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Abstract
Objective  This study aims to identify potential lipid biomarkers and metabolic pathways associated with oral cancer 
(OC). Then to establish and evaluate disease classification models capable of distinguishing OC patients from healthy 
controls.

Methods  A total of 41 OC patients and 41 controls were recruited from a hospital in Southeast China to examine the 
serum lipidomics by Ultra-high Performance Liquid Chromatography Q Exactive Mass Spectrometry (UHPLC-QE-MS).

Results  The total serum lipid profile showed that triglycerides accounted for the highest proportion of total 
metabolites, reaching 35.90% of the total. A total of 74 different metabolites were screened (12 up-regulated 
and 62 down-regulated), mainly enriched in the glycerophospholipid metabolism pathway. The three most 
significant changes in lipid metabolites were phosphatidylcholine (PC(18:3e/17:2)), acylcarnitine (ACar(14:2)), and 
glucuronosyldiacylglycerol (GlcADG(14:1/14:1)). The disease classification model, constructed using a KNN algorithm 
with 13 metabolites selected through LASSO screening, achieved the best performance, with an AUC of 0.978 
(0.955-1.000).

Conclusion  Lipid metabolic biomarkers identified in this study exhibit potential as candidate biomarkers for OC 
diagnosis. Further validation through prospective studies is required to confirm their clinical utility in early detection.
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Introduction
Oral cancer (OC) is a malignant tumor occurred in 
lips, tongue, gingiva, floor of mouth, palate, and buccal 
mucosa [1]. While the pathological biopsy is the main 
definitive method of diagnosing OC with high specific-
ity, the high invasive limited its utility in early screen-
ing [2]. Therefore, more attention is needed to create a 
more accurate, sensitive, cost-effective, and non-invasive 
test. Molecular markers from body fluid including saliva, 
urine, or others for detecting cancer and monitoring 
disease progression have been emphasized recently [3]. 
Blood or serum-based tests offer the aforementioned 
merits and are repeatable [4].

Blood lipids are total cholesterol (TC), triglycerides 
(TAG), and phospholipids et al. in serum. TC, which 
serves as the predominant constituent of cell and organ-
elle membranes and the source of energy, playing an 
necessary role in biological processes (including cell pro-
liferation and tissue division) [5]. The early accumulation 
of TAGs is associated with Fas-induced apoptosis [6]. 
Phospholipids play important roles in transformation, 
cancer progression, and metastasis by undergoing cellu-
lar signaling, chemical-energy storage, and cell-cell inter-
actions in tissues [7]. Previous studies revealed that lipid 
metabolism is closely associated with cancers and the 
activation of oncogenic pathways accelerates lipid syn-
thesis [8]. Dysregulation in lipid metabolism is also one 
of the most significant metabolic alterations in cancer [9].

Untargeted metabolomics is an unbiased analysis that 
can systematically examine metabolic characteristics in 
various contexts. Lipidomics, a major branch of metabo-
lomics, is extensively used to test the total lipids in biolog-
ical systems. This high-throughput technology explores 
the changes of lipid metabolic profiles and can select 
biomarkers with high accuracy, sensitivity, and specific-
ity to improve diagnostic accuracy [10]. With the advent 
of high-throughput data, the precision of feature selec-
tion and model construction has become crucial. LASSO 
(Least Absolute Shrinkage and Selection Operator) and 
RFE (Recursive Feature Elimination) are two commonly 
employed methods for variable selection, widely applied 
in cancer-related prediction models. LASSO introduces 
an L1 regularization term that penalizes regression coef-
ficients, effectively selecting key variables while reducing 
overfitting [11]. RFE operates by recursively eliminating 
less important variables to improve model performance 
[12]. This method evaluates feature importance and itera-
tively refines the model to retain only the most significant 
predictors [13]. After variable selection, algorithms such 
as K-Nearest Neighbors (KNN) and recursive partition-
ing are frequently used to construct disease prediction 
models. Many diseases diagnostic models established by 
KNN algorithms have achieved AUC values exceeding 
0.8, demonstrating robust performance in differentiating 

disease cases from controls [14–16]. And recursive par-
titioning models always with highly accuracy and reli-
ability in disease prediction [17, 18]. The integration of 
these approaches has garnered significant attention in 
the development of cancer-related predictive models due 
to their ability to enhance predictive accuracy.

