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a b s t r a c t
Objective: Lung cancer dysregulations impart oxidative stress which results in important metabolic products in the form of volatile organic compounds (VOCs) in exhaled breath. The objective of this work is to
use statistical classiﬁcation models to determine speciﬁc carbonyl VOCs in exhaled breath as biomarkers
for detection of lung cancer.
Materials and methods: Exhaled breath samples from 85 patients with untreated lung cancer, 34 patients
with benign pulmonary nodules and 85 healthy controls were collected. Carbonyl compounds in exhaled
breath were captured by silicon microreactors and analyzed by Fourier transform ion cyclotron resonance mass spectrometry (FT-ICR-MS). The concentrations of carbonyl compounds were analyzed using
a variety of statistical classiﬁcation models to determine which compounds best differentiated between
the patient sub-populations. Predictive accuracy of each of the models was assessed on a separate test
data set.
Results: Six carbonyl compounds (C4 H8 O, C5 H10 O, C2 H4 O2 , C4 H8 O2 , C6 H10 O2 , C9 H16 O2 ) had signiﬁcantly
elevated concentrations in lung cancer patients vs. controls. A model based on counting the number
of elevated compounds out of these six achieved an overall classiﬁcation accuracy on the test data of
97% (95% CI 92%–100%), 95% (95% CI 88%–100%), and 89% (95% CI 79%–99%) for classifying lung cancer
patients vs. non-smokers, current smokers, and patients with benign nodules, respectively. These results
were comparable to benchmarking based on established statistical and machine-learning methods. The
sensitivity in each case was 96% or higher, with speciﬁcity ranging from 64% for benign nodule patients
to 86% for smokers and 100% for non-smokers.
Conclusion: A model based on elevated levels of the six carbonyl VOCs effectively discriminates lung
cancer patients from healthy controls as well as patients with benign pulmonary nodules.
© 2015 Elsevier Ireland Ltd. All rights reserved.

1. Introduction
Lung cancer is the leading cause of cancer mortality. Each year
more people die of lung cancer than of breast, colon, and prostate
cancers combined [1]. The 5-year survival rate of a stage I patient
can be as high as 60%–80%; however, only 15% of lung cancer
patients are diagnosed before they develop regional or metastatic
disease [2,3]. The National Lung Screening Trial Team recently
reported that computed tomography (CT) screening of heavy smokers reduced lung cancer deaths by 20% [4]. Therefore, detection

∗ Corresponding author.
E-mail address: xiaoan.fu@louisville.edu (X.-A. Fu).
http://dx.doi.org/10.1016/j.lungcan.2015.07.005
0169-5002/© 2015 Elsevier Ireland Ltd. All rights reserved.

