Cell. Mol. Biol. (ISSN: 1165-158X)

Journal Homepage: www.cellmolbiol.org

Cellular and Molecular Biology

Original Article

Identification of small-molecule inhibitors targeting HER?2 for breast cancer

Check for
updates

therapy using structure-based virtual screening, ADMET profiling, and molecular

dynamics simulations

Hanadi M Baeissa, Israa Jameel Hakeem”

Department of Biological Sciences, College of Science, University of Jeddah, Jeddah, Postal Code 21589 Saudi Arabia

Article Info

Abstract

Article history:

Received: November 17, 2025
Accepted: January 23, 2026
Published: March 31, 2026

Use your device to scan and read
the article online

Human epidermal growth factor receptor 2 (HER2) is one of the key drivers of oncogenesis in HER2+ breast
cancer. The overexpression resulted in uncontrollable cell division and additional tumor growth. Despite the
current clinical therapeutics such as Tucatinib, Lapatinib, and Neratinib, the demand for novel inhibitors still
exists. The research aimed to employ a multi-step computational framework for the discovery of highly effec-
tive small molecule inhibitors. The crystal structure of HER2 (PDB: 3PPO) was retrieved, and subsequently,
virtual screening of small molecules was carried forward with the Mcule library. The screening resulted in
filtering 100 compounds, out of which 45 were found to be non-toxic and had good ADME properties. BOI-
LED-egg analysis predicted favorable HIA and BBB permeability properties surpassing the performance of
clinically approved HER2 inhibitors. The docking studies singled out 11 compounds that had a high affinity
towards the protein. On filtering those, the top two compounds achieved the best binding energies of -9.9 kcal/
mol and -9.8 kcal/mol, respectively, outperforming the reference inhibitors. Moving ahead, 100 ns MD simu-
lations confirmed enhanced stability, lower RMSF values, higher compactness, better solvation free energy,
and persistent hydrogen bonding throughout the simulation period, showing the comparable results to the
inhibitor. In comparison, findings reveal that Compound 1 hits structurally and energetically outperforming
the existing therapeutics. Compound 2 showed a little less impact than compound 1, but can be considered as
well as surpassing all the parameters successfully. Thereby, making the potential lead candidates for further

model, Molecular dynamics.

experimental validation in breast cancer therapy.
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1. Introduction

The initial point for the formation of complex multi-
cellular organisms made up of thousands to millions of
cells is single-fertilized eggs. Each cell lineage accumu-
lates mutations as a result of several mutational mecha-
nisms during the lifetime of the organism [1]. Different
mutational mechanisms cause the accumulation of genetic
changes in cell lineages during the lifetime of the orga-
nism. While many of these mutations are innocuous, some
allow cells to evade regular cell cycle regulators, resulting
in uncontrolled growth, proliferation, and eventually can-
cer.

Cancer is described not only as one but as a multi-stage
disease, two aspects of a series of genetic changes that are
necessary both to start and further the tumor [2, 3]. Larger
and longer-living animals are statistically more prone to
cancer because each cell division is a chance for mutation.
In many cases, tumor cells have DNA & RNA almost iden-
tical to an organism, thus they escape the immune system,
especially if it is immune compromised [4, 5]. By 2020,
cancer became the leading cause of death worldwide, with

an estimated 10 million fatalities [6].

Breast cancer is the most common malignancy in wo-
men worldwide and a major health concern in developing
countries such as India. In 2020 alone, 2.3 million women
were diagnosed with the disease, accounting for 685,000
fatalities [7]. The disease is extremely diverse, beginning
in either the glandular tissues (lobules and ducts) or the
stromal supporting tissues of the breast. Breast cancer
classification has progressed from early history markers
like estrogen receptor expression in the 1980s to modern
molecular profiling, such as HER2 [8].

