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Identification of GDP as a small inhibitory molecule in
HepG2 cells by non-targeted metabolomics analysis

ZHILIN PENG'?", SITING XU'?", HAOCHENG WANG'?, YANLI HUANG'?, SIYUAN LIU'?, ZHONGBEI JIAO'?,
MEI LIN'?, PING ZHU®, YU CHEN®, YAN SHI°, YUEQUN WANG!'?, YONGQING LI'?, WUZHOU YUAN!?,
XIUSHAN WU'?, ZHIGANG JIANG', FANG LI! and XIONGWEI FAN'?

The Center for Heart Development, College of Life Science, Hunan Normal University, Changsha, Hunan 410081, P.R. China;

%State Key Laboratory of Developmental Biology of Freshwater Fish, College of Life Sciences, Hunan Normal University, Changsha,

Hunan 410081, P.R. China; 3Guangdong Provincial Key Laboratory of Pathogenesis, Targeted Prevention and Treatment of Heart Disease,

Guangdong Provincial People's Hospital Affiliated to Southern Medical University, Guangzhou, Guangdong 510100, P.R. China

Received July 22,2024; Accepted December 12, 2024

DOI: 10.3892/01.2025.14924

Abstract. Identifying the mechanism by which lipid
metabolism regulates cancer may offer a novel approach for
therapeutic intervention. It has previously been identified that a
lipid metabolism-related factor, namely fatty acid hydroxylase
domain containing 2 (FAXDC?2), is downregulated in various
types of cancer, and inhibits the proliferation and migration of
liver cancer cells through a mechanism associated with ERK.
The liver is important for lipid metabolism, and FAXDC?2 is
involved in the synthesis of cholesterol and sphingomyelin.
However, the functional mechanism by which FAXDC2
influences liver cancer cells through metabolic processes and
ERK signaling remains unclear. Therefore, the present study
induced the overexpression of FAXDC?2 in HepG2 liver cancer
cells and performed a metabolomics analysis. This identified
guanosine diphosphate (GDP) as a significantly altered metab-
olite. Using AlphaFold3, a robust interaction was predicted
between FAXDC2 and GDP, which lead to the hypothesis that
GDP may mediate the inhibitory effects of FAXDC2 on liver
cancer cells by directly modulating the functional properties
of the cells, thereby influencing their behavior and progres-
sion. Cell Counting Kit-8 assays were used to study the impact
of elevated GDP concentrations on HepG2 cell growth. The
results revealed a gradual reduction in the viability of HepG2
cells as the GDP concentration increased. In addition, western
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blotting showed that GDP treatment was accompanied by
a significant downregulation of cyclin dependent kinase 4
and cyclin D1 expression levels, and Transwell experiments
revealed that GDP treatment significantly decreased the inva-
sion of HepG2 cells. Treatment with GDP also significantly
inhibited the expression of ERK. In summary, the present
study is the first to indicate that GDP is a metabolic small
molecule with inhibitory activity in cancer cells, which has
previously been overlooked in tumor metabolic reprogram-
ming. The study findings offer new insights and strategies for
the diagnosis and treatment of liver cancer, and potentially
other types of cancer.

Introduction

Liver cancer is one of the most frequently diagnosed types of
cancer worldwide and a leading cause of cancer-associated
mortality (1-6). It is estimated that, by 2025, the number
of cases of liver cancer worldwide will be >1 million (7).
Presently, this category of malignant disease imposes an esca-
lating burden on individuals, families and societies; notably, it
incurs substantial economic costs and introduces elements of
instability. Therefore, it is particularly important to elucidate
the pathogenic mechanism underlying liver cancer as this
should facilitate the development of effective strategies for the
prevention and control of this disease.

In order to maintain their rapid proliferation, cancer cells
rely on a continuous supply of energy and materials. Therefore,
compared with normal healthy cells, cancer cells exhibit
alterations in the metabolism of matter and energy, including
changes in glucose, lipid and protein metabolism. Proliferation
is a core behavior of all cancer cells; this encompasses the
pivotal involvement of fatty acids in the synthesis of biomem-
branes, as well as the engagement of signaling molecules,
thereby underscoring the association of the reprogramming
of lipid metabolism with the pathogenesis and progression of
cancer (8-11). The liver is the core organ that maintains fat
metabolism and homeostasis. The reprogramming of liver
lipid metabolism during the development of liver cancer is
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a topic of interest to researchers. It has been shown that in
the transformation of non-alcoholic steatohepatitis into liver
cancer, the activation of a variety of oncogenic signals and
fatty acid metabolism signals occurs, and targeted inhibition
of the lipoprotein lipase/fatty acid-binding protein 4/carnitine
palmitoyltransferase 1 fatty acid metabolism signaling axis can
prevent this transformation; this indicates that the activation of
signaling pathways associated with fatty acid metabolism may
be involved in the initiation and maintenance of hepatocel-
lular carcinogenesis (12). Mitochondria are important sites for
lipolysis and anabolism. Mitochondrial fission facilitates the
shift in glucose metabolism from glycolysis to oxidative phos-
phorylation, thereby alleviating the energy stress associated
with tumor survival (13). In addition, mitochondrial fission
promotes fatty acid synthesis in liver cancer cells, inhibits
fatty acid oxidation and regulates the reprogramming of lipid
metabolism to promote liver cancer cell proliferation, metas-
tasis and tumor growth in vivo (13). The upregulation of fatty
acid and cholesterol synthesis, and changes in fatty acid oxida-
tion are key features of fatty acid metabolism reprogramming
in cancer cells (14,15). Signaling molecules that regulate fatty
acid and cholesterol metabolism are undergoing evaluation
as new therapeutic targets for liver cancer (16). Although it
has been shown that lipid metabolism reprogramming plays
an important role in the occurrence and development of liver
cancer, the specific molecular mechanisms are not yet fully
understood.

