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Preface

Modern drug discovery has received a significant boost thanks to the use of computational

strategies. In addition to well-established computer-assisted drug discovery, in silico strategies have

been further enhanced by the application of machine learning and artificial intelligence tools. This

Special Issue brings together recent discoveries in various fields of medicinal chemistry, addressing

classic diseases that have so far been poorly treated with traditional approaches or proposing new

natural compounds for novel medical applications.

Machine learning tools have been used for the discovery of new selective serotonin and

serotonin–norepinephrine reuptake inhibitors, providing a strong support for the treatment of

depression, a serious mood disorder, affecting about 5% of the population. In the Quantitative

Structure–Activity Relationship (QSAR) study, models for serotonin (SERT) and norepinephrine

(NET) transporters were developed to predict the affinity and inhibition potential of new molecules.

Models were developed using the Automated Machine Learning tool Mljar. The resulting QSAR

models for serotonin and norepinephrine transporters have been made available in a new module

of the SerotoninAI application to enhance usability for scientists.

Additionally, Leishmaniasis, a neglected tropical disease that constitute a serious public health

challenges due to limited treatment options, toxicity, high costs, and drug resistance, can be

approached using in silico methods. In fact several antileishmanial agents, such as malvidin and

echioidinin have been examined against different types of parasite species, in comparison with a

standard drug, amphotericin B (AmpB). Malvidin exhibited lower cytotoxicity than AmpB and a

favorable selectivity index. These in silico studies revealed strong binding between malvidin and

Leishmania arginase, with the residues HIS139 and PRO258 playing key roles. Moreover gene

expression analysis indicated that malvidin is implicated in the modulation of oxidative stress and

DNA repair pathways, in which GLO1 and APEX1 genes are involved. The combined in vitro, in silico,

and gene expression results highlight malvidin’s potential as a low-toxicity antileishmanial candidate

with specific ARG enzyme interactions.

The interactions of small organic molecules with highly active alkaline phosphatase (ALP)

proteins are currently being investigated through molecular docking in order to predict their

mechanism of action, binding efficiency, and inactivation potency. Among them, the natural

5-azaindoles, marine sponge guitarrin, extracted from the Northwest Pacific marine sponge Guitarra

fimbriata, were found to be highly active against the alkaline phosphatase CmAP from the marine

bacterium C. amphilecti KMM 296. The superimposition of CmAP complexes with p-nitrophenyl

phosphate (pNPP), a commonly used chromogenic aryl substrate for ALP, and the inhibitory

guitarrins C, D, and the non-inhibitory guitarrins A, B, and E revealed that the presence of a carboxyl

group at C6 together with a hydroxyl group at C8 is a prerequisite for the inhibitory effect of these

series of 5-azaindoles. However, the inhibition of CmAP and calf intestinal ALP (CIAP) by guitarrin

C was observed to occur via a non-competitive mode of action, whereas, in contrast, the kinetic model

with guitarrin D, with an additional OH group at C7, reflected a mixed type of inhibition.

Computational approaches are also involved in the discovery of neuromuscular blocking agents

(NMBAs) as an adjunct to general anesthesia. In fact NMBAs are routinely used during anesthesia

to relax skeletal muscles. Nicotinic acetylcholine receptors (nAChRs) are ligand-gated ion channels;

NMBAs can induce muscle paralysis by preventing the neurotransmitter acetylcholine (ACh) from

binding to nAChRs situated on the postsynaptic membranes. Despite widespread efforts, it is

still a great challenge to find new NMBAs since the introduction of cisatracurium. An effective
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ensemble-based virtual screening method, including molecular property filters, 3D pharmacophore

model, and molecular docking, was applied to discover potential NMBAs from the ZINC15 database.

The results showed that screened hit compounds had better docking scores than the reference

compound d-tubocurarine. Molecular dynamics simulations revealed that ZINC257459695 can stably

bind to nAChRs’ active sites and interact with the key residue Asp165. The binding free energies

were also calculated for the obtained hits using the MM/GBSA method, whereas in silico ADMET

calculations allowed for the pharmacokinetic properties of hit compounds in the human body to be

accessed. Overall, the identified ZINC257459695 may be a promising lead compound for developing

new NMBAs as an adjunct to general anesthesia, necessitating further investigations.

In the search for non-invasive detection of biomarkers in vitro and in vivo with high sensitivity,

fluorescence-based imaging was proposed for integrated diagnosis and treatment application, in

the case of compounds with both biological activities and fluorescent properties. Thus, Alectinib

and Rilpivirine, two drugs clinically approved in therapy for ALK-rearranged NSCLC, presenting

suitable optical properties, were deeply explored, through the simulation of molecular structures,

electrostatic potential, OPA/TPA, and emission spectral properties and experiments on UV-vis

spectra, fluorescence, and cell imaging. A deep relationship between molecular structures and optical

properties for Alectinib and Rilpivirine was evidenced on the basis of molecular modeling. The

results suggested that the drugs Alectinib and Rilpivirine with planar parent skeleton, stronger

π-conjugation effect in S1 and electron acceptors connecting conjugated structures could be excited

by UV-vis spectra, and subsequently emitted fluorescence. Moreover, it was found that Alectinib and

Rilpivirine displayed green fluorescence in HeLa cells, suggesting the potential ability for biological

imaging and for applications in developing integrated diagnosis and treatment.

Combined classical in silico approaches to drug design (ligand-based and structure-based

pharmacophore models, molecular docking screening, ADMET, and kinetic simulations) were used to

identify novel compounds as potential inhibitors of mPGES-1, a key enzyme, which, when activated

by inflammatory factors, can cause prostaglandin E synthesis, thus causing gastrointestinal reactions

and coagulation disorders. High-throughput virtual screening (HTVS) of the traditional Chinese

medicine database allowed us to select the best ten compounds, which were chosen by comparing

their score against the reference ligand 4U9. At the end of the analyses, a compound in all aspects

superior to the reference ligand was identified.

The classical partition coefficient (logP), a physicochemical parameter used in various fields

such as drug and pharmaceutical product design and, substance toxicology, was evaluated either

in three distinct micellar systems such as hexadecyltrimethylammonium bromide (HTAB), sodium

cholate (SC), and lithium perfluorooctanesulfonate (LPFOS), and theoretically derived. In particular

Quantum Mechanics (QM) and machine learning approaches were proposed for the prediction of

the partition coefficients for a set of 63 molecules in different solvent mixtures. The combined data

from the experimental logP in the three micellar formulations showed that the 1-propanol/water

combination demonstrated the best agreement with the experimental partition coefficients for the SC

and HTAB micelles. Moreover, the SVM approach and k-means clustering based on the generation

of the chemical descriptor space were used. The analysis revealed distinct partitioning patterns

associated with specific characteristic features within each identified class. Overall the results

indicated that the combined techniques allowed us to obtain an efficient and quicker model for

predicting partition coefficients in diverse micelles.

Throughout this Reprint, all the recent aspects of the computational approaches applied to

several research fields are reported. We express our deep gratitude to all the contributors to this

Special Issue for their commitment, hard work, and outstanding papers. We also thank all the
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reviewers involved in the manuscript revisions for their unpaid contributions to improve any aspects

of the submitted works. Last but not least, we deeply thank Ms. Jessica Wang for her assistance

during the period in which we served as Guest Editors.

Anna Maria Almerico and Marco Tutone

Guest Editors
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Editorial

Computational Strategies Reshaping Modern Drug Discovery

Marco Tutone * and Anna Maria Almerico

Dipartimento di Scienze e Tecnologie Biologiche Chimiche e Farmaceutiche (STEBICEF), Università degli Studi di
Palermo, Via Archirafi 28, 90123 Palermo, Italy
* Correspondence: marco.tutone@unipa.it

Conventional drug development remains a protracted, costly, and high-risk endeavor,
typically spanning 10–15 years from target identification to post-marketing surveillance.
This multistage process encompasses target discovery and validation, hit identification
and optimization, preclinical testing, clinical trials, regulatory approval, and ongoing
safety monitoring. In this way, only 10–12% of candidates entering clinical trials reach
regulatory approval. Despite being well established, this linear model of drug development
is increasingly recognized as unsustainable. Each approved drug is estimated to cost over
USD 2.5 billion, nearly 90% of candidates fail during clinical development, and meaningful
breakthroughs, particularly for orphan diseases and targeted therapies, remain limited [1].
These shortcomings have catalyzed growing interest in computational approaches as
transformative tools capable of accelerating discovery, reducing costs, and improving
success rates in the search for viable drug candidates [2].

In traditional methods, once lead compounds are identified through high-throughput
screening, structural optimization aims to enhance binding affinity, selectivity, bioavailabil-
ity, and safety. This process is typically guided by structure–activity relationships (SAR)
analysis [3]. Preclinical evaluation then assesses toxicity and efficacy in animal models [4],
with only the most promising compounds advancing to human trials. Collectively, these
stages underscore the inefficiencies of the conventional approach and highlight the urgent
need for innovation to streamline drug development timelines [5]. Computational methods
have emerged as a powerful catalyst in modern drug discovery, offering novel strategies
to accelerate pharmaceutical innovation [6]. Traditional compound optimization methods
are often labor-intensive and experimentally driven. In contrast, computational methods
enable researchers to navigate vast chemical spaces efficiently, generating novel molecules
with high affinity for specific biological targets in a fraction of the time [7].

AI-driven target identification and validation leverage large-scale biological
datasets—including genomics, proteomics, and transcriptomics—to uncover disease-
associated pathways, particularly in complex, polygenic disorders such as cancer and
neurodegenerative diseases [8]. Deep learning models can predict biological activity and
validate targets computationally, reducing reliance on costly and time-consuming labora-
tory assays [9]. One of the most transformative applications of computational methods lies
in de novo compound generation. Deep learning architectures can design novel drug-like
molecules that extend beyond existing chemical libraries while adhering to principles of
chemical stability, drug-likeness, and bioactivity [10]. This capability significantly com-
presses early discovery timelines.

Computational methods also enhance drug optimization by predicting pharmacoki-
netic and pharmacodynamic properties, thereby improving candidate selection and reduc-
ing late-stage failures. By analyzing large datasets, Computational models can identify

Molecules 2026, 31, 200 https://doi.org/10.3390/molecules310202001
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off-target effects and toxicity risks, enabling safer and more effective compound refine-
ment [3]. Moreover, machine learning techniques such as random forests, support vector
machines, and neural networks help prioritize the most promising candidates for down-
stream testing [11].

Beyond discovery, computational models are increasingly applied to preclinical and
clinical development. Predictive models can assess toxicity and side effects without exten-
sive animal or human exposure, while AI-assisted trial design improves patient recruit-
ment, monitoring, and overall trial efficiency [12,13]. Generative AI is also a cornerstone
of precision medicine, enabling therapies tailored to individual genetic and molecular
profiles. By predicting patient-specific drug responses, AI supports personalized treatment
strategies—particularly in oncology, where tumor heterogeneity demands highly individ-
ualized interventions [14–16]. Additionally, computer-driven virtual screening and drug
repurposing allow rapid identification of new therapeutic uses for existing compounds.
By mining large clinical and preclinical datasets, computer-assisted drug design can un-
cover previously unrecognized drug–target relationships, accelerating the availability of
treatments for unmet medical needs [17–19].

In this context, this Special Issue consolidates a broad array of computational
strategies—from structure-based methods like docking, molecular dynamics (MD) and
free-energy profiling, to ligand-based techniques like pharmacophore modeling, simi-
larity analysis, and QSAR (quantitative structure–activity relationships). This content
curation sends a clear message: computational chemistry and bioinformatics are no longer
niche—they are a central, mainstream pillar of modern drug discovery. As in earlier edi-
tions, the ambition is to blur the boundary between “in silico only” and “wet-lab + in silico”
workflows, encouraging hybrid studies that combine computational predictions with ex-
perimental validation. The papers collected in this issue illustrate how computational tools
are applied across a wide spectrum of real-world drug-discovery problems.

Conflicts of Interest: The authors declare no conflict of interest.
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Machine Learning Tool for New Selective Serotonin and
Serotonin–Norepinephrine Reuptake Inhibitors
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* Correspondence: j.szlek@uj.edu.pl

Abstract: Depression, a serious mood disorder, affects about 5% of the population. Cur-
rently, there are two groups of antidepressants that are the first-line treatment for depressive
disorder: selective serotonin reuptake inhibitors and serotonin–norepinephrine reuptake
inhibitors. The aim of the study was to develop Quantitative Structure–Activity Rela-
tionship (QSAR) models for serotonin (SERT) and norepinephrine (NET) transporters to
predict the affinity and inhibition potential of new molecules. Models were developed
using the Automated Machine Learning tool Mljar based on 80% of the dataset accord-
ing to 10-fold cross-validation and externally validated on the remaining 20% of data.
The molecular representation featured two-dimensional Mordred descriptors. For each
model, Shapley additive explanations analysis was performed to clarify the influence of
the descriptors on the models’ predictions. Based on the final QSAR models, the following
results were obtained: NET and pIC50 value RMSEtest = 0.678, R2

test = 0.640; NET and pKi
RMSEtest = 0.590, R2

test = 0.709; SERT and pIC50 RMSEtest = 0.645, R2
test = 0.678; SERT and

pKi value RMSEtest = 0.540, R2
test = 0.828. QSAR models for serotonin and norepinephrine

transporters have been made available in a new module of the SerotoninAI application to
enhance usability for scientists.

Keywords: depression; QSAR model; SERT; NET; artificial Intelligence; SerotoninAI

1. Introduction

Mental health is a key aspect of well-being that can affect daily life. Among various
mental disorders, one of the most common is depression, which is also known as depressive
disorder. According to the World Health Organization, around 280 million people suffer
from it with women affected more frequently than men [1]. Depression is characterized
as low mood, loss of pleasure and interest in activities for long period of time, which
affects personal and professional life [2]. Untreated depression can tragically lead to
suicide, emphasizing the critical need for effective treatment of the disease. In recent
years, treatment of depression is based on drugs with different mechanisms of action.
However, a group of drugs used as first-line treatment is selective serotonin reuptake
inhibitors (SSRIs), e.g., Fluoxetine, Paroxetine, and Sertraline. By inhibiting the serotonin
transporter, they increase the concentration of serotonin in the synaptic cleft. In case
of a low treatment efficacy of SSRIs, Duloxetine, Venlafaxine or Milnacipran, from the
serotonin and norepinephrine reuptake inhibitor (SNRI) group is prescribed for a patient.
SNRI increases the concentration of these two neurotransmitters, acting to improve the

Molecules 2025, 30, 637 https://doi.org/10.3390/molecules30030637
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patient’s mood [3,4]. Due to the importance of serotonin (SERT) and norepinephrine (NET)
transporters in the mechanism of action of the most commonly used antidepressants, they
form the foundation of the conducted studies presented in this manuscript.

The significant development of computational methods, especially machine learn-
ing, allows the search for advanced relationships between the structure of ligands and
activity toward the selected protein. Such dependencies, called QSAR (Quantitative
Structure–Activity Relationship) models, enable the discovery of new molecules. QSARs
are used to find new molecules that interact with a chosen biological target with high
activity [5,6].

The serotonin transporter in terms of QSAR model analysis or development has
been a foundation of research over the past 20 years. In the first paper that appeared in
2004, Kulkarni et al. described N-substituted 3-alpha-(bis[4-fluorophenyl]methoxy)tropane
derivatives for 76 molecules [7]. In subsequent years, studies including N- aryl-
methylpiperidinamine [8], phenylpiperidine [9] and phenethylamine [10] derivatives
were published. The size of the databases ranged from 7 to 213 serotonin transporter
ligands [7–22]. On the other hand, QSAR models for the norepinephrine transporter
were rarely the centerpiece of published studies. Usually, these papers were part of the
serotonin transporter-related work already presented above [7,8,10,13,16,20]. The article
that focused exclusively on the norepinephrine transporter is a paper by Olasupo et al.
presenting a study for a set of 50 ligands using statistical analysis by genetic function
approximation (GFA) to develop a QSAR model [23]. In addition, the authors of the
above studies were concerned with various forms of measuring the activity of ligands
against the selected transporter; these were an inhibition constant Ki [8,13,17,22] and its
negative logarithm—pKi (affinity value) [14,16,20], a half maximal effective concentra-
tion (EC50) [15] or a half maximal inhibitory concentration (IC50) [21] and the negative
logarithm of its concentration—pIC50 [9,18].

A review of the literature reveals a lack of general, cutting-edge models using ad-
vanced machine learning techniques that can predict the activity of previously unseen
molecules with low error. In a previous paper presenting the application of SerotoninAI, we
presented a model predicting the affinity of ligands for the serotonin transporter (pKi value
predictions) [24]. In the present study, we wanted to extend this database for serotonin
transporter and pKi values with additional data sources. Focusing on the mechanism of
action of selective serotonin inhibitors and serotonin–norepinephrine inhibitors, we also
created an affinity model for the norepinephrine transporter. The next two QSAR models
focused on the level of inhibition of the two transporters. The final result of the study was
the development of four QSAR models for the serotonin and norepinephrine transporter
and their relevant properties.

In the subsequent sections of the manuscript, we present the obtained results, data
acquisition and selection process, a description of the methodology for developing QSAR
models along with an analysis of features’ effect on prediction using SHAP analysis.

2. Results

2.1. Databases

The first step was to design four databases. Figures 1 and 2 below show the overview
method of data curation, and Table 1 shows the ligand abundance. The data sources used
in this research contained molecules that were found also in other databases.
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Figure 1. Overview of data selection process for IC50 value for serotonin and norepinephrine transporters.

Figure 2. Overview of data selection process for Ki value for serotonin and norepinephrine transporters.

The study used four open databases as a source of molecule data: BindingDB [25],
ChEMBL [26], PubChem [27] and ZINC [28]. However, the ZINC database contains
molecule affinity values not inhibitory concentrations. Moreover, all data sources contain
overlapping molecules. The BindingDB database contained a high percentage of molecules
with the database identifier ChEMBL and ZINC. The PubChem database, in nearly all
cases, references ChEMBL as its primary data source. Since the ChEMBL database was
accessed separately for this study, duplicating data retrieval from PubChem was deemed
unnecessary (accessed on 31 October 2024).

The next database cleaning step included the removal of records with “>” and “<” tags,
missing activity values or units, missing SMILES (Simplified Molecular Input Line Entry
System), data from studies using non-human cell lines, a set of the same molecules between
which differences in Ki or IC50 values exceeded 100 nM, and duplicate molecules based
on a unified SMILES generation system. For the serotonin transporter and pKi values, we
used our previously curated database [24], which contained 8091 unique molecules, as the
primary database. As an additional value, we provided new molecules from the BindingDB
and PubChem databases. This yielded an additional 781 molecules. Final databases are
available in Supplementary Materials S1–S4.
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Table 1. Summary of databases for serotonin (SERT) and norepinephrine (NET) transporters.

Target Property ChEMBL BindingDB ZINC
PubChem
(Without
ChEMBL)

Molecules
in Curated
Database

NET pIC50 1631
2136

(1486-ZINC;
1869-ChEMBL)

- 165 1879

NET pKi 1598
2077

(1469-ZINC;
1390-ChEMBL)

3553 302 4304

SERT pIC50 2827
3420

(2307-ZINC;
2782-ChEMBL)

- 533 2952

SERT pKi 3059
3068

(2071-ZINC;
2263-ChEMBL)

7312 615 8872

Divided into training and test sets in a ratio of 80:20, the datasets had a similar
distribution of the dependent variable, as seen in the histograms shown in Figure 3. The
obtained databases are characterized by diverse molecules. Figure 4 shows the results of
a t-SNE analysis performed using ChemPlot [29], which is a Python package designed
to visualize molecular diversity based on SMILES structures. The t-SNE algorithm is
a dimensionality reduction technique that projects multidimensional data into a two-
dimensional space. The results presented here show the high diversity of molecules in
the databases.

Figure 3. Histograms for training and test sets for biological targets and their corresponding properties.
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Figure 4. Scatter plots of t-SNE analysis for four databases.

2.2. QSAR Models

The best-performing models and their metric values are summarized in Table 2. The
recap includes the root mean square error (RMSE) and coefficient of determination R2

values for both the training set according to 10-fold cross validation and the test set.

Table 2. Summary of results for QSAR models of serotonin and norepinephrine transporters.

Target Property RMSE 10-CV R2 10-CV RMSE Test R2 Test Ensemble Model Structure

NET pIC50 0.621 0.708 0.678 0.640

2 × Xgboost,
5 × LightGBM,

Neural Network,
3 × CatBoost

NET pKi 0.522 0.764 0.590 0.709

3 × Xgboost,
2 × LightGBM,

3 × Neural Network,
CatBoost

SERT pIC50 0.597 0.715 0.645 0.678
Xgboost,

4 × LightGBM,
4 × Neural Network

SERT pKi 0.474 0.863 0.540 0.828

3 × Xgboost,
7 × LightGBM,

6 × Neural Network,
2 × CatBoost
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2.2.1. Norepinephrine Transporter—pIC50

For the database built up with 1879 unique molecules, a QSAR model was developed
with RMSE values equal to 0.621 and 0.678 for training and test sets, respectively, where the
coefficient of determinations were 0.708 (train set) and 0.640 (test set). Model performance is
presented as a scatter plot of predicted versus true values for both the training and test sets
(Figure 5). For the obtained ensemble model (2 × Xgboost, 5 × LightGBM, Neural Network,
3 × CatBoost), SHAP analysis was performed based on 20% of the training dataset. Table 3
presents the values for top ten molecular descriptors for the model. Moreover, Figure 6
presents the impact of descriptor values on the derivative of half maximal inhibitory
concentration (pIC50).

Figure 5. Scatter plot of a comparison of actual vs. predicted values for noradrenaline transporter of
pIC50 value.

Table 3. Shapley values for ten most important descriptors for the NET-pIC50 QSAR model.

Descriptor Description [30] Shapley Value

AATS8d Averaged Moreau–Broto autocorrelation of lag 8 weighted by sigma electrons 0.08196
Xp-1dv 1-ordered Chi path weighted by valence electrons 0.06080
nBase Basic group count 0.05944

nAHRing Aromatic hetero ring count 0.05231
SRW09 Walk count (leg-9, only self-returning walk) 0.04940
CIC5 5-ordered complementary information content 0.04560

SssNH Sum of nitrogen atoms bonded by two single bonds 0.04211
MDEC-33 Molecular distance edge between tertiary C and tertiary C 0.04023

SlogP_VSA1 MOE logP VSA Descriptor 1 (-inf < x < −0.40) 0.03818
AATSC1Z Averaged and centered Moreau–Broto autocorrelation of lag 1 weighted by atomic number 0.03776

The most relevant descriptor for predicting pIC50 values for the norepinephrine
transporter is the AATS8d descriptor, which, according to Mordred’s documentation [30],
is described as the averaged Moreau–Broto autocorrelation of lag 8 weighted by sigma
electrons. This two-dimensional feature of ligands at low values has a positive effect on
pIC50 values, while at high values, it has a decreasing effect on pIC50. Similar behavior can
be observed for the Xp-1dv descriptor (1-ordered Chi path weighted by valence electrons),
which describes molecular branching [31]. A high number of base groups (nBase) positively
increases the inhibitory activity of ligands, while lower pIC50 values are observed at low
ones. This principle can be seen in the case of Milnacipran, where the structure of the
drug includes both a primary amine and a tertiary amine (N, N-diethyl), contributing
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to its interaction at the binding site and its inhibitory activity [32]. For a low number of
aromatic rings with a heteroatom (nAHRing), a negative effect on the predicted value
is observed, but it cannot be said that a molecule with a number of such rings increases
the pIC50 value. The fifth descriptor relevant to this analysis is descriptor SRW09 (walk
count (leg-9, only self-returning walk)). It was described in 1993 [33] and for the inhibitory
properties of the norepinephrine transporter; high values of it positively affect pIC50 values,
and correspondingly low values decrease this dependent variable. The CIC5 descriptor
(five-ordered complementary information content) at low values has a positive effect on
the pIC50 value. On the other hand, high values have no significant effect, which could be
described as neutral. This neutral effect is also observed at low values of the descriptor
SssNH (descriptor describing the sum of secondary amines) [34]. On the other hand, high
values of the sum of the nitrogen atom have an increasing effect on the value of the derived
inhibitory concentration. The molecular distance between tertiary carbon atoms (MDEC-33)
is difficult to interpret unambiguously. In contrast, the descriptor SlogP_VSA1 positively
influences pIC50 values at high descriptor values. The descriptor SlogP_VSA relates to the
molecular property of hydrophobicity and its spatial distribution across a ligand’s surface
area. It could link to how the norepinephrine transporter binding site interacts with ligands.
The last descriptor, AATSC1Z, mostly positively affects pIC50 values at low values and
negatively at high values.

Figure 6. Summary plot of SHAP analysis for ten of the most important descriptors for NET pIC50
QSAR model.

2.2.2. Norepinephrine Transporter—pKi

The number of norepinephrine transporter ligands based on pKi values is 4304. The
final ensemble model (3 × Xgboost, 2 × LightGBM, 3 × Neural Network, CatBoost) results
of metrics are for the training set RMSE = 0.522 and R2 = 0.764. Interestingly, for the test
set, the error value is lower, RMSE = 0.590 and R2 = 0.709. The performance of the model
is visualized as a scatter plot of predicted and actual values for both the training and test
sets (Figure 7). Similar to the model predicting pIC50 values, SHAP analysis was also
performed. The results are shown in Table 4 and Figure 8.
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Figure 7. Scatter plot of a comparison of actual vs. predicted values for noradrenaline transporter of
pKi value.

Table 4. Shapley values for ten most important descriptors for NET-pKi QSAR model.

Descriptor Description [30] Shapley Value

ATS5d Moreau–Broto autocorrelation of lag 5 weighted by sigma electrons 0.05284
GGI10 10-ordered raw topological charge 0.04617
nBase Basic group count 0.04613

AATS8d Averaged Moreau–Broto autocorrelation of lag 8 weighted by sigma electrons 0.04608
Xch-5d 5-ordered Chi chain weighted by sigma electrons 0.04140

SMR_VSA6 MOE-type descriptors using Wildman–Crippen MR and surface area contribution 0.04028
AATS6p Averaged Moreau–Broto autocorrelation of lag 6 weighted by polarizability 0.03630
SssNH Atom type e-state descriptor—sum of nitrogen atoms bonded by two single bonds 0.03408

AATS5v Averaged Moreau–Broto autocorrelation of lag 5 weighted by vdw volume 0.02857
GATS6i Geary coefficient of lag 6 weighted by ionization potential 0.02807

Figure 8. Summary plot of SHAP analysis for ten of the most important descriptors for NET pKi
QSAR model.
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The SHAP analysis revealed significant relationships between specific descriptors and
the affinity values. The ATS5d descriptor, representing the Moreau–Broto autocorrelation
of lag 5 weighted by sigma electrons, was identified as the most influential variable in
the QSAR model. Lower values of ATS5d were associated with a reduction in pKi, while
higher values did not exhibit a clear positive or enhancing effect on affinity. The second
descriptor, GGI10, corresponds to the 10-ordered raw topological charge and demonstrated
a contrasting pattern. High values of this descriptor were found to negatively influence pKi,
whereas low values exhibited a neutral or slightly positive effect. This behavior aligns with
findings reported by Olasupo et al. [23], where this descriptor also contributed negatively
to the calculated pKi values for NET. For the nBase descriptor, which reflects the count
of basic groups in the molecule, low values showed both neutral and negative effects on
pKi, while higher values were associated with a minimal increase in affinity. Similarly,
the AATS8d descriptor, representing the averaged Moreau–Broto autocorrelation of lag
8 weighted by sigma electrons, was observed to negatively impact pKi at high values,
while low values were associated with neutral or marginally positive effects. In the case of
Xch-5d, a five-ordered Chi chain weighted by sigma electrons, low values correlated with
reduced pKi, whereas higher values positively influenced ligand affinity. The SMR_VSA6
descriptor, a MOE-type variable based on Wildman–Crippen molar refractivity and surface
area contributions, exhibited a complex pattern. Low values of SMR_VSA6 had a negative
impact on pKi, while higher values were largely neutral with some indication of a slight
increase in affinity. The AATS6p descriptor, an averaged Moreau–Broto autocorrelation
of lag 6 weighted by polarizability, showed a similar trend to SMR_VSA6. Low values
were associated with a reduction in pKi, whereas high values resulted in neutral or slightly
positive effects. The SssNH descriptor, an atom-type e-state representing the sum of ssNH,
presented an ambiguous relationship with pKi. While high values exhibited both negative
and positive influences, low values predominantly showed a neutral effect. It is worth
noting that the ssNH atom type refers to nitrogen atoms bonded by two single bonds.
For AATS5v, an averaged Moreau–Broto autocorrelation of lag 5 weighted by van der
Waals volume, low values were associated with a negative effect on pKi. High values, in
contrast, were neutral or contributed to a slight increase in affinity. Finally, the GATS6i
descriptor, a Geary coefficient of lag 6 weighted by ionization potential, demonstrated no
consistent relationship with pKi. Low values were primarily linked to a negative effect,
with occasional neutrality, while high values ranged from slightly negative to marginally
positive influences on affinity. Interestingly, for the model predicting pIC50 values for
NET, the SHAP analysis similarly identified nBase and AATS8d as significant descriptors,
displaying a comparable influence to that observed in the pKi model. However, the
SssNH descriptor did not exhibit the same pattern in its effect on pIC50 values, indicating
variability in its contribution across different predictive models [30,34].

2.2.3. Serotonin Transporter—pIC50

The number of serotonin transporter unique ligands with pIC50 values was 2952.
The model developed was also an ensemble model built with three types of machine
learning algorithms (Xgboost, 4 × LightGBM, 4 × Neural Network). The RMSE values
were 0.597 and 0.645 for the training set and test set, respectively. The coefficient of
determination, in turn, had values of 0.715—train set and 0.678—test set. The scatter plot
in Figure 9 depicts the model’s performance by showing predicted versus true values for
the training and test sets.
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Figure 9. Scatter plot of a comparison of actual vs. predicted values for serotonin transporter of
pIC50 value.

The second stage of the QSAR model analysis was to analyze the significance of the
descriptors affecting the pIC50 value. In Table 5 and Figure 10, we presented a summary
of the ten most important descriptors. The most significant descriptor is the number of
aromatic carbon atoms of NaaCH. At high values of this descriptor, a decreasing effect on
predicted pIC50 values is observed, but at low values, the effect is ambiguous. The same
situation is observed for the second descriptor SlogP_VSA6 (logP value and the influence
of surface area). The third descriptor GATS2p at low values positively affects the value of
pIC50, and high values lower the value of the inhibition derivative. The number of carbon
atoms in the aromatic ring additionally forming a single bond (NaasC) at high values
positively affects the pIC50 value. On the other hand, a decreasing or neutral effect is seen
at low values of NaasC. Neighborhood information content descriptor 2 (IC2) at low values
has a negative effect, and at high values, it has a positive effect. SMR_VSA3, described as
Wildman–Crippen molar refractivity and surface area, at high values has a positive effect
on the pIC50 value but no clear effect at low values. Low values of Chi descriptor (Xch-7d)
and AATS5i (average Autocorrelation of Topological Structure descriptor) have an effect on
increasing the derived inhibition. The last two descriptors, NaaN (aromatic nitrogen atom)
and SsssCH (sum of tertiary carbon atoms), do not represent unambiguous influences. In
the case of the aromatic nitrogen atom, a characteristic negative effect of high descriptor
values on the reduction in pIC50 values can be observed [30,34].

Table 5. Shapley values for ten most important descriptors for SERT-pIC50 QSAR model.

Descriptor Description [30] Shapley Value

NaaCH Number of aromatic carbon atoms 0.06192
SlogP_VSA6 MOE logP VSA Descriptor 6 (0.15 ≤ x < 0.20) 0.04926

GATS2p Geary coefficient of lag 2 weighted by polarizability 0.04684
NaasC Number of aromatic carbon atoms with single bond 0.04545

IC2 2-ordered neighborhood information content 0.04496
SMR_VSA3 MOE Molar Refractivity VSA Descriptor 3 (1.82 ≤ x < 2.24) 0.04269

Xch-7d 7-ordered Chi chain weighted by sigma electrons 0.04099

AATS5i Averaged Moreau–Broto autocorrelation of lag 5 weighted
by ionization potential 0.03823

NaaN Number of nitrogen aromatic atoms 0.03417
SsssCH Sum of tertiary carbon atoms 0.03109
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Figure 10. Summary plot of SHAP analysis for ten of the most important descriptors for SERT pIC50
QSAR model.

2.2.4. Serotonin Transporter—pKi

The database containing the serotonin transporter ligands and affinities is represented
by 8872 unique molecules. The error values of the ensemble model created with Mljar
(3 × Xgboost, 7 × LightGBM, 6 × Neural Network, 2 × CatBoost) are 0.474 and 0.540, and
the coefficient of determination is 0.863 and 0.828 for the training and test set, respectively.
Model performance is illustrated below using a scatter plot comparing predicted and true
values for both the training and test sets (Figure 11).

Figure 11. Scatter plot of a comparison of actual vs. predicted values for serotonin transporter of
pKi value.
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SHAP analysis identified a set of most important descriptors; the ten most important
are shown in Table 6 and Figure 12 below. The most important descriptor, SssNH, repre-
senting the sum of nitrogen atoms bonded by two single bonds, was found to positively
influence pKi at high values. Low values, in contrast, showed a slightly negative or neutral
effect. Similarly, the nBase descriptor, which quantifies the number of basic groups in a
molecule, exhibited a dual influence. Low values corresponded to a negative effect on pKi,
while high values were associated with a positive impact. The GATS5c descriptor, a Geary
coefficient of lag 5 weighted by Gasteiger charge, showed a nuanced pattern. Low values
had a positive or neutral effect, whereas high values were generally neutral with a slight
negative influence on pKi. The SLogP descriptor, representing the Wildman–Crippen LogP,
indicated that low values negatively impacted pKi, though neutrality was also observed.
High SLogP values, however, were predominantly associated with neutral effects. For
the ATS1se descriptor, which is the Moreau–Broto autocorrelation of lag 1 weighted by
Sanderson electronegativity, high values exhibited a neutral effect on pKi, while low values
were associated with a positive influence, enhancing the predicted affinity. The NaaCH
descriptor, which denotes the number of carbon atoms bonded by two aromatic bonds
(typically within aromatic rings), displayed a more complex behavior. Low values of
NaaCH positively influenced pKi, whereas high values had a negative effect. Nonetheless,
both low and high values also demonstrated neutral contributions to pKi under certain
conditions. The GGI7 descriptor, a seven-ordered raw topological charge, showed an
ambiguous influence on pKi. Both low and high values were linked to negative or neutral
effects without a clear pattern emerging from the data. The BIC2 descriptor, a two-ordered
bonding information content, revealed a clearer trend. Low values were predominantly
associated with a reduction in pKi, while high values exhibited a slightly positive effect,
indicating a potential role in enhancing ligand affinity at higher descriptor values. For the
JGI4 descriptor, a four-ordered mean topological charge, low values had a negative effect
on pKi, while high values positively influenced the predicted affinity. Lastly, the SsssCH
descriptor, representing the sum of carbon atoms bonded by three single bonds, exhibited a
mixed pattern. Low values negatively influenced pKi, while high values showed a positive
effect [30,34].

Table 6. Shapley values for ten most important descriptors for SERT-pKi QSAR model.

Descriptor Description [30] Shapley Value

SssNH Atom type e-state descriptor—sum of nitrogen atoms with two single bonds 0.09159
nBase Basic group count 0.08458

GATS5c Geary coefficient of lag 5 weighted by Gasteiger charge 0.05913
SLogP Wildman–Crippen LogP 0.05444

ATS1se Autocorrelation of Topological Structure descriptor—Moreau–Broto
autocorrelation of lag 1 weighted by Sanderson EN 0.05037

NaaCH Atom type e-state descriptor—number of aaCH 0.04245
GGI7 7-ordered raw topological charge descriptor 0.04082
BIC2 2-ordered bonding information content 0.04035
JGI4 4-ordered mean topological charge 0.04015

SsssCH Atom type e-state descriptor—sum of tertiary carbon atoms 0.03947
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Figure 12. Summary plot of SHAP analysis for ten of the most important descriptors for SERT pKi
QSAR model.

The results of the SHAP analysis summarized, given the ranges of the most important
descriptors for the training set, formed the foundation for establishing the applicability
domain. If at least seven ranges of the 10 descriptors are met, the molecule under test falls
within the applicability domain, and then the prediction is defined as reliable.

2.2.5. Case Study

To illustrate the mechanism of action of an antidepressant and validate model predic-
tions for the activity of SSRIs and SNRIs, we chose Duloxetine as an example. Duloxetine
is a registered drug belonging to the serotonin and norepinephrine reuptake inhibitor class.
To obtain predictions, users need the SMILES representation of the molecule of interest. For
Duloxetine, the SMILES string is shown below:

“CNCC[C@@H](C1=CC=CS1)OC2=CC=CC3=CC=CC=C32”.
The user simply needs to input the SMILES string into the designated cell in the Sero-

toninAI application. Within seconds, the results are displayed, as illustrated in Figure 13
below. The QSAR models predicted the following affinity values: pKi for SERT = 8.777 and
pKi for NET = 7.757, which are very close to the experimental values reported in the litera-
ture (pKi for SERT = 9.1 and pKi for NET = 8.27) [35]. For the predicted pIC50 values, the
application provided pIC50 for SERT = 8.126 and pIC50 for NET = 7.542. These predictions
are consistent with the experimental values reported by Van Orden et al., where pIC50 for
SERT = 8.2 and pIC50 for NET = 9.5 [36].

Additionally, the application provides information about the domain of applicability
(see below). Duloxetine meets all predefined criteria, as its top 10 most important descrip-
tors fall within the ranges defined by the training dataset. Finally, the application generates
a comment regarding the potential use of the molecule within the appropriate mechanism,
which is based on Table 7. For this case, the output states: “The molecule is a potential
SSRI and SNRI drug”, which aligns with the known pharmacological properties of Duloxe-
tine. Figure 13 shows the predictions and applicability domains for Duloxetin, which is a
registered SNRI drug. The view shown is the result of the SerotoninAI application.
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Figure 13. SerotoninAI predictions with applicability domain for Duloxetin.

Table 7. Predictions values of pKi and pIC50 for serotonin and norepinephrine transporters and
corresponding comment from SerotoninAI application.

NET pKi NET pIC50 SERT pKi SERT pIC50 Comment

≥7 ≥7 ≥7 ≥7 Molecule is a potential SSRI and SNRI drug
≥7 ≥7 Molecule is a potential SSRI drug

≥6 & <7 ≥6 & <7 ≥6 & <7 ≥6 & <7 Molecule might have SSRI and SNRI mechanism of action
≥6 & <7 ≥6 & <7 Molecule might have SSRI mechanism of action

<6 <6 <6 <6 The molecule under study does not exhibit antidepressant
activity by the mechanism of SSRIs and SNRIs

3. Discussion

In the presented work, we developed the general QSAR models to enable the search
for new antidepressants that act like SSRIs or SNRIs. From the literature review presented
in the introduction of the manuscript, to date, there are no models that consider the
serotonin and norepinephrine transporter for both pKi and pIC50 values. The largest
databases are a set of 213 ligands for the serotonin transporter [18] and 76 ligands for the
norepinephrine transporter [7]. None of the models presented in the research articles is a
simple user-accessible model.

Moreover, another aspect that underscores the relevance of our research is the lack of
structural limitations of the obtained databases. They do not represent a set of molecules
that are derivatives of one selected chemical structure, which stands in contrast to already
published studies [7–10].
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We also would like to mention the importance of developing two separate models
for a given biological target for pKi and pIC50 values. An article from 2013 [37], in which
the authors conduct an analysis of the ChEMBL database, suggests that the databases for
pIC50 and pKi values should be merged to increase the size of the collection without losing
data quality. The paper’s authors point out that there is a significant difference between
the same molecules and their pIC50 values. A successive comparison of pIC50 and pKi
values, after appropriate mathematical transformations, leads to values with similar error
to pIC50 values only. In our opinion, consolidating the dataset in a single computational
experiment would lead to unnecessary error. For this reason, we decided to limit the
database to ligands whose differences in activity values do not exceed 100 nM and not to
combine the databases of pIC50 and pKi values. In our research, we wanted to achieve the
highest possible degree of consistency in the data, where experiments measuring inhibition
and affinity values were carried out exclusively using human cell lines.

The models presented in this study have been implemented in a new module of the
SerotoninAI application. The antidepressant activity module will allow the user to obtain
a prediction and receive feedback on whether the molecule may show the potential of a
future SSRI or SNRI drug in an accessible and quick way. In addition, the applicability
domain is presented for each model.

4. Materials and Methods

4.1. Databases

The object of this manuscript is to develop QSAR models for the serotonin and
norepinephrine transporters. The first step was to construct selected databases separately
for these transporters and for two values of the inhibition constant (Ki) and the half-
maximal inhibitory concentration (IC50). We used the ChEMBL [26], BindingDB [25],
PubChem [27] and ZINC [28] platforms to curate as many compounds as possible. It was
important to obtain ligands of these transporters with measured activity values based on
human cell lines. Based on activity value conversions, the dependent variables in the study
were pKi and pIC50.

4.2. Molecular Representation

The method of representing transporter ligands for machine learning methods to
develop QSAR models was 2D Mordred descriptors [38]. Based on the experience gained
with QSAR models for various serotonergic system databases, the chosen representation
is the best form to train the model while accurately describing each descriptor [30]. The
cleaning phase of the Mordred descriptors representing the ligands of biological targets
consisted of removing columns with fixed values, and for columns that contained errors in
the calculation of descriptors, the value was filled in with the column’s mean.

4.3. Machine Learning

Machine learning methods, particularly supervised machine learning, focus on train-
ing a model on a dataset so that it is both sufficiently fit to the training set and general
enough to be applied to previously unseen data. In this way, they want to achieve a
variance–bias trade-off. The experience gained [39] shows that the simplest methods of
model development are insufficient to handle the complex nature of the ligand–protein
relationship. We have developed QSAR models using the automated machine learning tool
Mljar [40]. This system enables the development of complex ensemble models. The models
were trained on 80% of the dataset according to 10-fold cross-validation (10-CV) and tested
externally on the remaining set of ligands. Cross-validation is a method of evaluating and
verifying model performance that is the gold standard for developing predictive models.
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The method involves dividing the data into several equal parts to repeatedly train and test
the model on different subsets of the data.

4.4. Evaluation Metrics

We used the root mean square error (RMSE) and coefficient of determination (R2) to
evaluate the obtained regression models. The calculations of these metrics are shown below
in Equations (1) and (2). The best model was selected based on the lowest RMSE value.

RMSE =

√√√√ n

∑
i=1

(predi − obsi)
2

N
(1)

where RMSE is root mean square error, and N is the number of observations.