Current molecular subtypes are identified using DNA
microarrays that include Luminal A, B, HER-2, and Triple
Negative breast cancer. Luminal A (ER+, PR+, and HER2-
), the most common subtype that carries the prognosis cha-
racterized as being Hormone Receptor Positive. These tu-
mors tend to grow more slowly. Luminal B (ER+, PR-, and
HER2-), are hormone receptor positive but are differentia-
ted by being HER2 negative, containing higher expression
profiles. HER- 2 + (ER-, PR-, and HER2+) tumors are des-
cribed by overexpression of the human epidermal growth

x Corresponding author.

E-mail address: ijhakeem@uj.edu.sa; israajhakeem@gmail.com (1. J. Hakeem).

Doi: http://dx.doi.org/10.14715/cmb/2025.72.3.6



https://portal.issn.org/resource/issn/1165-158X
http://crossmark.crossref.org/dialog/?doi=10.14715/cmb/2024.71.3.6&domain=pdf

https://www.openaccess.nl/en/what-is-open-access

Structure-based discovery of HER2 inhibitors.

Cell. Mol. Biol. 2026, 72(3): 45-53

factor receptor 2 protein and are typically ER-. Last, Triple
Negative Breast Cancer (TNBC) is characterized by the
absence of ER-, PR-, and HER2-. These tumors have
worse prognosis than any other molecular subtype [9—12].

Human epidermal growth factor receptor 2 (HER2) is
a 185kDa protein belonging to the EGFR family. It's made
up of an extracellular domain with four sub-domains, a
transmembrane region, and an intracellular tyrosine kinase
domain. The major distinguishing feature of HER2 from
other members of the family is that it does not have a li-
gand [13, 14]. It relies on homodimerization or heterodi-
merization to initiate it signaling. Amplification or overex-
pression of the HER2 gene results in an excessive number
of growth-promoting proteins, activation of downstream
pathways such as PI3K/AKT and Ras/Raf/MEK/MAPK,
and inhibition of apoptosis, which in turn leads to tumor
invasion, local progression, and distant metastasis[ 15, 16].
The systematic diagram of tumor progression has been
illustrated in Figure 1.

The current therapeutic landscape for HER2+ breast
cancer has been transformed by the development of agents
that target HER2 from various angles, as HER2+ tumors
are driven by the overproduction of the protein that ins-
tructs them to grow uncontrollably. The current scenario
includes a dual blockage approach for the deactivation
of signaling pathways. The incorporation of monoclonal
antibodies, such as pertuzumab, used to block extracel-
lular dimerization and tyrosine kinase inhibitors (TKIs)
such as lapatinib and neratinib to reduce intracellular
autophosphorylation[17, 18]. This study aims to identify
novel small-molecule HER2 inhibitors from the MCULE
libraries using advanced computational techniques, inclu-
ding Structure-Based Virtual Screening (SBVS), ADMET
profiling, multi-score molecular docking, and molecular
dynamics (MD) simulations.
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Fig. 1. Pathway of Overexpression of the HER2 gene.

2. Materials and methodology
2.1. Retrieval and preparation of HER2 protein

3D crystal structure (2.25 A) of the motor domain of hu-
man HER2 (PDB: 3PPO) was retrieved from the Research
Collaboratory for Structural Bioinformatics (RCSB) pro-
tein data bank (PDB) RCSB.org [19]. The apoprotein was
prepared for adopted docking tools by removing undesi-
red heteroatoms, ions, and molecules, e.g., adenosine-5'-
diphosphate, Mg+2, and H20. The CHARMm force
field was then assigned to optimize and minimize the 3D
structure. Further, the Prop Ka https:/www.ddl.unimi.it/
vegaol/propka.htm utility tool was used to keep the proto-
nation states of the protein at pH 7.4 [20-22].

