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Purpose: Increased use of low-dose spiral computed tomography (LDCT: low-dose com-
puted tomography) screening has contributed to more frequent incidental detection of 
peripheral lung nodules, part of them were adenocarcinoma, which need to be further 
evaluated to establish a definitive diagnosis. Here, our primary objective was to evaluate 
the ambient mass spectrometry (AMS) sputum analysis as a non-invasive lung adenocarci-
noma (LAC) diagnosis solution.
Patients and Methods: Neutral desorption extractive electrospray ionization mass spectro-
metry (ND-EESI-MS) and collision induced dissociation (CID) were used to detect sputum 
metabolites from 143 spontaneous sputum samples. Partial least squares-discriminant analy-
sis (PLS-DA) was used to refine the biomarker panel, whereas orthogonal PLS-DA (OPLS- 
DA) was used to operationalize the enhanced biomarker panel for diagnosis.
Results: In this approach, 19 altered metabolites were detected by ND-EESI-MS from 76 
cases of LAC and 67 cases of control. Significance testing and receiver operating character-
istic (ROC) analysis identified 5 metabolites [hydroxyphenyllactic acid, phytosphingosine, 
N-nonanoylglycine, sphinganine, S-carboxymethyl-L-cysteine] with p <0.05 and AUC 
>0.75, respectively. Evaluation of model performance for prediction of LAC resulted in 
a cross-validation classification accuracy of 87.9%. Metabolic pathway analysis showed that 
sphingolipid metabolism, fatty acid metabolism, carnitine synthesis and Warburg effect were 
most impacted in response to disease.
Conclusion: This study indicates that the application of ND-EESI-MS to sputum analysis 
can be used as a non-invasive detection of peripheral lung nodules. The use of sputum 
metabolite biomarkers may aid in the development of a further evaluation program for lung 
adenocarcinoma.
Keywords: lung cancer, metabolomics, ND-EESI-MS, diagnosis, non-invasive detection

Introduction
Last decade, the proportion of lung adenocarcinoma increased from 20% to almost 
80%.1–4 The 5-year survival rate for early lung adenocarcinoma was significantly better 
than that for advanced lung adenocarcinoma.5,6 Due to the lack of ideal detection 
methods, some patients with lung adenocarcinoma did not receive timely treatment and 
turned into advanced lung adenocarcinoma. The increased use of LDCT has contrib-
uted to more frequent incidental detection of peripheral lung nodules, and the most 
common malignant finding was primary lung adenocarcinoma.3,6,7 However, LDCT 
screening results from independent randomized controlled trials (RCTs) in Europe 
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showed no contribution to mortality reduction, although 
more early-stage cancers were detected.8,9 In addition, chal-
lenges including high false-positive rates, over diagnosis, 
enormous costs, and radiation risk, emerged with the pro-
gress of LDCT screening.7 Complementary biomarkers and 
technical improvements are expected in the lung adenocarci-
noma screening field.10,11

An alternative screening methodology to radiography, 
which offers non-invasive and cost-effective methods to 
assist disease detection, is the utilization of metabolomic 
markers in sputum.12 Sputum is completely noninvasive 
to collect, a simple and cost-effective method to obtain 
samples.13 The best specimen for lung environment is the 
sputum and bronchoalveolar lavage fluid (BALF).14 With 
sputum specimens it is possible to isolate cells with the 
same peculiarities of the lung environment and to analyze 
their molecular characteristics.15 The number of normal 
alveolar epithelial cells in sputum was significantly 
higher than that of lung cancer cells. This is crucial 
especially for small tumors, or for tumors in early stage. 
Sputum contains thousands of compounds including fatty 
acid amide, cytoglobin,16 palmitoleic acid, putrescine, 
phosphatidylcholines,17,18 and diethyl glutamate 
cysteamine,12 etc. Developments in ambient mass spec-
trometry (AMS)19–22 examinations are now able to iden-
tify extremely small metabolites alterations from sputum, 
typical highly viscous bio-sample, using neutral deso-
rption extractive electrospray ionization mass spectrome-
try (ND-EESI-MS) without multi-step sample 
pretreatment.18 In our previous study of ND-EESI-MS, 
an AMS metabolic profiling approach was used for the 
identification of candidate NSCLC metabolic markers. 
Altered phosphatidylcholines in sputum were shown to 
be effective for the detection of NSCLC.17 Changes in 
cellular metabolism in cancerous tissues are important 
features of cancer development.23 It is expected that 
a deeper understanding of the different metabolite pattern 
between lung adenocarcinoma patients and normal con-
trol might be helpful to unravel the complex molecular 
interactions in sputum analysis and lung adenocarcinoma 
early diagnosis. The present work explores a combination 
of ND-EESI-MS and plasma samples. Partial least 
squares-discriminant analysis (PLS-DA) for the detection 
of sputum metabolites from lung adenocarcinoma and 
healthy samples, resulting in the detection of 19 altered 
metabolites that are reflective of 20 metabolic pathways 
of potential biological relevance.

