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Abstract: Parkinson's disease (PD) is a prevalent neurodegenerative disorder marked by progressive motor
and non-motor symptoms. Traditional treatments primarily manage symptoms rather than address the
disease's root causes, highlighting the need for novel therapeutic approaches. Natural phytochemicals,
particularly phenolic compounds, have shown potential due to their neuroprotective effects. Antiaris africana
is commonly used in traditional African medicines to treat several illnesses including neurodegenerative
disorders. However, its neuroprotective mechanism remains elusive. This study aimed to employ network
pharmacology-based prediction to identify key targets and pathways through which A. africana exerts its effects
on PD. Targets associated with Parkinsonism were identified and analyzed for interaction with compounds
from A. africana. Protein-protein interaction (PPI) networks were constructed, and key hub genes were
identified using Cytoscape. Functional enrichment analysis highlighted significant pathways involved in PD.
Molecular docking was performed to evaluate the binding affinities of the compounds to PD-related targets.
Our results reveal that compounds such as caffeic acid, chlorogenic acid, catechin, ellagic acid, epigallocatechin,
gallic acid, isoquercitrin, kaempferol, quercetin, quercitrin, and rutin interact with key proteins implicated in
PD, including APP, EGFR, CASP3, ESR1, AKT1, and MAPKS. Notably, rutin exhibited strong binding affinity
for EGFR, and chlorogenic acid showed potential in modulating the APP pathway. These findings suggest that
phenolic compounds in A. africana may exert neuroprotective effects through multiple molecular mechanisms,
offering potential therapeutic strategies for PD. This study underscores the importance of integrating molecular
docking and network pharmacology to elucidate the therapeutic potential of natural compounds in complex
diseases like Parkinson's disease.

Keywords: Parkinson; Antiaris Africana; phenolic compound; molecular docking; network
pharmacology

Introduction

Parkinson's disease (PD) is a progressive neurodegenerative disorder characterized by
distinctive motor and non-motor features (Ye et al., 2023). It is currently the second most prevalent
neurological disease globally. According to the World Health Organization, the number of
individuals with PD has doubled over the past 25 years, reaching over 8.5 million cases in 2019 with
an expected projection of 20 million cases by 2050 (WHO, 2023). The average number of PD cases per
100,000 people between the ages of 40 and 80 is estimated to be approximately 379 with a higher
prevalence in males (Pringsheim, 2014). PD is pathologically diagnosed by the presence of Lewy
bodies which contains alpha-synuclein aggregates, and the loss of dopaminergic neurons in the
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midbrain substansia nigra, leading to motor symptoms such as tremor, rigidity, and bradykinesia (Ye
et al., 2023). Although the precise cause of Parkinson's disease is still unknown, increasing evidence
points to a complex interaction of genetic, environmental, and lifestyle factors in its development (Ye
et al., 2023).

Currently, the available treatment options for PD fail to address the underlying causes of the
disease. These treatments merely seem to manage the symptoms associated with PD (Perdigao et al.,
2023). Also, severe side effects are related to available chemotherapeutic options such as L-Dopa and
anticholinergics (Bhusal, 2023). In recent years, natural phytochemicals have become a promising
option for managing Parkinson's disease. Amongst the phytochemicals, phenolic compounds have
been most extensively studied for their neuroprotective effects. These bioactive compounds exhibit a
range of therapeutic properties, including antioxidant, anti-inflammatory, anti-apoptotic, and anti-
aggregation activities, largely mediated through their influence on kinase signaling pathways
(Bhusal, 2023). Critically, they activate pathways that enhance intracellular antioxidant enzymes,
effectively neutralizing free radicals responsible for oxidative damage. These compounds modulate
kinase activity by increasing the Bcl/Bax ratio, thereby reducing Caspase-3 activity to prevent
neuronal apoptosis. Additionally, they inhibit key kinases in the MAPK signaling pathways,
specifically reducing the activity of JNK, ERK, and P38, decreasing the production of downstream
proinflammatory mediators (Magalingam et al., 2015). Targeting kinases could serve as a potential
therapeutic option for neurodegenerative disorders.

A. africana, popularly known as the false Iroko tree in Africa, is used to treat many illnesses
including leprosy, diabetes, cancer, respiratory and stomach disorders, mental disorders, and
neurodegenerative diseases (Adewunmi et al., 2018; Kuete et al., 2009; Oke, 2017). Despite these
documented findings about its remarkable activities, the neuroprotective mechanism remains
elusive. It has been shown that leaf extracts from A. africana contain phenolic compounds with
neuroprotective properties (Ilesanmi, 2022), indicating the need for further research into its specific
effects and potential mechanisms in Parkinson's disease.

