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Abstract

To design a lipid nanoparticle (LNP) that effectively delivers nucleic 
acids to a specific cell or tissue type, multiple lipid components and 
their relative proportions must be decided on from a large number of 
options. As there is an incomplete understanding of the relationship 
between the molecular composition of a delivery vehicle, its structure 
and its activity, the decision is made by screening many formulations. 
Emerging technologies have rapidly accelerated the generation 
of large LNP libraries and the testing of their physicochemical 
properties and behaviour in vitro and in vivo. These screening tools 
are being increasingly integrated within artificial intelligence-driven 
discovery systems, wherein data obtained from the characterization 
and biological testing of LNPs are fed into machine learning models. 
These models can provide non-obvious relationships between 
composition and physical or biological outputs, or predict entirely 
new lipid structures. In this Perspective, we discuss advancements 
in the automation and parallelization of chemical synthesis, particle 
formulation, characterization and pharmacological screening that 
have improved the throughput of generating and testing large libraries 
of LNPs for nucleic acid delivery. We notably highlight the short-term 
potential of coupling these high-throughput platforms with machine 
learning to accelerate the prediction of optimal nucleic acid LNPs for 
new therapeutic targets.
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biologically relevant models. Across the literature, inconsistencies 
in formulation and screening methods ultimately obscure concrete 
design rules. Furthermore, given the approximately billion atom scale 
of an LNP and the complex relationship between kinetic and thermody-
namic interactions during nucleation and subsequent particle stabili-
zation, physics-based in silico modelling strategies have remained too 
computationally demanding to narrow the potential design space of 
lipid structures that generate biologically effective LNPs12,13. Although 
large areas of unexplored chemical space still remain14–17, modular, 
parallelizable synthetic manifolds for new lipids have enabled the 
discovery of LNPs with preferable immunogenicity18, transfection 
efficiency across cell types of interest19,20, or biodistribution21,22.

In this Perspective, we highlight developments in the automated 
chemical synthesis of lipid components, high-throughput formulation 
of LNP libraries17,18, and the screening19 of these libraries, which have 
enabled the expanding use of machine learning (ML) approaches to 
relate LNP composition to behaviour in biological systems, and thus 
to predict new formulations (Fig. 1b). We discuss how these technolo-
gies both accelerate throughput and improve consistency across the 
many steps necessary to gather screening data on the biological per-
formance of LNPs. More consistency in the techniques used to for-
mulate and screen LNPs, combined with the sharing of data in public 

Introduction
Since the early 2000s, combinatorial synthesis and high-throughput 
screening have enabled the development of substantially more efficient 
and less toxic nonviral delivery systems for nucleic acid therapeutics1. 
Iterative screening and optimization of polymeric nanoparticles made 
from polyethylenimine2 and poly-β amino esters1,3,4 have helped reduce 
biological side effects. Ultimately, these polymers became a frame-
work for the ionizable lipid, a major component of lipid nanoparticles 
(LNPs)5,6. From these early advancements, LNPs have emerged as a 
clinically successful nucleic acid delivery method7 as demonstrated by 
patisiran8,9, a treatment for transthyretin-mediated amyloidosis, and 
by the Pfizer and Moderna SARS-CoV-2 vaccines10. As of August 2025, 
over 100 LNP-based therapeutics are currently in the clinical pipeline 
and over 170 studies are actively recruiting participants11 (ClinicalTrials.
gov search).

Given the complexity of the LNP as a multicomponent delivery 
vehicle, the screening pipeline generally comprises synthesis of new 
lipid components, formulation of LNPs with those components, then 
subsequent physicochemical characterization, in vitro testing and 
in vivo testing of lead candidates (Fig. 1a). Modifications to any one of 
the lipid components or their relative ratios, cargo, buffer conditions, 
or method of mixing can lead to distinct performances across different 
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Fig. 1 | Integrating automation and machine learning to accelerate LNP 
discovery. a, The canonical screening pathway for lipid nanoparticles (LNPs) 
relies on the progression of formulations through a funnel of screening 
techniques, from physicochemical to in vitro to in vivo screening, wherein 
candidates that do not meet a set of standards are eliminated. Automation is 
more widely applied to the measurement of physicochemical or ex vivo readouts, 
and it is often used to narrow the number of potential candidates for screening 
in vivo. Although the screening time required per sample to generate in vivo  
data is higher, the resultant data often provide more information about how  
the LNP will ultimately perform as a therapeutic. b, Automation can accelerate  

the collection of screening data, which can train machine learning models to 
reduce the size of future screening sets. An example of a closed-loop discovery 
system entails the synthesis and formulation of LNPs, which are tested in  
biological systems to generate data, iterating through experimental cycles to 
predict an optimally performing LNP candidate for some therapeutic function. 
Data gathered to train machine learning models are represented here using a  
t-distributed stochastic neighbour embedding (t-SNE) plot, a technique that 
maps high-dimensional data to a lower-dimensional map for visualization. 
Training is illustrated using a schematic neural-network architecture.
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repositories, could enable the development of LNP foundation models 
that predict new formulations for unmet, and potentially unrelated, 
therapeutic needs.

