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Abstract 

Introduction: Technological advancements in virtual screening (VS) have rapidly accelerated its application 

in drug discovery, as reflected by the exponential growth in VS-related publications. However, a significant 

gap remains between the volume of computational predictions and their experimental validation. This 

discrepancy has led to a rise in the number of unverified 'claimed' hits which impedes the drug discovery 

efforts.  

Areas covered This perspective examines the current VS landscape, highlighting essential practices and 

identifying critical challenges, limitations, and common pitfalls. Using case studies and practices, this 

perspective aims to highlight strategies that can effectively mitigate or overcome these challenges. 

Furthermore, the perspective explores common approaches for addressing pharmacodynamic and 

pharmacokinetic issues in optimizing VS hits. 

Expert opinion: VS has become a tried-and-true technique of drug discovery due to the rapid advances in 

computational methods and machine learning (ML) over the past two decades. Although each VS 

mailto:mog4005@med.cornell.edu
mailto:hoh4004@med.cornell.edu


Page 2 of 52 
 

Information Classification: General 

workflow varies depending on the chosen approach and methodology, integrated strategies that combine 

biological and in silico data have consistently yielded higher success rates. Moreover, the widespread 

adoption of ML has enhanced the integration of VS into the drug discovery pipeline. 

 

Key words: Virtual screening, structure-based virtual screening, Ligand-based virtual screening, Drug 

discovery. 

 

 

Article Highlights 

▪ The increasing adoption of virtual screening (VS) is driven by ongoing technological advances, 

promising outcomes, and increasing cost-effectiveness. 

▪ Database selection plays a critical role in determining VS outcomes, with factors such as size, 

diversity, and preparation methods significantly influencing the results. 

▪ Both prospective and retrospective validations are vital for advancing and refining VS 

methodologies. 

▪ The lack of standardized evaluation criteria remains a significant challenge. Implementing such 

criteria would enable the objective assessment of the success or failure of VS studies. 

▪ VS and high-throughput screening (HTS) are not mutually exclusive; when used together, they 

provide a more comprehensive evaluation framework. 

 

 

 

 

 



Page 3 of 52 
 

Information Classification: General 

 

1. Introduction 

 Virtual screening (VS) has become a cornerstone of computer-aided drug design (CADD) due to its 

contribution to the rapid and efficient identification of potential leads [1]. This importance has been 

highlighted by the growing number of publications employing VS protocols [2-4]. Figure 1 demonstrates 

the growing impact and application of VS, illustrating the number of articles containing the keyword 

“virtual screening” published since 1990. This rise in popularity can be attributed to the promise of VS to 

offer a high-throughput, cost-effective alternative method to traditional experimental screening methods 

such as high throughput screening (HTS) [5,6]. Moreover, the increasing availability of large public 

chemical libraries has further increased the popularity and attractiveness of VS [7,8].  

 
 

Figure 1. The Rising Impact of VS: Annual publication volume in Web of Science indexed for the keyword 

"virtual screening" from 1990 to January, 2025). 

 

 

 However, the widespread adoption of VS has been accompanied by a growing concern over the 

accuracy of predictions [9,10]. A significant gap often exists between computationally predicted active 

compounds and experimentally validated hits, underscoring the critical need for rigorous validation 
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strategies and the establishment of robust quality control standards in VS. Additionally, both VS and HTS 

share a common conceptual framework whereby both methods compensate for their limited accuracy by 

investigating a large number of compounds. Consequently, since both VS and HTS aim to identify active 

compounds, they are better viewed as complementary techniques. VS excels in predicting potential leads 

using computational methods, while HTS serves as a high-throughput experimental validation step. Both 

methods require integration in order to achieve more effective drug discovery outcomes. Active 

compounds identified through either VS or HTS must undergo experimental validation before progressing 

to the hit-to-lead stage. Thus, HTS and VS are not competitive methodologies; rather, they are 

complementary approaches [2,11]. However, in practice the integration of HTS and VS remains less 

extensive than expected. 

 The core principle of VS involves predicting the binding affinity to and selectivity of compounds 

for a target protein. This process encompasses several key components, including accurate molecular 

representation, the construction of diverse chemical databases and the application of ligand-based or 

structure-based computational methods [12]. Ligand-based VS methods often rely on similarities between 

known active compounds and database molecules while structure-based VS methods utilize the three-

dimensional structure of the target protein to predict ligand binding [13-15]. Ultimately, VS aims to 

prioritize compounds with the highest potential for biological activity leading to the acceleration of the 

drug discovery process and at reduced cost [16,17]. However, the predictive nature of VS requires rigorous 

experimental validation to confirm the biological activity and therapeutic potential of identified 

compounds. Experimental validation is essential to verify computational predictions in order to ensure 

that the VS process ultimately translates into tangible and effective molecules for optimization. 

 This perspective will examine the fundamental principles of VS by exploring the various 

computational methods and techniques employed. Additionally, the main challenges and limitations of 

current VS approaches will be explored with the aim of highlighting the common misconceptions about 
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VS, share valuable lessons learned, and recommending best practices for its effective implementation in 

the drug discovery process. 

 

2. Virtual screening: an overview 

 VS employs structural and chemical information that is applied toward the identification of 

potential lead molecules from compound libraries (Figure 2). This section provides an overview of ligand-

based, structure-based, and ML-based VS methods and their associated validation strategies. A well-

curated and validated database constitutes the foundation of successful VS, followed by the application of 

appropriate screening techniques and subsequent validation of the results. 
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Figure 2. Representative workflow in virtual screening-based studies. An example of how VS 
methodologies can be integrated with computational and experimental validation techniques to 
accelerate lead discovery. 
 
 
2.1.  Database: choice and preparation 

 

 One of the key factors that influences the eventual success or failure of a VS study is the quality 

and the proper curation of a selected ligand database [18,19]. Proper database compilation necessitates 

accurate charge assignment, correct stereochemistry representation, and consideration of other pertinent 

chemical parameters [20,21]. The chosen scoring function are another factor that plays a key role in the 

success of any VS study since it must effectively incorporate and appropriately balance all relevant 

energetic components. Scoring functions can be classified into physics-based, knowledge-based, empirical 

and more recently ML-based scoring functions. Each type of scoring function has its own advantages and 

limitations, with the consensus being that a combination of different scoring functions to generate hybrid 

scoring functions can lead to improved accuracy. There are several literature studies that have both 

categorized and summarized the different scoring functions in order to facilitate their informed application 

in VS [22-25]. However, it should be noted that relying solely on scoring functions for selecting compounds 

for optimization or validation is not advisable. It is crucial to follow up initial scoring function assessments 

with rigorous validation to confirm the predicted interactions and ensure the reliability of the selected 

compounds. 