The mitogen-activated protein kinase (MAPK)/extracel-
lular signal-regulated kinase (ERK) signaling pathway is a key
pathway that regulates a variety of cellular processes, including
cell proliferation, differentiation, migration and aging (17). The
MAPK/ERK signaling pathway is activated through signal
transduction via cell surface receptors (18). Dysregulation of
this pathway can lead to cell abnormalities, which are mani-
fested as an excessive increase in cell growth and proliferation,
dedifferentiation and enhanced survival ability; these abnor-
malities jointly promote the occurrence of cancer (18). There
are a number of specific receptor tyrosine kinases that can
trigger this pathway, including platelet-derived growth factor
receptor, epidermal growth factor receptor (EGFR), fibroblast
growth factor receptor and vascular endothelial growth factor
receptor (19). However, the mechanism by which the regula-
tion of lipid metabolism affects the MAPK/ERK signaling
pathway has not yet been clearly interpreted.

Fatty acid hydroxylase domain containing 2 (FAXDC?2),
also known as C5orf4, is a member of the fatty acid hydroxy-
lase superfamily. It has been reported that the expression of
FAXDC2 is downregulated in prostate cancer and neuro-
blastoma, and that the low expression of FAXDC?2 is an
unfavorable factor for the prognosis of these diseases (20,21).
In addition, it has been shown that FAXDC?2 regulates mega-
karyocyte differentiation through mechanisms associated with
the regulation of ERK signaling (22). Our previous study (23)
demonstrated that the expression of FAXDC2 is downregu-
lated in various types of cancer, including liver cancer, and
its low expression is significantly associated with a poor
prognosis. In addition, it revealed that the overexpression of
FAXDC?2 inhibited the proliferation and invasion of HepG2
cells. Given that the liver is important for lipid metabolism
and FAXDC?2 is a hydroxylase involved in cholesterol and

sphingomyelin synthesis, the overexpression of which can
inhibit ERK phosphorylation, it was hypothesized that
FAXDC2 may mediate its tumor-suppressive effects via the
inhibition of ERK phosphorylation.

Despite interest in the association between metabolism
and cancer, studies directly assessing the relationship between
metabolic small molecules and tumor metabolism remain
limited. The present study employed high-throughput metabo-
lomics analysis to investigate the mechanisms by which
FAXDC?2 modulates the proliferation and invasion of liver
cancer cells through cellular metabolism. Since this identified
a significant increase in guanosine diphosphate (GDP) levels in
HepG?2 cells following FAXDC2 overexpression, the present
study also examined the comprehensive expression profiles
of liver cancer cells following FAXDC2 overexpression and
concomitant GDP elevation and delineated their inhibitory
effects on the proliferation and invasion of liver cancer cells.

Materials and methods

Cell culture, FAXDC2 overexpression and GDP treatment.
HepG?2 cells (cat. no. HB-8065; American Type Culture
Collection) were cultured in Dulbecco's modified Eagle's
medium (Gibco; Thermo Fisher Scientific, Inc.) containing
10% fetal calf serum [Serana (WA) Pty, Ltd.], 100 U/ml peni-
cillin and 100 pg/ml streptomycin (cat. no. C0222; Beyotime
Institute of Biotechnology). Transfection of HepG2 cells was
performed using Lipofectamine® 2000 (Invitrogen; Thermo
Fisher Scientific, Inc.) according to the manufacturer's
protocol. Cells were transfected at ~80% confluence, with 5 ug
plasmid/dish, The plasmid was incubated with Lipofectamine
for 10 min, then the DNA-lipid complex was added to the cells
and incubated for 48 h at 37°C. FAXDC2 overexpression was
achieved by inserting the coding sequence of human FAXDC2
(Accession no. NM_032385) into the pCMV-HA vector
(Agilent Technologies, Inc.) to generate pCMV-HA-FAXDC2.
Empty pCMV-HA vector was used as a negative control for
overexpression. GDP was diluted with medium before being
used to treat the cells for 48 h. The GDP concentrations were
20,40, 80, 160 and 200 uM. The cells were treated and cultured
at 37°C and 5% CO,.

Reverse transcription-quantitative PCR (RT-gPCR). Total
RNA was extracted from cells utilizing the FastPure Complex
Tissue/Cell Total RNA Isolation Kit (cat. no. RC113-01;
Vazyme Biotech Co., Ltd.), according to the manufacturer's
protocol. Subsequently, cDNA synthesis was achieved by
employing the HiScript II 1st Strand cDNA Synthesis Kit
(+gDNA wiper) (cat. no. R212-01; Vazyme Biotech Co., Ltd.),
again according to the manufacturer's guidelines. qgPCR was
performed using SYBR Premix Ex Taq II (Takara Bio, Inc.),
according to the manufacturer's protocol. The qPCR cycling
conditions were as follows: Initial denaturation at 50°C for
2 min; followed by a second denaturation at 95°C for 5 min;
and then 40 cycles of amplification, each consisting of dena-
turation at 95°C for 15 sec and annealing/extension at 60°C
for 40 sec. The primers employed in the PCR analysis were
sourced from TsingKe Biological Technology. For quantifi-
cation purposes, the expression levels of GAPDH served as
an internal reference, and the relative expression levels of
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FAXDC?2 were determined using the 2244 method (24). The
primer sequences were as follows: FAXDC2 forward, 5'-GGC
TGCTGACTACATTTGAAGG-3' and reverse, 5"TCAACC
ACCAATAGAAGCCCA-3"; GAPDH forward, 5-TGCACC
ACCAACTGCTTAGC-3' and reverse 5-GGCATGGACTGT
GGTCATGAG-3". Each RT-qPCR analysis was repeated three
times.

Untargeted metabolomics analysis. The culture medium was
removed from the HepG2 cells transfected with FAXDC2
overexpression vector or empty vector, and the plate was
washed 2 or 3 times with pre-cooled PBS. Subsequently, the
supernatant was discarded, trypsin was added for digestion
and the cells were washed a further 2 or 3 times with PBS. The
cells were then transferred to a centrifuge tube at 4°C and were
centrifuged at 4°C, 1,200 x g for 2 min, after which the super-
natant was discarded, and the cells were collected and placed
into a 1.5-ml microcentrifuge tube. The cells were frozen in
liquid nitrogen for 15 min and then prepared for analysis by
liquid chromatography-mass spectrometry (LC-MS). The
LC-MS detection and subsequent steps were all performed by
Novogene Co. Ltd.

