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Abstract: 
Molecular docking and molecular dynamics (MD) simulations have become indispensable tools in modern drug 
discovery, enabling researchers to accelerate the identification and optimisation of therapeutic compounds. This 
comprehensive review examines the fundamental principles underlying these computational approaches, their 
diverse applications in pharmaceutical development, and the significant limitations that currently constrain their 
predictive accuracy and applicability. We discuss structure-based drug design methodologies, scoring functions, 
binding-affinity prediction, conformational sampling strategies, and the integration of artificial intelligence into 
computational drug discovery. Furthermore, we address critical challenges, including protein flexibility 
representation, ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) prediction accuracy, and 
the persistent discrepancy between in silico predictions and experimental validation. Recent advances in hardware 
acceleration, force-field development, and machine learning are reshaping the landscape of computational drug 
discovery. This review synthesises current knowledge and highlights future opportunities for enhancing the 
reliability and efficiency of molecular docking and simulation studies in pharmaceutical research. 
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1. Introduction

1.1 Overview of Drug Discovery 

The modern pharmaceutical development pipeline represents one of the most resource-
intensive endeavours in scientific research, typically requiring 10–15 years and investments 
exceeding $2.6 billion to bring a single drug to market 1. The attrition rate remains remarkably 
high, with approximately 90% of drug candidates failing during clinical development stages, 
predominantly due to insufficient efficacy, poor pharmacokinetic properties, and unexpected 
toxicity 2. The fundamental challenge lies in identifying compounds that effectively modulate 
specific biological targets while maintaining acceptable safety and bioavailability profiles 3. 

1.2 Role of Computational Methods 

Computational chemistry and molecular modelling have emerged as critical strategies to 
expedite drug discovery timelines and reduce development costs. These approaches enable 
researchers to screen vast chemical libraries, predict biological activity, and optimise lead 
compounds before committing to expensive synthetic chemistry and biological testing 
campaigns 4. Relying on three-dimensional protein structures and molecular docking 
methodologies, structure-based drug design has revolutionised the engagement and validation 
of therapeutic targets 5. 

1.3 Significance of Molecular Docking and Simulation 

Molecular docking and molecular dynamics simulations represent complementary 
computational techniques that provide atomic-level insights into ligand-protein interactions. 
Molecular docking predicts the optimal binding poses and orientations of small-molecule 
ligands within target protein binding sites, while MD simulations explore the dynamic 
behaviour of these complexes over time 6. Together, these methods enable researchers to: 

• Predict binding modes and affinities between drug candidates and biological targets.

• Screen large virtual libraries for promising compounds.

• Validate experimental hypotheses regarding the mechanism of action.

• Guide rational modification of lead structures to enhance potency and selectivity.

• Investigate off-target interactions and potential mechanisms of toxicity.

• Study protein conformational dynamics relevant to drug action.

This review provides a comprehensive examination of molecular docking and simulation 
methodologies, their practical applications in pharmaceutical discovery, and the significant 
limitations that must be addressed to enhance their predictive reliability. 

2. Fundamental Principles of Molecular Docking

2.1 Molecular Recognition and Non-Covalent Interactions 

Drug-target interactions are predominantly governed by non-covalent interactions, including 
hydrogen bonding, electrostatic interactions, van der Waals forces, and hydrophobic effects 7. 
The fundamental principle of molecular recognition states that ligands with favourable 
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thermodynamic and kinetic properties within the binding pocket exhibit enhanced binding 
affinity and selectivity 8. These interactions typically occur at dissociation constants ranging 
from nanomolar to micromolar concentrations, representing the optimal balance between 
binding strength and selectivity. Figure 2 

Figure 2. Molecular Docking Concepts: Sampling Strategies, Scoring Functions, and Binding 
Interactions 

2.2 The Docking Problem: Pose and Scoring 

Molecular docking addresses two fundamental challenges: (1) sampling, the identification of 
likely ligand binding poses within the target binding site, and (2) scoring, the ranking of these 
poses according to their predicted binding affinity 9. The sampling problem requires exploring 
the conformational spaces of the ligand and, in some cases, the target protein to identify 
energetically favourable orientations. The scoring challenge involves developing mathematical 
functions that accurately correlate computed binding scores with experimental binding 
affinities 10. 

