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Objective: To explore the difference of metabolites between human papillomavirus (HPV) infection and the occurrence and
development of cervical cancer based on non-targeted metabolomics.

Methods: Between August 2022 and August 2023, 20 women of childbearing age at the Third Affiliated Hospital of Kunming
Medical University, including the HPV-negative control, LSIL (HPV infection), HSIL (cervical intraepithelial neoplasia [CIN2-3]),
and cervical cancer groups, were selected as research participants. Ultra-high-performance liquid chromatography and SCIEX mass
spectrometry (TripleTOF 6600+, USA) were used to separate and detect the metabolites.

Results: According to the results of the differential metabolite analysis, the KEGG pathway was enriched. The most obvious
enrichment pathway in the CIN2-3 group compared with the HPV-negative and HPV-positive groups was the steroid hormone
pathway; the most obvious enrichment pathway in the cervical cancer group compared with the HPV-negative group was the steroid
hormone pathway. Compared with HPV-negative group, the most obvious enrichment pathway in the CIN2-3 group was the
glycerophosphate metabolism pathway. Compared with CIN2-3 and HPV-positive group, the most obvious enrichment pathway in
the cervical cancer group was the sphingolipid metabolism pathway, followed by the steroid biosynthesis and amino sugar and
nucleotide metabolism pathways. Compared with the HPV-negative group, the most obvious enrichment pathway in the cervical
cancer group was the steroid biosynthesis pathway, followed by the sphingolipid metabolism pathway. 19-Hydroxytestosterone is
involved in the synthesis of steroid hormones. Cerebroside B is involved in sphingolipid metabolism. Potassium acetate is involved in
protein digestion and absorption. Methylarsonate is involved in chemical carcinogenesis - reactive oxygen species.

Conclusion: The expression levels of 19-Hydroxytestosterone, cerebroside B, potassium acetate and methylarsonate are down-
regulated with the aggravation of cervical lesions and can be used as potential tumor markers for cervical cancer.

Keywords: cervical cancer, non-targeted metabolomics, HPV

Introduction

Cervical cancer is the fourth most common cancer in women worldwide. The burden faced by low- and middle-income
countries was greater than that faced by high-income countries.' More than 90% of cervical cancers are caused by human
papillomavirus (HPV) infection, which leads to cervical intraepithelial neoplasia (CIN)1/2/3, eventually leading to
invasive cervical cancer. Active monitoring of CIN2 without treatment increases the long-term risk of cervical cancer,
and treatment of precancerous lesions can prevent > 90% of cancers.”” Therefore, the early screening and detection of
cervical lesions are important for the prevention and treatment of cervical cancer. HPV infection is one of the most
common sexually transmitted infections worldwide.* HPV-infected cells also affect the local environment and create
a supportive postinfection microenvironment, which is gradually being recognized as a key factor in the persistence,

spread, and malignant progression of the virus.’
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Many efforts have been made worldwide to eradicate cervical cancer, including improved disease screening and HPV
vaccination programs. Persistent infection with high-risk HPV genotypes 16 and 18 is the main cause of cancer, and may
lead to HPV integration into the host genome.® The female genital tract is similar to other mucosal parts of the body, and
contains specific microbial groups that are usually dominated by Lactobacillus (spp). Cross-sectional and longitudinal
studies have reported that the consumption of Lactobacillus increases with the severity of CIN, and that the microbial
composition owing to Lactobacillus consumption may lead to a pro-inflammatory environment, thus increasing the
proliferation of malignant cells and the expression of HPV E6 and E7 oncogenes.” Inhibiting the activity of the E6 and
E7 oncoproteins may be a better selective target for delaying the progression of cervical cancer.® Persistent infection with
the high-risk HPV (HR-HPV) remains a primary risk factor for cervical cancer. HPV genotyping of HPV-positive
patients with normal cytological examination results or HSIL can accelerate the management of a considerable propor-
tion of patients with abnormal test results.” Non-targeted metabonomic can non-biasedly detect and quantify all
metabolites in the sample. However, some patients still develop cervical cancer directly without HPV infection.
Therefore, we hope to provide more sensitive biomarkers for the diagnosis of cervical cancer through metabonomic
research. Cervical cancer can exist in a precancerous state for many years, and research on the microorganisms involved
in cervical cancer will enhance our understanding of the interference of viral host cells and the occurrence and
progression of cervical cancer.

