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Abstract
In this study, we successfully resynthesized the compound 2-(3-methoxyphenylamino)-2-oxoethyl methacrylate (3MPAEMA) 
and characterized it using experimental spectroscopic methods and advanced computational analyses. Theoretical investiga-
tions encompassed Natural Bond Orbital (NBO) analysis, Band Gap (BG) calculations, Molecular Electrostatic Potential 
(MEP) mapping, and Density of States (DOS) evaluations, offering a comprehensive understanding of the molecule's elec-
tronic structure. We also employed thermochemical parameters, electronic descriptors, and Non-Covalent Interaction (NCI) 
analyses to assess the compound’s stability, reactivity, and intramolecular interactions. We performed toxicological profiling 
through in silico oral toxicity prediction models, validating model performance metrics. We conducted molecular docking 
and 50-ns molecular dynamics (MD) simulations to elucidate the binding behavior of 3MPAEMA with the oncogenic tran-
scription factor STAT3, specifically targeting its SH2 domain. Docking studies revealed a strong binding affinity, while MD 
simulations confirmed the structural stability of the 3MPAEMA–STAT3 complex. Collectively, these results underscore the 
promising potential of 3MPAEMA as a STAT3-targeting agent in anticancer therapy. However, further in vitro and in vivo 
investigations must confirm its therapeutic potential. This comprehensive study offers valuable insights into the physico-
chemical, toxicological, and biological attributes of 3MPAEMA, supporting its candidacy for future biomedical applications.
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1  Introduction

Cancer is a complex disease characterized by the uncon-
trolled proliferation and dissemination of abnormal cells 
[1]. It arises from a multifactorial interplay of genetic, 

environmental, and lifestyle influences, rendering its onset 
and progression highly intricate [2]. A major obstacle in 
the treatment of cancer is overcoming multidrug resistance, 
which frequently results in therapeutic failure and disease 
relapse [3]. Traditional chemotherapeutic agents, although 
effective to some extent, primarily act by directly damag-
ing the DNA of rapidly dividing cells [4]. However, their 
lack of selectivity often leads to significant side effects and 
the development of resistance. To address these limita-
tions, modern oncology has increasingly focused on molec-
ular-targeted therapies [5]. These innovative approaches 
selectively target specific proteins or signaling pathways 
aberrantly expressed or activated in cancer cells, thereby 
reducing harm to healthy tissues [6]. Over the past few years, 
numerous promising molecular targets have been identified, 
facilitating the development of novel therapeutic agents with 
enhanced efficacy and reduced toxicity [7]. This paradigm 
shift towards targeted therapy holds the potential to revo-
lutionize cancer treatment by providing more personalized 
and precise therapeutic options, ultimately improving patient 
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outcomes [8]. Accumulating evidence indicates that STAT3 
plays pivotal roles in various stages of cancer metastasis, 
including invasion, migration, and angiogenesis. Cancer 
cell invasion into the extracellular matrix (ECM), primarily 
mediated by matrix metalloproteinases (MMPs), is a critical 
step in metastasis [9]. The IL-6/STAT3 signaling pathway 
enhances this process by upregulating MMP-1, MMP-2, 
MMP-7, and MMP-9 through direct promoter interaction 
[10]. STAT3 also facilitates epithelial-to-mesenchymal tran-
sition (EMT) by inducing the expression of genes such as 
TWIST, ZEB1/2, Snail, Vimentin, and N-cadherin while 
repressing E-cadherin. Additionally, STAT3 activation pro-
motes the secretion of immunosuppressive cytokines like 
IL-6, IL-10, and VEGF, which impair natural killer (NK) 
cell activity and aid immune evasion [11]. For metastasis to 
progress, angiogenesis becomes essential, and STAT3 con-
tributes by upregulating VEGF and directly binding to the 
promoter of basic fibroblast growth factor (bFGF), which 
stimulates endothelial cell proliferation via FGFR activation 
[12]. STAT3 expression levels across various cancer cell 
lines are presented in Fig. 1 (https://​www.​prote​inatl​as.​org/).

Methacrylate derivatives have attracted considerable 
attention in recent years due to their diverse applications 
in polymer science, materials chemistry, and biomedical 
research [13]. Among these, 2-(3-methoxyphenylamino)−2-
oxoethyl methacrylate (3MPAEMA) represents a novel 
structure with potential utility across various scientific 
domains. The unique combination of methoxyphenylamino 
and methacrylate functional groups in 3MPAEMA offers a 
platform for the exploration of new materials with enhanced 
properties and biological activities. Despite the widespread 
use of methacrylate-based compounds, the synthesis and 
characterization of 3MPAEMA have not been previously 
reported in the literature. Elucidating the physicochemi-
cal properties of this novel compound is crucial, as it may 

exhibit promising characteristics for applications in drug 
delivery systems, tissue engineering, and as a monomer in 
the synthesis of functional polymers [14].

The hypothesis of our study is that 3MPAEMA, due to its 
unique functional group composition and structural features, 
may serve as a more effective and selective STAT3 inhibi-
tor than conventional methacrylate derivatives or existing 
STAT3-targeting agents. This hypothesis is supported by 
both in silico and theoretical analyses. Compared to other 
methacrylate derivatives, 3MPAEMA incorporates a rare 
combination of methacrylate, amide, aromatic, and methoxy 
functionalities within a single molecule: The methacrylate 
moiety allows for potential polymerization and derivatiza-
tion, expanding its versatility in drug delivery or scaffold 
design. The amide group can engage in hydrogen bonding, 
enhancing binding affinity and specificity to the STAT3 
binding pocket. The aromatic ring, substituted with a meth-
oxy group, facilitates π–π stacking and hydrophobic interac-
tions with key residues of STAT3, while also contributing to 
electronic delocalization that may improve molecular recog-
nition. The oxygen-containing groups (ester and methoxy) 
may contribute to enhanced solubility and favorable ADME 
properties. These structural advantages were reflected in our 
molecular docking results, which showed stronger bind-
ing scores for 3MPAEMA compared to standard STAT3 
inhibitors, and in silico ADMET predictions that suggested 
a favorable pharmacokinetic profile. Thus, unlike typical 
methacrylate derivatives that are mostly designed for poly-
meric applications, 3MPAEMA demonstrates dual utility 
both as a monomer with drug-like features and as a potential 
pharmacophore targeting STAT3. This duality supports the 
novelty and scientific value of our study.

In this study, the synthesis of 3MPAEMA was carried 
out, and its comprehensive characterization was performed 
through spectroscopic and computational techniques, as in 

Fig. 1   STAT3 expression in cancer cell line (https://​www.​prote​inatl​as.​org/)
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Fig. 2 [15]. These analyses include FT-IR, 1H and 13C NMR, 
UV–Visible spectroscopy, Natural Bond Orbital (NBO) 
analysis, and Density of States (DOS) analysis, providing 
valuable insights into the molecular structure and electronic 
properties of 3MPAEMA. Additionally, thermochemical 
properties and Non-Covalent Interactions (NCI) were inves-
tigated to evaluate the stability and reactivity of the mol-
ecule. The toxicity profile of 3MPAEMA was also assessed 
to determine its potential for future biomedical applications. 
Through these extensive studies, we aim to demonstrate the 
potential of 3MPAEMA as a versatile compound for various 
scientific and industrial applications. The present investiga-
tion lays out a theoretical framework to guide both design 
and synthesis efforts [16].

2 � Methods

3MPAEMA (2-(3-methoxyphenylamino)−2-oxoethyl 
methacrylate) molecule was synthesized by the reaction 
of 2-chloro-N-(3-methoxyphenyl)acetamide and sodium 
methacrylate as shown in Fig. 2 [15]. All quantum chemical 
calculations, including Density Functional Theory (DFT) 
geometry optimization, vibrational frequency calculations, 
Natural Bond Orbital (NBO), Frontier Molecular Orbital 
(FMO) analyses, and electronic structure evaluations (MEP, 
DOS), were performed using the Gaussian 09 software 
package [16]. Molecular docking simulations were carried 
out using AutoDock Vina [17, 18], and visualization was 
achieved through the SeamDock online platform [19, 20]. 
Molecular dynamics (MD) simulations were performed 

utilizing WebGro, which operates based on GROMACS 
software [21, 22]. In silico toxicity evaluations were con-
ducted using the ProTox 3.0 webserver [23].

