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Abstract

Alzheimer’s disease is the leading cause of cognitive decline worldwide, and the lack of effective disease-modi-
fying treatments has increased interest in synthetic small-molecule scaffolds as alternative therapeutic options
for AD. This study combined network pharmacology, molecular docking, molecular dynamics simulations, and
in vitro experimental validation to evaluate a series of indole-based analogs as candidates for treating Alzheim-
er’s disease. We constructed protein-protein interaction networks centered on Alzheimer’s-related targets
using STRING and Cytoscape. Hub-gene analysis prioritized GSK3B, STAT3, and MMPZ2 for downstream investi-
gation. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway analyses were performed with
the ClueGO plug-in in Cytoscape to identify key pathways involved in disease progression. Binding affinities
between the indole analogs and target proteins were assessed by molecular docking using Molsoft ICM-Pro,
complemented by predictions of ADMET properties and blood-brain barrier permeability. The two selected
compounds and the native ligand were subjected to single-replica molecular dynamics simulations using
CHARMM-GUI and NAMD to evaluate the stability of each protein-ligand complex. For biological validation, we
tested five indole-based analogs at multiple concentrations in N2a neuroblastoma cells using MTT-based cellu-
lar assays under normoxic, hypoxic, and glutamate-induced injury conditions, followed by western blot assess-
ment of GSK-33 phosphorylation. Under normoxia, the MTT-derived ICs, reflects intrinsic cytotoxicity and does
not measure neuroprotection; in the injury models, the reported values are half-maximal protective concentra-
tions. Among the tested compounds, A13 showed the most consistent profile across molecular docking, stable
molecular dynamics behavior, favorable MM /GBSA binding free energy (-8.42 kcal/mol), acceptable ADMET
properties, predicted blood-brain barrier permeability, and neuroprotective activity. In the glutamate-induced
injury model, A13 and A33 showed half-maximal protective concentrations of 1.87 and 2.28 pM, respectively.
Western blot analysis suggested treatment-associated modulation of GSK-3 Ser9 phosphorylation. By com-
bining computational and experimental strategies, this study identified A13 as a candidate GSK-3-modulating
neuroprotective lead rather than a confirmed GSK-3f inhibitor, supported by convergent structural and cellu-
lar evidence that warrants further mechanistic validation and continued development as a therapeutic candi-
date for Alzheimer’s disease.

Keywords: Alzheimer’s disease, indole analogs, network pharmacology, molecular docking, molecular dynam-
ics simulation

Introduction

Alzheimer’s disease (AD) is an irreversible and progres-
sive neurological illness and a major cause of dementia-
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dysfunction, neuroinflammation, and neuronal loss. Al-
though many molecular targets have been studied, trans-
lation into clinical treatments has been unsuccessful ow-
ing to the multifactorial nature of AD, poor blood—brain
barrier (BBB) permeability, single drug target strategies,
and unpredictable toxicity profiles; therefore, there is an
urgent need to identify safe, brain-penetrant, multitar-
get, and pathway-oriented therapeutics using integrative
drug discovery approaches [1, 2]. Glycogen synthase
kinase-3 beta (GSK-3p) is a versatile serine/threonine
protein kinase that regulates glycogen metabolism, cell
cycle progression, apoptosis, gene expression, and neu-
ronal function. It participates in multiple signaling path-
ways, notably the Wnt pathway and the insulin signaling
pathway, where it inhibits glycogen synthase to regulate
glycogen synthesis. Phosphorylation, protein—protein in-
teractions, and subcellular localization tightly control its
activity [3]; phosphorylation at serine 9 (Ser9) inhibits
GSK-3pB, whereas phosphorylation at other regulatory
sites activates the enzyme. Dysregulation of GSK-3f is
implicated in diabetes, cancer, bipolar disorder, and neu-
rodegenerative disorders including AD [4], and inhibiting
this enzyme has been shown to reduce AD pathogenesis
by promoting autophagy [5, 6].

Numerous synthetic and natural scaffolds, such as indoles,
indirubins, paullones, maleimides, and related nitrogen-
containing heterocycles, have been explored as ATP-
competitive inhibitors [7, 8]. Despite significant progress,
clinical application of GSK-3f inhibitors remains limited
because of complex disease relationships, difficulty defin-
ing optimal dosing, and variable therapeutic efficacy [9,
10].

Signal transducer and activator of transcription 3 (STAT3)
may also regulate synaptic plasticity, cell death, and cog-
nitive processes, and its dysregulation has been implicated
in neuroinflammatory and neuronal survival pathways
relevant to AD. Accordingly, STAT3 was retained as a net-
work-derived target in the present analysis; however, the
current study does not establish a direct causal relation-
ship between STAT3 modulation and AP plaque formation
[11]. Reduced STAT3 signaling has been associated with
altered amyloid processing, although the mechanistic se-
quence linking tau-N368-dependent STAT3 inhibition to
AP production and neuritic plaque formation remains un-
defined and is presented here as an association rather than
a demonstrated mechanism. The STAT3 pathway controls
the biological activity of hippocampal neurons, astrocytes,
and microglia, and in animal studies STAT3 activation
mitigated tau-induced cognitive deficits and reversed
synaptic damage and neuronal death [2, 9-12]. The matrix
metalloproteinase-2 (MMP-2), a zinc-dependent protease,
helps control neural network remodeling, neuron—glial
communication, neuroimmune response, BBB function,
and neuronal survival. In AD, MMP-2 has been linked to
BBB integrity, to cerebrospinal fluid biomarker profiles
that correlate with tau, and to AP degradation, while tis-
sue inhibitor of metalloproteinases 2 counter-regulates its
activity [12-16].

Network pharmacology analysis revealed multiple targets

of the nine hub genes (GSK3B, STAT3, GCK, MMP2,
PARPI, MAOA, MAOB, BCL2A1 and ELANE). The se-
lection of GSK-3p, STAT3, and MMP-2 for molecular
docking was guided by three criteria: (A) availability
of high-resolution co-crystallized structures suitable for
structure-based docking; (B) Protein—protein interac-
tion (PPI) network centrality scores with GSK3B ranked
first and STAT3 second by maximum clique centrality
(MCC), while MMP?2 was selected from among the four
genes ranked immediately below STAT3 on structure and
mechanistic grounds rather than on centrality rank; and
(C) direct mechanistic relevance to the core pathologi-
cal features of AD: tau hyperphosphorylation (GSK-3p),
neuroinflammatory signaling (STAT3), and BBB disrup-
tion (MMP-2). PARP1 was not carried forward because
its established role in DNA damage repair is less directly
connected to the tau- and BBB-centered cascade modeled
here, and suitable ligand-bound structures were unavail-
able at the time of the study. MMP2 showed an MCC
score of 6, while PARP1, MAOA and MAOB each scored 5;
of these, only MMP2 was advanced, on the structural and
mechanistic criteria above, as monoamine metabolism and
DNA repair are tangential to the mechanism of the indole
scaffold under study.

Indoles have been widely investigated as potential GSK-
3B inhibitors for treating AD; however, previous investi-
gations have predominantly focused on classical indole-
derived scaffolds. In contrast, the present study evaluated
a structurally distinct series of synthetic indole analogs
bearing substituted aromatic and heterocyclic moieties de-
signed to improve target recognition and neuroprotective
efficacy. To our knowledge, this specific indole analog
series has not previously been evaluated using the inte-
grated network pharmacology, structure-based modeling,
absorption, distribution, metabolism, excretion, and toxic-
ity (ADMET), molecular dynamics (MD), and Neuro-2a
(N2a) cellular workflow applied in the present study.

Materials and methods

Network pharmacology

AD-related genes were retrieved from the GeneCards
database (http://www.genecards.org/) using the search
term “Alzheimer’s disease,” retrieving 5,260 gene entries.
The 1,000 highest-ranked genes by GeneCards relevance
score were exported for subsequent analysis. Putative
molecular targets of the 14 indole analogs were predicted
using Swiss Target Prediction (2019 version, http://
www.swisstargetprediction.ch/). Predicted targets were
pooled across all analogs and de-duplicated. The pooled
compound-target set and the AD gene set were intersected
using Venny v2.1 (https://bioinfogp.cnb.csic.es/tools/ven-
ny/), which identified 232 common drug-AD target genes.
These 232 genes constituted the input set for all subse-
quent analyses and were submitted to the STRING 12.0
database (https://string-db.org/) using the “Homo sapiens”
setting, with the confidence threshold of > 0.9 [17, 18].
The compound-target network was constructed and visu-
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alized using Cytoscape v3.7.1 [19]. The PPI network was
analyzed using the cytoHubba plug-in (v0.1) in Cytoscape
v3.7.1. Nodes were ranked by the MCC algorithm and
the top nine ranked nodes were retained as hub genes; no
absolute MCC score threshold was applied, and the cutoff
was therefore rank-based. Gene Ontology (GO) term and
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analysis were performed using the
ClueGO plug-in (v2.5.10) in Cytoscape v3.7.1. Terms
were considered significantly enriched only if they satis-
fied a false discovery rate (FDR) < 0.01, corresponding to
-log,((FDR) > 2 [20, 21]. The correspondence between the
compound panel labels and study identifiers (A13-A72),
together with structures and sequential screening deci-
sions, is provided in Table S1.

