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Abstract

Recently, cyclic peptides have been considered breakthrough therapeutic agents that
boast high binding affinity, minimal toxicity, and the potential to engage “undruggable”
targets such as intracellular protein—protein interactions. However, the pharmaceutical
utility of cyclic peptides is limited by their low membrane permeability and plasma
protein binding (PPB) rate, which are essential indicators of oral bioavailability and
intracellular targeting. Current machine learning-based prediction methods of cyclic
peptide permeability and PPB rate show variable performance owing to the limitations
of experimental data. Furthermore, these methods use features derived from the whole
molecule that have traditionally been used to predict small molecules and ignore the
unique structural properties of cyclic peptides.

In this dissertation, we proposed a novel multi-level molecular features represen-
tation method and model architectures to concurrently capture the local sequence
variations and global structural changes in cyclic peptides. By incorporating hierar-
chical peptide-, monomer-, and atom-level information, the fusion model effectively
captures the complex structure of cyclic peptides. Additionally, due to the inherent
data scarcity in biological datasets, especially for cyclic peptides, we also proposed
data augmentation strategies for cyclic peptides to improve model training efficiency.

For the membrane permeability prediction of cyclic peptides, we first curated a
comprehensive dataset (CycPeptMPDB) containing 7,334 data points from over 40
published papers and pharmaceutical company patent documents. Then, we con-
structed a permeability prediction model, CycPeptMP, based on the proposed fusion
model. CycPeptMP (MAE = 0.355, R = 0.883) outperformed several baseline mod-
els, including traditional ML-based cyclic peptide permeability prediction approaches
(MAE = 0.418-0.488, R = 0.781-0.834), as well as state-of-the-art DL-based small
molecule property prediction methods (MAE = 0.443-0.591, R = 0.660-0.825). Abla-
tion studies demonstrated that all feature levels contributed and were relatively essen-
tial for prediction, consistent with physicochemical findings that both global and local
structural changes in cyclic peptides significantly affect membrane permeability.

For the PPB rate prediction, we collected experimental data from collaborations
with pharmaceutical companies and published literature. The fusion model performed
best on the internal test set (MAE = 2.44%, R = 0.973), while the monomer model (Cy-
cPeptPPB) showed strong generalization on the external DrugBank dataset (MAE =
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4.40%, R = 0.947), consistent with physicochemical findings that the substructure sig-
nificantly affects the PPB rate because it forms a specific bond with plasma proteins.
We also confirmed that our CycPeptPPB model accurately identified key monomers
that greatly influenced PPB rates.
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Chapter 1

General Introduction of Cyclic

Peptide Drug Discovery

1.1 Drug Development Process

Drugs must follow strict regulations to ensure high efficacy, safety, and stability.
As shown in Fig. 1.1, developing a new drug is a long process, taking over 10 years
and costing over $1.5 billion [1]. The traditional process of drug development can be

mainly categorized into three parts:

1. Discovery and Development: The aim is to obtain potential drug candidates
that can interact with specific targets, and this part is further comprised of the

following three steps.

(a) Target selection: A step to identifying a target, such as a nucleic acid
sequence or protein involved in a specific disease. This step also confirms

7

that the target is “drug discoverable,” i.e., its activity can be modulated by

exogenous compounds.

(b) Compound screening: A step to finding lead compounds that can interact

with the target from a huge compound library through screening.
(c) Lead optimization: A step to modifying compounds’ structure to improve

their pharmacological properties, such as activity, bioavailability, and safety.

Many efforts have been made to accelerate these steps using computational meth-

ods instead of wet experiments.
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Figure 1.1: The traditional process of drug development, and the cycle time and cost
at each step to successfully discover a single new molecular entity (created based on

1, 2]).

2. Preclinical Research: Drug candidates are tested in extensive cell and animal

experiments to confirm their efficacy and safety.

3. Clinical Research: Drug candidates’ efficacy, dosage, and safety in humans are
evaluated. This part is divided into three phases depending on the number of
subjects: Phase I involves 20 to 80 subjects, Phase II involves 100 to 300 subjects,
and Phase III involves 300 to 3,000 subjects.

1.2 Major Drug Modalities

Drugs can be broadly classified into three major modalities based on their molec-
ular weight: small molecules, middle molecules, and antibodies. Table 1.1 shows the

characteristics, and Fig. 1.2 shown the example structures of each type of drug.

1.2.1 Small molecule drugs

Small molecule drugs have the longest development history for advantages such as
oral administration and low manufacturing costs and currently account for about 75%

of the global pharmaceutical market [18]. According to the “Rule of five” (Rob) pro-
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Table 1.1: Characteristics of major drug modalities: small molecules, linear peptides,
cyclic peptides, and antibodies (created based on [16]).

Middle molecules o
Small molecules Linear peptides Cyclic peptides Antibodies
Molecular weight typically < 600 500 - 6,000 600 — 2,500 > 150,000
Activity medium — high high — very high very high very high
Selectivity low high very high very high
Intracellular targets possible generally not possible possible not possible
PPI inhibition difficult, but possible possible possible possible
Plasma stability low — medium very low — low medium — high | very high
Oral administration possible generally not possible possible not possible
Toxicity / Side effects high low low low
Manufacturing cost low low — medium low — medium high

posed by Lipinski et al. [19], for the chemical properties of typically small molecule
compounds that are likely to become oral drugs, small molecule drugs are generally
characterized by moderate lipid solubility and relatively small molecular weight (< 500
Da). Many small molecule drugs are permeable to cell membranes due to their small
molecular weight, which allows for easier diffusion through the lipid bilayer of the
membrane, making them suitable for targeting intracellular targets. Small molecules
typically bind to rigid targets that possess druggable pockets, such as active sites or
cavities on the protein surface with a well-defined structure that can accommodate
them [20]. However, for neurodegenerative diseases such as Parkinson’s disease and
Alzheimer’s disease, which are still considered incurable, proteins and peptides associ-
ated with these disorders are often intrinsically disordered. They lack a well-defined
structure in their native state [21], preventing the existence of such druggable pockets.
Moreover, small molecules have difficulty inhibiting both intracellular and extracellu-
lar protein—protein interactions (PPIs), which are continually being discovered as the
major “undruggable” targets [22, 23]. PPI interfaces are typically flat and large or
groove-shaped (area of approximately 1,000 to 3,000 A2 [24, 25]) and lack the deep and
narrow binding pockets required by small molecule drugs (volume of approximately
300 to 1,000 A3 [25, 26]). Furthermore, small molecule drugs suffer from low target
selectivity and may bind to proteins other than the target, ultimately causing side
effects [27].

On the other hand, many small molecule drugs that exceed the molecular weight of
500 Da, known as beyond Rule of Five (bRo5) compounds, have also shown therapeutic
potential. These bRo5 compounds tend to have complex structures, often exhibiting

higher lipophilicity and potentially engaging in different modes of interaction with their
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Figure 1.2: Structures and molecular weights of the small molecule drug Aspirin, the
linear peptide drug Pluvicto, the cyclic peptide drug Cyclosporin A, and the antibody
drug Rituximab.

targets compared to traditional small molecules. Notably, promising compounds such
as proteolysis targeting chimeras (PROTACSs) also reside within the bRo5 chemical

space, offering new opportunities in medicinal chemistry [28].

1.2.2 Antibody drugs

Antibodies are Y-shaped proteins with a much larger molecular weight than small
molecules (over 150 kDa), which can recognize and bind to protein targets with high
specificity and modulate their toxic behavior [20]. Because of their high specificity
to their target, antibody drugs can be expected to have high therapeutic efficacy and

rarely cause side effects. Particularly in the field of cancer treatment, starting with
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Rituximab (Rituxan(®)), a chimeric monoclonal antibody that specifically binds to the
CD20 antigen on normal and malignant B lymphocytes [29], in the 1990s, the number
of antibody drugs for cancer treatment has grown steadily. Combination therapies with
other conventional anticancer drugs have been widely studied and are showing great
promise [30]. In addition, by binding to large, flat surfaces involved in PPIs, antibodies
can effectively disrupt these interactions. The US Food and Drug Administration
(FDA) has approved 140 antibody-based drugs until 2024 [31]. However, due to the size
of the molecule, antibodies cannot enter the cell unless they are combined with a special
molecule using DDS (Drug Delivery System) technology, etc., making it impossible
to target intracellular targets. Furthermore, antibodies are produced using complex

techniques such as genetic recombination, which results in high production costs [32].

1.2.3 Conventional middle molecule drugs

One of the difficulties in drug development is the decreasing number of targets re-
maining for conventional small molecule and antibody drugs. It has been reported that
approximately 80% of all existing disease-relevant targets, including those involved in
intracellular PPIs, cannot be tackled by conventional small molecule and antibody
drugs [23, 33]. Under these circumstances, middle molecule drugs have been gaining
attention due to their ability to interact with previously “undruggable” proteins by
conventional small molecule and antibody drugs [25]. In addition to peptide drugs,
including the linear peptide and cyclic peptide drugs described in Table 1.1, the other
type of middle molecule drugs is nucleic-acid drugs, which target nucleic acids such as
mRNA and miRNA. The sequencing of the human genome and the elucidation of many
molecular pathways that are important in disease management have provided unprece-
dented opportunities for the development of new nucleic-acid therapeutics. Various
strategies exist for targeting mRNA, including the use of antisense DNA, antisense
RNA, and RNA decoy molecules [34].

Insulin was the first synthesized therapeutic peptide in 1921, the highest-selling
peptide drug today [18]. Subsequently, peptides were frequently studied as they com-
bine the advantages of small molecule and antibody drugs. For example, homing
peptides (HPs), which can bind to specific sites in the vasculature, can improve drug
delivery systems to tumors and are gaining attention in tumor therapy [35]. The grow-
ing advancements in genetic engineering, peptide synthesis technologies, and sequence
analysis tools have led to the development of new classes of peptide therapeutics for

various applications [36, 37, 38, 39]. However, certain limitations of conventional lin-
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cyclosporin A

Figure 1.3: Examples of natural head-to-tail cyclic peptides (cited from [3]). From the
left, Cyclosporin A, and STF-1 and RTD-1 with disulfide bridges are shown.

ear peptides, such as low stability, selectivity, and cell membrane permeability remain
unresolved [3, 4]. For example, linear peptides are easily degraded by stomach acid

and intestinal enzymes, making oral administration nearly impossible.

1.3 Cyclic Peptide Drugs

1.3.1 Overview of cyclic peptide drugs

Macrocycles are generally defined as organic molecules that contain a ring of at least
12 heavy atoms and have been treated as a prominent example of new modalities that
exist in chemical space beyond the “Rule of five” (bRo5) [5]. Due to the availability of
robust synthetic and biological methods that enable the rapid assembly of the amino
acid building blocks, cyclic peptides have received the most attention in drug discovery
among different classes of macrocycles [40]. A typical head-to-tail cyclic peptide forms
a macrocyclic structure via an amide bond between the N-terminal amine and the
C-terminal carboxylic acid, and natural cyclic peptides often contain disulfide bridges
between cysteine residues (Fig. 1.3) [3]. In addition to the head-to-tail type, various
macrocyclization reaction approaches have been developed over the years. Depend-
ing on the strategy, backbone cyclizations, side-chain to side-chain cyclizations, lariat
peptides, and other more esoteric topologies can now be easily synthesized (Fig. 1.4)
[4].

Cyclic peptides exhibit several pharmacological characteristics distinct from other
well-established drug classes, resulting in a versatile modality with a unique profile of

advantages and limitations [4]. In contrast to linear peptides, the unique structural
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Figure 1.4: Various macrocyclization approaches of cyclic peptides (cited from [4]).

features of macrocyclic peptides, such as their restricted conformational flexibility and
local secondary structure motifs, actually help stabilize bioactive conformations, en-
hancing their affinity, potency, stability, and selectivity for specific targets [5, 10, 20, 41].
In some cases, macrocyclization results in up to a 100-fold increase in potency com-
pared to the corresponding linear compounds [42, 43]. Despite their larger size, some
carefully designed cyclic peptides exhibit sufficient cell permeability and bioavailabil-
ity to reach intracellular targets via oral administration [44, 45]. At the same time,
cyclic peptides can bind to “difficult to drug” targets, especially those with large flat,
groove-shaped, or tunnel-shaped binding sites [5, 46]. As a result, cyclic peptides have
been considered a breakthrough modality because of their ability to inhibit intracel-
lular PPIs [47, 48]. Furthermore, cyclic peptides are easy to synthesize, making them
relatively inexpensive to produce compared to antibody drugs, and lead compounds
can be optimized through traditional medicinal chemistry efforts to tailor biophysical



8 1. General Introduction

properties for specific applications [4].

In the past century, cyclic peptide drugs were predominantly sourced from natural
products, including antimicrobial agents and human peptide hormones. Recent ad-
vances in novel synthesis and display technologies have led to breakthroughs in cyclic
peptide drug discovery and simplified the discovery of functional cyclic peptides against
specific targets [10, 18, 47, 49]. For example, the random nonstandard peptides inte-
grated discovery (RaPID) system designs cyclic peptides from a diverse library, in-
cluding non-natural amino acids, enabling the synthesis and rapid selection of potent
binders for a wide range of therapeutic targets [18, 50]. The RaPID system has de-
signed novel cyclic peptides for complex therapeutic targets, including a high-affinity
binder to the osteoporosis target PlexinB1 [51], an inhibitor of the ubiquitin-protein
ligase E6AP [50], and a selective inhibitor of the oncogenic K-Ras [52]. Although no
peptides developed through the RaPID system have advanced to late-stage clinical tri-
als, one peptide (zilucoplan) developed using a similar technology (Ra Pharmaceuticals
mRNA display platform) is currently in phase III trials for the treatment of general-
ized myasthenia gravis [18]. Overall, the FDA has approved more than 60 macrocyclic
drugs (Fig. 1.5, Table A.1, Fig. A.1) [5] and has approved approximately one cyclic
peptide-based drug per year for the past 20 years [47]. As shown in Fig. 1.6, infec-
tious diseases are the primary therapeutic indication for macrocyclic agents (44.4%),
followed by oncology (20.8%) [5].

1.4 Remaining Two Major Challenges for Cyclic
Peptide Drug Discovery

Poor pharmacokinetic properties are one of the major causes of new drug develop-
ment failure during clinical phases [53, 54]. Despite their pharmacological potential,
the development of cyclic peptides as therapeutic agents faces challenges in several
critical areas: cellular uptake (determining the ability to target intracellular targets),
oral bioavailability (essential for oral drug administration), metabolic stability (ensur-
ing stability within the body), and renal clearance (affecting drug elimination rates)
[4]. Only less than 40% of the FDA-approved macrocyclic drugs can be administered
orally (Fig. 1.5). Notably, these issues primarily stem from the inherent characteris-
tics of cyclic peptides, which often exhibit poor membrane permeability and plasma
protein binding (PPB) rates, thereby severely limiting their biological applications and
reducing their feasibility as orally available drugs [4, 5, 20, 23, 55]. This section delves
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Figure 1.6: Therapeutic indications (inner circle) and targets (outer circle) of the FDA-
approved macrocyclic drugs (n = 72) (cited from [5]). Five macrocycles are duplicated
because each is used for two therapeutic indications.

into the principles of cell membrane permeability and PPB, their experimental deter-
mination, and the limitations of current computational approaches for predicting these

properties.

1.4.1 Cell membrane permeability
Overview of cyclic peptide membrane permeation

The cell membrane is composed of a phospholipid bilayer with a hydrophilic head
group of choline and phosphate and a hydrophobic tail group of hydrocarbon chains,
with a thickness of about 50 to 100 A. Cell membrane permeability is one of the most
important indicators for assessing oral bioavailability and the possibility of intracel-
lular targeting. In contrast to some linear peptides, such as cell-penetrating peptides
(CPPs), which permeate membranes actively, the most prevalent mechanism by which

cyclic peptides permeate membranes is energy-independent passive diffusion, similar to
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Figure 1.7: Image of the membrane permeation process by passive diffusion. The
process of passive diffusion is driven by a compound’s net concentration gradient,
flowing from a high-concentration region (extracellular) to a low-concentration region
(intracellular).

small molecules (Fig. 1.7) [6]. In general, relatively large cyclic peptides exceeding 10
amino acid residues have high target affinity; however, they tend to have low membrane
permeability due to their large size. Even for passive diffusion, the process by which
cyclic peptides permeate membranes is not well understood. Many cyclic peptides
have an environment-dependent property called the “chameleonic” property, namely,
the ability to change their molecular conformation and hydrophobicity in response to
the surrounding environment. These chameleonic cyclic peptides prefer an “open”-
conformation in aqueous environments, where the polar groups are exposed to the
outside and interact with water molecules to enhance water solubility, and a “closed”-
conformation in hydrophobic environments, where the polar groups are shielded with
intramolecular hydrogen bonds or lipophilic side chains, leading to improved mem-
brane permeability (Fig. 1.8) [56, 57, 58]. Therefore, the most common strategy to
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Figure 1.8: Image of the dynamic conformation changes of Cyclosporin A when transi-
tioning between aqueous and hydrophobic environments (cited from [6]). Cyclosporin A
exists in an “open”-conformation inside the aqueous extra- and intracellular environ-
ments but adopts a “closed”-conformation containing four intramolecular hydrogen
bonds shown as dotted lines upon entering the lipid bilayer.

increase membrane permeability has been to allow cyclic peptides to have a “closed”-
structure inside the cell membrane by shielding the exposed hydrogen bond donor (-NH
group) with backbone N-methylation [7, 59]. In addition, various strategies, such as
conformational control [8, 45], amide-to-ester substitution [9], amide-to-thioamide sub-
stitution [10], and side-chain modifications [11] have emerged for improving membrane
permeability (Fig. 1.9). However, these strategies do not always improve membrane
permeability across all cyclic peptides.

Experimental membrane permeability measurement methods

Currently, the most common methods for evaluating the membrane permeability of
cyclic peptides are biochemical assays. The following five methods are representative

of such measurements:

e Parallel artificial membrane permeability assay (PAMPA) [60, 61]
PAMPA is a primary screen surrogate for gastro-intestinal permeability (passive
diffusion); it uses a thin artificial membrane (hexadecane layer) as a model mem-
brane instead of cells of biological origin. This assay is performed, for example,
in 96-well plates and measures the ability of compounds to diffuse from a donor
into a separated acceptor compartment after an incubation period (four to 24
hours). Since the PAMPA membrane components do not include transporters,
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Figure 1.9: Examples of modification strategies to improve membrane permeability:
backbone N-methylation [7], conformational control [8], amide-to-ester substitution
[9], amide-to-thioamide substitution [10], and side-chain modification [11].

it is possible to measure only the membrane permeability for passive diffusion.
Hence, a limitation of PAMPA is that it does not account for active transport
mechanisms or metabolism, which can affect the overall permeability and absorp-
tion in biological systems. PAMPA also can be performed at a lower cost than

cell-based assays.

e Caco-2 [62]

Caco-2 assay is a cell-based assay, and Caco-2 cells are derived from human colon
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adenocarcinoma. When grown on semipermeable filters, Caco-2 cells sponta-
neously differentiate in culture to form a monolayer of cells that structurally and
functionally resemble small intestinal epithelial cells. It takes about three weeks

to culture Caco-2 cells.

e Madin-Darby canine kidney (MDCK) [61, 63|
MDCK assay is a cell-based assay, and MDCK cells are a nonhuman origin epithe-
lial cell line derived from the canine kidney. MDCK cells exhibit low expression
of transporter proteins and have minimal metabolic activity. MDCK cells can be

cultured faster than Caco-2 cells in about three days.

e Ralph Russ canine kidney (RRCK) [64]
RRCK assay is a cell-based assay, and RRCK cells are derived from the MDCK
cell line and are also called MDCKII-LE (low efflux) cells. The primary concern
with using MDCK cells is the presence of endogenous transporters of nonhuman
origin, such as canine P-glycoprotein (Pgp), which can interfere with permeability
and transporter studies, resulting in less reliable data. In contrast to MDCK
cells, RRCK cells exhibit over 200-fold lower canine Pgp mRNA levels and less

functional efflux activity.

e Lilly Laboratories cell-porcine kidney 1 (LLC-PK1) [65]
LLC-PK1 assay is a cell-based assay, and LLC-PK1 cells are derived from porcine

renal epithelial cells.

Membrane permeability obtained from different measurement methods can vary signifi-
cantly. For example, Wang et al. [66] reported both PAMPA and Caco-2 measurements
of 62 cyclic peptides, but the correlation coefficient between PAMPA and Caco-2 per-

meability values was only 0.71.

1.4.2 Plasma protein binding (PPB)
Plasma protein

Plasma is an aqueous solution that comprises 55% of the components of human
blood and is composed of 92% water, 7% protein, and 1% other solutes such as inorganic
ions. Human serum albumin (HSA) is the most abundant plasma protein, present at
a concentration of approximately 7 x 10~* M and accounting for 55% of the total
plasma protein. The primary physiological role of HSA is to transport fatty acids, and

HSA is also involved in the maintenance of colloidal osmotic blood pressure, the fluid
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Figure 1.10: Image of drug binding to plasma protein.

distribution between body compartments, the protection of the organism by binding
toxic metabolites, and the storage of nitric oxide [67]. HSA exhibits an extraordinary
ligand-binding capacity, binding reversibly to acidic and neutral compounds at various
binding sites. While it also binds basic drugs, this occurs to a lesser extent. Due to its
importance, the term plasma protein binding is often associated with HSA. Following
HSA, al-acid glycoprotein (AGP or AAG) is the second most crucial serum protein
for drug binding; it is present at a much lower concentration (approximately 1 to
3 x 107° M), representing only 1.8% to 5.5% of HSA [67].

Overview of PPB of cyclic peptide

When drugs enter the body, they exist in two states: as free drugs or as drug-plasma
protein complexes bound to plasma proteins Fig. 1.10. The PPB rate is defined using
the concentration of the free drugs [D] and the concentration of the drug-plasma protein
complexes [PD] in the body as follows:

[PD] (Mass of drugs present as complexes)
PPB = ———— x 100 =
% [D] + [PD] 8 (Mass of drugs administered)

x 100 (1.1)

The binding of drugs to plasma proteins is reversible, and only free drugs can bind
to targets or enzymes to exert their pharmacological activity or be converted to the
corresponding metabolites [68]. The function of plasma proteins as drug carriers can
facilitate the delivery of drugs to their site of action while simultaneously reducing
side effects. Therefore, PPB has a substantial effect on the absorption, distribution,

metabolism, excretion, and toxicity (ADME-Tox) of drugs and strongly affects drug
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Figure 1.11: Cocrystal structure of cyclic peptide drug dalbavancin and HSA (gray)
(PDB ID: 6M5E). The hydrocarbon side chain of dalbavancin is inserted deeply into
the hydrophobic pocket of HSA.

distribution and pharmacokinetic behavior with consequences in overall pharmacolog-
ical action [67]. Overall, the PPB rate for a specific drug is a key indicator for lead
optimization.

Although studies on PPB of cyclic peptides are not as advanced as those on mem-
brane permeability, the binding mode of cyclic peptides to plasma proteins has been
elucidated. In contrast to small molecules, whose entire molecules fit into the binding
pocket of plasma proteins, the hydrophobic local structure of cyclic peptides is known
to form hydrophobic bonds with plasma proteins (Fig. 1.11) [13, 55, 69]. Although suf-
ficiently hydrophobic peptides may exhibit satisfactory PPB, it is generally necessary
to conjugate a fatty acid or a similar lipophilic moiety to the peptide to enhance the
HSA binding rate and extend its plasma half-life [4].

Experimental PPB rate measurement methods

As with membrane permeability, biochemical experiments are the current most
common method for measuring the PPB rate of cyclic peptides. Several methods have
been used to experimentally measure PPB rates, including equilibrium dialysis (ED),
ultrafiltration (UF), and ultracentrifugation (UC) [70, 71, 72].
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e ED: ED is the most widely used method. A dialysis membrane separates plasma
and buffer, and the drug concentration in both solutions is measured after the
equilibrium is reached. Recently, rapid equilibrium dialysis (RED), using a 96-

well format device, was developed to enhance the method’s throughput.

e UF': In this method, the plasma solution containing drugs is filtered by an ul-
trafiltration membrane that allows only the drug to pass through, and the drug
concentration in the solution is measured. The analysis speed can be enhanced
by applying pressure to force the solution through the membrane. However, non-
specific binding of the drug to the filtration membrane and other surfaces can

lead to experimental artifacts.

e UC: In this method, the plasma solution containing drugs is centrifuged, and the
free drug concentration in the supernatant after centrifugation is measured. UC

has the advantage of eliminating issues related to membrane effects.

1.4.3 Limitation of existing computational prediction meth-
ods of cyclic peptide membrane permeability and PPB

rate

Selection of candidate compounds with high membrane permeability and PPB rate
is important during the early stages of drug development. However, traditional bio-
chemical assays first require the synthesis of actual compounds. Moreover, both the
membrane permeability and PPB rate measurement experiments are time-consuming
(measurement of membrane permeability by PAMPA takes approximately 4 to 24
hours, and measurement of PPB rate takes approximately 6 to 24 hours [67] per
molecule), and different measurement methods and experimental conditions may ob-
tain different results. Thus, due to the cost associated with randomly measuring the
permeability and PPB rate of numerous peptides using biochemical assays, the develop-
ment of fast computational approaches that enable the prediction of these properties
is eagerly anticipated. The approaches developed so far can be broadly categorized
into two types: molecular simulation-based and quantitative structure-property rela-
tionship (QSPR)-based (most using machine learning (ML) in recent years) methods.
We briefly discuss these prediction methods here, and more detailed explanations can
be found in later Chapter 2.
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Molecular simulation-based methods

Molecular dynamics (MD) simulations are widely used for membrane permeability
predictions, and molecular docking methods are typically applied to predict PPB rates.
Analyzing simulation results can yield valuable information on molecular behavior for
structural optimization and drug development. However, these simulation-based meth-
ods are highly computationally intensive. For instance, the latest MD-based method
for predicting membrane permeability requires parallel computations on 224 NVIDIA
P100 GPUs and takes approximately 90 hours per peptide [73]. Similarly, performing
rigid-body docking to predict the PPB rate using small molecule software (e.g., Glide)

can take over 30 hours per cyclic peptide.

ML-based methods

ML-based approaches offer significantly faster predictions than simulation-based
methods, with computational times ranging from under one second to a few seconds
per cyclic peptide for the prediction stage once featurization is complete. However, due
to the limited amount of data available for cyclic peptides, ML-based prediction models
developed so far often face challenges in generalization performance to extrapolation
data, highlighting the need for larger, diverse datasets tailored specifically for cyclic
peptides. Moreover, most models rely on traditional ML techniques and fail to account

for unique structural features distinguishing cyclic peptides from small molecules.

1.5 Overview of Major Deep Learning Architecture

In recent years, deep learning (DL) has dramatically improved state-of-the-art tech-
nologies in various fields, such as object recognition [74], speech recognition [75], and
protein structure prediction [76]. Deep learning models are based on neural networks
that mimic the behavior of human neurons and have been a subject of research since
the 1940s. Unlike traditional machine learning methods, deep learning models extract
and learn intricate structures in large data sets by employing the backpropagation
algorithm to indicate how a machine should change its parameters used to compute
the representation in each layer from the representation in the previous layer [77].

The major deep learning architectures commonly used today include the following four
types:
e Convolutional Neural Network (CNN): CNNs are typically composed of

distinct convolutional layers followed by pooling layers and fully connected layers
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and are primarily used for tasks involving image processing and computer vision
[78]. They leverage convolutional layers to automatically detect spatial patterns
and hierarchies in data, such as edges, textures, and shapes in images, making
them highly effective for tasks like image classification, object detection, and

facial recognition.

e Recurrent Neural Network (RNN): RNNs are designed to handle sequential
data where the order of inputs matters, such as in time-series analysis, speech
recognition, and natural language processing [79]. They maintain a form of mem-
ory by feeding the output from previous time steps back into the network, en-
abling them to learn from and make predictions based on sequences. Common
variants of RNNs include Long Short-Term Memory (LSTM) and Gated Recur-
rent Units (GRU), which are widely used to improve the handling of long-term

dependencies in sequences.

e Graph Neural Network (GNN): GNNs are specialized for data represented
in graph structures, where relationships between nodes are important [80]. GNNs
can effectively capture the dependencies and interactions between nodes and
edges, making them highly suitable for tasks such as social network analysis
and molecular property prediction. One of the widely used variants of GNNs is
the Graph Convolutional Network (GCN), which extends the idea of convolution

from images to graph structures.

e Transformer: Transformers have become the most important architecture in
recent deep learning developments, revolutionizing many fields, particularly nat-
ural language processing [81]. The core innovation of transformers lies in the
self-attention mechanism, which allows the model to weigh the importance of
different input elements relative to each other. This mechanism enables the
model to capture long-range dependencies and relationships in the data more
effectively than traditional sequential models like RNNs. Furthermore, attention
computation does not require sequential processing of inputs, allowing for par-
allel computation and making transformers more computationally efficient than
CNNs and RNNs.