Bioinformatics. Raw data from the LC-MS analysis
underwent preprocessing with the Compound Discoverer
3.3 data processing software (https://www.thermofisher.
cn/order/catalog/product/OPTON-31056), followed by metab-
olite identification through alignment with high-resolution
tandem mass spectrometry databases including mzCloud
(beta.mzcloud.org), mzVault and the MassList primary data-
base (both Thermo Fisher Scientific, Inc.). Using the relative
quantitative values of the metabolites, Pearson correlation coef-
ficients were computed among quality control samples (25).
Partial least squares discrimination analysis was then applied,
utilizing partial least squares regression (26) to model the
relationships between metabolite expression levels and sample
categories, enabling the classification and prediction of sample
types. Principal component analysis was performed with the
logarithmic transformation and standardization of data using
MetaX (version: 1.4.17) (27). Furthermore, Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analysis was
conducted using the KEGG database (https:/www.genome.
jp/kegg/pathway.html), with categorization of the biological
metabolic pathways into the seven primary KEGG groups:
Metabolism, Genetic Information Processing, Environmental
Information Processing, Cellular Processes, Organismal
Systems, Human Diseases and Drug Development. The Human
Metabolome Database (HMDB; https:/hmdb.ca/metabolites)
was employed to elucidate the biological roles, disease asso-
ciations, chemical reactions, metabolic pathways and other
pertinent details of human metabolites.

AlphaFold3. The AlphaFold3 server (28) (https:/www.alpha-
foldserver.com) was used to predict if there is likely to be any
interaction between GDP and FAXDC?2.

ELISA for the detection of intracellular GDP. The human
GDP content detection ELISA kit was purchased from Tianjin
Ruichuang Biotechnology Co., Ltd. (cat. no. RC-E110643A).
The culture medium was removed from cultured cells, and the

ONCOLOGY LETTERS 29: 178, 2025 3

cells were washed with PBS and then treated with cell lysis
solution. After centrifugation at 4°C, 16,260 x g for 5 min,
ELISA of the supernatant was performed. Briefly, standard
and sample wells were set up, then horseradish peroxidase
(HRP)-labeled detection antibodies were added to the wells
and incubated in a water bath at 37°C for 60 min. The liquid
was then discarded and the wells were washed five times with
washing solution. After allowing to stand for 1 min, Substrates
A and B were added, the wells were incubated at 37°C in the
dark for 15 min, and then stop solution was added. The optical
density (OD) of each well was measured using a microplate
reader, and the GDP content of the sample was calculated from
a standard curve.

Cell Counting Kit-8 (CCK-8) assay. Cell viability was assessed
using the CCK-8 assay (Beyotime Institute of Biotechnology).
At 24,48 and 72 h after GDP treatment, 20 ul CCK-8 reagent
was added to each well, and the cells were incubated in
a humidified CO, incubator at 37°C for 1 h. The OD of the
culture medium was then measured as the absorbance at a
wavelength of 450 nm using a microplate reader (Bio-Rad
Laboratories, Inc.).

Transwell assay. Cell invasion assays were performed in
24-well plates with a 8-ym chamber insert in each well
(Corning, Inc.). To evaluate invasion, Matrigel was defrosted
at 4°C and layered on an insertion membrane to form a matrix
barrier. The membrane was then placed in a 37°C incubator
for 30 min to solidify, and 1x10° cells were seeded in the upper
chamber after suspension in serum-free medium. Then, 800 u1
medium containing 10% FBS was added to the lower chamber
and the chamber was carefully placed into a 24-well plate and
cultured in an incubator at 37°C for 48 h. Cells that adhered
to the underlying membrane were fixed and stained using a
mixture of 0.1% crystal violet and 20% methanol for 30 min
at room temperature. Images of the cells were then captured
and the cells were counted under an inverted microscope
(Nikon Eclipse; Nikon Corporation). Each experimental group
consisted of three biological replicates.

Western blotting. Total cellular proteins were extracted
from cells with RIPA lysis buffer (Wuhan Elabscience
Biotechnology Co., Ltd.), and protein concentrations were
quantified using the BCA assay. Proteins (20 ug protein/lane)
were then loaded onto 10% polyacrylamide gels and elec-
trophoresis was performed at a constant voltage of 100 V to
separate the protein bands. Protein transfer was performed at a
constant current of 300 mA; transfer was to a PVDF membrane
that had been activated with methanol for 30 sec before use.
Subsequently, the PVDF membrane was blocked by soaking
in 5% skimmed milk in Tris-buffered saline-0.05% Tween 20
(TBST) for 1.5 h at room temperature and the excess milk
was washed away with TBST. The PVDF membrane was
then incubated with primary antibodies (1:1,000 dilution) for
90 min at room temperature and washed three times with
TBST (5 min/wash). Subsequently, the PVDF membrane was
incubated at room temperature for 90 min with the secondary
antibody (1:5,000 dilution) and then washed three times with
TBST (5 min/wash). Super-sensitive ECL chemoluminescent
substrate (cat. no. BL520A; Biosharp Life Sciences) was used
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for film imaging. Semi-quantitative analysis was performed
using ImageJ 1.52a software (http://imagej.org; National
Institutes of Health). Anti-phosphorylated-p44/42 MAPK
(ERK1/2) (cat. no. 4370), anti-p44/42 MAPK (ERK1/2)
(cat. no. 4695) and anti-cyclin-dependent kinase 4 (CDK4;
12790) were purchased from Cell Signaling Technology,
Inc.; anti-c-Myc protein (cat. no. TA0358), anti-EGFR
(cat. no. T55112), anti-cyclin D1 protein (cat. no. TC52046)
and anti-tubulin protein (cat. no. M30109) antibodies were
purchased from Abmart (Shanghai) Co., Ltd. HRP-conjugated
goat anti-mouse IgG and anti-rabbit IgG secondary anti-
bodies were purchased from CoWin Biosciences (1:5,000;
cat. nos. CW0102 and CWO0103).

Statistical analysis. Statistical analysis was performed using
GraphPad Prism 8.0 software (GraphPad; Dotmatics). Data
are presented as the mean + standard deviation. The data of the
GDP experiment were verified to conform to a normal distri-
bution. Differences between two groups were evaluated using
unpaired Student's t-test. CCK-8 assay data were analyzed by
one-way ANOVA followed by Dunnett's post hoc tests. P<0.05
was considered to indicate a statistically significant difference.

