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Abstract

Synthetic biology has evolved from a set of engineering aspirations to an operationally sophisticated discipline, and artificial
intelligence (AI) is its fastest-growing accelerant. This review traces that convergence across six interlocking domains: systems-
level biological modeling, de novo protein engineering, metabolic and microbial programming, multi-omics data integration,
regulatory element design, and clinical translation. For each domain, we survey established results, integrate findings from
2010-2026 literature, and articulate the trajectories that will define the next decade. Emerging themes include physics-informed
neural networks for mechanistically constrained biological modeling, drug design, and federated learning architectures that
allow global omics collaboration without centralizing sensitive data, self-driving laboratories that close the Design-Build-Test-
Learn loop with minimal human intervention, and large language models that accelerate hypothesis generation from scientific
literature. Alongside these opportunities, the review gives equal weight to the governance challenges they create: dual-use risks
amplified by generative sequence design, the reproducibility crisis in AI-driven biodesign, and the equitable distribution of
autonomous experimentation capacity. The overarching argument is that the promise of synthetic biology, making biological
design as deliberate and reliable as any mature engineering discipline, is closer than ever, but will only be realized if technical
ambition is matched by scientific rigor, transparent governance, and inclusive access.

Keywords: synthetic biology; artificial intelligence; machine learning; protein engineering; metabolic engineering; multi-omics;

self-driving laboratories; biosafety; large language models

Introduction

Biology has historically been an observational discipline that
helps us understand what happens in nature, explaining as
much as possible the reasons behind these phenomena. Syn-
thetic biology, however, keeps pace with today's technology,
going beyond understanding natural processes. Instead of cat-
aloging existing systems, it aims to build new systems using
DNA, proteins, and metabolic networks as fundamental ele-
ments for deliberate engineering (Khalil & Collins, 2010). The
discipline derives its fundamental terminology from engineer-
ing, modularity, abstraction, standardization, and applies it to
biological cells, aiming to render biological design as methodi-
cal as microchip design or software development (A. A. Cheng
& Lu, 2012). In reality, the parallel is flawed: Cells exhibit great-
er noise, heightened context dependence, and significantly less
tolerance for design flaws than in silico approaches. The dis-
parity between aspiration and reality is, in numerous respects,
what propels the discipline onward.

A pivotal moment occurred when the data started to sur-
pass the individuals producing it. Over the past two decades,
next-generation sequencing, quantitative proteomics, and ex-
tensive metabolomic profiling have inundated laboratories
with data at a rate that no team of analysts can manually pro-
cess (Berger et al., 2016; Gholap et al., 2024). The response in-
dicates a subtle yet significant evolution in biological practice:
computational modeling has evolved from a specialized niche
to a standard complement to laboratory work, leading to an
increasingly blurred distinction between wet-lab experiments
and dry-lab simulations (Athanasopoulou et al., 2025; Kacena
etal., 2024). At this point, the use of Artificial Intelligence (AI)
has become a component that meets and accelerates needs in
synthetic biology, opening new horizons (Groff-Vindman et
al., 2025; OECD, 2025). Machine learning (ML), specifically,
has transitioned from the periphery to the core of this shift. The
appeal of these algorithms is apparent; specifically, when con-
fronted with biological datasets characterized by excessive size,

inherent noise, or high dimensionality that render conven-
tional statistical approaches inadequate, learning algorithms
demonstrate the capacity to discern meaningful patterns (Jiang
etal.,, 2025; Marques et al., 2024; Ozcelik et al., 2024).

These technologies are changing how researchers formulate
questions, leading to a more data-driven and algorithmic ap-
proach to developing hypotheses (Beardall et al., 2022). Meth-
odologically, AT approaches can be broadly classified into clas-
sical ML, deep learning (DL) architectures, and large language
models (LLM). Classical ML is typically applied to structured
biological datasets for prediction and optimization tasks, such
as metabolic flux estimation or phenotype classification. DL
methods, particularly convolutional and transformer-based
architectures, dominate high-dimensional biological data anal-
ysis, enabling sequence- and structure-based modeling of pro-
teins and nucleic acids (Greener et al., 2022; Hein et al., 2025).
The practical application of Al in synthetic biology encompass-
es multiple scales, from molecular design to system-level opti-
mization and automated laboratory workflows. At the molecu-
lar level, DL models accurately anticipate the folding of amino
acid chains into three-dimensional structures, with a precision
comparable to laboratory measurements. This development
has enabled the design of proteins and enzymes that are un-
precedented in nature, though limitations remain (Jumper et
al., 2021). The original AlphaFold 1 software has been iterative-
ly improved and AlphaFold 3 has improved structural predic-
tion of bimolecular interactions (Abramson et al., 2024). More
recently, LLM have emerged as powerful tools for knowledge
extraction from scientific literature, as well as for generative de-
sign tasks in protein engineering and synthetic biology.

At the genome-editing bench, ML assists researchers in se-
lecting CRISPR guide sequences that accurately target specific
sites while preserving the integrity of the remaining genome
(M. G. Kim et al., 2025). This avoids the complication of un-
wanted off-target effects. In this framework, the long-context
biological foundation model, Evo, was developed as a genera-
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tive genomic language model tailored for de novo design (Nguy-
en et al., 2024), with the primary objective of generating com-
plex macromolecular systems, such as functional CRISPR-Cas
loci, from scratch. Utilizing an autoregressive architecture, Evo
is capable of decoding, predicting, and designing sequences
across DNA, RNA, and protein modalities, seamlessly span-
ning from the molecular to the whole-genome scale (Thomson
et al,, 2025). In metabolic engineering, analogous algorithms
delineate biosynthetic pathways that direct cellular resources
towards useful products, biofuels, specialized chemicals, and
medication precursors. The algorithms help minimize trial and
error compared to conventional methods (J. Chen et al., 2025).
In addition, such algorithms can successfully be used to design
microbial biopolyesters of pre-defined composition and prop-
erties, thus paving the way towards smart bioplastics, which
are integratively embedded into the circular bioeconomy of the
future (Ligarda-Samanez et al., 2026; Sokra & Meta, 2026). Bio-
foundry platforms, which are robotic facilities, bring together
these elements. They allow the Design Build Test Learn (DBTL)
cycle to be repeated thousands of times with little direct exper-
imental involvement (Rai et al., 2024). In terms of translation,
integrating patient-specific omics data with predictive models
is starting to create digital representations of diseases (Table 1).
These representations could eventually help with personalized

the policy frameworks that govern its safe use (Figure 1). It also
evaluates the current state of the field and identifies areas that
still need research. To provide a unifying perspective, the con-
vergence between Al and synthetic biology can be interpreted
across three interconnected layers: (i) representation, where
biological systems are encoded into machine-readable formats
(e.g., sequences, structures, multi-omics data); (ii) prediction
and design, where Al models infer patterns and generate nov-
el biological constructs; and (iii) execution, where automated
platforms and synthetic systems implement these designs in
physical or clinical contexts. This layered framework highlights
that progress in the field is not merely driven by better algo-
rithms, but by tighter coupling between data, models, and ex-
perimental validation pipelines. Throughout this review, these
layers serve as an implicit structure to contextualize advance-
ments and identify bottlenecks. A comprehensive synthesis of
this functional relationship, which integrates key AI tools—
such as Enformer, RFdiffusion, Cello, and ClioMD—across
these layers from molecular scales to clinical implementation,
is presented in the Master Integration Table (Table 2).

2. Modeling and Optimization of Biological Systems Using
Al
Biological systems are high-dimensional, nonlinear structures

Table 1. Comparison of Traditional Methods and AI-Augmented Approaches

Feature Traditional Approach

Design Process
of natural sequences

Efficiency A
costs

Data Usage

Error Tolerance

Governance .
based screening

treatment (Puniya, 2025).

The identical generative algorithms capable of designing
beneficial proteins might, theoretically, also generate perilous
pathogen sequences. The concern is that Al-assisted biologi-
cal design tools pose novel risks to human health. The inter-
national community, spearheaded by organizations such as the
OECD, is currently deliberating on how to regulate this risk
without impeding innovation (IGSC, 2024; OECD, 2025). This
review traces the development of ML, starting with the atomic
coordinates that define a protein's structure and ending with

Trial-and-error, rational design; limited use

Laboratory studies lasting months; high

Reductionist; single-layer data analysis

Low tolerance; design flaws often only
discovered experimentally

Reactive regulation; sequence-homology-

AI-Augmented Approach

Automation of DBTL cycles; physics-informed
and generative models

Rapid in silico screening of high-success
candidates; self-driving labs

Multi-omics integration; federated learning;
hybrid mechanistic-ML models

Bayesian uncertainty quantification; digital twins;
benchmarked model standards

Function-based screening; Al watermarking; agile
biosafety frameworks

in which genetic variations, epigenetic regulations, metabolic
networks, and microbial interactions are intricately intertwi-
ned. Traditional reductionist approaches often fall short in
understanding the integrative dynamics of these systems. The
emergence of Big Data driven by advances in omics techno-
logies and high-throughput screening methods has brought Al
and ML methods to the forefront of biological research (Volk et
al., 2020). AI has become a powerful tool that not only enables
the characterization of biological systems but also allows for es-
timating their future behavior and optimizing them for desired
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Table 2. AI-Powered Synthetic Biology: Master Integration Table

Convergence
Layer

REPRESENTATION
(Encoding Biology)

PREDICTION & DESIGN
(Discovery & Generation)

EXECUTION
(Implementation & Automation)

Model / Tool Name

Enformer

Geneformer

AlphaMissense

PPML-Omics

AlphaFold 3

ESM-3

Evo / Evo 2

RFdiffusion

ProteinMPNN

MODIFY

ProtGPT2 / ProGen

Cello

ART (Automated Rec-
ommendation Tool)

ClioMD

CURATE.AI

BioDiscoveryAgent
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Biological
Scale

Genomic
(100kb)

Cellular

Proteomic /
Variant

Multi-omics

Molecular
(All-atom)

Protein

Genome Scale

Protein Back-
bone

Protein Se-
quence

Enzyme Engi-
neering

Protein (LLM)

Genetic Cir-
cuits

Metabolic
Systems

Clinical Diag-
nostic

Clinical / Dos-
age

Laboratory
Agent

Function & Engineering Breakthrough

Predicts tissue-specific gene expression and the effects of
non-coding variants using long-range DNA interactions.

Pretrained on 30 million single-cell transcriptomes to nomi-
nate therapeutic targets via network biology patterns.

Assigns benign or pathogenic labels to 89% of all possible hu-
man missense variants using structural and allele-frequency
data.

Enables privacy-preserving multi-omics collaboration across
institutions using federated learning.

Provides joint structure prediction for complexes of proteins,
nucleic acids, ligands, and ions.

Generates novel functional proteins by jointly processing se-
quence, structure, and function token streams.

Designs functional CRISPR-Cas loci and synthetic DNA se-
quences up to the length of a small bacterial chromosome.

Constructs de novo protein backbones under predefined func-
tional constraints, such as receptor binding sites.

Redesigns protein sequences for specific backbones with high
accuracy, recovering native sequences at roughly 52%.

Facilitates combinatorial library design by co-optimizing se-
quence diversity and predicted enzyme fitness.

Demonstrates that autoregressive language models can pro-
duce functional, non-natural protein sequences across diverse
families.

Compiles Verilog-style Boolean logic into DNA; 92% of pre-
dicted output states were experimentally validated on the first
build.

Uses Bayesian machine learning to recommend the next mi-
crobial strains to build, reducing trial-and-error in production
cycles.

Accelerates screening and variant interpretation for ciliopa-
thies by integrating clinical data with model organism net-
works.

Optimizes personalized medicine by determining precise,
low-toxicity drug doses based on individual patient responses.

