
defence.84

The generally accepted denition of a BGC states that it
should contain at least three non-homologous biosynthetic
genes participating in the same pathway.85 In contrast, gene
arrays in plant genomes comprise tandem gene duplicates
involving about 65% of all annotated plant genes.86 Similar to
microbial BGCs, plant BGCs also oen contain a characteristic
signature gene, initiating a specialised metabolic pathway
(Fig. 3). However, gene clusters from microbes and plants show
substantial architectural differences: those found in plants
more frequently contain intervening, unrelated genes (Fig. 3).
Additionally, it is less common for plant BGCs to contain the
full set of genes required for a biosynthetic pathway. Such BGCs
have been termed “compact”,87,88 while those containing only
a portion of the genes constituting a pathway are referred to as
“loose”88 or “split”80 clusters. The core of a loose cluster can be
complemented by another BGC, pairs of pathway genes called
satellite (sub)groups, or single peripheral genes (Fig. 3B).87 The
size of plant BGCs depends on the denition, but usually ranges
from several dozen kbp89 to over one Mbp.90
This journal is © The Royal Society of Chemistry 2026
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Fig. 2 Genomics-based approaches for discovering genes involved in specialised metabolism in plants. (A) Overview of different genome-
related data types that can be leveraged. (B) Approaches based on co-localisation of genes. (C) Linking phenotype and genotype. (D) Biosynthetic
genes in the context of epigenomics. (E) Finding exotic members of a gene family using large-scale phylogenetic trees or sequence similarity
networks.
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While the evolutionary emergence of gene clusters in plants
requires further investigation, there are two plausible scenarios,
which differ in the order of gene movement and neo-
functionalisation: (1) genes evolve while dispersed and are then
brought together as a BGC or (2) genes move rst into a cluster
region, where they evolve into a pathway.80 Clustering of
pathway genes into a BGC is hypothesised to offer several
advantages for plants. It ensures that the whole set of genes can
be inherited together, avoiding the accumulation of toxic
intermediates formed by partial pathways.80,91 Physical prox-
imity of genes with a shared function could also facilitate their
co-regulation: BGCs have been shown to form distinct chro-
matin domains which share epigenetic markers.80

The fact that biosynthetic genes in plants can be physically
clustered in the genome offers a complementary alternative to
This journal is © The Royal Society of Chemistry 2026
co-expression analysis for identifying biosynthetic genes. The
following subsections will introduce different approaches to
identify and characterise biosynthetic gene clusters in plants
based on genomic data.
3.2. Finding biosynthetic gene clusters in plant genomes

With increasing numbers of plant genome sequences available,
more and more biosynthetic gene clusters (BGCs) encoding
specialised metabolites have been identied in plants.80

Searching for such potential BGCs is a major alternative to
nding biosynthetic genes via co-expression analysis. In the
following, we will describe the two major approaches that can
be used to explore gene clustering (Fig. 4): the rst is to focus on
the functional annotations of adjacent genes in only one plant
species, which is frequently employed to mine genome
Nat. Prod. Rep.
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Fig. 3 Comparison of typical biosynthetic gene clusters (BGCs) from
microbes (A) and from plants (B). In contrast to microbial BGCs, plant
BGCs contain large and variable intergenic regions and pathways are
often fragmented.
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sequences for BGCs (Fig. 4A). The second, called comparative
genomic or phylogenomic approach, adds another layer of
information by comparing the organisation of adjacent genes
across different species (Fig. 4B).

3.2.1. Genome mining for BGCs. Once a genome sequence
of the target plant species is at hand, the generation of a struc-
tural and functional annotation is required to enable screening
for putative BGCs. In case one or more pathway genes have
already been identied before, a good approach is to manually
inspect the genomic neighbourhood of these bait genes. If one
or several neighbouring genes belong to gene families common
in specialised metabolism, these are promising candidates for
functional characterisation. This simple approach has enabled
the initial identication of many clustered biosynthetic genes in
plants. One example is the biosynthesis of the alkaloid gramine
in barley (Hordeum vulgare): while the enzyme performing the
second step of this short two-step pathway had been known
since 2006,92 the enzyme responsible for the rst step stayed
elusive much longer. An old hypothesis about the involvement
of a pyridoxal phosphate-dependent enzyme was refuted in
2024, when Dias et al. discovered the oxidase CYP76M57 based
on gene clustering.93

When no dedicated pathway enzyme has been reported yet,
this targeted genomic neighbourhood analysis cannot be
applied. For such cases, several tools to mine plant genomes for
BGCs without known bait genes have been developed. These are
strongly inspired by bacterial and fungal genome mining tools
such as antiSMASH,94 which are nowadays more or less indis-
pensable for discovering new natural products and elucidating
pathways in microbial natural product research. All these tools
follow the same principle, which is to detect clustering of genes
with functional annotations related to specialised metabolism.
Nat. Prod. Rep.
Such genome mining tools use unannotated genome sequences
as their main input and identify genes from relevant families
using prole Hidden Markov Models (pHMM). These algo-
rithms use characteristic motifs, which have to be dened in
advance, to infer gene families. The approach of tools like
antiSMASH has been termed “cluster-rst” or “function-
centric”, since they heavily rely on such pre-dened motifs for
expected gene families. Since plant genomes differ strongly
from their bacterial and fungal counterparts, tools which follow
the original logic but are adapted for plants have been created:
the most highly cited one, plantiSMASH (online and local, now
V2.0),95 is directly based on the antiSMASH framework.94

Examples of the main adjustments implemented include the
addition of plant-specic gene families to the motif catalogue
and respecting the increased intergenic space in plant
genomes. The PhytoClust tool96 used a very similar logic like
plantiSMASH but is not maintained anymore. A slightly
different but also function-centric detection approach was
implemented in the PlantClusterFinder algorithm, which is
available as local soware.97 To increase condence in its
predictions, plantiSMASH offers the CoExpress module to
integrate co-expression data aer BGC detection. Since genes
from metabolic gene clusters are usually strongly co-expressed,
such an analysis should increase the accuracy of predictions.
Apart from co-expression analysis within a BGC, the CoExpress
module can also detect further BGCs or individual genes that
show expression correlation with a certain BGC.98 The plantiS-
MASH pipeline also makes it possible to compare detected
BGCs across different species using its ClusterBLAST function.
To increase the power of this comparative approach, plantiS-
MASH hosts precomputed gene cluster predictions for ca. 430
species (in V2.0), corresponding to 30 423 putative BGCs in the
plantiSMASH 2.0 database.95 Additionally, the plantiSMASH
pipeline offers two more modules to aid in prioritising BGC
candidates for functional characterisation: one infers enzyme
substrate classes by grouping enzymes into characterised
enzyme family subclasses with known substrate types. The
other detects transcription factor binding sites, which allows
researchers to choose candidate BGCs based on regulatory
patterns. Finally, plantiSMASH 2.0 offers a comprehensive
developer wiki, enabling researchers to dene their own
detection rules and enzyme subfamilies and to build custom
BGC databases.95

The predicted gene clusters from such plant-specic genome
mining tools have been experimentally veried in several cases,
which led to the elucidation of several pathways. Successful
discoveries using plantiSMASH include two BGCs for hyperforin
biosynthesis in St John's wort (Hypericum perforatum)99 and two
gene clusters involved in QS saponin production in the Chilean
soapbark tree (Quillaja saponaria).100 A BGC predicted from the
tomato (Solanum lycopersicum) genome using PlantCluster-
Finder led to the characterization of an unusual enzymatic
activity of a chalcone synthase-like enzyme, possessing amino-
acylation activity during the production of a hydroxycinnamic
acid amide.101 However, this genome mining workow is still
not employed as routinely as for microbes.
This journal is © The Royal Society of Chemistry 2026
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Fig. 4 Workflows of the two major approaches for genomics-based discovery of biosynthetic genes from plants. (A) Genome mining to detect
BGCs based on a function-centric approach. (B) Synteny analysis incorporating phylogenomic information as a function-agnostic approach.
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To conclude, the described function-centric BGC mining
tools provide a valuable toolkit to quickly analyse plant genome
sequences to predict potential BGCs. While their focus on
functional annotation allows them to detect many BGC classes
reliably, their main drawback is that they fail to consider non-
canonical gene families.102 For such more unusual biosyn-
thetic systems, it can be worthwhile to employ phylogenomic
approaches to explore gene clustering from a different
viewpoint.

