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Machine learning-driven molecular engineering
of nucleic acids
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Molecular engineering has played a pivotal role in biomedical fields, driving significant advancements in

gene therapy, disease diagnosis, and biosensing. However, nucleic acid molecular engineering faces

various challenges including vast design spaces, complex structure–function relationships, lengthy appli-

cation validation cycles, and inefficient optimization processes. Machine learning (ML), with its superior

pattern recognition, multidimensional data integration, and automated optimization capabilities, offers a

unique opportunity to construct predictive models of sequence-structure–function relationships,

thereby enabling a paradigm shift from empirically driven to data-driven approaches. This review

systematically surveys recent progress in ML applications across three major domains: nucleic acid

structure construction, performance modulation, and application expansion. It also explores core

challenges such as data quality, model interpretability, and experimental validation efficiency, along with

potential resolution strategies. These insights are poised to propel nucleic acid molecular engineering

from static structure prediction toward dynamic behavior simulation, and from single-molecule design

to complex system engineering, guiding future directions in hybrid ML-quantum models and expanded

applications to non-canonical nucleic acids for transformative innovation in biomedicine, environmental

monitoring, and information technology.

Key learning points
(1) Fundamentals of ML algorithms applied to nucleic acid sequence-structure–function relationships.
(2) Strategies for nucleic acid structure construction using ML, from primary sequences to three-dimensional models.
(3) ML-driven modulation of nucleic acid properties, editing tools, and functional elements for enhanced performance.
(4) Applications of ML-enhanced nucleic acids in diagnostics, therapeutics, and information processing.
(5) Challenges like data quality and interpretability, with future directions in hybrid ML-quantum models.

Introduction

Nucleic acid molecular engineering1–4 has seen expanding
applications in biomedicine and information sciences, largely
owing to its unique advantages in molecular diagnostics,5 drug
development,6–8 biosensors,9,10 molecular computing, and

information storage,11 including high programmability, self-
assembly capability, biocompatibility, etc. (Box 1). As an inter-
disciplinary technology, this field achieves efficient solutions
from disease detection to gene editing through precise manipu-
lation of DNA and RNA sequences and structures. For instance,
clustered regularly interspaced short palindromic repeats
(CRISPR)-based gene editing technologies12–14 and aptamer
diagnostic platforms15,16 have demonstrated significant potential
in clinical practice. Moreover, progress in nucleic acid molecular
engineering is particularly prominent in information storage,
where DNA serves as a high-density, long-term stable medium
with theoretical capacity far exceeding traditional silicon-based
technologies.11,17 Currently, researchers are actively exploring
the potential of nucleic acids in molecular computing and
nanodevices, such as DNA origami techniques and nucleic acid
logic circuits, paving new paths for next-generation computing
architectures.18–22 Despite substantial advancements, major
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barriers remain for further development. These include the time-
consuming nature of nucleic acid structure construction, the
lack of rational performance design, and insufficient scalability
in emerging applications.10,23–25 These challenges not only hin-
der large-scale implementation but also pose urgent demands
for deeper advancements in synthetic biology and precision
medicine.26–28 By overcoming these obstacles, nucleic acid
molecular engineering is poised to profoundly reshape the
landscapes of biotechnology and information technology in the
coming decades.

ML, as a core branch of artificial intelligence (AI), empowers
systems with autonomous decision-making and predictive
capabilities by extracting patterns and regularities from data,

profoundly reshaping research paradigms across multiple
disciplines. Based on learning paradigms, ML can be categor-
ized into supervised learning, unsupervised learning, semi-
supervised learning, and reinforcement learning, which are
respectively suited for labeled data-driven prediction tasks,
discovery of intrinsic data structures, partially labeled scenar-
ios, and dynamic decision optimization.29–31 Within ML archi-
tectures, neural networks (NNs) stand out. They offer powerful
hierarchical feature learning capabilities and serve as core
tools for complex tasks.32,33 Specifically, graph neural networks
(GNNs) excel in modeling network data.34 Long short-term
memories (LSTMs) are adept at processing sequential data.35

Variational autoencoders (VAEs) advance generative models.36
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Transformer architectures lead with breakthrough performance
in natural language processing and cross-modal tasks.37–40

Beyond NNs, traditional methods such as random forests (RF),
support vector machine (SVM), and regression models remain
widely used for analyzing small- to medium-scale datasets due to
their efficiency and interpretability.41–43 These models are based
on statistical inference, kernel methods, or ensemble learning
principles, each with distinct advantages and complementary
coexistence. In the field of nucleic acid molecular engineering,
ML demonstrates unique potential to significantly accelerate
time-consuming tasks while enhancing insights into complex
system behaviors (Fig. 1).44–46 By integrating multimodal data
with high-performance computing, ML is opening innovative
pathways for nucleic acid research.47,48

Compared to traditional nucleic acid molecular engineering,
which relies on laborious experimental iterations and theoreti-
cal modeling, ML has significantly accelerated the engineering

process of nucleic acid molecules through its easily deployable
model architectures and an increasingly rich ecosystem of user-
facing ML/AI software implementations and benchmarks (Box 2),
together with powerful data-driven capabilities.49–51 Specifically,
ML applications in this field have expanded to multiple core
dimensions (Table 1). In structure construction, algorithms fusing
DNNs and generative models have substantially improved RNA
secondary and three-dimensional structure prediction accuracy
(Fig. 2a).44,52,53 In performance modulation, deep learning
(DL)-based methods efficiently predict sequences with specific
functions. Examples include CRISPR guide RNA optimization
(Fig. 2b).54–56 In application expansion, ML-enabled high-
throughput screening has advanced disease diagnostics and
nucleic acid drug development (Fig. 2c).57–59 These achieve-
ments stem from ML’s unique advantages in handling high-
dimensional data and complex molecular interactions.30,60

Notably, the maturity and reliability of these approaches are
not uniform across domains. ML is currently most established
as an auxiliary tool for structural analysis and design assis-
tance, serves as a powerful optimizer for performance modula-
tion within well-characterized experimental regimes, and is
only beginning to enable proof-of-concept advances in applica-
tion expansion that still require extensive validation. From a
practical standpoint, a useful rule of thumb for nucleic acid
engineering is to start with supervised learning whenever
sufficiently large labelled datasets are available for the task of
interest, because such models provide direct quantitative pre-
dictions and well-understood evaluation metrics. Unsupervised
and deep generative models are best suited when the goal is to
discover latent structure in sequence or structural data, cluster
related molecules, or generate novel variants in the absence of
exhaustive labels. Semi-supervised methods can be advanta-
geous when many sequences are available but only a subset has
been characterized experimentally, allowing unlabeled data to
regularize and enrich the learned representations. Reinforcement
learning, in turn, is currently most appropriate for sequential

Box 1: Nucleic acid molecular engineering and its unique features
The inherent challenges and limitations of traditional biological and informational molecular engineering have prompted researchers to develop and utilize
nucleic acid molecules (such as DNA and RNA) for more precise and controllable design of molecular systems that surpass natural structures and functions,
termed nucleic acid molecular engineering in this review.
Compared to traditional molecular engineering, nucleic acid molecular engineering possesses several unique features:
High programmability. The sequence-specific and programmable nature of nucleic acids enables precise design of complex nanostructures. By optimizing DNA
or RNA sequences, intermolecular interactions can be predicted and modulated to assemble nanoscale components with predefined shapes and functions.
Self-assembly capability. Nucleic acid molecules spontaneously assemble via base pairing, forming complex structures such as DNA origami or DNA bricks.
This mechanism simplifies the construction process of nanostructures and enhances design reproducibility and precision.
Biocompatibility. As inherent components of living organisms, nucleic acids typically exhibit excellent biocompatibility, suitable for biomedical applications
like drug delivery and biosensors, thereby reducing immune responses and toxicity risks.
Multifunctionality. Nucleic acid nanostructures can integrate multiple functions, including molecular recognition, catalysis, signal transduction, and
regulation. These properties are enhanced through sequence optimization and chemical modifications, showing broad potential in detection, therapy, and
materials science.
Modifiability. Nucleic acid molecules can be enhanced in stability, specificity, and functionality through various chemical modifications. For example,
fluorescent labeling, drug conjugation, or integration of functional molecules can elevate their application potential.
Dynamic tunability. Nucleic acid structures can undergo dynamic transitions in response to environmental stimuli (such as temperature, pH, or ion
concentration), laying the foundation for developing intelligent responsive materials.
Information processing capability. Beyond structural construction, nucleic acids possess information storage and computing functions. Sequence encoding
enables molecular-level information processing, a unique attribute unattainable by other nanomaterials.
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design problems, where an agent iteratively edits a sequence
and receives a reward only after simulating or measuring the
resulting structure. However, ML applications in nucleic acid
molecular engineering still face several challenges, particularly
in areas like liquid-phase regulation of DNA reaction networks
(i.e., solution-phase strand-displacement cascades and DNA
computing circuits whose behavior is dominated by coupled
kinetics and environmental factors) and complex structure
design, where its adoption remains relatively limited, high-
lighting bottlenecks in data dependency, model generalization,
and computational efficiency.61,62 These limitations provide
ample room for future technological innovations, especially in
multiscale modeling and interdisciplinary data integration.63

This review aims to systematically outline the latest advance-
ments, key challenges, and potential opportunities in nucleic
acid molecular engineering, with a focus on how emerging
ML technologies can more efficiently drive innovation and
applications in this field.

