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Abstract
Background: Leukemia was listed by the World Health Organization as one of the �ve most intractable diseases in the
world. The multi-drug resistance (MDR) of leukemia cells limits the e�cacy of anti-tumor drugs and is the major reason
for the chemotherapy failure and recurrence of leukemia chemotherapy. Some studies have shown that Euphorbiae
semen (ES) possesses the characteristics of new therapeutic drugs for MDR. However, the molecular mechanisms and
active compounds have not yet been fully clari�ed. Therefore, there is a need for explore its active compounds and
demonstrate its mechanisms through network pharmacology and molecular docking technology.

Method: First, the TCMSP database was searched and screened the active compounds of the ES, supplemented with
compounds veri�ed by literature, so as to further identify the core compounds in the active ingredient. Simultaneously, the
TCMSP and Swiss database were searched to the targets of active compounds, and the targets of reverses leukemia
multidrug resistance (RL-MDR) were screened in the relevant databases, such as GeneCards and DrugBank. Then, the
targets of active compounds were intersected with RL-MDR targets to obtain potential targets of ES acting on MDR. The
compound–target network was constructed by Cytoscape. The target protein–protein interaction network was built using
STRING and Cytoscape database. Second, the R language and DAVID database were used to analyse Gene Ontology (GO)
biological functions analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) signal pathways enrichment.
Finally, molecular docking method was utilized to investigate the binding activity between the core targets and the active
compounds of ES.

Results: Compound–target network mainly contained 22 compounds and 81 corresponding targets. Finally, seven
components in ES were selected and 10 core targets were identi�ed; Key targets contained JUN, CASP3, MAOA, AR,
PPARG, DRD2, ADRA2A, CHRM2, PTGS2 and MAPK14. GO enrichment analysis indicated the main biological functions of
potential genes of ES in the treatment of MDR. KEGG pathway enrichment analysis showed the main pathways, mainly
including apoptosis, pathways in cancer, p53 signaling pathway, VEGF signaling pathway, TNF signaling pathway and
PI3K–Akt signaling pathway. Finally, we chose the top 10 common targets for molecular docking with the 7 active
compounds of ES. The results of molecular docking indicated that the compounds of ES, which had good a�nity with
targets.

Conclusion: The molecular mechanism of ES in the treatment of MDR showed the synergistic reaction of multi-compound,
multi-target, and multi-pathway of traditional Chinese medicine, which provided ideas for further clinical research.

1. Introduction
Leukemia [1] is a kind of malignant clonal disease of hematopoietic stem cells, commonly known as “blood cancer”,
which ranks �rst in the incidence of pediatric malignant tumors. The mortality rate ranks �rst among the malignant
tumors that cause death in children and adults under the age of 35, and it is one of the malignant tumors that seriously
endanger human health. The majority of therapeutic failures are due to cellular resistance to anti-leukemic drugs. Multi-
drug resistance (MDR) refers to the phenomenon that tumor cells develop resistance to an anti-tumor drug while
producing MDR to anti-tumor drugs that have not been exposed and exposed, different mechanisms of action, and
different targets of action [2]. The development of multidrug resistance is one of the main reasons for treatment failure in
various cancers [3-5]. Multidrug resistance is a great challenge in cancer treatment, is a detrimental mechanism that
induces cancer cells to develop resistance against chemotherapies, which need to be solved [6, 7]. A major mechanism of
resistance is the over-expressed in cancer cell plasma membranes of ATP-binding cassette (ABC) transporters, which
could e�ux pump the chemotherapeutic drugs �ow out of the cell [8-10]. Therefore, many anticancer substances cannot
effectively accumulate in tumor cells to reach enough therapeutic concentration, resulting in multidrug resistance[11].
Consequently, it is necessary to develop Chinese medicine reversal agents and anti-tumor drugs synergistic reverses
leukemia multidrug resistance (RL-MDR).
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Traditional Chinese medicine reversal agent has the characteristics of multi-target, low toxicity and high e�ciency, which
can be passed through different mechanism reversal of drug resistance, with unlimited research potential. At present, a
crucial strategy for solve MDR is to use sensitizer or reversal agents, which are combined with chemotherapeutic drugs
[12]. It has become the current focus of researchers. Traditional Chinese herbal, as a complementary and alternative
medicine treatment, has been widely applied into cancer treatment. For instance, emodin can reverse the drug resistance
of K562 / ADM cells by inhibiting the expression of P - glycoprotein, which suggests that emodin is still potentially
effective reversal agents in the treatment of chronic myeloid leukemia resistance [13]. solanine[14]and
germacrone[15]were able to MDR. Through inhibiting the expression of P - glycoprotein and MRP, increasing the
concentration of chemotherapeutic drugs in chronic myelogenous leukemia resistant cell lines and enhancing the
cytotoxicity of drugs.

