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Abstract 
 

Over recent decades, drug discovery has decisively transitioned from 

an experiment-centric endeavor to a data-driven, predictive in silico 

discipline. Although established computational methods have long 

complemented traditional workflows, the advent of artificial 

intelligence has accelerated this transition, positioning computer-aided 

drug design and discovery (CADD) at the vanguard of biomedical 

research. This thesis presents the two complementary facets of my 

doctoral research: the application of established in silico pipelines for 

the identification of novel bioactive small molecules and the 

development of innovative computational methodologies to advance 

drug discovery. 

A hybrid structure- and ligand-based virtual screening strategy was 

employed to identify and characterize two structurally novel 

antibacterial compounds, each introducing a new chemical class. The 

first, C11, is a benzothiophene-dioxo allosteric inhibitor of the FtsZ 

protein that exhibits potent activity against Gram-positive pathogens, 

including clinical isolates, and effectively inhibits and eradicates 

biofilm formation. The second, RS5430, was identified as a putative 

allosteric inhibitor of DNA gyrase displaying significant activity 

against Gram-positive and fluoroquinolone-resistant strains. Both 

compounds displayed favorable safety profiles but were inactive 

against Gram-negative bacteria, owing to active efflux. To address this 

limitation and enhance potency and selectivity, an enhanced-sampling 

workflow based on Adaptive Steered Molecular Dynamics (ASMD) 

was employed to predict the potency of a rationally designed 

derivative. This workflow presented a generally applicable strategy for 

chemical optimization. 

Beyond these applications, two methodological innovations are 

presented. First, a novel computational pipeline integrating cosolvent 

molecular dynamics simulations with thermodynamic profiling is 



detailed. Its efficacy in identifying and characterizing high-affinity 

interaction hotspots within target binding sites is discussed. Second, a 

novel AI-driven methodology for de novo ligand design is introduced. 

This approach utilizes a Reinforcement Learning (RL) framework, 

guided by shape- and pharmacophore-based alignment, to 

autonomously generate optimized ligands in situ within the binding 

pocket. The validation and prospective utility of this method are 

discussed. Notably, this approach does not require a priori training and 

relies solely on the three-dimensional structure of the molecular target. 
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1. Introduction 

1.1 The Modern Process of Drug Discovery 

Research into novel remedies and medications is among the oldest 

pursuits of humanity1. Beginning with simple empirical observations 

that certain natural products from plants and animals produced 

beneficial effects, this activity has evolved over centuries into the 

complex process now known as drug discovery2ï4. Modern drug 

discovery is a staged and multidisciplinary endeavor, characterized by 

high costs, long timelines, and high attrition rates5ï8. The mean 

investment required to bring a new drug to market has been estimated 

at approximately $900 million, with an average development time of 

10ï15 years5. Failure rates are exceptionally high: only 1ï2 

compounds per 10,000 candidate molecules successfully obtain 

regulatory approval8. Based on a comprehensive schematization by the 

U.S. Food and Drug Administration (FDA), the drug discovery 

process can be divided into six major steps, each further subdivided 

into smaller substeps9,10.  

Target validation is the first and most critical phase of any drug 

discovery campaign11ï13. By studying dysfunctional signaling 

pathways and molecular mechanisms that underlie the pathology of 

interest, researchers attempt to identify a therapeutically relevant 

target (e.g., enzymes, ion channels, G proteinïcoupled receptors 

(GPCRs), RNA transcripts, DNA)14. A variety of biochemical and 

cellular assays are used to evaluate the targetôs relevance to disease 

onset and progression15, and a go/no-go decision16,17 is made regarding 

progression to subsequent stages. Indeed, roughly 50% of failures in 

drug discovery are attributable to a lack of clinical efficacy, and a poor 

understanding of underlying disease mechanisms remains a major 

contributor18ï20. Alzheimerôs disease, with its elusive etiopathology 

and complex symptomatology, provides a notable example21ï24. 

The second major step, termed ñDiscovery and Developmentò in the 

FDA framework, comprises the identification of candidate small 

molecules or biologics with the desired therapeutic properties. In small 

molecule research, this stage is commonly subdivided into hit 
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identification, hit-to-lead, and lead optimization10. During hit 

identification, diverse techniques are used to explore the chemical 

space and identify initial compounds that exhibit biological activity 

against the validated target25. At this stage compound potency is often 

in the millimolar range and selectivity and pharmacokinetic (PK) 

properties are typically suboptimal26. Hit compounds therefore serve 

as a proof of concept and require further optimization. The subsequent 

hit-to-lead phase involves rational and systematic modification of hits 

to improve potency, selectivity, and PK properties27ï29. Optimized 

molecules emerging from this phase, referred to as lead compounds, 

undergo a final iterative and fine-grained optimization in the lead 

optimization phase30. 

The resulting candidate molecules are then advanced to the third major 

step, the preclinical phase. This stage, which precedes human testing, 

focuses on the evaluation of safety and toxicity31,32. The required in 

vitro and in vivo studies are strictly regulated by national and 

international agencies (e.g., FDA, EMEA, AIFA) and, although 

typically limited in scale, generate detailed dosing and toxicology data 

that are critical for obtaining approval to initiate human trials33. 

Clinical testing constitutes the fourth and most consequential step of 

the pipeline, aimed at demonstrating and quantifying the 

investigational drugôs efficacy and safety in patients34ï36. Clinical 

development is the longest and most expensive segment of drug 

discovery, accounting for roughly 75% of total development time and 

about 70% of total costs37. Clinical testing is conventionally conducted 

in three sequential phases (phase IïIII), each with distinct endpoints 

and progressively larger patient cohorts. Reported failure rates during 

clinical development approach 90%7. 

Only after successful completion of clinical trials can an application 

for marketing authorization be submitted to regulatory authorities, in 

what is the fifth step. Once a drug is approved and marketed, the sixth 

and final step of post-marketing safety surveillance 

(pharmacovigilance) is entered38. This continuous process collects and 

evaluates adverse event reports, since serious safety signals may have 

been underestimated or not detected during clinical development. The 

withdrawal of rimonabant, a CB1 inverse agonist, exemplifies how 

post-marketing data can reveal severe adverse effects that were not 

fully apparent in earlier trials39,40. 
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1.2 Computer Aided Drug Design (CADD) 

Considering the intrinsic complexity and high risk of the drug-

discovery pipeline, whose ultimate goal is to improve the health of 

patients, not all stages can be streamlined to the same extent10. 

Preclinical and clinical development, although lengthy and costly, 

must remain rigorous and often protracted to accurately evaluate 

efficacy and safety in real-world settings5. Consequently, only limited 

simplification of these stages is ethically acceptable. By contrast, early 

stages of discovery like hit/lead identification and optimization 

present far greater opportunities for acceleration41. The chemical space 

of drug-like molecules has been estimated to lie in the order of 1023 to 

1060 possible structures42. Estimates of the chemically accessible 

fraction range from 1010 to 1011 compounds (tens to hundreds of 

billions), an immense pool of potential bioactive molecules42. High-

throughput screening (HTS) has long been regarded as a gold standard 

for hit discovery, but its limited searchable chemical space, substantial 

cost, and low hit rates constrain its practical utility43. Likewise, 

chemical optimization during hit-to-lead and lead-optimization phases 

has traditionally relied on empirical medicinal-chemistry strategies 

(e.g., the Topliss decision tree44). Structure-guided design based on X-

ray crystallography or cryo-electron microscopy (cryo-EM) has 

substantially improved these efforts when structural data are available, 

yet the choice of appropriate chemical modifications remain 

nontrivial.  

Computer-aided drug design (CADD) was introduced to address many 

of these limitations45,46. The application of informatics to drug 

discovery has transformed how candidates are identified and 

optimized and is now shaping future research directions47,48. This 

transformation is part of the broader informatics revolution that began 

with foundational ideas from Alan Turing and has culminated in 

contemporary artificial-intelligence (AI) methods in multiple forms49.  

CADD comprises diverse computational approaches that are 

commonly classified as structure-based or ligand-based techniques, a 

distinction driven primarily by the availability of target structural 

information50. When a three-dimensional structure of the molecular 

target is available (from NMR, X-ray crystallography, or cryo-EM), 
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structure-based approaches can be applied: for example, molecular 

docking to predict ligand binding modes or molecular dynamics (MD) 

simulations to model the time evolution of the ligandïtarget complex 

under defined thermodynamic conditions51. When experimental 

structures are unavailable, two main alternatives exist. One is to 

reconstruct the target structure through homology modelling or de 

novo prediction using tools such as AlphaFold, which can predict 

protein (and nucleic-acid) folding from sequence52. In this manner, the 

discovery process is redirected towards structure-based workflows. 

The other is to use ligand-based methods (e.g., QSAR, ligand-based 

pharmacophore modelling, similarity searches), which do not require 

target structural information50. Because ligand-based approaches lack 

an explicit structural rationale, they are generally more error-prone 

unless large, high-quality ligand datasets or complementary structural 

information are available53. Hybrid methods (e.g., 3D-QSAR 

approaches such as CoMFA, CoMSIA, and COMBINE54) have also 

been proposed, though their utility often remains secondary to direct 

structure-based approaches when reliable structural data exist. The 

advent of AlphaFold55 and related tools has further increased the 

feasibility of structure-based strategies, further reducing reliance on 

purely ligand-based techniques. 

Importantly, no single computational method provides a universal 

solution but each approach yields distinct and complementary 

information. In practice, combining structure- and ligand-based 

methods often produces superior outcomes56,57 and has enabled the 

identification of hits and leads that might otherwise have been 

overlooked. 

CADD has played a substantive role in real-world drug discovery and 

has contributed to the development of several approved medications58 

like captopril, dorzolamide, saquinavir, zanamivir, oseltamivir, 

aliskiren, boceprevir, nolatrexed, rupintrivir, and tirofiban. 

In the current era of artificial intelligence, frequently termed a third 

industrial revolution, CADD is poised to assume an increasingly 

central and transformative role in drug discovery. Expectations and 

investments from both public and private sectors are substantial, and 

the potential for accelerating the development of novel therapeutics 

for patients is considerable59. 

 



р 
 

1.3 Thermodynamics and Kinetics of Molecular 

Recognition 

Molecular recognition is the physicochemical process by which 

distinct molecular entities form specific, non-covalent complexes 

through complementarity of shape, electrostatics and chemical 

functionality60,61. This process is mediated by a broad spectrum of 

interactions (i.e. directional hydrogen bonds and salt bridges, van der 

Waals contacts, ˊḯ  and cationḯ  interactions, halogen bonds, 

hydrophobic effects)62,63 and underpins the general biological 

principle that the three-dimensional structure of a molecule determines 

its function or bioactivity64. Mutations in primary sequence of proteins 

can impair folding to the functional structure or perturb native 

dynamics, producing pathogenic phenotypes. Likewise, modifications 

to the chemical substitution pattern of a small molecule can induce 

large and sometimes non-intuitive changes in target interactions and 

downstream biological effects65. The thermodynamic feasibility of 

complex formation is governed by the Gibbs free energy, 

ῳὋ ῳὌ ὝῳὛ 
where ῳὋ  is the standard free-energy change of binding, ῳὌ is the 

enthalpic contribution, ὝῳὛ is the entropic contribution at absolute 

temperature Ὕ. Negative ῳὋ indicates spontaneous binding under the 

chosen standard conditions. The enthalpic term reflects changes in 

internal energy as intermolecular contacts are formed or lost upon 

binding and the entropic term reflects the net balance of opposing 

contributions like the unfavorable loss of translational, rotational and 

conformational freedom on complexation versus the favorable release 

of ordered solvent (the hydrophobic effect) or the increase in 

accessible microstates of the system66. A well-documented empirical 

observation is enthalpyïentropy compensation: events that are 

enthalpically favorable (for example, formation of extensive non-

covalent contacts) are often entropically unfavorable (increased 

rigidity or loss of conformational freedom), and vice versa, so that the 

net ῳὋ  is smaller than suggested by either component alone67. 

The relation between free energy of binding, generally referred as 

affinity, and equilibrium constants is given by 

ῳὋ ὙὝὰὲὑ ὙὝὰὲὑ  
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where ὑ and ὑ are the association and dissociation constants at the 
reference concentration of 1 M), Ὑ is the gas constant and Ὕ the 
absolute temperature. A more negative ῳὋ therefore corresponds to 
larger ὑ and smaller ὑ. Kinetics complements thermodynamics by 

describing how fast complexes form and how long they persist68. At 

the microscopic level the mass-action relation 

Ὧ Ὑ ὒ Ὧ Ὑὒ 

relates the association rate constant Ὧ , the dissociation rate constant 

Ὧ , the concentrations of free receptor Ὑ, free ligand ὒ and 

receptorïligand complex Ὑὒ. The equilibrium dissociation constant 

can therefore be expressed as 

ὑ
Ὧ

Ὧ
 

and the residence time (the mean lifetime of the complex) as 

ʐ
ρ

Ὧ
 

Microscopically, Ὧ  is influenced by diffusional search, long-range 

electrostatics, and accessibility of the binding site, whereas Ὧ  

depends on the depth of the bound-state free-energy well and the 

magnitude of kinetic barriers to dissociation. Consequently, ligands 

with identical ῳὋ of binding (also referred as affinity) can exhibit 

markedly different pharmacological profiles if their kinetic 

fingerprints differ69. Long residence time ʐ can sustain target 

occupancy and biological effects after systemic free-drug 

concentrations fall, making residence time an important optimization 

parameter in addition to equilibrium affinity70. 
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1.4 Models of Ligand-Target Interaction 

The binding of a ligand to its biological target is a complex, multiscale 

phenomenon that cannot be reduced to a single event71. It arises from 

the interplay of complementary three-dimensional shapes and 

intermolecular forces, the energetics of desolvation and solvent 

reorganization, and changes in the conformational landscapes of both 

ligand and macromolecular target62. Experimental and theoretical 

work increasingly emphasize that recognition proceeds through 

multiple stages such as initial encounter complex formation, local 

adjustments at the interface and solvent and side-chain rearrangements 

which occur on distinct timescales and jointly determine affinity, 

specificity and residence time72. Cooperative and allosteric effects 

further modulate molecular recognition by coupling structural changes 

at distal sites to the ligand-binding region, thereby tuning functional 

outcomes beyond the immediate binding interface73. Conceptual 

models developed over the past century capture different facets of this 

multifaceted process and remain foundational for computer-aided drug 

design and rational lead optimization.  

Historically, Emil Fischerôs lock-and-key analogy provided the first 

clear, testable conceptualization of molecular specificity by asserting 

geometric complementarity between enzyme and substrate74. While 

powerful, that rigid-body picture failed to account for the energetic 

driving forces or molecular flexibility that later experiments revealed.  

Linus Pauling moved the field toward a chemicalïthermodynamic 

perspective, emphasizing that favorable directional non-covalent 

interactions (hydrogen bonds, salt bridges, van der Waals contacts, 

etc.) and energetic complementarity (compensation for desolvation, 

configurational costs etc.) underlie specificity75.  

Daniel E. Koshland introduced the induced-fit model, proposing that 

ligand approach can actively remodel the target to produce a tighter, 

more complementary interface. This interpretation explained many 

observations of enzyme activation and binding pockets that are only 

apparent upon ligand engagement76. In parallel, Monod, Wyman and 

Changeux formulated the concerted allosteric model (MWC)77, which 

posits that macromolecular targets populate discrete conformational 

states and that ligand binding shifts the equilibrium toward particular 



у 
 

pre-existing states. This conformational-selection picture emphasizes 

pre-existing ensembles and population shifts as an alternative (or 

complement) to ligand-driven deformation.  

More recently, Csermely and colleagues formulated an extended, 

unifying framework in which binding is inherently multistep78. At 

first, ligand selects a specific state from a dynamic ensemble 

(conformational selection), then local induced adjustments at the 

binding site occur and finally the resulting changes may propagate 

through repeated selection/adjustment cycles to yield complex 

formation and/or allosteric signaling. This ensemble-based, iterative 

view explicitly recognizes that conformational selection and induced 

fit are not mutually exclusive mechanisms but rather complementary 

contributions whose relative importance depends on the energy 

landscape, bond types and experimental conditions.  

This historical and mechanistic perspective has practical implications 

for medicinal chemistry. In fact, understanding whether and how a 

ligand stabilizes particular protein states or whether binding proceeds 

via selection, induced fit (or both), is crucial for structure-based 

design, the targeting of allosteric sites and the optimization of kinetic 

parameters such as residence time79. Drugs that act by shifting pre-

existing equilibria or by stabilizing transient functional states like the 

CFTR potentiator ivacaftor80 illustrate how ensemble-level 

mechanisms translate into clinical efficacy. 
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2. Aims and Objectives 
 

During my doctoral studies, my research focused on the application 

and methodological development of advanced computational 

approaches for the discovery and optimization of novel small-

molecule compounds with anticancer and antimicrobial activity. 

The field of drug discovery has undergone a substantial transformation 

in recent decades, evolving from an experiment-centric process rooted 

in empirical observation to an increasingly data-driven, predictive in 

silico endeavor. While established computational techniques such as 

QSAR, molecular docking, pharmacophore modeling, and molecular 

dynamics have long served to augment traditional methods, the advent 

of Artificial Intelligence has accelerated this paradigm shift, 

establishing computer-aided drug design and discovery (CADD) as a 

leading frontier in biomedical research. 

This work presents three major projects that exemplify the twofold 

nature of my research, which encompasses both the application of 

established in silico pipelines for discovering novel active small 

molecules and the methodological development of new computational 

approaches for drug discovery. This selection of my work is unified by 

the theme of antibacterial research against multi drug-resistant 

pathogens and comprehensively recapitulates the methodological and 

conceptual foundations of other projects in which I have participated. 

On the applicative side, this thesis discusses the identification of novel 

antibacterial agents targeting the filamenting temperature-sensitive 

mutant Z (FtsZ) protein and DNA gyrase via virtual screening, 

demonstrating the practical advantages of a hybrid screening strategy 

that combines structure-based and ligand-based approaches. 

Concurrently, the application of Adaptive Steered Molecular 

Dynamics to predict the relative potency of rationally designed 

compounds will be discussed, outlining an enhanced optimization 

pipeline of broad applicability. 
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On the methods development side, two novel methodological 

approaches for rational drug design are presented.  

The first consists of a combined pipeline unifying cosolvent molecular 

dynamics and thermodynamic profiling of hydration sites to identify 

relevant interaction hotspots in binding pockets and quantify their 

relevance to ligand binding. Although these two approaches have been 

discussed in the literature separately, a unified pipeline combining the 

potentials of both represents a novelty. Its relevance in challenging 

medicinal chemistry scenarios, where no validated ligand for a target 

is known or no experimental binding information is available, is 

particularly noteworthy and may represent a major contribution to 

hard-to-tackle medicinal chemistry projects. 

All research undertaken to investigate this pipeline was conducted 

during my international mobility at The Scripps Research Institute in 

San Diego, USA. 

The second methodological approach covers the development and 

validation of a novel Reinforcement Learning (RL) autonomous 

optimization workflow based on shape similarity and pharmacophore 

alignment. Conceptually a novel implementation of a reported RL 

optimization framework based on docking, this shape-pharmacophore 

approach resolves the inconsistencies observed in the original 

implementation. It provides a robust and flexible AI-based 

optimization tool capable of automatically optimizing a ligand within 

its binding pocket without the necessity of any a priori training, using 

only the three-dimensional structure of the molecular target. 

 

 

 

 

 

 

 

 



нм 
 

3. Computational Methodologies 

3.1 Molecular Docking 

3.1.1 General Concepts 

 

Since its emergence in the early 1980s1, molecular docking has 

become a cornerstone technique in structure-based computer-aided 

drug design (CADD)2. The primary objective of docking is to model 

molecular recognition by identifying the most energetically favorable 

binding pose of a ligand within the active site of a target. Docking 

algorithms comprise two interacting components: a search/sampling 

algorithm (SA) that explores the configurational space of possible 

ligandïreceptor arrangements, and a scoring function (SF) that 

evaluates and ranks those arrangements by estimating the associated 

binding free energy. Ideally, the SA should generate, among the 

multitude of possible ligand conformations, the experimentally 

observed binding pose (from NMR, X-ray crystallography, or cryo-

EM), and the SF should rank that pose as the most energetically 

favorable3. 

These tasks are, however, highly challenging. A rigid body has six 

external degrees of freedom (three translations and three rotations); 

internal degrees of freedom (rotatable bonds) introduce many 

additional variables and the number of accessible conformations 

increases approximately exponentially with the number of rotatable 

bonds. To remain computationally tractable, SAs must employ a 

variety of strategies to streamline the conformational search. Likewise, 

accurate estimation of the binding free energy requires consideration 

of multiple physical contributions (solvent effects, electronic 

polarization, entropic contributions, explicit water networks, 

protonation/tautomeric states, etc.), which renders rigorous calculation 

computationally expensive. Consequently, practical docking methods 



нн 
 

introduce simplifying approximations to the underlying physics, 

producing different classes of SFs3,4. 

A further practical challenge is the inclusion of receptor flexibility. 

Proteins and nucleic acids are inherently flexible, and ligand binding 

often involves conformational adaptation (induced fit)5, selection of a 

pre-existing conformation (conformational selection), or a 

combination of both mechanisms6. Failure to account for relevant 

degrees of freedom can reduce the probability of sampling the native 

pose and can impair affinity estimation. 

Docking approaches are therefore commonly classified according to 

their treatment of flexibility2: 

¶ Rigid docking. Both ligand and receptor are treated as rigid 

bodies; only translational and rotational degrees of freedom are 

sampled for the ligand. This approach most closely follows 

Fischerôs lock-and-key model. It is computationally efficient 

and appropriate when conformational changes upon binding 

are negligible, but it fails when internal ligand rotations or 

receptor side-chain rearrangements are required for binding. 

¶ Semi-flexible docking. The ligand is treated as fully flexible 

(internal degrees of freedom sampled extensively), while the 

receptor is held fixed. This approach implicitly assumes that 

the receptor conformation is preorganized to accommodate the 

ligand. Semi-flexible docking is the most widely used 

approach because it balances accuracy and computational cost. 

¶ Flexible docking. Both ligand and receptor are treated as 

flexible, at increased computational cost. In practice, receptor 

flexibility is often modeled by permitting movement of a 

limited set of side chains while keeping the backbone fixed; 

rotamer libraries are commonly used to streamline this process. 

More complete induced-fit protocols alternate sampling with 

local receptor relaxation or include molecular-dynamics (MD)-

based refinement. 
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Overall, molecular docking is a fundamental computational technique 

in drug discovery that supports decision making in lead identification 

and optimization and enables high-throughput virtual screening of 

large chemical libraries7. 

 

3.1.2 Searching Algorithms 

 

Three major classes of search/sampling algorithms are generally 

defined, each aiming to sample ligand conformational space 

effectively at a reasonable computational cost8. The algorithmic 

principles and practical implications of these classes are described 

below. 

 

Geometrical matching algorithms. Docking is reduced to rapid 

shape and feature alignment between a prepared representation of the 

binding pocket and one or more rigid ligand conformers. The binding 

site may be represented as a negative image, a grid of interaction 

fields, a set of spheres, or feature points. Candidate ligand placements 

are generated by rigid-body translations and rotations that maximize 

geometric overlap or feature concordance. Energetic refinement is 

often performed as a subsequent step. This class is mainly used in rigid 

docking implementations (for example, early versions of DOCK1 or 

FRED9). Ligand and receptor flexibility are ignored in these methods. 

 

Systematic search algorithms. All ligand degrees of freedom are 

explored in a structured manner by assigning finite values to rotatable 

bonds and modifying them combinatorially2,10. Three systematic 

strategies are common: exhaustive search, incremental construction, 

and conformer-ensemble approaches. 

¶ Exhaustive search explores rotations about rotatable bonds at 

specified intervals. Although sampling can be comprehensive, 

the method rapidly becomes inefficient as the number of 

degrees of freedom increases. Therefore, geometric and 
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chemical constraints are typically applied early in the search to 

maintain feasibility. Modern implementations often hybridize 

exhaustive strategies with pruning and hierarchical sampling 

to improve efficiency. 

¶ Incremental construction fragments the ligand along rotatable 

bonds and reconstructs it inside the binding pocket. After 

selecting an anchoring fragment, remaining fragments are 

added incrementally while bonds are reformed. FlexX is a 

representative example of this approach11. 

¶ Conformer-ensemble approaches pre-generate ligand 

conformations with external programs (e.g., OMEGA12, 

Balloon13) and then dock and rank these conformers in the 

binding site. Importantly, ensemble here refers to pre-

generated ligand conformers and should not be confused with 

ensemble docking across multiple receptor conformations. 

 

Stochastic search algorithms. These methods use random 

perturbations and heuristic acceptance criteria to explore 

conformational space. Perturbations are iteratively proposed and 

accepted or rejected according to probabilistic rules14. Common 

stochastic approaches include Monte Carlo (MC) methods, 

evolutionary algorithms (EA), Tabu search, and swarm optimization 

(SO). 

¶ Monte Carlo methods typically use the Metropolis acceptance 

criterion based on Boltzmann statistics. Proposed perturbations 

that lower the energy are accepted, while uphill moves are 

accepted with probability ὩὼὴῳὉὯὝ, where ῳὉ is the 

energy increase, Ὧ is the Boltzmann constant and Ὕ is the 

absolute temperature. This probabilistic acceptance allows 

escape from local minima. RosettaLigand provides an example 

of an MC-driven docking protocol15. 

¶ Evolutionary algorithms are population-based optimizers 

inspired by natural selection. Ligand conformations are 
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encoded (e.g., as torsion or bit strings), and mutation and 

crossover operations generate new candidate conformations. 

The best scoring conformations are retained for subsequent 

generations. GOLD is a widely used EA-based program16. 

Lamarckian Genetic Algorithms (LGA), which combine 

global genetic moves with local optimization, are employed in 

AutoDock17. 

¶ Tabu search is a memory-guided local search that prevents 

short-term revisits to recently explored solutions by 

maintaining a tabu list. Although conceptually promising, its 

application in docking has been limited (e.g., PSI-DOCK18). 

¶ Swarm optimization models agents that explore the multi-

dimensional solution space and are stochastically attracted to 

the best solutions found by the swarm. PLANTS is a prominent 

example of SO in docking19. 

 

Commercial packages and academic programs often implement hybrid 

sampling schemes that combine elements from the classes above 

(hierarchical sampling, local refinement, pre-filtering with geometric 

matching, etc.). For example, Glide employs hierarchical torsional 

sampling and pruning rather than a naive exhaustive grid 

enumeration20. 

 

3.1.3 Scoring Functions 

 

Scoring functions are typically classified into three broad groups: 

force-field (physics-based) scoring, empirical scoring, and 

knowledge-based (statistical) scoring4. Many modern scoring schemes 

are hybrids that incorporate elements from different classes. The 

categorization below is therefore descriptive rather than absolute. 
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Force-field scoring. The energy of a putative complex is evaluated 

using physics-derived potentials, typically summing nonbonded van 

der Waals and Coulombic terms: 

Ὁ
ὃ

ὶ

ὄ

ὶ

ρ

τ“‐

ήή

‐ὶ
 

where ὶ is the distance between atoms Ὥ and Ὦ, ὃ and ὄ are pair-

specific LennardïJones coefficients (the ρ ὶ  term describes the 

short-range repulsion and the ρ ὶ term the long-range attraction), ή 

and ή are partial charges, ‐ is the relative permittivity, and ‐ is the 

vacuum permittivity. Intramolecular bonded and torsional strain terms 

may also be included, although for docking nonbonded terms are often 

emphasized. The principal advantage of force-field scoring is the clear 

physical basis of the terms, which makes these functions well suited 

for rescoring and integration with molecular-mechanics refinement. 

Limitations include computational cost, sensitivity to force-field 

parameterization and partial charges, and frequent neglect of 

electronic polarization. Many implementations incorporate empirical 

corrections; therefore, examples such as AutoDock21 and GoldScore16 

contain hybrid elements rather than being purely force-field based. 

 

Empirical scoring. Binding affinity is expressed as a weighted sum 

of interaction terms whose coefficients are obtained by regression 

against experimental binding data22: 

ῳὋ ύὪ 

where ῳὋ of binding is equal to the sum of individual interaction terms 

Ὢ (e.g., lipophilic contacts, hydrogen bonds, metal coordination, 

torsional penalties) and ύ are fitted weights. Empirical scoring is 

computationally efficient and performs best within the chemical space 

represented in the training set. Its limitations include potential 

overfitting, limited transferability to chemotypes or targets not present 
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in the training data, and often coarse or missing treatments of solvent 

and entropy. Representative examples include ChemScore22 and 

GlideScore20. AutoDock Vinaôs scoring model also contains partly 

empirical components23. 

Knowledge-based scoring. These functions derive potentials 

statistically from observed frequencies of atomic interactions in 

structural databases (e.g., the Protein Data Bank). The underlying 

hypothesis is that over-represented interactions are energetically 

favorable. Using the inverse Boltzmann relation, a pairwise potential 

of mean force (PMF) can be written as24: 

ῳὉ ὶ ὯὝὰὲ
Ὣ ὶ

Ὣ ὶ
 

where Ὣ ὶ is the observed distance distribution between atom types 

Ὥand Ὦ, and Ὣ ὶ is a reference state distribution. The choice of 

reference state is critical. Knowledge-based scoring implicitly 

captures some solvent and entropic contributions and is 

computationally inexpensive, but it depends on the quality and 

representativeness of the structural database. PMF-style potentials and 

DrugScore exemplify this class25. 

 

3.1.4 Limitations 

 

Besides the treatment of flexibility, a major limitation of molecular 

docking is its frequent dichotomy between successful pose prediction 

and poor quantitative affinity ranking26,27. Pose prediction aims to 

locate a local minimum of the interaction potential in the high-

dimensional space defined by torsions and rigid-body degrees of 

freedom; if sampling is adequate and the receptor is in or near the 

bound conformation, the correct binding geometry often corresponds 

to a deep, readily sampled energetic basin. Accurate ranking, by 

contrast, requires reliable estimation of binding free energies and a 

balanced treatment of enthalpic and entropic factors28. Fast scoring 
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functions used in routine docking deliberately simplify or omit many 

of these contributions (solvent effects, electronic polarization, explicit 

water networks, tautomer/protomer enumeration, conformational 

entropy, etc.) to achieve throughput. Consequently, docking frequently 

yields acceptable poses but unreliable affinity rankings, producing 

false positives that require substantial post-docking triage (e.g., 

rescoring, MD-based refinement, and rigorous free-energy 

calculations) to discriminate true hits from inactive compounds29. 
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3.2 Virtual Screening 

3.2.1 General Concepts 

 

Virtual screening (VS) is a central technique in modern computer-

aided drug design (CADD), employing computational methods to 

rapidly screen large chemical libraries and prioritize compounds 

predicted to bind a given biological target30. The primary aim of VS is 

not to deliver a finished drug candidate, but rather to enrich the fraction 

of actives (the hit rate) in the subset advanced to experimental 

testing31. Compared with experimental high-throughput screening 

(HTS), VS offers substantial advantages in terms of speed and cost, 

allowing for the evaluation of millions or even billions of compounds 

in a fraction of the time and at minimal expense32. Critically, VS has 

consistently demonstrated the ability to produce significantly higher 

hit rates: whereas HTS campaigns typically yield 0.01-0.14% actives, 

VS campaigns typically report hit rates between 1% and 40%33, 

effectively filtering vast chemical spaces to a manageable and more 

promising selection. VS methodologies are broadly classified into 

ligand-based (LBVS) and structure-based (SBVS) approaches, which 

leverage information from known active molecules or the 3D structure 

of the target, respectively. These strategies are not mutually exclusive 

but sequential or integrated use of these orthogonal approaches often 

yields superior results34.  

 

3.2.2 Typical Workflow 

 

No single virtual-screening workflow is universally applicable. The 

optimal strategy is context dependent and must be tailored to the 

biological target, the quantity and quality of available structural or 

ligand information, the size and chemical diversity of the screening 

collection, and the projectôs objectives. In practice, most VS 

campaigns are implemented as a multi-stage computational funnel that 
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progressively reduce a large starting library to a small, chemically 

diverse set of high-priority candidates for experimental validation. 

The principal stages of this process are presented here. 

 

Library Selection and Preparation. The process begins with the 

selection of one or more chemical libraries, which can range from 

commercially available compound collections (e.g., from vendors like 

Enamine or Mcule) to curated databases such as ZINC35, ChEMBL36, 

or PubChem37. This is followed by a library preparation and filtering 

stage. This step aims to remove undesirable compounds and enrich the 

library with molecules possessing drug-like properties. Standard 

filters include Lipinskiôs Rule of Five to flag compounds with poor 

oral bioavailability38 and substructure-based removals of known 

promiscuous or assay-interfering chemotypes (PAINS)39. Additional 

preprocessing steps commonly address protonation and tautomeric 

states, stereochemistry, salt stripping, 3D conformation generation, 

and the calculation of molecular descriptors used in downstream 

models. 

 

Screening. The prepared library is submitted to the core screening 

stage, in which complementary computational methods are used to 

score and rank compounds. 

 

¶ Ligand-Based Virtual Screening (LBVS) 

LBVS exploits the principle that structurally similar molecules 

often display similar biological activities and is applied when 

target structure is unavailable but active molecules are known. 

Typical LBVS techniques include: 

 

Á Similarity Searching: Similarity searching is among 

the most widely used ligand-based virtual-screening 

techniques40. It quantifies the resemblance between a 

known active reference and database compounds, most 



ом 
 

commonly by comparing molecular fingerprints, which 

are binary or count vectors that encode structural 

features of a molecule. Typical fingerprint classes 

include path-based fingerprints (e.g., Daylight) which 

represent linear fragments or circular fingerprints (e.g., 

extended-connectivity fingerprints, ECFPs) which 

encode atom-centered neighborhoods41. Fingerprint 

similarity is ordinarily quantified with the Tanimoto 

coefficient (Ὕ)42, defined as the ratio of shared features 

to the total number of features  

Ὕ
ὧ

ὥ ὦ ὧ
 

 

where ὥ and ὦ are the numbers of bits set in the two 

fingerprints and ὧ is the number of bits set in common. 

The choice of fingerprint type and similarity threshold 

strongly affects retrieval performance and should be 

matched to the expected scaffold diversity and the 

intended degree of chemical similarity or 

bioisosterism. 

 

Á 3D Shape Similarity: This method extends beyond 2D 

topology to compare the spatial volume and steric 

envelope of molecules. Molecular shapes are 

commonly represented by atom-centered Gaussian 

functions or by discretizing the molecule onto a 

grid/voxel map43,44. These volumetric representations 

are frequently ñcoloredò with pharmacophoric 

annotations (e.g., hydrogen-bond donors/acceptors, 

aromatic centers, ionizable groups), thereby combining 

steric complementarity with chemical-feature 

matching45. Accurate alignment of the query and 

database molecules is critical: both rigid and flexible 



он 
 

alignment algorithms are used to optimize spatial 

overlap prior to scoring, and the resulting similarity 

metrics typically reflect a weighted combination of 

volumetric overlap and feature correspondence46. The 

choice of shape representation, feature-coloring 

scheme, alignment protocol, and scoring weights 

substantially affects retrieval performance and should 

be selected to match the expected conformational 

variability and pharmacophoric requirements of the 

target. 

 

Á Electrostatic potential similarity: In this protocol, the 

three-dimensional distribution of electrostatic 

potentials (ESPs) around molecules are compared to 

assess their propensity to engage in analogous charge-

driven interactions with a target. ESPs are typically 

computed from partial atomic charges derived from 

quantum-chemical schemes (e.g., RESP47), 

semiempirical protocols (e.g., AM1-BCC48), or 

empirical force-field models, and are either projected 

onto a molecular surface (van der Waals, solvent-

accessible) or sampled on a surrounding grid49. 

Similarity is then quantified with measures that 

evaluate field overlap or correlation (field-overlap 

integrals, normalized cross-correlation, distance-based 

metrics). Because ESP calculations are sensitive to the 

charge-assignment method, conformer selection and 

the treatment of solvation or dielectric effects, careful 

parameterization is required. Alignment and conformer 

selection are therefore critical steps. ESP similarity is 

most informative when electrostatic complementarity 

is a principal determinant of binding (e.g., ionic or 
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hydrogen-bondïrich sites) and when is combined with 

shape and pharmacophore filters. 

 

Á Ligand-Based Pharmacophore: A pharmacophore 

model is an abstract representation of the minimal 

three-dimensional arrangement of steric and electronic 

features required for a molecule to exert a specific 

biological effect50. These features typically represent 

hydrogen-bond donors and acceptors (HBD and HBA, 

respectively), charged groups, lipophilic patches and 

aromatic rings. They are usually described as spherical 

volumes (with defined radii) and, for groups capable of 

directional interactions, an associated directionality 

vector51. When the target structure is not available, a 

pharmacophore model is generated by 

conformationally sampling and mutually 

superimposing a representative set of confirmed active 

molecules to reveal conserved feature patterns. 

