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______________________________________________________________________________________ 
Abstract. Computational chemistry has become a strategic component of drug design by enabling the evaluation of 

large chemical libraries, the investigation of molecular interactions, and the prioritization of candidates before 
experimental testing. This mini-review examines the evolution of computational chemistry applied to virtual screening, 
highlighting its main approaches, the physicochemical filters used for compound selection, and the incorporation of 
artificial intelligence-based methods. A narrative review of the literature was conducted using Scopus, Web of Science, 
PubMed, SciELO, and ScienceDirect, supplemented by Google Scholar. Publications from 2015 to 2026 were prioritized, 
along with seminal studies on the Lipinski, Ghose, Egan, Muegge, and Veber filters. The literature indicates that 
structure-based and ligand-based drug design provide complementary strategies for the identification and optimization of 
bioactive molecules. Methods such as molecular docking, molecular dynamics, QSAR, pharmacophore modeling, and 
ADMET prediction improve selection efficiency, whereas descriptors such as molecular weight, lipophilicity, solubility, 
polar surface area, ionization, flexibility, and the fraction of sp³ carbons (Fsp³) aid in assessing pharmacokinetic potential. 
Machine learning and deep learning have expanded the ability to explore vast chemical spaces and predict molecular 
properties. However, the reliability of computational results depends on the quality of the structures, data, and models 
employed. In conclusion, integrating computational tools, physicochemical criteria, and experimental validation can 
reduce costs, support decision-making, and increase the efficiency of therapeutic candidate discovery. 
Keywords: computational chemistry, virtual screening, drug design, physicochemical properties, artificial intelligence. 
______________________________________________________________________________________ 
 
Introduction  

Drug design and development are 

multidisciplinary processes that integrate medicinal 

chemistry, biochemistry, pharmacology, structural 

biology, and computational sciences. These fields 

converge to identify and optimize molecules capable 

of selectively interacting with biological targets while 

exhibiting adequate potency, selectivity, safety, and 

pharmacokinetic properties. However, the vast 

number of potentially available chemical structures 

makes the experimental evaluation of all candidates 

impractical, highlighting the need for strategies to 

guide candidate selection (Carlsson et al., 2024).In 

this context, computational chemistry has evolved 

from a tool used primarily for the representation and 

interpretation of molecular structures into a strategic 

component of drug discovery. Methods such as 

molecular modeling, molecular docking, molecular 

dynamics, quantitative structure–activity relationship 

(QSAR) analysis, and virtual screening enable the 

investigation of ligand–target interactions, the 

exploration of large chemical libraries, and the 

prioritization of compounds for synthesis and 

experimental evaluation. More recently, the 

incorporation of artificial intelligence and machine 

learning has expanded the ability to predict 

biological activity, physicochemical properties, and 

absorption, distribution, metabolism, excretion, and 

toxicity (ADMET) profiles (Schneider et al., 2020; 

Gentile et al., 2022; Sadybekov & Katritch, 2023; 

Swanson et al., 2024). 

Despite these advances, computational 

results depend on the quality of the structures, data, 

and models used and should therefore be 
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interpreted in conjunction with experimental 

evidence. Accordingly, this mini-review examines 

the evolution of computational chemistry applied to 

virtual screening in drug discovery, highlighting its 

main approaches, the physicochemical filters used 

for candidate selection, and the integration of these 

tools with contemporary artificial intelligence 

methods. 

 

Review methodology 

This mini-review was conducted as a 

narrative literature review, with searches performed 

in Scopus, Web of Science, PubMed, SciELO, and 

ScienceDirect. Google Scholar was additionally 

used to identify studies not retrieved through the 

primary searches and to screen the reference lists of 

the selected articles. The search covered 

publications available up to August 2026 and 

employed combinations of the following English-

language search terms: “computational chemistry,” 

“computer-aided drug design,” “CADD,” “virtual 

screening,” “structure-based drug design,” “ligand-

based drug design,” “molecular docking,” “molecular 

dynamics,” “QSAR,” “pharmacophore modeling,” 

“physicochemical filters,” “drug-likeness,” “ADMET 

prediction,” “artificial intelligence,” “machine 

learning,” and “deep learning.” The terms were 

combined using the Boolean operators AND and 

OR, as appropriate for each database. 