The summary of DL-based small molecule property prediction methods is described in
Section 2.4.
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1.6 Purpose of Study

To accelerate cyclic peptide drug discovery, we aim to overcome the two major
challenges in establishing fast computational prediction methods for membrane perme-
ability and PPB rate of cyclic peptides: the limited availability of experimental data
and the unique structural characteristics of cyclic peptides.

In this study, we describe the development of a DL-based prediction method that
can quickly and accurately predict cyclic peptide membrane permeability and PPB
rate. Our method demonstrates a prediction speed comparable to traditional ML-
based methods, capable of predicting the permeability or PPB rate of a single cyclic
peptide in just a few seconds after featurization. To realize model construction, we
first collected and organized an unprecedented amount of cyclic peptide data from
published papers, patents, and collaborative research with a pharmaceutical company.
Next, we designed cyclic peptide features at the peptide-, monomer-, and atom-levels
to capture the complex structural characteristic of cyclic peptides. Additionally, we
applied various data augmentation techniques to enhance model training efficiency.

The cyclic peptide membrane permeability prediction model is called CycPeptMP.
We evaluated its accuracy compared to state-of-the-art DL-based property prediction
methods and MD-based methods. In PPB rate prediction, we developed a PPB rate
prediction model, CycPeptPPB, and a method to present important substructures that

affect the PPB rate to support the design and optimization of candidate compounds.

1.7 Summary of Contributions

The contributions of this thesis are classified into three categories: (1) proposal of
the concept of multi-level molecular features design for cyclic peptides, (2) develop-
ment of data augmentation methods for efficient model training, and (3) experimental
data collection and construction of prediction models with excellent performance, Cy-
cPeptMP and CycPeptPPB. We now describe these in more detail.

e We proposed the fundamental concept of a novel monomer-level feature design
and fused it with peptide- and atom-levels molecular features to comprehensively
represent the characteristics of cyclic peptides. In permeability prediction, where
it is crucial to capture cyclic peptides’ local and global structural features simul-
taneously, ablation studies demonstrated that all feature levels contributed and

were relatively essential for prediction. In PPB rate prediction, where substruc-
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tures are essential in principle, monomer-level feature design was able to capture

that unique feature of cyclic peptides.

e We developed a data augmentation method that considers their unique struc-
tural characteristics, referencing data augmentation techniques commonly used
in image processing to learn the structures of cyclic peptides, which are far more
complex than small molecules. We unveiled that data augmentation was essential

for the successful prediction of both permeability and PPB rate prediction.

e We greedily searched published papers and pharmaceutical company patent doc-
uments from scratch, collecting over 7,000 cyclic peptide structures and experi-
mentally measuring membrane permeabilities from 47 publications. We have re-
leased this database, together with various additional functions such as sequence
notation, as the world’s first cyclic peptide membrane permeability database,
CycPeptMPDB [82]. This paper has been cited by 19 papers in 18 months since
its publication. In the field of permeability prediction, where no database was
available, the emergence of CycPeptMPDB made it possible for the first time to

apply deep learning techniques, bringing significant advances in the field.

e We designed a deep learning architecture suitable for multi-level molecular fea-
tures and constructed the CycPeptMP [83] and CycPeptPPB [84] models with hy-
perparameters determined from exhausted hyperparameter search. These models
showed superior performance to existing cyclic peptide prediction methods and

state-of-the-art small molecule property prediction methods.

1.8 Thesis Organization

The remaining chapters of this thesis are organized as follows: Chapter 2 reviews the
previous research for cyclic peptide membrane permeability and PPB rate prediction.
It also reviews the DL-based small molecule properties prediction methods. Chapter 3
describes a novel multi-level molecular features design method to concurrently capture
the local sequence variations and global conformational changes in cyclic peptides.
It also presents a new data augmentation method tailored to the above multi-levels
for efficient model training for complex cyclic peptide structures. Based on these
proposed techniques, Chapter 4 and Chapter 5 describe the development of prediction
models for membrane permeability (CycPeptMP) and PPB rate (CycPeptPPB) of
cyclic peptides, respectively. All experiments of CycPeptMP were from the article
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[82, 83|, and all experiments of CycPeptPPB were updated from the article [84]. The
overall discussions of membrane permeability prediction and PPB rate prediction are
given in Chapter 6, and conclusions are presented in Chapter 7. This thesis is based

on the following publications by the author: [82, 83, 84].



Chapter 2

Overview of Cyclic Peptide
Membrane Permeability and PPB
Rate Prediction Methods

2.1 Introduction

The development of cyclic peptides as drugs is often hindered by relatively poor
membrane permeability and PPB rate, which are crucial factors influencing their
bioavailability. Traditional experimental approaches to evaluate these properties are
time-consuming and resource-intensive, prompting the need for fast and reliable com-
putational prediction methods.

In this chapter, we explore the various computational approaches that have been de-
veloped to predict the membrane permeability and PPB rate of cyclic peptides. These
methods can be broadly categorized into two types: molecular simulation-based and
quantitative structure-property relationship (QSPR)-based. While simulation-based
methods offer detailed insights into the molecular mechanisms governing these prop-
erties, they are often computationally expensive. On the other hand, though QSPR-
based methods (machine learning has been widely used in recent years) can provide
faster predictions, they may suffer from limited generalizability due to the scarcity of
experimental data.

This chapter will first delve into the state-of-the-art methods for predicting cyclic
peptide membrane permeability, discussing the strengths and limitations of both MD
and ML approaches. We will then shift focus to the prediction of PPB rates, highlight-

ing the challenges unique to cyclic peptides and how computational models initially

23
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developed for small molecules have been adapted for these more complex structures.
Finally, we will provide an overview of the recent advancements in DL, methods, which
are rapidly becoming a dominant force in small molecule properties prediction, and

discuss their potential application to cyclic peptides.

2.2 Cyclic Peptide Membrane Permeability Predic-
tion Methods

Computational methods for predicting the membrane permeability of cyclic pep-
tides can be broadly classified into two types: methods based on MD and methods
based on ML.

2.2.1 MD-based methods for cyclic peptide membrane per-

meability prediction

Computational approaches to predict the permeability of cyclic peptides have been
primarily based on MD simulation [17, 73, 85, 86, 87]. MD-based predictions do not
rely excessively on existing peptide information and can predict novel peptides. Since
the membrane permeability of cyclic peptide depends on the conformation during the
membrane permeation process, most MD research involves identifying conformations
in aqueous solutions or organic solvents [85, 86, 87]. However, the conformations of
cyclic peptides in aqueous and hydrophobic environments are always different. More-
over, the conformational transitions are slow relative to simulation time scales due
to the high energy barrier between conformations [87]. As a result, many accelerated
sampling techniques have been used, such as replica-exchange MD (REMD) [88], meta-
dynamics (MetaD) [89], accelerated MD (aMD) [90], and multicanonical MD (McMD)
[91]. Sugita et al. performed complex studies simulating the membrane permeation
process of cyclic peptides across a lipid bilayer (Fig. 2.1) utilizing replica-exchange
umbrella sampling (REUS) method [17, 73]. In addition, analyzing simulation re-
sults using methods such as Markov state models (MSMs) can provide information
on the behavior of cyclic peptides, which is crucial for elucidating the mechanism of
membrane permeation and structural optimization to increase membrane permeability
[23, 86]. Markov state models were used to analyze simulation data and elucidate cyclic
peptide behavior, which is crucial to understanding membrane permeation mechanisms

and optimizing structures to enhance membrane permeability. Conventional MD-based
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Figure 2.1: Image of cyclic peptide across a lipid bilayer during MD simulation.

methods could only predict relatively small cyclic peptides, such as six residues [85, 87].
Recently, protocols have been developed to predict cyclic peptides over ten residues ac-
curately (R > 0.8) [73]. However, the high computational cost of MD-based methods is
also a major limitation. For example, the latest method proposed by Sugita et al. re-
quires parallel calculations on 224 GPUs, with a computational time of approximately
90 hours per peptide using NVIDIA P100 GPU [73].

2.2.2 ML-based methods for cyclic peptide membrane perme-
ability prediction

In contrast to MD-based methods, several physicochemical or machine learning
models have been developed, offering more rapid prediction capabilities [66, 92, 93, 94,
95, 96, 97, 98, 99]. The 2D descriptors for hydrophobicity, such as the octanol-water
partition coefficient (LogP), are generally the most important features for prediction
[94, 96]. Some studies have reported that the prediction accuracy can be improved by
using 3D descriptors such as solvent-accessible surface area (SASA) [93, 95, 96, 97],

suggesting that it is necessary to capture the information of 3D structures of cyclic
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Table 2.1: Summary of ML-based permeability prediction methods for cyclic peptides.
The data type abbreviations are as follows: CP (cyclic peptides) and MC (macrocy-
cles). The model type abbreviations are as follows: SLR (simple linear regression),
MLR (multiple linear regression), PLS (partial least squares), SVM (support vector
machine), and RF (random forest). The accuracy abbreviations are as follows: R?
(coefficient of determination) and RMSE (root mean square error).

Group Data type N Model type R? RMSE
Rezai et al. [92] CP 11 SLR 0.96 -
Wang et al. [66] CP 62 MLR 0.63-0.70 -
Leung et al. [93] MC+CP 201 MLR 0.51 0.41
Over et al. [94] MC > 200 PLS, SVM, RF 0.81-0.84 0.41-0.50
Rossi et al. [95] MC 19 MLR - 0.71
Digiesi et al. [96] CP 62 PLS 0.46-0.76 0.46-0.60
Poongavanam et al. [97] MC 70 MLR - 0.33-0.56
Williams et al. [9] MC+CP 1,061 RF 0.47-0.57 .

peptides. However, unlike the property prediction methods for small molecules, which
have considerable experimental data, these models were established using limited data
sets (Table 2.1). Moreover, biases introduced by different research groups further ex-
acerbate this issue, as molecule type and evaluation criteria often vary significantly.
As a result, their reported prediction accuracies, while useful for assessing model per-
formance within a specific dataset, can not be a reliable indicator of the model’s gen-
eralization performance across the broader landscape of cyclic peptides. For instance,
Digiesi et al. used 62 cyclic hexapeptides with very similar structures to each other
[96]. The topological polar surface area (TPSA) of these peptides ranged from ap-
proximately 150 to 250 A2, which could only cover a very narrow chemical space. The
lack of available databases that collect structurally diverse cyclic peptides is a major
reason for poor generalization performance and is currently the greatest obstacle to
developing comprehensive machine learning predictions. The combinations of amino
acids that comprise cyclic peptides are numerous; therefore, the chemical space of pos-
sible cyclic peptides is very large. Furthermore, even a single residue change in the
amino acid sequence can lead to drastic changes in membrane permeability [100]. Most
studies using the available data fixed the majority of structures and measured changes
in membrane permeability with very few residue changes. Therefore, building a ma-
chine learning prediction model with high generalization performance requires a large
amount of training data collected from a larger body of publications than employed

in previous studies. This dataset should include various peptides with diverse struc-
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tures and peptides in which small structural changes have a large effect on membrane
permeability. Additionally, these methods directly apply whole-molecule features, typ-
ically used to predict the membrane permeability of small molecules while ignoring the
unique structural characteristics of cyclic peptides, such as sequence information and

circularity.

2.3 Cyclic Peptide PPB Rate Prediction Methods

Computational methods for predicting the PPB rate of cyclic peptides have made
little progress.

2.3.1 Summary of small molecule PPB rate prediction meth-

ods

Previous PPB rate prediction methods for small molecules can be classified into the
following three types: ML-based methods [68, 101, 102, 103, 104, 105], docking-based
methods [106, 107], and composite methods that use both ML- and docking-based
methods [108, 109, 110]. Similar to ML-based membrane permeability prediction meth-
ods, the 2D descriptors of the hydrophobicity index, such as the octanol-water partition
coefficient (LogP), are generally the most important features for ML-based PPB pre-
diction methods [67]. Docking-based methods predict PPB rates using information
such as docking scores obtained from docking simulations of plasma proteins (basically
HSA) and ligand molecules. In addition to conventional rigid-body docking, some
studies used induced-fit docking to consider the flexibility of HSA [107]. Composite
methods construct ML models based on descriptors calculated from compounds, as
well as docking scores or docking descriptors that provide more information obtained

from docking simulations.

2.3.2 Cyclic peptide PPB rate prediction based on small molecule
data

Cyclic peptides have a relatively large structure, and therefore the space of possi-
ble conformations is vast compared to that of small molecules, making it difficult to
search for an energetically stable conformation. Furthermore, most docking software is
designed for small molecules, and the crystal structures of cyclic peptides are also lim-

ited. This makes applying docking-based and composite methods for small molecules to
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cyclic peptides difficult. Thus, finding descriptors that can be used for both cyclic pep-
tides and small molecules has been a major research direction for the computational pre-
diction of the PPB rate of cyclic peptides. Tajimi et al. constructed a prediction model
using 1,211 experimental data of small molecules and made PPB rate predictions for
the 24 public DrugBank cyclic peptides and 16 in-house cyclic peptides [111]. Since the
biophysical mechanism of PPB can be expected to be similar for both small molecules
and cyclic peptides, their study focused on selecting descriptors with high generalizabil-
ity from small molecule training data utilizing enumerating lasso solutions and forward
beam search techniques. However, their method proposed still has lower prediction
accuracy (mean absolute error (MAE) = 21.6, correlation coefficient (R) = 0.46) than
that of the traditional prediction methods for small molecule compounds and is not

accurate enough for practical use.

2.4 Overview of DL-based Small Molecule Proper-
ties Prediction Methods and Potential Appli-
cation to Cyclic Peptides

DL-based small molecule properties prediction methods based on graph neural net-
works (GNNs) and transformers have become a major research area. By representing
atoms as nodes and bonds as edges, the GNN-based method can effectively capture
molecular structural information and integrate the topological structure of molecules
with complex atomic features. Nonetheless, most existing approaches, such as GCN
(graph convolution network) [112, 113], GAT (graph attention network) [114, 115],
and MPNN (message passing neural network) [116] have intrinsic limitations, includ-
ing a poor ability to process global information and risk of over-smoothing when many
atoms are present. In contrast, many transformer-based methods have been proposed
that treat SMILES as strings following the successful experience in natural language
processing [117, 118, 119]. Since these methods lack 2D structural information, several
methods have been developed using molecular graph representations as input that can
encode more complex structural information than strings [120, 121, 122, 123]. Fur-
thermore, some studies reported that combining multi-scale molecular features, such
as fragment-level and atom-level information, can improve the prediction accuracy
(123, 124].

However, successfully applying these DL methods to predict cyclic peptide proper-

ties with high accuracy still faces several challenges, primarily due to the scarcity of
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experimental data and structural complexity. Therefore, future development should
include designing models tailored specifically to the characteristics of cyclic peptides
and constructing larger, more diverse datasets to improve the generalization perfor-
mance and predictive accuracy. Overall, although DL methods are still in the early
stages of application to cyclic peptides, their successful application in small molecules

suggests they hold significant potential for advancing cyclic peptide drug discovery.

2.5 Summary

In this chapter, we introduced typical computational approaches to predict the
membrane permeability and PPB rate of cyclic peptides. We also provided an overview
of the recent advancements in DL-based small molecule properties prediction methods

and discussed their potential application to cyclic peptides.
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Chapter 3

Multi-Level Molecular Features
Design and Data Augmentation for

Cyclic Peptides

3.1 Introduction

The structural complexity and unique characteristics of cyclic peptides present sig-
nificant challenges in accurately predicting their membrane permeability and PPB rate.
Even a minor alteration in a single residue can lead to substantial changes in their mem-
brane permeability and PPB rate. However, as we mentioned in Chapter 2, existing
prediction methods focus on global molecular characteristics while overlooking subtle
sequence variations. Furthermore, limited experimental data make it more difficult to
build generalizable models.

In this chapter, we proposed multi-level molecular features and model architectures
designed to concurrently capture the local sequence variations and global conforma-
tional changes in cyclic peptides. Additionally, due to the inherent data scarcity in
biological datasets, especially for cyclic peptides, we also proposed data augmenta-
tion strategies for cyclic peptides designed to improve model training efficiency. The
methods and techniques described here were applied in subsequent chapters to predict
permeability (Chapter 4) and PPB rate (Chapter 5).

31
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3.2 Overall of the Proposed Fusion Model

We proposed a fusion model that hierarchically combines multi-level molecular fea-
tures to simultaneously capture local and global structural information of cyclic pep-
tides. Fig. 3.1 shows the overall architecture of the proposed fusion model. We designed
three-level representations of peptides and used each for three different sub-models to
extract the peptide-, monomer-, and atom-level molecular representations. Each of
the three levels plays an important role in capturing different aspects of cyclic peptide
structure. Peptide-level features capture the global structure of the entire molecule,
integrating information on the overall properties and substructural characteristics that
correlate to some extent with membrane permeabilities and PPB rates. Monomer-level
features offer a lower-level perspective by specifically capturing the sequence informa-
tion of cyclic peptides, which is especially important for these molecules. Since small
changes in individual residues can drastically alter the peptide’s permeabilities and
PPB rates, the monomer-level features allow the model to track these variations and
understand their effects on the overall function. Finally, atom-level features are cru-
cial for capturing both local and global molecular information. On the local scale,
they provide fine-grained details such as bond types, atom types, and local chemical
environments, allowing the model to detect subtle variations like changes in chirality
or atomic bonding, which can significantly impact properties such as membrane per-
meability. At the global scale, atom-level features also contribute to understanding
the overall molecular shape by representing the relative positions of atoms within the
graph and 3D structure, helping the model capture the structural information of the

cyclic peptide.

Initially, the SMILES representation of the peptide was divided into monomers
(substructures, such as amino acid residues), and respective 3D conformations were
generated from their structural formulas. Subsequently, peptide- and atom-level fea-
tures were extracted from the peptide conformation and used as input for the peptide
and atom models, respectively. Monomer-level features extracted from the monomer
conformation were used as inputs for the monomer model. Finally, the three-level la-
tent feature vectors extracted using the three sub-models were concatenated to derive

the membrane permeability prediction values.
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Figure 3.1: Overall framework of the proposed fusion model. The three-level expression
vectors extracted using the three sub-models are concatenated and passed through a
shared layer to derive the final permeability prediction value.
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3.3 Peptide-Level Feature Design

To capture the characteristics of the entire molecule, we used peptide descriptors
representing physicochemical properties and Morgan fingerprints (Morgan FP) repre-

senting substructural information as peptide-level features.

3.3.1 Conformation generation of peptides

The membrane permeability of cyclic peptides depends on their conformation dur-
ing the membrane permeation process. The possible conformational space of the cyclic
peptide is vast, making it challenging to identify an energetically stable conformation.
Generally, MD simulations are considered a method for generating relatively precise
conformations. However, simulating cyclic peptides involves numerous complex settings
that must be carefully considered, making it far from a straightforward process. For
example, determining the appropriate force field is essential, particularly for peptides
containing non-canonical amino acids, as these require custom parameterization. More-
over, temperature control and other simulation parameters must be carefully tuned to
the specific peptide system, adding further complexity. The biggest challenge with
MD simulations of cyclic peptides is the high computational cost. When we generated
the conformation of cyclic peptides using the commercial software MOE [125] with its
Low mode MD method (a relatively simple MD method), it took 84 hours per cyclic
peptide. Furthermore, from the experience of MD specialists in our lab, even with a
very simple MD method, it takes approximately 10 to 20 hours to simulate one pep-
tide. Therefore, to generate relatively accurate conformations for thousands of cyclic
peptides using the MD method, it is important to use many GPUs to accelerate the
computational process (several hours per peptide).

We generated the 3D conformations of peptides using a relatively simple method by
the RDKit package (version 2022.09.5) [126] due to computational cost considerations,
for 3D descriptors calculation. The computational time for this method was only three
hours per peptide. The ETKDG (Experimental-Torsion Knowledge Distance Geom-
etry) method is a stochastic algorithm widely used for generating 3D conformations
of molecules [127]. It combines the classical distance geometry method with chemical
knowledge, such as flat aromatic rings and linear triple bonds derived from experi-
mental crystal structures [128]. This method ensures that generated 3D conformations
are not only geometrically valid but also more likely to resemble physically plausible
structures found in nature. With hydrogen atoms added to the SMILES representation
of the cyclic peptide, the initial 3D structures are generated using the ETKDG method
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(A11Chem.EmbedMolecule) and subsequently optimized through energy minimization
with the UFF force field (A11Chem.UFFOptimizeMolecule). In this case, the maxi-
mum number of attempts to try embedding is set to 1,000,000, and additional torsion

profiles for macrocycles are used (useMacrocycleTorsions=True).

3.3.2 Descriptor calculation of peptides

Subsequently, 2D and 3D descriptors of cyclic peptides are calculated from SMILES
representations and single-conformation 3D structures, respectively. A total of 1,857
descriptors (1,689 2D and 168 3D descriptors) are calculated using MOE software (ver-
sion 2019.01, 206 2D and 117 3D descriptors) [125], the Mordred package (version
1.2, 1,275 2D and 51 3D descriptors) [129], and RDKit package (208 2D descriptors).
The full list of 1,857 descriptors is shown in Appendix B. The 2D descriptors are
conformation-independent and are calculated from the SMILES representation of the
molecule. These include descriptors derived from physical properties, such as wa-
ter solubility indicators, and descriptors representing neighbor information when the
molecule is viewed as a graph. Before calculating the 2D descriptors, hydrogen atoms
are added, and the ionization state at pH 7.0 is estimated using the Wash function
of MOE (Protonation:Dominant) when calculating MOE 2D descriptors. The 3D
descriptors are calculated from the 3D structure of a molecule and depend only on
relative coordinates within the molecule. Before calculating the MOE 3D descrip-
tors, the charge of the RDKit-generated conformations is calculated using the Partial
Charges function of MOE for correct calculation. MOPAC descriptors of the 3D de-
scriptors (e.g., AM1 descriptors using the AM1 Hamiltonian) are not computed due to

computational cost.

3.3.3 Preprocessing and selection of peptide descriptors

To remove the meaningless descriptors, we perform descriptors preprocessing as

follows:

1. Descriptors with constant values among all cyclic peptides within the dataset are

removed.

2. For descriptor pairs with the absolute value of correlation coefficient (|R|) > 0.9,

the one with the lower correlation with the objective variable is excluded.
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Table 3.1: Summary of feature selection methods in ML.

Type Description

Filter method Filter methods use univariate statistics to evaluate the relationship
between explanatory and objective variables. Features are then
ranked based on these scores to determine their suitability for use
in prediction. These methods are faster than wrapper methods. A
drawback is that the combined effect of multiple features is not con-
sidered. Methods for determining scores include analysis of variance
(ANOVA), Chi-square test, and Fisher’s score.

Wrapper method Wrapper methods follow a greedy search approach by evaluating all
the possible combinations of features. Wrapper methods usually
result in better performance than filter methods. Its drawbacks
include the tendency to overfit and the large amount of computation
required. Typically, forward feature selection, which adds features,
and backward feature elimination, which reduces features, are used.

Embedding method Embedding methods simultaneously perform training and feature
selection by ML algorithms. These methods combine the advan-
tages of both wrapper and filter methods by accounting for inter-
actions among multiple features while still keeping computational
costs at a reasonable level. Commonly used algorithms include lasso
regression, ridge regression, and random forests.

3. The remaining descriptors are standardized using Z-score as shown in Equa-
tion (3.1) (p is the mean of descriptor z, and o is the standard deviation of

(3.1)

Performing further feature selection and using only important features can prevent
overfitting and improve model interpretability. There are three main methods for
feature selection in ML: filter, wrapper, and embedding methods (Table 3.1) [130].
Random forest (RF) is commonly used as an embedding method for robust feature
selections, even with many variables. It can provide quantitative measures of the
importance of each variable in prediction. Therefore, we constructed two RF models
(n_estimators=500) with the 2D or 3D peptide descriptors, respectively. Subsequently,

2D and 3D peptide descriptors were selected based on the assigned feature importance.
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Figure 3.2: Architecture of the peptide model. Peptide descriptors and Morgan FP
were used as input for the MLP-based model.

3.3.4 Architecture of the peptide model

In addition to selected peptide descriptors, we calculate 2048-bit Morgan FP (1024-
bit, radius: 2; 1024-bit, radius: 3) to represent substructural information as peptide-
level features. The selected peptide descriptors and Morgan FP are each trained with
different MLPs (Fig. 3.2), and the latent feature vectors zese™ and 2™ are concate-

nated and used to derive the final output out?®?*é¢ of the peptide model as follows:

out?"® — Linear(Concat (ﬂcdescout, prm)) (3.2)

3.4 Monomer-Level Feature Design

Unlike small molecules, most cyclic peptides comprise a combination of monomers
that are the standard building blocks in their chemical synthesis. Since the specific
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Me_Bmt(E)

Figure 3.3: Example of the monomer division: Cyclosporin A and its 11 monomers.

local structure of a cyclic peptide has a great influence on the membrane permeability
and PPB rate, most studies of cyclic peptides performed modifications at the monomer
level. Therefore, we designed monomer-level features to capture the subtle sequence

variations of cyclic peptides accurately.
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3.4.1 Division of the main chain of cyclic peptide into monomers

We decompose the macrocycle ring of cyclic peptides into units of monomers and
calculate descriptors from each monomer (Fig. 3.3). The division is applied for peptide,
ester, and disulfide bonds, the most common bonds connecting monomers in the ex-
perimental data. Bonds existing anywhere other than the macrocycle (main chain) are
not subjected to division to fully express the properties of the local structure. Merely
hydrolyzing the peptide bond could generate a new hydrogen bond donor, potentially
misrepresenting the substructure’s original physicochemical properties. Hence, an ap-
propriate capping is required when decomposing peptides into monomers. When gen-
erating the conformation and calculating the monomer descriptor, the cleaved amide
group or O atom of the amide-to-ester substitution is methylated (addition of CH3),
and the carboxyl group is converted to an aldehyde (addition of H). When dividing the
disulfide bond, hydrogen atoms are added to both sulfur atoms.

3.4.2 Conformation generation and descriptor calculation of

monomers

Similar to cyclic peptides, the 3D conformations of monomers are generated us-
ing the RDKit package for 3D descriptors calculation. On the other hand, compared
to peptides, energetically stable conformations of monomers are easier to calculate.
Therefore, multiple conformations (up to 200) are generated for each monomer using
the ETKDG method (A11Chem.EmbedMultipleConfs), and the conformation with the
lowest energy is used after being optimized through energy minimization with the UFF
force field. Then, 2D and 3D monomer descriptors are calculated using procedures sim-
ilar to peptide descriptors and standardized using Z-score. Finally, the same monomer

descriptors as the selected peptide descriptors mentioned in Section 3.3.3 are used.

3.4.3 Architecture of the monomer model

Monomer descriptors are aligned based on sequence information to generate the
input feature map of the monomer model. If the peptide has fewer than 16 monomers,
the blanks of the feature map are padded with zero. This input format can explicitly
express the sequence information and is sensitive to changes in the local structure.

Since the CNN model can extract partial features, we thought it would suit our
sequence-based input format and constructed a 1D-CNN-based monomer model. How-

ever, the conventional 1D-CNN cannot express circularity. To overcome this architecture-
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Figure 3.4: Comparison of the conventional convolution method (1D-CNN) and the
proposed convolution method (CyclicConv). In the case of kernel size of three,
monomer C is supplemented to the left of A and monomer A is supplemented to
the right of C. By this operation, the information of CAB and BCA can be correctly
acquired as a result of the CyclicConv.

level limitation, we proposed a new convolution method called CyclicConv that supple-
mented adjacent monomers at both ends of an input peptide sequence (Fig. 3.4). The
architecture of the monomer model is shown in Fig. 3.5. The use of the CyclicConv or
1D-CNN layer is determined by hyperparameter tuning. Finally, the monomer model

outputs the latent feature out™omomer,
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Figure 3.5: Architecture of the monomer model. Monomer descriptors are aligned
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Table 3.2: Summary of atom-level features.

Type Feature Size Description

Whether included in a ring structure

Whether aromatic

Single(1.0), Double(2.0), Triple(3.0),
Aromatic(1.5), Conjugated(1.4) and No-bond(0)
Distance calculated from graph representation
Euclidean distance (A) calculated from 3D con-
formation

Is in a ring
Is aromatic
Bond Bond type (Bond)

Atom Atom type 8 Type of atom by atomic number (one-hot)

Degree of atom 5 Number of bonds (one-hot)
Number of hydrogen 5 Number of bonded hydrogen atoms (one-hot)
Formal charge 4 Electrical charge (one-hot)
Hybridization 3 Type of atom hybridization (one-hot)
Chirality 3 Type of atom chirality (one-hot)

1

1

1

—_

Distance Graph distance (Graph)
3D distance (Conf)

—_

3.5 Atom-Level Feature Design

To capture the detailed changes at the atom level of cyclic peptides, we have de-
signed atom-level features that incorporate information from local atomic interactions

to the shape of the entire molecule.

