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Abstract: The objective of this research is to use metabolomic techniques to discover and validate
plasma metabolite biomarkers for the diagnosis of early-stage non-small cell lung cancer (NSCLC).
The study included plasma samples from 156 patients with biopsy-confirmed NSCLC along with age
and gender-matched plasma samples from 60 healthy controls. A fully quantitative targeted mass
spectrometry (MS) analysis (targeting 138 metabolites) was performed on all samples. The sample set
was split into a discovery set and validation set. Metabolite concentration data, clinical data, and
smoking history were used to determine optimal sets of biomarkers and optimal regression models for
identifying different stages of NSCLC using the discovery sets. The same biomarkers and regression
models were used and assessed on the validation models. Univariate and multivariate statistical
analysis identified β-hydroxybutyric acid, LysoPC 20:3, PC ae C40:6, citric acid, and fumaric acid as
being significantly different between healthy controls and stage I/II NSCLC. Robust predictive models
with areas under the curve (AUC) > 0.9 were developed and validated using these metabolites and
other, easily measured clinical data for detecting different stages of NSCLC. This study successfully
identified and validated a simple, high-performing, metabolite-based test for detecting early stage
(I/II) NSCLC patients in plasma. While promising, further validation on larger and more diverse
cohorts is still required.
Keywords: lung cancer; early detection; cancer staging; metabolomics; LC-MS

1. Introduction
Lung cancer is the leading cause of cancer-related deaths worldwide, with an estimated 1.69 million
individuals dying each year [1]. Despite significant advances in treatment, survival rates for lung
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cancer have largely remained unchanged for the past 40 years [2–4]. However, when lung cancer is
detected and resected in its earliest stages (stage I), the 10-year survival rate is increased to >80% [5].
Therefore, sensitive and accurate strategies for the early detection of lung cancer are essential if we
wish to improve lung cancer survival statistics. Unfortunately, current methods for the detection or
screening of lung cancer are not ideal. While low dose computed tomography (LDCT) screening
has been shown to reduce lung cancer mortality [6,7], broad clinical implementation is hampered by
several technical and socioeconomical challenges. Therefore, the development of a low-cost, minimally
invasive assay for early stage lung cancer detection would significantly improve the current situation.
Over the past 20 years a number of blood-based lung cancer assays that detect protein [8,9],
microRNA [10], circulating DNA [11–13], and methylated DNA [14] biomarkers have been developed.
Unfortunately, most are specific to late-stage lung cancer [9,10,13]. More recently researchers have
turned to the analysis of metabolite biomarkers for lung cancer detection [15]. Indeed, it is now
well established that cancer cells produce distinct chemical signatures that can be seen in tissues and
biofluids [16]. As a result, a number of metabolite biomarkers that are specific to lung cancer have been
discovered in a variety of biofluids, including serum/plasma, bronchial fluid, or sputum [17–19]. These
biomarkers have frequently been discovered via metabolomics. Metabolomics combines advanced
analytical chemistry techniques with cheminformatics to characterize thousands of metabolites found
in tissues and biofluids. While these metabolomic studies of lung cancer have demonstrated promising
areas under the curve (AUC) (ranging from 0.78 and 0.95) [20], most were aimed at detecting
late-stage lung cancer. Furthermore, many of these studies were conducted with small samples
sizes, without absolute metabolite quantification and without validation in larger cohorts. To the
best of our knowledge, there are only a handful of metabolomic studies that used quantitative
metabolomics to detect early-stage lung cancer that included both biomarker discovery and subsequent
validation [21–23]. Unfortunately, these studies did not succeed in finding very high performing
biomarkers (with AUCs < 0.8).
Here we describe a quantitative metabolomic study that has succeeded in discovering and
validating a set of high performing (AUC > 0.9) plasma metabolite biomarkers for detecting early
stage non-small cell lung cancer (NSCLC). NSCLC represents the major subtype of lung cancer (about
80–85%) [1]. In conducting this study, we performed absolute quantitative LC-MS metabolomics
analysis of plasma samples acquired from 156 patients with biopsy-proven and biopsy-graded NSCLC
and 60 healthy controls from the same age and gender-matched cohort. The cancer cohort included 70
stage I, 60 stage II, and 26 stage IIIB/IV samples (Table 1). Both univariate and multivariate statistical
analysis were performed to discover differences in the metabolite profiles between a subset of NSCLC
patients and healthy controls. Robust predictive models that used these plasma biomarkers were then
built using logistic regression. The metabolite biomarkers and logistic regression models were then
confirmed and validated in a separate hold-out (i.e., validation) set. These models, which included
metabolites only or metabolites plus clinical data, consistently achieved AUCs > 0.9 for detecting
different stages of NSCLC.
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Table 1. Summary of grouping of samples.
Discovery Set
Group

Stage I NSCLC
Stage II NSCLC
Stage IIIB/IV
NSCLC
Healthy control
Total

Number of
Samples

Age

Histology

Gender

Smoking Status

Range

Median

Adenocarcinoma

Squamous Cell
Carcinoma

47
40

49–79
49–79

66
61.5

32
29

15
11

18
11

29
29

26

42–79

63

20

6

14

40
153

49–77
42–79

62.5
64

NA
81

NA
32

18
61

Male

Former

Current

Median Pack * Years
(Former + Current)

10
3

26
34

11
3

36
34

12

0

18

8

43

22
92

25
57

15
131

0
28

11
33

Female Never

Validation Set
Group

Stage I NSCLC
Stage II NSCLC
Healthy control
Total

Number of
Samples
23
20
20
63

Age

Histology

Gender

Range

Median

Adenocarcinoma

Squamous Cell
Carcinoma

Male

49–78
51–78
49–77
49–78

65
64
62.5
65

18
11
NA
29

5
9
NA
14

8
9
8
25

* 1 pack = 20 cigarettes.

Smoking Status
Female Never
15
11
12
38

4
2
13
57

Former

Current

Median Pack * Years
(Former + Current)