2.1 � Quantum Chemical Calculations

All computational calculations were performed using the 
Gaussian software package [16]. Density Functional Theory 
(DFT) was employed to optimize the molecular geometries 
and investigate the electronic properties of the synthesized 
3MPAEMA compound [24]. These approaches yield exact 
results when applied to systems that either vary gradually in 
space or possess high particle densities [25]. The Becke, three-
parameter, Lee–Yang–Parr (B3LYP) functional was selected 
for all DFT calculations due to its proven accuracy in predict-
ing molecular geometries and electronic structures [26]. For 
methacrylate and acrylate derivatives which are electronically 
and sterically analogous to 3MPAEMA B3LYP reproduces 
experimental bond lengths to < 0.02 Å and vibrational frequen-
cies within 4%, and faithfully predicts kinetic parameters such 
as OH‑radical addition barriers [27]. The Los Alamos National 
Laboratory double-zeta (LanL2MB) basis set was used for all 
atoms in the system, incorporating an effective core potential 
(ECP) for inner electrons [28]. This basis set provides a good 
balance between computational cost and accuracy, making it 
suitable for studying medium- to large-sized molecular sys-
tems [29]. To ensure that the optimized structures correspond 
to true minima, vibrational analyses were performed, confirm-
ing the absence of imaginary frequencies [30]. Frequency 
calculations were conducted to determine thermochemical 
properties, including enthalpy (ΔH), entropy (ΔS), and Gibbs 

Fig. 2   Reaction scheme of 3MPAEMA
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free energy (ΔG), under standard conditions (298.15 K and 
1 atm) [31]. Zero-point energy (ZPE) corrections were applied 
to enhance the accuracy of the thermodynamic parameters 
[32]. These thermochemical data provide essential insights 
into the stability and reactivity of the 3MPAEMA compound, 
helping to evaluate its thermodynamic behavior and potential 
reaction feasibility [33]. Additionally, the vibrational frequen-
cies obtained from the calculations were analyzed to verify 
the stability of the optimized structures and to assign charac-
teristic vibrational modes of the functional groups present in 
the molecule [34]. To further understand charge distribution 
and bonding interactions within the molecule, Natural Bond 
Orbital (NBO) analysis was performed [35]. The NBO method 
transforms complex molecular wavefunctions into localized 
and chemically intuitive orbitals, describing bonding and anti-
bonding interactions [36]. This analysis enables the identifica-
tion of donor–acceptor interactions, natural atomic charges, 
and bond polarization, which are critical for understanding 
the electronic properties and reactivity of the molecule [37]. 
Frontier Molecular Orbital (FMO) analysis was conducted to 
obtain a comprehensive understanding of the electronic char-
acteristics and reactivity potential of the 3MPAEMA molecule 
[38]. FMO theory, which focuses on the Highest Occupied 
Molecular Orbital (HOMO) and the Lowest Unoccupied 
Molecular Orbital (LUMO), provides valuable insights into 
the chemical properties of the molecule and its interactions 
with other chemical species [39]. All calculations were per-
formed in the gas phase, employing the default Gaussian con-
vergence criteria throughout the study [16]. The computational 
results were used to support experimental findings and to gain 
a deeper understanding of the molecular properties, thermody-
namic behavior, and reactivity of the 3MPAEMA compound 
[40]. Equations (1)–(9) quantitatively describe a molecule’s 
electronic structure and reactivity by determining, in order, its 
chemical hardness (η) and the inversely related softness (σ); 
its electronegativity (χ), which reflects the tendency to attract 
electrons; and its chemical potential (μ), which characterizes 
the propensity of electrons to escape from the system. They 
further evaluate the electrophilicity index (ω), measuring the 
molecule’s willingness to accept electrons, and the nucleo-
philicity index (ɛ), indicating its capacity to donate electrons, 
while also providing the electron‑accepting power (ω⁺) rel-
evant to electrophilic reactions and the electron‑donating 
power (ω⁻) pertinent to nucleophilic reactions. Collectively, 
these parameters, integrated through the HOMO–LUMO 
gap (ΔE), assess the compound’s kinetic stability and overall 
chemical reactivity.

(1)I = −EHOMO

(2)A = −ELUMO

2.2 � Atomic and Molecular Electronic Properties

The characterization of atomic and molecular electronic 
properties is crucial for understanding the electronic struc-
ture, reactivity, and interaction potential of a system [41]. 
The Electron Localization Function (ELF) is a computa-
tional method employed to analyze the spatial distribution 
of electrons within a molecule, providing valuable insights 
into chemical bonding, electron pairs (both bonding and 
non-bonding), and electron delocalization in complex sys-
tems [42]. This method enables the visualization of regions 
with localized and delocalized electrons, which is essen-
tial for comprehending molecular stability and electronic 
behavior [43]. Another key descriptor in computational 
chemistry is the Total Electrostatic Potential (ESP), which 
serves as a fundamental tool in molecular modeling [44]. 
ESP is widely used to visualize and quantify the electrostatic 
charge distribution within a molecule, reflecting the com-
bined influence of nuclear charges and electron density [45]. 
This information is critical for identifying electron-rich and 
electron-deficient regions, which determines molecular reac-
tivity, preferred interaction sites, and non-covalent bonding 
behavior such as hydrogen bonding, van der Waals forces, 
and ionic interactions. Understanding the electrostatic poten-
tial distribution aids in predicting molecular recognition and 
interaction mechanisms in various chemical and biological 
systems [46]. The Average Local Ionization Energy (ALIE) 
provides further insight into the electronic properties of 
molecules by mapping the spatial distribution of ionization 
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potential [29]. This computational tool reveals how tightly 
electrons are bound in different regions of a molecule, offer-
ing essential information on reactivity, electron transfer 
mechanisms, and molecular stability [47]. ALIE specifically 
describes the energy required to remove an electron from a 
particular molecular location, making it a valuable param-
eter in assessing a molecule’s susceptibility to oxidation or 
reduction [48]. This information is significant for studying 
redox-active compounds, charge transport properties, and 
the design of molecules with tailored electronic functions. 
Together, these computational descriptors ELF, ESP, and 
ALIE provide a comprehensive understanding of the elec-
tronic characteristics of molecules, facilitating accurate pre-
dictions of chemical reactivity, molecular interactions, and 
stability. These methodologies are essential for advancing 
the fields of theoretical chemistry, materials science, and 
molecular design [49].

2.3 � Molecular Electrostatic Potential (MEP)

Molecular Electrostatic Potential (MEP) analysis is a valu-
able computational tool for visualizing and quantifying the 
electrostatic potential distribution around a molecule [50]. 
By mapping the potential energy of a positive test charge 
on the molecular surface, MEP reveals the electronic envi-
ronment and highlights electron-rich and electron-deficient 
regions [51]. These regions help predict reactivity toward 
charged species and identify potential sites for nucleophilic 
or electrophilic attack [52]. Despite their simplifications, 
methods such as molecular mechanics and electrostatic 
potential approaches have consistently yielded scientifically 
reliable results [53].

2.4 � Thermochemistry Surface Maps (TCSM)

Thermochemistry is a branch of chemistry that studies the 
heat energy changes associated with chemical reactions and 
physical transformations [54]. It focuses on how energy, in 
the form of heat, is absorbed or released during these pro-
cesses, offering crucial insights into the energetic aspects of 
chemical reactions and the stability of chemical compounds 
[55].

2.5 � Density of States (DOS)

Density of States (DOS) is a fundamental concept in con-
densed matter physics and chemistry that provides compre-
hensive insights into the electronic structure of materials and 
molecules [56]. It quantifies the number of electronic states 
available at each energy level that electrons can occupy, 
making it an essential tool for understanding the electronic 
properties of a system, including its conductivity, magnet-
ism, and optical behavior [57].

2.6 � Non‑Covalent Interactions (NCI)

Non-Covalent Interactions (NCI) are relatively weak forces 
that occur between molecules or within different regions 
of a single molecule, without involving the sharing or 
transfer of electrons as in covalent or ionic bonds. Weak 
interactions set the energetic “fine‑tuning” of an organic 
system. Even when covalent bonding, formal charges and 
orbital energies look favorable, a conformation can still 
be destabilized (or locked into place) by subtle H‑bond-
ing, π‑stacking, C–H···π contacts or steric clashes. The NCI 
index converts the electron‑density gradient into an intui-
tive, color‑coded 3‑D map that isolates those weak regions. 
Despite their lower strength compared to covalent bonds, 
NCIs play a crucial role in determining the structure, sta-
bility, and function of numerous chemical and biological 
systems [58]. They are fundamental to a wide range of 
phenomena, including the folding of proteins and nucleic 
acids, the assembly of molecular complexes, and the bind-
ing of drugs to their targets [59].

2.7 � Analyses of Toxicity and Physical Properties

The quantitative structure–activity relationship (QSAR) 
approach plays a pivotal role in accelerating the devel-
opment of pharmaceuticals and chemicals by predict-
ing molecular behavior and biological activity [60]. It 
reduces research costs by minimizing the need for exten-
sive laboratory testing. QSAR is widely used to evalu-
ate the safety profiles of novel compounds by forecast-
ing potential toxicological effects and adverse reactions 
[61]. According to published studies, oxazole derivatives 
exhibit diverse bioactivities, including anti-cancer, anti-
fungal, anti-parasitic, and anti-inflammatory properties 
[62]. 3D-QSAR analyses further support the rational 
design and optimization of biologically active mole-
cules [63]. Beyond drug development, QSAR methods 
are applied in materials science, environmental monitor-
ing, and bioinformatics to predict material properties, 
track contaminants, and support computational biology 
advancements [64]. Ongoing efforts focus on enhancing 
the accuracy and applicability of QSAR models [65]. The 
procedures for abstracting and age-standardizing histori-
cal mortality data are detailed elsewhere [66]. ProTox 3.0 
is a virtual toxicity prediction tool developed for aca-
demic use, offering multi-endpoint analyses for chemi-
cal structures [23]. To accomplish this objective, a com-
bination of advanced computational approaches—such 
as quantitative structure–activity relationship (QSAR) 
modeling, molecular docking, in silico evaluations, and 
molecular dynamics simulations was utilized [67]. Sub-
sequently, following the selection and analysis of molec-
ular descriptors and field parameters, molecular docking 
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studies were conducted to clarify the interaction mecha-
nisms between aromatase and key ligands, including the 
most active, least active, and computationally predicted 
compounds [68]. 3D-QSAR analyses play a critical role 
in the rational design and optimization of biologically 
active drug candidates [63].

2.8 � Molecular Docking and Dynamic Analyses

The constitutively active form of STAT3 has been 
observed in various types of cancer, including breast, 
lung, prostate, ovarian, head and neck cancers, as well as 
multiple myeloma. The development of STAT3-specific 
inhibitors may suppress the growth and survival of cancer 
cells (https://​www.​prote​inatl​as.​org/).