R2 = 1 − SSres

SStot
= 1 −

n
∑

i=1
(predi − obs)2

n
∑

i=1
(obsi − obs)2

(2)

where R2 = the coefficient of determination, SSres = the sum of squares of the residual errors,
SStot = the total sum of the errors, obsi and predi = observed and predicted values, and
obs = arithmetical mean of observed values.

4.5. Model Interpretation

According to principle five of the Organization for Economic Cooperation and Devel-
opment’s Guidelines for regulatory purposes on valid QSAR models, if possible, QSAR
models should have a mechanistic interpretation [41]. A keyword that appears in relation to
advanced machine learning models is Explainable Artificial Intelligence [42]. When using
automated machine learning methods to develop QSAR models that have a high degree of
advancement, the aspect of explainability of the entire model becomes difficult. However,
a method that partially allows the interpretation of the results obtained and the influence
of individual features on the prediction obtained is SHAP (Shapley additive explanations)
analysis. The method is named after game theory inventor and Nobel Memorial Prize
winner Lloyd Shapley. His considerations tested the influence of an individual participant
in a team game on the final outcome [43,44].

For the top four QSAR models, the analysis was conducted based on a randomly
selected 20% of the training set, using an adapted tool of SHAP analysis [45]. The obtained
results formed the basis for establishing an applicability domain (AD), which informs the
reliability of the prediction. When the molecule under test is at least within seven ranges of
the training set values for the 10 most important descriptors for a given model, then such a
prediction is reliable.

4.6. Software

Antidepressant activity is another module of the SerotoninAI application (https://
serotoninai.streamlit.app/, accessed on 17 January 2025) [46]. The application was devel-
oped through the Streamlit platform and allows the user to easily obtain predictions of
affinity and inhibitory concentration values for the serotonin and norepinephrine trans-
porter. An additional aspect is the accompanying commentary for the user on whether the
molecule could be a future drug in the SSRI or SNRI mechanism of action. Table 7 shows
the ranges of pKi and pIC50 values and the concluding commentary. We would like to
emphasize that the commentary is conditional, due to the need to limit the numerical val-
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ues. The SerotoninAI source code and QSAR models are available on the GitHub platform
(https://github.com/nczub/SerotoninAI_streamlit, accessed on 17 January 2025).

5. Conclusions

This study presents QSAR models for the serotonin and norepinephrine transporters,
specifically predicting affinity (pKi) and inhibitory concentration (pIC50) values for ex-
perimentally measured unique sets of ligands. The developed models demonstrate low
prediction errors and high coefficients of determination, indicating their robustness and
reliability. These characteristics make the models valuable tools for application in the drug
discovery process, particularly for identifying novel compounds with mechanisms of action
as selective serotonin reuptake inhibitors (SSRIs) or serotonin–norepinephrine reuptake
inhibitors (SNRIs).

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/molecules30030637/s1. In the Supplementary Materials, the au-
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21. Petković, M.; Ðord̄ević, V.; Rančić, S.; Stevanović, M.; Uroš, G.; Veselinovic, A.M. QSAR Modelling, Molecular Docking Studies
and ADMET Predictions of Serotonin Transporter Inhibitors. SSRN. Available online: https://papers.ssrn.com/sol3/papers.cfm?
abstract_id=4270253 (accessed on 1 September 2024).

22. Jaramillo, D.N.; Millán, D.; Guevara-Pulido, J. Design, synthesis and cytotoxic evaluation of a selective serotonin reuptake
inhibitor (SSRI) by virtual screening. Eur. J. Pharm. Sci. Off. J. Eur. Fed. Pharm. Sci. 2023, 183, 106403. [CrossRef]

23. Olasupo, S.B.; Uzairu, A.; Shallangwa, G.; Uba, S. QSAR analysis and molecular docking simulation of norepinephrine transporter
(NET) inhibitors as anti-psychotic therapeutic agents. Heliyon 2019, 5, e02640. [CrossRef]
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Abstract: Leishmaniasis, a neglected tropical disease caused by Leishmania species, presents
serious public health challenges due to limited treatment options, toxicity, high costs, and
drug resistance. In this study, the in vitro potential of malvidin and echioidinin is examined
as antileishmanial agents against L. amazonensis, L. braziliensis, and L. infantum, comparing
their effects to amphotericin B (AmpB), a standard drug. Malvidin demonstrated greater
potency than echioidinin across all parasite stages and species. Against L. amazonensis, mal-
vidin’s IC50 values were 197.71 ± 17.20 μM (stationary amastigotes) and 258.07 ± 17 μM
(axenic amastigotes), compared to echioidinin’s 272.99 ± 29.90 μM and 335.96 ± 19.35 μM.
AmpB was more potent, with IC50 values of 0.06 ± 0.01 μM and 0.10 ± 0.03 μM. Malvidin
exhibited lower cytotoxicity (CC50: 2920.31 ± 80.29 μM) than AmpB (1.06 ± 0.12 μM) and
a favorable selectivity index. It reduced infection rates by 35.75% in L. amazonensis-infected
macrophages. The in silico analysis revealed strong binding between malvidin and Leish-
mania arginase, with the residues HIS139 and PRO258 playing key roles. Gene expression
analysis indicated malvidin’s modulation of oxidative stress and DNA repair pathways,
involving genes like GLO1 and APEX1. These findings suggest malvidin’s potential as a
safe, natural antileishmanial compound, warranting further in vivo studies to confirm its
therapeutic efficacy and pharmacokinetics in animal models.
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1. Introduction

Leishmaniasis, a vector-borne disease caused by the parasitic protozoa of the Leish-
mania genus, affects millions of people globally, particularly in tropical and subtropical
regions. Spread by sandflies, it manifests in three main clinical forms [1]. The most severe,
visceral leishmaniasis (VL), is characterized by fever, weight loss, and organ enlargement.
The second clinical category, tegumentary leishmaniasis (TL), encompasses both cutaneous
(CL) and mucosal leishmaniasis (ML) presentations. ML, the most destructive form, causes
significant injuries [2]. Several Leishmania species are implicated in the disease. L. infantum,
L. amazonensis, and L. braziliensis are some of the most prevalent in South America [3]. L.
infantum has a broad geographic distribution, causing VL in regions like the Mediterranean,
East Africa, Asia, and Latin America. This parasite primarily infects dogs in regions where
the disease is a zoonosis, and can infect humans where it is an anthroponosis [4]. L. amazo-
nensis demonstrates a wider range of clinical manifestations being responsible for both CL
and ML [5] and it is also suggested as the cause of VL [6]. Finally, L. braziliensis is associated
with a particularly aggressive form of CL. The lesions induced by L. braziliensis can be
large, chronic, and lead to substantial scarring [7]. According to the World Health Organi-
zation, an estimated 0.7 to 1 million new leishmaniasis cases occur globally annually [8].
This neglected disease significantly impacts public health, causing disability, disfigure-
ment, and even death if left untreated. Notably, 85% of global VL cases are reported from
just the following seven countries: Brazil, Ethiopia, India, Kenya, Somalia, South Sudan,
and Sudan [6,9]. The transmission process begins with a sandfly bite. Sandflies deposit
Leishmania parasites in their promastigote form (extracellular, with a flagellum) into the
mammalian host’s skin. Macrophages then phagocytose these parasites, the body’s first
line of defense [10]. Inside a macrophage compartment for degrading engulfed particles
(phagolysosome), the parasites transform into amastigotes (non-flagellated, replicative) [11].
Leishmania parasites employ a complex interplay of strategies to establish infection. They
can suppress macrophage activation, hindering the production of pro-inflammatory cy-
tokines (signaling molecules) that typically recruit and activate other immune cells to
eliminate the parasite. This creates a permissive environment for parasite survival [12].
Leishmania’s repertoire of immune evasion strategies extends to molecular mimicry. Certain
parasite species express molecules that closely resemble host components. This ingenious
disguise allows for evading recognition and elimination by the immune system [13].

The phagolysosome presents a unique challenge for Leishmania due to its acidic envi-
ronment, typically ranging from a pH of 4.5 to 5.5. However, amastigotes, the replicative
form within the mammalian host, demonstrate a higher tolerance for this acidic niche.
Amastigotes possess various mechanisms to adapt and thrive in harsh conditions [14].
Some studies have proposed that Leishmania might be able to manipulate the phagolyso-
some’s pH to create a more favorable environment for its growth [15–17]. This manipulation
could involve the parasite actively expelling protons from the phagolysosome, reducing its
acidity [18]. The precise mechanisms underlying Leishmania’s tolerance of the acidic envi-
ronment and its potential manipulation of phagolysosomal pH remain under investigation.
However, elucidating this intricate interplay between parasites and the environment holds
immense potential for developing novel treatment strategies. By targeting the parasite’s
ability to survive in the acidic environment or disrupting its pH manipulation mechanisms,
researchers aim to disrupt its lifecycle and ultimately prevent successful infection.
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Leishmaniasis treatment presents a complex challenge despite some recent improve-
ments. While effective, the standard medications, such as pentavalent antimonials and
amphotericin B (AmpB), have limitations that restrict their optimal use. These medica-
tions are associated with significant side effects [19]. Pentavalent antimonials cause severe
reactions like nausea, vomiting, muscle pain, and irregular heartbeats. AmpB poses a chal-
lenging problem due to its nephrotoxicity and requires hospitalization for administration
because of its toxicity [20]. These side effects can significantly impact a patient’s ability
to adhere to the treatment regimen and complete the entire course, potentially leading to
treatment failure. The efficacy of leishmaniasis treatment is additionally hindered by the
variability in medication response among different Leishmania species and the coexistence
of overlapping species [21]. Certain species have a differing susceptibility to the same drug,
which poses a challenge in selecting the appropriate treatment. The emergence of drug-
resistant Leishmania strains exacerbates this problem, presenting a substantial challenge
to existing treatments [22]. These problems highlight the importance of developing new
treatment approaches focusing on specific pathways and targets crucial for the parasite’s
survival and growth inside the host. It is essential to consider the variation in species
and the development of drug resistance when working to develop improved and safer
treatments for leishmaniasis.

One promising approach involves targeting specific enzymes crucial for the para-
site’s metabolism. Leishmania parasites rely on the enzyme arginase (ARG) for polyamine
biosynthesis, a vital process for their growth and survival [23]. ARG has recently obtained
considerable attention since new studies have highlighted it as a potential therapeutic target
in leishmaniasis [24–26]. ARG is the first enzyme of the polyamine pathway. It catalyzes
the conversion of L-arginine to L-ornithine and urea, and L-ornithine continues as the next
metabolite in polyamine biosynthesis to form putrescine and spermidine [27]. Studies have
shown that inhibiting ARG activity with specific compounds can effectively lead Leishmania
parasites to cell death in laboratory studies (in vitro) and animal models. The inhibition
results in a lack of protection against reactive oxygen species (ROS), which damages Leish-
mania’s genetic material. These examples highlight a few exciting new research directions
in leishmaniasis treatment [28]. By targeting specific vulnerabilities in the parasite’s biol-
ogy, researchers hope to develop safer, more effective therapies with minimal side effects
and a reduced risk of resistance. The search for alternatives to traditional leishmaniasis
medications has led researchers to explore natural products derived from plants and other
organisms. These natural products often have a lower toxicity profile and might offer new
avenues for combating the parasite. Our group’s recent research has been particularly
encouraging, shedding light on the potential of specific natural compounds like malvidin
(PubChem CID: 159287) and echioidinin (PubChem CID: 15559079) (Figure 1) [29].

Figure 1. Chemical structures of malvidin (left) and echioidinin (right).

Our previous study investigated malvidin using computational modeling predicting
interactions with ARG which is vital for Leishmania survival and may disrupt parasite
growth [29,30]. However, no in vitro or in vivo studies have yet confirmed its efficacy
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against Leishmania. Another promising natural product, echioidinin derived from Andro-
graphis echioides and Andrographis alata, has demonstrated a cytotoxic effect on leukemic cell
lines while showing low toxicity to mammalian cells, suggesting it could be a therapeutic
alternative against leishmaniasis [30–32]. Echioidinin also exhibited strong antifungal
activity against several fungi, potentially disrupting DNA synthesis and mitochondrial
function, though the exact mechanisms remain under investigation [33,34]. A crucial aspect
of exploring natural products, like malvidin and echioidinin, is ensuring their safety and
computer-based methods play a vital role. These methods allow for rapid and cost-effective
screening of various natural compounds [35]. Researchers can prioritize the most promis-
ing candidates for further evaluation by analyzing potential anti-leishmanial activity and
predicted toxicity. In silico methods can also model the interactions between natural com-
pounds and human biomolecules at an atomic level. This helps predict potential adverse
effects by identifying how a compound might interact with essential proteins, enzymes, or
DNA, potentially causing disruptions or damage [36].

Furthermore, in silico tools are invaluable for elucidating compounds’ potential mech-
anisms of action against Leishmania parasites. Researchers can design and optimize targeted
therapies more effectively by understanding how natural products disrupt parasitic pro-
cesses. In this study, the aim was to evaluate the in vitro inhibitory effects of malvidin and
echioidinin on the ARG of three Leishmania species. Subsequently, in silico docking studies
were conducted to analyze the binding interactions of the best candidate with the ARG
at a pH of 5 and 7 by molecular dynamics (MD) simulations, assessing its behavior and
stability. Also, network pharmacology and single-cell RNA sequencing data mining were
used to analyze the potential molecular targets and pathways of NPs on different human
organ datasets to predict potential tissue-specific toxicity. In this research, the promise of
innovative enzyme inhibitors in expanding the field of drug discovery for leishmaniasis
is highlighted and it provides critical molecular-level insights. The findings suggest that
natural products could significantly advance the development of new therapeutic agents
against leishmaniasis.

2. Results and Discussion

2.1. Antileishmanial Activity

In this study, the in vitro antileishmanial activity was evaluated of malvidin and
echioidinin, two natural compounds, against three Leishmania species of L. amazonensis,
L. braziliensis, and L. infantum. The experiments assessed the effectiveness against pro-
mastigote and axenic amastigotes forms [37]. AmpB, a well-established antileishmanial
alternative, was used as positive control (Table 1).

Malvidin demonstrated consistently greater potency than echioidinin across both
parasite stages and all three Leishmania species tested. The effectiveness of the compounds
was measured using IC50 data, the concentration required to inhibit 50% of parasite growth,
with lower IC50 values indicating higher potency. Malvidin exhibited lower IC50 val-
ues compared to echioidinin in all cases. The IC50 values for malvidin were as follows:
197.71 ± 17 μM for stationary promastigotes and 258.07 ± 17 μM for axenic amastigotes
in L. amazonensis; 164.5 ± 19 μM for stationary promastigotes and 227.89 ± 17 μM for
axenic amastigotes in L. braziliensis; and 141.26 ± 26 μM for stationary promastigotes and
173.86 ± 19 μM for axenic amastigotes in L. infantum. The IC50 values for L. infantum were
slightly lower than the other species.

The IC50 values for echioidinin were as follows: 272.99 ± 29 μM for stationary pro-
mastigotes and 335.96 ± 19 μM for axenic amastigotes in L. amazonensis; 251.18 ± 22 μM
for stationary promastigotes and 293.04 ± 20.76 μM for axenic amastigotes in L. braziliensis;
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and 212.83 ± 16 μM for stationary promastigotes and 261.73 ± 17μM for axenic amastigotes
in L. infantum.

Table 1. In vitro antileishmanial activity IC50, selectivity index (SI), cytotoxicity (CC50), and
hemolytic activity (RBC50) of malvidin, echioidinin, and pure amphotericin B (AmpB). The in-
hibitory concentrations at 50% observed for Leishmania spp. (IC50) and macrophages (CC50) were
calculated using a sigmoidal regression to the dose–response curve. The results are presented as the
mean ± standard deviation.

Compounds
IC50 (μM) Selectivity Index (SI)

CC50 (μM) RBC50 (μM)
Stationary Promastigotes Stationary Promastigotes

L. amazonensis L. braziliensis L. infantum L. amazonensis L. braziliensis L. infantum
Malvidin 197.71 ± 17 164.5 ± 19 141.26 ± 26 14.70 17.60 20.70 2920.31 ± 80 3120.13 ± 107

Echioidinin 272.99 ± 29 251.18 ± 22 212.83 ± 16 10.80 12.10 14.00 3010.62 ± 114 3400.76 ± 78
AmpB 0.08 ± 0.02 0.09 ± 0.03 0.06 ± 0.01 12.60 11.00 14.70 1.06 ± 0.12 14.28 ± 1

Axenic amastigotes Axenic amastigotes
L. amazonensis L. braziliensis L. infantum L. amazonensis L. braziliensis L. infantum

Malvidin 258.07 ± 17 227.89 ± 1 173.86 ± 19 11.30 12.70 16.70
Echioidinin 335.96 ± 19 293.04 ± 20 261.73 ± 17 8.90 10.30 11.60

AmpB 0.09 ± 0.02 0.10 ± 0.03 0.08 ± 0.02 11.00 9.80 12.60

IC50, the concentration needed to inhibit 50% of the parasites’ viability; hSI, selectivity index, calculated by the
ratio between CC50 and IC50; fCC50, the concentration required to inhibit 50% of the macrophages’ viability;
gRBC50, the concentration needed to lysis 50% of the O+ human red blood cells.

The IC50 values for AmpB were 0.08 ± 0.02 μM/0.09 ± 0.02 μM, 0.09 ± 0.03 μM/
0.10 ± 0.03 μM, and 0.06 ± 0.01 μM/0.08 ± 0.02 μM against L. amazonensis, L. braziliensis,
and L. infantum for stationary promastigotes/axenic amastigotes, respectively. Malvidin
exhibited superior in vitro efficacy against stationary promastigotes compared to axenic
amastigotes. Also, natural anthocyanins like malvidin are known for their diverse biological
properties, including antiparasitic activity. Studies have shown that some flavonoids
extracted from Byrsonima coccolobifolia, such as isoquercetin, catechin, and epicatechin,
act as non-competitive inhibitors of ARG [38]. These flavonoids bind to sites other than
the active site, disrupting the production of polyamines, which are crucial for parasite
survival. Additionally, they may interact with parasite membranes, disrupt essential
cellular processes, or impair Leishmania’s ability to survive within host cells [39,40].

2.2. Cytotoxicity Assay

The CC50 values were 2920.31 ± 80, 3010.62 ± 114, and 1.06 ± 0.1 μM for malvidin,
echioidinin, and AmpB, respectively. The CC50 value, which indicates the concentration
required to kill 50% of the cells, is an important measure of cytotoxicity. A higher CC50

value, as seen with malvidin, suggests lower toxicity to healthy cells, whereas a lower CC50

value, as seen with AmpB, indicates higher toxicity.
Using these data, the selectivity index (SI) was calculated by the ratio between the CC50

and IC50 values. For malvidin, the SI values were 14.70/12.60, 17.60/11.00, and 20.70/14.70
against L. amazonensis, L. braziliensis, and L. infantum for stationary promastigotes/axenic
amastigotes, respectively. For echioidinin, the SI values were 10.80/8.90, 12.10/10.30,
and 14.00/11.60 against L. amazonensis, L. braziliensis, and L. infantum for stationary pro-
mastigotes/axenic amastigotes, respectively. For AmpB, the SI values were 11.30/11.00,
12.70/9.80, and 16.70/12.60 against L. amazonensis, L. braziliensis, and L. infantum against the
same species in the same stages. An SI value of 10 indicates high selectivity [41], implying
that the compound is more toxic to the parasites than normal cells, making it a promising
candidate for drug development. Consequently, these results show that malvidin has
significant antileishmanial activity with lower mammalian cell toxicity than AmpB, as
evidenced by its higher SI values. Among the Leishmania species tested, L. infantum showed
the highest susceptibility to malvidin, reflected by the highest SI values.
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These results are comparable to, and in some cases exceed, the selectivity indices
reported by other authors for various natural compounds derived from different plant
parts and essential oils. Compounds such as oleanic and maslinic acids [42], as well as
those from Connarus suberosus [43], Pseudelephantopus spiralis [44], and certain species from
Saudi Arabia [45], Mexico [46], and Brazil [47], have shown SI values ranging from 1 to 10.
This suggests that malvidin demonstrates competitive or enhanced selectivity. None of
the tested natural products significantly damaged the O+ human red blood cells (Table 1).
The RBC50 values were determined to be 14.28 ± 1 μM for AmpB and 3120.13 ± 107 μM
for malvidin. Consequently, malvidin exhibited significantly lower hemolytic activity
compared to pure AmpB.

2.3. Treatment of Infected Macrophages

The efficacy of malvidin and echioidinin against Leishmania spp. was evaluated by
measuring infection rates, the number of amastigotes per macrophage, and infectiveness
reduction (Table 2). These assessments are crucial for determining how effectively these
compounds inhibit the parasite’s lifecycle and may reveal underlying mechanisms of action.
Additionally, this model allows comparative analysis with existing treatments and other ex-
perimental compounds. Strong efficacy results could justify further clinical investigations.

Table 2. Treatment of infected macrophages and infection inhibition. The analysis determined the
percentage of infection and the number of recovered amastigotes per infected cell after counting
200 macrophages in triplicate.

Compounds
Concentration

(μM)
Infection After
Treatment (%)

Number of Amastigotes
per Macrophage

Infectiveness
Reduction (%)

L. amazonensis

Malvidin

120.74 59.30 3.80 35.75
60.37 61.10 2.80 33.80
30.18 75.60 3.30 18.09

Control 92.30 4.40 0.00

Echioidinin

140.72 63.40 6.30 31.31
70.36 71.80 3.70 22.21
35.18 80.20 5.40 13.11

Control 92.30 4.40 -

AmpB
5.41 24.20 2.80 73.78
2.71 34.30 2.60 62.84

Control 92.30 4.40 -

L. braziliensis

Malvidin

120.74 39.80 3.30 42.07
60.37 48.70 5.40 29.11
30.18 52.10 4.40 24.16

Control 68.70 5.50 -

Echioidinin

140.72 43.20 3.70 37.12
70.36 50.80 3.70 26.06
35.18 56.50 6.40 17.76

Control 68.70 5.50 -

AmpB
5.41 16.50 2.40 75.98
2.71 24.40 2.60 64.48

Control 68.70 5.50 -

L. infantum

Malvidin

120.74 49.80 2.70 33.15
60.37 55.60 3.70 25.37
30.18 61.20 4.70 17.85

Control 74.50 3.70 -

Echioidinin

140.72 50.70 4.20 31.95
70.36 58.70 2.80 21.21
35.18 65.50 4.80 12.08

Control 74.50 3.70 -
AmpB 5.41 19.80 2.50 73.42

2.71 28.70 3.00 61.48
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For L. amazonensis, malvidin exhibited a concentration-dependent reduction in infec-
tion rates. At the highest concentration (120.74 μM), the infection rate decreased to 59.30%,
with the number of amastigotes per macrophage reduced to 3.80, resulting in a 35.75%
reduction in infectiveness. Lower concentrations showed diminished efficacy. Echioi-
dinin also demonstrated concentration-dependent effects, with the highest concentration
(140.72 μM) resulting in a 63.40% infection rate.

For L. braziliensis, malvidin at 120.74 μM reduced infection rates to 39.80%, with
3.30 amastigotes per macrophage, resulting in a 42.07% reduction in infectiveness. Lower
concentrations had less impact. Echioidinin at 140.72 μM led to a 43.20% infection rate,
with 3.70 amastigotes per macrophage and a 37.12% reduction in infectiveness. Lower
concentrations were less effective.

Regarding L. infantum, malvidin at 120.74 μM reduced infection rates to 49.80%, with
2.70 amastigotes per macrophage, achieving a 33.15% reduction in infectiveness. Lower
concentrations were less effective. Echioidinin at 140.72 μM achieved a 50.70% infection
rate and 4.20 amastigotes per macrophage, leading to a 31.95% reduction in infectiveness.
AmpB was used as a control, showing a reduction in infectiveness of 73.78%, 75.98%, and
73.41% for L. amazonensis, L. braziliensis, and L. infantum, respectively.

Moreover, the treatment of infected macrophages was assessed to investigate the po-
tential in vitro therapeutic efficacy of this compound against Leishmania spp. in mammalian
cells. The results demonstrated that malvidin also exhibited a satisfactory selective index
compared to the data obtained from using AmpB.

Screening of antileishmanial candidates is usually performed on parasite-stationary
promastigote cultures, primarily due to the ease of cultivating the parasites and the resulting
yield. However, evaluations using axenic amastigotes were also conducted since this
parasite stage directly interacts with the host immune system and is responsible for the
active disease [19]. Based on these in vitro results, malvidin emerged as the optimal
candidate due to its superior SI and overall performance in key parameters, outperforming
echioidinin in terms of selectivity and efficacy. Given this, we prioritized malvidin for
further in silico analysis, aiming to explore its molecular interactions in more detail and
better understand its potential as an antileishmanial agent.

2.4. In Silico Analysis
2.4.1. Electrostatic Potential Surface and Frontier Orbitals of Malvidin and
ABH Compounds

To fully understand the potential of malvidin (Figure 2A) for ARG inhibition, it is
essential to explore its electronic properties and binding interactions comprehensively. In
this study, the computational methods were leveraged to analyze malvidin’s electrostatic
potential surface (EPS) and frontier molecular orbitals (FMOs). The EPS map will pinpoint
regions on malvidin that could engage with the ARG active site. The FMO analysis, which
focuses on the HOMO–LUMO molecular orbitals, will provide insight into its electron-
donating and electron-accepting capabilities during binding.

In drug discovery, these computational approaches are important for characterizing
the molecular interactions and binding affinities of potential drug candidates. The EPS map
identifies regions of a molecule likely to participate in electrostatic interactions with target
sites, such as ARG [48]. By highlighting areas with positive or negative charges, it identifies
prospective sites for hydrogen bonding or ionic interactions with specific residues in the
target’s active site. Simultaneously, analyzing the HOMO and LUMO of malvidin helps
clarify its electronic behavior during binding, offering critical insights into its molecular
interactions with the enzyme’s active site [49,50]. These analyses can guide structural
modifications to enhance binding efficiency, stability, and selectivity.
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We used ABH as a control molecule to assess the specificity of these interactions and
gain insights into crucial functionalities for inhibition (Figure 2D). ABH has a well-defined
structure with a boronic acid moiety known to participate in reversible covalent interac-
tions with enzymes [51]. However, it lacks the extensive network of conjugated double
bonds and aromatic rings present in malvidin. By comparing the electronic properties and
docking results of malvidin and ABH, we can differentiate between general electrostatic
interactions and specific interactions crucial for ARG inhibition by malvidin. This com-
parative approach will provide valuable insights for the targeted design of novel ARG
inhibitors with improved potency and selectivity.

 

Figure 2. Analysis of ESP and frontier orbitals of malvidin and 2(S)-amino-6-boronohexanoic acid
(ABH) compounds. (A) Optimized structure of malvidin. (B) ESP of malvidin. The range of colors
corresponds to that described above. (C) HOMO and LUMO of malvidin. (D) Optimized structure
of ABH. (E) ESP of ABH. The range of colors corresponds to that described above. (F) HOMO and
LUMO of ABH.

The ESP of malvidin (see Figure 2B) reveals a heterogeneous electron density distribu-
tion, with high-density regions (red) predominantly located on the lower methoxy group
and some hydroxyl groups. The hydroxyl groups on the two conjoined rings show medium
electron density (yellow/green), while low-density regions (blue) are near the hydrogen
atoms. This distribution indicates that malvidin can form specific protein interactions
through hydrogen bonds and electrostatic interactions. High electron density areas can
interact with positively charged amino acid residues, while low-density regions can interact
with negatively charged residues [52].

The HOMO of malvidin is distributed over aromatic rings and hydroxyl groups,
suggesting that these sites are prone to donating electrons and acting as nucleophiles. The
LUMO, also localized on the aromatic rings and functional groups, identifies electrophilic
regions that can accept electrons (see Figure 2C). These properties suggest that malvidin
can stabilize through specific interactions with amino acid residues in proteins, enhancing
its affinity for active sites and its role in biological processes.

The ESP of ABH (see Figure 2E) shows a high electron density (red) on the two hy-
droxyl groups of the boronic acid moiety, in addition to the α-carboxylic acid group. The
high electron density regions of the compound are either negatively charged or have perma-
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nent dipoles that produce a partial negative charge character (δ−). These electrostatic effects
can enable ABH to engage in hydrogen bonding as well as electrostatic interactions with
positively charged residue side chains. The medium electron density region (yellow/green)
is spread along the aliphatic chain, indicating a more neutral charge distribution that can
interact with hydrophobic regions of proteins. As expected, the low electron density (posi-
tive electrical field) (blue) is found in a smaller area of the molecule, such as the α-amino
group. This observation suggests this region is more involved in participating in strong
electrostatic interactions with negatively charged residue side chains of the enzyme’s active
site. The HOMO of ABH is primarily localized around the amino group and adjacent
carbon atoms, indicating that interacting residue side chains of the enzyme would act as
nucleophilic sites capable of donating electrons to the amino group. On the other hand, the
LUMO is mainly situated in the carboxyl group, indicating that interacting residue side
chains would act as electrophilic sites and be capable of accepting electrons (see Figure 2F).
This combination of nucleophilic and electrophilic characteristics allows ABH to interact
with various amino acid residues in the active site of arginase, specifically a region well
known as the L-α-amino acid recognition site and thus allowing for specific L-amino acid
stereochemistry [53,54].

2.4.2. Chemical Reactivity Properties of Malvidin and ABH Compounds

Malvidin and ABH exhibit distinct profiles in global chemical reactivity (Table 3).
These key reactivity descriptors suggest distinct behaviors and potential biological im-
pacts [55,56]. With its smaller energy gap and higher chemical potential, malvidin exhibits
increased chemical reactivity and a pronounced tendency to attract electrons, facilitating
robust interactions with the electron-rich and polar regions of proteins. The greater global
softness of this compound indicates a high degree of electron cloud deformability [57],
allowing for flexible binding to various protein sites, including those that are sterically
hindered. The high electrophilicity index of malvidin suggests that it can readily accept
electrons from nucleophilic amino acid residues, forming stable complexes that could
significantly affect the activity and function of the protein. Additionally, the substantial
dipole moment of malvidin enhances its interactions with polar regions of the protein,
potentially leading to strong dipole–dipole interactions that further stabilize binding and
influence protein conformation and dynamics [58].

Table 3. Global reactivity of malvidin and ABH.

Compound HOMO (eV) LUMO (eV) ΔE Gap μ η S χ ω μ→ *

Malvidin −6.32 −3.47 2.84 −4.89 1.42 0.35 4.89 8.41 5.57
ABH −7.00 −0.41 6.59 −3.71 3.30 0.15 3.71 2.08 1.69

* μ→ corresponds to dipole moment (Debye).

Conversely, ABH, characterized by a larger energy gap and lower chemical potential
for the mid-section of this chemical structure, demonstrates lower reactivity and a reduced
tendency to transfer electrons, resulting in fewer and weaker interactions with proteins.
ABH’s higher global hardness and lower global softness indicate a less flexible electronic
structure, which limits its ability to adapt to various binding sites on the protein, thus
reducing the likelihood of strong or specific interactions. The lower electrophilicity index
of ABH suggests it is less prone to forming stable complexes with nucleophilic residues,
diminishing its potential to alter protein function. Furthermore, the lower dipole moment
of ABH indicates reduced polarity, which may limit its interactions with polar and charged
regions of the protein, leading to minimal binding affinity and specificity.
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Based on our computational analysis, malvidin appears to have high potential for
engaging in intermolecular interactions in an enzyme’s active site based on its charge
character, flexibility, and polarity. These interactions could have biological implications,
such as modulating enzyme activity, altering signaling pathways, or affecting protein
stability [59–62]. On the other hand, from a computational basis considering electrostatics
alone, ABH appears to have higher stability and lower reactivity. These features may
suggest that ABH is more modest in forming a protein–ligand complex, thus further
suggesting a more inert behavior with minimal biological impact. However, this is indeed
not the case with ABH and ARG. The boron chemistry involved with ABH allows for an
interesting structure–analog inhibition case in the active site. The boron atom (of boronic
acid) has a deficient octet by two electrons, and when ABH binds in the L-α-amino acid
recognition site in ARG, the Y-shaped boronic acid moiety (showcasing sp2 hybridization)
is immediately subject to nucleophilic attack by bridging hydroxide stemming off a Mn2+

2

cluster. A tetrahedral boronate anion (sp3 hybridization) is produced that resembles the
unstable sp3 hybridized transition state that L-arginine undergoes during catalysis. In the
case of ABH, the boronate anion is highly stable and serves as one of the strongest arginase
inhibitors known and may not be able to be predicted by a computational assessment.

If we consider a comparative analysis on primary electrostatics between ABH and
malvidin, there appears to be more potential for malvidin to serve as a more effective mod-
ulator in biochemical applications, while ABH may be more suited for its more specific role
requiring chemical transition state chemistry involving the boron atom. From a quantum
analysis comparison of ABH and malvidin, malvidin reveals high reactivity and a pro-
nounced tendency to attract electrons, facilitating robust interactions with proteins through
hydrogen bonds and electrostatic interactions. Its high electron density areas allow it to
interact with positively charged residue side chains, while its electronic flexibility allows
greater adaptability to various protein binding sites. In contrast, ABH is characterized by a
larger energy gap and lower chemical potential that demonstrates reduced reactivity and a
less flexible electronic structure, limiting its specific interactions.

2.4.3. Homology Modeling, Docking, and Molecular Dynamics of Leishmania ARG

The interaction between malvidin and ARG enzymes that catalyze the hydrolysis of
arginine was studied in our previous work to understand the potential therapeutic effects
of malvidin [29]. MD simulations analyzed the stability of the ARG–malvidin complex
during an equilibrium simulation time of 100 ns. Table 4 shows the average root-mean
squared deviation (RMSD) values, where an average value of less than 0.3 nm is observed,
indicating that the enzyme–ligand complex is in equilibrium. The compactness of the ARGs
was analyzed by calculating the radius of gyration (RG) and the solvent-accessible surface
area (SASA). The average SASA value of the ARGs remained compact throughout the
trajectory, meaning that their secondary and tertiary structures remained stable throughout
the simulation without losing protein folding. This information can be observed especially
through the values of the protein surface area, which did not show significant variations
and remained constant around 333, 345, and 336 nm2 for L. amazonensis, L. braziliensis,
and L. infantum, respectively. The RG values of the enzyme models did not vary in
any of the simulations. This analysis allowed us to evaluate the structural dimension of
the complexes where these measures remained constant throughout the trajectory in all
simulations performed, confirming that the complexes remained compact and protein
folding remained stable.

We employed the MM/GBSA method to determine the binding free energy from the
trajectories obtained during the last 10 ns of MD simulations. The results, summarized in
Table 5, highlight the interaction between ARG and malvidin at different pH levels. At
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a pH of 5, the total binding free energies (ΔGTOTAL) of malvidin were −9.73, −8.41, and
−12.83 kcal/mol for L. amazonensis, L. braziliensis, and L. infantum, respectively. At a pH
of 7, the ΔGTOTAL values were −12.82, −12.05, and −10.85 kcal/mol for L. amazonensis,
L. braziliensis, and L. infantum, respectively. These binding free energy values indicate a
robust binding affinity of malvidin to ARG across the three Leishmania species, with slight
variations in energy values between the different pH levels.

Table 4. Average root mean square deviation (RMSD), radius of gyration (RG), and solvent accessible
surface area (SASA) values obtained from molecular dynamics simulations.

L. amazonensis L. braziliensis L. infantum

RMSD (nm)

pH 5 0.023 ± 0.001 0.023 ± 0.001 0.023 ± 0.001
pH 7 0.023 ± 0.001 0.023 ± 0.001 0.023 ± 0.001

RG (nm)

pH 5 3.017 ± 0.001 3.017 ± 0.001 3.017 ± 0.001
pH 7 3.016 ± 0.001 3.017 ± 0.001 3.017 ± 0.001

SASA (nm2)

pH 5 332.244 ± 1.530 344.397 ± 1.517 335.716 ± 1.504
pH 7 331.772 ± 1.494 344.434 ± 1.552 334.429 ± 1.430

Table 5. Binding free energy calculation of malvidin–ARG complexes using molecular mechanics
generalized born surface area (MM/GBSA).

Energy *
L. amazonensis L. braziliensis L. infantum

pH 5 pH 7 pH 5 pH 7 pH 5 pH 7

ΔEvDW −29.49 −28.82 −30.78 −34.12 −26.37 −26.96
ΔEEL 148.22 −90.93 134.83 −157.23 177.00 −22.25
ΔEGB −124.69 110.87 −108.55 183.44 −159.78 42.08

ΔESURF −3.77 −3.94 −3.91 −4.14 −3.68 −3.72
ΔGGAS 118.72 −119.74 104.06 −191.35 150.63 −49.21
ΔGSOLV −128.46 106.92 −112.47 179.30 −163.46 38.36

ΔGTOTAL −9.73 −12.82 −8.41 −12.05 −12.83 −10.85
* All values are in kcal/mol.

The consistently negative ΔGTOTAL values across all systems and pH conditions
suggest that the binding interactions are thermodynamically favorable. The release of
energy upon binding indicates a stable complex formation between ARG and malvidin.
The absence of significant fluctuations in the binding energies across different species and
pH levels reinforces the stability and consistency of these interactions.

The data in Table 5 indicate that at a pH of 5, the most significant energetic contribu-
tions arise from the electrostatic contribution to free energy calculated by generalized born
(ΔEGB) and polar solvation free energy (ΔGSOLV). Conversely, at a pH of 7, the primary
energetic contributions are from electrostatic energy (ΔEEL) and gas-phase free energy
(ΔGGAS). These findings suggest that the overall charge distribution of the systems varies
with the pH, as illustrated in Figure 2. At a pH of 5, the ΔGSOLV contributes more favorably
to the binding free energy than at a pH of 7. In contrast, at a pH of 7, the ΔGGAS contributes
more to the binding free energy.

These results underline the pH-dependent nature of binding interactions, where
different energetic components dominate under different conditions. At a pH of 5, the
solvation effects (ΔGSOLV) are more prominent, suggesting that the solvation environment
significantly influences binding. At a pH of 7, the dominance of gas-phase interactions

33



Molecules 2025, 30, 173

(ΔGGAS) implies that the intrinsic electrostatic and van der Waals interactions play a more
crucial role.

Understanding these pH-dependent energetic contributions is essential for optimizing
ligand binding in drug design. It highlights the need to consider environmental factors
such as pH when developing inhibitors targeting ARG in Leishmania species. Future
experimental studies should aim to validate these computational insights and explore the
implications for therapeutic efficacy under varying physiological conditions.

Our molecular docking, MD, and energetic contribution study investigated the poten-
tial of malvidin to inhibit ARG enzymes from the three Leishmania species of L. amazonensis,
L. braziliensis, and L. infantum. This represents the first detailed analysis of malvidin’s
interactions with the active sites of these enzymes at two relevant pH levels (a pH of 5 and a
pH of 7). The docking simulations revealed key amino acid residues involved in malvidin’s
binding, which varied slightly between species and pH levels but consistently interacted
with critical functional groups. Additionally, electrostatic potential surface calculations
confirmed that protonation states significantly influenced the overall charge of the ARG
models. In Figure 3, at a pH of 5 (blue color), ARG exhibited a stronger positive electrostatic
potential due to the protonation of basic residues, while at a pH of 7 (red color), a more
pronounced negative charge was observed. Despite these differences, malvidin remained
bound to the ARG enzyme at both pH levels, demonstrating stable interactions. In this
comprehensive study, valuable insights are provided into malvidin’s binding mechanisms
and its potential as a therapeutic agent against different Leishmania species.

Figure 3. Representation of the electrostatic potential map of arginases (ARGs) for L. amazonensis
(left), L. braziliensis (middle), and L. infantum (right) at a pH of 5 and a pH of 7 (in kBT/e). The
electrostatic potential maps were calculated using the adaptive Poisson–Boltzmann solver (APBS) [63].
Blue represents positive potential, red represents negative potential, and white indicates neutral
regions. Theoretical isoelectric point values were determined by ProtParam (https://web.expasy.
org/protparam/ accessed on 15 October 2024), as part of the Expasy server [64].
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For L. amazonensis (Figure S1), at a pH of 5, malvidin interacted with HIS 139, ASP 141,
ASN 143 (carbon hydrogen bond), HIS 154, GLY 155 (carbon hydrogen bond), ALA 192,
ASP 194, GLU 197, THR 257 (carbon hydrogen bond), PRO 258 (conventional hydrogen
bond), VAL 259, ARG 260, and GLU 288. At a pH of 7, the interactions included HIS 139 (pi-
pi stacked and pi alkyl), ASP 141 (carbon–hydrogen bond), ILE 142, ASN 143 (conventional
and carbon–hydrogen bonds), SER 150, HIS 154 (pi alkyl and carbon–hydrogen bond), GLY
155 (carbon–hydrogen bond), ALA 192, VAL 193, ASP 194 (carbon–hydrogen bond), GLU
197, THR 257, PRO 258, VAL 259, and ARG 260. Notably, the residues HIS139, ASN143,
SER150, GLY155, ALA192, GLU197, THR257, PRO258, and VAL259 are significant, with
HIS139, GLY155, and THR257 displaying energy values above −1 kcal/mol.

In the case of L. braziliensis (Figure S2), at a pH of 5, the interacting amino acids were HIS
140 (conventional hydrogen bond and pi-pi stacked), ASP 142, ASN 144, HIS 155 (pi-alkyl),
GLY 156, ASP 193, GLU 195, GLU 198, THR 258, PRO 259, VAL 260, and ARG 261 (unfavorable
donor-donor). At a pH of 7, the interactions included HIS 140 (pi-pi stacked and conventional
hydrogen bond), ALA 141, ASP 142 (carbon–hydrogen bond), ILE 143, ASN 144, SER 151,
HIS 155 (pi alkyl), GLY 156 (carbon–hydrogen bond), ASP 193 (pi anion), GLU 195, GLU 198
(carbon and conventional hydrogen bonds), THR 248, PRO 259, VAL 260, ARG 261, and GLU
289. The residues HIS140, SER151, GLY156, GLU195, GLU198, THR258, PRO259, and VAL260,
with HIS140 and THR258 showing energy values above −1 kcal/mol.

For L. infantum (Figure 4), at a pH of 5, the interacting amino acids were HIS 139
(conventional hydrogen bond and pi cation), ALA 140, ASP 141, ASN 143 (conventional
hydrogen bond), SER 150, ASN 152, HIS 154 (pi-alkyl), GLY 155, ASP 194 (carbon–hydrogen
bond), GLU 197 (conventional hydrogen bond), THR 257 (carbon–hydrogen bond), PRO
258 (conventional hydrogen bond), VAL 259, and ARG 260. At a pH of 7, the interactions
included HIS 139 (pi cation), ASP 141 (carbon–hydrogen bond), ILE 142, ASN 143, SER 150,
HIS 154 (pi alkyl), GLY 155 (carbon–hydrogen bond), ALA 192, VAL 193, ASP 194 (carbon–
hydrogen bond), GLU 197 (conventional hydrogen bond), THR 257 (carbon–hydrogen
bond), PRO 258 (conventional hydrogen bond), VAL 259, ARG 260 (conventional hydrogen
bond), and GLU 288. The key residues contributing to the binding energy were HIS139,
ASN143, SER150, GLY155, VAL193, ASP194, GLU197, THR257, PRO258, and VAL259, with
HIS139 and PRO258 exhibiting the highest contributions (>−1 kcal/mol).