2.3 Docking Algorithms: Classification and Approaches 

Molecular docking algorithms can be broadly categorised into several classes: 

2.3.1 Rigid Receptor Docking 

Traditional docking approaches assume the protein receptor maintains a rigid conformation, 
substantially reducing computational complexity. Algorithms such as AutoDock, AutoDock 
Vina, and GOLD exemplify this category, employing various conformational search 
methodologies to identify optimal ligand orientations within a static binding pocket 11. While 
computationally efficient, rigid receptor approaches often fail to account for conformational 
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adjustments that accompany ligand binding, potentially missing bioactive poses or incorrectly 
scoring alternative binding modes. 

2.3.2 Flexible Receptor Docking 

More sophisticated approaches incorporate protein flexibility by either using pre-computed 
conformational ensembles or employing soft-potential functions that permit modest atomic 
displacements 12. Methods such as Induced Fit Docking (IFD) explicitly model receptor 
conformational changes during ligand binding, more accurately representing biological reality. 
However, the need for comprehensive receptor flexibility incurs substantial computational 
costs, potentially rendering large-scale virtual screening impractical 13. 

2.3.3 Sampling Methodologies 

Grid-based methods precompute protein-ligand interaction potentials on three-dimensional 
grids, enabling rapid calculation of ligand-receptor interaction energies 14. These methods 
benefit from exceptional computational speed but sacrifice accuracy in representing continuous 
interaction energies. 

Stochastic sampling algorithms, including Genetic Algorithms (GA) and Simulated 
Annealing (SA), probabilistically explore conformational space by proposing random 
perturbations and accepting or rejecting these modifications based on energy criteria 15. These 
methods are particularly effective for flexible ligands with multiple rotatable bonds. 

Pharmacophore-based approaches utilise patterns of essential molecular features (hydrogen 
bond donors/acceptors, hydrophobic centres, and aromatic rings) rather than explicit atomic 
coordinates, enabling rapid virtual screening and identification of chemically diverse scaffolds 
that fulfil spatial requirements 16. 

2.4 Scoring Functions: Theory and Classification 

Scoring functions are mathematical models that predict binding affinity based on receptor-
ligand interactions and ligand properties. These functions face the formidable challenge of 
balancing accuracy with computational speed, as thousands to millions of compounds may 
need to be evaluated 17. 

2.4.1 Force Field-Based Scoring 

Force field approaches apply classical mechanical energy calculations, encompassing: 

• Bond stretching and angle bending energies

• Torsional strain contributions from dihedral angle distortions

• Van der Waals interactions, typically represented by Lennard-Jones potentials

• Electrostatic interactions, calculated using partial charges and Coulomb's law

Representative implementations include CHARMM, AMBER, and MMFF94 force fields. 
While theoretically rigorous, force-field-based scoring often overestimates binding affinity by 
failing to properly account for solvation effects and protein conformational entropy 18. 
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2.4.2 Empirical Scoring Functions 

Empirical approaches statistically correlate binding affinity with molecular descriptors derived 
from training sets of experimentally characterised complexes. Functions such as ChemScore, 
Chemscore, and Autodock employ weighted sums of interaction terms: 

Δ𝐺𝐺 = Δ𝐺𝐺vdW + Δ𝐺𝐺hbond + Δ𝐺𝐺metal + Δ𝐺𝐺rot 

where components represent van der Waals, hydrogen bond, metal coordination, and rotational 
entropy contributions 19. These functions are computationally expedient but demonstrate 
limited transferability across chemically diverse datasets and protein families. 

2.4.3 Knowledge-Based Scoring 

Knowledge-based functions, such as DrugScore and PMF (Potential of Mean Force), derive 
statistical preferences for interatomic distances from databases of protein-ligand crystal 
structures 20. These approaches leverage empirical observations but may overfit to structural 
biases present in the Protein Data Bank (PDB). 

