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ABSTRACT

The morbidity and mortality rates of liver cancer have remained high globally, with China reporting the highest number of
new cases and deaths. This study aims to explore ingredients with potential for treating liver cancer from LCL and elucidate
their underlying molecular mechanisms. A total of 33 effective molecules in LCL were identified from TCM databases,
corresponding to 595 target proteins. Additionally, 2384 DEGs associated with liver cancer were obtained from the TCGA
database and 1468 from GEO. The analysis identified 56 common targets between LCL and liver cancer, with 5 key targets.
Through the liver cancer risk prognosis model, 3 core targets were selected. These core targets were found overexpressed in
liver cancer and closely correlated with the high mortality rate of patients. Molecular docking and molecular dynamics
simulations confirmed that the 33 components from LCL exhibited strong binding affinity to the 3 core targets. The identified
potential drug ingredients in LCL regulate liver cancer cell cycle progression through CCNB1, CCNB2, and CDK1, exerting

anticancer effects.

To the Editor, Liver cancer is a deleterious disease that poses a
significant threat to human health, accounting for 4.3% of global
cancer cases, and 7.8% of all cancer deaths in 2022 [1]. In 2022,
China is projected to report approximately 4.8 million new
cancer cases and 2.57 million cancer deaths, with around
383,000 of these deaths attributed to liver cancer, representing
about half of the world's liver cancer-related deaths [2, 3].

The morbidity and mortality of liver cancer are influenced by
multiple factors globally [4]. In developed countries, advance-
ments in medical technology and in-depth research have led to
progress in the early diagnosis and treatment of liver cancer,
though the outcomes remain unsatisfactory [5, 6]. In developing
countries, limited economic resources and medical infrastruc-
ture continue to pose significant challenges to liver cancer
prevention and treatment [5, 7].

Given these challenges, the search for safe and effective treat-
ments for liver cancer is of utmost importance. Studies have
shown that Lobelia chinensis Lour (LCL) exhibits strong anti-
tumor activity and plays a critical role in the treatment of he-
patocellular carcinoma [8, 9]. The medicinal use of LCL has a
long history, with its applications dating back to ancient times
for the treatment of snake and insect bites, carbuncles,
pustules, severe abdominal edema, and other ailments [10].
Known for its heat-clearing, detoxifying, diuretic, and anti-
edematous properties, LCL is highly valued in traditional
medicine [11].

Given the remarkable pharmacological properties of LCL and its
extensive medicinal history, this study aims to investigate the
potential therapeutic effects of the bioactive components of LCL
on liver cancer using multiomics analysis techniques.
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1 | Potential Anticancer Effects of LCL in Liver
Cancer
1.1 | Active Components and Targets of LCL

The active components of LCL were identified using several
traditional Chinese medicine databases, including TCMSP,
ETCM 2.0, and BATMAN. The SDF format of the component
molecules was retrieved from PubChem. Potential targets were

predicted using Swiss Target Prediction. All screening criteria
were based on our previous publication [12].

Using the screening criteria from the SwissADME website and
considering the reliability of target predictions, 33 primary
components of LCL were selected (Table S1). After combining
the results and eliminating duplicates, a total of 595 predicted
targets were identified (Figure 1A, left panel).

1.2 | Liver Cancer Data Acquisition

The dataset GSE84402, comprising 14 liver cancer samples and
14 matched adjacent tissue samples, was obtained from the GEO
database. Additionally, transcriptomic data related to liver
cancer, which includes 371 tumor samples and 50 normal liver
samples, were downloaded from the TCGA database. The
transcriptomic and clinical data were integrated, resulting in a
cohort of 364 liver cancer cases with comprehensive clinical and
molecular profiles.

A total of 19,452 liver cancer-related targets were retrieved from
the GeneCards database, from which 3891 targets with a rele-
vance score > 10 were selected. Furthermore, 72 targets were
retrieved from the TTD database. A Venn diagram analysis
yielded 3927 liver cancer-related targets (Figure 1A, right panel).

1.3 | Identification of Differentially Expressed
Genes (DEGSs) in Liver Cancer

The GEO microarray data and TCGA data were normalized
using R, and DEGs were identified using the “limma” package
with Benjamini-Hochberg FDR correction. The screening
criteria included a p-value < 0.05 and (llog , Fold Changel > 1),
which were used to identify both upregulated and down-
regulated genes.

Differential analysis revealed 1468 DEGs, including 940 down-
regulated and 528 upregulated genes from GEO data. Addi-
tionally, 2384 DEGs were identified from TCGA data, with 1556
downregulated and 828 upregulated genes (Figure 1A, right
panel).

1.4 | LCL-Liver Cancer Key Target Collection

Liver cancer targets were retrieved from the TTD, GeneCards,
GEO, and TCGA databases. Protein—protein interaction (PPI)
analysis was conducted using the STRING database to identify

key targets involved in LCL-liver cancer. Details referred to
Ref. [13].

