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Abstract

Background Dysregulation of lipid metabolism is closely associated with cancer progression. The study aimed to
establish a prognostic model to predict distant metastasis-free survival (DMFS) in patients with nasopharyngeal carci-
noma (NPC), based on lipidomics.

Methods The plasma lipid profiles of 179 patients with locoregionally advanced NPC (LANPC) were measured and
quantified using widely targeted quantitative lipidomics. Then, patients were randomly split into the training (125
patients, 69.8%) and validation (54 patients, 30.2%) sets. To identify distant metastasis-associated lipids, univariate
Cox regression was applied to the training set (P <0.05). A deep survival method called DeepSurv was employed to
develop a proposed model based on significant lipid species (P<0.01) and clinical biomarkers to predict DMFS. Con-
cordance index and receiver operating curve analyses were performed to assess model effectiveness. The study also
explored the potential role of lipid alterations in the prognosis of NPC.

Results Forty lipids were recognized as distant metastasis-associated (P < 0.05) by univariate Cox regression. The
concordance indices of the proposed model were 0.764 (95% confidence interval (Cl), 0.682-0.846) and 0.760 (95%

Cl, 0.649-0.871) in the training and validation sets, respectively. High-risk patients had poorer 5-year DMFS compared
with low-risk patients (Hazard ratio, 26.18; 95% Cl, 3.52-194.80; P <0.0001). Moreover, the six lipids were significantly
correlated with immunity- and inflammation-associated biomarkers and were mainly enriched in metabolic pathways.

Conclusions Widely targeted quantitative lipidomics reveals plasma lipid predictors for LANPC, the prognostic model
based on that demonstrated superior performance in predicting metastasis in LANPC patients.
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Background

With an extremely unbalanced geographical distribution,
over 70% of new diagnosed cases with nasopharyngeal
carcinoma (NPC) are in Southern China and Southeast
Asia [1, 2]. Over 70% cases are diagnosed with locore-
gionally advanced NPC (LANPC), with high risk of dis-
ease progression and unfavorable prognosis [3, 4]. As a
result, patients with LANPC are recommended chemo-
radiotherapy by the National Comprehensive Cancer
Network guidelines. However, inconsistent therapeutic
effects have been reported in these patients [5]. There-
fore, it is essential to understand the heterogeneous
indicators that might affect the prognosis of NPC and
provide insights into potential therapeutic targets.

Lipid species are actively involved in energy metabolism
and cell signaling, dysregulation of which disturbs the pro-
gression states of diseases, including cancers [6, 7]. Altered
supply of fatty acids (FAs) and cholesterol have emerged as
unfavorable hallmarks that drove key oncogenic processes
in cancers [8, 9]. This alteration has been associated with
the increasing need for lipids as substrate and fuel to sup-
port the proliferation and metastasis of cancer cells [10,
11]. The rapid development of powerful means for study-
ing lipids weaponized lipidomics in malignancy biology
[9]. As some studies of liquid biopsies have shown, subse-
quent alterations in lipid metabolism have been linked to
the onset, prognosis, or therapy response of cancer [12—
14]. Studies have explored the relationship between altered
lipid profiles and the initiation and progression of cancers,
including liver cancers [15], medulloblastoma [16], colo-
rectal cancers [17], breast cancers [14, 18], and lung can-
cers [19]. A previous study indicated that body mass index
(BMI) was a survival predictor for patients with LANPC;
low (<18 kg/m?) and high BMI values (>24 kg/m°), espe-
cially BMI values>27 kg/m? increased the risk of NPC
progression [20]. These results suggest that changes in
lipid composition are potential prognostic indicators for
NPC. The emergence of effective tools, including liquid
chromatography (LC)—tandem mass spectrometry (MS/
MS), will help to explored the promising role of fluctuate
lipid metabolism in the progression of NPC.

This study aimed to establish a survival model to illu-
minate the relationship between lipid profiles and the
clinical outcomes of patients with LANPC, including
distant metastasis and disease progression. By utilizing
widely targeted quantitative lipidomics, the exact quan-
titative plasma lipid profiles of 179 patients with LANPC
were determined. Based on quantitative lipid profiles and
traditional risk factors, a promising predictive model was
established using the deep survival method called Deep-
Surv [21]. Patients with high risk scores calculated by
the model had a poorer prognosis than those with low
risk scores. The study further explored the mechanism
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underlying lipid alteration-mediated prognostic dete-
rioration of NPC. Altogether, the study uncovered some
promising lipid predictors for the prognosis of patients
with LANPC.

