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Abstract

Context Epigallocatechin-3-gallate (EGCG), a compound found in green tea, is known for its anticancer properties, although
its specific protein targets remain largely undefined. In this study, we identified EGCG targets across the human proteome
using a novel protein binding site screening approach. Among the 20 most likely predicted targets, six proteins—KRAS, FXa,
MMP1, PLA2G2A, Hb, and CDK2—had been experimentally validated in previous studies. Fourteen additional proteins,
including five kinases, were newly predicted as potential targets, all of which are implicated in cancer development and may
mediate EGCG’s anticancer effects. Enrichment analysis revealed KEGG pathways associated with cancer, with KRAS and
PIM1 appearing as key nodes. These findings, which align with previous experimental research, offer new insights into the
molecular mechanisms of EGCG and its potential role in modulating cancer-related pathways.

Methods An approach was devised to screen EGCG with 36,532 human protein binding sites using the ProBiS-Dock algo-
rithm and the ProBiS-Dock database. Network and enrichment analyses with Cytoscape and StringApp identified protein
interactions and KEGG pathways, revealing potential anticancer mechanisms of EGCG.

Keywords Epigallocatechin-3-gallate - ProBiS-Dock algorithm - ProBiS-Dock Database - Inverse molecular docking -
Target protein prediction

Introduction

Green tea, derived from Camellia sinensis, is the second
most consumed beverage in the world after water [1]. It
is rich in polyphenolic catechins, which make up 30-40%
of its dry weight [2]. Among these, (—)-epigallocatechin-
3-gallate (EGCG) (Fig. 1), a flavone-3-ol phenolic com-
pound, is particularly notable for its bioactivity and health
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benefits, including antioxidant properties, metal chelation,
and antibacterial potential [3, 4]. Epidemiological studies
link the consumption of green tea, and EGCG in particu-
lar, to a lower risk of chronic diseases such as cardiovascu-
lar disease, diabetes, and cancer [5]. A typical cup of green
tea contains 50 to 100 mg of EGCG, which is considered
the most effective anticancer agent among the green tea
polyphenols [6]. However, the bioavailability of EGCG is
limited due to its polarity and intestinal metabolism [7].

EGCQG exerts its anticancer effects through modulation
of several signaling pathways and enzymes, making it a
promising candidate for cancer treatment. Animal studies
have demonstrated that EGCG can inhibit tumor growth,
reduce tumor size and invasiveness, suppress angiogenesis,
and induce apoptosis in cancer cells, suggesting potential
therapeutic benefits in humans [8]. One notable mecha-
nism of EGCG’s anticancer action is its ability to arrest
the cell cycle of cancer cells at the G1 phase [9]. Addition-
ally, EGCG induces apoptosis through both extrinsic and
intrinsic pathways [10, 11], inhibits anti-apoptotic protein
expression, and promotes pro-apoptotic protein expression
in cancer cells [12].

@ Springer



189 Page 2 of 12

Journal of Molecular Modeling (2025) 31:189

At the epigenetic level, EGCG regulates gene expression by
inhibiting enzymes such as DNMT and HDAC [13]. It inhibits
DNMT3B in cervical cancer cells, thereby reducing the meth-
ylation of tumor suppressor gene promoters [14]. EGCG also
modulates various intracellular enzymes including kinases [11]
and proteinases [15] and immune regulators [16]. Furthermore,
it inhibits the catalytic component of telomerase, which is fre-
quently overexpressed in cancer cells [17].

EGCG demonstrates anti-inflammatory effects by sup-
pressing the expression of inflammatory cytokines, growth
factors, and chemokines [18-20], which could potentially
aid in cancer prevention. Moreover, EGCG inhibits the
expression of hormone and growth factor receptors that are
often overexpressed in cancer cells [19, 21].

