
 

DOCTORAL THESIS 

INTERNATIONAL DOCTORAL SCHOOL 

Doctoral Programme in Health Sciences  

 

Enhancing Virtual Screening in Drug Discovery 

Through Consensus-Based Methods 

Author: 

Jochem Nelen 

Supervisor: 

Dr. Horacio Pérez Sánchez 

Murcia, July 2025 

 
 





 

DOCTORAL THESIS 

INTERNATIONAL DOCTORAL SCHOOL 

Doctoral Programme in Health Sciences  

 

Enhancing Virtual Screening in Drug Discovery 

Through Consensus-Based Methods 

Author: 

Jochem Nelen 

Supervisor: 

Dr. Horacio Pérez Sánchez 

Murcia, July 2025 

 
 





 

 

 

THESIS SUPERVISORS’ AUTHORISATION 

FOR THESIS SUBMISSION 

 

Prof. Dr. Horacio Pérez Sánchez, as Supervisor of the Doctoral Thesis ‘Enhancing 

Virtual Screening in Drug Discovery Through Consensus-Based Methods’ by Mr. Jochem 

Nelen in the Doctorate Programme in Health Sciences, authorises its submission, given 

that it meets the required conditions for its defence. 

 

Which I hereby sign in compliance with Spanish Royal Decree 99/2011, of 28 

January, in Murcia, on July 4, 2025. 

 

 

 

 

 

                                     Prof. Dr. Horacio Pérez Sánchez 

 

 





 

ABSTRACT 

The development of novel drugs is a complex and costly process: accurately 

identifying active molecules from vast chemical space is an incredibly challenging 

endeavor. Computational tools can help to speed up the drug discovery process by 

enabling the exploration of large compound libraries with reduced experimental 

costs. There are many different computational strategies available, but the efficacy 

of many methods can vary considerably depending on the scenario and target. One 

strategy that has been shown to improve consistency and reduce false positives 

within virtual screening campaigns is the use of consensus strategies, which 

combine predictions from multiple methods. Further investigating this concept, 

this thesis presents two novel consensus methods, one structure-based and one 

ligand-based, developed to improve hit identification through practical and 

reproducible workflows. 

The first, ESSENCE-Dock, is a structure-based consensus docking pipeline 

that is able to integrate results from several molecular docking methods. By 

incorporating docking scores, pose similarity, and ligand flexibility, it has been 

shown to reduce false positives and improve enrichment in the DUD-E benchmark. 

Specifically, ESSENCE-Dock outperformed both individual docking tools and 

basic consensus approaches across diverse targets from various protein families. 

The method has been designed to run efficiently in high-performance computing 

(HPC) environments and can be run through a simple command-line interface. 

The second method, ConFiLiS (Consensus Fingerprints for Ligand-based 

Screening), is a ligand-based virtual screening toolkit that reranks compounds 

based on their combined similarity scores derived from different molecular 

fingerprints. Its utility has been demonstrated in the identification of 

dimethoxycurcumin, a methylated derivative of curcumin, as an inhibitor of 

ABCC3. This protein target is a transporter associated with chemotherapy 

resistance in pancreatic cancer. Experimental assays confirmed its ability to reduce 

cell viability and colony formation in pancreatic cancer cell lines, confirming its 

potential to act as a chemosensitizing agent in this context. 

 



 

Finally, this thesis also examines the reliability of bioactivity data in public 

databases, which is critical for data-driven drug discovery and the development of 

machine learning models. By analyzing assay variability in ChEMBL, it was shown 

that comparing potency differences between analogs within the same assay yields 

more reliable insights than comparing absolute activity values across assays for the 

same target. 

Taken together, these contributions demonstrate how consensus approaches 

and attention to data quality can improve the reliability and practical impact of 

virtual screening methods in computational drug discovery. 

KEY WORDS 

Drug Discovery, Computational Chemistry, Cheminformatics, Molecular 

Docking, Molecular Fingerprints, Virtual Screening 

  



 

RESUMEN 

El desarrollo de nuevos fármacos es un proceso complejo y costoso donde 

resulta muy difícil identificar moléculas activas con un alto grado de confianza a 

partir de un vasto espacio químico. Las herramientas computacionales pueden 

ayudar a acelerar el proceso al permitir la exploración de grandes bibliotecas de 

compuestos a costes experimentales reducidos. Existen muchas estrategias 

computacionales diferentes, pero la eficacia de los métodos empleados puede 

variar considerablemente en distintos escenarios y objetivos. Una forma de mejorar 

esta coherencia es mediante estrategias de consenso, donde se combinan los 

resultados los diversos métodos. Esta tesis presenta dos nuevos métodos de 

consenso, uno basado en estructura y otro en ligandos, desarrollados para mejorar 

la identificación de aciertos mediante flujos de trabajo prácticos y reproducibles. 

En primer lugar, ESSENCE-Dock es un proceso de acoplamiento 

consensuado basado en estructura que combina los resultados de varios métodos 

de acoplamiento molecular. Mediante el consenso de las puntuaciones de 

acoplamiento, la similitud de pose y la flexibilidad del ligando, se ha demostrado 

que reduce los falsos positivos y mejora el enriquecimiento en la prueba de 

referencia DUD-E. En concreto, ESSENCE-Dock supera tanto a las herramientas de 

acoplamiento individuales como a los enfoques básicos de consenso en diversas 

dianas de varias familias de proteínas. El flujo de trabajo ha sido diseñado para 

funcionar eficientemente en entornos de computación de alto rendimiento  y puede 

ejecutarse a través de una sencilla interfaz de línea de comandos. 

En segundo lugar, ConFiLiS (Consensus Fingerprints for Ligand-based 

Screening) es una herramienta de cribado virtual basada en ligandos que puede 

jerarquizar compuestos basándose en la similitud de múltiples huellas moleculares. 

Un ejemplo práctico de su eficacia es la identificación de la dimetoxicurcumina, un 

derivado metilado de la curcumina, como inhibidor de ABCC3. Se trata de una 

diana relevante en el cáncer de páncreas, ya que puede facilitar la resistencia a los 

fármacos contra la quimioterapia. Los ensayos celulares confirmaron su capacidad 

para reducir la viabilidad celular y la formación de colonias en líneas celulares de 

cáncer de páncreas, lo que confirma su potencial para actuar como agente 

quimiosensibilizador en este contexto. 



 

Por último, con el fin de proporcionar información sobre la fiabilidad de las 

bases de datos de código abierto, se estudió la variabilidad de los ensayos en la base 

de datos ChEMBL para facilitar el descubrimiento de fármacos y la 

quimioinformática basados en IA. Mediante la comparación de pares moleculares 

emparejados a través de ensayos para el mismo objetivo, se demostró que la 

comparación entre las diferencias de potencia entre los análogos del mismo ensayo 

son más robustas al ruido que la comparación directa de los valores absolutos de 

actividad entre estos mismos ensayos. 

En conjunto, estos avances demuestran cómo el desarrollo de herramientas 

computacionales, métodos de consenso y el tratamiento adecuado de la calidad de 

los datos, permiten mejorar notablemente la fiabilidad y el impacto de los flujos de 

trabajo de cribado virtual en el descubrimiento de fármacos. 

PALABRAS CLAVE 

Descubrimiento de Fármacos, Química Computacional, Quimioinformática, 

Acoplamiento Molecular, Huellas Moleculares, Cribado Virtual 
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I - INTRODUCTION 

1.1. THE DRUG DISCOVERY PIPELINE: A COMPLEX AND COSTLY ENDEAVOR  

 The discovery and development of new therapeutic agents is a difficult, 

time-consuming, and extremely expensive process. Research indicates that 

bringing a single drug to market requires a financial investment ranging from 

hundreds of millions to more than 4 billion USD (1), and can take anywhere from 

10 to 15 years (2), depending on the therapeutic area, regulatory path, and nature 

of the compound. The overall probability of a small molecule or new molecular 

entity (NME) successfully reaching the market remains low: the average drug 

candidate has been estimated to only have around a 9.6% likelihood of approval 

throughout all stages of clinical trials and eventual regulatory approval (3). These 

metrics highlight the scientific and technical difficulties inherent in drug discovery. 

They also reflect the complexity of progressing through a highly regulated 

environment where demonstrating safety and efficacy at every stage is mandatory. 

A general schematic overview of the drug development process is presented in 

Figure I.1. 

The drug discovery process spans multiple stages, including target identification, hit discovery, lead 

optimization, preclinical testing, and clinical trials, each with distinct timelines and success rates. The time 

estimates for each stage are adapted from Reddy et al. (2). 

Typically, drug discovery first involves target identification and validation 

(4). The goal is to find a molecular target (e.g. a protein, enzyme, receptor, or gene) 

that is causally responsible for a specific disease. This early stage is highly 

interdisciplinary and often involves genomics, proteomics, bioinformatics, and 

disease biology. Once a target has been identified, it needs to be experimentally 

confirmed as both biologically relevant and druggable: it should be possible to 

modify the target’s activity by small molecules or biologics in a way that can be 

therapeutically beneficial. 