These findings highlight the specific amino acids that play significant roles in interact-
ing with malvidin across different Leishmania species. The residues HIS139 and PRO258
were consistently significant in L. amazonensis and L. infantum, while HIS140 and THR258
were prominent in L. braziliensis (Figure S3).

These findings suggest that malvidin may inhibit Leishmania ARG activity by interacting
with critical amino acid residues. Notably, HIS 139, a critical binding site for malvidin across
all Leishmania species, is conserved in ARG family enzymes involved in the coordination
of the binuclear manganese cluster (Mn2+-Mn2+) in the active site [65,66]. Blocking this
metal coordination with other molecules has demonstrated the inhibition of ARG activity.
Therefore, malvidin’s interaction with HIS 139 is likely a pivotal mechanism for its inhibitory
effect [67]. This is supported by other studies, such as involving fisetin, which also showed
enhanced stability through similar interactions [68]. Another significant interaction involves
HIS 154, which directly binds the L-arginine substrate in some Leishmania ARGs. Malvidin’s
interaction with HIS 154 could potentially hinder substrate binding, contributing to ARG
inhibition [69]. Additionally, malvidin interacts with ALA 192, a residue previously targeted
by other ARG inhibitors like phenylacetamide, ABH, and caryophyllene oxide. Since ALA
192 is not conserved in human ARG, this suggests a potential shared inhibitory mechanism
between malvidin and these compounds [70–72]. Furthermore, some flavonoids, such as
epicatechin, catechin, and gallic acid, have also been tested against ARG. Their interactions
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with additional residues, such as ASP 141, GLY 155, ASP 181, ASP 194, and THR 257, were
observed [73]. Similar compounds, including polyphenols such as caffeic and rosmarinic
acids, also interacted with HIS 139, ASP 194, and SER 150 [67].

Figure 4. Docking of malvidin with arginase (ARG) from Leishmania infantum at a pH of 5. Panels
(A–D) depict the 3-dimensional surface representation, the binding mode and molecular interactions
of the interacting ligands, 2-dimensional view of ligand interactions with arginase residues, and
hydrogen bonding interactions surface, respectively. Panels (E–H) reveal the corresponding docking
analyses at a pH of 7.
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These in silico findings provide a promising foundation for further research. In vitro
and in vivo studies are necessary to confirm malvidin’s ability to inhibit Leishmania ARG
and evaluate its efficacy against the parasite. Additionally, exploring the structure–activity
relationship of malvidin and its derivatives could lead to developing more potent ARG
inhibitors for treating Leishmaniasis.

Network Analysis of Protein–Protein Interactions and Single-Cell RNAseq Analysis in Key
Organ Systems for Potential Toxicity

The integration of the network analysis of protein–protein interactions with single-cell
RNA sequencing (scRNAseq) is transforming our understanding of drug-induced toxicity
across key organ systems. Network analysis offers a system-level view of complex protein
interactions within cellular pathways [74]. This approach enables the identification of
critical nodes and pathways that may serve as potential drug targets or toxicity markers,
particularly those implicated in processes like inflammation, oxidative stress, and cellular
metabolism, which are often linked to adverse effects. Meanwhile, scRNAseq analysis
offers a high-resolution view of gene expression at the cellular level, uncovering cellular
heterogeneity and specific responses to toxic agents that are often obscured in bulk tissue
studies [75]. By integrating these methods, researchers can link alterations in protein
interactions with gene expression changes at the cellular level, offering a comprehensive
understanding of how toxicity develops across different organ systems. This combined
approach improves the prediction of early toxicity prediction—a major challenge in phar-
maceutical research. This method highlights both established and novel drug-pathway
connections, leveraging big data to improve drug safety and guide the development of
therapies with a reduced risk of adverse effects in clinical trials [76,77]. This integrative
approach is illustrated in the network visualizations shown in Figure 5A which depict the
intricate interplay between proteins within the specific tissues of the brain, heart, kidney,
and liver. Each graph represents a tissue-specific protein interaction network, emphasizing
key tissue-specific toxicity markers (represented as circles) and predicted targets (repre-
sented as squares) based on their centrality within the network. The color intensity scale
(yellow to dark blue) indicates the relative importance of each node in terms of its role and
action within the network.

In the brain network, critical markers are involved in neuronal function and implicated
in neurodegenerative diseases. These include acetylcholinesterase (ACHE), apolipoprotein
E (APOE), amyloid precursor protein (APP), brain-derived neurotrophic factor (BDNF),
cyclin-dependent kinase 5 (CDK5), Huntingtin (HTT), nerve growth factor (NGF), Parkin-
son protein 7 (PARK7), prion protein (PRNP), and presenilin 1 (PSEN1). The intricate
interactions among these markers influence cell survival and contribute to the complex
pathology of neurodegenerative diseases such as Parkinson’s, Alzheimer’s, Huntington’s,
and Creutzfeldt-Jakob disease [78]. The heart network, on the other hand, features essential
markers for maintaining cardiac function. Markers such as cysteine and glycine-rich protein
3 (CSRP3), myosin-binding protein C (MYBPC), telethonin (TCAP), tropomyosin 1 (TPM1),
and titin (TTN) play crucial roles in maintaining cellular homeostasis within the heart
muscle. Dysregulation of these genes can lead to various cardiac disorders, emphasizing
their importance in negatively regulating cell death pathways [79].
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Figure 5. Single-cell RNA sequencing and comprehensive gene expression analysis across the
brain, heart, kidney, and liver. (A) Network representations of gene interactions in the brain, heart,
kidney, and liver, highlighting distinct patterns of connectivity and interaction hubs in each organ.
Darker color represents maximal clique centrality (MCC). (B) Pathway analysis illustrating the major
biological processes and pathways enriched in each organ, with significant nodes and connections
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visualized. (C) UMAP plot showing the clustering of gene expression data from the brain, heart,
kidney, and liver, with each color representing a different organ. (D) Heatmap of average expression
levels for key genes across the brain, heart, kidney, and liver, indicating organ-specific expression
patterns. (E) Spatial expression maps for selected genes (APEX1, TOP2A, AXL, GLO1, XDH, AKR1C1,
ALOX5, F2, ALOX12, MAOA, CDK1) across the different organs, with color intensity representing
expression levels.

The liver network emphasizes markers responsible for critical cellular defense mech-
anisms, neurotransmitter metabolism, and steroid hormone processing. Genes such as
ATP-binding cassette subfamily C member 2 (ABCC2), ATP-binding cassette subfamily
G member 2 (ABCG2), cytochrome P450 1A1 (CYP1A1), epoxide hydrolase 1 (EPHX1),
UDP glucuronosyltransferase 1 family, polypeptide A10 (UGT1A10), UDP glucuronosyl-
transferase 1 family, polypeptide A3 (UGT1A3), and UDP glucuronosyltransferase 1 family,
polypeptide A7 (UGT1A7) collectively contribute to liver detoxification, homeostasis, and
metabolic regulation [80]. The kidney network highlights markers crucial for kidney de-
velopment and function. Markers such as ataxia telangiectasia mutated (ATM), GATA
binding protein 3 (GATA3), renin (REN), Ret proto-oncogene (RET), and tuberous sclerosis
complex 2 (TSC2) play essential roles. Dysregulation of these genes can lead to structural
abnormalities, impaired renal function, and electrolyte imbalances. Understanding their
roles is vital for managing kidney health and developing targeted therapies [81,82].

In this context, several predicted malvidin targets were identified as central nodes
within the protein interaction networks across key organ systems. These central nodes, due
to their critical roles in maintaining the structural and functional integrity of key pathways,
did not exhibit strong associations with potential toxic effects. Their centrality likely
contributes to a stabilizing effect, where malvidin-induced perturbations are absorbed or
buffered by the system, minimizing disruptions that could lead to toxicity. This observation
highlights the significance of network topology when evaluating drug safety, as central
proteins may play essential roles in cellular homeostasis without directly contributing to
toxicity. These findings demonstrate the significance of integrating network analysis and
scRNAseq to offer a comprehensive, system-level comprehension of drug-induced toxicity,
hence guiding the development of safer therapies with reduced risks of side effects.

2.4.4. Pathway Analysis of Key Genes in Different Tissues

Figure 5B illustrates the functional pathways associated with key proteins in each
tissue type. The brain’s pathways involve proteins like monoamine oxidase A (MAOA),
cyclin-dependent kinase 1 (CDK1), and xanthine dehydrogenase (XDH). These proteins
play crucial roles in regulating cellular processes, impacting cell survival, development,
and overall health. MAOA influences neurotransmitter levels [83], CDK1 orchestrates
critical cell cycle events [84], and XDH generates reactive oxygen species [85]. The dys-
regulation of these proteins can lead to structural abnormalities, impaired function, and
pathogenesis. Heart-specific pathways include interactions between thrombin (F2), AXL
receptor tyrosine kinase, CDK1, endothelin-1 (EDN1), and XDH. These proteins play crucial
roles in regulating the cellular processes within the heart. F2 plays a dual role in blood
clotting and anticoagulation [86]. AXL influences cell survival and resistance to chemother-
apy [87]. CDK1 orchestrates critical cell cycle events, maintaining genome stability [88].
EDN1 impacts vasoconstriction, inflammation, and tissue remodeling [89]. XDH generates
oxidative stress and cellular health [90]. Kidney pathways feature proteins such as AXL,
DNA topoisomerase 2 Alpha (TOP2A), BRCA1-associated protein 1 (BAP1), XDH, and
F2. These proteins play crucial roles in regulating cellular processes within the kidney.
AXL influences cell survival and tissue repair [91], TOP2A maintains genome stability [92],
BAP1 is associated with cancer predisposition [93], XDH impacts purine metabolism and
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oxidative stress [94], and F2 plays a dual role in blood clotting and anticoagulation [95].
Liver pathways involve proteins like XDHs [96], aldo-keto reductase family 1 member C1
(AKR1C1) [97], and arachidonate 5-lipoxygenase (ALOX5) [98]. XL influences cell survival
and tissue repair, TOP2A maintains genome stability [99], BAP1 is associated with cancer
predisposition [100], XDH impacts purine metabolism and oxidative stress, and F2 plays a
dual role in blood clotting and anticoagulation, highlighting the liver’s role in detoxification
and metabolic regulation [101].

The findings suggest that although the identified marker targets for malvidin are
central within their respective networks, they are not involved in processes critical for
cellular function and homeostasis that could lead to toxicity if interrupted. Their centrality
indicates that while these targets play important roles in their networks, their interaction
with malvidin is unlikely to disrupt critical biological pathways or cause adverse effects
and toxicity.

2.4.5. Heatmap Analysis of Key Differentially Expressed Genes

The uniform manifold approximation and projection (UMAP) plot (Figure 5C) demon-
strates distinct clustering of brain (red), heart (green), kidney (blue), and liver (purple)
tissues based on their gene expression profiles. Noticeably, shifts in the clustering patterns
of liver and kidney tissues suggest significant tissue-specific effects.

The heatmap (Figure 5D) displays the average expression levels of selected genes
across different tissues following malvidin treatment. Interestingly, no significant over-
expression of genes was observed in the brain. In the heart, malvidin treatment led to
increased expression of AXL, a receptor tyrosine kinase known to be involved in cell sur-
vival, proliferation, migration, and angiogenesis [91]. However, AXL is often overexpressed
in cancer cells and associated with poor prognosis [102]. Further investigation is needed to
understand the specific role of AXL upregulation in the heart following malvidin treatment.

The kidney exhibited an increased expression of MAOA following malvidin treatment.
Although primarily found in the brain, MAOA is also expressed at low levels in other
tissues, including the kidneys. Studies have shown an association between lower levels
of MAOA expression in the kidneys and chronic kidney disease (CKD) [103]. Increased
MAOA expression in response to malvidin may offer potential benefits for kidney health,
but further research is warranted.

In the liver, malvidin treatment resulted in the altered expressions of several genes,
including MAOA, F2, and AKR1C1. F2, which can be interpreted in two ways within
the context of the liver, plays a dual role in blood clotting. The liver produces F2 and
its expression is monitored to assess the post-transplantation functionality of donated
livers [104]. However, a higher level of F2 can also indicate stage 2 fibrosis, a condition
characterized by scar tissue development in various liver diseases [105]. In this case,
F2 likely reflects the state of the liver tissue rather than direct gene expression changes.
AKR1C1 encodes an enzyme involved in the body’s metabolic processes [106]. The research
suggests that AKR1C1 might be overexpressed in liver cancer compared to healthy tissue,
potentially serving as a disease marker or even contributing to its development [107].

Two genes, GLO1 and APEX1, were notably expressed across the heart, kidney, and
liver. GLO1 acts as a detoxifying enzyme, specifically targeting a harmful molecule called
methylglyoxal produced during normal cellular processes [108]. By removing methylgly-
oxal, GLO1 protects cells from damage and contributes to overall cellular health. APEX1,
on the other hand, plays a critical role in DNA repair by removing damaged building
blocks from DNA, allowing proper repair mechanisms to function [109]. Damaged DNA
can lead to mutations and cell death, highlighting the importance of APEX1 in maintaining
cellular health [110]. Similar to GLO1, APEX1 is expressed in various tissues and offers
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specific benefits to each organ. In the heart, APEX1 protects heart muscle cells from DNA
damage linked to heart disease [111]. Similarly, it helps maintain kidney DNA integrity
and potentially prevents kidney disease. Finally, in the liver, APEX1 is involved in DNA
repair processes essential for detoxification and regeneration functions [111].

The combined analysis of the UMAP plot and heatmap provides valuable insights into
the tissue-specific effects of malvidin treatment. The observed changes in gene expression
patterns suggest potential benefits for various organs, including the reduction in oxidative
stress in the liver and the upregulation of DNA repair mechanisms in the heart, kidney, and
liver. However, further research is needed to fully understand the underlying mechanisms
and potential therapeutic applications of malvidin.

It is important to acknowledge that UMAP, while a powerful tool for visualizing
high-dimensional data, introduces some degree of distortion into the underlying data
structure. Therefore, further bioinformatic analysis methods, such as principal compo-
nent analysis (PCA) or t-distributed stochastic neighbor embedding (t-SNE), could better
understand gene expression patterns across these tissues. These UMAP visualizations
provide a valuable starting point for dissecting tissue-specific gene expression patterns.
These findings can guide future studies utilizing techniques like RNA-seq and quantitative
PCR (qPCR) to validate candidate genes and explore their functional roles in distinct or-
gan systems [112]. Understanding these complex transcriptional landscapes is crucial for
advancing our knowledge of organ development, physiology, and disease pathogenesis.

In the bottom row of Figure 5E, UMAP visualizations are presented for gene expression
data from the brain (red), heart (green), kidney (blue), and liver (purple) tissues. UMAP, a
dimensionality reduction technique, projects high-dimensional gene expression data into
a two-dimensional space, allowing for the visualization of differentially expressed genes
across these tissues. The UMAP plots demonstrate clear segregation between tissue types,
suggesting distinct transcriptional landscapes across organs. This separation likely reflects
the expression of genes critical for each tissue’s specialized functions.

The heart UMAP might group genes encoding proteins involved in sarcomere func-
tion, electrical conduction, and cardiac rhythm regulation. Examples include genes for
sarcomere function like myosin heavy chain 6 (MYH6) [113], alpha skeletal muscle actin
(ACTA1) [114], troponin I type 2 (TNNI2) [115]; electrical conduction genes like sodium
voltage-gated channel alpha subunit 5 (SCN5A) [116], potassium voltage-gated chan-
nel subunit (KCNQ1) [117], gap junction protein, alpha 1 (GJA1) [118]; and cardiac
rhythm regulation genes like potassium channel, inwardly rectifying subfamily J member
11 (KCNJ11) [119], calcium channel, voltage-dependent, L-type, and alpha 1C subunit
(CACNA1C) [120].

Kidney tissue may show enrichment for genes related to solute transport, electrolyte
homeostasis, and waste product excretion. Examples include genes for solute transport like
solute carrier family 2 (facilitated transporter) [121], aquaporin 1 (AQP1) [122], sodium–
potassium–chloride cotransporter 1 (SLC12A1) [123]; electrolyte homeostasis genes like
sodium–potassium-ATPase subunit alpha 1 (ATP1A1) [124], aquaporin 2 (AQP2) [125],
chloride channel accessory 1 (CLCA1) [126]; and waste product excretion genes like solute
carrier family 23 member 1 (SLC23A1) [127], multidrug resistance protein 1 (MDR1) [128],
and uromodulin (UMOD) [129].

The liver UMAP may cluster genes implicated in xenobiotic detoxification, metabolic
pathways, and bile acid synthesis. Examples include genes for xenobiotic detoxification like
cytochrome P450 family 3 subfamily a member 4 (CYP3A4) [130], glutathione S-Transferase
alpha 1 (GSTA1) [131], UDP glucuronosyltransferase 1 family member A1 (UGT1A1) [132];
metabolic pathway genes like glucokinase (GCK), fatty acid synthase (FASN), carnitine
palmitoyltransferase 1A (CPT1A) [133]; and bile acid synthesis genes like cholesterol
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7A-Hydroxylase (CYP7A1) [134], bile acid coenzyme A: amino acid N-Acetyltransferase
(BAAT) [135], and sterol 12α-hydroxylase (CYP8B1) [136].

Further in-depth analysis of differentially expressed genes within each UMAP plot
is warranted to identify tissue-specific markers and elucidate the underlying molecular
mechanisms governing organ-specific functionalities. Functional enrichment analysis and
gene ontology term association can be employed to identify biological processes and path-
ways significantly associated with each tissue cluster [137,138]. Additionally, co-expression
network analysis can reveal potential interactions and regulatory relationships between
differentially expressed genes within each tissue type. These UMAP visualizations provide
a valuable starting point for dissecting tissue-specific gene expression patterns. These
findings can guide future studies to unravel the complex interplay between genes and their
functional roles in distinct organ systems. Understanding these complex transcriptional
landscapes is crucial for advancing our knowledge of organ development, physiology, and
disease pathogenesis.

3. Materials and Methods

3.1. Parasites

L. amazonensis (IFLA/BR/1967/PH-8), L. braziliensis (MHOM/BR/1975/M2903), and
L. infantum (MHOM/BR/1970/BH46) were used as parasites. Stationary promastigotes
were grown at a 24 ◦C in complete Schneider’s medium (Sigma-Aldrich, St. Louis, MO,
USA), which was composed of medium plus 20% (v/v) heat-inactivated fetal bovine serum
(FBS; Sigma-Aldrich, USA) and 20 mM L-glutamine with a pH of 7.4 [139]. To obtain
the axenic amastigotes, 109 stationary promastigotes were washed three times in sterile
phosphate-buffered saline (PBS 1X and incubated in 5 mL FBS for 48 h (L. amazonensis and
L. braziliensis) and 72 h (L. infantum), respectively, at 37 ◦C. Parasites were washed in cold
PBS 1x, and their morphology was evaluated after staining using the Giemsa method in an
optical microscope, as previously described [140].

3.2. Antileishmanial Activity

L. infantum IC50 was evaluated by incubating parasite stationary promastigotes or
axenic amastigotes (106 cells, each) with malvidin (MolPort catalogue N◦ AA00E9KS,
Latvia) (0 to 150.92 μM) or echioidinin (MolPort catalogue N◦AK-693/21087015, Latvia)
(0 to 178.3 μM) in 96-well culture plates (Nunc, Nunclon, Roskilde, Denmark) for 48 h at
24 ◦C. AmpB (0 to 10.8 μM; Sigma-Aldrich, USA) was used as control. Cell viability was
assessed through 3-(4.5-dimethylthiazol-2-yl)-2.5-diphenyl tetrazolium bromide (Sigma-
Aldrich, USA) method. Optical density (OD) values were measured in a microplate
spectrophotometer (Molecular Devices, Spectra Max Plus, San Jose, CA, USA) at 570 nm.
IC50 values were calculated by sigmoidal regression of dose–response curves in Microsoft
Excel software (version 10.0) [141]. Two-tailed Student’s t-tests (p < 0.05) were used to
compare IC50 values between malvidin and echioidinin, assessing significant differences
in inhibitory activity.

3.3. Cytotoxicity Assay

Cytotoxicity was evaluated ex vivo in murine macrophages and human red blood
cells, for which concentrations inhibiting 50% of macrophages (CC50) and red blood cells
(RBC50) were determined. Briefly, murine cells (5 × 105) or a 5% human red blood cells
suspension were incubated in the presence of malvidin (0 to 301.84 μM) or echioidinin (0
to 356.76 μM) AmpB (0 to 10.82 μM) was used as control. Cells were incubated in RPMI
1640 medium for 48 h (murine macrophages) or 1 h (red blood cells) at 37 ◦C in 5% CO2.
Macrophage viability was assessed using the MTT method. The red blood cell suspension
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was centrifuged at 1000× g for 10 min at 4 ◦C, after which the percentage of cell lysis was
evaluated spectrophotometrically at 570 nm. The hemolysis was determined by replacing
the natural products with an equal volume of phosphate-buffered saline with a pH of
7.4 (PBS—negative control) or distilled water (positive control) [141]. CC50 and RBC50

values were calculated by sigmoidal regression of dose–response curves in Microsoft Excel
software (version 10.0). SI was calculated as the ratio between CC50 and IC50 values.

3.4. Treatment of Infected Macrophages

To evaluate the efficacy of malvidin or echioidinin for treating infected macrophages,
murine cells (5 × 105) were plated on round glass coverslips in 24-well plates in RPMI
1640 medium supplemented with 20% (v/v) FBS and 20 mM L-glutamine at a pH of 7.4
and incubated for 24 h at 37 ◦C in 5% CO2. Stationary promastigotes were added to the
wells at a ratio of 10 parasites per macrophage, and cultures were incubated further for
48 h at 37 ◦C for 5% CO2. Free parasites were removed by extensive washing with RPMI
1640 medium, and infected macrophages were treated with malvidin (30.18, 60.37, and
120.74 μM), echioidinin (35.18, 70.36, and 140.72 μM), or AmpB (2.70 and 5.41 μM) for 48 h
at 24 ◦C in 5% CO2. After fixation with 4% paraformaldehyde, cells were washed and
stained with Giemsa, and the infection percentage, the number of amastigotes per infected
macrophage, and the reduction in the infection percentage were determined by counting
200 cells in triplicate, using an optical microscope [141].

3.5. In Silico Analysis
3.5.1. Molecular Geometry Optimization

Natural products and 2(S)-amino-6-boronohexanoic acid (ABH, CID 9793992) SDF
files were selected from the PubChem database [142]. ABH was used as a control be-
cause it is known to have an inhibitory effect on arginase [36], allowing for a com-
parison of its effects. The molecular geometries of these compounds were optimized
using the B3LYP/6-311++g(d,p) basis set, incorporating implicit water solvent effects
(CPCM(WATER)) [143,144], as implemented in ORCA software version 5.0 [145,146]. Vi-
brational analyses were performed to ensure accurate ground-state geometries and confirm
the absence of imaginary frequencies. Atomic charges were calculated using the Hirshfeld
population analysis to account for the electrostatic effects of the ligands within the protein
complexes [147]. These charges were then used to reparametrize the AMBER-ILDF force
field, which was subsequently used for molecular dynamics simulations.

3.5.2. Global Reactivity Descriptors

Global reactivity descriptors were calculated using conceptual density functional
theory (DFT) [148,149], which explains the relationships among structure, stability, and
reactivity [150]. These descriptors were derived using Koopmans’ theorem which evaluates
the energies of the highest occupied molecular orbital (HOMO) and lowest unoccupied
molecular orbital (LUMO) obtained from simple-point energy calculations using B3LYP/6-
311++g(d,p) basis set [151,152] (see Table 6). This analysis provided insights into how the
molecules might interact with other molecules.

Table 6. Global reactivity descriptors.

Reactivity Descriptors Equation References

Chemical Potential (μ) μ = 1
2 (εL + εH) [153,154]

Global Hardness (η) η = 1
2 (εL − εH) [153,154]

Global Softness (S) S = 1
η [153]
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Table 6. Cont.

Reactivity Descriptors Equation References

Electronegativity (χ) χ = − [153]

Electrophilicity (ω) ω =
μ2

2η
[153,155]

HOMO–LUMO gap (ΔE gap) ΔEgap = εL − εH

3.5.3. Homology Modeling, Docking, and Molecular Dynamics of Leishmania ARG

Homology modeling was performed to generate 3D models of ARG from pro-
tein sequences (https://www.uniprot.org/, accessed on 15 May 2024) of L. amazonensis
(AAC95287.1), L. braziliensis (KAI5689219.1), and Leishmania infantum (CAC9543944.1),
using the Swiss-Model server (https://swissmodel.expasy.org, accessed on 10 August
2023) with ARG from L. mexicana (PDB code: 4ITY) as the template [72]. Seven high-
resolution X-ray crystal structures of ARG from L. mexicana (1.95 Å or better) were also
referenced, including the inhibitorless form (PDB 4ITY), complexes with competitive in-
hibitors (PDB 4IU0, 4IU1, 4IU4, 5HJ9, 5HJA), and with the reaction product L-ornithine
(PDB 4IU5) [54,71]. These structures provided insights into the active site, Mn2+

2-binuclear
cluster, metal ion coordination, and zones of surface electrostatic charge. Structural differ-
ences were also compared against human arginase I to gain further insight into develop-
ing Leishmania ARG-selective inhibitors [54]. Sequence alignments using BLAST (https:
//blast.ncbi.nlm.nih.gov/, accessed on 27 December 2024) revealed that ARG from L. ama-
zonensis, L. infantum, and L. braziliensis differed by 2, 13, and 40 residues, respectively, com-
pared to L. mexicana ARG (GenBank accession no. AAR06176.1). The Amber topology file
for malvidin was generated with the Acpype server (https://www.bio2byte.be/acpype/,
accessed on 21 August 2023) with a total charge of +1. High-resolution crystallographic data
and sequence comparisons were used to strengthen computational docking predictions,
particularly for species with high sequence similarity [156,157].

Molecular docking was performed using the DockThor server (https://www.dockthor.
lncc.br/v2/, accessed on 7 September 2023), where grids were set in the active site of
the chain A of each protein. Complexes with the best scores were selected for further
analysis. Protonation states of ionizable residues were determined using the PROPKA v.
3 program [158,159]. The summary of pKa values was used to calculate the protonation
states of Asp, Glu, Arg, Lys, and His residues, as well as the C-terminal and N-terminal
ends. The semi-grand canonical Monte Carlo (SGCMC) procedure was used to calculate the
different protonation states at a pH of 5 and a pH of 7, based on the free energy associated
with the pKa of each titratable residue. This was calculated using the program developed
by Barazorda et al., 2021, accessible online at https://github.com/smadurga/Protein-
Protonation accessed on 10 September 2023 [160,161].

After the protein preparation, MD simulations were used to research the ARG-
malvidin complexes. Simulations were conducted using the AMBER-ILDF force field in
GROMACS v. 2023.4 software [162]. The systems were then solvated with the TIP3P water
model, and sodium (Na+1) or chloride (Cl−1) ions were added to neutralize the system. The
simulation box size was set to 12 Å × 12 Å × 12 Å. Before running the MD simulations, an
energy minimization step was performed using the steep-descent algorithm for 20,000 steps.
The MD simulation itself was conducted in the following two distinct stages: the first stage
was in the canonical NVT ensemble considering position restraint of the backbone and the
coordination of the metal in the active site with distance restraint, with a trajectory of 10 ns.
The second stage was the production dynamics in the isothermal–isobaric NPT ensemble
with a simulation time of 100 ns. The V-rescale thermostat maintained the temperature at a
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physiological value of 300 K, and the Parrinello–Rahman barostat maintained pressure at
1 bar, reflecting typical cellular pressure conditions.

Finally, the binding free energy estimation between ARG and malvidin was calculated
using the molecular mechanics generalized born surface area (MM/GBSA) method. This
calculation employed data from GROMACS simulation and was performed using a tool
based on AMBER’s MMPBSA.py script (gmx_MMPBSA v1.6.2 based on MMPBSA version
16.0 and AmberTools 20).

3.5.4. Prediction of Natural Product Targets and Retrieval of Tissue Toxicity Markers

The natural product’s simplified molecular-input line-entry system (SMILES) codes
were searched and retrieved from the PubChem server (https://pubchem.ncbi.nlm.nih.
gov/, accessed on 21 March 2024) [163] and uploaded to the SwissTarget Prediction server
(http://www.swisstargetprediction.ch/, accessed on 21 March 2024) [164], and to the
Superpred server (https://prediction.charite.de/, accessed on 21 March 2024) [165], for
target prediction on Homo sapiens species. To identify toxicity markers in the brain, heart,
kidney, and liver tissues, the GeneCards database (https://www.genecards.org/, accessed
on 21 March 2024) [166] was used, whereas the related protein/gene targets were retrieved
using the keywords of “neurotoxicity”, “cardiotoxicity”, “nephrotoxicity”, and “hepa-
totoxicity”, respectively. The standard of proteins and gene names were obtained from
the UniProt database (https://www.uniprot.org/, accessed on 15 April 2024) [167], and
Venn diagrams were used to identify duplicate entries using the Draw Venn Diagram tool
(http://bioinformatics.psb.ugent.be/webtools/Venn/, accessed on 15 April 2024).

3.5.5. Protein–Protein Interaction Network Analysis

The predicted targets and tissue toxicity-associated markers were used to construct
protein–protein interaction (PPI) networks. The molecular networks were retrieved from
the STRING database (https://string-db.org, accessed on 20 April 2024) [168] and analyzed
using the Cytoscape platform v 3.10.3 [169]. The cytoHubba v 0.1plugin was used to
score and rank network nodes based on the maximal clique centrality (MCC) topological
analysis method [170]. Cytoscape default settings were considered to visualize the network,
whereas node type and color were manually adjusted, considering the scores provided by
the MCC analysis and the type of marker. Finally, the plugin StringApp v 2.2.0 [171] was
used to retrieve functional enrichment for gene ontology (GO) terms regarding biological
processes (BPs), molecular functions (MFs), and cellular components (CCs), with results
displayed in circular radial layouts.

3.5.6. Single-Cell RNA Sequencing Analysis

The gene raw counts or normalized gene expression matrix of single-cell gene ex-
pression data of 04 relatively normal tissues were downloaded from the Gene Expression
Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/, accessed on 30 October 2024).
Kidney, GEO Accession No. GSE131685, from 3 normal controls [172] and liver, GEO
Accession No. GSE115469, from 5 healthy patients [173]. The heart data are available
on the Heart Cell Atlas database (https://www.heartcellatlas.org/) [174], 1 region was
selected for download: the heart vascular datasets from 14 healthy donors. The brain
data were searched at the scREAD database (https://bmblx.bmi.osumc.edu/scread/,
accessed on 30 October 2024) [175], where the entorhinal cortex, GEO Accession No.
GSE138852, from 4 healthy individuals [176]; the superior frontal gyrus, GEO Accession
No. GSE147528, from 10 healthy individuals [177]; the prefrontal cortex, GEO Accession
No. GSE129308, from 2 healthy controls [178], and the superior parietal lobe, GEO Ac-
cession No. GSE146639, from 5 non-demented elderly controls [179], were selected to
constitute the organ dataset.
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The data were loaded into R 4.1.0 and were preprocessed using standard parameters
of the R packages ‘Seurat’ v.4.0.3 [180]. The expression matrix for each dataset was merged
into one Seurat object using the “CreateSeuratObject” function. At the same time, cells
with less than 100 expressed genes and higher than 25% mitochondrial genome transcript
and genes expressed in less than three cells were removed. The gene expression data were
normalized using the “NormalizeData” function, and the sources of cell–cell variation
driven by batch were reverted out, using the number of detected UMI and mitochondrial
gene expression by the “ScaleData” function. Highly variable genes were identified by
the “FindVariableGenes” function and used for the principal component analysis (PCA)
on the highly variant genes using the “RunPCA” function. The “JackStraw” function was
implemented to remove the signal-to-noise ratio. Cells were then clustered utilizing the
“FindClusters” function by embedding cells into a graph structure in PCA space. The
clustered cells were then projected onto a two-dimensional space using the “RunUMAP”
function. To create merged datasets of different organs, the “MergeSeurat” function was
applied; the raw count matrices of two Seurat objects or more were merged into one, and a
new Seurat object was created with the resulting combined raw count matrix.

4. Conclusions

In this study, the antileishmanial activity was evaluated of malvidin and echioidinin
against L. amazonensis, L. braziliensis, and L. infantum. Malvidin demonstrated significantly
higher in vitro efficacy, with lower IC50 values than echioidinin across both promastigote
and axenic amastigote stages. Malvidin’s lower IC50 values compared to echioidinin further
emphasize its potent antileishmanial properties. For instance, malvidin’s IC50 values for
L. amazonensis were 197.71 ± 17 μM for stationary promastigotes and 258.07 ± 17 μM for
axenic amastigotes, highlighting its potent antileishmanial properties

Cytotoxicity assays revealed that malvidin has a CC50 value of 2920.31 ± 80 μM, much
higher than AmpB’s CC50 value of 1.06 ± 0.12 μM, indicating lower toxicity to mammalian
cells. Favorable selectivity index (SI) values and minimal hemolytic activity further support
malvidin’s therapeutic potential. Malvidin’s effectiveness was further demonstrated in
infected macrophages, where it reduced infection rates in a concentration-dependent
manner, lowering L. amazonensis infection rate to 59.30% at 120.74 μM.

The promising malvidin in vitro results enabled further in silico analysis that predicted
favorable interactions between malvidin and the ARG enzyme, particularly with critical
residues such as HIS139 and PRO258. These interactions, with binding energy values of
−12.82 kcal/mol at a pH of 7 for L. amazonensis, suggest a plausible mechanism for its
antileishmanial activity. Malvidin’s high electrophilicity and low global hardness enhance
its adaptability within the ARG active site, reinforcing its ability to inhibit arginase and
disrupt key metabolic pathways essential for parasite survival.

In this study, a detailed tissue-specific gene expression analysis was also conducted
using single-cell RNA sequencing and network analysis. UMAP visualizations showed
distinct brain, heart, kidney, and liver tissue clustering based on their gene expression
profiles. Heatmap analysis revealed that malvidin treatment increased the expression of
specific genes such as AXL in the heart and MAOA in the kidney, suggesting potential
tissue-specific effects and benefits. Additionally, GLO1 and APEX1 were notably expressed
across the heart, kidney, and liver, indicating malvidin’s role in enhancing cellular health
by reducing oxidative stress and improving DNA repair mechanisms.

The combined in vitro, in silico, and gene expression results highlight malvidin’s
potential as a low-toxicity antileishmanial candidate with specific ARG enzyme interac-
tions. Its favorable selectivity index and macrophage infection rate reduction demonstrate
therapeutic promise. Further in vivo studies and structure–activity relationship (SAR) ex-
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plorations are needed to optimize its efficacy and fully develop its potential as a treatment
for leishmaniasis.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/molecules30010173/s1, Figure S1. Docking of malvidin with
arginase protein (ARG) from Leishmania amazonensis. Panels A, B, C, and D depict the 3D surface
representation, the 3D structure of the binding mode and molecular interactions of the hit ligands,
the 2D view of interaction types, and the H-bond interacting surface at a pH of 5, respectively. Panels
E, F, G, and H show the corresponding visualizations at a pH of 7. Figure S2. Docking of malvidin
with arginase protein (ARG) from Leishmania braziliensis. Panels A, B, C, and D depict the 3D surface
representation, the 3D structure of the binding mode and molecular interactions of the hit ligands,
the 2D view of interaction types, and the H-bond interacting surface at a pH of 5, respectively. Panels
E, F, G, and H show the corresponding visualizations at a pH of 7. Figure S3. Decomposition of free
energy per residue using the MM/GBSA method, showing the highest energy contribution from the
ARG hot spot in interaction with malvidin.
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Abstract: The natural 5-azaindoles, marine sponge guitarrin C and D, were observed to exert
inhibitory activity against a highly active alkaline phosphatase (ALP) CmAP of the PhoA family
from the marine bacterium Cobetia amphilecti, with IC50 values of 8.5 and 110 μM, respectively. The
superimposition of CmAP complexes with p-nitrophenyl phosphate (pNPP), a commonly used
chromogenic aryl substrate for ALP, and the inhibitory guitarrins C, D, and the non-inhibitory
guitarrins A, B, and E revealed that the presence of a carboxyl group at C6 together with a hydroxyl
group at C8 is a prerequisite for the inhibitory effect of 5-azaindoles on ALP activity. The 10-fold
more active guitarrin C could compete with pNPP for binding sites in the ALP active site due to
similarities in size, three-dimensional structure, and the orientation of the COOH group along the
phosphate group. However, the inhibition of CmAP and calf intestinal ALP (CIAP) by guitarrin C
was observed to occur via a non-competitive mode of action, as evidenced by a twofold decrease in
Vmax and an unchanged Km. In contrast, the kinetic model with guitarrin D, with an additional OH
group at C7, reflected a mixed type of inhibition, with a decrease in both values. The sensitivity of
CIAP to guitarrins C and D was shown to be slightly lower than that of CmAP, with IC50 values of
195 and 230 μM, respectively. Nevertheless, these findings prompted the prediction of complexes of
human ALP isoenzymes with guitarrins C and D.

Keywords: alkaline phosphatase; Cobetia amphilecti; marine sponge 5-azaindoles; guitarrins; non-
competitive inhibitor; molecular docking

1. Introduction

Alkaline phosphatase (ALP) isoenzymes are of significant physiological and thera-
peutic interest due to their high expression in a number of severe metabolic disorders
and diseases, including bone resorption (osteoporosis, Paget’s disease), abnormal calci-
fication (soft tissues, arteries, brain), congestive heart failure, liver and kidney dysfunc-
tion, sepsis, and malignant obstruction [1–9]. Together with specific ecto-enzymes, such
as nucleoside triphosphate diphosphohydrolase CD39 (ENTPD), nucleotide pyrophos-
phatase/phosphodiesterase (eNPP1), and ecto-5′-nucleotidase CD73 (e5′-NT), the non-
specific phosphomonoesterase ALP plays an essential role in cellular regulation [6]. It
is responsible for the hydrolysis of extracellular signaling nucleotides to nucleosides, in
particular adenosine, and for the control of the availability of these signaling molecules
at their respective receptors, which trigger different cellular processes [6–8]. It has been
demonstrated that aberrant expression of the tissue-nonspecific (TNAP) and intestinal
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(IAP) isoenzymes is associated with a number of different cancers, including esophageal,
breast, prostate, colon, ovarian, and liver cancer [9]. Thus, placental alkaline phosphatase
(PLAP) was found to play a role in the formation of calcifications in the human breast cancer
MDA-MB-231 cells through the PI3K-Akt signaling pathways, which is a process analogous
to osteoblast differentiation [10]. Furthermore, ALP isoenzymes have been identified as key
players in a complex anti-inflammatory mechanism due to their substrate non-specificity
towards the terminal phosphate of cell-free signaling purines and pyrimidines, the cofactor
nicotinamide adenine dinucleotide phosphate (NADPH) and its precursor nicotinamide
mononucleotide (NMN) [6,8]. The aforementioned processes are also involved in the
metabolism of DNA, RNA, and transmembrane phosphomonoesters, such as scavenger
receptor fatty acid translocase B2/CB36, phosphoinositides, and protein kinases and their
allosterically phosphorylated dual-specificity phosphatases [6–8,10–13].

The identification of effective natural or synthetic inhibitors of ALP represents a
promising approach to drug discovery, particularly in the context of aberrant activity asso-
ciated with TNAP, IAP and PLAP isoenzymes. Furthermore, this approach may facilitate a
deeper understanding of the role of ALP in cellular processes, potentially offering new av-
enues for modulating these processes through the use of these inhibitors [3,4,14–19]. It has
been shown that heterocyclic compounds, a purine derivative, theophylline (IC50 = 47 μM;
Ki = 91 μM) (1), and an imidazothiazole derivative, levamisole (IC50 = 19 μM) (2), as well
as L-phenylalanine (IC50 = 80 μM) (3), are well-known inhibitors of ALP and are used as
standard inhibitory ligands [17–19] (Figure 1).

 
Figure 1. Conventional and newly discovered ALP inhibitors: theophylline (1); levamisole (2);
L-phenylalanine (3); pyrido-oxazinone derivative DS-1211 (4); phenobarbital (5).

Recently, however, several groups have identified a number of pyrazole, benzo[b]thiophene,
1,2,4-triazole and 1,3,4-thiadiazole, 3,3′-carbonyl-bis(chromones), isonicotinohydrazide,
sulfonamide, bisphosphonates, polyphenols, and quinoline derivatives, which are potent
and selective inhibitors of ALP isoenzymes [5,9,18]. For example, the first clinical trial of
a TNAP-specific inhibitor, DS-1211, a pyrido-oxazinone derivative (4), for the treatment
of ectopic calcification has recently been completed [5]. A commonly used anticonvul-

57



Molecules 2024, 29, 5701

sant barbiturate, phenobarbital-5-ethyl-5-phenyl-2,4,6(1H,3H,5H)-pyrimidinetrione (5), has
been shown to be an effective drug against the ALP target [9] (Figure 1). It is important
to note, however, that many of the ALP-specific ligands that have been identified may be
involved in undesirable vital pathways, which could result in adverse effects. For example,
the common ALP inhibitors, including vanadate, pervanadate, and okadaic acid, have
been demonstrated to impact cell viability, functionality, growth, and uptake by inducing
alterations in the redox state of mitochondria [20]. Given the lack of clarity surrounding
the mechanisms of many pathophysiological conditions associated with increased plasma
ALP activity, the study of specific and non-specific ALP binding is a valuable avenue for
elucidating the ALP-specific role in metabolic pathways [2,4,13,14,21].

The interactions of small organic molecules with ALP proteins are currently being
investigated through molecular docking in order to predict their mechanism of action,
binding efficiency, and inactivation potency. Consequently, a series of novel tricyclic
coumarin sulphonate esters, benzocoumarin thiazole–azomethines, bisthioureas of pimelic
and 4-methylsalicylic acids, and quinoline-4-carboxylic acid and pyrazolo-oxothiazolidine
derivatives have been predicted in silico to exert competitive, non-competitive, or un-
competitive inhibitory effects on human ALP isozymes [14,16,19,22]. To achieve this, the
structures of TNAP and IAP were constructed using molecular modelling techniques based
on the PLAP crystal structure, which was determined at 1.8 A resolution and has long
been the only available experimental model for human ALPs [23–25]. However, the crystal
structures of TNAP and its dysfunctional mutants responsible for hypophosphatasia, a
metabolic bone disease that manifests as developmental abnormalities in bone and dental
tissues, have been recently determined [26].