Boosts gene perturbation experiment efficiency by 46%
through automated literature mining and experimental plan-
ning.
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Figure 1. AT and Synthetic Biology Integration. The central DBTL (Design-Build-Test-Learn) cycle illustrates the automated loop
driven by AI to streamline biological discovery. (Top Left) Protein Engineering via de novo design (e.g., AlphaFold, RFdiftfusion).
(Top Right) Biofoundries optimize production efficiency for biofuels and bioplastics through CRISPR-ML integration. (Bottom
Left) Precision Medicine leveraging digital twins and personalized dosage platforms (CURATE.AI). (Bottom Right) Future Appli-
cations focused on autonomous labs and sustainable production. The lower panels address critical Challenges & Limitations (e.g.,
Black Box Problem) and Ethics & Biosecurity concerns (e.g., Dual Use Risk, Regulatory Needs). SynBio: Synthetic biology, ML:
Machine learning, Al: Artificial intelligence. Some of items are used from Smart servier (Image(s) provided by Servier Medical
Art (https://smart.servier.com), licensed under CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/)).

industrial or clinical goals (Lawson et al., 2021).

A critical challenge in modeling biological systems is how
to integrate data from different scales and formats into a sing-
le model. For instance, in understanding complex pathologies
such as cancer, the representational power of DL can be combi-
ned with the ability of pathway modeling to identify interacti-
ons. This approach maps the functional relationships between
genetic mutations and tissue-level phenotypic changes with
much higher accuracy than classical statistical models (Ing et
al., 2025). Furthermore, AI-based models can analyze the hete-
rogeneous structure of cancer and the resistance mechanisms
determining treatment response by integrating multi-layered
omics data with cellular network dynamics, thereby offering
a powerful approach for developing personalized biomarkers
and targeted therapies within the scope of precision oncology
(Nilsson et al., 2025).

A particularly consequential frontier that was underrepre-
sented in earlier reviews is the integration of physics-informed
neural networks (PINNs) into biological modeling. Unlike
purely data-driven approaches, PINNs embed known physical
and biochemical laws, ordinary and partial differential equa-
tions governing gene expression, metabolic flux, and cellular
dynamics, directly into the neural network training process as
loss function constraints. This allows mechanistically sound

extrapolation even when experimental data are sparse or noisy
(Farea et al., 2025). For example, PINNs have been successfully
applied to hybrid modeling of microbial fermentation proces-
ses, such as B-carotene production in Saccharomyces cerevisiae,
where they integrate kinetic models with experimental data to
improve prediction accuracy and process optimization (Bangi
et al., 2022). Biologically-informed neural networks (BINNs),
an extension of PINNs, further adapt this framework so that
mechanistic terms themselves are learned from data, removing
the need to specify governing equations in advance, a particu-
larly valuable capability for complex gene regulatory networks
where causal relationships remain incompletely characterized.
In a similar context, BINNs approaches have also been applied
to gene regulatory modeling in S. cerevisiae, where neural or-
dinary differential equations (ODEs) frameworks are used to
infer transcriptional dynamics from time-resolved expression
data while leveraging prior knowledge of regulatory network
structure (Hossain et al., 2024).

Experimental data assembly into databases using the FAIR
principles, versioning systems, and containing high-quality raw
data is an important emerging step to enable the application of
AI-ML principles in biology. For example, the Protein-Ligand
Binding Database (plbd.org) (Lingé et al., 2023) has enhanced
our understanding of the protein - compound recognition and
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promoted anticancer drug discovery (Zubriené et al., 2026).
Beyond physics-informed and biologically informed neural
network frameworks, hybrid mechanistic-data-driven mode-
ling approaches are also widely used in systems and synthe-
tic biology. While mechanistic models define the fundamental
framework of biological systems, deep neural networks (DNN)
fill in the complex parts of the system, those that cannot be
fully understood or mathematically expressed, by learning
from data. Combining the transparency of mechanistic models
with the flexibility of ML results in more accurate, robust, and
interpretable models. Used in industrial processes since the
1990s, this method is gaining increasing popularity in systems
biology today in areas such as gene function prediction, meta-
bolic networks, and COVID-19 dynamics (Pinto et al., 2023).
The resulting data-model-data cycle not only analyzes complex
biological data but also transforms it into biologically mean-
ingful information, enabling system-wide repercussions of a
single metabolic intervention to be modeled through a glob-
ally standardized Systems Biology Markup Language (SBML)
infrastructure (DiNuzzo, 2022). Complementary to these ap-
proaches, hybrid mechanistic-data-driven models have been
successfully implemented in yeast fermentation systems under
mixed carbon sources, combining mass-balance and kinetic
descriptions with data-driven components to improve process
prediction and optimization (Valencia-Velasquez et al., 2025;
Yildirim et al., 2026).

The optimization of biosystems is of critical importance,
particularly for ensuring the economic sustainability of biote-
chnological production processes. Al accelerates this process
by automating the DBTL loop (Y. Cheng et al., 2023). In a study
using Pseudomonas putida, by combining laboratory automa-
tion and ML cycles, isoprenol production was increased five-
fold after just six DBTL cycles (Carruthers et al., 2025). The
Automated Recommendation Tool (ART), which combines
ML with Bayesian methods to recommend which strains to
build next from a small set of past observations, was an ear-
ly systematic example of this idea and has been validated on
metabolic targets including renewable biofuels, fatty acids, and
tryptophan production in microbial hosts (Radivojevi¢ et al.,
2020). These data provide concrete evidence of the significant
time and cost advantages Al potentially offers over tradition-
al trial-and-error methods. Causal inference, moving beyond
statistical correlation toward a mechanistic understanding of
gene regulatory networks, represents a critical emerging need.
While correlation-based ML models excel at pattern recogni-
tion, they can propose interventions that fail in complex cellu-
lar contexts where directionality matters. Coupling causal dis-
covery algorithms with dynamical systems models is expected
to produce more robust and generalizable predictions (Maizels
& Briscoe, 2026). A critical unresolved challenge lies in distin-
guishing correlation from causation in biological systems. Re-
cent advances in causal ML, including structural causal models
and intervention-aware neural networks, aim to infer direc-
tional relationships rather than statistical associations. This
is particularly important in gene regulatory networks, where

perturbation effects are inherently asymmetric and condition-
al. Integrating causal inference with experimental perturbation
datasets (e.g., CRISPR screens) is expected to significantly im-
prove the reliability of AI-driven biological estimation.

AT has ushered in an era in which biological systems are
not merely described, but engineered and optimized. Com-
puter-based, system-wide modeling of cells and molecular
networks enables the rapid evaluation of numerous biological
scenarios that cannot be tested experimentally. This approach
holds the potential to revolutionize the fields of medicine, pre-
cision agriculture, and biotechnology (Bhardwaj et al., 2022).
While system-level modeling provides the predictive backbone
for biological understanding, its true potential is realized when
coupled with design-oriented applications such as protein en-
gineering.

3. Protein Engineering: De Novo Design

The rapid evolution of Al-driven protein engineering
is characterized by several convergent methodological
These the generative modeling
of primary sequences, backbone structures, and atomic
coordinates; the adaptation of foundational models to design
proteins with specific functional properties; the development

advancements. include

of sophisticated protein representations for downstream
scoring and fitness prediction of candidate sequences; and the
refinement of library design techniques, including synthesis-
aware approaches (Listgarten & Jiang, 2026). Collectively,
these advancements mark a fundamental shift from the
modification of naturally occurring proteins toward a de novo
design paradigm focused on creating sequences from scratch
for specific functions (Zhang et al., 2025). While traditional
protein design focuses on enhancing function by introducing
mutations within a limited region of naturally occurring
protein backbones, modern approaches enable the design of
protein structures and functions beyond those that are known
to occur in nature, using DL and Al algorithms (Notin et al,,
2024; Zhang et al., 2025). Protein structure prediction models
like AlphaFold have enabled the fundamental computational
infrastructure required for de novo protein design through
advanced ML approaches that integrate physical principles and
biological knowledge with evolutionary signals derived from
multiple sequence alignments (Jumper et al., 2021). By using
these computational models, researchers can generate protein
folds and functional regions that have no natural counterparts
in an extremely short time in silico.

Despite remarkable progress in structural prediction, a
persistent gap remains between protein structure and function.
Functional properties such as catalytic efficiency, allosteric
regulation, and cellular context dependence are not fully
determined by static structures alone. Emerging approaches
aim to integrate dynamic simulations, fitness landscapes, and
experimental high-throughput screening data into AI models,
thereby shifting protein engineering from structure-centric to
function-centric paradigms.

Deep network hallucination emerged as a revolutionary
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method in de novo protein engineering. By feeding random
amino acid sequences into structure prediction networks and
optimizing the difference between the distance maps predicted
by the network and ideal protein distributions, stable, unique,
and novel folded proteins are produced (Anishchenko et al.,
2021). Controlled diffusion-based models such as Rose TTAFold
diffusion (RFdiffusion) have provided asignificant methodology
that de novo constructs the protein backbone under predefined
functional constraints, such as receptor binding sites or
enzyme active sites (Watson et al., 2023), hereby improving
the efficiency of functional motif scaffolding compared to
classical approaches, though experimental success rates vary
considerably depending on target complexity, and widely used
in silico evaluation metrics such as self-consistency refolding
pipelines have recognized limitations in reliably predicting
experimental outcomes, particularly for designs sharing
homology with natural sequences (Korbeld et al., 2026).
These diffusion-based networks significantly reduce reliance
on classical structure prediction models, enabling the de novo
design of new folding topologies that are thermodynamically
stable but have not yet been identified in the natural protein
repertoire (Liu et al., 2024).

The sequence-design step that complements such backbone
generation has also been overhauled. ProteinMPNN, a message-
passing graph neural network trained on backbones from the
Protein Data Bank, recovers native sequences with about 52%
accuracy compared with about 33% for the physics-based
Rosetta pipeline. It has also been used to redesign Rosetta- and
AlphaFold-derived constructs whose initial sequences failed
in experimental tests, including single-chain proteins, cyclic
symmetric oligomers, designed nanoparticles, and engineered
target binders (Dauparas et al., 2022).

To expand this structural-biology infrastructure beyond the
protein-only limitations of earlier architectures, recent models
have advanced toward modeling full biomolecular assemblies.
AlphaFold 3 replaces the original Evoformer with a Pairformer
module and adds a diffusion-based output stage. With this
design, the model predicts not only protein-only structures
but also structures that include nucleic acids, small-molecule
ligands, ions, and chemically modified residues, often more
accurately than tools designed only for docking or only for
nucleic-acid prediction (Abramson et al., 2024). RoseTTAFold
All-Atom takes a related but distinct approach: Protein and
DNA residues are encoded as sequence-style tokens, while small
molecules and other chemical groups are represented as atomic
graphs, so that ligands, ions, and covalent modifications are
handled inside one network. Its diffusion variant, RFdiffusion
All-Atom, has produced experimentally validated proteins that
bind a range of cofactors, from the steroid digoxigenin to heme-
and bilin-class chromophores-targets that earlier protein-only
methods could not reach (Krishna et al., 2024). The practical
implication is that the design unit has expanded from the
polypeptide chain alone to the full biomolecular assembly.

Protein Language Models (PLMs), which process biological
sequences in a manner similar to natural language, have

established a new paradigm. Generative models such as
ProtGPT2 enable the design of de novo protein sequences that
exhibit natural protein-like properties but have no evolutionary
counterparts in nature (Ferruz et al, 2022). ProGen2 can
generate unique sequences that have been experimentally
proven to be functional, thanks to statistical rules learned
from massive genomic datasets (Nijkamp et al., 2023). Among
generative protein language models, ESM-3 differs from
earlier sequence-only systems because it represents three
protein attributes, amino-acid sequence, three-dimensional
structure, and functional annotation, as parallel discrete-
token streams that are processed together by a single masked
transformer. In a public demonstration, ESM-3 produced a
green fluorescent protein, called esmGFP, whose amino-acid
sequence is far enough from any known fluorescent protein
that the difference would correspond, at the substitution rates
inferred for that family, to roughly five hundred million years
of natural evolution (Hayes et al., 2025). The earlier ProGen
study, although superseded by larger successors, retains its
importance as the first experimental demonstration that an
autoregressive language model trained on hundreds of millions
of protein sequences can produce engineered enzymes with
catalytic activity comparable to natural homologues, even
when the engineered sequence shares only about thirty percent
of its amino acids with any known protein (Madani et al., 2023).
Together, these studies mark a shift from models that imitate
the natural protein universe to models that explore regions of
sequence space that natural evolution has never visited.