The predicted targets of the active ingredients in LCL, the DEGs
from liver cancer, and liver cancer-related targets were inter-
sected, leading to the identification of 56 common targets
(Figure 1A). These 56 LCL-liver cancer intersection targets were
then imported into the STRING database for further analysis.
PPI analysis primarily based on topological parameters identi-
fied 5 key targets: CCNA2, CDK1, CCNB1, CCNB2, and AURKA
(Figure 1A).

1.5 | Core Targets Identification

In the TCGA cohort, 364 HCC patients with complete tran-
scriptomic profiles and clinical annotations were randomly
stratified into a training set (n = 256) and an independent
testing set (n = 108) using a 7:3 allocation ratio. To evaluate the
prognostic relevance of candidate genes in HCC tumorigenesis
and progression, univariate Cox regression analysis was con-
ducted on the 5 preidentified key targets within the training
cohort.

Prognosis-associated genes were defined as those with a hazard
ratio (HR) p-value < 0.05 and subsequently retained for further
analysis. To mitigate overfitting, least absolute shrinkage and
selection operator (LASSO) regression with 10-fold cross-vali-
dation was implemented via the “glmnet” package. Variables
penalized by LASSO were incorporated into a multivariate Cox
regression model to identify robust core prognostic genes. De-
tails referred to Ref. [13].

Univariate Cox proportional hazards regression analysis was
performed on 5 key targets in the TCGA-LIHC cohort using the
“survival” package. Four genes exhibited significant associa-
tions with overall survival (OS) in HCC (Figure 1B). To mitigate
overfitting, these 4 genes were subjected to LASSO regression
(Figure 1C and D), followed by multivariate Cox regression.
This yielded a prognostic risk model for HCC defined as follows:
Risk score (RS) = 0.4592 x CDK1 + 0.5101 x CCNB1 +
(—0.5986) x CCNB2 (Figure 1E).

1.6 | Cancer Risk Prognostic Model Evaluation

A prognostic risk model was established using core genes
identified through stepwise multivariate Cox regression. The
risk score (RS) for each patient was calculated using the
formula:

RS = Z <6gene X Expressiongene>, 1)

where Bgene represents the regression coefficient of each prog-
nostic gene, and Expressiong.,. denotes its normalized expres-
sion level. Patients in the training cohort were stratified into
high-risk and low-risk subgroups based on the median RS
threshold.
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FIGURE 1 | LCL-liver cancer core targets identification. (A) Starting with the compounds from LCL, a series of screening analyses were

Log Lambda

conducted, integrating liver cancer-related data to identify intersecting targets. A PPI analysis was then performed to determine the key targets.
(B) Univariate Cox regression analysis identified 5 prognostic genes (p < 0.05). (C) Cross-validation curve of LASSO regression. The dotted line
on the left marks the A value corresponding to the best model fit. (D) Coefficient path diagram of 4 genes, with different-colored lines
representing the coefficient changes for each gene. (E) Multivariate Cox regression analysis identified 3 core genes related to prognosis. (F) In the
training cohort, KM survival analyses were performed for the high-risk and low-risk groups. The low-risk and high-risk groups were delineated
by dotted lines. (G) In the testing cohort, the survival analysis and associated displays were repeated, with the dotted line again used to define
the high-risk and low-risk groups.

Kaplan-Meier (KM) survival curves were generated using the R expression patterns. This multimodal visualization enabled
packages “survival” and “survminer”, with log-rank tests systematic evaluation of the model's clinical relevance. Details
applied to assess survival differences between subgroups. referred to Ref. [13].

To visualize risk stratification, patients were rank-ordered by RS Stratification by median RS in the training cohort revealed
and plots were generated to integrate risk score distribution, significantly prolonged OS in low-risk versus high-risk patients.
survival status, follow-up duration, and prognostic gene Ordered by ascending RS, RS distribution plots showed: (1)
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Positive correlation between RS and expression of CDXKI1,
CCNBI1, and CCNB2, (2) inverse correlation between RS and
patient survival time, and (3) increased mortality in high-risk
patients, with concordant trends across training and testing
cohorts (Figure 1F and G).

1.7 | Core Targets Validation
Molecular docking and dynamics simulations were performed

to validate the interactions between active ingredients and the
core targets. All setups, details, and procedures were based on

A

200

our previous study [13]. Additionally, 2D molecular docking
interactions were analyzed using the PROTEINS PLUS web tool
(https://proteins.plus/).