The drug design and discovery process is an intricate network that focuses on identifying
compounds that are therapeutically effective for treatment. Over the last two decades, the major
hurdles that have impacted the drug discovery process are the identification of drugs with high
efficacy and minimum toxicity, high cost, and time consumption (Rohan Gupta et al., 2021). To
maximize efficiency and minimize the hurdles and challenges, researchers are employing computer-
aided drug design (CADD). The advancement in technology and the abundance of multiple omics
data provide useful information to improve therapy strategies (Rohan Gupta et al., 2021). Through
artificial intelligence, algorithms, and deep machine learning, CADD can be used to screen for novel
compounds and predict their targets and potential toxicities. CADD provides an efficient method for
virtual screening whiles reducing the time and cost of drug discovery. Molecular docking is a
computational technique that predicts the interaction between small molecules and their target
proteins, facilitating the identification of potential therapeutic compounds (R. Gupta et al., 2021). This
approach has shown promise in various neurodegenerative diseases by identifying compounds that
can interact with key pathological targets, such as alpha-synuclein and LRRK2 in PD. Network
pharmacology, on the other hand, provides a holistic view of the interactome, allowing researchers
to understand the complex interactions within biological systems (Gong et al., 2021). By identifying
key nodes and pathways involved in disease mechanisms, network pharmacology can highlight
potential multi-target therapeutic strategies that may be more effective in treating complex diseases
like PD. Combining molecular docking and network pharmacology offers a synergistic approach to
drug discovery, enhancing the prediction of therapeutic effects by integrating target-specific
interactions with a broader understanding of the disease network. This study aims to leverage this
integrated approach to identify and predict the therapeutic potential of phenolic compounds found
in A. africana, potentially contributing to the development of disease-modifying therapies.


https://doi.org/10.20944/preprints202408.1423.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 August 2024 d0i:10.20944/preprints202408.1423.v1

Methodology

Parkinson-related targets and compounds target prediction

Genes  associated  with  Parkinsonism  were retrieved from  GeneCards (
https://www.genecards.org/ accessed on 15 April 2024). The SwissTargetPrediction
(http://www .swisstargetprediction.ch/ accessed on 15 April 2024) and STITCH database
(http://stitch.embl.de/ accessed on 15 April 2024) were utilized to predict the putative protein targets
for compounds found in the A. africana extract; Caffeic Acid, Chlorogenic Acid, Catechin, Ellagic
Acid, Epigallocatechin, Garlic Acid, Isoquercetin, Kaempferol, Quercetin, Quercitrin, Rutin (Gfeller
et al., 2014; Kuhn et al., 2010). Swiss Target Prediction was used to identify all compound targets.
STITCH database was used to identify targets of Catechin. Compounds were converted into their
respective Simplified Molecular Input Line Entry System (SMILES) format and submitted to both
SwissTargetPrediction and STITCH database servers, which utilize similar measures and curated
databases of known ligand interactions for predictions (Gfeller et al., 2014). Targets were converted
to their standardized gene names. In the study, all targets identified by the Swiss Target Prediction
and STITCH database web servers were included in the analysis. Identified protein targets were
uploaded into the STRING database (https://string-db.org/ accessed on 18 April 20224), where an
interactive network was generated utilizing “Homo Sapiens” as the screening conditions (Szklarczyk
et al., 2023). A graphical representation of the functional and physical interactions between proteins
was obtained and saved in the CSV format. The Parkinson-related targets were intersected with the
compound’s  targets to  obtain  Parkison-related  targets, using venny  2.1.0
(https://bioinfogp.cnb.csic.es/tools/venny/, accessed on 17 April 2024).

Hub Gene Identification

PPI data was imported into Cytoscape version 3.10.0, and the core targets of compounds were
identified using the CytoHubba plugin (Chin et al., 2014; Doncheva et al., 2019). The PPI network
was analyzed using algorithms in Cytohubba, arranging genes based on their degree of association
with other genes from highest to lowest using the Degree method. The network was visualized using
the 'Organic Layout' in Cytoscape to highlight key hubs and clusters. The top ten ranked targets for
all compounds were used for analysis.

Functional enrichment analysis and diseased genes Identification

The METAscape webserver ((https://metascape.org/gp/index.html#/main/stepl accessed on 20
April 2024) was used to analyze Kyoto Encyclopedia of Genes and Genomes (KEGG) clusters,
identifying pathways significantly enriched with our genes of interest (Zhou et al., 2019). The KEGG
database provides a curated collection of pathways representing molecular interaction, reaction, and
relation networks for various biological processes. Using statistical analysis, we identified pathways
significantly enriched with the mapped genes. Subsequently, a KEGG pathway plot was created
through enrichment analysis. The functional analysis incorporated the DisGeNET database to
identify disease-related genes, primarily focusing on parkinsonism (Pinero et al., 2021). A list of all
protein targets implicated in Parkinsonism was curated for each compound in a table.

PPI Network of Parkinson-related targets in Compounds

A PPI network of the Parkinson related-targets of compounds was constructed in the STRINGS
database (https://string-db.org/ accessed on 20 April 2024). Similarly, an interactive network was
generated utilizing “Homo Sapiens” as the screening conditions, and a graphical representation of the
functional and physical interactions between proteins was obtained.

