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Early diagnosis of oral squamous cell carcinoma (OSCC) is an attractive strategy to increase survival rate of
patient. An integrated separation approach of reversed phase liquid chromatography and hydrophilic
interaction chromatography combining with time of flight mass spectrometer has been firstly developed for
performing global salivametabonomics analysis for early diagnosis ofOSCC. This approachwas designed to
overcome the limitations of a single chromatographic method due to different polarity of endogenous
metabolites. As a result, 14 potential salivary metabolites were identified. Eight biomarkers up-regulated in
OSCC patients are compared with control and six down-regulated groups. Receiver operating characteristic
analysis was exploited to evaluate the diagnostic power of the candidate biomarkers, and related metabolic
pathways have also been studied. Five salivary biomarkers (propionylcholine, N-Acetyl-L-phenylalanine,
sphinganine, phytosphingosine, and S-carboxymethyl-L-cysteine) in combination yielded satisfactory
accuracy (AUC5 0.997), sensitivity (100%), and specificity (96.7%) in distinguishing early stage of OSCC
from the control. In this study, a comprehensive saliva metabonomics analysis for identifying potential
biomarkers to early diagnose OSCC is successfully demonstrated, which has the advantages of non-invasive,
simple, reliable, and low-cost. These novel metabolic biomarkers have obvious clinical utility that will help
to diagnose OSCC at its early stage.

O
ral cancer, a subtype of head and neck cancer, is an cancerous tissue growth located in the oral cavity1,2.
More than 90% of oral cancers are squamous cell carcinoma (OSCC) originating in the tissues those line
the lips, the oral cavity, and pharynx. Approximately 42,000 people in the US will be newly diagnosed

with oral cancer in 2013. TheWorld Health Organization has reported oral cancer with a death rate of 45% at five
years from diagnosis(for all stages combined at time of diagnosis)3. If the oral cancer was found at early stages of
development, it has an 80 to 90% survival rate. Unfortunately, most of these cancers are hard to discover in the
early stages because of a lack of public awareness and screening method, which would generally result in a poor
prognosis and a low survival rate4.

Currently, the most definitive method for oral cancer diagnosis and screening is a scalpel biopsy. It is time-
consuming and needs extensive experience. CT, or CAT (co-axial tomography) scan technology and magnetic
resonance imaging technology have developed rapidly over the last few decades. However, CT is only able to
detect the actual presence of masses and only a biopsy can verify that the mass is malignant. Therefore, novel
diagnostic technologies are urgently needed to diagnose OSCC at its early stage. Now, molecular-based biomar-
kers have been used to diagnose OSCC drawing more and more attention. Saliva as diagnose medium offers an
easy, inexpensive, safe, and noninvasive approach5.

Saliva, non-invasive and stress-free alternative to blood, is widely accepted as a potential medium for clinical
diagnostics. It comprises the secretions of three major glands namely parotid gland, submandibular gland and
sublingual gland and hundreds of minor salivary glands6,7. It is one of the most complex, versatile, and important
body fluids, which reflects a large range of physiological needs and information8. Saliva biomarkers such as
proteins and DNA have been used to detect OSCC over the last few decades9–11. Metabonomics as modern high-
throughput technology has developed rapidly, and opens a door to biomarker discovery12. It is the systematic
study of small-molecular-weight substances in cells, tissues or whole organisms as influenced by multiple
factors13–15. Recent metabonomics analysis demonstrates its applicability for the diagnosis and prognosis of
OSCC. High performance liquid chromatography-mass spectrometry (HPLC-MS)16 and nuclear magnetic res-
onance (NMR)17 spectroscopy were performed to discriminate OSCC patients from the healthy controls.
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Metabonomics analysis by considering the low sensitivity and lim-
ited dynamic range of NMR, HPLC-MS based metabonomics
approach has been successfully used as a tool in the diagnosis of
diseases with excellent reproducibility and sensitivity18–20. Recently,
a faster metabonomics analysis technique, ultrahigh performance
liquid chromatography-mass spectrometry (UPLC-MS) has been
used as to diagnose oral cancer5,21, diabetes22, colorectal cancer23,
hepatocellular carcinoma24, and chronic renal failure. However, an
integrated UPLC-MS method including reversed phase liquid chro-
matography (RPLC), and hydrophilic interaction chromatography
(HILIC) based saliva metabonomics analysis of OSCC has not been
reported hitherto as far as we know.
HILIC allows different selectivity and the better retention of polar