Ligand preparation, molecular docking, and ADMET
predictions

We screened ligand libraries from our in-house compound
database against GSK-3p, STAT3, and MMP-2 using
high-throughput molecular docking with Molsoft ICM-
Pro version 3.9-4 (Molsoft LLC, San Diego, CA, USA;
licensed through Advent Informatics Ltd, licensing period
2025-2028); the compounds were further docked with
extra precision, and ADMET and pharmacokinetic fea-
tures were evaluated. Based on molecular interactions,
14 ligands were selected for further refinement using MD
simulations and in vitro studies.

The institution provided the structures of the synthetic
compounds, which were converted to 2D drawings and
processed using ICM: the formal charge of each atom was
calculated using the ICM pKa prediction model at pH 7.0,
stereochemistry and hydrogen atoms were assigned, each
atom was assigned an MMFF94 force-field atom type and
partial charge, and the 2D ligand was converted to 3D; ro-
tatable bonds were sampled and all atoms were minimized
in Cartesian coordinates in the absence of the receptor
maps as the starting ligand conformation for docking [18,
22].

Molecular docking was performed by docking the com-
pounds against GSK-3p (PDB: 6Y9R), STAT3 (PDB:
6NIJS), and MMP-2 (PDB: 7XJO) using Molsoft ICM-
Pro; the reference compound AR-A014418 was addition-
ally docked against GSK-38 (PDB: 6Y9R) for compari-
son. Protein structures were prepared by removing water
molecules, acetate, and glycerol; a 13 x 18 x 20 A grid
was generated around the ATP-binding site of GSK-3,
with grid dimensions of 13 x 24 x 15 A for 6NJS and 55
x 55 x 60 A for 7XJO. Redocking validation of the native
ligand was not performed; docked poses were inspected
visually. We did not apply docking score or drug-likeness
as filters at this step, and the drug-likeness scores of the
selected compounds span essentially the same range as
those of the compounds not selected [23, 24].

ADMET parameters and pharmacokinetic characteristics
of the selected compounds were estimated using the Mol-
soft ICM-Pro database. All 14 analogs were evaluated by
in silico ADMET/toxicity prediction; the seven analogs
predicted to cross the BBB (A13, A17, A20, A21, A31,

A32, and A33) were prioritized for subsequent compari-
son. All in silico toxicity predictions in this study are
quantitative structure—activity relationship (QSAR) model
predictions, not measured liabilities. Toxicity and related
liabilities were assessed in silico with Molsoft ICM-Pro
as follows: pan-assay interference compounds (PAINS)
substructure flags were screened to identify and exclude
potential false-positive hits; predicted human ether-a-go-
go-related gene (hERG) channel binding and inhibition
were assessed to estimate cardiac safety risk; predicted P-
glycoprotein (P-gp) interaction was evaluated to assess
BBB penetration potential; QSAR-based inflammatory
potential was estimated for each compound; acute oral
toxicity (LDs,) was predicted from molecular descrip-
tors and structural alerts; and inhibition of the CYP1A2,
CYP2C19, CYP2C9, CYP2D6, and CYP3A4 isoforms
was predicted using the QSAR model implemented in
Molsoft ICM-Pro. For hERG liability, PAINS behavior,
and inflammatory potential, compounds were classified
at a predicted probability of 0.5 (the default classification
cutoff of the Molsoft models).

Selection of analogs for cellular evaluation was not
based on docking score or predicted BBB permeability:
five compounds (A13, A17, A33, A34, and A36) were
advanced to span the substitution series at both variable
positions and to sample the full range of docking perfor-
mance, with A34 and A36 retained despite unfavorable
predicted permeability on the rationale that permeability
limitations in a scaffold with established potency can be
addressed subsequently through pharmaceutical modifica-
tion, whereas a compound lacking intrinsic potency offers
no comparable route to improvement. The five compounds
evaluated in cells are accordingly not a subset of the seven
compounds predicted to be BBB permeant.

MD simulation

Protein—ligand systems were prepared using CHARMM-
GUI, and MD simulations were performed using NAMD.
Three systems were simulated: the GSK-33-A13 complex,
the GSK-3B—-A33 complex, and the GSK-3f complex with
its co-crystallized native ligand, all based on PDB 6Y9R.
Each system was simulated for 100 ns as a single replica,
and no independent replicate simulations were performed.
A13 and A33 were selected from the five cell-tested ana-
logs as bracketing cases representing the most and least
favorable members of the subset, so that simulating both
alongside the native-ligand complex tested whether the
trajectory-derived and molecular mechanics/generalized
Born surface area (MM/GBSA) descriptors discriminate
between closely related analogs of differing activity.

The default simulation parameters generated by the
CHARMM-GUI/NAMD workflow were retained without
manual modification. Protein topology was assigned us-
ing the CHARMM36m force field, and ligand topology
and parameter files were generated with CGenFF (version
5.0) through the CHARMM-GUI workflow and converted
into CHARMM-compatible files. Systems were solvated
in CHARMM-modified TIP3P water, and potassium and
chloride ions were added at the minimal concentration
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Figure 1. Venn diagram analysis showing the intersection between the predicted target genes of the indole analogues (Mol-1 to Mol-15,
grouped in panels) and Alzheimer’s disease-associated genes. Numbers within the overlapping regions represent the compound—disease common
target genes; pooled overlapping genes across all groups (232 in total) were used for subsequent protein—protein interaction (PPI) network analysis.

required for charge neutralization. Simulations used an
integration timestep of 2 fs, a van der Waals cutoff of 12
A with switching from 10 A, and long-range electrostatics
treated by particle mesh Ewald; temperature and pressure
were maintained using Langevin thermostat and Langevin
piston barostat. Energy minimization was performed for
1,000 steps, followed by equilibration for 100 ps under
the NVT ensemble and 100 ps under the NPT ensemble at
300 K and 1 bar; production MD simulations were subse-
quently performed for 100 ns under NPT conditions.

The first 10 ns of each production trajectory was prespeci-
fied as the equilibration period and excluded from quanti-
tative analysis. root-mean-square deviation (RMSD), root-
mean-square fluctuation (RMSF), radius of gyration (Rg),
solvent-accessible surface area (SASA), and hydrogen-
bond analyses were therefore performed over the remain-
ing 90 ns (10-100 ns), using the GROMACS analysis
tools (gmx rms, gmx rmsf, gmx gyrate, gmx sasa, and
gmx hbond; https://www.gromacs.org/). A hydrogen bond
was considered present when the donor-acceptor distance
was < 3.5 A and the donor-hydrogen-acceptor angle was
> 150°, and interactions present in more than 50% of ana-
lyzed frames are reported as high-occupancy contacts. The
mean =+ standard deviation (SD) values of these trajectory
descriptors were calculated from the analyzed trajectory
frames; consequently, the SD represents frame-to-frame
temporal dispersion within a single trajectory rather than
variability among independent simulation replicas or stan-
dard error of the mean, and no inferential statistical com-
parison between complexes was performed using these
SD values.

Binding free energies were calculated with the MM/GBSA

method using gmx MMPBSA (version 1.7.0; https://val-
des-tresanco-ms.github.io/gmx MMPBSA/). Calculations
were performed on 900 frames sampled every 100 ps from
the analysis window of 10-100 ns of each trajectory, us-
ing the Onufriev—Bashford—Case model II with a solvent
dielectric constant of 80, a solute dielectric constant of 1,
and a non-polar solvation term estimated with a surface
tension coefficient of 0.0072 kcal-mol™”-A”. No entropy
correction was applied, so the values provided are effec-
tive binding free energies, not absolute binding free ener-
gies; the + SD values reflect the standard deviation of the
per-frame energy terms across the sampled frames of each
individual trajectory, not variability between independent
replicates, and were not used for inferential statistical
comparison.