The size of the chosen database and the diversity of the chemical space that it explores are 

additional factors that can affect the eventual outcome of VS [26-28]. The size of the database influences 

the likelihood of discovering active molecules, with larger databases affording an increased probability of 

identifying relevant hits. Meanwhile, a diverse compound collection containing a range of substructures 

(scaffolds) that are amenable to rapid library expansion is highly advantageous [29-31]. Database diversity 

can be quantified using distance-based, cell-partitioning, or clustering methods [32-34]. Currently, there 

are a large number of available chemical databases and compound collections which are readily accessible 
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from commercial vendors and academic institutions. Notable examples include ZINC, ChemDB, PubChem, 

the National Cancer Institute (NCI) database and the DrugBank chemical database among many others 

[35-39]. One strategy to enhance the quality of chemical databases for VS involves including compounds 

that are known to bind to the desired target in the sample set of screening candidates. This allows 

assessment of how well these known binders "enrich" during the screening process, thereby improving 

the overall effectiveness of the VS exercise [40,41].  

 Despite the capacity of VS to evaluate a vast number of compounds, screening the entire available 

chemical space is impractical due to its scale. This problem can be overcome by introducing rules to 

eliminate unlikely candidates leading to a more efficient and streamlined process. Among the various rules 

for database preparation are drug-likeness criteria, including Lipinski's Rule of Five, and more stringent 

lead-likeness criteria, like the Rule of Three. Additionally, "Pfizer's Rule of 3/75" targets the identification 

and elimination of compounds with potential safety and toxicity concerns, while "Jorgensen's Rule-of-

Three" emphasizes lead-like properties [42-46]. Depending on the strategy employed in the subsequent 

VS campaign, multiple conformers can be pre-calculated and stored as separate entries in the database. 

However, these rules may overlook candidates for unconventional targets such as protein-protein 

interactions or the generation of peptidomimetics. Therefore, the choice of which rules to apply depends 

entirely on the specific target of the VS and the targeted lead properties.  

 

2.2.  Structure based virtual screening (SBVS) 

2.2.1. Target receptor: drugability and structural features 

 There are several target receptor-related factors that must be considered and resolved prior to 

starting a VS study. This section will discuss some of those factors and the criteria that should be met 

before starting the VS survey. 
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 The likelihood of successfully modulating a target with a therapeutic agent is referred to as target 

drugability. However, not all biological targets of interest have been considered suitable for drug discovery, 

necessitating a proper understanding of drug properties is essential for the effective evaluation of the 

drugability of a specific target. Most drugs bind to defined sites on protein targets known as “hot spots” 

and comprehending these binding sites is fundamental to structure-based drug design and the success of 

VS. Currently, there are several programs, software and ML algorithms that can be exploited to predict the 

possible binding sites of the intended target with varying accuracy [47-49]. Experimental techniques like 

SPR and chemical probes can complement computational modeling to identify key binding residues [50,51].  

 The flexibility of the target receptor is another challenging aspect of VS due to the number of 

possible conformations exhibited by a target protein as a function of its innate flexibility.[52,53] The 

flexible nature of molecular targets can be accounted for by incorporating the dynamic behavior of a 

protein during screening or the use of an ensemble of rigid protein conformers. Protein conformations 

suitable for ligand binding can be derived from two primary approaches. The first involves exhaustive 

conformational sampling using computational methods such as molecular dynamics (MD) simulations to 

explore the dynamic landscape of the target protein. Alternatively, a more static approach can be 

employed to assess protein conformations by analyzing multiple protein-ligand complex crystal structures 

to identify a representative set of conformations. This latter method assumes that experimentally-

determined structures correspond to low energy, biologically relevant conformations [54-58]. 

 Lastly, the choice of which crystal structure to employ for VS is a key factor contributing to the 

potential success of a computational survey. Protein-ligand complexes are typically obtained through 

soaking or co-crystallization methods. In soaking, a ligand diffuses into preformed protein crystals, 

whereas in co-crystallization the complex forms in solution prior to crystallization. Different soaking 

protocols can yield distinct protein conformations which significantly impact docking and scoring 

outcomes. Ligands may adopt reversed orientations or induce protein conformational changes depending 
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on the crystallization conditions. Increasing the ligand concentration in soaking buffers can enhance 

occupancy but may also introduce kinetic traps which leads to unexpected co-crystallization results such 

as multiple ligands or multiple binding modes. Therefore, before utilizing a crystal structure for VS it is 

essential to carefully analyze parameters such as ligand occupancy and hydrogen bond networks toward 

selecting the most representative conformation [40,59,60].  

 An alternative to X-ray crystallography is Cryo-EM, a biophysical technique employed to establish 

the structure of biological molecules that enables the structural determination of large or dynamic 

macromolecular assemblies in solution without requiring crystallization. One of the advantages of Cryo-

EM stems from its ability to capture biological structures in their near-native state, including proteins 

subject to post-translational modifications. Additionally, Cryo-EM can resolve multiple conformational 

states within a single experiment. There are distinct differences between X-ray crystallography and Cryo-

EM which should be considered when choosing a biological structure for VS. Table 1 summarizes some of 

the key differences between X-ray crystallography and Cryo-EM [61]. 

 

Table 1. Comparative analysis of X-ray crystallography and Cryo-EM [61] 

Feature X-ray Crystallography Cryo-EM 

Resolution 
High resolution (<3 Å) is readily achievable and 
reliable. 

Effective for intermediate resolutions (4–7.5 Å), 
with clear visualization of secondary structures; <3 
Å resolutions are becoming more common but 
remains a challenge. 

Throughput 
Extremely fast; ∼500 crystals can be screened 
in 24 hours, data processed within 1 week. 

Significantly slower; similar throughput would 
require months for data collection and analysis. 

Automation 
Highly automated processes for data 
integration, structure solution, and 
refinement. 

Automation is increasing, but manual efforts are 
still required for model building and refinement. 

Sample Preparation 
Requires large amounts of protein and 
successful crystallization, which can be 
challenging, especially for complex proteins. 

Requires smaller quantities of protein and does not 
rely on crystallization; suitable for large, dynamic, 
or membrane proteins. 

Native State Analysis 
Limited in studying proteins in their native, 
dynamic states or proteins with post-
translational modifications. 

Ideal for analyzing proteins in their native state, 
including those that are flexible of incorporate 
post-translational modifications . 

Speed of Analysis 
Very fast: data collection at a synchrotron 
takes <2 minutes; analysis completed in ∼1 
hour. 

Slow: ∼8 hours per dataset for collection and 
extensive computational time for analysis. 

Phase Information 
Phase information is lost and must be 
reconstructed, which can be challenging at 
intermediate resolutions. 

Phase information is directly accessible, enabling 
better visualization of structural features at 
intermediate resolutions. 
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Suitability for Drug 
Discovery 

Well-suited due to rapid ligand screening and 
high throughput. 

Increasingly suitable for drug discovery, particularly 
for targets that are challenging to crystallize. 

High-Resolution 
Challenges 

Reliable for <3 Å; challenges arise beyond 3.5 
Å due to poor observation-to-parameter 
ratios. 

Achieving <3 Å resolution can be challenging due to 
conformational variability, beam damage, and 
optical aberrations. 

Intermediate 
Resolution Quality 

Structures at 3.5 Å resolution may lack clarity 
compared to cryo-EM at similar resolutions. 

Better-defined structural features at intermediate 
resolutions (∼3.5 Å) compared to X-ray 
crystallography. 

