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Abstract. Lung cancers are malignant tumors with high 
incidence and mortality rates and a 5‑year survival rate that 
depends on the stage at the time of diagnosis. Screening 
methods for lung cancer are becoming increasingly diverse, 
but existing approaches lack sensitivity or specificity for early 
lesions, posing notable challenges for the early diagnosis of 
lung cancer. Therefore, it is essential to explore potential 
biomarkers with high sensitivity and specificity to achieve 
early diagnosis. The present study employed liquid chroma‑
tography‑mass spectrometry to analyze plasma metabolic 
changes in patients with lung cancer or pulmonary nodules 
and in healthy individuals. By combining quantitative and 
qualitative methods, differential metabolites were identified 
and the performance of these metabolites was evaluated using 
receiver operating characteristic curve analyses to screen for 
potential biomarkers. A total of 50 differential metabolites, six 
of which had an area under the curve of >0.9, were identified 

among the three groups and regarded as potential biomarkers 
for distinguishing between lung cancer, pulmonary nodules 
and healthy individuals, as well as between lung cancer 
and pulmonary nodules. In addition, metabolic pathways 
were screened using the Kyoto Encyclopedia of Genes and 
Genomes databases. The results demonstrated that signifi‑
cant changes were observed in the metabolism of substances 
including linoleic acid, α‑linolenic acid, arginine and proline, 
suggesting that the development of lung cancer may be associ‑
ated with alterations in amino acid and lipid metabolism. In 
conclusion, the present findings provided potential biomarkers 
to differentiate between lung cancer, pulmonary nodules and 
healthy individuals, offering insights into the pathological 
mechanisms of lung cancer.

Introduction

Lung cancer is the most common malignant tumor and the 
leading cause of cancer‑related mortality worldwide (1). It is 
estimated that there are 2.2 million novel diagnoses of lung 
cancer each year, as well as 1.79 million mortalities (2). Lung 
cancer poses a severe threat to human health, and its diag‑
nosis and treatment have become a key focus in oncological 
research. However, due to the insidious early symptoms of lung 
cancer, ~75% patient are diagnosed at advanced stages of the 
disease, missing the optimal treatment window, which results 
in a continuous increase in the mortality rates associated with 
lung cancer (3,4). Therefore, early diagnosis of lung cancer is 
key to ensuring timely treatment and improving survival rates.

Early lung cancer often presents as pulmonary nodules 
on imaging (5). Therefore, recognizing malignant pulmonary 
nodules is key to the early diagnosis and treatment of lung 
cancer, as well as to reduce lung cancer‑related mortality. 
Low‑dose CT is an effective method for the detection of 
malignant pulmonary nodules (6), but it suffers from a high 
false‑positive rate (7). Positron emission tomography has a 
certain accuracy in differentiating between benign and malig‑
nant lung nodules, but it carries a high risk of false‑negatives 
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or false‑positives (8,9). Lung tissue biopsy is the standard for 
lung cancer diagnosis; however, it is an invasive procedure that 
can lead to complications and has high costs (10). Non‑invasive 
testing methods, such as circulating tumor cells and DNA, 
have demonstrated certain potential in identifying malignant 
pulmonary nodules, but they suffer from low capture rates 
and sensitivity (4,11). Tumor markers such as neuron‑specific 
enolase, squamous cell carcinoma antigen and carcinoembry‑
onic antigen can provide real‑time assessments of tumor status 
and serve as an adjunct in the diagnosis of lung cancer, but 
they lack sensitivity and specificity (3,12). Therefore, there 
is an urgent need to identify a simple, non‑invasive or mini‑
mally invasive, reproducible and highly sensitive method to 
identify diagnostic biomarkers with high sensitivity and speci‑
ficity, thereby enabling the early identification of malignant 
pulmonary nodules.

Metabolomics is an emerging high‑throughput tech‑
nology used to detect, identify and quantify metabolites in 
biological samples. It can directly exhibit changes within 
seconds or minutes from an event, demonstrating high 
sensitivity and proving its unique value in disease diagnosis 
and disease mechanisms (13‑15). Non‑targeted metabolo‑
mics is one of the techniques in metabolomics that focuses 
on the comprehensive analysis of all low molecular weight 
metabolites. It reveals metabolic changes associated with 
diseases and reflects their metabolic characteristics, thus 
being utilized to identify potential biomarkers that provide 
effective assistance for disease screening and early diag‑
nosis (15,16). Furthermore, the biological samples required 
for metabolomics often originate from the bodily fluids of 
the patients, such as blood, plasma, serum and urine (17), 
making sample collection convenient and repeatable, which 
is beneficial for routine monitoring. 

Metabolic dysregulation is a hallmark of cancer occurrence 
and progression (18). Utilizing non‑targeted metabolomics 
to analyze the metabolic changes from precancer to cancer 
helps identify potential diagnostic biomarkers. For instance, a 
non‑targeted metabolomics study on hepatocellular carcinoma 
reported that PG(i‑12:0/a‑17:0) and phytosphingosine are 
potential biomarkers for early hepatocellular carcinoma diag‑
nosis in patients with liver cirrhosis. Furthermore, norvaline, 
L‑histidinol, N‑docosahexaenoyl γ‑aminobutyric acid, inosine 
and 3‑hydroxyoctanoly carnitine revealed a high potential 
to distinguish patients with hepatocellular carcinoma and 
liver cirrhosis from normal controls (14). Currently, the main 
techniques in metabolomics are nuclear magnetic resonance 
(NMR), gas chromatography‑mass spectrometry (GC‑MS) 
and liquid chromatography‑mass spectrometry (LC‑MS) (19). 
NMR is a rapid, non‑destructive and reproducible technique, 
but has relatively low sensitivity (19,20). GC‑MS is suitable 
for the analysis of samples that are stable and easy to gasify 
but needs derivatization and a longer sample preparation 
time  (19,20). By contrast, LC‑MS has a higher sensitivity 
and wider testing scope, while avoiding the complex sample 
pretreatment in GC‑MS, which makes it an increasingly 
predominant platform in metabolomics (19‑21).