In vitro analysis
MTT assay

N2a mouse neuroblastoma cells were obtained from the
National Centre for Cell Science (NCCS), Pune, India,
and cultured at 37 °C in a humidified atmosphere of 5%
CO, in Dulbecco’s modified Eagle’s medium containing
10% fetal bovine serum and 1% penicillin—streptomycin.
For viability assays, cells were plated at 5,000 cells per
well in 96-well plates; for western blotting and acridine
orange/ethidium bromide (AO/EB) imaging, cells were
cultured in T25 flasks and 6-well plates, respectively. Test
compounds (prepared in-house [25]) and the reference
compound AR-A014418 were dissolved in 1% dimethyl
sulfoxide in distilled water to prepare 100 mM stock solu-
tions, stored at 4 °C, and diluted in culture medium just
prior to use; the final dimethyl sulfoxide concentration in
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any treatment well did not exceed 1% (v/v), and vehicle-
treated controls received the same final solvent concentra-
tion. Cells were maintained under normoxic conditions
(21% 0O,) and treated with the compounds at 0.25-30 uM
(selected based on preliminary cytotoxicity screening) for
24 h. MTT reagent (20 uL) was then added to each well
and incubated for 4 h; wells were gently emptied without
disturbing the formazan crystals, and 100 uL of DMSO
(formazan solubilization step, not the compound-delivery
vehicle) was added and incubated for 15 min. Absorbance
was measured at 570 nm. Half-maximal inhibitory con-
centration (ICy,) values were determined from normalized
concentration-response curves generated by nonlinear
regression using a four-parameter logistic (variable-slope)
model in GraphPad Prism version 10.0.1 (GraphPad
Software, San Diego, CA, USA). All experiments were
performed in three independent biological replicates [26].
Under normoxic conditions, the fitted ICy, is the concen-
tration that produces a 50% loss of cell viability in other-
wise healthy cells; it is a measure of intrinsic cytotoxicity
and is reported and interpreted as such, and it is not a
measure of neuroprotective potency.

Hypoxia-induced cell model

N2a cells seeded in 96-well plates were allowed to adhere
overnight and then placed in sealed hypoxic chambers
flushed with premixed hypoxic gas (95% N,, 4% CO,, 1%
0,) at a high flow rate for 5-7 min to displace ambient air.

After 6 h of hypoxic exposure to establish the injury mod-
el, the culture medium was replaced with fresh medium
containing the test or reference compounds (0.25, 0.5, 1, 3,
10, and 30 uM), and the cells were incubated for an addi-
tional 24 h. Cell viability was assessed by the MTT assay
as described above [27-29]. Neuroprotective efficacy was
calculated as: Neuroprotective efficacy (%) = [(OD,
OD1jury)/(ODgpiror = ODiyjry)] x 100

Glutamate-induced cytotoxicity (GIC)

treatment ~

njury)

N2a cells were exposed to 10 mM glutamate for 6 h to in-
duce neuronal injury, after which the glutamate-containing
medium was replaced with fresh medium containing the
test compounds or the reference drug AR-A014418 at 0.25,
0.5, 1, 3, 10, and 30 uM, and the cells were incubated for
an additional 24 h. Cell viability was assessed by the MTT
assay as described above. The experimental design com-
prised: (i) untreated normal control, (ii) glutamate-only
injury control (used as the disease control for calculating
neuroprotective efficacy), (iii) reference drug-treated con-
trol (AR-A014418), and (iv) individual treatment groups
receiving the synthesized indole analogs. Neuroprotective
efficacy was calculated as described above [30].

Western blotting

Cells cultured in T25 flasks were treated with 1 uM
and 3 pM of A13 and A33, respectively, for 24 h (final
DMSO concentration 0.1% v/v), washed once with ice-
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cold Hanks’ balanced salt solution (4 °C), and lysed in
ice-cold sodium dodecyl sulfate (SDS) buffer. The lysates
were sonicated for thorough homogenization, and protein
concentrations were determined using the Pierce protein
assay kit according to the manufacturer’s instructions;
lysates were aliquoted and stored at —20 °C until use. For
gel electrophoresis and immunodetection, protein samples
(20 pL per lane) were resolved by 10% polyacrylamide
gel electrophoresis and transferred onto polyvinylidene
fluoride membranes. Membranes were blocked with 5%
non-fat milk in Tris-buffered saline with Tween 20 (TBST)
and incubated overnight at 4 °C with primary antibodies
against GSK-3f (sc-81462, Santa Cruz Biotechnology,
Santa Cruz, CA, USA; 1:1000 dilution) and phospho-
Ser9-GSK-3B (sc-373800, Santa Cruz Biotechnology;
1:200 dilution), followed by horseradish peroxidase-con-
jugated secondary antibody (HY-125859, MedChemEx-
press; 1:1000 dilution) and three washes with TBST. After
the final wash, excess buffer was removed; the blots were
placed on a clean, flat plastic surface, covered with 2 mL
of TMB, and incubated at room temperature for approxi-
mately 15 min. Bands were visualized under a gel doc im-
age analyzer. Densitometric analysis was performed using
GENESYS V1.8.2.0 software. Phosphorylation is reported
as the p-GSK-3B/total GSK-3p ratio; total GSK-3f was
used only to standardize the phospho-signal to the target
protein on the same blot. No independent housekeeping
loading control was probed, so between-lane loading dif-
ferences cannot be excluded. All western blot experiments
were performed in three independent biological replicates.
For cell morphology assessment, N2a cells cultured in

6-well plates were exposed to 1 uM or 3 uM of A13 or
A33 for 24 h, washed with phosphate-buffered saline, and
stained with an AO/EB working solution (100 pg/mL of
each dye in phosphate-buffered saline; 20 pL per well)
for 1-5 min at room temperature in the dark, then imaged
immediately by fluorescence microscopy (40% objective).
Viable cells were identified by green nuclear fluorescence
(AO uptake), and apoptotic or dead cells by orange-red
nuclear fluorescence (EB uptake).

Statistical analysis

Data are presented as mean + SD of independent biologi-
cal replicates. Statistically significant differences among
the various drug treatments were determined using one-
way analysis of variance followed by Tukey’s multiple
comparison post hoc test in GraphPad Prism version
10.0.1 (GraphPad Software, San Diego, CA, USA). Statis-
tical significance was set at P < 0.05.

Results

Network pharmacology

To identify potential therapeutic targets associated with
AD, the predicted target genes of the indole analogs were
compared with AD-associated genes using Venn diagram
analysis (Figure 1), with the identities of the labelled
analogues provided in Table S1. In total, 232 common
drug—AD target genes were obtained and used as the input
dataset for STRING-based protein—protein interaction
(PPI) network construction, followed by network-based
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Table 1. Molecular docking scores and interaction details of the 14 indole analogues against GSK-33 (PDB: 6Y9R), STAT3 (PDB: 6NIJS), and MMP-

2 (PDB: 7XJO).

Docking Score

Compound Tl H-bond Hydrophobicity  vdW Amino acid Interaction type
GSK-3B (6Y9R)

Al3 —18.57 —-0.80 —5.84 —25.38 VALI135 H-bond

Al7 -20.19 -2.14 -5.78 —24.19 VAL135 H-bond

Al8 —22.54 -3.01 —6.00 —25.90 VAL135 H-bond

A20 —20.59 -2.13 -5.80 —24.03 VALI135 H-bond

A21 —18.41 —1.34 —5.54 —24.65 VALI135 H-bond

A31 -17.89 —-1.95 —6.02 —26.02 VALI135 H-bond

A32 —16.08 -2.17 —6.18 —24.76 VAL135 H-bond

A33 -16.93 —2.04 —6.08 —25.18 Phe67 Pi-cation

A34 —-19.80 —1.54 -5.67 —24.82 VALI135 H-bond

A35 —23.47 -3.33 —6.14 —25.80 VAL135 H-bond

A36 —24.47 —2.33 —5.22 —27.36 VALI135 H-bond

A39 —23.02 -1.90 -5.07 —28.08 VAL135 H-bond

A40 —20.86 -2.14 —5.22 —25.96 VAL135 H-bond

AT2 —-18.12 —2.04 —5.43 -25.91 VALI135 H-bond

Native ligand —26.44 0 =7.91 -9.29 Vall35, Asp133, Lys85 H-bond

STAT3 (6NJS)

Al3 -17.5 -2.1 —3.85 -19.72 Tyr640, Glu638 Pi-cation, H-bond
Al7 —-15.8 -2.1 —4.08 —18.94 Glu638 H-bond

