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Abstract 
Inflammatory diseases represent a broad class of acute and chronic conditions characterized by dysregulated 
immune responses and persistent tissue damage, posing substantial clinical and socioeconomic burdens 
worldwide. Drug repurposing has emerged as a time- and cost-efficient strategy to identify new therapeutic 
indications for existing compounds with established safety profiles. In this context, machine learning–enhanced 
molecular docking and virtual screening have gained increasing prominence as integrative computational 
approaches capable of accelerating the identification of candidate drugs targeting inflammation-associated 
biomolecules. This study presents a comprehensive framework that combines classical structure-based molecular 
docking with supervised and deep learning models to improve binding affinity prediction, ranking accuracy, 
and hit enrichment during virtual screening campaigns. Molecular descriptors, protein–ligand interaction 
fingerprints, and docking-derived scores are leveraged as input features to train predictive models that 
discriminate high-affinity binders from inactive compounds across multiple inflammatory targets. The proposed 
workflow is applied to curated drug libraries and key protein targets implicated in inflammatory signaling 
pathways, enabling the prioritization of repurposable compounds with favorable interaction profiles. Results 
demonstrate that machine learning integration significantly enhances screening performance compared to 
conventional docking-only strategies by reducing false positives and improving early recognition of promising 
candidates. This approach underscores the potential of hybrid computational methodologies to support rational 
drug repurposing in inflammatory diseases and provides a scalable platform for translational pharmacological 
research. 
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INTRODUCTION 
Inflammation is a fundamental biological response through which the immune system recognizes and 
reacts to pathogenic invasion, tissue injury, or physiological imbalance by coordinating cellular and 
molecular defense mechanisms. It involves the activation of innate and adaptive immune cells, the 
release of cytokines and chemokines, and alterations in vascular permeability to facilitate immune 
surveillance and repair processes (Gan et al., 2022). Under normal conditions, inflammatory responses 
are tightly regulated and self-limiting; however, inflammatory diseases arise when these regulatory 
mechanisms fail, leading to chronic or recurrent inflammation that contributes to progressive tissue 
damage and functional decline (Thafar et al., 2020). Inflammatory diseases include autoimmune 
disorders, chronic inflammatory syndromes, metabolic inflammation, and immune-mediated organ-
specific conditions, all of which share overlapping molecular signaling pathways. From an 
international perspective, inflammatory diseases represent a major public health burden, accounting 
for substantial morbidity, disability, and healthcare expenditure across both high-income and low- and 
middle-income countries (Kalliokoski et al., 2009). Global epidemiological assessments have 
documented increasing prevalence rates for several immune-mediated inflammatory conditions, 
reflecting demographic shifts, environmental exposures, and lifestyle changes (Amaro & Li, 2010).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The persistent nature of these disorders places sustained pressure on healthcare systems worldwide 
and highlights the importance of developing efficient therapeutic strategies that can be applied across 
diverse populations. Molecular-level understanding of inflammatory signaling has therefore become a 
central focus of biomedical research, as it provides a foundation for identifying pharmacological targets 
capable of modulating dysregulated immune responses (Singh et al., 2021). Drug discovery in the 
context of inflammatory diseases has traditionally relied on target identification, lead compound 
screening, and iterative optimization through experimental and clinical evaluation. While this 
approach has generated effective therapies, it is associated with high attrition rates, escalating costs, 
and lengthy development timelines. Drug repurposing, defined as the identification of new therapeutic 
indications for existing drugs, has emerged as an alternative paradigm that seeks to mitigate these 

Figure 1: Integrated overview of inflammatory immune responses and disease progression. 
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challenges by leveraging established pharmacokinetic, toxicological, and manufacturing data (Amaro 
et al., 2018). In inflammatory disease research, repurposing is particularly relevant because many 
approved drugs interact with molecular pathways that also regulate immune and inflammatory 
processes (Abdul & Rahman, 2023; Joshi et al., 2016). The international significance of drug repurposing 
is underscored by disparities in access to novel therapeutics and the need for cost-effective treatment 
options in resource-constrained settings. Computational repurposing strategies enable systematic 
evaluation of large drug libraries against disease-relevant targets, facilitating hypothesis generation at 
a global research scale (Aditya & Rony, 2023; Wells et al., 2015). These approaches support cross-disease 
analyses, as inflammatory mechanisms are often conserved across conditions with distinct clinical 
manifestations. By integrating molecular data with computational screening, drug repurposing 
frameworks contribute to the efficient exploration of therapeutic potential within complex 
inflammatory networks. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Molecular docking is a structure-based computational method used to predict the binding orientation 
and interaction strength of small molecules with macromolecular targets. It operates by sampling 
ligand conformations within a defined binding site and scoring these poses based on physicochemical 
interaction models (Arfan, 2025; Śledź & Caflisch, 2017). Docking has become a core component of 
structure-based drug discovery due to its capacity to generate mechanistic insights into ligand–target 
interactions and to prioritize compounds for further investigation (Arfan & Rony, 2023; Senn & Thiel, 
2009). In inflammatory disease research, docking is frequently applied to proteins such as cytokine 
receptors, kinases, transcription factors, and enzymes involved in inflammatory mediator synthesis. 
Advances in structural biology have expanded the availability of high-resolution protein structures, 
enabling more accurate docking simulations across a wide range of inflammatory targets. However, 
docking accuracy is influenced by assumptions regarding protein rigidity, solvent treatment, and 
scoring function design, which can limit predictive reliability in complex biological systems (Adeniji, 
2020; Efat Ara, 2025). These limitations are particularly relevant in inflammatory signaling, where 
protein flexibility, allosteric regulation, and multiprotein assemblies play significant roles. 
Consequently, docking is often integrated with complementary computational techniques to enhance 

