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Plasma lipidomic analysis reveals disruption ==

of ether phosphatidylcholine biosynthesis
and facilitates early detection of hepatitis
B-related hepatocellular carcinoma
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Abstract

Background Hepatocellular carcinoma (HCC) is the third deadliest malignant tumor worldwide. Most patients are
initially diagnosed as HCC at advanced stages and are too late for radical treatment by surgery, resulting in poor prog-
nosis. Over 50% of the HCC patients are caused by hepatitis B virus (HBV) infection. Therefore, effective early identifica-
tion of HCC in the high-risk population with HBV infection is crucial for early intervention of HCC.

Methods We employed plasma lipidomics to identify critical lipid classes associated with tumorigenesis in the high-
risk population with HBV infection. Potential regulatory mechanisms are validated at multi-omic levels. A machine
learning algorithm is used for feature selection and diagnostic modelling, and performance of the models is evalu-
ated by ROC curves.

Results We unveiled varied profiles of plasma lipid metabolites in a cohort of 57 HBV-related HCC subjects, 57 HBV-
related liver cirrhosis (LC) subjects and 61 chronic hepatitis B (CHB) subjects with matched age, sex and HBV status.
We identified a correlation of the ether phosphatidylcholine (PC) synthesis with hepatocarcinogenesis in patients
with HBV-related liver diseases. The diagnostic models achieved an area under ROC curve (AUC) of 0.849 for discrimi-
nating HCC from CHB and an AUC of 0.829 for discriminating HCC from LC.

Conclusions We illustrate the role of ether PC in hepatocarcinogenesis upon HBV infection and provide novel effec-
tive markers for early detection of HCC in a cohort with HBV infection.
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Background

Hepatocellular carcinoma (HCC) is one of the most
prevalent cancers worldwide, ranking as the third lead-
ing cause of cancer-related deaths globally in 2022 [1]. In
China, HCC accounted for over 310,000 deaths in 2022,
making it the second deadliest cancer type [2]. Major risk
factors for HCC include alcohol consumption, diabetes,
nonalcoholic steatohepatitis (NASH), and infection by
hepatitis viruses, with hepatitis B virus (HBV) being the
leading cause, responsible for over half of global HCC
cases [3]. Particularly, the HBV infection rate among
HCC patients in China reached 92.05% [4].

Despite significant advancements in HCC treatment,
particularly with radical hepatectomy, over 70% of HCC
patients are diagnosed at advanced stages, when curative
treatment options are no longer feasible [3]. Current clin-
ical screening methods for early HCC detection, includ-
ing liver ultrasound imaging and serum alpha-fetoprotein
(AFP) testing, are inadequate. Ultrasound has limited
sensitivity for detecting small or early-stage HCC lesions,
while AFP testing often fails to distinguish early HCC
from other liver diseases such as cirrhosis or hepatitis [3,
5, 6]. For instance, studies have shown that up to 40% of
HCC patients have normal AFP levels, and elevated AFP
can also occur in non-malignant liver diseases [5-9].
Advanced imaging modalities like CT and MRI, although
more sensitive, are costly and impractical for routine
screening in high-risk populations [5, 6].

To overcome these challenges, several prediction scor-
ing systems have been developed to assess HCC risk in
HBV-infected populations by incorporating clinical and
laboratory parameters, such as age, albumin, and AFP
[7-9]. However, these scoring systems lack the sensitiv-
ity and specificity required for early detection. Simi-
larly, multi-omics approaches, such as proteomics and
metabolomics, have emerged as promising tools for HCC
biomarker discovery. Proteomics studies [10-12] have
provided valuable insights into the molecular mecha-
nisms of HCC, while metabolomics studies [13—19] have
demonstrated significant alterations in metabolic pro-
files, particularly in blood and tissue samples. However,
many of these studies focus on general HCC populations
and provide limited insights into the specific metabolic
changes underlying HBV-related HCC.

