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ABSTRAKT
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Nazev disertacni prace: Objevovani |éciv zaloZzené na strukturnich metoddch: vypocetni

pohled na agonisty receptoru TGR5 a substituované katecholové
vazodilatory

Poc¢itacem podporovany ndvrh |éciv (CADD) urychluje a zefektiviiuje wvyvoj Iéciv
prostfednictvim integrace vypocetnich pristupl. Objevovani léCiv zaloZzené na strukturnich metodach
(SBDD), zakladni kdamen racionalniho navrhu léciv, identifikuje vad¢i slouceniny na zakladé jejich
interakci ve vazebném misté receptoru. V teoretické Casti této disertacni prace popisuji zakladni
principy a metody SBDD, jako jsou molekuldrni dokovéni, farmakoforové vyhledavani a molekulové
dynamiky (MD).

Tato interdisciplindrni disertacni prace komentuje publikace doktoranda a ukazuje jako pfiklad
implementaci vypocetnich metod na pfikladu dvou projekt(: 1. Objevovani novych agonistl Takeda G
protein-coupled receptoru 5 (TGR5) kombinaci farmakoforového vyhledavani, molekularniho
dokovani a MD simulaci. 2. Vyuziti molekuldrniho dokovéni k objasnéni molekuldrniho cile
substituovanych katecholl s vazodilatacnim Géinkem.

V prvni publikaci jsme pouzili vysokokapacitni virtudini screening (HTVS) k identifikaci novych
ligandli TGR5. Virtualni screening, ktery zahrnoval farmakoforové vyhledavani a dvé kola
molekuldrniho dokovani, pfinesl pét hitl sloucenin spliujicich kritéria vybéru: vyhovuji
farmakoforovému modelu, docking skdre pod -9,2 kcal/mol (préah definovany dle skore referenc¢niho
ligandu) a vykazovaly klicové interakce podobné referencnimu ligandu. Téchto pét sloucenin (hitd)
bylo podrobeno biologickym testlm, které potvrdily, Ze pouze Hit-3 (CSC089939231) byl schopen
aktivovat TGR5. Tyto vysledky byly podporeny MD simulacemi, které odlisily Hit-3 od ostatnich hitd
zdlraznénim role vodikové vazby s Tyr240 pfi aktivaci TGR5.

Druhd &ast vyzkumu se zaméfila na objasnéni mechanismu ucinku odpovédného za vazodilatacni efekt
substituovanych katecholll, konkrétné 4-methylkatecholu (4-MC) a 3-methoxykatecholu (3-MOC).
Reverzni molekuldrni dokovani bylo vyuZito jako doplnéni in vitro studii na izolované aorté potkana.
Obé slouceniny vykazovaly vyrazny vazodilatacni Ucinek, pficemz 3-MOC byl Gc¢innéjsi. Z hlediska
mechanismu Ucinku nebyly zavislé na L-typovych Ca?* kanalech, ale pusobily prostfednictvim aktivace
napétové fizenych K* (Ky) kanald, konkrétné izoformy Ky7.4, jak bylo potvrzeno selektivnimi
inhibi¢nimi studiemi. Molekuldrni dokovani dale podpofilo tento mechanismus, kdyz odhalilo klicové
vodikové a hydrofobni interakce s aminokyselinovymi zbytky Trp242 a Phe246 v kanalu Ky7.4. Tyto
poznatky radi 3-MOC a 4-MC mezi perspektivni kandidaty pro vyvoj antihypertenziv, kterad neovliviuji
koronarni obéh.
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and Substituted Catechol Vasodilators

Computer-aided drug design (CADD) accelerates and enhances drug development by
integrating computational approaches. Structure-based drug discovery (SBDD), a cornerstone of
rational drug design, identifies lead compounds by focusing on their interactions within the target
binding site. In the theoretical part of this thesis, | have described the fundamental principles and
selected SBDD methods, such as molecular docking, pharmacophore modeling, and molecular
dynamics (MD) simulations.

This interdisciplinary dissertation thesis comments on the published work of the candidate
and aims to provide an example of the implementation of computational approaches in two projects:
1. Discovering new Takeda G protein-coupled receptor 5 (TGR5) agonists by combining
pharmacophore modelling, molecular docking, and MD simulations, and 2. Utilization of molecular
docking in unravelling the molecular target of substituted catechols acting as vasodilators.

In the first publication, we used a high-throughput virtual screening (HTVS) to identify new
ligands of TGR5. Virtual screening, using pharmacophore searching and two rounds of molecular
docking, yielded five hit compounds that met the selection criteria: fulfilled pharmacophore features,
obtained a docking score below -9.2 kcal/mol (threshold defined by the score of the reference ligand),
and showed key interactions pattern similar to the reference ligand. Five hits were advanced to
biological assays, which confirmed only Hit-3 (CSC089939231) was able to activate TGR5. These
findings were supported by MD simulations, which distinguished Hit-3 from the other hit compounds
by emphasizing the role of hydrogen bonding with Tyr240 in TGR5 activation.

The second part of the research focused on elucidating the mechanism of action responsible
for the vasodilatory effects of substituted catechols, specifically 4-methylcatechol (4-MC) and 3-
methoxycatechol (3-MOC). Reverse molecular docking was used to complement in vitro studies on
isolated rat aorta. Both compounds demonstrated significant vasodilatory activity, with 3-MOC
showing greater potency. Mechanistically, their action was independent of L-type Ca?* channels and
was instead mediated by the activation of voltage-gated K* (KV) channels, particularly the KV7.4
isoform, as confirmed through selective inhibition studies. Molecular docking further supported this
mechanism, revealing key hydrogen bonding and hydrophobic interactions with residues Trp242 and
Phe246 within the KV7.4 channel. These findings position 3-MOC and 4-MC as promising leads for the
development of antihypertensive agents that do not compromise coronary circulation.
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Abbreviation Name

3-MOC 3-methoxycatechol

4-MC 4-methylcatechol

ADMET absorption, distribution, metabolism, elimination and toxicity
AUC area under the curve

CADD Computer-aided drug discovery
cAMP cyclic adenosine monophosphate
cGMP cyclic guanosine monophosphate
CGenFF CHARMM General Force Field
cyro-EM cryo-electron microscopy

EF enrichment factor

FEP free energy perturbation

GA Genetic algorithm

GAFF General AMBER Force Field

GH Glner-Henry

GPU graphical processing unit

HTS high-throughput screening

HTVS high-throughput virtual screening
IFD Induced fit docking

LBDD ligand-based drug discovery

LCA lithocholic acid

LGA Lamarckian Genetic Algorithm
MOA mechanism of action

MD molecular dynamics

MC Monte Carlo

MC/MD Monte Carlo/molecular dynamics
MM molecular mechanics

NMR nuclear magnetic resonance
OPLS-AA Optimized Potentials for Liquid Simulations in all atoms
PDB Protein Data Bank

PMF Potential of Mean Force

PSO particle swarm optimization

QM guantum mechanics

QSAR guantitative structure-activity relationship
Rg radius of gyration

RMSD root mean square deviation
RMSF root mean square fluctuation
ROC Receiver Operating Characteristic
SBDD structure-based drug discovery
SAR structure-activity relationship

SA simulated annealing

TGR5 Takeda G protein-coupled receptor 5
TS Tabu Search

vdW van der Waals

VS virtual screening



In recent years, computer-aided drug discovery (CADD) simplifies the process by using
computational techniques to design and optimize bioactive compounds, thereby reducing cost and
time (1, 2). CADD methods are categorized based on the level of theoretical approximation into
molecular mechanics (MM) and quantum mechanics (QM) approaches (3). MM relies on classical
physics and applies empirical force fields to model molecular interactions, calculating the potential
energy of a system based on parameters such as bond lengths, angles, torsions, and non-bonded
interactions. MM-based methods are computationally efficient, making them particularly suitable for
high-throughput screening and early-stage drug discovery. In contrast, quantum mechanics methods,
which are based on the principles of quantum theory and involve solving the Schrédinger equation,
provide a more detailed description of electronic structure but are computationally more intensive
and often reserved for later-stage analysis, such as refining binding interactions or modelling reactive
processes (3). CADD can be categorized as well into structure-based and ligand-based approaches (4).
Structure-based drug discovery (SBDD) and ligand-based drug discovery (LBDD) are complementary
approaches in early drug discovery, each utilizing different information (4). SBDD, a widely used MM
strategy, designs ligands based on the 3D structure of the target protein, using techniques such as
molecular docking and molecular dynamics (MD) simulations to predict binding affinity and optimize
lead compounds (5). This method is effective with high-resolution protein structure data (5). LBDD is
employed in the absence of a target protein structure, relying on known ligands to identify common
features to predict new compounds. It is useful for target identification and lead optimization in the
absence of protein structure data (5). An example of LBDD is quantitative structure-activity
relationship (QSAR) modelling, which employs statistical and machine learning techniques to correlate

molecular descriptors with biological activity, allowing activity predictions for new compounds (6).

SBDD has arisen as a cornerstone in the rational design of new drugs, allowing the
identification of lead compounds with high specificity and potency (7). Utilising detailed three-
dimensional structures of biological targets such as proteins, SBDD allows precise modelling of
molecular interactions, facilitating the prediction of binding affinities and the design of compounds
with improved pharmacokinetic and pharmacodynamic properties (8). SBDD encompasses a range of
computational and experimental techniques, including pharmacophore modelling, molecular docking,
MD simulations, and structure-activity relationship (SAR) studies. These approaches are supported by
advances in X-ray crystallography, nuclear magnetic resonance (NMR) spectroscopy, and cryo-
electron microscopy (cryo-EM), which provide high-resolution protein structural data. The integration

of these methods has led to numerous successes in drug discovery, including the development of



inhibitors that target kinases, proteases, and other important enzymes involved in various diseases
(5). Many therapeutically relevant proteins lack experimentally resolved structures, hindering
structure-based drug design (SBDD). Homology modelling has been used to predict 3D structures
based on sequence similarity to known structures, by artificial intelligence (Al). Particularly AlphaFold
has revolutionized structure prediction (9). AlphaFold's highly accurate predictions, accessible through
public databases, have expanded the proteome's structural coverage, enabling drug discovery for
previously intractable targets. Homology modelling and AlphaFold are now powerful tools in SBDD,

facilitating ligand design and virtual screening (9).

Pharmacophore modelling is a concept of capturing the essential features responsible for
biological activity of a molecule. The model represents the spatial arrangement of functional groups
that interact with a specific biological target, thus allowing researchers to identify and design new
compounds with similar activity profiles. Pharmacophore models can be derived from the structural
information of known active compounds (ligand-based approach) or the three-dimensional structure
of the target protein (structure-based approach). Structure-based pharmacophore modelling
leverages high-resolution ligand-receptor complex structures (e.g., from X-ray crystallography or
molecular binding) to map specific ligand-receptor interactions (hydrogen bonding, r-it stacking, salt
bridges, hydrophobic contacts). This precisely defines the spatial and chemical requirements for
receptor binding (10, 11). Structure-based pharmacophore modelling is direct and more precise than
ligand-based modelling as it incorporates the important interactions occurring between the ligand and
the receptor in eliciting a biological response (10, 12). These models facilitate virtual screening of large
compound libraries, thus prioritising candidates for further experimental validation. By simplifying the
identification of potential drug candidates, pharmacophore modelling significantly reduces the time

and resources required for the preliminary screening step (13).