analytes which generally have poor retention on RPLC. It was first
introduced by Alpert in 199025. In HILIC, the sensitivity of the mass
spectrometer is enhanced due to the high organic content in the
mobile phase and improving the efficiency of ionization. Saliva con-
tains approximately 99%water26, therefore, many endogenous meta-
bolites are expected to be highly polar. It was very necessary to
combine RPLC and HILIC techniques for a comprehensive saliva
metabonomics analysis to discover more potential biomarkers for
the early diagnosis of OSCC.
In this work, RRLC-MS and HILIC-MS analysis in positive

and negative ion modes were examined to investigate saliva samples
from OSCC patients and healthy volunteers. Multivariate data
analysis was performed to highlight discriminated variables
(Metabonomics research strategy was provided in Supplemental
Figure 1). After refining themodel, the fourteen potential biomarkers
for the early diagnosis of OSCC have been identified. Eight biomar-
kers up-regulated in OSCC patients compare with controls and six

down-regulated. The purpose of this study is to develop a compre-
hensive saliva metabonomics analysis for identifying potential bio-
markers to early diagnosis of OSCC.

Results
Salivary metabolomics analysis. The separation conditions of saliva
samples on both columns were optimized. Taking the RPLC as
example, typical UPLC-TOF/MS base peak intensity (BPI)
chromatograms of saliva samples from the control group and the
OSCC group in both positive- and negative-ion modes was shown in
Figure 1. From the BPI chromatograms, more marked variations can
be seen in the patient group than in the control group. RPLC has
better retention for weakly polar component. In addition, HILIC
allows varied selectivity and the better retention for polar analytes.
The integrated utilization of two separation modes could enlarge
metabolite identification.
Using MarkerLynx software for peak detection, 8319 peaks of

positive ions and 6298 negative ions in RPLC, 2379 peaks of positive
ions and 2269 negative ions in HILIC were obtained. Although fewer
peaks were extracted from theHILIC column, these peaks can also be
used as a comprehensive saliva metabonomics profiling as well as
RPLC. The variables were exported into SIMCA-P 11.0 for multi-
variate data analysis to detect any inherent trend within the date. All
saliva samples were divided into three groups: healthy controls as
group 1 (HC); early stage of OSCC including stages I and II as group
2 (OSCC I–II); and advanced stage of OSCC including stages III and
IV as group 3 (OSCC III–IV). PCA analysis was tested first in our
study, however, there are no obvious separation trends observed for
groups of OSCC I–II and OSCC III–IV. For this reason, a supervised
method, OPLS-DA27, was applied in the data analysis. As can be seen

Figure 1 | Typical base peak intensity (BPI) chromatograms by RPLC-MS. (A) the control group in positive-ion mode (ESI1); (B) the patient group in

ESI1; (C) the control group in negative-ion mode (ESI2); (D) the patient group in ESI2; The mass range m/z 50–1000.
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from the Figure 2, satisfactory clustering trends amongHC, OSCC I–
II, and OSCC III–IV are observed in the scores plot, indicating that
the possibility of using saliva metabonomics for staging OSCC.
In OPLS-DA, R2Y (cum) and Q2 (cum) parameters were used for

the evaluation of the models, indicating the fitness and prediction
ability, respectively1. Q2 (cum). 50% shows that the mode is useful;
if the Q2 (cum) . 90%, the mode is excellent. In Figure 2A, the
classification resulted in one predictive component and two ortho-
gonal components, with excellent modeling and predictive abilities
(R2(X) 5 52.7%, R2(Y) 5 97.6%, Q2(Y) 5 95.1%) for positive-ion
mode in RPLC separation. Other parameters including the
R2X(cum), R2Y (cum) and Q2 (cum) values obtained from RPLC
andHILIC separation in both positive- and negative-ionmodes were
summarized in Table 1. From these results, we can find that the
OPLS-DA models were valid for all four modes.