Size of the LNP design space
To understand the potential of ML models for LNP discovery, it is 
important to understand the size of the design space for any given 
formulation. When referring to a design space, what is understood is 
a representation of the entire possible set of lipid structures and their 
representative combinations. Given the constraint in resources, we can 
only traverse small representative sections of this design space, which 
is, for example, what is done in a ‘design of experiments’ approach23,24 
that typically relies on holding the stoichiometric ratio of certain lipid 
components fixed while varying across others to establish correlations 
across the data set. However, given the size of the design landscape, it 
is possible to spend considerable time screening without finding the 
optimal candidate.

Variability in lipid structure
The potential design space for an LNP is generally constrained to a com-
bination of four lipid components — the helper lipid, the steroid, the 
polyethylene glycol (PEG) lipid and the ionizable lipid — and a nucleic acid 
cargo25. Considering published lipids, if we conservatively estimate that 
there exist at least 105 ionizable lipids, 102 possible steroids26, 103 helper 
lipids and 103 PEG lipids, there already exist 1013 possible LNPs at a single 
compositional ratio27 (Fig. 2a). The function of each lipid defines its num-
ber of potential structures (Fig. 2b). Helper lipids are commonly phos-
pholipids that largely define LNP curvature28,29. Structural modifications 
include changes to fatty acid tail length and structure, and modification of 
headgroup polarity and size30. The steroid component contributes to the 
internal order of the other lipids. Although cholesterol is commonly used 
in LNP formulations, many other steroids have been tested given their 
variable effects on LNP stiffness31,32. PEG lipids are surface-presenting 
lipids that contribute to particle size, colloidal stability and circulation 
times33,34. Structural alterations to PEG length and lipophilic tail length 
markedly change the rate at which PEG desorbs from the LNP surface33. 
Finally, ionizable lipids promote escape of the nucleic acid from the endo-
some and have by far the greatest structural variability19,35. These lipids 
consist of an amine-modified ‘core’ and long lipophilic tails. Common 
structural motifs include piperazine head groups36–38, which react with 
epoxides18 or acrylates38,39 on lipophilic tails in one-pot syntheses.

Although greater theoretical structural variability might exist 
among these lipids, our approximation is based on contemporary 
literature, generating estimates on the number of possible structures 
by extrapolating from those already tested or those that could be 
conceived through slight structural modifications — such as changes in 
the number of carbons in each fatty acid tail. Assuming at least 102 com-
positional ratios of these lipids result in biological differences, there 
exist at least 1015 possible LNPs to screen (Fig. 2a). For each biological 
indication, the optimal formulation may change entirely. In terms of 
the nucleic acid cargo, there exist a massive number of potential func-
tional variants of each small interfering RNA40, mRNA25, circular RNA41, 
self-amplifying mRNA42 and gene-editing cargo43,44.

Biological implications of lipid structure
Changing the lipid structures or ratios within this design landscape 
leads to different outcomes both in and ex vivo. Large screening efforts 
varying composition and lipid structure have identified formulations 
capable of cell-specific delivery, as demonstrated in models for both ex 

vivo37,45 and in vivo T cell46 transfection with chimeric antigen receptor 
(CAR) mRNA. Although lipids often share structural motifs, these motifs 
do not indicate similarities in biological performance. For instance, 
although the ionizable lipids C12-200 and C14-494 both centrally fea-
ture piperazine moieties, LNPs incorporating these lipids function 
optimally for different applications, hepatic transfection35,47 and ex 
vivo CAR T cell transfection37,48, respectively (Table 1). Beyond the most 
structurally diverse lipid — the ionizable lipid — changes to the helper 
lipid modulate the efficiency of endosomal escape12,28. LNPs can be 
redirected to specific cell types or organs such as the lung20,32,49–51 or 
the spleen52 through the addition of permanently charged lipid com-
ponents. This strategy promotes extrahepatic tropism yet can result 
in additional toxicity53.

In vivo behaviour is particularly difficult to predict given the rela-
tionship between surface chemistry, topology and the recruitment 
of different biomolecular corona proteins54,55. As early as 30 s after 
entering the bloodstream56, a series of proteins will adsorb on the 
surface of LNPs, dynamically binding and interchanging based on 
charge and topology57,58. This protein corona can have marked effects 
on particle biodistribution49, transport mechanisms both intracel-
lularly and through the bloodstream57, cellular metabolism56 and 
immunogenicity59,60.

Thus far, deep learning models have been used to generate virtual 
lipid libraries based on experimentally validated synthetic pathways. 
Although some of these candidates have been screened in vitro to 
predict new ionizable lipid structures61, the biological performance of 
these lipids can vary, owing to differences in the structural features that 
are most relevant to function across cell types61,62. Thus, the generation 
of new lipids or prediction of formulations that perform better than 
existing standards for a given biological function probably requires 
training of the ML model on data collected from the specific biological 
system being studied, necessitating continued screening in vivo.

High-throughput synthesis and characterization  
of lipid libraries
The synthesis of new lipids is integral to the generation of new LNP 
formulations. Driven by growing interest in drug carriers, combinato-
rial chemistry has experienced a notable resurgence since the 2020s. 
This revival has led to innovations that have enabled the automation of 
synthesis and purification of new chemical compounds63. Pairing these 
high-throughput platforms with ML tools can help in creating a feedback 
loop64,65, wherein automated systems can generate products, analyse 
them and optimize reaction schemes with minimal human input66.