Drugs often interact with numerous proteins outside of their
intended target, known as off-targets, which can significantly
affect their overall activity, efficacy, tolerability, and side effects
[22]. The fact that EGCG affects a broad spectrum of molecular
signaling pathways, as indicated, suggests that it may engage
in multiple off-target interactions. Despite numerous studies
highlighting these polypharmacological effects, our understand-
ing of the exact molecular mechanisms by which EGCG exerts
its effects in the various metabolic pathways is still limited.
The identification of new EGCG targets or pathways through

Fig. 1 EGCG molecule

in silico approaches such as ours could therefore shed light on
the putative anticancer effects of EGCG.

We have developed two innovative tools, the ProBiS-
Dock docking algorithm (http://insilab.org/probisdock) [23]
and the ProBiS-Dock database (http://probis-dock-database.
insilab.org) [24], to enable identification of new target pro-
teins for synthetic and natural small molecules. The ProBiS-
Dock algorithm treats both the protein and the ligand as
flexible entities and uses a novel docking approach in which
the scoring function utilizes information from similar bind-
ing sites with known ligands. The ProBiS-Dock database
includes the predicted binding sites for all human proteins
in the Protein Data Bank (PDB) [25]. It includes over 1.4
million predicted binding sites, of which more than 36,000
are on human protein structures. Together, these tools pro-
vide a comprehensive resource for inverse molecular dock-
ing, enabling scanning of the human proteome to identify
potential targets.

In this study, we used these inverse docking tools to iden-
tify the most likely target proteins of EGCG (Fig. 2). We
conducted a thorough search for experimental evidence of
the physical interaction between EGCG and the predicted
target proteins. For the top predicted target proteins, we
provided detailed descriptions of their functions and roles,
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focusing particularly on their involvement in carcinogen-
esis. In addition, we performed molecular pathway enrich-
ment analysis based on the best predictions to elucidate the
potential signaling pathways affected by EGCG. Our study
is an initial exploration into the interaction of EGCG with
different proteins and aims to establish a list of potential
human target proteins of EGCG to enable future research to
investigate its anticancer effects.

Materials and methods

Identification of human protein targets of EGCG
in the Protein Data Bank

Using the ProBiS-Dock algorithm [23] for molecular dock-
ing, we conducted a comprehensive search across the entire
Protein Data Bank (PDB) [25] to identify human protein
targets of EGCG. This algorithm has undergone extensive
validation [23], and an earlier version of the algorithm [26]
was used to predict new target proteins of different natural
products [27, 28]. The algorithm treats small molecules and
proteins as flexible entities, allowing for the simulation of
conformational changes during the docking process. It fea-
tures a novel scoring function, which incorporates specific
ligand information from the PDB tailored to each protein
structure, along with a general statistical scoring function.
These components are integrated into a hybrid scoring func-
tion called ProBiS-Score that provides both structure-spe-
cific scoring and general scoring potentials applicable across
all protein structures.

The ProBiS-Dock database [24] is a repository containing
over 1.4 million small molecule ligand binding sites derived
from all protein structures available in the PDB. Each bind-
ing site within this database is prepared for docking studies,
encompassing cofactors, relevant metal ions, glycan mol-
ecules, and structural water molecules.

The biologically relevant ligands from similar proteins
are transposed onto the corresponding query protein chains
using rotational—translational matrices, provided the bind-
ing sites share sufficient structural similarity, as determined
by ProBiS-assigned Z-scores. Ligand transfer occurs when
Z-scores exceed 2.5 for compounds, cofactors, glycans, and
water molecules, and 2.0 for metal ions.

These components are critical as they can interact with
docked ligands. Importantly, the database facilitates the
identification of binding sites spanning multiple protein
chains that form complexes. These sites are often over-
looked, as conventional methods typically recognize only the
asymmetric unit of protein complexes, neglecting the entire
multi-chain structure. Binding sites are ranked according to
their druggability, that is, the suitability for drug targeting,
which is assessed based on a novel druggability score that

considers the complexity and number of predicted ligands
for each site [24]. This is particularly important for allosteric
binding sites where co-crystallized ligand-protein structures
are scarce. In this work, we used the human subset of the
ProBiS-Dock database, which comprises 440,723 binding
sites [25]. We used the highest ranked binding site by drug-
gability score among all predicted binding sites for each
protein, resulting in 36,532 binding sites.

