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Abstract
This study was performed to characterize the metabolic alteration of non– small- cell 
lung cancer (NSCLC) and discover blood- based metabolic biomarkers relevant to lung 
cancer detection. An untargeted metabolomics- based approach was applied in a 
case– control study with 193 NSCLC patients and 243 healthy controls. Serum metab-
olomics were determined by using an ultra high performance liquid chromatography– 
tandem mass spectrometry (UHPLC- MS/MS) method. We screened differential 
metabolites based on univariate and multivariate analysis, followed by identification 
of the metabolites and related pathways. For NSCLC detection, machine learning was 
employed to develop and validate the model based on the altered serum metabolite 
features. The serum metabolic pattern of NSCLC was definitely different from the 
healthy condition. In total, 278 altered features were found in the serum of NSCLC 
patients comparing with healthy people. About one- fifth of the abundant differential 
features were identified successfully. The altered metabolites were enriched in meta-
bolic pathways such as phenylalanine metabolism, linoleic acid metabolism, and bio-
synthesis of bile acids. We demonstrated a panel of 10 metabolic biomarkers which 
representing excellent discriminating capability for NSCLC discrimination, with a com-
bined area under the curve (AUC) in the validation set of 0.95 (95% CI: 0.91– 0.98). 
Moreover, this model showed a desirable performance for the detection of NSCLC 
at an early stage (AUC = 0.95, 95% CI: 0.92– 0.97). Our study offers a perspective 
on NSCLC metabolic alteration. The finding of the biomarkers might shed light on 
the clinical detection of lung cancer, especially for those cancers in an early stage in 
Chinese population.
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1  |  INTRODUCTION

Lung cancer is the second most commonly diagnosed cancer and the 
leading cause of cancer death worldwide, with an ~11.4% of can-
cer cases and a mortality up to 18.0% of the total cancer deaths 
in 2020.1 The survival of patients with lung cancer at 5 years after 
diagnosis is only 10%– 20% in most countries.2 Early screening and 
detection using biopsy and low dose computed tomography (LDCT) 
methods can greatly reduce the lung cancer mortality by 24% in men 
and 33% in women, and substantially bring down the personal and 
financial burden.3 However, conventional diagnosis of lung cancer is 
still limited considering the insufficient accuracy, invasiveness, high 
cost and low throughput. Improved means for identifying individuals 
with high risk of lung cancer are thus urgently needed in order to 
enhance patient care and optimize disease management.

In recent years, liquid assays have generated extensive attention 
in disease diagnosis areas as they are noninvasive, easy in sampling 
and low in cost. Utilizing blood- based assays, many genomic and 
proteinic biomarkers have been newly identified, although their sen-
sitivities or specificities were far from satisfied.4– 6 Compared with 
those genomic, transcriptomics, or proteinic biomarkers, metabolic 
indicators are directly involved in tumor metabolism under the in-
fluence of both genetic modification and environmental stress, thus 
providing more distal information on cancer initiation and progres-
sion.7 Changes of some metabolites have been reported to be as-
sociated with complex diseases including lung cancer, suggesting 
a potential role of metabolites in precise diagnosis of common dis-
eases. Recent advances in technology allow for the detection of more 
small molecule metabolites, enabling abnormal metabolites screen-
ing in relatively high throughput. In leveraging these technological 
developments, researchers have identified a small subset of serum 
or plasma metabolites as diagnosis biomarkers of multiple cancers 
such as colorectal cancer, hepatocellular carcinoma, breast cancer, 
and pancreatic cancer.8– 11 For example, a combination of metabolic 
biomarkers (creatine, inosine, beta- sitosterol, sphinganine, and gly-
cocholic acid) have demonstrated higher accuracy and specificity 
in the diagnosis of pancreatic cancer than conventional biomarkers 
(CA125, CA19- 9, CA242, and CEA).11 For lung cancer, several met-
abolic biomarker panels or patterns have also been developed, en-
abling the discrimination between lung cancer patients and healthy 
individuals.12– 14 However, these subsets of metabolites were usu-
ally screened from a class of known metabolites such as targeted 
metabolomics, lipidomics, or amino acid profiles, the untargeted 
metabolome- based approach has rarely been reported.