In the context of microorganisms, both inorganic and organic ALP inhibitors are valu-
able tools for investigating the mechanisms of enzymatic catalysis and the biogeochemical
roles of these processes in the environment. Such applications include the regulation of
microbiomes, induced mineralization in biofilms, and the remediation of heavy metals and
organic contaminants [27–33]. The notable inhibitory activity of guitarrins, the inaugural
structurally characterized natural 5-azaindoles extracted from the Northwest Pacific ma-
rine sponge Guitarra fimbriata, against the highly active alkaline phosphatase CmAP from
the marine bacterium C. amphilecti KMM 296, has recently been documented [33,34]. In
comparison with the chelator ethylenediamine tetraacetic acid (EDTA), the compounds
guitarrins C and D exhibited greater activity against the enzyme, with a 1000-fold and
100-fold higher affinity, respectively [33]. Previously, azaindole derivatives have been
evaluated as potential kinase inhibitors based on a number of different kinase targets,
including adaptor-associated kinase 1 (AAK1), anaplastic lymphocyte kinase (ALK), AXL,
cell division cycle 7 (Cdc7), cyclin-dependent kinases (CDKs), dual-specificity tyrosine
(Y)-phosphorylation-regulated kinase 1A (DYRK1A), and so forth. It has been observed
that azaindole heterocycles interact with the ATP binding sites of the fibroblast growth
factor receptor 4 (FGFR4), phosphatidylinositol 3-kinase (PI3K), and other targets. This
interaction is attributed to the ability of two nitrogen atoms from the heterocycles to interact
with the aforementioned sites, as evidenced by previous studies [34,35].

This study provides data on the ligand structural features responsible for the inhibitory
activity of the marine sponge-derived 5-azaindoles against the C. amphilecti KMM 296
alkaline phosphatase CmAP through kinetics and molecular docking. Experimental kinetics
were applied to both CmAP and calf intestinal alkaline phosphatase (CIAP) to compare the
inhibitory activity of guitarrins C and D and their mode of inhibition. In the absence of the
solved crystal structure of CIAP, the amino acid residues involved in the interaction and
their binding energy were predicted by docking guitarrins into the active centers of CmAP
and human ALPs.

2. Results and Discussion

The screening of 5-azaindoles derived from the marine sponge G. fimbriata yielded a
pair of effective inhibitors, namely guitarrin C and D (Figure 2), against the highly active
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alkaline phosphatase CmAP from the marine bacterium C. amphilecti KMM 296 [33], which
belongs to the protein structural family PhoA, which includes animal and human ALP
isoenzymes [36].

Figure 2. Chemical structures of guitarrin C (C9H8N2O3) and D (C9H8N2O4).

In the previous study [33], guitarrins A, B, and E were found to have no inhibitory
activity, whereas guitarrins C and D had pronounced inhibitory activity against a highly
active alkaline phosphatase, CmAP. This finding indicated that the marine bacterial ALP
could serve as a model for the identification of efficacious inhibitors of clinically relevant
mammalian ALPs. In addition, the high-quality homology model of the CmAP structure
reported earlier [31] was almost identical to the solved structure of the Vibrio enzyme (PDB:
3E2D), with a Cα RMSD of 0.43 Å and identical active site metal coordination [27,31]. The
superimposition of the molecular docking of the CmAP and VAP (PDB: 6T26) complexes
(RMSD = 0.485 Å) (Figures S1–S3) with an aryl chromogenic substrate pNPP (Figure 3A),
common to all ALPs, and the most effective CmAP inhibitor guitarrin C [33] demonstrated
that their molecules compete for the CmAP binding site (Figure 4A).

(A) (B) 

 

Figure 3. C. amphilecti KMM 296 alkaline phosphatase CmAP complexes with the substrates pNPP
(A) and adenosine monophosphate (AMP) (B) in the active center, generated by MOE (v. 2020.09).
The regions of the active center with an overall positive charge are indicated in blue, while those with
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an overall negative charge are indicated in red (A). The water molecules are depicted as triatomic
structures, with the oxygen atom rendered in red and the hydrogen atom in grey. The structures of
the substrates and amino acid residues within the active center of the enzyme are illustrated as sticks,
with the reactive groups highlighted in red and blue. The amino acid residues that form direct or
water-mediated contacts with substrate and metal ions are indicated. The phosphate groups of the
substrates are indicated in pink. The catalytic ion Zn2+ and the stabilizing ion Mg2+ are indicated
in blue and brown, respectively. The invisible amino acid residues and metal ions important for
catalysis, located behind or within the 3D image of the active site, shown as overlaps and indicated
by shadow inscriptions.

(A) (B) 

 
(C) (D) 

  

Figure 4. Superimposition of the molecular docking of natural 5-azaindoles into the active site of
CmAP in a water molecule environment: (A) Guitarrin C (green) and pNPP (grey); (B) Guitarrin C
(green) and pNPP (pink); (C) Guitarrin B (pink) and pNPP (brown); (D) Guitarrin C (green), B (pink)
and pNPP (brown). The reactive end groups are indicated in red and the phosphate group of the
substrate pNPP is highlighted in pink. Catalytic Zn2+ ions are represented by blue spheres, with
Mg2+ ions represented by brown spheres. The 3D molecular electrostatic potential contour map of
the CmAP active site is presented as a network.
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As a consequence of the similarities in size, three-dimensional structure, orientation,
and precise superposition of the carbon atom from the terminal reactive group COOH
of the guitarrin C with the substrate POOH group, hydrogen bonds are formed with the
catalytic nucleophile Ser 65 via the oxygen atom (Figure 4A).

However, the introduction of solvent molecules (H2O) into the surrounding environ-
ment of the enzyme resulted in the guitarrin C molecule becoming integrated into the
common hydrogen bond network formed by the atoms of CmAP and H2O (Figure 4B). This
resulted in a modification of the guitarrin’s interactions within the active site, leading to a
transition from precise to approximate superposition with pNPP (Figures 4B, 5A,B and S2).

(A) (B) 

 
(C) (D) 

 

Figure 5. Comparative 2D diagrams of the contacts of guitarrin C (A,B), pNPP (C), and guitarrin B
(D) with amino acid residues of the CmAP active site in a water molecule environment (A,C,D) and
without H2O in the environment (B). Contact symbols are in (B) (generated in MOE, v. 2020.09).

In the presence of H2O molecules, the interaction with guitarrin C does not affect the
nucleophile Ser65 and the two catalytic ions Zn2+ in the active site of CmAP. This is in
contrast to the substrate pNPP (Figures 4B and 5A,C). While all ALPs interact with pNPP
by forming contacts with the phosphate ion in the active site via Zn2+ to coordinate it
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with the nucleophilic Ser residue (Figure 5C), it is believed that the Mg2+ ion regulates the
protonation state of Ser via the water molecules and provides an octahedral geometry to
stabilize the most active conformation of the catalytic residues in the ALP dimer [37–39].
Furthermore, Mg2+ is more likely to be involved in allosteric interactions between subunits
of the ALP dimer [37,38].

It can be proposed that in the presence of water and a guitarrin, the catalytic residues of
ALP may remain in contact with the substrate pNPP, with the limiting step being the release
of the reaction product by non-competitive or uncompetitive inhibition [27]. To illustrate,
the crystal structure of the marine bacterium Vibrio splendidus alkaline phosphatase (VAP)
was described in complex with an inhibitory cyclohexylamine, which was employed as
a template to model the structures of CmAP (Figure S1). This revealed that the contacts
with the inhibitor were formed in the vicinity of the substrate pNPP within the active site.
However, the kinetic model of catalysis exhibited a non-competitive type of inhibition,
as evidenced by the unchanging value of the Michaelis–Menten constant (195 ± 4 μM).
This was accompanied by a Ki equal to IC50 (35.7 mM), with a corresponding decrease in
Vmax [27].

The CmAP complexes exhibited distinctive interactions when the active center was
bound to the highly inhibitory guitarrin C and the guitarrin B, which lacks inhibitory
activity [33] (Figures 4C,D and 5D). The inhibitor guitarrin C forms contacts with amino
acid residues of the active center via a hydrogen network and a key residue, W274, which
is involved in Mg2+ ion binding and in subunit dimerization and substrate coordination
prior to catalysis [27]. The absence of the COOH group on the C6 atom in guitarrin B
results in a reduction in the molecular size, which provides a different orientation in
relation to the aromatic residues that surround the active center of CmAP. Furthermore,
the active center residues that form hydrogen bonds with the heterocycle are also distinct
(Figures 4C,D and 5D). It would appear that the formation of hydrogen bonds between
guitarrin B and the substrate-binding residue Arg129 is insufficient to inhibit CmAP
(Figure 5D). Indeed, the introduction of mutations in the ALP substrate-binding Arg residue
did not result in a notable alteration in enzyme activity, as evidenced by the findings of
the study [40]. Moreover, the replacement of the residue with Ser provided additional
stabilization of the transition state. Similarly, guitarrins A and E, which lack the COOH
group and are found in the same marine sponge, also demonstrated no inhibitory activity
against CmAP alkaline phosphatase [33].

It is noteworthy that the compound guitarrin D exhibited an order of magnitude
lower inhibitory activity towards CmAP than guitarrin C (Table 1). This is likely due to the
presence of an additional OH group at carbon atom C7 [33], which impedes the inhibitor
molecule from reaching the active site as deeply as guitarrin C (Figures 2–4).

Table 1. Kinetic and inhibition values for alkaline phosphatases CIAP and CmAP.

Value CIAP CmAP

IC50 (Guit C) * 195 ± 2.2 μM 8.5 ± 0.08 μM
IC50 (Guit D) ** 230 ± 1.6 μM 110 ± 0.8 μM

Ki (Guit C) * 38 ± 0.1 μM 1.58 ± 0.04 μM
Ki (Guit D) * 45 ± 0.2 μM 20.56 ± 0.06 μM

Vmax 0.35 ± 0.012 U mL−1 5.98 ± 0.03 U mL−1

V1/2 0.175 ± 0.007 U mL−1 2.99 ± 0.01 U mL−1

Km 0.49 ± 0.015 mM 0.46 ± 0.2 mM
*, guitarrin C; **, guitarrin D.

The IC50 values for guitarrin C and D were 8.5 and 110 μM, respectively, at 50% of
the maximum inhibition of the activity of CmAP (85%), resulting in a residual activity of
15% (Table 1, Figure 6). For CIAP, the comparable inhibition constants for guitarrin C and
D were determined, and a maximum inhibition of only 57% of the CmAP activity was
observed (Table 1, Figure 6).
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Figure 6. Comparative inhibitory effect of guitarrin C and D on CmAP and CIAP activity. Activity
was measured using 2 mM pNPP at pH 10.2 and 37 ◦C in a 100 mM Tris-HCl buffer containing
0.2 M KCL.

The marine bacterial ALPs from the Antarctic TAB5 bacterium and V. splendidus, for
which the enzyme serves as the prototype for the CmAP homology model, were also
distinguished from calf intestinal alkaline phosphatases (CAP) and Escherichia coli (ECAP)
by the inhibitory potency of cyclohexylamine with a non-competitive mode of action [27].

The determination of the type of inhibition of the CmAP enzyme by the highly specific
inhibitor guitarrin C demonstrated that the Ki value is less than the IC50 value, with a
decrease in Vmax from 5.98 ± 0.03 to 2.62 ± 0.02 U mL−1 and an unaltered Km value
(0.46 ± 0.2 mM). This is consistent with a non-competitive kinetic model (Table 1, Figure 7).
However, guitarrin D exhibited a mixed type of inhibition, with a more than 2-fold decrease
in Vmax from 5.98 ± 0.03 to 3.98 ± 0.02 U mL−1 and a 1.6-fold increase in Km from 0.46 ± 0.2
to 0.72 ± 0.1 mM (Table 1, Figure 7).

(A) (B) 

Figure 7. Effect of guitarrin C and D on the Vmax of pNPP (2 mM) catalytic hydrolysis under CmAP
(0.003 mg mL−1) (A). The Linweaver–Burk reciprocal analysis (B). The experiments were performed
in triplicate.

Furthermore, an analysis of the BRENDA database indicated that mixed-type inhi-
bition is more likely to occur by binding to the active site of the enzyme rather than to
the allosteric site of the substrate–enzyme complex, which is a commonly held belief [41].
This type of inhibition is observed in multi-substrate reactions or in reactions involving
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allosterically regulated enzymes. In their natural environment, marine sponges may reg-
ulate ALP activity via 5-azaindoles in order to control cell density and the synthesis of
biologically active secondary metabolites, including those produced by the sponges them-
selves and those produced by bacterial symbionts and pathogens [33,36]. For example,
transcriptome analysis of the alkaline phosphatase PhoA in diatoms revealed increased ex-
pression of this enzyme coinciding with decreased activity levels of numerous biosynthetic
pathways, including iron transport, tetrapyrrole metabolism (particularly chlorophyll),
and ATP-dependent proteins [42]. These findings indicate that PhoA is involved in the
regulation of the cell cycle and redox processes. It is of interest to note that the CmAP
alkaline phosphatase gene is located within the same marine bacterial gene cluster as the
electron transport chain proteins, including ATP-dependent NAD+-transhydrogenase [36].
This observation indicates that PhoA may perform a similar function in bacteria and eu-
karyotic cells. Moreover, 5-azaindoles are known to exhibit inhibitory activity against
protein kinases involved in cell signaling pathways. This approach has been successfully
employed in the development of agents that can be used to switch off aberrant activities of
these pathways during oncogenesis [35].

It can be stated that the presence of a COOH group on the C6 atom and an OH
group on the C8 atom is a prerequisite for the inhibitory effect of 5-azoindoles on ALP
activity (Figure 2). This assertion is also applicable to mammalian enzymes belonging to
the PhoA structural family (Table 1). Nevertheless, guitarrin D revealed that the inhibitory
activity against CIAP exhibited a mere 1.2-fold difference compared to that of guitarrin
C (Table 1). It seems reasonable to posit that the active site of mammalian ALPs has a
larger entrance diameter than that of bacterial CmAP [31] (Figures 3, 8 and S4). However,
within 4 Å of the two inhibitory ligands L-phenylalanine (L-Phe) and cyclohexylamine in
the alignment of human placental (PLAP) and marine bacterial (VAP) ALPs, respectively,
were the conserved metal coordination residues [27]. Therefore, a similar binding mode of
the ligands in the presence of bound inorganic phosphate could be expected in VAP and
CmAP (Figures S1–S3).

As the crystal structure of calf intestinal ALP has yet to be determined, the binding
contacts of guitarrins C and D were analyzed by molecular docking using recently resolved
human tissue-nonspecific ALP isoenzyme TNAP [26] and the PLAP-based modelled IAP.
The oligomeric interfaces of PLAP and TNAP were found to exhibit significant differences,
particularly in the presence of reverse charged or missing residues in PLAP [26]. This indi-
cates that the N-terminal helix performs a supplementary function in TNAP, in addition to
that observed in PLAP. These interfacial differences result in the formation of the functional
octamer, which exerts a stabilizing effect on the dimer interfaces. This is likely to be of
great importance in the context of osteogenesis. Nevertheless, given that PLAP and TNAP
have a 55% sequence identity, they display considerable similarity in terms of their overall
folding and metal binding/catalytic sites [26].

Following the minimization of energy during the molecular docking of guitarrin D
with the TNAP active site, the contacts of the reactive group COO- remain with the same
key residues of the active site (Asp 294, Glu 342, Arg 335, and His 171) that are involved
in the interaction with guitarrin C (Figures 8 and S5). However, the orientation of the
molecule undergoes a slight alteration due to the presence of an additional hydroxyl group
at the C7 atom, resulting in an enhancement of the calculated binding energy from −8
to −6 kcal/mol (Figure 8). It is notable that the residues Asp 294 and His 171 have been
identified as coordinating with both metal ions and the substrate. Single mutations at these
residues have been demonstrated to significantly reduce the relative enzymatic activity of
TNAP [26].
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(A) (B) 

  
                                   Ligand  Receptor  Residues   Interaction   Distance   E (kcal/mol) 

                                   N7  7    OD2     ASP 294     H-donor      2.99     –6.2 

                                   O13 13   OE2     GLU 342     H-donor      2.54     –5.4 

                                   O14 14   NH2     ARG 335    H-acceptor    2.72     –4.9 

                                    5-ring   NE2      HIS 171     pi-H          4.08     –1.5 

Figure 8. Molecular docking of TNAP alkaline phosphatase with guitarrin C (A) and D (B). The
amino acid residues of the active centre (not all fit in the figure) involved in the interaction with the
ligand and coordinating zinc ions are signed and shown as sticks. The remaining enzyme residues
are shown as ribbons. The molecules of gittarins C and D are shown as sticks (in green). Interactions
between the enzyme and the reactive groups (in blue, red and grey) of the ligands are shown as
dashed lines. The 3D molecular electrostatic potential contour map of the ligand binding site is shown
as a network (in light blue). The modes of ligand–receptor interactions, distance, and calculated
binding energy are presented below (generated by MOE, v. 2020.09).

It may, therefore, be proposed that further investigation of both guitarrins C and
D as inhibitory regulators of ALP isoenzymes in animals and humans may prove bene-
ficial. Moreover, both bacterial and mammalian alkaline phosphatase (ALP) have been
observed to demonstrate the highest affinity for their natural purinergic substrates, partic-
ularly adenosine monophosphate (AMP) (Figure 3B) [7,43,44]. The substrate preference
of bacterial PhoA enzymes remains uncertain [43,44]. However, the physiological role of
mammalian ALP is to reduce the expression of pro-inflammatory signaling metabolites
through the hydrolysis of purine nucleotides and the production of anti-inflammatory
adenosine [7,8,26,45]. As illustrated in Figures 2–5, due to their structural similarity, gui-
tarrin C and D can directly compete with AMP for binding sites in the active site of ALP,
thereby causing competitive inhibition of the enzymes and the limiting the process of the
formation of the substrate–enzyme complex [27]. Nevertheless, the inhibitory activity of
the 5-azoindoles, guitarrin C and D, and the kinetic model for human ALP isoenzymes
remain to be determined experimentally in order to ascertain their practical efficacy.

3. Materials and Methods

3.1. Homology Modelling and Molecular Docking

Three-dimensional structures of the guitarrins C and D were constructed and opti-
mized using the molecular modelling software Molecular Operating Environment (MOE),
version 2020.09, developed by the Chemical Computing Group Inc. (1010 Sherbooke
St. West, Suite #910, Montreal, QC, Canada, H3A 2R7, 2020) [46]. A homology model
of alkaline phosphatase CmAP from the marine bacterium C. amphilecti KMM 296 was
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constructed using the high-quality crystal structures (1.4 Å) of Vibrio alkaline phosphatase
(VAP) (PDB: 3E2D; 6T26), with the co-crystallized inhibitory ligands sulphate and cy-
clohexylamine, respectively [27,31]. The homology model of the intestinal-type alkaline
phosphatase (IAP, Uniprot ID P09923) was obtained from the Swiss-Model server [47,48]
using the crystal structure of placental alkaline phosphatase (PLAP, PDB: 3mk1) as a tem-
plate. Molecular docking was conducted using the Dock module of the MOE program.
Docking was performed for the active sites of the alkaline phosphatases CmAP, TNAP
(PDB: 7yiv), and IAP using the Score London dG function, with 30 poses initially generated
and subsequently refined within 4.5 Å of the placed ligand using the GBVI/WSA dG
function [49]. Analysis of the ligand contacts in the complexes was performed using the
Ligand Interaction module of the MOE program.

3.2. Production of Recombinant Phosphatase CmAP

The E. coli Rosetta strain (DE3) was transformed by the plasmid pET40 (b+) containing
the gene encoding for the mature alkaline phosphatase CmAP from the marine bacterium C.
amphilecti KMM 296 [31]. The transformed cells were grown in 25 mL of liquid LB medium
containing 50 μg/mL kanamycin at 200 rpm at 37 ◦C for 16 h. Subsequently, the cells were
transferred to fresh LB medium (1 L) containing 50 μg/mL kanamycin and incubated at
37 ◦C on a shaker at 200 rpm until they reached an optical density at 600 nm of 0.6–0.8.
Subsequently, 0.2 mM IPTG was added to induce recombinant protein CmAP expression,
and incubation was continued at 18 ◦C for 18 h at 200 rpm. The cells were precipitated by
centrifugation at 4000 rpm for 15 min at 8 ◦C. They were then suspended in 20 mL of 50 mM
Tris-HCl buffer (pH 8.0) and subjected to ultrasonic treatment on a Bandeline ultrasonic
disintegrator (Berlin, Germany) at 100% power (22 kHz) and 0–4 ◦C in 40-s pulses until
the suspension was clear. Subsequently, the suspension was subjected to centrifugation at
11,000 rpm for 30 min at 8 ◦C. The precipitate was discarded, and the CmAP phosphatase
activity was determined in the resulting extract. The protein concentration was determined
by the Bradford method, with bovine serum albumin (BSA) employed as the reference
standard [50].

3.3. Isolation and Purification of Recombinant Phosphatase CmAP

For the isolation of CmAP, the resulting supernatant was applied to a 25 × 3.2 cm
Ni-IMAC-Sepharose column (Cytiva (GE Healthcare) Life Sciences, Buckinghamshire, UK)
that had been equilibrated with 50 mM Tris-HCl, pH 8.0 (buffer A), and washed with five
volumes of the same buffer. The recombinant protein was eluted with a linear gradient of
0–0.5 M imidazole in 50 mM Tris-HCl buffer, pH 8.0, and 0.5 M NaCl (6 column volumes)
at a rate of 3 mL/min. The fraction containing CmAP was purified on a 10 × 1.4 cm
Source 15 Q column (Cytiva (GE Healthcare) Life Sciences, Buckinghamshire, UK) that had
been equilibrated with buffer A containing 2 mM MgCl2 (buffer B). The protein was then
eluted with a linear gradient of 0–0.5 M NaCl in buffer B. Ion exchange chromatography
was performed at a rate of 1 mL/min, with the volume of the fractions being 1 mL.
The fractions containing CmAP were collected and treated with L-HEP enterokinase at a
final concentration of 1 U per 1 mg protein for 18 hs at 25 ◦C with constant stirring in a
vortex. Subsequently, the protein solution was applied to a HisTrap™ high-performance
column (Cytiva (GE Healthcare) Life Sciences, Buckinghamshire, UK) that had been pre-
equilibrated with buffer A. The recombinant protein was eluted with 10 volumes of buffer B.
Fractions containing CmAP were collected and subjected to concentration by ion-exchange
chromatography using a Mono-Q HR column (4 × 0.8 cm) (Cytiva (GE Healthcare) Life
Sciences, Buckinghamshire, UK). The column was then equilibrated with buffer B and
washed with 10 volumes of buffer B, and the target protein was eluted with a linear gradient
of 0–0.5 M NaCl in buffer B at a rate of 0.5 mL/min, resulting in 1 mL fractions. The specific
activity of CmAP was determined in the fractions obtained.
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3.4. Alkaline Phosphatase Activity Assay

The enzymatic activity was evaluated through the addition of 5 μL of the protein solu-
tion sample to a solution of 495 μL buffer, comprising 0.1 M Tris-HCl (pH 10.0), 0.2 M KCl,
and 2 mM pNPP. The reaction mixture was incubated at 37 ◦C for a period of 30 min. To halt
the reaction, 2 mL of chilled 0.5 M NaOH was introduced. The quantity of p-nitrophenol
(pNP) produced was quantified spectrophotometrically at a wavelength of 400 nm, with the
control sample, which lacked the enzyme, serving as a reference point. The specific activity
was calculated using the following formula: (2.5 × OD400)/(18.6 × 0.005 × t × C), where
OD400 is the optical density at a wavelength of 400 nm, 2.5 is the volume of the reaction
mixture in mL, 18.6 is the extinction coefficient of pNP (M−1/cm−1), t is the incubation time
at 37 ◦C in minutes, 0.005 is the sample volume in mL, and C is the protein concentration
in the sample (mg/mL). The quantity of enzyme required for the generation of 1 μM pNP
within a one-minute period was established as the unit of activity.

3.5. Inhibitory Activity Assay

The effect of the natural inhibitors guitarrins C and D [33] on the activity of the
alkaline phosphatases CmAP from C. amphilecti KMM 296 and calf intestinal alkaline
phosphatase (CIAP, Invitrogen™ 18009019, Thermo Fisher Scientific, Waltham, MA, USA)
was investigated in a buffer containing 0.1 M tris-HCl (pH 10.0) with 0.2 KCl. For this
purpose, 5 μL of enzyme, 20 μL of inhibitor of different concentrations (0–10.4 μM), and
470 μL of the indicated buffer were added to an incubation mixture totaling 500 μL and
incubated for 60 min, and then the enzymatic reaction was initiated by adding 5 μL of pNPP
substrate. The activity of ALPs was determined using the standard method described above.
CmAP (3.22 mg/mL, 2929 U/mg) and CIAP (0.99 mg/mL, 647 U/mg) were dissolved in
50 mM tris-HCl (pH 8.0) buffer with 2 mM MgCl2. Results were presented as the percentage
of inhibition relative to control activity. The IC50 for each compound tested was defined as
the concentration of compound that inhibited the enzyme activity by 50%. IC50 values are
given as the mean of three experiments and standard deviation.

3.6. Determination of Inhibition Type and Constant (Ki)

The kinetic parameters (Km and Vmax) were determined for alkaline phosphatases
CmAP and CIAP. The mean Km values and standard deviations were presented. In order
to ascertain the nature of the inhibition, the Km was determined in the presence of guitarrin
C (52.0 μM) and guitarrin D (96.0 μM) by preincubating CmAP with the inhibitor for
60 min at room temperature (23 ◦C). The inhibition constant, Ki, was determined using the
Cheng–Prusoff formula [51]. The binding activity of the inhibitor to the reactive substrate
(Ki) can be calculated using the following formula: Ki = IC50/(1 + [S]/Km), where IC50 is
the functional activity of the inhibitor, [S] is the concentration of the reactive substrate, and
KM is the Michaelis constant. The results were presented in the Origin 7.0 software.

4. Conclusions

The kinetic parameters and chemical nature of the inhibitory effect of natural 5-
azaindoles, guitarrin C and D derived from the marine sponge, on the alkaline phosphatase
CmAP from the marine bacterium were determined. Guitarrin C was identified as a
highly selective non-competitive inhibitor of the marine enzyme due to the presence of
a carboxyl group at C6 and a hydroxyl group at C8, with an IC50 of 8.5 ± 0.08 μM and
a Ki of 1.58 ± 0.04 μM. It was hypothesized that this compound acts as an allosteric
regulator of enzymes present in both resident and pathogenic sponge microflora. The
non-competitive inhibitor would form contacts with amino acid residues of the active
center via a hydrogen network and a key residue, W274, which is involved in Mg2+ ion
binding and in subunit dimerization and substrate coordination prior to catalysis. However,
the less active inhibitor, guitarrin D, which features an additional hydroxyl group at C7,
demonstrated a mixed type of inhibition, which may also have regulatory implications.
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It was proposed that both 5-azaindoles may interact with the active site of human
ALPs, thereby modulating their function by forming hydrogen bonds with the nitrogen
and oxygen atoms of the guitarrin C and D heterocycles. This hypothesis is based on the
relatively low calculated binding energy between the key human ALP residues Asp 294,
Glu 342, Arg 335, and His 171, which are situated in proximity to and coordinating with the
catalytic metal ions, as well as the inhibitory activity of both guitarrins towards the animal
ALP isoenzyme. The IC50 value for the bovine ALP isoenzyme in the presence of guitarrin
C was found to be 195 ± 2.2 μM, with a Ki value of 38 ± 0.1 μM. Similarly, the IC50 value
for guitarrin D was determined to be 230 ± 1.6 μM, with a Ki value of 45 ± 0.2 μM.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/molecules29235701/s1, Figure S1: Molecular docking of Vibrio
alkaline phosphatase VAP (PDB: 6T26) and the inhibitor cyclohexylamine using MOE v. 2020.09.
The key residue interactions with the ligand are consistent with those of experimental VAP model
described in [27]; Figure S2: Ligand interactions in the superimposed complexes of CmAP with pNPP
substrate and guitarrin C inhibitor (MOE v. 2020.09). Ligand interaction report is below; Figure S3:
Active sites binding of pNPP (dark yellow sticks) and the inhibitory ligands guitarrin C (green sticks),
and cyclohexylamine (light yellow sticks) to the bacterial alkaline phosphatases CmAP and VAP
(PDB: 6T26.A, [27]) aligned (shown as ribbons). The active site zinc ions are shown as blue spheres.
The superposition report for CmAP (1: ap) and VAP (3: 6T26.A) is below; Figure S4: Electrostatic
surface potentials of the TNAP entrance to the active site bound with guitarrin C. Positively charged
amino acid residues are indicated by blue color. Negatively charged amino acid residues are indicated
by red color (generated in MOE, v. 2020.09); Figure S5: 2-D diagram of the contacts of guitarrin C and
human alkaline phosphatase TNAP. The mode of ligand-receptor interactions, the distance and the
calculated binding energy are presented in the table below (generated in MOE, v. 2020.09).

Author Contributions: Conceptualization, L.B.; methodology and investigation, A.S., Y.N., A.G. and
T.N.M.; resources, M.I. and S.F.; writing—review and editing, L.B. All authors have read and agreed
to the published version of the manuscript.

Funding: This research was funded by the Ministry of Science and Higher Education of the Russian
Federation, FZNS-2022-0015.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article and Supplementary Materials.

Acknowledgments: The authors would like to express their sincerest gratitude to the recently
deceased Likhatskaya G.N. for providing the molecular modelling results.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Nargis, W.; Ahamed, B.U.; Hossain, M.A.; Biswas, S.; Ibrahim, M. Pattern of elevated serum alkaline phosphatase (ALP) levels in
hospitalized patients: A single centre study. Pulse 2013, 6, 20–26. [CrossRef]

2. Levitt, M.D.; Hapak, S.M.; Levitt, D.G. Alkaline phosphatase pathophysiology with emphasis on the seldom-discussed role of
defective elimination in unexplained elevations of serum alp—A case report and literature review. Clin. Exp. Gastroenterol. 2022,
15, 41–49. [CrossRef]

3. Bassi, G.; Favalli, N.; Pellegrino, C.; Onda, Y.; Scheuermann, J.; Cazzamalli, S.; Manz, M.G.; Neri, D. Specific inhibitor of placental
alkaline phosphatase isolated from a dna-encoded chemical library targets tumor of the female reproductive tract. Med. Chem.
2021, 64, 15799–15809. [CrossRef]

4. Baqi, Y. Ecto-nucleotidase inhibitors: Recent developments in drug discovery. Rev. Med. Chem. 2015, 15, 21–33. [CrossRef]
5. Maruyama, S.; Visser, H.; Ito, T.; Limsakun, T.; Zahir, H.; Ford, D.; Tao, B.; Zamora, C.A.; Stark, J.G.; Chou, H.S. Phase I studies of

the safety, tolerability, pharmacokinetics, and pharmacodynamics of DS-1211, a tissue-nonspecific alkaline phosphatase inhibitor.
Clin. Transl. Sci. 2022, 15, 967–980. [CrossRef]

6. Jablonska, P.; Kutryb-Zajac, B.; Mierzejewska, P.; Jasztal, A.; Bocian, B.; Lango, R.; Rogowski, J.; Chlopicki, S.; Smolenski, R.T.;
Slominska, E.M. The new insight into extracellular NAD+ degradation-the contribution of CD38 and CD73 in calcific aortic valve
disease. J. Cell Mol. Med. 2021, 25, 5884–5898. [CrossRef]

68



Molecules 2024, 29, 5701

7. Gao, C.; Koko, M.Y.F.; Ding, M.; Hong, W.; Li, J.; Dong, N.; Hui, M. Intestinal alkaline phosphatase (IAP, IAP Enhancer) attenuates
intestinal inflammation and alleviates insulin resistance. Front. Immunol. 2022, 13, 927272. [CrossRef] [PubMed]

8. Balabanova, L.; Bondarev, G.; Seitkalieva, A.; Son, O.; Tekutyeva, L. Insights into alkaline phosphatase anti-inflammatory
mechanisms. Biomedicines 2024, 12, 2502. [CrossRef]

9. Ejaz, S.A.; Zain-ul-Abideen, M.; Channar, P.A.; Saeed, A.; Ahmed, A.; Alsaiari, N.S.; Katubi, K.M.; Abbas, Q.; Dahlous, K.A.; Raza,
H.; et al. Synthesis, biochemical characterization and molecular modeling studies of 5-(substituted benzylidene) pyrimidine-2,4,6-
trione: Potential inhibitors of alkaline phosphatase. J. Mol. Struct. 2023, 1282, 135225. [CrossRef]

10. Fushimi, A.; Takeyama, H.; Tachibana, T.; Manome, Y. Osteogenic cocktail induces calcifications in human breast cancer cell line
via placental alkaline phosphatase expression. Sci. Rep. 2020, 10, 12669. [CrossRef]

11. Briolay, A.; Bessueille, L.; Magne, D. TNAP: A New Multitask Enzyme in Energy Metabolism. Int. J. Mol. Sci. 2021, 22, 10470.
[CrossRef] [PubMed]

12. Zhang, Z.; Nam, H.K.; Crouch, S.; Hatch, N.E. Tissue Nonspecific Alkaline Phosphatase Function in Bone and Muscle Progenitor
Cells: Control of Mitochondrial Respiration and ATP Production. Int. J. Mol. Sci. 2021, 22, 1140. [CrossRef]

13. Sato, M.; Saitoh, I.; Kiyokawa, Y.; Iwase, Y.; Kubota, N.; Ibano, N.; Noguchi, H.; Yamasaki, Y.; Inada, E. Tissue-nonspecific alkaline
phosphatase, a possible mediator of cell maturation: Towards a new paradigm. Cells 2021, 10, 3338. [CrossRef]

14. Channar, P.A.; Irum, H.; Mahmood, A.; Shabir, G.; Zaib, S.; Saeed, A.; Ashraf, Z.; Larik, F.A.; Lecka, J.; Sévigny, J.; et al.
Design, synthesis and biological evaluation of trinary benzocoumarin-thiazoles-azomethines derivatives as effective and selective
inhibitors of alkaline phosphatase. Bioorg. Chem. 2019, 91, 103137. [CrossRef]

15. Khurshid, A.; Saeed, A.; Ashraf, Z.; Abbas, Q.; Hassan, M. Understanding the enzymatic inhibition of intestinal alkaline
phosphatase by aminophenazone-derived aryl thioureas with aided computational molecular dynamics simulations: Synthesis,
characterization, SAR and kinetic profiling. Mol. Divers. 2021, 25, 1701–1715. [CrossRef]

16. Salar, U.; Khan, K.M.; Iqbal, J.; Ejaz, S.A.; Hameed, A.; Al-Rashida, M.; Perveen, S.; Tahir, M.N. Coumarin sulfonates: New
alkaline phosphatase inhibitors; in vitro and in silico studies. Eur. J. Med. Chem. 2017, 131, 29–47. [CrossRef]

17. al-Rashida, M.; Iqbal, J. Inhibition of alkaline phosphatase: An emerging new drug target. Med. Chem. 2015, 15, 41–51. [CrossRef]
18. Jassas, R.S.; Naeem, N.; Sadiq, A.; Mehmood, R.; Alenazi, N.A.; Al-Rooqi, M.M.; Mughal, E.U.; Alsantali, R.I.; Ahmed, S.A.

Current status of N-, O-, S-heterocycles as potential alkaline phosphatase inhibitors: A medicinal chemistry overview. RSC Adv.
2023, 13, 16413–16452. [CrossRef] [PubMed]

19. Hosseini Nasab, N.; Raza, H.; Shim, R.S.; Hassan, M.; Kloczkowski, A.; Kim, S.J. Potent Alkaline Phosphatase Inhibitors,
Pyrazolo-Oxothiazolidines: Synthesis, Biological Evaluation, Molecular Docking, and Kinetic Studies. Int. J. Mol. Sci. 2022, 23,
13262. [CrossRef]
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Abstract: This study evaluates radio-iodinated anastrozole ([125I]anastrozole) and epirubicin
([125I]epirubicin) for AKT1-targeted breast cancer therapy, utilizing radiopharmaceutical therapy
(RPT) for personalized treatment. Through molecular docking and dynamics simulations (200 ns),
it investigates these compounds’ binding affinities and mechanisms to the AKT1 enzyme, com-
pared to the co-crystallized ligand, a known AKT1 inhibitor. Molecular docking results show that
[125I]epirubicin has the highest ΔGbind (−11.84 kcal/mol), indicating a superior binding affinity
compared to [125I] anastrozole (−10.68 kcal/mol) and the co-crystallized ligand (−9.53 kcal/mol).
Molecular dynamics (MD) simulations confirmed a stable interaction with the AKT1 enzyme, with
[125I]anastrozole and [125I]epirubicin reaching stability after approximately 68 ns with an average
RMSD of around 2.2 Å, while the co-crystallized ligand stabilized at approximately 2.69 Å after
87 ns. RMSF analysis showed no significant shifts in residues or segments, with consistent patterns
and differences of less than 2 Å, maintaining enzyme stability. The [125I]epirubicin complex main-
tained an average of four H-bonds, indicating strong and stable interactions, while [125I]anastrozole
consistently formed three H-bonds. The average Rg values for both complexes were ~16.8 ± 0.1 Å,
indicating no significant changes in the enzyme’s compactness, thus preserving structural integrity.
These analyses reveal stable binding and minimal structural perturbations, suggesting the high
potential for AKT1 inhibition. MM-PBSA calculations confirm the potential of these radio-iodinated
compounds as AKT1 inhibitors, with [125I]epirubicin exhibiting the most favorable binding en-
ergy (−23.57 ± 0.14 kcal/mol) compared to [125I]anastrozole (−20.03 ± 0.15 kcal/mol) and the
co-crystallized ligand (−16.38 ± 0.14 kcal/mol), highlighting the significant role of electrostatic
interactions in stabilizing the complex. The computational analysis shows [125I]anastrozole and
[125I]epirubicin may play promising roles as AKT1 inhibitors, especially [125I]epirubicin for its high
binding affinity and dynamic receptor interactions. These findings, supported by molecular docking
scores and MM-PBSA binding energies, advocate for their potential superior inhibitory capability
against the AKT1 enzyme. Nevertheless, it is crucial to validate these computational predictions
through in vitro and in vivo studies to thoroughly evaluate the therapeutic potential and viability of
these compounds for AKT1-targeted breast cancer treatment.

Keywords: breast cancer; AKT1; molecular docking; molecular dynamic; MM-PBSA

1. Introduction

Breast cancer is one of the most prevalent malignancies affecting women worldwide,
accounting for a significant number of cancer-related deaths each year [1]. According to
the World Health Organization (WHO), breast cancer is the most common cancer among
women, with an estimated 2.3 million new cases diagnosed in 2020 alone [2,3]. The global
burden of breast cancer continues to rise, partly due to increasing life expectancy, urbaniza-
tion, and the adoption of Western lifestyles [4]. Despite advances in therapeutic strategies,
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early and accurate diagnoses remain a critical challenge [5,6]. The five-year survival rate
for breast cancer patients is significantly higher when the disease is detected at an early
stage, underscoring the importance of effective diagnostic tools [7].

Mammography has been the gold standard for breast cancer screening; however, its
sensitivity and specificity can be limited, particularly in women with dense breast tissue [8].
In recent years, molecular imaging techniques have gained prominence in the field of
oncology, offering enhanced sensitivity and specificity for detecting malignancies [9,10].
Radiopharmaceuticals, which are radioactive compounds used for diagnosis and therapy,
have emerged as valuable tools for imaging and targeting tumors [11,12]. These com-
pounds can provide detailed information about the biological processes underlying cancer,
facilitating early detection and personalized treatment strategies [11,12].

The integration of radiopharmaceuticals into clinical practice holds significant poten-
tial to transform breast cancer management [13]. Radiopharmaceuticals are employed in
advanced imaging techniques, such as positron emission tomography (PET) and single-
photon emission computed tomography (SPECT), to capture and visualize the metabolic
and molecular processes occurring within tumors [14–16]. These techniques provide func-
tional imaging capabilities, enabling clinicians to assess tumor metabolism, proliferation,
and receptor status, which are essential for developing personalized treatment strate-
gies [14–16]. In breast cancer, hormonal receptors, like estrogen (ER), progesterone (PR),
and androgens (ARs), serve as crucial targets for the non-invasive whole-body evaluation
of hormonal status, helping to predict cancer response to endocrine treatments [13,17].
A notable example is 16α-[18F]-fluoro-17β-estradiol (FES), a radiopharmaceutical widely
used for the PET imaging of ER expression [18]. Additionally, radiolabeled monoclonal
antibody trastuzumab, applicable in both SPECT and PET, facilitates the imaging of the
human epidermal growth factor receptor 2 (HER2) [19–21].

Molecular imaging with [18F]-fluoroestradiol positron emission tomography ([18F]-
FES-PET) offers non-invasive insights into ER status across all metastases within a patient’s
body [22]. This technique is valuable for assessing the ER binding of endocrine modulators
or down-regulators by comparing ER status before and during therapy [17]. Preclinical
studies have demonstrated a strong correlation between [18F]-FES uptake and ER expres-
sion as determined by immunohistochemistry, with [18F]-FES uptake levels predicting
the response to hormonal therapy (Figure 1) [23,24]. Recent studies have reported an
overall sensitivity of 84% and specificity of 98% for [18F]-FES-PET in breast cancer patients,
with a Standard Uptake Value max (SUVmax) threshold of 1.5 used to predict therapeutic
response; values below this threshold generally indicate the lack of a response to endocrine
therapy [25–27]. Moreover, [18F]-FES-PET proves useful for clinical dilemmas where con-
ventional imaging and biopsies are inconclusive or impractical, aiding in therapy decisions
by enhancing diagnostic clarity [28,29]. This imaging modality is also beneficial for monitor-
ing ER status in progressive disease, thereby informing the continuation of or alteration in
anti-hormonal treatments [18]. For therapy evaluation, [18F]-FES-PET can detect treatment
response significantly earlier than traditional CT scans, potentially guiding the timely ad-
justments to therapy [30–32]. Although primarily visualizing ERα, [18F]-FES-PET has also
shown efficacy in assessing ER status in gynecological tumors predominantly expressing
ERβ, with ongoing efforts to develop specific ERβ tracers [33,34].

In addition to these advancements, radiopharmaceuticals have shown potential utility
in managing triple-negative breast cancer (TNBC), an aggressive subtype characterized
by the absence of ER, PR, and HER2 receptors, which limits the efficacy of conventional
targeted therapies [35–37]. Radiopharmaceuticals targeting other molecular markers or
metabolic pathways specific to TNBC could provide new therapeutic avenues, especially
in cases where traditional treatments are ineffective [35–37]. This highlights the broader ap-
plicability of radiopharmaceuticals beyond receptor-positive breast cancers, underscoring
their potential for addressing challenging cancer subtypes, like TNBC [35–37].
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Figure 1. Female patient with the estrogen receptor (ER)-positive breast cancer in her left breast. Left
image: bone scan for dissemination: uptake in the primary tumor in the left breast and uptake in the
skull [13]. Right image: [18F]-FES-PET with multiple lesions in the left breast, multiple ER-positive
lymph node metastases (axillae, clavicular regions, neck, mediastinum, and hili), and multiple
ER-positive bone metastases (skull, spine, left humerus, and right femur).