Common alignment strategies include maximum-

common-substructure (MCS) overlays, shape-based 

alignments, feature-to-feature matching and flexible 

graph-matching algorithms that accommodate scaffold 

variability. From the aligned ensemble, chemical 

features are extracted and aggregated (for example by 

hierarchical clustering or density-based clustering) to 

generate candidate pharmacophore hypotheses that 

capture frequently co-occurring features. Hypotheses 

are typically validated by retrospective screening 

against curated decoy sets and independent test actives, 

using metrics such as enrichment factor, ROC-AUC 

and BEDROC33. During screening every compound in 

the prepared library/database is aligned to the validated 

hypothesis and assigned a similarity score.  
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A common scoring metric is the volumetric Tanimoto: 

ὝὥὲὭάέὸέ
ὠ

ὠ ὠ ὠ
 

where ὠ  is the overlapping volume of matched 

features, ὠ  is the total feature volume of the 

reference pharmacophore, and ὠ  is the total feature 

volume of the screened compound.  

Useful asymmetric variants are the simple Tversky-

type measures 

Ὕὠ
ὠ

ὠ
 

Ὕὠ
ὠ

ὠ
 

where Ὕὠ  is useful to identify library molecules that 

are supersets of the reference pharmacophore (i.e., they 

cover most or all of the reference features), and Ὕὠ  is 

useful to identify molecules whose pharmacophore is a 

subset of the reference (i.e., most of the screened 

moleculeôs features are contained within the reference). 

 

¶ Structure-Based Virtual Screening (SBVS) 

SBVS methods require the 3D atomic coordinates of the 

biological target (e.g., from X-ray crystallography or cryo-EM) 

to predict how potential ligands might bind. 

 

Á Molecular Docking: As the most widely used 

structure-based virtual-screening (SBVS) approach, 

molecular docking predicts the preferred binding 

orientation (pose) of a ligand within the target binding 

site and assigns a score intended to approximate 

binding affinity. Library compounds are thereby 

provisionally ranked according to their predicted 
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affinities52. However, docking scoring functions are 

well known to be unreliable for discriminating actives 

from inactives and for producing accurate rank 

orderings27; therefore, rigorous validation of any 

docking protocol is essential before its prospective 

application.  

Two widely used validation experiments are: 

 

o Redocking. The crystallographic ligand is 

removed from its complex and redocked into 

the same receptor structure53. The predicted 

pose is compared with the experimental pose by 

calculating the heavy-atom root-mean-square 

deviation (RMSD): 

ὙὓὛὈ
ρ

ὔ
 ‏

where ‏ is the distance between atom Ὥ and the 

reference position of the ὔ is the number of 

atomic pairs. Redocking assesses whether the 

docking algorithm and the chosen parameters 

reproduce known bound geometries. As a 

practical guideline, an RMSD Ò 2.0 ¡ is 

considered a successful reproduction of the 

crystallographic pose, values between 2.0 and 

3.0 ¡ are borderline and should prompt 

inspection of the pose and docking settings, and 

RMSD > 3.0 ¡ indicates unsuccessful 

reproduction54. Particular attention must be 

paid to symmetric ligands, for which 

symmetry-corrected (minimum-matching) 

RMSD calculations are required55. Likewise, 
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highly flexible ligands merit careful inspection 

because a low RMSD can still mask chemically 

important differences in key interactions. 

o Cross-docking. Ligands are docked into 

alternative receptor conformations (for 

example, different chains or crystal structures, 

representative frames from molecular-

dynamics simulations, or experimentally 

derived ensembles)56. Cross-docking probes 

the robustness of the protocol to receptor 

variability and indicates whether a single 

receptor conformation suffices for screening or 

whether an ensemble approach is required. 

Successful cross-docking both reproduces 

known poses across multiple receptor 

conformations and identifies cases in which 

induced fit or substantial backbone 

rearrangement undermines docking results. 

 

Redocking and cross-docking do not, by themselves, 

guarantee good enrichment in virtual screening 

because scoring functions may still fail to discriminate 

actives from decoys. Therefore, docking validation for 

SBVS should also include retrospective enrichment 

tests. In a typical test, a curated set of known actives is 

screened together with property-matched decoys and 

metrics such as enrichment factor (EF), ROC-AUC, 

and early-recognition metrics (e.g., BEDROC or EF at 

1%) are calculated to quantify the protocolôs ability to 

recover true binders57. 

 

Á Structure-Based Pharmacophore. Structure-based 

pharmacophore models are derived directly from the 
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experimentally determined structure of the molecular 

target58, either in the apo form or in complex with one 

or more co-crystallized ligands. Because these models 

exploit the explicit protein geometry and, when 

available, experimental ligand conformations, they do 

not require an external training set of actives or an a 

priori ligand-alignment step59. 

Three principal classes of structure-based 

pharmacophores are distinguished: 

o Receptor-derived pharmacophores. Features 

are inferred from the protein binding site alone 

by mapping physicochemical hotspots and 

interaction vectors (e.g., HBA and HBD groups 

position, hydrophobic hotspots, potential 

charge-interaction sites, and metal-

coordination points). Steric constraints are 

represented by exclusion volumes derived from 

the protein atomic coordinates. Receptor-

derived models are especially useful when 

ligand-bound structures are unavailable, but 

they are sensitive to the chosen receptor 

conformation and to the treatment of explicit 

waters, ions, and flexible side chains60. 

o Ligand-derived pharmacophores. When one 

or more ligands are resolved in complex with 

the target, pharmacophore features can be 

extracted directly from the experimentally 

observed ligand conformations. If multiple co-

crystal structures are available, features are 

typically identified after alignment and 

clustering of the complexes to retain the most 

conserved and relevant interaction patterns61. 
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o Merged pharmacophores. Hybrid models 

combine ligand-derived features with receptor-

derived information such as exclusion volumes 

and additional interaction hotspots not fully 

represented by the ligand set. Hybrid models 

are often preferred because they leverage 

experimental ligand geometry while imposing 

steric and geometric constraints from the 

binding site62. 

 

Validation of generated pharmacophore hypotheses is 

recommended even when models are built from co-

crystals. When only apo structures or a limited number 

of co-crystals are available, sampling receptor or ligand 

flexibility (for example, via molecular dynamics or 

ensemble generation63) is advisable to capture 

alternative binding-site conformations. 

 

¶ Hybrid Approaches and Machine Learning 

Virtual-screening performance is frequently improved by 

combining complementary methods in cascade or hybrid 

workflows. For example, a rapid ligand-based filter (e.g., 

similarity or pharmacophore pre-screen) can be applied to a 

large library to remove obvious non-binders, and the resulting 

subset is then subjected to more computationally intensive 

structure-based screening (docking, rescoring, or free-energy 

calculations). Conversely, pharmacophore or interaction-

fingerprint filters are often applied as post-processing steps to 

docking poses so that top-scoring molecules also satisfy key 

proteinïligand interaction criteria64. More recently, machine-

learning (ML) and artificial-intelligence (AI) methods have 

become increasingly integrated into virtual screening65. 

Supervised ML algorithms (for example, support-vector 
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machines, random forests, gradient-boosting machines, deep 

neural networks, and graph-based networks) are used to build 

classifiers that distinguish actives from inactives, to predict 

continuous properties (potency, ADMET end points), and to 

develop data-driven scoring or rescoring functions for 

docking. ML is also used for pose classification, decoy 

detection, and compound prioritization in multi-objective 

workflows. 

 

Hit Selection. At the end of the screening phase, thousands to millions 

of result files are generated. To identify chemically and biologically 

plausible binders, a series of successive, orthogonal filters is applied 

and a final set of high-priority compounds is selected for experimental 

biological testing. Common filtering strategies include rescoring and 

consensus scoring to mitigate single-score bias, interaction analysis to 

prioritize key contacts at the binding site, and estimation of ligand 

efficiency (LE). LE is a size-normalized measure of binding potency 

that quantifies the contribution of each non-hydrogen (heavy) atom to 

the binding free energy66: 

ὒὉ
ῳὋ

ὔ
 

where ὔ  is the number of heavy atoms. LE is used to prioritize 

compact, efficient chemotypes and to reduce bias toward larger 

molecules when comparing potencies. It can also indicate compounds 

whose subsequent lead optimization may produce particularly potent 

and selective leads. To preserve chemical diversity and avoid 

advancing many analogues of the same scaffold, results are typically 

clustered using score-based thresholds, interaction fingerprints, 

molecular-similarity or LE52. Structure-based pharmacophore models 

provide an additional, spatially explicit prioritization criterion that 

complements purely energetic rankings.  

Finally, expert visual inspection remains indispensable67. Although 

this step is subjective and may seem at odds with the highly automated 
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nature of virtual screening, it cannot be omitted. Even with state-of-

the-art computational methods, implausible docking poses exhibiting 

severe ligand strain, steric clashes, or incorrect protonation/tautomer 

states can survive multiple filters and appear among top scorers. 

Careful visual inspection by an experienced medicinal chemist is often 

the only way to detect such artifacts and thus serves as the final, 

definitive filter in the virtual-screening workflow68.  
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3.3 Molecular Dynamics 

3.3.1 General Concepts 

 

Molecular dynamics (MD) is a computational technique used to study 

the time-dependent evolution of many-particle systems69. By applying 

classical mechanics and numerical integration, MD predicts the 

microscopic positions and velocities of every particle in the system 

and thereby reconstructs the systemôs time-dependent behavior under 

specified macroscopic conditions (e.g., temperature and pressure)70. 

Applications to biological systems, and consequently to medicinal 

chemistry, are extensive because biomolecules are inherently 

dynamic. Proper characterization of their conformational landscapes 

is essential to understand molecular recognition, self-assembly, ligand 

binding and unbinding, catalytic mechanisms, and allosteric 

regulation71. 

At their best, experimental structural techniques such as X-ray 

crystallography and cryo-electron microscopy provide high-resolution 

and static snapshots of molecular targets. Although invaluable for 

rational drug design, these snapshots represent only one of the low-

free-energy conformations accessible under the experimental 

conditions and ignore the full conformational ensemble. MD 

complements structural biology by using experimentally resolved 

atomic coordinates as starting points for dynamic exploration of 

biologically relevant states that may be inaccessible to current 

experimental approaches72. 

Historically, MD originated in the mid-20th century with pioneering 

computational experiments on simple fluids and hard-sphere 

systems73,74. These early studies demonstrated that macroscopic 

dynamical properties can be derived from microscopic particle 

dynamics. Subsequent developments focused on liquid-state 

simulations and numerical integration schemes, resulting in the 

emergence of biomolecular MD simulations in the 1970s with the first 

parameter sets for proteins75. Over the following decades, the scope 

and scale of MD simulations expanded in parallel with increases in 

computational power of central processing units (CPUs) and graphics 

processing units (GPUs), allowing the simulation of multidomain 
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complexes comprising hundreds of thousands of atoms on 

microsecond timescales76. 

Today, MD is a fundamental technique in computer-aided drug design 

(CADD) and is routinely applied in hit identification and lead 

optimization in both academic and industrial settings77. MD is also 

being influenced by advances in artificial intelligence, which are 

expected to reduce computational cost and improve accessibility, 

thereby facilitating discovery of drug candidates with increasingly 

complex mechanisms of action78. 

 

3.3.2 Theoretical Aspects 

 

MD is based on the assumption that the time evolution of a many-

particle system can be well approximated by classical mechanics. In 

practice, Newtonôs second law is integrated for all atoms in the system. 

For particle Ὥ with mass ά, position ὶὸ, velocity ὺὸ, and 
acceleration ὥ, Newtonôs second law reads: 

Ὂ άὥ ά
Ὠὺ

Ὠὸ
ά
Ὠὶὸ

Ὠὸ
 

where Ὂ is the net force acting on particle Ὥ. Given the atomic masses 
and the net forces, the positions and velocities of the atoms can be 

propagated forward in time. In the classical MD framework, the forces 

are obtained from a potential energy function ὠ ὶ that depends on 
the coordinates of all particles. The force is the (negative) gradient of 

the potential: 

Ὂ ​ὠ ὶ  

Thus, MD can be described equivalently in terms of forces or 

potentials and the choice of the used potential determines whether 

particles behave like noninteracting noble-gas atoms or like covalently 

bonded atoms in an organic molecule79. 

In biomolecular simulations the potential energy ὠ is provided by a 
molecular mechanics force field. Force fields approximate the Bornï

Oppenheimer potential-energy surface using analytic functions that 

separate chemically distinct contributions80. A common 

decomposition is: 

ὠ ὠ ὠ  
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in which terms arising from covalent geometry (bonds, angles, 

torsions) and from noncovalent interactions (electrostatics and 

dispersion/repulsion) are distinguished.  

An exact interatomic potential would include all electronïelectron, 

nucleusïnucleus, and electronïnucleus interactions, but that is 

computationally intractable for realistic biomolecular systems. 

Therefore, practical force fields therefore employ approximations. 

Bonded terms are often modeled using harmonic approximations 

(Hookeôs-law style) because they are simple, intuitive and efficient to 

evaluate.  

Consequently, a typical bonded energy term might be presented as: 

Ὗ
ρ

ς
Ὧ ὶ ὶ

ρ

ς
Ὧ — —

ρ

ς
ὠρ ÃÏÓ ὲ• ‎  

where Ὧ and Ὧ are force constants for bond stretching and angle 
bending, ὶ and — are equilibrium bond lengths and angles and 

torsional term is presented as a Fourier series with barrier height ὠ, 
multiplicity ὲ, dihedral angle • and phase ‎.  
Nonbonded interactions are typically expressed as a sum over atom 

pairs, in the general form: 

Ὗ Ὗ ὶ Ὗ ὶ  

The Ὗ ὶ  term is for Van der Waals interactions, which are 

commonly modeled with a LennardïJones 12ï6 potential in the 4Ů-ů 

form81: 

Ὗ ὶ τ‐
„

ὶ

„

ὶ
 

where ‐ is the empirical depth of the potential well for the Ὥ-Ὦ 

interaction, „  is a length parameter representing the distance at which 

the ὶ  and ὶ  terms are balanced in τ‐ convention and ὶ is the 

interatomic separation.  

Coulombic interactions are described in the Ὗ ὶ  term, generally 

presented as: 

Ὗ ὶ
ρ

τ“‐‐

ήή

ὶ
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where ‐ is the vacuum permittivity, ‐ is the relative permittivity 
(dielectric constant) of the medium, ή and ή are partial atomic 

charges, and ὶ is the interatomic distance. In explicit-solvent 

simulations ‐ is typically set to 1. 

Because the equations of motion for realistic many-particle systems 

cannot be solved analytically, numerical time-integration is required. 

Simulations advance in discrete timesteps where the timestep ῳὸ must 
be small enough to accurately resolve the fastest motions of interest, 

therefore imposing a trade-off between numerical accuracy and 

computational efficiency. Typical timesteps are on the order of 1.0 fs 

for fully flexible systems, even if by constraining fast hydrogen 

vibrations (e.g., using SHAKE or LINCS algorithms) a 2.0 fs timestep 

is commonly used82,83. Hydrogen mass repartitioning and multiple-

time-step schemes can enable larger effective timesteps in some 

contexts84. 

Several integration algorithms are used in MD, with the Verlet 

algorithm remaining one of the most popular85. In its positional form, 

atomic positions are advanced using the current and previous positions 

and the current forces in the equation: 

ὶὸ ῳὸ ςὶὸ ὶὸ ῳὸ
ῳὸ

ά
Ὂὸ 

where ὶὸ ῳὸ is the position of atom Ὥ at the end of the timestep, 

ςὶὸ ὶὸ ῳὸ is the symmetric linear extrapolation using the two 

most recent positions and Ὂὸ is an acceleration correction factor 

derived from Newtonôs second law.  

Consequently, velocities can be obtained by central differences, using: 

ὺὸ
ὶὸ ῳὸ ὶὸ ῳὸ

ςῳὸ
 

where ὶὸ ῳὸ is the atomic position at the end of the timestep, 
ὶὸ ῳὸ the position at its start and ςῳὸ the total elapsed time.  

A widely used variant is the velocity-Verlet algorithm, which provides 

explicit velocities at each step and is convenient when coupling to 

thermostats or barostats86. The Verlet family of integrators is 

symplectic and time-reversible, therefore preserving the energy and 

phase-space structure of the system over long simulations. 
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In MD simulations, controlling thermodynamic variables is essential. 

Conformational ensembles are typically generated under either the 

constant-number-of-particles, constant-volume, and constant-

temperature (NVT) ensemble or the constant-number-of-particles, 

constant-pressure, and constant-temperature (NPT) ensemble. For 

biomolecular systems, the NPT ensemble is commonly preferred 

because it allows the system density to equilibrate to a physically 

relevant value. Consequently, accurate and dynamic regulation of 

temperature and pressure is critical. Temperature control is achieved 

through thermostats, which modify the equations of motion to sample 

the desired temperature distribution. Common thermostats include 

weak-coupling velocity rescaling (Berendsen87), stochastic velocity 

reassignment (Andersen88), deterministic extended-system methods 

(Nos®ïHoover and Nos®ïHoover chains89,90), Langevin dynamics91, 

and stochastic velocity rescaling (Bussi92). Pressure regulation is 

performed using barostats, such as ParrinelloïRahman93, Martynaï

TuckermanïKlein (MTK)94, and Monte Carlo barostats, which adjust 

the simulation box dimensions to maintain the target pressure. 

Notably, ParrinelloïRahman and MTK barostats treat box degrees of 

freedom dynamically, enabling anisotropic fluctuations. 

Additionally, finite simulation box size can introduce artifacts. 

Periodic boundary conditions (PBC) mitigate surface effects by 

replicating the primary cell in all directions, thereby emulating an 

infinite bulk95. Under PBC, short-range pair interactions are evaluated 

using the minimum-image convention, which requires the nonbonded 

cutoff to be less than half the shortest box vector. Long-range 

electrostatics must be treated specially because Coulomb interactions 

decay slowly as 1/r. Ewald summation decomposes the Coulomb 

energy into a rapidly decaying real-space part and a smooth reciprocal-

space part96, but this is costly. Therefore, the Particle-Mesh Ewald 

(PME) method is preferred due to its efficient algorithm based on 

charges interpolation onto a grid and fast Fourier transforms97. Van der 

Waals interactions are typically truncated using a cutoff (commonly 

8ï12 ¡) and switching or shifting functions are applied near the cutoff 

to avoid force discontinuities. 
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3.3.3 Applications in CADD 

 

Molecular dynamics (MD) simulations have become an indispensable 

component of computer-aided drug design (CADD) and medicinal 

chemistry, providing a dynamic perspective that complements static 

structural models77. A key application of MD is induced-fit modeling, 

where simulations capture protein conformational changes upon 

ligand binding, overcoming the limitations of rigid docking 

approaches. Beyond single conformations, MD enables the generation 

of protein conformational ensembles that serve as the basis for 

ensemble docking, thereby improving virtual screening accuracy by 

accounting for receptor flexibility98. MD simulations are also 

instrumental in identifying allosteric and cryptic binding pockets, 

which often remain hidden in crystallographic structures but emerge 

during protein dynamics, offering new opportunities for allosteric 

modulation99. Another important application is the characterization of 

water molecules within binding sites, where MD helps determine 

whether specific waters stabilize ligand binding or should be displaced 

to enhance affinity100. Additionally, incorporating cosolvent molecules 

in MD simulations facilitates hotspot mapping, revealing energetically 

favorable regions for ligand interaction and guiding fragment-based 

drug design101,102. Finally, MD provides a rigorous framework for 

assessing ligand stability and binding mode persistence under near-

physiological conditions, offering insights into the robustness of 

proteinïligand complexes beyond static docking predictions. 

 

3.3.4 Limitations 

 
In its conventional form, molecular dynamics (MD) is a powerful tool, 

but several important limitations must be acknowledged. Force fields 

are inherently approximate, as they typically employ fixed-charge and 

non-polarizable models that collapse multiparticle induction and 

dispersion into pairwise additive terms. While computationally 

efficient, these approximations can bias relative energetics, hydration 

thermodynamics and charge-driven recognition103. Furthermore, 

accessible simulation timescales remain limited, whereas many 

functionally relevant events such as conformational transitions, 
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cryptic-pocket opening, and ligand unbinding occur on micro- to 

millisecond timescales which are prohibitively expensive to sample 

directly104. Numerical and finite-size artifacts, introduced by methods 

such as periodic boundary conditions (PBC) or particle mesh Ewald 

(PME), can perturb both dynamics and thermodynamics if not 

carefully addressed. Ligand parameterization is another non-trivial 

challenge that might require quantum mechanical validation, adding 

complexity to the workflow105. Direct estimation of kinetic quantities 

from MD is also problematic, as thermostats, finite simulation boxes, 

and biasing protocols alter time correlations, necessitating explicit 

corrections or specialized kinetic models. Most critically, the 

credibility of MD results depends on rigorous validation. Without 

orthogonal experimental benchmarking and robust uncertainty 

quantification, such as replicate simulations and convergence 

diagnostics, mechanistic or quantitative claims remain provisional106.  

 

3.3.5 Enhanced Sampling Techniques 

 
The principal limitation of conventional MD is that deterministic 

integration with small timesteps advances sampling on picosecondï

nanosecond scales, whereas many biologically relevant transitions 

occur on microsecondïsecond scales. According to 

Arrhenius/Kramers theory, the rate Ὧ of barrier crossings depends 
exponentially on the barrier height ῳὉ: 

Ὧ ὃὩ  

where ὃ is a reaction specific prefactor, Ὧ is Boltzmannôs constant 
and Ὕ is temperature. Even moderate energy barriers thus produce very 
slow transition rates and render rare events effectively inaccessible to 

straightforward MD107. 

Enhanced sampling methods circumvent these limitations by lowering 

effective free-energy barriers, biasing sampling along selected 

collective variables (CVs) or exchanging configurations between 

replicas. These approaches accelerate escape from local minima, 

improve exploration of configurational space, and enable 

reconstruction of free-energy landscapes and rare-event pathways108. 

Enhanced sampling techniques can be broadly classified into two 

categories based on whether they require predefined collective 
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variables (CVs). Collective variables are user-defined coordinates that 

capture slow and functionally relevant motions of the system, such as 

interatomic distances, dihedral angles or root-mean-square deviation 

(RMSD) from a reference structure. These variables serve as reduced-

dimensional descriptors of complex molecular processes, enabling 

more efficient exploration of conformational space. 

¶ Enhanced techniques requiring CVs 

 

Á Metadynamics. Sampling is enhanced by iteratively 

depositing a history-dependent bias potential to 

discourage revisiting already sampled regions of CV 

space109. The bias potential is commonly written as a 

sum of Gaussian kernels deposited at past CV 

locations: 

 

ὠ ίȟὸ ‫Ὡὼὴ
ί ίὸ

ς„
 

 

where is the height of the Gaussians and „ is their ‫ 
width. Over time, the accumulated bias potential fills 

the free energy basins, effectively flattening the free 

energy landscape and allowing the system to escape 

local minima. The negative of the converged bias 

approximates the free energy as a function of the CVs. 

Well-tempered metadynamics adaptively reduces the 

effective hill height as the bias grows, improving 

convergence and limiting oversampling110.  

Á Umbrella Sampling. Multiple simulations are 

performed with harmonic biasing potentials restraining 

the system to different regions of the CV111: 

ὠ ί
ρ

ς
Ὧ ί ίȟ  

where Ὧ is the force constant and ίȟ is the center of 
the potential for the Ὥ-th simulation. The biased 

probability distributions are combined and reweighted 

using the Weighted Histogram Analysis Method 
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(WHAM) or a similar approach and the unbiased 

potential of mean force (PMF) is reconstructed112. 

Á Adaptive Biasing Force (ABF). ABF estimates the 

mean force along a CV and applies an opposing biasing 

force to flatten the free-energy landscape113. The bias 

force is the negative of the running average of the mean 

force: 

 

Ὂ ί ἂὊ ίἃ 

 

where the instantaneous mean force is obtained from 

the unconstrained MD equations of motion. The 

accumulation of this biasing force progressively 

flattens the potential of mean force (PMF), enabling 

efficient and direct calculation of the free energy 

profile. ABF is particularly powerful for systems with 

unknown reaction coordinates, as it does not require a 

predefined transition path. 

Á Steered Molecular Dynamics (SMD). An external 

and time-dependent harmonic force is applied to drive 

the system along a predefined CV114. The pulling 

protocol can maintain either a constant force or a 

constant velocity. The work ὡ ὸ performed on the 
system is expressed as: 

ὡ ὸ Ὂ ὸ ẗὨίὸ  

Where Ὂ  is the applied external force, Ὠί is the 
infinitesimal displacement of the system and ὸ is the 
integration variable over time. The free energy 

difference associated with the transition of interest can 

be estimated from the accumulated work using the 

Jarzynski equality115: 

 

ῳὋ ‍ ὰὲὩ  
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where ‍ ὯὝ  is the inverse thermal energy, ὡ is 
the work done on the system and Ὡ  is the 

ensemble average over multiple non-equilibrium 

trajectories. This approach enables rigorous estimation 

of free energy changes (e.g., ligand unbinding), 

provided that sufficient sampling is achieved. 

Á Adaptive Steered Molecular Dynamics (ASMD). 

ASMD is an extension of SMD developed to improve 

the efficiency and accuracy of non-equilibrium free-

energy calculations. For any non-equilibrium process 

the total work ὡ performed on the system satisfies the 

equation:  

 

ὡ ῳὋ ὡ  

 

where ῳὋ is the equilibrium free-energy change and 

ὡ π is the dissipated and irreversibly lost work. 

For a reversible and infinitely slow process ὡ π, 
but in practical computational and experimental 

settings pulling is necessarily finite in speed and 

therefore dissipative. Because dissipation increases 

with pulling speed and distance, faster or longer pulls 

generally produce larger ὡ  and broader work 

distributions. This has major consequences: the 

exponential average of the Jarzynski equality render 

the estimation of the free energy change dominated by 

rare trajectories with unusually low (or even negative) 

dissipation. Therefore, as ὡ  increases, the majority 

of trajectories contribute negligibly to the average and 

the variance of the estimator increases dramatically. 

The practical consequence of this is that a prohibitively 

large number of replicas should be required to achieve 

a reliable convergence116. ASMD mitigates this 

problem by dividing a long pulling process into shorter 

segments. For segment Ὦ we evaluate the segmental 
free-energy change from the work ὡ accumulated 

during that segment using Jarzynskiôs relation and the 
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total free-energy change is obtained as the sum over 

segments117: 

 

ῳὋ ῳὋ ‍ ὰὲὩ  

 

Because each segment is shorter and therefore closer to 

equilibrium, the dissipation per segment is smaller, the 

work distributions are narrower and the exponential 

averages converge more rapidly. Many ASMD 

implementations further reduce variance by adaptively 

selecting initial configurations for subsequent 

segments (for example, choosing representative end-

states from low-dissipation trajectories), which 

prevents the accumulation of large dissipation over 

successive segments and improves overall efficiency. 

 

¶ Enhanced techniques not requiring CVs 

 

Á Replica Exchange Molecular Dynamics (REMD). 
Also called parallel tempering, multiple replicas of the 

system are simulated in parallel at different 

temperatures and configurations are periodically 

exchanged according to a Metropolis acceptance 

probability118: 

 

ὖ άὭὲρȟὩὼὴ ‍ ‍ Ὗὼ Ὗὼ  

 

where ‍ ρ ὯὝ and Ὗὼ is the potential energy 
of configuration ὼ. High-temperature replicas sample 
over barriers more readily, and exchanges help low-

temperature replicas visit high-energy regions, 

accelerating sampling at the target temperature. 

Á Accelerated Molecular Dynamics (aMD). aMD 

modifies the potential by adding a boost potential 

ῳὠὶ in regions where the potential energy ὠὶ is 
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below a predefined threshold Ὁρρω. The boost potential 

is defined as: 

 

ῳὠὶ
Ὁ ὠὶ

‌ Ὁ ὠὶ
 

 

where ‌ is a tuning parameter determining the depth of 

the modified potential energy basin. Two major 

variants of aMD exist, either adding boost potential to 

the dihedral angles only (dihedral-Boost aMD) or to 

both dihedral angles and non-dihedral energy terms 

like bonds, angles and non-bonded interactions (dual-

Boost aMD). Because trajectories are generated on a 

modified potential, reweighting is required to recover 

canonical ensemble averages. The commonly used 

reweighting factor is Ὡὼὴ‍ῳὠὶ . However, this 
exponential reweighting can suffer from large 

fluctuations and techniques such as cumulant 

expansions or more sophisticated estimators are used to 

improve stability. 

Á Random Acceleration Molecular Dynamics 

(RAMD). A constant and small force is applied in a 

random direction to a selected atom or group of atoms. 

This external force Ὂ  is maintained either for a 

fixed time interval or until the atom(s) have moved a 

predefined distance120. The resulting total force on 

atom or group Ὥ can be written as: 

 

Ὂ Ὂȟ Ὂ  

 

where Ὂȟ  is the standard MD force. Continuous 

application of a small random force facilitates escape 

from local energy minima and traversal of energy 

barriers, thereby enabling identification of potential 

ligand unbinding pathways or protein conformational-

change routes. The algorithm for updating the random-
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force direction is based on the observed displacement 

of the targeted atom(s) over a predefined number of 

simulation steps: if the displacement falls below a 

threshold (i.e., essentially no movement), a steric clash 

or correspondingly large energy barrier is inferred and 

a new random direction for the force vector is selected. 
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3.4 Reinforcement Learning 

3.4.1 General Concepts 

 

Artificial intelligence (AI) is transforming medicinal chemistry and 

drug discovery by substantially accelerating the traditionally long, 

costly, and high-attrition process of bringing a new therapeutic agent 

to market121,122. According to the European Commission, AI denotes 

systems that display intelligent behavior by analyzing their 

environment and taking actions with some degree of autonomy to 

achieve specific goals. AI is being applied across the drug discovery 

pipeline, from target identification and hit discovery to lead 

optimization and the prediction of absorption, distribution, 

metabolism, excretion, and toxicity (ADMET) properties123. 

Various classifications of AI methodologies exist. For clarity in this 

work, a traditional categorization based on the learning paradigm and 

the modality of prediction is adopted.  

Using this approach, AI methodologies can be broadly classified as: 

 

¶ Supervised Learning (SL). Methods in this class predict 

labelled outputs from labelled input examples. Practically, the 

algorithm is given pairs of inputs (for example, a molecule 

represented as descriptors, fingerprints, or a graph) and 

corresponding labels (activity values, binary assay outcomes, 

ADMET measurements), and it learns a mapping from inputs 

to labels that generalizes to new molecules. Representative 

techniques include linear and logistic regression, decision 

trees, random forests and gradient-boosted trees. Typical 

applications in medicinal chemistry include QSAR modelling, 

ADMET prediction and virtual screening124. When labelled 

data is abundant and reliable, supervised models are often the 

most sample-efficient and interpretable solution. However, 

their performance depends critically on label availability and 

quality: experimental noise, class imbalance and small datasets 

can severely limit applicability125. Supervised models can also 

overfit to the training data, reducing their ability to predict 

genuinely novel patterns126. 
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¶ Unsupervised Learning (UL). In this case, the task is not to 

predict labels but to discover distribution of the data in the 

forms of clusters, low-dimensional representations or 

generative descriptions. Common unsupervised techniques 

include clustering (k-means, hierarchical clustering) and 

dimensionality reduction and embedding (PCA, t-SNE, 

UMAP, autoencoders127. In the drug discovery field, 

unsupervised methods exploit large unlabeled chemical 

collections to reveal significant distribution patterns in the data 

regarding structural chemical motifs, activity values, etc. while 

identifying outliers128. This is particularly valuable when 

experimental labelling is scarce or impractical. Because these 

methods characterize data distributions rather than explicit 

properties of interest, downstream validation and 

benchmarking are always required to assess the relevance of 

the discovered patterns129.  

 

¶ Deep Learning (DL). A subset of UL, deep learning refers to 

models built from artificial neural networks (ANNs). The basic 

computational unit is a neuron, which is a node that performs 

a weighted sum of its inputs followed by a non-linear 

activation. Neurons are organized into layers: an input layer 

that accepts raw data, one or more hidden layers that perform 

hierarchical feature extraction and an output layer that 

produces the final prediction. Networks with multiple hidden 

layers are termed deep neural networks (DNNs)130. Training 

optimizes the network parameters (weights and biases) to 

minimize the discrepancy between predictions and true values. 

A key advantage of deep learning is automatic feature 

representation: DL models can learn salient features directly 

from fundamental molecular representations (e.g., SMILES 

strings, 2D images, or molecular graphs), thereby reducing the 

need for manual feature engineering. However, DL models 

typically require large datasets and careful regularization, and 

their interpretability can be limited compared with simpler 

models131. 
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These paradigms are not mutually exclusive; hybrid approaches are 

often preferred in practice132. For example, unsupervised or self-

supervised pre-training can improve supervised model performance in 

low-label regimes133, and semi-supervised methods combine labelled 

and unlabeled data. Practical pipelines commonly mix methods134 in 

tandem, for instance using unsupervised clustering to curate chemical 

libraries, supervised models for prioritization, and deep generative 

models to propose novel chemical analogues. 

Among the specific AI techniques, reinforcement learning (RL) has 

emerged as especially promising for sequential decision tasks in drug 

design like scaffold hopping, sequential molecule construction or 

optimization of multi-objective properties135,136. RL is a computational 

framework in which an agent learns to select actions that maximize a 

reward signal through interaction with an environment. In practice, RL 

mimics the natural trial-and-error learning of animals137,138. 

 

3.4.2 Theoretical Aspects 

 
Formally, RL is modelled as a Markov decision process (MDP)139: 

ὛȟὃȟὖȟὙȟ‎ 

where Ὓ is the set of environment states, ὃ is the set of actions available to 
the agent, ὖ (also expressed in the ὖίȿίȟὥ form) is the state-transition 

probability function, Ὑ is the immediate reward function for transitions 

and ‎ is the discount factor that determines the relative importance of future 
rewards. The behavior of the agent is governed by the policy “ὥȿί, 
which is the mapping from states to probability distributions over 

actions. The objective is to learn an optimal policy “ᶻ that maximizes the 
expected discounted cumulative reward. The return from time ὸ is 
defined as: 

Ὃ ‎Ὑ  

where Ὑ  denotes the reward received Ὧ ρ steps after time ὸ. 
The discount factor ‎ trades off immediate versus long-term rewards: 

values close to 1 favour long-term planning, whereas values close to 0 

emphasize immediate reward140. 

RL algorithms fall into several principal categories, distinguished by 

what they learn and how they derive policies from learned quantities. 
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The principal categories are: 

 

¶ Value-Based Methods. These algorithms learn a value 

function that estimates expected returns141. The action-value 

function under policy ˊ is: 

 

ὗ ίȟὥ ὉὋ ᷄᷄ί ίȟ ὥ ὥȟ “  

 

which represents the expected return Ὃ after taking action ὥ 
in state ί and thereafter following policy “. The goal is to 
approximate the optimal action-value function ὗᶻίȟὥ which 
satisfies the Bellman optimality equation, according to which 

the optimal value equals the expected immediate reward plus 

the discounted optimal value of the successor state142. The 

optimal policy can then be obtained by taking the action that 

maximizes ὗᶻίȟὥ:  
 

“ᶻί ὥὶὫ ÍÁØ ὗᶻίȟὥ 

 

Once ὗᶻίȟὥ is learned, the optimal policy “ᶻ is derived using 
a greedy or Ů-greedy approach according to which: 

 

“ᶻί ὥὶὫ ÍÁØ ὗᶻίȟὥ 

 

Classical algorithms include Q-learning and SARSA143. Value-

based methods work well for discrete and moderately sized 

action spaces but face challenges in very large discrete or 

continuous action spaces because the ÍÁØ over actions can be 

computationally expensive. Furthermore, they also typically 

yield deterministic policies unless an explicit stochastic policy 

is derived. 

 

¶ Policy-Gradient Methods. These approaches represent the 

policy explicitly as a parameterized distribution “ὥȿίȠ— and 
and optimise the parameters ɗ is a parameter to maximize the 

expected return: 
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ὐ— ὉḐ Ὃ†  

where † denotes a trajectory and Ὃ† is the trajectory 
return144. This latter component might also be expressed as: 

Ὃʐ ɾὶ  

 

where ‎ is the discount factor and ὶ  is the reward received 

after taking action ὥat state ί. The Policy Gradient Theorem 
provides an expression for ​ὐ— that can be estimated from 
sampled trajectories, enabling stochastic gradient ascent. 

Policy-gradient methods naturally handle continuous action 

spaces and learn stochastic policies, which can be 

advantageous in exploration and in partially observable or non-

deterministic environments. The principal challenge is high 

variance in gradient estimates, requiring variance-reduction 

techniques include baselines (e.g., subtracting a value function 

estimate) and advantage functions. 