Based on the aforementioned points, in the present study, 
plasma samples were collected from three different stages: 
Patients with lung cancer, those with pulmonary nodules 
and healthy individuals. By analyzing the metabolic changes 

using LC‑MS, the present study aimed to identify differen‑
tial metabolites, identify potential diagnostic biomarkers for 
lung cancer and reveal abnormal metabolic pathways, with 
the intention of providing novel insights and approaches for 
the early diagnosis of lung cancer, as well as its pathological 
mechanisms in the future.

Patients and methods

Study participants. A total of 68 participants from Dongzhimen 
Hospital of Beijing University of Chinese Medicine (Beijing, 
China) were enrolled between April 2023 and May 2024, 
including 20 patients with lung cancer (lung cancer group), 
28  patients with pulmonary nodules (pulmonary nodule 
group) and 20 healthy individuals (healthy group). Patients 
with lung cancer and pulmonary nodules were recruited using 
a simple random sampling method based on disease type, 
while healthy individuals were recruited using a matching 
method based on age and sex. The present study was reviewed 
and approved by the Ethics Committee of Dongzhimen 
Hospital of Beijing University of Chinese Medicine (approval 
no. 2022DZMEC‑312‑02). All methods were conducted in 
accordance with relevant guidelines and regulations. All 
participants signed informed consent forms. The inclusion 
criteria for lung cancer were as follows: i) The patients were 
confirmed to have lung adenocarcinoma through histopatho‑
logical examination; ii) there were no restrictions on the sex of 
the patients and the age range was 18‑90 years; iii) the patients 
had not received any treatments such as surgery, chemotherapy 
or radiotherapy prior to enrollment in the present study. The 
inclusion criteria for pulmonary nodules were as follows: 
i) The patient had imaging findings of round or irregularly 
shaped pulmonary nodules with a maximum diameter of 
≤30 mm, which was either solid or subsolid in nature and 
exhibited increased radiological density; ii) either a) pathology 
results were negative or b) imaging features were benign, Lung 
Imaging Reporting and Data System category 2 (22) and they 
were classified as low‑risk by the chest CT image‑assisted 
system at Dongzhimen Hospital of Beijing University of 
Chinese Medicine; iii) there were no restrictions on the sex 
of the patients and the age range was 18‑90 years; and iv) the 
patients did not receive any treatment prior to enrollment in 
the present study. The healthy individuals were diagnosed 
as healthy by physical examination and medical diagnosis. 
The exclusion criteria for the present study were as follows: 
i) Patients who were in the acute phase of a disease, such as 
acute respiratory infection, myocardial infarction, renal insuf‑
ficiency or other conditions that could interfere with diagnosis; 
ii) patients who had severe primary disease affecting major 
organs, such as the heart, lungs, brain, liver, kidney or blood 
or any severe conditions impacting their overall survival; 
iii) patients who were suffering from psychiatric disorders; 
and iv) patients who were diagnosed with other malignant 
tumors. The baseline information for all participants is shown 
in Table I. Examples of chest CT images for lung cancer and 
pulmonary nodule groups can be seen in Fig. 1.

Reagents and equipment. The reagents used in the present 
study mainly included methanol, formic acid and ammo‑
nium acetate (supplementary material). The instruments 
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used included ultra‑high‑performance liquid chromatograph 
(UHPLC), quadrupole Orbitrap ion trap mass spectrometer, 

ultra‑pure water system, multi‑tube vortex oscillator, benchtop 
high‑speed refrigerated centrifuge, vacuum centrifugal 

Table I. Baseline information of all participants.

	 Pulmonary nodules	 Lung cancer	 Healthy group	
Clinical characteristics	 group (n=28)	 group (n=20)	 (n=20)	 P‑value

Age, years				  
  Median (range)	 65.5 (44‑87)	 70.5 (35‑82)	 60.5 (48‑71)	 ‑
  Mean ± SD	 65.68±12.99	 67.35±12.20	 60.80±7.24	 0.062
Sex				    0.277
  Male	 8 (28.6)	 10 (50.0)	 9 (45.0)	
  Female	 20 (71.4)	 10 (50.0)	 11 (55.0)	
Smoking history				    0.569
  Yes	 6 (21.4)	 7 (35.0)	 6 (30.0)	
  No	 22 (78.6)	 13 (65.0)	 14 (70.0)	
Dust exposure history				    >0.999
  Yes	 1 (3.6)	 0 (0.0)	 0 (0.0)	
  No	 27 (96.4)	 20 (100.0)	 20 (100.0)	
Family history of tumors				    0.057
  Yes	 1 (3.6)	 4 (20.0)	 0 (0.0)	
  No	 27 (96.4)	 16 (80.0)	 20 (100.0)	
Hypertension				    0.055
  Yes	 5 (17.9)	 5 (25.0)	 0 (0.0)	
  No	 23 (82.1)	 15 (75.0)	 20 (100.0)	
Type 2 diabetes				    0.061
  Yes	 6 (21.4)	 2 (10.0)	 0 (0.0)	
  No	 22 (78.6)	 18 (90.0)	 20 (100.0)	
Hyperuricemia				    >0.999
  Yes	 1 (3.6)	 0 (0.0)	 0 (0.0)	
  No	 27 (96.4)	 20 (100.0)	 20 (100.0)	
Hyperlipidemia				    0.059
  Yes	 6 (21.4)	 5 (25.0)	 0 (0.0)	
  No	 22 (78.6)	 15 (75.0)	 20 (100.0)	
Fatty liver				    0.553
  Yes	 2 (7.1)	 2 (10.0)	 0 (0.0)	
  No	 26 (92.9)	 18 (90.0)	 20 (100.0)	
Coronary atherosclerotic heart disease				    0.110
  Yes	 4 (14.3)	 4 (20.0)	 0 (0.0)	
  No	 24 (85.7)	 16 (80.0)	 20 (100.0)	
Heart failure				    >0.999
  Yes	 1 (3.6)	 0 (0.0)	 0 (0.0)	
  No	 27 (96.4)	 20 (100.0)	 20 (100.0)	
Atrial fibrillation				    >0.999
  Yes	 1 (3.6)	 1 (5.0)	 0 (0.0)	
  No	 27 (96.4)	 19 (95.0)	 20 (100.0)	
Cerebral infarction				    >0.999
  Yes	 1 (3.6)	 1 (5.0)	 0 (0.0)	
  No	 27 (96.4)	 19 (95.0)	 20 (100.0)	
Pathological type (adenocarcinoma)	 ‑	 20 (100.0)	 ‑	 ‑