14
16
7
131

5
2
0
28

35
38
5
27
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2. Materials and Methods
2.1. Regulatory and Institutional Review Board Approvals
Ethics approval was obtained from the University of Manitoba Health Research Ethics Board
(Ethics File #: H2012:334) prior to study implementation. We also received research ethics approval from
the University of Alberta (Study ID: Pro00093715) to perform the metabolomic studies in Edmonton.
2.2. Study Population
Archived plasma samples were obtained from the IUCPQ (Institut Universitaire de Cardiologie
et de Pneumologie de Quebec) Tissue Bank, which is the site of the Respiratory Health Network
Tissue Bank of the Fonds de la Recherché du Quebec-Sante in Quebec, Canada. Dates of sample
collection range from 2005 to 2017. Frozen (−80 ◦ C) aliquots of 200–400 µL of plasma were assembled
and shipped to The Metabolomic Innovation Centre (TMIC) at the University of Alberta, Canada
for quantitative metabolomic analysis. The plasma samples were collected from 156 patients with
biopsy-proven and biopsy-graded NSCLC and 60 healthy controls with comparable age and gender
profiles. Healthy controls consisted of both smokers and non-smokers. The cancer samples had
detailed data on cancer stage, lung cancer histology, age, weight, height, body mass index, smoking
status (never/former/current), smoking history (cig/day and period of smoking in years), sex, survival
history, medical condition history, personal history of cancer, lung disease status, treatment, tumor size
(in mm), tumor grading, details of positive nodules, as well as data collected on each cancer patient’s
transthoracic needle biopsy, transbronchial biopsy, endobronchial biopsy, bronchoalveolar lavage,
bronchial brushing, bronchial aspiration, endobronchial ultrasound, transesophageal echocardiography,
bone scintigraphy, abdominal ultrasound, abdominal CT scan, thoracic CT scan, cerebral CT scan,
thoracic X-ray, mediastinoscopy, thoracic MRI, cerebral MRI, and PET scan. Healthy controls had
data on age, weight, height, body mass index, smoking status (never/former/current), smoking history
(cig/day and period of smoking in years), and medical condition history. Patients (and controls) with a
history of any liver or kidney disease, and any previous treatment with anti-neoplastic drugs were
excluded from this cohort.
2.3. Chemicals, Reagents, and Materials for Metabolomic Assays
Optima™ LC/MS grade formic acid and HPLC grade water were purchased from Fisher
Scientific (Ottawa, ON, Canada). Sixty-eight pure reference standard compounds were purchased
from Sigma-Aldrich (Oakville, ON, Canada). Optima™ LC/MS grade Ammonium acetate,
phenylisothiocyanate (PITC), 3-nitrophenylhydrazine (3-NPH), 1-ethyl-3-(3-dimethylaminopropyl)
carbodiimide (EDC) and butylated hydroxytoluene (BHT), HPLC grade pyridine, HPLC grade
methanol, HPLC grade ethanol, and HPLC grade acetonitrile (ACN) were also purchased from
Sigma-Aldrich (Oakville, ON, Canada). Forty-four 2 H-, 13 C-, and 15 N-labelled compounds, which were
used as internal quantification standards for amino acids, biogenic amines, carnitines and derivatives,
phosphatidylcholines and their derivatives were purchased from Cambridge Isotope Laboratories,
Inc. (Tewksbury, MA, USA). 3-(3-hydroxyphenyl)-3-hydroxypropionic acid (HPHPA) and 13 C-labelled
HPHPA were synthesized in-house as described previously [24]. All other standards including
lactic acid, beta-hydroxybutyric acid, alpha-ketoglutaric acid, citric acid, butyric acid, isobutyric
acid, propionic acid, p-hydroxyhippuric acid, succinic acid, fumaric acid, pyruvic acid, hippuric
acid, methylmalonic acid, homovanillic acid, indole-3-acetic acid, uric acid, and their isotope-labelled
standards were all purchased from Sigma-Aldrich (Oakville, ON, Canada). Multiscreen “solvinert”
filter plates (hydrophobic, PTFE, 0.45 µm, clear, non-sterile) and Nunc® 96 DeepWell™ plates were
purchased from Sigma-Aldrich (Oakville, ON, Canada).
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2.4. Stock Solutions, Internal Standard (ISTD) Mixture, and Calibration Curve Standards for
Metabolomic Assays
All solid chemicals were carefully weighed on a CPA225D semi-micro electronic balance (Sartorius,
NY, USA) with a precision of 0.0001 g. Stock solutions of each compound were prepared by dissolving
the accurately weighed solids in double-distilled water. Calibration curve standards were obtained by
mixing and diluting the corresponding stock solutions with double-distilled water. For amino acids,
biogenic amines, carbohydrates, carnitines and derivatives, phosphatidylcholines and their derivatives,
stock solutions of isotope-labelled compounds were also prepared in the same way. A working internal
standard (ISTD) solution mixture in water was also made by mixing all the prepared isotope-labeled
stock solutions together. For organic acids, stock solutions of isotope-labelled compounds were
prepared by dissolving the accurately weighed solids in 75% aqueous methanol. A working internal
standard (ISTD) solution mixture in 75% aqueous methanol was made by mixing and diluting all the
isotope-labelled stock solutions. All standard solutions were aliquoted and stored at −80 ◦ C until
further use.
2.5. Sample Preparation and Liquid Chromatography/Direct Injection Mass Spectrometry for
Metabolomic Assays
A targeted, quantitative mass spectrometry (MS)-based metabolomics approach was used to
analyze the plasma samples using a combination of direct injection (DI) MS and reverse-phase
high performance liquid chromatography (HPLC) tandem mass spectrometry (MS/MS). This 96-well
plate, semi-automated assay, in combination with an ABI 4000 Q-Trap (Applied Biosystems/MDS
Sciex) mass spectrometer, can be used for the targeted identification and quantification of up to 138
different endogenous metabolites including amino acids, organic acids, biogenic amines, acylcarnitines,
glycerophospholipids, sphingolipids, and sugars. The method combines the derivatization and
extraction of the 138 analytes, and the selective mass-spectrometric detection using multiple reaction
monitoring (MRM) pairs. Isotope-labeled internal standards and other internal standards are integrated
into special filter inserts placed inside a 96-well plate for precise metabolite quantification. The assay
uses an upper 96 deep-well plate with a 96-well filter plate attached below using sealing tape. The first
14 wells in the upper plate are used for quality control and calibration. The first well serves as a double
blank, three wells contain blank samples, seven wells contain reference compound standards, and
three wells contain quality control samples.
Briefly, plasma samples were thawed on ice (in the dark) and were vortexed and centrifuged at
18,000 rcf (relative centrifugal force or × g). Then, 10 µL of each sample was loaded onto the center of
the filter insert on the upper 96-well kit plate and dried in a stream of nitrogen. Subsequently, PITC was
added to each well (in the plate for amine derivatization. After incubation, the filter inserts were dried
using an evaporator. Extraction of the metabolites was then achieved by adding 300 µL of methanol
containing 5 mM ammonium acetate. The extracts were obtained by centrifugation (at 50 rcf for 5 min)
of the double plate system. This allowed the contents of the upper 96-well plate to flow into the
lower 96-deep well plate. For analysis of biogenic amines and amino acids, extracts were then diluted
by water. For analysis of sugars, carnitines, and lipids, extracts were diluted with methanol. Mass
spectrometric analysis of the diluted extracts was performed on an HPLC (Agilent 1100 HPLC, Agilent
Technologies, Santa Clara, CA, USA) equipped Qtrap® 4000 tandem mass spectrometry instrument
(Applied Biosystems/MDS Analytical Technologies, Foster City, CA, USA).
For the analysis of organic acids, 50 µL of the plasma samples were mixed thoroughly with the
ISTD mixture solution and ice-cold methanol and then left in a −20 ◦ C freezer overnight for protein
precipitation. After removing the samples from the freezer, all the tubes were centrifuged at 18,000 rpm
for 20 min (to spin down the protein precipitate). The supernatant was then transferred to each well of
the 96-well plate system, followed by the addition of 25 µL each of the following three reagents: 3-NPH
(250 mM in methanol), EDC (150 mM in methanol), and pyridine for a 2 h derivatization reaction.
After the derivatization reaction was complete, water and a BHT solution (2 mg/mL in methanol) were
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added to dilute and stabilize the final solution. Finally, 10 µL was injected into an HPLC-equipped
Qtrap® 4000 mass spectrometer for LC-MS/MS analysis.
2.6. Statistical Analysis
Recommended statistical procedures for standard quantitative metabolomic analysis were
followed [25]. In quantitative metabolomic studies, missing values normally indicate that the
metabolite fell below the assay’s limit of detection (LOD). Therefore, metabolites with more than 50%
of missing values (in all groups) were removed from further analysis. For metabolites with the fraction
of missing values below 50%, values were imputed by using half of the minimum concentration value
for that metabolite. Median normalization, log transformation, and auto-scaling (mean-centered and
divided by the standard deviation of each variable) were applied for data scaling and normalization.
Univariate analysis of the continuous data and the categorical data were performed by a Mann–Whitney
rank sum test and a Fisher’s exact test, respectively. Principal component analysis (PCA) and partial
least squares discriminant analysis (PLS-DA) were performed by using MetaboAnalyst [8]. A 1000-fold
permutation test was performed to minimize the possibility that the observed separation of the PLS-DA
was due to chance.
Logistic regression with a Lasso feature selection algorithm was used to develop predictive models
of NSCLC staging using both metabolite and clinical variables. For these regression studies, two
thirds of the samples (40 controls, and between 40 and 94 cancer samples, depending on staging)
were randomly chosen to serve as the discovery sets. Then, 10-fold cross validation was performed
on all discovery/training set models. Once the optimal regression models for each cancer stage
predictor had been identified the remaining one third of the samples (20 controls and between 20 and
62 cancer samples, serving as a holdout set) were used to validate each of the corresponding regression
models. The area under the receiver-operator characteristic curves (AUC), sensitivities/specificities at
selected cut-off points and the 95% confidence intervals were calculated for all of the discovery and
the validation sets and all of the models using MetaboAnalyst [8]. Cut-off points were selected by
calculating the Youden Index (J = max {Sensitivity + Specificity − 1}).
3. Results
3.1. Statistical Data Processing
A total of 138 different metabolites were tested by our quantitative LC-MS method. Due to their
low abundance in serum and plasma, 35 metabolites were found to have a high (>50%) fraction of
missing values. Therefore, these metabolites were removed from the further analysis, as is standardly
done in most quantitative metabolomic studies [25]. No statistically significant difference (as measured
by a Mann–Whitney rank sum test) between cancer cases and healthy controls was observed among
these 35 low-abundance metabolites. Sample numbers in each group are summarized in Table 1.
3.2. Statistical Analysis on Clinical Variables
Comparisons between the cancer patients and healthy controls regarding age, gender, height,
weight, and smoking history (Yes = former + current, No = never) were conducted using standard
Student’s t-tests or Fisher’s exact test to confirm their demographic comparability. The only significantly
different variable was smoking history (p-value = 2.673 × 10−13 ). The effect on lung cancer incidence
based on multiple clinical variables, including age, gender, height, weight, and smoking history
(Yes = former + current, No = never) was further evaluated by logistic regression. The results are
summarized in Table S1. As might be expected, only smoking history was identified as the clinical
variable significantly related to lung cancer incidence (p-value = 1.13 × 10−11 ). Although the correlation
between smoking history and lung cancer has been heavily studied and widely accepted, our model
suggested it would be a good strategy to integrate smoking history (including duration and amount of
smoking) into any diagnostic model for identifying early lung cancer.
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When the smoking history of patients was added, our logistic model for the discovery cohort
was modified to logit(P) = log(P/(1 − P)) = 0.311 + 0.641 × Amount of smoking − 1.372 × PC ae
C40:6 + 1.623 × LysoPC 20:3 + 0.882 × β-hydroxybutyric acid + 0.65 × Fumaric acid, where P is
the probability of stage I NSCLC. As before, the numeric value of each named metabolite in the
above equation is the concentration after median normalization, log transformation, and auto-scaling.
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Specifically, the values for each named metabolite are scaled as follows: PC ae C40:6 = log10 ([PC
ae C40:6]/4.85)/0.18; LysoPC 20:3 = (log10 ([LysoPC 20:3]/4.34) − 0.05)/0.18; β-hydroxybutyric acid =
(log10 ([β-hydroxybutyric acid]/47.1) − 0.1)/0.45; Fumaric acid = (log10 ([Fumaric acid]/0.91) − 0.02)/0.2;
Amount of smoking = (log10 ([Amount of smoking]/4106) + 1.52)/2.29. Here and in all other models
below, [PC ae C40:6], [LysoPC 20:3], [β-hydroxybutyric acid], and [Fumaric acid] represent the
measured plasma concentrations (in µM) of PC ae C40:6, LysoPC 20:3, β-hydroxybutyric acid and
fumaric acid, respectively. Additionally, [Amount of smoking] was calculated by multiplying the
period of smoking (in days) by the daily amount of smoking (pack/day). The ROC curve of the
corresponding model is shown in Figure 2b. The AUC for the metabolite + smoking model was 0.942
(95% CI, 0.926–0.957) and after 10-fold cross-validation it was 0.922 (95% CI, 0.864–0.979). This was
similar to the metabolite-only model. When the same metabolite + smoking history model was tested
on the validation set, the AUC of the validation cohort was essentially the same (0.920, Figure 2b) as
the metabolite-only model. Interestingly, the Youden index for the cut-off point (0.74) was modestly
increased when smoking history was taken into consideration (Table 3).
Table 2. Logistic regression based optimal model for stage I NSCLC detection: metabolites only.
Logistic Model with Selected Compounds:
log(P/(1 − P)) = 0.258 − 1.341 × PC ae C40:6 + 1.747 × LysoPC 20:3 + 0.913 × β-hydroxybutyric acid + 0.939 ×
Fumaric acid.
The optimal cut-off point for the above equation is 0.69.
Logistic Regression Model—Summary of Each Feature:

(Intercept)
LysoPC 20:3
β-Hydroxybutyric acid
Fumaric acid
PC ae C40:6

Estimate

Std. Error

z Value

Pr(>|z|)

Odds

0.258
1.747
0.913
0.939
−1.341

0.352
0.518
0.404
0.446
0.465

0.733
3.37
2.263
2.106
−2.884

0.463
0.001
0.024
0.035
0.001

5.73
2.49
2.56
0.26

Performance of Logistic Regression Model:

Training/discovery
10-fold
cross-validation

AUC

Sensitivity

Specificity

0.939 (0.924–0.955)

0.827 (0.791–0.863)

0.957 (0.936–0.977)

0.923 (0.866–0.980)

0.830 (0.830–0.937)

0.927 (0.847–1.000)

Table 3. Logistic regression based optimal model for stage I NSCLC detection: metabolites plus
smoking history.
Logistic Model with Selected Compounds:
logit(P) = log(P/(1 − P)) = 0.311 + 0.641 × Amount of smoking − 1.372 × PC ae C40:6 + 1.623 × LysoPC 20:3 + 0.882 ×
β-hydroxybutyric acid + 0.65 × Fumaric acid.
The optimal cut-off point for the above equation is 0.74.
Logistic Regression Model—Summary of Each Feature:

(Intercept)
Amount of smoking
PC ae C40:6
LysoPC 20:3
β-Hydroxybutyric acid
Fumaric acid

Estimate

Std. Error

z Value

Pr(>|z|)

Odds

0.311
0.641
−1.372
1.623
0.882
0.65

0.369
0.382
0.475
0.495
0.419
0.474

0.843
1.676
−2.886
3.281
2.105
1.373

0.399
0.094
0.004
0.001
0.035
0.17

1.9
0.25
5.07
2.42
1.92

Performance of Logistic Regression Model:

Training/discovery
10-fold
cross-validation

AUC

Sensitivity

Specificity

0.942 (0.926–0.957)

0.844 (0.809–0.879)

0.951 (0.929–0.973)

0.922 (0.864–0.979)

0.851 (0.851–0.953)

0.951 (0.882–1.000)
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0.922 (0.864–0.979)

0.851 (0.851–0.953)

0.951 (0.882–1.000)
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Table 4. Logistic regression based optimal model for stage II NSCLC detection: metabolites only.
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When the smoking history of patients was added, the logistic model for the discovery cohort was
modified to logit(P) = log(P/(1 − P)) = 0.098 + 1.489 × Amount of smoking + 2.911 × β-hydroxybutyric
acid − 1.627 × Citric acid + 2.605 × Carnitine − 0.702 × PC ae C40:6, where P is the probability of
stage II NSCLC and the numeric value of each named metabolite in the equation is the concentration
after median normalization, log transformation, and auto-scaling. Specifically, β-hydroxybutyric
acid = (log10 ([β-hydroxybutyric acid]/50.75) − 0.14)/0.5; Citric acid = (log10 ([Citric acid]/89.65) +
0.02)/0.16; Carnitine = (log10 ([Carnitine]/31.89) + 0.06)/0.21; PC ae C40:6 = (log10 ([PC ae C40:6]/4.82
+ 0.01)/0.19; Amount of smoking = (log10 ([Amount of smoking]/4106) + 1.31)/2.3. As before, values
in square brackets represent measured (unscaled) concentrations of the compounds. The ROC curve
of the corresponding model is shown in Figure 4b. The AUC of the ROC curve for the metabolite +
smoking model was 0.985 (95% CI, 0.979–0.991) and after 10-fold cross-validation it was 0.948 (95% CI,
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0.900–0.996). When the same metabolite + smoking history model was tested on the validation set,
AUC of the validation set was also close to the training set (0.940, Figure 4b). Similar to the model for
stage I NSCLC, the Youden index for the cut-off point (0.25) and the overall model performance on the
validation set was improved when smoking history was taken into consideration (Table 5).
Table 5. Logistic regression based optimal model for stage II NSCLC detection: metabolites plus
smoking history.
Logistic Model with Selected Compounds:
logit(P) = log(P/(1 − P)) = 0.098 + 1.489 × Amount of smoking + 2.911 × β-hydroxybutyric acid − 1.627 × Citric acid
+ 2.605 × Carnitine − 0.702 × PC ae C40:6.
The optimal cut-off point for the above equation is 0.25.
Logistic Regression Model—Summary of Each Feature:

(Intercept)
Amount of smoking
β-Hydroxybutyric acid
Citric acid
Carnitine
PC ae C40:6

Estimate

Std. Error

z Value

Pr(>|z|)

Odds

−0.098
1.489
2.911
−1.627
2.605
−0.702

0.612
0.915
1.132
0.864
0.936
0.862

0.159
1.627
2.572
−1.883
2.784
−0.814

0.873
0.104
0.01
0.06
0.005
0.416

4.43
18.37
0.2
13.53
0.5

Performance of Logistic Regression Model:

Training/discovery
10-fold
cross-validation

AUC

Sensitivity

Specificity

0.985 (0.979–0.991)

0.972 (0.955–0.989)

0.875 (0.841–0.909)

0.948 (0.900–0.996)

0.925 (0.925–1.000)

0.850 (0.739–0.961)

