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Abstract

Neurodevelopmental disorders (NDDs) represent significant public health challenges due
to their multifactorial etiology and clinical heterogeneity. Current treatments remain lim-
ited, highlighting the need for novel therapeutic strategies. This study aimed to identify
neuroprotective natural compounds targeting NDD-associated pathways and describe an
integrative computational pipeline combining in silico screening, network pharmacology,
and molecular docking approaches to accelerate NDD drug discovery. An integrative
computational pipeline was developed through sequential phases: (1) systematic screen-
ing of the Traditional Chinese Medicine Systems Pharmacology Database (TCMSP) for
natural compounds meeting drug-likeness criteria and toxicity thresholds; (2) biological
activity prediction; (3) network pharmacology analysis integrating compound targets and
NDD-associated genes; (4) protein–protein interaction network construction and functional
enrichment; and (5) molecular docking validation of top compounds against prioritized
targets. From 2634 initial compounds, 10 met all selection criteria. Network analysis re-
vealed significant interactions between compound targets and NDD-associated genes, with
enrichment in neurodevelopment, cognition, and synaptic regulation pathways. Three key
targets emerged as hubs: CSNK2B, GRIN1, and MAPK1. Molecular docking demonstrated
high-affinity binding of caryophyllene oxide, linoleic acid, and tangeretin, supported by sta-
ble interactions with catalytic residues. This study identifies caryophyllene oxide, linoleic
acid, and tangeretin as promising multi-target compounds for NDD intervention, with
verified interactions against key neurodevelopmental targets. The integrative compu-
tational pipeline effectively bridges traditional medicine knowledge with modern drug
discovery, offering a strategy to accelerate neurotherapeutic development while reduc-
ing experimental costs. These findings warrant further experimental validation of the
prioritized compounds.

Keywords: drug discovery; computational pharmacology; natural compounds; neurologi-
cal disorders

1. Introduction
Neurodevelopmental disorders (NDDs) represent a heterogeneous group of conditions

originating from atypical alterations in brain development, primarily occurring during the
prenatal stages and typically becoming apparent in childhood or adolescence. Although
phenotypically variable, these disorders exhibit core symptomatic overlaps, including
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cognitive deficits, motor dysfunction, language impairments, and emotional regulation
difficulties [1,2].

The Diagnostic and Statistical Manual of Mental Disorders (DSM-5) classifies NDDs as
encompassing Intellectual Disability, Communication Disorders, Autism Spectrum Disor-
der (ASD), Attention-Deficit/Hyperactivity Disorder (ADHD), Neurodevelopmental Motor
Disorders, and Specific Learning Disorders [3]. While demonstrating strong heritability,
these conditions emerge through complex gene–environment interactions that influence
neurodevelopmental trajectories [2,4].

Evaluating genetic risk in NDDs is challenging due to their genetic heterogeneity. ASD
exemplifies this complexity, with hundreds of implicated risk genes showing minimal over-
lap between affected individuals [5,6]. Compounding this genetic variability, adverse envi-
ronmental exposures interact with susceptibility loci to disrupt typical neurodevelopment,
underscoring the critical role of gene–environment interplay in the pathophysiological
mechanisms of NDDs [7].

NDDs pose an escalating global health challenge, significantly compromising quality
of life and creating substantial socioeconomic impacts on healthcare systems. Although
pharmacological treatments have advanced, the need for novel therapeutic approaches re-
mains evident [8]. The clinical heterogeneity of NDDs and the intricate gene–environment
dynamics render single-gene targeting strategies particularly challenging and with lim-
ited therapeutic scope. Consequently, pathway-based approaches that modulate core
neurodevelopmental mechanisms may offer more robust and comprehensive treatment
alternatives [9,10].

Building on these pathway-based therapeutic opportunities, mechanistic studies con-
sistently highlight three pathophysiological domains: (I) protein synthesis, (II) epigenetic
transcriptional regulation, and (III) synaptic signaling [5]. In ASD specifically, dysregu-
lated pathways with therapeutic potential include Wnt/β-catenin, Sonic Hedgehog (Shh),
ERK/MAPK, and PI3K/AKT signaling, along with neuroinflammatory mediators (TGFs
and JAK/STAT) and neurotransmitter systems including glutamatergic and GABAergic im-
balance [11]. This pathway-level understanding enables targeted therapeutic development
that addresses the multifactorial nature of these disorders.

Drug development is a lengthy and costly process, often marked by high failure rates,
frequently due to efficacy or safety issues identified during clinical trials [12]. To address
these challenges, computational approaches have been increasingly adopted to streamline
early discovery phases and improve candidate selection. Collectively termed Computer-
Aided Drug Design (CADD), these methodologies leverage in silico techniques to prioritize
compounds with optimal pharmacological profiles [13].

CADD encompasses two primary approaches: Structure-Based Drug Design (SBDD)
and Ligand-Based Drug Design (LBDD) [14]. SBDD utilizes computational techniques
including molecular docking and molecular dynamics simulations to predict ligand–target
interactions. LBDD employs Quantitative Structure–Activity Relationship (QSAR) and
pharmacophore modeling to identify novel bioactive compounds based on established
structure–activity patterns. Furthermore, CADD integrates predictive pharmacokinetic and
toxicological profiling before experimental testing, thereby reducing costs and risks in drug
development [15].

Network pharmacology represents another powerful computational drug discovery
methodology that adopts a systems perspective [16]. This paradigm shift, first formalized
by Hopkins [17,18], analyzes drug actions through interconnected target–pathway net-
works rather than single targets, enabling both drug repositioning and novel compound
discovery, through polypharmacology mechanisms. The methodology has demonstrated
broad therapeutic utility, with successful applications spanning cardiovascular (pulmonary
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hypertension), metabolic (diabetes mellitus), neurodegenerative (Alzheimer’s disease), and
oncological (cancer) disorders [19–22].