Metabolic perturbation is a key feature of cancer. The
liver, as the largest metabolic organ, plays a central role
in nutrient metabolism, bile acid metabolism, and toxin
clearance, making hepatic malignancies highly likely to
affect systemic metabolic states [20]. Lipidomics, a rap-
idly advancing branch of metabolomics, offers a compre-
hensive view of lipid metabolism and its alterations in
disease progression. Unlike previous studies that primar-
ily focus on proteomics or general metabolomics, here we
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employed lipidomics to analyze hydrophobic metabolites
in HBV-infected patients, including those with chronic
hepatitis B (CHB), HBV-related liver cirrhosis (LC), and
HBV-related HCC. Through multi-omics integration, we
identified significant elevations in ether phosphatidyl-
cholines (ether PCs) and confirmed the dysregulation of
ether PC biosynthesis pathways in HBV-HCC develop-
ment. Finally, we developed a diagnostic model based on
a panel of ether PCs selected by machine learning, which
demonstrated high diagnostic accuracy for detecting
early-stage HCC. This study provides a novel, non-inva-
sive, and cost-effective strategy to facilitate early detec-
tion and intervention in HBV-HCC patients.

Methods
Study subjects and plasma collection
Subjects diagnosed with CHB, HBV-related LC and
HBV-related HCC at Beijing Youan Hospital were
enrolled from February, 2024 to April, 2024. Criteria for
inclusion are listed as follows: i) Patients aged between 18
and 80 years. ii) Patients diagnosed with chronic hepati-
tis B (CHB), HBV-related cirrhosis (LC), or HBV-related
hepatocellular carcinoma (HCC) based on the guidelines
for the management of HBV-related diseases. iii) Patients
with a history of chronic hepatitis B and meeting the
diagnostic criteria for HBV-related cirrhosis or hepato-
cellular carcinoma. iv) Willingness to provide informed
consent for participation in the study. Criteria for exclu-
sion are listed as follows: i) Patients with severe systemic
diseases involving the respiratory, cardiac, or central
nervous systems, as well as those with autoimmune hepa-
titis, congenital, or hereditary liver diseases. ii) Patients
with psychiatric or psychological disorders, including
anxiety or depression. All HCC subjects were staged
according to China liver cancer staging (CNLC) and over
two thirds of the HCC subjects were at CNLC stage 1.
Blood samples of enrolled subjects were collected by
EDTA tubes and were kept at 4°C for less than 6 h before
centrifugation to collect plasma. The plasma samples
were stored at -80 “C until sample preparation for LC—
MS analysis.

Sample collection and metabolite extraction

Quality control (QC) samples were obtained by form-
ing a mixed pool of different samples. For untargeted
lipidomic analysis, 100puL of the liquid-liquid extrac-
tion solution (chloroform-methanol 2:1, v/v) is added
to 25uL of each serum sample including QC sample.
Samples are vortexed for 30 s, vibrated at 1200 rpm for
8 min, and centrifuged at 12,000 rpm for 10 min. Lower
organic phase containing hydrophobic metabolites are
collected into new tubes and evaporated at room tem-
perature under vacuum. The residue is dissolved in
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25uL  dissolving solution (chloroform-methanol 1:1,
v/v), vortexed for 30 s and diluted by adding 75uL dilut-
ing solution (isopropanol-acetonitrile-H,O 2:1:1, v/v/v).
The mixture is then vortexed for 30 s, centrifuged at
12,000 rpm for 15 min, and supernatant transferred into
vials for LC—MS analysis.

Untargeted lipidomic analysis

Untargeted lipidomic analysis was performed using liquid
chromatography-mass spectrometry (LC—MS). The Ulti-
mate 3000 UHPLC system (Thermo) and Acquity CSH
C18 column (100x2.1 mm id., 2.5 um, Waters) were
used for reversed phase liquid chromatographic separa-
tion. Column temperature was set to 50 C. Acetonitrile
(LC-MS grade, Fisher Scientific, USA)-water (60/40,
v/v) with 10 mM ammonium acetate (Sigma-Aldrich, St.
Louis, MO, USA) and 0.1% formic acid (Sigma-Aldrich,
St. Louis, MO, USA) was used as mobile phase A, and
isopropanol (LC-MS grade, Fisher Scientific, USA)—ace-
tonitrile (90/10, v/v) with 10 mM ammonium acetate
and 0.1% formic acid was used as mobile phase B. The
flow rate was set to 0.3 mL/min. The gradient of liquid
phase was set as follows: 0 min—40% B; 2 min—43%
B; 2.1 min—50% B; 10 min—60% B; 10.1 min—75% B;
16 min — 99% B; 17 min—99% B; 18 min—40% B; and
19 min—40% B.