On the other hand, molecular docking predicts the binding orientation and affinity of small
molecules toward their target proteins (14). By simulating the interaction between ligands and their
receptors, docking studies provide insight into modelling the interaction between ligands and proteins
at the atomic level, enabling characterization of ligand behaviour within the ligand-binding domain to
elucidate fundamental biochemical processes (15). Apart from predicting binding modes, molecular
docking provides important information on the thermodynamics and kinetics of ligand-receptor
interactions. Coupled with a scoring function, docking studies allow to determine the ranking of
potential drug candidates based on the predicted binding affinity. This information is invaluable for
prioritization of compounds for synthesis and biological assay. Moreover, in combination with MD

simulations, docking can reveal dynamic interaction patterns that are essential for understanding



ligand binding stability and specificity (16). The integration of pharmacophore modelling and
molecular docking has been successfully applied in various drug discovery projects. An important
advantage of combining these methods is the ability to cross-validate the findings. Pharmacophore
models can be employed to filter compound libraries prior to docking, thereby reducing the
computational workload and increasing the efficiency of the screening process as well as gaining a
more comprehensive understanding of ligand-receptor interactions and improving the accuracy of

virtual screening workflows.

Computational modelling is essential in unravelling the mechanism of action of bioactive
compounds, particularly in cases of limited experimental data. The molecular docking process involves
not only predicting the binding affinity but also unlocking the mechanism of action (MOA) of the
ligand. This involves understanding how the ligand induces specific conformational changes in the
protein, which can affect the biological function of the protein. Ligand binding can inhibit or activate
target proteins, and docking simulations provide a detailed view of interactions at the atomic level,
such as hydrogen bonding, hydrophobic interactions, and electrostatic forces (17). By analysing these
interactions, docking studies can elucidate the molecular mechanisms at the atomic level controlling

the activity of ligands and their potential therapeutic effects (15).

This dissertation applies molecular docking approaches to discover bioactive small molecules
with potential pharmacological properties. The main study in this dissertation emphasizes molecular
docking as an essential tool in discovering drugs modulating the Takeda G protein-coupled receptor 5
(TGR5) protein and combines it with pharmacophore modelling for preliminary screening of a vast
compound library and with MD simulations to rationalize the observed biological activity of candidate
compounds. The other two studies explore the potential vasodilatory mechanisms of catechol
derivatives, 3-methoxycatechol (3-MOC) and 4-methylcatechol (4-MC). All studies utilize molecular
docking to elucidate ligand-receptor interactions, identify key binding residues and are supported by

experimental validation.

The dissertation is structured as follows: the first and second chapter consist of the introduction and
of the aims of the thesis, respectively. In the third chapter, we will focus on the theoretical background
of SBDD with molecular docking as the main part along with pharmacophore theory and MD
simulation as part of SBDD. The fourth chapter, central component of the dissertation, will highlight
the application of in silico techniques in both the identification of novel TGR5 agonists and the
mechanistic investigation of substituted catechol compounds with vasodilatory potential. Chapter 5,

as conclusion of this work, synthesizes the main findings, reflecting on their significance within the
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broader landscape of drug discovery. This is followed by a discussion on the Prospects for Further
Research (chapter 6), which outlines future directions and potential expansions of the work. Finally,
research outputs (chapter 7) summarize the scientific contributions made throughout the dissertation,
including peer-reviewed publications and other relevant outputs such as oral presentation. Together,
these sections provide a coherent and structured presentation of the research process and its

outcomes.
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The aim of this dissertation is to explore and implement molecular docking as a core
computational approach for the identification, characterization, and mechanistic prediction of small-
molecule bioactivity in the context of drug discovery. In addition to molecular docking, this thesis
addresses other computational approaches including pharmacophore modelling for preliminary
database screening and MD simulations for the rationalization of biological activity of candidate
compounds. This methodology complements experimental methods, offering insights into ligand-

target interactions, stability, and potency.
The specific applications this thesis focuses on, are:

I Identifying new TGR5 agonists through computational screening using pharmacophore-based
screening, molecular docking, and MD simulation

Il. Utilizing molecular docking to unravel the mechanical role of catechol derivatives in vasodilation

By leveraging molecular docking to simulate and predict ligand—receptor interactions at the atomic
level, this dissertation aims to contribute to the rational design of lead compounds with therapeutic
potential, while demonstrating the versatility and value of docking methodologies in mechanism of

action studies.
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CADD has emerged as a transformative approach in pharmaceutical research, integrating
computational techniques to streamline the drug development process (1, 2). The fundamental goal
of CADD is to design and optimize biologically active compounds while minimizing the costs, time, and
labour associated with traditional drug discovery methods. The origins of CADD trace back to the
1970s, gaining public recognition in 1981 when Fortune magazine highlighted its potential in a cover
article on Merck’s computational drug design efforts (18-20). Despite initially intriguing, CADD faced
competition from high-throughput screening (HTS), an automated, robust approach to identifying
bioactive compounds. However, HTS was associated with low success rates and high costs, restricting
its accessibility to only well-funded research programmes (20). Over time, CADD has re-emerged as a
complementary strategy, allowing researchers to efficiently screen virtual compound libraries,
prioritise active candidates, and reduce the need for labour-intensive experimental screening (2). A
case study from Pharmacia (now part of Pfizer) demonstrated the effectiveness of CADD: virtual
screening identified 365 potential inhibitors for tyrosine phosphatase-1B, with 127 showing significant
activity (hit rate of 35%), whereas traditional HTS identified only 81 active compounds from 400,000
tested molecules (hit rate of 0.021%) (21). This example highlights how computational screening can
drastically improve the efficiency of drug discovery by reducing both time and cost while maintaining

high-quality lead identification.

CADD plays a crucial role in multiple stages of drug discovery:

1. Target Identification and Validation
Computational tools assist the identification of bioactive molecules and their molecular
targets through structure- or ligand-based approaches.

2. Hit Discovery and Lead Optimization
Virtual screening techniques, such as molecular docking, pharmacophore screening, and
guantitative structure-activity relationship (QSAR) modelling, are applied to predict potential
drug candidates with beneficial pharmacokinetic aspects (absorption, distribution,
metabolism, excretion and toxicity/ADMET) and pharmacodynamic properties.

3. Preclinical and Clinical Development
CADD supports the refinement of drug candidates before proceeding to experimental assays

and costly clinical trials (20).

The pipeline in CADD typically has three main objectives: (1) screening of a large compound

database to obtain a small number of hit compounds for experimental assay and subsequent lead
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compounds; (2) lead compound optimisation, either to improve its affinity or the pharmacokinetic
properties of the drug including ADMET; (3) synthesis of derivative compounds from the obtained lead
compounds in order to obtain other drug candidates with increased potency (20). In general, CADD
can be categorised into two main approaches: structure-based approaches with the discovery of drug
candidates focused on the orientation in the target binding cavity and ligand-based approaches with

drug discovery centred on the ligand (4).

Computer-aided drug design
{ {

Structure-based:
Molecular docking
Molecular dynamic simulation
(MD)
Pharmacophore modeling

p
Lead optimization: /‘—J
ADMET prediction

L

N
Experimental validation (in
vitro, in vivo)

<
Drug candidate

Ligand-based
Quantitative structure-activity
relation (QSAR)
Pharmacophore modeling

S/

Y

.

Figure 1. Drug discovery pipeline using computer-aided drug design approach (adapted from (2, 20).

SBDD relies on technologies such as X-ray crystallography and NMR to determine the 3D
structure of target proteins (2, 22, 23). Knowing the 3D structure of the target protein provides insight
into ligand binding, conformation, and the mechanism of action of the active compound (2, 24).
Therefore, identifying the drug target protein is crucial for SBDD as highlighted in Figure 2. However,
many therapeutically relevant proteins lack experimentally resolved structures due to limitations in
techniques such as X-ray crystallography or cryo-electron microscopy. To address this gap, homology
modelling has traditionally been employed to predict the 3D structure of a target protein based on its
sequence similarity to proteins with known structures (templates). This method assumes that
homologous proteins adopt similar folds, and it involves sequence alignment, model building, and
refinement to generate a plausible structural model suitable for SBDD applications such as molecular

docking, pharmacophore modelling, and virtual screening (25).
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Recent advances in artificial intelligence (Al) have revolutionized structure prediction with the
development of AlphaFold, a deep learning-based system by DeepMind. AlphaFold has demonstrated
unprecedented accuracy in predicting protein structures directly from amino acid sequences,
achieving near-experimental resolution in many cases (9). Its predictions are not only significantly
more reliable than traditional homology models, especially for proteins with low sequence identity to
known structures, but also widely accessible through public databases like the AlphaFold Protein
Structure Database. As a result, AlphaFold has become a game-changer in SBDD by vastly expanding
the structural coverage of the proteome and enabling drug discovery efforts against previously
intractable targets. Together, homology modelling and AlphaFold serve as powerful tools to fill the
structural knowledge gap in SBDD with highly accurate predictions across a broader range of proteins,

facilitating ligand design and virtual screening workflows with greater confidence and speed.

[Structure Based Drug Design ’

Target selection

Ligand Structure - o e -
[ database J Ldetermination/Modelling Binding site |dent|f|cat|onJ

Pharmacophore virtual Molecular docking virtual
screening screening

Molecular dynamics
simulation

‘ Lead molecule(s) ]

In vitro, in vivo and
clinical studies

‘ New drug }

Figure 2. Structure-based drug design pipeline for the identification of lead molecules (adapted from

(2)).

Once the target protein is known, detailed information about its 3D structure and binding
cavity is crucial. This information aids in predicting optimal ligand conformation for protein inhibition
or activation(2). In case a reference ligand exists within the crystallographic structure of the protein,

the essential binding site amino acid residues can be determined. Otherwise, van der Waals forces,

15



hydrogen bond interactions, and binding energy calculations can map these residues. (2). With the
target protein and key binding site residues identified, virtual screening can discover lead compounds
for in vitro/in vivo testing. Virtual screening computationally identifies potential drug candidates from
vast databases, using either a pharmacophore approach followed by molecular docking, or direct

molecular docking. (26).

3.1 Molecular Docking

Molecular docking, one of CADD methods, predicts the position of the ligand in the
protein binding cavity (called pose) and estimates binding affinity (27). The predicted ligand
poses, its position and arrangement, are defined by translation (location), orientation
(rotation), and conformation (internal geometry). Accurate pose is crucial for predicting
binding affinity and biological activity, as changes in these parameters impact molecular
interactions. Binding cavity predictions reveal insights into protein functionality, while binding
affinity estimates reveal insights into the strength of ligand-protein binding (28, 29). Docking
studies expose molecular interactions, such as hydrogen bond formation, that indicate the
stability of the complex (28). Characterization of ligand-binding behaviour is essential for

rational drug design and understanding biochemical processes (17).

Figure 3. Schematic illustration of docking a small molecule ligand (green) to a protein target

(blue) producing a stable complex.

In contrast to conventional docking, which seeks optimal ligands for a known target,
reverse docking reverses this strategy by screening a single compound against a library of
protein structures to identify potential binding targets. This method is particularly useful in

target fishing, mechanism of action studies, and drug repurposing, especially when the
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biological target of a compound is unknown (30). Reverse docking involves systematically
docking the compound of interest into the binding sites of multiple proteins, often retrieved
from databases such as the Protein Data Bank (PDB) (31). Scoring functions then rank the
predicted protein-ligand interactions to prioritize targets for further validation such as
experimental validation. Together, molecular docking and reverse docking offer a powerful in
silico toolkit for both ligand-based screening and target discovery, streamlining early-stage

drug development and guiding experimental validation.

In the docking process, the ligand is docked in the protein binding cavity based on the
applied docking algorithm. For instance, a ligand with a relatively simple structure could
possess various degrees of freedom corresponding to possible conformations in the protein
binding cavity, making it a challenge to obtain the most suitable conformation in the protein
binding cavity with considerable accuracy in a short period of time (17). As an evaluation of
the conformation or docking pose of the ligand, a scoring function is added to the docking
algorithm. The scoring function is set up to predict the biological activity based on ligand-

protein interaction (17).

