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Abstract

Protein—protein interactions (PPIs) represent a vast and largely underexplored landscape
of therapeutic targets, yet their structural features—including large, flat, and dynamic
interfaces—have historically limited their druggability. In this context, cyclic peptides
have emerged as a powerful class of PPI modulators, sitting at the interface between
biologics and small molecules, and thus garnering key advantages of both classes. Their
conformational constraint enhances binding affinity, proteolytic stability and, in some
instances, cell permeability, thus enabling access to intracellular targets. This review
provides an updated overview of cyclic peptides as modulators of PPIs, focusing on both
conceptual foundations and practical strategies for their discovery and optimization. The
main discovery approaches include natural sources, de novo design based on secondary
structure mimetics, high-throughput screening, and computational approaches.
Integration of these complementary strategies is crucial to enhance success rates in the
discovery of effective and developable cyclic peptides. Accordingly, the present review
aims to provide a practical guide for researchers entering this rapidly growing field,
outlining current opportunities, methodological advances, and remaining challenges in
the development of cyclic peptide-based PPI modulators.

Keywords: protein—protein interactions; cyclic peptides; cyclotides; stapled peptides;
stabilized a-helical peptides; nucleotide-encoded mass library screening; phage display;
SICLOPPS; mRNA display; computational methods

1. Introduction

Protein—protein interactions (PPIs) play crucial roles in a wide range of cellular and
biological processes, as they are essential to sustain long-range interactions in the
crowded cellular environment. In fact, many fundamental cellular functions, including
DNA replication, transcription, translation, and transmembrane signal transduction, rely
on the dynamic assembly of protein complexes. Similarly, higher-order biological
activities such as intercellular communication, cell-to-cell signaling, metabolic regulation,
developmental control, and programmed cell death are orchestrated through finely
regulated PPIs. The human interactome is estimated to comprise up to 650,000 PPIs,
representing an enormous reservoir of potential therapeutic targets, since the
dysregulation of many of these interactions has been linked to numerous human diseases,
including cancer, infectious pathologies, and neurodegenerative disorders [1-4].
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However, PPIs have only recently gained considerable attention as attractive
therapeutic targets, given that traditional drug discovery has primarily focused on
enzymes, ion channels, and receptors. Over the past decade, significant progress has been
made in the development of PPI modulators, with several candidates advancing to clinical
trials and some already approved for clinical use [5,6]. Among the most notable examples
are monoclonal antibodies targeting the PD-1/PD-L1 interaction, which plays a key role
in tumor immune evasion. By disrupting this interaction, these agents restore immune
system activity against cancer cells [7]. From 2021, five monoclonal antibodies with this
mechanism of action were approved: Dostarlimab [8], Retifanlimab [9], Toripalimab [10],
Tislelizumab [11,12], and Cosibelimab [13]. In addition, a number of small-molecule PPI
modulators have also reached the market. These include Fostemsavir (approved in 2021)
[14], which inhibits the gp120-CD4 interaction for HIV treatment [15], and the anticancer
agent Venetoclax [16], a BH3 mimetic that blocks the interaction between BCL-2 and pro-
apoptotic proteins (e.g., BIM, BAX) [17]. Furthermore, alternative modalities such as
stapled peptides are currently being explored as PPI modulators in both preclinical and
clinical settings. A remarkable example is sulanemadlin (ALRN-6924), a stabilized a-
helical peptide that inhibits p53/MDM2 and p53/MDMX interactions, currently under
evaluation in phase 1b/2 clinical trials for cancer treatment [18].

Despite these advances, the structural features of PPIs remain a major challenge for
drug design. PPI interfaces are typically large, flat, predominantly hydrophobic, often
transient, flexible and/or dynamic. All these characteristics have historically led to their
classification as “undruggable” targets. Small molecules often display limited efficacy
against PPIs due to the lack of well-defined binding pockets. Moreover, attempts to extend
small molecules to engage larger interaction surfaces frequently result in unfavorable
pharmacokinetic properties. Monoclonal antibodies, on the other hand, offer high potency
and specificity but are largely confined to extracellular targets because of their high
molecular weight, limited cell permeability, and potential immunogenicity [5,19].

In this context, peptides have emerged as promising PPI modulators, as they can
effectively mimic protein secondary structure elements or interaction domains, enabling
selective modulation of PPIs with high affinity and specificity. Consequently, peptides
have gained increasing recognition as a distinct and versatile class of therapeutic agents.
However, linear peptides composed of natural amino acids often suffer from poor
biophysical properties, including low proteolytic stability, limited cell permeability, and
short in vivo half-lives, which hamper their clinical translation [6,20-23].

To address these limitations, chemical modifications such as macrocyclization,
stapling, and insertion of unnatural or non-proteinogenic amino acids (npAAs) have been
widely employed to stabilize bioactive conformations and enhance metabolic resistance
[6,24,25], whereas the insertion of warheads has been explored to obtain covalent inhibitors
with improved potency [26]. However, despite the effectiveness of such strategies, the
rational design of effective PPl modulators remains challenging due to the intrinsic
complexity of PPI interfaces and the absence of universally applicable design principles,
leaving many disease-related PPIs insufficiently explored as therapeutic targets.

In the present review, we provide an updated overview of the use of cyclic peptides
to target PPIs, covering key developments in the field, with a special focus over the past
10 years. Firstly, the rationale for cyclization will be described, and then we will discuss
different approaches to the identification of cyclic peptides as PPI modulators. These
include discovery from natural products, de novo design, display technologies,
combinatorial approaches, and computational tools. As this review addresses a rapidly
growing and evolving field, it does not have the ambition to be exhaustive, but rather to
provide support to novices embarking on the exploration of this vast land. For this reason,
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we refer the reader to several recent excellent reviews and perspectives for additional
information and more in-depth discussions of the topics covered herein [25,27-34].

2. Cyclic Peptides: Advantages and Cyclization Strategies

Since PPIs are mediated by specific amino acid residues located on the surface of
interacting proteins, these epitopes can be used for the design of peptide-based inhibitors
that faithfully reproduce the structural features of protein interfaces. The possibility to
construct relatively large molecules by increasing peptide length is crucial to target the
typically extended PPI interfaces (1500-3000 A2), while the intrinsic flexibility of the peptide
backbone enables better adaptation to the dynamic nature of PPIs. Therefore, owing to their
physicochemical properties, conceptual simplicity and utility as scaffolds for drug design,
linear peptides are useful starting points for further optimization aimed at overcoming their
intrinsic limitations, including poor stability and limited cell membrane permeability. In this
context, they provide conceptual building blocks for the development of improved
derivatives and peptidomimetics as valuable therapeutic agents [24,27-29].

