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Abstract 

Computational approaches have radically improved in the field of drug discovery. The 

conventional method often takes more time and is non-economical and uncertain. 

Computer-aided drug discovery (CADD) has emerged as a powerful tool in pharmaceutical 

research, which is further classified into structure-based drug design (SBDD) and 

ligand-based drug design (LBDD). The target proteins are obtained through X-ray 

crystallography, cryo-electron microscopy, or NMR spectroscopy to design molecules with 

high binding affinity and specificity. Techniques like pharmacophore modeling, quantitative 

structure-activity relationships (QSARs) and artificial intelligence (AI) have improved drug 

screening and optimization and accelerated early-stage in drug discovery. Integration of AI 

further enhances the toxicity prediction of lead, target identification, and de novo drug design 

making drug design more efficient. This review highlights the application of SBDD and 

LBDD, emphasizing their importance in modern-day drug discovery and their potential to 

facilitate the development of novel therapeutic medicines. 

Keywords: Docking, machine learning, MD simulation, structure-based drug design, virtual 

screening. 

 

Introduction 

Over the last few decades, the application of computational approaches in drug discovery has 

been consolidated. The lack of approved drugs or vaccines continues to be a challenge and 

further necessitates the discovery of new therapeutic molecules. Small molecule designing 

with drug-like  properties  remains a  challenge in  both  fundamental  and  biopharmaceutical 
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research. Traditional drug development methods are known for being time-consuming, 

expensive and less efficient, often taking around a decade. This method of drug development 

process follows a pipeline consisting of target identification, lead discovery, pre-clinical 

testing, clinical trials and regulatory approval which leads to many errors (Kiriiri et al. 2020).  

The use of CADD techniques in preliminary studies by leading pharmaceutical 

companies and research groups has helped to expedite the drug discovery and development 

process minimizing the costs and failures in the final stage. CADD has several success stories 

and continues to play a vital role in the drug discovery process. This approach has been 

utilized in proposing drug candidates against coronavirus disease 2019 (COVID-19) (Tarighi 

et al. 2021). The advancement of computational biology is very evident from a 

comprehensive review that covers MERS-CoV, covering epidemiology, genome analysis, 

pathogenesis, diagnostics, vaccine development and predictive modelling (Ganesh et al. 

2021; Chakrabartty et al. 2022). CADD can be broadly divided into structure-based and 

ligand-based drug design approaches, both have been widely used in the drug discovery 

process in the identification of suitable lead molecules (Gurung et al. 2021; Mouchlis et al. 

2021; Isert et al. 2023). 

 

Structure-based drug design (SBDD) 

SBDD is a computational approach that uses protein 3D structures to predict potential drug 

molecules (Pant et al. 2022). It aims to design small-ligand molecules that bind with high 

affinity and specificity to pre-determined protein targets. Understanding the principles by 

which small molecules recognize and interact with macromolecules is of great importance in 

pharmaceutical research and development (Gohlke et al. 2002). SBDD systematically uses 

the structural data, such as macromolecular targets or receptors, gained by experimentation or 

computational homology modeling (Bajad et al. 2021). Recent advances in geometric deep 

learning, especially in modeling 3D structures of biomolecules, provide a promising direction 

for SBDD. Despite significant advances in the application of deep learning as surrogate 

docking models, the deep learning-based design of ligands that bind to target proteins 

remains a major difficulty in molecular modeling (Sumathi et al. 2023). By utilizing 

structural data, which is acquired by X-ray crystallography, cryo-electron microscopy, or 

NMR spectroscopy, SBDD makes it possible to generate compounds that selectively interact 

with   the   target   protein’s  active  region  (Bajad et al. 2021; Cebi et al. 2024). The  rational  
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design of inhibitors, modulators, or activators with enhanced efficacy and selectivity is made 

easier by this approach which is essential to contemporary drug discovery. SBDD makes 

extensive use of methods including molecular docking, molecular dynamics simulation and 

free energy computations to forecast binding affinities and maximize drug-like characteristics 

(Anwar et al. 2021; Rakshit et al. 2022). 

 

Fig. 1. Showing the general pipeline of structure-based drug discovery. 

(Picture courtesy: Adapted from Smirnovienė et al. 2021; Jerabek-Willemsen et al.2014; 

Pakamwong et al. 2024). 