Docking methodologies are generally classified into rigid docking and flexible docking,
each with varying levels of complexity and accuracy. Rigid docking simplifies the docking
process by treating both the ligand and protein as static objects, which enhances
computational efficiency but reduces accuracy, particularly for highly flexible biomolecules
(32). This approach is appropriate for high-throughput virtual screening (HTVS) due to the
rapidity of it. Flexible docking, on the other hand, takes into account conformational changes
in either the ligand, protein, or both, thus improving accuracy but increasing computational
cost (33). Flexible docking, also known as induced fit docking (IFD), allows for a more accurate
prediction of binding poses, especially for targets with flexible or partially unresolved active
sites (34). Docking methodologies also vary in their approach to identifying optimal ligand
conformations. Systematic search methods exhaustively explore all possible conformations
but are computationally demanding. In contrast, stochastic search algorithms, such as GA,
Simulated Annealing (SA), and Monte Carlo (MC) methods, introduce an element of
randomness to efficiently sample the conformational space (35, 36). Furthermore, ensemble
docking, which considers multiple receptor conformations, improves predictions for targets

exhibiting significant structural flexibility (37).
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Rigid docking is a molecular docking approach in which both the ligand and receptor
are treated as fixed, disallowing any conformational flexibility during the docking process. This
methodology assumes that the protein maintains a static structure, while different
orientations and positions of the ligand are assessed within the binding cavity (33). Rigid
docking is computationally efficient and widely used in HTVS, where screening thousands to
millions of compounds against a target protein within a reasonable timeframe (17). However,
this method has limitations, especially when applied to flexible molecules or dynamic proteins
that undergo conformational changes on ligand binding. Since rigid docking fails to consider
the effects of induced fit, it can lead to inaccurate binding predictions, especially for highly
flexible ligands (32). However, this method can be used on both rigid and highly flexible ligands
depending on the preparation of favourable ligand conformations for the docking input.
Flexible ligands, however, require pre-generated conformer sets by more sophisticated
methods such as molecular dynamics or Monte Carlo sampling to represent their diverse
conformations, enabling rigid docking to evaluate multiple plausible shapes without real-time

generation of ligand conformers (38).

Rigid docking is frequently used as starting point of screening before employing more
computationally intensive flexible docking methods. Numerous docking programs, including
AutoDock, DOCK, and Glide, offer rigid docking as a default option for rapid ligand binding
assessment (35). The scoring functions in rigid docking primarily evaluate non-bonded
interactions, such as van der Waals forces, electrostatics, and hydrogen bond, to rank
potential binding poses. However, rigid docking neglects protein flexibility and its results may
require post-processing techniques, such as MD simulations, to refine and validate the
predicted binding conformation (33). Despite these limitations, rigid docking remains a
valuable tool in structure-based drug discovery, especially when high-resolution experimental

protein structures are available and ligand flexibility is limited.

Semi-flexible docking is a molecular docking approach in that the ligand is treated as
flexible, allowing it to change its shape, while the receptor is kept rigid. This method offers a
practical balance between computational efficiency and biological relevance, especially when
dealing with small, conformationally flexible ligands and well-defined receptor structures.

During semi-flexible docking, the ligand is permitted to explore different conformations by
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rotating its torsional bonds, enabling the identification of optimal binding poses within the
static receptor binding site (39, 40). This approach is widely used in virtual screening
workflows because it can efficiently handle large compound libraries while capturing essential
aspects of molecular recognition by considering how well the ligand's shape matches the
receptor's and how well they can form hydrogen bonds. While semi-flexible docking simplifies
the process by ignoring the receptor's flexibility (which can be important for certain binding
mechanisms like induced fit), it can still provide reliable predictions when the binding site of
receptor is relatively rigid, or when a detailed structure of the receptor is available (e.g., from
X-ray crystallography). Tools like AutoDock Vina, Glide, and GOLD commonly implement semi-
flexible docking algorithms, making this method a cornerstone in structure-based drug
discovery (35, 41). By allowing conformational sampling of the ligand while maintaining a fixed
receptor geometry, semi-flexible docking serves as an effective compromise between speed

and accuracy, particularly for early-stage hit identification and lead optimization.

Flexible docking is a molecular docking approach designed to overcome the
limitations of rigid docking by accounting for the conformational flexibility of the ligand and
the receptor during the binding process. Unlike rigid docking, which treats both molecules as
static, flexible docking allows for structural changes, leading to more biologically relevant and
precise predictions of ligand-protein interactions (33). This strategy provides a more realistic
simulation of molecular recognition, particularly when dealing with flexible ligands or dynamic
protein binding sites. The conformations of the ligands are treated as described above. There
are several strategies to address the flexibility of the protein receptor. The first strategy
accounts for side-chain flexibility, particularly of residues in the binding cavity to move and
adapt during ligand binding. This can be implemented through precomputed rotamer libraries
of specific amino acids, or by allowing full conformational sampling of selected side chains
(treating them in a similar way as the ligand, used for example in AutoDock and AutoDock
Vina. Although it requires more computing power, this approach provides better predictions,
especially when the receptor's shape changes significantly when binding occurs (35, 38).
Alternatively, ensemble docking provides another solution for receptor flexibility, docking
ligands into multiple static conformations of the protein derived from experimental structures
or molecular dynamics simulations, enabling the capture of a broader range of potential
interactions (37). Flexible docking methodologies are expected to further enhance drug

discovery by providing more accurate and physiologically relevant binding predictions.
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Several algorithms have been applied in the development of molecular docking
programs (42). This part focusses on an overview of the most used algorithms along with the
molecular docking software samples using the algorithms. Molecular docking software can
use one or multiple algorithms in the search for specific ligand conformations in the protein

binding cavity.

The Monte Carlo (MC) algorithm is a stochastic simulation method applied in several
docking software packages such as AutoDock, MCDOCK, AutoDock Vina, QXP, and
ROSETTALIGAND (35, 43-45). MC does not adopt a deterministic fixed-rule approach but is
based on the MC algorithm of Metropolis, which provides acceptance criteria in the evolution
of docking search (46, 47). The MC algorithm utilises random sampling to examine the possible
states of the system, making it valuable for studying molecular conformations, ligand-receptor
interactions, and thermodynamic properties. By generating random configurations of
molecules and evaluating their energies using statistical mechanics, these simulations assist
in identifying the most favourable conformations with high binding affinity (48). The efficiency
of Monte Carlo sampling can be further enhanced through such techniques as simulated
annealing and the Metropolis-Hastings algorithm, which enable the system to move out of the
local minimum energy and explore a wider conformational space (49). Monte Carlo methods
have been successfully applied in different aspects of structure-based drug design, including
flexible molecular docking (explained earlier in the section 3.1.1.3), solvation modelling, and
protein folding simulations. For example, the hybrid Monte Carlo/molecular dynamics
(MC/MD) approach combines the strengths of both methods, allowing efficient sampling of
molecular movement while incorporating physics-based force fields (50). One of the
limitations of MC algorithms is that it is not suitable for time-dependent simulations such as
molecular dynamics simulations (39). However, Monte Carlo can play an essential role in the
estimation of binding free energies in molecular systems and can complement other

computational approaches such as MD (51).

A genetic algorithm (GA) is an evolutionary optimisation method inspired by Darwin's
theory of natural selection and genetic variation, which is widely used in molecular docking to

explore binding interactions between ligands and target proteins (52). GA are valuable tools
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in molecular docking, especially when the precise geometry or conformational flexibility of
the binding cavity of the protein is unclear or dynamic (36). In molecular docking, GA is highly
effective in searching a wide conformational space of ligand poses to identify the optimal
binding mode with minimal energy (36, 53). The algorithm runs through an iterative process
of selection, crossover, and mutation, mimicking biological evolution to fine-tune ligand
conformation and orientation (54). Initially, a population of ligand poses is generated, and
each pose is evaluated using a scoring function that estimates binding affinity. The best-
performing poses (i.e., those with the lowest binding energy) are selected for reproduction,
allowing crosses and mutations to introduce diversity and explore new conformations (36).
This iterative refinement allows the GA to efficiently converge to the most favourable ligand-
binding mode, making it a powerful approach for flexible molecular docking. One well-known
application of GA in molecular docking is in the AutoDock software suite, which applies the
Lamarckian Genetic Algorithm to optimise ligand docking while incorporating local
minimisation to improve accuracy (32). In comparison with traditional exhaustive searching
methods, GA-based docking provides a balance between efficiency and accuracy of
computation, enabling fast screening of large chemical libraries (55). As a result, GA-based
docking remains a key strategy in modern structure-based drug discovery, enabling the

identification of novel therapeutics with improved precision.

In molecular docking, simulated annealing (SA) is employed to explore the
conformational space of ligand-receptor interactions by mimicking the physical annealing
process in metallurgy that involves the factor of temperature. The term temperature refers to
a control parameter that governs the probability of accepting a higher-energy conformation
during the exploration of optimal ligand-receptor binding poses. The algorithm starts by
generating an initial ligand conformation and iteratively perturbs it to explore alternative
binding poses. At each iteration, alterations with lower energy of the system are favoured,
while higher-energy conformations are also favoured with a certain probability of passing the
minimum local energy. As the ‘temperature’ gradually decreases, the system stabilises into an
optimised docking conformation with minimised binding energy (49). The ability of SA to
efficiently navigate complex energy landscapes makes it particularly effective for flexible
molecular docking, where ligands and proteins can undergo conformational changes during
binding (49). SA has been successfully integrated into various molecular docking programmes,

such as AutoDock, as an addition to genetic algorithms (GA) for flexible docking (explained
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earlier in the section 3.1.1.3) (32). Studies have shown that SA-based docking methods can
improve binding pose accuracy and enhance sampling efficiency, especially when dealing with

highly flexible ligands or challenging docking scenarios (56).

Tabu Search (TS) is an advanced metaheuristic optimisation algorithm to guide the
search for an optimal result by maintaining a memory-based adaptive search mechanism. In
complex molecular docking, standard local search methods often become trapped in local
energy minima. TS addresses this limitation by employing a memory-based strategy to explore
both local and global regions of the energy landscape. TS utilizes a "tabu list" to prevent
revisiting recently evaluated molecular configurations, allowing it to escape local minima and
explore more promising areas. Aspiration criteria and intensification/ diversification
techniques further refine TS's ability to navigate these complex energy landscapes.
Consequently, TS bridges local and global search by avoiding cycling and promoting broader
exploration, thereby increasing the probability of identifying the optimal molecular docking
conformations (57). Furthermore, systematically moving from non-optimal binding poses and
continuously refining ligand orientation, TS improves docking accuracy and efficiency in SBDD
(58). Recently, TS has been integrated into docking software such as PRO_LEADS and
AutoDock to improve ligand binding predictions (59, 60). Studies have shown that TS
outperforms traditional stochastic search algorithms in certain docking scenarios by quickly
converging to the global minimum energy conformation while maintaining computational

efficiency (61).

The integration of various docking algorithm methods plays a pivotal role in
enhancing the accuracy and reliability of molecular docking studies. Different algorithms such
as GA, SA, and TS offer unique advantages in exploring the conformational space of ligand—
receptor interactions. By combining these approaches, docking tools can more effectively
balance thorough conformational sampling with efficient energy minimization. For instance,
hybrid algorithms like the Lamarckian Genetic Algorithm used in AutoDock integrate
evolutionary search strategies with local refinement techniques to improve docking precision.
Additionally, incorporating flexible docking protocols alongside rigid docking can better
account for the dynamic nature of molecular interactions, particularly in cases involving
flexible ligands or partially flexible protein binding sites. This methodological integration not

only increases the likelihood of identifying accurate binding poses but also reduces false
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positives, ultimately improving the predictive power of docking in structure-based drug

design.