Targeting key signaling pathways in cancer cells has shown promise for improving
diagnostic and therapeutic outcomes [38]. The PI3K/AKT/mTOR signaling pathway is
a critical regulator of cell growth, proliferation, survival, and metabolism, and its dys-
regulation is commonly observed in breast cancer [39,40]. AKT1, a serine/threonine
kinase, is a pivotal component of this pathway and represents a compelling target for
anticancer therapy [41,42]. Aberrant activation of AKT1 has been associated with cancer
progression, metastasis, and resistance to therapy, particularly in breast cancer [43,44].
Inhibiting AKT1 can suppress tumor growth, induce apoptosis, and enhance the efficacy of
existing treatments by sensitizing cancer cells to chemotherapy and radiotherapy [45]. A
notable example is ARQ092 (Miransertib), a selective allosteric inhibitor of AKT1, which
has shown promise in clinical trials for patients with PI3K/Akt-driven tumors or Proteus
syndrome [46]. Therefore, targeting AKT1 could have a significant impact on improving
the treatment outcomes for breast cancer patients. Recent studies have highlighted the
potential of radio-iodinated compounds, such as anastrozole and epirubicin, in the field
of oncology [47,48]. Radioactive iodine attached to an sp3 carbon atom is a rare feature in
radiopharmaceutical compounds; however, some have proven effective in treating solid
tumors [49]. For instance, iododoxorubicin has demonstrated significant advancements,
showcasing the potential of radio-iodinated derivatives in cancer treatment [50–52]. Stud-
ies on iododoxorubicin have demonstrated enhanced tumor uptake and an improved
pharmacokinetic profile compared to its non-radio-iodinated variants [50–52]. In this
context, radio-iodinated anastrozole ([125I]anastrozole) and radio-iodinated epirubicin
([125I]epirubicin) (Figure S1) have been studied as potential targeting radiopharmaceuticals
for solid tumor imaging [47].

Although [125I]anastrozole and [125I]epirubicin demonstrate significant potential in
targeting solid tumors, elucidating their interactions with enzymes remains a complex chal-
lenge. Traditional methodologies for evaluating enzyme inhibition are often both intricate
and resource intensive [53,54]. In this regard, computational approaches, such as molecular
docking and molecular dynamics simulations, offer indispensable alternatives [55]. These
techniques provide cost-effective and precise methods to explore the interaction dynam-
ics between radio-iodinated compounds and target enzymes, like AKT1 [56]. The main
objective of this study is to leverage these computational strategies to assess the binding
affinity and structural integrity of [125I]anastrozole and [125I]epirubicin in complex with
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the AKT1 enzyme. By elucidating the binding mechanisms involved, this research aims to
underscore the potential of computational methodologies in expediting the development
of targeted imaging agents for solid tumors implicating the AKT1 pathway.

2. Results

2.1. Molecular Docking

In this study, molecular docking simulations were conducted for [125I]anastrozole and
[125I]epirubicin, along with the co-crystallized ligand ((2S)-2-(4-chlorobenzyl)-3-oxo-3-[4-
(7H-pyrrolo [2,3-d]pyrimidin-4-yl)piperazin-1-yl]propan-1-amine), targeting the human
AKT1 enzyme (PDB ID: 3OCB). The results are summarized in Figure 2 and Table 1.

Figure 2. Three-dimensional and 2D binding pose interactions between [125I]anastrozole (a,b) and
[125I]epirubicin (c,d) into the active binding site of the human AKT1 enzyme (PDB ID: 3OCB).

Table 1. Molecular docking scores, expressed as free binding energy (kcal/mol), for [125I]anastrozole
(a & b), [125I]epirubicin, and the co-crystallized ligand, targeting the human AKT1 enzyme. The table
also provides a detailed analysis of the 2D molecular interactions between these compounds and the
key residues within the AKT1 active site (PDB ID: 3OCB).

Compounds
Free Binding

Energy (kcal/mol)

Molecular Interactions Analysis within the AKT1 Active Binding Site

H-bond Distance (Å) Pi-Sigma Hydrophobic Interaction

[125I]anastrozole −10.68 ALA230, GLU278,
and ASP292 1.96, 1.78, and 2.16 VAL164 and MET281

LEU156, ALA177,
LYS179, LEU202,

MET227, MET281,
PHE293, and PHE438

[125I]epirubicin −11.84

ALA230, GLU234,
GLU234, GLU278,
GLU278, ASP292,

and ASP292

2.72, 1.86, 2.20, 2.79,
2.99, 2.26, and 2.58

VAL164, MET281,
and THR291

LEU156, PHE161,
VAL164, ALA177,
LYS179, LEU181,

PHE281, and PHE348

* Co-crystalized
ligand (original pose) −9.53 ALA230 and GLU278 1.98 and 2.67 -

VAL164, ALA177,
LYS179, ALA230,

and MET281

* Co-crystalized ligand: (2S)-2-(4-chlorobenzyl)-3-oxo-3-[4-(7H-pyrrolo [2,3-d]pyrimidin-4-yl)piperazin-1-
yl]propan-1-amine.
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2.2. Molecular Dynamic Simulation

The interactions between [125I]anastrozole and [125I]epirubicin with the human AKT1
enzyme were examined through a 200 ns molecular dynamics (MD) simulation using the
GROMACS 2016 software suite. This analysis also included the co-crystallized ligand for
comparison. Critical metrics, including the root mean square deviation (RMSD), root mean
square fluctuation (RMSF), radius of gyration (Rg), and hydrogen bond profiles, were
thoroughly analyzed. Furthermore, MM-PBSA calculations were conducted to evaluate
the interactions between the ligands and the backbone atoms of the enzyme. The detailed
results are illustrated in Figures 3–6 and are summarized in Table 2.

Figure 3. Analysis of root mean square deviation (RMSD) from the molecular dynamics (MD)
simulations conducted over a 200 ns period. The left panel presents RMSD plots showing the
molecular fluctuations in the AKT1 enzyme backbone when interacting with the co-crystallized ligand
(black), [125I]anastrozole (red), and [125I]epirubicin (blue). The RMSD plots further illustrate the
conformational shifts of the co-crystallized ligand (black), [125I]anastrozole (red), and [125I]epirubicin
(blue) as they bind to the AKT1 enzyme.

Figure 4. The root mean square fluctuation (RMSF) plots illustrate the fluctuations in the AKT1
backbone atoms over a 200 ns MD simulation for each system. These RMSF values capture the
extent of atomic movement for each enzyme residue as its interact with the ligands throughout
the simulation.
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Figure 5. Radius of gyration (RoG) plots showing the AKT1 enzyme backbone atoms through-
out the 200 ns MD simulation, illustrating the interactions with the co-crystallized ligand (black),
[125I]anastrozole (red), and [125I]epirubicin (blue).

 

Figure 6. Hydrogen bond profiles obtained from the MD simulation over a time period of 0–200 ns
for (a) AKT1-co-crystallized ligand, (b) AKT1-[125I]anastrozole, and (c) AKT1-[125I]epirubicin.
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Table 2. MM-PBSA binding energies (ΔGbind) of the co-crystallized ligand (control), [125I]anastrozole,
and [125I]epirubicin at the active binding site of the AKT1 enzyme (PDB ID: 3OCB). Energy values
are expressed in kcal/mol.

System
ΔGbind

(kcal/mol)
Electrostatic

(kcal/mol)
Van der Waal

(kcal/mol)
Polar Salvation

(kcal/mol)
Non-Polar Salvation

(kcal/mol)

AKT1-Co-crystallized ligand −16.38 ± 0.14 −11.28 ± 0.11 −13.52 ± 0.12 19.11 ± 0.12 −10.69 ± 0.13
AKT1-[125I]anastrozole −20.03 ± 0.15 −12.86 ± 0.13 −14.69 ± 0.11 19.84 ± 0.13 −12.32 ± 0.12
AKT1-[125I]epirubicin −23.57 ± 0.14 −14.73 ± 0.12 −15.84 ± 0.14 19.86 ± 0.12 −12.86 ± 0.13

3. Discussion

3.1. Molecular Docking Simulation

Molecular docking is an essential computational technique for predicting the inter-
action between small molecules and their target proteins, forming stable complexes [57].
This method provides critical insights into binding orientations and affinities, playing a
pivotal role in drug discovery by enabling the investigation of potential inhibitory effects
on specific target enzymes [58–62]. In our study, the redocking of the co-crystallized served
as a validation step for the docking parameters, ensuring that the computational model
faithfully replicated the experimentally observed orientation of the ligand within the AKT1
active site [63].

Figure S1 demonstrates the effectiveness of the docking process, with panel (a) dis-
playing the overlay of the co-crystallized ligand and the redocked ligand, highlighting
the precision with which the redocking process replicated the original ligand orientation
within the binding pocket [58–60,64,65]. The root mean square deviation (RMSD) of 0.98 Å
serves as a quantitative measure of this comparison, indicating a high degree of confor-
mational similarity between the two poses. Panels (b) and (c) in Figure S1 dissect the
interaction profiles of the co-crystallized and redocked ligands, respectively. The diagrams
detail key interactions, including hydrogen bonds, pi–sigma interactions, and hydrophobic
interactions, which contribute to the stabilization of the ligand within the enzymatic cleft.
Notably, the hydrogen bond between the ligand and ALA230 is maintained at a distance
of 1.98 Å in the co-crystallized ligand, and a slightly longer distance of 2.67 Å in the re-
docked ligand, indicating a minor deviation in binding interaction post-redocking. The
preservation of critical interactions, such as the hydrophobic interactions with VAL164
and MET281, demonstrates the redocking’s ability to emulate the original binding mode.
The interaction distances in the redocked ligand, ranging from 2.16 Å to 2.99 Å, are within
acceptable limits compared to the co-crystallized ligand, affirming the reliability of the soft-
ware used for the docking process [64–70]. Given the RMSD value of 0.98 Å, the redocking
results fall within the generally accepted range for high-quality docking simulations, as
established by the literature standards [64–70]. This degree of precision suggests that the
docking software can be confidently applied to similar molecular investigations, such as
the study of [125I]anastrozole and [125I]epirubicin, and the co-crystallized ligand against
the AKT1 enzyme.

Figure 2 and Table 1 present a detailed analysis of the interactions involving [125I]
anastrozole, [125I]epirubicin, and the co-crystallized ligand within the active binding site
of AKT1. This analysis examines each molecule’s binding affinity and interaction profile,
focusing on key interactions, such as hydrogen bonds, hydrophobic interactions, and
specifically, the interactions of the 125I atom with the enzyme, which is crucial for under-
standing the mode of binding. [125I]anastrozole exhibits a binding affinity with a ΔGbind
of −10.68 kcal/mol. It forms hydrogen bonds with ALA230, GLU278, and ASP292 at
distances of 1.96 Å, 1.78 Å, and 2.16 Å, respectively. Additionally, it engages in pi–sigma
interactions with VAL164 and MET281. Extensive hydrophobic interactions are noted
with residues such as LEU156, ALA177, LYS179, LEU202, MET227, MET281, PHE293, and
PHE438, which are crucial for non-polar binding complementarity. The interaction of 125I
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with specific residues further suggests a competitive and reversible binding mode, likely
contributing to the stabilization of the AKT1-ligand complex.

[125I]epirubicin shows the most favorable binding affinity with a ΔGbind of
−11.84 kcal/mol. It forms a network of hydrogen bonds with ALA230, GLU234, GLU278,
and ASP292 at distances ranging from 1.86 Å to 2.99 Å. In addition, it engages in pi–sigma
interactions with VAL164, MET281, and THR291, alongside extensive hydrophobic inter-
actions involving residues such as LEU156, PHE161, VAL164, ALA177, LYS179, LEU181,
and PHE348. The interactions of 125I with the enzyme suggest a highly specific binding
mode, potentially leading to effective inhibition through competitive and reversible binding
mechanisms. The co-crystallized ligand, with a ΔGbind of −9.53 kcal/mol, forms hydrogen
bonds with ALA230 and GLU278 at distances of 1.98 Å and 2.67 Å, respectively, but does
not form pi–sigma interactions. It also engages in hydrophobic interactions with VAL164,
ALA177, LYS179, ALA230, and MET281. The absence of iodine in this ligand precludes any
direct comparison regarding iodine-specific interactions, but the overall binding profile
highlights its role as a control for comparison.

Comparatively, [125I]anastrozole and [125I]epirubicin establish additional hydrogen
bonds and specific 125I interactions when compared to the co-crystallized ligand, potentially
indicating stronger or additional points of enzyme engagement. This evidence suggests that
[125I]anastrozole and [125I]epirubicin are promising candidates as AKT1 enzyme inhibitors,
likely acting through competitive and reversible binding. However, while the binding
energies and static interaction profiles are informative, they provide only a snapshot of a
dynamic process. To gain a comprehensive understanding of the behavior and stability of
these molecules at the molecular level, molecular dynamics simulations are essential. Such
simulations will provide temporal insights into the flexibility, conformational changes, and
resilience of the binding interactions under physiological conditions, which are critical
parameters for the successful development of therapeutic agents.

3.2. Molecular Dynamic Simulation

The stability and conformational dynamics of the AKT1 enzyme when complexed
with [125I]anastrozole, [125I]epirubicin, and the co-crystallized ligand were explored over
a 200 ns simulation period. To assess structural dynamics, root mean square deviation
(RMSD) analyses were performed, focusing on how each ligand influenced the conforma-
tional stability of AKT1 [71,72]. The RMSD trajectories for the AKT1 enzyme backbone
displayed distinct stability patterns depending on the ligand involved (Figure 3). The com-
plex with the co-crystallized ligand stabilized at an average RMSD value of approximately
2.69 Å after around 87 ns, reflecting consistent enzyme structure throughout the simulation.
This stability provides a benchmark for evaluating the investigational ligands. Compar-
atively, the AKT1 enzyme exhibited greater stability in complexes with [125I]anastrozole
and [125I]epirubicin, with both systems achieving stability after approximately 68 ns and
maintaining an RMSD value near 2.2 Å. This suggests that these radio-iodinated ligands
contribute to a more stable interaction within the enzyme’s active site compared to the co-
crystallized ligand. The RMSD fluctuations for the enzyme in these complexes were within
a narrower range, less than 1.3 Å, indicating robust structural alignment and reduced
conformational variability.

The RMSD values of the ligands themselves provide further insights into their confor-
mational stability within the AKT1 binding site. Both [125I]anastrozole and [125I]epirubicin
exhibited minimal conformational changes, with RMSD fluctuations averaging less than
1 Å. This consistent stability underscores their potential fit and effectiveness within the
active site, suggesting that these radio-iodinated compounds maintain a high degree of
structural integrity when bound to AKT1. The stable RMSD values reflect a strong and
specific interaction, which is crucial for effective inhibition [73]. These RMSD data under-
score the varying stability profiles of the AKT1-ligand complexes. Both [125I]anastrozole
and [125I]epirubicin demonstrated significant conformational stability within the AKT1
binding site, indicating a strong potential to sustain interactions essential for effective
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enzyme inhibition. The stability observed with the co-crystallized ligand, while slightly
less robust, still reinforces its potential as an AKT1 inhibitor, though with more variability
in interaction dynamics compared to the radio-iodinated compounds.

The root mean square fluctuation (RMSF) analysis extends our understanding of the
dynamic interplay between the AKT1 enzyme and the bound ligands, highlighting the
flexibility of particular amino acid residues upon ligand binding [74]. The RMSF profiles,
as depicted in Figure 4, are essential for pinpointing regions within the protein that show
notable mobility, which could be critical for AKT1’s function and interaction with ligands.
Interestingly, the RMSF plots showed that there were no significant shifts in the residues or
segments of the enzyme, and all ligands affected the mobility of the residues in a consistent
pattern, with differences of less than 2 Å. This suggests that the overall flexibility of the
AKT1 enzyme is preserved, regardless of the ligand binding, indicating a stable interaction
profile across all tested ligands.

In this comprehensive analysis, the RoG was evaluated as an indicator of the enzyme’s
structural compactness upon ligand binding [74]. The Rg plots, illustrated in Figure 5,
depict the Rg values of the AKT1 backbone atoms throughout the 0–200 ns MD simulation.
The average Rg values offer a quantitative assessment of the overall shape and compact-
ness of the protein–ligand complexes. The AKT1 enzyme, when complexed with the
co-crystallized ligand, maintained an average RoG of approximately 16.8 ± 0.1 Å, suggest-
ing a tightly packed protein structure. Similarly, the AKT1 complexes with [125I]anastrozole
and [125I]epirubicin exhibited consistent average RoG values of around 16.8 ± 0.1 Å, indi-
cating that these ligands do not significantly alter the compactness of the enzyme structure.
The RMSF and RoG analyses provide additional evidence supporting the high stability
and strong interaction profiles of [125I]anastrozole and [125I]epirubicin within the AKT1
binding site. These findings contribute to the growing body of data suggesting that these
radio-iodinated compounds could serve as potent and specific inhibitors of the AKT1
enzyme, with potential applications in targeted breast cancer therapy.

Figure 6 depicts the number of hydrogen bonds formed between the ligands and the
AKT1 enzyme during the simulation, providing a quantitative assessment of interaction
strength and stability, which is essential for evaluating the efficacy of these compounds as
inhibitors [75]. The AKT1 complex with the co-crystallized ligand consistently maintained
between two and three hydrogen bonds throughout the duration of the simulation, with
two bonds being consistently formed. This result confirms the predicted binding pose
and indicates a stable interaction, consistent with the initial docking results presented
in Figure 2. [125I]anastrozole showed greater consistency in forming hydrogen bonds,
fluctuating between three and four bonds, with three bonds being consistently maintained
throughout the 200 ns MD simulation. This implies a potentially more effective interaction
with AKT1, suggesting that [125I]anastrozole may provide enhanced inhibitory effects
due to its robust and stable hydrogen bonding. Conversely, [125I]epirubicin exhibited the
highest number of hydrogen bonds, fluctuating between four and five, with four bonds
consistently maintained. The higher number of consistent hydrogen bonds suggests an even
stronger and more stable interaction with the AKT1 enzyme, potentially leading to more
effective inhibition due to improved positional integrity within the enzyme’s active site.
These hydrogen bond profiles from the MD simulations underscore the varying interaction
strengths and stabilities across the different ligand-AKT1 complexes. [125I]epirubicin, with
its greater number of consistent hydrogen bonds, emerges as a particularly promising
candidate for further development. The variations observed with the co-crystallized
ligand highlight the critical role of optimizing hydrogen bond interactions to enhance
ligand efficacy. [125I]anastrozole, with its ability to maintain a stable number of hydrogen
bonds, also demonstrates potential as an effective AKT1 inhibitor. These results suggest
that radio-iodinated compounds, especially [125I]epirubicin, could be effective targeted
radiopharmaceuticals for breast cancer therapy.

To further support the previous analyses, Molecular Mechanics Poisson–Boltzmann
Surface Area (MM-PBSA) calculations were conducted to obtain deeper insights into the
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binding free energies of the AKT1 complexes with the radio-iodinated compounds [76].
These calculations are crucial for validating the significance of the observed hydrogen
bond interactions and for understanding the energetic contributions within the AKT1
enzyme’s active binding site [76]. Table 2 summarizes the MM-PBSA binding energies
for the co-crystallized ligand (control), [125I]anastrozole, and [125I]epirubicin, providing a
quantitative perspective on the various energetic factors contributing to the overall binding
affinity at the AKT1 active site.

The binding free energy (ΔGbind) for the AKT1-co-crystallized ligand complex is
−16.38 ± 0.14 kcal/mol, which serves as a reference point for comparing the other lig-
ands. The electrostatic contributions for the co-crystallized ligand are substantial at
−11.28 ± 0.11 kcal/mol, indicating that electrostatic forces play a significant role in the
binding affinity. These are balanced by van der Waals interactions at −13.52 ± 0.12
kcal/mol and an unfavorable polar solvation energy of 19.11 ± 0.12 kcal/mol, offset by
a favorable non-polar solvation energy of −10.69 ± 0.13 kcal/mol. The non-polar solva-
tion energy is crucial for stabilizing the ligand within the enzyme’s hydrophobic pockets.
[125I]anastrozole has a more favorable binding free energy of −20.03 ± 0.15 kcal/mol, indi-
cating a stronger binding affinity than the co-crystallized ligand. This stronger affinity is
due to higher electrostatic interactions at −12.86 ± 0.13 kcal/mol and more substantial van
der Waals forces at −14.69 ± 0.11 kcal/mol. The elevated electrostatic interaction scores
indicate an improved alignment within the active site, thereby enhancing the ligand’s
interaction with crucial residues. While the polar solvation penalty is slightly higher at
19.84 ± 0.13 kcal/mol, the favorable non-polar solvation energy of −12.32 ± 0.12 kcal/mol
suggests effective accommodation within the enzyme’s non-polar regions. [125I]epirubicin
shows the most favorable ΔGbind of −23.57 ± 0.14 kcal/mol, with significant electrostatic
interactions at −14.73 ± 0.12 kcal/mol and notable van der Waals forces at −15.84 ± 0.14
kcal/mol. These contributions indicate a well-balanced interaction dynamic within the
active site, resulting in a robust binding affinity. Despite the slightly higher polar solvation
energy at 19.86 ± 0.12 kcal/mol, the favorable non-polar solvation energy of −12.86 ± 0.13
kcal/mol supports the ligand’s stable binding. The MM-PBSA binding energy analysis in-
dicates that all ligands possess potential as AKT1 inhibitors, with [125I]epirubicin exhibiting
the highest binding affinity, closely followed by [125I]anastrozole. The favorable binding
free energies and substantial electrostatic contributions suggest that these investigational
ligands hold promise as effective AKT1 inhibitors.

Overall, the computational analysis demonstrated that [125I]epirubicin exhibited the
most favorable binding affinity to AKT1, followed closely by [125I]anastrozole, surpassing
the affinity of the co-crystallized ligand. To contextualize these findings, it is imperative to
compare them with the binding affinities and interaction profiles of other known AKT1
inhibitors documented in the literature. Prominent AKT1 inhibitors, such as capivasertib
(AZD5363) [77,78] and afuresertib (GSK2110183) [79–81], have been extensively studied
and have shown significant inhibitory effects on AKT1. For instance, capivasertib has been
reported to exhibit binding affinities in the range of −9.0 to −10.0 kcal/mol [82,83], while
afuresertib has shown affinities ranging from −8.5 to −9.5 kcal/mol [84,85]. When compared
to these established inhibitors, the binding affinity of [125I]epirubicin at −11.84 kcal/mol
indicates a potentially stronger interaction with the AKT1 kinase domain, suggesting an
enhanced therapeutic potential. The interaction profiles of capivasertib and afuresertib
commonly involve critical residues within the AKT1 active site, such as THR308, SER473,
and ASP292, which are integral to the enzyme’s catalytic function. The findings indicate
that [125I]epirubicin and [125I]anastrozole engage with similar residues, particularly ASP292,
thereby implying that these radio-iodinated compounds could effectively inhibit AKT1 by
interfering with its phosphorylation and subsequent activation. Notably, the MM-PBSA
calculations revealed that [125I]epirubicin forms more stable hydrogen bonds and van der
Waals interactions compared to traditional AKT1 inhibitors, which may contribute to its
superior binding stability.
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However, it is important to recognize that the findings presented in this study are
based on computational predictions, which, while informative, are inherently limited by
the approximations and assumptions underlying molecular docking and dynamics sim-
ulations [58–60,64,65]. These methods do not fully capture the complexity of biological
systems, including the influence of cellular environments, off-target effects, and metabolic
stability. Thus, it is essential to validate these computational predictions with in vitro and
in vivo studies to confirm the therapeutic efficacy and safety profiles of these compounds.
Experimental studies will be crucial to verifying the investigational ligands’ inhibitory
action on AKT1 and determining their suitability for clinical development. Such studies
will provide a more comprehensive understanding of the pharmacodynamics, pharmacoki-
netics, and potential toxicity of [125I]anastrozole and [125I]epirubicin, which are critical for
assessing their viability as therapeutic agents.

4. Methodology

4.1. Molecular Docking Simulation

In this research, the focus was on the AKT1 enzyme, analyzed for its interaction with
the radio-iodinated compounds anastrozole and epirubicin. The selection of AKT1 as
the target for this study was based on its critical role in the PI3K/AKT/mTOR signaling
pathway, which is frequently dysregulated in breast cancer and contributes to tumor
growth and survival [39,40]. The crystallographic details of the AKT1 enzyme in complex
with a pyrrolopyrimidine inhibitor ((2S)-2-(4-chlorobenzyl)-3-oxo-3-[4-(7H-pyrrolo [2,3-
d]pyrimidin-4-yl)piperazin-1-yl]propan-1-amine) were obtained from the Protein Data
Bank (PDB) [86], with the accession number 3OCB [87], (https://www.rcsb.org/structure/
3OCB) accessed on 29 April 2024.

In preparation for molecular docking, the enzyme target underwent preprocessing
to ensure its suitability for computational analysis. This involved the removal of non-
essential water molecules and heteroatoms using Biovia Discovery Studio Visualizer [88],
yielding a refined enzyme structure in a PDB format. Missing residues within the enzyme
structure were reconstructed using the YASARA web server [71,89,90]. The protonation
states of titratable amino acids were calculated at a physiological pH of 7.4 via the H++ web
server [91]. Subsequently, polar hydrogen atoms were added, and Kollman charges were
assigned, facilitating the conversion of the structure to a PDBQT format for subsequent
docking simulations using AutoDock Tools version 1.5.6 [92].

The preparation and optimization of ligands for molecular docking simulations were
conducted with the objective of maximizing the accuracy and reliability of the result-
ing computational predictions [93]. Radio-iodinated molecules ([125I]anastrozole and
[125I]epirubicin) were drawn using the ChemDraw JS (v7.1) web server [71], inspired by
structures outlined in previous studies [47], and saved in a structural data file (SDF) format.
The ligands were subjected to energy minimization utilizing the universal force field and
a conjugate gradient optimization algorithm [94]. This procedure, executed over a thou-
sand iterations, was performed using Open Babel software (https://openbabel.org/) [95],
resulting in final structures saved in the PDB format. Subsequently, Gasteiger charges
were assigned using AutoDock Tools version 1.5.6, preparing the structures for docking
simulations in the PDBQT format.

To elucidate the interactions between the ligands and the active site of AKT1, molecular
docking was performed using AutoDock 4.2 [92]. A Lamarckian genetic algorithm was
employed to optimize ligand configurations within the binding site, allowing flexibility in
the ligand while keeping the macromolecule fixed [96]. The grid-box dimensions were set
to 40 × 40 × 40 Å for the X, Y, and Z axes, respectively, with central grid point coordinates
at 12.916, 0.179, and 17.863. The docking process was conducted over 100 trials with a
maximum of 25,000,000 evaluations per run, adhering to default parameters to ensure
consistency in the analyses.
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4.2. Molecular Dynamic Simulation

This study primarily investigated the interaction and stability of [125I]anastrozole and
[125I]epirubicin within the active sites of the AKT1 enzyme using molecular dynamics
(MD) simulations over a span of 200 ns. The crystallographic structure utilized for these
simulations was the human AKT1 kinase domain complexed with a pyrrolopyrimidine
inhibitor ((2S)-2-(4-chlorobenzyl)-3-oxo-3-[4-(7H-pyrrolo [2,3-d]pyrimidin-4-yl)piperazin-1-
yl]propan-1-amine), obtained from the Protein Data Bank (PDB ID: 3OCB). The simulations
were conducted using the GROMACS 2016.3 software package with the Gromos96 54a7
force field to perform an in-depth analysis of the ligand–protein interactions [97]. Over
the 200 ns simulation period, valuable data on binding dynamics and molecular stability
within the enzyme’s active sites were gathered.

To initiate the simulations, topology files for both the ligands and the protein were
prepared. Ligand topology was generated using the GROMACS ‘pdb2gmx’ function,
while protein topology was created via the PRODRG server, accessed on 5 May 2024
[http://davapc1.bioch.dundee.ac.uk/cgi-bin/prodrg]. The systems were subsequently
solvated in a TIP3P water model and neutralized with counterions to establish a balanced
environment conducive to interaction studies. Energy minimization was then performed
using the steepest descent method for 50,000 steps, with each step measured at 0.01 energy
units, to ensure optimal system stability [71,72].

The system equilibration process was executed in two phases: initially using the NVT
ensemble for 100 ps at a temperature of 310 K with the v-rescale thermostat, followed by
the NPT ensemble for another 100 ps at 1.0 bar using the Berendsen pressure coupling
method [98,99]. These steps were crucial for ensuring that the systems reached a stable state
prior to the molecular dynamics (MD) simulations. The MD simulations were subsequently
run for 200 ns under constant conditions of 310 K and 1 bar. A 1.0 nm cut-off was applied
for short-range, non-bonded interactions, while long-range, electrostatic interactions were
handled using the Particle Mesh Ewald method [100]. To preserve structural integrity,
the LINCS algorithm was used to constrain bonds involving hydrogen atoms [101]. The
simulations employed a timestep of 2 fs with coordinate data saved every 5000 steps (10 ps),
a strategy that ensured accurate and reliable simulation results [71,72].

To assess the fidelity and stability of the ligand–enzyme interactions, a comprehensive
analysis of the MD trajectory data was conducted, utilizing metrics such as the root mean
square deviation (RMSD), root mean square fluctuation (RMSF), radius of gyration (Rg),
and hydrogen bond profiles. This methodological approach reflects a rigorous commitment
to obtaining precise and meaningful insights into the molecular dynamics of the systems
under investigation.

4.3. MM-PBSA Calculation

In this study, the Molecular Mechanics Poisson–Boltzmann Surface Area (MM-PBSA)
method was applied to estimate binding free energies based on MD trajectory snap-
shots [76]. This method, known for its effectiveness in accurately assessing binding energies,
enabled a comprehensive analysis of the energetic interactions between the radio-iodinated
compounds ([125I]anastrozole and [125I]epirubicin) and the co-crystallized ligand within
the AKT1 enzyme’s active site. MM-PBSA calculations were performed during the produc-
tion phase of the MD simulations, with snapshots taken at 100 ps intervals over the final
20 ns (from 180 to 200 ns). These calculations were conducted using the g_mmpbsa tool
within the GROMACS software package [102,103], allowing for a detailed evaluation of
interaction strengths.

This method offered valuable insights into the binding efficiencies of [125I]anastrozole
and [125I]epirubicin relative to the co-crystallized ligand, elucidating the molecular features
that could influence their therapeutic potential. The equations used for calculating the
binding free energy of the ligand–enzyme complex in solvent, which form the foundation of
the MM-PBSA method, have been extensively documented in the existing literature [71,72].
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5. Conclusions

This study represents the first comprehensive in silico exploration of the binding
potential of radioiodinated anastrozole ([125I]anastrozole) and epirubicin ([125I]epirubicin)
against the AKT1 enzyme, a critical target in breast cancer therapy. Utilizing a range of
computational techniques, including molecular docking, molecular dynamics simulations
(200 ns), and MM-PBSA calculations, the therapeutic potential of these compounds was thor-
oughly evaluated. Molecular docking results indicate that [125I]epirubicin displays the high-
est binding affinity to AKT1 with a ΔGbind of −11.84 kcal/mol, followed by [125I]anastrozole
at -10.68 kcal/mol, and the co-crystallized ligand at −9.53 kcal/mol. These findings sug-
gest that [125I]epirubicin may provide superior inhibitory effects against AKT1 due to its
stronger molecular interactions within the active site. Molecular dynamics simulations
further corroborated these results, showing that both [125I]anastrozole and [125I]epirubicin
formed stable complexes with AKT1, as reflected by RMSD values consistently around
2.2 Å, while the co-crystallized ligand stabilized at approximately 2.69 Å. RMSF and radius
of gyration analyses revealed minimal disruption to the enzyme’s overall structure and
dynamics, which is crucial for preserving its biological function. Specifically, the consis-
tent RMSF patterns and average Rg values (~16.8 ± 0.1 Å) suggest that these ligands do
not significantly alter the enzyme’s compactness or flexibility. Additionally, MM-PBSA
calculations supported the findings from docking and dynamics simulations, confirming
that [125I]epirubicin exhibits the most favorable binding energy (−23.57 ± 0.14 kcal/mol),
driven by significant electrostatic and van der Waals interactions. The binding free energies
of [125I]anastrozole and the co-crystallized ligand also indicated their potential as AKT1
inhibitors, although to a slightly lesser degree compared to [125I]epirubicin. This study
highlights the promising inhibitory potential of [125I]anastrozole and [125I]epirubicin, par-
ticularly [125I]epirubicin, against AKT1, suggesting that these compounds could serve as
valuable leads in the development of new therapeutic agents for breast cancer. Future re-
search should focus on empirical validation through in vitro and in vivo testing to confirm
these computational predictions and fully assess the therapeutic efficacy and safety profiles
of these compounds. Planned studies include cell-based assays to evaluate cytotoxicity and
enzyme inhibition, as well as animal models to assess pharmacokinetics, biodistribution,
and therapeutic outcomes. The broader impact of these findings lies in their contribution to
the field of radiopharmaceuticals and personalized cancer therapy. By demonstrating the
potential of [125I]anastrozole and [125I]epirubicin as AKT1-targeted radiopharmaceuticals,
this study advances the development of novel diagnostic and therapeutic agents that can
be tailored to the molecular profile of individual tumors, thereby enhancing treatment
specificity and efficacy. Such advancements could pave the way for more effective and
personalized treatment strategies in oncology, particularly in managing breast cancer.
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co-crystallized ligand (green C, red O, and blue N) (b) and redocked ligand (orange C, red O, and
blue N) (c). The crystal structure of human Akt1 kinase domain in complex with pyrrolopyrimidine
inhibitor (3OCB.pdb) (RMSD is ~0.98 Å).
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Abstract: Neuromuscular blocking agents (NMBAs) are routinely used during anesthesia to relax
skeletal muscle. Nicotinic acetylcholine receptors (nAChRs) are ligand-gated ion channels; NMBAs
can induce muscle paralysis by preventing the neurotransmitter acetylcholine (ACh) from binding
to nAChRs situated on the postsynaptic membranes. Despite widespread efforts, it is still a great
challenge to find new NMBAs since the introduction of cisatracurium in 1995. In this work, an
effective ensemble-based virtual screening method, including molecular property filters, 3D phar-
macophore model, and molecular docking, was applied to discover potential NMBAs from the
ZINC15 database. The results showed that screened hit compounds had better docking scores than
the reference compound d-tubocurarine. In order to further investigate the binding modes between
the hit compounds and nAChRs at simulated physiological conditions, the molecular dynamics
simulation was performed. Deep analysis of the simulation results revealed that ZINC257459695
can stably bind to nAChRs’ active sites and interact with the key residue Asp165. The binding free
energies were also calculated for the obtained hits using the MM/GBSA method. In silico ADMET
calculations were performed to assess the pharmacokinetic properties of hit compounds in the human
body. Overall, the identified ZINC257459695 may be a promising lead compound for developing
new NMBAs as an adjunct to general anesthesia, necessitating further investigations.

Keywords: NMBAs; pharmacophore model; molecular docking; molecular dynamics; virtual screening

1. Introduction

Neuromuscular blocking agents (NMBAs), commonly referred to as muscle relaxants,
are frequently used to facilitate tracheal intubation and provide skeletal muscle relax-
ation during surgery or mechanical ventilation [1]. There are two primary categories of
NMBAs, defined according to their blocking mechanisms: depolarizing and nondepolariz-
ing agents [2]. Succinylcholine is the only available depolarizing NMBAs still in clinical
use. Due to its rapid onset and short duration, the utility of succinylcholine is limited by
mechanism-related side effects, such as myalgia, hyperkalemia, and malignant hyperther-
mia [3,4]. The majority of currently used NMBAs are nondepolarizing blockers (Figure 1),
classified structurally into benzylisoquinolines (e.g., cisatracurium and mivacurium) and
aminosteroids (e.g., rocuronium, vecuronium, pipecuronium, and pancuronium). Non-
depolarizing blockers are characterized by two quaternary ammonium groups, and the
distance between the two protonated nitrogen atoms is approximately 14 Å [5], corre-
sponding to a 10-atom separation (“14-Å rule” or “10-atom rule”) [6]. The nondepolarizing
NMBAs inhibit nicotinic acetylcholine receptors (nAChRs) located postsynaptically on
skeletal muscle membranes, thereby inducing skeletal muscle relaxation [5].

Molecules 2024, 29, 1955. https://doi.org/10.3390/molecules29091955 https://www.mdpi.com/journal/molecules89
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Figure 1. The chemical structures of marketed NMBAs.

Muscular nAChRs are ligand-gated pentameric ion channels physiologically activated
by acetylcholine (ACh), and the activation of nAChRs initiates the electrical signal that
triggers action potentials, leading to muscle contraction [7]. As shown in Figure 2A (PDB
ID: 7SMS), muscular nAChRs structurally consist of five protein subunits organized around
a central pore: with two alpha (2α) subunits, one beta (β) subunit, and one delta (δ)
subunit, accompanied by either an epsilon (ε) or a gamma (γ) subunit, depending on
the developmental stage of the muscle [8,9]. The adult muscle receptors have an epsilon
subunit, whereas in infants the gamma type is present [10]. Each muscular nAChR has two
binding pockets for ACh in the extracellular domain, which are located at the interfaces of
the α-δ and α-ε(γ) subunits [11]. In these pockets, electron-rich amino acid residues (e.g.,
tyrosine, tryptophan) can interact electrostatically with the positively charged ammonium
group of ACh [12,13]. The nondepolarizing NMBAs act as competitive antagonists and
impede the interaction between ACh and nAChRs through occupying the ACh binding
sites, thereby preventing the opening of the channel (Figure 2B). In fact, positive charges at the
quaternary ammonium sites of NMBAs mimic the quaternized nitrogen atom of ACh, which
is the structural reason for the attraction of these compounds to muscular nAChRs [14,15].

Figure 2. (A) The structure of muscular nAChRs (PDB ID: 7SMS). (B) The schematic diagram of adult
nAChRs inhibited by NMBAs binding both ACh sites.
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Currently, muscle relaxation remains a mainstay of modern anesthesia and inten-
sive care [16,17]. NMBAs are used to ease tracheal intubation and to decrease the doses
of the general anesthetics [18,19]. Other uses include in acute respiratory distress syn-
drome (ARDS) [20], elevated intracranial pressure (ICP) [21], and therapeutic hypothermia
(TTM) [22]. To meet different pharmacological needs, a variety of structurally diverse
compounds have been reported as potential NMBAs [14,23–25]. However, the progress in
NMBAs development has been impeded since the discovery of cisatracurium over 25 years
ago. High-throughput screening techniques, especially computer-aided virtual screening,
have been widely employed for the discovery of lead molecules with new scaffolds of
specified targets from large chemical databases [26]. These computer-assisted design meth-
ods can be classified as ligand- and structure-based virtual screening approaches [27,28].
The ligand-based virtual screening (LBVS) methods, including pharmacophore modeling
and qualitative structure–activity relationships (QSAR), focus on comparative molecular
similarity analysis of compounds with unknown and known activity [29,30]. The structure-
based virtual screening (SBVS) method, such as molecular docking, is an effective tool to
discover putative targets for a particular ligand [31]. Up to now, hundreds of compounds
with neuromuscular blocking activities have been reported by many research groups
(Table S1). Furthermore, high-resolution cryo-EM structures of muscle-type nicotinic re-
ceptor with d-tubocurarine have recently been solved (PDB ID: 7SMS) [32]. Therefore, in
this study, molecular property filtering and 3D pharmacophore modelling were applied
as ligand-based screening techniques to identify compounds with similar characteristics
to known neuromuscular blockers. Subsequently, structure-based docking studies were
conducted to assess their binding affinities and poses. As shown in Figure 3, the three
virtual screening methods were combined to discover potential NMBAs from ZINC15
database. Moreover, molecular dynamics simulation was applied to investigate the stability
of the complexes and the mechanism of interaction between nAChRs and hit compounds
at physiological conditions.

Figure 3. The workflow for discovery of potential NMBAs in this research.

2. Results

2.1. Molecular Property Filters

Muscle relaxants are mainly quaternary ammonium compounds with a large molecu-
lar size, making them unique among the drugs associated with disease [33]. For this reason,
classical screening strategies, such as the Lipinski’s rule of five, may not be appropriate for
the discovery of promising lead molecules. Therefore, a dataset of 294 reported compounds
with neuromuscular blocking activities was initially compiled from the earlier literature
(Table S1). Then, three key properties (molecular weight, charge, and logP) of compounds
in the NMBAs database were calculated using the ChemDraw software (Version 18.2). The
997 million compounds in the ZINC15 database were filtered as preliminary screening
based on the 3 properties. As we can see in Figure 4A, compounds in the database have
large molecular weights, with only a few less than 400 Da, so a filter was applied to exclude
compounds with a molecular weight below this threshold. Given that NMBAs are primarily
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composed of bis-quaternary ammonium salts, as shown in Figure 4B, 93.9% of compounds
in the database are double-charged cationic molecules. Consequently, all double positively
charged compounds were selected to ensure that the molecules had desirable physicochem-
ical properties as drug molecules. Figure 4C shows that the majority of compounds with
calculated logP values fall within the range of −4 to 4; a third filter was, therefore, em-
ployed to exclude the compounds with logP values outside of this window. The filtration
resulted in obtaining nearly 562 thousand compounds from the ZINC15 database in SDF
format. In addition, the compounds were minimized using MOE software (Version 2019.01)
and then selected for virtual screening through the pharmacophore model.

 

Figure 4. Molecular properties of ligands in the NMBAs database. (A) Frequency distribution
of molecular weights. (B) The proportion of ligands with single-charged versus double-charged.
(C) Frequency distribution of molecular calculated logP values.

2.2. Pharmacophore Modelling

A pharmacophore is a representation of steric and electronic features required for
interaction with a macromolecular target, which results in a pharmacological response [34].
We developed a ligand-based pharmacophore model in MOE based on the six marketed
nondepolarizing NMBAs mentioned in Figure 1. The selection of these compounds to
build the pharmacophore model was based on their high potency and structural diversity.
The 3D pharmacophore was generated by the flexible alignment of all six structures, and
the 3D features that they shared were identified through the pharmacophore consensus
module [35]. The common 3D pharmacophore model is composed of four hydrophobic
groups (F1, F2, F3, F4), one aromatic ring (F5), and two cations (F6, F7). In addition, previous
study has indicated that the distance of the two quaternized N atoms falling in between 11
and 14 Å is desirable for maximizing bioactivity [6,12]. As shown in Figure 5, the distance
between F6 and F7 falls between 11.7 and 15.3 Å, which was in compliance with the “14-Å
rule”. The model offered a molecular framework for the virtual screening of databases
utilizing suitable pharmacophore features (Figure 5). A total of 562 thousand chemical
compounds selected from the ZINC15 database were screened through the generated 3D
pharmacophore model. As a result of pharmacophore-based virtual screening, 2476 hit
molecules were identified to fit the pharmacophore features.