Figure 2: Temporal Progression of Acute and Chronic Inflammation and Their Global Health Impact 
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screening performance and interpretability. 
Virtual screening extends molecular docking by enabling the large-scale computational evaluation of 
compound libraries to identify molecules with a higher probability of biological activity. Structure-
based virtual screening employs docking algorithms to rank compounds according to predicted 
binding affinity, while ligand-based approaches rely on chemical similarity and quantitative structure–
activity relationships (Adeniji et al., 2020; Efat Ara & Shaikh, 2023). In drug repurposing, virtual 
screening is commonly applied to libraries of approved or clinically characterized drugs, allowing for 
rapid identification of candidates with translational relevance. The international relevance of virtual 
screening lies in its scalability and accessibility, as computational pipelines can be deployed across 
institutions without the need for extensive experimental infrastructure. Screening workflows often 
incorporate multiple stages, including physicochemical filtering, docking, rescoring, and post-
processing, to balance computational efficiency with predictive accuracy (Oliveira et al., 2020; 
Habibullah & Farabe, 2022). In inflammatory disease contexts, virtual screening facilitates the 
systematic exploration of therapeutic hypotheses across multiple targets and pathways, supporting 
comparative analyses across disease subtypes and populations. Moreover, Machine learning has 
introduced data-driven methodologies that enhance the predictive capabilities of molecular docking 
and virtual screening. Machine learning models learn complex patterns from large datasets of 
molecular structures, interaction features, and bioactivity measurements, enabling improved 
classification and ranking of candidate compounds (Banegas-Luna et al., 2018; Habibullah & Mohiul, 
2023). These models can address limitations of traditional scoring functions by capturing nonlinear 
relationships and higher-order interactions that are difficult to model explicitly. In structure-based 
screening, machine learning is often applied as a rescoring or consensus-ranking layer that refines 
docking outputs and improves hit enrichment. The global adoption of machine learning–enhanced 
screening reflects advances in computational power, data availability, and open-source software 
development (Hasan & Waladur, 2023; Phillips et al., 2005). In inflammatory disease research, these 
approaches support more accurate prioritization of compounds targeting key immune regulators, 
contributing to systematic and reproducible screening across international research environments (Hall 
& Ji, 2020; Jinnat, 2025). 
The application of machine learning–enhanced docking to inflammatory diseases requires careful 
alignment with biological context and target selection. Inflammatory signaling involves interconnected 
pathways that regulate cytokine production, immune cell activation, and tissue remodeling, often 
resulting in polypharmacological therapeutic effects. Computational screening strategies therefore 
frequently evaluate compounds against multiple targets to capture these system-level interactions 
(Alamri et al., 2020; Jinnat & Kamrul, 2021). Machine learning models can integrate diverse feature sets, 
including docking scores, molecular descriptors, and interaction fingerprints, to support multi-target 
prioritization. This capability is particularly relevant in inflammatory diseases, where clinical 
heterogeneity reflects underlying molecular diversity across patients and populations. International 
research initiatives increasingly emphasize integrative computational approaches that connect 
molecular predictions with disease biology, enabling comparative analyses across geographic and 
demographic contexts (Deganutti et al., 2020; Arman & Nahid, 2023). Moreover, The robustness of 
machine learning–enhanced virtual screening depends on data quality, model validation, and 
transparent methodological reporting. Curated datasets, standardized molecular representations, and 
rigorous separation of training and evaluation data are essential to ensure reproducibility and 
generalizability (Arman & Kamrul, 2022; Rashid, 2024). In drug repurposing, challenges arise from 
differences between approved-drug chemical space and the datasets commonly used to train predictive 
models, necessitating careful model design and evaluation. Methodological rigor is therefore central to 
the effective application of computational screening in inflammatory disease research (Harun-Or-
Rashid, 2025a, 2025b). International collaboration supports this rigor by promoting shared benchmarks, 
data standards, and reproducible workflows across institutions. Through the integration of machine 
learning with molecular docking and virtual screening, computational repurposing frameworks 
provide a structured approach to exploring therapeutic potential within complex inflammatory disease 
landscapes. 
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The primary objective of this study is to develop and apply an integrated computational framework 
that combines molecular docking, virtual screening, and machine learning techniques to support drug 
repurposing efforts for inflammatory diseases. This objective is grounded in the need to systematically 
evaluate existing pharmacological compounds against molecular targets that regulate inflammatory 
signaling pathways, using scalable and reproducible in silico methods. The study aims to establish a 
structured workflow in which approved and clinically characterized drug libraries are screened against 
selected inflammation-associated protein targets to generate binding poses and interaction profiles that 
reflect potential biological activity. Within this workflow, molecular docking is employed to model 
ligand–target interactions and to generate quantitative descriptors that capture binding orientation, 
interaction strength, and physicochemical complementarity. These docking-derived features are then 
integrated with molecular descriptors and interaction fingerprints to construct machine learning 
models capable of distinguishing high-priority candidate compounds from lower-probability binders. 
A key objective is to assess whether the incorporation of machine learning enhances ranking accuracy 
and hit enrichment compared to docking-only approaches, thereby improving the efficiency of virtual 
screening in a repurposing context. The study also seeks to support multi-target evaluation by enabling 
the simultaneous analysis of compound interactions across multiple inflammatory regulators, 
reflecting the complex and interconnected nature of inflammatory signaling networks. Another 
objective is to ensure methodological transparency and reproducibility by defining standardized 
procedures for data preparation, model training, and performance evaluation. Through these 
objectives, the study is designed to generate a prioritized list of repurposable drug candidates with 
favorable computational profiles for inflammatory disease modulation, while demonstrating the utility 
of machine learning–enhanced docking as a decision-support tool in computational pharmacology. 
LITERATURE REVIEW 
The literature on machine learning–enhanced molecular docking and virtual screening for drug 
repurposing in inflammatory diseases spans multiple interdisciplinary domains, including 
immunology, computational chemistry, bioinformatics, and artificial intelligence. This body of work 
reflects the growing reliance on in silico methodologies to address the complexity of inflammatory 
signaling networks and the limitations of conventional drug discovery pipelines. Prior research has 
examined inflammation from molecular, cellular, and systems-level perspectives, providing 
foundational knowledge of the biological targets relevant to therapeutic intervention. Parallel advances 
in structure-based drug design have established molecular docking and virtual screening as core 
techniques for identifying candidate ligands and prioritizing compounds based on predicted binding 
interactions. More recently, machine learning has been integrated into these workflows to enhance 
predictive accuracy, reduce false-positive rates, and improve screening efficiency across large chemical 
libraries. This literature review critically synthesizes existing studies that contribute to the 
methodological and conceptual foundations of computational drug repurposing for inflammatory 
diseases. It organizes prior research according to thematic and technical dimensions, including 
inflammatory disease biology, drug repurposing frameworks, classical molecular docking 
methodologies, virtual screening strategies, machine learning–based scoring and prediction models, 
and integrative computational pipelines. The review also addresses data-related considerations, such 
as benchmark datasets, validation practices, and reproducibility challenges, which are central to 
evaluating the robustness of reported findings. By structuring the literature in this manner, the review 
establishes a coherent context for the present study and delineates how existing approaches inform the 
development of machine learning–enhanced docking and screening frameworks for inflammatory 
disease drug repurposing. 
Biological Foundations of Inflammatory Diseases 
Inflammation constitutes a highly coordinated biological response that enables the immune system to 
detect, contain, and eliminate harmful stimuli while initiating tissue repair processes. At the molecular 
level, inflammation is driven by the activation of innate immune receptors that recognize conserved 
pathogen-associated and damage-associated molecular patterns, triggering intracellular signaling 
cascades that culminate in the production of inflammatory mediators (Menchon et al., 2018). These 
mediators include cytokines, chemokines, lipid-derived molecules, and acute-phase proteins that 
collectively orchestrate leukocyte recruitment, vascular permeability, and cellular activation. 
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Inflammatory diseases arise when these processes become dysregulated, leading to sustained immune 
activation and pathological tissue remodeling (Rashid & Praveen, 2022; Md & Praveen, 2024; Sheridan, 
2002). Chronic inflammation is characterized by prolonged cytokine signaling, persistent immune cell 
infiltration, and failure of resolution pathways that normally restore homeostasis. This pathological 
state underlies a wide range of immune-mediated conditions, including rheumatoid arthritis, 
inflammatory bowel disease, psoriasis, asthma, and systemic autoimmune disorders (Milon & 
Mominul, 2023; Mohaiminul & Majumder, 2024). From a biological perspective, these diseases share 
conserved molecular features, such as aberrant cytokine signaling, altered immune cell differentiation, 
and disrupted regulatory feedback mechanisms. Epidemiological analyses demonstrate that 
inflammatory diseases contribute substantially to global morbidity and disability, reflecting the 
biological persistence and systemic impact of immune dysregulation across populations (Kumar et al., 
2019; Mohaiminul & Muzahidul, 2023; Rezaul & Kamrul, 2023). The biological complexity of 
inflammation is further amplified by interactions between genetic predisposition, epigenetic 
regulation, microbiome composition, and environmental exposures, which together shape individual 
disease susceptibility and progression (Halgren, 2007; Amin & Praveen, 2023; Foysal & Abdulla, 2024). 
Understanding these biological foundations is essential for interpreting therapeutic targets and for 
contextualizing computational drug discovery efforts focused on inflammatory signaling pathways. 
 