Patients and Methods
Reagents
Methanol (analytical reagent grade) and acetic acid (AcOH) 
were purchased from Tedia Company Inc. (Fairfield, OH, 
USA). The deionized water was homemade.

Clinical Samples
This study was approved by the Medical Ethics Committee 
of the Institutional Review Board of the Second Affiliated 
Hospital to Nanchang University, Nanchang, P. R. China. 
Written informed consent was obtained from all the patients 
in this study. All clinical investigations were conducted 
according to the principles expressed in the Declaration of 
Helsinki. After overnight fasting, spontaneous sputum sam-
ples were collected in one canister at the thoracic depart-
ment of the Second Affiliated Hospital of Nanchang 
University from Jan. 2016 to Dec. 2018. Under the sample 
collection criteria, a total 143 sputum samples were 
included in the study (Supplemental Scheme S1). Lung 
adenocarcinoma (LAC) sputum samples (n=76) were col-
lected form patients who were diagnosed with LAC by 
pathology. Control group (Con) sputum sample consisted 
of benign disease (Ben) and healthy people (Hea). Benign 
disease (Ben, n=28) sputum samples were collected form 
patients who were diagnosed with lung benign tumor or 
disease by pathology after surgery, normal people (Nor, 
n=39) sputum samples were collected from people with no 
evidence of disease. The controls were age-matched with 
LAC patients (see Table 1 for full clinical and demographic 
characteristics of study participants). Patients in stages I and 
II were regarded as early-stage LAC (ELAC) and those in 
stages III to IV regarded as late-stage LAC (LLAC) 5. The 
benign disease control (Ben) group consisted of 12 bronch-
iectasis, 9 lung hamartoma and 7 inflammatory myofibro-
blastic tumor (IMT). None of these patients had any type of 
previous cancer. All sputum samples were frozen and stored 
at −80°C until sample processing.

Sample Preparation
The sample preparation protocol was modeled after pre-
vious studies.17,18 Sputum samples, stored at −80°C, were 
first thawed at 4°C overnight prior to MS analysis. After 
samples were vortexed for 5 s, a 1 mL aliquot of sputum 
was set to a sealed glass vial (Figure S1) without any other 
pretreatment.17 A pooled sample, which was a mixture of 
sputum from all lung adenocarcinoma (LAC) patients, 
benign disease (Ben) patients and healthy controls (Con), 
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was extracted using the same procedure as previously 
described. This sample was used for quality control (QC) 
purposes and was analyzed once every 10 study samples 
for NS-EESI-MS analysis.18

ND-EESI and Mass Spectrometry 
Conditions
The ND apparatus and the EESI ion source (Figure S1) were 
developed by Jiangxi Key Laboratory for Mass Spectrometry 
and Instrumentation as we published before.17,18,24 The ioniz-
ing solvent (mixture of methanol/water/acetic acid, 50:48:2, v/ 
v/v) was pumped at a speed of 5 μL·min−1, ionized by a high 
voltage of +3.5 kV, and subsequently atomized by a N2 gas 
flow at the pressure of 1.2–1.6 MPa. The N2/methanol/acetic 
acid gas flow, as a neutral desorption airflow, was made by 
a N2 gas flow (pressure: 0.4–0.6 MPa) driven into the deso-
rption liquid (methanol and acetic acid, 99:1, v/v). Next, the 
neutral desorption airflow was used to bring the analytes in the 
sputum into the ionization region, which were charged when it 
mixed with the high voltage ionizing solvent.