Reflecting this evolutionary exploration, a prime example of
this shift is the Al-driven development of synthetic antidotes
for snake venoms, which offer faster, cheaper, and more
stable alternatives to traditional animal-based production
(Callaway, 2025). Specifically, de novo designed "miniproteins”
capable of neutralizing the 3FTx toxin family have emerged
as potent biotherapeutics; these structures are smaller than
natural antibodies, thermally more stable, and exhibit high
binding affinity. Such advancements demonstrate that these
computational approaches are transitioning into real-world
biomedical breakthroughs (Vazquez Torres et al., 2025).

Three emerging directions deserve explicit attention.
First, self-supervised learning on non-coding sequences and
metagenomic data promises to expand the training universe
for PLMs far beyond the curated protein databases currently
used, uncovering functional motifs in the vast dark matter
of genomic sequence space. Second, multimodal models that
jointly process sequence, structure, functional annotations,
and fitness landscape measurements are beginning to
outperform unimodal approaches on difficult engineering
tasks (Jin et al., 2025). Third, continuous learning frameworks,
in which models are iteratively retrained as new experimental
structures are deposited in databases such as the Protein Data
Bank, represent a paradigm shift from static to living model
architectures. This is critical given that experimental protein
structure databases are growing faster than any single training
cycle can capture (Figure 2).
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sequence optimization. The computational predictions are seamlessly integrated into a closed-loop system featuring Lab Auto-
mation and Wet Lab Testing for high-throughput functional validation. PDB: Protein data bank, AI: Artificial intelligence

Advances in multimodal AI approaches supported by
laboratory automation may contribute to the faster and
more rational generation of protein sequence and structure
candidates tailored to specific functional requirements in the
future (J. Chen et al., 2025). In this context, implementation
of microfluidics that enables high-resolution experimental
characterization of biocatalysts, including their activity,
kinetics, stability, and structural properties, generating rich and
detailed datasets, is of particular benefit. ML can then leverage
this information to uncover patterns, perform advanced data
analysis, and make predictive models that guide optimization.
This technological trend is making it increasingly feasible to
view proteins not merely as static biological components,
but as functional molecular systems that can be designed
to meet specific needs. In the near future, the integration of
microfluidics and ML is expected to open new perspectives
on enzyme function, evolutionary processes, and catalytic
mechanisms, while significantly accelerating the discovery
and rational design of highly efficient biocatalysts for diverse
industrial applications (Vasina et al., 2023). Modern Al-
assisted enzyme engineering, together with advanced reaction
engineering strategies, has enabled biocatalysis to operate under
demanding conditions such as high temperature, extreme pH,
and organic solvent environments. At the same time, progress
in enzyme engineering have significantly reduced both the cost

and time required to develop enzymes suitable for industrial
use (Wahab, 2025). Beyond enzyme engineering, Al is also
transforming retrosynthetic planning for chemoenzymatic
routes, while improved biocatalyst informatics is speeding
up enzyme discovery, selection, and process optimization
(Gazis et al., 2026). These advances in protein design naturally
extend toward pathway-level manipulation, where engineered
enzymes are embedded into cellular systems.

4. Metabolic Engineering and Microbial Programming

Metabolic engineering and microbial programming aim to
develop sustainable methods for producing chemicals, fu-
els, and materials from renewable resources (Cho et al., 2018;
Donato et al., 2023). Over time, this field has evolved from
classical methods toward more comprehensive, system-level
approaches. Today, metabolic engineering not only improves
production but also enables the more sustainable and efficient
production of a wide range of valuable products, from amino
acids to biofuels, from pharmaceuticals to bioplastics and silk-
like proteins (Dudeja et al., 2025; S. H. Jeong et al., 2023; X. Ji
et al,, 2025; Yadav et al,, 2025). Metabolic engineering, which
integrates systems biology, synthetic biology, and evolutionary
engineering, offers an integrative approach that accelerates the
design and optimization of metabolic pathways. Through the
integration of omics data and computational tools, it enables
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the development of microbial cell factories for the efficient
production of both natural and synthetic compounds (Lee et
al,, 2012). The scope of Al-assisted microbial programming ex-
tends beyond intracellular pathway optimization to encompass
community-level and ecosystem-scale interventions, including
microbiome engineering and sustainable agricultural applica-
tions. RNAIi and microbiome engineering offer highly precise
ecosystem management that biotechnologically optimizes soil
fertility while suppressing biotic stressors at the molecular lev-
el. This synergy is restructuring food security in line with the
"probiotic agriculture” vision, freeing agricultural systems from
dependence on synthetic chemicals (Yildirim et al., 2026).
However, as climate change intensifies the drive to deploy en-
gineered microbial cell factories as powerful biotechnological
tools for pollution mitigation, understanding their long-term
ecological repercussions remains paramount. Thoroughly eval-
uating the impacts of these biotechnologically developed and
Al-optimized microorganisms on indigenous biodiversity and
wider ecosystems is mandatory to ensure that climate mitiga-
tion strategies do not inadvertently destabilize natural ecologi-
cal networks (Celebi et al., 2023).

A turning point in the programming of microorganisms was
the discovery of the CRISPR/Cas system, the bacterial adap-
tive immune system (S. H. Jeong et al., 2023). While canon-
ical CRISPR/Cas9 induces stable genomic changes, CRISPRi/
CRISPRa variants enable transient regulation without DNA
modification; collectively, these approaches allow researchers
to efficiently orchestrate metabolic flux in bacteria and eu-
karyotes (Cho et al., 2018). System-level modeling for CRIS-
PR-based metabolic engineering now integrates transcriptional
interference, activation, and genome-wide regulatory logic into
quantitative frameworks that guide multiplex editing strategies
(Cardiff et al., 2024).

Thanks to these CRISPR-based systems, model organisms
such as Escherichia coli, Streptococcus sp., Corynebacterium
sp., and Bacillus sp. can be transformed into highly precise cell
factories capable of producing amino acids, biofuels, pharma-
ceutical compounds, succinic acid, and polyhydroxyalkanoate
(PHA) biopolyesters (C. Chen & Zheng, 2023; Dudeja et al,,
2025; Palit et al., 2025). In the field of PHA biopolyesters, which
are auspicious polymeric materials accumulated by numerous
predominantly prokaryotic microbial strains as intracellular
storage compounds and stress protectants, Al paves new av-
enues for production process intensification. In this emerg-
ing field, AI enhances the metabolic engineering of microbial
cell factories, predicts polymer properties needed for specific
applications as a consequence of the intramolecular polymer
structure, and automates bioreactor control, including pH-val-
ue, temperature, dissolved oxygen tension, and substrate sup-
ply, thus improving PHA production both quantitatively and
qualitatively (Kalia et al., 2025). Artificial Neural Networks and
genetic algorithms can be applied to optimize nutrient supply
and process parameters during cultivation. Especially for the
utilization of inexpensive feedstocks for PHA production, Al
helps to tap the wealth of diverse agro-industrial waste streams

and even greenhouse gases like CO, and methane, a pre-condi-
tion to make PHA production cost-efficient (Fukala & Kucera,
2024). Improvement of PHA-producing microbial produc-
tion strains happens via Al-driven metabolic engineering and
CRISPR-based genome editing (Dudeja et al., 2025). Moreover,
non-invasive real-time monitoring of intracellular PHA accu-
mulation can be realized via combining Al with advanced an-
alytical sensors, such as 2D fluorescence probes (Guarda et al.,
2025) or Fourier-transform infrared (FTIR) spectroscopy (Sola
et al., 2025), thus providing viable tools for real-time process
fine-tuning and adjustment of cultivation parameters.

Beyond PHA biopolyesters, Al is transforming a broader
spectrum of industrial biotechnology applications that merit
equal attention. In recombinant protein manufacturing, deep
learning models leveraging protein and genomic foundation
models have demonstrated accurate prediction of heterologous
soluble protein expression in E. coli, achieving an AUROC of
0.83 on prospective validation and correctly identifying suc-
cessfully expressing constructs in 92% of cases, directly reduc-
ing the experimental burden of construct screening (Tankhile-
vich etal., 2026). For glycosylation monitoring, a critical quality
attribute in biopharmaceutical manufacturing, ML algorithms
such as XGBoost have enabled rapid, automated quantification
of mAb N-glycans from fluorescence detector data with R?
above 0.95, reducing data analysis time by approximately 70%
while maintaining accuracy comparable to LC-MS reference
methods (Shrivastava et al., 2024). For enzyme engineering,
ML-guided cell-free expression platforms have enabled six par-
allel engineering campaigns to be completed in just one week
per compound, with ML-predicted variants demonstrating up
to 42-fold improved activity relative to parent enzymes across
nine small molecule pharmaceutical targets (Landwehr et al.,
2025). In biologics development, including monoclonal anti-
bodies, Al models are contributing to sequence design, affinity
optimization, structural prediction, and developability assess-
ment, with the emerging consensus that combining AI-driven
computational tools with experimental validation represents
the most effective strategy for next-generation biologics devel-
opment (Ammar et al., 2026). Although much of the published
work centres on E. coli, the same modelling approaches are be-
ing extended to the eukaryotic hosts that dominate biophar-
maceutical manufacturing. In Pichia pastoris, artificial neural
networks combined with response surface methodology have
been used to optimize medium composition for recombinant
monoclonal antibody production (Das et al., 2025), and lan-
guage-model-based codon optimization now improves secret-
ed expression titres across diverse protein classes in this host
(Narayanan & Love, 2026). For Chinese hamster ovary (CHO)
cells, the workhorse of therapeutic antibody production, neu-
ral network models trained on historical cultivation runs have
identified process conditions that raise viable cell density and
product titre beyond standard operating points (Richter et al.,
2025). This spread of a common set of predictive tools across
bacterial, yeast, and mammalian platforms is one of the clear-
er trends in the field, and it reflects a growing consensus that
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host-agnostic sequence and process models can be retargeted
to whichever expression system a given product requires.

The integration of ML with mechanistic models has trans-
formed metabolic engineering into a more predictable and
rapid tool. ML models learn the relationships between protein
sequences and their properties and reduce the experimental
burden by performing in silico fitness predictions. For example,
algorithms like MODIFY accelerate the discovery of enzyme
functions not found in nature by simultaneously optimizing
sequence diversity and predicted fitness values (Ding et al.,
2024). ML platforms integrated with cell-free systems enable
the functional screening of thousands of enzyme variants, fa-
cilitating the parallel optimization of biocatalysts (Landwehr et
al., 2025).

Three gaps identified in current practice merit direct discus-
sion. First, spatial metabolic modeling, accounting for the dis-
tinct enzymatic milieus within subcellular compartments such
as the cytoplasm, mitochondria, and endoplasmic reticulum,
remains poorly captured by genome-scale models that treat
the cell as a homogeneous reactor. Emerging spatial metabol-
ic frameworks that couple subcellular compartmentalization

with flux balance analysis offer a path toward more predictive
cell factory design. Second, the deployment of ML-optimized
strains into bioreactors at industrial scale remains largely man-
ual; real-time Al control systems that adjust feeding rates, tem-
perature, and aeration in response to online metabolic sensors
represent an important engineering frontier. Third, explainable
AT (XAI) methods, notably SHAP (SHapley Additive exPlana-
tions) values, which decompose complex model outputs into
individual feature contributions based on cooperative game
theory, alongside attention visualization and mechanistic fea-
ture attribution, are increasingly being applied to metabolic
flux predictions. This approach provides the regulatory clarity
required for industrial and clinical approval of bioprocesses, al-
lowing researchers to move beyond 'black box' models toward a
mechanistic understanding of cellular engineering.