Figure I.1. Overview of the drug discovery and development pipeline. 
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After target identification, the hit discovery process is started. During this 

stage, researchers attempt to identify chemical compounds that bind to key regions 

of the target and cause a change in activity. This procedure is often carried out 

through time-intensive and costly high-throughput screening (HTS) of commercial 

compound libraries or fragment-based screening approaches (5). Often, these 

experimental screenings are preceded by computational methods such as virtual 

screening (VS), which can focus efforts by pre-selecting promising compounds 

through in silico testing (6). The outcome of this screening phase is usually a list of 

"hit" compounds: small molecules that are measurable active towards the target in 

biochemical or biophysical assays. However, these hits will generally not possess 

desirable druglike properties such as solubility, selectivity or permeability. 

Nevertheless, these identified hits usually are good starting points but still need to 

be optimized in subsequent stages.  

 This refinement process is also known as the lead optimization phase, which 

very often is chemistry driven and iterative in nature (7). The early hits previously 

discovered are systematically modified with the goal of improving their potency, 

selectivity, metabolic stability, solubility, and toxicity profile. Medicinal chemists, 

pharmacologists, and computational scientists work together to design and 

synthesize derivatives and analogs, guided by structure–activity relationships 

(SAR) and absorption, distribution, metabolism, excretion, and toxicity (ADMET) 

data. This can be resource-intensive in both time and money, and often leads to 

hundreds of analogs for each hit. The final goal of this stage is to deliver one or 

more "lead" compounds optimized for activity, selectivity and ADMET properties. 

Once the leads are deemed sufficiently optimized, they enter preclinical 

testing, which involves extensive in vitro and in vivo studies in order to evaluate 

pharmacokinetics, toxicology, and safety (8). Preclinical models are meant to 

resemble human physiology and disease as much as possible, using either cellular 

systems or animal models. These experiments help determine the compound’s 

dosing parameters, organ distribution, metabolism, and potential off-target effects. 

It also includes stability studies and formulation development to ensure the 

compound can be effectively delivered during future clinical trials in humans. 

If a compound passes preclinical evaluation, it proceeds to clinical trials, 

which are conducted in humans and typically involve three stages (9). Phase I of 
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clinical trials tests safety, tolerability, and pharmacokinetics in a small group of 

healthy volunteers. Phase II expands to patients with the disease under 

investigation, assessing efficacy, dosing, and short-term side effects. Phase III 

involves large-scale studies across diverse patient populations and different clinical 

settings, comparing the new drug with existing therapies or placebos. Phase III 

generates much of the data used in regulatory submissions and is usually the most 

expensive and time-consuming component of clinical development. 

Upon successful completion of Phase III, a regulatory filing is prepared and 

submitted to agencies such as the U.S. Food and Drug Administration (FDA) or the 

European Medicines Agency (EMA). After approval, the drug can be released on 

the market, though it continues to be monitored through post-marketing 

surveillance or Phase IV studies. These studies obtain long-term safety data and 

may uncover rare adverse effects not detected in earlier trials. 

Every phase of the drug discovery and development process is marked by 

high rates of attrition, long timelines, and increasing costs. Reasons for failures 

usually are due to lack of efficacy, unexpected toxicity, or poor pharmacokinetics, 

which often are only discovered in later stages after significant investments. 

Therefore, there is much interest in optimizing the efficiency and predictive 

accuracy of the earlier stages, particularly target identification, hit discovery, and 

lead optimization, which is where computational tools and virtual screening can 

be the most effective. 

1.2. IN SILICO DRUG DISCOVERY: ACCELERATING EXPLORATION OF CHEMICAL SPACE 

Using computational drug discovery methods can help reduce the high costs 

and extended timelines that are traditionally associated with classical drug 

development campaigns (10). By applying fast, computational screening of virtual 

compound libraries during hit and lead identification stages, in silico strategies can 

enable scientists to select the most promising candidates early on in the drug 

discovery process (11). With techniques such as molecular docking, quantitative 

structure–activity relationships (QSAR), machine learning (ML) algorithms, and 

molecular dynamics (MD) simulations, in silico methods allow researchers to 

efficiently screen and rank compounds based on drug-like properties and high 

predicted binding affinities (12). 
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One of the main advantages of in silico methods is that they have the potential 

to substantially reduce the quantity of compounds that need to be synthesized and 

experimentally tested. In this way, computational techniques not only accelerate 

both hit discovery and lead optimization, but also help reduce resource demands, 

which is a significant consideration in the high-risk, high-cost world of early drug 

discovery. At the same time, computational approaches enable exploration of 

chemical space far beyond what is tractable through classical, experimental HTS 

alone. Moreover, through application of approaches such as de novo drug design 

and generative artificial intelligence (AI), entirely novel chemotypes can be 

computationally designed for specific targets, enhancing novelty and diversity of 

candidate molecules. 

Additionally, computer-aided drug design (CADD) can also assist in 

decision-making during lead optimization by providing detailed molecular 

insights regarding the factors affecting biological activity, selectivity, and ADME 

properties. For example, free-energy calculations such as free energy perturbation 

(FEP) can be used to investigate which chemical modifications are most likely to 

improve activity and selectivity (13). Similarly, advanced ML models are able to 

predict biological activity and simultaneously offer explanations for these 

predictions through explainable artificial intelligence (XAI), which can be used to 

guide follow-up optimization efforts (14). 

Overall, integrating computational methods into drug discovery can 

accelerate compound design cycles while simultaneously reducing costs. 

Additionally, these approaches enable researchers to explore larger and more 

diverse compound libraries that would be difficult or even impossible to access 

using experimental approaches alone. In this way, computational methods can help 

researchers to navigate the complexity of chemical space with greater efficiency 

and precision. 

1.3. VIRTUAL SCREENING APPROACHES 

Virtual screening (VS) is one of the most used computational methods in drug 

discovery, as it is frequently used to quickly identify bioactive molecules from large 

chemical libraries (15). VS typically attempts to rank compounds based on their 

(predicted) affinity for a specific biological target or by comparing their structures 
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to known active compounds. Thus, VS enables prioritization of compounds during 

the early hit discovery phase and can guide experimental efforts toward the most 

promising candidates. This is particularly valuable given the immense, yet sparse 

chemical space relevant to drug discovery (16). 

VS methods are usually categorized into three classes: ligand-based, 

structure-based, and machine-learning methods (11), as also illustrated in Figure 

I.2. These three classes are founded on different forms of prior knowledge, such as 

previously identified active molecules, structural protein data (e.g. 3D crystal 

structures), or predictive models derived from large datasets. Despite differences 

in methodology, all VS approaches share the same objective: the effective selection 

of smaller sub-sets of molecules from large chemical libraries which are enriched 

in biologically active compounds. 

The following sections elaborate on these three virtual screening approaches 

in further detail, briefly describing their fundamental principles, frequent 

applications, and recent advances. 

General overview of widely used virtual screening approaches in drug discovery, grouped into ligand-based, 

structure-based, and machine-learning methods. 

1.3.1. Ligand-Based Virtual Screening (LBVS) 

Ligand-based virtual screening (LBVS) is based on the assumption that 

molecules with similar chemical or structural features typically exhibit similar 

biological activities (17). This idea is commonly called the similarity-property 

principle. Based on this, LBVS uses known bioactive compounds to try to identify 

new molecules sharing essential features with established query ligands. 

 

Figure I.2. Schematic overview of techniques commonly used for virtual screening. 
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A widely used LBVS approach is molecular fingerprint similarity. Classical 

molecular fingerprints encode chemical substructures into binary or hashed 

representations, such as Morgan or MACCS fingerprints (18). Figure I.3 illustrates 

the idea behind substructure fingerprints such as MACCS, where each predefined 

bit indicates the presence or absence of a specific substructure. The fingerprints of 

different molecules can be compared using similarity metrics like the Tanimoto 

coefficient to screen for compounds with similar structural characteristics (19). 

Once a virtual library has been converted into fingerprints, such similarity 

calculations can be performed rapidly, making this method particularly suitable 

and efficient for screening large, pre-processed chemical libraries. 

Schematic representation of a substructure fingerprint for paracetamol, where each bit corresponds to the 

presence (1) or absence (0) of a predefined chemical feature. The fingerprint shown is simplified and illustrative, 

highlighting the detection of features such as an amide group, an aromatic ring, and an alcohol. 

Shape-based screening provides an alternative approach by comparing the 

3D shapes of molecules (20). It evaluates similarity based on the volume overlap or 

alignment of molecular surfaces, emphasizing spatial rather than purely structural 

features. Tools like VAMS (21) or ROCS (22) evaluate how well a candidate 

molecule conforms to the overall shape of a known active, often using Gaussian or 

electrostatic overlays to quantify similarity. 