2.4.4 Machine Learning-Based Scoring 

Recent advances employ neural networks, random forests, gradient boosting machines, and 
support vector machines to learn complex relationships between molecular features and 
binding affinity 21. Machine learning approaches demonstrate superior predictive accuracy 
compared to traditional scoring functions but require extensive training datasets and careful 
validation to prevent overfitting 22. Figure 1 

Figure 1. Integrated Workflow of Molecular Docking and Molecular Dynamics in Drug 
Discovery 

3. Molecular Dynamics Simulations: Theory and Applications
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3.1 Fundamentals of Molecular Dynamics 

Molecular dynamics simulations propagate atomic coordinates over time by numerically 
integrating Newton's equations of motion: 

𝐅𝐅𝒊𝒊 = 𝒎𝒎𝒊𝒊
𝒅𝒅𝟐𝟐𝐫𝐫𝒊𝒊
𝒅𝒅𝒕𝒕𝟐𝟐

whereF𝑖𝑖 represents the force on atom 𝑖𝑖, 𝑚𝑚𝑖𝑖 denotes its mass, andr𝑖𝑖 is its position vector [23]. 
Forces are computed from potential energy functions typically empirical force fields that model 
bonded interactions (bonds, angles, dihedrals) and non-bonded interactions (van der Waals, 
electrostatics). Integration employs finite time steps (typically 1-2 femtoseconds) to ensure 
numerical stability while balancing computational efficiency 24. 

3.2 Force Fields and Their Components 

Modern force fields partition the potential energy into distinct terms: 

𝑉𝑉total = 𝑉𝑉bonded + 𝑉𝑉nonbonded 

where: 
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Popular force fields, including AMBER, CHARMM, GROMOS, and OPLS, employ similar 
functional forms with parameterisations optimised for specific molecular classes 25. Recent 
developments address the limitations of traditional force fields, including the improved 
treatment of aromatic rings, non-bonded interactions, and polarisation effects 26. 

3.3 Conformational Sampling and Enhanced Sampling Methods 

Standard MD simulations efficiently explore relatively shallow energy landscapes but often 
require impractical simulation times to surmount substantial energy barriers separating 
conformational substates. Several enhanced sampling techniques have been developed to 
address this limitation: 

3.3.1 Replica Exchange Molecular Dynamics (REMD) 

REMD executes multiple MD simulations in parallel at different temperatures, periodically 
exchanging configurations between replicas according to Metropolis-Hastening’s criteria 27. 
This approach effectively traverses energy barriers by performing searches at elevated 
temperatures while preserving the canonical ensemble at physiological temperatures. REMD 
exhibits utility for systems with complex energy landscapes and multiple local minima 28. 
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3.3.2 Metadynamics 

Metadynamics augments the potential energy with history-dependent bias functions deposited 
at configurations visited during the simulation, progressively flattening the free energy 
landscape 29. This method enables exploration of previously inaccessible regions while still 
recovering meaningful free energy information. Metadynamics proves particularly valuable for 
studying rare events and conformational transitions relevant to drug binding 30. 

3.3.3 Umbrella Sampling and Steered MD 

Umbrella sampling applies biasing potentials along defined reaction coordinates to force 
exploration of higher-energy regions 31. Steered MD applies external forces to guide the system 
along predefined pathways, helpful in studying protein-ligand unbinding events and forced 
dissociation mechanisms 32. 

3.4 Binding Affinity Prediction from Simulations 

Accurate binding affinity prediction represents a central objective of structure-based drug 
design. Several simulation-based methodologies have been developed: 

3.4.1 MM/GB (PB) SA Approaches 

The Molecular Mechanics/Generalised Born (or Poisson-Boltzmann) Surface Area method 
combines molecular mechanical energies with implicit solvation models to estimate binding 
free energies 33. 

Δ𝐺𝐺bind = Δ𝐺𝐺MM + Δ𝐺𝐺solv + Δ𝐺𝐺entropy 

where Δ𝐺𝐺MM represents gas-phase molecular mechanics energy changes, Δ𝐺𝐺solv encompasses 
solvation free energy contributions, and Δ𝐺𝐺entropy accounts for conformational entropy changes 
upon binding 34. While computationally efficient and routinely applicable to large systems, 
MM/GB(PB)SA approaches often exhibit substantial errors (1-2 kcal/mol) relative to 
experimental values due to imprecise entropy estimates and simplified solvation models 35. 

3.4.2 Alchemical Free Energy Calculations 

Alchemical methods employ thermodynamic integration or free energy perturbation (FEP) to 
compute binding free energies by establishing thermodynamic pathways connecting bound and 
unbound ligand states 36. These approaches theoretically provide superior accuracy compared 
to MM/GB (PB) SA, but they demand substantially more computational resources, often 
limiting their applicability to specialised computing facilities 37. 

