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Editorial

Computational Methods in Drug Development: From Molecular
Modeling to Artificial Intelligence Technologies

Yunjie Zhao

Institute of Biophysics and Department of Physics, Central China Normal University, Wuhan 430079, China;
yjzhaowh@ccnu.edu.cn

Advances in computational methods have significantly impacted protein design and
drug development by offering innovative ways to accelerate the discovery and optimiza-
tion of therapeutics [1,2]. Recently, molecular modeling and artificial intelligence have
advanced in their ability to predict the structures of proteins, RNA, and drug molecules, as
well as their complexes; identify new drug targets; and optimize drug–receptor interactions.
Computational approaches are effective alternatives because experimental methods for de-
termining molecular structures can be expensive and time-consuming. They also enhance
our collective understanding of complex biological systems, enable high-throughput screen-
ing of large chemical libraries, and help to reduce time and costs compared to traditional
methods. This Special Issue, “Computational Methods in Drug Development,” highlights
these roles of computation in current pharmaceutical research and covers four key ar-
eas: understanding molecular mechanisms, drug discovery techniques, disease-focused
therapeutic development, and future research directions.

Accurately understanding the structure and function of complex systems through
experimental methods alone remains challenging [3]. Gao et al. explored techniques for
predicting RNA–small-molecule binding sites [4]. Their review offers a timely summary
of recent progress, systematically illustrating the history from physics-based strategies to
integrated AI techniques. Traditional methods rely on limited data, whereas recent AI
developments enable the integration of diverse features, leading to better predictions. The
review explains the core principles behind different features, compares how features behave
at binding versus non-binding sites, assesses method performance across different feature
sets and test datasets, and highlights ongoing opportunities and challenges in flexibility
prediction [5]. The p53 tumor suppressor protein contains intrinsically disordered N- and
C-terminal domains. Ning et al. used microsecond-scale molecular dynamics simulations
to investigate how the CTD and DNA binding regulate the allosteric mechanism of the p53
DNA-binding domain (DBD) [6]. Firstly, DNA binding induces conformational changes in
the DBD, particularly in the S6-S7 loop and L1. Subsequently, the CTD directly interacts
with DNA and influences the allosteric network, facilitating DBD binding to DNA. The
allosteric mechanisms outlined here offer new insights into the functional roles of the p53
CTD and can guide the rational design of p53-targeting drugs. While a compound might
show strong predicted binding, it can still fail due to unfavorable absorption, distribution,
residence time, or clearance. Bueso-Bordils et al. [7] used pharmacokinetic equations to
develop topological models to discover antibacterial compounds. This approach brings
developability factors into the initial stages of computational screening, which is beneficial
because the top-ranked compound based on target affinity is not always the best candidate
for further development.

Pharmaceuticals 2026, 19, 1266 https://doi.org/10.3390/ph190812661
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The process of developing inhibitors and prioritizing candidates involves complex
computational methods. Jelčić et al. examined charged thienobenzo-1,2,3-triazoles
as non-selective cholinesterase inhibitors, integrating chemical design, synthesis, anti-
inflammatory testing, and computational analysis [8]. Their research emphasizes the
promise of novel charged triazolinium salts as selective cholinesterase inhibitors with extra
anti-inflammatory effects. De Souza et al. investigated the phytochemicals of Brazilian
green propolis as potential B-Raf600E enzyme inhibitors using physicochemical analy-
sis, ADME prediction, docking, molecular dynamics, and free-energy calculations [9].
Their work demonstrates how computational tools can help prioritize complex natural
compounds for further testing. Buhlak et al. developed and evaluated 3,4-dihydroquinolin-
2(1H)-one analogs as potential VEGFR2 inhibitors for glioblastoma therapy. Their approach
included molecular docking and dynamics studies to analyze how these compounds in-
teract with critical residues in the VEGFR2 binding pocket [10]. Overall, they show that
AI and large-scale modeling are most effective when integrated into workflows that also
consider chemical feasibility, target biology, and validation processes. AI improves candi-
date selection by aiding target identification, screening, optimization, repurposing, and
clinical decision-making. Malheiro et al. reviewed AI’s potential in pharmaceutical inno-
vation, emphasizing that it is not a simple solution but a tool that accelerates the search
and prioritization processes [11]. AI has revolutionized drug discovery and development
by enabling rapid, efficient analysis of extensive biological and chemical data, helping to
identify new therapeutic compounds from initial research through clinical trials. However,
there are still gaps in AI deployment, primarily due to a lack of regulation.

Scientists have focused on disease-centered therapeutic discovery, recognizing that
disease biology is complex and seldom involves just one molecular interaction. Therapeutic
outcomes are influenced by gene networks, pathway compensation, cellular states, and
patient heterogeneity. Ghandikota and Jegga introduce a new computational framework
that combines network analysis, statistical mediation, and deep learning to discover causal
target genes and potential small-molecule drug candidates for repurposing [12]. Incorpo-
rating causal reasoning, their framework seeks to move beyond mere correlations toward
testable hypotheses. Their study illustrates how molecular signatures associated with
disease can guide target and drug prioritization. Likewise, in inflammatory disease models,
Bissacotti et al. examined resveratrol’s anti-inflammatory effects via the P2X7/NLRP3 path-
way, using in silico and in vitro evidence from activated microglia [13]. Docking analyses
highlight potential molecular interactions, which cellular assays then test against biological
responses. This iterative modeling and experimental process offers deeper insight than
computational predictions alone, especially for compounds with multiple biological effects.
Sharma et al. used a systems biology strategy that included protein–protein interaction
(PPI) networks, molecular docking, and drug repurposing to identify host-targeted treat-
ments for Oropouche virus [14]. These strategies are useful when time or resources limit
direct antiviral development, but they must be carefully validated to prevent harmful
disruptions to host pathways. Overall, computational drug development is viewed as
a cohesive, integrated process of reasoning. Docking is most effective when combined
with molecular dynamics, free-energy calculations, chemical synthesis, and experimental
validation. Machine learning predictions improve when they utilize interpretable features,
biological mechanisms, or validation data. Network pharmacology becomes more relevant
when integrated with disease context and causal inference. Meanwhile, pharmacokinetic
and developability models help to avoid early prioritization based solely on target affinity.
Furthermore, RNA-binding site prediction and allosteric simulations expand the types of
systems suitable for computational analysis [15,16].

https://doi.org/10.3390/ph190812662
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Although progress has been achieved, benchmark quality for AI and machine learning
models trained on retrospective data remains a concern. Challenges such as data leakage,
biased negative samples, a narrow chemical scope, and inconsistent experimental anno-
tations can result in overly optimistic performance evaluations. Interpretability remains
challenging. Models that prioritize compounds, targets, or pathways without clarifying
their reasoning can be helpful for preliminary screening but are less effective for fine-tuning
based on mechanisms. Biological systems function across various levels, with molecular
binding being just one aspect of the therapeutic response. Outcomes are also affected by
factors like tissue exposure, metabolism, immune environment, compensatory signaling,
and patient variability. As a result, validation should be incorporated into the computa-
tional workflow rather than viewed as an endpoint. Future advancements are expected
to include physics-informed machine learning models that integrate molecular graphs,
sequences, 3D structures, omics data, and pharmacology [17]. This Special Issue empha-
sizes that computation complements experiments rather than replacing them, supporting
the systematic discovery process. By connecting molecular mechanisms, inhibitor design,
disease contexts, and validation, computational methods help researchers to develop more
accurate hypotheses and make more informed decisions.
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Frontier Interdisciplinary Research, Central China Normal University (JC2026PT-002).
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8. Jelčić, A.; Raspudić, A.; Barić, D.; Ratković, A.; Šagud, I.; Pongrac, P.; Štefok, D.; Bosnar, M.; Roca, S.; Lasić, Z.; et al. Charged
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The Potential of Artificial Intelligence in Pharmaceutical
Innovation: From Drug Discovery to Clinical Trials
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Abstract: Artificial intelligence (AI) is a subfield of computer science focused on developing
systems that can execute tasks traditionally associated with human intelligence. AI systems
work through algorithms based on rules or instructions that enable the machine to make
decisions. With the advancement of science, more sophisticated AI techniques, such as
machine learning and deep learning, have been developed, allowing machines to learn
from large amounts of data and improve their performance over time. The pharmaceutical
industry has greatly benefited from the development of this technology. AI has revolu-
tionized drug discovery and development by enabling rapid and effective analysis of vast
volumes of biological and chemical data during the identification of new therapeutic com-
pounds. The algorithms developed can predict the efficacy, toxicity, and possible adverse
effects of new drugs, optimize the steps involved in clinical trials, reduce associated time
and costs, and facilitate the implementation of innovative drugs in the market, making
it easier to develop precise therapies tailored to the individual genetic profile of patients.
Despite significant advancements, there are still gaps in the application of AI, particularly
due to the lack of comprehensive regulation. The constant evolution of this technology
requires ongoing and in-depth legislative oversight to ensure its use remains safe, ethical,
and free from bias. This review explores the role of AI in drug development, assessing its
potential to enhance formulation, accelerate discovery, and repurpose existing medications.
It highlights AI’s impact across all stages, from initial research to clinical trials, emphasizing
its ability to optimize processes, drive innovation, and improve therapeutic outcomes.

Keywords: artificial intelligence; machine and deep learning; drug discovery and development;
drug repurposing; clinical trials; regulatory issues

1. Introduction

The development of medicines has always been a long, costly process with a low success
rate [1]. In recent years, there has been significant progress in the pharmaceutical industry,
requiring the adoption of more efficient and systematic drug production practices [1]. Drug
discovery is driven by the fact that there are no treatments available for some diseases, or ex-
isting drugs have low efficacy or high toxicity [1]. To address these challenges, advancements

Pharmaceuticals 2025, 18, 788 https://doi.org/10.3390/ph180607885
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in technology have provided a wide range of techniques widely used to accelerate all stages
of drug development, which have been radically transformed by the rapid progress of AI [2].

AI was described in the 1950s as a science and engineering field capable of developing in-
telligent machines. It quickly evolved into a neural network model similar to the human brain,
enabling the execution of tasks requiring human intelligence, such as solving complex prob-
lems and making complex decisions. AI has evolved exponentially and is becoming a highly
important and revolutionary component in many areas, particularly in drug discovery [2,3].

The exponential growth of AI has raised several ethical issues. The ability of these
technologies to make autonomous decisions raises concerns about human dignity and
inherent values. For this reason, it has become necessary to establish ethical guidelines to
prevent significant consequences for human life. Ethics is a practical necessity to ensure
that technologies are used in a fair and responsible way [4].

In the drug development process, AI is not limited to discovering new drugs. It is also
characterized by the optimization of existing treatments tailored to the individual profile
of each patient. This approach improves treatment efficacy, minimizes side effects, and
provides safer and more effective therapeutic solutions [5,6].

In this context, the main objective of this review is to evaluate the potential of AI in
drug formulation and how this technology can effectively contribute to the discovery and
development of new medications, as well as the adaptation of existing medications to other
diseases, thus providing a safer and more effective therapeutic experience.

2. Artificial Intelligence

Artificial intelligence (AI) is increasingly integrated into pharmaceutical research, rev-
olutionizing processes across drug discovery, development, and clinical decision-making.
AI encompasses technologies that simulate human intelligence to perform tasks such as
learning, reasoning, and pattern recognition [7]. AI is an interdisciplinary field combining
computer science, statistics, and domain-specific knowledge. It is often described as a set of
technologies, processes, and methods that enable machines to perform cognitive functions,
such as reasoning and decision-making [8]. In the context of pharmaceutical research, AI
models can accelerate compound screening, predict molecular interactions, and optimize
clinical trial designs. While traditional definitions of AI cover a wide scope, from narrow to
general intelligence, this work emphasizes those tools and frameworks with demonstrated
relevance to biomedical and pharmaceutical applications [9].

Talking about AI inevitably involves referencing the concepts of machine learning
(ML) and deep learning (DL). While these concepts are related, they are not interchangeable.
AI focuses on intellectual activities typically performed by humans, such as solving well-
defined logical problems, whereas ML and DL are specific methods that help achieve this,
such as voice recognition or image classification [10]. In other words, both ML and DL
operate within the broader scope of AI (Figure 1).

2.1. From the Beginning of AI to the Present Day

Charles Babbage became one of the leading mathematicians of his time and is often
referred to as the “father of the computer” for creating the first modern analytical machine,
which he described as the first thinking machine. Later, he conceived the analytical machine
with the intention of developing precise mathematical tables [7]. Subsequently, Alan Turing
was recognized as the “father of computation and AI” when, in 1950, he published the
article Computers and Intelligence, in which he described the ability of computers to exhibit
intelligence similar to human intelligence, an idea that became known as the “Turing
Test” [3]. This test is based on an “imitation game”, which assesses a person’s ability to

6



Pharmaceuticals 2025, 18, 788

distinguish between a conversation with a human and one with a machine [11]. Following
Turing, the field became more complex, requiring the exploration of new challenges, which
contributed to advancements in computer science and mathematics. This journey leading
to the modern AI we know today is concisely outlined in Table 1.

Table 1. AI progress: major breakthroughs over time.

Year Progress Information References

1955
Allen Newell, J.C. Shaw, and Herbert A. Simon created a program called the “Logic Theorist”, the first
program capable of performing automated reasoning—the first AI software in operation. In the
following year, the program was demonstrated for the first time in Pittsburgh.

[7]

1956
John McCarthy first introduced the term AI at a conference on the subject. Later, in 1958, McCarthy
developed the programming language Lisp, which became fundamental to the advancement of
computer science and AI. Alongside Marvin Minsky, in 1959, he founded the AI laboratories.

[7,12]

1958 Arthur Samuel coined the term “Machine Learning” when he wrote about teaching a machine to play
chess better than the humans who created it. [7]

1965 Edward Feigenbaum initiated DENDRAL, the first “expert system”, capable of extracting molecular
structures from organic compounds using scientific data. [7]

1966
Joseph Weizenbaum developed the first “chatterbot”, ELIZA, a computer program designed to
simulate a fictional psychotherapist. ELIZA used natural language processing to communicate with
humans.

[7]

1979 The first American Association for AI was founded, currently known as the Association for the
Advancement of AI (AAAI). [7]

1980s

The beginning of this decade became known as the “AI Boom”, as rapid growth and interest in AI
emerged. John Hopfield and David Rumelhart introduced deep learning techniques, enabling computers
to learn from experiences. Edward Feigenbaum developed specialized systems to imitate human
decision-making processes. These systems were widely adopted in industry. The year 1984 became
known as the “AI winter” because consumer, public, and private sectors began to show little interest in AI,
leading to a decline in funding and research.

[7]

1995
Stuart Russell and Peter Norvig published “AI: A Modern Approach”, which became one of the key
textbooks in the field. Richard Wallace developed the chatbot ALICE, which established more natural
conversations with users.

[7]

1997
IBM’s specialized chess-playing system, Deep Blue, defeated Garry Kasparov, the reigning world chess
champion and grandmaster, in a historic chess match. Dragon Systems developed voice recognition
software, which was implemented in Windows.

[7,13]

2000 Cynthia Breazeal developed Kismet, the first robot capable of simulating human emotions, mimicking
human facial expressions. [7]

2002
iRobot introduced the Roomba, the first robotic vacuum cleaner that revolutionized the way homes
were cleaned. Equipped with intelligent sensors, the Roomba navigates autonomously, detecting and
avoiding obstacles, making cleaning easier and more efficient.

[7]

2010 Microsoft introduced Kinect for the Xbox 360, the first gaming device capable of tracking body
movements and converting them into commands within the game. [7]

2011 Apple launched Siri, the first virtual assistant. [7]

2014 Amazon created the virtual assistant Alexa, allowing users to interact with electronic devices using
voice commands. [7]

2016 Hanson Robotics developed Sophia, the first humanoid robot with a realistic appearance, capable of
communicating, seeing, and replicating human emotions. [7]

2020 DeepMind released an updated version of AlphaFold, a program capable of deciphering the
three-dimensional structure of any protein. [7]

2022 OpenAI launched the chatbot ChatGPT [7]

7
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Figure 1. Overview of key data science techniques. AI (AI) is a subset of data science that encompasses
both classical programming and machine learning (ML). Within ML, various models and approaches
exist, including deep learning (DL) and artificial neural networks (ANNs). Adapted from [14].

2.2. Machine Learning

Machine learning is recognized as a subset of AI, involving algorithms with the
ability to define their own rules based on input data without explicit programming. It
primarily uses two methods for data analysis [10]. In the supervised method, the system
is programmed to recognize specific patterns previously discovered, meaning the system
has access to the desired responses, facilitating the process of classification and grouping
ideas. On the other hand, the unsupervised method detects an unknown set of data and
categorizes it into specific combinations independently [11].

It can also be divided into another method, known as reinforcement learning. This is a
trial-and-error approach, driven mainly by decision-making within a specific environment
and the execution of actions to maximize performance. The goal of this method is to guide
situations through its actions [12,14].

Common AI Models in Pharmaceutical Applications

Recent years have seen a marked increase in the use of machine learning models to
tackle complex problems in drug development, toxicology, and personalized medicine.
Among the machine learning techniques applied in the pharmaceutical field, several models
stand out due to their versatility and performance. One such model is random forest, an
ensemble method that builds multiple decision trees and combines their outputs to improve
prediction accuracy and minimize overfitting. This approach has proven effective in tasks
such as classifying toxicity profiles and identifying potential biomarkers in preclinical
research [15].

Another widely adopted model is the artificial neural network (ANN), inspired by the
structure of the human brain. ANNs consist of layers of interconnected nodes (or “neurons”)
capable of recognizing complex patterns in large datasets. In pharmaceutical research, they
have been successfully used in areas ranging from molecular property prediction to clinical
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decision support and image-based drug screening [16]. Recent advances in generative
models, particularly Generative Adversarial Networks (GANs), have introduced new
possibilities in drug design. By leveraging a dual-network system—comprising a generator
and a discriminator—GANs are able to produce novel molecular structures that meet
predefined pharmacological criteria, thus accelerating early-stage drug discovery [17,18].

In parallel, Transformer architectures, originally developed for natural language
processing, are now being repurposed to handle biomedical data. Their self-attention
mechanism allows them to process large-scale biological sequences, predict drug–target
interactions, and extract insights from unstructured clinical data with remarkable precision.
These models are increasingly being integrated into platforms aimed at personalized
medicine and advanced therapeutic development [19].

2.3. Deep Learning

Deep learning is seen as an extension of the ML method, as while the latter relies on
more traditional approaches to reach its answers, DL is more complex and consists of a set
of algorithms aimed at mimicking the capabilities of the human brain [11,13]. It builds on
the evolution of the artificial neural network (ANN)—a set of multilayered units of nonlin-
ear processing used for data representation, which includes sophisticated computational
elements connected to one another, resembling “perceptions” comparable to human neu-
rons. These systems replicate the transmission of electrical signals observed in the human
brain [11]. These models are particularly effective in image analysis (e.g., histopathology,
radiology), drug–target interaction prediction, and modeling protein structures.

2.4. Ethical Concerns in the Use of AI in Healthcare

The integration of artificial intelligence (AI) into pharmaceutical research and health-
care systems introduces significant ethical considerations, especially in areas such as data
privacy, algorithmic bias, transparency, and human oversight. AI technologies are capable
of analyzing and processing vast amounts of data, supporting decisions in clinical trial
design, patient stratification, and the prediction of drug response [4,9,20]. While these
capabilities promise major advances, they also raise questions about how to ensure the fair
and responsible use of AI.

Ethical principles, understood as duties that promote human dignity in the presence
of intelligent systems, must guide the development and deployment of AI in drug develop-
ment contexts. Although these principles are universal in nature, their application can vary
across different cultural, legal, and social settings [14]. As healthcare becomes more data
driven and patient centered, AI is increasingly seen as a valuable support tool. However,
maintaining human control over clinical decisions remains essential. Human dignity and
fundamental values—such as the obligation to avoid harm, ensure fairness, and prevent
discrimination—must remain central to the use of AI [4]. This is particularly crucial when
AI is involved in sensitive areas like patient selection for trials or prediction of adverse
events, where biases in training data can exacerbate existing health inequities.

To ensure ethical integrity, values such as accountability, transparency, explainability,
and privacy should be embedded into AI systems from the outset [4]. Table 2 outlines
widely accepted ethical principles designed to complement existing human rights standards
and guide responsible AI deployment in healthcare.
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Table 2. Ethical principles of AI in health identified by the WHO [14,21].

Ethical Principle Ethical Foundations

Autonomy
- The use of machines must not undermine human autonomy.
- Design AI systems that help humans make informed decisions.
- Humans can decide whether to use an AI system to reach a final decision.

Public interest

- Ensure safety, accuracy, and effectiveness requirements are met before implementing any AI
technology.

- Measures must ensure ongoing control and improvement.
- Monitor AI algorithm performance to prevent patients or groups from suffering mental or

physical harm.
- Protect individuals from any form of stigmatization or discrimination due to their health status.

Transparency

- Implementation of documents with sufficient information for AI technology implementation.
- Improve system quality and protect patients and public health.
- Identify errors.
- Adequate and effective supervision.
- Include accurate information on the limitations and assumptions of the technology, algorithm

development, operational protocols, and data properties.
- Educational information adapted to the population.

Responsibility

- Minimize or avoid errors.
- Use of technology in a responsible manner.
- Identify all parties involved in the development and implementation of the technology and

assign collective responsibilities.
- Support justice in resolving issues.

Inclusion and equity

- Hiring staff from diverse backgrounds, cultures, and disciplines.
- Design and evaluation of technologies by those who will be directly affected by them.
- Adoption of open-source software available in both high and low-income countries.
- Diversity in languages and communication methods.
- Unbiased technologies.

Privacy - Protect the confidentiality and privacy of individuals and ensure informed consent.

Regulatory bodies, such as the European Medicines Agency (EMA) and the U.S. Food
and Drug Administration (FDA), are actively working to establish frameworks that assess
both the technical and ethical robustness of AI-based tools. For instance, the EMA’s 2023
Reflection Paper on Artificial Intelligence emphasizes the importance of ethical oversight
across the entire AI lifecycle, from data collection to real-world deployment.

Ultimately, ethical governance must involve a multi-stakeholder approach, including
developers, clinicians, industry, and regulators, ensuring that AI technologies serve the
collective good while safeguarding individual rights.

3. Challenges and Transformations in R&D Through AI Integration

Pharmaceutical companies face significant challenges in the development of new
medications, primarily due to the extremely high costs and low success rates associated with
the process. Since 2001, drug development expenses have risen by several billion dollars,
making cost the leading factor behind inefficiencies in research and development [22,23].
Despite these investments, the return remains low, largely because of high failure rates—
especially regarding toxicity and efficacy.

The clinical trial success rate is under 15%, and approximately half of drug discovery
failures are due to poor pharmacokinetic properties in the preclinical phase. Although
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Phase I trials usually confirm safety, many candidates fail in Phase II because of insufficient
efficacy. Additionally, population heterogeneity contributes to this lack of success [22,23].

Traditionally, drug discovery has followed a linear and highly regulated pathway,
from target identification through preclinical testing to clinical trials, often taking 10 to
15 years and billions of dollars to bring a single drug to market [24]. This approach was
historically centered on single-target drug development, but modern strategies have since
evolved to enhance efficiency [24,25]. Consequently, there is a growing need to adopt
innovative technologies that can improve the overall R&D process.

The integration of AI (AI) into drug development is explored in Figure 2, detailing the
strategies and outcomes of its key components. Additionally, AI applications at each stage
of the process are highlighted.

 

Figure 2. Schematic representation of the application of AI in each stage of the drug development
process. Adapted with permission from Ref. [12]. Copyright 2019 Elsevier.

These paradigm shifts in drug development, especially the move toward data-
intensive approaches, such as high-throughput screening and drug repurposing, have
set the stage for the integration of artificial intelligence. The following sections explore
how AI is being applied across these evolving domains, from molecule design to clinical
trial execution.

3.1. Application of AI in Formulation

AI has begun to drive its application across various sectors of society, with the pharma-
ceutical industry emerging as a primary beneficiary. Advancements in AI have shown the
potential to discover and develop medications more quickly and at a lower cost [5]. Over
the years, there has been a dramatic increase in data input within the pharmaceutical sector,
motivating the use of AI to automate and optimize slow processes, thereby significantly
accelerating the research and development of medications due to its capability to manage
large volumes of data [5].

When applied in the formulation of pharmaceutical products, AI can be utilized at
various stages of drug development, including the identification and validation of potential
targets, drug design and screening, drug repositioning, improving R&D efficacy, analyzing
biomedical information, quality control, pharmaceutical product management, and assisting
in the selection of patients for clinical trials [5,12]. The search for new drugs that will be
successful in the future is perhaps the most challenging part of the drug development process,
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as the estimated number of viable molecules with potential interest in developing new
medications ranges between 1060 and 10100 [12,26]. A viable molecule is defined as one
that meets Lipinski’s rule of five, which is a computational procedure used to estimate the
solubility, permeability, and pharmacological efficacy in drug discovery. According to this
rule, molecules must have a molecular weight of less than 500 Da, a number of hydrogen
bond donors of less than 5, a number of hydrogen bond acceptors of less than 10, and a LogP
of less than 5 [26]. However, the lack of advanced technology limits the process of selecting
viable molecules and, consequently, the development of medications, making this process
slow and costly, which could be resolved through the use of AI [26].

The virtual chemical space is vast and provides a geographical map of molecules,
illustrating their properties and interactions between molecules, facilitating the synthesis
of information about compounds that could produce desired therapeutic effects, and also
selecting molecules with properties suitable for further testing [5,27]. There are several
databases available, such as PubChem, which is freely accessible and provides information
on chemical molecules and their activities in biological assays, and ZINC, which contains a
vast number of chemical compounds and is designed to facilitate virtual screening. It is
essentially organized to assist techniques like molecular docking—virtual simulations of
interactions between molecules and protein binding sites, helping to identify new molecules
with pharmacological activity [27].

The data available in pharmaceutical companies for developing medications can in-
volve various compounds, and ML tools may struggle to handle this type of data. For this
reason, a computational model called QSAR (Quantitative Structure–Activity Relation-
ship) was developed, which can quickly predict a large number of compounds and their
physicochemical parameters [5,28]. However, this model cannot predict complex biological
properties, such as efficacy and potential adverse effects of compounds. Moreover, QSAR
models encounter several challenges, including limited training datasets, inaccuracies in
the experimental data, and insufficient experimental validation. To address these limita-
tions, more sophisticated AI methodologies, such as deep learning combined with relevant
modeling studies, have been incorporated into the evaluation of drug safety and efficacy
through the application of big data analytics [5,28].

3.1.1. Drug Screening

In the preclinical phase, high-throughput screening, omics technologies, and computa-
tional tools are now routinely used to evaluate thousands of compounds in parallel. These
approaches allow for the simultaneous testing of multiple targets, greatly expanding the
number of viable candidates and accelerating early discovery stages. The inclusion of AI in
drug discovery has proven to be more effective than in vitro screening. Virtual screening is
the most commonly used method to aid in the discovery of bioactive molecules, selecting
a viable compound from the vast pool available in databases. Therefore, drug screening
involves two main components: the preparation of the compound library and the selection
of desirable compounds [29,30].

The SMACC (Small Molecule Antiviral Compound Collection) is a highly curated and
meticulously annotated library of compounds tested in phenotypic assays and antiviral-
based screening for viruses [29].

Moreover, AI plays a crucial role in the screening process, as it can predict toxicity,
bioactivity, ADME properties, and the physicochemical properties of molecules under
investigation [30].

One particularly challenging domain where AI has shown promise is the prediction
of interactions between conventional drugs and herbal medicinal products, which are in-
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creasingly used as dietary supplements. These natural products typically consist of complex
mixtures with poorly characterized pharmacokinetics, making traditional interaction screen-
ing methods less effective. AI algorithms can integrate large-scale data, including chemical
structures, molecular pathways, pharmacological properties, and known interaction patterns,
to infer potential risks and mechanistic pathways of drug–herb interactions. A recent review
highlighted how AI tools can aid in identifying high-risk combinations, offering valuable
support for pharmacovigilance and experimental validation. As the use of herbal supplements
grows globally, the incorporation of AI in this context represents a crucial advance in drug
safety assessment [31]. AI-driven methods have proven particularly useful in optimizing
diagnostic parameters, including thresholds for biomarker-based screening tools. A recent
study investigating the aldosterone-to-renin ratio (ARR) for screening primary aldosteronism
(PA) demonstrated that with appropriate adjustment of the ARR threshold, screening remains
accurate even in patients taking interfering antihypertensive medications. As illustrated in
Figure 3, the pharmacological context significantly alters the underlying biomarker values
(PAC, PRC, and ARR), necessitating adaptive analytical frameworks. Through receiver op-
erating characteristic (ROC) curve analysis (Figure 4), the authors showed that lowering
the ARR threshold in treated patients preserved sensitivity and specificity comparable to
standard protocols. These results illustrate the value of data-centric, adaptive approaches,
often implemented using AI, in refining clinical decision-making and ensuring diagnostic
robustness across real-world patient conditions [32].

Figure 3. Variations in plasma aldosterone concentration (PAC), plasma renin concentration (PRC),
and the aldosterone-to-renin ratio (ARR) observed in patients with essential hypertension (EH) and
primary aldosteronism (PA) before and after the discontinuation of interfering antihypertensive
medications. (A) PAC levels in the retrospective cohort, on and off interfering medications; (B) PRC
levels in the retrospective cohort, on and off interfering medications; (C) ARR values in the retrospec-
tive cohort, on and off interfering medications; (D) PAC levels in the prospective cohort, on and off
interfering medications; (E) PRC levels in the prospective cohort, on and off interfering medications;
(F) ARR values in the prospective cohort, on and off interfering medications. * Statistically significant
difference (p < 0.05). Reprinted with permission from Ref. [32]. Copyright 2023 Springer Nature.
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Figure 4. Receiver operating characteristic (ROC) curves comparing the diagnostic performance of
the aldosterone-to-renin ratio (ARR) with and without interfering with antihypertensive medications
in retrospective (A) and prospective (B) cohorts. The analysis illustrates how data-driven threshold
optimization—analogous to AI-driven calibration—can maintain diagnostic accuracy despite clinical
variability. Reprinted with permission from Ref. [32]. Copyright 2023 Springer Nature.

While small molecules have traditionally dominated early-stage drug discovery efforts,
particularly due to their favorable physicochemical properties and oral bioavailability, re-
cent advances in AI have increasingly been extended to the design and optimization of
biotechnological products, including monoclonal antibodies, therapeutic peptides, and nucleic
acid-based therapies. These complex molecules pose unique challenges, such as stability,
immunogenicity, and production scalability, which are now being addressed through machine
learning algorithms trained on structural, genomic, and pharmacokinetic datasets [33–35].

In this context, traditional heuristics, such as Lipinski’s Rule of Five, remain useful
for the initial filtering of small molecules but have limited applicability in the design of
larger or more complex entities. Moreover, AI-driven discovery platforms are beginning
to surpass these empirical rules by identifying candidates that fall outside conventional
boundaries yet still demonstrate clinical efficacy. For example, deep learning models
that consider 3D conformations, protein–ligand interactions, and dynamic behavior are
revealing new “druggable” spaces [36].

The integration of tools like AlphaFold, which accurately predicts protein structures,
and the rise of explainable AI (XAI) approaches, which provide interpretability and mech-
anistic insights, further indicate a shift from traditional rule-based paradigms toward
data-driven and structure-informed discovery frameworks. These innovations are expected
to expand the range of viable therapeutic candidates and improve the rational design of
both small and large molecules [36].

Toxicity Prediction

The toxicity of a drug is a crucial parameter in the drug development process, referring
to adverse effects caused by the drug’s mechanism of action or metabolites in the body [28,30].
Toxicity tests are initially conducted in vitro on cells, followed by studies in animals to identify
the compound’s toxicity in a living organism. These methods increase the cost and extend the
time required for drug development [37].

Several tools and pipelines are used to predict the toxicity of compounds. For instance,
eToxPred predicts bioavailability and toxicity through molecular fingerprints [30]. The Tox21
Data Challenge is a competition where researchers tested thousands of environmental chem-
icals and drugs for twelve different toxic effects. This led to the creation of the DeepTox
algorithm, which first normalizes the chemical representations of the products and calculates
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numerous molecular properties used as input for machine learning methods. Then, these
chemical properties are grouped, and DeepTox predicts the toxicity of new compounds [37].

Bioactivity Prediction

The effectiveness of a drug hinges on its binding affinity to the target protein or receptor.
Molecules that fail to interact or attach to the target protein are unlikely to trigger a therapeutic
response [5]. Sometimes, the drugs being studied may interact with unintended proteins
or receptors, leading to toxicity. Therefore, it is essential to understand the drug’s affinity
for its receptor (DTBA—Drug–Target Binding Affinity) in order to predict drug–receptor
interactions. Algorithms like ChemMapper are designed to predict such interactions [5,30].
The contribution of AI in this field has been demonstrated through advancements in the
analysis of molecular pairs (MMP—Matched Molecular Pair), where the impact of a single
molecular change on molecular properties and bioactivity is investigated. This approach is
widely used in QSAR testing [28]. A candidate molecule is chemically defined by a static
core and two fragments that are subsequently encoded. Machine learning methods, applied
after the MMP, can be used again to extrapolate possible new transformations, fragments,
and modifications of the static core [28]. DL approaches outperform ML methods in some
cases since they do not rely on the availability of 3D protein structures. Examples of such
DL methods include DeepDTA, which predicts and analyzes interactions between drugs and
target proteins, and DeepAffinity, which considers amino acid sequences and molecules for
structural and physicochemical properties, among others [5,30].

Prediction of Physicochemical Properties

Physicochemical properties—solubility, logP (partition coefficient), ionization degree,
intrinsic permeability, lipophilicity, and melting point—must be considered when designing
a new medication, as they can impact pharmacokinetic properties and interaction with
receptors [5,37]. LogP, which is the ratio of a substance’s concentration between an organic
solvent and water, helps estimate the drug’s cellular absorption. On the other hand, the
melting point indicates the ease with which a drug dissolves in a medium [37].

Considering the above properties, molecular representations used in AI algorithms for
drug design include “fingerprint”, a method that represents the molecule as a sequence of
numbers, as well as a simplified molecular input line entry system (SMILES) for predicting
molecular properties, molecular graphs where atoms are represented as points and bonds
as edges, and others [38]. Applying algorithms facilitates the prediction of molecular
properties and allows for the identification of potential relationships between molecular
properties and their structures. For example, the EPI (Estimation Program Interface)
program allows for the evaluation of certain physicochemical properties through the
application of the QSPR (Quantitative Structure–Property Relationship) algorithm [39].

3.1.2. Drug Design

The vast availability of data presents a significant challenge for drug design, as it
involves navigating an expansive chemical information space associated with various
targets to identify the optimal solution [40]. Several milestones have been achieved in the
drug design process, establishing it as the primary approach for the present and future. The
first major advancement was recognizing and understanding drug–receptor interactions.
Daniel Koshland demonstrated that both molecules undergo conformational changes
during their interaction, adopting the most suitable conformations to bind effectively [41].
With technological advancements and the integration of AI, the primary breakthrough in
this field has been the development of in silico modeling technologies applied to virtual
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screening, compound design, SAR and QSAR analyses, pharmacokinetic modeling, and
drug–drug interaction studies [41]. AI plays a critical role in drug design by anticipating
protein–drug interactions and predicting the structure of target proteins [39].

Prediction of Drug–Protein Interaction

For a drug to have a therapeutic effect, it must first bind to a protein to ensure effective
treatment of a disease. Understanding drug–protein interactions is crucial for optimizing
drug efficacy and effectiveness. This knowledge is instrumental in avoiding unintended
drug repurposing and mitigating polypharmacology-related issues [5]. These interactions
are fundamental and are often directly linked to various diseases through distinct biological
processes. They involve numerous protein binding sites beyond the conventional targets,
such as ion channels, kinases, and nuclear receptors, facilitating the development of small-
molecule drugs. However, existing AI methods in this area face limitations due to the
availability and diversity of structural data, as only a small fraction of known structures
include detailed insights into yeasts, microorganisms, and human proteins [42].

Prediction of Target Protein 3D Structure

When the goal is to develop a molecule that will later be integrated into a medication
targeting a specific disease, predicting the structure of the target protein is crucial for
ensuring a successful therapeutic outcome [5]. The 3D structure of the target protein is
critical because new drug molecules are designed based on the chemical environment of
the target protein’s binding site [37]. However, predicting the three-dimensional structure
of a protein is challenging, as it relies solely on its amino acid sequence, making this task
highly complex [43].

Advancements in technology have led to the development of useful methods and
tools to assist researchers in addressing this issue. Among these is AlphaFold, the first
computational method capable of predicting protein structures with atomic precision, even
when no similar structure is known [37,43]. AlphaFold utilizes deep neural networks
(DNNs) to predict protein properties from its primary amino acid sequence. It analyzes the
distance between adjacent amino acid pairs and the corresponding peptide bond angles
to accurately predict the protein’s three-dimensional structure. AlphaFold successfully
predicted 25 out of 43 protein structures with remarkable precision, surpassing other
methods by a significant margin [37,43,44].

3.1.3. Drug Repurposing

In parallel to the new drug development, drug repurposing, the identification of new
therapeutic uses for existing or previously shelved drugs, has become an increasingly
strategic and cost-effective alternative. This approach circumvents early preclinical testing
and leverages existing safety and pharmacokinetic data to advance candidates more rapidly
into clinical evaluation. When combined with AI technologies, drug repurposing becomes
even more powerful, as machine learning models can mine large-scale biomedical datasets,
molecular structures, and disease networks to identify novel indications [45].

Drug repurposing involves discovering new therapeutic uses for already approved
drugs (Table 3) [45]. The main advantages of this approach include pre-existing knowledge
of toxicity, efficacy, and pharmacokinetic and pharmacodynamic profiles. This allows
the drug to proceed directly to Phase 2 or Phase 3 clinical trials, significantly reducing
associated costs and development time (Figure 5) [6,46].

16



Pharmaceuticals 2025, 18, 788

Table 3. Examples of drugs subject to the mechanism of repurposing using AI techniques [47].

Molecule
Original Therapeutic

Indication
New Therapeutic Indication

Ormeloxifene Oral contraceptive Prostate Cancer
Metformin Diabetes Cancer
Cimetidine Ulcer Lung Cancer

Bazedoxifene Osteoporosis Breast Cancer

Figure 5. Schematic representation of the new drug development and drug repurposing. The arrow
indicates the starting point for each approach, while the numbers represent the duration in years. In
this figure, drug repurposing is considered the process of identifying or discovering new therapeutic
targets for an already marketed drug. Unlike the new development, repurposing begins with target
discovery and proceeds directly to Phase 2 and 3 clinical trials, bypassing animal studies and Phase 1
trials, as existing data from the original drug can be leveraged. Adapted from [46].

Drug repurposing can be carried out experimentally or through computers, with
the latter method being referred to as in silico drug repurposing, which can be classified
according to two approaches: discovering new indications for an existing drug—drug
centered—or identifying effective drugs for diseases—disease centered [46].

The concept of in silico drug repurposing is currently widely used, and its expansion
was made possible due to two types of technologies, such as the high-throughput data
collection from various sources, including genomics, proteomics, chemoproteomics, and
phenomics, which were generated and stored, and due to advances in computational
and data sciences that enabled the development of repositioning algorithms along with
retrospective analyses and maintenance of experimental data in a database [46].

This strategy includes target-based drug repurposing, which screens almost all drug
compounds with known chemical structures and directly links targets to disease mech-
anisms; pathway-based repurposing, which utilizes metabolic and signaling pathways
and information about protein interactions to predict the similarity or connection between
drugs and diseases; and mechanism-based repurposing, which interlinks information
about signaling pathways, treatment-related omics data, and protein interaction networks
to discover new mechanisms of action for drugs [46].

ML techniques applied to drug repurposing include logistic regression, support vector
machine (SVM), random forest, neural forest (NN), and DL [46].

Ormeloxifene, originally developed as a non-steroidal oral contraceptive, has been
repurposed for cancer treatment using AI-driven approaches. Machine learning algorithms
analyzing gene expression data and molecular docking studies have identified its potential
in targeting signaling pathways involved in cancer progression, particularly in breast and

17



Pharmaceuticals 2025, 18, 788

ovarian cancers. By leveraging deep learning models trained on drug–target interaction
networks, researchers have found that ormeloxifene exhibits anti-cancer properties by
modulating cell cycle regulation and apoptosis [47].

Widely used for type 2 diabetes, metformin has gained attention as a potential anti-
cancer agent through deep learning models that analyze large-scale patient datasets, gene
expression profiles, and cancer cell line responses. AI-based techniques, particularly unsu-
pervised clustering and neural networks, have linked metformin to the inhibition of the
mTOR and AMPK pathways—key regulators of cancer metabolism and proliferation. These
findings have led to multiple clinical trials investigating metformin’s role in preventing
and treating various cancers, including breast and colorectal cancer [47].

Initially developed as an H2 receptor antagonist for gastric ulcers and acid reflux, cimeti-
dine was identified as a potential cancer therapy through AI-based drug repurposing pipelines.
Computational methods, including network-based drug discovery and virtual screening, have
demonstrated that cimetidine can modulate immune response and inhibit cancer cell ad-
hesion, particularly in colorectal and gastric cancers. AI-driven molecular docking studies
suggest that cimetidine disrupts tumor immune evasion by blocking E-selectin-mediated
cancer metastasis, making it a promising candidate for combination cancer therapies [47].

Finally, originally approved for osteoporosis treatment, bazedoxifene has been repur-
posed for oncology using deep learning techniques that analyze molecular binding affinities
and structural similarities with known anti-cancer agents. AI-driven screening of protein–
ligand interactions has shown that bazedoxifene acts as a potent STAT3 inhibitor, a key target
in various cancers, including breast and pancreatic cancers. By leveraging reinforcement
learning and generative models, researchers have further optimized its anti-cancer potential,
leading to preclinical studies exploring its role in targeted cancer therapies [47].

These examples highlight how AI techniques—ranging from machine learning on
biological data to deep learning-based molecular simulations—are accelerating drug repur-
posing efforts, offering new therapeutic possibilities for cancer treatment [47].

3.1.4. Polypharmacology

The concept of polypharmacology shifts from the traditional “one drug, one target” ap-
proach and explores how different drugs can interact with multiple pharmacological targets,
potentially producing side effects or therapeutic benefits [48,49]. Polypharmacology involves
addressing several challenging issues in drug discovery, including identifying synergistic
targets, designing chemical molecules with the desired multi-target profile, and evaluating
their bioactivity [48,49]. The emergence of the concept of multifactorial diseases required the
involvement of multi-target (MT) approaches, becoming a key focus in various therapeutic
areas. Drug interactions with different targets could lead to unexpected side effects, involv-
ing “anti-targets”, such as ion channels or metabolizing enzymes. However, not all these
unintended effects are undesirable, as they provide a basis for drug repurposing [48].

AI has helped revolutionize this concept of polypharmacology by providing extensive
knowledge about drugs and their interactions. SynPhayhy, an ML-based approach, uses a
neural network based on drug chemical structures, offers insights into drug synergy, and
identifies relevant biological pathways. DeepMDS also predicts synergy between multiple
drugs based on therapeutic targets and gene expression information [49].

3.1.5. Integration of AI with PBPK and Population PK Models

The integration of artificial intelligence with Model-Informed Drug Development (MIDD)
offers a powerful paradigm shift in pharmaceutical R&D. MIDD approaches, such as physio-
logically based pharmacokinetic (PBPK) and population pharmacokinetic (Pop-PK) modeling,
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rely on mechanistic simulations to predict drug behavior under various physiological con-
ditions. When enhanced by AI techniques, including machine learning, deep learning, and
generative algorithms, these models can incorporate complex, real-world datasets to refine
predictions, simulate virtual populations, and optimize dosing strategies. This synergistic
integration allows for more accurate hypothesis generation, derisking of candidates, and
acceleration of development timelines, particularly in early-phase trials. However, successful
implementation depends on the availability of high-quality data, robust validation processes,
and attention to interpretability and algorithmic fairness. Regulatory agencies have begun
adapting their evaluation frameworks to accommodate this hybrid approach, acknowledging
its transformative potential for drug discovery and personalized medicine [50].

Pharmacokinetic modeling has long been essential for understanding drug absorp-
tion, distribution, metabolism, and excretion (ADME) characteristics. Among the most
widely used approaches are physiologically based pharmacokinetic (PBPK) models and
population pharmacokinetic (Pop-PK) models. PBPK models simulate drug behavior using
mathematical representations of physiological systems, incorporating variables such as
tissue volumes, blood flow, and enzyme activity. Pop-PK models, by contrast, analyze
variability in drug kinetics across diverse patient populations to support dose optimization
and safety assessments [51,52]. The integration of AI and machine learning techniques into
PBPK and Pop-PK modeling has significantly enhanced predictive accuracy and efficiency.
AI algorithms can process vast clinical and preclinical datasets to automatically calibrate
model parameters, identify nonlinear patterns, and generate simulations that would be
unfeasible using conventional methods alone. This hybrid modeling approach allows for
more accurate dose prediction, better inter-subject variability characterization, and faster
regulatory submissions [53,54]. Moreover, AI-enhanced PBPK models have been used to
anticipate drug–drug interactions, simulate scenarios in pediatric or geriatric populations,
and guide first-in-human (FIH) dose selection. In combination with real-world data and
omics-based biomarkers, these models are also instrumental in precision dosing strate-
gies. By reducing the number of empirical studies required and enabling earlier go/no-go
decisions, the fusion of AI with pharmacokinetic modeling contributes directly to cost
reduction, faster development, and improved clinical outcomes [55,56].

3.2. Integrating AI in Clinical Trials

The data generated from clinical trials form the basis for evidence-based medicine,
guiding healthcare professionals in making informed decisions about patient care. Through
these rigorous tests in diverse populations, clinical trials not only validate the effective-
ness of new interventions but also uncover potential side effects and long-term impacts.
Ultimately, the impact of clinical trials extends beyond individual patients, shaping the
landscape of healthcare and improving outcomes on a global scale [57]. However, while
clinical trials are indispensable for advancing medical research and establishing the safety
and efficacy of new interventions, they come with inherent limitations that can impact
their efficiency, generalizability, and ability to address certain complex healthcare chal-
lenges. The limited patient diversity, stringent inclusion criteria, short follow-up durations,
and ethical concerns are some of the limitations that pose obstacles to the comprehensive
understanding of treatments and their real-world implications [58].

In recent years, the incorporation of AI technologies has become a transformative
force, providing innovative solutions to address these challenges. This intersection of
clinical trials and AI holds tremendous promise, providing tools and methodologies to
enhance patient recruitment, optimize trial designs, streamline data management, and
address ethical considerations [59–62].
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Artificial intelligence has increasingly demonstrated its utility in enhancing the ef-
ficiency and precision of clinical trial processes, particularly in patient recruitment, trial
design, and adaptive protocols. In the recruitment phase, AI models can analyze vast
datasets—such as electronic health records, genomic data, and clinical notes—to identify
individuals who match specific inclusion and exclusion criteria. This targeted approach
not only accelerates recruitment but also improves population diversity and trial represen-
tativeness [63].

In trial design, AI-powered analytics enable the simulation of multiple study scenarios
by integrating historical clinical data, disease progression models, and demographic vari-
ability. This allows researchers to optimize key parameters such as sample size, endpoint
selection, and stratification strategies. Furthermore, adaptive trial protocols have benefited
from real-time AI monitoring systems capable of analyzing incoming data streams during
the trial. These systems support dynamic adjustments—such as dose modification, cohort
expansion, or early termination—based on predefined statistical thresholds. By doing so,
AI enhances both the ethical and scientific rigor of trials, minimizing patient exposure to
ineffective interventions while maximizing data relevance and trial success rates [10,59,64].

In fact, a recent study analyzed the success of AI-discovered drugs in clinical trials,
highlighting their growing impact on pharmaceutical research. The study found that AI-
driven biotech companies have introduced 75 drug candidates into clinical trials since 2015,
with 67 still progressing as of 2023. Notably, AI-discovered molecules demonstrated an
80–90% success rate in Phase 1 trials, significantly surpassing traditional drug development
benchmarks. In Phase 2 trials, these drugs exhibited a 40% success rate, aligning with
historical industry averages. The study categorized AI-discovered drugs into key areas,
including small molecules, biologics, vaccines, and repurposed drugs, with oncology being
a primary focus. Additionally, the rapid expansion of AI in drug discovery has accelerated
development timelines and fostered collaborations between biotech startups and major
pharmaceutical companies [65].

AI algorithms can analyze vast amounts of patient data from electronic healthcare
records, the medical literature, and other sources to identify suitable candidates for clinical
trials. Natural language processing (NPL) techniques enable the extraction of relevant
information from unstructured data, helping researchers find individuals who meet specific
criteria quickly and accurately [66].

Designing an effective clinical trial protocol is crucial for its success. AI-powered
predictive analytics can analyze historical trial data to identify patterns, predict potential
outcomes, and optimize study protocols. By considering various factors, such as patient
demographics, disease characteristics, treatment protocols, and endpoints, AI algorithms
can suggest adjustments to enhance trial effectiveness and efficiency [59,60]. In addi-
tion, AI algorithms can analyze patient data to predict treatment responses and outcomes.
By integrating data from multiple sources, including genomics, proteomics, and clinical
parameters, AI can identify biomarkers and patient subgroups that are more likely to re-
spond favorably to a particular treatment. This predictive capability helps in personalizing
treatment regimens and improving patient stratification in clinical trials [67].

AI-powdered monitoring systems can continuously analyze incoming data from
clinical trials in real time. By detecting deviations from expected patterns and identifying
safety concerns or efficacy signals early, AI enables researchers to make timely adjustments
to trial protocols. This capability is particularly valuable in adaptative trials, where trial
parameters can be modified dynamically based on accumulating data.

AI algorithms can assess patient risk factors and predict adverse events, allowing
researchers to proactively mitigate risks and ensure patient safety during clinical trials. By
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analyzing patient characteristics, medical history, and treatment-related factors, AI can
identify individuals who may be at higher risk of experiencing adverse events or treatment
failures, enabling tailored interventions and monitoring strategies [68–70].

One of the most significant bottlenecks in clinical trials is patient recruitment. In fact,
finding eligible patients who meet specific criteria can delay trials for months or even years,
which drives up costs and postpones potentially life-saving treatments from reaching the
public. AI addresses this challenge by analyzing vast datasets, such as electronic health
records (EHRs), to identify potential participants based on factors like age, medical history,
and genetic makeup. Using AI-powered tools, researchers can quickly match patients
to trials, improving the chances of filling participant quotas efficiently. Furthermore,
AI systems enhance retention rates by offering personalized outreach, sending tailored
reminders, and providing ongoing support. These platforms keep participants engaged,
reducing the risk of dropout and ensuring that trials can continue without disruptions.

To optimize patient selection for osteoarthritis (OA) clinical trials, a machine learning
(ML) strategy was developed to identify individuals with a higher likelihood of disease
progression. This “progression-enriched” approach aims to better evaluate the effectiveness of
disease-modifying treatments by focusing on patients most likely to exhibit OA progression.
The recruitment strategy was structured in two stages. In the first stage, ML models were
trained on data from existing OA cohorts to rank candidates by their probability of progression.
This model narrowed down the pool of potential participants for an initial screening visit.
In the second stage, a refined ML model incorporated data gathered during screening to
make the final patient selection. The effectiveness of this strategy was validated in the IMI-
APPROACH knee OA study. Of 3500 candidates, 433 patients underwent screening, 297
were enrolled, and 247 completed a 24-month follow-up. The ML model demonstrated
high accuracy in predicting pain-related progression (AUC 0.61). The progression rates in
the selected population varied, with 30% showing pain-related progression, 13% showing
structural changes, and 5% showing both. Furthermore, progressors were ranked higher than
non-progressors, indicating the model’s success in identifying those more likely to experience
disease progression. This ML-assisted recruitment strategy effectively enriched the trial
population with progressive OA patients, demonstrating its potential to enhance trial efficacy.
However, further refinement is needed to improve predictions for structural progression, and
additional research is necessary to validate this approach in an interventional setting [71].

Figure 6 schematically presents the application of AI in drug development, illustrating
the interaction between the different stages mentioned earlier.

Beyond structured clinical trial data, the integration of real-world data (RWD) and
natural language processing (NLP) has significantly broadened the analytical capabilities
of AI in pharmaceutical research. RWD encompass information collected from a variety of
sources outside traditional clinical trials, such as electronic health records (EHRs), claims
and billing data, mobile health apps, wearable sensors, patient registries, and even social
media platforms. These data offer insights into patient behavior, adherence, comorbidities,
and long-term treatment outcomes, providing a more comprehensive view of real-world
clinical practice [72,73]. AI algorithms can process these large, heterogeneous datasets to
identify patient subpopulations with specific clinical characteristics, predict progression
trajectories, and simulate trial outcomes under various scenarios. For instance, machine
learning models trained on EHR data can detect hidden phenotypes or patterns indicative
of eligibility, thus enhancing patient stratification and reducing recruitment time. Moreover,
RWD supports external control arms, allowing researchers to compare intervention groups
with historical real-world cohorts, which is particularly valuable in rare diseases or ethical
situations where placebo use is limited [74–76].
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Figure 6. Schematic representation of AI application in drug development. Adapted with permission
from Ref. [12]. Copyright 2019 Elsevier.

Complementing this, natural language processing (NLP) enables the extraction of
structured information from vast amounts of unstructured text, such as clinical notes,
pathology reports, radiology descriptions, and biomedical literature. NLP has been used
to automatically identify adverse drug reactions, patient-reported outcomes, and even
subtle clinical indicators not captured in standard coding systems. By integrating NLP
outputs into AI models, researchers can uncover associations and patient characteristics
that would otherwise remain inaccessible, enriching trial data and supporting adaptive
protocols. Furthermore, NLP facilitates the automated screening of trial eligibility by
parsing narrative health records, thereby streamlining recruitment workflows [77,78].

Artificial intelligence methods have also shown remarkable promise in the area of adverse
drug reaction (ADR) detection, a critical component of post-marketing surveillance. A recent
study introduced a novel deep learning framework known as Neural Self-Controlled Case
Series (NSCCS), designed specifically for ADR discovery using large-scale electronic health
records (EHRs). By following a self-controlled case series methodology, the model implicitly
adjusts for time-invariant confounders, enhancing the reliability of the detected associations
between drugs and adverse conditions. The framework was validated on real-world clinical
data and demonstrated superior performance in identifying ADRs compared to traditional
methods, illustrating the potential of deep neural networks to extract clinically actionable
insights from complex longitudinal datasets [75]. Together, the synergistic use of RWD and
NLP enhances the relevance, inclusiveness, and efficiency of clinical trials, bridging the gap
between controlled experimental settings and real-world clinical environments.

Recent studies also demonstrate the potential of AI tools beyond trial design and
recruitment, particularly in the context of post-treatment patient management and sup-
portive care. For instance, a three-year clinical follow-up study in patients with stage
III–IV nasopharyngeal carcinoma (NPC) showed that AI-assisted home enteral nutrition
(HEN) management significantly improved long-term health outcomes. Patients who
received AI-guided nutritional support exhibited higher survival rates, lower recurrence
and metastasis, better nutritional profiles, and reduced psychological stress and physical
discomfort when compared to standard care. These effects were clearly illustrated through
objective physical and biochemical indicators, including body mass composition (Figure 7),
and improved laboratory values, such as albumin and hemoglobin levels (Figure 8). These
findings reinforce the relevance of AI not only in accelerating drug development but also
in enhancing quality of life and treatment recovery trajectories [79].
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Figure 7. Comparative analysis of basic body quality indicators, including body mass index (BMI)
and body protein levels, among patients with stage III–IV nasopharyngeal carcinoma (NPC) three
years after treatment. Patients receiving AI-assisted home enteral nutrition (HEN) management
(Group A) exhibited significantly better nutritional status than those under traditional HEN (Group B)
or no HEN (control group) [79].

Figure 8. Laboratory results assessing hematologic and biochemical parameters among NPC patients
three years post-treatment. AI-assisted HEN (Group A) was associated with higher hemoglobin and
albumin levels and a lower Epstein–Barr virus (EBV) DNA positivity rate compared to the control
group. * Compared with control group, 0.01 < p < 0.05; ** compared with control group, p < 0.01;
� compared with Group B, 0.01 < p < 0.05 [79].
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3.3. AI-Developed Drugs: Highlighted Cases

Computational methods have played a crucial role in drug discovery. The use of
medication design with the aid of computers has contributed to the development of several
drugs that have already been approved, such as the initial examples of captopril, saquinavir,
ritonavir, indinavir, and tirofiban [80].

In January 2020, the British pharmaceutical company Exscientia published that DSP-1181,
a potent long-lasting 5-HT1A serotonin receptor agonist developed to treat OCD (Obsessive–
Compulsive Disorder), had entered Phase 1 clinical trials. An AI platform was created to identify
relevant compounds from chemical libraries. In partnership with the Japanese pharmaceuti-
cal company Sumitomo Dainippon Pharma, the drug took just 12 months to develop, from
screening to the end of preclinical trials [81,82]. Exscientia has developed other drugs using
AI, including DSP-0038, which entered Phase 1 clinical trials in the UK in May 2021. It was
also developed in collaboration with Sumitomo Dainippon Pharma and aims to alleviate the
behavioral and psychological symptoms of dementia, such as agitation, anxiety, and aggression,
in individuals suffering from Alzheimer’s disease, as it has a low affinity for dopamine D2
receptors, improving its tolerability compared to conventional antipsychotics. EXS-21546, devel-
oped in December 2020, also entered Phase 1 clinical trials and acts as an immuno-oncology
agent for various types of tumors. It was created in collaboration with Evotec [83].

Another example is Baricitinib, which was defined by BenevolentAI, a company that
uses AI to discover new uses for existing drugs and to predict their effectiveness in treating
SARS-CoV-2. It was found to be effective in reducing the virus’s ability to infect lung cells
due to its anti-inflammatory and antiviral properties [84].

It is also relevant to mention a study that employed AI to screen 7684 molecules,
training a predictive model to identify potential antibacterial compounds. The model then
analyzed 6680 additional molecules and, within hours, successfully pinpointed 240 can-
didates for experimental testing. Among them, Abaucin emerged as a potent and highly
selective antibiotic against Acinetobacter baumannii, a dangerous pathogen responsible for
hospital-acquired infections. Unlike broad-spectrum antibiotics, Abaucin specifically tar-
gets A. baumannii by disrupting lipoprotein transport via the LolE protein, minimizing
off-target effects on beneficial bacteria. In animal models, Abaucin demonstrated strong
antibacterial activity, significantly reducing infection and inflammation in mice with A. bau-
mannii-infected wounds. This breakthrough illustrates AI’s potential to accelerate drug
discovery, optimize target specificity, and improve treatment efficacy, marking a shift
toward more efficient and precise antibiotic development [85].

Another notable example is GENTRL, an AI-driven generative reinforcement learning
model that successfully designed DDR1 kinase inhibitors, a promising drug class for treat-
ing fibrosis and cancer. Similarly, DeepMalaria, a deep learning-based model, identified
compounds with Plasmodium falciparum inhibitory activity, contributing to malaria drug
discovery. Another breakthrough is ReLeaSE, a reinforcement learning model capable of gen-
erating new drug-like molecules while predicting their biological activity with high accuracy.
Additionally, AlphaFold, an AI-powered protein structure prediction tool, has transformed
drug target identification by accurately predicting 3D protein structures, significantly im-
proving drug design strategies. These advancements highlight AI’s ability to streamline
drug development, optimize molecular properties, and repurpose existing drugs for new
therapeutic applications, paving the way for more efficient and targeted treatments [86].

INS018_055 is an innovative drug candidate for idiopathic pulmonary fibrosis (IPF), a
severe lung disease with limited treatment options. Developed by Insilico Medicine, this
small molecule was designed using deep learning and generative AI models, which screened
millions of chemical structures to predict an optimal candidate. AI significantly accelerated
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the drug’s development, allowing it to progress from discovery to Phase 1 clinical trials in
record time. INS018_055 represents a breakthrough in AI-driven drug discovery, showcasing
how machine learning can rapidly identify novel treatments for complex diseases [87].

Halicin is an antibiotic discovered through AI by a team at MIT. It was identified by
a deep learning model known as Chem net, which was trained to predict antimicrobial
activity across various compounds. The AI system searched chemical databases to find
molecules with the potential to combat drug-resistant bacteria, and Halicin emerged as
a promising candidate. Unlike conventional antibiotics, Halicin operates by disrupting
the proton gradient across bacterial cell membranes, a mechanism that was previously
unrecognized. The drug demonstrated broad-spectrum antimicrobial activity, effectively
targeting a wide range of bacteria, including those resistant to multiple existing antibiotics.
In preclinical tests, Halicin was shown to be effective against pathogens such as Clostridium
difficile, E. coli, and Mycobacterium tuberculosis. Halicin represents a major breakthrough
in the fight against antibiotic resistance, showcasing the potential of AI to accelerate drug
discovery and provide novel solutions to longstanding global health challenges. Although
still in the early stages of development, Halicin holds significant promise for tackling the
growing threat of antibiotic-resistant infection [88].

Several artificial intelligence platforms have already demonstrated a concrete impact
on pharmaceutical innovation, providing real-world examples of how these technologies
are reshaping traditional drug discovery paradigms [36]. One of the most prominent is
AlphaFold, developed by DeepMind, which revolutionized protein structure prediction.
This platform employs deep learning techniques to accurately predict the three-dimensional
structure of proteins based solely on their amino acid sequences, overcoming one of the
major bottlenecks in structural biology. The wide accessibility of AlphaFold’s predictions has
significantly accelerated the identification of novel drug targets, facilitating structure-based
drug design [89,90]. Another noteworthy example is BenevolentAI, a platform that integrates
machine learning with biomedical data mining to identify new therapeutic applications
for existing drugs. During the COVID-19 pandemic, BenevolentAI successfully identified
Baricitinib—a drug originally approved for rheumatoid arthritis—as a potential treatment
for SARS-CoV-2 infection. The repurposed use of Baricitinib was rapidly validated through
clinical trials and received emergency use authorization, demonstrating the practical relevance
and speed that AI-based approaches can bring to drug development [91,92].

Atomwise is also at the forefront of AI in drug discovery. Using deep convolutional
neural networks, their AtomNet platform performs structure-based virtual screening to
predict binding affinities between small molecules and biological targets. This technology
has been applied across multiple therapeutic areas, including oncology, neurology, and
infectious diseases. Through partnerships with academic institutions and pharmaceutical
companies, Atomwise has contributed to the identification of new candidate molecules,
significantly reducing the time and resources required for early-stage discovery [93,94].

These platforms illustrate how AI can produce clinically meaningful results and
support the development of innovative therapies with enhanced precision and efficiency.

3.4. AI in Biomedical Systems Modeling and Network Dynamics

In complex biomedical and pharmacological systems, where feedback loops and time-
delayed interactions are common, identifying the underlying network structure in a timely
manner is crucial for accurate modeling and intervention. While traditional topology identifica-
tion techniques often rely on asymptotic convergence, recent advances in finite-time topology
identification offer faster and more robust alternatives. A novel method based on finite-time
stability theory has demonstrated effective synchronization and topology reconstruction of de-
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layed dynamical networks, with potential implications for biological systems where dynamic
connectivity influences drug response. Although initially applied to power grids for rapid
detection of line outages, the proposed method proved capable of fast and accurate topology
identification, even in second-order nonlinear systems. Future developments—including
the incorporation of switching topologies and resilience against cyber attacks—may further
enhance its applicability in healthcare-related network modeling [95].

3.5. Limitations, Risks, and Real-World Performance of AI Applications

Despite the growing number of AI-driven tools in pharmaceutical R&D, several critical
limitations continue to hinder their effective translation into real-world success. One of
the major challenges is data heterogeneity. Pharmaceutical data originate from highly
diverse sources, including omics datasets, clinical records, imaging, and chemical structures,
which often differ in format, quality, scale, and completeness. These discrepancies can
impair model performance, reduce reproducibility, and require extensive preprocessing
and standardization [96].

Another major concern is algorithmic bias, which arises when training datasets are
unbalanced or not representative of the target population. This can lead to biased pre-
dictions, poor generalizability, and potential safety risks, especially when AI models are
applied to underrepresented groups in clinical settings [96,97]. Model interpretability
also remains a significant barrier. Many deep learning approaches operate as “black-box”
systems, making it difficult for researchers and regulators to understand the rationale
behind specific predictions. The emergence of explainable AI (XAI) seeks to mitigate this
by providing interpretable outputs and highlighting key variables that influence model
decisions. However, implementation in regulated environments still faces resistance due
to the complexity of the models [91,96,97]. Equally important is the lack of real-world
validation for many AI-derived insights. While models may perform well in retrospective
or simulated datasets, prospective validation in live clinical or regulatory contexts is rare.
This limits confidence in AI-generated drug candidates and slows adoption.

Although there have been notable successes, such as Baricitinib—repurposed for
COVID-19 treatment using AI-based target prediction—and the rapid design of DSP-1181,
failures are less often reported. Several AI-predicted candidates have shown promise
in silico but failed to replicate efficacy in vitro or in early clinical phases, often due to
overfitting, flawed assumptions, or lack of biological plausibility [91,92]. For AI to become
a dependable tool in drug development, robust data governance, external validation, and
transparent reporting standards must be established, ensuring that AI models are not only
innovative but also reproducible, equitable, and clinically meaningful.

4. Regulatory Issues

The integration of AI and ML into pharmaceutical research and development presents
significant regulatory challenges. Existing regulatory frameworks were not initially de-
signed to evaluate AI-driven therapeutics, and their rapid evolution has outpaced the
development of specific guidelines tailored to these tools [98,99]. However, regulatory
agencies worldwide are actively adapting their frameworks to the unique challenges posed
by AI and ML in pharmaceutical research and healthcare. For example, the U.S. Food
and Drug Administration (FDA) has launched targeted programs, such as the Digital
Health Software Precertification (Pre-Cert) Program and the Artificial Intelligence/Machine
Learning-Based Software as a Medical Device (SaMD) Action Plan. These initiatives aim to
streamline the evaluation and approval of AI-driven tools while ensuring patient safety and
efficacy [100,101]. Notably, AI-based medical devices like IDx-DR, an autonomous system
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for diabetic retinopathy diagnosis, have already received FDA clearance, exemplifying the
agency’s proactive stance toward validated AI technologies [101].

Recent regulatory reviews emphasize the growing consensus on the need for risk-
based oversight frameworks to ensure the ethical, safe, and scalable use of AI in drug and
biological product development. A multidisciplinary review reflecting on FDA workshops
has highlighted the importance of practical regulatory guidelines, cross-border harmoniza-
tion, and the integration of human oversight in AI-assisted decision-making processes.
These reflections underscore that beyond technical validation, regulatory approaches must
also address broader issues such as data privacy, transparency, governance, and equitable
access. As global agencies navigate differing regulatory perspectives, a unified ethical and
legal framework for AI in drug development is becoming increasingly vital [97].

