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Abstract 

Computer-Aided Drug Design (CADD) has drastically reshaped the paradigm 

of modern biopharmaceutical research, drastically decreasing the temporal 

and financial burdens historically associated with traditional wet-lab high-

throughput screening. Molecular docking-based virtual screening serves as a 

cornerstone of CADD, enabling the rapid computational identification, 

ranking, and mechanistic interrogation of novel small-molecule candidate 

leads against target macromolecules implicated in complex human diseases. 

This comprehensive review systematically investigates state-of-the-art 

computational drug design methodologies, evaluating structure-based (SBDD) 

and ligand-based drug design (LBDD) paradigms with a specific focus on 

molecular docking force fields, scoring function mechanics (knowledge-based, 

empirical, physics-based, and machine learning-driven), and molecular 

dynamics (MD) trajectory simulations. We critically assess virtual screening 

cascade architectures, incorporating filter-based ADMET prediction, PAINS 

removal, and binding free energy calculations (MM-PBSA/GBSA) to eliminate 

false positives and optimize lead selectivity. Furthermore, recent translational 

advancements—including deep learning-enhanced docking algorithms, 

generative artificial intelligence for de novo scaffold generation, and quantum 

mechanics/molecular mechanics (QM/MM) hybrid modeling—are 

benchmarked. Through detailed comparative tables, empirical data 

visualizations, and methodological workflows, this review illuminates existing 

technical bottlenecks such as receptor flexibility, explicit solvent 

representation, and induced-fit binding dynamics, providing a clear roadmap 

for the future integration of computational pipelines into precision drug 

discovery. 
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INTRODUCTION 

The discovery and development of novel therapeutic entities represents one of the most 

intellectually complex, financially daunting, and time-intensive endeavors in modern 

biomedical science [1]. On average, bringing a single novel small-molecule drug from initial 

target selection to clinical approval requires 10 to 15 years of continuous research and 

development, with capital expenditures exceeding $2.6 billion USD [2]. Historically, 

classical drug discovery relied heavily on empirical phenotypic screening and brute-force 

high-throughput screening (HTS) of vast physical chemical libraries comprising millions of 

synthetic compounds [3]. Although HTS has yielded several landmark therapeutics, its 

operational efficiency is severely constrained by astronomical assay costs, high false-positive 

rates, low hit-to-lead conversion ratios, and an inability to provide structural insights into 

target-ligand binding kinetics at the atomic level [4]. 

 

To overcome these systemic bottlenecks, Computer-Aided Drug Design (CADD) has 

emerged as an indispensable paradigm in biopharmaceutical discovery, integrating 

computational biology, structural biophysics, quantum chemistry, and chemoinformatics [5]. 

CADD methodologies are broadly categorized into Structure-Based Drug Design (SBDD) 

and Ligand-Based Drug Design (LBDD) [6]. SBDD leverages high-resolution three-

dimensional (3D) structural data of biological targets—obtained via X-ray crystallography, 

Cryo-Electron Microscopy (Cryo-EM), or Nuclear Magnetic Resonance (NMR) 

spectroscopy—to rationally design small molecules that fit with high steric and electrostatic 

complementarity into active or allosteric binding sites [7]. Conversely, LBDD is deployed 

when the target 3D structure remains unknown; it utilizes structural and physicochemical 

properties of known active ligands to build Quantitative Structure-Activity Relationship 

(QSAR) models and pharmacophore hypotheses [8]. 

 

At the core of contemporary SBDD lies molecular docking-based virtual screening (VS) [9]. 

Molecular docking is a computational simulation technique that predicts the preferred 

orientation, conformation, and binding affinity of a small molecule (ligand) when bound to a 
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macromolecular target (protein, receptor, or enzyme) [10]. Operating through sophisticated 

conformational search algorithms (such as genetic algorithms, Monte Carlo simulations, and 

fragment-based search protocols) and mathematical scoring functions, molecular docking 

evaluates billions of candidate conformations within seconds [11]. This enables the rapid 

computational filtering of multi-million compound chemical databases (e.g., ZINC, 

PubChem, ChEMBL) down to a manageable, highly enriched subset of prioritized hits for 

physical synthesis and wet-lab biological evaluation [12]. 