3.2.2. Phylogenomic and synteny approaches. Tools like
plantiSMASH use Hidden Markov Models to identify putative
biosynthetic gene clusters in a plant genome using functional
gene annotations.95 They can detect a large variety of BGCs
using only one genome sequence as input. Results are oen
restricted to known biosynthetic gene families to maintain
a high specicity, which can be a limitation for clusters that
contain unexpected gene families. Considering that BGCs in
plants show substantial plasticity,80 this is a major challenge. To
detect non-canonical BGCs and to explore BGC architecture and
evolution in more detail, another level of information is there-
fore required to reach reliable predictions. This can be provided
by comparing the genome architecture of closely related species
This journal is © The Royal Society of Chemistry 2026
against more distant species – an approach described as
comparative genomics or phylogenomics. In contrast to trans-
criptomes, genomes offer additional information about the
position, order, orientation, and structure of genes. Many
methods and tools exist to compare these across species.
Conserved gene order among genomic sequences is called
collinearity. The term synteny, which is oen used inter-
changeably, describes the fact that collinear genomic segments
are derived from a common ancestor and thereby retain their
organisation.103 The latter is usually divided into macrosynteny,
referring to chromosome-scale observations, while conserva-
tion at the level of several genes in a local context is termed
microsynteny.104 In this section, we focus on gene-anchored
synteny analysis. Plant genomes are more plastic than those
of other eukaryotes.105 New genes and even gene clusters can
form at new genomic positions by genomic rearrangements.80,87

This can result in novel traits, such as the production of certain
specialised metabolites. Conversely, genes can be readily lost
when selection pressure on them disappears.106 Therefore,
genes or a BGC required for formation of a certain natural
product might be found by comparing genome sequences of
producing species with non-producing species as outgroups, as
Nat. Prod. Rep.
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non-producing species should lack the required gene set
partially or completely. This approach can be termed “function-
agnostic”, since it compares gene order for all gene families
without being limited to specic gene families. If a pathway
gene is already known, it can be used as a starting point to
compare the collinearity at this genomic location between
producing and non-producing species. Many suitable synteny
analysis tools have been developed, most notably MCScanX.107

MCScanX only requires structurally annotated genome
sequences and lists of all encoded protein sequences to detect
syntenic relationships among species. In the rst step,
MCScanX performs an all-versus-all BLASTP search to identify
homologous gene pairs. The runtime of this step can be very
high, especially when many genome sequences are to be
compared.108 Therefore, several implementations of MCScanX
employ faster sequence aligners, like LAST109 in the JCVI
library104 and DIAMOND110 in TBtools-II.111 MCScanX and its
JCVI implementation were recently applied to characterise the
BGC involved in the biosynthesis of withanolide-type steroids in
Solanaceae.90,112,113 Aer locating the only previously known
pathway gene in the genome, the authors of these respective
studies recognised clustering of genes from gene families
typical for specialised metabolism in its neighbourhood. Syn-
teny analysis revealed that this cluster was absent in related
non-producing species such as tomato, increasing condence
in the BGC.

In principle, synteny analysis of BGCs from related species
opens the door to studying species-specic differences in
a pathway and its evolution. However, synteny analyses become
increasingly complicated when more distantly related species
are compared. This is especially the case for plants, where
whole-genome duplications, deletions, and other large-scale
genome rearrangements are very common. These processes
confound the distinction between orthologues, i.e., homologues
resulting from a speciation event, and paralogues, which are
created by gene or genome duplication.114 Differentiating these
correctly is important for comparative genomic studies. To
tackle this problem, the GENESPACE tool was developed.115 It
integrates information about synteny (conserved gene order)
into the process of orthologue inference (sequence similarity),
which makes the tool capable of comparing even complex
genomes from distantly related plant species.

To enable large-scale synteny comparison of gene families,
Zhao et al.116,117 created a visualisation and analysis workow
based on networks (syntenet, available as an R package118). Their
so-called synteny networks consist of nodes, which represent
genes, and edges, which connect those nodes having a syntenic
relationship. Such a network builds on pairwise genome
comparisons performed by MCScanX but extends the results by
abstracting the detected synteny blocks into a complex network.
This approach is valuable to study the evolution of large gene
families, as synteny networks can reveal genes which have been
recruited to new genomic contexts. More importantly for gene
discovery, synteny clusters (genes at a syntenic position) specic
for a certain lineage can be identied, to visualise the specic
genomic neighbourhood of a query gene. Li et al.119 used this
synteny neighbourhood network strategy to analyse the anking
Nat. Prod. Rep.
genes around oxidosqualene cyclase genes in 122 plant species
and revealed several associated gene families, particularly
CYP716s. Such an investigation can thereby provide insights
into lineage-specic gene associations and BGC evolution.

Finally, to develop improved strategies for discovering BGCs
in plants, it could be worthwhile to look at similar approaches
in fungi rather than bacteria, as fungi are also eukaryotes.
Several tools for automated gene cluster prediction based on
conserved synteny have been developed for fungal
genomes.120–122 Since function-centric prediction algorithms
like antiSMASH/plantiSMASH only detect BGCs similar to
canonical ones, the motivation behind these synteny-based
tools is to uncover more cryptic gene clusters. The most
recent of these algorithms, CLOCI (Co-occurrence Locus and
Orthologous Cluster Identier), identies loci with unexpect-
edly shared microsynteny and compares these among species
using alignments and phylogenetic methods.122 In this way, it
was able to detect gene clusters missed by the function-centric
antiSMASH. Such phylogenomics-based prediction algorithms
require a sufficient collection of genome sequences and have
not been adapted for plants yet. However, the growing number
of available plant genome sequences might pave the way for
similar plant-suitable tools, possibly leading to the prediction of
unknown BGC classes in plants.

To summarise, a phylogenomic approach based on synteny
analysis can serve as a promising tool to nd and analyse
biosynthetic gene clusters in plants.
3.3. Linking genotype and metabolic phenotype in plant
populations

Genomic data are a powerful resource for the discovery of
biosynthetic gene clusters in plants. While the described
approaches to nd BGCs are exclusively sequence-based,
genomic data can also be integrated with metabolic informa-
tion to aid gene discovery. This principle has been employed to
reveal genotype-phenotype connections in plant populations.
To identify genes contributing to a quantitative phenotype, e.g.,
the production of a specialised metabolite, populations with
broad genetic variation are phenotyped and genotyped. Quan-
titative trait loci (QTL) harbour the gene(s) responsible for
a certain trait and are oen identied through genome-wide
association studies (GWAS) or mapping-by-sequencing (MBS).
MBS typically utilises populations derived from bi- or multi-
parental crosses, for which parents with diverse phenotypes
and genotypes are selected, while GWAS harness natural
intraspecic variation. Traditionally, the genetic data used for
GWAS were single nucleotide variants (SNVs) which were called
using microarrays. As soon as a reference genome sequence is
available for a species, members of a population can be re-
sequenced and the reads can be aligned to the reference to
call SNVs.123 When the observed phenotype is a metabolite,
studying the association between metabolite quantity and
genetic markers is called metabolic GWAS (mGWAS)124 or
qualitative trait GWAS (QT-GWAS)125 when the phenotype is
binary. Such an approach can for example identify knockout
mutations that are causal for loss of production in
This journal is © The Royal Society of Chemistry 2026
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a population.125,126 An advantage of GWAS for nding biosyn-
thetic genes is that it is an untargeted method without prior
assumptions about the involved gene families. However, con-
ducting such association studies requires populations with
intraspecic phenotypic variation. Therefore, this approach has
mainly been adapted for crop plants or model species for which
large germplasm collections exist. During the last decade,
another innovation in plant genomics has revolutionised asso-
ciation studies. The availability of genome sequences of
multiple accessions of the same species has led to the genera-
tion of plant pangenomes.127 These datasets revealed extensive
intraspecic structural variation and, by combining the genetic
information from all accessions, cover the full set of genes and
non-coding sequences of a species. Since structural variants
(SVs) can strongly inuence the biosynthesis of a specialised
metabolite,128 the structural variations identied in a pan-
genome can be leveraged for association studies.127 Using this
approach, Zhu et al.129 investigated the genes involved in
metabolite biosynthesis in potato tubers. They constructed
a pangenome from 29 genome assemblies and more than 200
re-sequenced potato accessions and complemented this genetic
resource with metabolomic analyses. By this approach, the
researchers identied more than 9000 structural variations
signicantly associated with hundreds of metabolites.129 While
employing SVs instead of SNVs can improve the accuracy of
GWAS,129,130 identifying and using such SVs in plant pan-
genomes have their own challenges.129,131 Graph-based pan-
genome representations have proven superior over linear
reference genome sequences for SV identication, but their
construction and application can be difficult; this is especially
true for species with complex genomes due to polyploidy, high
heterozygosity or a large genome size. Additionally, the number
of genomes that can be processed is limited by the available
computational resources. Therefore, researchers have to
balance computational capacities and desired accuracy when
constructing a graph-based pangenome representation for SV
identication.131 Furthermore, when short-read sequencing is
used for genotyping large populations, resolving complex SVs
exhibits limited reliability in highly repetitive regions. Despite
these challenges, GWAS and other methods which harness the
diversity of plant populations offer a valuable approach to
shortlist gene candidates for metabolic pathways.
3.4. Epigenomics

As outlined, the genome sequence of a plant species enables the
identication of biosynthetic gene candidates by BGC mining,
synteny analysis and metabolite–gene associations. However,
a genome sequence only sets the starting point for genome-
based analyses. An additional layer of information can be data
about epigenetic modications and the 3D chromosomal
structure – both providing insight into the regulatory processes
governing gene expression.132

