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How Al Is Transforming Microbial Ingredient Production

Population growth, shrinking arable land and climate
change are intensifying pressure on global food systems.
Microorganism-based ingredients offer a compelling
alternative; many fungi, yeasts and microalgae contain
50-70% protein by dry weight, and modern metabolic
engineering now enables microbes to produce specialised
food proteins. Fermentation already underpins the
production of vitamins, flavours, sweeteners, pigments,
enzymes and cosmetic actives, while oleaginous microbes
provide sustainable routes to edible and functional oils.

Recent advances in synthetic biology and multi-omics have
made microbial platforms more predictable and versatile.
Yet major challenges remain in discovering the right
ingredients, engineering efficient production pathways
and ensuring quality at scale. This article explores how
artificial intelligence (Al) can accelerate these steps from
ingredient discovery to bioprocess optimisation.

Ingredient Innovation Through Al-Driven Biotechnology:
Revolutionising Sourcing and Yield Optimisation

Al-driven approaches tackle ingredient innovation through
three complementary strategies:

1. Screening natural microbial diversity to identify organisms
that naturally produce compounds of interest.

2. Enzymatic engineering for optimising catalytic processes
and discovering novel enzymes.

3. Metabolic pathway engineering for creating entirely new
biosynthetic routes through microbial cell factories.

Together, these methodologies are reshaping how industries
think about ingredient sourcing, moving from synthetic chemistry
to synthetic biology.

1. Alin Natural Ingredient Discovery

To get a picture of what a microorganism can and cannot
produce, one needs a detailed mapping of its genes and
metabolites. Classical approaches usually rely on similarity
searches against previously characterised proteins. Hence,
most protein function remain unknown; only 0.3% of the 250
million protein sequences catalogued in the UniProt database
have a functional annotation.* This leads, down the road, to
an incomplete picture of an organism's metabolic potential,
that is, what compound can an organism produce. ML models
have been proven effective in predicting proteins’ enzymatic
activity, reaching 87% accuracy (Yu et al.). Yu and colleagues
demonstrated the value of their model by validating their
prediction on halogenases, an enzyme that is difficult to predict
but plays an important role in the synthesis of drugs and other
bioactives. They reached an accuracy of 86-100%.2Prediction
of protein structure by AlphaFold? and others has further
boosted functional annotations through structure similarity

annotation.! The same principle, inferring biological function
directly from sequence data, can be extended beyond enzymes
to other metabolic traits, for instance, oils. Transformer models
applied to genomic sequences can predict a yeast's propensity
to accumulate lipids, enabling the discovery of novel oleaginous
yeasts with unique fatty-acid profiles.* Some of these profiles
could potentially replace up to 74 plant-based oils.

2. Al-Enhanced Enzymatic Engineering:

Optimising Nature's Catalysts

Engineering proteins is commonly used in drug manufacturing,
agriculture, consumer products and more. Antibodies, for
instance, are engineered to enhance their binding and
specificity as therapeutics, whereas the stabilities and activities
of enzymes can be improved under process conditions to reach
more efficient chemical syntheses. Al models integrating
sequence, structural and high-throughput experimental data
help prioritise variants with enhanced activity, selectivity and
robustness.* These methods allowed Climax Food to design
a Casein analog produced by precision fermentation that
replicates the taste and texture of real cheese in plant-based
products.® Generative Al represents a fundamental shift from
analysing and modifying natural proteins to designing them
from scratch. Protein language models (e.g., ProteinMPNN6) and
diffusion-based networks enable function-first design. Users
specify catalytic requirements, and models generate stable,
foldable scaffolds beyond evolutionary space. Autonomous
platforms coupling large language models with robotic
biofoundries require only target function and fitness metrics,’
unlocking enzymes for non-natural substrates and achieving
catalytic efficiencies exceeding directed evolution.

Ginkgo Bioworks showcased the power of generative Al in
enzyme engineering through a landmark project on a key enzyme
in Central Carbon Metabolism, one that had seen only a two-fold
performance gain in over 50 years of traditional research. Using
their Al platform Owl, Ginkgo designed and screened iterative
libraries beginning with 2,000 variants, and within just four
Al-guided generations achieved a whopping 10-fold increase
in catalytic efficiency. This breakthrough, validated through
extensive activity assays and protein characterisation, shows
how generative models can rapidly learn sequence—function
relationships and produce highly customised biocatalysts.

Another example of generative Al applied to novel ingredient
design is showcased by TastePepAl, a platform for de novo design
of multifunctional taste peptides with customisable flavour
profiles.® The system is built on a tailored variational autoencoder
that learns from known sweet, salty and umami peptides while
avoiding undesirable profiles such as bitterness. This allows the
model to generate entirely new peptide sequences predicted
to have specific taste properties. Candidate peptides are then
screened for safety using SpepToxPred, an Al toxicity predictor
optimised for short food peptides. In experimental validation,
the team successfully identified 73 new taste peptides, all of
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which showed the expected flavour characteristics in electronic-
tongue testing and demonstrated excellent biocompatibility.
Such Al-accelerated workflows now make it possible to design
enzymes for ingredient manufacturing, such as lipases for
emollient esters or glycosyltransferases for robust prebiotic
oligosaccharides, faster and more precisely.

