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Non-ribosomal peptide synthetases and polyketide synthases are modular biosynthetic systems that

produce structurally diverse and pharmacologically potent natural products, including antibiotics,

immunosuppressants, and anticancer agents. Their programmable architecture has long inspired efforts

in biosynthetic re-engineering. This review highlights recent advances that are transforming non-

ribosomal peptide synthetase and polyketide synthase systems into versatile platforms for rational

design. We discuss progress in genome mining, high-throughput screening, and dereplication, alongside

emerging tools from synthetic biology and computational modeling. Particular focus is given to

structure-based approaches—such as homology modeling, molecular docking, and molecular dynamics

simulations—as well as deep learning strategies for enzyme prediction and design. Rather than replacing

classical techniques, these computational methods now complement and extend them, enabling

accelerating the discovery and assembly of tailor-made natural product analogs.
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1 Introduction: a new era for modular
biosynthesis of natural products

Nature has evolved sophisticated enzymatic systems to produce
structurally diverse and pharmacologically potent natural
products (NPs). Among these, non-ribosomal peptide synthe-
tases (NRPSs) and polyketide synthases (PKSs) are standout
examples of modular megasynthetases that construct complex
molecules in an assembly-line fashion. Their products include
several Food and Drug Administration (FDA) – approved drugs
(Fig. 1A), such as the antibiotic erythromycin,1 the immuno-
suppressant rapamycin,2 the anticancer agent epothilone B,3

the lipopeptide antibiotic daptomycin,4 and the antitumor
glycopeptide bleomycin.5 The modular architecture of NRPSs
and PKSs (Fig. 1B and C)—where discrete domains govern
substrate activation, chain elongation, and product release—
This journal is © The Royal Society of Chemistry 2026
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makes them ideal candidates for rational reprogramming and
pathway engineering.

At their core, NRPSs and PKSs are built from repeating
modules (Fig. 2A), each composed of specic catalytic domains
that govern substrate selection, activation, and elongation. In
NRPSs, adenylation (A) domains select amino acid substrates,
Biyan Chen

Biyan Chen is a PhD student in
the “Synthetic Biology of Micro-
bial Natural Products” group at
the Helmholtz Institute for Phar-
maceutical Research Saarland
(HIPS). She received her BSc in
Bioengineering from Changsha
University of Science and Tech-
nology and her MSc in Genomics
from the University of the
Chinese Academy of Sciences.
Her research focuses on synthetic
biology approaches and NRPS
engineering to develop novel
bioactive compounds.

Emre F: Bülbül
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which are tethered via a thiolation (T/PCP) domain and ligated
by condensation (C) domains.6 PKSs follow an analogous logic,
where acyltransferase (AT) domains load acyl precursors onto
acyl carrier proteins (ACPs), and ketosynthase (KS) domains
catalyze carbon–carbon bond formation. In both, NRPS and PKS
systems, the release of the mature NP—whether linear, cyclic, or
branched-cyclic—is typically mediated by thioesterase (TE)
domains, which also facilitate the regeneration of the enzymatic
machinery. In addition, tailoring domains—including epimer-
ases (E), methyltransferases (MT), ketoreductase (KR), dehy-
dratase (DH), enoylreductase (ER), and cyclization (Cy)
domains—play a key role in expanding the chemical diversity of
NPs.7 Notably, due to the structural and mechanistic similari-
ties between NRPS and PKS systems, it is not surprising that
NRPS–PKS hybrid enzymes exist.8 These hybrids integrate
domains from both biosynthetic families, generating complex
scaffolds with exceptional structural and functional diversity.

Owing to their modular enzymatic organization, mega-
synthetases have long attracted interest for engineering NP
diversity (Fig. 2A). Yet, efforts to reprogram these pathways have
been constrained by domain incompatibility, substrate speci-
city, and structural complexity.9,10 At the same time, the pace of
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Fig. 1 Clinically relevant NPs and biosynthetic pathways in NRPS/PKS Systems. (A) Selected FDA-approved drugs derived from NRPS and PKS
pathways, illustrate the clinical relevance and chemical diversity of modular biosynthetic systems. Representative biosynthetic pathways of (B)
PKS and (C) NRPS, highlighting the modular organization and key domains involved in NP assembly.
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Fig. 2 Overview of key engineering strategies used to reprogram
NRPS and PKS assembly lines. (A) Domain and module exchange using
various recombination strategies; (B) synthetic zippers that enable
non-covalent linkage between modules; (C) site-directed mutagen-
esis and directed evolution to fine-tune catalytic domains such as A or
AT domains for altered substrate specificity.
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discovering novel NRPS/PKS-derived compounds has slowed—
largely due to frequent rediscovery of known scaffolds, diffi-
culties in activating silent biosynthetic gene clusters (BGCs),
and the limitations of traditional screening approaches.11 The
inherent structural complexity of these molecules also compli-
cates chemical synthesis, limiting structure activity relationship
(SAR) exploration and scalable production.12

A new generation of tools is transforming modular biosyn-
thesis from a trial-and-error pursuit into a programmable
design discipline. Synthetic biology, genome mining, high-
throughput screening (HTS), and computational modeling
now converge within the Design-Build-Test-Learn (DBTL)
framework, enabling biosynthetic innovation through iterative,
data-driven cycles. In the Design phase, structural modeling,
sequence analysis, and AI-based predictions guide the selection
and optimization of enzymes or pathways. The Build step uses
DNA synthesis, domain swapping, and mutagenesis to
assemble engineered systems. Test involves phenotypic
screening, metabolite proling, or functional assays to evaluate
outcomes. Finally, the Learn phase integrates experimental
results—oen viamachine learning (ML)—to rene subsequent
design iterations. Increasingly adopted in NRPS and PKS engi-
neering, the DBTL framework is accelerating NP discovery and
helping transform modular biosynthesis into a more rational,
scalable, and predictive design process.13