Values are expressed as n (%) unless otherwise specified.
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concentrator, chromatography columns, 200‑ and 1,000‑µl 
pipettes, and pipette tips (Tables SI‑SIII).

Plasma sample collection and preparation. A 4‑ml blood 
sample was obtained from all of the participants in the 
early morning fasting state. The samples were immediately 
centrifuged at 1,610 x g for 10 min at 4˚C and the plasma 
was transferred to a 1.5‑ml clean centrifuge tube and stored 
at ‑80˚C until analysis. Once all samples were collected, 
metabolomics analysis was conducted. The plasma samples 
were pretreated as follows: i) The frozen plasma samples were 
thawed at 4˚C for 30‑60 min; ii) 100 µl of the plasma sample 
was precisely pipetted into a 1.5‑ml centrifuge tube and three 

times the volume of pre‑chilled methanol was added; iii) the 
mixture was vortexed for 5 min, allowed to sit on ice for 
10 min and then centrifuged at 15,000 x g for 15 min at 4˚C; 
iv) 300 µl of the supernatant was collected in a centrifuge tube 
and vacuum‑concentrated for 4 h; and v) the supernatant was 
re‑dissolved in 50 µl of methanol/water (1:1) and vortexed for 
5 min, centrifuged at 15,000 x g for 15 min at 4˚C and the 
supernatant was then used for analysis.

LC‑MS analysis conditions. LC‑MS analysis was performed on 
plasma samples using a Thermo Scientific Vanquish UHPLC 
system (Thermo Fisher Scientific, Inc.) interfaced with a heated 
electrospray ionization‑equipped quadrupole‑Orbitrap™ 

Figure 1. Examples of chest CT images for lung cancer and pulmonary nodule groups. (A) Chest CT image of a 50‑year‑old female patient with lung cancer. 
(B) Chest CT image of a 60‑year‑old male patient with lung cancer. (C) Chest CT image of a 63‑year‑old female patient with pulmonary nodule who underwent 
pathological examination. (D) Chest CT image of a 51‑year‑old female patient with pulmonary nodule who underwent pathological examination. (E) Chest 
CT image of a 45‑year‑old male patient with pulmonary nodule without pathological examination. (F) Chest CT image of a 44‑year‑old female patient with 
pulmonary nodule without pathological examination. The lesions are highlighted by red boxes in all images.
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hybrid mass spectrometer. Chromatographic separation was 
performed using a Waters™ UPLC high strength silica T3 
column (2.1x100 mm, 1.8 µm) under the following conditions: 
i) The mobile phase comprised component a) 0.1% formic 
acid and 0.1% aqueous formic acid solution, and component b) 
methanol; and ii) the flow rate was maintained at 0.3 ml/min, 
with the column temperature set to 40˚C and an injection 
volume of 1 µl was used (supplementary material).

Mass spectrometry was conducted in both positive and 
negative ion modes with the following specific parameters: 
The ion source voltage for positive and negative ions were set 
at 3.8 and 3.2 kV, respectively. The capillary heating tempera‑
ture was 320˚C, with an auxiliary gas pressure of 10 psi and 
sheath gas pressure of 30 psi and the collision gas pressure 
was 1.5 mTorr. All gases (auxiliary, sheath and collision gas) 
were nitrogen. The parameters for the full scan in the first 
stage were set as follows: A resolution of 60,000, an automatic 
gain control (AGC) target of 3x106, a maximum isolation time 
of 200 msec and a mass‑to‑charge ratio (m/z) scan range of 
70‑1,050. For metabolite identification, the dd‑MS2 scan mode 
(a data‑dependent acquisition method) was employed using 
the following parameters: Scanning was conducted in four 
segments for m/z ranges of 70‑160, 150‑400, 390‑1,050 and 
70‑1,050, with a resolution of 60,000, an AGC target of 3x106, 
a maximum isolation time of 100 msec and a maximum of 8 
ion fragments to be scanned (dynamic exclusion). The mass 
isolation window was set to 1.5 and the collision energies were 
20, 30 and 40 V. The Xcalibur software (version 4.2; Thermo 
Fisher Scientific, Inc.) was used to control the LC‑MS system 
and to perform data acquisition.