To fully recognize the altered metabolites and metabolic path-
ways that regulate tumor initiation and progression, as well as to 
characterize sensitive and specific biomarkers for precise diagnosis 
of non– small- cell lung cancer (NSCLC) in Chinese population, we 
conducted an untargeted metabolomics- based case– control study 
in this work. Serum metabolomics of 193 NSCLC patients and 243 
healthy controls were performed using an ultra performance liq-
uid chromatography– tandem mass spectrometry (UPLC- MS/MS) 
method. The differential metabolites between NSCLC patients and 

healthy controls were screened and identified, followed by the char-
acterization of related metabolic pathways. For NSCLC detection, 
the subjects were randomly assigned into training set and validation 
set, and machine learning was employed to develop and validate the 
model based on the altered serum metabolite features.

2  | METHODS

2.1  |  Study subjects

We enrolled 193 NSCLC patients and 243 healthy individuals for 
serum untargeted metabolome analysis, 70% of which (135 NSCLC 
cases and 170 controls) were randomly assigned into a training set 
and the remaining 30% subjects (58 NSCLC cases and 73 controls) 
were assigned into a validation set. All the subjects were consecu-
tively recruited from October 2016 to December 2019 at Tongji 
Hospital of Tongji Medical College of Huazhong University of Science 
and Technology (HUST), Wuhan, China. NSCLC patients were newly 
diagnosed with histological or cytological confirmation, among which 
patients with previous surgery, chemotherapy or radiotherapy were 
excluded. In addition, metastatic NSCLC, familial lung cancer, recur-
rent cancer, or multiple primary tumors were also excluded. The TNM 
staging of NSCLC was defined according to the eighth edition of the 
TNM cancer staging system from The American Joint Committee on 
Cancer (AJCC) and the International Union for Cancer Control (IUCC). 
Cancer- free controls were randomly selected from healthy individuals 
who visited the health check- up center in the same hospital during the 
same period of NSCLC patient recruitment. All the healthy controls 
were frequency matched to NSCLC cases with sex and age (± 5 years). 
The basic demographic characteristics of the participants including 
sex, age, smoking, and drinking status were collected through medi-
cal records or face- to- face interview. This study was approved by the 
Institutional Review Committee of the Tongji Medical College, HUST.

2.2  |  Sample preparation

Peripheral blood sample was acquired from each participant through 
intravenous collection at early morning after overnight fasting, and 
centrifuged immediately at 3000 rpm for 5 min. The upper layer of 
serum was then collected and stored in a −80°C freezer immediately 
until use. Frozen serum samples were thawed at 4°C and 140 μl of the 
supernatants were transferred into a 1.5 ml tube, mixed with 420 μl 
of ice- cold methanol to precipitate the proteins. The mixture was 
vortexed for 20 s and centrifuged at 14,000 g for 10 min, and then 
350 μl of the supernatants were transferred into a new tube, dried 
under nitrogen at 40°C and reconstituted with 70 μl water:methanol 
mixture (50%:50%, v:v). After vortexing (20 s) and centrifugation 
(14,000 g for 10 min), the supernatants were then used to perform 
untargeted metabolomics analysis or targeted assessment. In addi-
tion, a serum pool was prepared by mixing equal volume of the indi-
vidual samples, which was used for quality control (QC).
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2.3  | Untargeted metabolomics

LC- MS/MS analysis was performed on a UPLC Ultimate 3000 sys-
tem coupled to a Q Exactive™ mass spectrometer (Thermo Fisher 
Scientific, Bremen, Germany), and operated in the positive and nega-
tive electrospray ionization modes (one run for each mode). The heated 
electrospray ionization (HESI) source was used for both modes, and a 
spray voltage 3.8 kV for positive mode and 3.2 kV for negative mode, 
capillary temperature of 320°C, sheath gas flow of 40 arbitrary units 
(AU), auxiliary gas flow of 10 AU, spare gas flow of 0 AU, and S- lens 
random forest (RF) level of 60 V. During the full- scan acquisition, which 
ranged from 70 to 1000 m/z, the instrument operated at 70,000 reso-
lution (m/z = 200), with an automatic gain control (AGC) target of 3e6 
charges and a maximum injection time (IT) of 200 ms. For MS2 analy-
ses, the isolation window was set at 0.4 m/z, and the instrument was 
operated at 17,500 resolution (m/z = 200) with an AGC target of 1e5 
charges and maximum IT of 50 ms. The stepped normalized collision 
energy (NCE) was set at 20, 40, or 60 eV. The system was controlled 
using Xcalibur 2.2 software (Thermo Fisher Scientific).