Synthetic schemes and methods
Although many potential structures for each chemical component 
of the LNP exist, the ionizable lipid is the most structurally diverse 
of all lipids19,23,37. From early development, ionizable lipids have been 
designed to be synthesized combinatorially. These modular combi-
natorial schemes use a weakly nucleophilic and ionizable amine core 
that reacts with a number of fatty acid-like ‘tail’ components bear-
ing an electrophilic head group4,6,38,67 in a single step, in one pot, and 
with minimal work-up47 (Fig. 3a). Thus, as chemical diversity scales 
multiplicatively with the number of each component, the ionizable 
lipid is the most readily applicable of all LNP components for automa-
tion of synthesis4,36,47. Typical examples of the head groups on these 
fatty acid-like tails include epoxides37,68 or enones38, reacting with the 
amine-functionalized cores in SN2-type38,39 or aza-Michael-type69,70 addi-
tions. These combinatorial libraries can then be formulated into LNPs 
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Fig. 2 | The size of the LNP design space. a, The potential combinations of 
lipid structures and compositions result in a massive space to consider when 
designing lipid nanoparticles (LNPs). Different areas of this design space (that is,  
different lipid structures and compositional ratios) will result in particles with  
meaningfully different behaviour in biological systems. b, Relative proportions  

of each lipid component with respect to the total number of structural combina
tions (left). Commonly varying substructures for each lipid type (right, top 
to bottom): ionizable lipid, helper lipid, polyethylene glycol (PEG) lipid and 
steroid. DMG-PEG 2000, 1,2-dimyristoyl-rac-glycero-3-methoxypolyethylene 
glycol-2000; DSPC, 1,2-distearoyl-sn-glycero-3-phosphocholine.
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wherein relative concentrations of each of the four components are 
typically initially fixed while varying the ionizable lipid, then screened 
en masse both in vitro and in vivo to identify lead candidates35,39,71,72.

Although both ionizable and other lipids have been previously 
synthesized without concern for their stereochemistry35,38,72, dif-
ferences in cellular uptake and response are seen with variation of 
stereochemistry73,74. For ionizable lipids generated using epoxide ring 
openings, the number of potential stereoisomers scales by 2n with the 
number of amines n in the core. Generating and purifying particular 
stereoisomers in these systems would probably require the addition 
of engineered enzymes75 or enantiospecific catalysts76, potentially 
requiring additional work-up steps.

Ionizable lipid synthetic schemes are widely amenable to exist-
ing platforms for high-throughput materials generation, such as 
plate-based liquid handlers, robotic chemists or automated modu-
lar flow cell schemes (Fig. 3b). Automated liquid handlers have been 
leveraged in some synthetic schemes, allowing them to synthesize 
libraries of hundreds of ionizable lipids70,77. Such liquid handlers can 
be further modified to process reactions in air-free conditions4,78. 
A plate automation strategy incorporating independently controllable 
light sources has also been used to synthesize large libraries of morpho-
lines and other N-heterocycles79, broadening the potential structural 
diversity of ionizable lipid cores. However, these plate-based synthetic 
strategies often lack the modularity required to incorporate in-line 

Table 1 | Examples of variations in lipid structure and overall LNP composition across validated formulations

Formulation name Ionizable lipid structure Lipid molar ratio Application
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DOPC, 1,2-dioleoyl-sn-glycero-3-phosphocholine; DMG-PEG, 1,2-dimyristoyl-rac-glycero-3-methoxypolyethylene glycol-2000; DOPE, 1,2-dioleoyl-sn-glycero-3-phosphoethanolamine;  
DSPC, 1,2-distearoyl-sn-glycero-3-phosphocholine; LNP, lipid nanoparticles; PEG, polyethylene glycol; PEG2000 PE, 1,2-dimyristoyl-sn-glycero-3-phosphoethanolamine-N-[methoxy(polyethylene 
glycol)-2000].
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characterization or purification, are poorly suited for handling volatile 
solvents, and are limited in their scalability (both in reaction volume 
and in number of parallel syntheses)80.

Mobile robotic chemists that handle laboratory equipment could 
alleviate some of the limitations of synthesis using plate robotics81,82. 
These robots can perform many of the same synthetic tasks that a 
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human can but, like a human, they are limited by large space require-
ments and throughput. Given these drawbacks, these robots have not 
been widely applied to the synthesis of new lipids. To reduce the neces-
sary operating footprint and increase synthetic throughput, robotic 
arms which interchange modular fluidic units have been developed66,83. 
These fluidic units allow for heating and cooling of reagents, as well as 
for in-line characterization and work-up, allowing synthesis to scale eas-
ily. Fluidic automation has been coupled with ML-based optimization 
schemes to assist with reagent acquisition, synthesis planning and tun-
ing of conditions such as temperature and reaction time66. Data from 
the downstream analysis of the synthetic products produced by these 
systems can be fed into ML-based feedforward optimization schemes, 
wherein output variables such as reaction yield and purity are used to 
dynamically adjust reaction conditions and to inform future related 
reactions66,82–86. Using dynamically optimized reaction conditions or 
synthesis planners, higher yield syntheses can be performed at lower 
cost87 and with lower environmental impact. Open-access resources 
such as ASKCOS have expanded the use of models already pretrained 
on these reaction outputs.

