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Abstract

Macrocyclic peptides (MCPs) are a promising drug modality for targeting protein—protein in-
teractions, offering high selectivity, metabolic stability, and potential cell permeability. How-
ever, predicting their membrane permeability remains challenging due to their conformational
flexibility, environment-dependent polarity, and ability to adopt chamaleonic behavior, e.g.
by changing the number of intramolecular hydrogen bonds. These features, combined with
their frequent violation of Lipinski’s Rule of Five, make traditional small-molecule models
poorly suited for MCPs. This exploratory thesis investigates whether computational tools can
accurately predict permeability-relevant properties of MCPs and how well these predictions
align with experimental data. Machine learning models were developed using the CycPeptM-
PDB database and trained on both 2D and 3D molecular descriptors. A curated subset of
60 matched MCP pairs, differing slightly in structure but showing significant differences in
permeability, was analyzed to evaluate descriptor—-permeability relationships. To bridge the
gap between computational predictions and experimental validation, two matched pairs (four
peptides) were synthesized. Their logP values were determined using the shake-flask method,
and their conformations were analyzed in polar and apolar solvents using NMR spectroscopy.
These experimental data, provided by colleagues at the company, were compared with struc-
tures generated from molecular dynamics (MD) simulations. The results showed that key
descriptors such as logP, PSA, and the presence of intramolecular hydrogen bonds strongly
correlate with permeability, but also that static descriptor calculations often fail to capture
stereochemical effects or dynamic folding behavior. MD simulations and structural shape
metrics provided more nuanced insights into conformational differences affecting permeability.
Overall, this exploratory study demonstrates that integrating machine learning, dynamic mod-
eling, and experimental validation offers a powerful approach for understanding and predicting
the permeability of MCPs, advancing their rational design in the beyond-rule-of-five chemical
space.

Keywords: Descriptors, Machine learning, Macrocyclic peptides, Membrane permeability,
Molecular dynamics



Popularvetenskaplig
sammanfattning

Makrocykliska peptider ar en ny typ av lakemedelskandidater som kan paverka mal i kroppen
som vanliga lakemedel ofta inte kommer at — till exempel nér tva proteiner ska interagera.
Trots att dessa peptider ar relativt stora och komplexa, har vissa visat sig kunna tas upp
i kroppen vid tablettintag, nagot som annars ar ovanligt for storre molekyler. Men det ar
fortfarande oklart vilka egenskaper som gor att vissa av dessa peptider kan ta sig igenom cellens
skyddande membran och bli aktiva i kroppen. Syftet med det héar explorativa examensarbetet
var att understka om datorbaserade metoder kan hjalpa till att forutsidga vilka makrocykliska
peptider som har god formaga att passera cellmembran. For att gora detta analyserades
néstan 7000 olika peptider med hjélp av maskininlarning och molekyldynamiska simuleringar.
Datorn tridnades att hitta samband mellan olika egenskaper, som fettloslighet, formaga att
binda till vatten (polér yta) och inre vétebindningar, och hur ldtt peptiderna tar sig in i
celler. For en mer detaljerad analys valdes 60 peptidpar ut dér varje par bestod av tva
néstan identiska molekyler med olika formaga att ta sig in i celler. Det visade sig att sma
strukturella fordndringar kunde paverka hur peptiderna veckade sig och hur de interagerade
med sin omgivning, faktorer som i sin tur paverkar deras upptag i kroppen. Fyra av peptiderna
tillverkades i labb av kollegor pa foretaget och testades med experimentella metoder, dar
resultaten stdmde val overens med datorns forutsidgelser. Slutsatsen ar att en kombination
av datorberékningar och experimentella tester kan ge en béattre forstaelse for hur framtidens
lakemedel kan utformas for att fungera effektivt i kroppen, &ven nar de bryter mot de klassiska
reglerna for lakemedelsdesign.
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Chapter 1

Introduction

Drug discovery continues to evolve in response to emerging diseases and increasing resistance
mechanisms. Small molecules, that account for approximately 90% of today’s medicines [36],
are essential in drug development but they often fail to engage so-called “undruggable” targets,
particularly protein—protein interactions. These interactions play central roles in key biolog-
ical processes such as enzymatic activity, hormone signaling, immune responses, and cellular
communication. As a result, there is a growing interest in alternative drug modalities capable
of addressing these complex interfaces. One such modality is macrocyclic peptides (MCPs),
which have emerged as promising candidates due to their high binding specificity, chemical
stability, cell permeability, and suitability for synthesis. However, their complex properties
complicate prediction of behavior across biological membranes. Modeling the permeability of
MCPs using in silico methods remains a complex task. Their intrinsic properties, such as
conformational flexibility, polarity changes depending on the environment, and intramolecular
hydrogen bonds (IMHB), which can reduce exposed polarity and enable membrane crossing,
introduce challenges that are not typically encountered with small molecules. Although cur-
rent computational methods are well-established for small molecule drug discovery, they tend
to fail when branched out to MCPs or other molecules lying beyond the known small molecule
chemical space. This underlines the need for more tailored approaches that can predict both
the conformations and permeability-relevant properties of MCPs with higher accuracy.

To address these challenges and better understand what drives membrane permeability in
MCPs, one of the most critical parameters for the development of orally available peptide
drugs, this thesis investigates both computational and experimental perspectives. The study
begins by evaluating which molecular descriptors are most relevant for predicting permeability,
using machine learning models trained on a large dataset of 6986 MCPs from CycPeptMPDB,
one of the largest publicly available databases of MCPs [32]. From this dataset, a subset of
30 matched MCP pairs were manually selected for further analysis. Within these pairs, the
two MCPs have minor structural differences, such as stereochemical inversion of one amino
acid or N-methylation on one amide, but were their experimental permeability values were
significantly different. An example of a matched pair is visualized in Figure 1.1
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Figure 1.1: Example of a MCP pair differing by a single stereocenter (red circle). Despite the
minor structural change, these peptides showed significantly different membrane permeability.

This difference in permeability within the pairs was one aspect that was of interest for this
project to try to understand and evaluate. Descriptor calculations, based on literature-reported
correlations with permeability in orally bioavailable drugs, were performed using multiple com-
putational tools. Finally, two matched pairs (four MCPs in total) were synthesized and ex-
perimentally characterized, selected based on raw material availability and practical time con-
straints, by colleagues at the company. Their conformational behavior in both polar and apolar
environments was assessed using NMR spectroscopy and in silico modeling (performed by col-
leagues at the company), offering a reference for evaluating the accuracy of computational
predictions. Machine learning and 3D descriptors are essential because MCPs explore a wide
range of conformations that static rules and 2D metrics fail to capture.

Based on the above described objectives the following research questions were formulated:

(i) How accurately can current computational tools predict the conformational landscape
and permeability-related physicochemical properties of MCPs?

(ii) Do permeability descriptors developed for small molecules apply to more complex MCPs?

(iii) How can existing computational tools be adapted or improved to better predict 3D
structures and passive membrane permeability in structurally complex MCPs?

1.1 Macrocycles and macrocyclic peptides

Macrocycles are a broad class of compounds defined by a ring structure containing 12 or more
atoms [52]. They have attracted increasing interest in pharmaceutical research due to their
ability to bind complex and otherwise undruggable targets with high affinity and selectivity.
This is often attributed to their conformational rigidity and capacity to form IMHBs, which
help stabilize bioactive conformations. In contrast, linear analogs are more flexible, adopting
a wide range of conformations that can increase entropy and reduce binding specificity [54].

MCPs are a subclass of macrocycles characterized by a closed-loop backbone formed through
linkages between amino acid residues [35]. In addition to the general advantages of macrocy-
cles, their peptide-based nature often results in low or no toxicity and enables efficient synthesis
using automated solid-phase peptide synthesis methods [60]. Their structural flexibility allows
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for chemical modification and facilitates both characterization and handling. A particularly
important property of some MCPs is their chameleonic behavior, the ability to adjust confor-
mation and polarity in response to the surrounding environment through dynamic formation
of IMHBs [50]. While this behavior can enhance membrane permeability, it also makes confor-
mational prediction more difficult. In this study, matched pairs of MCPs were analyzed that
exhibit significant differences in permeability despite minor structural variations. These mod-
ifications, such as N-methylation or inversion from L- to D-amino acids, are known to impact
properties like polarity, flexibility, and hydrogen bonding, and have been shown to influence
permeability [6].

As interest in MCPs continues to grow, so does the need for curated datasets that support their
computational analysis and design. To support structure—property modeling and ensure broad
chemical diversity, this thesis leverages the CycPeptMPDB database, which contains 7,991
structurally diverse cyclic peptides with experimental permeability data and a wide range of
computationally calculated molecular descriptors [32]. This dataset provides the foundation
for the machine learning and modeling approaches used throughout the study.