Patients and methods

Study design

The study was designed to explore plasma lipidomic bio-
markers predictive of survival in patients with LANPC.
From December 2013 to June 2015, 179 patients with
NPC treated in Sun Yat-sen University Cancer Center
were included if they were (i) histologically confirmed
LANPC; (ii) underwent concurrent chemoradiotherapy
(CCRT) xinduction chemotherapy (ICT), and radio-
therapy specifically reference to intensity-modulated
radiotherapy (IMRT); (iii) BMI between 18.0 and 24.0;
(iv) with no history of diabetes or cardiovascular disease;
and (v) aged 18-70 years regardless of sex. Patients with
a history of other malignancies, presence of primary dis-
tant metastasis, crucial organ dysfunction, and ineffective
follow-up were excluded. All the patients were restaged
according to the American Joint Committee on Cancer
manual (8th edition).

Study endpoints, treatment and follow-up

Distant metastasis-free survival (DMFS) was the pri-
mary endpoint and progression-free survival (PFS) and
overall survival (OS) were the secondary endpoints of
this study, which have been well defined previously [20].
The treatment and follow-up of patients with LANPC are
described in more detail in Supplementary Materials.

Lipid profiling analyses

Plasma samples were collected before the treatment.
Based on Ultra Performance Liquid Chromatography
(UPLC) and MS/MS, a method called widely targeted
lipidomics was used to measure the lipid profiles. First,
lipids were extracted from 50 pL plasma and dried sub-
sequently. Second, two core systems named ExionLCTM
AD (https://sciex.com.cn/) and QTRAP® 6500+ (https://
sciex.com.cn/) were utilized to execute lipidomic analy-
ses. Finally, absolute quantification of individual lipids
from different classes was generated using respective
internal standards. Additional details, including plasma
sample collection, lipid metabolites analysis, LC and MS,
and qualitative and quantitative evaluation on lipid pro-
files, are provided in Supplementary Materials and Sup-
plementary Tables 1 and 2.

Statistical analysis

For each patient, information on sociodemographic and
clinical characteristics (with age, sex, BMI, tumor (T)
stage, lymph node (N) stage, clinical stage, routine blood
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and biochemical parameters before treatment, initial
Epstein—Barr virus (EBV) DNA concentration, and treat-
ment regimens included) were collected. As a skewed dis-
tribution with large spans, the original continuous value
of the EBV DNA concentration was transformed into cat-
egorical variables based on each tenfold change (< 1,000,
1,000-9,999, 10,000-99,999, and > 100,000) [22].

A deep learning survival model based on lipids and
clinical biomarkers was developed in the study. Prior to
statistical analysis, lipid data were scaled by the standard
deviation and mean for the sake of the modeling proce-
dure. First, 125 (69.8%) and 54 (30.2%) patients were ran-
domly split into the training and validation sets. The
random method used have been well described previ-
ously [20]. Second, to recognize distant metastasis-asso-
ciated lipids, the univariate Cox regression analysis was
applied, and hazard ratios (HRs) and 95% confidence
intervals (CIs) were estimated for the training set. Signifi-
cant lipid species (P<0.01) were further incorporated
into the deep survival model. As age, sex, cancer stages,
and EBV DNA are acknowledged as clinical predictors of
NPC prognosis, these clinical biomarkers were also be
incorporated into the predictive model. Third, a survival
model built by DeepSurv was employed, with the status
and time of the primary endpoint as the target outcome.
The importance scores of features in the DeepSurv model
were estimated by calculating the decrease in the model
performance concordance index (C-index) [23] when the
feature information was destroyed. Specifically, for each
feature vector j, its values were permuted in the original
data matrix A to generate a new data matrix, B. This
broke the association between feature j and the true out-
come, y. A new C-index based on the new matrix B was
then calculated. The change in the C-index from matrix
A to matrix B (AC; = CindexBJ. — Cindex,,) indicates
the importance of feature j. The procedure was repeated
1000 times and defined the ﬁ Z:,(iolo ACj, as the fea-
ture importance of feature j. To split patients into the
“low-risk” and “high-risk” groups, the cutoff value was
obtained according to the prediction by the proposed
model on the training cohort by utilizing the “ctree” func-
tion in the R package “partykit” [24, 25], a method of
recursive partitioning analysis. To further evaluate the
prognostic effect of lipid signatures, a baseline model
based only on clinical biomarkers, including age, sex,
cancer stages, and EBV DNA, was constructed using the
same modeling algorithm as the proposed model.