We found that the overexpression of human hydroxysteroid dehydrogenase-like protein 2 (HSDL2) was related to the
progression of cervical cancer, including lymph node metastasis and recurrence. Thus, HSDL2 can be used as a new marker
for the early diagnosis of cervical cancer. HSDL2 also initiates and promotes the proliferation, invasion, and migration of
cervical cancer cells (HeLa, C33A, and SiHa) through Epithelial-mesenchymal transition (EMT), thus promoting the
occurrence of tumors. In addition, HSDL2 is involved in the occurrence of tumors by regulating lipid metabolism.”

Metabolomics analyses of biological samples from patients with HPV-negative, high-risk HPV persistent infection,
CIN, and cervical cancer are helpful to clarify the pathway of occurrence and development of cervical cancer and identify
metabolites and pathways related to HPV infection and CIN.

Materials and Methods

Participants and Grouping

Between August 2022 and August 2023, 80 women of childbearing age at the Third Affiliated Hospital of Kunming
Medical University were computerized randomization as research participants. According to the results of cervical
pathology, the participants were divided into HPV-negative control (HPVyin group), LSIL (HPVyang group), HSIL
(CIN2-3), and cervical cancer groups (GJA group), with 20 cases per group. Secretion samples from the posterior vaginal
vault of the participants were collected and placed in sterile test tubes for metabolite detection. The inclusion criteria
were as follows: (1) female patients of childbearing age who were not yet menopausal; (2) no history of using hormonal
drugs; (3) cervical lesions confirmed by pathology; and (4) participants in the follicular phase (within 7 days of clean
menstruation). Exclusion criteria were as follows: (1) use of vaginal antibacterial drugs, sexual intercourse, or vaginal
irrigation in the last 2 days; (2) inflammation such as clue cells, fungi, trichomonas, and Chlamydia infection detected in
vaginal secretions; (3) gonorrhea, syphilis, AIDS, genital herpes, and other sexually transmitted diseases; (4) history of
cervical treatment or total hysterectomy; and (5) history of systemic diseases such as endocrine and metabolic diseases,
autoimmune diseases, and other malignant tumors. The average ages of the HPV-negative control, LSIL (HPV infection),
HSIL (CIN2-3), and cervical cancer group were 39.75 + 7.566, 35.20 &+ 6.429, 35.25 £ 4.962, and 38.25 £+ 7.608 years,
respectively, with no statistical significance (F=2.265). This study was approved by the Hospital Ethics Committee of the
Third Affiliated Hospital of Kunming Medical University and all participants provided informed consent.

Methods

Sample Collection

A sterile vaginal swab was used to collect secretions at the vaginal vault and the swab was rotated in the vagina for 10-15
s to ensure full absorption of secretions. Each swab was carefully placed in a sterile dry test tube to prevent sample
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contamination. The patient information and number on the tube wall were marked to ensure that the samples were not
confused. The samples were immediately placed into a —80 °C refrigerator for storage.

Sample Extraction

The sample was removed from the refrigerator at —80 °C and slowly thawed on ice. Then the sample was transferred to
a new centrifuge tube, a mixed solvent of 20% acetonitrile and 80% methanol was added, along with an internal standard.
The sample was mixed in a vortex for 3 min and treated ultrasonically for 10 min. After centrifugation at 12000 rpm for
10 min, the solid and liquid phases of the extract were separated. The supernatant was collected and concentrated to
dryness. The dried metabolites were redissolved in a 70% methanol aqueous solution and centrifuged again at 12000 rpm
for 3 min to remove insoluble substances. The supernatant was transferred to a sampling bottle for mass spectrometry or
chromatographic analysis.

Chromatographic and Mass Spectrometry Analysis

In this experiment, ultra-high-performance liquid chromatography (LC-30A Japan) and a SCIEX mass spectrometer
(TripleTOF 6600+, USA) were used to separate and detect the metabolites, and an AB TripleTOF 6600 mass spectro-
meter was used to detect the metabolites.

Data Processing and Statistical Methods

The originally collected data collected was pre-processed using a mass spectrometer. Metabolite identification was
performed by searching a database built by the laboratory, integrating the public database, Al prediction database, and the
metDNA method. The samples were randomly sorted, and every ten samples were interspersed with one quality control
(QC) sample. The MetaboAnalystR package in the R software was used to analyze differential metabolites. The clinical
data of the participants were analyzed using One-way analysis of variance by the IBM SPSS software (version 26.0), P <
0.05 suggesting that the difference was statistically significant.