In our study, an Ultra-high Performance Liquid Chro-
matography Q Exactive Mass Spectrometry (UHPLC-
QE-MS) based technique was performed to untargeted 
examine the total lipids present in serum to identify the 
potential lipid metabolic biomarkers of OC. And then to 
establish and evaluate disease classification models capa-
ble of distinguishing OC patients from healthy controls 
using different feature selection and model construction 
methods.

Materials and methods
Study design and study population
This case-control study was carried out in the First 
Affiliated Hospital of Fujian Medical University (Fuzhou 
city of Fujian province, China) from December 2020 to 
August 2022. Patients were recruited if: (a) histologically 
confirmed primary OC; (b) has lived in Fujian Province 
for at least ten years. We excluded patients if they: (a) 
with recurrent OC, systemic inflammatory diseases (such 
as hepatitis, nephritis, and long-term immunosuppres-
sive, et al.); (b) received prior care that might affect serum 
lipid metabolism (such as chemotherapy, radiation, and 
lipid-regulating drugs, et al.). At the same time of cases 
recruited, healthy controls were randomly admitted from 
the physical examination center in the same hospital. 
Controls were excluded if: (a) has lived in Fujian Prov-
ince for less than ten years; (b) has the history (or family 
history) of cancers; (c) with systemic inflammatory dis-
eases (such as hepatitis, nephritis, and long-term immu-
nosuppressive, et al.); (d) received prior care that might 
affect serum lipid metabolism. Finally, 41 patients and 41 
healthy controls were recruited.

Data collection and definition
Basic information of patients including age, gender, 
weight, height, place of residence, tobacco, alcohol, and 
tea consumption, hypertension, and diabetes was col-
lected via an interview-based structured questionnaire. 
This questionnaire was produced by the University of 
Utah and the Institute of Oncology, the Chinese Acad-
emy of Medical Sciences, in collaboration with renowned 
Chinese epidemiologists, and was tailored to reflect the 
sociocultural and environmental circumstances specific 
to China [19]. The questionnaire can be found in supple-
ment material.

Age values were grouped into two groups (< 60 and 
≥ 60 years old). BMI values were categorized according to 
the Chinese definitions (< 18.5, 18.5–23.9, ≥ 24.0 kg/m2).
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Serum preparation
Venous blood (5  ml) of all participants was collected 
the day after diagnosis or physical examination. The 
serum was rapidly separated and stored at -80℃ imme-
diately. 100 µl of serum after thawing from each sample 
was taken and mixed with 480  µl of extraction solvent 
(VMTBE/Vmethanol=5:1, including Isopropanol). After vor-
texing for 30s and low-temperature ultrasonication for 
10 min, the mixture was stored at a temperature of -40℃ 
for 1 h. Then after centrifuging the mixture at 3000 rpm 
for 15  min to remove the denatured protein, 300  µl of 
the upper layer of the mixture was transferred and dried. 
Dried samples were redissolved in 100  µl of dissolving 
solution (Vdichloromethane/Vmethanol = 1:1), after vortexing 
for 30s, low-temperature ultrasonication for 10 min, and 
centrifuging the mixture at 13,000 rpm for 15 min, 75 µl 
samples were taken and analyzed by UHPLC-QE-MS.

Furthermore, 20  µl of each sample were mixed as a 
quality control (QC) sample to examine the stability of 
instrumental analysis. The handling and analysis of QC 
samples matched those of real samples exactly.

Metabolomics analysis
The UHPLC (Dionex) coupled to the Q-Exactive Orbi-
trap MS (Thermo Fisher Scientific) was performed for 
metabolomic analysis of serum samples. A Phenomen 
Kinetex C18 (2.1*100  mm, 1.7  μm) column was per-
formed for lipids separation. The mobile phase A was 
acetonitrile/water (60:40, v/v) with 10 mM ammonium 
formate contained in, while mobile phase B was isopro-
panol/acetonitrile (90:10, v/v) with 10 mM ammonium 
formate contained in. The detailed settings of gradient 
parameters and instrument conditions were shown in 
Supplement Tables 1 and 2.