Euphorbiae semen also called QianJinzi in Chinese or Euphorbia Lathyris L. in Latin, distributed mainly in North China[16].
It has been widely used for thousands of years for the treatment of warts and tumors[17], antibacterial activity[18],
antiviral[19, 20], anti-in�ammation activity[21, 22], anti-proliferative, antitumor-promoting and apoptosis inducing
activities[23-25], and et al. The main compounds of the ES include Lathyrane-type, diterpenoids, Ingenane-type,
diterpenoids, Coumarins, etc. Many studies have been found that Euphorbia diterpenes can be regarded as effective lead
compounds for the reversal of MDR [26-28]. It can be seen that ES have certain development value.

Network pharmacology, which is a newly developed strategy �rst mentioned by Andrew L Hopkins, is a systematic
analytical way focuses on searching for relationships of active ingredients and potential targets[29]. Network
pharmacology combined with molecular docking technology could be applied in identify active ingredients, predict target,
clarify mechanism and pathway of action [30]. Therefore, we explored its possible mechanism of ES in RL-MDR with
network pharmacology and molecular docking technology, which provides a reference for further research on the drug
treatment of leukemia.

2. Methods
2.1 Screening of compounds from ES

TCMSP contains 499 herbs registered in the Chinese Pharmacopoeia with 29,384 ingredients, 3,311 targets, and 837
associated diseases and it contains the drug-gene interaction based on both experiment and prediction traditional
Chinese Medicine Systems Pharmacology Database and Analysis Platform (TCMSP: https://tcmspw.com/). TCMSP
provides lots of information about the Euphorbia semen for us. Therefore, we screened compounds with oral
bioavailability (OB)  30% and Drug-likeness (DL)  0.18 as bioactive compounds for further study. At the same time,
potential compounds which could validate by literatures were replenished.

2.2 Screening of bioactive compounds potential targets

The potential targets of ES were predicted on TCMSP and Swiss Target Prediction (http://www.swisstargetprediction.ch/,
2019 version). Only the targets with Probability (Swiss Target Prediction) higher than 0.60 would be selected, the aim of
this doing was to ensure the reliability of prediction. The targets of compounds from TCMSP and Swiss were combined
and duplicated items were removed. Finally, we obtained the potential targets of ES.

2.3 Screening of potential targets for reverses leukemia multidrug resistance (RL-MDR)

The targets related to RL-MDR were retrieved from the Human Gene Database (Genecards database,
https://www.genecards.org/) and DrugBank (DrugBank database, https://www.drugbank.ca/). GeneCards builds a
correlation between gene and disease, which provides information about targets related to disease, mutations and
polymorphisms, protein-protein interactions, gene expression, pathways and so on[31]. The DrugBank database is a free

https://tcmspw.com/
http://www.swisstargetprediction.ch/
https://www.genecards.org/
https://www.drugbank.ca/
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and comprehensive bioinformatics database containing information on detailed drug, drug target, drug action, and drug
interaction [32]. The targets obtained from two databases, which were regarded as potential targets of RL-MDR.
Ultimately, we use the drawing of Venny2.1 diagram (https://bioinfogp.cnb.csic.es/) to analyze the targets’ intersection of
compounds and RL-MDR.

2.4 Construction of Protein-Protein Interaction (PPI) network of targets intersection of RL-MDR and ES

We constructed a PPI network for the protein targets of ES using the string database
(http://www.swisstargetprediction.ch/) with the organism limited to “Homo sapiens”. String, a database was used for
searching and building the network between proteins and proteins. To collect possible protein-protein interactions (PPI) by
uploading 81 common targets that related to RL-MDR and active compounds. The minimum required interaction score is
medium con�dence (0.400), which was also the default threshold. Then, save the �le in TSV format. PPI network of
targets intersection of RL-MDR and ES was constructed by using Cytoscape (version 3.7.1, Boston, MA, USA) and the
modules of PPI network are clustered by MCODE. Cytoscape is open software, which can graphically display the network
and edit it[33]. The Cytoscape software was used to construct a PPI network of targets intersection of active compounds
and potential targets. Detailed information was provided in these graphs that compounds and targets were represented by
nodes and their interactions were re�ected by edges.

2.5 Gene Ontology (GO) and KEGG pathway enrichment analysis of targets intersection of RL-MDR and ES

We using the Database for Annotation, Visualization, and Integrated Discovery (David database,
https://david.ncifcrf.gov/) to perform GO and KEGG pathway enrichment analyses in this study. GO analysis is the
description of genes in different aspects such as the biological process (BP), cellular components (CC), and molecular
function (MF). KEGG analysis refers to the analysis of the pathways involved in genes. KEGG pathway was determined
have statistically signi�cant and necessary functional mechanisms as P value ≤ 0.05[34]. The ggplot2 was used to
visualize the bubble chart, which is a contributed visualization package in the R programming language.