Al18 —-14.3 -2.15 —4.13 -17.97 Met660, Lys658 H-bond

A20 -16.5 —2.18 -3.91 -18.89 Glu638 H-bond

A21 -17.99 —2.06 -3.76 -18.91 Glu638 H-bond

A3l -17.62 -2.12 -3.98 —19.73 - -

A32 -17.10 -1.98 —4.27 -19.37 Glu638 H-bond

A33 —-16.73 -2.19 -4.10 —-19.03 Glu638 H-bond

A34 -17.79 -1.95 -3.93 —-19.00 Glu638 H-bond

A35 —16.56 -2.16 -3.97 -19.27 Tyr640, Glu638 Pi-cation, H-bond
A36 —18.62 -1.98 —4.47 —21.22 Tyr640, Glu638 Pi-cation, H-bond
A39 —-17.68 —4.43 -3.86 —21.28 Tyr640, Glu638 Pi-cation, H-bond
A40 -16.65 —2.13 —3.43 -19.17 Tyr640, Glu638 Pi-cation, H-bond
AT72 -13.89 —1.48 —3.64 —22.69 Glu638, Ser613 H-bond, H-bond
Native Ligand ~ —64.07 -16.99 —6.98 —45.36 Tyr640, Glu638 H-bond

MMP-2 (7XJO)

Al3 —-10.32 -0.99 —5.04 -19.85 H85,Y74 H-bond, Pi-cation
Al7 -11.20 -2.78 =575 -19.77 - -

Al8 -13.77 -2.71 -5.61 —24.42 F87,Y74 Pi-cation, Pi-cation
A20 -10.73 -2.19 -5.41 —15.84 Y74 Pi-cation

A21 —-10.16 —-0.89 -5.09 -21.75 A88,Y74 H-bond, Pi-cation
A31 -9.90 —-1.05 -5.31 -21.13 A88,Y74 H-bond, Pi-cation
A32 -12.16 —2.73 —5.78 -20.0 F87,Y74 Pi-cation, Pi-cation
A33 -11.9 -2.07 —5.58 -20.87 A88 H-bond

A34 -10.67 —1.45 -5.22 —21.05 A88, H125 H-bond, Pi-cation
A35 —-11.28 -1.71 —5.28 —18.85 Y74 Pi-cation
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Table 1 continued

Docking Score

Compound et i) H-bond Hydrophobicity  vdW Amino acid Interaction type
A36 —-11.38 -3.15 —6.13 —20.04 Y74 Pi-cation

A39 -8.61 -1.36 -5.12 -21.27 A88,Y74 H-bond, Pi-cation
A40 -9.62 —-0.73 -4.93 —-22.78 E130, A86 H-bond, H-bond
AT72 —-13.67 —2.80 =5.07 —20.91 A88,Y74 H-bond, Pi-cation
Native Ligand ~ —2.70 -3.77 —4.43 -16.8 E130, A86 H-bond, H-bond

Notes: vdW, van der Waals interactions; Native ligands: 6Y9R, N-[[1-(2-methoxyethyl)piperidin-4-yl]methyl]-5-(5-propan-2-yloxypyridin-3-yl)-
1H-indazole-3-carboxamide; 6NJS, [(2-{[(5S,8S,10aR)-3-acetyl-8-({(2S)-5-amino-1-[(diphenylmethyl)amino]-1,5-dioxopentan-2-yl} carbamoyl)-
6-oxodecahydropyrrolo[1,2-a][1,5]diazocin-5-yl]carbamoyl}-1H-indol-5-yl)(difluoro)methyl]phosphonic acid; 7XJO, 2-[3-(2-hydroxy-1,1-
dihydroxymethyl-ethylamino)-propylamino]-2-hydroxymethyl-propane-1,3-diol.

hub-gene prioritization. PPI analysis revealed a highly
interconnected network among the overlapping AD-asso-
ciated targets (Figure 2A), indicating extensive functional
connectivity among the identified proteins. cytoHubba
analysis using the MCC algorithm identified nine prin-
cipal hub genes (Figure 2B and C). GSK3B showed the
highest centrality with an MCC score of 14, followed by
STAT3 (13) and MMP2 (6). PARPI, MAOA, and MAOB
exhibited identical MCC scores of 5, indicating equivalent
ranking at this centrality level, while BCL2A41 (2), ELANE
(1), and GCK (1) showed comparatively lower scores.
Based on their higher MCC scores and subsequent target-
prioritization criteria, GSK-3B, STAT3, and MMP-2 were
advanced for structure-based molecular docking analysis.
These findings identify GSK3B and STAT3 as the most
highly connected hubs within the analyzed network while
avoiding artificial ranking among genes with identical
MCC scores.

GO enrichment analysis of the 232 common drug—
AD target genes revealed significant enrichment across
biological process (BP), cellular component (CC), and
molecular function (MF) categories (Figure 3A—C). Bio-
logical processes were predominantly associated with cel-
lular catabolism, protein regulation, autophagy, synaptic
transmission, cellular localization, responses to oxygen-
containing compounds, and transport. Cellular-component
enrichment included inclusion bodies, membrane rafts and
microdomains, neuronal cell bodies, axons, presynaptic
regions, synapses, and intracellular vesicles. Molecular-
function analysis highlighted cuprous-ion binding, lipo-
protein-particle binding, protein—lipid complex binding,
tau-protein binding, and AP binding. Collectively, these
findings indicate that the common drug—AD targets are
associated with proteostasis, autophagy, neuronal and
synaptic functions, and molecular mechanisms relevant
to neurodegeneration. Only significantly enriched terms
meeting the predefined FDR < 0.01 criterion were consid-
ered.

KEGG enrichment analysis of the same target set identi-
fied multiple pathways associated with metabolic, inflam-

matory, and neurodegenerative processes (Figure 3D).
Cholesterol metabolism, mitophagy, sphingolipid metabo-
lism, and pathways of neurodegeneration involving mul-
tiple diseases were among the prominently enriched path-
ways. Parkinson’s disease, amyotrophic lateral sclerosis,
insulin resistance, IL-17 signaling, lysosomal function,
apoptosis, and AD were also significantly represented. The
occurrence of pathways not specific to AD reflects shared
genes and molecular mechanisms within the analyzed tar-
get set rather than direct disease specificity. Overall, the
enrichment profile suggests that the common drug—AD
targets participate in interconnected mechanisms involv-
ing lipid metabolism, mitochondrial homeostasis, inflam-
matory signaling, apoptosis, and neurodegeneration.

Molecular docking

Molecular docking was performed to screen an in-house
compound library. Fourteen indole analogs were docked
against GSK-3p (PDB 6Y9R), STAT3 (PDB 6NJS), and
MMP-2 (PDB 7XJO); their docking scores and interaction
details are summarized in Table 1.

GSK-3f docking

For GSK-3f, docking scores ranged from —16.08 to
—24.47, with A36 showing the most favorable score
(—24.47), followed by A35 (—23.47), A39 (—23.02), A18
(—22.54), A40 (—20.86), A20 (—20.59), A17 (=20.19), A34
(—19.80), A13 (—18.57), A21 (—18.41), A72 (—18.12), A31
(—=17.89), A33 (—16.93), and A32 (—16.08). The native
ligand showed a docking score of —26.44 (Table 1). Dock-
ing poses of the seven BBB-predicted analogs and the ref-
erence compound AR-A014418 with GSK-3f are shown
in Figure 4.

STAT3 docking

STAT3 docking scores ranged from —13.89 to —18.62
among the 14 analogs. A36 produced the most favorable
score (—18.62), followed by A21 (—=17.99), A34 (—17.79),
A39 (—17.68), A31 (-17.62), A13 (—17.50), A32 (—17.10),
A33 (—16.73), A40 (—16.65), A35 (—16.56), A20 (—16.50),
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A17 (-15.80), A18 (—14.30), and A72 (—13.89). The re-
ported native ligand score was —64.07. Hydrogen-bond in-
teractions involved residues including E638, K658, M660,
and S613, while Y640 participated in m-cation interac-
tions for several compounds. The docking data therefore
indicated that the analogs can occupy the STAT3 binding
environment, although their docking scores were substan-
tially less favorable than that of the native ligand (Table 1).

MMP-2 docking

MMP-2 docking scores ranged from —8.61 to —13.77.
A18 showed the most favorable analog score (—13.77),
followed by A72 (—13.67), A32 (—12.16), A33 (-11.90),
A36 (—11.38), A35 (-11.28), A17 (-11.20), A20 (—10.73),
A34 (-10.67), A13 (—10.32), A21 (—10.16), A31 (—9.90),

A40 (-9.62), and A39 (—8.61). The native ligand had a
reported score of —2.70. The principal interaction residues
included A88, H85, F87, and Y74, with both hydrogen-
bond and m-cation interactions observed. Compared with
the reported MMP-2 native-ligand score, the indole ana-
logs displayed more favorable docking scores, supporting
the possibility of productive binding to the selected MMP-
2 structure (Table 1).

Comparative binding-pose analysis showed that A13
and A33 were accommodated within the ATP-binding
pocket of GSK-3p (PDB: 6Y9R). Superimposition with
the native ligand revealed partially overlapping binding
orientations, with differences in ligand positioning and
interactions with surrounding active-site residues (Figure
5). These structural observations indicate occupation of

+ hbond
hydraphot
.