1.2 Permeability

Permeability refers to a compound’s ability to cross biological membranes and thus become
bioavailable in the body [14]. In 1997, Lipinski introduced the widely used Rule of Five (Ro5),
which proposes that orally active drugs should meet at least three of the following criteria:
molecular weight < 500 Da, hydrogen bond donors < 5, hydrogen bond acceptors < 10 and
calculated LogP < 5 [33]. Many MCPs fall beyond these limits and are thus classified as
beyond Rule of Five (bRo5) compounds. Typically, bRo5 compounds suffer from poor solu-
bility, limited permeability, and unfavorable pharmacokinetic properties. However, MCPs are
a notable exception: despite their size and polarity, some exhibit surprisingly high membrane
permeability, often attributed to their chameleonic behavior and ability to form IMHBs that
reduce effective polarity. As illustrated in Figure 1.2, this phenomenon has sparked growing
interest in MCPs as orally bioavailable drug candidates [29]. Nonetheless, the factors governing
MCP permeability remain poorly understood, posing a significant challenge for rational design
and prediction.



1.3. DESCRIPTORS USED TO ASSESS PERMEABILITY 9

Tk SURFACES
< Biologics
Pt Protein-Protein Interactions
o 1000 e protains +
< antibadies
2 =00
g S bRos |
3 goo s macrocycles + GROOVES
w = natural products » *
pe R CLEFTS
o 400 % . =
o b, e
= :  small gttt
B 2001 molecules,s” POCKETS
= ', s
500 1000 1500 2000

Molecular Weight (Da)

Caurrent Opindon in Chemical Biology

Figure 1.2: Illustration of pharmaceutical opportunity for bRo5 drugs to target larger biological
binding sites not accessible to conventional small molecules. Retrieved from [42]

Oral bioavailability is a desirable property for drug candidates, as it improves treatment com-
pliance and patient accessibility [10]. This has intensified interest in the development of orally
bioavailable MCPs and in computational tools that can reliably predict their permeability.
To evaluate permeability, one must consider a compound’s ADME (absorption, distribution,
metabolism, and excretion) profile. A widely used in vitro method for assessing passive perme-
ability is the parallel artificial membrane permeability assay (PAMPA), which mimics mem-
brane transport across a phospholipid layer separating two aqueous compartments. The com-
pound is placed in one compartment, and after incubation, concentrations in both compart-
ments are measured to estimate a permeation rate, typically reported in cm/s [2]. Another
version of this method is the Caco-2 Cells permeability assay. The Caco2 is a human colon
epithelial cancer cell line which is used to model the human intestinal permeation. [5]

1.3 Descriptors used to assess permeability

A variety of molecular descriptors have been proposed to estimate membrane permeability,
but some consistently show stronger correlations with experimental data based on literature
precedent and relevance to MCPs:

Polar Surface Area (PSA) refers to the total surface area occupied by polar atoms, typically
nitrogen and oxygen, along with their attached hydrogens [45]. It is widely used as a predic-
tor of passive permeability, as high PSA reflects greater polarity and hydrogen bonding with
water, which hinders membrane diffusion. Another reason for it being used is due to the many
computational methods developed to accurately predict PSA and its variants; topological polar
surface area (TPSA) and effective polar surface area (ePSA). PSA is also applicable in many
permeability models, such as PAMPA.

Solvent-Accessible Surface Area (SASA) is a geometric measure of the surface area of a molecule
that is accessible to solvent molecules [12]. It reflects how a compound interacts with its
environment and is frequently used to assess membrane permeability. For MCPs, SASA is
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particularly informative because these compounds can adopt conformations that shield polar
atoms from solvent exposure via IMHBs. This reduction in solvent-exposed polar area lowers
the desolvation penalty during membrane translocation, a key step in passive diffusion. As a
result, MCPs with lower polar SASA values often show enhanced permeability, even when their
total polarity appears high in static descriptors. Incorporating SASA into permeability models
is therefore especially valuable for capturing the dynamic, chameleonic behavior of MCPs [11].

Partition Coefficient (logP) quantifies the distribution of a compound between a hydrophobic
(typically octanol) and a hydrophilic (water) phase, serving as an indicator of lipophilicity [31].
Molecules with higher logP values tend to favor lipid-rich environments, such as the hydropho-
bic core of cell membranes, which may facilitate passive diffusion and often correlates with
higher membrane permeability [17]. For MCPs, logP remains a useful descriptor, although its
interpretation can be complicated by conformational flexibility and the potential for polarity
shielding. MCPs can exhibit lower apparent polarity through IMHBSs, which may allow them
to cross membranes despite having logP values that would otherwise suggest poor permeabil-
ity. In cases where compounds possess ionizable groups, the distribution coefficient (logD) is
used instead; it reflects the ratio of all species, ionized and un-ionized, between octanol and
water at a specific pH. For non-ionizable compounds like those in this study, logD and logP
are equivalent, as the molecules remain neutral across physiological pH ranges. [24].

Several computational methods exist for estimating logP, including calculated logP (cLogP),
which uses fragment-based values; atom-based logP (ALogP), based on atomic contributions;
and XlogP, which introduces correction factors for features such as hydrogen bonding and aro-
maticity [18, 55]. Together with PSA, logP remains one of the most widely used descriptors
in permeability prediction models.

As mentioned previously, intramolecular hydrogen bonds (IMHBs) are considered an important
factor in influencing membrane permeability, especially for polar or conformationally flexible
compounds such as MCPs [1]. By forming hydrogen bonds between polar functional groups
within the same molecule, IMHBs can reduce solvent exposure of these groups, thereby low-
ering the molecule’s apparent polarity. This may increase its effective lipophilicity and reduce
the energetic cost of desolvation, both of which can facilitate passive diffusion across lipid
membranes.

In MCPs, the formation of IMHBs is often dependent on the surrounding environment and
contributes to their so-called chameleonic properties, adopting less polar conformations in non-
polar environments while maintaining solubility in aqueous conditions [44]. As such, IMHBs
may help explain how some MCPs achieve membrane permeability despite having physico-
chemical properties that would not typically predict it based on standard descriptors alone.

1.4 Physical composition and crossing of the cell membrane

MCPs 8D conformation plays a critical role in their membrane permeability. Unlike rigid
small molecules, MCPs are conformationally flexible and can adopt a range of low- and high-
polarity structures depending on their environment. These conformational changes influence
how polar groups are exposed or internally shielded, thereby affecting both desolvation energy
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and lipophilicity. Studies have shown that MCPs are capable of forming compact, low-polarity
conformations that often are stabilized by IMHBs, and exhibit significantly higher passive per-
meability across membranes. [34, 15].

Experimental and computational investigations confirm that even minor modifications, such as
N-methylation or stereochemical inversion, can shift the conformational ensemble and result
in measurable differences in permeability. Conformational datasets like CREMP have further
emphasized that relying on static descriptors alone, such as PSA or logP, is often insufficient
for capturing the dynamic nature of MCPs [19]. As such, 3D conformation should be viewed as
a dynamic descriptor that underpins how MCPs interact with the lipid bilayer and determines
their potential for passive diffusion.

To better capture the structural features relevant to permeability, this study evaluated both
2D and 3D molecular descriptors. While 2D descriptors like PSA and MolLogP provide use-
ful estimates of polarity and lipophilicity, they do not account for conformational flexibility.
Therefore, several 3D descriptors were also included. Among these, autocorrelation descrip-
tors received particular attention. These quantify how atomic properties, such as mass or
electronegativity, are distributed across the structure by evaluating their relationships over
different atomic distances. This is especially useful for flexible molecules like MCPs, where
local interactions and folding patterns influence exposure to the solvent.

Other 3D descriptors included in this study were used to capture mass distribution and spatial
arrangement. For instance, GRAV-1 encodes how heavy atoms are distributed throughout the
molecule [25], while TDBle and TDB1m measure how electronegativity and mass correlate
across short topological distances, respectively [28]. Additionally, Van der Waals surface area
(VSA) descriptors estimate atomic surface exposure based on atomic radii and bond lengths
[30], and Electrotopological State (EState) indices reflect how each atom’s electronic environ-
ment is shaped by the molecule as a whole [20]. Combinations of these, such as VSA _EState9,
provide insight into how spatial and electronic features together influence permeability. Col-
lectively, these descriptors help bridge the gap between static molecular structure and the
dynamic, environment-dependent behavior that governs passive membrane diffusion in MCPs.

1.5 Computational Chemistry and Molecular Dynamics

Numerous computational chemistry libraries and software tools are available for predicting the
permeability and conformational behavior of MCPs. Many of these are implemented in Python,
which offers a flexible, readable, and well-supported environment for scientific computing. Its
extensive ecosystem of molecular modeling libraries, along with reproducibility-friendly work-
flow design, makes it particularly well-suited for building custom pipelines for permeability
prediction and descriptor generation.

While molecular descriptors derived from static structures can provide useful approximations
of membrane permeability, they have important limitations, especially for flexible compounds
like MCPs. Static descriptors often fail to capture conformational variability, solvent respon-
siveness, and time-dependent behavior. Molecular Dynamics (MD) simulations address this
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gap by modeling the motion of atoms over time using classical force fields. By generating
trajectories that reflect how a molecule explores its conformational space in different envi-
ronments, such as water or membrane-like solvents, MD simulations enable the evaluation of
dynamic features such as IMHBs, conformational shielding, and SASA.

In the context of MCPs, MD simulations offer critical insight into structural adaptability, re-
vealing how environment-dependent conformations may enhance membrane permeability. As
such, MD simulations serves as a valuable complement to static descriptor-based models, pro-
viding a more realistic representation of molecular behavior during passive diffusion across
lipid bilayers.