3.4.3 Kinetic Methods 

Binding kinetics, particularly association (𝑘𝑘𝑜𝑜𝑜𝑜) and dissociation (𝑘𝑘𝑜𝑜𝑜𝑜𝑜𝑜) rate constants can be 
estimated from MD simulations through approaches including molecular dynamics in vacuo 
followed by implicit solvation calculations or by extrapolating kinetic information from steered 
MD trajectories 38. These kinetic parameters often prove more biologically relevant than 
equilibrium binding affinities for understanding drug efficacy and duration of action 39. 

4. Applications of Molecular Docking and Simulations
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4.1 Virtual Screening and Lead Discovery 

Virtual screening represents one of the most widespread applications of molecular docking, 
enabling the rapid evaluation of large chemical libraries to identify compounds with favourable 
predicted bindings to therapeutic targets 40. Structure-based virtual screening leverages three-
dimensional crystal structures or homology models to computationally dock millions of 
compounds, ranking them by predicted binding affinity 41. 

Case Study: KLHDC2 Ubiquitin Ligase Discovery 

Recent advances in AI-accelerated virtual screening have demonstrated remarkable success in 
ultra-large library screening. A study employing the RosettaVS platform screened billions of 
compounds against the KLHDC2 ubiquitin ligase, a previously undrugged target lacking 
known small-molecule binders 42. The computational pipeline identified promising compounds 
that were subsequently experimentally validated through binding assays and X-ray 
crystallography. Notable success metrics included identification of multiple compounds with 
nanomolar binding affinities and strong structural agreement between predicted and 
crystallographically determined binding poses 43. 

4.2 Lead Optimization and Structure-Activity Relationship (SAR) Studies 

Molecular docking and simulations guide iterative lead optimization by predicting how 
structural modifications influence binding affinity and selectivity. Medicinal chemists employ 
docking results to rationalise experimental observations, design targeted modifications, and 
prioritise synthetic efforts 44. MD simulations reveal dynamic binding modes and 
conformational preferences that inform structure modifications yielding enhanced potency and 
selectivity 45.

4.3 Target Validation and Druggability Assessment 

Computational approaches predict whether protein targets possess characteristics enabling 
effective small-molecule modulation. Druggability assessments evaluate binding pocket 
volume, hydrophobicity, amino acid composition, and accessibility from the protein surface 46. 
MD simulations identify cryptic binding pockets that emerge transiently during protein 
dynamics, potentially expanding druggable surface areas 47. These analyses guide resource 
allocation within discovery programs by identifying targets that are more amenable to chemical 
intervention 48. 

4.4 Selectivity and Off-Target Prediction 

Predicting selection across target families is critical for minimising adverse effects. Cross-
docking studies evaluate predicted binding to off-target proteins, identifying potential safety 
liabilities 49. MD simulations of ligand-protein complexes elucidate molecular mechanisms 
responsible for selectivity differences, informing design strategies to enhance target selectivity 
while reducing off-target engagement 50. 

4.5 Protein Conformational Analysis and Allosteric Mechanisms 

MD simulations uniquely characterise protein dynamics, conformational transitions, and 
allosteric communication pathways relevant to drug action 51. Simulations of intrinsically 
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disordered proteins (IDPs), historically resistant to structural and computational 
characterisation, now enable a mechanistic understanding of their functional dynamics 52. 
Extended simulations tracking protein conformational changes upon drug binding illuminate 
allosteric mechanisms through which ligands modulate biological function 53. 

4.6 ADMET Prediction and Pharmacokinetic Profiling 

While traditional ADMET prediction relied upon quantitative structure-activity relationship 
(QSAR) models or empirical rules, structure-based approaches now incorporate the three-
dimensional protein structures of metabolising enzymes (CYP450 family members, UDP-
glucuronosyltransferases), transporters (P-glycoproteins), and other ADMET-related proteins 
54. Molecular docking to these proteins predicts substrate specificity, metabolic stability, and
potential drug-drug interactions 55. Recent machine learning approaches integrate structural
information with multi-omics data to enhance ADMET predictions 56.

4.7 Nanoparticle Drug Delivery Systems 

Molecular dynamics simulations have expanded to encompass pharmaceutical 
nanotechnology, enabling atomic-level investigation of drug-nanocarrier interactions, 
nanoparticle biodistribution, cellular uptake mechanisms, and cargo release kinetics 57. 
Simulations of lipid bilayers, polymeric matrices, and protein corona formation around 
nanoparticles guide rational design of advanced drug delivery systems 58. These applications 
represent a growing frontier in computational pharmaceutical development 59. 