Results

Sample Quality Control Analysis

By overlapping and displaying the total ion current (TIC) diagram of different QC samples, we judged the repeatability
of metabolite extraction and detection, that is, technical repetition was performed. The high stability of the instrument
provides an important guarantee of the repeatability and reliability of the data. As shown in Figure 1, the separation effect
of each chromatographic peak is good, the number of peaks is large, and the corresponding intensity is high, indicating
that the experimental analysis conditions met the analysis requirements of metabolomics, the serum quality sample met
the experimental requirements, and the mass spectrum signal was stable.

Cluster Analysis

To express the differential metabolites and clustering relationship between samples, the expression levels of metabolites
in the samples were represented by color and depth. As shown in Figure 2. Firstly, the data were standardized by unit
variance scaling, and all samples were analyzed by cluster heat map; the cluster heat map was drawn using an R program
script. Samples were clustered vertically and each group of samples was clustered horizontally. The figure shows the
differences in the contents of the top 26 types of substances among the four groups (20 per group).

Principal Component Analysis
Through principal component analysis of the samples, including QC samples, Figure 3 revealed clear discrimination
between groups and good repeatability within each group.

Orthogonal Partial Least Squares Discriminant Analysis

Orthogonal Partial Least Squares Discriminant Analysis Score Chart

In this study, the Orthogonal partial least squares discriminant analysis (OPLS-DA) was used to screen the differential
metabolites. As shown in Figure 4A—F, significant differences were observed between the CIN2-3 and HPV-infected

International Journal of Women’s Health 2025:17 hetps: 3997



Xu et al

sy, 3.:1;5

2.5e8 -
2 4e8 1 0.785
2.3e8 -
2.2e8 -
2.8 -
2.0e8 -
1.9e8 - 3.591
1.8e8 -
1.7e8 -
» 1.6e8 -
S 158
> 1.4e8
1.3e8 -
1.2e8 -
1.1e8 -
1.0e8 -
9.0e7 4
8.0e7 4
7.0e7 4
6.0e7 1
5.0e7 4
4.0e7 -
3.0e7 1
2.0e7 -
1.0e
0.0e0

Intensi

8585
6928 7884 gio7 |

1 2 3 4 ® ¢ 7 8 B
Time, min

Figure | Overlaid Total lon Chromatogram (TIC) of QC Sample Mass Spectrometry Detection.

Group
- Z-score Group  Class

= Iu W Pwin [ Benzene and subsiuted dervaiives

W Hewang Heterocyclic compounds
CIN2_3 [ Amino acid and Its metabolites.
@A [ oranic acid and s denvatives
5 1 Aldehyde Ketones Esters.
[ oters.
e
© Alcohol and amines
0 ~ Ravonoids
B Homones and hormone related compounds.
Nucleotide and ts metabolites

M Bile acids.

1 caboxylic acids and dedivaives

[

&&&&&&&4&&4&&4&&&&&&&&&&—9&&&t/&&&—wf&o, %S . %% oo,oo,o I— ,
e o S S S s sl bl

Figure 2 Heatmap of Overall Sample Clustering.
groups (Figure 4A), CIN2-3 and HPV-negative groups (Figure 4B), cervical cancer and HPV-infected groups

(Figure 4D), cervical cancer and HPV-negative groups (Figure 4E), and HPV-negative and HPV-infected groups
(Figure 4F), which indicated that the differential metabolites preliminarily screened in this study were reliable.
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of the differential metabolites in the dataset.
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OPLS-DA Model Verification
Figure SA-F shows the OPLS-DA verification chart, where the abscissa represents the values of R2Y and Q2 of

the model, and the ordinate is the frequency of the model classification effect; that is, this model has conducted
200 random permutation and combination experiments on the data, and the Figure SA-F Q2 is P< 0.05, which
shows zero random grouping models with better prediction ability than the OPLS-DA model in this permutation
detection. In Figure 5A, a P = 0.085 in R2Y shows 17 random grouping models in this permutation detection, and
the interpretation rate of the Y matrix was better than that of the OPLS-DA model. P = 0.01 in Figure 5B, R2Y
shows two random grouping models in this permutation detection, and the interpretation rate of the Y matrix was
better than that of the OPLS-DA model. In Figure 5C, a P = 0.055 in R2Y shows 11 random grouping models in
this permutation detection, and the interpretation rate of the Y matrix was better than that of the OPLS-DA model.
In Figures 5D and E, a P < 0.005 in R2Y shows zero random grouping models in this permutation test, and the
interpretation rate of the Y matrix is better than that of the OPLS-DA model. In Figure 5F, a P = 0.09 in R2Y
shows 18 random grouping models in this permutation detection, and the interpretation rate of the Y matrix was
better than that of the OPLS-DA model. In general, the model was considered the best when P < 0.05.

