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A B S T R A C T   

Background: Network pharmacology has emerged as a powerful tool to understand the therapeutic effects and 
mechanisms of natural products. However, there is a lack of comprehensive evaluations of network-based ap
proaches for natural products on identifying therapeutic effects and key mechanisms. 
Purpose: We systematically explore the capabilities of network-based approaches on natural products, using 
Panax ginseng as a case study. P. ginseng is a widely used herb with a variety of therapeutic benefits, but its active 
ingredients and mechanisms of action on chronic diseases are not yet fully understood. 
Methods: Our study compiled and constructed a network focusing on P. ginseng by collecting and integrating data 
on ingredients, protein targets, and known indications. We then evaluated the performance of different network- 
based methods for summarizing known and unknown disease associations. The predicted results were validated 
in the hepatic stellate cell model. 
Results: We find that our multiscale interaction-based approach achieved an AUROC of 0.697 and an AUPR of 
0.026, which outperforms other network-based approaches. As a case study, we further tested the ability of 
multiscale interactome-based approaches to identify active ingredients and their plausible mechanisms for breast 
cancer and liver cirrhosis. We also validated the beneficial effects of unreported and top-predicted ingredients, in 
cases of liver cirrhosis and gastrointestinal neoplasms. 
Conclusion: our study provides a promising framework to systematically explore the therapeutic effects and key 
mechanisms of natural products, and highlights the potential of network-based approaches in natural product 
research.   

1. Introduction 

Network pharmacology, utilizing methods from systems biology, has 
emerged as a useful tool to understand the therapeutic effect of drugs in 
interconnected biological systems [1]. In particular, it has been widely 
employed to analyze and elucidate the therapeutic effects and mecha
nisms of herbal medicines, and has been actively applied in various 
studies, such as identifying active compounds and predicting potential 
targets [2,3]. Our previous study also highlighted the methodological 
trends in traditional herbal medicine network pharmacology research, 
revealing a dramatic increase in studies and the utilization of data
bases/tools [4]. One of the underlying reasons for this is that network 

pharmacology approaches is well-suited to herbal medicines, which are 
composed of multiple ingredients that act on multiple targets [5]. For 
example, one study utilized a network-based approach to identify the 
therapeutic effects of a polyphenol based on the proximity between the 
drug target and a disease-related protein [6]. Another researcher used 
network pharmacological analysis to prioritize and validate flavonoids 
for nonalcoholic fatty liver disease, or to identify systems-level mecha
nisms for the antioxidant properties of Bupleuri Radix and its active 
compound [7,8]. As such, network pharmacology is expected to be 
useful in discovering the therapeutic effect of herbal medicine and 
presenting testable hypotheses. 

Researchers have increasingly relied on network-based algorithms to 
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identify the therapeutic effects of natural products [9,10]. Unlike other 
computational approaches such as machine learning, network-based 
algorithms can suggest reliable, verifiable hypotheses based on associ
ations between drug targets and disease proteins in complex biological 
networks [11]. The most widely utilized approach is to consider the 
overlap between natural products and disease-related proteins [12–14]. 
However, this approach totally neglects protein-protein interactions and 
cannot account for the propagation of the effects of a drug on other 
proteins. Recently developed network-based methods have reported 
that considering the network between various biological systems will 

provide more accurate results in predicting the therapeutic effect of 
drugs. Specifically, Güney et al. developed network proximity and 
applied it to discover new therapeutic effects of drugs [15]. Network 
proximity is a method that measures the proximity between drug targets 
and disease-related proteins in a protein-protein interaction network, 
and is used to predict new therapeutic effects by evaluating the con
nectivity between existing drug targets and proteins in related diseases. 
Meanwhile, Ruiz et al. applied propagation effects on a multiscale 
interactome composed of proteins and biological functions to identify 
the therapeutic effect of a drug [16]. The study found that simulating the 

Fig. 1. Integrated workflow for investigating novel indication of P. ginseng and their potential mechanisms. The workflow includes three main steps: A. 
compiling P. ginseng ingredients, their protein targets, and known indications; B. evaluating the performance of network-based methods to on recapulating ther
apeutic effects of P. ginseng; and C. performing case studies to validate the predicted indications and mechanisms of P. ginseng. 