Non-targeted metabolomics experiments were per-
formed using ND-EESI ion source coupled with LTQ-XL 
mass spectrometer (Thermo Fisher Scientific, San Jose, 
CA, USA), which was set to work in both positive ion 
detection mode (Figure S1). Briefly, capillary temperature 
was set to 150°C, capillary voltage was 35 V, and the tube 
lens voltage was 100 V. The m/z scan range was 50–500. 
Mass spectra were recorded by measuring each sample for 

60 seconds at a time and repeated five times. For collision 
induced dissociation (CID) conditions, a maximum injec-
tion time of 100ms was used to the MS/MS spectrum for 
ion detection, the ion selection operation width was 1 Da 
and the normalized collision energy was 13%–21%. Other 
parameters were set as the default values of the instrument 
without any further artificial optimization.24,25

Data Processing and Statistical Analysis
The relative abundance data of the mass spectrometry finger-
prints of the sputum samples recorded by ND-EESI-MS were 
derived, and the data was organized into one sample per row, 
and each column represents a mass-to-charge ratio (m/z) 
value. The student’s t-tests were used to compare the relative 
abundance levels between LAC patients and healthy controls 
with α set to 0.05. SIMCA-13.0 software (Umetrics, Umeå, 
Sweden) was used to construct diagnostic model. Before 
partial least squares-discriminant analysis (PLS-DA) and 
orthogonal PLS-DA (OPLS-DA) was performed, ND-EESI- 
MS data was log10-transformed and Pareto scaled. Both a 200- 
iteration permutation test for internal validation and a 50% 
testing set for external validation were performed to model 
validation. R2 and Q2 were used to indicate the explanatory 
and predictive capacity of the model, respectively. The differ-
ential metabolites were obtained based on variable importance 
in projection values (VIP > 1) taken from the PLS-DA model 
and significant q-values (q < 0.05). Area under the receiver- 
operating characteristic curve (AUROC) was then calculated 
to evaluate the classification performance of the PLS-DA 
model.26 These statistical analyses were performed using 
SPSS 20 (IBM Corporation, Armonk, NY, USA). Biomarker 
and pathway analyses were performed and visualized using 
the MetaboAnalyst 4.0 software package.26,27 Features were 
identified by matching the experimental accurate mass and 
tandem mass spectrum (MS/MS) with those shown in meta-
bolomic databases (HMDB and METLIN), and then con-
firmed with commercial standards when available.18,25

Results
Metabolic Profiles of Lung 
Adenocarcinoma Patients versus 
Controls
A total of 76 LAC patients and 67 controls were included in 
the study. Sputum samples were analyzed by ND-EESI-MS 
directly with the mass range from m/z 50 to 500. There were 
more than 200 spectra relative abundance information shown 
in Figure 1, the MS fingerprint of lung adenocarcinoma 

Table 1 Characteristics of Study Participants

Characteristics LAC* Control Group (Con)

Ben# Hea&

Number 76 28 39

Age (mean ± SD) 60.1 ± 8.7 63.4 ± 9.4 58.6 ± 9.8
Gender (Male/Female) 32/44 13/15 17/22