2.6 Molecular docking and network analysis

Molecular docking is a signi�cant pathway that mainly studies intermolecular interactions and predicts their binding
mode and a�nity[35]. Not only can it be used for drug design in new medicines, but it can also provide keen insights into
protein function prediction and other important issues [36]. We screened the top 10 targets related to RL-MDR,
downloading protein structure in Uniport (https://www.uniprot.org/) save as PDB formats of proteins. Molecular docking
is based on the simulation of ligand-receptor interaction to predict the binding mode and a�nity between protein and
protein or between small molecule and protein to carry out virtual screening of drug targets and the prediction of
pharmacodynamic components. The molecular docking was used to explore the interaction between compounds and the
reversal of multidrug resistance in leukemia. To some extent, the mechanism and binding activity of compounds and
target proteins were explained. The X-ray crystal structures of key target proteins were searched at the RCSB PDB
database (https://www.rcsb.org/) and imported into the “Discovery Studio Client (BIOVIA Co., Ltd, China”) software to
modify the compound structure. In the “simulation” module of the software, select “apply force �eld” to add force �eld for
compound. Before docking, the receptor protein should be pretreated, the water molecules should be removed, and then
the protein should be prepared. The ligand molecules in the prepared receptor protein were selected, the docking site is
centered on the ligand, select the Dock Ligands to dock with the compound, and �nish the docking after the running.
Screening active compounds with high activity and interaction with key amino acids can illustrate the mechanism and
binding activity of compounds with key targets in some degree. The higher the docking score, the better the a�nity for
protein and ligand. The conformation with the best a�nity was selected as the �nal docking conformation and visualized
in Pymol (version 2.3, Chengdu MolDesigner Co., Ltd, China).

https://bioinfogp.cnb.csic.es/
http://www.swisstargetprediction.ch/
https://david.ncifcrf.gov/
https://www.uniprot.org/
https://www.rcsb.org/
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3. Results
3.1 Screening of compounds

A large number of compounds in single Chinese medicine, we screened 22 by using TCMSP and literature. The detailed
information of compounds from literature was provided by TCMSP and PubChem (https://pubchem.ncbi.nlm.nih.gov/). In
a word, 22 compounds were screened for further study. The detailed information was shown in Table 1.

3.2 Target retrieval and analysis

Based on the above results, we further looked for the targets of these components. A total of 5,201 targets were obtained.
2,565 targets, 1,445 targets were initially screened in DrugBank and GeneCards, respectively. 91 targets of compounds
were obtained. 81 targets were obtained after merging and removing duplicate targets, as shown in Figure1 (a). The
overlapping 81 targets represented the potential targets for ES treating MDR and the targets were imported into Cytoscape
for visualization, as shown in Figure1(b).

3.3 Construction compound -target Network

The compound-target network consisted of 102 nodes and 139 interacting edges were established by Cytoscape. Each
edge represents the interaction between compound and target and a node with higher degree represents its importance in
the network. Beta-Sitosterol, DL-Laudanine, Stigmasterol, Artemetin, Eseramine, lSitosterol, and Euphorbetin were the top 7
bioactive compounds with maximum degree in network, the detailed information of these 7 compounds was shown in
Table 2. These targets are considered to be the active targets of ES in the treatment of RL-MDR, as shown in Figure 2. The
top 43 targets were screened according to the degree value (Table 3).

3.4 Construction and analysis of the target PPI network.

We identi�ed 81 potential targets of ES-related genes of RL-MDR utilize the comparative analysis. A diversi�ed PPI
network was created by using the Cytoscape to visualization (Figure 3). This PPI network consisted of 79 nodes and 387
edges. COLQ and PRSS1 were not analyzed in the PPI network, for it does not interact with other proteins. The predicted
top 10 with highest degree score were JUN, CASP3, MAOA, AR, PPARG, DRD2, ADRA2A, CHRM2, PTGS2, and MAPK14,
which were considered core targets of ES to RL-MDR. Analyze the network by MCODE, six clusters are obtained (Figure. 4).
Input these clusters into DAVID for GO enrichment analysis, several RL-MDR related biological processes are returned. The
details of the clusters are described in Table4. Take some RL-MDR related biological processes in Cluster A as an
example: Genes in Cluster A is related to many biological processes. For example: positive regulation of ERK1and ERK2
cascode, (GO: 0070374) positive regulation of phosphatidylinositol biosynthetic process, (GO: 0010513) positive
regulation of release of sequestered calcium ion into cytosol, (GO: 0051281) positive regulation of phosphatidylinositol 3-
kinase signaling pathway, (GO: 0014068) adenylate cyclase-inhibiting G protein-coupled receptor signaling pathway, (GO:
0007193), et al.

