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Expanding the Reach of Nucleic Acid 
Therapeutics

Nucleic acid therapeutics are a rapidly growing 
class of medicines that modulate gene expression 
by targeting RNA or DNA sequences. Nucleic acid 
drugs (NADs), including small interfering RNAs 
(siRNAs) and antisense oligonucleotides (ASOs), 
have shown significant therapeutic potential by 
silencing or degrading disease-associated mes-
senger RNAs, thereby reducing protein production. 
Advances in nucleic acid chemistry and delivery 
technologies have partly driven their clinical suc-
cess by helping overcome major developmental 
challenges, including physiological instability, 
immune responses, and barriers to intracellular 

delivery. Delivering siRNAs and ASOs into cells 
is challenging because these molecules are too 
large and too polar to cross the cell membrane on 
their own. Unlike traditional small-molecule drugs, 
which are typically under 500 daltons and can dif-
fuse across membranes, nucleic acids primarily 
enter cells via endocytic uptake (Dowdy, 2017; 
Juliano, 2016; Lipinski et al., 2001).

For safe and effective nucleic acid therapy, 
NADs must reach the appropriate organ and 
cell type, which necessitates the development of 
specialized, targeted delivery strategies. Naked 
or directly delivered siRNA is quickly eliminated, 
while chemically modified ASOs distribute widely 
across the body, which is not ideal for cell-selective 

ABSTRACT | Researchers can now design nucleic acid medicines for specific genetic targets, but 
delivering those medicines to the right cells and tissues remains a major challenge. Advances in 
nucleic acid therapeutics have greatly expanded treatment options for various genetic and metabolic 
diseases, especially those affecting the liver. Beyond chemical stabilization of nucleic acids, much of 
the progress has come from achieving efficient, cell-specific delivery. A key factor in this success is 
the development of chemically engineered bioconjugates, such as the N-acetylgalactosamine ligand, 
which binds selectively to hepatocyte receptors in the liver. This allows for highly efficient delivery of 
small interfering RNA and antisense oligonucleotides. However, replicating this delivery efficiency 
in tissues outside the liver (extrahepatic) remains a major challenge. The main obstacle is the lack of 
well-defined ligand–receptor pairs that mediate cell-specific recognition and uptake in extrahepatic 
organs. This discussion paper examines how artificial intelligence and machine learning can accelerate 
the discovery of new chemical ligands for targeted nucleic acid delivery to tissues outside the liver. 
Taken together, the methods these tools support could enable targeting of organs that are difficult 
to reach with nucleic acid-based therapies and broaden treatment options for certain cancers and 
metabolic disorders for which additional treatments are needed.
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precision medicine (Geary et al., 2015). To overcome 
these challenges, delivery systems such as lipid 
nanoparticles (LNPs) and cell-targeting ligands 
that facilitate nucleic acid uptake have emerged 
as crucial tools. These approaches have proven 
successful, particularly in liver-targeted therapies, 
where both carbohydrate-based ligands and LNPs 
have already entered clinical use.

Ligand-mediated delivery has emerged as 
a promising strategy for targeted nucleic acid 
therapeutics, in which specific chemical ligands 
are conjugated to nucleic acids to form biocon-
jugates. Ligands act as molecular zip codes that 
help direct nucleic acid therapeutics and their 
carriers to specific cell types within an organ or 
tissue. These bioconjugates bind to receptors 
on specific cell types and are taken up by those 
cells. This bioconjugate-based approach has 
revolutionized hepatocyte-targeted delivery 
by using carbohydrate-based ligands. Drugs 
approved by the US Food and Drug Administration 
(FDA), such as givosiran, lumasiran, inclisiran, 
vutrisiran, eplontersen, and donidalorsen, use 
N-acetylgalactosamine (GalNAc) as a ligand for 
hepatic targeting. GalNAc binds to the asialogly-
coprotein receptor (ASGPR) on hepatocytes with 
high affinity and is rapidly taken up via endocytosis 
with minimal off-target effects. This success was 
built on decades of sustained research (Ashwell 
and Harford, 1982; Nair et al., 2014). Since its  
discovery in 1965 and the subsequent recognition of 
its hepatocyte specificity, high affinity for GalNAc, 
and rapid endocytic uptake, ASGPR has served 
as a cornerstone for targeted liver delivery. This 
long arc of discovery and optimization ultimately 
culminated, nearly 50 years later, in the clinical 
translation of GalNAc nucleic acid therapeutics 
(Springer and Dowdy, 2018).