Y.W. Kim et al.                                                                                                                                                                                                                                  



Journal of Ginseng Research 48 (2024) 373–383

375

propagation of a compound or disease on a multiscale interactome 
demonstrated state-of-the-art performance in predicting therapeutic 
effects and uncovered its key mechanisms. Despite these possibilities, 
there has not yet been a systematic attempt to compare and evaluate 
network methods for natural products. 

In this study, we aim to systematically explore the efficacy of 
network-based approaches for natural products, using Panax ginseng C. 
A. Meyer (P. Ginseng) as a case study. P. Ginseng, a plant widely used for 
thousands of years in East Asia, has been recognized for its unique 
therapeutic value worldwide and is currently one of the most consumed 
medicinal herbs globally. According to Donguibogam, a traditional 
Korean medicine book registered on the UNESCO World Heritage list, 
P. ginseng is known to have tonifying effects on internal energy, stabi
lizing effects on the mind, and replenishing effects on deficiencies. It can 
be applied to various ailments such as fatigue, fright palpitations, and 
forgetfulness. Western countries have also drawn attention to the po
tential therapeutic effects of ginseng, and the European Committee for 
Medicinal Plants states that it is effective for symptoms associated with 
tiredness and weakness [17]. Furthermore, current clinical studies have 
indicated that ginseng could potentially benefit patients with Alz
heimer’s disease, chronic heart failure, hypertension, and glucose 
metabolism [18–21]. Despite this interest in ginseng’s efficacy, most 
research on ginseng is limited to reinterpreting prior knowledge. Given 
the vast number of possible indications and mechanisms, relying solely 
on experimental screens is both costly and time-consuming. Addition
ally, ginseng’s various effects are exerted by multiple ingredients, making 
it challenging to identify active compounds and their key mechanisms. 
Therefore, there is an urgent need for a novel approach to systematically 
investigate the therapeutic effects and key mechanisms of P. ginseng. 

In this work, we employ a network-based approach to investigate the 
therapeutic effects of P. ginseng and dissect its potential mechanisms 
(Fig. 1). We comprehensively compiled ingredients of P. ginseng, its 
protein targets, and known indications. We constructed a compound- 
target network and tested whether the constructed network could 
reflect the known mechanisms of P. ginseng. The systematic analysis was 
performed to evaluate which network-based method can best discrimi
nate between known and unknown disease associations for P. ginseng. As 
a case study, we further tested whether a network-based approach can 
identify active ingredients and their plausible mechanisms for breast 
cancer and liver cirrhosis. We experimentally validated several candi
date ginseng ingredients for which there was no prior evidence for liver 
cirrhosis. Taken together, we believe that this study presents a system
atic strategy to dissect the disease treatment mechanism of P. ginseng by 
elucidating new indications for P. ginseng and its core mechanisms. It 
also provides a promising framework for the systematic investigation of 
therapeutic effects and key mechanisms of natural products. 

2. Materials and methods 

2.1. Ingredients and protein targets of panax ginseng 

The ingredients of P. ginseng were retrieved from a literature and 
SymMap (https://www.symmap.org) database [22]. SymMap inte
grated ingredient information of herbal medicine from the TCMID 
(version 2015), TCMSP (version 2.3) and TCM-ID (version 1.0) data
bases according to common identifiers of the compounds. The active 
ingredients of P. ginseng mentioned in the literature were additionally 
included [23]. For the analysis, we only considered compounds that 1) 
could be mapped in PubChem IDs, and 2) had protein target information 
with experimental evidence. The compound id and its representative 
name were mapped and curated using pubchem. 

The experimentally validated targets of ginseng ingredients were 
obtained from the data compiled by Huang et al. STITCH, therapeutic 
target database (TTD), and HIT 2.0 [24–27]. Huang et al. assembled 
direct and indirect compound-protein interactions of natural products 
were from several databases. STITCH integrated target information for 

430,000 chemicals from disparate data sources. TTD provides compre
hensive information about the known and explored targets, the targeted 
disease, pathway information and the corresponding drugs directed at 
each of these targets. HIT2.0 is a comprehensive platform for herbal 
ingredients and their target information based on literature evidences. 
Target identifiers such as gene symbol or UniProt id were mapped with 
Entrez gene id using SYNGO [28]. 