Virtual Screening

Virtual screening was conducted to identify potential molecular targets using molecular docking
techniques.  Ligand  structures  were sourced from the PubChem  database
(https://pubchem.ncbi.nlm.nih.gov/ accessed on 21 April 2024), while crystal structures of proteins
were modeled using SWISS-MODEL (https://swissmodel.expasy.org/ accessed on 21 April 2024)
(Waterhouse et al., 2018). Protein structures were prepared using PyRx software by removing water
molecules and adding polar hydrogen atoms to ensure proper interaction modeling (Dallakyan &
Olson, 2015). Ligands were prepared using Open Babel, including steps for energy minimization and
conformer generation to ensure accurate docking results. PyRx utilizes the AutoDock Vina molecular
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docking engine, a well-known software for predicting ligand-receptor interactions. PyRx enhances
the usability of AutoDock Vina through an intuitive interface and additional features (Trott & Olson,
2010). Docking parameters were set with a grid box size and center adjusted to cover the active site,
and the exhaustiveness parameter was optimized for a balance between accuracy and computational
efficiency. The top ten poses of each ligand were generated based on their docking scores. From these,
the pose with the lowest binding affinity score was chosen for further analysis, indicating the
strongest predicted interaction. BioDiscovery Studio was employed to analyze the results, focusing
on identifying the types of ligand interactions present at the active sites, such as hydrogen bonds,
hydrophobic interactions, and electrostatic interactions. Docking binding energy was used to
evaluate the potential of molecules to bind to target proteins associated with disease-related genes,
specifically assessing their suitability as potential therapeutic agents.

Methodology

Compound targets and Parkinson’s-related target prediction

Genes  associated  with  Parkinsonism  were retrieved from  GeneCards (
https://www.genecards.org/ accessed on 15 April 2024). The SwissTargetPrediction
(http://www.swisstargetprediction.ch/ accessed on 15 April 2024) and STITCH database
(http://stitch.embl.de/ accessed on 15 April 2024) were utilized to predict the putative protein targets
for compounds found in the A. Africana extract; Caffeic Acid, Chlorogenic Acid, Catechin, Ellagic
Acid, Epigallocatechin, Gallic Acid, Isoquercetin, Kaempferol, Quercetin, Quercitrin, Rutin (Gfeller
et al., 2014; Kuhn et al., 2010). Swiss Target Prediction was used to identify all compound targets.
STITCH database was used to identify targets of Catechin. Compounds were converted into their
respective Simplified Molecular Input Line Entry System (SMILES) format and submitted to both
SwissTargetPrediction and STITCH database servers, which utilize similar measures and curated
databases of known ligand interactions for predictions (Gfeller et al., 2014). Targets were converted
to their standardized gene names. In the study, all targets identified by the Swiss Target Prediction
and STITCH database web servers were included in the analysis. Identified protein targets were
uploaded into the STRING database (https://string-db.org/ accessed on 18 April 20224), where an
interactive network was generated utilizing “Homo Sapiens” as the screening conditions (Szklarczyk
et al., 2023). A graphical representation of the functional and physical interactions between proteins
was obtained and saved in the CSV format. The Parkinson-related targets were intersected with the
compound’s  targets to  obtain  Parkison-related  targets, using venny  2.1.0
(https://bioinfogp.cnb.csic.es/tools/venny/, accessed on 17 April 2024).

Hub Gene Identification

PPI data was imported into Cytoscape version 3.10.0, and the core targets of compounds were
identified using the CytoHubba plugin (Chin et al., 2014; Doncheva et al., 2019). The PPI network
was analyzed using algorithms in Cytohubba, arranging genes based on their degree of association
with other genes from highest to lowest using the Degree method. The network was visualized using
the 'Organic Layout' in Cytoscape to highlight key hubs and clusters. The top ten ranked targets for
all compounds were used for analysis. For Epigallocatechin the top 20 ranked targets were used

Functional enrichment analysis and diseased genes Identification

The METAscape webserver ((https://metascape.org/gp/index.html#/main/step1l accessed on 20
April 2024) was used to analyze Kyoto Encyclopedia of Genes and Genomes (KEGG) clusters,
identifying pathways significantly enriched with our genes of interest (Zhou et al., 2019). The KEGG
database provides a curated collection of pathways representing molecular interaction, reaction, and
relation networks for various biological processes. Using statistical analysis, we identified pathways
significantly enriched with the mapped genes. Subsequently, a KEGG pathway plot was created
through enrichment analysis. The functional analysis incorporated the DisGeNET database to
identify disease-related genes, primarily focusing on parkinsonism (Pinero et al., 2021). A list of all
protein targets implicated in Parkinsonism was curated for each compound in a table.