Figure I.3. Visualization of substructure-based fingerprint encoding. 
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Extending this concept further, pharmacophore modeling includes specific 

chemical properties as well as their spatial arrangement (23). These pharmacophore 

models encode essential features required for biological activity, such as hydrogen 

bond donors/acceptors, hydrophobic centers, and charged groups. These features 

are stored as a spatial arrangement, which can be used to screen compound 

libraries for matching feature patterns. An example pharmacophore model is 

shown in Figure I.4. Some notable examples of pharmacophore modeling software 

include LigandScout (24), Pharao (25), and Pharmit (26). 

Illustrative pharmacophore model of paracetamol as generated by LigandScout (24). A) Two-dimensional view  

showing key interaction features: hydrogen bond donors (HBD, green), hydrogen bond acceptors (HBA, red), 

an aromatic ring (AR, blue), and a hydrophobic region (H, yellow). B) Corresponding three-dimensional 

representation highlighting the spatial orientation of the same pharmacophoric features in 3D space. 

LBVS methods are especially useful when the 3D structure of the biological 

target is unavailable, poorly resolved, or highly flexible. However, the effectiveness 

of these approaches hinges on the quality, diversity, and number of known actives. 

If only a few query ligands are available, or if they are too structurally 

homogeneous, the resulting models may fail to generalize, potentially overlooking 

novel chemotypes with distinct but functionally relevant properties. Consequently, 

while LBVS offers speed and simplicity, it is inherently limited by its dependence 

on historical data and may struggle to explore unexplored regions of chemical 

space. 

Figure I.4. Example pharmacophore model of paracetamol in 2D and 3D. 
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1.3.2. Structure-Based Virtual Screening (SBVS) 

Structure-based virtual screening (SBVS) uses the 3D structure of a target 

protein to predict how small molecules might bind to its active or allosteric sites 

(27). Usually, the protein’s structure is determined through methods like X-ray 

crystallography, cryo-electron microscopy, or computational modeling. One of the 

most used techniques in SBVS is molecular docking, which computationally 

simulates the binding of candidate ligands to the target site (28). Molecular docking 

algorithms aim to generate plausible and optimized binding poses (conformations 

and orientations) for each ligand and estimate their binding affinities using a 

scoring function. Scoring functions for protein-ligand interactions are quite diverse, 

and usually can be classified as either physics-based, empirical, knowledge-based, 

or machine learning-based; each has advantages and disadvantages, which are 

thoroughly discussed in a review by Li et al. (29). Some examples of classical and 

widely used docking methods include AutoDock Vina (30), LeadFinder (31), and 

Glide (32). 

Molecular docking offers a fast and scalable means of screening virtual 

libraries, and is particularly powerful for scaffold hopping, enabling the 

identification of novel chemotypes that exploit the same binding site in structurally 

distinct ways (33). Its effectiveness, however, depends heavily on the accuracy of 

the scoring function and the treatment of both ligand and receptor flexibility. Most 

docking tools simplify protein flexibility by considering the receptor as rigid or 

using limited side-chain adjustments. This can reduce the realism of predicted 

interactions and can especially hinder performance for targets with high 

conformational plasticity (34). 

To address some of these limitations, SBVS can be complemented with 

molecular dynamics (MD) simulations, which simulate how protein-ligand 

interactions change over time (35). MD can refine poses generated by molecular 

docking by accounting for full atomic flexibility in both the protein and the ligand, 

and by including explicit water molecules. This allows the system to relax into a 

more realistic bound state (36). Moreover, MD enables the exploration of binding 

site flexibility, induced fit effects, and water-mediated interactions, which are often 

missed in rigid docking protocols. 
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For better prediction of binding affinities, several advanced scoring methods 

can be applied after docking. These include MM-GBSA (Molecular Mechanics with 

Generalized Born Surface Area) and MM-PBSA (Poisson–Boltzmann Surface Area), 

which estimate the binding free energy by combining molecular mechanics 

energies with solvation terms from implicit solvent models (37). Although more 

computationally demanding than standard scoring functions used with molecular 

docking, MM-GBSA and MM-PBSA generally show better correlation with 

experimental data and are commonly used to re-rank top candidates (38).  

When greater precision is required, alchemical methods like Free Energy 

Perturbation (FEP) and Thermodynamic Integration (TI) can be used (39). These 

physics-based approaches simulate the gradual transformation of one ligand into 

another within the protein binding site, providing accurate estimates of relative 

binding free energies (RBFE) (13). Absolute binding free energies (ABFE) can also 

be accurately estimated using similar techniques, but these calculations are 

typically even more computationally demanding and sensitive to system setup 

(40). Although they are computationally expensive, FEP and TI have shown 

excellent accuracy in lead optimization and are increasingly applied in later-stage 

virtual screening workflows (41). 

Despite these advancements, SBVS still faces various challenges. Scoring 

functions can produce false positives or fail to distinguish between high- and low-

affinity binders. Docking pose prediction remains a stochastic process, with high 

variability across tools and targets (42). Additionally, ligands with very flexible 

scaffolds or targets where water molecules play key roles can prove especially 

challenging (43). Furthermore, reliance on rigid crystal structures can neglect 

relevant conformational states, especially in proteins with dynamic or cryptic 

binding sites. Nevertheless, when accurate structural information is available, 

SBVS remains a cornerstone of rational drug design, providing direct insight into 

ligand-target interactions and supporting the discovery of potent, novel molecules. 
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1.3.3. Machine Learning Approaches 

Artificial intelligence (AI), machine learning (ML), and related data-driven 

approaches have proven effective in supporting modern virtual screening 

workflows (44). One of the earliest data-driven methods in drug discovery is 

quantitative structure–activity relationship (QSAR) modeling (45), which often is 

considered to be a predecessor of modern ML approaches in this field. 

Traditionally, QSAR has been used to build models that predict not only biological 

activity, but also physicochemical properties such as solubility or toxicity. These 

models were often made using either molecular descriptors—features and 

properties calculated from a molecule’s structure, such as molecular weight, 

number of rotatable bonds, or polar surface area—or molecular fingerprints (46). 

Classical QSAR models typically used rather simple and interpretable algorithms, 

such as linear regression or decision trees (47). These approaches laid the 

groundwork for more advanced, data-driven methods. 

Nowadays, advances in deep learning (DL) have enabled more sophisticated 

and flexible approaches to virtual screening. These methods move beyond 

predefined descriptors and simple models, as they often learn task-specific 

representations directly from the input data. One example is a graph neural 

network (GNN) model which was trained to predict antibacterial activity directly 

from molecular structure (48). This GNN model led to the discovery of halicin, a 

structurally novel antibiotic with broad-spectrum activity in both in vitro and in 

vivo settings, demonstrating the potential of deep learning to identify compounds 

with mechanisms distinct from known classes. Other efforts have focused on 

incorporating both ligand and protein information. For instance, iScore is a ML-

based scoring function that predicts binding affinity using a combination of ligand 

descriptors and protein pocket features, without relying on detailed 3D binding 

poses (49). By circumventing the conformational sampling step typically required 

in molecular docking, iScore enables fast and efficient screening of large chemical 

libraries. 

Rather than replacing docking altogether, some deep learning approaches 

aim to improve its core components. Gnina is a fork of AutoDock Vina that 

complements Vina’s robust pose generation with a deep learning–based scoring 

function (50). The gnina scoring function uses a convolutional neural network 
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(CNN) that evaluates 3D protein–ligand grids to predict both binding affinity and 

pose quality (51). The CNN network learns spatial interaction patterns from atomic 

densities, leading to improved scoring accuracy. Another recent development is 

DiffDock, a deep learning–based docking method that formulates ligand binding 

as a generative process using diffusion models (52). Unlike traditional docking, 

which requires a predefined binding site, DiffDock performs blind docking by 

simultaneously predicting both the binding pose and pocket location from the 

protein structure alone. The model is trained to learn to reverse a noise-driven 

diffusion process to generate accurate ligand poses, showing strong performance 

on benchmark datasets and highlighting the potential of generative models in 

structure-based drug discovery. 

Beyond pose prediction, generative models are also being developed to 

design novel molecules directly. DiffLinker, for example, employs a graph-based 

generative framework to design linkers that connect two fragments within a 

binding pocket, conditioned on both geometry and 3D structure of the protein–

ligand complex (53). This approach enables fragment-based design tailored to 

specific spatial constraints. DeepTarget, on the other hand, generates novel 

molecules from protein sequences alone, without requiring structural information 

or known ligands (54). It combines transformer-based protein encoding with a 

generative adversarial network (GAN) architecture to infer ligand-like molecules 

that exhibit favorable docking and affinity scores against target proteins. 

Despite their promise, the effectiveness of ML approaches remains closely 

tied to the quality, diversity, and coverage of training data. Models often perform 

well within the chemical and biological domains they were trained on, but tend to 

generalize poorly to novel scaffolds or targets outside the training distribution (55). 