We ran ProBiS-Dock algorithm using the parameters
max_possible_conf set to 20 and flex_radius set to 6.0, while
keeping all other parameters at their default values.

Protein targets selection based on docking scores

The predicted conformations of EGCG in human protein
binding sites were ranked based on their ProBiS-Dock
scores. Assuming a normal distribution of these scores,
the 97" percentile confidence interval was determined to
be (—61.56, —18.03) arbitrary units (Fig. 3). Proteins with
ProBiS-Dock scores below this threshold (< —61.56 arb.
units) were considered potential EGCG targets (see the
full list in Supporting Table S1).

By setting the threshold at the 97" percentile, we
focused on only the top-scoring EGCG-protein com-
plexes, selecting those most likely to represent true bio-
logical interactions. The identified 20 top-ranked protein
targets were chosen for further manual investigation
(Table 1), including a search for experimental evidence
supporting their interaction with EGCG.

Network and enrichment analysis

We performed network and enrichment analyses to deter-
mine the biological context and potential pathways associ-
ated with the predicted target proteins of EGCG through
which EGCG exerts its anticancer effects. We used the top
50 predicted human proteins, and using Cytoscape 3.10.2
[35] with integrated with StringApp [36], we performed
protein-protein interaction network analysis based on the
STRING database [37]. In the StringApp, all parameters
were set to their default values. For pathway enrichment
analysis, we focused on KEGG (Kyoto Encyclopedia of
Genes and Genomes) pathways [38] using StringApp within
Cytoscape.

Results and discussion

We used the inverse molecular docking tool ProBiS-Dock
[23, 24] to predict human protein targets of EGCG. From the
resulting list, we selected 95 the most likely protein targets
with their docking scores in the 97 th percentile for further
analysis. Among the top 20 predicted EGCG targets—an
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Fig.2 Overview of the study
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arbitrary yet manageable number that allowed manual evalu-
ation—six have been experimentally confirmed to interact
with EGCG (see Table 1, all targets are provided in Support-
ing Table S1). The remaining 14 target proteins are novel
predictions and await experimental validation.

Validation of protein targets based on literature
evidence

For the top 20 EGCG target predictions, we conducted a
literature search to find experimental evidence of physical
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interactions between EGCG and these targets. While many
studies demonstrated effects of EGCG on the predicted
targets, it was often not clear whether these effects were
due to direct physical interactions or indirect mechanisms.
Therefore, as a precaution, we confirmed only those inter-
actions for which we found evidence in the literature that
was obtained using a reliable experimental method, e.g., an
in vitro enzyme activity assay. This led to the confirmation
of six of the top 20 predicted targets as true physical inter-
actions (see rows with “Yes” in the last column in Table 1).
These are described in the following.
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KRAS GTPase (KRAS), the most prevalent oncogenic
driver gene in human cancers, emerged as the top predicted
protein target of EGCG, with its docked conformation in
KRAS shown in Fig. 4A. Experimental evidence demon-
strates that EGCG indeed physically interacts with KRAS,
leading to inhibition of its activity. Wang et al. [29] con-
ducted a targeted study on cancer-associated protein targets
of EGCG using an in vitro enzyme activity assay specific for
KRAS. Their results showed that EGCG effectively inhibited
KRAS activity by 53% at a concentration of 100 pM (see
Fig. 8 in Ref. [29]). After incubation with the compound,
enzymatic activity was measured colorimetrically at 450 nm
using a microplate reader. Given the high prevalence and
lethality of KRAS mutations, the ability of EGCG to inhibit
KRAS activity confirms EGCG as a potential therapeutic
option for cancers caused by KRAS mutations.