Well-characterised epigenetic features include DNA methyl-
ation, typically analysed via whole-genome bisulte sequencing
(WGBS)133 or increasingly via long-read platforms such as
Oxford Nanopore Technologies and PacBio.132 Furthermore,
This journal is © The Royal Society of Chemistry 2026
histone modications and variants are explored by techniques
such as ChIP-Seq or CUT&Tag.132 Information about these
epigenetic markers can be obtained at the whole-genome
scale132 and could therefore be used for epigenome-wide asso-
ciation studies (EWAS), which link epialleles in a population
with phenotypic variation.134 This approach can be adapted to
identify gene candidates for specialised metabolism in cases
where phenotypic variation is not based on genomic sequence
variation but on epigenetic differences. For example, Guo
et al.135 performed a metabolome-based epigenome-wide asso-
ciation study (mEWAS) using WGBS data in tomato and
compared it with traditional SNP-based mGWAS. Their mEWAS
identied several glycosyltransferase genes in differentially
methylated regions, which were subsequently conrmed to be
involved in specialised metabolism.135

Several histone modications have been shown to inuence
chromatin accessibility and gene expression: for example, the
histone methylation mark H3K27me3 is known to repress the
expression of a region (in facultative heterochromatin), while
H3K4me and histone acetylation have an activating effect (in
euchromatin).136 In human genetics, epigenome-wide associa-
tion studies using histone modications have helped to char-
acterise genes involved in diseases and disorders.137 While no
association studies with histone modications and phenotypes
have been performed in plants yet,134 their inuence on the
formation of complex chromatin structures in plant BGCs has
already been investigated.78,125

Chromosome conformation capture techniques based onHi-
C allow for the direct analysis of such 3D genomic structures.138

Chromatin is organised into different conformations at hier-
archical scales: at the largest scale (tens of megabases), a chro-
mosome can be divided into accessible euchromatic A and
inaccessible heterochromatic B compartments.139,140 At a ner
scale (hundreds of kilobases), topologically associating
domains (TADs) – or TAD-like domains in plants – dene
genomic regions that interact more frequently with them-
selves than neighbouring regions.139,140

Several plant BGCs have been found to form TAD-like
domains, which may facilitate the shared regulation of their
constituent genes.89 Studies in Arabidopsis thaliana141 and
tomato142 showed that these BGCs, when active, reside in
strongly interacting regions of accessible chromatin. The
interactions among the promoter regions in these BGCs are
facilitated by the formation of short chromatin loops between
genes. Enhancers play an important role in the formation of
these interactions: by recruiting transcription factors and RNA
polymerases to promoters of a BGC, they allow transcriptional
boosting of their target genes.142,143 The resulting complexes of
regulated genes, enhancers, and proteins have been termed
transcriptional condensates144 or, in analogy to prokaryotes,
topological operons.145 In some cases, like the withanolide BGC
in Physalis grisea, biosynthetic gene clusters can even comprise
several TAD-like domains, reecting different tissue-specic
expression patterns.113 Information about the physical interac-
tion of chromatin regions can be leveraged for prioritising gene
candidates for specialised metabolism: Li et al.59 found that
a gene encoding a transporter is clustered with two known
Nat. Prod. Rep.
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monoterpene indole alkaloid biosynthetic genes in Cathar-
anthus roseus. The fact that all three genes were part of the same
TAD-like domain led them to characterise the transporter,
nding that it is specic for the pathway intermediate sec-
ologanin. In the future, long read-based approaches using Pore-
C146 or CiFi147 could supplement or even replace Hi-C in the
chromatin structure analysis.

Beyond the active physical interactions of genes within
a BGC, the clustered genes can also show long-range intra- and
interchromosomal contacts with BGCs or gene arrays outside of
the cluster. Such long-range chromatin loops are linked to
heterochromatic regions and the characteristic repressive
histone mark H3K27me3. Using this mechanism, plants139,148

and other organisms149 can co-silence functionally related BGCs
or genes which are distantly located in the genome sequence.
For example, while analysing monoterpenoid biosynthesis in
Agastache rugosa, Liu et al.150 found that the pulegone mono-
terpenoid BGC on chromosome 8 signicantly interacts with an
array of known pulegone reductase genes on chromosome 2
which participate in the same pathway.

Given that co-regulated biosynthetic genes can interact over
long ranges, 3D genome data holds potential for identifying
new pathway candidates based on physical interactions with
bait genes. To date, no biosynthetic gene in plants has been
discovered using such a strategy. However, in human genetics,
Hi-C data has already been employed to identify candidate
genes involved in complex diseases via their interactions with
enhancers.151

To conclude, epigenetic data and information about chro-
matin topology can help to understand the regulation of spe-
cialised metabolism. Additionally, they might offer potential to
identify new gene candidates via association studies and the
analysis of gene interactions.
3.5. Mining enzyme families

Lastly, the availability of large amounts of sequence data from
plants also enables applications that extend beyond the
common focus on smaller lineages, gene clusters, and synteny.
One of the most promising approaches is to investigate enzyme
families which share the same substrate but lead to diverse
products. With large sequence data pools, such enzyme families
can be mined to discover rare representatives with new
biochemistry. This was demonstrated by two recent studies152,153

which independently investigated the sequence diversity of
oxidosqualene cyclases in plants, enzymes which catalyse the
entry step into triterpenoid biosynthesis and are crucial to
generate polycyclic carbon skeletons from the simple precursor
oxidosqualene. In both cases, oxidosqualene cyclases capable of
producing previously inaccessible or even new carbon skeletons
were discovered from hundreds of sequence datasets.152,153 A
practical challenge is to process the thousands of homologous
enzyme sequences that can be extracted by such an approach
and to nd effective strategies to predict which of these repre-
sent viable candidates for functional investigation. The study by
Stephenson et al. used a phylogenetic tree to select enzymes
from divergent branches or underrepresented clades,153
Nat. Prod. Rep.
whereas the study by Hakim et al. used sequence similarity
networks for a similar purpose. While phylogenetic trees are
highly useful to reect the evolutionary history of the gene
family, sequence similarity networks are easier to compute at
scale and enable seamless metadata integration and visual-
isation in a network format.152 Databases which collect infor-
mation about certain enzyme families (e.g., MARTS-DB focused
on terpene synthases154) are a very useful source of reference
data for such analyses. It can be expected that these approaches
will be further expanded to other enzyme classes and integrated
with other uses of sequence data such as searching for associ-
ated biosynthetic gene clusters in the future.
4. Identifying biosynthetic enzymes
at the protein level

Since the advent of next-generation sequencing, biosynthetic
gene discovery has been carried out almost exclusively at the
gene level, fuelled by the increasing accessibility of gene
sequences and expression data. As biochemical pathways
revolve around enzymes, studying enzymes directly rather than
genes would be advantageous. As enzyme levels can be highly
dynamic, proteomics studies can provide important comple-
mentary information to transcriptome and genome data;
however, the analysis can be technically demanding.155–157

Traditionally, before modern sequencing technologies, direct
purication of biosynthetic enzymes was a major, albeit very
slow, method for pathway elucidation.158,159 In this section, we
will describe modern technologies such as affinity probes and
proximity labelling that potentially enable pathway elucidation
directly at the protein level. These methods offer greater power
and efficiency than traditional protein-based approaches and
can complement gene-based methods (Fig. 5).
4.1. Correlating protein levels in biosynthetic pathways

Gene-based co-expression analysis is based on the assumption
that equal gene expression levels reect equal protein activity,
which is desirable for fruitful interactions of biosynthetic
enzymes and efficient metabolic ux.160 For many pathways,
this assumption seems to hold true, as transcriptome-level
analyses have been successfully used for the selection of
candidates many times. However, there is an inherent risk that
biosynthetic enzymes exhibit weak correlation between tran-
script and protein levels,155,156,161 possibly in cases where
pathway activity has to be modulated extremely quickly (Fig. 5).
Such weak correlation could lead to an improper selection of
candidate genes either by selecting false positive candidates
that are not involved in the pathway or, more problematically,
by missing candidates for which the genes falsely appear not to
have a matching expression pattern. In such cases, correlating
protein levels directly could improve the candidate selection;157

at the same time, such an analysis can also give insights into
translation efficiency, post-translational modications and
degradation.160 Accessing such information could open relevant
new avenues, as post-translational modications are well-
known regulatory elements in primary metabolism162 but have
This journal is © The Royal Society of Chemistry 2026
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Fig. 5 Identifying biosynthetic enzymes at the protein level. Correlating protein levels can help identify overlooked enzyme candidates in cases
of weak correlations between transcript and protein levels. Additionally, chemical probes for chemoproteomics and analyses of protein–protein
interactions provide complementary approaches for enzyme identification. AfBP: Affinity-based probes.
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been largely neglected for pathways from specialised
metabolism.163

To determine protein levels, the rst step is to identify
proteins in complex biological samples. In principle, this could
be achieved in a targeted or untargeted way. Conventional tar-
geted methods like Western-Blot analyses require a specic
antibody for a known enzyme or the introduction of a protein
tag for detection and are therefore severely limited in
throughput. For an untargeted and more unbiased approach,
proteomics based on protein mass spectrometry is preferable,
since mass spectrometry-based proteomics enables identica-
tion and quantication of thousands of proteins from complex
samples without prior knowledge.164 The workow for such
a proteomics approach includes sample preparation (cell/tissue
disruption), proteolysis of proteins, separation of peptides by
liquid chromatography and nally mass spectrometry detec-
tion. In the crucial data analysis step, protein abundances are
determined based on associated peptide abundance as a proxy.
Using a shotgun proteomics approach, the localisation and
abundance of three key enzymes from morphine biosynthetic
pathway could be identied in Papaver somniferum.165 In
another study, a cytochrome P450 monooxygenase with epox-
idase activity was identied by comparing protein abundance
This journal is © The Royal Society of Chemistry 2026
patterns of known pathway enzymes with potential enzyme
candidates.166 Neopinone isomerase catalyses a reaction in
opiate alkaloid biosynthesis that was originally assumed to
occur spontaneously; this enzyme was identied based on
protein abundance in different protein fractions such as latex
and from different chemotypes, supported by gene expression
data.167 It is important to keep in mind that – in analogy to gene-
based co-expression analyses – at least one suitable bait protein
is required for correlating protein abundance patterns across
different samples to nd new biosynthetic enzymes by this
approach (Fig. 5).