Original research articles and review articles 

published in Portuguese, English, or Spanish that 

addressed the evolution and applications of 

computational chemistry in virtual screening and 

drug design were included. No initial publication-

year restriction was applied, allowing the inclusion of 

seminal studies on the Lipinski, Ghose, Egan, 

Muegge, and Veber filters. However, priority was 

given to publications from 2015 to 2026. Duplicate 

records, studies lacking sufficient methodological 

information, and publications not directly related to 

the scope of this review were excluded. 

 

Contextualization and analysis 

Evolution of computational chemistry 

Advances in computing, quantum chemistry 

methods, and molecular mechanics enabled the 

three-dimensional representation of molecules and 

the estimation of their electronic, conformational, 

and energetic properties. Subsequently, the 

expansion of chemical and structural databases 

enabled these tools to be applied to the identification 

and optimization of bioactive compounds (Figure 1) 

(Sadybekov & Katritch, 2023).7 

Early computational methods relied on 

simplified calculations and were constrained by 

limited processing power. With the advent of 

microprocessors, personal computers, high-

performance computing, and graphics processing, it 

became possible to analyze libraries containing 

thousands or millions of chemical structures 

(Pandey et al., 2022). 

Currently, computational chemistry 

incorporates artificial intelligence, machine learning, 

and deep learning, expanding the ability to predict 

biological activity, ADMET properties, biomolecular 

complex structures, and novel chemical structures 

with therapeutic potential (Schneider et al., 2020; 

Gentile et al., 2022; Abramson et al., 2024; 

Swanson et al., 2024). 

 
 

 

 
Figure 1. Historical evolution of computing and computational chemistry applied to virtual screening in drug discovery. 
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The application of these computational 
approaches to drug design has given rise to two 
major strategies. Structure-based drug design 
(SBDD) uses the three-dimensional structures of 
proteins, enzymes, receptors, or nucleic acids to 
investigate interactions between ligands and their 
binding sites. This strategy encompasses molecular 
docking, structure-based virtual screening, 
molecular dynamics, and free-energy calculations 
(Sadybekov & Katritch, 2023; Paggi et al., 2024). 

Ligand-based drug design (LBDD) is 
primarily used when the three-dimensional structure 
of the target is unavailable. This approach uses 
information from known bioactive compounds to 
develop pharmacophore models, quantitative 
structure–activity relationship (QSAR) models, and 
machine-learning algorithms (Schneider et al., 
2020). 
 
Virtual Screening of Drug Candidates 

Virtual screening involves the computational 
evaluation of molecular libraries to identify 
candidates with the greatest likelihood of exhibiting 
biological activity and suitable pharmaceutical 
properties. This strategy reduces the number of 
molecules advanced to synthesis and experimental 
evaluation, thereby reducing time, costs, and 
reagent consumption (Sadybekov & Katritch, 2023; 
Gentile et al., 2022). 

In structure-based virtual screening, 
molecules are positioned within the target binding 
site using molecular docking programs. Docking 
algorithms explore different ligand orientations and 
conformations and calculate scores reflecting the 
geometric, electrostatic, and energetic 
complementarity of the ligand–target complex (Paggi 
et al., 2024). 

However, docking scores should not be 
interpreted in isolation as definitive measures of 

binding affinity. The results should be evaluated in 
conjunction with molecular interactions, the 
conservation of active-site residues, conformational 
stability, and available experimental evidence 
(Ferreira et al., 2015; Paggi et al., 2024). 