Screening of Differential Metabolites
Based on the variable importance in projection (VIP) obtained from OPLS-DA model (biological repetition > 3), the

metabolites with differences among different tissues were preliminarily screened. In this study, metabolites with VIP > 1

and P < 0.05 were selected as differential metabolites.
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Figure 5 OPLS-DA Validation Plot (A) CIN2-3 groups vs HPVyang groups; (B) CIN2-3 groups vs HPVyin groups; (C) GJA groups vs CIN2-3 groups; (D) GJA groups vs
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Table | Statistical Table of the Number of Differential

Metabolites

Graph Group Total | Down | Up
a CIN2_3_vs_HPVyang | 1001 646 355
b CIN2_3_vs_HPVyin | 2602 1846 756
c GJA vs_CIN2_3 1470 988 482
d GJA_vs_HPVyang 2449 1639 810
e GJA_vs_HPVyin 3322 | 2309 | 1013
f HPVyang_vs_HPVyin 591 510 8l

Volcano Plots of Differential Metabolites

In this study, 80 samples were selected and divided into four groups for metabolic analysis. A total of 11435 metabolites

were detected, with 3497 showing increased levels and 7938 showing decreased levels. As shown in Table 1 and
Figure 6A—F.

VIP Value Chart of Differential Metabolites

The top 20 metabolites with the largest VIP value in the OPLS-DA model were selected to show the differential
metabolites identified based on screening criteria in each group comparison. As shown in Figure 7A—F. Compared with
the HPV-negative group, most of the glycerophosphates in other groups showed an upward trend, and with the
aggravation of the disease, the glycerophosphates showed a downward trend. Fatty acyl groups showed an upward
trend in the cervical cancer and CIN2-3 groups (Figure 7D), and a downward trend in the other groups. Nucleotides and
their metabolites showed an upward trend in most groups. Organic acids and their derivatives, amino acids and their
metabolites, sphingolipids, glycerols, alcohols, and amines showed decreasing trends for each group. Benzene and its
derivatives, aldehydes, ketones, and esters showed a downward trend in most groups.
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Figure 6 Volcano Plot of Differential Metabolites (A) CIN2-3 groups vs HPVyang groups; (B) CIN2-3 groups vs HPVyin groups; (C) GJA groups vs CIN2-3 groups; (D) GJA
groups vs HPVyang groups; (E) GJA groups vs HPVyin groups; and (F) HPVyang groups vs HPVyin groups. Each point represents a metabolite, with green indicating
downregulation and red indicating upregulation. Gray points represent metabolites detected but with non-significant differences. The x-axis represents the logarithm of the
fold change in relative abundance between the two groups of samples. The greater the absolute value on the x-axis, the larger the difference in relative abundance between
the two groups. The y-axis represents the significance level of the differences, with the size of the dots representing the VIP value.
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Figure 7 VIP Value Plot of Differential Metabolites (A) CIN2-3 groups vs HPVyin groups; (B) CIN2-3 groups vs HPVyang groups; (C) GJA groups vs HPVyin groups; (D)
GJA groups vs CIN2-3 groups; (E) GJA groups vs HPVyang groups; and (F) HPVyang groups vs HPVyin groups. The x-axis represents the VIP value, while the y-axis
represents the differential metabolites. Red indicates upregulated metabolites, green indicates downregulated metabolites, and yellow represents metabolites that are
significantly different in comparisons involving three or more groups.