1.5.1 NMR Spectroscopy for Structural Validation and Evaluation

Due to the conformational flexibility and environment-dependent behavior of MCPs, struc-
tural validation through experimental techniques is critical. In this project, Nuclear Magnetic
Resonance (NMR) spectroscopy was used by colleagues at the company to characterize the
conformations of selected MCPs in both polar and apolar solvents. NMR enables comparison
between experimental observables, such as chemical shifts, Nuclear Overhauser Effect (NOE),
and/or scalar couplings, and computationally predicted structures. NOEs are especially infor-
mative for conformational analysis, as they arise from magnetization transfer between spatially
close nuclei. The intensity of NOE cross-peaks, observed at short mixing times in NOESY ex-
periments, is proportional to the inverse sixth power of the interproton distance:

(1.5.1) InOE Tiﬁ
In practice, NOEs are typically observed for proton pairs within 5 A. This makes them par-
ticularly valuable for studying the compact, environment-sensitive conformations adopted by
MCPs. [8] Detailed experimental conditions and spectral analysis procedures are described
in the Methods section. While the project includes experimental synthesis, purification, and
NMR-based structural characterization of selected peptides, these procedures were carried out
by the Peptide Chemistry, Analytical, and NMR teams at the host company. My primary role
in the project focused on computational modeling, including the use of NOE-derived distance
restraints to generate and validate conformational ensembles through MD simulations.



Chapter 2

Material and method

2.1 Computational Tools and Techniques

This study used a multi-step computational strategy to investigate the permeability of macro-
cyclic peptides (MCPs) using both descriptor-based modeling and structure-based simulations.
The workflow integrated cheminformatics, molecular modeling, and machine learning to eval-
uate whether physicochemical descriptors and solvent-sensitive conformations could predict
passive membrane permeability.

The following sections detail the tools and procedures used for: (i) handling peptide structures
and generating descriptors; (ii) training machine learning models on a large MCP dataset;
(iii) constructing and analyzing a manually curated subset of 60 matched peptides; and (iv)
performing Molecular Dynamics (MD) simulations and free energy calculations to evaluate sol-
vation behavior. Together, these components form the basis for assessing permeability trends
in both large-scale data and experimentally validated peptide systems. The experimental syn-
thesis and structural analysis presented in this study were performed by company collaborators
and are briefly summarized for context. My contributions were limited to the computational
components of the project, including structure generation, descriptor analysis, and the use of
NOE-derived distances in MD simulations for conformational evaluation.

Together, these computational and experimental workflows formed the foundation for evaluat-
ing permeability-related features across the full dataset, matched peptide pairs, and synthesized
MCPs.

2.1.1 Peptide Structure Handling and Descriptor Generation
Peptide Sequence and Structure Handling

pyPept [43, 16] is a Python library used for peptide sequence processing, molecular structure
conversion, and conformer generation, supporting both 2D and 3D representations. A key
feature is its ability to incorporate customized monomer libraries, including both natural and
modified residues, an essential capability for this study. Additionally, pyPept also supports
HELM notation [59], which offered a clearer alternative to SMILES for MCPs containing
modified amino acids, as these could be built directly within the HELM framework.

13
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Molecular Property Calculations

To develop predictive models concerning permeability, molecular descriptors were calculated
for the full CycPeptMPDB dataset. A total of 200 different 2D descriptors were generated
using RDKit [46] through the DescriptaStorus python package [26], while 458 different 3D
descriptors were obtained using PaDEL-Descriptor [58] and Mordred [41]. Regression models
were trained and evaluated in PyCaret, using continuous experimental permeability values
(logPeff) as the target. The model with the highest coefficient of determination (R?) was
selected for further analysis. OpenBabel and DataWarrior were used for molecular format
conversion and conformer generation, respectively. Similar to pyPept, conformers generated
with DataWarrior were constructed in vacuum using its internal low-energy bias algorithm,
without inclusion of solvent effects. Additional tools included ChemProp [21], which employs
message-passing neural networks to train models able to predict molecular properties, and
ABSOLV [4], a Python API for solvation free energy calculations based on thermodynamic
cycles using the OpenMM framework [13]. Finally, Melodia_py [40] was used to compute
Differential Geometry and Knot Theory descriptors such as curvature and torsion for a selected
peptide subset. Concerning logD, a ML model using AstraZeneca public logD data at pH 7.4
(N = 4.351) [57] was used for predicting MCPs logD (external validation set, R?, 0.710; RMSE
= 0.638). Two other permeability prediction models, trained from publicly available PAMPA
(logP.s¢, N = 14.801, validation set: R? = 0.98, RMSE = 0.440) and Caco-2 (logPgpp, N
= 2.799, validation set: R? = 0.935, RMSE = 0.768) data, were used to infer the MCPs
permeabilities. All three models were trained using ChemProp.

Molecular Dynamics and Visualization

MD simulations were generated to extract dynamic properties relevant to permeability, such
as SASA, ¢cPSA (calculated PSA), and the number of IMHBs over time. This analysis was
performed using Cpptraj [48], its Python interface Pytraj [49], and MDtraj [38]. Structure
drawing and visualization were carried out using ChemDoodle [7], VMD [22] or PyMol [51].

The computational workflow was structured in three sequential parts to systematically evaluate
permeability prediction in MCPs:

(i) Development of general regression models using the full CycPeptMPDB dataset and
either 2D or 3D molecular descriptors.

(ii) Computational analysis of 30 matched peptide pairs with similar structures but varying
permeability values, to assess descriptor-permeability relationships.

(iii) Selection and experimental validation for some of the most representative matched pairs,
including synthesis, permeability measurements, and structural comparison with in silico
predictions.

2.1.2 Machine Learning Workflow on Full Dataset

The following steps summarize the workflow used to build predictive models from the full
CycPeptMPDB dataset, with all calculations performed in Google Colab:
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(i) The dataset was filtered to exclude molecules with invalid characters (e.g., <, >) or
permeability values outside the assay detection range. Only permeability values derived
from PAMPA assays were retained, resulting in a final set of 6,986 peptides from the
original 7,991.

(ii) Feature selection and outlier removal were performed in PyCaret, using permeability as
the target. The resulting data shapes were (6741, 41) for 2D descriptors and (6741, 92)
for 3D descriptors using the command

s = setup(df, target=’permeability’, session_id=randrange(1000),
feature_selection=True, remove_outliers=True)

(iii) Then, all available models were then compared using

best = compare_models(exclude=[’lar’,’par’,’dummy’,’1lr’])

The CatBoost model, which is a regression model based on gradient boosting decision
trees, achieved the highest R? = 0.6268 for both descriptor sets and was therefore selected
for the analysis of the dataset. Model performance of the Catboost model was evaluated
using prediction error, feature importance, and residual plots.

2.1.3 Matched Pair Selection and Analysis

The second part of the workflow focused on 30 matched peptide pairs selected for their minimal
structural differences and varying permeability. Selection and preparation of the 60 peptides
used in this analysis required extensive manual effort. The matched pairs were not pre-defined
but identified through a systematic, manual review of the full CycPeptMPDB dataset (~7,000
peptides), focusing on subtle structural modifications linked to permeability shifts. This pro-
cess included visual inspection, monomer-level comparison, and literature-informed curation
to ensure biological relevance. The entire process, including structure building, monomer gen-
eration, and integration into the modeling pipeline, spanned approximately two months and
represented one of the most labor-intensive parts of the thesis.

(i) From the CycPeptMPDB database, a subset of 30 pairs (60 peptides) was selected, with
permeability values in the range of —4 to —8, reflecting relevance to passive permeability
studies. The matched pairs were curated manually and all pairs with low % recovery
(%R < 10) [37] or low % transport (%T < 2.0) [23] were removed.

(ii) The structures were examined to identify monomers not present in the pyPept library.
These missing monomers were manually built in ChemDoodle, with attachment points
defined at the N- and C-termini. The resulting SMILES strings were converted to 2D
structure files using OpenBabel in an adequate format (output-ID, sdf) format:

obabel [-:"SMILES"] [-o <output-ID>] [-0 outfile] [OPTIONS]
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(iii) Each new monomer was assigned a unique HELM identifier and entered into the HELM
Web Editor to generate corresponding HELM strings. These were processed with the
map_monomers.py script:

map_monomers.py —-input ’new_monomer.sdf’ --output ’new_monomer_processed.sdf’

and manually added to the pyPept monomer library.

(iv) 3D conformations of all peptides were then generated using pyPept:

run_pyPept --helm ’HELM_string’

The 3D conformers generated by pyPept were constructed in vacuum, as the tool does
not apply any implicit or explicit solvation model during conformer generation. Thus,
no solvent effects were considered at this stage.

(v) Molecular properties such as logP and TPSA were calculated using RDKit via: rd-
kit.Chem .Crippen.MolLogP and rdkit. Chem.rdMolDescriptors. Calc TPSA.