4.8 Structure-Based Discovery Against Pandemic Threats 

During the COVID-19 pandemic, molecular docking and simulations played pivotal roles in 
rapidly identifying promising therapeutic candidates targeting SARS-CoV-2 proteins 60. 
Virtual screening campaigns screened millions of compounds against viral proteases (3CLpro, 
PLpro) and spike proteins, identifying compounds subsequently validated experimentally 61. 
This experience demonstrated the critical role of computational approaches in enabling rapid 
responses to emerging health threats. 

5. Integration of Artificial Intelligence and Machine Learning

5.1 Machine Learning for Scoring and Affinity Prediction 

Traditional scoring functions often demonstrate limited transferability and accuracy, 
particularly for diverse chemical scaffolds. Machine learning approaches learn complex non-
linear relationships between molecular features and binding affinity from large training datasets 
62. Neural networks, random forests, gradient boosting machines, and other algorithms have
demonstrated superior predictive performance compared to conventional scoring functions 63.

Recent deep learning architectures employ graph neural networks (GNNs), which represent 
molecular structures as graphs where atoms are nodes and bonds are edges, enabling the 
learning of task-specific molecular representations without explicit feature engineering 64. 
These representations capture inherent molecular patterns relevant to binding interactions, 
substantially improving prediction accuracy 65. 
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5.2 AI-Accelerated Virtual Screening 

Active learning strategies dramatically accelerate virtual screening by iteratively improving 
machine learning models during docking computations 66. Rather than exhaustively docking 
all compounds, active learning approaches identify the most promising compounds for 
expensive physics-based docking, enabling billion-compound screening campaigns to 
complete in practical timeframes 67. The RosettaVS platform exemplifies this approach, 
employing neural networks to triage compounds while maintaining high sensitivity for 
identifying true binders 68. 

5.3 Generative Models for De Novo Drug Design 

Generative adversarial networks (GANs), variational autoencoders (VAEs), and other 
generative models learn the chemical spaces of known bioactive compounds, enabling the 
computational generation of novel structures with predicted favourable properties 69. These 
approaches bypass virtual screening constraints by directly generating candidate molecules, 
potentially discovering scaffolds inaccessible through optimization of existing leads 70. 

5.4 Multi-Task Learning for Integrated ADMET Prediction 

ADMET properties exhibit inherent interdependencies rather than independence; absorption 
influences distribution, metabolism generates active metabolites, and excretion kinetics depend 
on metabolic transformations 71. Multi-task learning architectures predict multiple ADMET 
endpoints simultaneously, leveraging shared representations to improve individual predictions 
72. These integrated approaches better capture the complex relationships governing
pharmacokinetic behaviours 73.

6. Current Limitations and Challenges

6.1 Protein Flexibility and Conformational Dynamics 

A fundamental limitation of molecular docking involves accurate representation of protein 
flexibility. Static receptor structures incompletely represent the conformational ensemble that 
proteins sample in solution 74. While flexible docking approaches exist, comprehensive 
treatment of receptor flexibility introduces prohibitive computational costs, particularly for 
large-scale virtual screening 75. Furthermore, explicitly accounting for water molecules and 
ions within binding pockets remains computationally challenging 76. 

6.2 Sampling and Convergence Issues 

MD simulations face inherent limitations regarding conformational sampling and timescale 
accessibility. Many biologically relevant processes, including protein folding, allosteric 
transitions, and association/dissociation events, occur on microsecond-to-second timescales, 
far exceeding practical simulation durations 77. Enhanced sampling methods partially address 
this limitation but introduce complications regarding interpretation of results and free energy 
recovery 78. 
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6.3 Force Field Limitations 

Current force fields rely on approximations and parameterizations primarily developed from 
small-molecule databases and simple protein systems 79. These force fields inadequately 
represent certain molecular classes, including metal-organic species, non-standard amino acids, 
and post-translationally modified residues 80. Polarisation effects are often approximated 
through fixed partial charges, incompletely capturing electronic responses to chemical 
environment changes 81. 

6.4 Scoring Function Accuracy and Transferability 

Despite technological advances, scoring functions typically exhibit root mean square errors of 
1-2 kcal/mol when predicting binding affinities, comparable to thermal energy at physiological
temperature 82. This modest accuracy substantially limits the ability to accurately rank
compounds or predict minor affinity improvements from structural modifications 83. Moreover,
scoring functions typically demonstrate poor transferability across chemically diverse
compound classes and target protein families 84.