 

 

2.2.2. Structure-based virtual screening (SBVS): techniques, limitations and solutions 

 Following the careful preparation of the target receptor, SBVS involves docking each compound in 

a library into the receptor's binding site using software such as AutoDock, Glide, Gold, LigandFit and FLARE 

[62-66]. This process predicts the three-dimensional orientation of the ligands within the protein binding 

pocket of the target receptor. Subsequently, a scoring function is applied to estimate the binding affinity 

of each predicted pose. These scores are derived from various computational methods including force 

field-based, empirical, knowledge-based approaches, or combinations thereof. The compounds are then 

ranked based on their predicted binding affinities [67,68]. 

 From a physics perspective, scoring functions can be broadly classified into two categories: force 

field-based approaches and quantum mechanics-based approaches. Force field-based scoring functions 

estimate the binding energy of protein-ligand complexes by summing the van der Waals and electrostatic 

interactions between the individual atom pairs of the protein and ligand. While the force-field approach 

accounts for the contribution of enthalpy to energy while calculating the docking score it doesn’t account 

for the effect of the solvents and entropy. The limitations of force field-based scoring functions can be 

addressed by employing quantum mechanics-based scoring functions. Quantum-mechanics-based scoring 

functions are characterized by improved accuracy and the ability to account for covalent interactions, 

polarization effects and charge transfers, which are often challenging for force field-based approaches. 

However, the enhanced precision of quantum mechanics-based scoring functions comes at the cost of 

significantly higher computational demands and longer calculation times. Scoring functions can also be 

classified into knowledge-based, empirical, and machine learning-based approaches [22,25,69]. 
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 Among the different applications for performing SBVS, 3D structure-based pharmacophore 

modeling has become a widely employed strategy. Leveraging the 3D structure of a macromolecular target 

or a macromolecule-ligand complex, these approaches generate pharmacophore models obtained from 

the analysis of the active site and the identification of the spatial arrangement of key chemical features. 

The generated features are then compiled to establish a 3D pharmacophore model capable of representing 

the key interactions which are necessary for ligand binding [70].   

 Despite its strengths, SBVS is not without limitations. The accuracy of the predictions is heavily 

reliant on the quality of the target protein structure which often include inaccuracies or missing 

information, potentially leading to erroneous results. Furthermore, the employed scoring functions often 

exhibit limitations in accurately predicting binding affinities. This is particularly evident when comparing 

structurally similar compounds. As a result, the top-ranked compound from a virtual screen frequently 

does not correspond to the most potent compound in experimental assays [71,72]. The assumption of 

protein rigidity in many docking programs can also hinder prediction accuracy, since proteins are 

inherently dynamic molecules [73]. Lastly, the composition and representation of chemical compounds 

within available databases can introduce biases in the screening process [18]. To bridge the gap between 

computational predictions and experimental outcomes, robust experimental validation strategies are 

essential.  

 Overall, validation methods for VS, both structure-based and ligand-based, can be broadly 

categorized into two types: prospective and retrospective validation. Retrospective validation is a method 

commonly used to evaluate the performance of the chosen VS protocol. Retrospective validation employs 

a dataset with known active and inactive compounds which gauges the effectiveness of the chosen 

method and identifies areas for improvement [74-76]. Conversely, prospective screening applies validated 

methodologies to screen databases of novel compounds which is followed by experimental evaluation to 

confirm the predicted activity. 
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 VS is akin to HTS in drug discovery, as both enable the rapid, broad identification of potential hits. 

Once identified, these initial hits are then subjected to more sophisticated, resource-intensive methods 

that refine and validate the results. Methods commonly used to validate VS results include consensus 

docking, MD simulations, free energy calculations and the incorporation of experimental data to refine 

the prediction models and improve the accuracy of the screening outcomes. Consensus docking is an 

advanced computational strategy designed to improve the accuracy of predicting protein-ligand binding 

poses which can be used to enhance the accuracy of the VS results. Unlike traditional approaches that rely 

upon a single docking program, consensus docking integrates the outputs from multiple docking tools. 

This integration leverages the strengths of diverse algorithms and scoring functions which allows 

consensus docking to often outperform individual docking programs in terms of predictive accuracy. For 

example, studies have shown that consensus docking can achieve a success rate of 82% in pose prediction, 

compared to 55% for Autodock, 58% for DOCK, and 64% for Vina. Consensus docking emphasizes the 

concordance among predicted binding modes rather than the absolute values of predicted binding 

affinities. This approach helps to reduce the bias and limitations associated with any single docking 

method which leads to a more reliable and robust predictions [77,78]. Docking results can be further 

validated by utilizing MD simulations and free energy calculations which will be discussed in a separate 

section. 

 Meanwhile, combining VS with HTS can speed up the hit discovery process by utilizing VS to 

analyze the large datasets generated from HTS experiments and generate a more focused selection of 

compounds for further investigation [79,80]. Additionally, experimental data can be leveraged to create 

target-focused libraries for VS with higher likelihood of binding to the target [81]. Collectively, the 

aforementioned approaches optimize hit prioritization and accelerate the drug discovery process. 

 

2.3.  Ligand based virtual screening (LBVS) 
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 LBVS is a method where known active ligands can be utilized to identify new hits from vast 

chemical databases [12,14]. The fundamental principle of LBVS is molecular similarity, which operates 

under the assumption that structurally similar compounds are likely to possess similar biological activities 

[82]. By applying this principle, LBVS employs computational algorithms to search extensive chemical 

libraries leading to the identification of hits which resemble known active compounds which are then 

experimentally tested as part of the validation process. A key application of LBVS is the discovery of novel 

chemotypes that can serve as lead structures for further optimization [83]. This approach not only expands 

the chemical space explored but also offers the potential to identify innovative leads. Moreover, it has the 

potential to address issues such as toxicity or pharmacokinetic (PK) problems associated with previously 

known active compounds, ultimately improving the overall drug discovery process [84,85]. 

 LBVS is carried out using various methodologies that leverage different algorithms and molecular 

representation techniques toward the identification of promising leads within chemical databases. At its 

core, LBVS methodologies center around two key elements: an efficient similarity measure or coefficient 

and a robust scoring method [86]. Similarity coefficient is the parameter which quantitatively defines the 

required level of similarity between the lead compound and the database compounds [87-89]. A high 

similarity threshold enforces strict screening and reduces the likelihood of false positives while risking the 

exclusion of novel active compounds. Conversely, lowering the similarity threshold expands the search 

space toward potentially identifying more diverse hits but at the cost of increasing the probability of 

harvesting false positives. Accordingly, the optimal threshold is context-dependent and is influenced by 

the quality of the lead compound, the chemical diversity of the database and the balance between the 

desired specificity and novelty in the screening result.  

There are various coefficients which can be employed with different fingerprint molecular 

databases to measure the similarity coefficient. Notable examples of commonly employed similarity 

coefficients in LBVS include the Tanimoto coefficient, Euclidean distance, Soergel distance, Dice index and 
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Cosine coefficient.[90-92] Among these, the Tanimoto coefficient is one of the most widely used similarity 

coefficients due to its ability in leveraging molecular fingerprints and 3D shape metrics to assess similarity. 