 

¶ ActorïCritic Methods. These architectures combine a policy-

based component “ὥȿίȠ— named actor with a value function 

estimator named critic145. Conceptually, the critic evaluates the 

actor's actions by providing low-variance estimates that the 

actor uses for policy updates. This hybrid structure benefits 

from the stability of value estimates and the flexibility of 

policy optimization. Actorïcritic algorithms come in many 

flavors and underpin many state-of-the-art methods used in 

continuous control and in discrete sequential design problems. 

Properly designed actorïcritic methods can achieve more 

stable and sample-efficient learning than pure policy-gradient 

methods, while retaining the ability to handle continuous 

actions and stochastic policies146. 

 

Several practical considerations must be addressed in reinforcement 

learning (RL). When searching for an optimal policy, RL algorithms 

must balance sampling novel actions with exploiting known high-

reward actions (the explorationïexploitation trade-off)147. Reward 
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shaping and reward sparsity are critical, particularly in molecular 

design tasks where meaningful feedback signals are often rare148. 

Efficient sampling is likewise essential because exploration in the real 

environment can be costly. In medicinal chemistry applications, RL is 

commonly combined with domain-specific components (e.g., 

generative models for proposing molecules and supervised predictors 

for property evaluation) and with multi-objective reward formulations 

that balance potency, synthetic accessibility, ADMET properties, and 

novelty149. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



сл 
 

3.5 References 

(1) Kuntz, I. D.; Blaney, J. M.; Oatley, S. J.; Langridge, R.; Ferrin, 

T. E. A Geometric Approach to Macromolecule-Ligand 

Interactions. J. Mol. Biol. 1982, 161 (2), 269ï288. 

https://doi.org/10.1016/0022-2836(82)90153-X. 

(2) Kitchen, D. B.; Decornez, H.; Furr, J. R.; Bajorath, J. Docking 

and Scoring in Virtual Screening for Drug Discovery: Methods 

and Applications. Nat. Rev. Drug Discov. 2004, 3 (11), 935ï949. 

https://doi.org/10.1038/nrd1549. 

(3) Meng, X.-Y.; Zhang, H.-X.; Mezei, M.; Cui, M. Molecular 

Docking: A Powerful Approach for Structure-Based Drug 

Discovery. Curr. Comput. Aided Drug Des. 2011, 7 (2), 146ï157. 

https://doi.org/10.2174/157340911795677602. 

(4) Gohlke, H.; Klebe, G. Approaches to the Description and 

Prediction of the Binding Affinity of Small-Molecule Ligands to 

Macromolecular Receptors. Angew. Chem. Int. Ed. 2002, 41 (15), 

2644ï2676. https://doi.org/10.1002/1521-

3773(20020802)41:15%253C2644::AID-

ANIE2644%253E3.0.CO;2-O. 

(5) Koshland, D. E. Application of a Theory of Enzyme Specificity 

to Protein Synthesis*. Proc. Natl. Acad. Sci. 1958, 44 (2), 98ï

104. https://doi.org/10.1073/pnas.44.2.98. 

(6) Teague, S. J. Implications of Protein Flexibility for Drug 

Discovery. Nat. Rev. Drug Discov. 2003, 2 (7), 527ï541. 

https://doi.org/10.1038/nrd1129. 

(7) Shoichet, B. K. Virtual Screening of Chemical Libraries. Nature 

2004, 432 (7019), 862ï865. 

https://doi.org/10.1038/nature03197. 

(8) Guedes, I. A.; de Magalh«es, C. S.; Dardenne, L. E. Receptorï

Ligand Molecular Docking. Biophys. Rev. 2014, 6 (1), 75ï87. 

https://doi.org/10.1007/s12551-013-0130-2. 

(9) McGann, M. FRED and HYBRID Docking Performance on 

Standardized Datasets. J. Comput. Aided Mol. Des. 2012, 26 (8), 

897ï906. https://doi.org/10.1007/s10822-012-9584-8. 

(10) Huang, S.-Y. Comprehensive Assessment of Flexible-Ligand 

Docking Algorithms: Current Effectiveness and Challenges. 



см 
 

Brief. Bioinform. 2018, 19 (5), 982ï994. 

https://doi.org/10.1093/bib/bbx030. 

(11) Rarey, M.; Kramer, B.; Lengauer, T.; Klebe, G. A Fast Flexible 

Docking Method Using an Incremental Construction Algorithm. 

J. Mol. Biol. 1996, 261 (3), 470ï489. 

https://doi.org/10.1006/jmbi.1996.0477. 

(12) Hawkins, P. C. D.; Skillman, A. G.; Warren, G. L.; Ellingson, B. 

A.; Stahl, M. T. Conformer Generation with OMEGA: Algorithm 

and Validation Using High Quality Structures from the Protein 

Databank and Cambridge Structural Database. J. Chem. Inf. 

Model. 2010, 50 (4), 572ï584. 

https://doi.org/10.1021/ci100031x. 

(13) McNutt, A. T.; Bisiriyu, F.; Song, S.; Vyas, A.; Hutchison, G. R.; 

Koes, D. R. Conformer Generation for Structure-Based Drug 

Design: How Many and How Good? J. Chem. Inf. Model. 2023, 

63 (21), 6598ï6607. https://doi.org/10.1021/acs.jcim.3c01245. 

(14) Halperin, I.; Ma, B.; Wolfson, H.; Nussinov, R. Principles of 

Docking: An Overview of Search Algorithms and a Guide to 

Scoring Functions. Proteins Struct. Funct. Bioinforma. 2002, 47 

(4), 409ï443. https://doi.org/10.1002/prot.10115. 

(15) Davis, I. W.; Baker, D. RosettaLigand Docking with Full Ligand 

and Receptor Flexibility. J. Mol. Biol. 2009, 385 (2), 381ï392. 

https://doi.org/10.1016/j.jmb.2008.11.010. 

(16) Jones, G.; Willett, P.; Glen, R. C.; Leach, A. R.; Taylor, R. 

Development and Validation of a Genetic Algorithm for Flexible 

Docking1. J. Mol. Biol. 1997, 267 (3), 727ï748. 

https://doi.org/10.1006/jmbi.1996.0897. 

(17) Morris, G. M.; Goodsell, D. S.; Halliday, R. S.; Huey, R.; Hart, 

W. E.; Belew, R. K.; Olson, A. J. Automated Docking Using a 

Lamarckian Genetic Algorithm and an Empirical Binding Free 

Energy Function. J. Comput. Chem. 1998, 19 (14), 1639ï1662. 

https://doi.org/10.1002/(SICI)1096-

987X(19981115)19:14%253C1639::AID-

JCC10%253E3.0.CO;2-B. 

(18) Pei, J.; Wang, Q.; Liu, Z.; Li, Q.; Yang, K.; Lai, L. PSI-DOCK: 

Towards Highly Efficient and Accurate Flexible Ligand 

Docking. Proteins Struct. Funct. Bioinforma. 2006, 62 (4), 934ï

946. https://doi.org/10.1002/prot.20790. 



сн 
 

(19) Korb, O.; St¿tzle, T.; Exner, T. E. Empirical Scoring Functions 

for Advanced ProteinīLigand Docking with PLANTS. J. Chem. 

Inf. Model. 2009, 49 (1), 84ï96. 

https://doi.org/10.1021/ci800298z. 

(20) Friesner, R. A.; Banks, J. L.; Murphy, R. B.; Halgren, T. A.; 

Klicic, J. J.; Mainz, D. T.; Repasky, M. P.; Knoll, E. H.; Shelley, 

M.; Perry, J. K.; Shaw, D. E.; Francis, P.; Shenkin, P. S. Glide:  A 

New Approach for Rapid, Accurate Docking and Scoring. 1. 

Method and Assessment of Docking Accuracy. J. Med. Chem. 

2004, 47 (7), 1739ï1749. https://doi.org/10.1021/jm0306430. 

(21) Goodsell, D. S.; Olson, A. J. Automated Docking of Substrates 

to Proteins by Simulated Annealing. Proteins Struct. Funct. 

Bioinforma. 1990, 8 (3), 195ï202. 

https://doi.org/10.1002/prot.340080302. 

(22) Eldridge, M. D.; Murray, C. W.; Auton, T. R.; Paolini, G. V.; Mee, 

R. P. Empirical Scoring Functions: I. The Development of a Fast 

Empirical Scoring Function to Estimate the Binding Affinity of 

Ligands in Receptor Complexes. J. Comput. Aided Mol. Des. 

1997, 11 (5), 425ï445. 

https://doi.org/10.1023/a:1007996124545. 

(23) Trott, O.; Olson, A. J. AutoDock Vina: Improving the Speed and 

Accuracy of Docking with a New Scoring Function, Efficient 

Optimization, and Multithreading. J. Comput. Chem. 2010, 31 

(2), 455ï461. https://doi.org/10.1002/jcc.21334. 

(24) Gohlke, H.; Hendlich, M.; Klebe, G. Knowledge-Based Scoring 

Function to Predict Protein-Ligand Interactions1. J. Mol. Biol. 

2000, 295 (2), 337ï356. https://doi.org/10.1006/jmbi.1999.3371. 

(25) Sotriffer, C. A.; Gohlke, H.; Klebe, G. Docking into Knowledge-

Based Potential Fields:  A Comparative Evaluation of DrugScore. 

J. Med. Chem. 2002, 45 (10), 1967ï1970. 

https://doi.org/10.1021/jm025507u. 

(26) Saikia, S.; Bordoloi, M. Molecular Docking: Challenges, 

Advances and Its Use in Drug Discovery Perspective. Curr. Drug 

Targets 2019, 20 (5), 501ï521. 

https://doi.org/10.2174/1389450119666181022153016. 

(27) Warren, G. L.; Andrews, C. W.; Capelli, A.-M.; Clarke, B.; 

LaLonde, J.; Lambert, M. H.; Lindvall, M.; Nevins, N.; Semus, 

S. F.; Senger, S.; Tedesco, G.; Wall, I. D.; Woolven, J. M.; 



со 
 

Peishoff, C. E.; Head, M. S. A Critical Assessment of Docking 

Programs and Scoring Functions. J. Med. Chem. 2006, 49 (20), 

5912ï5931. https://doi.org/10.1021/jm050362n. 

(28) Shirali, A.; Stebliankin, V.; Karki, U.; Shi, J.; Chapagain, P.; 

Narasimhan, G. A Comprehensive Survey of Scoring Functions 

for Protein Docking Models. BMC Bioinformatics 2025, 26 (1), 

25. https://doi.org/10.1186/s12859-024-05991-4. 

(29) Rastelli, G.; Pinzi, L. Refinement and Rescoring of Virtual 

Screening Results. Front. Chem. 2019, 7. 

https://doi.org/10.3389/fchem.2019.00498. 

(30) Lavecchia, A.; Di Giovanni, C. Virtual Screening Strategies in 

Drug Discovery: A Critical Review. Curr. Med. Chem. 2013, 20 

(23), 2839ï2860. 

https://doi.org/10.2174/09298673113209990001. 

(31) Zhu, T.; Cao, S.; Su, P.-C.; Patel, R.; Shah, D.; Chokshi, H. B.; 

Szukala, R.; Johnson, M. E.; Hevener, K. E. Hit Identification 

and Optimization in Virtual Screening: Practical 

Recommendations Based Upon a Critical Literature Analysis. J. 

Med. Chem. 2013, 56 (17), 6560ï6572. 

https://doi.org/10.1021/jm301916b. 

(32) Cosconati, S.; Forli, S.; Perryman, A. L.; Harris, R.; Goodsell, D. 

S.; Olson, A. J. Virtual Screening with AutoDock: Theory and 

Practice. Expert Opin. Drug Discov. 2010, 5 (6), 597ï607. 

https://doi.org/10.1517/17460441.2010.484460. 

(33) Truchon, J.-F.; Bayly, C. I. Evaluating Virtual Screening 

Methods:  Good and Bad Metrics for the ñEarly Recognitionò 

Problem. J. Chem. Inf. Model. 2007, 47 (2), 488ï508. 

https://doi.org/10.1021/ci600426e. 

(34) Moro, S.; Bacilieri, M.; Deflorian, F. Combining Ligand-Based 

and Structure-Based Drug Design in the Virtual Screening Arena. 

Expert Opin. Drug Discov. 2007, 2 (1), 37ï49. 

https://doi.org/10.1517/17460441.2.1.37. 

(35) Irwin, J. J.; Shoichet, B. K. ZINC ī A Free Database of 

Commercially Available Compounds for Virtual Screening. J. 

Chem. Inf. Model. 2005, 45 (1), 177ï182. 

https://doi.org/10.1021/ci049714+. 

(36) Gaulton, A.; Bellis, L. J.; Bento, A. P.; Chambers, J.; Davies, M.; 

Hersey, A.; Light, Y.; McGlinchey, S.; Michalovich, D.; Al-



сп 
 

Lazikani, B.; Overington, J. P. ChEMBL: A Large-Scale 

Bioactivity Database for Drug Discovery. Nucleic Acids Res. 

2012, 40 (D1), D1100ïD1107. 

https://doi.org/10.1093/nar/gkr777. 

(37) Kim, S.; Chen, J.; Cheng, T.; Gindulyte, A.; He, J.; He, S.; Li, Q.; 

Shoemaker, B. A.; Thiessen, P. A.; Yu, B.; Zaslavsky, L.; Zhang, 

J.; Bolton, E. E. PubChem 2025 Update. Nucleic Acids Res. 2025, 

53 (D1), D1516ïD1525. https://doi.org/10.1093/nar/gkae1059. 

(38) Lipinski, C. A.; Lombardo, F.; Dominy, B. W.; Feeney, P. J. 

Experimental and Computational Approaches to Estimate 

Solubility and Permeability in Drug Discovery and Development 

Settings. Adv. Drug Deliv. Rev. 1997, 23 (1), 3ï25. 

https://doi.org/10.1016/S0169-409X(96)00423-1. 

(39) Baell, J. B.; Holloway, G. A. New Substructure Filters for 

Removal of Pan Assay Interference Compounds (PAINS) from 

Screening Libraries and for Their Exclusion in Bioassays. J. 

Med. Chem. 2010, 53 (7), 2719ï2740. 

https://doi.org/10.1021/jm901137j. 

(40) Willett, P. Similarity-Based Virtual Screening Using 2D 

Fingerprints. Drug Discov. Today 2006, 11 (23), 1046ï1053. 

https://doi.org/10.1016/j.drudis.2006.10.005. 

(41) Rogers, D.; Hahn, M. Extended-Connectivity Fingerprints. J. 

Chem. Inf. Model. 2010, 50 (5), 742ï754. 

https://doi.org/10.1021/ci100050t. 

(42) Bajusz, D.; R§cz, A.; H®berger, K. Why Is Tanimoto Index an 

Appropriate Choice for Fingerprint-Based Similarity 

Calculations? J. Cheminformatics 2015, 7 (1), 20. 

https://doi.org/10.1186/s13321-015-0069-3. 

(43) Grant, J. A.; Gallardo, M. A.; Pickup, B. T. A Fast Method of 

Molecular Shape Comparison: A Simple Application of a 

Gaussian Description of Molecular Shape. J. Comput. Chem. 

1996, 17 (14), 1653ï1666. https://doi.org/10.1002/(SICI)1096-

987X(19961115)17:14%253C1653::AID-

JCC7%253E3.0.CO;2-K. 

(44) Hawkins, P. C. D.; Skillman, A. G.; Nicholls, A. Comparison of 

Shape-Matching and Docking as Virtual Screening Tools. J. Med. 

Chem. 2007, 50 (1), 74ï82. https://doi.org/10.1021/jm0603365. 



ср 
 

(45) Sastry, G. M.; Dixon, S. L.; Sherman, W. Rapid Shape-Based 

Ligand Alignment and Virtual Screening Method Based on 

Atom/Feature-Pair Similarities and Volume Overlap Scoring. J. 

Chem. Inf. Model. 2011, 51 (10), 2455ï2466. 

https://doi.org/10.1021/ci2002704. 

(46) Niinivehmas, S. P.; Salokas, K.; Lªtti, S.; Raunio, H.; 

Pentikªinen, O. T. Ultrafast Protein Structure-Based Virtual 

Screening with Panther. J. Comput. Aided Mol. Des. 2015, 29 

(10), 989ï1006. https://doi.org/10.1007/s10822-015-9870-3. 

(47) Bayly, C. I.; Cieplak, P.; Cornell, W.; Kollman, P. A. A Well-

Behaved Electrostatic Potential Based Method Using Charge 

Restraints for Deriving Atomic Charges: The RESP Model. J. 

Phys. Chem. 1993, 97 (40), 10269ï10280. 

https://doi.org/10.1021/j100142a004. 

(48) Jakalian, A.; Bush, B. L.; Jack, D. B.; Bayly, C. I. Fast, Efficient 

Generation of High-Quality Atomic Charges. AM1-BCC Model: 

I. Method. J. Comput. Chem. 2000, 21 (2), 132ï146. 

https://doi.org/10.1002/(SICI)1096-

987X(20000130)21:2%253C132::AID-JCC5%253E3.0.CO;2-P. 

(49) Cleves, A. E.; Johnson, S. R.; Jain, A. N. Electrostatic-Field and 

Surface-Shape Similarity for Virtual Screening and Pose 

Prediction. J. Comput. Aided Mol. Des. 2019, 33 (10), 865ï886. 

https://doi.org/10.1007/s10822-019-00236-6. 

(50) Yang, S.-Y. Pharmacophore Modeling and Applications in Drug 

Discovery: Challenges and Recent Advances. Drug Discov. 

Today 2010, 15 (11), 444ï450. 

https://doi.org/10.1016/j.drudis.2010.03.013. 

(51) Taminau, J.; Thijs, G.; De Winter, H. Pharao: Pharmacophore 

Alignment and Optimization. J. Mol. Graph. Model. 2008, 27 

(2), 161ï169. https://doi.org/10.1016/j.jmgm.2008.04.003. 

(52) Hansel-Harris, A. T.; Santos-Martins, D.; Bruciaferri, N.; Tillack, 

A. F.; Holcomb, M.; Forli, S. Ringtail: A Python Tool for 

Efficient Management and Storage of Virtual Screening Results. 

J. Chem. Inf. Model. 2023, 63 (7), 1858ï1864. 

https://doi.org/10.1021/acs.jcim.3c00166. 

(53) Flachsenberg, F.; Ehrt, C.; Gutermuth, T.; Rarey, M. Redocking 

the PDB. J. Chem. Inf. Model. 2024, 64 (1), 219ï237. 

https://doi.org/10.1021/acs.jcim.3c01573. 



сс 
 

(54) Cai, H.; Shen, C.; Jian, T.; Zhang, X.; Chen, T.; Han, X.; Yang, 

Z.; Dang, W.; Hsieh, C.-Y.; Kang, Y.; Pan, P.; Ji, X.; Song, J.; 

Hou, T.; Deng, Y. CarsiDock: A Deep Learning Paradigm for 

Accurate ProteinïLigand Docking and Screening Based on 

Large-Scale Pre-Training. Chem. Sci. 2024, 15 (4), 1449ï1471. 

https://doi.org/10.1039/D3SC05552C. 

(55) Meli, R.; Biggin, P. C. Spyrmsd: Symmetry-Corrected RMSD 

Calculations in Python. J. Cheminformatics 2020, 12 (1), 49. 

https://doi.org/10.1186/s13321-020-00455-2. 

(56) Wierbowski, S. D.; Wingert, B. M.; Zheng, J.; Camacho, C. J. 

Cross docking Benchmark for Automated Pose and Ranking 

Prediction of Ligand Binding. Protein Sci. Publ. Protein Soc. 

2020, 29 (1), 298ï305. https://doi.org/10.1002/pro.3784. 

(57) Bender, A.; Glen, R. C. A Discussion of Measures of Enrichment 

in Virtual Screening:  Comparing the Information Content of 

Descriptors with Increasing Levels of Sophistication. J. Chem. 

Inf. Model. 2005, 45 (5), 1369ï1375. 

https://doi.org/10.1021/ci0500177. 

(58) Opo, F. A. D. M.; Rahman, M. M.; Ahammad, F.; Ahmed, I.; 

Bhuiyan, M. A.; Asiri, A. M. Structure Based Pharmacophore 

Modeling, Virtual Screening, Molecular Docking and ADMET 

Approaches for Identification of Natural Anti-Cancer Agents 

Targeting XIAP Protein. Sci. Rep. 2021, 11 (1), 4049. 

https://doi.org/10.1038/s41598-021-83626-x. 

(59) De Vita, S.; Colarusso, E.; Chini, M. G.; Bifulco, G.; Lauro, G. 

PharmaCore: The Automatic Generation of 3D Structure-Based 

Pharmacophore Models from Protein/Ligand Complexes. J. 

Chem. Inf. Model. 2024, 64 (10), 4263ï4276. 

https://doi.org/10.1021/acs.jcim.3c01920. 

(60) Pirhadi, S.; Shiri, F.; Ghasemi, J. B. Methods and Applications of 

Structure Based Pharmacophores in Drug Discovery. Curr. Top. 

Med. Chem. 2013, 13 (9), 1036ï1047. 

https://doi.org/10.2174/1568026611313090006. 

(61) Schaller, D.; Ġribar, D.; Noonan, T.; Deng, L.; Nguyen, T. N.; 

Pach, S.; Machalz, D.; Bermudez, M.; Wolber, G. Next 

Generation 3D Pharmacophore Modeling. WIREs Comput. Mol. 

Sci. 2020, 10 (4), e1468. https://doi.org/10.1002/wcms.1468. 



ст 
 

(62) Cross, S.; Cruciani, G. Grid-Derived Structure-Based 3D 

Pharmacophores and Their Performance Compared to Docking. 

Drug Discov. Today Technol. 2010, 7 (4), e213ïe219. 

https://doi.org/10.1016/j.ddtec.2010.09.002. 

(63) Toplak, Ģ.; Merzel, F.; Pardo, L. A.; Peterlin Maġiļ, L.; Tomaġiļ, 

T. Molecular Dynamics-Derived Pharmacophore Model 

Explaining the Nonselective Aspect of KV10.1 Pore Blockers. 

Int. J. Mol. Sci. 2021, 22 (16), 8999. 

https://doi.org/10.3390/ijms22168999. 

(64) Peach, M. L.; Nicklaus, M. C. Combining Docking with 

Pharmacophore Filtering for Improved Virtual Screening. J. 

Cheminformatics 2009, 1, 6. https://doi.org/10.1186/1758-2946-

1-6. 

(65) Zhou, G.; Rusnac, D.-V.; Park, H.; Canzani, D.; Nguyen, H. M.; 

Stewart, L.; Bush, M. F.; Nguyen, P. T.; Wulff, H.; Yarov-

Yarovoy, V.; Zheng, N.; DiMaio, F. An Artificial Intelligence 

Accelerated Virtual Screening Platform for Drug Discovery. Nat. 

Commun. 2024, 15 (1), 7761. https://doi.org/10.1038/s41467-

024-52061-7. 

(66) Hopkins, A. L.; Groom, C. R.; Alex, A. Ligand Efficiency: A 

Useful Metric for Lead Selection. Drug Discov. Today 2004, 9 

(10), 430ï431. https://doi.org/10.1016/S1359-6446(04)03069-7. 

(67) Fischer, A.; Smieġko, M.; Sellner, M.; Lill, M. A. Decision 

Making in Structure-Based Drug Discovery: Visual Inspection of 

Docking Results. J. Med. Chem. 2021, 64 (5), 2489ï2500. 

https://doi.org/10.1021/acs.jmedchem.0c02227. 

(68) Zhao, H. The Science and Art of Structure-Based Virtual 

Screening. ACS Med. Chem. Lett. 2024, 15 (4), 436ï440. 

https://doi.org/10.1021/acsmedchemlett.4c00093. 

(69) Lamberti, V. E.; Fosdick, L. D.; Jessup, E. R.; Schauble, C. J. C. 

A Hands-On Introduction to Molecular Dynamics. J. Chem. 

Educ. 2002, 79 (5), 601. https://doi.org/10.1021/ed079p601. 

(70) Karplus, M.; McCammon, J. A. Molecular Dynamics 

Simulations of Biomolecules. Nat. Struct. Biol. 2002, 9 (9), 646ï

652. https://doi.org/10.1038/nsb0902-646. 

(71) De Vivo, M.; Masetti, M.; Bottegoni, G.; Cavalli, A. Role of 

Molecular Dynamics and Related Methods in Drug Discovery. J. 



су 
 

Med. Chem. 2016, 59 (9), 4035ï4061. 

https://doi.org/10.1021/acs.jmedchem.5b01684. 

(72) Karplus, M. Molecular Dynamics Simulations of Biomolecules. 

Acc. Chem. Res. 2002, 35 (6), 321ï323. 

https://doi.org/10.1021/ar020082r. 

(73) Alder, B. J.; Wainwright, T. E. Phase Transition for a Hard Sphere 

System. J. Chem. Phys. 1957, 27 (5), 1208ï1209. 

https://doi.org/10.1063/1.1743957. 

(74) Rahman, A. Correlations in the Motion of Atoms in Liquid 

Argon. Phys. Rev. 1964, 136 (2A), A405ïA411. 

https://doi.org/10.1103/PhysRev.136.A405. 

(75) McCammon, J. A.; Gelin, B. R.; Karplus, M. Dynamics of Folded 

Proteins. Nature 1977, 267 (5612), 585ï590. 

https://doi.org/10.1038/267585a0. 

(76) Stone, J. E.; Vandivort, K. L.; Schulten, K. GPU-Accelerated 

Molecular Visualization on Petascale Supercomputing Platforms. 

In Proceedings of the 8th International Workshop on Ultrascale 

Visualization; UltraVis ô13; Association for Computing 

Machinery: New York, NY, USA, 2013; pp 1ï8. 

https://doi.org/10.1145/2535571.2535595. 

(77) Durrant, J. D.; McCammon, J. A. Molecular Dynamics 

Simulations and Drug Discovery. BMC Biol. 2011, 9 (1), 71. 

https://doi.org/10.1186/1741-7007-9-71. 

(78) Vamathevan, J.; Clark, D.; Czodrowski, P.; Dunham, I.; Ferran, 

E.; Lee, G.; Li, B.; Madabhushi, A.; Shah, P.; Spitzer, M.; Zhao, 

S. Applications of Machine Learning in Drug Discovery and 

Development. Nat. Rev. Drug Discov. 2019, 18 (6), 463ï477. 

https://doi.org/10.1038/s41573-019-0024-5. 

(79) Hollingsworth, S. A.; Dror, R. O. Molecular Dynamics 

Simulation for All. Neuron 2018, 99 (6), 1129ï1143. 

https://doi.org/10.1016/j.neuron.2018.08.011. 

(80) Cornell, W. D.; Cieplak, P.; Bayly, C. I.; Gould, I. R.; Merz, K. 

M.; Ferguson, D. M.; Spellmeyer, D. C.; Fox, T.; Caldwell, J. W.; 

Kollman, P. A. A Second Generation Force Field for the 

Simulation of Proteins, Nucleic Acids, and Organic Molecules. 

J. Am. Chem. Soc. 1995, 117 (19), 5179ï5197. 

https://doi.org/10.1021/ja00124a002. 



сф 
 

(81) Jones, J. E. On the Determination of Molecular Fields. II. From 

the Equation of State of a Gas. Proc. R. Soc. Lond. Ser. Contain. 

Pap. Math. Phys. Character 1924, 106 (738), 463ï477. 

(82) Ryckaert, J.-P.; Ciccotti, G.; Berendsen, H. J. C. Numerical 

Integration of the Cartesian Equations of Motion of a System 

with Constraints: Molecular Dynamics of n-Alkanes. J. Comput. 

Phys. 1977, 23 (3), 327ï341. https://doi.org/10.1016/0021-

9991(77)90098-5. 

(83) Hess, B.; Bekker, H.; Berendsen, H. J. C.; Fraaije, J. G. E. M. 

LINCS: A Linear Constraint Solver for Molecular Simulations. 

J. Comput. Chem. 1997, 18 (12), 1463ï1472. 

https://doi.org/10.1002/(SICI)1096-

987X(199709)18:12%253C1463::AID-JCC4%253E3.0.CO;2-

H. 

(84) Hopkins, C. W.; Le Grand, S.; Walker, R. C.; Roitberg, A. E. 

Long-Time-Step Molecular Dynamics through Hydrogen Mass 

Repartitioning. J. Chem. Theory Comput. 2015, 11 (4), 1864ï

1874. https://doi.org/10.1021/ct5010406. 

(85) Verlet, L. Computer ñExperimentsò on Classical Fluids. I. 

Thermodynamical Properties of Lennard-Jones Molecules. Phys. 

Rev. 1967, 159 (1), 98ï103. 

https://doi.org/10.1103/PhysRev.159.98. 

(86) Swope, W. C.; Andersen, H. C.; Berens, P. H.; Wilson, K. R. A 

Computer Simulation Method for the Calculation of Equilibrium 

Constants for the Formation of Physical Clusters of Molecules: 

Application to Small Water Clusters. J. Chem. Phys. 1982, 76 (1), 

637ï649. https://doi.org/10.1063/1.442716. 

(87) Berendsen, H. J. C.; Postma, J. P. M.; van Gunsteren, W. F.; 

DiNola, A.; Haak, J. R. Molecular Dynamics with Coupling to an 

External Bath. J. Chem. Phys. 1984, 81 (8), 3684ï3690. 

https://doi.org/10.1063/1.448118. 

(88) Andersen, H. C. Molecular Dynamics Simulations at Constant 

Pressure and/or Temperature. J. Chem. Phys. 1980, 72 (4), 2384ï

2393. https://doi.org/10.1063/1.439486. 

(89) Nos®, S. A Unified Formulation of the Constant Temperature 

Molecular Dynamics Methods. J. Chem. Phys. 1984, 81 (1), 511ï

519. https://doi.org/10.1063/1.447334. 



тл 
 

(90) Hoover, W. G. Canonical Dynamics: Equilibrium Phase-Space 

Distributions. Phys. Rev. A 1985, 31 (3), 1695ï1697. 

https://doi.org/10.1103/PhysRevA.31.1695. 

(91) Farago, O. Langevin Thermostat for Robust Configurational and 

Kinetic Sampling. Phys. Stat. Mech. Its Appl. 2019, 534, 122210. 

https://doi.org/10.1016/j.physa.2019.122210. 

(92) Bussi, G.; Donadio, D.; Parrinello, M. Canonical Sampling 

through Velocity Rescaling. J. Chem. Phys. 2007, 126 (1), 

014101. https://doi.org/10.1063/1.2408420. 

(93) Parrinello, M.; Rahman, A. Polymorphic Transitions in Single 

Crystals: A New Molecular Dynamics Method. J. Appl. Phys. 

1981, 52 (12), 7182ï7190. https://doi.org/10.1063/1.328693. 

(94) Martyna, G. J.; Tobias, D. J.; Klein, M. L. Constant Pressure 

Molecular Dynamics Algorithms. J. Chem. Phys. 1994, 101 (5), 

4177ï4189. https://doi.org/10.1063/1.467468. 

(95) Barclay, P. L.; Zhang, D. Z. Periodic Boundary Conditions for 

Arbitrary Deformations in Molecular Dynamics Simulations. J. 

Comput. Phys. 2021, 435, 110238. 

https://doi.org/10.1016/j.jcp.2021.110238. 

(96) Ewald, P. P. Die Berechnung Optischer Und Elektrostatischer 

Gitterpotentiale. Ann. Phys. 1921, 369 (3), 253ï287. 

https://doi.org/10.1002/andp.19213690304. 

(97) Darden, T.; York, D.; Pedersen, L. Particle Mesh Ewald: An 

Nẗlog(N) Method for Ewald Sums in Large Systems. J. Chem. 

Phys. 1993, 98 (12), 10089ï10092. 

https://doi.org/10.1063/1.464397. 

(98) Amaro, R. E.; Baron, R.; McCammon, J. A. An Improved 

Relaxed Complex Scheme for Receptor Flexibility in Computer-

Aided Drug Design. J. Comput. Aided Mol. Des. 2008, 22 (9), 

693ï705. https://doi.org/10.1007/s10822-007-9159-2. 

(99) Bemelmans, M. P.; Cournia, Z.; Damm-Ganamet, K. L.; 

Gervasio, F. L.; Pande, V. Computational Advances in 

Discovering Cryptic Pockets for Drug Discovery. Curr. Opin. 

Struct. Biol. 2025, 90, 102975. 

https://doi.org/10.1016/j.sbi.2024.102975. 

(100) Schaller, D.; Pach, S.; Wolber, G. PyRod: Tracing Water 

Molecules in Molecular Dynamics Simulations. J. Chem. Inf. 



тм 
 

Model. 2019, 59 (6), 2818ï2829. 

https://doi.org/10.1021/acs.jcim.9b00281. 

(101) Bruciaferri, N.; Eberhardt, J.; Llanos, M. A.; Loeffler, J. R.; 

Holcomb, M.; Fernandez-Quintero, M. L.; Santos-Martins, D.; 

Ward, A. B.; Forli, S. CosolvKit: A Versatile Tool for Cosolvent 

MD Preparation and Analysis. J. Chem. Inf. Model. 2024, 64 

(21), 8227ï8235. https://doi.org/10.1021/acs.jcim.4c01398. 

(102) Saban®s Zariquiey, F.; de Souza, J. V.; Bronowska, A. K. 

Cosolvent Analysis Toolkit (CAT): A Robust Hotspot 

Identification Platform for Cosolvent Simulations of Proteins to 

Expand the Druggable Proteome. Sci. Rep. 2019, 9 (1), 19118. 

https://doi.org/10.1038/s41598-019-55394-2. 

(103) Cieplak, P.; Dupradeau, F.-Y.; Duan, Y.; Wang, J. Polarization 

Effects in Molecular Mechanical Force Fields. J. Phys. Condens. 

Matter Inst. Phys. J. 2009, 21 (33), 333102. 

https://doi.org/10.1088/0953-8984/21/33/333102. 

(104) Shaw, D. E.; Maragakis, P.; Lindorff-Larsen, K.; Piana, S.; 

Dror, R. O.; Eastwood, M. P.; Bank, J. A.; Jumper, J. M.; Salmon, 

J. K.; Shan, Y.; Wriggers, W. Atomic-Level Characterization of 

the Structural Dynamics of Proteins. Science 2010, 330 (6002), 

341ï346. https://doi.org/10.1126/science.1187409. 

(105) Hoang, G. L.; Rºck, M.; Tancredi, A.; Magauer, T.; Mandelli, 

D.; Schulz, J. B.; Krauss, S.; Rossetti, G.; Tollinger, M.; Carloni, 

P. Refining Ligand Poses in RNA/Ligand Complexes of 

Pharmaceutical Relevance: A Perspective by QM/MM 

Simulations and NMR Measurements. J. Phys. Chem. Lett. 2025, 

16 (7), 1702ï1708. https://doi.org/10.1021/acs.jpclett.4c03456. 

(106) Braun, E.; Gilmer, J.; Mayes, H. B.; Mobley, D. L.; Monroe, J. 

I.; Prasad, S.; Zuckerman, D. M. Best Practices for Foundations 

in Molecular Simulations [Article v1.0]. Living J. Comput. Mol. 

Sci. 2019, 1 (1), 5957. 

https://doi.org/10.33011/livecoms.1.1.5957. 

(107) Voter, A. F. A Method for Accelerating the Molecular 

Dynamics Simulation of Infrequent Events. J. Chem. Phys. 1997, 

106 (11), 4665ï4677. https://doi.org/10.1063/1.473503. 

(108) Abrams, C.; Bussi, G. Enhanced Sampling in Molecular 

Dynamics Using Metadynamics, Replica-Exchange, and 



тн 
 

Temperature-Acceleration. Entropy 2014, 16 (1), 163ï199. 

https://doi.org/10.3390/e16010163. 

(109) Laio, A.; Parrinello, M. Escaping Free-Energy Minima. Proc. 

Natl. Acad. Sci. 2002, 99 (20), 12562ï12566. 

https://doi.org/10.1073/pnas.202427399. 

(110) Barducci, A. Well-Tempered Metadynamics: A Smoothly 

Converging and Tunable Free-Energy Method. Phys. Rev. Lett. 

2008, 100 (2). https://doi.org/10.1103/PhysRevLett.100.020603. 

(111) Torrie, G. M.; Valleau, J. P. Nonphysical Sampling Distributions 

in Monte Carlo Free-Energy Estimation: Umbrella Sampling. J. 

Comput. Phys. 1977, 23 (2), 187ï199. 

https://doi.org/10.1016/0021-9991(77)90121-8. 

(112) Kumar, S.; Rosenberg, J. M.; Bouzida, D.; Swendsen, R. H.; 

Kollman, P. A. THE Weighted Histogram Analysis Method for 

Free-Energy Calculations on Biomolecules. I. The Method. J. 

Comput. Chem. 1992, 13 (8), 1011ï1021. 

https://doi.org/10.1002/jcc.540130812. 

