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Abstract

Computational Peptide Design Methods for
Drug Discovery Targeting Protein-Protein Interactions

by Takatsugu Kosugi

Drug discovery targeting protein-protein interactions (PPIs) has attracted much attention and
has potential applications in several disease areas. Various modalities have been explored in PPI
drug discovery. The physicochemical properties of the broad and shallow PPI interface are different
from those of a typical ligand pocket, making it difficult to design effective PPI drugs with small
molecule compounds. In addition, antibodies cannot target intracellular proteins, cannot be orally
administered, and are moreover more costly to manufacture. Therefore, peptides are attracting
attention as a PPI targeting modality as molecules that have properties of both small molecules and
antibodies. The peptides are composed of 20 amino acids and have the advantage of binding to broad
and shallow PPI interface. Peptides have also been developed that have various physical properties
that allow them to permeate cell membranes. Peptides are easily degraded by digestive enzymes,
but attempts are being made to improve their bio-stability by cyclization. On the other hand, there
are several challenges in designing peptides computationally. The more residues a peptide has, the
wider the search range becomes and the more difficult it is to search for all peptide sequences. In
addition, peptides are flexible molecules, and so far, accurate prediction of their structure and affinity
prediction by calculating their energy scores have not been developed. The high computational cost
of using physicochemical energy calculations based on molecular simulations has been a necessary
challenge. As a result, efficient exploration of peptide sequences is a difficult task. Although physical
properties such as solubility and membrane permeability need to be considered for drug-discovery
molecules, it is also difficult to incorporate these properties in conventional peptide design methods.
While cyclic peptides are superior in terms of metabolism and stability, predicting the complex
structure of cyclic peptides with target proteins has been considered challenging, which complicates
computational design.

To address the challenges of peptide design, with a focus on optimization of physical properties
and structural diversity, an approach combining protein structure prediction methods and deep
network hallucination was employed in this study. Among the optimization of physical properties,
solubility was selected as a example. In addition, it focuses on expanding the scope of application
to cyclic peptides, which could not be addressed by the peptide design method based on protein
structure prediction methods.

First, this study focused on linear peptides. Using the deep network hallucination method,
which relies solely on the loss function that utilizes AlphaFold’s output, a trend was observed
where peptide sequences with high binding abilities exhibited poor solubility, posing challenges for
sequence design. To ensure solubility, this study proposed a sequence design method that optimizes
both solubility and binding ability by designing a loss function that utilizes not only AlphaFold’s
output but also the physical property index values of the amino acid residues used in the sequence.
As a result, it became possible to design sequences that can be expected to bind while maintaining
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solubility. The designed peptides were evaluated for their solubility and estimated binding energy
and compared with native peptides. In the design for the MDM2/p53 target, actual improvements
in solubility and decreases in estimated binding energy were confirmed. In particular, compared to
PDIQ, which has the highest binding ability to MDM2, successful design of peptide sequences with
good computational binding free energy values was achieved. The designed sequences tend to be
very similar to the native p53 sequence with regards to the amino acid residues interacting with
the MDM2 hotspot. The other amino acid residues tend to be composed of hydrophilic residues,
which allowed for the design of sequences with high solubility, despite having low estimated binding
energy.

In addition, this study also made it possible to handle cyclic peptides. Inspired by Rettie’s
method of cyclizing the N-ter and C-ter of AlphaFold’s input sequence, an approach was imple-
mented to enable the prediction of protein-cyclic peptide complex structures using AlphaFold. This
allowed for high-precision protein-cyclic peptide complex structure prediction. Furthermore, the
deep network hallucination method was implemented to design cyclic peptide sequences that can be
expected to have target binding ability, just like linear peptides. Successful design of cyclic peptides
for some protein-peptide complexes, including the MDM2/p53 target, and the PD1/PD-L1 target,
which is a protein-peptide complex were achieved.

To evaluate the accuracy of the coupling free energy calculations by InterfaceAnalyzer, a molec-
ular mechanics/generalized Born surface area (MM/GBSA) method, a common approach for cal-
culating binding free energy in the virtual screening of small molecules, was utilized to calculate
the estimated binding energy of peptides that target MDM2. This method offers a balance be-
tween computational cost and accuracy. A correlation of 0.944 was observed between the calculated
binding free energies of MM/GBSA and the experimentally measured IC50 values. Furthermore, a
correlation of 0.863 was observed between the calculated binding free energies of MM/GBSA and the
InterfaceAnalyzer score. These findings suggest the potential of the InterfaceAnalyzer method for
efficiently measuring the estimated binding energy of a large number of designed peptides, thereby
reducing computational costs.

In conclusion, this study has made progress in the field of peptide design for PPIs. The method
developed in this research achieves simultaneous optimization of solubility and estimated binding
energy, and also enables the design of cyclic peptides. Furthermore, it demonstrates the potential
of deep network hallucination based methods in protein design, offering promising directions for
future research in this field.
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Chapter 1

General Introduction

1.1 Protein

Proteins are the most abundant biomolecules within living organisms. Fundamentally, proteins are
composed of 20 different types of amino acids, each with distinct chemical properties. Both peptides
and proteins are polymers of amino acids, although there is no clear definition of length. In this
subsection, an overview of amino acids, peptides, and proteins will be provided.

1.1.1 Amino Acids

Amino acids are the smallest units that make up proteins. While it is widely known that there are 20
standard amino acids, there are actually two additional ones that exist in certain organisms (these
are selenocysteine and pyrrolysine, which are incorporated into proteins during synthesis under the
control of specific codons, usually interpreted as stop codons. Selenocysteine is often referred to as
the 21st amino acid and pyrrolysine as the 22nd [1, 2]). They are typically represented by either a
single-letter or a three-letter (e.g., alanine represents A or Ala).

Amino acids, the building blocks of proteins, typically have a structure in which a carbon atom
is bonded to a hydrogen atom, an amino group, and a carboxyl group [1]. This forms the basic
structure common to all standard amino acids. However, even within the 20 standard amino acids,
there are several that are structurally unique. For instance, glycine, the simplest of all amino acids,
does not have a chiral center, which distinguishes it from the other amino acids. Proline, another
exception, has a cyclic structure, being the only amino acid in which the side chain is connected
to the protein backbone in two places. Each amino acid has a unique structure known as an R
group or side chain. This side chain determines the distinct properties of the amino acid, such as
polarity, non-polarity, acidity, and basicity [1]. It also dictates how the amino acid functions as
part of a protein. For instance, polar amino acids readily interact with water molecules, aiding in
the solubility of proteins in aqueous solutions. In contrast, non-polar amino acids tend to avoid
water, causing proteins to fold in such a way that the hydrophobic amino acids are located inside
the protein. In addition, the acidity or basicity of side chains is related to interactions between
proteins. Acidic amino acids such as aspartic acid and glutamic acid tend to donate protons, while
basic amino acids such as lysine, arginine, and histidine tend to accept protons. This results in
charge interactions between these amino acids, which contributes to the formation and stability of
the tertiary and quaternary structures of proteins [1].
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1.1.2 Peptides

a b

c d

Figure 1.1: Example of structural formula of peptide hormone Some short peptides
function at low concentrations. Some of the hormones are short peptides, showing the
structures of oxytocin (a), vasopressin (b), bradykinin (c), cyclosporine (d). These

were drawn using PDB’s Chemical Sketch Tool.

Peptides, polymers of amino acids linked by peptide bonds, are categorized by the number of
amino acids they contain. The nomenclature ranges from “dipeptides” containing two amino acids,
“tripeptides” with three, to “oligopeptides” comprising a few, and “polypeptides” consisting of many
amino acids [3].

Some short peptides function at low concentrations, and some hormones are prime examples of
such peptides. For example, oxytocin [4], which is a nonapeptide, is produced in the hypothalamus
and is secreted by the posterior pituitary gland. It plays an indispensable role in childbirth and
lactation by inducing uterine contractions, thus facilitating childbirth and promoting milk secretion
during nursing. Vasopressin [5], which is also a nonapeptide, shares a similar origin with oxytocin
as it is also synthesized in the hypothalamus and released from the posterior pituitary gland. Vaso-
pressin serves as an antidiuretic hormone. Its function is to increase blood pressure by constricting
blood vessels and to hinder diuresis by increasing water reabsorption in the kidneys. Bradykinin [6],
a nonapeptide like oxytocin and vasopressin, is classified as a local hormone, also known as an auta-
coid. It triggers tissue inflammation and is involved in inflammation, vasculitis, and pain. As shown
in Figure 1.1, oxytocin and vasopressin are examples of cyclic peptides, formed by a disulfide bond
between distant cysteine residues within the peptide. On the other hand, bradykinin is an example
of a linear peptide. Some peptides exist in a cyclic form where the amino group at the N-terminus
and the carboxyl group at the C-terminus form a peptide bond. A typical example is cyclosporine,
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a potent immunosuppressive metabolite from fungi. As shown in Figure 1.1, cyclosporine contains
not only the 20 standard amino acids but also non-standard amino acids such as D-alanine and
α-Aminobutyric acid [7].

Although some examples of peptides have been given, there is no strict boundary in terms of size
between peptides and proteins. No precise definition has been made and in the literature it varies
from having less than 30 residues [8, 9] to less than 50 residues [10, 11]. Also, peptides consisting
of 3-7 amino acids are referred to as ultra-short peptides, but this also varies by paper [12–14].
Thus, there is no clear consensus among scientists about the length of peptides. While the textbook
represents molecular biology “Molecular Biology of the Cell” described that proteins come in a wide
variety of shapes, and are generally between 50 and 2000 amino acids long [1]. The International
Union of Pure and Applied Chemistry (IUPAC) described that an oligopeptide consists of about 10
to 20 or fewer amino acids, a polypeptide has more than 20 residues, and a protein is known to have
more than about 50 residues, although the point at which these terms are used can vary greatly
depending on the author [15]. The Food and Drug Administration (FDA) has defined the length
of a protein in the context of biological products [16]. The FDA revised its rule defining “biological
product” to incorporate the changes made by the Biologics Price Competition and Innovation Act
of 2009 and the Further Consolidated Appropriations Act, 2020. The agency issued a final ruling,
which was initially proposed in 2018 [17] and officially confirmed in 2020 [18]. This ruling includes
proteins in the definition of a biological product and provides an interpretation of the statutory
term “protein”. According to this final rule, the term “protein” refers to an α-amino acid polymer
with a defined specific sequence that is greater than 40 amino acids.

In the present study, the FDA’s revised definition from 2020 is adhered to, defining an amino
acid polymer larger than 40 amino acids as a protein and an amino acid polymer of 40 amino acids
or less as a peptide. Out of the 106 amino acid polymer drugs surveyed in this study, 93 fit this
definition (Appendix A.1). Among them, more than 75% had 16 residues or less, and Plecanatide,
with 16 residues, was the largest peptide drug administered orally.

1.1.3 Proteins

Proteins are fundamentally composed of 20 different types of amino acids, each with distinct chemi-
cal properties, encoded directly by codons [1]. Human proteins are coded by 20,162 consensus genes,
each with a specific amino acid sequence [19]. The two ends of a protein are chemically distinct and
directional. The terminus with the amino group is called the N-terminus, and the terminus with the
carboxyl group is called the C-terminus. The amino acid sequence of a protein is always synthesized
in the direction from the N-terminus to the C-terminus, and its amino acids are also written from
left to right. The characteristics of a protein in each region when it folds are determined by the
chemical properties of the side chains of each amino acid, such as hydrophobicity, hydrophilicity,
and positive or negative charge [1]. Examples of amino acids with nonpolar side chains in proteins,
such as phenylalanine, leucine, valine, and tryptophan, tend to gather inside the protein to avoid
contact with water. On the other hand, side chains with polarity, such as arginine, glutamine, and
histidine, tend to be located outside the protein and can form hydrogen bonds with other polar
molecules and water [1].
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Protein folding is caused by noncovalent bonds, namely hydrogen bonds, ionic bonds, and van
der Waals forces, formed by the atoms of the chain backbone and the atoms of the amino acid side
chains. The stability of the folded shape of a protein is determined by the combined strength of
these numerous noncovalent bonds [20]. As a result of these interactions, each type of protein has
a specific three-dimensional structure, and the final folded structure of the protein generally folds
into one stable conformation where the free energy is minimized. However, when a protein interacts
with other proteins or other molecules in the cell, its conformation changes [21, 22].

The structure of proteins is divided into four levels: primary structure, secondary structure,
tertiary structure, and quaternary structure. The primary structure refers to the sequence of amino
acids, namely the order of amino acids linked by peptide bonds. This is the basic structure of the
protein and forms the basis for other levels of structure [1]. The primary structure of a protein is the
sequence of its constituent amino acids, each represented by a one-letter or three-letter code. The
secondary structure refers to the specific shapes formed by the primary structure, particularly alpha
helices and beta sheets. These are formed by hydrogen bonds and present specific patterns. The
tertiary structure shows how the elements of the secondary structure are spatially arranged. This
refers to how the protein actually looks, or its three-dimensional shape. This is mainly determined
by the interaction of the R groups. The quaternary structure refers to the structure formed by
multiple polypeptide chains, namely subunits coming together. These chains are bound together
by non-covalent bonds, hydrogen bonds, or affinity interactions. There is no clear consensus among
scientists, but as defined in the peptides subsection, in this study, amino acids polymer with more
than 40 residues are defined proteins. Proteins are essential for the structure and function of living
organisms, and their roles are diverse. For example, there are functional proteins such as actin [23]
and tubulin [24], are structural proteins that form the cellular skeleton. Hemoglobin [25] is a trans-
port protein that carries substances through the cell membrane. Examples of cell surface receptor
proteins, which play a role in the transmission of signals from outside the cell to inside, include G
protein-coupled receptors [26], receptor tyrosine kinases [27], and ion channel type receptors [28].
Immunoglobulins are antibodies produced by the immune system that have the ability to recognize
specific antigens[29].

1.2 Protein-Protein Interaction (PPI)

Proteins are associated with various biological processes, such as signal transduction and metabolism,
and play a fundamental role in many cellular activities [30]. Many of these biological processes are
regulated through protein complexes and are controlled by protein-protein interactions (PPIs) [31,
32]. By December 2023, approximately 950,000 non-redundant human protein-protein interactions
(PPIs) have been identified, primarily through high-throughput experimental methods and exten-
sive manual curation of the literature (BioGrid 4.4.228, December 2023) [33]. PPIs form a complex
network known as the interactome [19, 30]. Abnormalities in the PPI process are known to be asso-
ciated with many diseases, such as cancer, neurodegenerative diseases, and genetic disorders [34–36].
As such, PPIs are increasingly being recognized as potential drug targets [37–41].
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1.3 Drug Discovery for PPIs

PPIs have emerged as a promising target in drug discovery [37–41]. Unlike traditional drug targets
such as enzymes and receptors, which have been explored extensively, PPIs represent untapped and
underexplored resources, thereby providing new opportunities for drug discovery. Here are a few
reasons why PPIs are promising drug targets:

1. Diverse and abundant: PPIs are numerous and are involved in virtually all cellular pro-
cesses [30]. This abundance and diversity make them a vast resource for drug target discovery.

2. Disease association: Many diseases are associated with aberrant PPIs, including cancer, neu-
rodegenerative diseases, and infectious diseases [34–36]. Thus, modulating these interactions
can provide therapeutic benefits.

3. Novelty: Traditional drug targets, such as enzymes and receptors, have been well explored [42,
43]. In contrast, PPIs represent a largely untapped resource that offers new opportunities for
drug discovery.

examples of a successful drug targeting a PPI is Epidermal growth factor receptor (EGFR) com-
plexed with the inhibitor Gefitinib [44], Atezolizumab [45, 46] which is antibody to inhibit Pro-
grammed cell death protein 1 (PD-1) and programmed cell death 1 ligand 1 (PD-L1) intraction
and Venetoclax which is a inhibitor of intraction with B-cell lymphoma 2 (BCL-2) protein and
BCL-2-associated X protein (BAX) [47] traditional drug targets are becoming increasingly scarce
and drug discovery is becoming more challenging [42, 43], PPIs offer a potential targets.

Modalities are mainly small molecule compounds [47, 48], peptides [49, 50], and antibodies [45,
46] and each modality is known to have its own challenges. [51–59].

Antibodies are proteins produced by the immune system in response to antigens, and they
have the ability to bind specifically to antigens. The most common form is an Y-shaped molecule
composed of two heavy chains and two light chains. The heavy and light chains of these antibodies
are encoded by genes that undergo a complex process of recombination and mutation, allowing the
immune system to produce antibodies that can recognize a wide array of antigens [60, 61]. The
design of antibodies that inhibit the interaction of proteins expressed on the surface of the cell
membrane has been successful [45, 46]. Atezolizumab is one such example, which recognizes the
protein-protein interaction (PPI) interface [46]. As shown in Figure 1.2, there is a common area
shared between the region where PD-L1 and atezolizumab interact and the interface where PD-1
and PD-L1 interact. This suggests that atezolizumab specifically targets a portion of the PD-L1 PPI
interface found on the PD-L1 side of the PD-1/PD-L1 complex. There have been several successful
examples of designing antibodies to inhibit the interaction of proteins expressed on the surface of
the cell membrane [45, 46], but there are some challenges. The discovery of antibody drugs targeting
PPIs offers high specificity for molecular targets and has stability in human serum [62]. However,
antibody production is complex and expensive [63], and the uptake of antibodies by tumors depends
on a delicate balance between favorable pharmacokinetics and efficient penetration and retention
in target tissues, and various properties of monoclonal antibodies, such as molecular size, shape,
affinity, and titer, control these properties, so pharmacokinetics and tumor tissue reach may be
insufficient [64]. Specifically, in a mouse xenograft model, mAbs against tumor-specific antigens are
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Figure 1.2: Programmed cell death protein 1 (PD-1) complexed with pro-
grammed cell death 1 ligand 1 (PD-L1) (a), PD-1-PD-L1 interaction interface (b),
Atezolizumab-PD-L1 complex (c), and interaction interface between Atezolizumab
and PD-L1 (d). Cyan, pink, magenta, gray, green, and orange indicate PD-1, the
interaction interface between PD-1 and PD-L1, the common areas of the interac-
tion interface between PD-1 and PD-L1 and the interaction interface between Ate-
zolizumab and PD-L1, PD-L1, the heavy chain of Atezolizumab, and the light chain

of Atezolizumab respectively.

largely confined to the bloodstream, and it has been reported that no more than 20% of the normal
dose interacts with the tumor [65]. There are also functional limitations of therapeutic antibodies,
such as impaired interaction with the immune system.

The targets of conventional small-molecule drug discovery are primarily focused on protein-
ligand interactions such as enzymes, ion channels, and receptors. This is because these targets
contain clear ligand-binding sites with which small molecules can interact [43]. Small molecule
drugs are generally organic compounds of 500 daltons or less. Compounds that violate the following
criteria, known as Lipinski’s “Rule of Five” (Ro5) [66], must demonstrate poor oral absorption and
bioavailability:

• Molecular weight greater than 500

• calculated LogP (the logarithm of the octanol/water partition coefficient) greater than 5.