Coagulation factor X, activated form (FXa) was identified
as the second most likely predicted target of EGCG, with
its docked conformation in FXa illustrated in Fig. 4B. Wu
et al. [30] showed that EGCG interacts with and inhibits
FXa using a capillary electrophoresis based dual-enzyme
(for thrombin and factor Xa) co-immobilized microreactor.
EGCG demonstrated strong inhibitory activity against both
thrombin and FXa in this high-accuracy screening assay (Z'
factor > 0.94), with an inhibition rate of 96.40 + 0.66%
for FXa at a concentration of 0.5 mM, identifying it as an
effective dual-target inhibitor. The optimized assay reliably
distinguished compounds with selective or dual inhibitory
effects on THR and FXa. Cancer cells can exploit the blood

—60
Docking score [arb. units]

coagulation system to create a favorable microenvironment
for tumor growth [39]. Therefore, the ability of EGCG to
inhibit FXa may contribute to its anticancer effect by pro-
moting anti-tumor immunity.

Collagenase (MMP1) was identified as the sixth most
likely protein target for EGCG, with its docked conforma-
tion in MMP1 shown in Fig. 4C. In an experimental study
conducted by Nguyen et al. [40], EGCG was identified as
the most potent inhibitor of the catalytic domain of MMP1
among the eight tested flavonoids, showing 92.44% inhibi-
tion at 200 pM and an ICs, of 14.13 uM. Kinetic analy-
sis using Lineweaver—Burk and Dixon plots revealed that
EGCG acts as a competitive inhibitor of MMP1ca, with a
calculated Ki value of 10.47 + 0.51 uM, confirming EGCG’s
strong and concentration-dependent inhibitory effect on
MMP1 activity. Excessive production of MMPs is a charac-
teristic feature of cancer cells that have the ability to form
metastases [41]. Therefore, the inhibitory effect of EGCG
on collagenases has the potential to reduce the metastasis
rate of cancer, which is a promising avenue for therapeutic
intervention.

Phospholipase A2 Group ITA (PLA2G2A) was identified
as the ninth highest ranked protein target (Fig. 4D). Wang
et al. [32] identified EGCG as the most potent inhibitor of
porcine pancreatic phospholipase A2 (PLA2) among the cat-
echins tested, showing a concentration-dependent inhibitory
effect. The assay measured PLA2 activity in vitro using a
substrate mixture, with catechin amounts ranging from 0.075
to 1.80 pmol per 300 pL, which is approximately equivalent
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Table 1 Top 20 target proteins (including complexes composed of multiple protein chains) with the lowest ProBiS-Score for EGCG, predicted