For chromatographic separation, a Thermo Scientific Hypersal 
GOLD™ C18 column (2.1 mm × 100 mm, 1.9 μm) was used. The mo-
bile phase composed of mobile phase A of 0.1% formic acid in water 
and mobile phase B consisting of 0.1% formic acid in acetonitrile. A 
multistep gradient was as follows: 0– 1 min, 98% A; 1– 9 min, from 
98%A to 98%B; 9– 12 min, 98%B; 12– 15 min, 98%A. The gradient 
was operated at a flow rate of 0.4 ml/min over a run time of 15 min 
for both the negative and the positive modes. The column tempera-
ture was 40°C. The ultra high performance liquid chromatography 
(UHPLC) autosampler temperature was set at 4°C and the injection 
volume for each sample was 5 μl. The case and control samples 
were analyzed alternately. Three blanks and four QC samples were 
injected to equilibrate the system before each analytic series, and 
one QC sample was injected after every 10 samples to monitor the 
reproducibility of the LC- MS/MS analysis.

2.4  | Data processing and differential 
metabolites screening

The raw data for metabolomics were processed using Thermo 
Scientific Compound Discover™ 2.1 software (Thermo Scientific). If 
the quantitative value of a peak signal was less than five times that 
of the median of blank samples in more than 75% of samples, the 
detection rate of this signal was considered low and then removed. 
Peak signals with variation >30% in QC samples were also removed. 
The metabolomes data for all the samples were downloaded into an 
MS Excel® file for further analysis.

We performed both multivariate and univariate analysis to identify 
the differential metabolites in serum of NSCLC patients compared with 
healthy controls. The multivariate analyses were achieved through 
supervised partial least- squares discriminant analysis (PLS- DA) and 
orthogonal partial least square- discriminant analysis (OPLS- DA) via 
SIMCA® (Umetrics), while the univariate analyses were accomplished 

by Mann– Whitney U- test and volcano plot using open- access software 
R 3.5.3 (https://www.r- proje ct.org/). MS data were normalized with 
the total sum of all detected ions, centered and scaled using Pareto 
scaling before analysis. A metabolite was considered as significantly 
altered metabolite if the value of variable importance in the projec-
tion (VIP) > 1 and p < 0.05 in multivariate analyses, and the fold change 
>1.2 or <0.8 with false discovery rate (FDR) q- value <0.05 in univariate 
analyses. Next, we sorted the changed metabolites by their relative 
abundances in serum and the top 100 metabolites were further iden-
tified by matching the acquired MS/MS data against data in mzCloud 
database, and a prediction score of ≥ 70 was considered acceptable. To 
validate the accuracy of prediction, we further randomly selected 10 
of the identified metabolites and confirmed them by the commercial 
chemical standards (Sigma- Aldrich, Merck KGaA). The identified me-
tabolites were mapped into biochemical pathways through metabolic 
pathway and enrichment analyses based on the KEGG database on 
MetaboAnalyst (https://www.metab oanal yst.ca/).

2.5  | Machine learning

Eight machine learning approaches, including decision tree, ran-
dom forest (RF), support vector machine (SVM), logistic regression, 
XGBoost, linear support vector classification (SVC), stochastic gradi-
ent descent (SGD) and linear discriminant analysis (LDA) were em-
ployed for NSCLC detection. The diagnostic model was established 
based on the features of biomarker candidates in the training set, 
and internally validated in the validation set. All the identified me-
tabolites were selected as promising diagnostic biomarkers for fur-
ther machine leaning study. Taking both discriminating capacity and 
clinical convenience into consideration, we constructed the machine 
learning models with the top important 5– 12 metabolites by adding 
one variable at a time, and chose the panel with the best discriminat-
ing ability and least number of variables as our optimal model. A re-
ceiver operating characteristic (ROC) curve was utilized to evaluate 
the diagnostic performance of the models.

All the machine learning analyses were performed on the 
Deepwise & Beckman Coulter DxAI platform (http://dxonl ine.
deepw ise.com), and the visualization of the results was achieved by 
using GraphPad Prism 8.0 (GraphPad Software).