Metabolic engineering and microbial programming inte-
grate various engineering disciplines, including systems biolo-
gy, synthetic biology, CRISPR-based genome editing, and ML.
Thanks to this integration, flexible, data-driven, and highly ef-
ficient cellular factories for the production of both natural and
synthetic chemicals can be developed (Figure 3) (Cardiff et al.,
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2024; K. J. Jeong, 2025; S. H. Jeong et al., 2023; G. B. Kim et al.,
2023; Landwehr et al., 2025; Qin et al., 2025; Rai et al., 2024).
While this section is organized around metabolic flux control
and microbial consortia, the wider project of programming
microorganisms also depends on automated genetic-circuit
design. The Cello compiler converts a Verilog-style description
of Boolean logic into DNA, using a curated library of insulated
transcriptional logic gates. When tested on sixty separate cir-
cuits in E. coli, the constructs were assembled directly from the
software output without further tuning; about 92% of output
states behaved as predicted, and forty-five of the sixty circuits
passed every line of their truth table on the first build (Nielsen
et al., 2016). Cello has since become a reference point for the
claim that synthetic biology can be made to resemble electronic
design, and it illustrates the conditions for successful design au-
tomation: a well-characterized parts library, a formal Boolean
abstraction of biological function, and gates that work reliably
across genetic contexts.

A second category of advance, distinct from circuit-level au-
tomation, involves genome-scale foundation models that learn
directly from raw DNA sequences. Evo is a seven-billion-pa-
rameter model trained at single-nucleotide resolution on 2.7
million microbial genomes, with a context window of 131 ki-
lobases. Without task-specific fine-tuning, it predicts function
across DNA, RNA, and protein sequences, and was used to
design matched protein and RNA components of CRISPR-Cas
systems within a single end-to-end generation step, an outcome
that had not previously been achieved with one language mod-
el (Nguyen et al., 2024). Its successor, Evo 2, was trained on 9.3
trillion bases from more than 128,000 whole genomes covering
all three domains of life. It scores human disease-associated
variants accurately and can generate synthetic DNA sequences
whose length approaches that of a small bacterial chromosome
(Brixi et al., 2026). For metabolic engineering and microbial
programming, the practical consequence is that the design unit
no longer needs to be restricted to single enzymes or single
pathways, but can extend to whole regulatory cassettes and, in
principle, to entire synthetic operons.

4.1. AI-Driven Bioprocess Engineering and Industrial Scale-
Up

The translation of Al-optimized microbial strains from labora-
tory-scale discoveries to commercially viable bioprocesses rep-
resents one of the most critical yet underaddressed bottlenecks
in the field. While strain engineering and pathway optimiza-
tion have benefited substantially from machine learning, the
subsequent challenges of fermentation development, process
intensification, downstream processing, and industrial-scale
deployment remain disproportionately reliant on empirical tri-
al-and-error approaches. A key barrier is that strains optimized
through laboratory DBTL cycles frequently underperform in
stressed industrial bioreactors, where scale-dependent phe-
nomena introduce complex nonlinearities that laboratory-scale
models cannot fully capture (Karimi Alavijeh et al., 2024; Yuan
et al., 2026). Bridging this gap requires ML-driven fermenta-

tion protocols specifically designed to translate laboratory in-
sights into industrial-scale production (H. Li et al., 2025).

Hybrid modelling frameworks, combining mechanistic de-
scriptions of biological systems with data-driven components,
have emerged as a particularly effective strategy for bridging
this gap under conditions of data scarcity. A joint ML-meta-
bolic modelling approach validated on heterologous peptide
production in E. coli demonstrated that mechanism-informed
predictions can complement experimental design and guide
bioprocess development even with small datasets, with appli-
cability spanning both proof-of-concept and industrial settings
(Zampieri et al., 2026). At pilot scale, hybrid models integrat-
ing mechanistic oxygen transfer descriptions with ML-based
soft sensors for viscosity prediction have achieved an R* of 0.92
using only online measurements, reducing experimental effort
from nine to two fermentations while maintaining predictive
accuracy across multiple strains at 550 L scale (Lemperle et
al., 2026). For fed-batch processes, deep learning models in-
corporating sequential spectral features from online Raman
spectroscopy have enabled automated glucose feeding control,
improving ethanol titers by 3.85% over conventional fed-batch
strategies while reducing glycerol byproduct formation (K. Ji
et al., 2025).

Beyond monitoring and control of upstream processes, rein-
forcement learning is beginning to enter industrial bioprocess
operation. In what represents, to the best of current knowledge,
the first industrial validation of an RL-based control strategy
in a bioprocess, a behavior cloning-initialized RL controller
for pH regulation in an open photobioreactor reduced con-
trol error by 8% compared to conventional PID control and
decreased control effort by 54%, demonstrating robustness
across 8 days of operation under varying environmental con-
ditions (Gil et al., 2026). Such results illustrate the potential of
RL-based methods to handle the inherent nonlinearities and
disturbance-prone dynamics of real industrial systems, though
broader applicability across diverse fermentation formats re-
mains to be established.

Downstream processing, encompassing cell separation,
product recovery, and purification, represents an equally im-
portant but comparatively underexplored application domain.
In biopharmaceutical manufacturing, machine learning-en-
hanced design space identification for Protein A chromatog-
raphy has demonstrated strong performance under high data
availability conditions, with transfer learning from synthetic
datasets enabling robust design space classification even under
limited experimental data availability, thereby reducing wet-
lab reliance in early-stage process development (Galeazzi et al.,
2025). For monoclonal antibody development specifically, Al
models are contributing to sequence design, affinity optimiza-
tion, structural prediction, and developability assessment, with
the emerging consensus that combining Al-driven computa-
tional tools with experimental validation represents the most
effective strategy for next-generation biologics development
(Ammar et al.,, 2026). For recombinant protein production in
E. coli, Long Short-Term Memory (LSTM)-based deep learn-
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Table 3. Multi-Omics Data Integration Strategies

Integration Approach

Alignment-based o
original structure

Transformation-based space (DL/ML)

Network-based .
entities

Federated / Privacy-
preserving

Longitudinal / Time-
series

ing models trained on critical process parameter time series
have demonstrated real-time yield estimation capabilities, pav-
ing the way for ML-based fermentation control algorithms in
upstream biopharmaceutical processes (Bonanni et al., 2023).
Beyond chromatography, machine learning is now reaching
the other unit operations that make up a purification train.
In membrane filtration, Bayesian optimization has been used
to design ultrafiltration steps for protein purification with far
fewer wet-lab experiments than a full factorial screen would
require (Lu et al., 2025), and data-driven models, particularly
artificial neural networks and Gaussian Processes, are increas-
ingly utilized to predict flux decline associated with membrane
fouling and to enable real-time control of tangential flow fil-
tration through advanced architectures like Model Predictive
Control (Oetomo et al., 2025). For crystallization, which offers
a lower-cost alternative to preparative chromatography for
some products, deep learning trained on large synthetic im-
age sets has enabled non-invasive monitoring of protein crystal
growth directly from in-line microscopy (Bischoft et al., 2022).
Taken together, these efforts point to a shift from optimizing
single steps in isolation toward Al-assisted design and moni-
toring across the whole downstream workflow, from capture
through final polishing.

Digital twin frameworks that couple fermentation kinetics,
metabolic modeling, and process control within integrated
computational representations offer a particularly promising
route toward end-to-end Al-assisted bioprocess development.
Machine learning, automation, and large language models can
streamline multiscale optimization and digital twin develop-
ment; however, uncertainty in scale-up performance continues
to challenge deployment, requiring shared Al-ready biosyste-
ms databases and integrative methods such as transfer learn-

Implementation Method

Direct matching of data while preserving

Mapping data into common mathematical

Modeling interactions among biological

Collaborative model training across
institutions without data centralization

Recurrent neural architectures on time-
ordered omics snapshots

Advantages and Challenges

Advantages: Practical starting point.
Challenges: Scale differences create technical
challenges.

Advantages: Uncovers hidden patterns.
Challenges: Can reduce biological interpretability.

Advantages: Holistic, multidimensional
framework.
Challenges: High computational cost.

Advantages: Enables multi-lab pooling; legal
compliance.
Challenges: Some performance trade-offs
(Malpetti et al., 2025).

Advantages: Captures dynamic cellular states.
Challenges: Demands dense sampling; data
alignment is challenging.

ing, reinforcement learning, and Bayesian optimization across
the process chain (Yuan et al., 2026). In parallel, Al is trans-
forming industrial enzyme engineering by enabling rapid, da-
ta-driven design through models such as AlphaFold2, ProGen,
and ESM-2, with hybrid Al-experimental workflows combin-
ing predictive modelling with high-throughput screening to
accelerate discovery and reduce experimental demand across
pharmaceuticals, biofuels, and environmental remediation
(Khan & Khan, 2025). Collectively, narrowing the gap between
Al-powered strain engineering and Al-enabled industrial de-
ployment will be essential for synthetic biology to realize its
commercial and societal potential.

5. Integration of Omics Data and Data Analytics

In recent years, rapid advancements in omics technologies have
enabled the integration of data, allowing for the simultaneous
measurement of clinical phenotype layers, such as genomic,
transcriptomic, proteomic, metabolomic, epigenomic, and
even radiomic, spatial omics, and electronic health records,
from the same individual or cell, with the aim of holistically
integrating biological systems (Nam et al., 2024; Ozcelik et al.,
2024). The fundamental challenge in this multi-layered struc-
ture lies in the fact that each omics type is generated using dif-
ferent measurement technologies, varying scales, and unique
data structures that each have inherent gaps. Conventional
methods fall short at capturing complex, often nonlinear re-
lationships among these high-dimensional and heterogeneous
data. AT and ML are transforming data analysis by facilitating
the extraction of meaningful patterns from high-dimensional
datasets and the development of predictive models (McKen-
zie et al., 2026). A representative case at the single-cell level is
Geneformer, a transformer model pre-trained by self-supervi-
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sion on about thirty million single-cell transcriptomes. Its at-
tention weights capture patterns of gene-to-gene dependence
that broadly resemble a regulatory network, and after down-
stream fine-tuning the model has been used to suggest thera-
peutic targets for cardiomyopathy from patient cohorts that are
too small for conventional supervised learning (Theodoris et
al., 2023). Building upon this foundation, the recently advanced
Geneformer v2 expands the pretraining scope to nearly one
hundred million single-cell transcriptomes. This significantly
upgraded iteration enables specialized downstream fine-tuning
for cancer-specific contexts, capturing the complex, aberrant
regulatory networks of malignant cells and successfully identi-
fying novel, context-dependent therapeutic targets in oncology
where data scarcity previously hindered discovery (H. Chen et
al,, 2026). A less frequently discussed limitation concerns bi-
ological sampling bias in multi-omics datasets. Most publicly
available datasets are derived from a limited number of model
organisms or populations, leading to skewed representations of
biological diversity. This bias can propagate through AI models,
reducing their generalizability across species, environments, or
underrepresented human populations.

Multi-omics data integration has emerged as one of the most
dynamic fields in modern bioinformatics and is fundamentally
shaped by three strategic approaches. Alignment-based inte-
gration relies on directly aligning data while preserving their
original structure, offering researchers a practical starting point
yet bringing technical challenges stemming from differences in
data scales. Transformation-based integration uses ML and DL
techniques to map data into a common mathematical space,
successfully uncovering hidden patterns but potentially com-
plicating biological interpretability. Network-based integration
models the complex interactions among biological entities,
transforming disparate data into a structured and intercon-
nected framework (Nam et al., 2024). Advanced Al models use
DNN and representation learning techniques to impute miss-
ing omics data and simulate treatment responses in a digital
environment (Zack et al., 2025). Table 3 presents an expanded
taxonomy of integration approaches.