(vi) Solvent-accessible Polar Surface Area (fPSA) was additionally calculated with FreeSASA:

freesasa peptide_#.pdb

2.1.4 Molecular Dynamics Simulations

Solvation and free energies differences were estimated using ABSOLV, an open-source Python
implementation of non-equilibrium alchemical transitions. For a final set of five matched pairs
(ten MCPs), cubic simulation boxes were constructed, each containing one MCP and either
600 water molecules or 125 1-octanol molecules. Octanol and water was selected here to mimic
a apolar and polar solvent, respectively. Systems were parameterized using the OpenFF 2.2.0
force field [13].

All MD simulations were performed using Langevin Dynamics, with a timestep of 2 fs, at a
temperature of 298.15 K and pressure of 1 bar. Simulations were run for 1 million steps in
vacuum and 2 million steps in solvent. Only the second half of each trajectory was used,
assuming equilibration in the first half.

For solvent environments, alchemical decoupling was performed in two stages: electrostatic
interactions were annihilated over the first 12 ps, followed by van der Waals (vdW) decoupling
over the next 38 ps. In vacuum simulations, only the fully decoupled state was considered.
Equilibrium configurations were generated for both the solvated and decoupled endpoints of
the thermodynamic cycle.

The work W along each non-equilibrium transition path was computed as:

I
—

n

(2.1.1) W= . [ (0) = un, (24)]

I
o
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[y

(2.1.2) W= N (@) =y, ()]
z:O

Free energies (AG) were estimated by solving the Crooks fluctuation theorem equation:

N N
2.1.3
where W{ and W} are the forward and reverse work values, respectively. and N refers to the
total number of equilibrium snapshots. The transfer free energy from water to 1-octanol was
computed using a thermodynamic cycle

(2.1.4) AGa_>p = AG) — AG3
while the partition coefficient (logP) was estimated as:

wat oct
Gs — Gs

21, LogP —
(2.1.5) 9 9.303RT

where R = 1.985 x 1073 kcal-mol !-K~! is the gas constant and 7' = 298.15 K is the tempera-
ture [27].

To enable additional analysis, the ABSOLV code was modified to save all MD trajectory files
in .dcd atomic trajectory format and subsequently used in Cpptraj, Pytraj, and MDtraj to
calculate key molecular properties, including PSA, SASA and IMHBs in both water and 1-
octanol. Water and 1-octanol were selected to approximate polar and apolar environments,
respectively, in line with standard logP-based permeability estimation. While DMSO and
CDCl3 were used in experimental NMR studies, they were not used in simulations due to the
lack of a corresponding thermodynamic cycle and the standardization of the octanol-water
system in permeability prediction.

2.1.5 Experimental Synthesis and Validation

The synthesis, purification, and structural characterization of the selected MCPs were per-
formed by the Peptide Chemistry, NMR, and Analytical teams at the company. Two matched
pairs (four peptides) were synthesized via solid-phase peptide synthesis, followed by cleavage,
cyclization, and purification using LC-MS. Structural validation was conducted using NMR
spectroscopy in polar DMSO-dg and apolar CDCls, with 1D and 2D experiments including
TOCSY, NOESY, and HSQC. logD values were determined experimentally using a shake-flask
partitioning method followed by LC-UV analysis. My contribution to the experimental work-
flow was limited to the use of NOE-derived distance restraints from the NMR data to generate
and validate conformations through MD simulations.

2.1.6 Computational Analysis of Experimentally Validated Peptides

The following workflow summarizes the computational analysis performed on the experimen-
tally validated peptides:
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NOE-based distance calculations and structure generation
Proton—proton distances were calculated from the intensities of NOESY cross-peaks using
the following equation:

1
Sre 6
(2.1.6) Ti = Tref < Sif)

where 7. is a known reference distance, and S..s and S; are the integrated cross-peak
intensities of the reference and the proton pair of interest, respectively.

NOE-distance-restrained conformations and MD trajectories in both water and chloro-
form were generated using the default noeETKDG [56] protocol, along with the mlid-
dec [3], mdfptools [47] Python packages. Root-mean-square deviations (RMSD) between
conformers were calculated using the spyrmsd package [39].

Hydrogen bonding and surface area calculations

IMHBs were calculated and visualized using the Hbond class in Pytraj, based on MD
trajectory files for peptides simulated in water (ABSOLV or noeETKDG), chloroform
(noeETKDG), or l-octanol (ABSOLV). The different solvents are used to mimic cell
membrane transportation, as the cell membrane has a polar outer layer and an apolar
interior.

SASA and PSA were also computed from the trajectories using the shrake_rupley algo-
rithm available in the MDTraj package.

Conformational comparison via differential geometry descriptors

To assess structural differences across solvent environments, NOE-restrained conforma-
tions in water and chloroform were analyzed using Melodia_py [40]. Again, the water
and chloroform is used to simulate the inner and outer layer of a cell membrane.

Atomic coordinates were fit to a parametric vector function:
(2.1.7) m(t) = x(t)T + y(t)y + 2(t)2

encoding the 3D spatial trajectory of the macrocyclic ring. From this vector, two key
differential geometry descriptors—curvature (k) and torsion (7)—were computed at each
Ca position ¢:

‘?x 7
(2.1.8) K=
7l
(7x 7). ¥
‘Fx 7

In addition to curvature and torsion, two other shape descriptors were calculated: arc
length and writhing. Arc length was evaluated over a 3-residue-long segment, while
writhing was computed for a 5-residue window centered around each residue. The
writhing number [9] serves as a geometric measure of spatial twisting and, unlike curva-
ture, can assume both positive and negative values.



Chapter 3

Results

The goal of this study was to evaluate whether computational tools can predict physicochemical
properties and conformational features that contribute to the passive permeability of macro-
cyclic peptides (MCPs), a promising class of drug candidates for targeting protein—protein
interactions with high binding specificity. To address this, the study was divided into three
parts.

In Part 1, multiple machine learning models were trained on a dataset of 6,986 MCPs from
CycPeptMPDB, using either 2D and 3D molecular descriptors to predict membrane penetra-
tion. The models were evaluated based on performance metrics and visualized using diagnostic
plots to identify the most accurate algorithm.

In Part 2, a curated subset of 60 MCPs with experimentally measured permeability values
was analyzed to investigate descriptor—permeability correlations in more detail.

In Part 3, four selected peptides were synthesized and experimentally evaluated to validate
key predictions and assess conformational accuracy.

All molecular descriptors were calculated from computationally generated structures. For 3D
descriptors, a single conformer was used per peptide unless otherwise stated. Model perfor-
mance was assessed using R? values, residual plots, and feature importance analysis via the
CatBoost algorithm.

The synthesis, purification, and experimental evaluation of the selected MCPs were performed
by the Peptide, ADME and NMR teams at the company. My role focused on the compu-
tational analysis of the resulting data, including structure—descriptor comparison, conformer
validation, and integration of NMR-derived distances into modeling workflows.

3.1 Computational Approaches

3.1.1 Part 1 — Model Building

This first part, as mentioned previously, aimed to investigate which molecular features are most
relevant for passive permeability in MCPs. In order to do this, Pycaret was used, which is a ma-
chine learning library in Python. The model was trained on the full dataset of 6,986 MCPs with
experimentally determined membrane penetration labels (permeable of non-permeable) from
CycPeptMPDB. The 200 different 2D descriptors were loaded from RDKit and 458 different
3D descriptors were loaded from Morded and PaDel., which all capture both physicochemical

19
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and spatial properties. Pycaret’s Compare models function was used which trains and evalu-
ates the performance of all the estimators using cross-validation. The machine learning models
described here were trained using the passive permeability values reported in CycPeptMPDB.
Fach peptide entry includes a binary label indicating high or low membrane penetration, based
on experimental assays, which served as the dependent variable for training. As is common
in high-throughput modeling, all 3D descriptors were calculated from a single conformer per
peptide, which does not capture dynamic structural variability.

From this analysis, the CatBoost model was ranked as the model with highest performance
with the highest R? value for both models and therefore selected. The Catboost model is a
high-performance gradient boosting algorithm that efficiently handles categorical data, pre-
vents overfitting, works well with small and imbalanced datasets, and offers fast training and
inference. From this, a feature importance analysis, of the CatBoost model was conducted for
the 2D- and 3D-descriptors separately. The feature importance is an indication of how much
each feature contributed to the model prediction, and uses tree-based algorithms, and the
plots are visualized in Figure 3.1 For the 2D model, the top-ranked descriptors were MolLogP,
VSA _EState9, and EState_VSA6, which reflect lipophilicity and electronic distribution within
the molecule. For the 3D model, GRAV-1, TDBle, and TDB1m were identified as the most
important features, reflecting mass distribution and short-range autocorrelations weighted by
atomic properties. In order to assess and visualize the model, prediction error plots and resid-
ual plots were made and are seen in Figure 3.2 for both models. For the residual plots, the
2D model achieved a training R? ~ 0.790 and a test R? ~ 0.639. The 3D model showed a
training R? ~ 0.907 and a test R? ~ 0.543. The residual plot further indicate that errors are
symmetrical distributed around zero, with no signs ofskew or systematic deviation. Regarding
the prediction error plots, they align relativery close with the experimental values, and follow
the diagonal.