Given the relative simplicity of most ionizable lipid syntheses, 
these automated platforms can massively accelerate the rate at which 
new compounds can be synthesized. Standard off-the-shelf liquid han-
dlers may be able to perform thousands of two-component, single-step 
reactions per day. However, to access a broader chemical space, 
throughput drastically declines and the complexity of automation may 
increase with each additional reaction step necessary. Although there 
are still extensive swaths of chemical space in single-step, multicompo-
nent reactions that have yet to be explored14, an important advantage 
from the application of ML models to lipid synthesis is the genera-
tive prediction of lipids from previously unexplored design spaces, 
potentially involving more complicated synthetic strategies. More 
modular synthetic instrumentation, such as modular fluidic reactors66, 
could widen the accessible chemical space, but throughput would 
decrease drastically owing to a lack of parallelization. Furthermore, 
downstream screening processes such as particle formulation and 
screening are still probably rate limiting at their current throughput. 
Thus, developments in the application of automation to lipid synthesis 
should carefully consider the current balance between increasing lipid 
complexity and throughput, as well as downstream bottlenecks in the 
screening process.

Purification and characterization methods
Despite advances in the parallelization and automation of synthe-
sis, purification and characterization still challenge lipid generation 
throughput. Although protocols for the purification of some compo-
nents, such as steroids, are well established, the amphiphilic character 

of the ionizable lipid, PEG lipid and phospholipid can render these 
compounds difficult to purify at high throughput; for example, tradi-
tional purification techniques, such as column chromatography, are 
often inadequate, resulting in broad elution peaks comprising multiple 
species. Characterization of ionizable lipids in particular often requires 
careful buffer consideration and the addition of charge-stabilizing 
agents such as ammonium hydroxide69,72. In the automated modular 
flow example mentioned above, processes involving a greater number 
of processing steps may introduce substantially more complicated 
fluidic distribution systems, thus hindering throughput66.

Nonetheless, improvements to in-line characterization tech-
niques have assisted in the feedforward optimization of lipid syntheses 
(Fig. 3c). High-throughput liquid chromatography–mass spectrometry 
(LC–MS)88 has been used for the characterization of ionizable lipids 
using charged-aerosol detection (CAD), a high-sensitivity method of 
detecting compounds that lack a UV-detectable chromophore89,90. 
For example, CAD-based high-performance liquid chromatography 
(HPLC) has been applied towards the high-throughput analysis of lipids 
and lipid-like materials in large-scale lipidomic studies of plasma91. 
Emerging developments in high-throughput characterization include 
methods of incorporating HPLC data into feedforward decision-making 
schemes92. These systems have been coupled with automated nuclear 
magnetic resonance (NMR) set-ups93,94 for more thorough characteri-
zation. ML has been increasingly useful for the optimization both of 
reaction schemes to yield simpler purification66 and for automating 
structure identification from MS and NMR spectra95.

LNP formulation and characterization
Although techniques for the automated and parallelized synthesis of 
many lipids have existed since the early 2000s, a current limitation in 
the throughput of LNP screening is the controlled mixing of the organic 
phase solubilizing the lipids with an acidic, aqueous buffer bearing the 
nucleic acid cargo. Current efforts to improve the throughput of this 
mixing process to generate distinct LNP formulations focus on adapting 
existing automation, such as liquid handlers, to mix together organic 
and aqueous phases, developing new interfaces between mixing devices 
and many distinct fluidic inputs, or implementing parallelized archi-
tectures for the distribution of fewer fluidic inputs to generate many 
formulation outputs. New technologies must deliver not only improved 
throughput but also high batch-to-batch consistency and the ability to 
use the same mixing technique across all scales of clinical development.

High-throughput mixing methods
Even though individual lipid components can be generated at high 
throughput, these components must be combined in a nanopre-
cipitation reaction with a nucleic acid cargo to generate an LNP.  

Fig. 3 | Strategies for the automation of lipid synthesis. The combination of 
robotics and machine learning has facilitated a closed-loop system for chemical 
synthesis, wherein products can be generated and characterized to determine 
the optimal reaction conditions for a given reagent and to suggest new reagents 
for faster or higher-yield syntheses. a, Depiction of potential ionizable lipids 
as the outer product of ‘core’ structures and ‘tail’ structures. b, Examples of 
high-throughput lipid synthesis platforms, including automated plate synthesis 
and robotically enabled synthesis in flow. Certain automated plate interfaces 
are now capable of performing photocatalysed reactions (hν) or performing 
reactions in an air-free environment (−O2). Automation incorporating modular 
fluidic units can combine different reagents (R1 and R2) in flow under heat (Δ) or 

microwave to accelerate the rate of reaction. c, Workflow diagram of the closed-
loop optimization of ionizable lipid synthesis, wherein lipids are synthesized 
autonomously, characterized and featured for inclusion in a machine 
learning model. Automation facilitates the synthesis of different lipids with 
varying reaction parameters, such as temperature, solvent or catalysts, while 
optimizing for factors such as reaction yield or efficiency. This cycle continues 
until some output criterion, such as a certain yield, is sufficiently satisfied or 
optimized. Closed-loop automation coupled with machine learning enables 
the rapid optimization of the synthetic strategy to generate new potential lipid 
nanoparticle candidates.
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LNP nucleation typically involves nanoprecipitation of lipids in etha-
nol into a buffered aqueous countersolvent, wherein the ionizable 
lipid undergoes electrocomplexation with the cargo solubilized in the 

aqueous phase96. Nucleation that occurs at different Reynolds numbers 
(correlating to the laminarity or turbulence of a flow regime) results 
in LNPs with different internal structures97,98 and ultimately different 
downstream biological effects99,100.