Various chemical modifications, such as N-terminal or C-terminal modifications,
amide bond variation, incorporation of unnatural amino acids, and cyclization, can be
employed to improve the chemical and biological properties of native peptides. Among
these strategies, peptide cyclization has emerged as a particularly promising approach. By
introducing a macrocyclic constraint, cyclic peptides are locked into their bioactive
conformations, thereby enhancing their metabolic stability, bioavailability, and selectivity,
compared with their linear counterparts. In detail, the conformational restriction improves
binding affinity by reducing the entropic penalty associated with target engagement and
enhances resistance to proteolytic degradation thanks to the lack of free N- and C-termini,
as well as to the limited conformational flexibility and increased steric hindrance that reduce
accessibility to the protease catalytic machinery [25,30,31]. Furthermore, cyclic peptides
display superior cell permeability, enabling them to access intracellular targets, including
challenging PPIs. According to the ““chameleon hypothesis”, cyclic peptides exhibiting
smart conformational dynamics (shielding or exposing their polar functionalities in
response to the environment) possess enhanced cell membrane permeability due to their
transiently reduced surface polarity and area [30,32-34].

Due to this unique combination of advantages, cyclic peptides garnered considerable
attention from the scientific community in recent years and have been applied in different
fields beyond PPI modulation, including the design of enzyme agonists and antagonists,
imaging and diagnostic tools, modulators of protein-RNA interaction, and innovative
materials for biomedical applications [35—41]. To date, more than fifty cyclic peptides have
reached regulatory approval for different applications (either therapeutic or diagnostic),
as indicated by PepTherDia [42] and Drug Bank [43]. Most of them are derived from
natural products and are used as anti-infective and anticancer agents.

From a synthetic standpoint, peptide cyclization can be achieved through four
principal modes: head-to-tail (C-terminus to N-terminus), head-to-side chain, side chain-
to-tail, and side chain-to-side chain (Figure 1). The choice of cyclization strategy is not
merely dictated by synthetic feasibility but is closely related to the desired structural and
functional properties of the resulting peptide. Different cyclization topologies can impose
distinct conformational constraints, thereby influencing secondary structure stabilization,
binding affinity, and ADME profile. For instance, side chain-to-side chain cyclization can
be exploited to generate stapled peptides that stabilize a-helical conformations. While
numerous reviews have comprehensively covered the synthetic methodologies available
[44-48], an increasing body of evidence highlights the role of cyclization as a key design
element. Such influences will be better elucidated in the following chapters.
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Figure 1. Peptide cyclization strategies.

3. Discovery of Cyclic Peptides as PPI Inhibitors

A wide variety of strategies have been developed to identify cyclic peptides as
inhibitors of PPIs. From nature-aided approaches to de novo design, including high-
throughput screening and artificial intelligence (Al)-driven techniques, the following
sections provide an overview of these methods, acknowledging that their effective
application often relies on the combination of multiple approaches.

3.1. Natural Sources

Nature displays remarkable structural diversity in the realm of cyclic peptides. Many of
these molecules exhibit potent biological activities, and more than 40 naturally occurring cyclic
peptides or their derivatives are currently used as therapeutic agents [29,31,49,50].

Despite the recent surge in Al- and computationally driven strategies for the design
of novel cyclic peptides, natural sources still represent the predominant origin of these
compounds. Indeed, according to the CyclicPepedia database, which currently reports
8751 known cyclic peptides, 62.50% of them derive from natural sources, including
animals (57.97%), plants and fungi (32.08%), and bacteria (10.43%) [51].

The discovery of natural peptides can serve as a valuable source of inspiration for the
development of novel cyclic peptides with improved biological activity and
pharmacokinetic properties. In this context, cyclotides represent one of the most notable
examples. They are defined as plant-derived macrocyclic peptides, characterized by the
presence of a structural motif known as the cyclic cystine knot (CCK), which is responsible
for their great structural stability and conformational rigidity [52,53]. This unique
architecture enables cyclotides to function as robust scaffolds, capable of tolerating
sequence insertions and molecular evolution approaches, thereby facilitating the
development of cyclic peptides involved in PPI inhibition. The cyclotides MCoT-I and
MCoT-II are among the most widely used scaffolds for molecular grafting, enabling the
incorporation of bioactive peptide epitopes with otherwise limited stability and
bioavailability, while preserving their biological activity [49]. Philippe et al. recently
exploited this strategy to develop a stabilized p53:MDM2/MDMX inhibitor as an
anticancer agent with increased cellular uptake [54]. The field has expanded considerably
in recent years, with substantial efforts devoted to overcoming the synthetic limitations
associated with cyclotide grafting. In particular, innovative modular strategies, such as
the recently reported “plug-and-play” approach, enable the insertion of complex bioactive
epitopes into pre-folded cyclotide scaffolds, thereby bypassing folding bottlenecks and
significantly expanding the scope of molecular grafting [55].
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3.1.1. Bioassay-Guided Fractionation

The most consolidated strategy for the discovery of novel natural products is bioassay-
guided fractionation. Extracts from plant matrices, animal tissues, or microorganism
cultures are obtained using solvents of increasing polarity. The crudes are then screened for
the desired biological activity, and the most active samples undergo additional rounds of
fractionation to isolate the active compound [56]. The final purified compound is
characterized using analytical techniques such as high-performance liquid chromatography
(HPLC), nuclear magnetic resonance (NMR), and mass spectrometry (MS). One of the most
relevant examples in this context is chlorofusin, a cyclic peptide isolated via bioassay-
guided screening of microbial extracts from Microdochium caespitosum, which disrupts the
p53/MDM2 interaction [57]. This approach is also compatible with high-throughput
screening (HTS) formats, enabling the parallel evaluation of large extract collections
followed by iterative fractionation of confirmed active samples. Despite its historical
success, activity-guided fractionation is hampered by several limitations. The process is
biased toward abundant constituents, and activity can be lost during fractionation due to
synergistic effects, chemical degradation, or irreversible binding to chromatographic
stationary phase. Furthermore, the iterative nature of the workflow makes it time-
consuming and costly, and frequently leads to the rediscovery of already known
compounds. These constraints have motivated the development of complementary
sequence-guided strategies, as discussed in the following section [58-60].

3.1.2. Sequence-Guided Discovery

Over the past two decades, the increasing availability of high-quality genomes and de
novo transcriptomes have enabled a shift from traditional bioassay-guided fractionation to
sequence-guided discovery. In this approach, genes encoding peptide precursors and their
maturation enzymes are identified through in silico mining, enabling direct prediction of
peptide structures and biosynthetic logic. This genomics-driven strategy provides rapid and
systematic access to natural peptide diversity while bypassing many of the constraints
associated with purification from complex extracts, as already mentioned above.

A growing body of reviews and research articles now outlines how genomic,
transcriptomic, and peptidomic data can be integrated to identify novel cyclic peptides
across plants, animals, and microorganisms, highlighting sequence-guided discovery as a
central route for future natural product exploration [61,62]. For instance, the genome
mining-driven expansion of the lanthipeptide family, a class of polycyclic peptides
characterized by intramolecular thioether bridges, has provided a rich source of structural
scaffolds for biotechnological applications. Notably, the genome mining-guided
discovery of the highly substrate-tolerant synthetase ProcM in the marine cyanobacterium
Prochlorococcus enabled the development of large genetically encoded lanthipeptide
libraries, from which inhibitors of specific PPIs have been identified [63,64].

3.2. De Novo Design

While natural cyclic peptides have provided valuable scaffolds for modulating PPIs,
their structural complexity and limited availability often restrict their direct use as drug
candidates. De novo design strategies have therefore emerged as a complementary
approach, enabling the development of novel cyclic peptides, even without prior structural
templates. This approach allows the identification of new structures with tailored
physicochemical and biological properties, while probing unexplored chemical space.