One of the central concerns lies in the lack of clear, standardized guidance on how to
evaluate and validate AI-derived predictions and computational models. Unlike conven-
tionally developed molecules—typically assessed through well-established experimental
paradigms—AI-generated candidates often arise from complex, opaque algorithms, particu-
larly deep learning models, which may lack interpretability and mechanistic transparency.
This “black-box” nature can hinder regulatory confidence and pose challenges to the assess-
ment of safety, efficacy, and reproducibility. To address these issues, agencies such as the FDA
have introduced several initiatives. For instance, the FDA’s “Artificial Intelligence/Machine
Learning (AI/ML)-Based Software as a Medical Device (SaMD) Action Plan” emphasizes the
importance of flexibility in oversight while maintaining rigorous standards of patient safety.
A key element of this initiative is the development of “Predetermined Change Control Plans”
(PCCPs), which allow for software updates without resubmission, provided that modifications
are pre-specified and controlled. Complementing this, the FDA is developing Good Machine
Learning Practice (GMLP) guidelines, in collaboration with organizations like IEEE and ISO,
to ensure algorithmic quality, transparency, and reliability [98,100].

Additionally, the FDA has launched the Digital Health Software Precertification (Pre-
Cert) Program and the Emerging Technology Program to accelerate the evaluation and
approval of novel AI-based tools [101]. Real-world regulatory approvals, such as the
clearance of IDx-DR—an autonomous AI diagnostic system for diabetic retinopathy—
demonstrate the agency’s openness to validated AI applications. Similarly, the FDA’s Real-
World Performance (RWP) Monitoring program seeks to track the post-market performance
of AI/ML-based tools to ensure ongoing safety and efficacy [102].

In Europe, the EMA has taken similar steps through its Innovation Task Force, which
provides early dialogue with developers of AI-driven health technologies. The EMA has
stressed the importance of transparency, robust data quality, and post-market surveillance
in submissions that involve AI components. Under the EU’s Medical Device Regulation
(MDR), AI-based medical devices must undergo stringent classification and conformity
assessments. However, both the FDA and EMA continue to face challenges in regulating
continuously learning AI systems, particularly with respect to algorithmic drift and the
need for dynamic risk assessment [103].

The successful integration of physiologically based pharmacokinetic (PBPK) models
into regulatory submissions provides a relevant precedent for the future acceptance of AI
tools. Originally limited to exploratory simulations, PBPK models are now routinely used
to inform dosing strategies, predict drug–drug interactions, and guide extrapolations to
special populations. Their journey to regulatory acceptance—through systematic validation,
standardization, and inclusion in guidance documents—highlights a viable pathway for
future AI technologies [104].
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Another emerging regulatory frontier is the incorporation of in silico clinical trials
and virtual patient populations. These AI-driven simulations, powered by real-world data
and mechanistic models, allow researchers to predict drug responses, optimize protocols,
and explore therapeutic scenarios without direct patient involvement. Although not a
replacement for traditional clinical trials, they are increasingly viewed as valuable com-
plements that can enhance trial design and improve resource efficiency [105,106]. At the
same time, several risks require careful consideration. Data quality and bias represent
significant regulatory hurdles, as training data may be unbalanced or non-representative,
potentially leading to discriminatory outcomes. As such, regulators are emphasizing the
need for fairness audits, diverse training datasets, and post-market surveillance to detect
algorithmic biases [107].

The issue of interpretability is also central. Regulatory bodies require explainable
AI (XAI) approaches that can justify molecular selection and decision-making processes,
especially in contexts involving patient safety. Companies are responding by incorporating
XAI methods into development pipelines, aiming to build models that are both powerful
and interpretable [108]. Another complex challenge is the question of intellectual property
(IP) rights for AI-generated drug candidates. Current patent systems were designed around
human inventorship, and legal frameworks are still evolving to determine how ownership
is assigned when AI plays a central role in molecular design. These raise questions about
attribution, responsibility, and protection of innovation.

Finally, the lack of harmonized global standards remains a barrier. Regional disparities
in classification, approval, and surveillance practices can hinder the efficient development
and deployment of AI-enabled pharmaceutical products. Collaborative initiatives and
international regulatory convergence will be essential to foster a balanced, globally coherent
approach [96].

In summary, the regulatory landscape for AI in drug discovery is rapidly evolv-
ing. While substantial challenges persist—such as interpretability, bias, and lack of
harmonization—regulatory bodies are increasingly proactive in addressing these through
flexible oversight models, stakeholder collaboration, and adaptive guidance frameworks.
Continued dialogue between developers, regulators, and academia will be key to en-
suring that AI technologies are safely and effectively integrated into the pharmaceutical
innovation pipeline.

5. Conclusions and Future Perspectives

These investments are forming a clear vision that AI will play a significant role in the
future discovery and development of drugs. The fast advancement of AI (AI) is contributing
to innovation across numerous industries, with the pharmaceutical sector being one of the
most impacted. AI aims to automate, optimize, and personalize various areas within the
pharmaceutical industry, particularly in pharmacological research, which shows the most
interest among researchers [28,29].

Virtual screening techniques will help accelerate the drug discovery process by analyz-
ing vast chemical libraries and finding the best therapeutic candidate based on the required
characteristics. This process will significantly reduce the time spent discovering potential
therapeutic compounds and also cut down on associated costs [13].

Patient categorization through AI will facilitate the development of personalized
therapies by analyzing genomes, proteomes, and clinical records. This will allow for
the creation of a more effective medication for each specific patient, with fewer adverse
reactions and a tailored dose. With AI algorithms, it will be possible to improve therapeutic
outcomes by considering factors such as age, weight, genetics, and disease status. Using
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devices to collect real-time data from patients will enable the proposal of personalized
therapies, helping in the development of suitable and effective medications [13].

Clinical trials recruit volunteer patients to aid in the drug development process. For
the results to be as reliable as possible, a patient selection process must be in place. AI will
allow access to records of biomarkers, genetic profiles, and patient health status, enabling
the identification of suitable patients, thus reducing costs and speeding up the process [13].

However, the continued use of AI in drug formulation raises ethical and regulatory
concerns that must be carefully examined. Key issues include the transparency of algo-
rithms, the protection of patient personal data, and ensuring that technologies are used in a
fair and safe manner.

As AI evolves and integrates with the pharmaceutical sector, it is crucial that the
industry and regulatory bodies work together to harness this technology and minimize
potential risks, ensuring that everyone benefits from the proposed innovations in a fair and
safe way.
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Abstract: Predicting RNA–small molecule binding sites is essential for developing RNA-
targeted drugs. Identifying these sites experimentally is often costly, making computational
methods essential for drug discovery. While traditional approaches rely on limited in-
formation, recent AI advancements allow the integration of diverse features, improving
prediction accuracy. As methods for predicting RNA–small molecule binding sites continue
to evolve, this review provides a timely overview of recent developments. It systematically
traces the evolution from physics-based, isolated strategies to AI-integrated approaches,
explains the fundamental principles behind different features, compares the tendencies
of various features between binding and non-binding sites, evaluates the performance
of approaches using different feature combinations on various test sets, and outlines re-
maining opportunities and challenges, offering guidance for researchers aiming for higher
prediction accuracy.

Keywords: RNA binding sites prediction; artificial intelligence; machine learning;
deep learning

1. Introduction

One of the central tasks in drug discovery is to identify bioactive compounds that
selectively bind to disease-relevant targets [1]. Achieving such selective binding requires
precise localization of binding sites on the target molecule that can bind to small molecules.
Over the past two decades, the development of computer-aided drug design has led
to revolutionary advances in protein-targeted drug discovery [2,3]. Benefiting from the
progress of artificial intelligence (AI) algorithms, the accuracy of identifying protein-small
molecule binding sites has been continuously improved. However, protein-coding genes
constitute only ~1.5% of the human genome, and merely 10–15% of these are considered
druggable [4,5]. In contrast, more than 95% of the human genome is transcribed to non-
coding RNA, which participates in diverse biological processes and offers a vast pool of
untapped drug targets [6].

The characteristics of RNA sequences and structures are closely related to the drug-
gability of RNA. RNA is a biomolecule with high sequence specificity. Different RNA
sequences exhibit variations in both structure and function, which makes RNA a highly se-
lective target for drugs. Additionally, the unique structure of RNA enables small molecules
to bind to and interact with specific regions of RNA, thereby influencing its function. This
sequence and structural precision are relevant not only to human cellular RNA but also
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to viral RNA. Numerous viruses possess RNA genomes, and small molecules that target
RNA can suppress the transcription of RNA viruses, aiding in the prevention of pandemics
caused by these viruses, including SARS-CoV-2 [7–10]. Therefore, RNA has attracted
increasing research interest as a binding target for small molecules in recent years.

Accurate identification of small molecule binding sites in RNA facilitates the develop-
ment of RNA-targeted therapeutics and advances the discovery of small-molecule drugs
that selectively bind RNA. Small-molecule drugs targeting RNA have achieved break-
through progress. For example, the synthetic small molecule Risdiplam functions as a
splicing modifier of SMN2 pre-mRNA, regulating its alternative splicing and restoring the
expression of functional SMN protein. Risdiplam has improved motor function in patients
with spinal muscular atrophy, demonstrating that RNA can serve as a druggable target
for small molecule [11–13]. Similarly, as a synthetic small molecule, Ribocil can selectively
target the FMN riboswitch in bacteria. It mimics the function of the natural ligand FMN,
blocking the transcription of downstream riboflavin biosynthesis genes. The success of
Ribocil provided cellular proof that small molecule binding to a non-coding RNA structural
element is sufficient to elicit antibacterial activity [14–16]. These examples collectively
illustrate the druggable potential of RNA as a target for small-molecule therapeutics.

Nevertheless, experimentally screening small molecules that target RNA remains a
challenging task. RNA molecules possess a highly charged backbone formed by phosphate
groups and exhibit high flexibility and high polarity. The high flexibility of RNA structures
can lead to unstable small molecule binding sites in high-throughput screening. In contrast,
the high polarity affects binding specificity, increasing the likelihood of false-positive
results. These structural characteristics make it challenging to experimentally determine the
binding sites of RNA–small molecule complexes. In addition, experimentally determining
the binding sites of RNA–small molecule is often time- and resource-consuming. Hence,
developing highly accurate computational methods to recognize small molecule binding
sites on RNA is vital for the discovery of RNA-targeted small-molecule drugs. With the
increasing number of tertiary structures of RNA–small molecule complexes deposited in
the Protein Data Bank (PDB), the development of high-precision computational algorithms
has become increasingly feasible [17]. Hybrid strategies that combine experimental and
predicted structures are also being employed to develop more accurate computational
methods [18]. Moreover, RNA large language models (LLMs) effectively leverage RNA
sequence data, which far exceeds the amount of RNA structural data. It can complement
structure-based models, making it promising to improve the performance of computational
methods further.

Numerous computational methods have been developed to predict small molecule
binding sites in RNA structures, as shown in Figure 1C. Early methods primarily char-
acterized RNA nucleotides by extracting isolated physics-based information from RNA
structures, relying on both RNA tertiary or secondary structures [19–21]. By coarse-graining
the structures, these methods distinguished individual nucleotides within the structures
to predict potential binding sites. Recently, driven by the breakthroughs of AI algorithms
in structure prediction, many researchers have developed machine learning (ML) and
deep learning (DL)-based methods that integrate diverse information to identify potential
binding patterns of RNA–small molecule interactions [22–30]. Different from previous
physics-based methods, most AI-driven approaches leverage information from multiple
RNA modalities as complementary features, such as sequence and geometry [31,32].
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Figure 1. Overview of data preparation for RNA–small molecule binding site prediction. (A) Process
of data collection and dataset construction including complex structure collection, dataset filtering
and information extraction. (B) Feature extraction for predicting small molecule binding sites in
RNA, incorporating features derived from RNA sequence, secondary structure and tertiary structure.
(C) Timeline of methods for predicting RNA–small molecule binding sites, including both physics-
based approaches and AI-based approaches.

This review offers a thorough and current overview of recent progress in predicting
RNA–small molecule binding sites. We begin by outlining the main workflows of different
methods and the feature types they utilize, then explain the fundamental principles behind
these features. Next, we review how AI-based approaches construct datasets and assess
their performance across various test sets, examining how the choice of features influences
results. Finally, we discuss the main challenges and future opportunities in this field.
Unlike earlier reviews mainly centered on RNA structure or physics-based methods, this
review highlights AI-driven integrated strategies that utilize multimodal features, such as
large language models, to predict RNA–small molecule binding sites.
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2. Methods for Predicting RNA–Small Molecule Binding Sites

RNA–small molecule binding site prediction methods fall into two main categories:
physics-based and AI-based. These approaches use different RNA data as inputs and
combine various features. Table 1 details the input data, feature combinations, models,
and available websites for each method. Below, the core workflows and features of these
methods are explained.

Table 1. Methods for predicting RNA-small molecule binding sites. Input refers to the input
information of the model, where seq represents sequence and 3D structure refers to tertiary structure.
Feature combination refers to the feature types the method utilizes, MSA stands for multiple sequence
alignment, SS stands for secondary structure. Model refers to the computing algorithm, where RF
refers to Random Forest, CNN refers to Convolutional Neural Network, XGB refers to Extreme
Gradient Boosting, LGBM refers to Light Gradient Boosting Machine, ResNet refers to Residual
Convolutional Network, RGCN refers to Relational Graph Convolutional Network, EGNN refers
to E(3)-Equivariant Graph Neural Network, 3DCNN refers to 3D Convolutional Neural Network,
BiLSTM refers to Bidirectional Long Short-term Memory Network. Available records the available
source or web server of method. Ref records the paper related to the method.

Name Input Feature Combination Model Available Ref.

Rsite 3D structure 3D distance Distance http://www.cuilab.cn/rsite
(accessed on 20 August 2025) [19]

Rsite2 seq 2D distance Distance https://www.cuilab.cn/rsite2
(accessed on 20 August 2025) [20]

RBind 3D structure 3D distance Distance
http:

//zhaoserver.com.cn/RBinds/RBinds.html
(accessed on 20 August 2025)

[21]

RNAsite seq, 3D structure MSA, Geometry,
Network RF https://yanglab.qd.sdu.edu.cn/RNAsite/

(accessed on 20 August 2025) [22]

RLBind seq, 3D structure MSA, Geometry,
Network CNN https://github.com/KailiWang1/RLBind

(accessed on 20 August 2025) [23]

RNetsite 3D structure Network RF, XGB, LGBM http://zhaoserver.com.cn/RNet/RNet.html
(accessed on 20 August 2025) [24]

ZHmolReSTasite seq, 3D structure MSA, SS, Geometry,
Network ResNet

http://zhaoserver.com.cn/ZHmol/
ZHmolReSTasite/ZHmolReSTasite.html

(accessed on 20 August 2025)
[25]

MultiModRLBP seq, 3D structure LLM, Geometry,
Network CNN, RGCN https://github.com/lennylv/MultiModRLBP

(accessed on 20 August 2025) [26]

RNABind seq, 3D structure LLM EGNN https://github.com/jaminzzz/RNABind
(accessed on 20 August 2025) [27]

RLsite seq, 3D structure MSA, Geometry, Energy 3DCNN, BiLSTM https://github.com/fine1231/RLsite
(accessed on 20 August 2025) [28]

2.1. Physics-Based Methods

Rsite. Rsite is a tertiary structure-based method to predict the functional sites of
RNA [19]. Drawing inspiration from protein function prediction techniques, Rsite identified
two key points: (1) Nucleotides with high closeness centrality in RNA tertiary structures
tend to be functionally significant. (2) Surface-exposed nucleotides are more likely to
engage in recognition and RNA interactions. Based on these insights, Rsite hypothesized
that in non-coding RNA structures, both highly connected and less connected nucleotides
are often functionally important, indicating potential functional sites.

Based on this hypothesis, Rsite recognize functional sites as following steps: (1) for a
given RNA tertiary structure with n nucleotides, Rsite calculates the Euclidean distance
between every pair of nucleotides, yielding n × (n − 1) distance values. (2) for each
nucleotide, Rsite calculates the sum distances to the other (n-1) nucleotides. For an RNA
tertiary structure with n nucleotides, generate a distance curve comprising n data points. (3)
a Gaussian filter is applied to smooth the distance values for each nucleotide. Specifically,
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Rsite applies a sliding window of size w to each nucleotide, computing the average distance
values within the window:

Si =
Di−w + · · ·+ Di + · · ·+ Di−w

2w + 1
(1)

where Di denotes the sum of distances between i-th nucleotide and all other nucleotides,
w denotes the window size and Si corresponds to the smoothed distance value for i-th
nucleotide. Rsite implemented a window size of 2 in their algorithms. (4) on the smoothed
distance curve, local minima and maxima are identified as putative RNA functional sites.
In addition, both start and end points are considered functional sites if their distances
deviate by more than 50% from the mean distance.

Rsite2. RNA’s secondary structure is simpler to obtain than its tertiary structure, which
makes analyzing RNA functional sites based on secondary structure more efficient. Build-
ing on this concept, Zeng et al. [20] examined RNA secondary structure and discovered
that, in non-coding RNAs, the distance from a nucleotide to the centroid in the secondary
structure is strongly positively correlated with its distance to the centroid in the tertiary
structure. This indicates the potential for predicting functional sites using distance metrics
derived from secondary structure. Based on this, Zeng et al. introduced Rsite2, a computa-
tional method for identifying RNA functional sites from secondary structure. Rsite2 takes
an RNA sequence as input, predicts its secondary structure with RNAfold, and extracts the
2D coordinates of each nucleotide from the RNAfold output [33]. Rsite2 introduces two
metrics to illustrate the position of each nucleotide in the RNA: the nucleotide-to-centroid
distance, indicating the Euclidean distance between a nucleotide and the centroid, and the
nucleotide distance sum, which totals the distances from that nucleotide to all others. Rsite2
computes these two metrics and uses the same algorithm as Rsite to predict RNA functional
sites: for an RNA composed of n nucleotides, a distance curve of length n is plotted, where
position i represents the i-th nucleotide. The curve is smoothed using a Gaussian filter, and
nucleotides located at the extrema of the curve are identified as functional sites.

RBind. Wang et al. observed that while Rsite and Rsite2 can predict functional sites
solely based on distances from RNA secondary and tertiary structures, they may generate
false positives because they do not differentiate between strong and reliable connections.
To improve this, Wang et al. created RBind, a computational approach that converts RNA
tertiary structures into network representations [21]. Given an RNA tertiary structure,
RBind treats nucleotides as nodes and their non-covalent interactions as edges to build an
undirected network. Each nucleotide is characterized by network properties. An edge is
added between two non-adjacent nucleotides if any pair of their heavy atoms is within 8 Å.
RBind then calculates two network metrics, degree and closeness, to identify functional
sites. A nucleotide is considered a functional site if both its degree and closeness are more
than one standard deviation above the average values for all nodes.

2.2. AI-Based Methods

RNAsite. RNAsite is a machine learning method based on RNA sequences and tertiary
structures, composed of two modules: sequence-based RNAsite_seq and tertiary structure-
based RNAsite_str [22]. RNAsite_seq utilizes RNA sequences as input, performs BLASTN
searches against the NCBI nucleotide database to construct multiple sequence alignments
(MSA) [32]. The results of MSA are then employed to compute evolutionary conservation
scores for each position in the RNA sequence. For each nucleotide, RNAsite_seq considers
a window size of 12 to take its sequence context neighbors from a total of (2 × 12 + 1)
nucleotides into account, then uses a Random Forest algorithm to implement training and
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predicting processes. RNAsite_str utilizes RNA tertiary structure as input, calculates four
structure-based features: accessible surface areas (ASA), Laplacian norm (LN), degree,
and closeness [34,35]. Similarly to RNAsite_seq, RNAsite_str uses a window size of 14 to
capture the context neighbors of target nucleotides, and then the structure-based features of
each nucleotide are sent to a second Random Forest model. Additionally, using a window
size of 16, the prediction results from RNAsite_seq were integrated with structure-based
features, and the combined features were used to train the final Random Forest model in
RNAsite. RNAsite combined RNA sequence and structural information, outperformed the
sequence-only module RNAsite_seq and the structure-only module RNAsite_str.

RNetsite. Liu et al. proposed RNetsite, a machine learning method for predicting small
molecule binding sites by modeling RNA tertiary structures as networks [24]. RNetsite
converts RNA tertiary structures into networks, with nucleotides as nodes and non-covalent
interactions as edges. An undirected edge connects two nucleotides if any pair of their
heavy atoms are within 8 Å. RNetsite uses network analysis and machine learning to
predict small molecule binding sites. The process involves calculating network properties
for each nucleotide, including two local features (degree and neighborhood connectivity)
and three global features (closeness, betweenness centrality, and eccentricity). To capture
the influence of surrounding nucleotides, RNetsite employs a sliding window of size w,
encoding each nucleotide’s features by combining network properties from its 2w + 1
neighborhood. These features are then used to train three machine learning models:
Random Forest (RF), Light Gradient Boosting Machine (LGBM), and Extreme Gradient
Boosting (XGB). Predictions from the three models are combined using a voting strategy,
where the final prediction for each nucleotide is made when at least two models agree.

RLBind. RLBind is a deep learning method that utilizes convolutional neural networks
to extract both global and local information from RNA sequences and tertiary structures,
capturing long-range and short-range interactions, respectively [23]. The method inte-
grated nucleotide types and evolutionary conservations as sequence-based features, with
the evolutionary conservations collected by multiple sequence alignment information of
RNA sequences, acquired through BLASTN, into ConSurf-DB [32,36,37]. From RNA ter-
tiary structures, two network features (degree, closeness), accessible surface areas and
two biochemical properties (molecular mass, side-chain pka) were derived as structural
features. RLBind employed a dual-channel architecture: a local channel that used an 11-
nucleotide sliding window to capture the context of each nucleotide, and a global channel
that processed fixed length (64-nt) RNA sequences. Features from the global channel were
initially processed through a convolutional layer, then combined with those from the local
channel, and finally passed into two dense layers. The RLBind prediction was produced by
applying a sigmoid activation function to the output of these dense layers.

ZHmolReSTasite. Gao et al. developed a deep learning method, ZHmolReSTasite
(ZeSTa for short), using RNA surface topography strategy to predict RNA–small molecule
binding sites [25]. For an RNA tertiary structure, ZeSTa employed RNA surface topography
as follows: the first step was to calculate the solvent-excluded surface and convert it into a
cloud of vertices with 3D coordinates. Coordinates conversion was then applied to each
nucleotide by rotating the RNA surface to align the geometric centers of nucleotides with the
intersection of the equator and the prime meridian of the RNA surface. Three-dimensional
coordinates of vertices were transferred to longitude and latitude coordinates, and vertices
located within a 12Å geodesic radius from each nucleotide’s geometric center were extracted
to represent the nucleotide. An interpolation method is then utilized to obtain regular
topography images of nucleotides. The topography images were characterized based on
RNA sequences, secondary structures, and tertiary structures. ZeSTa obtained multiple
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sequence alignment (MSA) for each RNA sequence by BLASTN searches against the NCBI
nucleotide database. The results of MSA were utilized by the plmDCA method to analyze
the coevolutionary relationship between nucleotides [32,38,39]. Secondary structure type
information was derived from tertiary structures using RNAstat [40]. The tertiary structure
features utilized by ZeSTa included three geometric-based features (SASA, LN, and pocket)
and two network-based features (degree and closeness), as well as pKa values, which were
incorporated based on nucleotide types. These features were added to the corresponding
vertices of each nucleotide in the topography image, generating feature maps of nucleotides.
ZeSTa then fed the nucleotide feature maps into a deep learning algorithm, ResNet18, for
prediction in the RNA–small molecule binding site task [41].

MultiModRLBP. MultiModRLBP is a multimodal deep learning framework developed
by Wang et al. [26]. The core concept involves encoding nucleotides through three perspec-
tives: RNA structure relationship graph, nucleotide structural properties, and sequence
semantics. Specifically, the method utilizes x3dna-dssr to extract two types of information
from RNA tertiary structures: DSSR adjacency annotation and DSSR properties [42]. The
DSSR adjacency annotation describes nucleotide neighborhoods based on the Leontis-
Westhof system, where each nucleotide serves as a node, and interactions are categorized
into 20 types of RNA base pairs. Network metrics like degree and closeness are derived
from this annotation. DSSR also provides structural details such as torsion angles and
key atomic coordinates. MultiModRLBP integrates these networks and DSSR properties
with three types of accessible surface area and base encoding, resulting in 71-dimensional
features per nucleotide. The process involves three components: (1) RNA graph. RGCN
learns the RNA structural graph, with nodes representing nucleotides with 71D features
and edges indicating Leontis-Westhof base interactions. (2) Nucleotide. The ELBFS module
combines local features from a sliding window, global features from CNN, and individ-
ual 71D features to produce ELBFS features. (3) RNA semantic sequence. RNABERT, a
pre-trained LLM for RNA sequences, is utilized to generate context-sensitive distributed
word representations for each nucleotide [43]. Features from these three components are
concatenated and fed into dense layers, producing prediction results of MultiModRLBP.

RNABind. Building upon the remarkable advances of LLMs in protein and DNA
research, Zhu et al. [27] developed RNABind, a deep learning framework that integrates
RNA LLMs with graph representations of RNA tertiary structures. Unlike the above
methods, RNABind exclusively utilizes vector representations of nucleotides derived from
RNA LLMs to characterize the nucleotide context. These context vector representations
are used as node features in a network based on RNA tertiary structure. In this network,
nodes are defined as the centroid of each nucleotide, with coordinates defined as the
average of all atomic coordinates of the nucleotide. Nodes are connected to their 15 nearest
neighbors via edges using a Euclidean distance-based k-NN strategy, with edge features
consisting of distance encoded by 16 radial basis functions (RBFs). RNABind inputs node
features, edge features, and nucleotide centroid coordinates into E(3)-equivariant graph
neural networks (EGNNs) [44]. It processes the RNA graph representations through a
stack of three equivariant graph convolutional layers (EGCLs), followed by a predictor
that performs per-nucleotide classification to generate RNABind’s predictions. RNABind
employs eight single-nucleotide resolution RNA LLMs and compares their performance
in predicting RNA–small molecule binding sites [43,45–51]. The LLMs ERNIE-RNA and
RiNALMo demonstrated superior performance across multiple evaluation metrics and
were therefore selected as the primary models for reporting in RNABind.

RLsite. Zou et al. suggested that interaction energies are crucial for identifying nucleotides
involved in small-molecule binding, including π-π stacking interactions, electrostatic interac-
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tions, and hydrogen-bond interactions [28]. To achieve this, they introduced RLSite, a deep
learning method that integrates nucleotide interaction energy with structural and sequence in-
formation. RLSite uses a dual-channel architecture to process different feature types separately.
The first channel converts the RNA’s tertiary structure into a 3D voxel grid, performs probe
scanning to identify potential binding regions, and calculates interaction energies between
RNA and 18 types of atomic probes using the ITScore-NL pretrained statistical potential [52].
For each probe type, the top 10 grid points with the most favorable binding energies are se-
lected. The distances from each nucleotide’s six-membered ring center to these grid points are
computed, and the energy values are mapped to nucleotides via inverse-distance weighting,
forming a 10 × 18 energy feature map. A spatial sliding window is applied to stack the target
nucleotide and its neighboring nucleotides, producing a (2w + 1)× 10 × 18 (with w = 5)
energy tensor. This tensor is processed by a 3D-CNN and a self-attention mechanism along
the probe dimension to produce weighted spatial energy features [53].

The second channel integrates structural and sequence descriptors, including network prop-
erties (degree and closeness), Laplacian Norm, solvent-accessible surface area, and evolutionary
conservation score, which is computed by plmDCA. These features are similarly aggregated
with a sliding window of w = 5 and fed into a BiLSTM to capture bidirectional contextual
dependencies among nucleotides. Finally, the outputs from both channels are concatenated and
passed through a fully connected layer to generate the prediction result of RLSite.

3. Feature Construction

RNA information can be classified into three categories: sequence, secondary structure,
and tertiary structure, as shown in Figure 1B. Various features can be derived from these
three types of information. The features extracted from these categories for predicting RNA–
small molecule binding sites are summarized in Table 2, including the RNA information
type, brief principle, available websites, and related methods. The fundamental principles
of each feature are explained below.

Table 2. Features utilized in methods for predicting RNA–small molecule binding sites. Name
refers to the feature names, where MSA represents multiple sequence alignment, plmDCA represents
pseudolikelihood maximization direct coupling analysis, LLM embedding represents large language
model embedding, SASA represents solvent accessible surface area. Type refers to the categories of
RNA information required for feature computation. Brief principle refers to concise explanations of
the feature characteristics. Available refers to the available code or website in which the feature is
obtained in the related methods. Related method refers to the method that utilizes the feature.

Name Type Brief Principle Available Related Method

MSA seq

MSA reveals sequence
similarity and
evolutionary
relationship

BLASTN:
https://blast.ncbi.nlm.nih.gov/

(accessed on 20 August 2025)

RNAsite, RLBind,
ZeSTa, RLsite

plmDCA seq

plmDCA focuses on
direct interactions
within nucleotide

mutual information

ZeSTa code:
http://zhaoserver.com.cn/ZHmol/

ZHmolReSTasite/ZHmolReSTasite.html
(accessed on 20 August 2025)

RLBind, ZeSTa, RLsite
RLsite code:

https://github.com/fine1231/RLsite
(accessed on 20 August 2025)

Consurf-DB webserver:
http://consurf.tau.ac.il

(accessed on 20 August 2025)
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Table 2. Cont.

Name Type Brief Principle Available Related Method

LLM em-
bedding

seq

LLM embeddings
capture the distribution

patterns of RNA
sequences and their
contextual semantic

information.

LucaOne:
https://github.com/LucaOne/LucaOneApp

(accessed on 20 August 2025)

MultiModRLBP,
RNABind

RNA-FM:
https://github.com/ml4bio/RNA-FM

(accessed on 20 August 2025)

ProtRNA:
https://github.com/roxie-zhang/ProtRNA

(accessed on 20 August 2025)

RiNALMo:
https://github.com/lbcb-sci/RiNALMo

(accessed on 20 August 2025)

ERNIE-RNA:
https://github.com/Bruce-ywj/ERNIE-RNA

(accessed on 20 August 2025)

RNAErnie:
https://github.com/CatIIIIIIII/RNAErnie

(accessed on 20 August 2025)

RNA-MSM:
https://github.com/yikunpku/RNA-MSM

(accessed on 20 August 2025)

LLM em-
bedding seq

LLM embeddings
capture the distribution

patterns of RNA
sequences and their
contextual semantic

information.

RNABERT:
https://github.com/mana438/RNABERT

(accessed on 20 August 2025)

MultiModRLBP,
RNABind

Secondary
Structure
Region

secondary
structure

Regional classification
can distinguish the loop
types of the secondary
structure and the stem

regions where
nucleotides are located

RNAstat:
https://github.com/RNA-folding-lab/RNAStat

(accessed on 20 August 2025)
ZeSTa

SASA 3D
structure

SASA describes the
measure of surface

exposure of nucleotides.

RNAsol:

https://yanglab.qd.sdu.edu.cn/RNAsol/
(accessed on 20 August 2025)

RNAsite, RLBind,
ZeSTa, MultiModRLBP,

RLsite
Freesasa,

POPS

Degree 3D
structure

Degree reflects the
direct interactions

between a nucleotide
node and its neighbors.

RLBind code:
https://github.com/KailiWang1/

(accessed on 20 August 2025)

RBind, RNAsite,
RNetsite, RLBind,

ZeSTa,
MultiModRLBP,RLsite

RNetsite code:
http://zhaoserver.com.cn/RNet/RNet.html

(accessed on 20 August 2025)

ZeSTa code:
http://zhaoserver.com.cn/ZHmol/

ZHmolReSTasite/ZHmolReSTasite.html
(accessed on 20 August 2025)

RLsite code:
https://github.com/fine1231/RLsite

(accessed on 20 August 2025)
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Table 2. Cont.

Name Type Brief Principle Available Related Method

Neighborhood
Connectiv-

ity

3D
structure

Neighborhood
connec-tivity

characterizes the
average number of
connections of the

neighboring nodes of a
nucleotide node.

RNetsite code:
http://zhaoserver.com.cn/RNet/RNet.html

(accessed on 20 August 2025)
RNetsite

Closeness
3D

structure

Closeness measures the
average distance from a
nucleotide node to all

other nodes.

RLBind code:
https://github.com/KailiWang1/

(accessed on 20 August 2025)

RBind, RNAsite,
RNetsite, RLBind,

ZeSTa,
MultiModRLBP,RLsite

RNetsite code:
http://zhaoserver.com.cn/RNet/RNet.html

(accessed on 20 August 2025)

ZeSTa code:
http://zhaoserver.com.cn/ZHmol/

ZHmolReSTasite/ZHmolReSTasite.html
(accessed on 20 August 2025)

Closeness 3D
structure

Closeness measures the
average distance from a
nucleotide node to all

other nodes.

RLsite code:
https://github.com/fine1231/RLsite

(accessed on 20 August 2025)

RBind, RNAsite,
RNetsite,

RLBind, ZeSTa,
MultiModRLBP,RLsite

Eccentricity 3D
structure

Eccentricity measures
the maximum distance
from a nucleotide node
to all other nodes in the

network.

RNetsite code:
http://zhaoserver.com.cn/RNet/RNet.html

(accessed on 20 August 2025)
RNetsite

Betweenness 3D
structure

Betweenness centrality
measures how

frequently a node
appears on all shortest
paths in the network.

RNetsite code:
http://zhaoserver.com.cn/RNet/RNet.html

(accessed on 20 August 2025)
RNetsite

Laplacian
Norm

3D
structure

The Laplacian Norm
describes the concavity

and convexity of
nucleotides.

ZeSTa code:
http://zhaoserver.com.cn/ZHmol/

ZHmolReSTasite/ZHmolReSTasite.html
(accessed on 20 August 2025) RNAsite, ZeSTa RLsite

RLsite code:
https://github.com/fine1231/RLsite

(accessed on 20 August 2025)

Pocket 3D
structure

A pocket is an internal
cavity within the

tertiary structure of
RNA.

Ghecom:
https:

//pdbj.org/ghecom/README_ghecom.html
(accessed on 20 August 2025)

ZeSTa

Interaction
Energy

3D
structure

The interaction
between RNA and

small molecules
maintains the stability

of the complex
structure.

RLsite code:
https://github.com/fine1231/RLsite

(accessed on 20 August 2025)
RLsite

3.1. Sequence-Based Features

Multiple Sequence Alignment. Multiple sequence alignment (MSA) is a technique that
searches for homologous sequences of a target sequence in a database and then aligns the
homologous or functionally related segments [25]. The MSA of RNA sequences reveals simi-
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larity and evolutionary relationships between sequences and has been successfully applied
to RNA-related tasks. Evolutionary information extracted from MSA has been shown to
improve the performance of RNA structure prediction significantly. Compared to relying
solely on a single sequence, the incorporation of MSA can provide evolutionary information
of nucleotides, such as evolutionary conservation. In predicting RNA–small molecule binding
sites, the evolutionary information of nucleotides introduced by MSA can provide valuable
additional information for characterizing small molecule binding sites. The MSA of RNA can
be acquired from the BLASTN Field, which searches against the nucleic acid FASTA database
provided by BLAST, and outputs the target RNA sequence along with its homologous se-
quences [32]. RNAsite, RLBind, ZeSTa, and RLsite all utilize MSA to derive evolutionary
insights from RNA sequences [22,23,25,28]. RNAsite directly employs the MSA results to
compute conservation scores, while the other three methods perform additional processing
with direct coupling analysis.

Direct Coupling Analysis. The homologous sequences derived from the MSA contain
information about RNA sequence conservation. Performing direct coupling analysis (DCA)
on these sequences can uncover co-evolutionary relationships between nucleotides. Such
relationships refer to interdependent changes happening at two nucleotides over evolu-
tionary time, where a mutation in one often prompts a change in the other to maintain
structural or functional stability. When analyzing these relationships in MSA, mutual infor-
mation can be split into direct and indirect interactions. Direct interactions reflect actual
correlations, while indirect interactions are mediated through other nucleotides. Relying
only on mutual information makes it hard to distinguish between these types. DCA uses a
statistical model to effectively differentiate direct from indirect interactions, emphasizing
the direct nucleotide interactions usually linked to structural and functional roles. RLBind,
ZeSTa, and RLsite use the plmDCA algorithm to derive evolutionary constraint information
between nucleotides. Specifically, RLBind obtains plmDCA results via the online software
ConSurf-DB, while ZeSTa and RLsite generate plmDCA outputs through local programs.

Large Language Model. Large language models (LLMs) were originally developed in the
field of natural language processing and were later applied to the study of biomolecules.
Since ESMfold achieved success in protein structure prediction with biological LLMs, RNA
LLMs have also been rapidly developed and applied to many tasks, such as RNA structure
prediction and small molecule binding site prediction [54]. RNA LLMs typically consists of
two phases: pre-training and fine-tuning. During the pre-training phase, models are trained
using RNA sequences from RNA sequence databases. The amount of RNA sequence data
used for pre-training is usually enormous; for example, RNA-FM was pretrained on 23 million
ncRNA sequences from the RNAcentral database [51,55]. Pre-training on extensive RNA
sequence data allows the model to learn about sequence patterns and contextual meanings,
helping it to grasp the fundamental functional and structural details. Afterward, for a
specific downstream task, the model can be fine-tuned with task-specific datasets or used
to produce a fixed-dimensional embedding for each nucleotide in an RNA sequence. These
embeddings act as contextual-semantic features that highlight the sequential properties of
nucleotides. MultiModRLBP and RNABind leverage RNA LLMs to encode nucleotides from
RNA sequences. Specifically, MultiModRLBP uses RNABERT, while RNABind assesses
and compares eight RNA LLMs, including RNABERT and RNA-FM, to determine their
effectiveness in predicting RNA–small molecule binding sites.

3.2. Secondary Structure-Based Features

RNA folding largely depends on its base-paired structure, known as the RNA sec-
ondary structure. This secondary structure is essential for the proper function of many
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RNA molecules. In interactions between RNA and small molecules, binding sites are fre-
quently found near the loop regions of the secondary structure. This pattern indicates that
using secondary structure information to analyze nucleotides could improve predictions of
RNA–small molecule binding sites.

There are two methods for representing RNA secondary structure: dot-bracket notation
and region notation. Dot-bracket notation is a concise way to depict RNA secondary structure,
showing how nucleotides are paired within an RNA molecule. In this notation, dots and
parentheses are used; a dot ‘.’ indicates the nucleotide at that position is unpaired, while
left/right parentheses indicate that the nucleotide is paired with a subsequent or preceding
nucleotide. This method clearly illustrates which nucleotides are paired and which are not. The
ZeSTa method, mentioned above, characterizes nucleotides based on the secondary structure
regions they occupy, such as stems, internal loops, bulge loops, hairpin loops, and junction loops.
Additionally, ZeSTa compared the performance of dot-bracket notation and region notation for
characterizing RNA secondary structure and found that region notation, which offers a more
detailed classification of the secondary structure regions of nucleotides, is more effective than
simply classifying nucleotides as paired or unpaired using dot-bracket notation.

3.3. Network-Based Features

For an RNA consisting of n nucleotides, its structure can be represented as a nu-
cleotide network, where nodes correspond to individual nucleotides and edges indicate
non-covalent interactions between them. Network properties can then be used to charac-
terize each node within this network. These properties, used in predicting RNA–small
molecule binding sites, are classified into local and global categories based on their at-
tributes. Local properties include degree and neighborhood connectivity, whereas global
properties encompass closeness, betweenness centrality, and eccentricity. The following
section details the definitions and equations for these network properties.

Degree. Degree centrality quantifies the number of edges connected to a node x, indi-
cating its local connectivity. In nucleotide networks, degree reflects the direct interactions
between a specific nucleotide node and its neighbors. Nodes with higher degree values
show greater local connectivity and often act as binding sites for small molecules.

Neighborhood Connectivity. Neighborhood connectivity refers to the average degree
of all the neighbors of a node x, characterizing the average number of connections of the
node’s neighbors. Nodes with high neighborhood connectivity are often located in densely
connected core regions of the network, and are more likely to serve as binding sites of small
molecules. The neighborhood connectivity (NC) of node x is defined as:

NC(x) = ∑ DG(y)
DG(x)

(2)

where DG denotes the degree value and y is the neighbor of x.
Closeness centrality. A node’s closeness centrality is the inverse of the sum of its shortest

path lengths to all other nodes, measuring the average distance from the node to the others.
A higher closeness value indicates that the node is closer to the other nodes and is located
nearer to the geometric center of the network, making it more important within the network.
In nucleotide networks, binding sites often have higher closeness values. The closeness
centrality of a node x can be calculated as follows:

C(x) =
n − 1

∑x �=y d(x, y)
(3)
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where d(x, y) is the shortest path distance between node x and any other node y, n is the
number of nodes in the network.

Betweenness centrality. Betweenness centrality measures how often a node appears on
all shortest paths in a network. Nodes with higher betweenness values lie on more shortest
paths and play a more important role in the flow of information within the network. In
interactions with small molecules, nucleotide nodes that are more crucial in information
flow are more likely to serve as binding sites. Betweenness centrality (BC) of a node x can
be calculated as follows:

BC(x) = ∑
m �=x �=n

σmn(x)
σmn

(4)

where σmn is the number of shortest paths from node m to node n, and σmn(x) is the number
of shortest paths from node m to node n that pass through node x.

Eccentricity. Eccentricity is defined as the number of steps required from node x to
reach any other node in the network. It measures the maximum distance from node x to
all other nodes in the network. Nodes with high eccentricity are far from the most distant
nodes and are located near the network’s periphery, whereas nodes with low eccentricity
are closer to the most distant nodes and are located near the network’s center. In nucleotide
networks, nucleotides that bind to small molecules often have lower eccentricity. The
calculation of eccentricity (EC) for node x is given by:

EC(x) = max
x �=y

d(x, y) (5)

where d(x, y) denotes the distance between node x and y.

3.4. Geometry-Based Features

Solvent Accessible Surface Area. The Solvent Accessible Surface Area (SASA) is defined
as the surface area traced by the center of a spherical probe, roughly the size of a water
molecule, as it rolls over the RNA surface. It indicates how much of the RNA is accessible
to solvent molecules, thus reflecting the exposure level of different RNA regions [56]. A
nucleotide with a higher SASA is more exposed, while one with a lower SASA is more
buried within the RNA structure. Among the methods listed, RNAsite, RLBind, ZeSTa,
MultiModRLBP, and RLsite utilize SASA to describe nucleotide properties. Overall, SASA
is a key feature for characterizing the structural properties of nucleotides.

Laplacian Norm. The surface features of biomolecules are vital for understanding their
properties and function as a key geometric indicator [31]. Laplacian Norm (LN) quantifies the
concavity and convexity of nucleotides. Nucleotides with higher LN values have a more convex
surface, while those with lower values are more concave. LN reflects the geometric features
of nucleotides and is derived by measuring the distance between a target nucleotide and the
weighted centroid of neighboring nucleotides. The process involves two steps: first, applying
the Laplacian operator, and second, calculating LN. The Laplacian operator is defined as:

Ωij(σ) =

⎧⎨
⎩ e−

‖pi−pj‖2

σ2 , i f |i − j| > 1
0, otherwise

(6)

where pi and pj denote the C3 atom coordinates of nucleotide i and j, respectively. σ is
a tunable parameter that acts as a scale factor. A smaller value of σ makes the Laplacian
operator more sensitive to adjacent nucleotides, while a higher value of σ incorporates
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contributions from more distant nucleotides. Once the Laplacian operator is obtained, LN
can be computed as:

LNi(σ) =

∥∥∥∥∥∥pi −
∑
|i−j|>1
j

[
pi × Ωij(σ)

]
∑
|i−j|>1
j Ωij(σ)

∥∥∥∥∥∥ (7)

Several approaches, including RNAsite, ZeSTa and RLSite, have employed LN as a
feature to characterize nucleotides. Specifically, these approaches adopt multiple σ values
(0, 1/4, 1/2, 3/4, 1) to consider the influence of surrounding nucleotides across different
scales, thereby characterizing nucleotide concavity and convexity across scales ranging
from local to global.

Pocket. The RNA pocket region is the internal cavity formed by nucleotides in RNA
tertiary structures. Small molecules tend to bind to pocket regions when interacting with RNA
molecules [57–59]. Therefore, compared to non-pocket nucleotides, pocket nucleotides are
more likely to be small molecule binding sites. By classifying a nucleotide as a pocket/non-
pocket type, properties of the nucleotide can be distinguished from a geometric perspective.
Many approaches for detecting RNA pockets have been developed, such as 3V, MSPocket,
PocketFinder, CHUNNEL, Ghecom [60–66]. These approaches use different methodologies
to detect RNA pockets, and the detected pockets show variations. In addition, different
RNA pockets often have varying sizes and depths, and these differences can affect the pocket
nucleotides’ potential to bind small molecules. Using solely binary labels to mark nucleotides
as pocket or non-pocket type, the geometric information of the pockets formed by nucleotides
will be lost. The Ghecom method provides a measure, pocketness, to quantify the size and
depth of the pocket formed by each nucleotide. This quantification of the geometric charac-
teristics of pockets formed by different nucleotides can further subdivide pocket nucleotides.
On this basis, ZeSTa utilizes probes of various sizes with the Ghecom algorithm to determine
the pocketness of nucleotides when detecting pockets at different scales, thereby providing a
comprehensive description of the geometric properties of nucleotides in forming pockets.

3.5. Energy-Based Features

The characterization of nucleotide energy properties explains the physical forces involved
in RNA–small molecule interactions. These forces support the structural stability of RNA-
ligand complexes and include long-range interactions, electrostatic forces, and four types of
short-range interactions: stacking, hydrogen bonding, van der Waals forces, and hydrophobic
interactions. Since RNA carries a strong negative charge, electrostatic interactions are espe-
cially crucial for RNA-ligand binding, as they facilitate long-distance recognition between
RNAs and ligands [9,67]. In contrast, short-range interactions are associated with the optimiza-
tion and stabilization of the complexes. For example, as one of the main features in nucleic
acid structures, stackings are the non-covalent attractive interactions between aromatic rings
and are crucial for stabilizing nucleic acid structures [28]. Hydrogen bonds are interactions
that occur between a hydrogen atom and two electronegative atoms, like oxygen and nitrogen.
The van der Waals interactions are weaker forces resulting from temporary uneven charge
distributions between atoms [68,69]. Hydrophobic interactions are driven by the increase in
entropy of surrounding water molecules when hydrophobic groups aggregate [70,71]. To con-
sider these energy-related interactions, RLsite employed the potential function ITScore-NL to
include nucleotide interaction energy features. ITScore-NL is a potential-based scoring system
with three components: pairwise potential, stacking potential, and electrostatic potential.
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4. Datasets for Predicting RNA–Small Molecule Binding Site: Training
and Evaluating

Developing AI-based methods requires a training set, while evaluating their performance
needs test sets that do not overlap with the training data [18]. Consequently, the process of con-
structing datasets is vital for the development of methods to predict RNA–small molecule bind-
ing sites. Figure 1A shows the three steps involved: structure collection, dataset filtering, and
information extraction. Since known binding data for RNA–small molecule complexes is essen-
tial, data collection typically begins with gathering resolved structures of RNA–small molecule
complexes from tertiary structure databases, such as PDB, HARIBOSS, and RNAglib [17,72,73].
Subsequently, dataset filtering is performed to eliminate redundancy. Initial filtering typically
removes structures that do not meet criteria such as excessively long or short RNA sequences or
the presence of non-canonical nucleotides. Redundancy is then further reduced based on se-
quence and structural similarity, aiming to exclude highly similar structures. Finally, nucleotides
in RNA that interact with small molecules are designated as binding sites, using a 4 Å cutoff:
if any atom of a nucleotide is within 4 Å of any atom of the small molecule, it is considered a
binding site. These labeled structures are then used for feature extraction, including sequence,
secondary, and tertiary structures, to facilitate training and testing.

4.1. Training Sets
4.1.1. TR60

The TR60 dataset, derived from the RNAsite methodology, has been employed to
train models such as RNAsite, RNetsite, RLBind, ZeSTa, RNABind, and RLsite. Su et al.
initially collected 712 RNA–small molecule complexes (excluding water molecules), with
RNA lengths ranging from 20 to 1500 nucleotides [22]. Structural similarity between
RNA structures was assessed using TM-scoreRNA, and a cutoff of 0.3 was applied to
eliminate redundant structures: if the TM-scoreRNA between two structures exceeded
0.3, the structure with a higher proportion of binding sites was kept. After removing
redundancies, 78 RNA structures remained. These were then clustered into 57 groups at a
30% sequence similarity cutoff. From these, 60 RNAs in 42 groups formed the training set
TR60, while 18 RNAs in 15 groups constituted the testing set TE18.

4.1.2. TrainRLBP

Dataset TrainRLBP is the training set for the method MultiModRLBP. Wang et al.
extracted 810 RNAs with small molecule binding information (comprising 1248 RNA
chains) from datasets provided by the Python package RNAglib [26,73]. Due to the length
limitations of the LLM RNABERT used in MultiModRLBP, RNA chains longer than 440 nt
were excluded. RNA chains with fewer than 4 binding sites were also excluded, resulting
in a final set of 653 RNA chains, which, along with 228 small molecules, formed 1012
RNA–small molecule complexes. Wang et al. combined these 653 RNA chains with
TR60, resulting in a total of 666 RNA chains. MMseq2 was used to calculate the sequence
similarity among the RNA chains, and the 666 chains were clustered into 180 groups at a
similarity cutoff of 30%. After removing 20 groups included in the test sets, the remaining
160 groups contained 561 RNA chains. These chains formed 851 complexes with 196 small
molecules and were designated as the TrainRLBP training set for MultiModRLBP.

4.1.3. RNABind Training Set

When compared to other methods, RNABind was trained on the TR60 dataset. How-
ever, Zhu et al. noted that TR60 includes only single-chain RNA structures. They aimed
to focus on the entire RNA complex structures as a single unit, rather than on individual
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chains [27]. To achieve this, they built a new dataset for predicting small molecule bind-
ing sites. The process involved first extracting 862 RNA–small molecule complexes from
the HARIBOSS dataset (as of 18 September 2024). Zhu et al. then excluded structures
with RNA sequences longer than 500 nucleotides, as such structures display a significant
imbalance between binding and non-binding sites and are predominantly RNA-protein
complexes. Structures containing modified nucleotides were also removed. In the end,
353 RNA structures remained for training and testing the RNABind model.

4.2. Evaluation
4.2.1. Test Sets

According to the ZeSTa method, predicting RNA–small molecule binding sites is
categorized into easy and challenging tasks based on the presence of junction loops in the
RNA secondary structure, as illustrated in Figure 2A. Easy tasks involve RNAs without
junction loops, resulting in relatively simple structures. Conversely, RNAs with junction
loops exhibit increased structural complexity, rendering the prediction of binding sites more
challenging. Therefore, the evaluation of methods for predicting RNA–small molecule
binding sites is divided into assessments of both easy and challenging tasks.

Figure 2. Division of test sets and precision performance of methods. (A) RNA structures are divided
into easy and challenging prediction tasks based on whether junction loops are in their secondary
structures. The easy task test set TE18 and challenging task test set JL10 are constructed under this
criterion. (B) The precision performance of methods on test set TE18. (C) The precision performance
of methods on test set JL10.
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During the construction of the training set TR60, 60 of the 78 RNAs were selected for
training, while the remaining 18 RNAs formed the test set TE18. Most structures in TE18
lack junction loops in their secondary structures, making it a simple test set for evaluating
binding site prediction methods. Gao et al. constructed a more challenging, task-specific
test set called JL10 [25]. Specifically, all RNA structures released after January 2021 from
the PDB were included, provided they do not interact with proteins or DNA and have a
resolution better than 4Å, resulting in 263 complexes. RNA chains that did not interact with
small molecules and lacked junction loops in their secondary structures were then removed,
leaving 76 RNA chains. Further, RNAs with more than two junction loops or binding sites
making up less than 10% of the structure were excluded. To prevent redundancy, cd-hit
was used for clustering, yielding 10 unique RNA structures [74]. All these RNAs contain at
least one junction loop and constitute the challenging task test set JL10. We used JL10 to
evaluate the performance of the methods on difficult cases.

4.2.2. Feature Tendency in Easy and Challenging Tasks

To investigate the influence of different features on binding site prediction, we computed
nucleotide features in the TE18 and JL10 test sets and analyzed the tendency between binding
and non-binding sites. Specifically, we calculated the feature value for each nucleotide. We
performed normalization within each RNA chain (for SASA, normalization was conducted
within nucleotides of the same type to obtain the relative SASA). Then, the nucleotides in the
datasets were ranked according to their normalized feature values in descending order. The
ranked nucleotides were divided into 10 groups. We calculated the ratio of binding sites to
the total number of nucleotides in the two test sets, which was 0.32 for both TE18 (195/605)
and JL10 (265/827). Therefore, for the 10 groups of nucleotides after ranking, if the proportion
of binding sites within a group exceed 0.32, we regarded it as a binding-site tendency group
and filled it in green; otherwise, it was considered a non-binding-site tendency group (5
nucleotides in TE18 and 7 nucleotides in JL10 were placed in additional groups due to the
total number of nucleotides not being divisible by ten). Subsequently, we were able to obtain
the feature tendencies of binding sites from the figures.

First, we calculated the sum of Euclidean distances of the tertiary structure from the C1’
atom of each nucleotide to all other nucleotides’ C1’ atoms, similar to Rsite, with the resulting
trends shown in Figure 3A,D. In TE18, four of the ten groups were identified as binding-site
groups, ranking first to fourth in ascending order of these sums, indicating that binding
sites tend to have smaller tertiary-structure distances. In JL10, four groups also appeared as
binding-site groups, ranking second, fifth, sixth, and seventh, indicating a modest tendency
toward shorter distances. For secondary structure distances, we extracted 2D coordinates
from the RNAfold output files, as Rsite2 did. Figure 3B,E show that in TE18, five groups were
recognized as binding sites, ranking first to fifth, while in JL10, four groups ranked first to
fourth, indicating a tendency for binding sites in both to have smaller secondary-structure
distance sums. Relative SASA was calculated using freesasa [75], with the tendencies shown in
Figure 3C,F. In JL10, three binding-site groups ranked first to third, showing a clear tendency
toward lower values, whereas no clear trend was observed in TE18. This suggests that relying
solely on SASA is insufficient to distinguish binding from non-binding sites; combining
multiple features is essential for accurately characterizing nucleotide properties.

As mentioned earlier, LN serves as a feature that describes how concave or convex
nucleotides are. An LN value near 1 suggests the nucleotide has a more convex surface, while
a value near 0 indicates a more concave surface. We computed LN using five different σ
values, similarly to ZeSTa, to account for nucleotides at various distances from the target,
offering a thorough overview of surface concavity and convexity. Figure 4A,F display the
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LN1 results computed with σ = 0, which mainly reflect the influence of spatially neighboring
nucleotides. In TE18, the four binding-site groups are ranked in increasing order of their
values, from first to fourth, while in JL10, the five binding-site groups are ranked first, second,
third, fifth, and ninth. The remaining panels of Figure 4 show the results of LN2, LN3, LN4,
and LN5 as σ was gradually increased, thereby giving more weight to distant nucleotides.
Binding-site groups tend to cluster within the first five in ascending order, indicating that
whether the computation emphasizes nearby or distant nucleotides, binding sites generally
have smaller LN values. Additionally, in both TE18 and JL10, binding sites often display
lower LN values, suggesting they tend to have more concave surfaces. Both LN and SASA
are features used to describe the surface properties of nucleotides. In JL10, binding sites
tend toward smaller SASA values, and in both JL10 and TE18, they consistently have lower
LN values, reinforcing the tendency toward concave surfaces. This is because nucleotides
with convex surfaces are more exposed to solvent, resulting in larger SASA, while those with
concave surfaces are less accessible to solvent probes, leading to lower SASA values.

 

Figure 3. Feature tendency of binding and non-binding sites in TE18 and JL10 test sets. Binding
site groups are labeled in green. (A) 2D distance tendency of nucleotides in TE18. (B) 3D distance
tendency of nucleotides in TE18. (C) Relative SASA tendency of nucleotides in TE18. (D) 2D distance
tendency of nucleotides in JL10. (E) 3D distance tendency of nucleotides in JL10. (F) Relative SASA
tendency of nucleotides in JL10.
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We also analyzed the tendencies of network and pocket features. Figures S1–S5 illus-
trates the five network features of nucleotides in TE18 and JL10. It shows that binding sites
in both samples display similar tendencies. Figure S1A,B present the local feature degree,
where the three binding-site groups in TE18 ranked first, second, and fifth, while the four
groups in JL10 ranked within the top four in descending order. Results for neighborhood
connectivity, closeness, and betweenness are shown in Figures S2–S4, indicating that bind-
ing sites tend to have higher values for these three features. Conversely, Figure S5 reveals
that the five binding-site groups in TE18 ranked first, second, third, fifth, and seventh in
ascending order, and those in JL10 ranked within the top five. Binding sites generally show
higher degree and neighborhood connectivity, suggesting they are often situated in the
core topological regions of nucleotide networks with strong local connectivity and dense
links. For the global network features, binding sites tend to have higher closeness and
betweenness scores and lower eccentricity, implying they are closer to the network’s geo-
metric center and participate more in shortest paths, thus playing a vital role in information
flow. Additionally, their distances to the most distant nodes are shorter, indicating they are
positioned nearer the network center rather than at the periphery.

4.2.3. Performance Analysis

Four metrics are used to evaluate the performances of methods, namely, precision,
recall, Matthews correlation coefficient (MCC) and the area under the receiver operating
characteristic curve (AUC). Precision, recall, MCC can be calculated as follows:

Precision =
|TP|

(|TP|+ |FP|) (8)

Recall =
|TP|

(|TP|+ |FN|) (9)

MCC =
TP × TN − FP × FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(10)

where TP is true positive and represents the number of true binding nucleotides within
the predicted binding nucleotides. FP is false positive and represents the number of false
binding nucleotides within the predicted binding nucleotides. TN is the true negative and
represents the number of real non-binding nucleotides with the predicted non-binding
nucleotides. FN is a false negative representing the number of binding nucleotides with
the predicted non-binding nucleotides.

Figures S6–S10 depicts the trends in pocketness, a measure of the size and depth of
nucleotide-formed pockets. We employed the same approach as ZeSTa for calculating
pocketness, applying the Ghecom dual-probe method with a large default probe radius.
We then measured the pocketness of each nucleotide at smaller radii of 1.5, 2.0, 2.5, 3.0, and
3.5 Å, labeled as PKT1 through PKT5. This multi-radius method captures pocket formation
at different scales. Figures S6A–S10A show results for TE18, while Figures S6B–S10B display
those for JL10. A pocketness close to 1 indicates larger, deeper pockets. In both test sets,
binding-site nucleotides tend to cluster within the top five values, especially in PKT1–3,
suggesting they form larger, deeper pockets suitable for small molecule binding. At these
scales, binding sites are more likely to form sizable pockets compared to non-binding
regions. Conversely, at PKT4 and PKT5, many nucleotides have pocketness values of 0,
meaning the probes were too large for pocket detection at these scales. In TE18, this is
evident from Figures S9A and S10A, and in JL10 from Figures S9B and S10B. The binding
site tendency is less clear in PKT4 and PKT5, so focusing on PKT1-3 may be more effective.
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Figure 4. Feature tendency of binding and non-binding sites in TE18 and JL10 test sets. Binding site
groups are labeled in green. Tendencies of nucleotides in TE18 across (A) LN1, (B) LN2, (C) LN3,
(D) LN4, (E) LN5. Tendencies of nucleotides in JL10 across (F) LN1, (G) LN2, (H) LN3, (I) LN4,
(J) LN5.

The precision performance of methods on TE18 is shown in Figure 2B. Results for Rsite,
Rsite2, RBind, and RNAsite were obtained from the RNAsite publication, whereas results
for the other methods were derived from their respective original papers. Among physics-
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based methods, RBind (0.655), which incorporates two network features, outperforms the
distance-based Rsite (0.449) and Rsite2 (0.370). As for the AI-based methods, the precision
of MultiModRLBP (0.644) is approximately 1.7% lower than that of RBind (0.655), while
RNAsite (0.675), RLBind (0.681), RNetsite (0.701), ZeSTa (0.729), and RLsite (0.712) all
outperform the physics-based approaches. Figure 2C presents the precision performance
of methods on JL10. The results for Rsite, Rsite2, RBind were from the ZeSTa publication,
the RNAsite results were obtained from its web server in August 2025, and the RNetsite
results were generated in August 2025 using the V2 package provided on its website. The
remaining results were from their respective publications. The precision of all methods
decreased in RNAs with more complex structures, but the overall trend remains consistent.
RBind (0.433) still outperforms Rsite (0.295) and Rsite2 (0.338). Meanwhile, the AI-based
methods RNAsite (0.668), RNetsite (0.458), ZeSTa (0.549), and RLsite (0.622) show precision
improvements over RBind of 54.3%, 5.8%, 26.8%, and 43.6%, respectively. The other metrics
for the various methods on the two test sets are presented in Tables 3 and 4.

Table 3. Model performance on easy-task test set TE18. The evaluation metrics include precision,
recall, MCC and AUC, where MCC refers to Matthews Correlation Coefficient and AUC refers to Area
Under the Receiver Operating Characteristic Curve. The results of Rsite, Rsite2, RBind, and RNAsite
are derived from the report of RNAsite paper, while the results of the other methods are derived
from their respective papers. The best performance is bolded, and the second-best is underlined.

Name Precision Recall MCC AUC

Rsite 0.449 0.288 0.071 0.509
Rsite2 0.370 0.214 0.010 0.474
RBind 0.655 0.173 0.187 0.559

RNAsite 0.675 0.263 0.253 0.776
RLBind 0.681 0.345 0.324 0.720
RNetsite 0.701 0.357 0.307 -

ZHmolReSTasite 0.729 0.379 0.327 0.709
MultiModRLBP 0.644 0.523 0.378 0.780

RNABind - - - 0.737
RLsite 0.712 0.392 0.335 0.740

Table 4. Model performance on challenging-task test set JL10. The evaluation metrics include
precision, recall, MCC and AUC, where MCC refers to Matthews Correlation Coefficient and AUC
refers to Area Under the Receiver Operating Characteristic Curve. The results of Rsite, Rsite2, RBind,
and ZHmolReSTasite are reported in the ZHmolReSTasite paper, the results of RNAsite are obtained
from the RNAsite web server (August 2025), the results of RNetsite are obtained from the RNetsite
V2 package on its website (August 2025), and the results of the other methods are derived from their
respective papers. The best performance is bolded, and the second-best is underlined.

Name Precision Recall MCC AUC

Rsite 0.295 0.194 −0.046 0.477
Rsite2 0.338 0.131 0.007 0.504
RBind 0.433 0.142 0.083 0.532

RNAsite 0.668 0.327 0.323 0.637
RNetsite 0.458 0.136 0.115 0.540

ZHmolReSTasite 0.549 0.296 0.211 0.592
RNABind - - - 0.667

RLsite 0.622 0.320 0.286 0.700

In the tendency figures shown in Figure 3A,B,D,E, binding sites consistently show
smaller values in both tertiary-structure-based and secondary-structure-based distance
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sums. This highlights the potential of 2D/3D distance sums to characterize binding site
properties. Consequently, distance-sum-based methods, such as Rsite and Rsite2, effectively
predict small molecule binding sites in RNA. However, calculating distance sums by giving
equal weight to all nucleotides can introduce significant noise from irrelevant interactions.
Additionally, relying only on distance sums cannot capture multi-body interactions between
nucleotides or distinguish between long- and short-range interactions. RBind utilizes
network modeling to integrate local and global features, enabling it to represent multi-body
interactions and differentiate between different interaction types. Network topological
features help identify key nodes and reduce noise in the interaction network. As a result,
RBind outperforms Rsite and Rsite2. Still, these three physics-based methods are limited
to a few features and cannot incorporate more diverse and complementary information,
which restricts their predictive capabilities.

Machine learning and deep learning algorithms can effectively integrate multiple
features. On both test sets, AI-based methods outperform physics-based methods by
leveraging various features. Among methods relying solely on network features, RNetsite
uses machine learning algorithms to incorporate more complementary network features.
On the TE18/JL10 test sets, RNetsite (0.675/0.458) achieved higher precision than RBind
(0.655/0.433). Although RNetsite considers complementary network features, its perfor-
mance is lower than methods with a more diverse feature set, such as ZeSTa (0.729/0.549),
due to its lack of other feature perspectives like sequence information. Especially on JL10,
which has RNA with more complex structures, RNetsite’s precision is only 5.8% higher than
RBind’s, compared to ZeSTa’s 26.8% improvement over RBind. ZeSTa achieved the highest
precision on TE18 but underperformed on JL10 compared to RNAsite (0.675/0.668) and RL-
site (0.712/0.622), likely due to the high structural sensitivity of its geometric features. Like
ZeSTa, RLsite combines sequence-based, geometric-based, and network-based features,
and additionally introduces energy features to analyze nucleotides through interaction
energy, which ZeSTa does not include. These findings suggest that effective RNA–small
molecule binding site prediction requires not only complementary features but also a
diverse combination of features.

Since features derived from RNA sequences are independent of RNA structures,
incorporating sequence-based features offers a more comprehensive characterization of
nucleotides. Therefore, most AI methods rely on sequence-based features. RNA sequence
information can be extracted via two approaches: using MSA-DCA (as seen in RNAsite,
RLBind, ZeSTa, and RLsite) and utilizing RNA LLMs (as in MultiModRLBP and RNABind).
MSA-DCA examines relationships between nucleotides from an evolutionary standpoint.
However, a limitation of MSA-DCA is that many RNA sequences lack sufficient homolo-
gous sequences, which restricts the information it can provide. Conversely, RNA LLMs are
trained on large-scale sequence datasets and do not require searching for homologs during
application, making them more efficient. Notably, RNABind trained separate models using
embeddings from eight different LLMs and observed that their predictive performances
varied. Therefore, choosing the right RNA LLM to represent sequence information is crucial
for accurate predictions.

Besides sequence-based features, methods for predicting RNA–small molecule binding
sites utilize various structure-based features, which are classified into four groups: network,
geometry, energy, and secondary structure. Combining features from the same group can
enhance the description of nucleotide properties, while integrating features from different
groups provides a more complete characterization. For instance, network features derived
from tertiary structure models describe binding sites via network topology. These sites are
often located in the dense core of the local nucleotide network and are closer to the network
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center, thereby facilitating their role in communication. While network features alone offer
valuable insights, they have limitations when it comes to describing the intrinsic properties
of individual nucleotides. To address this, many methods incorporate geometric features,
such as SASA, which indicates solvent exposure, showing a lower tendency, mainly on
JL10, with no clear pattern on TE18. Methods such as RNAsite, ZeSTa, and RLsite combine
SASA with LN or pocketness to better describe the geometric traits of nucleotides. This
combined approach helps identify binding sites in pocket regions with more concave
surfaces, leading to lower solvent exposure. Some methods further improve prediction
accuracy by adding energy features (RLsite) and secondary structure features (ZeSTa),
demonstrating the benefit of combining features across different categories. Ultimately,
effective nucleotide structure characterization depends on integrating diverse features
within and across categories for a thorough understanding.

5. Future Directions

Existing approaches for predicting RNA–small molecule binding sites employ various
features and models. Overall, AI-based methods, which integrate diverse features to
characterize nucleotides, tend to outperform physics-based techniques that rely on isolated
strategies. The effectiveness of AI models largely depends on the quality and quantity of
the training data used. Therefore, increasing the amount of RNA data that does not overlap
with test sets for training can enhance predictive accuracy. By analyzing the structural and
sequence similarities within the current training datasets, we observed many RNAs that are
structurally alike, and a few RNA chains that share numerous homologous sequences across
different datasets [76,77]. To expand the amount of structural data available for training AI
models with improved accuracy, tools like AlphaFold can be utilized to perform enhanced
sampling, such as introducing mutations and creating conformational ensembles [78–80].