Feature Importance Plot Feature Importance Plot

MolLogP L 3 TDBle L 3
VSA_EState9 . TDB1mM .
EStale_VSAG . GRAV-1 °

MaxAbsPartialCharge * TDB3s ®

VSA_EState3 . TDB3I *

Features.
Features

PEOE_VSA6 od TDB3p L

MIinEStatelndex L] TDBSs °
VSA_EState? . TDB2p .
PEOE_VSA8 * TDB4s *

VSA_EState6 * TDBIi L

o 5 10 15 20 0 1 2 3 4
‘Variable Importance Variable Importance

(a) Feature importance for CatBoost model on 2D de- (b) Feature importance for CatBoost model on 3D
scriptors descriptors

Figure 3.1: Feature importance for CatBoost model trained on 2D (a) and 3D (b) molecular
descriptors. Feature importance is derived from the average gain across all decision trees in the
model, representing how much each descriptor contributes to reducing prediction error during
training. Higher bars indicate features with greater influence on permeability prediction.
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Figure 3.2: Prediction error and residual plots for CatBoost models trained on 2D (a, b) and
3D (c, d) descriptors. Residuals are symmetrically distributed. In prediction error plots (a,
¢) the x-axis represents the experimental permeability values (y) and the y-axis represents the
model-predicted permeability values (). This gives an idea of the variance of the model, and
how much the predicted values differ from the experimental permeability. Residuals (b, d) are
computed as § — y, and gives insight on how the predicted permeability values differ from the
experimental values. Here, the residuals for both the 2D and 3D descriptors are symmetrically
distributed around zero.

3.1.2 Part 2 — 60 MCPs

This part of the study focused on a manually curated subset of 60 MCPs, selected from the
full CycPeptMPDB dataset to explore descriptor—permeability relationships in greater detail.
The peptides were assembled as 30 matched pairs based on small structural variations (e.g.,
stereochemical inversions, N-methylations) and known differences in experimentally measured
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permeability. This preparatory step required extensive manual inspection, monomer-level com-
parison, and structural reconstruction, making it one of the most time-intensive components
of the project. To ensure data quality, only peptides with continuous, high-confidence perme-
ability values from cell-based assays were retained.

The curated peptides were processed using the established computational workflow. Modified
monomers not present in the pyPept library were manually built using ChemDoodle and inte-
grated using HELM notation. For each MCP, descriptors related to lipophilicity and polarity
were calculated, including MolLogP, AlogP, TPSA, and solvent-accessible PSA. The full table
with all calculated descriptors are available in Table 6.1 in the Appendix.

Pearson correlation analysis was used to examine how well each descriptor matched the exper-
imentally measured permeability values. These results are shown in Figure 3.3(a). MolLogP
and AlogP showed moderate positive correlations (R = 0.50/0.49), while polarity-related de-
scriptors such as TPSA and PSA were inversely correlated, with PSA yielding R = —0.33 and
TPSA only —0.17. Additionally, permeability predictions from external small-molecule-trained
models, logPeg (PAMPA) and logP,p, (Caco-2), were included and yielded R values of 0.46
and 0.51, respectively. Notably, MolLogP was among the most correlated descriptors in both
the full dataset and the 60-MCP subset, suggesting consistency across scales.

To better understand how descriptor performance varies across permeability levels, the 60-
MCP dataset was divided into bins (-8 to =7, =7 to —6, etc.), and are visualized in Figure
3.3(b). R? values were calculated within each interval, revealing that descriptor-permeability
correlation peaked in the -5 to —4 range and declined at both lower and higher extremes.
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Figure 3.3: (a) Pearson correlation coefficients (R) between selected molecular descriptors and
experimentally measured permeability values for 60 MCPs. Positive values indicate direct cor-
relation, while negative values indicate inverse correlation. (b) Heatmap showing R? values
for each descriptor within different permeability intervals. This binning highlights how de-
scriptor—permeability relationships vary across the dynamic range of permeability. Higher R?
values indicate stronger linear correlation within each interval.

3.1.3 Part 3 — Selected Matched Pairs for Synthesis

To build on the correlation analysis, a smaller group of matched peptides was selected to
explore whether calculated free energies differences and lipophilicity values align with experi-
mental permeability data, and to evaluate how well computational methods can predict these
properties in more controlled cases.

From the initial set of 30 matched MCP pairs, five were selected for detailed computational
analysis of their free energy differences. For each peptide, the free energy difference for transfer
from water to 1-octanol (AGy_,,) was computed using the ABSOLV framework, along with
predicted logP values based in the free energy differences. These values were compared to
experimental permeability data (logPeff), and their correlations are seen in Table 3.1.

Descriptor | Correlation (R)
logP —0.79
AGy_so 0.77

Table 3.1: Correlation between predicted free energy transfer and logP values and the experi-
mental permeabilities from CycPeptMPDB

Two of the matched MCP pairs were selected for synthesis based on material availability and
project timelines, and are visualized in Figure 3.4. The resulting four peptides were further
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analyzed using both molecular descriptors and MD simulations. Herein, representative results
for one of the synthesized peptides are presented below.

(c) Peptide 48 (d) Peptide 49

Figure 3.4: Chemical structures of the four synthesized macrocyclic peptides selected from
matched pairs: peptide 37, 39, 48, and 49. Peptides 37/39 and 48/49 differ by stereochemistry,
allowing structure—permeability relationships to be assessed.

Peptide | P.,, | MolLogP | TPSA | fPSA | ALogP | logP.ss | logP,,, | cPSA | %T
37 -6.67 1.816 165.81 | 139.23 3.47 -3.92 0.17 75.7 | 2.65
39 -4.82 1.816 165.81 | 150.37 3.47 -3.92 0.14 78.2 | 85.3
48 -5.08 2.158 157.02 | 141.05 3.68 -3.97 0.43 74.6 | 64.9
49 -6.36 2.158 157.02 | 119.49 3.68 -3.97 0.26 77.8 | 5.33

Table 3.2: Descriptor and permeability data for the two selected matched peptide pairs.

Conformational flexibility was assessed using Melodia_py by calculating the standard devia-
tion of curvature, torsion, arc length and writhing number across the peptide backbone from
NOE-distances MD simulations. This approach provides an initial measure of conformational
variability.

To further explore descriptor relevance, the contributions of selected 2D descriptors such as
MolLogP, VSA_EState9, and EState_VSA6 were visualized using the explainable_qgsar and
vsa~explainer frameworks to better understand the atomic contribution of individual atoms
to logP and VSA/EState descriptors. The contribution of MollogP and the atomic-level-
interpretation is visualized for peptide 49 in Figure 3.5. The atomic contributions for the
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VSA _EState descriptor for peptide 39 and 48 are visualized in Figure 3.6
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Figure 3.5: (a) Atom-level contributions to MolLogP for peptide 49, visualized using explain-
able_gsar. (b) Detailed breakdown of atomic influences, where red regions increase logP and
blue regions decrease it. Blue indicate negative contributions. Obtained with explainable_gsar.
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Figure 3.6: Atomic contributions to VSA_EState descriptors for peptides 39 (a) and 48 (b),
highlighting backbone regions and N-methylations as key structural determinants. Obtained
with vsa-explorer (github.com/srijitseal /vsa_explainer)

3.2 Synthesis and Validation

All synthesis, purification and NMR experiments and characterization steps were performed by
the teams at the company. My role was limited to the computational comparison and analysis.

3.2.1 Synthesis of the compounds

Two matched MCP pairs (four molecules) were selected from the initial subset of 30 pairs for
synthesis, based on raw material availability and project timeline constraints. All compounds
were successfully synthesized and purified, by the peptide group at the company. Details of
the synthesis and purification protocols, along with compound information, are summarized
in Table 3.3.

Table 3.3: Details on synthesis and purification of the four selected MCPs that were synthe-
sized.

Peptide ID Theoretical MW  m/z [M+H]|" % yield % purity

37 654 655 ~ 25-30 99.71
39 654 655 ~ 25-30 99.64
48 668 669 ~ 25-30 99.41
49 668 669 ~ 25-30 99.82

3.2.2 logD determination

To evaluate the accuracy of the computational predictions, four selected MCPs were syn-
thesized and experimentally tested for logD by colleagues at the company. In addition to
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permeability estimates, the assay provided experimental logD values for each peptide, which
were compared to the predicted values obtained through ABSOLV-based calculations or ML
models trained from small molecules experimental data. As mentioned in the introduction, in
this case LogD is equivalent to LogP due to the absence of ionizable groups in the MCPs. The
results are summarized in Table 3.4

Table 3.4: Experimental logD values obtained for the four synthesized MCPs.

Peptide ID ABSOLV logP ML logD Experimental logD

37 5.10 2.27 3.06
39 1.46 2.44 3.35
48 2.78 2.81 4.16
49 2.21 2.76 4.00

3.2.3 Conformer Generation using NMR NOE-derived Distances

Fach synthesized compound was prepared in CDCl3 and DMSO-dg for NMR, analysis. Spectra
were recorded using NOESY, TOCSY, and HSQC experiments to evaluate the solution-state
conformations by colleagues at the company. From each NOESY spectra, 15 and 11 proton-
proton distances were calculated for CDCIl3 and DMSO, respectively, and used to generate
NOE-restrained conformers, which were then compared to computational predictions.