The predictive performance of the proposed model
was then evaluated from different perspectives: C-index
for assessing the discrimination ability [23]; the Hos-
mer—Lemeshow Goodness of Fit (GOF) Test [26] for
evaluating the calibration of the model; receiver oper-
ating characteristic (ROC) curve analysis and the area

Page 3 of 13

under the ROC curve (AUC) for estimating sensitivity
and specificity; and Kaplan—Meier plots and log-rank
tests for comparing the survival rates of the risk groups.
Robustness of the models constructed to predict the sec-
ondary endpoints was also assessed by utilizing the same
algorithm to develop independent survival models based
on the same lipid and clinical biomarkers in predicting
PES and OS. All metrics were calculated in the training
cohort and verified in the validation cohort.

To seek information on potential effects of lipid alter-
ations on NPC prognosis, the Spearman correlation
between plasma lipids and clinical indices was investi-
gated, which was implemented using the cor.test function
in the stats package of R. Subsequently, the website tool
MetaboAnalyst (version 5.0, https://www.metaboanal
yst.ca/MetaboAnalyst/ModuleView.xhtml) was utilized
to execute Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway analysis to explore the underlying func-
tion of these differential lipid molecules.

Open-source libraries in Python (version 3.4.3) were
utilized to practice Deep survival techniques. R (ver-
sion 3.5.2) was utilized to practice other statistical analy-
ses, and two-sided P<0.05 was considered statistically
significant.

Results

Baseline characteristics and follow-up

Between December 2013 and June 2015, 179 patients
with NPC were included in this study. The flow chart
is illustrated in Fig. 1. The mean age of the 179 patients
was 45.7 years (SD [standard deviation], 12.1 years), and
they were mostly male (131 patients; 73.2%). Of the 179
patients, 71 (39.7%) received CCRT and 108 (60.3%)
received ICT plus CCRT. By the cutoft date of Novem-
ber 30, 2020, the median follow-up time was 70.6 months
(IQR [interquartile range], 67.7—73.2 months). At the last
follow-up, 39 (21.8%) patients developed distant metasta-
ses. Table 1 demonstrates the baseline characteristics of
patients based on the status of the primary and second-
ary endpoints.

Identification and quantification of plasma lipid profiles

In total, 665 plasma lipid metabolites consisting of 27
lipid classes and subclasses from 179 patients with NPC
were annotated and quantified using lipidomics analy-
sis (Supplementary Fig. 1). These lipid subclasses mainly
included bile acid (BA), eicosanoid, free fatty acid (FFA),
lysophosphatidylglycerol (LPG), lysophosphatidylinositol
(LPI), lysophosphatidylserine (LPS), phosphatidylinositol
(PI), ceramide-1-phosphate (CerP), acylcarnitine (CAR),
cholesterol (Cho), cholesteryl ester (CE), sphingosine
(SPH), ceramide (Cer), coenzyme Q (CoQ), diacylglycerol
(DG), hexosylceramide (HexCer), lysophophatidylcholine
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Fig. 1 Flow chart of the study. Abbreviations: UPLC-MS/MS, Ultra Performance Liquid Chromatography and Tandem Mass Spectrometry; EBV,

Epstein-Barr virus; T, tumor; N, lymph node

(LPC), alkyl-lysophophatidylcholine (LPC-O), lysophos-
phatidylethanolamine (LPE), alkenyl-lysophosphati-
dylethanolamine (LPE-P), phosphatidylcholine (PC),
alkylglycerophosphocholine  (PC-O), phosphatidyle-
thanolamine (PE), alkenylglycerophosphoethanolamine
(PE-P), phosphatidylserine (PS), sphingomyelin (SM),
and triacylglycerol (TG). Supplementary Table 3 dem-
onstrates the details of the 655 lipid species annotated in
the lipidomics analysis. To determine the signal stability
of the mass spectrum, the overlapped total ion chroma-
togram of the plasma mixtures (quality control samples)
is shown in Supplementary Fig. 2. The retention time and

peak strength of the quality control samples were consist-
ent, indicating the steady mass spectrum signal during
sample analysis.