Additionally, selecting the right combination of features is essential for effectively
characterizing nucleotides. However, adding more feature types increases computational
costs. It is essential to identify a feature set that is both diverse and complementary,
yet computationally manageable. Previous studies highlight that including geometric
features like LN, pocket, and interaction-based energy features is essential for improving
the model’s predictive accuracy, as these features display clear distribution differences
between binding and non-binding sites [22,25,28]. Nonetheless, while structure-based
refined features effectively capture RNA’s structural properties, their high sensitivity to
structural variations often causes a notable drop in predictive performance when input
structures deviate from the native conformation. Conversely, sequence-based features,
which do not depend on detailed structural information, or coarse-grained network features
less sensitive to structural changes respond more consistently to structural perturbations
and tend to be more robust under variations [24].

Furthermore, choosing an appropriate AI algorithm can maximize the use of limited
data to identify underlying patterns. For simple or short structures, machine learning
models with fewer parameters or lightweight deep learning models, combined with a
single feature type, can deliver satisfactory predictive results. However, for more complex
structures, advanced model architectures are necessary, involving multiple modules and
multimodal features to fully represent RNA from sequence to structure, thus improving
prediction accuracy. Addressing these factors can lead to more accurate predictions of
RNA–small molecule binding sites.

The flexibility of RNA structure is a critical aspect in the development of RNA–small
molecule drugs [69]. This flexibility manifests not only in the molecule’s dynamic con-
formational changes but also in the structural shifts that occur before and after ligand
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binding, reflecting differences between the unbound and bound states. The secondary and
tertiary structures can vary significantly between these states, influencing small-molecule
binding. Therefore, considering RNA’s structural flexibility is essential in practical drug
development. However, most current binding-site prediction methods mainly depend
on RNA conformations derived from known RNA–small molecule complexes (the bound
state), often overlooking the unbound state. This restriction makes applying predicted sites
to guide drug development more challenging. Future research should emphasize RNA’s
structural flexibility to better mirror real-world scenarios. For example, by incorporating
conformational ensembles of RNA structures obtained from molecular dynamics simula-
tions or NMR data, it is possible to include information on the dynamic structural changes
of RNA and account for its structural flexibility [81,82]. As the accuracy of RNA–small
molecule binding site prediction improves, it will lay a robust foundation and create new
opportunities for designing drugs that target RNA.

Supplementary Materials: The following supporting information can be downloaded at: https:
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JL10 test sets. Binding site groups are labeled in green; Figure S3: Closeness tendencies of binding
and non-binding sites in (A) TE18 and (B) JL10 test sets. Binding site groups are labeled in green;
Figure S4: Betweenness tendencies of binding and non-binding sites in (A) TE18 and (B) JL10 test
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green; Figure S9: PKT4 tendencies of binding and non-binding sites in (A) TE18 and (B) JL10 test sets.
Binding site groups are labeled in green; Figure S10: PKT5 tendencies of binding and non-binding
sites in (A) TE18 and (B) JL10 test sets. Binding site groups are labeled in green; Figure S11: Feature
distribution in 2D distance, 3D distance, and RSASA of binding and non-binding sites in (A) TE18
and (B) JL10 test sets. Binding sites are labeled in purple, and non-binding sites are labeled in green;
Figure S12: Feature distribution in Laplacian Norm (LN) of binding and non-binding sites in (A)
TE18 and (B) JL10 test sets. Binding sites are labeled in purple, and non-binding sites are labeled
in green; Figure S13: Feature distribution in network features (degree, neighborhood connectivity,
closeness, betweenness, and eccentricity) of binding and non-binding sites in (A) TE18 and (B) JL10
test sets. Binding sites are labeled in purple, and non-binding sites are labeled in green; Figure S14:
Feature distribution in pocketness of binding and non-binding sites in (A) TE18 and (B) JL10 test sets.
Binding sites are labeled in purple, and non-binding sites are labeled in green; Figure S15: Sequence
and structure similarity of three training sets (TR60, trainRLBP, and training set of RNABind). RLBP
represents trainRLBP, and RNAB stands for the training set of RNABind. Each dot depicts an RNA
in the dataset; the x-coordinate shows the maximum TM-score between the query RNA and any
structure in the other dataset, while the y-coordinate indicates the number of RNA chains in the other
dataset that fall into the same cluster as the query RNA.
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Abstract: Background: QSAR (Quantitative Structure–Activity Relationships) methods
have been the basis for the design of new molecules with a certain activity. The great
advantage of QSAR methods is that they can predict the pharmacological activity of
compounds without the need to obtain or synthesize them previously. Currently, the
development of antibiotic resistance by microorganisms is the most important issue in
the treatment of infectious diseases. This elevated resistance is associated with expanded
morbidity and mortality, as well as an increase in healthcare costs. The development of
new molecules with antibacterial activity is therefore urgently needed. Methods: By means
of molecular topology, we developed discriminant functions (DF1 and DF2) capable of
predicting antibacterial activity. When applied to a database with 6373 chemicals, they
selected 266 molecules as candidates, from which 41% have this activity, according to
the bibliography. Regression equations determining pharmacokinetic properties such
as mean residence time (MRT), volume of distribution (VD), and clearance (CL) were
applied to the selected molecules. Results: We have observed that most antibacterial com-
pounds have pharmacokinetic theoretical values in the intervals 20 > MRT > 0, 3 > VD > 0,
and 500 > CL > 0. We have applied these intervals to our antibacterial model with the
objective of finding new antibacterials with a good pharmacokinetic profile. We show that
they are an effective tool for discriminating antibacterial compounds, increasing the biblio-
graphic success rate to 50.8, 59, and 61.5%, respectively. When drug-like filters are applied
to these new models, the vast majority (89.9–100%) of the selected molecules present an-
tibacterial activity. Conclusions: Considering these results, these new models could avoid
the application of drug-likeness filters when searching for new potential antibacterials. All
of this proves the usefulness of these mathematical–topological models.

Keywords: antibacterial; computational chemistry; pharmacokinetics; topological indices;
drug-like; QSAR

1. Introduction

The introduction of antibacterial drugs into clinical practice in the 1940s was one of
the most important interventions for its control and increased the life expectancy of the
population by several years. Like vaccines, they saved millions of lives, but they also
brought about a revolution in medicine, significantly contributing to progress in fields
such as solid organ and hematopoietic stem cell transplantation, survival of premature
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and immunosuppressed infants, and surgery of prosthetic material and vascular catheters,
where infections are especially prevalent and important [1].

Since the mid-20th century, the pharmaceutical industry has intensified efforts to
discover new antibiotic molecules from different microorganisms, preferably from soil
samples or semisynthetic derivatives thereof. A great variety of these compounds belong-
ing to very diverse families (beta-lactams, glycopeptides, macrolides, aminoglycosides,
tetracyclines, etc.) were discovered. It was the golden age for these drugs, and it was
believed that the battle against infectious diseases had already been won. In fact, infant
mortality and morbidity fell considerably. Research was also conducted on the develop-
ment of synthetic antimicrobials that were used in human and animal therapeutics, such as
quinolones obtained from nalidixic acid, another synthetic agent. Quinolones constitute a
widely used class of antibiotics due to their pharmacokinetic qualities, their bactericidal
action against many pathogens, and their low toxicity [2].

However, soon after the discovery of antibiotics, the ability of bacteria to mutate and
generate resistance to them was reported. Despite early warnings about the perils of their
overuse, widespread over-prescription of antibiotics and their use in agriculture resulted in a
rise in the growing resistance of some bacteria, such as pneumococcus and staphylococcus, to
conventional antibiotics [3]. The extreme versatility and adaptability of microorganisms have
prevented a decrease in the prevalence of these diseases since the number of antibiotic-resistant
bacteria has multiplied exponentially in the last decades [4]. So much so that the World Health
Organization (WHO) already considers antibiotic resistance developed by bacteria as one of
the main threats to global health and points out that if the emergence of resistance continues at
this rate, infections by antibiotic-resistant bacteria will be the leading cause of death worldwide,
surpassing deaths caused by cancer, diabetes, and cardiovascular diseases [5].

The alarming increase in these resistances is, without a doubt, one of the biggest
current public health problems since these compounds constitute one of the main tools
for controlling and treating bacterial infections, both in human and veterinary medicine.
This issue spans multiple sectors and presents several complex challenges. Aside from
the medical components, it has economic, ecological, sociological, and developmental
dimensions. The loss of effectiveness of these drugs would lead us to a silent pandemic
that could make the world and the modern medicine built upon it collapse [6].

In the current context, rapid and inexpensive methods are necessary for the immediate
expansion of the therapeutic arsenal that we currently possess. Within this framework, the
drug repurposing strategy has emerged, which consists of using drugs that are already
on the market and that have other therapeutic purposes to treat infections caused by
multi-resistant bacteria [7–9]. This approach using known drugs is a common practice
in the design and development of new drugs, saving time and resources in clinical and
preclinical phases since, for example, toxicological and/or pharmacokinetic assays would
have already been carried out previously [10].

In this sense, it is worth highlighting the utility of mathematical–topological models
for the prediction of antibacterial activity, which allows obtaining new drugs with an-
tibacterial capacity and which are alternative tools, given the reduction in investment by
the pharmaceutical industry in this scope. Thus, within these methods, one can find the
Quantitative Structure–Activity Relationship (QSAR) methods, which play an important
role since they provide useful information for rational drug design and development with
minimal cost. The great advantage of these QSAR methods is that they can predict the phar-
macological activity of a compound without the need to previously obtain or synthesize it.
This has caused a great rise in the number of studies regarding Computational Chemistry
and Virtual Combinatorial Chemistry in the last years [11]. Specifically, in our research
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group, we use molecular topology, which consists of obtaining a series of topological
indices (TIs) that are calculated from the structure of a molecule. In this way, we can classify
a molecular structure as active or not active against a certain pharmacological activity using
pattern recognition techniques such as linear discriminant analysis, multilinear regression,
or random decision forests [12,13].

This field offers an alternative and inexpensive method for the rapid identification of
new antibacterial agents. Of special interest are antibiotics with optimum pharmacokinetic
properties. Besides modeling biological activity endpoints, QSAR methods can also involve
modeling the pharmacokinetic properties of drug candidates prior to their synthesis,
ensuring the efficacy of the designed compounds inside biological systems [14]. The
inclusion of the prediction of pharmacokinetic and/or pharmacodynamic properties, such
as the ability to cross the blood–brain barrier, prediction of cytochrome P450-mediated
metabolism, albumin binding, or water solubility, attempt to simultaneously optimize
potency and pharmacokinetics [15].

We therefore reiterate QSAR methods as an effective tool to perform rapid virtual
screening for potential antibacterials, allowing the prediction of other pharmacokinetic and
toxicological properties directly related to activity to find safer and more effective drugs.
Thus, one promising possibility appears to be the combination of multiple QSAR models
that will generate the most suitable antibacterial compounds, considering not only their
activity but also their properties. We want to apply pharmacokinetic prediction equations
to generate new antibacterial models with the objective of finding antibacterials with good
pharmacokinetic profiles. Furthermore, by introducing pharmacokinetic values, these mod-
els select drug-like molecules. Also, the clear definition of a model’s applicability domain
(AD) is crucial since it enhances confidence in the predictions and enables the practical
application of QSAR models [16]. Indeed, the Organization for Economic Cooperation
and Development (OECD) requires assessing the AD of QSAR models as a prerequisite for
using QSAR in regulatory contexts [17].

As pharmaceutical companies increasingly step back from antibiotic research—largely
due to high costs and limited financial incentives—there is an urgent need for smarter,
more affordable ways to discover new treatments. This is where QSAR modeling comes
in. Unlike traditional methods that require physically creating and testing compounds,
QSAR can predict a molecule’s potential just by analyzing its structure. It is a practical and
efficient alternative to high-throughput screening, which demands extensive lab resources,
or AI and machine learning approaches that often need massive, well-curated datasets.
QSAR strikes a balance: it is accessible, cost-effective, and scientifically robust. Especially
when combined with molecular topology, it becomes a powerful tool for quickly identifying
promising antibacterial candidates—something we desperately need in the fight against
resistant bacteria.

2. Results and Discussion

After extending thorough bibliographic research on antibacterial activity from a previ-
ous study [18], a total of 266 molecules from our dataset were selected by the AB model
as potential antibacterials. Of these, 109 have proven antibacterial activity bibliographi-
cally. That is, considering only the scientific literature, the AB model correctly classified as
antibacterial in 41% of the selected compounds.

To build the discriminant functions, we used four groups: two training groups with
38 active and 38 inactive compounds and two test groups with 12 active and 11 inactive
compounds, which allowed for assessing the quality of the selected discriminant functions.

The chosen functions were as follows:
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DF1 = −27.13819 − 4.7164S=C< + 1.27264S-NH- − 0.30296S=O + 43.398310C − 13.570363Cc

N = 76 λ = 0.2653522 F = 38.76
(1)

DF2 = −3.27384 − 3.14402S=C< + 0.66311S-NH2 + 1.44735S-NH- + 1.15103S=N- − 0.47139S-OH − 4.41362SaSa

N = 76 λ = 0.3138095 F = 25.146
(2)

where the quality of the discriminant functions is evaluated by the Wilks’ λ parameter (also
known as U-statistic), which is obtained by a multivariate analysis of variance statistics
that tests the equality of group mean values for the variables in the DFs.

We plotted the corresponding PDDs for every function to visualize the values of
the function in which the probability of classifying a compound as active or inactive is
maximum. In other words, to find areas where the overlap between the two groups of
molecules is minimal. The maximum expectancy zone for new antibacterials is the range of
0–12 for DF1 and the range of 2–12 for DF2 in both the training and the test sets [18].

With the purpose of finding three mathematical models able to identify antibacterials
with good pharmacokinetic profiles, RFs built based on the bibliographic information of a
limited number of antibacterial quinolones were applied to the same chemical graphs used
for DF1 and DF2, only that this time there were two, not four, large sets of molecules: one
with 50 antibacterial quinolones and another one comprising 49 inactive quinolones and
quinolone-related structures.

We aimed to build three models by combining DF1 and DF2 with a pharmacokinetic
equation, which related, respectively, the mean residence time (MRT) in hours, the volume
of distribution (VD) in L/kg, and the clearance (CL) in mL/min [19,20]:

MRT = −79.3319 − 4534.3710χv
ch + 13.69392κα − 2.21175S-O-

N = 14 r2 = 0.85378 r2
cv = 0.74026 SEE = 6.306649 F = 19.46

(3)

VD = 10.1212 + 0.704187S-NH2 − 0.612674S-Cl − 0.615152G2

N = 16 r2 = 0.85816 r2
cv = 0.75868 SEE = 0.694465 F = 24.20

(4)

CL = 8981.08 + 1596.686χch − 109.481S>N- − 2637.68NI2

N = 12 r2 = 0.92043 r2
cv = 0.70282 SEE = 65.42953 F = 30.85

(5)

where r2
cv is obtained by cross-validation analysis using the leave-one-out method [21].

Since the equations have been obtained from antibacterial quinolones, it is expected
that the molecules selected by the models maintain the same mechanism of action (inhi-
bition of DNA gyrase and/or topoisomerase IV) and similar pharmacokinetic properties
(MRT, VD, or CL).

After the selection of the three equations constituting the pharmacokinetic property in
the topological model, we built the corresponding PDDs. Application of these equations to
the two large sets of drugs (one comprising compounds exhibiting antibacterial activity and
the other not possessing it) reveals that most of the actives are gathered within a specific
interval, while the inactives are generally scattered or fall outside this interval. The PDDs
were obtained by using Equations (3)–(5) (MRT, VD, and CL, respectively) along with the
highest property intervals for each function, which are shown in Figures 1–3. Thus, the
intervals derived from these PDDs establish the AD for each model.
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The derived discriminant functions are applicable not only to novel quinolone deriva-
tives outside the scope of the original dataset but also to structurally unrelated compounds,
provided they exhibit analogous mathematical–topological descriptors. The robustness of
the topological approach has been substantiated through its successful implementation
across a broad spectrum of pharmacological classes [13].

Figure 1. PDD for mean residence time (hours) property as obtained by using the regression function
MRT: blue bars, antibacterial compounds; orange bars, non-antibacterial compounds. Highest
property expectancy (E): 0 < MRT < 20.

Figure 2. PDD for volume of distribution (L/kg) property as obtained by using the regression
function VD: blue bars, antibacterial compounds; orange bars, non-antibacterial compounds. Highest
property expectancy (E): 0 < VD < 3.
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Figure 3. PDD for clearance (mL/min) property as obtained by using the regression function
CL: blue bars, antibacterial compounds; orange bars, non-antibacterial compounds. Highest property
expectancy (E): 0 < CL < 500.

We observe that some calculated values are negative (Figures 1–3). The explanation
for this fact is that the function assigns these negative values to very small values of the
property. Such is the case of antibacterial quinolones with observed pharmacokinetic values
within the first positive interval (MRT: 0–5 h; VD: 0–1 L/kg; CL: 0–250 mL/min), whose
calculated pharmacokinetic values are negative.

2.1. Antibacterial + Mean Residence Time Model (AB+MRT Model)

Considering the obtained results, an optimized topological MRT model for antibac-
terial activity can be formulated through DF1, DF2, and MRT (see Equations (1)–(3)
and Figure 1), where DF1 and DF2 address antibacterial activity and MRT addresses
mean residence time property. A molecule would be classified as active if it fulfilled the
following requirements:

12 > DF1 > 0

12 > DF2 > 2

20 > MRT > 0

After applying all three functions (Equations (1)–(3)) to our dataset, we identified
59 compounds as theoretically active because their DF1, DF2, and MRT values (AB+MRT
model) fell within the predefined intervals. Of these, 30 compounds (50.8%) had demon-
strated antibacterial activity, according to the bibliography (see Supplementary Section S2).

Figure 1 indicates that the vast majority of antibacterials fall within the MRT equation’s
selected interval of calculated values (74% of the antibacterials in the 20 > MRT > 0 interval),
while non-antibacterial compounds’ calculated values are mostly dispersed (only 18.4% in
the same interval). It must be noted that the scientific literature generally refers to half-life
(t1/2) or beta-phase half-life (bpt1/2) rather than MRT, where MRT = t1/2/ln2 in the case
of one-compartment models and MRT = bpt1/2/ln2 in the case of two-compartment mod-
els [22]. This consistency MRT experimental values, where first- and second-generation
quinolones such as enoxacin, norfloxacin or ciprofloxacin with low to medium elimina-
tion rate (2 h ≤ t1/2 ≤ 4 h or 2.89 h ≤ MRT ≤ 5.77 h) while later quinolones such as
gatifloxacin, moxifloxacin, or trovafloxacin, whose structures’ optimization usually led to
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longer elimination rates (t1/2 ≤ 13 h or MRT ≤ 18.76 h) [23–32], supports the validity of
this model.

The encouraging performance of the AB+MRT model suggests that integrating phar-
macokinetic parameters could refine our screening process. With this in mind, we next
turn our attention to the volume of distribution.

2.2. Antibacterial + Volume of Distribution Model (AB+VD Model)

The volume of distribution (VD), which is the volume of body fluid into which a
drug’s dose is dissolved, is an important determinant of drug concentration. An optimized
topological VD model for antibacterial activity can be formulated through DF1, DF2, and
VD (see Equations (1), (2), and (4) and Figure 2), where DF1 and DF2 address antibacterial
activity and VD provides additional insight into the compounds’ volume of distribution. A
molecule would be classified as active if it fulfilled the following requirements:

12 > DF1 > 0

12 > DF2 > 2

3 > VD > 0

By applying the proposed topological model (AB+VD model) to our dataset, 39 com-
pounds were selected as theoretically active, of which 22 (59%) were accurately classified
as active according to the bibliography (see Supplementary Section S2).

In the case of quinolones, their VD is generally greater than that of total body water,
which suggests a wide distribution of these compounds throughout the body due to
sequestration in the intracellular fluid of certain tissues due to their moderately lipophilic
nature [22,33,34]. However, key structural modifications to improve the pharmacokinetics
of third- and fourth-generation quinolones, such as the addition of an amino or methyl
group in R5 (e.g., sparfloxacin and grepafloxacin, respectively) or the presence of piperazine
or azabiclylic ring in R7 (e.g., gatifloxacin and garenoxacin, respectively) increased the
quinolones’ lipophilicity and, thus, their experimental values of VD, resulting in a high
variability among the group [24–32,35,36].

Figure 2 indicates that antibacterials tend to cluster within the VD equation’s selected
interval of calculated values (52% of antibacterials in the 3 > VD > 0 interval), while non-
antibacterial compounds’ calculated values are more scattered (only 20.4% fall in this
interval). Therefore, these results align well with known distribution patterns observed in
quinolones, where modifications such as the addition of amino or methyl groups have led
to significant variations in VD.

Building upon the insights gained from the AB+MRT model, the AB+VD model adds
another pharmacokinetic characterization. In our continuous effort to enhance predictive
accuracy, we now extend our approach to include clearance.

2.3. Antibacterial + Clearance Model (AB+CL Model)

Clearance (CL) is a key parameter that indicates the volume of body fluid from which
the drug is completely removed per unit time and is critical for understanding a drug’s
elimination and duration of action. An optimized topological CL model for antibacterial
activity can be formulated by combining DF1, DF2, and CL (see Equations (1), (2), and (5)
and Figure 3), where DF1 and DF2 assess antibacterial activity while CL further refines the
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profile based on elimination characteristics. A molecule would be classified as active if it
fulfilled the following requirements:

12 > DF1 > 0

12 > DF2 > 2

500 > CL > 0

When applying the AB+CL model to our dataset, 39 compounds were selected as
potential antibacterials, of which 24 (61.5%) were confirmed as active, according to the
bibliography (see Supplementary Section S2).

Regarding clearance (CL), changes in quinolones’ elimination were observed over
time: early quinolones (e.g., enoxacin, levofloxacin and lomefloxacin) were eliminated
primarily by renal clearance, with high observed CL values, whereas later quinolones
(e.g., grepafloxacin, moxifloxacin and trovafloxacin) were modified to be more lipophilic,
and hence eliminated primarily by hepatic clearance, which tended to show lower observed
CL values [2,24–32].

Figure 3 illustrates that antibacterial compounds’ calculated values are strongly clustered
in the CL equation’s selected interval (62% of antibacterials in the 500 > CL > 0 interval), in
contrast to non-antibacterial agents, of which only 12.2% fall within this range. Thus, these
findings are consistent with the changes observed over time in quinolone clearance, where
shifting from primarily renal to hepatic elimination results in differing CL values.

Hence, by incorporating additional pharmacokinetic parameters, our antibacterial
activity models refine the selection of compounds with optimal pharmacokinetic profiles.
This approach not only minimizes false positives but also enhances the overall drug-likeness
of the selected candidates.

2.4. Study of Drug-like Properties in Compounds Selected by Models

To demonstrate in vivo activity of a substance, in addition to having the correct stereo-
electronic properties to bind with the receptor, it must be safe and have the appropriate
pharmacokinetic properties to reach it. This means that most of the designed compounds
do not successfully succeed in phase I clinical trials [37].

The search for novel antibacterial agents is carried out based on a two DF classification
model and their PDDs applied to antibacterials and non-antibacterials achieved in previous
work [38]. After the application of such a model (as described under Materials and Methods)
to a large dataset comprising 6373 chemicals (including either drugs or chemical reactants),
those 266 molecules passing the model requirements were selected (4.2% of the total)
of which, considering only the bibliographic data, the AB model correctly classified as
antibacterial at least 41% of the selected compounds.

Later, the same group of antibacterials and non-antibacterials is screened for three
different pharmacokinetic properties (functions MRT, VD, and CL and their respective
PDDs [19,20]), which leads to 3 different models to search for potential antibacterial with
optimum pharmacokinetic properties.

When three functions along with their PDDs are used, the accuracy for active com-
pounds decreases, whereas that for inactive ones increases, so the probability of a false
active compound being selected decreases. In these cases, the proportion of correctly
classified active compounds rose to 50.8, 59, and 61.5% (AB+TRM, AB+VD, and AB+CL,
respectively). This suggests that the values obtained from Equations (3)–(5) are related to
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TIs that are somehow measures of antibacterial activity, so these equations can also be used
as discriminant functions for this type of activity.

Since Lipinski’s rules, many drug-like (DL) properties have been developed to predict
the appropriate pharmacokinetic behavior of substances. Thus, an extra evaluation of drug-
likeness by application of constitutional indices (number of atoms, nAT [39]), molecular
properties (Ghose–Crippen molar refractivity, AMR [40]; topological polar surface area,
TPSA [41]; rotatable bond number, RBN [42]) and DL indices (Lipinski’s rule of five,
Ro5 [43]), key for oral absorption, is performed using alvaMolecule [38] to all discussed
models, including the previously published antibacterial model [18] (see Supplementary
Section S3). Table 1 summarizes the percentage of correct classification of the different
models obtained for the DL filters selected (Table 1).

Table 1. Percentage of molecules from the starting dataset and different models that fulfill the
drug-like filters.

DL Filter a IM Dataset b AB Model c AB+MRT Model d AB+VD Model e AB+CL Model f

Ro5 ≥ 0.75 75.8 91.6 100 100 100

20 ≤ nAT ≤ 70 77.5 91.6 100 97.4 100

40 < AMR < 130 82.6 93.4 100 94.6 100

TPSA < 140 78.9 82.8 89.9 97.4 94.9

1 ≤ RBN ≤ 9 81.7 85.3 100 92.1 94.9
a Ro5: Lipinski’s rule of five; nAT: number of atoms; AMR: molar refractivity; TPSA: topological polar surface
area; RBN: rotatable bond number. b Percentage of molecules from the IM dataset that fulfill each of the DL filters.
c Percentage of molecules from the IM dataset that are theoretically active according to the AB model and fulfill
each of the DL filters. d Percentage of molecules from the IM dataset that are theoretically active according to
the AB+MRT model and fulfill each of the DL filters. e Percentage of molecules from the IM dataset that are
theoretically active according to the AB+VD model and fulfill each of the DL filters. f Percentage of molecules
from the IM dataset that are theoretically active according to the AB+MRT model and fulfill each of the DL filters.

As can be seen in Table 1, all the pharmacokinetic equations increased the percentage
of molecules with DL properties with respect to the initial database and the molecules
selected by the AB model, which increases the probability of finding active molecules with
optimum pharmacokinetic properties.

While each of the three models—AB+MRT, AB+VD, and AB+CL—demonstrated im-
proved predictive power over the base AB model, their performance varied in terms of
accuracy and drug-likeness enrichment. The AB+CL model achieved the highest biblio-
graphic success rate, correctly identifying 61.5% of compounds as antibacterial, followed
closely by AB+VD (59%) and AB+MRT (50.8%). In terms of drug-likeness, all three models
significantly outperformed the original dataset, with the AB+MRT and AB+CL models
achieving 100% compliance with key filters such as Lipinski’s Ro5 and molar refractivity.
These findings suggest that while all models are effective, the AB+CL model offers the best
overall balance between predictive accuracy and pharmacokinetic relevance, making it a
particularly promising tool for the virtual screening of antibacterial candidates.

Finally, the compounds showing a previously known antibacterial activity according
to an exhaustive literature search were taken out of the pool of selected candidates so that
we finally obtained a group of novel and (potentially) active candidates. We believe that
the remaining compounds that, up to our knowledge, have not been previously described
as antibacterials (see Supplementary Section S4) could be strong candidates to increase
the currently available antimicrobial arsenal. We think that only these data justify and
demonstrate the great utility of these new models.
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3. Materials and Methods

3.1. Compound Selection

A mathematical–topological antibacterial prediction model (AB model) previously de-
scribed by our research group [18] is used to find new antibacterial compounds from
a database retrieved from the Index Merck (IM) [44], which gathers 10250 marketed
compounds, including pharmaceutical drugs, biological products, and chemical reac-
tants. A series of modifications explained below had to be carried out to transform them
into chemical graphs that our index calculation software programs, DESMOL13 [45] and
MOLCONN-Z [46], could use. The molecular descriptors used were computed from the
adjacency topological matrix obtained from the hydrogen-depleted graphs using the draw-
ing program ChemDraw 12.0 Professional from the ChemOffice 2010 software package
(these descriptors are described in Supplementary Section S1 along with their definitions
and references).

Firstly, stereochemistry is removed from all molecules since the software only supports
2D graphs. This had to be performed one molecule at a time, changing the bonds that
indicated chirality for flat bonds. Furthermore, this software does not accept molecules with
more than 99 bonds from end to end of the molecule. Thus, molecular entities exceeding
99 bonds had to be removed. Moreover, we were only able to calculate the indexes of
molecules containing C, F, Cl, Br, I, O, N, S, P, B, Si, Ge, Sn, Pb, and H. Therefore, each
molecule had to be analyzed to detect any other atoms and delete them. Moreover, an
automatized data curation of the molecular structures (duplicate analysis, removal of
undesired characteristics such as mixture, salts, polymers, organometallic, and inorganic
substances, fixing erroneous molecular representation, and checking for anomalies) is
performed using alvaMolecule 2.0.6 [38]. The curation of molecular data can be one of
the most time-consuming phases of the model-building process; it often requires human
expertise to check molecular structures, even manually, to identify potential problems,
and it certainly is a mandatory task when working with software tools that are not able
to calculate molecular descriptors for such types of chemical structures. Having taken
all these considerations, we were able to build our own dataset with 6373 compounds of
approved and experimental drugs (62.2% of the IM database), whose chemical graphs were
drawn and saved in “mol” format.

3.2. Linear Discriminant Analysis and Multilinear Regression

Linear Discriminant Analysis (LDA) and Multiple Linear Regression (MLR) are com-
monly employed techniques in the development of QSAR models. However, a significant
limitation of these methods is their inability to handle variables with discrete values, as
such data cannot be effectively analyzed using these statistical approaches since this type
of index would lead to overfitting [47].

The aim of LDA, a heuristic algorithm capable of distinguishing between two or more
categories of entities, is to find linear functions that allow one to discriminate between
those categories. In one of our previous studies [18], two large sets comprising quinolones
with proven antibacterial activity and quinolones and quinolone-related structures without
such activity, respectively, were considered. Quinolones represent a well-characterized
and diverse class of compounds, offering a rich dataset that enhances the accuracy and
reliability of the predictive equations [47].

Chemical graphs used to calculate the AB model formed by two discriminant functions
(DF1 and DF2) were randomly split into training (molecules used to build the DFs) and test
(molecules used to ensure the quality of the DFs) groups for each set using the statistical
package called BMDP module 7D [48]. The discriminant ability of antibacterial activity is
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assessed in terms of the proportion of correct classification in each group, and a search of
potential antibacterial compounds is performed in a big dataset with a vast majority of non-
related structures [18], which identified substances with antibacterial activity previously
described in the bibliography (41% of the selected compounds). Moreover, we also demon-
strated that it is possible to obtain a high degree of molecular characterization of certain
pharmacokinetic properties (mean residence time after oral administration, MRT; volume
of distribution, VD; clearance, CL) by an adequate choice of TIs in the form of regression
functions (RF) [19,20] using MLR, performed by a BMDP 7.0 software module 9R [48].

Experimental procedures used to obtain property values were carefully reviewed.
Specifically, activities against various microorganisms expressed as different MIC
values—derived from in vitro assays conducted in accordance with CLSI guidelines [49].
Additionally, data obtained from studies involving healthy human subjects were used to
determine pharmacokinetic properties.

Randomness tests were conducted to detect potential spurious correlations in the
regression models. This involved randomly permuting the property values of each com-
pound and performing linear regression with the selected independent variables. The
outcomes of these tests were visualized by plotting the correlation coefficient (r2) against
the cross-validated prediction coefficient (r2

cv), providing a graphical assessment of model
robustness [21]. It is also recommended that the number of indices chosen is well below the
number of molecules used to build the functions to avoid possible fortuitous correlations
so that the optimal relationship between them is the one that achieves a better prediction
with the minimum number of descriptors possible, in order to avoid random variation as
much as possible [50].

3.3. Pharmacological Distribution Diagrams

In recent work [19,20], we found that connectivity functions can be used not only to
predict properties or classify chemical structures according to activity classification but
also to predict the activity of a given compound in a specific pharmacological context. This
is accomplished by using pharmacological distribution diagrams (PDD), which allow us
to estimate the probability of a given molecule being active. These diagrams have been
proven useful with various therapeutic categories (e.g., antihistamines, bronchodilators,
and anti-tubercular drugs [51–53]).

After selecting the DFs and RFs, we built the corresponding pharmacological distribu-
tion diagrams (PDD). These plots are useful to determine the intervals of the discriminant
function in which the expectancy, E, to find active molecules is maximum. PDDs are
histogram-like plots of connectivity functions in which the expectancies appear on the
ordinate axis [54]. For an arbitrary interval of values of a given function, we can define the
expectancy of activity as Ea = a/(i + 1), where “a” is the number of active compounds in the
interval divided by the total number of active compounds, and “i” is the number of inactive
compounds. The expectancy of inactivity is defined in a symmetrical way, as Ei = i/(a + 1).
This representation provides good visualization of the regions of minimum overlap and
selects regions in which the probability of finding improved molecules is maximum.

3.4. Topological Models

By means of MLR and LDA techniques, three topological mathematical models com-
prising three functions per model were achieved for antibacterial activity. The different
topological models were formed by combining both DFs (AB model) with an RF. Further-
more, PDDs allowed us to carry out the assignment of thresholds useful to discriminate
active from inactive compounds with the highest probability of success. Only the molecules
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predicted as active by all three functions comprised in each of the models within the pre-
determined thresholds were identified as potential antibacterial drugs with an adequate
pharmacokinetic profile. This way, the number of false actives will be minimized.

4. Conclusions

Currently, the emergence of antibiotic resistance in microorganisms is one of the
biggest issues that have appeared in recent years in the treatment of infectious diseases.
MT has proven to be a powerful tool in the design and development of new antibacte-
rials, considering the increasing appearance of multi-resistant bacteria and the lack of
investment from the pharmaceutical industry. Furthermore, RFs aiming at predicting phar-
macokinetic properties have been proven to have the ability to group active compounds
effectively, which suggests a close relationship between them and the antibacterial activity
of compounds. By combining them with DFs, we developed three QSAR models with
clear-cut intervals in which the probability of finding active molecules reaches its maximum
according to the corresponding PDDs.

In this study, we applied these three models to a dataset derived from the IM database,
identifying molecules with antibacterial activity previously described in the bibliography
with outstanding discriminant ability according to the success rates. The model has also
selected compounds whose antibacterial activity, up to our knowledge, has not been proven
yet, which could be interesting candidates to be studied, providing new possible action
mechanisms and thus increasing contribution to tackle antibiotic resistance.

These models provide useful information for a better understanding of how the
molecular structure may affect the antibacterial activity of a molecule. With this information,
it is simpler to understand how topological characterization of chemical structures may
affect the antibacterial activity of a compound and therefore optimize existing drugs, which
is a cost-effective approach to obtain new treatments against resistant bacteria.

We can conclude that the results obtained in this study confirm QSAR and molecular
topology as extremely useful and cost- and time-effective tools, where DL filters could
be avoided in the virtual screening of new antibacterials. The new models generated
could be of application in drug repurposing, where we find thousands of safe and efficient
candidates to be tested for new pharmacological activities.

Thus, having demonstrated again the efficacy of this predictive tool, our present and
future work is focused towards their validation by means of experimental in vitro testing.
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Abstract

Background: Intrinsically disordered regions (IDRs) within proteins often act as piv-
otal linkage units for the interaction of functional domains. The p53 tumor suppressor
protein contains intrinsically disordered N-terminal and C-terminal domains (NTD and
CTD), playing crucial regulatory roles in cellular processes. Furthermore, experimental
approaches have encountered challenges in elucidating the structural regulation by the
IDRs. Methods: In this work, we employed microsecond-scale molecular dynamics sim-
ulations to explore the allosteric regulation mechanism of the p53 DNA binding domain
(DBD) induced by the CTD and the DNA binding. Subsequently, we integrated dynamic
cross-correlation analysis with binding free energy calculations to evaluate the interaction
between the CTD and DNA. Results: The free energy landscapes (FELs) were utilized to
identify the conformational ensemble of the p53 DBD. The FELs revealed that the CTD
enhances the allosteric regulatory mechanisms. Conclusions: Firstly, the conformation of
DBD changes on the S6-S7 loop and L1 upon DNA binding. Then the CTD directly interacts
with DNA and further regulates the allosteric network (involving the S6-S7 loop, L1 loop,
S4, S10, H1, and H3) to promote the binding of DBD to DNA. The allosteric mechanisms
presented in this work will provide new insights into the functional mechanisms of the p53
CTD and inform the rational design of p53-targeted drugs.

Keywords: intrinsically disordered proteins; allosteric mechanism; free energy landscapes;
molecular dynamics; MM-PBSA

1. Introduction

Intrinsically disordered regions (IDRs) in proteins are segments of at least 30 amino acids
in length that lack stable three-dimensional structures under physiological conditions [1,2].
IDRs play crucial roles in various biological functions, including molecular recognition,
protein–protein interactions, and regulation of cellular processes [3–5]. Based on previous
studies, approximately 44% of human proteins contain disordered regions [6]. These regions
are characterized by their dynamic nature, which allows them to sample a wide range of confor-
mations and interact with multiple partners, often through short linear motifs [7,8]. IDRs are
enriched in polar and charged amino acids, such as serine, threonine, and glutamic acid [9,10].
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These characteristics contribute to the disordered state due to reduced hydrophobic interactions
and a higher net charge.

The p53 tumor suppressor protein is a transcription factor that maintains cellular
stability and prevents cancer [11]. The p53 modulates fundamental cellular processes
through protein–protein interactions [12]. Structurally, the p53 comprises four subunits of
393 amino acids and contains IDRs in both N-terminal and C-terminal domains. As shown
in Figure 1, the N-terminal domain (NTD, residues: 1–90) includes two transactivation
domains (TAD1, residues: 1–40, TAD2, residues: 40–60) and a proline-rich region (PRR,
residues: 60–90) [13]. TAD1 contains the primary binding sites for MDM2 and MDMX.
TAD2 is involved in transcriptional activation and protein interactions, such as with the
RPA protein [14]. Mutations in TAD1 and TAD2 are required to eliminate tumor suppressor
function [15]. TAD1 and TAD2 also contain multiple phosphorylation sites that regulate
the degradation and activity of p53 in response to stress [16]. The DNA binding domain
(DBD: 94–312) is essential for sequence-specific DNA binding and is the target of most
point mutations in cancer [17]. The C-terminal domain (CTD, residues: 312–393) contains
an oligomerization domain (residues: 323–355) and a lysine-rich C-terminal tail (residues:
364–393), which includes sites for acetylation, methylation, and phosphorylation [18].

Figure 1. Structural domains of p53 and the conformation of its DNA-binding domain (DBD).
(A) Schematic representation of the domain architecture of p53. The N-terminal domain (NTD)
comprises two transactivation domains (TAD1: residues 1–40; TAD2: 40–60) and a proline-rich
domain (PRD: 60–90). The central core corresponds to the DNA-binding domain (DBD: 94–312). The
C-terminal domain (CTD) includes an oligomerization domain (OD: 323–355) and a basic, lysine-rich
regulatory tail (364–393). (B) Structure of the p53 DBD in complex with double-stranded DNA. The
DBD adopts a β-sandwich fold, with the DNA-binding interface primarily formed by helix H2. This
region contains negatively charged residues critical for DNA interaction.

Functionally, the DBD is the main functional region of p53 that is particularly crucial
for the cytoplasmic and nuclear functions of the protein [19]. In addition, the intrinsically
disordered N-terminal and C-terminal domains also have important regulatory functions.
For instance, the N-terminal transactivation domain of p53 may be involved in multiple
functions. TAD1 and TAD2 interact with transcription factors such as TBP, TFIID, and coac-

https://doi.org/10.3390/ph1901012479



Pharmaceuticals 2026, 19, 124

tivators like p300/CBP, regulating signaling pathways during DNA damage [20]. The NTD
is phosphorylated at multiple sites, exerting diverse functions through the involvement
of various protein kinases [21]. The CTD may modulate DNA binding, and the resulting
stimulation plays a key role in subsequent signaling pathways [22,23]. The acetylation of
the CTD by p300/CBP can stimulate specific DNA binding in vitro. The CT tail interacts
with the DBD in subunit-subunit interactions, promoting p53 oligomerization [24]. The
CTD can bind to non-specific DNA and enable p53 to slide along the DNA, which is
an important step in finding specific binding sites [25]. Therefore, a series of molecular
experiments implies the key roles of these IDRs in DNA binding and regulation.

Previous studies for the p53 structure primarily focus on the DBD and DNA
binding [26–28]. Lambruschini et al.’s study adopted classical molecular dynamics (MD)
simulations and Metadynamics to unveil the allosteric mechanisms of the p53 DBD during
DNA binding [29]. The local perturbation within the p53 structural network can lead to
the transmission of a protein structure. On the other hand, a recent study suggests that
the p53 NTD can inhibit binding to DNA and increase p53 DNA binding specificity [13].
The observations for CTD lead to a model for allosteric regulation of p53 and modulate
the conversion between latent and activated forms of p53 [21]. However, the mechanism
by which the CTD regulates the structure and function of the DBD remains unclear. To
understand the regulatory mechanism of p53 functional activity, obtaining the structural
details and dynamic characteristics between CTD and DBD upon DNA binding is urgent.

In this work, the conformational dynamics of the p53 DBD and the DNA binding
affinity upon CTD-DNA binding were studied by all-atom molecular dynamics (MD)
simulations. We observe a significant correlation between the structural characteristics of
the S6-S7 loop and the global allosteric network of p53. These conformational shifts are
pivotal to the functionality of p53, potentially impacting both its DNA binding affinity
and its capacity for transcriptional regulation. Furthermore, the CTD engages in direct
interactions with DNA, thereby amplifying the DNA-binding affinity. The CTD further
promotes allosteric regulation and conformational transition by stabilizing DBD binding to
DNA. The global allosteric network of DBD comprises residues F212, R280, Q167, V122,
R156, and R267. Our results indicate that the CTD regulates the global allosteric network of
the DBD, including the S6-S7 loop, etc. The structural details provided in this article highly
coincide with the experimental observations. These discoveries provide novel insights into
the allosteric regulatory mechanisms of p53 and the disease pathology.

2. Results

The structural ensemble of p53 DBD and dynamic changes is crucial for understand-
ing the mechanisms of transcriptional regulation and other functions. Previous studies
suggested that the conformation of the DBD changes after binding to DNA [29]. p53_DBD
as the core DNA-binding domain alone, and full-length p53 as the DBD flanked by both
the N-terminal and C-terminal intrinsically disordered regions (IDRs). Therefore, these
IDRs, particularly the CTD, may not merely be passive tethers but actively modulate the
structure, dynamics, and allosteric regulation of the DBD upon DNA binding. To eluci-
date the regulatory role of the CTD region for the p53 and DNA binding, we integrated
microsecond-scale unbiased dynamics, dynamic correlation networks, and free-energy
landscapes to analyze the conformational dynamics and thermodynamic changes.

To observe the structural property of the core domain upon DNA binding, we char-
acterized the dynamic changes in DBD in both p53DBD-DNA and p53ALL-DNA models. As
shown in Figure 2A, we calculated the root-mean-square deviations (RMSDs) of the p53DBD

and p53ALL structures upon DNA binding. After a 500 ns equilibration, the RMSD values
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for all four systems fluctuated within a certain range, suggesting that the system had
generally reached a stable state. Notably, the RMSDs of the DBD region in both experi-
mental and theoretical models show significant changes upon DNA binding. The DNA
binding induces larger fluctuations in the overall structure of DBD. The Rg value decreases
from 16.6 Å to 16.4 Å (p53DBD-DNA) and the p53ALL-DNA decreases from 16.8 Å to 16.6 Å
upon DNA binding (Figure 2B). It suggests the protein structures are more compact upon
binding to DNA, aligning with a transition to a more stable conformation. In our analysis of
the root-mean-square fluctuations (RMSFs) of amino acid residues within the p53 protein,
significant fluctuations are observed in the heavy atoms of residues V143-M160, H179-H193,
V218-T230, T253-N268, and A276-K291 (Figure 2C,D). These fluctuations indicate that the
DBD adopts different conformations upon DNA binding.

Figure 2. Conformational dynamics of p53DBD and p53ALL upon DNA binding. (A) Root-mean-
square deviation (RMSD) of the DNA-binding domain (DBD) in the four simulated systems: p53DBD,
p53ALL, p53DBD-DNA, and p53ALL-DNA. (B) Radius of gyration (Rg) of the DBD across the four
systems. (C) Root-mean-square fluctuation (RMSF) of backbone heavy atoms in the four systems.
(D) Structural mapping of regions exhibiting significant conformational flexibility upon DNA binding,
with residues color-coded according to their RMSF values.

2.1. The Internal Contact Within the p53 DBD Changes upon DNA Binding

The residue contact maps are employed to delineate the interaction changes within
the p53 DBD upon DNA binding (Figures 3, S2 and S3). As shown in Figure 3A, the contact
probability of the DBD (p53DBD-DNA) increases by 60.0–80.0%. The dynamic regions are
mapped onto the three-dimensional structure of the DBD (Figure 3B), mainly located at
the zinc finger binding region and the DNA binding interface (A276-K291). In the contact
map of the p53ALL-DNA, the contact probability of the DBD increases by over 60.0% upon
DNA binding compared to the p53DBD-DNA simulations (Figure 3C,D). Consequently, the
interaction network within the DBD also undergoes significant changes upon DNA binding,
with a notable increase in internal contacts. The internal correlations of the DBD are further
enhanced in the p53ALL-DNA simulation.

To further elucidate the binding mode of the DBD with DNA and the conformational
changes in the DBD upon DNA binding, the free energy landscapes were employed to
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analyze the structural ensemble of the DBD. The x-axis represents the RMSDs of the p53
DBD, and the y-axis represents the Rg of the DBD (Figure S4), describing the structural
fluctuation and stability. Three major minima of the DBD conformation (states 1, 2, and 3)
are characterized by the free energy landscapes upon DNA binding, and the representative
structures of the minima are given in Figure S4. The population of structures in state 1 is
57.5% (Figure S4A). The population of state 2 is 68.2% upon DNA binding (Figure S4B).
Moreover, a new sub-conformation (state 3) appears after DNA binding, and the population
is about 19.2%. The FEL of the p53DBD-DNA suggests that the DNA binding promotes
the population of structures 2 and 3 (the closed state of the S6-S7 loop), and the S6-S7
loop is closer to the flanking S4 β-sheet. Previous studies have also pointed out similar
observations regarding the structural heterogeneity of the S6-S7 loop [26,29]. In addition,
the conformations of the L1 loop in states 2 and 3 (Figure S4C) are closer to the DNA
binding site (H2 helix), indicating that L1 also plays a role in DNA binding. We further
selected the distances between two sets of amino acid residues as collective variables to
probe the correlation between the conformational changes in the S6-S7 loop and allosteric
regulation. As shown in Figure S5A,B, the distance between the two groups of amino acid
residues is approximately 13.0 Å. The FEL shows subtle changes in the two sets of distances.
Therefore, the DNA binding alters the free energy landscape of the p53 DBD and promotes
population shifts in the conformation (S6-S7 loop).

Figure 3. Changes in internal residue contacts within the p53 DBD upon DNA binding. (A) Residue
pairs exhibiting high contact probabilities in the p53DBD-DNA. (B) Residues contributing to altered
internal interactions within the DBD in the p53DBD-DNA system. (C) Residue pairs with high contact
probabilities in the p53ALL-DNA. (D) Residues associated with changes in DBD internal interactions
in the p53ALL-DNA system.
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2.2. The CTD Stabilizes the Specific Interactions Between p53 and DNA

To analyze the regulation of CTD for the internal network of the DBD, we calculated
the dynamic cross-correlation coefficients (DCCs) of DBD and the difference in the DCCs
between the p53DBD-DNA and p53ALL-DNA systems upon DNA binding (Figures S6 and 4).
Positive values (red) indicate an increase in the magnitude of correlation, while negative
values (blue) indicate a decrease. In the DCCs of the p53DBD-DNA system, the correlations
of multiple regions increase by more than 50.0% upon DNA binding (Figures 4A,B and S7).
The position of these regions is consistent with the residue contact map. Compared to the
residue contact map, the DCCs are more acute for the motion of the internal networks. For
the p53ALL-DNA, the network of the DCCs within DBD is amplified upon DNA binding
and involves the global DBD (Figures 4D,E and S8). Meanwhile, Figure S2 shows the
interactions between the CTD and DNA, suggesting that the CTD may regulate the allosteric
networks by binding to DNA. We also compared changes in the DCC network of DBD
following the incorporation of the CTD upon DNA binding. As shown in Figure 4C,F,
the incorporation of CTD resulted in significantly enhanced positive correlations among
four regions within DBD (including S127, S166, G187, F212, E285, etc.). This result likely
corresponds to a more active conformational state that facilitates DNA binding.

Figure 4. Dynamic correlation changes within the DBD upon DNA binding. (A–C) Difference
maps of residue–residue dynamic correlation coefficients. Blue and red grids indicate decreased
and increased correlations, respectively. The black boxes highlight regions of significantly enhanced
positive correlation within the two systems. (A) p53DBD-DNA vs. p53DBD. (B) p53ALL-DNA vs.
p53ALL. (C) p53ALL-DNA vs. p53DBD-DNA. (D–F) Structural mapping of residues involved in dynamic
network reorganization. (D) p53DBD-DNA vs. p53DBD. (E) p53ALL-DNA vs. p53ALL. (F) p53ALL-DNA

vs. p53DBD-DNA. Regions with altered dynamic correlations in p53DBD-DNA are localized near the
DNA-binding interface, whereas changes in p53ALL-DNA involve the entire DBD.

As shown in Figure S2B, the contact probability of the DNA binding interface (H2
helix) with DNA is only around 0.5. In contrast, the contact probability of amino acid
residues near the H2 helix with DNA in the p53ALL-DNA system has increased to 0.8–0.9
(corresponding to the black grid). To further examine the impact of the CTD on the stability
of p53 binding to DNA, we compared the residue contact coordination numbers between
proteins and DNA in both the p53DBD-DNA and p53ALL-DNA systems. In Figure 5A, the
result shows that the coordination number in the p53ALL-DNA system increases from around
25 (p53DBD-DNA) to 80 (p53ALL-DNA). In the full-length p53-DNA system, the interaction
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between the DBD and DNA is enhanced, and the CTD provides a significant contribution to
the binding free energy with DNA (Figure 5B). These results suggest that the CTD enhances
the binding interaction between p53 and DNA (Figure 5C,D) and also confirm the role of
the CTD in regulating DNA binding, as mentioned in experiments [22].

Figure 5. Molecular interactions between p53 and DNA. (A) Coordination number of residue–DNA
contacts in the p53DBD-DNA and p53ALL-DNA systems. (B) Per-residue decomposition of binding
free energy for the p53DBD-DNA and p53ALL-DNA interactions. (C) Structural view of the interaction
interface between the DBD and DNA. (D) Structural view of the interaction interface between the
C-terminal domain (CTD) and DNA.

We also calculated the binding free energy of both systems and performed an energy
decomposition of the contributions from amino acid residues during the binding. The
binding free energy represents the binding affinity between two molecules. The negative
value of the binding free energy for receptors and ligands in the gas or aqueous phase
indicates a favorable binding, while a positive value suggests an unfavorable interaction.
We first calculated the binding free energy between the p53DBD and DNA. As shown in
Table S1, the binding free energy between p53DBD and DNA is −41.3 kcal mol−1. The main
contribution of the binding energy between p53DBD and DNA is derived from the electro-
static interaction energy, which is favorable in the gas phase. In the case of the p53ALL-DNA,
the result shows that the binding free energy significantly increases to −161.1 kcal mol−1

(Table S2). To study the binding mechanism between the CTD and DNA, we performed per-
residue energy decomposition of the binding free energy between the p53ALL (p53DBD) and
DNA. Figure 5B shows the significantly enhanced binding free energy contributions in the
p53ALL-DNA compared to the p53DBD-DNA. The result shows that the enhanced energy con-
tributions are mainly derived from the CTD, primarily located in residues R306-K321, R335,
and R379 of the CTD (Figure 5D). The simulation of p53ALL-DNA shows a more favorable
contribution (p53 and DNA) to the p53DBD-DNA. These results support the experimental
proposition that the p53 CTD plays a substantial role in DNA binding [24]. As shown
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in Figure 6A, the CTD contributes a more significant favorable energy (−54.32 kcal/mol),
specific residues in the NTD provide an insignificant contribution (0.35 kcal/mol), consis-
tent with the increased correlations observed in Figure 5. The p53 DBD specifically binds
to DNA through the H2 helix and L1 loop, while the CTD further promotes the interaction
between p53 and DNA.

Figure 6. Binding free energy and DCC analysis of p53–DNA interactions in different structural
contexts and mutants. (A) Domain-wise contributions to the total binding free energy between
p53 and DNA. Values are shown for the full-length protein (p53ALL) and its DNA-bound state
(p53ALL-DNA). Negative values indicate favorable binding contributions. (B) The plots compare
wild-type (p53_WT) with two mutants: p53_R379A and p53_F212–R280A. (C,D) Difference maps
of residue–residue dynamic correlation coefficients. (C) p53ALL-DNA (R379A) vs. p53ALL-DNA.
(D) p53ALL-DNA (F212A/R280A) vs. p53ALL-DNA.

2.3. The CTD Induces Allosteric Regulation of DBD by Promoting DNA Binding

To understand the regulation mechanism of the conformational changes in DBD and
DNA binding induced by the CTD, we also constructed the free energy landscape for the
p53ALL/p53ALL-DNA. In Figure S9, the RMSD of the DBD increased to 3.6 Å, and the Rg

decreased to 16.5 Å upon DNA binding. Simulations by Pradhan et al. suggested that the
conformational state of the L1 loop may be related to the motion within the S6-S7 loop [26].
In our simulations, both the p53DBD and p53ALL simulations show the conformational
change in the L1 loop upon DNA binding. We used two CVs to concurrently describe the
conformational dynamics of the S6-S7 loop and L1 loop. The x-axis represents the distance
between the CA atoms of residues R158 and F212, and the y-axis represents the distance
between the CA atoms of K120 and R280. In the simulation of p53DBD-DNA (Figure 7A),
the distance between the CA atoms of R280 and K120 is 5.70 Å after DNA binds to DBD,
and the distance between the CA atoms of F212 and R158 is 12.96 Å. In the p53ALL-DNA

simulation (Figure 7B), the distance between the CA atoms of R280 and K120 further
decreases to 4.87 Å after CTD binds to DNA, indicating that the L1 and H2 move closer
together. This conformation facilitates the simultaneous insertion of L1 and H2 into the
DNA major groove. Meanwhile, the distance between F212 and R156 also shortens to
12.08 Å (Figure 7C,D), and the conformational change in the S6-S7 loop promotes allosteric
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regulation within the DBD, which is consistent with previous simulation studies of the DBD
region [29]. Interestingly, both K120 and R280 are located at the DNA-binding interface
and carry positive charges. The decreased distance between these residues enhances DBD-
DNA binding affinity through favorable electrostatic interactions and promotes the second
transition of the DBD structure.

Figure 7. Conformational free-energy landscapes of the S6-S7 and L1 loops in p53 upon DNA binding.
(A) Two-dimensional free-energy surface for p53DBD-DNA, projected onto the Cα–Cα distances of
R158–F212 (x-axis) and K120–R280 (y-axis). This landscape reflects conformational sampling of the
S6-S7 and L1 loops. (B) Corresponding free-energy landscape for p53ALL-DNA, described by the same
distance variables. (C,D) Representative conformational motions of the S6-S7 and L1 loops extracted
from the energy minima in (C) p53DBD-DNA and (D) p53ALL-DNA.

The conformational states of the S6-S7 loop and L1 loop upon DNA binding induce
the more compact structure of the p53 DBD, which is favorable for the internal network
connections. The DCC analysis (Figure 4C) shows the correlation nodes within the DBD of
the p53ALL-DNA. The structural network of the DBD is mainly composed of F212 from the
S6-S7 loop, E285 from the H2 helix, S166 from H1, and S127 from the L1 loop (Figure 4F).
Therefore, the amino acids of S4 and S10 act as connecting units between the S6-S7 loop, H2
helix, and the L1 loop. These results indicate that the conformation of DBD binding to DNA
is mediated by the conformational changes in the global network. The conformation shift
(S6-S7 loop) is crucial for the recruitment of biological partners. The CTD further promotes
the allosteric regulation of the DBD conformation and the subsequent protein–protein
interactions. Moreover, the CTD-mediated stabilization of the DBD-DNA complex and the
modulation of its conformational dynamics likely facilitate the subsequent recruitment of
coactivators (such as MDM2/p300) and other transcription machinery, which are essential
for p53′s transcriptional activity [21,24].
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2.4. In Silico Mutagenesis Validates the Allosteric Network

To validate the impact of the allosteric network on the interaction between p53 and
DNA binding, we calculated the DCC maps and binding free energies for these mu-
tants. The results show a significant reduction in both long-range correlations of DBD
(Figure 6C,D) and the favorable binding energy contribution from the mutated regions
(Tables S3 and S4). The binding free energy contributions from the domains reveal that the
R379A mutation significantly weakens the direct binding free energy contribution of the
CTD to DNA (Figure 6B). In the R379A mutation simulation, the binding free energy con-
tribution of the CTD region to DNA decreased from −54.32 kcal/mol to −31.00 kcal/mol.
Similarly, in the F212A/R280A double-site mutation simulation, the binding free energy
contribution of CTD also decreased to −49.50 kcal/mol. Furthermore, compared to the
wild type, the DBD of both mutants, particularly R379A, shows significantly negative
correlations. These results suggested the regulatory role of the CTD basic region and the
DBD allosteric network in DNA binding. These results suggested the regulatory role of the
CTD basic region and the DBD allosteric network in DNA binding.

We also evaluated the structural changes induced in the intrinsically disordered N-
and C-terminal domains upon DNA binding. As shown in Figure S10A,B, DNA binding
induces a measurable increase in helical content within both terminal domains. Specifically,
in the CTD (residues 340–360), the average helicity increases in the p53ALL-DNA complex
compared to the DNA-free state (p53ALL). The NTD also shows localized stabilization,
particularly in the region spanning residues 12–23. This indicates a shift towards a more
ordered conformation in both IDRs upon interaction with DNA. Our site-directed mutage-
nesis simulations provide clear evidence that destabilizing the allosteric network impairs
this ordering. As visualized in Figure S10D, the R379A mutation, targeting a critical CTD
anchor point, causes a decrease in helicity (residues 365–370) and increases conformational
fluctuations in the NTD (Figure S10C). The F212A/R280A double mutation within the core
DBD disrupts the long-range coupling, leading to a substantial reduction in helical stability.

3. Discussion

The IDRs within the protein play a crucial regulatory role in key biological functions
by acting as linker units in the binding process of protein complexes, contributing to
structural flexibility. The p53 protein contains highly disordered N-terminal and C-terminal
sequences, and the DNA-binding domain. The confirmation of DBD is critical for binding
biological partners and subsequent transcriptional regulation. Previous studies mainly
focus on the conformational and functional changes in the DBD upon DNA binding. The
experiment revealed the different properties of p53 NTD and CTD in DNA binding [21–23].
However, there is still a lack of structural details about the regulation of the internal
network within DBD and DNA binding.

In this paper, we investigated the regulation of the internal network of the DBD by the
CTD upon DNA binding. We employed microsecond-scale MD simulations to establish
the correlation between the DBD conformation and the p53 CTD. Some of our results are
consistent with the previous enhanced sampling simulations. In addition, the simulations
of p53ALL-DNA elucidate the regulatory roles of the CTD upon DNA binding. Upon DNA
binding to the DBD (Figure 8), the internal correlation of the DBD begins to increase,
revealing a preliminary allosteric network. Subsequently, as the CTD region interacts
with DNA, the binding between the DBD and DNA is further stabilized, accompanied
by an expansion of the regions involved in the internal allosteric network. Therefore,
DNA binding serves as the first critical step in the allosteric regulation within p53, while
CTD-DNA interaction constitutes the second step in modulating the internal allosteric
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network. The DBD adopts a more compact conformation upon DNA binding, the S6–S7
loop transits to a closed state, and the L1 loop shifts closer to the H2 helix to facilitate
DNA binding. The CTD directly interacts with DNA through electrostatic interactions,
expanding the interface of p53 binding with DNA. The CTD modulates the DNA-binding
affinity and the structural conformation through global allosteric regulation. Thus, the
CTD-induced stabilization of the DBD conformation and the identified allosteric network
likely pre-organize or create interfaces that facilitate the recruitment of transcriptional
co-activators (like MDM2/p300) [30].

Figure 8. Proposed regulatory model of DNA and CTD binding on p53 DBD stability. (A) When
DNA binds only to the DBD (CTD unbound), a transient interaction network forms within the DBD,
resulting in partial complex stabilization. (B) Cooperative binding of DNA to both the DBD and CTD
induces extensive strengthening of the DBD internal interaction network, leading to full stabilization
of the p53–DNA complex.

Additionally, we discussed the robustness of the predicted p53 structure in the reg-
ulatory mechanism of the CTD. We employed Rosetta and Swiss-Model to predict the
full-length protein structure of p53 and performed 500 ns MD simulations for each. As
shown in Figure S11A, the positions of the CTD region in the initial structural models of
p53 predicted by different methods are different. However, the CTD region ultimately
binds to DNA in all cases during dynamics simulations (Figure S11B). This is due to the
abundance of basic amino acids in the CTD region, and the electrostatic interactions facil-
itate its binding near DNA. Moreover, this interaction becomes further stabilized as the
dynamics trajectory progresses (Figure S11C,D).

The methodology of this work also has some limitations in calculating binding free
energy. MM-GBSA provides relative trends rather than absolute binding affinities. The
large energy contribution of the CTD should be interpreted qualitatively, highlighting
its significant stabilizing role, not as a precise thermodynamic measurement, particularly
in handling solvent and ion effects for charged systems like DNA-protein complexes.
Therefore, future therapeutic strategies could potentially regulate the transition of the p53
protein between active and inactive states through rational drug design. By inhibiting
the allosteric network and DNA-binding activity of p53, it may be possible to suppress
disease progression.

4. Materials and Methods

We integrated dynamics and thermodynamic analyses to explore the allosteric mech-
anism of p53 CTD regulating DBD structure and DNA binding. The workflow of the
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unbiased molecular dynamics (MD) method is illustrated in Figure 9. First, we employed
multiple structure prediction software to perform structural modeling of the p53 pro-
tein, facilitating subsequent assessment of the robustness of the structural mechanisms.
Second, unbiased MD simulations were performed for the four p53 complex systems.
Third, residue contact maps and atomic fluctuations were analyzed to characterize the bind-
ing interactions between the p53 DBD/CTD and DNA. Fourth, dynamic cross-correlation
network analysis was applied to examine changes in the internal interaction network of
DBD upon DNA and CTD binding. Fifth, the free energy landscape (FEL) analysis was
performed to identify key conformations associated with CTD-mediated regulation of the
DBD network, followed by cluster analysis. Finally, the allosteric regulatory mechanism of
DBD induced by CTD binding was summarized.

Figure 9. Workflow for unbiased molecular dynamics simulations and post-analysis of conformational
dynamics and binding energetics.

4.1. Simulation Protocols

The structure of the DBD (p53DBD: 92–290) was obtained from the experimental
structure (PDB ID: 2XWR) [31]. The complex structure of the DBD binding to DNA
(p53DBD-DNA: 92–290, in complex with DNA) was derived from the X-ray crystal structure
(PDB ID: 3KMD) [32]. We utilized AlphaFold3 to predict and construct the full-length p53
protein structure (Figure S1) [33]. Subsequently, we employed Chimera-1.15 to build the
zinc finger for the p53 protein (p53ALL: 1–393) [34]. Finally, we referred to the experimental
structure (PDB ID: 3KMD) and used Chimera-1.15 to construct the complex structure
of the p53ALL protein bound to DNA (p53ALL-DNA). At this point, we have constructed
four molecular dynamics simulation systems (Table 1) to investigate the conformational
changes in the DBD upon DNA binding and the effect of the CTD on the binding interaction
between the DBD and DNA. The systems were solvated in a dodecahedral box using the
TIP3P water model and neutralized with Na+ and Cl− ions to balance the charges within
the system [35]. The periodic boundary conditions with a minimum distance were set as
12.5 Å between protein and box edges. We used the AMBER/ff14SB force field, including
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parameters for proteins and DNA [36]. The Zinc AMBER force field (ZAFF) was adopted
for zinc fingers [37].

Table 1. The four molecular dynamics simulation systems.

Systems States Residues Time

p53DBD Protein 92–290 1 μs × 2
p53DBD-DNA Protein-DNA 92–290 1 μs × 2
p53ALL Protein 1–393 1 μs × 2
p53ALL-DNA Protein-DNA 1–393 1 μs × 2

We performed two independent, unbiased molecular dynamics (MD) simulations
for each system, with each simulation generating 1 μs of trajectory, resulting in a total
of 8 μs of MD simulation data using identical parameters [38]. The key parameter set-
tings are detailed below. The systems were first minimized by using the steepest descent
method until the maximum force (1000.0 kJ/mol/nm) or the minimization step reached
20,000 steps. Then, the system was heated to 300 K in two steps with the Nośe-Hoover
thermostat method at 100 ps in the NVT ensemble [39]. No restraints were applied during
the energy minimization and heating phases of the MD simulations. Next, another 100 ps
MD equilibration in the NPT ensemble was performed at the pressure of 1 atm, which
was coupled by the Parrinello–Rahman barostat method [40]. The integrating step was 2
fs in all the simulations. The Particle Mesh Ewald method (PME) was used to calculate
the long-range electrostatic interactions with a van der Waals cut-off of 10 Å [41]. The
hydrogen bonds are constrained by the SHAKE algorithm [42].

To validate the allosteric network in p53, we established additional simulations
for two key mutant systems suggested by the network analysis: one with a mutation
in the CTD (R379A) and another with a double mutation affecting a DBD interface
residue (F212A/R280A).

4.2. Free Energy Analyses
4.2.1. Construction of the Free Energy Landscape

The free energy landscapes (FELs) represent the potential of the mean force of the
systems. We strategically employed two distinct sets of collective variables (CVs) to
evaluate the dynamic fluctuations within the p53 DBD. The initial set encompasses the
root mean square deviation (RMSD) and the radius of gyration (Rg) of the p53 DBD. These
CVs can reflect the correlation between the conformational changes in p53 DBD and the
stability of the internal network. The CVs are defined by the distances between the CA
atoms of residues R158-F212, R156-D208, and K120-R280 within the p53 DBD. The distances
between the CA atoms of amino acid residues on the S6-S7 loop and the L1 loop describe
the conformational changes in the DBD allosteric network under the regulation of CTD.
The calculation of free energy employed the GROMACS tool, which adeptly integrates
histogram analysis with Boltzmann statistics to elucidate the free energy landscape of
molecular systems [43]. The FELs are derived from the probabilities of the system being in
specific states, which are calculated from the histogram data. The relationship is given by
the Boltzmann distribution:

P(x) =
e−βG(x)

Z
(1)

where P(x) is the probability of the system being in state x, β = 1/kT (with k being the
Boltzmann constant and T the temperature), G(x) is the free energy at state x, and Z is the
partition function.
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The free energy at each point in the multi-dimensional space is computed using the
probabilities derived from the histograms:

G(x) = −kTln(P(x)) + C (2)

where C is a constant that can be adjusted based on reference states.