2.2. Structure-based virtual screening

The Mcule https://mcule.com/, an interactive drug
discovery portal provides a rapid and cost-effective way
to identify novel drug candidates [23]. It was used for
high-throughput virtual screen of small molecules from
its library containing over a hundred million synthetically
accessible ligand molecules. A systematic query was set
in the SBVS input search box. Lipinski rule of five (ROS:
MW < 500 Da; HBD < 5; HBA < 10; LogP < 5), polar
surface area (PSA: 140 A?), molar refractivity (40 < MR
< 130), rotatable bonds (RBs) < 10, N and O atoms <=10,
and number of rings (NRs) < 7 filtrations were conside-
red in the Mcule’s SBVS workflow. Sample size, diversity
selection, and similarity search cutoff value for the query
string were respectively taken as 1000, 100, and 0.85.

The Open Babel linear fingerprint search algorithm was
employed to execute the SBVS run as an advanced option
[24, 25]. The remaining search parameters were assigned
default values of the SBVS workflow.

2.3. Retrieval of small molecules

The 2D structure of known inhibitors, viz., Lapatinib
(CID: 208908), Neratinib (CID: 9915743), and Tucatinib
(CID: 51039094) were accessed in structure data format
(SDF) with the help of the PubChem database https://pub-

chem.ncbi.nlm.nih.gov/ [26, 27].

2.4. Conversion of small molecules & optimization

The retrieved molecules require conversion from 2D
to 3D to proceed further. The BIOVIA Discovery Studio
was utilized for the conversion of these molecules to the
required 3D structure format. All selected inhibitors were
energetically optimized and minimized similarly to the
HER?2 protein.

2.5. Toxicity assessment

To remove the unnecessary elements and prevent the
spread of other infections or diseases, the need for chec-
king toxicity before clinical trials is a major requirement.
To follow up on the requirement, the toxicity checker
facility of MCULE was used to examine the presence of
substructures, scaffolds, or moieties, also referred to as
toxophores, found in chemicals that are profoundly corre-
lated with unwanted properties commonly associated with
human and environmental toxicity. Toxicity Checker uses
the robust SMARTS (SMILES arbitrary target specifica-
tion) toxic matching rules. SMARTS is an extension of
SMILES, an acronym of Simplified Molecular Input Line
Entry System, used to represent the computer-ready che-
mical structure of molecules [28, 29].
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2.6. Profiling of ADME

At the early stage of the drug discovery process, mo-
ving with ADME-satisfied compounds is imperative to
find desired results in wet-lab experiments. The filtered
ligands from toxicity profiling criteria were assessed on
ADME parameters, including physicochemical properties,
lipophilicity, pharmacokinetics, drug-likeness, and medi-
cinal chemistry attributes. The consignment was held with
the freely available web tool Swiss-ADME [30, 31].

2.7. Molecular interaction studies

The PDB structure of HER2 was imported to the Auto-
Dock Vina (ADV) interface. The binding box was set at a
grid size of 40 A in each x, y, and z was drawn to cover the
protein binding site area. The dimensions of the grid box
were: In x (12.2935 A), y (24.3815 A), and z (34.9715 A)
axes. ADV parameters for the maximum number of bin-
ding modes per ligand and exhaustiveness were taken as
the default, i.e., 2 and 1. Minimum free energy of binding
(AG) was chosen as a selective parameter to find one of
the best binding affinities and poses for each of the ligand
molecules docked into the active site of HER2 [32-35].