Quality control (QC). QC samples were prepared for QC 
purposes. The QC samples were obtained by taking a fixed 
volume from all samples, mixing them uniformly and 
preparing them in the same manner as other samples. In 
the present study, three blank samples were used to equili‑
brate the chromatography column, followed by three QC 
samples to equilibrate the columns under the same condi‑
tions. A QC sample was inserted after every 8‑10 samples to 
monitor the stability and reproducibility of the entire LC‑MS 
system, ensuring the reliability of the data obtained in the 
present study.

Data analysis
Non‑targeted metabolomics data processing. The Compound 
Discoverer software (version 3.3; Thermo Fisher Scientific, 
Inc.) was used to preprocess data in both positive and nega‑
tive ion modes. The steps included importing the raw data, 
peak extraction, deconvolution, peak alignment and filtering 
or filling in missing values, resulting in an aligned peak table 
containing retention times, m/z and peak areas. The aligned 
peak table was then imported into open‑source software 
MetaboAnalyst (version  5.0; https://www.metaboanalyst.
ca/), where data filtering was performed by removing vari‑
ables with a relative SD >20% in QC samples. Subsequently, 
normalization was carried out using the sum normalization 
method, followed by log data transformation and auto‑scaling, 
ultimately producing a normalized table of retention times, m/z 
and peak areas. The normalized peak table was then imported 
into Simca (version 14.1; Umetrics, Inc.) and GraphPad Prism 

statistical analysis software (version  6.02; Dotmatics) for 
preliminary statistical analysis.

Principal component analysis (PCA) and orthogonal 
partial least squares‑discriminant analysis (OPLS‑DA) were 
employed to reflect overall metabolic differences and inter‑
group differences. To validate the accuracy of the OPLS‑DA 
model, a permutation analysis was conducted with 200 
iterations to eliminate the randomness associated with the 
supervised learning method. The quality of the OPLS‑DA 
mode can be explained by R2Y and Q2 values. The R2Y 
estimates the goodness of fit of the model that represents the 
fraction of explained Y‑variation and Q2 estimates the ability 
of prediction. Differential metabolites were identified using a 
combination of quantitative and qualitative methods. For the 
quantitative method, variable importance in the projection 
(VIP) values from the OPLS‑DA model were used in conjunc‑
tion with P‑values from unpaired t‑tests to identify differential 
metabolites, with the criteria set as VIP >1.5 and P<0.05. 
For the qualitative method, searches were conducted in the 
mzCloud (https://www.mzcloud.org), Human Metabolome 
Database (HMDB; http://www.hmdb.ca), ChemSpider 
(https://www.chemspider.com), BioCyc (https://www.biocyc.
org) and Kyoto Encyclopedia of Genes and Genomes (KEGG; 
http://www.genome.jp/kegg) databases. The identified differ‑
ential metabolites were then subjected to metabolic pathway 
enrichment analysis using the KEGG database, considering 
pathways with an impact value of ≥0.01 as significantly altered 
pathways.

Statistical analysis. Statistical analysis was performed using 
SPSS (version 25.0; IBM Corp.) and R software (version 4.4.1; 
Posit Software, PBC). Categorical data were described by 
frequency (n) and percentages (%), while continuous data were 
expressed as the mean ± SD. Intergroup comparisons were 
conducted using SPSS 25.0. The categorical data analyzed by 
the χ2 test included sex and smoking history, while Fisher's 
exact test was applied to other categorical data. For continuous 
data, the age of the participants deviated from the normal 
distribution (tested with the Shapiro‑Wilk test); therefore, 
the non‑parametric Kruskal‑Wallis test with Dunn's multiple 
post‑hoc comparisons test was used to compare the groups. R 
version 4.4.1 was used for binary logistic regression analysis 
and receiver operating characteristic (ROC) curve analyses, 
with the area under the curve (AUC) used to evaluate their 
diagnostic effectiveness. The standard for AUC values were 
as follows: 0.5<AUC<0.7 indicated low diagnostic accuracy, 
0.7<AUC<0.9 represented a moderate diagnostic accuracy and 
AUC >0.9 indicated high diagnostic accuracy. P<0.05 was 
considered to indicate a statistically significant difference.

Results

General characteristics of the study participants. In the present 
study, the lung cancer group included 10 males and 10 females, 
aged 35‑82 years, with an average age of 67.35±12.20 years. The 
pulmonary nodule group consisted of 8 males and 20 females, 
aged 44‑87 years, with an average age of 65.68±12.99 years. 
The healthy group included 9 males and 11 females, aged 
48‑71 years, with an average age of 60.80±7.24 years. After 
comparison, there were no significant differences among the 

https://www.spandidos-publications.com/10.3892/ol.2025.15369
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three groups in terms of age, sex, smoking history, dust expo‑
sure history, family history of tumors, hypertension, type 2 
diabetes, hyperuricemia, hyperlipidemia, fatty liver, coronary 
atherosclerotic heart disease, heart failure, atrial fibrillation 
and cerebral infarction (P<0.05; Table I).

QC assessment and overall metabolomic characteristics 
among the three groups of samples. First, PCA analysis was 
performed to assess the quality of the QC samples and other 
clinical samples (Fig. 2). The results demonstrated that all QC 
samples clustered together under both positive and negative ion 
modes, indicating good system stability and reproducibility 
(Fig. 2A and C). Subsequently, PCA analysis was conducted 
on samples from the lung cancer, pulmonary nodule and 
healthy groups. The PCA score plots indicated a slight sepa‑
ration trend among the three groups (Fig. 2B and D). Lastly, 
to further elucidate this distinction, OPLS‑DA analysis was 
conducted. The results demonstrated a notable separation 
between the pulmonary nodule and healthy groups, lung cancer 
and healthy groups, as well as between the pulmonary nodule 
and lung cancer groups, across both positive and negative ion 
modes, indicating notable metabolic differences among the 
groups (Figs. 3‑5).