4.2.2. Calculation of the Binding Free Energy for Protein-DNA Interactions

The MM-PBSA (Molecular Mechanics Poisson Boltzmann Surface Area) or MM-GBSA
(Molecular Mechanics Generalized Born Surface Area) methods in AMBER20 are widely
used approaches for estimating the binding free energy of biomolecular complexes, such
as protein-ligand interactions [44]. These methods combine molecular mechanics with
continuum solvation models to provide a comprehensive evaluation of the free energy
changes associated with binding. In this work, the binding free energy was calculated
with the MM-GBSA method by the parallel version MMPBSA.py in AMBER20 [45]. The
binding free energy (ΔGbind) can be expressed as the difference in free energy between the
complexed and uncomplexed states [46]:

ΔGbind = Gcomplex −
(

Greceptor − Gligand

)
(3)

where Gcomplex is the free energy of the receptor-ligand complex, Greceptor is the free energy
of the receptor in isolation, and Gligand is the free energy of the ligand in isolation.

4.3. Dynamic Cross-Correlation Analysis
4.3.1. Covariance Calculation

The dynamic cross-correlation analyses were calculated with GROMACS-2022 tools
and Python-3.9 scripts [43]. First, we utilized the “gmx covar” tool within the GROMACS-
2022 software to construct the dynamic cross-correlation matrices (DCCM) for each system.
Subsequently, we employed Python-3.9 scripts to calculate the dynamic cross-correlation
coefficients (DCCs) between the CA atoms of each residue. The motion pattern correlation
between residues can be determined by calculating the covariance between pairwise
residues. The formulas are as follows:

c(i, j) =
〈
ΔRi·ΔRj

〉
(4)

where
ΔRi = Ri − 〈Ri〉 (5)

Here, i and j represent the residue indices of the protein amino acids, and c(i, j) is
the covariance between residue i and residue j. The angle brackets denote an ensemble
average, which means the average over a series of models, including multiple frames from
a simulation trajectory or multiple structures obtained from NMR, etc. ΔRi represents the
positional deviation based on the ensemble average position.

4.3.2. Correlation Coefficient Calculation

The dynamic correlation coefficients are the covariance standardized after removing
the influence of the magnitude of changes in the two variables, reflecting the pure corre-
lation between the two variables. These coefficients are used to construct the DCCM by
converting the covariance between residue pairs into correlation indices and organizing
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them into a matrix according to residue numbering. The DCCs (C(i,j)) between two residues
could be calculated using the following equation [47]:

C(i, j) =
c(i, j)

[c(i, i)·c(j, j)]1/2 (6)

4.4. Analyses of Contact Maps

The residue contact map was calculated based on distances between all heavy atoms in
both the protein and DNA, with a cutoff distance of 4.5 Å set according to references [8,48].
In the complex structure, any two heavy atoms that are less than 4.5 Å apart were defined
as a contact between the corresponding residues. The residue contact probability was then
calculated as the ratio of frames containing the contacts to the total number of trajectory
frames. For Root Mean Square Fluctuation (RMSF) calculations, we first aligned all struc-
tures to the initial reference structure by superimposing the DBD (residues 92–289). The
RMSF values were then computed for the heavy atoms of each residue.

5. Conclusions

In summary, this work elucidates a hierarchical model of p53 regulation wherein
DNA binding initiates allostery and CTD interaction amplifies and refines it. Future
studies exploring the role of the N-terminal domain and the effects of post-translational
modifications on this network will further illuminate the full spectrum of p53 regulation.
Ultimately, understanding the dynamic interplay among disordered regions and structured
domains in p53 opens pathways for allosteric drug discovery and offers a paradigm for
studying multi-domain proteins with intrinsically disordered regions.
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Abstract: Background/Objectives: This research reports the synthesis and evaluation of
novel charged thienobenzo-triazoles as non-selective cholinesterase inhibitors (AChEs and
BChEs), their anti-inflammatory properties, and a computational study. Methods: Fifteen
derivatives were created through photochemical cyclization and quaternization of the
triazole core. The compounds were tested for AChE and BChE inhibition. They showed
greater potency and selectivity toward BChE. Results: The most potent compound, deriva-
tive 14, inhibited BChE with an IC50 of 98 nM, while derivative 9 also displayed significant
anti-inflammatory activity by inhibiting LPS-induced TNF-α production (IC50 = 0.66 μM).
Molecular docking revealed that triazolinium salts form key π-π and electrostatic interac-
tions within enzyme active sites. In silico predictions indicated favorable ADME-Tox prop-
erties for compounds 9 and 11, including low mutagenicity and moderate CNS permeability.
Conclusions: These findings highlight the potential of new charged triazolinium salts as
peripherally selective cholinesterase inhibitors with additional anti-inflammatory potential.

Keywords: thienobenzo-1,2,3-triazoles; cholinesterase; BChE inhibitors; anti-inflammatory
activity; molecular docking; ADME-Tox prediction

1. Introduction

Cholinesterases are essential enzymes that hydrolyze acetylcholine (ACh) and bu-
tyrylcholine (BCh), ending cholinergic signaling. The main types are acetylcholinesterase
(AChE), mainly located in synaptic clefts, and butyrylcholinesterase (BChE), which is
more diffused in plasma and non-neuronal tissues [1]. Pharmacological blocking of these
enzymes has therapeutic uses, especially in treating Alzheimer’s disease (AD) and acute
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organophosphate poisoning [2]. Non-selective cholinesterase inhibitors (ChEIs) affect both
AChE and BChE, making them a flexible group of compounds with increasing clinical and
research interest. A growing area of focus is the impact of molecular charge, particularly
the benefits of positively charged (cationic) molecules.

ChEIs work by preventing the breakdown of ACh, thereby boosting cholinergic
signaling. This approach is used in treating symptoms of neurodegenerative diseases
like AD, where cholinergic deficits are common [3,4]. Non-selective inhibitors, which
target both AChE and BChE, may offer broader benefits. In the later stages of AD, BChE
activity rises and may help compensate for the reduced activity of AChE, underscoring
the need to target both enzymes [5,6]. Approved ChEIs such as donepezil, galantamine,
and rivastigmine have shown effectiveness in the brain, while peripheral inhibitors like
neostigmine are important in anesthesia and neuromuscular disorders [7,8].

Non-selective cholinesterase inhibitors include both traditional compounds like
physostigmine and neostigmine, as well as newer experimental agents that have reversible
and irreversible qualities. Many of these molecules are designed with quaternary ammo-
nium groups, which give them a permanent positive charge. This positive charge makes
the molecules hydrophilic and greatly limits their ability to cross the blood–brain barrier
(BBB), leading to mainly peripheral effects [9]. Charged ChEIs, especially those with qua-
ternary ammonium groups, provide several pharmacological and safety benefits in clinical
use. Because of their polar nature, these molecules poorly penetrate the BBB, which is
beneficial in clinical situations where avoiding central nervous system (CNS) side effects is
important [10,11].

Furthermore, the limited CNS distribution of charged molecules increases their suit-
ability for peripheral therapeutic targets. This is especially advantageous in conditions
such as myasthenia gravis or in reversing neuromuscular blockade after surgery, where a
peripheral mode of action is preferred [8,12]. Their restricted distribution in the CNS also
helps reduce the risk of neurotoxicity and convulsions, making them safer for use in acute
or emergency situations [13,14]. Additionally, their hydrophilic nature results in predictable
pharmacokinetics, with distribution mainly confined to extracellular fluids, which allows
for consistent plasma levels and simpler dosing adjustments [15]. Despite these benefits,
charged ChEIs have some limitations. Their inability to cross the BBB renders them inef-
fective for treating CNS-related disorders like AD unless delivered through alternative
methods or chemically modified to improve CNS penetration [16]. Several charged non-
selective ChEIs are currently used in clinical practice [17]. These drugs demonstrate how
charged structures can offer targeted therapeutic effects while minimizing central toxicity.

Recent advances in medicinal chemistry aim to overcome the limitations of charged
molecules while retaining their advantages. One approach involves designing hybrid or
prodrug forms that temporarily mask the charge to facilitate BBB penetration, with activa-
tion occurring at the target site [16]. Research also continues into dual-action inhibitors that
combine ChE inhibition with anti-oxidant or anti-amyloid properties, which could provide
multifunctional benefits in neurodegenerative diseases [5,11]. Efforts are also ongoing to
develop tissue-specific delivery systems and nanocarriers that allow controlled distribution
of polar ChEIs [18]. Non-selective cholinesterase inhibitors with charged structures offer
considerable therapeutic advantages, particularly in the peripheral nervous system, where
CNS penetration is undesirable. Their hydrophilic and cationic nature allows for targeted,
predictable, and relatively safe pharmacological profiles. However, their limited CNS
access remains a significant obstacle in treating brain-related disorders. Ongoing research
into prodrug strategies and hybrid molecules holds promise for extending the utility of
charged ChEIs in broader clinical contexts.
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In our previous research [19], pairs of uncharged thienobenzo-triazoles and their
corresponding charged salts were prepared to examine the role of the positive charge on the
nitrogen of the triazole ring in interactions within the active site of cholinesterase enzymes.
The goal was also to compare the selectivity of 1,2,3-triazolinium salts with that of their
uncharged analogs. Uncharged thienobenzo-triazoles I (Figure 1) favored inhibition of
BChE over AChE. Conversion to the salt form (structure II, Figure 1) significantly increased
the inhibition of AChE (the most active IC50 4.4 μM) and also, to a reasonable degree, that
of BChE (the most active IC50 0.47 μM). It was concluded that the key structural feature
for thienobenzo-triazoles is the presence or absence of charge. Triazolinium salts [19] were
shown to be dual inhibitors, with their potency depending on the substituents on the
thiophene and triazole heterocycles.

Figure 1. Structures of uncharged thienobenzo-triazoles I with preferred inhibition of BChE and their
charged triazolinium salts II as dual cholinesterase inhibitors [19].

2. Results and Discussion

2.1. Synthesis of Charged Thienobenzo-1,2,3-Triazoles 1–15

New charged thienobenzo-1,2,3-triazoles 1–15 were synthesized to explore their poten-
tial as AChE and BChE inhibitors, building on previous positive results [19]. To accomplish
this, targeted triazole-thienostilbenes (Scheme 1) were prepared through a sequence of
consecutive reactions [19]. Mixtures of geometrical isomers of triazole-thienostilbenes were
subjected to photochemical cyclization, producing triazole photoproducts that served as
starting materials for synthesizing charged triazole benzyl salts 1–15. These photoprod-
ucts were then converted into triazolinium salts 1–15 by reacting with the corresponding
benzyl bromides. NMR analysis confirmed that all bromide salts 1–15 were successfully
synthesized with high yields (Figure 2, isolated yields ranging from 27% to 96%).

Scheme 1. Synthetic steps to charged triazolinium benzyl salts 1–15.

New charged thienobenzo-1,2,3-triazolinium salts 1–15 were fully spectroscopically
characterized (See Section 3 and Supplementary Materials). In the 1H NMR spectra of
triazolinium salts 1–15, a new signal of the second methylene group on the charged triazole
nitrogen is visible between 6.1 and 6.4 ppm, undoubtedly confirming the formation of the
target structures (Figure 3).

98



Pharmaceuticals 2025, 18, 1032

Figure 2. Structures of new charged thienobenzo-1,2,3-triazolinium salts 1–15 and their isolated
yields in brackets.

 
Figure 3. Parts of the 1H NMR spectra of charged triazolinium salts (a) 9, (b) 11, and (c) 1.

2.2. Cholinesterase Inhibition Activity of Triazolinium Salts 1–15

To assess the biological potency of newly synthesized thienobenzo-triazolinium
salts 1–15 as inhibitors of acetylcholinesterase (AChE) and butyrylcholinesterase (BChE),
a modified Ellman’s method [20] was used. The compounds were tested across a broad
concentration range, depending on their solubility, and their inhibitory activities were
compared to those of the commercially available drug donepezil. The IC50 values and
the selectivity index for triazolinium salts 1–3 and 5–15 are listed in Table 1 (the amount
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of triazolinium salt 4 obtained was insufficient for cholinesterase inhibition testing). As
expected, based on our previous findings [19,21], the tested triazolinium salts inhibited
both enzymes, AChE and BChE. Most of the compounds showed stronger inhibition of
BChE. However, enzyme selectivity varies and depends on the specific molecular structure
(Table 1).

Table 1. Calculated IC50 values for the inhibition of AChE and BChE by the charged triazolinium
salts 1–3 and 5–15.

Compound
AChE

IC50/μM
BChE

IC50/μM
Selectivity Index

1 12.74 ± 1.85 2.55 ± 0.58 5.0
2 10.71 ± 1.46 4.99 ± 1.10 2.1
3 8.89 ± 3.26 7.60 ± 0.82 1.2
5 55.62 ± 2.36 8.13 ± 0.83 6.8
6 12.90 ± 0.87 0.96 ± 0.14 13.4
7 11.42 ± 0.39 10.03 ± 1.64 1.1
8 22.23 ± 2.83 4.52 ± 0.17 4.9
9 4.80 ± 0.71 0.363 ± 0.038 13.2

10 9.96 ± 0.42 2.45 ± 0.43 4.1
11 6.23 ± 0.58 1.11 ± 0.77 5.6
12 11.81 ± 2.15 3.98 ± 1.25 3.0
13 7.40 ± 0.94 4.05 ± 1.05 1.8
14 2.13 ± 0.13 0.098 ± 0.018 21.7
15 3.62 ± 0.42 0.732 ± 0.137 4.9

Donepezil 0.023 ± 0.004 4.25 ± 0.09 0.005

Among the tested compounds, derivative 14, which has allyl and benzyl groups on
the triazole ring, stands out as the most potent and selective BChE inhibitor. The presence
of the allyl group enhances inhibitory activity, as we previously found that among the non-
charged thienobenzo-triazoles, the derivative with the allyl substituent was the most potent
BChE inhibitor [22,23]. Introducing a charge on the triazole ring with the benzyl group
increases the inhibition of both enzymes. The IC50 value for BChE is in the nanomolar
range at 98.0 nM, which is better than the standard donepezil (IC50 for BChE at 4.25 μM),
while the IC50 for inhibiting AChE is 2.13 μM, which is much weaker than donepezil’s
23.0 nM (Table 1). Derivative 15, with a propenyl instead of allyl, is also a strong BChE
inhibitor, with an IC50 of 732.0 nM. In contrast, its IC50 for AChE is similar to that of 14, at
3.62 μM.

The remaining tested compounds (1–3 and 5–13) contain two monosubstituted benzyl
groups (with –Cl, –F, –OCH3, –NO2, or –CH3) attached to the triazole ring, while only
derivative 3 has a methyl substituent on the thiophene ring. Among these derivatives,
compound 9, with a methyl group at the para-position of one benzyl ring and fluorine
at the meta-position of another benzyl ring, exhibited the most potent dual inhibitory
activity, with IC50 values of 363.0 nM for BChE and 4.80 μM for AChE. The next most
potent inhibitors were derivatives 6 and 11 (Table 1), while the others exhibited a wide
range of inhibitory activity toward BChE and good to moderate activity toward AChE.
Overall, the synthesized charged thienobenzo-triazoles proved to be potent inhibitors of
both enzymes, with activity and selectivity depending on the type, electron-withdrawing
or donating effect, and position of substituents on the rings.

2.3. Anti-Inflammatory Activity of Triazolinium Salts 1–15

To assess the potential anti-inflammatory activity of the compounds, their effects on
LPS-stimulated TNF-α production in human peripheral blood mononuclear cells (PBMCs)
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were examined. Triazolinium salt 9 inhibited LPS-stimulated TNF-α production with
an IC50 of 0.66 μM (Figure 4). The compound affected cell viability at the three highest
concentrations tested, but at lower concentrations, it inhibited TNF-α production without
reducing cell numbers. Conversely, compounds 1, 2, 4, 5, 8, and 10–13 decreased cell
viability, but at concentrations that did not reduce cell number, they did not inhibit TNF-α
production. Compounds 3, 6, and 7 did not inhibit TNF-α production at any tested concen-
trations. Consistent with earlier results, the control compound, dexamethasone, inhibited
LPS-stimulated TNF-α production with an IC50 of 4.6 nM (Figure 4). Notably, among
derivatives 1–3 and 5–13, all containing two monosubstituted benzyl groups attached to
the triazole ring, compound 9 once again showed the most potent dual inhibitory activity,
with IC50 values of 363.0 nM for BChE and 4.80 μM for AChE (Table 1).

Figure 4. Inhibition of LPS-stimulated TNFα production in PBMCs from two donors for charged
triazolinium bromide salt 9.

2.4. Molecular Docking of Bioactive Triazolinium Salts 9 and 11

The inhibitory activity results presented in Table 1 show that, among the tested
compounds (1–3 and 5–13) that contain two monosubstituted benzyl groups, salts 9 and 11

demonstrate notable activity against both cholinesterases. Although not the most potent
inhibitors identified, they were selected for molecular docking due to their synthetic
accessibility and suitability for further analysis. Docking was performed to elucidate the
structures of the non-covalent complexes they form with cholinesterases.

As illustrated in Figure 5, the complexes of salts 9 and 11 with AChE reveal that both
ligands adopt a similar orientation within the enzyme’s active site. The triazolinium ring is
positioned toward residue Asp74 in the peripheral anionic site (PAS) due to electrostatic
attraction, while the thienobenzo fragment engages in π-π stacking with Tyr341.

In the case of salt 9, this orientation allows the meta-fluorobenzyl group attached
to the triazole ring to engage in π-π interactions with Trp286 and Tyr72, both of which
are located within the PAS. At the same time, the para-methylbenzyl substituent on the
opposite side of the triazole ring forms π-π stacking and alkyl-π interactions with Trp86,
a residue that belongs to the active site’s anionic subsite. For salt 11, which contains a
para-chlorinated benzyl group on the triazole ring, π-π stacking with Trp86 is similarly
observed. Additionally, the chlorine at the para position interacts to stabilize dispersion
with Trp86 and His447, with interatomic distances of approximately 4.2 Å to the centroid
of the tryptophan phenyl ring and 4.7 Å to the centroid of the histidine imidazole ring.
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Figure 5. (a) The structure of triazolinium salt 9 docked into the active site of AChE. (b) Structure of
triazolinium salt 11 docked into the active site of AChE. Ligands are presented using a ball-and-stick
model, with distances given in angstroms.

The binding modes of salts 9 and 11 with BChE are depicted in Figure 6. Unlike
their orientation in AChE, the ligands take on distinct conformations within the BChE
active site. For salt 9, the thienobenzo core engages in π-π stacking with Trp82, situated
in the anionic site, while the triazole ring is oriented toward His438 in the catalytic site.
The para-methylbenzyl substituent interacts with Phe329, with the methyl group directed
toward the acyl pocket, comprising residues Leu286 and Val288. The second substituent,
a meta-fluorobenzyl group linked by a flexible –CH2– spacer, participates in parallel π-π
stacking with Tyr332. In the case of salt 11, the thienobenzo fragment is positioned near the
acyl pocket and also interacts with Phe329. This orientation enables the para-chlorobenzyl
group attached to the triazolinium ring to form π-π stacking interactions with Tyr332, while
the second substituent, a meta-methylbenzyl group, engages in π-π interactions with Trp82.

Figure 6. (a) The structure of triazolinium salt 9 docked into the active site of BChE. (b) Structure of
triazolinium salt 11 docked into the active site of BChE. Ligands are presented using a ball-and-stick
model, with distances given in angstroms.
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2.5. Genotoxicity of Triazolinium Salts 1–15

Two complementary (Q) SAR models were used to predict biological activity based
on structural features [24]. In silico analyses are essential in the early stages of drug
development. The commonly used software, Lhasa’s M7 package, is preferred for its use of
complementary models and its practice of expert review of predictions. All compounds
intended for synthesis were evaluated for in silico mutagenicity during the synthesis
process (Table S3). The results showed that compounds 5, 7, 12, and 13 have the potential
for positive mutagenicity. However, since these are only computational predictions, all
compounds were still synthesized, though they have not yet been tested for biological
activity. Notably, compounds 9 and 11 have shown strong potential for biological activity
(as discussed above), and given their negative mutagenicity profiles, they can be considered
promising candidates for further development as lead molecules.

Both compounds exhibit limited central nervous system (CNS) permeability (Table 2),
as indicated by their negative log p Values (−0.910 for compound 9 and −0.888 for com-
pound 11), which suggests a reduced ability to cross the blood–brain barrier (BBB) and
reach CNS tissues. However, their log BB values (0.883 and 0.81, respectively) are relatively
high, indicating some degree of BBB penetration. This apparent contradiction may reflect
differences in the modeling methods or how the compounds interact with the BBB. De-
spite being P-glycoprotein substrates, which can limit CNS exposure through efflux, the
moderate log BB values imply that both compounds may still penetrate the CNS to some
extent. Overall, both compounds demonstrate limited potential for CNS penetration, with
compound 9 showing a slightly higher theoretical capacity to cross the blood–brain barrier.

Table 2. In silico analysis of additional ADME (T) indicators—absorption, distribution, metabolism,
excretion, and toxicity—in the human body for new charged thienobenzo-1,2,3-triazolinium salts 9 and 11.

Property Model Name 9 11 Unit

Absorption

Water solubility −5.103 −5.31 log mol/L

Caco2 0.814 0.812 log Papp in 10−6 cm/s

Intestinal absorption 100 100 % Absorbed

Skin permeability −2.732 −2.732 log Kp

P–glycoprotein substrate Yes Yes

P–glycoprotein I inhibitor No No

P–glycoprotein II inhibitor Yes Yes

Distribution

VDss (human) −0.333 −0.186 log L/kg

Fraction unbound 0.299 0.289 Fu

BBB permeability 0.883 0.81 log BB

CNS permeability −0.91 −0.888 log PS

Metabolism

CYP2D6 substrate No No

CYP3A4 substrate Yes Yes

CYP1A2 inhibitor Yes Yes

CYP2C19 inhibitor Yes No

CYP2C9 inhibitor No No

CYP2D6 inhibitor Yes Yes

CYP3A4 inhibitor No No

Excretion
Total clearance 0.215 1.231 log ml/min/kg

Renal OCT2 substrate No No Yes/No
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3. Materials and Methods

3.1. General Remarks

NMR spectra were obtained using either a Bruker AV300 or AV600 spectrometer
(Bruker BioSpin GmbH, Rheinstetten, Germany) with a 5 mm probe. Standard 1H and
proton-decoupled 13C{1 H} NMR spectra were recorded at a frequency of 600.130 MHz for
1H and 75.432 and 150.903 MHz for 13C. Chemical shifts (δ/ppm) for both 1H and 13C NMR
spectra were referenced to the tetramethylsilane (TMS) signal. All spectra were measured
in deuterated chloroform (CD3OD) at 25 ◦C. Photochemical reactions were carried out in
a 50.0 mL solution in quartz cuvettes that allowed light transmission. For this purpose,
a Luzchem photochemical reactor equipped with UV lamps (16) with a wavelength of
300 nm was used. All solvents used in this work were purified by distillation and were
commercially available. The phosphonium salts were synthesized in our laboratory, and
1-(4-nitrophenyl)-1H-1,2,3-triazole-4-carbaldehyde used was previously synthesized in
our laboratory [25]. Reaction progress was monitored via thin-layer chromatography
(TLC) using silica gel-coated plates (0.2 mm, 60/Kieselguhr F254), placed in 10 mL of the
appropriate solvent system. After each synthesis, the reaction mixture was cooled to 0 ◦C,
and then a certain amount of diethyl ether was added to precipitate the product. The
resulting suspension was centrifuged (Centrifuge Eba 20, Hettich, Tuttlingen, Germany) at
2 × 3000 rpm for 10 min and then at 5 × 5000 rpm for 10 min. It was then decanted and
finally evaporated. High-resolution mass spectrometry (HRMS) analyses were performed
on a MALDI TOF/TOF analyzer, using an Nd:YAG laser at 355 nm with a fitting rate
of 200 Hz.

3.2. Synthesis of Bromide Salts 1–15

Triazole photoproducts (Scheme 1) previously developed by our group [19,21–23]
served as the starting materials for the synthesis of bromide salts 1–15. In a small vial,
triazole analogues were dissolved in 0.6 mL of dry DCM and then purged briefly with
argon. Furthermore, 20 eq of the corresponding benzyl bromide was added, and the
reaction vial was then stirred in an oil bath at 60 ◦C for 24 h. Afterward, the reaction
mixture was cooled to 0 ◦C, and then approximately 5 mL of diethyl ether was added,
forming a white suspension. At the end, the suspension was centrifuged at 2 × 3000 rpm for
10 min and then at 5 × 5000 rpm for 10 min, before being decanted and evaporated using a
rotary evaporator. According to NMR analyses, all bromide salts 1–15 were successfully
synthesized in mostly high yields.

 

1-(4-chlorobenzyl)-3-(4-methylbenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (1): 9 mg (isolated 69%), white powder; m.p. 117–118 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.51 (d, J = 9.2 Hz, 1H), 8.23 (d, J = 5.5 Hz, 1H), 8.10–8.06 (m, 2H),
7.47–7.43 (m, 6H), 7.28 (d, J = 8.1 Hz, 2H), 6.50 (s, 2H), 6.25 (s, 2H), 2.36 (s, 3H); 13C NMR
(CD3OD, 150 MHz) δ/ppm: 143.0, 139.7, 135.1, 134.0, 133.1, 130.9, 130.7, 129.7, 129.4, 129.2,
129.0, 128.5, 126.9, 123.1, 120.4, 107.9, 55.3, 55.2, 19.8; HRMS (ESI) (m/z) for C23H19ClN3S+

Br−: [M + H]+
calcd = 404.0988, and [M + H]+

measured = 404.0997.
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1,3-bis(4-chlorobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bromide (2): 13 mg
(isolated 96%), white powder; m.p. 108–110 ◦C; 1H NMR (CD3OD, 600 MHz) δ/ppm: 8.54
(d, J = 9.2 Hz, 1H), 8.25 (d, J = 5.7 Hz, 1H), 8.13–8.08 (m, 2H), 7.57 (d, J = 8.6 Hz, 2H),
7.50–7.43 (m, 6H), 6.50 (s, 2H), 6.30 (s, 2H); 13C NMR (CD3OD, 150 MHz) δ/ppm: 143.1,
135.1, 135.40, 134.2, 133.2, 131.0, 130.7, 130.6, 130.3, 129.5, 129.4, 129.2, 127.2, 123.2, 120.4,
107.7, 55.4, 54.4.; HRMS (ESI) (m/z) for C22H16Cl2N3S+Br−: [M + H]+

calcd = 424.0442, and
[M + H]+

measured = 424.0448.
1,3-bis(4-chlorobenzyl)-7-methyl-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bro-
mide (3): 10 mg (isolated 95%), white powder; m.p. 105–107 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.39 (d, J = 9.2 Hz, 1H), 8.00 (d, J = 9.2 Hz, 1H), 7.83 (s, 1H), 7.54
(d, J = 8.7 Hz, 2H), 7.49–7.43 (m, 6H), 6.45 (s, 2H), 6.26 (s, 2H), 2.77 (s, 3H); 13C NMR
(CD3OD, 75 MHz) δ/ppm: 150.2, 131.7, 131.0, 130.6, 129.8, 129.4, 119.9, 108.0, 55.7, 56.7, 16.1
(several signals are missing due to the small quantity of the sample); HRMS (ESI) (m/z) for
C23H18Cl2N3S+Br−: [M + H]+

calcd = 438.0598, and [M + H]+
measured = 438.0610.

3-benzyl-1-(3-chlorobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bromide
(4): 5 mg (isolated 27%), white powder; m.p. 119–120 ◦C; 1H NMR (CD3OD, 600 MHz)
δ/ppm: 8.53 (d, J = 9.1 Hz, 1H), 8.25 (d, J = 5.7 Hz, 1H), 8.13–8.09 (m, 3H), 7.57
(d, J = 7.8 Hz, 2H), 7.52 (s, 1H), 7.49–7.40 (m, 5H), 6.52 (s, 2H), 6.31 (s, 2H); 13C NMR
(CD3OD, 150 MHz) δ/ppm: 143.1, 135.0, 134.1, 133.2, 132.1, 131.0, 130.6, 129.4, 129.3, 129.1,
128.5, 127.8, 127.0, 126.1, 123.1, 120.4, 107.8, 55.3; MS (ESI) (m/z, %) for C22H17ClN3S+Br−:
[M + H]+ 391 (100), 250 (85).
1-(3-chlorobenzyl)-3-(4-methylbenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (5): 11 mg (isolated 57%), white powder; m.p. 104–105 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.51 (d, J = 9.2 Hz, 1H), 8.24 (d, J = 5.4 Hz, 1H), 8.12–8.08 (m, 2H),
7.53–7.36 (m, 6H), 7.28 (d, J = 8.0 Hz, 2H), 6.51 (s, 2H), 6.26 (s, 2H), 2.36 (s, 3H); 13C NMR
(CD3OD, 150 MHz) δ/ppm: 144.5, 141.1, 136.4, 135.5, 135.4, 134.5, 132.4, 132.0, 131.1,
130.7, 130.0, 129.2, 128.4, 127.5, 124.5, 121.8, 109.3, 56.7, 56.6, 21.2; HRMS (ESI) (m/z) for
C23H19ClN3S+Br−: [M + H]+

calcd = 404.0988, and [M + H]+
measured = 404.0998.

1-(3-chlorobenzyl)-3-(4-chlorobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (6): 8 mg (isolated 40%), white powder; m.p. 111–113 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.55 (d, J = 9.2 Hz, 1H), 8.26 (d, J = 5.5 Hz, 1H), 8.14–8.10 (m, 2H), 7.58
(d, J = 8.8 Hz, 2H), 7.52 (t, J = 1.5, 3.4 Hz, 1H), 7.50–7.41 (m, 4H), 7.38 (dt, J = 1.5, 3.3 Hz, 1H),
6.49 (s, 2H), 6.28 (s, 2H); 13C NMR (CD3OD, 150 MHz) δ/ppm: 143.2, 135.4, 134.9, 134.1,
133.8, 133.2, 130.6, 130.3, 129.2, 129.3, 127.9, 127.2, 126.2, 123.1, 120.3 55.3, 54.3; HRMS (ESI)
(m/z) for C22H16Cl2N3S+Br−: [M + H]+

calcd = 424.0442, and [M + H]+
measured = 424.0447.
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1-(3-chlorobenzyl)-3-(4-nitrobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bro-
mide (7): 9 mg (isolated 42%), white powder; m.p. 125–126 ◦C; 1H NMR (CD3OD, 600 MHz)
δ/ppm: 8.57 (d, J = 9.2 Hz, 1H), 8.32 (d, J = 8.7 Hz, 2H), 8.27 (d, J = 5.7 Hz, 1H), 8.15–8.11
(m, 3H), 7.80–7.77 (m, 2H), 7.47–7.38 (m, 3H) 6.53 (s, 2H), 6.47 (s, 2H); 13C NMR (CD3OD,
75 MHz) δ/ppm: 140.3, 136.4, 135.9, 135.3, 134.8, 132.1, 131.1, 130.6, 130.7, 129.4, 128.8,
127.7, 125.4, 124.6, 123.9, 121.8, 110.0, 56.9, 55.4; HRMS (ESI) (m/z) for C22H16ClN4O2S+Br−:
[M + H]+

calcd = 435.0682, and [M + H]+
measured = 435.0690.

3-benzyl-1-(3-fluorobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bromide (8):
7 mg (isolated 48%), white powder; m.p. 103–104 ◦C; 1H NMR (CD3OD, 600 MHz) δ/ppm:
8.53 (d, J = 9.1 Hz, 1H), 8.23 (d, J = 5.5 Hz, 1H), 8.13–8.05 (m, 3H), 7.58 (dd, J = 1.8, 8.0 Hz,
2H), 7.49–7.42 (m, 4H), 7.27–7.21 (m, 2H), 6.53 (s, 2H), 6.31 (s, 2H); 13C NMR (CD3OD,
75 MHz) δ/ppm: 145.3 (d, JCF = 236.7 Hz), 143.7, 139.1, 138.0, 137.1, 134.9, 134.6, 133.6,
133.4, 133.1, 132.9, 132.5, 130.9, 127.1, 124.3, 111.8, 59.3, 59.2 (signals for four quaternary
C are missing); HRMS (ESI) (m/z) for C22H17FN3S+Br−: [M + H]+

calcd = 374.1127, and
[M + H]+

measured = 374.1131.
1-(3-fluorobenzyl)-3-(4-methylbenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (9): 14 mg (isolated 93%), white powder; m.p. 116–117 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.51 (dd, J = 0.7, 9.2 Hz, 1H), 8.22 (d, J = 5.2 Hz, 1H), 8.12–8.05 (m, 2H),
7.50–7.43 (m, 3H), 7.30–7.22 (m, 4H), 7.19–7.15 (m, 1H), 6.53 (s, 2H), 6.27 (s, 2H), 2.36 (s,
3H); 13C NMR (CD3OD, 75 MHz) δ/ppm: 167.1 (d, JCF = 246.2 Hz), 147.0, 143.7, 138.4
(d, JCF = 8.0 Hz), 138.0, 137.0, 135.0 (d, JCF = 8.7 Hz), 133.6, 132.9, 132.5, 130.9, 127.4, 127.3,
127.0, 124.3, 119.9 (d, JCF = 21.7 Hz), 118.5 (d, JCF = 23.3 Hz), 59.3, 59.2, 23.7; HRMS (ESI)
(m/z) for C23H19FN3S+Br−: [M + H]+

calcd = 388.1284, and [M + H]+
measured = 388.1292.

3-(4-chlorobenzyl)-1-(3-fluorobenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (10): 7 mg (isolated 45%), white powder; m.p. 110–112 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.55 (dd, J = 0.7, 9.2 Hz, 1H), 8.24 (d, J = 5.5 Hz, 1H), 8.14–8.10 (m, 1H),
8.08–8.06 (m, 1H), 7.58 (d, J = 8.6 Hz, 2H), 7.50–7.44 (m, 3H), 7.29–7.15 (m, 3H), 6.53 (s, 2H),
6.31 (s, 2H); 13C NMR (CD3OD, 150 MHz) δ/ppm: 143.2, 136.3 (d, JCF = 216.2 Hz), 135.4,
134.2, 133.6, 133.2, 132.7, 131.1 (d, JCF = 8.1 Hz), 130.7, 130.3, 129.2, 127.2, 123.5, 123.1, 120.4,
115.9 (d, JCF = 21.9 Hz), 114.6 (d, JCF = 23.2 Hz), 107.7, 55.4, 54.5 (signals for 2 quaternary
C are missing); HRMS (ESI) (m/z) for C22H16ClFN3S+Br−: [M + H]+

calcd = 408.0738, and
[M + H]+

measured = 408.0745.
3-(4-chlorobenzyl)-1-(3-methylbenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (11): 8 mg (isolated 94%), white powder; m.p. 122–123 ◦C; 1H NMR (CD3OD,
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600 MHz) δ/ppm: 8.53 (d, J = 9.2 Hz, 1H), 8.22 (d, J =5.5 Hz, 1H), 8.14–8.06 (m, 2H), 7.58
(d, J = 8.6 Hz, 2H), 7.48 (d, J = 8.5 Hz, 2H), 7.32–7.17 (m, 4H), 6.46 (s, 2H), 6.32 (s, 2H), 2.32
(s, 3H); 13C NMR (CD3OD, 75 MHz) δ/ppm: 144.5, 140.7, 136.8, 135.6, 134.5, 133.2, 132.4,
131.7, 131.2, 130.6, 130.4, 129.4, 128.5, 125.9, 124.6, 122.0, 109.1, 55.8, 57.5, 21.3; HRMS (ESI)
(m/z) for C23H19ClN3S+Br−: [M + H]+

calcd = 404.0988, and [M + H]+
measured = 404.0996.

 

1-(4-methoxybenzyl)-3-(4-methylbenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (12): 9 mg (isolated 95%), white powder; m.p. 120–122 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.49 (d, J = 9.5 Hz, 1H), 8.22 (d, J = 5.5 Hz, 1H), 8.15–8.11 (m, 1H),
8.06 (d, J = 9.2 Hz, 1H), 7.44 (d, J = 8.2 Hz, 2H), 7.39 (d, J = 8.9 Hz, 2H), 7.27 (d, J = 8.2 Hz,
2H), 6.97 (d, J = 8.9 Hz, 2H), 6.42 (s, 2H), 6.24 (s, 2H), 3.79 (s, 3H), 2.35 (s, 3H); 13C NMR
(CD3OD, 150 MHz) δ/ppm: 142.9, 139.7, 134.3, 133.9, 132.9, 130.8, 129.7, 129.2, 129.1,
128.4, 126.8, 123.6, 123.2, 120.6, 114.3, 107.8, 65.4, 54.3, 53.4, 19.8; HRMS (ESI) (m/z) for
C24H22N3OS+Br−: [M + H]+

calcd = 400.1484, and [M + H]+
measured = 400.1487.

3-(4-chlorobenzyl)-1-(4-methoxybenzyl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium
bromide (13): 7 mg (isolated 74%), white powder; m.p. 124–125 ◦C; 1H NMR (CD3OD,
600 MHz) δ/ppm: 8.52 (dd, J = 0.7, 9.2 Hz, 1H), 8.24 (d, J = 5.5 Hz, 1H), 8.15 (d, J = 5.5 Hz,
1H), 8.09 (d, J = 9.2 Hz, 1H), 7.36 (d, J = 8.6 Hz, 2H), 7.47 (d, J = 8.6 Hz, 2H), 7.40
(d, J = 8.8 Hz, 2H), 7.00 (d, J = 8.7 Hz, 2H), 6.42 (s, 2H), 6.29 (s, 2H), 3.80 (s, 3H); 13C
NMR (CD3OD, 75 MHz) δ/ppm: 134.5, 132.3, 131.6, 130.7, 130.6, 128.5, 125.5, 124.9, 122.1,
115.8, 109.1, 57.3, 55.8, 55.7 (signals for 5 quaternary C are missing); HRMS (ESI) (m/z) for
C23H19ClN3OS+Br−: [M + H]+

calcd = 420.0937, and [M + H]+
measured = 420.0943.

1-allyl-3-benzyl-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bromide (14): 8 mg
(isolated 64%), white powder; m.p. 101–102 ◦C; 1H NMR (CD3OD, 300 MHz) δ/ppm: 8.52
(d, J = 9.2 Hz, 1H), 8.29 (d, J = 5.5 Hz, 1H), 8.18 (d, J = 5.6 Hz, 1H), 8.14–8.05 (m, 2H),
7.61–7.53 (m, 2H), 7.49–7.41 (m, 2H), 6.40–6.32 (m, 1H), 6.30 (s, 2H), 5.92 (d, J = 5.5 Hz, 2H),
5.52 (d, J = 10.4 Hz, 1H), 5.41 (d, J = 17.1 Hz, 1H); 13C NMR (CD3OD, 75 MHz) δ/ppm:
142.9, 133.9, 133.02, 132.1, 129.3, 129.1, 128.8, 128.5, 126.9, 123.2, 120.7, 120.2, 114.5, 107.7,
55.2, 54.9; MS (EI) (m/z, %) for C18H16N3S+Br−: 306 (100).
3-benzyl-1-(prop-1-en-1-yl)-1H-thieno[3′,2′:3,4]benzo[1,2-d][1,2,3]triazol-3-ium bromide (15):
11 mg (isolated 51%), yellow oil; mixture of cis- and trans-isomer; MS (EI) (m/z, %) for
C18H16N3S+Br−: 306 (100).
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3.3. In Vitro Cholinesterase Inhibition Activity Measurements

The inhibition of AChE and BChE was determined using a modified Ellman’s spec-
trophotometric assay [20]. Enzymes AChE (EC 3.1.1.7, Electrophorus electricus, Type V-S)
and BChE (EC 3.1.1.8, equine serum) were purchased from Sigma-Aldrich (St. Louis,
MO, USA). All the remaining chemicals, Trisma base (2-amino-2-(hydroxymethyl)-1,3-
propanediol), acetylthiocholine iodide (ATChI), S-butyrylthiocholine iodide (BTChI), and
standard Donepezil, were also purchased from Sigma-Aldrich, while Ellman’s reagent
5,5-dithiobis-(2-nitrobenzoic acid) (DTNB) was sourced from Zwijndrecht (Antwerpen,
Belgium). The various concentrations of the tested compounds dissolved in ethanol were
added (10 μL) to 180 μL of Tris buffer (50 mM, pH 8.0), 10 μL of enzyme solution (fi-
nal concentration 0.03 U/mL), and 10 μL of DTNB (final concentration 0.3 mM). The
enzymatic reaction was initiated by the addition of 10 μL of substrate ATChI or BTChI,
resulting in a final substrate concentration of 0.5 mM. Non-enzymatic hydrolysis was
measured as a blank for control measurement without inhibitors. The non-enzymatic
hydrolysis reaction with added inhibitor was used as a blank for the samples. The enzyme
was replaced with an equivalent amount of buffer. Absorbance was measured at 405
nm over 5 min at room temperature using a 96-well microplate reader (BioTek 800TSUV
Absorbance Reader, Agilent, Santa Clara, CA, USA). All measurements were conducted
in triplicate. The percentage of inhibition was calculated using the following equation:
Inhibition (%) = [(AC − AT)/AC] × 100, where AC represents the enzyme activity in the
absence of the test sample, and AT represents the enzyme activity in the presence of the
test compound. Inhibition data were used to calculate the IC50 value by nonlinear fitting
of the inhibitor concentration versus response. The inhibitory activity of ethanol was also
measured, and its contribution to inhibition was subtracted. The IC50 value is represented
as a mean value of three measurements ± standard deviation. The selectivity index is
calculated as IC50(AChE)/IC50(BChE).

3.4. Anti-Inflammatory Activity

The effect of triazolinium salts 1–15 on lipopolysaccharide (LPS)-stimulated tumor
necrosis factor alpha (TNF-α) production was analyzed as described before [26]. Peripheral
blood mononuclear cells (PBMCs) were isolated from buffy coats obtained from healthy
adult volunteers and resuspended in RPMI1640 medium (Capricorn Scientific, Ebsdorfer-
grund, Germany) supplemented with 10% heat-inactivated FBS (Biowest, Riverside, MO,
USA), 1% GlutaMAX (Gibco, Waltham, MA, USA), and 1% Antibiotic-Antimycotic (Gibco).
In a 96-well plate, 2 × 105 PBMCs were seeded per well. Triazolinium salts 1–15 were
dissolved in dimethyl sulfoxide solvent (DMSO, Sigma), and three-fold serial dilutions in
DMSO were assembled and added to the cells, starting at a concentration of 100 μM. After
a 1-h pre-incubation with triazolinium salts 1–15, cells were stimulated with 1 ng/mL LPS
from E. coli 0111:B4 (Sigma). Cells were incubated for 24 h at 37 ◦C in 5% CO2, followed
by the collection of supernatants for TNF-α measurement and cell viability assessment.
To study cell viability, CellTiter-Glo reagent (Promega, Madison, WI, USA) was applied
according to the manufacturer’s instructions, and signals obtained from compound-treated
wells were compared with those in LPS-stimulated, vehicle-treated samples.

TNF-α concentration in supernatants was measured by ELISA utilizing antibodies
and recombinant human TNF-α protein (standard) from R&D Systems (Minneapolis, MN,
USA). Lumitrac 600 384-well plates (Greiner Bio-One, Kremsmünster, Austria) were coated
with 1 μg/mL of TNF-α capture antibody diluted in phosphate-buffered saline (PBS; Gibco)
overnight at 4 ◦C. The next day, plates were blocked with 5% sucrose (Kemika, Ovada,
Italy) in assay diluent (1% bovine serum albumin [BSA; Sigma] in PBS) for 4 h at room
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temperature (RT). After blocking, samples and standards from triazolinium salts 1–15 were
joined to the plates and incubated overnight at 4 ◦C. Subsequently, 250 ng/mL of TNF-α
detection antibody was added to the wells, followed by a 2-h incubation at RT. Finally, after
incubation with streptavidin-HRP (Invitrogen, Waltham, MA, USA), chemiluminescence
ELISA Substrate (Roche, Basel, Switzerland) was added, and luminescence was measured
using an EnVision 2105 multilabel reader (Revvity, Waltham, MA, USA). Measured lu-
minescence was used to determine the concentrations of TNF-α in the supernatants by
interpolation from the standard curve. Percentages of inhibition were calculated from the
cytokine concentrations obtained, and IC50 values were determined using GraphPad Prism
v9 software with a nonlinear regression curve fit (four parameters with variable slope).

3.5. Computational Details

Conformational analysis and geometry optimization of two compounds chosen for
the docking study were carried out using the Gaussian16 program package [27], at the
B3LYP/6-31G(d) level of theory. The most stable conformers were used as ligands in the
molecular docking process, conducted with the AutoDock4 suite [28]. Crystal structures
4EY7.pdb and 1P0I.pdb, representing AChE and BChE, respectively, were downloaded
from the Protein Data Bank [29,30] and prepared for docking (non-amino acid residues
removed, polar hydrogens added, and Kollman charges assigned). The Lamarckian Genetic
Algorithm was used for docking, with 25 runs per ligand, while the enzyme residues
remained rigid.

3.6. ADME-Tox Predictions

pkCSM is a free-to-use machine learning programme that anticipates small-molecule
pharmacokinetic values using graph-based signatures. It covers 28 models with key
ADMET effects, such as permeability, solubility, absorption, distribution in the body, inter-
actions with metabolic enzymes, excretion, and various toxicity measures. Swiss ADME
permits computing physicochemical descriptors for free and predicts ADME parameters,
pharmacokinetic properties, drug-like nature, and medicinal chemistry friendliness for
one or multiple small molecules to support drug discovery. AdmetSAR 3.0 is a free-access
chemical risk assessment tool [31]. ADMETLAb 3.0 provides easy access to comprehensive,
accurate, and efficient predictions of ADMET profiles for compounds. These predictions
are based on a high-quality database of 0.37 million entries spanning 77 endpoints and
the Directed Message Passing Neural Network (DMPNN) framework. For this paper, all
triazolinium salts 1–15 were evaluated using multiple tools, and predictions of key features
for the lead molecules were presented.

4. Conclusions

The findings of this study demonstrate that the newly synthesized charged thienobenzo-
1,2,3-triazole derivatives exhibit strong inhibitory activity against both acetylcholinesterase
(AChE) and butyrylcholinesterase (BChE), with a clear tendency toward higher potency
and selectivity for BChE. This makes them promising candidates for treating disorders
that require peripheral cholinesterase inhibition. Introducing a permanent positive charge
on the triazole ring was a key structural modification that significantly enhanced enzyme
binding affinity, particularly for BChE. Among all of the tested compounds, derivative
14 stood out with sub-micromolar inhibition of both enzymes and excellent selectivity.
Meanwhile, compound 9 demonstrated not only potent dual inhibition but also notable
anti-inflammatory activity in a TNF-α suppression assay. These dual actions suggest
that certain charged triazole derivatives could serve as multifunctional drug candidates,
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combining cholinesterase inhibition with immunomodulatory effects. This is especially
relevant for neurodegenerative diseases involving both cholinergic deficits and chronic
inflammation, such as Alzheimer’s disease. Additionally, molecular docking studies pro-
vided structural insights into ligand-enzyme interactions, supporting the biological data
and confirming stable and specific binding of ligands to key residues in the active sites
of AChE and BChE. Besides biological testing, in silico ADME-Tox profiling of selected
lead compounds indicated favorable pharmacokinetic and safety profiles, including good
solubility, moderate permeability, non-mutagenicity, and predictable metabolism. These
properties, along with their synthetic accessibility and chemical stability, enhance the po-
tential of these molecules for further development in preclinical studies. In summary, this
work lays a solid foundation for designing new charged heterocyclic compounds with dual
therapeutic functions. The promising in vitro and in silico results of derivatives 9 and 14

highlight the importance of structural charge modulation in optimizing cholinesterase
inhibitors that are selective for the periphery and offer additional therapeutic benefits.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/ph18071032/s1: 1H and 13C NMR spectra of new charged tria-
zolinium salts 1–15 (Figures S1–S30); Mass spectra and HRMS analyses of new charged triazolinium
salts 1–15 (Figures S31–S43); Cartesian coordinates of ligands 9 and 11 docked into the active site of
AChE; Cartesian coordinates of ligands 9 and 11 docked into the active site of BChE; Free energies
of binding, the number of conformational clusters, and distribution of conformations obtained by
molecular docking (Table S1. Free energies of binding, ΔGbind, obtained by molecular docking of
ligands 9, 11, and reference ligand donepezil into the active site of AChE (4EY7.pdb), along with the
number of conformational clusters and distribution of conformations and Table S2. Free energies of
binding, ΔGbind, obtained by molecular docking of ligands 9, 11, and reference ligand donepezil into
the active site of BChE (1P0I.pdb), along with the number of conformational clusters and distribution
of conformations); The mutagenic potential of new charged thienobenzo-1,2,3-triazolinium salts 1–15

through Lhasa M7 evaluation (Table S3).
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supervision, I.Š. (Irena Škorić). All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Sample collection was approved by the Ethics Committee of
the Croatian Institute of Transfusion Medicine (251-541-06/6-20-2, 20 March 2020), and all donors
provided written informed consent.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Dataset available on request from the authors.

Acknowledgments: This work was supported by grants from the University of Zagreb for short-term
scientific support for 2024 under the title Synthesis and Biological Activity of New Heteropolycycle
Systems. We thank the University of Zagreb (Croatia) Computing Centre (SRCE) for granting
computational time on the Supercomputer Supek.

Conflicts of Interest: The authors Paula Pongrac, Dora Štefok, and Martina Bosnar were employed by
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Thienobenzo-1,2,3-Triazolium Salts as Preferred Dual Cholinesterase Inhibitors. Biomolecules 2024, 14, 1391. [CrossRef]

20. Ellman, G.L.; Courtnex, K.D.; Andres, V.; Featherstone, R.M. A new and rapid colorimetric determination of acetylcholinesterase
activity. Biochem. Pharmacol. 1961, 7, 88–95. [CrossRef]

21. Mlakić, M.; Barić, D.; Ratković, A.; Šagud, I.; Čipor, I.; Piantanida, I.; Odak, I.; Škorić, I. New Charged Cholinesterase Inhibitors:
Design, Synthesis, and Characterization. Molecules 2024, 29, 1622. [CrossRef]
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di-heterostilbenes. An experimental and computational study. Spectrochim. Acta. Part A Mol. Biomol. Spectrosc. 2021, 261, 120056.
[CrossRef]
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Abstract: Background/Objectives: Melanoma is one of the most aggressive forms of skin
cancer and is frequently associated with the B-Raf600E mutation, which constitutively
activates the MAPK signaling pathway. Although selective inhibitors such as Vemurafenib
offer clinical benefits, their long-term efficacy is often hindered by resistance mechanisms
and adverse effects. In this study, twelve phytochemicals from Brazilian green propolis
were evaluated for their potential as selective B-Raf600E inhibitors using a computational
approach. Methods: Physicochemical, ADME, and electronic properties were assessed,
followed by molecular docking using the B-Raf600E crystal structure (PDB ID: 3OG7).
Redocking validation and 500 ns molecular dynamics simulations were performed to
investigate the stability of the ligand-protein complexes, and free energy calculations were
then computed. Results: Among the tested compounds, Artepillin C exhibited the strongest
binding affinity (−8.17 kcal/mol) in docking and maintained stable interactions with key
catalytic residues throughout the simulation, also presenting free energy of binding ΔG of
−20.77 kcal/mol. HOMO-LUMO and electrostatic potential analyses further supported its
reactivity and selectivity. Notably, Artepillin C remained bound within the ATP-binding
site, mimicking several critical interactions observed with Vemurafenib. Results: Among
the tested compounds, Artepillin C exhibited the strongest binding affinity (−8.17 kcal/mol)
and maintained stable interactions with key catalytic residues throughout the simulation.
HOMO-LUMO and electrostatic potential analyses further supported its reactivity and
selectivity. Notably, Artepillin C remained bound within the ATP-binding site, mimicking
several critical interactions observed with Vemurafenib. Conclusions: These findings
indicate that Artepillin C is a promising natural compound for further development as
a selective B-Raf600E inhibitor and suggest its potential utility in melanoma treatment
strategies. This study reinforces the value of natural products as scaffolds for targeted drug
design and supports continued experimental validation.

Keywords: Brazilian green propolis; Artepillin C; B-Raf600E; melanoma; molecular docking;
molecular dynamics; natural products; MAPK signaling pathway; selective inhibition; in
silico drug discovery

Pharmaceuticals 2025, 18, 902 https://doi.org/10.3390/ph18060902113



Pharmaceuticals 2025, 18, 902

1. Introduction

Melanoma is one of the most aggressive and deadly forms of skin cancer, notori-
ous for its rapid progression and resistance to traditional treatments [1]. Understanding
the molecular drivers behind its growth has led to significant breakthroughs in targeted
therapies. Among the key players in melanoma development is the enzyme B-Raf, par-
ticularly its mutated form known as B-Raf600E [1,2]. This mutation occurs when valine
at position 600 is replaced by glutamic acid, causing the enzyme to become permanently
active. As a result, the MAPK signaling pathway, which controls cell growth and survival,
is continuously turned on, leading to uncontrolled cell division and tumor growth. The
discovery of B-Raf600E’s role in melanoma was a turning point, highlighting it as a crucial
target for drug development [3]. Researchers have been focusing on designing inhibitors
that could specifically bind to this mutant form without affecting the non-mutated form
of the protein, thus minimizing side effects. Vemurafenib was one of the first successful
drugs to achieve this [2]. Although Vemurafenib represented a significant advance in the
treatment of melanoma with the B-Raf600E mutation, its long-term efficacy is often hindered
by important limitations.

One of the most pressing challenges is the rapid development of resistance. While
many patients initially respond favorably, tumors frequently acquire adaptive mechanisms
that reactivate the MAPK signaling pathway, the very cascade that Vemurafenib aims to
inhibit [4]. Beyond resistance, Vemurafenib is also associated with several adverse effects,
particularly dermatological toxicities. Commonly reported reactions include photosensitiv-
ity and, in some cases, the development of cutaneous squamous cell carcinomas. Arthralgia
is another frequent side effect, which can significantly impact the patient’s quality of life
and may necessitate dose adjustments or even treatment discontinuation [5]. Given these
limitations, ongoing research has increasingly focused on developing next-generation ther-
apies, including more selective BRAF inhibitors and combination regimens, with the goal
of enhancing efficacy while minimizing toxicity and delaying the onset of resistance [6]. In
this context, natural extracts have also been investigated as complementary or alternative
therapeutic strategies for melanoma.

Among those showing promising results is Brazilian green propolis extract, which has
demonstrated antitumor, pro-apoptotic, and anti-angiogenic effects in preclinical studies,
suggesting potential as an adjunct in melanoma treatment [7–12]. Due to the encouraging
outcomes observed with Brazilian green propolis, further studies are warranted to isolate
and identify the specific bioactive compounds responsible for these effects. Such inves-
tigations could help determine which substances have the greatest therapeutic potential
and, importantly, whether they are capable of selectively inhibiting the mutant B-Raf600E,
offering a novel and potentially less toxic approach to melanoma treatment. Brazilian
green propolis is a resinous substance collected by Apis mellifera bees from the buds and
exudates of plants, especially Baccharis dracunculifolia. This propolis is widely recognized
for its biological properties, including antioxidant, antibacterial and antiproliferative ac-
tivities [13]. Studies have shown that Brazilian green propolis has a distinct chemical
composition, rich in prenylated derivatives of p-coumaric acid and flavonoids, especially
Artepillin C, which is found in high concentration in this variety of propolis [13,14]. In
addition to p-coumaric acid (1) and Artepillin C (3), its main chemical marker, several other
compounds have been identified in Brazilian green propolis, including drupanin (2) [15],
culifolin (4) [16], ferulic acid (5) and caffeic acid (6) [17], kaempferol (7) and kaempferide
(8) [18], ermanin (9) [19], (E)-2-isopropenyl-7-isopentenyl-2,3-dihydrobenzofuran-5-acrylic
acid (10), 2,2-dimethyl-2H-1-benzopyran-6-carboxylic acid (11) and (E)-3-(2,2-dimethyl-
2H-1-benzopyran-6-yl) propenoic acid (12) [20]. The compounds selected for this study
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represent the main chemical constituents of Brazilian green propolis, including both major
markers, such as p-coumaric acid and Artepillin C, and secondary bioactive compounds.
The selection prioritized compounds are representative of the chemical diversity of green
propolis, which has a history of description in the literature and potential biological activ-
ity, allowing a more comprehensive analysis of their structural correlations and relevant
properties for the development of medicinal formulations. In this preliminary study, these
compounds were evaluated for their potential as selective inhibitors of the B Raf600E mutant
protein using bioinformatics and cheminformatics approaches. The investigation focused
on structural and conformational analyses, employing molecular modeling techniques
such as molecular docking to predict binding affinities and interaction modes, as well as
molecular dynamics simulations to assess the stability and behavior of the ligand-protein
complexes over time.

2. Results

2.1. Physicochemical Properties and ADME Studies

The physicochemical properties of twelve phytochemicals present in Brazilian green
propolis were calculated theoretically using the SWISSADME platform, with a focus on their
possible drug-like characteristics. The molecular properties analyzed included molecular
weight (MW), number of heavy atoms, number of aromatic heavy atoms, fraction of sp3

hybridized carbons (Csp3 fraction), number of rotational bonds, number of hydrogen
bond acceptors (HBAs), number of hydrogen bond donors (HBDs), molar refractivity (MR)
and topological polar surface area (TPSA). These parameters are essential for predicting
the pharmacokinetic behavior of the compounds, such as solubility, permeability and
bioavailability. The results are shown in Table 1.

Table 1. Calculated physicochemical properties of the phytochemicals considered in this study.

Ligand MF
MW

(g/mol)
nHA nAHA F.Csp3 nRB nHBA nHBD MR TPSA (Å2)

1 C9H8O3 164.16 12 6 0 2 3 2 45.13 57.53

2 C14H16O3 232.28 17 6 0.21 4 3 2 68.85 57.53

3 C19H24O3 300.39 22 6 0.32 6 3 2 92.57 57.53

4 C19H22O3 298.38 22 6 0.32 4 3 1 90.95 46.53

5 C10H10O4 194.18 14 6 0.1 3 4 2 51.63 66.76

6 C9H8O4 180.16 13 6 0 2 4 3 47.16 77.76

7 C15H10O6 286.24 21 16 0 1 6 4 76.01 111.13

8 C16H12O6 300.26 22 16 0.06 2 6 3 80.48 100.13

9 C17H14O6 314.29 23 16 0.12 3 6 2 84.95 89.13

10 C19H22O3 298.38 22 6 0.32 6 3 1 90.12 46.53

11 C12H12O3 204.22 15 6 0.25 1 3 1 57.52 46.53

12 C14H14O3 230.26 17 6 0.21 2 3 1 67.23 46.53
MF—Molecular Formula; MW (g/mol)—Molecular weight; nHA—Number of heavy atoms; nAHA—Number
of aromatic heavy atoms; F.Csp3—Fraction of sp3 hybridized carbon atoms; nRB—Number of rotatable bonds;
nHBA—Number of hydrogen bond acceptors; nHBD—Number of hydrogen bond donors; MR—Molar refractivity;
TPSA (Å2)—Topological polar surface area. Ligands—p-coumaric acid (1), drupanin (2), Artepillin C (3), culifolin
(4), ferulic acid (5), caffeic acid (6), kaempferol (7), kaempferide (8), ermanin (9), (E)-2-isopropenyl-7-isopentenyl-
2,3-dihydrobenzofuran-5-acrylic acid (10), 2,2-dimethyl-2H-1-benzopyran-6-carboxylic acid (11), and(E)-3-(2,2-
dimethyl-2H-1-benzopyran-6-yl) propenoic acid (12).
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The pharmacokinetic parameters of the evaluated phytochemicals were assessed to
predict their ADME behavior. All ligands demonstrated high gastrointestinal (GI) absorp-
tion, indicating favorable oral bioavailability. The blood–brain barrier (BBB) permeability
was observed for most compounds, except for ligands 6, 7, 8, and 9. None of the lig-
ands were identified as substrates for p-glycoprotein (P-gp), suggesting a low potential
for efflux-mediated drug resistance. The LogP values ranged from 0.93 to 4.27, with the
majority falling between 1 and 3. Notably, ligands 3, 4, and 10 had values greater than 4.
Regarding cytochrome P450 enzyme inhibition, ligands 1, 2, and 5 showed no inhibitory
activity against any of the tested isoenzymes. Ligand 3 inhibited CYP3A4, while ligand 4

inhibited both CYP3A4 and CYP2D6. Ligand 10 inhibited CYP1A2, CYP2D6, and CYP3A4.
Ligands 7, 8, and 9 inhibited CYP2C19, CYP2C9, CYP2D6, and CYP3A4. These results are
summarized in Table 2.

Table 2. Predicted ADME properties of ligands based on in silico pharmacokinetic analysis.

Ligand LogP GI BBB
P-gp

Substrate

Cytochrome Inhibitor P450

CYP1A2 CYP2C19 CYP2C9 CYP2D6 CYP3A4

1 1.26 High Yes No No No No No No

2 2.83 High Yes No No No No No No

3 4.27 High Yes No No Yes Yes No No

4 4.02 High Yes No No Yes Yes Yes No

5 1.36 High Yes No No No No No No

6 0.93 High No No No No No No No

7 1.58 High No Yes No No Yes Yes No

8 2.00 High No Yes No No Yes Yes No

9 2.35 High No Yes No Yes Yes Yes No

10 4.11 High Yes Yes Yes Yes No Yes Yes

11 2.33 High Yes Yes No No No Yes No

12 2.67 High Yes Yes Yes No No Yes Yes
LogP—Measures lipophilicity, affecting membrane permeability; GI—Indicates absorption in the gastrointesti-
nal tract; BBB—Shows ability to cross the blood–brain barrier; P-gp Substrate—Identified by P-glycoprotein,
influencing drug transport and distribution. Ligands: p-coumaric acid (1), drupanin (2), Artepillin C (3), culi-
folin (4), ferulic acid (5), caffeic acid (6), kaempferol (7), kaempferide (8), ermanin (9), (E)-2-isopropenyl-7-
isopentenyl-2,3-dihydrobenzofuran-5-acrylic acid (10), 2,2-dimethyl-2H-1-benzopyran-6-carboxylic acid (11), and
(E)-3-(2,2-dimethyl-2H-1-benzopyran-6-yl) propenoic acid (12).

2.2. Molecular Modeling
2.2.1. Geometry Optimization

To obtain the most stable conformations of the major phytochemicals identified in
Brazilian green propolis, a hybrid conformational optimization protocol was applied. This
approach combined three levels of molecular modeling: initial geometry optimizations
were performed using classical molecular mechanics with the Universal Force Field (UFF),
followed by semi-empirical calculations using the AM1 method, and finally refined using
an ab initio Hartree–Fock (HF/6-31G*) level of theory. This stepwise strategy aimed to
maximize accuracy by combining the efficiency of classical methods with the precision
of quantum chemical approaches. The optimized 3D structures are presented in Figure 1.
Among the selected phytochemicals, compounds 3 and 10 exhibited the highest degree of
conformational flexibility, each containing six rotatable bonds. These structural features
indicate a greater potential for dynamic adaptation during molecular recognition. The
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conformational planarity of compound 7 (a flavonol with hydroxyl groups at positions 3, 5,
7, and 4′) was also notable, suggesting enhanced intramolecular conjugation. In contrast,
methoxylated derivatives, such as compounds 8 and 9, showed a decreased planarity and
increased hydrophobicity due to substitutions on the B and C rings.

Figure 1. Optimized 3D structures of major phytochemicals found in Brazilian green propolis.

2.2.2. HOMO and LUMO Orbitals

The highest occupied (HOMO) and lowest unoccupied (LUMO) molecular orbitals,
known as frontier orbitals, are important for understanding the electrical and optical
properties and reactivity of molecules. The energy difference between HOMO and LUMO,
known as the energy gap, is particularly important as it directly influences the chemical
reactivity of the molecule. Compounds with smaller energy gaps tend to be more reactive,
which can facilitate interaction with the biological target, while those with larger gaps
have greater chemical stability, allowing for more controlled interactions. In addition,
frontier orbitals are involved in electron transfer processes, such as oxidation and reduction
reactions, which are often essential for the biological activity of active molecules [21].
The graphical depiction of the HOMO and LUMO orbitals for the compounds studied is
presented in Figure 2.
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Figure 2. Frontier molecular orbitals (HOMO and LUMO) of the selected compounds.

2.2.3. Electrostatic Potential Map (EPM)

The electrostatic potential map (EPM) (Figure 3) is a valuable tool for understanding
how molecules interact with biological targets. It visualizes the distribution of electrostatic
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charges across the molecular surface, allowing for the identification of regions most likely to
engage in interactions that influence binding affinity and selectivity. This information is cru-
cial for optimizing the therapeutic potential of bioactive compounds. Electron-rich (highly
electronegative) regions often act as hydrogen bond acceptors, while electron-deficient
(electropositive) regions typically function as hydrogen bond donors [22]. Beyond predict-
ing molecular interactions, EPMs also contribute to evaluating pharmacokinetic properties
such as solubility and membrane permeability. While highly polar regions can enhance
aqueous solubility, they may simultaneously hinder passive diffusion through biological
membranes, ultimately affecting bioavailability. Furthermore, mapping the electrostatic
profile of a molecule provides insights into its metabolic stability by highlighting areas
susceptible to enzymatic transformations, factors that can impact efficacy or lead to the
formation of toxic metabolites [23].

Figure 3. Electrostatic potential maps of the studied compounds highlighting reactive and interaction-
prone regions.
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2.3. Molecular Docking

The B-Raf600E enzyme is a key regulator of the MAPK signaling pathway, playing a
central role in controlling cell growth and survival. Its structure is finely tuned to support
its function as a serine/threonine kinase. The enzyme comprises two principal lobes: a
smaller N-terminal lobe, composed mainly of β-sheets, and a larger C-terminal lobe, rich
in α-helices. These lobes are connected by an ATP-binding cleft—the catalytic core where
phosphorylation of substrate proteins occurs. This region is especially critical, as it positions
ATP for phosphate transfer during kinase activity. In the B-Raf600E mutant, a single amino
acid substitution—valine to glutamic acid at position 600—has significant structural and
functional consequences. Valine is a small, nonpolar residue, while glutamic acid is bulkier
and carries a negative charge. This alteration destabilizes the inactive conformation of
the kinase, favoring a constitutively active state even in the absence of upstream signals.
The result is continuous MAPK pathway activation, driving uncontrolled cell proliferation
and contributing to melanoma development. Structural analysis, particularly based on the
3OG7 crystal structure, reveals how this mutation reconfigures the ATP-binding pocket,
creating new opportunities for selective drug binding. Vemurafenib, a potent B-Raf600E
inhibitor, binds precisely within this pocket, forming a network of hydrogen bonds and
hydrophobic interactions. It locks the enzyme in an inactive conformation, effectively
preventing ATP binding and blocking downstream signaling.