PPI Network of Parkinson-related targets in Compounds
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A PPI network of the Parkinson related-targets of compounds was constructed in the STRINGS
database (https://string-db.org/ accessed on 20 April 2024). Similarly, an interactive network was
generated utilizing “Homo Sapiens” as the screening conditions, and a graphical representation of the
functional and physical interactions between proteins was obtained.

Virtual Screening

Virtual screening was conducted to identify potential molecular targets using molecular docking
techniques.  Ligand  structures  were sourced from the PubChem  database
(https://pubchem.ncbinlm.nih.gov/ accessed on 21 April 2024), while crystal structures of proteins
were modeled using SWISS-MODEL (https://swissmodel.expasy.org/ accessed on 21 April 2024)
(Waterhouse et al., 2018). Protein structures were prepared using PyRx software by removing water
molecules and adding polar hydrogen atoms to ensure proper interaction modeling (Dallakyan &
Olson, 2015). Ligands were prepared using Open Babel, including steps for energy minimization and
conformer generation to ensure accurate docking results. PyRx utilizes the AutoDock Vina molecular
docking engine, a well-known software for predicting ligand-receptor interactions. PyRx enhances
the usability of AutoDock Vina through an intuitive interface and additional features (Trott & Olson,
2010). Docking parameters were set with a grid box size and center adjusted to cover the active site,
and the exhaustiveness parameter was optimized for a balance between accuracy and computational
efficiency. The top ten poses of each ligand were generated based on their docking scores. From these,
the pose with the lowest binding affinity score was chosen for further analysis, indicating the
strongest predicted interaction. BioDiscovery Studio was employed to analyze the results, focusing
on identifying the types of ligand interactions present at the active sites, such as hydrogen bonds,
hydrophobic interactions, and electrostatic interactions. Docking binding energy was used to
evaluate the potential of molecules to bind to target proteins associated with disease-related genes,
specifically assessing their suitability as potential therapeutic agents.

Results

The putative target of compound found in A.Africana and Protein Interaction Network

For a comprehensive analysis, compound’s targets identified using SwissTargetPrediction
(http://www .swisstargetprediction.ch/, accessed on 15 April 2024) and the STITCH database
(http://stitch.embl.de/, accessed on 15 April 2024) were included. Detailed information on these
targets is provided in Supplementary Data Sheet 2. Additionally, a protein-protein interaction (PPI)
network of all A. Africana compounds was constructed using the STRING database (https://string-
db.org/, accessed on 18 April 2024) (Figure 1; Supplementary Data 1).
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K. Rutin

Figure 1. Protein interaction network for all compound’s related targets. The black lines between
nodes represent genes that are co-expressed across several experiments, the purple line indicates
experimentally determined interaction between genes, the yellow lines indicate genes that have been
frequently mentioned together and the light blue lines indicate genes that show interaction based on
curated data sources.

Hub gene identification and Functional enrichment analysis

To further identify the most crucial targets in each network, all nodes and edges were analyzed
using the CytoHubba algorithm. The top ten targets of each network were selected based on Maximal
Clique Centrality and degree ranking (Supplementary Data Sheet 3). KEGG pathway analysis
revealed significant involvement of core targets in metabolic, signaling, and cellular processes (Figure
2; Supplementary Data Sheet 4). Pathways were ranked based on their p-values, with the most
statistically significant pathways listed first.
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Figure 2. PPI network for top ten hub genes and their functional enrichment analysis. In the PPI
network, the nodes are color-coded to indicate the connectivity and potential influence of the genes.
The deepest red nodes highlight the most connected and potentially most influential genes, while
lighter shades of red indicate genes with fewer interactions. For epigallocatechin the top 20 ranked
targets was used.

Parkinson-related Targets and Enrichment analysis

KEGG pathway analysis revealed significant involvement of core targets in metabolic, signaling,
and cellular processes (Figure 3; Supplementary Data Sheet 4). Pathways were ranked based on their
p-values, with the most statistically significant pathways listed first. A total of 5006 Parkinson's
disease-related genes were obtained from the GeneCards database (Supplementary data sheet 1). By
cross-referencing 5006 Parkinson's disease-related genes obtained from the GeneCards database with
the targets of each compound, we identified several overlapping genes. This overlap was further
validated using DisGeNET, which predicted Parkinson’s disease targets for each compound. Our
analysis revealed a high similarity between the Parkinson's disease targets identified by both
methods, indicating consistency and reliability in our findings. The Parkinson-related targets
identified for each compound found in A. Africana are listed in Table 1
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Table 1. Parkinson-related targets of compound found in A. Africana.