Differential metabolite selection among the lung cancer, 
pulmonary nodule and healthy groups. Differential metabo‑
lites were selected based on the VIP values and P‑values 
from the OPLS‑DA analysis. The results indicated that under 
both positive and negative ion modes, a total of 50 differen‑
tial metabolites were identified among the lung cancer, lung 
nodule and healthy control groups. Among them, 35 differen‑
tial metabolites were identified between the pulmonary nodule 
and healthy groups (Fig. 6A), 31 differential metabolites were 
identified between the lung cancer and healthy groups (Fig. 6B) 
and 14 differential metabolites were identified between the 
pulmonary nodule and lung cancer groups (Fig. 6C).

By comparing the differential metabolites among the 
groups, 18 overlapping differential metabolites were identified 
between the pulmonary nodule and healthy groups, as well as 
between the lung cancer and healthy groups, with 16 of these 
demonstrating the same trend of change in both comparisons. 
This reflected the clinical similarities between patients with 
pulmonary nodules and those with lung cancer. In addition, 
there were 11 overlapping differential metabolites between 
the pulmonary nodule and healthy groups, as well as between 
the pulmonary nodule and lung cancer groups. Furthermore, 
there were three overlapping differential metabolites between 

Figure 2. PCA score plots of plasma data from QC samples, pn, lc and hlt groups. (A) PCA score chart of plasma data from QC samples and other samples 
in the negative ion mode. (B) PCA score chart of plasma data from the pn, the lc and the hlt groups in the negative ion mode. (C) PCA score chart of plasma 
data from QC samples and other samples in the positive ion mode. (D) PCA score chart of plasma data from the pn, the lc and the hlt groups in the positive 
ion mode. Red indicates the hlt group; blue indicates the pn group; yellow indicates the lc group. PCA, principal component analysis; QC, quality control; hlt, 
healthy group; pn, pulmonary nodule group; lc, lung cancer group.
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the lung cancer and healthy groups, as well as between the 
pulmonary nodule and lung cancer group. The Venn diagram 
indicates the overlap of the differential metabolites in the 
three comparisons (Fig. 6D). Detailed information on the 
overlapping metabolites is provided in Table II.

Potential diagnostic biomarker selection. ROC curve analysis 
was conducted to assess the diagnostic value of plasma 
metabolites among patients with lung cancer, pulmonary 
nodules and healthy individuals, in order to identify potential 
diagnostic biomarkers. The results indicated that the AUC 
values for all differential metabolites between the pulmonary 
nodule and healthy groups, as well as between the lung cancer 
and healthy groups, were <0.9, suggesting that the diagnostic 
value of single differential metabolites was low. Further 
combination analysis of differential metabolites revealed that 
in the pulmonary nodule and healthy groups, the joint detec‑
tion of pyroglutamic acid, 2‑hydroxyhexadecanoylcarnitine, 
pantothenic acid and urocanic acid achieved an AUC value 
of 0.902 (95% CI, 0.807‑0.996), indicating a high diagnostic 
value, with sensitivity and specificity of 89.3  and 90.0%, 
respectively (Fig. 7A). In the lung cancer and healthy groups, 
the combined detection of 3‑methoxytyrosine, pantothenic 

acid and 2‑hydroxyhexadecanoylcarnitine resulted in an 
AUC value of 0.945 (95% CI, 0.883‑1.000), also indicating 
a high diagnostic value, with sensitivity and specificity of 
90.0 and 80.0%, respectively (Fig. 7B). Of note, urocanic acid, 
pyroglutamic acid, pantothenic acid, 3‑methoxytyrosine and 
2‑hydroxyhexadecanoylcarnitine were overlapping differential 
metabolites between the pulmonary nodule and the healthy 
groups, as well as between the lung cancer and the healthy 
groups, displaying the same trend of change. This suggested 
that these differential metabolites may serve as biomarkers to 
distinguish patients with lung cancer and pulmonary nodules 
from healthy individuals.

Furthermore, ROC curve analysis was conducted between 
the lung cancer and the pulmonary nodule groups to identify 
potential diagnostic biomarkers that can differentiate between 
patients with lung cancer and those with pulmonary nodules. 
The results demonstrated that the AUC value for dodecane‑
dioic acid was 0.936 (95% CI, 0.862‑1.000), indicating a high 
diagnostic value, with a sensitivity of 95.0% and specificity 
of 85.7% (Fig. 7C). This suggested that dodecanedioic acid 
has potential clinical application value in screening for lung 
cancer and pulmonary nodules and can serve as an effective 
biomarker to distinguish between the two.

Figure 3. OPLS‑DA score scatter plots and permutation test plots of plasma data from the pn and the hlt groups. (A and B) OPLS‑DA score scatter plots in 
(A) negative ion mode (R2Y=0.986, Q2=0.593) and (B) positive ion mode (R2Y=0.978, Q2=0.527). (C and D) permutation test plots of OPLS‑DA in the 
(C) negative ion mode (intercept of Q2 with the y‑axis, ‑0.308) and (D) positive ion mode (intercept of Q2 with the y‑axis, ‑0.275). R2Y estimates the good‑
ness of fit of the model that represents the fraction of explained Y‑variation and Q2 estimates the ability of prediction. OPLS‑DA, orthogonal partial least 
squares‑discriminant analysis; hlt, healthy group; pn, pulmonary nodule group; lc, lung cancer group. 