This review explores how recent advances are transforming
NRPS/PKS assembly-lines into programmable platforms for NP
discovery and design. We begin by highlighting innovations in
genome mining and heterologous expression that unlock silent
or cryptic BGCs across diverse organisms (Section 2). These
advances are complemented by HTS and analytical technologies
(Section 3) that accelerate the structural and functional char-
acterization of resulting biosynthetic products. Section 4 then
explores emerging strategies for module- and domain-level re-
engineering, including the use of eXchange Units (XUs),
synthetic interaction motifs, and structure-guided mutagenesis
to tailor enzyme function. Eventually, we focus on computa-
tional approaches—spanning structure prediction, molecular
This journal is © The Royal Society of Chemistry 2026
modeling, and articial intelligence (AI)-driven design—which
increasingly enable predictive substrate selection, enzyme
engineering, and pathway optimization (Section 5). Together,
these developments signal a shi from empirical exploration to
a data-driven, programmable era of biosynthetic engineering.
2 Emerging strategies in natural
product discovery

NPs remain a foundational resource for drug development,
offering chemically diverse scaffolds with potent biological
activities.14,15 Yet, the systematic discovery and functional
characterization of new compounds remain hindered by several
longstanding challenges—such as the low expression or tran-
scriptional silence of BGCs, the frequent rediscovery of known
molecules, and the inaccessibility of NPs from uncultivable
organisms.11,16 Recent years, however, have seen a paradigm
shi in NP research, driven by advances in genomemining, ML,
and synthetic biology. These innovations have given rise to
a dual strategy: (i), leveraging computational tools to system-
atically uncover novel BGCs across genomic and metagenomic
datasets; and (ii), deploying metabolic engineering, heterolo-
gous expression, and regulatory rewiring to experimentally
access and optimize the compounds they encode.13 The
following sections highlight how computational discovery and
functional reconstitution are converging to transform NP
research from a largely serendipitous endeavor into a predic-
tive, scalable process—bridging the gap between genetic
potential and chemical realization.
2.1 Mining biosynthetic gene clusters

Genome mining is a foundational strategy in modern NP
research. Sequencing platforms such as Illumina, PacBio, and
Oxford Nanopore have made it routine to generate genomic
data from diverse microbes.17 Combined with automated
genome mining tools, this has enabled the rapid identication
of BGCs, including those encoding antibiotics (e.g., cilagicin,18

macolacin19) and antifungals (e.g., mandimycin20).
Among the available tools, antiSMASH remains the most

widely adopted platform, offering detection and annotation of
over 100 BGC types across bacteria, fungi, and archaea.21 It also
enables structural prediction, cluster visualization, and
comparative analysis. Domain-specic extensions like plantiS-
MASH22 and gutSMASH23 tailor the tool for plant and micro-
biome datasets. Tools like PRISM 4.0,24 EvoMining,25 and
ClusterFinder26 extend structure prediction and phylogeny-
guided discovery capabilities. To push beyond known cluster
types, ML and natural language processing (NLP) have been
integrated into BGC detection. Tools such as DeepBGC,27 BIG-
CARP,28 GECCO,29 SanntiS,30 and TOUCAN31 are enhancing the
discovery of novel and atypical BGC architectures, with
TOUCAN optimized for fungal genomes.

Beyond core mining, several tools focus on substrate speci-
city prediction, particularly for A domains in NRPSs. These
include traditional motif and ML-based predictors such as
NRPSpredictor2,32 SANDPUMA,33 and AdenPredictos,34 as well
Nat. Prod. Rep., 2026, 43, 352–370 | 355
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as advanced deep learning models like DeepAden35 and PARAS/
PARASECT,36 which offer high-accuracy inference across broad
taxonomic ranges. These predictors are essential for linking
gene clusters to chemical structures. Additional tools provide
functional modeling and design capabilities. For example,
ClusterCAD 2.0 37 enables rational design of modular PKS/NRPS
pathways, while RAIChU38 automates visualization and tailoring
logic in hybrid clusters. Despite its age, the PKS-NRPS analysis
website39 remains in use and continues to offer rapid prelimi-
nary insight into domain architecture and putative product
structure.

Furthermore, several novel categories of tools are emerging
that bridge genomic mining with experimental data, offering
new solutions for retrobiosynthesis. Examples include BCCoE,40

BioCAT,41 and NRPminer.42 Among these, BCCoE serves as
a versatile framework applicable to a broad spectrum of NPs,
whereas BioCAT and NRPminer are specialized in non-
ribosomal peptide (NRP) prediction.

Overall, these approaches are powered by curated reference
databases with MIBiG43 remaining the gold standard, housing
functionally validated BGCs. Additional repositories like anti-
SMASH-DB,44 IMG-ABC,45 and BiG-FAM46 provide vast compar-
ative genomic resources, while environment-specic datasets
for the human microbiome,47 marine microbes,48 and plant-
associated communities49 expand the ecological and func-
tional scope of discovery.

A comprehensive summary of these tools, their core func-
tions, and access links are presented in Table 1. Collectively,
they represent a powerful computational ecosystem for
systematic BGC detection, annotation, and prioritization across
diverse datasets.