Compounds Parkinsonism
Caffeic Acid APP, EGFR, RELA, ESR1, PTGS2
Chlorogenic Acid APP, CASP3, MAPKS, SRC
Ellagic Acid EGEFR, ESR1, GSK3B, SRC, PTGS2
Epigallocatechin BRAF, MMP9, TNF, ABCB1
Gallic Acid PARP1, CASP3, EGFR, GSK3B, SRC
Isoquercitrin AKT1, MMP9, TNF
Kaempferol PARP1, EGFR, SRC, ESR1, ABCBI,
Quercetin PARP1, EGFR, ABCB1, SRC
Quercitrin GSK3B, PRKCD, PRKCG
Rutin EGEFR, ESR1, TNF, SRC, TP53

. APOB, HMOX1, PON1, PTGS2,
Catechin

CSE2

A. Caffeic Acid
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Figure 3. Functional enrichment analysis for Parkinson-related targets. The KEGG pathway plot
shows the functional enrichment analysis of core targets. Larger bubbles in the plot indicate pathways
with a higher enrichment of genes, as represented by a higher Z-score. The color of each bubble
reflects the statistical significance of the pathways, with the colors corresponding to values on the
log(g-value) scale bar. These visualizations collectively highlight the key genes in the PPI network
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and their involvement in significant KEGG pathways, emphasizing both their connectivity and
functional relevance.

PPI network of Parkinson-related targets

A PPI network of the Parkinson-related targets for each compound found in A. African was
constructed in the STRINGS database (https://string-db.org/ accessed on 20 April 2024) (Figure 2).
The constructed network highlighted a high degree of connectivity between core targets of each
compound implicated in Parkinsonism.

A. Caffeic Acid B. \gatechin C. Chlorogenic Acid D. Ellagic Acid

APP

.....

E. Epigallocatechin F. Gallic Acid G. lsoquercitrin H. Kaempferol

GSK3B

BRAF AKT1

. Quercetin J. Quercitrin

GSKIB

EGFR

Figure 4. Protein interaction network of targets implicated in Parkinsonism. The black lines between
nodes represent genes that are co-expressed across several experiments, the purple line indicates
experimentally determined interaction between genes, the yellow lines indicate genes that have been
frequently mentioned together and the light blue lines indicate genes that show interaction based on
curated data sources.

Molecular docking

The protein-ligand docking using PyRx was carried out, which gives the binding energy of the
ligand to is active site. The strength of the interactions was quantified by their binding energy (AG),
measured in kilocalories per mole (kcal/mol) Table 2. Lower binding energies indicate stronger
binding affinities, typically categorized as strong (< -8.0 kcal/mol), moderate (-7.0 to -8.0 kcal/mol), or
weak (= -7.0 kcal/mol). Various type of interactions between ligand and receptor proteins were also
observed. These interactions include hydrogen bonding, hydrophobic interactions, electrostatic
interactions, m-m stacking, and van der Waals forces. The binding modes and the locations of the
plausible binding pockets for the compounds for each target are shown in Figure 5.
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Figure 5. Molecular docking of the compound to core targets Implicated in Parkinsonism. The two-
dimensional image represents the possess with the lowest binding affinity and the active site residues
of interaction. The types of interaction between the residues on compounds are displayed.

Table 2. Binding energies of active site residues to compounds.

Binding
Ligand Binding Protein Energy Residue Interactions
(Kcal/mol)
. APP . His511, Trp210, Lys395, His514
Apolipoprotein B -6.1
Epitheli FGFR th fact 6.2 Leu777, Arg776, Arg705,
prthetial growth factor : Leu703, Leu688
receptor
ESR1
Caffeic Acid -5.4 His550, Ser518, Cys381
Estrogen receptor Alpha
PTGS2 . Thr192, His327, His193, Thr198,
Prostaglandin -7.1
. Thr193
endoperoxide synthase 2
RELA GIn29, Glu193, Leu194, Leu280,
-5
Ser281
APOB 71 Nle779, Glu782, Asn451, His447,
ApolipoproteinB ) Leu417, Pro224
CSF2
Colony-Stimulating -6.5 GIn103, Ser99, Met96
factor
Catechin HMOX1 -7.2 Ser142, Glu29, His25, Ala28
Heme Oxygenase 1
PON1 6.8 Ser272, Asn227, Ile57, Glu56,
Paraoxonase 1 ) Val273, Alal72
PTGS2 . Asn368, Leu604, Thr602,
Prostaglandin -7.3