Q-Exactive (hybrid quadrupole-Orbitrap mass spec-
trometer) coupled with heated electrospray ioniza-
tion (HESI) source (Thermo Fisher Scientific) was used
for mass analysis. Data dependent acquisition (DDA)
mode was used. Each acquisition cycle consists of one
survey scan (MS! scan) at 35,000 resolution from 190
to 1200 m/z, followed by ten MS/MS scans in HCD
mode at 17,500 resolution. MS/MS parameters were set
as follows: Automatic gain control target (AGC), 5e6
(maximum injection time 80 ms) for MS! scan and le5
(maximum injection time 70 ms) for MS/MS scan; Fixed
first mass, 50 m/z; Dynamic exclusion, 8 s; Stepped nor-
malized collision energy (step-NCE) to 15, 30, and 45.
HESI ion source parameters were set as follows: spray
voltage, 3.3 kV for positive ion mode and 3.0 kV for nega-
tive ion mode; ion source sheath gas, 40; aux gas, 10;
capillary temperature, 320 “C; probe heater temperature,
300 C; S-lens RF level, 55.5. QC samples were analyzed
repeatedly in the batch of sample acquisition to evaluate
the stability of the LC-MS instrument. All samples were
acquired in the positive—negative switching ion mode.

Peak extraction, alignment, identification and quan-
tification from raw data files were performed using the
MS-DIAL software (version 4.70). Specifically, internal
MS/MS spectra lipid libraries in MS-DIAL software was
used for lipid identification. Characteristic fragments of
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selected lipid features were manually checked in MS/MS
spectra from raw data files.

SVM-based feature selection

SVM model (liblinear 2.20) was built to classify catego-
ries of enrolled subjects and select important features as
previously reported [21, 22]. SVM was employed to build
classification models in 1000 experiments of fourfold
cross validation and to generate the weight representing
importance in classification for all features.

2
w
min|| 2” st wlai + by, > 1

w,b

As shown in above equation, the inferred w could be
regarded as the importance weight for each feature. A
validation operation of feature selection was conducted
to select top-ranking important features with the high-
est classification accuracy. Top 50 important features
were analyzed to generate predictive models for feature
selection, which was performed by increasing and select-
ing from the top-ranking feature one by one, e.g., select-
ing the Top 1 feature as the first model, Top 2 features
as the second model, and then iterated to Top-N features
as the N-th model. For performance evaluation, mean
accuracies for each model (N=50) in feature selection
were calculated after 100 times iterations of fourfold
cross-validation.

Measurement of AFP

Serum AFP levels were measured using an automated
chemiluminescence immunoassay (CLIA) system accord-
ing to the manufacturer’s protocol (Abbott ARCHITECT
i2000SR, Abbott Laboratories, Chicago, IL, USA). The
detection range of the assay was 0.5-350 ng/mL. All sam-
ples were processed in duplicate, and strict quality con-
trol was maintained throughout the testing process.

Multi-omic analysis

Datasets of HCC from The Cancer Genome Atlas
(TCGA) and Clinical Proteomic Tumor Analysis Con-
sortium (CPTAC) databases were used for RNA and
protein analysis, respectively, via the integrated online
analysis platform at https://ualcan.path.uab.edu/index.
html [23]. The RNA levels and protein levels of HCC
patients in primary tumor tissue compared to normal
adjacent tissue were analyzed. Basic patient character-
istics of original datasets in TCGA (TCGA-LIHC) and
CPTAC(PDC000198) which we used were exported from
official websites and summarized in Table S7 of Addi-
tional file 2.
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Statistical analysis

Metaboanalyst  (https://www.metaboanalyst.ca/) was
used for preliminary identification of differential lipid
features by ANOVA, PCA, PLSDA and hierarchy cluster
analysis. Features with FDR<0.05 (Benjamini—Hochberg
method) in ANOVA analysis were subjected to further
analysis. Corresponding R2Y and Q2Y values of PLSDA
analysis were listed in Table S6 of Additional file 2.

The MATLAB software (R2022b) was used to per-
form SVM-based feature selection, SVM modeling and
receiver operator characteristic (ROC) analysis.