In particular, structure-based design of PPI inhibitors requires a detailed
understanding of the interaction interface. Ideally, the three-dimensional architecture of
the complex is experimentally determined at high resolution. Nevertheless, remarkable
advances in computational modeling and, more recently, in Al-driven structure
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prediction have substantially expanded the availability and reliability of protein complex
models. These developments have significantly broadened the applicability of structure-
based approaches, as will be discussed in Section 3.4.

Once the structure of the interaction interface is available, the so-called “hotspot
residues” can be identified to pinpoint the amino acids that contribute most significantly
to binding affinity and are therefore essential for maintaining the interaction. Specifically,
hot spots are defined as key residues whose mutations significantly reduce binding
affinity (AAG 2 2 kcal/mol) and form cooperative regions that involve specific residue
combinations and unique surface arrangements. Hot spots function through tightly
packed, networked interactions, providing flexibility and the ability to bind multiple
partners. The identification of hotspots can be achieved through experimental techniques,
such as site-directed mutagenesis (i.e., alanine scanning), or through computational
approaches, which over the past decade have proven to be more cost-effective and less
time-consuming [65,66].

The secondary structure adopted by the peptide-binding epitope can be mimicked to
generate a cyclic peptide that preserves the spatial orientation of key side chains. The
specific secondary motif to be reproduced dictates the most appropriate stabilization
strategy to achieve the desired conformational constraint and bioactive geometry [67].

3.2.1. Stabilized a-Helical (SAH) Peptides

a-helices represent the predominant structural motif within PPI interfaces, with
residues from helical segments participating in approximately 62% of all protein—protein
interactions [68]. Stabilized a-helical peptides, particularly stapled peptides, have therefore
emerged as a major class of PPl inhibitors. The term stapling refers to the introduction of an
external covalent constraint that enforces and stabilizes a specific secondary structure,
typically an a-helix [69]. This strategy enhances membrane permeability and proteolytic
stability while maintaining the bioactive geometry required for target binding.

When designing an SAH peptide, the first parameter to consider is the position of the
residues to be crosslinked. In a-helices, side chains are spatially aligned at positions i, i +
4,i+7,and i+ 11, with i, i + 4 and i, i + 7 representing the most frequently employed
spacing patterns. Once the linkable residues are defined, the related side chains are
connected through an appropriate stapling strategy. Several reviews provide in-depth
discussions of this topic, including the comprehensive work by Li et al, which
systematically outlines the available chemical approaches for crosslinking two anchoring
residues [70]. Among these, the most widely used technique is all-hydrocarbon stapling,
in which the covalent bridge consists of a hydrocarbon chain typically formed through a
ruthenium-catalyzed ring-closing metathesis (RCM), as schematized in Figure 2. This
method requires the incorporation of two a-a disubstituted non-natural amino acids
bearing terminal alkenes at the appropriate positions within the peptide sequence,
ensuring the reactive groups are correctly oriented to undergo efficient cyclization [71,72].
This approach was used in the development of the aforementioned compound ALRN-
6924, which binds to both MDM2 and MDMX by mimicking the N-terminal domain of
the p53 tumor suppressor protein [18].
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Figure 2. General structure of an all-hydrocarbon stapled peptide obtained through RCM.

An additional class of stabilized a-helical peptides is represented by hydrogen bond
surrogates (HBSs). In this approach, the i, i + 4 hydrogen bond on the peptide backbone is
replaced with a stable covalent linkage to enforce a conformationally stable helix (Figure
3). HBSs differ from stapled peptides because the crosslink connects the peptide backbone
rather than the side chains. The result is a reinforcement of intramolecular hydrogen
bonds, providing a nucleation site that promotes helix initiation and stabilizes the overall
helical conformation [73].

H-bond Covalent linkage

Linear peptide Hydrogen bond surrogate

Figure 3. General structure of a hydrogen bond surrogate.

Several HBS a-helices have been developed specifically to disrupt PPIs,
demonstrating the versatility of this strategy in targeting biologically relevant interfaces
that are often considered challenging for conventional small molecules. Representative
examples include pro-apoptotic mimetics designed to target the Bak/Bcl-x. interaction,
where stabilization of the a-helical BH3 domain enhances binding affinity toward Bcl-2
family proteins [74,75]. HBS technology has also been applied to the development of
antimalarial peptides that inhibit the formation of the MyoA/MTIP complex, a key
component of the glideosome machinery required for parasite motility and host—cell
invasion [76]. In oncology, HBS peptides have been engineered to disrupt the
aforementioned p53/MDM?2 interaction, thereby restoring p53 tumor suppressor activity
in cancer cells [77].

3.2.2. Mimetics of 3 Secondary Structure

[-sheets are the most abundant secondary structure in proteins after a-helices. They are
composed of (3-strands, which constitute the structural units of this motif. A B-strand is
defined as a polypeptide chain in an extended conformation, where alternating side chains
are oriented in opposite directions. Multiple [3-strands aligned through interstrand hydrogen
bonds assemble into a [3-sheet, which can be classified either as parallel or antiparallel
depending on the relative orientation of the strands. When they run in the same direction, the
sheet is referred to as parallel; conversely, opposite orientations define an antiparallel 3-sheet
[78]. Within antiparallel 3-sheets, the B-hairpin motif can be recognized, consisting of two
antiparallel B-strands connected by a loop or a turn, typically involving two residues, as
outlined in Figure 4. The amino acid residues along each strand adopt a zigzag arrangement,
with side chains alternately oriented on opposite sides of the 3-strand. Accordingly, residues
are classified as H-bonded and non-H-bonded, the former being capable of forming
interstrand C=O-HN hydrogen bonds with the aligned residue on the opposing strand.
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Figure 4. General structure of an antiparallel 3-sheet.

Among the aforementioned structural motifs, p-hairpins exhibit the most suitable
geometry for designing cyclic peptides. Several examples of cyclic 3-hairpin mimetics
have been reported and will be discussed in the following section, followed by (3-strands
and [(3-sheet mimetics, which are less common yet synthetically accessible.

3.2.3. B-Hairpin Mimetics

Several strategies have been developed to stabilize the hairpin conformation, which
can be classified into the three main categories reported in Figure 5: head-to-tail
macrocyclization, side chain stapling, and hydrogen bond surrogate (HBS).

B-hairpin

Turn

CO.H CO;H
/
R R
R? R
NH. NH;
Side chain-to-side chain Hydrogen bond surrogate

Figure 5. 3-Hairpin stabilization techniques.

Head-to-tail macrocyclization aims to connect the terminal amino acids of the antiparallel
strands to form a conformationally constrained cycle. The most extensively studied approach
involves the introduction of a “hairpin stabilizer template”, typically a d-Pro-1-Pro dipeptide,
which adopts a rigid type-II' 3-turn conformation [79,80]. This motif effectively promotes [3-
hairpin folding and facilitates the formation of cross-strand hydrogen bonds, providing a
nucleation site at the first residue pair attached to the template.