2.2. Compound-target network construction 

A compound–target network is a bipartite network, in which nodes 
in the network are defined as compounds and targets and the edges 
between compounds and targets are defined as compound-target in
teractions (Yes or No). The network was constructed and visualized 
based on information about the compounds, targets, and their in
teractions using Cytoscape (version 3.8.2) [29]. The biological processes 
or signaling pathways related to the target proteins were identified by 
gene set enrichment analysis (GSEA) using Enrichr (http://amp.pharm. 
mssm.edu/Enrichr/) [30]. Enrichr computes enrichment by the assess
ment of multiple gene-set libraries (e.g., gene ontology and Kyoto 
Encyclopedia of Genes and Genomes (KEGG)) and calculates adjusted 
p-values, z-scores, and combined scores for the gene lists of interest 
(target genes). The combined score is calculated by the logarithm of the 
multiplication of the p-value and z-score. For analyzes utilizing the 
KEGG pathway, we considered pathways related to the organismal 
system and excluded pathways related to disease (i.e., Hepatitis B). 

2.3. Multiscale interactome 

The multiscale interactome refers to integrating both physical in
teractions between proteins and a multiscale hierarchy of biological 
functions. The multiscale interactome used in this study was obtained 
from the data built by Ruiz et al. [16]. They built the network by inte
grating the three types of associations: protein-protein interactions, 
protein–biological function interactions, and biological function–bio
logical function interactions. For protein-protein interactions, they 
assembled 387,626 physical interactions between 17,660 proteins from 
seven major databases such as the Biological General Repository for 
Interaction Datasets, the Database of Interacting Proteins, and the 
Human Reference Protein Interactome Mapping Project. For 
protein-biological function interactions, they compiled 34,777 associa
tions between 7993 proteins and 6387 biological functions from human 
version of the Gene Ontology. For biological-biological function in
teractions, they constructed a hierarchy of biological functions consist
ing of 22,545 associations and 9798 biological functions. 

2.4. Network-based methods for predicting disease association 

To predict which ginseng ingredient will treat a given disease, we 
considered three metrics: protein overlap, network proximity, and 
multiscale interactome (Supplementary Fig. 1). Protein overlap is based 
on the tendency that ingredients with overlapping targets with disease- 
related proteins have therapeutic effects. It can be calculated by the 
Jaccard Simility between the set of drug targets T and the set of disease 
proteins S: 

|T ∩ S|
|T ∪ S|

.

Network proximity relied on the findings that the closer the targets of 
a compound are to disease proteins on a human protein-protein inter
action network, the more likely that the compound will affect the dis
ease phenotype [15]. It is obtained by calculating a relative score of the 
shortest path length between drug and disease based on the reference 
distribution. Let T and S be the set of drug targets and disease proteins, 
and d(s, t) be the shortest path length between nodes s and t. Network 
proximity first computes the average closest distance dc(s, t) between 
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disease-associated proteins and ingredient targets as follows: 

dc(S, T)=
1

||T||

∑

t∈T
mins∈Sd(s, t).

Next, a reference distance distribution is constructed consisting of 
values of dc(s, t) when S and T are randomly permuted to 1000 sets of 
proteins that match the size and degrees of the original disease proteins 
and targets in the network. Finally, relative score is computed by taking 
a z-score of dc(s, t) with respect to the reference distribution: 

Zdc =
dc − μdc

(S, T)
σdc (S, T)

where μdc
(S,T) and σdc (S,T) denotes the mean and standard deviation of 

the reference distribution, respectively. 
Multiscale interactome models and compares the impact of drug 

treatment and disease perturbation on the network that integrate in
teractions between proteins and biological functions. It predict disease 
association of drugs and natural products by calculating the diffusion 
profile r ∈ R|V|, and then measures the correlation distance between 
them. A diffusion profile is computed through a matrix formulation with 
power iteration as follows: 

r(k+1) = (1 − α)s + α
(

r(k)M+ s
∑

j∈J
r(k)j

)

, where r(k) denotes diffusion profiles at k-th state, α denotes the prob
ability of the walker continuing its walk at a given step rather than 
restarting, s ∈ R|V| denotes a restart vector which sets the probability the 
walker will jump to each node after a restart, and M denotes a biased 
transtion matrix derived from a directed multiscale interactome and set 
of scalar weights which encode the relative likelihood. 