Limited data, experimental noise, and biases in available datasets remain persistent 

challenges (56). Still, when combined with domain knowledge and experimental 

feedback, ML and data-driven methods provide powerful tools for accelerating 

virtual screening, enriching hit lists, and improving early decision-making in the 

drug discovery process. 
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1.4. SCALING VIRTUAL SCREENING: THE ROLE OF HIGH-PERFORMANCE COMPUTING 

The ability to virtually screen millions of compounds requires not only 

efficient algorithms but also robust and scalable computational infrastructure. 

High-performance computing (HPC) environments are crucial in this context, 

enabling the parallel execution of virtual screening workflows (57).  

In many academic and industrial clusters, SLURM (Simple Linux Utility for 

Resource Management) serves as the job scheduler that distributes tasks across 

hundreds or thousands of compute nodes (58). Researchers also rely on container 

technologies such as Singularity to package their software environments, ensuring 

that docking or prediction pipelines run the same way on any system and 

improving both portability and reproducibility (59). 

As described in section 1.3.1, Ligand-based screening methods compare new 

compounds to known actives using techniques like fingerprint similarity or three-

dimensional shape matching. Each comparison can be run independently, making 

the calculations embarrassingly parallel (60). This means that these calculations can 

be distributed efficiently across many cores or accelerated on GPUs with almost no 

additional overhead.  With enough computing power, researchers can screen vast 

chemical libraries in hours rather than weeks. 

Similarly, structure-based methods such as molecular docking are well-

suited for parallel execution. Each docking calculation can run in isolation, 

allowing near-linear scaling with additional computational resources. In practice, 

the target protein is prepared once, and a virtual compound library is generated 

with defined protonation states, explicit hydrogens, and valid initial 3D 

conformers. Software such as MetaScreener can distribute and launch docking jobs 

across a SLURM-managed cluster, enabling efficient and scalable screening of large 

libraries (61). 

Furthermore, ML–based virtual screening methods can take advantage of 

GPU acceleration, which is increasingly available in modern HPC clusters. In 

particular, inference with deep learning models can see substantial performance 

gains when run on GPUs, enabling fast and efficient screening once models are 

trained. 
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Ultimately, the success of virtual screening at scale depends not only on 

methodological advances but also on the seamless integration of infrastructure, 

automation, and computational resources. As chemical libraries continue to grow 

in size and complexity, access to scalable and distributed computing environments 

will remain a critical enabler for efficient, high-throughput screening in both 

academic and industrial drug discovery settings. 

1.5. LIMITATIONS AND SHORTCOMINGS 

Despite their widespread adoption, virtual screening methods are often 

applied in isolation, resulting in fragmented workflows and, in many cases, 

suboptimal or inconsistent outcomes. Each method has its own strengths but also 

inherent limitations. Ligand-based approaches depend heavily on known actives 

and chemical similarity, making them prone to overlooking novel scaffolds that 

diverge from established structure–activity patterns. Structure-based methods, 

such as molecular docking can produce inaccurate results due to limitations in 

scoring functions and errors in pose predictions, leading to false positives or missed 

opportunities. ML models, although increasingly sophisticated, are highly 

sensitive to the quality, diversity, and bias of training data, and often struggle to 

generalize across new targets or unexplored chemical space. 

As a result, the reliability and reproducibility of virtual screening outcomes 

can vary substantially depending on the chosen strategy. These challenges 

highlight the potential of consensus-based VS strategies, which seek to combine the 

strengths of different methods while mitigating their individual weaknesses. For 

instance, integrating compound rankings from multiple docking algorithms has 

been shown to improve the enrichment of active compounds (62). This principle of 

consensus, whether applied to docking, ligand similarity, or ML predictions, offers 

a promising direction for improving VS performance. By integrating results across 

methods, researchers can try to reduce false positives, improve hit prioritization, 

and gain greater confidence in their findings.
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II - OBJECTIVES 

This thesis was guided by several objectives aimed at improving virtual 

screening methodologies in drug discovery. The studies focused on both ligand-

based and structure-based approaches, with the goal of improving reliability, early 

enrichment, and chemical diversity in hit identification. This was mainly 

investigated through the use of consensus approaches, which combine the outputs 

of different docking algorithms or molecular fingerprint distances with the goal of 

reducing individual biases and improving predictive accuracy. Additionally, in an 

effort to support machine learning applications, the data quality and assay noise 

present in open-source bioactivity databases like ChEMBL was also investigated as 

one of the objectives. Besides method development, the application of the tools in 

real-world drug discovery projects were also considered an integral part of the 

research. The specific objectives are formulated below: 

 

Objective 1: Development of consensus-based docking method to improve 

structure-based virtual screening  

The aim of this objective is to improve the reliability and early enrichment of 

structure-based virtual screening methods by integrating results from multiple 

docking algorithms. Incorporating metrics such as pose similarity, docking scores, 

and ligand flexibility will be thoroughly investigated. The final method should be 

flexible, scalable, and suitable for deployment on high-performance computing 

(HPC) systems through an accessible command-line interface. 

Objective 2: Investigate consensus fingerprint similarity for flexible 

ligand-based virtual screening 

This objective targets the improvement of fingerprint-based virtual screening 

by combining different types of molecular fingerprints in a consensus ranking 

strategy. The goal is to enhance predictive performance while maintaining 

chemical diversity and minimizing methodological bias. The resulting method 

should be lightweight, user-friendly, and capable of efficiently screening large and 

diverse compound libraries. 
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Objective 3: Investigate data noise in public bioactivity data sets to 

improve QSAR and machine learning applications 

This objective aims to explore assay variability, and the impact on the 

reliability of public bioactivity data. More specifically, the goal is to quantify 

systematic noise patterns and investigate strategies which can help to reduce it. The 

study should inform best practices for data curation and help facilitate the 

development of improved QSAR and machine learning models in the field of 

cheminformatics. 

Objective 4: Applying the developed virtual screening methods to 

proprietary, public, and commercial compound libraries 

This objective focuses on evaluating the performance and generalizability of 

the developed virtual screening methods in practical applications across a range of 

chemical libraries. On the one hand, the tools will be applied to the proprietary 

Eurofins–Villapharma compound library to support in-house drug discovery 

efforts and guide the optimization of early leads. On the other hand, the methods 

will also be tested on external libraries, including large commercial collections such 

as Enamine and MolPort to explore broad chemical space, as well as more focused 

datasets like DrugBank that are particularly relevant for drug repurposing. 
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III - RESEARCH ARTICLES COMPRISING THIS THESIS 

3.1. THEMATIC GROUNDS FOR THE COMPENDIUM OF PUBLICATIONS 

The core of this doctoral thesis is structured as a collection of three scientific 

articles, all of which have been published in high-quality, peer-reviewed journals. 

The articles are presented in the most suitable sequence to illustrate the 

methodological development and thematic consistency of the thesis. While every 

article discusses a particular topic of computational drug discovery, they all have 

a common goal: the enhancement of virtual screening methods for improved 

identification of bioactive compounds. 

This thesis investigates consensus-based approaches for ligand- and 

structure-based virtual screening with the aim of enhancing performance. The 

research also considers the computational challenges of large-scale screening, 

aiming for a flexible and scalable workflow design, compatible with high-

performance computing environments. 

The first article details ESSENCE-Dock, which focuses on improving 

structure-based virtual screening through consensus docking approaches. The 

second manuscript features the application of ConFiLiS, a ligand-based screening 

method that uses consensus ranking from different molecular fingerprints. The 

third considers the impact of experimental noise in publicly available bioactivity 

data and discusses potential implications for the broader cheminformatics and 

machine learning communities. 

Together, these developments form a coherent body of work that places 

virtual screening as both scientific and practical drug discovery methodology. 

Thematic unity of the compendium lies in the overall focus throughout on 

improving reliability, scalability, and applicability of computational screening 

protocols at multiple stages of the drug discovery pipeline. 
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3.2. ESSENCE-DOCK: A CONSENSUS-BASED APPROACH TO ENHANCE VIRTUAL 

SCREENING ENRICHMENT IN DRUG DISCOVERY 

Title 
ESSENCE-Dock: A Consensus-Based Approach to Enhance 

Virtual Screening Enrichment in Drug Discovery 

Authors 

Jochem Nelen; Miguel Carmena-Bargueño; Carlos Martínez-

Cortés; Alejandro Rodríguez-Martínez; José Manuel 

Villalgordo-Soto; Horacio Pérez-Sánchez 

Journal Journal of Chemical Information and Modeling 

Year 2024 

Volume 64 (5) 

Pages 1605-1614 

DOI https://doi.org/10.1021/acs.jcim.3c01982 

IF (JCR 2024) 5.3 

Category 

Chemistry, Medicinal; 15/72; Q1 

Chemistry, Multidisciplinary; 65/239; Q2 

Computer Science, Information Systems; 46/258; Q1 

Computer Science, Interdisciplinary Applications; 37/175; Q1 

 

Contribution of PhD Candidate 

The PhD candidate, Jochem Nelen, confirms that he is the first author of the 

article titled "ESSENCE-Dock: A Consensus-Based Approach to Enhance Virtual 

Screening Enrichment in Drug Discovery". He was primarily responsible for the 

conception of the study, development and implementation of the methodology, 

data analysis, manuscript writing, and overall coordination of the research work. 