The GraphPad Prism 9.0.0 and R software were used for
data analysis and visualization, and R packages including
“Mfuzz” “psych” “Rtsne” were used for mfuzz clustering,
correlation analysis and t-SNE visualization, respectively.
Modeling by multiple ML algorithms was performed
using the following functions in the tidymodels frame-
work of R software, including XGBoost (boost_tree()),
Decision Tree (decision_tree()), Logistic Regression
(logistic_deg()), KNN (nearest_neighbor()), Random For-
est (rand_forest()), and SVM (svm_linear()).

Results

Characteristics of study subjects

To uncover the circulatory metabolic changes that occur
in cancer development in high-risk population with HBV
infection, subjects diagnosed with CHB, HBV-related LC
and HBV-related HCC were enrolled in this study. Sum-
marized and detailed characteristics of enrolled subjects
are listed in Table 1 and Table S1-2, respectively. Basic
information including age, sex and HBV infection were
of no statistical significance among the three groups. To
obtain a full picture of the metabolic disturbance in the

Table 1 Clinical characteristics of enrolled subjects

Page 4 of 13

process of tumorigenesis in HBV-infected population, we
sought to characterize the global plasma lipid metabolites
in CHB, LC and HCC participants by lipidomic analysis.
We identified 1728 features in the positive electrospray
ionization mode (ESI+) and 939 features in the negative
electrospray ionization mode (ESI-).

Plasma lipidomic profiling unveils differential lipids

from multiple lipid classes

For a global view of the obtained lipidomic data, we per-
formed PLSDA analysis and t-SNE analysis (Fig. S1) to
visualize all lipids identified. As shown by our data, CHB
illustrated obvious separation from the other two groups,
while the group of LC and HCC exhibited less difference.
Two-group comparisons were then performed to visual-
ize global difference between CHB/HCC and LC/HCC,
respectively (Fig. 1A-B). Corresponding R2Y and Q2Y
values in PLSDA analysis are listed in Table S6 of Addi-
tional File 2, illustrating a good predictive power for dis-
criminating HCC from CHB (R2Y and Q2Y >0.3) while a
poor predictive power for discriminating HCC from LC
(the difference between R2Y and Q2Y was larger than
0.3).

Next, ANOVA analysis was performed to identify the
differential lipid features (FDR<0.05) among the three
groups, and 508 features in ESI+mode and 359 features
in ESI- mode were subjected to further analysis. Lipid
classes of all differential features were then observed.
The number of differential lipid features in each lipid
class detected in ESI+or ESI- mode is listed in Table S3,
and lipid classes with the top 5 most features in each ion
mode are demonstrated in Fig. 2.

Overall CHB LC HCC P
n 175 61 57 57
Age (mean (SD)) 57.74(9.80) 57.79 (8.94) 56.39 (9.85) 59.05 (10.60) 035
Sex, n (%) Male 131(74.86) 47(77.05) 40(70.18) 44(77.19) 0611
Female 44(25.14) 14(22.95) 17(29.82) 13(22.81)
HBsAg (%) missing 1(0.6) 0(0.0) 1(1.8) 0(0.0) 0.489
14 (8.0) 3(4.9) 5(838) 6(10.5)
+ 160 (91.4) 58(95.1) 51(89.5) 51(89.5)
HBcAD (%) missing 1(0.6) 0(0.0) 1(1.8) 0(0.0) 0.271
5(2.9) 0(0.0) 2(35) 3(53)
+ 169 (96.6) 61 (100.0) 54 (94.7) 54 (94.7)
AFP (ng/mL), median [IQR] 2.451[1.60,4.64] 2.291[1.39,2.73] 2.50[1.80, 4.60] 3.30[1.68,34.40] 0.007
CNLC stage | 38(66.7)
Il 12(21.1)
Il 6(10.5)
\% 1(1.8)
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Fig. 2 Lipid classes with the top 5 most differential lipid features of ESI+ (A)