Early OSCC biomarker discovery. In order to identify dis-
criminating variables used in the early stage detection of OSCC, an
S-plot model was used. VIP was used as an important parameter to
select the biomarkers. Variables withVIP value greater than onewere
considered as great value28,29. A nonparametric Mann-Whitney U
test was performed in succession, and variables with significant
differences between OSCC patients and control individuals (P ,
0.05) were retained. Figure 3 is the strategy for selection of
interesting variables for HC vs OSCC I–II in RP column with
positive-ion mode. S-plot of HC vs OSCC I–II was shown in
Figure 3B, which is a scatter plot that combines the covariance and
correlation for the model variables with respect to model component
scores. Eighty-seven variables were highlighted in S-plot (VIP . 1

and P , 0.05). Then the variables were confirmed by the raw data
plots. Two examples of the tendency of variables in OSCC and
control were shown in Figure 3C and 3D. Finally, fifty-five
variables were selected in RPLC with positive-ion mode. The data
acquired from other modes were correspondingly analyzed by the
samemethod. Therefore, a total of fifty-five discriminate variables as
interesting biomarker candidates were found in OSCC relative to the
control group of RPLC in positive-ionmode, thirty-two discriminate
variables of RPLC in negative-ion mode, twenty-eight discriminate
variables of HILIC in positive-ion mode, and thirty-seven
discriminate variables of HILIC in negative-ion mode.

Identification of potential biomarkers. The elemental composition
was calculated from the acquired high resolution MS data using the
Masslynx 4.1 analysis software. The spectra routinely collected with
7000mass resolution,,0.6 mDa precision and,10 ppm tolerances
is adequate to generate an initial list of possible chemical
compositions. The element limits were set to C, H, N, O, and S.
We take the ion of m/z 89.0226/2.59 min in HILIC with negative-
ion mode as an example to illustrate the detailed process of
biomarker identification. Based on the elemental composition
analysis software (Supplemental Figure 2), the maximum number
of chemical formulas form/z 89.0226 was 12. Among these formulas,
the selection of the best match was strongly dependent on its i-FIT
value, which is an index of the deviations observed from the
predicted masses and intensities of monoisotopic peaks
corresponding to a given chemical formula. The elemental
composition was determined to be C3H5O3 (cal. 89.0239) based on
the lowest i-FIT value. After searching various metabolomic

Figure 2 | The scores plot of the OPLS-DAmodel of the UPLC-MS date from control group, OSCC I–II group, and OSCC III–IV group. (A) RPLC in

positive mode; (B) RPLC in negative mode; (C) HILIC in positive mode; (D) HILIC in negative mode.

Table 1 | Parameters of OPLS-DA models based on RPLC and HILIC

R2X (cum) R2Y (cum) Q2 (cum) Imported variables no a. VIP value . 1 variables no.