A critical development that previous reviews of this field
have not fully addressed is the rise of federated learning (FL)
for multi-omics analysis. The isolated nature of biomedical in-
stitutions, governed by patient privacy policies and data-shar-
ing regulations, creates a fundamental tension: the models that
would most benefit from large, diverse training sets are the
hardest to build when data cannot be centralized. FL resolves
this tension by allowing institutions to train models locally and
share only model gradients rather than raw data. Privacy-pre-
serving FL frameworks such as privacy-preserving ML method
(PPML-Omics) have been demonstrated on RNA sequencing
and spatial transcriptomics tasks, achieving near-centralized
performance while providing mathematically guaranteed pri-
vacy protection (Malpetti et al., 2025). Federated transfer learn-
ing with differential privacy has been applied to multi-omics
survival analysis in cancer, showing that recruiting additional
federated nodes substantially improves model generalization

across cancer types (Wen & Li, 2025).

An equally important temporal dimension is emerging
through longitudinal omics studies, where repeated biological
sampling over time, captured with recurrent neural architec-
tures such as LSTM, which maintain long-range dependencies
in sequential data, and transformer-based sequence models,
allows dynamic cellular states to be characterized rather than
mere static snapshots. This paradigm is particularly relevant
for modeling disease progression, drug response trajectories,
and microbial community succession. The fusion of spatial
transcriptomics with histopathological image analysis, com-
bining gene expression at near-single-cell resolution with tissue
morphology, represents a powerful multimodal integration ap-
proach that is beginning to transform cancer pathology (McK-
enzie et al., 2026).

Technical and ethical challenges must be considered during
the data integration process. Differing collection protocols
across institutions and platforms, batch effects, missing data,
and heterogeneous clinical annotations create transparency
issues. Therefore, normalization, harmonization, and quality
control steps must be performed in a controlled manner to en-
sure the generalizability of Al models (Zack et al., 2025). Open-
source tools and standardized workflows play a critical role in
ensuring the reliability of the research process. Ultimately, the
primary goal is not merely to store vast amounts of data, but
to transform them into a tangible force for improvement that
is secure, transparent, and directly benefits the patient (Yetgin,
2025).

6. Promoter Design and Optimization of Gene Expression
Using Al

Promoters, the fundamental regulatory elements that deter-
mine the location, direction, and strength of gene transcrip-
tion, occupy a central position in synthetic biology and meta-
bolic engineering (X. Wang et al., 2025). Promoter design and
the optimization of gene expression using Al have become key
parameters for metabolic engineering, gene therapy, and the
design of smart biological circuits. Traditional promoter en-
gineering methods, such as rational design and directed evo-
lution, rely heavily on trial-and-error processes and a limited
number of natural sequences. In recent years, the integration
of Al and DL techniques has revolutionized the processes of
promoter identification, activity prediction, and de novo design
(Y. Wang et al., 2020; Xia & Huo, 2026). In particular, convolu-
tional neural networks (CNN) and recurrent neural networks
(RNN) can predict promoter strength with high accuracy by
learning the complex motifs and structural features in promot-
er sequences (X. Zhou et al., 2026). More recent transform-
er-based architectures, such as Enformer, extend the effective
sequence context of gene-expression predictors to about one
hundred kilobases. With this extended context, the model gives
more accurate predictions of tissue-specific transcript levels
and agrees more closely with high-throughput experimental
measurements of how non-coding variants change gene expres-
sion (Avsec et al., 2021). Recent studies in E. coli have shown
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Figure 4. Integration of Al in promoter engineering. The framework integrates multimodal data, including chromatin accessibi-
lity, histone modifications, and DNA methylation, into CNN and RNN architectures for motif discovery and activity prediction.
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that Al-guided engineering of promoter —10 and —35 elements
enables the rational construction of synthetic promoter librar-
ies with graded expression outputs. Using such frameworks,
ML-based models linking RNA polymerase binding energetics
to transcriptional activity have achieved expression tuning over
a dynamic range of up to 80-fold (X. Zhou et al., 2026).

Generative Al models enable the design of biologically func-
tional and novel promoter sequences from scratch, allowing for
the targeting of specific expression levels required for the pre-
cise regulation of certain metabolic pathways (Gu et al., 2025;
X. Wang et al., 2025). Xu et al. integrated the eGFP reporter
gene and the strong sigma70 promoter properties identified via
high-throughput screening into DL models, thereby achieving
the rational design of novel, high-performance artificial pro-
moters that enable the active and soluble production of indus-
trial-grade enzymes such as microbial transglutaminase in the
E. coli expression system (K. Xu et al., 2024).

The practical utility of integrating reporter genes with
Al-driven promoter design is further demonstrated in envi-
ronmental and diagnostic biotechnology through biolumines-
cent bioreporter bacterial sensors. A panel of engineered lu-
minescent bacteria has enabled the production of bioreporters

to detect the effect of various toxicities such as genotoxicity,
cytotoxicity, membrane toxicity and more. Thanks to their ex-
istence whole-cell fiber-optic biosensors have been developed
to measure in either water or sediment environmental toxic-
ity in real-time in the field (Carmeli et al., 2025). There are of
course limitations, such as 1., measuring mixtures of toxicants
within a same sample (Trif et al.,, 2025); 2., the use of these
bioreporters with a single promoter; 3., the need for increased
specificity or 4., faster to design; 5., make them more sensitive
and 6., easier to interpret in real-world environments. AI could
significantly improve them by designing better bioreporter cir-
cuits (promoters, regulatory proteins, reporters (like luciferase
genes) that 1., predict which genetic designs will produce the
strongest or most stable light signal; 2., optimize regulatory
networks so bacteria respond only to the target chemical and
3., reduce trial-and-error lab work by simulating thousands
of designs in silico. ML can analyze experimental data to dis-
tinguish weak true signals from random metabolic variation
and reduce “background noise” (unwanted light emission). Al
could convert raw light data into accurate concentration esti-
mates, correct for temperature, pH, or nutrient effects that dis-
tort and detect anomalies or sensor drift over time. This turns
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a simple “light/no light” output into better quantitative chem-
ical measurements. Further improvements that will expand
what bioreporters can detect are expected by Al that can scan
protein and gene databases to identify new bioluminescent
systems from unexplored organisms, to suggest novel sensing
proteins that respond to specific toxins, or would help identify
new bioactive molecules (Trif et al., 2024) and design synthetic
regulatory elements that don’t exist in nature.

Three directions identified as gaps in current promoter AI
research deserve emphasis. First, cell-type-specific promot-
er design for gene therapy, where precise spatial and cellular
expression control is needed to avoid off-target expression in
non-target tissues, is an emerging application where Al train-
ing datasets incorporating chromatin accessibility (ATAC-
seq), histone modification (ChIP-seq), and transcription factor
binding data are beginning to enable epigenetic-aware design.
Second, epigenetic-aware promoter models that account for
chromatin context, DNA methylation, and nucleosome posi-
tioning are necessary to bridge the gap between sequence-level
approximation and the cellular reality of gene regulation. Third,
wet-lab validation of AI-designed promoters in non-model or-
ganisms, including industrially relevant bacteria, yeasts, and
plant systems, remains a critical bottleneck; systematic bench-
mark datasets linking estimated and measured promoter activ-
ity across diverse hosts will be essential for field progress (Fig-
ure 4). Concurrently, these Al-optimized promoter elements
and genetic circuits serve as foundational building blocks for
the advancement of artificial cells—synthetic constructs de-
signed to mimic the core architecture and functions of biolog-
ical entities through nanotechnology. By facilitating real-time,
biocompatible interactions with living organisms, AI-driven
artificial cells are emerging as a potentially groundbreaking
field of research and therapy, expanding computational models
into functional, controllable biomedical devices (Dundar et al.,
2024).

A critical assessment of Al-driven promoter design reveals
structural limitations that temper current optimism. Most
high-performing models have been trained and validated in
model organisms such as E. coli and S. cerevisiae, and their
transferability to industrially or clinically relevant non-model
hosts remains largely unvalidated. Furthermore, sequence-lev-
el models that ignore chromatin context, DNA methylation
state, and nucleosome positioning systematically underrepre-
sent the regulatory complexity of eukaryotic transcription, a
gap explicitly identified as a priority for the field. Finally, com-
munity-standardized benchmark datasets linking predicted
and measured promoter activity across diverse host organisms
remain absent, preventing rigorous cross-study comparison of
competing design approaches. Closing these gaps will be es-
sential for Al-driven promoter engineering to transition from
proof-of-concept demonstrations in model systems to broadly
deployable tools for metabolic engineering and gene therapy.
As aresult, Al-driven data-centric workflows and DNA models
optimize gene expression at the transcriptional level, thereby
enhancing protein production efficiency in industrial biotech-

nology and contributing to the development of safer regulators
for clinical applications (Liebal et al., 2021; Martin et al., 2021;
Xia & Huo, 2026).

7. Clinical and Biomedical Applications of AI-Driven Syn-
thetic Biology

Al-powered synthetic biology holds significant transformation
potential in clinical applications. The convergence of these two
disciplines offers critical solutions, particularly in disease diag-
nosis, personalized treatment methods, and novel drug discov-
ery. Traditional methods for regenerative medicine face several
obstacles that limit clinical success, including low throughput,
high intercellular heterogeneity, and cost (Choudhury et al.,
2025). To overcome these challenges, AI-powered synthetic bi-
ology has the potential to revolutionize cell therapies by learn-
ing and predicting complex and dynamic gene expression pat-
terns during stem cell differentiation (Choudhury et al., 2025).
AT accelerates drug discovery by optimizing target identifi-
cation, predicting protein structures, and performing virtual
screening, while enabling personalized medicine through pa-
tient-specific simulations and treatment protocol optimization.
A meta-analysis covering the period 2015-2025 shows that Al
provides strong positive effects on therapeutic efficacy in CRIS-
PR-based epigenetic editing (SMD = 1.67) and guide RNA
optimization (SMD = 1.44) (Basarali et al., 2025). DL models
increase the potential for safer and more personalized gene
editing by minimizing off-target effects. Al plays a significant
role in personalized medicine by enabling the development of
digital twin frameworks, which are increasingly explored for
patient-specific modeling and in silico simulation of drug re-
sponses (Tudor et al.,, 2025). On a related axis, AlphaMissense
extends AlphaFold2 by fine-tuning it on allele-frequency data
from humans and other primates. The trained model assigns
a confident benign or pathogenic label to about 89% of every
possible single-amino-acid change in the human proteome,
and the predictions are released as a precomputed table that
clinicians can consult when interpreting variants of uncertain
significance (J. Cheng et al., 2023). These systems, alongside
dynamic dosing platforms like CURATE.AI, are being explored
for optimizing treatment protocols for individual patients (Bla-
siak et al., 2020). The translational utility of these predictive
models is highly pronounced in resolving complex pheno-
type-genotype correlations that traditional model organisms
fail to fully decipher. A prime example of this diagnostic par-
adigm is ClioMD, an advanced ML platform specifically engi-
neered for heterogeneous genetic disorders like ciliopathies. By
integrating large-scale clinical trial data and model organism
networks with globally standardized repositories, specialized
AT tools like ClioMD accelerate accurate clinical screening,
optimize variant interpretation, and deliver automated genetic
counseling recommendations (Ergéren et al., 2025).

Recent studies enable the development of automated, low-
cost, and high-throughput diagnostic systems by integrating
synthetic biology with AI and nanotechnology (C. Zhou et al.,
2025). Al-supported nanosensors play a transformative role in
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precision medicine by modernizing biomarker selection, sen-
sor design, performance optimization, and complex data anal-
ysis stages in clinical diagnostic processes (Yin, 2025). Engi-
neered biomolecules developed within synthetic biology, such
as aptamers, artificial peptides, molecularly imprinted poly-
mers (MIPs), and nucleic acid-based diagnostic elements, form
the basis for nanosensors to detect disease-specific biomarkers
with high selectivity. In parallel, emerging nanomaterials, in-
cluding MXenes and novel two-dimensional metallic systems
such as goldene, are being increasingly explored to enhance
signal transduction, surface chemistry, and analytical sensi-
tivity in AI-driven biosensing platforms (Hussain et al., 2024;
Kashiwaya et al., 2024).