By enabling the systematic detection and annotation of
BGCs across diverse microbial genomes, these computational
tools have fundamentally reshaped the discovery phase of NP
research. Nonetheless, translating these genomic predictions
into bioactive compounds remains a major challenge—
requiring dedicated experimental strategies for heterologous
expression, pathway activation, and functional validation, as
discussed in the following section.
2.2 Metabolic engineering and heterologous expression

While bioinformatics-driven genome mining has vastly
expanded the catalog of BGCs, the experimental realization of
their encoded NPs remains a signicant bottleneck. Two core
challenges persist: many BGC-bearing organisms are unculti-
vated, and even in cultivable strains, BGCs are frequently silent
under standard laboratory conditions, hindering expression
and compound isolation.16 To bypass these limitations, heter-
ologous expression is a central strategy. Many NRPS- and PKS-
encoding BGCs can be transferred into genetically tractable
hosts. This process requires robust vector systems capable of
accommodating large DNA fragments, including cosmids (30–
40 kb), fosmids (40–50 kb), bacterial articial chromosomes
(BACs) (100–300 kb), and fungal articial chromosomes (FACs)
(>100 kb).50,51 Complementary to this, in vivo genome editing
tools such as RedEx,52 transformation-associated
Nat. Prod. Rep., 2026, 43, 352–370 | 357
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recombination (TAR),53 and CRISPR-Cas9 54 have enabled scar-
less editing, assembly, or transfer of BGCs directly into host
genomes.

Selecting an appropriate expression chassis is equally crit-
ical. Numerous BGCs have been successfully reconstructed in
model organisms such as Streptomyces sp.,55 Saccharomyces
cerevisiae,56 and Escherichia coli,57 chosen for their genetic
accessibility, metabolic capacity, and prior track records in NP
biosynthesis. A major advance in this space is the recently
developed ACTIMOT (Advanced Cas9-mediated in vivo Mobili-
zation and Multiplication of BGCs).58 This system mimics
natural gene mobilization mechanisms, using CRISPR-Cas9 to
excise and relocate BGCs onto multicopy plasmids directly
within the native host. This enables simultaneous amplication
and derepression of target pathways, boosting yield and
bypassing the need for ex vitro cloning. Using ACTIMOT, 39
previously uncharacterized NPs spanning four compound
classes have been successfully identied from cryptic gene
clusters in Streptomyces.

Beyond heterologous expression, various strategies have been
developed to awaken silent or poorly expressed BGCs in cultur-
able hosts. These include: (i) global host rewiring via directed
evolution to perturb transcriptional or metabolic networks that
control secondarymetabolism;59–61 and (ii) targeted promoter and
regulator engineering, including the replacement, deletion, or
synthetic refactoring of promoters, enhancers, and repressors to
boost transcriptional output.62–64 Environmental cues (e.g., pH,65

temperature,66 nutrient composition67) and co-culture systems
mimicking ecological interactions can selectively induce cryptic
pathways, while integration with genome editing enables mech-
anistic dissection of microbial communication.68–70 The strategy
of implementing metabolic pathway spatial division through
synthetic microbial communities demonstrates unique advan-
tages. To name just one example, Scheffersomyces stipitis was
engineered for upstream shikimate ux amplication, while S.
cerevisiae was tasked with downstream conversion to (S)-norco-
claurine.71 The co-culture achieved a 110-fold increase in product
yield compared to monoculture controls, demonstrating the
power of distributed biosynthesis.

Traditional metabolic engineering strategies that rely on
host organisms oen face signicant bottlenecks during
fermentation processes—such as prolonged expression times,
product or intermediate toxicity coupled with feedback inhibi-
tion, and limited membrane permeability of products or
substrates. Cell-free system (CFS)-based production strategies
offer a potent solution to these limitations.72 CFS can bypass
cellular toxicity constraints and enables rapid prototyping of
biosynthetic pathways for NPs.73 Furthermore, in the context of
retrobiosynthetic analysis, CFS facilitates the fast validation of
proposed synthetic routes.74 Looking ahead, the integration of
AI-based fully automated workows promises to unlock its full
potential within synthetic biology.75,76

With these technological advances, an unprecedented number
of BGCs are now experimentally accessible. The next challenge is
the high-throughput structural and functional characterization of
their encoded products—a critical step for prioritizing novel
compounds and informing downstream development.
358 | Nat. Prod. Rep., 2026, 43, 352–370
3 High-throughput platforms for
structure, function, and scale

As the inventory of accessible BGCs grows, high-throughput
platforms are becoming essential to assess chemical novelty
and biological activity.11 This section explores how analytical
and automation technologies now support systematic
compound detection, structural annotation, and functional
screening—linking biosynthetic potential to chemical output at
scale.
3.1 High-throughput platforms: from detection to
functional proling

HTS platforms now span the full spectrum of compound char-
acterization—from pathway activation and expression to struc-
tural elucidation and phenotypic proling. A key application is
the activation of silent BGCs, where small molecule libraries are
employed in high-throughput elicitor screening (HiTES)
formats to chemically perturb native regulatory circuits.77 For
example, the anticancer compound momomycin was identied
from Streptomyces rimosus using matrix-assisted laser desorp-
tion ionization time of ight mass spectrometry (MALDI-TOF-
MS)–guided HiTES. Building on this, laser ablation electrospray
ionization mass spectrometry (LAESI-MS) has enabled ambient-
pressure, genetically agnostic workows for elicitor discovery
across diverse bacterial strains.78