The raw data was collected by the Xcalibur software, 
transformed to the mzXML format by Proteo Wizard 
MS converter, and processed for peak alignment, reten-
tion time correction, and peak area extraction by XCMS 
software. Metabolite annotation was performed using an 
in-house MS2 database (BiotreeDB) with a cutoff score of 
0.3.

Statistical analysis
Baseline characteristics were assessed for comparability 
using the Chi-square test, while metabolite comparisons 
(after normalized) utilized the student’s t-test. Principal 
Component Analysis (PCA) was conducted to assess data 
distribution and sample classification based on log-trans-
formed and unit variance (UV) scaled metabolite con-
centrations. Then, the Orthogonal Projections to Latent 
Structures-Discriminant Analysis (OPLS-DA) was used 
to examine the changes of each metabolic between case 
and control groups based on the log-transformed plus 
UV scaled data, the 7-fold cross-validation was applied 

to assess model validity and a permutation test with 
200 replacements was performed to check for overfit-
ting. Metabolites with Variable Importance in Projec-
tion (VIP) > 1 in OPLS-DA and FDR adjusted P < 0.05 in 
student’s t-test were selected for functional enrichment 
analysis of disease-related dominant pathways using the 
Kyoto Encyclopedia of Genes and Genomes (KEGG) 
database. Key metabolites influencing oral cancer were 
selected by the least absolute shrinkage and selection 
operator (LASSO) or Recursive Feature Elimination 
(RFE), and four disease-classification models were then 
established by combining variable selection methods 
with K-Nearest Neighbor (KNN) or recursive partition-
ing algorithms. The Receiver operating characteristic 
(ROC) curves and the area under the curves (AUC) were 
used to evaluate the prediction efficacy. The relationship 
between metabolites in the most efficient model and oral 
cancer was further examined using logistic regression.

The PCA and OPLS-DA analyses were performed by 
SIMCA14.1 (Umetrics. Sweden), while the other sta-
tistical analyses were performed by R software (version 
4.1.3). Two-tailed P value less than 0.05 was regarded as 
statistically significant.

Results
Patient characteristics
The baseline characteristics of 41 OC patients and 41 
healthy controls in this study were provided in Table  1. 
A total of 43 males and 39 females were included with a 
mean age of 57.45 ± 12.99 years old. Besides hypertension 
and diabetes, the distributions of participants in other 
characteristics including gender, age, BMI, smoking, 
alcohol, and tea drinking were similar (P > 0.05). 

Evaluation of the stability and reproducibility of the 
instrument analysis
The Supplement Fig. 1 showed the quality control results, 
the retention time and peak area overlapped well in total 
ion chromatography (TIC) of QC samples, indicating 
great instrument stability. The extracted ion chromato-
gram (EIC) showed the retention time and peak area of 
internal standard in QC samples overlapped well, indi-
cating the great stability of data collection for the instru-
ment. The TIC diagram of blank sample was showed in 
Supplement Fig. 2, no discernible chromatographic peak 
was observed in the blank sample for most of the time, 
indicating the effective control of the residue and the 
level of contamination among samples was acceptable.

Lipid profiling of lipid species
Serum lipid profiles were identified by lipidomics from 
a total of 92 serum samples (41 oral cancer patients, 41 
healthy controls, and 10 QC samples). Using UHPLC-
QE-MS methods, a total of 20,258 peaks were extracted 
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and 12,548 peaks of them were finally remained after pre-
treatment. Overall, a total of 585 metabolites in 29 lipid 
classes (including sphingomyelin (SM), triglyceride (TG), 
phosphatidylethanolamine (PE), and phosphatidylinosi-
tol (PI), et al.) were identified. A heat map representing 

the hierarchical clustering analysis of lipid species across 
all samples was shown in Supplement Fig. 3.