of lung cancer in its early stages is critical for increasing patient
survival [5].
One promising method for detection of early lung cancer involves analysis of volatile organic compounds (VOCs) in
exhaled breath [5–12]. Growth of cancer cells in an unstable
redox environment is thought to cause oxidative stress [13]
and the production of detectable VOCs in exhaled breath. Solid
phase micro-extraction–gas chromatography mass spectrometry
(SPME–GCMS) has been used to identify lung cancer biomarkers
in exhaled breath [5,14,15]. However, SPME is based on physical
adsorption and the approach can only provide a semi-quantitative
analysis of breath VOCs. Exhaled breath condensate (EBC) has also
been a popular method for breath analysis [16]. One limitation
of EBC is the variable dilution of moisture in exhaled breath that
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may contribute to large variability in concentration measurements.
Finally, while electronic noses (eNose) have the advantage of fast
detection of VOCs [7,17,18], the inability to identify speciﬁc VOCs
and the interference of matrix VOCs in exhaled breath limits their
application.
Volatile ketones and aldehydes can be generated in vivo by
lipid peroxidation [19,20]. We have developed a technique utilizing quaternary aminooxy-coated silicon microreactors for selective
capture and quantiﬁcation of these ketones and aldehydes in air
[21–23] and exhaled breath [24,25]. In this present work, a variety of statistical classiﬁcation models were used to analyze how
the measured concentrations of carbonyl compounds can be used
to determine which compounds and models best differentiate
between the patient sub-populations.
2. Materials and methods
2.1. Materials
All reagents and solvents, including deuterated acetone
(acetone-d6) (99.9%), and methanol (99.9%), were purchased from
Sigma–Aldrich. The quaternary ammonium aminooxy compound
2-(aminooxy) ethyl-N,N,N-trimethylammonium iodide (ATM) was
synthesized according to a published method [26]. One liter Tedlar bags were also purchased from Sigma–Aldrich. Tedlars bags and
syringes were tested free of carbonyl compound contamination.
2.2. Test population, breath sampling and analysis
Exhaled breath samples of 85 patients with untreated lung cancer, 34 patients with benign pulmonary nodules and 85 healthy
control patients (40 nonsmokers and 45 current smokers) were collected and analyzed. The detailed research protocol for collection of
exhaled breath samples was approved by the Institutional Review
Board (IRB). The healthy controls were recruited from members of
the general population who are free of lung cancer or any other
chronic pulmonary disease. All patients had pulmonary nodules
evidenced by computed tomography (CT) scans and were recruited
at the James Graham Brown Cancer Center at the University of
Louisville. The diagnostic conclusions from these breath analyses
were conﬁrmed by histopathology, or in some cases of benign disease, by radiographic stability or resolution while followed over a
two year period. Table 1 lists the study subject information.
Each volunteer ﬁlled a 1 L Tedlar bag with breath through one
exhalation to provide a mixture of alveolar and tidal breath. Ambient air samples (1 L) were also collected in the clinic room to serve as
a reference of carbonyl compounds. After collection of breath or air
samples, Tedlar bags were connected to the silicon microreactors
through deactivated silica tubes as shown in the schematic setup
of Figure S1 (supplementary). The breath samples ﬂow from the
Tedlar bags through the microreactor at a ﬂow rate of 5 mL/min by
applied vacuum. The surfaces of the micropillars in the microreactors are functionalized by ATM, for capture of aldehydes and
ketones via oximation reactions [21–23]. After complete deﬂation
of the sample bags, ATM and its adducts were eluted from the
microreactor by ﬂowing methanol (100 L) through the microreactor [21]. A known amount of ATM–acetone-d6 adduct in methanol
was added to each sample to serve as an internal reference of
FT-ICR-MS to determine the amounts of detected carbonyl VOCs
[21,22].
The eluent solutions were analyzed using a hybrid linear ion
trap-FT-ICR-MS instrument (Finnigan LTQ-FT, Thermo Electron,