6.5 ADMET Prediction Accuracy and Applicability Domain 

ADMET predictions remain subject to substantial uncertainties. QSAR models demonstrate 
limited applicability domains, requiring chemical similarity to training set compounds to 
maintain prediction reliability 85. Structure-based ADMET approaches employing docking to 
metabolise enzymes and transporters remain limited by enzyme promiscuity; these proteins 
exhibit broad substrate specificity that computational models inadequately capture 86. 
Additionally, predictions focusing on single properties often fail to account for property 
interdependencies governing overall pharmacokinetic behaviour 87. 

6.6 Solvent and Desolvation Effects 

Accurate treatment of solvation effects remains a critical unresolved challenge. Most scoring 
functions inadequately account for desolvation costs required when displacing water molecules 
from binding sites 88. Implicit solvation models employed in MM/GB(PB)SA calculations 
approximate continuous solvent environments but fail to represent significant discrete 
solvation effects and water-mediated hydrogen bonding networks 89. Explicit water simulations 
substantially increase computational demands 90. 

6.7 Entropy Contributions and Conformational Entropy 

Accurate accounting for entropy changes accompanying binding represents a persistent 
limitation. Most approaches either ignore conformational entropy or employ crude 
approximations such as counting rotatable bonds or calculating vibrational entropy from short 
MD trajectories 91. Translational and rotational entropy of the ligand upon binding is 
incompletely represented by current methods 92. These entropy limitations often result in 
binding affinity overpredictions ranging from 2–3 kcal/mol 93. 

6.8 Validation and Experimental Discrepancies 

A critical limitation involves a disconnect between computational predictions and experimental 
observations. Docking poses frequently do not correlate with experimentally determined 
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crystal structures, with root mean square deviations exceeding 2-3 Ångströms [94]. Predicted 
binding affinities often correlate poorly with experimental values, with correlation coefficients 
frequently below 0.6–0.7 95. These discrepancies suggest fundamental inadequacies in our 
computational treatment of protein-ligand interactions or potentially experimental artefacts 96. 

6.9 Lack of Standardisation and Reproducibility 

Molecular docking and simulation protocols lack standardisation, with researchers employing 
diverse parameter sets, force fields, and methodological choices 97. This heterogeneity 
complicates meta-analyses, method comparisons, and integration of results across studies 98. 
Reproducibility challenges extend from inherent stochasticity in simulation approaches to 
differences in software implementations 99. 

6.10 Computational Resource Requirements and Accessibility 

Although computational power has increased dramatically, truly realistic simulations 
encompassing explicit solvent, membrane environments, and biologically relevant timescales 
demand extensive computational resources that remain inaccessible to many academic research 
groups 100. This creates inequitable access to advanced computational methods and potentially 
biases discovery toward pharmaceutical companies and well-funded research institutions 101. 
Figure 3 

Figure 3. Current Limitations and Emerging Solutions in Docking and MD Simulations 

7. Recent Advances and Future Perspectives

7.1 Hardware Acceleration and Specialised Computing 

Application-specific integrated circuits (ASICs) and custom-designed chips explicitly 
optimised for molecular dynamic acceleration have dramatically enhanced simulation 
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capabilities. The Anton series of supercomputers, specifically architected for MD simulation, 
enabled millisecond-duration all-atom simulations of small proteins that previously required 
computational infeasibility 102. Similar specialised hardware development continues, with 
field-programmable gate arrays (FPGAs) and graphics processing units (GPUs) increasingly 
being deployed for molecular docking and simulation acceleration 103. 

7.2 Hybrid Quantum-Classical Methods 

Quantum mechanical/molecular mechanical (QM/MM) hybrid approaches enable more 
accurate treatment of active site chemistry while maintaining computational tractability 104. 
Recent developments in density functional theory (DFT) acceleration and machine learning-
based potential energy surfaces promise to enhance the accuracy of catalytic mechanism 
simulations and binding interaction calculations 105. 

7.3 Deep Learning and Structure Prediction 

Deep learning approaches have revolutionised protein structure prediction, as exemplified by 
AlphaFold2, which achieved near-experimental accuracy without explicit evolutionary 
information 106. These predictions expand the applicability of structure-based computational 
methods to previously unsolved protein structures, substantially broadening virtual screening 
and docking applications 107. AlphaFold2 predictions of protein-protein interactions and 
conformational ensembles further enhance capacity for dynamic drug target characterization 
108. 