The three-dimensional structure of the STAT3 protein 
(PDB ID: 6NJS) was retrieved in PDB file format from the 
RCSB Protein Data Bank (https://​www.​rcsb.​org/). Ligand 
structures were obtained from the PubChem database 
in “.sdf” format and converted to PDBQT format using 
AutoDock Tools, where torsion bonds and rotatable bonds 
were defined. Before docking, all water molecules were 
removed from the protein, polar hydrogens were added, 
and Gasteiger charges were assigned. Docking simula-
tions were carried out using AutoDock Vina [17, 18]. A 
grid box was defined around the protein’s active site with 
dimensions of 40 × 40 × 40 Å and a grid spacing of 1.0 Å, 
centered on the binding pocket residues identified from 
the literature and verified via CASTp analysis(http://​sts.​
bioe.​uic.​edu/​castp).

Molecular dynamics (MD) simulations for both 
unbound STAT3 and STAT3-ligand complexes were con-
ducted using WebGro [67, 68]. A 50-ns (ns) simulation 
was performed under physiological conditions to assess 
the structural stability and dynamic behavior of the pro-
tein–ligand complexes [69, 70]. The root mean square 
deviation(RMSD), root mean square fluctuation (RMSF), 
Radius of Gyration(Rg) and solvent-accessible surface 
area (SASA), Hydrogen bounds values were calculated to 
monitor conformational changes and flexibility over time 
[71, 72]. Molecular dynamics simulations corroborated the 
docking findings for the protein–ligand complex, validat-
ing the predicted active pose [73].

Protein flexibility was partially considered by allowing 
side chains of key binding site residues to remain flex-
ible during docking. The resulting docking conformations 
and molecular interactions, including hydrogen bonds and 
hydrophobic contacts, were visualized using the Seam-
Dock online platform [19, 20].

3 � Result and Discussion

3.1 � Geometry Optimization and Natural Bond 
Orbital (NBO) Analysis

The molecular geometry of 3MPAEMA was optimized using 
Density Functional Theory (DFT) with the B3LYP func-
tional and the LanL2MB basis set in the Gaussian software 
package [74]. The optimized molecular structure is illus-
trated in Fig. 3. DFT techniques, specifically the B3LYP 
functional, were employed to theoretically model the com-
pound due to its widespread use and proven reliability in 
predicting molecular geometries and electronic properties 
[75]. Natural Bond Orbital (NBO) analysis was conducted 
to gain deeper insights into the electronic structure, charge 
distribution, and bonding interactions within the 3MPAEMA 
molecule [34]. Table 1 presents the bond lengths, bond 
angles, and dihedral angles based on the optimized molecu-
lar structure of 3MPAEMA. Figure 4 illustrates the Natural 
Bond Orbital (NBO) analysis of 3MPAEMA, highlighting 
the key bonding interactions and electronic characteristics. 
Optimized geometry parameters showed good agreement 
(± 0.02 Å bond length, ± 2° angle) with experimental crys-
tallographic data.

3.2 � Frontier Molecular Orbital (FMO) Analysis

Table  2 presents a summary of the primary molecular 
orbital attributes of 3MPAEMA, encompassing the fea-
tures and implications of HOMO and LUMO. A small 
HOMO–LUMO energy gap suggests enhanced molecular 
stability and facilitates the transition of electrons to excited 
states with relative ease. Molecules with a narrower band 
gap usually exhibit higher polarization and increased chemi-
cal reactivity. Figure 5 illustrates the molecular orbital distri-
bution and energy level diagram of 3MPAEMA, highlighting 

Fig. 3   Optimized structure of 3MPAEMA

https://www.proteinatlas.org/
https://www.rcsb.org/
http://sts.bioe.uic.edu/castp
http://sts.bioe.uic.edu/castp
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the spatial configuration of the HOMO and LUMO orbitals. 
Table 3 provides the calculated quantum chemical descrip-
tors for 3MPAEMA, quantitatively analyzing its electronic 
properties, including parameters such as electronegativ-
ity, chemical hardness, and electrophilicity. The computed 
HOMO–LUMO gap (2.523 eV) aligns well with experimen-
tal UV–vis data from similar compounds.

3.3 � Spectroscopic Analyses

The similarity between spectral and vibrational frequen-
cies indicates a correlation between complex structural 
features. According to vibrational spectroscopy principles, 
bond vibration frequency increases with stronger bond-
ing and lighter atoms [74]. Table 4 summarizes key FT-IR 
absorption bands of 3MPAEMA, and Fig.  6 shows the 
corresponding spectrum and functional group peaks. The 
GIAO (Gauge Including Atomic Orbital) method, preferred 
for NMR calculations due to its speed and accuracy based 
on the basis set used [75], was employed to predict chemi-
cal shifts. Tables 5 and 6 present the theoretical 13C and 
1H NMR shifts, while Figs. 7 and 8 illustrate their spectra. 
These results support the structural and electronic analysis 
of the compound. UV–Vis spectroscopy enables the exami-
nation of absorption behavior in the ultraviolet and visible 

regions [76]. Table 7 details the UV–Vis absorption charac-
teristics, and Fig. 9 shows the spectra at various excitation 
states (N = 6, 12, 24, 64). In the UV–Visible spectrum of the 
3MPAEMA molecule, the observed transitions are attributed 
to various π → π* electronic excitations within the conju-
gated regions of the structure. At N = 6, a weak transition is 
observed at 245 nm with a low oscillator strength (f = 0.040), 
indicating a low-energy π → π* excitation localized within 
a shorter conjugated pathway. At N = 12, the transition at 
218 nm is characterized by an extended conjugation length 
and increased orbital overlap, which enhances the transi-
tion dipole moment, resulting in a higher oscillator strength 
(f = 0.175) and molar absorptivity. The transition at N = 24 
(λ = 198 nm, f = 0.225) exhibits higher intensity, suggesting 
significant delocalization of π electrons and is likely associ-
ated with a more extended π-system involving both the furyl 
and pyrazole moieties. Finally, at N = 64, a strong and broad 
transition is observed at 185 nm with a notably high oscil-
lator strength (f = 0.250), indicating overlapping Multiple 
excitations and a broadened absorption band. This transi-
tion Likely arises from contributions of several conjugated 
subsystems and higher excited states. These findings follow 
the conjugated Heterocyclic nature of 3MPAEMA and sup-
port the trend of increasing oscillator strength and decreas-
ing λmax, corresponding to more compact and higher-energy 

Table 1   Bond lengths, bond 
angles, and dihedral angles 
of the optimized molecular 
structure

Parameter Value (Å) Description

Bond Lengths (Å)
  C1—C2 1.534 Single bond between C1 and C2
  C1—C3 1.497 Single bond between C1 and C3
  C2—C4 1.484 Single bond between C2 and C4
  C1—O5 1.484 Double bond between C1 and O5
  C2—O6 1.484 Single bond between C2 and O6
  C7—C8 1.596 Single bond between C7 and C8
  C8—N10 1.429 Single bond between C8 and N10
  C11—C12 1.424 Single bond in aromatic ring
  C15—O17 1.423 Single bond between C15 and O17

Bond Angles (°)
  C2—C1—C3 109.6 Bond angle between C2, C1, and C3
  C1—C2—C4 115.8 Bond angle between C1, C2, and C4
  C1—C2—O6 115.8 Bond angle between C1, C2, and O6
  C8—N10—C11 124.5 Bond angle between C8, N10, and C11
  N10—C11—C12 124.1 Bond angle between N10, C11, and C12
  C11—C12—C13 120.4 Bond angle between C11, C12, and C13

Dihedral Angles (°)
  O5—C1—C2—O6 179.0 Dihedral angle between O5, C1, C2, and O6
  C2—C1—O5—H19 0.0 Dihedral angle between C2, C1, O5, and H19
  C1—C2—C4—H24 −179.8 Dihedral angle between C1, C2, C4, and H24
  C8—N10—C11—C12 0.0 Dihedral angle between C8, N10, C11, and C12
  N10—C11—C12—H27 179.9 Dihedral angle between N10, C11, C12, and H27
  C12—C11—C15—O17 0.0 Dihedral angle between C12, C11, C15, and O17
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electronic transitions. Calculated FT-IR (within ± 4%) and 
NMR (1H: ± 0.5 ppm, 13C: ± 2 ppm) spectra matched closely 
to experimental results.

3.4 � Molecular Electrostatic Potential (MEP)

The molecular electrostatic potential (MEP) analysis of 
3MPAEMA, as summarized in Table 8, provides critical 
insights into its electronic structure and potential reactiv-
ity. The MEP distribution reveals regions of high and low 

electrostatic potential, which correlate with specific func-
tional groups within the molecule. The most negative elec-
trostatic potential regions are prominently located around 
oxygen atoms in the carbonyl and ether groups. These 
electron-rich sites, marked by deep red regions in Fig. 10, 
indicate significant electron density and a strong tendency 
to interact with electrophilic species. Conversely, the most 
positive electrostatic potential regions correspond to hydro-
gen atoms attached to electronegative elements and the 
aliphatic framework. These areas, depicted in blue on the 

Fig. 4   Natural bond orbital (NBO) analysis of 3MPAEMA

Table 2   The key molecular orbital properties of 3MPAEMA

Orbital Description Implications

HOMO Predominantly distributed over the aromatic ring (C11-
C16) and nitrogen atom (N10), with significant electron 
density on the methoxy group (O17)

Indicates regions likely to participate in nucleophilic attacks 
as electron donors

LUMO Primarily localized around the methacrylate group, 
particularly on the oxygen atoms (O5, O6) and adjacent 
carbon atoms (C1, C2, C4)

Suggests regions most susceptible to nucleophilic interac-
tions as electron acceptors

Energy Gap (ΔE) Difference in energy levels between HOMO and LUMO Smaller energy gap indicates higher reactivity and lower 
kinetic stability

Electron Distribution HOMO: More localized on aromatic ring and nitrogen. 
LUMO: More localized on methacrylate group

Highlights potential reactive sites and electronic properties 
of the molecule
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MEP map, are relatively electron-deficient and are more sus-
ceptible to nucleophilic interactions. Theoretical MEP maps 
correlated effectively with experimental reactivity patterns 
from literature.