The Glu600 residue, in combination with adjacent positively charged residues, helps
shape a unique hydrophobic pocket that Vemurafenib exploits, explaining its high se-
lectivity for the mutant over the wild-type enzyme—thus minimizing off-target effects.
These structural insights have been instrumental in the development of targeted melanoma
therapies. However, despite the initial success of B-Raf inhibitors, resistance often emerges
through secondary mutations or alternative activation of the MAPK pathway. To ad-
dress this challenge, combination therapies—such as co-administering B-Raf and MEK
inhibitors—have been investigated to enhance efficacy and delay resistance. In this con-
text, a molecular docking approach was employed to investigate the potential interactions
between phytochemical ligands from Brazilian green propolis and the active site of the
B-Raf600E mutant. The docking results, which provide insights into binding affinities and
interaction profiles, are summarized in Table 3.

Table 3. Physicochemical properties of the phytochemicals considered in this study.

Ligand Binding Energy (kcal/mol)
Hydrogen Interacting Residue of

Target Along with Their Bond
Length

Hydrophobic Interacting Residue of
Target Along with Their Bond Length

1 −5.11 CYS532 (2.01), GLY534 (1.88),
GLN530 (1.72) TRP531, CYS532

2 −7.02 CYS532 (1.76), ILE527 (2.62),
GLN530 (2.05)

THR529, PHE595, LEU505, LEU505,
LEU514, ALA481, LYS483

3 −8.17 LYS483 (2.09), CYS532 (2.07),
GLN530 (2.02)

VAL471, ILE463, VAL471, LEU505, LEU505,
LEU514, PHE468, PHE595, VAL471

4 −7.57 CYS532 (1.85)

CYS532, PHE583, VAL471, ALA481,
ALA481, LEU514, VAL471, LYS483,
VAL471, LYS483, VAL471, PHE468,
PHE583, PHE583, VAL471, ALA481

5 −5.51 PHE595 (2.94) GLY596, ALA481, VAL471, VAL471,
ALA481, LYS483
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Table 3. Cont.

Ligand Binding Energy (kcal/mol)
Hydrogen Interacting Residue of

Target Along with Their Bond
Length

Hydrophobic Interacting Residue of
Target Along with Their Bond Length

6 −5.41
LYS483 (2.62), PHE595 (2.59),
GLY596 (2.13), ALA481 (2.21),

ILE527 (2.04)
VAL471, ALA481, LYS483

7 −7.15
THR529 (2.59), CYS532 (1.77),
ILE527 (2.04), GLN530 (2.03),

CYS532 (2.29)

TRP531, TRP531, PHE583, PHE583,
VAL471, ALA481, CYS532, ILE463, VAL471,

VAL471, ALA481, LYS483

8 −7.38 LYS483 (2.34), CYS532 (1.69),
GLN530 (1.98), CYS532 (2.23)

TRP531, TRP531, PHE583, PHE583,
VAL471, ALA481, CYS532, ILE463, LYS483,

LEU514

9 −7.29 CYS532 (1.71), GLN530 (2.04)
ASP594, LYS483, TRP531, LEU505, VAL471,

ALA481, VAL471, ALA481, CYS532,
LYS483

10 −7.74 LYS483 (1.73), PHE595 (2.99),
GLY596 (1.96)

VAL471, ALA481, ALA481, LEU514,
CYS532, VAL471, TRP531, TRP531, TRP531,

PHE583, VAL471, ALA481, LYS483,
LEU514

11 −6.74 LYS483 (1.80), ASP594 (2.22),
PHE595 (2.99), GLY596 (2.24)

LYS483, ALA481, ALA481, ALA481,
LEU514, LEU514, VAL471, PHE583,

LYS483, LEU514

12 −8.49
LYS483 (1.70), ASP594 (2.29),
PHE595 (2.99), GLY596 (2.21),

PHE583 (2.85)

VAL471, ALA481, ALA481, LEU514,
CYS532, VAL471, VAL471, ILE463, VAL471,

PHE468, TRP531, TRP531, PHE583,
PHE583, VAL471, LEU514

Ligands: p-coumaric acid (1), drupanin (2), Artepillin C (3), culifolin (4), ferulic acid (5), caffeic acid (6), kaempferol
(7), kaempferide (8), ermanin (9), (E)-2-isopropenyl-7-isopentenyl-2,3-dihydrobenzofuran-5-acrylic acid (10), 2,2-
dimethyl-2H-1-benzopyran-6-carboxylic acid (11), and (E)-3-(2,2-dimethyl-2H-1-benzopyran-6-yl) propenoic acid
(12).

2.4. Molecular Dynamics and Free Energy of Binding

Molecular dynamics (MD) simulations were performed for 500 nanoseconds (ns),
starting from the most favorable ligand-enzyme complexes identified through molecular
docking. To enable comparative analysis, simulations of the free enzyme and Vemurafenib
were also conducted under the same theoretical conditions described in the “Molecu-
lar Dynamics” section compound 3. Artepillin C remained stably bound in the active
site throughout the entire 500 ns simulation. Moreover, the protein exhibited enhanced
structural stability from 200 ns onward, with the Root Mean Square Deviation (RMSD)
stabilizing around 0.05 nm. The radius of the gyration profile also revealed a consistent
compaction pattern, which means that the structural integrity of the protein remained
preserved throughout the whole simulation, as shown in Figure 4. In the absence of the
ligand (Figure 4, red lines), the enzyme appeared more compact until 300 ns but less stable,
also expanding from 300 ns onwards. This suggests that Artepillin C contributes to the
structural stabilization of the enzyme. The same patterns seen for Artepillin C are observed
on Vemurafenib MD. The radius of gyration starts with contraction followed by relaxation
from 300 ns onwards. On the other hand, for RMSD, Vemurafenib presents a less stabilizing
capability than Artepillin C, with a delta of 1 nm from 200 ns to the end of the simulation.
This variability is closer to the free enzyme RMSD variation, meaning Artepillin C is a
better stabilizer of the protein.
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Figure 4. Radius of gyration and RMSD behavior along the molecular dynamic simulation time in ns.
Red lines—Vemurafenib-enzyme complex simulation; Black lines—Artepillin C-enzyme complex
simulation; Green lines—free enzyme simulation.

The Artepillin C hydrogen bond (hbond) analysis revealed that the complex was
maintained by two persistent hbonds throughout the simulation, occasionally reaching
3 hbonds. Vemurafenib yet presents a crescent number of hbond interactions along the
simulation, preserving seven hbonds from 200 ns onward. Additionally, analysis of the
most representative pose from the simulation confirmed that Artepillin C remained bound
to the ATP-binding site even after 300 ns (Figure 5).

Figure 5. Hydrogen bond pattern along the molecular dynamic’s simulation.

Compared to the crystal structure, the cavity appeared more open due to system
relaxation, yet the compound occupied regions associated with Vemurafenib’s binding
mode, especially near PHE583 (Figure 6). Interaction analysis from the most represen-
tative pose in the clusters revealed two key hydrogen bonds with ASP594 and a critical
ion–ion interaction between the carboxylate group of Artepillin C and LYS473 of B-Raf
(Figure 7A,C). Hydrophobic interactions were also observed, involving Artepillin’s prenyl
branches and apolar residues such as LEU514, VAL471, ALA481, LYS483 and ILE463. Other
surrounding residues also contributed via potential van der Waals interactions, as repre-
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sented in Figure 7C. The hydrophobic surface map confirmed that the prenyl branches
oriented toward hydrophobic regions of the pocket (Figure 7B), while the carboxylate group
projected outward to interact with polar regions and solvent-accessible water molecules.
The hydroxyl group was located deeper within the binding site, interacting with ASP594.

Figure 6. Molecular representation of the complexes and a zoomed-in view highlighting the closest
residues of the protein. (A) Crystal structure from the input obtained in the presence of the ligand
Vemurafenib; (B) Best-docked pose obtained to compound 3; (C) Most representative pose obtained
to Artepillin after molecular dynamics simulation.

Figure 7. Interaction pattern of Artepillin C at the binding site. (A) Tridimensional view of the
interactions; (B) Interactions located inside the hydrophobic surface map; (C) Two-dimensional view
of the interactions.

As shown in Table 4, the major energy contributions for both Artepillin C and Vemu-
rafenib come from electrostatic (EEL) and Van der Waals (VDW) components. However,
ENPOLAR, which is also associated with hydrophobic interaction along with VDW, pro-
vides a minor contribution to enthalpic energy in both complexes. These data reinforce what
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was already observed during interaction analysis, i.e., for Artepillin C, the hydrophobic
and VDW interactions observed along MD for ILE463, VAL471 and ALA481 are confirmed.
Additionally, ASP594 is identified as an unfavorable interaction due to a desolvation
penalty. For Vemurafenib, CYS532, GLN530, VAL471, ALA481, PHE583, PHE595 present
modest contributions.

Table 4. Free energy of biding from both Artepillin C and Vemurafenib.

ΔE (VDW) −32.03 −52.13

ΔE (EEL) −84.62 −89.14

ΔE (EPB) 98.26 86.12

ΔE (ENPOLAR) −3.65 −5.1

GGAS −116.65 −141.27

GSOLV 94.6 81.02

ΔH (total) −22.05 −60.25

−TΔS 1.28 42.70

ΔG −20.77 −17.55
The components are defined as ΔE (VDW), the energy from van der Waals interactions, and ΔE (EEL),
the energy from electrostatic interactions. ΔE (EPB) is the energy from polar solvation, and ΔE (ENPO-
LAR) is the repulsive component of the nonpolar solvation energy. The total free energy in the gas phase,
GGAS, is calculated as GGAS = ΔEVDW + ΔEEL. The total solvation-free energy, GSOLV, is determined as
GSOLV = ΔEPB + ΔENPOLAR. Other terms used are ΔH for enthalpy of binding; −TΔS for conformational
entropy loss contribution upon ligand binding; and ΔG (binding), represented as ΔH–TΔS.

Furthermore, PHE595 also contributes unfavorable interaction due to desolva-
tion penalty (Figure 8). Regarding affinities, Vemurafenib presents a lower ΔH of
−60.25 kcal/mol than Artepillin C, which has a ΔH of −22.05 kcal/mol. This difference
can be associated with the quantity of interactions observed for Vemurafenib, as shown in
Figures 5 and 8. With respect to the entropy contribution, Vemurafenib displays a higher
value. Although this entropic loss can be interpreted as thermodynamically favorable due
to the associated gain in disorder, its resulting free energy is higher than that of Artepillin C.
This difference suggests that the overall thermodynamic stability of Vemurafenib is lower,
making Artepillin C more spontaneously favorable.
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Figure 8. Decomposition interaction analysis for Artepillin C and Vemurafenib. TDC (Total decompo-
sition), total interaction energy contribution for each residue. SDC (Sidechain decomposition) is the
only sidechain contribution for interaction energy.

3. Discussion

3.1. Physicochemical Properties and ADME Studies

The molecular weights (MW) of the studied compounds ranged from 164.16 to
314.29 g/mol, with ligand 1 having the lowest MW and ligand 9 the highest. All com-
pounds fall within the acceptable range for drug-like molecules (<500 g/mol), suggesting
favorable pharmacokinetic properties. Aromatic heavy atoms were prominent across the
series, varying from 6 to 16, contributing to planar and rigid structures. The fraction of
sp3 hybridized carbons (Fraction Csp3), which indicates molecular complexity and three-
dimensionality, varied among the compounds. Ligands 1 and 6 exhibited a fraction Csp3 of
0, indicating completely planar structures, while compound 3 showed the highest value
(0.32), suggesting increased structural diversity. Hydrogen bonding capacity, which affects
solubility and permeability, was evaluated through hydrogen bond acceptors (HBAs) and
donors (HBDs). The HBA values ranged from 3 to 6, while HBDs varied from 1 to 4.

Molecules 7, 8, and 9 showed the highest numbers of both HBAs and HBDs, consistent with
their polyphenolic structures. These molecules also exhibited the highest topological polar
surface area (TPSA), with ligand 7 having the maximum value of 111.13 Å2, increasing
solubility but may limit passive membrane permeability.

Molar refractivity (MR) ranged from 45.13 in ligand 1 to 92.57 in ligand 3, correlating
with molecular size and complexity. The extensive conjugation present in these molecules
suggests a strong potential for interactions with aromatic residues in protein targets, po-
tentially enhancing binding affinity. Overall, these findings provide a detailed overview
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of the physicochemical properties influencing the drug-likeness of the studied molecules.
The balance between molecular weight, aromaticity, hydrogen bonding capacity, and struc-
tural flexibility suggests promising potential for these compounds as medicinal candidates.
Molecules with moderate MW, balanced TPSA, and optimal Fraction Csp3, like ligand 3,
exhibit the most favorable profile for further development.

The high GI absorption values observed across all compounds support their potential
as orally active agents. Most ligands’ ability to cross the BBB suggests possible central
nervous system activity. The lack of P-gp substrate characteristics indicates a lower risk
of drug resistance via efflux mechanisms. The range of LogP values suggests generally
favorable mem-brane permeability, while compounds with higher values may benefit from
increased BBB penetration. The distinct CYP inhibition profiles highlight varying degrees
of potential metabolic interaction. Compounds with minimal or no CYP inhibition, such
as Ligands 1, 2, and 5, are less likely to participate in drug-drug interactions. In contrast,
Ligands 7, 8, and 9 exhibited broad-spectrum CYP inhibition, which may influence the
metabolism of co-administered drugs and necessitate caution in further development.
These findings underscore the importance of early pharmacokinetic screening in guiding
compound selection for drug discovery.

3.2. Molecular Modeling
3.2.1. Geometry Optimization

The main phytochemicals already identified in Brazilian green propolis are deriva-
tives of simple or prenylated cinnamic acids and flavonoids. Cinnamic acids have a basic
structure composed of an aromatic ring linked to an unsaturated aliphatic chain (CH=CH–
COOH). The presence of the double bond in the side chain (CH=CH) introduces geometric
isomerism (E/Z), with the E isomer generally being more stable due to the lower steric
repulsion between the substituent groups. Although Z isomers are less common, they
can be more reactive due to the functional proximity between the groups [24]. The single
bond between the aromatic ring and the vinyl group (CH=CH–), as well as the C–C bond
between the side chain and the carboxylic acid (–COOH), are rotatable, creating different
conformations that influence molecular interactions, such as the formation of hydrogen
bridges or π–π interactions [25]. In addition, these bonds can generate intramolecular inter-
actions, such as hydrogen bonds, which alter the conformational stability and polarity of
the compound [26]. In addition to Lipinski’s Rule of Five [27], other criteria, such as Veber’s
Rule [28] and Muegge’s Rule [29] suggest that small bioactive molecules should not exceed
10 and 15 rotatable bonds, respectively, to ensure favorable pharmacokinetic properties.

It is well known that compound 3, the majority compound present in Brazilian green
propolis, is one of the most active compounds ever reported [30–32]. However, it’s reported
in the literature as an unstable compound, and its instability is mainly attributed to the
reactivity of the prenyl group and phenol with some bioactive properties, such as antioxi-
dant activity or the ability to interact with biological targets [33–35]. The conformational
flexibility of flavonoids is directly related to the characteristics of each ring and the inter-
actions between them, and that determines the overall conformation of the molecule, an
essential characteristic for its biological activity [36,37]. The presence of hydroxyl groups
also increases the ability to form hydrogen bonds, both intra- and intermolecular, which
contributes to structural stabilization [38]. In addition, methoxylation can cause a small
increase in the angle between the A and B rings, slightly decreasing the planarity in relation
to compound 7 [39]. Double methoxylation confers greater hydrophobicity, reduces polarity
and the ability to form hydrogen bonds, as well as increases volume and conformational
flexibility around the C ring [40].
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3.2.2. HOMO and LUMO Orbitals

The HOMO-LUMO gap values obtained for the Brazilian green propolis phytochem-
icals considered for this study range from 0.09142 to 0.12032 eV, reflecting the electronic
diversity of these natural compounds. Their moderate ΔE values suggest an ideal balance
between reactivity and stability, allowing efficient interactions with biomolecular targets
such as bacterial cell walls and inflammatory mediators. The HOMO-LUMO gap values
observed follow the general trends reported for bioactive polyphenols, flavonoids and
prenylated phenolics, reinforcing the medicinal potential of the phytochemicals in Brazilian
green propolis. Compounds such as compound 9 (0.09142 eV), compound 8 (0.09644 eV),
and compound 6 (0.09649 eV) showed the lowest ΔGAP HOMO-LUMO values, suggesting
greater electronic reactivity. This characteristic is often associated with high antioxidant
potential, as these molecules can donate electrons to neutralize reactive oxygen species
(ROS), recognized for their antioxidant and cytoprotective properties [41–44].

3.2.3. Electrostatic Potential Map (EPM)

Analysis of the electrostatic potential maps revealed that all cinnamic acid derivatives
exhibit a pronounced negative electronic charge on the carbonyl oxygen of the carboxylic
acid group. This high electron density suggests a strong capacity for hydrogen bond
acceptance, which could contribute to their known bioactivities, such as antioxidant and
anti-inflammatory effects. The localization of the lowest electronic density on the phenolic
group indicates potential sites for electrophilic attack, which may play a role in their radical
scavenging activity. These electronic characteristics align with previous studies [45] that
link the antioxidant properties of cinnamic acids to the electron-withdrawing nature of
the carboxyl group, which stabilizes phenoxyl radicals formed during redox reactions. In
contrast, the flavonoids 7, 8 and 9 did not exhibit prominent regions of negative electrostatic
potential. Instead, the low electronic density was localized on the phenolic group in the
A ring. This suggests a distinct electronic distribution compared to the cinnamic acids,
potentially influencing their interaction with biological targets. The absence of highly
negative regions may reduce the strength of hydrogen-bonding interactions compared to
the cinnamic acid derivatives. However, the conjugated π-electron system in the flavonoid
structures could enhance π–π stacking interactions with proteins or nucleic acids, con-
tributing to their broad spectrum of biological activities, including anti-inflammatory and
anticancer properties [46]. Overall, the observed electrostatic potential patterns provide
a molecular basis for understanding the diverse biological activities of these compounds.
The distinct electronic characteristics of cinnamic acids and flavonoids could be correlated
with their different mechanistic pathways in antioxidant, anti-inflammatory, and anticancer
activities. Subsequently, our studies involving molecular docking and dynamic simula-
tions further demonstrate the interactions between these compounds and their respective
biological targets, B-RAF600, providing a more comprehensive understanding of their
pharmacological potential.

3.3. Molecular Docking

The molecular docking simulation of twelve chemical compounds in the B-Raf600E
enzyme revealed intriguing interactions within the active site. Critical amino acids in the
active site, including GLN530, CYS532, PHE595, and GLY596, play significant roles in
ligand binding and catalytic activity. The compounds exhibited varied calculated binding
energies and interaction profiles, shedding light on their potential as inhibitors. Compound
3 also demonstrated a significant binding affinity of −8.17 kcal/mol, interacting through
hydrogen bonds with LYS483, CYS532, and GLN530. These interactions occur near key
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catalytic residues, possibly hindering ATP binding. Notably, hydrophobic contacts with
VAL471, LEU505, and PHE595 suggest a stable docking pose within the active site. The
binding pattern reflects a strategic occupation of the hydrophobic pocket, indicative of
selective inhibition potential. This compound’s interaction profile aligns with its previously
reported bioactivity, supporting its continued investigation as a therapeutic agent. Other
compounds, such as compound 10 and compound 4, also displayed favorable binding
energies of −7.74 and −7.57 kcal/mol, respectively, but much lower than the ones ob-
served with compound 3 and compound 12. Both compounds interacted with CYS532
and PHE595 as well as through hydrophobic interactions, particularly with residues like
VAL471 and ALA481. Compound 2, compound 7, compound 8, and compound 9 presented
moderate binding affinities ranging from −7.02 to −7.38 kcal/mol. Their interactions were
characterized by hydrogen bonds with CYS532 and GLN530, along with hydrophobic
contacts involving TRP531 and PHE583. These compounds consistently engaged with
critical residues within the ATP-binding pocket; however, their binding energies, although
favorable, were lower compared to compound 3 and compound 12, suggesting they could
not be good ligands of the target.

Conversely, cinnamic acid derivatives like compounds 1, 5, and 6 showed the lowest
binding energies, ranging from −5.11 to −5.51 kcal/mol. Although they formed hydrogen
bonds with essential residues such as CYS532 and GLN530, their hydrophobic interactions
were limited. This lack of extensive hydrophobic contact might contribute to their reduced
binding affinities. Their weaker interaction profiles suggest a lower potential for effective
kinase inhibition. The results of the molecular docking simulation highlight several positive
aspects. However, some limitations must be considered. Compounds with lower binding
energies, despite forming hydrogen bonds, lacked extensive hydrophobic interactions,
potentially reducing their stability within the active site. Additionally, the simulation
does not account for dynamic conformational changes in the kinase, which may influence
binding efficiency. Therefore, molecular dynamics simulations and in vitro kinase assays
are necessary to validate these findings.

3.4. Molecular Dynamics and Free Energy

The molecular dynamics simulations demonstrated that Artepillin C maintained a
stable and specific interaction with the enzyme B-Raf600E over a 500 ns timescale. The
stabilization of the Artepillin-B-Raf complex, particularly from 200 ns onward, suggests
favorable conformational accommodation and binding. The consistent RMSD and radius
of gyration values indicate that the enzyme structure remains compact and stable in the
presence of Artepillin C, while the free enzyme fluctuated more significantly within the
same timeframe, reinforcing the hypothesis that ligand binding enhances structural stability
while preserving structural integrity, a behavior also observed for Vemurafenib. The
persistence of hydrogen bonds and the prominent ion-ion interaction with LYS473 suggest
that electrostatic forces play a significant role in complex stability. Notably, this interaction
appears to be a distinguishing feature between the docking and the most representative
dynamics pose, with a repositioning of the interaction site from LYS483 (in docking) to
LYS473 (in dynamics), possibly due to structural relaxation and optimization of the binding
conformation. Artepillin C also reproduced some of the key interactions observed for
Vemurafenib, including hydrogen bonds with ASP594 and a network of hydrophobic
contacts within the ATP-binding pocket. While Vemurafenib relies on a π-cation interaction
with LYS483, Artepillin’s stronger ionic interaction with LYS473 may provide an alternative
mode of stabilization. Although LYS473 is not present in decomposition analysis as a
contributing residue, it does not mean this interaction is not happening, as can be seen for
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the representative pose from the cluster analysis. Moreover, this strong interaction is not
possible for Vemurafenib in its binding mode. Artepillin C also presents the slightest free
energy of binding compared to that of Vemurafenib, mostly due to entropic loss differences.
These free energy of binding interactions, combined with favorable docking energy and
dynamic stability, support the hypothesis that artepillin C is a promising candidate for
further investigation as a selective B-Raf600E inhibitor.

4. Materials and Methods

4.1. Physicochemical Properties and ADME Studies

The 2D structures of the phytochemicals selected for this study were designed using
ChemDraw Ultra 8.0. The resulting compounds were then processed to obtain their
SMILES representations, which were subsequently analyzed using the SwissADME Web
tool (https://www.swissadme.ch/; accessed on 23 December 2024) [47] to evaluate their
pharmacological and toxicological properties in silico. The data generated were used for
further analysis.

4.2. Electronic Properties Calculations

The initial 2D structures were converted to their respective 3D projections, thus at-
tributing the intra- and intermolecular interactions. Then, geometry optimization was per-
formed using a molecular mechanics (UFF) force field using Avogadro 1.2.0v software [48].
Partial atomic charges were calculated employing Austin Model 1 (AM1) semi-empirical
methodology, implemented in MOPAC2016 [49], and subsequently, the geometry optimiza-
tion and electrostatic partial atomic charges (CHELPG) were computed using the ab initio
method HF/6-31G* [49,50] implemented at ORCA 5.0.3 software [51]. To visualize the
electronic properties of the molecules, including the frontier molecular orbitals (HOMO
and LUMO) and the molecular electrostatic potential (MEP), a conversion process was nec-
essary, as ORCA’s native output formats are not directly compatible with GaussView. After
completion of the ORCA calculations, the binary wavefunction file (.gbw) was processed
using the auxiliary tool (orca_2mkl), which generated a Molden input file (.molden.input).
This file was then opened in the Molden software, where the molecular orbitals and elec-
tron density data could be further examined and exported in a format compatible with
Gaussian [52].

4.3. Preparation of Target Protein

The crystal structure coordinates of human B-Raf Kinase V600E oncogenic mutant
(BRAF V600E) (PDB ID: 3OG7) in the bound state with inhibitor Vemurafenib® deter-
mined by X-ray diffraction were obtained from the Protein Data Bank [53] in PDB format.
AutoDockTools 1.5.6 [54] were used for the preparation of the target. The protein struc-
ture was prepared for docking analysis by removing the compound and water molecules,
attached compounds and ions. Polar hydrogen atoms and Kollman charges were added
to the structure. Chain A of BRAF V600E was selected for docking study as the inhibitor
Vemurafenib® is in chain A [55].

4.4. Molecular Docking

The three-dimensional geometry models of B-Raf Kinase V600E Oncogenic Mutant
were retrieved from the Protein Data Bank (PDB) (PDB ID: 3OG7, resolution 2.45 Å) and
used as geometry reference to perform the redocking validation test. The target was
prepared by the removal of heteroatoms (water, ions, and ligands) and by checking for
potential structural errors, mainly those located at the recognition sites to be explored in
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this study. Molecular docking was performed employing AutoDock Tools-1.5.6 software.
The compounds were then redocked considering a grid box with dimensions 40 × 40 × 40
and centered at the coordinates X = −1.385, Y = −12.941 and Z = −18.992. The redocking
protocol was validated using the same software and target, employing Vemurafenib as
the reference ligand. Fifty runs with ten resulting poses were generated and analyzed.
The parameters of the Genetic Algorithm were kept as default in both studies, and the
docking resulting poses were ordered according to their score values and analyzed using
the freeware visualization program Discovery Studio Visualizer. All possible interactions
and the steric complementarity obtained were analyzed considering a maximum distance of
3.0 Å to hydrogen bond interactions as well as minimum angles for hydrogen bond donors
of 120 ◦C and for hydrogen bond acceptors of 90 ◦C. Interactions involving electronic π

systems such as π-cation, π-stacking dipole-dipole and ion-dipole interactions were also
considered, according to pre-settled criteria in the Discovery Studio Visualizer program.

4.5. Molecular Dynamics

Molecular dynamics studies were performed employing the best docking pose of
Compound 3 into the target as the input file. The complex was prepared using CHARMM-
GUI [56] web-based software considering a pH of 7.4 to calculate the amino acids ionization
states, followed by the addition of the counterions Na+ and Cl− to stabilize the charges.
A cubic water box with a side length of 10 Å was constructed around the complex using
the TIP3P water model, and periodic boundary conditions were added. The molecular
dynamics simulation was accomplished using the GROMACS 2024 software [57]. The
system underwent minimization using the steepest descent algorithm for 50.000 steps,
reaching convergence at 1000 kJ/(mol·nm). For equilibration, NVT ensemble was applied
at a temperature of 310.15 K for 5 ns using the v-rescale thermostat. Finally, the production
phase was carried out using an NPT ensemble for 500 ns, under the temperature of 310.15 K,
with the v-rescale thermostat, and at a pressure of 1 atm, maintaining the C-rescale barostat.

4.6. Free Energy of Binding

The binding affinities were calculated with the Molecular Mechanics Poission-
Boltzmann Surface Area (MMPBSA) method for both Artepillin C and Vemurafenib
complexes from 200 ns onwards, i.e., after observable stabilization. The software
gmxMMPBSA [58] was employed. At first, the contributing residues were established
within a radius of 6 Å from the ligands. The method, then, decomposes the free energy
of binding as a function of the constituent residues of the protein. Therefore, EMM, Gpolar

and Gnonpolar energy components are computed for each individual atom of the contribut-
ing residues in each bound and unbound state. Thereafter, the procedure calculates the
interaction energy contribution of the residue x, as demonstrated:

ΔRBE
x =

n

∑
i=0

(Abound
i − Afree

i )

where Ai
bound and Ai

free are the energy of atom i from residue x, and n stands for the total
number of atoms in the residue. Therefore, the summation of the energy contribution

from all residues is equivalent to the interaction energy, meaning ΔGbinding =
m
∑

x=0
ΔRBE

x ,

m being the total number of residues contributing to the complex. Yet only the enthalpic
component ΔH, could be obtained using the gmxMMPBSA tool; for the entropic com-
ponent –TΔS, quasiharmonic analysis was computed in gromacs. For that, a covariance
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matrix was computed to obtain the eigenvectors and eigenvalues. Vibrational entropy was
then calculated:

S = kB∑
i

[
ln

(
kBT

hvi

)
+ 1

]

where kB is the Boltzmann constant, T is temperature, h is the Planck constant, and vi is the
frequency associated with the mode i.

5. Conclusions

This study highlights the promising potential of Artepillin C, a major bioactive com-
pound from Brazilian green propolis, as a selective inhibitor of the oncogenic B-Raf600E
kinase. Through a combination of molecular docking and long-scale molecular dynamics
simulations, Artepillin C demonstrated favorable binding affinity, persistent interactions
with key catalytic residues, and structural stability within the ATP-binding site. These
computational results suggest that Artepillin C could interfere with the MAPK signaling
pathway, offering a natural and potentially less toxic alternative for melanoma treatment.
Furthermore, the in silico analysis of physicochemical and ADME properties reinforces its
drug-likeness and pharmacokinetic viability. Taken together, these findings support the
continued investigation of Artepillin C and related phytochemicals as scaffolds for the de-
velopment of novel targeted therapeutics against melanoma driven by B-Raf600E mutation.
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Abstract: Background/Objectives: Glioblastoma multiforme (GBM), an aggressive and
deadly brain tumour, presents significant challenges in achieving effective treatment due
to its resistance to current therapies and poor prognosis. This study aimed to synthesise
and evaluate 23 novel analogues of 3,4-dihydroquinolin-2(1H)-one, designed to enhance
druggability and solubility, and to investigate their potential as VEGFR2 inhibitors for
GBM treatment. Methods: The synthesised compounds were analysed using in silico
methods, including molecular docking and dynamics studies, to assess their interactions
with key residues within the VEGFR2 binding pocket. In vitro evaluations were performed
on U87-MG and U138-MG GBM cell lines using MTT assays to determine the IC50 val-
ues of the compounds. Results: Among the tested compounds, 4u (IC50 = 7.96 μM), 4t

(IC50 = 10.48 μM), 4m (IC50 = 4.20 μM), and 4q (IC50 = 8.00 μM) demonstrated signif-
icant antiproliferative effects against both the U87-MG and U138-MG cell lines. These
compounds exhibited markedly higher efficacy compared to temozolomide (TMZ), which
showed IC50 values of 92.90 μM and 93.09 μM for U87-MG and U138-MG, respectively.
Molecular docking and dynamics studies confirmed strong interactions between the com-
pounds and VEGFR2 kinase, supporting their substantial anti-cancer activity. Conclusions:
This study highlights the promising potential of 3,4-dihydroquinolin-2(1H)-one analogues,
particularly 4m, 4q, 4t, and 4u, as VEGFR2-targeting therapeutic agents for GBM treatment.
Further detailed research is warranted to validate and expand upon these findings.

Keywords: glioblastoma multiforme; 3,4-dihydroquinolin-2(1H)-one; therapeutic efficacy;
molecular docking; molecular dynamics; VEGFA–VEGFR2 pathway; anti-cancer

1. Introduction

Glioblastoma multiforme (GBM) is the most common and aggressive form of pri-
mary brain cancer, designated as a grade IV glioma. It encompasses a genetically and
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phenotypically diverse group of tumours characterised by rapid growth, widespread infil-
tration into surrounding brain tissue, and a notable resistance to existing therapies. Despite
advancements in surgical techniques, radiation therapy, and chemotherapy, the progno-
sis for patients with GBM has not significantly improved, with median survival times
lingering at 12–15 months over the last two decades [1,2]. The treatment of GBM faces
several challenges, primarily due to the high heterogeneity of glioblastoma cells, which
vary in cell type, density, size, mitotic activity, and the complex molecular mechanisms that
drive their growth, vascularisation, necrosis, and survival. Another significant hurdle in
treating GBM is the blood–brain barrier (BBB), a selective and sophisticated physiological
barrier that regulates the passage of molecules between the brain and the bloodstream,
effectively preventing drugs from reaching their target sites at therapeutic concentrations.
Successful treatment strategies require therapeutic agents to penetrate the brain intersti-
tial fluid, achievable either through receptor-mediated transport or lipid-mediated free
diffusion across the BBB. Currently, almost all compounds in clinical trials for brain con-
ditions are lipid-soluble small molecules with a molecular weight of 400–600 Da and low
hydrogen bonding, typically equal to or less than seven hydrogen bonds with water as
a solvent [3–8]. The therapeutic landscape for GBM has evolved significantly in recent
years, marked by the emergence of novel treatments targeting specific molecular pathways
within tumour cells. The conventional standard of care for GBM involves surgical removal
of the tumour followed by concurrent chemotherapy and radiotherapy with temozolomide
(TMZ) (Figure 1), an orally administered alkylating agent that is generally well-tolerated
by most patients. However, the effectiveness of TMZ is limited by several factors. GBM
cells frequently develop resistance to TMZ, largely due to the action of the repair enzyme
O6-methylguanine-DNA-methyltransferase (MGMT). MGMT’s activity, which includes
the induction of DNA methylation, impedes the replication of tumour cells, undermining
the efficacy of TMZ. Additionally, the limited capacity of TMZ to cross the BBB and its
associated toxicity at therapeutic doses underscore the need for alternative therapeutic
approaches [9–13]. The ongoing challenges in GBM treatment, such as limited BBB penetra-
tion, resistance mechanisms, dosage constraints, and toxicity, necessitate the exploration of
novel therapeutic strategies. This has led to increased research interest in small molecule
drugs capable of crossing the BBB and offering more selective and potent therapeutic effects.
The quinoline scaffold has received significant attention in pharmaceutical development for
its diverse pharmacological properties [14–17]. Mefloquine (Figure 1), a compound initially
known for its antimalarial effects, has shown promise in cancer treatment by inhibiting
tumour cell growth [18]. Notably, studies investigating mefloquine’s ability to cross the
BBB discovered that one of its enantiomers can do so in a stereoselective manner, high-
lighting its potential utility in treating brain tumours [19]. Previous studies have explored
the relationship between antimalarial drugs and their effects on glioma cells, uncovering
that quinine and chloroquine (Figure 1) exhibit notable anti-cancer properties. These com-
pounds have been found to enhance sensitivity to TMZ and counteract resistance in newly
diagnosed and recurrent TMZ-resistant gliomas through mechanisms like DNA replication
interference and autophagy inhibition [20]. Additionally, aripiprazole (Figure 1), a drug
primarily used for its antipsychotic effects in treating bipolar disorder and schizophrenia,
has gained attention for its potential role in GBM therapy. Research conducted by Mi Seon
et al. demonstrated that aripiprazole could reduce glioma U251 cell cytotoxicity by inhibit-
ing the phosphorylation of Src and STAT3, impacting cell migration and apoptosis [21].
This suggests aripiprazole’s ability to modulate crucial signalling pathways involved in
GBM progression, warranting further exploration of its therapeutic potential against this
formidable brain cancer [22–24]. Concurrently, cilostazol (Figure 1), initially developed

136



Pharmaceuticals 2025, 18, 233

for cardiovascular conditions, has emerged as a compound of interest in GBM research. It
has shown promise in delaying tumour growth in vivo by activating the calcium-activated
potassium (BK) channel. The inactivation of this channel contributes to glioblastoma cells’
resistance to radiation, implying that reactivating the BK channel could enhance thera-
peutic outcomes, positioning cilostazol as a potential repurposed therapy for GBM [25].
One of the primary mechanisms leading GBM progression is angiogenesis, a process that
encourages tumour vascularisation, mainly regulated by vascular endothelial growth factor
receptor 2 (VEGFR2) and its ligand VEGF-A. Overexpression of VEGF-A in GBM leads to
irregular blood vessel formation, boosting tumour growth, which subsequently accelerates
the tumour’s invasive capacity. For these purposes, VEGFR2 was selected as a target gene
based on prior research involving the designed peptide VGB4, known for its ability to
bind to VEGFR2 and inhibit VEGF-A, thereby reducing cancer cell proliferation in the
U87-MG glioblastoma cell line [26]. Targeting VEGFR2 has accordingly stood out as a
critical therapeutic approach in the treatment of GBM [27,28]. There are many inhibitors
for VEGFR2, such as avastin (bevacizumab), an anti-VEGF-A monoclonal antibody, which
have been employed to slow down angiogenesis in GBM. However, the clinical efficacy of
avastin has been limited due to the resistance development of GBM cells [29–31]. Sorafenib
and sunitinib, small molecule VEGFR2 tyrosine kinase inhibitors (TKIs), block VEGFR2-
mediated signalling, which is crucial for endothelial cell proliferation and migration [32,33].
However, their application in treating GBM has been restricted because of difficulties in
penetrating the blood–brain barrier (BBB). These limitations emphasise the need for novel
VEGFR2 inhibitors with improved BBB penetration and efficacy in targeting the growth of
GBM cells. Leveraging insights from biological studies on existing derivatives, we aim to
contribute to the ongoing search for innovative and effective treatments for GBM. Here,
we focus on designing and synthesising novel 6-hydroxy-3,4-dihydroquinolin-2(1H)-one
(Figure 1) derivatives. This scaffold has been shown to possess diverse pharmacological
properties, including the possibility to inhibit VEGFR2. Hydrazone derivatives, in par-
ticular, have illustrated potency as VEGFR2 inhibitors, leading to improvements in their
ability to induce cell death in GBM cell lines [34–37]. Moreover, research on the crystal
structure of the VEGFR2 kinase domain in complex with PF-00337210 (N,2-dimethyl-6-
(7-(2-morpholinoethoxy)quinolin-4-yloxy) benzofuran-3-carboxamide) has promoted our
understanding of these interactions [38]. The discoveries presented in this research not
only build upon existing knowledge but also pave the way for exploring new therapeutic
strategies. By joining the collective effort to address the challenges posed by GBM, we
hope to make a significant impact. A molecular docking study targeting VEGFR2 was
conducted [39]. Additionally, the in silico ADME (Absorption, Distribution, Metabolism,
and Excretion) properties of the derivatives indicated their potential to efficiently cross
the BBB and exhibit antitumour activity within the central nervous system (CNS). This
research highlights the significance of 6-hydroxy-3,4-dihydroquinolin-2(1H)-one deriva-
tives as promising candidates for GBM therapy, contributing to the development of more
selective and potent treatments for this devastating disease. This endeavour seeks to
contribute to the ongoing search for more effective treatments for GBM, highlighting the
potential of these novel compounds in the broader context of cancer research and therapy
development.
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Figure 1. Some FDA-approved quinoline and quinolinone derivative drugs (tetrahydroquinoline
core in red color).

2. Results and Discussion

2.1. Chemistry

The synthesis of the designed compounds was accomplished using a carefully adapted
chemical procedure. This procedure not only yielded the desired compounds but also
provided opportunities for introducing diverse functional groups, each with potential im-
plications for the efficacy of the compounds against GBM. We outline the synthesis process
and examine the structural differences among these compounds, emphasising the impact
of electron-withdrawing (EWG) and electron-donating groups (EDG) on their potential
activity against cancer cells. The journey toward these new compounds represents a signifi-
cant step in exploring novel therapeutic options. Scheme 1 started with the conversion of
6-hydroxy-3,4-dihydroquinolin-2(1H)-one in THF, with drops of DMF. The hydroxyl group
was activated by stirring it with base-like potassium carbonate (K2CO3) or triethylamine
(TEA), for one hour. Subsequently, ethyl 2-bromoacetate was added drop-wisely into
the reaction mixture. At the end of this step, ethyl 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-
yl)oxy)acetate was obtained. The subsequent transformation involved heating ethyl 2-((2-
oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetate with hydrazine hydrate (99%) in ethanol
at 70 ◦C (reflux) to yield 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide. Fi-
nally, the 23 hydrazone compounds were synthesised by reacting various hydrazides with
aldehydes/ketones in ethanol at 70 ◦C (reflux), with the addition of drops of acetic acid, to
obtain 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide. The reactions were
carried out at reflux temperature for 4–12 h.
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Scheme 1. Synthesis of 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide-hydrazone ana-
logues 4(a–w). Reagents and conditions: (i) K2CO3, THF, DMF, and ethyl 2-bromoacetate; (ii) hydrazine
hydrate and EtOH, at reflux; (iii) corresponding aldehydes or ketones in EtOH and acetic acid.

The chemical structure of all the synthesised compounds was confirmed by LC-MS, 1H
NMR, and 13C NMR spectral analysis (see Supplementary Materials). For compound 2, the 1H
NMR spectral exhibit quartet at δ 4.15 ppm related to methylene protons (O-CH2-CH3), and
there was a triplet at δ 1.20 ppm corresponding to methyl protons (O-CH2-CH3). That means
a new ethylene group was formed from compound 1 to compound 2. These findings could
be approved by 13C NMR spectral analysis, where there were new signals at δ 14.24 ppm
and at δ 65.97 ppm, related to the methyl and methylene carbon, respectively. In addition,
for compound 3, the ethoxy group signals disappeared in 1H NMR and 13C NMR spectral
analyses. Instead, there were new signals exhibited at δ 9.92 ppm for (C-NH-NH2) and at δ
4.31 ppm for (-NH2). The same finding was discovered for 13C NMR spectral analysis, where
there were no signals for the ethoxy group that was in compound 2. Related to the desire
compounds 4(a–w), there were new signals appearing in 1H NMR related to the methine
group (N=CH-); for instance, compound 4a exhibited a multiplet between δ (6.67–6.64) ppm
and singlets at δ (8.33, 8.58, 8.18, 8.24, and 8.28) ppm, related to the compounds 4b, 4c, 4d, 4e,
and 4f, respectively. For 13C NMR spectral analysis, the signal of methine carbon appeared at
δ 144.2 ppm and at δ 169.76 ppm for the compounds 4j and 4v, respectively, as examples of
the new methine carbon signal. Observing the molecular ion peaks of the mass spectra of all
compounds, they conformed to the M + 1 or M − 1 peak of the appropriate molecular formula.
For example, the [M + 1]+ at m/z 249.96, 357.91, 366.20, and 397.12 were in accordance with
the molecular formulae of 2, 4b, 4h, and 4l (C13H15NO4, C18H16ClN3O3, C21H23N3O3, and
C20H17FN4O4), respectively. Moreover, for [M − 1]− at m/z 363.34, 381.10, 367.21, 408.26,
they were in accordance with the molecular formulae of 4k, 4m, 4n, and 4o (C19H16N4O4,
C19H15FN4O4, C18H16N4O5, and C19H15N5O6), respectively.

2.2. In Vitro Studies
2.2.1. Efficacy of Novel Analogues on Cell Proliferation

U87-MG and U138-MG glioblastoma cell lines were used to evaluate the in vitro effects
of the 4(a–w) compounds on glioblastoma treatment. The effect of the compounds on cell
proliferation was measured. Among them, the compounds 4t, 4u, and 4v exhibited the
highest antiproliferative activity on the U87-MG cell line, while the compounds 4q, 4m,
and 4g showed excellent results on the U138-MG cell line (Table 1, Figures 2 and 3).
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Table 1. In vitro cell proliferation of compounds 4(a–w) with their reagents against U87-MG and
U138-MG cell lines.

No Code R

Cell Proliferation ±
Std dev. (%) No Code R

Cell Proliferation ±
Std dev. (%)

U87 U138 U87 U138

1 4a 79 ± 1.3 84 ± 5.2 13 4m 69 ± 2.1 54 ± 1.4

2 4b 65 ± 4.9 60 ± 4.0 14 4n 85 ± 1.2 92 ± 5.2

3 4c 98 ± 2.5 75 ± 3.0 15 4o 99 ± 7.0 83 ± 2.5

4 4d 80 ± 4.5 70 ± 5.0 16 4p 79 ± 1.4 81 ± 4.9

5 4e 75 ± 3.1 90 ± 5.0 17 4q 67 ± 4.9 39 ± 3.0

6 4f 92 ± 1.4 90 ± 2.6 18 4r 97 ± 1.3 92 ± 1.8

7 4g 66 ± 4.9 54 ± 3.0 19 4s 68 ± 5.0 68 ± 5.0

8 4h 64 ± 5.2 100 ± 2.3 20 4t 50 ± 3.2 65 ± 3.5

9 4ı 82 ± 5.5 68 ± 5.2 21 4u 53 ± 6.4 65 ± 5.5

10 4j 86 ± 2.6 74 ± 2.8 22 4v 49 ± 5.5 59 ± 7.0
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Table 1. Cont.

No Code R

Cell Proliferation ±
Std dev. (%) No Code R

Cell Proliferation ±
Std dev. (%)

U87 U138 U87 U138

11 4k 71± 2.1 95 ± 5 23 4w 63 ± 2.5 80 ± 6.9

12 4l 77 ± 7.0 73 ± 3.6 24 TMZ 80 ± 5 78 ± 5

Figure 2. Cell proliferation of glioblastoma cell lines for 48 h of compound treatment: (a) U87-MG
and (b) U138-MG. (*) indicates to most active compounds.

IC50 values were calculated depending on the increasing compound concentration
(0–160 μM) for both glioblastoma cell lines. The most effective compounds for decreasing
cell proliferation were 4u (IC50 = 7.96 μM), 4t (IC50 = 10.66 μM), and 4v (IC50 = 11.66 μM)
for U87-MG, and 4m (IC50 = 4.20 μM), 4q (IC50 = 8.00 μM), and 4g (IC50 = 9.20 μM) for
the U138-MG cell line (Figure 3). The decrease in cell proliferation was detected with the
increase of the compound concentration.

2.2.2. Permeability of Novel Analogues Through Biological Membrane Mimics of the
Blood–Brain Barrier (BBB) and Gastrointestinal (GI) Membrane

The permeability of the synthesised compounds was evaluated using the parallel artificial
membrane permeability assay (PAMPA) to estimate their ability to cross biological membrane
mimics of both the gastrointestinal (GI) membrane and the blood–brain barrier (BBB).
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Figure 3. IC50 values of the best active molecules and TMZ for both glioblastoma cell lines.

The results showed that the compounds 4j, 4t, and 4h exhibited high permeability
across the BBB-mimicking membrane, proposing their potential to effectively penetrate
the CNS. In contrast, the remaining compounds showed lower permeability across the
BBB, suggesting that further structural optimisation may be necessary to enhance the
penetration of the compounds in the CNS. However, for those demonstrating low PAMPA
permeability, this could be attributed to the PAMPA model complexity. PAMPA uses a
simple phospholipid-based artificial membrane that may not fully mimic the dynamic
nature of the BBB in vivo, especially regarding active efflux mechanisms, tight junctions,
and protein binding interactions.

Comparably, the GI permeability assay revealed that the compounds 4d and 4s showed
high permeability across the gastrointestinal membrane, indicating their potential for
efficient oral bioavailability. The remaining compounds demonstrated lower permeability,
proposing possible limitations in their oral absorption profiles. These findings highlighted
the importance of balancing hydrogen bonding, hydrophobicity, and molecular size to
improve GI permeability. Remarkably, TMZ, used as a reference control, exhibited lower
permeability in both the BBB and GI assays, consistent with its known pharmacokinetic
profile (Figures 4 and 5).
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Figure 4. Permeability rates of compounds through the blood brain barrier (BBB)-mimicking membrane
(HIGH P. Ctrl: high permeability control, LOW P. Ctrl: low permeability control, TMZ: temozolomide).

 

Figure 5. Permeability rates of compounds through the gastrointestinal (GI)-mimicking membrane
(HIGH P. Ctrl: high permeability control, LOW P. Ctrl: low permeability control, TMZ: temozolomide).
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2.3. In Silico Studies
2.3.1. Molecular Docking Studies

We conducted out molecular docking studies to have a thorough understanding
of the binding method of the 3,4-dihydroquinolin-2(1H)-one derivatives, and TMZ as a
reference, with the target protein VEGFR2, which plays a key role in angiogenesis—the
formation of new blood vessels from existing ones. Targeting VEGFR2 with inhibitors
can reduce angiogenesis and help restore blood–brain barrier (BBB) function. However, it
may also have side effects by potentially increasing the permeability of the BBB to harmful
substances [35,40,41]. The predicted docking scores for the binding interactions of the
3,4-dihydroquinolin-2(1H)-one derivatives and TMZ with VEGFR2 are presented in Table 2.
The docking scores for the top compounds (4w, 4t, 4u, 4q, and TMZ) were (−12.2, −11.4,
−11.4, −11.1, and −6.2) kcal/mol, respectively, indicating moderate to strong interactions
(Table 2). Additionally, it was observed that the top derivatives exhibited predominantly
hydrophilic interactions, similar to the co-crystal ligand PF-00337210 (N,2-dimethyl-6-(7-
(2-morpholinoethoxy)quinolin-4-yloxy)benzofuran-3-carboxamide), with the active site
residues in the VEGFR2 kinase domain. These interactions involved key amino acids, such
as Asp1046, Glu885, and Ile1025, alongside several important hydrophobic interactions
(Figures 6 and 7). Meanwhile, compound 4m displayed five hydrogen bonds with Asp1052,
Leu840, Asn923, and Cys919, with a docking score of −9.9 kcal/mol, sharing common
interacting residues with TMZ. Most of the synthesised 3,4-dihydroquinolin-2(1H)-one
analogues demonstrated good binding affinity toward VEGFR2. Notably, the IC50 values
observed for these compounds (4u: 7.96 μM, 4t: 10.48 μM, 4m: 4.20 μM, and 4q: 8.00 μM)
highlight their significant potency in reducing glioblastoma (GBM) cell viability, with
compound 4m exhibiting the lowest IC50, correlating with its strong docking score. In
comparison, the standard treatment TMZ exhibited much higher IC50 values (92.90 μM for
U87-MG and 93.09 μM for U138-MG), consistent with its weaker binding interactions in
the docking studies.

Table 2. Molecular docking values of the synthesised analogues with TMZ as a reference drug.

Molecules
VEGF Receptor (PDB ID: 2XIR)

Binding Affinity (kcal/mol) Number of H-Bonds H-Bonding Residues

4a −9.0 2 Asp1046

4b −10.3 1 Glu885

4c −9.9 2 Glu885, Arg1027

4d −8.4 3 Leu840, Asn923

4e −9.2 2 Asp1046, Glu885

4f −8.8 2 Asp1046, Glu885,

4g −10.3 2 Asp1046, Glu885

4h −10.2 2 Glu885, Asp1046

4i −9.2 5 Asp1046, Ile1025, Arg1027, Glu885

4j −10.1 1 Glu885

4k −10.7 5 Asp1046, Arg1027, Glu885

4l −9.0 4 Ala881, His1026, Arg1027, Ile1025

4m −9.9 5 Asp1052, Leu840, Asn923, Cys919

4n −10.2 1 Asp1046
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Table 2. Cont.

Molecules
VEGF Receptor (PDB ID: 2XIR)

Binding Affinity (kcal/mol) Number of H-Bonds H-Bonding Residues

4o −9.3 1 Asp1046

4p −9.9 2 Asp1046, Glu885

4q −11.1 3 Asp1046, Glu885, Ile1025

4r −9.4 2 Asp1046, Glu885

4s −9.6 2 Asp1046, Glu885

4t −11.4 4 Asp1046, Glu885, Ile1025

4u −11.4 3 Asp1046, Glu885

4v −10.4 2 Ser930, Cys919

4w −12.2 1 Glu885

TMZ −6.2 4 Leu840, Cys919

Figure 6. Molecular docking analysis of predicted drugs targeting VEGFR2. Putative binding
modes of the best compounds 4u, 4t, 4v, 4m, 4q, 4g, 4w, and temozolomide against VEGFR2 with
the co-crystal PF-00337210 (N,2-dimethyl-6-(7-(2-morpholinoethoxy)quinolin-4-yloxy)benzofuran-3-
carboxamide) as control. VEGFR2 is represented in a gray lines representation and hydrogen bonding
residues highlighted by green dotted lines.
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Figure 7. Diagram illustrating interactions between ligand atoms and protein residues of VEGFR2
complexed with the compounds 4m, 4q, 4t, and 4u.

Overall, the in silico findings and in vitro results underscore the promising anti-cancer
potential of these 3,4-dihydroquinolin-2(1H)-one analogues, particularly the compounds
4m, 4q, 4t, and 4u.

2.3.2. Molecular Dynamics Simulation

To investigate the dynamic behaviour and stability of VEGFR2–3,4-dihydroquinolin-
2(1H)-one derivative complexes, molecular dynamics (MD) simulations were conducted
over a 100 ns period. This study focused on evaluating the structural changes induced by
the best compounds with a good docking score and number of H-bond interactions, with
insight into 4m, 4q, 4t, and 4u. The stability of each protein–ligand complex was monitored
through RMSD analysis throughout the simulation. Figure 8 illustrates the RMSD values:
the left Y-axis represents the RMSD of the protein, while the right Y-axis shows the ligand
RMSD profile aligned with the protein backbone. Frames from the 100 ns trajectory were
aligned with a reference frame to assess stability. The RMSD plot reveals that the VEGFR2–
4m complex achieved stability after 20 ns, the VEGFR2–4q complex stabilised after 5 ns,
although a minor increase in ligand RMSD was noted at 65 ns, the VEGFR2–4t complex
became stable after 15 ns, and the VEGFR2–4u complex reached stability after 2 ns, with a
slight rise in ligand RMSD observed at 40 ns. Such deviations could be linked to the high
number ofthe ligand’s rotatable bonds.
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Figure 8. RMSD analysis of the protein and ligands over 100 ns of molecular dynamics simulation.

The root mean square fluctuation (RMSF) measures the average deviation of each
atom’s position from its mean position across a given simulation or set of structures. It
provides valuable insights into the flexibility or mobility of residues, with higher RMSF
values indicating greater flexibility or movement. In our study, some residues exhibited
elevated RMSF values, indicating increased flexibility and notable impact. For instance, the
residues at positions 860, 873, and 1064 showed the highest RMSF values in the dataset—2.2,
3.4, and 4.0, respectively—suggesting significant flexibility in the VEGFR2–4q complex
compared to the other derivatives.

Conversely, residues with lower RMSF values, such as those between positions 840–848,
868, and 1028, which correspond to the binding and active sites of VEGFR2, ranged from 0.5

to 1.0, reflecting relatively low flexibility and greater rigidity.
Notably, key residues of the protein consistently maintained interactions with all

3,4-dihydroquinolin-2(1H)-one derivatives (4m, 4q, 4t, and 4u). Residues involved in
ligand binding were associated with lower RMSF values, indicating stable interactions,
while residues not involved in binding exhibited higher RMSF values, highlighting their
increased mobility.

Figure 8 illustrates the interactions between the compounds 4m, 4q, 4t, and 4u with
the VEGFR2 active site pocket, observed for over 30% of the simulation duration. In
the VEGFR2–4m complex, four hydrogen bonds were identified: one between Cys919,
a water molecule, and the hydroxyl group, and another between Lys920 and the amino
group. Additionally, negative charge interactions occurred between Glu917, Asp1046,
and the water molecule and hydroxyl group of 4m. For the VEGFR2–4q complex, one
hydrogen bond was formed between Cys919 and the amino group, with hydrophobic
interactions observed involving Leu889, Cys919, Phe918, Leu1035, and Phe1047. In the
VEGFR2–4t complex, five hydrogen bonds were established: between Glu885, Ile1025, and
the amino group, as well as between Asp1046, a water molecule, and the hydroxyl group.
Hydrophobic interactions were observed with Ile1025, Val916, Ala866, Val848, Leu840,
and Leu1035. For the VEGFR2–4u complex, four hydrogen bonds were identified: between
Glu885, Ile1025, and the amino group, as well as between Arg1027, a water molecule, and
the hydroxyl group. Additionally, a π–π interaction was noted between Phe1047 and the
aromatic group of 4u, along with hydrophobic interactions involving Leu840, Phe1047,
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Val916, and Ile1025. The underlined amino acids represent residues involved in the ATP
interaction site of the VEGFR2 receptor (ID: P35968 VGFR2_HUMAN).

Figure 9 illustrates the energy components of the non-covalent interactions observed
during the simulation. The X-axis represents the residues at the active site that interact
with the ligand, while the Y-axis indicates the proportion of the simulation time during
which these interactions occur. The stacked bar charts are normalised across the entire
simulation trajectory. As shown in Figures 9 and 10, the ATP binding site residue Leu840
participated in hydrophobic interactions with the compounds 4m, 4q, and 4t for approxi-
mately 42%, 58%, and 33% of the simulation time, respectively. Similarly, Leu848 engaged
in hydrophobic interactions with 4m, 4q, 4t, and 4u for around 2%, 2%, 53%, and 78%
of the simulation duration, respectively. The ATP binding site residue Leu868 exhibited
hydrophobic interactions with 4m, 4t, and 4u for about 1% of the simulation time each,
and formed hydrogen bonds with 4q for approximately 3%. Furthermore, Cys919 formed
hydrogen bonds with 4m and 4q for over 65% of the simulation period, while Asp1046
showed hydrogen bonding with 4t and 4u for 80% and 23% of the time, respectively. Ile1025
interacted with 4t and 4u for 33% and 100% of the simulation time, respectively. Other
interacting residues displayed various types of interactions, including ionic and water-
bridged interactions with the ligand. As a result, these residues were involved in multiple
interactions throughout the simulation. Molecular dynamics simulations further confirmed
that the compounds 4u, 4t, 4m, and 4q maintained stable interactions with VEGFR2 over
time, supporting their potential to inhibit VEGFR2 activity and reduce GBM cell viability.
Notably, compound 4m exhibited the lowest IC50, which correlated with its stable binding
observed in the simulations.

Figure 9. Residue-level fluctuations of VEGFR2 complexed with the compounds 4m, 4q, 4t, and 4u.
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Figure 10. Protein–ligand interaction dynamics throughout the simulation period of VEGFR2 com-
plexed with the compounds 4m, 4q, 4t, and 4u. Hydrogen bonds, hydrophobic contacts, ionic
interactions, and water bridges are colored green, purple, pink, and blue, respectively.

2.3.3. In Silico ADME Studies

A computational study of all 23 molecules 4(a–w) was conducted to predict their
ADME properties using the QikProp3.2 tool that is available in Schrödinger and Swis-
sADME, and the PreADME online server. Key parameters were selected, relevant to BBB
permeability, using the QikProp3.2 tool available in Schrödinger (Table 2). logBB values
for all molecules were found to be within a favourable range, indicating their potential
for BBB penetration. MDCK cell permeability (QPPMDCK) is considered a good in vitro
mimic for BBB permeability, with values < 25 indicating poor permeability and values > 500
indicating excellent permeability. Most of the tested molecules showed MDCK values
within the optimal range, with the compounds 4b, 4p, 4t, and 4w exhibiting values > 300,
demonstrating good BBB penetration. In contrast, only three compounds (4n, 4o, and 4r)
displayed poor permeability, suggesting limited BBB transport potential.

Additionally, the drug-likeness prediction results for all derivatives were evaluated
based on Lipinski’s “Rule of Five”, confirming that the majority of the compounds met the
established criteria for oral bioavailability and drug-likeness [42].

All four principal parameters for the derivatives—H-bond donors (<5), H-bond acceptors
(<10), LogP (<5), and molecular weight (<500 Da)—were within the acceptable ranges for drug-
like compounds [43]. According to Jorgensen’s “Rule of Three”, the compounds should also
meet the following criteria: QPlogS > −5.7, QPPCaco > 22 nm/s, and primary metabolites < 7.
The blood–brain barrier (BBB) permeability of the compounds was calculated using SwissADME
and PreADME, with the obtained data summarised in Tables 3 and 4. All parameter values
were found to be within the specified limits, indicating that the 3,4-dihydroquinolin-2(1H)-one
derivatives have the potential to effectively cross the BBB.
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Table 4. Blood–brain barrier (BBB) parameter obtained by the SwissADME, PreADME, and QikProp
Schrödinger tools. HBD: Hydrogen bond doner, HBA: Hydrogen bond acceptor.

Molecules
BBB

PreADME SwissADME QikProp Schrödinger BBB

4a 0.097/Low No Yes Yes/Low

4b 0.149/Med No Yes Yes/Low

4c 0.030/Low No Yes Yes/Low

4d 0.0220/Low No Yes Yes/Low

4e 0.0236/Low No Yes Yes/Low

4f 0.0375/Low No Yes Yes/Low

4g 0.314/Medl No Yes Yes/Med

4h 0.394/Medl No Yes Yes/Med

4i 0.258/Medl No Yes Yes/Med

4j 0.062/Low No Yes Yes/Low

4k 0.025/Low No Yes Yes/Low

4l 0.0212/Low No Yes Yes/Low

4m 0.024/Low No No Yes/Low

4n 0.024/Low No No Yes/Low

4o 1.061/Medl Yes No Yes/Medl

4p 0.020/Low No Yes Yes/Low

4q 0.015/Low No Yes Yes/Low

4r 0.028/Low No No Yes/Low

4s 0.082/Low No Yes Yes/Low

4t 0.184/Medl No Yes Yes/Medl

4u 0.090/Low No Yes Yes/Low

4v 0.156/Medl No Yes Yes/Medl

4w 0.450/Med No Yes Yes/Medl

TMZ 0.017/Low No No Yes/Low

2.4. Structure–Activity Relationship (SAR) Exploration of Compounds (4a–4w) Against
U138-MG Glioblastoma Cells

Bioactivity analysis focused on explaining the description of relationships between
molecular structures and the remarked biological activities against the U138-MG glioblas-
toma cell line, compared against TMZ. With understanding gathered from the molec-
ular docking studies against the VEGF receptor, notable trends emerge to describe the
flexibility in compound potency modulation. The compounds 4m (IC50 = 4.20 μM), 4q

(IC50 = 8.00 μM), and 4g (IC50 = 9.20 μM) exhibit significant cell inhibition percentages,
underscored by their respective docking scores (−9.9 kcal/mol, −11.1 kcal/mol, and
−10.3 kcal/mol). Molecular docking interprets key interactions, in which hydrogen bond-
ing with critical residues such as Asp1046 and Glu885 confers favourable binding affinities.
Noteworthy trends appear, highlighting the complexity that controls the compound po-
tency. The compounds 4e (10%) and 4d (30%), which have a furan and thiophen moiety,
respectively, display heightened bioactivity, underscoring the significance of specific struc-
tural motifs as heterocyclic structures. The N′-(3-methylbutylidene) group in 4a contributes
to moderate activity (16%). The presence of the 3-methylbutylidene moiety may lead to
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the observed bioactivity. The N′-((2-methyl-1H-indol-3-yl)methylene) group in 4g (46%)
positively influences activity, suggesting the significance of aromatic functionalities. The
N′-([1,1′-biphenyl]-4-ylmethylene) moiety in 4v (41%) enhances activity, suggesting a role
for extended aromatic systems. However, the presence of a chloro-substituent in 4w that
has a N′-((4′-chloro-[1,1′-biphenyl]-4-yl)methylene) group leads to a notable decrease in
bioactivity (20%) compared to 4v. The 4-chlorobenzylidene group in 4b (40%) provides high
activity, meaning that chlorine substitution might enhance interactions with the target, lead-
ing to increased bioactivity. Replacing chlorine by fluorine in the N′-(4-fluorobenzylidene)
group in 4s (32%) may enhance electronic effects and thus lead to the drop in its cytotoxic
activity of 8%, and its docking score can relate to the same aspect, with docking scores
of −10.3 and −9.6 for 4b and 4s, respectively. However, the replacement of halide with
methoxy in the compound 4c (25%), which has a N′-(2,4-dimethoxybenzylidene) group,
provides moderate activity by emphasising the relevance of an electron-donating group
(EDG). On the other hand, 4f (10%) has the presence of one with the lowest docking score,
−8.8, and comparing with 4b and 4c, its methoxy group on the para position in the N′-(4-
methoxybenzylidene) group leads to reduced activity. Interestingly, compound 4h (0%),
lacking noticeable activity, suggests that 4-propylbenzylidene moiety may be unfavourable
for bioactivity. The N′-benzylidene group in 4j exhibits moderate activity (26%). The
presence of the benzylidene group may contribute to favourable interactions. Replacing the
phenyl group with cyclohexyl in the N′-(cyclohexylmethylene) group in 4i shows moderate
activity (32%). The cyclohexylmethylene substituent may contribute to favourable bioactiv-
ity. The presence of the 3-(4-chlorophenoxy) benzylidene group in 4t exhibits moderate
activity (35%), and may contribute to favourable interactions with the target. Replacing
the benzylidene group by the naphthalen-1-ylmethylene substituent in 4u exhibits mod-
erate activity (35%). The N′-(4-nitrobenzylidene) group in 4n shows limited activity (8%),
suggesting that the nitro substituent as EWG may not boost bioactivity. Moreover, this
group could sometimes be less favourable for cellular absorption. Seemingly, in 4r (8%), the
2-aminopyrimidin-5-yl group shows very low activity, meaning that this group may not be
optimal for bioactivity. The presentation of the nitrobenzylidene group in 4o resulted in
moderate activity, proposing a potential role for electron-withdrawing substituents. On the
contrary, the N′-(5-fluoro-2-oxoindolin-3-ylidene) group in 4m contributes to high activity
(46%). The presence of the fluoro and 2-oxoindolin-3-ylidene groups may enhance bioactiv-
ity through favourable interactions with five H-bonds with the important residues Asp1052,
Leu840, Asn923, and Cys919. Contrarily, the combination of a pyridinylmethylene group
in 4p yielded analogous effects, indicating the relevance of deferent substituent effects.
Compound 4q (61%), containing a chlorophenylpyrimidinylmethylene group, exhibited a
remarkable boost in activity, surpassing TMZ.

A computational and in vitro study was conducted on the most promising molecules—4g,
4m, and 4q—in comparison with temozolomide (TMZ) (Table 5). The key parameters, including
molecular docking scores, IC50 values, and ADME properties, were found to be within optimal
ranges, supporting the potential therapeutic value of these 3,4-dihydroquinolin-2(1H)-one
derivatives and confirming their promise as effective candidates for further investigation. This
highlights the importance of heterocyclic moieties with varied electronic properties. The findings
from this bioactivity analysis provide a roadmap for targeted structural modifications, offering
guiding principles for further optimisation and rational drug design efforts. These discoveries
offer valuable insights into the development of novel therapeutics for glioblastoma, contributing
to advancements in precision medicine.
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Table 5. A summary comparing the key properties of the most promising compounds, including
IC50 values, molecular docking scores, and ADME properties, as obtained using the QikProp tool
from Schrödinger.

No.

Binding
Affinity for

VEGFR2
(kcal/mol)

IC50 Values
(μM) U138

ADME

BBB
CNS

(−2 to +2)
MolWt < 500

QPlogS
(−6.5–0.5)

QPPCaco
<25 Poor

>500 High

Metabsm
(1–8)

%Human
OralAb

>80% High
<25% Poor

4g −10.3 9.2 Yes −2 376.41 −5.97 228.303 5 88.981

4m −9.9 4.2 No −2 382.35 −5.603 54.475 4 72.098

4q −11.1 8.0 Yes −2 435.86 −6.758 171.738 6 88.794

TMZ −6.2 93.09 Yes −2 194.15 −1.379 59.807 1 51.677

3. Materials and Methods

3.1. Materials

Reagents and solvents were obtained from Sigma-Aldrich and Ambeed and were
used without further purification. Reactions were monitored via LC-MS (Thermo Fisher
TSQ Series, Athena C18-WP column, Waltham, MA USA, water with 0.01% formic acid) or
TLC (silica gel, Kieselgel 60, E. Merck, Germany). Proton NMR (1H NMR) spectra were
recorded on an Advance Bruker 500 MHz spectrometer (Bruker, Billerica, MA, USA) using
CDCl3 and DMSO-d6, with data reported in δ/ppm relative to TMS, including multiplicity,
hydrogen count, and coupling constants (J in Hz). Carbon-13 NMR (13C NMR) data were
also given in δ/ppm. Chemical shifts use the residual solvent peak as a reference, with
standard abbreviations for signal patterns. Flash column chromatography was conducted
on a PuriFlash XS 520 Plus system, Montluçon, France, using (Interchim) silica gel columns,
with UV and ELSD detection and fraction collection.