Results

Enrichment classification of differential metabolites detected
using untargeted metabolomics analysis. Our previous study
showed that FAXDC?2 inhibits the proliferation and invasion of
HepG2 cells (23). To elucidate the regulatory mechanisms of
FAXDC?2 in lipid metabolism and substance synthesis, given its
classification as a member of the fatty acid hydroxylase super-
family, it was hypothesized that perturbations in the expression
of FAXDC2 could potentially modulate the metabolic landscape
of HepG2 cells, a widely used cell line in hepatic metabolism
research. Consequently, a comprehensive, non-targeted metabo-
lomics analysis was performed, in which the metabolic profiles
of HepG2 cells subjected to overexpression of FAXDC2 were
compared with those of HepG2 cells transfected with an empty
vector control. This approach aimed to identify specific meta-
bolic alterations that may be attributed to the modulation of
FAXDC?2 expression levels. To validate the experimental para-
digm, RT-qPCR analysis was initially conducted on HepG2 cells
subjected to overexpression of FAXDC?2 in comparison with
those subjected to transfection with empty vector control. The
analysis confirmed the successful overexpression of FAXDC2
(Fig. 1A). In addition, a principal component analysis was
performed, which identified a statistically significant disparity
in the vector direction of the principal components between the
experimental and control groups (Fig. 1B), indicative of distinct
metabolic profiles between the two cohorts. Through the enrich-
ment and annotation of differential metabolites in the HMDB,
it was revealed that ‘lipids and lipid-like molecules’ were most
enriched after the overexpression of FAXDC?2 (Fig. 1C), which
is consistent with the biological characteristics of FAXDC2.
Through KEGG pathway enrichment analysis, it was observed
that the differential metabolites detected after the overexpres-
sion of FAXDC2 were mainly enriched in pathways associated
with metabolism (Fig. 1D), which indicated that the differential
expression of FAXDC?2 induces changes in metabolism-related
pathways in HepG2 cells. Subsequently, a primary HMDB

classification of the differential metabolites in HepG2 cells
following the overexpression of FAXDC2 was performed. This
revealed that the most prevalent category of these metabolites
was ‘lipids and lipid-like molecules’ (Fig. 1E). This aligns well
with the established biological function of FAXDC?2 in lipid
metabolism and biosynthesis.

Detection of differential metabolites based on untargeted
metabolomics analysis. The correlations among differential
metabolites in the FAXDC2-overexpressing cells and their
interactions within the metabolic network were investigated.
The top 20 ranked differential metabolites are displayed from
smallest to largest significance level (P-value) in Fig. 2A. It
was observed that GDP was positively correlated with malic
acid, uridine diphosphate (UDP) and uridine 5'-diphospho-
glucuronic acid (UDPGA), and negatively correlated with
other differential metabolites. The relationships between
these metabolites are visually represented by a chord diagram
(Fig. 2B). The commonalities or similar properties of the
three positively correlated metabolites primarily lies in their
roles in cellular metabolism. They serve as crucial metabolic
intermediates participating in various biochemical path-
ways, particularly those associated with energy production,
synthesis and conversion processes (29,30). Subsequently, a
z-score plot was constructed, which revealed that thymidine
5'-diphosphate, malic acid, daidzein, D-glucarate, UDP and its
derivative UDPGA exhibited significantly increased levels in
the FAXDC2-overexpressing cells compared with those in the
control group transfected with empty vector (Fig. 3A).

Further analysis was conducted on the differential metabo-
lites after FAXDC?2 overexpression based on their changes
in abundance, as depicted in a volcano plot (Fig. 3B). The
metabolomics analysis revealed that 527 differential metabo-
lites were collectively enriched, among which 71 exhibited
significantly increased or decreased abundance. The 71 differ-
ential metabolites are illustrated in a heatmap (Fig. 3C).

A volcano plot of differential metabolites was generated by
comparing the contribution values of differential metabolites
between the FAXDC2 overexpression group and the empty
vector control group. Variable importance in projection (VIP)
values were calculated, which estimate the contribution or
importance of metabolites in the model (Fig. 3D). The top
three differential metabolites with increased abundance were
pantetheine, thymidine 5'-diphosphate and GDP, with GDP
having the highest VIP value. These findings indicate that the
differential metabolite GDP may provide the greatest contri-
bution to the differences between the FAXDC2 overexpression
group and the empty vector control group.

Overexpression of FAXDC?2 leads to increased GDP content
in HepG?2 cells. Several differential metabolites identified in the
untargeted metabolomics analysis were screened. These included
GDP, daidzein and 2-deoxyglucose-6-phosphate, with a focus on
changes in GDP levels. GDP plays an important role in cellular
energy metabolism and signal transduction. GTP is a key energy
transfer molecule, similar to ATP, which provides energy for
various biochemical reactions, including fatty acid synthesis and
degradation. In certain critical enzyme-catalyzed reactions, GDP
is converted to guanosine triphosphate (GTP), a process often
accompanied by the release or absorption of energy (31).



‘ %%}Q%%%% ONCOLOGY LETTERS 29: 178, 2025 5

A B
FAXDC2 20+
1200

c — -8
§ = P=6.16x10 101
$ & =
o < 1000+ . X Class
50 %
< 2 = 0 / -+ EV

il & ®5 -2 OE
T o 4 2
S % 800+ § 6
02) g 22‘ =101 3
T o ¥
o £
o 14 Ij‘-l}l

[
0 I I —20+ o
EV OE
-50 -25 0 25
PC1 (34.29%)

C D

HMDB annotation KEGG pathway annotation

Collular Processos -
2
HMDB 4
n s
1 on -
Organic nitro = Memb transport d
" ?anaﬁc Information Processing "
e ranslation
Bonzenoids : ! Human Diseases
Substance dependence — 4
Nourodegenorative diseases
" Infectious di ses: Viral ml
Phenylpropano d 1 Infectious i
yls Infectious =
mmune di; )
2 Endocrine and metabolic discases —
Drug resistance: Antincoplastic —
Organoheterocyclic compounds _— Cancers: Specific types =
Cancors: Overviow’ =4
an 1:10"?boll?m bol .
Organic oxygon compounds ] totaboliem of torponolds and i =l
T s and poly s
Metabolism of other amino acids —t
Metabolism of cofactors and vitamins —
@ Lipid motabolism —
Nucleosides, nucleotides, and analogues ] Global and overview maps
ucleosides, nucleo nd analog Enorgy metabolism. —]
Carbohydrate metabolism . ——d
o ¢ hor ary metat = )
N Amino acid metabolism —O
Organi . ;
Organismal Systems I
10
7 3 .
Lipids and lipid-like molecu 2 2
a5
3
~J
™~}
0 10 20 30 40 50 60 70 0 20 40 60 8o
Number of metabolites Number of metabolites