2.8. Molecular dynamics simulation studies

The MD simulation studies enable trapping the motion
of every atom moving in a defined system by providing the
necessary information. On the basis of several parameters,
the top two compounds were selected for simulation stu-
dies with the known inhibitor (Control) at 300K. The simu-
lation was accomplished by the GROMACS (GROningen
Machine for Chemical Simulations) with version 5.1.2.at
the MM level using GROMACS 5.1.2 [36, 37]. The gmx
grep module was used to extract the desired ligands from
the complexes. Server CGenFF (CHARMm general force
field) integrated the hit compounds with control. All doc-
ked complexes were solvated within a dodecahedron box
of water molecules with a margin of 10 A TIP3 (Transfe-
rable Intermolecular Potential). Additionally, the required
boundaries were applied, and charges were neutralized
accordingly by integrating NA+ & Cl- ions. The sys-
tem underwent energy minimization for 25,000,000 steps
using the steepest descent algorithm. Gradually, the sys-
tem temperature was raised from 0 to 300 K during their
equilibration of 100 ps duration at constant NVT (Num-
ber of particles at constant volume & constant tempera-
ture) and NPT (Number of particles at constant pressure
and temperature). Following the equilibration stage, the
particle mesh was combined with the Ewald method [38,
39]. 100ns was applied to conduct the simulation studies
as the last step. Different trajectories, such as root-mean
square deviation, root-mean square fluctuation, solvent
accessible surface area, radius of gyration and free energy
solvation, were performed individually for extracting the
final conclusion of the investigation [40-42].

3. Results
3.1. Structure-based virtual screening

The structure-based virtual screening to filter and
screen out the best molecules from a library of a million
molecules extracted from the Mcule’s library. A total of
100 molecules were selected based on the best fit into the
desired binding pockets of our target HER2 protein. These
molecules successfully fulfilled the criteria of ROS5 and
were then subjected to further steps like toxicity check and

so on. The selected top molecules are listed in Table S1
(Supplement).

3.2. Profiling of toxicity

The toxicity alerts are an indication that depicts which
structure may be harmful for human use, as it may lead
to several serious problems. The molecules that had poor
pharmacokinetics and risk of having mutagenic moieties
were filtered out to prevent any serious risk. The profi-
ling was conducted via online web-based Mcule’s toxicity
risk assessment [43]. The toxicity checker uses SMARTS
algorithms to investigate patterns [44]. As a result, out of
100 compounds, only 49 compounds stood out. The safe
filtered compounds are listed in Table 1.

3.3. Predicting ADME parameters

After the toxic filtration, the next pivotal step in drug
designing is to check for the ADME (Absorption, Distri-
bution, Metabolism, Excretion) parameters. To proceed,
the BOILED or intestinal egg model of SwissADME was
employed, which predicts the threshold of two key ADME
parameters, HIA (Human Intestinal Absorption) and BBB
(Blood Brain Barrier) [45—47]. The intestinal model repli-
cates the original egg consist of a yellow and white part.
The yellow color indicates the physicochemical locations
for BBB permeation, and white represents gastrointesti-
nal tract absorption, respectively. Fortunately, all hits were
recorded within BBB permeation and HIA absorption.
Notably, these compounds resulted in better than selected
inhibitors. Lapatinib and Neratinib inhibitors were obser-
ved outside the model, reflecting negligible absorption but
apparently successful in involving BBB permeation. Whe-
reas, Tucatinib showed some absorption but negligible
BBB permeation. The detailed boiled egg illustration is
shown in Figure 2.

WLOGP < 5.88 and TPSA < 131.6, for lipophilicity
and apparent polarity, were accessed. Blue and red dots
represent P—gp+ and P-gp- molecules. The blue hits that
were rejected by BBB were backout. 45 molecules fulfil-
led the criteria of ADME filtration.

3.4. Analysis of physicochemical properties

WLOGH

1] 0 &0 B0 a0

Fig. 2. Evaluation of passive gastrointestinal absorption (HIA) and
blood-brain barrier (BBB) access in the function of the position of
ligand hits and selected inhibitors using the BOILED-Egg model.
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Table 1. Safe hits molecules filtered from Mcule toxicity checker