3.5 GO and KEGG pathway enrichment analysis.

The GO and KEGG enrichment analysis were used to comment on the 81 potential targets of ES. We make the level of
statistical signi�cance at P < 0.05. Then, select the top 20 signi�cantly enriched terms in the BP, CC, and MF categories
showed in Figure 5. GO enrichment analysis showed that ES can inhibit of adenylate cyclase and a subsequent decrease
in the concentration of cyc AMP (cAMP), block the cell signaling pathway to inhibit cell proliferation and promote
apoptosis. Additionally, it works on GPCRs, which are closely related to biological behaviors such as the proliferation,
invasion, and metastasis of tumors, involving the classical signal pathways such as MAPK, Rap 1 and PI3K/Akt.
Additionally, it can promote calcium ion release into the cytosol. It is possible that the role of ES on RL-MDR is through
these molecular functions.

https://pubchem.ncbi.nlm.nih.gov/
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Subsequently, we conducted a KEGG pathway enrichment analysis. The neuroactive ligand-receptor interaction pathway
showed the highest number of target connections (count=28), calcium signaling pathway with14 targets, and pathways in
cancer with 17 targets, and included p53 signaling pathway, TNF signaling pathway, apoptosis, VEGF signaling pathway,
HIF-1 signaling pathway, cAMP signaling pathway, TGF-β signaling pathway, Wnt signaling pathway and PI3K/Akt
signaling pathway. These pathways play crucial roles in the inhibition of tumor cell growth, differentiation and promote
tumor cell apoptosis. Anything else, signaling pathways involved in in�ammation and immunity, such as T cell receptor
signaling pathway, NF-κB signaling pathway, Jak-STAT signaling pathway and so on. The results demonstrated that the
action targets of main bioactive compounds were distributed in different pathways. The “multi-components, multi-targets,
and multi-pathways” mutual regulation is the possible mechanism for the reverse leukemia multidrug resistance. Then,
the top 20 signaling pathways were visualization in Figure 6. Details are provided in Table 5.

3.6 Molecular docking veri�cation

Because 43 potential targets were obtained, the top 10 targets (JUN, CASP3, MAOA, AR, PPARG, DRD2, ADRA2A, CHRM2,
PTGS2and MAPK14), which had higher scores, were selected for molecular docking with 7 active ingredients of ES. In this
docking assay, apart from ADRA2A with no protein PDB format, nine protein structures were retrieved from Protein Data
Bank (PDB), showed in Table 6. The results obtained by the molecular docking software are shown in Table 7. Through
molecular docking, it can reveal the interaction between molecules and targets. It provides the most reasonable and
effective mass model in structure-activity relationship research. Compounds with the highest docking fraction were
selected for plotting, the results shown in Figure 7. It shows that the compounds were tightly bound to the protein residues
via various interactions. The results revealed that the nine potential targets can be docked with different compounds
respectively, with different docking fraction, which further indicated that ES plays a role through multi-component and
multi-target.

3.7 Construction of compound-target genes-pathway network

A comprehensive network was constructed with nodes consistent with compounds, targets, pathways, and edges
indicating interactions, respectively, in Figures 8. It can be seen from the �gure that an active component not only
corresponds to one action target, but also corresponds to one or more active components. The network fully
demonstrated that ES possessed multiple components, multiple targets, and multiple pathways against MDR.

4. Discussion
Until now, chemical drugs are the main way to treat leukemia, while leukemia cell MDR is an important cause of treatment
failure. The mechanism of MDR in tumor cells is a complex process with multiple targets and pathways. Chemical drugs
have the de�ciency of single target and high toxicity in reversing MDR of tumor cells. Traditional Chinese medicine (TCM)
can reverse MDR of leukemia cells due to its advantages of multi-pathway and low toxicity, which provides another way to
seek for e�cient reversing agents. TCM has its unique advantages to treat complex disease. Nevertheless, multi-
compound and multi-target characteristics of TCM also brought a lot of di�culties for Chinese medicine research and
restrained the development of TCM. By changing from “one-target, one-drug” analysis to “network-targeted, multi-
component” analysis, network pharmacology is a powerful way for the molecular mechanism of TCM [37]. Therefore, the
development of network pharmacology, which can predict the interaction of multiple drug targets, may be the key to the
success of drug discovery against complex diseases in the future. In our study, molecular docking veri�cation was added
to the network pharmacology as complement to predict the herb targets.

According to compound-target network, beta-Sitosterol, DL-Laudanine, Stigmasterol, Artemetin, Eseramine, Sitosterol and
Euphorbetin were compounds with top seven degree among the network. Beta-sitosterol, a phytosterol induces anticancer
properties in different cancers based on different mechanisms [38]. It is indicated that beta-sitosterol induced G0/G1 cell
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cycle arrest in NSCLC cells possibly by inactivating the TGF-β/Smad2/3/c-Myc pathway [39]. Beta-Sitosterol which has
been shown to have reverse MDR on leukemia via induces G2/M arrest, endoreduplication, and apoptosis through the Bcl-
2 and PI3K/Akt signaling pathways. It could be considered as good candidate for the development of novel P-gp/MDR1
reversal agents which may enhance the accumulation and e�cacy of chemotherapy agents. It is reported that artemetin
is a potential radiosensitizer which inhibits proliferation by inducing apoptosis in human myeloid leukemia cells[40], and
inhibits cell cycle progression at G2/M phase and induces apoptosis in mammalian cancer cells[41]. These reports
indicated that the compounds we have screened can indeed play a role in different ways.