E Class |

@ Lipids and lipid-like molecules (44.20%)

B Organic acids and derivatives (19.81%)

B Nucleosides, nucleotides, and analogues (14.49%)
@ QOrganic oxygen compounds (7.25%)

B Organoheterocyclic compounds (6.76%

B8 Phenylpropanoids and polyketides (3.62%)

O Benzenoids (3.62%

8 Organic nitrogen compounds (0.24%)

Figure 1. Differential metabolite classification in HepG2 cells after the overexpression of FAXDC2 assessed based on untargeted metabolomics.
(A) Overexpression of FAXDC2 was confirmed by reverse transcription-quantitative PCR. Each set of experiments had three biological replicates.
(B) Two-dimensional scatter plot of principal component analysis between the FAXDC?2 overexpression and control groups. The abscissa represents the PC1
score, the ordinate represents the PC2 score, and the magnitude of the score determines its position along the PC1 or PC2 axis. (C) HMDB enrichment and
annotation of differential metabolites. (D) KEGG pathway enrichment set analysis; the labels on the left are specific pathway names, and the numbers in the
graph represent the differential metabolites enriched in the pathway. (E) First-level classification pie chart of differential metabolites, showing the proportions
of different types of metabolites. FAXDC?2, fatty acid hydroxylase domain containing 2; EV, empty vector; OE, overexpression; PC1/2, principal component
1/2; HMDB, Human Metabolome Database; KEGG, Kyoto Encyclopedia of Genes and Genomes.

In HepG2 cells overexpressing FAXDC2, the GDP enrichment analysis revealed that the differential metabolites
levels were found to be higher than those in cells transfected ~ were most enriched in the ‘purine metabolism’ pathway. It
with empty vector (Fig. 4A). Additionally, KEGG pathway  was also noted that GDP was the only differential metabolite
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Blue represents a negative correlation, red represents a positive correlation, and blank represents no significant correlation. FAXDC2, fatty acid hydroxylase
domain containing 2; OE, overexpression; EV, empty vector; GDP, guanosine diphosphate; 18-HEPE, 18-hydroxyeicosapentaenoic acid; XMP, xanthosine
monophosphate; MGDG, monogalactosyldiacyl glycerol; Abs (correlation), absolute value of the correlation coefficient; log,FC, log, fold change; NA, not
available.



SPANDIDOS .
| PUBLICATIONS ONCOLOGY LETTERS 29: 178, 2025 7

A oEvs ey B
XMP < 00 O
Xanthosine <

OEvs.EV

Uridine 5"-diphosphoglucuronic acid -
Uridine 5'-diphosphate (UDP)

Thymidine 5*-diphosphate
Taurochenodeoxycholic acid (sodium salt)

Prostaglandin B2

PEIOH 16:0_18:1 i
N1-[4-(2-thienylthio)phenyl]-4-chlorobenzamide | o S @ ® .
MGDG 0-14:0_18:1 1 L
Malic acid < O ‘ 1.0
Lauric acid <

B 0
~ Group = g ‘20

L-Glutathione oxidized +
Indole-3-lactic acid <

@
8
§ Guanosine 5'-diphosphate (GDP) r e 5
-4 Glycoursodeoxycholic acid = g
H O oE a
< ~
GDP 1 °
3
Dibutyl sebacate - 3, DE_Meta
T 24
Daidzein 1
D-Ribulose 1,5-bisphosphate -~ @ @ ® uw
D-Glucarate + ® ow
Adenosine diphosphate ribose =
8-Bromoguanosine 7 NoDiff
3-Phenyliactic acid 1 Q0O O
3-Hydroxybenzoic acid 1
2,4-Dinitrophenol
2-Hydroxycaproic acid 1
2-(3,4-dimethoxyphenyl)ethanamine { 0
(£)18-HEPE - T T T
S -4 0 4
(£)11(12)-EET 1 )
Log, (fold-change)
-4 0 2 4
Z-score
OEVs.EV Pantetheine —_—e
——— Thymidine 5™-diphosphate _—
o — 1 Oaidzein 4 GDP °
o i d ! ] Wt“"‘:”’:e,"f‘.,“’“""“ . l » Sedocheptulose 1.7-bisphosphate —
T{ | Nipe,  dnosehes - Guanosine 5"-diphosphate (GDP) —_—
I = SOsonyOgcose 0 Uridine 5-diphosphate (UDP) —_—
e 4m:;ﬁu:;.m S dADP o
t Nehcetiaspatyguaamc scd NAD+ —e
Al — aor 4 D-Rlbulose 1.5-bisphosphate —e
— Panteene 4-chloro-1H-indazol-3-amine —
[ — gamma-Gitamyeysicoe
- — ORBuoss 15tachosphats D-Glucarate —_—
! ] Glutathione _—
- L Sehoschas (UOP) 2-Deoxyinosine 5-monophosphatge —_—
Il o o
UC ;bsn:u e L-Threonic acid —
C o | st crsorsescs aniaosds 6-Deoxy-D-glucose —
. . m— gamma-Glutamylcysteine e e
{ - e doer § Adenylosuccinic acid —e
d Rz oo ocse Daidzein —e p
= 2 Seonygucose hosente Adenylocuccinic acid — : :-g
14 DR 5-Methyluridine — ez
Ye fow oy (£)11(12)-EET ——
rc ] Taurochenodeoxycholic acid —— Up.Down
- G o 9 . "
Mk L — N ) o tup
£ g Folic acid — t Down
i S osanytack 20d Bz-RS-ISer(3-Ph)-Ome ——
t e 3 by iayberyth<horcbenzamide 2,4-Dinitrophenol ——
} I ] [hnata 8(S)-Hydroxy-(52,9E, 11Z,142)-eicosatetraenoic acid ——
— — MGDG 0140_18:1 *—
4 — L Gltatane diidzed (£)18-HEPE
[ — ot e octs Indole-3-lactic acid *——
{( e 4 i-one 3-Phenyllactic acid o————
~ L T . 1-(2.4-diphenyl-2,3-dihydro-1H-1,5 in-1-yl)propan-1-one -——
‘E GnoE0n Prostaglandin B2 ———
( Prostagiandin €1 Lauric acid -
ca i
I8 (IS OHOME PEtOH 16:0_18:1 ~——
t (&)11(12)}EET
t 20 Hycrony-(52.82.112.142) ccossieaencic acd PA 18:0_18:1 —
: 1 N'1-{1-(2-hydroxyphenyiothyidene]-3-methoxybenzene- 1-carbohydrazide.
&(S) Hydroxy-(52 SE.112.142) excosatelraenon ocd. LPI120:5 ——
82:RS-1Ser(3-Ph)-Ome.
e XMP ~—
o e 2:3-Ghydho-1HAA.S bonzodazogin-1propen-ono Adenosine diphosphate ribose o - -
[ ot Y MGDG O-14:0_18:1{ @&—m————
H s Xanthosine { @————————
s 3 3 2 2 3 33 2 2 32 =3 2
@ E 2 & & 22 E 2 & 3 = o z
2 oe g . g 2oz ozozoZoz Log, (fold-change)

