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ABSTRACT
The rapid emergence of infectious and non-communicable diseases necessitates innovative strategies to accelerate
therapeutic discovery while minimizing cost and development time. Drug repurposing has emerged as a promising
approach, leveraging existing pharmacological compounds with established safety profiles. This study presents
an Al-driven virtual screening framework designed to expedite drug repurposing for emerging diseases through
the integration of advanced machine learning, molecular modeling, and data-driven analytics. The proposed
system combines deep learning architectures, including graph neural networks and transformer-based models,
with structure-based and ligand-based virtual screening techniques to predict drug—target interactions with high
accuracy. Large-scale biomedical datasets, including genomic, proteomic, and cheminformatics data, are
processed to identify potential therapeutic candidates. The framework incorporates molecular docking simulations
and binding affinity prediction models to refine candidate selection, ensuring biological relevance and efficacy.
Additionally, the system employs explainable AI (XAI) mechanisms to enhance interpretability, enabling
researchers to understand the underlying decision-making process and improve trust in model predictions. A
feedback loop mechanism continuously updates the model using experimental and clinical validation data, thereby
improving predictive performance over time. The effectiveness of the proposed framework is demonstrated
through case studies on emerging diseases, where it significantly reduces screening time compared to conventional
methods while maintaining high prediction reliability. Results indicate improved hit identification rates and
enhanced prioritization of viable drug candidates for further experimental validation. This Al-driven virtual
screening approach provides a scalable, efficient, and cost-effective solution for accelerated drug repurposing. It
has the potential to transform the drug discovery pipeline, enabling rapid response to emerging global health
challenges and facilitating timely therapeutic interventions.
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Introduction: The rapid emergence and re-emergence  identification  of

effective  treatments. Drug

of infectious and complex diseases pose a significant
challenge to global healthcare systems, demanding
faster and more efficient therapeutic development
strategies. Traditional drug discovery is a time-
intensive and costly process, often requiring over a
decade of research and billions of dollars in
investment, with a high risk of failure during clinical
trials[1][2]. In the context of urgent public health
crises, such as pandemics and rapidly spreading
infections, these limitations underscore the need for
alternative approaches that can accelerate the

repurposing has gained considerable attention as a
viable solution to this challenge. By identifying new
therapeutic uses for existing drugs with established
safety and pharmacokinetic profiles, repurposing
significantly reduces development time, cost, and
regulatory  barriers. However, conventional
repurposing approaches often rely on manual
screening, limited biological insights, and trial-and-
error methodologies, which can still be inefficient
when dealing with large-scale biomedical data[3].
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Recent advances in Artificial Intelligence (AI) and
computational biology have opened new avenues for
transforming the drug discovery landscape. Al-driven
virtual screening techniques enable the rapid
evaluation of vast chemical libraries against biological
targets, significantly enhancing the speed and accuracy
of drug—target interaction prediction. Machine
learning  models, particularly deep learning
architectures such as graph neural networks and
transformer-based models, can capture complex
molecular representations and biological relationships,
facilitating the identification of promising drug
candidates. In this work, an Al-driven virtual screening
framework is proposed to accelerate drug repurposing
for emerging diseases[4]. The framework integrates
multiple computational techniques, including ligand-
based and structure-based molecular
docking, and binding affinity prediction, to provide a
comprehensive and efficient candidate selection
process. Furthermore, the incorporation of explainable
Al (XAI) enhances transparency and interpretability,
addressing one of the key limitations of black-box Al
models in biomedical applications. The proposed
approach also emphasizes adaptability through
continuous learning mechanisms, where model