On the structural side, analytical miniaturization has rede-
ned scale and resolution. Printed droplet microuidics
combined with MALDI-MS has enabled metabolic nger-
printing of thousands of PKS variants, revealing novel catalytic
proles.79 In parallel, platforms like array electron diffraction
(ArrayED) integrate high performance liquid chromatography
(HPLC), microcrystal electron diffraction (microED), and
transmission electron microscopy (TEM) to directly identify
crystalline compounds from crude extracts, dramatically accel-
erating structure elucidation.80

Functional proling has also become more scalable. Plat-
forms such as the nanoliter matrix SlipChip (nm-SlipChip)
support combinatorial screening of hundreds of drug–
microbe interactions in parallel,81 while droplet-based systems
like the nanoFleming enabled co-culture phenotyping of over
6000 lanthipeptides, leading to the discovery of over 100 novel
antimicrobials.82 These innovations not only have the potential
to accelerate discovery but also to generate structured, high-
resolution phenotypic data that support predictive modeling
of bioactivity and rational prioritization of new biosynthetic
designs.83

To support throughput and reproducibility, automation
frameworks are increasingly integrated into high-throughput
pipelines. The “Make It” platform, for example, combines
DESI-MS with robotic sample handling to process over 6000
samples per hour.84 More complex systems incorporate as many
as 18 robotic instruments with cloud-based analytics to execute
end-to-end liquid chromatography-mass spectrometry (LC-MS).
Originally developed for monoclonal antibodies, this architec-
ture is adaptable to NP pipelines.85
This journal is © The Royal Society of Chemistry 2026
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3.2 Dereplication and data-driven prioritization

With growing analytical throughput, dereplication has become
indispensable for ltering known compounds early and
focusing efforts on novel chemistry.11,86,87 Mass spectrometry
(MS)-based molecular networking tools like Global Natural
Products Social Molecular Networking (GNPS) organize MS/MS
spectra into structural similarity networks, enabling rapid
annotation through spectral matching and network-based
propagation.88 Building on this, DEREPLICATOR+89 and Mol-
Discovery90 apply graph-based analysis and probabilistic
modeling, respectively, to annotate peptide and polyketide
structures. MassKG extends this approach through AI-driven in
silico fragmentation and candidate scoring.91

Beyond spectral matching, structure-based tools expand
dereplication capabilities by reconstructing fragmentation logic
or inferring compound families without relying on complete
spectral libraries. SIRIUS/CSI:FingerID leverages fragmentation
trees for formula prediction and structural annotation, while
SNAP-MS bypasses full spectral libraries by clustering related
subnetworks.92 One example of multi-tool integration is
IMN4NPD (Integrated Molecular Networking for Natural
Product Dereplication),93 which combines GNPS spectral
libraries,88 NPClassier,94 MolDiscovery,90 and similarity
metrics like Spec2Vec95 and MS2DeepScore.96 This composite
workow improves dereplication resolution, reduces false
negatives, and enables the annotation of both, large molecular
clusters and previously overlooked nodes.

Although MS dominates, nuclear magnetic resonance (NMR)
continues to offer crucial orthogonal insight—particularly in
distinguishing stereoisomers and resolving structures in
complex mixtures.97 Diffusion-ordered spectroscopy (DOSY)-
based dereplication frameworks use diffusion coefficients and
physicochemical properties to infer molecular weights and
mixture composition, offering a high-throughput,
chromatography-free alternative for early-stage dereplication.98

In sum, these high-throughput and dereplication strategies
now form a critical interface between biosynthetic diversity and
design-driven workows. By accelerating structure–function
mapping and eliminating rediscoveries, they streamline NP
discovery. Simultaneously, they generate the standardized high-
density datasets needed to train predictive models, prioritize
hits, and evaluate design hypotheses. While these tools do not
directly reprogram pathways, they provide the empirical foun-
dation for data-driven biosynthetic design—linking structural
discovery to the iterative DBTL cycle at the heart of modern NP
engineering.

4 From discovery to design:
megasynthetase engineering at the
brink of realization

Decades of research into the architecture and biochemical logic
of NRPS and PKS systems have laid a strong foundation for their
rational reprogramming.6,7 Today, we stand at the cusp of a new
era in modular biosynthesis—where insights from structural
biology, synthetic biology, and computational modeling are
This journal is © The Royal Society of Chemistry 2026
beginning to converge into actionable engineering strategies.
Yet, despite remarkable progress, the eld has not fully crossed
the threshold from potential to routine application. Persistent
challenges—such as limited interdomain compatibility,
unpredictable recombination outcomes, and substrate speci-
city constraints—continue to temper success rates.9,10 The
following sections explore how the latest breakthroughs in
NRPS and PKS re-engineering (Fig. 2), guided by both natural
evolution and structure-informed design, are pushing the
boundaries of what is currently achievable, moving modular
biosynthesis from concept toward realization.
4.1 Module-based re-engineering

The modular logic of NRPS and PKS systems has long suggested
the potential for rational reprogramming. However, early engi-
neering efforts were constrained by assumptions of structural
rigidity—particularly the prevailing notion that C–A di-domains
form a structurally and functionally inseparable unit within
NRPSs.99 Over the past ve years, advances in structural biology
and evolutionary analysis have reshaped this view, enabling
a new generation of modular engineering strategies.7,100–102

In NRPS systems, modular re-engineering strategies have
evolved beyond classical C–A–T denitions (Fig. 2A). Earlier
concepts such as exchange units (XUs)100 and exchange unit
condensation domains (XUCs)103 demonstrated that recombi-
nation at structurally permissive junctions—like the C–A linker
or within the bifunctional C domain—can yield functional
chimeras. However, these approaches oen required close
evolutionary relationships between donor and recipient
modules.