The pursuit for innovative treatments for neurodevelopmental disorders has increas-
ingly focused on natural compounds exhibiting neuroprotective properties. Notably, sev-
eral of these phytochemicals exhibit antioxidant, anti-inflammatory, and neurotransmitter
pathway-modulating activities, positioning them as candidates for addressing the complex
pathophysiology of NDDs [23].

Among these neuroprotective phytochemicals, luteolin demonstrates CNS im-
munomodulation by inhibiting immune cell activation in the central nervous system
and suppressing the expression of pro-inflammatory mediators such as IL-6 and TNF-α, in
addition to modulating the NF-κB signaling pathway [24]. Resveratrol exerts neuropro-
tective effects by stimulating mitochondrial biogenesis via the SIRT1/PGC-1α pathway,
thereby reducing oxidative stress and neuroinflammation [25]. Furthermore, curcumin
exhibits antioxidant and anti-inflammatory properties, improving intracellular glutathione
levels, reducing the production of reactive oxygen species (ROS), and protecting against
mitochondrial damage, in addition to modulating inflammatory factors involved in the
pathophysiology of neurodevelopmental disorders [26].

Given the demonstrated ability of natural compounds to modulate key biological
pathways in NDDs, there is a pressing need to systematically identify novel neuropro-
tective molecules [27]. While current pharmacotherapy primarily addresses symptoms
(e.g., stimulants for ADHD, risperidone for irritability in ASD), natural compounds offer
potential disease-modifying effects by targeting underlying mechanisms [28]. The discov-
ery of such molecules could enable the development of (1) complementary approaches to
enhance existing therapies, (2) multi-target strategies addressing NDD complexity, and
(3) personalized interventions based on individual pathway dysregulation.

This study aims to identify novel neuroprotective natural compounds for NDDs
through an integrated computational approach combining in silico screening and network
pharmacology. The innovative methodology employs a phased screening strategy that
systematically evaluates pharmacokinetic properties, toxicity profiles, biological activity
predictions, and mechanism-of-action analyses.

This multi-parametric approach enables more accurate drug candidate selection, opti-
mizing the identification of promising compounds while significantly reducing the time and
costs associated with early-stage drug development. By integrating critical pharmacological
parameters into a unified pipeline, our strategy overcomes limitations of conventional drug
discovery methods, offering an efficient pathway for developing multi-target therapies
directed at core NDD pathophysiological mechanisms.

2. Results
The natural compounds were systematically evaluated for key pharmacological prop-

erties, including drug-likeness and blood–brain barrier (BBB) permeability potential, fol-
lowed by comprehensive toxicity endpoint and biological activity predictions (Figure 1).
Through this multi-stage screening pipeline, ten compounds demonstrating favorable
pharmacological profiles were selected for further investigation. The final candidates com-
prised six terpenoids [kobusone, caryophyllene oxide, α-humulene epoxide, isokobusone,
selina-4(14),7(11)-dien-8-one, and miltionone II], one coumarin (osthol), two flavonoids
(tangeretin and sinensetin), and one fatty acid (linoleic acid) (Figure 2).
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Figure 1. Flowchart of screening process for natural compounds with neuroprotective potential.

(a) (b) (c) (d) 

(e) (f) (g) (h) 

  

(i) (j)   

Figure 2. The chemical structures of the selected natural compounds: (a) kobusone, (b) miltionone
II, (c) caryophyllene oxide, (d) α-humulene epoxide, (e) selina-4(14),7(11)-dien-8-one, (f) osthol,
(g) isokobusone, (h) linoleic acid, (i) tangeretin, and (j) sinensetin.

The results generated from the screening of these selected compounds are detailed in
the following sections.

2.1. Compound Screening and Selection

An initial pool of 2634 natural compounds was retrieved from the TCMSP database
using ‘cognitive deficits’ as the primary search criterion. Sequential filtering through
established drug-likeness parameters (TCMSP and SwissADME criteria) and removal of
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duplicate entries yielded 460 qualified candidates. The rigorous filtration process reduced
the initial dataset by 82.5%, focusing on compounds with clinically translatable potential
for cognitive enhancement. The parameter values evaluated for the ten selected natural
compounds are presented in Table 1

Table 1. The pharmacological parameters of the selected natural compounds obtained from the
TCMSP database and the SwissADME platform.

TCMSP SwissADME

Compound Molecular
Weight OB (%) CaCo-2 BBB DL GI Ab-

sorption
BBB

Permeant
Bioavailability

Score Lipinski

Kobusone 222.36 39.16 1.01 1.08 0.13 High Yes 0.55 Yes

Miltionone II 312.39 71.03 0.62 0.03 0.44 High Yes 0.85 Yes

Caryophyllene oxide 220.39 34.43 1.09 1.81 0.13 High Yes 0.55 Yes

α-humulene epoxide 220.39 23.66 1.58 1.77 0.10 High Yes 0.55 Yes

Selina-4(14),7(11)-dien-8-one 218.37 32.31 1.42 0.57 0.10 High Yes 0.55 Yes

Osthol 244.31 38.75 1.15 0.85 0.13 High Yes 0.55 Yes

Isokobusone 222.36 39.63 0.67 0.51 0.11 High Yes 0.55 Yes

Linoleic acid 280.50 41.90 1.16 0.90 0.14 High Yes 0.85 Yes

Tangeretin 372.40 21.38 1.23 0.09 0.43 High Yes 0.55 Yes

Sinensetin 372.40 50.56 1.12 0.04 0.45 High Yes 0.55 Yes

OB = oral bioavailability, CaCo-2 = intestinal permeability, BBB = blood–brain barrier permeability, GI = gastroin-
testinal absorption, and DL = drug-likeness.

2.2. Comprehensive Toxicity Evaluation

The canonical SMILES representations of the 460 compounds were submitted to
the ProTox 3.0 platform for systematic toxicity evaluation. The predictions spanned the
complete toxicity classification spectrum (Class I to VI), with LD50 values ranging from 1 to
16,000 mg/kg. To enhance data visualization, the LD50 values were log-transformed and are
presented in Figure 3, revealing clear toxicity gradients among the evaluated compounds.