]
hydrophas.
n

Figure 4. Docking poses and interaction maps of the seven BBB-predicted indole analogs (A13, A17, A20, A21, A31, A32, and A33) and the
reference compound AR-A014418 in the ATP-binding pocket of GSK-3p (PDB: 6Y9R). For each compound, the docked pose is shown on the left
and the corresponding two-dimensional interaction map on the right. Dashed surfaces indicate hydrophobic contacts, and arrows indicate hydrogen

bonds.
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Table 2. Physicochemical properties and drug-likeness parameters.

Compound MW (g/mol) LogS LogP HBA HBD Rot B PSA (A2) DL
REF > 500 >—4 <5 <10 <5 <10 <140 —
Al3 3243 —0.599 4.407 5 0 2 72.10 0.11
Al7 320.4 —6.007 4.802 5 0 2 71.56 —-0.14
Al8 336.4 =5.977 4.361 6 0 3 85.73 —-0.10
A20 340.8 —5.573 4.973 5 0 2 70.62 0.23
A21 306.3 —4.966 4273 5 0 2 70.90 —0.62
A3l 3423 —5.994 4.729 5 0 2 75.70 -0.41
A32 338.4 —6.070 5.124 5 0 2 75.16 -0.28
A33 358.8 —6.131 5.295 5 0 2 74.22 —0.30
A34 3243 —5.966 4.595 5 0 2 74.50 -0.37
A35 354.4 —6.066 4.683 6 0 3 89.30 -0.19
A36 337.3 —5.021 4.264 6 0 2 115.97 —-0.50
A39 319.3 —4.690 3.943 6 0 2 112.37 —0.38
A40 351.3 —5.371 4.304 9 0 3 158.97 —-0.61
AT72 369.3 —6.072 4.620 9 0 3 162.57 —-0.70

Notes: MW, molecular weight; LogS, logarithm of aqueous solubility; LogP, logarithm of octanol-water partition coefficient; HBA, number of
hydrogen bond acceptors; HBD, number of hydrogen bond donors; Rot B, number of rotatable bonds; PSA, polar surface area (A2); DL, drug-likeness
score (positive values indicate higher drug-likeness).

Overlay of analogue and native ligand

£/%

Molecular surface

= = = = Hydrophobic interaction

@ native/Reference ligand - pemsacking

Negative Neutral Positive V70, G63 and K183

Ligand color code i Interaction type : 1 Key active-site residues
() Indole analogue (Mol-XX) | Hydrogen bond | -:j | (PDB ID: 6Y9R)

| | | D133, 1135, 1188, C199,

1 1 I

Figure 5. Binding-pose analysis of A13 within the GSK-3p (PDB: 6Y9R) ATP-binding pocket. (A) Docked pose of A13 (yellow); (B) pose of
the native ligand (magenta); (C) superimposition of the two poses, illustrating partially overlapping orientations; (D) detailed interactions of the
superimposed poses with active-site residues (Asp133, Vall35, Leul88, Cys199, Val70, Gly63, and Lys183). The molecular surface is colored by
electrostatic potential (red, negative; blue, positive); dashed yellow lines indicate hydrogen bonds, dashed green lines hydrophobic interactions, and
dashed magenta lines n—n stacking.
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a common binding region; however, they do not suggest
stronger binding of A13 or A33 than the native ligand.
Consistent with the docking results, the native ligand
exhibited a more favorable docking score (—26.44) than
A13 (-18.57) and A33 (—16.93). Notably, A13 and A33
were not the top-ranked compounds by docking score
alone (Table 1); they were advanced as the most and least
favorable members of the five cell-tested analogs on the
combined docking and cellular criteria, as described in the
Methods.

ADMET, BBB permeability, and drug-likeness evalua-
tion

The physicochemical parameters of the synthesized com-
pounds (A13—-A72) were evaluated according to Lipinski’s
rule of five. The 14 compounds showed molecular weights
0f 306.3-369.3 g/mol, logP values of 3.943-5.295, hydro-
gen-bond acceptors of 5-9, zero hydrogen-bond donors,
2-3 rotatable bonds, polar surface areas of 70.62—-162.57
A2, and drug-likeness scores of —0.70 to 0.23. A20 had the
highest drug-likeness score (0.23), while A72 had the low-
est (—0.70). A33 had the highest logP (5.295), followed by
A32 (5.124), placing both slightly above the conventional

logP value of 5. A40 and A72 had the largest PSA values
(158.97 and 162.57 A2, respectively), whereas A20 had
the lowest PSA (70.62 A?). These values indicate that
most compounds remained within the principal physico-
chemical ranges used for drug-likeness assessment, while
A40 and A72 may face greater permeability limitations
because of their larger polar surface areas, as shown in
Table 2.

BBB and membrane permeability

Seven compounds (A13, A17, A20, A21, A31, A32, and
A33) were predicted to cross the BBB, whereas A18, A34,
A35, A36, A39, A40, and A72 were predicted to be non-
permeable. Caco-2 Log Papp values ranged from —5.081
to —4.522, and Caco-2 efflux ratios from 0.0246 to 0.3646.
A33 had the lowest Caco-2 efflux ratio (0.0246), whereas
A40 had the highest (0.3646). MDCK Log Papp values
ranged from —4.725 to —4.342, while MDCK efflux ratios
ranged from 0.174 to 0.992. The highest MDCK efflux ra-
tio was observed for A40 (0.992), followed by A72 (0.684),
whereas A35 showed the lowest value (0.174). These data
identify A13, A20, A31, A32, and A33 as the compounds
with the most balanced combination of predicted BBB

Table 3. Predicted BBB permeability and membrane transport properties of the 14 indole analogues.

Crodl S ggic‘:)ﬁ{ Log IC):co-z Log Caco-2Log Caco-2 Log x}l;CK II\:[O];CK II\:[()];CK ﬁI;CK
PPAB PappBA Papp EffiuxR  PappAB  PappBA  Papp
Al3 Yes 0.1890 —4.744 —4.932 —4.703 0.235 —4.664 —4.789 —4.369
Al7 Yes 0.3440 —4.976 =5.157 —4.903 0.277 —4.775 —4.972 —4.725
Al8 No 0.2865 —4.740 —4.842 —4.807 0.225 —4.845 —4.873 —4.583
A20 Yes 0.1217 —4.820 —4.986 —4.791 0.211 —4.870 —4.933 —4.517
A21 Yes 0.1062 —4.888 -5.090 —4.522 0.291 —4.960 —4.919 —4.433
A3l Yes 0.1229 —4.531 —4.784 —4.703 0.196 —4.250 —4.550 —4.365
A32 Yes 0.2336 —4.713 —4.965 —4.870 0.261 —4.239 —4.588 —4.682
A33 Yes 0.0246 —4.571 —4.846 —4.743 0.178 —4.305 —4.570 —4.471
A34 No 0.1556 —4.811 —5.008 —4.580 0.225 —4.396 —4.633 —4.498
A35 No 0.2270 —4.498 —4.733 —4.711 0.174 —4.525 —4.599 —4.655
A36 No 0.1818 —4.591 —4.764 —4.810 0.195 —4.408 —4.559 —4.694
A39 No 0.2740 —4.857 —4.910 —4.794 0.262 —4.816 —4.806 —4.640
A40 No 0.3646 —4.517 —4.804 —5.066 0.992 —5.009 —4.719 —4.342
AT72 No 0.2663 —4.277 —4.689 —5.081 0.684 —4.657 —4.646 —4.420

Notes: BBB, blood-brain barrier; Caco-2, human colorectal adenocarcinoma cell line; MDCK, Madin-Darby canine kidney cells; Papp, apparent
permeability coefficient (cm/s); EffluxR, efflux ratio (PappBA/PappAB); AB, apical-to-basolateral transport; BA, basolateral-to-apical transport.

Table 4. In silico ADMET and toxicity prediction of the synthesized compounds.