Enrichment Analysis of KEGG Pathway of Differential Metabolites

According to the results of the differential metabolites, the KEGG pathway was enriched, where the Rich Factor was the
ratio of the number of differential metabolites in the corresponding pathway to the total number of metabolites annotated
in the pathway; the greater the value, the greater was the enrichment degree. The sizes of the dots in the graph represent
the number of significantly different metabolites enriched in the corresponding pathways. As shown in Figure 8A—F. The
top 20 pathways by P-value were selected for display from small to large: we find that show pathway the steroid hormone
is the most important pathway in the CIN2-3 group compared with the HPV-negative and HPV-positive groups
(Figure 8A and B), the amino sugar and nucleotide sugar metabolism pathways was is the most important pathway in
the cervical cancer group compared with the CIN2-3 and HPV-positive groups (Figure 8C and D), the steroid hormone
pathway was is the most important pathway in the cervical cancer group compared with the HPV-negative group
(Figure 8E), and the Kaposi sarcoma-related herpesvirus infection pathway was is the most important pathway in the
HPV-positive and HPV-negative groups (Figure 8F).

Metabolite Set Enrichment Analysis (MSEA)

To avoid missing metabolites with insignificant differential expression but important biological significance, we
conducted MSEA. As shown in Figure 9A—F. The top 50 metabolic sets were selected by p-values for MSEA enrichment
analysis. Compared with the HPV-positive group, we find that enrichment pathways in the CIN2-3 group were ascorbic
acid and aldonic acid metabolic pathways and phosphatidylinositol signaling pathway (Figure 9A). Compared with HPV-
negative group, the most obvious enrichment pathway in the CIN2-3 group was the glycerophosphate metabolism
pathway (Figure 9B). Compared with CIN2-3 group and HPV-positive group, the most obvious enrichment pathway in
the cervical cancer group was the sphingolipid metabolism pathway, followed by the steroid biosynthesis and amino
sugar and nucleotide metabolism pathways (Figure 9C and D). Compared with the HPV-negative group, the most
obvious enrichment pathway in the cervical cancer group was the steroid biosynthesis pathway, followed by the

sphingolipid metabolism pathway (Figure 9E). Compared to the HPV-negative group, nicotinic acid and nicotinamide
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Figure 8 KEGG Enrichment Plot of Differential Metabolites (A) CIN2-3 groups vs HPVyang groups; (B) CIN2-3 groups vs HPVyin groups; (C) GJA groups vs CIN2-3
groups; (D) GJA groups vs HPVyang groups; (E) GJA groups vs HPVyin groups; and (F) HPVyang groups vs HPVyin groups. The x-axis represents the enrichment degree for
each pathway, while the y-axis lists the pathway names (sorted by P-value). The color of the points indicates the P-value, with redder colors indicating more significant
enrichment. The size of the points represents the number of differential metabolites enriched in each pathway.

metabolic pathways were the most enriched in the HPV-positive group, followed by the glycerophosphate metabolic
pathway (Figure 9F).

Differential Metabolite Analysis

For the differential metabolites identified based on the screening criteria in each group comparison, the top 20
metabolites with the highest VIP values in each group of the OPLS-DA model were selected for pathway screening
analysis. Eventually, 4 substances with statistically significant differences and clear metabolic pathways in each group
were screened out, which can be used as tumor markers for the cervix. Among them, 19-Hydroxytestosterone is involved
in Steroid hormone biosynthesis. Cerebroside B belongs to GSP and is involved in Sphingolipid metabolism. Potassium
acetate is involved in Protein digestion and absorption. Methylarsonate is involved in Chemical carcinogenesis - reactive
oxygen species. As shown in Figure 10A-D, these four types of substances decrease with the aggravation of the lesion
(P < 0.05), and the differences are statistically significant. They are closely related to the occurrence and development of
cervical cancer and can be used as tumor markers for cervical cancer.

Discussion

HPV Infection and Metabolomics

The vast majority of cervical cancers are mainly caused by persistent HR-HPV infection, and approximately 95% of
cervical cancers are HPV-positive.!! HR-HPV causes epithelial basal cell dysfunction, leading to cervical cancer.'?
Metabolites are the final products of various biological processes.'® Therefore, in this study, we aimed to identify reliable
biomarkers of HPV infection by studying cervical and vaginal metabolites. Moreover, metabolites of reduced glutathione
(GSH) and oxidized glutathione (GSSG) in HPV-positive women are lower than those in HPV-negative women. In
addition, lipid glyceryl choline (33.6%), 3-hydroxydecanoate (33.9%), and choline phosphate (73.7%) levels were lower
in women with HPV." Ilhan et al (2019) showed'® that compared with the HPV (-) group, the HPV (+), LSIL, and HSIL
groups mainly consumed metabolites in the amino acid pathway. The metabolites in the HPV (+) group were mainly
consumed during lysine, polyamine, and phenylalanine metabolism. Zhang et al showed'® that the different metabolites