The identified metabolites were categorized based on 
their classification. According to the proportion pie chart 
figure (Fig. 1), TAG accounted for the highest proportion 

Table 1  General demographic characteristics of the case and control groups
Variables Case[n(%)] Control[n(%)] χ2 P

(n = 41) (n = 41)
Age (year) 0.05 0.825
< 60 20(48.78) 19(46.34)
≥ 60 21(51.22) 22(53.66)
Gender 0.05 0.825
Male 22(53.66) 21(51.22)
Female 19(46.34) 20(48.78)
BMI (kg/m2) 1.85 0.397
18.5–23.9 23(56.10) 18(43.90)
< 18.5 5(12.20) 4(9.76)
≥ 24 13(31.71) 19(46.34)
Hypertension 4.20 0.040
No 30(73.17) 21(51.22)
Yes 11(26.83) 20(48.78)
Diabetes 4.48 0.034
No 31(75.61) 38(92.68)
Yes 10(24.39) 3(7.32)
Smoke 2.82 0.093
No 25(60.98) 32(78.05)
Yes 16(39.02) 9(21.95)
Alcohol drink 0.82 0.364
No 33(80.49) 36(87.80)
Yes 8(19.51) 5(12.20)
Tea drink < 0.01 > 0.999
No 27(65.85) 27(65.85)
Yes 14(34.15) 14(34.15)

Fig. 1  Metabolite classification and proportion pie chart. The different color blocks in the figure represent different classification categories, and the 
percentage represents the percentage of metabolites belonging to this type in all identified metabolites
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of metabolites (35.90%), followed by Phosphatidylcholine 
(PC) and Phosphatidylethanolamine (PE) (17.78% and 
6.50%, respectively). These three metabolites together 
account for above 60% of the total metabolites. 

Principal component and orthogonal partial least squares 
discriminant analysis of cases and controls
The first two principal components (PC), with loading 
value greater than 1, namely PC1 and PC2, were derived 
from the PCA analysis (Supplementary Table 1). A PCA 
model constructed using these two PCs demonstrated 
that only some samples showed a clear trend of separa-
tion between the case and control groups (Supplemen-
tary Fig. 4).OPLS-DA was performed to discriminate the 
metabolites that were responsible for the separation. As 
shown in Fig. 2A, an obvious separation existed between 
the cases and controls. For the OPLS-DA model, the val-
ues of R2X, R2Y, and Q2 were 0.217, 0.765, and 0.561, 
respectively, indicating good performance of the model. 
The results of 200 permutation tests demonstrated that 
the OPLS-DA model did not over-fit (Fig. 2B).

Screening of differential metabolites and functional 
enrichment analysis
A total of 74 differential metabolites were identified 
through the analysis described above. As showed in 
Supplement Fig. 5, compared with the control group, 12 
metabolites (including PC, PE, Glucuronosyldiacylglyc-
erol (GlcADG), and Diacylglyceryl trimethylhomoserine 
(DGTS), et al.) were up-regulated, and 62 metabolites 
(including TAG, Sphingomyelin (SM), Acylcarnitine 
(ACar), and Free Fatty Acid (FA), et al.) were down-reg-
ulated. Table 2 showed the top 10 most significantly up-
regulated or down-regulated metabolites. The box plot 
visualized the difference of the 20 metabolites between 
case and control groups (Fig. 3), and the match rod dia-
gram showed the 2 logarithm of fold-change (Log2FC) for 
each metabolite (Supplement Fig.  6). The KEGG func-
tional enrichment analysis indicates that 74 differential 
metabolites enriched in 14 differential metabolite path-
ways (Supplement Table  2). The most relative pathway 
is Glycerophospholipid metabolism, which significantly 
down-regulated in patients with oral cancer. The follow-
ing are Linoleic acid metabolism and alpha-Linolenic 
acid metabolism, and the least are Glycerolipid metabo-
lism and Arachidonic acid metabolism (Supplement 
Fig. 7). 

Construction of the diagnosed model based on the 
metabolites
We use LASSO regression and RFE analysis to select the 
differential metabolites and construct disease classifi-
cation model, RFE use three methods for input variable 
selection including random forest (RF), BaggingClassifie, 

and Support Vector Machine (SVM). Based on the λ with 
one standard error (1se) value, 13 metabolites are finally 
selected by LASSO regression (Supplementary Fig.  8). 
The comparison of RFE strategy accuracy for three differ-
ent variable selection methods is shown in Supplement 
Fig.  9, RF based RFE strategy including 14 metabolites 
with the highest accuracy and consistency is finally 
selected.