(113) Darve, E.; Rodr²guez-G·mez, D.; Pohorille, A. Adaptive 

Biasing Force Method for Scalar and Vector Free Energy 

Calculations. J. Chem. Phys. 2008, 128 (14), 144120. 

https://doi.org/10.1063/1.2829861. 

(114) Grubm¿ller, H.; Heymann, B.; Tavan, P. Ligand Binding: 

Molecular Mechanics Calculation of the Streptavidin-Biotin 

Rupture Force. Science 1996, 271 (5251), 997ï999. 

https://doi.org/10.1126/science.271.5251.997. 

(115) Jarzynski, C. Nonequilibrium Equality for Free Energy 

Differences. Phys. Rev. Lett. 1997, 78 (14), 2690ï2693. 

https://doi.org/10.1103/PhysRevLett.78.2690. 

(116) Gore, J.; Ritort, F.; Bustamante, C. Bias and Error in Estimates 

of Equilibrium Free-Energy Differences from Nonequilibrium 

Measurements. Proc. Natl. Acad. Sci. 2003, 100 (22), 12564ï

12569. https://doi.org/10.1073/pnas.1635159100. 

(117) Zhuang, Y.; Bureau, H. R.; Quirk, S.; Hernandez, R. Adaptive 

Steered Molecular Dynamics of Biomolecules. Mol. Simul. 2021, 

47 (5), 408ï419. 

https://doi.org/10.1080/08927022.2020.1807542. 

(118) Sugita, Y.; Okamoto, Y. Replica-Exchange Molecular 

Dynamics Method for Protein Folding. Chem. Phys. Lett. 1999, 



то 
 

314 (1), 141ï151. https://doi.org/10.1016/S0009-

2614(99)01123-9. 

(119) Hamelberg, D.; Mongan, J.; McCammon, J. A. Accelerated 

Molecular Dynamics: A Promising and Efficient Simulation 

Method for Biomolecules. J. Chem. Phys. 2004, 120 (24), 

11919ï11929. https://doi.org/10.1063/1.1755656. 

(120) Kokh, D. B.; Amaral, M.; Bomke, J.; Grªdler, U.; Musil, D.; 

Buchstaller, H.-P.; Dreyer, M. K.; Frech, M.; Lowinski, M.; 

Vallee, F.; Bianciotto, M.; Rak, A.; Wade, R. C. Estimation of 

Drug-Target Residence Times by Ű-Random Acceleration 

Molecular Dynamics Simulations. J. Chem. Theory Comput. 

2018, 14 (7), 3859ï3869. 

https://doi.org/10.1021/acs.jctc.8b00230. 

(121) Vamathevan, J.; Clark, D.; Czodrowski, P.; Dunham, I.; Ferran, 

E.; Lee, G.; Li, B.; Madabhushi, A.; Shah, P.; Spitzer, M.; Zhao, 

S. Applications of Machine Learning in Drug Discovery and 

Development. Nat. Rev. Drug Discov. 2019, 18 (6), 463ï477. 

https://doi.org/10.1038/s41573-019-0024-5. 

(122) Schneider, G. Automating Drug Discovery. Nat. Rev. Drug 

Discov. 2018, 17 (2), 97ï113. 

https://doi.org/10.1038/nrd.2017.232. 

(123) Paul, D.; Sanap, G.; Shenoy, S.; Kalyane, D.; Kalia, K.; 

Tekade, R. K. Artificial Intelligence in Drug Discovery and 

Development. Drug Discov. Today 2021, 26 (1), 80ï93. 

https://doi.org/10.1016/j.drudis.2020.10.010. 

(124) Obaido, G.; Mienye, I. D.; Egbelowo, O. F.; Emmanuel, I. D.; 

Ogunleye, A.; Ogbuokiri, B.; Mienye, P.; Aruleba, K. Supervised 

Machine Learning in Drug Discovery and Development: 

Algorithms, Applications, Challenges, and Prospects. Mach. 

Learn. Appl. 2024, 17, 100576. 

https://doi.org/10.1016/j.mlwa.2024.100576. 

(125) Mitchell, J. B. O. Machine Learning Methods in 

Chemoinformatics. Wiley Interdiscip. Rev. Comput. Mol. Sci. 

2014, 4 (5), 468ï481. https://doi.org/10.1002/wcms.1183. 

(126) Davis, B.; Mcloughlin, K.; Allen, J.; Ellingson, S. R. 

Quantifying Overfitting Potential in Drug Binding Datasets. 

Comput. Sci. ï ICCS 2020 2020, 12139, 585ï598. 

https://doi.org/10.1007/978-3-030-50420-5_44. 



тп 
 

(127) Ghahramani, Z. Unsupervised Learning. In Advanced Lectures 

on Machine Learning: ML Summer Schools 2003, Canberra, 

Australia, February 2 - 14, 2003, T¿bingen, Germany, August 4 

- 16, 2003, Revised Lectures; Bousquet, O., von Luxburg, U., 

Rªtsch, G., Eds.; Springer: Berlin, Heidelberg, 2004; pp 72ï112. 

https://doi.org/10.1007/978-3-540-28650-9_5. 

(128) Polanski, J. Unsupervised Learning in Drug Design from Self-

Organization to Deep Chemistry. Int. J. Mol. Sci. 2022, 23 (5), 

2797. https://doi.org/10.3390/ijms23052797. 

(129) Chen, X.; Wang, K.; Chen, J.; Wu, C.; Mao, J.; Song, Y.; Liu, 

Y.; Shao, Z.; Pu, X. Integrative Residue-Intuitive Machine 

Learning and MD Approach to Unveil Allosteric Site and 

Mechanism for ɓ2AR. Nat. Commun. 2024, 15 (1), 8130. 

https://doi.org/10.1038/s41467-024-52399-y. 

(130) Choudhary, K.; DeCost, B.; Chen, C.; Jain, A.; Tavazza, F.; 

Cohn, R.; Park, C. W.; Choudhary, A.; Agrawal, A.; Billinge, S. 

J. L.; Holm, E.; Ong, S. P.; Wolverton, C. Recent Advances and 

Applications of Deep Learning Methods in Materials Science. 

Npj Comput. Mater. 2022, 8 (1), 59. 

https://doi.org/10.1038/s41524-022-00734-6. 

(131) Kumar, S.; Singh, A. Comparative Analysis on Artificial 

Intelligence Methods for DTI and DTBA Prediction in Drug 

Repurposing. Med. Chem. Res. 2025. 

https://doi.org/10.1007/s00044-025-03465-7. 

(132) Azevedo, B. F.; Rocha, A. M. A. C.; Pereira, A. I. Hybrid 

Approaches to Optimization and Machine Learning Methods: A 

Systematic Literature Review. Mach. Learn. 2024, 113 (7), 

4055ï4097. https://doi.org/10.1007/s10994-023-06467-x. 

(133) VanBerlo, B.; Hoey, J.; Wong, A. A Survey of the Impact of 

Self-Supervised Pretraining for Diagnostic Tasks in Medical X-

Ray, CT, MRI, and Ultrasound. BMC Med. Imaging 2024, 24 (1), 

79. https://doi.org/10.1186/s12880-024-01253-0. 

(134) Akinori Fujino, N. U. A Hybrid Generative/Discriminative 

Approach to Semi-Supervised Classifier Design. AAAI. 

https://aaai.org/papers/00764-aaai05-120-a-hybrid-generative-

discriminative-approach-to-semi-supervised-classifier-design/ 

(accessed 2025-09-17). 



тр 
 

(135) Popova, M.; Isayev, O.; Tropsha, A. Deep Reinforcement 

Learning for de Novo Drug Design. Sci. Adv. 2018, 4 (7), 

eaap7885. https://doi.org/10.1126/sciadv.aap7885. 

(136) Korshunova, M.; Huang, N.; Capuzzi, S.; Radchenko, D. S.; 

Savych, O.; Moroz, Y. S.; Wells, C. I.; Willson, T. M.; Tropsha, 

A.; Isayev, O. Generative and Reinforcement Learning 

Approaches for the Automated de Novo Design of Bioactive 

Compounds. Commun. Chem. 2022, 5 (1), 129. 

https://doi.org/10.1038/s42004-022-00733-0. 

(137) Alkam, T.; Van Benschoten, A. H.; Tarshizi, E. Reinforcement 

Learning in Artificial Intelligence and Neurobiology. Neurosci. 

Inform. 2025, 5 (3), 100220. 

https://doi.org/10.1016/j.neuri.2025.100220. 

(138) Doya, K. Reinforcement Learning: Computational Theory and 

Biological Mechanisms. HFSP J. 2007, 1 (1), 30ï40. 

https://doi.org/10.2976/1.2732246. 

(139) van Otterlo, M.; Wiering, M. Reinforcement Learning and 

Markov Decision Processes. In Reinforcement Learning: State-

of-the-Art; Wiering, M., van Otterlo, M., Eds.; Springer: Berlin, 

Heidelberg, 2012; pp 3ï42. https://doi.org/10.1007/978-3-642-

27645-3_1. 

(140) Zhang, H.; Yu, T. Taxonomy of Reinforcement Learning 

Algorithms. In Deep Reinforcement Learning: Fundamentals, 

Research and Applications; Dong, H., Ding, Z., Zhang, S., Eds.; 

Springer: Singapore, 2020; pp 125ï133. 

https://doi.org/10.1007/978-981-15-4095-0_3. 

(141) Liu, Z. ñLeo.ò Value-Based Reinforcement Learning. In 

Artificial Intelligence for Engineers: Basics and 

Implementations; Liu, Z. ñLeo,ò Ed.; Springer Nature 

Switzerland: Cham, 2025; pp 337ï355. 

https://doi.org/10.1007/978-3-031-75953-6_14. 

(142) Zhao, S. Optimal State Values and Bellman Optimality 

Equation. In Mathematical Foundations of Reinforcement 

Learning; Zhao, S., Ed.; Springer Nature: Singapore, 2025; pp 

35ï55. https://doi.org/10.1007/978-981-97-3944-8_3. 

(143) Sewak, M. Temporal Difference Learning, SARSA, and Q-

Learning. In Deep Reinforcement Learning: Frontiers of 



тс 
 

Artificial Intelligence; Sewak, M., Ed.; Springer: Singapore, 

2019; pp 51ï63. https://doi.org/10.1007/978-981-13-8285-7_4. 

(144) Wen, Z. Reinforcement Learning. In The Elements of Joint 

Learning and Optimization in Operations Management; Chen, 

X., Jasin, S., Shi, C., Eds.; Springer International Publishing: 

Cham, 2022; pp 15ï48. https://doi.org/10.1007/978-3-031-

01926-5_2. 

(145) Reymond, M.; Hayes, C. F.; Steckelmacher, D.; Roijers, D. M.; 

Now®, A. Actor-Critic Multi-Objective Reinforcement Learning 

for Non-Linear Utility Functions. Auton. Agents Multi-Agent 

Syst. 2023, 37 (2), 23. https://doi.org/10.1007/s10458-023-

09604-x. 

(146) Panov, A. I.; Ugadiarov, L. A. A World Model for ActorïCritic 

in Reinforcement Learning. Pattern Recognit. Image Anal. 2023, 

33 (3), 467ï477. https://doi.org/10.1134/S1054661823030379. 

(147) Hills, T. T. Trade-Off Between Exploration and Exploitation. 

In Encyclopedia of Evolutionary Psychological Science; 

Springer, Cham, 2021; pp 8213ï8214. 

https://doi.org/10.1007/978-3-319-19650-3_2660. 

(148) Eschmann, J. Reward Function Design in Reinforcement 

Learning. In Reinforcement Learning Algorithms: Analysis and 

Applications; Belousov, B., Abdulsamad, H., Klink, P., Parisi, S., 

Peters, J., Eds.; Springer International Publishing: Cham, 2021; 

pp 25ï33. https://doi.org/10.1007/978-3-030-41188-6_3. 

(149) Gummesson Svensson, H.; Tyrchan, C.; Engkvist, O.; Haghir 

Chehreghani, M. Utilizing Reinforcement Learning for de Novo 

Drug Design. Mach. Learn. 2024, 113 (7), 4811ï4843. 

https://doi.org/10.1007/s10994-024-06519-w. 

 

 

 

 

 

 

 

 



тт 
 

4. Identification of a New FtsZ Inhibitor by 

Virtual Screening and Hit Optimization by 

Adaptive Steered Molecular Dynamics 
 

4.1 Introduction 
 
Filamenting temperature-sensitive mutant Z (FtsZ) is an essential and 

evolutionarily conserved bacterial protein that plays a central role in 

prokaryotic cell division1,2. Early in bacterial cytokinesis, FtsZ is the 

first protein to localize to the future division site where it polymerizes 

into a ring-like structure termed the Z ring1. This structure serves as 

the principal scaffold for recruitment and spatial organization of more 

than 30 proteins that assemble the divisome, the macromolecular 

complex responsible for inner membrane invagination, septal 

peptidoglycan synthesis and outer membrane constriction (in the case 

of Gram negative bacteria)3. 

FtsZ is an evolutionary homolog of eukaryotic tubulin4. Both proteins 

are P loop NTPases that utilize guanosine triphosphate (GTP) 

hydrolysis to drive assembly into dynamic, treadmilling polymers2,5. 

During treadmilling, FtsZ subunits are added at the polymer plus end 

and removed from the minus end. FtsZ polymer dynamics are 

regulated by GTP hydrolysis and by a suite of accessory factors like 

the Zap proteins6, the Min system7 and nucleoid occlusion factors8. 

These dynamics are fundamental to guiding septal peptidoglycan 

synthesis and driving Z ring constriction during cell division. Despite 

mechanistic similarity, FtsZ and tubulin exhibit low sequence identity 

(<20%) and distinct quaternary structures that underpin different 

cellular functions9. Tubulin assembles as Ŭ/ɓ heterodimers into rigid, 

hollow, multi protofilament microtubules, whereas FtsZ typically 

forms single protofilaments that laterally associate into bundles or 

ring like assemblies10,11. Accordingly, tubulin supports eukaryotic 

cytoskeletal functions such as maintenance of cell shape, intracellular 

transport and chromosome segregation12, while FtsZôs primary role is 

the formation of the contractile Z ring that initiates bacterial 

cytokinesis13. 
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Structurally, both proteins share an N terminal GTP binding domain 

(GBD) and a C-terminal domain (CTD) connected by a central helix 

(H7)11,14 (Figure 1). The GBD adopts a Rossmann like fold composed 

of a central ɓsheet (strands S1ïS6) flanked by six Ŭhelices (H1ïH6), 

forming a three layered sandwich. In contrast, their CTDs exhibit 

major differences. Two long Ŭ-helices (H11 and H12) which are 

present in tubulin are replaced in FtsZ by a short ɓ-hairpin (strands 

S11ïS12). The catalytic T7 loop, which inserts into the GBD of an 

adjacent subunit during polymerization to complete the GTPase active 

site15, is stabilized in FtsZ by coordination with a divalent cation 

(typically Mg2+ or Ca2+)16, a feature not reported for tubulin. 

Additionally, FtsZ contains an N-terminal helix (H0) and an 

unstructured C-terminal peptide that mediates interactions with 

divisome proteins (e.g., FtsA and ZipA), enabling tethering of FtsZ 

filaments to the bacterial membrane17.  

 

 
Figure 1. (A) Crystal structure of FtsZ (PDB 1FSZ). (B) Crystal structure of ɓ-

tubulin (PDB 1TUB). N-terminal GBD depicted in blue, H7 in yellow and C-

terminal CTD in red. GTP molecule as magenta surface. 

 

The most significant difference lies in the central helix H7. In FtsZ, 

H7 forms an allosteric interdomain cleft (IDC) together with the T7 

loop and the central ɓ-sheet of the CTD18 (Figure 2). Although the IDC 

does not directly participate in GTP hydrolysis, it stabilizes the T7 loop 

during polymerization. Perturbations within the IDC directly impair 

FtsZ polymerization. This allosteric cleft is absent in tubulin and 
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represents the most critical structural distinction between the two 

proteins. 

 

 
Figure 2. Crystal structure of FtsZ (PDB 4DXD). N-terminal GBD depicted in blue, 

H7 in yellow, C-terminal CTD in red, calcium cation in green, co-crystallized ligand 

defining the interdomain cleft IDC in light pink. 

 

Collectively, these functional and structural differences validate FtsZ 

as an attractive antibacterial target19. FtsZ mediated cytokinesis is 

essential in most bacteria and, despite mechanistic parallels to tubulin, 

key structural differences permit selective targeting that can reduce 

eukaryotic toxicity. Moreover, inhibition of FtsZ typically produces a 

filamentous cellular phenotype which facilitates phenotypic screening 

and mode of action studies. 

Pharmacologically, FtsZ can be targeted by multiple strategies. Protein 

and peptide inhibitors mirror physiological regulation of FtsZ 

assembly mediated by the SOS induced protein SulA20 or the MciZ21 

peptide. Engineered biologics (such as monobodies) have been used 

to stabilize defined FtsZ architectures and inhibit division in vivo22 but 

their principal value has been as mechanistic tools and templates for 

peptidomimetic design rather than as directly translatable therapeutics. 

Small molecule inhibitors of FtsZ have been actively investigated for 

two decades, and diverse chemotypes that perturb FtsZ polymerization 

and function have been reported23 (Table 1). Research efforts have 

focused on two main classes: competitive inhibitors of the 
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GTP binding site and allosteric modulators targeting the IDC. The 

GTP binding pocket is highly polar and typically demands charged or 

highly polar inhibitors that often have poor ADME/PK properties and 

limited cellular penetration. Furthermore, the Rossmann fold is 

conserved across many nucleotide binding proteins, complicating 

selectivity and increasing the risk of mammalian toxicity. Natural 

products such as sanguinarine24 and berberine25, along with several 

synthetic compounds26ï28, have been reported to inhibit FtsZ 

competitively.  

In contrast, allosteric inhibitors targeting the IDC offer improved 

selectivity and therapeutic potential. Benzamide derivatives represent 

the only structurally validated class of allosteric inhibitors29. Starting 

from the low-potency fragment 3-methoxybenzamide (3-MBA), 

medicinal chemistry optimization led to PC190723, a potent FtsZ 

inhibitor active against several Gram-positive pathogens30. To address 

pharmacokinetic limitations, the prodrug TXA709 was developed, 

demonstrating enhanced oral bioavailability and efficacy in murine 

infection models31. TXA709 has successfully completed Phase I 

clinical evaluation32.  

 

Competitive Inhibitors 

  
 

Sanguinarine Berberine PC58538 

   

Allosteric Inhibitors 

  
 

3-MBA PC190723 TXA709 

 
Table 1. Representative small molecule inhibitors of FtsZ 

 

Notably, synergy between FtsZ allosteric inhibitors and ɓ-lactam 

antibiotics has been extensively documented33,34. Despite these 

advances, benzamide derivatives exhibit a narrow spectrum of 
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activity35, as Gram-negative bacteria are intrinsically resistant due to 

outer-membrane impermeability and active efflux mediated by 

RND-type pumps36. Furthermore, mutations within the IDC have been 

reported to reduce the potency of benzamide compounds37. These 

limitations underscore the urgent need for novel allosteric chemotypes 

with broader antibacterial activity and improved resistance profiles. 

 

This chapter reports the discovery of a novel allosteric FtsZ inhibitor 

(C11) identified through virtual screening and the application of 

Adaptive Steered Molecular Dynamics (ASMD) to predict the 

inhibitory profile of a rationally designed derivative. C11 features a 

previously unreported benzothiophene-dioxo scaffold and exhibits 

potent inhibition of FtsZ polymerization in vitro (Figure 3), without 

significant cytotoxicity toward mammalian cells at concentrations 

relevant to its antibacterial activity. C11 displays a minimum 

inhibitory concentration (MIC) of 2ɛg/mL against Staphylococcus 

aureus ATCC 25923, inhibits biofilm formation, eradicates preformed 

S. aureus biofilms and retains activity against clinical isolates from 

cystic fibrosis patients as well as methicillin-resistant S. aureus 

(MRSA) strains. Similar to benzamide-based FtsZ inhibitors, C11 

demonstrates synergistic activity with ɓ-lactam antibiotics. In vivo 

efficacy was confirmed in a Galleria mellonella infection model. 

Subsequent structureïactivity relationship (SAR) studies on 

commercially available analogs expanded this new class of 

benzothiophene-dioxo inhibitors and provided experimental data to 

calibrate ASMD parameters for predicting the inhibitory profile of a 

newly designed derivative (GV1). The proposed ASMD workflow 

offers a proof-of-concept for integrating enhanced molecular 

dynamics techniques into hit-to-lead optimization, bolstering its use as 

a generalizable strategy for rational design in medicinal chemistry. 

 

 
C11 

MIC S. aureus 

IC50 FtsZSa 

IC50FtsZPa 

2 ɛg/mL 

47.97 ɛM 

34 ɛM 

Figure 3. Summary of C11 and its biological activity 
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4.2 Materials and Methods 
 

4.2.1 Virtual Screening 

 

All docking experiments were performed on a Supermicro workstation 

(Intel Xeon Silver, 64 cores) running Ubuntu 20.04 LTS. The crystal 

structure of S. aureus FtsZ (PDB ID: 4DXD38) was retrieved from the 

Protein Data Bank and prepared using Maestro (Schrºdinger Release 

2022-4: Maestro, Schrºdinger, LLC, New York, NY, 2022.). Hydrogen 

atoms, missing side chains, and short loops were modeled, while 

crystallographic waters and other solvents were removed unless 

explicitly required. The screening database was assembled by merging 

commercially available catalogs from Life Chemicals39, SPECS40, and 

Enamine41, resulting in approximately 5,000,000 unique compounds. 

A prefilter excluded molecules violating Lipinskiôs rules or containing 

PAINS substructures. Three-dimensional structures were protonated at 

physiological pH and minimized using the OPLS4 force field42. 

Drug-likeness properties were computed with QikProp (Schrºdinger 

Release 2022-4: QikProp, Schrºdinger, LLC, New York, NY, 2025). 

Virtual screening was conducted using Glide43 (standard precision). 

Given the role of divalent cation coordination in stabilizing the T7 loop 

and the reported requirement for metal chelation by some benzamide 

allosteric inhibitors, a constraint was introduced to prioritize 

molecules capable of interacting with the bound cation. A 

pharmacophore model, derived from the co-crystallized benzamide 

ligand using Phase44, comprised nine features: one hydrogen-bond 

acceptor, two hydrogen-bond donors, three hydrophobic points, and 

three aromatic points (Figure 4). Up to ten docking poses were 

generated for each compound, and all poses were subsequently filtered 

using the pharmacophore model to ensure proper alignment of key 

functional groups. Poses satisfying at least eight of the nine 

pharmacophore features were retained. From ~5,000 filtered poses, 12 

structurally diverse molecules were selected by visual inspection and 

purchased for biological testing. Close structural analogs of C11 used 

in SAR studies were obtained from the same vendors. 
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Figure 4. Pharmacophore model used for Virtual Screening. Features are reported 

with spheres: pink for H-bond acceptor, cyan for H-bond donor, forest green for 

hydrophobic and orange for aromatic features. Protein is reported as blues cartoon, 

reference compound TX707 as cyan stick, calcium cation as green sphere, residues 

involved in cation coordination as grey stick. Polar contacts depicted as yellow lines. 

 

4.2.2 Molecular Dynamics 

 

Conventional molecular dynamics (MD) and adaptive steered 

molecular dynamics (ASMD) calculations were performed with 

AMBER2245 on the same computational platform. Ligand topology 

and parameters were generated with the Antechamber utility from the 

AmberTools46 suite using automatic atom typing and the AM1-BCC 

semiempirical charge model47. System preparation was carried out 

with tleap from the same suite. The ff19SB force field was used for 

the protein and the GAFF2 force field was used for the ligand. The 

system was solvated in a truncated octahedral box of TIP3P water 

molecules48 with a minimum buffer of 10 ¡ between the solute and 

the periodic box edge. This box geometry reduces the total number of 

solvent molecules compared to a cubic box while maintaining 
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appropriate periodicity for a globular solute. Ionic neutralization was 

performed using ion-placement routine of tleap, which places 

counterions automatically in low-electrostatic-potential regions 

identified on a Coulombic grid around the solute. Topology and 

coordinate files were saved in prmtop and inpcrd formats, respectively. 

The MD workflow comprised a two-stage minimization followed by 

controlled heating, isothermalïisobaric density/pressure adjustment 

(equilibration) and a long production trajectory. In the first 

minimization, solute atom positions were tightly restrained with a 

force constant of 100 kcalĿmol ĭĿ¡ Į and a maximum of 1,000 

minimization cycles. Steepest-descent minimization was used for the 

first 100 steps. A nonbonded interaction cutoff of 12 ¡ was applied. 

This stage relaxed solvent molecules and ion positions around the 

restrained solute. During the second minimization, all atoms were 

relaxed for 10,000 minimization cycles (the first 100 in steepest 

descent), using the same nonbonded cutoff and a weak restraint of 5 

kcalĿmol ĭĿ¡ Į applied only to the calcium cation, its coordinating 

residues on loop T7 (Val195, Leu200, Asn208, Leu209), and the 

coordinated water molecule observed in the crystal structure. 

Subsequently, the system was heated from 100 K to 300 K under 

constant-volume conditions (NVT) using a 2 fs integration timestep 

for a total heating time of 100 ps. Temperature was regulated with a 

Langevin thermostat49 using collision frequency of 5 ps ĭ. Fast 

hydrogen-bond vibrations were constrained with the SHAKE50 

algorithm to permit the 2 fs timestep. The same positional restraint of 

5 kcalĿmol ĭĿ¡ Į was maintained for the calcium, its coordinating 

residues, and the coordinated water. Coordinates and restart files were 

saved every 2.0 ps and energies were recorded every 0.2 ps. 

After heating, the system was equilibrated at 300 K under isothermalï

isobaric conditions (NPT) to allow the simulation cell to relax to its 

equilibrium density. The equilibration stage lasted 100 ps and 

employed the same thermostat and constraint scheme used during 

heating. Pressure control was provided by the Berendsen barostat51. 

Coordinates and restart files were written every 2.0 ps and energy 

information was printed every 0.4 ps.  

Production simulations were then carried out in the NPT ensemble 

using the same thermostat, barostat and constraint scheme. Production 

trajectories were generated for a total simulated time of 250 ns. Frames 
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and restart files were written every 10 ps and energies were recorded 

every 2.0 ps. Although equilibration was continued from the final 

velocities of the heating stage, production runs were initiated as 

separate and independent simulations with randomly assigned initial 

velocities. Production simulations were executed in triplicate. 

 

4.2.3 Adaptive Steered Molecular Dynamics (ASMD) 

 

ASMD simulations were performed as follows. The ligand was 

extracted from the interdomain cleft (IDC) of FtsZ by applying a 

harmonic pulling potential with a spring constant of 1.5 

kcalĿmol ĭĿ¡ Į, along a vector defined by the center of mass (COM) 

of the ligand heavy atoms and atom XXX of Leu261. This pulling 

vector is perpendicular to the IDC opening. The total pulling distance 

was 25 ¡, partitioned into 25 sequential stages of 1 ¡. Each stage was 

sampled with an ensemble of 10 independent steered trajectories 

(replicas) of 0.2 ns, resulting in a total of 250 independent trajectories 

and a cumulative simulation time of 50 ns. This protocol corresponds 

to an effective pulling velocity of 5 ¡Ŀns ĭ. Simulations were run at 

300 K using the Langevin thermostat (collision frequency = 5 ps ĭ) 

with isotropic pressure coupling. The SHAKE algorithm was applied 

to all bonds involving hydrogen, with a 2 fs timestep and a nonbonded 

cutoff of 8 ¡. Trajectory coordinates, restart files and energetic 

diagnostics were recorded every 1 ps. 

For each stage, the work values from the ten replicas were combined 

to estimate the stage free-energy change using exponential averaging 

of the Jarzynski equality. From that ensemble, the single replica whose 

final work value best approximated the calculated free-energy change 

was selected as the stage representative. The representative trajectory 

supplied the initial coordinates for all replicas of the subsequent stage 

and provided the work values used to describe unbinding at that stage. 

The potential of mean force (PMF) for the entire unbinding pathway 

was then reconstructed by summing the free-energy changes from the 

representative trajectory of each stage and a continuous unbinding 

trajectory was created by concatenating the representative trajectories 

from all 25 stages. 
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4.3 Biological Evaluation 
 

4.3.1 Antibacterial Activity 

 

Compounds selected through virtual screening were evaluated for 

antibacterial activity and for inhibition of S. aureus FtsZ (FtsZ_Sa) 

using bacterial growth-inhibition assays, FtsZ GTPase activity 

measurements, and polymerization assays (Table 2). Three 

compounds (C3, C8, and C12) inhibited FtsZ_Sa GTP hydrolysis, with 

only C3 and C8 exhibiting relevant IC  values (14.6 ɛM and 8.4 ɛM, 

respectively). However, these compounds showed limited 

antibacterial potency against S. aureus ATCC 25923 (MIC Ó 256 

ɛgĿmL ĭ). In contrast, C11 demonstrated potent antibacterial activity 

(MIC = 2 ɛgĿmL ĭ) but did not measurably affect FtsZ_Sa GTPase 

activity under the assay conditions employed. 

 

Compound 
Vendors  

codea 

MIC  

S. aureus 

(Õg/ml)b 

Residual 

GTPase 

activityc 

IC50 

(GTPase 

activity) 

Control - - 100 % - 

C109 - 2ï4 23.7 % 1.5 ÕM 

C1 F2775-0365 Ó 256 78.5 % - 

C2 F6521-1780 Ó 256 35.5 % - 

C3 F6523-2830 Ó 256 16.2 % 14.6 ÕM 

C4 F6523-2830 Ó 256 71 % - 

C5 F7571-2180 Ó 256 95.3 % - 

C6 F6709-5253 Ó 256 92.8 % - 

C7 AN-153/I141279 Ó 256 107.2 % - 

C8 AN-329/43449396 Ó 256 11.8 % 8.4 ÕM 

C9 AG-690/15433975 Ó 256 34.3 % - 

C10 AT-084/J173614 Ó 256 86.6 % - 

C11 AP-853/J241766 2 82.2 % - 

C12 AG-205/1207517 Ó 256 17.4 % 60 ÕM 
aVendors code for tested compounds. C1ïC6 were purchased from 

LifeChemicals, C7ïC12 were purchased from Specs. bMIC for S. aureus 

ATCC25923. cDetermined using the S. aureus FtsZ protein. 

 
Table 2. Inhibitory activity of the compounds selected from virtual screening. 

 

Given that FtsZ function relies on both GTP hydrolysis and filament 

assembly, the impact of C11 on FtsZ_Sa polymerization was examined 
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using complementary biophysical and imaging approaches. 

Sedimentation assays revealed that C11 reduced the amount of 

pelleted FtsZ_Sa polymer to a degree comparable to previously 

reported inhibitors such as C10952 (Figure 5A). Consistent with these 

findings, right-angle light scattering demonstrated a concentration-

dependent suppression of polymerization (Figure 5B), yielding an IC  

of 47.97 ɛM (Figure 5C). Electron microscopy further confirmed that 

C11 disrupted filament formation and lateral bundling in a dose-

dependent manner. At 100 ɛM, the compound markedly diminished 

filament abundance, stability and bundling (Figure 5D). 

 

 
Figure 5. FtsZSa polymerization in the presence of C11. (A) Sedimentation assay of 

FtsZSa in the presence of 100 ɛM of C11. GDP was used as a negative control of the 

reaction. (P: pellet fraction; S: supernatant fraction). (B) Right-angle light scattering 

of FtsZSa in the presence of increasing concentration of C11. GTP was added after 

75 s of incubation. (C) Dose-response curve of FtsZSa residual polymerization 

activity with C11. Data are the mean ± SD of the results from three different 
replicates. (D) Typical micrograph of FtsZSa at cryo-electron microscope in the 

absence (left, CT) or in the presence of 100 ɛM of C11 (right). The scale bar 

represents 50 nm. Data and images are representative of the results from three 

different replicates. 
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4.3.2 Biological Effect and FtsZ Localization 

 

The cellular consequences of FtsZ inhibition by C11 were investigated 

through timeïkill kinetics and live-cell imaging. Timeïkill assays at 

0.5ï2Ĭ MIC indicated that C11 exerted a bacteriostatic effect at 1Ĭ and 

2Ĭ MIC (Figure 6A). Single-cell time-lapse microscopy of S. aureus 

ATCC 25923 exposed to 2Ĭ MIC C11 for 5 h revealed a significant 

increase in cell size relative to untreated controls, consistent with 

filamentation (Figure 6B). Fluorescence imaging of an FtsZïmCherry 

fusion protein showed aberrant FtsZ localization, characterized by 

multiple foci that failed to support normal cytokinesis (Figure 6C). 

Concurrent Hoechst staining indicated that chromosome segregation 

remained largely unaffected, supporting the conclusion that inhibition 

of FtsZ polymerization is the primary cellular effect of C11. 
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Figure 6. C11 effect on S. aureus ATCC25923 growth. (A) Time-killing curve of S. 

aureus ATCC25923 exposed to C11. A S. aureus ATCC25923 culture in the 

exponential phase of growth was split and concentrations of C11 corresponding to 

1/2-, 1-, and 2-fold the MIC value were added. The viable counts were determined 

at 37ÁC over 24 h. (B) Measurements of cell areas of S. aureus ATCC25923 untreated 

and treated with 4 ɛg/mL of C11. Statistically significant differences are indicated 

(unpaired t-test, ****p < 0.0001). (C) Fluorescence microscopy images of S. aureus 

TD276, carrying the FtsZ-mCherry (red) construct, untreated (CT) and treated with 

4 ɛg/mL of C11. Cells were stained also with Hoechst (1 ɛg/mL) (blue). The scale 

bar corresponds to 2 ɛm. (D) Graphical representation of the percentage of cells 

showing FtsZ delocalization (left y axis bars), during growth (right y axis-lines) in 

the absence (black), or in the presence (violet) of 4 ɛg/mL C11, in time-lapse 

experiments. Data and images are representative of the results of at least three 

different experiments. 

 

4.3.3 Activity on Biofilm Formation 

 

Beyond planktonic growth, C11 demonstrated activity against biofilm 

formation. At concentrations of 2ï4Ĭ MIC (4ï8 ɛgĿmL ĭ), C11 

substantially reduced biofilm biomass (Figure 7A), as confirmed by 

CFU enumeration and confocal laser-scanning microscopy coupled 

with COMSTAT2 analysis. Furthermore, C11 decreased viable cell 

counts in preformed biofilms at 2Ĭ MIC indicating potential utility 

against established biofilms (Figure 7BC). 
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Figure 7. C11 effect on biofilm inhibition. (A) Bacterial biofilms of S. aureus 

ATCC25923 were grown in the presence of increasing concentrations of C11. The 

results are expressed as CFU/ml recovered after 24 h of incubation. (B) CLSM 

images of S. aureus ATCC25923 biofilms grown in Γɛ-Slide 4 Well Ibidi treatedΔ

. Cells were grown overnight at 37 °C in TSB + 1% glucose with no C11 (CT), 2, 
4, or 8 ɛg/mL C11. Planes at equal distances (0.3 ɛm) along the Z-axis of the biofilm 

were imaged by CLSM. These 2D images were the maximum projection of the 

planes. Scale bar represents 15 ɛm. (C) Analysis of biofilm properties by COMSTAT 

2. Measures of the total biomass of the biofilms in the presence of increasing 

concentrations of C11. Data are the mean ± SD of the results from three independent 
replicates. Images are representative of at least three different experiments. *p < 

0.05, ***p < 0.001 (one-way ANOVA test). 

 

4.3.4 Synergistic Effect and Clinical Isolates 

 

Evaluation against a panel of S. aureus clinical isolates, including 

strains from cystic fibrosis patients, revealed MIC values of 2ï4 

ɛgĿmL ĭ, suggesting that C11 retains activity across diverse clinical 

backgrounds. Synergy testing using checkerboard assays 

demonstrated that C11 potentiated the activity of ceftazidime, 

meropenem, and rifampicin against S. aureus ATCC 25923, with FICI 

values Ò0.5 indicative of synergistic interactions (Table 3). 

Combinations with erythromycin, linezolid and tetracycline were 

largely additive. Notably, in a panel of MRSA isolates resistant to 

meropenem, the meropenem/C11 combination restored susceptibility 

in several cases, underscoring the potential of C11 as an adjuvant 

therapy.  
S. aureus ATCC25923 

Antibiotics 
MIC (ɛg/ml) 

Single drugs 

MIC (ɛg/ml) 

combination 
FICIa 

Ceftazidime/C11 16/2 4/0.5 Synergy (0.50) 

Erythromycin/C11 0.5/2 0.06/1 Additive (0.62) 

Linezolid/C11 2/2 0.5/1 Additive (0.75) 

Meropenem/C11 0.25/2 0.03/0.5 Synergy (0.37) 

Rifampicin/C11 0.03/2 0.007/0.25 Synergy (0.36) 

Tetracycline/C11 0.5/2 0.25/1 Additive (1) 
a: FICI Fractional Inhibitory Concentration Index. The results indicate synergism 

when the corresponding FICI Ò 0.5; additivity when 0.5 < FICI Ò 1, indifference 

when 1 < FICI Ò 4 and antagonism when the FICI > 4. 