Several emerging clinical directions merit forward-looking
attention. On-device Al for wearable diagnostics, edge com-
puting models that run inference locally on biosensors with-
out cloud connectivity, address both latency and privacy con-
cerns for real-time health monitoring. The design of regulatory
T-cells (Tregs) with ML-optimized synthetic gene circuits rep-
resents a promising frontier in autoimmune disease manage-
ment, extending the ML-guided CAR T-cell engineering par-
adigm developed by Daniels et al. (2022) to a new therapeutic
target class (Daniels et al., 2022). Clinical trial outcome predic-
tions from preclinical synthetic biology data, using AT models
trained on cross-species and in vitro correlations to forecast
translational success, could substantially reduce the high at-

trition rate of synthetic biology-derived therapeutics moving
from bench to bedside (Figure 5). However, the integration of
these technologies into clinical applications remains limited
due to data security, regulation, and ethical issues (Feizyab et
al., 2025; Goktas & Grzybowski, 2025).

However, several translational failures highlight the lim-
itations of current Al-driven approaches. Models trained on
preclinical data often fail to generalize to human physiology
due to interspecies differences and incomplete biological repre-
sentations. These discrepancies underscore the need for hybrid
validation pipelines combining in silico, in vitro, and in vivo
systems.

Such failures are not isolated incidents but reflect structural
patterns documented across oncological AI applications more
broadly. A comprehensive cross-cancer analysis spanning 18
malignancies found that strong algorithmic performance does
not necessarily translate into meaningful patient benefit: most
published evidence derives from retrospective, single-institu-
tion studies conducted in curated dataset environments that
systematically differ from real-world clinical deployment con-
ditions, and diagnostic accuracy has repeatedly failed to serve
as a reliable surrogate for patient-centered outcomes such as
reduced mortality or procedural harm (Kuchana et al., 2026).
Performance disparities across demographic subgroups, dis-
ease etiologies, and geographic settings further reveal that
current Al systems risk amplifying existing health inequities
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rather than resolving them (Kuchana et al., 2026). Beyond al-
gorithmic performance, a deeper structural barrier concerns
the absence of an operational definition of trustworthiness in
clinical Al translational gaps markedly arise from conceptual
ambiguity around trust, which enables both unintentional mis-
use and intentional ethics washing by industry stakeholders,
leaving "Trustworthy AI" guidelines largely aspirational rather
than operationally enforceable (Biirger et al., 2024). Bridging
these translational gaps will require prospective trial designs
measuring patient-centered endpoints, federated data gover-
nance frameworks ensuring demographically inclusive train-
ing datasets, and regulatory pathways mandating post-market
outcome surveillance as a condition of clinical deployment
(Biirger et al., 2024; Kuchana et al., 2026).

7.1 Machine Learning and Synthetic Biology in Parkinson’s
Disease
Neurodegenerative diseases represent one of the most complex
and data-intensive challenges in modern medicine, making
them particularly suitable for Al-driven approaches (Young
et al, 2024). Among these, Parkinson’s disease has emerged
as a prominent case study due to its progressive nature, het-
erogeneous clinical presentation, and the absence of definitive
early diagnostic markers (Fan et al., 2025). ML models have
demonstrated strong potential in identifying early-stage Par-
kinson’s disease by leveraging multimodal datasets, including
neuroimaging, genomic profiles, and increasingly, acoustic
biomarkers (Rashidi et al., 2025). Speech impairments, which
often manifest in early disease stages, provide a non-invasive
and scalable data source. Recent studies employing long-term
and short-term acoustic feature extraction combined with ML
classification algorithms have achieved promising diagnostic
performance, highlighting the feasibility of Al-assisted early
screening tools (Serag et al., 2025; Shokrpour et al., 2025).
Importantly, these advances illustrate how data-driven Al
models can serve as upstream components within broader
synthetic biology pipelines, where early detection signals may
inform the design of responsive biological systems. From a syn-
thetic biology perspective, these predictive capabilities open
new possibilities for the development of adaptive therapeutic
strategies. For instance, engineered cellular systems or gene cir-
cuits could, in principle, be designed to detect molecular cor-
relates of neurodegeneration and trigger controlled therapeutic
responses. While such integrations remain largely conceptual,
they illustrate the broader trajectory toward closed-loop diag-
nostic-therapeutic systems. Despite these advances, significant
challenges remain, including inter-patient variability, limited
availability of longitudinal datasets, and the need for clinically
validated, interpretable models. Addressing these issues will be
critical for translating Al-based diagnostic strategies into prac-
tical tools for neurodegenerative disease management.

8. Applications of Artificial Intelligence for Information
Storage in Synthetic Biology
DNA data storage represents an emerging interdisciplinary

field where synthetic biology and information science converge.
With the widespread adoption of digital technologies, global
data volumes have experienced explosive growth, necessitating
dense and durable alternative media. Due to its ultra-high stor-
age density, long preservation duration, and minimal energy
consumption, DNA is regarded as a highly promising future
information storage medium (Meiser et al., 2022). The fun-
damental pipeline involves converting binary data into DNA
base sequences (A, T, C, G), which are subsequently synthe-
sized and stored; upon retrieval, high-throughput sequencing
technology reads these sequences to decode the original digital
data (Meiser et al., 2022). However, due to the inherent bio-
chemical properties of DNA molecules and current technical
limitations, these processes are prone to sequence degradation
and reading errors, thereby compromising data recovery accu-
racy. Artificial intelligence, leveraging its robust capabilities in
pattern recognition, predictive modeling, and combinatorial
optimization, offers novel solutions to these challenges and has
become a pivotal force in advancing DNA data storage tech-
nologies. During the DNA data encoding phase, factors such
as long homopolymers, extreme GC content, and unwanted
secondary structures can severely compromise data integrity
and DNA stability (Cao et al., 2026; Wu et al.,, 2023). Conse-
quently, DNA sequence design must strictly adhere to multi-
ple biophysical constraints. The powerful feature extraction
capability of CNNs enables them to learn from vast sequence
datasets and identify motifs aligned with biological principles.
When utilized as intelligent evaluators, these CNN-based mod-
els effectively guide the generation and selection of more sta-
ble DNA sequences that are easier to synthesize and sequence
(Cao et al., 2026; Wu et al., 2023). Similarly, the Graph Convo-
lutional Network integrated with a Self-Attention Mechanism
(GCNSA) has been employed to enhance encoding efficiency.
Through end-to-end learning, this architecture successfully
captures the complex base interactions and spatial constraints
of DNA strands to output optimized, constraint-compliant se-
quences (Cao et al., 2023). Beyond encoding, multiple errors
are commonly introduced during DNA synthesis, PCR am-
plification, and sequencing, with insertion, deletion, and sub-
stitution errors being particularly prevalent. Traditional error
correction codes—such as Reed-Solomon and Low-Density
Parity-Check (LDPC) codes—are limited in efficiency when
handling these non-random, asymmetric, and non-Gaussian
distributed errors. To address this, researchers have developed
a single-stranded representation learning (RSRL) framework.
By integrating mathematical error correction coding theory
with the biophysical principles of nucleotide interactions, this
model significantly reduces the net error rate in raw sequenc-
ing data (Cao et al.,, 2026). Furthermore, bidirectional RNNs
(BiRNNSs) based on gated recurrent units (GRUs) and LSTM
networks have been developed to enable the reliable correction
of persistent substitution errors in DNA-encoded data (Sri-
vastava et al., 2024). However, the real-world performance of
Al in DNA data storage remains heavily bottlenecked by the
availability of high-quality, large-scale, and multimodal experi-
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mental datasets. Currently, comprehensive benchmark datasets
encompassing error profiles, synthesis biases, and decay met-
rics across various hardware platforms and storage conditions
remain relatively scarce, which limits the generalization and
robustness of downstream Al models (Gimpel et al., 2023).
Consequently, developing a standardized, open-source, and
cross-platform AI benchmark dataset tailored for DNA data
storage has emerged as a critical challenge requiring urgent
resolution.

9. Ethics, Biosafety, and the Dual-Use Problem in AI Usage
The integration of Al and synthetic biology offers revolutionary
innovation potential in medicine, agriculture, and sustainabil-
ity, but it also brings complex biosafety risks and ethical di-
lemmas (Groff-Vindman et al., 2025; OECD, 2025). While this
technological convergence contributes to the democratization
of knowledge by lowering the expertise threshold required for
biological engineering, it also increases global security vulner-
abilities by enhancing the ability of malicious actors to design
dangerous pathogens or toxins (Eskandar, 2026; OECD, 2025).
The dual-use risk refers to the fact that models developed for
therapeutic purposes can be used for biological weapon design
with minimal modifications. Evidence presented by Urbina
et al. (2022) showed that a generative AI model designed for
drug discovery, when directed to maximize toxicity, generated
40,000 molecules predicted to be highly toxic based on i silico
scoring and potentially more lethal than known nerve gases in
just six hours (Urbina et al., 2022).

A landmark 2025 study published in Science demonstrated
that AI protein-design tools could rewrite the sequence codes
of dangerous proteins, so-called sequence paraphrasing, in
ways that preserve their three-dimensional structure and po-
tentially their function, while bypassing current DNA synthesis
screening systems that rely on sequence homology to known
threats (Wittmann et al., 2025). A cross-sector team, including
Microsoft researchers subsequently patched the identified vul-
nerabilities in commercial screening software, but the under-
lying challenge remains: Generative models that optimize for
structural rather than sequence similarity can produce func-
tional toxins invisible to first-generation screening algorithms.
This finding has catalyzed calls for function-based, interna-
tionally harmonized biosecurity standards that extend beyond
the current paradigm of homology matching (Wittmann et al.,
2025).

A complementary technical safeguard gaining momentum is
output watermarking, embedding cryptographically traceable
signatures into the sequences generated by Al protein design
models. Inspired by watermarking frameworks developed for
LLM, recent proposals adapt Gumbel sampling methods to
bias protein generative models toward statistically identifiable
token patterns that remain invisible to biologists and are robust
to moderate mutation (Y. Chen et al., 2025). Such watermarks
could enable regulatory bodies and synthesis providers to trace
Al-generated sequences back to specific model versions or re-
search groups, even for sequences that do not match any entry

in existing hazard databases.

On an ethical level, the most fundamental concern is the
black-box problem in decision-making processes with Al This
lack of transparency makes it impossible to justify the biologi-
cal designs proposed by the model, making it difficult to detect
erroneous or harmful outcomes (Goktas & Grzybowski, 2025;
Groff-Vindman et al., 2025). Furthermore, since the vision
of fully autonomous laboratories carries the risk of bypassing
human judgment, maintaining the human-in-the-loop princi-
ple at critical evaluation points is a legal and moral impera-
tive (OECD, 2025). Another critical issue is data and resource
justice; insufficient population representation in training data
leads to algorithmic bias, while regional inequalities in access
to advanced infrastructure deepen the global technology gap
(Eskandar, 2026; OECD, 2025).

Managing these complex risks requires adopting agile and
predictive governance models that can adapt to the pace of
technology, rather than static rules (Eskandar, 2026; IGSC,
2024). An international consensus is forming around the
principles of equity, universality, traceability, availability, ro-
bustness, and explainability regarding the use of Al in health-
care through initiatives such as the FUTURE-AI consortium
(Lekadir et al., 2025). Therefore, it is vital that high-capacity
models undergo red team testing before release, that risk-based
incremental access controls are implemented, and that ad-
vanced function-oriented screening protocols are aligned with
industry standards such as IGCS (Infrastructure Governance
and Control Standard) (Eskandar, 2026; IGSC, 2024). Further-
more, as synthetic biology transitions from cellular manipula-
tion to macroscopic tissue-scale architectures, it increasingly
intersects with profound bioethical boundaries. This intersec-
tion is explicitly demonstrated in the emerging development of
artificial placenta (AP) and artificial womb (AW) technologies,
which utilize engineered chambers to mimic maternal environ-
ments for human embryonic development outside the womb
(Medori et al., 2023). While designed as novel medical solu-
tions to mitigate the global infertility crisis and lower preterm
infant mortality, they simultaneously provoke urgent questions
regarding controllability, legal status, and socio-ethical bound-
aries that must be resolved prior to public introduction (Me-
dori et al., 2023). Ultimately, equity frameworks specifically de-
signed for low-resource countries, addressing not only access
to AI models but also computational infrastructure, training
datasets that reflect global biodiversity, and regulatory capacity,
represent a foundational justice challenge that the field cannot
afford to defer.