3  |  RESULTS

3.1  |  Basic characteristics of study subjects

We recruited 193 NSCLC cases and 243 cancer- free controls in our 
untargeted metabolomics study. There were no significant differ-
ences about the sex and age between cases and controls (p = 0.358 
for sex and p = 0.378 for age). About 52.6% of the cases were smok-
ers (current or ever), which was significantly higher than that in the 
control group (39.9%, p = 0.016). The percentages of drinker were 
34.4% in the cases and 37.8% in the controls (p = 0.410). Histological 

https://www.r-project.org/
https://www.metaboanalyst.ca/
http://dxonline.deepwise.com
http://dxonline.deepwise.com
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or cytological examination confirmed that 56.0% of the tumors were 
lung adenocarcinomas (LUAD) and 29.0% were lung squamous cell 
carcinomas (LUSC). All the remaining tumors were other non– small- 
cell histological types or NSCLC which could not be clearly classified. 
Based on the TNM staging criteria, 38.8% and 38.3% of the total 
NSCLC patients in metabolomics study were diagnosed in an early 
stage (0, I, or II stages) and late stage (III and IV stages), respectively. 
The demographic and clinical characteristics of the study subjects 
are presented in Table 1.

3.2  |  Comparison of metabolic profiles in 
NSCLC and healthy controls

From UPLC- MS/MS analyses, 940 metabolite features in positive 
ion mode and 1904 metabolite features in negative ion mode were 
captured and selected for subsequent analyses. The PLS- DA analy-
sis optimized six principal components (PCs) and eight PCs for model 
fitting in positive ion mode and negative ion mode, respectively. The 
permutation test (n = 100) showed that the constructed models had 
acceptable reliability and predictability with no overfitting in both 
the positive and negative ion modes (Figure S1A,B). As shown in the 
PC plots of OPLS- DA analysis (Figure 1A,B), the NSCLC patients and 

healthy controls were basically separated based on the metabolite 
features, indicating an essential difference of the metabolism be-
tween NSCLC patients and healthy individuals. According to our cri-
teria, in total 381 metabolite features, including 145 metabolites in 
positive ion mode and 236 features in negative ion mode, were found 
significantly altered in NSCLC compared with healthy control in mul-
tivariate analyses. In addition, univariate analyses identified 380 
differential metabolite features in the positive ion mode (Figure 1C) 
and 745 differential ones in the negative ion mode (Figure 1D). The 
results of multivariate and univariate analyses were intersected, and 
in total 278 metabolite features (Figure 1E), including 114 ones in 
positive ion mode and 164 ones in negative ion mode, were finally 
regarded as the differential metabolites which were significantly al-
tered in the serum of NSCLC patients compared with healthy people. 
Among these peaks, 128 features (77 ones in positive mode and 51 
ones in negative mode) were upregulated and 150 features (37 ones 
in positive mode and 113 ones in negative mode) were downregu-
lated in the serum of NSCLC patients (Figure 1E).

3.3  |  Identification of altered metabolites

As mentioned above, in total 278 features were significantly altered 
when comparing the metabolic profiles of the serum of NSCLC 
patients and healthy subjects. Considering the diversity of their 
content in serum, we sorted these metabolites by their relative abun-
dances and only identified the top 100 abundant metabolites. After 
database retrieval, 21 of them were successfully identified by MS 
prediction using mzCloud. To verify the accuracy of the prediction, 
we randomly selected 10 of the metabolites and confirmed them by 
chemical standards. As a result, all the retention times of the metab-
olites were repeated accurately on our technique. The detailed infor-
mation about the 21 identified metabolites is presented in Table 2. 
Among these, 12 metabolites were upregulated, while the remain-
ing nine metabolites were downregulated in the serum of NSCLC 
patients. As shown in Figure 1F, the expression pattern of these 21 
metabolites in serum rendered obvious distinction between NSCLC 
cases and healthy controls. Enrichment analysis showed that the 
most significantly enriched pathway was phenylalanine metabolism, 
as two of the 21 metabolites, containing l- phenylalanine and hip-
puric acid, hit the pathway (Figure 1G). Linoleic acid metabolism was 
also among the top enriched pathways. Interestingly, we found that 
bile acids, including glycocholic acid (GCA), cholic acid (CA) and gly-
coursodeoxycholic acid (GUDCA), were upregulated in our NSCLC 
patients, contributing to the enrichment of bile acid metabolism.