ML-guided nucleic acid structure
construction

Nucleic acid structures form the foundation for their functions.
Precise prediction and design of these structures are essential
for unlocking their potential in biomedicine and informa-
tion sciences.64–66 However, their complexity and diversity
pose severe challenges to traditional experimental and

computational methods.67,68 ML, by learning complex associa-
tions between sequences, structures, and functions from vast
datasets, enables efficient and accurate prediction and design
of nucleic acid molecules with specific structures. From pri-
mary sequence design to secondary structure prediction and
complex three-dimensional structure construction, ML meth-
ods not only enhance prediction accuracy but also significantly
shorten design cycles, providing robust support for nucleic acid
structure engineering.51,69,70 In practice, these models are most
reliable when used to analyze and integrate structural data,
prioritize candidate designs, and narrow the search space;
fully predictive end-to-end pipelines, especially for three-
dimensional structures, still depend heavily on data availability
and careful experimental validation.

Primary structure

The primary structure of nucleic acids, namely the base sequence,
determines their higher-order structures and functions. In fields
such as synthetic biology, nanomaterials, and biosensing, precise
design of nucleic acid sequences with specific functions is central
to engineering applications. However, the vastness of sequence
space poses significant challenges to traditional empiri-
cal approaches and trial-and-error methods, which are often
inefficient for screening,86,87 lack systematic rules,88 and face
difficulties in balancing authenticity with customizability.89

These issues underscore the urgent need for efficient, systema-
tic sequence design strategies. ML, with its superior pattern

Fig. 1 Timeline of key milestones for ML and molecular engineering of nucleic acids. mRNA, messenger rna; k-NN, k-nearest neighbor; BP,
backpropagation; PCR, polymerase chain reaction; HN, hopfield network; CART, classification and regression trees; ID3, iterative dichotomiser 3;
SELEX, systematic evolution of ligands by exponential enrichment; CNN, convolutional neural network; DBN, deep belief networks; SNA, spherical
nucleic acid; NGS, next-generation sequencing; GPT, generative pre-trained transformer; SSR, site-specific recombination. References for each
milestone are listed in Table S1.
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recognition and predictive capabilities, extracts sequence-
structure–function relationships from limited experimental
data, enabling efficient navigation through vast sequence
spaces to generate and optimize nucleic acid sequences with
target structures and functions (Fig. 3a).90

ML applications in nucleic acid primary structure design
primarily focus on reverse design based on DNA sequence
performance. In carbon nanotube chirality separation, research-
ers analyzed 12-mer C/T base sequences using ML methods,
elevating the prediction efficiency of DNA sequences recognizing
specific chiral single-walled carbon nanotubes (SWNTs) to
over 50%, and revealing significant contributions of sequence
terminal structures and ‘‘CCC’’ motifs to classification.86 Further,
employing algorithms such as RF, NNs, and SVMs to analyze DNA
sequence features (e.g., position-specific vectors, word frequency
vectors), the discovery of resolved sequences was increased from
B10 to B103, corresponding to a 3 orders of magnitude expan-
sion in the accessible design space, with screening success rates
rising from 10% to 490%, and elucidating G/C base combina-
tions as a universal rule for super-resolution sequence patterns.87

In DNA-templated silver nanoclusters (DNA–AgNs) design, an
ensemble of SVM classifiers was employed to analyze 2661 ten-
base DNA sequences, resulting in a 12.3-fold increase in the
success rate of designing near-infrared fluorescent DNA–AgN
complexes.91 To address the challenges associated with
high-dimensional sequence space, one model focused on local
sequence motifs rather than full-length sequences. This
approach enabled cross-length design of DNA templates ran-
ging from 8 to 16 bases, leading to a 99–154% enhancement in
the proportion of sequences exhibiting red fluorescence.92

Additionally, a bidirectional gated recurrent unit-based DL
model successfully predicted the number of fluorescence emis-
sion peaks in hairpin DNA–AgNs with 81.4% accuracy.93 ML
has also demonstrated significant advantages in DNA synthesis
feasibility prediction,94 DNA-SWNT composite sensor optimi-
zation,95 protein function optimization,96–98 and DNA probe
sequence generation and design.89,99

Beyond DNA, ML has achieved breakthroughs in RNA and
functional nucleic acid polymer design. For the RNA inverse
folding problem, which involves designing RNA sequences
given target secondary structures, researchers trained agents
using reinforcement learning to generate RNA sequences that
fold into specific secondary structures;100 in the design of RNA
sequences with tailored properties, the DL framework SAND-
STORM, which integrates both sequence and structural infor-
mation, and the GAN GARDN have significantly enhanced
the prediction accuracy and design efficiency of functional
RNA molecules. Experimental validation showed that toehold
switches designed using these approaches achieved ON/OFF
ratios 11.9 times higher than those generated with conven-
tional tools.72 Employing the advanced transformer architec-
ture, the GEMORNA deep generative model significantly
enhances mRNA sequence translation efficiency and stability,
overcoming the conventional difficulty of simultaneously
achieving multiple optimization objectives;73 additionally,
GNN and GPT-like language model-based RNA generation
models successfully predicted and validated RNA mutations
enhancing Escherichia coli ribosome thermal stability;69 addres-
sing data sparsity challenges, the RfamGen deep generative
model, by combining covariance models and VAEs, generates

Box 2: Toolkit for ML-driven nucleic acid molecular engineering
This box provides a curated selection of open-source software, models, and platforms discussed in this review, aiming to assist researchers in selecting
appropriate tools for specific engineering tasks. These tools cover the entire workflow from structure construction to performance modulation and application-
driven engineering.
Structure construction

NucleoBench. A large-scale benchmark suite for evaluating nucleic acid sequence design algorithms.71 (https://github.com/move37-labs/nucleobench)
AdaBeam. An adaptive beam search algorithm for optimizing nucleic acid sequences.71 (https://github.com/move37-labs/nucleobench)
GARDN-SANDSTORM. DL framework integrating sequence and structure features for functional RNA design.72 (https://github.com/AlexGreenLab/GARDN-
SANDSTORM)
GEMORNA. Transformer-based generative model for optimizing mRNA translation and stability.73 (https://github.com/RainaBio/GEMORNA)
MXfold2. Integrates thermodynamic parameters with DL for robust RNA folding prediction.70 (https://github.com/keio-bioinformatics/mxfold2/)
trRosettaRNA. Transformer-network pipeline for automated RNA 3D structure prediction.45 (https://yanglab.qd.sdu.edu.cn/trRosettaRNA/)
RoseTTAFoldNA. End-to-end prediction of protein–nucleic-acid complexes via multi-track neural architectures.74 (https://github.com/uw-ipd/RoseTTAFold2NA)
HORNET. Deep neural networks for identifying RNA topologies in solution.75 (https://zenodo.org/records/10637777)
CryoREAD. De novo nucleic-acid model building from cryo-EM maps using deep learning.76 (https://github.com/kiharalab/CryoREAD)
YOLOv5. Used for fast detection/classification of DNA nanostructures in AFM images.77 (https://github.com/ultralytics/yolov5)
Performance modulation

RNAsnap2. Predict RNA solvent accessibility from sequence-derived features.78 (https://github.com/jaswindersingh2/RNAsnap2)
RNAsol. LSTM-based RNA solvent accessibility prediction.79 (https://yanglab.nankai.edu.cn/RNAsol/)
DeepCRISPR. DL model for CRISPR guide activity prediction and optimization.80 (https://github.com/bm2-lab/DeepCRISPR)
CRISPR-GPT. Automates the design of gene-editing experiments using large language models.81 (https://github.com/cong-lab/crispr-gpt-pub)
RhoDesign. Structure-to-sequence generative design platform for RNA aptamers.57 (https://github.com/ml4bio/RhoDesign)
Application-driven engineering

DeepMod2. DL frameworks for DNA methylation/base modification calling from nanopore sequencing.82 (https://github.com/WGLab/DeepMod2)
sChemNET. DL framework for predicting small molecules targeting microRNA function.83 (https://github.com/diegogalpy/sChemNET/)
DNAformer. DL reconstruction model for robust DNA-storage read recovery.84 (https://github.com/itaiorr/Deep-DNA-based-storage.git)
2DDNA. ML-enabled reconstruction in rewritable two-dimensional DNA-based data storage.85 (https://doi.org/10.5281/zenodo.5774385)
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Table 1 Summary of the ML algorithms for molecular engineering of nucleic acid. The number of applications listed for each learning paradigm reflects
examples discussed in this review and is not intended to be exhaustive

Category Methods Advantages Disadvantages Applications

Supervised
learning

� Linear models (e.g., linear regression,
logistic regression)101

� Easy to implement and
interpret for simpler
models

� Inability to capture
highly complex nonlinear
relationships in basic
linear models

� Nucleic acid-protein
interaction
prediction104–106

� Distance-based models (e.g., k-NN)102 � Well-defined objectives
leading to accurate
predictions on labeled data

� Heavy reliance on large
amounts of high-quality
labeled data

� Nucleic acid struc-
ture prediction52,61,75

� SVM43 � High interpretability,
especially for linear and
tree-based models

� Limited generalization if
training data is biased or
insufficient

� Gene editing
efficiency
prediction55,56,107

� Tree-based models (e.g., Decision Trees,
RF)41

� Clear evaluation criteria
using metrics like
accuracy, precision, recall,
and F1-score

� Failure to discover latent
patterns

� Nucleic acid species
and modification
prediction82,108,109

� NNs (e.g., CNNs for images, transformers
for various tasks)103

� Risk of overfitting,
particularly in deep neural
networks (DNNs)