• more than 5 hydrogen bond donors
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Figure 1.3: Examples of conventional target ligand pockets and PPI interfaces.
Epidermal growth factor receptor (EGFR) complexed with the inhibitor Gefitinib (
(PDB ID: 4WKQ) (a) Cyclin-dependent kinase 2 (CDK2) complexed with inhibitor
Roscovitine (PDB ID: 2A4L) (b) B-cell lymphoma 2 (BCL-2) in complex with Bcl-2
Homology 3 domain (BH3) peptide in BCL-2-associated X protein (BAX) (PDB ID:
2AX0) (c) Mouse double minute 2 homolog (MDM2) complexed with p53 peptide
(PDB ID: 1YCR) (d) These figures were drawn in PyMOL. Blue indicates the ligand
or peptide, and pink indicates the surface of the heavy atoms of each target protein
within a 5 Å radius of the heavy atoms of the ligand or peptide. Gray occupies the
surfaces of other atoms; the center of gravity of the four complexes is placed at the
same coordinates, and the zoom is fixed so that the scale of each complex is the same.
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Table 1.1: Distribution peaks and optimized desirability function weightings of each
molecular physicochemical property. Using compounds targeting PPI from iPPI-DB
and compounds used for QED modeling, the following seven molecular physicochem-
ical properties of the non-redundant compounds in iPPI-DB were calculated. Molec-
ular weight (MW), LogP value by Ghose-Crippen method (ALogP), number of hy-
drogen bond donors (HBD), number of hydrogen bond acceptors (HBA), topological
molecular polar surface area (TPSA), number of rotatable bonds (ROTB), number

of aromatic rings (AROM) calculated with RDKit

MW ALogP HBD HBA TPSA ROTB AROM

Oral drug 305.8 2.70 1.20 2.38 57.5 3.04 1.8
PPI targeting compounds 492.7 4.78 1.61 4.79 76.9 6.37 2.8

• more than 10 hydrogen bond acceptors

In addition, Quantitative Estimation of Drug-likeness (QED) was developed using 771 oral drugs
and found that 91.3% orally administered small molecule drugs have a molecular weight of 500
daltons or less. Moreover, among 111 non-oral FDA-approved drugs administered via ophthalmic,
inhalation, and transdermal routes, there were eight drugs with a molecular weight greater than
500. Two of these were the cyclic peptide Cyclosporin A and the protein Insulin. [67]. Compounds
have been reported that violate the “Beyond Rule of 5” (bRo5) Lipinski’s rule but have oral and
membrane permeability [68]. Some small-molecule drug designs targeting PPIs have been successful,
including Venetocla and Ritonavir, which was approved by the FDA as an oral drug that inhibits
PPIs [47, 69], and others in the clinical stage [54, 70]. However, the physicochemical properties of
PPI drug targets are different from those of conventional drug targets, and drug discovery targeting
PPI remains a serious challenge [54, 71]. As shown in the example in Figure 1.3, the area of
the ligand pockets in conventional targets is usually 300-1000 Å2 [72], and Their pockets are deep
and narrow (the average volume of the pocket occupied by the ligand is 260 Å3) [73]. On the
other hand, the interface area of the interactions in PPIs is typically 1000-4000 Å2 [72], and Their
pockets are shallow and large (the average volume of the pocket occupied by the ligand is 54
Å3) [73]. Because of these differences between the pockets of protein-ligand binding sites and
PPI binding sites, the physicochemical properties of conventional target ligands and compounds
targeting PPIs differ. As shown in Table 1.1, PPI-targeted compounds in iPPI-DB [74] show higher
distribution values for these properties than those of orally administered drugs [71]. These properties
include molecular weight, LogP value, number of hydrogen bond donors, number of hydrogen bond
acceptors, topological molecular polar surface area, number of rotatable bonds, and number of
aromatic rings. [71]. Therefore, it is difficult to satisfy Ro5 in compounds that target PPIs, which
is one factor in the design of PPI-targeted compounds.

In summary, many PPI-targeting, small molecule compounds, and antibodies have been de-
veloped [74–76]. One factor is that small molecule compounds have favorable pharmacokinetic
properties, such as cell membrane penetration and oral bioavailability. However, the development
of small-molecule compounds, including bRO5, targeting PPIs remains a challenge because they are
not suitable for shallow and wide PPI interfaces [54, 77]. Antibodies, on the other hand, are gener-
ally suitable for wide PPI interfaces, have strong target specificity and high efficiency [45, 46], but
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are primarily an approach to extracellular targets, and intracellular targets remain a challenge. Be-
sides, side effects related to immune reactions with monoclonal antibodies are also challenging [63–
65].

Since 2000, 33 non-insulin peptide drugs have been approved, More than 170 peptide drugs (in-
cluding therapeutic proteins composed of more than 40 amino acids, such as insulin-like drugs) have
been clinically developed to date [56]. In addition, there are 58 therapeutic peptides targeting PPIs
in clinical stages, of which 13 are in Phase 1, 26 are in Phase 2, 15 are in Phase 3 (including Tim-
betasin, which consists of 43 amino acids), and 4 have pending new drug applications and are close
to approval [78]. Peptides can be designed based on hotspots to form high affinity and target speci-
ficity with target proteins, while retaining important properties in binding to target proteins [79].
However, despite their benefits, peptides pose challenges due to their instability under physiological
conditions, low oral bioavailability, and poor solubility. It should be noted that improving solubility
is a key factor in enhancing oral bioavailability and enabling oral administration of them [78, 80, 81].
Table 1.2 shows some of the advantages and disadvantages of peptide drugs [82]. Cyclic peptides
have emerged as more effective target modalities of PPI drugs compared to linear peptides because
they have several advantages. For instance, cyclic peptides often exhibit increased stability as a
result of their cyclic structure, which can better resist enzymatic degradation than linear peptides.
They also show better binding affinity and selectivity for their target molecules. Furthermore,
their unique conformation allows efficient penetration into cell membranes, an attribute often less
pronounced in linear peptides [83–85]. Twenty cyclic peptides have been approved in the past 20
years. Two of them are Romidepsin, which targets intracellular protein histone deacetylases, and
Voclosporin, which targets calcineurin [86]. Although there is a need for peptide drugs that target
PPIs, the number of such drugs is still small compared to that of small molecule and antibody
drugs.

1.4 Peptide Design Targeting PPIs

In this section, experimental and computational approaches to peptide sequence identification meth-
ods for PPI drug discovery are described. There are two main approaches to the computational
identification of peptides that are expected to bind to target proteins. One is peptide screening,
which selects peptide sequences with good energy scores or a probability of binding to the target
protein from a large number of peptide sequences, and the other is peptide design, which optimizes
sequences that are expected to bind to the target protein in a limited number of evaluations. In
addition, the challenges in identifying peptide sequences for the discovery of PPI drugs must be de-
scribed in terms of physical properties and the diversity of peptides that can be handled to enhance
the properties required for actual drugs, such as blood concentration and in vivo stability.

1.4.1 Experimental Methods for Peptide Sequence Screening

Traditionally, the process of identifying peptides that bind to target proteins in drug discovery has
been dependent on methods such as experimental screening, such as phage display [87, 88] and
mRNA display [89, 90]. Peptide-based binder that binds to a variety of protein targets has been
developed. For example, a 10-residue peptide made from 20 standard amino acids allows 2010,
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Table 1.2: Advantages and limitations of peptides as therapeutic drugs.

Advantages of peptides

General perspective
High activity and selectivity
Target specificity
Low toxicity

Superior to small molecule drugs
High target specificity and low side effects
Short half-life, therefore less likely to accumulate in tissues

Superior to other biologics
Easily permeates biomembranes and low immunogenicity
Easily synthesized due to its clear structure and small size
High stability and easy storage
Cost-effective due to small size and advanced synthetic strategies

Limitations of peptides

Metabolically unstable due to cleavage by proteolytic enzymes
Poor oral bioavailability due to unstable metabolism
Low peptide solubility due to high hydrophobicity
Poor membrane permeability due to charge and the presence of hydrophilic or polar amino acids

or approximately 1013 of sequences, which is roughly equivalent to the upper limit of the largest
mRNA display library [91]. Since only a small percentage of sequences can selectively bind to a
given target, and only a small percentage of sequences can be screened, the possibility of finding
these binders based on random libraries is low [92]. Therefore, computational methods are needed
for the identification of peptide sequences that bind to their target proteins.

1.4.2 Computational Approaches to Peptide Sequence Screening

Computational peptide sequence screening identifies peptide sequences by calculating a score of
whether a sequence is expected to bind to a target protein or not for a large number of peptide
sequences and filtering the scores by an appropriate threshold score. Scoring methods include,
for example, docking scores based on molecular docking, probability values for binding based on
machine learning, binding free energy values from precisely calculated physical energy calculations,
and confidence scores from protein structure prediction methods such as AlphaFold. The following
is a summary of the challenges in peptide drug discovery for representative scoring methods.

Molecular Docking

The molecular docking tools for target proteins and peptides can be broadly divided into global
docking tools (e.g., CABS-dock [93, 94], ClusPro PeptiDock [95], and PIPER-FlexPepDock [96])
and local docking tools (e.g., PEP-FOLD3 [97], DINC 2.0 [98], HADDOCK 2.4 [99] and AutoDock
CrankPep (ADCP) [100, 101]). Local docking is computationally less expensive than global docking,
which does not give binding interface information because the docking pose is predicted given the
binding interface information of the target protein. However, the median execution time of one
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ADCP MC replica out of 300 replicas per docking session is 5.1 minutes for a peptide with 6
amino acids and 60.8 minutes for a peptide with 20 amino acids [101], requiring several hours
even if the docking score of one peptide is calculated in parallel. In addition, it is suggested that
both false positives and false negatives in peptide screening using molecular docking tools may
be due to limitations of the sampling algorithm and flaws in the scoring function [102] and an
important limitation of docking software is that the scoring function cannot accurately predict
binding affinity [103]. For these reasons, the computational cost of scoring by molecular docking is
high and the accuracy with which the docking score can identify peptides that are expected to bind
to the target protein is challenged.

Machine Learning

In the context of peptide sequence identification, examples of machine learning applications include
anticancer and antibacterial peptides [104]. The method involves training models with peptides that
have known activity information to predict both the presence and the degree of activity of sequences
with unknown activity. An approach for generating sequences uses generative models such as the
variational autoencoder (VAE) to create peptides similar to known active peptides [105]. For scoring,
peptide sequences can be filtered by setting a threshold based on the probability of predicting the
presence or absence of activity. However, applying to PPI drug discovery requires a large dataset
of experimental binding affinities for various target proteins. Practically, obtaining such extensive
data on the binding of peptide sequences to PPI target proteins is a challenge.

Physical Energy Calculations

Molecular dynamics (MD) simulations are performed using computational tools such as AMBER [106]
and GROMACS [107] to simulate the time evolution of the coordinates of each atom in the presence
of a solute (protein or peptide) and a solvent (water). MD simulation analysis can be scored with
highly accurate estimates of the binding free energies of the target protein and peptide using sev-
eral MD-based methods such as Molecular Mechanics/Generalized Born Surface Area (MM/GBSA)
and Molecular Mechanics-Poisson Boltzman Surface Area (MM/PBSA) [108, 109]. However, these
calculations are much more computationally intensive than the docking score calculation. Depend-
ing on computational resources, for example, MD simulations for protein-peptide complexes were
performed using AMBER 18 on an NVIDIA Pascal P100 GPU and took 30-50 hours for a 300 ns
simulation [110]. Other studies also suggest that while MD simulations are accurate in estimating
the binding states of protein-peptide complexes and MM/GBSA and MM/PBSA estimates of bind-
ing free energies, they are computationally expensive [108, 109, 111]. Therefore, the scoring method
based on physical energy calculation should not be used for direct screening but should be used to
evaluate more accurate binding free energy estimates after some screening by other methods.

Protein Structure Prediction

Structure prediction scoring refers to the use of confidence scores obtained from protein-peptide com-
plex structure predictions made using a protein structure prediction method such as AlphaFold [112].
AlphaFold was initially designed to predict protein monomers; it has demonstrated the capability
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to predict not only protein complex structures but also protein-peptide complex structures. In
protein-peptide complex structure prediction, the pLDDT score, one of the confidence scores, has
shown potential for peptide sequence selection [113]. This approach utilizes confidence scores such
as pLDDT generated during the structure prediction process as a means to evaluate the quality
or likelihood of predicted protein-peptide interactions. The execution time of AlphaFold structure
prediction is largely dominated by MSA generation and model recompilation time. However, these
challenges have been addressed by ColabFold [114]. ColabFold accelerated single predictions by
replacing the AlphaFold homology search with MMseqs2 [115, 116], which is 40-60 times faster.
It also avoided recompilation and sped up batch predictions by approximately 90 times by adding
early stopping criteria. As a result, ColabFold made it possible to predict the structures of 1000
proteins with an average length of 268 amino acids from their sequences in about 24 hours. This
background makes it relatively less computationally expensive than approaches based on physical
energy calculations, and the accuracy of predicting whether a peptide is expected to bind or not
may be enabled by using confidence scores such as pLDDT.

However, computational peptide sequence screening requires a scoring calculation to the power
of 20 residues, which is basically impractical. In practice, it is necessary to use a peptide library for
specific purposes, such as a virtual peptide library, which requires in-depth knowledge of the target.
Furthermore, virtual peptide libraries are often in-house data [117], and even if they are open-
source, they can only be used for limited purposes. For these reasons, the approach of scoring all
candidate peptide sequences with various approaches and then filtering them with an appropriate
score threshold to identify peptides that are expected to bind to the target protein is inefficient
because the computational cost increases in proportion to the size of the candidate sequences.

1.4.3 Computational Approaches to Peptide Design

There are various computational scoring methods for peptide sequence screening. High accuracy
of scoring is important because of the process of evaluating all the sequences and filtering them.
However, highly precise scoring methods such as those based on MD simulations can be compu-
tationally expensive. Therefore, there is a need for methods that can efficiently identify pepitde
sequences that are expected to bind to the target protein with a limited number of evaluations. A
peptide design is an approach that optimizes peptide sequences by iteratively maximizing a desired
evaluation metric, rather than comprehensively searching through random sequence pools or pep-
tide libraries. Two representative peptide design methods are the Rosetta-based physical energy
calculation methods and the deep network hallucination methods.

Rosetta Physical Energy Calculation Methods

An example of physics-based computational protein design is the Rosetta suite of protein design
tools [118, 119]. The Rosetta approach is based on the hypothesis that proteins fold to the lowest
energy state accessible to the amino acid sequence. A scoring function to calculate the energy of the
protein chain and a method to sample the space of possible protein structures and sequences are used
to design the sequences that will fold into the new structure [120]. Specifically, it is implemented
as an energy function that captures the interactions of the atoms that make up the protein and
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their interactions with the solvent. The main contributions to this energy function are van der
Waals forces that support the tight packing of atoms, steric repulsion, electrostatic interactions,
and hydrogen bonds, solvation, and torsion energies of the bonds between the backbone and side
chains.

In order to identify structures and sequences with very low energies, alternative skeletal and side
chain conformational sampling methods using such energy functions are needed. Side chain sampling
uses discrete combinatorial optimization to identify amino acid and side chain rotamers that lead to
low-energy, tightly packed protein cores [121–123]. Backbone sampling often frames the initial stages
of the search as a discrete optimization problem by exploiting local sequence bias for a subset of
possible local structures. Given a backbone geometry, the goal is to find an amino acid sequence that
folds that structure; the Rosetta design protocol performs Markov Chain Monte Carlo (MCMC) to
arrive at a low-energy sequence from the initial structure. The general strategy for Rosetta-based
protein design has been successfully applied to a variety of design problems. These applications
range from the first de novo designed protein [124] to synthetic vaccines [125], complexes [126], and
enzymes [127]. However, Markov chain Monte Carlo methods are computationally intensive and
time consuming.

There are methods to computationally design cyclic peptides as well as linear binders. There is
also an application in Rosetta called simple_cycpep_predict app for cyclic peptide design. Cyclic
peptide conformations can be sampled with simple_cycpep_predict, restricting the conformational
search space through cyclization via the Generalized Kinematic Closure (GenKIC) algorithm [118,
119]. There have been several successful examples using this method [128–130] However, even for
the design of cyclic peptides, finding the lowest energy structure using an algorithm with an energy
function based on Rosetta’s physics would take more 130000 CPU hours per sample [131]. Therefore,
balancing the trade-off between model accuracy and resource efficiency in predicting cyclic peptide
folds is difficult.

The design of binders for target proteins and PPIs is different from the design of anticancer
and antibacterial peptides, where the binding affinity data for a single target have been obtained
through experiments with a large number of peptides, and experimental data on the binding affinity
of various peptides for the same target are almost nonexistent. Therefore, it is difficult to design
peptides based on experimental binding affinities using machine learning methods. In addition,
although the method of designing while evaluating the physical energy-based method such as the
Rosetta [132–134], has achieved some success, the trade-off between computational cost and results
has not been established, and the issue is how to reduce computational cost.

Deep Network Hallucination Methods

De novo design of binders of about 60 residues is possible using the conventional Rosetta method.
However, it still required thousands of designs and pre-selected a specific set of protein scaffolds,
which limited the diversity of candidates [135]. The designed structure has been reported to be used
to generate a binder sequence with ProteinMPNN [136] and FastRelax [137]. which is a backbone
structure created by the method of Cao et al. is used to design the amino acid sequence with
ProteinMPNN, and then FastRelax is used to minimize the energy of the target protein and the
binder complex. Furthermore, the success rate of its design was increased by about 10 times using
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AlphaFold reliability index filtering [138], but it still required thousands of designs and pre-selected
a specific set of protein scaffolds, which limited the diversity of candidates.

The protein sequence design problem involves the prediction of sequences that can adopt a
specific three-dimensional structure, which corresponds to the inverse problem of the prediction of
the three-dimensional structure [139]. In this regard, the Deep Network Hallucination method [140],
which is propagated through a neural network trained to predict three-dimensional structure in
sampled sequences, has been proposed. The first proposed deep network hallucination method used
trRosetta [141, 142] which is an algorithm for protein structure prediction that constructs protein
structures based on direct energy minimization using constrained Rosetta. Constraints are based
on the distance between residues and orientation distributions predicted by deep neural networks.

The method is as follows. First, amino acid sequences are generated and entered into trRosetta to
predict residue-residue distance maps. Next, Monte Carlo sampling is performed in the amino acid
sequence space to optimize the Kullback-Leibler divergence between the residue distance distribution
predicted by the network and the background distribution averaged proteins. The results are in close
agreement with the structures and hallucination models determined by X-ray crystallography and
NMR. It is suggested that the design of proteins using deep networks, which are trained to predict
protein structure from sequences, could potentially be an effective approach [140]. To increase the
possibility of generating more accurate predictions, the loss function converges more quickly using
sequence gradients obtained by inverting the structure prediction network and using continuous
logits, rather than discrete one-hot encodings of the sequence representation [136, 143, 144].

AfDesign, included in a package called ColabDesign, which is a deep network hallucination
mothod based on AlphaFold [144]. AfDesign enabels users to design de novo peptides by specifying
the structure of the target protein and the length of the binder, and then allowing them to make a
hallucination. However, it has been reported that the MCMC protein design using AlphaFold tends
to be very difficult to dissolve [136]. AlphaFold has also been reported to be able to predict and
design the structure of a single cyclic peptide using AlphaFold with a circular offset matrix, where
the offset is a two-dimensional representation of the permutation information of the sequence infor-
mation that is input to AlphaFold [145] However, there are no examples of prediction of structure
of protein-cyclic peptide complexes or design of cyclic peptides for target proteins.

1.4.4 Challenges in Computational Methods for PPI Drug Discovery

In PPI drug discovery, it is an important objective to identify peptides that are expected to bind to
target proteins using computational approaches such as peptide screening and peptide design, but
other pharmaceutical properties must also be considered. For example, solubility to increase blood
concentration, membrane permeability to target intracellular targets, and structure to resist degra-
dation by digestive enzymes. Challenges in computational methods for identifying peptide sequences
to target proteins can be categorized into computational cost, physical property optimization, and
diversity of the peptides that can be handled.

• For example, energy-based methods, such as MD, require consideration of interactions between
atoms, and MCMC approaches, such as Rosetta-based designs, require stochastic sampling to
explore multidimensional space, both of which result in high computational costs.
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• Physical property optimization: Such as solubility, stability in the body, resistance to degra-
dation, membrane permeability need to be considered while identifying peptide sequences.

• Structural diversity: Incorporation of structural diversity, such as not only linear structures
but also cyclic structures, using computational methods.

• Chemical diversity: The difficulty of incorporating chemical diversity, such as not only stan-
dard amino acids but also D-amino acids and non-standard amino acids, using computational
methods.

Such issues exist in the field of approaches to the identification of peptide sequences for PPI
drug discovery.

1.5 Purpose of This Study

In this study, the goal is to enable the computational design of peptides that target PPIs, considering
physical properties and available structures that cannot be considered by conventional methods and
extending the range of peptides that can be handled. In order to address the challenges of peptide
design, focusing on optimization of physical properties and structural diversity, an approach to
peptide design that combines protein structure prediction methods and deep network hallucination
was used in this study. Among the optimization of physical properties, solubility is focused on as
an example, and the development of a solubility-aware peptide design method for targeting PPI
is described. In addition, focusing on the extension of the scope of application to cyclic peptides,
which cannot be handled by conventional protein structure prediction methods, the development
of a PPI-targeted cyclic peptide design method is described. The challenges of this study are as
follows.

• Physical property optimization: Deep network hallucination methods can design binders more
easily and effectively computational cost compared to conventional methods. However, they
tend to select hydrophobic and aromatic amino acid sequences with low solubility, which is
an important consideration for improving peptide bioavailability. Therefore, as a first step in
optimizing various properties, a method for peptide design while controlling solubility were
developed.

• Structural diversity: It’s theoretically difficult to design cyclic peptides that target PPIs
because protein structure prediction models for cyclic peptide complexes are not available.
Therefore, as a first step to design various peptide structures, a method to design head-to-tail
type cyclic peptides, in which the N- and C-termini of the peptide are peptide bond were
developed.