RPLC
Positive-ion mode 0.527 0.976 0.951 8319 102
Negative-ion mode 0.314 0.911 0.771 6298 227

HILIC
Positive-ion mode 0.625 0.966 0.908 2379 163
Negative-ion mode 0.534 0.979 0.934 2269 131

aNumber of the variables imported to build the model.
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databases with the molecular formula C3H5O3 and m/z 89.0226,
lactic acid was considered as possible compound. Then, it was
finally confirmed by comparison with standard sample. Eventually,
fourteen metabolites were tentatively identified as potential
biomarkers for early diagnosis of OSCC and were listed in Table 2.
In fourteen potential biomarkers, seven salivary biomarkers can only
be separated by RPLC technique; Four salivary biomarkers can only
be separated by HILIC technique, while three other salivary
biomarkers can be separated both by RPLC and HILIC techniques.
These results suggested that combining RPLC andHILIC techniques
for a comprehensive saliva metabonomics analysis expanded the
scope of screening biomarkers for the early diagnosis of OSCC.
Among these metabolites, four potential biomarkers (lactic acid,
succinic acid, ornithine and carnitine) were confirmed using
standard samples. However, other structural assignments were
incomplete and these structures could be confirmed in future studies.

Explanation of change trend and characterization of potential
biomarkers. In all biomarkers, eight potential biomarkers were
up-regulated in saliva of OSCC patients and six potential
biomarkers were down-regulated. To provide an intuitive
comparison, the change trends (up- or down-regulated) of six
representative biomarkers in OSCC I–II and OSCC III–IV
compared to controls are also provide in box plots in Figure 4.
In order to characterize these potential biomarkers in early stage of

OSCC, receiver operating characteristic (ROC) analysis was per-
formed. The fourteen identified potential biomarkers were divided
into two groups, eight up-regulated in OSCC patients (Figure 5A)
and six down-regulated (Figure 5B). Table 3 shows the detailed sens-
itivity, specificity levels and 95% confidence interval of the fourteen
identified potential salivary biomarkers for OSCC early prediction.
As a single biomarker in saliva, S-carboxymethyl-L-cysteine had a
sensitivity of 84.6% and a specificity of 93.3% for early predicting
OSCC. The eight up-regulated metabolites, lactic acid, hydroxyphe-
nyllactic acid, N-nonanoylglycine, 5-hydroxymethyluracil, succinic

acid, ornithine, hexanoylcarnitine and propionylcholine provided
the areas under curve (AUC) values of 0.708, 0.710, 0.721, 0.718,
0.785, 0.710, 0.733 and 0.946, respectively in HC vsOSCC I–II mode.
The six down-regulated metabolites, i.e., carnitine, 4-hydroxy-L-glu-
tamic acid, acetylphenylalanine, sphinganine, phytosphingosine, and
S-carboxymethyl-L-cysteine, provided AUC values of 0.700, 0.695,
0.838, 0.818, 0.910, and 0.913, respectively inHC vsOSCC I–IImode.
The ROC curve was also plotted for themodel of HC vsOSCC III–

IV (Figure 5C and 5D). The detailed parameters of potential salivary
biomarkers for OSCC III–IV prediction were provided in Table 4.
Compared with Table 3, the AUC value of each potential biomarker
of HC vs OSCC I–II is larger than HC vs OSCC III–IV, except lactic
acid and 4-hydroxy-L-glutamic acid, indicated that other twelve bio-
markers have better ability in distinguishing OSCC I–II from the
controls.
To demonstrate the utility of salivary biomarkers in combination

for the early diagnosis of OSCC, five metabolites (AUC. 0.8) com-
prising propionylcholine, acetylphenylalanine, sphinganine, phyto-
sphingosine, and S-carboxymethyl-L-cysteine were selected to form
a biomarker group. These biomarkers were first combined by a con-
ventional binary logistic regression (LR) prediction model and then
subjected to ROC analysis. The results showed that the potential
biomarker group provided an AUC value of 0.997, with a sensitivity
of 100% and a specificity of 96.7% in distinguishing OSCC I–II from
control. The ROC curve was also plotted for the LR model of HC vs
OSCC III–IV. As a result, the AUC value was 0.971 (sensitivity
86.7%; specificity 94.1%; 95% confidence interval 5 0.989–1.006)
for the LR model of OSCC III–IV. The AUC value of LR mode in
HC vs OSCC I–II is larger than that of HC vs OSCC III–IV, which
indicated that these five biomarkers in combination have superior
performance in diagnosis of OSCC at stage I and II from control.
These results demonstrated that five salivary biomarkers (propio-

nylcholine, acetylphenylalanine, sphinganine, phytosphingosine,
and S-carboxymethyl-L-cysteine) in combination will improve the
sensitivity and specificity for the OSCC early detection (stage I and