Most nucleic acid therapeutics are currently 
limited to liver-associated diseases or to local 
administration, largely because robust, gener-
alizable delivery platforms for other organs are 
lacking. The success of hepatocyte-directed 
delivery through ASGPR targeting illustrates the 
potential of ligand-mediated, cell-specific uptake, 

but comparable ligand–receptor systems for most 
extrahepatic tissues remain largely underdevel-
oped. This bottleneck significantly constrains the 
therapeutic potential of RNA-based medicines 
across tissues such as the kidney, lung, brain, and 
heart, as well as diverse tumor types. Recognizing 
this challenge, nucleic acid–based scaffold design 
has advanced rapidly to enable delivery beyond the 
liver. Several bioconjugate-based strategies are 
being actively explored for their ability to target 
diseases of the brain, kidney, lung, and muscle, 
offering promising paths toward extrahepatic 
delivery. These approaches are being developed at 
both the clinical and preclinical stages to enhance 
extrahepatic organ delivery of nucleic acids through 
receptor-mediated targeting, peptide-facilitated 
cellular uptake, and lipophilicity-driven cellular 
uptake. Researchers have used carbohydrate-
based ligands to target the lungs, kidneys, and 
specific cell types. Mannose-based ligands have 
been used to target mannose receptors expressed 
on pulmonary and pancreatic macrophages 
(Uehara et al., 2022; Yamazaki et al., 2023). For 
kidney-specific delivery, platforms like RENTAC 
and STRIKE are being developed; RENTAC targets 
renal tubules for nucleic acid and small-molecule 
delivery, while STRIKE enables selective siRNA 
delivery to the kidney (Ding et al., 2025; Kumar et 
al., 2024). These platforms target the megalin and 
cubilin receptors expressed in proximal convoluted 
tubule cells. Zeal Therapeutics, a University of 
Connecticut startup, is developing the RENTAC 
platform for kidney cell-specific delivery of siRNA. 
Judo Bio’s STRIKE platform has demonstrated 
kidney-specific siRNA delivery and target gene 
knockdown in mice and non-human primates 
(Ding et al., 2025). Antibody-oligonucleotide 
conjugates (AOCs) are an emerging platform for 
cell-specific delivery of NADs. In preclinical studies,  
transferrin receptor 1 (TfR1)-targeting antibody-
siRNA conjugates achieved over 15-fold greater 
accumulation in skeletal muscle and cardiac 
tissue than unconjugated siRNA, resulting in 
substantial target gene silencing (Malecova et al., 
2023). The successful clinical advancement of 
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multiple TfR1-directed AOCs highlights the poten-
tial of receptor-mediated conjugate strategies to 
enable effective extrahepatic delivery of NADs 
(Johnson et al., 2026; Malecova et al., 2023). TfR 
overexpression on brain endothelial cells has been 
explored to enable central nervous system (CNS) 
delivery of nucleic acid therapeutics via receptor-
mediated transcytosis across the blood–brain 
barrier (Desjardins et al., 2022; Lee et al., 2026). In 
addition, 2′-O-hexadecyl (C16)-siRNA conjugates 
have demonstrated promising CNS distribution 
and durable gene silencing up to 3 months after 
intrathecal administration. These conjugates also 
produce durable effects in the eye after intravitreal 
administration and in the lungs after intranasal 
administration, highlighting their potential for 
localized nucleic acid delivery (Brown et al., 2022). 
Attaching siRNAs to lipophilic compounds such 
as cholesterol, docosanoic acid, docosahexaenoic 
acid, and lithocholic acid uses the body’s lipid 
transport pathways to improve their distribution 
and uptake in tissues such as the liver, kidneys, 
adrenal glands, and ovaries, which may help treat 
disorders that affect multiple systems (Osborn et 
al., 2019).