While metrics such as Euclidean distance are less common for molecular fingerprints, they are useful in 

specific property-based comparisons. Overall, the Tanimoto index, Dice index, Cosine coefficient, and 

Soergel distance are reported to be the best metrics for similarity as they produced the rankings closest 

to the composite (average) ranking in a comparative study [93].  

LBVS typically can be classified into three main approaches: pharmacophores, molecular shapes 

and molecular fields [94]. Pharmacophore-based approaches rely on calculating the patterns of similarity 

derived from the calculation of distances between predefined molecular features such as aromatic rings 

or hydrogen-bond donors/acceptors [95,96]. Molecular shape-based methods aim to maximize the 

overlap of molecular shapes where the similarity percentage is determined by the degree of shape 

overlap.[97] Shape-based screening is particularly useful when the target shape is well-defined, such as 

when a ligand-bound structure is available [98]. Lastly, molecular field-based LBVS involves the comparison 

of electrostatic or steric fields around molecules to identify similarity patterns [99]. Meanwhile, the scoring 

method in LBVS is crucial for effectively ranking compounds by their activity. Accordingly, the chosen 

scoring method must possess the ability to distinguish between active and inactive compounds to allow 

for efficient identification of a small number of active compounds from a vast chemical library dominated 

by inactive ones.  

Quantitative structure activity relationship (QSAR) modelling is a technique which, when 

integrated with LBVS, can result in improved accuracy [100]. QSAR models are constructed based on 

generating molecular descriptors for the different molecular features (e.g., size, shape, electronic 

properties, hydrophobicity) [101]. These molecular descriptors are then used to establish a quantitative 

relationship between the molecular structure and its associated biological activity. By correlating 

molecular descriptors with observed activities in known compounds QSAR models provide a cost-effective 
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approach that does not require prior knowledge of the target protein structure. Accordingly, QSAR models 

can be employed to validate the LBVS results or prioritize the predicted hits for further testing. However, 

QSAR modelling suffers from limitations, including its heavy reliance on the quality and representativeness 

of the training set data. A biased and/or limited diversity data set will result in a model with unreliable 

predictions. Another limitation of QSAR models is that they may struggle to accurately predict the activity 

of compounds with novel scaffolds due to the absence of similar scaffolds in the training set [102,103].  

Both QSAR modelling and LBVS have made significant strides with the integration of ML algorithms 

due to their ability to learn complex patterns from large datasets[104]. These models are trained on known 

active and inactive compounds, learning to distinguish between them based on molecular descriptors or 

fingerprints. Once trained, the ML models can predict the activity of novel compounds, enhancing the 

accuracy and efficiency of VS. However, one major pitfall that computational chemists often encounter 

during the construction of ML models is the assumption that a high degree of structural similarity 

guarantees similar biological activity. Structural similarity has been shown to not necessarily imply similar 

interactions with a target macromolecule. A study that examined the IC50 values derived from 115 HTS 

assays showed that compounds with a Tanimoto similarity score of ≥0.85 to an active compound had only 

a 30% probability of being active themselves [105,106]. Although this 30% hit rate is considerably higher 

than the typical random screening hit rate of less than 0.01%, it still falls short of an optimal performance. 

It should be noted that the 30% probability was found to be approximately 10-fold higher than what was 

achieved using VS methods with Docking and Potential Of Mean Force (PMF) scoring, and 2-fold higher 

than Dock and Amber forcefield-based scoring [107].  

 The limitations of structural similarity-based screening arises from the inherent limitations of the 

chosen fingerprints and similarity calculations (e.g. Daylight fingerprints and Tanimoto similarity 

calculations) as well as the innate variability in how similar compounds interact with target 

macromolecules [108-110]. Accordingly, the integration of several methods, fingerprint and similarity 
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calculation methods is required for increased accuracy. Several reviews have comprehensively summarized 

and compiled the ML methodologies and applications utilized in VS [111-116]. Furthermore, the 

application of similarity searching is not confined to hit identification but can also be used for drug 

repurposing and identifying novel targets. For example, if a compound exhibits favorable cellular activity, 

such as antitumor activity, but fails to demonstrate activity against its intended target, these tools can be 

employed to rapidly identify potential alternative targets and mechanisms of action. Tools such as Swiss 

Similarity, Target hunter and PT-Finder are example of such applications [117-119]. 

 

2.4. MD and free energy calculations 

MD simulations model the time-, pressure- and temperature-dependent behaviors of proteins and 

their interactions with ligands leading to a more realistic and detailed representation of the binding 

process [120]. MD can assess structural flexibility and the entropic effects which allows for the prediction 

of the kinetic and thermodynamic paramtets associated with the binding of drugs to their targets as well 

as mechanistic studies of biological proteins. MD simulations offer insights into the stability of ligand-

protein complexes by analyzing the trajectory of the ligand within the binding site over time. This dynamic 

information complements the static snapshots derived from X-ray crystallography, leading to improved 

predictions [121]. Moreover, MD simulations can identify potential issues such as steric clashes or 

unfavorable interactions that might not be evident in traditional molecular docking or VS studies due to 

the static nature of their methodologies. Overall, MD simulations are a valuable tool for refining VS results, 

reducing false positives and prioritizing compounds with promising binding characteristics [122-125].  

The use of MD simulations in the drug discovery pipeline has been widely adopted, with the 

diverse applications extensively documented in several studies [126-128]. This widespread adoption is due 

to the ability of MD to overcome the rigid limitations associated with traditional docking methodologies, 

thereby resulting in a more accurate but computationally demanding approach. MD simulations have 
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played a key role in various stages of docking and virtual screening workflows. These roles include early 

steps such as the preparation of the protein receptor where MD is employed to refine the receptor by 

accounting for protein flexibility and optimizing conformations prior to docking. More commonly, MD 

simulations are used to enhance the accuracy of docked poses by incorporating solvent effects and 

addressing the phenomenom of induced fit, where ligand binding triggers conformational changes in the 

receptor.  

While MD simulations have become an invaluable tool in drug discovery, their successful 

application requires careful consideration of both potential pitfalls and the implementation of best 

practices. One common concern is the potential for the identification of false positives as the result of an 

analysis of MD simulation trajectories. One approach to reducing the identification of false positives is to 

conduct multiple independent simulations to assess the reproducibility of the results [129]. Furthermore, 

the duration of MD simulations significantly impacts the accuracy and reliability of the outcomes. While 

shorter simulations (50-100 nanoseconds) are often employed and have become the standard, longer 

simulations, which ideally extend to 1 millisecond or more, have shown the ability to capture more 

comprehensive dynamics and insights [130-132].  

Over-reliance on root-mean-square deviation (RMSD) as the sole metric for assessing protein-

ligand interactions is another factor which results in the identification of false positives in MD approaches. 

One metric that can be a strong indicator of the stability of the hit-protein complex is the number, distance 

and % of occupancy of the established hydrogen bonds between the hit and its target protein. A ligand 

forming fewer but stronger, fully occupied hydrogen bonds may be more promising than one forming 

numerous weaker or transient interactions. Gibbs free energy diagrams, which reveal the number of 

energy minima, are another tool with the capacity to efficiently identify and eliminate false positives. 