10. Methodological and Conceptual Limitations in the Use
of Al

The integration of Al deeply influences the macro-level synthe-
sis of research, serving as a powerful enabler for internation-
al collaborations and biotechnology data management, while
simultaneously introducing distinct systemic challenges. Al is
becoming a powerful enabler for the creation of high-quality
review papers by international research teams (Abdelrady et
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al., 2025; Agho et al., 2025; Bazakos et al., 2026; Ljubesi¢ et al.,
2025; Rotter et al., 2020) . It facilitates rapid literature screening
across vast, multilingual databases, helping researchers identi-
fy relevant studies, detect trends, and reduce bias in evidence
synthesis. Al-driven tools can assist in organizing references,
summarizing findings, and harmonizing terminology across
disciplines, which is particularly valuable in collaborative,
cross-country projects (Abdelrady et al., 2025; Agho et al,
2025; Bazakos et al., 2026; Ljubesi¢ et al., 2025; Rotter et al.,
2020). Additionally, AI supports consistency in writing style,
improves transparency through reproducible workflows, and
accelerates the overall drafting process. Importantly, Al also
adds significant value in the preparation of manuscripts based
on complex environmental datasets linked to biotechnological
applications, such as blue biotechnology (Ljubesi¢ et al., 2025;
Rotter et al., 2020), agro-biotechnology (Abdelrady et al., 2025;
Agho et al.,, 2025; Bazakos et al., 2026), and medical biotech-
nology (Bonetti et al., 2023; Feizyab et al., 2025; Kiani et al.,
2022; Medori et al.,, 2023) by enabling advanced data integra-
tion, pattern recognition, and predictive modeling. This allows
researchers to more effectively link environmental variabil-
ity with biological responses, optimize resource use, and de-
rive actionable insights for sustainable innovation, ultimately
strengthening the scientific rigor and applied relevance of such
studies. Al-assisted review papers developed by international
research consortia are particularly valuable within the frame-
work of large collaborative projects, where diverse datasets,
methodologies, and regional perspectives must be synthesized
efficiently. In this context, Al facilitates harmonization of ter-
minology, standardization of data interpretation, and rapid in-
tegration of findings across geographically dispersed teams. Im-
portantly, the inclusion of researchers from non-EU countries
significantly enhances the scientific robustness and global rele-
vance of such reviews. These contributions bring unique envi-
ronmental datasets, locally adapted biotechnological practices,
and underrepresented ecological contexts—especially critical
in fields such as blue biotechnology and agro-biotechnology.
Moreover, participation from non-EU partners fosters capacity
building, promotes equitable knowledge exchange, and reduc-
es regional bias in scientific narratives. However, disparities in
access to Al tools, computational infrastructure, and training
may create imbalances in contribution levels, underscoring the
need for inclusive frameworks that ensure fair participation
and data sovereignty across all partners. Also, the advantages
are accompanied by important limitations, including the risk
of propagating biases present in training data, potential inac-
curacies or oversimplifications in automated summaries, and
reduced critical engagement by researchers if over-reliance oc-
curs. Concerns about data privacy, reproducibility of Al-gener-
ated outputs, and the need for careful validation of results also
highlight the importance of maintaining human oversight and
methodological transparency when integrating Al into scien-
tific writing.

These collaborative, macro-level constraints and data-cen-
tric bottlenecks directly mirror the micro-level limitations en-

countered during model development and wet-lab execution.
While Al-powered synthetic biology has made significant
progress in recent years, many methodological and conceptual
limitations still exist in the field. These limitations directly affect
both model development processes and the biological validity
of the results obtained. One of the most fundamental problems
is the uncertainty inherent in biological data. Biological sys-
tems are multi-layered structures sensitive to environmental
factors, and their highly stochastic behavior limits determinis-
tic modeling approaches and makes the generalizability of Al
models difficult (Gangwal et al., 2024). Data quality is another
important problem; biological datasets are often incomplete,
unbalanced, or contain experimental errors, which can lead to
overfitting and model bias (Gholap et al., 2024). Furthermore,
most current AI models are described as black boxes, and their
inability to explain decision-making mechanisms limits their
scientific reliability and clinical applicability (Goktas & Grzy-
bowski, 2025).

Four additional methodological limitations deserve target-
ed attention. First, the absence of agreed benchmarking stan-
dards for biological Al models creates a fragmented literature
in which models trained on different datasets, evaluated with
different metrics, and applied to different organisms cannot be
rigorously compared. Developing community-accepted bench-
marks analogous to Critical Assessment of protein Structure
Prediction (CASP) for domains such as promoter strength pre-
diction, metabolic pathway optimization, and biosensor design
is an urgent priority. Second, uncertainty quantification, the
ability of a model to know what it does not know, is underuti-
lized in biological design. Bayesian DL frameworks that express
design uncertainty as calibrated probability distributions, rath-
er than point estimates, would allow researchers and regulators
to identify when a model is operating outside its domain of
reliability. Third, the reproducibility crisis specific to AI-driv-
en biodesign compounds the general reproducibility challeng-
es of experimental biology: different random seeds, software
versions, and training set splits can yield substantially different
design outputs, undermining comparative assessment across
research groups. Fourth, standardized reporting requirements,
analogous to CONSORT for clinical trials, are needed for Al
model training data, hyperparameter selection, and validation
procedures to enable replication and critical appraisal.

Busch et al. (2025) and He et al. (2025) emphasize that LLM
used in healthcare should be transparent and explainable
(Busch et al., 2025; He et al., 2025). If an AI model suggests
a treatment, it is essential for the physician to understand the
biological basis of that suggestion (O’Connor et al., 2023). Ad-
dressing these limitations is not merely a technical obligation; it
is a prerequisite for regulatory acceptance and clinical adoption
that would allow the field to fulfill its transformative potential.
While much of the field has focused on model-centric innova-
tion, an emerging paradigm shift emphasizes data-centric AL
In this view, improvements in model performance are achieved
not primarily through more complex architectures, but
through better data curation, annotation, and standardization.
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In synthetic biology, where experimental data are costly and
noisy, strategies such as active learning, data augmentation,
and automated error correction are becoming increasingly im-
portant. Data-centric approaches also highlight the importance
of standardized experimental protocols and interoperable data
formats. Without these, even the most advanced AI models risk
being limited by inconsistencies in training data. The integra-
tion of laboratory information management systems (LIMS)
with AT pipelines represents a critical step toward creating ro-
bust, scalable, and reproducible biological datasets. Ultimately,
the shift toward data-centric Al reframes synthetic biology not
only as a modeling challenge, but as a data engineering disci-
pline, where the quality, diversity, and structure of data deter-
mine the upper bound of innovation.

11. Quantum Computing and Quantum Algorithms in Bio-
informatics

Quantum computing represents a fundamentally distinct com-
putational paradigm that exploits quantum mechanical phe-
nomena, including superposition, entanglement, and quantum
tunneling to address computationally intractable optimization
problems that impose exponential time complexity constraints
on classical computing architectures (Marchetti et al., 2022; Pal
et al,, 2024; Sung et al,, 2026). Unlike classical bits that exist in
binary states of 0 or 1, quantum bits (qubits) exist in super-
position states that enable parallel exploration of exponentially
large solution spaces, fundamentally altering the computation-
al complexity landscape for high-dimensional biological opti-
mization problems (Pal et al., 2024; Sung et al., 2026). Quan-
tum entanglement, characterized by non-separable multi-qubit
states, provides exponentially scaling computational capacity
that classical systems cannot replicate, offering potential ad-
vantages for complex biological modeling tasks (Nassir et al.,
2025).

Quantum algorithms specifically architected for bioinfor-
matics applications leverage distinct algorithmic primitives
that exploit quantum mechanical advantages. Grover's quan-
tum search algorithm provides a quadratic speedup for un-
structured database search with direct applications to sequence
alignment, motif discovery, and variant calling in genomic
datasets (Marchetti et al., 2022; Pal et al., 2024). The Quantum
Approximate Optimization Algorithm (QAOA), a variational
hybrid quantum-classical framework, has been successfully
implemented for protein structure prediction by encoding the
conformational search space as optimization problems execut-
able on quantum hardware (Pamidimukkala et al., 2024; Sel-
varaj et al., 2026). Quantum annealing on adiabatic quantum
processors has demonstrated proof-of-concept success in de
novo genome assembly by mapping sequence reconstruction
problems onto quantum-compatible formulations executable
on D-Wave quantum annealers (Marchetti et al., 2022; Pal
et al., 2024). Recent implementations have achieved protein
structure predictions utilizing up to 114 qubits on IBM quan-
tum hardware, successfully capturing the hydrophobic collapse
that brings hydrophobic residues to the protein core during

folding (Pamidimukkala et al., 2024).

Hybrid quantum-classical workflows represent the most
viable implementation strategy on current noisy intermedi-
ate-scale quantum (NISQ) devices, which are constrained by
limited qubit coherence times, gate fidelities, and connectivity
topologies (Sung et al., 2026). Variational quantum eigensolver
(VQE) architectures, which partition computational workload
between quantum state preparation circuits and classical op-
timization, have been applied to molecular Hamiltonian sim-
ulation for drug discovery, achieving chemical accuracy for
small molecules while remaining tractable on NISQ hardware
(Gircha et al.,, 2023; Uttarkar et al., 2026; Uttarkar & Niran-
jan, 2024). Quantum machine learning (QML) frameworks,
including quantum kernel methods and quantum neural net-
works with parameterized quantum circuits as trainable lay-
ers, have demonstrated early proof-of-concept applications in
multi-omic data integration, disease classification, and gene
regulatory network inference (Matsubara et al., 2025; Nassir et
al., 2025; Priyadharshini et al., 2025).

Specific bioinformatics applications where quantum algo-
rithms have demonstrated computational advantages include:
protein folding prediction via quantum annealing and gate-
based QAOA implementations that navigate exponentially
complex conformational landscapes; molecular dynamics
simulation acceleration through quantum algorithms for solv-
ing time-dependent equations and quantum-enhanced sam-
pling methods; genome sequence assembly and alignment via
quantum-accelerated graph traversal algorithms; multi-omic
data integration and dimensionality reduction using quantum
principal component analysis and quantum support vector
machines that exploit quantum kernel advantages for high-di-
mensional feature spaces characteristic of transcriptomic, pro-
teomic, and metabolomic datasets; and gene regulatory net-
work modeling and causal inference via QML approaches that
leverage quantum sampling advantages for probabilistic graph-
ical models (Lappala, 2024; Marchetti et al., 2022; Matsubara et
al.,, 2025; Nassir et al., 2025; Pal et al., 2024; Pamidimukkala et
al., 2024; Priyadharshini et al., 2025; Selvaraj et al., 2026).

Despite promising algorithmic developments, practical
implementation faces substantial hardware and algorithmic
constraints. Qubit decoherence, arising from environmental
coupling that induces information loss, fundamentally lim-
its circuit depth and necessitates quantum error correction
codes that impose substantial qubit overhead, typically requir-
ing thousands of physical qubits per logical qubit (Marchetti
et al.,, 2022; Sung et al., 2026). Current NISQ devices lack the
error-corrected logical qubits required for fault-tolerant quan-
tum computation, constraining practical applications to shal-
low-depth variational circuits and hybrid algorithms (Carreras
et al., 2026; Sung et al., 2026). Algorithm scalability remains
challenged by the barren plateau phenomenon in variation-
al quantum algorithms, where optimization gradients vanish
exponentially with system size, and by the classical-quantum
interface bottleneck in data encoding (Marchetti et al., 2022;
Quek et al., 2024). The interdisciplinary expertise gap, requir-
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ing simultaneous mastery of quantum information theory,
algorithm design, and domain-specific biological knowledge,
represents a significant barrier to widespread adoption (Mar-
chetti et al., 2022; Pal et al., 2024).