Plasma levels of ether PCs closely correlate with hepatic
carcinogenesis

To identify the crucial metabolic changes during hepatic
carcinogenesis in subjects with HBV infection, we

or ESI- (B) mode

thereby performed mfuzz clustering using the differen-
tial lipids to observe the variation patterns of lipids in
different clusters. Five clusters were obtained in ESI+or
ESI- mode (Fig. 3A-B). In clusters illustrating consecutive
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Fig. 3 Major lipid classes potentially correlated with hepatocarcinogenesis. Mfuzz clustering for variation pattern along the trajectory

of CHB-LC-HCC using all identified lipid features in ESI+mode (A) or ESI- mode (B). Bar plot illustration of the feature number of each lipid class
in clusters with consecutive decline (C) and elevation (D) in the trajectory of CHB-LC-HCC and heatmap illustration of ether PC and PC levels
in selected clusters, along with clinical characteristics of Age, sex, sAg and AFP (E)

decline along the trajectory of CHB-LC-HCC as dis-
ease development, including cluster 2 in ESI+mode
and cluster 1 in ESI- mode, phosphatidylcholine (PC)

was identified as the lipid class with the most features
(Fig. 3C). While in clusters illustrating consecutive eleva-
tion, including cluster 3 in ESI+mode and cluster 5 in
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ESI- mode, ether PC was identified as the lipid class with
the most features (Fig. 3D). Abundances of PCs and ether
PCs in ESI- cluster 1 and ESI+cluster 3, respectively,
are presented in Fig. 3E. Collectively, these data indicate
that increased ether PC levels and decreased PC levels in
plasma possibly account for the malignant conversion in
hepatitis B-related liver diseases.

Integrated analysis by multi-omic data illustrates
dysregulation of the ether PC biosynthetic pathway

To further validate the role of ether PC biosynthesis in
hepatocarcinogenesis, we then investigated the expres-
sion of key enzymes modulating biosynthesis of ether PC.
GNPAT and AGPS, catalyzing key steps of ether bond
formation in liver peroxisomes [23], illustrated obvious
upregulation in HCC tissue samples compared to nor-
mal controls in both RNA levels (Fig. 4A) and protein
levels (Fig. 4B). PEMT, accounting for conversion from
ether PE to ether PC, markedly declined in HCC sam-
ples, while CHPT1, accounting for conversion from ether
DG to ether PC, significantly increased in HCC samples
(Fig. 4A-B). FAR1 and FAR2, which have been previously
known to show negative responses to levels of ether PC,
showed decreased RNA levels in HCC while no obvious
change in protein levels (Fig. 4A-B). The alterations of
these key enzymes in ether PC biosynthesis are summa-
rized and illustrated in Fig. 4C. Together, these data sug-
gest that biosynthesis of ether PC is indeed enhanced in
the process of hepatocarcinogenesis.

Ether PCs show superior classification performances

in machine-learning models compared to alpha
fetoprotein

Given that our data demonstrated a critical role of ether
PC in hepatocarcinogenesis, we developed SVM-based
machine-learning models using abundances of all iden-
tified ether PCs to detect HCC subjects from CHB or
LC subjects. Firstly, a feature selection strategy was per-
formed to determine the importance of individual ether
PC lipid feature and the optimal number of lipid feature
combination in the models. The average accuracies of
fourfold cross validation models in 100 tests using 1-50
top-weighted features are illustrated in Fig. 5A-B. For
discriminating HCC from CHB, using 11 top-weighted
features, the model reached the highest accuracy of
81.83% (Fig. 5A). For discriminating HCC from LC, using
31 top-weighted features, the model reached the high-
est accuracy of 77.86% (Fig. 5B). The selected features
and corresponding weight in SVM models are listed
in Table S4. The ROC curve for classification of HCC
from CHB using 11 selected features for SVM mod-
eling showed an area under ROC curve (AUC) of 0.849
(Fig. 5C), and the ROC curve for classification of HCC
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from LC using 31 selected features for SVM modeling
showed an AUC of 0.829 (Fig. 5D). To further determine
the best ML algorithm for modeling, we built machine
learning models based on several ML algorithms and
depicted ROC curves for comparison. The performances
of modeling using selected features were compared by
AUC (Fig. S2 of Additional file 1). We can see that com-
pared to other algorithms, the SVM model illustrated the
second highest AUC for discriminating CHB vs. HCC
and the highest AUC for discriminating LC vs. HCC. The
diagnostic performance of alpha fetoprotein (AFP) was
also evaluated for CHB vs. HCC (Fig. 5E) and LC vs. HCC
(Fig. 5F) by ROC curves, respectively, demonstrating lim-
ited value of AFP to detect HCC in our study cohorts.
Together, these results indicate that SVM modeling using
selected ether PCs shows better performance to detect
HBV-related HCC than the conventional marker AFP.