The (3-hairpin can also be stabilized through the formation of side chain-to-side chain
interstrand bridges, which may be either covalent (e.g., disulfide or 1,2,3-triazole ring) or
noncovalent (such as m—m interaction or cation—m interaction) [67]. B-strand-enforcing
amino acids also belong to this category: rigid building blocks are incorporated into the
peptide sequence to reproduce the hydrogen-bonding pattern of p-hairpins. In some
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cases, it is possible to establish a covalent linkage between two (-strand-enforcing
residues positioned on opposite strands [81].

The HBS strategy, as previously described in Section 3.2.1, differs from side chain
stapling since the antiparallel (3-strands are covalently connected through the peptide
backbone, effectively replacing the interstrand hydrogen bond normally formed between
opposing C=0 and NH groups. Although originally developed to stabilize a-helices, this
approach has also been successfully applied to -hairpin stabilization by Sawyer et al.,
who identified thioether and disulfide bridges as ideal HBS linkers for achieving both
conformational stabilization and protease resistance [82]. More recently, an alternative {3-
hairpin mimetic, named turn-less antiparallel 3-hairpin mimic, has been reported (Figure
6). In this approach, the conventional [-turn is replaced by an additional HBS linkage,
through which the two [-strands are directly connected via backbone covalent
constraints, resulting in a macrocyclic architecture that reproduces the spatial
arrangement of a B-hairpin without relying on a turn motif (Figure 6). This strategy
eliminates the contribution of the B-turn to motif stabilization, which often depends on
the specific strand sequence [83].

B-hairpin Turn-less B-hairpin mimetic

\%LJW\/'L/“ ;\&)L%(\)L/a

/ /

ij\mﬁ\/ mﬁ”ﬁmr\/

Figure 6. General structure of B-hairpin and turn-less 3-hairpin mimetic.

When stabilizing a (3-hairpin, a key aspect to consider is the hydrogen-bonding pattern
of the native motif being mimicked. Indeed, the introduction of additional residues,
crosslinking bridges, or turn-inducing elements can alter the alignment of the H-bonded
pairs, which must remain properly matched to maximize interstrand hydrogen bonding
and stabilization of the hairpin. Therefore, the position of hydrogen-bonded residues should
be carefully identified and taken into account during the design of the mimetic.

3.2.4. 3-Strand Mimetics

Isolated B-strands play a significant role as protein-binding epitopes (PBEs) in PPIs,
with proteases representing some of the most frequently targeted systems. To mimic -
strand motifs, the most commonly employed cyclization strategies involve side chain-to-
side chain or side chain-to-main chain linkages, typically connecting residues at the i, i +
2 positions, which is optimal for preserving the characteristic geometry of (-strands and
the alternating orientation of side chains [84].

More recently, innovative cyclic $-strand mimics have been reported by Adams et
al., who introduced a rigid diyne brace between side chains in positions i, i + 2 of short
peptides (Figure 7) [85]. This strategy yields conformationally constrained mimetics with
an extended backbone, enabling a more faithful reproduction of native $-strand geometry
and resulting in improved binding affinity and selectivity.
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Figure 7. General structure of 3-strand mimics with rigid diyne brace.

3.2.5. B-Sheet Mimetics

Since the distinction between B-sheet, 3-hairpin, and (-strand mimetics is not always
clearly defined in the literature, we refer here to [3-sheet mimetics as those peptidomimetics
displaying a higher level of structural complexity compared to 3-hairpin mimetics. In this
context, the rational design of cyclic peptides capable of faithfully reproducing [3-sheet
architectures remains particularly challenging. As discussed above, the [-strands
composing a sheet must be precisely aligned to maximize the long-range hydrogen-bonding
network that stabilizes this secondary structure. In addition, 3-sheets are highly prone to
aggregation and misfolding when removed from their native protein context.

To address these challenges, more advanced design strategies have been developed
to stabilize higher-order (-sheet mimetics by incorporating multiple strands within a
single cyclic or multicyclic framework. Among these, one of the most effective approaches
involves the use of bicyclic or multicyclic peptides, in which distinct cyclization events are
employed to simultaneously stabilize individual B-strands and enforce their relative
spatial orientation [86,87].

Despite these advances, (3-sheet mimetics remain less common than a-helical or {3-
hairpin-based inhibitors, primarily due to synthetic complexity and persistent challenges
related to solubility and conformational control. Nevertheless, when successful, cyclic (3-sheet
mimetics offer unique opportunities for targeting PPIs, particularly in cases where isolated [3-
hairpin or -strand motifs are insufficient to recapitulate the native binding interface.

3.3. High-Throughput Screening (HTS)

An effective counterpart to structure-based design approaches is the identification of
bioactive cyclic peptides through screening of combinatorial or random libraries. While
structure-based strategies rely on prior knowledge of the target and its binding interface
to rationally optimize peptide topology and conformation, library HTSs empirically
explore structural diversity, enabling the discovery of functional hits even in the absence
of detailed structural information. Such methods leverage large collections of cyclic
peptides, either synthetically generated or biologically expressed, to identify binders with
favorable affinity, stability, and membrane permeability profiles.

Given the size and structural complexity of these libraries, chemical synthesis is often
impractical and therefore other approaches have emerged over the past decades. In
particular, genetically encoded libraries take advantage of biological transcription and
translation machinery to produce peptides that are linked to their encoding nucleotide
sequence. This approach, often referred to as nucleotide-encoded mass library screening
(NELS), allows an easier production of large libraries (hundreds of millions of molecules)
leveraging in vitro biosynthesis, while also enabling the deconvolution of potential hits
thanks to the nucleotide tag. Moreover, this kind of screening is compatible with both
functional and affinity-based screening, even in cells. In the following sections (Sections
3.3.1-3.3.4), specific NELS techniques will be discussed more in detail [48,88,89].

3.3.1. Phage Display
Phage display links genotype (phage DNA) and phenotype (a displayed
peptide/protein) on the surface of a bacteriophage (i.e., viruses that infect bacteria), and it
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constitutes one of the most popular high-throughput strategies in peptide discovery [88—
91]. In detail, a randomized DNA library encoding peptide variants is inserted into a
phage coat protein gene (commonly plll or pVIII of filamentous phage M13). Upon
expression in a bacterium host (e.g., E. coli), each phage produces and displays one peptide
variant on its surface and carries inside the genome that encodes it. Since the peptide
remains attached to the surface of the phage, it is possible to isolate the phages displaying
desirable peptides from large collections, using the immobilized target protein as bait.
Upon binding to the target, washings are performed to remove weak or non-specific
binders. Then, bound phages are recovered by elution and used to infect E. coli,
regenerating a pool enriched in binders (amplification). This process is typically repeated
3 to 5 times in an iterative cycle called panning (Figure 8), to sharpen enrichment toward
high-affinity and high-specificity peptides. Finally, the DNA of the selected phages is
sequenced to establish the identity of selected peptides. In this platform, cyclization
typically involves the formation of disulfide bridges from cysteine residues in the linear
sequence, although different cyclization strategies have been explored [90]. This approach
also enables the display of multicyclic peptides, as discussed in detail by Chen et al. in
their recent review on the topic [91].
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Figure 8. Schematization of the phage display panning cycle for the identification of cyclic peptides.
The designed DNA library is initially transformed in E. coli. using the corresponding plasmids.
Helper phages then infect the bacteria, generating a peptide library displayed on the phage coat
protein. These peptides can be cyclized by different means (in the figure, disulfide bridges are used
as a representative example). The phage library is then screened against an immobilized target,

which captures the binders, while unbound phages are washed away. Then, the bound phages are
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eluted from the target substrate and the resulting hit sequences can be amplified through new

rounds of selection, before ultimate sequencing.