The recently developed XUT (eXchange Unit within the Thi-
olation domain) strategy offers greater exibility than previous
approaches by leveraging evolution-guided recombination sites
within the T domain itself.102 Phylogenetic Hidden Markov
Models and ML revealed regions of evolutionary incongru-
ence—most notably around the conserved FFxxGGxS motif,
which functions as the phosphopantetheinylation site—high-
lighting these as candidate regions for homologous recombi-
nation. While the relative frequency of such events in nature
remains unclear, functional screening conrmed that this and
other positions within the T domain support productive
recombination, enabling high-yield peptide synthesis even
across distantly related taxa. In a systematic benchmarking
effort, XUT outperformed both XU and XUC approaches in
terms of yield and compatibility, enabling over 40 chimeric
NRPS constructs across phyla. The practical utility of XUT has
since been validated in complex re-engineering efforts. One
study successfully employed XUT fusions to reconstitute
a hybrid NRPS–PKS pathway from four separate fragments,
producing a selective immunoproteasome inhibitor.104 Another
study used the strategy to dissect and refactor the odilorhabdin
BGC in E. coli, enabling mechanistic insights into its biosyn-
thesis and prodrug activation mechanism.105

Similar modular concepts have been successfully adapted for
PKS engineering, especially in cis-AT systems (Fig. 2A). Phylo-
genetic and structural analyses prompted a redenition of
Nat. Prod. Rep., 2026, 43, 352–370 | 359
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traditional module boundaries—shiing from KS–AT–ACP to
AT–ACP–KS—which more accurately reects natural recombi-
nation sites.7,101 Using this framework, researchers developed
PKS exchange units that mirrored the XU concept and enabled
the efficient engineering of systems like the pikromycin PKS,
yielding enhanced substrate exibility and improved produc-
tivity.106 Additional studies on tylosin and rapamycin synthases
identied KS mid-domain regions as recombination hotspots,
supporting the design of stambomycin PKS hybrids with high
catalytic efficiency.107,108 While trans-AT PKSs lack the strict
architectural modularity of cis-AT systems, recent work has
demonstrated that they can still be engineered using func-
tionally modular principles.109,110 In a seminal study, statistical
coupling analysis was applied to identify co-evolving residues
within the KS domain, uncovering a conserved LPTYPFx5W
motif. This site enabled the design of minimal ACP–KS
exchange units, which were successfully introduced into Serra-
tia plymuthica and Gynuella sunshinyii. The engineered systems
produced 22 functional variants, highlighting the evolutionary
plasticity of trans-AT PKSs. Their modular compatibility, shaped
by horizontal gene transfer, offers a versatile platform for
programmable biosynthesis across genera.110

Whereas modular engineering approaches usually rely on
intra-polypeptide recombination, synthetic interaction motifs
now enable the separate expression and post-translational in
vivo assembly of NRPS and PKS fragments into functional
multiprotein systems. Although structurally distinct, these
elements emulate the core principle of natural docking
domains and thus expand the modularity and design exibility
of engineered megasynthetases.111,112 Among these, synthetic
zippers (SynZips)113—engineered coiled-coil motifs originally
developed for PKSs114—have been successfully adapted to
NRPSs, where they now enable high-delity reassembly of large
multimodular enzymes across articial junctions (Fig. 2B).115

Notably, SynZips bypass native docking constraints and have
been structurally optimized for modular compatibility and
productivity.116 Extending this synthetic toolkit, SpyTag/
SpyCatcher peptide–protein pairs offer a covalent linkage
strategy that has been applied to both PKSs117 and NRPSs118 to
stabilize large biosynthetic assemblies, resulting in modest
yield improvements in selected systems by enhancing inter-
domain proximity and complex stability. Last but not least,
DNA-templated NRPS assembly offers a spatially dened,
scaffold-based approach in which biosynthetic modules are
organized along synthetic DNA strands for substrate channeling
and pathway coordination.119

In sum, these approaches show that NRPS and PKS systems
can be reconstituted frommodular fragments. However, precise
control over catalysis and substrate specicity oen requires
domain-level re-engineering—a complementary strategy that
enables targeted functional tuning without compromising
overall scaffold integrity.
4.2 Domain-based re-engineering

While module-level strategies enable large-scale recombination
of biosynthetic logic, domain-based re-engineering offers more
360 | Nat. Prod. Rep., 2026, 43, 352–370
granular control. By targeting individual catalytic domains to
modulate substrate specicity, catalytic efficiency, or product
structure, structural preservation is oen increased. This
approach has gained momentum as a complementary method
to modular recombination, particularly in cases where scaffold
integrity or host compatibility imposes constraints on full-
module swaps.9,120

4.2.1 Fine-tuning substrate specicity in NRPS and PKS
systems. In NRPSs, substrate selection is primarily determined
by the A domain, whose specicity is encoded by a set of ∼10
residues within the substrate-binding pocket—known as the
“Stachelhaus code”.121 Early studies demonstrated that targeted
mutagenesis of these residues can successfully reprogram the A
domain to recognize alternative amino acids (Fig. 2C).122,123

Beyond canonical amino acids, the introduction of non-
proteinogenic substrates—such as b-amino acids,124 alkynes125

or aromatic mimics126—has unlocked new opportunities to
expand structural diversity and pharmacological function in
non-ribosomal peptides. Similarly, in PKSs, substrate identity is
dictated by the AT domain, which contains a conserved ∼100-
residue motif downstream of the catalytic serine.127 Rational
mutagenesis of this region (Fig. 2C) has enabled AT domains to
accept native or non-native extender units, including malonyl
analogs and uorinated precursors—diversifying polyketide
scaffolds with novel functionalities.128–130

To accelerate the engineering of these catalytic domains,
HTS strategies have emerged as powerful tools. Hilvert's group
pioneered a yeast surface display–FACS platform for evolving A
domain specicity, enabling the selective incorporation of non-
canonical substrates such as (S)-b-phenylalanine124 and 4-
propargyloxy-phenylalanine.131 This platform has since been
extended to the C domain, allowing direct screening for activity
and specicity, and highlighting the feasibility of activity-
guided evolution for previously intractable NRPS domains.132

These methods offer an efficient route to explore domain plas-
ticity beyond what structure-guided approaches alone can
predict.