 

https://doi.org/10.1021/acs.jcim.3c01982
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3.3. TARGETING DRUG RESISTANCE IN CANCER: DIMETHOXYCURCUMIN AS A 

FUNCTIONAL ANTIOXIDANT TARGETING ABCC3 

Title 
Targeting Drug Resistance in Cancer: Dimethoxycurcumin as a 

Functional Antioxidant Targeting ABCC3 

Authors 
Jochem Nelen; Valeria Naponelli; José Manuel Villalgordo-Soto; 

Marco Falasca; Horacio Pérez-Sánchez 

Journal Antioxidants 

Year 2025 

Volume 14 (5) 

Pages 18 

DOI https://doi.org/10.3390/antiox14050599 

IF (JCR 2024) 6.6 

Category 

Biochemistry & Molecular Biology; 45/319; Q1 

Chemistry, Medicinal; 8/72; Q1 

Food Science & Technology; 22/181; Q1 

 

Contribution of PhD Candidate 

The PhD candidate, Jochem Nelen, confirms that he is the first author of the 

article titled "Targeting Drug Resistance in Cancer: Dimethoxycurcumin as a Functional 

Antioxidant Targeting ABCC3". He was primarily responsible for the conception of 

the study, development and implementation of the methodology, data analysis, 

manuscript writing, and overall coordination of the research work. 

 

https://doi.org/10.3390/antiox14050599
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3.4. MATCHED PAIRS DEMONSTRATE ROBUSTNESS AGAINST INTER-ASSAY VARIABILITY   

Title 
Matched pairs demonstrate robustness against inter-assay 

variability 

Authors 
Jochem Nelen; Horacio Pérez-Sánchez; Hans De Winter; Dries 

Van Rompaey 

Journal Journal of Cheminformatics 

Year 2025 

Volume 17 (1) 

Pages 8 

DOI https://doi.org/10.1186/s13321-025-00956-y 

IF (JCR 2024) 5.7 

Category 

Chemistry, Multidisciplinary; 58/239; Q1 

Computer Science, Information Systems; 35/258; Q1 

Computer Science, Interdisciplinary Applications; 32/175; Q1 

 

Contribution of PhD Candidate 

The PhD candidate, Jochem Nelen, confirms that he is the first author of the 

article titled "Matched pairs demonstrate robustness against inter-assay variability". He 

was primarily responsible for the conception of the study, development and 

implementation of the methodology, data analysis, manuscript writing, and overall 

coordination of the research work. 

 

 

https://doi.org/10.1186/s13321-025-00956-y
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IV - SUMMARY AND DISCUSSION OF RESULTS 

4.1. SUMMARY OF THE RESULTS 

4.1.1. Article 1: ESSENCE-Dock: A Consensus-Based Approach to Enhance 

Virtual Screening Enrichment in Drug Discovery 

This article presents ESSENCE-Dock (Effective Structural Screening 

ENrichment ConsEnsus Dock), a consensus docking method developed to improve 

the early identification of active compounds in virtual screening campaigns. The 

motivation for this work lies in the limitations of individual molecular docking 

algorithms, which often produce inconsistent results across different protein 

targets and tend to yield high rates of false positives. While other consensus 

docking strategies have been described before, the majority of the current 

approaches utilize older docking methods and usually don’t incorporate predicted 

pose similarity, a feature that lies at the basis of ESSENCE-Dock. 

In its published form, ESSENCE-Dock uses three different docking tools: 

LeadFinder, Gnina, and DiffDock. These three docking methods all feature 

fundamentally different pose sampling strategies and scoring functions. After 

docking, a final consensus score is calculated by combining docking scores, 

predicted similarity of binding pose (quantified as the root-mean-square deviation, 

RMSD), and ligand flexibility (computed from the number of rotatable bonds). This 

consensus score can subsequently be used to re-rank the compounds, prioritizing 

agreement of binding modes as predicted by the different docking methods. 

The protocol has been integrated into MetaScreener (https://github.com/bio-

hpc/metascreener), enabling efficient execution on high-performance computing 

clusters with only a few commands required to complete the entire screening 

workflow. ESSENCE-Dock also automatically produces detailed output that 

includes an interactive PyMOL session file with the best-ranked compounds 

together with their predicted protein–ligand interactions, along with convenient 

spreadsheet files of the results for further analysis. 

https://github.com/bio-hpc/metascreener
https://github.com/bio-hpc/metascreener
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A comparison across 21 targets from the DUD-E dataset showed that, on 

average, ESSENCE-Dock achieves higher enrichment factors than stand-alone 

docking methods and simple consensus baselines, particularly at stringent cutoffs 

such as the top 0.1% of ranked molecules. These results confirm the effectiveness 

of the ESSENCE-Dock to help prioritize active hit compounds. In addition, it was 

observed that the consensus score itself can be used as a proxy for result confidence, 

with low-scoring consensus frequently corresponding to disagreement between 

approaches and associating with unsuccessful enrichment, thus allowing more 

informed filtering of low-confidence predictions. 

ESSENCE-Dock thus presents a robust, scalable, and convenient solution to 

structure-based virtual screening. By systematic combination of complementary 

docking strategies and use of agreement on binding poses, it effectively enhances 

the confidence of hit identification early in drug discovery. 

4.1.2. Article 2: Targeting Drug Resistance in Cancer: Dimethoxycurcumin as 

a Functional Antioxidant Targeting ABCC3 

This paper reports on the identification and in vitro validation of 

dimethoxycurcumin as a potential modulator of ABCC3 (MRP3), an ATP-binding 

cassette transporter involved in multidrug resistance and tumor development in 

pancreatic cancer. Dimethoxycurcumin was identified by using ConFiLiS 

(Consensus Fingerprints for Ligand-based Screening; publicly available at 

https://github.com/Jnelen/ConFiLiS), a ligand-based virtual screening method 

combining Avalon, ECFP6, and PubChem substructure fingerprints into consensus 

similarity scores. By averaging the normalized Euclidean distances of all 

fingerprint types, ConFiLiS aims to improve chemical diversity while reducing 

fingerprint bias from singular fingerprints in hit selection. 

The in-house Eurofins-Villapharma library was screened using ConFiLiS, 

with the most active small-molecule ABCC3 inhibitor in BindingDB, 

BDBM50302828, used as the query. After screening, the highest ranked candidates 

were compared to all known ABCC3 inhibitors documented in BindingDB to 

ensure their novelty. 

https://github.com/Jnelen/ConFiLiS
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Initial screening of the compounds revealed that dimethoxycurcumin, a 

methylated derivative of curcumin, was the most active. These results were also 

confirmed in studies using three different pancreatic cancer cell lines. 

Dimethoxycurcumin inhibited BxPC-3 cell viability and colony formation at 10 µM. 

Dose–response experiments demonstrated low micromolar IC₅₀ values for all three 

cell lines, with the most potent effect against CFPAC-1 cells. In addition, 

dimethoxycurcumin possesses strong antioxidant activity that may contribute 

synergistically to its therapeutic benefit in this context. 

In short, this study demonstrates the utility of ConFiLiS as an effective 

ligand-based virtual screen approach and identifies dimethoxycurcumin as a 

potential lead compound for further optimization. Its dual role as an ABCC3 

modulator and antioxidant may have therapeutic benefits in the treatment of 

pancreatic cancer, particularly in the context of ABC transporter-mediated drug 

resistance. 

4.1.3. Article 3:  Matched pairs demonstrate robustness against inter-assay 

variability 

This article investigates the reliability of using matched molecular pairs 

(MMP) as a way to potentially mitigate assay variability in large bioactivity 

databases. This is a significant challenge in machine learning for drug discovery, 

where both more and higher-quality data is needed to improve QSAR and AI 

models. It has been a known issue that absolute bioactivity values (e.g., IC₅₀ or Kᵢ) 

across different assays are not necessarily directly comparable due to differences in 

assay conditions, annotation errors, and measurement schemes. Such 

inconsistencies can severely impair training data quality utilized in training 

machine learning models.  

In an attempt to remedy this issue, the article investigates whether using 

potency differences between matched molecular compound pairs (i.e. structurally 

similar analogs) can be used as a more consistent comparative measure. Examining 

Ki and IC₅₀ values from the public ChEMBL32 database, the study employs 

statistical analysis to assess whether inter-assay variability is partially canceled out 

when considering relative differences between such analogs, as well as quantifying 

how and if data curation can affect this behavior. 