3.2. General Procedures and Spectral Data

Acylation reactions were initiated as the primary step (i), wherein compounds con-
taining hydroxy/amino groups (1) (1 eq.) and the base K2CO3 (1.5 eq.) or triethylamine
TEA (1.5 eq.) were treated with acyl chloride derivatives in THF, acetone, or DMF. This
process yielded acylated products [44]. Upon completion of the reaction, solvents were
evaporated, residues were washed with water, dried, and subjected to purification to obtain
the corresponding acyl compounds (2).

The second step (ii) involved the synthesis of hydrazide products (3). This was
achieved by refluxing acetate-containing compounds (1 eq.) and hydrazines (2 eq.) in
ethanol. After the reaction reached completion, the product was cooled to room temperature
and filtered out of ethanol. The final products (4) were obtained in the third and last step
(ii) through Schiff base reactions. Hydrazones were formed by reacting hydrazides and
aldehydes/ketones in ethanol with drops of acetic acid under reflux conditions for 4–12 h.
After cooling, the product was filtered and purified using column chromatography.

3.2.1. Synthesis of Ethyl 2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl) Oxy)Acetate (2)

A total of 250 mg of 6-hydroxy-3,4-dihydroquinolin-2(1H)-one (1.23 mmol) was stirred
with 317.61 mg of the base K2CO3 (2.3 mmol) for 1 h in THF and drops of DMF. Then,
0.204 mL (1.51 g/cm3) of ethyl 2-bromoacetate (1.5 mmol) was added after workup, and
column chromatography (Hexane:EtOAc) (50:50) then afforded 313 mg (81%) as white
crystals. m.p: 139.4, LC-MS: m/z 249.96 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ

9.93 (s, 1H. N-H), 6.79–6.70 (m, 3Harom), 4.68 (s, 2H. O=C-CH2-O), 4.15 (q, J = 7.1 Hz, 2H.
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O-CH2-CH3), 2.82 (t, J = 7.5 Hz, 2H. O=C-CH2-CH2-), 2.39 (m, 2H. 2H. O=C-CH2-), 1.20 (t,
J = 7.1 Hz, 3H. CH3). 13C-NMR (126 MHz, DMSO) δ 172.07, 169.05, 153.81, 131.93, 125.13,
116.47, 114.93, 113.41, 65.97, 61.44, 30.54, 25.66, 14.24.

3.2.2. Synthesis of 2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (3)

A total of 300 mg of compound 2 (1.2 mmol) was heated with hydrazine hydrate 99%
(3.6 mmol) in ethanol at 70 ◦C. After workup, the product was obtained as white powder
with a yield of 90%. m.p: 210–211 ◦C, 1H-NMR (500 MHz, DMSO-d6) δ 9.92 (s, 1H. N-H),
9.27 (s, 1H. O=C-N-H), 6.81–6.73 (m, 3Harom), 4.40 (s, 1H. O-CH2-C=O), 4.31 (s, 2H. NH2),
2.83–2.80 (m, 2H. O=C-CH2-), 2.41–2.38 (m, 2H. O=C-CH2-CH2). 13C-NMR (126 MHz,
DMSO) δ 170.22, 167.19, 153.44, 132.75, 125.22, 116.13, 114.76, 113.72, 67.16, 30.77, 25.56.

3.2.3. Synthesis of (E)-N′-(3-Methylbutylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4a)

According to the mentioned general procedure, starting from 6-hydroxy-3,4-
dihydroquinolin-2(1H)-one, 300 mg of 6-hydroxy-3,4-dihydroquinolin-2(1H)-one
(1.84 mmol) was stirred with 381 mg of the base K2CO3 (2.76 mmol) for 15 min in THF and
drops of DMF, then 244 μL of ethyl 2-bromoacetate (2.21 mmol) was added slowly to the
reaction mixture. After the completion of the reaction, the solvent was evaporated and
the residue was washed with water, filtered, and air-dried to obtain ethyl 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetate (2), which was further refluxed with 241 μL hydrazine
hydrate 99% (4.81 mmol) for 5 h. It was then cooled to room temperature, filtered out of
ethanol, and dried to obtain 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide,
compound 3. Later, 300 mg of compound 3 (1.28 mmol) was refluxed with 168 μL of
isovaleraldehyde (1.53 mmol) in ethanol and drops of acetic acid for 5 h. After that, the
precipitate was filtered out of ethanol to obtain the final product as white powder with
a yield of 85%. m.p: 197–199 ◦C, LC-MS: m/z 304.11 [M + H]+. 1H-NMR (500 MHz,
DMSO-d6) δ 11.08 (s, 1H. C-NH-N=), 9.93 (* 9.95, s, 1H. C-NH-C), 7.63–6.72 m, 3Harom),
6.67–6.64 (m, 1H. N=CH-), 4.87 (s, 1H. O-CH2-C=O), 4.48 (s, 1H. O-CH2-C=O), 2.84–2.80
(m, 2H), 2.43–2.36 (m, 2H), 2.12–2.06 (m, 2H), 1.84–1.78 (m, 1H), 0.91 (d, J = 2.9 Hz, 3H), 0.90
(d, J = 2.9 Hz, 3H). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.80,
163.86, 151.89, 147.77, 132.43, 131.99, 124.75, 114.41, 113.28, 66.90, 40.53, 30.32, 26.14, 25.12,
22.29, 22.26.

3.2.4. Synthesis of (E)-N′-(4-Chlorobenzylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)
Oxy) Acetohydrazide (4b)

A total of 150 mg of compound 3 (0.8 mmol) was heated with 134.45 mg of 4-
chlorobenzaldehyde (0.956 mmol) in ethanol under reflux with the presence of AcOH
(2 drops). The desired molecule was precipitated when the reaction finished (controlled
by TLC) and the solvent was evaporated, and the obtained compound was washed by
ethanol to obtain 210 mg (92%) as white powder. m.p:244–246 ◦C, LC-MS: m/z 357.91
[M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.62 (* 11.59, s, 1H. C-NH-N=), 9.96 (* 9.92, s,
1H. C-NH-C), 8.33 (* 7.99, s, 1H. N=CH-) 7.74–6.72 (m, 7Harom), 5.07 (s, 1H. O-CH2-C=O),
4.60 (s, 1H. O-CH2-C=O), 2.86–2.81 (m, 2H. CH2CH2-C=O), 2.42–2.38 (m, 2H. CH2C=O).
(* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 170.23, 164.97, 153.86,
147.04, 142.89, 134.81, 133.39, 132.46, 129.32 (2C), 129.04, 125.21, 116.13, 114.59, 113.52, 65.50,
30.81, 25.55.
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3.2.5. Synthesis of N′-(2,4-Dimethoxybenzylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-
6-Yl)Oxy) Acetohydrazide (4c)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 4c was prepared
through 3 steps, i, ii and iii, respectively. A total of 200 mg of compound 3 (0.8 mmol)
was refluxed with 0.16 mL of 2,4-dimethoxybenzaldehyde (1 mmol) in ethanol and drops
of acetic acid. After filtration, a pure white powder product was obtained. m.p: 243–
245 ◦C, LC-MS: m/z 383.97 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.39 (* 11.36,
s, 1H. C-NH-N=), 9.95 (* 9.91, s, 1H. C-NH-C), 8.58 (* 8.25, s, 1H. N=CH-) 7.77–6.59 (m,
6Harom), 5.02 (s, 1H. O-CH2-C=O), 4.55 (s, 1H. O-CH2-C=O), 3.85 (s, 3H. –O-CH3), 3.81 (s,
3H. –O-CH3), 2.86–2.81 (m, 2H. CH2CH2-C=O), 2.43–2.38 (m, 2H. CH2C=O). (* refer to
the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 170.22, 164.39, 162.74, 159.45, 153.93,
143.91 (-N=CH-), 139.95, 132.41, 127.16, 125.20, 116.13, 114.56, 113.51, 106.91, 98.56, 65.54,
56.23 (-O-CH3), 55.90 (-O-CH3), 30.81, 25.55.

3.2.6. Synthesis 2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)-N′-(Thiophen-2-
Ylmethylene)Acetohydrazide (4d)

A total of 161 mg of compound 3 (0.684 mmol) was heated with 134.45 mg of thiophene-
2-carbaldehyde (0.821 mmol) in ethanol under reflux with the presence of AcOH (3 drops).
The desired molecule was precipitated when the reaction finished (controlled by TLC)
and the solvent was evaporated, and the obtained compound was washed by ethanol to
obtain 200 mg (88.7%) as white powder. m.p: 223–225 ◦C, LC-MS: m/z 329.97 [M + H]+.
1H-NMR (500 MHz, Chloroform-d) δ 11.54 (* 11.48, s, 1H. C-NH-N=), 9.95 (* 9.92, s, 1H.
C-NH-C), 8.55 (* 8.18, s, 1H. N=CH-) 7.67–6.70 (m, 6Harom), 4.97 (s, 1H. O-CH2-C=O), 4.57
(s, 1H. O-CH2-C=O), 2.85–2.80 (m, 2H), 2.42–2.38 (m, 2H). (* refer to the rotameric peak).
13C-NMR (125 MHz, Chloroform) δ 169.78, 164.26, 152.88, 143.06, 138.90, 132.48, 131.15,
129.10, 127.88, 124.87, 115.75, 114.39, 113.33, 66.98, 30.30, 25.10.

3.2.7. Synthesis (E)-N′-(Furan-2-Ylmethylene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4e)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 4e was prepared
through 3 steps, i, ii, and iii, respectively. A total of 210 mg of compound 3 (0.892 mmol)
was refluxed with 0.89 mL of furan-2-carbaldehyde (1.07 mmol, d = 1.16 g/mL) in ethanol
and drops of acetic acid. After filtration, a pure white powder product was obtained.
m.p: 217–218 ◦C, LC-MS: m/z 314.04 [M + H]+. 1H-NMR (500 MHz, DMSO-d) δ 11.50
(* 11.47, s, 1H. C-NH-N=), 9.95 (* 9.91, s, 1H. C-NH-C), 8.24 (* 7.88, s, 1H. N=CH-) 7.84–6.62
(m, 6Harom), 4.98 (s, 1H. O-CH2-C=O), 4.58 (s, 1H. O-CH2-C=O), 2.85–2.82 (m, 2H. O=C-
CH2-CH2-), 2.42–2.38 (m, 2H. O=C-CH2-CH2-). (* refer to the rotameric peak). 13C-NMR

(125 MHz, DMSO) δ 169.79, 164.37, 153.37, 148.97, 145.05, 137.72, 133.91, 132.02, 124.78,
115.69, 113.79, 113.06, 112.16, 64.88, 30.35, 25.10.

3.2.8. Synthesis (E)-N′-(4-Methoxybenzylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4f)

A total of 190 mg of compound 3 (0.807 mmol) was heated with 0.118 mL of 4-
methoxybenzaldehyde (0.97 mmol, d = 1.12 g/mL) in ethanol under reflux with the pres-
ence of AcOH (3 drops). The desired molecule was precipitated when the reaction finished
(controlled by TLC). After workup, 217 mg (76%) of 4f was obtained as yellowish white
powder. m.p: 203–205 ◦C, LC-MS: m/z 354.22 [M + H]+. 1H-NMR (500 MHz, DMSO-d) δ
11.44 (* 11.39, s, 1H. C-NH-N=), 9.96 (* 9.92, s, 1H. C-NH-C), 8.28 (* 7.95, s, 1H. N=CH-)
7.65–6.72 (m, 7Harom), 5.05 (s, 1H. O-CH2-C=O), 4.58 (s, 1H. O-CH2-C=O), 3.80 (s, 3H.
-O-CH3) 2.86–2.81 (m, 2H. O=C-CH2-CH2-), 2.43–2.38 (m, 2H. O=C-CH2-CH2-). (* refer to
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the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.78 (O=C<), 164.12 (O=C-NH=N-),
160.69, 153.46, 143.61 (N=CH-), 131.98, 128.51, 126.57, 124.76, 115.69, 114.34, 114.28, 114.11,
113.30, 113.05, 65.04 (O-CH2-C=O), 55.31 (-CH3), 30.36, 25.10.

3.2.9. Synthesis of (E)-N′-((2-Methyl-1H-Indol-3-Yl)Methylene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4g)

Starting from 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide (com-
pound 3), 4g was prepared through 3 steps, respectively following the mentioned general
procedure. A total of 200 mg of compound 3 (0.8 mmol) was refluxed with 162.41 mg
of 2-Methylindole-3-carboxaldehyde (1 mmol) in ethanol and drops of acetic acid. After
workup and recrystallisation by EtOH, 110 mg (34.5%) was obtained as white powder.
m.p: 265–267 ◦C, LC-MS: m/z 377.12 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 13.69
(s, 1H. N-H), 12.45 (O=C-NH-N), 11.25 (s, 1H. N=CH-), 9.97 (s, 1H. C-NH-), 7.58–6.81
(m, 7 Harom), 4.78 (s, 2H O-CH2-), 2.91–2.78 (m, 2H. O=C-CH2-CH2-), 2.50 (s, 3H. –CH3),
2.41 (t, J = 6.9 Hz, 2H. O=C-CH2-). 13C-NMR (125 MHz, DMSO) δ 169.80 (O=C), 162.54
(O=C-NH-N=), 152.19, 142.67, 135.57, 131.99, 132.95, 125.06, 122.70, 121.07, 119.71, 115.84
(2C), 114.48, 113.47, 111.22 (2C), 67.45 (O-CH2-C=O), 30.26, 25.21, 25.06 (-CH3).

3.2.10. Synthesis of (E)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)-N′-(4-
Propylbenzylidene)Acetohydrazide (4h)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, 4h was prepared through
3 steps, i, ii, and iii, respectively. A total of 210 mg of compound 3 (0.893 mmol) was
refluxed with 0.158 mL of 4-propylbenzaldehyde (1.07 mmol, d = 1.005 g/mL) in ethanol
and drops of acetic acid. After filtration, a pure white powder product was yielded (285 mg,
87.3%). m.p: 189–190 ◦C, LC-MS: m/z 366.20 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ
11.50 (* 11.45, s, 1H. C-NH-N=), 9.96 (* 9.92, s, 1H. C-NH-C), 8.31 (* 7.97, s, 1H. N=CH-)
7.61–6.73 (m, 7Harom), 5.05 (s, 1H. O-CH2-C=O), 4.58 (s, 1H. O-CH2-C=O), 2.85–2.81 (m,
2H. O=C-CH2-), 2.57 (t, J = 7.5 Hz, 2H. O=C-CH2-CH2-), 2.43–2.36 (m, 2H. =C-CH2-CH2),
1.62–1.56 (m, 2H. –CH2-CH3), 0.88 (t, J = 8.6 Hz, 3H. CH3). (* refer to the rotameric peak).
13C-NMR (125 MHz, DMSO) δ 169.76, 164.27, 153.44, 147.96, 144.63, 143.81, 132.00, 131.56,
128.80, 127.12, 126.90, 124.75, 115.68, 114.12, 113.05, 65.05, 37.10, 30.36, 25.09, 23.92, 13.59.

3.2.11. Synthesis of (E)-N′-(Cyclohexylmethylene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4i)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
180 mg of compound 3 (0.765 mmol) was stirred under reflux with 0.112 mL of cyclohex-
anecarbaldehyde (0.918 mmol) in ethanol and 3 drops of acetic acid. After workup, by
extracting with DCM and water, 200 mg (79.3%) was obtained as white powder. m.p: 161–
163 ◦C, LC-MS: m/z 329.99 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.08 (* 11.01, s, 1H.
C-NH-N=), 9.94 (* 9.90, s, 1H. C-NH-C), 7.52 (* 7.21, s, 1H. N=CH-) 6.82–6.65 (m, 3Harom),
4.86 (s, 1H. O-CH2-C=O), 4.47 (s, 1H. O-CH2-C=O), 2.84–2.80 (m, 2H. O=C-CH2-), 2.41–
2.37 (m, 2H. O=C-CH2-CH2-), 2.21–2.15 (m, 1H. =CH-CH<), 1.76–1.60 (m, 5HCycloHexane),
1.31–1.13 (m, 5HCycloHexane). (* r efer to the rotameric peak). 13C-NMR (125 MHz, DMSO)
δ 169.75, 168.62, 163.85, 155.78, 153.40, 151.61, 131.96, 124.73, 115.66, 114.04, 112.99, 64.89,
30.34, 30.29, 29.60, 29.53, 25.50, 25.08, 24.96, 24.95.
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3.2.12. Synthesis of (E)-N′-Benzylidene-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6
-Yl)Oxy)Acetohydrazide (4j)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 95 μL of benzaldehyde (0.935 mmol)
in ethanol and drops of acetic acid for 6 h. After completing the reaction, the precipitate
was filtered out of the hot ethanol, washed with hot ethanol, and dried to obtain 220 mg
(80%) of the final product as white powder. m.p: 161–163 ◦C, LC-MS: m/z 324.11 [M + H]+.
1H-NMR (500 MHz, DMSO-d6) δ 11.56 (* 11.53, s, 1H. C-NH-N=), 9.96 (* 9.92, s, 1H. C-
NH-C), 8.34 (* 8.01, s, 1H. N=CH-) 7.70–6.74 (m, 8Harom), 5.07 (s, 1H. O-CH2-C=O), 4.60 (s,
1H. O-CH2-C=O), 2.86–2.81 (m, 2H. O=C-CH2-CH2-), 2.43–2.38 (m, 2H. O=C-CH2-CH2-).
(* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 170.26 (O=C<), 164.89
(O=C-NH=N-), 153.88, 148.39, 144.21 (N=CH-), 134.41, 132.44, 130.41, 129.30, 127.37 (2C),
125.23, 116.15, 114.59, 113.51, 65.51, 30.80, 25.54.

3.2.13. Synthesis of (Z)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)-N′-(2-Oxoindolin-3-
Ylidene)Acetohydrazide (4k)

Starting from hydroxy-3,4-dihydroquinolin-2(1H)-one, 4k was prepared through three
steps, following procedures i, ii, and iii, respectively. In the first and second steps, com-
pounds 2 and 3 were obtained, as previously mentioned. In the third step, 250 mg of
2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) (1.06 mmol)
was refluxed with 156 mg of isatin (1.06 mmol) in ethanol and 3 drops of acetic acid for
5 h. After completing the reaction, the product was filtered out the hot ethanol to obtain
335 mg of the final product as yellow powder with a yield of 86%. m.p: >300 ◦C, LC-MS:
m/z 363.34 [M − H]−. 1H-NMR (500 MHz, DMSO) δ 13.69 (s, 1H .O=C-NH-), 11.25 (s, 1H
.C=N-NH-), 9.97 (s, 1H.N=N=CH-), 7.58–6.81 (m, 6Harom.), 4.78 (s, 2H. O-CH2-), 2.89–2.84
(m, 2H. O=C-CH2-), 2.41 (t, J = 3 Hz, 2H. O=CH2-CH2-). 13C-NMR (125 MHz, DMSO)
δ 169.80, 162.54, 152.19, 142.67, 135.57, 131.99, 125.06, 122.70, 121.07, 119.71, 115.84 (2C),
114.48, 113.47, 111.22 (2C), 67.45, 30.26, 25.06.

3.2.14. Synthesis of (Z)-N′-(5-Fluoro-1-Methyl-2-Oxoindolin-3-Ylidene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4l)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. Next, 5-fluoro-1-methyl-2-indolin-
2,3-dione was prepared according to procedure i, by reacting 5-fluoruisatin with methyl
iodide under the basic condition of K2CO3 at room temperature. After that, following
procedure (ii), 200 mg of compound 3 (0.850 mmol) was refluxed with 152 mg of 5-fluoro-1-
methyl-2-indolin-2,3-dione (0.850 mmol) in ethanol and drops of acetic acid for 10 h. After
completing the reaction, the precipitate was filtered out of the hot ethanol, washed with
hot ethanol, and dried to obtain 275 mg (81%) of the final product as white powder. m.p:
>300 ◦C, LC-MS: m/z 397.12 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 13.74 (s, 1H
.O=C-NH-), 11.35 (s, 1H .C=N-NH-), 7.51–6.78 (m, 6Harom.), 4.80 (s, 2H. O-CH2-), 3.38 (s,
3H. -CH3), 2.89–2.86 (m, 2H. O=C-CH2-), 2.48 (t, J = 3 Hz, 2H. O=CH2-CH2-). 13C-NMR

(125 MHz, DMSO) δ 170.24, 163.10, 159.74, 157.85, 139.35, 125.46, 121.46, 121.39, 118.64,
116.28, 114.88, 113.89, 112.81, 112.74, 108.72, 108.50, 56.49, 30.72, 27.48, 25.51.
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3.2.15. Synthesis of (Z)-N′-(5-Fluoro-2-Oxoindolin-3-Ylidene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4m)

Starting from hydroxy-3,4-dihydroquinolin-2(1H)-one, 4m was prepared through
three steps, following procedure i, ii, and iii, respectively. In the first and second steps,
compounds 2 and 3 were obtained as previously mentioned. In the third step, 250 mg of
2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide, compound 3 (1.06 mmol),
was refluxed with 175 mg of 5-flouroisatin (1.06 mmol) in ethanol and 3 drops of acetic acid
for 9 h. After completing the reaction, the product was filtered out the hot ethanol to obtain
321 mg of the final product as yellow powder with a yield of 79%. m.p: >300 ◦C, LC-MS:
m/z 381.10 [M − H]−. 1H-NMR (500 MHz, DMSO-d6) δ 13.70 (s, 1H. O=C-NH-), 11.28
(s, 1H .C=N-NH-), 9.97 (s, 1H. O=C-NHIndol), 7.40–6.81 (m, 6Harom.), 4.80 (s, 2H. O-CH2-),
2.87–2.84 (m, 2H. O=C-CH2-), 2.41 (t, J = 3 Hz, 2H. O=CH2-CH2-). 13C-NMR (125 MHz,
DMSO) δ 170.24, 163.10, 159.74, 157.85, 139.35, 125.46, 121.46, 121.39, 118.64, 116.28, 114.88,
113.89, 112.81, 112.74, 108.72, 108.50, 56.49, 30.72, 25.51.

3.2.16. Synthesis of (E)-N′-(4-Nitrobenzylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4n)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 151 mg of 4-nitrobenzaldehyde
(0.850 mmol) in ethanol and drops of acetic acid for 6 h. After completing the reaction, the
precipitate was filtered out of the hot ethanol, washed with hot ethanol, and dried to obtain
271 mg (86%) of the final product as white powder. m.p: 249–251 ◦C, LC-MS: m/z 367.21
[M−H]−. 1H-NMR (500 MHz, DMSO-d6) δ 11.86 (* 11.84, s, 1H. C-NH-N=), 9.97 (* 9.93,
s, 1H. C-NH-C), 8.45 (* 8.25, s, 1H. N=CH-) 8.30–8.25 (m, 2Harom), 7.98–6.77 (m, 5Harom),
5.12 (s, 1H. O-CH2-C=O), 4.65 (s, 1H. O-CH2-C=O), 2.85–2.82 (m, 2H. O=C-CH2-CH2-),
2.42–2.39 (m, 2H. O=C-CH2-CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz,
DMSO) δ 170.23 (O=C<), 165.38 (O=C-NH=N-), 153.81, 148.17, 145.89, 141.80, 140.72, 132.51,
128.32 (2C), 124.43 (2C), 116.14, 114.61, 113.52, 65.52 (O-CH2-C=O), 30.80, 25.54.

3.2.17. Synthesis of (Z)-N′-(5-Nitro-2-Oxoindolin-3-Ylidene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4o)

Starting from hydroxy-3,4-dihydroquinolin-2(1H)-one, TR-G056 was prepared through
three steps, following procedures i, ii, and iii, respectively. In the first and second steps,
compounds 2 and 3 were obtained as previously mentioned. In the third step, 250 mg of
2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide, compound 3 (1.06 mmol),
was refluxed with 204 mg of 5-nitroisatin (1.06 mmol) in ethanol and 3 drops of acetic acid
for 9 h. After completing the reaction, the product was filtered out of the hot ethanol to
obtain 387 mg of the final product as yellow powder with a yield of 86%. m.p: 95–97 ◦C,
LC-MS: m/z 408.26 [M−H]−. 1H-NMR (500 MHz, DMSO-d6) δ 13.40 (s, 1H. O=C-NH-),
11.30 (s, 1H. C=N-NH-), 10.02 (s, 1H. O=C-NHIndol), 7.43–6.84 (m, 6Harom.), 4.81 (s, 2H.
O-CH2-), 2.88–2.86 (m, 2H. O=C-CH2-), 2.42 (t, J = 3 Hz, 2H. O=CH2-CH2-). 13C-NMR

(125 MHz, DMSO) δ 172.61, 163.14, 160.03, 158.03, 140.39, 126.49, 121.46, 121.41, 118.68,
117.23, 117.88, 115.89, 114.81, 113.74, 109.72, 109.50, 57.49, 29.72, 26.51.

3.2.18. Synthesis of (E)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)-N′-(Pyridin-2-
Ylmethylene)Acetohydrazide (4p)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
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of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 88 μL of 2-pyridinecarboxaldehyde
(0.935 mmol) in ethanol and drops of acetic acid for 6 h. After completing the reaction, the
precipitate was filtered out of the hot ethanol, washed with hot ethanol, and dried to obtain
220 mg (80%) of the final product as beige powder. m.p: 134–136 ◦C, LC-MS: m/z 325.2
[M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.84 (s, 1H. C-NH-N=), 9.97 (* 9.93, s, 1H.
C-NH-C), 8.59 (* 8.37, s, 1H. N=CH-) 8.05–6.74 (m, 7Harom), 5.09 (s, 1H. O-CH2-C=O), 4.64
(s, 1H. O-CH2-C=O), 2.84–2.81 (m, 2H. O=C-CH2-CH2-), 2.41–2.38 (m, 2H. O=C-CH2-CH2-).
(* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.91, 153.44, 152.88, 149.52,
144.25, 136.88, 132.07, 124.85, 124.40, 119.91, 115.77, 114.46, 114.20, 113.13, 65.08, 30.34, 25.13.

3.2.19. Synthesis of (E)-N′-((2-(4-Chlorophenyl)Pyrimidin-5-Yl)Methylene)-2-((2-Oxo-
1,2,3,4-Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4q)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, 4q was prepared through
3 steps, following procedures i, ii, and iii, respectively. Starting from 6-hydroxy-3,4-
dihydroquinolin-2(1H)-one, firstly, 300 mg of 6-hydroxy-3,4-dihydroquinolin-2(1H)-one
(1.84 mmol) was stirred with 381 mg of the base K2CO3 (2.76 mmol) for 15 min in THF
and drops of DMF, then 244 μL of ethyl 2-bromoacetate (2.21 mmol, d = 1.51 g/mL)
was added slowly to the reaction mixture. After the completion of the reaction, the sol-
vent was evaporated and the residue was washed with water, filtered, and air-dried to
obtain ethyl 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetate (compound 2), which
was further refluxed with 156 μL hydrazine hydrate 99% (4.81 mmol) for 5 h, then
cooled to room temperature, filtered out of ethanol, and dried to obtain 2-((2-oxo-
1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide. Later, 200 mg of 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) (0.850 mmol) was refluxed with
278.83 mg of 2-(4-chlorophenyl)pyrimidine-5-carbaldehyde (1.28 mmol) in ethanol and
drops of acetic acid for 6 h. After filtration, the product was obtained as pure white powder.
m.p: 259–261 ◦C, LC-MS: m/z 436.81 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.96
(* 11.88, s, 1H. C-NH-N=), 9.96 (* 9.92, s, 1H. C-NH-C), 9.20–9.13 (m, 2Hpyrimidine), 8.42–8.39
(m, 2Harom), 8.07 (* 8.04, s, 1H. N=CH-) 7.60–6.74 (m, 5Harom), 5.07 (s, 1H. O-CH2-C=O),
4.60 (s, 1H. O-CH2-C=O), 2.86–2.81 (m, 2H. O=C-CH2-CH2-), 2.43–2.38 (m, 2H. O=C-CH2-
CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.77, 169.58, 162.18,
155.66, 153.38, 152.87, 142.62, 138.08, 136.12, 135.52, 132.51, 132.02, 129.56, 128.96, 126.30,
124.76, 115.68, 114.15, 113.11, 65.10, 30.36, 25.10.

3.2.20. Synthesis of (E)-N′-((2-Aminopyrimidin-5-Yl)Methylene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4r)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 105 mg of 2-pyridinecarboxaldehyde
(0.850 mmol) in ethanol and drops of acetic acid for 6 h. After completing the reaction,
the precipitate was filtered out of the hot ethanol, washed with hot ethanol, and dried to
obtain 231 mg (79%) of the final product as white powder. m.p: 284–286 ◦C, LC-MS: m/z
339.21 [M−H]−. 1H-NMR (500 MHz, DMSO-d) δ 11.42 (* 11,40, s, 1H. C-NH-N=), 9.95
(* 9.90, s, 1H. C-NH-C), 8.55 (s, 1H. -NH2), 8.51 (s, 1H. -NH2), 8.16 (* 7.82, s, 1H. N=CH-),
7.17–6.71 (m, 5Harom), 5.02 (s, 1H. O-CH2-C=O), 4.55 (s, 1H. O-CH2-C=O), 2.84–2.81 (m,
2H. O=C-CH2-CH2-), 2.42–2.37 (m, 2H. O=C-CH2-CH2-). (* refer to the rotameric peak).
13C-NMR (125 MHz, DMSO) δ 169.79, 163.70, 156.98, 153.46, 144.36, 139.97, 132.44, 131.94,
124.87, 116.91, 115.67, 114.11, 113.08, 65.05, 30.31, 25.10.
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3.2.21. Synthesis of (E)-N′-(4-Fluorobenzylidene)-2-((2-Oxo-1,2,3,4-Tetrahydroquinolin-6-
Yl)Oxy)Acetohydrazide (4s)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 100 μL of 4-flourobenzaldehyde
(0.935 mmol) in ethanol and drops of acetic acid for 6 h. After completing the reaction,
the precipitate was filtered out of the hot ethanol, washed with hot ethanol, and dried
to obtain 250 mg (86%) of the final product as white powder. m.p: 238–240 ◦C, LC-MS:
m/z 342.22 [M + H]+. 1H-NMR (500 MHz, DMSO-d6) δ 11.58 (* 11.54, s, 1H. C-NH-N=),
9.97 (* 9.93, s, 1H. C-NH-C), 8.35 (* 8.01, s, 1H. N=CH-) 7.79–6.73 (m, 7Harom), 5.08 (s, 1H.
O-CH2-C=O), 4.61 (s, 1H. O-CH2-C=O), 2.87–2.82 (m, 2H. O=C-CH2-CH2-), 2.43–2.39 (m,
2H. O=C-CH2-CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.82,
164.47, 153.45, 146.84, 142.61, 132.49, 132.02, 129.37, 129.10, 124.79, 115.95, 115.78, 114.41,
114.15, 113.08, 65.07, 30.38, 25.12.

3.2.22. Synthesis of (E)-N′-(3-(4-Chlorophenoxy)Benzylidene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4t)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a cou-
ple of steps, following procedures i and ii, respectively. After that, following pro-
cedure iii, 200 mg of compound 3 (0.850 mmol) was refluxed with 198 mg of 3-(4-
chlorophenoxy)benzaldehyde (0.850 mmol) in ethanol and drops of acetic acid for 6 h.
After completing the reaction, the precipitate was filtered out of the hot ethanol, washed
with hot ethanol, and dried to obtain 320 mg (83%) of the final product. m.p: 205–207 ◦C,
LC-MS: m/z 450.92 [M + H]+. 1H-NMR (500 MHz, DMSO-d) δ 11.61 (* 11.56, s, 1H. C-NH-
N=), 9.96 (* 9.92, s, 1H. C-NH-C), 8.32 (* 7.98, s, 1H. N=CH-) 7.49–6.70 (m, 11Harom), 5.03 (s,
1H. O-CH2-C=O), 4.59 (s, 1H. O-CH2-C=O), 2.83–2.80 (m, 2H. O=C-CH2-CH2-), 2.41–2.37
(m, 2H. O=C-CH2-CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ
169.77, 164.52, 156.57, 155.44, 153.39, 152.88, 147.08, 142.87, 136.19, 132.47, 132.00, 130.71,
129.94, 127.39, 124.74, 122.72, 120.28, 116.74, 115.74, 114.13, 113.03, 65.03, 30.36, 25.10.

3.2.23. Synthesis of (E)-N′-(Naphthalen-1-Ylmethylene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4u)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, compound 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetohydrazide (compound 3) was prepared through a couple
of steps, following procedures i and ii, respectively. After that, following procedure iii,
200 mg of compound 3 (0.850 mmol) was refluxed with 125 μL of 1-naphthaldehyde
(0.935 mmol) in ethanol and drops of acetic acid for 6 h. After completing the reaction,
the precipitate was filtered out of the hot ethanol, washed with hot ethanol, and dried
to obtain 231 mg (72%) of the final product as white powder. m.p: 259–261 ◦C, LC-MS:
m/z 374.28 [M + H]+. 1H-NMR (500 MHz, DMSO-d) δ 11.63 (* 11.59, s, 1H. C-NH-N=),
9.97 (* 9.93, s, 1H. C-NH-C), 9.02 (* 8.68, s, 1H. N=CH-) 8.81–6.75 (m, 10Harom), 5.15 (s, 1H.
O-CH2-C=O), 4.66 (s, 1H. O-CH2-C=O), 2.87–2.82 (m, 2H. O=C-CH2-CH2-), 2.43–2.38 (m,
2H. O=C-CH2-CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.78,
164.46, 153.44, 147.88, 143.50, 133.50, 132.02, 130.43, 130.05, 129.22, 128.85, 127.39, 126.30,
125.56, 124.78, 123.75, 115.72, 114.49, 113.07, 65.24, 54.94, 30.31, 25.11.
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3.2.24. Synthesis of (E)-N′-([1,1′-Biphenyl]-4-Ylmethylene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4v)

According to procedure i, ii, and iii, respectively, starting from 6-hydroxy-3,4-
dihydroquinolin-2(1H)-one, 300 mg of 6-hydroxy-3,4-dihydroquinolin-2(1H)-one (1.84 mmol)
was stirred with 381 mg of the base K2CO3 (2.76 mmol) for 15 min in THF and drops of
DMF, then 244 μL of ethyl 2-bromoacetate (2.21 mmol, d = 1.51 g/mL) was added slowly to
the reaction mixture. After the completion of the reaction, the solvent was evaporated and
the residue was washed with water, filtered, and air-dried to obtain ethyl 2-((2-oxo-1,2,3,4-
tetrahydroquinolin-6-yl)oxy)acetate (compound 2), which was further refluxed with 241 μL
hydrazine hydrate 99% (4.81 mmol) for 5 h, then cooled to room temperature, filtered out
of ethanol, and dried to obtain 2-((2-oxo-1,2,3,4-tetrahydroquinolin-6-yl)oxy)acetohydrazide
(compound 3). Later, 210 mg of compound 3 (0.892 mmol) was refluxed with 211.47 mg
of [1,1′-biphenyl]-4-carbaldehyde (1.16 mmol) in ethanol and drops of acetic acid for 6 h.
After that, the precipitate was filtered out of ethanol to obtain 283 mg of the final product, as
white powder with a yield of 79%. m.p: 224–226 ◦C, LC-MS: m/z 400.59 [M + H]+. 1H-NMR

(500 MHz, DMSO-d) δ 11.59 (s, 1H .C-NH-N=), 9.97 (* 9.93, s, 1H. C-NH-C), 8.39 (* 8.05, s, 1H.
N=CH-) 7.79–6.76 (m, 12Harom), 5.10 (s, 1H. O-CH2-C=O), 4.61 (s, 1H. O-CH2-C=O), 2.84–2.81
(m, 2H. O=C-CH2-CH2-), 2.42–2.38 (m, 2H. O=C-CH2-CH2-). (* refer to the rotameric peak).
13C-NMR (125 MHz, DMSO) δ 169.79 (O=C<), 164.43 (O=C-NH=N-), 153.45, 147.49, 143.35,
141.42, 139.32, 133.09, 132.48, 132.02, 129.04 (2C), 127.75, 127.06, 126.68 (2C), 124.78, 115.77,
115.71, 114.15, 113.08, 65.09, 30.31, 25.11.

3.2.25. Synthesis of (E)-N′-((4′-Chloro-[1,1′-Biphenyl]-4-Yl)Methylene)-2-((2-Oxo-1,2,3,4-
Tetrahydroquinolin-6-Yl)Oxy)Acetohydrazide (4w)

Starting from 6-hydroxy-3,4-dihydroquinolin-2(1H)-one, 4w was prepared through
3 steps following procedures i, ii, and iii, respectively. A total of 200 mg of compound
3 (0.850 mmol) was refluxed with 221 mg of 4′-chloro-[1,1′-biphenyl]-4-carbaldehyde
(1.02 mmol) in ethanol and drops of acetic acid. After filtration, the product was obtained
as pure off-white powder with a yield of 84% (310 mg). m.p: 279–281 ◦C, LC-MS: m/z
434.97 [M + H]+. 1H-NMR (500 MHz, DMSO-d) δ 11.61 (s, 1H. C-NH-N=), 9.96 (* 9.92, s,
1H. C-NH-C), 8.38 (* 8.04, s, 1H. N=CH-) 7.79–6.73 (m, 11Harom), 5.09 (s, 1H. O-CH2-C=O),
4.61 (s, 1H. O-CH2-C=O), 2.86–2.81 (m, 2H. O=C-CH2-CH2-), 2.42–2.38 (m, 2H. O=C-CH2-
CH2-). (* refer to the rotameric peak). 13C-NMR (125 MHz, DMSO) δ 169.77 (O=C<),
164.45 (O=C-NH=N-), 153.43, 147.33, 143.20, 140.00, 138.11, 133.43, 132.75, 132.47, 132.01,
128.98, 128.45, 128.44 (2C), 127.58, 126.96, 124.76, 115.69, 114.14, 113.07, 65.08 (O-CH2-C=O),
30.36, 25.10.

3.3. Molecular Docking

To understand the molecular interaction mechanisms between the target proteins
and the suitably repositioned therapeutic candidates, molecular docking investigations
were carried out. The protein data bank’s 3D coordinates for the VEGFR2 kinase domain
protein were obtained (PDB ID: 2XIR). A computational docking study was performed
using the virtual screening tool PyRx. This software uses Lamarck’s Genetic Algorithm
(LGA) as a scoring function in AutoDock Vina. The PyRx-virtual screening tool was used
in this investigation to perform molecular docking interactions via the AutoDock VINA
module [45]. Schrödinger Maestro and Pymol software were used to get and visualise the
docked compounds with better binding affinity (kcal/mol) results. The protein structure
was prepared, and only polar hydrogens were added, using the AutoDock Tools 1.5.6
module in PyRx tool, and the pdbqt files of proteins were generated. ChemBioDraw Ultra
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14.0 was used to build each compound, charged and minimised by the MMFF94x force field,
along with the adjustment of hydrogens and lone pairs [46]. The compounds were saved
in the SDF format. The target protein active site pocket was docked with the synthetic
derivatives and reference molecules. Based on the interaction profile and docking scores,
the best suited docked conformation was chosen.

3.4. Molecular Dynamics Simulation

Molecular dynamics (MD) simulations were performed using Desmond via the
Schrödinger Maestro interface, 13.8 version. These simulations followed the docking phase
and involved an orthorhombic simulation cell filled with TIP3 water model molecules.
Chloride ions were added to neutralise the overall charge of the complex. The simulation
ran for 100 ns within an NPT ensemble, which maintained a constant number of atoms,
pressure at 1.01325 bar, and temperature at 300 K. The Nose–Hoover chain method with a
1.0 ps interval was employed as the thermostat, while the Martyna–Tobias–Klein method
with a 2.0 ps interval was used as the barostat. The Maestro simulation interaction diagram
was utilised to analyse the MD simulation results.

3.5. In Silico ADME Study

A computational analysis of 23 novel analogues 4(a–w) was carried out using the
Schrödinger QikProp tool for prediction of ADME properties, SwissADME, and the
PreADME online server, a computational toolbox, to determine which substances have the
best possible pharmacokinetic characteristics or BBB permeability.

3.6. In Vitro Experiments on GBM Models
3.6.1. Cell Cultures

U87-MG (HTB-16) and U138-MG (HTB-14) lines were purchased from ATCC. The
cells were cultured in DMEM-HG Medium (41966-029, Gibco, Grand Island, NE, USA)
and supplemented with 10% fetal bovine serum (FBS, 10500-064, Gibco) and 1% Penicillin–
Streptomycin (P/S, 15140-122, Gibco). After 24 h of seeding cells, all compounds dissolved
in 0.4% dimethyl sulfoxide (DMSO, A3672-0250, AppliChem, Darmstadt, Germany) were
treated in the cells.

3.6.2. MTT Assay

The proliferation effects of the drug candidates on the U87-MG and U138-MG cell lines
were tested using the MTT (3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide)
assay. A total of 7 × 103 cells per well of both U87-MG and U138-MG cells were seeded
into a 96-well plate in triplicate for the assay. After 24 h, each compound was added at a
dose of 10 μM and incubated for 48 h. After the incubation period, 10 μL of MTT solution
(5 mg/mL in PBS) was added to each well. The MTT solution was aspirated from the wells
after 2 h. Then, 100 μL of DMSO was added and mixed to dissolve the formazan crystals.
Cell proliferation was analysed by measuring the absorbance of the dissolved formazan at
a wavelength of 570 nm using a microplate reader (Epoch, San Jose, CA, USA). IC50 values
were later calculated using eight drug concentrations (0, 1.25, 2.5, 5, 10, 20, 40, 80, and 160 μM).
Each experiment was carried out in triplicate to ensure reliability and statistical significance.

3.6.3. PAMPA Assay

The PAMPA assay (BioAssay System, Hayward, CA 94545, USA) has been used for test-
ing the permeability rates of drugs through the BBB-mimicking membrane. The permeability
assay and analyses were performed according to the manufacturer’s instructions. Briefly,
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high permeability and low permeability standards, compounds (500 μM), and equilibrium
standards (200 μM) were prepared. After the loading of lipid solutions into the pores, all com-
pounds’ solutions and the permeability controls were put onto the lipid membrane in donor
wells. The permeability assay was performed for 18 h in a 37 ◦C incubator. All samples were
collected from acceptor wells after the incubation period was finished, and the absorbance
values were measured with equilibrium standards for normalisation.

4. Conclusions

The most frequent malignant primary brain tumour is glioblastoma. Patients with this
illness often have a dismal prognosis, and long-term survival is rare.

The common treatment upon initial diagnosis typically includes surgical resection,
followed by concurrent radiation therapy and temozolomide treatment. However, bio-
logical factors, such as the blood–brain barrier, besides the unique tumour and immune
microenvironment, present significant challenges to the development of novel therapeu-
tics compared to other solid tumours. To improve outcomes for glioblastoma patients, a
combination of innovative clinical trial designs, targeted drug therapies, and biomarker
enrichment approaches is required.

This study focuses on the synthesis of 23 novel analogues of 3,4-dihydroquinolin-
2(1H)-one, aiming to offer potential therapeutic solutions targeting the VEGFR2 gene for
glioblastoma treatment. The synthesis and evaluation of these analogues were carried
out using a deliberate strategy of design and structural modifications to optimise their
interactions with the VEGFR2 protein.

This research includes extensive in vitro analyses to assess the therapeutic efficacy
of these compounds in two glioblastoma cell lines, U87-MG and U138-MG. The findings
demonstrated that all compounds, particularly 4u, 4t, 4m, and 4q, exhibited strong binding
affinity for VEGFR2, with 4m showing the highest binding energy values.

To further assess the stability of the ligand–protein complexes, molecular dynamics
(MD) simulations were performed, analysing their root mean square deviation (RMSD) and
root mean square fluctuation (RMSF). Additionally, in silico ADMET predictions suggested
that the synthesised derivatives possess favourable drug-like properties.

The significance of this study lies in its introduction of promising compounds—specifically
4u (IC50 = 7.96 μM), 4t (IC50 = 10.48 μM), 4m (IC50 = 4.20 μM), and 4q (IC50 = 8.00 μM)—that
demonstrate specificity toward VEGFR2 kinase. This specificity highlights a promising route
for the development of novel therapeutic agents for glioblastoma treatment. The findings and
general indications of this study contribute to the ongoing efforts to address the critical need for
more effective glioblastoma treatments, advancing the field of cancer therapy.
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Abstract: Background/Objectives: Drug discovery is a lengthy and expensive process,
taking an average of 10 years and more than USD 2 billion from target discovery to drug
approval. It is even more challenging in complex diseases due to disease heterogeneity
and limited knowledge about the underlying mechanisms. We present a novel computa-
tional framework that integrates network analysis, statistical mediation, and deep learning
to identify causal target genes and repurposable small-molecule candidates. Methods:
We applied weighted gene co-expression network analysis (WGCNA) and bidirectional
mediation analysis (causal WGCNA) to transcriptomic data from idiopathic pulmonary
fibrosis (IPF) patients to identify genes causally linked to the disease phenotype. These
genes were used as a phenotypic signature for deep learning-based compound screening
using the DeepCE model. Results: Using RNA-seq data from 103 IPF patients and 103
controls, we identified seven significantly correlated modules and 145 causal genes. Five
of these genes (ITM2C, PRTFDC1, CRABP2, CPNE7, and NMNAT2) were predictive of
disease severity in IPF. Our compound screening identified several promising candidates,
such as Telaglenastat (GLS1 inhibitor), Merestinib (MET kinase inhibitor), and Cilostazol
(PDE3 inhibitor), with significant inverse correlation with the IPF-specific gene signature.
Conclusions: This study demonstrates the utility of combining causal inference and deep
learning for drug discovery. Our framework identified novel gene targets and therapeutic
candidates for IPF, offering a scalable strategy for phenotype-driven drug discovery and
repurposing.

Keywords: drug repurposing; drug repositioning; drug discovery; deep learning;
mediation analysis; network analysis; idiopathic pulmonary fibrosis

1. Introduction

Target selection and engagement is a crucial first step in drug discovery, and a sig-
nificant percentage of the clinical trial failures are linked to incorrect target selection and
poor target engagement [1]. It is even more challenging in complex diseases because of the
multifactorial nature and heterogeneity of these diseases; they are often driven by multiple
genes, biological pathways, and environmental factors. The interconnected nature of these
biological mechanisms makes it even more challenging to identify robust druggable targets.
Additionally, disease progression can alter the relevance and importance of the selected
target over time, making the target selection step even more critical in complex diseases.

Conventional drug discovery approaches are mostly based on a one-drug–one-gene
paradigm [2,3], where compound screening is performed against a single, specific target [4].
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Understandably, these approaches have limited success in complex diseases [3], as target-
based screening methods often yield a poor correlation between modulating a single protein
by a chemical compound and organism-level responses [2]. Furthermore, compound
screening using single-gene targets often fails to recognize off-target interactions that
can lead to unintended side effects [5]. On the other hand, phenotype-based compound
screening represents a systematic approach by possibly capturing the full spectrum of
a compound’s biological activity [6]. They often begin with a phenotype-specific gene
signature, which is queried against a reference database of small-molecule perturbations,
typically using correlation measures. Moreover, deep learning (DL)-based frameworks can
help mitigate the typical issues of noise and incompleteness associated with large-scale
transcriptomics data [6].

We present a bioinformatic methodology that combines network analysis, statistical
mediation models, and DL-based small-molecule compound screening frameworks for
therapeutic drug discovery (See Materials and Methods). Our methodology starts with
analyzing one (or more) transcriptomic datasets, converting them into gene co-expression
networks, and applying a network analysis framework [7,8] to identify significantly cor-
related gene modules. Next, we employ statistical mediation techniques to examine the
relationship between the phenotype and the candidate modules and identify candidate
causal genes [9]. Instead of modeling the direct gene-phenotype associations, our approach
enables us to capture high-level relationships between genes, network modules, and the
phenotype, while adjusting for any clinical confounders. Finally, we use the significant
mediator genes as the phenotypic signature and apply a mechanism-driven compound
screening method to identify potential therapeutic candidates that can modulate this causal
signature [2] (Figure 1). Compared to a list of dysregulated genes that are often used as the
input signature in connectivity mapping approaches, causal genes make for more effective
drug targets [10] as they represent high-level biological mechanisms driving phenotype
progression. In contrast, differentially expressed gene (DEG) sets reflect downstream
responses. The causal regulators provide potentially actionable insights for drug discovery.

To demonstrate the utility of our methodology, we used idiopathic pulmonary fibrosis
(IPF) as a disease case study. IPF is a severe fibrotic lung disease characterized by chronic,
progressive scarring, and destruction of the lung parenchyma, often requiring a lung
transplant in advanced cases [11]. Two FDA-approved antifibrotic drugs, nintedanib and
pirfenidone, are currently used as the first-line therapy for IPF. Even though both of them
are effective in managing the symptoms of lung function decline in IPF patients, these
drugs do not cure the disease and do not reverse the lung fibrosis [12,13]. Owing to the
complexity, heterogeneity, and multifactorial nature of IPF pathogenesis, combination
therapies are hypothesized to be more effective than monotherapies [14].

In this study, we applied our methodology and identified several novel candidate
causal genes potentially important in the progression of IPF. Several of these were found
to be significantly correlated with the forced vital capacity (FVC) and diffusing capacity
of lungs for carbon monoxide (DLCO) lung function traits. Furthermore, we ran machine
learning models to evaluate whether these mediator genes can predict the phenotype
status using independent study cohorts. Finally, we ran a DL-based compound screen-
ing method to identify small-molecule candidates that can potentially modulate the IPF
causal signature.

168



Pharmaceuticals 2025, 18, 1304

 

Figure 1. Overall workflow of our proposed compound screening methodology. Starting with
a matrix of gene expression profiles as the input, the network analysis step identifies all gene
modules co-expressed with respect to a phenotype. From the modules significantly associated with a
phenotype, causal genes are identified by implementing statistical mediation analysis models. Finally,
a multimodal deep learning model is used to identify candidate small-molecule compounds that
potentially target the causal genes.

2. Results

2.1. Transcriptomic Datasets

In our IPF case study, we implemented a network analysis framework on a gene
co-expression network, layered with a statistical mediation analysis. For constructing
the gene network, we used RNA-seq data from whole lung tissues of 103 IPF samples
and 103 healthy controls [15]. Additionally, we used two other IPF RNA-seq datasets,
GSE124685 [16] and GSE213001 [17], to validate the biomarker candidates identified in the
network analysis step (Table 1). All three publicly available datasets were downloaded
from NCBI’s Gene Expression Omnibus (GEO) repository [18]. For compound screening,
we used the Library of Integrated Network-Based Cellular Signatures (LINCS) [19], a
small-molecule gene expression database of drug perturbation profiles.

Table 1. List of IPF transcriptomic datasets used.

GEO Accession ID # IPF # Controls Reference

GSE150910 103 103 [15]

GSE124685 49 (19 = mild (IPF1); 16 = moderate
(IPF2); 14 = advanced (IPF3)) 35 [16]

GSE213001 61 (22 = Advanced, 27 = Severe) 40 [17]
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2.2. Correlated Gene Modules

Gene expression profiles from whole lung tissues (GSE150910) from both IPF and
control samples were used for constructing gene co-expression networks and running
the WGCNA algorithm [7]. Before this, we normalized the RNA-seq counts using
the voom (variance modeling at the observational level) method [20]. We identified
sixteen non-overlapping gene modules (Figure 2), out of which seven modules were signif-
icantly (Student asymptotic p-value < 0.05) correlated/upregulated in IPF (File S1). The
greenyellow module (486 genes) was the most significant module (Figure 2) that contained
genes predominantly involved in extracellular matrix organization (ECM) (GO:0030198)
and collagen fibril organization (GO:0030199). Furthermore, five out of the seven correlated
modules (greenyellow, brown, yellow, red, and purple) were strongly associated with lung
function (FVC and DLCO) (Figure 2). Finally, we used these seven significantly correlated
modules to run the mediation analysis to identify potential candidate causal genes.

Figure 2. WGCNA Steps: (A) Scatter plot of the WGCNA scale-free analysis experiments on the
IPF transcriptomic data. (B) Hierarchical dendrogram of gene modules constructed based on the
topological overlap matrix (TOM). (C) Correlation heatmap of gene modules with the phenotypic
status and the lung-function traits (FVC and DLCO) from the transcriptomic cohort.

2.3. Candidate Causal Genes in IPF

We implemented mediation analysis among the phenotype, the module, and the
module genes using the CWGCNA framework [9]. Before this, using type-III ANOVA
models, we tested for any potential confounding effects of several different clinical variables,
including age, gender, and smoking status, and all mediation analysis models were adjusted
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for statistically significant (age and smoking status) effects (See Materials and Methods). We
applied bidirectional mediation models for each of the seven candidate WGCNA modules
and identified 145 unique mediator genes with significant mediation that are potentially
drivers (forward direction) of the disease progression in IPF (File S2). The majority of
them (114 out of 145 genes) were found to be significantly upregulated (log2FC > 0.58
and adjusted p-value < 0.05) in IPF (Figure 3). Similarly, 101 out of the 145 genes were
significantly associated (adjusted p-value < 0.05) with both FVC and DLCO lung function
traits (File S2). We also found that 35/145 genes are part of the druggable genome collection,
indicating their potential as therapeutic targets. This gene list represents the set of targets
that are known or predicted to interact with drug compounds and was manually compiled
from multiple sources, including DrugBank [21], DGIDb (v5.0) [22], and the CLUE-Drug
repurposing hub [23].

Figure 3. Volcano plots of the six candidate modules with significant mediator genes (red—forward;
blue—reverse; gray—nonsignificant) highlighted in each of them.

Furthermore, we identified a significant (p-value < 0.05) number of mediator genes
(37 out of 145 genes) that were previously known to be associated with the IPF phenotype.
To do this, we compiled a list of known IPF-associated genes (EFO_0000768; 2910 genes)
from the Open Targets Platform that mines and scores disease target genes from multiple
evidence data sources, including GWAS associations, literature curation, and clinical
evidence [24] (File S2). Additionally, we found several IPF lung single-cell markers (RAD51,
CDKN3, TROAP, TAFA3, SGO1, NCAPH, CEP55, UTS2, ANLN, BUB1B, DGKI, and SKA3)
among the remaining 108 causal genes from our mediation models.
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2.4. Candidate Genes Enriched in Pro-Fibrotic Niches

To identify potential disease-driving mediator candidates localized in the lung tissue, we
utilized a spatial transcriptomics study in IPF [25]. In this study, Mayr et al. identified three
disease-associated niches (the fibrotic niche, the airway macrophage niche, and the immune
niche) with unique cellular compositions and localizations. Intersecting the niche markers
(log2FC > 0.25 and adjusted p-value < 0.05) with the significant mediator candidates, we
identified four genes (CRABP2, MKI67, PRDX4, PLPP5) found in all three IPF niches (File
S3). In one of our earlier studies, we demonstrated that CRABP2, a retinol-binding protein,
is dysregulated in multiple lung cells of IPF and is strongly correlated with decline in lung
function [26]. In that study, immunostaining of IPF lung sections demonstrated increased
levels of CRABP2 in both spindle-shaped fibroblasts and airway epithelial cell types in the
distal fibrotic lung lesions of IPF compared to control lungs. Similarly, studies analyzing
human serum samples obtained from IPF patients have shown that PRDX4 (peroxiredoxin-
4) is associated with the aggravation of inflammatory changes and fibrotic effects in the
pathogenesis of IPF [27]. Furthermore, elevated levels of serum PRDX4 were associated with
poor prognosis in murine models, demonstrating its potential clinical significance.

Additionally, we identified 24 genes (p-value < 0.05) belonging to the fibrotic niche,
consisting of myofibroblasts and aberrant basaloid cells, located around the airways [25].
Similarly, we identified 20 genes (not statistically significant; p-value = 0.3) from the airway
macrophage niche in the lumen containing SPP1+ (Osteopontin) macrophages (File S3). Our
mediator gene list also included 36 genes (p-value < 0.05) from the immune niche within
IPF tissue, predominantly characterized by lymphoid cells surrounded by remodeled
endothelial cells. In total, our mediation analysis identified 54 unique candidates that are
marker genes in at least one of the three pro-fibrotic niches (File S3).

2.5. Mediator Genes Associated with IPF Severity

Next, to identify candidate causal genes associated with severe IPF phenotypes, we
intersected the significant mediator candidates with the upregulated genes (log2FC > 0.58
and adjusted p-value < 0.05) in progressive-stage and end-stage IPF tissue from a lung RNA-
seq dataset (GSE124685) [16]. The study used quantitative micro-CT imaging and tissue
histology on IPF lung samples to categorize three distinct stages of fibrotic remodeling (early-
stage or IPF1, progressive-stage or IPF2, and end-stage or IPF3). We identified 40 mediator
genes (p-value = 4.69 × 10−13) that were upregulated in end-stage IPF and 38 candidate genes
(p-value = 8.07 × 10−14) overexpressed in progressive-stage IPF samples. There were 30
mediator genes upregulated in both IPF2 and IPF3 samples. Additionally, we also found
40 candidate genes (p-value = 2.88 × 10−16) that were upregulated in early-stage IPF (File S4).

2.6. Biomarker Candidates in IPF

To assess the predictive ability of the mediator candidate genes and identify potential
biomarker candidates in IPF, we ran generalized linear models (GLMs) via penalized maxi-
mum likelihood [28,29]. We used an independent IPF cohort (Table 1) consisting of 61 IPF cases
(including 22 advanced and 27 severe cases) and 40 control samples to train the GLM models.
These models were evaluated using the area under the precision-recall curves (AUPRC) and
receiver operating characteristic (AUROC) curves (See Materials and Methods). We identified
several candidate genes (ITM2C, PRTFDC1, CRABP2, CPNE7, FAM83D, NMNAT2, P4HA3,
PDGFD, and PAPP2) with high area under the curve (AUC > 0.9) scores (Table 2). Among
them, the integral membrane protein 2C (ITM2C) gene performed the best with high AUPRC
and AUROC scores (Figure 4). The ITM2C gene is a known marker of plasmablast cells in the
lung [30], which are implicated in the progression of IPF [31].

172



Pharmaceuticals 2025, 18, 1304

Table 2. Best-performing causal mediator genes in categorizing the IPF samples (including severe
and advanced IPF) from healthy controls in an independent validation cohort (GSE213001). The
table lists the AUPRC and AUROC scores averaged across 100 different experiments (both mean and
standard deviation). The full list of AUC scores can be found in File S5.

Gene AUPRC AUROC

IPF vs. Controls

ITM2C 0.993 ± 0.006 0.987 ± 0.01
PRTFDC1 0.989 ± 0.007 0.983 ± 0.011
CRABP2 0.984 ± 0.01 0.971 ± 0.018
CPNE7 0.969 ± 0.018 0.955 ± 0.024

FAM83D 0.965 ± 0.018 0.943 ± 0.029
NMNAT2 0.964 ± 0.006 0.945 ± 0.026

P4HA3 0.95 ± 0.03 0.933 ± 0.034
PDGFD 0.945 ± 0.031 0.932 ± 0.036
PAPPA2 0.943 ± 0.023 0.902 ± 0.04

Severe IPF vs.
Controls

ITM2C 0.996 ± 0.004 0.997 ± 0.003
CPNE7 0.97 ± 0.036 0.98 ± 0.026

PRTFDC1 0.969 ± 0.024 0.975 ± 0.02
CRABP2 0.96 ± 0.022 0.958 ± 0.025

NMNAT2 0.943 ± 0.018 0.956 ± 0.014
LAX1 0.943 ± 0.039 0.957 ± 0.029

PAPPA2 0.92 ± 0.042 0.927 ± 0.045

Advanced IPF vs.
Controls

ITM2C 0.996 ± 0.006 0.998 ± 0.004
CRABP2 0.991 ± 0.013 0.994 ± 0.008

PRTFDC1 0.983 ± 0.017 0.99 ± 0.01
FAM83D 0.976 ± 0.02 0.986 ± 0.011
NMNAT2 0.947 ± 0.033 0.968 ± 0.021

MYOF 0.936 ± 0.033 0.955 ± 0.026
P4HA3 0.927 ± 0.058 0.965 ± 0.022
CDH3 0.923 ± 0.047 0.949 ± 0.029
CPNE7 0.903 ± 0.058 0.936 ± 0.038

Figure 4. Forest plots of the top-performing biomarker candidates in classifying IPF samples. Panel
(A) highlights the top biomarkers in classifying all IPF samples from the validation cohort (GSE213001)
while Panels (B,C) include the best-performing biomarkers in categorizing advanced IPF and severe
IPF samples, respectively. These biomarker genes are filtered based on the AUPRC (bottom row) and
AUROC (top row) scores.
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We also trained GLM models to distinguish severe and advanced IPF samples from
controls (Figure 4). Based on the AUC scores, we identified seven gene candidates (ITM2C,
CPNE7, PRTFDC1, CRABP2, NMNAT2, LAX1, and PAPPA2) with strong predictive per-
formance in classifying severe IPF samples (Table 2). Similarly, we found nine additional
gene candidates (ITM2C, CRABP2, PRTFDC1, FAM83D, NMNAT2, MYOF, P4HA3, CDH3,
and CPNE7) highly capable of distinguishing advanced IPF samples from the healthy
controls (Table 2 and File S5). Five of the mediator candidates (ITM2C, PRTFDC1, CRABP2,
CPNE7, and NMNAT2) were strong predictive biomarkers across both sets of models
(severe and advanced).

2.7. Small-Molecule Compounds Targeting the Causal Genes

Finally, we used a modified version of the DeepCE [2] model (See Materials and
Methods) to identify compounds targeting the potentially causal genes in IPF. Specifically,
we used 145 significant mediator genes (Section 2.3) as the query signature and imple-
mented compound screening by computing Spearman’s rank-order correlation between
the drug perturbation gene expression profiles and the IPF-specific signature. We identified
126 small-molecule compounds with significant negative correlation scores (p-value < 0.05)
in any of the seven different cell lines used in the model (File S6). Of these, 23 compounds
(Table 3) exhibited significant negative correlations in multiple (two or more) cell lines.

Table 3. List of top compounds with significant negative correlation (Spearman rank-order) with
the causal IPF signature. The correlations in each of the seven distinct cell lines, along with the
significance p-values, are listed here (statistically significant correlations are highlighted in bold). File
S6 has the full list of drugs.

Drug A375 HA1E HELA HT29 MCF7 PC3 YAPC

1,4-Bis((3,4-
dimethoxyphenyl)sulfonyl)-

1,4-diazepane

−0.25
(0.051)

−0.27
(0.036)

−0.34
(0.006)

−0.28
(0.027)

−0.33
(0.009)

−0.25
(0.053)

−0.28
(0.03)

CB-839 (Telaglenastat) −0.29
(0.023) 0.04 (0.76) −0.29

(0.02)
−0.26
(0.044)

−0.25
(0.049)

−0.28
(0.03) −0.18 (0.16)

[2-(4-Amino-1,2,5-
oxadiazol-3-yl)-1-
ethylimidazo[4,5-

c]pyridin-7-yl]-[(3S)-3-
aminopyrrolidin-1-

yl]methanone

−0.31
(0.014) −0.18 (0.17) −0.26

(0.041)
−0.32
(0.014)

−0.31
(0.015)

−0.29
(0.02) −0.19 (0.13)

Aminofurazanyl-
azabenzimidazole 6n

−0.35
(0.005)

−0.27
(0.03) −0.3 (0.02) −0.23 (0.07) −0.29

(0.023)
−0.25
(0.053) −0.19 (0.15)

[2-(4-Amino-furazan-3-
yl)-1-ethyl-1H-

imidazo[4,5-c]pyridin-7-
ylmethyl]-piperidin-4-yl-

amine

−0.28
(0.025) −0.1 (0.42) −0.25

(0.052) −0.3 (0.02)
−0.28
(0.026) −0.3 (0.02) −0.09 (0.51)

Pentamidine −0.31
(0.015) −0.16 (0.24) −0.21

(0.098) −0.21 (0.11) −0.26
(0.046)

−0.26
(0.044)

−0.27
(0.034)

RHC-80267 −0.22
(0.089) 0.08 (0.52) −0.18 (0.16) −0.35

(0.006)
−0.29
(0.023)

−0.23
(0.075)

−0.26
(0.039)

RK-682 −0.27
(0.033) 0.12 (0.35) 0.019 (0.88) 0.22 (0.097) −0.18 (0.17) −0.22

(0.091)
−0.29
(0.025)

Merestinib −0.08 (0.54) −0.09 (0.48) −0.33
(0.008) −0.06 (0.64) −0.28

(0.03) −0.07 (0.57) −0.05 (0.73)

LY-255283 −0.25
(0.053) 0.17 (0.2) −0.18 (0.16) −0.26

(0.047) −0.2 (0.12) −0.28
(0.028) −0.07 (0.58)

Cilostazol −0.31
(0.015) 0.018 (0.89) −0.15 (0.25) −0.16 (0.22) −0.11 (0.41) −0.06 (0.67) −0.28

(0.033)

M2-PK-activator −0.19 (0.15) −0.26
(0.04) −0.21 (0.11) 0.25 (0.05) −0.22

(0.089) −0.23 (0.07) −0.29
(0.02)

NNC-711 −0.11 (0.4) −0.03 (0.79) −0.2 (0.11) −0.3
(0.018)

−0.27
(0.038) 0.1 (0.44) 0.009 (0.95)

CID 11973736 −0.23
(0.077) −0.2 (0.12) −0.33

(0.009) −0.24 (0.06) −0.32
(0.014) −0.18 (0.16) −0.07 (0.6)

174



Pharmaceuticals 2025, 18, 1304

Table 3. Cont.