Table 3. MIC values of different antibiotics and C11, their combination, and FICI 

values. 
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4.3.5 Cytotoxicity Studies 

 

Cytotoxicity and off-target effects were also assessed. At the highest 

concentration tested (25 ɛM; ~9.6 ɛgĿmL ĭ), C11 reduced mammalian 

tubulin polymerization by approximately 20%. MTT assays indicated 

that A549 pulmonary epithelial cells maintained >90% viability after 

6 h exposure to 25 ɛM C11 and >70% viability after 24 h. In CFBEo  

cells, 12.5 ɛM C11 preserved >90% viability at 6 h, whereas 25 ɛM 

reduced viability to ~65% at 6 h and ~25% at 24 h (Figure 8). 

 
 
Figure 8. Cytotoxicity of C11 on A549 using MTT assay. Different C11 

concentrations (3.125Ӈ25 ɛM) and different times of incubation (3, 6, or 24 h) were 

assayed. Data are presented as mean value ±SD calculated on triplicate 
experiments. *p < 0.05, **p < 0.01 (unpaired t-test). 

 

4.3.6 Efficacy in a G. mellonella Infection Model 
 

The in vivo efficacy of C11 against S. aureus infection was evaluated 

using a Galleria mellonella model53. Larvae were infected with S. 

aureus ATCC 25923 and, 2 hours later, were treated with C11 at a dose 

of 40 mg/kg (equivalent to 4Ĭ MIC). Three control groups were used: 

1) uninfected and untreated larvae, 2) uninfected larvae treated with 

40 mg/kg C11 to assess toxicity and 3) infected larvae treated with the 

vehicle (8% DMSO). No treatment-related toxicity was detected, as 

the survival of uninfected larvae receiving C11 did not differ 

significantly from that of the untreated controls. In the infection 

model, C11 conferred a significant survival advantage. Compared to 

the vehicle-treated group, the C11-treated cohort showed substantially 

improved survival rates at day 2 (77% vs. 46%) and day 3 (58% vs. 

32%) post-infection. By day 6, while 80% mortality was observed in 
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the vehicle-treated group, survival in the C11-treated group remained 

significantly higher (Figure 9). 

 

 
Figure 9. KaplanīMeier survival curve of G. mellonella larvae infected with S. 

aureus ATCC25923 and treated with 8% DMSO (violet) or C11 (yellow). As a 

control, larvae were treated with saline solution and C11, saline solution and 8% 

DMSO (red), or untreated (black). The experiment was performed three times. 

Statistically significant differences are indicated (Significance level for each time 

point was evaluated with Fisherôs test: 48 h p < 0.001, 72 h p < 0.01, and 144 h p < 

0.05). 

 

4.3.7 Activity Against ESKAPE Pathogens 

 

Compound C11 was inactive against a panel of Gram-negative 

bacteria, including P. aeruginosa PAO1, K. pneumoniae ATCC 13883, 

and A. baumannii ATCC 19606, with MIC values consistently Ó128 

ɛg/mL. Since benzamide FtsZ inhibitors are often substrates for RND-

type efflux pumps36, we hypothesized that C11 was being actively 

removed from the bacterial cells. To test this, we re-evaluated the MIC 

of C11 in the presence of the efflux pump inhibitor PAɓN 

(phenylalanine-arginine ɓ-naphthylamide)54. The addition of PAɓN 

restored the antibacterial efficacy of C11, reducing its MIC values to 

a potent range of 1ï16 ɛg/mL. To confirm that FtsZ was the 

intracellular target, we assayed the activity of C11 against purified 

FtsZ from P. aeruginosa (FtsZPa), which shares 47% sequence 

identity with S. aureus FtsZ. Consistent with previous findings, C11 

did not interfere with the GTPase activity of FtsZPa. However, it 

effectively inhibited FtsZPa polymerization in a concentration-

dependent manner, with an IC  of 34 ɛM. These results strongly 
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suggest that the restored antibacterial activity of C11 in the presence 

of an efflux pump inhibitor is due to the direct inhibition of FtsZ. 

 

4.3.8 Structure-Activity Relationships (SAR) 

 

To elucidate the structureïactivity relationships (SAR) of C11, a set of 

commercially available analogues was evaluated for both FtsZ 

polymerization inhibition and antibacterial activity against S. aureus 

(Table 4). The investigation revealed that several structural 

modifications to the C11 scaffold were well-tolerated. For instance, 

removing the methylene spacer linking the terminal phenyl group, 

replacing the diaryl sulfur bridge with a nitrogen and introducing a 

nitrogen atom into the benzothiophene-dioxo ring were all viable 

modifications that, in some cases, improved target engagement. 

However, a critical finding was that improved biochemical potency 

against FtsZ did not consistently translate into greater cellular 

antibacterial activity. This disconnect was exemplified by analogues 

such as C11.2, C11.5, C11.7, and C11.8: while all were potent FtsZ 

inhibitors, only C11.2 and C11.7 retained antibacterial activity 

comparable to the parent compound. Notably, a comparison between 

C11.5 and C11.7 demonstrated that the addition of a short alkyl 

substituent to the thiazole ring led to a pronounced improvement in 

antibacterial potency with only a modest increase in polymerization 

inhibition. This suggests that this feature is a key determinant for 

cellular activity, likely by influencing properties such as membrane 

permeability or metabolic stability and represents a crucial vector for 

future optimization.  

Compounds Structures 
MIC S. aureus 

(ɛg/ml) 

IC50* 

(ɛM) 

C11 

 

2 47.97 

C11.1 

 

Ó128 71.67 

C11.2 

 

8 23.73 
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C11.3 

 

Ó128 nd 

C11.4 

 

Ó128 41.9 

C11.5 

 

Ó128 34.61 

C11.6 

 

Ó128 nd 

C11.7 

 

8 29.39 

C11.8 

 

128 41.58 

C11.9 

 

128 nd 

C11.10 

 

Ó128 nd 

C11.11 

 

Ó128 nd 

C11.12 

 

Ó128 nd 

*Inhibition of FtsZSa polymerization; nd, not determined. 

 
Table 4. C11 derivatives and their activities 
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4.4 Computational Results  
 

4.4.1 Binding Mode Analyses 

 

Docking suggests that recognition of C11 by FtsZ is principally driven 

by hydrophobic interactions. The terminal benzyl moiety occupies a 

lipophilic subpocket formed by Ile197, Met218, Met226, and Ile311; 

the oxazole (or related heterocycle) packs against Leu200, Leu261, 

and Thr309; and the benzothiophene-dioxo fragment contacts Val203, 

Leu200, Leu209, and Val297. The sulfone group coordinates the 

bound divalent cation and form a hydrogen bond with the Leu209 

backbone amide (Figure 10).  

 

 
 

Figure 10. Proposed binding mode of C11. The enzyme is reported as blue cartoon, 

C11 is depicted as grey stick. The residues involved in interaction are reported as 

white lines, polar interactions are reported as yellow dotted lines. 
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4.4.2 Adaptive Steered Molecular Dynamics (ASMD) pipeline 

 

The inhibitory profile of GV1, a novel rationally designed analog of 

C11, was investigated using Adaptive Steered Molecular Dynamics 

(ASMD). Accurate estimation of ligandïtarget binding free energy is 

a critical yet challenging task in computer-aided drug design55. 

Computationally intensive techniques such as Free Energy 

Perturbation (FEP) have produced impressive results56ï58 but there 

remains a demand for more affordable methods capable of yielding 

comparable predictions. In this context, steered molecular dynamics 

(SMD) has emerged as a valuable alternative59,60. By simulating ligand 

unbinding from the binding pocket under an external harmonic bias, 

SMD can be used to derive the potential of mean force (PMF) along a 

chosen reaction coordinate and, consequently, to estimate the binding 

free energy. Several studies report that the maximum pulling force 

(i.e., the largest harmonic force required to provoke the unbinding 

event) correlates with the biological potency of the ligand61ï63. Thus, 

it can serve as a predictive metric to discriminate active from inactive 

compounds64 or to rank congeneric analogs65,66. ASMD partitions the 

reaction path into successive shorter segments, thereby reducing 

variance in the free-energy estimation performed via the Jarzynski 

equality and requiring fewer replicate simulations to achieve 

convergence. This segmentation yields a more reliable PMF at 

substantially lower computational cost compared to standard SMD, 

enabling pragmatic prediction of the putative potency of 

investigational compounds67ï69. 

The design of GV1 was based on the published optimization studies 

of the benzamide class of allosteric inhibitors of FtsZ70. Replacement 

of the rigid thiazolopyridine ring of PC190723 with a 4-phenyl-5-halo-

oxazole motif markedly improved antimicrobial activity, including 

against G196S and G193D resistant FtsZ mutants37. Given the 

structural similarity of the 5-benzyl-oxadiazole group in C11, it was 

hypothesized that incorporation of the central moiety from 5-halo-

oxazole derivatives into the C11 scaffold could enhance potency 

(Figure 11). ASMD was employed to evaluate this hypothesis. 
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Figure 11. Rational design of GV1. The 5-halo-oxazole linker is highlighted in pale 

blue while the benzothiophene-dioxo and 4-methoxy-phenyl groups of C11 are 

highlighted in dark pink.  

 

A retrospective benchmark was conducted to validate the optimal 

ASMD settings (spring constant, pulling velocity, and pulling 

direction) for prospectively estimating GV1 potency. This validation 

used compound C11 and four active analogs (11.1, 11.2, 11.5, and 

11.8) which were previously identified during structure-activity 

relationship studies. The goal of this benchmark was twofold: first, to 

assess the pipeline's ability to discriminate between high- and low-

potency derivatives under these settings; second, to determine if a 

meaningful correlation exists between the simulated peak pulling 

forces and the experimentally measured anti-polymerization activities 

of the compounds. 

 

4.4.3 Conventional Molecular Dynamics Simulations 

 

Prior to ASMD, conventional molecular dynamics (cMD) simulations 

were performed to assess the stability of all proteinïligand complexes 

and to generate equilibrated starting conformations (Figure 12). All 

complexes remained highly stable throughout 250 ns trajectories (Fig. 

6), with protein root-mean-square deviation (RMSD) values not 

exceeding 3 ¡ and ligand heavy-atom RMSD remaining below 1.5 ¡. 
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The minor, abrupt ligand fluctuations observed (RMSD Ò 0.5 ¡) were 

attributed to limited rearrangements of aromatic groups. These local 

motions occurred within the highly lipophilic subpocket of the 

interdomain cleft defined by Ile197, Met98, Met218, Met226, and 

Ile311 but did not disrupt key subpocket interactions. Similarly, the 

calcium coordination remained stable throughout the simulations. 
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Figure 12. RMSD analysis of conventional MD simulations for C11 and the selected 

analogs. Fluctuations of protein atoms are shown in blue, while fluctuations of ligand 

atoms are shown in red. 

 

4.4.4 Retrospective ASMD Benchmarking 

 

ASMD simulations were initiated from the final frames of these 

equilibrated trajectories, applying the pulling scheme described in the 

Methods section.  

Force profile analysis and visual inspection revealed that the 

unbinding mechanism of C11 is characterized by two distinct and 

successive events: the loss of interaction of the terminal 4-methoxy-

phenyl moiety with the lipophilic subpocket of the interdomain cleft 

(IDC) and the disruption of metal coordination between the calcium 

ion and one of the sulfonic oxygens (Figure 13A). Correspondingly, 

the force profile can be broadly divided into three distinct segments 

outlining these events. In the first part (P1), pulling force accumulates 

until a first peak is reached (11.77 kcalĿmol ĭĿ¡ ĭ), indicating the 

displacement of the aromatic group of C11 from the lipophilic 

subpocket. The second part (P2) starts with the rapid decay of the 
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pulling force, indicating the release of tension in the ligand, and 

depicts a protracted semi-unbound state of C11 inside the interdomain 

cleft. Interactions with various residues at the rim of the cleft partially 

block the complete release of the 4-methoxy-phenyl group, 

constraining C11 in a curved conformation (Figure 14B) until the 

accumulating pulling force is sufficient to extend C11 completely into 

the bulk solvent (Figure 14C). Importantly, the force accumulation 

necessary to disrupt this curved conformation is of lesser magnitude 

and less sharp compared to the primary accumulation leading to the 

first peak, suggesting that the interactions with the rim residues are of 

minor relevance and transitory. At this point, C11 is still bound to FtsZ 

via coordination with the calcium ion. In the last portion of the force 

profile (P3), force accumulates again until the coordination is 

disrupted (Figure 14D), and the ligand becomes completely unbound, 

fluctuating in the solvent. The calculated force necessary to induce the 

loss of interaction with calcium is approximately 8 kcalĿmol ĭĿ¡ ĭ. 

This lesser magnitude compared to the primary peak indicates that 

occupation of the lipophilic subpocket (defined by Ile197, Met98, 

Met218, Met226, and Ile311) is pivotal for binding at the interdomain 

cleft. This result is also corroborated by the reported medicinal 

chemistry expansion of the 3-MBA fragment, where the addition of 

lipophilic tails or aromatic scaffolds markedly increased binding, 

inhibition, and antimicrobial activity23. 

The reconstructed profile of PMF during the pulling experiments 

provides complementary insights into the unbinding of C11 (Figure 

13B). The energy constantly increases until complete detachment of 

the ligand from FtsZ is achieved, as indicated by the PMF plateauing 

at the same reaction coordinate value at which the disruption of 

calcium ion coordination occurs. Notably, the variance in the 

distribution of the calculated works from each replica of each ASMD 

stage is particularly reduced, indicating that the segmentation of the 

pulling path into small steps of 1 ¡ effectively mitigates possible 

deleterious effects and enables a good reconstruction of the PMF via 

the Jarzynski equality. 
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Figure 13. ASMD unbinding of C11. (A) Force profile. (B) Reconstructed PMF with 

work distributions from multiple replicas. Unbinding events are indicated by a star 

for loss of hydrophobic interactions in the IDC and a triangle for disruption of metal 

coordination. Segments of the unbinding mechanism are highlighted as follows: 

salmon for P1, pale green for P2, and pale cyan for P3. 
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Figure 14. Snapshots of the ASMD unbinding of C11. (A) Binding conformation at 

the start of simulation. (B) Curved conformation following the loss of hydrophobic 

interactions within the IDC. (C) Fully extended conformation of C11, with metal 

coordination still intact. (D) Complete unbinding of C11 into the bulk solvent. 

 

The same unbinding mechanism and trends in the force profiles were 

observed for all analyzed C11 analogs (Figure 15-18A). In all cases, 

the displacement of the aromatic moiety from the lipophilic subpocket 

of the interdomain cleft precedes the disruption of metal coordination 

with the calcium ion, thus strongly highlighting the critical role of 

hydrophobic interactions in achieving allosteric inhibition of FtsZ. 

Importantly, the portion of the force profile describing the transitory 

interactions between the first and second unbinding events (P2) is 

markedly different compared to C11 and among the analogs 

themselves. All the C11 analogs considered, except C11.1, possess a 

more rigid scaffold that does not allow a transitory curved 
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conformation. Although interactions with residues at the rim of the 

interdomain cleft are still observed, their relevance is further 

diminished by the increased molecular rigidity, which favors a direct 

transition of the terminal aromatic moiety into the bulk solvent. 

Consequently, this transitory phase was observed to be shorter for 

those C11 analogs, whereas for the flexible C11.1 it remained 

consistent with that observed for C11. The extracted PMF profiles for 

each analog provided complementary confirmation of these 

observations (Figure 15-18B). 

Compound C11.1 displayed a peculiar force profile (Figure 15A), with 

the pulling force required to disrupt aromatic interactions being of 

lower magnitude than that needed for disrupting metal coordination. 

This result coincides with the experimentally demonstrated poor 

inhibition of FtsZ polymerization by C11.1. 

Among all tested analogs, the force necessary to induce unbinding 

from the calcium ion was consistently calculated in the 8ï10 

kcalĿmol ĭĿ¡ ĭ range, leaving the primary peak as the only viable 

predictor to discriminate between low and high-potency FtsZ 

inhibitors. 
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Figure 15. ASMD unbinding of C11.1. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 
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Figure 16. ASMD unbinding of C11.2. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 
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Figure 17. ASMD unbinding of C11.5. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 
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Figure 18. ASMD unbinding of C11.8. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 

 

4.4.5 Statistical Analysis 

 

To retrospectively validate the predictions from the ASMD pipeline, 

the relationship between primary peak forces and biochemical anti-

polymerization activity against FtsZ (Table 5) was assessed using both 

Pearson and Spearman correlation metrics to detect linear and 

monotonic (non-linear) correlations, respectively. For the considered 

set of five compounds (C11, C11.1, C11.2, C11.5, C11.8), the 

calculated linear Pearson correlation was r = ī0.613 (p å 0.27), and 

the monotonic Spearman rank correlation was ɟ = ī0.700 (p å 0.19). 

These results indicate an inverse relationship between primary peak 

force magnitude and enzymatic inhibition, suggesting that this peak 

can be a useful predictor for the activity of benzothiophene-dioxo 

compounds. 
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However, the absolute values of the correlation coefficients indicate 

average-to-modest performance in both direct linear correlation and 

ranking. Visual inspection of the individual peak force and IC50 values 

revealed that C11.8 was a significant outlier. Upon removing this 

compound from the dataset, substantially stronger correlation values 

of r = ī0.89 (p å 0.11) and ɟ = ī1.00 were obtained. Notably, a perfect 

negative monotonic correlation (ɟ = ī1.00) was achieved, indicating 

successful ranking. This divergence is significant, suggesting that the 

proposed ASMD pipeline predicts the potency of benzothiophene-

dioxo compounds well, with the single exception of this one 

disproportionately large outlier. 

The unbinding trajectory of C11.8 was analyzed and visually inspected 

to identify a possible mechanism for this behavior, but no conclusive 

observations were made. The unbinding mechanism is completely 

coherent with that described for C11 and its analogs, with no 

noteworthy differences. The 2-methyl-furan group of C11.8 appears 

particularly stable in its interaction with the lipophilic subpocket of the 

interdomain cleft, thus yielding the high peak force necessary to 

induce unbinding, but no other abnormalities were observed. 

Additional biochemical testing is ongoing to exclude the possibility of 

an erroneous estimation of the inhibitory activity as the reason for this 

outlier. 

 
Compound Peak Force (kcalĿmol-1A-1) IC50 (ɛM)* 

C11 11.77 47.97 

C11.1 10.43 71.67 

C11.2 14.47 23.73 

C11.5 11.84 34.61 

C11.8 16.19 41.58 
*Inhibition of FtsZSa polymerization. 

 

Table 5. Peak force values and experimental IC50 values of C11 and its analogs. 

 

Another important consideration regards the dataset size. The dataset 

is small, with only five compounds (four if C11.8 is artificially 

removed), and therefore possesses limited statistical power which 

might be detrimental to prospective predictions. This limited size is 

imposed by the computational cost required to perform the staged, 

multi-replica ASMD simulations on the available computational 
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resources. Nevertheless, this approach remains substantially faster and 

more affordable than methods such as Free Energy Perturbation (FEP). 

 

4.4.6 Prospective Predictions by ASMD 

 

Based on the encouraging results from the retrospective validation of 

the ASMD pipeline, particularly for the dataset excluding the outlier 

C11.8, both enantiomers of GV1 were evaluated. The presence of the 

hydroxyl group in the central linker of GV1 introduces a stereogenic 

center, necessitating the separate evaluation of the two stereoisomers. 

According to available literature on 5-halo-oxazole derivatives and 

related chiral benzamide allosteric inhibitors70ï72, the (R) 

configuration is preferred, possibly due to the correct orientation of 

the hydroxyl group to form a hydrogen bond with Thr309. Therefore, 

(R)-GV1 was anticipated to exhibit stronger binding and, 

consequently, greater inhibitory potency against FtsZ compared to (S)-

GV1. 

 

 
Figure 19. RMSD analysis of conventional MD simulations for (R)-GV1 and (S)-

GV1. Fluctuations of protein atoms are shown in blue, while fluctuations of ligand 

atoms are shown in red. 
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The same ASMD pipeline was applied, using the exact settings as 

those used during the retrospective benchmarking. 

Force profiles confirmed the initial hypothesis, indicating that (R)-

GV1 binds more strongly to FtsZ than (S)-GV1. The calculated peak 

forces were 14.09 kcalĿmol ĭĿ¡ ĭ and 10.58 kcalĿmol ĭĿ¡ ĭ, 

respectively. Notably, (R)-GV1 is predicted to be more potent than the 

parent compound C11, thereby validating the applied rational design 

strategy. The binding conformation of this enantiomer perfectly aligns 

with available crystal data for 5-halo-oxazole derivatives, displaying a 

relaxed geometry with the hydroxy group predicted to be involved in 

hydrogen bonding with Thr309 (Figure 20). In contrast, the (S) 

configuration must assume a strained geometry to accommodate the 

aromatic moiety within the hydrophobic subpocket of the interdomain 

cleft, destabilizing binding and rendering the hydroxy group incapable 

of establishing any polar contacts. 

 

 
Figure 20. Initial frames of ASMD trajectories for (R)-GV1 (A) and (S)-GV1 (B). 

Both enantiomers are shown in teal, while the crystal conformation of a 5-halo-

oxazole derivative (PDB 6KVP) is depicted in salmon. Hydrogen bonds are 

represented as dashed yellow lines. 

 

Although still characterized by the two previously described 

successive unbinding events, the PMF profiles and visual inspection 
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revealed a different unbinding mechanism for the two enantiomers. 

GV1 is a flexible analog of C11 and, regardless of the absolute 

configuration, assumes a curved transient conformation after the loss 

of hydrophobic interactions within the interdomain cleft and before 

metal coordination is disrupted (segment P2). However, (S)-GV1 

remains stuck for a prolonged period in this curved conformation, 

establishing a complex network of hydrophobic and polar interactions 

with residues at the rim of the cleft. During this phase, the pulling force 

repeatedly accumulates and decays as these interactions are 

established and lost, until metal coordination is finally disrupted and 

(S)-GV1 is released into the bulk solvent while still in its curved 

conformation. (R)-GV1, in contrast, displays the customary unbinding 

mechanism observed for C11 and C11.1, where the transient curved 

conformation is elongated into the solvent with metal coordination still 

in place before finally detaching from FtsZ. The divergent unbinding 

mechanism of (S)-GV1 during phase P2 might be again attributable to 

the spatial orientation imposed by the stereogenic center, which favors 

these prolonged transient interactions. The actual biological relevance 

of this observation, however, is difficult to determine, but, in 

accordance with the observations obtained during the retrospective 

validation, it is likely of minor significance compared to the primary 

force peak required for unbinding from the interdomain cleft. 
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Figure 21. ASMD unbinding of (R)-GV1. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 

 

 



ммо 
 

 
Figure 22. ASMD unbinding of (S)-GV1. (A) Force profile. (B) Reconstructed PMF 

with work distributions from multiple replicas. Unbinding events are indicated by a 

star for loss of hydrophobic interactions in the IDC and a triangle for disruption of 

metal coordination. Segments of the unbinding mechanism are highlighted as 

follows: salmon for P1, pale green for P2, and pale cyan for P3. 
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4.5 Conclusions 
 
This chapter details the successful discovery and characterization of 

C11, a novel allosteric inhibitor of the bacterial division protein FtsZ, 

identified through a combined virtual screening and experimental 

validation workflow. C11 features a previously unreported 

benzothiophene-dioxo scaffold and inhibits FtsZ by disrupting 

polymerization and filament bundling, rather than by affecting 

GTPase activity. This mechanism translates to potent, bacteriostatic 

activity against the Gram-positive pathogen S. aureus (MIC = 2 

ɛgĿmL ĭ), including clinical and MRSA isolates. C11 was also shown 

to inhibit and eradicate biofilms and demonstrated significant in vivo 

efficacy in a Galleria mellonella infection model. Notably, C11 acts 

synergistically with ɓ-lactam antibiotics, restoring meropenem 

susceptibility in some MRSA strains.  

Computationally, an Adaptive Steered Molecular Dynamics (ASMD) 

pipeline was proposed for the rational design of C11 derivatives. 

Retrospective validation was performed by estimating the correlation 

between peak force and biochemical anti-polymerization activity for 

C11 and a small dataset of closely related analogs. Satisfactory results 

were obtained, although a single and disproportionally large outlier 

emerged, necessitating further evaluation. GV-1, a rationally design 

derivative of C11, was prospectively assessed using the validated 

ASMD pipeline and was predicted to be more potent than C11. 

Chemical synthesis of GV1 is currently ongoing, and experimental 

validation of the computational predictions is expected to follow. 

Despite these promising results, the C11 scaffold exhibits key 

limitations. The primary drawback of the compound is the inactivity 

against Gram-negative bacteria, which was shown to be a consequence 

of active RND-type efflux pumps. Furthermore, structure-activity 

relationship (SAR) studies revealed a disconnect between high 

biochemical potency and antibacterial activity in several analogs, 

suggesting that cellular permeability is a critical property requiring 

optimization. 

Future developments should therefore focus on medicinal chemistry 

efforts to optimize the benzothiophene-dioxo scaffold. The principal 

goal is to design analogs that evade efflux pump recognition, thereby 
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broadening the antibacterial spectrum to include Gram-negative 

pathogens. The validated ASMD workflow can be deployed in this 

optimization campaign to rationally design and prioritize next-

generation analogs. However, a more statistically robust validation is 

necessary, requiring the inclusion of a larger dataset of experimentally 

tested C11 analogs. Additionally, the strongly divergent profile of the 

outlier, C11.8, needs to be addressed more thoroughly to investigate 

the underlying reasons for its unexpected behavior in ASMD 

simulations. 
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5. Virtual Screening for the Discovery of a 

Novel DNA Gyrase Inhibitor and Drug 

Design Studies Using Cosolvent Molecular 

Dynamics and Thermodynamic Profiling of 

Hydration Sites  

5.1 Introduction 

The double-helical structure of DNA necessitates continuous 

management of topological strain during essential cellular processes 

such as replication and transcription1. As the strands separate, positive 

supercoils accumulate ahead of the enzymatic machinery, creating a 

physical barrier that can impede the progression of replication forks 

and threaten cell viability if unresolved2. Topoisomerases, found 

across all domains of life, are the primary enzymes dedicated to 

resolving this topological strain3. They bind to the DNA duplex and 

cut the sugar-phosphate backbone of either one (type I 

topoisomerases) or both (type II topoisomerases) strands, creating a 

transient break that allows the DNA to be untangled. In bacteria, this 

function is primarily performed by DNA gyrase, a type IIA 

topoisomerase4. DNA gyrase possesses the unique ability, not found in 

its eukaryotic counterparts, to actively introduce negative supercoils 

into DNA, thereby counteracting the positive supercoiling generated 

during replication and transcription5. This mechanistic distinction is 

fundamental, providing the rationale for exploiting DNA gyrase as a 

highly effective antibacterial target6. 

The catalytic cycle of DNA gyrase follows the canonical ATP-

dependent, triple-gated strand-passage mechanism of type IIA 

topoisomerases7 (Figure 23). The enzyme, in its open conformation, 

binds two distinct DNA segments: a G-segment (gate segment) and a 

T-segment (transported segment). Upon the binding of two ATP 

molecules, the N-terminal ATPase domains dimerize, closing the first 

gate (N-gate) and capturing the T-segment within the upper cavity of 

the complex8. Hydrolysis of the first ATP molecule locks the enzyme 

in this closed conformation and powers the coordinated domain 
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movements for subsequent steps. Next, a pair of active-site tyrosines 

executes a nucleophilic attack on opposing phosphodiester bonds of 

the G-segment, generating covalent 5ǋ-phosphotyrosyl enzymeïDNA 

intermediates known as the cleavage complex9. This double-strand 

break opens the second gate (DNA-gate), allowing the T-segment to 

pass through the resulting gap. Following this passage, the G-segment 

is religated, closing the DNA-gate and resulting in a change in the 

DNA linking number of -27. The T-segment is then released from the 

enzyme's lower cavity through the opening of a third gate (C-gate), a 

step triggered by the hydrolysis of the second ATP molecule10. Finally, 

the release of ADP and inorganic phosphate (Pi) from the ATPase 

domains reopens the N-gate, resetting the enzyme for the next catalytic 

cycle8. 

 

 
Figure 23. Proposed mechanism of action of DNA gyrase. Illustration by Keri Leigh 

Jones, MSMI, CMI. 11 
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The three-dimensional architecture of DNA gyrase has evolved to 

enable each catalytic step (Figure 24). Functionally, the enzyme 

operates as a heterotetramer composed of two GyrA and two GyrB 

subunits (A B ), with each subunit performing distinct but tightly 

coupled roles that couple ATP hydrolysis to DNA strand passage and 

topological rearrangement12. GyrB contains the N-terminal ATPase 

and the TOPRIM domains. The N-terminal ATPase domain adopts a 

GHKL (Bergerat) ATP-binding fold and dimerizes with its counterpart 

upon ATP binding to form the N-gate13. It is directly responsible for T-

segment capture and for the mechanochemical coupling of ATP 

hydrolysis to large conformational changes. The TOPRIM domain, 

positioned adjacent to the ATPase domain, coordinates divalent 

cations (MgĮ ) required for DNA cleavage and religation and 

contributes to formation of the DNA-gate, thereby stabilizing the 

catalytic core during strand passage14. GyrA supplies the active-site 

tyrosines, which are located in a N-terminal cleavage/ligation CAP-

like domain containing a helixïturnïhelix motif, and a large C-

terminal ɓ-pinwheel domain (CTD) that mediates chiral wrapping of 

DNA around the enzyme and the consequent introduction of negative 

supercoils15,16. 

 
Figure 24. CryoEM structure of the complete E. coli DNA Gyrase complex bound 

to a 130 bp DNA duplex (PDB 6RKW). GyrB in cyan and royal blue, GyrA in beige 

and brown. DNA strand in green.  
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Gyrases from different bacterial phyla exhibit notable sequence and 

structural differences. For example, mycobacterial gyrase presents 

insertions and loop variations that alter the geometry of the cleavage 

pocket, influencing DNA and inhibitor binding17. These features 

contribute to the characteristic intrinsic drug susceptibilities and 

resistance pathways in mycobacteria, which are of critical 

pharmacological relevance18. 

 

From a medicinal-chemistry and drug-discovery perspective, DNA 

gyrase is one of the most validated antibacterial targets19. Its attractive 

features include essentiality in most bacteria, absence of an equivalent 

nuclear enzyme in eukaryotes, and the presence of several well-

defined, druggable pockets that can be exploited by distinct 

chemotypes20. Although numerous compounds are reported to inhibit 

DNA gyrase, structural validation is available for only a limited 

number21,22. The rise of resistance to established inhibitors, such as the 

fluoroquinolones, has necessitated the discovery of novel compounds 

that engage the enzyme through alternative mechanisms of action and 

evade cross-resistance23. A brief overview of key inhibitor classes is 

provided below.  

¶ Fluoroquinolones (FQs). As prototypical gyrase poisons, FQs 

stabilize the gyrase-DNA cleavage complex24. They bind at the 

GyrA-GyrA interface of the DNA-gate and intercalate into the 

scissile DNA duplex25. Their interaction with GyrA is 

mediated by a non-catalytic ion and an ordered water molecule, 

forming a waterïmetal-ion bridge26. Two conserved residues, 

Ser83 and Asp87, are crucial for stabilizing this bridge to 

enable high-affinity FQ binding. Resistance mutations, 

particularly S83L and D87N27, disrupt this interaction and have 

largely eroded the clinical efficacy of this class. Functionally, 

FQs trap a cleavage complex that prevents G-segment 

religation, leading to the accumulation of bactericidal double-

strand DNA breaks24. 

  
bŀƭƛŘƛȄƛŎ !ŎƛŘ /ƛǇǊƻƅƻȄŀŎƛƴ 
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¶ Imidazopyrazinones (IPYs). This more recently discovered 

class also stabilizes the cleavage complex by occupying the 

same binding site as FQs28. However, IPYs engage GyrA 

directly without requiring the waterïmetal ion bridge. This is 

enabled by conformational transitions induced by IPY binding, 

such as tilting of the TOPRIM domain toward the scissile 

phosphate and movements at the GyrA interface. This 

alternative binding mode allows IPYs to retain activity against 

many FQ-resistant gyrase mutants, producing gyrase 

poisoning effects through a distinct mechanism. 
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¶ Spiropyrimidinetriones (SPTs). Exemplified by 

zoliflodacin29, SPTs are a third class of intercalating gyrase 

poisons that stabilize the cleavage complex via a completely 

different mechanism30. Their spirocyclic scaffold engages a 

binding pocket on GyrA that partially overlaps with that of FQs 

but involves entirely different interactions, independent of the 

non-catalytic metal ion and the residues critical for FQ and IPY 

binding. Consequently, SPTs maintain activity against mutants 

harboring typical FQ-resistance mutations. 
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¶ Novel Bacterial Topoisomerase Inhibitors (NBTIs). NBTIs 

are a mechanistically and structurally distinct class31 whose 

binding pocket is located along the DNA gyrase symmetry 

axis, non-overlapping with those of other inhibitors32. They 
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adopt an L-shaped binding mode, where one aromatic moiety 

intercalates into the DNA while a flexible linker positions a 

second aromatic moiety and a basic amine into an adjacent 

protein pocket. NBTIs typically induce single-strand breaks, 

suggesting a mechanism distinct from traditional gyrase 

poisoning33. A major limitation of this class has been liability 

toward the hERG potassium channel34, attributed to its 

pharmacophore comprising a central basic group flanked by 

two terminal aromatic moieties, which is reported to interact 

with the channel35ï39. Notably, gepotidacin40, a member of this 

class, was approved by the U.S. Food and Drug Administration 

(FDA) in March 2025 for the treatment of uncomplicated 

urinary tract infections (uUTIs)41. 

 

 
 

DŜǇƻǝŘŀŎƛƴ D{Yнффпно 

  

¶ ATP-competitive inhibitors. Because ATP binding and 

hydrolysis are essential for the gyrase catalytic cycle, 

competitive inhibition of the GyrB ATPase domain represents 

an attractive strategy42. Novobiocin, clorobiocin, and other 

aminocoumarins constituted the first generation of ATP-

competitive gyrase inhibitors43 and, despite their potency, 

clinical utility was limited by poor pharmacokinetics and 

safety profiles44. To address these limitations, several synthetic 

chemotypes have been developed to improve drug-likeness45, 

culminating in SPR719 and its phosphate prodrug SPR720, 

both of which have advanced to Phase II clinical trials46. 
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¶ Allosteric inhibitors. These inhibitors target conformational 

control points distal to the canonical active sites, selectively 

stabilizing different catalytic states of the supercoiling 

process47. Two main classes exist: 

Á Isoquinoline sulfonamides and gyramides. These 

molecules bind an allosteric pocket within GyrA, 

adjacent to the catalytic domain and spatially separated 

from the DNA gate48. They typically feature an 

aromatic head group connected via a sulfonamide 

linker to a basic central moiety and a hydrophobicï

aromatic tail48ï51. Although the overall pharmacophore 

resembles that of NBTIs, the distinct molecular 

geometry precludes overlapping mechanisms of 

action50. These inhibitors arrest DNA gyrase in a pre-

cleavage state, leaving the DNA duplex intact and 

thereby avoiding the DNA damage associated with 

gyrase poisons and NBTIs48. Importantly, no hERG-

mediated cardiotoxicity has been reported for this 

class. 
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Á Thiophenes, biphenyls and benzoisoxazoles. 

Structural studies reveal that these compounds bind a 

transient allosteric pocket formed at the GyrAïGyrB 

interface, specifically between the helixïturnïhelix 

motif harboring the active-site tyrosines and the 

TOPRIM domain52. This pocket is predominantly 

hydrophobic, with solvent-exposed acidic and basic 

residues engaged in linearly arranged salt-bridge 

interactions53,54. High-affinity binding requires 

occupation of the hydrophobic regions with aromatic 

scaffolds and establishment of polar contacts with 

residues R630 and E634, which participate in the salt-

bridge network52ï54. Unlike isoquinoline sulfonamides 
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and gyramides, inhibitors targeting this site stabilize 

the cleavage complex and impede interdomain 

movements required for religation, resulting in 

accumulation of single- or double-strand breaks. 