� Aptamer and nucleic
acid switch
design57,72,110

� Sensitivity to data quality
and noise

� Nucleic acid struc-
ture classification and
reconstruction111–113

� DNA information
processing84,85,114

� Nucleic acid
detection99,115,116

� Design of nucleic
acid composite
nanomaterials87,91,93

� Prediction of nucleic
acid physicochemical
properties49,117,118

� Nucleic acid
bioproperty
prediction97,119,120

Unsupervised
learning

� Clustering analysis (e.g., K-means cluster-
ing, hierarchical clustering)121

� Uncovers intrinsic data
structures and patterns
without requiring labeled
data

� Opaque interpretability
of results

� Nucleic acid struc-
ture prediction51,61,75

� Dimensionality reduction (linear: principal
component analysis – PCA; nonlinear:
t-distributed stochastic neighbor embedding
– t-SNE)122

� Operates effectively
without human
supervision

� Lack of standardized
evaluation metrics

� Aptamer
optimization124,125

� Deep representation learning (e.g.,
autoencoders – AEs)123

� Capable of significant
feature dimensionality
reduction to simplify data

� High parameter
sensitivity

� Functional nucleic
acid sequence
design59,96,126

� Deep generative models (e.g., generative
adversarial networks – GANs, VAEs)36

� High versatility across
domains like anomaly
detection and data
visualization

� Susceptibility to noise
interference

� Gene editing
efficiency prediction80

Semi-
supervised
learning

� Self-training (e.g., pseudo-labeling
techniques)127

� Capable of learning
high-dimensional features
from limited data

� Stringent requirements
for data annotation quality

� High-affinity nucleic
acid polymer
sequence design58

� Consistency regularization (e.g., in models
like mean teacher for image classification)128

� Reduces dependency on
expensive labeled samples

� Heightened sensitivity to
noise in unlabeled data

� RNA-targeted drug
activity prediction83

� Graph-based methods (e.g., label
propagation, label spreading)129

� Enhances generalization
performance

� Elevated algorithmic
complexity requiring more
computational resources

� Generative models (e.g., semi-supervised
GANs)130

� Exhibits flexible
applicability across
scenarios

� Fundamental reliance on
distributional consistency
assumptions

� Co-training (e.g., using multiple views of
data for mutual supervision)131

Reinforcement
learning

� Markov decision process (as foundational
framework)132

� Sequential decision
optimization

� Challenging reward
engineering

� RNA inverse folding
sequence design100

� Q-Learning133 � Adaptive to environ-
mental dynamics

� Low sample efficiency

� Policy gradient134 � Label-free operation � Difficult exploration-
exploitation tradeoff

� Superior exploration
capability

� Unstable convergence
properties
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high-activity RNA family sequences with only hundreds of
training data.59 In functional nucleic acid polymers, CVAE models
successfully generated novel polymers unrelated to experimental
sequences, yielding new sequences with 9–26 nM high affinities.58

In parallel, tools such as AdaBeam (adaptive beam-search optimi-
zation) and NucleoBench (standardized benchmarking of nucleic
acid sequence design algorithms) help lower the barrier for end
users by enabling efficient sequence optimization and fair model
comparison.71 These studies not only markedly improved nucleic
acid design efficiency and success rates but also revealed
sequence patterns and design rules elusive to traditional meth-
ods, providing theoretical guidance and practical tools for nucleic
acid molecular engineering.

Secondary structure

Nucleic acid secondary structures are core elements in eluci-
dating biomolecular functions and regulatory mechanisms,
exerting profound impacts in gene expression regulation, drug
design, and biosensor development.135,136 However, nucleic
acids can form diverse secondary conformations, such as DNA
G-quadruplexes (G4) and i-motifs (iM), and RNA stem-loops and
pseudoknots, whose formation is regulated by multiple factors
including sequence features, environmental conditions, and inter-
molecular interactions.137,138 Traditional physics-based thermo-
dynamic models, exemplified by Mfold,139 ViennaRNA140 and
NUPACK,141 rely on energy minimization and dynamic program-
ming algorithms to provide rigorous predictions grounded in

Fig. 2 ML-assisted workflow for molecular engineering of nucleic acids. (a)–(c), Researchers employ ML for nucleic acid structure synthesis (a), nucleic
acid performance modulation (b), and nucleic acid-based applications (c). Red arrows denote experimental process, dark blue arrows represent
experimental data fitting, while brown arrows indicate current ML applications for prediction and generation tasks, as well as future opportunities for ML
in molecular engineering of nucleic acids. RT-PCR, reverse transcription polymerase chain reaction; NMR, nuclear magnetic resonance; X-ray,
X-radiation; CD, circular dichroism spectrometer; TEM, transmission electron microscopy; SEM, scanning electron microscopy; CE, capillary electro-
phoresis; Cryo-EM, cryogenic electron microscopy; AFM, atomic force microscopy; MS, mass spectrometry; DSC, differential scanning calorimeter; SDS-
PAGE, sodium dodecyl sulfate-polyacrylamide gel electrophoresis; TIRF, single-molecule fluorescence microscopy; ITC, isothermal titration calorimetry;
CVAE, conditional variational autoencoder; ASA, accessible surface area. Panels adapted with permission from: a, ref. 70 under a Creative Commons
licence CC BY 4.0; ref. 76, Springer Nature Ltd; ref. 45 under a Creative Commons licence CC BY 4.0; c, ref. 116, Copyright 2025, Elsevier Ltd; ref. 37,
Springer Nature Ltd.
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biophysical principles. However, these approaches are often
computationally prohibitive for large-scale designs owing to
their cubic scaling and show reduced accuracy for non-
canonical structures where thermodynamic parameters are in-
complete; experimental determination provides high-resolution
information but faces challenges like high costs, low throughput,
and resolution limitations.70 ML, with its superior pattern
recognition and nonlinear relationship mining capabilities,
extracts conformation-sensitive features from massive data,
compensating for traditional methods’ deficiencies in atomic-
level interactions and enabling real-time monitoring of struc-
tural dynamics, thus opening new paths for precise prediction
and detection of nucleic acid secondary structures (Fig. 3b),
both at the level of discrete structural classification and
residue-level structural characteristics.70,142

Accurate detection and prediction of DNA secondary struc-
tures are crucial for revealing gene regulatory mechanisms and
developing biosensors, but traditional methods struggle to
capture conformational diversity and lack efficient detec-
tion strategies. To address these challenges, researchers have
developed a series of innovative ML methods. In structural
detection, the integration of SERS with ML has enabled the
construction of high-throughput screening platforms. By ana-
lyzing spectral features of 54 oligonucleotides with defined
conformations, highly accurate classification models were
developed. These models can predict the conformations
of unseen sequences and identify dominant structural states
under different pH conditions. Notably, linear discriminant ana-
lysis (LDA) achieved 100% accuracy in three-class classification

tasks.136 For G4 prediction, CNN-based models trained on nearly
400 million human genome data from G4-seq enabled precise
genome-wide G4 mismatch score evaluation and demonstrated
cross-species generalization.143 To fill gaps in G4 topology predic-
tion, G4ShapePredictor integrated 1005 experimentally validated
sequence-topology pairs using various ensemble learning models,
elevating average test accuracy to 0.75 � 0.02.144 The Quadron
model innovatively integrates high-throughput G4-seq data with
ML to analyze 209 features derived from 703 091 canonical G4
sequences and their flanking regions in the human genome.
Using a gradient-boosted tree (GBT) algorithm for regression
training, the model achieved a prediction accuracy of Pearson
correlation coefficient (PCC) of 0.80. Furthermore, feature impor-
tance analysis revealed that additional G-triplets within flanking
regions critically contribute to structural stability.145

RNA secondary structure prediction is foundational for
parsing non-coding RNA functions and guiding drug design,
but traditional methods, reliant on energy minimization and
dynamic programming, struggle with complex structures and
heavy computational burdens. ML, through advanced model
architectures and algorithmic optimizations, has significantly
enhanced the accuracy and efficiency of RNA secondary struc-
ture prediction.146 The E2Efold model pioneered unrolling
constraint optimization algorithms into differentiable NN
modules, constructing an end-to-end DL framework that inte-
grates transformer-encoded deep scoring networks with unfold-
ing optimization-based post-processing modules, achieving an
F1 score of 0.821 on RNAStralign and ArchiveII datasets, which
represents a 29.7% improvement over traditional methods.135

Fig. 3 ML-assisted nucleic acid structural construction. (a)–(c) Examples of ML model inputs, architectures, and outputs related to the synthesis of
nucleic acid primary (a), secondary (b), and three-dimensional (c) structures. In panel b, ‘structural classification’ refers to assigning sequences to discrete
secondary-structure classes, whereas ‘structural characteristics’ denotes residue-level or base-pairing properties. MSA, multiple sequence alignment;
GCN, graph convolutional network; SERS, surface-enhanced Raman spectroscopy; RNN, recurrent neural network. Panels adapted with permission
from: a, ref. 59, Springer Nature Ltd; ref. 37, Springer Nature Ltd; ref. 97 under a Creative Commons licence CC BY 4.0; b, ref. 37, Springer Nature Ltd;
ref. 70 under a Creative Commons licence CC BY 4.0; c, ref. 45 under a Creative Commons licence CC BY 4.0; ref. 76, Springer Nature Ltd; ref. 37,
Springer Nature Ltd.
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To address overparameterization and improve generalization,
MXfold2 integrates DL with a thermodynamic framework.
It computes four folding scores using NNs and incorporates
Turner nearest-neighbor parameters, while adding thermo-
dynamic regularization constraints. These design choices
enhance model robustness. In family-level cross-validation,
MXfold2 achieved state-of-the-art performance, with an overall
F1 score of 0.601 for structure prediction and a Spearman
correlation of 0.833 between folding scores and experimental
free energies.70 The SPOT-RNA integrates deep residual net-
works with bidirectional LSTMs, augmented by a transfer
learning strategy, to address the challenges of predicting non-
canonical base pairs and pseudoknots. The model was first
pre-trained on large-scale, low-precision structural data and
subsequently fine-tuned on a smaller high-precision dataset,
leading to a marked improvement in performance. For exam-
ple, this approach increased the F1-score for non-nested base
pairs by 53%.142