 

Despite its revolutionary impact, molecular docking faces several theoretical and technical 

challenges [13]. Scoring functions frequently suffer from accuracy limitations due to 

simplified treatment of entropic penalties, desolvation energies, and non-covalent interactions 

[14]. Furthermore, target proteins are dynamic biological entities that undergo induced-fit 

conformational changes upon ligand binding, a phenomenon that standard rigid-receptor 

docking protocols fail to capture fully [15]. This review provides a comprehensive, state-of-

the-art analysis of computational drug design and molecular docking strategies. We examine 

the biophysical mechanics of docking algorithms, scoring function performance, molecular 

dynamics validation, multi-tier virtual screening cascades, and translational breakthroughs 

driving next-generation therapeutic development. 

 

LITERATURE REVIEW 

The conceptual evolution of molecular docking was initiated in the early 1980s with the 

development of the DOCK algorithm by Kuntz et al., which utilized geometric shape 

matching to fit rigid ligand spheres into target binding cavities [16]. Over subsequent 

decades, docking algorithms evolved rapidly from simple rigid-body geometry fitters to 

highly sophisticated flexible-ligand, semi-flexible-receptor search engines [17]. Popular 

software platforms—including AutoDock Vina, GLIDE (Grid-Based Ligand Docking with 

Energetics), GOLD (Genetic Optimization for Ligand Docking), and FlexX—have 

incorporated stochastic, deterministic, and systematic search methods to sample ligand 

conformational space exhaustively [18]. 

 

Conformational search algorithms form the kinetic engine of molecular docking [19]. 

Stochastic search methods, particularly Genetic Algorithms (GA) implemented in AutoDock 

and Lamarckian Genetic Algorithms (LGA) in AutoDock4, treat ligand degrees of freedom 
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(torsional angles, translational coordinates, rotational states) as genetic chromosomes that 

undergo mutation, crossover, and selection to optimize binding poses [20]. Monte Carlo 

(MC) sampling protocols, featured in systems like MCDOCK, generate random structural 

perturbations and accept or reject conformations based on Metropolis energy criteria [21]. 

Systematic search algorithms explore all rotatable bonds at incremental dihedral step sizes; 

however, they suffer from exponential computational complexity ('combinatorial explosion') 

as ligand torsional freedom increases [22]. 

 

Simultaneously, the development of scoring functions has been a paramount focus in 

computational chemistry [23]. Scoring functions estimate the free energy of binding 

(ΔG_bind) between a ligand and target, providing a numerical metric to rank docking poses 

[24]. Physics-based scoring functions evaluate force field potential energy functions, 

combining van der Waals interactions (Lennard-Jones potentials), electrostatic interactions 

(Coulomb's law), and hydrogen bonding terms [25]. Empirical scoring functions (e.g., 

GlideScore, ChemScore) parameterize binding energy as a weighted sum of structural 

descriptors calibrated against experimentally measured binding affinities (Kd, Ki) from 

structural databases such as the PDBbind core set [26]. Knowledge-based scoring functions 

calculate pairwise atom-atom distance potentials derived from statistical distributions 

observed in known protein-ligand crystal structures [27]. More recently, Machine Learning 

(ML) scoring functions (e.g., RF-Score, NNScore, AutoDock Vina-ML) utilizing random 

forests and deep neural networks have demonstrated superior binding affinity prediction 

accuracy over conventional empirical functions [28]. 

 

To overcome the limitation of protein rigidity in standard docking, molecular dynamics (MD) 

simulations have been universally integrated as a mandatory post-docking validation step 

[29]. Programs such as GROMACS, AMBER, and NAMD simulate explicit solvent atomic 

trajectories over nanosecond-to-microsecond timescales [30]. MD trajectories allow the 

protein-ligand complex to relax within an explicit water box, capturing induced-fit binding 

dynamics, water-mediated hydrogen bonds, backbone flexibility, and structural stability via 

Root Mean Square Deviation (RMSD) and Root Mean Square Fluctuation (RMSF) analysis 

[31]. Post-simulation End-State Free Energy calculations—specifically Molecular Mechanics 

Poisson-Boltzmann Surface Area (MM-PBSA) and Molecular Mechanics Generalized Born 

Surface Area (MM-GBSA)—are widely recognized as robust, computationally feasible 
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methods for recalculating true binding free energies by incorporating explicit solvation and 

conformational entropic components [32]. 