Levels of plasma ether PCs are significantly correlated

with indicators of liver function

To further investigate the biological significance of ether
PCs, the correlations between paired plasma ether PC
levels and clinical results of examination or lab tests were
determined by spearman correlation. The ether PCs in
ESI+ cluster3 mentioned earlier with an elevating trend
in the process of hepatocarcinogenesis and clinical indi-
cators for liver function were included for analysis (Fig. 6
and Table S5). The ether PCs that most significantly
associated with indicators of liver function included PC
0-33:1, PC 0-32:2, PC 0O-36:4, PC 0O-36:2, PC 0O-32:0,
PC O-34:1, PC O-32:1 and PC O-38:6. Our data revealed
massive correlation between ether PCs and indicators
of liver function reflecting liver cell injury, liver excre-
tion function, liver reserve function and liver interstitial
changes. We unveil the value of plasma ether PCs in eval-
uating the liver function, which may ultimately facilitate
early detection of hepatocarcinogenesis in HBV-infected
population.

Discussion

In this study, we employed a lipidomic analytic approach
to delineate the global circulatory lipid metabolites
associated with hepatocarcinogenesis in a cohort with
HBV infection. Through mfuzz clustering, we identi-
fied marked variations in plasma lipids, particularly in
the class of ether phosphatidylcholines (ether PCs), and
further verified enhanced biosynthesis of ether PCs by
integrating multi-omic datasets, including transcrip-
tomic and proteomic data from HCC tissue samples.
Ultimately, we developed a diagnostic model utilizing
ether PCs selected via a machine-learning-based feature
selection strategy, which demonstrated high efficiency in
differentiating HCC patients from CHB and LC subjects.
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In the field of HCC diagnosis, various methods have in sensitivity and specificity, especially for early HCC
been explored. Traditional methods based on serum  detection. Other clinical methods including ultrasound
biomarkers, such as alpha-fetoprotein (AFP), are widely = imaging, CT and MRI, also demonstrated deficiency in
used in clinical practice but have significant limitations  sensitivity, cost and availability for routine screening,
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Fig. 6 Heatmap illustration of the correlation between ether PCs and selected clinical indicators. The color represents the correlation coefficient,
red as positively correlated and blue as negatively correlated (*, P<0.05; **, P<0.01; ***, P<0.001). TG, triglycerides; TP, total protein; CAP,
controlled attenuation parameter; eGFR, glomerular filtration rate; ALT, alanine aminotransferase; HGB, hemoglobin; WBC, white blood cell count;
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transpeptidase; PT, prothrombin time; TBIl, total bilirubin; ALP, alkaline phosphatase; AST, aspartate aminotransferase; AFP, alpha fetoprotein; LDL-C,

low density lipoprotein cholesterol; CHOL, total cholesterol

highlighting the urgency for novel biomarkers and diag-
nostic methods. The role of metabolic drivers in tumori-
genesis have been recently reviewed [24], that metabolic
remodeling may begin at stages of early tumorigenesis,
providing the theoretical basis for identifying metabolite
markers for early detection of cancer. Multiple previous
metabolomic studies have identified potential markers of
HCC [14, 25-27], yet limited studies focused on HBV-
related HCC in well-designed schemes. Here we uncover
new markers of HBV-related HCC via lipidomic analysis
in patients with HBV infection. The samples we used for
this study were collected within a short time interval, and
subjects in groups of CHB, LC and HCC were matched
in age, sex and HBV infection, excluding potential con-
founding factors to ensure the identification of truly

important metabolite features. Moreover, the majority
of subjects in the HCC group are at early stages, under-
scoring the value of selected markers for early HCC
detection.