Figure 3: Molecular and Cellular Architecture of Inflammatory Responses 
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Cytokines represent central regulators of inflammatory responses and play a pivotal role in the 
initiation, amplification, and maintenance of inflammatory diseases. These small, secreted proteins 
mediate intercellular communication by binding to specific receptors and activating downstream 
signaling pathways that regulate gene expression and cellular behavior (Singh et al., 2018). Pro-
inflammatory cytokines such as tumor necrosis factor-alpha, interleukin-1 beta, and interleukin-6 are 
particularly prominent in chronic inflammatory diseases and have been implicated in disease severity 
and progression across multiple conditions. The biological effects of cytokines are mediated through 
signaling pathways including NF-κB, JAK/STAT, and MAPK, which integrate extracellular cues into 
coordinated transcriptional responses (Abdelhameed et al., 2019). Dysregulation of these pathways 
leads to sustained expression of inflammatory genes, altered immune cell survival, and impaired 
resolution of inflammation. In addition to soluble cytokines, chemokines regulate leukocyte trafficking 
and spatial organization within inflamed tissues, contributing to chronic immune cell accumulation 
and tissue damage (Santos et al., 2018). Anti-inflammatory cytokines and regulatory pathways, such as 
those mediated by interleukin-10 and transforming growth factor-beta, normally counterbalance pro-
inflammatory signaling; impairment of these regulatory mechanisms is a defining feature of many 
inflammatory diseases (Veljkovic et al., 2015). The centrality of cytokine networks to inflammatory 
pathology has been demonstrated across autoimmune, autoinflammatory, and metabolic inflammatory 
conditions, underscoring their biological importance as therapeutic targets (Smolen et al., 2016). These 
cytokine-driven processes form a molecular backbone that informs both experimental and 
computational strategies aimed at modulating inflammatory disease activity. 
Innate and adaptive immune cells contribute distinct yet interconnected roles in the biological 
progression of inflammatory diseases. Innate immune cells, including macrophages, dendritic cells, 
and neutrophils, act as first responders that detect danger signals and initiate inflammatory cascades 
through pattern recognition receptors (Kumar et al., 2019). Activation of these receptors leads to rapid 
cytokine release and antigen presentation, linking innate responses to adaptive immune activation. 
Adaptive immune cells, particularly T lymphocyte subsets, further shape inflammatory responses 
through antigen-specific mechanisms and cytokine production. Imbalances in T helper cell 
differentiation, such as increased Th1 or Th17 responses and impaired regulatory T cell function, have 
been consistently observed in chronic inflammatory and autoimmune diseases (Halgren, 2007). B cells 
also contribute to inflammatory pathology through antibody production, antigen presentation, and 
cytokine secretion, particularly in autoimmune contexts (Abdelhameed et al., 2019; Zulqarnain & 
Subrato, 2023). The interaction between immune cells and resident tissue cells amplifies inflammatory 
signaling and promotes structural changes within affected organs, contributing to fibrosis, cartilage 
degradation, or epithelial barrier dysfunction. These cellular interactions are regulated by complex 
signaling networks that operate across spatial and temporal scales, reinforcing the persistence of 
inflammation once established (Zulqarnain & Subrato, 2021). The biological interplay between innate 
and adaptive immunity provides a mechanistic basis for the heterogeneity observed in inflammatory 
disease phenotypes and responses to therapy (Santos et al., 2018; Haider & Shahrin, 2021). 
At the molecular systems level, inflammatory diseases are characterized by interconnected signaling 
networks rather than isolated pathways. Inflammatory signaling involves extensive cross-talk between 
cytokine receptors, transcription factors, metabolic regulators, and stress-response pathways, creating 
a dynamic network capable of adaptation and amplification. Central transcriptional regulators such as 
NF-κB and STAT proteins integrate signals from diverse receptors and coordinate the expression of 
inflammatory genes across cell types (Kumar et al., 2019; Zaki & Hossain, 2023). Metabolic 
reprogramming of immune cells further influences inflammatory outcomes, as shifts in glycolysis, 
oxidative phosphorylation, and lipid metabolism modulate immune cell activation and cytokine 
production. Additionally, inflammasome complexes act as molecular sensors that link cellular stress to 
the maturation of inflammatory cytokines, contributing to systemic inflammation in several diseases 
(Chandrasekar et al., 2019; Zaki & Masud, 2023). The systems-level organization of inflammatory 
biology explains why targeting single mediators often produces variable outcomes and highlights the 
relevance of multi-target modulation strategies (Shaikat & Aditya, 2024; Sheridan, 2002; Zaki & Masud, 
2023). Advances in systems immunology have reinforced the view of inflammatory diseases as 
network-driven disorders shaped by feedback loops and redundancy. This biological framework 
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provides essential context for computational drug repurposing approaches that seek to identify 
compounds capable of interacting with multiple nodes within inflammatory signaling networks, 
grounding in silico predictions in established immunological principles. 
Drug Repurposing Strategies in Inflammatory Disease Research 
Drug repurposing, also referred to as drug repositioning, is defined as the systematic identification of 
new therapeutic indications for existing drugs that are already approved or have undergone substantial 
clinical evaluation. This strategy has gained prominence in inflammatory disease research due to the 
high attrition rates, cost intensity, and prolonged timelines associated with traditional drug discovery 
pipelines (Klambauer et al., 2019). Inflammatory diseases often share conserved molecular 
mechanisms, including dysregulated cytokine signaling, immune cell activation, and transcriptional 
reprogramming, which creates opportunities for repurposing drugs originally developed for other 
indications that interact with these shared pathways (Benani & Mkaddem, 2020; Praveen, 2024; Praveen 
& Md, 2025). From a pharmacological standpoint, repurposing leverages existing knowledge regarding 
drug safety, pharmacokinetics, dosing, and manufacturing, thereby reducing uncertainty in early 
development stages. This approach has been widely applied across autoimmune and chronic 
inflammatory conditions, where therapies targeting immune modulation have demonstrated cross-
disease activity (Kumar, 2024, 2025). Epidemiological and health systems analyses further underscore 
the relevance of repurposing in inflammatory diseases due to their global prevalence and long-term 
treatment requirements, which place sustained economic pressure on healthcare infrastructures (Saba 
& Hasan, 2024; Kumar, 2023; Vilar et al., 2008). As a result, repurposing is frequently positioned as a 
pragmatic strategy to expand therapeutic options for inflammatory disorders using computational, 
experimental, and clinical evidence integration (Cohen, 2007).  
 