S. No. Ligands S. No. Ligands Toxicity Criteria
1 MCULE-9386350598 26 MCULE-2132659354 Pass
2 MCULE-9083675198 27 MCULE-7256289530 Pass
3 MCULE-2082061687 28 MCULE-4042431771 Pass
4 MCULE-9514587152 29 MCULE-8752115040 Pass
5 MCULE-8016227151 30 MCULE-5180351602 Pass
6 MCULE-4420319124 31 MCULE-1328505063 Pass
7 MCULE-7002197612 32 MCULE-7045636868 Pass
8 MCULE-3840783663 33 MCULE-5613555964 Pass
9 MCULE-4544985274 34 MCULE-7443327368 Pass
10 MCULE-9433162170 35 MCULE-1355912164 Pass
11 MCULE-8028742001 36 MCULE-2860715238 Pass
12 MCULE-4638340739 37 MCULE-1986483046 Pass
13 MCULE-2116801361 38 MCULE-6081257779 Pass
14 MCULE-5671860004 39 MCULE-4616972123 Pass
15 MCULE-6264951729 40 MCULE-4297750503 Pass
16 MCULE-5984253496 41 MCULE-4862665716 Pass
17 MCULE-8109420073 42 MCULE-1028628572 Pass
18 MCULE-7057324381 43 MCULE-8084678579 Pass
19 MCULE-8782640423 44 MCULE-1633822804 Pass
20 MCULE-1558627453 45 MCULE-5302780192 Pass
21 MCULE-2454948452 46 MCULE-4063820706 Pass
22 MCULE-7093625408 47 MCULE-1726158340 Pass
23 MCULE-6232409085 48 MCULE-9917566553 Pass
24 MCULE-8046841408 49 MCULE-7280319389 Pass
25 MCULE-9038810560 - - Pass
-NA

The prediction of physicochemical properties depicts
several parameters. The hits showed favorable potentials
for oral bioavailability sticks to Lipinski’s rule of five. The
bioavailability score is a determinant of the oral absorp-
tion of a drug molecule [48, 49]. The score for bioavailabi-
lity score was recorded as 0.55 for all compounds showing
excellent absorption. The maximum molecular weight
recorded for the molecules (MCULE-8782640423) is
400.58 g/mol. The molecular saturation is powered by the
fraction of F' sp’. The ideal range considered for the same
is > or equal to 0.25 [50, 51]. However, the result showed
that 30 compounds exhibited a value less than 0.25. Simi-
larly, TPSA values also showed favorable values within
20-130 A°range, presenting good membrane permeability.
However, the rotatable bond was depicted quite low. Whe-
reas, all the inhibitors exhibited higher MW and rotatable
bonds.

3.5. Lipophilicity & solubility

The lipophilicity can be stated as a partition coefficient
between n-octanol and water (Log Po/w), describing the
most important physical property of a compound. The
mathematical formula for lipophilicity is: Log Po/w =
log (ligand) . ./ (Ligand) . The evaluation is based
on three descriptors by SwissADME XlogP3, WlogP, &
MlogP, having the reference range of -2 to 5, -0.4 to 5.8,
and (< 4.15) [52, 53]. Supportively, the majority of the
compounds gave favorable results. However, the viola-
tions had been noted for the inhibitor Lapatinib. Tucatinib
remained within the range limit. Neratinib also showed a

less lipophilic profile than other compounds.

In the case of solubility, the three descriptors by Swis-
SADME were ESOL, Ali, and SILICOS-IT models were
employed. The range orders are <—10 insoluble, < -6 poor-
ly soluble, < -4 moderately soluble, <-2 soluble, and < 0
highly soluble [45, 54]. The model ESOL showed the least
moderate solubility in compounds. MCULE-7093625408,
MCULE 6081257779, and MCULE-9038810560 reached
the moderately soluble stage, suggesting favorable proper-
ties. Lapatinib, Neratinib classified as insoluble, and Tuca-
tinib showed poor solubility by the SILICOS-IT model.
The detailed analysis is shown in Table S2.

3.6. Molecular docking

For molecular interaction studies, AutoDock Vina by
Mcule is used to identify the best hits compared with the
reference inhibitors. All 45 ligand hits, along with the
three inhibitors Lapatinib, Neratinib, and Tucatinib, were
docked to our target protein. A total of 11 hits were obtai-
ned out of 45, containing the highest energies recorded.
The highest energy obtained by MCULE-9083675198
was -9.9 kcal/mol, while all three inhibitors showed less
energy comparatively. Among the inhibitors, Tucatinib
showed highest binding energy -8.22 kcal/mol. These top
molecules were further studied for simulation studies. The
best binding energies evaluated by the top 11 compounds
are listed in Table 2.