Figure 3. Differential metabolite differential analysis of HepG2 cells after the overexpression of FAXDC2 detected by non-targeted metabolomics. (A) Z-score
plot representing the relative abundance of differential metabolites. Each circle represents a specific sample. The z-scores of the top 30 metabolites sorted by
P-value from smallest to largest are displayed; samples with z-scores >4 or <-4 are not shown. (B) Volcano plot of differential metabolites. Green represents
decreased abundance, red represents increased abundance, and gray represents no significant difference. (C) Heatmap of differential metabolites obtained
by hierarchical clustering analysis performed on differential metabolites to reveal differences in metabolic expression patterns between and within groups.
Upregulated differential metabolites are shown in red, while downregulated ones are shown in blue. (D) Matchstick plot of differential metabolites. The
VIP values indicate the contribution of different differential metabolites to the difference between the FAXDC2 overexpression and empty vector control
groups, where a higher value signifies greater contribution and importance. The circle size represents the VIP values, and the matchstick length represents
the magnitude of the difference. Red represents increased abundance, while blue represents decreased abundance. FAXDC?2, fatty acid hydroxylase domain
containing 2; OE, overexpression; EV, empty vector; VIP, variable importance in projection; GDP, guanosine diphosphate; DE_Meta, differential expression
meta-analysis; DW, down; NoDiff, no difference.

enriched in ‘Ras signaling pathway’ and ‘Rapl signaling can be observed that GDP, as an input or known compound,
pathway’ (Fig. 4B). may regulate the Ras signaling pathway. Since Ras is a crucial
A KEGG regulatory network diagram of the differential component of the MAPK/ERK signaling transduction pathway,
metabolites was then generated (Fig. 4C), which indicated changes in Ras may impact this pathway. This demonstrates the
a particular focus on GDP. Therefore, a KEGG regulatory  regulatory effect of FAXDC2 on the MAPK/ERK signaling
network diagram specific for GDP was generated (Fig. 4D). It  transduction pathway, consistent with our previous study (23).
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Figure 4. Differential metabolite abundance changes and network diagrams in HepG2 cells after FAXDC?2 overexpression detected by untargeted metabolo-
mics. (A) GDP expression in the FAXDC2 overexpression and control groups. (B) Bubble plot of KEGG pathway enrichment. The pathways enclosed in a red
box are enriched only with GDP as a differential metabolite. (C) Overall KEGG regulatory network diagram and (D) reconstructed KEGG regulatory network
diagram focusing on GDP. FAXDC2, fatty acid hydroxylase domain containing 2; GDP, guanosine diphosphate; OE, overexpression; EV, empty vector;
KEGG, Kyoto Encyclopedia of Genes and Genomes.
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FAXDGC2

Figure 5. Structural prediction of the interaction between FAXDC2 and GDP performed by AlphaFold3. (A) Prediction of the binding site of FAXDC2 and
GDP. (B) is the overall structure of (A). The dotted lines represent hydrogen bonds, the brown structure represents GDP, the blue spheres represent nitrogen
atoms, and the red spheres represents oxygen atoms. FAXDC2, fatty acid hydroxylase domain containing 2; GDP, guanosine diphosphate.
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Figure 6. Changes in the proliferation activity of HepG2 cells after GDP treatment measured by Cell Counting Kit-8 assay. (A) Detection of the relative
intracellular content of GDP in HepG2 cells by ELISA. (B) Viability of HepG2 cells 24 h after treatment with different concentrations of GDP and (C) the
corresponding ICs,. (D) Viability of HepG2 cells 48 h after treatment with different concentrations of GDP and (E) the corresponding ICs,. (F) Viability of
HepG2 cells 72 h after treatment with different concentrations of GDP and (G) the corresponding ICy,. (H) Changes in the absorbance at 450 nm of HepG2 cells
treated with 200 M GDP for 24,48 and 72 h. (I) Comparison of the viability of HepG2 cells treated with 200 M GDP for 24,48 and 72 h. Each experimental
group consisted of six biological replicates. GDP, guanosine diphosphate; ICs,, half-maximal inhibitory concentration; ns, not significant; ““P<0.01, “*P<0.001,

“P<0.0001.
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Figure 7. Assessment of the invasive ability of HepG2 cells after GDP treatment via Transwell assay. (A) Invasion results of untreated HepG2 cells (magnifica-
tion, x100) and (B) magnified view of the red-boxed area in (A). (C) Invasion results of HepG2 cells treated with 200 pM GDP (magnification, x100) and
(D) magnified view of the red-boxed area in (C). (E) Quantitative analysis of the invasion experiment. Each experimental group consisted of three biological

replicates. GDP, guanosine diphosphate.