To solve the existing problem of low solubility of peptide sequences designed on the basis of
AfDesign, solubility loss functions were designed with some AAindex types using AfDesign, a protein
design module developed based on AlphaFold. A solubility-aware linear peptide design method
using AAindex was developed [146]. Furthermore, to enable the design of cyclic peptides for target
proteins using AfDesign, an offset was developed for protein-cyclic peptide complexes to predict
protein-cyclic peptide complex structures and to design cyclic peptide binders targeting PPIs [147].
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1.6 Summary of Contributions

The contributions of this thesis are classified into three categories (i) verification of AlphaFold
chain break techniques, (ii) the development of a solubility-aware linear peptide binder design
method targeting PPIs by adding an amino acid solubility index to the loss function in AfDesign
to address the low solubility of peptides, which is a challenge in computational peptide design, and
(iii) the development of a cyclic peptide binder design method targeting proteins in protein-peptide
complexes, which was considered impossible by the principles of AlphaFold. These are described in
detail below.

• To show that the off-diagonal component of offset, a two-dimensional feature of residue_index
in AlphaFold chain breaks, is independent of the predicted structure if certain conditions are
met, three features, called residue_index, offset, and relpos, were visualized while varying the
gap.

• The results were visualized by changing the gap. It was shown that as the value of gap for
gap-based chain break increases, the value of offset changes accordingly, while the value of
relpos does not change because the value of offset is clipped when the value of gap is greater
than a certain value.

• When gap is above a certain value, the final predicted structure in AlphaFold is identical, not
only theoretically, but also by actual calculation.

• Using the MDM2/p53 complex as an example, correlation between the binding affinity (IC50)
of the peptide to MDM2 and the score of InterfaceAnalyzer, a Rosetta application that esti-
mates ∆G, was observed.

• To design solubility-aware linear peptides, solubility loss functions were designed using sol-
ubility indices of amino acids. Two solubility indices were selected from the AAindex and
one from a machine learning method to predict solubility, and the solubility and estimated
binding energy of the designed sequences were compared.

• Since the loss function of AfDesign is a linear sum of loss functions using AlphaFold relia-
bility indices, etc., and its weight can be freely set, sequence optimization as a binder and
sequence optimization as a solubility The sequence optimization as a binder and the sequence
optimization as a solubility index were performed at the same time.

• As a control for the newly developed method, a rational design method using the Rosetta
application was used to improve the estimated binding energy. The sequences were designed
in such a way that the estimated binding energy increases as the number of substitutions
increases.

• To examine whether increasing the solubility loss weights would result in higher solubility
than the designed peptide sequence, the weights were gradually varied with respect to the
solubility loss function, and the change in solubility with respect to the weights was examined
using three solubility indices.
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Figure 1.4: Schematic representation of the organization of the remaining chapters
in this paper. Each box represents the title of the chapter.

• AlphaFold was not able to predict protein-cyclic peptide complexes, an offset for protein-cyclic
peptide complexes was implemented in AlphaFold. The implementation enables AlphaFold
to predict protein-head-to-tail type peptide complex structures.

• In comparison to AutoDock CrankPep (ADCP), a state-of-the-art docking tool for protein-
cyclic peptide complexes, AlphaFold Multimer v2 was able to predict most complexes despite
the disadvantage of ADCP, which uses interface information. AlphaFold Multimer v2 was
able to predict structures with lower RMSD than ADCP using interface information.

• Implemented the offset for protein-cyclic peptide complexes into the AfDesign binder hallu-
cination protocol to design cyclic peptide binders to target proteins for a variety of protein-
peptide complexes, including MDM2/p53 and protein-protein complexes. Sequences were
successfully designed with lower estimated binding energy and lower partial RMSDs than the
native sequences.

• The MM/GBSA method was used to estimate binding energy between protein and ligand. It
was compared with the Rosetta application, InterfaceAnalyzer, which revealed a correlation
exceeding a coefficient of more 0.8.

• The correlation between solubility and lipophilicity of FDA-approved peptide drugs with 16
residues or fewer was demonstrated and compared with the designed sequences of linear and
cyclic peptides. It was shown that the sequences designed with a method closely align with
the solubility and lipophilicity of the approved peptide drugs.
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1.7 Thesis Organization

As shown in Figure 1.4, the organization of the remaining chapters in this paper is as follows.
Chapter 2 provides an overview of protein structure prediction, AlphaFold architecture, AlphaFold
protein structure prediction, and validation of the AlphaFold chain break technique. Chapter 3
describes the clustering results of the AAindex to understand the nature of the solubility index,
the creation of control sequences with strong estimated binding energy using a rational method,
and an AlphaFold-based solubility-aware PPI-targeted linear peptide binder design method. Chap-
ter 4 describes the details of a cyclic peptide complex offset, which enables AlphaFold to predict
protein-cyclic peptide structures, and how this offset can be used to predict protein-cyclic peptide
structures and compare them with state-of-the-art protein-cyclic peptide docking tools. In addition,
a cyclic peptide binder design method for PPI-targeted cyclic peptides using AlphaFold is described.
Chapter 5, the results of the comparison between the solubility and lipophilicity of the designed
sequences and those of approved peptide drugs and designed drugs are discussed. Conclusions are
presented in Chapter 5, with future issues and discussions.
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Chapter 2

Protein-Protein and Protein-Peptide
Complex Structure Predictions for
Peptide Binder Design

2.1 Introduction

This chapter presents experimental protein structure determination methods and computational
prediction methods for protein structure are reviewed. In addition, an overview of AlphaFold, one
of the most accurate models for predicting protein structures, and an overview of its architecture,
followed by a description of AlphaFold protein structure prediction by AlphaFold.

2.2 Experimental Protein Structure Determination

The primary methods for the determination of protein structure include X-ray crystallography [25],
Nuclear Magnetic Resonance (NMR) spectroscopy [148], and more recently cryo-electron microscopy
(Cryo-EM) [149]. X-ray crystallography determines the exact arrangement of amino acid residues in
proteins based on X-ray diffraction patterns from protein crystals, as well as protein complexes and
peptides [150, 151]. The major advantage of this method is its ability to achieve very high resolution.
However, the need for large amounts of sample and the hurdle of protein crystallization, which can
be challenging [152]. NMR spectroscopy utilizes the spin states of nuclei in a magnetic field to
determine the electron density distribution of a molecule. NMR offers the advantage of determining
the structure of proteins in their natural state and provides dynamic information, such as protein
movement and flexibility [153]. Cryo-Electron Microscopy (Cryo-EM) has become widely used for
protein structure determination [149, 154]. Cryo-EM creates a 3D image of the protein structure by
scanning a rapidly cooled sample with an electron beam. It is particularly useful for determining
the structure of large protein complexes and offers the advantage of not requiring crystallization.
However, the resolution is typically lower than that achieved by X-ray crystallography or NMR [152].

2.3 Computational Protein Structure Predictions

Determining the structure of proteins experimentally through methods like X-ray crystallography,
NMR spectroscopy, or cryo-electron microscopy is often a laborious, time-consuming, and expensive
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process. Moreover, these methods have limitations, including the requirement for high-quality crys-
tals, large amounts of protein, or specific experimental conditions [154]. These challenges highlight
the need for computational methods to predict protein structure from sequence.

Proteins with similar sequences have been recognized to often have similar 3D structures, leading
to the development of homology modeling using known structures as templates [155]. This approach
predicts the structure of the target protein using the known structure of a homologous protein as
a template. However, homology modeling is a limited prediction method that can only be applied
to sequences similar to the amino acid sequence of proteins with known structures. To address
this issue, a template-free method known as fragment assembly [156, 157], which uses simulated
annealing and Bayesian scoring functions, was developed. This method can be applied even to
proteins that do not have overall structural similarity. Subsequently, these studies were applied in
the development of a method using Rosetta software and a new energy function [158]. These methods
enabled the prediction of structures without similar sequences. The Fragment Assembly method
assumes that even new protein folds can be created by combining known structural fragments. It
uses a library of fragments, derived from the PDB and broken down into 3 or 9 amino acids each.
These fragments are selected on the basis of the target amino acid sequence and randomly assembled
to produce thousands to tens of thousands of potential structures. The most optimal structure is
then chosen using the energy score function. Although this method requires the number of potential
structural combinations exponentially increases with the increase in residues and degrees of freedom,
such as backbone and side-chain dihedrals, which remains a challenge. As a method to reduce this
degree of freedom, a technique was developed to predict the dihedral angles of amino acids using
a neural network [159, 160] and a protein contact prediction method based on a technique called
Direct Coupling Analysis (DCA)[161, 162].

When a mutation occurs in a part that supports the overall structure of a protein, the entire
structure of the protein can become unstable and lose its function. However, it is believed that
the amino acids “in contact” with the mutated amino acid can restore the stability of the overall
structure by undergoing another amino acid mutation, maintaining the overall structure almost
intact through co-evolution and producing the evolution of sequence diversity [163, 164]. In other
words, there is a high possibility that co-evolving amino acids in the sequence are in contact in the
3D structure. DCA searches for homologous sequences from a sequence database for amino acid
sequences, considers insertions and deletions for each homologous sequence, and creates a Multiple
Sequence Alignment (MSA). This MSA is viewed as a matrix with rows as homologous sequences,
columns as each position of the protein, and elements as 21 values of amino acids and gaps. This
matrix data is used to analyze which pairs of columns are co-evolving[165]. Applying this principle,
a method to improve the accuracy of adjacent sites contained in the sequence to be predicted for
structural prediction by increasing the MSA of co-evolving pair residues has been shown to improve
the accuracy of structural prediction by adding sequences obtained from metagenome analysis to the
database necessary to create MSA [166]. The method of predicting the dihedral angles of the main
chain with neural networks has been replaced by deep learning [167], and DCA, which predicts
adjacent residue pairs, has developed a deep learning method that predicts the Cβ-Cβ distance
values of two side chains. Combining these methods with the Fragment Assembly method to model
protein 3D structures contributed to improved calculation speed and prediction accuracy [168].
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Since AlphaFold [112] was reported in 2021, other protein structure prediction models have been
reported. For example, RoseTTAFold [169] and RoseTTAFold2[170] which developed by the David
Baker lab, OpenFold [171] which is a Pytorch implementation of AlphaFold that can be re-trained,
EMSFold [172] and OmegaFold [173] which protein language models do not use MSA directly, have
been reported.

2.4 AlphaFold

AlphaFold (version 2) was developed by DeepMind [112]. It is based on the knowledge accu-
mulated from previous studies on protein structure prediction. AlphaFold achieved remarkable
results in the CASP13 and CASP14 competitions [174, 175]. AlphaFold was initially proposed as
a model for predicting protein monomer structures. It has been suggested that it can predict not
only protein monomer structures, but also protein complex structures and protein-peptide complex
structures [113, 176–178].

2.4.1 AlphaFold Architecture

AlphaFold is constructed around two primary modules: the “Evoformer”, that calculates the dis-
tances among the residues via MSA, and the “structure module”, which is responsible for the struc-
tural assembly. The approach of Evofromer utilizes the method of combining in a way that is
traditionally managed by Direct Coupling Analysis (DCA) methods, such as identifying residues
that consistently contain the same amino acid and discovering pairs of residues that co-evolution.
In addition, the invariant point attention in the structure module was uniquely developed to serve
as an alternative to the Rosetta fragment assembly method. Both modules utilize the transformer
architecture, which is widely applied in the field of natural language processing and computer vi-
sion [179].

Input Embedding for Evoformer

First, the features that are input into the Evoformer are generated. The amino acid sequence for
which the structure is to be predicted is used as input. The MSA is obtained using jackhmmer [180]
for MGnify [181] and UniRef90 [182], while HHBlits [183] is used for BFD [184] and Uniclust30 [185].
The MSA results from Uniref90, which serve as input, are then used to obtain the template structure
from PDB70 [186] by employing HHsearch. Based on these pieces of information, the features of
MSA representation and pair representation are generated [112] (Supplemental information Sections
1.2–1.5).

Evoformer Module

Next, the features of the MSA representation and pair representation are utilized as inputs to the
Evoformer. The Evoformer consists of blocks that perform MSA row-wise gated self-attention [112]
(Supplemental information Section 1.6.1) and MSA column-wise gated self-attention [112] (Sup-
plemental information Section 1.6.2) in the MSA representation, which are blocks that perform a
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triangular multiplicative update [112] (Supplemental information Section 1.6.5) and triangular self-
attention [112] (Supplemental information Section 1.6.6) in the pair representation. In regard to
the MSA representation, the MSA row-wise gated self-attention applies gated self-attention in the
row direction, and the MSA column-wise gated self-attention applies it in the column direction. For
the pair representation, the triangular multiplicative update block is utilized. Within this block,
the distance between two residues i and j, and any other residue k, fulfills the triangular inequality
that “the distance between residues i, j is less than the sum of the distances between residues i, k

and residues j, k”. This is used to update the features of the i, j component. Furthermore, when
updating the i, j component with residue i as the starting point, not only is the i, k component
chosen as important by self-attention considered, but also the current value of the j, k component is
taken into account. This update of the MSA representation and the pair representation is repeated
48 times to obtain the pair representation.

Structure Module

In the Structure Module, the process of constructing the three-dimensional structure using the
single representation which is part of the MSA representation obtained from the Evoformer and
the pair representation is performed. The Structure Module is a module that calculates the spatial
arrangement of the backbone frame, comprised of the three atomic coordinates N, Cα, and C,
from each of the 20 types of amino acid parts composed of the protein. The main chain backbone
is constructed using the features of the single representation and pair representation, along with
the Invariant point attention [112] (Supplemental information Section 1.8.2), which involves the
repetition of rotation and translation for each backbone frame. Following the update operation of
the main chain frame, the dihedral angles, which are specific to each residue’s main chain and side
chain, are updated. The values of the dihedral angles of the main chain and side chain, which are
predicted by a ResNet model, enable the calculation of the coordinates of all atoms that include side
chains, utilizing distance information between residues in the pair representation of the Evoformer.
After the calculated input features are updated and this process is repeated 8 times, it results in an
output of the protein’s three-dimensional structure. In addition to this, to improve the accuracy of
the predicted structure, a computer vision accuracy improvement method known as recycling [187,
188] is implemented. In this method, the structure and features predicted by the structure module
are returned to Evoformer as input.

Confidence Score

To assess confidence in the predicted protein structure, AlphaFold has some confidence metrics. The
pLDDT [112] (Supplemental information Section 1.9.6) is inspired by the Local Distance Difference
Test (lDDT) [189], which measures the proportion of atomic distances within a certain radius
(normally 15 Å) that are preserved in the predicted structure compared to the crystal structure,
excluding atoms belonging to the same residue. Due to its rotation and translation invariance,
lDDT serves as a local evaluation metric. AlphaFold uses a variant of lDDT, namely lDDT-Cα,
focusing solely on the Cα atoms of each residue. This method allows calculation of the lDDT-Cα of
predicted structures, facilitating the output of pLDDT even for proteins without established correct
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structures. In addition, the pTM score [112] (Supplemental information Section 1.9.7) represents
a global confidence score for the overall protein structure, based on the TM-score [190]. Another
reliability metric, the Predicted Aligned Error (PAE), indicates the error in the position of the
Cα atom of residue j when aligning the predicted structure of AlphaFold with an experimentally
determined structure using the backbone frame of residue i. The PAE suggests that areas of high
relative error between residues i and j imply lower confidence in these predictions. Furthermore, a
low PAE within a domain but a high PAE between domains signals low confidence in the positions
between the domains.

2.4.2 Protein Structure Prediction by AlphaFold

This section describes the actual process of protein structure prediction using AlphaFold and de-
scribes how to predict protein complexes and protein-peptide complexes. The report on the predic-
tion of the structure of cyclic peptides reported by Rettie et al. in 2023 [145] will also be mentioned.

Protein Structure Prediction with AlphaFold

AlphaFold [112], developed by DeepMind, is a tool that can take an amino acid sequence as input
and predict its protein 3D structure. This deep neural network model was trained on the Protein
Data Bank (PDB) [191], a comprehensive database of known experimental protein structures. In
AlphaFold’s approach to protein structure prediction, it utilizes not only the primary sequence of
a protein but also a Multiple Sequence Alignment (MSA) of homologous sequences derived from
the primary sequence. The MSA is created using standard tools such as jackhmmer [180] and
HHBlits [183]. The MSA is generated from databases such as UniRef [182], MGnify [181], and
BFD [184], based on the input primary sequence.

AlphaFold has architectures with 2 modules: a “Evoformer”, which estimates the distance be-
tween each residue using MSA, and “Structure module”, which is the structural assembly part, and
these two modules are based on transformer, which has been used successfully in the field of natural
language [179].

The flow of AlphaFold from receiving an amino acid sequence as input to outputting the pre-
dicted structure is as follows.

1. using the base input sequence, MSA is generated and the approximate structure is obtained
from PDB as a template. Based on “pair representation”, “MSA representation” and are
generated.

2. These two properties are updated by the “Evoformer module”.

3. Predict the 3D structure of the input sequence using the updated features in the “Structure
Module”.

4. The process called recycling, which involves repeating the Evoformer module and Structure
module steps several times, is carried out to output the predicted structure.

5. The final structure is output by applying a simple structure optimization calculation based
on molecular dynamics with amber to the predicted recycling structure.
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G linker Gap

Protein-Protein

Protein-Peptide

Figure 2.1: Structure prediction of Ras/Raf complex and MDM2/p53 peptide com-
plex using G linker and Gap methods in AlphaFold. Columns shows G linker and Gap
methods; rows shows protein-protein (Ras/Raf) and protein-peptide (MDM2/p53
peptide) complexes. Green shows the native target protein structure, cyan shows the
predicted target protein structure, and pink shows the predicted peptide structure.

Protein Complex Structure Prediction with AlphaFold

After the release of the model, various researchers validated the accuracy and application techniques
of AlphaFold.

In addition, some researchers discussed on Twitter (currently known as X) that protein-protein
and protein-peptide complexes can be predicted by connecting proteins and proteins or peptides
with long glycine sequences (G linker) [176, 178]. Furthermore, it was also shown that the “chain
break” occurs when a gap is set in the residue_index, which is the index of the input sequence,
one of the input features [177]. These results are shown in Figure 2.1 as examples of the Ras/Ras
complex as a protein-protein complex and a protein-peptide complex, both of which were predicted
by AlphaFold using the G-linker method and the gap method. The gap method is used in ColabFold
which allows AlphaFold to be run on Google Colablatory [114, 192]. In a follow-up work, several
articles have shown that AlphaFold can predict protein complexes and protein-peptide complexes,
although it trains monomers only [113, 193, 194]. Later, AlphaFold was shown to be generalizable
to protein complexes in addition to single-strand prediction, and AlphaFold Multimer, an improved
version of AlphaFold that applies the gap method for implementation and enables prediction of
protein complexes, was released [192].
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AlphaFold for Cyclic Peptide and Complex Prediction

In 2023, the use of cyclic offset as relative positional encoding in AlphaFold has enabled the pre-
diction of head-to-tail cyclic peptides with high accuracy and the design of monomer cyclic pep-
tides [145]. However, at the time of this previous study, AlphaFold could not predict the complex
of the target protein and cyclic peptides. However, with the development of the offset of the cyclic
peptide complex, it can be possible to predict the structure of the complex of the target protein
and the cyclic peptides [147].

2.4.3 AlphaFold Chain Break Technique with Gap Method

In this section, the description focuses on one of AlphaFold’s chain break techniques, an impor-
tant method for predicting protein complexes. Following the explanation in the previous chap-
ter, this chapter provides detailed instructions on performing chain breaks by inserting gaps into
residue_index, the index of amino acid residues.

Relative Position Encoding Methods in AlphaFold

For a pair of amino acids, AlphaFold converts the difference in residue numbers into a one-hot
encoding of 65 elements, which is then passed to the residue pair representation. The absolute
value of the difference between the two amino acid sequences must be greater than 32 to ensure
that the relative positions of the two amino acid sequences are sufficiently far apart, which is also
the method used in ColabFold [114]. AlphaFold processes input embeddings to transform input
amino acid sequences into Evoformer features. First, a two-dimensional feature called offset is
created using a feature called residue_index, which is the index of the input amino acid sequence.
max_relative_idx, a constant that determines how far away from an amino acid in an index is
considered, is 32 by default. If the absolute value of the offset is greater than max_relative_idx,
the feature is clipped to the range of max_relative_idx and one-hot encoded, which is called relpos.
Therefore, by setting the gap to 32 or more, the relpos features will be identical thereafter, so the
projected structure will also be identical. Provided that the same seed is used, the same MSA
is used, and the module is deterministic [112]. These processes can be expressed in the following
Algorithms 1 and 2 [112] (Supplemental information Algorithm 4 and Algorithm 5).