 JOCHEM NELEN 

 

90 

Two levels of data curation were employed: a minimal curation step that 

filters away outliers and duplicates, and a maximal curation step that applies 

stricter assay metadata filtering and excludes low-confidence entries. Additionally, 

assays associated with carbonic anhydrase were excluded from the analysis after it 

was found that they contained a disproportionate amount of dataset noise. 

The results show that differences in potency between matched pairs 

(ΔΔpChEMBL) are much more consistent than absolute differences (ΔpChEMBL). 

After maximal curation, 66-79% of matched pairs agreed within 0.3 log units, while 

for direct measurements this was only 42-52%. Furthermore only 6–8% exceeded a 

1 log unit difference when using ΔΔpChEMBL, compared to 13–25% for unpaired 

measurements. This highlights the benefit of matched pair analysis for obtaining 

more consistent and less noisy datasets. 

Overall, the paper provides insights in the noise present in open-source 

bioactivity databases, and how MMP data can be used to reduce inter-assay noise 

and increase the reliability of data used in cheminformatics and machine learning 

pipelines. 

4.2. DISCUSSION OF THE RESULTS 

4.2.1. Discussion 

Each article in this thesis either uses or describes a tool or methodology to 

address different but complementary stages of early drug discovery, ranging from 

compound screening to lead optimization. 

ESSENCE-Dock contributes to the field of structure-based virtual screening 

as a consensus framework that integrates docking scores, pose similarity, and 

ligand flexibility. Benchmarking showed consistent early enrichment of actives 

across diverse protein targets. In practical applications, ESSENCE-Dock has been 

used to identify high-affinity inhibitors in various contexts. One early example 

came from a drug repurposing project using a primitive version of what would 

later evolve into the published ESSENCE-Dock method. In this case, compounds 

were prioritized based on binding pose agreement between LeadFinder (31) and 

AutoDock Vina (30). Screening DrugBank (63), a database containing 
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investigational and FDA-approved drugs, led to the identification of gilteritinib as 

an inhibitor of protein-arginine deiminase 4 (PAD4). PAD4 is of interest due to its 

role in the formation of neutrophil extracellular traps (NETs) (64), which have been 

implicated in inflammation and cancer (65). After further experimental validation 

and characterization, a patent application was filed with the Spanish Patent Office 

(application number P202430866).  

Encouraged by this result, the method was further developed into the current 

ESSENCE-Dock framework. Subsequent applications include a drug repurposing 

project targeting discoidin domain receptor 1 (DDR1), a receptor of interest in the 

context of cancer (66). To this end, DrugBank was initially screened using 

ESSENCE-Dock to identify potential repurposing candidates. Subsequent 

experimental IC50 determination resulted in the identification of three nanomolar 

inhibitors for DDR1, with no previously reported activity for this target (67). 

ESSENCE-Dock also performed well when applied to the proprietary 

Eurofins-Villapharma library. Two concrete examples here are projects involving 

Wee1-like protein kinase (Wee1) and p38α (MAPK14). Wee1 is a key regulator 

during the cell cycle, making it a relevant target in various cancers (68). The protein 

p38α is of interest because of its involvement in various cellular processes, 

including inflammation and cancer (69). After screening the in-house Villapharma 

library for these two different protein targets, various low µM to high nM inhibitors 

were identified in a first round of ESSENCE-Dock screening (70,71). In subsequent 

optimization rounds, these compounds were further improved to very potent, low 

nM inhibitors with desirable drug-like properties. In short, ESSENCE-Dock has 

shown itself as an effective method for virtual screening, providing a high 

enrichment of active compounds across various scenarios. 

Another tool developed during this thesis is ConFiLiS. This ligand-based 

virtual screening method combines individual similarities from multiple 

fingerprints into a joint, consensus similarity score. As detailed in Article 2 (Section 

3.3), ConFiLiS was used to identify dimethoxycurcumin as a potential ABCC3 

inhibitor from the in-house Villapharma library (72). Beyond just virtual screening, 

ConFiLiS has also been effective at assisting with exploring the chemical space 

around a scaffold. Specifically, after screening the Villapharma library for p38α 

with ESSENCE-Dock, the top hit was used as a query for ConFiLiS (71). From here, 



 JOCHEM NELEN 

 

92 

the top 100 closest compounds were further clustered using Butina clustering (73), 

which resulted in a diverse but manageable set of compounds to test in a second 

round. Furthermore, the integrated fingerprint generation utility that comes with 

the ConFiLiS toolkit can also be used for the efficient construction of datasets of 

classical fingerprints for the purpose of training ML models. 

Finally, the insights and datasets provided in the third article can be used to 

train ML models to aid lead optimization efforts. This analysis confirms that 

potency differences between MMPs are more robust to inter-assay variability than 

absolute affinity values. This makes MMP data highly suitable for developing 

transformation-based delta models, which are trained on input pairs and the 

differences in their properties. Using the curated MMP datasets which were part of 

the analysis, a ML model could be trained to more accurately predict the properties 

of close analogs. 

In summary, each tool presented in this thesis can be used for specific tasks 

within the broader pipeline of early drug discovery. ConFiLiS enables efficient 

ligand-based screening, ESSENCE-Dock supports structure-based consensus 

docking, and MMP models trained with curated datasets can be used during lead 

optimization to guide compound refinement. ConFiLiS can also be used to explore 

chemical space around a hit compound and support SAR analysis by retrieving 

compounds that are similar but still feature some degree of diversity. While each 

tool functions independently, they can also be combined effectively. For example, 

ConFiLiS can be used to filter libraries prior to docking with ESSENCE-Dock, or its 

fingerprints can complement the training of MMP models. Together, these tools 

offer a flexible and modular framework for hit identification and optimization. 

4.2.2. Potential Limitations 

While the presented methods are effective across a range of applications, each 

comes with some limitations that should be considered when selecting them for 

specific use cases. 

ConFiLiS is designed as a general-purpose toolkit for ligand-based screening. 

It supports many different molecular fingerprint types and offers flexibility to 

users, but currently relies on established, classical fingerprints. Additionally, the 
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optimal combination of fingerprint descriptors has not been systematically 

evaluated at this point in time, which may limit performance in certain contexts. 

Therefore, ConFiLiS should be viewed as a flexible toolkit rather than a fully 

optimized screening pipeline. 

ESSENCE-Dock follows a similar approach, featuring a general scoring 

function which only requires docking poses and scores as input. This gives 

flexibility and allows users to integrate results from most docking software. While 

the current configuration featuring Gnina (50), LeadFinder (31), and DiffDock (52) 

has demonstrated strong enrichment performance, it is not guaranteed to be 

optimal: different combinations of docking methods could potentially provide 

better results. Furthermore, recent advances in docking and structure prediction, 

such as AlphaFold3 (74) and Boltz (75), could be integrated to further improve 

accuracy. Additionally, the current ESSENCE-Dock implementation can 

sometimes produce a large number of high-scoring hits, which may require a 

secondary filtering step. In such cases, more elaborate methods like MM-GB/PBSA 

calculations (76) or steered molecular dynamics such as dynamic undocking 

(DUck) (77) can be employed to refine hits. 

For the curated matched molecular pairs datasets, the main limitation lies in 

the complexity of model development. Although MMP-based data are more 

usually more accurate and interpretable, they are also more specific, and building 

general models requires careful treatment of transformation directionality, context 

sensitivity, and data sparsity. This adds an additional layer of complexity 

compared to conventional regression or classification approaches, making it more 

difficult to work with. 

4.2.3. Future Perspectives 

Several directions can be pursued to extend and improve the tools presented 

in this work. 

For ESSENCE-Dock, a promising avenue could be the development of a ML-

based scoring function. At this time, only docking scores, binding pose similarity, 

and ligand flexibility are used in the consensus calculations. However, many 

docking methods produce additional outputs that are currently not incorporated 
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when scoring compounds. Examples include DiffDock’s confidence scores and 

Gnina’s predicted binding affinity. Integrating these values into a unified, data-

driven scoring model could yield more accurate rankings and improve enrichment 

performance further. Additionally, such a model could incorporate additional 

features such as protein pocket characteristics or ligand strain, enabling a more 

nuanced compound assessment. 

For ConFiLiS, a clear opportunity lies in exploring and optimizing fingerprint 

configurations for specific use cases. While the current implementation supports 

several classical fingerprints, exploring newer representations, such deep learning-

derived descriptors (78), could also enhance performance. 

An important direction for matched pair analysis is improved integration 

with DL techniques. Methods that predict property changes, rather than absolute 

values, align well with the transformation-based nature of MMP data. Future 

efforts could explore hybrid models that combine the interpretability of 

transformation rules with the flexibility of neural networks or ensemble methods. 

Furthermore, model-agnostic explainability tools such as SHAP (79) or LIME (80) 

could be applied to provide interpretable insights into what drives predicted 

changes, helping to bridge data-driven modeling with medicinal chemistry 

intuition. This would make MMP-based models more accessible and actionable in 

practical settings. 