The KNN and recursive partitioning algorithm are 
used to construct disease classification models based 
on 13 metabolites (selected by LASSO) and 14 metabo-
lites (selected by RF-RFE). As shown in Supplement 
Table  3, the model constructed by KNN algorithm 
with metabolites selected by LASSO has a great pre-
dictive performance (AUC: 0.978, 95%CI: 0.955-1.000) 
(Supplement Fig.  10). Moreover, univariate and multi-
variate Logistic regression are used to explore the asso-
ciation between those metabolites and oral cancer. As 
shown in Table 3, elevated levels of metabolites such as 
PE(18:5e/21:2), PC(22:4e/22:6), and GlcADG(14:1/14:1) 
may be associated with an increased risk of oral can-
cer, while reduced levels of metabolites including 
PC(18:3e/17:2), PC(17:0/20:3), TAG(16:0/20:4/20:4), 
ACar(18:2), ACar(16:0),TAG(18:1/20:4/22:4), 
PC(16:2/26:4), PEtOH(24:4/22:6), PC(20:4/20:5), and 
TAG(13:0/13:0/21:2) may be associated with a decrease 
risk (all P < 0.05). The results are still obvious after adjust-
ing hypertension and diabetes (all P < 0.05).

Discussion
Here, we conducted a case-control study involving 41 
OC patients and 41 healthy controls from a hospital in 
southern China. After checking the serum levels of lipid 
metabolites for participants by UHPLC-QE-MS, our 
results revealed that PC(18:3e/17:2) and ACar(14:2) were 
among the most significantly down-regulated metabo-
lites, while GlcADG(14:1/14:1) was the most significantly 
up-regulated metabolite. Notably, the primary metabolic 
alterations between OC patients and healthy controls 
were associated with glycerophospholipid metabolism. 
The disease classification model constructed by KNN 
algorithm, incorporating 13 metabolites selected via 
LASSO regression, demonstrated strong performance in 
accurately identifying oral cancer patients.

Lipids play important roles in many cellular processes 
including membrane construction, energy storage and 
supply, transduction of cellular signals, redox homeosta-
sis, and protein modification, all of which are considered 
the core of the occurrence and development of cancer [20, 
21]. Reprogramming of lipid metabolism has been newly 
recognized as a hallmark of malignancy [22]. Our study 
found that some metabolites (including PC(22:4e/22:6), 
PC(2:0/26:2), PC(10:0/22:3), and PC(14:1e/18:5)) 
were found to be up-regulated in serum of oral cancer 
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Fig. 2  Scatter chart of OPLS-DA model scores between the case group and the controls (A) and Results of 200 replacement tests for OPLS-DA models 
in the case group and the controls (B). Note: A: The abscissa t [1]P represents the predicted principal component score of the first principal component, 
showing the differences between the two groups; The ordinate t [1]O represents the orthogonal principal component score, showing the differences 
between samples within the group. B: The abscissa represents the substitution retention degree of the substitution test, the ordinate represents the value 
of R2 or Q2, the green dot represents the R2 value obtained from the substitution test, the blue square dot represents the Q2 value obtained from the 
substitution test, and the two dashed lines represent the regression lines of R2 and Q2, respectively
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patients. This finding is consistent with a previous study 
that observed serum levels of phosphatidylcholines (PCs) 
increasing in esophageal adenocarcinoma [23]. Besides 
that, the abundances of several PCs (including 32:0, 32:1, 
34:1 and 36:3) are significantly higher in papillary thyroid 
cancerous tissue compared with non-cancerous tissue 
[24]. PCs are the major phospholipid in most eukaryotic 
cells which plays fundamental structural and regulatory 
function in cellular membranes [25]. The increasing level 
of PCs may indicate tumor invasion. The PCs are gener-
ated by the phosphorylation of choline which catalyzed 
by choline kinase (Chk), while the increasing level of the 
Chk-a gene in cancers has been confirmed [26, 27].