Algorithm 1 Relative position encoding

1: def relpos
({

f
residue_index
i

}
,vbins = [−32,−31, . . . , 32]

)
:

2: dij = f
residue_index
i − f

residue_index
j dij ∈ Z

3: pij = Linear(one_hot (dij ,vbins)) pij ∈ Rcz

4: return {pij}

Features and Predicted Structure as The Number of Gaps Changes

The previous section demonstrated that once the gap surpasses a certain threshold, the relpos
value remains constant regardless of the gap’s magnitude. This section aims to visualize that
the off-diagonal component’s value of the offset is insignificant for predicting protein-protein and
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Algorithm 2 One-hot encoding with nearest bin

1: def one_hot (x,vbins) : x ∈ R, vbins ∈ RNbins

2: p = 0 p ∈ RNbins

3: b = argmin (|x− vbins|)
4: pb = 1
5: return {pij}

protein-peptide complexes, provided that an appropriate gap is established for complex prediction.
To achieve this, the gap method was employed to visualize the impact of varying the gap lengths
on the offset, the relpos, and the predicted structures as the gap length changes.

Figure 2.2 shows the RMSD of the MDM2/p53 peptide complex (PDB ID: 1YCR) as an example,
when the length of the gap is varied, compared to each feature, the predicted structure, and the
native structure. Since a gap length of 1 is the same as the residue_index of a normal protein,
the p53 peptide remains “peptide bound” to the C-terminus of MDM2 without chain break and
without a complex. As gap length increases to 2 or more, chain break occurs, and the separate
chain structure clearly separates from the N-terminus of MDM2 and is placed close to p53. As
the gap is increased, the offsets do not change with the size of the gap in terms of the diagonal
component (MDM2 and p53 peptide), but the values of the offsets become larger and larger, even
when the gap is greater than 32. On the other hand, the relpos, which is precisely in this figure,
the value before one-hot encoding by clipping the offset, is the same as the feature value after the
gap exceeds 32. The RMSD of the p53 peptide was calculated by aligning the predicted structure
with the native structure MDM2 when the gap is changed, as shown in Figure 2.3. The RMSD
of the p53 peptide at a gap length of 1 is more than 30 Å, because the gap length is 1, it is not
different from the predicted structure of the protein monomer and with a gap length of 2, where
chain break occurs, the RMSD is 13.34 Å, due to the effect of the reversed orientation of the N-
and C-termini compared to that of the native p53 peptide. As the gap length increases, the RMSD
value approaches 2 Å, and the RMSD remains constant because the predicted structure is identical
at a gap length of 32 or greater. The above results indicate that when gap is greater than 32, the
off-diagonal components of the complex offset other than the diagonal components of the protein
and peptide are irrelevant to the prediction of the complex structure.

In other examples of protein-peptide complexes used in previous studies [113, 133], as shown
in Figure 2.4, some of the predicted peptides were close to the native peptide before chain break.
However in most complexes a similar trend was observed with the MDM2/p53 peptide in the
protein-peptide complexes Figure 2.4.

2.5 Summary

In AlphaFold, a chain break occurs when the continuity of the residue_index is greater than 2, and
the predicted structure is identical if the gap is greater than 32. This is also an important method
for protein-peptide complex and protein-cyclic peptide complex structure prediction in this paper,
and shows that the off-diagonal component is irrelevant to the predicted complex structure when an
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Gap=1
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Gap=2

Gap=50

Gap=32

offset relpos Predict structure

33.472

2.200
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2.149
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Figure 2.2: Feature transformations and predicted structure changes in input em-
bedding for varying gap lengths, using 1YCR as an example. The columns show
offset, relpos, predicted structure, and the RMSD of the peptide when aligned with
the native structure, and the rows show the length of the gap. The relpos column
visualizes the clipped value of the offset before one-hot encoding. Predicted structure
in green is native structure (PDB ID : 1YCR), cyan is predicted structure of MDM2,

pink is predicted structure of p53 peptide.
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Figure 2.3: RMSD of p53 peptide by aligning the predicted structure with the
native structure MDM2 with varying gap lengths, using 1YCR as an example. The

dotted line shows a gap of 32.



2.5. Summary 29

1SSC 1T4F 2CNZ 2V8X

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50
4.0

4.2

4.5

4.8

5.0

5.2

5.5

5.8

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

1.2

1.5

1.8

2.0

2.2

2.5

2.8

3.0

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

0.2

0.5

0.8

1.0

1.2

1.5

1.8

2.0

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50
0.8

1.0

1.2

1.5

1.8

2.0

2.2

2.5

2Z9I 3C3O 3R7Z 3UFM

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

0.2

0.5

0.8

1.0

1.2

1.5

1.8

2.0

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50
0.8

1.0

1.2

1.5

1.8

2.0

2.2

2.5

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

1.2

1.5

1.8

2.0

2.2

2.5

2.8

3.0

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50
1.0

1.2

1.5

1.8

2.0

2.2

2.5

2.8

3VXW 4KOU 4PIQ 6SEO

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

3.8

4.0

4.2

4.5

4.8

5.0

5.2

5.5

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

1.0

1.2

1.5

1.8

2.0

2.2

2.5

2.8

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50

0.8

1.0

1.2

1.5

1.8

2.0

2.2

2.5

0 10 20 30 40 50
Gap

0

10

20

30

40

50

RM
SD

 (Å
)

10 20 30 40 50
0.5

0.8

1.0

1.2

1.5

1.8

2.0

2.2

Figure 2.4: Variation of RMSD of peptides with gap length in other protein-peptide
complexes. The protein–peptide complex dataset was selected based on two previous
studies. The dotted line shows a gap of 32. RMSDs are constant because the predicted

structures are identical when gap is 32 or greater.
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appropriate gap is used. Note that AlphaFold-Multimer, published by DeepMind in 2022, showed
that AlphaFold can be generalized to protein complexes using this gap method [192].
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Chapter 3

Development of a Solubility-Aware
Peptide Binder Design Method

3.1 Introduction

In peptide design, an approach to improving bioavailability is to increase water solubility. The
higher the water solubility, the easier it is to maintain effective serum concentrations, and thus
bioavailability is usually greatly improved. High solubility is also one of the requirements for suc-
cessful recombinant protein production and is an important industrial factor [195]. Although water
solubility is an optimization issue in the design of therapeutic peptides, experimentally identifying
unnecessary hydrophobic amino acids and replacing them with charged or polar residues adjusts
the isoelectric point while maintaining biological activity, which is said to be primarily an empirical
process [80, 196]. Recently, there have been many attempts to computationally solve the empirical
process by using machine learning to predict protein solubility [197]. There are several possible
strategies for peptide design to target PPIs considering solubility.

• A library of highly water-soluble peptide sequences is created, and then docking scores and
binding affinities are predicted by protein-peptide docking.

• Designed peptide sequences that are likely to bind to target proteins using peptide design
methods such as AfDesign, and then evaluate water solubility and filter out those that exceed
water solubility thresholds.

The initial strategy highlights that the amino acid sequence consisting of N residues exhibits an
immense variety, with 20N possible patterns due to the 20 different amino acids. Even when certain
constraints are applied based on the characteristics of the amino acid residues, searching for the
target peptide among the vast array of candidate peptides through docking calculations proves to be
computationally intensive and impractical. The second strategy is that, as mentioned above, owing
to the characteristics of AfDesign, binder hallucination tends to increase the number of aromatic
ring residues and hydrophobic residues on the interaction surface; therefore, after design, there is
a possibility that few candidate sequences will remain when filtered using water solubility indices
such as logS. The reason why the above strategy does not work well may be because peptide design
and solubility optimization are not performed at the same time. Therefore, this research focused
on the possibility of controlling solubility while maintaining or improving the binding affinity of the
designed peptide by simultaneously optimizing the binder peptide sequence of the target protein
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and optimizing solubility by designing the generation process of AfDesign with a loss of solubility
constraint.

3.2 Materials and Methods

3.2.1 Solubility Loss Calculation

Three solubility indices, the Hydrophobicity Index [198], Hydropathy Index [199], and Solubility-
Weighted Index (SWI) [197], were used in this study (Table 3.1). The Hydrophobicity Index eval-
uates hydrophobicity based on the physical characteristics of 20 amino acids to identify regions of
a protein’s primary sequence that are likely to be buried in the membrane [198]. The Hydropa-
thy Index is a hydrophilicity scale that considers the hydrophilicity and hydrophobicity of each
of the 20 amino acid side chains and was developed based on experimental observations from the
literature. Specifically, values were calculated using both the water vapor transfer free energy and
the distribution in and out of the amino acid side chains as determined by Chothia (1976) [199].
The Solubility-Weighted Index is a predictive index of solubility, and prediction programs using
it are superior to many existing de novo protein solubility prediction tools [197]. In this study,
the weight of this predictive index was used as the solubility index.

The three solubility indices were normalized to have a maximum of 1 and a minimum of 0.
Owing to the meanings of the indices, the normalized Hydrophobicity Index and Hydropathy Index
were used as they are in the solubility loss function. For normalized SWI, values inverted (minus 1)
after normalization were used for the solubility loss function. All modified index values are shown
in Table 3.2.

The solubility loss is the geometric mean of the designed amino acids and the corresponding
normalized solubility index values. A solubility loss was added to the other losses specified in
AfDesign:

Solubility loss(seq) =
1

N

N∑
i=1

f(si) (3.1)

where seq represents the designed amino acid sequence and seq = (s1s2 . . . sN ), si represents an
amino acid residue in the i-th position of seq , N is the sequence length of the binder_len to be
designed, f represents the amino acid index, and f(s) is the index value of the amino acid residue
s.
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Table 3.1: Values of each solubility index. Values for the Hydrophobicity Index,
Hydropathy Index, and Solubility-Weighted Index are referenced from each reference

table. The leftmost column shows the one-letter code of amino acids.

Hydrophobicity Index Hydropathy Index Solubility-Weighted Index
A 0.61 1.80 0.84
R 0.60 −4.50 0.77
N 0.06 −3.50 0.86
D 0.46 −3.50 0.91
C 1.07 2.50 0.52
Q 0.00 −3.50 0.79
E 0.47 −3.50 0.99
G 0.07 −0.40 0.80
H 0.61 −3.20 0.89
I 2.22 4.50 0.68
L 1.53 3.80 0.66
K 1.15 −3.90 0.93
M 1.18 1.90 0.63
F 2.02 2.80 0.58
P 1.95 −1.60 0.82
S 0.05 −0.80 0.74
T 0.05 −0.70 0.81
W 2.65 −0.90 0.64
Y 1.88 −1.30 0.61
V 1.32 4.20 0.74

3.2.2 AfDesign Settings

The AfDesign binder hallucination protocol was employed to compute the binder for the MDM2
protein.Protein Data Bank (PDB) 1YCR chain A was used as the MDM2 structural template for
AfDesign. binder_len is the model of the p53 peptide in 1YCR chain B. The length was set
to 13, which is the same as the length of the sequence “ETFSDLWKLLPEN”. The length of the
sequence was set to 17 when AfDesign was applied with PD-1 as the target protein. The de-
sign method used was design_3stage(); soft_iter, temp_iter, and hard_iter were set to 100,
100, and 10, respectively. Unless otherwise noted, other settings were left at default. AfDe-
sign ran 100 times for all three solubility indices with 100 different settings of seed from 1 to
100 for each weight (0.1, 0.3, 0.5, 0.7, and 1.0) when added to the other weights in AfDesign.
The same was performed for the conditions without a solubility index. The versions of jax and
jaxlib used in this study were 0.3.1 and 0.3.0+cuda11.cudnn805, respectively. To ensure repro-
ducibility, TF_CUDNN_DETERMINISTIC=1 was set so that JAX can behave deterministically.While
AfDesign was updated during the study, the commit history utilized was as follows: The Al-
phaFold model employed in AfDesign was downloaded from https://storage.googleapis.com/

alphafold/alphafold_params_2021-07-14.tar (accessed on 20 March 2024). af_backprop repos-
itory https://github.com/sokrypton/af_backprop/tree/

7246fe544e9398de8dab848b11b7b634f16858db (accessed on 20 March 2024). ColabDesign reposi-
tory https://github.com/sokrypton/ColabDesign/tree/

be242491a2517589c96f09b7d15b7bb37f72bafa (accessed on 20 March 2024).
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Table 3.2: Normalized solubility indices used as solubility loss for AfDesign. The
three solubility indices were normalized to have a maximum of 1 and a minimum of
0, respectively. The Solubility-Weighted Index values were inverted (minus 1) after

normalization. The leftmost column show the one-letter code of amino acids.

Hydrophobicity Index Hydropathy Index Solubility-Weighted Index
A 0.23 0.70 0.33
R 0.23 0.00 0.46
N 0.02 0.11 0.27
D 0.17 0.11 0.17
C 0.40 0.78 1.00
Q 0.00 0.11 0.42
E 0.18 0.11 0.00
G 0.03 0.46 0.40
H 0.23 0.14 0.20
I 0.84 1.00 0.66
L 0.58 0.92 0.71
K 0.43 0.07 0.13
M 0.45 0.71 0.77
F 0.76 0.81 0.86
P 0.74 0.32 0.35
S 0.02 0.41 0.52
T 0.02 0.42 0.38
W 1.00 0.40 0.75
Y 0.71 0.36 0.81
V 0.50 0.97 0.54

3.2.3 Calculation of Protein–Peptide Binding Energy

Normalized Rosetta interface scores (dG_separated/ddSASA × 100) for the predicted protein and
cyclic peptide structural models were calculated using a Rosetta InterfaceAnalyzer [200]. First,
“minimize” was used to obtain the minimum energy structure around the initial predicted complex
structure. To primarily utilize the structure predicted by AlphaFold and prevent minor crashes, the
following settings were employed: the options “-relax:bb_move false”, “-ex1”, and “-ex2” were
used, along with the minimized complex as the input for “InterfaceAnalyzer”. For repacking the ex-
posed interfaces during the calculation of estimated binding energy, the option “-pack_separated”
was utilized. Standard weights, REF15, and Rosetta 3.13 Linux Release were used for all Rosetta
applications in this study.

3.2.4 Visualization of Sequence Logos

The sequence with the lowest final loss value in AfDesign binder hallucination protocol in the latter
iterations (hard_iter) in design_3stage() was selected as the best sequence. The sequence logos
were created using the WebLogo 3 Python package (version 3.7.9) [201]. The designed linear peptide
sequences were used as inputs and aligned in PyMOL considering the 3D coordinates of the native
peptide.

1. The PDB target protein was aligned with target proteins in the complex with cyclic peptides
predicted by AlphaFold.
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2. A window with each native peptide and linear peptide shifted by one residue was created with
a width of 10 residues (from the first residue to the tenth residue, from the second residue to
the eleventh residue and so on. The native peptide windows will have a length of −9, and the
cyclic peptide will have the same number of windows as its length).

3. The RMSD of the Cα of each window in 1 was calculated using rms_cur. Using 1YCR as an
example, (13− 9)× (13− 9) = 16 RMSDs were calculated per design.

4. To compare with native “linear” peptides, using the window index with the lowest RMSD
of the Cα among them, the design sequence was aligned based on the index numbers of the
native peptide sequence and the cyclic peptide. The lowest RMSD was named RMSD_best
in this study.

5. After alignment, the non-6 letters were filled in with ‘-’. Sequence logos were created via
WebLogo using the thresholding alignment sequence in RMSD_best as input. The sequence
logo represents each column of alignment as a stack of letters, with the height of each letter
proportional to the observed frequency of the corresponding amino acid, and the overall height
of each stack proportional to the degree of sequence conservation (measured in bits) at that
location. The maximum sequence conservation per site is log2 20 ≃ 4.32 bits for amino acids.
The width of the letters is proportional to ungaps of each column (the more ‘-’ there are in
each column instead of amino acid represents, the thinner the letters).

3.2.5 Competitive Peptide Binding Predictions

Competitive peptide binding predictions using AlphaFold is a method that uses ColabFold to com-
putationally test which of the peptides of interest are most likely to form a complex with a target pro-
tein [202, 203]. Modeling was performed in the publicly available localcolabfold (https://github.
com/YoshitakaMo/localcolabfold (accessed on 20 March 2024)). To predict competitive peptide
binding of MDM2 to p53 and the sequence with the highest affinity among the 90 sequences remain-
ing after filtering (see Discussion), initially, DEVYYWYYHLEND:...:ETFSDLWKLLPEN (“...” was
an MDM2 sequence but is omitted here) was used as input to colab_batch. The MSA search option
was specified as MMseqs2 (UniRef + Environmental). The resulting MSA file (a3m file) generated
only MDM2 MSA and only queried the sequence itself for both peptide sequences. The a3m file
thus obtained was used as input for 20 competitive peptide binding predictions. For these predic-
tions, AlphaFold2-ptm was specified in the model-type option and no template was used. For each
competitive peptide binding modeling, predictions were run 20 times (five predictions each) with
the random-seed option changed from 1 to 20. Thus, 100 predictions were accumulated. As de-
scribed in the referenced paper, one of the peptides matches the experimental structure whereas
the other is far from the binding site; therefore, from all the predictions obtained, the RMSD of
each peptide was measured using PyMOL as follows. For the complex of DEVYYWYYHLEND
and MDM2, since no experimental structure was available, the predicted top-rank results were used
as the pseudo-native structure utilizing localcolabfold. AlphaFold2-ptm was specified as the model-
type option for prediction. First, the MDM2-p53 complex (PDB ID: 1YCR) (this is native MDM2
and native p53) was fetched. Next, MDM2 of the complex of DEVYYWYYHLEND and MDM2
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yi = yi−1 − λ∇/ ∇
[∇][y]
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AlphaFold2 confidence 
and 

Solubility index
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Figure 3.1: Schematic of the optimization method of the AfDesign binder hallu-
cination. The output of AlphaFold is an all-atom coordinate, two reliability indices
(predicted aligned error (PAE) and predicted local-distance difference test (pLDDT)),
and a distogram. These are used to define the loss function, which is back-propagated
to compute the gradient for the design sequence and then updated and predicted in
a loop for optimization. To evaluate the optimized sequence, the binding affinity is

calculated by docking and logS is calculated as a peptide solubility index.

predicted using localcolabfold was aligned with native MDM2 (this determines the native position
of each peptide.) MDM2 from all competitive peptide binding prediction results were then aligned
with native MDM2. In this condition, the all atom (heavy atom) RMSD between native p53 and
the p53 for competitive peptide binding predictions, the all atom (heavy atom) RMSD between
pseudo-native competitor peptide and the competitor peptide for competitive peptide binding pre-
dictions, and the Cα RMSD between native p53 and the competitor peptide for competitive peptide
binding predictions were calculated using “rms_cur”.

3.3 Results and Discussion

3.3.1 Peptide Binder Design Targeting PPI

Our approach to solubility-aware protein-binding peptide design was performed using AfDesign
binder hallucination. AfDesign is a public module created by Dr. Sergey Ovchinnikov [204], and it
is a tool for designing protein-binding peptides based on Dr. Sergey’s previous work with tr-
Rosetta [140, 205].

AlphaFold is used as the structure prediction oracle, the optimization target is the binding
sequence, and the loss function is defined as a flexible function of AlphaFold confidences. It returns
pLDDT, PAE, and distogram, among which pLDDT measures the quality of the local model for
each residue, and PAE indicates the confidence level of each amino acid residue pair, and distogram
indicates the distance prediction probability of the Cβ of an amino acid residue pair. The objective
of this study was to investigate whether a new loss function with a solubility measure could be added
to the original AfDesign loss function to optimize the solubility of the sequence that is designed.
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Figure 3.2: Distribution of logS of MDM2 binder sequences designed by AfDesign
and sequence logo of the binder sequences. Distribution of logS calculated by QikProp.

Dashed lines are logS values for the p53 peptide.

Binding affinity was measured using with InterfaceAnalyzer which is a Rosetta application [200].
and further validated by measuring logS by QikProp as a measure of solubility. A schematic diagram
of the entire process is shown in Figure 3.1.

The principle of the AfDesign binder design is that the PDB file of the target protein is used as
a template, and the PDB file is matched to the AlphaFold input. In addition, the “residue index” of
the last residue of the target protein and the starting residue of the complex peptide are sufficiently
spaced to create a “chain break” state [177]. This is a trick to predict complexes using AlphaFold
and is also used in ColabFold [114]. The “chain break” peptide is a random sequence with a specified
length and an initial sequence. Finally, a loss function is created using the confidence index output
from the AlphaFold model, which is then used as a backprop to optimize the “chain break” peptide
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sequence as a complex [204]. The MDM2-p53 complex (PDB ID: 1YCR) was used in this research as
representative example of a PPI protein complex. The target protein was MDM2, and the original
binder was p53 peptide.

