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Reshaping Protein-Based Nanoparticles: Innovative
Artificial Intelligence-Driven Strategies for Structural

Design and Applications

Mohammad Mahmoudi Gomari, Mehdi Alidadi, Neda Rostami, and Sidi A. Bencherif*

Nanoparticles (NPs) have become a pivotal technology in biomedical research due
to their unique physicochemical properties and nanoscale size, allowing for targeted
applications. Among NP materials, proteins and their derivatives stand out for their
biocompatibility, engineering flexibility, and inherent biological functions, making
them especially attractive for NP design. However, the structural and biochemical
complexity of proteins has historically presented challenges in NP development.
Recent advancements in artificial intelligence (Al) have transformed this field. Neural
network models such as AlphaFold, ProteinMPNN, and RoseTTAFold, along with
protein language models like evolutionary scale modeling, enable the design of
protein-based NPs (PNPs) with diverse symmetries, shapes, and functionalities.
These Al-driven approaches address traditional limitations, unlocking new possi-
bilities in nanomedicine. This review explores the transformative role of Al in PNP
design, emphasizing its potential to broaden applications, solve challenges, and
drive innovative solutions in biotechnology and medical research.

and enhance their physicochemical proper-
ties.””) NPs range in size from 1 to 1000 nm,
but those smaller than 100nm are com-
monly utilized in medicine for research in
drug delivery, imaging, and tissue engi-
neering. NPs can be used a vehicle to trans-
port various types of molecules such as
nucleic acid derivatives, protein derivatives,
and drug molecules, through surface attach-
ment or encapsulation. These constructs
prevent degradation and rapid clearance
of therapeutics, improve biodistribution
and solubility, and increase compound con-
centrations in target tissues, resulting in
enhanced effectiveness.

Materials for NP fabrication range from
synthetic to natural sources, with proteins

1. Introduction

The use of nanoparticles (NPs) dates back centuries, with our
ancestors incorporating these particles into artworks and everyday
life. However, modern nanotechnology was first introduced by
Richard Feynman in 1959." Since then, the applications of
NPs have expanded across various fields of science, including
medicine, prompting numerous efforts to facilitate NP design

offering particular advantages. Their mod-

ular structure, biodegradability, and low

toxicity make proteins ideal for NP design.
They are easier to manufacture than other colloidal carriers and
can be produced through eco-friendly processes without toxic
chemicals. PNPs can enhance drug delivery efficiency by control-
ling size, shape, and surface charge, making them a promising
alternative to synthetic polymers.™* This type of NPs can be used
for different purposes (Figure 1). Their versatility allows for the
design of PNPs with specific functionalities, such as targeting
cells, responding to environmental cues, and enabling controlled
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Figure 1. Design strategies and diverse applications of PNPs. One application of PNPs is the design of Ab NPs with specific shapes and conforma-
tions. a—f) The design and characterization of a pH-responsive Ab NPs. These PNPs can encapsulate proteins, nucleic acids, and drugs; target specific
cells through Ab-mediated mechanisms; and undergo controlled disassembly in acidic environments (pH 5.9-6.7). Reproduced (Adapted)
with permission.’! Copyright 2024, Springer Nature.g—i) Another application of PNPs is the development of multivalent antigens. Compared to
conventional vaccines, these constructs can elicit a more robust immune response. Reproduced (Adapted) with permission.'”! Copyright 2019,
Elsevier. j,k) Bottom-up and top-down strategies. In bottom-up approaches, Al technologies are used to design monomers, predict structures,
and optimize interface residues to create PNPs with specific symmetries. Conversely, top-down strategies utilize Al models to define the desired
symmetry and design subunits for assembly.
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therapeutic release. Additionally, proteins offer numerous bind-
ing sites and can fold into complex structures, facilitating the
incorporation of various active compounds.”!