The highest docked complexes were visualized to check
their binding pocket with the help of BIOVIA Discovery
Studio. The top two compounds, MCULE-9083675198
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Table 2. Molecular interaction analysis of top eleven ligand hits with reference inhibitors

S. No. Ligand

Binding Energies (kcal/mol)

MCULE- 9083675198
MCULE-2082061687
MCULE-9514587152
MCULE-8016227151
MCULE-4420319124
MCULE-7002197612
MCULE-3840783663
MCULE-4544985274
MCULE-9433162170
MCULE-8028742001
MCULE-4638340739
Tucatinib- inhibitor
Neratinib- inhibitor
Lapatinib- inhibitor

-9.9
-9.8
-9.7
-9.5
-9.1
-9.0
-8.9
-8.9
-8.8
-8.8
-8.8
-8.22
-8.12
-7.76

and MCULE-2082061687, were picked up with the best
inhibitor, Tucatinib. The 2D and 3D diagrams of all such
complexes were prepared and shown in Figure 3A-F. Dif-
ferent interactions were observed in complexes such as
Van Der Waals, Conventional hydrogen bond, carbon-hy-

=

H

R
[

Interacting residues
& interactions

L o
e

S N i
| e i AL
P
L I
u N X . [0 e
05

AR B @ @ o %
A5 .
i (i

e

=

T
ALST
Bstesactions

[ vancer tiads
- ‘Cormvembonal Hpdragen Berdd
D Larbon Hrdrogen Bord

I 5
=L

Interacting residues
& interactions

Mecule-2082061687 complex Interacting residues

& interactions
Fig. 3. (A) 3D view of the Tucatinib-bound complex (B) 2D dia-
gram showing interacting residues and interactions. (C) 3D view of
the Mcule-9083675198 -bound complex (D) 2D diagram showing
interacting residues and interactions (E) 3D view of the MCULE-
2082061687-bound complex (F) 2D diagram showing interacting
residues and interactions.

drogen bond, alkyl, pi-alkyl, and some pi-sigma and pi-
alkyl bonds.

3.7. Molecular dynamics studies

The final hits MCULE-9083675198 (Compound 1) and
MCULE-2082061687 (Compound 2), having the energies
-9.9 kcal/mol and -9.8 kcal/mol, respectively, obtained
from several parameters, went for dynamic studies along
with the known inhibitors. The studies were conducted at
a duration of 100ns using the GROMACS server. Different
trajectories were depicted to analyze the complex.

3.8. Stability analysis: Root-Mean Square Deviation

To determine the protein stability, the trajectory RMSD
was employed. The study revealed the support of the com-
pounds rather than the inhibitor. The inhibitor showed
various spikes about 1.0nm-1.4nm, while compound 1
showed stability around 0.35 nm, and compound 2 showed
maintaining stability and peaking near 0.90 nm, displaying
the adjustments. The RMSD plot has been illustrated be-
low (Figure 4A). Different colors were used to mark com-
pounds for better analysis.

3.9. Fluctuation analysis: Root-Mean Square Fluctua-
tions

The parameter analyzes how much the compound
residues fluctuated over time, depicting the stability of a
complex. The peaks in the plot (Figure 4B) indicate high
mobility or disordered regions. The average fluctuations
noted for compound 1 were 0.20 nm displaying notable
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Fig. 4. (A) Stability of complexes, Red represents compound 1, Green
represents compound 2, and Blue represents Inhibitor (B) RMSF Plot
representing flexibility of the protein. peaks indicates flexible loop
regions. C1 Is represented in red color, C2 is represented in green
color, and the inhibitor is displayed in blue color.
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peak at the loop regions, 0.15 nm for compound 2, exhibi-
ting the lowest fluctuations, and 0.75 nm and 0.50 nm for
the inhibitor, exhibiting the highest sharp peak, indicating
less control and instability.