In ligand-based virtual screening, molecules 
are prioritized based on structural similarity, 
molecular properties, chemical descriptors, 
pharmacophore models, or QSAR models. The 
integration of structure-based and ligand-based 
approaches increases the robustness of candidate 
selection, particularly when experimental data on 
known ligands and a reliable three-dimensional 
structure of the target are available (Sadybekov & 
Katritch, 2023). 
 
Physicochemical Filters for Oral Administration 

High affinity for a biological target does not 
necessarily ensure that a molecule can be 
successfully developed as a drug. A compound must 
also exhibit solubility, permeability, metabolic 
stability, and bioavailability compatible with the 
intended route of administration. For this reason, 
physicochemical filters are applied during the early 
stages of virtual screening (Figure 2) (Pennington et 
al., 2021; Swanson et al., 2024). 

Lipinski’s Rule of Five proposes that 
candidates for oral administration are more likely to 
exhibit adequate absorption when they have a 
molecular weight below 500 Da, a logP ≤ 5, no more 
than five hydrogen-bond donors, and no more than 
ten hydrogen-bond acceptors. These criteria should 
not be regarded as absolute determinants of 
biological activity but rather as guidelines related to 
permeability and oral bioavailability (Lipinski et al., 
2001). 
 

 

 
Figure 2. Evolution of the main physicochemical filters used to prioritize candidates for oral administration, including the 

Lipinski, Ghose, Egan, Muegge, and Veber criteria. 

 
Other models have complemented this 

assessment. The Ghose filter considers molecular 
weight, lipophilicity, molar refractivity, and atom 
count (Ghose et al., 1999). The Egan model relates 
intestinal absorption to lipophilicity and topological 

polar surface area (TPSA) (Egan et al., 2000). The 
Muegge filter combines molecular properties and 
functional groups to identify structures consistent 
with drug-like chemical space (Muegge et al., 2001). 
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Veber et al. (2002), in turn, highlighted the 
importance of molecular flexibility and polarity, 
proposing no more than ten rotatable bonds and a 
polar surface area not exceeding approximately 140 
Å² as favorable parameters.  

The combined application of these filters 
enables a more comprehensive assessment of drug 
candidates. A compound may satisfy Lipinski’s Rule 
of Five and still exhibit poor aqueous solubility, 
excessive flexibility, aggregation, metabolic 
instability, or potentially toxic functional groups. 
Therefore, candidate prioritization should consider 
physicochemical, pharmacokinetic, and structural 
properties collectively rather than relying on 
compliance with any single filter (Pennington et al., 
2021). 
 
Key physicochemical properties 
Physicochemical properties play a central role in 
determining the behavior of drug candidates, 
influencing their solubility, membrane permeability, 
absorption, distribution, bioavailability, and overall 
pharmacokinetic profile (Wu et al., 2024). Their 
assessment during virtual screening helps prioritize 
compounds with physicochemical profiles 
compatible with further development. Key 
parameters include molecular weight, lipophilicity, 
aqueous solubility, polar surface area, hydrogen-
bonding capacity, molecular flexibility, saturation, 
three-dimensional character, and ionization state 
(Kralj et al., 2023) (Figure 3). 
 
Molecular Weight 

Molecular weight influences the diffusion, 
permeability, and distribution of a compound. 
Excessive molecular weight can hinder membrane 
permeation and limit absorption. However, 
exceptions exist, particularly for natural products, 
peptides, and molecules transported by specific 
mechanisms (Lipinski et al., 2001; Pennington et al., 
2021). 

 
 
 
 
Lipophilicity 

Lipophilicity, commonly expressed as logP, 
reflects the affinity of the nonionized form of a 
compound for lipid environments. High values may 
favor membrane permeation but are also associated 
with poor aqueous solubility, high plasma protein 
binding, metabolism, and toxicity (Lipinski et al., 
2001; Pennington et al., 2021). 
LogD is more informative for ionizable molecules 
because it accounts for the distribution of a 
compound at a given pH. 
 