Those procedures are repeated until the convergence of the power 
iteration computation is as follows: 

‖ r(k+1) − r(k) ||1 > ε  

where ε denotes the tolerance parameter and was set to 1× 10− 6, the 
same value of the previous study. 

The correlation of drug and disease diffusion profile is calculated as 
follows: 

(
r(c) − r(c)

)
•
(
r(d) − r(d)

)

‖ (r(c) − r(c)) ||2
⃦
⃦ (r(d) − r(d)) ||2  

where r(c) and r(d) denote the diffusion profiles of the drug and disease, 
respectively 

2.5. Known disease association of ginseng ingredients 

Known disease associations of ginseng ingredients were obtained 
from the Comparative Toxicogenomic Database (CTD) [31]. CTD is a 
publicly available database that aims to advance understanding of the 
effects of environmental exposure on human health, providing manually 
curated information such as chemical–disease associations. Among the 
chemical-disease associations, we selected associations labeled as 
“therapeutic”, meaning that the chemical has a known or potential 
therapeutic role in the condition. The explicit associations between 
ginseng ingredients-disease were expanded to implicit associations by 
considering the hierarchical structure of diseases along the Mesh tree. 
This procedure was performed by propagating associations in the lower 
branches of the Mesh tree to consider diseases in the higher levels of the 
same tree branch. Finally, we identified 192 associations between 14 
ginseng ingredients and 78 diseases that could be used for ground truth 
for known disease associations for ginseng ingredients. 

2.6. Materials 

Anti-p-Smad 2, anti-p-Smad 3 and anti-β-actin antibody were sup
plied from Cell Signaling Technologies (Danvers, MA, USA). Anti- 
α-SMA, 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyl-tetrazolium bromide 
(MTT) and other reagents were purchased from Sigma–Aldrich (St. 
Louis, MO, USA). 

2.7. Cell culture, MTT assay and western blot analysis 

LX-2 cells, an immortalized human HSCs line, were kindly provided 
by Dr. SL Friedman (Mount Sinai School of Medicine, NY, USA) [32]. 
AGS cells were purchased from. 

American Type Culture Collection (ATCC). LX-2 cells were treated 
with drugs for the Western blot. Preparation of protein lysates from cell 
line was performed as previously described protocol [32]. In case of 
MTT assay, AGS cells were stimulated with compounds for the indicated 
time [32]. 

2.8. Data analysis 

A Multiple comparison tests for different dose groups were con
ducted as previously described [32]. Variance homogeneity was deter
mined by using the Levene test [33] The statistical significance of the 
differences among the treatment groups was verified by one-way anal
ysis of variance (ANOVA). An unpaired t-test was also used to analyze 
the differences, and a non-parametric test was used (Mann–Whitney U 
test) if the distribution of data was abnormal. 

3. Results 

3.1. Construction and analysis of compound-target network 

Network construction and analysis was conducted to reveal chemical 
diversity and experimentally validated protein targets of P. ginseng. We 
identified 42 ingredients of P. ginseng with experimentally validated 
protein targets (Fig. 2A). To explain the chemical diversity of ginseng, 
we identified superclasses and classes of ginseng ingredients using 
Classyfire [34]. The result showed that ginseng ingredients are distrib
uted across 8 superclasses and 12 classes. Among superclasses, lipids and 
lipid-like molecules, phenylpropanoids and polyketides, benzenoids are 
the top three superclasses with 22, 7, and 4 compounds, respectively. 
Among 12 classes, prenol lipids, fatty Acyls, and flavonoids are the top 
three classes with 13, 8, and 5 compounds, respectively (Fig. 2B). 

We compiled experimentally validated target information for 
ginseng ingredients from various databases (Fig. 3A). We find that the 
majority of ginseng ingredients (25/42) have less than ten protein tar
gets, while a few compounds have an exceptionally large number of 
targets (Fig. 3B). A compound-target network was constructed and 
visualized between ginseng ingredients and their representative protein 
targets (Fig. 3C). To investigate related biological processes and path
ways, we conducted the functional enrichment analysis for these targets 
based on the Gene ontology and KEGG pathway, respectively. Through 
enrichment analysis on KEGG, we observed that ginseng targets are 
significantly implicated in various signaling pathways, including the 
PI3K-Akt pathway and apoptotic processes, as well as pathways 
involved in cancer. Similar enrichment analysis using Gene Ontology 
(GO) indicated significant associations with biological functions such as 
cytokine-mediated signaling and cellular responses to cytokine stimulus. 
These combined findings suggest that the diverse biological activities of 
ginseng may be mediated by its interaction with multiple signaling 
pathways and biological functions. These findings suggest that the 
therapeutic effects of ginseng could be mediated through its targets’ 
involvement in a diverse range of signaling pathways and biological 
functions. 
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3.2. Recapitulating known ingredient-disease associations for ginseng 