Ideally, a strong candidate from VS should exhibit a single, stable energy minimum, while multiple minima 

may suggest weaker binding [124,133].  
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Free energy calculations are another parameter which can be employed in reducing false positives 

in VS studies. Free energy calculations provide a more precise assessment of binding affinities by 

incorporating factors such as solvation and entropy. Free energy calculations can enhance VS by rescoring 

the top predicted hits, elucidating binding modes, profiling selectivity and quantifying energetic 

contributions. Such insights can more effectively guide the optimization of lead compounds, contributing 

to a more efficient drug discovery process. Although free energy calculations are computationally intensive, 

the rapid advances in computational power coupled with methodological advances have elevated free 

energy calculations to that of a key tool for validating the VS process.  

Another key practice toward reducing false positives is the analysis of the individual components 

(e.g., van der Waals, electrostatic, solvation) that make up the free energy of interaction rather than simply 

focusing on the total free energy. This approach often provides deeper insights into the driving forces 

subtending ligand binding and can guide the optimization of potential hit molecules. Lastly, enhanced 

sampling techniques, such as umbrella sampling, metadynamics, and steered MD, can provide deeper 

insights into the binding stability of a hit with its target protein. These methods are particularly effective 

at reducing the number of false positives in a VS. By leveraging these advanced tools and addressing key 

considerations, the reliability, accuracy, and interpretability of MD simulations can be significantly 

enhanced[128,134,135]. 

 

 

3. VS challenges & solutions 

 

 Several review articles have highlighted the challenges, pitfalls and misconceptions associated 

with VS [9,16,136,137]. This section highlights some of the most common challenges encountered in VS 

and provides potential solutions toward addressing and avoiding these issues (Table 3). For simplicity, the 

challenges have been categorized to be: data-, SBVS- and LBVS-related challenges.  
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3.1.  Overcoming database related challenges 

 One of the main challenges associated with the database are issues arising from the limited size 

or diversity of the prepared data set which leads to limited generalizability and biased results.[16,138] As 

such, the bigger and more diverse a dataset is the better the expected outcome of a VS study. Increasing 

the data set size and diversity will also solve the hit rate issues and biased results commonly observed with 

small or diversly biased data sets [9,16,136,137].  

 During the dataset preparation stage for a VS, it is crucial to identify and remove problematic 

molecules. For example, pan-assay interfering substances (PAINS) are chemically reactive molecules, 

promiscuous binders or aggregating molecules that can interfere with biological assays [139]. These 

compounds are notorious for producing false-positive results in HTS due to their nonspecific interactions. 

To address this issue, several computational platforms have been developed to identify and filter out such 

compounds. Beyond PAINS, several additional rules and frameworks have been developed that are 

designed to enhance and streamline the VS process. Table 2 provides an overview of representative tools 

and frameworks commonly utilized during the dataset preparation stage for VS. It is important to note 

that these rules and frameworks are not mutually exclusive and can be used in conjunction to provide a 

more comprehensive assessment. 

 

 

 

Table 2. Common tools, frameworks and databases utilized in dataset preparation for VS. 

Tool/Framework Description Advantages Limitations 

Lipinski's Rule of 
Five [140] 

Filters compounds based on 
molecular weight (<500 Da), octanol-
water partition coefficient (logP < 5), 
hydrogen bond donors (<5), and 
hydrogen bond acceptors (<10). 

Simple, fast, widely accepted 
guideline for initial 
assessment of drug-likeness 
for oral administration. 

May be overly restrictive, 
potentially excluding 
promising drug leads. 

Veber's Rules [141] 
Predicts oral bioavailability based on 
the number of rotatable bonds (<10) 

Simple, fast, considers both 
flexibility and polarity. 

May not be as accurate as 
more sophisticated models, 
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and topological polar surface area 
(TPSA <140 Å²). 

especially for complex 
molecules. 

Ghose Filter [142] 

Empirical guidelines that evaluate 
drug-likeness based on molecular 
weight (130-490 Da), number of 
heavy atoms (20-70), and octanol-
water partition coefficient (-0.4 < logP 
< 5.6). 

Simple, fast, provides a 
broader range of criteria for 
drug-likeness for oral 
administration. 

May be overly restrictive, 
potentially excluding 
promising drug leads. 

Egan's Rule [143] 

Estimates oral absorption based on 
topological polar surface area (TPSA 
<140 Å²) and octanol-water partition 
coefficient (logP < 5). 

Simple, fast, considers both 
polarity and lipophilicity. 

May not be as accurate as 
more sophisticated models, 
especially for complex 
molecules. 

Muegge’s Rule 
[144] 

Assesses drug-likeness based on 
molecular weight (<450 Da), octanol-
water partition coefficient (-0.5 < logP 
< 5), hydrogen bond donors (<5), and 
hydrogen bond acceptors (<5). 

Similar to Lipinski's Rule, but 
with slightly stricter criteria. 

May be more restrictive than 
Lipinski's Rule, potentially 
excluding more compounds. 

PAINS [139] 

Identifies pan-assay interference 
compounds (PAINS) that often give 
false positives in screening assays due 
to inherent chemical reactivity or 
non-specific interactions. 

Helps to remove problematic 
compounds early in the 
screening process, improving 
data quality. 

May sometimes flag legitimate 
compounds, requiring careful 
interpretation. 

Aggrescan [145] 
Predicts protein aggregation 
propensity based on amino acid 
sequences. 

Can help identify potential 
protein aggregation issues. 

Accuracy may vary depending 
on the specific protein and the 
model used. 

PubChem [146] 

A database that provides free access 
to chemical structures and 
properties, including fluorescence 
data. 

Can be used to identify 
compounds with known 
fluorescent properties. 

Fluorescence data may not be 
comprehensive for all 
compounds. 

ChemSpider [147]  

An online database that provides free 
access to chemical information and 
allows for predictions of molecular 
properties including solubility and 
logP. 

Easy to use, provides access 
to a large chemical database, 
useful for initial property 
estimations. 

Prediction accuracy may vary 
depending on the specific 
property. 

 

Lastly, context-dependent chemical characteristics such as tautomerism, ionization and chirality 

are often left unconsidered, which leads to reduced accuracy and can be a source of false positives or 

negatives. Accordingly, the proper preparation of the chemical database toward considering accurate 

tautomer selection, proper ionization state assignment and considering all chiral configurations are key 

factors toward improved VS assay results [148-150]. 

 The employment of negative controls in VS is highly critical to success and these should be 

carefully selected to ensure the robustness of the screen. The chosen negative controls should ensure 

representativeness by being structurally or functionally dissimilar to the compounds being tested. 

Additionally, the negative controls should cover a wide range of chemical classes and properties as well as 
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being validated through prior experiments or literature to ensure they reliably show no activity. The use 

of putative inactive compounds such as decoys which may not be truly inactive may lead to false negatives 

and reduced sensitivity. As such, limiting negatives controls to experimentally confirmed, inactive 

compounds as decoys would lead to improved accuracy. Lastly, the conditions under which negative 

controls are tested should be consistent with those applied to the experimental compounds. Any 

variations in testing conditions could affect the reliability of the controls [9,151-153].  