Figure 3. The predicted LD50 values of the natural compounds on a logarithmic scale. The dots
represent the log10(LD50) values for each compound analyzed. Selected compounds are indicated
with specific colors and associated names. Smaller gray dots correspond to non-selected compounds.

Among the 10 selected compounds, kobusone exhibited the highest predicted
safety margin (LD50 = 16,000 mg/kg), while isokobusone showed the lowest values
(LD50 = 2610 mg/kg). Based on the ProTox 3.0 classifications, 113 compounds meeting
the stringent Class V and VI safety criteria were advanced for subsequent toxicity model-
ing analyses.

The implemented toxicity screening protocol successfully identified compounds with
favorable safety profiles suitable for further pharmacological investigation. This approach
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not only excluded potentially hazardous compounds but also established a quantitative
framework for comparing toxicity profiles across different chemical classes.

The compounds were systematically assessed within the ProTox 3.0 platform through
multiple toxicity prediction models, including organ toxicity, toxicity endpoints, Tox21
nuclear receptor pathways, Tox21 stress response pathways, and metabolic toxicity. For
each compound, the number of toxicity models yielding probabilities ≥ 0.7 was quantified,
along with the cumulative sum of these probabilities. This dual-metric approach enabled
robust toxicity profiling and subsequent quartile-based classification of all compounds, as
visually represented in Figure 4.

Figure 4. Classification of compounds into quartiles based on the number of endpoints with a toxicity
probability ≥ 0.7. Each color represents a quartile, allowing for visualization of compounds with
lower toxicity levels (Q1) compared to the most toxic ones (Q4). The dot above Quartile 1 represents
a compound with one predicted toxic endpoint (p > 0.7).

Following quartile stratification, compounds within the fourth quartile (Q4), rep-
resenting those with the highest toxicity potential, were systematically excluded from
further analysis. This stringent filtering process resulted in the selection of 84 compounds
with more favorable toxicity profiles for subsequent biological activity prediction. The
quartile-based elimination approach ensured that only compounds demonstrating lower
probabilities of toxicity across multiple endpoints were advanced in the screening pipeline,
thereby increasing the likelihood of identifying safe and potentially bioactive candidates.

2.3. Biological Activity Prediction

Compounds demonstrating favorable toxicity profiles were further evaluated for
their potential biological activities using the PASS online prediction platform. Based on
stringent selection criteria (probability > 0.7), ten compounds were identified as having
a high likelihood of exhibiting pharmacologically relevant activities. Among these, all
compounds except sinensetin showed significant potential for anti-inflammatory effects.
Additionally, both sinensetin and linoleic acid exhibited a high probability of cytoprotective
activity, as illustrated in Figure 5.
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Figure 5. Predicted probabilities from the PASS online database for biological activities related to the
neuroprotection of natural compounds, with the most promising compounds highlighted in specific
colors. A probability cutoff of 0.7 is marked by the dashed red line.

2.4. Target Prediction and PPI Network Construction of Compounds and NDDs

Molecular targets associated with neurodevelopmental disorders were systematically
retrieved from the OMIM and GeneCards databases using the search terms “neurodevel-
opmental disorder” and “neurodevelopmental abnormalities.” Following data standard-
ization in UniProt and removal of duplicate entries, 4671 unique targets were identified.
In parallel, potential targets of the natural compounds were predicted using the SwissTar-
getPrediction and SuperPred platforms, which identified between 146 and 228 targets per
compound. Among these, sinensetin (221 targets) and tangeretin (220 targets) exhibited the
most extensive target profiles.

The intersection between compound targets and neurodevelopmental disorder-related
targets was evaluated using a Venn diagram approach. This analysis revealed signifi-
cant overlaps for tangeretin (91 shared targets), sinensetin (99 shared targets), and selina-
4(14),7(11)-dien-8-one (85 shared targets). These interactions were further visualized using a
Euler diagram (Figure 6), which provided a comprehensive representation of the compound–
target networks and their shared associations with neurodevelopmental disorders.

Figure 6. A Euler diagram showing the overlap between molecular targets of natural compounds and
targets associated with neurodevelopmental disorders. The internal numbers indicate the quantity of
shared targets between each compound and neurodevelopmental disorder targets, while external
numbers represent the count of unique targets.
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2.5. Enriched Pathways

The selected natural compounds were evaluated for their ability to modulate 15 neu-
rodevelopmentally relevant pathways spanning three major biological annotation systems:
Gene Ontology Biological Processes, Reactome Pathway database, and Monarch Disease
Ontology. This comprehensive analysis revealed significant associations between mul-
tiple compounds and pathways governing fundamental neurodevelopmental processes,
including neurogenesis regulation, synaptic plasticity, and cognitive function. The find-
ings demonstrate the compounds’ potential to influence key molecular events underlying
neurodevelopmental disorder pathophysiology.

The terpenoid compounds selina-4(14),7(11)-dien-8-one and isokobusone showed
strong associations with core neurodevelopmental biological processes, including nervous
system development (GO:0007399), cognition (GO:0050890), and learning or memory
(GO:0007611). The flavonoids sinensetin and tangeretin exhibited significant modulation of
pathways linked to clinical neurodevelopmental phenotypes, particularly those annotated
in the Monarch Disease Ontology including neurodevelopmental abnormality (HP:0012759),
cognitive impairment (HP:0100543), and intellectual disability (HP:0001249). Notably,
caryophyllene oxide demonstrated involvement in both molecular mechanisms (axon
guidance—R-HSA-422475) and behavioral phenotypes (autistic behavior—HP:0000729), as
well as showing significant association with cognition-related pathways (GO:0050890).

The compound–pathway interaction network is visualized through a multidimen-
sional representation (Figure 7) employing two key analytical metrics: (1) pathway engage-
ment breadth, represented by a circle diameter proportional to the number of associated
genes, and (2) statistical significance, depicted through a red-to-blue color gradient corre-
sponding to −log10(FDR) values. This visualization approach simultaneously communi-
cates both the extensiveness and confidence of each compound–pathway association, with
warmer hues (red spectrum) indicating more statistically robust interactions (FDR < 0.001)
and larger circles representing pathways involving greater numbers of molecular targets.