The success of docking an entire molecule on a binding cavity of a target protein or
screening a vast virtual combinatorial library in the end depends on the accuracy of the scoring
function that ranks the compounds (62). Scoring functions play an important role in molecular
docking by estimating binding affinity or interaction energy between a ligand and its target
protein. The ligand conformation is assessed instantly while the ligand is posed inside the
binding cavity, or all the generated poses can be scored at the end (62, 63). Scoring functions
are broadly classified into three categories: empirical, knowledge-based, and force field-based
scoring functions (64). Empirical scoring functions rely on derived mathematical models from
experimental data on binding properties, whereas knowledge-based functions use statistical
analyses of known protein-ligand complexes to estimate binding affinity (65, 66). Force field-
based scoring functions, on the other hand, use basic principles of molecular mechanics and

thermodynamics to simulate the energy contribution of each molecular interaction (67).

Empirical scoring methods in molecular docking approximate ligand-binding affinity
through mathematical functions derived from experimental data of binding properties. These
methods employ a linear regression model that assigns weighted coefficients to various
molecular interaction terms, including van der Waals forces, hydrogen bonds, electrostatics,
and desolvation effects, based on established protein-ligand complexes (68). The ability of
empirical scoring functions to provide rapid binding affinity calculations is one of their key
advantages, making them beneficial for high-throughput virtual screening in drug discovery.
In contrast to physics-based methods, which require computationally intensive simulations,
empirical methods estimate binding free energy based on statistical correlations, enabling

accelerated evaluation of vast compound libraries (69).

Established empirical scoring functions like ChemScore, GlideScore, and X-Score
incorporate experimentally derived parameters to improve docking accuracy (70). Although
efficient, these methods have limitations, primarily their dependence on predefined
weighting parameters that may not generalize well to different molecular systems. Their
accuracy depends heavily on the quality and diversity of the training set and may not

generalize well across different protein families or ligand types (69). Consensus scoring
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approaches, which integrate several scoring methods, are frequently employed to address

this problem, and enhance reliability (71).

Knowledge-based assessment methods in molecular docking estimate binding affinity
by obtaining statistical probabilities from vast datasets of experimentally determined protein-
ligand complexes. These methodologies operate under the premise that the frequency of
observed molecular interactions within known structures is indicative of favourable binding
affinity, allowing them to construct statistical energy functions based on the spatial
distribution of atoms within the binding site (72). In contrast to empirical scoring functions,
which are parameterized using experimentally determined binding affinities, knowledge-
based methods leverage interaction patterns extracted from structural databases, such as the
Protein Data Bank (PDB), to generate pairwise interaction potentials. These potentials
consider van der Waals forces, hydrogen bonds. hydrophobic and electrostatic interactions,
providing a data-driven approach to ranking anchored poses (73). In summary, empirical
methods quantitatively predict binding strength using experimental data, while knowledge-
based methods assess binding likelihood by recognizing favorable interaction patterns in

existing structural data.

Knowledge-based scoring functions offer a significant advantage by efficiently
improving docking predictions through the utilization of extensive structural information.
Popular knowledge-based scoring functions include DrugScore, PMF (Potential of Mean
Force), and ITScore, all of which derive parameters from statistical analyses of protein-ligand
complexes (74). However, these methods are limited by their reliance on the quality and
diversity of training datasets, potentially introducing biases. To overcome these issues, hybrid
approaches have emerged, integrating knowledge-based methods with empirical or machine
learning-driven scoring functions to improve prediction accuracy (75). With the continued
growth of structural databases and the refinement of interaction potentials by machine
learning models, knowledge-based scoring functions are expected to become even more

crucial in molecular docking and structure-based drug discovery.

Force field-based scoring methods work by calculating the interaction energy
between the ligand and target protein, utilizing classical physics-based force fields. These

methods rely on molecular mechanics (MM) principles, wherein the potential energy of the
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system is determined as the sum of bonded (bond stretching, angle bending, and torsional
rotation) and non-bonded (van der Waals and electrostatic) interactions (76). In contrast to
empirical and knowledge-based scoring functions, force field-based methods explicitly model
atomic interactions through established energy functions such as CHARMM, AMBER, and
OPLS, thereby enhancing physical interpretability (77). Due to their basis in fundamental
physical laws, force field-based scoring functions can provide accurate predictions, contingent
upon proper parameterization and integration with solvent models to account for desolvation

effects.

Force field-based scoring methods come with a significant advantage in structure-
based drug design through their capacity to model molecular flexibility and dynamic
interactions. Nevertheless, these methods are computationally demanding, require extensive
energy minimization and MD simulations for ligand pose refinement (78). Hybrid approaches
that integrate force field-based approaches with empirical or knowledge-based scoring
functions are employed to enhance efficiency, achieving a balance between accuracy and
computational expense (71). In addition, advances in GPU-accelerated computing and
enhanced sampling techniques have increased the feasibility of force field-based scoring for
large-scale virtual screening (79). As computation resources continue to grow, force field-
based methods are expected to play an increasingly prominent role in molecular docking,
especially when combined with free energy perturbation calculations for precise binding

affinity estimations.

Scoring functions, despite their importance in molecular docking, have limitations
that impact the accuracy of binding affinity predictions. Conventional scoring functions
simplify calculations, sacrificing the complexity of molecular interactions by inadequately
addressing conformational flexibility, solvation, and entropy (68, 80). This can lead to
incorrect pose ranking and inaccurate virtual screening results. Scoring functions also lack
transferability and struggle with absolute binding energy predictions. To address these
challenges, consensus scoring, combining multiple scoring functions to enhance predictive
accuracy, has become a widely adopted approach (69). Furthermore, advances in artificial
intelligence and machine learning have facilitated the generation of data-driven scoring

functions that incorporate deep learning models to improve binding affinity predictions (71).
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Artificial intelligence (Al) is rapidly transforming the field of drug discovery,
particularly in molecular docking, significantly improving the accuracy and efficiency of ligand-
protein interaction predictions. While traditional docking methods are constrained by
predefined scoring functions, heuristic algorithms, rigid receptor models, oversimplified
energy functions, and limited generalization, Al-based docking approaches leverage machine
learning (ML) and deep learning (DL) to learn complex, non-linear relationships directly from
structural and experimental data, overcoming these limitations. A significant advancement in
Al docking is the emergence of learned scoring functions. These functions replace traditional
physics-based or empirical scoring methods with models trained on extensive datasets of
known protein—ligand complexes and their corresponding binding affinities. Machine learning
techniques, including random forests, support vector machines (SVMs), and deep neural
networks (DNNs), have proven effective in enhancing both pose prediction and binding affinity
estimation (75). By learning from data, these models can capture uncommon interactions,
such as binding site flexibility, water-mediated interactions, and ligand strain, which are often

overlooked by classical scoring functions.

Graph neural networks (GNNs) and 3D convolutional neural networks (3D-CNNs) have
become prominent in docking due to their ability to process complex spatial information (81).
Tools like AtomNet, DeepDock, and GNINA have shown improved virtual screening
performance by learning to predict binding poses and affinities from 3D atomic environments
(81-83). Furthermore, Al enhances the sampling stage of docking. Reinforcement learning and
generative models improve exploration of ligand conformational space and can propose novel
poses or de novo ligands. These Al-driven approaches increase hit rates, reduce false positives,
and accelerate early drug design. Al-based docking is transforming computational drug
discovery, enabling more intelligent, data-driven decision-making and expanding the
possibilities for accurate prediction of ligand—target interactions. The synergy between
evolving Al models and structural biology tools like AlphaFold is expected to significantly

enhance docking and lead optimization, accelerating the drug discovery process.

Molecular dynamics (MD) simulation is a computational method employed to
investigate the physical movements of atoms and molecules over time (84). These simulations
provide detailed insight into the structural and dynamic behavior of biomolecular systems,

such as proteins, nucleic acids, and drug molecules, under physiological conditions (85). Unlike
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static molecular docking, which predicts a single ligand-receptor binding pose, MD simulation
allows researchers to observe how molecules interact dynamically, accounting for solvent
effects, temperature fluctuations, and conformational changes (86). This method is frequently
employed to identify equilibrium distributions across various conformations, determine novel
conformations, and characterize shifts in structural conformational distribution results from
ligand binding or structural mutation (28). MD simulation uses Newton’s motion laws
regarding velocities and position of atoms to simulate atomic trajectories, with interactions
defined by molecular mechanics force fields such as AMBER, CHARMM, OPLS, or GROMOS
(77, 78, 87, 88). In addition to structural insights, molecular dynamics MD simulations enable
accurate estimation of thermodynamic properties through free energy perturbation (FEP)
calculations. FEP calculates the free energy difference between two molecular states, for
example different ligands bound to the same receptor, by alchemically transforming one
molecule into the other. This transformation is achieved through a series of simulations across
multiple intermediate states (lambda windows), and the free energy difference is derived
from statistical averaging. By accounting for solvent interactions, conformational flexibility,
and entropic effects, FEP is particularly useful for ranking ligand affinities with high precision

during lead optimization phases in drug discovery (89, 90).

MD simulations generate trajectory files with time-specific atomic coordinates (91),
enabling dynamic analysis of ligand-protein behaviour, unlike molecular docking in which no
time perspective is involved, therefore obtaining fixed coordinates. MD trajectories are
further analysed depending on the objectives such as information on stability, flexibility, and
ligand-protein interactions over time (7). Some typical evaluation parameters in MD
trajectories include root mean square deviation (RMSD) to measure structural stability, root
mean square fluctuation (RMSF) to assess residue flexibility, and radius of gyration (Rg) to
evaluate biomolecular compactness (84). RMSD can provide information on the stability of
the protein or ligand complex and conformation-related data of the ligand in the protein
binding cavity in minimized global energy conditions (84). Moreover, RMSF provides insight
into the fluctuations of protein residues to determine residues with flexible tendencies such
as the N and C terminals and the loops of the protein (92, 93). Rg provides further information
related to protein compactness or ligand-protein complexes to understand the nature of

conformational changes or variations in proteins (94).

Further study objects relating to more insight into molecular interactions and

conformational changes are hydrogen bonds. Hydrogen bonds contribute to molecular
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recognition, stability, and strength of ligand-protein complexes as well as the specificity of
ligand-protein interactions (95, 96). The number, geometry and fluctuations of hydrogen
bonds formed during MD simulations can provide a view of the persistence of key interactions
that contribute to the binding affinity and stability of the ligand. For example, high occupancy
of hydrogen bonds of a ligand in the protein binding cavity indicates strong and stable
interactions that can be linked to the biological activity of the protein (93). Another analysis
related to molecular interactions is ionic interaction. lonic interactions (electrostatic
attractions between oppositely charged groups) are crucial for the stability, specificity, and
function of biomolecular systems. In molecular dynamics (MD) simulations, analysing these
interactions reveals how salt bridges, ion pairs, and charged residues impact binding affinity,
stability, and dynamics. MD monitors ionic interactions by measuring the distance and
persistence between oppositely charged atoms (e.g.,, aspartate/glutamate and
lysine/arginine), often using distance-based criteria and frequency analysis. MD force fields
(e.g., AMBER, CHARMM, GROMOS) model electrostatics with Coulomb's law and Particle
Mesh Ewald (PME) for long-range interactions, allowing observation of ionic interaction
changes during simulations, which is vital for studying conformational changes, ligand binding,

and mutational effects.