Compound hERG P-gp CYP450 McpLDj, PAINS
CYP1A2: Yes logLD,PO: 3.15
CYP2C19: Yes logLDy)IV: 2.52

Al3 0.200 Yes CYP2C9: No logLDy)IP: 2.98 0.040588
CYP2D6: No logLD4,SC: 3.34
CYP3A4: No logLD,OTHER: 3.22
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Table 4. continued. E

Compound hERG P-gp CYP450 McpLD, PAINS 0/p)
CYP1A2: Yes logLD4,PO: 3.36 E
CYP2C19: Yes logLDs,IV: 2.75

Al7 0.171 Yes CYP2C9: No logLDs,IP: 2.94 0.045608 w
CYP2D6: No JogLD,SC: 3.42 @)
CYP3A4: No logLD5,OTHER: 3.45 s
CYP1A2: Yes logLD;,PO: 3.14
CYP2C19: Yes logLD;,IV: 2.35

Al8 0.143 Yes CYP2C9: Yes logLD;,IP: 2.89 0.059601
CYP2D6: No logLD4,SC: 3.38
CYP3A4: Yes logLD;,OTHER: 3.23
CYP1A2: Yes logLD,,PO: 3.2
CYP2C19: Yes logLD;,IV: 2.44

A20 0.244 Yes CYP2C9: Yes logLDs,IP: 2.79 0.04796
CYP2D6: No logLD4,SC: 3.35
CYP3A4: No logLD;,OTHER: 3.19
CYP1A2: Yes logLD;,PO: 3.08
CYP2C19: Yes logLDs,IV: 2.52

A21 0.094 Yes CYP2C9: No logLDs,IP: 2.92 0.033912
CYP2D6: No logLD4,SC: 3.27
CYP3A4: No logLD;,OTHER: 3.18
CYP1A2: Yes logLD,,PO: 3.17
CYP2C19: No logLD,IV: 2.72

A3l 0.201 Yes CYP2C9: No logLDs,IP: 2.81 0.04009
CYP2D6: No logLD,,SC: 3.28
CYP3A4: No logLD;,OTHER: 3.31
CYP1A2: Yes logLD5,PO: 3.13
CYP2C19: Yes logLD4,IV: 2.4

A32 0.205 Yes CYP2C9: No logLD;,IP: 2.89 0.058832
CYP2D6: No logLD4,SC: 3.31
CYP3A4: No logLD;,OTHER: 3.21
CYP1A2: Yes logLD4,PO: 3.15
CYP2C19: Yes logLDy,IV: 2.48

A33 0.313 Yes CYP2C9: No logLDs)IP: 2.79 0.0463
CYP2D6: No logLD4,SC: 3.27
CYP3A4: No logLD;,OTHER: 3.16
CYP1A2: Yes logLD4,PO: 3.09
CYP2C19: Yes logLDy,IV: 2.52

A34 0.159 Yes CYP2C9: No logLDs,IP: 2.8 0.049024
CYP2D6: No logLD,,SC: 3.24
CYP3A4: No logLD;,OTHER: 3.16
CYP1A2: Yes logLD4,PO: 3.16
CYP2C19: Yes logLDg,IV: 2.49

A35 0.269 Yes CYP2C9: No logLDs,IP: 2.8 0.055587
CYP2D6: No logLD4,SC: 3.31
CYP3A4: Yes logLD;,OTHER: 3.2
CYP1A2: Yes logLD;,PO: 3.24
CYP2C19: No logLD;,IV: 2.36

A36 0.228 Yes CYP2C9: No logLDs,IP: 2.81 0.054924
CYP2D6: No logLD4,SC: 3.42
CYP3A4: No logLD;,OTHER: 3.26
CYP1A2: Yes logLD,,PO: 3.2
CYP2C19: Yes logLDs,IV: 2.43

A39 0.144 Yes CYP2C9: No logLD;,IP: 2.82 0.048203
CYP2D6: No logLD4,SC: 3.33
CYP3A4: No logLD;,OTHER: 3.25
CYP1A2: Yes logLD;,PO: 3.01
CYP2C19: No logLD;,IV: 2.48

A40 0.247 Yes CYP2C9: No logLDs,IP: 2.69 0.048047
CYP2D6: No logLD4,SC: 3.25
CYP3A4: No logLD;,OTHER: 3.24
CYP1A2: Yes logLD;,,PO: 3.13
CYP2C19: No logLD;,IV: 2.45

AT72 0.325 Yes CYP2C9: No logLD;,IP: 2.69 0.058088
CYP2D6: No logLD,,SC: 3.35
CYP3A4: No logLD;,OTHER: 3.28

Notes: hERG, human ether-a-go-go-related gene (cardiac toxicity risk); P-gp, P-glycoprotein (efflux transporter); CYP450, cytochrome P450 (drug-
metabolizing enzyme); LD;,, median lethal dose; PAINS, pan-assay interference compounds (promiscuous bioactivity risk).
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Table 5. Predicted anti- and pro-inflammatory potential (Mcp values).

Compound Anti-inflammatory Mcp Classification Pro-inflammatory Mcp
Al3 0.137601 Anti-inflammation 0.000754966
Al7 0.172672 Anti-inflammation 0.0000497667
Al8 0.180144 Anti-inflammation 0.000262742
A20 0.098531 — 0.00003623557
A21 0.160914 Anti-inflammation 0.000305009
A31 0.061227 — 0.000004976156
A32 0.099215 — 0.000005094565
A33 0.062067 — 0.000003249292
A34 0.086789 — 0.00001048993
A35 0.093091 Anti-inflammation 0.00002566321
A36 0.095781 — 0.000007564441
A39 0.121704 Anti-inflammation 0.000345323
A40 0.282053 Anti-inflammation 0.0001910681
AT72 0.110132 Anti-inflammation 0.000003418285

Notes: Mcp, Molsoft class probability score; a higher anti-inflammatory Mcp indicates stronger predicted anti-inflammatory potential; —, no

classification assigned by the prediction model.

penetration and permeability characteristics (Table 3).

Toxicity, PAINS, hERG, P-gp, and inflammatory predic-
tions

The predicted hERG scores ranged from 0.094 to 0.325,
with A21 showing the lowest value (0.094) and A72
the highest (0.325); all remained below the reported 0.5
threshold used in the manuscript for hERG liability. All 14
compounds were predicted to be P-gp substrates. PAINS
score ranged from 0.033912 for A21 to 0.059601 for A18,
remaining below the 0.5 threshold for promiscuous/PAINS

behavior. The predicted oral LogLDs, values ranged from
3.01 for A40 to 3.36 for A17, while the complete route-
specific values also remained within the reported low-
toxicity prediction range. Inflammatory prediction scores
were all below 0.5. The highest anti-inflammatory Mcp
value was observed for A40 (0.282053), followed by A36
(0.095781) and A35 (0.093091), whereas A31 showed
a low value of 0.061227. Pro-inflammatory Mcp values
were uniformly very low, ranging from 0.00000325 for
A33 to 0.000754966 for A13. Collectively, computational
toxicity data did not identify a major PAINS, hERG, or
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Figure 6. Molecular dynamics analysis of the GSK-3f—-A13 complex compared with the native-ligand complex over the 100-ns production
trajectory. (A) Co backbone RMSD, (B) per-residue RMSF, (C) radius of gyration (Rg), (D) solvent-accessible surface area (SASA), and (E) total

system hydrogen-bond count.
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predicted inflammatory liability within the tested series
(Tables 4 and 5).

MD simulation

A 100-ns MD simulation was performed for GSK-3f3
complexes with A13, A33, and the native ligand, with the
first 10 ns treated as equilibration and the remaining 90
ns used for quantitative analysis. The mean Ca-backbone
RMSD values were 0.42 + 0.08 A for A13, 048 £0.10 A
for A33, and 0.65 + 0.15 A for the native ligand, indicat-
ing lower average backbone deviation in both analog-
bound complexes. Mean RMSF values were 1.8 + 0.6, 1.6
+£0.5,and 2.9 + 1.2 A, respectively, indicating compara-
tively reduced residue-level flexibility for A13 and A33.
The mean radius of gyration (Rg) was 21.82 = 0.08 A for
A13,21.75 + 0.07 A for A33, and 21.95 + 0.12 A for the
native ligand, while the corresponding mean SASA values

were 18,850 = 180, 18,920 + 160, and 19,350 £ 220 A2,
respectively. Total system hydrogen bonds averaged 415
+ 18, 428 + 15, and 418 + 20, respectively. In contrast,
ligand—protein hydrogen bonds with > 50% occupancy
averaged 2.8 £ 0.4 for A13, 3.2 + 0.5 for A33, and 2.1 £+
0.6 for the native ligand. The Vall35 interaction exhibited
>85% occupancy for both A13 and A33. Overall, the MD
descriptors demonstrated parameter-dependent differences
between the two analogs: A13 exhibited the lowest mean
RMSD, whereas A33 showed the lowest mean RMSF and
the highest ligand—protein hydrogen-bond count among
the two analogs (Table 6).

Trajectory inspection of the two analog complexes was
then performed. The 100-ns trajectories of the A13—-GSK-
3B and A33-GSK-3pB complexes showed overall main-
tenance of structural integrity, with transient fluctuations
observed across individual MD descriptors (Figures 6 and
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Figure 7. Molecular dynamics analysis of the GSK-3—A33 complex compared with the native-ligand complex over the 100-ns production
trajectory. (A) Ca backbone RMSD, (B) per-residue RMSF, (C) radius of gyration (Rg), (D) solvent-accessible surface area (SASA), and (E) total

system hydrogen-bond count.