International Journal of Women’s Health 2025:17 https: 4003



Xu et al

phscarbote and adroe metavoksm
inosiol signaing system
Meabolam o sorcomies by yochvoma P4SO

Pyrimidi

e acat bosyntbess
Drug metabolism - cytochrome P4S0
cwyoam  Gluconeogenesis

b
Valine, leucine and isoleuci
Vel lnsing s isclescine dogrmcabion

D

Sphingolipid metabolism
Amino sugar and nuceci sugr molaboks

rug metabolism - other

Primary ble ac bosyninesss
Taurine and hypotaurine metabolism
Ghvonjaleand eatbonyalo metaboism

bon pool by folate
Phonylianine, yosine and wvuxman biosynthesi

Figure 9 MSEA Enrichment Analysis Plot (A) CIN2-3 groups vs HPVyang groups; (B) CIN2-3 groups vs HPVyin groups; (C) GJA groups vs CIN2-3 groups; (D) GJA groups
vs HPVyang groups; (E) GJA groups vs HPVyin groups; and (F) HPVyang groups vs HPVyin groups. The y-axis represents the names of the metabolic sets (sorted by P-value),
with corresponding P-values annotated. The x-axis represents the fold enrichment. The color indicates the P-value, with colors closer to red (P-value closer to 0) indicating

more significant enrichment.

between normal and HPV groups included linolenic acid, glycerophosphate, and arachidonic acid metabolism; unsatu-
rated fatty acid biosynthesis; lysine degradation; pyruvate metabolism; and primary cholecystic acid biosynthesis. Using
the urine samples of the Puerto Rican woman followed by GC-MS analysis we have shown, that patients with high-risk
HPV infections have the significantly higher abundance of 5-Oxoprolinate, Erythronic acid, and N-Acetylaspartic acid.'”
Our study revealed that the metabolic pathways of nicotinic acid, nicotinamide, and glycerophosphate are closely related

to HPV infection.

Cervical Precancerous Lesions and Metabolomics

Cervical cancer is one of the most common malignant tumors in women worldwide. HR-HPV infection usually takes
a long time to develop into cervical cancer. CIN is an important precancerous lesion of cervical cancer. The development
of cancer from normal cervical tissue is a continuous process.'®'® Therefore, we not only need to prevent and monitor the
development of normal cervical tissues or cells to CIN, but also treat and block the development of CIN in cervical
cancer. Therefore, in this study, we aimed to identify reliable biomarkers for the diagnosis and treatment of CIN by
studying the cervical and vaginal metabolites of CIN. Previous studies have shown that the metabolic spectrum can
clearly distinguish cervical precancerous lesions from the normal cervical epithelium and cervical cancer. Compared to
the normal cervical epithelium, glucose consumption and lactic acid secretion were increased in cervical precancerous
lesions. The expression of the glycolytic enzymes pyruvate kinase M2 (PKM2), lactate dehydrogenase (LDHA),
hexokinase II (HKII) in cervical precancerous lesions tends to be higher than that in the normal cervical epithelium;
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there is increased glucose consumption and lactic acid production in precancerous cervical lesions.° This study found
that PE-NMe (20:0/16:0) increased in the CIN2-3 group, whereas 19-Hydroxytestosterone, Cerebroside B, Potassium
acetate and Methylarsonate, diglyceride, and PE-NMe (22:0/16:0) decreased in the CIN2-3 group. This indicates that
these are closely related to the occurrence and development of cervical cancer. Compared with the HPV-negative and
HPV-positive groups, the most obvious enrichment pathways in the CIN2-3 group were the steroid hormone and
glycerophosphate metabolism pathways. This indicated that lipid metabolism plays an important role in cervical cancer
development.