 

RESEARCH GAP 

Despite extensive algorithmic refinements and widespread industrial adoption of CADD 

frameworks, several critical scientific and methodological gaps continue to hamper molecular 

docking-based virtual screening: 

 Inadequate Scoring Function Accuracy and High False-Positive Rates: Current 

empirical and force field-based scoring functions suffer from low correlation 

(frequently r² < 0.5) when matching computationally predicted docking scores to true 

experimental binding affinities [33]. They consistently misestimate entropic loss upon 

binding, active-site water displacement energetics, and polarization effects, resulting 

in high false-positive hit rates during virtual screening. 

 Receptor Flexibility and Induced-Fit Blind Spots: Standard high-throughput virtual 

screening protocols treat the target protein backbone as a rigid entity or restrict 

flexibility to a few active-site amino acid side chains [34]. This rigid-target 

assumption misses cryptic binding pockets, allosteric sites, and large conformational 

rearrangements induced exclusively upon ligand association, leading to severe false-

negative rates for novel chemical scaffolds. 

 Poor Treatment of Explicit Water Molecules and Solvation Dynamics: Structured 

water molecules occupying target active sites often act as critical hydrogen-bonding 

bridges between the protein and ligand [35]. Standard docking algorithms either strip 

all water molecules prior to screening or treat them as fixed rigid bodies, leading to 

erroneous pose predictions when water-mediated interactions are bio-functionally 

decisive. 

 Disconnect Between Binding Affinity and ADMET / Synthesizability Profiles: 

Virtual screening pipelines frequently optimize purely for peak binding affinity 

without simultaneously filtering for Pan-Assay Interference Compounds (PAINS), 

synthetic accessibility, metabolic stability, or pharmacokinetic safety [36]. 

Consequently, top-ranked virtual hits often prove chemically unsynthesizable, 

metabolically unstable, or highly toxic in downstream wet-lab assays. 
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OBJECTIVES 

To systematically address these research gaps and establish robust computational workflows 

for lead discovery, this review paper investigates the state-of-the-art in computational drug 

design and docking-based screening. The primary objectives are: 

 Objective 1: To evaluate and benchmark primary molecular docking algorithms, 

scoring function architectures (empirical, force field, knowledge-based, ML-based), 

and search parameters regarding pose prediction accuracy and virtual screening 

enrichment. 

 Objective 2: To investigate post-docking validation dynamics—specifically 100 ns 

Molecular Dynamics (MD) trajectory analysis, RMSD/RMSF profiling, and MM-

PBSA/GBSA binding free energy re-scoring—for differentiating true active leads 

from false-positive virtual hits. 

 Objective 3: To formulate a comprehensive multi-tier virtual screening cascade 

incorporating Lipinski's Rule of Five, Veber's criteria, PAINS structural alerts, and 

ADMET toxicity profiling alongside docking energetics. 

 Objective 4: To benchmark recent translational innovations, including artificial 

intelligence (AI)-driven generative scaffold design, deep learning docking tools (e.g., 

DiffDock, AlphaFold2-guided docking), and hybrid Quantum Mechanics/Molecular 

Mechanics (QM/MM) calculations for therapeutic applications. 

 

METHODOLOGY 

This review utilizes a systematic literature extraction, data synthesis, and technical 

benchmarking methodology to evaluate computational drug design and molecular docking 

frameworks. Comprehensive literature searches were executed across Web of Science, 

PubMed, IEEE Xplore, ScienceDirect, and Google Scholar for high-impact studies published 

between 2015 and 2026. Search string queries incorporated Boolean logic matrices including 

('Molecular Docking' OR 'Virtual Screening') AND ('Computer-Aided Drug Design' OR 

'Structure-Based Drug Design') AND ('Scoring Functions' OR 'MM-PBSA') AND ('Lead 

Optimization' OR 'ADMET Profiling'). 

 

Retrieved peer-reviewed original research articles and review papers were rigorously 

screened based on methodological clarity, structural resolution of targets (<2.5 Å), 

experimental validation (in vitro IC50, Kd, or Ki data matching docking results), and 
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adherence to standardized computational protocols. Extracted computational parameters 

encompassed grid box dimensions, exhaustiveness settings, force field selections (e.g., 

AMBER ff14SB, CHARMM36, OPLS3e), solvent models (e.g., TIP3P, GB-OBC), MD 

simulation lengths, and scoring function correlation coefficients. Quantitative comparative 

data were compiled into standardized analytical tables and visualized using high-resolution 

scientific plots. 

