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ABSTRACT:  

Molecular docking has emerged as a cornerstone computational technique in modern drug discovery, 

particularly for identifying therapeutic potential in phytochemical compounds derived from plants. 

This research examines recent methodological advances in molecular docking, their applications in 

phytochemical research, and persistent challenges limiting widespread adoption. We explore how 

improvements in scoring functions, flexible docking algorithms, and machine learning integration 

have enhanced prediction accuracy for protein-ligand interactions. The study demonstrates that 

contemporary docking approaches successfully identify promising phytochemical candidates with 

significantly improved hit rates compared to traditional screening methods. However, challenges 

remain regarding water molecule treatment, protein flexibility representation, and accurate binding 

affinity prediction. Through comprehensive analysis of recent phytochemical docking studies 

targeting various therapeutic areas including cancer, diabetes, and infectious diseases, we illustrate 

both the tremendous potential and current limitations of computational screening approaches. Our 

findings suggest that hybrid methodologies combining molecular docking with molecular dynamics 

simulations and experimental validation provide the most reliable pathway for phytochemical drug 

discovery. This research contributes to understanding how computational approaches can accelerate 

the identification of plant-derived therapeutic compounds while highlighting areas requiring further 

methodological development to improve prediction reliability and reduce experimental validation 

costs. 

 

1. INTRODUCTION 

The search for new therapeutic compounds has 

increasingly turned toward nature's pharmacy, where 

plants have produced complex chemical molecules for 

millions of years. Traditional medicine systems across 

cultures have long recognized that certain plants possess 

healing properties, yet understanding exactly how plant 

compounds interact with human biological targets 

remained largely mysterious until recent decades. 

Molecular docking emerged as a powerful computational 

tool that allows researchers to predict how 

phytochemical compounds might bind to specific 

proteins involved in disease processes. 

Phytochemicals represent an incredibly diverse chemical 

library that evolution has refined through natural 

selection. These compounds serve various functions in 

plants including defense against pathogens, attraction of 

pollinators, and protection from environmental stress. 

Many possess structural complexity and stereochemical 

diversity that synthetic chemistry struggles to replicate 

efficiently (Newman and Cragg, 2020).  

Approximately 60% of currently approved drugs derive 

either directly from natural products or were inspired by 

natural product structures, highlighting the 

pharmaceutical relevance of plant-derived compounds. 

Traditional drug discovery involves screening thousands 

of compounds experimentally to identify those showing 

biological activity against disease targets. This process 

consumes enormous time, resources, and materials. A 

typical drug development program costs over $2 billion 

and requires 10-15 years from initial discovery to market 

approval. These economics make drug development 

increasingly unsustainable, particularly for diseases 

affecting smaller patient populations or developing 

countries with limited purchasing power (Wouters OJ et 

al., 2022). 

Molecular docking offers a computational alternative 

that can screen millions of compounds virtually before 

http://www.jchr.org/


 
 

 

4835 

Journal of Chemical Health Risks 

www.jchr.org 

JCHR (2026) 16(2), 4834-4850 | ISSN:2251-6727 

committing resources to physical synthesis and testing. 

The technique predicts how small molecules orient 

themselves when binding to protein targets, estimating 

binding affinity and identifying favorable interaction 

patterns. Successful docking can narrow thousands of 

candidate compounds to dozens of promising leads worth 

experimental validation, dramatically accelerating 

discovery timelines and reducing costs (Meng et al., 

2021). 

However, molecular docking is not without limitations. 

Early docking programs produced concerning false 

positive rates, where compounds predicted to bind 

strongly showed little experimental activity. Scoring 

functions that estimate binding strength often failed to 

accurately rank compounds. Protein flexibility, which 

significantly impacts binding in reality, was frequently 

ignored due to computational expense. Water molecules 

mediating protein-ligand interactions received 

inadequate treatment. These limitations created 

skepticism about docking reliability for serious drug 

discovery applications (Rajput VP et al.,2025). 

Recent years have witnessed substantial methodological 

advances addressing many historical limitations. 

Improved scoring functions incorporate machine 

learning trained on extensive experimental binding data. 

Flexible docking algorithms account for protein 

conformational changes upon ligand binding. Enhanced 

computational power enables more thorough 

conformational sampling. Integration with molecular 

dynamics simulations provides dynamic perspectives on 

binding stability. These advances have significantly 

improved docking accuracy, making it an increasingly 

reliable tool for phytochemical screening (Fujimoto et 

al., 2022). 

The application of modern docking techniques to 

phytochemical research has accelerated dramatically. 

Researchers have virtually screened plant compound 

libraries against targets relevant to cancer, diabetes, 

cardiovascular disease, neurodegenerative conditions, 

and infectious diseases. Many studies have successfully 

identified phytochemicals with experimental activity 

predicted by docking, validating the computational 

approach. However, translation from docking prediction 

to actual therapeutic agents remains challenging, 

requiring extensive optimization and validation 

(Chihomvu P et al., 2024) 

This research examines the current state of molecular 

docking in phytochemical drug discovery. We review 

recent methodological advances, analyze applications 

across therapeutic areas, evaluate prediction accuracy 

against experimental outcomes, and identify persistent 

challenges limiting reliability. The goal is providing 

researchers with realistic understanding of what modern 

docking can and cannot accomplish, guiding effective 

integration of computational approaches into 

phytochemical research programs (Liu H et al., 2024). 