4.2.2 Revisiting domain substitution and inter-domain
compatibility. Beyond point mutations, domain substitution
remains a central approach in engineering NRPS and PKS
systems. However, early A domain replacements oen suffered
from reduced yields due to incompatibility with anking
domains.133,134 To address this, some studies proposed C–A di-
domain substitution, based on the assumption that these
regions co-evolve and must be retained as functional units.99,135

Yet this hypothesis has recently been challenged.136,137 A land-
mark study combined DNA shuffling with structure-based
modeling to identify optimal recombination boundaries for
single A domain replacements within the Pseudomonas aerugi-
nosa pyoverdine producing synthetase PvdD. The results
showed that appropriate boundary selection, not obligatory co-
evolution, was key to functional success—reframing how we
approach NRPS domain modularity.137

Analogous insights have emerged in PKS engineering.
Although AT domain substitutions can reprogram extender unit
specicity, the success of these swaps is oen limited by
interdomain communication with adjacent KS or ACP
This journal is © The Royal Society of Chemistry 2026
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domains.138,139 To overcome these challenges, researchers have
explored multi-domain replacements and structurally informed
boundary optimization.107,140,141 A particularly notable example
involved the insertion of a murine malonyl-acetyltransferase
(MAT) domain from fatty acid synthase into the DEBS PKS.
This engineered FAS–PKS hybrid enabled the site-selective
incorporation of non-natural uorinated extender units, such
as uoromalonyl-CoA and uoromethylmalonyl-CoA, into
macrolide backbones—yielding uorinated derivatives like 2-F-
YC-17 and 2-F-methymycin.142 This work demonstrates how
domain substitution strategies, guided by structural compati-
bility and substrate promiscuity, can be harnessed to expand
the chemical repertoire of biosynthetic systems.

Domain-based re-engineering offers increasingly precise
control over NRPS and PKS pathways, enabling the modulation
of substrate specicity, catalytic activity, and structural diver-
sity. Yet the success of these strategies oen depends on
detailed knowledge of domain structure, function, and
compatibility—knowledge that is increasingly provided by
computational tools. As such, the next section examines how
structure-based modeling and ML are transforming the rational
design and optimization of modular biosynthetic systems.
5 Computational approaches for
NRPS/PKS engineering

Computational tools are transforming how NRPS and PKS
systems are studied, redesigned, and optimized.143 From pre-
dicting enzyme structures to simulating domain interactions
and assessing mutational impacts, these methods are acceler-
ating discovery and enabling rational engineering of modular
biosynthetic pathways. This section outlines two broad
Fig. 3 Structure-based approaches for NRPS/PKS enzyme engineering
sequence. (2) 3D structural models are created using homology modelin
MD simulations explore dynamic behavior and conformational flexibility
residue analyses to evaluate mutations quantitatively. (5) Computation
neering cycle (design-build-test-learn). Depending on research goals, st
individual steps, such as docking or molecular dynamics alone.

This journal is © The Royal Society of Chemistry 2026
categories of computational strategies gaining traction in NRPS
and PKS research: structure-based modeling (e.g., homology
modeling, docking, molecular dynamics (MD), and energetic
analysis) and AI-driven approaches. These complementary
approaches are driving a shi toward predictive, programmable
biosynthesis—especially when embedded in iterative DBTL
cycles that accelerate engineering of NP diversity.
5.1 Structure-based modeling: understanding the modular
machinery

Structure-based modeling, whether applied as individual tech-
niques or integrated workows, forms the foundation of many
computational strategies in NRPS and PKS engineering. These
approaches provide critical insights into domain organization,
substrate recognition, and conformational exibility, key
factors that guide rational pathway design. The workow (Fig. 3)
typically begins with homology modeling or AI-assisted struc-
ture prediction, which addresses the fundamental question:
“What does the enzyme or domain look like?”144,145 Next,
molecular docking is used to explore substrate binding and
domain–domain interactions, helping to answer: “How do
substrates or domains interact?”146,147 To move beyond static
models, MD simulations reveal time-resolved exibility and
conformational changes, addressing: “How does the system
move or adapt?”148,149 Finally, binding free energy (BFE) calcu-
lations and per-residue energy decomposition provide quanti-
tative assessments of how specic mutations impact binding
affinity or catalytic efficiency, essential for prioritizing engi-
neering strategies.146,150 When integrated into experimental
workows, these methods create a powerful, iterative design
cycle for biosynthetic pathway optimization.
. (1) Structure-based approaches start from the primary amino acid
g and docking to study interactions between domains or substrates. (3)
. (4) Simulation results are used for BFE calculations and detailed per-
al predictions inform experimental testing, forming an iterative engi-
udies may utilize either the complete workflow or focus selectively on

Nat. Prod. Rep., 2026, 43, 352–370 | 361
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Accurate structural models are critical for analyzing enzyme
function and guiding mutagenesis.151 Despite substantial
sequence variability across NRPS and PKS proteins, both
conserved tertiary architecture and well-characterized sequence
motifs enable the construction of reliable homology models,
even at modest sequence identity.6,7 For example, the
HHXXXDG motif in C domains,152 the FFXXGGXS motif in T
domains,153 and the A1–A10 consensus motifs in A domains121

are essential for proper functioning of their respective modules.
These conserved features support substrate specicity analysis,
domain interface design, andmolecular replacement, providing
a foundation for rational engineering.