To evaluate the distribution of solubility of the binder sequences designed in the AfDesign binder
hallucination protocol, 100 designs were performed using MDM2 as the target protein and different
seed settings in AfDesign. The logS of the p53 peptide sequence, a known binding peptide of MDM2,
and the binder sequence designed in the AfDesign binder hallucination protocol were calculated by
(Schrödinger)’s QikProp as an index of solubility. As shown in Figure 3.2, the distribution of logS of
the binder sequence designed in the AfDesign binder hallucination protocol was much lower than that
of the p53 peptide sequence, indicating that the binder tends to be designed with lower solubility.
To confirm the amino acid composition of the designed sequence, the sequence logos were generated
from 100 designed sequences using WebLogo [201]. Figure 3.3 shows that the binder sequences
designed in the AfDesign binder hallucination protocol contained more hydrophobic amino acid
leucine and aromatic amino acids tyrosine, phenylalanine, and tryptophan in residues 4 to 11, In
general, the binding interface of PPI was consistent with high hydrophobicity [77]. Comparing the
designed sequence with the sequence of the p53 peptide, “ETFSDLWKLLPEN”, the composition
ratio of hydrophobic amino acids tended to be higher and solubility tended to be lower.

From the results in Figure 3.3, the logS distribution of the binder sequence designed with the
default AfDesign binder hallucination protocol was low compared with that of the p53 peptide.
Therefore, in order to test whether it is possible to control water solubility from the bioavailability
and industrial perspective of therapeutic peptides by adding solubility constraint as a new loss
to the design process of the AfDesign binder sequence, The binder peptide sequences of the target
protein, MDM2, were simultaneously optimized along with the solubility. Based on previous studies
on amino acid and protein solubility, three solubility indices were used to verify the results:

• Hydrophobicity Index [198];

• Hydropathy Index [199];

• Solubility-Weighted Index [197].

The different index values related to solubility were each normalized and added as solubility loss
to the loss function for the AfDesign binder hallucination protocol, and the weights of the loss were
weighted in the range of 0.0–1.0 to design the binders. The following is a summary of the results.

3.3.2 Clustering of the AAindex

Proteins are essential to biological processes, and understanding their physicochemical properties
of their constituent amino acids is critical to the study of protein and peptide function.

The AAindex database [206–208] comprehensively quantifies these properties in the form of 566
numerical indicators, including volume, charge, hydrophobicity, and others. Although obtained
through the study of the physicochemical properties of many amino acids over more than 60 years,
the redundancies and vague annotations in AAindex, such as the presence of more than 30 scales
for hydrophobicity alone, do not allow for the classification necessary to obtain interpretations for
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Figure 3.4: Clustering 83 types of AAindex and SWI. The clustering was performed
using the UMAP method. The color of each point represents the AAontology anno-

tation.

machine learning models Recently, AAontology was developed to address this problem by classifying
physicochemical scales into 8 categories and 67 subcategories, thereby increasing the interpretability
of machine learning methods using protein properties [209].

The positions of the three selected solubility indices in the AAindex were determined through
clustering. The values for each amino acid were normalized and clustered using the annotations
from AAontology in the AAindex. There are hydrophobicity-related 83 types of AAindex are
used, including the Hydropathy Index and the Hydrophobicity Index, which were selected from
among those categorized as Polarity by AAontology. Figure 3.4 shows that clustering using these
AAindexes and the normalized SWI shows that the Hydrophobicity Index and the other two indices
are located far apart and around the index labeled Hydrophobicity, while the Hydropathy Index
is located around the index annotated as amphiphilicity (α-helix) and SWI is located around the
index annotated as hydrophobic (surrounding), capturing the characteristics of these indices.

3.3.3 Validation of InterfaceAnlayzer

Many studies have designed proteins or peptides that bind to target proteins, and the ability of the
designed protein or peptide to interact with the target protein is estimated by binding energy [132,
135, 210–212].

The Rosetta application InterfaceAnalyzer can be used to calculate the estimated binding energy
of protein-protein complexes and protein-peptide complexes. It estimates the binding energy by
calculating the change in Rosetta energy before and after the target protein and binding partner form
a complex [200]. To validate the binding energies calculated by InterfaceAnalyzer, the correlation



40 Chapter 3. Development of a Solubility-Aware Peptide Binder Design Method

0.5 1.0 1.5 2.0 2.5 3.0 3.5
log10(IC50(nM))

3.0

2.9

2.8

2.7

2.6

2.5

2.4

2.3

2.2

2.1
(k

ca
l/m

ol
)/d

SA
SA

×
10

0
(d

G_
se

pa
ra

te
d/

dS
AS

A
×

10
0)

R: 0.911

PDIQ
pMI
6W11L
1E6W
6W8S
6W
PDI
6W9S
6W8S9S
6N
p53
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are shown in Table 3.3

Table 3.3: The IC50 values of high-affinity peptides against MDM2, measured by
ELISA [213].

Name Sequences IC50 (nM)

PDIQ ETFEHWWSQLLS 8
pMI TSFAEYWNLLSP 20
6W11L LTFEHWWAQLLS 20
1E6W ETFEHWWAQLTS 20
6W8S LTFEHWWSQLTS 24
6W LTFEHWWAQLTS 36
PDI LTFEHYWAQLTS 44
6W9S LTFEHWWASLTS 125
6W8S9S LTFEHWWSSLTS 130
6N LTFEHNWAQLTS 400
p53 ETFSDLWKLLPE 2000
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Figure 3.6: MDM2 binding energies of p53 mutants predicted by computational
mutagenesis using Rosetta. binding energies (kcal/mol) of mutants, represented by
dG_separated/dSASA × 100 values, are shown as a color gradient from red (more
binding than native peptide) to blue (less binding than native peptide) gradient. The
y-axis shows residue number and native residues, and the x-axis shows substituted
residues. For each mutant, fixbb module was performed 50 times and the average

value of dG_separated/dSASA × 100 for each mutant is shown.

between IC50, the binding affinity of different sequence peptides for the same target protein, and
the binding energies estimated by InterfaceAnalyzer was studied. Ten different peptides were used,
including p53 peptides, with measured IC50 to validate the InterfaceAnalyzer in this study. The
peptides were modified p53 peptides for targeting MDM2 and MDMX [213]. As shown in Figure 3.5,
the correlation coefficient between the estimated binding energy and IC50 in the InterfaceAnalyzer
was strong, exceeding 0.9. This indicates that the InterfaceAnalyzer is a quite effective tool for
estimating the binding energies of MDM2 and p53 peptides and their modified peptides.

3.3.4 Computational Rational Peptide Design Using Rosetta

In recent years, there have been many reports of successful design of sequences with higher binding
affinity than native proteins and peptides by the Rational peptide design method [211, 214–216].
To use sequences designed by Rational peptide design as a control in this study, it was verified
whether the rational peptide design method could create more estimated binding energy in the
MDM2/p53 complex than in the p53 peptide. Using the structure of MDM2 in complex with the
p53 peptide determined by X-ray crystallography (PDB ID: 1YCR), Mutants with only one amino
acid substitution in the p53 peptide of the Rosetta application [119] were searched for by performing
a computational mutation in which each of the 13 residues of the p53 peptide was replaced by one of
19 different amino acids other than native residues (247 mutants in total (13 sites times 19 types)).
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Figure 3.7: Scatterplot of MDM2 binding energies and QPLogS of p53 mutants
for each number of substitutions of candidate residues that can enhance estimated

binding energy.
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Computational mutations in this study were performed using fixbb module to make the amino
acid substitutions, the relax module to minimize the total energy of the complex structure, and In-
terfaceAnalzyer to calculate the bindig energy (dG_separated/dSASA × 100 values) were obtained.
These calculations were performed 50 times for each mutant, and the average
dG_separated/dSASA × 100 value for each mutant was compared to the native p53 peptide.

As shown in Figure 3.6, the results are consistent with previous studies showing that the 3rd
phenylalanine, 7th tryptophan and 10th leucine of the p53 peptide are important for binding affin-
ity [213, 217]. This means that the value of dG_separated/dSASA × 100 was higher (weaker
as binding) for all one residue substitutions than for those residues. Most residues with lower
dG_separated/dSASA × 100 values (stronger binding) than the native residues were suggested to
be substitutions to hydrophobic residues. Furthermore, in each position, when the residue with the
lowest estimated binding energy compared to the native residue was selected (if not, it remained the
native residue), there were 9 residues out of 13 residues. Using those 9 residues, the structure of all
patterns from 1 residue to 9 residue substitutions (511 patterns) and the native p53 peptide were
predicted using AlphaFold, and the estimated binding energy for those structures was calculated
using InterfaceAnalyzer. Figure 3.7 shows that increasing the number of residues to be changed
led to a decrease in the value of dG_separated/dSASA × 100. (stronger as a binding). However,
as a trade-off, solubility tended to decrease at the same time. This result indicates that even if
binding affinity is only considered in the design, binding affinity can be increased, but it is difficult
to include solubility in the design.

3.3.5 Solubility-Aware Peptide Binder Design Targeting PPI

As shown in Figure 3.8, the sequence designed using SWI for solubility loss had the lowest degree
of change in solubility with weight among the three indices, while the sequence designed using the
Hydrophobicity Index as the solubility index had the highest degree of change in solubility with
weight among the three indices. Moreover, compared with the Hydrophobicity Index and SWI,
the Hydropathy Index showed a gradual decrease in sequence frequency of leucine, a hydrophobic
amino acid, along with its weight. This is consistent with the greater weight of leucine Table 3.2.

Next, sequence logos were created by alignment of the predicted design sequence and the native
sequence with the 3D structure of the native sequence and using RMSD_best as the threshold (see
Materials and Methods). As Figure 3.9 shows, compared with the Hydropathy Index, aromatic
amino acids tyrosine and phenylalanine gradually decreased in sequence frequency with weight in
the Hydrophobicity Index and SWI. This is consistent with the greater weight of tyrosine and
phenylalanine. Moreover, compared with the Hydrophobicity Index and SWI, the Hydropathy
Index showed a gradual decrease in sequence frequency of leucine, a hydrophobic amino acid, along
with its weight. This is consistent with the greater weight of leucine (Table 3.2). The addition of
solubility loss to the AfDesign binder hallucination protocol resulted in an increase in solubility,
while the sequences were designed according to the characteristics of each solubility index.

The addition of solubility loss to the AfDesign binder hallucination protocol resulted in an
increase in solubility, while the sequences were designed according to the characteristics of each
solubility index.To assess a estimated binding energy of designed sequences with the AfDesign binder
hallucination protocol with each solubility loss to MDM2 as a target protein, binding energies of
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Figure 3.8: Distribution of logS for various weights of sequences designed in AfDe-
sign using three solubility indices. The logS of sequences designed in AfDesign using
the Hydrophobicity Index (a), Hydropathy Index (b), and Solubility-Weighted Index
(c) as solubility indices in the loss function. Each color indicates the weight of the
solubility loss. The gray line with a weight of 0.0 shows the distribution of logS for
the sequence designed by AfDesign without a solubility index. The dashed line shows

the logS of the p53 peptide.

designed peptides were calculated to the target protein using InterfaceAnalyzer which is Rosetta
application. As shown in Figure 3.10, the only sequence designed using the Hydrophobicity Index
had a lower binding affinity to the target protein than the sequence designed without solubility
loss. The binding free energy tended to be higher (weaker as a value of binding). Sequences
designed using the Hydropathy Index tended to maintain or increase binding affinity compared
with sequences designed without solubility loss. Designed sequence with all types of solubility index
tended to have not only higher solubility but also lower binding energies to the target protein than
sequences designed without solubility loss. However, their binding energies tended to be higher than
those of native peptides.

Therefore, the following changes were made to AfDesign, which had been used for designing
lower estimated binding energy. To align the version of AfDesign with the change, the version
before this change was named beta, and the version after the change was named v1.1.1.

• The weights of each loss function set in AfDesign are plddt:0.1, pae:0.1, i_pae:1.0, con:0.1,
i_con:0.5 to plddt:0.1, con:0.0, i_con:1.0, i_pae:0.0.

• The optimizer was changed from the 3-stage method of soft, tmp, and hard to a semi-greedy
method.

The major weight change was mainly to optimize the interface contact (i_con) instead of directly
optimizing the PAE (i_pae) of the interface. For optimizer changes, in the hard stage, which
is the final stage of the 3-stage method, the pLDDT may drop if the sequence changes due to
optimization. In order to optimize the pLDDT more stably, a semi-greedy optimizer was used. This
optimizer increases the mutation probability of residues with lower pLDDT among the sequences
to be optimized. Mutated sequences are generated according to the number of times specified, and
the mutation with the highest pLDDT is selected. In other words, this semi-greedy optimizer is an
optimizer in which the lower the pLDDT, the more mutations are inserted and the more residues
are replaced with those with higher pLDDT.
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Figure 3.9: Sequence logos designed by AfDesign binder hallucination with solubil-
ity loss for each weight parameter (beta condition). Hydrophilic amino acids (R, K,
D, E, N, and Q) are shown in blue, neutral amino acids (S, G, H, T, A, and P) are
shown in green, and hydrophobic amino acids (Y, V, M, C, L, F, I, and W) are shown

in black.

As shown in Figure 3.11, comparing the estimated binding energy and solubility in v1.1.1 and
beta without solubility loss, the estimated binding energy of the designed sequence is lower and
the solubility tends to increase. This suggests that the change in weights and optimizer from beta
to v1.1.1 had a quite effective effect on the decrease in estimated binding energy and increase in
solubility. Visualization of the predicted structure by AlphaFold of the designed sequence with
the lowest RMSD_best, which is lower than the estimated binding energy of native, shows that
the phenylalanine at the third residue of the native peptide, which is important for the MDM2
hot spot, and The 3D positions of both the seventh residue, tryptophan, are well aligned, with an
RMSD_best of 0.46 Å and a estimated binding energy of −2.57. (Figure 3.12 (b))

The v1.1.1 condition had higher solubility than the beta condition, and the binding energies
tended to be much higher than with solubility loss in the beta condition, with 47 of the 100 sequences
(exactly the same sequences designed, including one duplicate) having lower binding energies than
the native peptides. This is considered an improvement since under the beta conditions, even
with solubility loss, the binding energies were only a few percent lower than the native peptides.
Furthermore, the higher the pLDDT of the designed sequence, the lower the estimated binding
energy of the sequence and also the lower the RMSD_best tended to be (Figure 3.12 (b)). This is
consistent with the tendency for the lower estimated binding energy sequences to be in a structure
closer to the native structure.

Comparing beta and v1.1.1 for solubility of the designed sequences, under beta conditions,
the solubility was 1 sequence out of 100 sequences, while under v1.1.1 without solubility loss, the
solubility was 22 sequences out of 100 sequences higher than the native peptide. With solubility loss,
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Figure 3.10: Scatter plots of InterfaceAnalyzer score and logS for various weights for
designed sequences in AfDesign under beta version. The columns show the Hydropho-
bicity Index, Hydropathy Index, and Solubility-Weighted Index (SWI) as solubility
indices for the loss functions, and the rows show the weights from 0.3 to 1.0. Each
dots shows the estimated binding energy and logS of designed sequences in AfDesign
using these solubility indices as loss functions and weights. The gray dots show the
binding energies and logS designed in AfDesign without using the solubility indices.
Horizontal dashed lines indicate the estimated binding energy of p53 peptides. Ver-

tical dashed lines indicate logS value for p53 peptides.



3.3. Results and Discussion 47

6 4 2 0 2
QPlogS

3

2

1

0

1

2

3

dG
_s

ep
ar

at
ed

/d
SA

SA
×

10
0

Figure 3.11: Scatter plots of InterfaceAnalyzer score and logS without solubility loss
for designed sequences in AfDesign. Gray dots indicate estimated binding energy and
solubility under beta conditions. Light blue dots indicate estimated binding energy
and solubility under v1.1.1 conditions. Horizontal dashed lines indicate the estimated
binding energy of p53 peptides. Vertical dashed lines indicate logS value for p53

peptides.

for example, the Hydrophobicity Index was 41 sequences, the Hydropathy Index was 22 sequences,
and the SWI was 16 sequences when designed with a weight of 0.3. To further improve the solubility
of the designed sequences, in v1.1.1, solubility-aware peptide sequences were designed using solubility
loss.

As Figure 3.13 shows, the solubility of designed sequences tended to increase with weight in
all solubility indices, albeit mildly, even for beta. Using solubility loss, the minimum number of
sequences was found to be 12 with a solubility index of SWI and a weight of 0.3. Conversely, the
maximum number of sequences was 29, observed with a solubility index of Hydrophobicity Index
and a weight of 1.0. In the case of using solubility loss with beta, the number of sequences was at
a minimum of zero when the solubility index was SWI with a weight of 0.3, and at a maximum
of nine when the solubility index was Hydrophobicity Index with a weight of 1.0. This suggests
that adding solubility loss to v1.1.1 not only results in increased solubility, akin to beta, but also
decreases estimated binding energy.

Next, sequence logos were created by alignment of the predicted design sequence and the native
sequence with the 3D structure of the native sequence and using RMSD_best as the threshold
(see Materials and Methods). As Figure 3.14 shows, the designed sequence by v1.1.1 tends to
be phenylalanine at the third and tryptophan at the seventh (the 6th and 10th residues in the
sequence logo, since the sequence logo has a margin of 3 residues before and after). This is consistent
with previous studies that show that this is an important residue that interacts with the MDM2
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Figure 3.12: Scatter plots of InterfaceAnalyzer score and pLDDT without solubility
loss for designed sequences in AfDesign (a). Horizontal dashed lines indicate the
estimated binding energy of p53 peptides. Comparison of crystal 1YCR structure
and AfDesign sequence structure predicted using ColabFold. Green shows the native
target protein structure, cyan shows the predicted target protein structure, and pink
shows the predicted cyclic peptide structure. The predicted structure of the design
sequence had a Rosetta InterfaceAnalyzer score lower than that of the native structure

and had the lowest RMSD_best (b).

hotspot [213, 217]. These results suggest that peptide designed sequences by v1.1.1 using solubility
loss show changes in the distribution of amino acid residues as follows: Firstly, there is a tendency
for hydrophilic residues to be distributed in regions other than binding hotspots. Secondly, there
is a tendency for the same aromatic amino acid residues as in the native sequence to be selected
at the binding hotspots. It is that these trends enabled a simultaneous shift in the distribution of
solubility towards higher values while shifting the distribution of estimated binding energy values
towards lower values.

As shown in Figure 3.15 , there is a correlation between the estimated binding energy and pLDDT
of the designed sequences. Furthermore, the higher the pLDDT and the lower the estimated binding
energy, the lower the RMSD_best. This means that pLDDT and Rosetta’s physical energy values
are highly related. They are also consistent with the fact that the predicted structure of the designed
sequence is in close 3D alignment with the native peptide relative to the target protein.

A recent study reported that competitive binding can be simulated in protein–peptide docking
using ColabFold [202, 203]. In other words, competition binding experiments of peptides can be
performed virtually. Competitive peptide binding prediction was further performed using the filtered
designed sequences.

The 12 predicted design structures were filtered with binding energies lower than the native
structure and the most similar peptide interface structures among each conditions with solubility
indices and weights indices (Table 3.4). As shown in Figure 3.16, To test whether the designed
peptide is more likely to form a complex with MDM2 than the computationally native p53 peptide,
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Figure 3.13: Scatter plots of InterfaceAnalyzer score and logS for various weights
for designed sequences in AfDesign under v1.1.1 version. The columns show the
Hydrophobicity Index, Hydropathy Index, and Solubility-Weighted Index (SWI) as
solubility indices for the loss functions, and the rows show the weights from 0.3 to
1.0. Each dots shows the estimated binding energy and logS of designed sequences in
AfDesign using these solubility indices as loss functions and weights. The gray dots
show the binding energies and logS designed in AfDesign without using the solubility
indices, but not the solubility indices. Horizontal dashed lines indicate the estimated
binding energy of p53 peptides. Vertical dashed lines indicate logS value for p53

peptides.
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Figure 3.14: Sequence logos designed by AfDesign binder hallucination with solu-
bility loss for each weight parameter (v1.1.1 condition). Hydrophilic amino acids (R,
K, D, E, N, and Q) are shown in blue, neutral amino acids (S, G, H, T, A, and P)
are shown in green, and hydrophobic amino acids (Y, V, M, C, L, F, I, and W) are

shown in black.

Competitive peptide binding predictions were performed using AlphaFold, and the top-ranked re-
sults for one sample in the 20 runs were visualized. The designed peptide was found at the MDM2
binding site, while the p53 peptide was located far away from the binding site.(Figure 3.17).

These result is consistent with the results of the reference paper [202, 203]. Consistent with this
result, binding energies of the predicted structures of the designed and filtered sequences is lower
than that of the p53 peptide.