Despite the high popularity of phage display, due to its relatively simple setup and
cost-effectiveness, some limitations have long hampered its full potential. Most
importantly, since it consists of an in vivo expression system, this technique was initially
limited to the use of the 20 proteinogenic amino acids. This drawback has been addressed
either by introducing non-proteinogenic amino acids (npAAs) synthetically on the
cyclizing scaffold (by means of reactive handles) or by ribosome-mediated genetic code
expansion, using aminoacyl-tRNA-synthetases (aaRS)/tRNA pairs orthogonal to the E. coli
system [92]. The other historically relevant limitation of phage display is the size and
structural diversity of the DNA library, typically limited to about one billion of variants.
For easy targets such as proteins that bind to short, linear peptides, small libraries (10°-
10¢ different peptides) are sufficient. Instead, the development of cyclic peptides for
challenging targets requires much larger libraries: in addition to target engagement,
additional qualities such as high stability or binding to multiple targets (both human and
animal homologues of a protein) are often required. Two main practical aspects limit the
size of phage display libraries: the generation of DNA vectors coding for many different
peptides and the transformation of vector DNA into multiple bacterial cells [88,90].
Notably, Carle et al. have recently achieved an important increase in the phage display
library size, generating a 100-billion-(bi)cyclic-peptide library with high skeletal diversity.
This milestone was accomplished via a combination of whole plasmid PCR with small
phagemid vectors that facilitated bacterial transformation [93].

3.3.2. Split Intein-Mediated Circular Ligation of Peptides and Proteins (SICLOPPS)

SICLOPPS is a technology that exploits protein splicing to generate genetically
encoded cyclic peptide libraries in a cell-based system. Protein splicing is a
posttranslational process consisting of an autocatalytic and intramolecular reaction of a
protein composed of an internal segment called intein, flanked by two external segments
named exteins (N-extein and C-extein according to the terminus they contain). As
depicted in Figure 9A, splicing occurs when the intein catalyzes self-excision from the
precursor protein to ligate the two exteins via a peptide bond. The reaction involves an
amino acid with a nucleophilic side chain (typically a cysteine or a serine) [94].

In the split intein system of SICLOPPS, schematized in Figure 9B, two
complementary half-inteins (N-intein and C-intein) are placed at the two sides of a single
peptide of interest that replaces exteins. Splicing occurs with a similar mechanism, but in
this case bringing the two half-inteins into proximity to reconstitute the full intein
produces a cyclic peptide as a byproduct [48,88,95]. A wide range of diverse peptides can
be cyclized with this approach, provided that the first amino acid in the extein is a
nucleophilic cysteine or serine residue.
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Figure 9. (A) Molecular mechanism of protein splicing: the internal portion of the protein sequence
(i.e., the intein, shown as purple box) is excised while the N- and C-terminal sequences (orange
boxes) are ligated to produce a contiguous polypeptide. (B) Molecular mechanism of SCICLOPPS:
the extein constitutes the target peptide (orange box), which is flanked by the C-terminal and N-
terminal segments of a split intein (IC and IN, shown as red and blue boxes respectively). Upon
proper folding, the active intein is formed (purple box), which leads to the formation of the target
cyclic peptide. In the schemes, XH represents a nucleophilic substituent (e.g., OH, SH).

The number of randomized residues in the cyclic peptide library is determined by
the transformation efficiency of the host organism (e.g., E. coli, yeasts or human B cells),
which typically is up to about 6-7 amino acids, thus allowing for libraries of 106-10°
members. Despite being mainly restricted to the use of proteinogenic amino acids, an
orthogonal aaRS/tRNA pair can be used for incorporating a single npAA, similarly to
phage display approaches. A key feature of SICLOPPS is its intracellular mode of
selection, which enables the screening of cyclic peptides based on functional activity
rather than target binding (Figure 10). This ensures the obtainment of truly bioactive
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compounds, selected within the complex intracellular space and exhibiting stability and
efficacy in a native cellular context. Moreover, SICLOPPS is compatible with a broad range
of cell-based assays (fluorescence, vitality, etc.), facilitating efficient and straightforward
functional screening [48,88,95].
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Figure 10. SICLOPPS is carried out in living cells, enabling the simultaneous expression of both the
plasmid library and the target protein. The peptide is cyclized head-to-tail via the split intein

method, while the selection of hits can be performed using a range of cell-based assays.

Recently, McDermott et al. reported on the identification of macrocyclic inhibitors of
the HIF-1a/HIF-13 protein—protein interaction, thanks to a revised and updated
SICLOPPS screening protocol [96]. Hypoxia-inducible factor 1 (HIF-1) is a transcription
factor involved in the adaptation and survival of solid tumors to their hypoxic
microenvironment and it is correlated with aggressive cancer phenotypes and poor
patient prognosis. Therefore, inhibiting this transcription factor has gained increasing
consensus as a viable strategy for the treatment of a variety of cancers.

Another example of application of SICLOPPS screening comes from work by
Lennard et al, who developed a cyclic peptide inhibitor of p6/UEV protein—protein
interaction for the treatment of HIV infections [97]. The interaction between the p6 domain
of the HIV Gag protein and the UEV domain of the human TSG101 protein is crucial in a
process known as budding, i.e., the mechanism by which an enveloped virus exits an
infected host cell without lysis. Since budding involves several host proteins, it represents
a promising opportunity for the development of antiviral agents with a PPI inhibitory
mechanism of action.

3.3.3. mRNA Display

mRNA display is another well-established technology for the screening of peptide
libraries, and it has been successful in the identification of cyclic peptide modulators of
PPIs. Notable examples include the discovery of enlicitide (MK-0616), a PCSK9 inhibitor
that completed phase 3 clinical trial for hypercholesterolemia [98,99], and paluratide
(LUNA18), a pan-RAS inhibitor that reached Phase 1 clinical trial for solid tumors
[100,101]. In particular, mRNA offers advantages over other approaches in terms of speed
and ease in the identification of peptides according to their affinity toward a target protein.
Of particular relevance is the combination of mRNA display with flexible in vitro
translation (FIT). This specific platform allows access to macrocyclic peptides containing
non-proteinogenic amino acids (npAAs) and is known as “random nonstandard peptides
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integrated discovery” (RaPID) [46,47]. As outlined in Figure 11, the process starts with the
in vitro transcription of a randomized synthetic DNA library (about 10'2 members,
typically encoding 6-15 amino acids sequences) to mRNA, which is conjugated to a
puromycin linker, essential for covalent peptide-mRNA fusion. The FIT system is used to
reprogram the genetic code in order to include npAAs (e.g., N-methyl-, D-, 3-amino acids)
and enable spontaneous macrocyclization, for example, by introducing a reactive N-
chloroacetyl group on the N-terminal amino acid. Translation occurs in a reconstituted
system, producing a cyclic peptide covalently linked to mRNA through the puromycin
linker, physically connecting phenotype and genotype. Then, the tagged peptides are
incubated with the immobilized target protein and those that bind with high affinity are
selected, while non-binders are washed away. Subsequent amplification by PCR of the
recovered genetic information produces a second mRNA library, enriched with sequences
encoding the active peptides. This iterative evolution cycle is repeated (typically 4-8 times)
until a pool of highly potent and selective binders is obtained. The peptide sequences are
obtained by sequencing of the enriched genetic code covalently linked to the peptide ligands
[102]. Different cyclization strategies are now compatible with mRNA display, from the
reaction between the aforementioned N-terminal chloroacetyl function and an internal
cysteine to more recent approaches enabling backbone macrocyclization [103].
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Figure 11. Schematization of the RaPID system, consisting of the combination of mRNA display
with the flexible in vitro translation (FIT) technology. The mRNA library is initially ligated with a
puromycin linker. Then, the library is translated, exploiting the FIT system to include npAAs (black
spheres in the figure). The subsequent cyclization can be achieved by multiple methods (e.g., Sx2 on
a N-chloroacetyl group, as reported in the scheme). This yields mRNA-tagged cyclic peptides that
are then screened against an immobilized target. The selected hits can be amplified through iterative