Our results predict that compounds exert therapeutic effects against MDR, at least in part, by modulating the function of
the following proteins: JUN, CASP3, MAOA, AR, PPARG, DRD2, ADRA2A, CHRM2, PTGS2, MAPK14. Functions of intersect
targets can be classi�ed into steroid hormone receptor activation and regulate tumor cell growth and apoptosis and drug
resistance. For example, as an important member of AP-1 transcription factor family, JUN is involved in growth,
metastasis, and drug resistance of cancer[42]. PTGS2 is also known as cyclooxygenase-2 (COX-2), and Cox-2 is a rate-
limiting enzyme that regulates prostaglandin synthesis during arachidonic acid metabolism and is mainly involved in
various in�ammatory reactions of the body [43]. In addition, PTGS2 can activate nuclear factor kappa B (NF - κB)
signaling pathway and reduce DNA damage after radiotherapy [44]. MAPK is a class of serine/threonine protein kinases,
which is an important intracellular signal transduction system, mediating various processes of cell differentiation,
proliferation, division and apoptosis in the body, and is related to the occurrence, development and metastasis of various
tumors [45]. Caspase-3 controls AML1-ETO-driven leukemogenesis via autophagy modulation in a ULK1-dependent
manner [46]. These studies indicate that biological functions of the targets play important roles in RL-MDR.

Furthermore, we performed functional enrichment analyses, including GO and KEGG pathway enrichment analysis, to
clarify the multiple mechanisms of ES reverse MDR. The pathways involved in the KEGG enrichment pathway were mainly
the pathways in cancer, apoptosis, p53 signaling pathway, T cell receptor signaling pathway, TNF signaling pathway,
VEGF signaling pathway and PI3K/Akt signaling pathway. TNF signaling pathway was an important pathway in
in�ammatory response [47], in which related factor receptors can also induce apoptosis. T cell receptor (TCR) activation
can promote many signal transduction cascades and ultimately determine cell fate by regulating cytokine production, cell
survival, proliferation, and differentiation[48]. The PI3K/Akt signaling pathway was a key pathway in our study. Studies
have found that the PI3K/Akt signaling pathway is continuously activated in leukemia cells, and the abnormal activation
of PI3K/Akt signaling pathway is closely related to multidrug resistance in leukemia. Inhibition of activation of this
pathway can inhibit proliferation of tumor cells and directly regulate the apoptosis process of leukemia cells [49]. To sum
up, it is speculated that ES might exert RL-MDR effect by acting on the related signaling pathways.

Molecular docking is the most widely used method for calculating protein-ligand interactions. Through network
pharmacology combined with molecular docking technology, the possible active components and molecular mechanisms
of ES for reversing MDR were systematically screened in this study to provide a new breakthrough point for the treatment
of MDR. More and more evidences have shown that ES may have signi�cant potential to RL-MDR by a combination of
multi-components, multi-targets, and multi-pathways. Nevertheless, its rationality is only preliminarily explained in this
study that still has some limitations.

5. Conclusion
In clinical application, the complexity of herbal compounds, and they act on a variety of complex targets and pathways,
which makes clinical application and research on the active ingredients of Chinese traditional medicines di�cult. Network
pharmacology and molecular docking method, although they have many problems that need to be solved, which provide
new ideas and new methods for thinking of research on the material basis and mechanisms of traditional Chinese
medicines[50]. This research explored the mechanism of the effects of ES reverse MDR based on these methods for the
�rst time. The results indicated that the ES could play pharmacological roles in reverse leukemia multidrug resistance
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through multiple targets, multiple channels, and multiple pathways, including apoptosis, pathways in cancer, TNF,
in�ammation, and immune stimulation. The docking results further demonstrated that main compounds displayed good
a�nity to the critical targets. Furthermore, this study not only provides a solid foundation for clinical application, but also
provides a reference for further research on the drug treatment of leukemia. However, there was also shortcoming in this
study, which was failed to carry out further clinical trials and veri�cation studies. Therefore, our future research will pay
attention to in vivo, in vitro experiments and clinical trials to verify these results.
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Table 1: A list of the �nal selected compounds from ES