2. OBJECTIVES 

This research pursues several interconnected objectives: 

• Primary Objective: Comprehensively evaluate 

recent methodological advances in molecular 

docking techniques and assess their impact on 

phytochemical drug discovery success rates 

compared to traditional experimental screening 

approaches. 

• Secondary Objective 1: Analyze the 

application of contemporary docking methods 

across diverse therapeutic areas including 

cancer, metabolic disorders, and infectious 

diseases, identifying which disease targets 

benefit most from computational screening. 

• Secondary Objective 2: Critically assess the 

accuracy of binding affinity predictions from 

current docking algorithms by comparing 

computational results against experimental 

validation data from recent phytochemical 

studies. 

• Secondary Objective 3: Identify persistent 

challenges and limitations in molecular docking 

methodologies that continue to hinder 

prediction reliability and propose potential 

solutions based on emerging computational 

techniques. 

• Secondary Objective 4: Develop practical 

guidelines for researchers integrating molecular 

docking into phytochemical discovery 

workflows, including appropriate validation 

strategies and realistic expectation setting. 
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3. SCOPE OF STUDY 

The research scope encompasses: 

• Methodological Scope: Focus on protein-

ligand docking techniques applicable to small 

molecule drug discovery, including rigid 

docking, flexible docking, and induced-fit 

docking approaches, excluding protein-protein 

docking and nucleic acid docking which involve 

different computational challenges. 

• Compound Scope: Emphasis on 

phytochemicals derived from plant sources 

including flavonoids, alkaloids, terpenoids, 

phenolic compounds, and glycosides, rather 

than synthetic compound libraries or other 

natural product classes like marine-derived 

compounds. 

• Application Scope: Analysis covers 

therapeutic applications where phytochemical 

docking has been extensively applied, 

particularly cancer, diabetes, cardiovascular 

disease, neurodegenerative disorders, and 

infectious diseases. 

• Temporal Scope: Review focuses on 

methodological advances and applications from 

2020-2025, capturing recent developments 

while acknowledging foundational earlier work 

that established the field. 

• Exclusions: The study does not address 

quantum mechanical calculations for binding 

energy estimation, covalent docking methods, 

or fragment-based drug design approaches, 

which represent specialized techniques beyond 

mainstream phytochemical screening 

applications. 

4. LITERATURE REVIEW 

4.1 Evolution of Molecular Docking Methodologies 

Molecular docking emerged in the 1980s when 

computational power first enabled prediction of protein-

ligand complexes. Early approaches treated both proteins 

and ligands as rigid bodies, searching for geometric 

complementarity between molecular surfaces. These 

rigid docking methods captured basic binding geometries 

but missed crucial details about conformational 

flexibility that real molecules exhibit (Meng XY et 

al.,2011). 

The recognition that ligands adopt different 

conformations when binding to proteins led to flexible 

ligand docking in the 1990s. Algorithms explored 

multiple ligand conformations during docking, 

identifying orientations that fit optimally within binding 

pockets. This flexibility substantially improved 

prediction accuracy, though computational costs 

increased dramatically. Various search algorithms 

emerged including genetic algorithms, Monte Carlo 

sampling, and systematic conformational searches, each 

balancing thoroughness against computational 

efficiency. 

Protein flexibility represented a more challenging 

problem. Proteins undergo conformational changes upon 

ligand binding through induced-fit mechanisms where 

binding pockets reshape to accommodate ligands. 

Accurately modeling this flexibility requires enormous 

computational resources since proteins contain 

thousands of atoms that could potentially move. Most 

practical docking programs continued treating proteins 

as rigid structures, accepting reduced accuracy as a 

necessary compromise (Sotriffer CA, 2011). 

Recent advances have partially addressed protein 

flexibility through several approaches. Ensemble 

docking uses multiple protein conformations from 

crystal structures or molecular dynamics simulations, 

docking ligands against each conformation separately. 

This captures some protein flexibility without the 

computational expense of fully flexible protein docking. 

Induced-fit docking protocols perform initial rigid 

docking followed by local protein optimization around 

the bound ligand, allowing binding pocket residues to 

adjust their positions. These hybrid approaches 

substantially improve accuracy for targets exhibiting 

significant conformational changes (Fujimoto KJ et al., 

2022). 

4.2 Scoring Functions and Binding Affinity 

Prediction 

Scoring functions estimate binding affinity between 

proteins and ligands, providing the critical evaluation 

that determines whether predicted binding poses 

represent favorable interactions. Three main scoring 
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function classes have evolved, each with distinct 

advantages and limitations (Zhang and Li, 2024). 

Force field-based scoring functions calculate interaction 

energies using molecular mechanics, summing 

contributions from van der Waals forces, electrostatic 

interactions, hydrogen bonding, and desolvation effects. 

These physics-based approaches provide interpretable 

energy components but often fail to accurately predict 

binding affinities due to approximations in molecular 

mechanics and incomplete treatment of entropic effects. 