Bremen, Germany) equipped with a TriVersa NanoMate ion source
(Advion BioSciences, Ithaca, NY) with a nanoelectrospray chip (nozzle inner diameter 5.5 m).
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2.3. Statistical data analysis
Since much research has indicated that tobacco smoking can
affect the VOCs in exhaled breath [5,14], the measured carbonyl
VOCs from this study were grouped according to the following categories of patients: lung cancer patients, patients with
benign pulmonary nodules, controls who have never smoked, and
controls who are current smokers. Differences in VOC concentrations between the four groups were visualized using boxplots
and assessed for statistically signiﬁcant differences using the nonparametric Kruskal–Wallis test to count for the non-normal nature
of the distributions.
Next, we endeavored to build several classiﬁcation models comparing (a) lung cancer patients with controls who have never
smoked, (b) lung cancer patients with current smoking controls,
and (c) lung cancer patients with patients having benign pulmonary
nodules. The data for each comparison were ﬁrst split randomly
into a training (70% of the data) and test (30% of the data) set. Several models were ﬁtted to the training data including (a) partial
least squares (PLS), (b) support vector machines (SVM), (c) random
forest (RF), (d) linear discriminant analysis (LDA), and (e) quadratic
discriminant analysis (QDA). To determine the optimal set of VOCs
for classiﬁcation for each model, a wrapper method called recursive
feature elimination (RFE) was used for variable selection. RFE is a
procedure that ranks variables based on a variable importance (VI)
score. The VI score is the area under the receiver operating characteristic (ROC) curve for all methods except PLS and RF, which
have their own built-in VI scores [27]. The least important variables are then removed and the classiﬁcation model is re-ﬁtted. The
procedure is repeated recursively until the accuracy of the model
begins to diminish. The leave group out cross-validation (LGOCV)
approach was used for RFE and also to optimize the tuning parameters for each method (e.g., the number of PLS components). After
this, the models ﬁtted above were used to predict the patient classes
in the test data set. The sensitivity, speciﬁcity, and accuracy of each
model was calculated and compared. The R packages caret [27] and
pROC [28] were used for all calculations.
The aforementioned machine learning methods have repeatedly
demonstrated good classiﬁcation performance in the literature and
hence are useful for benchmarking purposes. However, they can be
difﬁcult to interpret and implement in clinical practice. Therefore,
we sought to ﬁt a simpler classiﬁcation model with similar performance to the methods listed above. A combined set of VOCs was
determined from the best performing classiﬁcation models, and
an optimal classiﬁcation cut-point for each VOC was determined
from the ROC curve ﬁtted to the training data based on Youden’s
index [29]. Since lung cancer patients had higher concentrations of
each VOC compared to the other subjects, each VOC was scored as
zero or one depending on whether the level was below or above
the threshold, respectively. The VOC scores were then added for
each subject to obtain a total VOC score, and a logistic regression
model was ﬁtted for each of the three comparisons (lung cancer
vs. benign nodule, lung cancer vs. current smokers, and lung cancer vs. non-smokers) using the total VOC score as the predictor
variable. In addition, we evaluated the performance of this simpliﬁed VOC model for lung cancer vs. all other subjects and lung
cancer vs. benign nodules and an age-restricted (age ≥50) set of
control patients. The latter was used to account for the potential age
discrepancy between lung cancer and control patients. A classiﬁcation cut-off based on the total VOC score was determined based on
the predicted probability threshold of 0.5. Sensitivity, speciﬁcity,
and overall accuracy were then evaluated in the test set based on
this total VOC score threshold, with 95% conﬁdence intervals calculated using either Wald’s method or, for values equal to 1, the
score method [30].
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Table 1
Study subject information.
Demographics