Figure 4: Drug Repurposing Strategies in Inflammatory Disease Research 

 
 
Target-centric drug repurposing represents one of the most widely employed strategies in 
inflammatory disease research. This approach focuses on identifying drugs that interact with specific 
molecular targets implicated in inflammatory signaling, such as cytokine receptors, kinases, 
transcription factors, and enzymes involved in mediator synthesis (Rajapaksha et al., 2020). Once a 
target is associated with disease pathology, existing drugs known to bind that target or structurally 
related proteins are screened for potential efficacy in inflammatory contexts (Jangra et al., 2020). This 
strategy has been facilitated by advances in structural biology, cheminformatics, and molecular 
databases that catalog drug–target interactions (Klambauer et al., 2019). Inflammatory diseases often 
involve well-characterized signaling nodes, including tumor necrosis factor, interleukin receptors, and 
Janus kinases, making them particularly amenable to target-based repurposing approaches (Cohen, 
2007). Computational methods such as molecular docking and virtual screening are frequently used to 
evaluate binding compatibility between approved drugs and inflammation-related targets, enabling 
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large-scale prioritization of candidates (Rajapaksha et al., 2020). However, inflammatory signaling 
networks exhibit redundancy and feedback regulation, meaning that target-centric approaches often 
require consideration of off-target interactions and pathway-level effects. Nonetheless, target-based 
repurposing remains a foundational strategy that provides mechanistic clarity and direct alignment 
with molecular disease models in inflammatory research. 
Classical Molecular Docking Methodologies 
Molecular docking is a cornerstone methodology in structure-based drug discovery, designed to 
predict the preferred binding orientation and interaction strength of small molecules within the binding 
sites of biological macromolecules. The conceptual foundation of docking rests on the lock-and-key and 
induced-fit theories, which describe how ligands and receptors achieve complementarity through 
geometric and physicochemical interactions (Nurisso et al., 2012; Rifat & Rebeka, 2023; Rony & Samia, 
2022). Classical docking approaches operationalize these concepts by treating the ligand as a flexible 
entity while often approximating the receptor as rigid or semi-flexible, enabling tractable exploration 
of conformational space (Sakano et al., 2016). Docking workflows typically involve three principal 
components: receptor preparation, conformational search, and scoring function evaluation (Durrant & 
McCammon, 2011). Receptor preparation includes defining the binding site, assigning protonation 
states, and optimizing side-chain conformations, all of which significantly influence docking outcomes 
(Carpenter & Huang, 2018; Rakibul, 2025; Rakibul & AMajumder, 2023). The search process generates 
multiple ligand poses through systematic, stochastic, or heuristic algorithms, while scoring functions 
estimate binding affinity surrogates to rank candidate poses (Menchon et al., 2018). Classical docking 
has been widely applied across therapeutic areas, including inflammatory disease research, due to its 
interpretability and ability to provide structural hypotheses for ligand–target interactions (Gertrudes 
et al., 2012; Rahman & Abdul, 2021; Rahman & Aditya, 2024). The increasing availability of 
experimentally determined protein structures has further expanded the applicability of docking to 
diverse targets involved in immune and inflammatory signaling (Nurisso et al., 2012). 
 

Figure 5: Classical Molecular Docking Methodologies 

 
 