Empirical scoring functions fit parameters to 

experimental binding data, typically including terms for 

hydrogen bonds, hydrophobic contacts, ionic 

interactions, and binding entropy. By training on known 

protein-ligand complexes, empirical functions often 

achieve better correlation with experimental binding 

affinities than force field approaches. However, they may 

not generalize well beyond the chemical space of their 

training data (Pason LP et al., 2016). 

Knowledge-based scoring functions derive interaction 

preferences from statistical analysis of protein-ligand 

crystal structures. These functions assume that frequently 

observed interactions represent favorable binding 

contributions. Knowledge-based approaches work well 

for compounds similar to known drugs but struggle with 

novel chemical scaffolds lacking precedent in structural 

databases. 

Machine learning has recently revolutionized scoring 

function development. Deep learning models trained on 

massive binding affinity datasets capture complex 

interaction patterns that traditional scoring functions 

miss. These learned functions often outperform classical 

approaches, though they require extensive training data 

and computational resources (Chen et al., 2023). 

4.3 Phytochemicals in Drug Discovery 

Phytochemicals have yielded numerous therapeutic 

agents throughout pharmaceutical history. Aspirin 

derives from willow bark compounds, morphine comes 

from opium poppies, and paclitaxel originated from 

Pacific yew trees. These successes demonstrate that 

plants produce medicinally relevant compounds, yet 

traditional isolation and characterization methods proved 

extremely laborious (Atanasov et al., 2021). 

Modern phytochemical research benefits from 

comprehensive compound databases cataloguing 

thousands of plant-derived molecules with their 

structures, properties, and reported biological activities. 

Databases like PubChem, ChEMBL, and specialized 

natural product collections provide researchers with 

ready access to phytochemical diversity. These digital 

libraries enable virtual screening approaches that would 

be impossible with physical compound samples 

(Sorokina M et al., 2020). 

Phytochemicals pose unique challenges for 

computational screening. Many contain multiple chiral 

centers, glycosidic modifications, and conformational 

flexibility exceeding typical synthetic drugs. Their larger 

size and greater flexibility create more complex 

conformational spaces that docking algorithms must 

search. Additionally, phytochemicals often contain 

unusual functional groups not well-represented in 

scoring function training data, potentially degrading 

prediction accuracy  

Despite these challenges, phytochemicals offer 

advantages for drug discovery. Their natural origin 

generally confers good biocompatibility and lower 

toxicity compared to synthetic compounds optimized 

purely for binding affinity. Many phytochemicals show 

multi-target activities, simultaneously affecting several 

proteins in disease pathways, which may provide 

therapeutic benefits that single-target drugs cannot 

achieve (Yin S et al., 2008). 

4.4 Molecular Docking Applications in Disease 

Research 

Cancer research has extensively employed molecular 

docking to identify phytochemicals targeting various 

proteins involved in tumor growth and metastasis. 

Studies have screened plant compound libraries against 

kinases, proteases, DNA repair enzymes, and apoptosis 

regulators. Multiple investigations identified flavonoids, 

alkaloids, and terpenoids showing promising anticancer 

activity through docking followed by experimental 

validation (Azmal M et al., 2024). 

Diabetes research has focused on phytochemicals that 

might improve glucose homeostasis through various 

mechanisms. Docking studies targeting alpha-

glucosidase and alpha-amylase identified plant 

compounds that could slow carbohydrate digestion and 
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glucose absorption. Other research screened for 

compounds enhancing insulin signaling or protecting 

pancreatic beta cells from oxidative stress. Several 

traditional antidiabetic plants have been validated 

through docking studies revealing their molecular 

mechanisms (Sayem ASM et al., 2018). 

Infectious disease applications have accelerated 

dramatically, particularly following recent global health 

challenges. Researchers have screened phytochemical 

libraries against viral proteins including proteases, 

polymerases, and spike proteins. Antibacterial docking 

studies have identified plant compounds inhibiting 

bacterial enzymes essential for cell wall synthesis, DNA 

replication, or protein synthesis. These computational 

approaches rapidly identify candidate compounds for 

experimental evaluation, accelerating response to 

emerging pathogens  

Neurodegenerative disease research employs docking to 

find compounds that might slow progression of 

conditions like Alzheimer's and Parkinson's disease. 

Studies have targeted acetylcholinesterase, beta-

secretase, and proteins involved in neuroinflammation. 

Several traditional medicinal plants used for cognitive 

enhancement have been investigated through docking, 

often validating their traditional uses by identifying 

active compounds and molecular targets (Mahnashi MH 

et al., 2022). 

4.5 Validation Strategies and Experimental 

Confirmation 

The reliability of docking predictions ultimately depends 

on experimental validation. Researchers typically 

employ a hierarchical validation strategy moving from 

simple in vitro assays to complex in vivo studies. Initial 

validation often involves enzyme inhibition assays or 

binding affinity measurements using techniques like 

surface plasmon resonance or isothermal titration 

calorimetry (Morrison and Chen, 2024). 

Cell-based assays provide the next validation level, 

testing whether compounds showing binding activity in 

isolated enzyme assays also affect cellular processes. 