3.10. Analysis of solvent-accessible surface area and
solvation free energy

The compactness of protein-ligand complexes was
determined by SASA plots. All the compounds remained
consistent, ranging between 10nm? and 16nm? C1 showed
the average lowest value of ~12.5 nm?, showing compact-
ness compared to other compounds. C2 showed the range
value of 13.0 nm? While the inhibitor showed an average
value of 13.2 nm* showing the highest value. The over-
lapping confirms that the core remains protected from the
solvent. Furthermore, the energy change is predicted by
the delta G (Solvation free energy). The negative values
indicate favorable solvation stability. C1 and C2 showed
good stability, fluctuating between -17.5 and -16.8 kJ/mol.
The sharp dips reaching -24.5 and -22 kJ/mol indicate high
energetic stability. On the other hand, the most fluctuating
compound was the inhibitor having the highest average
solvation energy. Fluctuation is depicted close to -15.5
kJ/mol, showing less energetically favorable than that of
Mcule hits. The plots are illustrated in the diagram (Figure
5).

3.11. Radius of gyration

The Rg indicates the compactness and overall structure
integrity of a protein during the simulation studies over
the period of time. All the compounds exhibited stability.
C1 and Inhibitor was recorded around 2 nm maintain high
stability. C2 showed marginally but maintains stability at
2.02 nm. The lack of significant drift toward higher values
above 2.5 nm for any compound confirms that the protein
remains in a compact. The illustrated plot depicts clears
visualization of compounds (Figure 6A).

3.12. Hydrogen bonds

Throughout the 100ns simulation, the stability of com-
plexes and consistency of these bonds provide the spe-
cificity of compounds. Based on the analysis, C1 main-
tained a high and consistent number of hydrogen bonds,
fluctuating between 3 & 6, showing the highest bonds of
6. C2 in green color exhibits a steady profile exceeding at
4. Adding on, the reference inhibitor shows fluctuations
of bonds between 0 and 4 and drops frequently, depicting
structural shifting. (Figure 6B).

4. Discussion

The present research employed a comprehensive struc-
ture-based computational drug design pipeline for the
identification of novel small molecules as inhibitors tar-
geting the HER2 domain, which is an oncogenic key dri-
ver in breast cancer. Multiple parameters, such as SBVS,
toxicity assessment, ADME profiling using BOILED-Egg,
multimolecular docking, and molecular dynamics simu-
lation studies, have been unified to uncover the potential
lead candidates with improved binding, feasibility, and
stability compared with clinically proven inhibitors [55].
Mcule library was assessed for SBVS containing millions
of compounds to refine with 100 molecules exhibiting
optimal best fitting with our target protein PDB: 3PPO.
Three inhibitors were taken, namely Tucatinib, Lapatinib,
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Fig. 5. SASA & solvation plots representing compactness and solva-
tion free energy of the protein. C1 is represented in red color, C2 is
represented in green color, and the inhibitor is displayed in blue color.
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Fig. 6. (A) Radius of gyration (Rg) of complexes illustrating green
as Cl1, red as C2, and blue as inhibitor maintains compactness and
conformations throughout the simulation. (B) Hydrogen bond plot of
complexes illustrating the evolution of bond counts. Red as C1, green

as C2, and blue as inhibitor over the 100ns of the simulation.

and Neratinib.

In all of these compounds, several compounds demons-
trated stronger predicted binding energies compared to the
known inhibitors. The initial step of screening enriched
the ligands capable of favorable interactions with the bin-
ding pockets of the target protein. This early enrichment of
high-affinity ligands demonstrated the effectiveness of the
virtual screening protocol with strong target specificity.
Additionally, toxicity profiling using SMART-based filters
further focused on refining the hit list by excluding carci-
nogenic molecules. Almost half of the compounds were
dumped out, and only safe hit molecules were retained.
These safe hits prioritize the safety evaluation at an initial
stage of the drug discovery process.