 

Figure 5. Pharmacophore model based on the aligned NMBAs. Color code: cisatracurium, red; mi-
vacurium, blue; rocuronium, cyan; vecuronium, pink; pipecuronium, magenta; pancuronium, yellow.
Pharmacophore features: Hyd, hydrophobic groups; Aro, aromatic rings; Cat, Cation; Acc, H-bond
Acceptor; Don, H-bond donor.
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2.3. Molecular Docking

Molecular docking provides important data in rational drug design, which can predict
the binding affinities, spatial orientation, and predominant binding modes of the small
molecule drug candidates to the active site of target proteins [36]. In this investigation, we
employed structure-based virtual screening approach that involves a docking simulation
of 2476 molecules identified through the pharmacophore model into the active pocket of
nAChRs (PDB ID: 7SMS) [32]. Muscular nAChRs contain two binding sites in the extracellu-
lar domain (ECD), which are located at the α-γ and α-δ (infant) or α-δ and α-ε (adult) sub-
unit interfaces, respectively [8]. As shown in Figure 6, the transmembrane domain (TMD) of
each subunit comprises four helices, M1-M4, with M2 lining the ion channel and M4 being
most peripheral [32]. The intracellular domain (ICD) of each subunit is formed by a partially
ordered loop between the M3 and M4 helices: an amphipathic MX helix following M3, and a
long helix called MA that leads into and is continuous with M4. The MA helices form a bun-
dle at their N-termini and frame lateral portals for ion flux [37]. We performed molecular
docking simulations of the compounds binding to the nAChRs α-δ site because it is present
in both these nAChR subtypes [38]. The computationally derived potential hits, along with
the binding energy values, were shown in Figure 6. As lower binding energy corresponds
to a higher binding affinity, four compounds, namely ZINC257357801, ZINC257459695,
ZINC8926303, and ZINC1293069436, emerged as the best compounds with better scoring
energies (−8.60 kcal/mol, −8.52 kcal/mol, −8.36 kcal/mol, and −8.25 kcal/mol, respec-
tively) than the standard compound d-tubocurarine (−8.14 kcal/mol).

 

Figure 6. The chemical structures and docking scores (kcal/mol) of screened hit compounds (PDB
ID: 7SMS).

93



Molecules 2024, 29, 1955

The four compounds with desired properties were selected as potential NMBAs by
the ensemble-based virtual screening strategy. The molecular interactions between the
hits and nAChRs produced by MOE are displayed in Figure 7. Through the analysis of
the cryo-EM structure, we found that the quaternized NH group of d-tubocurarine can
form hydrogen bonds with the key residue Asp165 (Figure S1), which played important
roles in binding. As shown in Figure 7A, residue Asp165 formed a hydrogen bond with
the dimethylamino group of ZINC257357801, and residues of Cys192 and Trp149 formed
hydrogen bonds with the hydrogen atom on the hydroxyl group in the middle and right
side, respectively. The residue Tyr198 formed a Pi-H bond with the ethyl group, and
residue Trp57 formed a Pi-cation with the quaternized nitrogen atom of the ring. For
ZINC257459695, as shown in Figure 7B, residue Asp165 formed a hydrogen bond with the
hydrogen atom of the pyrrolidine ring, residue Cys192 formed a hydrogen bond with the
oxygen atom on the carbonyl group, and residue Asp180 formed a hydrogen bond with
the methyl ester at the right end. For ZINC8926303, residues of Asp165 and Ile148 formed
hydrogen bonds with hydrogen atoms on two terminal quaternary ammonium groups,
residue Tyr190 formed a Pi-H bond with the piperazine ring, and residue Tyr198 formed
a Pi-H bond with the ethyl group in the right side. For ZINC1293069436, residue Asp59
formed a hydrogen bond with the hydrogen atom on the methylene group, residue Tyr198
formed a hydrophobic interaction with the benzene ring, and residue Met163 formed a Pi-H
bond with the pyrazole ring. Obviously, it was evident from Figure 7 that ZINC257357801,
ZINC257459695, and ZINC8926303 could interact with the key residue Asp165 in the active
site of nAChRs. Therefore, the stability and molecular interaction pattern of these three hits
and d-tubocurarine at simulated physiological condition were further probed by applying
molecular dynamic (MD) simulation.

 

Figure 7. Preferred binding poses of ZINC257357801 (A), slate sticks, ZINC257459695 (B), sand sticks,
ZINC8926303 (C), green sticks, and ZINC1293069436 (D), salmon sticks, bound to the nAChRs α-δ
site (PDB ID: 7SMS).
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2.4. Molecular Dynamic Simulation

In this section, we conducted a molecular dynamics simulation to investigate the
flexibility and solvation effect of biomolecular systems. To this end, we ran 25,000 ps molec-
ular dynamics production runs on the 3 hit candidates (ZINC257357801, ZINC257459695,
and ZINC8926303) and the reference compound (d-tubocurarine). The MD trajectories
were analyzed by the flowing parameters: root mean square deviation (RMSD), root
mean square fluctuation (RMSF), radius of gyration (Rg), solvent accessible surface area
(SASA), hydrogen bonds (H-bond), dynamic cross-correlation matrix (DCCM), and binding
pattern analysis.

2.4.1. Structural Deviation and Compactness Analysis

The structural deviation and stability were measured by the RMSD and SASA, and
the fluctuation was assessed by RMSF, and the compactness was measured by Rg. From
the observation of the RMSD graph presented in Figure 8A, all the protein–ligand entities
showed steady and stable behavior throughout the simulation time; the RMSD fluctuated
around by 0.15–0.35 nm. However, in the same simulation time, the ZINC257459695 graph
line showed much stable behavior as compared to other complexes, which remained steady
and stable at an RMSD value of around 0.18 nm. The RMSD graph lines of ZINC257357801,
ZINC8926303, and d-tubocurarine displayed an increasing trend, with RMSD values rang-
ing from 0 to 0.34 nm from 0 to 5000 ps. The overall RMSD graphs results showed stable
behavior in the backbone of all docked complexes.

 

Figure 8. The RMSD (A), RMSF (B), Rg (C), and SASA (D) curves of the ZINC257357801,
ZINC257459695, ZINC8926303, and d-tubocurarine systems.

The root mean square fluctuation calculates the fluctuation in the individual amino
acid residues throughout the simulation process in the presence of different ligand molecules.
As represented in Figure 8B, all the promising lead molecules show a very similar RMSF
pattern with the reference compound. Some residues in the MA and M4 domains (chain A),
and MA domain (chain B) showed greater flexibility, and RMSF fluctuated between 0.11
and 0.76 nm. The α-helixes of MA and M4 are located around the frame lateral portals for
ion flux, which may be the reason for the flexibility.
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The Rg parameter was used to evaluate structural compactness of a protein–ligand in
a biological system. A stable folded structure is described by a relatively constant Rg value,
whereas an unfolded structure will cause the Rg value to fluctuate with time. As shown in
Figure 8C, the values of Rg for the four complexes fluctuated between 4.09 and 4.17 nm dur-
ing the simulation. The calculated average Rg values for ZINC257357801, ZINC257459695,
ZINC8926303, and d-tubocurarine are 4.15 nm, 4.11 nm, 4.17 nm, and 4.13 nm, respectively.
With lower Rg values compared to all other compounds, ZINC257459695-nAChRs may be
regarded as the most compact biomolecular system.

The solvent accessible surface area of protein has always been considered as a decisive
factor in protein folding and stability studies. As we can see in Figure 8D, the SASA
for the four systems showed little variation from 390 to 425 nm2, which suggested that
the four systems were relatively stable. The binding of ZINC257459695, compared to
other compounds, resulted in reduced SASA values, as the surface of the protein becomes
unexposed to the solvent after ligand binding.

2.4.2. Hydrogen Bond Analysis

The stability of the protein–ligand complex is facilitated by the formation of hydrogen
bonds between the receptor and ligand. Therefore, the total number of hydrogen bonds
were investigated in the complexes after the 25,000 ps simulation time. As exhibited in
Figure 9A,D, for the ZINC257357801 and d-tubocurarine complexes, two to three hydrogen
bonds were identified. ZINC8926303, on the other hand, was shown to form three to four
hydrogen bonds. Interestingly, for the ZINC257459695–nAChRs system, a maximum of
five hydrogen bonds were observed, which could form more hydrogen bonds than that of
the reference compound d-tubocurarine during the entire simulation period. Obviously,
the three hits could form more hydrogen bonds than the reference compound. Further-
more, through the above-detailed H-bond analysis, we can conclude that the compound
ZINC257459695 was bound to the nAChRs protein more effectively and tightly when com-
pared to the other three compounds. The results of the H-bond analysis were consistent
with the earlier analysis of RMSD and SASA metrics.

Figure 9. Number of hydrogen bonds for systems: ZINC257357801 (A), ZINC257459695 (B),
ZINC8926303 (C), and d-tubocurarine (D) systems during the MD simulations.
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2.4.3. Dynamic Cross-Correlation Map Analysis

The analysis of DCCM was to check the correlated motion of structural domains to
achieve a stable conformation of the receptor following the binding of ligands. Highly
positive sections (cyan) indicate strongly positive correlated movement of residues in
the same direction, while the negative regions (pink) represent strongly anti-correlated
motions. As illustrated in Figure 10, the binding of ZINC257357801, ZINC257459695,
ZINC8926303, and d-tubocurarine generated obvious influences on the internal dynamic
behavior of nAChRs. For the ZINC257459695 complex, both chain A and B produced
strongly positive correlated motions independently (Figure 10B). This phenomenon sug-
gested that the binding of ZINC257459695 may have resulted in conformational changes in
the protein. The ZINC257357801 complex has maximum residues in a positive correlation,
while ZINC8926303 complex residues have a slightly weaker but still positive correlation
(Figure 10A,C). From the results, it is concluded that the presence of ZINC257357801 and
ZINC8926303 induced significant correlated motions in protein, whereas slightly anti-
correlated motions are observed. The d-tubocurarine complex has the most residues in a
negative correlation, but the overall correlation between the binding site and the amino
acids has increased (Figure 10D).

Figure 10. DCCM comparative analysis of ZINC257357801 (A), ZINC257459695 (B), ZINC8926303
(C), and d-tubocurarine (D).

2.4.4. The Binding Modes Refined through the MD Simulations

The Gibbs free energy landscape for the four systems was displayed in Figure 11A–D.
A very weak or unstable receptor–ligand interaction can result in many minimal energy
clusters, whereas a strong and stable interaction can generate one conformation cluster
in the potential energy map [39]. As depicted in Figure 11, only a single energy minima
was found in the case of the ZINC257357801, ZINC257459695, and ZINC8926303 com-
plexes, whereas there are two energy minima found for the d-tubocurarine complex. In
addition, the narrow and shallow energy basin denotes limited structural conformation
stability. It can be observed from Figure 11 that the binding of the nAChRs protein with
ZINC257357801 and ZINC257459695 has resulted in a noticeable single narrow energy
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minima basin related to its conformational state, suggesting a stable and strong receptor–
ligand conformation. Although the d-tubocurarine complex has two energy minima, they
are completely separated from one another by an energy barrier making it less stable. This
is also in agreement with earlier RMSD, H-bond, and DCCM analysis results.

 

Figure 11. The Gibbs free energy landscapes of ZINC257357801 (A), ZINC257459695 (B), ZINC8926303
(C), and d-tubocurarine (D) systems during the MD simulations.

Based on the calculation of the Gibbs free energy, the most stable conformations of
each system were extracted from the lowest energy field (dark blue) to explore the key
residues and interactions between these compounds and nAChRs. For the ZINC257357801
system, as shown in Figure 12A, residue Asp165 formed two different hydrogen bonds
with the dimethylamino group. ZINC257357801 and Trp57 formed a Pi-H interaction, and
residue Trp149 formed a hydrogen bond with the hydroxyl group at the right end. As
exhibited in Figure 12B, based on the most energetically favorable binding mode, residues
of Asp165 and Cys193 formed two hydrogen bonds with ZINC257459695, while residues of
Tyr198 and Trp57 were observed to form hydrophobic interactions. For the ZINC8926303
system, as shown in Figure 12C, ZINC8926303 formed hydrophobic interactions with
residues of Trp149, Tyr151, and Cys193. Notably, the hydrogen bond between the terminal
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quaternary ammonium group and residue Asp165 disappeared, which could be the reason
for the decreased stability after the simulation. For the d-tubocurarine system, as displayed
in Figure 12D, the quaternized NH group acted as a hydrogen bond donor with residue
Asp165, and Tyr190 interacted with d-tubocurarine as a hydrophobic interaction.

 

Figure 12. The binding modes of ZINC257357801 (A), ZINC257459695 (B), ZINC8926303 (C), and
d-tubocurarine (D) given by the molecular dynamics simulation.

2.4.5. Binding Free Energy Calculation by MM/GBSA Method

To better assess the reliability of the different nAChRs–ligand complexes, the cor-
responding protein–ligand binding free energies were evaluated from the MD coordi-
nates extracted from the last 10 ns of simulation. The molecular mechanics generalized
Born surface area (MM-GBSA) method was used for the calculation. The binding free
energy ΔGbind was comprised of the Van der Waals interaction (ΔEvdw), electrostatic inter-
action (ΔEele), polar solubility energy (ΔGps), and non-polar solubility energy (ΔGnps).
Among these interactions, ΔEvdw, ΔEele, and ΔGnps were considered to be beneficial
for the ΔGbind, but ΔGps was considered to be unfavorable to the ΔGbind. The analy-
sis of the MM-GBSA results showed that the electrostatic force of interaction is majorly
contributing in the protein–ligand binding compared to the Van der Waals force of in-
teraction. As shown in Table 1, ZINC257459695 had a maximum affinity with nAChRs,
followed by ZINC257357801 and ZINC8926303, showing −50.40 ± 3.61, −40.52 ± 5.49,
and −31.01 ± 6.22 kcal/mol, respectively. The estimated total binding energy suggested
that the ZINC257459695 has the most energetically favored binding mode as compared to
the reference, d-tubocurarine. However, compared with the cisatracurium and rocuronium,
it can be seen that the ΔEvdw and ΔGnps of ZINC257459695 were much lower, indicating
that the two marketed NMBAs possess superior binding energy. In addition, the binding
free energy of the ZINC8926303 is the weakest. The ΔEele of ZINC8926303 complex was
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the lowest for all three hit compounds, mainly because the ΔGbind of the ZINC8926303 was
weaker than that of the standard d-tubocurarine.

Table 1. Binding free energy calculated by the MM-GBSA method (kcal/mol).

System ΔGbind ΔEvdw ΔEele ΔGps ΔGnps

ZINC257357801 −40.52 ± 5.49 −42.87 ± 3.28 −726.05 ± 4.22 735.10 ± 1.23 −6.70 ± 0.05
ZINC257459695 −50.40 ± 3.61 −33.82 ± 0.84 −1453.27 ± 0.09 1442.28 ± 3.51 −5.59 ± 0.00
ZINC8926303 −31.01 ± 6.22 −37.21 ± 2.20 −586.86 ± 3.01 598.35 ± 4.97 −5.28 ± 0.02

d-tubocurarine −39.57 ± 3.11 −55.84 ± 0.11 −657.70 ± 2.99 680.80 ± 0.83 −6.82 ± 0.16
Cisatracurium −66.86 ± 3.07 −92.50 ± 2.01 −669.38 ± 0.33 706.26 ± 2.30 −11.24 ± 0.08
Rocuronium −57.65 ± 2.50 −62.59 ± 1.72 −340.73 ± 1.67 353.45 ± 0.70 −7.78 ± 0.01

2.5. In Silico Pharmacokinetic Profile (ADMET)

In the pursuit of efficient drug discovery, data on absorption, distribution, metabolism,
excretion, and toxicity (ADMET) are crucial for identifying and developing novel drug
candidates [40,41]. Thus, the pharmacokinetic profile of the top three hits, along with
d-tubocurarine, cisatracurium, and rocuronium, were assessed using the PreADMET
method [42] and summarized in Table 2. The aqueous solubility of a drug is a vital
factor that can significantly affect its bioavailability, and the three hit compounds exhib-
ited moderate to high water solubility levels. Blood–brain barrier penetration was used
to evaluate the distribution of the compounds, and the BBB values for ZINC257357801,
ZINC257459695, and ZINC8926303 were 0.04, 0.11, and 0.05, respectively. During the
metabolic phase, the ZINC257357801, ZINC8926303, and rocuronium were discovered to
be inhibitors of cytochrome P450 2D6. In addition, the Ames test result of ZINC257459695
was negative, implying that it was probably unable to induce gene mutation. However, the
usage of ZINC257459695 could be limited due to its blockage of hERG channels, warranting
further optimization.

Table 2. The ADMET prediction for the investigated compounds.

Compound
Buffer

Solubility 1 BBB 2 PPB 3 CYP2D6
Inhibition

Ames Test
hERG

Inhibition

ZINC257357801 1132 0.04 3.83 Inhibitor Non-mutagen Ambiguous
ZINC257459695 0.30 0.11 13.97 Non Non-mutagen High
ZINC8926303 88,380 0.05 19.16 Inhibitor Mutagen Ambiguous

d-tubocurarine 1.18 1.22 67.68 Non Non-mutagen High risk
Cisatracurium 0.0081 0.80 72.49 Non Non-mutagen Medium risk
Rocuronium 121.69 0.26 18.97 Inhibitor Mutagen Low risk

1 Buffer solubility: water solubility in buffer system (SK atomic types, mg/L). 2 BBB: blood–brain barrier
penetration (C.brain/C.blood). 3 PPB: plasma protein binding (%).

3. Materials and Methods

3.1. Ligand-Based Pharmacophore Generation

The alignments of six marketed NMBAs (i.e., cisatracurium, mivacurium, rocuro-
nium, vecuronium, pipecuronium, and pancuronium) were generated using the Flexible
Alignment module of the MOE (Molecular Operating Environment software, Version
2019.01) [43]. The 3D chemical structures of the NMBAs were built and energy-minimized
using the MMFF94 force field [44]. Then, small molecules were aligned by maximizing the
structural overlap of steric features while exploring alternative conformations with low
ligand strain. Finally, a collection of alignments, along with a score for each alignment, was
generated, and a final alignment with the lowest S score was obtained for the following
pharmacophore generation.

The identification of common structural features among six aligned NMBAs was
performed using a ligand-based pharmacophore approach. To generate a pharmacophore
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model with good quality, a set of pharmacophore features, namely hydrogen-bond donor
(Don), hydrogen-bond acceptor (Acc), aromatic center (Aro), hydrophobic atom (HydA),
anionic atom (Ani), and cationic atom (Cat) were mapped. The Pharmacophore Consensus
module was used to generate suggested features for a pharmacophore query from the
aligned structures, and a pharmacophore model containing seven common chemical fea-
tures was developed. Based on the pharmacophore model generated, virtual screening was
conducted using a Pharmacophore Search protocol in MOE through the EHT scheme [45].
A pharmacophore query consisting of identified pharmacophoric features was used to filter
the database of molecular conformations.

3.2. Molecular Docking

The cryo-EM structures of muscle-type nicotinic receptor (PDB ID: 7SMS, Resolution
3.18 Å) [32] were obtained from the RCSB Protein Data Bank (PDB, https://www.rcsb.
org/, accessed on 3 January 2024). As a part of preparing the target protein, the water
molecules were removed from the protein and hydrogen atoms were added to optimize
the structure by using energy minimization. For the docking parameters, we set the force
field to Amber10 and used the triangle matcher placement algorithm, which returned
thirty poses; we further used the rigid receptor refinement method, which returned five
poses [32]. The GBVI/WSA dG method was applied to score the poses in both steps [46].
The scores were generated by accounting for the individual contributions of energy terms,
including hydrogen bonds, electrostatics, and hydrophobicity. The scoring of ligands
determines which ligand pose is the most energetically favorable and ranks the library
of screened molecules to indicate which compounds are most likely to be active and
suitable for further analysis. The selected complexes were illustrated using the PyMOL
software (Version 2.5.0) [47].

3.3. Molecular Dynamics Simulation

All simulations were performed with the GROMACS 2019.6 package [48] (https://www.
gromacs.org, accessed on 2 February 2024) and were carried out using the amber99sb-ildn
force field at 298 K. General amber force field (GAFF) parameters were assigned to the
ligands [49], whereas partial charges were calculated using the AM1-BCC method [50]. All
ligand–protein complexes were placed in the cubic water-box and set to be 15 Å away from
the box edge, using a TIP3P explicit solvent model [51]. Either Na+ or Cl− ions were added
as counterions for the neutralization of the systems. A 2 fs time step of integration was
chosen for all MD simulations, and the systems were equilibrated in the NVE ensemble for
50,000 steps, followed by equilibration in the NVT ensemble for an additional 50,000 steps.
The minimized complexes were used as starting conformations for the MD simulations.
Periodic boundary conditions and particle mesh Ewald (PME) electrostatics were employed
in the simulations [52]. Finally, 25,000 ps molecular dynamics simulations were performed
at 298 K with a trajectory recording interval of 50 ps. In addition, various dynamic analysis
parameters, like RMSD, RMSF, Rg, SASA, H-bond, DCCM, and others, were carried out
using the GROMACS tool.

3.4. Binding Free Energy Calculation

The binding free energy of protein–ligand complexes of all three hits and reference
d-tubocurarine with nAChRs were calculated using the molecular mechanics generalized
Born surface area (MM/GBSA) approach [53]. The following equation was used to calculate
the binding free energy from the MD simulation:

ΔGbind = ΔEMM + ΔGsolv (1)

where ΔGbind denotes the binding free energy. The changes in the gas phase molecular
mechanics (ΔEMM) and solvation Gibbs energy (ΔGsolv) are determined as follows:

ΔEMM = ΔEvdw + ΔEele (2)
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ΔGsolv = ΔGps + ΔGnps (3)

where ΔEMM is the sum of the changes in the Van der Waals energies ΔEvdw and the
electrostatic energies ΔEele. The polar solvation ΔGps was calculated using the generalized
Born model, while the non-polar solvation ΔGnps was estimated by the solvent-accessible
surface area. The solvent dielectric constant of 78.5 and the non-polar surface tension
constant of 0.0072 kcal/mol·Å2 were used for the MM/GBSA calculations.

3.5. ADMET Property Prediction

In this section, the Pre-ADMET server application (https://preadmet.qsarhub.com,
accessed on 12 April 2024) was used to calculate ADMET parameters, such as buffer
solubility, blood–brain barrier penetration (BBB), plasma protein binding (PPB), cytochrome
P450 2D6 inhibition (CYP2D6 inhibition), Ames test, and hERG inhibition. The Pre-ADMET
approach is based on different classes of molecular parameters, which are considered for
generating quantitative structure properties.

4. Conclusions

Through the effective ensemble-based virtual screening approach, including molecular
property filters, a 3D pharmacophore model, and molecular docking, three hit compounds
were identified as potential NMBAs from the ZINC15 database. In order to further in-
vestigate the binding modes between three hits and nAChRs at simulated physiological
conditions, the molecular dynamics simulation was performed. Based on the common
results of the RMSD, RMSF, Rg, SASA, H-bond, and DCCM, ZINC257459695 displayed
stable binding patterns and was considered as a promising lead compound. Further-
more, deeper analysis of the MD results revealed that ZINC257459695 could stably bind
to nAChRs’ active site and interact with the key residue Asp165. From the MM-GBSA
analysis, the identified ZINC257459695 was the most reliable binding mode for nAChRs,
with the binding free energy of −50.40 kcal/mol. Additionally, the ADMET properties
revealed that ZINC257459695 can be further developed as potential drug candidates.
Overall, ZINC257459695, which possesses huge potential to serve as a promising lead
compound in developing novel NMBAs as an adjunct to general anesthesia, warrants
further optimization.
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Abstract: Due to the excellent characteristics of fluorescence-based imaging, such as non-invasive
detection of biomarkers in vitro and in vivo with high sensitivity, good spatio-temporal resolution
and fast response times, it has shown significant prospects in various applications. Compounds
with both biological activities and fluorescent properties have the potential for integrated diagnosis
and treatment application. Alectinib and Rilpivirine are two excellent drugs on sale that represent a
clinically approved targeted therapy for ALK-rearranged NSCLC and have exhibited more favorable
safety and tolerance profiles in Phase III clinical trials, ECHO and THRIVE, respectively. The optical
properties of these two drugs, Alectinib and Rilpivirine, were deeply explored, firstly through the
simulation of molecular structures, electrostatic potential, OPA/TPA and emission spectral properties
and experiments on UV-vis spectra, fluorescence and cell imaging. It was found that Alectinib
exhibited 7.8% of fluorescence quantum yield at the 450 nm excited wavelength, due to a larger
electronic transition dipole moment (8.41 Debye), bigger charge transition quantity (0.682 e) and
smaller reorganization energy (2821.6 cm−1). The stronger UV-vis spectra of Rilpivirine were due
to a larger electron–hole overlap index (Sr: 0.733) and were also seen in CDD plots. Furthermore,
Alectinib possessed obvious active two-photon absorption properties (δTPA

max * φ = 201.75 GM), which
have potential TPA imaging applications in bio-systems. Lastly, Alectinib and Rilpivirine displayed
green fluorescence in HeLa cells, suggesting the potential ability for biological imaging. Investigation
using theoretical and experimental methods is certainly encouraged, given the particular significance
of developing integrated diagnosis and treatment.

Keywords: fluorescence imaging; Alectinib; Rilpivirine; quantum chemistry

1. Introduction

In recent years, optical imaging modalities have shown promise in various health-
related applications, such as disease diagnosis and optical-guided surgery [1,2]. Compared
to traditional methods, fluorescence-based imaging offers several advantages, including
non-invasive detection of biomarkers in vitro and in vivo with high sensitivity, fast re-
sponse times and excellent spatio-temporal resolution [3,4]. Fluorescence-based imaging
often relies on the use of chemical tools, which are fluorescent molecules. Small fluorescent
molecules are an important kind of fluorescent compound and have the potential to achieve
the real-time monitoring of organ function and the visualization of organ-related processes
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at the cellular level [5]. An excellent small fluorescent molecule should possess the follow-
ing characteristics: high fluorescence quantum yield, adequate water solubility, fluorophore
with good photo-stability and acceptable bio-compatibility [1]. In recent years, more and
more fluorescent molecules combined with drugs, aptamers, peptide sequences and other
easily modified ligands have been used to develop novel integrated diagnosis and treat-
ment [6–9]. Along with the increase in reports about the potential UV-vis/fluorescence
spectral properties of some (chemotherapy) drugs, research on integrated diagnosis and
treatment has attracted widespread attention in the international fields of biology, materials
and medicine [10–12]. The technology of integrated diagnosis and treatment is able to track
the development, occurrence and treatment process of a lesion site (such as cancer) in real
time, implement effective and precise treatment, improve the cure effect, reduce side effects,
detect differentiation and metastasis for the lesion site and take measures to maximize pa-
tient survival and timely recovery rates. However, the strategy of combining fluorophores
and suitable ligands faces some limitations, for example, complicated synthesis, poor
permeability, low bioavailability and more. Therefore, none are currently used in clinical
applications. Following the significant demand of quality of human life, a small organic
drug molecule combining near-infrared (NIR) fluorescence imaging has significance for
promoting clinical applications of integrated diagnosis and treatment [13,14].

Alectinib and Rilpivirine (shown in Table 1) are two excellent drugs on sale with
USD 1.292 billion and USD 964 million of retail sales volume in 2020, respectively [15].
Alectinib is a highly selective, second-generation inhibitor of the tyrosine kinase anaplastic
lymphoma kinase (ALK), and is a clinically approved targeted therapy for ALK-rearranged
non-small lung cancers (NSCLCs) [16–18]. Importantly, Alectinib is also effective for
treating brain metastasis of ALK-rearranged NSCLCs, suggesting its high brain penetrance.
In 2020, it was reported that Alectinib could provide a personalized maximum benefit for
patients with high-grade serous ovarian cancer who are positive for EML4-ALK [19]. On
the other hand, Rilpivirine is a new-generation NNRTI and is considered as a recommended
or alternative key drug in the current ART guidelines. It exhibited more favorable safety
and tolerance profiles compared with Efavirenz in Phase III clinical trials, ECHO and
THRIVE [20,21]. The most commonly observed mutation in patients with Rilpivirine-
containing treatment failure is E138K [22]. I135T/L, escape mutations from HLA-B*51/52-
restricted cytotoxic T lymphocytes, may predispose HIV-1 to harbor E138K upon failure of
Rilpivirine-containing ART and the mutation patterns of drug resistance may vary due to
baseline polymorphic mutations [22]. Developing small organic drug molecules with NIR
spectra could bring about new opportunities for improving disease diagnosis and effective
therapeutics. But it is extremely difficult, so it has not yet been reported. In this study, we
thoroughly studied the molecular properties and explored the photo-physical luminous
mechanism for these two drugs on sale (Alectinib and Rilpivirine) in order to offer more
theoretical foundations for traceable drugs and promote the development of integrated
diagnosis and treatment.
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Table 1. The chemical structure, stable geometries of the ground state (S0) and first excited state (S1)
for compounds Alectinib and Rilpivirine.

Molecules S0 S1

Alectinib

Top view

Side view

Top view

 
Side view

 
Rilpivirine

Top view

Side view

Top view

Side view

2. Results and Discussion

2.1. Molecular Structural Characteristics

Firstly, the geometric characteristic is very important to study the electronic and photo-
physical properties of a compound. In order to learn the geometric characteristics, the
structural parameters of stable ground state (S0) and first excited state (S1) including the
main bond lengths (Å) and dihedral angles (◦) were calculated for drugs Alectinib and
Rilpivirine, and the resulting data were listed in Tables 1 and S1. From Table 1 about the
geometries from molecular top and side view, it can be seen that in not only S0 but also
S1, molecule Alectinib had a π-conjugation planar molecular skeleton besides the terminal
4-(piperidin-4-yl) morpholine group. And the dihedral angle (see Table S1) between parent
molecular plane and 4-(piperidin-4-yl) morpholine group for Alectinib was decreased from
the ground state (at about 61.2◦) to the excited state (at about 46.6◦), suggesting the larger
planarity in the excited state. To make the bond length change more intuitive from S0 to
S1, the data about bond length in Table S1 were drawn in Figure 1. As expected, the single
bond in S1 was shorter (such as C36-C48: 1.48 > 1.43 Å) and the double bond was longer
(such as C48-O49: 1.24 < 1.30 Å) than those in S0, implying the bond length alternation was
smaller in S1 (seen Figure 1A), and further implying the enhanced π-conjugation effect in
S1. In addition, Alectinib possessed strong electron-withdrawing group (–CN) connected
with π-conjugation indole group directly. It may lead to marked intramolecular charge
transfer (ICT) and benefit for electron transition. The drug molecule Rilpivirine had two
conjugated planes, which were distorted by about 145.8◦ in S0 and decreased to about
111.0◦ in S1 (see Table S1), likely due to the steric effect from two methyl substituents on the
benzene ring. The two terminal electron acceptors (–CN) in Rilpivirine also were connected
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with a π-conjugation benzene ring, which maybe benefit electron transition. The same for
the molecule Rilpivirine, the important bond length change (in Figure 1B) was smaller in
S1, which also increased the conjugated electronic structures. To conclude, drugs Alectinib
and Rilpivirine exhibited the structural characteristics: planar parent skeleton, stronger
π-conjugation effect in S1 and electron acceptors connecting conjugated structures, which
would be a benefit for superior photo-physical performance.

Figure 1. The important bond length (Å) of molecules Alectinib (A) and Rilpivirine (B) in S0 and S1.

2.2. Molecular Electrostatic Potential

The electrostatic potential is a representation of an electric charge distribution for
a single molecule, which is an important property for binding with protein. The blue
and red regions represent positive and negative electronic potential regions, respectively.
The darker color is a “more positive” or “more negative” potential. A negative electric
potential means that a positive charge group will be attracted easily. For Alectinib (shown
in Figure 2), the red color indicates a higher electron density around the oxygen and cyan
group representing that it will benefit the forming interaction with a positive charge group
(such as amide group) in protein. On the other hand, the amino group of compounds
Alectinib and Rilpivirine (shown in Figure 2) exhibit obvious positive electric potential,
which will attract the negative charge group (such as carbonyl group) in protein.
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Figure 2. Molecular electrostatic potential surfaces plotted for the Alectinib and Rilpivirine (The blue
and red regions represent electronic potential regions of positive and negative potential, respectively.).

2.3. UV-vis Experiments and One-Photon Absorption (OPA) Spectral Properties

To evaluate the UV-vis spectra of molecules Alectinib and Rilpivirine, we first tested
the solvent-dependent excited spectra in organic solvent 100%DMSO (dimethyl sulfox-
ide), 50%DMSO-50%PBS (phosphate-buffered saline) and 10%DMSO-90%PBS (shown in
Figure S1, Supplementary Materials). As displayed in Figure S1, the UV-vis spectra of
Alectinib and Rilpivirine at the three solvent exhibited one maximum characteristic peak
and were centered at about 345 nm and 310 nm, respectively. Upon adding PBS, the in-
tensity of excited characteristic peak for Alectinib was decreased gradually, accompanied
with a red-shift wavelength from 338 nm → 348 nm → 349 nm in Figure S1A. As well as
for Rilpivirine, following with increased PBS, the intensity of absorption peak also was
reduced from Figure S1B. It was worth noted that the solution became some turbid for
Alectinib and Rilpivirine upon adding 25%PBS solvent in UV-vis experiments, which was
in accordance with the reported poor/medium soluble for Alectinib and Rilpivirine [23].
The poor/medium soluble may lead to the reduced intensity of UV-vis spectra along with
increased PBS proportion. To further explore the photo-physical properties of UV-vis spec-
tra, theoretical calculation for OPA was performed in the next, which would be discussed
in detail.

Spectra is closely related with optical properties and electronic characteristics. So, the
simulated OPA spectral properties of Alectinib and Rilpivirine in water were obtained and
listed in Table 2, concluding OPA wavelength (λOPA

max ), oscillator strengths ( f O), vertical
excitation energies (E0 f ), transition dipole moment (μ0 f ) and transition characteristics.
TDDFT methods were employed to obtain the OPA spectra according quantum chemical
calculation. The solvation model density (SMD) [24,25] with default parameters of H2O
was used to implicitly consider the homogeneous dielectric solvation effects. Additionally,
compared with the results from Figure S1 and Table 2, we found that the calculated wave-
lengths of Alectinib and Rilpivirine were in reasonable agreement with the experimental
results generally.

The main absorption peak (349Exp. nm) in 10%DMSO-90%PBS of Alectinib was con-
nected with the first excited state S1, which was derived from HOMO → LUMO tran-
sition (88.1%) and had localized excitation (LE) and charge transfer (CT) characteristics
(see Figure S2). The CT characteristic mainly came from the 1-(2-ethylphenyl) piperidine
group to the indole group due to the electron-accepting group (–CN) connecting with
π-conjugated indole ring. For Rilpivirine, the maximum excited wavelength (311Exp. nm)
in 10%DMSO-90%PBS was also derived from S0 → S1 electron transition with a major
contribution of HOMO-1 → LUMO (56.7%). Furthermore, the transition density matrix
(TDM) and charge density difference (CDD) were adopted to describe the electron transfer
process directly from the ground and excited state in the whole molecule [26–28]. Here, we
mainly studied the electronic transition process of S0 → S1 for Alectinib and Rilpivirine
in the OPA spectrum, and the electronic transition properties were analyzed qualitatively
by TDM and CDD. In the meantime, more transition indexes were also listed in Table S2,
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including the centroid distance of the electrons and holes (D), electron-hole overlap in-
dex (Sr), average distribution breadth of the electrons and holes (H), hole delocalization
index (HDI) and electron delocalization index (EDI) [29]. Firstly, the two-dimensional
diagram showed the charge density difference, in which the green isosurface represented
electron distribution while the blue isosurface represented hole distribution. In the tran-
sition process from the S0 to S1, the molecule Alectinib showed the characteristic of local
excitation and weak charge transfer, which was mainly concentrated on the 7-ethyl-4-
methylnaphthalen-1(4H)-one group in Figure 3 (CDD). The smaller average distribution
breadth (H: 2.038 Å) of the electrons and holes for Alectinib was due to the local exci-
tation from 7-ethyl-4-methylnaphthalen-1(4H)-one group mainly. The centroid distance
(D: 1.084 Å) of the electrons and holes for Alectinib was smaller, likely because of the weak
charge transfer from the carbanyl group to 6-ethyl-1-methyl-1,4-dihydronaphthalene. For
molecule Rilpivirine, owning to the existence of two cyano groups in the left terminal,
larger local excitation occurred in the left half of the molecule and the electronic transfer
happened from right to left. Combining with TDM plots in Figure 3, it could be seen that
stronger contribution of electron transfer for Rilpivirine resulted from the 8th nitrogen
atom in linker to the 10th carbon atom in benzene ring (atomic numbers in Figure S3) [30].
Lastly, the larger electron-hole overlap index (Sr: 0.733) in Rilpivirine implied the more
electron-hole overlap, which was also seen in CDD plots.

Table 2. Calculated OPA spectra properties of Alectinib and Rilpivirine in water concluding OPA
wavelength (λOPA), oscillator strengths ( f O), vertical excitation energies (E0 f ), transition dipole
moment (μ0 f ) and transition characteristics.

Molecule λOPA
max /nm f O E0f/eV μ0f/Debye Transition Characteristics

Alectinib 318.0 a (349 Exp.) 0.7456 a 3.90 a 1.1 a S0 → S1
(HOMO → LUMO 88.1%) a

Rilpivirine 298.6 a (311 Exp.) 1.4836 a 4.15 a 1.5 a S0 → S1
(HOMO-1 → LUMO 56.7%) a

a—was the data from the calculated OPA properties. Exp.—represented the data from experiments.

Figure 3. The transition density matrix (TDM) and charge density difference (CDD, green represented
electron distribution and blue was hole distribution.) plots of Alectinib and Rilpivirine.
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2.4. TPA Spectral Properties

The traditional fluorescence imaging technique applyies one-photon microscopy (OPM),
which involves the application of UV-vis light as an excitation source and achieves the
lower tissue penetrations depth (generally 100 mm), limiting the application of OPM in
living systems [31]. Over the past decades, the fluorescence imaging technique basing on
multiphoton absorption uses near-infrared (NIR) as excitation sources, which has been proved
to be one of the most effective tools in biomedical imaging applications [5,32]. For two-photon
microscopy (TPM), the electron of fluorophore is excited to excited states after absorbing
two photons simultaneously, using half the energy of photons compared to OPM [2]. Maria
Goppert Mayer, as a Nobel laureate, first envisioned the concept of using two light quanta
to excite a fluorophore. In her honor, the unit ‘GM’ was used to represent the TPA cross
section values of a molecule [33]. Subsequently, the first cellular images was obtained by
Webb et al. according to simultaneous excitation of fluorophore with two photons of NIR
wavelength (700 nm–1100 nm) using femtosecond (fs) pulsed laser, which was in biological
optical window to excite the fluorophore. The TPM technology has exclusive advantages in
fluorescence imaging, including deeper imaging depth (down to 1 mm), less photobleaching,
weaker background fluorescence, and higher spatiotemporal resolution [34]. These promising
features have inspired more and more scientists to develop novel fluorescent molecules with
enhanced TPA properties by designing molecules with an appropriate donor–acceptor systems,
suitable dipolars, π-bridges, quadrupolars, octupolar characteristics and more [35–37]. Thus,
the potential TPA properties of Alectinib and Rilpivirine were also predicted in this section,
hoping to improve their bio-imaging applications.

As we all known, effective TPA imaging is influenced by the TPA cross-section (δTPA)
and fluorescent quantum yield (Φ) simultaneously. The δTPA denotes the TPA probability
of a molecule. The larger the TPA cross-section, the larger the probability is for reaching
the excited state after absorbing two photons simultaneously. In this work, we used the
response function theory method to obtain the TPA properties [38,39]. We performed the
calculation for the TPA spectral properties of both Alectinib and Rilpivirine, including
the maximum TPA cross sections (δTPA

max ) and corresponding TPA wavelengths (λTPA
max ) by

DALTON software (Dalton2021.alpha, http://daltonprogram.org) in the 550 nm–1000 nm
region [40]. Firstly, in order to decrease the deviation of simulated TPA spectra, two com-
mon TD-DFT functionals (Cam-B3LYP and B3LYP) for predicting the TPA properties were
adopted here. The TPA spectra in gas and water (with PCM solvent) were obtained and
listed in Tables 3 and S3, using Cam-B3LYP and B3LYP functional, respectively. We could
draw the following: (i) not only by B3LYP but also by Cam-B3LYP, the TPA wavelength
and cross section of Alectinib in water was longer and larger than that in gas, such as
647.4 nm/159 GM (water) > 623.00 nm/1.0 GM (gas), suggesting the potential application
in biological systems, as well as for compound Rilpivirine. (ii) Molecules Alectinib and
Rilpivirine generally exhibited shorter TPA wavelength and smaller TPA cross section
under Cam-B3LYP functional compared with those under B3LYP functional, which were
in agreement with the reported investigation [12]. But the transition characteristic for the
TPA spectra of Alectinib and Rilpivirine by the two functionals was consistent (from S0
→ S1). Considering the reported better results from B3LYP compared with the experi-
mental data, we adopted the calculated TPA properties by B3LYP functional for the later
discussion [41,42]. (iii) In a water environment, the compound Alectinib exhibited a larger
TPA cross-section (δTPA

max : 269.0 GM) at 772.5 nm, which was in the NIR wavelength region.
From the next fluorescence experiment, the fluorescence quantum yield of Alectinib was
7.5%, so its action TPA cross-section (δTPA

max *Φ) was 201.75 GM, which was larger than 50
GM and was suitable for applications in biological samples with reasonable incident laser
power [31]. (iv) For Rilpivirine, the TPA cross section in water was medium (δTPA

max : 159.0
GM) at 744.6 nm excited wavelength, but the fluorescence quantum yield (Φ: 1.1%) was
lower. Thus, its smaller action cross-section (δTPA

max *Φ: 17.49 GM) might restrict the potential
application in TPA bio-imaging. The latter sections were devoted to discussing important
aspects that affected their TPA properties.
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Table 3. The calculated TPA properties of Alectinib and Rilpivirine including the maximum TPA
cross-section (δTPA

max ), corresponding TPA wavelength (λTPA
max ), transition nature and charge transfer

amount in gas (a) and water (b) by B3LYP functional.