Two major limiting factors can hinder such a protein level
correlation analysis, rst the lack of suitable bait proteins,
second proteins with very low abundance or proteins from rare
cell types. These limitations create the need for additional
methods to overcome these problems.
4.2. Trapping biosynthetic enzymes with chemical probes

A challenge of gene discovery based on traditional co-expression
analysis is that oen very large numbers of gene candidates are
obtained, increasing the workload of functional screening.12

Furthermore, co-expression analysis as well as many comple-
mentary techniques are based on prior knowledge of at least
Nat. Prod. Rep.
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one bait protein from the pathway and informed predictions of
putative enzyme classes for the enzymatic reaction in question
(Fig. 5). A possible complementary strategy to overcome these
issues is to employ chemical probes.168,169 These probes contain
a binding moiety that targets the active site of a target enzyme,
for example by acting as a substrate mimic. A functional
substrate mimic probe must still be able to bind to the target
enzyme; without prior knowledge of the enzyme–substrate
interaction, it is therefore advantageous to design multiple
probe variants to increase the chances of success. In general,
this is similar to identifying the molecular targets of drugs;170

therefore, some of these methods can be adapted for the iden-
tication of substrate–enzyme pairs in metabolic pathways. The
probes can be classied by their type of binding and the type of
reporter for subsequent detection of bound proteins. A major
group are activity-based probes (ABPs), which comprise small
molecules that covalently bind to and modify the active sites of
enzymes; these are commonly linked to uorescent dyes or
biotin as reporters.171 Affinity-based probes (AfBPs) additionally
contain a photo-crosslinking group which can be activated by
UV radiation to covalently link the probe with the target enzyme
(Fig. 5).171 In both cases, the reactive group is connected to the
reporter via a linker. Reporters are commonly either uores-
cence tags or affinity tags such as biotin. By using affinity tags,
proteins bound to the probe can be puried, visualised on
protein gels, and analysed using protein mass spectrometry.
This allows the identication of previously unknown substrate–
enzyme pairs. Furthermore, uorescent probes can be leveraged
for bioimaging to determine the localisation of target enzymes
in tissues or cells.172 To date, these approaches have been
mostly used in drug research for identifying their cellular
targets,173 but there are also examples where the use of proteo-
mics probes led to the identication of new biosynthetic
enzymes in plant pathways. Using an affinity-based probe con-
taining a photo-crosslinking group, a new UDP-
glycosyltransferase was identied from Stevia rebaudiana.174

This probe system contained a click chemistry system to exibly
add various reporters in a second step.174 A similar approach
was used to discover a novel FAD-dependent Diels-Alderase
from Morus alba; this work exemplies the discovery of
a biosynthetic enzyme for which no enzyme class could have
been reliably predicted a priori and traditional approaches
would therefore have likely failed.175 In an effort to elucidate the
biosynthetic pathway of the anticancer drug precursor camp-
tothecin, an epoxidase was found in Camptotheca acuminata
using a chemoproteomics approach.166 An activity-based
uorogenic probe was used to monitor the activity of O-m-
ethyltransferases directly in Arabidopsis thaliana based on
uorescence microscopy.172 An issue of in vivo applications in
plants is that bulky reporters or substrates might not be taken
up by cells;171 therefore, many published strategies include the
use of lysed samples.174 However, tissue lysis disrupts the
cellular organisation, which is a limitation if different reactions
of a pathway need to take place in different cell types. Methods
used in other organism groups could also inspire further
research in plants; for example, in the bacterium Staphylococcus
Nat. Prod. Rep.
aureus, a pyridoxal phosphate probe was used to access and
annotate the PLP-dependent enzyme proteome.176

Although chemoproteomics probes could be a very prom-
ising complementary approach to discover biosynthetic
enzymes in plants, there are some limitations of the system.
Certain protein classes are more difficult to analyse by such an
approach due to their membrane localisation or possible
aggregation. Most importantly, the probe design is crucial to
determine the success of such an endeavour. The probes have to
be sensitive enough for proteins with low abundance; at the
same time, the specicity has to be high enough to limit the
number of unspecic candidates. The reporters and linker parts
of the probes also must not prevent the binding of the probes to
the target proteins. It is therefore good practice to test different
probe designs for maximum chances of success. Chemical
synthesis of the probes can also be challenging, as probes are
inherently reactive, particularly when photo-crosslinking
groups are integrated. Many synthetic routes start from the
native substrate; it is therefore also essential that sufficient
amounts of starting material are available for multi-step semi-
synthetic modications. Hence, probe-based enzyme discovery
campaigns are highly dependent on successful interdisciplinary
combination of proteomics and synthetic methodologies.168
4.3. Finding biosynthetic enzymes by protein–protein
interactions

Biosynthetic enzymes in plants can be organised as protein
complexes or at least as dynamic metabolons to ensure efficient
metabolite production and control of enzymatic reactions.177,178

For practical reasons, these interactions of proteins in complex
pathways have oen been neglected due to the difficult analysis.
Nevertheless, studying such protein–protein interactions could
not only help to improve our understanding of how such
pathways work in plants but could also help to identify previ-
ously overlooked biosynthetic enzymes by probing the interac-
tions of a bait protein with other proteins (Fig. 5).

Various methods are commonly used to study protein–
protein interactions, most importantly biophysical methods
based on uorescence.179 For example, a dynamic metabolon
from Sorghum bicolor was characterised using Förster resonance
energy transfer (FRET) with different uorophores which were
coupled to the proteins that were analysed.180 With this tech-
nique, it can be monitored whether proteins are in close prox-
imity to each other, as only then is uorescence energy
transferred.179 In an alternative approach, the protein–protein
interactions of a dynamic plant complex were studied using
bimolecular uorescence complementation (BiFC) in yeast.181

In this work, the target enzymes were fused to non-uorescent
fragments of a uorescent protein; only when the target
enzymes were close to each other, the fragments could interact
and reconstitute the original uorescence protein activity.181

While these uorescence-based methods are crucial to provide
evidence for physical contact between two proteins, they suffer
from inherently low throughput. Therefore, only a very limited
number of protein candidates can be tested by this approach.181

Further improvements or alternative methods are therefore
This journal is © The Royal Society of Chemistry 2026
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needed to harness the potential of protein–protein interaction-
based discovery of biosynthetic enzymes.

A possible alternative without any prior protein candidate
selection could be proximity labelling (Fig. 5).182 The idea
behind this technique is that all enzymes in the proximity of
a bait protein are enzymatically tagged, for example with
biotin.182 One possibility to achieve this enzymatic tagging is to
fuse the bait protein with a biotin ligase such as TurboID.182,183

All proteins that come close to the biotin ligase-fused bait
protein will then get biotinylated. The labelled enzymes can
later be identied by western blot analysis, proteomics, or even
puried using the biotin label.183 This approach was used to
investigate the phenylpropanoid pathway in Petunia inata
protoplasts.184 In this work, the cinnamic acid hydroxylase
(C4H) was fused to TurboID; labelled target proteins were
identied using mass spectrometry.184 All candidates from the
proximity labelling were independently validated by BiFC.184

This work is an excellent demonstration that proximity labelling
can in principle be used to nd interacting enzymes in
a biosynthetic pathway in plants and could thereby help to
accelerate the discovery of new pathway enzymes. A main
limitation is that proximity labelling requires a working trans-
formation system and is therefore not applicable to many non-
model plants. Furthermore, proximity labelling is a very chal-
lenging method and requires careful optimisation.182 None-
theless, the examples mentioned here show that searching for
interacting proteins of a bait pathway enzyme can be a powerful
strategy to nd further pathway proteins. We anticipate that
further methodological improvements will help to establish
interaction-based methods as major alternatives to gene-based
pathway elucidation.
5. Artificial intelligence-guided
discovery of biosynthetic genes

The rapid expansion of omics technologies has made plant
research increasingly data-rich, with thousands of sequenced
genomes, extensive transcriptomic surveys, and growing meta-
bolomic and proteomic datasets available.7,185,186 While previous
sections of this review highlighted how various omics technol-
ogies are used and combined for pathway elucidation, tradi-
tional mathematical models oen face limitations when
applied to complex datasets. In particular, multi-omics analyses
involve multi-layered and heterogeneous data, and biological
relationships may involve combinations of features across
different molecular layers rather than simple pairwise
associations.187–189 As a result, extracting connections from
multi-omics data remains difficult, even when conventional
computational strategies are applied.