Drug A375 HA1E HELA HT29 MCF7 PC3 YAPC

Azeloyl diethyl salicylate −0.15 (0.26) 0.1 (0.45) −0.34
(0.008)

−0.32
(0.011) −0.16 (0.22) −0.19 (0.13) 0.02 (0.88)

Cetrimonium −0.31
(0.015) −0.04 (0.78) −0.15 (0.26) 0.23 (0.07) −0.2 (0.13) −0.28

(0.027) −0.24 (0.06)

Decamethonium −0.26
(0.043) −0.04 (0.75) −0.06 (0.65) −0.26

(0.047)
−0.23
(0.072) −0.23 (0.07) −0.24

(0.056)
Gemcadiol −0.29

(0.021)
−0.004
(0.98) −0.06 (0.63) −0.25

(0.049) −0.14 (0.29) −0.25
(0.056) 0.24 (0.066)

Clofilium −0.28
(0.026) 0.23 (0.079) −0.19 (0.14) −0.25

(0.051) −0.14 (0.29) −0.27
(0.03) −0.06 (0.64)

1-[[4,5-Bis(4-
methoxyphenyl)-2-

thiazolyl]carbonyl]-4-
methylpiperazine

−0.13 (0.33) −0.15 (0.24) −0.29
(0.025) −0.17 (0.19) −0.28

(0.029) −0.17 (0.19) 0.04 (0.78)

Zindotrine −0.03 (0.82) 0.17 (0.18) 0.05 (0.68) −0.28
(0.03) −0.19 (0.15) 0.04 (0.74) −0.31

(0.015)

Eliglustat −0.04 (0.78) −0.01 (0.94) −0.26
(0.04)

−0.27
(0.036) −0.1 (0.44) −0.16 (0.22) −0.01 (0.93)

3-(Azepan-1-ylsulfonyl)-
N-(3-

bromophenyl)benzamide
−0.02 (0.87) −0.25

(0.054)
−0.26
(0.04) −0.08 (0.54) −0.11 (0.43) −0.08 (0.53) −0.25

(0.047)

Among them, the compound Telaglenastat (CB-839), a glutaminase 1 (GLS1) inhibitor,
was significantly negatively correlated with our causal signature in five out of the seven cell
lines. This compound has been shown to be therapeutically efficacious in treating both
bleomycin- and transforming growth factor-β1-induced pulmonary fibrosis in mice [32].
GLS1 inhibition is also shown to regulate collagen production in human lung myofibrob-
lasts by promoting its stabilization [32,33]. Collagen production plays a central role in the
pathogenesis of IPF with excessive collagen deposition leading to lung tissue stiffening and
impaired gas exchange. Similarly, the kinase inhibitor Merestinib targets the tyrosine kinase
receptor MET (hepatocyte growth factor) and is being investigated as a potential anti-cancer
therapy candidate [34]. The MET-signaling pathway has been implicated in the epithelial-
mesenchymal transition (EMT) and fibroblast activation in IPF [35,36]. Consequently, MET
has been proposed as a functional marker and an actionable target in IPF [37]. Our analysis
also highlighted Cilostazol, a Phosphodiesterase 3 (PDE 3) inhibitor approved for use as an
antiplatelet agent and vasodilator, for the symptomatic relief of intermittent claudication.
Other studies have demonstrated its antifibrotic effects in a rat model of liver fibrosis [38]
and cardiac fibrosis in mice [39]. We also identified the ROCK inhibitor Fasudil, which
is known to ameliorate experimental pulmonary fibrosis by inhibiting mechanosensitive
signaling in myofibroblasts [40] (File S6).

2.8. Causal Candidate Genes and Small-Molecule Targets

To understand the potential mechanism of actions (MOAs) associated with some of
the top small-molecule compound hits explicitly to IPF, we computed functional enrich-
ment analysis by combining the 145 mediator candidate genes and drug targets (Figure 5).
Specifically, we obtained targets genes for Cilostazol (68 genes), Telaglenastat (5 genes),
and Merestinib (16 genes) from the PubChem [41] database (File S7). In the combined gene
set several IPF-related processes were enriched including fibroblast proliferation (12 genes;
FDR B&H = 7.03 × 10−6), fibroblast apoptotic process (7 genes; FDR B&H = 3.32 × 10−6),
and extracellular matrix organization (17 genes; FDR B&H = 2.82 × 10−5). Additionally,
we also observed enrichment of human lung cell type marker genes [42] from prolifer-
ating basal cells (21 genes; FDR B&H = 2.14 × 10−3), adventitial fibroblasts (10 genes;
FDR B&H = 8.49 × 10−3), and differentiating basal cells (7 genes; FDR B&H = 0.011). Also,

175



Pharmaceuticals 2025, 18, 1304

we found 10 genes (FDR B&H = 4.56 × 10−8) associated with IPF from the DisGeNET
database [43].

Figure 5. Functional enrichment network of significant mediator genes and drug targets of top hit
small molecules. The mediator genes are represented as yellow elliptical nodes while the drug targets
are represented in blue, green, or magenta colors. Targets genes of Cilostazol are highlighted in blue,
while the green and magenta nodes represent the target genes of Merestinib and Telaglenastat, respec-
tively. Enriched functional terms relevant to IPF are shown in turquoise-colored rectangular nodes.
The network was generated using Cytoscape application (v3.10.3) and the functional enrichment
was carried out using ToppFun application of the ToppGene Suite (https://toppgene.cchmc.org/;
last accessed on 25 August 2025).

Furthermore, to illustrate the connectivity (protein–protein interactions—PPIs) be-
tween the mediator genes and the small-molecule targets, we also constructed a joint
interactome (Figure S2). In total, we found 67 mediator candidates directly interacting
with at least one drug target gene. We also observed a significant number of interactions
between the targets genes of the three small-molecule compounds (Figure S2). We used the
ToppGene tool suite (https://toppgene.cchmc.org/; last accessed on 25 August 2025) [44]
to run the functional enrichment analysis and to obtain the interaction network (File S7).
The network visualization was carried out using the Cytoscape application (v3.10.3) [45].
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3. Discussion

In this study, we presented a therapeutic target and compound discovery approach by
combining unsupervised network analysis, statistical mediation analysis, and Deep Learn-
ing (DL) models. We applied this framework to IPF and identified 16 non-overlapping
gene modules, including 7 candidate modules significantly upregulated in the phenotype.
From these modules, we identified 145 mediator gene candidates with significant medi-
ation effects, after adjusting for confounders. These genes are hypothesized to cause the
sample group differences by being involved in high-level pathways or biological processes
(modules) [9]. Indeed, several of them were found to be localized in pro-fibrotic niches in
the lung tissue. We also identified 35 known drug targets among these mediator genes.
Additionally, machine learning models using these mediator genes demonstrated their
predictive ability to categorize IPF samples from healthy controls and also for classifying
severe and advanced IPF cases from controls with strong performance metrics.

The significant mediator genes were used as the phenotype signature for compound screen-
ing to identify small-molecule candidates that can potentially reverse the IPF phenotypic effects.
By using Spearman rank-order correlations between the IPF signature and drug perturbation
profiles, we identified more than 120 compounds with significant negative correlations with
the IPF signature across different cell lines. Several of our identified candidate drugs have been
reported to have therapeutic (antifibrotic) effects in in vitro and animal models. Functional
enrichment analysis has shown several IPF-relevant pathways and processes shared between
the causal mediator genes and the targets of the top hit small molecules. Further validation
studies centered around some of the other small-molecule candidates are warranted to identify
new therapeutic strategies for attenuating or reversing lung fibrosis.

Phenotype-based compound screening is generally considered systematic and compre-
hensive as it utilizes drug-induced gene expression profiles as readouts [2]. In comparison
to previous methods, our methodology has the advantage of combining network analysis
with causal inference, using bidirectional mediation models, to generate phenotype-specific
signatures. This gives us the ability to potentially encode high-level causal mechanisms in
these signatures. Consequently, the screened molecules are hypothesized to be safe and effica-
cious. Moreover, we used a customized DL model [2] for predicting robust drug perturbation
profiles across multiple cell lines from otherwise noisy expression data (See Materials and
Methods). Our customized model offers higher coverage by predicting expression profiles in
the best inferred genes (BING) space instead of just the 978 landmark genes [19]. This enables
capturing more comprehensive and relevant phenotypic signatures for a robust compound
screening process. Our framework, including the experiments in the IPF use case, can be
freely accessed from https://doi.org/10.5281/zenodo.16935145, accessed on 25 August 2025.

Our approach does hold certain limitations. Firstly, our mechanism-driven compound
screening approach is highly dependent on the input signature and the quality of the
gene expression profiles used in the analysis. Irrelevant target genes within the signature
can lead to false-positive small-molecule hits. Secondly, our mediation models assume
linear relationships between the phenotype and the modules and therefore cannot identify
non-linear effects. Also, unmeasured confounding effects can impact the statistical me-
diation models, which in turn can influence the causal phenotype signatures used in the
compound screening step. Hence, proper attention should be given to test and adjust for
all possible confounding variables during the mediation analysis step. Additionally, noisy
and unreliable perturbation profiles can lead to unsuccessful compound hits. To manage
this issue, we utilized a DL model that employs an effective data augmentation technique,
which can extract useful information from noisy or unreliable expression profiles [2]. Fi-
nally, the LINCS data is based on cancer cell lines and may not accurately represent the
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physiology of non-cancerous tissues. Therefore, additional targeted validation experiments
with relevant model systems are required to test the therapeutic hypotheses generated from
implementing our framework.

As a future direction, we plan to develop compound screening approaches that can
leverage single-cell expression profiles and spatially resolved cellular niches towards drug
discovery applications. Using such frameworks, we can also include cell–cell interaction
information to potentially capture and adjust for off-target activity of the identified drug
compounds. With the help of interpretable DL models, non-linear relationships between
drugs, targets, and phenotypes can be efficiently captured and better understood.

4. Materials and Methods

4.1. WGCNA and Candidate Correlated Modules

The weighted gene co-expression network analysis (WGCNA) framework is useful
for identifying modules of highly co-expressed genes. Briefly, WGCNA uses pairwise
Pearson correlations for constructing gene networks and converts them into topological
overlap matrices that encode relative gene interconnectedness within the network [8].
Then, average linkage hierarchical clustering with adaptive branch pruning is implemented
to identify modules of strongly co-expressed genes (Figure 2B) [46]. We used signed
co-expression networks with the power parameter (β = 8) chosen based on the scale-
free topology criterion (Figure 2A) [8]. Additionally, the cluster sensitivity parameter
(deepSplit) was set to the default value of 2 to achieve balanced clusters with a minimum
module size set to 100 genes. Then, module eigengenes were identified to compute the
module-level correlations with the phenotype status and any available clinical variables.
These eigengenes are generally considered to be a module representative summarizing
the expression patterns within a module and are identified through principal component
analysis (PCA). Additionally, to assess the significance of the module-trait correlations, we
calculated the Student asymptotic p-values for each correlation distribution (Figure 2C).
Candidate modules were filtered using a significance threshold of p-value < 0.05.

4.2. Mediation Analysis and Candidate Causal Genes

We implemented statistical mediation analysis to reveal the causal relationships between
the modules and the phenotype. Specifically, we used the CWGCNA package [9] to construct
mediation models using the WGCNA module, the phenotype status, and the module genes.
CWGCNA uses bidirectional models to test two causal directions: (a) the forward direction of
the module driving the phenotype via the gene (module → gene → phenotype), and (b) the
reverse direction of phenotype causing the module changes via the gene (phenotype → gene
→ module). These tests, conducted using the inverse probability weighting (IPW) method [47],
help clarify the cause and the mediators of a given phenotypic condition. In both models, the
module genes are used as the potential mediator and tested for their mediating effect. For
each gene, the proportion mediated was computed by combining both the natural and the
indirect effects, and 95% confidence intervals (CIs) were estimated via bootstrapping (100
times). Next, consistent mediator genes were chosen based on the significance and magnitude
of the direct and indirect effect terms. Additionally, CWGCNA applied a bagging-SMOTE
(synthetic minority oversampling technique) framework to prevent the sample size differences
from influencing the mediation analysis step [9].

We applied mediation analysis models using the seven modules that showed positive
correlations with the IPF phenotype (Figure 3). Before this, type-III ANOVA analysis was
implemented to test for any significant confounding effects. Both gender and smoking status
were determined to be significant confounding variables for the phenotype status. Next, we
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tested the mediation effects of each module gene from the seven correlated modules, in both
the forward and reverse directions. In total, we identified 145 genes with significant mediation
effects uniquely in the forward direction (causal to phenotype). These genes were used in all
the downstream analyses, including the phenotype-based compound screening step.

4.3. Machine Learning Models for Biomarker Analysis

For identifying a subset of biomarker candidate genes, we used generalized linear
models (GLMs) that were trained with the elastic net penalty [28]. These models use the
individual gene expression profiles as the input and are trained to predict the sample
phenotype status. We implemented a leave-one-out cross-validation (LOOCV) approach to
perform parameter tuning. In each training experiment, 70% of all samples were randomly
picked for training the model and performing parameter tuning, and the remaining 30% of
the test samples were used for model evaluation. The area under the curve (AUC) values
of both precision-recall curves and the receiver operating characteristic (ROC) curves were
computed to quantify the performance of these trained models. Furthermore, we conducted
100 distinct randomized experiments with separate training and validation data splits to
compute robust evaluation metrics by averaging them across all the runs. Finally, in our
IPF case study, we followed the same framework for models in both the training dataset
(GSE150910) and the independent transcriptomic cohort (GSE213001).

4.4. DeepCE Model for Small-Molecule Screening

For screening small-molecule candidates, we followed the mechanism-driven approach
used in [2]. Specifically, we used a modified version of the DeepCE model trained to predict
the small-molecule perturbation profiles. It uses a graph neural network (GNN) to model
the chemical sub-structure information [48] encoded in the form of a compound graph.
Additionally, DeepCE also employs a network embedding model [49] for encoding gene–
gene interaction networks [50]. It is trained using the expression profiles from the level 5
LINCS L1000 dataset (based on 978 landmark genes) [19]. DeepCE also includes experimental
information, such as the cell line information and the drug dosage, in the model training step.
Furthermore, a data augmentation technique is used, wherein a high-quality training set is
first generated to train the model. The trained model is then used to predict and filter the
gene expression profiles associated with the unreliable experiments in the L1000 data [2].

To increase the coverage of the small-molecule perturbation profiles, we trained a new
DeepCE model using the level 5 L1000 data of 10,174 BING genes (978 landmark + 9196 well-
inferred genes with high fidelity). We reused the original hyperparameter values and
followed the same procedure to train the new model by selecting the gene expression
profiles from the seven most popular cell lines (MCF7, A375, HT29, PC3, HA1E, YAPC,
HELA) and the six most popular dosages (0.04 μm, 0.12 μm, 0.37 μm, 1.11 μm, 3.33 μm,
10.0 μm). We reused the high-quality signatures to train the new model and predicted the
perturbation levels of approximately 2000 small molecules and nearly 6000 compounds
from the BROAD Drug Repurposing Hub [23] across all seven cell lines. The model training
was conducted on a HP Z4 workstation with Intel(R) Xeon(R) W-2133 CPU 3.60 GHz, 64 GB
RAM, and Nvidia Quadro RTX 8000 GPU. For screening the candidate compounds, we use
Spearman rank-order correlations between the causal phenotype signature (Section 4.2) and
the predicted perturbation profiles. We also computed the p-values for these correlations
using a hypothesis test whose null hypothesis is that the drug and the signature have no
ordinal correlation. Finally, compounds that demonstrated significant negative correlations
with the phenotype signature across multiple cell lines were shortlisted as likely drug
repurposing candidates.
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Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/ph18091304/s1. Figure S1: Venn diagrams representing the overlaps be-
tween the significant mediators and the marker genes of three pro-fibrotic niches (Panel A) and
the upregulated genes in IPF subtypes (Panel B). Figure S2: Interactome network of the significant
mediators and the target genes of the top small-molecule candidates (Cilostazol, Telaglenastat, Mer-
estinib). File S1: Network analysis results after implementing the WGCNA algorithm on the IPF
RNA-seq data. File S2: Output file from the statistical mediation analysis step centered around the
candidate modules chosen using a network analysis framework. File S3: Lists of significant mediator
genes enriched in pro-fibrotic niches from a spatial transcriptomics study in IPF. File S4: Lists of
mediator genes significantly upregulated in three distinct IPF subtypes (severities). File S5: Results
from running generalized linear models (GLM) on an independent validation dataset (GSE213001)
for identifying candidate biomarkers. File S6: List of small-molecule compounds (and their correla-
tions with the IPF phenotype signature) shortlisted using the DeepCE DL model. File S7: Enriched
functional terms and the joint interactome of significant mediator genes and the targets of the top
small-molecule candidates shortlisted by the DL model.
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Abstract: Background/Objectives: Chronic inflammation and inappropriate NLRP3 in-
flammasome regulation are related to many brain diseases. Purinergic mediators may play
an important role in inflammation regulation and could be targeted for effective therapies
for these illnesses. We evaluated resveratrol’s anti-neuroinflammatory potential in BV-2
microglia cells using an innovative in vitro method of NLRP3 inflammasome activation,
correlating with the P2X7 purinergic receptor. Methods: In silico analyses were used to
estimate resveratrol’s interaction with NLRP3, and its cytotoxicity was measured for 24, 48,
and 72 h. Moreover, microglia were exposed to lipopolysaccharide and nigericin to activate
the NLRP3 inflammasome and treated with resveratrol between these inflammatory agents.
Results: It was found that resveratrol has binding compatible with modulating NLRP3.
Specifically, 0.1–25 μM of resveratrol presented a favorable safety profile in BV-2 cells.
Microglia exposed to the inflammatory agents had increased levels of oxidative species,
the P2X7 receptor, and pro-inflammatory cytokines. However, resveratrol decreased the
NLRP3, caspase-1, IL-1β, IL-6, and TNF-α mRNA levels and protein density; on the other
hand, IL-10 was increased, acting as a protector, preventing exacerbated inflammation.
Under resveratrol exposure, P2X7 was negatively expressed, regulating inflammation to
establish homeostasis and microglial proliferation. Additionally, resveratrol activates the
A1 adenosine receptor, possibly correlated with neuroprotective effects. Conclusions: We
confirmed the anti-neuroinflammatory action of resveratrol via the P2X7 receptor and
NLRP3’s combined modulation, regulating the cell cycle and reducing pro-inflammatory
and oxidant agents. Considering this pathway, resveratrol could be a candidate for further
investigations as a potential treatment against neuroinflammatory diseases.
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1. Introduction

Inflammation is a natural organism’s protective response against pathogens and
stressors [1]. In the central nervous system (CNS), microglia and astrocytes are the primary
immune defense cells, which can express the proteins that form the NOD-like receptor
family pyrin domain-containing 3 (NLRP3) inflammasome and activate it [1–3].

The NLRP3 inflammasome is a multiprotein complex formed by the proteins NLRP3
and pro-caspase-1 and the apoptosis-associated adapter protein containing the CARD
domain (ASC) [2]. The union and activation of these molecules involve the presence of
pathogens (viruses, bacteria, parasites, fungi) or tissue damage (reactive oxygen or nitrogen
species release, ROS and RNS, respectively). Immediately after NLRP3 activation, active
caspase-1 (CASP-1) is released, followed by interleukin-1 beta (IL-1β) and interleukin-18
(IL-18), resulting in the subsequent pro-inflammatory cascade [2–5]. The priming and
activation mechanisms are the primary regulators of NLRP3. Priming occurs through
recognizing pathogen-associated molecular patterns (PAMPs), such as lipopolysaccharide
(LPS) found in some bacteria, or damage-associated patterns (DAMPs), which increase
the mRNA transcription of inflammatory components [6,7]. The entire NLRP3 activation
process comprises assembly and activation steps. Decreases in the intracellular potassium
and calcium ion levels and the production of ROS can act as activation signals. Nigericin
(NIG) leads to the induction of potassium efflux, a potent activator of the NLRP3 inflam-
masome [7,8].

It is essential to mention that the purinergic system is an expressive contributor to the
immune response and the NLRP3 inflammasome’s activation. The purinergic pathway in-
volves receptors and molecules that act as extracellular signals to modulate many processes
in the body [9,10]. When activated/expressed, the purinergic receptors P2X7 (which binds
adenosine triphosphate) and A1 (which binds adenosine) are responsible for developing
inflammatory and neuroprotective responses, respectively [11–13]. Interestingly, there
are some studies involving psychiatric and neurodegenerative diseases, as well as neuro-
toxoplasmosis, that show a strong relationship between the P2X7-NLRP3-IL-1β pathway
and the illness’s pathophysiology, mainly in terms of the inflammatory response [14–18].
Despite the A1 receptor being able to attenuate the inflammatory response and inhibit the
activation of immune cells [13,19], there is still a lack of knowledge of the A1 receptor’s
involvement within the NLRP3 inflammasome and P2X7 receptor context.

Chronic inflammation and inappropriate NLRP3 inflammasome regulation in the
brain have been associated with degenerative, psychiatric, and parasitic diseases, such as
Alzheimer’s disease, Parkinson’s disease, schizophrenia, bipolar disorder, major depression,
and neurotoxoplasmosis [20–24]. These diseases have complex pathophysiologies and are
considered increasingly common public health problems worldwide [25,26]. Additionally,
treating these illnesses is very difficult, and many research groups look forward to the
development of scientific investigations into new possible therapies for these diseases.
MCC950 is an example of a molecule that has been studied to attenuate inflammation;
however, this agent can present toxicity by inhibiting NLRP3 completely [27].

On the other hand, natural health products are being studied, considering their medic-
inal effects, associated with antioxidant and anti-inflammatory actions [28,29]. Resveratrol
(RSV) is a natural polyphenol, found in the skins and seeds of grapes, blueberries, black-
berries, and peanuts, that has gained scientific attention [30–32]. This polyphenol has
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pleiotropic action, mediated by multiple molecular pathways, showing remarkable bio-
logical properties and potential therapeutic benefits in several experimental models, as
demonstrated in a review study [30]. These multiple properties of RSV are of interest in
conditions where oxidative stress, dysregulated inflammation, and excessive cell death
play a central role in the pathophysiology, as observed in neurodegenerative diseases and
inflammation in microglial cells, for example [30–33].

RSV has demonstrated the ability to act as a potent antioxidant, both through the
direct scavenging of ROS and through the modulation and induction of antioxidant en-
zymes, such as superoxide dismutase and catalase, often via the activation of the nuclear
factor erythroid 2-related factor 2 pathway, in 3D neuronal culture in pro-inflammatory
conditions [30,34]. Its anti-apoptotic action was observed in cellular protection against pro-
grammed death, mediating the expression of Bcl-2 proteins and caspase activity in a study
with rats exposed to a pesticide and treated with RSV [35], promoting cellular survival
and homeostasis [30,31]. In addition, RSV exerts significant anti-inflammatory actions,
inhibiting the activation of pro-inflammatory pathways such as nuclear factor kappa B
and the consequent reduction in pro-inflammatory cytokine production and modulating
the expression of enzymes such as COX-2 and iNOS [30,33]. Notably, RSV has also been
associated with NLRP3 inflammasome and purinergic signaling modulation (the targets of
this study), suggesting its therapeutic potential through controlling chronic inflammation
and the consequent complications [33,34,36–39].

Despite this, the proof of these modulations using a methodology considering the
NLRP3 inflammasome’s activation has not been considered. Therefore, we aimed to
evaluate the anti-neuroinflammatory potential of RSV through in silico methods and via an
innovative in vitro method of NLRP3 inflammasome activation (examining the preventive
effect of RSV on the inhibition of inflammasome protein oligomerization) in microglia
cells (BV-2 cell line), with a particular focus on the pathway involving the A1 and P2X7
purinergic receptors.

2. Results

2.1. RSV Has Binding Affinity for the PYD Domain of NLRP3

An in silico analysis was performed to evaluate the interaction of RSV with the PYD re-
gion of NLRP3 and compare it with the MCC950 inhibitor. As expected, with data obtained
by molecular docking, the best target affinity result was for MCC950 (−8.4 kcal/mol). For
RSV, the calculated value was −6.7 kcal/mol. The concentration of 12.27 μM of RSV was
obtained in our results as capable of inhibiting half of the NLRP3 activity. However, for
MCC950, the estimated Ki was 696.25 nM. The root mean square deviation (RMSD) values
were 0.480 Å for RSV and 0.541 Å for MCC950, compatible with target binding (Table 1).

Table 1. Molecular docking between the PYD domain of NLRP3 and RSV or MCC950 ligands.

Ligand Affinity (kcal/mol) Estimated Ki RMSD (Å)

RSV −6.7 12.27 μM 0.480
MCC950 −8.4 696.25 nM 0.541

Figure 1 demonstrates the primary conformation possibility and the bond types
between the RSV (Figure 1A,B) or MCC950 (Figure 1C,D) atoms and the PYD target domain
of NLRP3. Highlighting RSV, the existing bonds with the NLRP3 inflammasome are
hydrogen bonds, Pi–Sigma, stacked Pi–Pi, and Pi–alkyl, with the amino acids leucine (A:39),
asparagine (A:60), leucine (A:55), phenylalanine (A:59), and proline (A:40) (Figure 1B).
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Figure 1. (A) Interactions between the PYD domain of the NLRP3 protein and RSV, highlighting
its hydrophobicity; (B) 2D map of interactions between the PYD domain of the NLRP3 protein and
RSV, highlighting the amino acid residues that participate in the bonds and the types of bonds;
(C) interactions between the PYD domain of the NLRP3 protein and MCC950, highlighting the
regions of hydrogen bond formation; (D) 2D map of interactions between the PYD domain of the
NLRP3 protein and MCC950, highlighting the amino acids that participate in the bonds and the types
of bonds.

Molecular dynamics simulations were carried out to evaluate the structural stability
of the complexes formed between the PYD domain of NLRP3 (PDB ID: 2NAQ) and the
ligands MCC950 and RSV. The APO form was also simulated as a comparative control. An
analysis of the RMSD revealed that the APO system maintained average stability of 2.26 Å
(±0.33 Å), while the RSV complex exhibited the lowest average RMSD of 2.17 Å (±0.33 Å),
indicating the favorable accommodation of the ligand within the binding site. In contrast,
the MCC950 complex showed a higher average RMSD of 3.25 Å (±0.60 Å), suggesting
greater conformational flexibility throughout the simulation (Figure 2A; Table 2).

Root mean square fluctuation (RMSF) analysis revealed that terminal residues exhib-
ited higher mobility, as expected. However, differences were also observed in internal
regions: the MCC950 complex displayed slightly higher fluctuation peaks compared to the
APO form, whereas the RSV complex showed a marked reduction in the mobility of the
central region of the PYD domain, suggesting a stabilizing effect (Figure 2B).
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Figure 2. (A) Root mean square deviation (RMSD) of the simulations for the APO, MCC950, and
RSV systems; (B) root mean square fluctuation (RMSF) per residue for the APO, MCC950, and RSV
systems; (C) per-residue binding free energy contributions of MCC950 and RSV to the PYD domain
(PDB ID: 2NAQ).

Table 2. Root mean square deviation (RMSD), radius of gyration (Rg), and solvent-accessible surface
area (SASA) statistics for the APO, MCC950, and RSV systems, obtained throughout 100 ns molecular
dynamics simulations.

Ligand

RMSD SASA Rg

Average
(Å)

Standard
Deviation

(Å)

Average
(Å2)

Standard
Deviation

(Å2)

Average
(Å)

Standard
Deviation

(Å)

APO 2.26 0.33 5975.17 226.85 22.59 1.87
RSV 2.17 0.33 5751.66 231.06 21.55 1.22

MCC950 3.25 0.60 5802.91 209.53 27.03 2.18

The radius of gyration (Rg) indicated distinct structural compactness among the
systems: the MCC950 complex showed the most significant expansion (27.03 Å ± 2.18),
followed by the APO form (22.59 Å ± 1.87), while the RSV complex exhibited the highest
degree of compactness (21.55 Å ± 1.22), reinforcing its ability to restrict protein flexibil-
ity (Table 2). Binding free energy analysis using the MM/GBSA approach confirmed
the higher binding affinity for RSV (−22.44 ± 5.91 kcal/mol) compared to MCC950
(−13.63 ± 11.08 kcal/mol), with significant contributions from both electrostatic and van
der Waals interactions in the case of RSV (Table 3).

Table 3. Binding free energy (ΔG_bind) components calculated by MM/GBSA for the complexes
between the NLRP3 PYD domain and the ligands MCC950 and RSV. Mean values and standard
deviations were obtained from 100 snapshots extracted from the last 10 ns of the simulation.

Molecule ΔEvdW ΔEele ΔGGB ΔGnonpol ΔGMM/GBSA

RSV −31.9652 ± 2.9491 −23.0579 ± 4.0545 37.3798 ± 3.1234 −4.7990 ± 0.2427 −22.4423 ± 5.9119
MCC950 −22.4536 ± 7.2380 −0.6858 ± 5.3272 12.4086 ± 6.4026 −2.9039 ± 1.0302 −13.6347 ± 11.0825

Finally, the energy decomposition per residue highlighted Leu39, Pro40, Leu55, and
Phe59 residues as the main contributors to the binding of both ligands. RSV showed a
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more favorable interaction with Leu39 (ΔG = −3.57 kcal/mol), while MCC950 interacted
more intensely with Ile37 (ΔG = −2.40 kcal/mol) (Figure 2C).

2.2. RSV Decreases Cell Viability Without Increasing the Oxidative Profile

To evaluate its safety, the murine microglia BV-2 cell line was initially exposed to a
concentration curve of RSV (0.01–100 μM) for 24, 48, and 72 h (Figure 3). Figure 3 represents
a concentration–response curve according to the exposure times. The statistical differences
can be observed in Supplementary Material S1, were the same results are demonstrated in
a column graph to facilitate their visualization.

Figure 3. Concentration–response curve of RSV in the microglial cells (BV-2 cell line)—in vitro safety
profile. (A) Cell viability for 24, 48, and 72 h exposure to RSV; (B) dsDNA free content for 24, 48,
and 72 h exposure to RSV; (C) nitrite levels for 24, 48, and 72 h exposure to RSV; (D) ROS levels for
24, 48, and 72 h exposure to RSV. SNP—sodium nitroprusside. The experiments were performed
in triplicate. The statistical analysis is demonstrated in Supplementary Material S1 (with the same
results in a column graph) and was conducted by one-way ANOVA followed by the Tukey post hoc
test. Data are expressed as mean values ± SEM.

During the 24 h incubation period, BV-2 cells showed a decrease in cell viability
when exposed to concentrations of 0.01 μM (33.67% reduction, p < 0.0001), 10 μM (39.27%
reduction, p < 0.0001), 25 μM (44.28% reduction, p < 0.0001), 50 μM (72.22% reduction,
p < 0.0001), and 100 μM (72.75% reduction, p < 0.0001) when compared to the control
(Figure 3A). In addition, membrane damage could be observed when testing the free
dsDNA content in the supernatant. Only concentrations of 0.01 μM (p = 0.0065), 50 μM
(p < 0.0001), and 100 μM (p < 0.0001) significantly increased this parameter (104.4%, 183.5%,
373.1%, respectively) compared to the control (Figure 3B). Increases in the oxidative profile
were not observed; only a decrease in ROS was found under 0.1 μM (p = 0.0102), 1 μM
(p = 0.0235), 50 μM (p = 0.0009), and 100 μM (p = 0.0005) concentrations (38.93%, 35.98%,
46.86%, and 48.28% reductions, respectively) (Figure 3C,D).

After 48 h of incubation, the decreases in cell viability were maintained under 0.01 μM
of RSV (25% reduction compared to the control, p = 0.0011). Moreover, 5 and 10 μM
of RSV decreased the cell viability to 25.65% (p = 0.0007) and 30.32% (p < 0.0001) when
compared to the control, respectively. The most significant reduction was observed at 25,
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50, and 100 μM of RSV (79.74%, 77.89%, and 86.80% reduction compared to the control,
p < 0.0001). Only 100 μM of RSV increased the dsDNA levels (71.83% compared to the
control, p < 0.0001) (Figure 3A,B). Unlike what was observed in 24 h, changes in the ROS
levels were not observed; however, there was a decrease in the nitrite levels when the cells
were exposed to 25, 50, and 100 μM concentrations of RSV (33.82%, 34.28%, and 36.10%
reductions, respectively, when compared to the control group, p < 0.0001) (Figure 3C,D).

At 72 h of incubation, cell viability was reduced at 0.01 μM of RSV, repeating the
other results (28.68% reduction compared to the control, p < 0.0001). The two highest
concentrations of RSV reduced the cell viability more harmfully, presenting significance of
p < 0.0001 (50 μM—73.11% and 100 μM—80.15% reduction in cell viability when compared
to the control) (Figure 3A). Decreases in oxidative parameters were also observed at
this time, at concentrations of 50 and 100 μM for nitrite (49.38%; 47.83%, respectively,
p < 0.0001) and 10 and 25 μM for ROS (16.86%—p = 0.0003; 14.13%—p = 0.0037, respectively)
(Figure 3C,D). Changes were not observed for the dsDNA release test (Figure 3B).

2.3. Microglia with Activated NLRP3 and Pre-Treated with RSV Arrest Cell Cycle

BV-2 microglial cells were exposed to signals to activate the NLRP3 inflammasome.
As expected, cellular oxidative stress was generated for the activation control (LPS + NIG),
with an increase in ROS (p < 0.0001) and nitrite (p = 0.0124) levels. Moreover, the decrease
in cell viability was confirmed by the MTT test when compared to the control group
(p = 0.013) (Figure 4A–C). MCC950, used as an inflammasome inhibitor control, reduced
the ROS and nitrite levels and increased the cell viability compared to the activation control
(p < 0.0001; p = 0.0001; p = 0.0007, respectively) (Figure 4A–C).

RSV was added to this protocol to evaluate its potential preventive effect in terms of
inhibiting inflammasome protein oligomerization. RSV preventive treatment increased the
cell viability when compared to the activation control at 0.1, 1, 25, and 100 μM concentra-
tions (p = 0.0130; p < 0.0001; p = 0.0183; p < 0.0001, respectively) (Figure 4A). Additionally,
all concentrations of RSV tested were able to reduce nitrite significantly, as well as the ROS
levels generated in the in vitro NLRP3 inflammasome activation model, when compared
to the activation control (LPS + NIG) (p < 0.0001, only 5 μM, p = 0.0002, for nitrite levels)
(p < 0.0001 for all RSV concentrations in ROS levels) (Figure 4B,C).

Cell cycle measurement was performed to verify the cell proliferation index
(Figure 4D–F). The activation control (p = 0.0012), the MCC950 inhibitor (p = 0.0021), and
all concentrations of RSV (p = 0.0051; p = 0.008; p = 0.0004, respectively) increased the
G0/G1 phase compared to the control. MCC950 (p = 0.0482) and 10 μM (p = 0.0114)
and 25 μM (p = 0.0043) of RSV also increased this phase when compared to the activa-
tion control (LPS + NIG) (Figure 4D). However, only the activation control increased the
S phase (p = 0.0412), while MCC950 and RSV had the opposite effect, with a decrease com-
pared to the control group (MCC—p = 0.0439; 10 μM—p = 0.0025; 25 μM—p = 0.0035)
and activated cell group (MCC—p = 0.0013; 10 μM—p = 0.0029; 10 μM—p = 0.0002;
25 μM—p = 0.0003) (Figure 4E). In the G2/M phase, only a decrease was observed (acti-
vation control—p = 0.0019; MCC—p = 0.0029, 1 μM—p = 0.0053; 10 μM—p = 0.0046; 25 μM—
p = 0.0010; compared to the control group), with no difference between the activation control
(LPS + NIG) and the inhibition control (MCC) and RSV preventive treatments (Figure 4F).

Figure 4G illustrates the microglia exposed to inflammasome activation conditions
and RSV preventive treatment at 1, 10, and 25 μM concentrations. It is possible to observe
that the group exposed to LPS + NIG presented fewer cells compared to the control. These
cells also showed a different morphology (from fusiform to circular). On the other hand,
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when cells were treated with MCC950 or 1, 10, or 25 μM of RSV, the number of cells and
morphology seemed to be at least partially recovered.

Figure 4. Effects of RSV on cell viability, oxidative profile, and cell cycle of BV-2 cells subjected to
the NLRP3 activation protocol. (A) Cell viability; (B) nitrite levels; (C) ROS levels; (D–F) phases
of cell cycle; (G) illustrative image of BV-2 cells and their respective treatments. Scale bar: 100 μm.
The experiments were performed in triplicate. The statistical analysis was conducted using one-way
ANOVA followed by the Tukey post hoc test. p < 0.05 was considered significant. Data are expressed
as mean values ± SEM. * means comparison to the control group; # means comparisons to the
activation group (LPS + NIG).
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2.4. P2X7 and A1 Receptors Are Altered by RSV Treatment in Active Microglia

NLRP3 activation control increased P2X7 expression (p = 0.0104) and the protein den-
sity (p = 0.003) (compared to the control group), contributing to exacerbated inflammation
and the constant formation of the NLRP3 inflammasome (Figure 5A,C). Meanwhile, the
10 and 25 μM concentrations of RSV (p = 0.0164; p= 0.0048, respectively) and MCC950
(p = 0.0330) restored the P2X7 expression, reducing the values when compared to the acti-
vation control (Figure 5A). Only 1 μM of RSV decreased the P2X7 levels compared to the
control (p = 0.0013) and activation control (p = 0.0002) (Figure 5A). The relative protein
density of P2X7 was reduced when using MCC (p = 0.008) and 10 μM RSV (p = 0.0009); the
reduction is more evident in RSV compared to the activation control (Figure 5C).

Figure 5. Effects of RSV on the purinergic receptor in BV-2 cells subjected to the NLRP3 activation
protocol. (A) P2X7 expression by flow cytometer analysis; (B) A1 expression by flow cytometer
analysis; (C) relative protein density of P2X7 receptor by Western blot analysis; (D) relative protein
density of A1 receptor by Western blot analysis; (E) Western blot analysis showing the respective
protein bands. The experiments were performed in triplicate. The statistical analysis was conducted
using one-way ANOVA followed by the Tukey post hoc test. p < 0.05 was considered significant. Data
are expressed as mean values ± SEM. * means comparison to the control group; # means comparisons
to the activation group (LPS + NIG).

A1 receptor expression and protein levels were reduced in the NLRP3 activation
control (LPS + NIG; p = 0.0100; p = 0.0017, compared to the control group) (Figure 5B,D).
The MCC950 treatment showed overexpression of the A1 receptor (p = 0.0013, compared
to the control and p = 0.0072 compared to the activation control—LPS + NIG) (Figure 5B).
Additionally, all RSV concentrations increased this receptor’s expression when compared to
the control (1 μM—p = 0.0042; 10 μM—p = 0.0035; 25 μM—p = 0.0017) and activation control
(1 μM—p = 0.0008; 10 μM—p = 0.0007; 25 μM—p = 0.0004) (Figure 5B). Moreover, 10 μM
of RSV was sufficient to reestablish the A1 relative protein density, with no differences
between the control and activation control (p = 0.0027) (Figure 5D). Figure 5E demonstrates
the protein bands corresponding to P2X7 and A1, utilized to calculate the relative protein
density (entire membranes are given in Supplementary Material S2).

2.5. NLRP3, CASP-1, and Cytokines Are Restored with RSV in Microglia Exposed to
Inflammasome Activation Conditions

The mRNA levels and relative protein density of NLRP3, CASP-1, IL-1β, IL-6, TNF-α,
and IL-10 in microglial cells exposed to NLRP3 inflammasome activation conditions and
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pre-treated with RSV prior to NLRP3 inflammasome oligomerization were determined in
this study (Figures 6 and 7).

All mRNA levels of the pro-inflammatory gene increased in cells exposed to LPS +
NIG (activation control), compared to the negative control (p < 0.0001) (Figure 6A–E). On
the other hand, for IL-10, no significant increase was observed (Figure 6F). The MCC950
inhibitor was potent in decreasing all pro-inflammatory mRNAs (Figure 6C–E), NLRP3,
and CASP-1 (Figure 6A,B) when compared to the activation control (LPS + NIG) (p < 0.0001).
An increase in IL-10 was detected compared to the control (p = 0.0011) and the activation
control (p = 0.0413) (Figure 6F).

When added to the cells as a pre-treatment, RSV showed overexpressed pro-
inflammatory mRNA levels compared to the control (Figure 6A–E). Nevertheless, RSV was
satisfactory in reducing inflammasome components (NLRP3 and CASP-1) when compared
to the activation group (LPS + NIG) using 1 μM (p < 0.0001), 10 μM (p < 0.0001), and
25 μM (p < 0.0001; p = 0.0151) (Figure 6A,B). In addition, a decrease in the IL-1β (1 μM—
p = 0.0004; 10 μM—p = 0.0062; 25 μM—p = 0.0009), IL-6 (1 μM—p < 0.0001; 10 μM—
p = 0.0001; 25 μM—p = 0.0022), and TNF-α (1 μM—p = 0.033; 10 μM—p = 0.0048; 25 μM—
p < 0.0001) mRNA levels was evident when compared to the activation control (LPS + NIG)
(Figure 6C–E).

Although the mRNA levels for IL-10 did not present statistically significant results in
the activation control, the MCC inhibitor (p = 0.0413) and 1 and 10 μM of RSV (p < 0.0001)
increased this measure, presenting more significance than MCC950; 1 μM and 10 μM of
RSV elevated the IL-10 mRNA levels compared to the activation control (Figure 6F).

Figure 6. RSV modulation in the inflammatory mRNA levels in BV-2 microglial cells under exposure
to NLRP3 inflammasome activation conditions. (A) NLRP3 mRNA levels; (B) caspase-1 mRNA
levels; (C) IL-1β mRNA levels; (D) IL-6 mRNA levels; (E) TNF-α mRNA levels; (F) IL-10 mRNA
levels. The experiments were performed in triplicate. The statistical analysis was conducted using
one-way ANOVA followed by the Tukey post hoc test. p < 0.05 was considered significant. Data are
expressed as mean values ± SEM. * means comparison to the control group; # means comparisons to
the activation group (LPS + NIG).
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Figure 7. Western blot analysis shows RSV modulation in the relative protein density of inflammatory
markers. (A) Relative protein density of NLRP3; (B) relative protein density of caspase-1; (C) relative
protein density of IL-1β; (D) relative protein density of IL-6; (E) relative protein density of TNF-α;
(F) relative protein density of IL-10; (G) Western blot analysis showing the respective protein bands.
The experiments were performed in triplicate. The statistical analysis was conducted using one-way
ANOVA followed by the Tukey post hoc test. p < 0.05 was considered significant. Data are expressed
as mean values ± SEM. * means comparison to the control group; # means comparisons to the
activation group (LPS + NIG).
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The intermediate concentration of RSV (10 μM) was tested for Western blot analysis
to perform protein density quantification (Figure 7), and the respective protein bands are
shown in Figure 7G (entire membranes are given in Supplementary Material S2). The
density of NLRP3 and CASP-1 was increased in microglia exposed to inflammasome
activation conditions (p = 0.0008; p < 0.0001); however, MCC (p = 0.0025; p = 0.0006) and
RSV (p = 0.0231; p < 0.0001) were effective in reducing these proteins (Figure 7A,B).

Pro-inflammatory cytokines (IL-1β, IL-6, and TNF-α) increased in cells with activated
inflammasomes (Figure 7C–E), in agreement with the mRNA level results (p = 0.048; p = 0.009;
p = 0.0023). MCC and 10 μM of RSV restored the protein levels of these markers, showing
statistical significance only concerning the activation control (LPS + NIG) (Figure 7C–E). For
IL-1β, the p values were 0.0201 and 0.0147, respectively. For IL-6, p = 0.0012 for MCC and p =
0.0004 for 10 μM RSV. The TNF-α p values were 0.0298 and 0.0316, respectively.

Again, although IL-10 did not show any difference between the control and activation
control, 10 μM of RSV was effective in increasing the levels of this anti-inflammatory
cytokine (p = 0.0347 compared to the control and p = 0.0262 compared to the activation
control) (Figure 7F).

3. Discussion

RSV is a polyphenol found in more than 70 plant species, such as peanuts and
grapes [30,32]. Many studies have already demonstrated that RSV has medicinal effects
related to the ability to modulate several inflammatory pathways, including the inflamma-
some [34–37,40]. However, there is no proof obtained through a methodology that uses
priming and assembly signals of NLRP3 in microglia. Therefore, this research adopted an
innovative method to prove the inhibitory action of RSV on the NLRP3 inflammasome in
association with the P2X7 and A1 purinergic receptors for the first time.

Initially, we evaluated, through in silico methods, the existence of ligation between
RSV and the PYD region of the NLRP3 inflammasome, as this is the same domain where
MCC950, a well-known NLRP3 inhibitory molecule, is capable of interacting to block its
oligomerization [41,42]. Thus, it was also possible to compare the inhibitory potential of a
synthetic molecule and one obtained from products of natural origin.

The affinity values between the target and ligand indicate biological compatibility be-
tween RSV and NLRP3 inflammasome PYD. However, the most promising result was pre-
sented by MCC950, indicating higher interaction potential than RSV. However, since MCC950
is a complete NLRP3 inhibitor, the results obtained for RSV could indicate a positive aspect as
a partial inhibitor, perhaps bringing the NLRP3 inflammasome to basal levels under inflam-
matory situations. The RMSD measures the distance between the ligand atoms and the target,
with values less than 2 Å indicating the quality of the methodological process [43,44]. From
this metric, it can be seen that RSV and MCC950 are compatible with the PYD domain.

The results for Ki reflect the ligand concentration necessary to inhibit half of the
target’s maximum activity; the lower this value, the greater the inhibitory potential of the
molecule. Despite the lower value for MCC950 (696.25 nM), it is highlighted that this result
is an estimate calculated from the three-dimensional conformations of the target and ligand
molecules and their binding energies. These values cannot correspond to those found in
biological experimental models [43,44].

Although the molecular docking results are better for MCC950, it can be proven that RSV
has a favorable inhibitory affinity, with a negative value of 6.7 and 12.27 μM necessary to inhibit
half of the NLRP3 activity. MCC950, as a synthetic compound, can cause adverse effects when
used as a treatment and act as a total inhibitor of NLRP3 [27]. Natural agents can be partial
modulators, reducing intense inflammatory activations but without inhibiting what would be
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basal and consequently presenting fewer adverse effects [27,45,46]. Thus, this is a promising
natural compound that can inhibit the NLRP3 complex by binding in the PYD domain.

Despite the above, our in silico results also demonstrate that RSV has a simple molecu-
lar structure and exhibits exceptional affinity for the PYD domain of NLRP3, with binding
free energy values (ΔG = −22.44 ± 5.91 kcal/mol) that are significantly more favorable than
those observed for the reference inhibitor MCC950 (−13.63 ± 11.08 kcal/mol). These find-
ings not only corroborate previous reports on the ability of RSV to modulate inflammatory
pathways through multiple mechanisms [31,33] but also validate our experimental data,
which demonstrated its effectiveness in reducing NLRP3, caspase-1, and IL-1β expression
in activated microglia (discussed below).

Molecular dynamics analysis revealed that the RSV–PYD complex exhibited lower
structural fluctuations (RMSD = 2.17 ± 0.33 Å) compared to both the APO system
(2.26 ± 0.33 Å) and MCC950 (3.25 ± 0.60 Å), indicating the remarkable stabilization
of the binding site. This pattern was confirmed by the reduced fluctuation in key residues
(RMSF) and greater overall structural compactness (Rg = 21.55 ± 1.22 Å), suggesting that
RSV effectively restricts PYD domain mobility. This effect may explain its unique ability to
inhibit inflammasome oligomerization in vitro without causing the complete suppression
characteristic of irreversible inhibitors such as MCC950.

The per-residue energy decomposition analysis highlighted fundamental differences in
binding modes: while RSV showed stronger interaction with Leu39 (ΔG = −3.57 kcal/mol),
MCC950 preferentially bound to Ile37 (ΔG = −2.40 kcal/mol). This distinction reflects the
fact that different pharmacological profiles of RSV promote more balanced modulation by
stabilizing regions critical for PYD oligomerization, whereas MCC950 acts more drastically.
These theoretical findings correlate well with our experimental results, in which RSV
preserved microglial homeostasis by simultaneously reducing P2X7 expression and the
ROS levels while increasing IL-10 and A1 receptor expression, for example.

Our observations corroborate findings that demonstrate the ability of flavonoids
derived from Euterpe oleracea (apigenin, catechin, and epicatechin) to modulate NLRP3
activation [47,48]. Although RSV was not evaluated in these studies, our data indicate that
it shares similar structural and dynamic properties with these phenolic compounds, inter-
acting with the same PYD domain and promoting conformational stabilization compatible
with functional inhibition. This convergence of mechanisms reinforces the therapeutic
potential of natural NLRP3 modulators, which combine anti-inflammatory efficacy with
cellular homeostasis preservation, as evidenced by the absence of cytotoxicity and positive
modulation of anti-inflammatory pathways.

Remarkably, RSV surpassed the flavonoids in terms of binding affinity (ΔG = −22.44
kcal/mol vs. −7.1 to −21.14 kcal/mol), suggesting potential advantages in potency and
interaction stability. These findings position RSV as an outstanding therapeutic candidate
for conditions driven by NLRP3 hyperactivation, offering a unique balance between efficacy
and safety. Thus, RSV emerges as a natural NLRP3 modulator with dual potential to inhibit
exacerbated inflammation through the conformational stabilization of the PYD domain while
simultaneously preserving cellular homeostasis by modulating anti-inflammatory pathways—
a distinctive pharmacological profile that clearly differentiates it from synthetic inhibitors
such as MCC950.

Therefore, aiming to use RSV as a treatment for neuroinflammatory diseases through
the modulation of the NLRP3 inflammasome, we prioritized analyzing this molecule isolated
in microglial cells of the murine BV-2 cell line in the second stage. Through basic tests, we
verified possible changes in cellular homeostasis that RSV could cause by itself. In this context,
it is important to note that we used a specific positive damage control for each test (MTT
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and PicoGreen—dimethylsulfoxide (DMSO) reagent; nitrite levels—sodium nitroprusside
(SNP) reagent; ROS levels—H2O2 reagent), which guaranteed the functionality of the test and
that the results presented were reliable. Unusual behavior of the DMSO and H2O2 controls
for dsDNA, as well as the ROS levels, was observed during the time periods analyzed. It is
important to mention that each incubation time had a positive control due to the capacity of the
cells (in general) to try to recover their homeostasis, even under stress conditions. This capacity
for recovery could explain why we observed a difference between the incubation periods
for dsDNA and ROS release in the control groups, which is not conducive to comparing
the results of these controls at different times (24 versus 48 versus 72 h). Furthermore, the
DMSO and H2O2 results (raw data) were normalized to those of the negative control group
for each corresponding incubation time. Despite this, using these positive controls, we found
a statistically significant increase in dsDNA and ROS release for all incubations, proving that
the assay performed reflected the real results. Therefore, we considered the RSV concentration
curve (0.01–100 μM) at three exposure times (24, 48, and 72 h).

Few metabolic cell changes are observed at intermediate RSV concentrations
(0.1–25 μM) in BV-2 cells. Only the two highest (50 and 100 μM) deserve attention and
indicate that caution is needed for their use, since more significant changes that are harmful
to cells could be seen, especially when p < 0.001, as demonstrated. Furthermore, for these
concentrations, a cell viability reduction is evident for all analyzed times. Interestingly, the
lowest concentration of RSV (0.01 μM) decreased the cell viability at all times analyzed.
Concentration-dependent effects are not necessarily expected when using natural product
molecules (as observed here). This effect could be explained by the hormetic pharmacology
phenomenon, which is found in many products when applying a curve composed of many
concentrations, including RSV [49–51]. In addition, when RSV was in contact with cells
for 72 h, cells that were still alive showed an increased proliferation rate compared to
previous incubation times (24 and 48 h). This effect could occur due to RSV’s beneficial
properties, perhaps providing a suitable environment for cellular growth based on its
bioactive properties, as well as its antioxidant capacity, for example [32,33,52].

According to the results, there was considerable membrane damage with the exposure
of free dsDNA in the supernatant, indicating cell disruption/death and harmful changes to
cellular metabolism and homeostasis. The dsDNA release levels are not dependent on the
time of exposure to RSV. We observed that the statistical changes were more significant in
the first time period—24 h. The nuclease enzymes present in the medium or secreted by
the cells degrade DNA, which would explain the significant decrease in dsDNA levels at
48 and 72 h. Another explanation for our results is the antioxidant and pro-survival effects.
For example, after an initial cell death response and DNA release (especially at higher
concentrations), surviving cells may activate autophagy or repair mechanisms (through
RSV’s action), reducing the continued release of extracellular DNA.

According to these explanations, it is suggested that the safest concentrations of RSV
to be used in vitro and to treat inflammatory diseases are between 0.1 and 25 μM. The
results presented here are the concentrations used in scientific references that have applied
RSV in models of diseases that affect the CNS and present inflammatory characteristics,
ranging from 5 to 25 μM [53–55].

Recent research found that RSV is safe in concentrations lower than 25 μM in RAW 264.7
cells, and, from 50 μM, the cell viability decreases by 64.42% [56]. Additionally, a review
study indicates that RSV’s cytotoxic effects are directly affected by cellular mitochondria, per
our findings, as measured via the succinate dehydrogenase viability in the MTT test [57].
Concentrations above 50μM are cytotoxic as they impair cellular energy homeostasis, affecting
respiration, the mitochondrial structure, and the membrane potential. They activate the cell
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death pathway through apoptosis, with changes in calcium homeostasis, the activation of
caspases, and the release of cytochrome c [57–59]. However, at low concentrations (<50
μM), RSV can activate cytoprotective mechanisms by increasing antioxidant protection and
reducing ROS and NO, including at the mitochondrial level [57,60].

After confirming the in silico interaction of RSV with the NLRP3 PYD domain and
studying the behavior of microglia exposed to this molecule, we continued to evaluate it in
an innovative model of NLRP3 inflammasome activation in the BV-2 cell line of microglia.
Our results, for the first time, reveal the preventive mechanism of action of RSV in this
pathway through the P2X7 receptor, avoiding NLRP3 oligomerization.

Cells exposed to the inflammasome activation conditions (LPS + NIG) demonstrated
impaired cell viability, along with an increase in nitrite and ROS levels. NLRP3 inflamma-
some activation decreases the mitochondrial activity of the enzyme succinate dehydroge-
nase, leading to mitochondrial dysfunction and the release of ROS and reactive nitrogen
species, such as NO. This mechanism could be explained by the passage of electrons,
which should transit between the mitochondrial complexes for ATP formation but now
pass through the pore openings of the mitochondrial membrane, leading to the greater
production of ROS and NO [61–63]. Inverse results were observed for MCC950.

Regarding RSV, mainly at the 25 μM concentration, it recovered cell viability; this effect
was statistically similar to that in the control group but different from that in the activation
control. Surprisingly, all concentrations of RSV reduced the levels of nitrite and ROS compared
to the activation control. Still, the 5 and 10 μM concentrations for nitrite and 1 μM for ROS
stood out, as some concentrations did not show a statistical difference from the negative control
but only from the activation control. RSV reduces ROS production and nitrite levels through
multiple interconnected mechanisms [30,52]. It acts as a direct antioxidant by scavenging ROS
such as superoxide anion and peroxynitrite and inhibits the activity of NADPH oxidase, a
primary source of ROS in inflammatory cells [30,60]. It activates the Nrf2 pathway, promoting
the expression of antioxidant enzymes (superoxide dismutase, catalase, and glutathione
peroxidase, for example), and modulates nitric oxide synthase activity, inhibiting iNOS under
inflammatory conditions, thereby reducing excessive NO production and subsequent nitrite
levels [34]. Additionally, it improves mitochondrial function via the activation of SIRT1 and
exerts anti-inflammatory effects by inhibiting the NF-κB and MAPK pathways, contributing
to a cellular environment with lower oxidative and nitrosative stress [57,64]. Bartra et al. [55]
confirmed the protective effects of RSV via the modulation of the SIRT1, Nrf2, and NF-κB
pathways in order to reduce inflammation and induce antioxidant enzymes. Furthermore,
they propose that SIRT1 mediates the antioxidant and anti-inflammatory mechanisms in
LPS-activated microglial cells [55].

Therefore, 1, 10, and 25 μM were chosen for the cytometer and RT-qPCR analyses and
10 μM for protein density measurement (an intermediate concentration of RSV used in the
curve, which had an effect in the initial experiments).

The cell cycle results may confirm the microglial activation, with a significant increase
in cells in the S phase under LPS + NIG exposure, characterizing the cell cycle arrest in
this phase, induced by pro-inflammatory factors [65]. The increase in cells at the S phase
suggests that these cells do not complete the cell cycle and achieve the G2/M phases.
These results could explain why we observed a decrease in cellular viability/number in
the MTT assay for the LPS + NIG group. Microglia, when active, recruit immune system
components, including NLRP3 inflammasome activation [65–67]. Meanwhile, MCC950
again showed the opposite results, remaining in the G0/G1 phase of cell rest, blocking
replication, and reducing intense cell proliferation and possible uncontrolled inflammation.
All RSV concentrations (1, 10, and 25 μM) increased the G0/G1 phase, compared to the
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cell and activation controls, indicating the existence of microglia in a resting period or in
preparation for division. However, in the S phase, only the activation control increased
this parameter, while RSV had the opposite effect compared to inflamed cells. It can be
assumed that RSV can slow down or even block the activated cell’s replication, remaining
at rest for longer. Only a decrease in the G2/M phase was observed, with no difference
between the activation or inhibition controls and RSV pre-treatments. It is believed that,
due to the short protocol time (6 h), it was impossible to visualize the complete replication
cycle of microglia (12–24 h) without changes in this G2/M phase.

Depending on the cell type and pathophysiological context, RSV can affect the cell
cycle through different mechanisms. For example, in hepatocellular carcinoma cells, it
can induce G2/M phase arrest [68]. In mononucleated cells from rat brains induced in a
model of multiple sclerosis, RSV exhibited similar actions to those found in our research,
with a decrease in the S phase and an increase in the cell rest phase [69]. Furthermore,
in another study, 25 μM of RSV decreased cell proliferation, verified by analyzing the
cycle of astrocytes and microglia in an in vitro Alzheimer’s disease model, suggesting that
inhibition of the NF-κB pathway is responsible for preventing cell cycle progression in
inflammatory conditions [70].

The purinergic receptor P2X7 is activated during inflammation, while the A1 receptor
activates neuroprotective/anti-inflammatory mechanisms [11–13,71]. The analysis of these
receptors in cells with an activated NLRP3 inflammasome is essential to verify the mod-
ulation of inflammatory processes and evaluate the inflammatory balance and bioactive
properties of RSV in this context, which has not yet been reported.

The P2X7 receptor (activated by extracellular ATP) is essential in releasing inflammatory
cytokines, such as IL-1β and IL-18, and activating the NLRP3 inflammasome [11]. The A1
receptor acts as an anti-inflammatory mediator, activated by adenosine (an ATP metabo-
lite) to negatively regulate inflammation [13]. For example, it inhibits the production of
pro-inflammatory cytokines, modulates the activity of immune cells, and promotes tissue
protection in situations of cellular injury or stress [71]. Therefore, while P2X7 promotes
inflammation, A1 acts as an anti-inflammatory counterbalance. The interaction between
these receptors reflects the dynamic regulation of the inflammatory process. Dysregulation
of ATP and adenosine signaling is implicated in several chronic inflammatory diseases [72].
Examining the interaction between these receptors can reveal potential points of intervention.

Priming and assembly signals increase the P2X7 expression and protein levels, de-
veloping pro-inflammatory factors. P2X7 receptor activation can induce and activate the
NLRP3 inflammasome [16,73–75]. This process can be interconnected and crucial in reg-
ulating the inflammatory and immune response. It is essential for host defense, but, in
excess, it is also harmful [11,12,76].

The results reveal that the three RSV concentrations and MCC950 restored the expres-
sion values of this receptor compared to the control and activation control. Therefore, it is
suggested that RSV modulates the P2X7 receptor, controls neuroinflammation, and reduces
tissue damage generated by intense receptor and inflammasome activation.

Consequently, it can prevent the release of pro-inflammatory factors and regulate the
activation of the NLRP3 inflammasome, which, in an exacerbated manner, would cause
tissue damage [76,77]. At present, our results are the first to demonstrate the joint action of
RSV on the P2X7 receptor and the NLRP3 inflammasome.

For the A1 purinergic receptor, a loss of neuroprotective effects was observed through
a decrease in its expression and protein levels during NLRP3 activation, but, again, RSV
managed to reverse this effect, increasing A1 receptor expression and the protein density.
Among the mechanisms through which it exerts neuroprotective effects, the inhibitory
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capacity for the release of excitatory neurotransmitters, such as glutamate, stands out,
reducing neuronal excitotoxicity and attenuating the CNS inflammatory response by re-
ducing the production of pro-inflammatory cytokines—mainly TNF-α and IL-1β—and
inhibiting the activation of immune cells, such as microglia [13,19].

In a study with an animal model for intracerebral hemorrhage, it was seen that the
neuroprotective action of RSV was linked to the adenosine A1 receptor. This activation
resulted in an improvement in behavioral parameters in rats and also in the morphological
tissue characteristics of the brain and a decrease in the expression of TNF-α [78].

Some studies suggest that RSV exerts effects in terms of controlling ATP and ADP
degradation through the modulation of enzymes and purinergic receptors [38,79–81].
For this, we hypothesize that the stimulation of microglia with LPS and NIG promotes
cell activation and ATP release as a danger signal that binds to the P2X7 receptor. RSV
controls ATP degradation and release, explaining how this treatment regulates the receptor
(less expression) and reduces the NLRP3 mRNA levels and protein density. However,
the A1 receptor’s overexpression by RSV could be explained by adenosine-enhancing
agents inhibiting degradation and elevating the endogenous adenosine levels to control
the protective responses in the brain by potentiating A1 receptor activation [13,80].

The P2X7 receptor and the NLRP3 inflammasome in microglia proliferate (cell cycle),
inducing the production and release of pro-inflammatory cytokines, such as IL-6, IL-1β,
and TNF-α, to eliminate the stressor [65]. Upon analyzing the inflammatory mRNA and
protein levels, we can also confirm the direct action of RSV in modulating these cytokines.

Exposure to LPS + NIG increased the cytokine levels, which was reversed with the
use of RSV, attenuating the exacerbated inflammation. On the other hand, IL-10 is an anti-
inflammatory cytokine responsible for restoring cellular homeostasis in pro-inflammatory
conditions [82]. It was evident that 1 and 10 μM of RSV, when compared to the action
of MCC950, acted as a neuroprotector, with better results in increasing IL-10, inhibiting
microglial activation and inflammation.

Furthermore, the NLRP3 and CASP-1 mRNA and protein levels (inflammasome
components) were decreased with RSV pre-treatment. It is possible to note that ROS levels
are also reduced with RSV, which contributed to helping to restore the expression of these
inflammasome components, as, when increased, they function as inducers for the formation
and activation of NLRP3 [3,62]. Recent studies highlight the P2X7/NLRP3/IL-1β pathway
in neurological diseases [18,83–87]. In a mouse epilepsy protocol, the gene expression
of P2X7, NLRP3, and IL-1β was increased [83]. Moreover, in an animal model with a
depression-like phenotype, the P2X7/NLRP3/IL-1β pathway was noted as a potential
mechanism for the study of treatments that target this pathological condition [87].

RSV exhibits pleiotropic properties, and certain effects may only occur at specific
concentrations due to the modulation of multiple molecular pathways in a concentration-
dependent manner [30,50]. Evidence from the literature indicates that lower concentrations
of RSV (<50 μM) tend to activate cytoprotective and antioxidant pathways, such as SIRT1.
In contrast, higher concentrations (>50 μM) induce alterations in calcium homeostasis,
mitochondrial membrane potential disruption, and caspase activation, ultimately leading
to apoptosis—particularly in cancer cells [57,58]. In this context, Calabrese et al. [50] also
emphasize that high RSV concentrations are required to trigger pro-apoptotic mechanisms
in tumor cells, while concentrations below 50 μM are more associated with antioxidant
and anti-inflammatory effects [50]. Therefore, the cellular responses to RSV appear to
be concentration-dependent, which may explain the variability observed across different
studies and underscores the importance of considering the concentration as a key factor
when interpreting experimental outcomes.
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In summary, this is the first study that shows the anti-inflammatory potential of
RSV through the modulation of the NLRP3 inflammasome in association with purinergic
receptors, such as P2X7 and A1. This characterizes this scientific investigation as an
innovative approach, bringing new perspectives that will allow for future investigations.

4. Materials and Methods

4.1. Computer Simulation
4.1.1. Molecular Docking

Molecular docking simulations were performed to investigate the interaction between
RSV and the NLRP3 protein PYD region (pyrin domain). The AutoDock Vina software
version 1.1.2 (AD Vina) integrated with the AMDOCK tool was used [43,88]. The target was
the PYD domain of NLRP3, the same area where MCC950 inhibits the inflammasome [27].
The chemical structure of the PYD region was obtained from the Protein Data Bank (PDB ID:
2NAQ), and the ligand molecules, RSV (ID: 445144) and MCC950 (ID: 9910393), were obtained
from the PubChem database. The complexes formed were evaluated and analyzed regarding
their binding energy/affinity, inhibition constant (estimated Ki), and RMSD (distance between
atoms). The Functional Transformation SITE (FTSITE) tool was used to identify and visualize
binding sites between ligand targets [88]. Similar computational methodologies have been
employed in previous studies by our research group [47,89,90]. The molecular docking
process was carried out using the AMDOCK software 1.6.2 version, and Pymol 3.1 version
(Schrödinger, LLC, New York, NY, USA) was used for visualization and image generation.

4.1.2. Molecular Dynamics Simulation

The three-dimensional structures of the ligands were optimized at the HF/6-31G*
level using the Gaussian09 software [91], and partial atomic charges were calculated using
the RESP method [92]. System preparation was performed using the tLEaP module from
the AMBER package [93], applying the GAFF force field for the ligands and ff14SB for
the protein [94]. The PYD domain (PDB ID: 2NAQ) was protonated at physiological pH
(7.4) using the H++ server [95] and solvated in a TIP3P water box [96,97] with periodic
boundaries. Ions were added to neutralize the system and simulate an ionic strength of
0.15 M, reproducing physiological conditions.

The systems were subjected to a multi-step minimization protocol involving solvent
relaxation, the relaxation of protein hydrogens, the joint relaxation of protein and solvent
hydrogens, and global system minimization. The hybrid steepest descent/conjugate
gradient algorithm was used at all stages to ensure efficient energy convergence. This
protocol was developed based on methodologies previously established in our studies [48,
89,98]. The simulations were conducted for 100 ns in the isothermal–isobaric ensemble
(NPT), maintaining a constant temperature and pressure using a Langevin thermostat [99]
and Berendsen barostat [100]. The trajectories generated were used for structural analyses
and binding free energy calculations.

4.1.3. Generalized Born and Surface Area Continuum Solvation Calculations (MM/GBSA)

The affinity between the ligands and NLRP3 was quantified using the MM/GBSA
method [101], available in the AmberTools23 package [93]. The calculations were based
on 500 snapshots extracted from the last 10 ns of the molecular dynamics simulations.
The energy components considered included van der Waals interactions, electrostatic
contributions, polar solvation (generalized Born model), and non-polar solvation (solvent-
accessible surface area). Energy decomposition per residue was carried out to identify the
most relevant residues contributing to the stabilization of the complexes. The mathematical
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foundation underlying the binding free energy calculations has already been previously
published [102].

4.2. Microglia Cell Culture

A microglia cell line (BV-2) (Rio de Janeiro Cell Bank Code—0356, Rio de Janeiro, RJ,
Brazil) was cultured with RPMI-1640 medium (Vitrocell®, Campinas, SP, Brazil) modified to
contain 10 mM HEPES (Ludwig®, Alvorada, RS, Brazil) with 10% fetal bovine serum (FBS)
(Vitrocell®, Campinas, SP, Brazil) and supplemented with 1% of antibiotics (100 U/mL
penicillin; 100 mg/mL streptomycin) (Vitrocell®, Campinas, SP, Brazil). Cells were cultured
at 37 ◦C with 5% CO2 and atmospheric oxygen.

4.3. Resveratrol In Vitro Safety Profile

RSV was tested in BV-2 cells for its safety profile. RSV (C14H12O3; molecular weight
228, 25 g/mol; Sigma-Aldrich®, St. Louis, MO, USA) was initially diluted in DMSO (Sigma-
Aldrich®, St. Louis, MO, USA) and RPMI-1640 medium (1% DMSO in initial solution),
followed by dilutions into the culture medium, and added to the cells at concentrations
of 0.01, 0.1, 1, 5, 10, 25, 50, and 100 μM [103]. In RSV 100 μM, the existing percentage
of DMSO was 0.1% (non-toxic to BV-2 cells). The incubation times were 24, 48, and
72 h [47,104,105]. After incubation, the cell viability, extracellular double-strand DNA
quantity (dsDNA), nitrite (indirect nitric oxide—NO measurement), and ROS levels were
evaluated (Figure 8A). In this step, controls to induce cell damage were used: 15% DMSO
for cell viability and dsDNA, 10 μM SNP (Sigma-Aldrich®, St. Louis, MO, USA) for nitrite
levels, and 25 μM hydrogen peroxide (H2O2, Sigma-Aldrich®, St. Louis, MO, USA) for ROS
levels [47,104–107]. Moreover, the negative damage control (control) group was composed
of cells without treatment. It is important to mention that this experiment was conducted
in triplicate and with the corresponding assays.