by the ProBiS-Dock algorithm

# PDB ID, Chain ID Protein name*

Gene symbolb ProBiS-Score [23] Interaction with EGCG

described in the lit-

erature
1. 4LV6,B GTPase KRas KRAS -90.530 Yes [29]
2. 2D1J,A Coagulation factor X, heavy chain F10 —83.500 “Yes [30]
3. 3ENM, AC Dual specificity mitogen-activated protein kinase MAP2K6 —82.459 No
kinase 6
4. 4LVF, AB Nicotinamide phosphoribosyltransferase NAMPT —82.124 No
5. 1IME, AB Inositol monophosphatase IMPA1 —81.353 No
6. 3AYK, A Collagenase MMPI1 —81.231 “Yes [31]
7. 3WD9, A CAMP-specific 3',5'-cyclic phosphodiesterase 4B PDE4B —79.799 No
8. 2C0T,A Tyrosine-protein kinase HCK HCK —77.626 No
9. 1JIAAB Phospholipase A2 PLA2G2A —74.696 CYes [32]
10. 1ST4, AB mRNA decapping enzyme DCPS —72.006 No
11. 1CBO, A 5'-Deoxy-5'"-methylthioadenosine phosphorylase MTAP —71.748 No
12. 4J6l, A Phosphatidylinositol 4,5-bisphosphate 3-kinase PIK3CG —71.132 No
catalytic subunit gamma isoform
13. 3WIB,A DNA ligase 4 LIG4 —70.995 No
14. 3ROL, A Proto-oncogene serine/threonine-protein kinase PIM1 —70.887 No
pim-1
15. 1FO3,A Alpha 1,2-mannosidase MANIB -70.779 No
16. 4 C7B, AB NAD-dependent protein deacetylase sirtuin-3, SIRT3 -70.313 No
mitochondrial
17. 2I6 A, A Adenosine kinase ADK —70.043 No
18. 2JT5, A Stromelysin-1 MMP3 —69.280 No
19. 4MQK, ABEF Hemoglobin subunit alpha, subunit gamma-2 AE: HBAI, HBA2 —69.226 Dyes [33]
BF: HBB, HBG?2
20. 3R8M, A Cyclin-dependent kinase 2 CDK2 —69.161 CYes [34]

“Gene names were obtained from PDB (https://www.rcsb.org/)
bGene symbols were obtained from UniProt (https://www.uniprot.org/)
“Interaction was confirmed by in vitro enzymatic activity assay

“Interaction was confirmed by in vitro Hb reduction

to the total amount ingested in 0.4 to 10 cups of green tea.
EGCG exhibited the lowest ICs, value at 0.48 pmol, fol-
lowed by ECG at 0.84 pmol, while other catechins (EC,
EGC, and CAT) had ICj values greater than 1.8 pmol, indi-
cating much weaker inhibition. At the highest amount tested
(1.80 pmol), EGCG inhibited over 83% of PLA?2 activity,
demonstrating EGCG’s strong inhibitory potential against
pancreatic PLA2 compared to other tea catechins. Consider-
ing the increased expression of PLA2G2A in certain cancers
and its role in promoting cancer cell growth and prolifera-
tion, it is considered an important factor in oncogenesis.
Therefore, given its proven inhibitory effect on this enzyme,
EGCG may serve as a promising agent in cancer therapies
targeting PLA2G2A.

Hemoglobin (Hb) was ranked as the 19 th most likely tar-
get protein for EGCG (Fig. 4E). Jia and Alayash [33] demon-
strated that EGCG has the ability to convert ferryl-Hb (Fe**)

@ Springer

back to ferric-Hb (Fe**). The effect of EGCG on human Hb
was studied by monitoring its ability to inhibit Hb autoxi-
dation and reduce ferryl-Hb. Ferryl Hb was generated by
reacting ferric-Hb with hydrogen peroxide, and EGCG was
added to assess its reduction kinetics using spectrophotom-
etry and stopped-flow analysis. EGCG effectively reduced
ferryl-Hb and inhibited oxidative changes in Hb, demon-
strating its antioxidant potential. Both ferryl heme and its
radicals are highly reactive species causing lipid, nucleic
acid, and protein oxidations, and even cell and tissue dam-
age [33]. Through its ability to convert ferryl-Hb back to
its iron form, EGCG may help to mitigate oxidative stress,
a process associated with DNA damage and linked to the
development of cancer.

Cyclin-dependent kinase 2 (CDK2) was ranked the
20 th protein target for EGCG (Fig. 4F). Effective dose-
dependent inhibition of CDK2 activity by EGCG has been
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Fig.4 Predicted interactions between EGCG and A KRAS (PDB
ID: 4LV6), B FXa (PDB ID: 2D1 J), C MMP1 (PDB ID: 3AYK), D
PLA2G2A (PDB ID: 1J1 A), E Hb (PDB ID: 4MQK), and F CDK2
(PDB ID: 3R8M). Hydrogen bonds are continuous purple lines,

demonstrated in kinase assays with histone H1 as a substrate
using human A431 epidermoid carcinoma cells [34]. The
cells were treated with EGCG, and lysates were prepared
for immunoblot analysis and kinase activity assays. Key
steps included immunoprecipitation to isolate cyclin-CDK
complexes, followed by kinase assays using radioactive ATP