Table 6. MD simulation parameters of the GSK-38 (PDB: 6Y9R) complexes.

Parameter Al13 A33 Native ligand
RMSD, Ca backbone (A) 0.42 +0.08 0.48+£0.10 0.65+0.15
RMSF (A) 1.8+0.6 1.6+0.5 29+12
Radius of gyration (A) 21.82+0.08 21.75+0.07 21.95+0.12
SASA (A2 18,850 + 180 18,920 + 160 19,350 + 220
Total system hydrogen bonds 415+18 428 £ 15 41820
Ligand—protein hydrogen bonds (> 50% occupancy) 2.8+04 32+05 2.1+0.6

Notes: Mean + SD calculated over trajectory frames from 10—-100 ns. Each complex was simulated once (single 100-ns trajectory); consequently, the
SD represents frame-to-frame temporal dispersion within a single trajectory, not variability among independent replicas. RMSD, root-mean-square
deviation; RMSF, root-mean-square fluctuation; Rg, radius of gyration; SASA, solvent-accessible surface area; H-bonds, hydrogen bonds.
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7). The RMSD profiles indicated comparatively lower

backbone deviation for the analog-bound systems relative

to the native-ligand complex, while the RMSF profiles
demonstrated localized residue-level fluctuations rather
than uniform flexibility across the protein. Rg and SASA
trajectories remained within relatively constrained ranges
without evidence of progressive structural expansion or
loss of compactness, and total system hydrogen-bond
profiles also remained broadly maintained throughout the
simulations. Therefore, the simulations do not indicate
uniform superiority of either analog but support stable,
descriptor-dependent dynamic behavior of both complex-
es.

MM/GBSA analysis

MM/GBSA analysis showed that the native/standard li-
gand had the most favorable reported total binding free

energy, G, = —11.46 £ 3.4 kcal/mol, followed by A13
at —8.42 + 4.2 kcal/mol, whereas A33 had a positive G,y
of 10.54 + 5.4 kcal/mol. The van der Waals contribu-
tion (Eypw) was —29.21 £ 4.2 kcal/mol for the standard,
—19.45 + 3.1 kcal/mol for A13, and —18.82 + 2.9 kcal/mol
for A33. Electrostatic energy (Eg; ) was —221.89 + 31.1
kcal/mol, =108 £+ 19.8 kcal/mol, and —105 £ 16.2 kcal/
mol, respectively. Polar solvation (Gg) opposed binding,
with values of 192.32 + 28.6 kcal/mol for the standard,
121 £ 14.5 kcal/mol for A13, and 118 + 13.6 kcal/mol for
A33, whereas the nonpolar solvation term (Gg,) remained
favorable at —4.81 + 0.5, —3.83 + 0.6, and —3.14 + 0.5
kcal/mol, respectively. The gas-phase contribution (G,,)
was —246.88 + 29.3 kcal/mol for the standard, —131 +
24.6 kcal/mol for A13, and —124 + 22.8 kcal/mol for A33,
while G, was 189.32 + 26.4, 119.42 + 23.1, and 109 +
21.4 kcal/mol, respectively. Thus, the MM/GBSA analysis

Table 7. MM/GBSA binding free energy components for the reference compound, A13, and A33 complexed with GSK-3.

Energy Component (kcal/mol) Standard molecule Al3 A33

Evpw ~29.21+4.2 ~19.45+3.1 ~18.82+2.9
Epr -221.89 £31.1 ~108+19.8 ~105+16.2
G 192.32 £28.6 121 £ 14.5 118+ 13.6
Gga —4.81+0.5 —-3.83+0.6 -3.14+0.5
(C —246.88 £29.3 —131+24.6 —124 +22.8
G 189.32 + 26.4 119.42 +23.1 109 +£21.4
G —-11.46+3.4 —8.42+42 10.54+54

total

Notes: Mean + SD over 10-100 ns trajectory frames of single 100-ns simulations. E,, van der Waals energy; Ej, ;;, electrostatic energy; Ggg,
polar solvation energy; Gs,, nonpolar solvation energy; G,,, gas-phase energy; G, total solvation energy; G,,,, total binding free energy. The
standard ligand is the 6Y9R co-crystallized ligand ([(2-{[(5S,8S,10aR)-3-acetyl-8-({(2S)-5-amino-1-[(diphenylmethyl)amino]-1,5-dioxopentan-2-yl}
carbamoyl)-6-oxodecahydropyrrolo[ 1,2-a][ 1,5]diazocin-5-yl]carbamoyl} -1 H-indol-5-yl)(difluoro)methyl]phosphonic acid).
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Concentrations(uM/ml) Concentrations(uM/ml)
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Compounds| A3 Al7 A33 A34 A36 AR (Std)
ICs 6.239 10.64 7.207 31.45 185.6 9.375
R? 0.9964 0.9877 0.9986 0.9957 0.9897 0.9681
MTT Assay (Hypoxia Induced Model)
ICs 7.335 42.92 9.571 29.84 127.7 13.58
R? 0.9967 0.9857 0.9956 0.9939 0.9943 0.9642

Figure 8. MTT-based cellular responses of Neuro-2a cells to selected indole analogues. (A) Concentration—response curves under normoxic
conditions. (B) Concentration-dependent cellular responses following hypoxia-induced injury. Fitted concentration-response values and R* for A13,

A17,A33,A34, A36, and AR-A014418 are shown in the embedded tables.
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did not support A33 as the most energetically favorable
complex despite the MD trajectory; A13 showed a favor-
able negative total energy, but its calculated affinity re-
mained weaker than that of the standard ligand (Table 7).

MTT assay

N2a cell responses were evaluated over a concentration
range of 0.25-30 uM. Under normoxic conditions, the
fitted ICso values were 6.239 uM for A13, 10.64 uM for
Al17,7.207 uM for A33, 31.45 uM for A34, 185.6 uM for
A36, and 9.375 uM for AR-A014418. Among the synthe-
sized analogs, A13 showed the lowest fitted ICso, followed
by A33 and A17. The concentration—response fits showed
R’ values of 0.9964, 0.9877, 0.9986, 0.9957, 0.9897, and
0.9681 for A13, A17, A33, A34, A36, and AR-A014418,
respectively. A34 exhibited substantially higher fitted ICso
values than A13 and A33, and A36 showed extrapolated
values indicating lower cellular activity within the evalu-
ated concentration range (Figure 8A).

Hypoxia-induced cell model

Following 6 h of hypoxic exposure and 24 h of compound
treatment, the fitted concentration-response values were
7.335 uM for A13, 42.92 uM for A17, 9.571 uM for A33,
29.84 uM for A34, 127.7 uM for A36, and 13.58 uM for
AR-A014418. A13 and A33 exhibited the lowest fitted

values among the synthesized analogs. Relative to nor-
moxic conditions, the fitted value for A13 increased from
6.239 to 7.335 uM, while that of A33 increased from 7.207
to 9.571 uM. A17 showed a larger shift from 10.64 to
42.92 uM. A36 exhibited extrapolated results with 127.7
uM. These findings demonstrate compound-dependent
changes in cellular response following hypoxic injury
(Figure 8B).

Glutamate-induced cytotoxicity (GIC)

In the glutamate-induced Neuro-2a injury model, treat-
ment with A13, A17, A33, A34, and A36 produced
concentration-dependent changes in the measured cel-
lular response (Figure 9A). Nonlinear regression yielded
fitted concentration—response values of 1.8731 uM for
A13,2.1013 uM for A17,2.2801 uM for A33, 3.1109 uM
for A34, and 3.0966 uM for A36, with corresponding R
values of 0.9975, 0.9983, 0.9967, 0.9931, and 0.9954,
respectively; the AR-A014418 reference produced a fitted
value of 4.46 uM. Because the displayed response curves
show relatively limited separation across portions of the
tested concentration range, these fitted parameters were
interpreted together with the underlying concentration—
response data rather than as standalone evidence of neuro-
protective potency.
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Figure 9. Neuroprotective effects of the selected indole analogs and treatment-associated modulation of GSK-3p phosphorylation in N2a cells.
(A) Glutamate-induced injury model: fitted concentration—response values (uM) of A13 (1.87), A17 (2.10), A33 (2.28), A34 (3.11), A36 (3.09), and
the reference compound AR-A014418 (4.46). (B) Representative AO/EB fluorescence images of N2a cells treated with A13 or A33 at 1 or 3 uM for
24 h: (1) A13, 1 uM; (2) A13, 3 uM; (3) A33, 1 uM; (4) A33, 3 uM. (C) Left: representative western blot analysis of phospho-Ser9-GSK-3f3 and total
GSK-3 in cell lysates from the same treatments. Right: densitometric analysis expressed as the p-GSK-3f/total GSK-3p ratio
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Western blotting

Western blot analysis was performed following treatment
with A13 and A33 at 1 and 3 uM for 24 h. Immunoblot-
ting detected total GSK-3 and phosphorylated GSK-3§
(Ser9) within the expected molecular-weight region of ap-
proximately 46—47 kDa (Figure 9C). The p-GSK-3p/total
GSK-3p ratio was used to express phospho-signal relative
to total GSK-3f detected on the same blot; this does not
replace an independent loading-control normalization.
Treatment-associated variations in the phosphorylation
ratio were observed across the A13 and A33 treatment
groups; however, the magnitude of these changes does not
independently demonstrate increased inhibitory phosphor-
ylation of GSK-3B. Therefore, the findings are interpreted
as preliminary evidence of treatment-associated modula-
tion of GSK-3f phosphorylation rather than definitive
confirmation of direct GSK-3f inhibition.