Number Molecule ID/

PubChem CID

Molecule name Molecule weight OB (%) DL

E1 MOL002587 Euphorbetin 354.28 35.89 0.54

E2 MOL002597 Euphol 426.80 42.12 0.75

E3 MOL000358 beta-Sitosterol 414.79 36.91 0.75

E4 MOL000359 Sitosterol 414.79 36.91 0.75

E5 MOL000449 Stigmasterol 412.77 43.83 0.76

E6 MOL005220 Eseramine 318.42 45.89 0.31

E7 MOL005221 Euphorbia factor Ti2 538.74 35.18 0.82

E8 MOL005223 DL-Laudanine 343.46 69.09 0.37

E9 MOL005228 Euphorbia steroid 552.72 34.74 0.83

E10 MOL005229 Artemetin 388.40 49.55 0.48

E11 MOL005230 lathyrol 334.50 50.76 0.34

E12 MOL005231 Isoeuphorbetin 354.28 39.71 0.54

E13 101306826 Euphorbia Factor L1 552.7 _ _

E14 101071473 Euphorbia Factor L2 642.7 _ _

E15 10577938 Euphorbia Factor L3 522.6 _ _

E16 124511085 Euphorbia Factor L4 586.8 _ _

E17 56841025 Euphorbia Factor L5 586.8 _ _

E18 6442562 Euphorbia Factor L6 548.7 _ _

E19 74962706 Euphorbia Factor L7a 548.7 _ _

E20 74962707 Euphorbia Factor L7b 580.7 _ _

E21 85236453 Euphorbia Factor L8 523.6 _ _

E22 102004672 Euphorbia Factor L9 643.7 _ _
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Table 2: Topological parameter of core active compounds in compound-target network

Number compounds Degree Betweenness Closeness

E3 MOL000358 34 0.40 0.47

E8 MOL005223 30 0.32 0.42

E5 MOL000449 25 0.26 0.42

E10 MOL005229 20 0.26 0.40

E6 MOL005220 14 0.15 0.36

E4 MOL000359 6 0.09 0.31

E1 MOL002587 3 0.02 0.33
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Table 3: Detailed information of major hub genes in PPI network

Gene names Degree Protein names

JUN 24 Transcription factor AP-1

CASP3 21 Caspase-3

MAOA 18 Amine oxidase [�avin-containing] A

AR 17 Androgen Receptor

PPARG 17 Peroxisome proliferator activated receptor gamma

DRD2 17 D(2) dopamine receptor

ADRA2A 17 Alpha-2A adrenergic receptor

CHRM2 17 Muscarinic acetylcholine receptor M2

PTGS2 17 Prostaglandin G/H synthase 2

MAPK14 16 Mitogen-activated protein kinase 14

OPRM1 16 Mu-type opioid receptor

HTR2C 16 5-hydroxytryptamine 2C receptor

SLC6A2 16 Sodium-dependent noradrenaline transporter

SLC6A3 15 Sodium-dependent dopamine transporter

ADRA2C 15 Alpha-2C adrenergic receptor

HTR1B 15 5-hydroxytryptamine 1B receptor

MAOB 14 Amine oxidase [�avin-containing] B

ADRA1B 14 Alpha-1B adrenergic receptor

F2 14 Thrombin

DRD3 14 D(3) dopamine receptor

HTR2A 14 5-hydroxytryptamine 2A receptor

CHRM1 14 Muscarinic acetylcholine receptor M1

GPER1 14 Estrogen receptor

PGR 13 Progesterone receptor

OPRD1 13 Delta-type opioid receptor

ADRA1A 13 Alpha-1A adrenergic receptor

ADRA1D 13 Alpha-1D adrenergic receptor

ADRA2B 13 Alpha-2B adrenergic receptor

NCOA1 12 Nuclear receptor coactivator 1

CDK2 12 Sodium channel protein type 5 subunit alpha

PRKACA 12 mRNA of PKA Catalytic Subunit C-alpha

CHRM4 12 Muscarinic acetylcholine receptor M4
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NCOA2 11 Nuclear receptor coactivator 2

ESR2 11 Mu-type opioid receptor

GSK3B 11 Prostaglandin G/H synthase 2

HSP90AB1 11 Heat shock protein HSP 90

ADRB2 11 Beta-2 adrenergic receptor

MAP2 11 Microtubule-associated protein 2

CASP8 10 Caspase-8

CASP9 10 Caspase-9

NOS2 10 Nitric oxide synthase, inducible

CHRNA7 10 Neuronal acetylcholine receptor protein, alpha-7 chain

CHRM5 10 Muscarinic acetylcholine receptor M5

 

Table 4: Clustering analysis results of ES in RL-MDR PPI network node

Cluster Targets contained in class clusters MCODE
Score

Class
cluster
contains

Number
of
nodes

Class
cluster
contains

Number
of edges

a GPER1 HTR2C F2 CHRM1 HTR2A ADRA1B ADRA1A OPRD1 ADRA2C
OPRM1 CHRM3 ADRA2A HTR1B DRD3 ADRA2B SLC6A2 CHRM2
ADRA1D CHRM5 CHRM4 DRD2

10.400 21 104

b NR1H3 NR3C2 CDK2 HSP90AB1 NCOA2 RXRA NCOA6 NCOA1 4.286 8 15

c NOS2 PPARG TGFB1 MAPK14 4.000 4 6

d BCL2 CASP3 CASP9 BAX 4.000 4 6

e GSK3B ABCB1 TOP2A AR JUN 3.500 5 7

f SCN5A KCNMA1 KCNH2 3.000 3 3
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Table 5: Enrichment analysis of KEGG signaling pathway associated with the targets of ES