In molecular dynamics (MD) simulations, accurate representation of both the protein
and the ligand is essential for obtaining meaningful results. While protein force fields such as
CHARMM36 or AMBER ff14SB are well-established, ligands often require specialized
parameterization due to their structural diversity and chemical complexity. Unlike proteins,
ligands are not covered comprehensively by standard biomolecular force fields, necessitating
the use of general-purpose force fields specifically developed for small molecules. To ensure
compatibility with the protein force field and accurate modelling of ligand behavior, small
molecules are typically parameterized using general force fields such as CHARMM General
Force Field (CGenFF), General AMBER Force Field (GAFF), or Optimized Potentials for Liquid
Simulations in all atom (OPLS-AA) compatible tools (87, 97).

One widely used solution is the CGenFF, compatible with the CHARMM family of force
fields and designed to parameterize a wide range of drug-like compounds. Based on a
structure of ligand, parameters such as bond lengths, angles, dihedrals, and partial charges
can be automatically generated using the CGenFF web server or ParamChem tools (97).

Similarly, the GAFF in the AMBER ecosystem provides parameters for small molecules. Tools
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like Antechamber facilitate the conversion of ligand structures into topology files compatible
with protein simulations (87). OPLS-AA force fields offer equivalent parameterization schemes
for use in compatible MD engines. The accuracy of ligand force field parameters is critical for
reliable protein-ligand simulations because they directly impact binding energy calculations,
interaction stability, and conformational sampling. For example, in this work (refers to P1
article on section 4.1), ligand topologies were generated using CGenFF to ensure compatibility
with the CHARMM36 force field used for the protein targets. These parameters facilitated
accurate modelling of ligand dynamics within the receptor complex, enhancing the reliability

of the molecular dynamics simulation results (98).

Force fields are fundamental components of molecular dynamics (MD) simulations,
providing the mathematical framework to describe the potential energy of a molecular
system. For proteins, force fields define how atoms interact through bonded (bond lengths,
angles, torsions) and non-bonded (electrostatics, van der Waals) terms. These parameters are
carefully derived from experimental data and quantum mechanical calculations to ensure the
accurate modelling of protein structure, dynamics, and interactions (98). These interactions
govern atomic motion according to Newton's laws, enabling the simulation of diverse
molecular behaviors. The combination of bonded and non-bonded terms determines the total
potential energy, which is then used to compute the forces acting on individual atoms. Widely
used biomolecular force fields like AMBER, CHARMM, GROMOS, and OPLS have been

rigorously validated for simulating proteins, lipids, and nucleic acids (98).

The accuracy of a MD simulation is highly dependent on the quality of its force field
parameters, which are derived from experimental data and high-level quantum mechanical
calculations. Force fields are generally empirical, meaning they are parameterized to
reproduce known molecular geometries, vibrational frequencies, solvation properties, and
thermodynamic measurements. Several well-established all-atom force fields are widely used
in protein simulations, including CHARMM36, AMBER ff14SB, and OPLS-AA. Each has been
extensively validated and optimized to reproduce key biophysical properties such as protein
folding, backbone flexibility, and secondary structure stability (98). For complex or novel
molecules, such as drug-like ligands, additional parameterization using tools like CGenFF
(CHARMM General Force Field) or Antechamber (AMBER) may be necessary to maintain
consistency with the protein force field model. In essence, force fields are essential for MD

simulations, providing the energy functions that govern atomic movements and dictate
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molecular behavior. Ongoing advancements in simulation techniques and computational
power are driving the evolution of force fields to include polarizable models and machine
learning-based parameterization, thereby enhancing the realism and predictive power of MD

simulations.

In MD simulations, the methodological setup profoundly impacts the accuracy of
biomolecular system modelling. The choice of thermodynamic ensemble, solvent
representation, and system boundaries are key considerations, directly influencing the
realism and relevance of simulation outcomes. In term of thermodynamic ensembles, MD
simulations are performed under specific statistical ensembles, each defining the conserved
thermodynamic properties of the system. The choice of ensemble is crucial and depends on
the biological context being modeled. The most common ensembles are: NVE (constant
number of particles, volume, and energy), NVT (constant number of particles, volume, and
temperature), and NPT (constant number of particles, pressure, and temperature). For
example, the NPT ensemble is widely used to mimic physiological conditions where pressure

and temperature are maintained (99).

Solvation profoundly affects biomolecule behavior, making solvent representation a
critical consideration. While implicit solvent models offer a computationally efficient
approach by treating the solvent as a continuous dielectric medium, this simplification can
limit the accuracy of simulating solvent effects on solute dynamics. Conversely, explicit solvent
models, which represent individual water molecules using models like TIP3P or SPC, provide
a more accurate representation of hydration effects and hydrogen bonding, but at a
significantly higher computational cost (100). Defining the system boundary is a further crucial
consideration for ensuring accurate MD simulations. Without proper handling, the artificial
edges of a finite-sized simulation can introduce inaccuracies. Boundary conditions are
implemented to address these "edge effects." Periodic boundary conditions (PBC) are
frequently used to overcome this limitation. PBC effectively creates a repeating, infinite
system by duplicating the simulation box in all directions. This allows particles to pass through
one boundary and reappear on the opposite side, thus minimizing surface artifacts and better

representing the behavior of a bulk material (101).

The most widely adopted and biologically relevant setup for simulating ligand-protein

complexes in MD involves using the NPT ensemble, explicit solvent models, and PBC. This
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combination closely mimics physiological conditions and ensures accurate modelling of
molecular behavior in a solvated and pressure-regulated environment. MD Simulations are
typically carried out in the NPT ensemble, maintaining a constant number of particles,
pressure, and temperature parameters that reflect in vivo environments. A Berendsen or
Nose—Hoover thermostat and a Parrinello-Rahman barostat are often used to control
temperature and pressure, respectively (99). For solvation, explicit solvent models such as
TIP3P or SPC water are used to represent water molecules individually, providing detailed and
realistic hydration dynamics. These models allow the accurate simulation of hydrogen
bonding, electrostatic screening, and solute-solvent interactions, which are especially critical
in ligand-protein binding studies (100). To eliminate edge effects and mimic an infinite system,
PBC is applied, whereby the simulation box is replicated in all directions. This ensures that
molecules leaving one side of the box re-enter from the opposite side, maintaining the
system's continuity, and avoiding artifacts associated with finite box size (101). In summary,
NPT ensemble conditions, explicit water solvation, and periodic boundary conditions are the
most common and recommended setup for simulating ligand-protein complexes offering a

good balance between computational accuracy and biological realism.

The pharmacophore concept, which was first presented in 1970, is employed in CADD
to assist in fully understanding small molecule interactions without requiring in-depth
structural knowledge (18, 102). The term pharmacophore refers to an abstract representation
of the essential molecular features required for a ligand to interact with a specific biological
target and elicit a desired biological or pharmacological function of a small molecule (ligand)
(10). A pharmacophore is defined as “an ensemble of steric and electronic features that is
necessary to ensure the optimal supramolecular interactions with a specific biological target
structure and to modulate its biological response” (103). Pharmacophoric features typically
include hydrogen bond accepting and donating groups (HBA/HBD), aromatic rings,
hydrophobic centers, and positive or negative charges, along with their precise spatial
arrangement. These features are derived either from the properties of known active ligands
(ligand-based pharmacophore modelling) or through analysis of ligand-target binding

interactions (structure-based pharmacophore modelling) as represented in Figure 4 (104).

By utilizing methods like X-ray crystallography or molecular docking, structure-based
pharmacophore modelling obtains pharmacophore features directly from the three-

dimensional structure of the target protein binding cavity (104). In contrast, ligand-based
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pharmacophore modelling does not require knowledge of the target structure in order to
identify similar features among a set of known active compounds (10). Ligand-based
pharmacophore modelling identifies shared structural features in active molecules to enable
binding to a protein target without known 3D structure. By aligning known active ligands and
identifying common chemical features, a pharmacophore model is generated (10, 102).
Pharmacophore model construction is a critical step in the pharmacophore-based drug
discovery workflow. The model acts as a template, defining spatial arrangement of features
and inter-feature distances, enabling virtual screening and lead optimization to find molecules

mimicking essential target-binding interactions (12, 105).

Pharmacophore-based screening offers significant efficiency and scalability
advantages over molecular docking, enabling the rapid identification of bioactive compounds
from vast chemical libraries. Their application extends to lead optimization, scaffold hopping,
and hit-to-lead development, significantly accelerating the drug discovery process and
reducing costs (106). In the context of scaffold hopping, pharmacophore models are used to
identify structurally diverse compounds that retain the key interaction features required for
biological activity. By preserving important features of the ligands while replacing the
unimportant part (scaffold), this strategy enables the discovery of novel compounds with
potentially improved pharmacokinetic properties or reduced off-target effects (107). Instead
of calculating the complex interactions between receptors and ligands, pharmacophore
screening identifies ligand conformations that align with crucial interaction features.
Molecular docking, however, demands a more thorough approach, requiring the simulation
of various ligand positions within the receptor's binding site, followed by an assessment and
ranking based on predicted binding strength (108). This makes molecular docking a
computationally extensive method, particularly when analysing vast compound libraries.
However, a common challenge in pharmacophore screening is the preparation of ligand
conformations. Ligands in the database must be converted into 3D structures and pre-
generated in multiple low-energy conformations to effectively match a pharmacophore
model. This process can be time-consuming and resource-intensive, especially when screening

millions of compounds (108).

32



( Pharmacophore modeling 1

./

b _ s
Structure-based h (
pharmacophore (known
crystal structure with
\ active ligand) )

Ligand-based
Pharmacophore (set of
known active ligands)

J

-
N\ % Model generation

( Validation of the model
( i

Best generated model

.
Pharmawphore screening
of compound libraries

5|mulat|on

In vitro and In vivo assay

[
( Molecular dockmg, MD
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(adapted from (104)).

Structure-based pharmacophore begins by analysing the binding site of the target
protein, often using crystallographic or modelled structures of ligand—receptor complexes.
Critical interactions such as hydrogen bonds, ionic interactions, hydrophobic contacts, and m-
1t stacking are identified between the ligand and residues in the binding cavity. These
interactions are then abstracted into pharmacophore features with specific 3D spatial
coordinates that collectively define the essential chemical characteristics for ligand binding
(109). Furthermore, pharmacophore models are constructed by analysing the spatial
arrangement of key interaction points in the receptor binding pocket, such as hydrogen bond
donors and acceptors, hydrophobic regions, and charged residues (104). Notably, structure-
based pharmacophore modelling is more applicable when high-resolution structural data
(e.g., X-ray crystallography or molecular docking results) are available. This allows for scaffold
hopping, even identifying novel chemotypes that bind in a biologically meaningful way based

on the protein structure (106).

Pharmacophore model validation is an important step in ensuring the reliability and
predictive strength prior to utilization for virtual screening or drug design. A well-validated

pharmacophore model should accurately identify active compounds while minimizing false
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positives and false negatives (104). The model could require to be further enhanced through
validation data if the results of pharmacophore-based screening and experimental validation
differ (110). Validation is commonly performed using a combination of internal validation,
external validation, and statistical evaluation (109). Internal validation refers to theoretical
validation in which a training dataset of known active and inactive compounds is applied to
validate a pharmacophore model. A decoy set is introduced once there are lacking inactive
compounds (111). The pharmacophore model is tested against a database composed of two
sets: a small group of known active compounds and a large group of decoy compounds, which
are physicochemically similar to actives (in terms of properties like molecular weight, logP,
and hydrogen bond count) but are presumed inactive against the target. The ability of the
model to distinguish between these compounds provides an initial measure of its
effectiveness (104). Screening hits are classified as true positives (correctly detected active),
false positives (inactive compound misidentified as active), true negatives (correctly rejected
inactive), and false negatives (active compound misidentified as inactive). Performance is
measured using sensitivity (percentage of correctly identified active substances), specificity
(percentage of correctly identified inactive substances), yield of active, and enrichment factor

(EF) (93).