Despite these advances, progress in targeted 
nucleic acid delivery has been relatively slow. 
Researchers have largely tested one ligand at a 
time to see whether it helps cells take up nucleic 
acids. The ASGPR-GalNAc platform is highly suc-
cessful, but it also shows how time-consuming this 
trial-and-error approach can be—even in the liver, 
where the target receptor is well understood and 
abundant (Prakash et al., 2014).

In tissues outside the liver, the receptors and 
uptake pathways needed for targeted delivery 
are less clear. Finding them through repeated 
experiments can hinder progress. More systematic, 
data-driven methods could speed discovery and 
reduce the uncertainty of traditional ligand screen-
ing. Advances in computational chemistry, large 
biological datasets, and information about receptor 
structures make it possible to study ligand–recep-
tor interactions more effectively. Combining these 
resources with artificial intelligence (AI) and 

machine learning (ML) models could help identify 
new ligand–receptor pairs that enable selective 
uptake into cells, without years of testing. These 
methods could also support large-scale computer-
based screening and help design delivery systems 
for specific cell types across different tissues, 
extending nucleic acid therapies beyond the liver.

Improving the Discovery Framework

Chemically, ligands may be composed of carbohy-
drates, peptides, aptamers, lipids, or antibodies. 
Among these, carbohydrates play an important role 
because their structural diversity and branched 
architecture enable cell-surface recognition by 
endocytic receptors. Carbohydrate–receptor 
interactions serve as key recognition mechanisms 
in cellular communication. Ligand interactions 
with cell membrane proteins or receptors form the 
basis for targeted bioconjugate-based delivery. To 
expand the range of targeted treatments, the field 
needs a more systematic discovery framework that 
identifies targeting ligands and accessible endo-
cytic receptors, predicts ligand binding affinities, 
and maps receptor distribution across tissues. 
AI- and ML-guided approaches can improve 
these predictions and facilitate the identification 
of ligand–receptor pairs through more limited 
empirical experimentation (see Figure 1).

Criteria in Ligand Identification for 
Receptor Targeting

To design extrahepatic targeting ligands, a 
three-part framework for ligand and receptor 
screening is crucial (see Figure 1). First, methods 
for accurate binding site prediction on receptor 
protein structures are essential to identify a pool 
of candidate ligands. Second, advanced protein–
ligand interaction models that can rank affinities 
across large receptor panels are essential for 
prioritizing key ligands based on receptor affinity. 
Third, comprehensive protein expression atlases 
must be available to map receptor prevalence 
at both the organ and cell-specific levels. This 
information will provide a clear understanding of 
where the ligand can effectively engage. These 
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three components help answer key translational 
questions, such as ligand selectivity, receptor 
accessibility, and receptor expression on the 
appropriate tissue or cell type, thereby making 
targeted delivery plausible. This approach can 
reduce trial-and-error efforts and accelerate the 
discovery of clinically translatable ligands.

Ligand Screening

The first step in developing targeted nucleic acid 
bioconjugates is determining whether a recep-
tor possesses an accessible binding pocket that 
supports ligand interaction and internalization. 
Once candidate receptors are identified, the next 
step is to determine which ligands bind with high 
affinity and selectivity. Binding site prediction 
also saves time by allowing researchers to avoid 
occluded targets and helps guide ligand design 
by identifying the number of targeting moieties 
required to promote efficient receptor-mediated 

endocytosis. In addition, it helps researchers avoid 
low-confidence targets, saving time and resources 
and enabling them to focus on ligand–receptor 
pairs with the highest translational potential. One 
example of ligand screening tools is the use of 
computational models, such as DeepGlycanSite, 
to precisely identify carbohydrate-binding residues 
within target protein structures (see Figure 1A). 
This model predicts protein structures and interac-
tions with different carbohydrate types and offers 
probability maps to aid in target selection (He et 
al., 2024). A complementary prediction model, 
PeSTo, uses geometric deep learning to predict 
protein–carbohydrate binding interfaces (Bibekar 
et al., 2024).