FAXDC?2 interacts with GDP. Given the observation that
the overexpression of FAXDC?2 elicits alterations in the
GDP content of HepG2 cells at the metabolic level, the
advanced protein structure prediction tool, AlphaFold3 (28),
was employed to model the three-dimensional structures of
FAXDC2 and GDP (Fig. 5). This predicted a direct interaction
between FAXDC2 and GDP, thereby suggesting a potential
mechanistic link. Consequently, it was hypothesized that GDP
may mediate the inhibitory effect of FAXDC?2 on HepG2 cells,
which may serve as a basis for understanding the molecular
mechanisms underlying this process.

GDP inhibits HepG?2 cell proliferation. Based on the findings
of the metabolomics analysis and the absence of direct reports
on the inhibitory effects of GDP on tumors in previous studies,
the present study aimed to directly validate the effects of GDP
on the HepG2 cell line. The GDP concentrations used were
selected with reference to those used in the study by Traut (32).
Initially, ELISA experiments were conducted to detect the
GDP content of HepG?2 cells following treatment with 200 M
GDP (Fig. 6A). It was observed that the intracellular GDP
content increased by ~35% after treatment with 200 M GDP
compared with that in cells without GDP treatment.

The proliferation of HepG2 cells was then evaluated using
the CCK-8 assay. The results indicated that a significant

reduction in the viability of HepG2 cells occurred following
treatment with 40-200 uM GDP compared with that in the
control group (Fig. 6). Moreover, the inhibitory effect of GDP
gradually intensified as its concentration increased, suggesting
a concentration-dependent effect of GDP on the inhibition
of HepG2 cell activity. Additionally, as shown in Fig. 6B-G,
the inhibitory effect of GDP on HepG2 cells increased over
time, compared with that in the control group. Specifically,
following GDP treatment, the IC;, values decreased from
4,483 uM at 24 h to 950.2 uM at 48 h, and further to 357.5 yM
at 72 h.

A 200 uM concentration of GDP was selected for use in
subsequent experiments. The viability of HepG2 cells treated
with 200 M GDP for 24,48 and 72 h was measured, as shown
in Fig. 6H and I. The viability of HepG2 cells was significantly
decreased after treatment with 200 M GDP at each time
point. These results indicate that GDP inhibits the prolifera-
tion of HepG?2 cells.

GDP inhibits HepG2 cell invasion. To comprehensively eval-
uate the inhibitory effects of GDP on liver cancer, a Transwell
assay was performed to assess the invasive ability of HepG2
cells after treatment with 200 uM GDP (Fig. 7). The number
of HepG2 cells passing through the Transwell membrane
significantly decreased following treatment with 200 M GDP
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Figure 8. Evaluation of ERK signal transduction in HepG2 cells following treatment with GDP. (A) Impact of GDP treatment on proliferation-related proteins
and ERK activity shown in representative western blots. (B) Quantitative analysis of the western blotting data (n=3). (C) pERK/ERK ratio. "P<0.05, “P<0.01

and ""P<0.001. GDP, guanosine diphosphate; CDK4, cyclin-dependent kinase 4; EGFR, epidermal growth factor receptor; ERK, extracellular signal-regulated

kinase; p-ERK, phosphorylated ERK; ns, not significant.

compared with that of untreated cells, indicating a significant
inhibition of the invasive ability of HepG2 cells by GDP.

GDP inhibits MAPK/ERK signaling. To explore the
impact of increased GDP levels on the signaling pathways
within HepG2 cells, guided by metabolomic insights, key
signaling molecules in the Ras/ERK pathway and several
proteins associated with cell proliferation were examined
via western blot analysis (Fig. 8). The results demonstrated
that after the treatment of HepG2 cells with 200 xM GDP,
the expression levels of ERK, EGFR, c-Myc and the cell
cycle-related proteins, CDK4 and cyclin DI, were all
significantly downregulated. These findings suggest that an

increase in GDP levels may inhibit the Ras/ERK signaling
pathway.

Discussion

Lipid metabolism is closely associated with the occurrence and
development of liver cancer (33). Our previous study indicated
that FAXDC?2 is significantly downregulated in various types
of cancer tissues, including liver cancer, and its low expression
is closely associated with a poor prognosis in patients (23).
Based on preliminary research findings, combined with the
metabolomics and experimental biology analyses performed
in the present study, it is proposed that: i) FAXDC?2 inhibits
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the progression of liver cancer by modulating GDP concen-
tration; and ii) GDP regulates HepG2 cell proliferation and
invasion via the MAPK/ERK pathway.

The present study identified GDP as a significantly upregu-
lated differential metabolite through metabolomics analysis
following FAXDC?2 overexpression. GDP had the highest
VIP value among all differential metabolites, indicating that
it made the greatest contribution to the differences between
the experimental and control groups. Additionally, among the
differentially enriched metabolites in the KEGG pathways,
GDP was the only differential metabolite enriched in both
the ‘Ras signaling pathway’ and ‘Rapl signaling pathway’.
Therefore, the present study further investigated the impact
of an elevated GDP concentration on the Ras/ERK signaling
pathway. Through western blot analysis, it was observed that
the increase in GDP content significantly inhibited ERK
expression. A potential explanation of the process by which
elevated intracellular concentrations of GDP induce changes
in Ras activity is protein succinylation, a modification that

can be influenced by the concentration of succinyl-CoA
within mitochondria (34). There may be a discrete subcel-
lular compartment where Ras activity is regulated by GDP
concentration, operating independently of the canonical
mechanism involving GTPase-activating protein (GAP) and
guanine nucleotide exchange factors. However, this hypothesis
requires rigorous empirical validation through ongoing and
future investigations.