Table 3.5 summarizes the root-mean-square deviation (RMSD) values between all conformers
generated for peptide 39 across different tools and solvent conditions.

Table 3.5: Root-Mean Square Deviation values between all generated conformers of Pep39.

DMSO CDCls pyPept DataWarrior ABSOLV et ABSOLV o

DMSO 4.82 2.99 3.76 3.12
CDCl3 2.79 4.00 2.94 3.38
pyPept 6.18 4.22 3.44 4.12
DataWarrior 7.33 6.34 3.05 2.47

ABSOLV yyqr  7.04 5.96 6.83 2.39

ABSOLYV ,¢ 5.87 6.61 6.87 9.48 7.84

Top rows, minimized RMSD values; bottom rows, RMSD values from centering molecules at origin

Figure 3.7 shows the conformers generated with noeETKDG that had the lowest number of
NOE distance violations, defined as deviations from expected interproton distances calculated
using a reference distance and the inverse-sixth power relationship from NOESY cross-peak
intensities. 4% for the DMSO structure and 37% for the chloroform structure. The radius of
gyration decreased by approximately 8% in DMSO and by 2% in chloroform. According to the
MD simulations, the average number of IMHBs was 0.5 & 0.6 per timeframe in DMSO.
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Figure 3.7: NOE-restrained 3D conformers of peptide 39 generated in (a) DMSO and (b)
chloroform. Images represent the conformations with the lowest number of NOE distance
violations.

To further quantify structural differences between the solvent conditions, additional geomet-
ric descriptors, including curvature, torsion, arc length, and writhing, were computed using
Melodia_py. These metrics are shown in Figure 3.8. Across all descriptors, the values differed
between DMSO and chloroform, with DMSO consistently showing lower radius of gyration and
higher curvature.
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Figure 3.8: Per-residue structural metrics computed for peptide 39 in DMSO and chloroform:
(a) curvature, (b) torsion, (c¢) arc length, and (d) writhing number.

Taken together, the results demonstrate that descriptor-based machine learning can identify
key permeability-related features, but dynamic modeling and experimental validation are es-
sential for capturing the full conformational complexity of MCPs. The agreement between
predicted and observed differences across matched peptide pairs highlights the value of com-
bining ML, MD, and NMR data in permeability prediction.



Chapter 4

Discussion

This thesis has explored how the permeability of macrocyclic peptides (MCPs) is influenced
by their structural and physicochemical properties, with a focus on computational methods
for predicting passive membrane permeability. This chapter analyzes the main findings, high-
lights key descriptor—permeability relationships, and evaluates their broader implications. The
discussion is organized according to the three main workflows applied in the study: (1) full
dataset modeling, (2) correlation analysis of a curated subset, and (3) experimental validation
of selected matched pairs.

4.1 Part 1 - whole dataset

In the first part of this study, a large-scale machine learning approach was used to evaluate the
extent to which molecular descriptors can predict passive membrane permeability in MCPs.
A dataset of 6,986 MCPs from CycPeptMPDB was used to calculate both 2D and 3D de-
scriptors, which were then used to train regression models using PyCaret. Multiple algorithms
were benchmarked, and CatBoost consistently outperformed the others, producing the highest
R? values and stable residual distributions; it was therefore selected for further analysis. The
2D-descriptor-based model achieved a test R? ~ 0.639 and training R? =~ 0.790, while the
3D-descriptor-based model showed a higher training R? ~ 0.910 but a lower test R? ~ 0.543,
suggesting a degree of overfitting. This discrepancy may reflect the limitations of representing
flexible macrocylic systems using only one static 3D conformer per peptide. In terms of predic-
tive performance, the prediction error plot showed that predicted permeability values broadly
followed the experimental trend along the diagonal, though some deviations were observed.
The residual plot showed errors centered around zero with no major skew or heteroscedas-
ticity, suggesting a relatively stable and unbiased model fit. These observations indicate that
the model captures general permeability trends across the dataset, even if local accuracy varies.

In general, 2D descriptors offer broad chemical coverage and are less affected by conformational
uncertainty, making them robust for large-scale modeling. Meanwhile, 3D descriptors encode
spatial features and intramolecular interactions that can be critical for capturing local effects,
such as steric or solvation-specific behaviors. However, their accuracy depends on reliable con-
former generation, which still remains a challenge for macrocyclic systems. Together, these
descriptor types provide complementary insights into the features that might govern perme-
ability.

30
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Feature importance analysis showed that MolLogP, VSA _EState9, and EState_VSA6 were the
most influential 2D descriptors. These are related to the lipophilicity of the molecule and
how its electronic properties are distributed—factors that are commonly linked to membrane
permeability. For the 3D model, GRAV-1, DBle, and TDB1m stood out as key descriptors.
These capture how mass and atomic properties are distributed in space, and suggest that per-
meability in flexible macrocycles is influenced by how atoms are packed and arranged within
the molecule. This supports the idea that both the amino acid type and its position within
the macrocycle can strongly affect permeability, something that has also been observed exper-
imentally [53].

One limitation of the models is that they could not properly tell the difference between
stereoisomers, such as peptides containing L- versus D-amino acids. Although some stud-
ies suggest that a single change in stereochemistry does not always affect permeability [53],
such changes can still impact the shape of the molecule. Because the descriptors were calcu-
lated from a single static 3D conformer per peptide, they could not capture conformational
variability introduced by stereochemical changes. Even though the 3D model had high training
accuracy, it may still miss subtle effects caused by conformational changes. A better approach
for future work would be to use several conformers per peptide or include dynamic features
from molecular simulations.

Another example of this limitation is N-methylation, which increases permeability by eliminat-
ing backbone hydrogen-bond donors, favoring intramolecular hydrogen bonding and compact
conformations that shield polarity. This behavior was not clearly picked up by the models,
likely because N-methylation affects the molecule’s flexibility, which single static structures do
not fully reflect. To better understand the role of such modifications, future studies could use
MD simulations or examine how hydrogen bonds form and change over time.

The CatBoost model trained on the full dataset identified descriptors such as MolLogP,
VSA _EState9, and EState_VSA6 as important for predicting permeability. While this model
was not directly applied to the smaller 60-MCP subset, to avoid circular validation, as these
peptides were part of the training data, several of the same descriptors, particularly MolLogP,
also appeared as relevant in this smaller set, suggesting consistency across scales. Although
the model effectively captured broad permeability trends, future work could focus on more
narrowly defined subsets of peptides to improve interpretability and predictive accuracy. This
could involve grouping molecules by structural class, sequence length, or permeability range
to better resolve localized structure-property relationships.

These initial findings, while informative, highlighted both strengths and limitations in the
descriptor-based models, particularly regarding stereochemistry and conformational dynam-
ics, that motivated a more focused investigation on a curated subset of peptides, as described
in Part 2.
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4.2 Part 2 — 60 MCPs

The next step in the workflow aimed to investigate whether descriptor—permeability relation-
ships identified in the full dataset also hold true at a more detailed level. To do this, a curated
subset of 60 MCPs with experimental data was selected for detailed analysis. This part was
done to be able to do a direct comparison between predicted molecular descriptors and mea-
sured permeability values using correlation plots and binning strategies. To ensure robustness
of the correlation analysis, peptides with poor transport properties (e.g., <10 %recovery or
<2.0 %transport) were excluded due to the risk of measurement error. These filters helped
minimize false correlations from noisy experimental values. Descriptors such as MolLogP and
PSA maintained reasonable correlations, consistent with observations from the full dataset.
However, when the data were stratified into intervals based on permeability, the R? values
varied across bins. This suggests that different structural features may dominate in distinct
permeability regimes, and that descriptor utility can be context-dependent.

Among the five descriptors analyzed, the strongest correlations were observed in the -5 to —4
and 7 to —8 permeability intervals. Outside these ranges, the R? values declined noticeably,
indicating that descriptor performance is not consistent across the full permeability spec-
trum. Specifically, descriptors like PSA and TPSA appeared more predictive for peptides with
moderate or very low permeability, but less reliable in the intermediate ranges. This may re-
flect experimental variability or structural influences not captured by static, single-conformer
descriptors. These findings highlight the value of stratified or context-aware analysis when
evaluating structure-permeability relationships in flexible compounds like MCPs. They also
underscore the importance of curating experimental permeability data, as measurement ac-
curacy can vary depending on assay sensitivity and methodological consistency. The binning
approach helped uncover these localized trends, which would likely be masked in a global
correlation.

One reason for these differences may lie in how well each descriptor captures the structural
complexity of MCPs. For instance, MolLogP showed consistent performance across the dataset,
likely due to its sensitivity to overall lipophilicity, which strongly influences membrane per-
meability. In contrast, PSA and TPSA rely on static conformations and cannot account for
IMHBs and shielding of polar atoms. This may explain their weaker and more variable corre-
lations across permeability bind. Additionally, descriptors like ALogP often fail to distinguish
stereoisomers, which is a critical limitation when analyzing matched pairs that have these sub-
tle structural changes.