 

Ligand-based drug design (LBDD) 

LBDD is another widely used approach in computer-aided drug discovery and is employed 

when the three-dimensional structure of the target protein is not available (Ajjarapu et al. 

2022; Yadav et al. 2022). Information from a set of active compounds against a specific 

target protein receptor reveals key structural properties linked to biological function based on 

their similarities(Yadav et al. 2022). This approach helps in screening virtual compound 

libraries, optimising lead compounds and accelerating the early stages of drug discovery. 

Some common techniques used in ligand-based virtual screening approach include 

pharmacophore modeling, quantitative  structure-activity relationships (QSARs) and artificial  

intelligence (AI) (Murugan et al. 2022). QSAR methods help to evaluate the activity of a 

large number of compounds virtually, reducing the time and labor costs required for the 

chemical   synthesis   and  experimental  determination. This method increases the efficacy of  
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drug discovery (Wang et al. 2021). Integration of AI in drug discovery has become a 

prominent part of modern pharmaceutical research. It helps to automate, assure quality, 

improve drug efficacy polypharmacology and personalized manufacturing with the least 

detected error. Furthermore, AI has a wide range of applications in drug discovery, including 

prediction of protein folding, protein-protein interaction, virtual screening, QSAR, evaluation 

of ADMET characteristics, and de novo drug design (Gupta et al. 2021). By using the 

capabilities of AI models and large databases, researchers are expediting the prediction, 

identification and validation of potential drug targets.  

 

Virtual screening 

Virtual screening is a computer-based approach developed for comparative analysis of 

multiple leads, evaluating chemical, biological features and protein-ligand interactions to 

determine which compounds have the greatest binding to a target protein (Lavecchia 2013). 

Virtual screens are often done utilizing libraries of substances that can be purchased cheaply 

and do not require specialised synthesis (Irwin et al. 2020). Using computer models of 

complexes, structure-based virtual screening seeks to identify compounds that generate 

favourable interactions with biological macromolecules (Carlsson and Luttens 2024). A 

virtual screening is a fast in silico approach that combines scoring and ranking methods to 

screen massive database compounds against a biological target. (Giordano et al. 2022). 

High-throughput screening is a widely used technique for identifying potential medication 

candidates (Maia et al. 2020). However, filtering millions of molecules still requires a 

significant amount of time and energy. 

 

 

 

 

 

 Fig. 2. Showing the different stages of virtual screening of compounds  

(Picture courtesy:Adapted from Pyzer-Knapp et al. 2015). 

 

An automated screening of compounds using cellular assays, typically carried out robotically, 

is what distinguishes high-throughput screening from virtual screening (Maia et al. 2020). A 

high-throughput  screening  is more  expensive  than  a  virtual  screening (Maia et al. 2020). 

Although virtual screening holds promise for streamlining the drug discovery process, it has  
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its drawbacks. False positives can occasionally emerge from virtual screenings, and the 

various technologies available for virtual screenings can yield disparate findings using the 

same data (Maia et al. 2020). Nonetheless, virtual screenings are currently being used 

extensively because of the anticipated time and efficiency savings in the drug discovery 

process. Acute toxicity, carcinogenicity, hepatotoxicity, Lipinski's rule of five, ADME and 

blood-brain barrier (BBB) penetration are some of the filtration criteria used to eliminate 

molecules with undesirable biological availability from the database of ligands (Yamashita 

and Hashida 2004). 

 

Molecular Docking 

Molecular docking usually serves to predict the energy and geometry of receptor-ligand 

binding by simulating the interaction between the ligand and the receptor's active region 

(Peluso et al. 2019). Molecular docking of small molecules to a biological target involves a 

creative sampling of potential ligand poses in the designated pocket or groove of the target 

candidate to determine the best binding shape (Mukesh and Rakesh2011; Guedes et al. 2014; 

Agarwal et al. 2015; Seeliger and de Groot 2010). This can be done with the docking 

software's user-defined fitness or score feature. AutoDock (Morris et al. 1998), GLIDE 

(Friesner et al. 2004), Dock (Allen et al. 2015) and GOLD (Verdonk et al. 2003) are popular 

programs for docking.  