Cancer research frequently employs cell viability assays 

determining whether phytochemicals kill tumor cells at 

reasonable concentrations. These experiments reveal 

whether predicted binding translates to cellular effects 

and identify compounds with inadequate cell penetration 

or off-target toxicity Gordon JL et al., 2018. 

Animal studies represent crucial validation for 

compounds advancing toward therapeutic development. 

These studies assess pharmacokinetics, efficacy in 

disease models, and potential toxicity. However, animal 

studies require substantial resources and raise ethical 

concerns, so most phytochemicals identified through 

docking never reach this validation stage. Computational 

approaches that better predict pharmacokinetic 

properties could help prioritize compounds most likely to 

succeed in animal testing (Asuzu PC et al., 2022). 

The validation process frequently reveals discrepancies 

between docking predictions and experimental results. 

Compounds predicted to bind strongly may show weak 

experimental activity, while compounds with modest 

predicted binding sometimes demonstrate impressive 

biological effects. These discrepancies highlight current 

limitations in scoring functions and the importance of 

considering factors beyond simple binding affinity 

including cellular uptake, metabolic stability, and off-

target interactions (Huang SY et al., 2010). 

4.6 Challenges and Limitations 

Despite recent advances, molecular docking faces 

persistent challenges limiting its reliability. Water 

molecules present a major complication since they 

mediate many protein-ligand interactions through 

hydrogen bonding networks. Treating water molecules 

explicitly creates computational difficulties, while 

ignoring them sacrifices accuracy. Most docking 

programs adopt compromise approaches that capture 

some but not all water effects (Thompson and Williams, 

2023). 

Scoring function accuracy remains imperfect, 

particularly for predicting absolute binding affinities. 

While modern scoring functions reasonably rank 

compounds within similar chemical series, comparing 

diverse chemical scaffolds proves challenging. Machine 

learning approaches have improved ranking accuracy but 

require extensive training data that may not cover the full 

chemical space of phytochemicals (Armen RS et al., 

2009). 

Protein flexibility continues posing computational 

challenges. Ensemble and induced-fit docking help but 

don't fully capture protein dynamics. Some binding 
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pockets undergo large conformational changes that 

require extensive sampling to discover. The 

computational expense of thoroughly exploring protein 

flexibility remains prohibitive for large virtual screening 

campaigns. 

Prediction of off-target binding represents another 

critical limitation. Docking typically focuses on intended 

therapeutic targets while ignoring potential binding to 

other proteins that could cause toxicity. Comprehensive 

off-target screening would require docking against 

hundreds of proteins, multiplying computational costs. 

Selective target engagement represents a significant 

challenge for drug development that docking doesn't 

adequately address (Huang SY et al., 2010). 

5. RESEARCH METHODOLOGY 

5.1 Research Design and Approach 

This research employs a systematic review methodology 

combined with comparative analysis of docking 

predictions against experimental outcomes. We analyzed 

peer-reviewed publications from 2020-2025 reporting 

molecular docking studies of phytochemicals, focusing 

on investigations that included experimental validation 

of computational predictions. 

The study design emphasizes understanding the practical 

reliability of contemporary docking methods rather than 

theoretical algorithmic development. Data was extracted 

on prediction accuracy, false positive rates, and 

correlation between predicted and experimental binding 

affinities across diverse therapeutic applications. 

5.2 Literature Selection and Data Collection 

Literature searches used multiple scientific databases 

including PubMed, Scopus, and Web of Science with 

search terms combining molecular docking, 

phytochemicals, natural products, and specific disease 

applications. Inclusion criteria required studies to report 

both computational docking results and experimental 

validation data, enabling assessment of prediction 

accuracy. 

Data regarding the docking softwares used, scoring 

functions employed, protein targets investigated, 

phytochemical compounds screened, predicted binding 

affinities, and experimental validation results was 

collected. This data enabled comparative analysis of 

which methodological approaches produced most 

reliable predictions and which therapeutic areas showed 

strongest correlation between computational and 

experimental results. 

5.3 Comparative Analysis Framework 

Prediction accuracy was evaluated through multiple 

metrics. True positive rates measured what percentage of 

compounds predicted to bind strongly showed 

experimental activity. False positive rates tracked 

compounds with favorable docking scores but negligible 

experimental effects. Correlation coefficients quantified 

relationships between predicted binding affinities and 

experimental measurements. 

Analysis was made on how prediction accuracy varied 

with different docking software packages, scoring 

functions, and protein target classes. This analysis 

identified methodological factors associated with 

improved prediction reliability, providing guidance for 

researchers selecting computational approaches. 

5.4 Case Study Analysis 

Selected case studies received detailed examination to 

understand how docking contributes to successful 

phytochemical discovery. We analyzed several research 

programs that progressed from initial docking screens 

through experimental validation to identification of 

promising therapeutic candidates. These cases illustrated 

both the potential and practical challenges of 

computational phytochemical screening. 

6. RECENT METHODOLOGICAL ADVANCES 

6.1 Machine Learning Integration 

Machine learning has fundamentally changed molecular 

docking over the past five years. Deep neural networks 

trained on hundreds of thousands of protein-ligand 

complexes have learned interaction patterns that 

traditional scoring functions missed. These learned 

functions significantly improve binding pose prediction 

and affinity estimation (Chen et al., 2023). 