The various therapeutic effects of ginseng in treating diverse diseases 
stem from the different ingredients it contains. Thus, the test to reca
pitulate known and unknown associations between ginseng ingredients 
and disease would be an efficient way to evaluate the capacity to 
identify the therapeutic effects of ginseng. To select the most suitable 
approaches, we conducted a comprehensive comparison using the con
ventional method or state-of-the-art network-based methods: protein 
overlap, network proximity and multi-scale interactome (See methods). 
For this analysis, we grouped all 12,588 ginseng ingredient-disease as
sociations among 42 ginseng ingredients and 299 diseases into known 
(192) and unknown (12,396) associations. We assessed how well 
network-based metrics differentiate between the known and unknown 
sets by evaluating the area under the curve of the receiver operating 
characteristic curve (AUROC) and the precision-recall curve (AUPR). It 
is noteworthy that the performance shown by network-based ap
proaches seem lower than the typical performance shown by other 
machine learning tasks. This may be due to the inherent difficulty of the 
problem, stemming from the low proportion of currently known 
ingredient-disease pairs, and the fact that the unknown ingredient- 
disease pairs include pairs that have not yet been discovered. There
fore, this task still be efficient in investigating which network-based 
approach can efficiently identify the therapeutic effect of ginseng. 

We observed that all three network-based methods demonstrated 
performance above the chance level in terms of AUROC and AUPR 
(Fig. 4A). This supports the notion that considering the association be
tween protein targets and disease-associated proteins could be useful for 
identifying disease associations in ginseng ingredients. The protein 
overlap method achieved satisfactory performance in terms of AUROC 
and AUPR (0.626 and 0.021, respectively) but was only able to priorities 
for 20 % of the ingredient-disease pairs with overlapping proteins. On 
the other hand, network proximity and multi-scale interactome (MSI) 
are not constrained by the limitation of requiring overlapping proteins. 
In particular, the MSI approach outperformed the other methods, 
achieving an AUROC of 0.697 and an AUPR of 0.026, demonstrating the 
highest performance among network-based methods. Taken together, 
our results suggest that considering the multiscale-level impact on 
proteins and biological functions between ingredients and diseases is a 
more effective approach for recapitulating the therapeutic effects of 
ginseng. 

We also investigated how accurately each method predicts which 
diseases a particular ginseng ingredient may have a therapeutic effect 
on, and vice versa (Fig. 4B). For convenience, we’ll refer to these tasks as 
ingredient-level tasks and disease-level tasks, respectively. This task 

allowed us to explore how well each prediction method identifies dis
eases for a given ginseng ingredient and whether it can pinpoint a 
ginseng ingredient that can be utilized for a specific disease, respec
tively. Again, the MSI approach outperformed the other prediction 
methods in both the disease-level task and the ingredient-level task. We 
also found that the MSI approach exceeded the chance level for 80 % of 
both tasks, while the other methods performed below the chance level 
for almost half of the diseases and ingredients in both tasks. These results 
suggest that the MSI is consistently superior to other methods for the 
identification of active ingredients in ginseng for individual diseases, as 
well as for the identification of therapeutic effects of ingredients on 
diseases. The protein overlap, network proximity, and multi-scale 
interactome results for all disease and ginseng ingredient pairs are 
summarized in Supplementary Table 1. 