. His193, Ala188, Ala185, Thr192
endoperoxide synthase 2
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APP
Amvloid-beta 7o Lys510, Gly211, GIn506, His388,
y precursor . His507
protein
ASP
CASP3 -5.4 Cys184, Val266, Asn240, Ile265
. Caspase3
Chlorogenic MAPKS
Acid Mitosen-Activated 75 Leu61, Ser99, Cys98, Tyr160,
genAC ‘ Alal102, Ala65, Tle156
Protein Kinase
SRC GIn254, Lys252, Lys324, Glu323,
Proto-oncogene protein -7.5 Glu342, Lys404, GIn327,
kinase Leu325, Arg321, His322
EGFR
Ellagic Acid Epithelial growth factor -75 Ile706, Arg705, Leu688, Glu685
receptor
ESR1
Estrogen Receptor -7.6 Cys391, His547, Ser463
Alpha
Glveo Sr??ék hthase 8 Asp200, Lys85, Val70, Ala83,
yeopen SymHh: Leu188, Cys99
Kinase 3 protein
PrGs2 . Gly512, Ala513, Leu338, Val509,
Prostaglandin -5.9
) Tyr371, Val335
endoperoxide synthase 2
R
Proto onci ecne rotein 8.7 Ser348, Leud96, Met34d,
ogene p ' Leu276, Ala296, Val284
kinase
MMP
Matrix metallo9 rotease- 8.1 Met338, Aspl31, Asp206,
i ‘ Asn127, Tyr128
TNF GIn91, Lys55, Asnl72, Leul69,
. -5.9
. . Tumor Necrosis factor Pro57
Epigallocatechin ABCBIL
. -7.7 Ser203, Glub54, Leu712
P-glycoprotein
BRAF Tyr538, Leu618, 11e659, Pro655,
B- Raf proto-oncogene 8.1 Asn660, Arg362, Arg662,
serine/threonine Kinase ) Asnb580, Ser616,
CASP3 3 Ile187, Val266, Argl6o4, Met268,
Caspase 3 Cys264, Glu124, Pro201
EGFR
Epithelial C;owth factor 4 Leul017, Arg686, Arg705,
P & Glu685, Ala767
receptor
GS3K
Gallic Acid Gl}fcogen Synth.ase -3.6 Val70
Kinase 3 protein
PARP1
Poly ADP-ribose -3.2 Lys47, Asp6
polymerase 1
R
SRC . Val284, Leu396, Asp407,
Proto-oncogene protein -4.1

kinase

The341, Ala406, Val326, Leu276
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11e290, Leu210, Leu264, Val270,

Pr teglgia oB -10.7 Trp80, Lys268, Asn54, Val271,
© i Thr82, Asp292, Thr211,
Isoquercitrin MMP9 79 Gly340, Leu35, Ala173, Phel81,
Matrix metalloprotease ) Asp182, Lys184, Asp34, Gly33,
TNF
Tumor Necrosis factor 5.6 Alad4, Leul69, LysS5
ABCB1 6.7 Asn207, Asp204, Leu933,
P-glycoprotein ) Gly937, Leu712
EGFR
Epithelial growth factor 6.5 Asnl169, Asp1168, Ser1166,
P & ‘ Gly312, Ala313,
receptor
K ferol
aemprero et f:llzlece or - Serd56, Arg515, Met522, His547,
& P ‘ Ala551, Glu523
Alpha
PARP1
Polv ADP-rib ” Arg591, Lys748, Lys47, Vall44,
Oy ATTTHDOSE Pro149, Val39
polymerase 1
Proto onC(S)R(Sne rotein 6.8 GIn256, GIn254, His322, Leu325,
ogenep ' Lys324, Val 402
kinase
ABCB1 6.9 Asp204, Asn207, Leu933,
P-glycoprotein ) Gly937, Leu712
PARP1
Polv ADP-ribose ” Met746, GIn40, Lys564, Pro249,
y Lys47, Vall44, Pro146
. polymerase 1
Quercetin SRC Prot
ro.o o'ncogene 73 Aspa07
protein kinase
B itheliaFGFR th fact 8.3 Leu703, Arg686, Leul017,
p growth factor . Lea776
receptor
KB
GS3 Asnl186, Asp200, Val70, Leul8s,
Glycogen Synthase -7.7
. . Ala83
Kinase 3 protein
Quercitrin PRKCD 8.4 Argl44, Asp491, Alal47, Gly
Protein Kinase C delta ) 146
PRKCG 8.7 Arg621, Asn287, Glu265, lle
Protein Kinase C Gama ) 627, Pro289, Val288, Arg615
ESR1
Estro e:Rece tor 8.2 Ser512, Arg515, Glu385,
& P ' Asnd55, Serd56, Cys381, His547
Alpha
E itheliaFGrlz)Iv{vth factor 8.7 Arg297, Arg705, Asn298,
P & ‘ Arg324, Leu703, Pro296, Cys295
receptor
. SRC
Rutin . GIn256, GIn327, GIn254, Pro253,
Proto-oncogene protein -8.9
) Thr250
kinase
TNF 6.1 Thr53, Leul69, Leul70, Cys58,
Tumor necrosis factor ) Alab4, Pro57
TP53 Asp622, Cys621, Leul88,
-8.6 Leu619, Glu1886, GIn1882,

Tumor protein P53

Lys1814, Arg1813
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Discussion

Parkinson’s disease is the second most prevalent neurodegenerative disorder after Alzheimer’s
disease with approximately 6 million cases reported each year with a mean age of 52-70 years
(Muangpaisan, 2011; Ye et al., 2023). The considerable morbidity caused by PD and the lack of reliable
therapeutic options underscores the necessity of identifying efficient treatment approaches. The
article "Unveiling Nature's Potential: Promising Natural Compounds in Parkinson's Disease
Management" suggests that natural compounds could represent a crucial shift towards altering the
underlying progression of Parkinson's disease, rather than merely managing its symptoms as current
treatments do (Bhusal, 2023). Research has shown that crude and fractions of A. Africana leaf extract
possesses neuroprotective properties specifically in treating PD (Adewunmi et al., 2018). However,
the underlying molecular mechanism remains elusive. This study aims to predict the key targets and
pathways through which A. africana exerts its neuroprotective effect in PD.