It was found that the designed and 12 filtered peptides were more likely to form complexes
with MDM2 than p53 peptide. Multi competitive peptide binding predictions were performed to
determine which among the peptides were most likely to form a complex with MDM2. This is a
computational experiment in which all sequences are included at the same time, rather than one-
by-one. As Figure 3.18 shows, the designed sequence using Hydropathy Index and a weight of 0.3
was the most likely to form a complex with MDM2. Finally, the Hydropathy Index, with a weight
of 0.3, was used to examine which of the filtered sequences is more likely to form a complex with
MDM2 compared to PDIQ, which possesses the highest measured IC50 [213] and was the most
likely to form a complex with MDM2 by similar calculations in previous studies [202, 203]. using
the competitive peptide As shown in Figure 3.19, our designed sequence was more likely to form
a complex with MDM2 than PDIQ. This result suggests that the designed sequences can bind to
the target protein as well as p53 and as well as PDIQ, which is considered to have the lowest IC50,
with solubility considerations. Although swi_10 or hyd_05 might have been selected from the
perspective of pLDDT or energy scores, the result shows that hyp_03 was chosen. This suggests
that Competitive Peptide Binding Predictions using AlphaFold may not necessarily correlate with
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Figure 3.15: Scatter plots of InterfaceAnalyzer score and pLDDT for various weights
for designed sequences in AfDesign under v1.1.1 version. The columns show the
Hydrophobicity Index, Hydropathy Index, and Solubility-Weighted Index (SWI) as
solubility indices for the loss functions, and the rows show the weights from 0.3 to 1.0.
Each dots shows the estimated binding energy and pLDDT of designed sequences in
AfDesign using these solubility indices as loss functions and weights. The gray dots
show the binding energies and logS designed in AfDesign without using the solubility
indices, but not the solubility indices. Horizontal dashed lines indicate the estimated

binding energy of p53 peptides.
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Figure 3.16: Comparison of crystal 1YCR structure and predicted designed struc-
ture using AlphaFold with solubilty indices. Green shows the native target protein
structure, cyan shows the predicted target protein structure, and pink shows the pre-
dicted cyclic peptide structure. The predicted structure of the design sequence had a
Rosetta InterfaceAnalyzer score lower than that of the native structure and had the

lowest RMSD_best.
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Figure 3.17: Competitive peptide binding predictions using AlphaFold. Green
shows 1YCR PDB structure. Cyan shows predicted MDM2 and pink shows predict
designed and filtered peptide as competitor and orange shows predicted p53 peptide

in the competitive peptide binding prediction.
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Figure 3.18: Multi competitive peptide binding predictions using AlphaFold. Green
shows 1YCR PDB structure. Cyan shows predicted MDM2, pink shows predict de-
signed peptide using Hydropathy Index and a weight of 0.3 as competitor, orange
shows predicted p53 peptide, and gray shows other designed petpides in the compet-

itive peptide binding prediction.

Figure 3.19: Comparison of PDIQ and our designed and filtered peptides with
AlphaFold using competitive peptide binding predictions. Green shows 1YCR PDB
structure. Cyan shows predicted MDM2 and pink shows predict designed and filtered
peptide as competitor and orange shows predicted p53 peptide in the competitive

peptide binding prediction.
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Table 3.4: pLDDT, RMSD_best, RMSD_best, InterfaceAnalyzer score, and
QPlogS of the structures of linear peptide binders for MDM2 predicted with solu-
bility indexes and structure predicted by AlphaFold using the 1YCR sequence was
used as a control (def_00). The InterfaceAnalzyer value for that structure was -2.35.
def_00 is the control without solubility index. hyd, hyp, and swi represent Hydropho-
bicity Index, Hydropathy Indes, and SWI, respectively.03, 05, 07, and 10 represent

solubility loss function weights of 0.3, 0.5, 0.7, and 1.0, respectively.

pLDDT RMSD_best InterfaceAnalyzer Score QPlogS

def_00 95.47 0.46 −2.57 −1.56
hyd_03 95.05 0.59 −2.74 0.75
hyd_05 95.15 0.56 −3.22 −1.17
hyd_07 95.54 0.60 −3.07 −0.50
hyd_10 95.11 0.58 −2.87 1.78
hyp_03 91.00 0.54 −2.79 −1.37
hyp_05 90.83 0.39 −3.13 1.02
hyp_07 93.45 0.60 −2.69 −1.60
hyp_10 93.46 0.50 −2.99 0.20
swi_03 95.07 0.64 −2.69 1.41
swi_05 92.31 0.38 −2.68 −0.80
swi_07 95.79 0.46 −3.07 1.94
swi_10 96.29 0.57 −3.14 −0.39

pLDDT or energy scores. While Competitive Peptide Binding Predictions may serve as a criterion
for the ease of complex formation, there is a possibility that when the design model and evaluation
model are identical, it could favor the designed sequences. This indicates that energy score-based
evaluations remain important.

3.4 Summary

This chapter describes a solubility-aware, protein-targeted peptide design approach using AlphaFold.
First, When peptides were designed using AfDesign’s binder hallucination, it was found that the
solubility of the sequence was very low. Consequently, peptides could be designed while considering
solubility by utilizing the solubility index in the AAindex as a loss function. However, it was
almost impossible to design a peptide with a binding free energy lower than that of the native
p53 peptide.This is considered to be due to the weighting of the intra PAE loss in AfDesign’s
loss function, specifically tailored for the design of complexes. Therefore, by incorporating new
parameters and optimizers into AfDesign and increasing the weight on contact loss, which is a loss
function that prioritizes the number of contacts in the complex over PAE, improvements can be
achieved. It is possible to design a peptide with lower binding free energy than the native p53
peptide. it is now possible to design peptides with lower binding energies. The likelihood of these
sequences forming a complex with MDM2 was evaluated using pLDDT, Rosetta InterfaceAnalyzer
score, and RMSD_best, which is the RMSD of substructures. Additionally, sequences more likely
to form a complex with MDM2 than the p53 peptide and PDIQ were identified through competitive
peptide binding predictions using AlphaFold.
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Chapter 4

Development of a Cyclic Peptide Binder
Design Method

4.1 Introduction

As described in Section 1.3 of Chapter 1, cyclic peptides have risen to prominence as preferable
modalities for PPI drug targets over linear peptides, owing to their multiple benefits [83–85]. The
cyclic structure of these peptides typically confers enhanced stability, enabling them to withstand
enzymatic degradation more effectively than their linear counterparts. Furthermore, cyclic peptides
are known for their superior binding affinity and specificity towards target protein due to their
structural stability. Their distinct conformation facilitates more effective membrane penetration,
a characteristic that is often less evident in linear peptides. Due to the absence of termini, cyclic
peptides are more resistant to digestive enzymes like exoproteases and peptidases. The constraints
of the cyclic structure allow for stable folding without depending only on secondary structures [218–
221]. There exist several methods for the experimental design of PPI-targeting peptides, such as
mRNA display and cDNA display, which are used to screen a huge number of peptides for protein
interactions; however, these methods are expensive [222–224]. Therefore, there is an increasing need
for methods to computationally design candidate peptide sequences that bind to target proteins.
While there have been instances of designing sequences with a specific function, like antimicrobial
peptide sequences [104, 105], This requires a huge amount of experimental data. It is difficult to
acquire such a large amount of data on peptide sequences that interact with specific PPI target
proteins in public databases or even experimentally. Computational methods exist to generate
peptides similar to known PPI inhibitors [225], but there are few small molecules that can inhibit
PPIs [41, 79].

High-throughput virtual screening (HTVS) technology is a potent and efficient method for pin-
pointing drug candidates from a vast compound library [226, 227]. Using the appropriate virtual
screening steps and strategies, HTVS of peptides could thus provide hit candidates for bioactive
peptides. [228]. The primary technology underpinning HTVS is molecular docking tools, which
encompass both commercial and open-source tools. There are commercial options available, such
as the Molecular Operating Environment suite, the (Schrödinger) modeling suite, and the Open-
Eye Scientific Software suite. Tools like (Schrödinger) Glide can perform protein-peptide docking,
though they’re essentially crafted for linear peptides [229, 230]. When these tools are employed for
cyclic peptides, the peptide is treated as a ligand, and protein-ligand docking is undertaken. Glide



58 Chapter 4. Development of a Cyclic Peptide Binder Design Method

has introduced a macrocycle module that accommodates both flexible and rigid docking [231]. How-
ever, these tools are basically optimized for conventional small molecule compounds of less than 500
Da. In docking larger cyclic peptides as ligands, it is essential to well understand the parameters
and scoring functions for conformational generation.

While numerous open-source tools exist for global protein-peptide docking, such as CABS-
dock [93, 94], ClusPro PeptiDock [95], and PIPER-FlexPepDock [96], and for local protein-peptide
docking, including PEP-FOLD3 [97] and DINC 2.0 [98], they cannot handle cyclic peptides. Only
two tools, HADDOCK 2.4 [99] and AutoDock CrankPep (ADCP) [100, 101], is specialized for dock-
ing protein-cyclic peptides as well as protein-linear peptides, and ADCP is the state of the art for
protein-cyclic peptide docking. Despite the progress in peptide docking tools, essential for HTVS
strategies targeting peptides, the development of these tools and the corresponding virtual screening
libraries for peptides lag behind those for small molecule compounds. This discrepancy is partly
due to the fewer options available for peptide-specific docking tools and virtual screening libraries,
making it challenging to implement peptide HTVS with the same efficiency and scale as seen in
small molecule HTVS. Consequently, the pace of advancement in peptide HTVS strategies remains
markedly slower, reflecting the complexities and specific requirements of accurately modeling for
peptide molecules compared to small molecules. Current HTVS methods, even state-of-the-art, do
not seem to be sufficient to achieve the full potential of the peptide libraries. Considering computa-
tional efficiency, ADCP is distinguished by its superior performance among de novo methods [100].
Specifically, when docking cyclic peptides on Intel Xeon CPUs, the median execution time for a sin-
gle ADCP MC-replica out of 300 replicas per docking session ranges from 5.1 minutes for peptides
with 6 amino acids to 60.8 minutes for those with 20 amino acids [101]. Conversely, Uni-Dock, a no-
table example of small molecule docking tools developed in 2023, demonstrated an execution speed
of approximately 0.3 seconds as per ligand on a GPU for eight targets from the DUD-E dataset [232].
This speed was achieved on a single NVIDIA V100 32G GPU in balance mode (nthreads = 384
and nsteps = 40)[233]. Despite this, ADCP is not yet capable of performing docking calculations
for cyclic peptides using GPUs. While increasing the number of CPU threads can reduce execution
time, there is still a difference in computational times between peptide docking and small molecule
docking. Additionally, the size of virtual screening libraries for peptides and small molecules differs
markedly. Computational speed challenges limit peptide virtual screening libraries to around 10000
entries[117, 234], whereas small molecule virtual screening libraries, such as the Enamine REAL
Space and the Enamine Diverse REAL druglike set, span from tens of millions to billions of en-
tries [233, 235]. Notably, there are few literature reports highlighting the effective use of peptide
HTVS, and only a handful of studies have demonstrated success through both proprietary and open
computational methods [117].

This research presents a groundbreaking approach to designing cyclic peptides aimed at PPI.
Diverging from HTVS strategies that depend on molecular docking, this method leverages deep
learning (DL)-based protein structure prediction. Notably, DL techniques such as AlphaFold and
RoseTTAFold have advanced the accurate prediction of protein 3D structures from amino acid se-
quences [112, 169, 170]. These tools have demonstrated their ability in predicting not only monomer
proteins, but also complex assemblies such as protein complexes and protein-peptide complexes [113,
192, 236, 237]. In the context of protein design, a deep network hallucination design method is used
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to design sequences from structure. This method can be used for a variety of protein designs by
starting with random iterative updates of the protein sequences to obtain the desired properties
specified by the loss function [140]. Recently, using cyclic offset as the relative positional encoding in
AlphaFold has enabled the prediction of head-to-tail cyclic monomer peptides with high accuracy
and the design of cyclic monomer peptides [145]. Nevertheless, no DL-based approach has been
used to predict protein-cyclic peptide complexes or to design cyclic peptide binders targeting PPIs.
Therefore, this study demonstrates the feasibility of predicting and designing cyclic peptide binders
targeting PPIs of protein-peptide complexes.

4.2 Materials and Methods

4.2.1 ColabFold Settings

Protein–peptide complex structure prediction was performed using the publicly available ColabFold
with the following modifications to the localcolabfold installation [114]. An offset matrix for the
relative positional encoding of a target protein and cyclic peptide complex prediction was developed
by batch.py in ColabFold implementation as follows:

1. To predict target protein-peptide complexes, the target protein and cyclic peptide sequences
were connected by “:” , and input to colab_batch as “TARGETPROTEINSEQ : CYCLICPEP-
TIDESEQ”.

2. Let the last residue number of the target protein residue_index + 50 be the first value of
the cyclic peptide residue_index (this is known as a chain break, a method for complex
prediction [114, 177]).

3. Using the chain brake residue_index, an offset matrix was created using the default method
of AlphaFold-Multimer.

4. A cyclic offset matrix was created for the length of the cyclic peptide in the same way as in
the study [145], note that the fixed version of the offset matrix was used here [238].

5. The offset matrix for the default complex, created in step 3, and the offset matrix for the
cyclic peptide, established in step 4, were utilized. Cyclic offsets were replaced exclusively in
the default offset matrix corresponding to the cyclic peptide, as illustrated in Figure 4.1. This
enables the prediction of complexes of protein and cyclic peptide, where target proteins are
linearized and peptides are cyclized.

The sequence search option for building multiple sequence alignment (MSA) was specified as
MMseqs2 (mmseqs_uniref_env). When predicting protein–cyclic peptide complex structure regis-
tered in the PDB, alphafold2_multimer_v2 model (AF_v2), considering the length cutoff of the
AlphaFold training dataset, was used. To predict protein-designed cyclic peptide complex struc-
ture with AfDesign, alphafold2_multimer_v3 model (AF_v3) was used. In this study, the input
sequences were based on PDB files. If there is missing residues in the PDB, it is set to ‘X’. For struc-
ture prediction, only sequence information was utilized as input, without incorporating templates
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that contain structural information. Among the generated multiple sequence alignments (MSA)
files (a3m files), preparations were made to ensure that only the target protein sequence was ac-
companied by MSA, while the peptide sequence was represented by a single sequence, irrespective
of any MSA presence for the peptide sequence. In the process of predicting complexes between
peptide sequences designed by AfDesign and their target proteins, the pre-existing MSA was em-
ployed without re-acquiring new MSA data, and modifications were made solely to the single peptide
sequence a3m files. While localcolabfold was updated during our study, the commit history used
was as follows: The AlphaFold models used in localcolabfold were downloaded from the databases
https://storage.googleapis.com/alphafold/alphafold_params_2022-03-02.tar and https:

//storage.googleapis.com/alphafold/alphafold_params_2022-12-06.tar (accessed on 20 March
2024), the localcolabfold repository, https://github.com/YoshitakaMo/localcolabfold/tree/

e2bbc1aba7ecadbbea9265997cbda85bbcc4c75a (accessed on 20 March 2024) and ColabFold repos-
itory, https://github.com/sokrypton/ColabFold/tree/
7d5e42c00829e12e38bd8965767302367cf90cd2 (accessed on 20 March 2024).

4.2.2 AfDesign Settings

A fixed-version cyclic peptide offset was implemented into the AfDesign binder hallucination pro-
tocol to design a cyclic peptide binder [238] (Figure 4.5). Cyclic peptide binders for all proteins
examined in this study were calculated using the AfDesign binder hallucination protocol [204]. All
parameter settings were the same. To design a cyclic binder in AfDesign, the PDB file, which is
the structural information of the target protein, and the length of the cyclic binder to be designed
were set as inputs. In this study, only the structural information of the target protein was used,
and the interface information of complexes such as hotspots was not used. For example, the MDM2
protein and p53 peptide complex, where the PDB ID is 1YCR, chain A was used as the MDM2
structural template for AfDesign. Then, binder_len was set to 13, which was the same as the
maximum length in a cyclic peptide design study using a cyclic offset [145]. The design method
used was design_pssm_semigreedy(), where soft_iter and hard_iter were set to 120 and 32,
respectively. Unless otherwise noted, the other settings were left at default. AfDesign was run 100
times for all target protein settings of the seeds from 1 to 100. The versions of jax and jaxlib

used in this study were 0.3.25 and 0.3.25+cuda11.cudnn82, respectively. To ensure reproducibil-
ity, TF_CUDNN_DETERMINISTIC=1 was set such that JAX behaved deterministically. While AfDesign
was updated during our study, the commit history used was as follows: the ColabDesign repository :
https://github.com/sokrypton/ColabDesign/tree/6d3837d94a63df561e73477dfdd553b0cf894a90

(accessed on 7 April 2023). The AlphaFold models used in AfDesign were downloaded from https:

//storage.googleapis.com/alphafold/alphafold\_params\_2022-12-06.tar (accessed 7 April
2023).

4.2.3 Calculation of Protein-Peptide Local Docking for Cyclic Peptide

The target protein and designed peptide were calculated using AutoDock CrankPep (ADCP), which
is a state-of-the-art cyclic peptide docking tool within the AutoDockFR software suite version
1.0 [100, 101]. This procedure is described in the AutoDockFR document. First, the PDB files
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prepared as receptors and peptides were protonated using reduce version 3.23.130521 [239], and then
the protonated PDB files were converted to PDBQT files using two scripts, prepare_ligand and
prepare_receptor, of the AutoDockFR software suite. In addition, a docking box was placed and
sized over the receptor pocket into which the peptide was docked, and a trg file was calculated
using agfr to compute an affinity map for the list of atom types in AutoDock 4 [240]. Up to 2.5
million evaluations of the scoring function were performed to increase the likelihood of finding the
best docking pose (the global minimum of the scoring function), and 50 independent searches were
performed for each. The ADCP argument was -N 50 -n 2500000. The “-cyc” option was used
when predicting cyclic peptides.

4.2.4 Visualization of Sequence Logos

The sequence with the lowest final loss value in AfDesign binder hallucination protocol in the latter
32 iterations (hard_iter) in design_pssm_semigreedy() was selected as the best sequence. The
sequence logos were created using the WebLogo 3 Python package (version 3.7.9) [201]. The designed
cyclic peptide sequences were used as inputs and aligned in PyMOL considering the 3D coordinates
of the native peptide.

1. The PDB target protein was aligned with target proteins in the complex with cyclic peptides
predicted by AF2.

2. A window with each native peptide and cyclic peptide shifted by one residue was created with
a width of 6 residues (from the first residue to the sixth residue, from the second residue to
the seventh residue and so on. The native peptide windows will have a length of −5, and the
cyclic peptide will have the same number of windows as its length).

3. The RMSD of the Cα of each window in 1 was calculated using rms_cur. Using 1YCR as an
example, (13− 5)× 13 = 104 RMSDs were calculated per design.

4. To compare with native “linear” peptides, using the window index with the lowest RMSD
of the Cα among them, the design sequence was aligned based on the index numbers of the
native peptide sequence and the cyclic peptide. The lowest RMSD was named RMSD_best
in this study.

5. After alignment, the non-6 letters were filled in with ‘-’. Sequence logos were created via
WebLogo using the thresholding alignment sequence in RMSD_best as input. The sequence
logo represents each column of alignment as a stack of letters, with the height of each letter
proportional to the observed frequency of the corresponding amino acid, and the overall height
of each stack proportional to the degree of sequence conservation (measured in bits) at that
location. The maximum sequence conservation per site is log2 20 ≃ 4.32 bits for amino acids.
The width of the letters is proportional to ungaps of each column (the more ‘-’ there are in
each column instead of amino acid represents, the thinner the letters).

If the native peptide was smaller than six residues, its length was adjusted to the length of the
native peptide.
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4.2.5 Rosetta InterfaceAnalyzer

The Rosetta interface scores (dG_separated/dSASA × 100) for the predicted protein and cyclic pep-
tide structural models were calculated using a Rosetta InterfaceAnalyzer [200]. First, “minimize” was
used to obtain the minimum energy structure around the initial predicted complex structure. To pre-
vent cyclic peptides in the complex from becoming linear peptides, the “-use_truncated_termini”
and “-relax:bb_move false” options and the minimized complex as the input “InterfaceAnalyzer”
were used. To repack the exposed interfaces when calculating estimated binding energy, the option
“-pack_separated” was used. Standard weights, REF15, and Rosetta 3.13 Linux Release were used
for all Rosetta applications in this study.

4.2.6 Calculation of Solubility and Lipophilicity

As a preprocessing step, SMILES were prepared for linear peptides through acetylation of the N-
terminus of the peptide sequence and amidation of the C-terminus using RDKit Chem.MolFromHELM(),
and conformers were prepared using LigPrep in the Schrödinger software suite (version 2021-1). Fi-
nally, QPLogS and QPLogPo/w values were calculated for solubility and lipophilicity using QikProp
in the Schrödinger software suite (version 2021-1), respectively. If multiple conformers were gen-
erated from a single peptide sequence, the logS and logP values were averaged for each peptide
sequence.