 

 

 

 

 

 
Fig.3. Showing the molecular interaction between the target protein and ligand 

(Picture courtesy:Adapted from Ferreira et al. 2015; Ganguly et al.2023). 

 

Conformational search using different algorithms and scoring or ranking of the docked poses 

are the two main processes in a docking procedure. Scoring functions take as input a 

candidate binding pose and score the energetic favourability of the ligand binding to the 

target at that pose. Most docking software use empirical scoring functions (Eldridge et 

al.1997). Empirical  scoring   functions   are   made   up   of   words   that    represent  various 
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protein-ligand interactions that are known to be essential for determining binding energy. 

Scoring functions are designed to maximise the accuracy with which they predict binding 

postures, binding energies, or the best binders from a set of compounds (Adeshina et al. 

2020; Li et al. 2019). Depending on the goals of the docking simulations, there are many 

types of molecular docking processes that use either flexible or stiff ligand/target 

combinations. Flexible ligand docking, which includes the target as a hard molecule. This is 

the most typical method for docking. stiff body docking involves keeping both the target and 

ligand molecules stiff. Flexible docking involves both interacting molecules (Guedes et al. 

2014; Shoichet et al. 2002; Gschwend et al. 1996). The highest-ranked complex by docking 

is carried for MD simulation, which explores the complex in detail from a dynamic 

perspective (Salmaso and Moro 2018). 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Depicting the MD simulation between the target protein and ligand and its analysis 

(Picture courtesy:Böselt et al. 2021;Ganguly et al. 2022). 

  

Molecular dynamics (MD) simulations 

MD is a simulation that demonstrates how molecules move, vibrate, diffuse, and interact over 

time, inside a sufficiently simulation box, where their movements are governed by traditional 

Newton's laws of motion (Salo-Ahen et al. 2020). Several computer programs have been 

made available, and today regularly used programs for MD simulations include AMBER 

(Case et al. 2005), CHARMM (Brooks et al. 2009), GROMACS (Hess et al. 2008), and 

NAMD (Phillips et al. 2020). The MD algorithm incorporates Newton's equations of motion  
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to mimic the motions of atoms over time, and common integration methods include the verlet 

and leapfrog algorithms (de Oliveira et al. 2008). The verlet algorithm is popular because it is 

simple and time-reversible, despite the fact that it does not explicitly calculate velocities, 

which can be obtained separately. The leapfrog algorithm, as an alternative, estimates 

velocities in half-time steps, enhancing velocity calculation accuracy. Choosing an 

appropriate time step is critical to balance accuracy and computing economy; higher time 

steps increase sampling efficiency, but can cause errors if too large (González 2011; 

Hollingsworth and Dror 2018).  The force field is a set of equations and constants that 

represent the potential energy of a system, often split into bound interactions including bond 

stretching, angle bending, and dihedral torsions and non-bonded interactions such as van der 

Waals and electrostatic forces (Edeling et al. 2024; González 2011). 

Hardware advancements, such as specialised supercomputers and graphics processing 

units (GPUs), have enabled microsecond to millisecond simulations of protein folding, 

conformational changes, and ligand binding (Durrant and McCammon 2011, Lazim et al. 

2020). Molecular dynamics (MD) simulations have become essential for researching protein 

movements at the atomic level, yet they have numerous significant drawbacks. One key 

challenge is the accuracy of force fields, which are the mathematical models used to represent 

the forces between atoms; imperfections in force field parameters can lead to large errors in 

the simulated protein conformations and dynamics (Hollingsworth and Dror 2018; Ormeño 

and General 2024). The computing expense of MD simulations remains a considerable 

barrier, especially for long-timescale simulations aimed at capturing physiologically 

important events happening on millisecond to second durations. Although developments in 

hardware, such as the use of GPUs and specialised supercomputers, have permitted lengthier 

simulations, they still demand large resources and typically give restricted sampling due to 

the enormous configurational space of proteins (Lazim et al. 2020; Rácz et al. 2022) 

 

Validation of protein-ligand interactions and structural determination   

To confirm and characterize protein-ligand interactions, a range of biophysical, structural, 

and functional techniques are utilized. These methods help determine binding affinity, 

kinetics, conformational changes, and the biological impact of ligand binding. Each technique 

provides unique insights, and together, they offer a comprehensive understanding of 

molecular interactions (Arumugam et al. 2024). 
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Biophysical Techniques for Protein-Ligand Binding Analysis  

Microscale Thermophoresis (MST)   

MST is a powerful and versatile method used to quantify binding affinity between proteins 

and ligands by measuring changes in molecular movement within a temperature gradient. 