3.3. Identifying active ingredients and potential mechanisms in various 
diseases 

We then investigated whether MSI, which demonstrated the highest 
performance in previous experiments, could elucidate the active com
pounds and key mechanisms of P. ginseng for known indications. This 
was done by prioritizing ingredients for specific diseases and comparing 
the ingredients’ potential mechanisms for the diseases (See Methods). 
We focused on the detectable compounds in P. ginseng to facilitate the 
experimental validation of our findings. Our first case study focused on 
breast cancer, which is one of the most common cancers with a high 
prevalence rate. A previous cohort study suggested that administration 
of ginseng increased the survival rate and quality of life in breast cancer 
patients [35]. Therefore, identifying the key active ingredients and 
mechanisms of ginseng can facilitate drug discovery for breast cancer. 
We prioritized ingredients for breast cancer with the MSI approach and 
found that kaempferol, ginsenoside Rb1, and ginsenoside Rg1 had the 
highest correlation with the effects of breast cancer (Fig. 5A). Previous 
studies have reported that these ingredients may indeed be utilized in 
breast cancer [36–38], and this consistent result indicates that our 
predictions successfully recapitulate existing studies. To further inves
tigate whether MSI approach can identify the key mechanisms, we 
constructed a subnetwork consisting of proteins and biological functions 
that were significantly affected by breast cancer and ginseng in
gredients. In the constructed network, there is no direct path of proteins 
between ginseng ingredients and breast cancer. Instead, the targets of 
these ingredients directly interact with proteins such as ESR1, BRCA1, 
and BRCA2, and biological process related to cell proliferation, and 
apoptotic process. 

Following our investigation into breast cancer, we further 

Fig. 2. Selection process for flavonoids evaluated in this study and their chemical distribution. A. The flowchart of selecting the compounds of Panax ginseng. 
B. Distribution of compounds in Panax ginseng across different chemical superclasses and classes obtained from ClassyFire. The inner circle and outer circle represent 
the proportions of superclass and classes, respectively. 
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Fig. 3. A compound-target network for Panax ginseng and its property. A. Statistics of experimentally target information for Panax ginseng. ND, NT , and NDTI 

represents the number of drugs, targets, and drug-target interactions, respectively. B. Distribution of the number of protein targets of ginseng ingredients. C. A 
representative compound-target network for Panax ginseng. For efficient visualization, a subnetwork between 66 targets interacting with 3 or more of the protein 
targets and their ginseng ingredients was visualized. Circles and diamonds denote protein targets and compounds, respectively. Edges denote experimentally 
validated interactions between them. D. Top (n = 15) enriched pathways (left) and gene ontology terms (Biological Process, right) among all protein targets of Panax 
ginseng. The x-axis represents the statistical significance associated with each term. 
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investigated the effects of ginseng on liver cirrhosis as another case 
study, given its global health impact and potential benefits for liver- 
related diseases. A clinical study suggested anti-inflammatory and 
antifatigue effects of P. ginseng in patients with nonalcoholic fatty liver 
disease, and in vivo studies also investigated the protective effects 
against liver fibrosis [39,40]. We found that the diffusion profiles of 
kaempferol, ginsenoside Rb1, and beta-caryophyllene had the highest 
correlation scores with that of liver cirrhosis. Again, all of these have 
reported therapeutic or potentially protective effects in cirrhosis. The 
results of the subnetwork analysis revealed that their mechanisms of 
action were suggested to involve the regulation of modulating protein 
functions related to liver cirrhosis, either directly or through molecular 
interactions, or by regulating biological functions such as apoptosis, cell 
proliferation, and inflammation (Fig. 5B). These suggested mechanisms 
are known to play a crucial role in the onset and progression of liver 
cirrhosis [41]. Taken together, the findings demonstrated the effec
tiveness of the network-based approach in successfully recapitulating 
active ingredients and their key mechanisms against breast cancer and 
liver cirrhosis. 

3.4. Prediction and validation of novel active ingredients 

The successful recapitulation of the active ingredients and key 
mechanisms suggests that the network-based approach has the potential 
to discover new ginseng ingredients that can be utilized for various 
diseases. In refining our focus on liver cirrhosis, we catalogued ginseng 
ingredients known to be detectable through chromatography and clas
sified as endogenous metabolites. We found that ginsenoside-Rc and 
(20R)-ginsenoside Rh1 had the highest correlation scores for liver 
cirrhosis among ingredients with no previous evidence (Supplementary 
Table 2). These findings indicate that these ingredients could be 
considered novel candidates for exerting beneficial effects on liver 