The most common mixing methods used for the high-throughput 
formulation of LNPs include bulk precipitation101, turbulent mixing102,103 
and chaotic advective microfluidic mixing104,105 (Fig. 4a). Bulk pre-
cipitation, typically seen in pipette mixing, can generate LNPs at high 
throughput using automated liquid handlers101,106,107, but mixing is 
intrinsically heterogeneous and inefficient, resulting in batch-to-batch 
variations in nanoparticle physicochemical properties99,101,108. Tur-
bulent mixers such as confined impinging jet mixers have been used 
far more widely at high volumes in polymeric and lipid nanoparticle 
applications, and are often capable of achieving mixing times below 
one millisecond109. However, turbulent mixers are generally difficult to 
use at low volumes110, and thus suboptimal for generating large librar-
ies of particles owing to material limitations (Fig. 4a). Furthermore, 
intrinsic nonlinearities and flow rate variance in scaling turbulent flow 
result in the unpredictability of local flow conditions, meaning that 
though mixing is occurring rapidly across the entire solution, mixing 
is not necessarily even throughout111.

As the mixing environment has an important effect on the phys-
icochemical and ultimately biological properties of LNPs, an ideal LNP 
formulation system would allow for identical local mixing conditions at 
every step of the drug development process, from discovery to batch 
scale107 (Fig. 4b). Particles across the device should ‘experience’ the 
same mixing conditions at all the flow rates necessary for develop-
ment, as a particle produced differently at the discovery and scale 
up phases may behave differently in a biological setting. For scale-up 
of LNP production in industrial settings, flash nanoprecipitation112,  
a formulation method involving highly turbulent mixing, is widely 
used for its design simplicity and robustness to continuous processing. 
However, turbulent mixing techniques often change total flow rates 
through the mixer dependent on the amount of formulation being 
made, thus resulting in potentially different local mixing conditions for 
different particle batch sizes. Liquid handlers could theoretically scale 
to higher volumes by parallelizing the mixing across multiple wells, 
but they suffer from the same variabilities experienced in turbulent 
mixing regimes. Additionally, scaling to higher volumes using liquid 
handlers requires the use of different pipettes, therefore different 
geometries and thus mixing environments, to operate effectively 
across all scales of development. Microfluidic mixing techniques are 
capable of generating LNPs in quantities relevant for small animal 
testing18,68. When this mixing architecture is parallelized on the same 
device, the production volumes required for larger animal studies and 
human-scale applications can be met104,105. Thus, microfluidic mixing is 
the only scale-invariant technique of those mentioned here.

Microfluidic mixing techniques offer high batch-to-batch consist-
ency, but they are often fairly low throughput owing to inherent flow 
rate limitations through micrometre-scale devices and challenges in 
rapidly interfacing many distinct solutions through the same device113 
(Fig. 4c). A number of microfluidic mixing devices have been used to 
generate LNPs114–118. These devices often result in thorough mixing, 
but their performance tends to decline at higher flow rates required 
for clinical-scale particle production119; typical operating flow rates 
for bifurcating mixers range from 0.6 ml min−1 (ref. 97) to 20 ml min−1 
(NxGen technology at Cytiva), which are flow rates sufficient for gener-
ating enough material at discovery to early preclinical scales. However, 
to generate diverse LNP formulations, fluidic inputs bearing different 
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lipids must serially interface with the same mixing device to generate 
new products. To improve throughput, scaffolds have been developed 
for connecting multiple fluidic inputs to the same chip113 and input 
delivery and output collection have been automated120. Some schemes 
for microfluidic automation exist, producing LNP formulations on the 
order of ten formulations per hour (Unchained Labs Sunscreen), yet 
this technology does not currently allow for generation and screening 
of multiple nanoparticle formulations at the rate of an automated liquid 
handler. An emerging automated, microfluidic platform using paral-
lelized delivery of single fluidic inputs but at different stoichiometric 
ratios to many independent mixing units has scaled in throughput 
beyond that of automated liquid handlers, to a throughput of around 
one distinct LNP formulation every 3 s, while delivering the precision 
mixing capabilities of microfluidics121.

Emerging and future work to accelerate formulation rates should 
include additional means of monitoring the mixing process, enabling 
the engineering of highly consistent, scalable mixing devices wherein 
distinct lipid and nucleic acid inputs can be automatically interfaced 
with a mixing device and many different stoichiometric ratios can be 
formulated simultaneously.