https://www.spandidos-publications.com/10.3892/ol.2025.15369
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Metabolic pathway analysis. Pathway enrichment analysis 
was performed on the selected differential metabolites. The 
results demonstrated that a total of 21 metabolic pathways were 
enriched in both the pulmonary nodules and healthy groups, 
among which 9 pathways exhibited significant changes, 
including ‘linoleic acid metabolism’, ‘caffeine metabolism’, 
‘histidine metabolism’, ’α‑linolenic acid metabolism’, 
‘arginine biosynthesis’, ‘tryptophan metabolism’, ‘arginine 
and proline metabolism’, ‘glycerophospholipid metabolism’ 
and ‘pyrimidine metabolism’ (Fig. 8A). As compared with 
the healthy group, a total of 18 metabolic pathways were 
enriched in the lung cancer group, with 9 pathways demon‑
strating significant changes: ‘Linoleic acid’, ‘α‑linolenic acid 
metabolism’, ‘tryptophan metabolism’, ‘arginine and proline 
metabolism’, ‘histidine metabolism’, ‘cysteine and methio‑
nine metabolism’, ‘arginine biosynthesis’, ‘citrate cycle 
[tricarboxylic acid (TCA) cycle]’ and ‘alanine, aspartate and 
glutamate metabolism’ (Fig. 8B). In the comparison between 
the pulmonary nodule and lung cancer groups, a total of 
10 metabolic pathways were enriched, with 3 pathways 
demonstrating notable changes: ‘Citrate cycle (TCA cycle)’, 
‘alanine, aspartate and glutamate metabolism’ and ‘arginine 
and proline metabolism’ (Fig. 8C).

By comparing the metabolic pathways among the groups, it 
was identified that between the pulmonary nodule and healthy 
groups, as well as between the lung cancer and healthy groups, 
six metabolic pathways were shared: ‘Linoleic acid metabo‑
lism’, ‘α‑linolenic acid metabolism’, ‘tryptophan metabolism’, 
‘arginine and proline metabolism’, ‘histidine metabolism’ and 
‘arginine biosynthesis’. Between the pulmonary nodule and 
healthy groups, as well as between the pulmonary nodule and 
lung cancer groups, arginine and proline metabolism was a 
shared and significantly altered pathway. In addition, between 
the lung cancer and healthy groups, as well as between the 
pulmonary nodule and lung cancer groups, three metabolic 
pathways were shared: ‘Citrate cycle (TCA cycle)’, ‘alanine, 
aspartate and glutamate metabolism’ and ‘arginine and proline 
metabolism’. Furthermore, the present study revealed that 
‘arginine and proline metabolism’ is a pathway that indicated 
significant changes across all three groups.

Discussion

Lung cancer staging is a key determinant of prognosis (7). 
Several countries, such as the USA and the UK, have imple‑
mented lung cancer screening programs aimed at improving 

Figure 4. OPLS‑DA score scatter plots and permutation test plots of plasma data from the lc and the hlt groups. (A and B) OPLS‑DA score scatter plots 
in (A) negative ion mode (R2Y=0.967, Q2=0.564) and (B) positive ion mode (R2Y=0.993, Q2=0.630). (C and D) permut ation test plots of OPLS‑DA in 
(C) negative ion mode (intercept of Q2 with the y‑axis, ‑0.347) and (D) positive ion mode (intercept of Q2 with the y‑axis, ‑0.265). R2Y estimates the good‑
ness of fit of the model that represents the fraction of explained Y‑variation and Q2 estimates the ability of prediction. OPLS‑DA, orthogonal partial least 
squares‑discriminant analysis; hlt, healthy group; pn, pulmonary nodule group; lc, lung cancer group. 
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outcomes through early diagnosis (23‑25). CT, as the primary 
screening tool, offers rich morphological information, high 
sensitivity and technical maturity (10,26). However, its speci‑
ficity is relatively low, as certain benign lesions share imaging 
characteristics with lung cancer, leading to overdiagnosis (27). 
To address this limitation, current research focuses on multi‑
modal strategies and the development of novel methods. For 
example, using artificial intelligence to mine radiomic features 
and integrate multimodal data to enhance CT specificity (5,27). 
Metabolomics is an emerging technology and analyzes metab‑
olites (15). As the products of interactions among genes, RNA 
and proteins, metabolites can reflect the current physiological 
and pathological states of the body in real time (28) and have 
the potential for high specificity, offering a novel avenue to 
improve the diagnostic specificity of lung cancer in the future. 
In the present study, LC‑MS was used to identify specific 
metabolic biomarkers that distinguish lung cancer, pulmonary 
nodules and healthy individuals, providing a novel strategy for 
early diagnosis.

The differential metabolites and ROC curves from the 
present study demonstrated that urocanic acid, pyroglutamic 
acid, pantothenic acid, 3‑methoxytyrosine and 2‑hydroxy‑
hexadecanoylcarnitine display the same trend of changes 
in lung cancer, pulmonary nodules and healthy individuals. 

In addition, dodecanedioic acid can distinguish between 
pulmonary nodule and lung cancer, suggesting that the 
aforementioned metabolites are involved in the occurrence 
and development of lung cancer. This is consistent with 
previous literature. Filaggrin is degraded into histidine, 
which is then converted into urocanic acid by histidinase. 
Urocanic acid undergoes a series of enzymatic reactions to 
form glutamic acid (29‑31). The glutamic acid is subsequently 
metabolized into pyroglutamic acid, which influences gluta‑
mine and glutathione metabolism, thereby participating in 
tumorigenesis  (32,33). Pantothenic acid is a precursor of 
coenzyme A, which is acetylated to form acetyl‑coenzyme 
A (acetyl‑CoA), participating in processes such as the TCA 
cycle and lipid metabolism, thereby affecting the growth and 
proliferation of cancer (34‑36). The HMDB indicates that 
3‑methoxytyrosine is a tyrosine‑derived metabolite, while 
2‑hydroxyhexadecanoylcarnitine is classified as a member of 
fatty acid esters. Dysregulation of tyrosine metabolism can 
not only lead to lung cancer but also interplay with the tumor 
immune microenvironment, which serves a key role in cancer 
development (37‑39). In addition, it has been reported that 
3‑methoxytyrosine may regulate immune responses by modu‑
lating enzyme activity (40) and these immune responses are 
closely associated with tumorigenesis and progression (41,42). 