3.6. Multivariate Analysis: Stage I+II vs. Healthy Controls
We applied the same methods described above to obtain a predictive model for diagnosing
stage I+II NSCLC patients together (defined as early stage NSCLC). Using a discovery cohort of
plasma samples from 40 healthy controls and 87 early stage NSCLC patients, we built a logistic
regression model to predict the probability of having early stage NSCLC (P) with the following
equation: logit(P) = log(P/(1 − P)) = 2.346 − 1.528 × PC ae C40:6 + 1.429 × β-hydroxybutyric acid −
2.481 × Citric acid + 1.03 × LysoPC 20:3 + 1.773 × Fumaric acid, where the numeric value of each
named metabolite in the equation is the concentration after median normalization, log transformation
and auto-scaling. Specifically, PC ae C40:6 = (log10 ([PC ae C40:6]/4.27) + 0.02)/0.18; β-hydroxybutyric
acid = (log10 ([β-hydroxybutyric acid]/58.1) − 0.11)/0.48; LysoPC 20:3 = (log10 ([LysoPC 20:3]/4.27) +
0.04)/0.16; Citric acid = (log10 ([Citric acid]/86.9) + 0.01)/0.14; Fumaric acid = (log10 ([Fumaric acid]/0.93)
− 0.01)/0.2. As before, values in square brackets represent measured (unscaled) concentrations of
the compounds. The ROC curve with its 95% CI is shown in Figure 5a. The AUC and the 10-fold
cross-validation AUC of the ROC curve was 0.974 (95% CI, 0.965–0.982) and 0.959 (95% CI, 0.923–0.995),
respectively. The performance of the metabolite-only model was further checked on the validation set
(which consisted of 20 healthy controls and 43 early-stage patients) and a slightly lower AUC was
obtained (0.898). The ROC curve obtained from the validation set and other details of the model are
shown in Figure 5a and Table 6, respectively.
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Table 6. Logistic regression based optimal model for stages I + II NSCLC detection: metabolites only.
Table 6. Logistic regression based optimal model for stages I + II NSCLC detection: metabolites
only.
Logistic
Model with Selected Compounds:
logit(P)
= log(P/(1
− P)) with
= 2.346
− 1.528 ×
PC ae C40:6 + 1.429 × β-hydroxybutyric acid − 2.481 × Citric acid + 1.03 ×
Logistic
Model
Selected
Compounds:
LysoPC 20:3 + 1.773 × Fumaric acid.
logit(P) = log(P/(1 − P)) = 2.346 − 1.528 × PC ae C40:6 + 1.429 × β-hydroxybutyric acid − 2.481 ×
The optimal cut-off point for the above equation is 0.62.

Citric acid + 1.03 × LysoPC 20:3 + 1.773 × Fumaric acid.
The optimal cut-off point for the above equation is 0.62.
ErrorFeature: z Value
Pr(>|z|)
Odds
Logistic Regression Estimate
Model—SummaryStd.
of Each
(Intercept)
2.346
<0.001
Estimate 0.588
Std. Error
z3.991
Value
Pr(>|z|)
Odds PC ae C40:6
−1.528
0.61 0.588
−2.507
0.012
(Intercept)
2.346
3.991
< 0.001
- 0.22
β-Hydroxybutyric acid
1.429
0.505 0.61
2.832
0.005
PC ae C40:6
−1.528
-2.507
0.012
0.224.18
Citric acid
−2.481
0.642
−3.863
<0.001
0.08
β-Hydroxybutyric acid
1.429
0.505
2.832
0.005
4.18
LysoPC 20:3
1.03
0.508
2.028
0.043
2.8
Citric acid
−2.481
-3.863
< 0.001
0.085.89
Fumaric acid
1.773
0.569 0.642
3.117
0.002
LysoPC 20:3
1.03
0.508
2.028
0.043
2.8
Performance of Logistic Regression Model:
Fumaric acid
1.773
0.569
3.117
0.002
5.89
AUC
Sensitivity
Specificity
Performance of Logistic Regression
Model:
Training/discovery
0.974 (0.965–0.982)
0.937 Sensitivity
(0.920–0.954)
0.922
(0.895–0.950)
AUC
Specificity
10-fold
Training/discovery
0.974 (0.965–0.982)
0.937
(0.920–0.954)
0.922
(0.895–0.950)
0.959 (0.923–0.995)
0.919
(0.919–0.976)
0.900
(0.807–0.993)
cross-validation
10-fold cross-validation
0.959 (0.923–0.995)
0.919 (0.919–0.976)
0.900 (0.807–0.993)
Logistic Regression Model—Summary of Each Feature:

When
the
smoking
history
of patients
waswas
added,
the logistic
model
for the
cohortcohort
was
When
the
smoking
history
of patients
added,
the logistic
model
fordiscovery
the discovery
modified
to
logit(P)
=
log(P/(1
−
P))
=
2.427
+
1.425
×
Amount
of
smoking
−
1.414
×
PC
ae
C40:6
was modified to logit(P) = log(P/(1 − P)) = 2.427 + 1.425 × Amount of smoking − 1.414 × PC ae C40:6+ +
1.414
× β-hydroxybutyric
acid
− 2.193
× Citric
acid acid
+ 1.738
× LysoPC
20:3 + 1.44
acid, where
1.414
× β-hydroxybutyric
acid
− 2.193
× Citric
+ 1.738
× LysoPC
20:3 ×+ Fumaric
1.44 × Fumaric
acid,
P where
is the probability
of stage IIofNSCLC
the numeric
of each
named
metabolite
in the equation
P is the probability
stage IIand
NSCLC
and thevalue
numeric
value
of each
named metabolite
in the
isequation
the concentration
after median normalization,
log transformation,
and auto-scaling.and
Specifically,
PC
is the concentration
after median normalization,
log transformation,
auto-scaling.
aeSpecifically,
C40:6 = (logPC
ae C40:6]/4.27)
+ 0.02)/0.18;
β-hydroxybutyric
acid = (log10 ([β-hydroxybutyric
ae C40:6
= (log10([PC
ae C40:6]/4.27)
+ 0.02)/0.18; β-hydroxybutyric
acid = (log10([β10 ([PC
acid]/58.1)
− 0.11)/0.48;
LysoPC− 20:3
= (log10LysoPC
([LysoPC
20:3]/4.27)
+ 0.04)/0.16;
Citric acid
= (log10 ([Citric
hydroxybutyric
acid]/58.1)
0.11)/0.48;
20:3
= (log10([LysoPC
20:3]/4.27)
+ 0.04)/0.16;
Citric
acid]/86.9)
+ 10
0.01)/0.14;
Fumaric acid
= (log10 ([Fumaric
of smoking
=
acid = (log
([Citric acid]/86.9)
+ 0.01)/0.14;
Fumaric acid]/0.93)
acid = (log−100.01)/0.2;
([FumaricAmount
acid]/0.93)
− 0.01)/0.2;
(log
([Amount
of
smoking]/6570)
+
1.23)/2.1.
As
before,
values
in
square
brackets
represent
measured
Amount
of
smoking
=
(log
10
([Amount
of
smoking]/6570)
+
1.23)/2.1.
As
before,
values
in
square
10
(unscaled)
concentrations
of the(unscaled)
compounds.
The ROC curve
of the
corresponding
model
is shown
brackets represent
measured
concentrations
of the
compounds.
The ROC
curve
of the
incorresponding
Figure 5b. Themodel
AUC of
ROCincurve
for5b.
theThe
metabolite
smoking
wasthe
0.982
(95% CI, +
is the
shown
Figure
AUC of+ the
ROC model
curve for
metabolite
0.975–0.990)
and after
10-fold
cross-validation
it was
(95% CI,
0.930–1.000). When
same
smoking model
was 0.982
(95%
CI, 0.975–0.990)
and 0.948
after 10-fold
cross-validation
it was the
0.948
(95%
CI, 0.930–1.000). When the same metabolite + smoking history model was tested on the validation
set, the AUC of the validation set was reasonably close to the training set (0.933, Figure 5b). Again,
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metabolite + smoking history model was tested on the validation set, the AUC of the validation set was
reasonably close to the training set (0.933, Figure 5b). Again, when smoking history was added into
the model, both the sensitivities/specificities of the cut-off point (0.66) and overall model performance
were improved (Table 7).
Table 7. Logistic regression based optimal model for stages I + II NSCLC detection: metabolites plus
smoking history.
Logistic Model with Selected Compounds:
logit(P) = log(P/(1 − P)) = 2.427 + 1.425 × Amount of smoking − 1.414 × PC ae C40:6 + 1.414 × β-hydroxybutyric
acid − 2.193 × Citric acid + 1.738 × LysoPC 20:3 + 1.44 × Fumaric acid.
The optimal cut-off point for the above equation is 0.66.
Logistic Regression Model—Summary of Each Feature:

(Intercept)
Amount of smoking
PC ae C40:6
β-Hydroxybutyric acid
Citric acid
LysoPC 20:3
Fumaric acid

Estimate

Std. Error

z Value

Pr(>|z|)

Odds

2.427
1.425
−1.048
1.414
−2.193
1.738
1.44

0.638
0.507
0.64
0.594
0.719
0.739
0.612

3.803
2.813
−1.637
2.379
−3.051
2.351
2.352

<0.001
0.005
0.102
0.017
0.002
0.019
0.019

4.16
0.35
4.11
0.11
5.68
4.22

Performance of Logistic Regression Model:

Training/discovery
10-fold
cross-validation

AUC

Sensitivity

Specificity

0.982 (0.975–0.990)

0.960 (0.946–0.974)

0.944 (0.921–0.968)

0.965 (0.930–1.000)

0.930 (0.930–0.984)

0.925 (0.843–1.000)

3.7. Multivariate Analysis: Stages IIIB+IV vs. Normal
Metabolite analysis of the plasma of patients at advanced stages of NSCLC were much more
distinct from healthy controls, compared with earlier NSCLC stages. Both PCA and PLS-DA responded
with clear separation (Figure S4a,b). The VIP data from the PLS-DA analysis showed that ketone body
dysregulation appeared to be one of the most characteristic features of stage IIIB+IV NSCLC patients
(Figure S4c). Elevated levels of cadaverine, a product of lysine decarboxylation, was also identified as
one of the most important features in discriminating stages IIIB+IV NSCLC. In contrast, upregulation
of LysoPC 20:3, which was a feature of stage I/II NSCLC did not stand out as an important feature in
stage III/IV NSCLC. As the identification of markers for late stage lung cancer was not a major focus of
this work (and because of the relatively small sample size), we did not attempt to develop a logistic
regression model to predict stage IIIB/IV NSCLC.
4. Discussion
The purpose of this study was to discover and validate a combination of plasma metabolite (and
clinical) biomarkers for the early detection of non-small cell lung cancer (NSCLC). In particular, plasma
metabolite changes in NSCLC patients (at various stages) versus healthy (age and gender-matched)
controls were studied via quantitative MS-based metabolomic techniques. Separate discovery cohorts
(with 10-fold cross validation) and validation cohorts were used to prevent overtraining and any
unintended bias in the results. Three different metabolite-only and three different metabolite + smoking
status models were developed and independently validated to detect stage I, stage II, and stage I/II
NSCLC. Most of these models achieved AUCs > 0.9. Figure S5 shows a Venn diagram representing
discovered plasma metabolite biomarkers for specific stages.
Over the past decade, a large number of metabolomic studies have been published aimed at
identifying robust biomarkers for lung cancer diagnosis using plasma, serum, or urine. Regardless of
the lung cancer staging, most of these studies were performed on relatively small sample sizes (n < 50
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in each group), most were not validated with an independent holdout group and many were based
on qualitative (i.e., non-quantitative) metabolomic methods [20,26–30]. For a metabolite assay to be
clinically useful, the metabolite measurements must be fully quantitative. After an extensive literature
review, we found remarkably few metabolomic studies that specifically looked at detecting early stage
lung cancer, that used reasonably large cohorts, and which employed fully quantitative metabolomic
techniques. In particular just three studies met some or all of these criteria. The study by Maeda et al.,
which was performed in 2010, described the development of an early stage lung cancer detection test
based on precisely determined concentrations of 21 plasma amino acids [21]. The test was developed
using a cohort of 4340 healthy controls and 186 patients with stage I/II (162 in stage I and 24 in stage II)
lung cancer and the final model used only six amino acids. The authors reported AUCs of 0.817
and 0.801 (on their validation sets) for diagnosing stage I and stage II lung cancer, respectively. We
attempted to repeat this result using our assay and our cohort as we measured all the plasma amino
acids described by Maeda et al. [21]. Interestingly, using the same panel of six amino acids, we were
able to generate logistic regression models with AUCs of 0.774 and 0.878 for stage I and stage II NSCLC,
respectively. While we do not know the exact equations used by Maeda et al. [21] in their diagnostic
model, we believe our results largely validate their findings and confirm the importance of plasma
amino acids in diagnosing early stage lung cancer. However, the use of additional metabolite classes
(LysoPCs, organic acids) and other clinical data certainly can improve the diagnostic performance, as
our classifiers for both stage I and II NSCLC had AUCs of 0.921 and 0.957, respectively.
A recent lipidomics study conducted by Yu et al. discovered that a combination of four plasma
lipids could be used to detect early-stage NSCLC [22]. This semi-quantitative test was developed using
a cohort of 80 healthy controls and 105 patients with stage I/II NSCLC. Their initial model had an AUC
of 0.823. When the assay was validated on an independent cohort the AUC was 0.808. These results
are comparable to those reported by Maeda et al. and they certainly suggest that lipids have a useful
role to play in diagnosing early stage lung cancer. Unfortunately, the lipids measured in the Yu et al.
study were not measurable in our study, so we could not independently confirm their findings. A
more recent study conducted by Ros-Mazurczyk et al. described a LysoPC-based serum assay for
the diagnosis of early stage NSCLC, which had an AUC = 0.88 [23]. This semi-quantitative test was
developed using a cohort of 300 healthy controls and 94 patients in stage I/II NSCLC. However, the
assay was not validated on a separate cohort. It also needs to be pointed out that the high AUC claimed
in the Ros-Mazurczyk study was based on the semi-quantitation of seven unidentified LysoPCs. When
the assay was limited to the four identifiable LysoPCs the AUC dropped to 0.80. We also attempted to
repeat the Ros-Mazurczyk result using our assay and our cohort as we quantitatively measured all
four of the identified LysoPCs described in their paper. Our AUC was just 0.675 for stage I/II NSCLC.
The reduced performance we obtained may be related to with intrinsic differences in LysoPC levels for
plasma vs. serum [31,32]. Furthermore, specificity (76%) and PPV (55%) of the Ros-Mazurczyk model
are surprisingly low, especially when compared to our results which typically have specificities > 90%,
and PPVs of ~90%.
As noted above, the diagnostic accuracy of all previously reported metabolomics assays for
detecting early-stage lung cancer is relatively modest (with AUCs ≈ 0.8). This may be due to the
limited number and type of metabolites (amino acids only, lipids only, LysoPCs only, etc.) that were
quantitatively or semi-quantitatively measured. The plasma biomarker panels we discovered for
stage I, stage II, and stage I/II lung cancer cover a more diverse range of metabolites (lipids, LysoPCs,
organic acids, amino acids) and this may be why the performance is consistently better (AUCs > 0.9).
We have earlier determined a liquid biopsy panel consisting of 14 metabolites, six of which are in
the polyamine pathway, that was able to correctly diagnose lung cancer at later stages with an area
under the curve of 0.97 (95% CI: 0.875–1.0) [33]. The present study was subsequently undertaken with
an increase in the range of metabolites to allow for the detection and determination of lung cancer
at early stages. While the performance of our metabolite-only or metabolite + smoking models for
diagnosing early stage NSCLC is quite impressive, these models still need to be further validated on
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larger, more diverse cohorts. In particular, a much larger age and gender-matched healthy control group
along with a more ethnically diverse population would be helpful to determine if these metabolite
signatures are truly robust and if they provide sufficient sensitivity/specificity for lung cancer screening
purposes. Currently, we are planning to extend and validate these models on a larger cohort containing
1200–1500 patients.
In addition for further validation on a larger cohort, the inclusion of individuals with other
pulmonary diseases (pneumonia, tuberculosis, chronic obstructive pulmonary disease (COPD), asthma)
in a separate control group would also help determine whether these metabolite markers are specific
to lung cancer alone or whether they are also markers for general lung distress. To explore the issue of
lung distress vs. lung cancer we conducted a literature review of serum/plasma metabolomic studies
that have looked at these other lung conditions and found that the markers we identified do not overlap
with the markers identified for these conditions [34–38]. This suggests that the metabolite markers
we found are likely specific to lung cancer, but this supposition clearly needs further experimental
validation. The inclusion of other clinical variables beyond smoking status/history could also improve
the performance of our models. For instance, data on ethnicity, coughing frequency, incidence of
respiratory tract infections, occupational exposure to dust/powders, location relative to known areas
with high radon, etc., could be used to assist in lung cancer diagnosis.
While the development and validation of a simple and reliable plasma metabolite assay was the
primary purpose of this study, it is also of interest to try to understand why some of the metabolites
we found were so differentially expressed in NSCLC. By comparing the predictive models acquired
from stage I NSCLC patients to models for other stages, LysoPC 20:3 was identified as a key metabolic
biomarker for stage I NSCLC. As yet, no published study has previously reported on the lung
cancer-related biological functions of LysoPC 20:3. In our univariate study, plasma concentrations of
this lysophosphatidylcholine acquired from NSCLC patients at all stages showed a clear elevation