3.4  | Discovery of diagnostic model using 
candidate metabolites

Through machine learning, the 21 identified metabolites were or-
dered by importance and the top 5– 12 important metabolites were 
selected as components of the candidate diagnosis models. As 

TABLE  1 The basic information about study subjects

Cases (%) Controls (%)
p 
value

Sex

Male 132 (68.4%) 176 (72.4%) 0.358

Female 61 (31.6%) 67 (27.6%)

Age 59.3 (7.6) 60.0 (9.3) 0.378

Smokinga

No 91 (47.4%) 146 (60.1%) 0.016

Yes 101 (52.6%) 97 (39.9%)

Drinkingb

No 126 (65.6%) 150 (62.2%) 0.41

Yes 66 (34.4%) 91 (37.8%)

Pathologic type

LUAD 108 (56.0%) – 

LUSC 56 (29.0%) – 

Others 29 (15.0%) – 

Clinical stage

0 + I 40 (20.7%) – 

II 35(18.1%) – 

III 35 (18.1%) – 

IV 39 (20.2%) – 

Unknown 44 (22.8%) – 

Abbreviations: LUAD, lung adenocarcinoma; LUSC, lung squamous cell 
carcinoma.
aSmoking information of one NSCLC case was missing.
bDrinking information of one NSCLC case and two controls was missing.
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shown in Table S1, the model with the top 10 metabolites presented 
the highest AUC and the least number of variables. We thus chose 
this panel of metabolites in the following analyses. The 10 metabo-
lites included in this diagnostic model were hypoxanthine, linoleic 
acid, 2,4- dihydroxybenzoic acid, 11,12- epoxy- (5Z,8Z,11Z)- icosat
rienoic acid, 16- hydroxyhexadecanoic acid, testosterone sulfate, 
choline, piperine, CA, and GUDCA. The detailed performances of 
this panel of biomarkers are shown in Table 3, all the models, expect 
decision tree, showed close and admirable capacity for NSCLC de-
tection in the validation set, with area under the curve (AUC) rang-
ing from 0.93 to 0.95. By applying this panel of biomarkers using 
LDA method, the AUCs for NSCLC discrimination reached 0.93 
(95% CI: 0.91– 0.96) and 0.95 (95% CI: 0.91– 0.98) in the training set 
and validation set, respectively (Figure 2A). The predicted score for 
each subject in the validation set is presented in Figure 2B. We next 

compared the performance of the single metabolites and the panel 
containing all the components using all the study subjects in both the 
training and validation sets. The results demonstrated that the AUCs 
ranged from 0.63 to 0.77 for single metabolites, while the combina-
tion of 10 metabolites greatly improved the AUC to 0.95 (Figure 2C). 
Under this model, the sensitivity and specificity for NSCLC reached 
85.0% and 88.5%, respectively. In addition, we found that the pre-
dicted scores of NSCLC patients were not significantly altered in dif-
ferent pathologic types (LUAD or LUSC) and different stages (early 
stage or advanced stage), all of which were significantly higher than 
the scores in healthy controls (Figure 2D). In line with this, ROC 
curves in Figure 2E demonstrated the dramatical diagnostic per-
formances for the discriminant model in both LUAD (AUC = 0.93, 
95% CI: 0.90– 0.96) and LUSC (AUC = 0.94, 95% CI: 0.91– 0.98). It is 
worth nothing that the panel of metabolic biomarkers also exhibited 

F IGURE  1 Analyses of serum metabolic profiling in non– small- cell lung cancer (NSCLC) patients and healthy controls and screening of 
metabolites relevant to lung cancer. (A) Orthogonal partial least- squares discriminant analysis (OPLS- DA) of metabolites in positive mode. 
(B) OPLS- DA of metabolites in negative mode. (C) Volcano plot of metabolites by univariate analysis in positive mode. (D) Volcano plot of 
metabolites by univariate analysis in negative mode. (E) Venn diagram displaying the screening and constitution of altered metabolites in the 
serum of NSCLC compared with healthy people. (F) Expression heatmap of the 21 identified metabolites in the serum of NSCLC patients and 
healthy controls. (G) Enriched metabolic pathways of differential metabolites.
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marked capacity for NSCLC detection with different clinical stages, 
especially for early- stage NSCLC (AUC = 0.95, 95% CI: 0.92– 0.97). 
These results indicated that the discriminant model is promising for 
the clinical diagnosis of NSCLC patients against healthy controls.