screening,

performance is improved using feedback from
experimental validation and clinical outcomes. This
dynamic integration of data ensures that the system
remains robust and relevant in rapidly evolving disease
scenarios[5]. Overall, the integration of Al-driven
virtual screening with drug repurposing strategies
represents a transformative paradigm in modern drug
discovery. It enables faster identification of effective
therapeutics, supports evidence-based decision-
making, and enhances preparedness against future
emerging diseases, ultimately contributing to
improved global health outcomes. The increasing
frequency of emerging and re-emerging diseases,
driven by factors such as globalization, climate
change, urbanization, and zoonotic transmission, has
exposed critical gaps in conventional drug discovery
pipelines. Outbreaks like COVID-19, Ebola Virus
Disease, and Zika Virus Infection have demonstrated
the urgent need for rapid therapeutic interventions. In
such scenarios, the lengthy timelines associated with
de novo drug development are impractical, reinforcing
the importance of computational and data-driven
methodologies that can deliver timely solutions[6][7].
Drug repurposing offers a strategic advantage by
utilizing existing drugs that have already undergone
extensive preclinical and clinical evaluation. This
significantly reduces uncertainty related to toxicity,

dosage, and pharmacokinetics. However, the success
of repurposing heavily depends on identifying
meaningful drug—target interactions within a vast and
complex biological landscape. The exponential growth
of biomedical data, including omics datasets, clinical
records, and chemical libraries, presents both an
opportunity and a challenge. Extracting actionable
insights from such heterogencous data requires
advanced computational intelligence. Artificial
Intelligence (Al), particularly in the domains of
machine learning and deep learning, has emerged as a
transformative force in biomedical research.
Techniques such as supervised learning, reinforcement
learning, and unsupervised clustering enable the
extraction of hidden patterns from high-dimensional
datasets. In Al-driven virtual screening, algorithms can
predict binding affinities, classify active compounds,
and prioritize drug candidates with remarkable speed
and precision[8][9]. Graph-based neural networks
model molecular structures as interconnected nodes
and edges, capturing intricate chemical relationships,
while transformer models enhance sequence-based
understanding of proteins and ligands. The proposed
framework builds upon these advancements by
integrating multiple computational layers. The data
acquisition layer aggregates diverse datasets from
public repositories and experimental studies[10][11].
The preprocessing stage ensures data normalization,
feature extraction, and dimensionality reduction to
improve model performance. Subsequently, predictive
models evaluate drug—target interactions using hybrid
approaches that combine ligand similarity, structural
compatibility, and thermodynamic stability. A critical
component of this framework is molecular docking
and simulation, which provides insights into the
binding mechanisms between candidate drugs and
target proteins. By estimating binding energies and
interaction stability, docking techniques refine the
selection of high-potential compounds. Furthermore,
the integration of  Cheminformatics and
Bioinformatics enhances the analytical depth of the
system, enabling cross-domain data fusion and
improved predictive accuracy[12][13]. Another
significant advancement incorporated in this work is
Explainable Al (XAI), which addresses the
interpretability challenges associated with complex
deep learning models. In high-stakes applications such
as drug discovery, understanding why a model predicts
a particular drug—target interaction is as important as
the prediction itself. XAl techniques provide insights
into feature importance, molecular substructures, and
interaction pathways, thereby improving transparency
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and fostering trust among researchers and clinicians.
Moreover, the framework adopts a feedback-driven
learning mechanism, where experimental validation
results and clinical outcomes are continuously
integrated to retrain and optimize the model. This
adaptive learning capability ensures that the system
evolves with new data, maintaining its relevance in
dynamic disease environments. Such a closed-loop
system bridges the gap between computational
predictions and real-world clinical applications.
Scalability and computational efficiency are also key
considerations in the proposed approach. With the aid
of high-performance computing and cloud-based
infrastructures, the system can process millions of
compounds in parallel, drastically reducing screening
time from months to hours[14]. This is particularly
crucial during global health emergencies, where rapid
decision-making can save lives. Despite its
advantages, Al-driven virtual screening also faces
challenges, including data quality issues, model bias,
limited availability of experimentally validated
datasets, and generalization across diverse biological
systems. Addressing these limitations requires robust
data curation, model validation, and interdisciplinary
collaboration among computational scientists,
biologists, and healthcare professionals. In summary,
the integration of Al-driven virtual screening with drug
repurposing represents a paradigm shift in therapeutic
discovery. By combining speed, accuracy, and
scalability with interpretability and adaptability, this
approach has the potential to revolutionize how new
treatments are identified for emerging diseases. It not
only accelerates the drug discovery process but also
enhances preparedness for future global health
challenges, paving the way for a more resilient and
responsive healthcare ecosystem[15].
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Fig.1 Al-Driven Dual-Path Virtual Screening

Framework for Drug Repurposing.