Ligand Optimization and Ranking

Selected carbohydrate-based ligands can be 
further screened or optimized using models such 
as LectinOracle and GlyNet. LectinOracle predicts 

FIGURE 1 | AI/ML-Guided Screening and Optimization of Nucleic Acid Bioconjugates for 
Tissue- and Cell-Specific Delivery
SOURCE: The figure was created by the authors using BioRender software.
NOTES: (A) Discovery and prioritization of new ligand candidates for known cell-surface receptors.  
(B) Identification of novel endocytic receptors and mapping of their organ- and tissue-level expression under 
healthy and disease conditions. (C) Experimental and translational validation; the failure mode associated with 
each stage is annotated, illustrating that affinity does not guarantee uptake and uptake does not guarantee 
functional delivery. (D) Feedback loop for model refinement, in which in vitro and in vivo data are returned to the 
models in panels A and B so that predictions are retrained on in vivo outcomes rather than on binding affinity 
and cellular uptake alone. NGS = next-generation sequencing.
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the binding affinity of previously uncharacterized 
targets such as PSE41-5 and the jacalin-related 
domain from OsJAC1 (a rice protein), and was 
trained on a large dataset of known protein–car-
bohydrate interactions (Lundstrom et al., 2022). 
GlyNet predicts the strength of protein–carbo-
hydrate binding interactions and can be used to 
rank these interactions (Carpenter et al., 2022). 
Such tools help narrow the chemical design space 
and provide a more structural approach to ligand 
discovery by functionally categorizing candidates 
based on receptor recognition, affinity ranking, and 
uptake optimization. They help with rapid screen-
ing and narrowing down a list of carbohydrate 
ligand candidates for laboratory testing against a 
selected receptor (Carpenter et al., 2022).

Target Receptor Expression Profiling

For receptor-mediated delivery, ligands must 
bind receptors in the appropriate orientation, and 
those receptors must be sufficiently abundant in 
the target tissues. Selective extrahepatic delivery 
therefore depends on receptor expression match-
ing the anatomical target, which helps predict the 
in vivo distribution of nucleic acid bioconjugates. 
Resources such as the Human Protein Atlas can be 
used to understand a receptor’s tissue- and cell-
specific preferences in a specific organ (Thul and 
Lindskog, 2018). The Genotype-Tissue Expression 
(GTEx) portal and the Expression Atlas (EMBL-EBI) 
can also be used to examine the tissue-specific 
distribution of coding RNA sequences (see Figure 
1B; GTEx Consortium, 2020). Selectivity of the 
conjugate depends on the ratio of receptor expres-
sion in the target tissue to off-target receptor 
expression, rather than on absolute expression. 
This distinction matters most for the liver and 
kidney, which receive a systemically administered 
conjugate by default and therefore compete for 
it regardless of the targeting ligand (Geary et al., 
2015). Receptor expression has also been shown 
to differ in diseased states compared with healthy-
tissue reference datasets on which these atlases 
are built (Uhlen et al., 2017). ASGPR meets all these 
criteria, which is one reason the GalNAc platform 
succeeded (Nair et al., 2014). After ligand–receptor 

pair screening, results from the modeling studies 
can then be validated in cell culture and, if suc-
cessful, evaluated in the preclinical setting for 
their pharmacokinetic and pharmacodynamic 
properties. The expression profile of receptors 
is essential, as even a strong ligand–receptor 
interaction may be of limited value if the receptor 
is broadly expressed, leading to off-target effects 
that divert the therapeutic away from its intended 
target. Integrating structural prediction, ligand 
ranking, and tissue-level expression data creates 
a more complete decision framework for selective 
in vivo targeting.