with significant FDR adjusted p-values (p < 0.01). This observation linking elevated levels of LysoPC
20:3 to stage I/II NSCLC was further confirmed by our multivariate statistical studies and subsequence
predictive models. It has been observed and reported that plasma concentrations of total LysoPCs
are often inversely correlated with the risk of various types of cancer in both the mouse [39] and
human [40,41] models. Our univariate analysis of total LysoPCs also revealed that in stages IIIB and IV
NSCLC, plasma levels of most of the measured LysoPCs were downregulated (data not shown). In
particular, LysoPC 18:0 and LysoPC 17:0 showed a significant decrease (FDR adjusted p = 0.0103 and
0.0028, respectively), which is consistent with previous reports [39,41]. Lower levels of most LysoPCs
may be related to the higher consumption rate of LysoPCs and LysoPC-bound fatty acids in tumor
cells [42], and the increased rate of extracellular LysoPC cleavage [39]. Given the opposing trend of
LysoPC 20:3 (increased) compared with other LysoPCs (decreased), we propose that LysoPC 20:3 may
have a unique role in the development/progression of lung cancer. In particular, LysoPCs have been
implicated in phagocyte recruitment and opsonization of apoptotic cells [43]. An increased plasma
level of LysoPC 20:3 may be related to an alternated immune response at early stages of NSCLC.
Another member of phosphatidylcholine family, PC ae C40:6, also appears to play a role in
both stage I and stage II NSCLC. In this study, concentrations of polyunsaturated PCs with 38–40
carbons were found to be significantly decreased in the plasma of NSCLC patients. The inclusion of
PC ae C40:6, in our predictive models for early stage NSCLC contributed significantly to the high
sensitivity/specificity of our models. While the precise lipid species associated with PC ae C40:6
could not be determined, it is possible that PC ae C40:6 could be the source for LysoPC 20:3, thereby
explaining the significant reduction of PC ae C40:6 compared to the significant increase in LysoPC
20:3. Altered plasma PC levels in early-stage NSCLC patients have been previously reported [44].
It has been noted previously that decreased lipid membrane unsaturation levels can protect tumor
cells from free radicals or chemotherapeutics and promote invasion and infiltration [45]. Decreased
polyunsaturated PC levels have been previously reported in six different types of cancer tissues
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including lung cancer [46]. Clearly more detailed lipidomic studies need to be conducted to investigate
the biological significance of these PC alterations.
Elevated plasma levels of β-hydroxybutyric acid, one of the most abundant plasma ketone bodies,
was found for NSCLC at all stages. Consistent with our results, several other recently published studies
have detected the same trend in plasma β-hydroxybutyric acid from lung cancer patients [47–49].
The biological functions of β-hydroxybutyric acid are quite diverse and include energy metabolism,
epigenetic regulation, and oxidative stress response [50]. Different studies in animal models and
humans on the biological effects of β-hydroxybutyric acid in cancer have often led to diverse conclusions.
Therefore, the relationship between β-hydroxybutyric acid and cancer, especially lung cancer, has
yet to be clarified. The elevated plasma β-hydroxybutyric acid in stage IIIB and IV patients may be
due to cancer-related malnutrition. However, changes in β-hydroxybutyric acid at earlier lung cancer
stages is more difficult to explain. It has been recently reported that extra β-hydroxybutyric acid can
be produced by nearby or adjacent fibroblasts to feed tumor cells [51]. Therefore, the elevated plasma
β-hydroxybutyric acid in lung cancer patients may be a resulting overproduction of β-hydroxybutyric
acid by tumors or adjacent tumor tissue. More studies are needed to bring to light the precise reasons
why plasma β-hydroxybutyric acid is upregulated in lung cancer patients.
Increased plasma fumaric acid levels were identified as a powerful biomarker to discriminate
stage I NSCLC patients from healthy controls, which is another novel finding. Another component of
the TCA cycle, citric acid, also contributed to the predictive models for stage II and advanced stage
NSCLC. Both of these TCA organic acids were found to be altered in plasma across all NSCLC stages
but with opposite trends (fumarate increased while citrate decreased). Fumaric acid has been linked to
the inhibition HIF-1α degradation in tumor cells to overcome hypoxia in multiple cancer types [52–54].
In this regard fumaric acid can be considered as an oncometabolite [55]. On the other hand, citric
acid can be used by tumor cells as a source of acetyl-CoA and oxaloacetic acid for lipid synthesis and
neoglucogenesis [56]. Fumaric acid and citric acid have been shown to be rapidly taken up by lung
cancer cells, and their accumulation in lung cancer tissue has also been shown by a number of different
studies [57,58]. Decreased plasma citrate levels in lung cancer has been described previously [59],
which helps confirm the importance of this compound in lung cancer diagnosis. However, the rationale
for the opposing trends of these two metabolites in the plasma of lung cancer patients still needs
further clarification.
In our study, plasma carnitine levels were significantly increased—across all NSCLC stages.
Increased production of carnitine has also been identified as a significant feature of plasma, tumor
tissue, and other types of biofluids acquired from NSCLC patients [60] as well as patients with other
types of cancer, such as bladder [61], breast [62], and colorectal cancer [63]. Carnitine is rapidly
consumed by tumor cells for acetyl-CoA synthesis and acetyl-CoA can be used for lipid synthesis via
glutamine metabolism [56,64,65]. Endogenous carnitines in mammals are mainly synthesized in liver
and kidney via trimethyllysine, a product of lysine methylation [64]. In our study, another product
of lysine metabolism, cadaverine, was also found to be significantly increased in the plasma of stage
IIIB and IV NSCLC patients. These abnormal trends in carnitine and cadaverine levels suggest that
dysregulation of lysine metabolism is a common feature of NSCLC, especially in more advanced stages.
5. Conclusions
In summary, we h developed several high-performing logistic regression models for the diagnosis
of early stage NSCLC using plasma metabolites that consistently have AUCs > 0.9. Both metabolite-only
and metabolite + smoking history models were developed on an initial discovery set and then fully
validated on a separate holdout set. In all cases the Youden index for the cut-off points was improved
by incorporating smoking duration. A key advantage of developing a blood-based metabolomic test is
that it can be easily converted into a low-cost, high-throughput assay that can be run at almost any
clinical laboratory equipped with a standard triple-quadrupole mass spectrometer. We estimate that a
modified assay that is specific to the metabolites identified here could be run at a rate of 4–5 min per
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sample using as little as 10 µL of plasma. These promising results suggest that a minimally invasive,
high performance, high-throughput, low cost lung cancer screening assay might be developed that
could be used to select patients for further follow-up and confirmation using LDCT or other lung
imaging modalities. Future validation studies involving larger cohorts, additional clinical parameters,
and the inclusion of patients with other lung diseases as negative controls are being undertaken.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/12/3/622/s1,
Figure S1: PLS-DA results of healthy controls vs. all stages NSCLC, Figure S2: ROC curve of the random forest
exploration models for stage I NSCLC patients, Figure S3: ROC curve of the random forest exploration models
for stage II NSCLC patients, Figure S4: PCA and PLS-DA results of healthy controls vs. Stages IIIB+IV NSCLC,
Figure S5: Venn Diagram representing discovered plasma metabolite markers for different early stages of NSCLC,
Table S1: Logistic regression based correlation study: NSCLC vs. clinical variants, Table S2: Metabolites with
significant different between normal cases and NSCLC patients using univariate statistical analysis (Mann Whitney
Rank Sum test).
Author Contributions: Conceptualization, R.A. and D.S.W.; Data curation, L.Z. and J.Z.; Formal analysis, L.Z.
and J.Z.; Funding acquisition, R.A. and D.S.W.; Methodology, L.Z., J.Z. and D.S.W.; Project administration, R.A.
and G.H.; Resources, R.A., A.M., D.S.S., P.S.T., P.J. and D.S.W.; Supervision, R.M. and D.S.W.; Writing—original
draft, L.Z., J.Z. and J.R.; Writing—review and editing, R.M., A.M., D.S.S., P.S.T., B.R., P.J., A.R., C.D.R. and D.S.W.
All authors have read and agreed to the published version of the manuscript.
Funding: This study was supported, in part, by Biomark Diagnostics Inc. (Richmond, BC, Canada) and the
Maunders-McNeil Foundation (Edmonton, AB, Canada). Support for The Metabolomics Innovation Centre
(TMIC) is provided by Genome Canada, the Canada Foundation for Innovation (CFI), the Canadian Institutes of
Health Research (CIHR), and the University of Alberta.
Acknowledgments: Infrastructure support was provided by the St. Boniface Hospital Foundation and
the University of Manitoba. We thank the Institut Universitaire de Cardiologie et de Pneumologie de
Québec—Université Laval (IUCPQ, the site of the Respiratory Health Network Tissue Bank of the Fonds
de la Recherche du Québec-Santé) for providing the plasma samples and patient data.
Conflicts of Interest: R.A. and G.H. are shareholders of BioMark Diagnostics Inc. P.S.T. and D.S.S. are minor
shareholders of BioMark Diagnostics, Inc. The authors have no other relevant affiliations or financial involvement
with any organization or entity with a financial interest or financial conflict with the subject matter or materials
discussed in the manuscript apart from those disclosed.