4.3 Results and Discussion

4.3.1 Development of Cyclic Peptide Complex Offset for Predicting Protein-
peptide Complex Structure

A cyclic peptide complex offset was developed, a matrix of relative positions that specifically encodes
protein-cyclic peptide complexes, based on the cyclic offset used in previous studies that allowed
structure prediction of a single cyclic peptide [145]. Recently, a fixed cyclic offset implementation
was reported and applied to a cyclic peptide complex offset [238]. The part of ColabFold encoding
relative position was modified (See Materials and Methods). As shown in Figure 4.1, the offset
matrix for the relative position encoding the protein-cyclic peptide complex was designed such that
the offset in the protein region was the same as the default offset, whereas the offset in the peptide
region was cyclic.

To evaluate how accurately AlphaFold with the developed cyclic peptide complex offset can
predict protein-cyclic peptide complexes, five complexes that were also used to validate the cyclic
peptide docking tool ADCP [101] were selected. Among the three head-to-tail types reported by
the ADCP, the following were selected: one complex from the SFTI-1 cyclic peptide complex group
(1SFI), two complexes from the HIV integrase complex with the cyclic peptide group (3AV9 and
3WNE), and two complexes from another group (3ZGC and 5XN3). In the latest version of the
alphafold2_multimer_v3 model (AF2_v3) training set, only peptides with fewer than four amino
acid residues were excluded, including most cyclic peptide complexes registered in the Protein Data
Bank (PDB). However, there were no training sets for the alphafold2_ptm model (AF2_ptm) and
alphafold2_multimer_v2 model (AF2_v2), because the training excluded peptides with fewer than
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Figure 4.1: Difference between cyclic peptide complex offset and cyclic offset. Ex-
ample of relative position encoding of a hypothetical 20-residue protein and a 10-

residue peptide. Default complex offset (a) and cyclic peptide complex offset (b).

Table 4.1: Comparison of cyclic peptide RMSD for the protein–cyclic peptide com-
plex structures predicted by AF2_v2 and ADCP (based on align native protein and

align native peptide)

1SFI 3AV9 3WNE 3ZGC 5XN3

RMSD (Å) (Aligned with protein) AF2_v2 0.86 1.57 1.63 1.85 4.28
ADCP 6.71 7.09 4.29 3.58 3.40

RMSD (Å) (Aligned with peptide) AF2_v2 0.53 1.01 1.37 1.23 2.94
ADCP 5.01 3.32 2.49 2.27 3.28

16 amino acid residues [145, 241]. It was recently reported that AlphaFold with AF2_ptm could
be used to predict cyclic peptides using cyclic offsets with high accuracy. The results for AF2_ptm
and AF2_v2 were compared using a cyclic peptide complex offset. Figure 4.2 shows that predicted
local distance difference test (pLDDT) and predicted aligned error (PAE) values for AF2_v2 than
alphafold2_ptm.

Therefore, AF2_v2 was suitable for predicting protein-cyclic peptide complexes. Next, The
prediction accuracy of AF2_v2, utilizing the cyclic peptide complex offset, was compared to that
of ADCP. Five protein-cyclic peptide complex structures predicted using AF2_v2 with the cyclic
peptide complex offset and structure with lowest “ref.rmsd” among the top 10 ADCP local docking
are shown in Figure 4.3, RMSD results for the peptides after alignment with the target protein are
shown in Table 4.1.

In complex prediction by AF2_v2 using the cyclic peptide complex offset, alignment with the
native and predicted structure target proteins and calculation of the cyclic peptide RMSD resulted
in a high accuracy of 0.87 Å to 4.28 Å. In contrast, the RMSD of ADCP ranged from 3.40 Å to 7.09
Å, which was higher than that of the AF2_v2 complex prediction using the cyclic peptide complex



64 Chapter 4. Development of a Cyclic Peptide Binder Design Method

(a) AF2_ptm pLDDT (b) AF2_v2 pLDDT

(c) AF2_ptm PAE

(d) AF2_v2 PAE

Figure 4.2: Comparing the accuracy of the alphafold2_ptm(AF2_ptm) and al-
phafold2_multimer_v2 (AF2_v2) models for predicting protein-cyclic peptide com-
plexes. (a)-(b) show the pLDDT results for 1SFI complex prediction using AF2_ptm
and AF2_v2, respectively. (c)-(d) show the PAE results for 1SFI complex prediction

using AF2_ptm and AF2_v2, respectively.
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AlphaFold AutoDock CrankPep
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3ZGC

5XN3

Figure 4.3: Comparison of predicted protein–cyclic peptide complex structures of
AF2 and ADCP. The left column is the predicted structure of AF2_v2 with the cyclic
peptide complex offset. The right column is ADCP local docking structure with the
lowest “ref.rmsd” among the top 10 structures. Green shows the predicted structure of
the PDB target protein, cyan shows the predicted structure of the AF2 target protein,
and magenta shows the predicted structure of the AF2 cyclic peptide. Orange shows

the ADCP local docking cyclic peptide structure.
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Figure 4.4: Comparing the solubility and lipophilicity of the designed sequences in
different versions of AfDesign. (a) and (b) show the QPlogS and QPlogPo/w results
for the beta and v1.1.1 versions of AfDesign, respectively. The solid blue line shows
the v1.1.1 result, the solid gray line shows the result of setting the weight of the
hydropathy index to 0.5 in the beta version, the gray dotted line shows the result
without the hydropathy index in the beta version (i.e., the default setting in the beta

version), and the gray dashed line shows the result of the native p53 peptide.

offset, which also showed a higher RMSD, except for 5XN3. However, while ADCP performed local
docking using information on the binding sites between native cyclic peptides and the target protein
as the docking grid, AF2_v2 involved a completely blind prediction, because these cyclic peptides
are not included in the training dataset. Therefore, accuracy comparison is disadvantageous for
AlphaFold. The accuracy of predicting the structure as a cyclic peptide was evaluated in the same
manner. In all cases, AF2_v2 had a lower RMSD than ADCP (Table 4.1). This shows that the
5XN3 cyclic peptide could be predicted more accurately than ADCP as a single peptide. However,
it was difficult to predict the appropriate position for the complex structure. These results suggest
that protein-cyclic peptide complex prediction with AF2_v2 using the cyclic peptide complex offset
can be performed with equivalent or better accuracy than that of ADCP in many cases.

4.3.2 Protein Binding Cyclic Peptide Design Targeting PPI

AfDesign was used to prepare a solubility-aware peptide binder [146]. This issue was addressed in
the Chapter 3, the degree of difference in solubility and lipophilicity between beta and v1.1.1 was
compared.

v1.1.1 solved the solubility and lipophilicity problems better than the default beta version, and
the QPLogS and QPLogPo/w distributions were almost the same as using the Hydropathy Index
was used as the solubility index (Figure 4.4).

Owing to improvements in the optimizer and loss function weights, the AfDesign binder hallu-
cination protocol in v1.1.1 reduced the solubility problem, compared to the beta. Therefore, v1.1.1
was used in this study. Figure 4.5 shows our approach to protein-bound cyclic peptide design, which
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Figure 4.5: Schematic showing the optimization of the cyclic peptide binder hal-
lucination. The AF2 output is an all-atom coordinate, two confidence scores (PAE
and pLDDT), and a distogram. These are used to define the loss function, which is
back-propagated to compute the gradient for the design sequence, then updated and
predicted in a loop for optimization. A target protein structure and an initial random
sequence are input, and a cyclic peptide is hallucinated to the target protein via the

cyclic peptide complex offset.
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Figure 4.6: Comparison of pLDDT for AF2_ptm and AF_v3-designed sequences
used in AfDesign. The pLDDT values for random sequences are the result of using

AF2_ptm.
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was performed using the AfDesign binder hallucination protocol with our cyclic peptide complex
offset. In the design phase, consideration of the AlphaFold training set’s scope was not necessary.
Thus, an evaluation was conducted to determine which option was more preferable for hallucinat-
ing cyclic peptide binders using AfDesign: AF2_ptm or AF2_v3. The quality of the designed
sequences was assessed based on the pLDDT of the cyclic peptide sequence within its predicted
protein complex. As shown in Figure 4.6, the design sequence of AF2_ptm tended to have a higher
pLDDT than AF2_v3 for 1YCR, indicating that AF2_ptm is a desirable model for cyclic peptide
binder hallucinations in AfDesign.

Next, The capability of hallucinating a high pLDDT cyclic binder targeting MDM2 as the
protein of interest was verified. The structure predicted by ColabFold for the designed sequences
was scored using the Rosetta InterfaceAnalyzer. It approximates the binding energy by calculating
the change in Rosetta energy when the separated binding partners come together to form a complex
with no change between the bound and unbound monomer structures [200]. However, the predicted
structure of AlphaFold is often not the minimum of the Rosetta energy function, and it often exhibits
higher energy values. Therefore, the relative energies cannot be compared directly. To solve this
problem, the Rosetta minimization protocol was performed on the AlphaFold predicted structures,
as seen in previous studies [242]. This protocol is based on a simple gradient to determine the
minimum energy structure around the initial structure. The Rosetta InterfaceAnalyzer was used
after converging the AlphaFold predicted structure to the closest local minimum under the Rosetta
energy function, while maximally guaranteeing the original AlphaFold predicted structure. The
scores of the designed structure and target protein were compared to those of the native structure,
p53 peptide, and MDM2, utilizing scores normalized to solvent accessible surface area (SASA).

The designed cyclic peptide sequence was used as input to predict the structure with AlphaFold,
and considering its 3D coordinates, all patterns of RMSD were calculated to determine where the
sequence most aligns in the 6 sequential residues substructure of the native sequence, and the lowest
RMSD was named RMSD_best (Figure 4.7). As shown in Figure 4.8(a), 24% of the design sequence
binding energies were lower than that of the native structure (lower estimated binding energy is
more stable), and 37.5% (9 out of 24) had a pLDDT over 90. This means that the contact areas
of the peptide with the designed sequences were smaller than those of the native peptide, but the
former was more favorable in terms of surface area per unit. The predicted design structures were
filtered to select those with binding energies higher than the native structure and similar peptide
interface structures. The structure with pLDDT over 90, estimated binding energy lower than that
of the native structure, and the lowest RMSD_best, which considers the 3D alignment of cyclic and
native peptides (see Materials and Methods), was chosen among the predicted design structures.
The results are shown in Figure 4.8(b), with a pLDDT of 91.02, an InterfaceAnalyzer score of −2.46,
and an RMSD_best of 0.72 Å. The same aromatic amino acid, phenylalanine, was placed at the
third phenylalanine and seventh tryptophan positions in the native peptide sequence that interacts
with the MDM2 hotspot in the predicted design structure.
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Figure 4.7: Flowchart for the creation of sequence logos. At first, the RMSD was
calculated for the cyclic peptide and native linear peptide Cα of each window to
determine the lowest RMSD of the Cα among them. The lowest RMSD was named
RMSD_best. Second, the design sequence was aligned based on the index numbers
of the native peptide sequence and the cyclic peptide. After alignment, the non-6

letters were filled in with ‘-’. Third, sequence logos were created using WebLogo.
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Figure 4.8: Scatterplot of InterfaceAnalyzer and pLDDT for peptides designed to
target MDM2 in the v1.1.1 version of AfDesign. Horizontal dashed lines indicate the
estimated binding energy of p53 peptides (a). Comparison of crystal 1YCR struc-
ture and predicted structure designed sequence using AlphaFold with cyclic peptide
complex offset (b). Green shows the native target protein-peptide complex struc-
ture, cyan shows the predicted target protein structure, and pink shows the predicted
cyclic peptide structure. The predicted structure of the design sequence had a Rosetta
InterfaceAnalyzer score lower than that of the native structure and had the lowest
RMSD_best. Sequence logo of the design sequence designed by AfDesign binder hal-
lucination with an RMSD_best of less than 3Å (c). Hydrophilic amino acids (R, K,
D, E, N, and Q) are shown in blue, neutral amino acids (S, G, H, T, A, and P) are
shown in green, and hydrophobic amino acids (Y, V, M, C, L, F, I, and W) are shown

in black.
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Table 4.2: pLDDT, InterfaceAnalyzer score, and RMSD_best of the structures
of cyclic peptide binders for 12 protein–cyclic peptide complexes predicted using

AF2_v3.

pLDDT RMSD_best InterfaceAnalyzer Score
(Design) (Native)

1SSC 88.51 2.58 −2.51 −2.23
1T4F 86.39 0.85 −2.49 −2.40
2CNZ 90.00 0.60 −4.05 −3.98
2V8X 82.89 3.06 −1.58 −2.35
2Z9I 83.79 0.52 −0.38 2.67
3C3O 71.23 1.40 −1.10 −0.21
3R7G 91.53 1.34 −1.45 −1.41
3UFM 77.05 4.53 −2.33 −2.77
3VXW 79.40 0.65 −1.90 4.80
4K0U 95.24 0.51 −2.85 −2.04
4PIQ 84.88 0.79 −1.16 −0.90
6SEO 77.02 18.15 −0.96 2.80

4.3.3 Application of Cyclic Peptide Binder Design to Other Target Protein-
Peptide Complexes

To confirm whether cyclic peptide binder hallucinations could be applied to proteins other than
1YCR, these approaches were also applied to target proteins of various protein-peptide complexes.
The protein-peptide complex dataset was selected based on two previous studies for this evaluation,
using 12 protein-peptide complexes as target proteins, for which AF can be predicted within 2 Å
RMSD [113, 133, 134].

The same processes were used to design cyclic peptide binders for the 12 protein-peptide com-
plexes. The predicted design structure of the cyclic peptide for the target protein of each protein-
peptide complex was filtered in the same way as for 1YCR. However, if no structure had a estimated
binding energy lower than the estimated binding energy of the native PDB, the estimated binding
energy was set to less than 0. Figure 4.10 shows the predicted designs from these filters and the
structures aligned with the native target protein. Table 4.2 shows the pLDDT of the cyclic peptides,
the Rosetta InterfaceAnalyzer scores, and the RMSD_best of the predicted design structures.

For 9 of the 12 structures, the Rosetta InterfaceAnalyzer score was lower for the predicted
design than for the native structure and RMSD_best was lower than 3 Å, with a mean pLDDT
for the predicted cyclic peptide design of 86.73 and a mean RMSD_best of 1.06 Å, suggesting its
high confidence and similarity to the native peptide structures. The predicted structures of each
design were as follows: 1SSC had a short β-sheet structure and disulfide bonds, 1T4F had matching
phenylalanine and tryptophan residues known to interact with the hotspot of the target protein, and
RMSD_best was 0.85 Å. Further, 2CNZ had two β-sheet structures and disulfide bonds, and the
arginine and threonine atoms of the design matched well with the positions of the native glutamine
and threonine. There were two β-sheet structures in 2Z9I. A helical structure was seen in 3C3O, and
the tryptophan position was consistent with its native structure. The helical structure in 3R7G was
similar to that of the C-terminal side in the native protein. The tryptophan and isoleucine in 3VXW
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Figure 4.9: Scatter plots of InterfaceAnalyzer score and pLDDT for various weights
for designed sequences of 12 protein petide complexes in AfDesign under v1.1.1 ver-
sion. Horizontal dashed lines indicate the estimated binding energy of each native

peptides.
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1SSC 1T4F 2CNZ

2V8X 2Z9I 3C3O

3R7G 3UFM 3VXW

4K0U 4PIQ 6SEO

Figure 4.10: Comparison of 12 protein peptide complexes crystal structure and
predicted structures designed sequences using AlphaFold with cyclic peptide complex
offset. Green shows the native target protein-peptide complex structure, cyan shows
the predicted target protein structure, and pink shows the predicted cyclic peptide
structure. The predicted structure of the design sequence had a Rosetta InterfaceAn-
alyzer score lower than that of the native structure and had the lowest RMSD_best.
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Figure 4.11: Boxplots of RMSD_best for the predicted structures of the designed
cyclic peptide and native peptides for 12 complexes and 1YCR.

were the same as the native ones, and their backbones matched well from tryptophan to isoleucine.
In addition, 3VXW had the same tryptophan and isoleucine structures as its native form, whereas
4K0U had a helical structure similar to that of the native form, and its tryptophan position was
well matched. Finally, 4PIQ had a single β-sheet structure, and its cysteine was identical to that
of the native protein. In its native form, this cysteine forms a disulfide bond to the target protein,
which is considered a very important site. Overall, 74% of the 4PIQ designs had a cysteine in this
position. However, these three complexes were not well designed. Specifically, 2V8X and 3UFM
had no design with a Rosetta InterfaceAnalyzer score lower than that of the native structure, and
their RMSD_best values were higher than those of the other structures. In addition, 6SEO had
an RMSD_best of 18.15 Å, and the predicted structure was clearly in a different location from
that of the native peptide. The RMSD_best distribution of the predicted design structures for
the 12 complexes indicated that these three complexes were less likely to be hallucinated at the
native peptide position via cyclic peptide binder hallucination (Figure 4.11). The peptide designed
sequence is a de novo sequence and is also a single sequence in the MSA. Therefore, if the designed
sequence is not similar to the native sequence, co-evolution information will be lost and AlphaFold
may not predict accurately.

4.3.4 Cyclic Peptide Binder Design Targeting Protein and Protein Complex

The focus of this study was to design cyclic peptide binders for protein-peptide complexes. As a
challenge, cyclic peptide binders for protein-protein complexes was designed.

PD-L1, a target protein of the PD-1/PD-L1 complex (PDB ID: 4ZQK) involved in cancer cell
cycle checkpoints, was evaluated [215, 243]. This is challenging in terms of designing binders for
broad β-sheet interactions, unlike in protein-peptide complexes. As shown in Figure 4.12(a), Binding
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Figure 4.12: Scatterplot of InterfaceAnalyzer score and pLDDT. The gray line
shows the native structure score (a). Comparison of crystal 4ZQK structure and
AfDesign designed sequence structure predicted using AlphaFold (b). The predicted
structure with the lowest Rosetta InterfaceAnalyzer score and pLDDT over 90 is
shown. Green shows the native target protein structure, cyan shows the predicted

target protein structure, and pink shows the predicted cyclic peptide structure.

energies were lower than native in 44% of the designed sequences. Of these, 22.7% (10 out of 44)
had a pLDDT of over 90. The predicted structure of the design sequence with the lowest Rosetta
InterfaceAnalyzer score (−2.511) and pLDDT over 90 is shown in Figure 4.12(b). The predicted
structure of the designed sequence showed that the helical and loop structures of the cyclic peptide
formed in the β-sheet and loop structures of PD-1, respectively, at the interaction site.

4.4 Summary

The cyclic peptide complex offset developed in this study enables protein-cyclic peptide complex
prediction by AlphaFold. The feasibility of using the same input method as the conventional protein
complex prediction by AlphaFold was tested, and it was found to outperform a local docking tool
that provides interface information. These results make it an important structure prediction tool
for peptide-based and other small molecule drug discovery because it can predict rigid complex
structures with cyclic peptide sequences targeting proteins such as PPI. Future protein complex
predictions will use larger data sets to compare accuracy with ADCP and other methods.

AfDesign binder hallucination, utilizing the cyclic peptide complex offset, can generate the
target structure with a flexible loss function. In the case of the structure designated as 1YCR,
a cyclic peptide was designed, achieving a pLDDT score of 91.02, an InterfaceAnalyzer score of
−2.46, and a RMSD_best of 0.72. These results indicate that the designed peptide not only
exhibits a estimated binding energy lower than that of the native peptide but also maintains a
similar interface structure with MDM2. For 9 of the 12 structures. For 9 of the 12 structures, the
Rosetta InterfaceAnalyzer score was lower for the predicted design than for the native structure
and RMSD_best was lower than 3 Å, with a mean pLDDT for the predicted cyclic peptide design
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of 86.73 and a mean RMSD_best of 1.06 Å, suggesting its high confidence and similarity to the
native peptide structures. However, depending on the target protein, the hallucination may appear
at a position that is clearly different from the interacting native peptide. A possible solution is
to increase the number of designs or specify hotspots to increase the likelihood of hallucinating at
appropriate positions. However, this remains an issue for the future.
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Chapter 5

Extended Discussion and Further
Insights

5.1 Introduction

In this chapter, the remaining issues that require attention in this study are discussed. Specifically,
the focus is on the challenges associated with the validation of target specificity of designed pep-
tides, the exploration of more accurate methods for calculating estimated binding energy, and the
comparison of solubility and lipophilicity of peptide drugs.