Despite their many advantages, PNPs face several challenges in
their development and clinical translation, particularly in control-
ling immunogenicity, which can hinder therapeutic efficacy.
Strategies like modifying surface glycosylation or using polyethyl-
ene glycol (PEG) aim to reduce immune responses, but issues
such as the presence of anti-PEG antibodies (Abs) persist.®!
Additionally, translating in vitro success to invivo results is diffi-
cult due to biological barriers and degradation. Manufacturing
PNPs with precision and consistency for clinical use also presents
significant hurdles.”) Nevertheless, the future of PNPs in nanome-
dicine is promising. Advances in protein engineering, computa-
tional biology, and analytical techniques are leading to more
effective PNPs. As researchers refine design and manufacturing
processes, PNPs hold significant potential for revolutionizing tar-
geted drug delivery and other therapies.

Innovative strategies, including artificial intelligence (AI)
approaches, will be crucial for overcoming current obstacles
and realizing the full potential of PNPs in clinical settings.[>'”!
Over the past decade, knowledge about the structure and sequence
co-evolution of proteins has significantly increased. This advance-
ment has made protein design more feasible than ever,
particularly through Al strategies.'''? Current AI approaches
to designing self-assembling protein-based NPs (PNPs) include
top-down and bottom-up design (Figure 1jk). Al systems are
poised to have a significant impact on addressing the challenges
of existing methods for self-assembling PNPs. Developed Al-
based algorithms for working with biomolecules like proteins
enable the design of PNPs with tetrahedral, octahedral, and icosa-
hedral symmetry. This review examines the current advancements
in AI for PNP design in nanomedicine, along with the exciting
opportunities and challenges that lie ahead.

2. Language Models Offer Fast and Efficient
Solutions

Given the importance of proteins in cellular function and their
role as well-known therapeutic candidates for various diseases,
many Al models have been developed to predict their structure
and function, as well as to design new scaffolds for these biomo-
lecules. On such type of Al model used for working with proteins
is protein language models (PLMs). Many PLM-based tools have
been developed, including OmegaFold,"*! SPIRED,"* and evo-
lutionary scale modeling (ESM)."” Among these, ESM has
gained particular attention for its application to multi-subunit
protein structures.”> ESM-2, a powerful LM trained on millions
of protein sequences, significantly advances protein structure
prediction. Using masked LM, ESM-2 correlates perplexity with
contact map and structure prediction accuracy. Its structure pre-
diction machine, ESM-Fold (Figure 2a), achieves speeds up to 60
times faster than conventional methods and excels in predicting
multi-subunit protein structures, which are critical for PNPs.
ESM-Fold enables direct, multiple sequence alignment (MSA)-
free structure prediction, achieving high confidence for over
225 million structures out of 617 million analyzed metagenomic
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proteins, thus offering unprecedented speed and accuracy in
protein research.!'®

Another PLM is ESM-3, a large-scale multimodal generative
LM model capable of reasoning about protein behavior.
Researchers have demonstrated that ESM-3 can generate func-
tional proteins significantly different from known natural ones.
The model uses discrete tokens to represent protein sequences,
structures, and functions, enabling it to explore diverse protein
designs. Notably, ESM-3 successfully generated a novel fluores-
cent protein called esmGFP, illustrating its ability to generate
functional proteins in previously unexplored regions of protein
space. This achievement represents a level of protein design that
would otherwise require hundreds of millions of years of natural
evolution.””! Additionally, since ESM-3 can decode multimers, it
shows potential for handling PNPs. However, further studies are
required to validate its applicability in this area.

One of the remarkable capabilities of LMs is their application in
inverse protein folding. ESM-IF1 is one such model designed for
protein inverse folding and protein design. It is a sequence-to-
sequence transformer model equipped with invariant geometric
input processing layers. The model was trained using both
experimental and predicted structures. When evaluated on tasks
such as fixed-backbone design, protein complex design, and par-
tially masked structure prediction, ESM-IF1 demonstrated high
sequence recovery, showcasing its effectiveness.!"® Given the abun-
dance of natural PNPs, including viruses, ferritin, and encapsulins,
inverse folding presents an exciting avenue for designing novel
PNPs. This method involves generating new protein sequences that
can fold into scaffolds resembling these naturally occurring pro-
teins. It holds promise for both bottom-up and top-down PNP
design strategies; however, extensive evaluations are necessary to
confirm its potential in these applications.