Three-dimensional structure

The three-dimensional structures of nucleic acid molecules are
core elements in understanding their biological functions,
exerting profound influences on gene regulation, viral replica-
tion, drug design, and synthetic biology. DNA and RNA not only
serve as genetic information carriers but also perform catalytic
reactions, gene expression regulation, and molecular recogni-
tion through specific three-dimensional conformations.147,148

However, nucleic acid three-dimensional structure research
faces challenges such as high experimental resolution costs
and time consumption, difficulty in capturing molecular
flexible conformations, and reliance on manual expertise for
nucleic acid nanostructure characterization, with inefficient
yield assessment in complex environments.149,150 ML, particu-
larly DL techniques, provides innovative paths to overcome
these barriers by integrating multilayer information and con-
structing end-to-end predictive models (Fig. 3c).45,151

Prediction and modeling of nucleic acid three-dimensional
structures are essential for parsing biological mechanisms and
guiding drug development, but existing experimental methods
are costly and limited in addressing structural flexibility and
diversity. DL has achieved key breakthroughs in this domain,
encompassing three primary directions. First, in RNA structure
prediction, end-to-end architectures excel: NuFold,53 DRfold,152

and RhoFold+44 integrate innovative representation learning
and geometric constraints for flexible sugar ring conformation
modeling, accuracy enhancements in ab initio predictions,
and evolutionary information mining via language models,
respectively outperforming traditional methods in benchmarks;
ARES,52 as a geometric DL exemplar, employs rotation-translation
equivariant architectures to automatically extract three-dimen-
sional features, achieving high-precision structure scoring under
small-sample conditions. Second, in DNA structure prediction,
Deep DNAshape153 systematically models long-range flanking
sequence effects using RNNs for the first time; DGNN61 fuses
GNNs with physical information for sub-second prediction
of DNA origami three-dimensional conformations. Third, in

protein-nucleic acid complex prediction, diverse DL methods
offer complementary solutions: RoseTTAFoldNA74 and DeepPBS106

employ three-track NNs and geometric DL to enable end-to-end
complex prediction and evaluate binding specificity across
protein families; EPBDxDNABERT-2154 integrates DNA struc-
tural dynamics with a pre-trained language model to enhance
the prediction accuracy of human transcription factor binding
sites. DNAffinity,155 DeepCLIP,156 and NucleicNet104 address
binding affinity prediction from varied perspectives. These
methods highlight DL’s advantages in handling high-
dimensional data, capturing long-range dependencies, and
fusing multiscale features, injecting new vitality into nucleic
acid structure prediction. Nevertheless, their accuracy and
robustness still depend strongly on the availability and quality
of experimentally determined structures, the coverage of non-
canonical motifs, and the use of physics-based refinement, so
they should currently be viewed as powerful aids rather than
fully autonomous predictors for nucleic acid three-dimensional
design.

Characterization and analysis of nucleic acid three-
dimensional structures bridge experimental observations and
theoretical models, but traditional methods are inefficient and
imprecise for large-scale heterogeneous data. DL, with its
powerful feature extraction and pattern recognition capabil-
ities, achieves breakthroughs in three key areas. First, in
experimental characterization techniques, ML enhances ima-
ging efficiency and data quality: HORNET51,75 combines AFM
with DNNs for direct measurement and dynamic conformation
visualization of RNA tertiary topologies in solution, revealing
functional balances between core structural stability and per-
ipheral flexibility; DL frameworks based on YOLOv5,77 YoloX,77

and RNAN112 address rapid detection-classification of DNA
nanostructures and super-resolution reconstruction of AFM
images, substantially improving characterization efficiency.
Second, in structure parsing and reconstruction, diverse DL
methods synergistically advance automation and precision:
EM2NA,113 Emap2sec+,111 NucleoFind,157 and CryoREAD76

develop dedicated NNs for varying resolution electron density
maps, enabling high-precision automated construction from
density maps to atomic models and accelerating structure
parsing workflows. Third, in structure-binding properties analysis,
ML exhibits strong predictive and explanatory capabilities: multi-
modal DL frameworks158 integrate multilayer RNA structural
information to systematically parse tertiary structure influences
on protein binding preferences; extreme gradient boosting
(XGBoost),159 LASSO regression,160 and L2-regularized linear
models105 apply to DNA nanostructure protein corona prediction,
RNA-binding chemical space feature extraction, and quantifica-
tion of DNA shape contributions to protein binding specificity,
providing quantitative bases for understanding structure–func-
tion relationships. The common feature of these methods is
transforming traditional empirical-driven approaches into data-
driven automated workflows, not only improving efficiency and
accuracy but also revealing complex patterns and rules elusive to
conventional methods, thereby offering new design principles
and tools for nucleic acid molecular engineering.
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ML-assisted nucleic acid performance
modulation

As multifunctional biomacromolecules, nucleic acids require
performance modulation that is crucial for biomedical research
and applications. However, nucleic acid performance modula-
tion faces multifaceted challenges, including system complex-
ity, numerous parameters, and unclear mechanisms, with
traditional empirical-driven methods often relying on extensive
trial-and-error experiments, resulting in low efficiency and
difficulty in achieving precise control. ML can mine complex
nonlinear relationships from high-throughput experimental data.
This reveals key factors that shape nucleic acid perfor-
mance.110,124 By integrating multidimensional features, including
sequence, structure, and thermodynamic parameters, compre-
hensive predictive models enable precise evaluation.72,161,162

Guided by these models, reverse-design strategies substantially
enhance functional performance.80,163 Because such models
are typically trained on data generated under specific experi-
mental conditions, their outputs are best interpreted as
context-dependent scoring or ranking functions that accelerate
design cycles within a given regime, rather than as universally
transferable predictors across arbitrary cell types, delivery
systems, or assay formats. These advantages position ML
as a powerful tool for addressing bottlenecks in nucleic acid
performance modulation.

Nucleic acid properties

Nucleic acid molecular properties are foundational for parsing
and manipulating their functions, directly determining their
diverse roles in organisms, including gene expression regulation,

protein interactions, and catalytic activity.164,165 These properties
encompass solvent accessibility, stability, self-assembly capability,
and mechanical characteristics,166–168 regulated multidimension-
ally by sequences, structures, and environmental factors, exhi-
biting highly nonlinear complex relationships.153 Traditional
computational methods struggle to capture these patterns, while
experimental approaches are limited by low throughput, high
costs, and insufficient precision.62 ML, with its superior pattern
recognition and feature extraction capabilities, learns high-
dimensional regularities from massive data to achieve high-
precision prediction of nucleic acid molecular properties, provid-
ing theoretical support for nucleic acid molecular engineering
(Fig. 4a).169

RNA solvent accessibility, as a key parameter characterizing
RNA tertiary structures, is vital for understanding RNA-protein
interactions, functional site localization, and structural feature
analysis, but traditional experimental methods like X-ray
crystallography and NMR imaging suffer from low throughput,
with chemical probes only approximating accessibility, and
existing computational methods failing to capture tertiary
structural features. To address this, researchers have developed
a series of ML tools. RNAsnap was the earliest method, using
SVMs trained on protein-bound RNA structures and accepting
either sequence spectra or single-sequence features as input. In
benchmarking, it achieved PCCs of 0.66 in cross-validation and
0.63 on an independent test set. These predictions were further
supported by significant correlations with dimethyl sulfate
probing data and with population genetic variation frequen-
cies, reinforcing the method’s biological relevance.170 Subse-
quently, RNAsol enhanced capture of RNA sequence long-range
dependencies via improved sequence profile alignment and

Fig. 4 ML-assisted performance regulation of nucleic acids. (a)–(c) Examples of inputs, architectures, and output of ML models related to regulating the
performances of nucleic acid molecules (a), nucleic acid editing tools (b), and functional nucleic acid elements (c). C1–C5 denote Class 1 to Class 5. MLP,
multilayer perceptron. Panels adapted with permission from: a, ref. 49 under a Creative Commons licence CC BY 4.0; ref. 37, Springer Nature Ltd; ref. 118
under a Creative Commons licence CC BY 4.0; b, ref. 107 under a Creative Commons licence CC BY 4.0; ref. 37, Springer Nature Ltd; c, ref. 110 under a
Creative Commons licence CC BY 4.0; ref. 37, Springer Nature Ltd.
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LSTMs.79 RNAsnap2 further innovatively adopted dilated CNNs
combined with LinearPartition171 predicted base-pairing prob-
abilities as new features, elevating median PCCs by 11–22%
on benchmark datasets.78 The latest M2pred multiscale DL
framework, by integrating base-pairing probabilities, position-
specific frequency matrices, and one-hot encoding as three
feature types to construct multiscale contextual pyramid
features, and designing multibranch NNs with residual atten-
tion modules, achieved superior performance on multiple test
sets with a PCC of 0.58 and mean absolute error of 31.07.172