selection cycles, prior to sequencing and identification of the hit.

The RaPID system has been recently employed by Villequey to discover peptide
inhibitors for fibroblast growth factor receptor 3c (FGFR3c) [104]. In particular, the authors
generated a library comprising linear, mono- and bi-cyclic peptides, demonstrating that

https://doi.org/10.3390/ijms27136067


https://doi.org/10.3390/ijms27136067

Int. ]. Mol. Sci. 2026, 27, 6067

16 of 32

the bicyclic variants exhibited superior performance in terms of both binding affinity and
stability. Other recent examples of the use of the RaPID platform include the work of
Magiera-Mularz et al. on the identification of immune checkpoint inhibitors targeting the
PD-1/PD-L1 pathway [105], and Suga and collaborators on the discovery of both inhibitors
and stabilizers of various PPIs [106-108].

3.3.4. Split-and-Pool Techniques

Split-and-pool approaches are based on combinatorial chemistry and constitute an
alternative to the display technologies discussed so far [46,88,109]. These techniques can
either involve immobilization on a simple solid support, as in the one-bead-one-
compound (OBOC) method [110,111], or derivatization with a nucleotide tag, as in DNA-
encoded-libraries (DELs) [88,112]. Either way, the core idea is the same: the starting
material (with or without the nucleotide tag) is split into X portions, each of which is
reacted with an AA (either proteinogenic or not); then the products are pooled, mixed,
split again and subjected to a new round of chemical synthesis. This process is repeated n
times to generate a random library composed of X" peptides, which is then screened
against an immobilized target to select the hit(s) according to the binding affinity. In DELs,
each addition of a building block is performed along with DNA-barcode ligation (Figure
12), so that the hit compound(s) can be identified by next-generation sequencing (NGS).
On the other hand, OBOC is less expensive as it does not require DNA barcodes, but
demands a more complex hit identification through MS/MS analysis. In any case, the split-
and-pool techniques allow access to a vast chemical space, even with a few rounds, thanks
to the fact that they rely on synthetic chemistry rather than display platforms, allowing
easy incorporation of diverse npAAs.
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Figure 12. Schematization of the preparation of DNA-encoded libraries (DELs) with the split-and-
pool technique. The starting material is ligated to a DNA fragment, split into X fractions, each of
which is coupled with a different amino acid. Concurrently, a DNA barcode is ligated. The products
are mixed together and then split again in X fractions, each of which is subjected to a second
coupling reaction and addition of a DNA fragment. These steps are repeated n times to yield a DEL
containing (theoretically) X» different peptides, which can be cyclized by different methods and
screened against the target. The hit(s) can be identified by sequencing the DNA barcodes.

The OBOC approach was employed by Liu et al. to identify a macrocyclic inhibitor
of the interaction between calcineurin (Cn) and the nuclear factor of activated T cells
(NFAT), endowed with a Kp <1 uM and therapeutic potential as an immunosuppressive
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agent [113]. Similarly, Dewan et al. reported the discovery of an HIV-1 capsid (CA)-
human lysyl-tRNA synthetase (hLysRS) interaction inhibitor with nanomolar Ko and in
vitro ICso of ~1 uM [114]. Another OBOC screening campaign led to the identification of
potential anticancer agents targeting the K-Ras—effector interaction, as reported by
Briesewitz and Pei [115,116]. More recently, a DEL screening was employed by Silvestri et
al. to discover a nonapeptide inhibitor of the p53/MDM2 interaction (one of the most
investigated PPIs and a driver in oncogenesis) with potency in the nanomolar range [117].

3.4. Computational and Al-Based Design of Cyclic Peptides

Computational methods leverage the data accumulated over decades of
experimental structural biology, providing complementary strategies that reduce the
experimental workload through synergistic integration with these datasets. While the
discovery methods discussed above—based on iterative rounds of experimental
screening —are limited by high cost, time consumption and restricted chemical space, in
silico approaches enable iterative computational design and optimization of hits prior to
experimental validation, thereby reducing the number of peptides that need to be
synthesized and tested to identify a lead compound. Furthermore, computational
methods allow (in principle) easier access to npAAs, thus facilitating the exploration of a
wider and more diverse chemical space, although it must be noted that even the most
recent Al models still suffer some limitations in handling npAAs [24,118].

Nowadays, in silico approaches can be roughly divided into physics-based methods
and Al or data-driven methods [24,118]. The former includes molecular docking,
molecular dynamics (MD), free energy calculations and quantum mechanics; they are
based on explicit modeling of molecular structures and their interactions based on
physical principles and are physically grounded and mechanistically interpretable, but
they are also computationally demanding. The latter include AlphaFold-derived models,
protein language models (PLMs), graph neural networks and generative models; they
learn statistical patterns from large datasets, have a higher throughput and are
increasingly employed in de novo ligand design and virtual screening, although their
predictions are generally less mechanistically interpretable. Each of these tools can be
employed for different specific purposes and at different stages in the discovery of cyclic
peptide therapeutics, from de novo design to pharmacokinetic predictions. However, the
optimal strategy in modern drug discovery is to use them synergistically within a “closed-
loop” framework, in which generative models design molecular backbones that are
subsequently validated through physics-based approaches (e.g., molecular dynamics
simulations) to identify and eliminate potential “structural hallucinations”, i.e., de novo-
generated structures that are geometrically complementary but thermodynamically
unstable. The resulting data are then fed back into the generative models for iterative
refinement and optimization. Further integration with experimental validation enhances
the reliability of these computational approaches and helps reduce attrition rates.

3.4.1. Structure Prediction

Structural prediction of peptides lacking experimental 3D data is crucial for drug
development, although challenging due to cyclic constraints and conformational
flexibility.