High-throughput characterization
High-throughput LNP generation demands matching throughput in 
characterization to determine whether each batch of formulation falls 
within a set of standards of quality. Metrics to evaluate formulated 
products include particle size and polydispersity122. Most commonly, 
dynamic light scattering or optical tracking methods are used for deter-
mining LNP size. For example, a technology similar to nanoparticle 
tracking analysis but performed in-line on a microfluidic chip has been 
developed123. It is also important to determine the relative encapsu-
lation of nucleic acid in the nanoparticle, most commonly through 
fluorescence assays such as the RiboGreen. Parts of the assay have been 
automated (Unchained Labs Sunscreen and Unchained Labs Stunner), 
yet separate robotic units are required for formulation and dialysis, 
requiring transfer between each.

Although size and encapsulation efficiency are useful metrics, 
advanced characterization techniques are also needed to further probe 
core structure, some of which have been adapted for high-throughput 
characterization. By coupling liquid handlers with a beamline, 
high-throughput small angle X-ray scattering (SAXS)106 has been per-
formed on a library of LNPs, providing data about lipid packing, core 
density and core phase in an automated manner at a throughput of 
around one formulation per minute. To enable in-line formulation, 
processing and characterization, additional workflows have integrated 
SAXS directly after asymmetric field flow fractionation (AF4) — a com-
monly used downstream processing step for LNPs to remove excess 
organic solvent124. However, the generally slow throughput of AF4 
combined with the complexity of SAXS data means that the latency 
between LNP formulation and analysis can be up to 40 min.

Although characterization techniques to confirm the structure 
and determine the purity of individual lipid components have been 
largely adapted from existing workflows, analysing the compositional 
ratios of LNP at the single-particle level remains a challenge. Single 
LNPs provide insufficient signal for standard chemical characteri-
zation techniques such as HPLC or NMR. To address this, microflu-
idic platforms have been used for in-line optical detection, allowing 
high-throughput assessment of size, relative composition and number 
of RNA per LNP125,126. In these workflows, fluorescently labelled lipid 
and cargo components are separated in a micrometre scale capillary 

and analysed with fluorescent coincidence detection at a through-
put of 3,000–5,000 events per minute. Additionally, solution-phase 
Raman analysis has allowed for high-throughput quantification of 
relative lipid amounts127 and quantification of particle surface ligand 
in antibody-coated LNPs (SPARTA analysis of LNPs). To move beyond 
labelled approaches, mass spectrometry has emerged has an alter-
native method to determine the number of mRNA per particle128,129. 
At the bulk scale, compositional distributions across entire LNP formu-
lations have been assessed using HPLC coupled with charged aerosol 
detection130.

Although few feedforward ML-driven optimization schemes  
exist131, data-driven analyses of the relation between lipid ratios and 
physicochemical properties have been perfomed61,62,132. Autonomous 
systems wherein the output of a system continuously informs input 
conditions have been widely adopted in applications from chemical 
synthesis84 to inorganic materials generation133 and droplet micro-
fluidics134. Rapid in-line characterization techniques may be used in 
the future to optimize physical conditions, such as total flow rate, 
or chemical conditions, such as the selection and combination of 
lipid components, for the production of LNPs with a desired set of 
properties. Currently, no physicochemical characterization method 
provides the same depth of insight into LNP performance as those 
available in analogous fields such as inorganic materials synthesis, 
wherein diffraction-based methods have enabled closed-loop discov-
ery of new materials135–137. However, larger studies involving advanced 
solution-based characterization methods combined with ML-driven 
data analysis may elucidate design rules relating LNP performance in 
biological systems to formulation input parameters, presenting a path 
forward for closed-loop LNP optimization.

In vitro and in vivo characterization
In vitro and in vivo screening data correlate most strongly with the 
therapeutic success of an LNP and, thus, provide the most relevant 
data for training ML models. In vitro metrics include toxicity against 
a particular cell type138, transfection or expression efficiency139–142 
(Unchained Labs Sunscreen), rate of transcytosis143, identity of protein 
corona54,144, and rate of cell association122 (NxGen technology). Although 
there is only a minimal correlation between in vitro and in vivo perfor-
mance, in vitro metrics can help to narrow the potential design space 
to be tested in animal models, by identifying which particles have little 
to no capacity for transfection24. Methods for screening formulated 
particles in a pooled fashion, such as LNP barcoding, have drastically 
accelerated the throughput of in vivo assays (Fig. 5a).

High-throughput in vitro assays
The most general paradigm for scaling the throughput of in vitro 
assays involves the automation of liquid handling using plate robot-
ics, flow-based assays, or optical techniques. For example, one com-
mon early-stage screen involves the quantification of a luminescence 
reporter — a proxy for relative LNP transfection — using automated 
reagent and plate handling145. Plate automation can also be used in 
flow-based assays to interchange samples for high-resolution in vitro 
analysis of LNP effects. Highly multiplexed flow cytometry has been 
leveraged to obtain time-resolved single-cell measurements of LNP 
transfection141. Mass cytometry can multiplex detection of mRNA 
transcripts and proteins within single cells to identify transcriptomic 
alterations brought about by LNP transfection139,146. Optical methods 
have also been used for single-cell measurements147. For example, 
confocal microscopy has been used to quantify fluorescent protein 
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products expressed from nucleic acid cargo (or fluorescent dyes), 
assess the relative transfection efficiency of single cells148, evaluate 
cytotoxicity149, or image potential membrane damage138,140. For the 
use of ex vivo cell engineering, as in the case of CAR T cells or natural 
killer cells150, these higher-throughput readouts are immediately appli-
cable for identifying top-performing formulations. In the screening 
process for the discovery of in vivo therapeutics, in vitro assays are 
used largely to eliminate potential LNP formulations on the grounds 
of poor transfection efficiency. However, improving the throughput 
of higher resolution in vitro assays may provide new or supplementary 
information which can help to prevent against the inclusion of false 
positives or negatives in later animal model screens.