Term Count P-
value

Group genes

hsa04080:Neuroactive
ligand-receptor
interaction

28 8.22E-
20

OPRM1,DRD3,DRD2,PRSS1,HTR1B,ADRA2A,
CHRNA7,ADRA2C,ADRA2B,CHRNA2,GABRA2,
GABRA1,GABRA3,GABRA5, ADRB2, CHRM5, ADRB1,
CHRM4,CHRM3,CHRM2,CHRM1,F2,ADRA1B,
ADRA1A,HTR2C,ADRA1D,HTR2A,OPRD1

hsa04020:Calcium
signaling pathway

14 3.58E-
08

CHRM5, ADRB2, ADRB1, CHRM3, CHRM2, CHRM1, ADRA1B,
ADRA1A, CHRNA7, PRKACA, NOS2, HTR2C, ADRA1D, HTR2A

hsa05200:Pathways in
cancer

17 2.48E-
06

HSP90AB1, PIK3CG, AR, PTGS2, RXRA, PPARG, CDK2, TGFB1,
CASP3, CASP9, JUN, BAX, GSK3B, BCL2, CASP8, PRKACA, NOS2

hsa05210:Colorectal
cancer

8 3.49E-
06

PIK3CG, CASP3, CASP9, JUN, GSK3B, BAX, BCL2, TGFB1

hsa04022:cGMP-PKG
signaling pathway

11 5.51E-
06

KCNMA1, ADRB2, ADRB1, ADRA2A, ADRA1B, ADRA1A, PDE3A,
ADRA2C, ADRA2B, ADRA1D, OPRD1

hsa04725:Cholinergic
synapse

9 2.01E-
05

PIK3CG, CHRM5, CHRM4, CHRM3, CHRM2, CHRM1, BCL2, PRKACA,
CHRNA7

hsa04726:Serotonergic
synapse

9 2.01E-
05

HTR1B, CASP3, PTGS2, MAOA, PTGS1, MAOB, PRKACA, HTR2C,
HTR2A

hsa04970:Salivary
secretion

8 3.12E-
05

KCNMA1, ADRB2, ADRB1, CHRM3, ADRA1B, ADRA1A, PRKACA,
ADRA1D

hsa04261:Adrenergic
signaling in
cardiomyocytes

9 9.59E-
05

ADRB2, ADRB1, MAPK14, BCL2, ADRA1B, ADRA1A, PRKACA, SCN5A,
ADRA1D

hsa05161:Hepatitis B 9 1.36E-
04

PIK3CG, CASP3, CASP9, JUN, BAX, BCL2, CASP8, TGFB1, CDK2

hsa05030:Cocaine
addiction

6 1.55E-
04

DRD2, SLC6A3, JUN, MAOA, MAOB, PRKACA

hsa04932:Non-alcoholic
fatty liver disease
(NAFLD)

9 1.80E-
04

PIK3CG, CASP3, JUN, RXRA, GSK3B, BAX, CASP8, TGFB1, NR1H3

hsa04024:cAMP
signaling pathway

10 2.23E-
04

PIK3CG, HTR1B, ADRB2, ADRB1, DRD2, CHRM2, JUN, CHRM1,
PRKACA, PDE3A

hsa05222:Small cell lung
cancer

7 2.62E-
04

PIK3CG, CASP9, PTGS2, RXRA, BCL2, NOS2, CDK2

hsa04923:Regulation of
lipolysis in adipocytes

6 2.94E-
04

PIK3CG, ADRB2, ADRB1, PTGS2, PTGS1, PRKACA

hsa05215:Prostate
cancer

7 3.16E-
04

PIK3CG, HSP90AB1, AR, CASP9, GSK3B, BCL2, CDK2

hsa05032:Morphine
addiction

7 3.79E-
04

OPRM1, GABRA2, GABRA1, GABRA3, GABRA5, PRKACA, PDE3A

hsa04728:Dopaminergic
synapse

8 3.85E-
04

DRD3, DRD2, MAPK14, SLC6A3, GSK3B, MAOA, MAOB, PRKACA

hsa04210:Apoptosis 6 4.74E-
04

PIK3CG, CASP3, CASP9, BAX, BCL2, CASP8

hsa04915:Estrogen 7 5.97E- PIK3CG, OPRM1, HSP90AB1, JUN, PRKACA, ESR2, GPER1
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signaling pathway 04

hsa04723:Retrograde
endocannabinoid
signaling

7 6.64E-
04

GABRA2, GABRA1, PTGS2, GABRA3, MAPK14, GABRA5, PRKACA

hsa04115:p53 signaling
pathway

6 6.79E-
04

CASP3, CASP9, BAX, CASP8, CHEK1, CDK2

hsa05033:Nicotine
addiction

5 7.99E-
04

GABRA2, GABRA1, GABRA3, GABRA5, CHRNA7

hsa05145:Toxoplasmosis 7 0.0010 CASP3, CASP9, MAPK14, BCL2, CASP8, NOS2, TGFB1

hsa04919:Thyroid
hormone signaling
pathway

7 0.0013 PIK3CG, NCOA1, NCOA2, CASP9, RXRA, GSK3B, PRKACA

hsa05014:Amyotrophic
lateral sclerosis (ALS)