External validation is performed by screening an independent test set containing
compounds not used during model construction, to ensure the models can generalize to new
molecules (10). Furthermore, model performance is assessed using statistical evaluation
metrics like the Glner-Henry (GH) scoring method, the EF and the receiver operating
characteristic (ROC) curve (93). The Enrichment Factor (EF) quantifies a model's ability to
identify active compounds compared to random selection. It is the ratio of the proportion of
active compounds retrieved by the model to the proportion expected by chance. An EF
exceeding 1 indicates performance better than random screening, with higher values
signifying greater screening efficiency (112). The Gliner—Henry (GH) score comprehensively
evaluates pharmacophore model performance based on the number of identified active
compounds, the total number of retrieved hits, and the database size. GH scores range from
0 to 1, with scores above 0.7 indicating a highly effective model. This metric is particularly
valuable for simultaneously assessing selectivity and efficiency (102). Good model robustness
and efficiency in retrieving active compounds are indicated by high EF and GH values. The ROC
curve assesses the efficiency of the model by plotting the rate of true positives versus false
positives. A well-performing model is indicated by a steep curve with a high area under the

curve (AUC) value close to 1, while random selection is indicated by an AUC of 0.5 (Figure 5)
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(110). The pharmacophore model is set up for virtual screening once it has been validated

(93).
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Figure 5. Ideal ROC curve (shown with red dashed line); Good performance ROC curve (shown

with green line); Random curve on blue diagonal with specificity and sensitivity values of 0.5

(113)
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Molecular docking is essential in drug discovery to predict ligand-receptor
interactions and design bioactive compounds. In my research, molecular docking serves as a
core technique across three studies aimed at discovering novel TGR5 agonists and elucidation
of the vasodilatory mechanism of substituted catechol compounds. The following publications
highlight how molecular docking was integrated with pharmacophore modelling, molecular
dynamics simulations, and experimental validation to advance our understanding of small
molecule—target interactions and support early-stage drug development for substituted

catechol compounds.

Salam R, Bakker M, Krutdkova M, Stefela A, Pavek P, Duintjer Tebbens J, Zitko J. The discovery
of a new non-bile acid modulator of Takeda G protein-coupled receptor 5: An integrated
computational approach. Arch Pharm (Weinheim). 2025 Jan;358(1):e2400423.
https://doi.org/10.1002/ardp.202400423.

In this study, HTVS scheme was effectively implemented as part of an integrated
computational strategy to discover new non-bile acid agonists of the Takeda G protein-
coupled receptor 5 (TGR5) through an SBDD approach involving pharmacophore screening,
molecular docking and MD simulation as seen in Figure 6. TGR5 (GPBAR1) is a widely
expressed G protein-coupled bile acid receptor that regulates metabolism and impacts various
pathophysiological processes (114). TGR5 activation affects bile acid metabolism, blood sugar,
energy intake, and macrophage activation (115). Primarily, TGR5 functions in blood glucose
homeostasis and energy expenditure by promoting GLP-1 release, amplifying insulin
secretion, and improving blood glucose homeostasis, making it a potential target for type 2
diabetes therapy (116). The discovery of the electron microscopy structure of TGR5 provided
insights into ligand interactions in the TGR5 binding cavity that facilitated the construction of

structure-based pharmacophore models in the search for new TGR5 agonists.
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Figure 6. HTVS scheme of discovering new non-bile acid agonists of TGR5 (taken from P1 under

CC-BY 3.0)(93).

The pharmacophore models for TGR5 were constructed based on the interaction of INT-777
with TGR5 (PDB ID: 7CFN). INT-777 is a semi synthesized bile acid derivative that has proven
to activate the TGR5 receptor (117). Seven TGR5 residues were identified to directly interact
with INT-777, emphasizing the importance of hydrogen bonding and hydrophobic
interactions. The main interactions involved hydrogen bonds with Tyr240 and Ser247, as well
as hydrophobic interactions enhancing binding stability. The hydroxyl group at the 3a position
significantly affected the selectivity of the ligand towards TGR5. A pharmacophore model with
six features was selected to optimize selectivity and reduce false positives. Of the 40
generated models, model-29 was selected due to having the highest selectivity and specificity
(Figure 7). Model-29 was applied in a pharmacophore-based virtual screening using the
ChemSpace database (50 million compounds), with additional filter conditions including
Lipinski's rules, PAINS filtering, and RMSD values. The screening process narrowed down the
candidate compounds to 1625 for further docking-based virtual screening applying semi-
flexible docking method using AutoDock Vina with default setting. The method was validated
by redocking the reference ligand INT-777, achieving a RMSD of 1.78 A, within the acceptable

range to confirm docking reliability.
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Figure 7. The three-dimensional (3D) arrangements of the selected pharmacophore models:
model-24, model-29, and model-31. (b) The deletion of hydrophobic features in C13 of the
three models (taken from P1 under CC-BY 3.0) (93).

For all candidate compounds, docking scores ranged from -10.2 to -5.2, of which forty-one
had scores comparable to INT-777 (-9.2 kcal/mol). Subsequently, 41 candidate compounds
were subjected to a second docking round with exhaustiveness increased to 32 (8 is default

setting) to refine pose prediction and interaction profiling.
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Figure 8. Two-dimensional (2D) interaction diagrams of five hit compounds in the ligand-
binding domain of TGR5. (Dashed green line shows a hydrogen bond interaction; dashed

purple line indicates a hydrophobic interaction) (taken from P1 under CC-BY 3.0) (93).
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Of the 41, five hit compounds were selected for biological assays based on their ability to
reproduce key interactions with TGR5 residues, particularly the hydrogen bond with Tyr240,
a critical residue for receptor activation as shown in Figure 8. These hits also demonstrated
supportive hydrophobic and n-it interactions that mirrored those of INT-777.

The biological validation of the computationally identified hit compounds revealed Hit-3
(CSC089939231) as the most promising non-bile acid TGR5 agonist among five candidates
selected through pharmacophore and docking-based virtual screening. In cell-based assays
using HepG2 cells, Hit-3 demonstrated statistically significant activation of TGR5 at 10 uM,
though its efficacy was lower compared to lithocholic acid (LCA), the bile acid control (Figure
9). Notably, Hit-3 displayed concentration-dependent activation, indicating its potential as a
genuine modulator of TGR5 activity. Due to solubility limitations, the exact ECso of Hit-3 could
not be determined, but it is expected to be higher than that of LCA. The reduced potency
compared to LCA was attributed to sample composition, a mixture of stereoisomers of Hit-3,
with only one isomer (4aR,8aR) predicted to form the critical hydrogen bond with Tyr240, a

residue essential for TGR5 activation.
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Figure 9. Takeda G protein-coupled receptor 5 (TGR5) activation in transfected HepG2 cells.
(A) All hit compounds at 10 uM. (B) Concentration-response curves for the activation by
lithocholic acid (LCA) and Hit-3. EC50 values were calculated using nonlinear fitting of
concentration—response curves. Values are presented as means + SD from three independent
experiments performed in triplicates. *p < 0.05 Hit-3 versus NT; ***p < 0.001 LCA versus Hit-

3 (taken from P1 under CC-BY 3.0) (93).

To further support and rationalize the observed bioactivity, MD simulations were performed
for all hit compounds and the LCA control to analysis the stability and ligand-receptor
interactions. Simulations were performed using GROMACS 2020, with 100 ns production runs

for each complex (118). Protein topology files were generated using the CHARMM36 force
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field, a robust and validated method for modelling biomolecules (119). CHARMM36 is
particularly well-suited for simulating G protein-coupled receptors (GPCRs) such as TGR5, due
to its compatibility with membrane proteins and its accuracy in representing structure and
ligand interactions . CGenFF, the CHARMM General Force Field, was used to generate ligand
topology parameters, complementing the CHARMMS36 force field (97). This integrated use of
the CHARMM36 and CGenFF force fields ensured consistent and reliable representation of
interatomic forces throughout the simulation process.

TGRS is known as a transmembrane protein but in this MD simulation, the transmembrane
protein model was not applied. This MD simulation of TGR5 focused on ligand binding stability
and interaction profiles rather than conformational changes or receptor activation
mechanisms. This approach, consistent with previous studies (reported by Cheng et al., 2017
(68, 120)) showing soluble domain models yielding relevant insights for early drug discovery,
is appropriate because many small molecule ligands primarily interact with the extracellular
ligand-binding domains of GPCRs such as TGR5, and key binding interactions can be effectively
captured in soluble domain models (120, 121). Aqueous phase simulations using soluble
ligand-receptor complexes were chosen as a practical and widely acceptable alternative for
early-stage screening and hit validation studies. This approach allowed us to assess ligand
stability, binding interactions, and dynamics within the binding cavity with sufficient accuracy
for the purposes of mechanistic insight and hit evaluation. The structural stability of TGR5 was
not an issue in this study, as becomes evident from monitoring the RSMD and Rg of the
protein.

Among the five candidates, Hit-3 (CSC089939231) demonstrated the most favorable binding
characteristics. RMSD analysis revealed that Hit-3 had the lowest average RMSD value (3.20 +
0.34 A), indicating a highly stable binding pose throughout the simulation (Figure 10).
Additionally, root mean square fluctuation (RMSF) analysis confirmed minimal fluctuations in
the binding site residues, ensuring stable interactions between the ligand and TGR5 over time
. Crucially, H-bonds occupancy analysis indicated that Hit-3 retained consistent H-bonds with
key residues Tyr240 and Ser157, which both are critical for TGR5 activation (Figure 9). The
ability of Hit-3 to form and retain these interactions during the trajectory distinguishes it from
other hits that either lacked interaction with Tyr240 or exhibited greater structural instability.
These findings from MD simulations corroborate the biological assay results, positioning Hit-
3 as the most promising non-bile acid TGR5 agonist identified in this study, with the potential

for further optimization in drug development pipelines.
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Figure 10. (A-F) RMSD graph of the protein backbone complexed with LCA (reference) and Hits 1-5 across three independent replicas. (G) Hydrogen
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4.2. The Quercetin Metabolite 4-Methylcatechol Causes Vasodilation via Voltage-Gated
Potassium (Ky) Channels (P2)

Dias P, Salam R, Pourova J, Voprsalovda M, Konecny L, Jirkovsky E, Duintjer Tebbens J,
Mladénka P. The quercetin metabolite 4-methylcatechol causes vasodilation via voltage-gated
potassium (Kv) channels. Food & Function. 2024;15(22):11047-59.
https://doi.org/10.1039/D3FO04672A

In the experimental part of this study, it was observed that 4-methylcatechol (4-MC) induces
relaxation in 4-MC-induced rat aorta and mesenteric arteries in vitro. It leads to a mean
arterial pressure reduction of 10% in spontaneously hypertensive rats after a single iv dose of
2.5 mg/kg. Interestingly, the observed effects are not mediated through the heart, and most
likely rely on a decrease in vascular resistance. Ex-vivo assay resulted in 4-MC enhanced cGMP
and cAMP-mediated vasodilation in rat aorta, but not through direct activation of soluble
guanylyl cyclase (sGC)/protein kinase G (PKG) or by affecting cAMP levels (Figure 10). Figure 3
(Panels A and B) suggests 4-MC enhances vasorelaxation through cGMP and cAMP pathways,
as it boosts the effects of SNP and forskolin. However, inhibiting sGC and PKG with ODQ, DT3,
and Rp-8-pCPT-cGMPS didn't reduce 4-MC's effect (Panels C and D), indicating that it doesn't

directly target these enzymes. 4-MC likely influences cyclic nucleotides through a different

mechanism.
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Figure 10. 4-Methylcatechol (4-MC)-induced vasorelaxation is not mediated via the (A) soluble
guanylate cyclase/sGC (B) protein kinase G/PKG pathway (adapted from P2 under CC-BY 3.0)
(122).
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While L-type Ca2+ channels appear uninvolved, this study demonstrates that 4-MC promotes
vasodilation primarily by activating K,7 potassium channels (Figure 11). Blocking other
channels with their respective inhibitors such as iberiotoxin (BKc.), glibenclamide (Kare), and
BaCl2 (Ki) had no impact on the effects of 4-MC, however, blocking K, channels with 4-
aminopiridine significantly reduced vasodilation, highlighting K, channel importance. Further
experiments using linopirdine to target K,7 channels showed a partial reduction in
vasodilation, suggesting a specific role for K,7, particularly K,7.4. Based on how well it binds,
fits, and interacts with key molecules, K,7.4 is the most likely channel responsible for the

effects of 4-MC.
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Figure 11. 4-Methylcatechol (4-MC)-induced vasorelaxation involves voltage-gated potassium
(Kv) channel but not large conductance calcium-activated K* channels (BKc.), ATP-sensitive
K* channels (Karp), inwardly-rectifier K*channels (Kir) (adapted from P2 under CC-BY 3.0)
(122).