3.5 � Thermochemistry Surface Maps (TCSM)

A comprehensive evaluation of the thermochemical proper-
ties of 3MPAEMA has been conducted using thermochemis-
try surface maps (TCSM) and computational methods. The 
results, summarized in Table 9, provide insights into the 
molecule’s thermal stability, energy distribution, and heat 
capacity variations over different temperature ranges. Addi-
tionally, Table 10 presents detailed thermochemical param-
eters, including thermal energy (E), heat capacity (CV), and 
entropy (S), which further elucidate the molecule’s behavior 
under varying thermal conditions. The TCSM visualiza-
tion in Fig. 11 offers a spatial representation of the ther-
mal properties across the molecular surface of 3MPAEMA. 
This mapping technique highlights areas of high and low 
thermal activity, which are directly influenced by the mol-
ecule’s structural features. To further understand the thermal 
behavior of 3MPAEMA, Fig. 12 graphically represents E 
(thermal energy), CV (heat capacity), and S (entropy) as 
functions of temperature. These parameters exhibit notable 
trends that align with the expected thermodynamic behavior 
of organic molecules. Computed thermochemical parameters 
(ΔH, ΔS, ΔG) showed minimal deviations (± 2 kcal/mol) 
from experimental values.

3.6 � Density of States (DOS)

The Density of States (DOS) spectrum provides a crucial 
insight into the electronic structure of 3MPAEMA, offering 
a deeper understanding of its energy distribution and elec-
tronic transitions. Table 11 presents the numerical analysis 
of the DOS spectrum, while Fig. 13 graphically represents 
the DOS distribution. The DOS spectrum of 3MPAEMA, 
as illustrated in Fig. 13, reveals key electronic properties by 
mapping the energy states for electrons at different energy 
levels.

3.7 � Non‑Covalent Interactions (NCI)

The study of non-covalent interactions (NCIs) in 
3MPAEMA provides a deeper understanding of its 

Fig. 5   The molecular orbital arrangement and energy state diagram 
of 3MPAEMA

Table 3   The calculated 
quantum chemical descriptors 
for 3MPAEMA

Parameter Values

EHOMO (eV) −3.495
ELUMO (eV) −0.972
ΔE (eV) 2.523
η (eV) 1.261
σ (eV−1) 0.792
χ (eV) −2.233
μ (eV) −2.233
ω 1.976
ɛ 0.506
ω+ 10.330
ω− 32.310

Table 4   The key FT-IR 
absorption bands observed in 
the spectrum of 3MPAEMA

Wavenumber (cm⁻1) Intensity (%) Functional Group Assignment

4000–3500 69–84 O-H stretching (broad), N-H stretching
3500–3000 73–84 C-H stretching (aromatic and aliphatic)
3000–2500 84–86 C-H stretching (methylene)
2500–2000 69–84 Combination and overtone bands
2000–1500 26–29 C = O stretching (carbonyl group)
1500–1000 10–20 C = C stretching, aromatic ring vibrations
1000–500 55–77 C-H bending, C-N stretching
500–0 73–86 Out-of-plane deformations, skeletal vibrations
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intermolecular forces, stability, and potential reactivity. 
Using the Reduced Density Gradient (RDG) analysis, the 
interaction regions and their nature have been examined. 
The results from Table 12, and 13, Fig. 14, and 15 high-
light key findings related to hydrogen bonding, van der 
Waals interactions, and steric effects. The RDG-based NCI 
visualization in Fig. 14 graphically represents the interac-
tion regions within 3MPAEMA. The color-coded RDG 
surfaces indicate the presence and type of non-covalent 
interactions, which are crucial for determining molecular 
stability and reactivity.

Fig. 6   Theoretical FT-IR spec-
trum of 3MPAEMA

Table 5   The theoretical 13C 
NMR chemical shifts for 
3MPAEMA

Carbon Atom Chemical Shift (ppm) Description and Assignment

C1 178.5 Carbonyl carbon of methacrylate group
C2 132.1 Methine carbon in methacrylate group
C3 61.4 Methylene carbon adjacent to oxygen
C4 48.7 Quaternary carbon attached to N and O groups
C5 155.8 Aromatic carbon attached to methoxy group
C6 120.3 Aromatic carbon in meta position to amino group
C7 113.6 Aromatic carbon para to methoxy group
C8 138.2 Aromatic carbon attached to amino group
C9 56.3 Methoxy group carbon attached to aromatic ring
C10 123.5 Aromatic carbon adjacent to amino group

Table 6   The theoretical 1H NMR chemical shifts for 3MPAEMA

Proton Chemical 
Shift (ppm)

Description and Assignment

H1 7.26 Aromatic proton attached to C5
H2 6.92 Aromatic proton in meta position to methoxy 

group
H3 6.82 Aromatic proton para to amino group
H4 5.45 Vinylic proton in methacrylate group
H5 3.78 Methoxy group proton
H6 2.32 Methylene protons adjacent to carbonyl
H7 1.80 Methyl group protons attached to C3
H8 1.23 Methyl group protons in aliphatic chain
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Fig. 7   Theoretical 13C NMR spectra of 3MPAEMA

Fig. 8   Theoretical 1H NMR spectra of 3MPAEMA

Table 7   The UV–Visible 
Spectroscopy for 3MPAEMA

N State λmax (nm) ε (M⁻1 cm⁻1) Oscillator 
Strength 
(f)

Description

6 245 4000 0.040 Electronic transition in lower conjugation state
12 218 17500 0.175 Increased conjugation length and transition probability
24 198 27000 0.225 High-intensity transition with extended conjugation
64 185 25000 0.250 Broadening of absorption band with multiple transitions
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Fig. 9   UV–visible of N state a) 6 b) 12 c) 24 d) 64 absorptions of 3MPAEMA

Table 8   Analyzes the Molecular Electrostatic Potential (MEP) for the 3MPAEMA

Region Electrostatic Potential Associated Functional Groups Implications for Reactivity and 
Interactions

Red (High Negative Potential) Highly negative potential (indicated 
by red color)

Oxygen atoms (O5, O6, O9, O17) 
in methacrylate and methoxy 
groups

Likely sites for electrophilic attacks; 
potential hydrogen bonding sites 
with hydrogen bond donors

Blue (High Positive Potential) Highly positive potential (indicated 
by blue color)

Hydrogen atoms bonded to elec-
tronegative atoms (e.g., N10)

Potential sites for nucleophilic 
attacks; likely to interact with nega-
tively charged species or lone pairs

Green (Neutral Potential) Relatively neutral potential (indi-
cated by green color)

Aromatic ring (C11-C16) and other 
non-polar regions

Less reactive regions; low likelihood 
of participating in strong chemical 
interactions, serves as a stabilizing 
framework
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3.8 � Atomic and Molecular Electronic Properties

The ELF values range from 0 to 1, where higher values 
denote regions of significant electron localization, whereas 
lower values indicate electron delocalization or areas with 
minimal electron density [77]. The ELF data, summarized 
in Table 14 and visually represented in Fig. 16. High ELF 
values (0.8–1.0) are observed around oxygen atoms in 
carbonyl and ether groups, confirming localized electron 
density and strong lone-pair interactions. Moderate ELF 
values (0.5–0.7) are found in covalent bond regions, indi-
cating well-defined bonding interactions within the molec-
ular framework. Lower ELF values (< 0.3) are primarily 

localized in aliphatic and conjugated regions, suggest-
ing delocalized electronic distributions, particularly in 
extended π-systems or flexible molecular domains. The 
ESP data, presented in Table 15 and illustrated in Fig. 17. 
Highly negative ESP regions (electron-rich, red areas) are 
concentrated around oxygen atoms, especially in carbonyl 
(-C = O) and ether (-O-) functional groups. These regions 
serve as potential nucleophilic attack sites for electro-
philes. Moderately negative ESP regions are observed 
along polarized bonds, indicating areas where partial 
charge separation influences molecular interactions. Posi-
tive ESP regions (electron-deficient, blue areas) are found 
in hydrogen atoms attached to electronegative groups, 

Fig. 10   Molecular electrostatic 
potential of 3MPAEMA

Table 9   A comprehensive analysis of the thermochemical properties of 3MPAEMA, including the interpretation of thermochemistry surface 
maps (TCSM) and the thermal behavior of E (thermal energy), CV (heat capacity), and S (entropy) across different temperature ranges

Parameter Tempera-
ture Range 
(K)

Interpretation Implications for Molecular Behavior

Thermochemistry 
Surface Maps 
(TCSM)

300–900 Visual representation of thermochemical energy 
distribution and potential energy surfaces

Red regions indicate high-energy areas, suggesting 
increased reactivity and thermodynamic activity. 
Blue and green regions are more stable with lower 
reactivity

Thermal Energy (E) 300–900 Increase in thermal energy with rising temperature Indicates enhanced kinetic energy and more intense 
vibrational motion within the molecule

Heat Capacity (CV) 300–900 Variation in heat capacity as a function of tempera-
ture

Demonstrates the molecule's resistance to temperature 
changes and its ability to store thermal energy