Phel52

hydrophobic interactions are purple dashed lines, salt bridges are yel-
low dashed lines, pi-pi interactions are dashed white lines, and water
bridges are continuous blue lines

to measure kinase activity, and detection of protein expres-
sion by chemiluminescence and autoradiography. CDK2
is a serine/threonine protein kinase that is critical for the
phosphorylation of various target proteins involved in cell
cycle regulation [42]. By inducing GO/G1-phase cell cycle
arrest, EGCG irreversibly prevents further cell division and
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promotes apoptosis in human A431 epidermoid carcinoma
cells [34]. This dual effect on cell cycle control and apop-
tosis underlines its potential as a therapeutic agent against
cancer.

Novel predicted protein targets of EGCG

Of the 20 highest ranked target proteins of EGCG, 14 have
not yet been experimentally confirmed to interact with
EGCG, including five kinases, all of which are involved in
cancer development and where EGCG could exert its anti-
cancer effects (see Table 1). One of these kinases is the dual
mitogen-activated protein kinase kinase 6 (MAP2K6), which
is part of the MAP kinase signaling pathway. MAP2K6
influences ATF2 downstream and regulates processes such
as cell cycle progression, apoptosis, and tumorigenesis [43,
44]. Another is tyrosine protein kinase HCK, a member of
the Src family, which is known for its role in the transfor-
mation of malignant cells after activation [45]. Phosphati-
dylinositol 4,5-bisphosphate 3-kinase (PIK3CG) regulates
the PKB/AKT signaling pathway that is critical for growth,
survival, and activation of cell proliferation [46]. The proto-
oncogenic serine/threonine protein kinase PIM-1 is another
kinase regulated by the JAK/STAT signaling pathway. The
oncogenic function of PIM-1 includes transcriptional con-
trol of MYC, modulation of the cell cycle, and inhibition of
proapoptotic factors such as BAD and FOXO3 [47]. Finally,
adenosine kinase (ADK) regulates extracellular adenosine
concentration and intracellular adenine nucleotide levels.
Giglioni et al. [48] observed significantly increased ADK
expression in cancer tissues, emphasizing their potential
importance in cancer biology. These kinases represent prom-
ising targets for future experimental investigations of the
interaction mechanisms of EGCG and possible therapeutic
applications in cancer treatment.

Surface plasmon resonance (SPR) is a powerful technique
for confirming EGCG’s predicted protein targets, particu-
larly kinases. It allows real-time monitoring of EGCG bind-
ing to immobilized kinase targets and provides key kinetic
parameters, including association/dissociation rates, equilib-
rium dissociation constants (Kd), and ICs, values, which are
key for evaluating its inhibitory potential [49]. For instance,
SPR has been used to demonstrate EGCG’s noncompeti-
tive inhibition of NAD kinase [50]. Applying SPR to other
kinases could offer deeper insights into EGCG’s anticancer
mechanisms; however, the complexity of kinase interactions
and experimental conditions may impact result accuracy
[49].

Network analysis of predicted targets

We performed a STRING [37] network analysis for the top
50 predicted protein targets to determine their connectivity
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and potential importance for the effects of EGCG (Fig. 5).
Among the identified protein targets, PPARG has the high-
est number of associations with 18 connections, followed
by HSP90 AA1 with 14, ESR1 with 12, and PLAU, F2,
KRAS and RENO with nine connections each (for protein
targets see Table S1). On average, each protein is connected
to about four others, while six proteins have no connections
in the network.