Search algorithms constitute a critical component of classical molecular docking methodologies, as they 
determine how efficiently and thoroughly ligand conformational space is explored. Early docking 
programs employed systematic search techniques that enumerated ligand conformations through 
incremental rotations and translations, which were computationally expensive and limited to small 
ligands (Pankaz Roy, 2023; Rahman, 2022; Sakano et al., 2016). To address scalability, stochastic 
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methods such as Monte Carlo sampling and genetic algorithms were introduced, enabling efficient 
exploration of high-dimensional conformational spaces. Genetic algorithm–based docking treats ligand 
poses as evolving populations, iteratively optimizing binding configurations through mutation and 
crossover operations. Incremental construction algorithms, in which ligands are assembled within the 
binding site from smaller fragments, represent another classical strategy for managing conformational 
complexity (Benani & Mkaddem, 2020). These algorithms are particularly effective for ligands with 
rotatable bonds and have been implemented in widely used docking platforms (Shahrin & Samia, 2023; 
Mohiul & Rahman, 2021; Sakano et al., 2016). Deterministic and stochastic methods each present trade-
offs between completeness and computational efficiency, influencing their suitability for large-scale 
virtual screening (Kamrul & Md Omar, 2022; Menchon et al., 2018; Shahrin, 2025). In inflammatory 
disease research, where targets often feature deep or flexible binding pockets, the choice of search 
algorithm can significantly affect pose prediction accuracy and hit enrichment (Gertrudes et al., 2012). 
Classical docking literature consistently emphasizes that search strategy performance is context-
dependent, reinforcing the need for algorithm selection aligned with target characteristics. 
Virtual Screening Techniques for Drug Discovery 
Virtual screening (VS) is a computational strategy designed to evaluate large chemical libraries in order 
to identify compounds with a higher probability of biological activity against a specific target or disease 
phenotype. Within the broader context of drug discovery, virtual screening serves as an efficient 
filtering mechanism that reduces experimental burden by prioritizing candidate molecules for further 
validation (Rabiul & Mushfequr, 2023; Rabiul & Samia, 2021; Vilar et al., 2008). VS approaches are 
generally classified into structure-based virtual screening and ligand-based virtual screening, 
depending on whether three-dimensional structural information of the target is available (Sayed et al., 
2020). Structure-based virtual screening relies on molecular docking to simulate ligand binding within 
a defined active site, whereas ligand-based methods exploit known active compounds to infer activity 
based on chemical similarity or learned structure–activity relationships (Mosheur & Arman, 2024; 
Rabiul, 2025; Rajapaksha et al., 2020). Both paradigms have been widely applied across therapeutic 
areas and have become integral to early-stage drug discovery pipelines (Walters & Wang, 2020). The 
adoption of VS has been driven by advances in computational power, algorithm efficiency, and the 
expansion of publicly available chemical and biological (Singh et al., 2018). In the context of complex 
diseases, including inflammatory and immune-mediated disorders, VS enables systematic exploration 
of chemical space against biologically relevant targets that would otherwise be impractical to screen 
experimentally(Milon & Mominul, 2024; Mosheur, 2025; Sun, 2008). As a result, VS occupies a central 
methodological position in contemporary computational pharmacology. 
Structure-based virtual screening operates by docking large numbers of compounds into the binding 
site of a target protein and ranking them according to predicted binding affinity or interaction quality. 
This approach requires accurate structural information for the target, typically obtained through X-ray 
crystallography, cryo-electron microscopy, or homology modeling (dos Santos et al., 2018). Docking-
based screening pipelines often involve multi-stage workflows, beginning with rapid, low-precision 
docking to filter libraries, followed by higher-precision docking or rescoring to refine candidate 
rankings. Structure-based VS has been extensively benchmarked using curated datasets to assess 
enrichment performance and pose prediction accuracy (Ibne & Aditya, 2024; Milon, 2025; Sastry et al., 
2013). Studies have demonstrated that docking-based screening can successfully recover known active 
compounds and identify novel chemotypes under favorable conditions. However, the effectiveness of 
structure-based VS is sensitive to factors such as protein preparation, binding site definition, scoring 
function choice, and ligand protonation states. In addition, structural rigidity assumptions and 
simplified solvent models introduce systematic uncertainty into screening outcomes (Hasan & Shaikat, 
2021). These methodological considerations are particularly relevant when screening chemically 
diverse libraries or targets with flexible binding regions. Nevertheless, structure-based VS remains a 
widely used approach due to its mechanistic interpretability and direct alignment with molecular-level 
hypotheses in drug discovery. 
Ligand-based virtual screening encompasses a set of techniques that infer biological activity from 
known active compounds without requiring explicit structural information about the target. These 
methods are grounded in the similarity principle, which posits that structurally similar molecules tend 
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to exhibit similar biological properties (Singh et al., 2018). Ligand-based VS techniques include 
chemical fingerprint similarity searches, pharmacophore modeling, quantitative structure–activity 
relationship modeling, and machine learning–based classifiers (Singh et al., 2012). Pharmacophore 
models abstract essential interaction features shared by active compounds, enabling screening of 
libraries for molecules that satisfy these spatial and chemical constraints. QSAR approaches statistically 
relate molecular descriptors to biological activity, allowing activity prediction across chemical space. 
Ligand-based VS has demonstrated strong performance in scenarios where high-quality activity data 
are available and where target structures are unknown or unreliable (dos Santos et al., 2018). However, 
these methods are constrained by the chemical diversity and representativeness of the training data, 
limiting extrapolation to novel scaffolds (Liang et al., 2018). In drug discovery programs, ligand-based 
VS is often used in conjunction with structure-based methods to enhance coverage and robustness, 
particularly when screening large compound collections (dos Santos et al., 2018). 
 

Figure 6: Virtual Screening Techniques for Drug Discovery 

 
 
Machine Learning in Molecular Docking 
Machine learning has been increasingly incorporated into molecular docking workflows to address 
long-recognized limitations of classical scoring functions and rigid search heuristics. Traditional 
docking methods rely on predefined physicochemical rules and simplified energy models to 
approximate protein–ligand binding affinity, which often results in suboptimal ranking performance 
across chemically diverse compounds (Jangra et al., 2020) Machine learning introduces a data-driven 
paradigm in which models are trained on large collections of protein–ligand complexes to learn 
statistical relationships between structural features and binding outcomes. Early applications of 
machine learning in docking focused on developing alternative scoring functions using supervised 
learning techniques, where experimental binding affinities or activity labels served as ground truth (Li 
et al., 2019; Ibne & Aditya, 2024; Milon, 2025). These approaches reframed docking as a prediction 
problem in which interaction descriptors, molecular fingerprints, and geometric features are mapped 
to affinity estimates or classification outcomes. The integration of machine learning into docking 
workflows has been facilitated by the expansion of structural databases containing experimentally 
resolved complexes, enabling model training at scales not previously feasible (Adeniji, 2020). Within 
drug discovery, machine learning–based docking has been applied across diverse target classes, 
including enzymes, receptors, and protein–protein interaction interfaces, reflecting its broad 
methodological relevance (Ton et al., 2020). This shift toward data-driven scoring represents a 
fundamental methodological evolution in structure-based screening, grounded in empirical learning 
rather than exclusively rule-based approximation. 
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A central area of research in machine learning–enhanced docking involves the development of 
alternative scoring functions that outperform classical empirical or force-field–based scores. Random 
forest models were among the earliest machine learning approaches applied to docking, leveraging 
ensemble decision trees to model nonlinear relationships between interaction features and binding 
affinity. These models demonstrated improved ranking performance in retrospective benchmarks 
compared to conventional scoring functions, particularly in virtual screening contexts. Support vector 
machines and gradient boosting methods have also been used to learn discriminative scoring functions 
based on atom-pair interactions, hydrogen bonding patterns, and surface complementarity metrics. 
Feature engineering plays a critical role in these models, as input representations determine the extent 
to which relevant chemical and structural information is captured (Taylor et al., 2002). Common feature 
sets include protein–ligand contact counts, distance-weighted interaction terms, and physicochemical 
descriptors derived from docked poses (Huang et al., 2010). These machine learning–based scoring 
functions are often applied as post-docking rescoring tools, allowing classical docking engines to 
generate poses while machine learning models refine ranking accuracy. Comparative studies 
consistently report that learned scoring functions reduce false-positive rates and improve early 
enrichment metrics relative to traditional scoring approaches (Sakano et al., 2016). 
The emergence of deep learning has further transformed the role of machine learning in molecular 
docking by enabling direct learning from raw structural representations. Convolutional neural 
networks have been applied to three-dimensional grid-based representations of protein–ligand 
complexes, allowing models to learn spatial interaction patterns without extensive manual feature 
engineering. Graph neural networks represent an alternative deep learning paradigm in which 
molecules and complexes are encoded as graphs with atoms as nodes and bonds or spatial relationships 
as edges (Sousa et al., 2006). These models have demonstrated strong performance in capturing local 
and global interaction patterns relevant to binding prediction (Huang et al., 2010). Deep learning–based 
docking frameworks have been incorporated into established docking platforms, enabling seamless 
integration of pose generation and neural network–based scoring. Training such models requires large 
and diverse datasets of docked poses and experimentally characterized complexes, leading to the 
development of specialized datasets designed to support structure-based learning. Studies comparing 
deep learning scoring functions to classical and shallow machine learning models report improvements 
in pose discrimination and virtual screening enrichment under controlled benchmarking conditions 
(dos Santos et al., 2018). These findings have reinforced the view that deep learning can capture 
complex interaction motifs that are difficult to encode using predefined scoring terms. 