When a ligand binds to a protein, it alters the molecule’s hydration shell, charge distribution, 

and size, affecting its thermophoretic mobility. This change is detected using fluorescence, 

enabling precise determination of dissociation constants (Kd). MST is particularly 

advantageous due to its low sample consumption, ability to work in native buffer conditions, 

and capacity to detect weak to strong interactions. Unlike immobilization-based techniques, 

MST allows interactions to be studied in free solution, preserving the native environment of 

biomolecules (Picchi 2023; Brunner 2020). 

 

Surface Plasmon Resonance (SPR)   

SPR provides real-time insights into binding interactions by detecting changes in the 

refractive index when a ligand interacts with an immobilized protein on a sensor chip. This 

technique enables the determination of crucial binding kinetics parameters, including the 

association rate (ka), dissociation rate (kd), and equilibrium dissociation constant (Kd). SPR 

is particularly valuable in studying protein-protein interactions, antibody-antigen binding, and 

small-molecule drug interactions (Ritzefeld et al. 2012; Puiu, 2016). It is highly sensitive, 

allowing the detection of transient and high-affinity interactions. The real-time nature of SPR 

makes it one of the most effective tools for understanding dynamic binding events, making it 

indispensable in drug discovery and biomolecular research. 

 

Circular dichroism (CD) spectroscopy   

CD Spectroscopy provides valuable information on the secondary structure and 

conformational stability of proteins upon ligand binding.CD measures the differential 

absorption of left- and right-circularly polarized light, generating spectral signatures 

characteristic of α-helices, β-sheets, and random coils. Ligand-induced structural changes can 

lead to shifts in the CD spectrum, allowing researchers to assess protein folding, stability, and 

ligand-induced conformational alterations (Pelton et al. 2020; Micsonai et al. 2022). This 

technique is particularly useful for evaluating how small molecules, peptides, or mutations 

affect protein integrity and stability. It plays a significant role in drug discovery, especially 

when screening compounds that induce conformational changes in target proteins. 
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Structural determination techniques   

X-ray crystallography (XRD)   

X-ray crystallography remains the gold standard for high-resolution structural determination 

of protein-ligand complexes (Srivastava et al. 2018; Majorek et al. 2020). This technique 

involves crystallizing the protein-ligand complex and using X-ray diffraction patterns to 

elucidate atomic-level details of molecular interactions. XRD provides precise insights into 

binding pockets, hydrogen bonding, steric interactions and overall molecular architecture. 

However, successful crystallization can be challenging, requiring optimization of conditions 

specific to each protein-ligand system. Despite its limitations, XRD is crucial for 

structure-based drug design, as it allows for the rational modification of ligands to enhance 

binding affinity and specificity. 

 

Cryo-electron microscopy (Cryo-EM)   

Cryo-EM has revolutionized structural biology by enabling the determination of near-atomic 

resolution structures of large, dynamic protein-ligand complexes without the need for 

crystallization. In this technique, biomolecules are rapidly frozen in a thin layer of vitreous 

ice, preserving their native conformations (Haymaker, 2024). Electron beams are then used to 

capture multiple projections of the complex, which are computationally reconstructed into 

three-dimensional structures. Cryo-EM is particularly advantageous for studying flexible 

proteins, large macromolecular assemblies, and transient interactions that are difficult to 

crystallize. This method has become an essential tool for visualizing conformational changes 

upon ligand binding and understanding protein dynamics at the molecular level. 