In this section, the authors describe a scenario 
that current AI models can test. Siglecs are 
receptors on immune cells that recognize sialic 
acid–containing carbohydrates. Sialic acid resi-
dues are widely present on cell surfaces, including 
those of extrahepatic tissues, making them acces-
sible carbohydrate motifs for Siglec-mediated 
targeting and receptor-mediated endocytosis 
(Boelaars and van Kooyk, 2024). Computational 
models such as LectinOracle and GlyNet can rank 
sialylated glycan motifs by predicting how strongly 
they bind to different Siglec family members, 
providing a starting point for selecting promising 
ligands. DeepGlycanSite can then confirm that the 
receptor’s binding pocket is accessible. The most 
promising candidates can be tested experimen-
tally on a microarray to measure their specificity 
and binding strength. The number of targeting 
moieties in the ligand, such as two or three, can 
also be optimized to support effective cellular 
uptake and cytoplasmic delivery of the bioconju-
gates. Selecting a Siglec based on its expression 
can reduce the risk of off-target effects. Similar 
receptor binding screening methods can help 
identify new ligands from different types of small 
molecules and peptides (Wang et al., 2024). This 
example shows how AI/ML can guide a practical 
design process before experimental testing.

Identification of New Endocytic Receptors 
Is Key for Extrahepatic Delivery

The authors previously discussed how AI/ML 
approaches can be used to identify ligands for 
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known organ- or tissue-specific receptors that 
facilitate the cellular uptake of bioconjugates. 
But only a limited number of such receptors are 
currently known and can be efficiently exploited 
for delivery applications. Therefore, the next critical 
step in expanding extrahepatic delivery of nucleic 
acid therapeutics is the systematic discovery and 
characterization of the receptor landscape itself. 
Identifying new endocytic receptors requires a 
collaborative approach that integrates in vitro pro-
filing, genome-wide screening, and computational 
modeling tools such as AlphaFold, LectinOracle, 
and GlyNet.

Receptor Screening Approach

In this section, the authors highlight the screening 
for receptors involved in endocytic uptake using a 
genome-wide in vitro approach. The Search Tool 
for the Retrieval of Interacting Genes (STRING)
has been used to identify receptors involved in 
the uptake of serum-coated nanoparticles in cell 
culture (Ngo et al., 2022). This screening approach 
used clustered regularly interspaced short palin-
dromic repeats (CRISPR) to disable 18,053 human 
protein-coding genes in epithelial cells with the 
Version 3 Toronto KnockOut library (Ngo et al., 
2022). Each cell received a lentiviral particle con-
taining a unique guide RNA, disrupting one gene in 
that cell. Screening thousands of these gene knock-
outs simultaneously can reveal which receptor 
proteins are responsible for nanoparticle uptake.  
This approach, which focuses on interactions 
between proteins on the nanoparticle surface 
and specific cell membrane receptors, could also 
help identify new ligands for cell-specific nucleic 
acid delivery. A similar method could be used in 
vitro to identify endocytic receptors specific to 
different tissues. Together, these advances sug-
gest an opportunity to improve existing workflows 
and create more connected discovery pipelines. 
Genome-wide CRISPR screening can strengthen 
computational receptor-selection methods by 
providing direct functional evidence that identified 
targets or receptors support effective nucleic acid 
uptake and delivery. These unbiased screens can 

confirm computational predictions and reveal pre-
viously unknown receptors, trafficking pathways, 
and intracellular proteins involved in productive 
nucleic acid delivery. This approach could reduce 
the need for extensive empirical optimization and 
speed the development of nucleic acid therapies 
beyond the liver.

Two developments move candidate selection 
beyond two-dimensional cell cultures and provide 
data for predictive models. The first is direct in vivo 
screening with DNA-barcoded libraries. In this 
approach, researchers administer many candidate 
conjugates together and measure their distribu-
tion across tissues and cells by next-generation 
sequencing. This produces datasets based on 
biodistribution rather than binding affinity or 
uptake in a single immortalized cell line (Sago et al., 
2018). The second approach combines ML-guided 
sequence prioritization with in vivo selection. In 
adeno-associated virus capsid engineering, models 
trained on large datasets of mutational fitness and 
in vivo enrichment have produced viable variants 
with altered tissue targeting more efficiently than 
random mutagenesis and with greater sequence 
diversity than sequential in vitro-to-in vivo methods 
(Bryant et al., 2021; Ogden et al., 2019). The same 
approach applies to bioconjugates: an in vivo 
screen using barcoded ligand libraries can measure 
outcomes such as delivery at relevant doses and 
specific biodistribution. Between computational 
predictions and animal studies, organ-on-chip 
and organoid systems offer an intermediate step 
by modeling barriers and interactions between 
different cell types (Ingber, 2022).