Interestingly, this pocket is partially occupied by 

evybactin, a natural cyclic depsipeptide with potent and 

selective activity against Mycobacterium 

tuberculosis55. Evybactinôs selectivity appears to 

depend primarily on uptake via a mycobacterial 

transporter rather than on significant enzyme sequence 

divergence. Similar to NBTIs, several compounds in 

this class exhibit hERG-mediated cardiotoxicity52ï54 

due to the general pharmacophore comprising a basic 

moiety flanked by aromatic groups, with resulting 

limited clinical applicability.  
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The present chapter describes the virtual-screeningïassisted discovery 

of a novel putative allosteric inhibitor of DNA gyrase that targets the 

thiophene allosteric pocket. Although this allosteric strategy has been 

limited by significant cardiotoxicity, it remains relatively unexplored 

compared with other gyrase-inhibition approaches47. Thiophene 

derivatives constitute the only well-characterized class of inhibitors 

known to engage this pocket52, and virtually no medicinal chemistry 

efforts have been reported to investigate alternative scaffolds beyond 

closely related biphenyl54 and benzoisoxazole analogs53. In contrast to 

NBTIs56,57, scaffold optimization aimed at mitigating hERG liability 

has never been documented, leaving substantial opportunity to explore 

new chemical space. 

Compound RS5430 emerged from the screening campaign as a potent 

antibacterial agent against a panel of Gram-positive strains, exhibiting 

a consistent MIC of 5 ÕM also against fluoroquinolone-resistant 

isolates. No cytotoxicity against HaCaT cells58 was observed at 

antibacterial concentrations and enzymatic assays confirmed on-target 
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activity, with dose-dependent inhibition of DNA gyrase demonstrated 

by accumulation of supercoiled plasmids. Importantly, RS5430 lacks 

a basic center, providing a structural template for the development of 

allosteric inhibitors targeting the thiophene pocket that may be devoid 

of hERG-mediated cardiotoxicity36. 

RS5430 showed no activity against Gram-negative strains, even in the 

presence of the outer-membrane permeabilizer temporin L59. To assess 

whether the observed divergent activity was attributable to variations 

in the primary structure of the allosteric pocket, sequence alignment 

and homology modeling analyses were performed60. A single 

substitution appeared potentially relevant, and its impact on the 

binding of RS5430 and a reference thiophene inhibitor to DNA gyrase 

was examined through molecular dynamics (MD) simulations. The 

results indicated that single-point substitutions within the pocket are 

unlikely to explain the lack of activity against Gram-negative strains, 

suggesting that alternative resistance mechanisms (e.g., efflux 

systems61) may contribute to the observed phenotype. Following a 

preliminary structureïactivity relationship (SAR) evaluation of 

RS5430 analogs, a novel computational pipeline, combining cosolvent 

molecular simulations62,63 with thermodynamic water profiling of 

hydration sites at the allosteric pocket64,65, was applied to rationalize 

the binding dynamics observed during MD simulations and to identify 

potential optimization vectors for RS5430. Notably, this approach was 

able to retrospectively reproduce the interaction hotspots previously 

reported for thiophene allosteric inhibitors, providing the necessary 

validation for prospective predictions on the possible future 

optimization strategies to design RS5430 derivatives. 
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5.2 Materials and Methods 

5.2.1 Virtual Screening 

 

Co-crystal structures of DNA gyrase complexed with allosteric 

inhibitors at the thiophene binding site were retrieved from the Protein 

Data Bank and inspected individually. Among the four available 

structures (PDB codes: 5NPK52, 5NPP52, 6QX153, 6QX253), the 

electron density for the 2-chlorophenyl and diazaindene derivatives 

was of higher quality than that observed for the benzoisoxazole 

derivatives. Examination of 2FoïFc maps contoured at 1.5 ů indicated 

that the experimental density unambiguously defined the binding 

orientation of the co-crystallized inhibitors in PDB entries 5NPK and 

5NPP; this level of definition was not observed for the other deposited 

structures. The residues forming the allosteric pockets showed a 

similar trend in local resolution. Considering the enhanced potency of 

the 2-chlorophenyl derivative relative to the diazaindene derivative52, 

PDB entry 5NPP (Figure 25) was selected as the reference crystal for 

the present study and for execution of the virtual screening; this entry 

corresponds to Staphylococcus aureus DNA gyrase. 

 

 
Figure 25. X-ray crystal structure of Compound 2 bound to S. aureus (PDB 5NPP) 
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Protein preparation was performed in Maestro (Schrºdinger Release 

2022-4: Maestro, Schrºdinger, LLC, New York, NY, 2022). Hydrogen 

atoms were added and missing side chains and short loops were 

modelled. Crystallographic waters and other solvent molecules were 

removed. A screening collection was generated by merging the 

commercial libraries of Life Chemicals66, SPECS67, and Enamine68 

with an in-house collection of drug-like compounds. Approximately 

5,000,000 unique compounds were obtained, and subsequent filters 

removed molecules that violated Lipinskiôs rule of five69 or contained 

PAINS substructures70. Ligand structures were protonated at 

physiological pH while tautomeric forms were not enumerated. 

Energy minimization of ligands was carried out with the OPLS4 force 

field71. 

Virtual screening was performed with GOLD72 as the docking engine, 

using the geometric center of the co-crystallized ligand at chain B as 

the docking center and applying a spherical search box with a 12 ¡ 

radius. Ten docking poses were generated per compound. All docking 

poses were post-processed based on their in-place alignment with a 

pharmacophore model73 derived from the crystal orientation of the 

ligand. Thus, only poses that displayed a matching orientation of 

analogous pharmacophoric features were advanced to visual 

inspection74,75. The pharmacophore model was constructed with 

Phase76,77 and comprised seven features in total: three aromatic, one 

aliphatic, one positively ionizable (cationic), one hydrogen-bond 

acceptor (HBA), and one hydrogen-bond donor (HBD). The HBD 

feature corresponded to a water-mediated interaction with GyrA-

P34352. This feature was considered only marginally during filtering 

and visual inspection because the bridging water displayed an elevated 

B-factor (å52.94 ¡Į), indicative of mobility, despite unitary occupancy 

and detectable electron density at the 1.5 ů contour level. Poses 

satisfying at least six of the seven pharmacophore features were 

retained. From approximately 10,000 filtered poses, ten structurally 

diverse molecules were selected by visual inspection and advanced to 

biological testing. 

All docking calculations were performed on a Supermicro workstation 

powered by Intel Xeon Silver processors totaling 64 cores. 
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5.2.2 Sequence Similarity and Homology Modelling 

 

Primary sequences of GyrA and GyrB from four bacterial species were 

aligned and compared using the Clustal Omega multiple sequence 

alignment web server78. To match the strains used in biological testing 

of RS5430, the following UniProt entries were employed: for GyrA, 

P20831 (S. aureus), P0C0R0 (S. epidermidis), P0AES4 (E. coli), and 

P48372 (P. aeruginosa); for GyrB, P0A0K8 (S. aureus), Q8CQK4 (S. 

epidermidis), P0AES6 (E. coli), and Q9I7C2 (P. aeruginosa). 

Similarity matrices were obtained as plain-text output from the same 

server.  

Residues comprising the allosteric pocket used for local similarity 

calculations were selected by applying a 6 ¡ cutoff from the co-

crystallized ligand in PDB 5NPP52. The selection was then manually 

curated to remove residues whose side chains were oriented away from 

the pocket and that did not contribute meaningfully to pocket shape or 

ligand interaction. Using the S. aureus sequence as reference, the 

selected residues were: for GyrA, A26, M27, S28, V29, I30, V31, 

G178, M179, A180, I336, R342, P343, K344, and L345; for GyrB, 

R630, E634, A637, and Y639. 

Homology models were built with Prime79,80 using the same primary 

sequences and the crystal conformation of PDB 5NPP52 as the 

structural template. 

 

5.2.3 Conventional Molecular Dynamics 

 

All conventional molecular dynamics (MD) simulations were 

executed utilizing the AMBER22 package81. Ligand parameters and 

topology files were generated via the Antechamber utility, available 

within the AmberTools suite82. This process involved automatic atom 

typing and the assignment of partial charges using the AM1-BCC 

semiempirical charge model83. Subsequent system preparation was 

conducted using the tleap module. The ff19SB force field84 was 

applied to the protein, while the GAFF2 force field85 was employed 

for the ligand. Each protein-ligand complex was explicitly solvated 

within a truncated octahedral periodic box using the TIP3P water 

model86, with a minimum solvent buffer of 10 ¡ between any solute 

atom and the periodic box edge. Ionic neutralization of the system was 
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performed using the standard ion-placement routine of tleap. The final 

system topology and initial coordinates were saved in prmtop and 

inpcrd formats, respectively. 

The simulation workflow commenced with a two-stepped energy 

minimization, followed by controlled thermalization, isothermalï

isobaric equilibration, and a final production.  

In the first minimization step, solute atoms were subjected to strong 

positional restraints implemented via a harmonic potential with a force 

constant of 100 kcalĿmol ĭĿ¡ Į. The procedure comprised up to 1,000 

minimization cycles, with the first 100 executed using the steepest-

descent algorithm. In this manner, solvent molecules and ions were 

relaxed around the restrained solute. A nonbonded interaction cutoff 

of 12 ¡ was applied. In the second minimization step, all atoms were 

unrestrained and relaxed for 10,000 minimization cycles (the initial 

100 in steepest descent), using the same nonbonded cutoff. 

Subsequently, the system was gradually heated from 100 K to 300 K 

over 100 ps under isochoric (NVT) conditions. Temperature was 

regulated using a Langevin thermostat87 with a collision frequency set 

to 5 ps ĭ. An integration timestep of 2 fs was enabled by constraining 

all bonds involving hydrogen atoms via the SHAKE algorithm88. 

Coordinates and restart files were saved every 2.0 ps, and energy data 

were recorded every 0.2 ps. 

The system was then equilibrated for 100 ps at 300 K under 

isothermalïisobaric (NPT) conditions to allow the simulation cell 

volume to relax to its equilibrium density. This phase employed the 

same thermostat and constraint scheme as the heating step, with 

pressure control managed by the Berendsen barostat89. 

Coordinate/restart and energy information were written at 2.0 ps and 

0.4 ps intervals, respectively. 

Production simulations were subsequently performed in triplicate for 

each system. Each replicate was simulated for a 500 ns trajectory 

within the NPT ensemble, utilizing the same thermostat, barostat, and 

constraint parameters established during equilibration. To ensure 

independent sampling, each production run was initiated from the final 

equilibrated structure but with initial velocities reassigned randomly 

from a Maxwell-Boltzmann distribution corresponding to 300 K. 

During the production phase, trajectory frames and restart files were 

written every 10 ps, while energies were recorded every 2.0 ps. 
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All post-simulation trajectory analyses were conducted using the 

CPPTRAJ module90. The analyses performed included: Root Mean 

Square Deviation (RMSD) calculations for the protein-DNA-ligand 

complex and for the ligand independently, Root Mean Square 

Fluctuation (RMSF) analysis focusing on residues composing the 

thiophene allosteric site, characterization of ligand mobility by 

tracking the centers of mass (COMs) of its functional groups, 

hydrogen bond analysis; and analysis of the salt bridge network. 

 

5.2.4 Cosolvent Molecular Dynamics 

 

Simulations in the presence of different cosolvent molecules were 

conducted using CosolvKit63. The selection of cosolvent molecules is 

critical for this type of simulation91ï93, as they must possess the desired 

features (e.g., aromatic, aliphatic, hydrogen-bond acceptor/donor, 

charged) to probe interaction hotspots on the target, while also having 

sufficient solubility to diffuse efficiently within the aqueous 

simulation box. CosolvKit allows for the application of custom 

repulsive forces to prevent cosolvent aggregation63, but these forces 

must remain relatively low to avoid excessive alteration of the 

Lennard-Jones potential term of the force field. 

Following a trial-and-error assessment, a panel of 11 cosolvent 

molecules was selected (Table 6), comprising: benzene, pyrimidine, 

and pyridine as six-membered aromatic probes; thiophene, imidazole, 

and thiazole as five-membered aromatic probes; propane as a highly 

diffusive lipophilic probe; acetate and tetrazolate as negatively 

charged probes; and methylammonium and imidazolonium as 

positively charged probes.  

Water was used as an efficient and adaptable hydrogen-bond acceptor 

(HBA) and hydrogen-bond donor (HBD) probe, as reported in the 

literature94ï96. It is important to note that several probes combine 

different features (for example, tetrazolate is both aromatic and 

negatively charged, while pyridine is both aromatic and an HBA); this 

diversity increases the variety of potential interaction hotspots that can 

be evaluated. 
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Aromatic Cosolvents 
 

Charged Cosolvents 
 

 
Benzene 

 

 
Thiophene 

 
 

Imidazolonium 

 
 

Methyl-
ammonium 

 
Pyrimidine 

 

 
Imidazole 

 

 
Tetrazolate 

 
Acetate 

 
Pyridine 

 

 
Thiazole 

 

 
Lipophilic Cosolvents 

 
 

Propane 

 
Table 6. Panel of cosolvents molecules used in this study. 

 

For each of these cosolvents, 15 simulation replicas were conducted 

using an identical number of cosolvent and solvent molecules. The 

system was prepared from scratch for each replica. This re-preparation 

step is important, as CosolvKit uses a Halton sequence97 generator for 

the initial placement of cosolvent molecules, which enables a random 

distribution of the probes. Re-preparing the system for each replica 

avoids potential bias in the simulation results arising from specific 

initial probe positions and thereby better approximates diffusion 

driven by Brownian motion. The specific number of cosolvent and 

solvent molecules was defined by running a preliminary system 

preparation for each cosolvent separately at a concentration of 0.15 M. 

The resulting number of molecules was used for the final preparation 

of the systems for production runs. Protein interactions were modeled 

using the Amber ff14sb force field98, the TIP3P-FB model for water 

molecules, and Espaloma99 for the assignment of cosolvent 

parameters. The simulation box was cubic, with 10 ¡ of padding in 

every direction from the target structure. 

Each simulation replica was conducted at 300 K for 100 ns, following 

the standard minimization, heating, and relaxation protocol provided 
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by CosolvKit. Overall, each cosolvent molecule accumulated 1.5 ɛs of 

total simulation time. Repulsive forces, at their default settings, were 

applied only to the aromatic and aliphatic probes to prevent 

aggregation. 

Post-processing of the trajectories was conducted as indicated in the 

official repository. However, a custom MDAnalysis100,101 script was 

used to obtain focused density maps with consistent origins, sizes, and 

grid spacing. This step was crucial, as all densities from the 15 replicas 

for each cosolvent were combined using the provided CosolvKit 

script, which strictly requires matching map origins and dimensions. 

The combination was performed by pointwise averaging of the grid 

density file values. Finally, the average densities were smoothed in 

UCSF Chimera102 using Fourier-Space Smoothing with a cutoff 

frequency of 0.375 ¡ (coinciding with the grid spacing used during 

density map generation). Visual inspection of the densities was 

performed using the same software. 

 

5.2.5 WaterKit simulations 

 

Thermodynamic profiling of the hydration sites at the thiophene 

allosteric pocket was performed using WaterKit65. This program is a 

fast, grid-based explicit-water sampling tool that builds hydration 

shells iteratively from receptor anchor points (i.e., solvent-exposed 

hydrogen-bond donors and acceptors). For each anchor, candidate 

interaction sites are evaluated on precomputed affinity grids and 

sampled stochastically, using a spherical probe whose placements are 

Boltzmann-weighted according to grid energies and accepted with a 

Metropolis criterion. Probes placed in accepted positions are 

converted to explicit TIP3P waters, and their orientations are selected 

from a precomputed orientation library. Each placed water generates 

new anchors for subsequent layers, and repeated stochastic placements 

followed by short, restrained energy minimizations yield a trajectory 

of discrete hydration frames that reproduces MD water sampling at a 

far lower computational cost. Ensembles were then analyzed with Grid 

Inhomogeneous Solvation Theory (GIST)103,104. Voxelized soluteï

water (Ὁ ) and waterïwater (Ὁ ) interaction energies, along with 

translational and orientational entropic contributions (ὝὛ , 



мпо 
 

ὝὛ ), were computed and Gaussian-summed to yield the per-site 

water binding free energy (ɝὋ), defined as: 

 

ɝὋ Ὁ Ὁ ὝὝὛ ὝὛ  

 

The crystal structure (PDB ID: 5NPP52) used for virtual screening was 

prepared according to the standard WaterKit procedure reported in the 

official repository105. Notably, the DNA strand was removed from the 

crystal structure, as AutoGrid4106 (used internally by WaterKit) does 

not support nucleic acids. Simulations were performed using the 

provided script, with a box measuring 18 Ĭ 24 Ĭ 22 ¡ manually 

positioned around the ligand. A total of 10,000 frames were generated; 

each was energetically minimized for 100 steps with a 2.5 kcalĿmol-

1Ŀ¡-2 restraint on heavy atoms. GIST calculations were run separately 

using CPPTRAJ107, applying the default 0.5 ¡ grid spacing, the same 

center coordinates as the WaterKit analysis, and appropriately sized 

box dimensions. Final hydration sites and their corresponding 

Gaussian-smoothed density maps were obtained using the script 

available on the repository page.  
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5.3 Biological Evaluation 

5.3.1 Antibacterial Activity 

 

Compounds selected by virtual screening were initially assessed for 

antibacterial activity against planktonic Staphylococcus aureus 

(ATCC 25923). Among the tested compounds from the in-house 

library, RS5430 emerged as a potent inhibitor of bacterial growth with 

a calculated minimum inhibitory concentration (MIC) of 5 ɛM (Table 

7). To further explore the inhibitory potential of this compound, S. 

epidermidis (ATCC 12228) was also evaluated, and a similar 

inhibitory concentration was determined. As a comparative reference, 

ciprofloxacin displayed an MIC of 1.5 ɛM under the same 

experimental conditions. Considering the largely unoptimized 

chemical structure of RS5430, these results were deemed particularly 

promising. 

 

 MIC (ÕM) 

 S. aureus 

ATCC 25923 

S. epidermidis 

ATCC 12228 

S. aureus 

#3 MDR 

S. aureus 

#4 MDR 

RS5430 5 5 5 5 

Ciprofloxacin 1.5 1.5 > 12 > 12 

 
Table 7. Compound (12.8 mM in 100% DMSO) was tested against bacterial cells 

(5Ĭ10^5 CFU/mL) using serial dilutions in MH-II cation adjusted medium. Cultures 

were incubated for 16ï18 h, and MIC was defined as the lowest concentration 

inhibiting growth. Data represent three biological replicates. 

 

Two different multidrug-resistant (MDR) S. aureus strains were also 

tested, consistently exhibiting a similar MIC of 5 ɛM. Importantly, the 

activity of ciprofloxacin dramatically decreased against these strains 

(MIC > 12 ɛM), demonstrating that RS5430 possesses activity against 

mutant strains resistant to fluoroquinolones. These results suggest a 

mechanism of action for RS5430 that differs from fluoroquinolone 

(FQ)-mediated DNA gyrase poisoning108. 

Growth-kinetic experiments further characterized inhibition of 

bacterial replication over an 18-hour period (Figure 26). At 

concentrations equal to or greater than the MIC, growth was 
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completely abrogated. At sub-MIC concentrations a dose-dependent 

effect was observed: at İ MIC (2.5 ɛM) inhibition was partial but 

clearly distinguishable from the untreated control; at ı MIC (1.25 ɛM) 

growth inhibition was minimal (marginally evident in the case of S. 

epidermidis); at 1/8 MIC (0.625 ɛM) no inhibition was detected. 

 

 
Figure 26. Growth kinetics of Staphylococcus strains exposed to RS5430 at varying 

concentrations. Data are mean Ñ SD from three independent experiments. Solid lines 

indicate MIC and above-MIC levels while dotted lines indicate below-MIC levels. 
 

5.3.2 Supercoiling Enzymatic Assay 

 

To validate DNA gyrase inhibition as the mechanism of action for 

RS5430, enzymatic assays were performed on purified S. aureus DNA 

gyrase, using ciprofloxacin as a positive control. RS5430 produced 

dose-dependent inhibition of DNA gyrase, reaching approximately 

80% inhibition at 10Ĭ MIC (50 ɛM). Notably, ~75% inhibition was 

already observed at the MIC (5 ɛM), further demonstrating the 

potency of RS5430 as a virtual-screening-identified hit compound 

(Figure 26). Increasing RS5430 concentration from 50 ɛM to 512 ɛM 

did not yield a significant additional increase in gyrase inhibition, 

suggesting saturation of the target and that the maximum achievable 

inhibition, within the detection limits of the assay, had been reached. 
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For comparison, the same percentage of inhibition (80%) was obtained 

with ciprofloxacin at 100 ɛM (the maximum concentration tested). 

 

 
Figure 26. (A) Supercoiling assay of S. aureus DNA gyrase (0.0166 U/ÕL; 30 ÕL 

reaction) in the presence of ciprofloxacin (10 mM stock; tested at 1ï100 ÕM) and 

RS5430 (12.5 mM stock; tested at 0.5ï512 ÕM). Conditions followed the 

manufacturerôs protocol (INSPIRALIS SAS4001). Enzyme concentration was 

optimized to achieve 100% plasmid supercoiling. (B) Inhibition of S. aureus DNA 

gyrase activity expressed as percentage relative to the positive control (DMSO 1%, 

set as 100% supercoiling). Band intensities were normalized to the control, and 

results represent the mean Ñ SEM of three independent experiments. 

 

5.3.3 Cytotoxicity Studies 

 

The cytotoxicity profile of RS5430 was evaluated in human 

keratinocyte (HaCaT) cells using a CCK-8 viability assay (Figure 27). 

From the obtained doseïresponse curve, the median cytotoxic 
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concentration (CC ) in HaCaT cells was determined to be 

approximately 8ï16Ĭ the calculated MIC of RS5430 (i.e., CC  ~40ï

80 ɛM). Expressed as a selectivity index (SI = CC /MIC), the 

compound therefore displays an SI in the range of ~8ï16 under the 

tested conditions. This magnitude of selectivity indicates a measurable 

window between its antibacterial activity and its acute cytotoxicity in 

this epithelial cell model. Although further cytotoxicity assays across 

different human cell lines are required, this preliminary result appears 

particularly encouraging.  

 

 
 

Figure 27. Viability of HaCaT cells after 2 h treatment with RS5430 (12.8 mM stock 

in 100% DMSO). Cells (10,000/well) were cultured in DMEM (4 mM L-Glu, 10% 

FBS, 1% P/S) for 24 h, and viability was assessed by CCK8 assay. Results are 

expressed as percentage relative to untreated controls and represent the mean Ñ SEM 

of two independent experiments. 

 

5.3.4 Inactivity Against Gram Negative Strains 

 

Despite promising results against Gram-positive strains, RS5430 

demonstrated no significant activity against E. coli (ATCC 25922) and 

P. aeruginosa (ATCC 27853), potentially indicating a broader lack of 

activity against Gram-negative strains (Figure 28A). As widely 

reported109ï113, this selective activity profile might be attributed to 

either reduced compound permeability through the Gram-negative 

outer membrane or active efflux from the cell. 
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To investigate this mechanism of resistance, growth curves were 

obtained in the presence of the outer membrane destabilizer and 

permeabilizer, temporin L59. Temporins are a family of small, linear 

antibiotic peptides isolated from the skin of the European red frog 

Rana temporaria (Figure 28B). Temporin L, in particular, displays a 

wide range of activities, including microbiocidal effects against 

bacterial and fungal strains and cytotoxicity against various tumor cell 

lines, acting through the perturbation of bilayer integrity in both 

neutral and negatively charged membranes. Importantly, a detergent-

like effect of temporin L on the membrane has been excluded, 

suggesting that the formation of pore-like openings is the likely 

mechanism of membrane perturbation. 

RS5430 was tested in the presence of temporin L at a concentration of 

0.5Ĭ its calculated MIC (12.5 ɛM). This concentration was deemed 

sub-toxic to the bacterial cells but sufficient to induce outer membrane 

permeabilization, which could potentially enhance RS5430 activity. 

However, no significant antibacterial activity against E. coli was 

observed even under these conditions. This suggests that the intrinsic 

resistance of Gram-negative strains to RS5430 may be attributable to 

either active efflux111 or a structural difference in the allosteric pocket 

of DNA gyrase compared to that in Gram-positive strains. 

 

 
Figure 28. (A) Growth kinetics of E. coli ATCC 25922 in the presence of RS5430 

at different concentrations, either alone (solid lines) or combined with Temporin L 

at İ MIC (12.5 ÕM; dotted lines). Data represent mean Ñ SD from two independent 

experiments. (B) NMR structure of Temporin L in SDS micelles (PDB 6GS5) 
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5.3.5 Preliminary Structure-Activity Relationships (SAR) 

 

An initial exploration of the structure-activity relationships (SAR) for 

RS5430 was conducted by testing close analogs available from the in-

house library (Table 8). Out of the five analogs tested, three retained 

antibacterial activity, while the remaining two exhibited none. RS5381 

displayed MIC values comparable to those of RS5430, with potent 

antibacterial activity at 5 ɛM against both S. aureus (ATCC 25923) 

and S. epidermidis (ATCC 12228). RS5429 showed reduced activity 

against both strains, with an approximately fourfold loss of potency. 

RS5380 represented a distinct case: although reduced activity against 

S. aureus was observed, no antibacterial activity against S. epidermidis 

was detected.  

All evaluated analogs were inactive against E. coli (ATCC 25922) and 

P. aeruginosa (ATCC 27853), consistent with the profile observed for 

RS5430. Although the series tested is limited in size, these evaluations 

support the activity of the novel chemical scaffold introduced by 

RS5430. Importantly, neither the hit compound nor the tested analogs 

contain basic functional groups, yielding a new chemotype that may 

be less prone to hERG-mediated cardiotoxicity36.  

 

 MIC (ÕM) 

 S. aureus 

ATCC 25923 

S. epidermidis 

ATCC 12228 

E. coli 

ATCC 25922 

P. aeruginosa 

ATCC 27853 

RS5380 15 >640 >640 >640 

RS5381 5 5 >640 >640 

RS5429 20 30 >640 >640 

RS5521 >640 >640 >640 >640 

RS5530 >640 >640 >640 >640 

 
Table 8. MIC determination for RS5430 close analogs solubilized in 100% DMSO 

(12.8 mM stock). Bacterial cells (5Ĭ10^5 CFU/mL) were incubated with serial 

dilutions (starting at 640 ÕM) in MH+ medium for 16ï18 h. MIC was defined as the 

lowest concentration inhibiting growth. Ciprofloxacin served as the antibiotic 

control. Data represent two biological replicates. 
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5.4 Computational Results  
 

5.4.1 Sequence Alignment and Homology Modeling 

 

Sequence alignment and homology modeling were employed to 

investigate the inactivity of RS5430 and its derivatives against Gram-

negative strains. The primary hypothesis for this intrinsic inactivity 

was that substitutions within the thiophene allosteric pocket might be 

detrimental to ligand binding, thereby abrogating activity. This 

analysis was performed on both GyrA and GyrB. 

The results highlighted poor overall sequence similarity between the 

DNA gyrase subunits of Gram-positive and Gram-negative strains. 

Using S. aureus as the reference, GyrA similarity was 88.49% for S. 

epidermidis, but only 51.07% for E. coli and 48.28% for P. aeruginosa 

(Figure 29). These findings are consistent with previously reported 

insertions in the coiled-coil domain of Gram-negative GyrA114. 

Similar results were observed for GyrB: 93.31% similarity for S. 

epidermidis, and 56.01% and 56.08% for E. coli and P. aeruginosa, 

respectively (Figure 29). This is also consistent with the large, globular 

TOPRIM insertions described in Gram-negative GyrB115. 

 

 
 
Figure 29. Global sequence similarity matrices for GyrA and GyrB from S. aureus, 

S. epidermidis, E. coli, and P. aeruginosa, calculated using full-length amino acid 

sequences.  
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However, a distinct pattern emerged when the analysis focused on the 

local similarity of the allosteric pocket rather than the enzyme-wide 

global similarity. Again using S. aureus as the reference, the local 

similarity of GyrA residues composing the pocket was 100% for S. 

epidermidis and 75% for both E. coli and P. aeruginosa (Figure 30). 

For the GyrB pocket residues, similarity was 100% for S. epidermidis, 

78.57% for E. coli, and 71.43% for P. aeruginosa (Figure 30).  

 

 
 
Figure 30. Local sequence similarity matrices for the thiophene allosteric pocket of 

DNA gyrase, based on the amino acid residues from GyrA and GyrB that compose 

this site, in S. aureus, S. epidermidis, E. coli, and P. aeruginosa. 

 

To further explore the impact of these substitutions, homology models 

were constructed to structurally validate their potential relevance. The 

most significant substitution observed was GyrB-Y639 (S. aureus 

residue numbering). In E. coli, this tyrosine is substituted by a lysine, 

reversing the amino acid polarity. In P. aeruginosa, it is substituted by 

an alanine, significantly reducing both the size and the hydrophobic 

contribution to the pocket. The only other substitution of note was 

GyrA-R342, which is replaced by a glutamine in both Gram-negative 

strains. Although this alters the side-chain polarity, the impact of this 

substitution is likely minimal. According to crystallographic data52,53, 

the primary role of GyrA-R342 is to shape the allosteric pocket via the 

alkyl portion of its side chain, rather than establishing polar 

interactions with the guanidinium moiety.  
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The GyrB-Y639 substitution necessitated further analysis. This 

aromatic residue constitutes the posterior side of a hydrophobic cleft 

which is part of the allosteric pocket. The inversion of its polarity (to 

lysine) or the reduction in bulkiness (to alanine) could plausibly 

destabilize ligand binding and account for the inactivity of RS5430. 

However, several considerations mitigate this concern. GyrB-Y639 

lies adjacent to a highly flexible loop, and multiple crystal structures 

exhibit poor 2FoïFc electron density for this residue52,53. For example, 

in the crystal structure of a benzoisoxazole derivative (PDB 6QX1) the 

electron density for tyrosine aromatic ring is inconsistent and appears 

to clash with the ligand. These observations suggest that Y639 is 

highly mobile and may not contribute stably to formation of the 

allosteric pocket or ligand binding. Consequently, I633 and A637 

(GyrB) and M27, I30, V31, M179 and P343 (GyrA) likely constitute 

the key hydrophobic residues forming the hydrophobic envelope of 

the cleft. Furthermore, thiophene allosteric inhibitors and related 

derivatives are reportedly active against Gram-negative strains 

(particularly E. coli) both in vivo and in vitro against the isolated 

enzyme52, supporting the druggability of this site despite sequence 

variation. 

 

5.4.2 Conventional Molecular Dynamics 

 

Molecular dynamics (MD) simulations were used to assess the 

contribution of specific allosteric pocket residues to ligand binding. 

Specifically, RS5430 was compared with Compound 2 (the most 

potent thiophene derivative) to obtain comparative data. This 

comparison aimed to elucidate the role of GyrB-Y639 and provide 

dynamic details of allosteric inhibition, thereby facilitating future 

optimization of RS5430. 

Compound 2 was analyzed first. The protein-DNA-ligand complex 

remained largely stable over the 500 ns simulation (Figure 31), with 

the backbone RMSD fluctuating around 3 Å relative to the starting 

frame. Compound 2 occupied the allosteric pocket steadily, exhibiting 

minimal fluctuation (~0.5 Å) before a sharp transition to a second 

stable conformation (at ~1.8 Å). RMSF analysis of the pocket residues 

revealed that all residues were firmly involved in the interaction 

(Figure 32), with the exception of GyrB-Y639. While other residues 
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showed minimal fluctuation (max 1 Å), Y639 exhibited large 

fluctuations into the solvent (RMSF ~3.5 Å). Visual inspection 

confirmed this observation. As hypothesized, I633 and A637 (GyrB) 

and M27, I30, V31, M179 and P343 (GyrA) were confirmed as the 

primary residues responsible for stable hydrophobic interactions in the 

allosteric pocket. 

 

 
Figure 31. RMSD analysis of conventional MD simulations for Compound 2. 

Fluctuations of protein atoms are shown in blue, while fluctuations of ligand atoms 

are shown in red. 

 

 
Figure 32. RMSF analysis of conventional MD simulations for Compound 2 for 

residues composing the allosteric site. 

 

The sharp movement of Compound 2 observed in the RMSD analysis 

required further investigation. Inspired by Dynamic Pharmacophore 
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(Dynophore) modeling116, the relative positions of the center of mass 

(COM) for selected ligand functional groups were tracked. This 

analysis showed that the ligand carbonyl and 2-chloro-phenyl groups 

remained tightly engaged with R630 and the hydrophobic cleft, 

whereas the terminal phenyl rotated decisively around the methyl 

linker (Figure 33). In the crystal structure, this phenyl group occupies 

a solvent-exposed hydrophobic subpocket defined by M179, I336, and 

L345 (GyrA). The high solvent exposure suggests that interactions 

within this subpocket may be unstable, but conventional MD alone is 

insufficient to directly infer the relevance of this region. Additionally, 

a salt bridge with GyrB-E634 was consistently observed throughout 

the simulation. This was expected, given the strength of this 

electrostatic interaction and the binding geometry of Compound 2, 

which orients its basic group directly toward the glutamate. 

 

 
Figure 33. Phenyl ring rotation of Compound 2 during MD simulation. 

Representative frames before (A) and after rotation (B), and tracking of relevant 

chemical moieties (C): centers of mass (COM) of aromatic groups (light gray 

spheres) and carbonyl oxygen atoms (light red spheres). 

 

The simulation of RS5430 displayed similar behavior (Figure 34). The 

complex was stable (~3 Å RMSD), but the ligand exhibited a sharp 

fluctuation. COM tracking again attributed this movement to unstable 

interactions in the solvent-exposed subpocket. Interactions with GyrB-

R630 and the main hydrophobic cleft remained stable. Despite lacking 
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a basic group, RS5430 remained tightly bound to the thiophene 

allosteric site. This result suggests that the salt bridge with GyrB-

E634, while favorable, is not essential for allosteric inhibition.  

 

 
Figure 34. Rotation of the terminal aromatic group of RS5430 during MD 

simulation. Representative frames before (A) and after rotation (B), and tracking of 

relevant chemical moieties (C): centers of mass (COM) of aromatic groups (light 

gray spheres) and carbonyl oxygen atoms (light red spheres). 
 

5.4.3 Cosolvent Molecular Dynamics Simulations 

 

Cosolvent molecular dynamics (MD) simulations were conducted 

using a diverse set of cosolvent molecules to probe the DNA gyrase 

surface and identify stable interaction hotspots. This strategy served a 

dual purpose: first, to evaluate the contribution of distinct regions 

within the allosteric pocket to inhibitor binding; and second, to 

identify potential optimization vectors for RS5430. Additionally, this 

approach enabled a direct assessment of the relevance of the solvent-

exposed hydrophobic subpocket, whose role remained uncertain after 

conventional MD simulations. Compound 2 was used as a structural 

reference to retrospectively assess whether occupancy densities 

derived from multiple cosolvent simulation replicas accurately 

mapped the functional groups of known allosteric ligands, thereby 

validating the reliability of the approach for prospective predictions. 
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Distinct and well-defined aromatic probe densities were observed in 

both the solvent-exposed subpocket and the primary hydrophobic cleft 

(Figure 35A). These findings indicate that aromatic interactions within 

the exposed subpocket are significant contributors to ligand binding 

and confirm that the cosolvent protocol reliably identifies aromatic 

hotspots consistent with crystal structures of thiophene-based 

allosteric gyrase inhibitors52,53. 

This observation was corroborated by the aliphatic probe, which also 

exhibited clear and strong densities at both sites, strongly indicating 

the critical role of hydrophobic interactions in allosteric inhibition 

(Figure 35B). The aliphatic probe also correctly mapped the position 

of the central aromatic group of Compound 2 and its methyl group, 

confirming its complementarity with aromatic cosolvents. 
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Figure 35. Averaged cosolvent occupancy density for (A) aromatic probes and (B) 

lipophilic probes. Iso-contour levels were manually adjusted to highlight relevant 

density regions. 
 

Following these results, positively charged probes were used to assess 

the GyrB-E634 salt bridge. In addition to confirming a small, strong 

interaction hotspot around this residue, the simulations revealed large, 

consistent densities accumulating near the charged phosphodiester 

backbone of the DNA (Figure 36).  

 

 
Figure 36. Averaged cosolvent occupancy density for positively charged probes. Iso-

contour levels were manually adjusted to highlight relevant density regions. 
 

Although interaction between the probe and the anionic DNA is 

expected, this finding is noteworthy as it provides a key optimization 

vector for RS5430. The terminal moiety of RS5430 is proximal to this 

hotspot, and introduction of a basic substituent at this position could 

provide a substantial enthalpic contribution to binding while avoiding 

the canonical pharmacophore associated with hERG channel 

interaction (a central basic group flanked by two hydrophobic 

moieties)35,38,39, which is present in Compound 2. Furthermore, the 

introduction of a highly polar or charged moiety has been reported to 

reduce affinity for efflux pumps111,117, potentially addressing the 

limited spectrum of activity observed for RS5430. The observation 

that the densities near the DNA backbone and near GyrB-E634 differ 

in size and intensity correctly reflects the different spatial extent and 
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charge magnitude of these regions, providing further qualitative 

validation of the cosolvent probing method. Positive probe densities 

were also observed around GyrB-D635. This finding is consistent with 

the previously reported solvent-exposed salt-bridge network in this 

region, composed of E627, R630, E634, D635 (GyrB) and R342 

(GyrA)52,53,55. Although this prediction aligns with known structural 

features, these densities do not directly inform small-molecule binding 

at the allosteric site. 