Figure 7. Graphical representation of selected Gene Ontology (Biological Process), Reactome Pathway,
and Monarch pathways, with circle sizes representing gene counts and color gradient (blue-to-red)
showing −log10(FDR) values for compound–pathway associations.
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2.6. Compound–Target–Pathway Interactions

The systematic analysis of compound–target–pathway interactions was performed
using Cytoscape 3.10.3, generating an integrated network comprising 253 nodes (10 com-
pounds, 15 pathways, and 228 targets). This network architecture was specifically designed
to elucidate the complex relationships between phytochemical compounds and their poten-
tial mechanisms of action in neurodevelopmental contexts.

Using CytoHubba’s degree centrality algorithm, three critical hub targets were identi-
fied: CSNK2B (degree = 18), GRIN1 (degree = 16), and MAPK1 (degree = 16). These targets
occupied central positions in the network, serving as major connection points between mul-
tiple compounds and pathways. Concurrently, five pathways demonstrated exceptional
connectivity: neurodevelopmental abnormality (degree = 97), nervous system development
(degree = 96), cognitive impairment (degree = 87), intellectual disability (degree = 81), and
neurodevelopmental delay (degree = 81). The high degree values of these elements suggest
their fundamental role in the predicted pharmacological effects.

The network visualization (Figure 8) employs a hierarchical layout with three distinct
topological layers: (1) an outer ring containing the natural compounds, (2) an intermediate
layer of target proteins (blue nodes, size-scaled by degree centrality), and (3) a central
cluster of pathways (green nodes).

Figure 8. The relationships between the selected natural compounds (central green nodes), en-
riched pathways (peripheral orange nodes), and molecular targets (yellow nodes). Node size scales
proportionally with degree centrality, reflecting each element’s connectivity within the network.
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2.7. Analysis of Molecular Docking Interactions

A comprehensive molecular docking analysis was conducted to characterize the
binding interactions between selected natural compounds and three pivotal protein targets
implicated in neurodevelopmental disorders: CSNK2B (PDB ID 3EED), GRIN1 (PDB ID
5H8H), and MAPK1 (PDB ID 6SLG). The study evaluated binding affinities, specific residue
interactions, and intermolecular distances to assess potential therapeutic applications.

For CSNK2B, caryophyllene oxide exhibited the most favorable binding energy
(−5.4 kcal/mol), though its interaction with ARG150 occurred at suboptimal distances.
Tangeretin demonstrated a more stable hydrogen bond with LYS147 (−4.7 kcal/mol),
suggesting alternative binding mechanisms. GRIN1 analysis revealed caryophyllene ox-
ide’s superior affinity (−6.7 kcal/mol versus native ligand’s −5.9 kcal/mol), mediated
through π-π and π-alkyl interactions with TYR144 and PRO141. Linoleic acid also showed
promising binding (−5.9 kcal/mol) via similar interactions. MAPK1 docking identified
caryophyllene oxide (−9.2 kcal/mol) and miltionone II (−9.1 kcal/mol) as near-native
binders, primarily engaging VAL39 through π-alkyl interactions.

The heatmap visualization (Figure 9) employs a yellow-to-red color gradient to differ-
entiate compound affinities across targets, where red indicates the most favorable binding
energies (lowest values) and yellow represents progressively weaker interactions. This chro-
matic scale clearly reveals caryophyllene oxide’s consistent strong binding (predominantly
red/orange) across all three protein targets, while Figure 10 provides structural details of
the specific molecular interactions. Notably, the color gradient shows caryophyllene oxide
emerging as a particularly promising multi-target ligand, with its darkest red coloration
(−9.2 kcal/mol with MAPK1) indicating exceptional binding affinity approaching that of
the original ligands.

Figure 9. The heatmap displays the predicted binding energies of natural compounds (y-axis) against
the three target proteins (x-axis). The yellow-to-red color gradient represents the binding affinity
values, with red indicating the most favorable (lowest) binding energies and yellow corresponding to
weaker interactions. OL denotes the original reference ligand for each protein target.
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(a) Caryophyllene oxide and CSNK2B 

 
(b) Tangeretin and CSNK2B 

 
 

(c) Caryophyllene oxide and GRIN1 

Figure 10. Cont.
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(d) Linoleic acid and GRIN1 

Figure 10. A structural representation of the most relevant binding interactions between natural
compounds and target proteins: (a) caryophyllene oxide and CSNK2B, (b) tangeretin and CSNK2B,
(c) caryophyllene oxide and GRIN1, and (d) linoleic acid and GRIN1.

3. Discussion
Computer-Aided Drug Design (CADD) has emerged as a transformative approach in

modern drug discovery, enabling the rational and computationally driven optimization of
lead compounds [29,30]. The present study employed an integrated CADD workflow that
synergistically combined ligand-based and structure-based strategies. The implemented
screening protocol adopted a rigorous, multi-stage filtering process beginning with an
initial library of 2634 natural compounds. The pipeline incorporated successive evalua-
tion gates including (1) drug-likeness assessment, (2) blood–brain barrier permeability,
(3) comprehensive toxicity profiling through ProTox 3.0 and quartile-based classification,
and (4) biological activity prediction focusing on neuroprotective mechanisms.

Concurrently, structure-based methods, including molecular docking and network
pharmacology, were employed to validate target engagement and polypharmacological
potential. This hierarchical strategy achieved a remarkable 99.6% reduction in candidate
compounds while preserving those with optimal multi-target profiles, such as caryophyl-
lene oxide, which demonstrated both high predicted biological activity and favorable
binding affinities across all three key targets (CSNK2B, GRIN1, and MAPK1).