Molecules δTPA
max /GM λTPA

max /nm Transition Nature qCT
TPA/e

Alectinib 44.8 a

269.0 b
700.5 a

772.5 b
S0→S1

a (HOMO → LUMO)
S0→S1

b (HOMO → LUMO) 0.723 b

Rilpivirine 21.8 a

159.0 b
756.0 a

744.6 b
S0→S1

a (HOMO → LUMO)
S0→S1

b (HOMO → LUMO) 0.546 b

a were the calculated TPA properties in gas. b represented the calculated TPA properties in water.

In order to further clarify the origin of the TPA activity of Alectinib and Rilpivirine
and explain the calculated TPA spectra, the two-state approximation expression (X) related
to the TPA cross section was adopted here [43,44]:

δTPA
max ∝

(
M01

)2(∣∣Δμ01
∣∣)2

(
E01

)2 (1)

The values of transition/state dipole moment vectors and transition energy involved
in two-state approximation model were listed in Table 4. As shown in Table 4, it was clear
that the larger TPA cross-section of Alectinib resulted from the smaller transition energy
(E01 = 3.83 eV), larger transition state dipole moment (2.99 Debye), and bigger difference
of state dipole moment (

∣∣Δμ01
∣∣ = 2.48 Debye) mainly. Additionally, the simulated TPA

tensor elements basing on the quadratic response theory were also listed in Table 5 to
reveal the structural characteristics for TPA properties of Alectinib and Rilpivirine. By
using the TPA tensor elements in forma (4), the maximum TPA cross-sections in atomic
units (a.u.) were obtained and displayed in Table 5. From Table 5, it could be seen
that the Sxx component had a significant contribution in promoting the TPA process for
Alectinib and Rilpivirine, which happened in the direction of ICT from Figure S2. Thus, the
larger TPA cross-section for Alectinib might result from the bigger charge transfer amount
(Alectinib (0.723 e) > Rilpivirine (0.546 e), in Table 3) during the TPA transition process.

Table 4. Parameters related to TPA transition process of Alectinib and Rilpivirine.

Molecules Excited State μ00/Debye μ11/Debye
∣∣Δμ01

∣∣/Debye M01/Debye E01/eV

Alectinib S1 10.96 13.44 2.48 2.99 3.83
Rilpivirine S1 9.32 10.54 1.22 2.00 3.99

Table 5. TPA tensor elements (Sab) and TPA cross sections (σTPA) (in au) for Alectinib and Rilpivirine
molecules calculated in water solvent by DALTON software with B3LYP functional.

Molecules Excited State
Sab/a.u.

σTPA/a.u.
Sxx Syy Szz Sxy Sxz Syz

Alectinib S1 422.7 −31.7 7.5 6.6 63.2 −1.0 1,068,860.6
Rilpivirine S1 286.6 18.5 −2.9 2.5 4.7 95.6 590,613.0

2.5. Fluorescence Spectral Properties

For optical imaging and detection, it is essential to have high fluorescence efficiency.
Basing on the systematical analysis of absorption spectral properties, how about the flu-
orescence properties of Alectinib and Rilpivirine? Thus, the fluorescence spectra of the
molecules Alectinib and Rilpivirine in different solvents (100%DMSO, 75%DMSO-25%PBS,
50%DMSO-50%PBS and 25%DMSO-75%PBS) were measured by fluorescence experiments,
respectively, and were drawn in Figure 4. As shown in Figure 4, we noticed that the
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emission wavelength of Alectinib and Rilpivirine were about 450 nm and 500 nm, re-
spectively, and the fluorescence efficiency of Alectinib was higher than that of Rilpivirine
(Φ: 7.5% > 1.1%). Furthermore, the fluorescence intensity in 100%DMSO was strongest
for the two compounds, and it exhibited an obvious decreasing tendency along with the
increase in PBS content. What is the reason? Of particular note was that in the fluorescent
experiments, the solution became more turbid for the compounds Alectinib and Rilpivirine
upon adding 25%PBS, which was in agreement with the reported poor/medium solu-
ble [23]. Thus, the fluorescence spectra were further obtained in different concentrations for
Alectinib and Rilpivirine, respectively, which were displayed in Figure S4. It could be clearly
seen that, following the increased sample concentration (50 μM → 100 μM → 150 μM), the
emission intensity was increased gradually. Those demonstrated that the decreased fluo-
rescent intensities of Alectinib and Rilpivirine in more PBS proportion were due to their
lower solubility. Additionally, there was a red shift of fluorescence peak following with
the increased sample concentration in Figure S4. Most of the chemo drugs benefited the
florescence properties due to their aromatic rings. The red shift of fluorescence peak took
place at a dense solution due to the photon reabsorption effects when the stokes shift
between absorption/fluorescence spectra was sufficiently small as it happened for the
chemo drugs of interest here [45,46]. According to Figure S4, the small Stokes shift lucidly
appeared that was the origin of photon reabsorption effects and subsequent red shift. To
explore the origin of these emission spectra, the theoretical study was analyzed next.

 

Figure 4. Fluorescence spectra of Alectinib (A) and Rilpivirine (B) with 100 μM by excitation at
340 nm and 310 nm, respectively.

To deeply explore the origins of the fluorescence properties about these two molecules,
we adapted the following TD-DFT//B3LYP/6-31+G(d) calculations and obtained the
detailed excited properties. As we all known, the fluorescence quantum yield (Φ) is
an important index for measuring fluorescence efficiency, which is determined by the
radiative decay rate (Kr) and the nonradiative decay rate (Knr) theoretically. According to
Kasha’s rule, the electron can transfer from the first singlet excited state (S1) to the ground
state (S0) through the radiative and non-radiative decay processes. Thus, we thoroughly
explored the S1 excited-state properties for the compounds Alectinib and Rilpivirine,
and the results including emission wavelength (λEMI), oscillator strengths (fE), transition
dipole moment (μ f 0

EMI), charge transfer quantity (qCT
EMI), charge transfer distance (dCT

EMI) and
transition characteristics, and were listed in Table 6. It could be found that the maximum
emission wavelength of Alectinib was at 456.7 nm (450 nm Exp.), which was originated
from the S1 → S0 electron transition with a major contribution of LUMO→HOMO (98.3%).
For Rilpivirine, its maximum emission wavelength was also derived from the electron
transition S1 → S0, which was mainly constructed by LUMO→HOMO (97.6%).
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Table 6. Fluorescence quantum yield (Φ) from experiments and calculated emission spectra prop-
erties of Alectinib and Rilpivirine concluding emission wavelength (λEMI), oscillator strengths (fE),
transition dipole moment (μ f 0

EMI), charge transfer quantity (qCT
EMI), charge transfer distance (dCT

EMI)
and transition characteristics using B3LYP functional and 6-31+G(d) basis set.

Molecule λEMI/nm f E μ
f0
EMI/Debye qCT

EMI/e dCT
EMI/Å Transition Characteristics Φ/%Exp

Alectinib 456.7
450Exp. 0.7469 8.41 0.682 2.568 S1 → S0 (LUMO → HOMO 98.3%) 7.5

Rilpivirine 435.4
500Exp. 1.3784 6.33 0.502 2.627 S1 → S0 (LUMO → HOMO 97.6%) 1.1

Exp. referred to the results from fluorescence experiments.

From above fluorescence experiment, Alectinib had a larger fluorescence quantum
yield than Rilpivirine (Φ: 7.5% > 1.1%) which might come from the larger electronic transi-
tion dipole moment and charge transition quantity during the emission process in Table 6
(μ f 0

EMI : 8.41 Debye > 6.33 Debye, qCT
EMI : 0.682 e > 0.502 e). Additionally, we also analyzed

this phenomenon by means of reorganization energy, which was an important parameter
for evaluating geometric relaxation and energy component in internal conversion process.
From Figure 5, it could be summarized that (i) the total reorganization energy of Alec-
tinib was smaller than that of Rilpivirine (Reorg. Energy: 2821.6 cm−1 < 5176.9 cm−1),
implying the smaller geometric relaxation for Alectinib. (ii) In Alectinib, the four main
vibration models (> 200 cm−1), including molecular skeleton scissoring vibration mode
at 13.62 cm−1, benzene ring stretching vibration mode at 1486.36 cm−1, 1676.46 cm−1 and
1681.77 cm−1, made the contributions to the total reorganization energy. The C-O bond
of benzene ring stretching vibration mode at 1486.36 cm−1 had a higher reorganization
energy up to 330.34 cm−1, and occupied 11.71% of the total reorganization energy. (iii) For
the molecule Rilpivirine, in the high-frequency regions, the C-C bond of the benzene ring
attached to a double bond stretching vibration mode at 1708.87 cm−1 exhibited particular
large reorganization energy up to 940.95 cm−1, which contributed 55.06% to its total reor-
ganization energy. Concluding, compared to the compound Rilpivirine, molecule Alectinib
possessed larger electronic transition dipole moment and charge transition quantity, which
were beneficial for the radiative decay process, and the smaller geometric relaxation, which
weakened the nonradiative decay process. On the other hand, the molecular aromatic rings
had important influences on the fluorescence properties [39,41,47]. The Alectinib possessed
stronger molecular planarity due to the appropriate aromatic ring substitution than that of
Rilpivirine (46.6◦ < 111.0◦), which also contributed the higher fluorescence quantum yield.
Thus, Alectinib had higher fluorescence quantum yield than Rilpivirine in organic solvent.
Lastly, how were their fluorescence properties in cell imaging?

2.6. Cell Imaging Application

To evaluate the bio-imaging ability, the compounds Alectinib and Rilpivirine to stain
living cells of HeLa cell line were studied by confocal laser scanning fluorescence mi-
croscopy. HeLa cells were cultured onto glass-bottom Petri dishes for 12 h before treatment.
Live cells were treated with the compounds Alectinib and Rilpivirine at 20 μM for 16 h,
washed with PBS three times, fixed in 4% paraformaldehyde solution for 15 min, and
washed with PBS again, respectively. Cell images were obtained by confocal laser scanning
fluorescence microscopy (CLSM, Nikon, Ti2-E+A1, Japan) using both 405 nm and 488 nm
as the excitation wavelengths. As displayed in Figure 6, HeLa cells stained with the com-
pounds Alectinib and Rilpivirine showed green fluorescence. It suggested that Alectinib
and Rilpivirine had better imaging performances in cell imaging, although Rilpivirine had
a lower fluorescence quantum yield than Alectinib (1.1% < 7.5%) in an organic solvent.
These might come from the complex cellar environments, which formed some interaction
with small molecules and enhanced the fluorescence intensity of Rilpivirine. So, Alectinib
and Rilpivirine had the potential abilities for biological imaging applications. Compared
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with commercial dyes or drugs sharing with a single function, drug molecules Alectinib
and Rilpivirine have potential practical applications in integrated diagnosis and treatment.

 

Figure 5. Reorganization energies (cm−1) and crucial displacement vectors for the normal modes
with large reorganization energies for compounds Alectinib (origin) and Rilpivirine (purple).

 

Figure 6. Confocal microscopy colocalization images of the studied drug molecules Alectinib and
Rilpivirine in HeLa cells.

3. Material and Methods

In this work, the optimization and frequency calculations of ground-state and geome-
tries structures for Alectinib and Rilpivirine were obtained at the level of M06-2X/6-31+G(d)
with the help of Gaussian 16 program package [48,49]. Furthermore, their stable molec-
ular geometries were displayed in Table 1. The three smallest vibrational frequencies
of Alectinib and Rilpivirine at the real local minima points were positive values, con-
firming the stabilities of studied Alectinib and Rilpivirine geometries. The one-photon
absorption (OPA) and emission spectral properties were simulated according to the time-
dependent density functional theory (TD-DFT) based on stable molecular structures. The
M06-2X/6-31+G(d) and B3LYP/6-31+G(d) level were used for OPA and emission spectral
simulation, respectively. At the same time, the solvent effect was taken into account within
the self-consistent reaction field (SCRF) theory through applying SMD model [24]. On the
other hand, the two-photon absorption (TPA) properties were calculated with the help
of quadratic response theory in the DALTON program [40]. The reorganization energies
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with the parameters of normal mode displacements were carried out by the MOMAP
program [50,51].

The OPA transition probability (δOPA) is able to evaluate the OPA intensity. The OPA
oscillator strength (f ), as an important index for measuring various OPA property of a
fluorescent compound, is related to δOPA. The expression of δOPA from the ground state S0
to the excited state Sn is obtained by [52]:

δOPA =
2ωn

3 ∑α
|〈0|μ̂α|n〉|2 (α ∈ x, y, z) (2)

here, ωn represents the excited energy. 〈0|μ̂α|n〉 is the transition dipole moment along with
the different coordinate directions, which is related to the wave function integral. These
physical parameters about the OPA spectra can be calculated with the help of Gaussian
16 program [49].

The TPA cross-section (δTPA) is used to evaluate TPA intensity, which is determined
by two-photon transition probability (σTPA) and can be given by [53]:

δTPA =
4π2αα5

0ω2

15cΓ
σTPA (3)

here, α, α0 and c are on behalf of the fine structure constant, Bohr radius, and the speed of
light, respectively; ω represents the photon energy in atomic units, and Γ is the broadening
factor, describing spectral broadening of an excitation, which has been assumed to be
0.05 eV to make the theoretical simulation process consistent with the experimental spectra.
σTPA can be calculated as [54]:

σTPA =
1
30 ∑ab

(
FSaaSbb + GSabSab + HSabSba

)
(4)

a, b ∈ {x, y, z}, and F, G and H are 2, 2, and 2 for linearly polarized light and were
−2, 3 and 2 for the circular case, respectively. Taking electric dipole approximation into
consideration, the TPA transition tensor Si f between the initial state i and the final state f
can be expressed as [53]:

Si f
ab = ∑

n 
=i

{ 〈 i|μα|n〉〈n|μb| f 〉
ωin − ω1

+
〈 i|μb|n〉〈n|μa| f 〉

ωin − ω2

}
(5)

where 〈i|μα|n〉 is the ath compound of the transition dipole moment between the initial
electric state i and the intermediate state n. ωin is excitation energy. In addition, ω1 and ω2
presents the energies of two photons. These physical parameters about the TPA spectra can
be obtained by quadratic response theory with the help of DALTON software [40].

Fluorescence intensity is determined by the competition of radiative decay and non-
radiative decay process [42,55]. The fluorescence efficiency could be evaluated by fluo-
rescence quantum yield (Φ), which was obtained from experiment directly in this inves-
tigation. The stronger of radiative decay, the larger of the Φ. Conversely, the smaller the
non-radiative decay process, the larger of the Φ. Internal conversion (IC), as a non-radiative
decay from the first excited state to ground state, is the most important component during
the non-radiative process [56]. The IC rate can be calculated under harmonic oscillator
approximation though Fermi’s golden rule and is expressed as [57]:

Kic =
2π

�

∣∣∣H′
f i

∣∣∣2δ
(

Ef i + Ef ν f
− Ef νi

)
(6)

The Kic is closely related to electron–vibration coupling and geometric relaxation of
the excited state, which can be evaluated by reorganization energy (λ) or Huang−Rhys
factor (HR). These above parameters of fluorescence spectra can be calculated by applying
Gaussian 16 and MOMAP program [49,51].
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The UV-vis excitation and fluorescence spectroscopy were carried out at room temper-
ature and by the instrument of SHIMADZU 2550 UV–vis spectrophotometer (SHIMADZU,
Kyoto, Japan) and SHIMADZU RF-6000 Fluorolog instrument (SHIMADZU, Kyoto, Japan),
respectively. The slit bandwidth and sampling interval for Shimadzu RF-600 was 5 nm and
0.5 nm, respectively. Cell images were obtained by confocal laser scanning fluorescence
microscopy (CLSM, Nikon, Ti2-E+A1, Tokyo, Japan) using 405 nm and 488 nm as the
excitation wavelength. The HeLa cells were human cervical cancer cells in DMEM and
EMEM culture medium from Human Fenghui Biotechnology Co. Ltd. (Nanjing, China),
and its accession number was CL0134. HeLa cells were cultured onto glass-bottom Petri
dishes for 12 h before treatment. Live cells were treated with Alectinib and Rilpivirine at
20 μM for 16 h, washed with PBS for 3 times, fixed in 4% paraformaldehyde solution for
15 min, and washed with PBS again.

4. Conclusions

In conclusion, the optical properties of two drugs Alectinib and Rilpivirine were
deeply explored firstly, through the simulation of molecular structures, electrostatic po-
tential, OPA/TPA and emission spectral properties, and experiment of UV-vis spectra,
fluorescence and cell imaging. Moreover, the relationships between molecular structures
and optical properties for Alectinib and Rilpivirine have been minutely investigated based
on molecular modeling. The results suggested that the drugs Alectinib and Rilpivirine
with planar parent skeleton, stronger π-conjugation effect in S1 and electron acceptors
connecting conjugated structures could be excited by UV-vis spectra, and subsequently
emitted fluorescence at 450 nm and 500 nm, respectively. It was noted that the intensi-
ties of UV-vis excited and emission spectra for Alectinib and Rilpivirine were decreased
during the increased PBS proportion, which were ascribed to the poor/medium solubility.
Meanwhile, we found that the fluorescence quantum yield of Alectinib was higher than
that of Rilpivirine (Φ: 7.5% > 1.1%) in organic solvent, which might come from the larger
electronic transition dipole moment (μ f 0

EMI : 8.41 Debye > 6.33 Debye) and charge transition
quantity (qCT

EMI : 0.682 e > 0.502 e) during the emission process. Additionally, the smaller
geometric relaxation of Alectinib due to the lower reorganization energy than Rilpivirine
(2821.6 cm−1 < 5176.9 cm−1) weakened the non-radiative decay process, and also led to
its higher fluorescence intensity. For TPA properties, we found that the action TPA cross-
section (δTPA

max *Φ) of Alectinib was 201.75 GM at 772.5 nm excited wavelength, which was
larger than 50 GM in NIR region and was suitable for applications in biological samples
with reasonable incident laser power [31]. Lastly, Alectinib and Rilpivirine displayed the
same green fluorescence in HeLa cells, suggesting their potential bio-imaging applications.
We hope that this investigation can provide useful guidance for the design and synthesis of
more excellent fluorescent activated molecules.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/molecules28166172/s1. Tables S1–S4: The main selected bond
length (Å) and dihedral angles (◦) at the optimized S0 and S1 geometries for compounds Alectinib
and Rilpivirine. Transition index of Alectinib and Rilpivirine from S0 to S1 in OPA spectra, in-
cluding centroid distance of the electrons and holes (D), electron-hole overlap index (Sr), average
distribution breadth of the electrons and holes (H), hole delocalization index (HDI) and electron
delocalization index (EDI). Calculated TPA properties including the maximum TPA cross-section
(δTPA

max ), corresponding TPA wavelength (λTPA
max ), and transition nature of Alectinib and Rilpivirine in

gas (a) and water (b) by Cam-B3LYP functional. The transition energy gaps (ETEG) of Alectinib in
H2O and DMSO (polarity: H2O > DMSO).; Figure S1–S5: The UV-vis spectra of molecule Alectinib
(A) and Rilpivirine (B) with the concentration of 100 μM in different solvent (100%DMSO, 50%DMSO-
50%PBS and 10%DMSO-90%PBS). Contour surfaces of eight frontier molecular orbitals of Alectinib
and Rilpivirine. Atomic numbers for compounds Alectinib and Rilpivirine. Fluorescence spectra of
Alectinib (A) and Rilpivirine (B) in 25%DMSO-75%PBS solvent by excitation at 340 nm and 310 nm,
respectively. UV-vis spectra of Alectinib (C) and Rilpivirine (D) in 25%DMSO-75%PBS solvent. The
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plot of fluorescence intensity (red) and wavelength (black) versus concentration for Alectinib (A) and
Rilpivirine (B) in 25%DMSO-75%PBS solvent [58].
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Abstract: mPGES-1 is an enzyme, which, when activated by inflammatory factors, can cause
prostaglandin E synthesis. Traditional non-steroidal anti-inflammatory drugs are capable of in-
hibiting prostaglandin production, yet they can also cause gastrointestinal reactions and coagulation
disorders. mPGES-1, the enzyme at the conclusion of prostaglandin production, does not cause any
adverse reactions when inhibited. Numerous studies have demonstrated that mPGES-1 is more
abundant in cancerous cells than in healthy cells, indicating that decreasing the expression of mPGES-
1 could be a potential therapeutic strategy for cancer. Consequently, the invention of mPGES-1
inhibitors presents a fresh avenue for the treatment of inflammation and cancer. Incorporating a
database of TCM compounds, we collected a batch of compounds that had an inhibitory effect on
mPGES-1 and possessed IC50 value. Firstly, a pharmacophore model was constructed, and the TCM
database was screened, and the compounds with score cut-off values of more than 1 were retained.
Then, the compounds retained after being screened via the pharmacodynamic model were screened
for docking at the mPGES-1 binding site, followed by high-throughput virtual screening [HTVS]
and standard precision [SP] and super-precision [XP] docking, and the compounds in the top 20%
of the XP docking score were selected to calculate the total free binding energy of MM-GBSA. The
best ten compounds were chosen by comparing their score against the reference ligand 4U9 and the
MM-GBSA_dG_Bind score. ADMET analysis resulted in the selection of ten compounds, three of
which had desirable medicinal properties. Finally, the binding energy of the target protein mPGES-1
and the candidate ligand compound was analyzed using a 100 ns molecular dynamics simulation of
the reference ligand 4U9 and three selected compounds. After a gradual screening study and analysis,
we identified a structure that is superior to the reference ligand 4U9 in all aspects, namely compound
15643. Taken together, the results of this study reveal a structure that can be used to inhibit mPGES-1
compound 15643, thereby providing a new option for anti-inflammatory and anti-tumor drugs.

Keywords: mPGES-1; pharmacophore modeling; molecular docking; ADMET; MD simulation

1. Introduction

Prostaglandin PG plays an important role in mediating cell proliferation, differentia-
tion, and apoptosis after binding with specific receptors. In addition, prostaglandins are
also involved in the pathological processes of inflammation, cancer, and various cardio-
vascular diseases [1]. COX is a key enzyme that mediates the conversion of arachidonic
acid into prostaglandin. Traditional non-steroidal anti-inflammatory drugs (NSAIDs) pro-
duce anti-inflammatory effects by directly inhibiting COX and blocking the production
of prostaglandins. However, direct blocking of COX can cause gastrointestinal mucosal
damage and coagulation dysfunction [2]. In order to avoid the side effects of NSAIDs,
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this study focused on microsomal prostaglandin E synthase-1 (mPGES-1), the terminal
enzyme downstream of COX-2 in inducible PGE [3]. mPGES-1 is low in normal tissue and
is induced in any inflammation. Studies have shown that it is overexpressed in a variety
of human cancers, such as lung cancer [4], stomach cancer [5], colon cancer [6], prostate
cancer [7], breast cancer [8], cervical cancer [9], pancreatic cancer [10], melanoma [11],
squamous carcinoma of the head and neck [12], papillary carcinoma of the thyroid [13],
and glioma [14]. Therefore, mPGES-1 has become an important target for the treatment of
acute and chronic inflammatory diseases and cancers as shown in Supplementary Figure
S1 [15].

Inhibition of mPGES-1 for playing an anti-tumor and anti-inflammatory role has
attracted much attention from researchers. Several mPGES-1 inhibitors have been identified
in the past; however, there are currently no mPGES-1 inhibitors on the market. Therefore,
the discovery of novel mPGES-1 inhibitors for the treatment of cancer and inflammation
provokes our thinking and research [16]. In addition, in recent years, the research of
traditional Chinese medicine has been deepening day by day. Traditional Chinese medicine
will greatly support its modernization and guide rational modern drug discovery. It
has been proven that traditional Chinese medicine plays an important role in inhibiting
inflammation and tumors [17,18]. In recent years, with the development and application
of Chinese herbal medicine, various Chinese herbal preparations have continuously been
discovered and applied in clinical practice. We collected the structural information of
small molecules from traditional Chinese medicines that can be found on the internet and
integrated it to carry out virtual drug screening for mPGES-1 targets. In this study, we
hope to screen out mPGES-1 inhibitors from the traditional Chinese medicine database and
provide new choices for the development of anti-inflammatory and anti-tumor drugs.

Computer-aided drug design has been widely used in the discovery of lead com-
pounds [19,20]. This work has greatly accelerated the speed of drug design and has guided
researchers to better develop new drugs on the basis of science [21]. In this study, a ligand-
based and structure-based approach to drug design was used: pharmacophore models,
molecular docking screening, ADMET, and kinetic simulations were used to identify novel
compounds as potential mPGES-1 inhibitors. After study and analysis, we determined a
compound with better scores and stability than the reference ligand. The specific workflow
is shown in Supplementary Figure S2.

2. Results

2.1. Pharmacophore Model Establishment

Pharmacophore comprises the physical and chemical characteristics and spatial ar-
rangement necessary for the molecular recognition of ligands by biomacromolecules. Bioac-
tive compounds with specific targets or similar bioactive compounds can be obtained
via a screening compounds database with a pharmacophore model [22]. Pharmacophore
models can be structure-based or ligand-based. In this study, a series of three-dimensional
pharmacophore models of mPGES-1 were constructed based on the reported inhibitors,
and the common characteristics of biological activity were analyzed by superimposing
these inhibitory compounds. Supplementary Figure S3 shows the collected compounds.
The best pharmacophore model (AAHNR) consists of five features: a hydrogen bond donor,
two hydrogen bond acceptors, an aromatic ring, and a negatively charged ion center, as
shown in Figure 1.
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Figure 1. Pharmacophore model constructed as shown in (A): a hydrogen bond donor, two hydrogen
bond acceptors, an aromatic ring, and a negatively charged ion center; (B) represents receiver
operating characteristic curve (ROC) of pharmacophore model.

2.2. Pharmacophore Model Verification

A pharmacophore model for screening should have the ability to accurately distinguish
between active and inactive compounds [23]. The receiver operating characteristic curve
(ROC), which is characterized by a false positive rate (FPR) as the abscissa and a true
positive rate (TPR) as the ordinate. The closer the X-axis is to zero, the higher the accuracy
is. The larger the Y-axis, the better the accuracy. The whole figure is divided into two parts
according to the position of the curve. The area under the curve is called the AUC (area
under the curve) and is used to indicate the accuracy of the forecast [24]. The higher the
AUC value, the larger the area under the curve, indicating a higher prediction accuracy.
The closer the curve is to the upper left corner (the smaller the X, the larger the Y), the
higher the prediction accuracy [25]. In this study, the AUC (area under ROC curve is 0.77,
as shown in Figure 2) was verified using this model, which has a good ability to distinguish
active compounds from decoy compounds. Figure 3 shows the compounds used to build
the verification set.

Figure 2. The receiver operating characteristic curve (ROC) of the pharmacophore constructed by
this institute validates its results. The full name of ROC is receiver operating characteristic curve, and
the abscissa of this curve is the false positive rate (FPR). The ordinate is the true positive rate (TPR).
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Figure 3. The virtual screening workflow (VSW) used in this study was used to identify targeted
mPGES-1 inhibitors.

2.3. Molecular Docking

Molecular docking is an important part of the drug design process, which is used to
identify the bioactive conformation of small and medium molecules at protein binding
sites and to analyze the interactions between protein ligands [26]. This study evaluated
the binding capacity of compounds important to the mPGES-1 protein. Glide is a virtual
screening process from HTVS to SP to XP that further eliminates false positives with more
extensive sampling and advanced scoring, resulting in higher enrichment. The Glide

125



Molecules 2023, 28, 6059

module processes compounds by searching for the conformation, orientation, and spatial
position of the docking ligand. Firstly, the search space is reduced via rough positioning
and scoring, and then the energy optimization of the candidate posture is carried out using
the OPLS–AA non-bonding potential grid. Finally, the optimal docking posture is selected
and evaluated using the function model combining experience and force field [26]. In
this study, receptor grids with X = 9.62, Y = 20.16, and Z = 12.64 were prepared using the
Glide module based on known binding sites. The Maestro software was used to dock the
compounds with mPGES-1 to analyze and evaluate their binding ability. Table 1 shows
the comparison of 10 compounds with 4U9 with better butt scores and MMGBSA scores
than the reference ligand 4U9. The binding affinities of compound 14294, compound 15643,
and compound 14186 were −5.558 kcal/mol, −4.664 kcal/mol, and −5.202 kcal/mol,
respectively. Their binding affinity is better than that of the inhibitor (−4.605 kcal/mol) in
the protein ligand complex (PDB ID: 4YL3) (https://www.rcsb.org/, accessed on 2 May
2022). The interaction of compound 14294 in the docking complex is shown in Figure 4A,B.
The interaction of compound 15643 is shown in Figure 4C,D. The interaction of compound
14186 is shown in Figure 4E,F. Compound 14294 can be observed to form hydrogen bonds
with GLN134, GLU77, and THR131. The Pi–Pi interaction established with TYR130 also
plays a key role in ligand–receptor binding. Compound 15643 forms hydrogen bonds with
TYR130 and THR131. In addition, compound 14186 forms hydrogen bond interactions with
GLN134, TYR130, and GLU77. Analysis showed that the rich interaction types between
compound 14294 and the mPGES-1 protein resulted in the best docking results. It can be
seen from the interaction analysis that the docking results are reliable, and the selected
compounds can be further analyzed.

Table 1. The ten compounds with the best Glide scores and MMGBSA scores compared.

Ligand
SP Docking Score

(kcal/mol)
XP Docking Score

(kcal/mol)
MMGBSA_dG_Bind

4U9 −3.291 −0.374 −49.058
Compound 13295 −3.355 −5.806 −51.275
Compound 14294 −3.140 −5.558 −57.754
Compound 14186 −3.129 −5.202 −49.202
Compound 9838 −4.184 −6.185 −49.225
Compound 15643 −3.197 −4.664 −55.336
Compound 12340 −3.520 −4.007 −55.425
Compound 13836 −3.404 −4.696 −57.291
Compound 13581 −3.464 −2.227 −54.882
Compound 12553 −3.474 −3.984 −50.575
Compound 13106 −3.782 −4.692 −50.208

2.4. ADMET Analysis

Absorption, distribution, metabolism, elimination, and toxicity (ADMET) character-
istics are important in determining the efficacy and safety of drug candidates [27]. It is
important to predict ADMET in order to avoid drug failure in late clinical trials. After
excluding three false positive structures using “False Positive Remover”, drug absorption,
distribution, metabolism, excretion, and toxicity were tested using “SwissADME”. A total
of 17 related indexes were analyzed, including lipophilicity, hydrogen bond, solubility,
permeability, etc., and they were compared with positive control compounds; finally, three
compounds were obtained that were more similar to drug-like molecules [28]. The results
of ADMET analysis of the compounds are shown in Table 2.
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Figure 4. Interactions between protein–ligand complexes. (A) Three-dimensional binding pattern
of protein and compound 14186; (B) two-dimensional binding pattern of protein and compound
14186; (C) three-dimensional binding pattern of protein and compound 14294; (D) two-dimensional
binding pattern of protein and compound 14294; (E) three-dimensional binding pattern of protein
and compound 15643; and (F) two-dimensional binding pattern of protein and compound 15643.
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Table 2. ADMET analysis of 4U9 and three selected compounds.

4U9 15643 14186 14294

Chemical formula C23H11BrCIF4N3 C21H18O12 C21H20O10 C19H14O12
Molecular weight 520.7 462.36 432.38 434.31
Hydrogen bond acceptors 6 12 10 12
Hydrogen bond donors 1 5 6 5
Water solubility (Log S) −7.82 −2.95 −3.18 −2.25
Lipophilicity (Log P) 8.76 0.46 0.38 −0.04
Gastrointestinal absorption Low Low Low Low
Skin permeation (Log Kp (cm/s)) −4.5 −9.03 −8.33 −9.1
BBB permeation NO NO NO NO
P-glycoprotein substrate YES NO NO NO
Abbott bioavailability score 0.17 0.55 0.55 0.55
Toxicity of hepatotoxicity Active Inactive Inactive Inactive
Carcinogenicity Inactive Inactive Inactive Active
Immunotoxicity Active Active Inactive Active
Mutagenicity Inactive Active Inactive Active
Cytotoxicity Inactive Inactive Inactive Inactive
Predicted LD50 (mg/kg) 2000 5000 2500 1100
Predicted toxicity class 4 5 5 4

The logS value reflects the solubility of the drug. The smaller the value, the less
soluble the compound is in water. When LogS < −6.0, the compound is almost insoluble in
water. As shown in Table 2, the reference compound 4U9LogS < −6 is difficult to dissolve
in water, while the selected compounds have better water solubility, which is related to
their higher number of hydrogen bond receptors and hydrogen bond donors. The more
hydrogen bond interactions, the better the hydrophilicity of the compound; the more polar
interactions formed by Pi, the better the lipophilicity. The LogP value is the logarithmic
value of the ratio of the partition coefficient of the compound in n-octanol and water,
indicating the oil–water partition coefficient of the substance. The reference ligand 4U9 has
a higher lipophilicity, while the screened compound has a lower lipophilicity. In addition,
compound 4U9 and the three candidate compounds all had low gastrointestinal absorption
and high skin penetration. BBB permeation is used to assess the ability of chemicals to
cross the blood–brain barrier, which is a must for central drugs. The mPGES-1 inhibitors
developed in this study belong to the non-central class of inhibitors, and none of the four
compounds cross the blood–brain barrier. P-glycoprotein is related to the availability of
compounds in the body. Compound 4U9 is P-glycoprotein substrate, so it is more likely to
be pumped out of cells by P-glycoprotein in an ATP-dependent transport mode. The three
candidate compounds are non-P-glycoprotein substrates and have better bioavailability.
Using comprehensive analysis, compound 15643, compound 14186, and compound 14294
had higher bioavailability scores than compound 4U9.

In terms of toxicity prediction, six important toxicity assessments of Hepatotoxicity,
Carcinogenicity, Immunotoxicity, Mutagenicity, Cytotoxicity, and LD50 were carried out
in this study. The predicted toxicity class of compound 15643 and compound 14186 is 5,
which is higher than compound 4U9.

2.5. MD Simulation

MD simulations are used to study the binding stability of small molecules and target
proteins. RMSD and RMSF analysis, hydrogen bond analysis, and MM-PBSA analysis were
performed on the selected small molecules. The analysis results are presented below.

2.5.1. RMSD and RMSF Analysis

The RMSD value reflects the degree to which the atoms deviate from the average
position, that is, the size of the motion of each atom. The molecular RMSD is shown in
Figure 5A,B. Compound 15643 showed no significant difference in RMSD values at the
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beginning and end of MD, but significant fluctuations were observed over a period of
7–49 ns before stabilizing. Compound 14186 showed several distinct spikes in 100 ns MD
but eventually stabilized. Compound 14294 fluctuated in 100 ns MD and was ultimately
not completely stable. Although the stability of RMSD is different, all three molecules
have low average RMSD. The average RMSDs of 15643, 14186 and 14294 were 0.1306 nm,
0.0925 nm and 0.1476 nm, respectively.

Figure 5. Compound 4U9 and three candidate compounds are plotted as root mean square deviation
(RMSD) after fitting to the protein, respectively. (A) shows RMSDs of 4U9 and compound 15643 for
100 ns after fitting to mPGES-1, respectively. (B) shows RMSDs of compound 14186 and 14294 after
fitting with mPGES-1 for 100 ns, respectively.

The RMSF of a protein residue represents the root mean square shift of the residue in
the protein conformation, which reflects the degree of freedom of the atom. As shown in
Figure 6, RMSFs of the three compounds ranged from 0.0731 nm to 0.8764 nm. In general,
the overall motion trend of the three compounds was consistent. The RMSF of 14186
fluctuated at residues 118–125 but then stabilized. RMSFs of 4U9 and 15643 appeared to
peak at the end of the simulation, suggesting that they may have similar binding patterns.
RMSD and RMSF analysis showed that 15643 had good binding stability with proteins,
while 14294 and 14186 had ordinary binding stability with proteins. Therefore, compound
15643 is considered to have better binding stability.

Figure 6. Root mean square fluctuation (RMSF) diagram for protein with positive compound 4U9
and three candidate compounds complexes.
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2.5.2. Hydrogen Bond Analysis

The hydrogen bond between the protein and the ligand is an important factor in
keeping the molecule within the active site cavity. As shown in Figure 7, compounds 14186
and mPGES-1 proprotein ligand complexes exhibited too few hydrogen bonds throughout
the simulation. Compound 15643 also had fewer hydrogen bonds in the first 50 ns, while
it formed more hydrogen bonds in the last 50 ns. Compound 14294 had fewer hydrogen
bonds at 30 to 70 ns and more hydrogen bonds at 70 to 95 ns. As can be seen from these
figures, compounds 15643 and 14294 formed more hydrogen bonds with mPGES1 during
the simulation. It proves that compound 15643 has better interactions with proteins.

Figure 7. Hydrogen bond analysis of 4U9 and three compounds in the protein fitting process.
(A) Positive compound 4U9 with protein. (B) Compound 15643 with protein. (C) Compound 14294
with protein. (D) Compound 14186 with protein.

2.5.3. MM-PBSA Analysis

Poisson–Boltzmann surface area (MM-PBSA) is an effective and reliable method
in molecular mechanics research, and MM-PBSA is used to calculate the free energy of
compounds bound to their protein targets. The lower the free energy produced by the
binding of proteins and compounds, the better the ligand binds to proteins. As shown in
Figure 8, the free energies of compound 15643 and the original ligand are −68.837 kJ/mol
and −67.404 kJ/mol, respectively, which are also mainly contributed by van der Waals
forces. Obviously, 15643 and 14294 have binding free energies similar to or lower than 4U9.
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Figure 8. Binding energy analysis of 4U9 combined with protein and compound 15643. (A) Positive
compound 4U9 with protein. (B) Compound 15643 with protein.

The MM/GBSA for the complex system was modeled from the corresponding 100 ns
(Table 3). The analysis of the contribution of each energy component showed that the
screened compound 15643 could maintain a longer interaction with the protein than the
original ligand.

Table 3. Binding energy analysis of compound 4U9 and compound 15643 combined with proteins.

Criteria Title 2 Title 3

Van der Waal energy (kJ/mol) −95.966 −111.088
Electrostatic energy (kJ/mol) −1.533 −46.172
Polar solvation energy (kJ/mol) 40.820 101.594
SASA energy (kJ/mol) −10.706 −13.171
Binding energy (kJ/mol) −67.404 −68.837

3. Discussion

Makoto Murakami first proposed prostaglandin E synthase as a novel drug target for
inflammation and cancer. In particular, gene targeting studies of mPGES-1 indicate that
this enzyme represents a new target for anti-inflammatory and anti-cancer drugs [29]. In
the following year, AbdulHameed MD, Hamza A et al. published a study on the bind-
ing of human microsomal prostaglandin E synthase-1 (mPGES-1) to inhibitors and its
quantitative structure–activity correlation [30]. Subsequently, researchers continued to
explore the development of mPGES-1 inhibitors, and several mPGES-1 inhibitors were
reported between 2008 and 2023. Currently, Zaloglanstat (ISC-27864), an mPGES-1 in-
hibitor developed by Di Micco, S et al., which can be used to study asthma, osteoarthritis,
rheumatoid arthritis, acute or chronic pain, and neurodegenerative diseases, has completed
a Phase II clinical trial [31]. To date, researchers have discovered a range of mPGES-1
inhibitors with different chemical structures, such as MF63 antipyretic and analgesic effects
of [2-(6-chloro-1H-phenanthro-[9,10-d]imidazol-2-yl)isophthalonitrile] in an inflammatory
animal model [32]; the effective and selective dioxane-fused mPGES-1 inhibitor tricyclic
benz [d] imidazole derivatives [33], oxadiazole thione-benzimidazole derivatives [34], and
PF-4693627, mPGES-1 inhibitors that can be used in studies of osteoarthritis and rheuma-
toid arthritis [35]; etc. The discovery of these inhibitors has enriched the selection and
research of mPGES-1 inhibitors. However, despite a long history of research on mPGES-1
inhibitors, there are currently no commercially available inhibitors of mPGES-1. With the
deepening of Chinese medicine research, the use of Chinese medicine is more and more
closely related to the field of drug discovery and molecular biology. Considering that small
molecules of traditional Chinese medicine have become one of the important sources of
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rich therapeutic drugs, the purpose of our study was to screen mPGES-1 inhibitors from
medicines collected and integrated from the Chinese medicine database.

The rapid development of computer technology has accelerated the development of
drugs, and computer-aided design (CADD) has been widely used to rapidly screen out
molecules with excellent targeted binding potential from large compound databases. In
this study, the structure of the molecule was based on its virtual screening. We collected
a batch of compounds containing IC50 values and certain inhibitory effects on mPGES-1
by reviewing the literature as a data set. Maestro was used to construct pharmacophore
models based on the common pharmacophore characteristics of multiple ligands, and the
constructed pharmacophore models were verified. The validated pharmacophore model
was used in the first step of virtual screening, and only compounds meeting four of the five
pharmacophore characteristics were retained.

As one of the computational tools for drug design and development, the docking
method can predict the affinity of direct binding modes of compounds bound within
protein binding sites and generate an energy score function for evaluating ligand posture
by using corresponding algorithms to guide the selection of the screening results [36]. In
this study, compounds screened using pharmacophores were butt screened successively
for HTVS, SP, and XP, respectively, in order to improve the accuracy of butt screening.
After analyzing the docking results, compounds in the top 20% of the docking scores were
selected for the preliminary binding energy calculation of MMGBSA, which avoided the
inaccuracy caused by relying solely on the docking scores. Finally, 10 compounds with
better butt scores and MMGBSA binding free energy scores than the reference ligand 4U9
were selected for ADMET analysis. Only three of the ten compounds, compound 14294,
compound 15643, and compound 14186, were in line with Lipinski’s five rules and had the
lowest toxicity levels. The ADMET results of these four compounds were superior to those
of the reference ligand 4U9, so they were reserved for kinetic studies.

Molecular dynamics studies are used to reflect the stability of compounds binding to
proteins [37]. In this study, the crystal structure of mPGES-1 was respectively compared
with three compounds of research value and the reference ligand 4U9 for 100 ns simulation
locus, and RMSD, RMSF, and hydrogen bond analysis were performed. Compared with
4U9, compound 15643 had the property of more stable interaction with protein, so the other
two compounds were removed. The binding energies between the protein and compounds
15643 and 4U9 were calculated and compared. The results showed that compound 15643
had better binding effect than 4U9.

Although the results of our study are scientific, there are still some shortcomings. The
number of compounds in the Chinese medicine database selected for this study is 20,011,
which is not enough, and the opportunity to screen better Chinese medicine compound
inhibitors targeting mPGES-1 may be missed. In addition, we have not purchased the
screened compounds for experimental verification, which does not make the accuracy of
our research results 100% sure. At the same time, we also encountered challenges in the
research process. In the screening process of the TCM database, the pharmacophore model
construction had certain requirements regarding the number of compounds in the training
set and the validation set, and more molecules with certain activities should be sought, to
the degree possible, for the model construction and verification.