The mapping of hydrogen-bonding hotspots was performed using the 

explicit water molecules in the simulation box as probes. The use of 

water as both hydrogen-bond donor (HBD) and acceptor (HBA) for 

hotspot mapping has been reported in the literature94ï96 and offers the 

advantage of computational efficiency. Because all other cosolvent 

simulations are conducted in aqueous solvent, water occupancy 

densities can be calculated directly from those simulation replicas. 

This approach therefore yields extensive sampling of water without 

additional cost and obviates the need for dedicated simulations with 

discrete HBA/HBD probe molecules. 

In the present case, however, water densities failed to map the carbonyl 

group of Compound 2 interacting with GyrB-R63052. Instead, new 

polar interaction hotspots involving the GyrA-L345 backbone and the 

GyrA-N334 side chain were identified. The latter hotspot is of 

particular interest owing to its proximity to the phosphodiester DNA 

backbone, a region previously identified as potentially relevant for the 

optimization of RS5430 (Figure 37). 

The failure to map the carbonyl moiety of Compound 2, however, 

remained problematic. This outcome undermined the retrospective 

validation of using water molecules as polar probes, a step necessary 

before advancing to the prospective prediction of potential polar 

interaction hotspots. Therefore, a more rigorous yet still 

computationally affordable method was deemed necessary to properly 

map the polar interactions at the thiophene allosteric site of DNA 

gyrase. 
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Figure 37. Averaged cosolvent occupancy density for water probes. Iso-contour 

levels were manually adjusted to highlight relevant density regions. 
 

5.4.4 WaterKit Simulations 

 

A more comprehensive prediction of hydration sites was achieved 

using WaterKit65, a computational tool designed to predict the spatial 

placement of water molecules and estimate their binding free energies. 

This approach provides valuable insight into the potential 

thermodynamic benefits associated with displacing high-energy water 

molecules upon ligand binding. WaterKit was employed not only to 

identify polar interaction hotspots that retrospective water sampling 

failed to capture, but also to cross-validate all hotspot predictions 

obtained from other cosolvent-based probes. 

Irrespective of the chemical nature of ligand moieties (aromatic, 

aliphatic, charged etc.), strong interactions with a molecular target 

typically involve the displacement of retained water molecules within 

the binding pocket118ï120. Consequently, accurate predictions of 

cosolvent interaction hotspots should be corroborated by consistent 

identification of high-affinity hydration sites in the same regions121. In 

this context, WaterKit represents a highly versatile tool for both 

complementing and refining the outcomes of cosolvent simulations. 

Obtained results were significant.  

A cluster of three water molecules was identified at a hydration site 

overlapping with the aromatic cosolvents density in the region 
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occupied by the 2-chloro-phenyl group of Compound 2 (Figure 38). 

Notably, one of these waters exhibited a strong local solvation free 

energy of ī4.25 kcal/mol, indicating particularly favorable 

interactions with residues in the allosteric pocket. This water is 

spatially correlated with the chlorine atom, suggesting that its 

displacement by the halogen is highly advantageous for ligand 

binding, a finding strongly supported by medicinal chemistry literature 

on thiophene allosteric inhibitors52,53. Collectively, the three waters in 

this cluster possess a total solvation free energy of ī7.79 kcal/mol, 

highlighting that their displacement by aromatic groups provides a 

substantial favorable energetic contribution to allosteric inhibitor 

binding. 

Two additional water molecules were identified in the solvent-exposed 

subpocket occupied by the benzyl group of Compound 2, with 

moderate solvation free energies of ī2.18 kcal/mol and ī2.80 

kcal/mol, for a combined total of ī4.98 kcal/mol. This observation 

aligns with molecular dynamics (MD) simulations, which indicate that 

aromatic interactions in this subpocket are less stable than those in the 

main hydrophobic cleft of the thiophene allosteric site, yet remain 

relevant to binding.  

 

 
Figure 38. Overlap between aromatic cosolvents density (black mesh) and hydration 

site waters (red spheres). Iso-contour levels were manually adjusted to highlight 

relevant regions. Solvation free energies from GIST are depicted in bold black.  
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In this context, WaterKit successfully corroborated MD and cosolvent 

aromatic mapping by quantifying the thermodynamic significance of 

these two aromatic hotspots.  

The aliphatic cosolvent mapped the same regions as the aromatic 

cosolvents, with an additional density corresponding to the central 

aromatic moiety of Compound 2 and its methyl group (Figure 39). 

WaterKit predicted an overlapping hydration site defined by a single 

water molecule with a solvation free energy of ī2.30 kcal/mol. This 

result suggests that the primary role of this central group is to provide 

the correct scaffold for positioning the more relevant aromatic and 

polar groups, rather than contributing substantially to binding 

thermodynamics on its own. 

 

 
Figure 39. Overlap between lipophilic cosolvents density (brown mesh) and 

hydration site waters (red spheres). Iso-contour levels were manually adjusted to 

highlight relevant regions. Solvation free energies from GIST are depicted in bold 

black. 

 

Two distinct hydration sites were identified by separate water 

molecules, perfectly matching densities obtained during water 

sampling (Figure 40). Importantly, the site near GyrA-N334 exhibited 

a strong solvation free energy of ī4.94 kcal/mol, strongly indicating 

this polar hotspot as a promising optimization vector for RS5430 

derivative design. In contrast, the hydration site overlapping with 
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water densities near the GyrA-L345 backbone displayed reduced 

thermodynamic relevance (ī2.77 kcal/mol), confirming its marginal 

importance for drug design. 

A strongly bound water molecule was predicted to align almost 

perfectly with the carbonyl oxygen of Compound 2, with a solvation 

free energy of ī3.45 kcal/mol. This finding amended the failure of 

water sampling to retrospectively identify this critical polar interaction 

hotspot. 

 

 
Figure 40. Overlap between water probes density (blue mesh) and hydration site 

waters (red spheres). Iso-contour levels were manually adjusted to highlight relevant 

regions. Solvation free energies from GIST are depicted in bold black. 

 

Particularly noteworthy results emerged from comparing positively 

charged cosolvent densities with their corresponding hydration sites 

(Figure 41). Two water molecules were positioned adjacent to E634, 

almost symmetrically flanking the density of cosolvent molecules 

interacting with this residue. With solvation free energies of ī2.94 

kcal/mol and ī1.80 kcal/mol, they accurately describe the two possible 

directionalities of salt-bridging with this glutamate, as observed in 

crystal structures involving R630 and the basic group of Compound 2. 

Importantly, the water molecule accounting for the inhibitor-mediated 

salt bridge exhibited modest solvation free energy (ī1.80 kcal/mol), 
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supporting the interpretation that this interaction is favorable but not 

essential for ligand binding. 

Although WaterKit simulations were necessarily performed in the 

absence of DNA, an extensive network of weakly bound water 

molecules was identified at positions within interaction distance of the 

DNA backbone (solvation free energies ranging from ī0.91 to ī1.77 

kcal/mol). This observation is notable because the calculated energies 

were based solely on interactions with protein residues. The highly 

anionic DNA backbone would likely increase the polarity of this 

hotspot, rendering these hydration sites more thermodynamically 

significant than calculated. This result coincides with the large density 

of positively charged cosolvents observed near the DNA backbone, 

strongly reinforcing the importance of this region as a potential 

optimization vector. Furthermore, the close proximity of the strong 

hydration site near GyrA-N334 may be critically important for future 

drug design strategies. 

 

 
Figure 41. Overlap between positively charged cosolvents density (dark green 

mesh) and hydration site waters (red spheres). Iso-contour levels were manually 

adjusted to highlight relevant regions. Solvation free energies from GIST are 

depicted in bold black. 
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5.5 Conclusions 
 

The discovery of RS5430 as a novel inhibitor of DNA gyrase led to 

the identification of a new antibacterial chemotype with a potential 

allosteric mechanism of action directed at a specific allosteric pocket 

at the GyrA/GyrB subunit interface. This result is particularly relevant, 

as only one compound class (thiophenes and closely related 

derivatives52ï54) is currently reported in the literature to inhibit DNA 

gyrase by targeting this pocket. The absence of a basic group in 

RS5430 represents another key innovation, potentially addressing the 

hERG-mediated cardiotoxicity observed with the thiophene class36. 

Antibacterial potency of RS5430 is notable for a virtual-hit compound: 

inhibition of bacterial growth was consistently observed at 5 ɛM 

against a panel of Gram-positive strains, including multidrug-resistant 

and fluoroquinolone-resistant strains. Enzymatic assays demonstrated 

strong, dose-dependent inhibition of DNA gyrase, confirming this 

enzyme as the molecular target of RS5430.  

Although these results are highly encouraging, additional 

confirmation and validation are required. Most importantly, direct 

demonstration of an allosteric mechanism of action is necessary. 

Crystallographic studies and targeted mutagenesis experiments have 

been planned and are currently underway to locate unequivocally the 

binding site of this novel chemotype. Additionally, no activity is 

observed against Gram-negative strains, likely due to active efflux 

from the bacterial cell110,111. This narrow activity spectrum is a major 

limitation of RS5430, although future medicinal chemistry efforts may 

address this by reducing efflux system affinity. 

Advanced computational techniques were employed to assess the 

binding mode of both RS5430 and a representative thiophene 

derivative (Compound 2) at the allosteric site. This assessment derived 

critical information for investigating the inactivity of RS5430 against 

Gram-negative strains and for predicting optimization vectors. The 

combination of cosolvent molecular simulations (CosolvKit63) and 

thermodynamic profiling of hydration sites (WaterKit65) provided an 

innovative and previously unreported integrated approach to rational 

drug design. Specifically, the identification of interaction hotspots on 

the DNA gyrase surface via cosolvent probing was cross-validated by 
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predicting thermodynamically relevant hydration sites. By identifying 

overlapping cosolvent densities and high-energy hydration sites, it was 

possible to predict the position, chemical features, and thermodynamic 

relevance of potential RS5430 substitutions. A particularly relevant 

optimization vector was identified aiming toward the exposed DNA 

strand, involving putative interactions with the charged 

phosphodiester backbone and the GyrA-N334 side chain. The 

successful retrospective mapping of the relevant moieties of 

Compound 2 (based on its crystal conformation52) validated these 

predictions, thereby supporting the robustness of this novel combined 

approach. 

Multiple settings and parameters for cosolvent simulations and water 

profiling could be explored to further refine these predictions. For 

example, different cosolvent molecules with varying polarity and 

aromaticity could be employed. Similarly, a larger number of discrete 

hydration frames could be used to explore their thermodynamic 

relevance. However, the present results were satisfactory for the stated 

aim of probing the thiophene allosteric pocket and identifying 

optimization vectors for RS5430. These efforts provide a proof of 

concept for this novel integrated paradigm in drug design, which may 

be extended beyond the discovery and development of allosteric DNA 

gyrase inhibitors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



мсс 
 

5.6 References 
 
(1) Wang, J. C. Cellular Roles of DNA Topoisomerases: A Molecular 

Perspective. Nat. Rev. Mol. Cell Biol. 2002, 3 (6), 430ï440. 

https://doi.org/10.1038/nrm831. 

(2) Postow, L.; Crisona, N. J.; Peter, B. J.; Hardy, C. D.; Cozzarelli, 

N. R. Topological Challenges to DNA Replication: 

Conformations at the Fork. Proc. Natl. Acad. Sci. 2001, 98 (15), 

8219ï8226. https://doi.org/10.1073/pnas.111006998. 

(3) Champoux, J. J. DNA Topoisomerases: Structure, Function, and 

Mechanism. Annu. Rev. Biochem. 2001, 70 (Volume 70, 2001), 

369ï413. https://doi.org/10.1146/annurev.biochem.70.1.369. 

(4) Reece, R. J.; Maxwell, A. DNA Gyrase: Structure and Function. 

Crit. Rev. Biochem. Mol. Biol. 1991, 26 (3ï4), 335ï375. 

https://doi.org/10.3109/10409239109114072. 

(5) Gellert, M.; Mizuuchi, K.; OôDea, M. H.; Nash, H. A. DNA 

Gyrase: An Enzyme That Introduces Superhelical Turns into 

DNA. Proc. Natl. Acad. Sci. 1976, 73 (11), 3872ï3876. 

https://doi.org/10.1073/pnas.73.11.3872. 

(6) Collin, F.; Karkare, S.; Maxwell, A. Exploiting Bacterial DNA 

Gyrase as a Drug Target: Current State and Perspectives. Appl. 

Microbiol. Biotechnol. 2011, 92 (3), 479ï497. 

https://doi.org/10.1007/s00253-011-3557-z. 

(7) Roca, J. The Mechanisms of DNA Topoisomerases. Trends 

Biochem. Sci. 1995, 20 (4), 156ï160. 

https://doi.org/10.1016/S0968-0004(00)88993-8. 

(8) Bates, A. D.; Maxwell, A. Energy Coupling in Type II 

Topoisomerases: Why Do They Hydrolyze ATP? Biochemistry 

2007, 46 (27), 7929ï7941. https://doi.org/10.1021/bi700789g. 

(9) Vos, S. M.; Tretter, E. M.; Schmidt, B. H.; Berger, J. M. All 

Tangled up: How Cells Direct, Manage and Exploit 

Topoisomerase Function. Nat. Rev. Mol. Cell Biol. 2011, 12 (12), 

827ï841. https://doi.org/10.1038/nrm3228. 

(10) Willing, F.; Mhaindarkar, V. P.; Hirsch, J.; Lanz, M. A.; Mitton-

Fry, M. J.; Gubaev, A.; Klostermeier, D. Different Propensities 

for Gate Opening in Gyrases and Topoisomerase IV. Nucleic 



мст 
 

Acids Res. 2025, 53 (8), gkaf330. 

https://doi.org/10.1093/nar/gkaf330. 

(11) Spencer, A. C.; Panda, S. S. DNA Gyrase as a Target for 

Quinolones. Biomedicines 2023, 11 (2), 371. 

https://doi.org/10.3390/biomedicines11020371. 

(12) Cabral, J. H. M.; Jackson, A. P.; Smith, C. V.; Shikotra, N.; 

Maxwell, A.; Liddington, R. C. Crystal Structure of the 

BreakageïReunion Domain of DNA Gyrase. Nature 1997, 388 

(6645), 903ï906. https://doi.org/10.1038/42294. 

(13) Wigley, D. B.; Davies, G. J.; Dodson, E. J.; Maxwell, A.; Dodson, 

G. Crystal Structure of an N-Terminal Fragment of the DNA 

Gyrase B Protein. Nature 1991, 351 (6328), 624ï629. 

https://doi.org/10.1038/351624a0. 

(14) Vanden Broeck, A.; Lotz, C.; Ortiz, J.; Lamour, V. Cryo-EM 

Structure of the Complete E. Coli DNA Gyrase Nucleoprotein 

Complex. Nat. Commun. 2019, 10 (1), 4935. 

https://doi.org/10.1038/s41467-019-12914-y. 

(15) Berger, J. M.; Fass, D.; Wang, J. C.; Harrison, S. C. Structural 

Similarities between Topoisomerases That Cleave One or Both 

DNA Strands. Proc. Natl. Acad. Sci. 1998, 95 (14), 7876ï7881. 

https://doi.org/10.1073/pnas.95.14.7876. 

(16) Michalczyk, E.; Pakosz-StňpieŒ, Z.; Liston, J. D.; Gittins, O.; 

Pabis, M.; Heddle, J. G.; Ghilarov, D. Structural Basis of Chiral 

Wrap and T-Segment Capture by Escherichia Coli DNA Gyrase. 

Proc. Natl. Acad. Sci. 2024, 121 (49), e2407398121. 

https://doi.org/10.1073/pnas.2407398121. 

(17) Piton, J.; Petrella, S.; Delarue, M.; Andr®-Leroux, G.; Jarlier, V.; 

Aubry, A.; Mayer, C. Structural Insights into the Quinolone 

Resistance Mechanism of Mycobacterium Tuberculosis DNA 

Gyrase. PLOS ONE 2010, 5 (8), e12245. 

https://doi.org/10.1371/journal.pone.0012245. 

(18) Maruri, F.; Sterling, T. R.; Kaiga, A. W.; Blackman, A.; van der 

Heijden, Y. F.; Mayer, C.; Cambau, E.; Aubry, A. A Systematic 

Review of Gyrase Mutations Associated with Fluoroquinolone-

Resistant Mycobacterium Tuberculosis and a Proposed Gyrase 

Numbering System. J. Antimicrob. Chemother. 2012, 67 (4), 

819ï831. https://doi.org/10.1093/jac/dkr566. 



мсу 
 

(19) Collins, J. A.; Osheroff, N. Gyrase and Topoisomerase IV: 

Recycling Old Targets for New Antibacterials to Combat 

Fluoroquinolone Resistance. ACS Infect. Dis. 2024, 10 (4), 

1097ï1115. https://doi.org/10.1021/acsinfecdis.4c00128. 

(20) Rajakumari, K.; Aravind, K.; Balamugundhan, M.; Jagadeesan, 

M.; Somasundaram, A.; Brindha Devi, P.; Ramasamy, P. 

Comprehensive Review of DNA Gyrase as Enzymatic Target for 

Drug Discovery and Development. Eur. J. Med. Chem. Rep. 

2024, 12, 100233. https://doi.org/10.1016/j.ejmcr.2024.100233. 

(21) Zhou, G.; Li, Y. Investigation of Bacterial DNA Gyrase Inhibitor 

Classification Models and Structural Requirements Utilizing 

Multiple Machine Learning Methods. Mol. Divers. 2024, 28 (4), 

2119ï2133. https://doi.org/10.1007/s11030-024-10806-y. 

(22) Chitra, S. R.; Ramalakshmi, N.; Arunkumar, S.; Manimegalai, P. 

A Comprehensive Review on DNA Gyrase Inhibitors. Infect. 

Disord. - Drug Targets 20 (6), 765ï777. 

https://doi.org/10.2174/1871526520666200102110235. 

(23) Zhao, X.; Xu, C.; Domagala, J.; Drlica, K. DNA Topoisomerase 

Targets of the Fluoroquinolones: A Strategy for Avoiding 

Bacterial Resistance. Proc. Natl. Acad. Sci. 1997, 94 (25), 

13991ï13996. https://doi.org/10.1073/pnas.94.25.13991. 

(24) Drlica, K.; Hiasa, H.; Kerns, R.; Malik, M.; Mustaev, A.; Zhao, 

X. Quinolones: Action and Resistance Updated. Curr. Top. Med. 

Chem. 9 (11), 981ï998. 

https://doi.org/10.2174/156802609789630947. 

(25) Bax, B. D.; Chan, P. F.; Eggleston, D. S.; Fosberry, A.; Gentry, 

D. R.; Gorrec, F.; Giordano, I.; Hann, M. M.; Hennessy, A.; 

Hibbs, M.; Huang, J.; Jones, E.; Jones, J.; Brown, K. K.; Lewis, 

C. J.; May, E. W.; Saunders, M. R.; Singh, O.; Spitzfaden, C. E.; 

Shen, C.; Shillings, A.; Theobald, A. J.; Wohlkonig, A.; Pearson, 

N. D.; Gwynn, M. N. Type IIA Topoisomerase Inhibition by a 

New Class of Antibacterial Agents. Nature 2010, 466 (7309), 

935ï940. https://doi.org/10.1038/nature09197. 

(26) Aldred, K. J.; Breland, E. J.; Vlļkov§, V.; Strub, M.-P.; Neuman, 

K. C.; Kerns, R. J.; Osheroff, N. Role of the WaterïMetal Ion 

Bridge in Mediating Interactions between Quinolones and 

Escherichia Coli Topoisomerase IV. Biochemistry 2014, 53 (34), 

5558ï5567. https://doi.org/10.1021/bi500682e. 



мсф 
 

(27) Moon, D. C.; Seol, S. Y.; Gurung, M.; Jin, J. S.; Choi, C. H.; Kim, 

J.; Lee, Y. C.; Cho, D. T.; Lee, J. C. Emergence of a New 

Mutation and Its Accumulation in the Topoisomerase IV Gene 

Confers High Levels of Resistance to Fluoroquinolones in 

Escherichia Coli Isolates. Int. J. Antimicrob. Agents 2010, 35 (1), 

76ï79. https://doi.org/10.1016/j.ijantimicag.2009.08.003. 

(28) Germe, T.; Vºrºs, J.; Jeannot, F.; Taillier, T.; Stavenger, R. A.; 

Bacqu®, E.; Maxwell, A.; Bax, B. D. A New Class of 

Antibacterials, the Imidazopyrazinones, Reveal Structural 

Transitions Involved in DNA Gyrase Poisoning and Mechanisms 

of Resistance. Nucleic Acids Res. 2018, 46 (8), 4114ï4128. 

https://doi.org/10.1093/nar/gky181. 

(29) Basarab, G. S.; Kern, G. H.; McNulty, J.; Mueller, J. P.; 

Lawrence, K.; Vishwanathan, K.; Alm, R. A.; Barvian, K.; Doig, 

P.; Galullo, V.; Gardner, H.; Gowravaram, M.; Huband, M.; 

Kimzey, A.; Morningstar, M.; Kutschke, A.; Lahiri, S. D.; Perros, 

M.; Singh, R.; Schuck, V. J. A.; Tommasi, R.; Walkup, G.; 

Newman, J. V. Responding to the Challenge of Untreatable 

Gonorrhea: ETX0914, a First-in-Class Agent with a Distinct 

Mechanism-of-Action against Bacterial Type II Topoisomerases. 

Sci. Rep. 2015, 5 (1), 11827. https://doi.org/10.1038/srep11827. 

(30) Basarab, G. S.; Ghorpade, S.; Gibhard, L.; Mueller, R.; Njoroge, 

M.; Peton, N.; Govender, P.; Massoudi, L. M.; Robertson, G. T.; 

Lenaerts, A. J.; Boshoff, H. I.; Joerss, D.; Parish, T.; Durand-

Reville, T. F.; Perros, M.; Singh, V.; Chibale, K. 

Spiropyrimidinetriones: A Class of DNA Gyrase Inhibitors with 

Activity against Mycobacterium Tuberculosis and without 

Cross-Resistance to Fluoroquinolones. Antimicrob. Agents 

Chemother. 2022, 66 (4), e02192-21. 

https://doi.org/10.1128/aac.02192-21. 

(31) Desai, J.; S, S.; Kumar, S.; Sharma, R. Novel Bacterial 

Topoisomerase Inhibitors (NBTIs) ï A Comprehensive Review. 

Eur. J. Med. Chem. Rep. 2021, 3, 100017. 

https://doi.org/10.1016/j.ejmcr.2021.100017. 

(32) Singh, S. B.; Kaelin, D. E.; Wu, J.; Miesel, L.; Tan, C. M.; 

Meinke, P. T.; Olsen, D.; Lagrutta, A.; Bradley, P.; Lu, J.; Patel, 

S.; Rickert, K. W.; Smith, R. F.; Soisson, S.; Wei, C.; Fukuda, H.; 

Kishii, R.; Takei, M.; Fukuda, Y. Oxabicyclooctane-Linked 



мтл 
 

Novel Bacterial Topoisomerase Inhibitors as Broad Spectrum 

Antibacterial Agents. ACS Med. Chem. Lett. 2014, 5 (5), 609ï

614. https://doi.org/10.1021/ml500069w. 

(33) Kolariļ, A.; Germe, T.; Hrast, M.; Stevenson, C. E. M.; Lawson, 

D. M.; Burton, N. P.; Vºrºs, J.; Maxwell, A.; Minovski, N.; 

Anderluh, M. Potent DNA Gyrase Inhibitors Bind 

Asymmetrically to Their Target Using Symmetrical Bifurcated 

Halogen Bonds. Nat. Commun. 2021, 12 (1), 150. 

https://doi.org/10.1038/s41467-020-20405-8. 

(34) Kokot, M.; Weiss, M.; Zdovc, I.; Anderluh, M.; Hrast, M.; 

Minovski, N. Diminishing hERG Inhibitory Activity of 

Aminopiperidine-Naphthyridine Linked NBTI Antibacterials by 

Structural and Physicochemical Optimizations. Bioorganic 

Chem. 2022, 128, 106087. 

https://doi.org/10.1016/j.bioorg.2022.106087. 

(35) Recanatini, M.; Cavalli, A.; Masetti, M. Modeling hERG and Its 

Interactions with Drugs: Recent Advances in Light of Current 

Potassium Channel Simulations. ChemMedChem 2008, 3 (4), 

523ï535. https://doi.org/10.1002/cmdc.200700264. 

(36) Garrido, A.; Lepailleur, A.; Mignani, S. M.; Dallemagne, P.; 

Rochais, C. hERG Toxicity Assessment: Useful Guidelines for 

Drug Design. Eur. J. Med. Chem. 2020, 195, 112290. 

https://doi.org/10.1016/j.ejmech.2020.112290. 

(37) AlRawashdeh, S.; Chandrasekaran, S.; Barakat, K. H. Structural 

Analysis of hERG Channel Blockers and the Implications for 

Drug Design. J. Mol. Graph. Model. 2023, 120, 108405. 

https://doi.org/10.1016/j.jmgm.2023.108405. 

(38) Vandenberg, J. I.; Perozo, E.; Allen, T. W. Towards a Structural 

View of Drug Binding to hERG K+ Channels. Trends 

Pharmacol. Sci. 2017, 38 (10), 899ï907. 

https://doi.org/10.1016/j.tips.2017.06.004. 

(39) Recanatini, M.; Poluzzi, E.; Masetti, M.; Cavalli, A.; De Ponti, F. 

QT Prolongation through hERG K+ Channel Blockade: Current 

Knowledge and Strategies for the Early Prediction during Drug 

Development. Med. Res. Rev. 2005, 25 (2), 133ï166. 

https://doi.org/10.1002/med.20019. 

(40) Bax, B. D.; Chan, P. F.; Eggleston, D. S.; Fosberry, A.; Gentry, 

D. R.; Gorrec, F.; Giordano, I.; Hann, M. M.; Hennessy, A.; 



мтм 
 

Hibbs, M.; Huang, J.; Jones, E.; Jones, J.; Brown, K. K.; Lewis, 

C. J.; May, E. W.; Saunders, M. R.; Singh, O.; Spitzfaden, C. E.; 

Shen, C.; Shillings, A.; Theobald, A. J.; Wohlkonig, A.; Pearson, 

N. D.; Gwynn, M. N. Type IIA Topoisomerase Inhibition by a 

New Class of Antibacterial Agents. Nature 2010, 466 (7309), 

935ï940. https://doi.org/10.1038/nature09197. 

(41) Keam, S. J. Gepotidacin: First Approval. Drugs 2025. 

https://doi.org/10.1007/s40265-025-02214-9. 

(42) Durcik, M.; Tomaġiļ, T.; Zidar, N.; Zega, A.; Kikelj, D.; Maġiļ, 

L. P.; Ilaġ, J. ATP-Competitive DNA Gyrase and Topoisomerase 

IV Inhibitors as Antibacterial Agents. Expert Opin. Ther. Pat. 

2019, 29 (3), 171ï180. 

https://doi.org/10.1080/13543776.2019.1575362. 

(43) Li, S.-M.; Heide, L. New Aminocoumarin Antibiotics from 

Genetically Engineered Streptomyces Strains. Curr. Med. Chem. 

12 (4), 419ï427. https://doi.org/10.2174/0929867053363063. 

(44) Flatman, R. H.; Eustaquio, A.; Li, S.-M.; Heide, L.; Maxwell, A. 

Structure-Activity Relationships of Aminocoumarin-Type 

Gyrase and Topoisomerase IV Inhibitors Obtained by 

Combinatorial Biosynthesis. Antimicrob. Agents Chemother. 

2006, 50 (4), 1136ï1142. https://doi.org/10.1128/aac.50.4.1136-

1142.2006. 

(45) Collin, F.; Karkare, S.; Maxwell, A. Exploiting Bacterial DNA 

Gyrase as a Drug Target: Current State and Perspectives. Appl. 

Microbiol. Biotechnol. 2011, 92 (3), 479ï497. 

https://doi.org/10.1007/s00253-011-3557-z. 

(46) Rodvold, K. A.; Gotfried, M. H.; Ussery, X. T.; Wong, S. L.; 

Hamed, K. A. Intrapulmonary Pharmacokinetics of SPR719 

Following Oral Administration of SPR720 to Healthy Volunteers. 

Antimicrob. Agents Chemother. 2024, 68 (11), e01103-24. 

https://doi.org/10.1128/aac.01103-24. 

(47) Grossman, S.; Fishwick, C. W. G.; McPhillie, M. J. 

Developments in Non-Intercalating Bacterial Topoisomerase 

Inhibitors: Allosteric and ATPase Inhibitors of DNA Gyrase and 

Topoisomerase IV. Pharmaceuticals 2023, 16 (2), 261. 

https://doi.org/10.3390/ph16020261. 

(48) Bakker, A. T.; Kotsogianni, I.; Avalos, M.; Punt, J. M.; Liu, B.; 

Piermarini, D.; Gagestein, B.; Slingerland, C. J.; Zhang, L.; 



мтн 
 

Willemse, J. J.; Ghimire, L. B.; van den Berg, R. J. H. B. N.; 

Janssen, A. P. A.; Ottenhoff, T. H. M.; van Boeckel, C. A. A.; van 

Wezel, G. P.; Ghilarov, D.; Martin, N. I.; van der Stelt, M. 

Discovery of Isoquinoline Sulfonamides as Allosteric Gyrase 

Inhibitors with Activity against Fluoroquinolone-Resistant 

Bacteria. Nat. Chem. 2024, 16 (9), 1462ï1472. 

https://doi.org/10.1038/s41557-024-01516-x. 

(49) Rajendram, M.; Hurley, K. A.; Foss, M. H.; Thornton, K. M.; 

Moore, J. T.; Shaw, J. T.; Weibel, D. B. Gyramides Prevent 

Bacterial Growth by Inhibiting DNA Gyrase and Altering 

Chromosome Topology. ACS Chem. Biol. 2014, 9 (6), 1312ï

1319. https://doi.org/10.1021/cb500154m. 

(50) Foss, M. H.; Hurley, K. A.; Sorto, N. A.; Lackner, L. L.; 

Thornton, K. M.; Shaw, J. T.; Weibel, D. B. N-Benzyl-3-

Sulfonamidopyrrolidines Are a New Class of Bacterial DNA 

Gyrase Inhibitors. ACS Med. Chem. Lett. 2011, 2 (4), 289ï292. 

https://doi.org/10.1021/ml1002822. 

(51) Mayer, C.; Janin, Y. L. Non-Quinolone Inhibitors of Bacterial 

Type IIA Topoisomerases: A Feat of Bioisosterism. Chem. Rev. 

2014, 114 (4), 2313ï2342. https://doi.org/10.1021/cr4003984. 

(52) Chan, P. F.; Germe, T.; Bax, B. D.; Huang, J.; Thalji, R. K.; 

Bacqu®, E.; Checchia, A.; Chen, D.; Cui, H.; Ding, X.; Ingraham, 

K.; McCloskey, L.; Raha, K.; Srikannathasan, V.; Maxwell, A.; 

Stavenger, R. A. Thiophene Antibacterials That Allosterically 

Stabilize DNA-Cleavage Complexes with DNA Gyrase. Proc. 

Natl. Acad. Sci. 2017, 114 (22), E4492ïE4500. 

https://doi.org/10.1073/pnas.1700721114. 

(53) Thalji, R. K.; Raha, K.; Andreotti, D.; Checchia, A.; Cui, H.; 

Meneghelli, G.; Profeta, R.; Tonelli, F.; Tommasi, S.; Bakshi, T.; 

Donovan, B. T.; Howells, A.; Jain, S.; Nixon, C.; Quinque, G.; 

McCloskey, L.; Bax, B. D.; Neu, M.; Chan, P. F.; Stavenger, R. 

A. Structure-Guided Design of Antibacterials That Allosterically 

Inhibit DNA Gyrase. Bioorg. Med. Chem. Lett. 2019, 29 (11), 

1407ï1412. https://doi.org/10.1016/j.bmcl.2019.03.029. 

(54) Orritt, K. M.; Feng, L.; Newell, J. F.; Sutton, J. N.; Grossman, S.; 

Germe, T.; Abbott, L. R.; Jackson, H. L.; Bury, B. K. L.; 

Maxwell, A.; McPhillie, M. J.; Fishwick, C. W. G. De Novo 

Design of Type II Topoisomerase Inhibitors as Potential 



мто 
 

Antimicrobial Agents Targeting a Novel Binding Region. RSC 

Med. Chem. 2022, 13 (7), 831ï839. 

https://doi.org/10.1039/D2MD00049K. 

(55) Imai, Y.; Hauk, G.; Quigley, J.; Liang, L.; Son, S.; Ghiglieri, M.; 

Gates, M. F.; Morrissette, M.; Shahsavari, N.; Niles, S.; 

Baldisseri, D.; Honrao, C.; Ma, X.; Guo, J. J.; Berger, J. M.; 

Lewis, K. Evybactin Is a DNA Gyrase Inhibitor That Selectively 

Kills Mycobacterium Tuberculosis. Nat. Chem. Biol. 2022, 18 

(11), 1236ï1244. https://doi.org/10.1038/s41589-022-01102-7. 

(56) Cumming, J. G.; Kreis, L.; K¿hne, H.; Wermuth, R.; Vercruysse, 

M.; Cantrill, C.; Bissantz, C.; Qiu, H.; Kramer, C.; Andreotti, D.; 

Fossati, G. Novel Indane-Containing NBTIs with Potent Anti-

Gram-Negative Activity and Minimal hERG Inhibition. ACS 

Med. Chem. Lett. 2023, 14 (12), 1791ï1799. 

https://doi.org/10.1021/acsmedchemlett.3c00422. 

(57) Kokot, M.; Weiss, M.; Zdovc, I.; Senerovic, L.; Radakovic, N.; 

Anderluh, M.; Minovski, N.; Hrast, M. Amide Containing NBTI 

Antibacterials with Reduced hERG Inhibition, Retained 

Antimicrobial Activity against Gram-Positive Bacteria and in 

Vivo Efficacy. Eur. J. Med. Chem. 2023, 250, 115160. 

https://doi.org/10.1016/j.ejmech.2023.115160. 

(58) McLean, P.; Marshall, J.; Garc²a-Bilbao, A.; Beal, D.; Katsumiti, 

A.; Carri¯re, M.; Boyles, M. S. P. A Comparison of Dermal 

Toxicity Models; Assessing Suitability for Safe(r)-by-Design 

Decision-Making and for Screening Nanomaterial Hazards. 

Toxicol. In Vitro 2024, 97, 105792. 

https://doi.org/10.1016/j.tiv.2024.105792. 

(59) RINALDI, A. C.; MANGONI, M. L.; RUFO, A.; LUZI, C.; 

BARRA, D.; ZHAO, H.; KINNUNEN, P. K. J.; BOZZI, A.; 

GIULIO, A. D.; SIMMACO, M. Temporin L: Antimicrobial, 

Haemolytic and Cytotoxic Activities, and Effects on Membrane 

Permeabilization in Lipid Vesicles. Biochem. J. 2002, 368 (1), 

91ï100. https://doi.org/10.1042/bj20020806. 

(60) Hillisch, A.; Pineda, L. F.; Hilgenfeld, R. Utility of Homology 

Models in the Drug Discovery Process. Drug Discov. Today 

2004, 9 (15), 659ï669. https://doi.org/10.1016/S1359-

6446(04)03196-4. 



мтп 
 

(61) Leyn, S. A.; Kent, J. E.; Zlamal, J. E.; Elane, M. L.; Vercruysse, 

M.; Osterman, A. L. Two Classes of DNA Gyrase Inhibitors 

Elicit Distinct Evolutionary Trajectories toward Resistance in 

Gram-Negative Pathogens. Npj Antimicrob. Resist. 2024, 2 (1), 

5. https://doi.org/10.1038/s44259-024-00021-y. 

(62) Ghanakota, P.; Carlson, H. A. Driving Structure-Based Drug 

Discovery through Cosolvent Molecular Dynamics. J. Med. 

Chem. 2016, 59 (23), 10383ï10399. 

https://doi.org/10.1021/acs.jmedchem.6b00399. 

(63) Bruciaferri, N.; Eberhardt, J.; Llanos, M. A.; Loeffler, J. R.; 

Holcomb, M.; Fernandez-Quintero, M. L.; Santos-Martins, D.; 

Ward, A. B.; Forli, S. CosolvKit: A Versatile Tool for Cosolvent 

MD Preparation and Analysis. J. Chem. Inf. Model. 2024, 64 

(21), 8227ï8235. https://doi.org/10.1021/acs.jcim.4c01398. 