4  | DISCUSSION

Metabolomics is an emerging discipline that monitors intermedi-
ates and products of cellular metabolism, which can be influenced 
by both xenobiotics and exogenous factors, and contribute to cel-
lular function and dysfunction. Hence, the metabolome provides a 
phenotypic evaluation of cellular and systemic health, with poten-
tial implications for disease pathogenesis, biomarker discovery, drug 
effectiveness, and personalized medicine.15 In the present study, in 
order to characterize the metabolic pattern of NSCLC, we compared 
the serum metabolites of NSCLC patients and healthy subjects by 
utilizing an untargeted metabolomics profile. Through integrated 
screening based on both univariate and multivariate analysis, we 
found 278 altered features in serum of NSCLC patients, and one- 
fifth of the abundant metabolites were successfully identified by 
matching the mzCloud database. The altered metabolites were en-
riched in pathways involving phenylalanine metabolism, linoleic acid 
metabolism, and the biosynthesis of bile acids. Moreover, a model 

comprising 10 metabolic biomarkers was demonstrated to have ex-
cellent discriminating capability (AUC = 0.95) for NSCLC classifica-
tion from healthy people, suggesting the tremendous potential of 
metabolite panels for lung cancer diagnosis.

The abnormality of metabolites can aid in the illumination of 
tumor pathological mechanisms since it is the direct manifestation 
of biological dysfunctions, as the downstream of genome, transcrip-
tome, and proteome. In line with plenty of prior researches, our 
study confirmed that the circulating metabolic pattern of NSCLC 
is definitely different with that of healthy condition. We identi-
fied 21 metabolites from the top 100 abundant altered metabolic 
features in serum of NSCLC, some of which have been reported 
in lung cancer or other tumors. For example, we found lactic acid 
was elevated in serum of NSCLC patients comparing with healthy 
subjects. This result is consistent with a previous study reporting 
serum NSCLC metabolomics based on nuclear magnetic resonance 
(NMR) fingerprints,16 and supported by the finding of increased 
lactate level in lung tumors compared with surrounding normal tis-
sues.17,18 Lactate is a tricarboxylic acid (TCA) cycle carbon source 
for NSCLC and serves as a fuel for tumor cells in vivo.19,20 The ele-
vated lactate level thus indicates an active glycolysis processing and 
the unique Warburg effect in the energy metabolism of tumors. A 
significant reduction in linoleic acid was observed in the serum of 
NSCLC patients in our study, in accordance with a previous report 

TABLE  2 Detailed information about the 21 identified metabolites

Name Formula VIP
Fold 
change p- adjusted MW

RT 
(min)