Traditional predictions often involve physics-based methods with parametrized
force fields (e.g., molecular dynamics, conformational sampling, protein structure
templates and secondary structure building) and provide detailed insights, although they
are computationally expensive [33]. The development of the software Rosetta by Baker
and co-workers in the 1990s is considered a milestone in the field of de novo protein
design, thanks to its ability to reproduce the fundamental forces underlying protein
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folding [119,120]. More recently, the same research group modified their software to
enable design of cyclic peptides and insertion of both D and L amino acids [121,122].

On the other hand, deep learning approaches rely on large datasets of known protein
structures to provide sequence-based predictions with high accuracy and efficiency. The
most notable example is AlphaFold [123], which demonstrated outstanding accuracy in
predicting protein 3D structures, an achievement that was recognized with the 2024 Nobel
Prize in Chemistry to Baker, Hassabis and Jumper [124]. Sequence-based PLMs represent
a complementary platform, as they extract information directly from amino acid
sequences without explicitly predicting 3D structures [125]. Despite these remarkable
advancements, the development of dedicated models for cyclic peptides is limited by
scarce training data for this class of compounds. Hybrid approaches (e.g., APPTEST [126],
StrEAMM [127], and CRiSP [128]) were therefore conceived to address this limitation by
integrating conventional structure prediction methods with AI models. More recently,
fully Al-based models specifically developed for cyclic peptide structure prediction have
begun to emerge. Deep learning models derived from AlphaFold such as AfCycDesign
[129], HighFold [130] and AlphaFold3 [131] are examples of such tools, whereas PepSeA
[132] and PepBAN [133] are representative of PLM-derived platforms.

Incorporating npAAs into these models is one of the main challenges today. While
AfCycDesign [129] requires integration with physics-based methods to achieve this goal,
second- and third-generation models (e.g., NCPepFold [134], CyclicBoltzl [135],
HighFold2 [136] and HighFold3 [137]) aim to solve the problem by using atomic-scale
representations. One of the most recent achievements in this field is represented by the
work of Wu and Zou, who accurately predicted the 3D structure of small cyclic peptides
incorporating noncanonical structures, both in terms of cyclization linkages and amino
acid side chains and backbones [138].

3.4.2. Ligand Design

Another task that computational and Al tools can address is the design of novel
ligands. Two main approaches can be adopted: template-based design and de novo
design. The first takes advantage of available structural information (e.g., from known
ligands, binding epitopes or ligand-receptor complex interfaces) to guide the
optimization of cyclic peptides [118,139,140]. Molecular dynamic (MD) simulations and
Rosetta are essential tools in this field, and they were used to discover selective ligands of
histone deacetylases [141] and the New Delhi metallo-{3-lactamase 1 [142].

In de novo design, novel cyclic peptide sequences are generated computationally to
target proteins without known ligands or binding epitopes [143]. New sequences and
scaffolds can be explored using computational and generative Al methods, including
random evolutionary algorithms [144], hotspot identification and fragment growth (e.g.,
Des3PI [145] and CYC_BUILDER [146]), AlphaFold-based tools (such as AfDesign-cyclic
[147] and EvoBind2 [148]), and the diffusion-based model RFpeptides [149]. Among these,
the methods based on generative Al represent the most recent advance in the field, and
their effectiveness has been proven in recent publications. For example, Wu et al.
combined controlled generative modeling and discriminative modeling based on
advanced deep learning to identify cyclic peptides targeting interleukin-17C (IL-17C), a
cytokine involved in inflammatory diseases [150]. Xu et al. reported on the discovery of
cyclic peptides targeting the intracellular protein KRAS (a GTPase involved in several
cancers). The authors developed a model that combines hierarchical editing language for
macromolecules (HELM) representation and a generative pre-trained transformer (GPT)
with reinforcement learning. This model, named HELM-GPT, was able to co-optimize
both binding affinity and cell permeability [151]. Another model, i.e., the aforementioned
AfCycDesign, was able not only to predict with high accuracy the structures of cyclic
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peptides deposited in the Protein Data Bank (PDB), but also to redesign macrocyclic
backbones capable of folding into desired structures, enabling de novo design of peptide
binders for selected targets [129]. Finally, Li et al. employed EvoBind2 to design both
linear and cyclic peptides targeting a semi-synthetic ribonuclease (PDB ID: 1SSC), used as
a proof-of-concept model protein [148]. All of these approaches were validated through
wet-lab experiments, thus supporting their viability.

Overall, in silico design techniques enable rational optimization of affinity and
specificity, although they are still limited by sampling inefficiency, energy function
inaccuracies, computational costs and restricted chemical space (especially for
noncanonical amino acids, which still represent a major challenge). Al-based generative
design is often based on a methodology called “hallucination”, in which peptide
sequences are iteratively optimized toward a desired structural or functional objective
(e.g., interaction with a target protein) based on Al-predicted structures. Starting from
random sequences, mutations that improve the objective are retained until a novel
candidate is generated. However, the resulting designs may not always be
thermodynamically stable or experimentally viable, requiring further physics-based and
experimental validation [147,152-155].

3.4.3. Virtual Screening (VS)

Modern VS integrates docking, free energy calculations, MD and machine learning,
enabling high-throughput evaluation of large cyclic peptide libraries to prioritize
potentially active candidates for experimental validation. By identifying likely failures at
an early stage, VS also helps reduce research and development costs and accelerates
overall timelines.

VS methods are generally classified as ligand-based or structure-based: the former
prioritize compounds based on their similarity to known active ligands, whereas the latter
evaluate the complementarity between candidate molecules and the target binding
surface [156-158]. The ligand-based approach was used by Duffy et al. to screen a
combinatorial virtual library of cyclic peptides against a pharmacophore model derived
from known ligands, eventually identifying a lead-like thrombin inhibitor [159].
Conversely, the structure-based approach was used by Chen et al. to identify cyclic
peptides able to bind the ATAD2B protein, using a combination of molecular docking and
MD, further refined by free energy calculations [160].

While these traditional VS approaches offer clear advantages—such as cost-
effectiveness and efficiency, especially in comparison to experimental HTS —they also
present some limitations: the exploration of large chemical spaces remains
computationally demanding and often requires approximations that can affect accuracy.
For example, they often consider rigid target conformations only, overlooking the
dynamic structural changes that are crucial in PPIs and protein—cyclic peptide
interactions, leading to a high rate of false positives [161]. Moreover, binding energy
estimates derived from traditional physics-based methods (e.g., molecular docking, MM-
GBSA, free energy perturbation) rely on explicit modeling of both 3D structure and
molecular interactions between the cyclic peptide and its target, providing physically
interpretable results, but at high computational cost. In addition, these methods rely
heavily on detailed, target-specific knowledge and quality of starting structure, meaning
that protocols optimized for one system are not easily transferable to others, thereby
limiting their broader applicability in cyclic peptide drug discovery [118].