Cervical Cancer and Lipid Metabolism
Lipids are the main components of the cell membrane and the main energy suppliers, and are involved in signal
transduction. Lipids not only contain fatty acids but also include several other functional variants, such as alcohols,
aldehydes, amines, and esters.>' Different types of glycerophospholipids, including phosphatidylcholine and phosphati-
dylethanolamine, form a metabolic network controlled by various enzymes. Phosphatidylcholine can be deacylated by
cytoplasmic phospholipase A2 to produce arachidonic acid. Arachidonic acid and its downstream products can promote
tumor proliferation, invasion, and metastasis.”> Sphingolipids are divided into sphingomyelins, sphingolipid sugars, and
ceramides. Ceramides can be hydrolyzed by ceramidase to produce sphingosine, which can be converted into sphingo-
sine-1-phosphate by sphingosine kinase, and sphingosine-1-phosphate can be converted into ceramide in reverse. Among
them, ceramide and sphingosine inhibit cell growth and promotes cell apoptosis, whereas sphingosine-1-phosphate has
the opposite effect. When this balance is disrupted, the normal apoptotic mechanism of cells is disturbed due to
a decrease in ceramide content, thus promoting the development of tumors.>

In previous studies, Nam et al (2021) found** that most lipid levels in patients with CIN2/3 or cervical cancer were
higher than those in healthy controls and patients with CIN1. The total Principal component (PC) and PE content showed
a downward trend. These results indicate that changes in lipid metabolism, especially PC, PE, DG, and FFA, may affect
the development of cervical cancer and that this unbalanced lipid metabolism remains unchanged in patients with
cervical cancer. Cheng F et al (2020) showed® that the combination of PC (14:0/18:2), PE (15:1¢/22:6), and PE (16:1¢/
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18:2) can be used as a promising serum biomarker to distinguish early precancerous lesion from squamous intraepithelial
lesion (SIL) and healthy participants. Qi L et al (2023) showed** among different cervical cancer prognoses with low and
high selenium levels six differential metabolites: glycylproline, PE[20:0/22:6(4Z,7Z,10Z,13Z,16Z,19Z)], 10-hydroxy
-2E,8E-Decadiene-4,6-diynoic  acid,  3-carboxy-4-methyl-5-propyl-2-furanpropanoic  acid (CMPF), PCJ[20:5
(52,82,112,14Z,17Z)/P-18:1(11Z)], and 3-amino-octa-noic acid. Based on these six metabolites, the KEGG pathway
analysis showed that glycerophosphate metabolism was the most significantly enriched pathway. Zhou H et al (2019)
showed?’ that significant differences in the plasma metabolites PC (15:0/16:0), PG (12:0/13:0), LacCer (d18:1/
16:0), d-maltose, and PA in patients with cervical squamous cell carcinoma (CSCC) with different prognoses. Zhou
H et al (2020)*® used 37 different metabolites for pathway analysis, and seven pathways were found to be enriched,
among which sphingolipid and glycerophosphate metabolisms were significantly enriched (impact > 0.1). The area under
the curve (AUC) values of eight metabolites were > 0.75 in each pair, namely ceramide [Cer (d18:1/16:0)], phospha-
tidylcholine [PC(15:0/16:0)], PC (16:0/16:0), phosphatidylethanolamine[PE (16:0/20:0)], PC (14:0/20:0), phosphatidyl-
serine[PS (17:0/22:2(13Z,16Z))], phosphatidylglycerol [PG(21:0/22:4(72,102,13Z,16Z))] and sphingomyelin [SM
(d18:1/20:0)]. These eight metabolites are phospholipids, and included six types of glycerophosphates and two types
of sphingolipids, which enrich the metabolic pathways of glycerophosphates and sphingolipids, respectively. Hishinuma
et al (2023) found*® that compared with a healthy control group, the levels of 47 metabolites in patients with Uterine
cervical cancer (UCC) were significantly increased, and the levels of 75 metabolites were significantly decreased. The
characteristics of patients with UCC are increased arginine and ceramide levels and decreased tryptophan, ornithine,
glycosylceramide, lysophosphatidylcholine, and phosphatidylcholine levels. Through joint pathway analysis, Yin et al
found* that arachidonic acid and amino acid metabolisms are the most important pathways in cervical cancer. Amino
acid and arachidonic acid metabolisms are the core metabolic pathways of naringin in HeLa cells. Li et al (2021) found®'
that phosphatidylserine, phosphatidylethanolamine, phosphatidylcholine, and sphingomyelin were downregulated by
ZY0511. LSD1 plays a key role in lipid metabolism. Analysis of the lipid levels revealed different metabolic profiles
among the four cancer cell lines. Although most lipids showed clear changes, sphingolipids and monoacylglycerols
showed more pronounced changes. Liu et al (2023) showed* obvious differences between C33A and CaSki cells in
metabolomics, especially in lipid metabolism.