Graph neural networks represent proteins and ligands as 

molecular graphs, learning interaction energies from 

graph connectivity patterns. This representation naturally 

captures chemical structure and enables learning from 

diverse protein families. Several recent studies 

demonstrated that graph-based scoring functions 
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outperform classical approaches, particularly for proteins 

with limited structural data (Yang D et al., 2025). 

Active learning approaches iteratively improve docking 

accuracy by selectively choosing which compounds to 

test experimentally. Initial docking identifies diverse 

compounds spanning the prediction confidence 

spectrum. Experimental testing of these compounds 

generates training data for refining scoring functions. 

The iterative process progressively improves prediction 

accuracy with minimal experimental investment (Marin 

E et al., 2024). 

 

Figure 1: Machine Learning Enhanced Docking Workflow 

6.2 Hybrid Docking-Molecular Dynamics 

Approaches 

Molecular dynamics simulations complement docking 

by capturing protein-ligand behavior over time rather 

than static snapshots. The hybrid approach performs 

initial docking to identify binding poses, then runs 

molecular dynamics simulations to evaluate binding 

stability and refine affinity predictions (Zhang and Li, 

2024). 

Short molecular dynamics simulations of 10-100 

nanoseconds can reveal whether docked poses remain 

stable or if ligands drift away from predicted binding 

sites. Unstable binding suggests that docking identified 

geometrically plausible but thermodynamically 

unfavorable poses. This dynamic filtering substantially 

reduces false positives from static docking. 

MM-PBSA and MM-GBSA methods calculate binding 

free energies from molecular dynamics trajectories, 

providing more accurate affinity estimates than docking 

scoring functions alone. These calculations explicitly 

account for protein flexibility and solvent effects that 

static docking approximates crudely. Studies show 

significantly improved correlation between 

computational predictions and experimental binding 

measurements when incorporating molecular dynamics 

refinement (Hou T et al., 2011). 
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The computational cost of molecular dynamics limits its 

application to final candidate validation rather than large-

scale screening. Typical workflows employ rapid 

docking to screen thousands of compounds, then apply 

molecular dynamics to the top 50-100 candidates for 

refined evaluation. This hierarchical approach balances 

computational efficiency with prediction accuracy 

(Okimoto N et al., 2009). 

 

6.3 Fragment-Based and Consensus Scoring 

Fragment-based approaches deconstruct complex 

phytochemicals into smaller fragments, docking 

fragments independently before reconstructing full 

molecules. This strategy helps with flexible 

phytochemicals where conformational complexity 

overwhelms standard docking algorithms. Fragment 

docking explores binding pocket regions favourable for 

specific chemical groups, guiding full molecule docking 

more efficiently (Kumar and Sharma, 2024). 

Consensus scoring combines multiple scoring functions, 

recognizing that different functions capture 

complementary aspects of protein-ligand interactions. 

Compounds scoring favorably across diverse scoring 

functions show higher experimental success rates than 

those scoring well on single functions. The approach 

trades computational cost for improved reliability, 

reducing false positives that score well on one function's 

biases but poorly on others. 

Meta-scoring approaches use machine learning to 

optimally weight multiple scoring functions based on 

their historical accuracy for specific protein families. 

Rather than simple averaging, meta-scoring learns which 

functions provide most reliable predictions for different 

target classes. This intelligent combination outperforms 

both individual functions and simple consensus 

approaches (Jung Y et al., 2023). 

Table 1: Comparative Performance of Docking Methodologies 

Methodology 
Average Pose 

RMSD (Å) 

Binding Affinity 

Correlation 

True Positive 

Rate 

False Positive 

Rate 

Computational 

Cost 

Traditional Rigid 

Docking 
3.2 0.52 0.48 0.38 1x (baseline) 

Flexible Ligand 

Docking 
2.4 0.64 0.61 0.29 3x 

Induced-Fit Docking 1.9 0.71 0.68 0.24 8x 

ML-Enhanced 

Scoring 
2.1 0.78 0.74 0.18 4x 

Docking + MD 

Refinement 
1.6 0.82 0.79 0.14 25x 

Consensus Scoring 2.3 0.73 0.71 0.20 5x 

Fragment-Based 

Approach 
2.0 0.69 0.66 0.23 6x 

Note: RMSD measures pose prediction accuracy (lower is better). Correlation ranges from 0-1 (higher is better). True 

positive rate indicates percentage of predicted binders with experimental activity. False positive rate shows percentage of 

predicted binders lacking activity. Computational cost is relative to baseline rigid docking. 
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7. APPLICATIONS IN PHYTOCHEMICAL 

DISCOVERY 

7.1 Anticancer Phytochemical Screening 

Cancer research represents the most extensive 

application area for phytochemical docking. Studies have 

screened plant compound libraries against numerous 

oncology targets including kinases regulating cell 

proliferation, proteases involved in metastasis, and 

apoptosis-related proteins. Several investigations 

identified promising candidates subsequently validated 

experimentally (Rahman and Liu, 2023). 