3.5.1 Atome-level features calculated from molecular graph rep-

resentation

The SMILES representations of the cyclic peptides are first converted to a molec-
ular graph using the RDKit package [126]. We designed atom-level features so that
the atom model could capture minor changes, such as enantiomers, by node features
(Node, 30 dimensions) and bond type matrix (Bond), and global changes in the entire
molecule by two types of node-pair relative relationship matrices (Graph and Conf).
As shown in Table 3.2, heavy atoms are considered nodes, and node features are rep-
resented as Node € ZNaoms*30 honded interaction weights are represented as Bond €
RNatoms X Natoms — oraphic pairwise distances are represented as Graph € ZNatoms*Natoms

and 3D pairwise distances are represented as Conf € RVatoms*Natoms

3.5.2 Architecture of the atom model

Since the transformer can effectively learn relationships between distant atoms even

when the number of atoms is large (for example, the maximum number of heavy atoms
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Figure 3.6: Atom model architecture. Node features and three types of node-pair
relative relationship matrices are used as input for the transformer-based model.

in the experimental data of permeability was 128, and that in the experimental data of
PPB rate was 162) [131], we constructed a transformer-based atom model to capture
the overall graph structure and 3D conformation of the peptide (Fig. 3.6). Bond records
the molecule bond information and controls message propagation between neighboring
nodes by assigning weights to each bond type. According to the chemical bonding
principle, bonds with more electron participation (such as unsaturated bonds) are
assigned higher weights to enhance the exchange of information between atoms [122].
Meanwhile, many transformer-based models record the positional relationships between
nodes or tokens using traditional absolute positional encoding [119, 132]. However,
some studies have reported that relative positional encoding can improve prediction
accuracy [121, 131]. To capture the local relationship between each node, embedded

Bond is used for positional encoding and added to embedded Node to serve as the
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input for the encoder block as follows:

Woode Node + Wiona Bond (3.3)
T = .
V dmodel

where d,o4e; 1S the attention dimension of the atom model, W, g0 € RNnode-features Xdmodel

and Wigng € RNatomsXdmoiel are trainable parameters, and o € RNatomsXdmodel i5 the up-
dated input for the encoder block.

Two types of distance matrices, Graph and Conf, i.e., the shortest pairwise graph
distance and 3D Euclidean distance of each atom, are used to capture the peptide’s
overall structure and 3D conformation. The distance maps are processed through an

attenuation function to weaken distant interactions as follows:

L (i=7)
Strength? ™" = o0 3.4a
! Gy (07 J) (342)
)
Strength®" = o0 3.4b
) { Co;fi’j (Z % ]) ( )

where Graph, ; and Conf, ; are the distance between atom pairs ¢ and j from the graph
representation and 3D conformation. Furthermore, we designed a structure-enhanced
transformer encoder to learn the structural and 3D conformational information of pep-
tides using focused attention. The encoder includes two blocks, one using Strength9 "
and another using Strength®™ . This approach attenuates attention between less rele-
vant pairs based on the distance, providing a simplified approach to modeling complex

molecular structures as follows (the case of graph block):

Q; = xgmthWiQ K; = xgmthWiK7 Vi = xgmphlflwiv (3.5a)
head; = Softmax (%) Vi (3.5b)

multihead = Concat(head, ..., head;,)W©° (3.5¢)

focus = multihead ® Strength™ " (3.5d)

residual = LayerNorm(m‘""”’hli1 + focus) (3.5¢)

g — LayerNorm(residual + FFN(residual)) (3.5f)

where 297"~ and z97h" are the updated latent features of the graph block in (I —1)-

th and [-th layers, respectively, h is the head number of multi-head attention, We e

7

Rdm()del X dmodel/h7 I/I/ZK e Rdmodel X dmodel/h7 VI/’LV E Rdmodel X dmodcl/h’ and WO e Rdmodcl dendﬁl
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are trainable parameters. In the case of the conf block, z¢" ' can be calculated from

conft=1

x and Strength® in the same process as the graph block.

Finally, the outputs 297 and 2™ of the two blocks were weighted using the
hyperparameter A, and the concatenated feature vector was used to derive the final

output out®°™ of the atom model as follows:

out™™ = Linear(Concat (), * gIrerh™ (1 — Ag) * ze"") (3.6)

3.6 Architecture of the Fusion Model

As shown in Fig. 3.1, the output latent feature vectors out®°™, out™°"°™e"  and
outPeP of the three sub-models are concatenated to generate the final molecular fea-
ture vector, which is passed through a shared layer to derive the final permeability
prediction value out/*°". As the model becomes more complex, problems such as the
vanishing gradient problem may occur, causing input information to not be transmit-
ted. Auxiliary loss is a technique in which additional losses are incurred to optimize
the neural network (NN) training process. Directly propagating errors to the middle
network layer can prevent gradient vanishing and improve embedding and training
efficiency [133]. Hence, we designed the three sub-model losses Lgom, Lmonomer, and
Lpeptide derived from the output of each sub-model (the definition of L,onomer is shown
in Equation (3.7a)), and layer losses Lijayer,; Liayer, , and Ligyer, derived from the av-
eraged outputs of the layers in each block (transformer, CNN, and MLP) of the three
sub-models (the definition of Ly, —is shown in Equation (3.7b)) in addition to the

main 1oss Lyysion calculated from the output of the fusion model:

Linonomer = Lossfunc(Linear(out™ ™)) (3.7a)

Ligger, = Lossfunc(Linear(Mean(z™™" ..., a™""" ™)) (3.7b)
The loss function during training is presented in Equation (3.8):

Loss = qusion + Vsub * (Latom + Lmonomer + Lpeptide)

(3.8)
+ Yiayer * (Llayera + Llayerm + Llayerp)

where the weight parameter 7, is set to 0.10 and 74y, is set to 0.05. Only the output

value out™°" of the fusion model is used during inference.
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3.7 Data Augmentation for Cyclic Peptides

Thus far, we have proposed multi-level molecular features and integrated them into
advanced model architectures, enabling us to incorporate domain knowledge to better
capture the complex characteristics of cyclic peptides. Although the amount of avail-
able biological data has increased, experimental data remains limited compared to data
for natural language processing and computer vision. For example, the Tox21 dataset
deals with the toxicity classification of small molecules and has only approximately
8,000 data points. This limitation in biological data, particularly the scarcity of data
with measurement values, has motivated the increased use of self-supervised learn-
ing approaches, such as contrastive learning [134] and pre-training [117, 119]. These
methods are commonly employed in scenarios where labeled data is scarce while large
amounts of unlabeled structural data are available. However, these techniques remain
challenging for cyclic peptides given a more limited availability compared to small
molecules. Apart from these techniques, data augmentation (such as oversampling
and data warping) has been commonly used in the image processing field to increase
training efficiency when the data are insufficient. The augmented data represent a
more comprehensive set of possible data points that minimizes the distance between

the training and any future testing sets and reduces the risk of overfitting [135].

We proposed the data augmentation method dedicated to cyclic peptides to gen-
erate 60 replicas based on the complexity of cyclic peptide conformational changes,
the nature of cyclic peptide sequences, and the properties of SMILES to improve the
training efficiency of the model. First, considering the complex conformational changes
during membrane permeation of cyclic peptides, 60 different conformations per pep-
tide/monomer are generated using RDKit to incorporate more diverse 3D information
into the model (Fig. 3.7). Cyclic peptide conformations are used to calculate the
Conf matrix for the atom model and 3D peptide descriptors for the peptide model.
Monomer conformations are used to calculate the 3D monomer descriptors for the
monomer model. Next, the input of the monomer model is rearranged using sequence
arrangement considering the circularity of the cyclic peptide—the aligned monomer
descriptors are augmented by the combination of sequence translation and rotation
(change the start point of sequence) as shown in Fig. 3.8. Here, the peptide with the
most monomers in the experimental data of permeabilities and PPB rates in Chapter 4
and Chapter 5 comprises 15 monomers. Nevertheless, to reduce the duplication of the
replica generated by augmentation, padding for one monomer is added, and the input

sequence length (maz_len) of the monomer model is set to 16. Finally, the SMILES
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Figure 3.7: Peptide- and monomer-levels data augmentation based on using multiple
conformations. We use 60 different conformations per peptide/monomer to incorporate
more diverse 3D information.

enumeration technique [136] is used to permute the atom order and generate input
for the atom model with a different ordering (Fig. 3.9). Introducing variations of the
input data enables our model to become more robust to cyclic peptide conformational
flexibility and allows it to partially consider circularity. Data augmentation effectively
increases the size of the training set, leading to more efficient and stable training.
During training, each replica is given the same label and treated as independent data.
During inference, relying on a single conformation could introduce bias, considering the
conformational flexibility of cyclic peptides. Therefore, during inference, 60 replicas
are also generated for each peptide, and predictions are made individually. The aver-
age of 60 replicas is used as the final predicted value to represent the conformational

ensemble of peptides.
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Figure 3.8: Monomer-level data augmentation based on sequence arrangement. The
aligned monomer descriptors are translated and rotated based on the sequence in-
formation. The number of replicas of a cyclic peptide consisting of n monomers is
n X (maz_len(16) —n +1).
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Figure 3.9: Atom-level data augmentation based on SMILES enumeration. Molecular
graphs with different atoms order are constructed from different SMILES representa-

tions.
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3.8 Summary

In this chapter, we introduced a novel model for cyclic peptides that effectively
integrates multi-level features with state-of-the-art DL techniques. Considering the
findings that cyclic peptide permeability is influenced by both their global conforma-
tion and local structural features, while PPB is heavily affected by local interactions,
we engineered features at the peptide-, monomer-, and atom-levels to hierarchically
capture both the global and local structures of cyclic peptides. We also proposed
various data augmentation techniques to address the challenges posed by the limited
availability of experimental data for cyclic peptides. The methods were applied in

subsequent chapters to predict permeability (Chapter 4) and PPB rate (Chapter 5).



Chapter 4

Development of a Membrane
Permeability Prediction Model of
Cyclic Peptides (CycPeptMP)

4.1 Introduction

As we mentioned in Chapter 1 and Chapter 2, a rapid cyclic peptide membrane
permeability prediction method with high generalization performance still does not
exist and is one of the bottlenecks in cyclic peptide drug discovery. Existing ML-based
prediction methods suffer from a lack of experimental data and further fail to account

for the unique membrane permeation mechanism of cyclic peptides.

To overcome these challenges, we presented CycPeptMP: an accurate and efficient
cyclic peptide membrane permeability prediction method. First, we collected infor-
mation on a total of 7,334 cyclic peptides, including the structure and experimentally
measured membrane permeability, from 45 published papers and two patents from
pharmaceutical companies, with the intention of developing a DL-based permeability
prediction model with high prediction and generalization performance. We then ap-
plied the novel multi-level molecular features design and data augmentation methods
described in Chapter 3. CycPeptMP demonstrated better prediction performance than
existing methods; its code has been published on GitHub
(https://github.com/akiyamalab/cycpeptmp).
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4.2 Development of a Comprehensive Database of
Membrane Permeability of Cyclic Peptides (Cy-
cPeptMPDB)

4.2.1 Data collection

Although many experimental data on the membrane permeability of cyclic peptides
have been reported, a comprehensive database is not yet available. We collected a total
of 7,334 structurally diverse cyclic peptide data points (the number of peptides includ-
ing duplicated structures from all publication sources was 7,451) and their measured
membrane permeability from 45 published papers and two patents from pharmaceutical
companies. We believed that these data could contribute to the entire field of cyclic pep-
tide drug discovery, and therefore made it available as the first web-accessible database
of cyclic peptide membrane permeability, CycPeptMPDB (http://cycpeptmpdb. com).
The source list of CycPeptMPDB is shown in the Table 4.1. Membrane permeability
in CycPeptMPDB is expressed as LogPeyp, the logarithm of experimentally determined
permeability. For peptides whose membrane permeability could not be measured due to
the detection limit, etc., LogPe,, was set to the minimum value, —10.0 (1 x 10~ *%cm/s,
detailed records such as the detection limit can be viewed on the peptide detail page).
The structures of peptides were recorded in CycPeptMPDB using the SMILES nota-
tion. Structural errors in the original publication were corrected (for example, when
the SMILES structure attached to the publication differs from the sequence described
in the publication, the structure was corrected based on the sequence information).
When there was a new source directly citing the membrane permeability values of the
old source, the number of these data was counted only in the old source. As shown in
Table 4.1, most previously reported studies included a small number of peptides, with
only six publications reporting over 100 peptides. In addition, as mentioned above,
most of the publications deal with structurally similar cyclic peptides; therefore, the
molecular weight range of peptides reported in a single paper is narrow. By collecting
more than 40 publications, CycPeptMPDB covers a wide range of cyclic peptides with
molecular weights ranging from 342.4 to 1777.7 and TPSA from 73.0 A2 to 702.0 A2.
Molecular weight and TPSA were calculated by the MolWt and TPSA descriptors
calculated using the RDKit package, respectively. Interestingly, over 99.6% of cyclic
peptides include non-natural amino acids, suggesting that they were created to enhance

permeability through chemical modifications, such as N-methylation, or by deliberately
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Table 4.1: Source literature list of CycPeptMPDB. The number of peptides, molecular
weight range, and assay type of membrane permeability for each source are shown.

Source N MW PAMPA Caco-2 RRCK MDCK
2006_Rezai_1 [137] 10 712.9-1202.6 4

2006_Rezai_2 [92] 11 710.9-840.1 v

2011 White [7] 10 712.9-1202.6 vV
2012_Rand [138] 16 712.9-828.1 N Vi
2013_CHUGAI [14] 8§78 813.0-1777.7

2013_Zaretsky [139] 2 471.6-627.8 v

2014 Nielsen [140] 4 709.9-778.0 N
2015_Ahlbach [141] 34 414516207

2015_Bockus_1 [142] 16 755.0-1202.6  +/ Vi
2015_Bockus.2 [143] 17 707.9-778.0 J J

2015_Hewitt [100] 18 712.9-755.0 N

2015_Lewis [61] 2 712.9-755.0 Vi v
2015_Marelli [144] 10 454.5-849.0 Vv v

2015_Nielsen [145] 3 724.9-785.1 Vv

2015_Schwochert [146] 13 712.9-793.0 Vv
2015_Wang [66] 62 454.5-882.1 N Vi

2016_Fouché [147] 15 790.9-1199.6 Vv
2016_Frost [3] 12 542.6-699.9 J

2016_Furukawa [15] 688  606.8 944.2 J J

2016_Hickey [148] 18  662.8-1202.6 N4

2016_Schwochert [149] 8 696.9-731.0 4
2017_Boehm [150] 14 848.1-929.1 v

2017 Price [41] 2 1019.4-1202.6 Vv
2017_Pye [151] 21 7850 11515 Vi
2018_Buckton [152] 19 596.7-744.8 Vv Vv

2018_CHUGAI [153] 374 1062.3-1664.2 v
2018_Garcia-Pindado [154] 4 725.9-883.7 Vv

2018_Kaneda [155] 7 842.1 870.1 J

2018_Lee [156] 6 639.7-653.7 N

2018_Naylor [157] 81 578812186  +/ J
2018_Ramalho [158] 10 767.0-851.0 N4 vV

2019_Ono [85] 8 712.9-712.9 Vi

2020_Barlow [159] 26 537.7-753.0 Vv

2020_Furukawa [160] 36 987.3-1197.5 Vv Vv
2020_Hosono [161] 11 712.9-727.0 V4

2020_Le Roux [162] 47 342.4-486.7 Vv vV

2020_Townsend [163] 3,086  654.9-958.2 Vv

2021_Comeau [164] 42 430.5-458.6 Vi v

2021_Golosov [165] 27 758.0-10765  / J

2021 Kelly [166] 1,519  974.3-1220.4 N4 Vv
2021 _Lee [58] 5 1160.6-1231.7 Vv vV

2021 _Wang [23] 24 959211695 o/

2022_Bhardwaj [45] 136 622.8-1299.7 Vv Vv

2022_Lee [167] 24 1160.6-1251.7 Vv

2022_Saunders [168] 11 542.6-623.7 Vv

2022_Taechalertpaisarn [11] 52 661.8-856.1 Vv

2022_Tamura [169] 12 792.0-950.2 Vv
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Figure 4.1: Permeability (LogPey,) distribution of all peptides. The background color
of the high permeability (LogPey, > —6.0; 5,113 peptides) range is yellow, and the
background color of the low permeability (LogPey, < —6.0; 2,338 peptides) range is
green.

incorporating non-natural building blocks in their design. In the selected publications,
there were 6,941 measurements by PAMPA, 649 measurements by Caco-2 assay, 40
measurements by MDCK assay, and 186 measurements by RRCK assay. All measured
values were recorded when measurements obtained by multiple assays were reported in
a single publication. Of all identified peptides, the membrane permeability measure-
ments of 365 peptides were determined using two different assays. When a peptide
was measured by two assays in a single publication, the permeability of the assay with
more data was used as the representative membrane permeability measurement. If the
permeability from both assays was similar, the representative value was determined
according to the following assay rank: (1) PAMPA, (2) Caco-2, (3) RRCK, and (4)
MDCK. The distribution of the representative permeabilities of all peptides (including
duplicates) is shown in Fig. 4.1 Furthermore, a detailed description of the assay pro-
tocol used in each study was also recorded as experimental conditions such as reaction

time and initial concentration affect membrane permeability measurements.
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(A) Complex polymer

Simple < ([dL].[dL].L.[dL].AYH— Monomer

$ , 1:R1 ’6:R2$,$,$
|

Connection Hydrogen Attribute
Bond
(B)
OcTccc(C[C@H]N[*)C([*])=0)cc
CXSMILES 1 |$5iiini R _R2;::$|
o Symbol Y
Natural Analog Y
Structure
HT _0 Polymer Type
Rl 'R2
- T Monomer Type Backbone
Attachment Points R1-H, R2-OH

Figure 4.2: (A) Example of HELM notation (PEPTIDE1{[dL].[dL].L.[dL].P.Y} $SPEP-
TIDE1, PEPTIDE1,1:R1-6:R2$$$) and its constituent parts in CycPeptMPDB. If the
simple polymer is a peptide, write the simple polymer as PEPTIDEx (where x is a
number, and in the case of RNA is RNAx). The connection section means that R1 of
the 1st monomer of PEPTIDE1 and R2 of the 6th monomer of PEPTIDEL are con-
nected. The hydrogen bonds and attributes sections of all peptides in this study are
empty. (B) Example of monomer definition of tyrosine (Y).

4.2.2 Sequence representation of cyclic peptides

Cyclic peptides are relatively large compared to small molecules, and appropriate
sequence representation is essential for good readability. Therefore, we used the hi-
erarchical editing language for macromolecules (HELM) notation [170] to generate a
unified sequence representation of collected cyclic peptides. HELM can hierarchically
represent complex structures with relatively high molecular weights, such as antisense
oligonucleotides, short interference RNAs, peptides, proteins, and antibody drug con-
jugates. HELM consists of four level hierarchies: complex polymer, simple polymer,
monomer, and atom (Fig. 4.2 (A)). First, a complex polymer expresses information

about the chemical structure of the entire macromolecule. Its components are simple
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polymers and their connections (including hydrogen bonds and attributes). Second,
a simple polymer is composed of monomers of the same polymer type. A simple
polymer is defined as a single linear chain; branching and cycling structures are not
covered in this hierarchy. Certain polymer types have explicit rules for connections
between monomers, and the position and rules of connections can express the direc-
tion of monomer sequences (e.g., PEPTIDE notation represents amino acid sequences
from N-terminus to C-terminus). Moreover, monomers are composed of atoms and
bonds and can be represented in formats such as Molfile and CXSMILES (Chemaxon
Extended SMILES) (Fig. 4.2 (B)). Each monomer was given a unique symbol similar
to the amino acid code represented in the peptide sequences (e.g., A, G). Here, the
definition of monomer also includes the positions of its connections (i.e., attachment
points).

When describing linear peptides, the original HELM definition dictates that monomers
are connected by peptide bonds, and the attachment point R1 is defined as the N atom
of the amino group, R2 is defined as the C atom of the carboxyl group (the attachment
points after R3 is the branch of the side chain). R1 and R2 in the terminal can only
be used to form the main chain of the linear peptide (R1 and R3, R2 and R3 can form
a ring). Contrary to the original definition, the N-terminus and C-terminus of linear
peptides are often connected in the case of cyclic peptides. Therefore, in this study,
N-terminal R1 and C-terminal R2 were able to be used to form a ring (like 1:R1-6:R2 in
Fig. 4.2 (A), HELM in PubChem and ChEMBL databases are also like our definition).
In addition, the O atom changed from the N atom was also set as R1 because there

were many cyclic peptides with amide-to-ester substitutions.

4.2.3 Monomer definition in CycPeptMPDB

As mentioned in the previous section, the method used to define monomers that
comprise peptides is important and should be standardized for all entries in the database.
However, many of the selected publications did not record sequence representations,
and even when records were available, the representation of special amino acids tended
to differ notably between these publications. Therefore, we defined the partial structure
obtained after cleaving the peptide bonds and ester bonds of the cyclic peptide as a
monomer (Fig. 4.2 (B), CycPeptMPDB has no peptide containing disulfide bonds). As
a result, a total of 312 types of monomers were obtained. The LogP (MolLogP descrip-
tor calculated by RDKit software) distribution of all monomers is shown in Fig. 4.3.

There were 305 monomers with the backbone monomer type (having two or more at-
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Table 4.2: Explanation of symbols naming method.

Explanation of naming method Example of symbol

1. Natural amino acids A L, dV

2. Monomers with a general compound name  Abu, Sar, dCha

3. Monomers with side chain modifications Ala(tBu), dGlu(OMe), dPhe(4-F)

4. Monomers with N- terminal modifications =~ Me_Cha, Bn_Gly, 3-pyridylethyl Gly
5. Monomers with C- terminal modifications ~ Glu_NH2

6. Monomers with amide-to-ester substitution (N->O)Val, d(N->0)Val

7. Combination of above 1. to 7. Me_Phe(3-Cl), Cys(EtO2H)_NH2

8. Terminal modification of cyclic peptides ac-, -pip

9. Monomers could not named by 1. to 8. Monol — Mono112

LogP Distribution of All Monomers (in total 312)
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Figure 4.3: LogP distribution of all monomers. The background color for extremely
hydrophilic monomers (LogP < —0.60, lower than G:—0.60; 35 monomers) is blue,
hydrophilic monomers (—0.60 < LogP < 0.40, lower than V:0.43, general hydrophilic
amino acids, such as G:—0.60, A:—0.21, and P:0.28; 66 monomers) is light blue, hy-
drophobic monomers (0.40 < LogP < 1.40, general hydrophobic amino acids, such
as V:0.43, 1:0.82, 1.:0.82, and F:1.02; 127 monomers) range is orange, and extremely
hydrophobic monomers (1.40 < LogP, extremely hydrophobic amino acids, such as
W:1.50; 84 monomers) is red.

tachment points) and 7 monomers with the terminal monomer type (used for terminal
modification of peptide sequences with only one attachment point). Monomers were de-

scribed in CXSMILES to represent the positions of attachment points. For monomers
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included in the PubChem database, their general compound and International Union of
Pure and Applied Chemistry (IUPAC) names were recorded. When not included in the
PubChem database, their IUPAC names were generated from SMILES using STOUT
software (version 2.0, https://github. com/Kohulan/Smiles-TO-iUpac-Translator)
[171].  Furthermore, when setting the symbol (the monomers short display name
in HELM) and natural analog of monomers, we referred to the PubChem database
and the monomer library of ChEMBL database (version 29, contained 2,851 types of
monomers). At this stage, there were 112 types of monomers that did not have suitable
symbols, and their symbols were set as Monol to Monol12. The explanation of the
naming method of the symbol is shown in the Table 4.2. Additionally, we defined two
types of peptide molecule shapes: Circle and Lariat. This classification was based on
HELM sequence information. Peptides with cyclization positions at both the N- and
C-terminal ends of the sequence were considered Circle peptides, and peptides with
cyclization positions not at the end of the sequence, i.e., cyclized between a terminal

and a side chain, were considered Lariat peptides.

More detailed descriptions of CycPeptMPDB, such as descriptions of the web pages,

are shown in Appendix C.

4.2.4 Future update schedule for CycPeptMPDB

Since its release, CycPeptMPDB has been widely used by many research groups
around the world, significantly contributing to the advancement of cyclic peptide drug
discovery. The paper of CycPeptMPDB [82] has been cited by 19 papers within 18
months since its publication. We plan to continue to update the CycPeptMPDB in the
future. Our near-term plan is to add the 409 peptides included in the new 8 papers
(Table 4.3) that reported membrane permeability measurements of cyclic peptides to
the database after the CycPeptMPDB was published, by the end of 2024. At the same
time, we are also exploring implementing the function that allows users to upload their

data, enabling a more collaborative use of CycPeptMPDB.
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Table 4.3: List of source literature for CycPeptMPDB updates. The number of peptides
and assay type of membrane permeability for each source are shown.

Source N PAMPA Caco-2 RRCK MDCK
2023_Ghosh [172] 36 Vv Vv

2023_Ohta [173] 22 v

2023_Tanada [174] 45 V4

2024 Bergeron [175] 3 Vv Vv

2024_Faris [176] 234/ J/
2024 Kage [177] 39 V

2024 Ly [178] 20 v,

2024_Otani [179] 0

4.3 Materials and Methods

4.3.1 Experimental dataset
Data selection and preprocessing

We used the structure and LogPe, value of peptides in CycPeptMPDB as the
experimental data for prediction model construction. CycPeptMPDB contains per-
meability data based on the PAMPA, Caco-2, MDCK, and RRCK assays. Because
measurements by different assays are often different, we selected PAMPA entries with
the largest number of data points. The value recorded in the latest publication was used
if the same peptide was measured in multiple publications. Consequently, 6,889 pep-
tides were selected, covering a wide range of molecular weights, from 342.4 to 1777.7.
Considering that the lower limit of LogPey, in CycPeptMPDB was —10 (1x 107'%m/s,
240 peptides), but the detection limit in most publications was —8 (1 x 10~8cm/s), we
rounded the permeabilities of 314 peptides with values lower than —8 to —8. Similarly,
the permeability of one peptide with a value higher than —4 was rounded to —4.

Division of training, validation, and test sets

The validation and test sets were extracted from the overall data for model eval-
uation. First, we employed the Kennard-Stone (KS) algorithm to extract 5% of all
data (344 peptides) as the test set, which should uniformly cover the multidimensional
space [180]. Subsequently, we generated 2048-bit Morgan FP (radius: 2) and selected
the test set so that the Euclidean distance (calculated from Morgan FP) between each
data point was maximized by the KS algorithm (Algorithm 4.1). From the remaining

data, we randomly extracted 5% validation sets (344 peptides) three times for param-
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Figure 4.4: Experimental data distribution. (A) The logarithm of experimentally de-
termined membrane permeability (LogPey,). (B) Molecular weight (MolWt descriptor
calculated by RDKit). Valid-1 is the dataset used for the first-time evaluation of the
validation set; the corresponding training data sets are Train, Valid-2, and Valid-3.
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Algorithm 4.1 Details of the KS algorithm used in this study
Input:

2048-bit Morgan FP: X = (@1, xa, ..., Z2o04s)

Total number of data: N

Number of data in the test set: n

Initial test set: T' = {}

1. Calculate the average X = (71, T, ..., T204s) of Morgan FP

2: forv=1to N do

3: Calculate the Euclidean distance D[i] between the sample 7 and the average X

4: end for

5: Select the sample ¢ with the largest Euclidean distance from the average X and
put it into T

6: while number of elements ¢ of T is less than n do

7: fori:=1to N —tdo

8: for j=1tot do

9: Calculate the Euclidean distance D[i|[j] between the sample ¢ that has
not been selected yet and the sample j of T’

10: end for

11: Calculate the minimum value DI[i] of D[i][1]-Dl[i][t]

12: end for

13: Calculate the maximum value of D[1]-D[N — t] and put the sample i into T
14: end while

eter tuning, with no overlap between the three datasets. The membrane permeability
and molecular weight distributions for each set are shown in Fig. 4.4, and distribution
in the principal component analysis (PCA) space based on 2048-bit Morgan FP are
shown in Fig. 4.5. From the results shown in Fig. 4.4 and Fig. 4.5, structural diverse
cyclic peptides spreading in the PCA space were selected as the test data by the KS
algorithm. The test set had a similar ratio of peptides with high (LogPey, > —6.0)
and low (LogPey, < —6.0) permeability (1.99 : 1) as the training and validation sets
(2.13 : 1). At the same time, it contained more structurally diverse peptides distributed

in the range of two to six of PC2.