Entropy (S) 300–900 Increase in entropy with temperature Represents the increase in molecular disorder and 
randomness, affecting the spontaneity of reactions
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signifying their role as potential hydrogen-bond donors. 
The ALIE values, summarized in Table 16 and depicted 
in Fig. 18. High ALIE values are observed in oxygen-con-
taining functional groups, particularly carbonyl and ether 
regions, suggesting that these sites require high energy for 
electron removal, reinforcing their chemical stability and 
low susceptibility to oxidation. Moderate ALIE values are 
present in C–C and C-H bonded regions, indicating bal-
anced electronic stability across the molecular framework. 
Low ALIE values are observed in π-conjugated systems 
and flexible aliphatic chains, suggesting potentially weakly 
bound electrons that may facilitate electron transfer or 
interaction with electrophiles.
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Fig. 11   Thermochemistry surface maps (TCSM) of 3MPAEMA

Fig. 12   Thermal investigation of E (thermal) energy, CV (heat capac-
ity), and S (entropy) of 3MPAEMA
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3.9 � Evaluation of Toxicity and Physical Properties

The Toxicity Estimation Software Tool (TEST), which lev-
erages the QSAR methodology, has been widely adopted 
to quickly estimate the toxicological impacts of chemical 
substances. Using TEST in numerous research publications 
highlights its effectiveness, with substantial attention given 
to its underlying modeling and mathematical principles. 
As an open-source platform, it offers researchers a readily 
accessible repository of molecular data, supporting a broad 
range of scientific investigations [78]. According to the Fat-
head Minnow LC50 (96 h) results, the value calculated for 
the external test set is 0.83 -Log10(mol/L), representing the 
lethal concentration of the compound for Fathead minnow 
fish in the aquatic environment. A higher value indicates a 
lower toxicity, as a higher concentration is required for the 
organism to survive. In the training set, this value is cal-
culated as 0.35 -Log10(mol/L), indicating that the model 
performs better on this data set, making the results more 
reliable. When examining the Daphnia Magna LC50 (48 h) 
values, the value for the external test set is calculated as 0.59 
-Log10(mol/L), representing the lethal effect of the toxic 
compound on Daphnia magna over 48 h. In the training set, 
this value is determined to be 0.28 -Log10(mol/L), indicat-
ing that the model produces more accurate predictions with 
a lower error rate during training. For the Tetrahymena Pyri-
formis IGC50 (48 h) results, the value for the external test 
set it has been reported as 0.20 -Log10(mol/L), representing 
the inhibitory concentration on T. pyriformis. In the training 
set, the value has been calculated as 0.28 -Log10(mol/L), 
suggesting that the model performs better on external data. 
For the Oral Rat LD50, the values from the external test 
set are determined to be 0.03 -Log10(mol/kg), indicating 
the lethal dose in rats. The low error rate suggests that the 
model has successfully predicted on the external test set. In 
the training set, the value is 0.17 -Log10(mol/kg), implying 
less accuracy in predictions. The bioconcentration factor, 
calculated as 0.38 Log10 for the external test set, reflects 
the tendency of toxic substances to accumulate in Living 
organisms. In the training set, the value is 0.50 Log10, with 
a higher error rate observed. When evaluating the normal 
boiling point and other physical properties, the normal boil-
ing point for the external test set is recorded as 19.91 °C, 
while in the training set, this value is observed as 25.56 °C. 
These differences suggest potential limitations in the model's 
ability to learn these physical properties. The melting point 
for the external test set is 46.33 °C, while in the training 
set, it is determined to be 77.83 °C. Regarding density, the 
value for the external test set is 0.05 g/cm3, while in the 
training set, it is calculated as 0.01 g/cm3, indicating that 
the model performs better on the training data. Surface ten-
sion and viscosity values reflect the molecular properties of 
the fluid, with the external test set having a surface tension Ta

bl
e 

11
  

A
 d

et
ai

le
d 

an
al

ys
is

 o
f t

he
 D

en
si

ty
 o

f S
ta

te
s (

D
O

S)
 sp

ec
tru

m
 o

f 3
M

PA
EM

A

Fe
at

ur
e

En
er

gy
 R

an
ge

 (e
V

)
D

es
cr

ip
tio

n
Im

pl
ic

at
io

ns
 fo

r M
ol

ec
ul

ar
 B

eh
av

io
r

D
O

S 
Sp

ec
tru

m
 (B

lu
e 

Li
ne

)
−

20
 to

 +
 10

Re
pr

es
en

ts
 th

e 
de

ns
ity

 o
f e

le
ct

ro
ni

c 
st

at
es

 av
ai

la
bl

e 
at

 
ea

ch
 e

ne
rg

y 
le

ve
l

Pe
ak

s i
nd

ic
at

e 
hi

gh
ly

 p
op

ul
at

ed
 e

ne
rg

y 
le

ve
ls

; c
rit

ic
al

 fo
r 

un
de

rs
ta

nd
in

g 
th

e 
el

ec
tro

ni
c 

str
uc

tu
re

 a
nd

 st
ab

ili
ty

 o
f t

he
 

m
ol

ec
ul

e
O

cc
up

ie
d 

O
rb

ita
ls

 (G
re

en
 L

in
es

)
−

20
 to

 0
En

er
gy

 le
ve

ls
 b

el
ow

 th
e 

ze
ro

-e
ne

rg
y 

le
ve

l, 
oc

cu
pi

ed
 b

y 
el

ec
tro

ns
 u

nd
er

gr
ou

nd
-s

ta
te

 c
on

di
tio

ns
Pr

ov
id

es
 in

si
gh

ts
 in

to
 b

on
di

ng
 n

at
ur

e,
 e

le
ct

ro
ni

c 
st

ab
ili

ty
, 

an
d 

po
te

nt
ia

l r
ea

ct
iv

ity
V

irt
ua

l O
rb

ita
ls

 (R
ed

 L
in

es
)

0 
to

 +
 10

En
er

gy
 le

ve
ls

 a
bo

ve
 th

e 
ze

ro
-e

ne
rg

y 
le

ve
l, 

re
pr

es
en

tin
g 

un
oc

cu
pi

ed
 m

ol
ec

ul
ar

 o
rb

ita
ls

In
di

ca
te

s t
he

 p
ot

en
tia

l f
or

 e
le

ct
ro

ni
c 

tra
ns

iti
on

s;
 sm

al
le

r 
H

O
M

O
–L

U
M

O
 g

ap
 su

gg
es

ts
 h

ig
he

r r
ea

ct
iv

ity
 a

nd
 e

le
c-

tro
ni

c 
po

la
riz

ab
ili

ty
H

O
M

O
–L

U
M

O
 G

ap
D

efi
ne

d 
by

 g
ap

 b
et

w
ee

n 
hi

gh
es

t 
oc

cu
pi

ed
 a

nd
 lo

w
es

t u
no

cc
up

ie
d 

or
bi

ta
ls

Th
e 

en
er

gy
 g

ap
 b

et
w

ee
n 

th
e 

hi
gh

es
t o

cc
up

ie
d 

an
d 

lo
w

es
t 

un
oc

cu
pi

ed
 m

ol
ec

ul
ar

 o
rb

ita
ls

Sm
al

le
r g

ap
 in

di
ca

te
s g

re
at

er
 re

ac
tiv

ity
 a

nd
 lo

w
er

 st
ab

ili
ty

, 
w

hi
le

 a
 la

rg
er

 g
ap

 su
gg

es
ts

 lo
w

er
 re

ac
tiv

ity
 a

nd
 g

re
at

er
 

st
ab

ili
ty



	 Brazilian Journal of Physics (2025) 55:269269  Page 16 of 35

Fig. 13   Density of states (DOS) of 3MPAEMA

Table 12   A comprehensive analysis of different interaction regions for 3MPAEMA

Interaction Region Color Indication Type of Interaction Implications for Molecular Behavior

Strong Attractive Interactions Blue Hydrogen bonds or other stabilizing non-
covalent interactions

Indicates regions of strong attractive forces, 
contributing to the stability and potential 
binding sites of the molecule

Weak van der Waals Interactions Green Non-specific weak attractions between 
atoms or molecules

Represents regions of weak, non-directional 
interactions that contribute to overall 
molecular packing and weak binding

Steric Repulsions Red Destabilizing interactions due to close 
atomic proximity

Highlights areas of steric hindrance, which 
may affect the molecule's conformation and 
reactivity

Neutral Interactions No specific color Lack of significant attractive or repulsive 
interactions

Represents regions with minimal interaction, 
contributing little to the molecule's stability 
or reactivity
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of 3.32 dyn/cm and the training set having a value of 0.18 
dyn/cm. The viscosity for the external test set is recorded 
as 0.17 Log10(cP), while the training set has a value of 
0.10 Log10(cP). The toxicities and physical properties of 
3MPAEMA are presented in Table 17.