5 0.0019 CASP3, CASP9, MAPK14, BAX, BCL2

hsa04914:Progesterone-
mediated oocyte
maturation

6 0.0022 PIK3CG, HSP90AB1, PGR, MAPK14, PRKACA, CDK2

hsa05152:Tuberculosis 8 0.0026 CASP3, CASP9, MAPK14, BAX, BCL2, CASP8, NOS2, TGFB1

hsa04924:Renin secretion 5 0.0046 KCNMA1, ADRB2, ADRB1, PRKACA, PDE3A

hsa05142:Chagas
disease (American
trypanosomiasis)

6 0.0048 PIK3CG, MAPK14, JUN, CASP8, NOS2, TGFB1

hsa05031:Amphetamine
addiction

5 0.0051 SLC6A3, JUN, MAOA, MAOB, PRKACA

hsa04668:TNF signaling
pathway

6 0.0054 PIK3CG, CASP3, PTGS2, MAPK14, JUN, CASP8

hsa05203:Viral
carcinogenesis

8 0.0058 PIK3CG, CASP3, JUN, BAX, CASP8, PRKACA, CHEK1, CDK2

hsa04976:Bile secretion 5 0.0060 HMGCR, RXRA, PRKACA, ABCB1, CA2

hsa05140:Leishmaniasis 5 0.0066 PTGS2, MAPK14, JUN, NOS2, TGFB1

hsa04722:Neurotrophin
signaling pathway

6 0.0087 PIK3CG, MAPK14, JUN, GSK3B, BAX, BCL2
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Table 6: Information from UniProt of targets’ intersection of ES and RL-MDR

Number Target Uniport

1 JUN 2G01

2 CASP3 1NME

3 MAOA 2Z5Y

4 AR 1E3G

5 PPARG 6IZN

6 DRD2 6CM4

7 ADRA2A  

8 CHRM2 5ZKC

9 PTGS2 5IKR

10 MAPK14 2Y1X

 

Table 7: The results of docking seven compounds of ES with 9 potential targets

Compound AR CASP3 JUN MAPK14 MAOA PTGS2 CHRM2 DRD2 PPARG

beta-
Sitosterol

  109.872 107.734 117.251 138.400 108.698 112.166 64.7901 85.1168

DL-
Laudanine

127.932 99.8756 109.213 65.9517 141.136 113.766 111.725 80.3044 74.2255

Stigmasterol   54.8007 117.714 69.0176 132.214 108.142 121.36 64.5956  

Artemetin   34.7891 84.4057   81.3879 85.8693 46.5486 59.9996  

Eseramine 92.9136 83.4378 84.9043 92.3684 96.9445 86.9897 101.644    

Sitosterol   109.872 107.734 117.251 138.400 108.698 112.166 64.7901 85.1168

Euphorbetin 88.1873   84.5927   100.684        

Ligand 116.73 88.4699 81.1013   89.6694 156.001 131.646 57.856  

Figures
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Figure 1

Targets’ intersection of RL-MDR and ES network. (a) The blue circle represents targets of ES. The pink circle represents
targets of reverses leukemia multidrug resistance from GeneCards. The green circle represents targets of reverses
leukemia multidrug resistance from DrugBank. (b) Targets’ intersection of reverses leukemia multidrug resistance and ES
network: the blue circular nodes represent targets of targets intersection of reverses leukemia multidrug resistance and ES.

Figure 2

Compound-target network. Green hexagon nodes represent active compounds in ES. Yellow circles represent common
targets between compound targets from reverses leukemia multidrug resistance and ES signi�cant targets. Edges
represent interaction between ingredients and targets.
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Figure 3

Protein-protein interaction network of common genes of ES-related genes of RL-MDR. Each node stands for a related
target gene. The protein with greater degree is described by larger node and darker color, and the edge with greater
combined score is described by thicker and darker line.

Figure 4

Interaction module of ES -RL-MDR-gene based on MCODE
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Figure 5

Gene ontology analysis of potential targets. In the bubble charts in (A–C), the Y-axis represents the names of the BP, CC,
and MF terms, respectively, and the X-axis represents the percentage-enriched GO categories of the target genes (P
value<0.01).
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Figure 6

Enrichment analysis on KEGG pathways of key targets from active compounds of ES. Note: The size of the dots indicated
the number of genes and the color of the dots re�ected the -log10 (P-Value). The color of terms turned from purple to
orange. The orange the bubble was, the smaller the adjusted P value was.
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Figure 7

Molecular docking between bioactive compounds and key targets. (A): beta-sitosterol and MAOA (B): DL-Laudanine and
MAOA (C): Stigmasterol and MAOA (D): Artemetin and PTGS2 (E): Eseramine and CHRM2 (F): sitosterol and MAOA (G):
Euphorbetin and MAOA

Figure 8

The herb-compound-target -pathway network. Purple hexagons represent herb. Green circles represent compounds from
ES. Red diamonds represent common targets. Blue arrows represent enriched pathways.