Aqueous Solubility 

Aqueous solubility, commonly expressed as 
logS, determines the concentration of a compound 
available for absorption and interaction with its 
target. Highly lipophilic or excessively planar and 
aromatic compounds often exhibit poor solubility 
because of strong crystal lattice interactions and low 
affinity for water (Lipinski et al., 2001; Pennington et 
al., 2021). 
 
Polar Surface Area 

Topological polar surface area (TPSA) is 
related to the presence of heteroatoms and polar 
groups. This property contributes to hydrogen-bond 
formation and influences both solubility and 
permeability (Egan et al., 2000; Veber et al., 2002). 

High TPSA values can hinder membrane 
permeation, whereas very low values may increase 
lipophilicity and reduce solubility. TPSA should 
therefore be interpreted in conjunction with logP, 
ionization state, and molecular weight. 
 
 

 
Figure 3. Key physicochemical properties considered in the selection of drug candidates: molecular weight, lipophilicity, 

aqueous solubility, polarity, hydrogen-bonding capacity, molecular flexibility, ionization, and degree of saturation. 
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Hydrogen Bonding 
Hydrogen-bond donors and acceptors 

participate in molecular recognition between a ligand 
and its target. However, an excessive number of 
these groups increases the energetic cost of 
desolvation before membrane permeation or binding 
to the target (Lipinski et al., 2001; Pennington et al., 
2021). 
 
Molecular Flexibility 

The number of rotatable bonds is a measure 
of molecular flexibility. Highly flexible molecules can 
adopt multiple conformations in solution, increasing 
the entropic cost associated with adopting the 
bioactive conformation. Conversely, excessively 
rigid structures may not adapt adequately to the 
binding site (Veber et al., 2002). 
 
Saturation and Three-Dimensional Character 

The fraction of sp³ carbons (Fsp³) and the 
degree of saturation are also important molecular 
features. Increased three-dimensional character can 
enhance conformational diversity while reducing 
molecular planarity and crystal packing. However, 
this feature must be balanced against the need to 
maintain the appropriate spatial orientation of 
pharmacophoric groups (Lovering et al., 2009; 
Pennington et al., 2021). 
 
Ionization 

Ionization is primarily determined by the pKa 
of a compound and the pH of the surrounding 
medium. The ionized form generally exhibits greater 
aqueous solubility, whereas the nonionized form 
tends to cross membranes more readily by passive 
diffusion. Thus, the distribution of ionized and 
nonionized forms throughout the gastrointestinal 
tract directly influences oral absorption. 
 
Integration of Filters in Candidate Selection 

Current virtual screening workflows may 
begin with the preparation and standardization of 
chemical structures, followed by the removal of 
duplicates, reactive compounds, and assay-
interfering compounds. Physicochemical filters, 
pharmacokinetic property models, and toxicity 
predictions are subsequently applied (Shi et al., 
2024; Swanson et al., 2024). 

Compounds that pass these filters may then 
undergo molecular docking, analysis of ligand–target 
interactions, and, when necessary, molecular 
dynamics simulations. Agreement among different 
computational methods increases the reliability of 
candidate prioritization (Sadybekov & Katritch, 2023; 
Paggi et al., 2024). 

A candidate may be prioritized when it 
exhibits interactions consistent with the binding site, 
adequate complex stability, physicochemical 
properties compatible with the intended route of 
administration, and no major toxicological alerts. 

Nevertheless, computational predictions do 
not replace experimental assays. Rather, they guide 
compound selection and support the formulation of 

hypotheses that must be validated through 
biochemical, cellular, pharmacokinetic, and 
toxicological studies (Sadybekov & Katritch, 2023; 
Paggi et al., 2024). 
 
Final Considerations 

Computational chemistry has established 
virtual screening as a strategic tool for the selection 
and optimization of drug candidates. The integration 
of molecular docking, molecular dynamics, 
physicochemical filters, ADMET prediction, and 
artificial intelligence can reduce costs and guide 
experimental testing. However, these predictions 
should be evaluated collectively and experimentally 
validated to ensure greater reliability in the discovery 
of new therapeutic agents. 
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