Lung cancers (N = 85)

Benign nodules (N = 34)

Healthy controls (N = 85)

Male (N, %)
Age (mean ± SD)
Smoking history (N, %)

46 (54%)
66.12 ± 10.1
45 (53%)
34 (40%)
2 (2%)
4 (5%)

10 (29%)
51.71 ± 15.3
10 (29%)
7 (21%)
7 (21%)
10 (29%)

43 (50%)
42.15 ± 14.2
45 (53%)

Etiology
Stage (N, %)

Type (N, %)

Benign Nodules (N, %)

Current
Former
Never
Missing
I
II
III
IV
Unknown
NSCLC
Adenocarcinoma
Squamous cell
Other
SCLC
Pneumonia
Granuloma
Inﬂammation
Histoplasmosis
Epithelial cells
Foamy macrophages
Unknown (radiographically benign)

40 (47%)

30 (35%)
14 (16%)
21 (25%)
14 (16%)
6 (7%)
78 (92%)
31 (36%)
33 (39%)
14 (16%)
7 (8%)

3. Results
Carbonyl VOCs from one carbon atom (formaldehyde) to ten
carbon atoms were routinely detected in exhaled breath samples
of healthy controls and patients. As determined by FT-ICR-MS,
molecular formulas of the VOCs include CH2 O, C2 H4 O, C2 H4 O2 ,
C3 H4 O, C3 H4 O2 , C3 H6 O, C4 H8 O, C4 H8 O2 , C5 H10 O, C6 H12 O, C6 H10 O2 ,
C7 H14 O, C8 H16 O, C9 H18 O, C9 H16 O2 , and C10 H20 O. The FT-ICR-MS
spectra in Figure S2 (Supplementary) show typical relative abundances among these VOCs in breath samples of lung cancer patients
and healthy controls. Constitutionally isomeric ketones and aldehydes are indistinguishable by direct infusion one dimensional
FTICR-MS, however, the measured molecular weight at a resolving
power of 200,000 provides accurate chemical formulas. Separation
and structure identiﬁcation of some important isometric ketones
and aldehydes was done by FT-ICR-MS/MS and GC–MS.
Statistically signiﬁcant differences between the four patient
groups (lung cancer patients, patients with benign nodules, current smoking controls, and non-smoking controls) were found for
nine carbonyl VOCs (p < 10−4 based on Kruskal–Wallis test). Fig. 1
shows boxplots of the concentrations of these nine VOCs of the
four groups. These compounds are C4 H8 O: 2-butanone; C4 H8 O2 :
3-hydroxy-2-butanone; C6 H10 O2 : 4-hydroxy-2-hexenal (4-HHE);
C2 H4 O2 : hydroxyacetaldehyde; C3 H4 O: acrolein; C9 H16 O2 : 4hydroxy-2-nonenal (4-HNE); C2 H4 O2 : acetaldehyde; C3 H4 O2 :
malondialdehyde (MDA); and C5 H10 O: a mixture of 2-pentanone
and pentanal. Other carbonyl VOCs were not statistically different among the four patient groups. Several carbonyl VOCs (e.g.,
formaldehyde: CHO, acetaldehyde: C2 H4 O, acetone: C3 H6 O) were
elevated in smoking controls and patients with benign nodules,
indicating these VOCs would not be good for differentiating these
two groups from lung cancer patients. Figs. 2, 3, and 4 show ROC
curves based on the entire patient population for the three comparisons of interest (lung cancer vs. benign nodule, lung cancer vs.
current smokers, and lung cancer vs. non-smokers, respectively)
indicated that the three strongest single classiﬁers in each case
were C4 H8 O2 , C4 H8 O, and C5 H10 O. While a single marker appears
to achieve excellent discrimination between lung cancer patients
and controls (highest AUC of 0.962 and 0.946 vs. non-smokers and

2 (6%)
8 (24%)
3 (9%)
2 (6%)
2 (6%)
1 (3%)
16 (47%)

Table 2
Classiﬁcation threshold concentrations (nmol/L) for selected VOCs. Classiﬁcation
threshold concentations for each compound to classify lung cancer (LC) patients vs.
patients with benign nodules (BN), current smoking controls (Sm), and non-smoking
controls (NS). Threshold concentrations were based on Youden’s index using the
training data.
VOC

LC vs. BN

LC vs. Sm

LC vs. NS

C4 H8 O
4-HHE
C4 H8 O2
C2 H4 O2
4-HNE
C5 H10 O

2.36
0.0073
0.1695
0.357
0.00175
1.1

2.365
0.00734
0.1695
0.3575
0.000285
1.107

2.255
0.00672
0.1595
0.3875
0.000255
1.315

smokers, respectively), this is less so for lung cancer patients compared to patients with benign nodules (highest AUC of 0.901).
Classiﬁcation results from the ﬁve ﬁtted models (PLS, SVM, RF,
QDA, and LDA) for each of the three comparisons on the test data is
given in Table S1 (supplementary), with the sensitivity and speciﬁcity of the best performing models for each comparison given in
Table S2. The ﬁnal set of selected carbonyl markers for each of the
top-performing models is given in Table S3. The selected VOCs generally agree with the best single compounds, though there are some
differences (e.g., C2 H4 O2 and 4-HHE) selected for the PLS model
for lung cancer patients vs. patients with benign nodules, both of
which have individual AUC values outside the top three for this
comparison).
The top-performing models in Table S2 provide a benchmark
for classiﬁcation performance based on the VOCs. To build a simpler, easy to implement classiﬁer we selected a set of VOCs from
Table S3 by taking the union of all the listed VOCs (C4 H8 O, 4HHE, C4 H8 O2 , C2 H4 O2 , 4-HNE, and C5 H10 O). Optimal classiﬁcation
threshold concentrations for each of these VOCs based on Youden’s
index (calculated on the training data only) are given in Table 2.
As described in the methods, a total score for each patient was
obtained by summing the number of VOCs above these thresholds
(possible values of 0–6). These total VOC scores were then used in a
logistic regression analysis to determine thresholds for classifying
lung cancer vs. controls and patients. For all three comparisons a
total VOC score of two or more was classiﬁed as cancer. The sensitivity, speciﬁcity, and overall accuracy for lung cancer vs. benign