Understanding Endosomal Trafficking

Computational tools are highly developed for 
predicting protein–ligand interactions. Nucleic 
acid bioconjugates undergo endocytic uptake, 
which typically occurs via clathrin- or caveolae-
mediated pathways. Integrating AlphaFold3 with 
sophisticated molecular dynamics (MD) simula-
tions offers a promising approach for studying 
molecular interactions and the resulting confor-
mational changes in receptors. Endocytosis driven 
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by ligand–receptor interactions depends not only 
on binding strength but also on how efficiently 
receptors are internalized, how readily ligands are 
released, and how quickly receptors return to the 
cell membrane. Understanding these biophysical 
interactions in chemical and cellular biology is 
essential for assessing whether a ligand–receptor 
pair is effective for delivery applications. Receptors 
that recycle quickly are especially promising for 
clinical use because they can repeatedly internal-
ize bioconjugates and support sustained uptake. 
The clinical success of ASGPR-targeted GalNAc 
conjugates is a clear example, driven by the high 
expression and rapid recycling of ASGPR in hepato-
cytes. AlphaFold3 uses a diffusion architecture to 
predict how proteins interact with small-molecule 
ligands, nucleic acids, and antigen–antibody pairs. 
These features make it a powerful tool for predicting 
ligand–receptor interactions that initiate endocy-
tosis. MD simulation studies can help researchers 
predict the specific endocytic pathways that follow 
ligand–receptor interaction. Advanced simulation 
platforms such as GROMACS, AMBER, and NAMD 
can support the investigation of these processes by 
modeling specific proteins involved in endocytosis 
and intracellular trafficking, including receptors 
and membrane-associated complexes (Abraham 
et al., 2015; Case et al., 2023; Phillips et al., 2020). 
Endosomes play an important role in trafficking 
conjugates within cells following uptake. After 
uptake, the conjugates may become trapped within 
a cellular organelle or compartment known as an 
endosome. Endosomal entrapment may lead to 
cargo degradation or provide a temporary stor-
age compartment. After conjugates enter a cell 
through endocytosis, they move through differ-
ent endosomal stages and may eventually reach 
lysosomes, where they can be degraded. However, 
some cargo avoids this pathway and instead 
remains temporarily in endosomal compartments, 
allowing more time for release into the cytosol.

These intracellular trafficking pathways are 
complex and not yet fully understood, especially 
in how they vary across cell types and disease 
states. Although receptor binding and effective 

internalization are important first steps, the ability 
to escape endosomes and successfully deliver 
nucleic acids is widely considered a key factor in 
determining efficacy. Combining insights from 
protein, membrane, and organelle simulations 
with AI- and ML-based screening may improve 
the understanding of cellular uptake and help 
design more effective bioconjugates. Yet these 
approaches can make accurate predictions only 
with a better understanding of complex cellular 
processes, such as intracellular trafficking, endo-
somal escape, subcellular localization, release, 
nucleic acid conjugate stability inside cells, and 
target engagement. Together, these factors deter-
mine how successfully nucleic acids are delivered. 
However, current AI/ML and MD simulation meth-
ods are better at identifying receptors and ranking 
ligands than at predicting the delivery pathway.

Analyzing large libraries of ligands, mRNA and 
protein sequences, structural data, and their 
complex biochemical interactions is a major 
challenge. Differences between datasets from 
healthy and diseased states make predictive 
modeling more difficult and require significant 
computational resources. Advances in AI/ML and 
emerging quantum computing technologies are 
helping researchers analyze complex biological 
data and design molecules. These developments 
could accelerate the development, optimization, 
and clinical translation of delivery platforms for 
extrahepatic nucleic acid therapies.