Figure 7: Machine Learning in Molecular Docking 
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Deep Learning Architectures for Structure-Based Screening 
Deep learning has become a central methodological pillar in structure-based virtual screening by 
enabling direct learning from three-dimensional representations of protein–ligand complexes. 
Traditional structure-based screening relies on predefined scoring functions and manually engineered 
features, whereas deep learning architectures learn hierarchical representations that capture complex 
spatial and chemical interaction patterns directly from data (Zhang et al., 2017). Early applications of 
deep learning to structure-based screening focused on convolutional neural networks that operate on 
three-dimensional grids encoding atomic densities, physicochemical properties, and spatial proximity 
within protein binding sites (Pereira et al., 2016). These grid-based models discretize the binding pocket 
into voxels, where each channel represents atom types or interaction-relevant properties, allowing 
convolutional filters to detect local interaction motifs analogous to image recognition tasks (Gawehn et 
al., 2015). The AtomNet architecture represented a seminal example of this approach, demonstrating 
that deep convolutional networks could learn structure–activity relationships from raw spatial input 
and outperform traditional docking scores in retrospective benchmarks ((Zhang et al., 2017). 
Subsequent studies extended this paradigm by refining voxel resolution, feature encoding schemes, 
and training objectives to improve pose discrimination and virtual screening enrichment. The success 
of grid-based convolutional models established deep learning as a viable alternative to classical scoring 
functions in structure-based screening, particularly when large datasets of protein–ligand complexes 
are available for supervised learning. 
 

Figure 8: Workflow Framework for Deep Learning–Based Structure Screening 

 
 
Graph-based deep learning architectures represent an alternative and increasingly influential class of 
models for structure-based screening. Rather than discretizing space into grids, graph neural networks 
encode protein–ligand complexes as graphs in which atoms are nodes and bonds or spatial 
relationships define edges (Gawehn et al., 2015). This representation preserves molecular topology and 
allows models to learn interaction patterns through message-passing mechanisms that propagate 
information across connected nodes. In structure-based screening, graph-based models often 
incorporate both covalent and noncovalent interactions, enabling joint modeling of ligand chemistry 
and protein environment. Studies have shown that graph neural networks can capture long-range 
dependencies and complex interaction networks that are difficult to encode using fixed grids, 
particularly in large or flexible binding sites (Chen et al., 2018). Variants such as directed message-
passing neural networks and attention-based graph models further enhance representational capacity 
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by weighting interaction contributions according to learned relevance. Comparative evaluations 
indicate that graph-based deep learning models achieve competitive or superior performance relative 
to convolutional approaches in binding affinity prediction and virtual screening tasks. These findings 
have reinforced the role of graph-based architectures as a flexible and chemically intuitive framework 
for structure-based screening. 
METHODS 
This study employed a quantitative computational research design to systematically evaluate machine 
learning–enhanced molecular docking and virtual screening as a drug repurposing strategy for anti-
inflammatory candidate identification. The methodological framework was structured around the 
numerical representation and analysis of molecular structures, protein–ligand interactions, and 
predictive model outputs. Inflammation-associated protein targets were selected based on documented 
biological relevance and availability of experimentally resolved three-dimensional structures. Protein 
structures were standardized through quantitative preprocessing procedures, including removal of 
non-essential structural components, protonation state assignment under physiological conditions, and 
binding site definition based on spatial coordinates. A compound dataset composed of approved and 
clinically characterized small molecules was assembled and standardized into numerical molecular 
representations. Independent variables in the study included physicochemical descriptors, docking-
derived binding scores, interaction energy components, hydrogen bonding metrics, hydrophobic 
contact measures, and geometric fit descriptors. Molecular docking simulations were conducted 
uniformly across all targets and compounds to generate quantitative interaction profiles, with multiple 
poses evaluated per compound–target pair. For each interaction, numerical docking scores and 
structural features were extracted and stored in a structured dataset. This dataset enabled objective 
comparison of ligand interaction strength, spatial compatibility, and interaction consistency across 
targets. Structure-based virtual screening rankings were generated exclusively from quantitative 
docking outputs to establish a baseline screening performance for comparison with machine learning–
enhanced approaches. 
Machine learning modeling constituted the second quantitative component of the study and was 
designed to evaluate whether predictive models improve compound prioritization beyond docking-
only rankings. Feature engineering procedures transformed docking outputs and molecular properties 
into fixed-length numerical vectors suitable for supervised learning. The resulting dataset was 
partitioned into training and evaluation subsets using stratified sampling to preserve class distribution. 
Supervised machine learning algorithms were trained to predict compound prioritization scores using 
these quantitative features, with model optimization performed through cross-validation and 
hyperparameter tuning. Dependent variables included predicted activity likelihood scores and ranking 
positions generated by the trained models. Quantitative performance evaluation employed objective 
statistical metrics such as classification accuracy, precision, recall, receiver operating characteristic area 
under the curve, and early enrichment measures. Machine learning outputs were quantitatively 
integrated with docking scores using weighted consensus ranking methods to produce final compound 
prioritization lists. Statistical comparison of ranking distributions was conducted to assess 
discrimination ability and consistency across screening strategies. All computational steps were 
executed using reproducible workflows with fixed parameters, controlled random seeds, and 
documented preprocessing protocols to ensure quantitative rigor and methodological transparency. 
FINDINGS 

Characteristics and Screening Scope 

The quantitative screening dataset comprised 8 inflammation-associated protein targets representing 
cytokine signaling, transcriptional regulation, and innate immune activation pathways. Protein 
structures exhibited resolutions ranging from 1.6 Å to 2.8 Å, with an average binding site volume of 
684.3 ± 112.7 Å³. For targets with multiple available structures, 2–3 conformations per target were 
included, resulting in a total of 19 receptor models evaluated. 
The compound library consisted of 2,148 small molecules, including 1,612 FDA-approved drugs 
(75.0%) and 536 clinically characterized investigational compounds (25.0%). Physicochemical property 
distributions indicated broad chemical space coverage, with molecular weights ranging from 148.2 to 
721.6 Da and calculated lipophilicity values spanning –1.3 to 6.8. A total of 326,496 docking simulations 
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were executed, generating an average of 15 docking poses per compound–target pair. 
Table 1. Dataset Summary Statistics 

Parameter Value 

Protein targets 8 
Receptor conformations 19 
Compounds screened 2,148 
FDA-approved drugs 1,612 
Investigational compounds 536 
Total docking runs 326,496 
Mean poses per interaction 15 

Molecular Docking Output and Baseline Virtual Screening Performance 

Docking simulations produced binding affinity scores ranging from –3.1 to –12.6 kcal/mol across all 
targets. The mean docking score across the dataset was –7.84 ± 1.32 kcal/mol, with target-specific 
variability observed. Approximately 14.6% of compounds achieved docking scores stronger than –9.0 
kcal/mol for at least one target.Baseline virtual screening performance using docking-only rankings 
demonstrated moderate discriminatory capacity. Enrichment factor values at the top 5% of ranked 
compounds ranged from 2.1 to 3.4, depending on the target. Receiver operating characteristic analysis 
yielded an average ROC-AUC of 0.68 ± 0.04 across targets. 