4.3.2 Evaluation metrics

The average mean absolute error (MAE), mean squared error (MSE), correlation

coefficient (R), and coefficient of determination (R?) from three repeated runs were
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used as evaluation metrics:

1 n
n;!y Uil (4.1)
1 — .
MSE = — (5 — i)’ (4.2)
=1

> =0y —7)
R = =l (4.3)

Z(@z —9)° Z(yz —7)?

where y; is the experimental value of the i-th data, y is the average value of the
experimental values, ¢; is the predicted value of the i-th data, and ¢ is the average

value of the predicted values.

4.3.3 Descriptors selection

We used the fusion model proposed in Chapter 3 to construct a model for predict-
ing the membrane permeability of cyclic peptides, CycPeptMP. As we mentioned in
Section 3.3.3, after the preprocessing, 407 (335 2D and 72 3D descriptors) peptide de-
scriptors were selected. Subsequently, seven 2D and nine 3D peptide descriptors were
selected based on the assigned feature importance from two RF models (one used 2D,
and the other one used 3D descriptors), including LogP and polar surface area, and the
same 16 monomer descriptors were selected. Fig. 4.6 shows the RF feature importance,
Fig. 4.7 shown the heatmap of correlation matrix, and Table 4.4 shows the description

of selected peptide descriptors.
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Figure 4.6: Top 15 peptide descriptors with the highest RF feature importance from
(A) RF model with 2D descriptors and (B) RF model with 3D descriptors, respectively.
Selected seven 2D and nine 3D peptide descriptors are shown in black.
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Table 4.4: Description of selected descriptors, arranged in order of RF feature impor-

tance.
Type Name Software Description
2D VSA_EState9 Mordred Van der Waals surface area using EState indices and surface
area contribution
density MOE Molecular mass density (molecular weight divided by approx-
imated van der Waals volume)
MolLogP RDKit Wildman—Crippen LogP value
fr_.A1.OH RDKit Number of aliphatic hydroxyl groups
logP(o/w) MOE Log of the octanol/water partition coefficient
lip_violation = MOE Number of violations of Lipinski’s Rule of Five
h_logD MOE Log of the octanol /water distribution coefficient at pH 7
3D dens MOE Molecular mass density (molecular weight divided by 3D van
der Waals volume)
FNSA4 Mordred Fractional charged partial negative surface area (version 4)
RNCS Mordred Relative negative charge surface area
FASA- MOE Fractional water accessible surface area of all atoms with neg-
ative partial charge
FCASA+ MOE Fractional positive charge weighted surface area
FASA_P MOE Fractional water accessible surface area of all polar atoms
FNSA2 Mordred Fractional charged partial negative surface area (version 2)
FNSA5 Mordred Fractional charged partial negative surface area (version 5)
vsurf_Wp2 MOE VolSurf polar volume
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4.3.4 Hyperparameter search

The fusion model has many hyperparameters, and hyperparameter search is a ma-
jor challenge in constructing deep neural network models. Hyperparameter search
methods based on Bayesian optimization have recently attracted attention because of
their efficient search capabilities [181]. In this study, we performed a hyperparameter
search based on the Tree-structured Parzen Estimator (TPE) algorithm [182], a type
of Bayesian optimization. TPE offers the advantage of easily handling not only contin-
uous variables, but also discrete, categorical, and conditional variables—types that are
challenging to process with standard Bayesian optimization algorithms based on Gaus-
sian processes [183]. Additionally, TPE has lower computational complexity compared
to Gaussian processes. We used Optuna software (version 2.2.0) [184] as the imple-
mentation of TPE. The hyperparameters of the CycPeptMP model were determined
by 150 Optuna trials; the search target and range are shown in Table 4.5; the search
results are summarized in Table 4.6; hyperparameters with high Optuna importance
are shown in Fig. 4.8. In this search, none of the monomer model hyperparameters

were ranked highly important.



68

4. Development of CycPeptMP

Table 4.5: Search target and range of the hyperparameter search for the proposed
fusion model. Hyperparameters marked with * are not subject to search and used

fixed values.

Objective Hyperparameter Description Search range
n_epochs* Epoch number 50
criterion*® Loss function of training Mean Squared Error (MSE)
n_earlystop* Number of patience for early 5
stopping
scheduler* Adjustment scheduler of learning NoamLR
Training rate
warmup_epochs®  Warming up epochs of NoamLR 10 (20% of n_epochs)
init_lr* Initial learning rate of NoamLR  le-4
max_Ir* Maximal learning rate of 1le-3
NoamLR
final_Ir* Final learning rate of NoamLR le-5
batch_size Batch size 64, 128, 256
optimizer Type of optimizer AdamW, NAdam, RAdam
weight_deacy Rate of L2 regularization 5e-6, le-5, be-5, ..., be-2, le-1
d_linear Dimension of linear layers 64, 128, 256, 512
All models d_subout Dimension of sub-model output 16, 32, 64
ac Activation function ReLU, LeakyReLU, SiLU, GELU
n_encoders Number of encoders 1,2,3,4,5,6
dropout Dropout rate 0.0, 0.05, 0.10, ..., 0.3
n_head Head number of multi-head at- 4, 8, 16, 32
Atom model tention
d_model Dimension of encoder input 32, 64, 128, 256

d_feedforward

Dimension of feedforward net-
work

64, 128, 256, 512

n_linears Number of linear layers follows 1,2
encoders
Ag Weight of concatenating Graph 0.1,0.2,...,0.9
and Conf blocks
n_conv Number of convolutional layers 1,2,3,4,5,6
conv_type Type of convolutional layers 1D-CNN, CyclicConv
e L . : ) i .
Monomer model padding (l;asddlng size of convolutional lay- 1 (1D-CNN), 0 (CyclicConv)
d_conv Dimension of each convolutional 32, 64, 128, 256
layer
pooling Type of pooling layer Max, Ave
n_linears Number of linear layers follows 1,2
convolutional layers
n_mlps Number of linear layers 1,2,3,4,5,6
Peptide model dropout Dropout rate 0.0, 0.05, 0.10, ..., 0.3
d_mlp Dimension of linear layers 64, 128, 256, 512
Shared layer n_shared Number of shared linear layers 1,2,3
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Table 4.6: Hyperparameter search range and its results for the fusion model-based
membrane permeability prediction model (CycPeptMP).

Objective Hyperparameter Search result
batch_size 256
Training optimizer AdamW
weight_deacy le-1
d_linear 512
All models d_subout 64
ac LeakyReLU
n_encoders 2
dropout 0.2
n_head 16
Atom model d_model 32
d_feedforward 512
n_linears 1
Ag 0.9
n_conv 6
conv_type 1D-CNN
Monomer model padding L
d_conv [128, 128, 32, 256, 256, 64]
pooling Ave
n_linears 1
n_mlps 1
Peptide model dropout 0.25
d_mlp 256

Shared layer n_shared 2
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optimizer —
ac
lambda g
pep dropout |
d linear
weight decay =
batch_size
d model
atom_dropout Bl Training
n_shared All models
d_su}tl) ou(‘; Atom model
rrllimelilas | B Peptide model
n encoders Shared layer
0.00 0.05 0.10 0.15 0.20

Optuna importance

Figure 4.8: Top 14 hyperparameters with an Optuna importance > 0.01 on the Cy-
cPeptMP hyperparameter search. Optuna importance is calculated based on the
fANOVA hyperparameter importance evaluation algorithm [12]; the sum of the im-
portance values is normalized to 1.0.
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4.3.5 Baseline methods

We validated the performance of the CycPeptMP model based on comparisons with

seven baseline methods.

e Three traditional baselines: We constructed an RF model with 2048-bit Morgan
FP, a support vector machine (SVM) model with seven 2D peptide descriptors,
and an SVM model with 16 2D and 3D peptide descriptors to represent traditional

cyclic peptide membrane permeability prediction methods. The hyperparameters
of the RF and SVM models were determined by a grid search (Table 4.7).

e Two transformer-based methods: MAT [120] and SAT [121] were compared as
state-of-the-art transformer-based methods for predicting small-molecule prop-
erties. MAT augments the transformer’s self-attention mechanism with domain-
specific knowledge, incorporating inter-atomic distances and molecular graph
structure into the attention calculation to capture structural information. SAT
focuses on the problem of traditional transformers in that positional encoding
does not necessarily capture the structural similarity between nodes. It pro-
poses a structure-aware transformer incorporating structural information into
self-attention by extracting a subgraph representation rooted at each node be-

fore computing the attention.

e Two multi-level feature methods: PharmHGT [123] designs features on the atom
and fragment levels and constructs a heterogeneous graph considering the corre-
spondence between atoms and fragments for a transformer-based model. FinGAT
[115] uses a GAT model to extract atom-level information and combines it with

Morgan FP to capture the molecular structure from multiple perspectives.

The hyperparameters of four DL-based models were determined by 150 trials using
Optuna software based on the average RMSE of three runs (Table 4.8 and Table 4.9).
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Table 4.10: Performance comparison between seven baseline methods and CycPeptMP
using the test set. The metrics are the averaged values of three repeated runs; the best

result for each metric is indicated in bold.

Metrics RF SVM-2D SVM-2D3D MAT
MAE  0.48540.003 0.488 £0.005 0.418+0.001 0.503 + 0.025
MSE  0.380+0.004 0.449+0.014 0.345+0.002 0.461 +0.033

R 0.815+£0.003 0.781 +0.007 0.834 +£0.001 0.768 £ 0.019
R? 0.657 £0.003 0.595+0.012 0.689 +0.002 0.584 + 0.030

Metrics SAT PharmHGT FinGAT CycPeptMP
MAE  0.591 +0.053 0.443 £0.028 0.505+ 0.017 0.355 + 0.007
MSE  0.641 +0.081 0.3754+0.046 0.447+0.035 0.253 +0.013

R 0.660 + 0.053 0.825+0.019 0.785 +0.010 0.883 + 0.003
R? 0.422 +£0.073 0.662 +£0.041 0.597 £0.031 0.772+0.011

4.4 Results and Discussion

4.4.1 Performance comparison for the test set

The prediction accuracy results for the test set are shown in Table 4.10. Cy-
cPeptMP ranked first in all evaluation metrics, reflecting a significant improvement in
prediction performance over all existing methods (MAE = 0.355, R = 0.883, Fig. 4.9).
Considering the structural diversity of the test set, CycPeptMP showed good general-
ization performance and could learn the complex structures of cyclic peptides which
is difficult to apply pre-training through augmentation. The RF model constructed
based on Morgan FP showed good prediction performance and ranked fourth among
all methods (MAE = 0.485, R = 0.815, Fig. 4.10 (A)). SVM with 2D peptide de-
scriptors (MAE = 0.4838, R = 0.781, Fig. 4.10 (B)) had lower prediction accuracy
than the RF model, whereas SVM with 3D descriptors improved prediction accuracy,
making it superior to the RF model for the test set and ranked second among all
methods (MAE = 0.418, R = 0.834, Fig. 4.10 (C)). Cyclic peptide membrane per-
SVM could
partially predict permeability by using lipophilicity descriptors, such as LogP, which
CycPeptMP effectively combined Mor-
gan FP and 16 2D and 3D peptide descriptors as peptide-level information to com-

meation by passive diffusion negatively correlated with molecule size.

are largely dependent on molecular weight.

prehensively characterize peptide structures from a topological and physicochemical

perspective, leading to an improvement in prediction capabilities. The graph represen-
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CycPeptMP: MAE=0.355, R=0.883
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Figure 4.9: Prediction results of the test set by CycPeptMP. The predicted values of
the test set are the average value of three runs.

tation transformer-based MAT performed close to 2D SVM (MAE = 0.503, R = 0.768,
Fig. 4.11 (A)), but SAT could not predict membrane permeability (MAE = 0.591,
R = 0.660, Fig. 4.11 (B)). Although MAT and SAT are state-of-the-art methods for
predicting small-molecule properties, they could not effectively learn the structures of
more complex cyclic peptides since they only utilize the atom-level information with-
out augmentation technique. In addition to atom-level information, PharmHGT with
fragment MACCS Keys (MAE = 0.443, R = 0.825, Fig. 4.12 (A)) and FinGAT with
molecular FP (MAE = 0.505, R = 0.785, Fig. 4.12 (B)) had significantly improved
prediction accuracies compared to MAT and SAT. PharmHGT ranked third among
all methods, and FinGAT showed the same level of accuracy as the RF and 2D SVM
models. Hence, designing features from various perspectives may be key to success-
fully predicting the membrane permeability of cyclic peptides. These findings indicated
that CycPeptMP effectively employed three levels of features to capture a wide range
of structural information from the smallest atomic detail to the broader peptide-level

conformation.
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Figure 4.10: Prediction results of the test set by (A) RF, (B) SVM-2D, and (C) SVM-
2D3D models. The predicted values of the test set are the average value of three runs.

Lower limit processing of permeability

We rounded the permeability with —10 < LogPey, < —8 to —8 because the de-
tection limit for most literature is —8. Among them, most peptides were recorded in
CycPeptMPDB with LogPey, = —10. Most were not measured as —10 and were set to
—10 by CycPeptMPDB as there was no clear value. Therefore, their membrane perme-
ability was unreliable. To discuss the effect of these data, we calculated the accuracy of
12 peptides with LogPeq, = —10, 6 peptides with —10 < LogPeyq, < —8, and 326 other
peptides with —8 < LogP.y, of the test set, respectively. Peptides with LogPe., = —10
could not be predicted by any method (MAE = 0.766 to 1.219, Fig. 4.9 to Fig. 4.12).

We have included these unreliable experimental values in our data to incorporate as
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Figure 4.11: Prediction results of the test set by (A) MAT and (B) SAT models. The
predicted values of the test set are the average value of three runs.
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Figure 4.12: Prediction results of the test set by (A) PharmHGT and (B) FinGAT
models. The predicted values of the test set are the average value of three runs.

much data as possible; however, it may be more appropriate to eliminate them. For
the peptides that have clear measurement values with —10 < LogPe., < —8, no base-
line methods could predict them (MAE = 0.545 to 1.022). Nevertheless, CycPeptMP
accurately predicted them (MAE = 0.265), further demonstrating the superiority of
the proposed method over baselines.



4. Development of CycPeptMP

79

Table 4.11: Prediction performance between seven baseline methods and CycPeptMP
(models were trained with PAMPA) for Caco-2, MDCK, and RRCK permeabilities
recorded in CycPeptMPDB. The metrics are averaged for three runs.

Assay  Metrics RF SVM-2D SVM-2D3D MAT
Cacog  MAE  112420.006  0.784=0.007 0.766 £0.007 1.073+0.128
R 0.18140.002  0.279 £ 0.016 0.290 4 0.004  0.277 = 0.012
upck  MAE  0.913£0016 07060022 0.778£0.005 0918+ 0.028
R 0.283 4 0.021  0.377£0.072 0.618 4 0.011  0.529 = 0.020
Rrex MAE  0.683£0.026  0.662+0.007 0.598=0.005  0.558 % 0.020
R —0.04440.045 0.245+0.006 0.291 +0.016 0.404 + 0.028
Assay  Metrics SAT PharmHGT FinGAT CycPeptMP
Cacog  MAE 081320027 0808+0.122 119120.033  1.148+0.113
aco- R 0.180 & 0.066  0.199 +0.010 0.13240.022  0.209 =+ 0.064
vpok  MAE  0.8592£0.092  0.977+0.047 0.93L£0.026  0.821 £0.009
R 05434 0.128  0.631 +0.089 0.254 4 0.009  0.570 =+ 0.044
Rrek MAE  0557£0.119  04800.020 0.557£0.036  0.678 % 0.041
R 0.32240.229  0.269+0.019 0.107 & 0.066 —0.181 4 0.027

Measurement experiment error

Meanwhile, different experimental conditions can significantly alter the measure-

ments. CycPeptMPDB records all reported values from different literature assays for

the same peptide (this study used values from the most recent literature). For example,

cyclosporin A is a peptide with PAMPA measurements reported from five literature
sources with permeabilities of —5.01, —6.20, —6.15, —5.71, and —5.72 (max: —5.01,
min: —6.20, std: 0.427) in chronological order of publication; 1NMe3 is a peptide

with PAMPA measurements reported from six literature sources with permeabilities of
—4.50, —4.40, —6.00, —6.24, —6.40, and —5.52 (max: —4.40, min: —6.40, std: 0.798)

in chronological order of publication. Since these errors are already present in the

measurement experiment, the prediction accuracy MAE = 0.355 of CycPeptMP may

be close to the limit of prediction.
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Table 4.12: Performance comparison between seven baseline methods and CycPeptMP
by 10-fold cross-validation. The metrics are the averaged values of ten repeated runs;

the best result for each metric is indicated in bold.

Metrics RF SVM-2D SVM-2D3D MAT
MAE  0.400 +0.010 0.396 +0.010 0.386 + 0.008 0.397 + 0.022
MSE  0.318 £0.021 0.349 £0.022 0.334+£0.020 0.322 +0.018

R 0.748 £ 0.018 0.7254+0.017 0.739£0.015 0.750 £ 0.022
R? 0.557 £ 0.028 0.516 +0.027 0.537 £0.025 0.553 + 0.032

Metrics SAT PharmHGT FinGAT CycPeptMP
MAE  0.403 +0.020 0.398 +£0.023 0.400 +0.019 0.352 +0.015
MSE  0.3254+0.022 0.316 +£0.031 0.321 £0.023 0.271 +0.023

R 0.748 +£0.019 0.758 +0.023 0.755+0.022 0.786 + 0.019
R? 0.549 £ 0.031 0.562 +0.043 0.554 £0.029 0.613 +0.033

4.4.2 Application of trained PAMPA model to other assay
data

The predicting results of Caco-2 (378 peptides), MDCK (17 peptides), and RRCK
(53 peptides) permeabilities recorded in CycPeptMPDB (the duplicate peptides be-
tween each assay and PAMPA were deleted) using models trained by PAMPA data are
shown in Table 4.11. No model could predict these assays (Caco-2: MAE = 0.766—
1.191, MDCK: MAE = 0.706-0.977, RRCK: MAE = 0.480-0.683). Such direct predic-
tive applications proved difficult because the membrane permeability values obtained
[66] reported both
PAMPA and Caco-2 measurements of 62 cyclic peptides, but the correlation coefficient

from different assays often differed. For example, Wang et al.

between PAMPA and Caco-2 permeability values was only 0.71.

4.4.3 Performance comparison for 10-fold cross-validation

Considering generalization performance, the Kennard-Stone algorithm was em-
ployed to maximize the distance between data points in the chemical space of the
test set to extract the most diverse test set possible from the CycPeptMPDB data.
For multiple random sampling evaluation, we performed a new 10-fold cross-validation
with different random seeds for each run without altering the determined hyperpa-
rameters. As shown in Table 4.12, CycPeptMP consistently demonstrated the highest
prediction performance for the difficult-to-predict test set (MAE = 0.355) and 10-fold
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cross-validation (MAE = 0.352). All baseline methods had higher accuracy for the 10-
fold cross-validation than the test set and showed similar performance (MAE = 0.386—
0.403).

4.4.4 Comparison to DL-based methods based on CycPeptM-
PDB

Since we published CycPeptMPDB in 2023 [82], it has been widely used by research
groups worldwide. It has been the subject of active research on membrane permeability
prediction of cyclic peptides. At present (November 2024), six DL-based methods for
predicting membrane permeability of cyclic peptides have been reported using the
CycPeptMPDB data. A brief description of these methods in chronological order is

summarized below:

e PepLand [185] performed pre-training using a training set composed of three
sub-datasets: a protein dataset containing 7,924,509 sequences with a length
of less than 30 from UniProt, all 7,334 cyclic peptides from CycPeptMPDB,
and 1,643 peptides from PDB. The model architecture is based on PharmHGT
modified for peptides (heterogeneous graph transformer). It is important to note
that PepLand used CycPeptMPDB data in both the pre-training phase and the

performance evaluation phase.

e Multi_CycGT [186] incorporated both atom- and peptide-level features into their
prediction model, but the model architecture used the simple GCN and trans-
former and was not modified for cyclic peptides. It is important to note that

their training and test datasets contain leaks.

e CyclePermea [187] performed contrastive learning based on the canonical SMILES
and non-canonical SMILES representations of the same cyclic peptide. Dur-
ing prediction, in addition to atom-level features, the model also incorporates

peptide-level fingerprints to enhance the feature representation.

e Tan et al. [188] collected 823 permeability data of linear peptides in addition to
the data from CycPeptMPDB. They removed data with low reliability of LogP ey,
less than —8 and greater than —4. In addition to the atom-level features, they
used a total of 2,066 descriptors calculated from four software and three types of

fingerprints as peptide-level features.
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e MuCoCP [189] performed contrastive learning using the HELM sequence repre-
sentation and SMILES representation from CycPeptMPDB.

e PeptideCLM [190] performed pre-training based on four different datasets with
diverse molecular structures: 10 million small molecules from the PubChem
database, 2.2 million small molecules from the SureChEMBL database, 825,632
peptides from the SmProt database (less than 100 amino acids), and 10 mil-
lion modified peptides generated using an updated version of CycloPs software,
which included 100 unnatural amino acids from SwissSidechain. They removed
data with low reliability of LogPeyx, = —10 in CycPeptMPDB.

To compare these DL-based methods developed for cyclic peptide membrane per-
meability prediction, the accuracy metrics reported by each method and the results
for CycPeptMP (test set) are summarized in Table 4.13. It is important to note that
these values were not derived from the same training and test data, so direct compar-
isons may not be entirely fair. As shown in Table 4.13, although it is not a completely
fair comparison, CycPeptMP showed prediction accuracy equal to or better than these
state-of-the-art DL-based methods. While the MAE and MSE for CycPeptMP were
slightly higher than the model by Tan et al. [188], CycPeptMP achieved the highest
R and R? value. There are two primary reasons for the relatively strong prediction
performance of the model by Tan et al.: First, their model uses a wide variety of de-
scriptors and fingerprints, which allows it to capture a more comprehensive range of
features. Second, they removed data with LogPe, less than —8, especially data with

LogPeyp, = —10, which could have improved the overall model accuracy.
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Figure 4.13: Ablation results (MAE) for the atom and monomer models using the test
set.

4.4.5 Ablation study of atom and monomer models

We conducted ablation studies on atom and monomer models with complex archi-
tectures without altering the determined hyperparameters (Fig. 4.13). For the atom
model, A is the original model (Fig. 3.6), and A—-aug is the result without data aug-
mentation. We measured the prediction accuracy when not using the Bond matrix
(A-bond), using ordinary absolute positional encoding [81] instead of the Bond ma-
trix (A—abpe), retaining only the Conf block (A—graph), or retaining only the graph
block (A-conf). As shown in Fig. 4.13, the prediction accuracy of the atom model
significantly improved by augmentation (A: 0.454, A—aug: 0.733). Regarding the ar-
chitectural changes of the atom model, the original A showed the highest prediction
accuracy, while the deletion of any element decreased the prediction accuracy. The
relationship between atoms was captured more effectively using Bond (A: 0.454) than
absolute positional encoding (A—abpe: 0.471), and the impact of removing Graph block
(A-graph: 0.466) was greater than that of removing Conf block (A—conf: 0.455).
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For the monomer model, M is the original model (Fig. 3.5) and M—aug is the result
without data augmentation. We also measured the accuracy change when replacing
the general 1D-CNN layers with CyclicConv layers (M—Cyclic, Fig. 3.4). Similar to the
atom model results, the prediction accuracy of the monomer model significantly im-
proved by augmentation (M: 0.405, M—aug: 0.658). These results showed that SMILES
enumeration for the atom model and sequence arrangement for the monomer model
effectively improved learning efficiency. Moreover, the augmentation technique is es-
sential for learning the complex structure of cyclic peptides. Additionally, the 1D-CNN
layer (M: 0.405) was superior to the CyclicConv layer (M—Cyclic: 0.448). This result
indicates that even using the 1D-CNN layer, the circularity of cyclic peptides may be

expressed to some extent through data augmentation.

4.4.6 Ablation study of the fusion model

The ablation study for the fusion model measured the influences of the number of
replicas generated by augmentation and changes in architecture. Fig. 4.14 (A) shows
the accuracy based on 1 (no augmentation), 5, 10, 20, 30, 40, 50, and 60 (CycPeptMP)
replicas per peptide. We observed a significant improvement in prediction accuracy
compared to that without augmentation (F-1: 0.456) even with five replicas (F-b:
0.394). However, over 20 replicas showed approximately the same prediction accuracy
as the amount of training data increased. This may be due to the limitations of
increased diversity caused by merely reordering the inputs and the lack of diversity in
the generated conformations

In Fig. 4.14 (B), F is the original CycPeptMP model; F-aux is the model without
auxiliary loss; F—atom, F—mono, and F—pep represent the models lacking the respective
sub-models; F-3D is the model that did not use all 3D information (Conf and 3D de-
scriptors); and F—ensem represents the model with each sub-model allowed to directly
predict membrane permeability and the average ensemble of three predictions was
taken. The use of auxiliary loss insignificantly improved prediction accuracy (F—aux:
0.366). Furthermore, prediction accuracy decreased when any of the three sub-models
were removed, indicating that the three levels of information were important to pre-
dicting membrane permeability. The peptide model had the greatest influence (F—pep:
0.388), followed by the monomer (F—mono: 0.387) and atom model (F—atom: 0.368).
The use of 3D information improved prediction accuracy (F-3D: 0.38). Correctly ad-
dressing the possible conformational distribution of peptides appears important, and

accuracy may be improved by generating conformations using a more rigorous method,
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Figure 4.14: Ablation results (MAE) for the fusion model using the test set. (A)
Different numbers of input replicas. (B) Different architectures.
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Table 4.14: Prediction performance of CycPeptMP of the test set using 3D conforma-
tions regenerated by RDKit (five times with different seeds). The metrics are averages

of three runs.

Augmentation Trial MAE MSE R R?
t0 (original) 0.456 +0.026 0.373 £ 0.036 0.823 £ 0.018 0.664 % 0.033
t1 0.448 4+ 0.026  0.361 4 0.034 0.827 + 0.017 0.674 + 0.031
I (Non Aug) £2 0.452 4 0.026  0.365 4 0.034 0.825+ 0.017 0.671 + 0.031
& t3 0.449 4 0.026  0.359 4 0.033 0.828 + 0.016 0.676 =+ 0.030
t4 0.450 +0.025 0.364+0.034 0.825+0.017 0.672 %+ 0.030
t5 0.449 4 0.025 0.361 4 0.033 0.827 + 0.017 0.674 + 0.030
t0 (original) 0.355 +0.007 0.253 £ 0.013 0.883 £ 0.003 0.772 £+ 0.011
t1 0.355+0.006 0.253+0.012 0.882+0.003 0.772+ 0.011
£2 0.355 4 0.006  0.253 4 0.012 0.882 4+ 0.003 0.771 + 0.011
60 (CycPeptMP) t3 0.355+0.006 0.253+0.012 0.882+0.003 0.772 4 0.011
t4 0.355 4 0.006  0.253 4 0.012 0.882 + 0.003 0.772 + 0.011
t5 0.355 4 0.006  0.253 4 0.012 0.882 4+ 0.003 0.772 + 0.011

such as MD simulations. Finally, the average prediction accuracy further decreased
when using a sub-model ensemble (F—ensem: 0.385). Hence, it was better to extract

latent features than having each sub-model directly predict permeability.

4.4.7 Performance using regenerated conformations

As shown by the results of the ablation study of the fusion model, utilizing informa-
tion derived from the 3D conformation improved the prediction accuracy. Therefore,
we measured the effect of the 3D conformations on the prediction accuracy. We regen-
erated the 3D conformations of the test set five times using the RDKit (with different
seeds) to discuss how the prediction accuracy of CycPeptMP changed. As shown in Ta-
ble 4.14, the prediction accuracy had a minor change (MAE = 0.448-0.456) using only
one conformation per peptide (without augmentation), and the prediction accuracy
did not change when using 60 times augmentation (MAE = 0.355).

4.4.8 Comparison with MD-based method

Cyclic peptides tend to exist in various conformations, resulting in slow confor-
mational transitions relative to simulation time scales. Our group proposed the first
MD-based large-scale prediction of cyclic peptide membrane permeability used steered
MD and replica-exchange umbrella sampling to accelerate sampling and simulated the

membrane permeation process of 100 six-residue and 56 eight-residue peptides through
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Table 4.15: Peptides used in comparison with the MD-based method. The 23 peptides
are included in the validation and test sets of this study. The AlogP and MD predicted
values (1ogPgyp moa) are reported by Sugita et al [17].