This complexity points to the potential of advanced
computational approaches, such as articial intelligence (AI)
including machine learning (ML), which may help identify
hidden patterns or relationships.190,191 AI is dened as
a computational system capable of intelligent decision-making,
while ML, as a subeld, refers to algorithms that learn patterns
from data.192 In the eld of plant specialised metabolism, such
This journal is © The Royal Society of Chemistry 2026
methods might help to integrate multiple omics layers, detect
latent patterns, and select gene candidates in ways not achiev-
able with conventional approaches.193,194 Several recent reviews
have emphasised how current AI tools can already accelerate
biosynthetic pathway elucidation, guide hypothesis generation,
and facilitate integration of diverse data sources.18,187,189,191,193,195

In this section, we examine AI-driven approaches that are not
yet employed in plant specialised metabolism but have the
potential to support pathway elucidation, with a particular
emphasis on methods that are already used in other areas of
plant science or show clear promise for gene discovery. We
distinguish between explorative AI approaches that can help
reveal patterns in complex biological datasets and predictive AI
approaches that infer unknown gene functions or pathway
components by learning from known data (Fig. 6). Finally, we
critically assess where these approaches currently fall short for
plant research and which plant-specic constraints limit their
practical utility.
5.1. Explorative AI to spot hidden gene candidates

We dene explorative AI here as computational tools which are
used to detect hidden patterns in heterogeneous biological
datasets. Its goal is to guide hypothesis generation and to
uncover nonlinear relationships that complement or surpass
traditional methods not based on AI. Explorative methods
typically rely on unsupervised learning – such as clustering,
dimensionality reduction, or latent-factor analysis – to reveal
functional patterns within a dataset of interest (Fig. 6).

A relevant explorative AI approach illustrating this capability
is the use of self-organising maps (SOMs), an unsupervised
neural network method developed in the 1980s.196,197 SOMs
project high-dimensional input data onto a two-dimensional
grid, grouping nodes with shared characteristics. When
applied to transcriptomic datasets, they enable clustering of
genes with similar expression patterns, helping to identify co-
expression modules and prioritise candidate biosynthetic
genes for pathway discovery. Recent studies on alkaloid and
terpene biosynthesis have shown how SOM-based clustering
can successfully guide the discovery of biosynthetic enzymes
and transporters involved in a pathway of interest.13,198–200 In
plant biology in general, SOMs have also been applied to areas
like metabolomic proles,201 mass spectrometry datasets,202 and
phenotypic measurements,203 further underscoring their utility
for explorative analysis beyond transcriptomic data.

While SOMs are typically applied to single datasets, other
machine learning approaches are designed to integrate
multiple omics layers. Most established tools for multi-omics
integration originated in human or animal research, particu-
larly in cancer and disease studies.204,205 Prominent examples
include MOFA,206 DIABLO,207 iCluster,208 MOGONET,209 SNF,210

and MOMA,211 which span a diverse range of methodologies
such as latent factor modelling, network-based data integration,
and deep learning approaches. Despite the increasing avail-
ability of plant multi-omics datasets, computational analyses
that truly integrate different omics layers remain relatively
uncommon in plant research, and the use of ML approaches to
Nat. Prod. Rep.
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Fig. 6 Distinction between explorative AI and predictive AI in this review, alongsidemajor challenges impeding the use of AI for gene discovery in
plant specialised metabolism.
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achieve this goal is even rarer. Nevertheless, several studies
demonstrate that tools developed in human research can be
successfully transferred to plant systems for broader biological
questions. For example, MOFA has been used to integrate pro-
teomics and metabolomics data to study host–pathogen inter-
actions in Quercus ilex.212 Likewise, DIABLO has been applied to
wheat drought response studies by combining transcriptomic
and metabolomic datasets.213 These applications, although they
do not focus on pathway reconstruction, illustrate that ML-
based multi-omics tools developed for one kingdom may be
sufficiently general to allow application to other biological
kingdoms and questions. On the other hand, a recent tool
called MEANtools214 has been developed specically to explore
multi-omics data for plant pathway elucidation using ML. It
integrates transcriptomics and metabolomics data based on
publicly available knowledge of general biochemical reaction
rules and metabolite structures to identify plausible transcript–
metabolite relationships associated with a pathway of interest.
This approach highlights a potential avenue for plant pathway
research, as it enables systematic hypothesis generation for
a target metabolic plant pathway directly from integrated multi-
omics data.
Nat. Prod. Rep.
Beyond numerical datasets, explorative AI approaches can
also be applied to textual and semantic information. These
models, commonly referred to as language models (LM), learn
statistical patterns, context, and relationships from text.215 They
vary in the amount of training data used (“large” vs. “small”
language models) and in their degree of specialisation for
particular biological questions. General purpose LMs such as
GPT can support scientic work by facilitating computational
tasks, assisting with literature exploration, and easing academic
writing.216,217 More tailored models, on the other hand, may
provide higher accuracy for kingdom-specic questions. For
example, a LM trained on plant science texts called Plant-
LLaMA claims improved performance on plant-related text
tasks.218 Within plant specialised metabolism and trait-based
ecology, kingdom-adapted LMs have been used to automati-
cally extract enzyme–product relationships219,220 and
metabolite–taxon or trait–taxon associations, respectively.221–223

Although language models are not directly applied for identi-
fying new candidate genes, they might be useful to indirectly
inuence and guide pathway elucidation by generating struc-
tured knowledge, automating workows, curating annotation
data, and preparing training data for downstream predictive
This journal is © The Royal Society of Chemistry 2026
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models. However, many of the mentioned studies also highlight
that model accuracy depends strongly on aspects such as
quality of the training data and formulation of prompts, and
that careful human curation is essential to ensure reli-
ability.219,221,222 Furthermore, outputs from general purpose LMs
such as GPT are fundamentally constrained by the availability of
data and may be affected by non-deterministic behaviour and
occasional inconsistencies or hallucinations, highlighting the
importance of validation by human experts.216,217
Fig. 7 Common AI applications to predict biological properties rele-
vant for elucidation of biosynthetic pathways. The icon ‘emptycell-
membrane-oval’ by Servier (CC-BY 3.0, cropped) from BioIcons was
used.
5.2. Predictive AI to nd biosynthetic enzymes and elucidate
pathways

In contrast to explorative approaches, predictive AI focuses on
deducing patterns learned from given annotated datasets to
make inferences about new or unseen data (Fig. 6). These
methods rely primarily on supervised learning, where models
are trained on known examples, such as gene–pathway rela-
tionships, annotated expression proles, or biochemical data,
and then used to generalise beyond the training set. While the
diversity of predictive AI tools for biological research is enor-
mous, we here focus on tools and aspects of particular interest
for plant pathway elucidation.

A fundamental application of predictive AI is the functional
annotation of genes and proteins. Traditionally, functions are
inferred either from sequence homology to annotated genes or
proteins (e.g., BLAST,224 OrthoFinder225) or from the presence of
motifs and domains associated with specic activities (e.g.,
HMMER proles, InterPro annotation226). Reliable functional
annotations are crucial for pathway elucidation, especially
when candidate selection focuses on common multi-gene
families such as cytochrome P450 monooxygenases. However,
these traditional approaches face clear limitations when
sequence similarity is low or when functions are insufficiently
represented in existing databases. ML approaches have been
proposed to address these gaps by learning features beyond
obvious similarity and by identifying hidden relationships
which alignment-based methods may miss.227,228 ML
approaches could be a solution to condense the enormous
number of characterised sequences and the associated knowl-
edge into compact models that facilitate functional annotation.
Over the past years, numerous ML tools and architectures have
emerged aiming to improve protein classication and func-
tional annotation,227,228 such as DeepFam,229 ProtCNN,230 or
DeepGOPlus.231 Functional annotation with ML can also
incorporate structural information in addition to sequence
data, potentially increasing prediction capability (e.g.,
ProSST232). Understanding the relevance of individual amino
acids in protein structures could be a major step forward for
more accurate predictions. Despite these methodological
novelties, traditional homology- and domain-based strategies
continue to dominate in plant science, and the adoption of ML-
based function prediction remains limited. When applied,
these tools still primarily complement rather than replace
conventional annotation methods.233,234

Much more widely adopted is the application of ML tools for
predicting protein features such as subcellular localisation,
This journal is © The Royal Society of Chemistry 2026
membrane association, and three-dimensional structure
(Fig. 7). For membrane association, a well-known ML tool is
DeepTMHMM, which has been reported to outperform its non-
ML predecessor TMHMM.235 For subcellular localisation,
several ML-based tools are available, including SignalP,236

DeepLoc,237 and MULocDeep.238 Several studies in the eld of
plant specialised metabolism illustrate the integration of these
tools into the workow for in silico protein
characterisation.239–241 Additionally, the quality of predictions of
three-dimensional structures of proteins has seen a dramatic
improvement in recent years. Prominent tools include Alpha-
Fold3 (AF3),242 ESMFold,243 and RoseTTAFold,244 which have
frequently been applied in plant pathway studies for structural
predictions and visualisation of candidate proteins.245–247

However, protein features predicted by ML tools are typically
not used as a primary criterion for candidate selection; rather,
they serve to support hypotheses, for example by mapping
protein–substrate co-localisation or comparing structural
features between a candidate and a known homologue. There-
fore, they remain a complementary approach in pathway
research.