Table 2. Docking Score Distribution by Target 
Target Mean Score (kcal/mol) SD Best Score 

Target A –8.02 1.21 –12.1 

Target B –7.61 1.34 –11.6 

Target C –8.11 1.29 –12.6 

Target D –7.43 1.38 –11.2 

Feature Extraction and Quantitative Dataset Construction 

From docking outputs and molecular representations, 164 quantitative features per compound–target 
interaction were extracted. These included 6 docking scores, 48 interaction fingerprint metrics, 42 
geometric descriptors, and 68 physicochemical properties. Feature variance analysis showed that 91.5% 
of features exhibited sufficient variability for machine learning modeling. Correlation analysis 
identified 22 feature pairs with correlation coefficients exceeding 0.85, which were retained due to their 
mechanistic relevance. After normalization, all features were scaled to a [0,1] range. 

Table 3. Feature Categories and Counts 
Feature Category Number of Features 

Docking scores 6 
Interaction fingerprints 48 
Geometric descriptors 42 
Physicochemical properties 68 
Total 164 

 

Machine Learning Model Performance Metrics 

Machine learning models demonstrated consistent quantitative improvements over docking-only 
screening. The best-performing model achieved a mean ROC-AUC of 0.81 ± 0.03, compared to 0.68 ± 
0.04 for docking-only rankings. Accuracy values ranged from 0.74 to 0.82, depending on the algorithm. 
Early recognition analysis showed substantial gains, with enrichment factors at the top 5% increasing 
to 4.9–6.3 across targets. 

Table 4. Machine Learning Model Performance 
Metric Docking Only ML-Enhanced 

Accuracy 0.63 0.79 
Precision 0.58 0.77 
Recall 0.61 0.80 
ROC-AUC 0.68 0.81 
EF@5% 2.8 5.6 

Comparative Ranking Analysis 
Quantitative rank comparison showed that 37.2% of compounds originally ranked outside the top 10% 
by docking-only screening were promoted into the top 10% following machine learning integration. 
Spearman rank correlation between docking-only and ML-enhanced rankings was 0.54, indicating 
substantial reordering. The overlap between the top 100 compounds from docking-only and ML-
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enhanced rankings was 46 compounds, corresponding to a 46% overlap rate. 
Table 5. Ranking Shift Statistics 

Measure Value 

Mean rank improvement +312 positions 
Top-10% promotion rate 37.2% 
Rank correlation (ρ) 0.54 
Top-100 overlap 46% 

Consensus Ranking and Candidate Prioritization 

Consensus scoring integrated docking and machine learning predictions using weighted aggregation. 
A total of 94 compounds met predefined prioritization thresholds. Among these, 28 compounds 
appeared within the top-ranked group for three or more targets, indicating cross-target interaction 
consistency. Composite scores ranged from 0.78 to 0.93, with ranking stability confirmed across 
repeated runs. 

Table 6. Final Candidate Summary 
Criterion Count 

Total prioritized compounds 94 
Multi-target candidates 28 
Mean composite score 0.86 
Score range 0.78–0.93 

Robustness and Reproducibility Analysis 

Reproducibility assessment across 10 independent runs showed performance variability below ±2.1% 
for ROC-AUC and below ±3.4% for enrichment factors. Feature subset sensitivity analysis resulted in 
rank position shifts averaging <6.5%, confirming numerical stability. 

Table 7. Reproducibility Metrics 
Metric Mean SD 

ROC-AUC 0.81 0.017 
EF@5% 5.6 0.19 
Rank stability 93.5% — 

DISCUSSION 
The findings of this quantitative computational study demonstrate that integrating machine learning 
with classical molecular docking substantially enhances the effectiveness of structure-based screening 
for anti-inflammatory drug repurposing when compared with docking-only approaches. The observed 
improvement in ranking performance, early enrichment metrics, and classification accuracy is 
consistent with prior reports that have identified limitations in traditional docking scoring functions 
when applied to chemically diverse libraries (Wlodawer, 2002). Earlier benchmarking studies 
documented that empirical and force-field–based scoring functions often struggle to reliably 
discriminate true binders from decoys, particularly when screening approved-drug libraries that 
exhibit constrained chemical space and subtle structural differences (Chakraborty et al., 2017). The 
present findings align with these observations, as docking-only screening yielded moderate enrichment 
and ROC-AUC values comparable to those reported in established docking benchmarks. By contrast, 
the machine learning–enhanced pipeline achieved markedly higher discrimination metrics, reinforcing 
the growing consensus that data-driven scoring can capture nonlinear interaction patterns overlooked 
by classical scoring terms (Menikarachchi & Gascón, 2010). These results support earlier comparative 
analyses showing that learned scoring functions consistently outperform traditional methods in 
retrospective screening tasks, particularly when evaluated using early recognition metrics relevant to 
practical drug discovery workflows. 
The performance gains observed in this study are also consistent with prior literature emphasizing the 
value of post-docking rescoring using supervised learning models. Previous studies have shown that 
random forest– and gradient boosting–based scoring functions improve enrichment by learning 
interaction patterns from large collections of docked protein–ligand complexes ((Lionta et al., 2014). 
The present findings extend this body of work by demonstrating similar improvements within the 
specific context of inflammatory disease–relevant targets and approved-drug chemical space. Earlier 
investigations into machine learning–based rescoring noted that gains are particularly pronounced 
when screening compounds with established pharmacological profiles, where docking scores alone 



American Journal of Interdisciplinary Studies, December 2025, 115-138 

131 
 

often lack sufficient resolution to distinguish subtle differences in binding compatibility (Shang et al., 
2020). The rank promotion observed for a substantial proportion of compounds following machine 
learning integration parallels results reported in prior repurposing-oriented studies that combined 
docking with learning-based ranking (Shoichet, 2004). This convergence of findings suggests that 
machine learning–enhanced rescoring serves as an effective quantitative refinement layer rather than 
a replacement for docking, preserving mechanistic interpretability while improving numerical ranking 
performance. 
The observed improvements in early enrichment metrics are particularly noteworthy when considered 
in light of earlier virtual screening evaluations. Prior methodological studies have emphasized that 
early recognition of active compounds is a more relevant performance criterion than global accuracy 
in practical screening scenarios (Stumpfe et al., 2012). The enrichment factor values reported in this 
study following machine learning integration exceed those commonly achieved by docking-only 
workflows in benchmark datasets such as DUD-E (Humphrey et al., 1996). These results align with 
reports demonstrating that machine learning–based scoring functions enhance top-ranked compound 
quality even when overall ROC-AUC improvements appear modest (Stumpfe et al., 2012). The 
consistency of these findings across targets further reflects earlier observations that learning-based 
methods generalize better across heterogeneous binding environments than classical scoring functions, 
which are often tuned to specific interaction types (Shoichet, 2004). In inflammatory disease research, 
where targets frequently involve charged interfaces and dynamic regulatory regions, improved early 
enrichment supports the suitability of machine learning–driven screening for prioritizing repurposable 
candidates with higher interaction confidence. 
Comparison with earlier deep learning–based screening studies further contextualizes the present 
results. Prior work applying convolutional and graph-based neural networks to structure-based 
screening reported improvements in pose discrimination and binding prediction accuracy when 
sufficient training data were available (Braga et al., 2014). The quantitative performance gains observed 
in this study fall within the range reported for deep learning–enhanced docking pipelines trained on 
large-scale pose datasets (Clark, 2008). At the same time, earlier studies have cautioned that 
performance gains are sensitive to dataset composition and evaluation protocol. The reproducibility 
and stability metrics reported here align with studies that employed careful dataset partitioning and 
controlled randomization to mitigate overfitting and data leakage. The agreement between these 
findings and prior methodological evaluations underscores the importance of rigorous quantitative 
validation when assessing machine learning–enhanced docking performance. 
 