mzCloud 
score

11,12- Epoxy- (5Z,8Z,11Z)- icosatrienoic 
acid

C20H32O3 4.0 3.04 1.09E−20 320.23456 9.04 77.9

Cholic acid C24H40O5 3.5 2.85 2.37 E−06 408.28694 7.30 73.7

11- Deoxyprostaglandin C20H34O4 3.95 2.4 9.46 E−21 338.24517 9.04 82.2

Glycocholic acid C26H43NO6 2.6 2.10 7.83 E−10 465.30825 6.72 78.0

Docosahexaenoic acid ethyl ester C24H36O2 2.1 2.04 9.45 E−05 356.2702 8.16 85.6

Glycoursodeoxycholic acid C26H43NO5 5.8 1.83 1.48 E−13 449.31357 7.40 83.0

Hypoxanthine C5H4N4O 5.3 1.33 1.09 E−13 136.03814 1.39 90.8

l- (+)- Lactic acid C3H6O3 10.4 1.32 4.46 E−18 90.03156 1.21 98.7

α- Aspartylphenylalanine C13H16N2O5 1.2 1.25 1.18 E−04 280.10546 4.14 93.3

6- Hydroxycaproic acid C6H12O3 1.0 1.24 1.16 E−05 132.07842 4.82 90.7

Benzoic acid C7H6O2 1.6 1.23 2.96 E−05 122.03657 4.16 90.3

l- Phenylalanine C9H11NO2 1.2 1.22 4.02 E−10 165.07872 3.27 91.3

16- Hydroxyhexadecanoic acid C16H32O3 2.7 0.79 9.92 E−08 272.23472 10.10 90.7

Testosterone sulfate C19H28O5S 7.9 0.77 1.22 E−05 368.16508 6.93 90.3

Choline C5H13NO 7.5 0.77 1.76 E−16 103.09934 1.01 88.7

Hippuric acid C9H9NO3 3.3 0.72 1.36 E−04 179.05791 4.55 86.6

Acetyl- β- methylcholine C8H17NO2 1.9 0.67 1.70 E−13 159.12548 1.08 86.0

Linoleic acid C18H32O2 2.3 0.64 9.46 E−21 298.25025 10.38 75.4

2,4- Dihydroxybenzoic acid C7H6O4 3.2 0.56 1.20 E−13 154.02634 4.90 83.0

Salicylic acid C7H6O3 1.8 0.35 6.66 E−08 138.03141 5.81 97.2

Piperine C17H19NO3 3.3 0.31 2.00 E−13 285.13539 7.66 93.7

Abbreviations: MW, molecular weight; RT, retention time; VIP, variable importance in the projection.
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demonstrating the decrease of oleic acid, the product of linoleic 
acid, in the serum of lung cancer patients.21 Coincidentally, metabo-
lomic profile analyses in lipopolysaccharide (LPS)- induced acute lung 
injury rats also revealed a reduction in linoleic acid in both serum and 
lung tissue.22 This may suggest some common signaling pathways 
in lung injury and lung tumor initiation. We also found that choline 
was dysregulated in NSCLC, which is one of the metabolites involved 
in cancer cell signaling and contributes to both cancer growth and 
programmed cell death.23 In addition, we observed an increase in 
phenylalanine, an essential aromatic amino acid (AA), in the serum 
of patients with lung cancer. This finding was validated in an analysis 
of the AA profile in our other case– control study.24 Moreover, prior 
work reported a higher concentration of phenylalanine in lung can-
cer tissues than paired paracarcinomous tissues,17 and a correlation 
of this AA was also found between plasma and cancer tissues of lung 
cancer patients.25

The enrichment analysis revealed that the metabolism of phe-
nylalanine, together with its derivates tyrosine and tryptophan 
were the most significantly enriched pathways. It was reported that 
the activity of phenylalanine hydroxylase (which converts phenylal-
anine to tyrosine) was dysfunctional in inflammatory or malignant 
disease states. This raises the possibility that circulating phenyl-
alanine levels could be altered in patients with cancer due to the 
reduced action of this enzyme.26,27 Moreover, a spatiotemporal 
intratumoral distribution of ring- 13C6 labeled phenylalanine (13C6- 
Phe) and tyrosine (13C6- Tyr) in NSCLC showed higher abundances 
of 13C6- Phe and 13C6- Tyr in viable tumor regions in contrast with 
nonviable regions, and the incorporation of 13C6- Phe in the tumor 
protein synthesis presented a different kinetics compared with the 
progressive incorporation in liver.28 Metabolism of linoleic acid was 
one of the pronounced pathways in our analysis. Linoleic acid, the 
most abundant polyunsaturated fatty acid (PUFA) in diet, belongs 
to an ω- 3 PUFA, which possess anti- inflammatory and antiallergic 
properties, and may thus be beneficial to lung health.29 Several 
studies have reported that PUFAs and their derivatives inhibited 
the growth of human lung cancer cells, and triggered lung cancer 
cell apoptosis and autophagy.30,31 Linoleic acid metabolism was also 
identified as one of the mainly altered pathways by acute lung in-
jury.22 Meanwhile, prospective studies have demonstrated an in-
verse association of PUFAs intake with lung cancer risk.32 However, 
some other studies have reported contrary findings. Liu et al. found 
that serum linoleic acid and its oxidized metabolites were elevated 
in patients with LUAD.33 A gene- expression profiling and multi-
spectral imaging analysis have also identified a transitory increase 
in fatty acid metabolism in LUSC.34 Therefore, the relationship 
between linoleic acid metabolism and lung cancer is still obscure 
until now. Of particular interest, we also found aberrant bile acid 
metabolism in NSCLC. Increasing evidence suggests that bile acid 
metabolism is critically important for maintaining a healthy gut mi-
crobiota, balanced lipid and carbohydrate metabolism, insulin sensi-
tivity and innate immunity, and may play a role in the progression of 
gastrointestinal cancers like liver cancer and colorectal cancer.35– 37 
Activation of G protein- coupled bile acid receptor 1 (GPBAR1, also TA
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known as TGR5) induced by bile acids led to an increase in intra-
cellular cyclic AMP (cAMP), thus triggering downstream signaling 
events that were associated with metabolic diseases and cancers.38 
Intriguingly, a recent metabolic landscape of lung cancer indicated 
that dysregulated bile acid metabolism facilitated the migration of 
LUAD, indicating that the dysfunction of bile acids might be a uni-
versal mechanism of carcinogenesis, not merely in gastrointestinal 
cancers.39 In addition, an evaluation of tumor- derived metabolo-
mic data suggested the involvement of bile acid biosynthesis in the 
therapeutic response of lung cancer.40 Taken together, our findings 
highlight anomalous metabolic reprogramming during lung cancer 
initiation and progression. However, the biological mechanisms re-
sponsible for the perturbations of these pathways remain unclear in 
lung cancer and further investigations are required to explore these 
relationships.