Nucleic acid stability and mechanical properties represent
another critical dimension influencing function and applica-
tions, with accurate prediction holding immense value for
synthetic biology, genetic engineering, and biomedicine, yet
diverse influencing factors render traditional methods unable
to establish precise predictive models. To tackle this challenge,
researchers have developed various ML models. In mRNA
stability prediction, a study integrated large-scale parallel
experiments, biophysical modeling, and gradient boosting
algorithm to construct a high-accuracy predictive model by
analyzing 62 120 50 untranslated region variants. The study
revealed quantitative regulatory roles of RNA pyrophosphohy-
drolase (RppH) binding sites, translation rates, and single-
stranded RNA length in determining mRNA stability.117

Another study adopted a ‘‘dual crowdsourcing’’ strategy, crowd-
sourcing RNA sequence datasets via the Eterna platform and
combining multitask NNs to achieve single-nucleotide-level
degradation prediction accuracy of 41%, providing new tools
for RNA vaccine thermal stability design.118 For nucleoside
derivative hydrogel stability prediction, ML combined with
feature engineering screened 24 core features from 4175 mole-
cular descriptors to build a predictive model with 71% accu-
racy, successfully validating novel hydrogel formation.49 In
DNA mechanical property studies, the DNAcycP DL tool, via a
hybrid Inception-ResNet and LSTM architecture, precisely pre-
dicted DNA cyclization capability, revealing contributions of
periodic dinucleotide motifs to DNA bending and providing
theoretical foundations for nucleosome assembly and DNA
nanotechnology.173

Nucleic acid editing tools

Gene editing tools, as core pillars of modern biotechnology,
play indispensable roles in basic research, disease therapy, and
bioengineering.174,175 With the rapid development of CRISPR-
Cas systems and derivative technologies, precise genome reg-
ulation has become feasible;176 however, gene editing tools face
challenges like unstable editing efficiency, unpredictable off-
target effects, significant cell-type-specific differences, and
lengthy optimization cycles for novel editing systems.177,178

Traditional experimental design methods rely on empirical
rules and limited sequence feature analysis, failing to compre-
hensively capture complex sequence-function relationships,
leading to inaccurate performance predictions and time-
consuming, costly design processes.177 ML methods, by inte-
grating large-scale experimental data, multimodal biological
information, and advanced algorithms, promise precise

performance prediction and systematic optimization of gene
editing tools, thereby accelerating their development and appli-
cations (Fig. 4b).179,180 Even with ML, predicted activities and
off-target profiles frequently vary across cell types and assay
systems, so current models are typically used to rank or filter
candidate guides and editor variants that must still be validated
experimentally in the target context.

Gene editing efficiency and specificity are crucial for over-
coming safety and efficacy barriers in clinical applications of
CRISPR systems. Traditional methods struggle to accurately
predict editing effects across variants and cellular environ-
ments. To address these challenges, the field has undergone
a paradigm shift from traditional ML to DL, forming three key
technical routes. First, large-scale data-driven feature learning
has supplanted manual feature engineering, with multiple
studies constructing high-throughput screening datasets cover-
ing tens to hundreds of thousands of sequences, combined
with CNNs, RNNs, and temporal convolutional networks (TCN)
for high-precision efficiency prediction.5,80,163,181,182 Second,
multimodal data integration strategies markedly improve pre-
dictive accuracy. For instance, DeepCRISPR incorporates both
genomic sequences and epigenetic features,80 while CRISPRon
integrates sequence features with thermodynamic para-
meters.180 Mixed-effects ML models further enhance predic-
tions by including transcriptomic data such as gene expression
levels.183 More recently, CRISPR-GPT has combined sequence
scoring, domain-specific knowledge, and experimental valida-
tion.81 Together, these approaches underscore the critical
importance of multisource data fusion in boosting model
performance. Third, interpretable ML methods reveal mole-
cular mechanisms of gene editing: through SHAP analysis,
integrated gradients, and feature importance evaluation,
researchers uncovered proximal PAM cytosine preferences,80

distal PAM 3–5 position base regulation of high-fidelity Cas9
variant specificity,181 and core regions (positions 15–24) with
GC preference motifs in RNA guides.184 These technical routes
have not only achieved breakthroughs in DNA editing (Cas9
and variants) but also extended to RNA editing (Cas13d),56,184

CRISPR-Cpf1,54 and bacterial CRISPRi systems,179,183 forming
universal predictive frameworks across species and systems,
providing reliable computational tools for precise gene editing.

Novel gene editing technologies are vital for expanding the
gene editing toolbox and enhancing precision and applicabil-
ity. Traditional development of novel editing tools typically
relies on time-consuming directed evolution and screening,
lacking systematic design principles and predictive capabilities,
resulting in long cycles, high costs, and low success rates. To
address these challenges, the field has formed two comple-
mentary ML paths. On one hand, DL-driven sequence optimi-
zation strategies have achieved breakthroughs in prime editing:
PRIDICT and OPED models, via distinct network architectures
(attention-based bidirectional RNNs and deep transfer learning
nucleotide language models), enabled precise pegRNA effi-
ciency prediction.55,107 Though employing different algorith-
mic frameworks, both studies revealed intrinsic associations
between key nucleotide positions and editing efficiency, such as
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negative correlations in the first 7 nucleotides of PBS and
positive in positions 8–13,107 establishing universal principles
for prime editing design through large-scale dataset construc-
tion and multicell-type validation.55 On the other hand, gen-
erative DL models open new avenues for protein engineering:
the RecGen algorithm, via CVAE, enabled intelligent prediction
of novel DNA target-specific recombinases,126 first demonstrat-
ing ML’s ability to parse complex recombinase-target affinity
relationships and substantially shortening recombinase devel-
opment cycles. These paths collectively embody three core
advantages of ML in novel editing tool design: automatic
extraction of sequence-function associations from data, gener-
alization across cell types and experimental conditions, and
experimental guidance via interpretable analysis. These
research outcomes not only accelerate novel gene editing tool
development but also lay methodological foundations for
future integration of multiomics data, structural prediction
tools (e.g., AlphaFold3185), and quantitative activity data to
further enhance model performance, providing powerful tech-
nological support for gene therapy and precision medicine. At
the same time, systematic cross-cell-type and cross-protocol
benchmarking of these models remains limited, so retraining
or fine-tuning on system-specific data is advisable before
deploying them as decision-support tools in new experimental
contexts.

Nucleic acid functional elements

Nucleic acid functional elements are key components in syn-
thetic biology and molecular diagnostics, including riboregu-
lators, aptamers, and ribozymes. They are structural units with
specific functions capable of executing regulation, recognition,
and catalysis, and are widely used in gene expression control,
biosensing, and drug development.186,187 However, traditional
nucleic acid functional element design primarily relies on trial-
and-error experiments or thermodynamics-based rational
design,188 while achieving some success, these methods are
inefficient and have limited success rates when facing complex
functional demands and multivariable optimization. Particu-
larly when simultaneously considering sequence composition,
secondary structure stability, tertiary conformational changes,
and target interactions, traditional methods struggle to effec-
tively explore vast sequence spaces and predict element
performance.189 ML technologies, with their powerful data
mining and pattern recognition capabilities, offer new solu-
tions for nucleic acid functional element design and optimiza-
tion, learning sequence–structure–function relationships from
extensive experimental data to predict performance and guide
optimization, thereby substantially improving design efficiency
and success rates (Fig. 4c).110,190,191

Riboregulators, including riboswitches and toehold
switches, are indispensable functional elements in synthetic
biology due to their ability to precisely control gene expression
at post-transcriptional and translational levels. However, their
design has long been limited by thermodynamic modeling and
low-throughput experimental methods, making it difficult
to accurately predict and optimize performance in complex

cellular environments. To enhance riboregulator design effi-
ciency and functional prediction accuracy, researchers have
developed various ML strategies. In riboswitch optimization,
combining RF and CNN extracted biophysical features from
riboswitch sequences and secondary structures (e.g., P1 stem
melting temperature Tm, free energy, GC content, hydrogen
bonding patterns), successfully elevating tandem tetracycline
riboswitch dynamic ranges to 40-fold, far surpassing traditional
methods.162 These models exhibit notable interpretability, for
instance, RF variable importance analysis revealed Tm and GC
content as key factors, while hydrogen bond scoring quantified
stem-end strong base pairing’s promotion of dynamic ranges,
providing actionable rules for riboswitch design. In toehold
switches, researchers constructed a large-scale dataset of 91 534
toehold switches via high-throughput DNA synthesis and flow-
seq, employing MLPs, CNNs, and LSTMs to extract features
directly from sequences, achieving functional prediction accu-
racy enhancements 10-fold over traditional thermodynamic
models.191 Model interpretability was augmented via VIS4Map
technology, visualizing key secondary structures (e.g., stem-loop
competing conformations) through saliency mapping and
revealing leakage expression associations with kinetic inter-
mediate states. Further, the STORM and NuSpeak DL frame-
works, based on CNN sequence optimization and quasi-RNN
RNA ‘‘grammar’’ modeling, enhanced interpretability via trans-
fer learning and attention maps, elevating optimized sensor
ON/OFF values up to 28.4-fold and demonstrating significant
potential in SARS-CoV-2 pathogen detection.50