Discussion

Network pharmacology identified GSK3B, STAT3 [31],
and MMP?2 [32] among the prioritized AD-associated tar-
gets, with GSK3B emerging as a major hub for subsequent
structure-based and experimental investigation [33]. The
GO and pathway enrichment analyses further indicated
that the common drug—AD targets participate in intercon-
nected processes involving autophagy, synaptic function,
cellular stress responses, lipid metabolism, mitochondrial
homeostasis, and neurodegeneration [34]. Molecular
docking was therefore performed against GSK-3f, STAT3,
and MMP-2; however, subsequent ADMET assessment,
MD simulations, and cellular studies focused primarily
on GSK-3f. This prioritization should be interpreted as a
target-selection strategy rather than evidence that GSK-3f3
is the exclusive molecular target of the indole analogs [35].
Structure-based analysis indicated that several indole ana-
logs could occupy the GSK-3B ATP-binding region [36].
A13 and A33 were selected for detailed analysis based on
the combined computational and cellular screening work-
flow. Their predicted poses and MD trajectories indicated
persistent interactions within the GSK-3f binding region,
including contacts involving Vall35 [37]. Nevertheless,
docking and MD simulations predict binding behavior and
cannot establish direct target engagement or enzymatic
inhibition [38]. Furthermore, the docking protocol did not
reproduce the native GSK-3f ligand pose sufficiently to
provide independent experimental validation of the pre-
dicted binding mode. Consequently, the computational
findings should be considered supportive of plausible
GSK-3B-associated activity rather than confirmation of
direct GSK-3 inhibition.

The ADMET analysis further differentiated the com-
pounds according to predicted drug-like and BBB-related
properties [39]. Importantly, BBB prediction represents an
in silico estimate and cannot be validated using the N2a
culture system because N2a cells do not reproduce the
endothelial tight junctions, transporters, and multicellular
architecture of the BBB. This distinction is particularly

relevant to A34, which showed cellular activity despite
being predicted to have unfavorable BBB permeability.
Such activity reflects direct exposure of cultured cells to
the compound and should not be interpreted as evidence
of CNS bioavailability [40].

Docking score was a poor predictor of cellular activity in
this series. Out of the 14 analogs, A36 showed the best
docking score for GSK-3f (—24.47), but the worst cellular
response with fitted concentration—response values out-
side the tested concentration range. In stark contrast, A13
and A33 ranked ninth and thirteenth out of fourteen in the
GSK-3p docking score, respectively, and gave the lowest
fitted half-maximal protective concentrations in the gluta-
mate-induced injury model. This dissociation supports the
decision to not use docking score as a screening filter and
suggests that within a congeneric series that varies only at
two substitution positions, scoring-function ranking does
not track cellular outcome [41]. The MM/GBSA analysis
was able to separate A13 from A33, with a favorable total
binding free energy for A13 and an unfavorable positive
value for A33.

Predicted BBB permeability was not used as a gate for
entry into the cellular assays; this was a sequencing judg-
ment, not an oversight. Potency deficits within an oth-
erwise potent scaffold are amenable to pharmaceutical
and medicinal-chemistry intervention including prodrug
derivatization, lipophilicity modulation, and carrier-medi-
ated delivery [42], whereas intrinsic target-related potency
cannot be injected by such means, and thus the question
of establishing potency across the substitution series was
considered as the prior question.

Cell-based assays showed concentration-dependent re-
sponses to the selected indole analogs. Under normoxic
conditions, the MTT assay primarily measured cellular
metabolic activity/viability and therefore provides infor-
mation on cellular cytotoxicity or proliferation rather than
neuroprotection [43]. Out of the 14 compounds, five com-
pounds were used on cell lines; we have also used non-
BBB crossing compounds like A34 and A36 in cell line,
seeking physicochemical optimization if needed. In the
hypoxia- and glutamate-induced injury models, A13 and
A33 showed comparatively favorable cellular response
profiles. However, these experiments were performed in
N2a neuroblastoma cells rather than differentiated primary
neurons, limiting direct extrapolation to neuronal physiol-
ogy or AD pathology. Moreover, the fitted value reported
for A36 exceeded the experimentally evaluated concen-
tration range in some analyses and should therefore be
regarded as an extrapolated estimate rather than a directly
resolved experimental ICso.

The computational results also showed important dif-
ferences between A13 and A33. A13 demonstrated the
lower mean RMSD during MD analysis, whereas A33
showed lower RMSF and greater ligand—protein hydro-
gen-bonding characteristics. However, the positive MM/
GBSA value reported for A33 (+10.54 + 5.4 kcal/mol)
does not support favorable binding energetics and there-
fore weakens a straightforward interpretation of A33 as a
strong GSK-3f binder. In contrast, A13 showed the more
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favorable overall computational profile [44]. Because the
MD calculations were based on single 100-ns trajectories
rather than independent replicate simulations, the reported
trajectory-derived standard deviations describe temporal
fluctuations within individual simulations and should not
be interpreted as between-replicate variability.

Western blot analysis detected treatment-associated varia-
tion in GSK-3f Ser9 phosphorylation following exposure
to A13 and A33. Because Ser9 phosphorylation is associ-
ated with regulation of GSK-3p activity, these findings
provide preliminary evidence of GSK-33-associated path-
way modulation. However, the analysis was semi-quanti-
tative and did not demonstrate direct compound—-GSK-3f
binding or causal target engagement. In addition, interpre-
tation is constrained by the absence of a clearly demon-
strated loading-control normalization in the presented blot
analysis. Therefore, these findings do not establish A13
or A33 as confirmed GSK-3f inhibitors. Direct kinase as-
says, target-engagement experiments, quantitative immu-
noblotting with appropriate loading controls, and genetic
or pharmacological perturbation studies will be necessary
to establish whether the observed cellular effects are caus-
ally mediated through GSK-3p.

Overall, the sequential screening strategy narrowed 14
initial indole analogs to five compounds for cellular evalu-
ation and subsequently to A13 and A33 for more detailed
mechanistic evaluation, with the criteria used at each
stage described in the Methods. Considering the collective
evidence and its limitations, A13 is most appropriately de-
scribed as a candidate GSK-3p-modulating neuroprotec-
tive lead [45], rather than a confirmed GSK-3f inhibitor.

Conclusions

This study employed an integrated network pharmacology,
molecular docking, ADMET, MD, and cell-based strategy
to investigate indole analogs as potential candidates for
AD-related drug discovery. Network analysis prioritized
GSK3B, STAT3, and MMP2, while subsequent computa-
tional and experimental investigations focused primarily
on GSK-3B. Among the screened compounds, A13 dem-
onstrated a comparatively favorable integrated profile
across computational and cellular analyses, whereas A33
showed favorable characteristics in selected MD and cel-
lular parameters but an unfavorable positive MM/GBSA
binding free-energy estimate. Cell-based experiments
further demonstrated concentration-dependent responses
under normoxic, hypoxic, and glutamate-induced injury
conditions. Western blot analysis suggested treatment-
associated modulation of GSK-3 Ser9 phosphorylation;
however, these findings do not establish direct target
engagement or causal GSK-3f inhibition. Accordingly,
A13 is considered a candidate GSK-3-modulating
neuroprotective lead rather than a confirmed GSK-3f
inhibitor. Direct biochemical kinase assays, quantitative
target-engagement studies, replicate MD simulations,
mechanistically validated neuronal models, BBB-relevant
experimental systems, and in vivo studies are required to

establish its molecular mechanism, CNS exposure, safety,
and therapeutic relevance.
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