The demonstrated effectiveness of this computational pipeline holds particular sig-
nificance for central nervous system drug development, where the blood–brain barrier
presents a major obstacle and polypharmacology is often desirable [31]. As inadequate
ADMET properties remain a primary cause of clinical-phase failures [32], the current
methodology offers a comprehensive solution by combining biological activity prediction,
target validation, and ADMET profiling within a unified workflow. These results suggest
that such computational frameworks can significantly accelerate the discovery of novel
neurotherapeutics while reducing development costs and timelines [33].

The molecular docking analysis identified significant interactions between selected
natural compounds and key neuronal targets, with particularly strong binding affinities
observed for caryophyllene oxide and tangeretin with CSNK2B (−5.4 and −4.7 kcal/mol,
respectively), and for caryophyllene oxide and linoleic acid with GRIN1 (−6.7 and
−5.9 kcal/mol). These results suggest that these compounds may effectively modulate
critical neuronal pathways through specific protein interactions, as confirmed by their
favorable binding energies and interaction patterns with key catalytic residues.

The CSNK2B gene encodes the β subunit of casein kinase 2 (CK2), a constitutively
active serine/threonine kinase that plays fundamental roles in neuronal morphology
and synaptic transmission [34]. CK2 participates in multiple essential nervous system
processes, including neuronal migration, cell adhesion, synaptic plasticity, and modula-
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tion of neurotransmitter receptors such as ion channels and G protein-coupled receptors
(GPCRs) [35]. This ubiquitous kinase regulates diverse cellular signaling pathways through
its pleiotropic phosphorylation activity, positioning it as a crucial regulator of neuronal
function and development.

CK2 orchestrates several key cellular signaling cascades that are particularly relevant
to neuronal survival and function. The kinase positively regulates the Akt/GSK3β pathway,
which is essential for cell growth and survival, while simultaneously inhibiting PTEN to
prevent negative regulation of the PI3K/Akt pathway [36]. Additionally, CK2 modulates
pro-inflammatory pathways through phosphorylation of IκBα in the NF-κB pathway,
promoting its degradation and subsequent NF-κB release. CK2 also amplifies cytokine
signaling through the JAK2/STAT3 pathway, demonstrating its broad involvement in both
neuronal and immune regulation [37].

Aberrant CK2 activity has been implicated in various neurodevelopmental and neu-
rological disorders. In neurodevelopmental conditions, CK2 dysfunction is associated
with ASD [35], Okur–Chung (OCNDS) and Poirier–Bienvenu (POBINDS) syndromes [36],
and Attention-Deficit Hyperactivity Disorder [37]. Furthermore, CK2 alterations are in-
volved in several neurodegenerative and neurological diseases, including Alzheimer’s
disease (AD), Parkinson’s disease (PD), amyotrophic lateral sclerosis, multiple sclerosis, and
epilepsy [34]. These widespread associations highlight CK2’s central role in maintaining
neuronal homeostasis.

Current research positions CK2 as a promising therapeutic target for epilepsy, with
evidence showing that its inhibition reduces aberrant neuronal activity and seizures [38].
For AD, PD, ASD, and multiple sclerosis, CK2 is considered a potential therapeutic target,
although no clinical treatments have yet been approved [39,40]. A major challenge in
developing CK2-targeted neurological therapies is the poor blood–brain barrier (BBB)
permeability of current selective inhibitors such as DMAT, TBB, and CX-4945 [41]. This
limitation underscores the importance of identifying natural compounds with both CK2-
modulating activity and favorable BBB penetration properties for developing effective
neurological therapies.

The GRIN1 gene encodes the GluN1 subunit of N-methyl-D-aspartate receptors (NM-
DARs), which are ubiquitously expressed throughout the central nervous system. These
receptors play pivotal roles in synaptic plasticity and neuronal development, fundamental
processes underlying cognitive function. NMDAR activity must be precisely regulated
within a narrow physiological range, as both excessive and insufficient activity can disrupt
glutamatergic synapses and compromise neuronal integrity [42]. This delicate balance
underscores the critical importance of proper GRIN1 function in maintaining normal brain
development and function. Numerous studies have linked GRIN1 mutations to various
neurodevelopmental disorders, including ASD, epilepsy, schizophrenia, and intellectual
disability [43].

The GluN1 subunit represents a particularly promising therapeutic target for neurode-
velopmental disorders due to its obligatory role in NMDAR assembly and function [44].
Pharmacological modulation of receptors containing GluN1 subunits offers unique oppor-
tunities to fine-tune synaptic responses and potentially correct imbalances in glutamatergic
neurotransmission. This approach could address both NMDAR hypofunction and hyperac-
tivity, which have been implicated in various neurodevelopmental conditions [45].

The development of compounds that selectively target GluN1-containing receptors
while preserving physiological NMDAR activity remains an active area of investigation.
Despite the therapeutic potential of GluN1-targeted approaches, significant challenges
remain in developing safe and effective treatments. A major obstacle involves achieving
sufficient subunit selectivity to avoid disrupting normal receptor function in unaffected
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neural circuits [46]. The identification of natural compounds with favorable binding
properties to the GluN1 subunit, as demonstrated in our molecular docking studies, may
provide new avenues for developing safer and more effective treatments for GRIN1-related
neurodevelopmental disorders.

NDDs represent a significant therapeutic challenge due to their multifactorial etiology
and the side effects associated with conventional pharmacological treatments [47]. While
current medications can effectively alleviate symptoms, their primary focus on symptomatic
relief highlights the need for developing safer and more efficient therapies capable of
potentially preventing or reversing neurological dysfunction [23]. This pressing medical
need has driven increasing interest in alternative therapeutic approaches that address the
complex pathophysiology underlying these disorders.

In the present study, three natural compounds—caryophyllene oxide (BCPO), tan-
geretin (TG), and linoleic acid (LA)—emerged as particularly promising candidates for
NDD therapy. These compounds demonstrated not only significant molecular interactions
with key targets (CSNK2B, GRIN1, and MAPK1) but also a high probability of modulating
pathways relevant to neurodevelopmental processes. Their multi-target activity profile
suggests potential advantages over conventional single-target pharmacological approaches
for addressing the complex neurobiology of developmental disorders.