3. Al-Powered Metabolic Pathway Engineering:

Redesigning Production from First Principles

Several graph-based algorithms and other non-machine
learning approaches have been successfully used to guide
metabolic pathway engineering. These methods rely on curated
biochemical reaction databases, such as MetaCyc and KEGG, and
have enabled the biosynthesis of a range of target molecules,
including vanillin in engineered yeast. Integrating ML into
these established retro-biosynthetic workflows shows strong
potential to accelerate pathway design by reducing the number
of trial-and-error iterations typically required in metabolic
engineering.® Such hybrid approaches could also unlock the
production of molecules previously considered technically or
economically infeasible. Recent Al-enabled platforms illustrate
this promise. BioNavi-NP, for example, identifies biosynthetic
pathways for over 90% of test compounds and achieves 1.7-fold
higher accuracy than conventional rule-based tools.'° These
computational advances support more accurate and scalable
strain-design pipelines. As a practical demonstration, Moreno-
Paz et al. reported a 68% increase in p-coumaric acid titre in
yeast after two machine-learning-guided Design—Build-Test-
Learn (DBTL) cycles, underscoring how ML can directly enhance
microbial production performance.**

Manufacturing Optimisation and Quality Control

Optimising and controlling fermentation remains one of
the greatest challenges in microorganism-based ingredient
production. These steps are essential for reducing variability,
lowering production costs and achieving competitiveness as
a food source. This challenge is amplified in fermented foods
that depend on complex environmental microflora rather than a
single organism, making them inherently susceptible to microbial
shifts, batch-to-batch inconsistency and safety risks.

1. AI/ML for Real-Time Process Monitoring

The integration of loT technologies into fermenters has
transformed how fermentation is monitored and controlled.
Real-time sensors and cloud-based data pipelines now enable
high-resolution tracking of key variables with greater precision
and scalability.!? Smart biosensors, including electronic noses and
tongues, further strengthen process transparency by detecting
biochemical markers, such as glucose or amino acids, at extremely
low concentrations. Recent advances in Al-enhanced biosensors
improve contaminant detection and overall process reliability.
Dynamic regulation of fermentation parameters helps to maintain
optimal culture conditions while limiting human intervention.
Reinforcement learning approaches have been used for adaptive
control strategies that adjust process variables in real-time.

The emergence of deep reinforcement learning (DRL)
has strengthened adaptive process control by combining
reinforcement learning with deep neural networks, enabling
faster and more accurate real-time decision-making. For example,
the DRL controller improved penicillin yield by 14%, highlighting
its promise for real-world fed-batch fermentation systems.**

2. Digital Twins

Digital twins (DTs) are emerging as a powerful addition to this
ecosystem. A DT is a virtual representation of a biological process
that integrates multi-omics data (genomics, transcriptomics,
proteomics, metabolomics) alongside real-time sensor data
from bioprocessors. Together, these layers create a dynamic
virtual model of organism growth and metabolism under
varying conditions. Such systems allow in silico testing of
genetic modifications, medium compositions or operating
conditions, potentially reducing months or years of iterative
experimentation.* Although digital twins have proven effective
in multiple industries, their adoption in biomanufacturing
remains early-stage due to biological complexity and stringent
regulatory constraints.

Promising examples still exist, notably in traditional
fermented ingredients. In the beer industry, hybrid digital twins
combining multiple ML models have been used to predict beer
quality throughout fermentation.?® Similarly, Al-driven modelling
in wine fermentation enables dynamic condition adjustment,
flavour optimisation and quality forecasting.'® In algae-based
bioactive compound production, Al/ML systems have been used
to continuously update operational parameters and predict
biomass yields.!¢It is important to recognise that most bioprocess
digital twins are not purely ML-driven. Physics-based models,
particularly mass-balance ordinary differential equations, remain
widely used because they rely on fewer parameters and do not
require the extensive datasets needed for ML methods. ML
approaches, while powerful, are often limited by the high cost
and labour required to generate sufficiently large and diverse
experimental data. Hybrid methods combining ML approaches
have also demonstrated benefits in fermentation optimisation.
For instance, a back-propagation neural network (BPNN) coupled
with an adaptive genetic algorithm (AGA) improved Lincomycin
fermentation efficiency and increased yield by 8%.7

Conclusion

Al is rapidly transforming microbial ingredient innovation,
from predicting protein function to designing enzymes,
rewiring metabolic pathways and modernising process control.
Its performance, however, depends on access to diverse,
high-quality biological datasets, while publicly available genomic
and functional data tend to be skewed toward a narrow group
of model organisms. Initiatives such as IMG/M,*® the Global
Microbial Gene Catalogue'® and large-scale efforts like BaseData?
are beginning to close this gap.

As these resources expand, Al will increasingly complement,
rather than replace, established biological modelling, enabling
faster discovery, more efficient engineering and more reliable
manufacturing of food and cosmetic ingredients.
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and statistical modelling to accelerate microbial innovation
in oils, enzymes and fermentation-based bioprocesses.

strain engineering for the production of high-value
development of a novel yeast neobank (NOY), enabling

tailored oils and fats.
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