Acylcarnitines (ACar) are fatty acid metabolites with 
the function of transferring the acyl groups from the 
cytosol into the mitochondrial matrix. The acyl groups 
then will undergo β-oxidation, producing energy to main-
tain cell activity [28]. Thus, the consumption of ACar is 
closely associated with the activity of β-oxidation. Inter-
estingly, a previous study has already found that fatty acid 
β-oxidation is a highly represented metabolic process in 
a proteomics analysis of human renal cell carcinoma tis-
sue [29]. The increased fatty acid β-oxidation was also 
observed in many cancers including prostate cancer and 
colon cancer [30, 31]. The serum levels of some ACars 
(such as ACar (12:1), ACar (16:1), and ACar (14:2), et al.) 

were significantly down-regulated in oral cancer patients 
in our study, such negative association was found in 
patients with lung cancer [32]. Furthermore, after testing 
the serum level of ACar in 54 cancer patients and 81 non-
cancer controls, Dileep S et al. found that patients have 
significantly lower serum levels of ACar compared with 
controls (6.7 vs. 11.5 nmol/ml) [33].

Glycolipids containing α-linked glucuronic or galact-
uronic acid can activate NKT cells, playing a key role in 
body immunity [34]. Previous studies also supported that 
the anionic glycolipids related to glucuronosyldiacylg-
lycerol (GlcADG) inhibit protein kinase Akt, and Akt is 
a key regulator of cancer cells proliferation and survival 
[35]. We found the serum level of GlcADG significantly 
down-regulated in oral cancer patients, and this result is 
rarely reported in other cancers.

The KEGG analysis results showed that differential 
lipid metabolites mainly enriched in glycerophospholipid 
metabolism pathway, indicating that the perturbation of 
glycerophospholipid metabolism was highly associated to 
OC. Yang et al. also identified that glycerophospholipid 
metabolism was related with esophageal squamous cell 
cancer tumorigenesis and progression [36]. By testing the 
lipid metabolites profile in tissue for 40 lung squamous 
cell carcinoma patients, Zeng et al. found that glycero-
phospholipid metabolism changes most in tumor tissues 

Table 2  Screening results of differential mMetabolites (partial)
MS2 name rtime mz type MEAN (case) MEAN (control) VIP P-value Q-value Log2 Fold Change
UP
PC(22:4e/22:6) 351.522 868.602 POS 2.264 1.086 1.761 < 0.001 0.001 1.060
GlcADG(14:1/14:1) 321.437 702.482 POS 6.775 3.170 1.948 0.001 0.003 1.096
PC(2:0/26:2) 354.599 674.472 POS 3.208 1.731 1.697 0.001 0.003 0.890
PE(18:5e/21:2) 378.684 762.529 POS 1.536 0.811 1.838 0.001 0.004 0.921
PC(10:0/22:3) 378.716 728.521 POS 0.595 0.326 1.731 0.002 0.007 0.867
DGTS(2:0/26:1) 189.447 654.517 POS 0.252 0.151 1.413 0.003 0.007 0.736
DGTS(3:0/21:1) 66.384 598.454 POS 9.039 5.333 1.645 0.003 0.008 0.761
PC(14:1e/18:5) 92.241 708.491 POS 0.351 0.202 1.499 0.005 0.012 0.799
AcylGlcADG(12:0/18:3/16:4) 363.912 958.665 POS 5.897 4.035 1.455 0.008 0.015 0.547
TAG(12:2/12:2/15:3) 378.177 689.487 POS 3.391 2.326 1.390 0.008 0.016 0.544
DOWN
SM(d14:1/20:2) 336.138 699.546 POS 0.318 0.553 1.183 < 0.001 0.001 -0.799
ACar(16:0) 120.649 400.343 POS 3.836 5.812 1.970 < 0.001 0.001 -0.599
TAG(12:3/12:3/14:3) 163.289 671.442 POS 0.257 0.423 1.882 < 0.001 0.001 -0.721
ACar(16:2) 78.605 396.312 POS 0.222 0.410 1.941 < 0.001 0.002 -0.887
FA(20:4) 115.349 303.233 NEG 4.824 7.656 2.000 < 0.001 0.002 -0.666
TAG(12:3/18:5/18:5) 407.982 803.540 POS 4.259 6.228 1.500 < 0.001 0.003 -0.548
ACar(16:1) 92.239 398.328 POS 0.742 1.196 2.155 < 0.001 0.003 -0.688
ACar(12:1) 63.078 342.265 POS 0.438 0.797 1.823 0.001 0.003 -0.865
ACar(14:2) 65.798 368.281 POS 0.536 1.057 1.872 0.001 0.003 -0.981
ACar(18:2) 97.247 424.344 POS 3.061 4.199 1.470 0.001 0.003 -0.456
Note: MS2 name is the name of the substance obtained through qualitative matching analysis by secondary mass spectrometry; rtime, the chromatographic 
retention time of the substance; mz, mass charge ratio of the characteristic ions of the substance; type, collection mode (POS is positive ion, NEG is negative ion); 
MEAN, the mean value of the relative quantitative value of the substance (the case group vs. the control group); VIP, the projected importance of the variable 
obtained by the substance in the OPLS-DA model; P-value, the P-value obtained by the student’s t test for the substance; Q-value, P value after multiple correction 
of FDR; Log2 Fold Change, the multiple relationship between the two groups of the substance (logarithm based on 2)
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among eight differential lipid metabolism pathways [37]. 
Furthermore, a previous tissue lipidomics study by 
Dickinson A et al. found that the glycerophospholipid 
metabolism pathway containing the greatest number 
of changed lipid species in OSCC patients [38]. But this 
study only contained 5 patients with primary oral cancer, 