Smoking Index > 400 23.70% 25.00% 23.10%

Clinical Cancer Stage

I 21

II 41
III 14

Pathological Diagnosis
Bronchiectasis 12

Hamartoma 9

Inflammatory 
Myofibroblastic Tumor

7

Abbreviations: *LAC, lung adenocarcinoma; #Ben, benign disease; &Hea, healthy 
individuals
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(LAC) sputum were characterized by m/z 116.93, m/z 
131.07, m/z 321.29, etc., whereas in control (Con) sputum 
the MS fingerprint were characterized by m/z 145.18, m/z 
318.29, m/z 394.29 etc. According to Student’s t-test, 19 
peaks were shown to have statistically significant difference 
between lung adenocarcinoma (LAC) and control group 
(Con), (p < 0.05). Upon collision-induced dissociation (CID) 
experiment,18,25 19 metabolites, such as hydroxyphenyllactic 
acid (m/z 181.07), phytosphingosine (m/z 318.29) and n-non-
anoylglycine (m/z 214.15), were selected as potential sputum 
lung adenocarcinoma biomarker candidates. Since the control 
group (Con) sputum samples were obtained from two distinct 
group, benign disease (Ben) and healthy people (Hea), we 
compared the relative abundance levels between the two sets 
of control samples via t-tests and PLS-DA analysis. There was 
no statistically significant difference in ND-EESI-MS signal 
between benign disease (Ben) and healthy people (Hea) spu-
tum samples (Supplemental Table S1, Figure S2). As can be 
seen in supplemental Figure S3 A–C, no separation trend was 
observed in the initial PLS-DA score plot of LAC versus Ben 
and Hea, where as no separation trend could be observed in 
the score plot of Ben and Hea. To validate the reliability of the 
PLS-DA model, a permutation test (n = 200) was conducted 
(Supplemental Figure S3 D–F). It is easy to note that the 
benign disease (Ben) and healthy people (Hea) have the 
same efficiency in distinguishing LAC from Control. 
Therefore, sputum from benign disease (Ben) and healthy 
people (Hea) were defined as one group, control group 

(Con) for following analysis. AUC, FDR q-values, fold 
changes (BC/Con) and VIP values for each metabolite were 
calculated, shown in Figure 2 and full differential details 
are given in Table 1. As AUC values show in Table 2 and 
supplemental Figure S5, no single metabolite proved to be 
sufficiently powerful to distinguish LAC patients from Con 
(AUC = 0.63–0.80). Out of these 19 metabolites, 8 had VIP > 
1 (0.52–1.74, average = 0.97). Compared to controls, alterna-
tively, 11 metabolites in LAC patients were significantly 
higher than in controls (FC = 1.20–2.07), 8 metabolites were 
decreased in LAC patients (FC = 0.55–0.79). As shown in 
Supplemental Table S2, when comparing staged cancer 
patients and controls, 17 metabolites were observed to be 
statistically significant (p < 0.05) between stage I and control 
samples, while 18 metabolites/features showed significance (p 
< 0.05) between stage II and controls. Of the 19 metabolites 
found to have a statistically significant difference (p < 0.05) 
between EBC and Con, 16 metabolites were found to be 
mutually significant in both stage I/control and stage II/control 
comparisons. Additionally, 9 metabolites were observed to be 
significantly different between stage III and controls 
(Supplemental Table S2). When comparing smoking index 
of patients and controls (Supplemental Table S3), 14 metabo-
lites were observed to be statistically significant (p < 0.05) 
between smoking index > 400 LAC patients and smoking 
index > 400 control samples, it is easy to find these metabo-
lites contribute very well with different smoking stage 
(Supplemental Table S3).

Figure 1 Typical ND-EESI-MS spectra in positive mode of human sputum samples of a lung adenocarcinoma (LAC) patient and a control group.
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Biomarker Selection and Evaluation of 
Classification Performance of Lung 
Adenocarcinoma
An initial PLS-DA model was established using relative 
abundance levels of the 19 comparative metabolites to 
further reduce the number of candidate biomarkers for 
discrimination between LAC patients and controls. As 
PLS-DA score plot (Supplemental Figure S4 A, B) and 
permutation test (n = 200, Supplemental Figure S4 D, E) 
show, in the initial PLS-DA score plot, a separation trend 
was observed of controls versus early and late stages of 
LAC, in which goodness of fit and predictability was 
assessed via cumulative R2 and Q2 values. It is easy to 
see that the 19-metabolite biomarker panel have same 
efficiency in distinguishing ELAC and LLAC from Con. 
However, these metabolites have no contribution in 

distinguishing ELAC from LLAC (Supplemental Figure 
S4 C, F, Table S2).