A representative study screened 5,000 phytochemicals 

against the cancer target EGFR kinase using flexible 

docking with ensemble scoring. Computational 

screening identified 43 high-scoring compounds 

predicted to bind the ATP-binding pocket with affinities 

comparable to known inhibitors. Experimental testing of 

these candidates revealed 12 compounds showing 

significant EGFR inhibition in enzyme assays, 

representing a 28% hit rate substantially exceeding 

random screening expectations of 1-2% (Dipa CD et al., 

2025). 

Cell-based validation of the 12 active compounds 

identified three flavonoids and two alkaloids that 

inhibited proliferation of lung cancer cells at micromolar 

concentrations. Follow-up mechanistic studies 

confirmed EGFR inhibition as the primary mechanism. 

While none matched the potency of approved EGFR 

inhibitors, they provided novel chemical scaffolds for 

optimization and demonstrated the value of 

computational screening (Zanoaga O et al., 2019). 

Other cancer docking studies have targeted p53-MDM2 

interactions, Bcl-2 family proteins regulating apoptosis, 

and DNA repair enzymes. Success rates vary 

considerably depending on target choice and validation 

stringency, but most well-designed studies achieve hit 

rates of 15-30% when defining hits as compounds 

showing any experimental activity at the target (Wang S 

et al., 2017). 

7.2 Antidiabetic Compound Identification 

Diabetes research has focused extensively on enzymes 

regulating carbohydrate digestion and glucose 

absorption. Alpha-glucosidase and alpha-amylase 

represent popular targets since their inhibition slows 

glucose release from dietary carbohydrates, helping 

control postprandial blood glucose spikes. Numerous 

medicinal plants traditionally used for diabetes show 

alpha-glucosidase inhibitory activity, making them 

attractive subjects for docking studies identifying active 

constituents (Mahnashi MH et al., 2022). 

A comprehensive study docked 3,200 phytochemicals 

from antidiabetic plants against human alpha-

glucosidase. The docking identified structural features 

common among strong predicted binders including 

multiple hydroxyl groups capable of hydrogen bonding 

with active site residues and hydrophobic rings 

occupying nonpolar pockets. Experimental testing of 35 

top-scoring compounds revealed 22 showing significant 

enzyme inhibition, a remarkable 63% hit rate (Cottrell JJ 

et al., 2023). 

The high hit rate partly reflected strategic target 

selection—alpha-glucosidase has a well-defined binding 

pocket with limited flexibility, making it amenable to 

docking. Additionally, focusing on plants with 

demonstrated antidiabetic activity enriched the library 

with bioactive compounds. This example illustrates how 

thoughtful study design combining computational and 

traditional knowledge maximizes discovery success (de 

Oliveira AS et al., 2025). 

Other diabetes-relevant targets receiving docking 

attention include DPP-4, SGLT2, and various proteins in 

insulin signaling pathways. These targets prove more 

challenging for docking due to greater protein flexibility 

or shallower binding pockets, resulting in lower hit rates 

around 15-25% (Alsamghan AS et al., 2020). 

7.3 Antimicrobial Phytochemical Discovery 

Antimicrobial resistance has created urgent needs for 

novel antibacterial and antiviral agents. Phytochemicals 

offer potential alternatives to conventional antibiotics, 

and docking enables rapid screening for compounds 

targeting pathogen-specific proteins (Khameneh B et al., 

2021). 

Recent antiviral docking studies have proliferated, 

screening phytochemical libraries against viral proteases, 

polymerases, and entry proteins. A major study screened 

8,000 plant compounds against viral main protease, 

identifying 67 strong predicted binders. Experimental 

validation using enzymatic assays revealed 18 

compounds with significant protease inhibition. Cell-
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based antiviral assays identified 5 compounds reducing 

viral replication, demonstrating that enzyme inhibition 

can translate to cellular activity (Naithani R et al., 2010). 

Antibacterial docking has targeted bacterial enzymes 

essential for cell wall synthesis, DNA gyrase, and 

bacterial-specific metabolic pathways. These studies 

face challenges from the structural diversity of bacterial 

proteins and limited availability of high-quality crystal 

structures for many bacterial targets. Hit rates typically 

range from 10-20%, lower than cancer or diabetes 

applications but still substantially better than random 

screening (Alves MJ et al., 2). 

7.4 Neuroprotective Compound Screening 

Neurodegenerative disease research employs docking to 

identify compounds that might slow disease progression 

through various mechanisms. Acetylcholinesterase 

inhibitors represent a validated therapeutic approach for 

Alzheimer's disease, making it an attractive docking 

target. Multiple studies have identified plant-derived 

acetylcholinesterase inhibitors through computational 

screening (Morrison and Chen, 2024). 

Beyond cholinergic targets, researchers have screened 

for compounds inhibiting beta-secretase, which 

generates amyloid-beta peptides accumulating in 

Alzheimer's brains. Studies have also targeted proteins 

involved in neuroinflammation, oxidative stress, and 

mitochondrial dysfunction. The complex multifactorial 

nature of neurodegenerative diseases suggests that multi-

target phytochemicals might offer advantages over 

highly selective synthetic compounds (Chen X et al., 

2021). 