Improvement of the survival model performance

by prognostic lipid species

Before building the survival model, patients were ran-
domly split into the training (125 patients; 69.8%) and
validation (54 patients; 30.2%) sets. The demographic
and baseline characteristics based on the two data sets
are demonstrated in Supplementary Table 4. After
adjustment for covariates (with age, sex, BMI, cancer



Chen et al. Lipids in Health and Disease (2023) 22:81 Page 5 of 13
Table 1 Baseline characteristics based on the status of the primary and secondary endpoints
Value N (%) or Distant metastasis Progression Death
mean=+SD
Control Case (n=39) Pvalue® Control Case (n=54) Pvalue® Control Case (n=17) Pvalue?®
(n=140) (n=125) (n=162)

Age (yr) 4524125 473+106 0313 450+£128 4714102 0.249 456+122 459+119 0.923
Sex 0.106 0.028 0.566

Female 42 (30.0) 6(15.4) 40 (32.0) 8(14.8) 45 (27.8) 3(17.6)

Male 98 (70.0) 33(84.6) 85 (68.0) 46 (85.2) 117 (72.2) 14 (82.4)
Tumor stage 0.027 0.002 0.071

T 8(57) 0(0) 8(64) 0(0) 8(4.9) 0(0)

T2 13(9.3) 2(5.0) 12 (9.6) 3(5.6) 14 (8.6) 1(5.8)

T3 94 (67.1) 22 (56.4) 86 (68.8) 30 (55.6) 108 (66.7) 8(47.1)

T4 25(17.9) 15(38.5) 19(15.2) 21(3838) 32(19.8) 8(47.1)
Node stage 0.007 0.001 0.671

NO 18 (12.9) 0(0) 17 (13.6) 1(1.9 17 (10.5) 1(5.9

N1 65 (46.4) 12 (30.8) 61(48.8) 16 (29.6) 71 (43.8) 6(35.3)

N2 34(24.3) 15 (38.5) 29(23.2) 20(37.0) 44 (27.2) 5(294)

N3 23(16.4) 12(30.7) 18 (14.4) 17 (31.5) 30(185) 5(294)
Clinical stage 0.002 <0.001 0.025

Il 97 (69.3) 16 (41.0) 92 (73.6) 21(389) 107 (66.0) 6(353)

\% 43 (30.7) 23(59.0) 33(264) 33(61.1) 55(34.0) 11 (64.7)
BMI (kg/m2) 214415 219412 0.064 214415 217413 0237 215+15 215+13 0.924
CHO (mmol/L) 49410 48+08 0.626 49+10 49+09 0575 49+09 49413 0.952
TG (mmol/L) 13+0.8 12+06 0.840 12+0.8 13+06 0530 13+07 12+06 0.625
HDL (mmol/L) 13+03 14+03 0.540 13403 13+03 0895 13+03 14+04 0.677
LDL (mmol/L) 3.0+09 3.0+08 0.588 3.0+08 3.1+09 0475 30+08 32+14 0.682
WBC (10%/L) 71+20 6.8+1.6 0424 70+19 71420 0769 70+19 6.7+24 0.633
Neutrophil 46+17 40+£1.1 0.018 45+16 44+17 0629 45+1.6 40+2.1 0373
10°/L)
Lymphocyte 1.8+0.6 2.1+0.7 0.016 18406 20406 0.056 1.8+0.6 20+0.7 0423
10°/L)
CRP (mg/L) 40471 3.7+6.2 0.810 3.8+65 43+80 0672 36+6.1 70+£122 0.281
LDH (U/L) 180.2+47.2 198.8+78.8 0.168 17884433 196.9+76.7 0.108 183.5+553 191.7+62.7 0.608
EBV DNA (cop- 0.064 0.193 0.244
ies/ml)

<1000 58 (41.4) 14 (35.9) 54 (43.2) 18 (33.3) 67 (41.4) 5(29.4)

1000-9999 47 (33.6) 9(23.) 41(32.8) 15(27.8) 52(32.7) 4(23.5)