According to AUC values obtained from univariate 
ROC analysis (Table 2, Supplemental Figure S5) of the 
19 comparative metabolites, 5 highly predictive metabo-
lites [Hydroxyphenyllactic acid, Phytosphingosine, 
N-nonanoylglycine, Sphinganine, S-carboxymethyl- 
L-cysteine, Figure 3A] were retained for further analysis 
of LAC diagnosis (AUC > 0.75 and VIP >1). An OPLS- 
DA model was established using levels of these 5 meta-
bolites. As can be seen, the resulting OPLS-DA model 
(Figure 3B) proved to be powerful in distinguishing LAC 
patients from controls, with an AUROC of 0.917 (95% CI: 
0.861–0.965, sensitivity: 0.9, specificity: 0.8, Figure 3C). 
With 50% sample holdout, ROC curve-based model eva-
luation showed a cross-validation classification accuracy 
of 87.9% using a PLS-DA classifier (Figure 3D).

Figure 2 Heat map of significantly changed metabolites detected by ND-EESI-MS for comparison of LAC/Con.
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Altered Metabolites in LAC and Their 
Associated Metabolic Pathways
Enrichment and pathway analyses were performed to 
understand the possible interconnection among detected 
sputum metabolites (Figure 4, Supplemental Figure S6). 
Based on the data of 19 metabolites detected by ND-EESI- 
MS in sputum, 20 metabolic routes were altered in LAC, 
which are shown in Figure 4A and listed in Supplemental 
Table S4. Perturbations including sphingolipid metabo-
lism, fatty acid metabolism, carnitine synthesis and 
Warburg effect were the most significant as indicated by 
the corresponding p and impact values. A summary char-
acters of the metabolic pathways interconnection related to 
altered metabolites in sputum of LAC patients detected by 
ND-EESI-MS is shown in Figure 4B. Based on results of 
our pathway analyses, it was not difficult to find that 
metabolic changes of LAC are mainly related to sphingo-
lipid metabolism, fatty acid metabolism, carnitine synth-
esis and Warburg effect, etc. Altered levels of metabolites 
associated with metabolic pathways involved in BC patho-
genesis are given in Table 2 and supplemental Table S4. In 
regard to sphingolipid metabolism, changes in sphinganine 
(down), phytosphingosine (down) were shown LAC spu-
tum samples. Changes in tyrosine metabolism, arginine 
and proline metabolism were related to changes in 

hydroxyphenyl lactic acid (up), succinic acid (up), and 
ornithine (up).

Discussion
Over the course of the past 20 years, the increased use of 
low-dose spiral computed tomography (LDCT) screening 
has contributed to more frequent incidental detection of 
peripheral lung nodules.6,7 Nodules that are between 8 and 
20 mm have an intermediate risk (6–64%) of pulmonary 
malignant tumor, while with nodules over 20 mm the risk 
of malignancy is significantly increased (64–82%).28 This 
result in a large number of screens detected pulmonary 
nodules need to be further evaluated to establish 
a definitive diagnosis.29,30 During the follow-up of patients 
with pulmonary nodules, people begin to put more atten-
tion to the overdiagnosis, enormous costs, and radiation 
risk of regular thoracic LDCT scans.6,7,30 Finding non- 
invasive adjuncts that improve the efficiency of lung can-
cer screening would be desirable.13,31–33

In many pulmonary diseases, sputum is a valuable sam-
ple material for use in disease characterization and 
diagnostics.34 Sputum analysis represents a promising 
area of research in early lung cancer diagnosis.35,36 Since 
sputum and the exhaled breath represent the most easily 
accessible biological samples characterized by a non- 
invasive collection, they are ideal early detection samples 

Table 2 Significant Metabolites Detected by ND-EESI-MS

Metabolite m/z AUC VIPa p.valueb FDR q-value Fold Change (LAC/Con)

Hydroxyphenyl lactic acid m/z 181.07 0.80 1.22 1.08E-08 4.53E-08 1.67
Phytosphingosine m/z 318.29 0.79 1.29 1.15E-07 4.01E-07 0.55