While the 2D-based model performed well on the full dataset (test R? ~ 0.639), the corre-
lations between descriptors and permeability in the 60-MCP subset were noticeably weaker.
This difference can be explained by several factors. Firstly, the larger dataset used binary
labels (high or low permeability), which made it easier for the model to separate classes. The
60-peptide subset, on the other hand, used continuous permeability values and relied on corre-
lation analysis, which is more sensitive to variability. Secondly, the full dataset covered a wide
range of structures, while the smaller set was carefully selected to highlight subtle changes,
such as stereochemistry or N-methylation, that are harder to detect using standard descriptors,
especially when only one 3D conformer is used. Finally, the smaller sample size and possible
differences in experimental conditions may also have reduced the strength of the correlations.
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These differences show how important it is to match the model type, data format, and molec-
ular diversity when comparing results across datasets.

Building on these differences, several limitations became evident in the analysis. The descrip-
tors were calculated from single, static conformers and do not fully account for stereochemistry,
flexibility, or solvent effects. For example, RDKit and related tools compute topological de-
scriptors by fragmenting the molecule and summing atomic contributions, without accounting
for 3D arrangement. As a result, descriptors such as XlogP, AlogP, or Crippen’s logP yield
identical values for matched pairs that differ only in stereochemistry (e.g., L- versus D-amino
acids), even when such differences substantially affect permeability.

Additional challenges arose during conformer generation. pyPept, used for 3D structure gen-
eration, constructs conformers from distance matrices, but in some cases produced strained
geometries including strained peptide bonds in the cis configuration., which are energetically
unfavorable. To resolve this, the pyPept source code was slightly modified to enforce torsion
angle constraints consistent with established peptide backbone geometries. This modification
in the code resulted in predicted structures that more closely resembled expected geometries
and showed reduced artificial strain. The modified code can be found in the Appendix. These
observations highlights both the complexity of conformer generation for MCPs and the need
for tailoring computational tools to accommodate that complexity.

To overcome the limitations associated with static, topological descriptors, trajectory-based
methods were also explored. Tools such as ABSOLV and Melodia_py enabled the extraction
of time-averaged structural features, providing insight into how peptides behave dynamically
in both polar and apolar environments. These tools offer a more realistic representation of
the relationship between structure and permeability, especially for MCPs which are known for
their conformational flexibility and environment-dependent behavior.

Due to the scope of the project, trajectory-based analysis was performed only on the subset of
matched pairs selected for synthesis, rather than the full 60-peptide set.

4.3 Part 3 — Selected Matched Pairs

From the original set of 30 matched pairs, five were selected for free energy difference analysis
using the ABSOLV framework. Free energies differences from water to 1-octanol (AGy—0)
and predicted logP values were calculated and compared to experimental permeability data,
as summarized in Table 3.1. The results revealed a strong positive correlation between AGy o
and permeability (R = 0.77), and a strong negative correlation between predicted logP and
permeability (R = —0.79). Notably, higher (less negative) free energies differences were asso-
ciated with increased permeability, suggesting more favorable partitioning into hydrophobic
environments. Conversely, lower logP values may reflect decreased membrane integration or
retention. Together, these findings support solvation energetics as a key determinant of passive
permeability in MCPs.

Two of these matched pairs were selected for synthesis, based on both scientific interest and
practical constraints such as raw material availability. The selected peptides exhibited no-
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table differences in predicted permeability despite similar overall structures. While statistical
validation was not the aim, the intention was to explore whether observable structural or con-
formational differences could explain the predicted permeability gaps through a combination
of computational and experimental tools.

Explainable QSAR techniques where applied to visualize atomic-level contributions to pre-
dicted MolLogP values for the four selected MCPs. In many cases, the side chains positioned
on the MCPs outer surface had the most pronounced influence, either enhancing or reducing
lipophilicity depending on their properties. Although not sufficient to fully explain all per-
meability differences, these visualizations offer insight into which structural features are most
influential in modulating predicted logP.

Further analysis revealed that the peptide backbone generally contributes negatively to Mol-
LogP, particularly in regions with methylated amines. These consistently appeared as strong
blue regions, indicating strong negative contributions. In contrast, hydrophobic side chains
frequently appeared in red, reflecting a positive contribution on overall lipophilicity. These
trends suggest that backbone polarity may reduce passive permeability, while peripheral side
chains can offset this effect by increasing lipophilic surface exposure.

Similarly, visualization of VSA /EState descriptors also identified key structural regions con-
tributing to their importance in predicting permeabilities. As with MolLogP, the backbone was
found to contribute most strongly, typically with a negative influence. Notably, N-methylation
of the amide groups was also identified to play an important role, aligning well with previous
studies linking this modification to enhanced permeability.

Altogether, these complementary methods, thermodynamic modeling, structural visualization,
and explainable machine learning, offer a more comprehensive understanding of membrane
permeability than descriptor values alone. Although only four peptides were experimentally
validated, the combined use of computational predictions and NMR data supports the notion
that passive membrane permeability is governed by a combination of environment-dependent
conformational flexibility and physicochemical features.

4.3.1 Experimental results from logD

Following the computational predictions and descriptor analysis in Part 1-3, this section
presents experimental validation of permeability-relevant properties for four synthesized MCPs.
The aim was to assess whether predicted physicochemical values and conformations align with
solution-state experimental data. This includes (i) logD measurements compared to machine
learning predictions and (ii) structural characterization using NMR and geometric descriptors.
Although the scope was limited to four MCPs, the results offer important insight into how well
current computational tools perform in realistic chemical environments.

Firstly, experimental logD values were measured for four peptides and are presented in Table
3.4 in the Results part. Although the dataset is too small for statistical validation, clear trends
can still be observed. The experimental logD values showed a strong correlation with machine
learning predictions (R?=0.99), with both methods correctly identifying which MCP of each
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pair that had higher lipophilicity.

4.3.2 NMR

After synthesis and purification of two matched peptide pairs, conformational analysis was
performed using NMR, spectroscopy. The full spectral assignment, including NOE peak ex-
traction and structure generation, was carried out by the NMR team at the company. My
contribution focused on computationally comparing the NOE-derived structures to predicted
conformers generated using different modeling tools. This allowed for an assessment of how
well computational methods capture experimentally observed conformational preferences in
different solvent environments.

To assess how well computational methods capture experimentally observed conformations,
NOE-restrained NMR structures assigned by the NMR-team, were compared to predicted
conformers of peptide 39. Root-mean-square deviation (RMSD) analysis revealed that con-
formers generated by ABSOLV in water and octanol were similar to each other (2.39 A and
2.47 A), respectively. This indicates that the MD-based methods produced consistent struc-
tures across different solvent conditions. In contrast, conformers generated by pyPept and
DataWarrior deviated more substantially from the NOE-based structures, with RMSD val-
ues typically exceeding >4 A. This indicates limited accuracy in reproducing experimental
conformations. Notably, pyPept conformers aligned more closely with NOEcpcys than with
NOEpwmso, suggesting that the method performs better in apolar environments. These find-
ings suggest that static or geometry based conformer generators may struggle to accurately
model solvent-specific conformational changes. Given that conformation influences properties
such as PSA and hydrogen bonding, these structural inaccuracies may propagate to errors in
predicted permeability. This highlights the importance of integrating experimental data into
the validation of computational tools and workflows.

Figure 3.7 illustrates the NOE-restrained 3D conformations of peptide 39 in DMSO and CDClg,
highlighting solvent-specific structural differences. The DMSO structure is visibly more com-
pact and twisted, exhibiting greater torsion compared to the more extended conformation
observed in chloroform. Using the NOE-derived distances, residue level geometric descriptors,
including curvature, torsion, arc length and writhing, were computed and visualized in Figure
3.6. The analysis suggests that Leu3 has the greatest influence on conformational variability,
as evidenced by a marked increase in standard deviation in curvature at this position.

Overall, RMSD comparisons between NOE-restrained structures and computationally gener-
ated conformers revealed consistent patterns. Most predicted structures deviated more than
2.0 A, suggesting that further refinement is needed for them to reflect the true conformation
in solution. pyPept conformers were more similar to NOEgpci3 structures, indicating poten-
tial optimization for apolar environments. In contrast, DataWarrior predictions aligned more
closely to NOEpyso, suggesting better performance in polar solvents. The lowest RMSD val-
ues between DataWarrior and ABSOLV ¢ (2.47 A) and between ABSOLV 1 and ABSOLV ot
(2.39 A) indicate high internal consistency between solvent-sensitive MD-based conformers.
These differences highlight how the choice of conformer generation method can significantly
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affect subsequent property predictions, and emphasize the importance of accounting for solvent
effects in computational tools and workflows.

Differences in radius of gyration and curvature supports the idea that MCPs adopt more com-
pact and twisted conformations in polar solvents such as DMSO. This conformational com-
paction likely facilitates more intramolecular hydrogen bonding, as confirmed by the increased
count in them. In contrast, the chloroform conformer was more extended, with a wider ring
and the D-Leucine residue positioned centrally, while other side-chains extended outwards,
consistent with reduced environmental polarity.