indicating the result should undergo further validation in 
a large-scale study. The glycerophospholipid metabolism 
pathway can continually provide glycerophospholipids 
particularly for membrane production of highly prolif-
erating cancer cell [39]. Our funding may support that 
Glycerophospholipid metabolism as a novel drug target 

Fig. 3  Box chart for relative quantitative comparison of differential metabolites between the case group and the control group. Note: The P-value in the 
figure shows the results of student’s t test. The first two columns from the left (A) show metabolites that are significantly upregulated in the case group. 
The last two columns (B) are significantly downregulated metabolites in the case group
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against oral cancer in future. A cell-based experiment 
verified that high levels of Alpha-Linolenic Acid promote 
apoptosis by activating the JNK/FasL/caspase 8/caspase 
3-extrinsic pathway and the Bid/cytochrome c/caspase 9 
pathway in OSCC patients [40]. The levels of oleic acid 
and linoleic acid were lower in 27 OSCC tissues com-
pared with their adjacent normal-appearing tissues [41]. 
Those may partially support our findings about the Lin-
oleic acid metabolism and alpha-Linolenic acid metabo-
lism changes in oral cancer. Additionally, we found that 
Glycerolipid metabolism also plays an important role in 
oral cancer. On the one hand, cancer cells heavily depend 
on glycerolipids to produce new membranes for their 
rapid proliferation and division [42]. On the other hand, 
metabolites derived from Glycerolipid pathways (such as 
diacylglycerol) can activate several signaling proteins that 
play major roles in activating cancer-promoting pathways 
[43]. Previous research has highlighted that the Glycero-
lipid metabolism pathway is excessively active in patients 
with head and neck cancers [44]. Interestingly, similar 
metabolic shifts have also been identified in esophageal 
squamous cell carcinoma, underscoring a potential com-
monality in metabolic reprogramming across these can-
cer types [45]. Future studies should explore the precise 
mechanisms and causal relationships between those 
metabolism changes and oral cancer.

However, the limitations should not be ignored. On the 
one hand, our one-hospital case-control study provides 
relatively weak causal inference, and further prospective 
evidence from multiple centers is needed. On the other 
hand, while in our study, the lipid-metabolite-based dis-
ease classification model could not deliver clinically rel-
evant results for the early diagnosis of OC, we believe it 
could exhibit clinical utility after integrating more clinical 
data and confirming its validation in larger cohorts.

Conclusion
In conclusion, the glycerophospholipid metabolism 
pathway exhibited most significant changes in OC 
patients. The three most significant changes in lipid 
metabolites, including PC(18:3e/17:2), ACar(14:2), and 
GlcADG(14:1/14:1), identified in this study show poten-
tial as candidate biomarkers for OC diagnosis. A KNN 
model constructed using 13 metabolites demonstrated 
excellent performance in distinguish the OC patients and 
healthy controls.
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