Although some lung cancer screening approaches such as LDCT 
improved lung cancer detection in some degree, there is still a pau-
city of noninvasive and efficient biomarkers to refine the reliable 
and accurate diagnosis of lung cancer in an early stage. With the 
rapid advances in metabolomics technologies, nowadays metab-
olomic profiling becomes a promising tool to hunt for biomarkers 

available for early cancer detection. Surprisingly, the metabolic bio-
markers screened from metabolomic profiling seem to exert good 
diagnostic efficiency in cancer diagnosis according to published 
literature. Using an unbiased metabolomics profiling approach, 
William and colleagues identified diacetyl spermine as a biomarker 
for NSCLC, with an AUC greater than 0.8 only using this single me-
tabolite.41 A quantitative formula LCAID v2.0 derived from nine 
lipids selected based on untargeted lipidomics achieved a striking 
accuracy of 94.96%, with a 100% specificity and a 92.93% sensi-
tivity (AUC = 0.998) for lung cancer in an independent validation 
cohort.42 In line with this evidence, our study revealed a panel of 
10 metabolites with excellent differentiating capacity (AUC = 0.93 
in the training set, and 0.95 in the validation set) for NSCLC classi-
fication based on machine learning. Of particular importance, the 
combination of 10 metabolites was demonstrated to have desirable 
performance not only for advanced NSCLC, but also for NSCLC 
within an early stage, suggesting the utility of this panel for lung 
cancer early detection.

It is still a pressing challenge to support lung cancer diagnosis in 
a noninvasive and convenient manner over recent years. Using an 
untargeted metabolic profiling- based screening, our study offers a 

F IGURE  2 Diagnostic performance of a panel comprised of 10 metabolic biomarkers by a machine learning model using linear 
discriminant analysis (LDA). (A) Receiver operator characteristic (ROC) curve of the panel on the training set and validation set. (B) The 
distribution of predicted scores calculated by LDA model in cases and controls in the validation set. (C) Area under the curve (AUC) of single 
metabolite included in the model and the combined performance using all the subjects. (D) The predicted scores calculated by LDA model in 
different pathological types and clinical stages. (E) Classification performances of the panel for detection of different pathological types and 
clinical stages.
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perspective on the identification of NSCLC metabolic alteration. The 
finding of the biomarkers might shed light on the clinical detection 
of lung cancer, especially for those cancers in an early stage, and 
additionally, the screening of high- risk crowds of cancer in Chinese 
population. However, limitations should be acknowledged. First, 
only a fraction of the altered metabolites was successfully identi-
fied, attributed to the difficulty of material identification generally 
encountered by the untargeted profiling approaches. The estab-
lishment of a standard library containing manifold chemicals was 
required. Second, although we have divided all the subjects into a 
training set and a validation set, an independent testing set was war-
ranted to evaluate the external validity of our metabolic biomarkers 
in NSCLC recognition. Third, given that metabolism reprogramming 
is a common characteristic shared by solid tumors, even benign dis-
orders, the application of our metabolic panel thus should be cau-
tious. Further investigations are needed to determine whether it 
satisfied the differential diagnosis of NSCLC with other cancers, as 
well as with benign lung diseases such as pneumonia and chronic 
obstructive pulmonary disease (COPD).

5  |  CONCLUSIONS

In summary, the serum metabolic pattern of NSCLC was massively 
changed from healthy conditions. The altered metabolites were en-
riched in pathways involving the metabolism of phenylalanine, lin-
oleic acid, and bile acids. Moreover, we demonstrated a panel of 10 
metabolic biomarkers that showed excellent discriminating capabil-
ity for detection of NSCLC, in particular for early- stage lung cancer. 
Our work provides a paradigm of untargeted metabolisms combined 
with machine learning to characterize cancer metabolic alteration 
and refine disease diagnosis.
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