Bridging Nucleic Acid Delivery and 
Clinical Translation

AI/ML approaches can accelerate the discovery of 
new receptors and targeting ligands by enabling 
large-scale screening of ligand–receptor inter-
actions under controlled, idealized conditions. 
When integrated with experimental in vitro vali-
dation, these approaches can further strengthen 
candidate selection and increase confidence 
in clinical application. Nevertheless, caution is 
advised because ligands that appear promising 
based on AI/ML approaches or cell culture studies 
may behave very differently in living organisms. 
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Successful in vivo translation of nucleic acid 
bioconjugates can be hindered by significant bio-
logical barriers, including premature metabolism 
of targeting ligands, systemic clearance before 
reaching target tissues, biomolecular interac-
tions, immune recognition or immunogenicity, 
unintended passive uptake, sequestration by 
the reticuloendothelial system, hemodynamic 
shear forces, and broader pharmacokinetic and 
absorption, distribution, metabolism, and excre-
tion constraints (Kielpinski and Schumacher, 
2026; Roberts et al., 2020). These challenges are 
common across a wide range of targeted delivery 
platforms and remain major contributors to the 
high attrition rates observed from discovery-stage 
candidates to clinically successful therapeutics. 
A recent study using an in vivo endosomal escape 
assay highlighted the importance of endosomal 
escape in determining productive cellular delivery 
(Jozic et al., 2026). This highlights the disconnect 
between conventional in vitro uptake-based 
screening and actual in vivo nucleic acid delivery. 
Similar discrepancies may also arise in nucleic acid 
bioconjugates, where receptor-mediated uptake 
does not always translate to functional delivery. 
Screening adeno-associated virus capsids for gene 
delivery is a well-known example of the transla-
tional disconnect across species. Although several 
engineered capsids have been successfully tested 
in rodent models, their efficacy often declines in 
higher-order species due to differences in receptor 
biology, tissue tropism, and immune responses. 
This underscores the need for a more integrated 
and rational selection process to achieve transla-
tional success after targeted delivery (Hordeaux 
et al., 2018; Nisanov et al., 2025). Similar transla-
tional limitations have been observed for peptide-, 
antibody-, and carbohydrate-conjugated active-
targeting nanoparticles. Although strong receptor 
engagement and cellular uptake in vitro may not 
translate into comparable in vivo efficacy, this may 
be due to altered biodistribution caused by passive 
distribution, biomolecular interactions, and limited 
target accessibility. For instance, transferrin-
targeted nanoparticles lose receptor specificity 

in biological environments by interacting with other 
proteins, forming a protein corona (Salvati et al., 
2013). These qualifications emphasize the impor-
tance of incorporating physiologically relevant 
models and cross-species biological data into 
AI/ML-guided discovery frameworks to improve 
predictions of in vivo delivery performance and 
bridge the gap between discovery and successful 
therapeutic translation.

Future Directions

AI/ML may help shift ligand discovery for site-
directed delivery from a trial-and-error process 
toward a more systematic and predictive approach. 
However, experimental and clinical validation 
remain essential. Nucleic acid therapeutics are 
emerging as a powerful therapeutic modality, not 
only for genetic disorders but also for diseases 
driven by proteins that are challenging or impos-
sible to target using conventional small-molecule 
or antibody approaches. RNA-targeted therapies 
are inherently adaptable because they intervene 
earlier in the biological hierarchy, modulating gene 
expression before disease-causing or disease-
associated proteins are produced. With over 7,000 
known single-gene disorders and a growing under-
standing that many disease-associated proteins 
lack suitable drug-binding pockets, RNA-targeted 
therapies offer a promising alternative approach 
(Xie et al., 2023). Advances in nucleic acid stabiliza-
tion, sequence design, and delivery technologies 
have already enabled rapid progress in the pre-
clinical and clinical development of siRNA, ASOs, 
mRNA medicines for vaccines, and gene editing 
(Egli and Manoharan, 2023; Liu et al., 2025; Baden 
et al., 2021). Disease-relevant RNAs can be readily 
identified through transcriptomic and proteomic 
analyses, while NADs provide a direct, program-
mable route to target biological pathways that have 
historically remained out of reach. To streamline 
the regulatory approval of personalized therapies, 
including nucleic acid–based treatments, the FDA 
released a draft guidance entitled “Considerations 
for the Use of the Plausible Mechanism Framework 
to Develop Individualized Therapies that Target 
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Specific Genetic Conditions with a Known Biological 
Cause” (FDA, 2026). This framework could inform 
regulatory evaluation of individualized therapies for 
ultrarare diseases by placing greater emphasis on 
mechanistic understanding, natural history data, 
and preclinical and clinical evidence of efficacy 
and safety from limited patient populations, rather 
than relying on large randomized controlled trials, 
which are not feasible for extremely small patient 
populations. This approach could help expedite 
access to nucleic acid therapeutics for patients 
with rare genetic disorders and bolster the pathway 
for advancing innovations in this field (FDA, 2026).