Together, these developments would further increase the flexibility, 

precision, and practical usability of the tools developed in this thesis. All developed 

methods and tools that are discussed in this thesis are open-source, allowing 

integration into broader discovery workflows and facilitating reproducibility and 

community-driven improvement. Their continued development can hopefully 

support better informed decision-making in early drug discovery.
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V -  CONCLUSIONS 

This thesis revolves around three complementary articles which all focus on 

improving virtual screening methods in the context of drug discovery. This 

includes ESSENCE-Dock, a consensus docking framework, ConFiLiS a consensus 

fingerprint method for ligand-based screening, and a data quality analysis pipeline 

based on matched molecular pairs analysis. These tools can be used in different 

stages of early drug discovery, from initial library screening to lead optimization. 

ESSENCE-Dock was developed as a structure-based screening method with 

a flexible, scalable workflow that integrates docking scores, pose similarity, and 

ligand flexibility across multiple docking algorithms. ConFiLiS is a lightweight but 

flexible toolkit to perform consensus molecular fingerprint analysis by 

incorporating multiple fingerprints to identify similar compounds while 

improving hit diversity. A matched molecular pair analysis of the ChEMBL32 

database revealed that relative potency differences between assays are more 

consistent compared to direct absolute affinity values across assays, resulting in 

datasets with less noise which can be used to build more robust machine learning 

models. 

Both ESSENCE-Dock and ConFiLiS were applied to in-house and public 

compound libraries. Within the proprietary Eurofins–Villapharma library, these 

tools successfully identified promising initial hits, while also aiding with further 

compound optimization, resulting in various nanomolar hits across various protein 

targets. Furthermore, similar virtual screening campaigns were performed with 

external datasets, including DrugBank and large commercial libraries, 

demonstrating their effectiveness across diverse chemical spaces and practical 

relevance for real-world drug discovery workflows. 

Together, these contributions show how methodologically diverse but 

complementary computational tools can support more reliable and efficient virtual 

screening, ultimately aiding decision-making in early-stage drug discovery.
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VII - APPENDICES 

7.1. APPENDIX 1. QUALITY OF INCLUDED THE PUBLICATIONS 

All publications included in this thesis have been published in high-quality, 

peer-reviewed journals that are well regarded within their respective scientific 

fields. This is supported by strong journal metrics, with impact factors ranging 

from 5.3 to 6.6. Each journal is ranked in the first quartile (Q1) of one or multiple 

categories. 
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7.1.1. ESSENCE-Dock: A Consensus-Based Approach to Enhance Virtual 

Screening Enrichment in Drug Discovery  

Figure VII.1. Key publication details of Journal of Chemical Information and Modeling. 

Figure VII.2. Journal Impact Factor (JIF) rankings and percentiles for Journal of Chemical Information 

and Modeling across its indexed subject categories. 
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7.1.2. Targeting Drug Resistance in Cancer: Dimethoxycurcumin as a 

Functional Antioxidant Targeting ABCC3 

Figure VII.4. Journal Impact Factor (JIF) rankings and percentiles for Antioxidants across its indexed subject 

categories. 

Figure VII.3. Key publication details of Antioxidants. 
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7.1.3. Matched pairs demonstrate robustness against inter-assay variability 

Figure VII.5 Key publication details of Journal of Cheminformatics. 

Figure VII.6. Journal Impact Factor (JIF) rankings and percentiles for Journal of Cheminformatics across its 

indexed subject categories. 
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7.2. APPENDIX 2. RESEARCH OUTPUT AND CONTRIBUTIONS 

7.2.1. Publications 

Targeting Drug Resistance in Cancer: Dimethoxycurcumin as a 

Functional Antioxidant Targeting ABCC3 

Jochem Nelen, Valeria Naponelli, José Manuel Villalgordo Soto, Marco Falasca, 

Horacio Pérez Sánchez 

Antioxidants, 16 May 2025 

DOI: 10.3390/antiox14050599 

Impact factor (JCR 2024): 6.6 

Journal ranking: 8 out of 72 in Chemistry, Medicinal (Q1) 

Matched Pairs Demonstrate Robustness Against Inter-Assay Variability 

Jochem Nelen, Horacio Pérez Sánchez, Hans De Winter, Dries Van Rompaey 

Journal of Cheminformatics, 20 January 2025 

DOI: 10.1186/s13321-025-00956-y 

Impact factor (JCR 2024): 5.7 

Journal ranking: 35 out of 258 in Computer Science, Information Systems (Q1) 

Interaction of an Anticancer Oxygenated Propenylbenzene Derivative 

with Human Topoisomerase II α and Actin: Molecular Modeling and 

Isothermal Titration Calorimetry Studies 

Joanna Grzelczyk, Horacio Pérez Sánchez, Jochem Nelen, Miguel Carmena 

Bargueño, Ilona Gałązka Czarnecka, Grażyna Budryn, Dawid Hernik, Elisabetta 

Brenna, Filip Boratyński 

Journal of Thermal Analysis and Calorimetry, 2 September 2024 

DOI: 10.1007/s10973-024-13569-8 

Impact factor (JCR 2024): 3.1 

Journal ranking: 24 out of 79 in Thermodynamics (Q2) 
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Enhancing MD Simulations: ASGARD’s Automated Analysis for 

GROMACS 

Alejandro Rodríguez Martínez, Jochem Nelen, Miguel Carmena Bargueño, Carlos 

Martínez Cortés, Irene Luque, Horacio Pérez Sánchez 

Journal of Biomolecular Structure and Dynamics, 22 March 2024 

DOI: 10.1080/07391102.2024.2349527 

Impact factor (JCR 2024): 2.4 

Journal ranking: 47 out of 79 in Biophysics (Q3) 

ESSENCE-Dock: A Consensus-Based Approach to Enhance Virtual 

Screening Enrichment in Drug Discovery 

Jochem Nelen, Miguel Carmena Bargueño, Carlos Martínez Cortés, Alejandro 

Rodríguez Martínez, José Manuel Villalgordo Soto, Horacio Pérez Sánchez 

Journal of Chemical Information and Modeling, 28 February 2024 

DOI: 10.1021/acs.jcim.3c01982 

Impact factor (JCR 2024): 5.3 

Journal ranking: 46 out of 258 in Computer Science, Information Systems (Q1) 

Antcin-B, a Phytosterol-Like Compound from Taiwanofungus 

camphoratus, Inhibits SARS-CoV-2 3-Chymotrypsin-Like Protease (3CLPro) 

Activity In Silico and In Vitro 

Gyaltsen Dakpa, Senthil Kumar, Jochem Nelen, Horacio Pérez Sánchez, Sheng-

Yang Wang 

Scientific Reports, 10 October 2023 

DOI: 10.1038/s41598-023-44476-x 

Impact factor (JCR 2024): 3.8 

Journal ranking: 25 out of 134 in Multidisciplinary Sciences (Q1) 
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7.2.2. Preprints 

7.2.2.1. First Author Preprints 

Discovery and biological evaluation of WEE1 inhibitors through virtual 

screening and medicinal chemistry approaches for cancer treatment 

Jochem Nelen, Bidisha Sarkar, Javier Jimenez-Bernad, Antonia C. Darragh, 

Andrew M. Hanna, Nicole B. Servant, Mirza Jahic, José Manuel Villalgordo-Soto, 

Gunda I. Georg, Horacio Pérez-Sánchez 

ChemRxiv, 27 June 2025 

DOI: 10.26434/chemrxiv-2025-wccvn 

Computational Discovery and Optimization of a Potent, Selective, and 

Drug-like Scaffold for p38α Inhibition 

Jochem Nelen, Marcia Goettert, Michael Forster, Laure Breuils, José Manuel 

Villalgordo-Soto, Stefan A. Laufer, Horacio Pérez-Sánchez 

ChemRxiv, 25 June 2025 

DOI: 10.26434/chemrxiv-2025-l8jlq 

Enhancing Drug Repurposing with Consensus Docking: Discovery of 

Novel DDR1 Inhibitors 

Jochem Nelen, Xiaojuan Song, Lianchao Liu, Lijie Zhao, Zhengchao Tu, Zhen 

Wang, Ke Ding, Horacio Pérez Sánchez 

SSRN Preprint Server, 10 February 2025 

DOI: 10.2139/ssrn.5129660 

7.2.2.2. Co-author Preprints 

STELLAR Enables CPU-Based Fragment Docking and Reconstruction of 

Large Peptides Without AI Assistance 

Alejandro Rodríguez Martínez, Jochem Nelen, Miguel Carmena Bargueño, Carlos 

Martínez Cortés, Horacio Pérez Sánchez 

ChemRxiv, 3 June 2025 

DOI: 10.26434/chemrxiv-2025-nmn5s 
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Freshness flavour perception via quantum-inspired and quantum ligand-

based virtual screening 

Antón Rodríguez Otero, Mariamo Mussa Juane, María Paredes Ramos, Jochem 

Nelen, Alejandro Borrallo Rentero, Horacio Pérez Sánchez, Andrés Gómez Tato, 

Jose M López Vilariño 

Research Square, 19 February 2025 

DOI: 10.21203/rs.3.rs-6062772/v1 

7.2.3. Patent 

Tratamiento de enfermedades causadas por netosis, o de enfermedades 

asociadas a trampas extracelulares de neutrófilos (NET) 