10,000- 29 (20.7) 10 (25.6) 24.(19.2) 15 (27.8) 32(19.8) 7(41.2)
99,999

>100,000 6(4.3) 6(15.4) 6 (4.8) 6(11.1) 11 (6.7) 1(5.9)
Treatment 0.703 0488 0.013

CCRT 54 (38.6) 17 (43.6) 47 (37.6) 24 (44.4) 59 (36.4) 12 (70.6)

ICT+CCRT 86 (61.4) 22 (564) 78 (62.4) 30 (55.6) 103 (63.6) 5(29.4)

Targeted 24(17.1) 3(7.7) 0.228 21(16.8) 6(11.1) 0454 26(16.0) 1(5.9) 0476
therapy®

BMI Body mass index, CHO Cholesterol, TG Triglyceride, HDL High-density lipoprotein cholesterol, LDL Low-density lipoprotein cholesterol, WBC White blood cell, CRP

C-reactive protein, LDH Lactate dehydrogenase, EBV Epstein-Barr virus, CCRT Concurrent chemoradiotherapy, ICT Induction chemotherapy

2 P values were calculated by the Chi-square test for categorical variables and the Student’s T test for continuous variables

b Targeted therapy was defined as treatment with Cetuximab or Nimotuzumab
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stages, EBV DNA, CHO, TG, HDL, and LDL included),
40 of the 655 lipid species were identified as distant
metastasis-associated lipids by univariate Cox regres-
sion (P<0.05) in the training set (Fig. 2 and Supple-
mentary Table 5). In addition, Cer(d18:1/22:0) (HR,
1.66; 95% CI, 1.18-2.33; P=0.003), FFA(20:3) (HR,
0.41; 95% CI, 0.22-0.76; P=0.005), CAR(14:0) (HR,
0.38; 95% CI, 0.20-0.75; P=0.005), 6,7-diketolitho-
cholic acid (DKLCA) (HR, 1.53; 95% CI, 1.14-2.06;
P=0.005), PC(17:1_18:1) (HR, 1.55; 95% CI, 1.13-
2.13; P=0.007), and dihexosylceramide (Hex2Cer)
(d18:1/16:0) (HR, 0.53; 95% CI, 0.33-0.85; P=0.009))
were further incorporated into the survival model as
predictive lipid species (P<0.01).

The C-index values of the proposed prognostic model
comprised of lipid and clinical biomarkers were 0.764
(95% CI, 0.682-0.846) and 0.760 (95% CI, 0.649-
0.871) in the two data sets, respectively. According to
the feature importance scores, Hex2Cer(d18:1/16:0),
CAR(14:0), and Cer(d18:1/22:0), together with N
stage, T stage, and EBV DNA, were the top six predic-
tive variables of the proposed survival model (Fig. 3A),
suggesting that Hex2Cer(d18:1/16:0), CAR(14:0), and
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Cer(d18:1/22:0) played important roles in predict-
ing DMFS. The C-index values of the baseline survival
model based only on clinical biomarkers were also
calculated, with 0.718 (95% CI, 0.591-0.845) in the
training set and 0.672 (95% CI, 0.511-0.833) in vali-
dation sets being detected respectively, indicating the
outstanding predictive performance of lipid biomark-
ers. The p values of the calibration of the model were
0.700 and 0.803 in the training and validation sets in
predicting DMES. These insignificant p-values repre-
sented a good fit of the predicted results. As presented
in Fig. 3B and C and Supplementary Table 6, lipid bio-
markers also remained strong prognostic factors for
predicting PFS and OS. ROC curve and AUC analyses
were then implemented to compare the two models,
which showed that the proposed model outperformed
the baseline model in the perspectives of sensitivity and
specificity (Table 2).

Based on the optimal cutoff in predicting DMEFS
found in the training set, 53 (49.5%) and 54 (50.5%)
patients were detected as low- and high-risk ones,
respectively. The 5-year DMEFS rate was 60.6% (95% CI,
48.8-75.3) for the high-risk patients and 98.1% (95%

o
o
o
o
o
o
o
o
Significance
a <=0.01
o <=0.05
o
o
o
1.0 1.5 2.0

Hazard Ratio (95% CI)