Aptamers and ribozymes, as nucleic acid elements with
molecular recognition and catalytic functions, offer substantial
potential in biosensing, molecular diagnostics and targeted
therapy. However, traditional screening methods such as
SELEX are time-intensive, inefficient and susceptible to high
false-positive rates, hindering the identification of optimal
candidates from vast sequence spaces. ML has driven notable
breakthroughs in their design and optimization. For aptamer
screening, the conserved primary/secondary structure clustered
pattern searching (CPS2) algorithm integrates sequence abun-
dance, thermodynamic stability and secondary structures (such
as hairpin loops) into a three-dimensional scoring system,
enabling prediction of binding-active aptamers from single-
round sequencing data and substantially reducing screening
cycles.125 Similarly, the SMART-Aptamer framework uses a
high-dimensional scoring system to evaluate SELEX-derived
aptamer families, yielding high-affinity candidates with disso-
ciation constants of 8–80 nM and establishing a new paradigm
for ligand discovery in biomedicine.190 Furthermore, an ML-
guided particle display approach, combining particle display
with three NN architectures, predicts aptamer affinities, achiev-
ing 11-fold higher binding than conventional methods while
shortening sequences by 70% without activity loss.110 Addition-
ally, in generative models, RaptGen utilizes VAE and profile
hidden Markov models to expand aptamer discovery via low-
dimensional latent space embedding and optimization.124

Meanwhile, the RhoDesign platform employs geometric vector
perceptrons (GVP) and transformers to enable reverse design
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from three-dimensional structures to RNA sequences, generat-
ing novel RNAs that mimic the structures of known fluorescent
aptamers but feature distinct sequences, thereby supporting
efficient diagnostic and therapeutic applications.57 For ribo-
zyme design, high-throughput screening paired with DL-guided
evolutionary algorithms has iteratively evolved eight ribozyme
populations (4120 000 sequences), mapping neutral pathway
networks between active ribozymes separated by 16 mutations;
this reveals that low-order interactions suffice for predicting
network topologies, offering frameworks for molecular engi-
neering and viral evolution.192

ML-enhanced nucleic acid applications

Owing to their specific recognition, programmability, and
biocompatibility, nucleic acid molecules hold broad applica-
tions in disease diagnosis, drug development, and information
processing.165,193,194 However, traditional nucleic acid application
development methods often face challenges like low efficiency,
insufficient specificity, and scalability difficulties.195 The intro-
duction of ML provides new development opportunities for
nucleic acid applications. By learning patterns from extensive
experimental data, these algorithms can optimize the perfor-
mance of nucleic acids across various application fields. This
includes enhancing the sensitivity and specificity of diagnostics,
improving the delivery efficiency and therapeutic efficacy of drugs,
as well as increasing the capacity and speed of information
storage and computation. Advanced ML methods like DL, rein-
forcement learning, and generative models handle complex non-
linear relationships in nucleic acid applications,196 while
ensemble learning and transfer learning effectively utilize limited
experimental data.197,198 Moreover, ML methods integrate multi-
source data, such as sequences, structures, functions, and clinical
data, enabling more comprehensive application optimization.199

With a few notable exceptions, however, most ML-assisted nucleic
acid applications are still at the proof-of-concept stage, typically
demonstrated in controlled laboratory experiments or preclinical
models and their robustness, scalability, and safety in real-world
or clinical settings remain to be established through larger-scale
validation.

Nucleic acid diagnostics

With the advent of the precision medicine era, nucleic acid
molecules, as carriers of life information, play crucial roles
in disease diagnosis.195 Traditional nucleic acid detection
methods, while widely applied in clinical practice, still face
challenges such as signal overlap limiting single-molecule
nucleic acid identification, difficulties in modification recogni-
tion, and deficiencies in specificity, sensitivity, and multiplex-
ing for pathogen detection.200–202 ML, as a core branch of AI,
with its powerful pattern recognition and data mining capabil-
ities, provides new technological paths to address these chal-
lenges, propelling qualitative leaps in nucleic acid molecular
engineering for disease diagnostics (Fig. 5a).203

Single-molecule-level nucleic acid recognition is fundamen-
tal for understanding life processes and disease mechanisms,
yet traditional sequencing technologies encounter barriers in
single-nucleotide identification, modification detection, and
data processing. To tackle these, researchers have developed
innovative solutions combining nanotechnology with ML.
In nucleic acid molecule recognition, nanostructure construc-
tion based on various two-dimensional materials, such as
graphene nanopores,204 hybrid graphene/hexagonal boron
nitride nanopores,205 germanene nanogaps,206 and MXene nano-
channels,207 combined with density functional theory and non-
equilibrium Green’s function-generated nucleotide transmission
function datasets, and ML algorithms like XGBoost, k-NN, SVM,
and RF, resolved signal overlap issues for high-precision DNA
nucleotide identification.206,208 Notably, SHAP interpretability
analysis revealed key contributions of transmission function
features to model decisions, providing theoretical bases for
algorithmic optimization.208 In RNA modification recognition,
recognition tunneling combined with SVM algorithms extracted
features from time, frequency, and cepstral domains for efficient
modified RNA nucleotide identification,209 while engineered
Mycobacterium smegmatis porin A nanopores extended this to
high-resolution detection of 11 nucleoside monophosphates.108

In epigenetic modification detection, DeepMod210 and DeepMod2
frameworks82 addressed methylation detection in Oxford nano-
pore sequencing via bidirectional LSTM and transformer archi-
tectures, while the TandemMod framework, integrating one-
dimensional CNNs, bidirectional LSTM modules, and attention
mechanisms, enabled high-precision single-base resolution detec-
tion of 7 RNA modifications.109 These technological advances
collectively propel nucleic acid molecule recognition from quali-
tative to quantitative and from single to multiple modification
detection.

Rapid, sensitive pathogen detection is vital for disease
prevention and public health security, yet traditional methods
exhibit significant limitations in cost, time, and specificity.211,212

To counter these, researchers have developed various nucleic acid
sensor-based diagnostic platforms integrating ML. The iFluor-RFA
platform, via multiscale network architecture multiscale CNNs for
DL analysis of fluorescent ring images, achieved specific, sensitive
detection of nucleic acid targets at sub-micromolar levels with
over 94% accuracy.213 Similarly, modular DNA origami nanorod-
constructed monochromatic fluorescent barcode systems, via
XGBoost and visual geometry group architecture CNNs for auto-
matic recognition and classification, demonstrated ML’s potential
in multiplex biomolecular detection.115 Nonspecific nanosensor
arrays based on two-dimensional nanoparticles (e.g., nGO, MoS2,
WS2) complexed with single-stranded DNA, combined with
models like partial least square discriminant analysis (PLSDA),
logistic regression, and SVM, successfully differentiated complex
bacterial matrices.214 This approach extended to food safety,
where optical sensor arrays built from two-dimensional nanoma-
terials and single-stranded DNA, combined with MLPs and other
ML algorithms, achieved 93.8% bacterial identification accuracy
within 30 minutes, rising to 98.4% at 120 minutes.116 Through
these ML algorithms, direct mapping from raw signals to
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quantitative analysis results was realized, providing robust
technological support for disease prevention, while also high-
lighting the need for evaluation on larger, clinically representative
cohorts to establish real-world performance and generalizability.

Nucleic acid therapeutics

Nucleic acid therapeutics, as a frontier in precision medicine,
offer innovative strategies for various diseases by targeting gene
expression networks or directly delivering therapeutic nucleic
acid sequences.195 From microRNA modulators and mRNA
therapies to structured nucleic acid nanoparticles, nucleic acid
therapeutics exhibit broad potential in cancer, metabolic dis-
eases, infectious diseases, and cardiovascular disorders.215,216

However, due to nucleic acid molecules’ structural complexity,
dynamic conformational changes, and multilayer interactions
with biological systems, nucleic acid drug development faces
multidimensional challenges like complex nonlinear structure–
activity relationships, inefficient delivery systems, insufficient
targeting specificity, difficult immune response prediction,
and unclear chemical mechanisms.165,217 Thus, integrating
high-throughput experiments with advanced computational
methods, particularly ML, is essential for systematically parsing
nucleic acid drug design rules, predicting biological effects,
and accelerating optimization iterations (Fig. 5b).83,120 At the
same time, translation of these design rules to human thera-
pies will require extensive in vivo validation of safety, bio-
distribution, and immune responses beyond the regimes repre-
sented in the training data.

Understanding nucleic acid drug structure–activity relation-
ships is prerequisite for rational design, yet nucleic acid drug
design involves multidimensional parameter spaces, with tra-
ditional experimental methods struggling to systematically
reveal nonlinear interactions among parameters. To address this,

researchers developed methods combining high-throughput
experiments with ML to systematically parse SNA nanodrug
structure–activity relationships; via picomolar-scale high-
throughput synthesis and mass spectrometry, a library of 960
SNAs was constructed, with XGBoost and other ML models
revealing nonlinear interactions among 11 design parameters,
showing that only 16% random screening suffices for full-
library activity prediction, significantly reducing experimental
costs.120 Similarly, in mRNA therapies, researchers innovatively
combined ML with four-component combinatorial chemistry
high-throughput synthesis platforms to build an experimental
library of 584 ionizable lipids and screen mRNA transfection
efficacies; the trained XGBoost model (AUC-ROC 0.983) suc-
cessfully screened efficient candidates from 40 000 virtual
lipids, with 119-23 lipid transfection efficiencies in muscle
and immune cells surpassing commercial benchmarks, and
the model revealing key descriptors like head group hydropho-
bicity, tail unsaturation, and linker chain steric hindrance
contributions to transfection efficacy.119 These studies indicate
that ML not only accelerates virtual screening and reduces
experimental costs for nucleic acid drugs but also provides
interpretable guidance for structural optimization.