MPDB Compound Belongs Exp. MD Pred. CycPeptMP

Source AlogP

1D Name to Value Value Pred. Value
2013_CHUGAI 536 DP-528 0.73 Test —4.89 —4.91 —4.76
2013_.CHUGAI 538 DP-530 1.20 Test —4.96 —5.50 —4.87
2013_.CHUGAI 677 DP-712 0.78 Test —4.92 —5.08 —4.93
2016_Furukawa 1134 1.1-01 0.12 Valid-1 -7.13 —5.06 —6.98
2016_Furukawa 1146 1.1-13 3.06 Valid-2 —4.99 —4.71 -5.10
2016_Furukawa 1151 1.1-18 2.23 Valid-1 -6.14 —4.19 —6.04
2016_Furukawa 1200 1.2-27 3.11 Valid-2 —-5.34 —4.34 —5.36
2016_Furukawa 1231 1.3-18 3.08 Valid-2 —-5.29 —4.30 —5.23
2016_Furukawa 1240 1.3-27 3.42 Valid-2 —5.65 —4.00 —5.57
2016_Furukawa 1299 1.5-06 0.83 Valid-3 —6.64 —6.81 —6.75
2016_Furukawa 1308 1.5-15 3.15 Valid-3 —5.18 —4.86 —5.34
2016_Furukawa 1311 1.5-18 1.71 Test —6.58 —5.85 —6.80
2016_Furukawa 1345 1.6-12 1.86 Valid-3 —6.44 —4.57 —6.29
2016_Furukawa 1371 1.6-38 6.24 Valid-1 —8.00 —4.66 —8&8.00
2016_Furukawa 1388 1.7-15 6.14 Valid-1 —8.00 —4.24 —7.75
2016_Furukawa 1409 1.7-36 593 Valid-2 -7.62 —4.81 —7.66
2016_Furukawa 1424 1.8-11 2.26 Valid-1 —-6.23 —5.08 —6.20
2016_Furukawa 1425 1.8-12 0.97 Test —7.04 —4.80 —6.87
2016_Furukawa 1449 1.8-36 4.47 Test —7.42 —4.54 —-7.29
2016_Furukawa 1451 1.8-38 5.35 Valid-3 —8.00 —4.32 —7.99
2016_Furukawa 1454 1.9-01 1.54 Test —5.52 —4.51 —5.66
2016_Furukawa 1471 1.9-18 3.66 Valid-2 —-5.16 —5.90 —5.28
2016_Furukawa 1489 1.9-36 4.89 Valid-3 —6.93 —5.31 —6.74

a lipid bilayer [17]. We compared their prediction results with the CycPeptMP results
for 23 peptides (Table 4.15) included in three validation sets (16 peptides) and the test
set (7 peptides).

While the MD-based method could not successfully predict the membrane perme-
ability of these 23 peptides (MAE = 1.521), CycPeptMP accurately predicted them
all (MAE = 0.107) (Fig. 4.15). Hydrophobic cyclic peptides have insufficient solubil-
ity, slowly diffuse in the unstirred water layer, and are likely adsorbed to the mem-
brane. Therefore, these behaviors could not be reproduced using the inhomogeneous
solubility-diffusion model (ISDM), which only considers direct membrane permeation
processes [17]. They reported a prediction accuracy (R) of only 0.21 for all 100 six-
residue peptides; however, the accuracy increased to 0.54 when 33 hydrophobic peptides

(AlogP > 4) were excluded. A similar trend was observed among the 23 peptides com-
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pared in this study: the MAE of the MD-based method improved from 1.521 to 0.994
by excluding six peptides with AlogP > 4. Overall, CycPeptMP can accurately and
rapidly predict peptide permeability with superior performance compared to MD-based

methods, representing a promising tool for cyclic peptide drug discovery.

4.5 Summary

In this chapter, we introduced CycPeptMP, a fusion model-based prediction model
to predict the membrane permeability of cyclic peptides. To construct this model, we
first curated a comprehensive dataset (CycPeptMPDB) containing 7,334 data points
from over 40 publications. CycPeptMP outperformed several baseline models, includ-
ing traditional ML-based cyclic peptide permeability prediction approaches, as well as
state-of-the-art DL-based small molecule property prediction methods. Ablation stud-
ies confirmed the importance of this multi-level approach, as removing any component
decreased prediction accuracy. Moreover, we confirmed that CycPeptMP accurately
predicts the permeability of peptides with much lower computational costs where MD-
based methods fail. With its ability to rapidly identify high-permeability peptides,
CycPeptMP has the potential to significantly advance cyclic peptide drug discovery. It
also paves the way for developing more effective DL-based techniques in related fields.
Future studies should focus on improving prediction performance by generating 3D

conformations using a more rigorous method.



Chapter 5

Development of a PPB Rate
Prediction Model of Cyclic
Peptides (CycPeptPPB)

5.1 Introduction

As we mentioned in Chapter 1 and Chapter 2, in contrast to the prediction of
membrane permeability, few computational methods exist to predict the PPB rate for
cyclic peptides due to the scarce available data. While both the peptide substructure
and the overall conformational change significantly impact membrane permeability, the
substructural information may be more important for PPB because the substructure
forms a specific bond with plasma proteins (as shown in Fig. 1.11, the hydrocarbon

side chain of dalbavancin is inserted deeply into the hydrophobic pocket of HSA).

In this chapter, we describe the development of a PPB rate prediction model of
cyclic peptides, CycPeptPPB. We obtained 380 experimental data from collaborations
with pharmaceutical companies and published literature, then applied the multi-level
molecular features design and data augmentation methods proposed in Chapter 3 as
well as the membrane permeability prediction. CycPeptPPB achieved excellent per-
formance with the monomer-level feature, significantly improving prediction accuracy

over existing methods.

91
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5.2 Materials and Methods

5.2.1 Experimental dataset

Studies investigating the PPB of cyclic peptides have not significantly advanced,
and there are less than 50 peptides available. Therefore, we collaborated with Pep-
tiDream Inc., a leading company in cyclic peptide drug discovery, to provide us with
many peptides with excellent PPB rates under a non-disclosure agreement. This al-
lowed us to build a prediction model and to have a scientific discussion. In this study,
private data containing 347 peptides were provided by PeptiDream Inc.; 16 synthesized
peptide data and 17 approved peptide drug data with their experimentally determined
PPB rates were collected from published literature. Fig. 5.1 show the distributions of
experimentally determined PPB rate and molecular weight of cyclic peptides in each

dataset.

PeptiDream (PD) dataset

The PD dataset is composed of 347 cyclic peptides designed and assayed by Pep-
tiDream Inc. It covers a wide range of molecular weights (from 858.1 to 2247.7).
Details of their structural information were confidential; however, many peptides have
N-methylated residues, reducing the number of hydrogen bond donors and increasing
lipophilicity. Since higher lipophilicity tends to enhance the PPB rate, peptides with
%PPB > 80% occupied approximately 80% (272) of the whole dataset.

Tajimi dataset

Tajimi et al. [111] designed 16 cyclic peptides composed only of natural amino acids
and conducted %PPB measurement experiments using the equilibrium dialysis method.
These peptides are relatively small, with rings consisting of seven to nine residues
and molecular weights ranging from 809.0 to 1364.5. In this study, these 16 cyclic
peptides were used as the Tajimi dataset (Table 5.1). All these cyclic peptides were
cyclized by disulfide bonds between the N-terminal and C-terminal cysteine residues.
Unlike the PD dataset, the peptides in the Tajimi dataset have not been optimized for
enhanced lipophilicity, such as N-methylation. Therefore, these peptides had extremely
low %PPB; no compound had more than 90%, and only two had more than 80%.
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Figure 5.1: Distributions of experimental data. (A) Objective variable %PPBsg_gs.
Data of < 50% is included in the leftmost bar, and data of > 95% is included in the
rightmost bar. (B) Molecular weight (MolWt descriptor calculated by RDKit). Blue,

orange, and green bars indicate PD (PeptiDream), Tajimi, and DrugBank datasets,
respectively.
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Table 5.1: Amino acid sequence and experimental %PPB of the Tajimi dataset.

Peptide Amino acid sequence %PPB

Pep.1 Cys Tyr Phe GIn Asn Pro Arg Gly Cys 24.2
Pep.2 Cys Tyr Ile Gln Asn Pro Leu Gly Cys 0.5

Pep.3 Cys Ala Trp Lys Val Thr Cys 0.04
Pep.4 Cys Phe Pro Phe Trp Lys Tyr Cys 61.6
Pep.5 Cys Trp Arg Pro Arg Val Ala Arg Cys 0.0
Pep.6 Cys Phe Phe Trp Lys Thr Thr Cys 26.3
Pep.7 Cys Lys Leu Leu Lys Lys Thr Cys 0.0

Pep.8 Cys Tyr Tyr Tyr Tyr Tyr Tyr Tyr Cys 85.5
Pep.9 Cys Ala Gly Leu Val Leu Ala Ala Cys 0.0
Pep.10 Cys Trp Val His Pro GIn Phe Glu Cys 36.7
Pep.11 Cys Asn Gln Pro Trp GIln Cys 0.0
Pep.12 Cys Ser Phe Asp Asp Trp Leu Ala Cys 80.0
Pep.13 Cys Tyr Leu Ala Glu Tyr His Gly Cys 34.9
Pep.14 Cys Ala Pro Ala Trp Ala His Gly Cys 7.4
Pep.15 Cys Phe Val Tyr Ser Ala Val Cys 15.3
Pep.16 Cys Arg 1Ile Lys Arg Tyr Cys 15.1

DrugBank dataset

Tajimi et al. [111] collected 24 cyclic peptide PPB data from the FDA-approved
drug public database DrugBank [191]. From these data, we extracted 17 cases that are
applicable to the other two datasets (containing one ring and composed of five residues
or more). These 17 public drug data were used as the DrugBank dataset in this study.
It is noted that there are data in which the PPB rate in the paper differs from the
PPB rate in DrugBank, and there are data in which the PPB rate is not recorded in
DrugBank. Therefore, we used the PPB rates from DrugBank for the data with PPB
rates in DrugBank (accessed on 1/2/2021), and obtained PPB rates for the other data
by survey (Table 5.2). The range of %PPB was wide, and eight peptides exceeded 80%.
Unlike other datasets, some of these cyclic peptides contained fatty acid side chains;

such peptides could exhibit high PPB rates even with low lipophilicity.

Division of training, validation, and test sets

Since the peptides of the DrugBank dataset are structurally diverse, we thought it
was suitable for verifying the generalization performance of the prediction model and

using it as an external test set. On the other hand, the PD and Tajimi datasets were
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Table 5.2: %PPB reported in prior research and our surveyed %PPB (1/2/2021 ac-
cessed; experimental values used in this study) of the DrugBank dataset. If multiple
%PPB values are listed, the average value is used, and the original range is shown in
the parentheses.

Peptide Survey source Tajimi et al. [111] Our

reported value surveyed value
Acetyl-Daptomycin  Schneider et al. [13] 12% 12%
Anidulafungin DrugBank 99% 84%
Caspofungin DrugBank 97% 97%
Colistin Couet et al. [192] 90.4%-92.9% 56% (55%—-57%)
Cyclosporin A DrugBank 90% 90%
Daptomycin DrugBank 85% 91.5% (90%-93%)
Desmopressin DrugBank 50% 17.3% (15.8%-18.8%)
Eptifibatide DrugBank 25% 25%
Lanreotide Medscape 79%-83% 81% (79%-83%)
Micafungin DrugBank 99% 99%
Octreotide DrugBank 65% 65%
Oxytocin DrugBank 30% 30%
Pasireotide DrugBank 88% 88%
Polymyxin B DrugBank 55.9% 85.5% (79%—92%)
Quinupristin Bearden [193] 55%78% 66.5% (55%—78%)
Terlipressin DrugBank 30% 30%
Vasopressin DrugBank 1% 1%

relatively similar in structure; they were mixed and split into training, validation, and
internal test sets. Similarly to membrane permeability predictions, we employed the
KS algorithm to extract 10% of all data (36 peptides) as the internal test set based on
2048-bit Morgan FP (Algorithm 4.1). From the remaining data, we randomly extracted
10% validation sets (36 peptides) three times for parameter tuning, with no overlap
between the three datasets. The distribution of each dataset in the PCA space (based
on 2048-bit Morgan FP) is shown in Fig. 5.2. The average MAE (%), MSE, R, and R?

from three repeated runs were used as evaluation metrics.

Preprocessing for objective variable

The objective variables used in PPB rate prediction studies for conventional small
molecule compounds can be broadly divided into two types: the type where the binding
ratio is used as it is [102, 103, 104] and the type where it is used after logarithmic

conversion [101, 109]. In the case of conventional small molecules, the PPB rate tends



96 5. Development of CycPeptPPB

PCA by 2048-bit Morgan FP

&y
4 o ®
- °
o ©® % °
) ..oo' ® o,
- 2 oy .C . ) %..o. eo oo
°\° o™ ° . © o
< ® o * o...o.. ° o...g‘.{ :}.
5 * .'00..0 o.... ® e :“ wos
80 .'.'ft‘:'..... - c."..°
& .o..":% :Os‘ es o © : P
-2

e
I . .l.II . Test
! ‘ (36 peptides)

DrugBank
(17 peptides)

Figure 5.2: Experimental data distribution in PCA space, with the PC1 as the hori-
zontal axis and the PC2 as the vertical axis; the contribution rates are shown in the
parentheses of axes captions.

to be extremely high. Thus, logarithmic conversion, which has high resolution in the
region of %PPB > 90%, is considered suitable for the prediction of small molecules.
However, the PPB rate of cyclic peptides is generally lower than small molecules. The
prediction method for cyclic peptides should practically focus on peptides with %PPB
ranging from 50% to 95%, and logarithmic conversion is not so effective in the range.
Cyclic peptides with %PPB less than 50% are very unlikely to be effective as drugs,
and there is no need to precisely quantify %PPB less than 50%. Therefore, in this
study, we used the binding ratio as it is; an experimentally measured value of %PPB
less than 50% was rounded to 50%, and %PPB higher than 95% was rounded to 95%
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Table 5.3: Description of selected descriptors, arranged in order of RF feature impor-
tance.

Type Name Software Description
2D logP(o/w) MOE Log of the octanol/water partition coefficient
AATS4se Mordred Averaged moreaubroto autocorrelation of lag 4 weighted by

sanderson EN
PEOE_VSA-1 MOE Sum of van der Waals surface areas (calculated by a connec-
tion table approximation) for atoms within a certain range of
partial charges
3D vsurf_ CW?2 MOE VolSurf capacity factor 2
vsurf_ CW3 MOE VolSurf capacity factor 3

5.2.2 Descriptors selection

After the preprocessing of descriptors (Section 3.3.3), 387 (335 2D and 52 3D de-
scriptors) peptide descriptors were selected. Subsequently, three 2D and two 3D pep-
tide descriptors were selected based on the assigned feature importance from two RF
models (one used 2D, and the other one used 3D descriptors). Fig. 5.3 shows the RF
feature importance, Fig. 5.4 shown the heatmap of correlation matrix, and Table 5.3

shows the description of selected peptide descriptors.



98 5. Development of CycPeptPPB

(A) 335 types 2D descriptors

logP(o/w)
AATS4se
PEOE VSA-1
AMID h

ICO

VSA EState3
BIC1
AATSCOc
MolLogP

h logD
AATSC3c
logS

VSA EState6.1

ATSC8dv
AMID O Bl Sclected

0.00  0.03 0.06 0.09 0.12 0.15 0.18
RF feature importance

(B) 52 types 3D descriptors

vsurf CW2 r
vsurf CW3

vsurf CW1
vsurf HL1
vsurf D5
RASA
TASA

E ele

dens
FASA+
vsurf TW8
E vdw
FASA P

E oop
vsurf HB8 B Sclected

0.00  0.03 0.06  0.09 0.12 0.15 0.18
RF feature importance

Figure 5.3: Top 15 peptide descriptors with the highest RF feature importance from
(A) RF model with 2D descriptors and (B) RF model with 3D descriptors, respectively.
Selected three 2D and two 3D peptide descriptors are shown in black.
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Figure 5.4: Heatmap of absolute correlation coefficient values for five selected peptide
descriptors. The pair with the highest correlation is vsurf CW2 and vsurf CW3 (|R| =
0.795).
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5.2.3 Hyperparameter search of proposed models

The partial structure of cyclic peptides heavily influences PPB; thus, it may be
possible to make accurate predictions using a simpler model. Therefore, in addition
to the fusion model, we also extracted a part of the fusion model to construct an
atom model, a monomer model using 1D-CNN layers, and a monomer model using
CyclicConv layers. Hyperparameters of these four models (the search range was the
same as Table 4.5, only batch_size used [32, 64, 128] due to the GPU memory limitation)
were determined by 100 trials using Optuna software based on the average MSE of three
runs. The search results are summarized in Table 5.4, and hyperparameters with high
Optuna importance for fusion model search are shown in Fig. 5.5. As shown in Fig. 5.5,
the type of activation function (ac) and the hyperparameters of the peptide model had
a large effect. The activation function search results for all four proposed models were
the same, GELU. Furthermore, the number of encoders (n_encoders) for the fusion
mode and the atom model, and the number of convolutional layers (n_conv) for the

fusion mode and two monomer models were the same.
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W

Table 5.4: Hyperparameter search results of the four proposed models. indicates

that the hyperparameter does not apply to the respective model.

Monomer model Monomer model

Objective Hyperparameter Fusion model Atom model (ID-CNN) (CyclicCon)
batch _size 128 128 128 64
Training optimizer NAdam RAdam NAdam AdamW
weight_deacy le-3 5e-4 5e-3 5e-5
d_linear 256 128 256 256
All models d_subout 16 1 1 1
ac GELU GELU GELU GELU
n_encoders 3 3 - -
dropout 0.1 0.1 - -
n_head 8 4 - -
Atom model d_model 32 64 - -
d_feedforward 512 128 - -
n_linears 2 1 - -
Ag 0.2 0.7 - -
n_conv 3 - 3 3
conv_type CyclicConv - 1D-CNN CyclicConv
padding 0 - 1 0
Monomer model =3 256, 64, 256] - [256, 256, 128]  [128, 128, 128]
pooling ave - ave max
n_linears 2 - 2 2
n_mlps 6 - - -
Peptide model dropout 0.2 - - -
d_mlp 256 - - -

Shared layer n_shared 1 - - -
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ac

pep_dropout

n mlps
d mlp
lambda g
weight decay | N
d feedforward — ?el:)glcfedrerif)del
n_conv S Atom model
d model B Training
d conv[0] F B Monomer model
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Optuna importance

Figure 5.5: Top ten hyperparameters with an Optuna importance > 0.01 on the
CycPeptMP hyperparameter search. Optuna importance is calculated based on the
fANOVA hyperparameter importance evaluation algorithm [12]; the sum of the impor-
tance values is normalized to 1.0.
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5.2.4 Baseline methods

In contrast to membrane permeability prediction, the training data for PPB rate
prediction is limited to only 291 peptides. Furthermore, the maximum atom number of
experimental data (162) is also larger than that of membrane permeability experimental
data (128). Therefore, it is considered difficult to predict the PPB rate of cyclic peptides
using DL-based small molecule property prediction methods, and such methods were
not used for comparison. We validated the performance of four proposed models based

on comparisons with four baseline methods.

e Small molecule PPB rate prediction commercial software: ADMET Predictor
(version 10.0) [194] is a cheminformatics software for small molecules that can
predict over 175 ADME-Tox properties, including PPB rates. The PPB rate
prediction model was built based on 1,986 small molecule data collected from the
literature. To compare with existing PPB rate prediction software, this study

used ADMET Predictor as a comparison method.

e Three traditional baselines: As well as membrane permeability predictions, we
constructed an RF model with 2048-bit Morgan FP, an SVM model with three
2D peptide descriptors, and an SVM model with five 2D and 3D peptide de-
scriptors to represent traditional ML-based PPB rate prediction methods. The
hyperparameters of the RF and SVM models were determined by a grid search
(Table 5.5).
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Table 5.6: Performance comparison between four baseline methods and four proposed
models using the test set. Except for the ADMET Predictor, the metrics are the
averaged values of three repeated runs; the best result for each metric is indicated in
bold.

Metrics ADMET Predictor RF SVM-2D SVM-2D3D
MAE (%) 11.00 10.35 £0.36 4.41 +£0.08 6.23+£0.13
MSE 211.7 183.1 £ 14.0 76.7 £ 2.1 97.6 = 1.5
R 0.740 0.786 + 0.017 0.902 £ 0.004 0.887 £ 0.001
R? 0.476 0.547 £ 0.035 0.810 £+ 0.005 0.758 + 0.004
Metrics Atom Monomer (1D-CNN) Monomer (CyclicConv) Fusion
MAE (%) 5.414+0.79 4.49 £0.39 3.90£0.14 2.44+0.29
MSE 105.2 £24.0 66.3 £8.9 459 +£8.2 282+47
R 0.882 + 0.023 0.922 + 0.014 0.951 + 0.008 0.973 £0.004
R? 0.739 £ 0.059 0.836 £ 0.022 0.886 £ 0.020 0.930 £0.012

5.3 Results and Discussion

5.3.1 Performance comparison

The prediction accuracy for the test and DrugBank sets by all eight models are
shown in Table 5.6 and Table 5.7, respectively. In addition, the experimental %PPB
and predicted %PPB for the test and DrugBank sets by all models are shown in Fig. 5.6
and Fig. 5.7, respectively.

Performance comparison for the test set

According to the prediction results shown in Table 5.6, ADMET Predictor exhibited
the worst prediction accuracy for the test set (MAE = 11.00%, R = 0.740). This
result showed that the conventional method for small molecules cannot accurately
predict %PPB of cyclic peptides. RF model based on 2048-bit Morgan FP showed
similar poor prediction accuracy as ADMET Predictor (MAE = 10.35%, R = 0.786),
indicating that it may not fully capture the complexity of cyclic peptides. SVM-2D
(MAE = 4.41%, R = 0.902) and SVM-2D3D (MAE = 6.23%, R = 0.887) models,
using the peptide descriptors calculated from the entire cyclic peptide, exhibited higher
prediction accuracy than the ADMET Predictor and RF model. These results indicated
that the proposed peptide descriptor selection method worked correctly and could select
appropriate descriptors for prediction; however, adding 3D descriptors did not improve
prediction accuracy. For the four proposed models, the prediction accuracy of the fusion
model was the highest among all eight methods (MAE = 2.44%, R = 0.973), showing



106 5. Development of CycPeptPPB

Table 5.7: Performance comparison between four baseline methods and four proposed
models using the DrugBank set. Except for the ADMET Predictor, the metrics are
the averaged values of three repeated runs; the best result for each metric is indicated
in bold.

Metrics  ADMET Predictor RF SVM-2D SVM-2D3D
MAE (%) 15.08 19.49 +£0.13 13.36 £ 0.07 10.89 £ 0.16
MSE 280.4 483.3 £3.9 319.1£2.7 246.4 £ 4.6

R 0.631 —0.236 £ 0.033 0.467 + 0.005 0.581 £ 0.008

R? 0.152 —0.461 £ 0.012 0.035 + 0.008 0.255 £ 0.014

Metrics Atom Monomer (1D-CNN) Monomer (CyclicConv) Fusion

MAE (%) 12.90 £0.49 440+ 0.31 7.69 £0.08 8.53 £0.47
MSE 2423+ 158 39.3+7.0 110.5£5.5 131.2£13.8

R 0.580 £ 0.030 0.947 £ 0.010 0.835 + 0.013 0.783 £ 0.025

R? 0.267 £ 0.048 0.881 +£0.021 0.666 £ 0.016 0.603 £ 0.042

that the multi-level feature design method was effective in predicting the test set. The
monomer model using CyclicConv ranked second among all methods (MAE = 3.90%,
R = 0.951), and the monomer model using 1D-CNN showed a high prediction accuracy
(MAE = 4.49%, R = 0.922), although it was slightly lower than CyclicConv model.
The prediction accuracy of the atom model was comparable to that of two SVM models
and was the lowest among the proposed methods (MAE = 5.41%, R = 0.882). Overall,
monomer-level information may be the most effective for predicting the PPB rate of

cyclic peptides.

Performance comparison for the DrugBank set

For the external DrugBank set, in contrast to the internal test set, all comparison
methods exhibited comparable poor accuracy (MAE = 10.89% to 19.49%, R = —0.236
to 0.631). Due to the difficulty in predicting PPB rates for peptides with large side
chains in the DrugBank set, the two SVM models based on peptide descriptors calcu-
lated from whole molecules performed poorly compared to the test set and could not
predict PPB rates. Among the proposed methods, the atom model still had the lowest
prediction accuracy (MAE = 12.90%, R = 0.580). The fusion model showed lower
performance compared to the two monomer models (MAE = 8.53%, R = 0.783). This
drop may be due to the dependence on peptide-level information (as shown in Fig. 5.5,
hyperparameters of the peptide model had a large effect) and overfitting to the training
set, which does not contain peptides with large side chain structures. The monomer
model with 1D-CNN exhibited the best performance (MAE = 4.40%, R = 0.947), and
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the CyclicConv model was slightly lower than the 1D-CNN model (MAE = 7.69%,
R = 0.835). These results demonstrated that our proposed monomer-level feature
design method effectively captured the mechanistically important substructural infor-
mation of the PPB of cyclic peptides. Therefore, the 1D-CNN monomer model was
used as the representative model CycPeptPPB in this study, and its results were also

used in the analysis of the contribution of substructures to the PPB rate prediction.
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Figure 5.6: Prediction results of the test set by four baselines and four proposed meth-

ods.

(A) ADMET Predictor, (B) RF model, (C) SVM-2D model, (D) SVM-2D3D

model, (E) atom model, (F) monomer model (1D-CNN), (G) monomer model (Cyclic-
Conv), and (H) fusion model. Except for the ADMET Predictor, the predicted values
are the average value of three runs.
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Figure 5.7: Prediction results of the DrugBank set by four baselines and four proposed

methods.

(A) ADMET Predictor, (B) RF model, (C) SVM-2D model, (D) SVM-

2D3D model, (E) atom model, (F) monomer model (1D-CNN), (G) monomer model
(CyclicConv), and (H) fusion model. Except for the ADMET Predictor, the predicted

values are the average value of three runs.
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5.3.2 Ablation study for the fusion and monomer models

We conducted ablation studies on the fusion and 1D-CNN monomer models. The
ablation studies measured the influences of the number of replicas generated by aug-
mentation and changes in model architecture. Fig. 5.8 shows the accuracy based on
1 (no augmentation), 10, 20, 30, 40, 50, and 60 replicas per peptide for fusion (start
with F-) and monomer (start with M—) models. For the fusion model, augmentation
improved the prediction accuracy for both the test set (F-1: 4.39%, F-60: 2.44%) and
the DrugBank set (F-1: 11.11%, F-60: 8.53%). Note that, similar to the ablation re-
sults for permeability prediction (Fig. 4.14 (A)), over 30 replicas showed approximately
the same prediction accuracy as the replica increased. For the monomer model, the
use of augmentation significantly improved prediction accuracy for both the test set
(M-1: 31.13%, M—60: 4.49%) and the DrugBank set (M—1: 20.44%, M—60: 4.40%). In
contrast to the fusion model, whose prediction results were relatively stable without
augmentation, the monomer model without augmentation had very low prediction ac-
curacy, which increased as the replica increased. Overall, we were able to confirm the
effectiveness of our proposed data augmentation method for cyclic peptides in improv-
ing the training efficiency of structurally complex cyclic peptides.

Fig. 5.9 shows the accuracy for different architectures for fusion (start with F-)
and monomer (start with M-) models. F is the original fusion model; F-atom, F-
mono, and F-pep represent the models lacking the respective sub-models; F-3D is
the model that did not use all 3D information (Conf and 3D descriptors). M is
the original 1D-CNN monomer model, and M-3D is the model that did not use 3D
monomer descriptors. For the fusion model, prediction accuracy decreased when atom
or monomer models were removed on both two datasets. When the peptide model was
removed, the accuracy on the test set decreased (F: 2.44%, F-pep: 3.82%); however,
the accuracy on the DrugBank set increased (F: 8.53%, F—pep: 8.21%). The use of
whole-molecule information was counterproductive when predicting the PPB rate of
cyclic peptides with large side chains. The use of 3D information in the fusion model
improved prediction accuracy (F-3D: 3.34%, 9.71%). For the monomer model, the use
(M: 4.49%, 4.40%) or lack (M-3D: 4.54%, 4.53%) of 3D monomer descriptors had little
effect.
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Figure 5.8: Ablation results (%MAE) for different input replica numbers for the fusion
and 1D-CNN monomer models. (A) Results on the internal test set. (B) Results on
the external test (DrugBank) set.
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Figure 5.9: Ablation results (%MAE) for different architectures for the fusion and
1D-CNN monomer models. (A) Results on the internal test set. (B) Results on the
external test (DrugBank) set.
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5.3.3 Analysis of prediction results of peptide pairs in the

DrugBank set with similar main structures

Cyclic peptides composed of natural amino acids of x residues have 20 combina-
tions, and it is computationally impossible to perform a trial-and-error based search of
the entire space for a better PPB rate. Therefore, from the perspective of efficient de-
sign and optimization for the development of cyclic peptide drugs, determining which
monomer enhances %PPB and which has no effect on %PPB is necessary. The saliency
map was originally defined as a heatmap that estimates the parts of a visual image to
which people pay attention when viewing it. Many methods have been reported to cal-
culate the salience map of deep learning models [195, 196], and VanillaGrad [197] is one
of the simplest methods. We analyzed the contribution of each monomer to the PPB
rate prediction for the 1D-CNN monomer model using the saliency score calculated by
VanillaGrad.