ML approaches are not restricted to predicting features of
individual proteins in isolation; they can also be used to explore
potential protein–substrate and protein–protein interactions in
silico (Fig. 7). ManyML tools have been developed to structurally
predict binding poses between an enzyme and a ligand of
interest – commonly referred to as molecular docking – such as
DiffDock,248 GNINA,249 or Interformer.250 Standard structure
prediction tools, including AlphaFold3,242 can also contribute to
this task. However, in plant specialised metabolism, traditional
physics-based docking methods such as AutoDock Vina251 and
SwissDock252 still dominate.25,253,254 When applied to pathway
elucidation, the primary role of docking is to support
Nat. Prod. Rep.
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hypothesis generation and provide mechanistic insights rather
than to perform candidate selection. On the other hand, dock-
ing is also widely used in drug discovery to explore inhibitory
interactions.255,256 This reects an important methodological
constraint: docking – whether ML-based or physics-based –

predicts binding rather than catalysis.257 Therefore, docking
may not reliably distinguish whether a ligand will undergo
catalytic turnover or merely bind as an inhibitor, a distinction
that oen requires additional mechanistic or biochemical
evidence. Developing new tools that can not only predict
binding but also catalysis is therefore crucial to overcome this
limitation. The physics-based docking tool EnzyDock is
a promising step in this direction.258,259 It performs multistate
docking along a known reaction pathway, predicting catalyti-
cally plausible orientations of given substrates, intermediates,
transition states, and products. While this approach might help
to ag ligands that are unlikely to adopt catalytically competent
poses to distinguish inhibitors from true substrates, it still
requires prior knowledge of the reaction states and does not
guarantee actual turnover. Therefore, future improvements are
still urgently needed to develop a universal and reliable
prediction tool for enzyme substrates.

More tailored ML approaches aim specically to predict
whether an enzyme can recognise a substrate of interest, for
example tools such as DeepMolecules260 or MPEK.261 ML
predictors focused on specic enzyme families have also been
developed, such as DeepP450 and262 CYPstrate263 for cyto-
chrome P450 monooxygenases. However, the applicability of
these tools depends heavily on the composition of their training
sets, and reported examples of their practical use – especially in
plant biosynthesis research – remain limited. One notable
application combined AlphaFold3 structure prediction, docking
with SwissDock, and ML-based interaction scoring with MPEK
to identify UDP-glycosyltransferases potentially involved in
ginsenoside biosynthesis.264 Although experimental validation
is still pending, this study illustrates how ML-based tools might
be integrated into a useful candidate selection pipeline.

A related avenue focuses on predicting protein–protein
interactions. As described in Section 4, these are central for
coordinating enzymatic pathways and regulating plant metab-
olism and therefore represent an enormous opportunity for
pathway elucidation when recognised. Tools such as Alpha-
Fold3242 and AlphaFold-Multimer265 provide structural predic-
tions of protein complexes. In addition, plant-specic
predictors exist – including DWPPI,266 PlantPathoPPI,267 Deep-
AraPPI,268 and ESMAraPPI269 – which are trained either for Ara-
bidopsis specically or for broader plant applications. Several
studies illustrate the potential of these tools: AlphaFold-
Multimer has been used to model a ternary complex in the
soybean isoavonoid pathway, supporting hypotheses of
metabolon-like assemblies.270 In plant pathogen research,
AlphaFold-Multimer enabled large-scale in silico screening of
thousands of protein pairs to predict cross-kingdom interac-
tions between pathogen-secreted proteins and host hydrolases,
with several novel interactions experimentally validated.271

Similarly, high-throughput AF3 pipelines applied to microbial
biosynthetic gene clusters predicted tens of thousands of
Nat. Prod. Rep.
interactions, including previously uncharacterised proteins,
demonstrating the potential of predicting protein–protein
interactions with ML to uncover hidden functional
relationships.272

Besides the prediction of protein–protein interactions, there
are further ML approaches which do not focus on individual
catalytic steps but rather take a broader perspective, aiming to
elucidate entire pathways rather than single reactions (Fig. 7).
ML-guided tools such as READRetro273 or DeepMol274 predict
likely precursors and pathway intermediates for biosynthetic
pathways, offering guidance regarding the sequence and type of
reactions – and therefore the classes of enzymes – potentially
involved in a pathway. Other strategies differentiate genes and
proteins based on their affiliation with primary or specialised
metabolism275 or directly assign candidates to specialised
pathways by integrating features from multiple omics layers276

or by using sequence-derived descriptors.277

Despite this rapidly expanding range of predictive tools
based on ML and AI approaches, practical applications in plant
specialisedmetabolism that offer a substantial added value over
traditional approaches remain scarce. This gap between
computational potential and experimental reality highlights the
challenges of translating predictions into actionable insights,
which will be discussed in detail in the following subsection.
5.3. Overcoming challenges to unlock the potential of AI in
plant sciences

Despite the rapidly growing landscape of machine learning
tools in computational biology, applying such tools to plant
pathway elucidation remains a multifaceted challenge. First,
one of the main hurdles is simply navigating through the
extensive repertoire of available ML tools. For nearly every type
of prediction – localisation, functional annotation, structure, or
interaction –multiple ML tools exist; some of these have a broad
scope, while some are tailored to a specic subproblem.
However, high-quality pioneer work showcasing successful
application of these tools is very oen still lacking, especially in
specic areas such as plant pathway elucidation. Furthermore,
systematic comparisons or clear guidelines for selecting the
right tool for a given scientic problem are largely missing. Even
when such in-depth methodological reviews exist, they become
outdated quickly due to the rapid pace of new developments
and are oen not focussed on plant research.205,227 Moreover,
many models were trained on datasets with limited or no plant
representation, raising concerns regarding their reliability
when applied to plant research. In one study that specically
evaluated the transferability of a model trained on human
proteins to a plant dataset, the results showed poor perfor-
mance, highlighting the need for tools specically developed for
plant research.262

A related constraint is the enormous diversity of plant omics
data, which is of limited suitability as a comprehensive training
dataset for many ML applications in the eld of plant speci-
alised metabolism. Unlike human or microbial systems, from
which many ML tools originate, plant specialised metabolism
does not revolve around a single reference species or small
This journal is © The Royal Society of Chemistry 2026
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genomes, respectively, but spans more than 370 000 species.278

Less than 3000 plant genomes have been sequenced, and these
are dominated by a few families rich in crops and medicinal
species.7 Additionally, many pathways involved in specialised
metabolism in plants still lack experimental characterisation.
This means that the data available to train effective and precise
ML models tailored to biosynthetic pathways in plants are not
only skewed but also insufficient in size. Even for well-studied
pathways and plant groups, for which relevant data exist, they
are typically scattered across numerous databases, each with
different formats, quality standards, and accessibility. Conse-
quently, obtaining comprehensive, reliable, and high-quality
plant-specic training data remains a challenging and labour-
intensive process.

A further limitation concerns practical usability. Many ML
tools are not available as user-friendly web applications, or if
they are, they may be restricted in functionality, throughput, or
input size. Alternatively, running ML tools locally is an option,
which, however, introduces several complications. Primarily,
accessibility of ML tools is linked to clear, complete and
publicly available documentation, but this is not always guar-
anteed. Furthermore, installation and usage oen require
substantial technical skills, including managing package
dependencies, using command-line interfaces, and performing
manual pre-processing of input data. This is exemplied when
installing and running the latest version of AlphaFold 3 locally,
which only supports Linux and thus relies on command-line
usage. As a result, a signicant gap persists between devel-
opers of computational tools and actual potential end users in
plant science. Bridging this divide will require continued efforts
in interdisciplinary collaboration, training in bioinformatics,
and the willingness to explore and invest time in unfamiliar
computational methods. It also should be kept in mind that the
hardware requirements for many deep learning-based tools can
be substantial, which becomesmore obvious when tools are run
locally. For AlphaFold 3, for example, a high-end GPU, at least
64 GB of RAM, and up to 1 TB of storage to accommodate
genetic databases are required. These hardware requirements
not only come with high investment costs but also entail high
energy consumption – particularly when performing complex
predictions at large scale – which represents an additional
nancial factor and has considerable environmental implica-
tions, both when running the tools locally and on cloud-based
servers.