Figure 5. OPLS‑DA score scatter plots and permutation test plots of plasma data from the pn and the lc groups. (A and B) OPLS‑DA score scatter plots in 
(A) negative ion mode (R2Y=0.994, Q2=0.319) and (B) positive ion mode (R2Y=0.922, Q2=0.563). (C and D) permutation test plots of OPLS‑DA in (C) nega‑
tive ion mode (intercept of Q2 with the y‑axis, ‑0.398) and (D) positive ion mode (intercept of Q2 with the y‑axis, ‑0.274). OPLS‑DA, orthogonal partial least 
squares‑discriminant analysis; hlt, healthy group; pn, pulmonary nodule group; lc, lung cancer group. R2Y estimates the goodness of fit of the model that 
represents the fraction of explained Y‑variation and Q2 estimates the ability of prediction.

https://www.spandidos-publications.com/10.3892/ol.2025.15369
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Fatty acid esters are derivatives of fatty acids, and fatty 
acids can then feed into various metabolic pathways, such 
as the synthesis of complex lipids like triacylglycerides, and 
participation in β‑oxidation processes, providing energy for 
tumor proliferation and producing intermediate products 
that connect different metabolic activities  (43). This is a 
key factor in the occurrence of cancer (44). Dodecanedioic 
acid, a 12C/medium‑chain water‑soluble dicarboxylic acid, 
undergoes oxidative metabolism in mitochondria to generate 
acetyl‑CoA (45). Acetyl‑CoA provides substrates and raw 
materials for fatty acid synthesis and histone acetylation 
modification, which are key pathways in the occurrence and 
progression of cancer (46,47). Therefore, the present study 
suggested that urocanic acid, pyroglutamic acid, pantothenic 
acid, 3‑methoxytyrosine and 2‑hydroxyhexadecanoylcar‑
nitine can serve as biomarkers to distinguish patients with 
lung cancer from those with pulmonary nodules and healthy 
individuals. Dodecanedioic acid is a potential biomarker 
for early lung cancer diagnosis of patients with pulmonary 
nodule. To the best of our knowledge, the results of the present 
study are novel and have not been covered in previous studies. 
Compared with the high‑abundance metabolites detected 

by NMR, such as lipoproteins and glucose and the volatile 
metabolites identified by GC‑MS, such as naphthalene and 
propene, the LC‑MS employed in the present study detected 
certain different metabolites, including small molecular 
organic acids, acylcarnitines and modified amino acids, 
expanding the metabolic profile of lung cancer (48‑50).

The findings from the metabolic pathway enrichment 
analysis demonstrated that there are notable abnormalities 
in pathways associated with amino acids and lipids among 
lung cancer, pulmonary nodules and healthy individuals. This 
suggested that the mechanisms underlying the development 
of lung cancer may be associated with these two metabolic 
alterations. Research has revealed that metabolic reprogram‑
ming of amino acids and lipids represents a hallmark of 
tumorigenesis (51,52). Amino acids, as components of proteins 
and signaling molecules, serve a role in various biological 
processes, including the biosynthesis of proteins and nucleic 
acids, energy production, oxidative stress homeostasis and 
epigenetic modifications (51,53). These biological processes 
established favorable conditions for the occurrence of tumors. 
For instance, amino acids, such as glycine and aspartate, 
provide carbon and nitrogen for purine synthesis in cancer 

Figure 6. Heatmap and Venn diagram of differential metabolites. (A) Heatmap of differential metabolites for the pn and the hlt groups. (B) Heatmap of 
differential metabolites for the lc and the hlt groups. (C) Heatmap of differential metabolites for the pn and the lc groups. (D) Venn diagram of the differential 
metabolites of the three comparisons. In the heatmap, blue represents downregulation and red represents upregulation. hlt, healthy group; pn, pulmonary 
nodule group; lc, lung cancer group.
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Figure 7. ROC curves of differential metabolites. (A) ROC curve for distinguishing between the pn and hlt groups based on pyroglutamic acid, 2‑hydroxy‑
hexadecanoylcarnitine, pantothenic acid and urocanic acid. (B) ROC curve for distinguishing between the lc and hlt groups based on 3‑methoxytyrosine, 
pantothenic acid and 2‑hydroxyhexadecanoylcarnitine. (C) ROC curve for distinguishing between the pn and lc groups based on dodecanedioic acid. ROC, 
receiver operating characteristic; hlt, healthy group; pn, pulmonary nodule group; lc, lung cancer group; AUC, area under the curve.

Table II. Differential metabolites with common metabolic characteristics across groups.