Fig. 2 Hazard ratio (95% Cl) for lipid species. Hazard ratios were obtained from univariate Cox regression analysis after adjustment for covariates
including age, sex, BMI, T stage, N stage, clinical stage, Epstein-Barr virus DNA, CHO, TG, HDL, and LDL. For univariate Cox regression on the training
set, lipid concentrations were mean centred and scaled by the standard deviation. Abbreviations: UCA, Ursocholic acid; PG, prostaglandin; PC,
phosphatidylcholine; LPI, lysophosphatidylinositol; LPE, lysophosphatidylethanolamine; LPC, lysophophatidylcholine; HexCer, hexosylceramide; FFA,
free fatty acid; DG, diacylglycerol; Cer, ceramide; CAR, acylcarnitine; DKLCA, diketolithocholic acid
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Table 2 The 5-year and 3-year AUCs of the proposed model and baseline model in the training and validation sets

Variables
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Variable Category
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[l Cancer stages
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Fig. 3 Variable importance in the proposed model based on lipid and clinical biomarkers. The feature importance score in predicting DMFS (A),
PFS (B) and OS (C) was output in the DeepSurv model representing the decrease in the concordance index when the feature’s information was
destroyed. The color of the bar represents the variable category. Abbreviations: DMFS, distant metastasis-free survival; PFS, progression-free survival;
OS, overall survival; N, node stage; T, tumor stage; Hex2Cer, dihexosylceramide; CAR, acylcarnitine; EBV, Epstein-Barr virus; Cer, ceramides; PC,
phosphatidylcholines; FFA, free fatty acid; DKLCA, diketolithocholic acid
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0.800 (0.696-0.904)
0.786 (0.678-0.895)

0.802 (0.687-0.917)
0.791 (0.669-0.912)

0.739 (0.551-0.926)

0.691 (0.559-0.823)
0.698 (0.560-0.835)

0.698 (0.557-0.838)
0.698 (0.549-0.846)

0.65 (0.446-0.854)

DMFS Distant metastasis-free survival, PFS Progression-free survival, OS Overall survival, AUC Area under the receiver operating characteristic curve, Cl Confidence

interval

2The proposed model was developed based on lipid and clinical biomarkers

b The baseline model was developed based on only clinical biomarkers

€ AUCs of the survival models in predicting 3-year OS were not available by reason of only 1 patient dead within 3 years in the training set
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CI, 94.5-100) for the low-risk patients (HR, 26.18;
95% CI, 3.52-194.80; P<0.0001; Fig. 4A). Compared
with low-risk patients, poorer PFS (79.5% vs. 97.1%;
HR, 6.34, 95% CI, 2.82-14.28; P<0.0001; Fig. 4B) and
OS (75.0% vs. 94.3%; HR, 4.84; 95% CI, 1.40-16.74;
P=0.0012; Fig. 4C) were also observed in high-risk
patients. There were also higher DMFS, PFS, and
OS rates in the low-risk groups observed in the vali-
dation set (Fig. 4D, E, and F). The number of events
and 5-year DMES, PES, and OS rates for the relevant
groups are listed in Supplementary Tables 7 and 8.
The baseline characteristics (with age, sex, cancer
stages, EBV DNA, and treatment regimens included)
of patients in the high-risk and low-risk groups in pre-
dicting DMFS, PFES, and OS are presented in Supple-
mentary Tables 9, 10 and 11, respectively.
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Potential role of lipid alterations in NPC prognosis

Immunity is considered to be pivotal in in cancer devel-
opment and treatment. Lipid metabolism, including
cholesterol and FA metabolism, can affect the activity
and antitumor immunity of CD8+T cell [27-29]. The
study investigated the correlation between plasma lipid
levels and clinical indices to explore the potential effect
of lipid alterations on NPC prognosis. As shown in
Fig. 5A, the six differentially expressed lipid metabolites
(Cer(d18:1/22:0), FFA(20:3), CAR(14:0), 6,7-DKLCA,
PC(17:1_18:1), and Hex2Cer (d18:1/16:0)), especially
Cer(d18:1/22:0) and Hex2Cer (d18:1/16:0), were signifi-
cantly positively correlated with immunity- and inflam-
mation-associated biomarkers, with C-reactive protein
(CRP) and counts of white blood cell (WBC), neutrophil,
lymphocyte and monocyte included. According to the
KEGG pathway analysis, the six predictive lipids were