 

3.2.  SBVS pitfalls and solutions 

 There are several challenges that face SBVS, among which is the ability of the chosen docking 

protocol to differentiate between the correct and incorrect binding poses, which can be an important 

limiting factor. Potential solutions for this problem are to integrate improved docking algorithms with the 

docking protocol or to employ enhanced scoring functions such as the previously highlighted ensemble 

methods. Additionally, there are several reviews and case studies that have compared the different 

commonly-employed docking systems and programs and which can be used to assess the best system to 

employ for a VS assay [69,154-158]. Another challenge in SBVS is the potential presence of multiple or 

allosteric binding pockets on the target protein with the result that SBVS may struggle to identify ligands 

that bind to these alternative or less conventional sites. To address this issue, it is crucial to conduct a 

comprehensive study that maps all potential binding sites on a target protein before the implementation 

of the VS protocol. Such a thorough analysis helps to ensure that all possible binding pockets are 

considered which improves the likelihood of identifying a broad range of potential modulators, including 

those that interact with allosteric sites. Conformational sampling and flexibility present another challenge 

toward the success of SBVS assay where generating representative conformations of molecules is difficult, 

leading to reduced accuracy and missed active compounds. Improved conformational sampling methods 

and proper consideration of the target flexibility can help mitigate this issue [159,160]. 
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3.3.  LBVS pitfalls and solutions 

 Accurate pharmacophore feature definition is a key to a successful LBVS assay where the 

pharmacophoric features need to be carefully considered based on using multiple active molecules for 

model building [14]. Additionally, software selection and associated limitations play key roles in the 

success of LBVS due to different tools exhibiting different levels of performance. The selection of software 

or models should be tailored to the specific requirements of the LBVS assay and supported by relevant 

literature to ensure its suitability for the intended application. Another important consideration in LBVS is 

the lack of prospective validation in many models. Often, models are not tested on new or independent 

datasets which can lead to overestimation of their performance and limit their generalizability to different 

or novel scenarios. Finally, overreliance on drug-likeness in VS often limits the exploration of non-drug-like 

compounds which may lead to missed opportunities for the discovery of novel compounds [161,162]. 

Expanding the chemical space and exploring non-drug-like libraries can help mitigate this issue.  

 Understanding these challenges and implementing the suggested solutions will increase the 

accuracy and effectiveness of VS. Table 3 summarizes the aforementioned challenges facing VS and their 

respective potential solutions. 

 

Table 3. Overview of Challenges in VS and Potential Solutions 

Category Challenge Description Impact on VS Potential Solutions 

Data-
Related 
Challenges 

Data design and 
content issues 

Limited/bias in 
benchmark data sets 

Limited generalizability, 
biased results 

Use larger/diverse data sets, 
careful negative control 
selection 

Hit rate issues in 
benchmark data sets 

Low hit rates in standard 
data sets 

Limited generalizability, 
biased results 

Use high hit rate data sets, 
adjust performance metrics 

Problematic 
molecules (PAINS) 

PAINS interfere with HTS 
detection 

False positives, 
misleading results 

Remove PAINS, use PAINS 
filters 

Context-dependent 
chemical 
characteristics 

Tautomerism, ionization, 
chirality affects VS results 

Reduced accuracy, false 
positives/negatives 

Accurate tautomer selection, 
proper ionization state 
assignment 

Inactive decoys 
Decoys may not be truly 
inactive 

False negatives, 
reduced sensitivity 

Use confirmed inactive decoys, 
curate decoy sets carefully 
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SBVS 
Challenges  

Predicting incorrect 
binding poses 

Docking-based VS may 
predict correct binding 
for wrong reasons 

Low accuracy, false 
positives 

Improved docking algorithms, 
better scoring functions, 
ensemble methods 

Variable water-
mediated 
interactions 

Difficulty in predicting 
water-mediated 
hydrogen bonds 

Reduced accuracy, false 
negatives 

Consider water molecules 
explicitly, improve water 
modeling 

Single vs. 
multiple/allosteric 
binding pockets 

VS may miss ligands for 
alternative binding 
pockets 

Missed novel 
compounds 

Explore multiple binding sites, 
develop allosteric modulator 
identification 

Conformational 
sampling & 
flexibility 

Difficulty in generating 
representative 
conformations 

Reduced accuracy, 
missed compounds 

Improved sampling methods, 
consider target flexibility 

LBVS 
Challenges 

Feature definition 
challenges 

Incorrectly defined 
pharmacophore features 
affect accuracy 

Reduced accuracy, false 
positives/negatives 

Careful feature definitions, use 
multiple active molecules for 
modeling 

Software selection 
and limitations 

Different tools vary in 
performance 

Inconsistent results, 
suboptimal 
performance 

Benchmark tools, select based 
on specific needs 

Lack of prospective 
validation 

Models rarely validated 
on new data sets 

Overconfidence, 
limited generalizability 

Rigorous prospective/external 
validation 

Overreliance on 
drug-likeness 

Focus on drug-like 
compounds limits 
applicability 

Missed opportunities in 
non-drug-like 
compounds 

Explore broader chemical 
space, non-drug-like libraries 

 

 

4. Case studies 

 

 While numerous investigations and case studies have explored the diverse applications of VS and 

analyses through big data approaches, a comprehensive review of all such studies would be unwieldly. 

Therefore, this section highlights representative studies which were carefully selected to highlight the 

successes and limitations of VS as well as elucidating possible future directions. 

 

4.1. Integrating VS and experimental validation on a large scale 

 

 A VS study was performed to identify novel bromodomain BRD4 inhibitors from a library of 2 

million publicly-available compounds (the Enamine company collection) [163]. ML models, including 

Support Vector Machine (SVM) and Generative Topographic Mapping (GTM) models, were developed and 

employed in conjunction with structure-based pharmacophore models to screen the library. Molecular 

docking was subsequently used to rank the 12000 predicted hits to yield 3000 candidates. Out of the 3000 
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selected compounds, experimental testing of 2992 revealed that 29 were active which translated to a 1% 

hit rate.  

 The BRD4 study highlighted several issues facing VS studies, including the challenge of utilizing 

public databases due to their heterogeneous nature. The heterogenous nature of public databases stems 

from the fact that they are often compiled from different sources that use different protocols and 

measurements which makes it difficult to create a well-defined training set. For example, the weak to 

moderate correlation displayed by the actual hit detection criterion when compared to the dose-

dependent public data affinity scores resulted in significantly impacting the success rate of the VS study.  

 

4.2.  VS on a budget 

 The above-mentioned strategy for identifying BRD4 inhibitors employed LBVS in conjunction with 

molecular docking to identify 3,000 potential hits which were subsequently subjected to experimental 

validation. Although this approach was effective, as demonstrated by its success, large-scale experimental 

validation is costly and often unfeasible for smaller laboratories or projects. Therefore, alternative 

methodologies are required for smaller-scale research endeavors. One such strategy is to prioritize 

computational validation methods to assess the predicted hits from VS. By identifying a promising hit 

through computational techniques, the need for extensive experimental validation is minimized. The hit 

selected using this approach can then undergo optimization using medicinal chemistry approaches, 

allowing for a more resource-efficient and focused development process. 