Recent AI-based structure predictors such as AlphaFold2,151

RoseTTAFold,154 and Uni-Fold155 have signicantly advanced the
accuracy and coverage of structural modeling, offering partic-
ular value for NRPS and PKS domains, which oen lack exper-
imentally determined structures. For instance, AlphaFold2 has
been applied to generate a high-condence model of a terminal
NRPS domain involved in putrescine incorporation, which
subsequently guided mutagenesis experiments that enhanced
substrate binding.156 In other case, Uni-Fold has been used to
model a fungal methyltransferase domain involved in leuci-
nostatin biosynthesis.157 The predicted structure enabled
detailed docking andMD simulations that revealed key catalytic
residues and supported iterative N-methylation mechanisms. In
addition to these AI-driven approaches, numerous other studies
have employed homology modeling using template-based tools
to investigate NRPS and PKS domains, supporting applications
ranging from substrate specicity analysis to domain–domain
interface design.137,158,159 However, despite their accuracy, pre-
dicted static models oen fail to capture conformational states
relevant to catalysis. This highlights the growing need for state-
specic modeling and simulation-based approaches that can
resolve dynamic structural transitions in biosynthetic enzymes.
In this context, available cryo-EM and crystal structures depos-
ited in the PDB, which represent distinct catalytic or substrate-
bound states, can serve as valuable templates to guide such
modeling efforts.152,160–162

Once a reliable structural model is available, molecular
docking becomes a key tool to investigate how substrates bind
to catalytic domains and how adjacent domains interact within
modular NRPS or PKS systems. These simulations generate
structural hypotheses that can inform mutagenesis and
pathway redesign. For example, homology modeling has been
combined with docking to analyze substrate binding in the A
domain of enniatin synthetase revealing backbone carbonyl
interactions critical for a-hydroxy acid recognition, which were
experimentally validated through mutagenesis.158 Docking is
equally valuable for exploring domain–domain interactions. For
instance, protein–protein docking approaches have been used
to understand how the T domain aligns with the C domain
during peptide elongation, revealing interface contacts that
position the phosphopantetheinylation arm for catalysis.163 In
addition to these cases, numerous other studies have employed
docking across a variety of NRPS and PKS systems to investigate
substrate specicity, and domain compatibility.156,164,165 These
examples illustrate how docking can provide mechanistic
362 | Nat. Prod. Rep., 2026, 43, 352–370
insights into both substrate recognition and domain coordi-
nation. However, since docking typically treats proteins as rigid
bodies, it is oen complemented with MD simulations to
account for conformational exibility and enhance biological
relevance.

MD simulations complement docking by capturing time-
resolved structural changes that static techniques like crystal-
lography cannot. These dynamic insights are especially valuable
for dissecting interdomain interactions and catalytic mecha-
nisms in NRPS and PKS systems. For instance, MD simulations
have been used to investigate interactions between T domains
and A domains in a type II NRPS, highlighting the crucial role of
loop 1 dynamics of T domain in mediating recognition and
specicity.166 This study demonstrated that loop conforma-
tional exibility facilitates adaptive domain–domain binding
which is a key consideration for re-engineering NRPS interfaces.
At the catalytic level, hybrid quantum mechanics/molecular
mechanics (QM/MM) simulations further extend MD capabil-
ities by resolving reaction mechanisms with atomic precision.
In one case, this approach was applied to C domains, revealing
a concerted peptide bond formation mechanism.152 The results
from this approach suggest that the catalytic histidine of the
HHxxxDG motif stabilizes the transition state via hydrogen
bonding, rather than acting as a general base, thus rening
mechanistic understanding of elongation chemistry. In addi-
tion to these case studies, several other investigations have
employed MD simulations to explore catalytic mechanism,
substrate-domain recognition, interdomain alignment, and
conformational changes across diverse NRPS and PKS
systems.157,167–170 Taken together, these studies illustrate how
advanced simulations can uncover both structural determi-
nants of domain communication and the mechanistic princi-
ples of catalysis, providing a strong foundation for rational
engineering of NRPS/PKS systems.

While structural and dynamic modeling provide rich quali-
tative insights, they oen lack quantitative resolution for eval-
uating how specic mutations impact function. BFE
calculations, particularly Molecular Mechanics Poisson-
Boltzmann Surface Area (MM-PBSA) and Molecular Mechanics
Generalized Born Surface Area (MM-GBSA), ll this gap by
estimating interaction energies from MD trajectories.171 Per-
residue energy decomposition further identies key contribu-
tors to binding and catalysis, enabling rational mutagenesis
based on energetic landscapes rather than intuition alone.
These techniques are gaining traction in NRPS and PKS
research. For instance, the MM/GBSA approach was applied to
a penicillin-binding protein-type TE, identifying residues that
pre-organize tetrapeptide substrates for efficient cyclization and
guiding mutational strategies to expand substrate scope.172