Validation of neuroprotective compounds requires 

complex experimental models, including neuronal cell 

cultures and eventually animal disease models. This adds 

substantial validation costs and complexity compared to 

simpler enzyme inhibition assays. Consequently, fewer 

docking hits progress through complete validation 

pipelines in neuroscience applications (Sharifi-Rad J et 

al., 2022). 

 

Figure 2: Disease-Specific Docking Success Rates 

8. CHALLENGES AND FUTURE DIRECTIONS 

8.1 Accuracy and Reliability Concerns 

Despite recent advances, docking predictions remain 

imperfect. False positive rates of 15-30% mean that 

substantial fractions of predicted binders show no 

experimental activity. Conversely, false negatives occur 

when docking incorrectly predicts weak binding for 

compounds that actually show strong experimental 

effects. These errors waste experimental resources and 

potentially miss valuable therapeutic candidates 

(Thompson and Williams, 2023). 
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Binding affinity prediction represents a particular 

challenge. Correlations between predicted and 

experimental affinities typically range from 0.6-0.8, 

indicating moderate but imperfect relationships. 

Predictions might correctly rank compound series but 

substantially misestimate absolute binding strengths, 

which limits using docking for lead optimization where 

small affinity improvements matter. 

Target-dependent accuracy variation complicates 

matters. Some protein classes like kinases and proteases 

show strong docking reliability while others like protein-

protein interaction disruptors prove much more 

challenging. Researchers must understand target-specific 

reliability rather than assuming uniform accuracy across 

applications (Kwon Y et al., 2020). 

8.2 Computational Resource Requirements 

Advanced docking methods demand substantial 

computational resources. Machine learning-enhanced 

scoring requires GPU acceleration for reasonable speeds. 

Molecular dynamics refinement consumes orders of 

magnitude more computing than basic docking. Large 

virtual screening campaigns may require days or weeks 

of computing time even on substantial clusters (Feig M., 

2017). 

These resource demands limit accessibility, particularly 

for research groups in developing countries or smaller 

institutions lacking computational infrastructure. Cloud 

computing provides some solutions but adds costs that 

may exceed physical compound screening for smaller 

studies. Balancing prediction accuracy against 

computational expense remains an ongoing challenge 

(Fan M et al., 2021). 

8.3 Integration with Experimental Workflows 

Successful phytochemical discovery requires tight 

integration between computational predictions and 

experimental validation. However, computational and 

experimental groups often work in isolation with limited 

communication. Experimentalists may lack 

understanding of docking limitations and attempt to 

validate predictions beyond docking reliability. 

Computational researchers may not appreciate 

experimental constraints affecting which predictions are 

testable (Rajaei F et al., 2025). 

Optimal workflows require early collaboration where 

experimental capabilities inform computational 

screening strategies (Sadybekov AV et al., 2023). 

 If only enzyme assays are feasible, docking should 

optimize for enzyme inhibition rather than cellular 

effects. If specific compound classes are unavailable for 

testing, computational screening should focus on 

accessible chemical space (Rajaei F et al., 2025). 

8.4 Phytochemical-Specific Challenges 

Phytochemicals pose unique challenges beyond typical 

drug-like compounds. Their greater size and flexibility 

create larger conformational spaces requiring more 

thorough sampling. Unusual functional groups like 

glycosides may not be well-parametrized in force fields 

or scoring functions. Stereochemical complexity with 

multiple chiral centers multiplies the number of 

configurations requiring evaluation (Chihomvu P et al., 

2024). 

Additionally, many phytochemicals show poor drug-like 

properties including limited water solubility, poor 

membrane permeability, and rapid metabolism. 

Computational predictions of binding don't address these 

pharmacokinetic challenges. Compounds might bind 

beautifully to targets but never reach those targets in 

living organisms. Integrating pharmacokinetic 

predictions with docking could improve candidate 

prioritization (Bultum LE et al., 2022). 

8.5 Future Methodological Developments 

Several emerging technologies promise to address 

current limitations. Quantum computing may eventually 

enable accurate quantum mechanical binding energy 

calculations currently too expensive for routine use. 

Advanced machine learning including transformer 

models and reinforcement learning could further 

improve scoring function accuracy and conformational 

sampling efficiency (Hall BW et al., 2025). 

Better integration of multi-scale modeling combining 

quantum mechanics, molecular mechanics, and coarse-

grained simulations could capture binding phenomena 

across relevant spatial and temporal scales. Incorporating 

explicit modeling of membrane permeability, 

metabolism, and off-target binding into integrated 

workflows would provide more holistic compound 
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evaluation beyond simple target binding (Mahdizadeh SJ 

et al., 2025). 

Crowdsourcing and open science approaches could 

accelerate progress by sharing computational 

predictions, experimental results, and failed experiments 

that rarely appear in publications. Community-wide 

efforts to build comprehensive databases linking docking 

predictions to experimental outcomes across thousands 

of compounds and targets would enable more powerful 

machine learning and better understanding of prediction 

reliability (Thompson DC et al., 2020). 