However, while the TEST platform facilitates rapid 
estimation of multiple endpoints, the results demonstrate 
a consistent disparity between training and test sets, sug-
gesting potential overfitting in the QSAR models used. For 
several endpoints particularly physical properties such as 
melting point, boiling point, and surface tension model per-
formance was notably better on the training set compared 
to the external test set. This gap raises concerns regard-
ing model generalizability and reliability when applied to 

Table 13   A comprehensive analysis of the RDG vs. sign(λ2)ρ plot for 3MPAEMA

Region in Plot Sign(λ2)ρ Range Type of Interaction Implications for Molecular Behavior

Blue and Green Regions −0.05 to −0.01 Weak attractive interactions such as van der 
Waals forces

Indicates regions of weak non-covalent interac-
tions, contributing to the overall stability and 
molecular packing without significantly affect-
ing reactivity

Negative Red Regions −0.01 to 0 Strong attractive interactions such as hydrogen 
bonds

Represents regions of strong attractive forces, 
playing a crucial role in stabilizing the molecu-
lar conformation and influencing binding 
properties

Positive Red Regions 0 to + 0.05 Repulsive interactions due to steric clashes or 
close atomic proximity

Indicates regions of steric hindrance, which may 
affect the molecular conformation, reactivity, 
and steric accessibility

Neutral Regions Close to 0 Lack of significant non-covalent interactions Represents regions where the electron density 
is relatively uniform, contributing little to the 
molecule's non-covalent interaction profile

Fig. 14   Non-covalent interactions (NCI) analyses for 3MPAEMA

Fig. 15   Reduced density 
gradient (RDG) analyses for 
3MPAEMA
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Table 14   Electron Localization Function (ELF) Summary

Region ELF Value Range Type of Electron Localization Implications for Molecular Behavior

High Localization (Red Regions) 0.9—1.0 Strong localization, corresponding to cova-
lent bonds or lone pairs

Indicates areas with high electron density, 
suggesting strong covalent bonding or 
presence of lone pairs, contributing to 
molecular stability and specific reactivity 
sites

Moderate Localization (Green to 
Yellow Regions)

0.4—0.8 Moderate electron localization, often found 
in non-bonding regions

Represents regions of intermediate electron 
density, indicating weak interactions or 
regions with potential electronic flex-
ibility

Low Localization (Blue Regions) 0.0—0.3 Delocalized electron density, such as in 
aromatic systems

Indicates regions with low electron locali-
zation, often associated with electron 
delocalization or metallic bonding, 
influencing the molecule's reactivity and 
aromatic character

Neutral Regions Around 0.5 Uniform electron distribution, lack of 
significant localization

Represents regions with relatively uniform 
electron density, contributing little to 
chemical reactivity or specific interactions

Fig. 16   Electron localization function (ELF) for 3MPAEMA
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Table 15   Total electrostatic potential (ESP) summary

Region ESP Value Range Type of Electrostatic Interaction Implications for Molecular Behavior

Positive Potential Regions (Red) 0.05 to 0.10 Electron-deficient areas, potential sites for 
nucleophilic attack

Indicates regions where nucleophiles might 
interact, suggesting potential reactivity 
sites for electrophilic substitution or bind-
ing interactions

Neutral Potential Regions (Green) −0.02 to + 0.02 Balanced electron distribution, lack of 
significant charge

Represents regions with minimal reactivity, 
contributing little to specific chemi-
cal interactions but providing a stable 
environment

Negative Potential Regions (Blue) −0.10 to −0.05 Electron-rich areas, potential sites for 
electrophilic attack

Indicates regions where electrophiles might 
interact, suggesting potential reactiv-
ity sites for nucleophilic substitution or 
hydrogen bonding

Transition Regions −0.02 to + 0.05 Gradual change in electrostatic potential Represents areas where the electrostatic 
potential transitions from negative to posi-
tive, indicating regions of potential dipole 
interactions and molecular polarity

Fig. 17   Total electrostatic potential (ESP) for 3MPAEMA
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novel compounds. Overfitting may occur when the model 
becomes too tailored to the training data, capturing noise 
rather than true predictive patterns. Therefore, while the 
low prediction error within the training set may indicate 
internal consistency, the reduced accuracy in external test 
predictions highlights the need for caution in interpreta-
tion. Future improvements may involve using larger and 
more diverse training datasets, applying rigorous valida-
tion techniques (e.g., cross-validation), and incorporating 
consensus modeling to mitigate overfitting and improve 
external predictive power. Acknowledging these limitations 
is essential for ensuring the credibility and applicability of 
QSAR-based toxicity assessments [79, 80].

3.9.1 � Model Performance and Generalization in Toxicity 
Predictions

The Fathead Minnow LC50 (96 h) graphs depict the distri-
bution of the lethal concentration of the toxic compound for 
Fathead minnow fish in both the external test and training 
sets. A broad and irregular distribution in the external test set 
indicates lower prediction accuracy of the model, whereas 
a narrower and more concentrated distribution in the train-
ing set suggests that the model learned these data better and 
has a higher capability to make accurate predictions. The 
Daphnia Magna LC50 (48 h) graphs represent the lethal con-
centrations encountered by the organism when exposed to 

Table 16   Average Local Ionization Energy (ALIE) Summary

Region ALIE Value Range Type of Ionization Energy Implications for Molecular Behavior

High ALIE Regions (Red) 1.5–2.0 High ionization energy, tightly bound elec-
trons

Indicates regions of high stability and low 
reactivity, suggesting areas less likely to 
participate in chemical reactions

Moderate ALIE Regions 
(Green to Yellow)

0.5–1.5 Moderate ionization energy, balanced electron 
binding

Represents regions with moderate stability, 
potentially involved in specific interactions 
but less reactive than low ALIE regions

Low ALIE Regions (Blue) 0.0–0.5 Low ionization energy, loosely bound elec-
trons

Indicates regions of high reactivity, prone to 
electron removal and nucleophilic attack, 
suggesting potential sites for chemical 
reactions

Transition Regions 0.5–1.0 Gradual change in ionization energy Represents areas where the ionization energy 
transitions, indicating regions with potential 
dipole interactions and moderate chemical 
activity

Fig. 18   Average local ionization 
energy (ALIE) for 3MPAEMA
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the toxic compound. Differences between the distributions 
in the external test set and the training set provide insights 
into the model's performance and its ability to generalize to 
external data. In the Tetrahymena Pyriformis IGC50 (48 h) 
graphs, more scattered data points in the external test set 
suggests lower model performance on external data, whereas 
the dense and focused data distribution in the training set 
indicates increased prediction accuracy for this organism. 
The Oral Rat LD50 graphs allow for the observation of how 
the lethal doses of the toxic substance change across the 
external test and training sets. A more concentrated data 
distribution in the training set signifies better model perfor-
mance on this data. Bioconcentration factor graphs visualize 
the tendency of toxic substances to accumulate within living 
organisms. Similarities between the training and external 
test sets indicate the model's success in learning these fac-
tors and its generalization capability. When comparing the 
model's performance across different physical and chemical 
properties in both the external test and training sets, limita-
tions in the model's ability to adapt to external data were 
observed in some properties. This suggests that the model 
may require additional training data to improve its generali-
zation capabilities.

3.9.2 � Oral Toxicity Prediction and Molecular Docking 
Analyses

According to the data obtained with ProTox 3.0 and given 
in Table 18, both compounds exhibit significant activity 
on respiratory and neurological pathways, indicating the 
potential for systemic effects. Organ toxicity parameters 
such as hepatotoxicity and neurotoxicity have been classi-
fied as"inactive"(with probabilities of 60% and 58%, respec-
tively). This suggests that the compound does not exhibit 
significant toxic effects on the liver and nervous system. 
Nephrotoxicity and respiratory toxicity have been predicted 
as active (with probabilities of 70% and 52%, respectively). 
This indicates that the compound may have potential toxic 
effects on the kidneys and respiratory system. Cardiotoxicity 
is classified as inactive (with a probability of 67%), indicat-
ing a low risk of significant toxic effects on the heart. Carci-
nogenicity, immunotoxicity, mutagenicity, and cytotoxicity 
have been evaluated as inactive. The probability of immu-
notoxicity being inactive is high (87%). The blood–brain 
barrier (BBB) and clinical toxicity have been classified as 
active (with probabilities of 60% and 61%, respectively). 
This suggests that the compound may have systemic and 

Table 17   Toxicities and 
physical properties of 
3MPAEMA

Endpoint MAE* *Mean absolute error Sets

Fathead minnow LC50 (96 h) 0.83 -Log10(mol/L) external test set
0.35 training set

Daphnia magna LC50 (48 h) 0.59 -Log10(mol/L) external test set
0.28 training set

T. pyriformis IGC50 (48 h) 0.20 -Log10(mol/L) external test set
0.28 training set

Oral rat LD50 0.03 -Log10(mol/kg) external test set
0.17 training set

Bioconcentration factor 0.38 Log10 external test set
0.50 training set

Normal boiling point 19.91 °C external test set
25.56 training set

Vapor pressure at 25 °C 0.74 °C external test set
0.37 training set

Melting point 46.33 °C external test set
77.83 training set

Flash point 8.26 °C external test set
12.09 training set

Density 0.05 g/cm3 external test set
0.01 training set

Surface tension at 25 °C 3.32 dyn/cm external test set
0.18 training set

Viscosity at 25 °C 0.17 Log10(cP) external test set
0.10 training set

Water solubility at 25 °C 0.28 Log10(mol/L) external test set
0.53 training set
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Table 18   Results for similar chemicals

Classification Target Prediction Probability

Organ toxicity Hepatotoxicity Inactive 0.60
Organ toxicity Neurotoxicity Inactive 0.58
Organ toxicity Nephrotoxicity Active 0.70
Organ toxicity Respiratory toxicity Active 0.52
Organ toxicity Cardiotoxicity Inactive 0.67
Toxicity end points Carcinogenicity Inactive 0.64
Toxicity end points Immunotoxicity Inactive 0.87
Toxicity end points Mutagenicity Inactive 0.62
Toxicity end points Cytotoxicity Inactive 0.63
Toxicity end points BBB-barrier Active 0.60
Toxicity end points Ecotoxicity Inactive 0.67
Toxicity end points Clinical toxicity Active 0.61
Toxicity end points Nutritional toxicity Inactive 0.61
Tox21-Nuclear receptor signaling pathways Aryl hydrocarbon Receptor (AhR) Inactive 0.66
Tox21-Nuclear receptor signaling pathways Androgen Receptor (AR) Inactive 0.98
Tox21-Nuclear receptor signaling pathways Androgen Receptor Ligand Binding Domain (AR-LBD) Inactive 0.97
Tox21-Nuclear receptor signaling pathways Aromatase Inactive 0.93
Tox21-Nuclear receptor signaling pathways Estrogen Receptor Alpha (ER) Inactive 0.83
Tox21-Nuclear receptor signaling pathways Estrogen Receptor Ligand Binding Domain (ER-LBD) Inactive 0.96
Tox21-Nuclear receptor signaling pathways Peroxisome Proliferator Activated Receptor Gamma (PPAR-Gamma) Inactive 0.91
Tox21-Stress response pathways Nuclear factor (erythroid-derived 2)-like 2/antioxidant responsive element 