Pathway enrichment analysis of predicted targets

The enrichment analysis of the KEGG [38] pathways of
the top 50 protein targets showed enrichment in 20 path-
ways, with a focus on cancer-associated pathways (Fig. 6).
A comprehensive table with a detailed listing of all enriched
pathways can be found in Table S2. Among these pathways,
Pathways in cancer proves to be the most enriched path-
way, comprising ten associated proteins. This is followed by
Proteoglycans in cancer with six proteins, Prostate cancer
with five, MicroRNAs in cancer with four, and both PD-L]I
expression and PD-1 checkpoint signaling pathway in can-
cer and Acute myeloid leukemia with three proteins each.
Remarkably, KRAS has the most associations with five path-
ways, followed by RPS6 KB1 with four and both PLAU
and PIM1 with three associations each. This underscores the
multi-layered involvement of these genes in various cancer-
related metabolic pathways and highlights potential targets
for the development of broad-spectrum cancer therapies.

The mechanistic roles of KRAS, PIM1, RPS6 KB1, and
PLAU in cancer biology are multifaceted, involving criti-
cal pathways that drive tumorigenesis and cancer progres-
sion. KRAS is a key regulator of the RAS/MAPK signaling
pathway, driving uncontrolled proliferation, survival, and
metastasis in multiple cancers, particularly pancreatic, lung,
and colorectal cancers [51]. PIM1, a serine/threonine kinase,
promotes tumorigenesis by enhancing cell cycle progres-
sion, inhibiting apoptosis, and modulating MYC signaling,
making it a crucial player in hematological malignancies
and prostate cancer [52]. RPS6 KB1, encoding the p70S6
kinase, is a major effector of mTOR signaling, promoting
protein synthesis and cell growth, and is frequently amplified
in breast and ovarian cancers [53]. PLAU, which encodes
urokinase-type plasminogen activator, facilitates extracel-
lular matrix degradation and enhances tumor invasion and
metastasis, with high expression correlating with poor
prognosis in breast, lung, and gastric cancers [54]. These
oncogenes contribute to cancer progression through dysreg-
ulation of key signaling pathways, making them attractive
therapeutic targets.

A possible limitation of our approach could be that the
observed anticancer effects in vivo may not only be due to
EGCQG itself, but also due to its metabolites. EGCG is par-
tially degraded by the gut microbiota before it is absorbed
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Fig.6 KEGG pathway enrichment with a focus on cancer-associated pathways. Each pathway is shown with a different color, and the size of
each node corresponds to the number of its corresponding connections to the proteins involved in that particular pathway

into the bloodstream [55], suggesting that these metabolites
may also contribute to its therapeutic effects. To address this
confounding factor, docking studies could be performed not
only on EGCG but also on its known metabolites to assess
their potential interactions with cancer-related proteins. This

underscores the need for further research to better under-
stand the mechanisms by which EGCG exerts its effects on
multiple target proteins and to fully determine its role in
cancer biology.
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Conclusions

We used an inverse molecular docking approach to identify
potential human protein targets of (—)-epigallocatechin-
3-gallate (EGCG). Six of the 20 most likely predicted human
protein targets were experimentally confirmed to interact
with EGCG, namely KRAS, FXa, MMP1, PLA2G2A, Hb,
and CDK?2. Fourteen protein targets have not yet been exper-
imentally confirmed and represent potential new targets of
EGCG through which it could exert its anticancer effect.
These are MAP2 K6, NAMPT, IMPA1, PDE4B, HCK,
DCPS, MTAP, PIK3 CG, LIG4, PIM1, MAN1B, SIRT3,
ADK, and MMP3. We found that the predicted targets were
enriched with cancer-related pathways. Among the identified
pathways, KRAS, RPS6 KB1, PLAU, and PIM1 were most
frequently annotated, indicating their possible involvement
in EGCG mechanisms related to its anticancer effects. These
results provide the basis for further experimental research
aimed at understanding the molecular mechanisms by which
EGCG interacts with its protein targets, which could poten-
tially lead to the development of new cancer therapies.
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