The results showed that 1,2-dioleoyl-sn-glycerol-3-phosphate-L- serine, diglyceride, cerebroside B, PE-NMe(22:0/
16:0), PE(18:2 (9z, 122)/20:3 (5z, PE-NMe(16:1(92)/22:2(13Z, 16Z)), PE-NMe(20:0/16:0), linoleic acid, and methyl 15-
cyano-pentadecanoate are decreased in cervical cancer. KEGG enrichment pathway showed that the most obvious
enrichment pathway between cervical cancer and HPV-negative groups was steroid hormone pathway. MSEA showed
that is the most important pathway in cervical cancer group compared with CIN2-3 and HPV-positive groups was
sphingolipid metabolism pathway, followed by steroid biosynthesis and amino sugar and nucleotide metabolism path-
ways. Compared with the HPV-negative group, the most obvious enrichment pathway in the cervical cancer group was
the steroid biosynthesis pathway, followed by the sphingolipid metabolism pathway. Thus, lipid metabolism plays an
important role in the occurrence and development of cervical cancer.

Cervical Cancer and Amino Acid and Nucleotide Metabolic Pathways

Amino acids and their derivatives play important roles in several biochemical processes. Cervical cancer is closely
related to the metabolism of amino acids and nucleotides. Hishinuma et al found*® that compared with the healthy control
group, the levels of cystine and arginine in patients with UCC increased significantly, whereas the levels of Trp, Orn, and
lysoPC decreased significantly. Zhou et al (2023) found™ that IGF-2BP3 stabilized the GLS and GLUD1 mRNAs; these
are key metabolic enzymes involved in glutamine metabolism, thus glutamine metabolism is enhanced and production
and release of lactic acid in tumor cells is promoted. These changes are helpful for Treg cell-mediated immune escape
and identification of potential malignant tumors. Ran et al** compared cancer and control groups, and the area of eight
common metabolites in hair and cervical tissue samples under the working characteristic curve of the participants was >
0.95. These metabolites are mainly involved in amino acid metabolism, cofactor synthesis, iron sag production, and
glycolysis. Pappa et al (2021) found'? that cervical cancer cells exhibit a distinct nucleic acid metabolism. The precursor
of nucleotide synthesis is generated by pentose phosphate pathway (PPP), which converts the glycolytic intermediate
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glucose-6-phosphate into gluconate-6-phosphate, and then into ribose-5-phosphate. HPV-related cells (SiHa and HeLa)
showed significantly increased levels of the purine derivatives inosine and guanosine. Xu et al (2020) found®® that the
biosynthetic pathways of phenylalanine, tyrosine, and tryptophan (impact = 0.8, P = 0.08) changed in the progression of
cervical cancer. Xu et al*” used 155 different metabolites to enrich the KEGG pathway and found that the biosynthetic
pathways of phenylalanine, tyrosine, and tryptophan are important in the occurrence of cervical cancer. Wang et al (2023)
showed>® that metabonomic pathway analysis revealed significant changes in the glutathione metabolic pathway of HeLa
cells following Oridonin (Ori) treatment. Abudula at al. (2020) showed®” that the levels of a- and B-glucose decreased,
that of lactic acid and low-density lipoprotein increased, and the expression of various amino acids changed. This study
showed that glutamine-glutamine-tryptophan, S-(4-methylthiobutylthiohydroxyacyl)-L-cysteine, ethyl-L-NIO, and other
substances showed decreasing trends in cervical cancer. Compared with CIN2-3 and HPV-positive groups, the most
obvious enrichment pathways in the cervical cancer group were the amino sugar and nucleotide sugar metabolism
pathways. This shows that amino sugar and nucleotide sugar metabolic pathways play important roles in the occurrence
and development of cervical cancer.

Conclusion

In this study, all the differential metabolites in the development of cervical cancer were detected by non-targeted
metabolomics analysis, among which lipid metabolism was found to be the most important metabolic pathway in
cervical cancer; amino acid and nucleotide metabolisms are also involved. The expression levels of 19-
Hydroxytestosterone, cerebroside B, potassium acetate and methylarsonate are downregulated with the aggravation of
cervical lesions and can be used as potential tumor markers for cervical cancer.
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