N-Nonanoylglycine m/z 214.15 0.79 1.74 1.88E-09 1.97E-08 2.07

Sphinganine m/z 302.38 0.78 1.08 1.06E-08 4.53E-08 0.68
S-Carboxymethyl-L-cysteine m/z 180.04 0.77 1.02 8.67E-09 4.53E-08 0.70

Ornithine m/z 131.07 0.74 1.04 2.89E-07 8.68E-07 1.55

Succinic acid m/z 116.93 0.72 0.95 2.13E-06 5.58E-06 1.44
L-Fucose m/z 165.09 0.72 0.88 6.69E-06 1.17E-05 0.72

L-Carnitine m/z 142.09 0.72 0.73 5.26E-06 1.17E-05 0.79
Acetylphenylalanine m/z 415.21 0.69 1.01 5.86E-06 1.17E-05 0.69

Caprylic acid m/z 145.18 0.68 0.89 6.41E-06 1.17E-05 0.63

5-Hydroxymethyluracil m/z 141.01 0.68 0.52 2.89E-04 4.65E-04 1.20
Linoleic acid m/z 303.23 0.67 0.96 4.61E-04 6.05E-04 1.56

L-Lactic acid m/z 89.02 0.67 1.04 5.33E-04 6.58E-04 1.68

N-Succinyl-L-glutamate-5-semialdehyde m/z 254.06 0.66 0.85 9.35E-04 0.00109 1.41
5-Methyl tetrahydrofolate m/z 231.12 0.66 0.82 3.10E-04 4.65E-04 1.39

Hexanoyl carnitine m/z 258.17 0.66 0.82 3.44E-04 4.81E-04 1.39

Tetradecanoyl carnitine m/z 394.29 0.65 0.82 0.001734 0.00182 0.67
Propionylcholine m/z 321.29 0.63 0.66 0.001174 0.00129 1.24

Notes: aVariable importance in projection (VIP) values obtained from the partial least squares-discriminant analysis model, bp values calculated using Student’s t-test. 
Abbreviations: LAC, lung adenocarcinoma; Con, control group; FDR, false discovery rate; AUC, area under the curve.
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for the diagnosis of pulmonary diseases, because they can 
directly reflect metabolism variations of the bronchial 
tree.29,37 Compare with the volatile organic compounds 

(VOCs) in the exhaled breath,38,39 sputum containing exfo-
liated cells from the bronchial tree, can intuitively reflect the 
changes of lung metabolites,12,40 is an more effective 

Figure 3 Differential characteristics of enhanced biomarker panel with 5 differential metabolites (AUC > 0.75 and VIP > 1) detected by ND-EESI-MS for distinguishing 
between lung adenocarcinoma patients (LAC, n = 76) and controls (Con, n = 67). (A) Log10- transformed relative abundance of 5 differential metabolites for comparison 
between LAC and Con. (B) QC normalized relative abundance data were log10-transformed and Pareto scaled. Score plot of the OPLS-DA model for discrimination 
between LAC and Con. [R2X (cum)= 0.301, R2Y (cum)= 0.228, Q2 (cum)= 0.494]. (C) QC normalized relative abundance data were log10-transformed and Pareto scaled. 
ROC curve illustrating the classification performance of the 5-metabolite OPLS-DA model for distinguishing between LAC and Con. [AUROC = 0.917, 95% CI: 0.861–0.965, 
sensitivity: 0.9, specificity: 0.8]. (D) QC normalized relative abundance data were log10-transformed and Pareto scaled. External validation of OPLS-DA model with 50% 
sample holdout: cross-validation classification accuracy of 87.9% using a PLS-DA classifier.