Calculation of saliency score

For a input (monomer descriptors) ;; of replica j for peptide 4, the saliency score

Sfj based on the predicted PPB value j&f] of repeated runs k£ was calculated as:

oyr.
Sk —Z4 5.1
% aww ( )
The average saliency score across all three repeated runs was given by
13
q k

After aligning the sequences, the saliency score averaged across all 60 replicas was

5= Z (5.3)

Finally, the normalized saliency score for peptide 1 was given by:

calculated as:

S;
Max(S;)

S@' = (50, S1y ey Sm) = (54)

where m is the number of monomers of peptide 7.
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Figure 5.10: The monomers obtained by the decomposition procedure and these
salience scores of acetyl-daptomycin (Exp.%PPB < 50.0%, Pred.%PPB = 50.5%) and
daptomycin (Exp.%PPB = 91.5%, Pred.%PPB = 91.9%). The salience score shows
the average value of the salience score of all augmentation replicas across three repeated
runs (normalized to a maximum value of 1).

Analysis of acetyl-daptomycin and daptomycin

DrugBank set contains some structurally similar peptide pairs. We analyzed the
prediction results of acetyl-daptomycin and daptomycin (Fig. 5.10) among them, which
differed only in the fatty acid side chain corresponding to the monomers #125 and #126
(a total of 126 monomers were obtained from the PPB experimental data, and #125
and #126 are the monomers with the second and first highest molecular weights, re-
spectively). According to Schneider et al. [13], the N-terminal fatty acid side chain
of daptomycin (a part of monomer #126) specifically binds to HSA by deeply pierc-
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Figure 5.11: Docking results of daptomycin with Site 1 of HSA (cited from [13], added
black dotted circle line). The N-terminal fatty acid side chain of daptomycin penetrates

deeply into the binding pocket Site 1 of HSA and has extensive and strong hydrophobic
interactions with the HSA residues Leu219, Leu260, 1le264, 11290, and Ala291.

ing the binding pocket Site 1 (Fig. 5.11), resulting in the high PPB rate (91.5%).
In contrast, acetyl-daptomycin does not have the fatty acid side chain, resulting in a
low PPB rate (12.0%, and was rounded to 50.0% in this study). These differences,
however, were hardly reflected in peptide descriptors; thus, Tajimi et al. [111] re-
ported that it was difficult to distinguish them (predicted %PPB value by Tajimi et
al. of acetyl-daptomycin: 18%; daptomycin: 49%). The same tendency was obtained
with our peptide descriptor-based models (two SVM models, predicted %PPBso_os
value of acetyl-daptomycin: 59.6%, 50.0%; daptomycin: 55.0%, 59.1%). In contrast
to these methods, our CycPeptPPB model (1D-CNN monomer model), which is based
on monomer descriptors, correctly predicted their PPB rates (predicted %PPBjg_g;
value of acetyl-daptomycin: 50.5%; daptomycin: 91.9%). As shown in Fig. 5.10, both
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Figure 5.12: The monomers obtained by the decomposition procedure and these
salience scores of colistin (Exp.%PPB = 56.0%, Pred.%PPB = 55.2%) and
polymyxin b (Exp.%PPB = 85.5%, Pred.%PPB = 74.0%). The salience score shows
the average value of the salience score of all augmentation replicas across three repeated
runs (normalized to a maximum value of 1).

#125 and #126 attracted the most attention from the prediction model, and the model
distinguished the structural change even though these two structures were not utilized
in model training. The prediction values and analysis suggested that the proposed
method with monomer descriptors was effective. It also revealed that the saliency

score could detect important side chains.



5. Development of CycPeptPPB 117

Colistin and polymyxin b

Colistin and polymyxin b are peptide pairs that differ in three monomers (#123
and #124, Dab and dDab, and dL and dF) included in the DrugBank set with sig-
nificantly different PPB rates (colistin: 56.0%; polymyxin b: 85.5%). Similar to the
results in acetyl-daptomycin and daptomycin, two SVM models were unable to distin-
guish colistin and polymyxin b (predicted %PPBsg_g5 value of colistin: 70.8%, 74.0%;
polymyxin b: 71.0%, 75.0%). The 1D-CNN monomer model was able to distinguish
them (predicted %PPBsg_o5 value of colistin: 55.2%; polymyxin b: 74.0%) again.
On the other hand, dL of colistin received the most attention from the model, while
polymyxin b had high saliency scores on #124, dF, and L. All of these were monomers
with relatively high lipophilicity. Little attention was paid to the difference in chirality
between Dab and dDab. #123 already has a large hydrophobic side chain, and the
difference between it and #124 was just one carbon atom. Thus, the high attention
paid to dL and dF was probably the key to the model’s successful distinction of colistin

from polymyxin b.

5.4 PPB Rate Prediction of Cyclic Peptides by Dock-
ing Simulation

In this section, we describe the PPB rate prediction of cyclic peptides based on
docking simulations. We performed docking simulations using Glide software (version
2019.1) [198] on cyclic peptides consisting of 6-12 residues in the PD and Tajimi
datasets, except for the DrugBank set, which contains peptides with relatively large
side chains, to attempt to predict the PPB rate of cyclic peptides by a structure-based
method.

5.4.1 3D structures of HSAs and cyclic peptides

As we mentioned in Chapter 2, small molecule docking-based methods predict PPB
rates using information such as docking scores obtained from docking simulations of
plasma proteins (basically HSA) and ligand molecules. In PPB, induced fitting occurs
when the conformation of the protein changes upon compound binding. Therefore,
it is important to use multiple HSA structures to represent their flexibility. Chen et
al. [110] calculated the RMSD (root mean square deviation) of each structure pair

for a total of 62 HSA structures and classified them into four groups by K-means.
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Figure 5.13: Results of the superposition of four different HSA structures used.

PDB IDs: 1E7A_A (2.2 A), IN5U (1.9 A), 109X (3.2 A), and 1UOR (2.8 A) were
used as representative structures for each group (the numbers in parentheses indicate
the resolution). These representative structures are highly similar to all structures in
their respective groups (RMSD < QA). In this study, we also obtained these four HSA
structures from PDB and aligned the other three structures using Protein Preparation
Wizard software based on IN5U (1.9 A), which has the highest resolution, to fill the
missing side chain structures. Fig. 5.13 shows the result of the superposition of four
HSA structures.

For cyclic peptides, we generated initial 3D structures with ionization states at
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pH 7.0 £ 2.0 using LigPrep software (version 2019.1) [199] and then performed the
conformational search using MacroModel software (version 2019.1) [200]. The en-
hanced mode torsional sampling method (Monte Carlo Molecular Mechanics, MCMM)
(Torsion sampling options:Enhanced) was used for peptide conformational search.
Considering the size of the peptide, the maximum number of searches was set to 15,000,
an Energy Window of 100.0 kJ/mol was used, and the cutoff threshold for redundant

conformations was set to 8.0 A.

5.4.2 Overview of docking simulation

Site 1 to Site 6 of the HSA were used as binding pockets for docking. Site 1 and
Site 2 are binding pockets for many small molecule compounds, and we used their
coordinates reported by Lexa et al [107]. For Site 3-6, the average coordinates of
ligands and fatty acids in four HSA structures aligned to 1IN5HU were used. The SP-
Peptide mode of Glide was used for the docking simulation, and (15 A)? for the internal
box and (35 A)? for the external box were used as the grid box size of the docking
pocket. Fig. 5.14 shows the coordinates and grid boxes of Site 1 to Site 6 of 1IN5U
(green: internal box, purple: external box). Intel Xeon E5-2667 v4 CPUs (3.20 GHz,

8 cores) were used for the docking simulation calculations.



120 5. Development of CycPeptPPB

Site1: (30.50, 13.10, 9.70) A Site2: (10.25, 2.11, 13.75) A

Figure 5.14: Coordinates and grid boxes of Site 1 to Site 6 of IN5U (green: internal
box, purple: external box).
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Table 5.8: Number of binding poses obtained from each site docking of 1IN5U for each
number of residues (numbers in parentheses indicate the number of peptides).

Number of residues Site 1  Site 2 Site 3 Site 4 Site5 Site 6 Per peptide

6-9mer (131) 44,047 26,112 9,738 14,538 33,507 21,426 1,140
10mer (48) 15,559 1,849 46 144 799 525 394
11mer (32) 8,481 1,027 42 90 144 176 311
12mer (35) 3,721 147 4 20 49 67 115
All (246) 71,808 29,135 9,830 14,792 34,499 22,194 741

5.4.3 Results of docking simulation

The number of binding poses obtained from each site docking of 1IN5U for each
number of residues is shown in Table 5.8, and the total calculation time (CPU core
time) for each site docking of IN5U for each number of residues is shown in Table 5.9.
As shown in Table 5.9, the average computation time per peptide for the 6-12mer 246
cyclic peptides in the PD and Tajimi datasets was 1 day 10 hours 2 minutes. The cal-
culation time did not increase when the residue number of the cyclic peptide increased.
On the other hand, as shown in Table 5.8, as the number of residues increased, the
number of binding poses obtained decreased. For more than ten residues, the number
of binding poses obtained from Site 3-6 was small (four to 799). Therefore, the results
from Site 3 to Site 6 were not used, and only the results from the remaining two sites
were used. In addition, there were two peptides for which no binding poses were ob-
tained at Site 2 with ten residues, two peptides at Site 2 with 11 residues, two peptides
at Site 1 with 12 residues, and 12 peptides at Site 2 with 12 residue. These peptides

were not used, and the remaining 230 will be used for subsequent discussion.
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Figure 5.15: Distribution of Site 1, Site 2 docking scores (average of maximum five
poses), and objective variables %PPBso_os.

From the docking results, the top five docking scores for each peptide were used
(if the number of docking poses was less than five, all were used). The distribution
of the mean docking scores of the docking poses of Site 1, Site 2, and objective vari-
able %PPBsg_g5 is shown in Fig. 5.15. Although the docking scores of Site 1 and
Site 2 showed some correlation (R = 0.61), the correlation coefficient between Site 1
docking score and %PPBsg_g5 was —0.16, and that between Site 2 docking score and
%PPBs5o_g5 was —0.15. Overall, predicting PPB rates for cyclic peptides based solely
on docking scores derived from traditional docking software for small molecules has not

been successful.
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Table 5.10: Summary of used 12 glide descriptors.
Descriptor Description
Glide gscore GlideScore

Glide lipo
Glide hbond
Glide metal
Glide rewards
Glide evdw
Glide ecoul
Glide erotb
Glide esite
Glide emodel
Glide energy
Glide einternal

Lipophilic contact plus phobic attractive term in the GlideScore
Hydrogen-bonding term in the GlideScore

Metal-binding term in the GlideScore

Various reward or penalty terms

Van der Waals energy

Coulomb energy

Penalty for freezing rotatable bonds in the GlideScore

Term in the GlideScore for polar interactions in the active site
Model energy, Emodel

Modified Coulomb-van der Waals interaction energy

Internal torsional energy

Table 5.11: Performance comparison between three baseline methods and two glide
models using the glide test set. The metrics of three baseline methods are calculated
from the averaged prediction values of three repeated runs; the best result for each
metric is indicated in bold.

Metrics RF-FP SVM-2D SVM-2D3D RF-Glide SVM-Glide

MAE (%)  9.35 4.82 7.25 12.39 10.08
MSE 1739  67.8 112.9 238.8 202.5
R 0.859  0.926 0.889 0.713 0.809
R? 0.610  0.848 0.746 0.464 0.545

5.4.4 Prediction based on glide descriptors

To incorporate more docking information than the docking score, we calculated
12 types of glide descriptors (Table 5.10), including the van der Waals energy and
Coulomb energy of the binding poses that can be calculated from glide. We used the
average of the glide descriptors for the top five binding poses for each peptide (if the
number of binding poses was less than five, all were used). There were 12 different glide
descriptors for each of Site 1 and Site 2, and for each of these glide descriptors, the
mean, maximum, and minimum values were taken. Finally, 3 x 12 = 36 representative
values of glide descriptors were used. Three glide descriptors with 0 values across all
peptides were deleted, and Z-score standardization was performed for the remaining

33 glide descriptors.
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For 230 peptides with docking poses of Site 1 and Site 2, 20 peptides are included
in the original test dataset (36 peptides). These were used as the glide test set, and the
remaining 210 data were used as the glide training set to build an RF model and an
SVM model. The hyperparameters of the two models were determined through 10-fold
cross-validation of the training data within the same search range shown in Table 5.5
(RF: max_depth = 10, n_estimators = 750; SVM: C = 32, v = 27°%). The prediction
accuracy for the glide test set is shown in Table 5.11. The prediction accuracy was
significantly improved compared to prediction based on docking scores alone, and the
SVM-Glide model (MAE = 10.08%, R = 0.809) was superior to the RF-Glide model
(MAE = 12.39%, R = 0.713). However, there was still a large difference between
the predictive capabilities of these two glide-based models and two peptide descriptor-
based SVM models (SVM-2D: MAE = 4.82%, R = 0.926; SVM-2D3D: MAE = 7.25%,
R = 0.889). Overall, by using glide descriptors, which contain more information than
the docking score, it was possible to predict the PPB rate of cyclic peptides to some
extent. However, compared with the ligand-based method, the structure-based method
using docking simulation is much more computationally expensive, and prediction is

difficult based on docking software for small molecules.

5.5 Summary

In this chapter, we introduced CycPeptPPB, a prediction model for the PPB rate
of cyclic peptides. By leveraging experimental data from collaborations with phar-
maceutical companies and published literature, we applied multi-level molecular fea-
tures and data augmentation techniques. The model demonstrated superior prediction
accuracy, particularly with monomer-level features, significantly outperforming con-
ventional methods. The fusion model combining atom, monomer, and peptide level
features achieved the best performance on the internal test set, while the monomer
model with 1D-CNN layers showed strong generalization on the external DrugBank
dataset. Furthermore, we also introduced the concept of saliency scores to analyze
the contribution of each monomer to the PPB rate prediction of cyclic peptides. We
confirmed that our CycPeptPPB (1D-CNN monomer) model accurately identified key
monomers that significantly influence PPB rates. The ability to identify such important
monomers has significant implications for drug development, as it enables researchers
to pinpoint the structural features that enhance or reduce PPB rates. Additionally,
we attempted to predict PPB rates using docking simulations, but results indicated

that ligand-based methods were more effective for predicting cyclic peptide PPB rates.
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Future studies should focus on expanding the dataset by incorporating more cyclic pep-

tides with diverse structures, particularly those with larger side chains, which would

improve the model’s generalization capability.



Chapter 6

Overall Discussion

In this chapter, we provide a common discussion on applying the proposed multi-

level feature design method to predict membrane permeability and PPB rate.

6.1 Descriptor Selection

As mentioned in Section 3.3.3, after calculating the descriptors, we performed pre-
processing to remove redundant peptide descriptors and selected 2D and 3D peptide
descriptors by two RF models, respectively. However, there are several variations in
descriptor selection methods. Hence, we explored different selection methods to discuss

how they could affect the model’s performance.

6.1.1 Common important descriptors in membrane perme-

ability and PPB rate prediction

In predicting membrane permeability and PPB rate of cyclic peptides, several pep-
tide descriptors have been identified as important for both properties, highlighting their
shared relevance in describing the chemical and physical features of cyclic peptides.

The only descriptor selected for both membrane permeability and PPB rate pre-
diction was logP(o/w) (the logarithm of the octanol/water partition coefficient), a
2D descriptor calculated by MOE software (Table 6.1). LogP measures a molecule’s
lipophilicity, and as we mentioned in Section 2.2.2 and Section 2.3.1, it is generally
considered the most important descriptor for predicting both permeability and PPB
rate. Typically, peptides with appropriate lipophilicity are more likely to traverse the

lipid bilayer of cell membranes [15] and have stronger hydrophobic interactions with
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rate %PPB50_95.



6. Overall Discussion 129

Table 6.1: Selected descriptors and their RF feature importance for permeability and
PPB rate prediction.

T Permeability Feature PPB Feature
ype descriptors importance descriptors importance
2D VSA _EState9 0.184 logP(o/w) 0.158
density 0.097 AATS4se 0.116
MolLogP 0.085 PEOE_VSA-1 0.109
frrAl.OH 0.067 - -
logP(o/w) 0.023 - -
lip_violation 0.014 - -

h_logD 0.014 - -

3D dens 0.090 vsurf_ CW2 0.198
FNSA4 0.069 vsurf_ CW3 0.107

RNCS 0.048 - -

FASA- 0.042 - -
FCASA+ 0.042 - -

FASA P 0.041 - -
FNSA2 0.032 - -
FNSA5 0.024 - -

vsurf_ Wp2 0.022 - -

binding sites on HSA [4]. As shown in Fig. 6.1, although no correlation was found be-
tween logP(o/w) and membrane permeability (R = 0.03), all peptides with very high
permeability (LogPey, > —5) had logP(o/w) in the range from approximately 0 to 8.
In particular, a parabolic relationship between logP(o/w) and membrane permeability
is observed in data from several papers (Fig. 6.2). On the other hand, some correlation
was observed between logP(o/w) and PPB rates (R = 0.68).

For permeability prediction, descriptors related to the van der Waals surface area
showed the highest feature importance, such as VSA_EState9 (van der Waals surface
area using EState indices and surface area contribution), density (molecular weight
divided by approximated van der Waals volume, provides a rough estimated density
based on atomic connectivity), and dens (molecular weight divided by 3D van der
Waals volume, accounts for the actual 3D molecular shape and conformation). These
descriptors are essential for capturing the overall molecular shape of the cyclic pep-
tide during membrane permeation. Similarly, in the case of PPB rate prediction,
PEOE_VSA-1 (sum of van der Waals surface areas for atoms within a certain range of

partial charges), another van der Waals surface area-related descriptor, emerged as an
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Figure 6.2: Distribution of logP(o/w) with permeability LogPey, on the data from (A)
2013_CHUGAI [14] and (B) 2016_Furukawa [15].
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important descriptor.

6.1.2 Integrated selection of 2D and 3D descriptors

In this section, we explore the impact of selecting 2D and 3D descriptors together
using a single RF model for feature importance evaluation. Previously, we selected
the descriptors separately using two independent RF models, one for 2D and the other
for 3D descriptors. However, combining 2D and 3D descriptors in a single model may
yield different results by allowing the model to consider the combined effects of both
types of descriptors. As shown in Fig. 6.3, 3D descriptors tend to be less impor-
tant than 2D descriptors in both membrane permeability and PPB rate prediction.
However, interestingly, in the case of membrane permeability prediction, models us-
ing both 2D and 3D descriptors showed slightly improved accuracy compared to those
using 2D descriptors alone (Table 4.10, Fig. 4.14). This observation highlights that
the feature importance scores in a combined model do not necessarily directly corre-
late with the contribution to prediction accuracy. For both tasks, the dominant 2D
descriptors remained unchanged when selected together (permeability: VSA _EState9,
density, MolLogP, and fr_ Al OH; PPB: logP(o/w), AATS4se, and PEOE_VSA-1). In
the case of permeability prediction, 3D descriptors played a relatively minor role, with
six of the top 16 descriptors being 3D descriptors. On the other hand, for PPB rate
prediction, 3D descriptors were even less influential, with only two 3D descriptors in
the top 16 descriptors. This observation suggests that 3D information might be more
crucial for predicting membrane permeability, where molecular conformation has a sig-
nificant influence, compared to predicting PPB rates, where 2D molecular structure
descriptors seem to dominate the prediction task.

To further assess the effectiveness of selecting 2D and 3D descriptors together,
we constructed an SVM-mix model, which uses the newly selected descriptors. The
number of selected descriptors was kept the same as the number of descriptors chosen in
the separate models (membrane permeability: all 16 types shown in Fig. 6.3 (A); PPB
rate: top five types shown in Fig. 6.3 (B), all were 2D descriptors) The hyperparameters
were determined by a grid search (search range was the same as Table 4.7). The
performance comparison between SVM-2D, SVM-2D3D, and SVM-mix models is shown
in Table 6.2. For permeability prediction, the SVM-2D3D model consistently performed
the best (MAE = 0.418, R = 0.834). Interestingly, the SVM-mix model (MAE = 0.504,
R = 0.766) performed even worse than the SVM-2D model (MAE = 0.488, R = 0.781),
indicating that combining 2D and 3D descriptors in this way did not enhance the
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Figure 6.3: Top 16 peptide descriptors with the highest RF feature importance for (A)
permeability prediction and (B) PPB rate prediction. The 2D and 3D descriptors are
shown in light blue and orange, respectively.
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Table 6.2: Performance comparison between three SVM models for permeability (using
the test set) and PPB rate prediction (using the test set and DrugBank set). The
metrics are the averaged values of three repeated runs; the best result for each metric
is indicated in bold.

Task Metrics SVM-2D SVM-2D3D SVM-mix
Permeability MAE 0.488 £0.005 0.418 £0.001 0.504 4+ 0.001
(test set) R 0.781 £0.007 0.834+0.001 0.766 £ 0.003
Task Metrics SVM-2D SVM-2D3D SVM-mix
PPB MAE (%) 4.41 +£0.08 6.23 +£0.13 6.94 + 0.27
(test set) R 0.902 +0.004 0.887 £ 0.001 0.884 +£0.014
Task Metrics SVM-2D SVM-2D3D SVM-mix
PPB MAE (%) 13.36 = 0.07 10.89 +£0.16 12.78 £ 0.41
(DrugBank set) R 0.467 £ 0.005 0.581 £ 0.008 0.637 £+ 0.007

predictive performance. When 2D and 3D descriptors are selected together, the 3D
descriptors act as auxiliary features to the dominant 2D descriptors, which can lead
to overfitting of the training data. This overfitting may limit the model’s ability to
capture the structural diversity in the test data effectively. This result supports our
previous approach of selecting 2D and 3D descriptors separately as the optimal method
for permeability prediction. In the case of PPB rate prediction using the test set,
the SVM-2D model still achieved the best performance (MAE = 4.41%, R = 0.902).
The inclusion of unnecessary 2D descriptors in the SVM-mix model actually led to a
decrease in accuracy (MAE = 6.94%, R = 0.884), demonstrating that the simplicity
of fewer descriptors might offer better generalization for this task. For the PPB rate
prediction on the DrugBank set, although the SVM-mix model (MAE = 12.78%, R =
0.637) improved the accuracy compared to the SVM-2D model (MAE = 13.36%, R =
0.467), its MAE did not fall below 10%.
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Algorithm 6.2 Details of the Bolasso algorithm for descriptor selection
Input:
Peptide descriptors: X
Objective variable: Y
Number of cross validations: k
Number of bootstrap replicates: m
Appearance threshold: t > k was set to 3, m was set to 20, and ¢ was set to 20
Split data (X, Y') for k-fold cross validation
for i =1 to k do

Select training data (X;, Y;)

for j =1tom do

Choose a random n from the range of 10%-90% of the training data size >

n is the size of one replica dataset

6: Allow duplicates and randomly select n data (X;;, Y;;) from (X;, Y;)
7 Perform Lasso estimate w;; for data (X;;, Yi;)

8: Calculate signal Sj; = {s, w;; # 0}

9: end for

10: end for

11: Compute sum & = > > Sij
12: Choose signal above threshold S = {s,s >t}
13: Select w* from (X°,Y)

6.1.3 Alternative algorithms for descriptor selection

While Random Forest (RF) was used in our study for final descriptor selection,
various other algorithms can also be applied to select important molecular descriptors.
One widely used algorithm is Lasso (Least Absolute Shrinkage and Selection Operator)
[201], which is particularly known for enforcing sparsity in the model by reducing the
coefficients of less important features to zero. Various improvements and extensions
of Lasso have been reported [202, 203]. Bolasso [204] is an enhanced method that
integrates bootstrap techniques into Lasso for feature selection, providing a more robust
way to extract high-importance features. In this section, we also performed descriptor
selection using Bolasso (Algorithm 6.2) as an alternative to RF and constructed SVM

models based on Bolasso-selected descriptors.
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Descriptor selection results for permeability and PPB rate prediction by Bolasso
are shown in Table 6.3 and Table 6.4, respectively. For permeability prediction, the
2D descriptors with a high appearance frequency of Bolasso changed significantly from
the results selected by RF, with only VSA_EState9 remaining in the top positions,
and LogP-related descriptors (MolLogP, logP(o/w), and h_logD) disappeared. For
3D descriptors, FASA-, FNSA4, and dens remained in the top positions. Finally,
we used six 2D descriptors (MATS2i, Xch-7d, VSA_EState9, fr_piperdine, AATSC4c,
and BCUT_PEOE_0) and seven 3D descriptors (FASA-, FNSA4, vsurf Wp4 FASA+,
FNSA3, vsurf_R, and dens). For PPB rate prediction, the 2D descriptor selection re-
sults did not change much, with logP(o/w), PEOE_VSA-1, and AATSC4se remaining,
and in addition, EState_ZVSA3.1 now appears at the top positions. Finally, we used
four 2D descriptors (logP(o/w), PEOE_VSA-1, EState_VSA3.1, and AATSC4se) and
three 3D descriptors (vsurf D5, vsurf CW3, and vsurf CW1). These descriptors were
used to build the SVM-Bo2D (only using 2D descriptors) and SVM-Bo2D3D (using
both 2D and 3D descriptors) models. The hyperparameters were determined by a grid
search (search range was the same as Table 4.7).

The performance comparison between SVM-2D, SVM-2D3D, SVM-Bo2D, and SVM-
Bo2D3D models is shown in Table 6.5. For permeability prediction, the descriptors se-
lected by Bolasso differed significantly from those selected by RF, particularly with the
exclusion of LogP-related descriptors. As a result, both the SVM-Bo2D (MAE = 0.577,
R = 0.668) and SVM-Bo2D3D (MAE = 0.595, R = 0.680) models demonstrated a
noticeable decrease in prediction accuracy. This indicates that for permeability pre-
diction, the descriptors selected by RF were more effective in capturing the molecular
properties that affect permeability. On the other hand, for PPB rate prediction, both
the test set and DrugBank set results showed a slightly improved prediction accuracy
using Bolasso-selected descriptors. Notably, the SVM-Bo2D3D model achieved the
lowest AMAE (test set: MAE = 4.22%; DrugBank set: MAE = 9.11%), suggesting
that in the case of PPB rate prediction, the combination of 2D and 3D descriptors
selected by Bolasso could more effectively capture the critical factors influencing PPB
rates.

Overall, different feature selection algorithms can lead to significantly different re-
sults. Therefore, it is crucial to consider domain knowledge when interpreting the
output of these algorithms and determining which descriptors to use. For example,
LogP-related features are essential as they highly influence membrane permeability
and PPB rate.
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Table 6.5: Performance comparison between four SVM models for permeability (using
the test set) and PPB rate prediction (using the test set and DrugBank set). The
metrics are the averaged values of three repeated runs; the best result for each metric

is indicated in bold.

Task Metrics SVM-2D SVM-2D3D SVM-Bo2D SVM-Bo2D3D
Permeability MAE 0.4838 +0.005 0.418 +0.001 0.5774+0.006 0.595 4 0.003
(test set) R 0.781 +0.007 0.8344+0.001 0.668 +0.004 0.680 % 0.008
Task Metrics SVM-2D SVM-2D3D SVM-Bo2D SVM-Bo2D3D

PPB MAE (%) 4.4140.08 6.23 £0.13 4.28 +£0.07 4.224+0.03
(test set) R 0.9024+0.004 0.887 £0.001 0.899 £0.002 0.911 +0.002
Task Metrics SVM-2D SVM-2D3D SVM-Bo2D SVM-Bo2D3D

PPB MAE (%) 13.36 £0.07 10.89 +0.16 10.07 £ 0.07 9.11+0.10
(DrugBank set) R 0.467 +=0.005 0.581 +0.008 0.686 +0.004 0.675 %+ 0.005
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6.2 Conformation Generation of Cyclic Peptides by
MD Simulation

Considering the computational cost, we utilized RDKit to generate relatively sim-
ple low-energy cyclic peptide conformations (approximately three hours per peptide).
However, based on the results from the permeability prediction (Section 4.4.1 and
4.4.6), incorporating 3D structural information significantly enhanced the prediction
performance. Performing MD simulations to generate more accurate conformations
could further improve prediction accuracy. Therefore, we developed a relatively simple
MD simulation protocol that allows the search for sufficiently diverse conformations and
generates conformations of cyclic peptides. These conformations were then compared

with the conformations generated by RDKit.