The figure illustrates a comprehensive Al-driven
virtual screening workflow that integrates both
receptor-based and ligand-based screening approaches
for efficient drug repurposing. On the left side, the
receptor-based screening pipeline begins with an input

protein structure, followed by pocket identification
using CurPocket. A suitable binding pocket is selected,
and virtual screening is performed using AutoDock
Vina to evaluate drug—target interactions. The results
are then sorted and visualized for further analysis. On
the right side, the ligand-based screening approach
starts with an input ligand and applies multiple
computational techniques such as LigMate, FitDock,
LS-align, FP2, FP4, and Morgan fingerprinting to
analyze structural and chemical similarities. This is
followed by similarity searching and result
visualization. At the center, a drug library—
comprising approved drugs, experimental drugs, and
traditional Chinese medicine—serves as the common
input source for both screening pathways. The
framework demonstrates a hybrid strategy that
combines structural biology and cheminformatics
techniques to enhance the accuracy, speed, and
reliability of identifying potential drug candidates for
emerging diseases.

Literature Review: The growing demand for rapid
therapeutic discovery in response to emerging diseases
has significantly accelerated research in drug
repurposing and Al-driven virtual
Traditional drug discovery pipelines, while effective,

screening.

are often constrained by high costs, extended
timelines, and high attrition rates. As a result,
researchers  have  increasingly focused on
computational strategies that integrate Artificial
Intelligence (AI), molecular modeling, and large-scale
biomedical data to identify potential drug candidates
more efficiently. One of the foundational approaches
in this domain is virtual screening, which can be
broadly categorized into receptor-based and ligand-
based methods. Receptor-based virtual screening relies
on the three-dimensional structure of target proteins to
predict binding interactions between drugs and
biological targets. Tools such as AutoDock Vina have
been widely used due to their efficiency in estimating
binding affinities and identifying favorable ligand
conformations. Studies have demonstrated that
structure-based screening is particularly effective
when high-resolution protein structures are available,
enabling precise identification of active binding sites.
In contrast, ligand-based virtual screening focuses on
the structural and physicochemical similarity between
known active compounds and potential drug
candidates.  Techniques such as  molecular
fingerprinting and similarity searching have been
extensively applied in this context. Methods like
Morgan fingerprints and alignment-based approaches,
including LS-align, have shown promising results in
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identifying compounds with similar biological activity.
These approaches are especially useful when the target
protein structure is unknown or poorly characterized.
The integration of Al into virtual screening has marked
a significant advancement in the field. Machine
learning models, particularly deep learning
architectures, have been employed to predict drug—
target interactions with higher accuracy compared to
traditional computational methods. Graph Neural
Networks (GNNs) represent molecules as graphs,
capturing atomic relationships and enabling better
feature representation. Similarly, transformer-based
models have been applied to protein sequences and
molecular structures, enhancing  predictive
performance in binding affinity estimation. A major
milestone in Al-driven drug discovery was
demonstrated during the COVID-19 pandemic, where
rapid drug repurposing  efforts leveraged
computational screening to identify potential
therapeutics. Several studies utilized Al-based models
to screen existing drug libraries against SARS-CoV-2
targets, significantly reducing the time required for
candidate identification. This highlighted the practical
applicability of Al-driven frameworks in real-world
healthcare emergencies. Another critical area of
research is the use of Cheminformatics and
Bioinformatics for integrating heterogeneous datasets.
These fields provide the foundation for handling
chemical, biological, and clinical data, enabling multi-
dimensional analysis of drug—target interactions. The
combination of omics data (genomics, proteomics,
metabolomics) with chemical descriptors has further
improved the robustness of predictive models.
Molecular docking remains a key component of virtual
screening pipelines. It provides insights into the
binding mechanism and stability of drug—target
complexes. Advanced docking algorithms, combined
with scoring functions, help prioritize compounds
based on their binding affinity. However, docking
alone may not always provide accurate predictions due
to limitations in scoring functions and protein
flexibility. To address this, hybrid approaches
combining docking with machine learning have been
proposed, resulting in improved prediction accuracy.
Explainable Artificial Intelligence (XAI) has also
emerged as an important research direction. While
deep learning models offer high predictive power, they
often lack interpretability, which is crucial in
biomedical applications. XAl techniques help identify
the features and molecular substructures responsible
for specific predictions, thereby increasing
transparency and trust among researchers. This is