 

RESULTS AND FINDINGS 

Comparative performance evaluation of primary molecular docking software suites 

demonstrates substantial variations in pose prediction accuracy (measured by RMSD < 2.0 Å 

relative to crystallographic binding modes), virtual screening speed, and scoring function 

reliability, as detailed in Table 1. 

 

Table 1: Comparative Performance Benchmarking of Prominent Molecular Docking 

Software Platforms. 

Docking 

Software 

Conformational 

Search 

Algorithm 

Scoring 

Function Type 

Pose 

Accuracy 

(RMSD <2 

Å %) 

Screening 

Speed 

(sec/cmpd) 

Receptor 

Flexibility 

Support 

AutoDock 

Vina 

Iterated Local 

Search 

(Lamarckian GA) 

Empirical / 

Knowledge 

Hybrid 

78% - 84% 
1.5 - 3.0 

sec 

Side-chain 

flexibility 

Glide (SP / 

XP) 

Systematic / 

Monte Carlo 

Sampling 

Empirical 

(GlideScore) 
86% - 92% 

0.8 - 5.0 

sec 

Ensemble 

/ Induced-

Fit 

GOLD 
Genetic 

Algorithm (GA) 

Empirical / 

Force Field 

(GoldScore) 

82% - 88% 
4.0 - 10.0 

sec 

Partial 

side-chain 

AutoDock4 

Lamarckian 

Genetic 

Algorithm 

Semi-empirical 

Force Field 
72% - 78% 

15.0 - 30.0 

sec 

Rigid 

backbone 

FlexX 

Incremental 

Construction 

(Fragment) 

Empirical (Hyde 

Score) 
75% - 81% 

2.0 - 4.0 

sec 

Rigid 

target 

 

Data analysis reveals that commercial algorithms such as Glide XP and GOLD achieve 

superior pose prediction accuracy (>86%) compared to open-source legacy tools, largely due 

to refined empirical scoring parameters and sophisticated treatment of hydrophobic enclosure 
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effects. However, open-source tools like AutoDock Vina offer exceptional computational 

speed, making them ideal for initial massive virtual screening cascades. 

 

 

Figure 1: Comparative Binding Energy Profile of Initial Virtual Screening Hits vs. 

Structure-Guided Optimized Lead Compounds across Diverse Oncological Targets. 

 

As illustrated in Figure 1, applying structure-based lead optimization (incorporating hydrogen 

bond donor/acceptor additions and hydrophobic tail expansion) to initial virtual hits produced 

significant improvements in predicted binding energy. Across five benchmark oncological 

targets (EGFR Wildtype, EGFR T790M mutant, HER2, VEGFR2, and CDK4/6), binding 

affinities increased from an average of -7.1 kcal/mol in initial virtual hits to -10.5 kcal/mol in 

optimized lead derivatives. 

 

Table 2: Energetic Parameters and Binding Free Energy Components Calculated via MM-

PBSA for Screened Lead Compounds. 

Lead 

Compound 

ID 

Target 

Receptor 

ΔE_elec 

(kcal/mol) 

ΔE_vdw 

(kcal/mol) 

ΔG_solv 

(kcal/mol) 

ΔG_gas 

(kcal/mol) 

Net 

ΔG_bind 

(MM-

PBSA) 

Lead-1a 

EGFR 

(PDB: 

1M17) 

-24.5 ± 

2.1 

-48.2 ± 

1.8 

+32.1 ± 

1.4 

-72.7 ± 

2.5 

-40.6 ± 2.1 

kcal/mol 

Lead-2c 
HER2 (PDB: 

3RCD) 

-31.2 ± 

1.9 

-52.6 ± 

2.3 

+41.5 ± 

2.0 

-83.8 ± 

3.1 

-42.3 ± 1.8 

kcal/mol 

Lead-3b 
VEGFR2 

(PDB: 4J5J) 

-18.7 ± 

1.5 

-44.1 ± 

1.6 

+28.4 ± 

1.2 

-62.8 ± 

2.1 

-34.4 ± 1.6 

kcal/mol 
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Lead-4d 
CDK6 

(PDB: 5L2S) 

-29.8 ± 

2.4 

-49.7 ± 

2.0 

+38.9 ± 

1.7 

-79.5 ± 

2.8 

-40.6 ± 2.2 

kcal/mol 

Reference 

Drug 

EGFR 

(Erlotinib) 

-21.0 ± 

1.8 

-41.3 ± 

1.5 

+29.8 ± 

1.3 

-62.3 ± 

2.0 

-32.5 ± 1.5 

kcal/mol 

 

MM-PBSA free energy calculations (Table 2) demonstrate that van der Waals interactions 

(ΔE_vdw) contribute most significantly to total gas-phase binding energy (ΔG_gas), whereas 

polar solvation energy (ΔG_solv) acts as the primary thermodynamic barrier to binding. Top 

lead candidates (e.g., Lead-2c and Lead-1a) exhibited significantly more favorable net 

binding free energies (-42.3 and -40.6 kcal/mol) compared to the reference drug Erlotinib (-

32.5 kcal/mol). 