6.2.1 Simulation details

Closed conformations, expected to maximize intramolecular interactions, are critical
for the membrane permeability of cyclic peptides [56, 57, 58]. If stable and diverse
conformations can be reliably explored, vacuum simulations are suitable for generating
closed conformations. Therefore, given the computational costs of MD simulations in
explicit water or lipid environments, we employed a more straightforward approach
by performing MD calculations in a vacuum. The simulations used Amber software
(version 20) [205], setting the relative permittivity to 4.8 (chloroform) to mimic a lipid-
like environment. The peptides were parameterized using the Amberl0 force field:
Extended Huckel Theory (EHT) parameter set in MOE software [125]. To ensure
adequate sampling, we employed a replica-exchange method [88] with the following
eight temperature parameters: 300.0 K, 336.0 K, 375.0 K, 419.0 K, 470.0 K, 530.0 K,
600.0 K, and 681.0 K. The simulation was conducted with a time step of 2 fs, replicas
were exchanged every 10 ps using the replica-exchange method based on the metropolis
method for 10,000 exchanges, and an overall simulation time was 100 ns. From the
last 24 ns of simulation, 60 conformations were extracted at equal intervals, yielding
480 conformations in total across all eight temperature replicas. The simulations were
conducted on the TSUBAMES.0 supercomputer of the Tokyo Institute of Technology
(currently Institute of Science Tokyo). To reduce the total computation time, we
utilized two f-nodes of TSUBAMES.0 for parallel calculation for each cyclic peptide,
each comprising two Intel Xeon E5-2680 v4 CPUs and four NVIDIA TESLA P100
GPUs (approximately one hour per peptide).
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6.2.2 Analysis of descriptor differences between RDKit and

MD conformations

We compared the MOE 3D descriptors calculated from conformations of six-monomer
peptide 1INMe3 (CycPeptMPDB ID: 2328; Fig. 6.4) and 11-monomer Cyclosporin A
(CycPeptMPDB ID: 7353; Fig. 6.5) generated using MD simulations and RDKit, while
both cyclic peptides are known as high-permeability cyclic peptides. The descriptors
analyzed include (A) potential energy (E), (B) molecular mass density (dens, molecular
weight divided by 3D van der Waals volume), (C) fractional water accessible surface
area of all atoms with negative partial charge (FASA-), (D) fractional positive charge
weighted surface area (FCASA+), (E) fractional water accessible surface area of all po-
lar atoms (FASA_P), and (F) VolSurf polar volume (vsurf_Wp2). Among these, the last
five descriptors (B to F) are key 3D descriptors selected and utilized for CycPeptMP

model construction (Table 4.4).

The potential energy of MD conformations for both cyclic peptides increases with
temperature, confirming that the replica-exchange approach successfully samples di-
verse conformational states. For 1NMe3, the potential energy (E) of RDKit confor-
mations lies between those of MD conformations at 470 K and 530 K (Fig. 6.4 (A)),
while for Cyclosporin A, the potential energy of RDKit conformations is comparable
to that of MD conformations at the highest temperature, 681 K (Fig. 6.5 (A)). For
molecular density (dens; Fig. 6.4 (B), Fig. 6.5 (B)), the RDKit conformations for both
cyclic peptides exhibit lower dens values compared to MD conformations, suggesting
that the van der Waals volumes of RDKit conformations are larger. These results
suggest that RDKit fails to generate low potential energy closed conformations, which
are expected to have minimized potential energy due to maximized intramolecular in-
teractions. This limitation highlights RDKit’s inefficiency in exploring energetically
favorable conformations critical for modeling cyclic peptide membrane permeability
due to weak sampling algorithms. In contrast, our MD simulations could generate
more compact and energetically favorable conformations through enhanced sampling.
The fractional surface area descriptors (FASA-, FCASA+, FASA _P; Fig. 6.4 (C) to (E),
Fig. 6.5 (C) to (E)) reveal minimal differences among MD conformations across vary-
ing temperatures, and their values are not significantly different from those of RDKit
conformations. This stability suggests that these descriptors are relatively insensitive
to the conformational diversity explored in MD simulations, and RDKit conformations
may be sufficient for capturing these specific features in prediction models. For Vol-
Surf polar volume (vsurf_Wp2; Fig. 6.4 (F), Fig. 6.5 (F)), MD conformations show
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a slight upward trend with increasing temperature. Notably, for Cyclosporin A, the
vsurf_ Wp2 value of RDKit conformations is significantly higher than that of MD con-
formations. This discrepancy suggests that RDKit’s methods may overestimate polar
volume properties, particularly for more complex cyclic peptides.

Overall, these results highlight the advantages of MD simulations in generating
biologically relevant conformations compared to RDKit. While RDKit can adequately
capture certain descriptors, such as fractional surface areas, it shows limitations in
properties like potential energy, molecular density, and polar volume. This suggests
that RDKit conformations may be insufficient for tasks requiring detailed structural
accuracy or compactness. Utilizing MD conformations could improve the predictive

accuracy of models based on these 3D descriptors.

6.2.3 Comparison of RDKit and MD conformations in PCA

space

To provide a more intuitive comparison of the overall differences in descriptors
between RDKit and MD conformations, we conducted a PCA using 116 MOE 3D de-
scriptors (removing one descriptor with a standard deviation of zero). Each descriptor
was standardized using Z-scores, calculated based on the mean and standard devia-
tion of the RDKit conformations for all cyclic peptides. As shown in Fig. 6.6, it is
evident that although the contribution ratios of PC1 are relatively small (23.6% and
25.2%), the distributions of MD conformations and RDKit conformations of 1NMe3
and Cyclosporin A differ significantly in PC1. Furthermore, MD conformations ex-
hibit a broader distribution in PC2. The differences between MD conformations across
different temperatures are not very obvious.

Overall, using MD conformations, which provide greater structural diversity and
potentially more biologically relevant conformations, may lead to differences in predic-

tion results for membrane permeability.
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6.3 Conformation Generation of Monomers

To effectively capture the local structural information of cyclic peptides, we de-
signed monomer-level features. Although other levels of features, such as fragment-
level features commonly used in traditional small molecules, could also be considered
for expressing local structures, we designed monomer-level features because monomers
are the standard units in the chemical synthesis of cyclic peptides. When calculating
the conformation of monomers, as described in Section 3.4.2, we did not extract the
monomer conformations directly from the cyclic peptide conformation. Instead, we
recalculated each monomer conformation individually. The reason is that the accu-
racy of the monomer conformation is expected to be higher than that of the cyclic
peptide conformation calculated by RDKit (currently, most conformational calculation
software has not been modified specifically for calculations of cyclic peptides). Fur-
thermore, we wanted to focus on the characteristics of each monomer itself. If the
monomer conformations were extracted from the cyclic peptide, the conformations of
each monomer would be highly constrained by its neighbors. However, calculating
monomer conformations independently might generate conformations that are not fea-
sible within the actual cyclic peptide structure. To address this, larger capping groups,
such as ACE-NME capping [206, 207, 208| (Fig. 6.7), widely used in simulating pro-
teins and peptides, could be applied during monomer division to mimic the behavior
of monomers within cyclic peptides more accurately.

To compare these two capping approaches, we selected four monomers from the
membrane permeability data and compared the conformations of these monomers
generated with the original capping approach with ACE-NME capping. These four
monomers are the relatively small natural amino acid Leucine (L), the unnatural amino
acid Pye (N, N-pyrrolidinyl glutamine), and two monomers, Sub25 and Sub27, which
contain large side chain portions of the Lariat peptide. We first aligned the two types
of conformations (60 conformations with original capping and 60 conformations with
ACE-NME capping) of each monomer. Then, we selected the common portions of the
two types of conformations and performed PCA based on the three-dimensional coordi-
nates of these atoms. As shown in Fig. 6.8, neither monomer showed a clear difference
between the two types of conformations. The results of this comparison indicate that
the conformations generated with ACE-NME capping are generally consistent with
those generated using the original capping approach, indicating that the original cap-
ping method is sufficient for capturing relatively accurate monomer conformations in

most cases.
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6.4 Effect of Atom-Level Features

Atom-level features were incorporated into the model and designed to capture fine-
grained local interactions and provide detailed information on cyclic peptides. Unlike
monomer- or peptide-level features, which reflect broader substructural or molecular
properties, atom-level features focus on the individual atoms, their bonding environ-
ments, and spatial relative relation. These features allow the model to account for
changes in local atomic environments, which could affect molecular binding to pro-
teins, membrane passage, and other biological interactions. Furthermore, atom-level
features, such as bond types, hybridization states, and distances between atoms, pro-
vide important context for understanding the global shape of the molecule and its
ability to interact with external biological systems. For the prediction of membrane
permeability, atom-level features had the lowest impact among the three levels of fea-
tures of the fusion model (Fig. 4.14 (B); F: MAE = 0.355, F-atom: 0.368, F-mono:
0.387, and F—pep: 0.388). In contrast, for PPB rate prediction, the atom-level fea-
tures were more informative (Fig. 5.9; on test set, F: MAE = 2.44%, F-atom: 4.55%,
F-mono: 6.11%, and F—pep: 3.82%; on DrugBank set, F: 8.53%, F-atom: 13.76%, F—
mono: 13.57%, and F—pep: 8.21%). This suggests that while atom-level information is
less critical for predicting permeability, it still contributes meaningfully to predicting

PPB rates, particularly in capturing certain local interactions and structures.

One possible explanation for the minimal influence of atom-level features may be
that cyclic peptides are structurally larger and more complex than small molecules.
For instance, in the permeability dataset, the maximum number of heavy atoms was
128, while in the PPB dataset, it was 162 (Fig. 6.9). Currently, when calculating atom-
level features, we apply padding to cyclic peptides with fewer heavy atoms than the
largest peptide in the dataset. Given the wide range and uneven distribution of heavy
atom numbers in the dataset—particularly in the permeability dataset—many atom-
level features end up being sparse, contributing less informative data to the model.
This sparsity is likely one of the key factors that limit the utility of atom-level features
for cyclic peptides. Moreover, we currently calculate the 3D Fuclidean distances be-
tween atoms (Conf) based on 3D conformations generated using a relatively simple
process by RDKit software, which may not provide sufficiently accurate structures.
This limitation in the accuracy of the 3D conformations could further reduce the util-
ity of atom-level features, especially when predicting permeabilities of complex cyclic
peptides where precise structural information is crucial. Furthermore, the monomer-

and peptide-level features rely on descriptors representing higher-order physicochemical
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properties, such as lipophilicity and polar surface area, which provide more advanced
information. In contrast, the atom-level features primarily include basic information
such as atom types and relative distances, which may not be sufficient to capture the
complex properties that govern the interactions between cyclic peptides and biological
systems. Regarding integrating the three levels of information (peptide, monomer, and
atom), the current model concatenates the latent feature vectors from each sub-model.
While this approach is straightforward, it may not effectively capture the unequal con-
tributions of each feature level, particularly for tasks where certain types of features
(such as monomer-level features for PPB rate prediction) are more relevant. A more
refined integration approach, such as attention mechanisms or weighted combination

methods, could better balance the contributions of the three-level features.
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6.5 Effect of Single-Level Data Augmentation

We implemented three different data augmentation techniques to perform peptide-,
monomer-, and atom-level augmentation. These augmentation methods were designed
based on the inherent complexity of cyclic peptide conformational changes, the na-
ture of cyclic peptide sequences, and the flexibility of SMILES representations. Data
augmentation significantly improved prediction accuracy for both membrane perme-
ability and PPB rate predictions. Furthermore, we assessed model performance at
various augmentation folds (Section 4.4.6 and Section 5.3.2). For example, when using
5-fold augmentation, each sub-model (peptide, monomer, and atom) employed five dis-
tinct input replicas, respectively. Additional experiments were performed on the fusion
model of membrane permeability prediction to discuss which single-level augmentation
would be most effective. For n-fold augmentation, we applied the augmentation only
to one selected sub-model while using n repetitions of the same input for the other
two sub-models. This approach allowed us to isolate the effect of each augmentation
method and evaluate the individual contribution of peptide-, monomer-, and atom-level
augmentation on the overall model performance.

The MAEs of the fusion model, when only peptide-, monomer-, and atom-level
augmentations were applied, respectively, are shown in Fig. 6.10 (A) to (C). In this case,
only monomer-level augmentation showed an improvement, with MAE decreasing up
to 10-fold augmentation (M—1: 0.456, M—10: 0.384), beyond which no further changes
were observed (Fig. 6.10 (B)). For peptide-level and atom-level augmentations, the
MAE did not decrease as replicas increased, and the lowest MAE was observed when
no augmentation was applied (P-1 and A-1: 0.456). A possible reason for this result
is that the monomer-level feature is completely independent, while both peptide- and
atom-level features rely on peptide conformation. For example, when peptide-level
augmentation is applied, the values of 3D descriptors vary across different replicas,
but at the same time, in the atom-level input, the 3D distance matrix (Conf) between

atoms does not change across replicas, which may lead to a mismatch in correspondence.
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Figure 6.10: Ablation study results (MAE) for membrane permeability prediction with
the fusion model on the test set, showing performance across varying numbers of input
replicas at each augmentation level: (A) Peptide-level, (B) Monomer-level, and (C)
Atom-level. Note that for each level, the other two levels use duplicated inputs.
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Chapter 7

Conclusion

7.1 Conclusion

In this thesis, we describe the development of a multi-level molecular features de-
sign method and data augmentation strategy for accurately predicting the permeability
and PPB rate of cyclic peptides. These novel approaches were implemented for two
prediction models: fusion model-based CycPeptMP for cell membrane permeability
prediction and monomer model-based CycPeptPPB for PPB rate prediction related
to plasma stability. Both models demonstrated significant improvements over conven-
tional methods (CycPeptMP: MAE = 0.355, R = 0.883; CycPeptPPB: MAE = 4.40%,

R = 0.947). Below, we summarize the contributions provided by this work.

7.1.1 Contributions

e We proposed a multi-level molecular feature design method, which integrates
peptide-, monomer-, and atom-level features to comprehensively capture the
structural complexity of cyclic peptides (Chapter 3). It was inspired by the
physicochemical knowledge of membrane permeability and PPB of cyclic pep-
tides, aimed to concurrently capture both the critical local substructures and the
overall peptide structures. Additionally, to address the scarcity of cyclic peptide
data, we introduced various data augmentation strategies tailored to cyclic pep-
tides, including generating multiple 3D conformations, sequence arrangements,
and SMILES enumeration, to improve model training efficiency. These tech-
niques effectively increased the diversity of the training dataset, considering the

conformational flexibility and circularity of peptides.
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e We constructed the world’s first cyclic peptide membrane permeability database,

CycPeptMPDB (Section 4.2, Appendix C). We conducted an extensive search
through published papers and pharmaceutical company patent documents, com-
piling over 7,000 cyclic peptide structures along with their experimentally mea-
sured membrane permeabilities from 47 distinct sources. CycPeptMPDB also
provides various valuable information, such as unified sequence representations
that are essential for the development of cyclic peptide drugs. By addressing the
limitations caused by insufficient data, CycPeptMPDB has significantly advanced
the development of DL-based prediction methods for cyclic peptide membrane

permeability, overcoming a major hurdle in the field.

We developed CycPeptMP: an accurate and efficient cyclic peptide membrane
permeability prediction method (Chapter 4). By leveraging the three-level molec-
ular features, the fusion model-based CycPeptMP effectively captured critical
local substructures and the global molecular conformation, which are essen-
tial for predicting membrane permeability in cyclic peptides. CycPeptMP out-
performed diverse existing methods, including traditional machine learning ap-
proaches for cyclic peptide permeability prediction and state-of-the-art DL-based
small molecule property prediction models. Moreover, CycPeptMP successfully
predicted peptide permeabilities, which are challenging for MD-based methods,

while significantly lower computational costs.

The practical value of CycPeptMP in real-world cyclic peptide drug development
lies in its capability to rapidly filter out candidate compounds with inadequate
permeability during lead optimization. With MAE = 0.355, CycPeptMP achieves
a high level of predictive accuracy; given the logarithmic nature of LogPey,,, a pre-
diction difference of 0.35 translates to an approximate 2.25-fold difference in ac-
tual permeability speed. The collected data encompass a broad range of LogPey,
values, from —10 to —4, representing a six-log unit range in permeability speed.
Within this range, a 2.25-fold discrepancy remains acceptable in practical drug
development. Additionally, MAE = 0.355 aligns closely with experimental error
in biochemical assays. For example, Cyclosporin A, a widely used cyclic peptide
drug, and 1NMe3, a known high-permeability cyclic peptide, have 10 and 14 dis-
tinct measurement values (not limited to PAMPA) recorded in CycPeptMPDB.
The LogP.y, values for Cyclosporin A vary from —5.01 to —6.20, with a standard
deviation of 0.360, while INMe3 values range from —4.40 to —6.40, with a stan-
dard deviation of 0.690. CycPeptMP offers predictions comparable to assay-level
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reliability, making it a viable alternative to traditional biochemical assays.

The current computational cost for predicting a single cyclic peptide is divided
into three main stages: generating 3D conformations (approximately three hours),
calculating molecular features (approximately ten minutes), and the final pre-
diction stage (a few seconds on an NVIDIA RTX4090 GPU), comparable in
speed to traditional ML-based methods. This cost is significantly lower than
biochemical assays (requiring actual compound synthesis and up to 24 hours of
measurement) and MD simulations (requiring extensive GPU calculations over
several tens of hours). Furthermore, based on ablation studies, omitting 3D struc-
tural information yields a predictive accuracy of MAE = 0.380, which remains
strong. Skipping the most time-consuming 3D conformation generation step re-
duces computational time to ten minutes. Finally, although we applied 60-fold
data augmentation, achieving similar performance with only 20-fold augmenta-
tion (MAE = 0.358) could cut computational costs by two-thirds, reducing the

prediction time to approximately one hour per peptide.

e We also developed CycPeptPPB: a highly accurate cyclic peptide PPB rate pre-
diction model (Chapter 5). Monomer-level features played the most important
role, and the monomer model-based CycPeptPPB outperformed various com-
parison methods, demonstrating its ability to effectively capture the essential
substructural information critical for predicting the PPB rates of cyclic peptides.
Furthermore, CycPeptPPB’s saliency map analysis enabled the identification of
important monomers that influence PPB, contributing to more efficient cyclic

peptide drug design and optimization.

CycPeptPPB demonstrates sufficient accuracy to selectively filter compounds
with inadequate PPB rates during early drug development. With MAE = 4.40%,
CycPeptPPB surpasses traditional ML-based models (MAE of 10-20%), provid-
ing a robust level of precision. The collected public datasets (Tajimi and Drug-
Bank datasets) contain PPB rates distributed across a range from 0% to 100%.
Given this variability, a prediction error of less than 5% is within acceptable
limits for practical drug development. Moreover, through discussions with phar-
maceutical development specialists at PeptiDream Inc. during the development
of CycPeptPPB, we concluded that CycPeptPPB has practical applicability in

real-world drug development.

Regarding computational cost, while CycPeptPPB is based on the monomer

model and thus more lightweight than the fusion model, generating 3D conforma-
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tions remains the most computationally demanding step, with each cyclic peptide
prediction requiring approximately half an hour. Compared to traditional PPB
assays (requiring compound synthesis and up to 24 hours of measurement), Cy-
cPeptPPB offers a significantly reduced time investment. Notably, CycPeptPPB
achieves MAE = 4.53% even without using 3D structural information, maintain-
ing high predictive accuracy while reducing the prediction time for each peptide

to just a few minutes.

The completion of this study marks the first time that large-scale cyclic peptide
membrane permeability and PPB rate prediction, which cannot be evaluated by tra-
ditional screening methods, has been realized. This advancement enables the efficient
design of candidate cyclic peptides and accelerates the development of cyclic peptide
drugs, which are expected to revolutionize drug discovery. As a result, cyclic peptide-
based medications will become available for treating more diseases, and with innova-
tions such as oral administration, the market share of peptide drugs, which stood at
only 5% in 2019 [18], is expected to expand significantly.

Furthermore, the multi-level feature design and data augmentation methods pro-
posed in this study are not limited to cyclic peptides. For example, they can also be
extended and applied to linear peptides, enabling a broader range of drug discovery

and optimization efforts.

7.2 Future Works

This section discusses future directions from two perspectives: the technical im-
provements of the proposed methods and broader challenges in the cyclic peptide drug
discovery field. The technical challenges focus on improving the predictive accuracy
and generalization of the proposed models, while the broader challenges emphasize
addressing the remaining issues in cyclic peptide drug development after achieving

large-scale permeability and PPB rate predictions.

7.2.1 Technical improvements of proposed methods
Improvement of 3D conformations generation method

Currently, the 3D conformations are generated using a relatively simple approach
through the RDKit software. For permeability prediction where 3D information plays

a critical role, as discussed in Section 6.2, we have already utilized MD simulation
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to generate cyclic peptide conformations. Comparison with RDKit conformations re-
vealed significant differences in the structural features derived from MD. This suggests
that training prediction models using MD conformations could potentially improve
performance due to their greater structural diversity and higher accuracy. Notably, by
employing two TSUBAMES3.0 f-nodes with eight GPUs in parallel, the computation
time for a single cyclic peptide was reduced to approximately one hour. For PPB rate
prediction, leveraging 3D conformations obtained from docking poses may similarly

enhance the predictive performance of the models.

Improvement of integration method of sub-level features

At present, the three sub-models extract latent features, which are then simply
concatenated for the final prediction. Considering cases like PPB, where monomer-
level features are particularly crucial, a weighted combination or alternative integra-
tion method, rather than straightforward concatenation, may yield better prediction

accuracy by giving appropriate importance to each feature level.

Further data collection

The available PPB data is still quite limited. Although there is already a substantial
amount of data for membrane permeability, the vast possible combinations of monomers
make the existing data insufficient to cover all cases. Specially modified monomers not
included in the current dataset may still pose challenges, and expanding the dataset

to include such examples would improve model robustness.

7.2.2 Challenges in cyclic peptide drug discovery
Immunogenicity

Oligopeptides are generally considered to be poor immunogens [209]. However,
notable examples, such as discontinuing late-stage clinical trials for linear peptides,
reveal that immunogenicity can still pose significant issues [4]. For instance, medium-
sized peptides (3-5 kDa), even those derived from human sequences like taspoglutide,
have been shown to cause severe immune responses. The lack of extensive research on
smaller macrocyclic peptides prevents definitive conclusions about their immunogenic
potential. Further studies are essential to advance the therapeutic use of macrocyclic
peptides, uncover the factors that drive immunogenic or non-immunogenic responses,

and ensure their safety in clinical applications.
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Clearance pathways prediction

The metabolism and elimination of drugs involve coordinated actions of various
metabolic enzymes and transport proteins, collectively called clearance pathways. Ac-
curately predicting clearance pathways is crucial for ensuring the safe and effective
clinical use of therapeutic agents. However, predicting clearance pathways of cyclic
peptides presents a significant challenge. The scarcity of relevant experimental data
limits the feasibility of large-scale machine learning approaches, which rely heavily on

extensive and diverse datasets for model training and validation.

Advancing docking techniques for cyclic peptides

While cyclic peptides with high target affinity can often be identified through dis-
play techniques, understanding their binding mechanisms or leveraging docking to pre-
dict PPB rates and PPI inhibition, etc., requires specialized, high-accuracy docking
methods. However, due to several limitations, most currently available docking pro-
grams are not well-suited for protein-cyclic peptide docking [210]. First, the structural
features of cyclic peptides, including closed loops and noncanonical amino acids, chal-
lenge the applicability of traditional docking programs. Second, the unique confor-
mational flexibility of cyclic peptides often results in distributions that deviate from
those predicted by classical force fields, which are typically optimized for linear pep-
tides. This divergence significantly impacts the predictive accuracy of these docking
programs. Existing docking programs capable of handling protein-cyclic peptide inter-
actions, such as AutoDock CrankPep (ADCP) [211] and HADDOCK2.4 [212], usually
extend methodologies developed for the protein-small molecule or protein-peptide dock-
ing. These tools typically generate cyclic peptide conformation ensembles using amino
acid sequence data and perform docking with the resulting structures. For instance,
ADCP employs a ring closure method with cyclization potentials or distance restraints
during conformation search and demonstrates state-of-the-art sampling performance
based on a dataset of 38 protein-cyclic peptide complexes. However, it is primarily
limited to cyclic peptides composed of canonical amino acids and cyclized by a narrow
range of bond types, restricting their broader applicability. Additionally, the scor-
ing functions in programs like AutoDock, originally developed and calibrated for small
molecules, often fail to describe protein-peptide interactions accurately [211]. Adapting
these scoring functions or creating new ones tailored explicitly for cyclic peptides would
significantly enhance pose ranking and overall docking accuracy. Overall, addressing

these limitations and developing dedicated docking methods is crucial for advancing



7. Conclusion 161

cyclic peptide-based drug discovery and development.

Expanding computational methods to bicyclic peptides

Most existing computational approaches are designed for monocyclic peptides, over-
looking the unique structural and functional characteristics of bicyclic peptides. How-
ever, bicyclic peptides, which naturally occur and exhibit significant biological activ-
ities, offer additional advantages over monocyclic peptides. These include increased
conformational rigidity, enhanced target binding affinity and selectivity, improved
metabolic stability, and better membrane permeability [213]. The lack of computa-
tional frameworks that effectively account for bicyclic peptides’ structural and func-
tional complexity limits our understanding and ability to design these molecules. Ad-
dressing this gap is essential for advancing the understanding and design of bicyclic

peptides, broadening the scope of cyclic peptide-based drug application.



162 7. Conclusion




Appendix A

Full List of FDA-Approved

Macrocyclic Drugs

163



164

A. Full List of Macrocyclic Drugs

Table A.1: Full therapeutic indications and target classification for the FDA-approved

macrocyclic drugs dataset (n = 72) (cited from [5]).

Five macrocycles (macrocycle

names in bold) are duplicated because each is used in two therapeutic indications.
The table is ordered by therapeutic indication (alphabetically) and then by target
(alphabetically). Complete target names are reported. NA: Target not available.