BCPO, a major sesquiterpenoid found in various essential oils, has attracted consid-
erable scientific interest due to its broad pharmacological potential [48]. The compound
exhibits notable analgesic and anti-inflammatory effects through modulation of central
pain receptors and a reduction in inflammatory mediators, suggesting its potential for
treating chronic pain and neural inflammation [49]. Furthermore, BCPO has demonstrated
neuroprotective properties associated with cholinesterase inhibition and antioxidant effects,
which may have important implications for treating neurodegenerative diseases such as
Alzheimer’s and Parkinson’s [50].

Beyond its anti-inflammatory and neuroprotective effects, BCPO has shown sedative
activity in murine studies, although this effect appears to occur through mechanisms inde-
pendent of GABAergic receptor modulation [51]. The compound has also demonstrated
significant potential in modulating alcohol-related behaviors, showing efficacy up to ten
times greater than its precursor compound β-caryophyllene in reducing ethanol intake
and preference in mouse models [52]. This effect appears largely attributable to BCPO’s
anti-inflammatory action against alcohol-induced neuroinflammation, further supporting
its potential for modulating neurochemical pathways relevant to NDDs.

Linoleic acid is an essential polyunsaturated fatty acid abundantly found in vegetable
oils such as soybean, corn, and sunflower. As a metabolic precursor, LA can be converted
to γ-linolenic acid and subsequently to arachidonic acid, which plays a fundamental role in
the synthesis of bioactive eicosanoids including prostaglandins and leukotrienes [53]. These
metabolites are crucial for regulating key physiological processes such as inflammation,
immune response, and vascular function [54], establishing LA as an important modulator
of cellular signaling pathways.

LA has demonstrated significant neuroprotective properties through modulation of in-
flammatory responses and oxidative stress. In experimental models of Parkinson’s disease,
LA exhibited antioxidant and anti-inflammatory effects, reducing neuronal damage and
improving cell survival [55]. The combination of LA with zinc showed promise, prevent-
ing neuronal death and preserving midbrain integrity in rotenone-induced Parkinson’s
models [56]. These findings suggest potential therapeutic applications for LA in neu-
rodegenerative conditions, particularly through its ability to modulate multiple pathways
involved in neuronal survival and function.
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Despite its neuroprotective potential, emerging evidence suggests that excessive LA
intake may be associated with neurodegenerative processes, primarily due to its conversion
to pro-inflammatory arachidonic acid-derived eicosanoids [57]. Animal studies have
shown that high LA levels can induce neuroinflammation, oxidative stress, and ataxia.
Furthermore, LA metabolism in the central nervous system appears limited, with most LA
being rapidly metabolized to polar products like acetate and carbon dioxide rather than
being incorporated into neuronal membrane phospholipids [58].

The current evidence positions LA as a promising yet complex neuroprotective
agent, requiring careful consideration of dosage and balance with other polyunsaturated
fatty acids to maximize benefits while minimizing risks [59]. The dual nature of LA’s
effects—demonstrating both neuroprotective and potentially neurotoxic properties de-
pending on context and concentration—highlights the need for further research to establish
optimal therapeutic windows and formulations. Future studies should focus on elucidating
the precise mechanisms underlying these dose-dependent effects and exploring potential
synergies with other neuroprotective compounds to develop safe and effective therapeutic
strategies for neurological disorders.

Tangeretin, a flavonoid predominantly found in the peel of citrus fruits such as or-
anges and tangerines [60], has garnered increasing scientific attention due to its broad
pharmacological properties and therapeutic potential. This compound exhibits a remark-
able spectrum of biological activities, including antioxidant, anti-inflammatory, antitumor,
anti-asthmatic, cardioprotective, and notably, neuroprotective effects [61,62], making it a
promising candidate for various medical applications.

Emerging evidence positions TG as a strong candidate for treating neurodegenerative
disorders such as Alzheimer’s and Parkinson’s disease. Its ability to cross the blood–brain
barrier and exert neuroprotective effects through multiple mechanisms has been well
documented [63]. TG modulates key cellular signaling pathways involved in neuroin-
flammation, including inhibition of the NF-κB and MAPK cascades, while simultaneously
enhancing the expression of antioxidant factors such as superoxide dismutase (SOD) and
catalase (CAT) [62,64]. These dual actions on both inflammatory and oxidative pathways
contribute to its robust neuroprotective profile.

Experimental models have demonstrated that TG administration leads to signifi-
cant cognitive improvement, primarily by increasing acetylcholine levels via inhibition
of acetylcholinesterase activity—a mechanism shared with current Alzheimer’s medica-
tions [64]. Furthermore, TG has shown capacity to reduce neuronal apoptosis and modulate
autophagy processes [65], suggesting its potential to preserve neuronal integrity and synap-
tic function.

Considering the demonstrated neuroprotective potential of BCPO, LA, and TG, future
experimental studies should systematically evaluate safe and effective dosages through
comprehensive in vitro assays (including cell viability, oxidative stress quantification,
and neuroprotection-related gene expression analysis) to elucidate their mechanisms
of action, followed by in vivo animal studies assessing behavioral parameters, oxida-
tive/inflammatory biomarkers, and brain histopathology to fully characterize their thera-
peutic potential for neurological disorders.

4. Methodology
4.1. Pharmacokinetic Screening of Neuroprotective Natural Compounds

The initial compound library was derived from the Traditional Chinese Medicine
Systems Pharmacology Database (TCMSP) version 2.3 (https://tcmsp-e.com/tcmsp.php,
accessed between 1 August and 1 September 2024) using systematic search protocols. To
identify molecules with potential neuroprotective activity, the platform was queried using
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‘cognitive deficits’ as the primary disease descriptor. A multi-parameter pharmacokinetic
filter was applied to evaluate drug-likeness: oral bioavailability (OB) ≥20%, intestinal
absorption (CaCo-2 permeability) ≥ −0.4, blood–brain barrier penetration (BBB) > −0.3,
and a drug-likeness score (DL) ≥ 0.1. The thresholds were selected based on TCMSP
platform recommendations.