cirrhosis. To test these findings, we examined the effects of these com
pounds on a cell model of liver cirrhosis using hepatic stellate cells 
(HSCs) stimulated with TGF-β1. Before the investigations, we tested the 
cytotoxicity of the compounds in LX-2 cells, a human HSC cell line. In an 
MTT assay, the two compounds showed no significant differences in cell 
viability up to 10 μM (data not shown). Activation of HSCs is the most 
important cell mechanism to induce liver cirrhosis, and α-SMA is one of 
the representative markers of HSC activation. As expected, TGF-β1 
significantly induced the level of α-SMA in LX-2 cells (Fig. 6A). Inter
estingly, both Rc and Rh1 markedly inhibited the induction of α-SMA, 
which indicates that Rc and Rh1 have the possibility of inhibiting liver 
cirrhosis. The phosphorylation of Smad 2/3 is most important in the 
TGF-β1-related signaling to induce α-SMA [42]. Next, we confirmed the 
effects of Rc and Rh1 on the phosphorylation of Smad 2/3 induced by 
TGF-β1. Rc and Rh1 inhibited the ability of TGF-β1 to induce the 
phosphorylation of Smad 2/3 (Fig. 6B). Next, we also shifted our focus to 
another exemplary disease, gastrointestinal neoplasms. In a similar 
context to the liver cirrhosis experiments, we discovered that Estragole 
and β-elemene, though previously without evidence, showed the highest 
correlation scores (Supplementary Table 3). We determined the effects 
of the predicted compounds such as estragole and β-Elemene on cell 
viability of AGS gastric cancer cells (Fig. 6C). As predicted, both estra
gole and β-Elemene significantly decreased the cell viability of the AGS 
cells. These findings demonstrate that the network-based approach is 
not only effective in discovering new therapeutic potentials of ginseng 
ingredients, but also helpful in validating the mechanisms of action of 
known ingredients. 

4. Discussion 

P. Ginseng is one of the most famous natural products in the world 
and has been widely prescribed to treat diseases and promote health. In 

Fig. 4. Performance Comparison of Network-Based Prediction Methods for Recapitulating Ginseng Component-Disease Associations. A. Performance curve 
between all ginseng ingredients-disease pairs. B. Performance distribution of predicting the therapeutic effects of ginseng ingredients, evaluated based on both 
disease levels (n = 78, left penal) and ingredient levels (n = 14, right penal). The figure presents a comparison of the performance of three network-based prediction 
methods—protein overlap, network proximity, and multiscale interactome—in recapitulating known associations and unknown associations between ginseng in
gredients and diseases. Each data point is color-coded based on the method used, the dashed line indicates the chance level performance. MSI: Multiscale inter
actome; AUC: Area under the curve. 
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this study, we systematically evaluated and validated the therapeutic 
effect of ginseng and its active ingredients by utilizing various network- 
based approaches. We constructed a network for ginseng utilizing 
experimentally validated information, which well reflected the previ
ously known effects of ginseng. By comparing various network-based 
methods, we found that MSI provided the most accurate predictions 
for recapitulating known ingredient-disease associations in P. ginseng. As 

a case study, we tested whether the active ingredients and key mecha
nisms of ginseng’s therapeutic effects on breast cancer and liver 
cirrhosis. Finally, we predicted and validated a novel ginseng candidate 
that can be utilized for the treatment of liver cirrhosis. 

By integrating data from multiple databases, we have constructed a 
network that illuminates the intricate web of signaling pathways and 
biological functions associated with ginseng’s ingredients and targets. 

Fig. 5. Potential mechanisms of ginseng ingredients for breast neoplasms (A) and liver cirrhosis (B). Each network was constructed by inducing a subgraph 
consisting of the top 20 nodes in the diffusion profiles of the selected ginseng ingredients and disease. These nodes correspond to the proteins and biological functions 
most affected by ginseng ingredients or disease. 
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Our functional enrichment analysis corroborates ginseng’s association 
with pivotal pathways like PI3K-Akt, HIF-1, and Jak-STAT, and bio
logical processes such as cytokine signaling and apoptosis regulation 
(Fig. 3D), echoing well-established mechanisms in existing ginseng 
research [43,44]. Furthermore, the mechanisms we’ve delineated not 
only echo known signaling pathways but also emphasize the corrobo
rated therapeutic potential. Notably, P. ginseng is recognized for 
enhancing Type I collagen synthesis via Smad signaling pathway acti
vation, reflecting its contribution to tissue repair and anti-aging [45]. 
Similarly, the ginsenoside Rh1 has been observed to enhance the 
anti-inflammatory effects of dexamethasone, likely through the modu
lation of the NF-κB signaling pathway [46]. This convergence with 
known mechanisms substantiates the reliability of our network-based 
analysis, affirming its value as a robust tool for understanding the 
therapeutic implications of ginseng. 