A key limitation of ESM models is their restriction to natural
amino acids, which excludes proteins that interact with small
molecules. To address this, Zheng et al. developed ESM all-
atom (ESM-AA), a model pretrained on multiscale code-switch
sequences. Using multiscale position encoding, ESM-AA maps
residue-atom relationships by unzipping protein residues into
their constituent atoms and assigning coordinates, thereby
enabling the analysis of functionalized proteins. This advance-
ment is particularly significant for the design and modification
of PNPs, as it enhances their stability and functionality.*” ESM-
AA opens new possibilities for creating advanced PNP carriers
and tailoring their surfaces to improve performance in biomedi-
cal and nanotechnology applications. Although ESMs®!! and
other LM-based algorithms, such as PLMGraph-Inter,'*! have
been implemented for various protein types, including multi-
mers, they have not yet been applied to PNPs. Exploring the
potential of these models for PNP design in the future could
be both promising and essential.

3. NN Models Present a Precise Solution

The main advantage of PLMs, such as the ESM models, is their
high computational speed as they typically bypass the need for
MSAs in structure prediction. In contrast, when working on
protein structures using neural network (NN) models like
RF2,*2 RF All-Atom,*! and AF3,** along with their derivatives
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Figure 2. Architecture of selected LMs and their comparison with NN models. a) The architecture of ESM-Fold, an end-to-end protein structure predictor
built on ESM-2, featuring folding blocks and recycling steps to enhance prediction accuracy. Reproduced (Adapted) with permission.'® Copyright 2023,
AAAS. b) The architecture of PLMGraph-Inter, a LM designed for analyzing protein-protein interactions. Reproduced (Adapted) with permission.'!
Copyright 2023, elLife. Finally, c) compares NNs and LMs. NNs rely on an input MSA file and optional templates to predict the structure of multichain
proteins. In contrast, LMs predict structures directly from input sequences, largely eliminating the reliance on MSAs and templates. While LMs offer faster

predictions, NNs generally produce structures of higher quality.

such as ColabFold,®' an MSA file is necessary. A structural
template can optionally be used to further improve the perfor-
mance of these models. Although NN models are slower com-
pared to LMs, they excel in terms of quality.”**”) RoseTTAFold
(RF) and AlphaFold (AF) models consistently achieve high scores
in the critical assessment of protein structure prediction (CASP)
competition and demonstrate significant efficiency in research
applications. As a result, many advanced tools for protein structure
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prediction and design are built on these architectures. Examples
include AfDesign,® ProteinMPNN, and RFdiffusion, which
exemplify this trend (Figure 3c).”"

Traditional score function-based methods have been widely
used to predict protein-protein interactions in self-assembling
NPs, significantly improving design speed and efficiency.**~*°)
However, these methods face limitations, including high compu-
tational demands, a restricted design space, and challenges
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Figure 3. NN architectures for protein structure prediction and design. a) The architecture of AF2, one of the most widely used NN models for protein
structure prediction. Reproduced (Adapted) with permission.*® Copyright 2021, Springer Nature. b) The protein multimeric protein NN (ProteinMPNN)
architecture, an NN-based model designed to optimize protein sequences. Reproduced (Adapted) with permission.?"! Copyright 2022, AAAS. Finally,
c) highlights the RFdiffusion architecture, an algorithm specifically developed for designing and generating novel proteins with desired rearrangements.
Reproduced (Adapted) with permission.’?! Copyright 2023, Springer Nature.

associated with certain symmetries. NNs, such as ProteinMPNN,  sequence recovery rate of 52.4%, which outperforms traditional
address these issues by enabling the design of protein sequences ~ methods like Rosetta (32.9%). ProteinMPNN excels in design-
with desired folding properties. ProteinMPNN employs a mes-  ing sequences for a variety of protein structures, including mono-
sage-passing NN architecture that leverages features like inter-  mers, oligomers, and protein—protein interfaces, with recovery
atomic distances and random decoding orders, achieving a  rates of 52% for monomers, 55% for homomers, and 51% for
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heteromers. In nanomaterials, ProteinMPNN has successfully
designed tetrahedral NP backbones and protein assemblies critical
for applications such as structure-based vaccine design. These
designs demonstrated high success rates in forming stable assem-
blies, outperforming manual and traditional computational
approaches. The integration of ProteinMPNN and AF2 further
enhanced the design process. While AF2 is known for its accurate
structure predictions based on sequences with co-evolutionary
information, it struggles with single sequences. However, sequen-
ces generated by ProteinMPNN were more confidently predicted
by AF2 to adopt the target structures than native sequences. This
synergy enabled iterative validation and refinement, ensuring sta-
ble and properly folded proteins. Together, ProteinMPNN and
AF2 constitute a powerful toolkit for designing PNPs with broad
applications in biotechnology and medicine.l*"