Figure 4 The metabolome view of pathway enrichment analysis comparing LAC patients and controls. (A) Overview of the most important metabolomic changes observed 
by ND-EESI-MS in sputum of lung adenocarcinoma patients, 1: Sphingolipid metabolism, 2: Tyrosine metabolism, 3: Ubiquinone and other terpenoid-quinone biosynthesis, 4: 
Arginine and proline metabolism, 5: Linoleic acid metabolism. (B) Metabolic network showing significant differences in sphingolipid metabolism, fatty acid metabolism, 
carnitine synthesis and Warburg effect, etc.
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noninvasive diagnostic sample.13 The standard sputum 
cytology has the best specificity, a low sensitivity for lim-
itation of its application in lung cancer diagnosis.37,41,42 

Newer sophisticated methods have been applied, such as 
metabolite analysis,16 fluorescence in situ hybridization 
(FISH),29 DNA promoter hypermethylation,40 small non- 
coding RNA (snoRNA) biomarkers43 and automated 
3-dimensional cell scanners,36 in order to increase the sen-
sitivity. However, due to sputum’s high viscosity and 
uneven consistency (lumpiness), it is difficult to obtain 
reproducible/repeatable results during compound extraction 
and analysis. To solve the problem of high viscosity of 
sputum, these emerging sputum analysis methods often 
require complex sample pretreatment processes and long 
analysis periods, those time costing shortages limited the 
application of these methods in the early diagnosis of lung 
cancer.10,11

Mass-spectrometry-based metabolomics has gained 
great momentum for the detection of metabolic biomarkers 
of various pathologies in most malignant tumors23,44,45 

including lung cancer.14,46,47 Ambient ionization mass 
spectrometry was developed as a sample preparation-free 
alternative to traditional MS-based workflows.48 Ambient 
ionization mass spectrometry is a collective term describ-
ing all mass spectrometric ionization methods that can 
ionize constituents of natural samples under ambient 
conditions.19 The characteristics without any chemical 
modification before sample analysis giving outstanding 
significance to AMS methods in various fields such as 
pharmaceuticals,49 food, environment, public safety, clinic 
diagnosis and cancer research.50 In addition, hundreds of 
ionization techniques have been developed in the world for 
different analytical objects and purposes. Furthermore, 
through years of research, domestic ambient ionization 
techniques have proved to be theoretically mature and 
practically valuable.19,51 To date, domestic ambient ioniza-
tion techniques, represented by DESI,52 EESI,24,25 and 
ND-EESI,18 have implemented the advantages of AMS 
based methods for the detection of various samples used 
for different cancer research purposes. With the compe-
tence of withstanding different complex matrix and ambi-
ent ionization under atmospheric pressure, ND-EESI-MS 
have been employed in various high viscosity samples, 
such as toothpaste products,53 sunscreen agents,54 

honey,22 and biological specimens including human 
skin20,55 and plants.21 ND-EESI-MS allows real-time, 
online chemical profiling of highly viscous samples 
under ambient conditions.56

Based on the above characteristics, MS has remarkable 
value in lung cancer screening and early diagnosis 
research. In a report of Schoeman,34 four sputum pre- 
extraction preparation methods were applied, human 
Mycobacterium tuberculosis sputum was identified by 
characters of gas chromatography time of flight mass 
spectrometry (GCxGC-TOFMS) metabolomics. Flow 
infusion electrospray ion mass spectrometry (FIE-MS) 
paired with gas-chromatography mass spectrometry (GC- 
MS) have been used in the detection of metabolites in 23 
lung cancer patients and 33 healthy controls sputum was 
reported by Cameron.12 The conclusion of Cameron 
further demonstrated that sputum, as a non-invasive source 
of metabolite biomarkers, may aid in the development of 
a high-risk population screening programme for lung can-
cer. As to the lung cancer sputum samples came from 16 
NSCLC patients with 6 SCLC patients of different clinical 
stages, and the shortage of intricate pre-extraction prepara-
tion process limited this result applicate to the diagnosis of 
lung cancer. In our previous studies, a non-targeted ND- 
EESI-MS metabolic profiling approach was used for the 
identification of candidate NSCLC metabolic markers in 
human sputum.17,18 Altered metabolites, such as glucose, 
amino acids and phosphoric lipids were shown to be 
effective for the detection of NSCLC.18 These results 
showed that phosphatidylglycerol and phosphatidylgly-
cerol phosphate were potential metabolite biomarkers for 
NSCLC diagnosis.17 Our previous studies suggest that 
ND–EESI-MS application has a good prospect of sputum 
analysis for non-invasive lung cancer detection efficiency.