To the best of our knowledge, our study is the first attempt to sys
tematically comparison to identify active ingredients and new in
dications for disease treatment of natural products. Current approaches 
to identifying disease treatments of natural products using network 

pharmacology mainly relied on protein overlap and network proximity 
measures. our results show that protein overlap can only be used to 
compare the priorities of a limited range of component-disease pairs. 
While network proximity can consider the relationships between pro
teins on the network, its performance showed results close to random 
choice. This indicates that simply considering interactions between 
proteins for natural products can lead to false-positive results. On the 
other hand, we found that considering the impact on a multiscale 
interactome between ginseng components and disease proteins most 
accurately recapitulates the component-disease relationship in ginseng. 

The significance of our study lies in its systematic approach to un
derstanding the therapeutic effects of P. ginseng. By leveraging network- 
based methods, we were able to gain insights into the active ingredients 
and their underlying mechanisms of action for specific diseases, which 
could potentially lead to the development of more targeted and effective 
therapies. Intriguingly, our findings regarding kaempferol, ginsenoside 
Rb1, and ginsenoside Rg1 align with known mechanisms, suggesting 
these components modulate key targets such as ESR1, BRCA1, and AKT2 
and regulate biological functions associated with apoptosis and cell 

Fig. 6. Prediction and validation of a novel ginseng ingredient candidate for liver cirrhosis. A. Effects of ginsenoside Rc and Rh1 on TGF-β1-induced HSCs 
activation. Rc and Rh1 suppressed TGF-β1-induced expression of the fibrotic marker protein α-SMA. B. Effects of Rc and Rh1 on TGF-β1/Smad pathway in HSCs. 
Phosphorylation levels of Smad 2 and 3 were analyzed by immunoblotting with specific antibodies. Western blot performed on the lysates of serum starved LX-2 cells 
that were treated with Rc and Rh1 in the presence or absence of TGF-β1 (5 ng/ml) for an additional 24 h. C. MTT assay for cancidate ginseng ingredients. AGS cells 
were treated with β-Elemene (25, 50 and 100 μg/ml) and Estragole (2.5, 5 and 10 μM) for 4, 8 and 24 h. Data represents the mean ± S.E.M. from three separate 
experiments. *P < 0.05, **P < 0.01 vs vehicle-treated control; #P < 0.05 vs TGF-β1 treated group. 
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proliferation in breast cancer. These observations are consistent with 
reported effects in the literature [38,47,48], thereby supporting the 
therapeutic relevance of these compounds and indicating the predictive 
capability of our MSI approach. Moreover, our findings can serve as a 
foundation for future research on natural products and their therapeutic 
applications, contributing to ongoing efforts to harness the power of 
traditional medicine for modern healthcare solutions. Our approach 
could also be extended to explore the synergistic effects or interactions 
between multiple compounds in natural products, providing valuable 
insights for the development of combination therapies or understanding 
the multifaceted nature of herbal medicines. 

In this study, there are several potential limitations that warrant 
further consideration and improvement. First, the data used for con
structing the network, including protein targets and their interactions, 
may not be complete or fully accurate. In the future, incorporating more 
comprehensive and up-to-date data sources could help enhance the 
reliability and coverage of our network. Second, the methods used in 
this study, while promising, might still benefit from further refinement 
and validation. For instance, alternative network-based approaches or 
machine learning techniques could be explored to improve the predic
tion accuracy for active ingredients and their therapeutic effects. Despite 
these potential limitations, our constructed network effectively reflected 
the previously known therapeutic effects of ginseng, demonstrating the 
novelty and robustness of our approach. Furthermore, we experimen
tally validated the prediction results, providing additional confidence in 
our findings. Overall, this study lays the groundwork for future research 
aimed at better understanding the therapeutic potential of natural 
products and advancing the field of natural product-based drug 
discovery. 
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