M. Li et al. / Lung Cancer 90 (2015) 92–97

95

Fig. 1. Boxplots of the concentrations (nmol/L) of nine VOCs evaluated in this study, stratiﬁed by lung cancer patients (LC), patients with benign nodules (BN), non-smoking
controls (NS), and current smoking controls (Sm).

nodules on the test data were 26/26 (1.00, 95% CI 0.94–1.00), 7/11
(0.64, 95% CI 0.35–0.92), and 33/37 (0.89, 95% CI 0.79–0.99) respectively, while for lung cancer vs. current smoking controls it was
26/26 (1.00, 95% CI 0.94–1.00), 12/14 (0.86, 95% CI 0.67–1.00), and
38/40 (0.95, 95% CI 0.88–1.00) and for lung cancer vs. non-smoking
controls it was 25/26 (0.96, 95% CI 0.89–1.00), 12/12 (100%, 95% CI
0.88–1.00), and 37/38 (97%, 95% CI 0.92–1.00). These values compare favorably to the optimal classiﬁcation performances given in
Table S2 for each comparison.
To further check the performance of the VOC classiﬁer as a population screening test for lung cancer, we combined all of the test
samples and used the thresholds determined for LC vs. smokers and
LC vs. non-smokers (Table 2) to classify patients. As before, a total
VOC score (number of elevated VOCs) of two or more was classiﬁed
as cancer. The sensitivity, speciﬁcity, and overall accuracy in the test
data for lung cancer patients vs. all other groups were 25/26 (0.96,
95% CI 0.88–1.00), 31/37 (0.84, 95% CI 0.72–0.96), and 56/63 (0.89,
95% CI 0.81–0.97), respectively. Next, we assessed performance of
the classiﬁer based on an additional set of 70 age-restricted controls
combined with the benign nodule patients, using the same thresholds. These age-restricted controls subjects had a mean age of 62.9,
with a median of 64 and a standard deviation of 8.1, similar to the

lung cancer patients. Among these controls 13 (18.6%) were current
smokers, 27 (38.6%) non-smokers, and 30 (42.9%) former smokers
(for these subjects we used the LC vs. non-smoker thresholds). The
sensitivity was the same, while the speciﬁcity and overall accuracy
for this group of patients and controls were 64/81 (0.79, 0.70–0.88)
and 89/107 (0.83, 95% CI 0.76–0.90), respectively, which was similar
albeit slightly lower compared to the non-age-restricted results.

4. Discussion
This study demonstrates that the six markers in exhaled breath
can be used for distinguishing patients with lung cancer from
patients with benign pulmonary nodules and healthy subjects. The
simple model based on counting the number of elevated markers
achieved high sensitivity and speciﬁcity — comparable to that from
the more complicated statistical/machine-learning models. This
study has several signiﬁcant advantages related to the microfabricated microreactors and the highest resolution of FT-ICR-MS. First,
the microrectors are designed with thousands of micropillars to
provide high capture efﬁciencies of carbonyl compounds in breath
[21–23]. Second, chemoselective capture of carbonyl compounds
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Fig. 2. ROC curves corresponding to the nine evaluated VOCs for discriminating
lung cancer patients vs. patients with benign nodules. VOCs are sorted in order of
decreasing area under the curve (AUC) values.