The in-silico analysis revealed APP as a common target for caffeic acid and catechin. Research
has shown that the accumulation of amyloid beta (A3) peptides, cleaved from APP, aggregates to
form plaques responsible for neuronal damage, inflammation, and cognitive deficits in elderly
individuals with Alzheimer's disease (Hur, 2022; O'Brien & Wong, 2011; Penke et al., 2019).
Additionally, recent studies have suggested a link between APP dysregulation and Parkinson's
disease. Specifically, the LRRK2 protein, commonly associated with Parkinson’s, has been shown to
interact with the amyloid precursor protein intracellular domain (AICD), leading to the
phosphorylation of threonine residues. This interaction promotes the dissociation and nuclear
translocation of AICD (Lim, 2018). Mutations in LRRK2 can result in increased AICD expression,
contributing to the pathology observed in Parkinson’s disease (Schulte, 2015).

Chlorogenic and gallic acids were revealed to bind to CASP3 as a protective mechanism against
the pathology of PD. The KEGG analysis revealed CASP3 involvement in neurodegeneration
pathways. In the context of PD, CASP3 is activated in the brains of PD patients. This activation
correlates with neuronal loss in the substantia nigra, indicating that caspase-3 may contribute to the
death of dopaminergic neurons (D'Amelio et al., 2010). Additionally, studies have shown that Parkin
protein, crucial in Parkinson's disease pathology, can be cleaved by caspase-3. This cleavage may
disrupt Parkin's function, potentially worsening neuronal death in PD (D'Amelio et al., 2010).
Inhibiting the over-expression of CASP3 in PD patients with A. africana may be attributed to the
neuroprotective effect of this plant.

Our network analysis also revealed ESR1 as a potential PD target for caffeic acid, ellagic acid,
kaempferol, and rutin. Among studies investigating the effect of ESR1 on cognition, an association
between ESR1 polymorphisms and the onset of dementia has been established. ESR1 functions as the
estrogen-binding receptor whose downstream effect protects nigrostriatal pathways and guards
against oxidative stress (Sundermann et al., 2010). Single nucleotide polymorphisms observed in the
ESR1 coding and non-coding regions have been identified in patients with PD (Chung et al., 2011).
Targeting ESR1 to increase its function could serve as an effective strategy for managing PD.

Analysis using DISGeNET revealed that protein kinases, including MAPKS8, GSK3B, AKT1, and
SRC, are major targets for compounds found in A. africana. These compounds -chlorogenic acid,
ellagic acid, gallic acid, kaempferol, quercetin, quercitrin, and rutin- are known to influence kinas
activity. Dysfunctional kinase activities and disrupted phosphorylation pathways are strongly
implicated in Parkinson's disease (PD).

Specifically, kinases are involved in phosphorylating tau and increasing a-synuclein levels, both
of which are critical in the pathogenesis of PD. (Bohush et al., 2018; Guttuso, 2019). MAPK signaling
pathways are particularly important, as they play a role in neuroinflammatory responses and
neuronal death triggered by a-synuclein aggregates or deficiencies in the parkin or DJ-1 genes,
contributing to PD pathogenesis (Bohush et al., 2018). GSK3B, in particular, phosphorylates alpha-
synuclein at specific sites, promoting its aggregation and leading to the formation of Lewy bodies
(Credle et al., 2015). Isoquercitrin demonstrated a binding energy of -10.7 kcal/mol with AKT1,
suggesting a strong and stable interaction. Key residues involved in this binding include I1e290,
Leu210, and Val270. AKT1 is involved in signaling pathways that regulate cell survival and
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apoptosis, indicating that Isoquercitrin may exert neuroprotective effects by modulating these
pathways. Additionally, evidence has shown the involvement of AKT1 pathway in autophagy
induced neuronal protection (Zhang et al., 2019). Understanding how the levels or activities of these
enzymes and their substrates change in brain tissue about pathological states can offer valuable
insights into disease pathogenesis. Furthermore, identifying the timing and location of kinase
dysfunction is crucial, as modulating some of these signaling pathways could potentially lead to new
therapeutic approaches for PD.