Figure 8. An illustrated scheme of the in vitro experiments performed in this study. (A) Investigation
of RSV cytotoxicity in BV-2 cells. Microglial cells were exposed to a concentration curve of RSV for 24,
48, and 72 h, followed by cell viability, dsDNA, ROS, and nitrite level measurements; (B) scheme of
exposure to treatments that induced NLRP3 activation; (C) scheme of exposure scheme to treatments
that inhibited NLRP3 activation for the inhibition control; (D) scheme of exposure to RSV treatment to
test its action in the NLRP3 inflammasome; (E) list of measurements performed in (B–D) treatments.
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4.4. Resveratrol Pre-Treatment and NLRP3 Inflammasome Activation

Initially, 1 μg/mL of LPS (Sigma-Aldrich®, St. Louis, MO, USA) was added to the
microglia cells for 3 h [20,108]. After priming–inducing factor addition, the same cells
were treated with RSV (0.01–100 μM) for 2 h [20,103,109], followed by 10 μM NIG (Sigma-
Aldrich®, St. Louis, MO, USA) exposure for 1 h [47,109]. RSV was used to test its anti-
inflammatory capacity through the prevention of NLRP3 inflammasome oligomerization,
potentially acting as an inhibitor between the use of LPS (increases the inflammasome tran-
scription factors) and NIG (induces the assembly (oligomerization) of the inflammasome
proteins). As an inhibition control, 100 nM of MCC950 (Sigma-Aldrich®, St. Louis, MO,
USA) was added, between the use of LPS and NIG, for 2 h [20,109]. MCC950 is already
known to inhibit the oligomerization of the NLRP3 inflammasome’s ASC domain. We also
used an activation control; for this, LPS and NIG were added to the cells at the exact times
described here. This innovative in vitro protocol for the activation of the NLRP3 inflam-
masome followed guidelines from Zhou et al. [20], Davidson et al. [47], and El Sabbagh
et al. [109] with modifications. The experimental model is schematized in Figure 8B–E. Af-
ter all incubations, the cell viability, parameters related to oxidative stress, cell cycle arrest,
and the expression of purinergic receptors, cytokines, CASP-1, and NLRP3 were evaluated.
This experiment was conducted in triplicate, as well as the corresponding assays.

4.5. Experimental Assays
4.5.1. Determination of Cell Viability and Extracellular Double-Strand DNA

Cell viability was evaluated using the MTT assay. After the removal of the supernatant,
the cells were incubated with 20 μL of MTT reagent (3-(4,5-dimethyl-2-thiazolyl)-2,5-
diphenyl-2H-tetrazolium bromide) (Sigma-Aldrich®, St. Louis, MO, USA) at 5 mg/mL and
200 μL of PBS 1X for 1 h at 37 ◦C. After incubation, the reagent was removed and 200 μL
of DMSO was added to solubilize the formazan crystals generated by the mitochondrial
succinate dehydrogenase enzyme. Absorbance was determined at 560 nm in the plate
reader SpectraMax I3 (Molecular Devices, San Jose, CA, USA) [110].

dsDNA was quantified in the cellular supernatant using 96-well black plates. First,
10 μL of PicoGreen® dsDNA reagent (Thermo Fisher Scientific®, Waltham, MA, USA),
diluted 1:200 in Tris–EDTA 1X buffer, was added to 10 μL of the samples and 80 μL of Tris-
EDTA 1X buffer for 5 min at room temperature, avoiding light exposure. The fluorescence
intensity was determined at 480 nm of excitation and 520 nm of emission (SpectraMax I3,
Molecular Devices, San Jose, CA, USA) [111].

4.5.2. Nitrite and ROS Level Measurement Analysis

Using an indirect protocol to detect NO, organic nitrite was measured. First, 50 μL
of Griess reagent (sulfanilamide 1% and N-1-naphthylenediamine-bihydrochloride 0.1%,
proportion—1:1) was added to 50 μL of the supernatant sample for 15 min at room temper-
ature and under light protection. The absorbance was determined at 540 nm (SpectraMax
I3, Molecular Devices, San Jose, CA, USA) [112].

To measure ROS production, 0.1 mM of 2′-7′ dichlorodihydrofluorescein diacetate
(DCFH-DA) reagent (10 μL) (Sigma-Aldrich®, St. Louis, MO, USA) was added to 50 μL of
the sample and 100 mM of Tris–HCl buffer (65 μL). This assay was carried out using black
96-well plates. A fluorescence reading was performed at excitation of 485 nm and emission
of 520 nm after 1 h of incubation at room temperature with light protection (SpectraMax I3,
Molecular Devices, San Jose, CA, USA) [113].
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4.5.3. Cell Cycle Evaluation

With the three most effective concentrations of RSV determined through the previous
assays, the treatments were performed again to carry out the cell cycle evaluation. After
the treatment protocols, propidium iodide (PI) (Sigma-Aldrich®, St. Louis, MO, USA)
was used in this analysis. Cells were collected and washed with PBS 1X to remove the
medium and other debris. After washing, microglia were centrifuged at 1500 rpm for
5 min (low-speed differential centrifugation). The pellet cells were fixed with 70% ice-cold
ethanol and centrifuged again for 5 min at 1500 rpm. The cell pellets were resuspended in
a solution containing 0.05% Triton, 100 μg/mL RNase, and 50 μg/mL PI, following 30 min
of incubation at 37 ◦C. The BV-2 microglial cells were analyzed using a flow cytometer (BD
FACSVerse; BD Biosciences, San Jose, CA, USA), and the data were examined using the
FlowJo V10 software (FlowJo, Ashland, OR, USA) [114].

4.5.4. Flow Cytometer Analysis

The three most effective concentrations of RSV were determined previously via the
initial assays to perform the analysis of A1 and P2X7 receptor expression using a flow
cytometer (BD FACSVerse; BD Biosciences, San Jose, CA, USA), and the quantification was
performed using the FlowJo V10 software (FlowJo, Ashland, OR, USA). BV-2 microglial
cells were fixed in 4% paraformaldehyde (PFA) and washed with PBS containing 2%
FBS. Primary antibodies for A1 and P2X7 purinergic receptors (1:500, Life Technologies,
Carlsbad, CA, USA) were used in the samples for 35 min. After washing with PBS, Alexa
Fluor 555 or 647 secondary antibodies (1:500, Life Technologies, Carlsbad, CA, USA) were
added for the same incubation time. In the flow cytometer, forty thousand events were
acquired for the samples. Forward and side light-scatter signals were used to exclude dead
cells and debris [115].

4.5.5. RT-qPCR Analysis

RNA isolation followed the manufacturer’s standards, using Trizol reagent (TRI
Reagent—Sigma-Aldrich®, St. Louis, MO, USA). Samples were quantified (RNA ng/μL)
using a NanoDrop Lite (Thermo Fisher Scientific®, Waltham, MA, USA) and cDNA con-
version using a commercial iScritTM cDNA synthesis kit (Bio-Rad, CA, USA). IL-1β, IL-6,
IL-10, TNF-α, NLRP3, and CASP-1 mRNA quantification was conducted using specific
primers (Supplementary Material S3) (Ludwig®, Alvorada, RS, Brazil) and the components
provided in the commercial GoTaq® qPCR master kit (Promega, Fitchburg, WI, USA) in a
QuantStudio 5 real-time PCR device (ThermoFischer Scientific, Waltham, MA, USA). The
cycle conditions were as follows: 50 ◦C—2 min, 95 ◦C—2 min and 40 cycles of 95 ◦C—15 s
and 60 ◦C—30 s. The mRNA level data were analyzed using delta–delta Ct calculation and
relative expression conversion. It is important to mention that these analyses were carried
out using the three main concentrations of RSV that presented effective potential in the
initial experiments.

4.5.6. Western Blot Analysis

Finally, one concentration of RSV was selected to assess the protein expression of
different important proteins involved in the inflammatory cascade and purinergic system.
This selection was based on the intermediate concentration of RSV used in the curve. Mi-
croglia were homogenized in ice-cold radioimmunoprecipitation assay buffer with 1 mM
protease and phosphatase inhibitors. The protein concentrations were determined using
the Lowry methodology (Sigma-Aldrich). Samples were separated using sodium dodecyl
sulfate–polyacrylamide gel electrophoresis and transferred into nitrocellulose membranes
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(Amersham Biosciences, Slough, UK). After blocking, the membrane samples were in-
cubated overnight at 4 ◦C with primary antibodies: NLRP3 (dilution 1:500, Santa Cruz
Biotechnology, Santa Cruz, CA, USA), CASP-1 (dilution 1:500, Santa Cruz Biotechnology,
CA, USA), IL-1β (dilution 1:500, Santa Cruz Biotechnology, CA, USA), P2X7 receptor (dilu-
tion 1:500, Santa Cruz Biotechnology, CA, USA), A1 receptor (dilution 1:500, Santa Cruz
Biotechnology, CA, USA), TNF-α (dilution 1:500, Santa Cruz Biotechnology, CA, USA), IL-6
(dilution 1:500, Santa Cruz Biotechnology, CA, USA), and IL-10 (dilution 1:500, Santa Cruz
Biotechnology, CA, USA). Afterward, anti-rabbit or anti-mouse secondary antibodies were
incubated in these membranes (dilution 1:10.000, Santa Cruz Biotechnology) for 90 min at
room temperature. The membranes were incubated with an enhanced chemifluorescent
substrate (Amersham Biosciences) and analyzed with an Amersham Imager 600. The mem-
branes were reprobed and tested for β-actin immunoreactivity as a control for the protein
concentration. The band intensity was quantified via ImageJ 1.6.0 version to determine the
relative protein density [116].

4.6. Statistical Analysis

The results were plotted in Microsoft Excel (Microsoft Office Professional Plus 2019
Version) and then converted to percentages relative to the negative control. One-way
ANOVA was used to compare groups with a significance level of p < 0.05. Tukey’s post
hoc test was applied to correct multiple comparisons with α = 0.05. Data were statistically
analyzed in the GraphPad Prism 8.0 software (GraphPad Prism®, San Diego, CA, USA) and
presented as the mean ± standard error of the mean (SEM). Comparations with p < 0.05
were considered statistically significant.

5. Conclusions

The present study confirmed the anti-neuroinflammatory action of RSV in a BV-2 cell line
of microglia exposed to NLRP3 inflammasome activation conditions, highlighting the role of
P2X7 and A1 in this context for the first time. We demonstrated the inhibitory ligation of RSV
with the NLRP3 PYD domain by in silico methods. RSV preventive treatment can reduce pro-
inflammatory NLRP3 and CASP-1 levels by decreasing P2X7 cellular receptors while increasing
A1. Finally, RSV is a possible candidate for further investigations as a potential treatment against
neuroinflammatory diseases, especially for those characterized by the exacerbated activation of
the P2X7 purinergic receptor and NLRP3 inflammasome in their pathophysiology.

6. Limitations

This present study used in silico and in vitro methodologies and, for the first time,
presents the integration of purinergic receptors (P2X7 and A1) and the NLRP3 inflamma-
some, using RSV as a possible treatment to control neuroinflammation. However, this
study also has limitations. Here, we used a cell line obtained commercially. In this regard,
using primary cultured microglia, cerebral organoids (3D culture), and in vivo evaluations
could be promising alternatives to perform additional experiments to obtain similar and
complementary results. Indeed, by considering more complex models mimicking a living
organism, we could confirm and complement our findings.

Furthermore, this study did not evaluate the in vitro binding capacity of RSV with
the PYD domain of NLRP3. However, the results suggest that RSV can act as an anti-
inflammatory agent by regulating the NLRP3 mRNA levels and protein density. We also
emphasize that our experimental analyses focused on the cytokines NLRP3 and CASP-1,
which confirmed the action of RSV through priming signaling and the regulation of NLRP3
at the gene expression and protein density levels.
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It is important to mention that this study did not directly analyze its biological potential
in the NLRP3 assembly mechanism. On the other hand, our findings provide a potential
reference for other research groups interested in analyzing this specific mechanism. We suggest
that P2X7 acts as an induction mechanism for NLRP3 assembly, considering the elevated
levels of the CASP-1 protein detected by the Western blot analysis (pro-caspase-1 cleaved
to CASP-1 via inflammasome activation). In summary, RSV decreases the P2X7 purinergic
receptor’s expression, and we believe that it reduces inflammasome assembly and releases
pro-inflammatory markers, including CASP-1 and IL-1β. We strongly believe that our results
are relevant and contribute to the scientific literature, bringing new perspectives regarding the
mechanistic understanding of RSV’s anti-inflammatory effects through an innovative method
of NLRP3 inflammasome activation, highlighting the P2X7 receptor’s role in this context.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ph18070950/s1, Supplementary Material S1: RSV cytotoxicity
measurements in microglial cells (BV-2 cell line)—in vitro safety profile; Supplementary Material S2:
Complete membranes corresponding to the Western blot presented in Figures 7 and 8 of the article;
Supplementary Material S3: Primers forward (F) and reverse (R) for gene expression.
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Abbreviations

The following abbreviations are used in this manuscript:

ASC Apoptosis-associated adapter protein containing the CARD domain
CASP-1 Caspase-1
CNS Central nervous system
DAMPs Damage-associated patterns
DCFH-DA 2′-7′-Dichlorodihydrofluorescein diacetate
DMSO Dimethylsulfoxide
dsDNA Extracellular double-stranded DNA
FSB Fetal bovine serum
FTSITE Functional transformation SITE
IL-10 Interleukin-10
IL-18 Interleukin-18
IL-1β Interleukin-1 beta
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IL-6 Interleukin-6
LPS Lipopolysaccharide
MM/GBSA Generalized Born and surface area continuum solvation calculations
NIG Nigericin
NLRP3 NOD-like receptor family pyrin domain containing 3
NO Nitric oxide
NPT Isothermal–isobaric ensemble
PAMPs Pathogen-associated molecular patterns
PFA Paraformaldehyde
PI Propidium iodide
Rg Radius of gyration
RMSD Root mean square deviation
RNS Reactive nitrogen species
ROS Reactive oxygen species
RMSF Root mean square fluctuation
RSV Resveratrol
SASA Solvent-accessible surface area
SNP Sodium nitroprusside
TNF-α Tumor necrosis factor-alpha
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Abstract: Background: Oropouche virus (OROV), part of the Peribunyaviridae family,
is an emerging pathogen causing Oropouche fever, a febrile illness endemic in South
and Central America. Transmitted primarily through midge bites (Culicoides paraensis),
OROV has no specific antiviral treatment or vaccine. This study aims to identify
host-targeted therapeutics against OROV using computational approaches, offering a
potential strategy for sustainable antiviral drug discovery. Methods: Virus-associated
host targets were identified using the OMIM and GeneCards databases. The Enrichr
and DSigDB platforms were used for drug prediction, filtering compounds based on
Lipinski’s rule for drug likeness. A protein–protein interaction (PPI) network analysis
was conducted using the STRING database and Cytoscape 3.10.3 software. Four key
host targets—IL10, FASLG, PTPRC, and FCGR3A—were prioritized based on their
roles in immune modulation and OROV pathogenesis. Molecular docking simulations
were performed using the PyRx software to evaluate the binding affinities of selected
small-molecule inhibitors—Acetohexamide, Deptropine, Methotrexate, Retinoic Acid,
and 3-Azido-3-deoxythymidine—against the identified targets. Results: The PPI net-
work analysis highlighted immune-mediated pathways such as Fc-gamma receptor
signaling, cytokine control, and T-cell receptor signaling as critical intervention points.
Molecular docking revealed strong binding affinities between the selected compounds
and the prioritized targets, suggesting their potential efficacy as host-targeting antivi-
ral candidates. Acetohexamide and Deptropine showed strong binding to multiple
targets, indicating broad-spectrum antiviral potential. Further in vitro and in vivo vali-
dations are needed to confirm these findings and translate them into clinically relevant
treatments. Conclusions: This study highlights the potential of using computational
approaches to identify host-targeted therapeutics for Oropouche virus (OROV). By
targeting key host proteins involved in immune modulation—IL10, FASLG, PTPRC,
and FCGR3A—the selected compounds, Acetohexamide and Deptropine, demon-
strate strong binding affinities, suggesting their potential as broad-spectrum antiviral
candidates. Further experimental validation is needed to confirm their efficacy and
potential for clinical application, offering a promising strategy for sustainable antiviral
drug discovery.
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1. Introduction

In an era when climate change and urbanization contribute to the spread of neglected
diseases such as arboviruses (arthropod-borne viruses), the Oropouche virus (OROV) has
emerged as a significant yet underrecognized threat, causing outbreaks in tropical regions
such as Central and South America. Currently, no antivirals or vaccines are available to
prevent its transmission. Although no fatalities have been reported, OROV can lead to
systemic infections, affecting both the nervous and circulatory systems and potentially
resulting in severe complications [1]. The Oropouche virus (OROV) belongs to the order
Bunyavirales, family Peribunyaviridae, and genus Orthobunyavirus, classified under
the Orthobunyavirus oropoucheense species. It is characterized by a negative-sense, single-
stranded RNA genome enclosed within a spherical lipid envelope [2,3]. The transmission
of the virus occurs principally via the bites of midges (Culicoides paraensis) and to a lesser
extent by mosquitoes [4]. Epidemics of OROV have been reported in Brazil, Panama,
and Peru, and increasing cases are pointing toward broader dissemination [5]. Its clinical
features resemble other arboviral diseases including dengue fever, with fever, headache,
myalgia, and sometimes neurological complications [6]. Surprisingly, limited information
is available regarding the vectors responsible for the ongoing epidemic. Current evidence
indicates that, unlike many other arthropod-borne orthobunyaviruses, Oropouche virus
(OROV) is primarily transmitted by culicoid midges (Ceratopogonidae: Culicoides), rather
than by mosquitoes or ticks [7].

Historically, this virus, OROV, was first identified in Trinidad and Tobago during an
outbreak of febrile illness. Since its discovery, epidemics have been documented in various
countries across South and Central America, including Brazil, Peru, and Panama [8]. In
Brazil alone, the Oropouche virus has been responsible for over 500,000 reported cases,
with recent outbreaks linked to fatalities, suspected vertical transmission, and possible
associations with microcephaly in newborns. The true burden of Oropouche fever is likely
underestimated due to underreporting and inadequate surveillance. Additionally, the
limited availability of diagnostic methods, such as serology and RT-PCR, in resource-
constrained settings further hampers efforts to monitor and control the virus’s spread [9].
It, however, has no specific antiviral treatment or vaccine despite its epidemiological impor-
tance, given that further speculative research on possible suitable therapeutic interventions
to target the cellular factors of the host exploited by viruses for replication and survival is
quite a promising strategy in antiviral drug discovery. In contrast to direct-acting antivirals,
which often face obstacles emerging from viral mutations and resistance, host-targeted ther-
apeutics offer a much wider and perhaps more sustainable approach for the management
of viral infections.

For neglected diseases such as Oropouche virus (OROV), which lack targeted ther-
apeutic options, the integration of systems biology and computational drug discovery
represents a transformative approach to addressing emerging viral threats [10]. Although
the application of these strategies to arboviruses is still in its early stages, recent advances
in network pharmacology and multi-omics analyses have uncovered host dependency
factors essential for viral replication [11].

Despite the increasing public health threat posed by OROV, significant gaps remain
in our understanding of its molecular etiology and in the development of targeted thera-
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pies, highlighting a critical global research deficit. Current studies have largely focused
on epidemiological surveillance, with limited mechanistic insight into host–virus interac-
tions or immune evasion strategies [12]. Although host-targeted antivirals have shown
promise against other arboviruses such as dengue and Zika [13], similar approaches remain
largely unexplored for OROV, reflecting a broader trend of systematic neglect toward
underprioritized pathogens within global drug development pipelines.

While computational strategies like network pharmacology have proven effective in
identifying host-directed therapies for viruses such as SARS-CoV-2 [14], these methods
have yet to be applied to OROV. As a result, its druggable host pathways remain uncharted.
Furthermore, regional disparities in research funding have hindered the integration of
drug repurposing strategies [15], an essential component of pandemic preparedness, into
OROV-related investigations.

This study introduces a multi-layered computational framework that integrates
network-based target prioritization, robust molecular docking, and drug repurposing—a
cost-effective and efficient strategy particularly suitable for neglected diseases—to iden-
tify host-directed therapeutics against OROV. By mapping virus–host interactomes and
conducting functional enrichment analyses, we elucidate immune-modulatory pathways
(e.g., Fcγ receptor signaling, cytokine regulation) hijacked by OROV, thereby identifying
mechanistically relevant host targets (IL10, FASLG, PTPRC, FCGR3A) implicated in both
viral pathogenesis and immune homeostasis.

Our approach not only prioritizes repurposed drugs with established binding affinities
(e.g., Methotrexate, Retinoic Acid), but also mitigates the risk of resistance commonly
associated with direct-acting antivirals. Importantly, this work addresses a critical gap in
OROV research, which has traditionally focused on epidemiological surveillance rather
than mechanistic, host-targeted interventions.

The computational rigor of our method—including the application of Lipinski’s
rule-based filters, protein–protein interaction (PPI) network clustering, and Gene
Ontology (GO) term enrichment—ensures translational relevance. Furthermore, the
identification of druggable immune pathways offers broader implications for combat-
ing related arboviruses. By bridging systems biology with antiviral discovery, this
study provides a scalable and adaptable framework for rapid therapeutic development,
positioning host-targeted strategies as a cornerstone of pandemic preparedness in an
era of climate-driven arboviral emergence.

While this study presents a computational approach for host-directed antiviral can-
didate finding, further in vitro and in vivo validations are needed for confirming efficacy.
This study highlights the opportunities present in computational drug discovery to avert
the cry of any mathematical interludes ushered by OROV. By coupling network pharma-
cology with molecular docking, this finds sundry drug suggestions on basis of advanced
study in host-targeted therapeutics for the advancement of antiviral weaponry against
Oropouche virus infections.

2. Results

2.1. Targets for Virus

A total of 214 target genes were obtained from the OMIM and Genecard databases
after removing 110 duplicate genes. After that, those virus target genes were subjected
to mapping into the UniPort database in the condition in Homo sapiens where 7 genes
were not mapped and the other 207 targets were accepted for mapping. These 207 mapped
genes were used in other steps.
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2.2. Drug Prediction

We used the identified 207 genes for our drug prediction process to see which drugs
came out associated with the targets by using the DSigDB database. From that finding, top
10 compounds came out for drug use (Figure 1).

 

Figure 1. Volcano plot and bar chart for the selected top compounds. (A) In the volcano plot, each of
the compound is represented by each dot where odds ratio lies along the x-axis and −log10(p-value)
along the y-axis in relation to the enrichment results of the input query gene set. The term is further
ordered based on the set enrichment p-value for the supplied input gene set, where larger and darker
points signify greater terms. Moreover, the colors in this figure highlight significance levels, with
darker blue representing highly significant values and lighter shades indicating lower significance.
Gray points likely correspond to non-significant data, ensuring contrast in visualization. (B) Based
on the −log(p value), the top 10 enriched terms are displayed for the input gene set. These terms
have the highest overlap with the input query gene set. Moreover, the blue-colored bars correspond
to terms with significant p-values (<0.05).

2.3. Compound Selection

For known toxicity, compounds should be discontinued from the market as they do
not follow the criteria. Five compounds out of ten were removed from further study. The
other five molecules were selected, which followed most of the pharmacokinetic criteria
(Table 1).

Table 1. Different pharmacokinetic criteria.

Name Weight H-Bond Acceptor H-Bond Donor TPSA MlogP

3-Azido-3-deoxythymidine 267.24 g/mol 7 2 134.07 −1.25
Retinoic Acid 300.44 g/mol 2 1 37.30 -
Methotrexate 454.44 g/mol 9 5 210.54 −1.13
Deptropine 333.47 g/mol 2 0 12.47 −4.12

Acetohexamide 324.40 g/mol 4 2 100.72 1.12

2.4. Target Collection for Compounds

According to the different databases, a total of 561 targets were identified for 3-Azido-
3-deoxythymidine, 9540 targets for Retinoic Acid, 2691 targets for Methotrexate, 100 for
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Deptropine, and a total of 115 targets were collected for Acetohexamide. Furthermore,
those targets were used to map in the UniProt database by focusing on Homo sapiens, where
10,011 targets were mapped and 802 targets were not mapped and removed from the list.

2.5. PPI Network Analysis

From the previous analysis, 207 target genes were collected for the virus and
10,011 targets for potential drugs. By utilizing the Venny tool, we found out the
common targets for both specific viruses and compounds. The graph shows a total of
146 common targets (Supplementary Table S1, Figure 2A).

 

Figure 2. Screening the common targets and their networking interactions. (A) Venn diagram
showing the intersect targets. (B) Protein–protein interaction for common targets. (C) Top 20 proteins
among the targets. (D) List of top proteins with degree value.

The intersect genes were subjected to an insert into string for constructing a PPI
network that had 133 nodes and 597 edges (Figure 2B). We focused on the degree value
because a higher degree value means more interactions in the network and shows more
importance. We calculated the top 20 hub genes based on the degree value (Figure 2C).
The degree value for each top node is shown in Figure 2D. PTPRC, IL10, JUN, FCGR3A,
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EIF2AK2, LCK, IRF7, IRF3, FCGR2A, IFNAR, CD247, MTOR, SDC1, HDAC1, BST2, NRAS,
FCGR2B, FASLG, SLAMF1, and ISG15 were the identified key node proteins.

2.6. MCODE Analysis

To identify core therapeutic targets, the MCODE algorithm was applied, by which
we constructed a modular network. Different key functions, such as positive regulation of
cytokine production, response to virus, regulation of immune effector process, and positive
regulation in immune response, were identified from the topological analysis in Metascape
(Figure 3A). A subset network was generated to understand the relationship between
pathways and targets (Figure 3B). This network helps us to find out different important
functions of targets within different clusters. Moreover, Metascape performed MCODE
cluster analysis of the 146 intersect genes. That analysis provided three target modules for
treating Oropouche virus by using the selected compounds. These modules help to obtain
the biological pathways that might be present in therapeutic impacts on the virus infection.

 

Figure 3. Cluster module analysis diagram. (A) Highly enriched terms. The colors in the bars
represent the significance of different biological processes, pathways, or functions. Darker shades
indicate higher significance levels based on the −log10(p) value, while lighter shades represent
lower significance. This helps visually distinguish the most statistically relevant terms in the dataset.
(B) Sub-network formation on specific interaction. (C) Different cluster analysis.

MCODE 1 is enriched with three different pathway and eight genes, including FGR,
CD247, FCGR3A, ARPC5, ACTR2, FCGR1A, FCGR2A, and FCGR2B (Figure 3C, Table 2).
Additionally, MCODE 2 and MCODE 3 both showed three pathways, where EML4, NRAS,
MTOR, ZDHHC18, PIK3CD, and ALK are the genes present in MCODE 2 and NLRP3,
NLRC4, EIF2AK2, HDAC1, JUN, and MOV10 are for MCODE 3 (Figure 3C, Table 2).
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Table 2. Different MCODE cluster analysis.

Color MCODE GO Description log10(p)

Red MCODE_1 R-HSA-2029480 Fc-gamma receptor (FCGR)-dependent phagocytosis −17.9
Red MCODE_1 R-HSA-2029481 FCGR activation −17.3
Red MCODE_1 GO:0038094 Fc-gamma receptor signaling pathway −16.3
Blue MCODE_2 hsa05235 PD-L1 expression and PD-1 checkpoint pathway in cancer −11.9
Blue MCODE_2 WP4255 Non-small cell lung cancer −9.4
Blue MCODE_2 hsa05223 Non-small cell lung cancer −9.3

Green MCODE_3 R-HSA-3700989 Transcriptional regulation by TP53 −6.9
Green MCODE_3 R-HSA-9700026 Signaling by ALK in cancer −6.7
Green MCODE_3 R-HSA-9725370 Signaling by ALK fusions and activated point mutants −6.7

2.7. Gene Ontology and KEGG Pathway Analysis

To perform GO functional and KEGG pathway enrichment analysis, the 146 intersecting
genes were analyzed in the DAVID online platform. The analysis displayed a total of 312 entries,
where 162 were involved in biological process (BP) (Supplementary Table S2), 31 entries for
cellular component (CC) (Supplementary Table S3), 49 for molecular function (MF) (Supplemen-
tary Table S4), and 70 results for KEGG pathway (Supplementary Table S5). Innate immune
response, positive regulation of transcription by RNA polymerase II, defense response to virus,
immune response, and chromatin remodeling were present in biological process. The CC terms
displayed cytosol, cytoplasm, membrane, plasma membrane, and nucleus, while the MF terms
included organic cyclic compound binding, nucleic acid binding, identical protein binding,
enzyme binding, and DNA binding. Top 10 entries based on the gene count value are shown in
the enrichment bar chart (Figure 4A).

 

Figure 4. Gene ontology and KEGG pathway analysis. (A) Different gene ontology functions in bar
chart. (B) KEGG enrichment in bubble plot. (C) Different systems and actions of KEGG pathways.
(D) Pathway network for KEGG pathways.
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A total of 70 pathways were identified by the KEGG pathway analysis, where the
pathway in cancer and the herpes simplex virus 1 infection pathway had the highest gene
value (Figure 5). Another 20 pathways are presented in the bubble plots selected by p-value
(Figure 4B). Furthermore, all the 70 pathways of KEGG data were mapped based on actions
and functions, which selected 1 pathway in metabolism, 1 in genetic information process,
8 pathways in environmental information, 2 are present in cellular process, 18 in organism
systems, and human disease displayed 40 pathways (Figure 4C). Moreover, with the highest
amount of genes the top six pathways are presented in the chord diagram (Figure 4D).

 

Figure 5. Top 2 pathways based on the gene count value. Red stars indicate key regulatory nodes within
the pathway, highlighting critical molecular interactions associated with cancer progression and Herpes
simplex virus 1 infection. These elements represent significant genes or proteins involved in cellular
signaling and disease mechanisms. (A) Pathway in cancer. (B) Herpes simplex virus 1 infection.

2.8. Target to Pathway Network

Using the Cytoscape 3.10.3 software, we constructed a target to pathway network
involving 162 nodes and 1018 edges (Figure 6A). This network shows interaction among
virus, targets, drug, and pathways. The red diamond shape represents the virus, green
triangle shapes are the pathways that were identified in MCODE clustering, V-shapes
indicates drug components, and the orange-colored circles are the targets.

After that, a network was constructed with the top 20 targets based on their degree
value by using the cytohubba plugin in Cytoscape (Figure 6B), and their degree values are
presented in the bar chart (Figure 6C). The top 20 targets from protein–protein interaction
and top 20 targets from target–pathway network interaction was used to intersect to obtain
the common targets and were visualized with a Venn diagram (Figure 6D). Finally, PTPRC,
IL10, JUN, FCGR3A, EIF2AK2, LCK, IRF7, CD247, MTOR, SDC1, HDAC1, BST2, NRAS,
FCGR2B, FASLG, and ISG15 were identified as core targets.
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Figure 6. Visualization of target–pathway network interaction. (A) Virus–drug–pathway–target
network diagram. (B) Network of top 20 targets. (C) Bar chart for top 20 genes with the degree value.
(D) Core target identification between PPI network (list 1) and target–pathway network (list 2).

2.9. Key Target Identification

The PPI network from the String database was use in the Cytoscape software to obtain
top ten genes for the five different topological properties (Maximal Clique Centrality (MCC),
Closeness, BottleNeck, Edge Percolated Component (EPC), Degree value, and Radiality).
We created a simple network of those 16 targets to visualize their interactions (Figure 7A).
The upset plot shows four targets that are common for all six topological properties in the
first bar (Supplementary Table S6, Figure 7B). The first bar represents FASLG, FCGR3A,
IL10, and PTPRC as common targets for all the selected properties. Also, the heat map
in Figure 7C shows the common genes between two properties. Moreover, we checked
different Gene Ontology properties for the top 16 targets. Top five terms for biological
processes (BP), cellular component (CC), molecular function (MF) (only has three terms),
and KEGG pathways of those genes are visualized in Figure 7D. Defense response, low-
affinity lgG receptor activity, Fc-gamma receptor III complex, and T-cell receptor signaling
pathway some are the necessary pathways for the 16 hub genes.
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Figure 7. Identification of common targets for different properties and their pathways. (A) Network
construction between the hub genes. Here, the color gradient likely reflects variations in degree cen-
trality, with darker shades indicating nodes with higher connectivity and lighter shades representing
lower-degree values. (B) Determining common targets based on topological properties. (C) Heat map
for showing interaction among two properties. (D) Enrichment analysis for the regulatory network.
The color gradient in the bars represents False Discovery Rate (FDR) values, providing a visual cue
for statistical significance—warmer tones (orange to pink) indicate higher confidence, while cooler
shades (purple) reflect decreasing significance. The orange color marks a strong statistical threshold,
ensuring data reliability with minimal false positives while acting as a midpoint between highly
significant and slightly higher FDR values. This strategic color choice enhances clarity, making robust
findings stand out while maintaining a smooth visual transition across the significance scale.
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2.10. Docking Result

By yielding the binding energies among the compounds (small molecules) and proteins
(large molecules), the docking interactions among the identified compounds and proteins
were validated. The lower the binding affinity, the stronger the interaction between a
compound and protein. The binding results of the targets and compounds are summarized
in Table 3 and all the affinities were less than −5 kcal/mol.

Table 3. Comparison of SWISSDOCK and original docking results for molecular binding analysis.

Compound
Name and

CID

Protein Name and Binding Affinity

PyRx SwissDock PyRx SwissDock PyRx SwissDock PyRx SwissDock

IL10 FASLG PTPRC FCGR3A

Acetohexamide,
CID: 1989

−7.3
kcal/mol

−7.3
kcal/mol

−6.5
kcal/mol

−6.8
kcal/mol

−7.3
kcal/mol

−7.1
kcal/mol

−6.7
kcal/mol

−7.0
kcal/mol

Deptropine,
CID: 203911

−8.3
kcal/mol

−7.0
kcal/mol

−7.4
kcal/mol

−6.9
kcal/mol

−7.0
kcal/mol

−6.4
kcal/mol

−7.1
kcal/mol

−6.8
kcal/mol

Methotrexate,
CID: 126941

−6.8
kcal/mol

−7.8
kcal/mol

−7.4
kcal/mol

−7.4
kcal/mol

−7.7
kcal/mol

−7.4
kcal/mol

−6.7
kcal/mol

−8.1
kcal/mol

Retinoic
Acid, CID:

449171

−8.1
kcal/mol

−7.4
kcal/mol

−6.7
kcal/mol

−7.1
kcal/mol

−6.3
kcal/mol

−7.1
kcal/mol

−5.8
kcal/mol

−6.9
kcal/mol

3-Azido-3-
deoxythymidine,

CID: 5726

−5.3
kcal/mol

−6.8
kcal/mol

−5.7
kcal/mol

−6.8
kcal/mol

−5.6
kcal/mol

−6.8
kcal/mol

−5.1
kcal/mol

−6.7
kcal/mol

The five identified compounds were selected to determine the combinations with four core
targets. The visualized results are presented in Figures 8–11. Usually, a binding value lower
than −7 kcal/mol means a strong predicted binding, and a value lower than −5 kcal/mol
suggests moderate binding [16].

 

Figure 8. Molecular interaction of IL10 with the selected compound (IL10 + Deptropine). In this
figure, red color indicates the protein and blue color indicates the compound. Additional data related
to Figure 8 can be found in Supplementary Figures S1–S4.
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Figure 9. Molecular interaction of FASLG with the selected compound (FASLG + Deptropine). In this
figure, green color indicated the protein and blue color indicated the compound. Additional data
related to Figure 9 can be found in Supplementary Figures S5–S8.

 

Figure 10. Molecular interaction of PTPRC with the selected compound (PTPRC + Acetohexamide).
In this figure, violate color indicates the protein and yellow color indicates the compound. Additional
data related to Figure 10 can be found in Supplementary Figures S9–S12.

The molecular binding interactions from PyRx reveals that Deptropine demonstrates
a superior binding affinity across all proteins, particularly to IL10 (−8.3 kcal/mol), signifi-
cantly outperforming 3-azido-3-deoxythymidine, which consistently exhibited the weakest
binding (−5.3 kcal/mol) (Table 3). Acetohexamide and Methotrexate display comparable
binding profiles with a strong affinity to IL10 and PTPRC, though Methotrexate binds
slightly more strongly to PTPRC (−7.3 vs. −7.7 kcal/mol) (Table 3). Retinoic Acid shows a
strong binding to IL10 (−8.1 kcal/mol), with a more gradual decrease across other proteins
compared to the steeper drops observed with other compounds. Among proteins, IL10
generally exhibits the strongest compound interactions (except with Acetohexamide where
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PTPRC binding is stronger), followed by PTPRC, then FASLG with intermediate affinity,
while FCGR3A demonstrates a relatively weaker binding (Table 3). The overall binding pat-
terns suggest that aromatic compounds (Deptropine, Methotrexate) and larger molecules
bind more strongly, while IL10’s consistent strong binding across compounds indicates
it may possess a more accessible binding pocket or favorable electrostatic environment
(Figure 12, Table 3).

 

Figure 11. Molecular interaction of FCGR3A with the selected compound (FCGR3A + Deptropine).
In this figure, beige color indicates the protein and green color indicates the compound. Additional
data related to Figure 10 can be found in Supplementary Figures S13–S16.

Figure 12. Binding affinity comparison.
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In this paper, IL10 with Acetohexamide, Deptropine, and Retinoic Acid; FASLG
with Deptropine and Methotrexate; PTPRC with Acetohexamide and Methotrexate; and
FCGR3A with Deptropine exhibited the strongest binding affinities according to the results
from PyRx (Table 3).

The molecular docking analysis comparing the selected compounds with known in-
hibitors revealed promising findings based on PyRx (Tables 3 and 4, Figures 8–11 and 13).
Deptropine exhibited a stronger binding affinity (Table 3, Table 4) than the reference
inhibitor JTE-607 (Table 3) for IL10 (−8.3 kcal/mol vs. −6.7 kcal/mol), suggesting a
potentially enhanced interaction. Similarly, Methotrexate demonstrated better binding
with PTPRC compared to its known inhibitor 2-(4-Acetylanilino)-3-chloronaphthoquinone
(−7.7 kcal/mol vs. −7.3 kcal/mol). Additionally, Deptropine showed a higher bind-
ing affinity to FCGR3A than BI-1206 (−7.1 kcal/mol vs. −6.5 kcal/mol). However, for
FASLG, the known inhibitor ONL1204 exhibited a stronger affinity (−7.7 kcal/mol) than
the best-performing selected compounds Methotrexate and Deptropine (−7.4 kcal/mol
each) (Tables 3 and 4). Overall, these results suggest that Deptropine and Methotrexate are
promising candidates for IL10, PTPRC, and FCGR3A.

Table 4. Binding affinity of the target proteins with their known inhibitors.

Compound Name and CID Protein Name
Interaction Between Protein

and Compound
Binding Affinity

2-(4-Acetylanilino)-3-
chloronaphthoquinone; CID: 781109 PTPRC PTPRC + 2-(4-Acetylanilino)-3-

chloronaphthoquinone −7.3 kcal/mol

JTE-607; CID: 9938544 IL10 IL10 + JTE-607 −6.7 kcal/mol
BI-1206; CID: 170872117 FCGR3A FCGR3A + BI-1206 −6.5 kcal/mol

ONL1204; CID: 122677428 FASLG FASLG + ONL1204 −7.7 kcal/mol

The binding affinity results from the two docking tools (PyRx and SwissDock) reveal
both alignments and notable variations across different compounds and proteins (Table 3).
While the general trends remain consistent, specific differences highlight methodological
nuances between the tools.

For Acetohexamide (CID: 1989), both tools predicted similar binding affinities for
IL10 (−7.3 kcal/mol), indicating consistency in the docking results. However, SwissDock
predicted a stronger binding for FASLG (−6.8 kcal/mol vs. −6.5 kcal/mol) and FCGR3A
(−7.0 kcal/mol vs. −6.7 kcal/mol), with the difference ranging from 0.3 to 0.5 kcal/mol.
Conversely, the first tool (PyRx) predicted a stronger binding for PTPRC (−7.3 kcal/mol
vs. −7.1 kcal/mol), though the variation remains minor at 0.2 kcal/mol (Table 3).

Deptropine (CID: 203911) shows notable differences, where the first tool consistently
predicted stronger binding affinities across all proteins. The largest discrepancy occurred for
IL10 (−8.3 kcal/mol vs. −7.0 kcal/mol), showing a difference of 1.3 kcal/mol, while FASLG
(−7.4 kcal/mol vs. −6.9 kcal/mol), PTPRC (−7.0 kcal/mol vs. −6.4 kcal/mol), and FCGR3A
(−7.1 kcal/mol vs. −6.8 kcal/mol) exhibited differences ranging from 0.3 to 0.6 kcal/mol. This
variation suggests that SwissDock may apply different scoring functions or ligand flexibility
considerations (Table 3).

Methotrexate (CID: 126941) presented mixed results, with SwissDock predicting a stronger
binding for IL10 (−7.8 kcal/mol vs. −6.8 kcal/mol) and FCGR3A (−8.1 kcal/mol vs.
−6.7 kcal/mol), showing substantial differences of 1.0 and 1.4 kcal/mol, respectively. Mean-
while, the binding affinities for FASLG remained identical at −7.4 kcal/mol across both tools.
The first tool predicted a stronger binding for PTPRC (−7.7 kcal/mol vs. −7.4 kcal/mol), but
the difference is smaller at 0.3 kcal/mol (Table 3).
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Retinoic Acid (CID: 449171) generally shows a stronger binding in SwissDock, with
notable differences for FASLG (−7.1 kcal/mol vs. −6.7 kcal/mol), PTPRC (−7.1 kcal/mol
vs. −6.3 kcal/mol), and FCGR3A (−6.9 kcal/mol vs. −5.8 kcal/mol). The largest deviation
occurred in FCGR3A at 1.1 kcal/mol, suggesting SwissDock models binding interactions
differently, possibly considering additional hydrophobic or electrostatic contributions (Table 3).

 

Figure 13. Molecular interactions of target proteins with their know inhibitors. (A) PTPRC (violet
color) + 2-(4-Acetylanilino)-3-chloronaphthoquinone (sky blue with red), (B) IL10 (red color)
+ JTE-607 (sky blue with red), (C) FCGR3A (beige color) + BI-1206 (sky blue with red), and
(D) FASLG (Green color) + ONL1204 (sky blue with red).

Finally, 3-Azido-3-deoxythymidine (CID: 5726) demonstrated the most substantial
deviation across all proteins, where SwissDock consistently predicted a stronger binding
affinity. The differences ranged from 1.1 to 1.7 kcal/mol, with SwissDock showing a
consistently stronger binding.

3. Discussion

This study employed a systematic computational approach to identify host-
targeted therapeutics for Oropouche virus (OROV) by integrating network pharmacol-
ogy, molecular docking, and drug repurposing. The findings suggest that targeting
host factors could be an effective antiviral strategy, reducing the risk of resistance
that often arises with direct-acting antivirals. Our study identified IL10, FASLG, PT-
PRC, and FCGR3A as key immune-related host proteins involved in OROV infection.
Small-molecule inhibitors Acetohexamide, Deptropine, Methotrexate, Retinoic Acid,
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and 3-Azido-3-deoxythymidine exhibited strong binding affinities with these targets,
highlighting their potential for repurposing as antiviral agents.

Our findings align with recent studies on host-directed antiviral strategies for ar-
boviruses, including dengue virus (DENV), Zika virus (ZIKV), and Chikungunya virus
(CHIKV) [17,18]. Prior research has demonstrated that targeting immune regulators such
as IL10 can modulate viral infection outcomes. A study on DENV suggested that IL10
dysregulation aids viral immune evasion, and blocking IL10 pathways enhances viral
clearance [19,20]. Similarly, PTPRC (CD45) has been implicated in viral pathogenesis, par-
ticularly in HIV and Epstein–Barr virus (EBV), where T-cell activation plays a crucial role in
disease progression [21]. The identification of these immune checkpoints in OROV infection
suggests that the virus may employ immune modulation mechanisms similar to other viral
pathogens, reinforcing the viability of these proteins as therapeutic targets [22,23].

Our protein–protein interaction (PPI) analysis revealed the clustering of immune-
related pathways, including Fc-gamma receptor signaling, cytokine regulation, and T-cell
receptor signaling. These pathways have also been reported as crucial intervention points
in other arboviral infections, where Fc-gamma receptor signaling modulates viral antibody-
dependent enhancement (ADE) [24]. Studies have shown that flaviviruses like ZIKV and
DENV exploit Fc-mediated pathways to enhance viral infection, emphasizing the potential
role of FCGR3A in viral pathogenesis [25,26]. Our analysis extends these findings to OROV,
identifying FCGR3A (CD16a) as a potential antiviral target, aligning with prior work on
immune modulation in viral infections [27].

For a proper molecular docking, the active site of each protein was identified us-
ing Discovery Studio [28], a widely recognized computational tool known for its robust
structural analysis capabilities [29–31]. Unlike online tools that merely confirm the pres-
ence of an active site, Discovery Studio allows a more refined approach, enabling precise
characterization based on ligand interactions, binding pocket geometry, and energetic
considerations [32,33]. This level of structural validation strengthens the reliability of the
identified active sites, ensuring consistency with established biochemical principles.

The molecular docking analysis demonstrated that Deptropine and Acetohexam-
ide exhibited the strongest binding affinities across multiple targets, suggesting their
broad-spectrum antiviral potential. Similar computational approaches have identi-
fied repurposable drugs against other viruses, where docking studies highlighted the
importance of drug binding to host immune regulators. Notably, our binding affini-
ties for Deptropine (−8.3 kcal/mol with IL10) and Acetohexamide (−7.3 kcal/mol
with PTPRC) are comparable to findings from previous antiviral docking studies,
where binding affinities below −7 kcal/mol were associated with strong target en-
gagement [16]. These results suggest that the identified compounds could serve as
promising candidates for further investigation in antiviral drug discovery, notably,
Retinoic Acid, known for its role in immune modulation [34]. Among them, Dep-
tropine and Acetohexamide exhibited strong binding affinities to multiple targets,
suggesting broad-spectrum antiviral potential. They have demonstrated antiviral
properties against other RNA viruses [35]. Methotrexate, primarily used as an im-
munosuppressant [36], may influence viral replication through the indirect regulation
of host immune responses [37].

The molecular docking results provide insights into the binding potential of the
selected compounds compared to known inhibitors. Deptropine exhibited a stronger
binding affinity than JTE-607 for IL10 (−8.3 kcal/mol vs. −6.7 kcal/mol), indicating a
potentially enhanced interaction. Similarly, Methotrexate demonstrated improved binding
to PTPRC compared to its known inhibitor 2-(4-Acetylanilino)-3-chloronaphthoquinone
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(−7.7 kcal/mol vs. −7.3 kcal/mol). Additionally, Deptropine showed a better binding
affinity for FCGR3A than BI-1206 (−7.1 kcal/mol vs. −6.5 kcal/mol), suggesting that it
may be a promising candidate for targeting this protein.

The binding affinities predicted by PyRx and SwissDock exhibited both concordance
and divergence, underscoring the importance of multi-tool validation in computational drug
discovery. While there was consistency with general trends (e.g., Methotrexate’s strong binding
to PTPRC), notable discrepancies emerged, such as Deptropine’s IL10 affinity (−8.3 kcal/mol
in PyRx vs. −7.0 kcal/mol in SwissDock). These variations likely stem from methodological
differences: PyRx’s AutoDock Vina employs a gradient-optimized scoring function, whereas
SwissDock’s EADock DSS incorporates solvation effects and broader conformational sam-
pling. The stronger FCGR3A binding predicted by SwissDock for Methotrexate (−8.1 kcal/mol
vs. −6.7 kcal/mol in PyRx) suggests its algorithm may better capture hydrophobic interac-
tions, a critical factor for this receptor. Based on integrated docking results from PyRx and
SwissDock, Deptropine emerges as the most promising candidate against OROV. It showed
the strongest binding to IL10 (−8.3 kcal/mol in PyRx, −7.0 kcal/mol in SwissDock), out-
performing the known inhibitor JTE-607 (−6.7 kcal/mol). Deptropine also exhibited robust
affinity for FCGR3A (−7.1 kcal/mol in PyRx, −6.8 kcal/mol in SwissDock), surpassing BI-1206
(−6.5 kcal/mol). While Methotrexate bound well to PTPRC (−7.7 kcal/mol), its weaker inter-
action with IL10 (−6.8 kcal/mol) limits its broad-spectrum potential. Acetohexamide showed
moderate binding (−6.5 to −7.3 kcal/mol), while Retinoic Acid and 3-Azido-3-deoxythymidine
had consistently weaker affinities (> −7 kcal/mol). Deptropine’s multi-target inhibition of IL10,
FCGR3A, and FASLG suggests it could disrupt immune evasion, viral entry, and apoptosis
pathways simultaneously.

IL10, a key target in our study, plays a dual role in viral infections. While it mod-
ulates inflammatory responses to prevent excessive tissue damage, it can also suppress
antiviral immunity, enabling viral persistence [20,27]. The strong docking interactions of
Acetohexamide, Deptropine, and Retinoic Acid with IL10 suggest that these drugs could
modulate IL10 signaling to enhance antiviral immunity, similar to IL10-targeting strategies
explored in HCV and DENV research [19]. Additionally, FASLG (Fas Ligand) is crucial for
apoptosis regulation, and many viruses, including DENV and HIV, manipulate apoptotic
pathways to avoid immune clearance [38]. Our docking results show that Methotrexate and
Deptropine bind strongly to FASLG, suggesting a potential mechanism to restore apoptosis
and eliminate infected cells. Furthermore, PTPRC (CD45) is essential for T-cell receptor
signaling and immune activation, and its involvement in OROV infection suggests a novel
immune evasion strategy by the virus [21]. Our findings align with previous studies on HIV
and EBV, where CD45-targeting drugs altered disease progression [21]. Finally, FCGR3A
plays an essential role in antibody-dependent cellular cytotoxicity, a key mechanism in
viral clearance [27,39]. Though its role in OROV infection is not well-documented, its
involvement in other viral infections suggests that targeting this pathway may enhance
antiviral immunity [27].

While literature-reported binding sites offer valuable reference points, protein–ligand
interactions are inherently dynamic and context-dependent. The observed binding of
the proposed compounds to alternative residues suggests potential mechanistic diversity
rather than deviation from established findings [40–42]. This variability does not diminish
the relevance of the compounds; rather, it broadens the scope for further experimental
validation [43–45]. Such insights can pave the way for discovering novel therapeutic
interactions, emphasizing the importance of considering both canonical and alternative
binding modes in drug discovery [46–48].
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Despite the promising findings, our study has several limitations. First, while com-
putational approaches provide valuable insights, they lack experimental validation. Our
aim of this study is to systematically integrate host–virus interaction networks with drug
prediction with docking validation. Similar approaches have been employed for other ar-
boviruses, such as dengue and chikungunya, where host-targeting strategies have yielded
promising antiviral candidates [17,49]. Future studies should include in vitro antiviral as-
says to confirm the efficacy of identified drug candidates. Additionally, molecular dynamics
(MD) simulations should be performed to assess the stability of drug–protein interactions
beyond docking. Second, the study primarily focuses on network pharmacology and
docking but lacks a full multi-omics approach. Integrating transcriptomics and proteomics
data could enhance target validation. Finally, future work should involve in vitro studies
in human cell lines and animal models to evaluate the antiviral efficacy of Acetohexamide,
Deptropine, and Methotrexate.

In conclusion, this study presents a computational framework for identifying host-
targeted antiviral candidates against Oropouche virus. By targeting immune-modulating
proteins such as IL10, FASLG, PTPRC, and FCGR3A, we propose a novel antiviral strategy
that aligns with recent host-directed antiviral research. However, experimental validation
remains critical, and future studies should explore in vitro/in vivo assays to confirm the
therapeutic potential of the identified compounds. Integrating multi-omics data and
molecular dynamics simulations will further strengthen the translational value of these
findings in antiviral drug discovery.

4. Materials and Methods

4.1. Target Identification for Oropouche Virus

The targets associated with the Oropouche virus were collected from the OMIM (Online
Mendelian Inheritance in Man) database (https://www.omim.org/, accessed on 6 March 2025)
and GeneCards database (https://www.genecards.org/, accessed on 6 March 2025) [50,51].
The keywords “Oropouche virus” and “Oropouche fever” were set as search options in those
databases. Related target symbols corresponding to the Oropouche virus were accumulated.

4.2. Identified Drugs

Within the Enrichr platform (https://maayanlab.cloud/Enrichr/, accessed on
6 March 2025), the DSigDB database (https://dsigdb.tanlab.org/DSigDBv1.0/,
accessed on 6 March 2025) was applied to detect the drug molecules that are con-
nected to the target genes for the virus [52]. The filtering criterion was adjusted in
p < 0.05. From that analysis, the top 10 compounds were identified as the potential
applicants for inhibiting the Oropouche virus [53].

4.3. Selected Compounds

We followed Lipinski’s rule parameters for drug criteria such as molecular weight
(<500 g/mol), hydrogen bond acceptors (<10), hydrogen bond donors (≤5), topological
polar surface area (<150), and Moriguchi octanol–water partition coefficient (≤4.15). To
calculate those criteria, the SwissADME tool was used [54].

4.4. Target Gene Identification for Selected Compounds

Different databases were utilized to collect the target genes for each selected compound.
The name of the compounds was used as a keyword for searching. For obtaining the target
genes, we used CTD (Comparative Toxicogenomics Database) (https://ctdbase.org/, accessed
on 6 March 2025), Swiss Target Prediction tool (http://www.swisstargetprediction.ch/, accessed
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on 6 March 2025), Drug Bank (https://go.drugbank.com/, accessed on 25 February 2025), and
SymMap (http://www.symmap.org/, accessed on 6 March 2025) [55,56]. Then, the UniPort
database was utilized to cross-reference the detected targets for Homo sapiens [57].

4.5. Intersection of Targets

To determine the common targets for the virus and compounds, the Venny 2.0 tool
(https://bioinfogp.cnb.csic.es/tools/venny/index2.0.2.html, accessed on 6 March 2025)
was used. For further analysis, those common targets were applied, and these are the
connective targets between considered compounds as drugs and the virus [58].

4.6. Protein–Protein Interaction Network

The String database (https://string-db.org/, accessed on 6 March 2025) was applied
to create the PPI network among those intersected targets and specifying “Homo sapiens”
as the species [59]. The interaction file then used to visualize them in the Cytoscape 3.10.3
software [59]. After that, the top twenty common targets were identified by the CytoHubba
plugin of Cytoscape [60].

4.7. Analysis by MCODE

For creating functional modules and clustering similar proteins, we used MetaScape
(https://metascape.org/, accessed on 6 March 2025) with molecular complex detection
(MCODE) [61]. With the aid of a custom MCODE tool, a clustering analysis was performed
for common targets where a minimum overlap of 3, a p-value cutoff of 0.05, and a minimum
enrichment of 1.5 were used. Using MCODE analysis, protein relationship complexes were
identified and organized into gene clusters, where each target can be associated with
particular gene functions. Moreover, other regulatory transcription factors that modulated
the specified targets were also predicted to inform the user of possible target interactions.

4.8. Gene Ontology Analysis

By using the DAVID online platform (https://davidbioinformatics.nih.gov/, accessed
on 6 March 2025), Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomics
(KEGG) pathways were analyzed for the intersection targets of the virus and compounds
where biological processes (BPs), cellular components (CCs), molecular functions (MFs),
and KEGG pathways were included [62]. In this analysis, the top ten GO entries and
seventy KEGG pathways were identified based on gene count value. The bioinformatics
online platforms (https://www.bioinformatics.com.cn/en, accessed on 6 March 2025) were
used for visualization. Furthermore, the overlapping genes underwent KEGG mapping
analysis by focusing on Homo sapiens. Metabolism, environmental information processing,
cellular processes, systems of the organism, and human diseases are the pathways that
were included in that analysis.

4.9. Compound–Pathway–Target Interaction Network

From the Metascape analysis, the complex biological pathways were identified by
using MCODE cluster calculations. Those complex biological pathways were used to
construct a compound–pathway–target interaction network by using the intersecting genes
and compounds.

4.10. Identified Key Targets

The identified final targets were used to compare them to find out key targets. For further
analysis, those final targets were used in the STRING (https://string-db.org/, accessed on
6 March 2025) online platform to create a network among those genes. The required score
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was set to 0.700 to obtain a high confidence in network construction, and the species was
set as Homo sapiens. After that, the Cytoscape 3.10.3 software along with the Cytohubba
plugin were utilized to visualize and analyze the network. To find out the key targets, five
different topological properties (Maximal Clique Centrality (MCC), Closeness, BottleNeck,
Edge Percolated Component (EPC), Degree value, and Radiality) were set. The UpSetR
Shinny App (https://gehlenborglab.shinyapps.io/upsetr/, accessed on 6 March 2025) was
utilized to see the number of common genes for those different topological factors [63]. We
also applied molbiotools (https://molbiotools.com/listcompare.php, accessed on 6 March
2025) for comparing all six properties.

4.11. Use of Positive Control Inhibitors
4.11.1. Using Positive Controls

To ensure the reliability and accuracy of our molecular docking simulations, we
included positive control inhibitors for each target protein. Positive controls are known
compounds that are expected to bind to the target proteins and provide a benchmark for
validating the docking methodology [64]. By docking these inhibitors alongside the target
proteins, it is helpful to assess the docking protocol’s ability to correctly predict protein–
ligand interactions, even in the absence of literature-reported binding affinities [65,66].

4.11.2. Selection of Positive Control Inhibitors

For each of the target proteins (FASLG, FCGR3A, IL10, and PTPRC), the following
positive control inhibitors were selected based on their known interactions or theoretical
binding to these proteins:

• FASLG (Fas Ligand): One promising inhibitor for FASLG is ONL1204, a small peptide
antagonist of the Fas receptor. It has demonstrated neuroprotective effects in models
of glaucoma, reducing neuroinflammation and preventing axon degeneration [67].

• FCGR3A (Fc gamma receptor IIIa): The inhibitor BI-1206 was selected for FCGR3A
based on its a monoclonal antibody that blocks Fc gamma receptor IIIa to enhance
immune responses in cancer therapy [68].

• IL10 (Interleukin 10): A well-characterized positive control inhibitor for IL10
(Interleukin-10) is JTE-607, which selectively inhibits inflammatory cytokine synthesis,
including IL10 [69].

• PTPRC (Protein Tyrosine Phosphatase Receptor Type C): A well-characterized pos-
itive control inhibitor for PTPRC (CD45) is CD45 Inhibitor VI, also known as 2-(4-
Acetylanilino)-3-chloronaphthoquinone. It is a chloronaphthoquinone compound that
potently inhibits PTPRC tyrosine phosphatase activity in a non-substrate-competitive
and irreversible manner [70].

4.12. Molecular Docking
4.12.1. Protein and Compound Preparation

First of all, each protein was added into the Discovery Studio software for removing
heteroatoms such as water and other ligands. After that, those proteins were inserted
into the Chimera X 1.19 software for further preparation [71]. In this process, hydrogens
were added, charges and missing atoms were added, and the prepared proteins were
saved as a PDB file for docking [72]. For docking, we used the PyRx software, which has
the accessibility of Autodock Vina. Each protein was added there and converted into a
macromolecule, and the next grid box for each protein was adjusted for docking.

The saved SDF files of compounds were directly added into PyRx for docking since
PyRx has access to Open Babel [73,74]. The charge of each compound was minimized, and
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those minimized charged compounds were converted into a PDBQT file to continue the
docking process [75].

4.12.2. Identification of Binding Site and Grid Box for Protein

The binding sites/active sites for each target were identified by using Discovery
Studio’s predictions and the grid boxes optimized around the binding areas suggested by
the software [76–78]. Active sites help to adjust the grid box according to protein. Discovery
Studio is a useful software and helped to find out the active sites quickly [79]. While the
binding affinity is an important parameter, ligand interactions also depend on chemical
properties, steric interactions, and protein flexibility, which influence binding to specific
residues [80–82]. For IL10 (PDB ID: 2H24), LEU26, PHE30, MET68, ILE69, TYR72, LEU73,
VAL76, MET77, DER93, LEU94, GLY95, and LEU98 were the amino acids for the active site.
LEU85, ARG89, CYS132, PRO133, ALA136, SER159, SER161, ASN215, TYR218, GLN220,
and LEU222 were the identified amino acids of the active site for FASLG (PDB ID: 4MSV).
Furthermore, PRO244, PRO245, LYS246, GLU258, THR260, ASP265, THR299, ARG301,
GLN295, HIS44, ASP64, SER66, and ARG155 were the identified amino acids of the active
site for FCGR3A (PDB ID: 3AY4). Moreover, ARG637, TYR658, VAL659, ARG736, LYS736,
HIS797, SER828, SER829, ALA830, GLY831, VAL 832, GLY833, and ARG834 were identified
for PTPRC (PDB ID: 1YGR).

The grid box was set into the center: X = 15.7665, Y = 26.4005, Z = 13.5283 and
dimensions: X = 32.4150, Y = 34.1901, Z = 27.6981 for IL10 (PDB ID: 2H24). The box
was fixed into the center: X = −18.0398, Y = −7.5283, Z = −52.8173 and dimensions:
X = 37.2960, Y = 43.1758, Z = 30.4286 for FASLG (PDB ID: 4MSV). The box was selected
into the center: X = 18.0506, Y = −8.2066, Z = 55.3804 and dimensions: X = 39.4536,
Y = 42.7338, Z = 36.2982 for PTPRC (PDB ID: 1YGR). Finally, for FCGR3A (PDB ID:
3AY4), the grid box was fixed into the center: X = 9.2275, Y = 22.3744, Z = 110.7291 and
dimensions: X = 26.8820, Y = 25.0730, Z = 38.1790.

4.13. Alternative Docking

To further validate the docking results, molecular docking was performed using
SwissDock, a web-based docking service employing the EADock DSS algorithm [83]. This
alternative approach was used to cross-check the binding affinities of selected compounds
with the target proteins, ensuring consistency with previous docking findings.

For this online tool, the targets were used directly in the PDB format, as it has an option
for preparing proteins [84]. The smiles of the compound were inserted and prepared by the
tool [84]. The grid box size and position for each protein were set according to the active site
of each protein, which was identified by Discovery Studio in the previous method.

5. Conclusions

This study employed a systems biology-driven approach integrating network phar-
macology, molecular docking, and drug repurposing to identify host-targeted therapeutics
against the Oropouche virus (OROV). By prioritizing key host proteins—IL10, FASLG,
PTPRC, and FCGR3A—we uncovered their critical roles in immune modulation and viral
pathogenesis. Deptropine and Acetohexamide emerged as promising candidates, demon-
strating strong binding affinities across multiple targets, suggesting their potential as
broad-spectrum antiviral agents.

Our findings highlight the viability of host-directed antiviral strategies to circumvent
viral resistance, a major limitation of direct-acting antivirals. The computational validation
of these compounds, supported by multi-docking analyses, provides a robust foundation
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for further experimental studies. However, in vitro and in vivo assays are essential to
confirm their efficacy and safety.

This research bridges a critical gap in OROV therapeutics, offering a cost-effective,
rapid-response framework for neglected tropical diseases. Future work should incorporate
multi-omics data, molecular dynamics simulations, and clinical trials to advance these
findings toward real-world applications. By leveraging computational drug discovery,
this study contributes to pandemic preparedness and underscores the importance of host-
targeted interventions in combating emerging arboviral threats.
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33. Laskowski, R.A.; Jabłońska, J.; Pravda, L.; Vařeková, R.S.; Thornton, J.M. PDBsum: Structural summaries of PDB entries. Protein
Sci. 2018, 27, 129–134. [CrossRef] [PubMed]

34. Pino-Lagos, K.; Benson, M.J.; Noelle, R.J. Retinoic Acid in the Immune System. Ann. N. Y. Acad. Sci. 2008, 1143, 170–187.
[CrossRef]

35. Morita, T.; Miyakawa, K.; Jeremiah, S.S.; Yamaoka, Y.; Sada, M.; Kuniyoshi, T.; Yang, J.; Kimura, H.; Ryo, A. All-trans retinoic acid
exhibits antiviral effect against SARS-CoV-2 by inhibiting 3CLpro activity. Viruses 2021, 13, 1669. [CrossRef]

36. Prado, M.B.; Adiao, K.J.B. Methotrexate in generalized myasthenia gravis: A systematic review. Acta Neurol. Belg. 2023, 123,
1679–1691. [CrossRef] [PubMed]

37. Chen, Y.T.; Chang, Y.H.; Pathak, N.; Tzou, S.C.; Luo, Y.C.; Hsu, Y.C.; Li, T.N.; Lee, J.Y.; Chen, Y.C.; Huang, Y.W.; et al. Methotrexate
inhibition of SARS-CoV-2 entry, infection and inflammation revealed by bioinformatics approach and a hamster model. Front.
Immunol. 2022, 13, 1080897. [CrossRef]

38. Volpe, E.; Sambucci, M.; Battistini, L.; Borsellino, G. Fas-fas ligand: Checkpoint of t cell functions in multiple sclerosis. Front.
Immunol. 2016, 7, 217466. [CrossRef]

39. Coënon, L.; Villalba, M. From CD16a Biology to Antibody-Dependent Cell-Mediated Cytotoxicity Improvement. Front. Immunol.
2022, 13, 913215. [CrossRef] [PubMed]

40. Nussinov, R.; Tsai, C.J. Allostery in disease and in drug discovery. Cell 2013, 153, 293–305. [CrossRef]
41. Mobley, D.L.; Dill, K.A. Binding of Small-Molecule Ligands to Proteins: “What You See” Is Not Always “What You Get”. Structure

2009, 17, 489–498. [CrossRef]
42. Henzler-Wildman, K.; Kern, D. Dynamic personalities of proteins. Nature 2007, 450, 964–972. [CrossRef]
43. Hopkins, A.L.; Groom, C.R.; Alex, A. Ligand efficiency: A useful metric for lead selection. Drug Discov. Today 2004, 9, 430–431.

[CrossRef]
44. Cheng, A.C.; Coleman, R.G.; Smyth, K.T.; Cao, Q.; Soulard, P.; Caffrey, D.R.; Salzberg, A.C.; Huang, E.S. Structure-based maximal

affinity model predicts small-molecule druggability. Nat. Biotechnol. 2007, 25, 71–75. [CrossRef] [PubMed]
45. Shoichet, B.K.; Kobilka, B.K. Structure-based drug screening for G-protein-coupled receptors. Trends Pharmacol. Sci. 2012, 33,

268–272. [CrossRef] [PubMed]
46. Naderi, M.; Lemoine, J.M.; Govindaraj, R.G.; Kana, O.Z.; Feinstein, W.P.; Brylinski, M. Binding site matching in rational drug

design: Algorithms and applications. Brief. Bioinform. 2019, 20, 2167–2184. [CrossRef] [PubMed]
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