Fig. 3. ROC curves corresponding to the nine evaluated VOCs for discriminating lung
cancer patients vs. controls who are current smokers. VOCs are sorted in order of
decreasing area under the curve (AUC) values.

through aminooxy reactions simpliﬁes the spectrum of compounds
to be quantitated.
Diet and smoking are known to inﬂuence the relative composition of breath [31,32]. Although no diet controls were used in this
study, there was no notable change for the results of analysis of
carbonyl compounds related to recent oral intake. Therefore, the
identiﬁcation of the six carbonyl compounds is unlikely affected by
diet. Ambient air also contains many volatiles that are present in

Fig. 4. ROC curves corresponding to the nine evaluated VOCs for discriminating lung
cancer patients vs. non-smoking controls. VOCs are sorted in order of decreasing area
under the curve (AUC) values.

the breath [33]. The concentrations of the six carbonyls in ambient
air of the clinical room were much lower than exhaled breath and
did not affect the diagnosis results.
Our previous work identiﬁed four lung cancer markers C4 H8 O,
4-HHE, C4 H8 O2 , and C2 H4 O2 [24] and a diagnostic method based
on counting the number of elevated these four markers was developed [25]. In this study, two additional markers 4-HNE and C5 H10 O
were identiﬁed by the statistical classiﬁcation models. We compared the performance of the six and four marker models based
on the test data sets in this study, using the same thresholds from
Table 2 and a threshold of one elevated VOC classiﬁed as cancer.
For the comparison between lung cancer cases and benign nodules,
both the four and six marker models achieved 100% sensitivity but
the four marker model had lower speciﬁcity (55% vs 64%). However, it should be noted that the speciﬁcity estimates are rather
imprecise as they are based on only 11 test data subjects. For the
lung cancer vs. smoking controls comparison the models achieved
identical results, while for the cancer vs. non-smokers comparison the four marker model had slightly higher sensitivity (100%
vs. 96%) and slightly lower speciﬁcity (92% vs. 100%). In the latter
case both models misclassiﬁed only a single patient. Collectively,
the results suggest that the simple four marker model may be sufﬁcient for a population screening device but the six marker model
might be better for discerning between lung cancer patients and
patients with benign nodules. Additional advantages of the current
study include benchmarking of the simpler models with established statistical/machine-learning methods and optimization of
cut-points for both individual VOCs and the number of elevated
VOCs for determining whether a patient has lung cancer. It should
also be noted that the carbonyl VOCs were equally effective in separating lung cancer cases from both smoking and non-smoking
controls, in agreement with what we previously observed [24,25].
A limitation of the current work is that we selected the six VOCs for
our simple model based on the best performing classiﬁers in the
test data. Hence information from the test data was used to determine this ﬁnal marker set. Ultimately, we will validate both the six
and four marker VOC models based on a much larger data set.
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5. Conclusion
Six VOCs (2-butanone, 4-HHE, 3-hydroxy-2-butanone, hydroxyacetaldehyde, 4-HNE, and the C5 H10 O combination of 2-pentanone
and pentanal) were found to effectively distinguish LC from
patients with benign pulmonary nodules and healthy controls. A
simple model based on scoring the number of VOCs above a given
threshold concentration achieves an overall classiﬁcation accuracy
of 89%, 95%, and 97% for classifying lung cancer patients vs. patients
with benign nodules, current smoking controls, and non-smoking
controls, respectively. In each case the sensitivity of the model for
the three separate comparisons was at or above 96%. The speciﬁcity was lowest for lung cancer vs. patients with benign nodules
(64%), but higher for non-smokers (100%), smokers (86%), and for
the three groups combined (84%). The numbers for this model compare favorably with the top performing machine-learning methods
we evaluated (c.f. Tables S1 and S2), indicating that this easy-toimplement model achieves near optimal performance. A study with
a larger study population is required to verify the method.
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