A DMFS in training set B PFS in training set C OS in training set
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Fig. 4 Kaplan-Meier curves of DMFS, PFS and OS stratified by low- and high-risk group. A DMFS in the training set. B PFS in the training set. C OS
in the training set. D DMFS in the validation set. E PFS in the validation set. F OS in the validation set. P-values were calculated by the log-rank test.
Hazard ratios were obtained from the univariate Cox regression analysis. Abbreviations: DMFS, distant metastasis-free survival; PFS, progression-free

survival; OS, overall survival
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Biosynthesis of unsaturated fatty acids
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Fig. 5 Potential role of lipid alterations in NPC prognosis. A Spearman correlation of the 6 plasma lipids with clinical indices. The color of

the circle represents the correlation value. Red represents the positive correlation and blue represents negative. The stars within the circle
represent the significance of the correlation (*: P value < 0.05; **: P value <0.01). B Enriched pathways of the 6 predictive lipids by KEGG pathway
analysis. Abbreviations: FFA, free fatty acid; CAR, acylcarnitine; Cer, ceramides; Hex2Cer, dihexosylceramide; PC, phosphatidylcholines; DKLCA,
diketolithocholic acid; WBC, white blood cell count; Neut, neutrophil count; Lymph, lymphocyte count; CRP, C-reactive protein; Mono, monocyte

count; EBV, Epstein-Barr virus

mainly enriched in metabolic pathways, including bio-
synthesis of unsaturated FAs and metabolism of sphin-
golipid, glycerophospholipid, arachidonic acid, linoleic
acid and alpha-linolenic acid (Fig. 5B and Supplementary
Table 12). The closer to the upper right corner, the more
reliable the metabolic pathway.

Discussion

The study detected quantitative data of 665 plasma lipid
metabolites consisting of 27 lipid classes/subclasses
from 179 patients with NPC using the widely targeted
lipidomics constructed principally on UPLC-MS/MS.
Specifically, Cer(d18:1/22:0), FFA(20:3), CAR(14:0), 6,7-
DKLCA, PC(17:1_18:1), and Hex2Cer(d18:1/16:0) were
observed strong association with the DMFS. A deep
learning survival model based on lipids and clinical bio-
markers was developed to accurately predict DMES in
patients with LANPC. The proposed survival model con-
sistently showed satisfying performance across independ-
ent data sets. Moreover, promising lipid alterations were
suggested to affect survival by disrupting the immune
and inflammatory systems and metabolic pathways.

As a broad array of studies have reported that lipid
metabolism plays an vital role in the tumor microenvi-
ronment and prognostic heterogeneity [14, 15, 30, 31],
the study mainly aimed to build a robust survival model
based on lipidomics to predict DMFS in patients with
LANPC. First, the lipidomic methodology (UPLC-MS/
MS) offered a broad coverage of the lipidome, achieving

excellent performance in numerous clinical studies [32,
33]. A single internal standard per lipid species was
included to obtain exact quantification, contributing to
a straightforward and clear overview of altered or unbal-
anced individual lipidomic patterns. Second, six lipid
species (Cer(d18:1/22:0), FFA(20:3), CAR(14:0), 6,7-
DKLCA, PC(17:1_18:1), and Hex2Cer(d18:1/16:0)) were
recognized as significant distant metastasis-associated
lipids. As the quantification of lipids relied on respec-
tive internal standards, the proposed model enabled the
quantitative detection of fewer lipids, making it pos-
sible for clinical applications. Third, compared with the
baseline model based only on clinical biomarkers, the
proposed deep learning model performed outstand-
ingly in terms of survival prediction and risk stratifica-
tion. These results suggest that lipid biomarkers provide
more detailed and beneficial information in the predic-
tion results, thus yielding promising performance in risk
stratification, complementing the TNM stages and other
clinical variables.