The binding modes, hydrogen-bond interactions, and key
interacting residues between the active components of LCL and
the core targets were visualized in both 2D and 3D represen-
tations. Asiatic Acid formed two hydrogen bonds with CCNB1
at residues LYS-33 (2.0 A) and ASP-86 (2.5 A). Lobelanine
bound to CCNB2 via hydrogen bonds at residues LYS-349
(2.6 A) and ASP-297 (3.6 A). Lobeline established three
hydrogen bonds with CDK1 at residues GLU-1608 (2.4 A), GLN-
1615 (3.3 A), and ARG-1469 (2.9 A) (Figure 2A). The calculated
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FIGURE 2 | Validation of core targets. (A) 2D and 3D molecular docking structure diagrams of CCNB1, CCNB2, and CDK1 with their respective
active compounds. Yellow dashed lines represent hydrogen bonds, and the small molecules are Asiatic Acid, Lobelanine, and Lobeline, respectively.
(B) RMSD, RMSF, and RG of CCNBI1-Asiatic Acid, CCNB2-Lobelanine, and CDK1-Lobeline. (C) Immunohistochemical staining of CCNB1, CCNB2,
and CDK1 proteins in LIHC and normal liver tissues. (D) Differential expression analysis of CCNB1, CCNB2, and CDK1 in LIHC versus paired
normal liver tissues. Association of CCNB1, CCNB2, and CDKI1 protein expression with prognosis in patients with liver cancer.

486

Med Research, 2025


https://proteins.plus/

binding energies for these complexes were as follows: CCNB1-
Asiatic Acid: —9.7 kcal/mol, CCNB2-Lobelanine: —7.6 kcal/
mol, and CDK1-Lobeline: —8.3 kcal/mol. These results indicate
strong binding affinities.

To validate the docking results, MD simulations were conducted
for these complexes. Collectively, the MD simulations corrobo-
rated the binding efficacy of Asiatic Acid-CCNBI1, Lobelanine-
CCNB2, and Lobeline-CDK1, supporting their potential as sta-
ble complexes (Figure 2B).

The expression profiles of core targets in HCC were analyzed
using the Human Protein Atlas (HPA) database to compare
protein localization and abundance between tumor tissues and
normal tissues [14]. The stained area was quantified using the
ImageJ Pro Plus 6 software and statistically analyzed with the
GraphPad Prism 8.0 software.

Immunohistochemistry (IHC) data for CCNB1, CCNB2, and
CDK1 in HCC and normal liver tissues were retrieved from the
HPA database using antibodies HPA061448, CAB009575, and
CABO003799, respectively. THC staining revealed markedly
elevated protein expression of all three core targets in HCC
tissues compared to normal controls (Figure 2C).

RNA sequencing data from the TCGA-LIHC cohort, comprising
49 paired HCC tumors and adjacent nontumorous tissues, were
processed using R. Differential expression analysis of core tar-
gets was visualized through paired boxplots. Prognostic signifi-
cance was evaluated via KM survival curves generated with the
“survival” package, and statistical validity was assessed using
log-rank tests.

Paired mRNA expression analysis demonstrated significantly
upregulated CCNB1, CCNB2, and CDK1 transcript levels in
tumors (p < 0.001). KM survival analysis showed that high
CCNBI1 and CDKI1 expression correlated with increased prog-
nostic hazard, significantly shortening overall survival For
CCNBI, this association plateaued after 6 years (p > 0.05),
likely due to reduced statistical power from limited long-term
follow-up. Conversely, CCNB2 exhibited a biphasic
survival impact: high expression predicted poorer 5-year OS
(p < 0.05) but conferred protective effects beyond 5 years,
suggesting time-dependent regulatory roles in HCC progression
(Figure 2D).

2 | Conclusion

CDK1 is a crucial cell cycle protein kinase and a key regulator of
cell cycle progression. Its primary function involves forming a
cyclin-dependent kinase complex with cyclins (CCNB1/2),
thereby regulating cell cycle progression [15].

High expression of CCNB1, CCNB2, and CDK1 suggests that
these genes may play critical roles in the onset and progression
of liver cancer. Their upregulation may be associated with the
proliferation, malignant transformation, and aggressiveness of
liver cancer cells [16]. Therefore, these genes not only serve as
potential diagnostic markers for liver cancer but may also
become novel therapeutic targets, offering new strategies for

early diagnosis and treatment. Survival curve analysis indicated
that elevated expression of CCNB1, CCNB2, and CDKI1
increased the risk of mortality in patients with liver cancer.

Compared to existing CDK1 inhibitors and approved targeted
therapies for liver cancer (e.g., sorafenib and regorafenib), it
remains uncertain whether the LCL components provide ad-
vantages in terms of pharmacodynamics, toxicity, or side effects.
The limitations of this study are as follows: (1) Computational
predictions require experimental validation of binding and
function, (2) the prognostic model lacks external validation, and
(3) the pharmacokinetic/pharmacodynamic properties of the
LCL components were not assessed.

This study employed multiomics analysis to explore key drug
molecules in LCL with potential antiliver cancer effects. These
molecules, including Asiatic Acid, Lobelanine, and Lobeline,
probably regulate the expression of CCNB1, CCNB2, and CDK1,
thereby exerting the inhibition of liver cancer progression.
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