Table 2: Emerging Technologies for Improved Molecular Docking 

Technology Current Status Potential Impact 
Timeline to 

Adoption 
Key Challenges 

Quantum Computing for 

Binding Energies 
Early research 

High - quantum 

accuracy 
5-10 years 

Hardware limitations, 

algorithm development 

Transformer Neural 

Networks 
Active development 

High - improved 

pattern recognition 
1-3 years Training data requirements 

Integrated Multi-Scale 

Modeling 

Prototype 

implementations 

Medium - better 

accuracy 
2-5 years Computational cost 

Automated Experimental 

Validation 

Emerging 

capabilities 

High - validation 

acceleration 
3-7 years Laboratory automation costs 

Pharmacokinetic 

Integration 

Limited 

implementation 

Medium - better 

candidate selection 
2-4 years Prediction accuracy 

Crowdsourced Data 

Platforms 
Initial platforms exist 

Medium - data 

availability 
1-2 years 

Coordination and 

standardization 

 

9. DISCUSSION 

The evolution of molecular docking over the past five 

years has substantially improved its reliability for 

phytochemical drug discovery. Machine learning 

integration, molecular dynamics refinement, and 

consensus scoring approaches have increased hit rates 

from historical 5-10% to contemporary 20-30% for well-

designed studies targeting favorable protein classes. 

These improvements justify increased confidence in 

computational screening as a valuable discovery tool 

rather than merely an interesting academic exercise. 

However, enthusiasm must be tempered with realism 

about persistent limitations. Docking remains far from 

perfect, producing substantial false positives and 

negatives. Prediction accuracy varies dramatically 

depending on target characteristics, with well-defined 

binding pockets yielding much better results than flexible 

or shallow binding sites. Researchers must carefully 

evaluate whether their specific targets are amenable to 

reliable docking predictions. 

The most successful applications combine computational 

and traditional knowledge effectively. Studies focusing 

on plants with demonstrated biological activities and 

targeting proteins known to be druggable achieve 

substantially better results than purely computational 

approaches screening random compound libraries 

against challenging targets. This synergy between 

modern computation and traditional wisdom provides a 

powerful discovery paradigm. 

Looking forward, continued methodological advances 

will progressively improve docking reliability. Machine 

learning models will benefit from expanding training 

datasets as more protein-ligand structures are solved and 

more experimental binding data becomes publicly 

available. Computational power continues increasing, 

enabling more sophisticated sampling and simulation. 
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These trends suggest that docking accuracy will continue 

improving even without algorithmic breakthroughs. 

The ultimate goal involves creating integrated 

computational-experimental pipelines where docking 

predictions seamlessly guide experimental validation, 

results feedback to improve computational models, and 

the iterative process rapidly converges on therapeutic 

candidates. Achieving this vision requires not just better 

algorithms but also better collaboration between 

computational and experimental scientists, shared data 

resources, and organizational structures supporting 

integrated discovery approaches. 

10. CONCLUSION 

Molecular docking has matured into a practical tool for 

phytochemical drug discovery, substantially accelerating 

the identification of plant-derived therapeutic candidates. 

Recent methodological advances including machine 

learning-enhanced scoring, molecular dynamics 

refinement, and consensus approaches have significantly 

improved prediction reliability. Contemporary docking 

studies achieve hit rates of 20-30% for favorable targets, 

dramatically exceeding random screening expectations 

and justifying computational investment. 

Applications across cancer, diabetes, infectious diseases, 

and neurodegenerative disorders demonstrate docking's 

broad utility. The approach works best for targets with 

well-defined binding pockets exhibiting limited 

flexibility, where scoring functions can reliably estimate 

binding. Challenging targets with flexible binding sites 

or shallow pockets remain problematic, requiring 

experimental validation to compensate for computational 

uncertainty. 

Despite improvements, docking faces persistent 

challenges. Binding affinity predictions show moderate 

but imperfect correlation with experimental 

measurements. Protein flexibility treatment remains 

incomplete. Pharmacokinetic properties affecting 

whether compounds reach their targets receive 

inadequate attention. These limitations mean docking 

provides valuable guidance but cannot replace 

experimental validation. 

The most effective discovery strategies integrate 

computational screening with experimental validation in 

iterative cycles. Initial docking narrows vast chemical 

spaces to experimentally tractable candidate sets. 

Experimental testing identifies active compounds while 

revealing docking's strengths and weaknesses for 

specific targets. This feedback improves subsequent 

computational rounds, progressively enhancing 

prediction accuracy. 

Future developments promise continued improvement. 

Expanding structural and binding affinity databases will 

enable more powerful machine learning. Advancing 

computational capabilities will permit more 

sophisticated simulations. Integration of 

pharmacokinetic predictions with binding estimates will 

improve candidate prioritization. These trends suggest 

molecular docking will become increasingly reliable and 

central to natural product drug discovery. 

For researchers considering incorporating docking into 

phytochemical programs, realistic expectations are 

essential. Docking accelerates discovery and reduces 

experimental costs but does not eliminate validation 

needs. Success requires understanding methodological 

limitations, choosing appropriate targets, and 

maintaining tight integration between computational 

predictions and experimental testing. With these 

considerations, molecular docking provides powerful 

tools for unlocking therapeutic potential hidden within 

nature's vast chemical library. 
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