Studies on HCC diagnosis by machine learning have
been recently reviewed [28], in which various datatypes
were used, including clinical data, imaging data, pathol-
ogy data, and gene sequencing data. Despite that multi-
ple studies have used plasma lipidomics to explore novel
markers of early HCC [29-31], few studies have used
combined methods of plasma lipidomics and machine
learning to identify novel diagnostic markers. Lewinska
et. al [32] employed lipidomics and ML-based feature
selection in detection of NAFLD-HCC and identified
increased fatty acid uptake in NAFLD-HCC. Powell et.
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al [33] analyzed serum metabolomics and lipidomics in
a small cohort of 28 HCC and 30 cirrhosis with ML algo-
rithms, while limited coverage of metabolites and lipids
and sample numbers might lead to over-optimistic per-
formances of ML classifications due to model overfitting.
Here in this study, aiming to identify lipid characteristics
and potential diagnostic markers of HBV-related HCC,
a relatively larger cohort of 61 CHB, 57 LC and 57 HCC
was established and ML-based feature selection was per-
formed to enhance the robustness of selected markers.

Regarding the role of lipid metabolism in HCC devel-
opment, previous studies have revealed disrupted lipid
metabolism and significant alteration of multiple lipid
classes [29-31, 34, 35]. Decrease of circulating polyun-
saturated PCs was identified in HBV-related HCC [29],
which is in consistency with our results that most PCs in
ESI- cluster 1 with consecutive decline were polyunsatu-
rated. Moreover, declined levels of LPC were observed in
HCV-related HCC [30], which is also the case in HBV-
related HCC as our data suggested, indicating that down-
regulation of LPC might be a common feature of hepatitis
virus-related HCC. Here in this study, we specifically tar-
geted HBV-related HCC and controlled for confound-
ing factors such as age, sex, and HBV status. Our results
are consistent with these findings that lipid remodeling
occurs during liver disease progression, yet we provide
novel evidence linking ether PC dysregulation with hepa-
tocarcinogenesis and we uniquely highlight ether PCs as
potential biomarkers with significant diagnostic implica-
tions for HBV-HCC.

Ether PC, also termed as 1-O-alkyl-2-acyl-GPC, is a
type of peroxisome-derived glycerophospholipid with
the acyl chain at the sn-1 position attached to the back-
bone by an ether bond [36, 37], playing important roles
in membrane structuring and cell signaling. Significant
elevation of ether PC has been reported in obesity and
systemic inflammation [38], raising the possibility that
elevated ether PC levels reflect general poor health rather
than cancer-specific metabolic remodeling. To address
this, we propose future studies to control confounding
factors such as BMI, inflammation, and metabolic comor-
bidities. Additionally, the role of plasmalogens, a subclass
of ether glycerophospholipids containing a vinyl-ether
linked alkyl chain at the sn-1 position, have been recently
identified to play a role in neurodegenerative and car-
diometabolic diseases [36]. Given that the role of ether
lipids in membrane trafficking has been proposed [39],
combined with previous evidence that impaired mem-
brane trafficking in hepatocytes may lead to HCC [40]
and increased ether PC in HCC patients according to
our data, we hypothesize that increased ether PC might
promote tumorigenesis via dysregulated membrane traf-
ficking. Considering that the specific role of ether PCs in
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hepatocarcinogenesis remains poorly understood, our
data may provide future directions for investigations into
the biological roles of ether PCs.

While our findings demonstrate the diagnostic poten-
tial of ether PCs, we acknowledge the challenges and
limitations inherent to lipidomics, as well as the need
for further validation. Firstly, as a single-centered study,
our study is limited in sample size, and the conclusions
and the utility of the selected markers derived from this
cohort still need further validation in external cohorts
from other medical centers. Secondly, the absence of
chemical standard or isotope-labeled standard for each
lipid feature might limit the precision of ID confirmation
and quantitation of selected ether PCs. Additionally, the
identification of lipids heavily depends on the software
and libraries used for data analysis. Although we utilized
the MS-DIAL software with integrated lipid libraries, the
variability among software platforms could introduce
uncertainties. These limitations underscore the need
for cross-validation across platforms and the inclusion
of robust standards in future studies [41-43]. Further-
more, novel separation strategies and techniques such as
ion mobility and ozone-mediated cleavage and derivati-
zation may identify the structures of indicated markers
more precisely [43], thus the translational opportunity of
selected markers in varied cohorts would be eventually
enhanced.

Conclusions

Taken together, we identify a role of ether PC in hepato-
carcinogenesis and show the value of plasma ether PCs in
early detection of HCC in patients with HBV-related liver
diseases in this cohort. Our data may provide novel tar-
gets for early intervention of malignant conversion and a
novel method for early detection of HCC in the high-risk
population with HBV infection.
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