References
1.
2.

3.

4.

5.

6.
7.

8.

Reck, M.; Rabe, K.F. Precision diagnosis and treatment for advanced non–small-cell lung cancer. N. Engl.
J. Med. 2017, 377, 849–861. [CrossRef]
Lanuti, M.; Hong, H.-J.; Ali, S.; Stock, C.; Temel, J.; Mathisen, D.; Michaelson, J.S. Observations in lung
cancer over multiple decades: an analysis of outcomes and cost at a single high-volume institution. Eur. J.
Cardio-Thorac. Surg. 2014, 46, 254–261. [CrossRef]
Howlader, N.; Noone, A.M.; Krapcho, M.; Miller, D.; Brest, A.; Yu, M.; Ruhl, J.; Tatalovich, Z.; Mariotto, A.;
Lewis, D.R.; et al. (Eds.) SEER Cancer Statistics Review, 1975–2016; SEER: Bethesda, MD, USA, 2019. Available
online: https://seer.cancer.gov/csr/1975_2016/ (accessed on 2 August 2019).
Lu, T.; Yang, X.; Huang, Y.; Zhao, M.; Li, M.; Ma, K.; Yin, J.; Zhan, C.; Wang, Q. Trends in the incidence,
treatment, and survival of patients with lung cancer in the last four decades. Cancer Manag. Res. 2019, 11,
943–953. [CrossRef]
International Early Lung Cancer Action Program Investigators; Henschke, C.I.; Yankelevitz, D.F.; Libby, D.M.;
Pasmantier, M.W.; Smith, J.P.; Miettinen, O.S. Survival of patients with stage I lung cancer detected on CT
screening. N. Engl. J. Med. 2006, 355, 1763–1771.
National Lung Screening Trial Research Team. Reduced lung-cancer mortality with low-dose computed
tomographic screening. N. Engl. J. Med. 2011, 365, 395–409. [CrossRef] [PubMed]
Pastorino, U.; Silva, M.; Sestini, S.; Sabia, F.; Boeri, M.; Cantarutti, A.; Sverzellati, N.; Sozzi, G.; Corrao, G.;
Marchianò, A. Prolonged lung cancer screening reduced 10-year mortality in the MILD trial: New confirmation
of lung cancer screening efficacy. Ann. Oncol. 2019, 30, 1162–1169. [CrossRef] [PubMed]
Xia, J.; Wishart, D.S. Using MetaboAnalyst 3.0 for comprehensive metabolomics data analysis. Curr. Protoc.
Bioinform. 2016, 55, 14.10.1–14.10.91. [CrossRef] [PubMed]

Cancers 2020, 12, 622

9.

10.

11.
12.

13.

14.

15.
16.
17.

18.
19.

20.
21.

22.

23.

24.

25.
26.
27.

19 of 22

Zhong, L.; Coe, S.P.; Stromberg, A.J.; Khattar, N.H.; Jett, J.R.; Hirschowitz, E.A. Profiling tumor-associated
antibodies for early detection of non-small cell lung cancer. J. Thorac. Oncol. 2006, 1, 513–519. [CrossRef]
[PubMed]
Sozzi, G.; Boeri, M.; Rossi, M.; Verri, C.; Suatoni, P.; Bravi, F.; Roz, L.; Conte, D.; Grassi, M.; Sverzellati, N.;
et al. Clinical utility of a plasma-based miRNA signature classifier within computed tomography lung cancer
screening: A correlative MILD trial study. J. Clin. Oncol. 2014, 32, 768–773. [CrossRef] [PubMed]
Fiala, C.; Diamandis, E.P. Utility of circulating tumor DNA in cancer diagnostics with emphasis on early
detection. BMC Med. 2018, 16, 166. [CrossRef] [PubMed]
Paci, M.; Maramotti, S.; Bellesia, E.; Formisano, D.; Albertazzi, L.; Ricchetti, T.; Ferrari, G.; Annessi, V.;
Lasagni, D.; Carbonelli, C.; et al. Circulating plasma DNA as diagnostic biomarker in non-small cell lung
cancer. Lung Cancer 2009, 64, 92–97. [CrossRef] [PubMed]
Newman, A.M.; Bratman, S.V.; To, J.; Wynne, J.F.; Eclov, N.C.W.; Modlin, L.A.; Liu, C.L.; Neal, J.W.;
Wakelee, H.A.; Merritt, R.E.; et al. An ultrasensitive method for quantitating circulating tumor DNA with
broad patient coverage. Nat. Med. 2014, 20, 548–554. [CrossRef] [PubMed]
Ostrow, K.L.; Hoque, M.O.; Loyo, M.; Brait, M.; Greenberg, A.; Siegfried, J.M.; Grandis, J.R.; Gaither Davis, A.;
Bigbee, W.L.; Rom, W.; et al. Molecular analysis of plasma DNA for the early detection of lung cancer by
quantitative methylation-specific PCR. Clin. Cancer Res. 2010, 16, 3463–3472. [CrossRef] [PubMed]
Duarte, I.F.; Rocha, C.M.; Gil, A.M. Metabolic profiling of biofluids: Potential in lung cancer screening and
diagnosis. Expert Rev. Mol. Diagn. 2013, 13, 737–748. [CrossRef]
Wishart, D.; Mandal, R.; Stanislaus, A.; Ramirez-Gaona, M. Cancer metabolomics and the human metabolome
database. Metabolites 2016, 6, 10. [CrossRef]
O’Shea, K.; Cameron, S.J.S.; Lewis, K.E.; Lu, C.; Mur, L.A.J. Metabolomic-based biomarker discovery for
non-invasive lung cancer screening: A case study. Biochim. Biophys. Acta Gen. Subj. 2016, 1860, 2682–2687.
[CrossRef]
Kumar, N.; Shahjaman, M.; Mollah, M.N.H.; Islam, S.M.S.; Hoque, M.A. Serum and plasma metabolomic
biomarkers for lung cancer. Bioinformation 2017, 13, 202–208. [CrossRef]
Callejón-Leblic, B.; García-Barrera, T.; Grávalos-Guzmán, J.; Pereira-Vega, A.; Gómez-Ariza, J.L. Metabolic
profiling of potential lung cancer biomarkers using bronchoalveolar lavage fluid and the integrated direct
infusion/gas chromatography mass spectrometry platform. J. Prot. 2016, 145, 197–206. [CrossRef]
Yu, L.; Li, K.; Zhang, X. Next-generation metabolomics in lung cancer diagnosis, treatment and precision
medicine: Mini review. Oncotarget 2017, 8, 115774–115786. [CrossRef]
Maeda, J.; Higashiyama, M.; Imaizumi, A.; Nakayama, T.; Yamamoto, H.; Daimon, T.; Yamakado, M.;
Imamura, F.; Kodama, K. Possibility of multivariate function composed of plasma amino acid profiles as
a novel screening index for non-small cell lung cancer: A case control study. BMC Cancer 2010, 10, 690.
[CrossRef]
Yu, Z.; Chen, H.; Ai, J.; Zhu, Y.; Li, Y.; Borgia, J.A.; Yang, J.-S.; Zhang, J.; Jiang, B.; Gu, W.; et al. Global
lipidomics identified plasma lipids as novel biomarkers for early detection of lung cancer. Oncotarget 2017, 8,
107899–107906. [CrossRef] [PubMed]
Ros-Mazurczyk, M.; Jelonek, K.; Marczyk, M.; Binczyk, F.; Pietrowska, M.; Polanska, J.; Dziadziuszko, R.;
Jassem, J.; Rzyman, W.; Widlak, P. Serum lipid profile discriminates patients with early lung cancer from
healthy controls. Lung Cancer 2017, 112, 69–74. [CrossRef] [PubMed]
Khaniani, Y.; Lipfert, M.; Bhattacharyya, D.; Perez Pineiro, R.; Zheng, J.; Wishart, D.; Khaniani, Y.; Lipfert, M.;
Bhattacharyya, D.; Perez Pineiro, R.; et al. A simple and convenient synthesis of unlabeled and 13C-labeled
3-(3-Hydroxyphenyl)-3-Hydroxypropionic acid and its quantification in human urine samples. Metabolites
2018, 8, 80. [CrossRef] [PubMed]
Wishart, D.S. Computational approaches to metabolomics. In Methods in Molecular Biology; Clifton, N.J., Ed.;
Humana Press Inc.: Totowa, NJ, USA, 2010; Volume 593, pp. 283–313.
Jelonek, K.; Widłak, P. Metabolome-based biomarkers: Their potential role in the early detection of lung
cancer. Contemp. Oncol. 2018, 22, 135. [CrossRef] [PubMed]
Xiang, C.; Jin, S.; Zhang, J.; Chen, M.; Xia, Y.; Shu, Y.; Guo, R. Cortisol, cortisone, and 4-methoxyphenylacetic
acid as potential plasma biomarkers for early detection of non-small cell lung cancer. Int. J. Biol. Mark. 2018,
33, 314–320. [CrossRef] [PubMed]