Therapeutic

Approval

indication Target Drug vear Origin Absorption
. Atrial natriuretic peptide .. Natural product
Achondroplasia receptor (NPR) Vosoritide 2021 derivative Parenteral
Somatostatin receptor . Natural product ]
Acromegaly (SSTR) Lanreotide 2007 derivative Parenteral
Acute coronary Integrin beta-3 (CD61) Eptifibatide 1998 Natura}l pr.oduct Parenteral
syndrome derivative
Vasopressin receptors (VR)  Desmopressin 1978 Naturz%l pr_oduct Oral
- . derivative
Antidiuretic
Vasopressin receptors (VR)  Vasopressin 2014 Natural product Parenteral
Cyclophilin (CyP),
Calcium signal-modulating
cyclophilin ligand Voclosporin 2021 Nat&gﬁi{;);z?wt Oral
(CAMLG), Calcineurin
subunit B (CNB)
Cyclophilin (CyP),
Autoimmune Calcium signal-modulating
diseases cyclophilin ligand Cyclosporin 1983 Natural product Oral
(CAMLG), Calcineurin
subunit B (CNB)
FKBP12, Calcineurin .
subunit B (CNB) Tacrolimus 1994 Natural product Oral
FKBP12, Calcineurin . . Natural product
subunit B (CNB) Pimecrolimus 2001 derivative Parenteral
Chronic Guanylate
Idiopathic cyclase soluble . Natural product ]
Constipation subunit alpha-2 Plecanatide 2017 derivative Parenteral
(CIC) (GUCY1A2)
Voltage-dependent N-type
Chronic pain calcium channel subunit Ziconotide 2004 Natural product Parenteral
alpha-1B (CACNA1B)
Cushing’s Somatostatin receptor o . Natural product . )
disease (SSTR) Pasireotide 2012 derivative Parenteral
. . Melanocortin receptor . Natural product
Genetic obesity (MCR) Setmelanotide 2020 derivative Parenteral
Heart failure Atrial natriuretic peptide Nesiritide 2001 Natural product Parenteral

receptor (NPR)
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Table A.1: (continuation)
Therapeutic ) Approval .. .
indication Target Drug vear Origin Absorption
Cyclophilin (CyP),
Calcium signal-modulating
cyclophilin ligand Cyclosporin 1983 Natural product Oral
(CAMLG), Calcineurin
subunit B (CNB)
FKBP12, Calcineurin . . .
Imnmuno. subunit B (CNB) Tacrolimus 1994 Natural product Oral
suppressant FKBP12,
Serine/threonine-protein Sirolimus 1999 Natural product Oral
kinase mTOR
FKBP12,
Serine/threonine-protein Everolimus 2009 Natura.tl pr.oduct Oral
. derivative
kinase mTOR
Ind;:kt);orn of Oxytocin receptor (OXTR) Oxytocin 1980 Natural product Parenteral
16S/23S rRNA
(cytidine-2’-0)- Capreomycin 1971 Natural product Parenteral
methyltransferase TlyA
23S ribosomal RNA (50S)  Azithromycin 1991 Natura'l pr.oduct Oral
derivative
23S ribosomal RNA (50S)  Clarithromycin =~ 1991 Naturgl pr.oduct Oral
derivative
233 ribosomal RNA (508)  Dirithromycin 1995 evwal product g )
derivative
23S ribosomal RNA (50S)  Erythromycin 1964 Natural product Oral
Infection: o . . Natural product
Antibacterial 23S ribosomal RNA (50S)  Telithromycin 2004 derivative Oral
Bacterial membrane Colistimethate 1970 Natural product Parenteral
Bacterial membrane Daptomycin 2003 Natural product Parenteral
Bacterial membrane Polymyxin B 1951 Natural product Parenteral
C55-isoprenyl Bacitracin 1948 Natural product Parenteral
pyrophosphate
NAM/NAG peptide Dalbavancin 2014 Natural product Parenteral

(D-Ala-D-Ala)

derivative
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Table A.1: (continuation)
Therapeutic Approval .. ‘ .
indication Target Drug vear Origin Absorption
NAM/NAG peptide . . Natural product )
(D-Ala-D-Ala) Oritavancin 2014 derivative Parenteral
NAM/NAG peptide - Natural product i
(D-Ala-D-Ala) Telavancin 2009 derivative Parenteral
NAM/NAG peptide .
(D-Ala-D-Ala) Vancomycin 1958 Natural product  Parenteral
RNA polymerase Fidaxomicin 2011 Natural product Parenteral
RNA polymerase Rifabutin 1992 Natura.ul pr.oduct Oral
derivative
RNA polymerase Rifampicin 1971 Naturavul pr.oduct Oral
derivative
RNA polymerase Rifamycin 2018 Natural product Parenteral
RNA polymerase Rifapentine 1998 Natura.d pr_oduct Oral
derivative
RNA polymerase Rifaximin 2004 Natura.ul pr.oduct Parenteral
derivative
Streptogramin A Dalfopristin 1999 Natura.d pr.oduct Parenteral
acetyltransferase derivative
1,3-beta-glucan synthase . . Natural product
component (FKS1) Anidulafungin 2006 derivative Parenteral
1,3-beta-glucan synthase e Natural product . )
component (FKSI) Caspofungin 2001 derivative Parenteral
1,3-beta-glucan synthase Micafungin 92005 Natura.ul plioduct Parenteral
. component (FKS1) derivative
Infection:
Antifungal Ergosterol Amphotericin B 1966 Natural product Parenteral
Ergosterol Natamycin 1978 Natural product Parenteral
Ergosterol Nystatin 1964 Natural product Parenteral
GABA-A gated chloride . . . i
channel (GABAA) Moxidectin 2018 Natural product Oral
Infection: Glutamate-gated chloride
Antiparasitic channel (Glu@l), GABA-A Ivermectin 1996 Natural product Oral
gated chloride channel
(GABAA)
HCV NS3/4A protease Glecaprevir 2017 De novo Oral
HCV NS3/4A protease Grazoprevir 2016 De novo Oral
(Hepajmt}s C) HCV NS3/4A protease Paritaprevir 2014 De novo Oral
Antiviral
Infection: HCV NS3/4A protease Simeprevir 2013 De novo Oral
HCV NS3/4A protease Voxilaprevir 2017 De novo Oral
Macular NA (Reactive oxygen Verteporfin 2000 Natural product Parenteral

degeneration

species) (ROS)

derivative
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Table A.1: (continuation)
Therapeutic ) ) Approval - .
indication Target Drug vear Origin Absorption
ALK receptor Lorlatinib 2018 De novo Oral
CXCR4 chemokine receptor Plerixafor 2008 De novo Parenteral
DNA Dactinomycin 1964 Natural product Parenteral
Histone deacetylase 1,2 . . ) )
(HDAC) Romidepsin 2009 Natural product Parenteral
NA (Re.actlve oxygen Porﬁmer 1995 Nature?l pr.oduct Parenteral
species) (ROS) sodium derivative
Lutetium
Prostate-specific antigen Lu-177 Natural product X
(PSA) Vipivotide 2022 derivative Parenteral
Tetraxetan
FKBP12,
Serine/threonine-protein Everolimus 2009 Nature%l prhoduct Oral
. derivative
kinase mTOR
FKBP12,
Oncology Serine/threonine-protein Sirolimus 1999 Natural product Oral
kinase mTOR
FKBP12, Natural product
Serine/threonine-protein Temsirolimus 2007 e proc Parenteral
: derivative
kinase mTOR
Somatostatin receptor . Natural product
(SSTR) Lanreotide 2007 derivative Parenteral
Somatostatin receptor Lutetium Lu Natural product
(SSTR) 177 Dotatate 2018 derivative Parenteral
Somatostatin receptor . Natural product
(SSTR) Octreotide 1988 derivative Oral
Tubulin Eribulin 2010 Natur@l pI:OduCt Parenteral
derivative
Tubulin Ixabepilone 2007 Naturgl prpduct Parenteral
derivative
Tyrosine-protein kinase
JAK.2 Recep‘?or—t.ype Pacritinib 2022 De novo Oral
tyrosine-protein kinase
FLT3
Premenopausal
women (with , . i I
hypoactive Melanocortin receptor Bremelanotide 2019 Natu@l pr.O(luct Parenteral
. (MCR) derivative
sexual desire
disorder)
Methionine synthase (MS)
Methylmalonyl-CoA
mutase (MCM) Methionine Cyanocobalamin 1942 Natural product Oral
synthase reductase
Vitamin B12 (MTRR) (mitochondrial)
deficiency Methionine synthase (MS)
Methylmalonyl-CoA
mutase (MCM) Methionine Hydroxocobalamin 1975 Natural product Oral

synthase reductase
(MTRR) (mitochondrial)
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Figure A.1: Structure of all 67 FDA-approved macrocyclic drugs.
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Structures and

molecular weights are from PubChem and ChEMBL databases.
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Figure A.1: (continuation)
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Natural product derivative
Parenteral
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Temsirolimus Lutetium Lu 177 Dotatate
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Natural product derivative Natural product derivative
Parenteral Parenteral
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Appendix B

Full List of Calculated 1,857

Descriptors

The full list and descriptions of the Mordred descriptors can be found in
https://mordred-descriptor.github.io/documentation/master/descriptors.html.
The full list of the MOE descriptors is shown in Table B.1 and Table B.2. The full list
of the RDkit descriptors is shown in Table B.3.

177
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Table B.1: Full list of calculated 206 MOE 2D descriptors.

Type Name ‘ Type Name ‘ Type Name
apol SMR_VSAO lip_violation
bpol SMR_VSA1 nmol
density SMR_VSA2 opr_brigid
FCharge SMR_VSA3 opr_leadlike
mr SMR_VSA4 opr_nring
SMR, SMR_VSA5 opr_nrot
Weight SMR_VSA6 opr_violation
Physical logP(o/w) SMR_VSAT7 ast_violation
Properties SlogP a_aro ast_violation_ext
logS a_count ast_fraglike
mutagenic a_heavy ast_fraglike_ext
reactive a_ICM rings
rsynth alC VAdjMa
TPSA a_nH VAdjEq
vdw _vol anB chi0
vdw_area anC chi0_C
h_ema a_nN chil
h_emd anO chil _C
h_emd_C anF chiOv
h_log_pbo anP Kier & Hall ch1QV,C
h_log_dbo a_ns .. chilv
h_mr anCl Connectivity chilv_C
Hueckel h_logP a_nBr and Kierl
Theory e Atom Counts N Kappa Shape .
Descriptors h-logS and a-nl Indices K?eﬁ
h_pavgQ Bond Cotnts b_1rotN Kier3
h_pstates b_1rotR KierAl
h_pstrain b_ar KierA2
h_pKa b_count KierA3
h_pKb b_double KierFlex
h_logD b_heavy zagreb
SlogP_VSA0Q b_rotN balabanJ
SlogP_VSA1 b_rotR BCUT_PEOE_0
SlogP_VSA2 b_single BCUT_PEOE_1
. SlogP_VSA3 b_max1len Adjacency BCUT_PEOE_2
S“Sbu‘ilf;ied SlogP_VSA4 b_triple and BCUT_PEOE_3
Aroas SlogP_VSA5 chiral Distance Matrix BCUT_SLOGP_0
SlogP_VSA6 chiral u Descriptors BCUT_SLOGP_1
SlogP_VSA7 lip_acc BCUT_SLOGP 2
SlogP_VSAS lip_don BCUT_SLOGP_3
SlogP_VSA9 lip_druglike BCUT_SMR._0
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Table B.1: (continuation)

Type Name ‘ Type Name Type Name
BCUT SMR._1 Q_PC- PEOE_VSA-1
BCUT_SMR 2 PEOE_PC- Partial PEOE_VSA-2
BCUT_SMR_3 RPC+ Charge PEOE_VSA-3
diameter QRPC+ Descriptors PEOE_VSA-4
petitjean PEOE_RPC+ PEOE_VSA-5
GCUT_PEOE.0 RPC- PEOE_VSA-6
GCUT_PEOE_1 QRPC-
GCUT_PEOE_2 PEOE_RPC-
GCUT_PEOE_3 Q_VSA POS
Adjacency GCUT_SLOGP_0 PEOE_VSA POS
and GCUT_SLOGP_1 Q_VSA NEG
Distance Matrix GCUT_SLOGP_2 PEOE_VSA_NEG
Descriptors GCUT_SLOGP_3 Q-VSA_PPOS
GCUT_SMR.0 PEOE_VSA PPOS
GCUT_SMR_1 Q_VSA PNEG
GCUT_SMR_2 PEOE_VSA PNEG
GCUT_SMR_3 Q_VSA HYD
petitjeanSC PEOE_VSA HYD
radius Partial Q_VSA POL
VDistEq Charge PEOE_VSA POL
VDistMa Descriptors Q_VSA FPOS
weinerPath PEOE_VSA FPOS
weinerPol Q_VSA FNEG
a_acc PEOE_VSA FNEG
a_acid Q_VSA FPPOS
a_base PEOE_VSA_FPPOS
a_don Q_VSA_FPNEG
a_donacc PEOE_VSA FPNEG
Pharmacophore a_hyd Q_VSA FHYD
Feature vsa_acc PEOE_VSA FHYD
Descriptors vsa_acid Q_VSA FPOL
vsa_base PEOE_VSA _FPOL
vsa_don PEOE_VSA+6
vsa_hyd PEOE_VSA+5
vsa_other PEOE_VSA+4
vsa_pol PEOE_VSA+3
PC+ PEOE_VSA+2
Partial Charge Q-PC+ PEOE_VSA+1
Descriptors PEOE_PC+ PEOE_VSA+0
PC- PEOE_VSA-0
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Table B.2: Full list of calculated 117 MOE 3D descriptors.

Type Name ‘ Type Name ‘ Type Name

E vsurf IW3 vsurf DD13
E_ang vsurf TW4 vsurf_ DD23

E_ele vsurf IW5 vsurf HL1

E_nb vsurf_TW6 vsurf_HL2

Potential E_oop vsurf TW7 vsurf_A

Energy E_sol vsurf TW8 vsurf_ CP
Descriptors E_stb vsurf CW1 vsurf Wpl
E_str vsurf CW2 vsurf_ Wp2

E_strain vsurf CW3 vsurf_ Wp3

E_tor vsurf CW4 vsurf_ Wp4

E_vdw vsurf CW5 vsurf_Wp5h

ASA vsurf CW6 vsurf_Wp6

dens vsurf CW7 vsurf_ Wp7

glob vsurf CW8 vsurf_ Wp8

pmi vsurf EWminl vsurf HB1

pmil vsurf EWmin2 vsurf_ HB2

pmi2 vsurf EWmin3 vsurf_ HB3

pmi3 vsurf DW12 vsurf_ HB4

nprl vsurf DW13 vsurf_ HB5

Surface Area,

npr2 vsurf DW23 vsurf_ HB6
Volume and
Igyr Shape Descriptors vsurf_D1 vsurf_HB7
std_dim1 vsurf_D2 vsurf_HBS&
std_dim2 vsurf_D3 ASA+
std_dim3 vsurf_D4 ASA-
Surface Area, vol vsurf_D5b ASA H
Volume and VSA vsurf_D6 ASAP
Shape Descriptors — vsurf 'V vsurf D7 DASA
vsurf_S vsurf_D8 CASA+
vsurf_R vsurf_ID1 Conformation CASA-
vsurf_G vsurf_1D2 Dependent DCASA
vsurf W1 vsurf 1D3 Charge Descriptors dipole
vsurf_W2 vsurf_ID4 FASA+
vsurf_W3 vsurf_ID5 FASA-
vsurf_W4 vsurf_ID6 FCASA+
vsurf_W5H vsurf_ID7 FCASA-
vsurf_W6 vsurf_ID8 FASA_H
vsurf_W7 vsurf_EDmin1 FASA_P
vsurf_W8 vsurf_EDmin2
vsurf_IW1 vsurf_EDmin3

vsurf_ IW2 vsurf_DD12
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Table B.3: Full list of calculated 208 RDKit 2D descriptors.

MaxEStatelnde
MinEStateIndex
MaxAbsEStateIndex
MinAbsEStatelndex
qed
MolWt
Heavy AtomMolWt
ExactMolWt
NumValenceElectrons
NumRadicalElectrons
MaxPartialCharge
MinPartialCharge
MaxAbsPartial Charge
MinAbsPartialCharge
FpDensityMorganl
FpDensityMorgan2
FpDensityMorgan3
BCUT2D_MWHI
BCUT2D_MWLOW
BCUT2D_CHGHI
BCUT2D_CHGLO
BCUT2D_LOGPHI
BCUT2D_LOGPLOW
BCUT2D_MRHI
BCUT2D_MRLOW
BalabanJ
BertzCT
Chi0
ChiOn
ChiOv
Chil
Chiln
Chilv
Chi2n
Chi2v
Chi3n
Chi3v
Chi4n
Chidv
HallKierAlpha
Ipc
Kappal
Kappa2
Kappa3
LabuteASA
PEOE_VSA1
PEOE_VSA10
PEOE_VSA11
PEOE_VSA12
PEOE_VSA13
PEOE_VSA14
PEOE_VSA2

PEOE_VSA3
PEOE_VSA4
PEOE_VSA5
PEOE_VSAG
PEOE_VSAT
PEOE_VSAS
PEOE_VSA9
SMR_VSA1
SMR_VSA10
SMR_VSA2
SMR_VSA3
SMR_VSA4
SMR_VSA5
SMR_VSAG6
SMR_VSAT7
SMR_VSAS
SMR_VSA9
SlogP VSA1
SlogP_VSA10
SlogP_VSA11
SlogP_VSA12
SlogP_VSA2
SlogP_VSA3
SlogP_VSA4
SlogP_VSA5
SlogP_VSA6
SlogP _VSA7
SlogP_VSAS
SlogP_VSA9
TPSA
EState_VSA1
EState_VSA10
EState_VSA11
EState_VSA2
EState_VSA3
EState_VSA4
EState_VSA5
EState_VSAG
EState_VSAT
EState_VSAS8
EState_VSA9
VSA _EStatel
VSA_EStatel0
VSA_EState2
VSA_EState3
VSA_EState4
VSA _EStateb
VSA_EState6
VSA _EState7
VSA _EState8
VSA _EState9
FractionCSP3

HeavyAtomCount
NHOHCount
NOCount
NumAliphaticCarbocycles
NumAliphaticHeterocycles
NumAliphaticRings
NumAromaticCarbocycles
NumAromaticHeterocycles
NumAromaticRings
NumHAcceptors
NumHDonors
NumHeteroatoms
NumRotatableBonds
NumSaturatedCarbocycles
NumSaturatedHeterocycles
NumSaturatedRings
RingCount
MolLogP
MolMR
fr_ AL.COO
fr_ Al OH
fr_ Al OH_noTert
fr ArN
fr Ar_.COO
fr Ar N
fr Ar NH
fr Ar OH
fr COO
fr COO2
fr.C.O
fr C_.0O_noCOO
fr C_S
fr HOCCN
fr_Tmine
fr NHO
fr NH1
fr NH2
fr N_O
fr_Ndealkylationl
fr_Ndealkylation2
fr_Nhpyrrole
fr SH
fr_aldehyde
fr_alkyl carbamate
fr_alkyl halide
fr_allylic_oxid
fr_amide
fr_amidine
fr_aniline
fr_aryl_methyl
fr_azide
fr_azo

fr_barbitur
fr_benzene
fr_benzodiazepine
fr_bicyclic
fr_diazo
fr_dihydropyridine
fr_epoxide
fr_ester
fr_ether
fr_furan
fr_guanido
fr_halogen
fr_hdrzine
fr_hdrzone
fr_imidazole
fr_imide
fr_isocyan
fr_isothiocyan
fr_ketone
fr_ketone_Topliss
fr_lactam
fr_lactone
fr_methoxy
fr morpholine
fr_nitrile
fr_nitro
fr_nitro_arom
fr_nitro_arom_nonortho
fr_nitroso
fr_oxazole
fr_oxime
fr_para_hydroxylation
fr_phenol
fr_phenol noOrthoHbond
fr_phos_acid
fr_phos_ester
fr_piperdine
fr_piperzine
fr_priamide
fr_prisulfonamd
fr_pyridine
fr quatN
fr_sulfide
fr_sulfonamd
fr_sulfone
fr_term_acetylene
fr_tetrazole
fr_thiazole
fr_thiocyan
fr_thiophene
fr_unbrch_alkane
fr_urea
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Appendix C

Development of a Comprehensive
Database of Membrane
Permeability of Cyclic Peptides
(CycPeptMPDB)

C.1 Overview of CycPeptMPDB Framework

As shown in Fig. C.1, CycPeptMPDB is a comprehensive database recording the
membrane permeability of cyclic peptides based on data obtained from published pa-
pers and pharmaceutical patents. It mainly contains two types of data for cyclic
peptides: (1) property information, i.e., experimental values of membrane permeabil-
ity and physical quantities such as LogP (an index of lipophilicity) estimated from
chemical structure, and (2) chemical structure information, i.e., sequence information
described by HELM and monomers as partial structures constituting the cyclic pep-
tides. CycPeptMPDB provides several functions, such as data storage, statistics and

visualization, and searching and analysis.

183



184 C. Development of CycPeptMPDB

g | Functions

e Search e Visualization

A @
/ e

g G

CycPeptMPDB

=
patents [ G

=3\ ( Peptides |

Permeability

Structure ¥y A
Sequence (HELM) ‘_”\ Y )
Properties AT

N
I

[ Monomers ]

IUPAC Y

Structure i

Properties A_©° N
[ "l

Figure C.1: Basic framework of CycPeptMPDB. CycPeptMPDB data were collected
from published papers and patents of pharmaceutical companies and then manually
inspected. Information in various formats was deposited into a PostgreSQL-based
database for various web-based functions.

C.2 3D Structure Generation of Cyclic Peptides

Chemical structural information of the collected cyclic peptides was recorded in
SMILES notation. Additionally, as conformation generation for cyclic peptides is com-
putationally expensive, we generated the 3D structure of each cyclic peptide using RD-
Kit software (version 2020.09.1), allowing users to quickly start relevant research. We
generated 5,000 conformations per peptide (with imposing macrocycle torsion angle
preferences, useMacrocycleTorsions=True) and removed redundant conformations
with RMSD less than 1.0 A. Next, the structure optimization of each conformation
was performed using the UFF force field, and the top structure with the lowest po-
tential energy was selected. This approach provided a computationally efficient way
to obtain the 3D structure of cyclic peptides. However, it should be noted that the
minimum energy conformation obtained by molecular mechanics force fields may not
necessarily reflect the true conformations of the peptides in biological systems. Fur-
thermore, most peptides are likely to populate conformational ensembles rather than a
single conformation. The 3D structure of the cyclic peptide can be viewed online and
downloaded in SDF format.
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C.3 Introduction of Web Page Functions

C.3.1 Peptide browsing function

As mentioned in Section 4.2, CycPeptMPDB includes 7,334 structurally diverse
cyclic peptides (the number including duplicated structures from all publications was
7,451) from 45 papers and 2 pharmaceutical company patents. As shown in Table 4.1,
only 6 publications reported more than 100 peptides, 2020_Townsend[163] with 3,086
peptides accounting for more than 40% of the total. In addition, when browsing pep-
tides, we prepared three classification methods in addition to browsing by Data Source:
Assay Type, Monomer Length, and Molecule Shape (Fig. C.2 (A)). When classified by
monomer length (peptide sequence length), according to the monomer splitting method
used in this study (cleavage of peptide and ester bond), the monomer length ranged
from 2 to 15. Furthermore, the behavior of side chains of cyclic peptides and the
formation of hydrogen bonds between side chains and the main chain can have a sig-
nificant impact on membrane permeability; therefore, it may be necessary to separate
the treatment of Circle and Lariat peptides. Circle peptides accounted for under 70%
(5,115) of the total and Lariat peptides for about 30% (2,336). Moreover, detailed
information for the source can also be accessed if browsed by Data Source, as shown
in Fig. C.2 (B). After navigating to the corresponding subset list page, the brief table
of peptides displays basic information of peptides, including: CycPeptMPDB ID, 2D
structure image, HELM, permeability, molecular weight, monomer length, and LogP
(Fig. C.2 (B)). If users want to refine the list of accessed peptides further, the search
function on the upper right of the table can be used. This search function differs from
the search function described in Section C.3.2 in that it can filter peptides that partially
match the contents of the table (data source name, publication year of source, original

name in source, and molecule shape are provided in addition to the table contents).

C.3.2 Peptide search function for quick data retrieval

In addition to peptide browsing, users can use the peptide search function to quickly
find their target peptides. The search module supports conditional searches for peptides
by seven options and their logical combinations. These options include publication
year of source, permeability, assay type, original compound name in source, molecular
weight, monomer length, and molecule shape. Numeric options such as permeability
can also be searched by range; see CycPeptMPDB usage for specific search examples

and detailed instructions. In addition to the homepage, users can also use the peptide
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Figure C.2: (A) Classification method selection for browsing peptides and browsing
page. The case when Monomer Length is selected is shown as an example. (B) Peptide’s
list page. The background color of the permeability cell is yellow when the permeability
is High (LogPex, > —6.00) and green when it is Low (LogPey, < —6.00).



C. Development of CycPeptMPDB 187

search function from the search box in the upper right corner of each page.

C.3.3 Visualization functions on peptide detail page

We incorporated several useful functions in the peptide detail page for peptides and
monomers. First, for peptides of the same structure reported in multiple sources, we
listed all published membrane permeability measurements in the peptide information
section (Fig. C.3 (A)). In addition to measurements from different assays of the same
source, the measured membrane permeabilities between each source are also different.
This function allows users to quickly select the measured membrane permeability val-
ues obtained under different measurement environments. Because the number of 3D
structures that cyclic peptides can take is enormous, generating 3D structures requires
a large amount of computational resources. Therefore, to facilitate the use of Cy-
cPeptMPDB, we generated 5,000 conformations per peptide with RDKit software as
described in Section C.2. The most stable single conformation was selected and stored
(Fig. C.3 (B)). Finally, to increase the readability of the HELM representation and
support sequence-based analysis, we also created HELM image and LogP and TPSA
transition diagrams for the sequence (Fig. C.3 (B)). Using these functions, users can

quickly capture the change in peptide sequence and partial characterization.
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Figure C.3: (A) Peptide information section of the peptide detail page. (B) The
structural information section of the peptide detail page. HELM images and LogP
transition diagrams are colored by the LogP value of each monomer.
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C.3.4 Browsing and visualization functions of monomers

A total of 312 monomers were defined as substructures that comprise the peptides,
and they were classified into 21 categories by their natural analog (20 natural amino
acids and unknown (X)). Natural analogs were established by referring to the descrip-
tion of each monomer in PubChem and the monomer library of ChEMBL. Among
these 21 categories, categories F (38) and G (38) included the most monomers, and
there were two other categories with more than 20 monomers: A (25) and S (26).
We provided a browsing function for monomers by natural analog (Fig. C.4 (A)). Af-
ter navigating to the corresponding subset list page, the brief table displays the basic
information of monomers, including symbol, 2D structure image, monomer type (Back-
bone or Terminal), natural analog, attachment points (R1-R3), molecular weight, and
LogP (Fig. C.4 (B)). Next, as shown in Fig. C.5 (A), we included the PubChem CID
of the monomer and created a link to PubChem in the monomer detail page. Users
can obtain more diverse information on the monomer from PubChem. Moreover, the
monomer detail page lists the distribution of the number of peptides containing each
monomer and the membrane permeability distribution of these peptides (Fig. C.5 (B)).

This function will assist users in performing monomer-level analysis.

C.4 Data and Software Availability

All information recorded in CycPeptMPDB can be downloaded from
http://cycpeptmpdb.com/download/. The structure and membrane permeability of
all cyclic peptides recorded in CycPeptMPDB was collected from published papers and
patents. The list of source publications is shown in Table 4.1 or
http://cycpeptmpdb.com/resources/statistics/. The implementations of
CycPeptMPDB used Docker (https://www.docker.com/). All data were stored in a
PostgreSQL-based database and managed by pgAdmind (version 6.14,
https://www.pgadmin.org/). The website was implemented by Django (version 3.2,
https://www.djangoproject.com/), a high-level web framework with Python (ver-
sion 3.8.3). The web page was constructed using HTML, CSS, and JavaScript; dynamic
chart visualization was performed using Highcharts (https://www.highcharts.com/),
and 3D structures were presented using ChemDoodle Web Components
(https://web.chemdoodle.com/). In addition, RDKit software (version 2020.09.1,
https://www.rdkit.org/) was used for 3D structure generation of cyclic peptides,

descriptor calculation of cyclic peptides and monomers, and 2D structures image gen-



190 C. Development of CycPeptMPDB

Monomers Classified by Natural Analog

Natural Analog Data Number
ALL 312
(1) A (Alanine) 25
(2) C (Cysteine) 3
o (3) D (Aspartic Acid) 6
= (4) E (Glutamic Acid) 5
(5) F (Phenylalanine) 38
" (6) G (Glycine) 38
. (7) H (Histidine) 2
8 = Sy ©) 7
S 12
%40 (10) Li(Leucine) 15
S (11) NI (Methionine) 3
= (12) jl(Asparagine) 7
20 (13) Hl(Proline) 10
(14) g (Glutamine) 10
(15) Hj(Arginine) 4
o (16) Y(Serine) 26
A CDETFGH MNPQRSTVWYX (17) T§(Threonine) 5
R 2l Analog (18) l(valine) 13
(19) I (Tryptophan) 6
(20) WTyrosine) 10
(21) X (Unknown) 67
Jump to
°
(B) monomers list page

—> Download & See statistics

Show 20 v entries Search:
Monomer Natural Molecular
Symbol Structure Compound Name Type Analog R1 R2 R3 Weight LogP
(o}
R j
A R ~R2 Alanine Backbone A H OH - 87.12 -0.21

[0}
H
dA Rl/”j)‘\ R2 D-alanine Backbone H OH - 87.12 -0.21

Jump to Jump to
monomer detail page same natural analogs list

Figure C.4: Monomer (A) browsing and (B) list pages. LogP cell background color is
blue when LogP is Extremely Hydrophilic (LogP < —0.60), light blue when Hydrophilic
(—0.60 < LogP < 0.40), orange when Hydrophobic (0.40 < LogP < 1.40), and red when
Extremely Hydrophobic (1.40 < LogP).
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Figure C.5: (A) Monomer information section of the monomer detail page. (B) Statis-
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eration of cyclic peptides and monomers. Furthermore, as mentioned in the Methods
section, the IUPAC names of monomers referred to the PubChem database
(https://pubchem.ncbi.nlm.nih.gov/) were included, and some of them were gen-
erated by the STOUT software (version 2.0,
https://github.com/Kohulan/Smiles-TO-iUpac-Translator) [171].
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