A rigorous assessment of quantum computing's current role
in bioinformatics requires distinguishing between demonstrat-
ed computational advantages and speculative future capabili-
ties. At present, demonstrated quantum advantages remain
confined to small-scale, narrowly defined problem instances;
for genomics specifically, the expected speedup of algorithms
such as Grover's search vanishes under realistic assumptions,
and quantum advantage is likely achievable only for a specific
subset of combinatorial problems that are sufficiently hard for
classical methods while requiring relatively limited input vari-
ables (Maurizio & Mazzola, 2025). The barren plateau phenom-
enon in variational quantum algorithms, whereby optimization
gradients vanish exponentially with system size, represents a
fundamental algorithmic challenge that has not been resolved
for biologically relevant problem sizes (Quek et al., 2024).
Furthermore, data-loading into quantum states represents
an independent bottleneck: for biological datasets with large
numbers of real-valued variables, the circuit depth required
for data encoding scales with dataset size, often eliminating
theoretical speedups before computation begins (Maurizio &
Mazzola, 2025). Current NISQ devices remain constrained to
shallow-depth circuits insufficient for fault-tolerant execution
of quantum algorithms at genomic scale (Carreras et al., 2026;
Sung et al,, 2026). The practical implication is that the timeline
for quantum advantage in bioinformatics remains genuinely
uncertain, and progress will depend on co-designing quantum
algorithms specifically tailored to biological data structures
rather than adapting algorithms originally conceived for other
domains (Maurizio & Mazzola, 2025).

As quantum hardware evolves toward fault-tolerant archi-
tectures with error-corrected logical qubits, and as quantum al-
gorithm development matures through co-design with biolog-
ical applications, the integration of quantum computing with
Al-driven synthetic biology may unlock transformative capa-
bilities in biomolecular design, system-level simulation, and
precision bioengineering that remain intractable for classical
computational paradigms (Nassir et al., 2025; Sung et al., 2026).

12. Future Perspectives in Synthetic Biology and AI Integra-
tion
The convergence of Al and synthetic biology is approaching an
inflection point at which the field begins to redesign not just
individual molecules but entire living systems, including the
experimental processes used to characterize them. Bibliomet-
ric data indicate that significant intellectual resources are being
allocated to this domain, particularly in protein design, ge-
nomics, and drug discovery (Shi et al., 2023; D. Xu et al., 2022).
The next decade will be defined by at least three intersecting
technology curves.

First, self-driving laboratories (SDL) are transitioning from
proof-of-concept demonstrations to scalable research infra-

structure. Autonomous laboratory platforms that couple active
learning algorithms with robotic experimentation, high-con-
tent imaging, and real-time data analytics can now close the
DBTL cycle for defined optimization tasks with minimal hu-
man intervention (Tobias & Wahab, 2025); however, most pres-
ent-day SDLs have been designed primarily for optimization
experiments within defined variable spaces, biological applica-
tions remain comparatively underrepresented relative to chem-
istry and materials science, and a fully autonomous Level-5
SDL has not yet been achieved (Tobias & Wahab, 2025). A fully
autonomous enzyme engineering platform recently demon-
strated 26-fold improvements in industrial Yersinia mollaretii
phytase activity and 16-fold improvement in Arabidopsis thali-
ana halide methyltransferase activity through AI-guided com-
binatorial mutagenesis and automated screening (Singh et al.,
2025). Plante et al. (2026) present a Total Laboratory Automa-
tion framework for synthetic biology in which intelligent Gen-
erator, Builder, Analyzer, and Coordinator agents orchestrate
the entire life cycle of organism design and construction (Plan-
te et al., 2026). As cloud-based and shared SDL infrastructure
becomes more accessible, concerns about the concentration of
autonomous experimentation capacity in well-resourced insti-
tutions must be addressed through public compute-credit pro-
grams and international facility-sharing agreements (Tobias &
Wahab, 2025).

Second, LLM are emerging as accelerators of the scientific
method in biology, not merely analytical tools but hypothesis
generators that can mine decades of literature, synthesize find-
ings across disciplines, and propose testable experimental de-
signs. LLM-based agents such as BioDiscoveryAgent have been
shown to boost gene perturbation experiment efficiency by 46%
compared to baseline approaches by combining literature re-
trieval with hypothesis generation and experimental planning
(Yang et al., 2025). Dedicated LLM frameworks for synthetic
biology, trained on metabolic model databases, standard bio-
logical parts registries, and experimental protocol corpora, are
beginning to automate DBTL cycle design and decision-mak-
ing (W. Li et al,, 2025). The AI Co-Scientist, a multi-agent sys-
tem built on LLM, validated a novel hypothesis about bacterial
gene transfer mechanisms by autonomously searching litera-
ture, critiquing candidate hypotheses, and refining predictions
in a generate-debate-evolve loop, a methodology that is poten-
tially applicable to synthetic biology problems where causal
mechanisms remain poorly understood (Adam, 2026).

Third, eco-evolutionary Al, designing biological systems for
evolvability and long-term ecological performance rather than
static function, represents a paradigm shift away from current
snapshot optimization. Living systems deployed in real envi-
ronments evolve; chassis strains engineered to overproduce
a metabolite will experience selection pressure to reduce that
burden. AI frameworks that model evolutionary trajectories
and design genetic circuits robust to selective sweeps, hori-
zontal gene transfer, and environmental fluctuation will be
essential for reliable field deployment of synthetic organisms
in agriculture, bioremediation, and carbon sequestration appli-
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Figure 6. Evolution of AI foundation models for biology, 2021-2025. The figure was generated in R (RStudio) using the ggplot2
and ggrepel packages from a curated data table of the thirteen AI models cited in this review, with marker shape and color enco-
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cations.

Mirchandani et al. (2025) underscore that future research
will concentrate on understanding biological mechanisms via
physics-based algorithms and causal reasoning (Mirchandani
etal., 2025), a theme that connects the physics-informed mod-
eling renaissance described in Section 2 to the broader vision of
mechanistically grounded Al Industrial scaling and discovery
processes will be automated through autonomous laboratories,
and ML-driven approaches will minimize the number of ex-
perimental iterations in the DBTL cycle (J. Chen et al., 2025).
However, this technological progress also brings serious du-
al-use risks, biosafety, and ethical concerns (Iskuzhina et al.,
2025). Unless supported by biosafety and actionable gover-
nance frameworks, the digitalization of design processes may
create strategic vulnerability against unpredictable unknowns
(Eskandar, 2026).

The ultimate frontier of this convergence is the design of
bottom-up synthetic cells, marking humanity’s transition from
a product of evolution into an active designer of artificial life
(Aravind Paleri & Hens, 2026; Groff-Vindman et al., 2025).
Supported by AI frameworks acting as instruments of augment-
ed cognition (Hogberg, 2026), this co-evolution dramatically
expands our capacity for knowledge generation (Groff-Vind-
man et al., 2025; Hogberg, 2026). However, this leap introduces
severe vulnerabilities (Groff-Vindman et al., 2025; Pannu et al.,
2025). Beyond operational constraints, systemic LLM limita-
tions like hallucinations and a lack of true creativity contin-
ue to hamper scientific reliability (Groff-Vindman et al., 2025;
Peykani et al., 2025). More critically, deploying these systems
from methodology design to pathogen biomarker identifica-

tion amplifies dual-use bioweapons risks, rendering rigorous
validation frameworks an absolute biosecurity necessity (Pan-
nu et al., 2025).

Conclusion

Al-powered synthetic biology stands out as one of the fast-
est-growing and highest-potential fields of modern biotech-
nology. ML has moved beyond being a promising appendix to
synthetic biology; it is now embedded in everyday applications,
protein design, genome editing, optimizing metabolic path-
ways, and interpreting the multi-layered omics data generat-
ed by modern experiments. It saves time, reagents, and con-
siderable frustration by reducing a process that once required
months of trial and error in the lab to a focused set of candi-
dates selected by an algorithm in many cases.

This review has systematically addressed several rapidly
evolving Al application areas: the integration of physics-in-
formed neural networks for biologically constrained modeling;
multimodal and continuously learning protein design archi-
tectures; explainable AI for metabolic flux estimation and re-
al-time bioprocess control; federated learning for privacy-pre-
serving multi-omics collaboration; longitudinal and spatially
resolved omics analytics; epigenetic-aware and cell-type-spe-
cific promoter design; on-device and wearable diagnostic Al;
Al-enhanced biosecurity through sequence watermarking and
function-based screening; and the infrastructure requirements
for SDL and LLM-driven hypothesis generation. Addressing
these gaps in these areas is not merely an academic exercise; it
represents the practical agenda that separates current Al-aug-
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mented biology from the self-optimizing, interpretable, and
governable discipline that the field aspires to become.

However, alongside all these advances and potentials, sig-
nificant limitations remain. Training data are often geared
towards well-studied organisms and well-characterized path-
ways, and the most powerful architectures function like black
boxes whose internal logic is difficult to oversee. Biological
complexity itself presents a fundamental limitation: No model
can yet capture the full context dependence of gene expression
in a living cell, and designs that perform well in silico some-
times fail dramatically e n. The ethical dimension is equally
challenging. Generative models that can propose novel pro-
tein sequences or biosynthetic pathways do not distinguish
between beneficial and harmful applications, and governance
frameworks designed to manage this dual-use risk, including
AT watermarking, function-based DNA screening, and equita-
ble international coordination, are still evolving.

Looking ahead, the trajectory is clear, even if the details are
not yet fully defined. Tighter integration of AI with autono-
mous lab platforms will further shorten the DBTL cycle, and
the increasing availability of single-cell and spatial omics data
will provide models with richer inputs to learn from. The en-
gineering of organisms for personalized medicine, sustainable
biological production, and environmental remediation will
benefit as the underlying models become more interpretable,
training data more representative, and regulatory environ-
ments more consistent. The promise of synthetic biology has
always been to make biological design as conscious as engi-
neering in any other field. Al brings us closer to this goal, but
the remaining distance requires honest study, rigorous bench-
marking, equitable access, and a governance culture that treats
biosafety as a design requirement rather than an afterthought.
Ultimately, when returning to the engineering framing with
which this review opened, the central question is whether ar-
tificial intelligence has delivered on the promise of modulari-
ty, abstraction, and standardization that has shaped synthetic
biology since its founding. The honest answer is partial. This
technological trajectory, characterized by the rapid chronolog-
ical expansion and scaling of biological foundation models, is
systematically synthesized in our architectural mapping (Fig-
ure 6). Complementing these views, the Master Integration Ta-
ble (Table 2) provides the connective structure between scales
by mapping representation, design, and execution tools into a
single technical framework. At the molecular scale, the com-
bination of all-atom structure prediction, multimodal protein
language models, and diffusion-based generative design has
effectively industrialized de novo protein engineering. At the
genome scale, foundation models trained directly on DNA are
beginning to do for whole genomes what their predecessors
did for protein sequences. At the level of laboratory practice,
autonomous-agent architectures have shown, at least in chem-
istry, that the design-build-test-learn cycle can be closed with
little continuous human supervision. What is still missing is
the connective tissue between these scales: shared benchmarks
that allow competing methods to be compared on equal foot-

ing, biosafety-aware generative models that refuse hazardous
designs by construction rather than by post-hoc filtering, and
training corpora that adequately represent non-model organ-
isms and under-explored chemical space. Closing these con-
nective gaps, rather than producing ever larger models, is likely
to define the next decade of progress in Al-powered synthetic
biology.
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