Figure 9: Model for Future Study 
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The rank reordering observed between docking-only and machine learning–enhanced screening is 
consistent with earlier analyses highlighting that classical scoring functions and learned models often 
prioritize different subsets of compounds (Braga et al., 2014; Lavecchia & Di Giovanni, 2013). Previous 
studies have demonstrated moderate rank correlation between docking and machine learning scores, 
reflecting the fundamentally different optimization criteria underlying rule-based and data-driven 
methods. The present findings exhibit similar rank correlation patterns, indicating that machine 
learning integration systematically reshapes compound prioritization rather than marginally adjusting 
docking-derived rankings. This observation aligns with repurposing-focused studies reporting that 
machine learning models frequently identify candidates overlooked by docking due to their ability to 
exploit interaction patterns distributed across multiple features. Such rank shifts have been 
documented as a characteristic feature of hybrid screening pipelines and reinforce the complementary 
nature of docking and machine learning approaches in quantitative screening contexts. 
The identification of compounds exhibiting consistent high rankings across multiple inflammatory 
targets reflects earlier work emphasizing the relevance of polypharmacology in immune modulation 
(Clark, 2008). Prior systems pharmacology studies have shown that effective anti-inflammatory agents 
often interact with multiple signaling nodes rather than single targets in isolation (Cohen, 2007). The 
multi-target consistency observed in this study aligns with network-based repurposing analyses that 
prioritize drugs proximal to disease modules rather than individual proteins. Machine learning–
enhanced docking pipelines have previously been shown to support such multi-target analyses by 
integrating heterogeneous interaction data into unified ranking frameworks (Rajapaksha et al., 2020). 
The quantitative evidence presented here supports these earlier observations by demonstrating that 
integrated scoring facilitates identification of compounds with stable interaction profiles across 
multiple inflammatory regulators. Finally, the reproducibility and sensitivity analyses reported in this 
study correspond closely with prior methodological recommendations in the machine learning drug 
discovery literature. Earlier studies have emphasized that small variations in preprocessing, feature 
selection, or data splitting can substantially influence reported performance metrics (Liang et al., 2018). 
The limited variance observed across repeated runs and feature perturbations in this study aligns with 
reports demonstrating that controlled workflows and transparent parameterization enhance result 
stability. Comparative evaluations of machine learning–enhanced docking pipelines have consistently 
underscored the importance of reproducibility metrics as integral quantitative outcomes rather than 
supplementary analyses(Cohen, 2007). The concordance of the present findings with this 
methodological literature situates the study within established best practices for quantitative 
computational screening and reinforces the validity of its comparative performance assessments 
relative to earlier studies. 
CONCLUSION 
This study quantitatively examined the integration of machine learning with molecular docking and 
virtual screening as a computational strategy for drug repurposing in inflammatory diseases, 
demonstrating that data-driven enhancement of classical docking workflows yields measurable 
improvements in screening performance. By systematically comparing docking-only approaches with 
machine learning–enhanced pipelines, the analysis showed consistent gains in ranking accuracy, early 
enrichment, and compound prioritization stability across multiple inflammation-related targets. These 
findings align with and extend prior computational drug discovery research by confirming that 
machine learning–based rescoring and consensus ranking can effectively address known limitations of 
traditional scoring functions, particularly within approved-drug chemical space. The study further 
situates its results within established literature on structure-based screening, deep learning 
architectures, and polypharmacological analysis, reinforcing the view that hybrid computational 
pipelines provide a robust framework for evaluating complex immune-modulatory targets. Through 
rigorous quantitative evaluation, reproducibility assessment, and comparative analysis with earlier 
studies, the work contributes methodologically grounded evidence supporting the use of machine 
learning–enhanced docking pipelines in anti-inflammatory drug repurposing research, while 
maintaining transparency, scalability, and alignment with established computational pharmacology 
practices. 
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RECOMMENDATIONS 
It is recommended that future research in anti-inflammatory drug repurposing adopt integrated 
computational screening frameworks that combine classical molecular docking with machine learning–
based rescoring and consensus ranking, as hybrid approaches consistently demonstrate superior 
quantitative performance compared to single-method pipelines. Screening designs should emphasize 
multi-target and pathway-level evaluation to better reflect the network-driven biology of inflammatory 
diseases and the polypharmacological nature of effective immunomodulatory agents. Rigorous dataset 
curation, standardized preprocessing, and transparent validation protocols are essential to ensure 
reproducibility, generalizability, and cross-study comparability of machine learning models. In 
addition, greater emphasis should be placed on model interpretability to facilitate biological insight 
and translational confidence, including the reporting of feature relevance and interaction patterns 
underlying predictive outputs. Finally, computational screening results should be systematically 
aligned with experimental and clinical evidence streams to strengthen the translational relevance of 
prioritized candidates and support their progression within drug repurposing research pipelines. 
LIMITATION 
This study is subject to several limitations inherent to quantitative computational drug discovery and 
machine learning–based screening approaches. First, the analysis relies on molecular docking and in 
silico interaction modeling, which approximate protein–ligand binding using simplified 
representations of protein flexibility, solvent effects, and thermodynamic contributions, potentially 
limiting the accuracy of predicted interactions. Second, machine learning model performance is 
dependent on the quality, representativeness, and balance of the training data, and biases present in 
available structural and bioactivity datasets may influence ranking outcomes and generalizability 
across unrepresented targets or chemical scaffolds. Third, the screening framework focuses on 
approved and clinically characterized compounds, which constrains chemical diversity and may 
exclude novel scaffolds with anti-inflammatory potential. Fourth, predictive outputs are based on 
computational proxies for biological activity and do not account for downstream pharmacokinetic, 
pharmacodynamic, or toxicity factors that influence therapeutic effectiveness in vivo. Finally, while 
reproducibility measures were implemented, model performance may vary under alternative 
preprocessing strategies, feature selections, or target sets, underscoring the need for experimental 
validation to contextualize and confirm computational findings. 
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