To rigorously validate the pharmacokinetic properties of TCMSP-selected com-
pounds, secondary screening was performed using the SwissADME platform (http:
//www.swissadme.ch/, accessed on 1 September 2024). The workflow involved retrieving
canonical SMILES for all qualifying compounds from PubChem followed by SwissADME
evaluation. The following consensus criteria were applied for CNS-penetrating compounds:
(1) a bioavailability score ≥ 0.5 (optimal zone), (2) high gastrointestinal (GI) absorption
probability, (3) blood–brain barrier (BBB) permeation (Boiled-Egg prediction), and (4) no
more than one violation of Lipinski’s Rule of Five. Compounds satisfying both TCMSP and
SwissADME criteria advanced to toxicity prediction.

4.2. Toxicity Prediction and Safety Profiling

To predict the toxicity of the selected compounds, their canonical SMILES were submit-
ted to the Prediction of Toxicity of Chemicals platform (ProTox 3.0; https://tox.charite.de/
protox3/, accessed between 1 October and 1 November 2024), which provides in silico toxi-
city predictions based on chemical structure and machine learning algorithms. ProTox-3.0
employs seven distinct predictive models: (1) acute oral toxicity (LD50); (2) organ toxic-
ity; (3) toxicity endpoints; (4) Tox21 nuclear receptor pathways; (5) Tox21 stress response
pathways; (6) molecular initiating events; and (7) metabolism-related toxicity.

In models 2–6, predictions are categorized based on the probability of activity
(toxic) or inactivity (non-toxic), whereas in the LD50 model, toxicity is classified into
six levels—ranging from ‘fatal if swallowed’ (Class I) to ‘non-toxic’ (Class VI). Compounds
with higher LD50 values (class V and VI), indicating lower toxicity, were prioritized for
selection. Each compound was individually evaluated for toxicity probabilities across the
predictive models.

To systematically identify compounds with lower toxicity potential, we implemented
a quartile-based classification approach using R statistical software (version 2024) [66].
For each compound, were calculated two key metrics: (1) the count of toxicity models
with probability scores ≥ 0.7 (a well-established threshold indicating a high likelihood of
toxicity [67]), and (2) the cumulative sum of these probabilities. The quartile division was
performed using R’s ntile() function from the dplyr package, which automatically sorts
compounds by toxicity metrics and divides them into four equal groups (each containing
25% of the dataset) based on their ranked position. This was implemented through a two-
step sorting process: primary sorting by number of toxic endpoints, followed by secondary
sorting (for tied compounds) using the summed probability values.

Compounds in the fourth quartile (Q4), representing the highest toxicity risk, were
systematically excluded from further evaluation. The complete analytical workflow was ex-
ecuted in RStudio 2024 using the tidyverse ecosystem, with toxicity distributions visualized
through customized boxplots that highlight the quartile stratification.

4.3. Prediction of Biological Activity for Natural Compounds

The canonical SMILES of natural compounds selected through toxicity screening were
analyzed using the PASS Online platform 2.0 (https://www.way2drug.com/passonline/,
accessed on 1 November 2024) to predict their biological activity profiles. PASS Online
employs structure–activity relationship (SAR) analysis to evaluate over 4000 biological
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activity types, providing probability-based classifications of pharmacological activity (ac-
tive/inactive).

The natural compounds were systematically screened for key neuroprotective proper-
ties, including (1) apoptosis modulation, (2) cytoprotective effects, (3) anti-inflammatory ac-
tivity, (4) antioxidant capacity, and (5) neurotrophic activity [68,69]. Analysis was conducted
in November 2024, using a probability threshold (Pa) ≥ 0.7 for activity prediction [67],
ensuring the selection of compounds with high potential for experimental validation.
This stringent cutoff was applied to all neuroprotective properties evaluated, prioritizing
candidates most likely to demonstrate biological activity in subsequent assays.

4.4. Target Prediction for Natural Compounds and NDDs

The molecular targets of selected natural compounds were identified through the
TCMSP database. Additionally, 2D compound structures were retrieved from PubChem
and analyzed through both SwissTargetPrediction (http://www.swisstargetprediction.
ch/, accessed on 1 November 2024) and SuperPred 3.0 (https://prediction.charite.de/,
accessed on 1 November 2024), ensuring comprehensive and reliable target identification
through this integrated bioinformatics strategy. Initially, compound–target associations
were retrieved from the TCMSP database, which includes experimentally supported and
computationally inferred targets for natural products. The 2D structures of the compounds
were obtained from PubChem and submitted to each platform using default parameters.

To ensure confidence in the predicted targets, specific inclusion criteria were applied
for each tool. In SwissTargetPrediction, only targets displaying a non-zero prediction prob-
ability were retained for further analysis. In SuperPred 3.0, only targets with a prediction
probability greater than 50% were selected.

NDD-related targets were systematically retrieved from the GeneCards (https://www.
genecards.org/, accessed on 1 November 2024) and OMIM (https://www.omim.org/,
accessed on 1 November 2024). The search strategy combined the keywords “neurode-
velopmental abnormalities” and “neurodevelopmental disorders” with the Homo sapiens
species filter.

Gene nomenclature was standardized using the UniProt database (https://www.
uniprot.org/, accessed on 1 November 2024) followed by removal of duplicate entries.
To identify potential therapeutic targets, a comparative analysis was performed between
the natural compounds’ target genes and NDD-associated genes through Venn diagram
visualization using the Draw Venn Diagram tool (https://bioinformatics.psb.ugent.be/
webtools/Venn/, accessed on 1 December 2024). (See Supplementary Materials for the
above information).