Pulmonary nodules and healthy groups	 Lung cancer and healthy groups	 Pulmonary nodules and healthy
vs. lung cancer and healthy groups 	 vs. pulmonary nodules and lung 	 groups vs. pulmonary nodules 
(n=18)	 cancer groups (n=11)	 and lung cancer groups (n=3)

Pyroglutamic acid	 Oxoglutaric acid	 Oleic acid
2‑Hydroxyhexadecanoylcarnitine	 MG(0:0/16:0/0:0)	 γ‑Glutamylisoleucine
Pantothenic acid	 L‑glutamic acid	 Dodecanedioic acid
Asymmetric dimethylarginine	 L‑threonine	 ‑
Urocanic acid	 4‑Hydroxyproline	 ‑
γ‑Glutamylisoleucine	 Proline betaine	 ‑
3‑Methylglutarylcarnitine	 10z‑Heptadecenoic acid	 ‑
3‑Methoxytyrosines	 Oleamide	 ‑
Oleic acid	 10z‑Nonadecenoic acid	 ‑
L‑isoleucine	 Oleic acid	 ‑
Linoleic acid	 γ‑Glutamylisoleucine	 ‑
5‑Hydroxy‑L‑tryptophan	 ‑	 ‑
α‑Linolenic acid	 ‑	 ‑
L‑Tryptophan	 ‑	 ‑
Hexacosanoic acid	 ‑	 ‑
Tetracosanoic acid	 ‑	 ‑
L‑arginine	 ‑	 ‑
Pipecolic acid	 ‑	 ‑

Figure 8. Bubble plot of KEGG pathway analysis. (A) Bubble plot of KEGG pathway analysis for the pn and the hlt groups. (B) Bubble plot of KEGG pathway 
analysis for the lc and the hlt groups. (C) Bubble plot of KEGG pathway analysis for the pn and the lc groups. KEGG, Kyoto Encyclopedia of Genes and Genomes; 
hlt, healthy group; pn, pulmonary nodule group; lc, lung cancer group. Node color and radius are based on the P‑value and pathway impact value, respectively. 
The larger the circle is, the larger the influence factor is. The deeper red color has the larger value of‑ log(p), which means the more significant enrichment.

https://www.spandidos-publications.com/10.3892/ol.2025.15369
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cells (54); glutamine metabolism can drive the TCA cycle to 
maintain mitochondrial ATP production, supplying energy 
to cancer cells (55); and tryptophan metabolism through the 
kynurenine pathway mediates tumor immune evasion (56). 
Lipids primarily support cancer cell energy supply and partici‑
pate in cancer cell signal transduction and membrane structure 
formation through metabolic processes, such as re‑regulated 
uptake and synthesis, as well as fatty acid oxidation (52,57), 
thereby promoting tumorigenesis. For instance, fatty acid 
oxidation can generate a notable amount of ATP, providing 
energy for the rapid proliferation of cancer cells  (58,59). 
Increased fatty acid synthesis can meet the material require‑
ments for cancer cell membrane generation, sustaining cancer 
cell proliferation (59,60). Oleic acid can promote cancer cell 
proliferation by inducing the activation of relevant enzymes 
and pathways, as well as promote the expression level of cyclin 
D1, facilitating the G1‑to‑S phase transition in the cell cycle 
and accelerating cell proliferation  (61). The results of the 
present study support and supplement previous research: A 
previous study on lung cancer has identified that the principal 
changes in metabolic pathways among healthy individuals, 
pulmonary nodules and lung cancer involve the amino acid 
metabolism (62). However, the present study identified that, in 
addition to changes in amino acid metabolism, lipid metabo‑
lism also underwent alterations.

Furthermore, the results of the metabolic pathway enrichment 
analysis emphasized the significant role of arginine and proline 
metabolism in the development of lung cancer. A previous study 
reported that arginine and proline metabolism are closely associ‑
ated with glutamine metabolism, which can be utilized by cancer 
cells to accelerate tumor growth (63), serving as a hallmark of 
tumor progression. Glutamine is metabolically converted into 
glutamate. Glutamate can be converted to proline under the 
action of pyrroline‑5‑carboxylic acid (P5C) synthase. Proline 
can be converted to arginine through the intermediate P5C and 
arginine, under the hydrolysis of arginase, generates urea and 
ornithine (63,64). On one hand, ornithine can be transformed 
into citrulline by ornithine transcarbamylase and citrulline 
can be converted back into arginine through the urea cycle; on 
the other hand, it can serve as a precursor for the synthesis of 
proline or glutamate (63,65,66). This metabolic process forms 
the glutamine‑arginine‑proline metabolic axis, which has been 
shown to serve a notable role in cancer progression.

The present study, as an exploratory investigation, had two 
main limitations: Firstly, the sample size was relatively small, 
which may not fully capture the metabolic heterogeneity of 
the study population, leading to the potential missed detec‑
tion of certain differential metabolites. Secondly, although 
ROC analysis indicated that the metabolic biomarkers in the 
present study have good diagnostic efficacy, the current results 
have not yet been validated in independent cohorts and their 
clinical applicability requires further investigation. In the 
future, our group plans to conduct multi‑center, large‑sample 
studies to systematically validate the clinical applicability and 
generalizability of the present findings.

In conclusion, the present study employed LC‑MS to analyze 
and compare the plasma metabolic profiles of patients with 
lung cancer, pulmonary nodules and healthy individuals. Strict 
filtration criteria were applied to select differential metabolites 
and potential biomarkers. A total of 50 differential metabolites 

were identified, which were enriched in pathways associated 
with amino acid and lipid metabolism, including ‘linoleic acid 
metabolism’, ‘α‑linolenic acid metabolism’, ‘arginine and proline 
metabolism’ and others. The ROC curve analysis identified six 
potential biomarkers with good sensitivity and specificity to 
distinguish lung cancer, pulmonary nodules and healthy indi‑
viduals, including urocanic acid, pyroglutamic acid, pantothenic 
acid, 3‑methoxytyrosine, 2‑hydroxyhexadecanoylcarnitine and 
dodecanedioic acid. Furthermore, the findings from the present 
study on metabolic changes in lung cancer may provide novel 
insights into understanding the pathophysiological mechanisms 
of the disease. In the future, a systematic and in‑depth investi‑
gation of lung cancer by integrating proteomics, genomics and 
other approaches may be conducted to facilitate the practical 
application of potential biomarkers.
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