43



In this study, molecular docking was employed as part of a reverse docking strategy (explained
in section 3.1) to identify potential protein targets responsible for the vasorelaxant effects of
4-MC and to confirm the results of in vitro experiments on isolated rat aorta. For molecular
docking studies, the crystal structures of all selected target proteins were retrieved from the
RCSB Protein Data Bank (PDB) as listed in Table 1. High-resolution structures from Homo
sapiens were used where available to enhance biological relevance. These targets were
strategically selected to cover both upstream signaling enzymes and direct ion channel
effectors involved in smooth muscle relaxation, allowing for a comprehensive evaluation of
the vasodilatory mechanism of 4-MC using computational tools. Although some of the crystal
structures of the target proteins have low resolution, by using experimentally validated
human protein structures, the study ensured that docking predictions would closely reflect

potential in vivo interactions of 4-MC within the human vascular system.

The ligand structures of 4-MC and its sulfate conjugates (4-methylcatechol-1-sulfate/4-MC-1-
S and 4-methylcatechol-2-sulfate/4-MC-2-S) and the reference ligands of each target protein
were retrieved from the PubChem database, energy-minimized using the MM2 force field in
Chem3D, and subsequently converted into PDB format which was further converted to PDBQT
format for docking. The crystal structures of target proteins were obtained from the RCSB
Protein Data Bank and prepared using UCSF Chimera built-in Dock Prep v. 1.15. Binding sites
of each protein, along with grid box and center box settings, were determined based on the
co-crystal structure of the reference ligand bound to the protein. Docking simulations were
performed using AutoDock Vina with semi-flexible method (explained in section 3.1.1.2), in
which grid boxes configured to cover the active or binding regions of each protein. The docked
poses were evaluated based on binding affinity scores and ligand efficiency (LE) (binding
energy per heavy atom), and the best poses were further analyzed for molecular interactions

using UCSF Chimera and Discovery Studio Visualizer.

The ligand structures of 4-MC and its sulfate conjugates (4-methylcatechol-1-sulfate/4-MC-1-
S) and 4-methylcatechol-2-sulfate/4-MC-2-S) and the reference ligands of each target protein
were retrieved from the PubChem database, energy-minimized using the MM2 force field in
Chem3D, and subsequently converted into PDB format which was further converted to PDBQT
format for docking. The crystal structures of target proteins were obtained from the RCSB

Protein Data Bank and prepared using UCSF Chimera built-in Dock Prep v. 1.15.
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Table 1. Target proteins investigated in the mechanistic studies of 4-methylcatechol (4-MC) used in the molecular docking studies.

Protein name PDB ID Organism Uniprot Method Resolution (A) Reference ligand (Role of the ligand)
adenylate cyclase (AC) 1CIK Canis lupus P30803 X-ray diffraction 3.00 FOK (activator)
familiaris*
soluble guanylate cyclase (sGC) 7D9T Homo sapiens Q02108 cryogenic 4.10 Z90 (activator)
electron

microscopy

(cryo-EM)
protein kinase G isoform la (PKG-lat) 6COT Homo sapiens Q13976 X-ray diffraction 1.98 EE4 (inhibitor)
protein kinase G isoforms I (PKG-IB) 5JAX Homo sapiens Q13976 X-ray diffraction 1.49 6J7 (inhibitor)
protein kinase A (PKA) 3PO0O Homo sapiens P17612 X-ray diffraction 1.60 S69 (inhibitor)
sarco/endoplasmic reticulum calcium 6JJU Homo sapiens P16615 X-ray diffraction 3.20 BHQ (inhibitor)
ATPase (SERCA)
voltage-gated K* channels Kv7.1 (Kv7.1) 77Cl Xenopus laevis* P70057 cryo-EM 3.90 10S (inhibitor)
voltage-gated K* channels Kv7.2 (Kv7.2) 7CR1 Homo sapiens 043526 cryo-EM 3.40 GB9 (inhibitor)
voltage-gated K* channels Kv7.4 (Kv7.4) 7BYM Homo sapiens P56696 cryo-EM 3.10 FBX (inhibitor)

* No human structure available
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https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:P30803%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/FOK
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:Q02108%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/Z90
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:Q13976%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/EE4
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:Q13976%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/6J7
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:P17612%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/S69
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:P16615%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/BHQ
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:P70057%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/I0S
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:O43526%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/GB9
https://www.rcsb.org/search?q=rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_accession:P56696%20AND%20rcsb_polymer_entity_container_identifiers.reference_sequence_identifiers.database_name:UniProt
https://www.rcsb.org/ligand/FBX

Binding sites of each protein, along with grid box and center box settings, were determined
based on the co-crystal structure of the reference ligand bound to the protein. Docking
simulations were performed using AutoDock Vina with semi-flexible method (explained in
section 3.1.1.2), in which grid boxes configured to cover the active or binding regions of each
protein. The docked poses were evaluated based on binding affinity scores and ligand
efficiency (LE) (binding energy per heavy atom), and the best poses were further analyzed for
molecular interactions using UCSF Chimera and Discovery Studio Visualizer. LE, a critical
parameter to assess binding quality, defined as the binding energy per non-hydrogen (heavy)

atom, provides a size-normalized measure of ligand—protein interaction strength.

An important physiological modification of 4-MC was the sulfonation of one of its hydroxyl
groups, which occurred in vivo and affected its interaction with target proteins. 4-MC, a
phenolic metabolite derived from dietary polyphenols, undergoes sulfonation in the gut
modulated by the protonated state of one of the hydroxyl groups, resulting in the formation
of 4-MC-1-S and 4-MC-2-S. Molecular docking analysis was performed to evaluate the binding
affinities emphasized on LE of 4-MC and its sulfate conjugates across several protein targets.
Despite lower absolute docking scores compared to reference ligands, 4-MC showed higher
LE values as shown in Table 2, particularly when docked to K,7.1, K,7.2, K,7.4, and PKGla,
suggesting its small structure promotes efficient binding. In case of PKGla, both in vitro
experiment and molecular docking results provided strong evidence to rule it out as a relevant
target. Additionally, molecular docking showed that although 4-MC exhibited a relatively
favorable ligand efficiency score for PKG la, its binding pose and interaction profile were less
compelling compared to confirmed targets such as K,7.4.

Table 2. Docking scores and ligand efficiency (LE) of reference, 4-methylcatechol (4-MC), 4-

methylcatechol 1-sulfate (4-MC-1S) and 4-methylcatechol 2-sulfate (4-MC-2S) for each target
protein.

PDB Target

D protein Docking score (kcal/mol) LE (docking score/heavy atom)
Ref 4-MC  4-MC-1-S 4-MC-2-S Ref 4-MC 4-MC-1-S 4-MC-2-S
7D9T sGC -10.7 -5.3 -5.9 -5.9 -0.25 -0.59 -0.45 -0.45
6COT PKGla -8.2 -6.5 -6.6 -6.5 -0.31 -0.72 -0.51 -0.50
5JAX PKGIB -11.6 -5.8 -5.7 -7.0 -0.48 -0.64 -0.44 -0.54
3PO0O PKA -9.3 -5.9 -6.8 -6.8 -0.40 -0.66 -0.52 -0.52
7TCl Ky7.1 -8.8 -6.0 -6.0 -6.4 -0.28 -0.67 -0.46 -0.49
7CR1 Ky7.2 -8.1 -6.1 -5.9 -6.3 -0.37 -0.68 -0.45 -0.48
7BYM Kv7.4 -7.6 -6.0 -5.8 -6.1 -0.35 -0.67 -0.45 -0.47
1CJK AC -9.7 -5.6 -6.2 -6.3 -0.33 -0.62 -0.48 -0.48
6JJU SERCA -9.7 -5.5 -6.0 -6.5 -0.31 -0.61 -0.46 -0.50

PDB ID, Protein Data Bank Identifiers; Ref, reference; sGC, soluble guanylate cyclase; PKGla, protein kinase G
isoform la; PKGIB, protein kinase G isoform IB; PKA, protein kinase A; Ky, voltage-gated potassium channel; AC,
adenylate cyclase; SERCA, sarco/endoplasmic reticulum calcium-ATPase.
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K,7.4 emerged as a key candidate, with docking simulations revealing shared binding residues
and spatial overlap between 4-MC and the reference ligand retigabine. The high ligand
efficiency value (>0.65) for K,7.4, along with stable interactions involving critical residues
Trp242 and Phe246, highlights the selective and energetically favorable binding of 4-MC to
this channel. Docking results of its conjugates also revealed that sulfonation did not affect the
binding poses of 4-MC, which affected the interaction with key residues (Figure 12). In the
case of K,7.4, the sulfonated derivatives retained the ability to engage in hydrogen bonds and
hydrophobic interactions, particularly with the crucial residues on K,7.4. This showed that
although sulfonation could affect binding efficiencies, it did not eliminate the potential of 4-
MC to interact with K,7.4, reinforcing its role as a key target for vasodilation. These findings,
consistent with in vitro data, strengthen the hypothesis that K,7 channels, especially K,7.4, are
major targets contributing to the vasodilatory effects of 4-MC, positioning it as a potential

novel antihypertensive lead compound.

Figure 12. Docking pose of 4-methylcatechol (green), 4-methylcatechol-1-sulfate (yellow), 4-
methylcatechol-2-sulfate (purple), and retigabine (turquoise) in the ligand binding domain of
the human voltage-gated potassium channel: (A) K,7.1; (B) K,7.2; (C) K,7.4 (taken from P2
under CC-BY 3.0) (122).

In conclusion, the overlapping binding poses of 4-MC and sulfonated derivatives with
retigabine further support its potential role as a K,7.4 agonist. These computational findings
are in line with ex-vivo studies, where K, channel inhibition significantly attenuated 4-MC-
induced vasorelaxation, and with in-vivo data showing blood pressure lowering effects.
Collectively, these results highlight K,7.4 as a potential target of 4-MC, reinforcing its role in
vascular smooth muscle relaxation and suggesting potential therapeutic relevance in

cardiovascular modulation.
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Figure 13. 2D representation of molecular interactions between the reference ligand (ML277
for K,7.1 and retigabine for K,7.2; 7.4), 4-methylcatechol (MC), 4-methylcatechol-1-sulfate (4-
MC-1-S), and 4-methylcatechol-2-sulfate (4-MC-2-S). Dashed green lines show the hydrogen
bond interactions; dashed purple lines indicate the hydrophobic interactions (taken from P2

under CC-BY 3.0) (122).