In a study investigating the role of structural flexibility in the
assembly of computationally designed PNPs, researchers found
that while most designs assembled as intended, some deviated
from the target models. Detailed characterization of these cases,
using AF2 and Rosetta software, revealed that flexibility within
the protein building blocks contributed to the formation of
alternative architectures. These findings suggest that controlled
flexibility, rather than rigid symmetry, may be essential for
designing adaptable protein assemblies. This approach opens
new possibilities for creating custom nanomaterials, such as
those used for cargo encapsulation, by exploring quasisymmetric
architectures that were previously inaccessible through conven-
tional methods. This integration of Al-based techniques further
enhances these capabilities.>®

A recent study highlighted significant advancements in pro-
tein design, particularly in creating multimeric protein cages
for applications in nanotechnology, biotechnology, and medi-
cine (Figure 4). A major challenge in this field is designing sta-
ble subunit interfaces, which was addressed by integrating AF2
and ProteinMPNN. AF2 was employed to predict accurate struc-
tural models of individual subunits, which were then docked to
identify potential interfaces. ProteinMPNN was used to explore
sequence space and design sequences that reliably folded into
the desired structures, enabling the creation of novel proteins
with improved structural and functional properties. The
method achieved a native sequence recovery rate of at least
45%, and 16% of the designs successfully formed complete
assemblies, as verified by transmission electron microscopy.
The study highlighted the superiority of Al-driven approaches
over traditional methods, emphasizing the importance of
backbone flexibility during the design process. This flexibility
was especially critical for facilitating interactions involving non-
helical motifs, thereby broadening the range of achievable
designs.l*”!

In a study conducted by Bethel et al. nanofibers were created
from extendable proteins (helical repeat proteins). The researchers
presented a systematic approach to designing modular repeat pro-
tein oligomers with coincident cyclic (C2 to C8) and superhelical
symmetry axes. The process involves generating repeat protein
monomers using Rosetta’s fragment assembly, computationally
assembling them into cyclic structures, and assigning sequences.
Initially, designs were generated using Rosetta’s FastDesign; how-
ever, better results were achieved with ProteinMPNN. Out of 67
ProteinMPNN-designed multiplexes expressed in E. coli, 11 were
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successfully validated experimentally. High-resolution structures
of five designs (C2 to C6 symmetry) were determined by X-ray
crystallography and cryoEM, closely matching their design mod-
els. AF2 and AF Multimer were used to verify the designs prior to
experimental testing. These building blocks can form unbounded
fibers with tunable geometry by introducing hydrophilic surface
patches. This approach opens new possibilities in protein nanoma-
terial design, with applications in biomineralization, ligand bind-
ing, and hydrogels. The mechanical properties can be modulated
by adjusting the pore size. Furthermore, the designs’ robust ther-
mostability and high soluble yields enable large-scale manufactur-
ing using standard procedures.*®

A separate study compared ProteinMPNN’s performance with
that of Rosetta in creating two-component tetrahedral protein
nanomaterials. ProteinMPNN matched Rosetta’s success rate
by producing 13 new experimentally validated assemblies but
achieved this with significantly less computational effort and
without the need for manual refinement. High-resolution crystal
structures confirmed the accuracy of the ProteinMPNN designs.
ProteinMPNN efficiently redesigned 27 tetrahedral protein
assemblies initially created by Rosetta, generating each sequence
in about 1s compared to several minutes required by Rosetta.
Despite comparable performance metrics, ProteinMPNN’s
designs featured a higher fraction of polar residues, enhancing
biophysical properties and assembly success. Six out of six
ProteinMPNN-designed nanomaterials assembled effectively in
vitro, whereas only one Rosetta-designed assembly did. These
results highlight ProteinMPNN’s advantages in speed, simplic-
ity, and design quality, making it a valuable tool for developing
protein-based technologies and vaccines.*”!