 

Nuclear magnetic resonance (NMR) spectroscopy   

NMR spectroscopy provides structural information for proteins in solution, offering insights 

into their dynamics and conformational flexibility. However, conventional solution-state 

NMR is generally limited to proteins smaller than 30 kDa due to signal overlap and spectral 

complexity (Ikeya et al. 2018). Recent advancements, such as solid-state NMR and 

small-angle X-ray scattering (SAXS), have expanded its applicability to larger biological 

macromolecules. By integrating SAXS data as constraints, researchers have successfully 

solved the structures of proteins beyond 20 kDa, improving resolution and accuracy 

(Delhommel et al. 2020).  
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Functional and mutagenesis studies   

Enzyme inhibition assays 

Beyond structural techniques, functional assays such as enzyme inhibition assays are crucial 

for assessing the biological activity of protein-ligand interactions (Riccardiet al. 2018; 

Khanet al. 2025). These assays measure whether ligand binding modulates enzymatic 

function, providing insights into inhibitory potential and mechanism of action. Enzyme 

activity can be assessed using various methods, including colorimetric assays that detect 

changes in substrate or product concentration, fluorescence-based assays that utilize 

fluorogenic substrates, and radioactive assays that offer high sensitivity. Key parameters such 

as the half-maximal inhibitory concentration (IC₅₀) and inhibition constant (Ki) are 

determined to evaluate the effectiveness of potential inhibitors. These assays are 

indispensable in drug discovery, particularly for identifying compounds that target key 

enzymatic pathways (Fienberg 2017; Tanwar et al. 2024). 

 

Mutagenesis studies 

Mutagenesis studies further contribute to the validation of protein-ligand interactions by 

identifying key residues involved in binding. Site-directed mutagenesis, where specific amino 

acids are substituted, allows researchers to determine the functional significance of individual  

residues within the binding pocket (Anand et al. 2014). Alanine scanning mutagenesis, a 

commonly used approach, systematically replaces amino acids with alanine to assess their 

contribution to binding affinity and stability (Moreira et al. 2017). More advanced 

techniques, such as deep mutational scanning, involve the simultaneous screening of multiple 

mutations to map interaction hotspots comprehensively (Verkhivker et al. 2023). These 

studies are instrumental in designing improved therapeutic proteins, enhancing ligand 

specificity, and understanding resistance mechanisms in drug-target interactions. 

 

AI and machine learning in structural biology   

AI and machine learning have significantly accelerated protein structure determination and 

ligand binding analysis. In X-ray crystallography, AI-driven algorithms assist in interpreting 

electron density maps, automating atomic placement, and refining structural models 

(Vollmaret al. 2021). In NMR spectroscopy, AI enhances the assignment of resonance peaks 

to specific atoms, improving the accuracy of chemical shift predictions and protein folding 

analysis  (Shukla et al. 2023). Cryo-EM   has   particularly    benefited   from   deep   learning  
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methods that improve image processing, particle detection, and three-dimensional 

reconstruction (Vilas et al. 2022). Convolutional neural networks (CNNs) have been 

instrumental in automating key steps such as particle classification and heterogeneity 

analysis, while generative models have been developed to reconstruct high-resolution 3D 

structures from heterogeneous samples (Da Wang et al. 2021). 

The integration of AlphaFold’s predictive models with experimental data exemplifies 

how AI can complement traditional structural biology techniques. AlphaFold has provided 

highly accurate models of protein structures, which researchers have used as starting points 

for further refinement through experimental methods (Jumper et al. 2021). Moreover, 

AI-driven approaches are now being applied to solve inverse problems in structural biology, 

such as refining cryo-EM density maps into atomic models using diffusion-based techniques. 

The combination of physics-based models with generative learning has proven superior to 

traditional posterior sampling methods, marking a significant advancement in structural 

refinement (Tiwary et al. 2024; Sil et al. 2024). 

 

Conclusion   

Computational methods have revolutionized drug discovery by reducing costs and increasing 

efficiency. SBDD utilizes 3D protein structures to design highly specific molecules, enhanced 

by advances in structural biology and deep learning. LBDD identifies bioactive compounds 

through structural and physicochemical similarities, aiding virtual screening and lead 

optimization. Virtual screening rapidly evaluates large compound libraries, while molecular 

docking predicts ligand-receptor interactions, and molecular dynamics simulations provide 

insights into molecular stability and conformational changes. Despite challenges like false 

positives and computational costs, these techniques are essential in modern drug discovery, 

evolving with AI and high-performance computing. Biophysical methods (MST, SPR, CD 

spectroscopy) assess binding affinity, while high-resolution techniques (XRD, Cryo-EM) 

reveal atomic structures. Functional assays confirm biological relevance. AI-driven structural 

biology further enhances precision, creating a robust framework for drug discovery and 

targeted therapeutics. 
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