(64) Hinz, F. B.; Masters, M. R.; Nguyen, J. T.; Mahmoud, A. H.; Lill, 

M. A. Accelerated Hydration Site Localization and 

Thermodynamic Profiling. J. Chem. Inf. Model. 2025, 65 (6), 

2794ï2805. https://doi.org/10.1021/acs.jcim.4c02349. 

(65) Eberhardt, J.; Forli, S. WaterKit: Thermodynamic Profiling of 

Protein Hydration Sites. J. Chem. Theory Comput. 2023, 19 (9), 

2535ï2556. https://doi.org/10.1021/acs.jctc.2c01087. 

(66) Leading supplier of HTS compounds, building blocks | Life 

Chemicals. https://lifechemicals.com/ (accessed 2025-09-30). 

(67) Specs - Compound Management services and Research 

Compounds for the Life Science industry. https://www.specs.net/ 

(accessed 2025-09-30). 

(68) Chemical Supplier - Enamine. https://enamine.net/ (accessed 

2025-09-30). 

(69) Lipinski, C. A. Lead- and Drug-like Compounds: The Rule-of-

Five Revolution. Drug Discov. Today Technol. 2004, 1 (4), 337ï

341. https://doi.org/10.1016/j.ddtec.2004.11.007. 

(70) Baell, J. B.; Nissink, J. W. M. Seven Year Itch: Pan-Assay 

Interference Compounds (PAINS) in 2017ðUtility and 

Limitations. ACS Chem. Biol. 2018, 13 (1), 36ï44. 

https://doi.org/10.1021/acschembio.7b00903. 

(71) Lu, C.; Wu, C.; Ghoreishi, D.; Chen, W.; Wang, L.; Damm, W.; 

Ross, G. A.; Dahlgren, M. K.; Russell, E.; Von Bargen, C. D.; 

Abel, R.; Friesner, R. A.; Harder, E. D. OPLS4: Improving Force 



мтр 
 

Field Accuracy on Challenging Regimes of Chemical Space. J. 

Chem. Theory Comput. 2021, 17 (7), 4291ï4300. 

https://doi.org/10.1021/acs.jctc.1c00302. 

(72) Jones, G.; Willett, P.; Glen, R. C.; Leach, A. R.; Taylor, R. 

Development and Validation of a Genetic Algorithm for Flexible 

Docking1. J. Mol. Biol. 1997, 267 (3), 727ï748. 

https://doi.org/10.1006/jmbi.1996.0897. 

(73) Peach, M. L.; Nicklaus, M. C. Combining Docking with 

Pharmacophore Filtering for Improved Virtual Screening. J. 

Cheminformatics 2009, 1, 6. https://doi.org/10.1186/1758-2946-

1-6. 

(74) Fischer, A.; Smieġko, M.; Sellner, M.; Lill, M. A. Decision 

Making in Structure-Based Drug Discovery: Visual Inspection of 

Docking Results. J. Med. Chem. 2021, 64 (5), 2489ï2500. 

https://doi.org/10.1021/acs.jmedchem.0c02227. 

(75) Zhao, H. The Science and Art of Structure-Based Virtual 

Screening. ACS Med. Chem. Lett. 2024, 15 (4), 436ï440. 

https://doi.org/10.1021/acsmedchemlett.4c00093. 

(76) Dixon, S. L.; Smondyrev, A. M.; Rao, S. N. PHASE: A Novel 

Approach to Pharmacophore Modeling and 3D Database 

Searching. Chem. Biol. Drug Des. 2006, 67 (5), 370ï372. 

https://doi.org/10.1111/j.1747-0285.2006.00384.x. 

(77) Dixon, S. L.; Smondyrev, A. M.; Knoll, E. H.; Rao, S. N.; Shaw, 

D. E.; Friesner, R. A. PHASE: A New Engine for Pharmacophore 

Perception, 3D QSAR Model Development, and 3D Database 

Screening: 1. Methodology and Preliminary Results. J. Comput. 

Aided Mol. Des. 2006, 20 (10), 647ï671. 

https://doi.org/10.1007/s10822-006-9087-6. 

(78) Sievers, F.; Wilm, A.; Dineen, D.; Gibson, T. J.; Karplus, K.; Li, 

W.; Lopez, R.; McWilliam, H.; Remmert, M.; Sºding, J.; 

Thompson, J. D.; Higgins, D. G. Fast, Scalable Generation of 

High quality Protein Multiple Sequence Alignments Using 

Clustal Omega. Mol. Syst. Biol. 2011, 7 (1), 539. 

https://doi.org/10.1038/msb.2011.75. 

(79) Jacobson, M. P.; Pincus, D. L.; Rapp, C. S.; Day, T. J. F.; Honig, 

B.; Shaw, D. E.; Friesner, R. A. A Hierarchical Approach to All-

Atom Protein Loop Prediction. Proteins Struct. Funct. 



мтс 
 

Bioinforma. 2004, 55 (2), 351ï367. 

https://doi.org/10.1002/prot.10613. 

(80) Jacobson, M. P.; Friesner, R. A.; Xiang, Z.; Honig, B. On the Role 

of the Crystal Environment in Determining Protein Side-Chain 

Conformations. J. Mol. Biol. 2002, 320 (3), 597ï608. 

https://doi.org/10.1016/S0022-2836(02)00470-9. 

(81) Case, D. A.; Cerutti, D. S.; Cruzeiro, V. W. D.; Darden, T. A.; 

Duke, R. E.; Ghazimirsaeed, M.; Giambaĸu, G. M.; Giese, T. J.; 

Gºtz, A. W.; Harris, J. A.; Kasavajhala, K.; Lee, T.-S.; Li, Z.; Lin, 

C.; Liu, J.; Miao, Y.; Salomon-Ferrrer, R.; Shen, J.; Snyder, R.; 

Swails, J.; Walker, R. C.; Wang, J.; Wu, X.; Zeng, J.; Cheatham 

III, T. E.; Roe, D. R.; Roitberg, A.; Simmerling, C.; York, D. M.; 

Nagan, M. C.; Merz, K. M. Jr. Recent Developments in Amber 

Biomolecular Simulations. J. Chem. Inf. Model. 2025, 65 (15), 

7835ï7843. https://doi.org/10.1021/acs.jcim.5c01063. 

(82) Case, D. A.; Aktulga, H. M.; Belfon, K.; Cerutti, D. S.; Cisneros, 

G. A.; Cruzeiro, V. W. D.; Forouzesh, N.; Giese, T. J.; Gºtz, A. 

W.; Gohlke, H.; Izadi, S.; Kasavajhala, K.; Kaymak, M. C.; King, 

E.; Kurtzman, T.; Lee, T.-S.; Li, P.; Liu, J.; Luchko, T.; Luo, R.; 

Manathunga, M.; Machado, M. R.; Nguyen, H. M.; OôHearn, K. 

A.; Onufriev, A. V.; Pan, F.; Pantano, S.; Qi, R.; Rahnamoun, A.; 

Risheh, A.; Schott-Verdugo, S.; Shajan, A.; Swails, J.; Wang, J.; 

Wei, H.; Wu, X.; Wu, Y.; Zhang, S.; Zhao, S.; Zhu, Q.; Cheatham, 

T. E. I.; Roe, D. R.; Roitberg, A.; Simmerling, C.; York, D. M.; 

Nagan, M. C.; Merz, K. M. Jr. AmberTools. J. Chem. Inf. Model. 

2023, 63 (20), 6183ï6191. 

https://doi.org/10.1021/acs.jcim.3c01153. 

(83) Jakalian, A.; Jack, D. B.; Bayly, C. I. Fast, efficient generation of 

high-quality atomic charges. AM1-BCC model: II. 

Parameterization and validation. J. Comput. Chem. 2002, 23 

(16), 1623ï1641. https://doi.org/10.1002/jcc.10128. 

(84) Tian, C.; Kasavajhala, K.; Belfon, K. A. A.; Raguette, L.; Huang, 

H.; Migues, A. N.; Bickel, J.; Wang, Y.; Pincay, J.; Wu, Q.; 

Simmerling, C. ff19SB: Amino-Acid-Specific Protein Backbone 

Parameters Trained against Quantum Mechanics Energy 

Surfaces in Solution. J. Chem. Theory Comput. 2020, 16 (1), 

528ï552. https://doi.org/10.1021/acs.jctc.9b00591. 



мтт 
 

(85) Wang, J.; Wolf, R. M.; Caldwell, J. W.; Kollman, P. A.; Case, D. 

A. Development and Testing of a General Amber Force Field. J. 

Comput. Chem. 2004, 25 (9), 1157ï1174. 

https://doi.org/10.1002/jcc.20035. 

(86) Jorgensen, W. L.; Chandrasekhar, J.; Madura, J. D.; Impey, R. W.; 

Klein, M. L. Comparison of Simple Potential Functions for 

Simulating Liquid Water. J. Chem. Phys. 1983, 79 (2), 926ï935. 

https://doi.org/10.1063/1.445869. 

(87) Farago, O. Langevin Thermostat for Robust Configurational and 

Kinetic Sampling. Phys. Stat. Mech. Its Appl. 2019, 534, 122210. 

https://doi.org/10.1016/j.physa.2019.122210. 

(88) Ryckaert, J.-P.; Ciccotti, G.; Berendsen, H. J. C. Numerical 

Integration of the Cartesian Equations of Motion of a System 

with Constraints: Molecular Dynamics of n-Alkanes. J. Comput. 

Phys. 1977, 23 (3), 327ï341. https://doi.org/10.1016/0021-

9991(77)90098-5. 

(89) Berendsen, H. J. C.; Postma, J. P. M.; van Gunsteren, W. F.; 

DiNola, A.; Haak, J. R. Molecular Dynamics with Coupling to an 

External Bath. J. Chem. Phys. 1984, 81 (8), 3684ï3690. 

https://doi.org/10.1063/1.448118. 

(90) Roe, D. R.; Cheatham, T. E. I. PTRAJ and CPPTRAJ: Software 

for Processing and Analysis of Molecular Dynamics Trajectory 

Data. J. Chem. Theory Comput. 2013, 9 (7), 3084ï3095. 

https://doi.org/10.1021/ct400341p. 

(91) Yanagisawa, K.; Moriwaki, Y.; Terada, T.; Shimizu, K. 

EXPRORER: Rational Cosolvent Set Construction Method for 

Cosolvent Molecular Dynamics Using Large-Scale 

Computation. J. Chem. Inf. Model. 2021, 61 (6), 2744ï2753. 

https://doi.org/10.1021/acs.jcim.1c00134. 

(92) Saban®s Zariquiey, F.; de Souza, J. V.; Bronowska, A. K. 

Cosolvent Analysis Toolkit (CAT): A Robust Hotspot 

Identification Platform for Cosolvent Simulations of Proteins to 

Expand the Druggable Proteome. Sci. Rep. 2019, 9 (1), 19118. 

https://doi.org/10.1038/s41598-019-55394-2. 

(93) Beyens, O.; Corthaut, S.; Peeters, S.; Van Der Veken, P.; De 

Meester, I.; De Winter, H. Cosolvent Molecular Dynamics 

Applied to DPP4, DPP8 and DPP9: Reproduction of Important 

Binding Features and Use in Inhibitor Design. J. Chem. Inf. 



мту 
 

Model. 2024, 64 (19), 7650ï7665. 

https://doi.org/10.1021/acs.jcim.4c01167. 

(94) Schaller, D.; Pach, S.; Wolber, G. PyRod: Tracing Water 

Molecules in Molecular Dynamics Simulations. J. Chem. Inf. 

Model. 2019, 59 (6), 2818ï2829. 

https://doi.org/10.1021/acs.jcim.9b00281. 

(95) Seco, J.; Luque, F. J.; Barril, X. Binding Site Detection and 

Druggability Index from First Principles. J. Med. Chem. 2009, 52 

(8), 2363ï2371. https://doi.org/10.1021/jm801385d. 

(96) Guvench, O.; Jr, A. D. M. Computational Fragment-Based 

Binding Site Identification by Ligand Competitive Saturation. 

PLOS Comput. Biol. 2009, 5 (7), e1000435. 

https://doi.org/10.1371/journal.pcbi.1000435. 

(97) Kocis, L.; Whiten, W. J. Computational Investigations of Low-

Discrepancy Sequences. ACM Trans Math Softw 1997, 23 (2), 

266ï294. https://doi.org/10.1145/264029.264064. 

(98) Maier, J. A.; Martinez, C.; Kasavajhala, K.; Wickstrom, L.; 

Hauser, K. E.; Simmerling, C. ff14SB: Improving the Accuracy 

of Protein Side Chain and Backbone Parameters from ff99SB. J. 

Chem. Theory Comput. 2015, 11 (8), 3696ï3713. 

https://doi.org/10.1021/acs.jctc.5b00255. 

(99) Wang, Y.; Fass, J.; Kaminow, B.; Herr, J. E.; Rufa, D.; Zhang, I.; 

Pulido, I.; Henry, M.; Macdonald, H. E. B.; Takaba, K.; Chodera, 

J. D. End-to-End Differentiable Construction of Molecular 

Mechanics Force Fields. Chem. Sci. 2022, 13 (41), 12016ï12033. 

https://doi.org/10.1039/D2SC02739A. 

(100) Gowers, R. J.; Linke, M.; Barnoud, J.; Reddy, T. J. E.; Melo, 

M. N.; Seyler, S. L.; DomaŒski, J.; Dotson, D. L.; Buchoux, S.; 

Kenney, I. M.; Beckstein, O. MDAnalysis: A Python Package for 

the Rapid Analysis of Molecular Dynamics Simulations. SciPy 

2016 2016. https://doi.org/10.25080/Majora-629e541a-00e. 

(101) Michaud-Agrawal, N.; Denning, E. J.; Woolf, T. B.; Beckstein, 

O. MDAnalysis: A Toolkit for the Analysis of Molecular 

Dynamics Simulations. J. Comput. Chem. 2011, 32 (10), 2319ï

2327. https://doi.org/10.1002/jcc.21787. 

(102) Pettersen, E. F.; Goddard, T. D.; Huang, C. C.; Couch, G. S.; 

Greenblatt, D. M.; Meng, E. C.; Ferrin, T. E. UCSF ChimeraðA 

Visualization System for Exploratory Research and Analysis. J. 



мтф 
 

Comput. Chem. 2004, 25 (13), 1605ï1612. 

https://doi.org/10.1002/jcc.20084. 

(103) Nguyen, C.; Gilson, M. K.; Young, T. Structure and 

Thermodynamics of Molecular Hydration via Grid 

Inhomogeneous Solvation Theory. arXiv August 24, 2011. 

https://doi.org/10.48550/arXiv.1108.4876. 

(104) Nguyen, C. N.; Kurtzman Young, T.; Gilson, M. K. Grid 

Inhomogeneous Solvation Theory: Hydration Structure and 

Thermodynamics of the Miniature Receptor Cucurbit[7]Uril. J. 

Chem. Phys. 2012, 137 (4), 044101. 

https://doi.org/10.1063/1.4733951. 

(105) Forlilab/Waterkit, 2025. https://github.com/forlilab/waterkit 

(accessed 2025-10-18). 

(106) Morris, G. M.; Huey, R.; Lindstrom, W.; Sanner, M. F.; Belew, 

R. K.; Goodsell, D. S.; Olson, A. J. AutoDock4 and 

AutoDockTools4: Automated Docking with Selective Receptor 

Flexibility. J. Comput. Chem. 2009, 30 (16), 2785ï2791. 

https://doi.org/10.1002/jcc.21256. 

(107) Ramsey, S.; Nguyen, C.; Salomon-Ferrer, R.; Walker, R. C.; 

Gilson, M. K.; Kurtzman, T. Solvation Thermodynamic Mapping 

of Molecular Surfaces in AmberTools: GIST. J. Comput. Chem. 

2016, 37 (21), 2029ï2037. https://doi.org/10.1002/jcc.24417. 

(108) Couturier, M.; Bahassi, E. M.; Van Melderen, L. Bacterial 

Death by DNA Gyrase Poisoning. Trends Microbiol. 1998, 6 (7), 

269ï275. https://doi.org/10.1016/S0966-842X(98)01311-0. 

(109) Maher, C.; Hassan, K. A. The Gram-Negative Permeability 

Barrier: Tipping the Balance of the in and the Out. mBio 2023, 

14 (6), e01205-23. https://doi.org/10.1128/mbio.01205-23. 

(110) Masi, M.; R®fregiers, M.; Pos, K. M.; Pag¯s, J.-M. 

Mechanisms of Envelope Permeability and Antibiotic Influx and 

Efflux in Gram-Negative Bacteria. Nat. Microbiol. 2017, 2 (3), 

17001. https://doi.org/10.1038/nmicrobiol.2017.1. 

(111) Gurvic, D.; Zachariae, U. Multidrug Efflux in Gram-Negative 

Bacteria: Structural Modifications in Active Compounds 

Leading to Efflux Pump Avoidance. Npj Antimicrob. Resist. 

2024, 2 (1), 6. https://doi.org/10.1038/s44259-024-00023-w. 



мул 
 

(112) Gauba, A.; Rahman, K. M. Evaluation of Antibiotic Resistance 

Mechanisms in Gram-Negative Bacteria. Antibiotics 2023, 12 

(11), 1590. https://doi.org/10.3390/antibiotics12111590. 

(113) Rupp®, £.; Woerther, P.-L.; Barbier, F. Mechanisms of 

Antimicrobial Resistance in Gram-Negative Bacilli. Ann. 

Intensive Care 2015, 5 (1), 21. https://doi.org/10.1186/s13613-

015-0061-0. 

(114) Weidlich, D.; Klostermeier, D. Functional Interactions 

between Gyrase Subunits Are Optimized in a Species-Specific 

Manner. J. Biol. Chem. 2020, 295 (8), 2299ï2312. 

https://doi.org/10.1074/jbc.RA119.010245. 

(115) Schoeffler, A. J.; May, A. P.; Berger, J. M. A Domain Insertion 

in Escherichia Coli GyrB Adopts a Novel Fold That Plays a 

Critical Role in Gyrase Function. Nucleic Acids Res. 2010, 38 

(21), 7830ï7844. https://doi.org/10.1093/nar/gkq665. 

(116) Perricone, U.; Wieder, M.; Seidel, T.; Langer, T.; Padova, A. 

The Use of Dynamic Pharmacophore in Computer-Aided Hit 

Discovery: A Case Study. In Rational Drug Design: Methods and 

Protocols; Mavromoustakos, T., Kellici, T. F., Eds.; Springer: 

New York, NY, 2018; pp 317ï333. https://doi.org/10.1007/978-

1-4939-8630-9_19. 

(117) El Zahed, S. S.; French, S.; Farha, M. A.; Kumar, G.; Brown, 

E. D. Physicochemical and Structural Parameters Contributing to 

the Antibacterial Activity and Efflux Susceptibility of Small-

Molecule Inhibitors of Escherichia Coli. Antimicrob. Agents 

Chemother. 2021, 65 (4), 10.1128/aac.01925-20. 

https://doi.org/10.1128/aac.01925-20. 

(118) Setiadi, J.; Biedermann, F.; Nau, W. M.; Gilson, M. K. 

Thermodynamics of Water Displacement from Binding Sites and 

Its Contributions to Supramolecular and Biomolecular Affinity. 

Angew. Chem. Int. Ed. 2025, 64 (35), e202505713. 

https://doi.org/10.1002/anie.202505713. 

(119) Matricon, P.; Suresh, R. R.; Gao, Z.-G.; Panel, N.; Jacobson, 

K. A.; Carlsson, J. Ligand Design by Targeting a Binding Site 

Water. Chem. Sci. 2021, 12 (3), 960ï968. 

https://doi.org/10.1039/D0SC04938G. 



мум 
 

(120) Zsid·, B. Z.; Het®nyi, C. The Role of Water in Ligand Binding. 

Curr. Opin. Struct. Biol. 2021, 67, 1ï8. 

https://doi.org/10.1016/j.sbi.2020.08.002. 

(121) Mahmoud, A. H.; Masters, M. R.; Yang, Y.; Lill, M. A. 

Elucidating the Multiple Roles of Hydration for Accurate 

Protein-Ligand Binding Prediction via Deep Learning. Commun. 

Chem. 2020, 3 (1), 19. https://doi.org/10.1038/s42004-020-0261-

x. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



мун 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



муо 
 

6. Retrospective Benchmarking and Novel 

Shape-Pharmacophore Implementation of 

the MORLD Method for the Autonomous 

Optimization of 3 Aroyl -1,4-diarylpyrroles 

(ARDAP) 
 

6.1 Introduction 
 
Artificial intelligence (AI) has emerged as a new paradigm in drug 

discovery, reshaping the traditional practices of hit identification and 

lead optimization1ï4. For decades, the costly, high-risk, and time-

consuming process of bringing a new drug to market has relied heavily 

on serendipity, laborious experimental validation, extensive medicinal 

chemistry campaigns, and individual intuition5. While this approach 

laid the foundation of modern medicine, it is increasingly impractical 

in the face of urgent clinical needs presented by rare diseases6, 

multifactorial disorders7, and poorly understood conditions8. 

Moreover, the ongoing shift toward personalized medicine imposes an 

additional burden on drug discovery9, which must now deliver rapid 

and cost-effective therapeutic solutions tailored to highly specific 

patient populations. In this context, AI methodologies represent a 

transformative force that might enable to finally enact this long-

overdue revolution in medicine. The advantages of AI in drug 

discovery are often framed in economic terms, emphasizing reductions 

in cost and development timelines10ï12. However, its true potential lies 

in the unprecedented novelty and therapeutic relevance of the 

compounds it can generate13. For example, using the AI-driven 

CONVERGEÈ pipeline, FYVE finger-containing phosphoinositide 

kinase (PIKfyve) was identified as a critical molecular target in 

amyotrophic lateral sclerosis (ALS)14, leading to the development of a 

selective inhibitor with best-in-class potential15. In another key 

example, a proprietary AI platform achieved a major breakthrough by 

identifying a selective Traf2- and Nck-interacting kinase (TNIK) 

inhibitor for idiopathic pulmonary fibrosis (IPF) and establishing a 
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causal link between this kinase and disease progression16. It is evident, 

therefore, that the principal value of AI in drug discovery extends 

beyond economic metrics, enabling the identification of therapeutic 

solutions that were previously out of reach for traditional methods. 

Deep generative models (DGMs) have attracted considerable attention 

in this field17ï21. Methods based on recurrent neural networks (RNNs), 

variational autoencoders (VAEs), generative adversarial networks 

(GANs), and graph-based architectures have been reported to be 

successful in screening the immense available chemical space, 

performing de novo design tasks with high success22ï24, and guiding 

the chemical optimization of hit and lead compounds25 to improve 

potency, physicochemical properties, and safety profiles. The principal 

advantage of DGMs arises from their ability to frame drug design and 

discovery as a multi-objective optimization problem in which 

multiple, and often discordant, chemical properties must be 

simultaneously balanced and optimized to deliver a clinical 

candidate17. 

Within the DGM family, reinforcement learning (RL) has emerged as 

one of the most versatile approaches because of its distinctive 

methodology for addressing multi-objective optimization 

challenges26ï29. RL applications employ an agent-based framework in 

which a model iteratively learns to optimize one or more properties by 

interacting with an environment and receiving feedback in the form of 

rewards27, thereby mimicking natural learning behavior30ï32. In this 

manner, drug-discovery tasks can be addressed by defining reward 

functions that encompass the desired molecular properties. A notable 

advantage of RL is its independence from preexisting training data, as 

models can dynamically learn to maximize target reward signals 

through iterative interaction with the environment26. 

For drug-discovery applications, methodological choices include 

value-based algorithms33 (e.g., deep Q-networks (DQN) and variants), 

policy-gradient methods34, and actorïcritic formulations35, each 

differing in sample efficiency, exploration behavior, and stability in 

high-dimensional chemical action spaces. Examples include 

MolDQN33,36, which uses double Q-learning and bootstrapped DQNs 

to permit chemically valid fragment- and atom-level modifications 

while employing the quantitative estimate of drug-likeness (QED)37 

and synthetic accessibility (SA)38 as intermediate rewards. More 
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recent applications, such as REINVENT439, adopt actorïcritic / 

policy-gradient approaches with an emphasis on modular reward 

functions, stringent chemical filters, and ease of integration with 

external scoring engines. Other RL systems (e.g., ACEGEN40 and 

hybrid graphïRL implementations) combine graph-neural encoders 

with RL agents to guide fragment growth under explicit structural or 

property constraints. 

The generative potential of RL has been coupled with traditional 

structure-based CADD techniques such as molecular docking41ï45, 

pharmacophore modeling46,47, and molecular dynamics48,49. 

Implementations interfaced with molecular docking are particularly 

attractive because they enable autonomous generation or optimization 

of ligands directly within the binding pocket. The Molecule 

Optimization by Reinforcement Learning and Docking (MORLD) 

model43 is a notable tool in this context owing to its flexibility and 

customizable source code. Docking scoring functions, however, are 

widely reported to be poor predictors of binding affinity50ï53 and can 

therefore derail RL-based strategies by providing contradictory reward 

signals. 

The present chapter presents a critical evaluation of the applicability 

of molecular docking in MORLD-mediated generative tasks and 

introduces a novel docking-free optimization strategy based on shape 

similarity and pharmacophore alignment between pocket-derived 

features and candidate ligands. Using five docking packages 

(QuickVina54, AutoDock-GPU55, PLANTS56, GOLD57, and Glide58), 

a stringent retrospective benchmark on the 3-aroyl-1,4-diarylpyrrole 

(ARDAP) series of tubulin-polymerization inhibitors59ï63 was 

conducted to assess how the choice of docking engine and docking 

protocol affects MORLD results. The ARDAP series constitutes a 

challenging test case due to its steep Structure-Activity Relationship 

(SAR), wherein minor structural modifications among its highly 

homologous compounds elicit important shifts in biological activity. 

Starting from the unsubstituted ARDAP scaffold, the performance of 

the selected docking engines within MORLD was benchmarked based 

on their ability to reproduce the experimentally observed and fine-

grained SAR of ARDAP. Performance metrics included Gaussian 

kernel density estimation (KDE)64,65 of reward signals, maximum 

common substructure RMSD (MCS-RMSD)66,67 between generated 
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molecules and the reference binding mode, convergence metrics, and 

SMARTS-based68 success rates in SAR reconstruction. Results 

demonstrated that, regardless of docking engine, standard molecular 

docking is largely inefficient at reproducing the ARDAP substitution 

patterns. Satisfactory performance was achieved only when a 

constrained docking protocol was employed to artificially stabilize 

docking poses, in a structurally biased approach that lacks flexibility, 

general applicability, and offers severely limited utility in real-world 

scenarios. To address these limitations, a novel docking-free 

implementation of MORLD was developed, leveraging pocket-

derived shape similarity and pharmacophore alignment in a composite 

score that replaced docking score as a reward function in the RL 

framework. This Shape-Pharmacophore implementation produced 

results comparable to those obtained with the constrained docking 

protocol, while remaining generalizable, independent of prior 

structural knowledge of ARDAP binding, and insensitive to docking 

inaccuracies and idiosyncrasies 
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6.2. Materials and Methods 
 
6.2.1 Selection of the Ŭ-Tubulin/ɓ-Tubulin Crystal Structure 

 

Docking revealed that ARDAP binding geometries are highly similar 

to colchicine59ï63 and other ligands targeting the colchicine-binding 

site69 (Figure 42).  

A suitable Ŭ-tubulin/ɓ-tubulin heterodimer crystal structure was 

selected from the Protein Data Bank using the following procedure. 

First, a sequence similarity search was performed with human Ŭ-

tubulin (UniProt: P02554) and ɓ-tubulin (UniProt: Q2XVP4) as 

queries at a 95% identity threshold, yielding 629 candidate structures. 

This set was filtered to include only complexes containing a 

colchicine-site ligand. Because the trimethoxyphenyl group is a 

conserved pharmacophoric element among ARDAPs60, colchicine, 

and many colchicine-site inhibitors69, a SMARTS substructure filter 

empowered by RDKit70 was applied to isolate co-crystallized ligands 

containing this feature. Entries were prioritized by resolution and 

visually inspected. Ultimately, PDB entry 6XET71 was selected owing 

to its high-resolution electron density at the binding site and the close 

structural resemblance between its co-crystallized 6-aryl-2-benzoyl-

pyridine ligand and the ARDAP scaffold (Figure 42).  

This structure was prepared using the Maestro suite (Schrºdinger 

Release 2024-3: Maestro, Schrºdinger, LLC, New York, NY, 2024): 

hydrogen atoms, missing side chains, and short loops were modeled, 

while crystallographic waters and other solvents were removed unless 

explicitly required. Partial charges were assigned using the OPLS4 

force field72. A reference binding pose for the unsubstituted ARDAP 

scaffold was generated using each docking program evaluated, 

enabling the calculation of a threshold docking score to distinguish 

optimized from suboptimized predictions. 
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Figure 42. Binding modes of ARDAP (magenta), colchicine (cyan) and the 6-aryl-

2-benzoyl-pyridine ligand from PDB 6XET (green) within the Ŭ/ɓ-tubulin 

heterodimer. Colchicineΐs orientation was determined by superimposing PDB 
5EYP onto 6XET. Residue numbering follows UniProt entries P02554 (Ŭ-tubulin) 

and Q2XVP4 (ɓ-tubulin). 

 

6.2.2 Docking and Constrained-Docking Protocols 

 

Ligand preparation followed the standard MORLD procedure using 

OpenBabel73: 3D structures were energy minimized with the MMFF94 

force field74, partial charges were assigned by the GasteigerïMarsili 

method75, and protonation states were predicted at pH 7.4. Tautomer 

enumeration was not performed. The docking grid center was set at 

the geometric centroid of the co-crystallized ligand in PDB 6XET71. 

For QuickVina 254, the Vina scoring function76 was used with an 

exhaustiveness of 8 and a 24 ¡ cubic search box. For AutoDock-GPU, 

the ADADELTA77 local search algorithm was used with the 

AutoDock4 scoring function78: 20 runs of a Lamarckian genetic 

algorithm were performed, each with up to 250,000 score evaluations 

and 42,000 generations. Docking grids were 40 points per dimension 

and were generated with AutoDockTools479 and AutoGrid480. For 

PLANTS56, the ChemPLP scoring function was used at the highest 

reliability search speed with 20 ACO ants, an evaporation factor of 

0.15, unitary interaction scaling, a hydrogen-bond weighting factor of 

1.5 for charged hydrogen bonds, and amide bond flipping disabled. A 
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spherical search volume of radius 12 ¡ was applied. GOLD57 

employed the same ChemPLP scoring function56 with automatic 

population and genetic operator settings, early termination disabled, 

and a 12-¡ spherical search box. Glide58 receptor grids were generated 

with default parameters and docking was performed in Standard 

Precision (SP) mode with sampling for nitrogen inversion and ring 

conformations enabled, biased torsion sampling for predefined 

functional groups, and post-docking minimization. For constrained 

docking, the unsubstituted ARDAP core scaffold was first docked 

using the standard Glide protocol. The benzoylpyrrole moiety from the 

top-ranked pose was then extracted and employed as a structural 

template to define a soft positional constraint (tolerance of 2 ¡) 

applied during the constrained docking procedure. 

Unless otherwise stated, all other parameters remained at software 

defaults. Only the top-scoring pose for each ligand was retained for 

further analysis. 

 

6.2.3 MORLD Customization 

 

MORLD uses a RL architecture based on double Q-learning and a 

bootstrapped deep Q-network (DQN) derived from MolDQN33. An 

optimization session comprises ὔepisodes, each containing Ὕiterative 
optimization steps (states) (Figure 43A). Starting from either a 

randomly selected or user-specified scaffold, only chemically valid 

transformations are permitted at each state. After each modification, 

SA38 and QED37 are computed and used as intermediate rewards to 

guide action selection during intermediate states (Ὕ Ὕ), 
progressively refining the scaffold. At the final state (Ὕ Ὕ), the 
molecule undergoes scoring (either using molecular docking or the 

ShapeïPharmacophore composite score), and that terminal score is 

used as the final reward for the episode used by the RL framework 

(Figure 43B). Terminal score, SA, and QED from the final state of 

each episode are recorded to a tabular output file.  

The MORLD script can be minimally modified to integrate any 

docking software. QuickVina 254, AutoDock-GPU55, PLANTS56, 

GOLD57, and Glide58 were implemented in this study. The 

hyperparameters for MolDQN were set as in the original MORLD 
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publication, with oxygen, nitrogen, carbon, sulfur, fluorine, and 

chlorine atoms designated as the targets for chemical modifications. 

Each optimization run consisted of 5000 episodes with 16 states per 

episode. 

 
Figure 43. (A) Schematic representation of the structure of a single episode (N) of 

MORLD optimization. (B) Dissection of a single optimization state (T). Both the 

workflows for the docking and the Shape-Pharmacophore implementations are 

presented. In the latter, the docking steps are completely replaced by pharmacophore 

alignment and shape similarity. 

 

6.2.4 Development of a Shape-Pharmacophore Implementation 

of MORLD 

 

A novel implementation of MORLD was developed, employing shape 

similarity and pharmacophore alignment as a composite terminal 

reward for RL instead of docking score. Among the available tools81ï

91, SiteMap was used to calculate complementary shape and 

pharmacophoric regions within the binding pocket92,93, and the Phase 

module94,95 in Maestro (Schrºdinger Release 2024-3: Maestro, 

Schrºdinger, LLC, New York, NY, 2024) was utilized to construct a 

pharmacophore model that captured these complementary regions. 

The atomic cloud generated to represent the shape of the binding site 

was saved separately. To build the model, the most potent ARDAP 

compounds were first docked into the colchicine binding site using the 

standard Glide protocol, and their ligand-based pharmacophoric 
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features were subsequently computed. These features were then 

manually refined and cropped to align with the complementary 

pharmacophoric regions identified by SiteMap. The docking step prior 

to model construction was a technical necessity, due to the absence of 

a direct function for converting SiteMap-derived pharmacophoric 

regions into a Phase pharmacophore model. Consequently, manual 

construction of the model was the only feasible approach, and docking 

served solely to position the pharmacophoric features within the 

binding pocket for subsequent manual editing. Therefore, this 

procedure does not compromise the docking-free nature of the Shapeï

Pharmacophore approach in any respect. 

The final pharmacophore comprised eight features: three hydrogen-

bond acceptors (HBA), three lipophilic/aromatic features (LIPO), and 

two hydrogen-bond donors (HBD) (Figure 44B). Exclusion spheres 

were included and a minimum of five matching features was required. 

Molecules generated at the end of each episode were first subjected to 

pharmacophore alignment against the model by sampling 1,000 

conformers and selecting the best fit. Compounds meeting the five-

feature criterion were then assessed for shape similarity by scoring the 

best pharmacophore-aligned conformation against the saved atomic 

cloud from SiteMap, treating atoms as untyped and setting similarity 

normalization to maximum. A novel composite reward, termed the 

combination score (combo_score), was then defined to replace the 

docking score: 

 

ὧέάὦέίͅὧέὶὩ
ὛὛ

ς

ὖὃ

ς
 

 

where ὛὛ is the Tanimoto-based shape similarity and ὖὃ is the 
pharmacophore alignment score. PA was derived from the Phase 

fitness score (which integrates vector, alignment, and volume terms) 

and scaled to the Tanimoto metric via minïmax normalization. In this 

composite, SS and PA are equally weighted, though users can adjust 

the weights to modulate contributions. The combo_score ranges from 

0 (no similarity or alignment) to 1 (perfect shape and pharmacophore 

overlap). 
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Figure 44. (A) Overlay of the complementary shape of the binding pocket (gray) 

with the shape of the ARDAP scaffold (magenta). (B) Pharmacophore model 

developed for the novel implementation of MORLD. HBA as pink spheres, HBD as 

cyan spheres, LIPO orange circles. Exclusion spheres in transparency. 

 

6.2.5 Distribution of Reward Functions 

 

Docking score and combo_score were employed as terminal reward 

functions to guide RL optimization. Score distributions were analyzed 

using Gaussian kernel density estimation (KDE)64,65, which represents 

each data point with a Gaussian kernel and aggregates them to produce 

a smooth density estimate. KDE enabled quantitative assessment of 

optimization outcomes, facilitating characterization of optimization 

phases and visualization of trends in docking and composite scores. 

For each docking program, the docking score of the unsubstituted 

ARDAP scaffold served as a reference threshold: molecules with 

docking scores lower than this threshold were classified as optimized, 

whereas those with higher scores were considered unoptimized. For 

the ShapeïPharmacophore implementation, molecules with 

combo_score values exceeding the reference were deemed optimized, 

while lower values indicated insufficient optimization. 

 

6.2.6 Maximum Common Substructure RMSD (MCS-RMSD) 

 

A qualitative evaluation of the binding modes of the newly generated 

molecules was performed by calculating the root-mean-square 

deviation of the maximum common substructure (MCS-RMSD)66,67 