LNP barcoding for high-throughput in vivo analysis
Since the early 2020s, LNP barcoding has been increasingly leveraged 
to enable the simultaneous testing of multiple formulations in the same 
animal151,152. LNP barcodes primarily consist of DNA151, mRNA153, protein 
products from RNA transcripts154 or distinct molecules155,156 (Fig. 5b,c). 
By leveraging next-generation sequencing and bioinformatic tools, 
nucleic acid barcoding of LNPs enables the assessment of biodistri-
bution and translational efficiency of individual LNPs within a pool 
(Fig. 5c). Each ‘barcode’ is a nucleic acid sequence that can be isolated 

from genomic DNA151. Together with a unique molecular identifier, 
these sequences can be demultiplexed, and their relative abundance in 
different cell and tissue types can be quantitated151,153. Barcode analysis 
has been used to study LNP tropism151,157 — the relative accumulation 
of LNPs in different organ types — along with cellular association and 
uptake within different organs158,159, cellular internalization pathways, 
and has even been combined with single-cell RNA sequencing to obtain 
multi-omics readouts from individual cells158,160. Among nucleic acid 
barcodes, DNA barcodes were the first to be used to screen pooled 
LNPs151. In this approach, part of the therapeutic cargo is replaced with a 
DNA barcode, allowing many different barcodes to be used across LNPs 
carrying identical therapeutic cargo. RNA barcodes offer comparable 
multiplexing capability and readout resolution, but they generally have 
shorter half-lives than DNA barcodes (Fig. 5c). Structural and chemical 
modifications can be made to mRNA to prolong its half-life, but the 
biological implications of these modifications have not been widely 
assayed across cell types161. Although DNA barcodes are more stable 
and can be more easily interchanged than RNA barcodes151, the inclusion 
of a DNA barcode within LNPs already carrying RNA as the therapeutic 
cargo may result in physicochemical differences to the LNP, potentially 
altering biological data for a given formulation153. Peptide barcodes 
provide an additional level of detail from RNA barcodes in that they 
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identify not only relative accumulation of a nucleic acid but its relative 
activity within a given population154. However, because the primary 
readout of peptide barcodes involves tandem mass spectrometry, 
achieving resolution beyond the tissue scale remains low through-
put owing to the time-consuming steps of cell lysis and transfer into 
the MS inlet. Finally, small molecules have been increasingly used as 
barcodes for nanoparticles155,156. Although the theoretical structural 
landscape and, thus, potential number of small-molecule barcodes are 
massive, these species must often be detectable either optically — thus 
suffering from spectral overlap162 — or by using analytical techniques 
such as tandem mass spectrometry or gas chromatography–mass 
spectrometry, wherein they are often difficult to distinguish from the 
molecular background signal of the cell and have a high limit of detec-
tion relative to nucleic acids155. Strategies incorporating chemically 
distinct aryl-halide-based compounds called halocodes155 show low to 
mid-nanomolar limits of detection; however, the ability to multiplex 
beyond around ten samples has yet to be shown.

Thus far, the number of barcoded LNPs tested per animal experi-
mentally falls short of the theoretical limit dictated by the information 
density of the barcode. Although an eight-nucleotide sequence can 
generate 48 = 65,536 unique barcodes, LNP barcoding experiments have 
only screened on the order of 102 barcodes per animal163,164. Although 
error prevention techniques, such as differentiating barcode sequences 
at multiple positions, reduce the number of usable barcodes165, the 
practical number of barcoded particles used at any one time is prob-
ably further limited by physicochemical disparities between particles, 
which may cause interparticle interactions or ‘drug–drug’ interactions 
in vivo. Additionally, limitations in the throughput of other parts of the 
LNP formulation process are prohibitive to the screening of greater 
numbers of barcoded LNPs at a single time.

Largely as a result of this scalability and the ubiquity of 
next-generation sequencing, nucleic acid barcoding has been the 
most widely used form of parallelized in vivo screening for LNPs. None-
theless, as mass spectrometry or imaging-based readouts improve 
in throughput, the scalability of techniques such as peptide barcod-
ing, which would provide more resolution in terms not only of LNP 
localization but of cargo translation, or chemical barcoding, wherein 
intracellular localization could be visualized, may improve.

Ultimately, because in vivo and in vitro environments fundamen-
tally differ, in vitro data — such as transfection or cytotoxicity — are 
limited in their capacity to serve as training data for ML models used 
to predict in vivo LNP behaviour. Although this lack of correlation is 
well profiled, ML models capable of integrating highly multimodal 
data sets166 could undergo multiple rounds of fine tuning, first on 
large (>103–104 samples) in vitro data sets, upstream of smaller in vivo 
data sets. As seen in an active learning approach131, multiple rounds of 
in vitro screening could be used to iteratively improve the predictive 
capacity of the model before moving to in vivo testing. As the automa-
tion and parallelization of LNP formulation improve, these approaches 
could be more increasingly leveraged to minimize resource and  
time costs.