5.2 Materials and Methods

5.2.1 Calculation of Target Specificity for Designed Peptides

To evaluate target specificity, two criteria were used. The first criterion was pLDDT, and the second
was the InterfaceAnalyzer score. Initially, for linear peptides, structure prediction was done using
AlphaFold for 13 sequences filtered by each solubility index and weight, 12 types of target proteins,
and MDM2. The average pLDDT of the peptide part was used. Furthermore, the top-ranked
structure was minimized, and the value of the InterfaceAnalyzer was utilized.

5.2.2 Calculation of Binding Energy with MM/GBSA

MD simulations are performed on the protein-ligand complexes using the AMBER03 force field.
The process includes four steps: simulation system preparation, energy minimization, equilibration
simulation with position restraints on the heavy atoms (100 ps NVT and 100 ps NPT equilibration
simulations), and production simulations. The ligand charge is set using the “gas” model. The
simulation steps (default: 2500 steps, 2 fs timestep) and the number of frames to save for the
trajectory file (default: 100) can be specified by the user. The Uni-GBSA [244], a pipeline tool of
the molecular dynamics simulation tool Amber, was used. The minimized structure predicted by
AlphaFold was used as input for Uni-GBSA. For the peptide part, it was converted to SMILES
using RDKit and treated as a ligand. First, to obtain the index file, the ligand charge setting of
the “unigbasa-pipeline” was set to gas, and the rest was run with the default settings. Then, to
perform MD simulation, “unigbsa-md” was executed. For the GBSA calculation of the complex,
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Figure 5.1: Heatmap of target specificity of linear peptides with solubility indices.
The rows indicate the target proteins, and the columns indicate designed peptides with
the solubility index weights. The pLDDT is the average value of the peptide region
of the structure predicted by AlphaFold for each target protein and each designed

peptide sequence.

the MD trajectory file was used to run “unigbsa-traj.” The averaged value of all 100 frames was
used as the estimated binding energy of MM/GBSA.

5.2.3 Calculation of Peptide Drugs and Designed Peptides

To calculate the solubility and lipophilicity of peptide drugs, a thorough literature review was first
conducted [56, 78, 81, 82, 84, 85, 245, 246]. As a result, 107 peptide drugs were selected from
those approved by the FDA. Subsequently, this list was refined to 93 peptide drugs using FDA’s
protein criteria. The active ingredients and brand names were searched using the PubChem API,
and the molecular weight SMILES were obtained. Using these SMILES, QPlogS and QPlogPo/w
were calculated in Schrödinger’s QikProp for peptides with less than 16 residues. Moreover, the
structures were drawn using SmilesDrawer 2.0. All these data were summarized in Appendix A.1

5.3 Results and Discussion

5.3.1 Validation of Specific Binding for Computationally Designed Peptides

Most of the designed peptides are helical or beta-sheet structures. To evaluate the specificity of
the peptides for the target proteins, the peptides selected for each target protein in Chapter 3 are
evaluated based on their estimated binding energies and pLDDT scores. These evaluations are
performed not only for the intended target but also for the predicted structures of other targets.

As shown in Figure 5.1, the target specificity of pLDDT is higher for 1YCR and 1T4F pLDDT
in all design sequences. This is because 1YCR and 1T4F have the same MDM2 target protein.
However, most of the sequences designed for the 4K0U target protein have high pLDDT and are
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Figure 5.2: Heatmap of target specificity of cyclic peptides. The rows indicate the
target proteins, and the columns indicate designed peptides for each target proteins.
The pLDDT is the average value of the peptide region of the structure predicted by

AlphaFold for each target protein and each designed peptide sequence.

not completely specific. The Hydropathy Index with a weight of 0.3 is more likely to complex with
MDM2 than PDIQ, but it is also likely to complex with 4K0U. However, the specificity evaluation
suggests that the SWI weight of 0.5 is not likely to form a complex with other targets. The overall
trend of the pLDDT and InterfaceAnalyzer results is similar. However, the pLDDT evaluation
found that pLDDT was lower with other targets, and SWI found 3C3O to have a very low estimated
binding energy with respect to a weight of 0.5.

As shown in Figure 5.2, the target specificity of cyclic peptides is higher in pLDDT for 1YCR
and 1T4F than for each other in pLDDT. This is because 1YCR and 1T4F have the same MDM2
target protein as well as linear designed peptides. However, the peptide designed to target 1YCR
has a high pLDDT at 4K0U, as is the case with linear peptides, and also a high pLDDT in 3C30 and
2V8X. This is probably because the native peptides have a helix structure in common. However,
the sequences designed to target 1SSC and 2CNZ have a sheet structure, but they do not have high
pLDDT with each other.

The results of the experiment show that the designed peptide has a low estimated binding
energy with a high pLDDT to some degree for other target proteins, but its nonspecific binding
is lower than the pLDDT of the protein or peptide that should bind to the other target protein,
and if the estimated binding energy would not be particularly problematic if the pLDDT were
high. However, even considering this, it was found that some designed peptides could bind to other
proteins nonspecifically.

5.3.2 Evaluating Consistency Between MM/GBSA and InterfaceAnalyzer in
Estimated Binding Energy Calculations

In the realm of computer-aided drug discovery, One of the objectives in drug discovery is to find
novel hit compounds that bind to proteins. The binding affinity of drug molecules to proteins is
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Figure 5.3: Correlation between IC50 and MM/GBSA binding energy score using
Uni-GBSA (a). Correlation between and InterfaceAnalyzer score and MM/GBSA
binding energy score using Uni-GBSA (b). The IC50 was measured by ELISA. The

sequences and IC50 values are shown in Table 3.3

typically evaluated using estimated binding energy [247].
Computation methods based on scoring functions have been developed [229, 248] to dramati-

cally reduce the time and cost involved in designing new drug molecules, and are used for virtual
screening, among other applications, in comparison to experimental methods. Docking calculations
that rely on scoring functions are notably efficient, yet they are prone to producing a considerable
amount of errors [108]. Theoretically accurate binding energy calculation methods, such as free
energy perturbation and thermodynamic integration, have been developed [247, 249]. However, de-
spite their accuracy, they are not suitable for virtual screening because of their slow convergence of
free energy differences and high computational cost. Molecular Mechanics/Generalized Born Surface
Area (MM/GBSA) achieves a balance between computational cost and accuracy, and has become
a common method for calculating binding free energy in virtual screening of small molecules [109].
However, due to its high computational cost, it is typically used only after a small number of can-
didates have been identified when calculating binding energy for peptides. This section clarifies
whether a correlation exists between the scores obtained from MM/GBSA and InterfaceAnalyzer.
MM/GBSA was performed on 10 peptides with IC50 values (Figure 3.5). MM/GBSA can be per-
formed with PDB data of target proteins and SMILES as ligands, but it is complicated to operate.
In this study, the pipeline tool Uni-GBSA was used to facilitate the easy execution of MM/GBSA.
Various candidate peptides for binding to MDM2 by ELISA were predicted by AlphaFold, and
the minimum energy structures around the initial structure were searched to avoid a few minor
crashes by minimize for that structure, and then the binding energies were calculated by Inter-
faceAnalzer and MM/GBSA. Peptides were converted from amino acid sequences to SMILES using
RDKit “Chem.MolFromHELM()” and used as ligands in Uni-GBSA. As described in the Chapter 3
the correlation coefficient between IC50 and InterfaceAnalyzer score was 0.911 (Figure 3.5), and as
shown in Figure 5.3, the correlation coefficient with IC50 was 0.944 for MM/GBSA and 0.863 for
InterfaceAnalyzer. The correlation coefficient with the InterfaceAnalyzer was 0.863. These results
indicate that InterfaceAnalyzer can ensure some accuracy in evaluating binding free energies of
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Figure 5.4: Scatter plot of solubility and lipophilicity for 68 peptide drugs of 16
residues or fewer. The number of residues is represented by leaf color (a). Red

represents 33 cyclic peptides, while grey represents 35 linear peptides (b).

proteins and peptides, while focusing more on speed.

5.3.3 Comparison of Solubility and Lipophilicity of Peptide Drugs and Designed
Peptides

By 2022, there will be approximately 100 FDA-approved linear and cyclic peptide drugs, with about
60 in the clinical stage as of 2021 [56, 78].

Some of these are composed entirely of standard amino acids, while others contain various
modifications of the resulting peptides that have been optimized. The 106 peptide drugs surveyed
in the references of the previous study include hormonal drugs, of which insulin is a typical example,
that would be classified as a protein in the FDA criteria. Peptide drugs with less than 40 residues,
the percentage of 2-16 residues exceeds 75%. In addition, the longest oral peptide drug among them
is Plecanatide with 16 residues. Therefore, similarities in solubility and lipophilicity are discussed
between the 71 approved peptide drugs of 16 residues or fewer selected and the peptides designed
in this study (Appendix A.1). Out of the total set, two had undisclosed structures and one could
not be measured with Qikprop. Therefore, 68 peptides were calculated solubility (QPlogS) and
lipophilicity (QPlogPo/w). As shown in Figure 5.4, linear and cyclic peptide drugs have different
solubility and lipophilic distributions. In particular, the QPlogS value of cyclic peptides saturates
at 2. There are several possible reasons why cyclic peptides have higher solubility, one being that
cyclization separates the interface and non-interface regions, so hydrophobic and aromatic amino
acids may not occupy as much of the total as they do in linear peptides. The solubility is measured
using Qikprop, which is a tool optimized for low molecular weight compounds. Therefore, there is
a possibility that the measurement was not done correctly. However, given the correlation between
QPlogS and QPlogPo/w, it seems necessary to rely on QPlogPo/w to consider water solubility with
regard to cyclic peptides. Thus, the designed linear peptides were compared to the QPlogS and
QPlogPo/w distributions of 35 linear peptide drugs, and the designed cyclic peptides were compared
to the QPlogPo/w distributions of 33 cyclic peptide drugs. As shown in Figure 5.4, QPlogS and
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QPlogPo/w are inversely correlated, which aligns with the fact that they represent opposing indices
of hydrophilicity and lipophilicity. In addition, the QPlogS of FDA-approved peptide drugs has a
wide range. This is probably due to the influence of drug targets, delivery, and other factors that
do not necessarily require high solubility. As shown in Figure 5.5, QlogS for linear peptide drugs
and those of designed linear peptides without solubility loss are −3.54 and −3.31, respectively, and
the mean values of QPlogPo/w are 0.13 and −0.55, respectively. The higher the weight of solubility
loss, the higher the value of the QlogS peak and the lower the value of the QPlogPo/w peak. For
the designed cyclic peptides, the mean QPlogPo/w of the cyclic peptide drugs was −3.06 for the
designed cyclic peptides for 12 different types of target proteins, and −6.24 for the 12 designed
cyclic peptides 5.6. The results suggested that it is feasible to design linear peptides with solubility
and lipophilicity similar to those of peptide drug, allowing for control over their solubility property.
While the designed cyclic peptides tend to exhibit lower lipophilicity compared to cyclic peptide
drugs, this implies they have a higher solubility.

5.3.4 Limitations and Future Work

Regarding target specificity, this study has made strides in understanding the target specificity
of peptides. The designed peptide sequences had a specificity for certain target proteins, such as
1YCR and 1T4F. However, some designed peptides demonstrated potential for non-specific binding
to other proteins. This is a promising finding, but it also highlights areas for future research. One
remaining challenge is to further enhance the target specificity of our designed peptides. Particularly
in minimizing non-specific binding, there is still room for improvement. Future research will likely
focus on refining our prediction models to better account for the unique structural and chemical
properties of individual target proteins. By designing in a way that minimizes loss functions for
non-target proteins, it may be possible to design peptides that do not have non-specific binding,
increasing their potential as therapeutics.

The concept of estimated binding energy in drug discovery was also discussed, highlighting the
use of computational methods to expedite the process. To enhance the reliability of the primary
results obtained from InterfaceAnalyzer, the estimated binding energy was re-evaluated using the
MM/GBSA method. The correlation between MM/GBSA and InterfaceAnalyzer scores was inves-
tigated, and more 0.9 correlation coefficient was found. This indicates that the InterfaceAnalyzer
is effective for evaluations that prioritize speed, such as when there are numerous design sequences
and their binding energies need to be calculated quickly.

Lastly, a comparison was made between the solubility and lipophilicity of the designed peptides
and those of FDA-approved peptide drugs. The designed linear peptides broadly overlap with
the distribution of existing peptide drugs and show similar trends. However, the cyclic peptides
exhibit high solubility. Solubility is very important in drug discovery to increase bioavailability but
lipophilicity is also important when giving peptides the ability to penetrate membranes. Several
reasons might explain why sequences with high solubility could be designed even without employing
a loss function based on a solubility index. One possible explanation is that while the interface
requires a certain proportion of hydrophobic residues for binding, the opposite side likely contains
fewer hydrophobic residues. Considering this, improvements such as adding constraints to maintain
a certain lipophilicity or shortening the sequence length can be considered.
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Figure 5.5: Density distribution plot of solubility and lipophilicity for peptide drugs
and designed peptides. The solid grey line represents 35 approved linear peptide
drugs of 16 residues or fewer. The grey dashed line represents the control with a
solubility loss weight of 0. The purple, red, and green line represents SWI, Hydropathy
Index, and Hydrophobicity Index respectively. The columns represent QPlogS and

QPlogPo/w. The rows represent solubility index weights of 0.3, 0.5, 0.7, and 1.0.
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Figure 5.6: Density distribution plot of lipophilicity for cyclic peptide drugs and
designed peptides with cyclic peptide complex offset. Gray line indicates 33 approved
peptide drugs of 16 residues or fewer. Blue line indicates designed cyclic peptides for

each target protein.
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In summary, the remaining issues and perspectives are:

• There are remaining issues regarding specific binding. In drug discovery, it is very important
to reduce non-specific binding, and it is worth considering even at the expense of specific
binding.

• It was demonstrated that the MM/GBSA method can be utilized to calculate the estimated
binding energy of proteins by comparing it with IC50 values. A correlation was captured
with more cost-effective methods like InterfaceAnalyzer. However, this is only applicable for
peptides targeting MDM2. It will be necessary to evaluate it in several other target proteins
and peptides and enhance its robustness.

• In the design of cyclic peptides, the solubility is abnormally high and the lipophilicity is low.
This is greatly different from peptide drugs, so it will be necessary to design a special loss
function to design peptides that suppress solubility or increase lipophilicity.
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Chapter 6

Conclusion

6.1 Conclusion

In this study, a method for solubility-aware peptide design targeting PPI is developed. This ap-
proach addresses the issues of high computational cost and solubility reduction often associated
with traditional methods. Utilizing a deep learning-based computational framework, our approach
simultaneously optimizes solubility and binding energy, providing a cost-effective alternative to ex-
isting strategies. The method yielded peptide sequences with improved solubility and lower binding
energy compared to their native counterparts. Notably, one of the achievements was the successful
design of a peptide sequence with a lower binding energy than PDIQ, a peptide known for its strong
binding against MDM2. This accomplishment was validated through estimated binding energy and
competitive inhibition experiments facilitated by AlphaFold, demonstrating the effectiveness of our
method. In terms of solubility, this research identifies and addresses the shortcomings of protein
design methods that solely rely on protein structure prediction models like AlphaFold. By incorpo-
rating a solubility-related loss function into the binder hallucination loss function, interactions were
optimized to balance binding energy with crucial hydrophobic and aromatic residues while ensuring
solubility through hydrophilic residues elsewhere.

Additionally, a novel technique was developed for designing cyclic peptides, which are prefer-
able for targeting PPIs. This method, termed as the cyclic peptide complex offset, allows for the
prediction of cyclic peptide and target protein complexes, a task previously considered impossi-
ble. This method was applied successfully to multiple protein-peptide complexes, demonstrating
its wide applicability. Moreover, the study extended the application of the method to the chal-
lenging PD1/PD-L1 complex, a target known for its complex beta-sheet interface. The designed
cyclic peptide for this complex demonstrated lower binding energy than the native protein complex,
underscoring the potential of our method.

For the evaluation of estimated binding energy, the focus was on computational cost-effectiveness,
and the Rosetta InterfaceAnalyzer score was utilized. To validate this choice, the consistency of
the binding energies was evaluated against those estimated by MM/GBSA, a more accurate but
computationally intensive method. The high correlation between IC50 and InterfaceAnalyzer scores
confirmed the reliability of our binding energy evaluation system.

Our research also encompassed a comprehensive literature review, scrutinizing over 100 FDA-
approved peptide drugs. To further refine solubility estimates, information from these studies
was gathered, and SMILES data were incorporated. Cyclic peptides were designed to have lower
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lipophilicity, which suggests that they tend to have higher solubility compared to peptide drugs.
The similarity in the estimates of solubility and lipophilicity between the designed linear peptides
and FDA-approved drugs highlights the robustness of the method and the thoroughness of the
literature review process.

Overall, this study offers a new approach to peptide design for PPIs, emphasizing the importance
of solubility considerations and demonstrating the feasibility of optimizing seemingly conflicting
factors. This research not only provides valuable insights but also opens a promising avenue for
future advancements in peptide design for PPIs.

6.2 Limitations and Future Challenges

The limitations and challenges of this study are discussed first with physical properties. Solubility
was used as an example of simultaneously optimizing physical properties with computational peptide
design, and the generality of this approach is unknown because we have not examined whether it
is possible to optimize other physical properties in a similar method. Therefore, the simultaneous
optimization of other properties and the estimated binding energy is a subject for future study.
Although it is theoretically possible to optimize solubility and other properties in a multi-objective
optimization problem, such a method may fail to identify a peptide sequence with better properties
in any of the indicators. Therefore, instead of making it a multi-objective optimization problem,
filtering the peptides by the appropriate value of their physical properties would be a better way to
identify peptides with desirable physical properties. To this end, it is necessary to study to increase
the success rate of improving solubility and estimated binding energy compared to native peptide
of target protein, which is a challenge for the future.

Next, challenges in the structure of peptides that can be handled are discussed. In the study,
it was possible to predict the structure of head-to-tail cyclic peptide-protein complexes, in which
the N- and C-termini are peptide bond, and to design cyclic peptides that are expected to bind to
the target protein. However, the scope of the peptide design is limited to head-to-tail type cyclic
peptides, and there are many cyclic peptides with various structures such as lariat structure and
other disulfide bonds in the actual cyclic peptides. Therefore, development of suitable offsets for
these peptides is a future challenge.

Predicted structures of designed sequences in AlphaFold can be predicted at positions that are
distinctly different from the native peptide (Figure 4.11). Target proteins for which the interacting
peptide or protein does not have a well-defined secondary structure are a challenge because peptides
cannot be designed on the PPI interface. Possible solutions to this problem include devising an initial
sequence or providing a hotspot residue that interacts with the target proteins, but these are also
issues to be addressed in the future.

As described in Chapter ??, only MDM2 was used as the target protein. Therefore, it is possible
that the solubility-aware peptide design was successful for MDM2 specifically, and the generality of
this approach is unknown. Therefore, it is important to confirm the generality of the method by
also studying more target proteins.

As indicated in the Chapter 5, one issue is the potential for the designed sequences to form non-
specific complexes with low binding energy with targets other than the intended protein. There is
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a need to validate the adequacy of the verification method used in this study. An idea to prevent
non-specific complex formation as much as possible could be to incorporate multiple proteins other
than the target protein and design sequences that do not reduce the values of their losses.

Recent reports suggest that designing the backbone and then optimizing the sequence with
ProteinMPNN can yield proteins with higher solubility than deep learning-based protein design
methods or Rosetta-based design methods such as FastDesign [136, 144, 250]. In this study, these
methods were not applied and compared for our peptide design. A future task could be to verify
the applicability of these methods to peptide design and investigate whether designing from the
backbone and predicting the sequence can yield designs with higher solubility and lower binding
energy, compared to directly designing the sequence as done in this study.
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Appendix A

FDA Approved Peptide Drugs

This appendix provides a comprehensive overview of FDA-approved peptide drugs, focusing on
those with fewer than 50 amino acids. Peptide drugs have become an essential class of therapeutics
due to their high specificity, efficacy, and relatively low toxicity. The detailed information presented
in Table A.1 aims to help identify trends in the development of peptide drugs over time.

Table A.1 summarizes critical data on FDA-approved peptide drugs. The table includes the
following columns:

• Drug: Represents the active ingredient of the peptide drug.

• AA: Indicates the number of amino acids in the peptide structure. Note that peptide structures
with more than 50 amino acids are excluded from this table.

• RoA: Stands for the route of administration, with the following abbreviations:

– PO: Oral

– IV: Intravenous

– SC: Subcutaneous

– IVI: Intravitreal injection

– ID: Intradermal

– IN: Intranasal

– top: Topical

– IT: Intrathecal

– ITr: Intratracheal

• Year: The year the drug received FDA approval.

• Discontinued: Marked with an asterisk (*) to denote drugs that have been discontinued.
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