Nevertheless, there is cause for optimism. With the contin-
uous evolution of technologies, we can expect a gradual
bridging of the knowledge and data gaps in plant specialised
metabolism. Efforts to standardise data formats will further
help to improve the re-usability of omics data, particularly
metabolomics, for ML training. For example, the adoption of
the FAIR principles – which aim to make data Findable,
Accessible, Interoperable, and Reusable – and platforms such as
DataPLANT's PLANTdataHUB provide concrete guidance and
infrastructure for improving the sharing of plant omics data-
sets.279,280 Over time, ML tools should therefore become more
accurate, more accessible, and more widely applied. Until then,
ML already plays a crucial role by helping researchers navigate
This journal is © The Royal Society of Chemistry 2026
the expanding scale of plant-related data and by facilitating the
integration of complex computational tools.
6. Critical discussion and conclusions

All emerging technologies presented in this review exhibit
different strengths, limitations, and practical impact (Table 1).
Overall, co-expression-based methods will remain a major
strategy for discovering biosynthetic genes in plants, as their
power can be substantially enhanced by integrating additional
omics layers or by improving the resolution of data analysis.
Aligning insights from multi-omics data at a conceptual level to
formulate a shared hypothesis is already common in plant
pathway research, but true statistical integration of diverse
omics datasets remains challenging and rare. The growing
availability of high-quality public omics datasets, along with
bioinformatics tools for integrated analysis and visualisation,
will likely facilitate more effective multi-omics approaches in
the future.

Single-cell transcriptomics holds great potential for
improving co-expression analyses. Although still relatively
expensive and technically demanding, this approach has
already demonstrated utility as an emerging strategy for
successful pathway elucidation in cases where traditional co-
expression analyses have faced major barriers. Therefore,
single-cell transcriptomics will likely become one of the most
powerful strategies for pathway elucidation in plants.

Cross-species co-expression analyses, or phylotran-
scriptomics, offer an intriguing avenue for studying conserved
pathways. While this approach currently lacks robust case
studies, it has shown promising results in related elds, and
new tools may increase the applicability of this strategy in the
future.

Currently, one of the most powerful complements to co-
expression analysis comes from genomic data, particularly as
high-quality plant genomes become increasingly available.
Function-centric approaches – which search for biosynthetic
gene clusters (BGCs) based on gene families common for spe-
cialised metabolism – are highly powerful but are only appli-
cable if at least a subset of pathway genes is physically clustered.
This strategy has proven successful for a diverse set of pathways.
Synteny comparison, either as an alternative or in combination
with function-centric analysis, can also identify cryptic or
dispersed pathway genes with less dependence on known gene
functions. Plant-adapted tools for BGC discovery are becoming
more widely available and established, though tools for synteny
analysis are still limited.

Beyond gene clusters, GWAS provide a complementary
strategy to link genomic variation with specic phenotypes,
such as the ability to produce specialised metabolites. However,
GWAS not only require detailed population data and high-
quality datasets, but execution and analyses are also computa-
tionally intensive, limiting widespread adoption. Nonetheless,
GWAS can offer valuable complementary insights, particularly
when pathway genes are not physically clustered. Similarly,
epigenomics approaches are technically complex and data
Nat. Prod. Rep.
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Table 1 Critical comparison of emerging technologies for the discovery of biosynthetic genes in plants

Method Strengths Limitations Practical impact

Improved transcriptomic and multi-omics approaches
Multi-omics Offers multi-layer perspective;

insights at system level
Data integration can be complex Increasingly used; tools tailored to plants

increasingly available
Single-cell
transcriptomics

High resolution; uncovers
correlations hidden in bulk data

Sample preparation and data analysis
challenging; expensive

Emerging and powerful strategy; strong case
studies

Phylo-
transcriptomics

Insights into evolution and cross-
species pathway conservation

Restricted to conserved pathways;
normalisation challenging

Little used; studies from other elds suggest
potential

Genomic and population strategies
Genome
mining for
BGCs

Direct detection of co-localised
biosynthetic genes

Genes must be clustered; requires high-
quality genome sequence

Established and increasingly used; strong
case studies

Synteny
analysis

Discovery of gene associations
beyond canonical BGCs; insights into
evolution

Highly dependent on high-quality genome
sequences and conserved synteny

Not yet widely used; could offer
complementary evidence for BGC mining

GWAS Direct genotype–phenotype
association in populations

High computational demand; large
population datasets required

Potentially strong complementary strategy;
mainly used for crop plants, but limited
general use

Epigenomics Insights into regulatory state beyond
DNA sequence

Very data intensive; provides only indirect
link to pathways

Limited for pathway elucidation; mostly
regulation studies

Mining enzyme
families

Explores full sequence diversity of an
enzyme family

Restricted to certain enzyme families; large
candidate space

Still rarely used; high potential for specic
enzyme families

Protein-based strategies
Protein-level
correlation

Revealing further correlations
compared to expression data

Requires bait protein; higher experimental
effort

Niche; can provide complementary data

Chemo-
proteomics

No prior knowledge about target
enzymes required

Complex experimental design; not suitable
for all enzyme classes; requires synthesis
expertise

So far very rarely used; very high potential as
complementary approach

Protein–protein
interactions

Additionally reveals functional
enzyme networks

Limited throughput; complex experimental
setup

Rarely used for enzyme discovery; very high
potential

AI-based strategies
Explorative AI Detects hidden patterns across large

datasets
Very data intensive; application complex Still emerging; few successful case studies

available (e.g., SOMs)
Predictive AI Predicting cryptic properties better

than human experts and non-AI tools
Very data intensive, yet limited plant pathway
training data; application complex; tool
selection

Still emerging; mainly used in combination
with conventional approaches; high potential
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intensive. So far, they have been primarily applied to gene
regulation rather than direct pathway gene identication.

Another strategy is enzyme family mining, which involves
screening entire enzyme families for candidate genes. This
approach is independent of gene co-expression, co-regulation,
or co-localisation. However, it is so far only applicable to
enzyme families for which biochemical characterisation is
straightforward, for example due to a single shared substrate.
Furthermore, additional ltering strategies are required to
narrow down enzyme numbers to a reasonable level for exper-
imental validation.

Efforts to discover biosynthetic enzymes directly at the
protein level remain relatively niche, largely due to the
complexity of experimental design, setup, and data analysis.
Protein-level correlation analyses can complement gene
expression data, particularly when transcript–protein correla-
tions are weak; however, they also require a suitable bait protein
and exhibit limitations for low-abundance proteins. Chemo-
proteomics allows the identication of uncommon enzymes
Nat. Prod. Rep.
without prior knowledge, providing access to targets not easily
captured by other approaches; however, designing and carrying
out such experiments is highly challenging and requires suit-
able interdisciplinary expertise. Protein–protein interaction-
based strategies reveal functional biochemical networks and
thereby capture relationships that may be invisible from gene
expression or protein abundance data alone. However, the
throughput of such interaction studies is currently too low for
efficient enzyme discovery; in addition, the experiments are also
technically demanding. While none of these protein-based
methods is likely to replace transcriptomic or genomic
approaches in the near future, each offers distinct advantages
and can serve as a valuable complement when other strategies
reach their limits.

Finally, AI and ML tools hold great promise also for plant
specialised metabolism, but neither exploratory nor predictive
approaches have yet achieved major breakthroughs in the eld.
Some exploratory methods, such as self-organising maps, are
already more widely used, but their scope and impact remain
This journal is © The Royal Society of Chemistry 2026
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limited. Predictive tools rarely function effectively as standalone
approaches and are typically applied only in combination or in
comparison to conventional methods. Across both categories,
progress is constrained particularly by the limited availability of
high-quality training datasets specic for plant specialised
metabolism. A key challenge, but also the beauty of this eld, is
that individual biosynthetic pathways are highly diverse; even
minor evolutionary events can inuence the metabolic outcome
of a pathway, while in other cases independently evolved
pathways can converge on the same metabolites. This makes it
much more challenging to provide generalisable training data
for ML models. However, once pioneering studies demonstrate
clear, reproducible successes, ML tools are likely to become
a more integral part of pathway research.