7.4 Interpretable Machine Learning and Explainable AI 

As machine learning increasingly dominates computational drug discovery, emphasis on 
interpretability and explainability has grown. Techniques such as SHAP values, LIME, and 
attention mechanisms elucidate which molecular features drive predictions, enhancing the 
trustworthiness and actionability of computational results 109. This interpretability is 
particularly critical for the regulatory acceptance and clinical translation of computationally 
assisted drug development programs 110. 

7.5 Integration of Multi-Scale Modeling 

Combining quantum mechanical calculations of specific interactions with classical MD 
simulations of larger protein systems and incorporating continuum-level descriptions of 
cellular phenomena enables unprecedented capacity to bridge length and timescales 111. These 
multi-scale approaches promise a more comprehensive understanding of drug action within 
cellular contexts 112. 

7.6 Cryo-EM Integration and Conformational Ensembles 

Cryo-electron microscopy has provided unprecedented insights into protein conformational 
heterogeneity and dynamics. Integration of cryo-EM-derived ensemble representations with 
molecular dynamics simulations enables more biologically realistic sampling of 
conformational space than crystal structures alone 113. This convergence of structural biology 
and computational methods promises enhanced accuracy of docking and simulation predictions 
114. 
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8. Regulatory and Practical Considerations

8.1 Regulatory Acceptance of Computational Methods 

Regulatory agencies, including the FDA and EMA, increasingly recognise computational 
methods in drug development decision-making 115. However, standardised and validated 
computational approaches remain critical for broader regulatory acceptance [116]. Transparent 
reporting of computational methodologies, validation against experimental data, and 
demonstration of reproducibility strengthen regulatory submissions incorporating 
computational evidence 117. 

8.2 Best Practices and Standardisation Efforts 

Organisations, including the Computational Medicinal Chemistry Working Group and the 
European Cooperation in Science and Technology (COST) Initiative, have developed 
guidelines and best practices for molecular docking and simulation applications 118. Consensus 
protocols regarding protein preparation, ligand parameterisation, and result validation improve 
the reliability of methods and the comparability of studies 119. 

8.3 Cost-Benefit Analysis and Integration into Discovery Pipelines 

While computational methods demand significant upfront infrastructure and expertise 
investments, their cost-benefit calculus strongly favours their integration into drug discovery 
pipelines 120. Virtual screening and computational lead optimisation substantially reduce the 
requirements for synthetic chemistry and biological testing, offsetting computational resource 
investments by multiple fold 121-122. 

9. Conclusion

Molecular docking and molecular dynamics simulations have fundamentally transformed 
pharmaceutical drug discovery, enabling rapid screening of vast chemical libraries, rational 
lead optimisation and mechanistic characterisation of drug-target interactions. Ongoing 
technological advances, including enhanced sampling methods, specialised computing 
hardware, machine learning integration, and hybrid quantum-classical approaches, continue to 
expand the applicability and accuracy of computational methods. 

However, substantial limitations persist. Modest scoring function accuracy, inadequate 
representation of protein flexibility, incomplete entropy treatment, and persistent discrepancies 
between computational predictions and experimental observations constrain current 
capabilities. These challenges motivate continued methodological development, field 
refinement, and validation studies that bridge computational predictions and experimental 
outcomes. 

The integration of artificial intelligence and machine learning has accelerated virtual screening 
and improved binding affinity predictions, though at the potential cost of mechanistic 
interpretability. Future progress requires a balanced emphasis on both enhanced predictive 
accuracy and preservation of chemical and biological interpretability. 
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As computational power continues to increase, force fields improve, and machine learning 
methods mature, molecular docking and simulation studies promise to become even more 
central to drug discovery. The convergence of computational methods with emerging 
technologies, including cryo-EM, AlphaFold predictions, and multi-scale modelling, offers 
unprecedented opportunities to enhance our understanding of protein function and to enable 
rational therapeutic interventions. 

Successful integration of these computational approaches into pharmaceutical development 
requires ongoing collaboration between computational chemists, structural biologists, 
biochemists, and medicinal chemists. Such interdisciplinary partnerships, coupled with a 
commitment to method validation and standardisation, position computational chemistry to 
fulfil its promise of accelerating the development of safe, efficacious therapeutics that address 
unmet medical needs. 
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