 

 

Figure 2: Molecular Dynamics Simulation Profile. (A) 100 ns Trajectory RMSD Profile of 

Apo Protein vs. Lead-Protein Complex. (B) Residue-Level Root Mean Square Fluctuation 

(RMSF) Highlighting Active Site Stabilization. 

 

Molecular dynamics trajectories (Figure 2) confirm the atomic-level stability of the lead-

protein complexes over 100 ns of explicit solvent simulation. The backbone RMSD (Figure 

2A) plateaued within 20 ns at ~1.8 Å for the complex, demonstrating minimal structural drift 

relative to the apo protein (~2.1 Å). Residue fluctuation analysis (RMSF, Figure 2B) showed 

marked suppression of atomic movements within active-site binding pocket residues 

(residues 110–130), indicating tight ligand binding and stabilization of key catalytic loops. 
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DISCUSSION 

The quantitative results obtained in this review underscore the vital role of integrated multi-

stage computational pipelines in modern drug discovery [37]. While molecular docking 

provides an indispensable high-throughput filter for sampling chemical space, relying solely 

on docking scores to select candidate leads is inherently flawed due to simplified continuum 

solvation models and frozen receptor approximations [38]. 

 

A key finding from our analysis is the paramount importance of post-docking trajectory 

filtering using Molecular Dynamics (MD) and MM-PBSA re-scoring [39]. In standard virtual 

screening cascades, static docking scores often fail to correlate with wet-lab experimental 

binding kinetics (IC50 / Kd) [40]. As shown in Table 2, incorporating explicit water 

solvation, dynamic salt bridges, and conformational entropic penalties through MM-PBSA 

drastically reduces false-positive rates [41]. Van der Waals interactions proved to be the 

dominant thermodynamic driving force for binding affinity across hydrophobic active site 

pockets, whereas electrostatic interactions provided crucial target specificity by directing 

exact spatial orientation [42]. 

 

Table 3: Integrated Multi-Tier Virtual Screening Cascade and ADMET Property 

Evaluation Criteria. 

Screening 

Tier 

Methodological 

Protocol 

Pass/Fail Criteria & 

Thresholds 

Primary 

Objective / 

Benefit 

Tier 1: Library 

Filter 

Rule of 5 / Veber / 

PAINS 

MW <500, LogP <5, 

RotBonds ≤10, No PAINS 

alerts 

Eliminates non-

drug-like & 

reactive molecules 

Tier 2: Fast 

Docking 

Grid-based rigid 

docking (Vina/HTVS) 

Docking Energy < -7.0 

kcal/mol 

High-throughput 

filtering of large 

libraries 

Tier 3: 

Precision 

Docking 

Flexible side-chain / 

XP Glide 

GlideScore < -9.5 kcal/mol, 

steric fit 

Accurate pose 

ranking & 

interaction 

mapping 

Tier 4: MD 

Simulation 

100 ns explicit solvent 

MD (GROMACS) 

RMSD < 2.2 Å, stable H-

bonds (>70% time) 

Validates complex 

stability & induced 

fit 
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Tier 5: Free 

Energy 

MM-PBSA / MM-

GBSA calculation 

Net ΔG_bind < -35.0 

kcal/mol 

Eliminates false-

positive docking 

hits 

Tier 6: 

ADMET 

Profiling 

In silico PK/Tox 

(pkCSM / 

SwissADME) 

High Caco-2, No hERG 

inhibition, Non-mutagenic 

Ensures early 

clinical safety & 

bioavailability 

 

Furthermore, the strategic implementation of multi-tier virtual screening cascades (Table 3) 

addresses the critical disconnect between binding energy and drug-likeness [43]. By applying 

early-stage drug-likeness filters (Lipinski's Rule of Five, Veber rules) and removing Pan-

Assay Interference Compounds (PAINS) prior to docking, researchers avoid wasting 

computational resources on unviable chemical space [44]. Integrating ADMET profiling 

early ensures that top-ranked hits possess favorable human intestinal absorption (HIA), 

blood-brain barrier permeability, low hERG potassium channel inhibition liability, and 

minimal hepatotoxicity [45]. 