 Our group’s attempt toward identifying novel and selective DDR1 inhibitors is a representative of 

this approach [96,131]. In a two-year effort to identify a selective DDR1 inhibitor, a multi-stage approach 

was employed. Initially, VS utilized a validated 3D-pharmacophore to assess 20 million drug-like 

compounds. HTVS then ranked the generated hits, with the top eight subjected to molecular docking and 

MM-GBSA calculations. This in silico analysis yielded three potential DDR1 inhibitors. Subsequent synthesis 



Page 25 of 52 
 

Information Classification: General 

and evaluation of these hits demonstrated good selectivity for DDR1, though the inhibitory activity for all 

three compounds was modest, with only 30% inhibition at 100 µM, considerably lower than that of many 

reported DDR1 inhibitors which exhibit inhibitory activity in the nanomolar range [131,164,165]. 

 To reconcile the predicted versus observed activity, a second round of optimization in conjunction 

with a mechanistic study was conducted. This involved millisecond MD simulations and free energy 

calculations using the original hit compound which identified key structural features essential for further 

optimization. These insights guided the design and synthesis of more potent compounds which 

demonstrated improved DDR1 inhibition, with IC50 values in the nanomolar range (Figure 3). Despite the 

success of the DDR1 investigation in utilizing limited resources to accelerate the hit-to-lead pipeline, the 

process still required two years of effort to yield a single lead compound. Furthermore, the investigation 

concentrated all resources on optimizing a single scaffold, a strategy that carries significant risk due to the 

potential for failure stemming from poor pharmacokinetics and pharmacodynamics. 

 

Figure 3. VS on a budget. Successful optimization of a virtual hit a successful lead 

 

4.3. The CACHE challenge 

 A recent collaborative effort involving multiple scientific teams sought to evaluate the 

effectiveness of various computational methods in identifying drug leads for challenging targets, 

particularly those with limited or no known ligands. This large-scale initiative, known as "CACHE Challenge 
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#1," specifically focused on targeting the WD40 repeat (WDR) domain of the LRRK2 protein [166]. The 

primary goal of CACHE #1 was the identification of compounds capable of binding to the WDR domain of 

the LRRK2 protein which is believed to be involved in the progression of Parkinson's disease [167-169]. 

This domain was selected due to its unexplored potential in drug discovery and the absence of reported 

ligands. In addition to identifying LRRK2 WDR inhibitors, the study had aimed to benchmark different 

computational hit-finding methods and compare them to emerging ML approaches. This assessment was 

achieved by evaluating the performance of 23 different computational workflows submitted by 

participating research teams.  

 In the initial round of CACHE #1, 73 compounds exhibited measurable binding (KD <150 µM and 

>30% binding as determined by surface plasmon resonance (SPR). However, issues related to compound 

behavior in solution emerged, where dynamic light scattering (DLS) revealed poor solubility for just over 

half (37) of the compounds. Moreover, orthogonal assays, such as differential scanning fluorimetry (DSF) 

and isothermal titration calorimetry (ITC), failed to confirm binding, with only two compounds showing 

binding to LRRK2-WDR in a 19F-nuclear magnetic resonance (NMR) assay. One potential strategy to avoid 

predicted hits with poor solubility is to use screening methods or to train models specifically designed to 

identify such compounds. However, the effectiveness of this approach is often limited by the inherent 

unreliability of solubility predictions. These predictions typically require models to be trained on each 

chemical scaffold involved in the screening, which becomes impractical and unreliable when dealing with 

the vast chemical diversity found in millions of compounds. To avoid discarding potentially valuable hits 

all 73 compounds were advanced to the second round of the CACHE challenge for evaluation. In the second 

round, 61 compounds out of 714 analogues tested exhibited measurable KD values (8.5% hit rate) and 

seven chemical series were confirmed as strong hits for LRRK2-WDR binding through multiple assays. 

Among these seven chemical series, the CACHE_1183 series yielded the most potent derivative (Figure 4). 
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Notably, some problematic compounds from Round 1 yielded promising analogues in Round 2 which 

stresses the importance of a two-round approach. 

 Analysis of the CACHE #1 study results revealed that both traditional methods and ML algorithms 

demonstrated comparable success rates in identifying novel LRRK2-WDR ligands. While some workflows 

incorporating ML were successful, their performance was not significantly superior to conventional 

methods which indicates that advanced computational techniques do not always guarantee improved 

outcomes. Moreover, the study highlighted the significant challenges in computational screening for 

targets with limited prior knowledge, such as the LRRK2-WDR domain. Another area of limitation was the 

ability of current VS workflows in predicting the solubility of small molecules which was highlighted by the 

high proportion of poorly soluble compounds among initial hits. It is also important to stress that the 

study's findings may not directly translate to other drug targets with different structural characteristics. 

Despite these limitations and challenges, CACHE #1 successfully identified seven chemical series as direct 

LRRK2-WDR binders, demonstrating the effectiveness of VS in identifying novel modulators.  

Lastly, a key lesson that can be learned from the CACHE challenge is its iterative approach 

consisting of two rounds. The two rounds consist of a preliminary round which is used to identify potential 

hits which is followed by a more focused validation and optimization phase to refine the identified hits 

into promising candidates. This iterative process allows for a balance between exploring a wide range of 

chemical space and ensuring the quality and potential of identified compounds. 
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Figure 4. Overview of the CACHE challenge. VS of the LRRK2 protein (PDB: 6DLO [170]) was conducted by 

23 teams from 10 different countries. The parent compound, CACHE_1183_25, demonstrated 49% binding 

activity at 200 μM. Subsequent testing of its analogues led to the identification of CACHE_HO_1183_19, 

with a dissociation constant (KD) of 18 µM. 

 

4.4. RosettaVS 

RosettaVS is an SBVS platform that was developed recently using artificial intelligence (AI) algorithms 

[171]. Among the various AI-based platforms for VS, RosettaVS was chosen to be highlighted in this section 

as an example of how AI is changing the drug discovery field. Moreover, the open-source nature of 

RosettaVS combined with its reported promising results marks it as an ideal candidate to be highlighted. 

The RosettaVS platform is capable of efficiently screening multi-billion compound libraries which 

significantly accelerates virtual screening. What differentiates RosettaVS from other platforms is its open-

source nature, which makes it a widely accessible tool for scientists worldwide.  

To demonstrate the effectiveness of RosettaVS it was applied to two case studies: ubiquitin ligase 

KLHDC2 and the human voltage-gated sodium channel NaV1.7. In the case of KLHDC2, the VS study yielded 

seven hit compounds, representing a 14% hit rate. The screening resulted in the discovery of compound 

C2.8 (Figure 5) which exhibited a potency of 1.1 µM. Meanwhile, VS for NaV1.7 yielded four hits with a 44% 

hit rate. All hit compounds displayed binding affinities in the low micromolar range which underscores the 
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ability of RosettaVS to identify highly potent ligands [171]. Significantly, the entire screening process was 

completed in under seven days for both targets which highlights the platform’s efficiency in high-

throughput applications. An X-ray cocrystal structure generated for one of the KLHDC2-ligand complexes 

confirmed the platform’s predicted binding pose. This validation showed a high degree of agreement 

between the predicted binding pose and the experimental structure and reinforces the reliability of 

RosettaVS predictions.  