Cells of cancer and other types in the tumor micro-
environment use a variety of means to contend lipids
and broadly link their metabolism as part of a malleable
metabolic and cell signaling reprogramming. Under
acidosis, ferroptosis-mediated anticancer effects were
selectively induced by N-3 and n-6 polyunsaturated
FAs [34]. Compared with nonmalignant tissues, Marien
et al. initially observed decreasing SMs and specifi-
cally increasing PIs in non-small cell lung cancer [35].
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The increase in FFAs activated PI3K/AKT and Wnt/
beta-catenin signaling pathway, and it was observed
involved in the cellular stemness of cancer [36].
Wang et al. characterized FFA(18:1), PC-O(32:1) and
TG(18:1_17:1_18:2) as prognostic factors of hepatocel-
lular carcinoma [37]. The TG profile was significantly
associated with postoperative disease-free survival in
colorectal cancer [38]. Moreover, Chen et al. reported
that elevated circulating TG levels were associated with
poorer survival of malignant mesothelioma, whereas
increased monohexosylceramide might be beneficial
[39]. These studies mentioned above reveal that meta-
bolic reprogramming of lipid exhibited significant
prognostic values in cancers. Therefore, to discover
prognostic factors and therapeutic targets so as to
understand the pathophysiological mechanisms related
to lipids, NPC-related metabolism and dysfunctions of
lipids are worth in-depth mining.

The study demonstrated several associations of the
six significant prognosis-associated lipid species with
demographics, cancer stage, immune and inflamma-
tory systems, and metabolic pathways (Fig. 5 and Sup-
plementary Table 9). Although not all the findings of
the study aligned perfectly, they were generally inter-
nally consistent. There were correlations between the
six differentially expressed lipid metabolites and clini-
cal indices in the direction of their effect on immune
and inflammatory systems and those associated with
survival. For example, Hex2Cer (d18:1/16:0) (HR,
0.53; 95% CI, 0.33-0.85; P=0.009) was positively cor-
related with CRP and counts of WBC, neutrophil and
lymphocyte. Tremendous attention has been paid
to ceramides as a tumor suppressor in combination
therapy for suppressors [40, 41]. Ceramide dysregu-
lation has been shown to spread and manipulate cell
signaling events by regulating exosome lipid rafts [42].
Exosome reprogramming allows the growth of metas-
tases and the escape of immune surveillance [43-45].
Moreover, these six lipids were mainly enriched in
the sphingolipid metabolic pathway. Sphingolipid is
known as lipid signaling molecules regulating inflam-
mation and suppressing tissue damage [46, 47]. Piazzesi
et al. determined that sphingolipids showed bipolarity
in the development and progression of different can-
cers, either helping or hindering the transformation
of healthy cells to cancerous ones [48]. Although not
entirely consistent with other studies, altered or unbal-
anced lipid patterns observed by the study may affect
NPC prognosis by interfering with sphingolipid metab-
olism and the immune and inflammatory systems, indi-
cating the potentially new intervention strategies for
modifying sphingolipid metabolism and attenuating
disease progression.

Page 10 of 13

Comparisons with other studies and what does the current
work add to the existing knowledge

Although dysregulated lipid metabolism is reported
strongly associated with cancer progression, the prog-
nostic value of lipid alterations in NPC remained unclear.
Compared with other studies, the study measured the
quantification of lipids by absolute analysis method, with
considerable insight into the altered lipid metabolism.
Moreover, the method of neural network model estab-
lishment called DeepSurv enabled the stable prediction
performance with preferable fitting effect, ensuring that
the screened lipids had reliable predictive value.

Study strengths and limitations

The study successfully revealed six plasma lipid predic-
tors for the survival of patients with LANPC. By widely
targeted quantitative lipidomics, this study measured and
quantified 655 lipids, providing insights into the distri-
bution of plasma lipid profiling in patients with LANPC.
By deep learning prognostic model, this study revealed
plasma lipid predictors for NPC, indicating the targets of
intervention to attenuate disease progression.

There are also some main limitations. One main chal-
lenge lies in the fact that identifying and quantifying
lipid metabolites by plasma lipidomic analyses might
be a physical and financial burden to patients, which is
detrimental to the use of the proposed model in a clini-
cal setting. Moreover, although the study screened out
six prognosis-associated lipid species and tentatively
explored their potential roles, the underlying mechanism
remains to be elucidated. Finally, regarding to the limited
sample size, the findings from these populations need to
be validated in future studies with larger independent
cohorts.

Conclusions

Widely targeted quantitative lipidomics reveals plasma
lipid predictors and pathway dysregulation for LANPC.
The proposed prognostic model based on widely targeted
quantitative lipidomics demonstrated superior perfor-
mance in predicting metastasis in patients with LANPC.
Monitoring of these lipid biomarkers during treatment
of NPC can understand the heterogeneous prognosis of
NPC. In addition, the subsequent intervention by the cli-
nician can mitigate disease progression.
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