In a related study addressing the challenges of constructing
large protein assemblies, researchers developed a modular system
of twistless helix repeat (THR) protein blocks. These blocks, cate-
gorized into linear, curved, and turn types, offered versatile geo-
metric configurations. ProteinMPNN played a key role in
designing sequences for these blocks, ensuring uniformity and
structural integrity in symmetrical structures. Its computational
efficiency and high success rate made it ideal for designing repeat
proteins and homomeric oligomers. Additionally, AF2 was used
for structural validation, predicting protein structures with high
accuracy. The designed THR blocks were validated through met-
rics such as predicted local distance difference test (pLDDT) and
predicted template modelling (pTM) scores, demonstrating their
structural accuracy. The results highlighted the potential of THR
blocks to create complex structures, including concentric rings
and polyhedral nanocages. This modular approach advances the
programmability of protein nanomaterials, paving the way for cus-
tomizable applications in PNP design.[*”

Al methodologies have been effectively applied to top-down pro-
tein design, focusing on desired properties such as symmetry and
porosity rather than individual monomer stability. This approach
has enabled the systematic construction of protein subunits tailored
to meet these specifications. In one study, ProteinMPNN was used
to design RC_I_1-H9 and RC_I_1-H11, which successfully formed
the intended symmetric capsids. Validation was performed using
AF2 predictions and Rosetta metrics to ensure compatibility
between the designed sequences and target structures. AF2 played
a critical role in refining designs by evaluating various factors,
including binding energy, interface quality, and structural stability.
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Figure 4. Designing protein cages for biotechnology and medical applications: a—f) illustrate the frameworks used to design protein cages, while
g,h) depict the structural shapes of several tetrahedral cages created in the study. Reproduced (Adapted) with permission.?”} Copyright 2024, Elsevier.

The iterative optimization process, which combined ProteinMPNN
and AF2, improved both the sequences and the backbones, achiev-
ing high structural fidelity. Experimental validation, including
cryo-EM analysis, confirmed the accuracy of the designs, showing
close alignment between the predicted models and the observed
structures.*'!

In a recent study, researchers successfully created symmetry-
broken protein cages using steric occlusion, introducing a novel
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approach in the field. The main challenge was designing cages
that exceeded the size limitations of purely icosahedral symme-
try, which is typically achieved through complex protein—protein
interfaces. Using AF2 for structural predictions, the team engi-
neered a modified subunit with an inward-facing domain,
ensuring that only one such subunit could fit within the cage.
This design was further refined by adding an outward-facing
DARPin domain, creating unique external attachment points.
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Figure 5. Designing symmetrical PNPs for advanced applications: a) outlines the process, where cyclic symmetry and protein length are selected,
followed by MCMC optimization using AF2 and sequence redesign via ProteinMPNN; b) shows multidimensional scaling of similarities between experi-
mentally validated protomers and all de novo cyclic oligomers in the PDB; c,d) present validation of large assemblies using Cryo-EM and negative stain
electron microscopy techniques. Reproduced (Adapted) with permission.[**! Copyright 2022, AAAS.
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The researchers selected the SUMO protein and a flexible
GGSSG linker to correctly position the internal fusion. This
method enabled the precise presentation of a single outward-
facing binding domain, simplifying the creation of symmetry-
broken features.*?!

In a study utilizing the hallucination method for PNP design
(Figure 5), researchers explored sequence space to create pro-
teins with desired symmetries and properties without relying
on predefined structures. This approach combined AF2 and
ProteinMPNN for the design and optimization of cyclic protein
oligomers. AF2 predicted oligomeric structures by jointly
optimizing protomer and oligomer configurations through
a Markov Chain Monte Carlo (MCMC) search in sequence
space. The search was guided by a composite loss function,
incorporating AF2’s confidence metrics (pLDDT and pTM)
and a cyclic symmetry term. After generating initial structures,
ProteinMPNN was used to redesign the backbone sequences,
producing multiple variants for each AF2-generated structure.
These sequences were subsequently evaluated for proper folding
and structural stability. The study demonstrated that AF2 hallu-
cination could generate diverse cyclic protein oligomers with
varied topologies and structures. While initial designs often
faced challenges such as overfitting and unrealistic properties,
ProteinMPNN addressed these issues, generating viable sequen-
ces with higher experimental success rates. Among the 96 tested
oligomers, many exhibited high expression levels, correct
oligomerization, and stable structures, highlighting the effective-
ness of this computational approach in designing functional
PNPs.[**!