Precise target identification and immune response predic-
tion directly determine efficacy and safety in nucleic acid drug
applications, yet traditional methods rely on time- and labor-
intensive blind screening, failing to comprehensively predict
complex off-target effects and immunogenicity risks. ML over-
comes these barriers via innovative data integration and model
construction. In targeted RNA drug discovery, the DL frame-
work sChemNET, by integrating small-molecule chemical struc-
tures with miRNA sequence similarity constraints, successfully
predicted small molecules targeting miRNA functions, vali-
dated in zebrafish embryos and human-derived cells for

Fig. 5 ML-assisted nucleic acid applications. (a)–(c) Examples of ML model inputs, architectures, and outputs related to nucleic acid-based diagnostics
(a), drugs (b), and information processing (c). Panels adapted with permission from: a, ref. 116, Copyright 2025, Elsevier Ltd; ref. 37, Springer Nature Ltd; b,
ref. 37, Springer Nature Ltd; c, ref. 84, Springer Nature Ltd; ref. 37, Springer Nature Ltd.
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vitamin D receptor agonists’ regulation of miR-181 family and
miR-451;83 the DRLiPS method, via multistategy negative sam-
pling and key feature screening, significantly enhanced RNA-
binding pocket prediction accuracy, providing efficient tools for
RNA-targeted drug design.218 In immune response prediction,
systematic analysis of 58 nucleic acid nanoparticles’ (NANPs)
physicochemical and immune features developed the trans-
former-based predictive model AI-cell, with experimental
validation showing accurate prediction of peripheral blood
mononuclear cell interferon responses to NANPs, outperform-
ing traditional RF and providing key tools for rapid design of
NANPs with specific immune modulatory functions.219 These
studies collectively advance ML’s deep applications in nucleic
acid therapeutics, accelerating personalized nucleic acid treat-
ment strategy development.

Nucleic acid information processing

Nucleic acid molecules, particularly DNA, as natural informa-
tion carriers in organisms, possess unique advantages like
ultrahigh storage density, ultralong preservation lifespan, and
extremely low energy consumption, offering revolutionary solu-
tions to capacity bottlenecks and data aging issues in tradi-
tional storage media amid the data explosion era.11 However,
nucleic acid information storage and computing systems face
challenges in information writing and readout,197,220 informa-
tion retrieva,114,221,222 and reaction parameter prediction.197

These complex issues often exceed traditional methods’ cap-
abilities, necessitating ML technologies for more efficient,
precise solutions to fully harness nucleic acid molecules’
potential in information storage and computing (Fig. 5c).

Optimization and error correction in DNA storage systems
are crucial for commercializing nucleic acid information sto-
rage, with core challenges in ensuring data integrity and
reliability under high-noise environments. Traditional error
correction relies on redundant coding, reducing storage effi-
ciency and struggling with complex error patterns in DNA
synthesis, PCR, and sequencing, particularly in clustering and
reconstruction algorithm efficiency and precision during high-
throughput sequencing. ML, with its powerful pattern recogni-
tion and data processing capabilities, has brought paradigm
shifts to this field. DL models excel in DNA sequence recon-
struction, fundamentally altering noisy data handling: on one
hand, hybrid transformer and CNN architectures (e.g.,
DNAformer84) and GAN models (e.g., DNA-GAN197) transform
sequence reconstruction into visualization tasks for precise
recovery under high error rates; on the other, AE and U-Net
network combinations pioneer direct information reconstruc-
tion from noisy data,220 reducing reliance on traditional error
correction codes. These methods collectively point to a core
breakthrough: using ML algorithms to replace or augment
traditional error correction codes, significantly enhancing
information retrieval speed (up to 3200-fold84) and accuracy
(40% improvement84). More innovatively, two-dimensional
DNA storage systems (2DDNA85), by encoding information at
sequence and structural levels and using DL models for auto-
matic error repair, provide novel approaches to reducing

redundancy overhead. These technological advances address
noise and error issues in DNA storage from diverse angles,
clearing key obstacles for commercialization.

Expanding nucleic acid molecules’ computing capabilities
and functional applications is significant for building next-
generation bio-electronic hybrid information systems, with
keys in fully utilizing DNA’s parallel computing potential
and biological specificity. Traditional nucleic acid computing
methods are limited to simple logic operations and sequence
matching, lacking precise prediction of complex reaction para-
meters and advanced functions like content similarity search,
severely restricting application scenarios. ML applications in
this domain center on two core directions. First, in molecular
behavior prediction, quantum chemical computations com-
bined with CNNs223 break traditional nearest-neighbor model
limitations by capturing synergistic effects among polynucleo-
tides, establishing more precise DNA reaction parameter pre-
diction frameworks and laying theoretical foundations for
high-precision DNA nanodevice design. Second, in functional
applications, DNA hybridization-based parallel computing
frameworks,114 by establishing continuous feature-sequence
encoding spaces, enable seamless transitions from electronic
to molecular computing, pioneering content similarity search
using DNA molecules. These directions embody ML’s unique
value in bridging theoretical models and practical applications,
collectively propelling nucleic acid computing toward more
complex, practical directions. This fusion trend not only
expands nucleic acid molecules’ application scenarios in infor-
mation processing but also provides feasible paths for future
efficient, low-energy bio-electronic hybrid computing systems.

Opportunities and challenges

ML-driven nucleic acid molecular engineering has achieved
remarkable progress. It demonstrates immense potential in
this interdisciplinary field, from structure prediction to perfor-
mance optimization and practical applications. However, the
domain still faces multiple technical challenges. These include
bottlenecks in data quality, model interpretability, and experi-
mental validation. These challenges not only constrain model
generalization and practical application value but also
highlight urgent needs for algorithmic innovation, data infra-
structure development, and experimental technology inte-
gration. Concurrently, with synergistic advancements in com-
putational power, data resources, and experimental platforms,
this field harbors broad development opportunities. The fol-
lowing systematically analyzes current major challenges
and explores potential solutions to provide insights for advan-
cing ML’s deeper applications in nucleic acid molecular
engineering.

Data quality challenges

Acquiring high-quality nucleic acid structure-function data is a
core bottleneck in ML model development. Nucleic acid mole-
cules’ sequence spaces are extraordinarily vast, with highly
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complex structure–function relationships, while experimental
characterization is often costly and time-consuming, resulting
in limited training dataset scales and insufficient diversity,
thereby impacting model generalization and prediction
accuracy. Moreover, if models are evaluated only with random
train–test splits on such narrow datasets, standard metrics (e.g.,
accuracy, PCC) can substantially overestimate performance in
truly prospective or out-of-distribution scenarios. For example,
RNA three-dimensional structure prediction models like
NuFold53 and DRfold152 underperform on long sequences or
non-canonical structures, while secondary structure prediction
models like MXfold270 face similar limitations; nucleic acid
switch optimization frameworks like STORM and NuSpeak,50

though advancing based on toehold sequence datasets, remain
restricted in predicting novel structures. To overcome this,
multilayer innovative strategies are needed. At the data acquisi-
tion level, self-supervised learning can leverage massive unla-
beled data for pretraining, while physics-informed data
augmentation generates synthetic samples conforming to
known rules, enhancing dataset diversity. At the knowledge
transfer level, transfer learning applies knowledge from related
tasks to specific design problems, and active learning optimizes
data annotation resource allocation by intelligently selecting
maximally informative samples. Additionally, establishing
open-shared nucleic acid structure-function databases and
standardizing data processing workflows will provide solid
infrastructure for the field. Synergistic application of these
strategies, together with task-appropriate, standardized evalua-
tion metrics and benchmark protocols that mimic realistic
deployment settings, is poised to significantly alleviate data
bottlenecks, propelling models toward higher precision and
robustness.

Model interpretability challenges

The ‘‘black box’’ nature of ML models contrasts sharply with
nucleic acid molecular engineering’s need for molecular mecha-
nism understanding, severely limiting models’ applications in
rational design. Though high-performance models provide accu-
rate predictions, their complex nonlinear mappings often obscure
decision bases, failing to translate into explicit guidance rules.
For instance, XGBoost-based DNA nanostructure protein corona
prediction models, despite high accuracy, have feature impor-
tance analyses difficult to directly guide design;159 CRISPR-Cas9
optimization models like DeepHF reveal partial sequence feature
contributions via SHAP but struggle to convert into universal
criteria for novel gRNA design.182 Enhancing model interpretabil-
ity requires a methodological system combining theory and
practice. At the model architecture level, explainable AI techni-
ques like attention mechanisms, gradient class activation map-
ping, and SHAP value analysis reveal key feature contributions,
while mechanism-driven DL balances prediction and explanation
by incorporating physical rules. At the analysis tool level, visuali-
zation techniques intuitively map high-dimensional feature
spaces, and model distillation transfers complex model knowl-
edge to more transparent simple models. Additionally, ‘‘human–
machine collaborative’’ interactive frameworks integrate domain

expert knowledge with ML outputs to enhance decision credibil-
ity. These methods collectively construct interpretive chains from
intrinsic mechanisms to practical applications, providing reliable
rational design support for nucleic acid molecular engineering.
From a tutorial perspective, such interpretable analyses are crucial
to help practitioners understand where a given model is expected
to perform well and to treat ML as a context-dependent, comple-
mentary tool that augments mechanistic insight and experimental
design rather than as an opaque oracle.