4.3. 3-Methoxycatechol Causes Vasodilation Likely via Kv Channels: Ex Vivo, In Silico Docking
and In Vivo Study (P3)

Dias P, Salam R, Moravcova M, Saadat S, Pourova J, Voprsalova M, lJirkovsky E, Duintjer
Tebbens J, Mladénka P. 3-methoxycatechol causes vasodilation likely via KV channels: ex vivo,
in silico docking and in vivo study. Vascular Pharmacology. 2024 Sep 1;156:107418.
https://doi.org/10.1016/j.vph.2024.107418

The objective of this study was to systematically evaluate the vasodilatory potential of
3-methoxycatechol (3-MOC) and structurally related catechol derivatives, identify the most
potent compounds, and elucidate the molecular mechanisms underlying its vascular effects.

By integrating ex vivo, in silico, and in vivo approaches, this study aimed to establish a
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mechanistic basis for the vasorelaxation properties of 3-MOC and assess its potential as a
novel antihypertensive agent.

Evaluation of 22 structurally related catechol derivatives for vasodilatory activity revealed
that 3-methoxycatechol (3-MOC) was the most potent, displaying an ECso of 9.64 uM in rat
aortic rings. This was considerably lower than the ECso values of other active catechols,
including 4-ethylcatechol, 3,5-dichlorocatechol, and 4-tert-butylcatechol, which ranged from
approximately 10 to 24 uM. Figure 14 demonstrates the involvement of different potassium
(K*) channels in mediating the vasodilatory effects of 3-MOC on rat aortic rings. Panels A—C
show that the blockade of BKc, (with iberiotoxin), Kare (with glibenclamide), and Kiz (with Ba?*)
channels did not significantly affect the vasorelaxation induced by 3-MOC, indicating these
channels are not primarily involved. In contrast, panel D shows that inhibition of voltage-
gated K* (Ky) channels using 4-aminopyridine substantially reduced 3-MOC-induced
relaxation, and panel E further reveals that selective inhibition of the Ky7 channel subtype
with linopirdine also attenuated the effect.

These findings suggest that Ky channels, especially the Ky7 family, play a key role in the
vasodilatory mechanism of 3-MOC. Furthermore, 3-MOC induced vasodilation in mesenteric
resistance arteries but showed limited activity in porcine coronary arteries. These findings
suggest that 3-MOC selectively modulates systemic vascular tone with minimal effect on
coronary circulation. To further investigate the mechanism of action, molecular docking
studies were performed targeting several vascular proteins (refer to Table 1 in section 4.2 for
details), including sGC, PKGla, PKGIP, PKA, AC, SERCA, and Ky channels. These targets were
strategically chosen to encompass both upstream signaling enzymes and direct ion channel
effectors involved in smooth muscle relaxation, enabling a comprehensive evaluation of 3-

MOC's vasodilatory mechanism through docking studies.
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Figure 14. Vasorelaxant effects of 3-methoxycatechol (3-MOC) on isolated rat aortic rings in
the presence of selective K* channel inhibitors. Concentration—-response curves were
generated for 3-MOC-induced relaxation in the absence (control, black) and presence
(orange) of selective potassium channel blockers: (A) iberiotoxin (large conductance
calcium-activated K*/BKc, channel blocker), (B) glibenclamide (ATP-sensitive K*/ Kare channel
blocker), (C) BaCl, (inwardly-rectifier K*/Kir channel blocker), (D) 4-aminopyridine (voltage-
gated K*/K, channel blocker), and (E) linopirdine (K,7 channel blocker (taken from P3) (123).

3-MOC exhibited relatively weak docking affinities for sGC (5.3 kcal/mol), AC (-5.5 kcal/mol),
and PKG isoforms (-5.6 to —6.2 kcal/mol), suggesting a low probability of direct involvement

of these pathways in the vasodilatory effect. Similarly, docking results for K,7.1 and K,7.2 did
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not indicate strong binding interactions, further reducing the likelihood of these channels
being primary targets. Although the binding affinity of 3-MOC to K,7.4 (-5.4 kcal/mol) was
lower than that of the known K,7.4 agonist, retigabine (-7.6 kcal/mol), the docking pose of
3-MOC significantly overlapped with that of the reference ligand, suggesting potential
functional relevance (Figure 15). The superimposition of the binding poses of 3-MOC with
retigabine further suggested its potential as a K,7.4 modulator. Interaction analysis
confirmed that 3-MOC binds within the K,7.4 channel binding pocket, forming key hydrogen
bonds with residues Ala241, Phe246, and Phe310, and m-nt interactions with Trp242 and
Phe246. Notably, these residues are critical for K,7.4 channel activation (124). To confirm the
involvement of K,7.4 in 3-MOC-induced vasodilation and explore the specificity of molecular
interactions, the study employed docking experiments using both wild-type and site-directed
mutated K,7.4 channel models.

Three mutant variants of K,7.4 were generated using UCSF Chimera's Rotamers tool based
on Dunbrack’s method: (1) Leu305 mutated to Trp, (2) Phe246 mutated to Ala, and (3) a
double mutant combining both substitutions. These mutations targeted residues were shown
to play crucial roles in ligand binding through hydrogen bonding and nt-it stacking interactions
in the wild-type structure (125). Docking analysis revealed that while 3-MOC retained its
overall binding pose in the mutated channels, the interaction patterns were notably altered
(Figure 16). Specifically, in the Leu305 mutated to Trp mutant, interactions with Phe246 and
Trp305 were lost. In the Phe246 mutated to Ala, the interaction with the altered Ala246
residue was abolished, though interactions with Leu305 and Trp242 persisted. In the double
mutant, 3-MOC was only able to maintain interactions with Ala246 and Trp242. These
findings indicate that Phe246 and Leu305 are essential for stabilizing the ligand—channel
interaction, and their alteration significantly disrupts binding affinity. This mutation-based
docking approach provided mechanistic insights supporting the functional importance of
K,7.4 in mediating the vasodilatory effects of 3-MOC, aligning with pharmacological inhibition
data.

Computational findings align with ex-vivo studies showing that K, channel inhibitors,
particularly the K,7-selective inhibitor linopirdine, significantly reduced the vasodilatory
effect of 3-MOC. Moreover, in-vivo experiments in spontaneously hypertensive rats
confirmed that intravenous 3-MOC effectively lowered arterial blood pressure without
altering heart rate. Taken together, these results identify K,7.4 as a key molecular target of

3-MOC, suggesting its potential as a selective vasodilator for systemic vascular conditions.
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Figure 15. Reverse docking of 3-MOC with K,7.4 channels. (A) The K,7.4 channel activator,
retigabine (purple) and 3-MOC (green) in the binding cavity of K,7.4. (B) Detailed presentation
of retigabine in the binding cavity of K,7.4. (C) 2D molecular interaction between retigabine
and K,7.4. (D) Detailed presentation of 3-MOC in the binding cavity of K,7.4. (E) 2D molecular
interaction between 3-MOC and K,7.4 (taken from P3) (123).
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Figure 16. (A) The best pose of 3-MOC on the ligand binding domain of wild-type (brown) and

mutated (blue) K,7.4. (B). 2D molecular interaction between 3-MOC and mutated K,7.4

(taken from P3) (123).
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This dissertation demonstrated the strategic application to computational drug discovery

methods, using methods such as molecular docking, pharmacophore modelling, and molecular

dynamics simulations, to identify novel bioactive compounds and elucidate their potential

mechanisms of action. The results of the three publications presented in this work lead to the

following conclusions:

1.

2.

An integrated computational approach combining pharmacophore modelling, molecular docking
and molecular dynamics simulations successfully identified a new TGR5 agonist, Hit-3
(€CSC089939231). Pharmacophore screening of 50 million compounds yielded 41 candidates, with
five candidates chosen based on an interaction pattern similar to that of the reference ligand (INT-
777). Biological assays confirmed the potential of Hit-3 to activate TGR5 in a concentration-
dependent manner, albeit with lower potency than lithocholic acid as control. MD simulations
supported this activity, demonstrated that Hit-3 retained essential hydrogen bonds with Tyr240,
a crucial residue for TGR5 activation, while exhibiting stable binding dynamics. ADMET predictions
highlight the favorable drug-like properties of Hit-3, although solubility limitations and isomeric
purity require optimization. This study positioned Hit-3 as a promising nonsteroidal lead for
further development, emphasizing the utility of computational strategies in finding selective TGR5
agonists with potential therapeutic advantages over bile acid derivatives, such as reduced off-
target effects and improved safety profiles.

The application of molecular docking allowed us to further strengthen evidence of the potential
mechanism of action of substituted catechol compounds associated with vasodilatory effects. 3-
methoxycatechol (3-MOC) and 4-methylcatechol (4-MC) emerge as potential vasodilators as
shown in isolated rat aorta ex vivo. Both compounds were shown to effectively lower arterial
blood pressure in hypertensive rats without altering heart rate and to enhance vasodilation
through cAMP and cGMP pathways without influencing L-type Ca?* channels. Instead, their
mechanism involved activating voltage-gated K* (K,) channels, particularly the K,7.4 Molecular
docking of both compounds suggested high probability of interaction with K,7.4 residues Trp242
and Phe246, which are crucial for channel activation. These findings highlight the potential of 3-
MOC and 4-MC as candidates for the development of novel antihypertensives targeting K,7.4

channels.
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Hit-3 (CSC089939231), identified as a promising nonsteroidal TGR5 agonist via virtual
screening and molecular docking, was initially evaluated as a racemic mixture due to
availability constraints. Docking studies indicated that only the (4aR,8aR) stereoisomer forms
a key hydrogen bond with Tyr240, essential for TGR5 activation. This suggests that the
observed moderate activity may result from dilution by inactive isomers. Therefore, future
research should prioritize separation and synthesis of pure Hit-3 enantiomers to determine
individual activity profiles and validate the (4aR,8aR) isomer as the active pharmacophore for
SAR studies and lead optimization. Integrating enantioselective docking, molecular dynamics
simulations, and chiral resolution techniques could enhance potency, reduce off-target
effects, and accelerate Hit-3's preclinical development as a selective and safe TGR5

modulator.

The identification of 3-MOC and 4-MC as potential vasodilators targeting K,7.4 channels
provides a strong foundation for developing novel antihypertensive agents. Future research
should focus on optimizing these catechol derivatives to improve their potency, selectivity,
and pharmacokinetic properties through computational and medicinal chemistry approaches.
SBDD strategies with pharmacophore and molecular docking approaches as a virtual screening
of vast compound libraries, can identify potential new scaffolds that interact with the key
residues Trp242 and Phe246, which are important for K,7.4 activation to obtain compounds
with improved K,7.4 binding affinity. Currently, preliminary studies with pharmacophore and
molecular docking have obtained 8 candidate compounds to proceed to the MD simulation
step. MD simulation can provide deeper insights into ligand stability and binding dynamics,
guiding rational modifications to improve efficacy. In addition to computational studies,
experimental validation in ex vivo and in vivo models is essential. Functional testing using
patch-clamp electrophysiology can confirm K,7.4 activation directly, while advanced
pharmacokinetic studies will assess bioavailability, metabolic stability and potential off-target
effects. Furthermore, investigating the therapeutic effects of optimized K,7.4 activators in
models of hypertension and vascular dysfunction may pave the way for preclinical

development.
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