A common hallmark of tumor growth signaling mediated
by the Ras/Raf/MEK/ERK cascade within the MAPK/ERK
pathway is the sustained activation of ERK1/2 (35). Ras and Raf
are known to be oncogenes, and Ras/Raf/MEK/ERK signaling
is activated in ~50% of patients with early-stage liver cancer and
nearly all patients with late-stage liver cancer (36). In addition, it
has been shown that specific inhibition of MEK1 blocks ERK1/2
phosphorylation, and dose-dependently inhibits the proliferation
of liver cancer cells (37). The Ras isoforms H-Ras, K-Ras and
N-Rasregulate cell proliferation, survival and differentiation (38),
by acting as a critical component in numerous signal transduction
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processes and functioning as a ‘switch’. When activated, the Raf
serine/threonine kinases are recruited to the plasma membrane,
triggering the activation of the ERK signaling pathway and other
targets (39). In the active GTP-bound state, Ras proteins undergo
conformational changes, which allow them to bind to effector
proteins and contribute to signal transduction (40). Intrinsic Ras
GTPases convert Ras-GTP to Ras-GDP by hydrolysis with the
assistance of GAPs; this renders Ras inactive and stops signal
transduction (40).

A number of studies have shown that GDP, as a metabolite
of GTP, competes with GTP for binding to the small G protein
Ras, thereby facilitating the interconversion of Ras between
its active (Ras-GTP) and inactive (Ras-GDP) states (41-43). In
its inactive state, Ras/Raf/ERK signal transduction is blocked,
which leads to a reduction in cell proliferation capacity. Studies
have shown that even when GPCRs are not catalytically active,
tumors can be promoted by the acceleration of GDP dissocia-
tion from the receptors (44-46). Despite this, few studies have
reported on the role of GDP in cancer cells.

A comprehensive investigation conducted by Traut (32)
in 1994 meticulously elucidated the distribution patterns of
GDP in diverse human cellular populations, encompassing
lymphocytes, monocytes, neutrophils, platelets, eosinophils
and erythrocytes, in addition to its presence in rat liver tissue
and hepatocellular carcinoma. Leveraging their findings as a
foundation, the application of a range of GDP concentrations
to HepG2 cells was performed in the present study, with
the subsequent analysis of cell viability by CCK-8 assay.
The analysis revealed that 200 M GDP had a pronounced
inhibitory effect on HepG2 cells. Consequently, a 200 yuM
GDP concentration was selected as the treatment standard
for HepG2 cells in the present study. Overall, the results of
the present study indicate that overexpression of FAXDC2
leads to an increase in GDP levels, which may inhibit Ras
activity, thereby suppressing Ras/Raf/ERK signal transduc-
tion (Fig. 9). This was confirmed by western blotting results,
which are consistent with those in our previous study, which
concluded that FAXDC?2 inhibits ERK phosphorylation,
thereby suppressing the occurrence and development of liver
cancer (23). AlphaFold3 predicted a potential direct interaction
between FAXDC?2 and GDP, thus indicating the importance of
investigating whether increased GDP concentrations influence
the enzymatic activity of FAXDC2. Concerning the mecha-
nism by which FAXDC?2 potentially regulates GDP levels, the
non-targeted metabolomics profiling revealed insignificant or
undetectable changes in the levels of GDP-related metabolites,
such as guanosine monophosphate, guanosine triphosphate,
deoxy-GDP and guanosine tetraphosphate. Therefore, it is
speculated that FAXDC?2 adjusts intracellular GDP levels via
an obscure and as yet uncharacterized pathway. To compre-
hensively determine the specific mechanisms of this pathway,
an in-depth investigation will be performed in a future study
with the aim of uncovering the underlying principles.

The direct treatment of HepG2 cells with GDP was
observed to inhibit the proliferation and invasion of the
cells, as determined by CCK-8, Transwell and western
blotting assays. The results also suggest that GDP inhibits
cancer cell growth in a concentration-dependent manner.
The direct inhibition of small molecules has great potential
in the treatment of diseases. Research has shown that the
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administration of nicotinamide mononucleotide (NMN),
which can directly regulate disease, for up to 12 months
can effectively combat aging without significant toxicity,
severe side effects or increased mortality rates, indicating its
long-term safety (47). Similarly, another study demonstrated
that NMN has anti-aging effects on mice (48). In addition, the
metabolically active small molecule resveratrol can be directly
used to prevent a variety of diseases, including obesity (49),
aging (50,51) and neurodegenerative diseases (52). Notably, a
previous study demonstrated that an intraperitoneal injection
of resveratrol ameliorated the oxidative stress-induced aging
damage of oocytes after ovulation in middle-aged mice (53).
However, there are few reports on the direct inhibition of liver
cancer via the metabolism of small molecule substances. As
a metabolite involved in tumor metabolic reprogramming,
GDP is likely to play an inhibitory role in the process of tumor
occurrence and development. Moreover, as it is a substance
produced metabolically in the body, GDP is unlikely to cause
harm during its anticancer action. Furthermore, in the present
investigation of the GDP content of HepG2 cells, it was noted
that the intracellular GDP concentration in HepG2 cells
treated with 200 yM GDP increased by only 35% compared
with that in the untreated control group. This finding suggests
that GDP might not only enter cells to perform its functions
but could also interact with receptors on the cell membrane to
exert its effects. This suggestion warrants further exploration
and elucidation in subsequent studies.

It is imperative to acknowledge that, despite the innova-
tive nature of the present study, it is not without limitations.
Notably, it did not directly demonstrate that GDP mediates
the inhibitory effects of FAXDC2 on HepG2 cells. Moreover,
exploration of the underlying mechanisms remains relatively
superficial, necessitating a more detailed investigation in
subsequent studies. Furthermore, given that the HepG2 cell
line originates from hepatoblastoma, it is not typically consid-
ered a representative model of a hepatocellular carcinoma cell
line. Therefore, the scope of the validation process will be
broadened to encompass a greater diversity of liver cancer cells
in future studies, with the objective of deriving more detailed
conclusions. In addition, the effects of GDP were only exam-
ined in cells, and no in vivo experiments were performed using
animals to further evaluate its function within a biological
context. In addition, whether there is any difference in intra-
cellular GDP concentration in humans between physiological
conditions and cancerous states was not detected. In follow-up
studies, the difference in GDP concentration between cancer
tissues and adjacent tissues in liver cancer patients will be
analyzed, to more accurately evaluate the potential of GDP
as a small molecule inhibitor. These limitations will serve as
pivotal targets for future studies.

In summary, to the best of our knowledge, the present study
is the first to demonstrate that GDP can directly inhibit the
proliferation and invasion of HepG2 cells. This study provides
experimental evidence that may be relevant to the development
of liver cancer and may aid in the search for new diagnostic
and intervention methods.
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