Inventors: Constantino Martínez Gómez, Laura Zapata Martínez, Irene Martínez 

Martínez, Sonia Águila Martínez, Rocío González Conejero, Horacio Pérez 

Sánchez, Jochem Nelen 

Application No.: P202430866 

Country: Spain 

Date of Registration: 24/10/2024 

7.2.4. Conference Presentations 

7.2.4.1. Oral Communications 

(Presenter in all cases) 

ESSENCE-Dock: A Robust and Reliable Consensus Docking Method for 

Identifying Active Compounds 

X Jornadas de Investigación y Doctorado, Murcia, 21/06/2024 

Organized by Universidad Católica San Antonio de Murcia 

Visualizing Molecular Impact: Understanding the Role of Substructures 

in Drug Activity Prediction 

II Congreso Estatal de Estudiantes de Biociencias (CEEBI), Granada, 18–

21/07/2023 

Organized by Universidad de Granada 
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Unpacking the Black Box: Understanding Machine Learning Models to 

Aid the Drug Discovery Process 

IX Jornadas de Investigación y Doctorado, Murcia, 23/06/2023 

Organized by Universidad Católica San Antonio de Murcia 

Visualizing the Impact of Chemical Substructures on Compound Activity 

for Improving the Drug Discovery Process 

III Symposium on Chemical and Physical Sciences for Young Researchers, 

Murcia, 15–16/06/2023 

Organized by Faculty of Chemistry, University of Murcia 

Award: Best Flash Presentation – Academia de Ciencias de la Región de Murcia 

Optimizing Consensus Docking by Incorporating Predicted Binding Pose 

Similarity: A Wee1 Case Study 

VII Jornadas Doctorales, Murcia, 04–06/07/2022 

Organized by Universidad de Murcia 

Optimizing Consensus Docking by Incorporating Predicted Binding Pose 

Similarity: A Wee1 Case Study 

VIII Jornadas de Investigación y Doctorado, Murcia, 24/06/2022 

Organized by Universidad Católica San Antonio de Murcia 

Optimizing Consensus Docking by Incorporating Predicted Binding Pose 

Similarity: A Wee1 Case Study 

Simposio de Estudiantes Hispanohablantes de Bioinformática y Biología 

Computacional, 02–03/06/2022 

Organized by SEH2Bioinfo 

7.2.4.2. Poster Presentations 

(Presenter unless otherwise noted) 

Gilteritinib inhibits PAD4 activity and neutrophil extracellular trap 

Formation (Co-author) 

ISTH 2025 Congress, Washington, D. C., 21-25/06/2025 

Organized by International Society on Thrombosis and Haemostasis 
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Leveraging Consensus: A Novel Approach to Molecular Docking for 

Improved Enrichment of Active Compounds 

1er Congreso SEBiBC, Valencia, 16–18/10/2024 

Organized by Sociedad Española de Bioinformática y Biología Computacional 

ESSENCE-DOCK: A Unified Framework for Integrating Docking 

Methods and Enhancing Hit Identification 

24th European QSAR Symposium, Barcelona, 22–26/09/2024 

Organized by QSAR, Chemoinformatics and Modeling Society 

Utilizing Binding Pose Similarity after Consensus Docking to Aid in the 

Discovery of Novel Wee1 Inhibitors  

II Congreso Internacional de Investigación Biosanitaria para Jóvenes 

Investigadores, Murcia, 15–16/09/2022 

Organized by Universidad de Murcia 

Using Consensus Molecular Docking for the Discovery of Wee1 

Inhibitors in the Context of Cancer  

II Symposium on Chemical and Physical Sciences for Young Researchers, Murcia, 

24–25/03/2022 

Organized by Universidad de Murcia 

7.2.5. Participation in Funded Projects 

2025 Spanish Supercomputing Network – 1st Call 

Project title: Discovery of Novel Compounds from Large Chemical Spaces Targeting 

Fascin for Inhibiting Colorectal Cancer 

Project ID: BCV-2025-1-0004 

Resource awarded: 5,000,000 CPU hours (supercomputing time) 

2025 Fundación Séneca – “Desarrollo De Nuevos Inhibidores de Fascina 

Como Agentes Anticancerígenos” Call 

Programme: Development of scientific and technical research by competitive 

research groups 

Project ID: 22616/PI/24 

Funding awarded: €72,800 
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2024 Spanish Supercomputing Network – 2nd Call 

Project title: Discovery of Novel Compounds from Large Chemical Spaces Targeting 

Fascin for Inhibiting Colorectal Cancer 

Project ID: BCV-2024-2-0013 

Resource awarded: 5,000,000 CPU hours (supercomputing time) 

7.2.6. Science Outreach 

Accelerating Drug Development with Computational Methods: A 

Practical Overview 

Hi-Tech Seminar, 14/03/2025 

Organized by Universidad Católica San Antonio de Murcia, Murcia, Spain 

Descodificando la caja negra: Mejorando y guiando el descubrimiento de 

fármacos usando inteligencia artificial e interpretabilidad de las subestructuras 

moleculares 

Hidden Nature, Revista 19, 05/01/2024 

Type of production: Popular science article 

The Discovery of Wee1 Inhibitors in the Context of Cancer: an in Silico 

Approach 

Guest Lecture, 25/05/2023 

Organized by Dokuz Eylül Üniversitesi, Turkey 

7.2.7. Open-source GitHub Contributions 

As part of my commitment to open science and reproducibility, I have 

developed and contributed to several open-source software projects. These tools 

and libraries are freely available to the scientific community, aiming to accelerate 

research in computational drug discovery, molecular modeling, and 

cheminformatics by promoting transparency, collaboration, and innovation. 
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7.2.7.1. Maintained Repositories 

For the following projects, I am either the original creator or the primary 

maintainer of key components and functionalities. My responsibilities include 

development, ongoing maintenance, and ensuring the tools remain accessible and 

useful to the scientific community. 

 

MetaScreener 

Implemented Gnina integration and ESSENCE-Dock consensus scoring as part of 

a broader virtual screening framework. 

https://github.com/bio-hpc/metascreener  

ConFiLiS 

Consensus-based fingerprint similarity library for ligand screening. 

https://github.com/Jnelen/ConFiLiS  

ChEMBL_MatchedPairs Notebook 

Interactive Jupyter notebook for matched molecular pair analysis using ChEMBL 

data. Includes datasets and reproducible workflows. 

https://github.com/Jnelen/ChEMBL_MatchedPairsAnalysis  

DynamicBindHPC, TorsionalDiffusionHPC, DiffDockHPC 

Adaptations of popular molecular docking/AI methods for high-performance 

computing environments. 

https://github.com/Jnelen/DynamicBindHPC  

https://github.com/Jnelen/DiffDockHPC  

https://github.com/Jnelen/TorsionalDiffusionHPC  

 

 

 

 

 

 

https://github.com/bio-hpc/metascreener
https://github.com/Jnelen/ConFiLiS
https://github.com/Jnelen/ChEMBL_MatchedPairsAnalysis
https://github.com/Jnelen/DynamicBindHPC
https://github.com/Jnelen/DiffDockHPC
https://github.com/Jnelen/TorsionalDiffusionHPC
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7.2.7.2. Code Contributions to External Projects 

These are open-source projects developed by external groups. While I am not 

the original author of these projects, I have actively used these tools in my research 

and contributed enhancements such as new features, performance improvements, 

and bug fixes to support their continued development. 

 

OpenDUck 

Enabled batch mode for the OpenMM backend and introduced a launcher script. 

https://github.com/CBDD/openduck  

AEV-PLIG 

Improved multicore processing and runtime efficiency. 

https://github.com/isakvals/AEV-PLIG  

Spyrmsd 

Enabled backend selection and added multicore script functionality. 

https://github.com/RMeli/spyrmsd  

Spectrophore 

Refactored CLI utility, added continuous integration, and improved usability. 

https://github.com/silicos-it/spectrophore  

PyFingerprint 

Extended support for additional molecular fingerprints and resolved existing 

bugs. 

https://github.com/hcji/PyFingerprint  

Uni-GBSA 

Bug fixes and enhancements for usability and documentation. 

https://github.com/dptech-corp/Uni-GBSA  

  

https://github.com/CBDD/openduck
https://github.com/isakvals/AEV-PLIG
https://github.com/RMeli/spyrmsd
https://github.com/silicos-it/spectrophore
https://github.com/hcji/PyFingerprint
https://github.com/dptech-corp/Uni-GBSA


 

 

 

 