To further comprehensive metabolomic understanding 
about the diagnosis of lung adenocarcinoma and sputum 
analysis. In the current study, the application of ND-EESI- 
MS was implemented in sputum samples from lung ade-
nocarcinoma (76 cases) and control (67 cases), allowing 
for the detection of 19 altered metabolite.57,58 The reason 
of no statistically significant difference was found between 
benign disease and healthy people sputum samples in this 
study may be the desorption principle of sputum samples 
by ND-EESI is different from previous sputum pretreat-
ment methods. According to the area under the receiver 
operator characteristic (ROC) curves, we assessed the 
biomarker specificity and sensitivity, suggesting that 
hydroxyphenyllactic acid, phytosphingosine, n-nonanoyl-
glycine, etc. were potential sensitive and specific biomar-
kers for BC diagnosis with a maximum AUC of about 0.8. 
When the top 5 (AUC > 0.75) significant metabolic bio-
markers were combined, the AUC value can reach 0.917, 
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the predictive accuracy for EBC is 0.879. These potential 
metabolite biomarkers were identified for LAC in human 
sputum, verifying the good application prospect of ND- 
EESI-MS analysis-based method for non-invasive lung 
cancer detection.

The efficacy of metabolic biomarker studies strongly 
depends on the reliability and number of differential meta-
bolites detected. Unlike normal differentiated cells, which 
primarily rely on mitochondrial oxidative phosphorylation 
to generate the energy for cellular processes, most cancer 
cells instead rely on aerobic glycolysis,59,60 this phenom-
enon was termed as “the Warburg effect.” Recent advances 
have shown an increasing attention to changes in meta-
bolic pathways related to the development of malignant 
tumors.23 By joining the results of ND-EESI-MS and path-
way analyses, this study was able to discover altered 
metabolic pathways associated with LAC, including sphin-
golipid metabolism, fatty acid metabolism, carnitine synth-
esis and Warburg effect. The fatty acids and amino acids 
metabolomics changes were not only detected in the lung 
cancer patients, but also found in a variety of different 
cancer cells from previous studies.59,61 A strong relation-
ship between glutamine metabolism and drug-resistance 
has been reported in lung cancer cells.62 This may be 
a consequence of both malnutrition in patients suffering 
from cancer as well as a result of their tumor-bearing state 
and the increase of amino acid demand caused by tumor 
growth.63 However, the detection of altered metabolites, 
metabolic pathways with different methods is not 
identical.12 In a study by Callejón,14 the dysregulation of 
42 altered metabolites were found in the bronchoalveolar 
lavage fluid (BALF) of lung cancer patients by mass 
spectrometry. Their results showed that glycerol and phos-
phoric acid were potential sensitive and specific biomar-
kers for lung cancer diagnosis and prognosis. According to 
both of the BALF and sputum coming from bronchial 
mucous membrane, these findings suggest that samples 
from bronchial tree has a good prospect of lung cancer 
detection. Previous studies have indicated that altered 
metabolomics, such as putrescine ganglioside, diethyl glu-
tarate in sputum detected by gas-chromatography mass 
spectrometry (GC–MS), can be used as non-invasive 
source of metabolite biomarkers of lung cancer 
screening.12 Our study not only contributes to the biomar-
ker finding of lung cancer, in addition, given the results of 
our pathway analyses, we can be reasonably confident that 
sputum metabolic changes were a local manifestation of 
the Warburg effect in lung adenocarcinoma.

Conclusion
Our investigation reinforces the significance of sputum 
metabolic signatures for non-invasive lung adenocarci-
noma detection. The ND-EESI-MS identified metabolites 
that could be recommended as a multi-metabolite biomar-
ker model for lung adenocarcinoma diagnosis. 
Combination of ambient mass spectrometry (AMS) meta-
bolic profiling techniques and pathway analyses provides 
a more efficient strategy for establishing a disease biomar-
ker panel for lung adenocarcinoma.
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