In conclusion, we identified an mPGES-1 inhibitor, compound 15643, from the tradi-
tional Chinese medicine database through multi-step virtual screening. This result provides
a new reference for the development of mPGES-1 inhibitors.

4. Materials and Methods

4.1. Protein Structure

Suitable protein structures were selected from the protein database (https://www.
rcsb.org/, accessed on 2 May 2022) for structure-based calculation to identify mPGES-1
inhibitors. The PDB ID of the selected protein was 4YL3. It is derived from the human
protein structure with A conformational resolution of 1.41 A and complete protein con-
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formational sequence, and the protein structure is complex with ligand (4U9), so it was
selected as the object of study [38]. The complex structures of 4U9 and mPGES-1 were
adjusted and optimized using the Protein Preparation module with the help of the Maestro
visualization window of Schrodinger’s drug screening design and molecular simulation
software. The 4U9 ligand binding site within the 3D receptor structure was designated as
the binding region of the screening ligand, and a grid was created to surround the region.

4.2. Data Set

In this study, a database of traditional Chinese medicine compounds was selected
as the screening object, and there were 20,011 compounds in the database. In order to
ensure that the selected compounds have better drug utilization properties, the Maestro
Ligprep module was used to optimize the conformation and energy settings of traditional
Chinese medicine compounds. The LigPrep panel is used to set up and start configuration
preparation calculations [39]. Our goal with LigPrep was to take the 2D structure and
produce the corresponding low-energy 3D structure that Glide and programs can use.
We used Epic to generate possible ionized states at pH 7.0 ± 2.0, resulting in tautomers,
forming up to 32 stereoisomers per ligand, determining chirality from 3D coordinates,
and producing low energy rings. Then, the OPLS3e force field was used to minimize
conformation and energy [40]. Finally, more than 400,000 databases of TCM compounds in
different conformations were generated for screening studies.

4.3. Pharmacophore Analysis

Pharmacophore modeling is a widely used method for calculating the chemical char-
acteristics of the geometry of active sites and the spatial arrangement of ligand substituents
in 3D space [41]. A number of known active mPGES-1 inhibitors were collected as data
sets by reviewing extensive literature [38,42–47]. These were used to construct and validate
the pharmacophore model. The Maestro program was used to carry out pharmacophore
models based on ligand structure. After research and analysis, the model with the highest
score and five pharmacophore characteristics (AAHNR) was selected. In addition, a total of
61 compounds containing IC50 values and that were active against mPGES-1 were collected
from the literature search and compound library as the training set and verification set.
Eighteen of them were training sets, and the rest were verification sets. The reliability of
the model was evaluated from the AUC value of the ROC, which was between 0.5 and 1.
The larger the value of AUC, the more likely the current classification algorithm will rank
the positive samples before the negative samples; that is, the better the classification can
potentially be [48]. The AUC value can be used to determine whether the model can be
used for a pharmacophore based virtual screening.

After determining the selected pharmacophore model (AAHNR), the Maestro program
was used to conduct the first virtual screening of compounds in the Chinese drug bank,
namely the virtual screening based on the pharmacophore model [49]. The screening
conditions were set as satisfying at least four of the five pharmacophore characteristics,
and finally 270,000 compounds meeting the conditions were screened out from the Chinese
drug bank.

4.4. Molecular Docking

After pharmacophore-based screening, compounds with high pharmacophore evalua-
tion scores (truncation value set as 1) were selected for docking analysis. The Maestro tool
was used to interconnect them with mPGES-1 for HTVS, SP, and XP in turn [50], aiming to
gradually improve the accuracy of the interconnecting process. The compounds in the top
20% of the XP interconnecting score were selected for preliminary calculation of MMGBSA
binding energy [51] and compared with 4U9. We selected 10 compounds with higher Glide
scores and MMGBSA scores than 4U9 for further research.
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4.5. ADMET

ADMET is a subject that quantitatively studies the process (absorption, distribution,
metabolism, and excretion) of drugs in the biological body and describes the dynamic law
of drugs in the body. It has become an important part of drug preclinical research and
clinical research [27]. The SwissADME server (http://www.swissadme.ch/, accessed on 23
September 2022) was used to evaluate elected compounds after molecular docking ligands.
The SMILES format was imported into the server, and the relevant parameters such as
pharmacokinetic characteristics and drug solubility were combined to further select the
compounds for the next operation.

4.6. Dynamic Simulation

Molecular dynamics simulations (MDs) were performed to evaluate the binding
stability to proteins of the three candidate molecules. Before MDs were run, the simula-
tion system was built using the GROMACS 2019.1 software package (sourced by Mark
Abraham et al., Uppsala University, Stockholm University, and KTH Royal Institute of Tech-
nology, Stockholm, Sweden) [37]. The topological system of proteins was constructed by
AMBER99SB-ILDN force field [52]. The Bio2byte web server (https://www.bio2byte.be/,
accessed on 11 February 2023) and the GAFF force field were used to generate the molecu-
lar topology file [37,53]. In the simulation system, the cube box and TIP3P water model
with radius of 1.2 nm were selected to define periodic boundary conditions (PBC) [54].
In addition, 8 chloride ions were added to each system to ensure the electrical neutrality
of the simulated system; this step was calculated and completed using GROMACS. At
the simulated temperature of 300 K, the system energy was minimized in 50,000 steps. In
order to maintain the pressure and temperature of the system, the two simulation systems
were balanced using position-constrained MD simulation at 300 K, lasting 100 ps. Finally,
we ran a MD simulation with a duration of 100 ns. Through MD simulation, the root
mean square deviations (RMSDs) and root mean square fluctuations (RMSFs) of atomic
position were analyzed by extracting trajectory coordinates. In addition, the intermolecular
H bond interaction between mPGES-1 and the ligand was extracted using the gmx-H bond
analysis tool.

In order to calculate the free energy of receptor–ligand binding, this study adopted
the molecular mechanics-Poisson–Boltzmann surface area (MM-PBSA) method, which was
implemented using the GROMACS built-in tool g_mmpbsa [55]. The basic principle is
to calculate the difference between the bound and unbound free energies of two solvated
molecules or to compare the free energies of different solvated conformations of the same
molecule. The combined free energy of recombination is calculated according to the
following formula. Gcomplex Gcomplex represents the free energy of the protein–ligand
complex, Gprotein represents the free energy of the protein in the solvent, and Gligand
represents the free energy of the ligand in the solvent.

Gbinding = Gcomplex −
(

Gprotein + Gligand

)

The free energy of the protein–ligand complex is represented by the Gcomplex, where
the Gprotein represents the free energy of the protein in the solvent, and Gligand represents
the free energy of the ligand in the solvent.

5. Conclusions

mPGES-1 plays an important role in inflammatory response and anti-tumor drug de-
velopment. In this study, pharmacophore models were established based on the common
pharmacodynamic characteristics of multiple ligands, and virtual screening was conducted
based on the crystal structure of mPGES-1 and combined small-molecule inhibitor 4U9. A
novel mPGES-1 inhibitor compound 15643 was identified by ADMET, dynamic simulation,
and multi-step virtual screening. Compared with compound 4U9, compound 15643, which
was finally screened in this study, had similar binding ability to the protein mPGES-1,
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and ADMET analysis showed that it had better pharmaceutical potential. In addition,
compound 15643 has a more stable binding energy. Therefore, we can assume that com-
pound 15643 has the potential to be an inhibitor of mPGES-1 in this study. This potential
small-molecule inhibitor provides a new direction for the development of anti-cancer
and anti-inflammatory drugs. The small molecule can be further evaluated via different
laboratory-based experimental techniques to help determine the activity of the compound
and provide reference values for the study of novel mPGES-1 inhibitors.
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Abstract: This study focuses on determining the partition coefficients (logP) of a diverse set of
63 molecules in three distinct micellar systems: hexadecyltrimethylammonium bromide (HTAB),
sodium cholate (SC), and lithium perfluorooctanesulfonate (LPFOS). The experimental log p values
were obtained through micellar electrokinetic chromatography (MEKC) experiments, conducted
under controlled pH conditions. Then, Quantum Mechanics (QM) and machine learning approaches
are proposed for the prediction of the partition coefficients in these three micellar systems. In the
applied QM approach, the experimentally obtained partition coefficients were correlated with the cal-
culated values for the case of the 15 solvent mixtures. Using Density Function Theory (DFT) with the
B3LYP functional, we calculated the solvation free energies of 63 molecules in these 16 solvents. The
combined data from the experimental partition coefficients in the three micellar formulations showed
that the 1-propanol/water combination demonstrated the best agreement with the experimental
partition coefficients for the SC and HTAB micelles. Moreover, we employed the SVM approach and
k-means clustering based on the generation of the chemical descriptor space. The analysis revealed
distinct partitioning patterns associated with specific characteristic features within each identified
class. These results indicate the utility of the combined techniques when we want an efficient and
quicker model for predicting partition coefficients in diverse micelles.

Keywords: partition coefficient; micelle; hexadecyltrimethylammonium bromide (HTAB); sodium
cholate (SC); lithium perfluorooctanesulfonate (LPFOS); SVM; DFT; k-means clustering

1. Introduction

The partition coefficient (logP) is a significant physicochemical parameter used in
various fields such as drug and pharmaceutical product design, substance toxicology, and
environmental fate modeling of organic compounds [1]. It measures the solute’s solubility
in two immiscible solvents, providing valuable insights into solute distribution. In drug
delivery systems, the partition coefficient is crucial in determining the system’s ability to
distribute molecules between the aqueous phase and micelles [2]. Regular micelles consist
of a polar head and a nonpolar tail, enabling the dissolution of both polar and nonpolar
molecules. Hydrophilic solutes preferentially interact with the polar, hydrophilic surface of
the micelle, while hydrophobic solutes tend to accumulate in the nonpolar, hydrophobic
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core of the micelle [3,4]. Understanding the partitioning behavior within micelles can
contribute to enhancing the efficacy and safety of drug delivery systems. Moreover, this
knowledge can be leveraged to optimize the design and performance of such systems,
leading to improved therapeutic outcomes [5,6]. When hydrophobic compounds are
introduced into micellar solutions, they have a higher tendency to associate with the
micelles because the hydrophobic regions of the micelles (the inner hydrophobic tails) can
provide a more favorable environment for the hydrophobic molecules. As a result, more
hydrophobic molecules have higher values of partition coefficients in micellar systems.
In this context, the use of pluronic micelles for delivering hydrophobic drugs presents an
interesting and alternative approach [7,8].

Various experimental methods can be used to estimate the micelle–water partition
coefficient, such as solubility analysis, micellar-enhanced ultrafiltration, micellar liquid
chromatography [9,10], and cloud-point extraction [11]. In this study, the micelle–water
partition coefficients were estimated from the retention times of micellar electrokinetic
chromatography (MEKC) experiments [12,13].

The MEKC technique is widely employed for the separation and identification of
components within a mixture. This technique utilizes as a pseudo-stationary phase a
surfactant above its critical micellar concentration (CMC) to facilitate the formation of
micelles in an aqueous solution. By applying an electric field, the components within the
mixture are partitioned between the aqueous and the micellar phases, leading to their
separation. MEKC separations present high resolution and efficiency in the analysis of
both neutral and charged compounds. Moreover, the separations can be easily optimized
just by changing the nature of the surfactant [14,15]. This technique has been used for the
determination of partition coefficients in micelles in many different fields [16–20].

From a computational point of view, molecular dynamics (MD) simulations could
provide valuable insights into the transfer of solutes between different phases, such as from
the aqueous phase to the micellar phase [4]. These simulations allow free energy profiles to
be obtained, which quantitatively describe the energetic changes associated with solute
transfer. In the context of drug delivery systems, these profiles help in understanding the
distribution of drugs within micelles and optimize their design. However, it is important
to note that molecular dynamics simulations can be computationally costly because of the
need for long converged trajectories.

MD simulations combined with the COSMOmic method have been shown to be
a promising alternative [5,21,22] to experimental methods for predicting the partition
coefficient in micellar systems. Previous studies have demonstrated good correlation be-
tween predicted and experimental data for a variety of micelles [23], including sodium
dodecyl sulfate (SDS), hexadecyltrimethylammonium bromide (HTAB, also known as
Cetyltrimethylammonium Bromide, CTAB), sodium cholate (SC), lithium perfluorooctane-
sulfonate (LPFOS), C12E10, Brij35, Triton X-114, and Triton X-100.

Recently, a study on mixed micelles formed by sodium laureth sulfate (SLES) and
fatty acids, using molecular dynamics simulations, shows that the micelle–water partition
coefficients of neutral and charged fatty acids could be calculated using the COSMOmic and
the MD approach [24]. Based on the potential of mean force (PMF) calculations performed
using umbrella sampling (US), the study shows that the partition coefficients for neutral
solutes can be accurately calculated using both the COSMOmic and additive CGenFF
US/PMF approaches, while the Drude polarizable force field is needed to accurately
calculate the experimental partition coefficient of the charged solute. There are other
examples of MD simulations with US and COSMOmic [25], demonstrating the utility of
these methods for predicting partition equilibria in micellar systems.

Moreover, the fragmental constant method (FCA) has also been applied to determine
partition coefficients. The FCA model defines a micelle–water partition coefficient as
the sum of the partition coefficients of the component’s atomic/molecular fragments,
determined by fragmental constant values [26]. Fragmental techniques are ineffective at
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estimating the parameters of other solvents and are only appropriate for a narrow range of
solvents (typically octanol/water).

Alternatively, other ways of categorizing logP predictors use parametric models,
which employ methods such as least squares estimation or multiple linear regression to fit
the parameters governing the relative contributions of different input features. Machine-
learning-based methods, including Support Vector Machines (SVM) [27,28], Neural Net-
works (NNs) [29], and Graph Convolutional Networks (GCN) [30], have also been utilized
for logP prediction. In a recent study by Dickson et al. [31], various methods for predicting
logP values in a dataset of small molecules were examined. The study focused on transform-
ing atomic properties, such as radius and partial charge, which are commonly employed as
force field parameters in classical molecular dynamics simulations. These attributes were
converted into index-invariant molecular features using a recently developed technique
known as geometric scattering for graphs (GSG) [31]. The results obtained from this in-
vestigation demonstrate that the most accurate predictions were achieved using atomic
attributes generated with the CHARMM generalized force field and 2D molecular struc-
tures. This highlights the significance of employing appropriate molecular representations
and force field parameters for accurate logP prediction.

Here, the focus is on the use of density functional theory (DFT) calculations and SVM
calculations for predicting the partition coefficients of compounds in micellar systems.
DFT calculations are a Quantum Mechanics (QM) computational method that can be used
to predict the partition coefficients of compounds in micellar systems. They are faster
and less computationally demanding than molecular dynamics simulations, making them
an attractive alternative for predicting the properties of drugs in micellar systems. By
calculating the energy changes associated with transferring a compound from the aqueous
phase to a solvent phase that resembles the behavior of the micellar phase, DFT calculations
can provide an estimate of the compound’s partition coefficient in a micellar system. This
makes DFT calculations a valuable tool for drug delivery design and optimization. The
first step is to use DFT calculations to identify the combination of solvents that can best
predict the experimental partition coefficients of compounds in a specific micellar system.
This study aims to apply the DFT calculation approach to predict the partition coefficients
of 63 compounds in HTAB, SC, and LPFOS micellar solutions (Table 1). The study will
compare the predicted partition coefficients with experimental data to assess the accuracy of
the DFT approach. The prediction of 15 solvent–water partition coefficients is achieved by
applying DFT with the B3LYP method [32] with a 6-31++G** basis set. The solvation model
based on the density (SMD) is applied to evaluate the free energy of solvation [33,34]. This
model divides the solvation free energy into two main contributions—the bulk electrostatic
contribution and the cavity dispersion contribution—and it can be applied to any charged
or uncharged solute in any type of solvent as a universal solvation model. Using this
approach, correlations with micellar partition coefficients in SC, HTAB, and LPFOS micellar
systems are performed.

Finally, SVM calculations are performed using the experimental values obtained from
the three micellar systems. SVM calculations involve the application of a supervised
machine learning algorithm widely utilized in pattern recognition and regression tasks.
SVM-based models can capture complex relationships between molecular descriptors and
partition coefficients, thereby enabling the prediction of partition coefficients for a diverse
range of compounds. The utilization of SVM calculations in partition coefficient predic-
tion offers several advantages. Firstly, it enables the rapid and cost-effective screening of
large compound libraries, facilitating the identification of promising candidates for drug
development or the assessment of environmental impact. Additionally, SVM models can
accommodate a wide range of chemical structures and properties, making them applicable
to various classes of compounds. Moreover, SVM-based models can incorporate both
structural and physicochemical descriptors, providing a comprehensive representation of
the molecular characteristics that influence partitioning behavior. This facilitates the explo-
ration of structure–activity relationships and the identification of key features contributing
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to partition coefficients, thereby assisting in the design and optimization of compounds
with desired properties. Furthermore, the predictive accuracy of SVM models can be
continuously improved by incorporating more diverse and high-quality data, as well as
by optimizing the selection and combination of molecular descriptors. As a result of this
iterative process, the models are refined and their reliability and robustness are enhanced.

Table 1. Chemical structure of the molecules that form the micelles of this study.

Micelle Name Symbol Structure
Schematic Representation

of Formed Micelles

Hexadecyltrimethyl-
ammonium bromide HTAB

Lithium perfluorooc-
tanesulfonate LPFOS

Sodium cholate SC

 

2. Results and Discussion

The experimental values of logP obtained from the SC, LPFOS, and HTAB micelles
were analyzed and used to parametrize the computational methodology applied for each
type of micelle. Initially, the logP values were estimated based on simple DFT calculations
of the molecules in different solvents. Subsequently, SVM predictions were made after
conducting a study on the most relevant descriptors using k-means clustering and PCA.

2.1. Experimental logP Values of SC, HTAB, and LPFOS Micelles

The experimental partition coefficients (logP values) in three different types of micelles,
namely SC, LPFOS, and HTAB, are presented in Table 2. These logP values were determined
by measuring the retention factors of the compounds in 80 mM SC micelles in 20 mM phos-
phate buffer, 40 mM LPFOS micelles in 20 mM phosphate buffer, and 20 mM HTAB micelles
in 20 mM phosphate buffer at pH 7 and 25 ◦C. The logP values of 63 compounds, repre-
senting a diverse set of compounds including benzene derivatives, nitrogen-containing
heterocycles, pesticides, hormones, and pharmaceutical compounds, are displayed in
Table 2. The selection of compounds was performed according to a previous study [13].
Basically, to obtain a representative set of compounds that cover a wide chemical space, the
Abraham descriptor values (excess molar refraction, dipolarity/polarizability, hydrogen
bond acidity and basicity, and McGowan volume) of the compounds were considered [35].
To this end, a total of 2975 compounds of different natures were analyzed according to their
descriptor values through a principal component analysis. Then, the 2975 compounds were
plotted according to the two main principal component values (which represent the highest
variance in the system). This plot provided a map of compounds distributed according
to their physicochemical properties. The final selection of 63 compounds was performed,
trying to cover all the regions of the plot. Additional requirements were that the selected
compounds must have a chromophore group to be compatible with the detection system,
and must be neutral at the pH of the determination.
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Table 2. List of experimental partition coefficients of compounds in SC, LPFOS, and HTAB micelles
(LogPSC, LogPLPFOS, LogPHTAB) determined from retention factors obtained from MECK experiments
with 80 mM of SC, 40 mM of LPFOS, and 20 mM of HTAB, all in 20 mM phosphate buffer at pH 7 at
25 ◦C.

Compound logPSC logPHTAB logPLPFOS

Ethylbenzene 2.50 3.00 2.06

Propylbenzene 2.94 3.42 2.39

Butylbenzene 3.26 3.71 2.71

1-Phenylethanone 1.33 2.03 2.19

1-Phenylpropan-1-one 1.65 2.42 2.44

1-Phenylbutan-1-one 2.01 2.80 2.72

1-Phenylpentan-1-one 2.41 3.24 3.01

1-Phenylheptan-1-one 3.15 - 3.68

Furan 0.77 1.48 1.19

2-Nitroaniline 1.59 2.67 1.80

2,3-Benzofuran 2.12 2.82 1.82

Diphenylmethanone 2.48 3.28 3.01

Benzamide 1.06 1.72 1.50

4-Chloroaniline 1.69 2.69 1.44

2,3-Dimethylphenol 1.90 3.15 1.66

Naphtalen-2-ol 2.31 - 1.73

4-Aminobenzamide 0.98 1.11 1.76

3-Methylphenol 1.53 2.78 1.43

2,4-Dimethylphenol 1.93 3.17 1.02

Naphthalene 2.67 3.47 2.09

Pyrimidine 0.56 - 1.27

Benzaldehyde 1.20 1.91 1.91

3-Chloroaniline 1.63 2.72 1.41

Pyrrole 0.68 1.65 0.72

3-Nitroaniline 1.38 2.42 1.53

4-Chlorophenol 2.00 3.24 1.30

Phenol 1.21 2.35 1.08

Methylbenzoate 1.71 2.39 2.36

Bromobenzene 2.37 2.95 1.80

1,4-Xylene 2.51 3.04 2.10

Benzene-1,3-diol 1.21 2.48 0.75

2-Methylaniline 1.17 2.15 1.59

Aniline 0.92 1.83 1.34

Nitrobenzene 1.47 2.21 1.94

Chlorobenzene 2.21 2.77 1.77

N-4-chlorophenylacetamide 2.03 2.80 1.84

N-Phenylacetamide 1.25 1.98 1.58

4-Nitroaniline 1.52 2.50 1.45

Anisole 1.66 2.31 1.83
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Table 2. Cont.

Compound logPSC logPHTAB logPLPFOS

Benzonitrile 1.21 1.96 1.95

1-Ethyl-4-nitrobenzene 2.19 3.02 2.68

Benzyl benzoate 2.99 - 3.18

Caffeine 1.11 1.32 1.85

Corticosterone 1.94 3.69 3.64

Cortisone 1.72 3.16 3.37

β-Estradiol 2.77 - 2.84

Estriol 2.32 3.52 2.01

Cortisol 1.83 3.39 2.89

Hydroquinone 1.09 1.94 0.19

Quinoline 1.65 2.36 2.68

Atrazine 1.86 1.90 2.71

Diuron 2.46 2.19 2.34

Isoproturon 2.19 1.95 2.61

Linuron 2.59 2.24 2.50

Metobromuron 2.16 2.03 2.22

Monuron 1.81 1.73 2.03

Metoxuron 1.69 1.46 2.34

Phenylurea 1.20 1.20 1.38

Propazine 2.02 2.08 3.03

Fluometuron 2.01 1.92 2.57

N,N-Diethyl-4-nitroaniline 2.44 3.56 3.36

1-Methoxy-4-nitrobenzene 1.69 2.58 2.20

1-Methoxy-2-nitrobenzene 1.55 2.37 2.26

The substances displaying the highest logP values in this table are butylbenzene for
both logPSC and logPHTAB, and 1-phenylheptan-1-one for logPLPFOS. On the other hand,
pyrimidine shows the lowest logP value for logPSC, 4-aminobenzamide for logPHTAB,
and hydroquinone for logPLPFOS. The logPSC and logPLPFOS exhibit more similar values
compared to logPHTAB, indicating a possible correlation between logPSC and logPLPFOS.
Furthermore, a general trend is noticed: compounds with higher hydrophobicity tend to
have higher logP values, while those with lower values are more hydrophilic. Therefore,
the logP values for the three types of micelles serve as measures of the lipophilicity or
hydrophobicity of the respective compounds.

2.2. Correlation of logP Values in Micelles Using DFT Calculations

Figure 1 shows the correlation coefficient values among the experimental and calcu-
lated logP in 15 different solvent–water combinations, where a darker color represents a
higher correlation coefficient. Molecular representation of all solvents used in DFT calcula-
tions are shown in Table S1. It can be seen in Figure 1a that the experimental logPs in SC
and HTAB show high correlation between them and with some calculated logPsolv/water
values. However, the logP in HTAB is not correlated with any combination of computed
logP values. With respect to the experimental logPs in SC and LPFOS, the highest corre-
lation of computed logP is obtained with propan-1-ol or propan-2-ol solvents. It seems
that a curious pattern can be observed for the calculated logPoctanol/water. While it is highly
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correlated with the experimental logPSC values, it also exhibits a high correlation with all
other calculated logP values for different solvent combinations.

  
(a) (b) 

Figure 1. Heatmap of pairwise correlation of logP values for experimental and B3LYP calculated
predictions. Three first logP values are the experimental values in SC, LPFOS and HTAB micelles,
respectively. The heat map is colored by the significance of Pearson coefficient, where a darker red
indicates a higher degree of correlation. In (a) all compounds are used, in (b) molecules with Nitrogen
in an aromatic ring or with the urea (carbamide) group are excluded.

In Figure 1b, a new heatmap is presented that shows the pairwise correlation between
experimental and calculated logP values, but with the exclusion of compounds containing
nitrogen in an aromatic ring or the urea group. It is observed that all experimental logP
values, including logPHTAB, show a high correlation with propan-2-ol and propan-1-ol.
Additionally, for logPSC and logPHTAB, a high correlation with methanol is also observed.
This suggests that the excluded compounds may have a different mechanism for describing
the partition coefficient of the HTAB micelle.

An analysis is performed comparing calculated and experimental partition coefficients
for the HTAB, SC, and LPFOS micelles. The results of the linear regression analysis for
the partition coefficients of propan-1-ol/water, propan-2-ol/water, and methanol/water
are presented in Table 3. The best correlation is observed for SC micelles. The partition
coefficient calculated for propan-1-ol compared to the experimental partition coefficient of
SC micelles provided the best correlation (R2 of 0.67). It can be seen that the SC and LP-
FOS micelles behave similarly to aqueous mixtures with alcoholic solvents with dielectric
constants ranging from 20 to 33. It needs to be mentioned that because these solvents are
miscible with water, the partition coefficient of these solvents cannot be evaluated using
the traditional shake flask technique. Alternatively, these coefficients can be determined
through the application of appropriate thermodynamic cycles and using immiscible sol-
vents. With respect to HTAB micelles, the prediction is improved for compounds that do
not contain nitrogen in an aromatic ring or the urea group.

Table 3 presents a predictive tool that facilitates the identification of the most suitable
micellar system for carrying a specific drug. By employing the equations provided in this
table, it becomes possible to make a comparison of the LogP values among the three types
of micelles (HTAB, SC, and LPFOS). This comparison enables the determination of which
micellar system would yield a higher LogP value for the particular drug being considered.
Finally, this predictive approach helps in selecting the most appropriate micelle for drug
delivery and optimizing drug formulation and efficacy.
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Table 3. Best linear regressions obtained to predict the logP in SC, LPFOS, and HTAB micelles
using DFT calculations. Results from B3LYP functional with 6-31++G** basis set using SC, LPFOS,
and HTAB for propan-1-ol, propan-2-ol, and methanol are indicated. x refers to predicted logP
alcohol/water, and y refers to the predicted logP in micelles. *N set: compounds containing nitrogen
in an aromatic ring or the urea group are excluded.

Micelle Solvent B3LYP

LPFOS

Propan-1-ol
y = 0.46x + 0.77

R2 = 0.52
MAE = 0.87

Propan-2-ol
y = 0.49x + 0.61

R2 = 0.53
MAE = 0.92

Methanol
y = 0.41x + 0.90

R2 = 0.43
MAE = 0.86

SC

Propan-1-ol
y = 0.47x + 0.55

R2 = 0.67
MAE = 0.92

Propan-2-ol
y = 0.46x + 0.51

R2 = 0.64
MAE = 1.08

Methanol
y = 0.41x + 0.68

R2 = 0.58
MAE = 0.89

HTAB

Propan-1-ol
y = 0.23x + 1.80

R2 = 0.13
MAE = 0.74

Propan-2-ol
y = 0.22x + 1.83

R2 = 0.1
MAE = 0.72

Methanol
y = 0.24x + 1.78

R2 = 0.13
MAE = 0.72

HTAB without
N set *

Propan-1-ol
y = 0.56x + 1.24

R2 = 0.66
MAE = 0.45

Propan-2-ol
y = 0.54x + 1.24

R2 = 0.62
MAE = 0.43

Methanol
y = 0.56x + 1.26

R2 = 0.63
MAE = 0.46

* Molecules with Nitrogen in an aromatic ring or with the urea (carbamide) group are excluded.

2.3. Estimation of logP Values in Micelles Using SVM Calculations

A k-means clustering was performed on the set of compounds using a collection
of 85 chemical descriptors to analyze the data (Table S3). In the present study, the de-
termined number of partitioning patterns (clusters) was three. It can be concluded that
the partitioning into three categories is related to specific features characteristic of each
obtained class.

Cluster 1 contains 45 out of all 63 compounds (approximately 70% of the cases). The
members do not differ substantially with respect to their structural and molecular descrip-
tors, whose values are on a medium level (see Figure 2) without an expressed minima or
maxima of their absolute (standardized) values. It may be assumed that this pattern of ob-
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jects is a specific “medium” with respect to the descriptor values, is characterized by a good
consistency of indication, and could be called, conditionally, a “mixed compound” pattern.

 

Figure 2. Plot of means for each variable for each identified cluster. Due to lack of space, only 10 of
the descriptor names are plotted but the order is the same as in the input matrix (of variables); the
distance between the plotted variables is 8 spaces.

Cluster 2 consists of 13 members out of a total of 63 cases, accounting for approx-
imately 20% of all cases. It is important to emphasize that this cluster predominantly
comprises representative pesticide compounds and can be conditionally referred to as
the “pesticide compounds” pattern. The pattern exhibits specific feature characteristics
(Figure 2) that are responsible for its partitioning. These characteristics include maximal lev-
els for the descriptors GD, RBN, H%, PVS_A_m2, P_VSA_e2, P_VSA_i2, P_VSA_charge3,
P_VSA_charge8, and P_VSA_charge9, as well as minimal levels for the descriptors N%,
MCD, and P_VSA_LogP_3.

Cluster 3 consists of only 5 members out of a total of 63 cases, accounting for ap-
proximately 7%. All the members belong to hormone compounds, and the conditional
name for this cluster should be the “hormonal compounds” pattern. It is characterized
by significantly different values of the descriptors compared to those of clusters 1 and 2.
Twenty-six of the descriptors indicate maximal values, while the other twenty-six indicate
minimal values. This represents a typical case of an “outlying cluster”, further supporting
the conclusion that this group of objects is markedly different from the rest.

Figure 2 displays the averages for each descriptor of the three identified clusters,
effectively demonstrating the differences between them and the descriptors responsible for
this partitioning.
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Furthermore, a PCA was conducted to explore the partitioning among the 85 descrip-
tors. PCA is a widely used chemometric technique that involves projecting the original
variables onto new, orthogonal directions known as latent factors. These factors are linear
combinations of the original variables, and their associated factor loadings determine their
impact on the analysis. The resulting factor scores represent the new coordinates of the
objects in the reduced-dimensional space. The PCA analysis revealed that three latent
factors accounted for more than 70% of the total variance, as shown in Table S3 (factor
loadings table). Figure 3 shows that the most significant set of cases is explained by the
highest loadings in factor 1 (all three experimental parameters are included in one factor).
The second factor consists of the highest loadings for the second big set of objects, and the
outlying set of objects is related to the highest loadings in factor 3.

 

Figure 3. Plot of means (after standardization of the input matrix) of each of the cases for each of the
identified patterns of variables; latent factor 1 is marked with blue color, latent factor 2—with red
color, latent factor 3—with green color. The plot gives an idea of the relationships between cases and
variables.

This work uses supervised and unsupervised machine learning methods to predict the
logP values for different micelle formations. SVM calculations were applied as a regression
method. The obtained results are presented in Table 4. The regression model was developed
based on the list of descriptors presented in Table 4. Grid searches were performed using
10-fold cross-validation. The main descriptors were obtained from the class of molecular
descriptors known as P_VSA descriptors, which quantify the van der Waals surface area
(VSA) with a specific property P within a certain range [36]. For model development, 85%
of the data was used for training, while the remaining 15% was reserved for testing. It is
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evident that the selected SVM model and the list of desired features yield a significantly
high prediction rate for logP.

Table 4. SVM regression results for LogP prediction in SC, HTAB, and LPFOS micellar systems.

SC HTAB LPFOS

Variables
(descriptors)

Mv, RBN, RBF, H%,
N%, O%, NRS, nR09,

nR10, X4Av,
P_VSA_LogP_2,

P_VSA_s_4,
P_VSA_ppp_P,

P_VSA_charge_1,
P_VSA_charge_3,
P_VSA_charge_4,
P_VSA_charge_5,

P_VSA_charge_13,
P_VSA_charge_14

nSK, nH, N%, Xu, S1K,
DELS, BAC, X0, X0sol,

P_VSA_LogP_1,
P_VSA_LogP_4,
P_VSA_LogP_6,
P_VSA_LogP_8,
P_VSA_MR_5,
P_VSA_m_5,
P_VSA_s_3,

P_VSA_ppp_D,
P_VSA_charge_2,
P_VSA_charge_4,
P_VSA_charge_5,
P_VSA_charge_6,
P_VSA_charge_9,

P_VSA_charge_12,
P_VSA_charge_14,

qpmax, qnmax, Qpos,
Qneg, Qtot, Qmean, Q2,

RPCG, RNCG,
TPSA(NO), TPSA(Tot)

RBF, nTB, MaxTD,
P_VSA_LogP_2,
P_VSA_LogP_3,
P_VSA_LogP_4,
P_VSA_MR_2,

P_VSA_s_3,
P_VSA_charge_2,
P_VSA_charge_6,
P_VSA_charge_7,
P_VSA_charge_9,

P_VSA_charge_13,
P_VSA_charge_14,

Qmean

R2 0.693 0.565 0.783

RMSE 0.369 0.248 0.202

MAE 0.318 0.241 0.304

Our study demonstrates that SVM is a powerful machine learning model capable of
predicting logP values from both high-dimensional and low-dimensional data spaces based
on the selective nature of the descriptors.

3. Materials and Methods

3.1. Regents and Materials

Phosphoric acid (85% in water), lithium hydroxide (98%), sodium dihydrogen phos-
phate monohydrate (G.R.), disodium hydrogen phosphate (G.R.), sodium hydroxide (G.R.),
phenyl-undecyl ketone (98%), and methanol (for chromatography) were obtained from
Merck. SC (>98%), HTAB (>99%), and LPFOS (25% in water) were obtained from Fluka.
Water was Milli-Q plus (Millipore) with resistivity of 18.2 MΩ cm. The test solutes were
reagent-grade or better and obtained from several makers.

3.2. Determination of Partition Coefficients in Systems of SC, LPFOS, and HTAB Micelles

MEKC analyses were conducted using a UV diode array detector in a Beckman P/ACE
System 5500 capillary electrophoresis instrument, with a fused silica capillary of 47 cm
total length (40 cm effective length) and 50 μm internal diameter. The measurements were
carried out at 25 ◦C and +15 kV for the anionic surfactants (SC and LPFOS) and −15 kV for
the cationic one (HTAB). Detection was set at 214 nm. To inject the test compounds into the
capillary, a pressure of 0.5 p.s.i. was applied for 1 s.

The capillary was prepared through a conditioning process, which involved flushing
with water for 5 min, treating with 1 M sodium hydroxide solution for 20 min, followed by
a rinse with water for 10 min, treatment with 0.1 M sodium hydroxide solution for 10 min,
and, finally, treatment with separation buffer for 20 min. Before each injection, the capillary
was rinsed with a separation buffer for 5 min.
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Three different micelle solutions were prepared at pH 7: 80 mM of SC, 40 mM of
LPFOS, and 20 mM of HTAB, all three in 20 mM phosphate buffer. Test compounds
were dissolved in a methanol solution (used as an electro-osmotic flow marker), which
already contained 2 mg mL−1 of phenyl-undecyl ketone (used as a micellar marker). The
concentration of the test compounds was 2 mg mL−1. All solutions were filtered through
0.45 μm nylon syringe filters (Albet). All measurements were performed in triplicate.

In MEKC, the separation of neutral molecules occurs based on their partitioning
between the micellar phase and the aqueous phase. The retention factor (k) of a compound
can be determined using the following formula:

k =
tR − t0

t0(1 − tR/tm)
(1)

The retention time (tR) for the specific compound being analyzed is measured, while
the retention times of the electro-osmotic flow and micellar markers (methanol and phenyl-
undecyl ketone, respectively) are denoted as t0 and tm.

In this particular study, partition coefficients between water and SC, LPFOS, and
HTAB micelles were determined by utilizing previously obtained retention times [13] and
applying the following formula:

k =
υ(CT − CMC)

1 − υ(CT − CMC)
(2)

where P is the partition coefficient, and CT is the total surfactant concentration (80 mM
for SC, 40 mM for LPFOS, and 20 mM for HTAB). The CMC values in 20 mM phosphate
buffer (pH 7) were experimentally determined in previous works and are 12.4 mM for SC,
3.27 mM for LFPOS, and 0.34 mM for HTAB [37]. U is the partial molar volume of the
surfactants and has a value of 0.317 L mol−1 for SC [38], 0.285 L mol−1 for LPFOS [39], and
0.324 L mol−1 for HTAB [40].

3.3. QM Computational Determination of Partition Coefficients

The computations in this study were conducted using the Gaussian 16 (Revision
C.01) [41] quantum chemistry software package to calculate solvation free energies and
various molecular properties. The Avogadro cross-platform molecule editor was utilized to
generate all molecular structures, and only the more extended conformation was used for
each compound. Specifically, the focus of this work was to determine the solvation free
energy of 63 compounds in 16 different solvents.

In this study, the B3LYP calculations were performed with the 6.311++G** basis set to
optimize the geometries of all compounds. The solvation model based on SMD was em-
ployed to predict the partition coefficient of the molecules in different solvents. This model
divides the solvation free energy into two main contributions, bulk electrostatic and cavity
dispersion contributions, making it a widely applicable and universal solvation model that
can be used for any solute (neutral and charged) in a variety of parametrized solvents.

In order to determine the solvent–water partition coefficient, the compounds were
optimized to obtain their minimum energy at a pressure of 1 atm and temperature of
298.15 K, while ensuring that all vibrational frequencies were positive. The calculation
of the Gibbs free energy associated with the transfer of solutes between the solvent and
water phases is fundamental in determining the partition coefficient. The logarithm of
the partition coefficient (logP) is directly proportional to the difference in solvation free
energies (ΔG◦

solv/wat):
ΔG◦

solv
wat

= ΔG◦
solv − ΔG◦

wat (3)

logP =
−ΔG◦

solv
wat

RTln(10)
(4)
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where R is the molar gas constant and T is the temperature (298 K). We employed the same
procedure for SC, LPFOS, and HTAB that we applied for SDS micelles [42].

3.4. Correlation Analysis

Heatmaps of Pearson correlation coefficients were produced to identify correlation
between variables. Each variable is represented by a colored square, with the color indi-
cating the strength and direction of the correlation between that variable and every other
variable in the dataset. The Pearson correlation coefficient ranges from −1 to +1, with −1
indicating a perfect negative correlation, 0 indicating no correlation, and +1 indicating
a perfect positive correlation. The heatmap allows us to quickly identify patterns and
relationships between variables, as highly correlated variables will appear as blocks of
similar color in the heatmap.

3.5. Supervised and Unsupervised Methods

Linear regression analysis was conducted using python tools to calculate coefficients,
confidence intervals, standard errors, F statistics, significant data of partition coefficient and
F, as well as Pearson’s correlation coefficient. Additionally, the accuracy of the regression
model’s prediction of experimental octanol/water logP values was evaluated through the
computation of statistical measures, including the mean absolute error (MAE), mean square
error (MSE), and root mean square error (RMSE).

3.6. K-Means Clustering

K-means clustering is a well-documented supervised machine learning pattern recog-
nition procedure [43,44]. It requires an a priori determined number of clusters to which the
objects of interest should be partitioned. The hypothesis for the predetermined number
of clusters follows expert opinion or specific reasons of the researcher (preliminary infor-
mation, preliminary testing, etc.). The major goal of this statistical method is to partition
the objects of interest into patterns of similarity (clusters) whose number is in line with the
preliminary hypothesis. The algorithm used relies on minimization of the within-group
distances (usually squared Euclidean distances). Cluster centers (centroids) are used to
find groups of comparable special distribution.

The input matrix is of the dimension 63 cases × 85 variables. The raw data were subject
to a standardization procedure (z-transform) to avoid differences in variable dimensions.
The goal of the partitioning procedure was to reveal patterns of similarity within the
63 compounds of interest and, further, to determine the descriptors contributing mostly
to the partitioning. The structure of the dataset was based on the generated descriptors
retrieved using the AlvaDesc v.2 software (Milano, Italy) [45].

3.7. Principal Component Analysis (PCA)

PCA is a typical projection method based on the reduction of the dimensionality of
the system under consideration. This makes it possible to present on a plot the relationship
between the variables (using the values of the factor loadings) or between the objects
(using the calculated factor scores as the new coordinates of the objects). The reduction of
the dimensionality of the initial large dataset enhances the interpretability of the original
system while preserving a high amount of explained variance from the original set. The
algorithm achieves this through the decomposition of the starting large data matrix into a
smaller number of principal components (latent variables), which are linear combinations
of the original variables representing directions in space.

4. Conclusions

This study aimed to determine a methodology for predicting the experimental par-
tition coefficients (Log P) for a diverse set of compounds for three different micelle for-
mulations: SC, LPFOS, and HTAB. The obtained LogP values were used to parametrize
computational methodologies for each type of micelle. Correlations between experimental
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and calculated logP values were examined using simple DFT calculations, and the SVM
regression model was built based on relevant descriptor space. This predictive approach
could have significant implications for drug delivery and formulation optimization. It can
be used to identify the micellar system that offers a higher Log P value, thus enhancing the
potential for successful therapeutic applications.

When considering the entire set of compounds, the results revealed an increased
correlation between experimental logP values and the DFT predictions for the SC and
LPFOS micelle systems obtained for the propan-1-ol/water or propan-2-ol/water solvent
mixtures. However, the logP values in HTAB were not correlated with any of the calculated
logP values. It has been found that compounds containing nitrogen in an aromatic ring,
or the urea group, exhibited a different mechanism in describing the partition coefficient
of the HTAB micelle. Excluding these compounds from the set, the best correlation was
observed for all micelles in the propan-1-ol/water or propan-2-ol/water solvent mixtures.

Furthermore, SVM calculations and k-means clustering were conducted using a set
of 85 descriptors. The findings imply that the partitioning into three classes is coupled
to specific features that are characteristic of each obtained class. These results provide
valuable insights into the behavior of different types of micelles and can contribute to the
development of more accurate computational methods for predicting partition coefficients
in micelles.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/molecules28155729/s1, Table S1: Molecular representation of
non-aqueous solvents used in DFT; Table S2: Linear regression parameters obtained for the correlation
of the calculated LogP in 15 different solvents with respect to the experimental partition coefficients
in SC, LPFOS, and HTAB micelles; Table S3: Factor loadings (Varimax-normalized) of the chemical
descriptors obtained from PCA.
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