On the other hand, recent progress in machine learning has introduced a powerful
addition to VS, mitigating some of these limitations. Exploiting large experimental
datasets, Al-based models can learn complex relationships between molecular features
and biological activity, enabling fast prediction of binding affinity and drug-like
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properties for cyclic peptide candidates. Unlike conventional methods, they do not strictly
depend on high-resolution structural information or extensive target-specific expertise,
and their ability to capture intricate patterns from sequence to structure and function can
substantially improve screening performance [118]. Examples of Al tools used in VS
campaigns include PepExplainer [162], PepScaf [163] and AlphaFold2 [164-166].
However, while AlphaFold-based methods provide rich structural information at a
relatively high computational cost, PLMs (e.g., ESMFold [167,168], ProtT5 [169]) are much
faster and more scalable, as they operate directly on the amino acid sequence without
accurate 3D structure prediction. However, also in these cases, one must be aware of
potential pitfalls: when dealing with PPIs and cyclic peptides there is a risk of using
experimental datasets that are relatively small and biased toward natural amino acids.
Therefore, the best approach to leverage computational advances in cyclic peptide drug
discovery is to integrate the different available tools, for example, starting with PLMs to
screen large peptide sequences, then applying Al-based structure prediction models (e.g.,
AlphaFold-derived methods) for more accurate structural modeling of the top candidates,
and finally refining the results with physics-based methods, thus increasing
computational demand at each step on a progressively restricted set of candidates. In
addition, integration between virtual screening and experimental validation with
iterative, real-time feedback is crucial for model validation and subsequent optimization.

3.4.4. Prediction of Pharmacokinetics and Drug-likeness

Computational approaches are increasingly being used for predicting key
pharmacokinetic (PK) parameters and drug-likeness in early phases of drug discovery.
Absorption, distribution, metabolism, excretion (ADME) and toxicity issues constitute
one of the major risks of attrition for any drug candidate, including cyclic peptides [170-
173]. Therefore, assessing those properties in advance is essential for identifying potential
liabilities and streamlining the optimization process, in accordance with the paradigm
“fail fast, fail cheap”. While experimental evaluation of the pharmacokinetic profile is
costly, time-consuming and has a limited throughput, in silico methods offer a cheaper
and quicker complement that can enhance the success rate of the drug discovery process.
For cyclic peptides, the most crucial PK properties are membrane permeability (which
influences oral bioavailability and access to intracellular targets) and half-life (as peptide-
based drugs are susceptible to rapid metabolism). These can be predicted with data-
driven and statistical models, physics-based methods and machine learning models.

In particular, the prediction of membrane permeability for cyclic peptides follows
principles that differ from those governing small molecules, whose permeability is
typically assessed based on parameters such as molecular size, hydrogen-bonding
capacity, and logP (o/w). As discussed previously, the behavior of cyclic peptides is better
explained by the “chameleon hypothesis,” which reflects their ability to adopt different
conformations in response to the surrounding environment [32,174]. Statistical
approaches like quantitative structure—property relationship (QSPR) enable rapid
predictions but depend strongly on experimental datasets and often fail to capture 3D
structure and dynamics [175,176]. Physics-based models and MD simulations provide
mechanistic insights into membrane permeation, including conformational changes and
energy barriers, although they require calibration and are computationally demanding
[177-179]. Machine learning methods (e.g., random forest regression models) improve the
prediction of cyclic peptide membrane permeability by combining higher speed with
greater accuracy, although their performance remains limited by data scarcity and
structural complexity. The development of dedicated datasets such as CycPeptMPDB
[180] has helped address these issues, enabling the training of more robust models.
Leveraging these curated datasets, recent multimodal approaches (e.g., Multi_CycGT
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[181], CycPeptMP [182], MuCoCP [183] and PEGASUS [184]) integrate structural,
physicochemical, and sequence information, leading to enhanced predictive performance.
However, limitations persist due to incomplete 3D structural representation and the
prevalence of npAAs in available datasets [185]. Emerging structure prediction tools like
AlphaFold3 [131] and RoseTTAFold All-Atom [186], as well as the chemical language
model PeptideCLM [187], are expected to further improve model accuracy in this field.

Prediction of peptide half-life, on the other hand, relies on both rule-based and
machine learning approaches. N-end rule models such as ProtLifePred and ProtParam
estimate stability from N-terminal residues (e.g., Arg and Lys activate ubiquitin-
proteasome degradation), but are limited by their simplified view and lack of structural
and physiological context [188,189]. Machine learning methods improve predictive
performance, particularly for blood stability, yet remain constrained by (i) limited and
heterogeneous datasets and (ii) their inability to predict half-life variability across species
and organs, or upon peptide modifications [190-192]. Recent advances address these
issues through the development of high-quality, diverse datasets and more sophisticated
models that integrate enzymatic cleavage features and multimodal descriptors, including
3D structure, PLMs and graph neural networks. Furthermore, recent advancements in the
development of multimodal frameworks are enabling more accurate assessment of safety
and toxicity [193,194]. These improvements have significantly enhanced prediction
accuracy across different biological contexts, effectively supporting peptide drug
development [192,195,196].

4. Conclusions

Cyclic peptides have established themselves as a versatile and increasingly viable
modality for targeting PPIs, effectively bridging the gap between small molecules and
biologics. Their ability to mimic protein epitopes, combined with enhanced conformational
stability and improved pharmacological properties, makes them particularly well suited to
address the challenges posed by PPI interfaces [25,31,34]. The increasing number of cyclic
peptides that reached regulatory approval, as well as the progression of several others into
clinical trials—including orally bioavailable candidates —further highlights the therapeutic
value of this class of molecules [6,18,98,118].

The diversity of available discovery strategies, from natural products to rational
design and high-throughput screening, provides multiple approaches for the
identification of bioactive scaffolds. Importantly, these strategies are not mutually
exclusive but are most effective when integrated within iterative workflows that combine
experimental and computational methods. Furthermore, the fundamental importance of
multi-parameter optimization and rigorous translational validation is being increasingly
recognized: besides binding affinity, early evaluation of in-cell target engagement,
pathway modulation, cell permeability, solubility and metabolic stability is crucial to
reduce attrition rates. Most cyclic peptides fall in the “beyond-rule-of-5” chemical space,
thus posing significant challenges in their pharmacokinetic optimization [175,197]. In this
context, recent advances in Al-driven tools are gaining increasing importance, enabling
more efficient exploration of chemical space, improved structure prediction, and more
accurate estimation of drug-like properties. Despite these advances, several challenges
remain, including limited availability of high-quality datasets (unbiased toward natural
or non-natural amino acids), difficulties in accurately predicting permeability and in vivo
stability, and the intrinsic complexity of PPI interfaces. Addressing these limitations is
expected to shape future research directions. These include expanding the scope and
throughput of wet-lab screening methods (with platforms that can accurately mimic
cellular environment), effective incorporation of npAAs (both in synthetic and
computational methodologies) and curation of better experimental datasets, suitable for
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the development of Al models. These represent just a few examples of the efforts that will
likely drive future advances in the field, requiring continued development of hybrid
methodologies, improved data integration, and closer combination of in silico predictions
with experimental validation [25,88,89].

Finally, it is worth noting that most of current research focuses on PPI inhibition,
whereas the stabilization of beneficial PPIs is equally promising but remains relatively
underexplored. Cyclic peptides may serve this purpose as well, representing a valuable
starting point for the development of molecular glues, proximity inducers and stabilizers
of ternary complexes [198].

Overall, the field is rapidly evolving, and cyclic peptides are expected to play a
pivotal role in expanding the druggable proteome. Continued innovation in design
strategies, screening technologies, and computational methods will be essential to fully
unlock their therapeutic potential.
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