Evaluating ADME profiling by the SWISS-ADME
BOILED-Egg model provides critical insights into the
parameters, such as distribution, absorption, metabolism,
and excretion, to explore the potential of shortlisted com-
pounds. This method predicted that all the retained hit mo-
lecules were found positioned within the favorable region
for HIA (Human Intestinal Absorption), mainly demons-
trating BBB (Blood Brain Barrier) permeability. Unfortu-
nately, the notable remarks were observed by inhibitors
depicting pharmacokinetic limitations, which are essential
attributes for therapeutics. Poor gastrointestinal absorption
was observed by Lapatinib and Neratinib, while Tucatinib
restricted BBB penetration. Apart from that, physicoche-
mical analysis profiling of hit compounds further confir-
med the BOILED-Egg results. All the compounds had
molecular weight, TPSA, and bioavailability scores (0.55)
within the desired satisfactory range, suggesting good
bioavailable drugs. However, some compounds had a low
fraction of SP values, but praising the balance between
molecular rigidity and flexibility maintained in compari-
son with inhibitors was notable. The results of lipophilicity
and solubility showed that most compounds were within
an acceptable logP range and moderate solubility. On the
other hand, Lapatinib was detected as an outlier exceeding
the recommended limits, with non-uniform bioavailability
and poorly soluble or completely insoluble. On an obser-
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ving note, MCULE-9083675198 & MCULE-2082061687
remained outperforming the investigations. Further, mole-
cular docking studies support the investigation of these
two compounds as the strongest binders (-9.9 kcal/mol and
-9.8 kcal/mol) to our targeted protein, exhibiting the best
energies compared to inhibitors (Table 2). Detailed inte-
raction analysis revealed the formation of stable hydrogen
bonds, Van Der Waals interactions with key residues clo-
sely resembled or exceeded those of reference inhibitors,
highlighting the suppression of activity (Figure 3).

Now, to confirm the research studies, these molecules
were further validated through molecular dynamics simu-
lation studies at 100 ns. Different trajectories were ana-
lyzed, such as RMSD, RMSF, SASA, Solvation, Rg, and
hydrogen bonds (Figure 4-8). Compounds maintained good
stability, whereas the reference inhibitor exhibited notable
fluctuations. SASA and solvation free energy supported
these findings. The radius of gyration also confirmed the
compactness throughout the simulation, with no unfolding
events marked. The hydrogen bonding analysis strongly
contributes to the findings. The consistent superiority of
these compounds across all the parameters underscores the
potential of HER2-targeted therapies, providing a strong
foundation for experimental validation.

The study implied a comprehensive structure-based
computational study to screen for small-molecule inhibi-
tors of the HER2 kinase domain. The studies implemented
structure-based virtual screening, toxicity, and ADME
profiling via the BOILED Egg model, docking studies,
and molecular dynamics studies, resulting in obtaining
the two suitable candidates, MCULE-9083675198 &
MCULE-2082061687. The egg model predicted favorable
HIA and BBB permeability for the screened hits success-
fully retrieved by the Mcule library, highlighting the supe-
rior pharmacokinetics profile, gastrointestinal profile, and
minimum BBB penetration compared with known inhi-
bitors. Molecular docking results demonstrated that the
top two compounds had the best binding energies, whe-
reas the dynamics studies confirmed the conformational
stability, minimal fluctuations, favorable solvation ener-
gy, and hydrogen bonding interactions. In view of that,
MCULE-9083675198 gave a consistently robust perfor-
mance across all the findings. Thereby, contribute as a pro-
mising next therapeutic HER2+ inhibitor for breast cancer
therapy and provide foundations for wet-lab experimental
validation in breast cancer therapy.
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