In an investigation, Rankovic et al. developed a computational
framework combining AF2, RFdiffusion, and ProteinMPNN to
design bifaceted PNPs with pseudo-D5 symmetry for biomedical
applications, such as colocalizing biological entities. RFdiffusion
was used to generate precise protein backbones, ProteinMPNN
optimized the amino acid sequences, and AF2 validated the mod-
els for stability and accurate assembly. Experimentally, these NPs
efficiently colocalized two distinct populations of polystyrene
beads, each coated with different proteins, by functionalizing
the NP surfaces with de novo protein minibinders. Additionally,
RFdiffusion reoriented the subunit termini for genetic fusion
while maintaining structural integrity. The modularity of the
framework was demonstrated by successfully integrating
multiple minibinders without compromising NP assembly qual-
ity, highlighting its versatility for biomedical applications.**!

4. Conclusion and Future Perspectives

The design of protein oligomers and PNPs via self-assembly
represents a significant advancement in biomolecular science,
offering immense potential for biotechnology, materials science,
and medicine. Recent computational breakthroughs have greatly
improved our ability to create symmetric protein assemblies.
Tools such as AF2** and RF!*® enable highly accurate protein
structure predictions. Additionally, the advent of Al models like
ProteinMPNN and RFdiffusion has facilitated sequence design.
ProteinMPNN, leveraging NN architectures, excels in predicting
protein sequences that enhance the expression and stability
of recombinant proteins.*”! RFdiffusion has also shown
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promise in designing 3D protein crystals with precise lattice
structures, expanding the potential for complex biomaterial
development.[*¥! Given the successful applications of PNPs in
drug delivery, multivalent antigens and Abs, and the design of
environmentally responsive carriers,'***~? these AI methodol-
ogies have paved the way for the development of advanced smart
therapeutics targeting complex diseases such as cancer and
infections.

Al applications for PNPs extend beyond design and structure
prediction to the evaluation of biological behavior. Researchers have
used AF2 to explore cotranslational protein assembly, revealing that
protein structure plays a crucial role in translation and cellular func-
tion. By combining AF2 predictions with experimental data, they
demonstrated that cotranslational assembly is structurally driven
and likely conserved across species, providing deeper insights into
protein interactions and evolution.”*! In the context of intravenous
therapeutics, Al has shifted the focus from the enhanced perme-
ability and retention effect to active trans-endothelial transport. Al-
driven analysis of vascular permeability in tumors using genetically
modified ferritin nanocages revealed variability in permeability,
guiding the design of more effective PNPs for improved therapeutic
outcomes.” Additionally, AT has been employed to predict protein
corona composition, addressing concerns about the biological
effects of nanomaterials and enabling the development of safer
and more effective nanocarriers.””

Despite significant advancements, challenges persist in
designing and validating symmetric protein oligomers using
Al Achieving structural stability in large assemblies remains
a formidable task, and the high computational demands restrict
design exploration and scalability. Currently, self-assembling
designs have a success rate of only about 10%. To overcome these
limitations, future efforts must integrate coarse-grained model-
ing with atomistic refinement, develop more efficient sampling
algorithms, and establish community-wide datasets for rigorous
validation of Al-designed PNPs.**°%*7! Looking into the future,
the full potential of symmetric protein oligomers will be
unlocked by blending Al-driven design with high-throughput
experimental platforms—such as microfluidic droplet screening
and in vivo selection assays—to rapidly iterate between in silico
predictions and empirical performance. Emphasizing modular-
ity, researchers should explore hybrid architectures that combine
protein scaffolds with synthetic polymers or small-molecule
crosslinkers to fine-tune mechanical properties and trigger
responsiveness. Finally, as PNPs move closer to clinical and
industrial deployment, it will be essential to address manufactur-
ing scalability, regulatory pathways, and long-term biosafety,
ensuring that these smart biomaterials can be translated into
real-world solutions for complex diseases, sustainable materials,
and beyond.
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