To better illustrate these methodological developments and
improvements over the past decades, efforts to investigate the
biosynthesis of monoterpenoid indole alkaloids (MIAs) serve as
an exemplary blueprint for the historical progress in the eld.
Early stages of pathway elucidation relied primarily on forward
genetics, oen including direct purication of biosynthetic
enzymes from the native producers and cDNA library screening,
a slow and low-throughput process.281 This was subsequently
accelerated by sequence-based approaches enabled by
expressed sequence tags and transcript data, which allowed
candidate gene discovery based on homology to known gene
families and expression in relevant tissues.282 With the
increasing availability and quality of transcriptomic resources,
co-expression analysis became a powerful strategy which
enabled the discovery of novel enzymes beyond previously rec-
ognised families.283 Sequencing of plant genomes, such as that
of Catharanthus roseus in 2015, enabled genome-wide analyses,
revealing partial clustering and duplication of MIA biosynthetic
genes.284 However, as these MIA-associated clusters did not
represent entire pathways, alternative approaches were still
required.284 Therefore, comprehensive multi-omics and single-
cell approaches have recently been employed to resolve the
spatial and regulatory complexity of MIA biosynthesis, as
demonstrated in studies by Li et al.59 and Stander et al.285 In
parallel, proteomics-based identication of enzyme complexes,
for example in Mitragyna speciosa, has highlighted the appli-
cability of protein–protein interaction screening for pathway
discovery.181 Machine learning approaches based on expression
data have also been applied in MIA pathway research to pri-
oritise candidate biosynthetic genes, complementing co-
expression-based strategies.285,286

In conclusion, these developments in MIA biosynthesis
research demonstrate that – despite increasing data availability
and methodological sophistication – complete pathway eluci-
dation remains challenging due to factors such as spatial
compartmentalisation, non-canonical enzymes, and pathway
complexity. This underscores the value of complementary
approaches for gene discovery.

Therefore, overall, we consider a combination of enhanced
co-expression analyses and genome-based approaches to be the
current state-of-the-art strategy for discovering biosynthetic
genes in plants; other non-ML methods may serve as valuable
complements under suitable circumstances. While machine
This journal is © The Royal Society of Chemistry 2026
learning approaches are expected to gradually improve in
performance and applicability, non-ML strategies are likely to
remain central to the eld in the near future.
7. Author contributions

All authors performed literature research, wrote, edited, and
approved the nal manuscript.
8. Conflicts of interest

There are no conicts to declare.
9. Data availability

No primary research results, soware or code have been
included and no new data were generated or analysed as part of
this review.
10. Acknowledgements

JF and BP gratefully acknowledge joint funding by the German
Research Foundation (DFG) (FR 3720/7-1 and PU 718/2-1). JF
additionally acknowledges nancial support by the DFG via the
Emmy Noether programme (FR 3720/3-1) and the NSERC-DFG
SUSTAIN programme (FR 3720/8-1).
11. Notes and references

1 V. Courdavault, S. E. O'Connor, M. K. Jensen and N. Papon,
Nat. Prod. Rep., 2021, 38, 2145–2153, https://pubs.rsc.org/
en/content/articlehtml/2021/np/d0np00092b.

2 X. Zhu, X. Liu, T. Liu, Y. Wang, N. Ahmed, Z. Li and H. Jiang,
Plant Commun., 2021, 2, 100229, https://www.cell.com/
plant-communications/fulltext/S2590-3462(21)00131-0.

3 E. Kenshole, M. Herisse, M. Michael and S. J. Pidot, Curr.
Opin. Chem. Biol., 2021, 60, 47–54, https://
www.sciencedirect.com/science/article/pii/
S136759312030106X.

4 K. Scherlach and C. Hertweck, Nat. Commun., 2021, 12,
3864, https://www.nature.com/articles/s41467-021-24133-5.

5 K. D. Bauman, K. S. Butler, B. S. Moore and J. R. Chekan,
Nat. Prod. Rep., 2021, 38, 2100–2129, https://pubs.rsc.org/
en/content/articlehtml/2021/xx/d1np00032b.

6 J. Chen, Y. Zhang, Y. Li, Y. Liu, Q. Li, Z. Lv, M. I. Georgiev
and P. Liao, Engineering, 2025, DOI: 10.1016/
j.eng.2025.09.024.

7 R. Schwacke, M. E. Bolger and B. Usadel, Front. Plant Sci.,
2025, 16, 1603547.

8 L. Xie, X. Gong, K. Yang, Y. Huang, S. Zhang, L. Shen,
Y. Sun, D. Wu, C. Ye, Q.-H. Zhu and L. Fan, Nat. Plants,
2024, 10, 551–566, https://www.nature.com/articles/
s41477-024-01655-6.

9 M. H.Medema, T. de Rond and B. S. Moore, Nat. Rev. Genet.,
2021, 22, 553–571, https://www.nature.com/articles/s41576-
021-00363-7.
Nat. Prod. Rep.

https://pubs.rsc.org/en/content/articlehtml/2021/np/d0np00092b
https://pubs.rsc.org/en/content/articlehtml/2021/np/d0np00092b
https://www.cell.com/plant-communications/fulltext/S2590-3462(21)00131-0
https://www.cell.com/plant-communications/fulltext/S2590-3462(21)00131-0
https://www.sciencedirect.com/science/article/pii/S136759312030106X
https://www.sciencedirect.com/science/article/pii/S136759312030106X
https://www.sciencedirect.com/science/article/pii/S136759312030106X
https://www.nature.com/articles/s41467-021-24133-5
https://pubs.rsc.org/en/content/articlehtml/2021/xx/d1np00032b
https://pubs.rsc.org/en/content/articlehtml/2021/xx/d1np00032b
https://doi.org/10.1016/j.eng.2025.09.024
https://doi.org/10.1016/j.eng.2025.09.024
https://www.nature.com/articles/s41477-024-01655-6
https://www.nature.com/articles/s41477-024-01655-6
https://www.nature.com/articles/s41576-021-00363-7
https://www.nature.com/articles/s41576-021-00363-7
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6np00011h


Natural Product Reports Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

1 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/1
1/

20
26

 1
0:

11
:2

8 
PM

. 
 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
10 X. Rao and R. A. Dixon, Acta Biochim. Biophys. Sin., 2019, 51,
981–988, DOI: 10.1093/abbs/gmz080.

11 A. R. Fernie and T. Tohge, Annu. Rev. Genet., 2017, 51, 287–
310, DOI: 10.1146/annurev-genet-120116-024640.

12 A. Goossens, Mol. Plant, 2015, 8, 2–5, https://www.cell.com/
molecular-plant/fulltext/S1674-2052(14)00012-4.

13 L. Chuang, S. Liu and J. Franke, J. Am. Chem. Soc., 2023, 145,
5083–5091.

14 G. Polturak, M. Dippe, M. J. Stephenson, R. Chandra Misra,
C. Owen, R. H. Ramirez-Gonzalez, J. F. Haidoulis,
H.-J. Schoonbeek, L. Chartrain, P. Borrill, D. R. Nelson,
J. K. M. Brown, P. Nicholson, C. Uauy and A. Osbourn,
Proc. Natl. Acad. Sci. U. S. A., 2022, 119, e2123299119,
DOI: 10.1073/pnas.2123299119.

15 C. J. McClune, J. C.-T. Liu, C. Wick, R. de La Peña,
B. M. Lange, P. M. Fordyce and E. S. Sattely, Nature, 2025,
643, 582–592, https://www.nature.com/articles/s41586-025-
09090-z.

16 M. Kang, Y. Choi, H. Kim and S.-G. Kim, New Phytol., 2022,
234, 527–544, DOI: 10.1111/nph.17992.

17 J. Han, E. P. Miller and S. Li, Curr. Opin. Biotechnol., 2024,
87, 103137.

18 M. McConnachie, T.-A. M. Nguyen, T. Kim, T.-D. Nguyen
and T.-T. T. Dang, Plant J., 2025, 122, e70288.

19 F. C. Wolters, E. Del Pup, K. S. Singh, K. Bouwmeester,
M. E. Schranz, J. J. J. van der Hoo and M. H. Medema,
Curr. Opin. Plant Biol., 2024, 82, 102657, https://
www.sciencedirect.com/science/article/pii/
S1369526624001481.

20 R. Cavill, D. Jennen, J. Kleinjans and J. J. Briedé, Briengs
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S. M. Akmeşe, M. Perković, M. Soldát, J. Sivic and
T. Pluskal, BMC Bioinf., 2025, 27, 10, DOI: 10.1186/
s12859-025-06341-8.

155 I. Feussner and A. Polle, Curr. Opin. Plant Biol., 2015, 26,
26–31.

156 Y. Liu, A. Beyer and R. Aebersold, Cell, 2016, 165, 535–550.
157 M. J. Mart́ınez-Esteso, J. Morante-Carriel, A. Samper-

Herrero, A. Mart́ınez-Márquez, S. Sellés-Marchart,
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S. J. Tebbutt and K.-A. Lê Cao, Bioinformatics, 2019, 35,
3055–3062.

208 R. Shen, A. B. Olshen and M. Ladanyi, Bioinformatics, 2009,
25, 2906–2912.

209 T. Wang, W. Shao, Z. Huang, H. Tang, J. Zhang, Z. Ding and
K. Huang, Nat. Commun., 2021, 12, 3445.

210 B. Wang, A. M. Mezlini, F. Demir, M. Fiume, Z. Tu,
M. Brudno, B. Haibe-Kains and A. Goldenberg, Nat.
Methods, 2014, 11, 333–337.

211 S. Moon and H. Lee, Bioinformatics, 2022, 38, 2287–2296.
212 T. Hernández-Lao, M. Tienda-Parrilla, M. Labella-Ortega,

V. M. Guerrero-Sánchez, M.-D. Rey, J. V. Jorŕın-Novo and
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