Experimental validation efficiency challenges

The efficiency gap between ML predictions and experimental
validation constitutes a key barrier from computational design
to practical application. Computational predictions are rapid
and low-cost, but experimental validation often involves long
cycles and intensive resources, leading to slow feedback loops
that hinder innovative iterations and translational applica-
tions. For example, DNA-encoded library screening tools like
DEL-Dock accelerate virtual screening via ML but require
optimization in experimental platform integration;224 DNA
storage encoding85 and nucleic acid computing system114 opti-
mizations are similarly limited by validation bottlenecks. Build-
ing efficient validation systems demands multidimensional
technological innovation and system integration. At the plat-
form level, closed-loop design-build-test-learn systems inte-
grate automated equipment with feedback algorithms for
rapid iterations. At the technical level, high-throughput micro-
fluidic platforms support parallel testing, while in situ sequen-
cing and real-time imaging provide immediate data feedback.
At the strategic level, Bayesian optimization and active learning
intelligently plan experimental paths to maximize information
efficiency. Additionally, standardized validation protocols and
data-sharing mechanisms will promote cross-institutional col-
laboration and accelerate translational applications. Fusion of
these innovative elements is poised to bridge computational-
experimental gaps, advancing nucleic acid molecular engineer-
ing toward efficient, reliable directions, provided that model
development is tightly coupled to prospective, hypothesis-
driven experiments to move beyond purely correlative predic-
tions and toward causal understanding of nucleic acid struc-
ture–function relationships, while necessitating a broader
examination of ethical and social implications alongside emer-
ging future trajectories.

Ethical and social implications

The rapid integration of ML into nucleic acid molecular engi-
neering raises profound ethical and social considerations that
must be addressed to ensure equitable benefits and minimize
unintended harms. Central to these concerns is the potential
for biased datasets, which often underrepresent diverse popu-
lations in genomic and structural data, leading to models that
perpetuate health disparities in applications like CRISPR-based
therapies or mRNA vaccines.6,14 For instance, if training
data skew toward certain ethnic groups, predictive models for
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nucleic acid structure–function relationships could inadver-
tently exacerbate inequalities in precision medicine, as seen
in broader AI-driven clinical care.225 Moreover, the interpret-
ability challenges highlighted in nucleic acid performance
modulation and application expansion pose risks in clinical
deployment; opaque ‘‘black box’’ models may hinder account-
ability in gene editing tools, where off-target effects could have
irreversible consequences.226 Socially, the dual-use nature of
nucleic acid technologies demands robust governance frame-
works because it enables both therapeutic advancements and
potential biosecurity threats, such as engineered pathogens.227

To mitigate these, interdisciplinary collaborations involving
ethicists, policymakers, and diverse stakeholders are essential,
alongside initiatives for open-access data repositories to demo-
cratize nucleic acid engineering.228 Ultimately, proactive ethical
oversight will be crucial to align this field’s transformative
potential with societal values, fostering trust and inclusivity
in biomedicine and information sciences.

Future directions

Looking ahead, ML-driven nucleic acid molecular engineering
is poised for paradigm-shifting advancements through deeper
integration of emerging technologies and multidisciplinary
approaches, building on current progress in structure construc-
tion, performance modulation, and applications. A key trajec-
tory involves hybrid models combining ML with quantum
computing to simulate dynamic nucleic acid behaviors at
atomic scales, addressing limitations in three-dimensional
structure prediction and enabling real-time optimization of
complex systems like DNA origami networks.229,230 In perfor-
mance modulation, reinforcement learning could evolve toward
adaptive frameworks that incorporate real-world feedback loops,
enhancing gene editing precision across diverse cellular contexts
and accelerating nucleic acid therapeutics from bench to
bedside.81 For application expansion, generative AI models,
inspired by large language models, hold promise for designing
multifunctional nucleic acid platforms that integrate diagnostics,
drug delivery, and computing in single systems, potentially revo-
lutionizing point-of-care devices and bioelectronics.39

To overcome data scarcity, federated learning paradigms
could facilitate collaborative, privacy-preserving datasets across
global institutions, while physics-informed NNs improve gen-
eralization for underrepresented nucleic acid motifs.231

In federated workflows, models are trained locally on institu-
tional datasets and only parameter updates are shared,
enabling multi-centre learning without transferring raw geno-
mic or clinical records. Such approaches have already been
demonstrated in medical imaging and electronic health
records and could analogously support multi-cohort nucleic
acid datasets while respecting regulatory constraints.232 At the
same time, physics-informed neural networks embed known
thermodynamic, kinetic, or structural constraints directly into
the loss function, which can regularize training on small,
biased datasets and improve extrapolation to rare sequence

or structural contexts.231 Together, these strategies could sub-
stantially mitigate current data bottlenecks in ML-driven
nucleic acid engineering.

Furthermore, expanding to non-canonical nucleic acids,
such as xeno-nucleic acids, could unlock novel biomaterials
with enhanced stability for environmental and space
applications.233 Synthetic genetic polymers with modified back-
bones, sugars, or bases have already been shown to support
heredity and Darwinian evolution while exhibiting markedly
improved resistance to nucleases and chemical degradation.234,235

Such xeno-nucleic acids therefore provide an attractive substrate
for designing information-bearing materials that function in
extreme pH, temperature, or radiation environments where nat-
ural DNA and RNA would rapidly fail. ML-guided generative and
predictive models could accelerate the discovery of xeno-nucleic
acid aptamers, catalysts, and nanostructures with tailored stability
and binding properties, extending nucleic acid molecular engi-
neering beyond the canonical chemical space.

Realizing these directions will require investment in high-
throughput experimental platforms and ethical AI guidelines,
ultimately propelling nucleic acid engineering toward sustain-
able innovations that address global challenges in health,
sustainability, and data management. On the experimental
side, automated design–build–test–learn pipelines, microflui-
dic screening systems, and single-cell readouts will be essential
to generate the large, high-quality datasets needed to close the
loop between models and measurements.236,237 On the govern-
ance side, emerging frameworks for trustworthy and accoun-
table AI in medicine emphasize transparency, bias assessment,
and stakeholder engagement, which are equally relevant for
ML-guided gene editing and therapeutics.238 Embedding these
principles into nucleic acid engineering workflows will help
ensure that resulting technologies are not only powerful but
also safe, equitable, and socially acceptable.

Conclusions

ML-driven nucleic acid molecular engineering is profoundly
reshaping paradigms in biomedicine and information sciences,
as highlighted by the ethical considerations and future directions
that underscore its potential for responsible advancement.
At the same time, across structure construction, performance
modulation, and application expansion, our survey makes clear
that ML currently functions primarily as a powerful, context-
dependent complement to biophysical modeling and carefully
designed experiments, rather than a replacement for them. This
review systematically surveys the latest progress in ML across
three major domains: nucleic acid structure construction, perfor-
mance modulation, and application expansion, highlighting the
transformative potential of this interdisciplinary field. In structure
design, DL models53,70,93,142,152 have realized full-chain innova-
tions. These span from primary sequence design to secondary
structure prediction and three-dimensional structure reconstruc-
tion. They significantly enhance design precision and efficiency.
In performance modulation, ML algorithms use multifactor
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predictive models.50,117,182 These have successfully decoupled
complex variables influencing nucleic acid functions. As a result,
they achieve precise optimization of molecular properties, gene
editing tools, and functional elements. In application expansion,
ML-assisted nucleic acid molecular engineering has achieved
breakthroughs in disease diagnosis, therapeutic drugs, and infor-
mation storage and computing,119,213,220 propelling transitions
from laboratory prototypes to clinical and industrial applications.
These advancements not only mark a paradigm shift from
empirical dependency to data-driven approaches but also provide
solid foundations for systemic innovations in nucleic acid mole-
cular engineering, provided that ethical safeguards and forward-
looking strategies are integrated to mitigate risks and maximize
societal benefits.

Despite challenges like insufficient data quality and scale,
limited model interpretability, and low experimental validation
efficiency, ML-driven nucleic acid molecular engineering exhi-
bits broad prospects. Self-supervised learning combined with
data augmentation, explainable AI integrated with mechanism-
driven models, and closed-loop design-build-test-learn plat-
form construction will synergistically propel the field from
static structure prediction toward dynamic behavior simula-
tion, and from single-molecule design to complex system
engineering. Looking ahead, ML will transcend traditional
method limitations by constructing integrated sequence-
structure-function models, ushering in a new era of nucleic
acid design and applications. This interdisciplinary develop-
ment will not only accelerate biomedical innovations but
also provide key solutions for global challenges in human
health, environmental monitoring, and information technol-
ogy. Guided by ethical frameworks and innovative future direc-
tions, the continued fusion of algorithms, data resources, and
experimental technologies will drive deeper advancements in
ML-driven nucleic acid molecular engineering and contribute
greater value to human well-being.
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I. Tuszyńska, Nucleic Acids Res., 2024, 52, 7465–7486.
150 J. Li and R. Rohs, Nucleic Acids Res., 2024, 52, W7–W12.
151 N. Katz, E. Tripto, N. Granik, S. Goldberg, O. Atar,

Z. Yakhini, Y. Orenstein and R. Amit, Nat. Commun.,
2021, 12, 1576.

152 Y. Li, C. Zhang, C. Feng, R. Pearce, P. Lydia Freddolino and
Y. Zhang, Nat. Commun., 2023, 14, 5745.

153 J. Li, T.-P. Chiu and R. Rohs, Nat. Commun., 2024, 15, 1243.
154 A. Kabir, M. Bhattarai, S. Peterson, Y. Najman-Licht, K.

Ø. Rasmussen, A. Shehu, A. R. Bishop, B. Alexandrov and
A. Usheva, Nucleic Acids Res., 2024, 52, e91–e91.

155 S. Barissi, A. Sala, M. Wieczór, F. Battistini and M. Orozco,
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