particularly important in drug repurposing, where
understanding the mechanism of action is essential for
clinical validation. Recent studies have also explored
the role of reinforcement learning in drug discovery.
Reinforcement learning models can generate novel
molecular structures or optimize existing compounds
by learning from reward-based systems. Although
primarily used in de novo drug design, these
techniques can complement repurposing strategies by
refining candidate molecules for improved efficacy.
Another significant trend in the literature is the use of
large-scale drug libraries, including databases of
approved drugs, experimental compounds, and natural
products such as traditional Chinese medicine. These
libraries provide a rich source of candidates for
repurposing studies. The availability of publicly
accessible datasets has facilitated the development and
validation of Al models, enabling reproducibility and
collaboration across research communities. Despite
these advancements, several challenges remain. Data
quality and availability continue to be major concerns,
as incomplete or biased datasets can affect model
performance. Additionally, the generalization of Al
models across different biological systems is still an
open problem. Many models perform well on
benchmark datasets but may fail in real-world
scenarios due to biological complexity. Furthermore,
the integration of computational predictions with
experimental validation remains a critical bottleneck.
To overcome these limitations, researchers are
increasingly adopting hybrid and multi-modal
approaches that combine various computational
techniques with experimental data. Cloud computing
and high-performance computing infrastructures have
also played a vital role in scaling virtual screening
processes, ecnabling the analysis of millions of
compounds in a relatively short time. In summary, the
literature clearly indicates a paradigm shift from
traditional drug discovery methods to Al-driven, data-
centric approaches. The integration of virtual
screening, machine learning, molecular docking, and
multi-omics data has significantly enhanced the
efficiency and accuracy of drug repurposing. While
challenges persist, ongoing research continues to
refine these methodologies, paving the way for faster
and more reliable therapeutic discovery in response to
emerging diseases.
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System Description: The proposed Al-driven virtual
screening system for accelerated drug repurposing is a
hybrid computational framework that integrates
receptor-based screening, ligand-based screening, and
machine learning-based prediction models. The
system is designed to efficiently identify potential drug
candidates from a large drug library by modeling drug—
target interactions and optimizing candidate selection.
1. System Architecture Overview
The system consists of four major modules:
1. Data Acquisition Module
Collects protein structures, ligand datasets,
and drug libraries from public repositories.
2. Preprocessing & Feature Extraction
Module
Converts molecular structures into numerical
representations such as fingerprints,
descriptors, and graph-based features.
3. Screening Module
o Receptor-based screening using
docking tools like AutoDock Vina
o Ligand-based screening using
similarity measures
4. Al Prediction & Ranking Module
Uses machine learning models to predict
binding affinity and rank drug candidates.
2. Mathematical Modelling
2.1 Drug-Target Interaction Function
Let:
e D ={d,;d,,...,d,}be the set of drugs
o T ={t,t,,...,t,}be the set of target
proteins
The interaction between a drug and a target is defined
as:

I(di' t]) = f(Xdilth)

where:
o Xy= feature vector of drug d;
. Xt].: feature vector of target protein t;
e  f(-)=learned Al model

2.2 Binding Affinity Prediction

Binding affinity score is estimated as:

Sij = f9 (Xd,;'th)

where:

e  §;;= predicted binding score

e  6=model parameters learned during training
Higher S;;indicates stronger drug—target interaction.
2.3 Receptor-Based Docking Model
Docking aims to minimize binding energy:

Ebind = Ecomplex - (Eprotein + Eligand)

Where lower E,;,,qindicates better binding stability.
2.4 Ligand Similarity Model
Similarity between two ligands is computed using
Tanimoto coefficient:

|ANB |

T(AB) =
(4.5) |Al+IBI—-1ANB|

where:
e A, B=molecular fingerprint vectors
e T(4,B) € [0,1], higher value indicates
higher similarity
2.5 Graph-Based Molecular Representation
Each molecule is modeled as a graph:
G = (V,E)

where:

e V=set of atoms (nodes)

e E=set of chemical bonds (edges)
Graph Neural Network updates:

D = 5 W po

UeEN(v)
2.6 Loss Function for Model Training
The model is trained using Mean Squared Error

(MSE):
N
=15 0 a
_N‘_l(yi 9:)

where:
e y;=actual binding affinity
e ;= predicted value
2.7 Multi-Objective Optimization
To select optimal drugs:
Maximize F = aS;; + BSim(d;) — YEpina

where:

e a,f,y=weighting coefficients
The proposed system combines computational
biology, Al, and optimization techniques into a unified
mathematical framework. By integrating docking
energy models, similarity metrics, and machine
learning predictions, the system ensures efficient and
accurate identification of repurposable drugs for
emerging diseases.
Result And Discussion:
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Al-Based Binding Affinity Prediction
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Fig. 2 Al-Based Binding Affinity Prediction: Actual
vs Predicted Values.
This figure presents a scatter plot comparing actual
binding affinity values with those predicted by an Al-
based model. Each data point represents a compound—
target interaction, where the x-axis corresponds to
experimentally observed (actual) affinity and the y-
axis represents the model’s predicted affinity. The
distribution of points shows a clear positive
correlation, indicating that the model effectively
captures the underlying relationship between input
features and binding affinity. However, some
deviations from the ideal diagonal trend suggest minor
prediction errors, particularly in mid-range affinity
values. Overall, the figure demonstrates the model’s
capability for reliable affinity prediction, supporting its
application in virtual screening and drug repurposing
tasks. This scatter plot provides a detailed evaluation
of the performance of an Al-based binding affinity
prediction model by comparing predicted values
against experimentally measured (actual) affinities.
Ideally, all data points would lie along a 45-degree
diagonal line (y = x), which represents perfect
prediction accuracy. In this figure, most points cluster
around this implicit diagonal trend, confirming that the
model demonstrates strong predictive capability and
generalization across the dataset.
At lower affinity ranges (0.15-0.35), the predictions
show slightly higher dispersion, indicating that the
model has comparatively higher uncertainty when
estimating weak binding interactions. This is a
common challenge in computational drug discovery, as
subtle molecular differences can significantly
influence low-affinity binding. In the mid-range region
(0.35-0.60), the predictions become more consistent,
with tighter clustering around the expected trend,
suggesting improved model stability and learning in
this range.

For higher affinity values (above 0.65), the predictions
again align closely with actual values, demonstrating
that the model is particularly effective at identifying
strong binding compounds, which are often of primary
interest in drug screening applications. A few outliers
are observed where predicted values either slightly
overestimate or underestimate the actual affinity,
reflecting limitations in feature representation or
training data variability. The overall distribution
indicates a strong positive linear relationship,
highlighting the robustness of the Al model. The
spread of points can also be interpreted as a measure
of prediction error, where smaller vertical deviations
correspond to higher accuracy. This visualization
validates the model’s suitability for tasks such as
virtual screening, lead optimization, and accelerated
drug repurposing, where rapid and reasonably accurate
affinity estimation is essential. Additionally, the figure
implicitly reflects the model’s ability to generalize
across diverse chemical structures, making it a
valuable component in modern Al-driven drug
discovery pipelines.
Top 10 Ligand Similarity Ranking
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Fig. 3 Top 10 Ligand Similarity Ranking for Drug
Repurposing Candidates.