4.5. PPI Network

The overlapping targets identified between natural compounds and NDD-associated
genes were analyzed using STRING database 12.0 (https://string-db.org/, accessed on 1
December 2024) to construct a high confidence protein–protein interaction (PPI) network.
The analysis was conducted with stringent parameters, including a minimum confidence
score of 0.7 and restriction to Homo sapiens proteins. This network visualization represents
proteins as nodes and their molecular interactions as edges, providing a systems-level
understanding of potential functional relationships among the target proteins in NDDs.

4.6. Pathway Enrichment Analysis

Pathway enrichment analyses were conducted to elucidate the biological processes
potentially modulated by the selected compounds and to prioritize the most promising
neuroprotective candidates. Following construction of the protein–protein interaction
(PPI) network in STRING, enrichment analyses were performed across three key biological
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annotation systems: (1) Biological Process terms from Gene Ontology (GO), (2) Reactome
Pathway database, and (3) Monarch Initiative knowledgebase.

Pathways with a false discovery rate (FDR) < 0.01 were deemed statistically signifi-
cant. To control for false positives arising from multiple comparisons, FDR values were
computed using the Benjamini–Hochberg correction method, which adjusts raw p-values
to limit the expected proportion of false discoveries. From the resulting list, the top
five most relevant pathways from each data source (GO Biological Processes, Reactome,
and Monarch) were selected based on their established association with neuropsychiatric
disorder-related biological processes and phenotypic manifestations. This prioritized subset
enabled systematic comparison of the natural compounds’ potential mechanistic impacts
on neuropsychiatric pathophysiology.

The prioritized Gene Ontology (GO) Biological Processes included (1) ‘Cognition’,
(2) ‘Regulation of synaptic transmission, glutamatergic’, (3) ‘Nervous system development’,
(4) ‘Learning or memory’, and (5) ‘Regulation of neurogenesis’—all critically involved
in synaptic plasticity and neural circuit function. From Reactome, the selected pathways
comprised (1) ‘Axon guidance’, (2) ‘PIP3 activates AKT signaling’, (3) ‘Signaling by NTRKs’,
(4) ‘Transmission across Chemical Synapses’, and (5) ‘Neuronal system’, representing core
mechanisms of neuronal development and communication. The Monarch phenotypes—
(1) ‘Autistic behavior’, (2) ‘Neurodevelopmental abnormality’, (3) ‘Neurodevelopmental
delay’, (4) ‘Intellectual disability’, and (5) ‘Cognitive impairment’—were chosen as they
capture the essential clinical manifestations of neurodevelopmental disorders.

4.7. Construction of the Compound–Target–Pathway Network

An integrated network was constructed using Cytoscape 3.10.3 to visualize the com-
plex interactions between the natural compounds, their molecular targets, and the selected
neurodevelopmental pathways. Network topology analysis was performed using the
CytoHubba 0.1 plugin, where targets were ranked by degree centrality to identify the most
functionally significant nodes within the network architecture. This approach enabled the
systematic identification of hub targets based on their connectivity patterns and presumed
biological importance in the context of neurodevelopmental processes.

The three most highly connected targets, identified based on their degree values within
the network, were selected for investigation through molecular docking simulations. This
enabled the evaluation of potential interactions between the natural compounds and these
prioritized targets.

4.8. Molecular Docking

The molecular docking analysis was performed to characterize binding interactions
between the natural compounds and prioritized targets. Three-dimensional protein struc-
tures were obtained from the Protein Data Bank (https://www.rcsb.org/) and prepared
using Discovery Studio 2021, involving (1) the removal of crystallographic water molecules
and non-essential ligands, (2) the addition of polar hydrogen atoms, and (3) the definition
of binding site grid parameters. Protein structures underwent energy minimization using
Swiss-PDB Viewer to optimize molecular geometry prior to docking simulations.

The 3D structures of the selected natural compounds were obtained from the PubChem
database (https://pubchem.ncbi.nlm.nih.gov/) and converted to PDB format using Open
Babel 3.1.1 software. Molecular docking simulations were performed using AutoDock
Vina 1.1.2 [70], with a defined grid box of 15 × 15 × 15 Å centered on the crystallographic
coordinates of each protein’s binding site.

The most stable binding conformations were selected based on root-mean-square
deviation (RMSD) values ≤ 2.0 Å, ensuring structural similarity and conformational stabil-

https://www.rcsb.org/
https://pubchem.ncbi.nlm.nih.gov/


Int. J. Mol. Sci. 2025, 26, 8873 19 of 22

ity of the docked poses. Molecular interactions were systematically characterized using
Discovery Studio 2021, applying established criteria: (1) hydrogen bonds < 3.3 Å [71] and
(2) hydrophobic interactions including π-π, π-alkyl, and π-sigma contacts < 6.0 Å [72].

4.9. Data Analysis and Graphical Visualization in RStudio

The ggplot2 package was implemented to generate comprehensive visualizations,
including (1) number line plots displaying predicted LC50 values, (2) boxplots illustrating
quartile-based toxicity classification, (3) scatter plots of biological activity probabilities,
(4) enriched pathway representations, and (5) heatmaps of molecular docking results. Toxi-
city probability quartiles were calculated using the dplyr::ntile(row_number(), (4) function,
ensuring systematic compound stratification. Target overlap between natural compounds
and neurodevelopmental disorders (NDDs) was visualized using Euler diagrams con-
structed with the eulerr package.

5. Conclusions
This study highlights the promising neuroprotective potential of the natural com-

pounds caryophyllene oxide (BCPO), linoleic acid (LA), and tangeretin (TG) through their
multi-target interactions with key proteins (CSNK2B, GRIN1, and MAPK1) and modulation
of neurodevelopmental pathways. Computational analyses revealed favorable binding
affinities, BBB permeability, and low toxicity profiles, positioning these compounds as
viable candidates for further investigation in neurodevelopmental and neurodegenera-
tive disorders.

Future preclinical studies should validate these findings through in vitro and in vivo
experiments to assess their efficacy, optimal dosing, and safety, paving the way for potential
therapeutic applications. The integration of computational and experimental approaches
presented here provides a robust framework for developing novel, multi-target neuropro-
tective agents.
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