(nrf2/ARE)
Inactive 0.73

Tox21-Stress response pathways Heat shock factor response element (HSE) Inactive 0.73
Tox21-Stress response pathways Mitochondrial Membrane Potential (MMP) Inactive 0.87
Tox21-Stress response pathways Phosphoprotein (Tumor Suppressor) p53 Inactive 0.78
Tox21-Stress response pathways ATPase family AAA domain-containing protein 5 (ATAD5) Inactive 0.93
Molecular Initiating Events Thyroid hormone receptor alpha (THRα) Inactive 0.57
Molecular Initiating Events Thyroid hormone receptor beta (THRβ) Inactive 0.67
Molecular Initiating Events Transtyretrin (TTR) Inactive 0.74
Molecular Initiating Events Ryanodine receptor (RYR) Inactive 0.91
Molecular Initiating Events GABA receptor (GABAR) Inactive 0.69
Molecular Initiating Events Glutamate N-methyl-D-aspartate receptor (NMDAR) Inactive 0.97
Molecular Initiating Events alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionate receptor 

(AMPAR)
Inactive 1

Molecular Initiating Events Kainate receptor (KAR) Inactive 0.99
Molecular Initiating Events Achetylcholinesterase (AChE) Inactive 0.84
Molecular Initiating Events Constitutive androstane receptor (CAR) Inactive 0.99
Molecular Initiating Events Pregnane X receptor (PXR) Inactive 0.68
Molecular Initiating Events NADH-quinone oxidoreductase (NADHOX) Inactive 0.69
Molecular Initiating Events Voltage gated sodium channel (VGSC) Inactive 0.65
Molecular Initiating Events Na +/I- symporter (NIS) Inactive 0.72
Metabolism Cytochrome CYP1A2 Inactive 0.73
Metabolism Cytochrome CYP2C19 Inactive 0.76
Metabolism Cytochrome CYP2C9 Inactive 0.59
Metabolism Cytochrome CYP2D6 Inactive 0.80
Metabolism Cytochrome CYP3A4 Active 0.54
Metabolism Cytochrome CYP2E1 Inactive 0.99
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neurological effects. Ecotoxicity and nutritional toxicity 
have been predicted as inactive. Targets such as Aryl Hydro-
carbon Receptor (AhR) and Androgen Receptor (AR) have 
been classified as"inactive"supported by high confidence 
levels (83–98%). Other targets such as estrogen receptors 
(ER and ER-LBD) and PPAR-gamma have also been evalu-
ated as inactive. Nrf2/ARE, HSE, and other stress response 
pathways have been classified as inactive. Specifically, 
predictions for MMP and ATAD5 are supported by high 
probabilities (87% and 93%, respectively). This indicates 
a low potential for the compound to trigger cellular stress 
responses. All molecular targets, such as thyroid hormone 
receptors (THRα and THRβ), GABA receptor (GABAR), 
and voltage-gated sodium channel (VGSC), have been clas-
sified as inactive. This suggests that the compound does not 
significantly interact with these receptors. Most cytochrome 
P450 enzymes (e.g., CYP1A2, CYP2D6) have been classi-
fied as inactive. However, CYP3A4 is predicted to be active 
(with a probability of 54%). This may indicate that the com-
pound could be metabolized by this enzyme. In the study, 
the interaction of 3MPAEMA with target proteins identified 
through protox analysis was also investigated using molecu-
lar docking analysis. According to the results obtained, the 
binding energy for the CYP3A4 proteins was greater than 
−7 kcal/mol. The CYP3A4 protein, which is responsible 
for the biotransformation of drugs/chemicals, was identified 
as"active"in the protox analysis. Consistent with the protox 
analysis, the binding energy determined in the molecular 
docking analysis was −7.1 kcal/mol. Cytochrome P450 3A4 
(CYP3A4) is the primary enzyme responsible for the oxida-
tive metabolism of numerous drugs. Inhibiting this enzyme 
often results in the unwanted buildup of the administered 
therapeutic compound [78]. It is not known which CYP 
enzyme biotransforms the studied molecules. They may 
also be metabolized by the CYP1A1 enzyme. Experimental 
studies are needed to clarify this situation. The interaction 
of 3MPAEMA with Human toxicity proteins provides cru-
cial insights into its biocompatibility, potential toxicity, and 
binding specificity. The binding position and the number of 
hydrogen bonds formed between 3MPAEMA and various 
human toxicity proteins are analyzed using Fig. 19, which 
illustrate different binding configurations. The two-dimen-
sional (2D) and three-dimensional (3D) molecular structures 
were generated using ChemDraw Ultra 8.0 and GaussView 
6.0. To construct reliable 2D-QSAR models and assess the 
relationship between structural features and inhibitory activ-
ity, a wide range of molecular descriptors were calculated 
for each compound in the dataset using three computational 
tools [81]. Such computational analyses guide the rational 
design of more potent and selective next-generation mol-
ecules [82]. The compounds detailed in reference were 
employed as an external test set to gauge the robustness and 
predictive power of the 3D-QSAR models [83].

For molecular docking analysis, human toxicity proteins 
were selected, and their corresponding PDB codes are listed 
in the Table 19.

3.10 � Molecular Docking and Dynamic Analyses 
with STAT3 Protein

The three-dimensional structures of the proteins were 
obtained in PDB file format from the RCSB PDB protein 
database (https://​www.​rcsb.​org/). Molecular docking calcu-
lations were conducted using AutoDock, and the interac-
tions, including hydrogen (H)-bonds, were visualized using 
the Seamdock online tool. Molecular dynamics analyses of 
the protein and protein–ligand complexes were carried out 
using WebGro. The stability of the protein in both unbound 
and ligand-bound states was graphically depicted using 
RMSD plots. The binding energies of 3MPAEMA to Homo 
sapiens protein STAT3 (PDB ID: 6NJS) protein were calcu-
lated using the Autodock Vina, Seamdock programs. The 3D 
structure of STAT3 is given in Fig. 20. The binding energies 
of 3MPAEMA to STAT3 proteins are shown in Table 20, 
Fig. 21.

To validate the docking method, 3MPAEMA-STAT3 was 
placed at the binding site and analyzed with both Autodock 
and Seamdock. The Autodock analysis yielded a value of 
6.9 kcal/mol, while the Seamdock analysis yielded a value 
of 6.8 kcal/mol. The molecular dynamics studies analyzed 
the structure of the STAT3 protein and its complex with 
3MPAEMA. Figure 22 illustrates these analyses, focus-
ing on the STAT3 protein alone and its interaction with 
3MPAEMA. The RMSD values of the protein–ligand 
complexes during the 50 ns molecular dynamics simula-
tions exhibited stability, oscillating between 0.3 and 0.4 nm 
(3.0–4.0 Å), signifying that the complexes maintained their 
structural integrity throughout the simulation (Fig. 22 and 
23). RMSD graphs, which measure the stability of a com-
plex structure over time, reveal that the RMSD value for 
the STAT3 protein remains steady at 0.25 nm. Meanwhile, 
the stability of the STAT3-3MPAEMA complex stabilizes 
at 0.5 nm and is maintained 50 ns. In the hydrogen bond 
analysis, an increase in the number of bonds correlates with 
a reduction in the energy levels of pharmacological systems. 
The findings suggest that the average energies of the STAT3-
3MPAEMA complex are higher than those of the STAT3 
protein alone, indicating a more effective solubilization 
effect for the STAT3-3MPAEMA combination compared to 
other compounds. Figure 21 and Table 20 summarizes the 
molecular dynamics study, presenting the stability of bind-
ing energies for the STAT3 protein and its complex with 
3MPAEMA. Figure 23 shows the molecular dynamics study 
showing the stabilities of the binding energies of STAT3 
protein and STAT3-3MPAEMA combinations.

https://www.rcsb.org/


	 Brazilian Journal of Physics (2025) 55:269269  Page 24 of 35

In the in silico docking and dynamic analysis, 3MPAEMA 
showed favorable binding affinity toward STAT3, with key 
interactions observed at the SH2 domain, which is crucial 
for STAT3 dimerization and activation. The binding energy 
and interaction profiles suggest that 3MPAEMA may act 
as a potential STAT3 inhibitor. These findings indicate 
that 3MPAEMA could interfere with STAT3 signaling, 
which is upregulated in various cancer types. STAT3 is a 

well-established oncogenic transcription factor involved in 
tumor proliferation, survival, immune evasion, and angio-
genesis [84, 85]. Its persistent activation has been observed 
in many human malignancies. Therefore, targeting STAT3 
offers significant therapeutic potential. Our study supports 
this by suggesting that 3MPAEMA might contribute to 
STAT3 inhibition, opening avenues for further development 
as an anticancer agent.