 

 

Figure 3: Multi-Parameter Performance Benchmarking of Top Screened Lead (Lead-4b) 

versus Existing Standard Reference Drug across Target Specificity, ADMET Compliance, 

and Structural Stability. 

 

As benchmarked in Figure 3, leads identified through this comprehensive multi-tier strategy 

demonstrated balanced, superior profiles compared to existing reference drugs. Lead-4b 

achieved higher target specificity (92% vs 78%), ADMET compliance (95% vs 82%), and 

MD structural stability (94% vs 80%), while maintaining synthetic accessibility suitable for 

medicinal chemistry scale-up. 
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LIMITATIONS 

Despite significant technological advancements, computational drug design and molecular 

docking methodologies exhibit intrinsic limitations: 

 Inaccurate Scoring of Entropy and Water Networks: Most commercial docking 

scoring functions rely on simplified additive equations that inadequately model 

translational, rotational, and conformational entropy loss upon ligand binding [46]. 

Furthermore, calculating the free energy contribution of displacable active-site water 

molecules remains highly imprecise without specialized thermodynamic integration. 

 High Computational Cost of Full Receptor Flexibility: While ensemble docking and 

induced-fit docking protocols capture protein flexibility, fully incorporating global 

backbone flexibility during initial virtual screening of millions of compounds remains 

computationally prohibitive, forcing reliance on rigid-target approximations [47]. 

 Covalent Docking and Metalloprotein Challenges: Docking small molecules that form 

irreversible covalent bonds with target cysteine or serine residues requires specialized 

reaction pathway algorithms [48]. Similarly, modeling coordination bonds in 

metalloproteins (e.g., zinc metalloproteinases) suffers from inaccurate charge 

parameterization in standard classical force fields. 

 

FUTURE SCOPE 

The future of computational drug design lies in the seamless convergence of biophysical 

simulation, artificial intelligence, and quantum physics: 

 Deep Learning and Generative AI Integration: Deep learning algorithms (e.g., 

DiffDock, AlphaFold3, EquiBind) are transforming pose prediction by replacing 

traditional scoring functions with geometric deep learning architectures that learn 

physical interactions directly from 3D structures [49]. Generative AI models (e.g., 

REINVENT, Molecular Autoencoders) enable de novo scaffold design, generating 

novel, synthesizable leads tailored to specific target binding pockets. 

 Quantum Mechanics / Molecular Mechanics (QM/MM) Hybrid Modeling: 

Incorporating quantum chemical calculations into molecular docking allows precise 

modeling of electronic polarization, charge transfer, and bond-breaking/forming 

events in enzymatic catalytic sites [50]. 
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 Cloud-Native Exascale Computing: Leveraging cloud-native GPU clusters will enable 

routine microsecond-scale molecular dynamics simulations and ensemble docking 

across multi-billion-compound ultra-large chemical space in real-time [51]. 

 Automated Closed-Loop Synthesis and Screening: Integrating computational 

screening pipelines with automated robotic synthesis platforms and microfluidic bio-

assays will establish closed-loop 'Design-Make-Test-Analyze' (DMTA) cycles, 

accelerating drug discovery timelines exponentially [52]. 

 

CONCLUSION 

Computational drug design and molecular docking-based virtual screening have firmly 

established themselves as foundational pillars of modern pharmaceutical development. By 

enabling the rapid computational filtering, structural visualization, and thermodynamic 

ranking of novel lead candidates, CADD drastically reduces early-stage research costs and 

timelines. Achieving high translation success requires moving beyond naive docking scores 

by implementing integrated, multi-tier screening cascades that combine drug-likeness 

filtering, ADMET profiling, explicit solvent Molecular Dynamics simulations, and MM-

PBSA free energy re-scoring. Addressing current theoretical bottlenecks—such as receptor 

flexibility, entropy calculations, and active-site water dynamics—through artificial 

intelligence, deep learning scoring functions, and hybrid QM/MM modeling will further 

expand the predictive power of CADD, driving the discovery of next-generation targeted 

therapeutics for complex human diseases. 
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