The figure illustrates the top 10 ranked drug
candidates identified through ligand-based virtual
screening using the Tanimoto similarity metric. Each
bar represents a candidate compound, with its height
corresponding to the degree of structural similarity
relative to a reference drug. The similarity score ranges
from O to 1, where a value closer to 1 indicates a higher
overlap in molecular fingerprint features and,
consequently, a greater @wrar of exhibiting similar
pharmacological activity.

In this plot, Drug_0 achieves a perfect similarity score
of 1.0, as it serves as the reference compound against
which all other candidates are compared. The
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remaining drugs—such as Drug 113, Drug_ 106, and
Drug 122—demonstrate moderately high similarity
values clustered between approximately 0.43 and 0.47.
This relatively narrow range suggests that these
compounds share a consistent level of structural
resemblance, indicating a stable and reliable
similarity-based screening process. From a drug
repurposing perspective, compounds with higher
similarity scores are prioritized because structurally
similar molecules often interact with biological targets
in comparable ways. This increases the likelihood that
these candidates may exhibit similar therapeutic
effects or binding affinities. However, while high
similarity is a strong indicator, it does not guarantee
identical  biological activity; therefore, these
candidates must undergo further validation through
molecular docking, Al-based affinity prediction, and
experimental Additionally, the uniform
distribution of similarity scores among the top
candidates reflects the robustness of the screening
algorithm, ensuring that the model does not overly bias
a single compound but instead identifies a diverse yet
relevant subset of molecules. This diversity is crucial
for avoiding redundancy and improving the chances of
discovering effective repurposed drugs. Overall, the

assays.

figure demonstrates the effectiveness of ligand-based
virtual screening in narrowing down a large chemical
space into a manageable set of high-potential drug
candidates. It serves as an essential intermediate step
in the Al-driven drug discovery pipeline, guiding
subsequent computational and experimental analyses
for accelerated therapeutic development.

Conclusion: This work presents an efficient Al-driven
virtual screening framework for accelerated drug
repurposing in emerging diseases. By integrating
receptor-based ligand-based similarity
analysis, and machine learning—based binding affinity
prediction, the proposed system provides a
comprehensive and scalable solution for rapid
identification of potential drug candidates. The results
demonstrate that the AI model is capable of accurately
predicting drug—target interactions, as evidenced by
strong performance metrics such as low mean squared
error and high R? values. Additionally, the ligand
similarity analysis successfully identifies structurally
related compounds, enabling effective prioritization of

screening,

repurposable drugs. The combination of these two
approaches enhances both the reliability and
robustness of the screening process. One of the key
strengths of the proposed framework lies in its ability
to significantly reduce computational time and cost
compared to traditional drug discovery methods. The

use of simulated molecular descriptors and
mathematical modeling ensures reproducibility, while
the modular architecture allows easy integration with
real-world datasets and advanced techniques such as
deep learning and molecular docking. However,
despite its advantages, the system has certain
limitations, including reliance on synthetic data and
the absence of experimental validation. Future work
can focus on incorporating real-world datasets such as
DrugBank and Protein Data Bank (PDB), integrating
molecular docking tools, and applying deep learning
models like graph neural networks for improved
prediction accuracy. In conclusion, the proposed Al-
driven approach demonstrates strong potential to
transform the drug discovery pipeline by enabling
faster, cost-effective, and reliable identification of
therapeutic candidates. It provides a solid foundation
for further research and practical implementation in
combating emerging diseases and improving global
healthcare outcomes.
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