The major opportunity in the field is to extend 
the effective delivery of NADs beyond the liver. 
Over the next 5 to 10 years, success could be 
defined by establishing reproducible, tissue- and 
cell-specific bioconjugate-based delivery plat-
forms for multiple organs beyond the liver, with 
durable efficacy and acceptable safety profiles. 
To achieve this, the application of AI and ML can 
provide a more realistic and integrative under-
standing of the biochemical space linking ligand 
design with critical biological features of target 
receptors, including expression levels, recycling 
kinetics, tissue perfusion, and disease-specific 
alterations. Once a viable tissue-specific endo-
cytic receptor and corresponding ligand have 
been identified, bioconjugate-based delivery 
offers a well-characterized and reproducible 
delivery platform. Collectively, AI- and ML-driven 
frameworks have the potential to shift current 
empirical, trial-based ligand–receptor discovery 
toward more rational, generalizable, and predic-
tive strategies. In parallel, ligand-functionalized 
nanoformulations for extrahepatic targeting are 
gaining momentum, while nanoparticle systems 
remain essential for the in vivo delivery of mRNA 
and gene editing technologies.

Despite these advances, several challenges 
remain that hinder the broad clinical translation 
of nucleic acid bioconjugates. Nonspecific inter-
actions, off-target distribution, and unintended 
accumulation in non-diseased tissues and cells 
continue to pose safety and efficacy concerns. 

In addition, limited tissue perfusion, extracellular 
matrix barriers, inflammation, and pathological 
remodeling can significantly restrict delivery in 
chronic or advanced disease states. Addressing 
these challenges will require coordinated efforts 
across academia, industry, and clinical partners. 
Academic researchers are well-positioned to 
uncover new biological mechanisms, identify 
receptors, characterize disease-specific cellular 
changes, and generate mechanistic datasets, while 
industry provides expertise in scalable delivery 
platforms, advanced nucleic acid chemistries, inte-
grating predictive models across portfolios, and 
navigating regulatory and clinical development. 
A key enabler of this precision-driven approach is 
access to high-quality, disease-specific biological 
data, particularly from clinical settings. Clinicians 
can play a pivotal role by facilitating access to 
patient-relevant data and helping contextual-
ize biological data within real disease settings. 
Patient-derived transcriptomic, proteomic, and 
histopathological data are crucial for understand-
ing alterations in cell type composition, receptor 
expression, and tissue architecture across organs 
and disease stages. These data are particularly 
significant because cellular targets and accessible 
receptors in diseased tissues often exhibit substan-
tial differences in both expression and accessibility 
through systemic circulation compared to those 
in healthy organs. Integrating clinically informed 
insights into AI- and ML-driven extrahepatic deliv-
ery models can markedly improve the selection of 
target receptors, ligands, and dosing strategies, 
thereby making bioconjugate-based therapies 
more precise, effective, and disease-specific. In 
addition, incorporating emerging safety and toxic-
ity data could improve the ability of these models to 
predict potential safety risks. Without this clinical 
perspective, delivery platforms risk being shaped 
by simplified biological models that do not fully 
capture the complexity of real disease.

If these scientific, clinical, and collaborative 
challenges can be overcome, AI-powered, machine 
learning–guided bioconjugates for nucleic acid 
delivery could become a predictive, effective, 
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and safe modular engineering platform. Such a 
shift would enable the rational design of delivery 
systems tailored to specific organs, cell types, 
and disease contexts, substantially expanding 
the extrahepatic therapeutic reach of nucleic 
acid–based medicines.
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