(PD) is characterized by Lewy bodies containing aggregated oa-synuclein (a-Syn).
Polyphosphate can accelerate a-Syn fibril formation, which propagates pathology and triggers
inflammation in neurons. Kam et al. found that poly (adenosine 5'-diphosphate-ribose) polymerase-
1 (PARP-1) modulates a-Syn fibril formation, and a-Syn fibrils can activate PARP-1, leading to cell
death through parthanatos. It was reported that PARP-1 inhibition blocked these effects, reducing
cell death and a-Syn aggregation (Kam et al., 2018). PARP1 was revealed to be targeted by garlic
acid, kaempferol, and quercetin indicating a potential inhibition and the protection of PD patients
against a-synuclein aggregation.

Also, the majority of the bioactive compounds identified in A. africana, including caffeic acid,
ellagic acid, gallic acid, kaempferol, quercetin, and rutin, were shown to have a strong affinity for
Epidermal Growth Factor Receptor (EGFR). EGFR is a transmembrane protein that is activated by
the binding of ligands such as EGF and transforming growth factor alpha (TGF-a). This binding leads
to a certain conformational change that facilitates the dimerization with other EGFR family members
to activate the intrinsic kinase activity of the EGFR proteins leading to autophosphorylation. The
phosphorylated tyrosine residues on EGFR serve as docking sites for various adaptor proteins and
enzymes containing Src homology 2 (SH2) domains or phosphotyrosine-binding (PTB) domains. This
activated EGEFR initiates several downstream signaling cascades, including the Ras-Raf-MEK-ERK
pathway, JAK-STAT pathway, and PI3K-Akt pathway. These pathways are critical for cell
proliferation, survival, and differentiation, and recent research has shown they are often
dysregulated in neurodegenerative diseases. The EGFR signaling pathway is crucial for the
development and survival of dopaminergic neurons, which are typically lost in the mesencephalic
substantia nigra of individuals developing Parkinson’s disease (Jin et al., 2020). Jin et al.'s study
highlights a significant correlation between the functional loss of EGFR and the onset of
neuroinflammation and dopaminergic neuron degradation. Additionally, a decrease in plasma
concentrations of EGF has been observed in the early stages of Parkinson’s disease followed by a
significant increase in plasma EGF in advanced PD patients, leading to dysregulated EGFR pathways
and subsequent loss of midbrain dopaminergic neurons (Jiang et al, 2015). Chronic
neuroinflammation, often linked to the loss of dopaminergic neurons, is a hallmark of
neurodegenerative diseases. Research has implicated dysregulated Jak/STAT signaling pathway to
the onset of neuronal inflammation and loss of dopaminergic neurons in neurodegenerative diseases
(Jain et al., 2021; Rusek et al., 2023). Activation of the Jak/ STAT pathway by EGF or cytokine binding
leads to downstream upregulation of proinflammatory cytokines and inflammatory mediators. This
inflamed state increases the oxidative stress and leads to the aggregation of alpha-synuclein and the
activation of microglia and astrocytes. Reactive astrocytes can therefore produce more pro-
inflammatory mediators and this fails to support neuronal health, worsening neuronal dysfunction
Subsequently, the chronic neuroinflammatory state marked by the continuous activation of microglia
and astrocytes disrupts cellular homeostasis and initiates apoptotic pathways. This toxic
environment ultimately leads to the degeneration and loss of dopaminergic neurons in the substantia
nigra (Jain et al., 2021). Targeting EGFR signals can be useful for Parkinson's disease (PD) patients.
Bioactive compounds of A. africana showing strong affinity with EGFR could help to modulate this
path. Given the critical role of EGFR in the survival and function of dopaminergic neurons and its
involvement in neuroinflammatory processes, therapeutic strategies aimed at stabilizing or
improving EGFR activity could mitigate loss of dopaminergic neurons and reduce
neuroinflammatory processes. This approach provides promise for the development of new
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treatments for PD, potentially improving patients' outcomes by preserving neuronal health and
function.

Conclusion

In summary, the in-silico analysis provided a comprehensive approach to determine the
plausible targets Phenolic compounds found in A. afriana modulate to offer protection against PD.
Major targets including EGFR, ESR1, SRC, AKT1, MAPKS, APP, and PARP1 were identified as key
modulators of PD pathology. Consequently, there was sufficient evidence that the neuronal
inflammation and aggregation of a-synuclein associated with PD could be reduced by targeting these
proteins. Also, the good drug-target relationship implies that A. africana extract may have research
and development value in the treatment of PD. The favorable binding of compounds found in A
africana to EGFR, ATK1, SRC, ESR1 makes it a candidate for further validation and possible drug
development using experimental analysis. It is important to note that this study relies heavily on in-
silico analysis, and the exact molecular mechanisms of A. africana’s neuroprotective effects remain to
be experimentally validated. Further in vitro and in vivo studies are essential to evaluate the
therapeutic potential of A. africana extracts and to validate the predicted drug-target interactions.
Addressing these limitations will be crucial in advancing A. africana from a promising natural remedy
to a viable therapeutic option for PD treatment.
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