To extend the RMSD analysis, additional residue-level geometric descriptors such as curvature,
torsion, arc length, and writhing were calculated using Melodia_py. This provided detailed in-
sight into how individual residues contribute to conformational changes changes across solvents.
The data showed that residues influence the conformation of the MCP to varying degree. Leu3
in particular, had a strong effect on curvature in DMSO, marking it as a key contributor to
solvent-dependent folding. Torsion values were generally higher in chloroform, suggesting that
the lack of stabilizing IMHB in in apolar solvent induces greater conformational flexibility or
strain. Smaller residues like Alal contributed more to conformational flexibility in chloroform,
leading to wider geometries. In contrast, in DMSO, the MCP adopted a more compact and
twisted structure. This twisting was especially apparent in the curvature and writhing data,
where Leul and D-Pro4 emerged as primary drivers of backbone distortion in polar environ-
ments.

However, even with these promising results, there are several limitations to this. Most com-
putational models here rely on static descriptors that do not fully capture the conformational
diversity of MCPs. Although this was partially addressed with ABSOLV and MD simulations
fora selected subset of peptides, the majority of descriptors, including 3D ones, were still based
on a single conformer per molecule. Additionally, standard logP descriptors such as MollogP
and AlogP do not account for stereochemistry, leading to indistinguishable values for matched
pairs with opposite chirality. Future work could benefit from integrating ensemble-based fea-
tures or data driven 3D representations that reflect solvent-specific behavior more broadly
across the dataset.

These findings reinforce the importance of solvent-aware conformational sampling in compu-
tational tools and workflows aimed at predicting permeability in MCPs.



Chapter 5

Conclusion

This thesis set out to evaluate whether computational methods can accurately predict the per-
meability and conformational landscape of macrocyclic peptides (MCPs), a class of compounds
with growing pharmaceutical interest. By integrating machine learning, molecular descriptors,
and molecular dynamics simulations, the study examined both large-scale trends across nearly
7,000 MCPs and detailed structural differences in selected matched pairs. The modeling results
showed that both 2D and 3D descriptors capture relevant features associated with membrane
permeability. While 2D descriptors are less affected by conformational variability and well-
suited for high-throughput screening, 3D descriptors offer spatial and electronic detail that can
be essential for capturing local interactions and conformational effects. Each approach brings
complementary strengths, and their combined use provides a more comprehensive framework
for understanding structure—permeability relationships.

In relation to the first research question, the results showed that computational tools, partic-
ularly machine learning models using 2D and 3D descriptors, can predict permeability with
moderate to strong accuracy. However, accuracy is constrained by the use of static conform-
ers and lack of stereochemical sensitivity. The second question, concerning the relevance of
traditional permeability descriptors, revealed that while parameters like MolLogP and TPSA
correlated reasonably with permeability in many cases, they failed to distinguish matched
pairs differing only by chirality or local folding. To address the third question, modifications
to PyPept and the integration of solvent-aware MD simulations using NOE-derived distance
restraints and ABSOLV proved essential for improving structural realism and predictive per-
formance in selected cases.

A focused analysis on 30 matched pairs revealed that minor structural changes can significantly
influence permeability, though traditional descriptor-based models often struggle to capture
stereochemical nuances. Experimental synthesis and characterization of two selected pairs fur-
ther validated computational predictions, particularly in terms of conformational preferences
and solvation energetics. The results support the well-established hypothesis that the ability
to form internal hydrogen bonds is critical for passive membrane permeability and can be the
distinguishing factor among closely related compounds. These findings highlight the potential
of refined computational pipelines to aid in the rational design of permeable MCPs. Never-
theless, improvements are needed in handling stereochemistry and conformational ensembles.
Future work should continue to integrate enhanced dynamic descriptors, expand experimen-
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tally validated datasets, and refine conformer generation protocols to better reflect the flexible
nature of macrocycles.

Overall, this work demonstrates that integrating machine learning with both static and dy-
namic molecular modeling can significantly advance the predictive design of bioavailable MCPs.
For future work, there is a clear need to establish a more streamlined and integrated workflow
that combines structure generation, conformational validation, and permeability prediction.
In this study, tools such as pyPept, NOE-based distance extraction, and ABSOLV were used
in sequence, requiring manual coordination and format conversion between steps. A unified
platform would greatly improve efficiency, reproducibility, and accessibility for similar studies
on macrocyclic peptides. This study provides a foundation for developing integrated, experi-
mentally grounded modeling frameworks to accelerate the discovery of orally available MCPs.
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Chapter 6

Appendix

Table 6.1 lists the selected molecular descriptors used to characterize the 60 macrocyclic pep-
tides investigated in Part 2 of this thesis.

Table 6.1: Descriptor values for 60 selected macrocyclic peptides.

Peptide | Experimenta]l C PPeR- | mpga PSA AlogP logPeff | logPapp
ID Permeabil- MolLogP

ity
3 73 2.548 186.04 169.82 1438 1422 0.087
2 6.2 2.548 186.04 176.81 1438 14l 0.327
966 6.0 3174 179.9 162.66 1.047 1613 0.371
967 51 3174 179.9 117.2 1.047 1733 0.381
970 5.7 2.832 188.69 156.18 3.841 4513 0.202
1003 51 2.548 186.04 175.39 7.438 4.255 0.366
1004 7.35 2.548 186.04 176.66 2.438 4.248 0.343
1005 6.32 2.548 186.04 194.35 2.438 4257 0.354
1078 8.0 0.303 186.04 210.21 1.921 5.203 20.762
1079 715 0.303 186.04 216.53 1.921 5.276 20.555
1129 6.89 1.013 165.81 183.84 0.255 5.055 0.356
1130 8.06 20.625 165.81 166.69 0.632 4709 0.378
1137 5.04 2.301 139.44 142.01 3.29 1,409 0.332
1138 727 1.148 148.67 138.53 1521 152 0.014
1167 6.58 1677 139.44 107.7 5.755 4277 1.107
1168 5.23 3524 148.67 106.94 3.985 4371 117
1217 2.06 2.937 139.44 108.95 2133 4165 0.580
1218 6.26 1.784 148.67 156.53 2.364 4233 0.321
1237 6.82 216 139.44 97.44 5.689 4.084 0.844
1238 5.07 3.006 148.67 109.15 3.02 4128 0.726
1247 871 5.313 139.44 105.44 6.598 £.007 1.125
1248 5.53 1.16 148.67 137.52 1.828 L1137 1.213
1357 8.61 5.302 139.44 81.84 6.654 1.052 0.636
1358 6.0 1.148 148.67 80.19 1.884 1119 0.865
1607 5.32 2.301 139.44 135.94 3.29 1.479 0.274
1608 756 1.148 148.67 152.14 1521 4503 20.018
1679 5.01 1.959 148.23 131.0 3.084 4529 0.015
1680 6.03 0.805 157.46 155.32 1.315 4.643 0.263
2691 2.03 2.55 157.02 89.77 1174 4207 0.202
2692 5.9 2.55 157.02 152.49 1174 4183 0.271
3220 6.33 2.158 157.02 114.82 3.679 4,06 0.149
3251 1.08 25 148.23 135.19 3.885 1139 0.784
3325 5.08 2.158 157.02 T141.05 3.679 3.074 0.428
3324 6.36 2.158 157.02 119.49 3.679 3.975 0.259
3411 5.06 2.158 157.02 158.05 3.679 ~3.96 0.353

45



46

Peptide Experimentall Crippen._ TPSA PSA AlogP logPeff logPapp
D Permeabil. | MollogP

ity
3412 -6.11 2.158 157.02 110.35 3.679 -3.966 0.29
3420 -4.99 2.158 157.02 120.06 3.679 -3.96 0.353
3423 -6.18 2.5 148.23 105.96 3.885 -4.059 0.786
3496 -6.12 2.158 157.02 131.08 3.679 -3.892 0.372
3498 -7.2 2.158 157.02 131.27 3.679 -3.911 0.259
3858 -6.07 1.807 186.12 171.01 3.442 -3.93 0.02
3859 -4.79 2.149 177.33 125.04 3.648 -3.985 0.531
3893 -5.34 1.807 186.12 177.92 3.442 -3.925 0.004
3891 -7.85 1.807 186.12 152.75 3.442 -3.927 -0.024
4629 -6.17 2.149 177.33 105.71 3.648 -4.142 0.182
4630 -7.49 2.149 177.33 156.44 3.648 -4.146 0.097
4767 -7.21 2.647 168.54 166.41 3.828 -4.271 0.561
4768 -6.02 2.647 168.54 138.47 3.828 -4.271 0.561
4814 -6.75 2.149 177.33 114.48 3.648 -4.012 0.353
4815 -5.71 2.149 177.33 114.8 3.648 -3.996 0.348
5435 -5.29 1.807 186.12 163.45 3.442 -4.091 0.051
5436 -6.86 2.149 177.33 122.84 3.442 -4.16 0.52
2773 -6.08 2.55 157.02 121.64 4.174 -4.091 0.465
2770 -5.08 2.55 157.02 140.7 4.174 -4.091 0.313
3026 -6.67 1.816 165.81 139.23 3.473 -3.918 0.171
3029 -4.82 1.816 165.81 150.37 3.473 -3.919 0.143
4477 -6.69 1.807 186.12 166.46 3.442 -4.082 0.008
4479 -5.84 1.807 186.12 151.04 3.442 -4.078 0.046
5427 -7.08 1.807 186.12 152.06 3.442 -4.091 0.051
5429 -6.15 1.807 186.12 181.69 3.442 -4.094 0.055
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