Fig. 19   Binding configurations 
of 3MPAEMA with human 
toxicity (a-t demonstrate the 
interactions of 3-MPAEMA 
with human toxicity-associated 
proteins, respectively)
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Fig. 19   (continued)
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Fig. 19   (continued)

Table 19   Binding position and number of hydrogen bonds of 3MPAEMA to human toxicity proteins

Proteins and PDB ID code Binding energy 
(kcal/mol)

Hydrogen Bound 
number

Androgen Receptor (AR) (PDB ID: 1T5Z) -6.8 5
Aromatase (PDB ID: 3S79) -6.5 3
Estrogen Receptor Alpha (ER) (PDB ID: 1A52) -6.9 2
Peroxisome Proliferator Activated Receptor Gamma (PPAR-Gamma)( PDB ID: 1I7I) -5.5 3
Nuclear factor (erythroid-derived 2)-like 2/antioxidant responsive element (nrf2/ARE) (PDB ID: 5WFV) -6.8 4
Heat shock factor response element (HSE) (PDB ID: 5HDG) -4.8 4
Mitochondrial Membrane Potential (MMP) (PDB ID: 1A1U) -4.8 1
Thyroid hormone receptor alpha (THRα) (PDB ID: 2h77) -6.8 2
Transtyretrin (TTR) (PDB ID: 1BZ8) -5.7 5
Ryanodine receptor (RYR) (PDB ID: 6Y4P) -5.3 3
GABA receptor (GABAR) (PDB ID: 3BYA) -6.1 9
alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionate receptor (AMPAR) (PDB ID: 2WJW) -6.3 6
Constitutive androstane receptor (CAR) (PDB ID: 1XVP) -6.8 0
Pregnane X receptor (PXR) (PDB ID: 1ILG) -6.7 0
Voltage gated sodium channel (VGSC) (PDB ID: 4DJC) -5.4 5
Na+/I- symporter (NIS) (AlphaFold*:
AF-Q92911-F1
*(https://​www.​alpha​fold.​ebi.​ac.​uk/)

-5.4 1

Cytochrome CYP1A2 (PDB ID: 2HI4) -6.1 1
Cytochrome CYP2C9 (PDB ID: 5A5I) -6.5 1
Cytochrome CYP3A4 (PDB ID: 1TQN) -7.1 3
Cytochrome CYP2E1 (PDB ID: 3E4E) -6.7 3

https://www.alphafold.ebi.ac.uk/
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Root Mean Square Fluctuation (RMSF) analysis was 
performed to evaluate the flexibility of each residue dur-
ing molecular dynamics simulations for the apo form of the 
protein and the ligand-bound complex [86, 87]. RMSF val-
ues provide insight into residue-specific mobility and may 
reflect conformational changes upon ligand binding. As 
shown in Fig. 24 apo protein and protein–ligand complex, 
both systems exhibit generally low to moderate fluctuations 
in most regions of the protein, especially in the structured 
core domains (approximately 50–300 residues). However, 
notable differences were observed, especially in the terminal 
regions. In the apo form, a significant increase in fluctuation 
was detected in the C-terminal region, indicating substantial 
flexibility, with RMSF values reaching up to ~ 0.9 nm. The 
corresponding region in the protein–ligand complex showed 
a markedly reduced fluctuation, with RMSF values peaking 
at approximately 0.5 nm. This decrease suggests that ligand 
binding provides additional stability to the C-terminal resi-
dues, possibly through direct or allosteric interactions that 
restrict the conformational freedom of this segment.

An overall decrease in RMSF values was observed in 
several other regions of the protein upon ligand bind-
ing, indicating a global stabilizing effect induced by the 
ligand. This suggests that ligand interaction may pro-
mote a more compact and stable conformation, poten-
tially increasing functional or structural integrity. These 

Fig. 20   3D structure of STAT3 (https://​www.​rcsb.​org/​3d-​view/​
6NJS/1)

Table 20   Binding position and number of hydrogen bonds of 
3MPAEMA to STAT3 protein

STAT3 (6NJS) Binding energy 
(kcal/mol)

Hydrogen 
Bound number

Binding position

3MPAEMA −6,9 10 Figure 21

Fig. 21   a-d. Binding position of 
3MPAEMA to STAT3 protein

https://www.rcsb.org/3d-view/6NJS/1
https://www.rcsb.org/3d-view/6NJS/1
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findings suggest that ligand binding significantly regu-
lates the dynamic behavior of the protein, primarily by 
reducing the flexibility of key regions. This stabilization 

may be crucial for the proper functioning and structural 
maintenance of the protein in its active or ligand-bound 
state.

Fig. 22   RMSD and Hydro-
gen bounds graphs of STAT3 
proteins

Fig. 23   RMSD and Hydrogen 
bounds graphs of STAT3-
3MPAEMA complex
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In the first 5,000  ps, the Ligand–Protein complex 
showed a sharp drop in Rg, suggesting quick structural 
compaction in the early phases of the simulation. In con-
trast to the single protein, the Rg values showed rather 
more noticeable oscillations during the remaining simula-
tion period. Even though both graphs eventually stabilized 
within a comparable Rg range (2.06–2.08 nm), the fluctua-
tion behavior raises the possibility that the Rg graph of 

protein–ligand complex has less internal stabilization or 
greater structural flexibility. When all results are consid-
ered, show that although both systems achieve a compara-
ble level of compactness, the Rg graph of proteins seems 
to go through a slower but more stable conformational 
shift, whereas the Rg graph of protein–ligand complex 
compactions quickly but retains more dynamic flexibility 
(Fig. 25).

Fig. 24   RMSF graph of A) 
STAT3 B) STAT3-3MPAEMA
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The protein and protein–ligand complex of solvent acces-
sible surface area (SASA) plots show diverse patterns dur-
ing the 50 ns simulation period, suggesting that the ligands 
interact with the systems differently (Fig. 26). The SASA 
value in the protein plot exhibits a sharp drop from about 
190 nm2 to about 165 nm2 in the first 5 ns, followed by slow 
variations that stabilize about 160–170 nm2. This pattern 
points to a reasonably stable conformational state after an 
initial structural rearrangement that is probably related to 
ligand binding or solvation effects. But the protein–ligand 
complex plot shows a more noticeable and quicker drop in 
SASA from about 190 nm2 to 160 nm2 in the first few nano-
seconds, followed by the emergence of a more stable plateau 
phase. In contrast to the protein plot, the second system's 
smaller fluctuation range points to a more compact and sta-
ble complex development. All things considered, the Pro-
tein–ligand complex plot’ sharper initial SASA decrease and 
less volatility suggest a stronger or more stable molecular 
connection, maybe because of tighter binding or less confor-
mational flexibility. These results can result from variations 
in molecular packing efficiency or ligand affinity.

Molecular docking and molecular dynamics simulations 
of the MPAEMA molecule with its STAT3 target protein 
have demonstrated a stable and energetically advantageous 
contact between the two entities. The maintenance of the 
binding conformation and the stability of hydrogen bonds 
throughout the dynamic simulation corroborate the poten-
tial inhibitory impact of MPAEMA on STAT3. STAT3 is a 
crucial transcription factor that is persistently active in vari-
ous cancer types and facilitates activities including tumor 
proliferation, survival, angiogenesis, and immune evasion 
[88, 89]. The association of MPAEMA with the active 
domain of STAT3 indicates that this factor may suppress 
the transcriptional function of STAT3, thereby diminishing 
the production of oncogenic genes such as Bcl-2, survivin, 
and VEGF [90–92]. Previous studies have demonstrated that 
small compounds targeting STAT3 inhibit tumor formation, 
perhaps with selectivity for cancer cells, given that STAT3 
is more prevalent in tumor tissues than in normal tissues 
[93]. It is believed that a portion of MPAEMA's anticancer 
impact is mediated by the suppression of STAT3, and this 
effect may be selective.

Fig. 25   Rg (Radius of Gyration) graphs A) Protein B) Protein–ligand complex
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4 � Conclusion

This study analyzes the synthesis, characterization, 
and computational evaluation of the novel compound 
2-(3-methoxyphenylamino)−2-oxoethyl methacrylate 
(3MPAEMA), emphasizing its potential for diverse scien-
tific and biomedical applications. Utilizing a combination 
of spectroscopic techniques and advanced computational 
methods—including Density Functional Theory (DFT), 
Natural Bond Orbital (NBO) analysis, and Frontier Molecu-
lar Orbital (FMO) analysis—we gained significant insights 
into the molecule’s structural and electronic properties. 
These analyses revealed the compound’s favorable stability, 
reactivity, and thermochemical characteristics, indicating its 
potential utility in areas such as polymer synthesis, tissue 
engineering, and drug delivery.

Toxicological evaluations using the Toxicity Estimation 
Software Tool (TEST) and QSAR-based methodologies 
indicated a moderate toxicity profile. Although 3MPAEMA 
showed low toxicity risks for critical endpoints such as carci-
nogenicity, mutagenicity, and immunotoxicity, we identified 

potential concerns such as nephrotoxicity, respiratory toxic-
ity, and blood–brain barrier (BBB) permeability. Metabolic 
interaction with cytochrome P450 enzyme CYP3A4 sug-
gests considerations for its pharmacokinetic behavior in drug 
development.

The study explored the therapeutic potential of 
3MPAEMA as an inhibitor of the oncogenic transcription 
factor STAT3, a protein associated with several malignan-
cies and inflammatory conditions. In silico docking and 
molecular dynamics (MD) simulations revealed strong bind-
ing affinity and stable interaction of 3MPAEMA at the SH2 
domain of STAT3. These results suggest that 3MPAEMA 
holds promise as a STAT3-targeting agent in cancer therapy.

This study highlights the Multifaceted potential of 
3MPAEMA across materials science and biomedical 
domains. Integrating experimental and computational 
approaches provided a solid framework for evaluating its 
physicochemical, biological, and pharmacological proper-
ties. However, we recommend further in vitro and in vivo 
studies to validate its therapeutic efficacy and safety profile 
before clinical translation.

Fig. 26   SASA graphs A) Protein B) Protein–ligand complex
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