Outlook
High-throughput screening has substantially accelerated the develop-
ment of LNPs for a broadening set of therapeutic indications. These 
advancements have been enabled by recent advances increasing screen-
ing throughput, despite the many complex processes involved from 
lipid synthesis to in vivo testing. As more advanced characterization 
techniques are developed, the data sets generated by LNP screens are 

becoming increasingly large and multifactorial, rendering computa-
tional tools more useful in understanding how the inputs for a given 
formulation — that is, the different lipid structures, the ratio of lipids, 
and the mixing method — alter its biological effects.

ML models are now being leveraged in the discovery of new LNP 
formulations. Model architectures such as support vector machines, 
random forests or gradient boosting, trained on relatively small train-
ing data sets (tens to hundreds of samples) of largely physicochemical 
and in vitro data, have been used to predict the transfection efficiency 
of new formulations, as shown across the polymeric nanoparticle167–169 
and increasingly the LNP literature14,61,62. These applications demon-
strate the success of these models in predicting some output variable 
such as transfection efficiency across a small number of input features —  
for example, compositional variables such as phospholipid-to-PEG 
ratio, and the type of phospholipid/sterol used. Explanatory frame-
works such as Shapley additive explanations are further able to decon-
volute the relevance of distinct features as they relate to biological 
performance such as transfection efficiency61,62.

Increasingly, far more data-intensive neural network-based 
models61,131,166 have been used to predict entirely new ionizable lipid 
structures. These models reference embed lipid structure as some 
high-dimensional representation, commonly a graph, which is cou-
pled to some experimental output such as transfection efficiency, to 
fine-tune an existing neural network which has been trained on millions 
of virtual chemical compounds. Thus far, in the LNP space, ML models 
pretrained on physicochemical and in vitro data from hundreds to 
thousands of samples have been used to fine-tune these models to 
ultimately generate new ionizable lipid structures61,131,169. These models 
have either leveraged large existing data sets or been used to develop 
new automation to generate and screen sample sizes large enough to 
fine-tune neural networks largely pretrained on existing graph-based 
molecular descriptors. In future iterations, these models might be able 
to suggest new lipid structures and their relative ratios might be able 
to generate an LNP with a particular function in vivo37,154.

Ultimately, developing models for the function-led generative 
design of LNPs using neural networks would require the generation 
of large libraries of sufficient size, at least thousands of samples each, 
to be tested across multiple relevant biological models166,170,171. Given 
the inherent inconsistency of most biological data in comparison to 
physicochemical data, future predictive models will probably require 
larger data sets than are currently generated in single studies. Although 
discrepancies in the methods used to generate a data set will always 
exist, the number of different factors — lipid purity, mixing method and 
post-formulation processing, to name a few — that can confound bio-
logical performance is drastically higher in LNPs than in small-molecule 
development, wherein ML models have successfully improved drug 
performance172,173. Moving towards the generation of open-source 
predictive frameworks that, for a given biological function, can suggest 
lipids and their relative ratios for an LNP formulation would require 
both that data be generated in a more standardized fashion and that 
source data be made more widely available. Examples of such stand-
ardized databases in formats ready for use in learning applications are 
present in the polymer literature174,175. Such collaborative initiatives 
would incentivize the development of better standardized methods 
of synthesis, characterization, formulation and screening to generate 
publicly available data sets for future LNP discovery. Resources for ML 
implementation in nanoparticle and biomaterials applications13,176,177 
can assist in the cleaning and encoding of these data. Finally, as automa-
tion for LNP synthesis and formulation improves and becomes more 
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widely available, the use of such methods may further streamline the 
process of experimental standardization.

As of now, the LNP design space must be screened for each distinct 
biological application. For example, the optimal LNP for lung gene 
editing44,50,178 is entirely distinct from the optimal LNP for in vivo deliv-
ery to macrophages or monocytes68,179. Nonetheless, advancements in 
the automation of lipid synthesis and LNP formulation will decrease the 
timescale necessary to perform these screens. Ultimately, consistently 
generated, publicly available data may be used to train models through 
multi-objective learning, which might be trained on transfection effi-
ciency, tissue tropism or even more detailed multi-omics readouts 
to generate a ‘foundation model’ that can best predict LNPs for a par-
ticular desired biological response. These generative models, which 
might suggest new lipid structures or stoichiometries, could be heavily 
weighted to suggest lipids that are chemically distinct from previous 
lipids, while simultaneously assigning high weight to their ‘synthesiz-
ability’, potentially by integrating existing software to suggest reagents 
and possible synthetic strategies.

Although each therapeutic or prophylactic indication requires 
different biological properties from a delivery vehicle, the use of ML 
models for the prediction of new LNP formulations substantially nar-
rows the potential design space for a given application, drastically 
shortening the discovery and early development process for each drug. 
Combining automation with these computational tools will enable 
the development of LNPs for a broad set of unmet clinical needs and 
enable a much more rapid response to emerging infectious diseases 
in the future.
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