Several other studies have similarly used energetic analysis to
dissect residue-level contributions to substrate recognition,
interdomain interactions, and catalytic performance across
diverse NRPS and PKS systems.168,173,174 These studies illustrate
how energetic analysis complements structure and dynamics,
providing a powerful toolkit for engineering modular enzymes
with enhanced specicity and function.
This journal is © The Royal Society of Chemistry 2026
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All things considered, these structure-based approaches,
spanning homology modeling, docking, MD, and energetic
analysis, form a powerful toolkit for understanding and engi-
neering modular biosynthetic pathways. By providing both
mechanistic detail and quantitative evaluation, they support
more informed decisions in pathway redesign, ultimately
accelerating the development of custom NRPS and PKS systems
for NP discovery and optimization.
5.2 AI-driven protein design: toward programmable
biosynthesis

Following the advances in structure-based modeling, generative
and predictive AI has emerged as a powerful complement to
traditional computational approaches in NRPS and PKS
research. While homology modeling, docking, and MD offer
detailed insights into structure and function, AI enables high-
throughput, predictive analyses that can scale across
genomes, pathways, and enzyme families.175 This synergy
between mechanistic modeling and data-driven inference is
accelerating NP discovery and expanding the design space for
biosynthetic engineering (Fig. 4).

Building on the curated databases and genome mining tools
discussed in Section 2.1, AI-driven approaches now play a crit-
ical role in enhancing both the detection and functional
annotation of BGCs. Rather than relying solely on rule-based
heuristics, deep learning models (c.f., 2.1) are increasingly
leveraged to recognize subtle sequence patterns, identify atyp-
ical or hybrid clusters, and prioritize novel candidates for
experimental validation. By training on large reference datasets
such as MIBiG,43 antiSMASH-DB,44 NPAtlas,176 and NORINE,177

these models can infer sequence-function relationships and
suggest biosynthetic capabilities beyond traditional annotation
boundaries. This not only expands the discovery space but also
Fig. 4 AI-based applications in NRPS/PKS research. Integration of AI
databases for training and validation datasets, (2) genome mining and
specificity predictions for A domains, and (5) computational prediction o

This journal is © The Royal Society of Chemistry 2026
facilitates the prediction of gene cluster novelty, regulatory
elements, and potential NP scaffolds. Several tools for BGC
mining, such as antiSMASH,21 PRISM,24 have already been dis-
cussed in Section 2.1. These platforms exemplify how AI andML
contribute to the detection, annotation, and comparative anal-
ysis of NRPS and PKS biosynthetic architectures.

Perhaps the most transformative application of AI in NRPS
and PKS research lies in protein structure prediction as dis-
cussed in Section 5.1. These predicted structures are increas-
ingly used to identify functionally important residues, guide
docking and mutational design, and support molecular
replacement in crystallography. For example, AlphaFold2-
predicted structures have been used to identify substrate-
binding residues in a C-terminal domain,156 and have also
facilitated solving crystal structures of challenging NRPS
proteins.178 In such cases, AI-generated models serve both as
surrogates for experimental structures and as tools to guide
targeted engineering.

Despite remarkable advances, AI-driven protein engi-
neering—including applications in NRPS and PKS systems—
continues to face persistent limitations that constrain its
broader applicability. Many models rely heavily on large, high-
quality datasets such as PDB structures or well-annotated
natural protein–protein interactions, yet such data are oen
scarce or fragmented in modular biosynthetic systems. This
scarcity limits model generalizability, particularly for rare
domain architectures, non-canonical substrates, or engineered
variants.151 Furthermore, while AI models excel at static struc-
ture prediction, they oen overlook the conformational
dynamics crucial for domain exibility and intermodular
communication features central to NRPS/PKS function.160

Generative models may also produce non-physical or biologi-
cally implausible designs, with limited ability to self-assess
across key stages of NRPS and PKS workflows, including (1) curated
BGC prediction, (3) domain-level structural modeling, (4) substrate
f core chemical structures from biosynthetic gene sequences.

Nat. Prod. Rep., 2026, 43, 352–370 | 363
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feasibility. Finally, the feedback loop between in silico design
and in vitro validation remains slow, and negative experimental
outcomes, such as protein misfolding, loss of activity, or
toxicity, are rarely shared, hindering model renement.
Addressing these challenges will require curated, functionally
annotated datasets, the incorporation of biophysical
constraints, and more transparent integration between
computational and experimental workows.

Nonetheless, AI tools are fundamentally reshaping how
researchers explore and engineer modular biosynthetic
systems. By integrating genome mining, structural prediction,
substrate specicity modeling, and functional inference, AI
provides a scalable and increasingly predictive framework that
complements classical structure-based strategies. As these
tools continue to mature and become more deeply embedded
within experimental workows, they are poised to become
central components in the rational design of NRPS/PKS path-
ways and the programmable discovery of novel NPs.

6 Conclusion and outlook

Over the past decade, NRPS and PKS systems have evolved from
enigmatic enzymatic assemblies into increasingly tractable
platforms for both discovery and design. On the one hand,
genome mining and high-throughput analytics continue to
reveal the untapped natural diversity of biosynthetic path-
ways—expanding our understanding of enzyme logic, ecolog-
ical function, and chemical novelty. On the other hand,
synthetic biology and computational design are transforming
these pathways into programmable scaffolds for the tailored
production of bioactive molecules.

Bridging the worlds of natural diversity and rational design
will require integrated efforts in data curation, functional
characterization, and model training. The current lack of
annotated libraries, structural benchmarks, and validated
design rules remains a key barrier to predictive biosynthetic
engineering.

Moving forward, the convergence of experimental and
computational methods within iterative DBTL frameworks
holds the key to unlocking the full potential of these systems. If
realized, NRPS and PKS platforms could become powerful
engines not only for NP discovery but also for the on-demand
synthesis of new-to-nature molecules with functions across
medicine, agriculture, and beyond.
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