 

 

Figure 5. RosettaVS validation. VS of small molecule libraries over KLHDC2 (PDB: 6DO3 [172]) using 

RosettaVS yielded the best hit compound, compound C2.8 with IC50 of 1.1 µM. 

 

Another key feature of RosettaVS is its ability to accommodate the flexibility of protein side chains and, 

to a lesser extent, the backbone. This is crucial, as proteins and ligands are inherently dynamic, existing in 

multiple conformations. Rigid docking, which assumes static structures, cannot capture this dynamic 

nature, potentially leading to inaccurate predictions. While flexible docking provides a more realistic 

representation of molecular interactions, it is computationally demanding making it less widely adopted. 
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As such, the ability of RosettaVS to account for protein flexibility when coupled with its open-source nature 

makes it a valuable tool for drug discovery [173,174]. 

It is important to note that RosettaVS is one of many platforms and applications developed for AI-

based VS [175-178]. Given the mounting interest and the extensive body of work reported in this field, a 

comprehensive review of all AI-based VS methodologies would require an entire book. RosettaVS was 

highlighted in this work to exemplify the growing maturity and significance of AI in VS. Each AI-based 

platform and application possesses its own unique strengths and limitations. Consequently, the choice of 

platform largely depends on the specific requirements and objectives of the screening process which 

includes the size and nature of the chemical library, the desired level of accuracy, and the available 

computational resources. Another point to keep in mind is that while AI-based platforms like RosettaVS 

have the potential to be more powerful and faster than traditional LBVS tools, they also present their own 

set of challenges. For example, AI-based applications are often associated with higher computational costs 

and the complexity of installation due to the specific systems requirements for each ML model or package. 

Additionally, challenges such as overfitting of training data and the increased difficulty in interpreting the 

results and understanding the underlying rationale of AI models remain significant hurdles. 

 

5. Conclusion 

VS has become a tried-and-true technique of drug discovery due to the rapid advances in the 

computational and ML space over the last two decades. Although each VS workflow varies depending on 

the chosen approach and techniques. VS studies can be classified into retrospective and prospective 

studies based on the approach employed to evaluate the performance and outcome of a VS study. 

Retrospective VS studies are studies which assess the ability of the chosen methods to correctly identify 

known active compounds within a preselected class. Retrospective VS studies struggle to accurately judge 
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the performance of novel VS methods and often fail to allow for reproducible results. This failure is due to 

the lack the context to effectively compare findings across different studies.  

Meanwhile, Prospective VS studies are studies involving computational screening of compounds to 

identify potential hits which is followed by experimental validation. However, simply identifying active 

compounds does not unequivocally validate a method. Demonstrating that simpler approaches were 

ineffective in identifying these hits is crucial for establishing the true value of a new method. Furthermore, 

the criteria for a compound to be considered a “hit” is not standardized across the different studies, 

leading to an unbalanced and biased evaluation. In conclusion, VS has matured into a widely adopted 

technique due to promising results and the significant potential for future growth. 

 

6. Expert opinion 

Despite the proven success and widespread use, VS still suffers from several limitations, 

misconceptions, and pitfalls. One of the hurdles facing the development of VS is a lack of standardized 

evaluation criteria on which to decide if a VS study is a success. Establishing a community-wide set of 

evaluation standards for published VS studies is essential in order to minimize false positives, promote 

reproducibility, and eliminate suboptimal practices. Another key challenge in the development of VS is 

that scientific publications in general are biased toward publishing positive results with a reluctance to 

publish negative results. The dearth of negative or inconclusive results in the literature creates a distorted 

view of the true success rates and limitations of the various VS approaches. This problem is further 

exacerbated by the fact that many of the industrial tools and applications of VS remain confidential. 

However, there is a promising shift in these practices, with many of the new ML-based applications and 

tools being shared as open-source thereby offering potential for the future advancement of the field. 

While there are no guaranteed paths to success in VS, this section highlights key practices and 

concepts with the aim of providing a framework for understanding and overcoming some of the significant 
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challenges facing VS. One such a practice is that the success of a VS study hinges on careful and thorough 

preparation. Before carrying out a VS study, careful consideration must be given to database selection, 

preparation, and a detailed understanding of the intended target. Additionally, the optimal VS 

methodology should be chosen based on factors such as desired outcome, available computational 

resources, and planned validation strategies. Another key concept in the success of a VS study is that the 

size of screening libraries is a critical factor in VS. Expanding screening libraries to billions of compounds 

can significantly increase the chances of identifying potent, selective, and novel ligands.  

Other practices require expertise and careful application. For instance, it is necessary to recognize that 

the success of any VS study is highly dependent on the knowledge and expertise of the practitioner. This 

is highlighted by the fact that the majority of VS studies include visual inspection (a highly subjective and 

personal skill) as part of their protocol. As such the same VS screening protocol could be carried out on 

the same library and yield different results. Additionally, a two-round approach in VS, as demonstrated in 

the CACHE #1 challenge, is advised. VS screening studies with two rounded approach involve a preliminary 

stage of broad screening to identify potential hits which is followed by a more focused validation and 

optimization phase to refine promising candidates. This iterative process allows for a balance between 

exploring a wide range of chemical space and ensuring the quality and potential of identified compounds. 

An integrated approach which combines in silico and in vitro methods with access to vast on-demand 

chemical libraries is essential for efficient drug discovery. This stems from that fact that while HTS can 

effectively evaluate the biological activity of large libraries of physical compounds, its accuracy can be 

impacted by experimental variability. Conversely, VS screens a significantly larger portion of virtual 

chemical space but is constrained by the predictive accuracy of its scoring functions and models. 

Integrating VS with HTS can mitigate these limitations. Trained models on HTS outcomes can be utilized to 

enrich the chemical diversity of tested compounds. By prioritizing virtual compounds with a high 

probability of exhibiting biological activity, VS can guide HTS experiments and enable a more focused 
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evaluation of a diverse and targeted subset of physical compounds. This synergistic approach may expand 

the applicability of HTS while maximizing the strengths of VS. Ultimately, VS and HTS should be viewed as 

complementary tools in drug discovery rather than as mutually exclusive alternatives. 

Lastly, there are numerous case studies and applications of VS which can serve as a guideline for an 

intended VS study. Therefore, the chosen approach should be carefully tailored to align with the desired 

outcomes, available expertise and to draw upon lessons from both the successes and failures of case 

studies with similar applications. In 2018 Dean Brown noted that there are no reported examples of clinical 

candidates emerging from a virtual screening [179]. However, in 2022 the optimization of a virtual 

screening hit resulted in the discovery of the clinical candidate RP-6306 which is an orally bioavailable and 

selective PKMYT1 inhibitor.[180] RP-6303 represents the value of VS and reflect on the value of utilizing 

previous studies and results to "stand on the shoulders of giants,"  
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