Cancers 2020, 12, 622

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.
38.
39.

40.

41.

42.
43.
44.

45.

20 of 22

Mazzone, P.J.; Wang, X.-F.; Beukemann, M.; Zhang, Q.; Seeley, M.; Mohney, R.; Holt, T.; Pappan, K.L.
Metabolite profiles of the serum of patients with non–small cell carcinoma. J. Thorac. Oncol. 2016, 11, 72–78.
[CrossRef]
Li, Y.; Song, X.; Zhao, X.; Zou, L.; Xu, G. Serum metabolic profiling study of lung cancer using ultra high
performance liquid chromatography/quadrupole time-of-flight mass spectrometry. J. Chromatogr. B 2014,
966, 147–153. [CrossRef]
Zhang, Q.; Xu, H.; Liu, R.; Gao, P.; Yang, X.; Jin, W.; Zhang, Y.; Bi, K.; Li, Q. A novel strategy for targeted
lipidomics based on LC-tandem-MS parameters prediction, quantification, and multiple statistical data
mining: Evaluation of lysophosphatidylcholines as potential cancer biomarkers. Anal. Chem. 2019, 91,
3389–3396. [CrossRef]
Ishikawa, M.; Maekawa, K.; Saito, K.; Senoo, Y.; Urata, M.; Murayama, M.; Tajima, Y.; Kumagai, Y.; Saito, Y.
Plasma and serum lipidomics of healthy white adults shows characteristic profiles by subjects’ gender and
age. PLoS ONE 2014, 9, e91806. [CrossRef]
Yu, Z.; Kastenmüller, G.; He, Y.; Belcredi, P.; Möller, G.; Prehn, C.; Mendes, J.; Wahl, S.; Roemisch-Margl, W.;
Ceglarek, U.; et al. Differences between human plasma and serum metabolite profiles. PLoS ONE 2011, 6,
e21230. [CrossRef]
Singhal, S.; Rolfo, C.; Maksymiuk, A.W.; Tappia, P.S.; Sitar, D.S.; Russo, A.; Akhtar, P.S.; Khatun, N.;
Rahnuma, P.; Rashiduzzaman, A.; et al. Liquid biopsy in lung cancer screening: The contribution of
metabolomics. Results of a pilot study. Cancers 2019, 11, 1069. [CrossRef] [PubMed]
Cui, L.; Zheng, D.; Lee, Y.H.; Chan, T.K.; Kumar, Y.; Ho, W.E.; Chen, J.Z.; Tannenbaum, S.R.; Ong, C.N.
Metabolomics investigation reveals metabolite mediators associated with acute lung injury and repair in a
murine model of influenza pneumonia. Sci. Rep. 2016, 6, 26076. [CrossRef] [PubMed]
Slupsky, C.M.; Rankin, K.N.; Fu, H.; Chang, D.; Rowe, B.H.; Charles, P.G.P.; McGeer, A.; Low, D.; Long, R.;
Kunimoto, D.; et al. Pneumococcal pneumonia: Potential for diagnosis through a urinary metabolic profile.
J. Prot. Res. 2009, 8, 5550–5558. [CrossRef] [PubMed]
Frediani, J.K.; Jones, D.P.; Tukvadze, N.; Uppal, K.; Sanikidze, E.; Kipiani, M.; Tran, V.T.; Hebbar, G.;
Walker, D.I.; Kempker, R.R.; et al. Plasma metabolomics in human pulmonary tuberculosis disease: A pilot
study. PLoS ONE 2014, 9, e108854. [CrossRef] [PubMed]
Mirsaeidi, M.; Banoei, M.M.; Winston, B.W.; Schraufnagel, D.E. Metabolomics: Applications and promise in
mycobacterial disease. Ann. Am. Thorac. Soc. 2015, 12, 1278–1287. [CrossRef]
Nobakht, F.; Aliannejad, R.; Rezaei-Tavirani, M.; Taheri, S.; Oskouie, A.A. The metabolomics of airway
diseases, including COPD, asthma and cystic fibrosis. Biomarkers 2015, 20, 5–16. [CrossRef]
Raynor, A.; Jantscheff, P.; Ross, T.; Schlesinger, M.; Wilde, M.; Haasis, S.; Dreckmann, T.; Bendas, G.;
Massing, U. Saturated and mono-unsaturated lysophosphatidylcholine metabolism in tumour cells: A
potential therapeutic target for preventing metastases. Lipids Health Dis. 2015, 14, 69. [CrossRef]
Taylor, L.A.; Arends, J.; Hodina, A.K.; Unger, C.; Massing, U. Plasma lyso-phosphatidylcholine concentration
is decreased in cancer patients with weight loss and activated inflammatory status. Lipids Health Dis. 2007, 6,
17. [CrossRef]
Kühn, T.; Floegel, A.; Sookthai, D.; Johnson, T.; Rolle-Kampczyk, U.; Otto, W.; von Bergen, M.; Boeing, H.;
Kaaks, R. Higher plasma levels of lysophosphatidylcholine 18:0 are related to a lower risk of common cancers
in a prospective metabolomics study. BMC Med. 2016, 14, 13. [CrossRef]
Joo, E.J.; Weyers, A.; Li, G.; Gasimli, L.; Li, L.; Choi, W.J.; Lee, K.B.; Linhardt, R.J. Carbohydrate-containing
molecules as potential biomarkers in colon cancer. OMICS A J. Integr. Biol. 2014, 18, 231–241. [CrossRef]
Fogarty, C.E.; Bergmann, A. The sound of silence: Signaling by apoptotic cells. Curr. Top. Dev. Biol. 2015,
114, 241–265. [PubMed]
Chen, Y.; Ma, Z.; Zhong, J.; Li, L.; Min, L.; Xu, L.; Li, H.; Zhang, J.; Wu, W.; Dai, L. Simultaneous quantification
of serum monounsaturated and polyunsaturated phosphatidylcholines as potential biomarkers for diagnosing
non-small cell lung cancer. Sci. Rep. 2018, 8, 7137. [CrossRef] [PubMed]
Rysman, E.; Brusselmans, K.; Scheys, K.; Timmermans, L.; Derua, R.; Munck, S.; Van Veldhoven, P.P.;
Waltregny, D.; Daniels, V.W.; Machiels, J.; et al. De novo lipogenesis protects cancer cells from free radicals
and chemotherapeutics by promoting membrane lipid saturation. Cancer Res. 2010, 70, 8117–8126. [CrossRef]
[PubMed]

Cancers 2020, 12, 622

46.

47.

48.

49.

50.
51.

52.
53.

54.
55.
56.

57.

58.

59.

60.

61.

62.

63.

21 of 22

Guo, S.; Wang, Y.; Zhou, D.; Li, Z. Significantly increased monounsaturated lipids relative to polyunsaturated
lipids in six types of cancer microenvironment are observed by mass spectrometry imaging. Sci. Rep. 2015, 4,
5959. [CrossRef] [PubMed]
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