Figure 3 | The strategy for selection of interesting variables for HC vsOSCC I–II in RP column with positive-ion mode. (A) Score plots for OPLS-DA
models; (B) S-plot; The tendency of variables (C) m/z 180.0359/15.16 min and (D) m/z 310.3094/11.61 min in OSCC and control.
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II). Therefore, these salivary biomarkers might have important clin-
ical value for the diagnosis of OSCC in its early stage.

Discussion
Saliva testing, a non-invasive alternative to serum testing, is rapidly
advancing in recent years. Additionally, it is inexpensive, and easy to
use. The collection of saliva can reduce the discomfort for patients,
particularly if repeated sampling is necessary.
With our experiment, the metabolites obtained included sphingo-

lipids (sphinganine and phytosphingosine), carnitines (carnitine,
hexanoylcarnitine), choline derivative (propionylcholine), carb-
oxylic acid (lactic acid), carboxylic acid (succinic acid), pyrimidine

(5-hydroxymethyluracil), benzyl alcohol derivative (hydroxyphenyl-
lactic acid), and amino acids and derivatives (ornithine, N-nonanoyl-
glycine, acetylphenylalanine, 4-hydroxy-L-glutamic acid, and
S-carboxymethyl-L-cysteine), in accordance with the defined chem-
ical class category in the HumanMetabolome Database. Description
for the selected biomarkers were grouped as up-regulated and down-
regulated metabolites.
For up-regulated metabolites, lactic acid plays a role in several

biochemical processes and is an end product of glycolysis. Most
cancer cells depend on aerobic glycolysis rather than oxidative pho-
phorylation for energy production30. To fulfill tumor cell needs, the
glycolytic switch is associated with elevated glucose uptake and lactic

Table 2 | Potential biomarkers and their identification results

m/z Adduct VIP (Trendb) Column P value Identified results Related pathway

89.0226/2.59 [M 2 H] 1.29 (") HILIC 0.032 Lactic acid c Glycolysis
181.0635/3.64 [M 2 H] 1.80 (") HILIC 0.030 Hydroxyphenyllactic acid Tyrosine metabolism
214.1450/1.66 [M 2 H] 1.35 (") HILIC 0.022 N-nonanoylglycine Fatty acids oxidation
141.0138/4.53 [M 2 H] 1.82 (") HILIC 0.024 5-hydroxymethyluracil Oxidative stress
116.9278/14.81 [M 2 H] 1.98 (") RP 0.003 Succinic acid c TCA cycle
131.0701/2.07 [M 2 H] 1.45 (") RP 0.030 Ornithine c Urea cycle
258.1698/2.43 [M 2 H] 1.17 (") RP 0.015 Hexanoylcarnitine Energy metabolism
321.2885/8.67 [M 1 H] 1.35 (") RP ,0.0001 Propionylcholine -
142.0973/2.34 [M 2 H2O 2 H] 1.49 (#) RP 0.039 Carnitine c Beta oxidation of long

chain fatty acids
142.0028/2.34 [M 2 H] 2.42 (#) RP 0.045 4-hydroxy-L-glutamic acid Arginine and proline

metabolism
415.2137/4.20 a [2M 1 H] 4.42 (#) RP/HILIC ,0.0001 Acetylphenylalanine Phenylalanine

metabolism
302.3048/4.87 a [M 1 H] 3.95 (#) RP/HILIC 0.001 Sphinganine Sphingolipid

metabolism
318.2967/3.72 a [M 1 H] 4.02 (#) RP/HILIC ,0.0001 Phytosphingosine Sphingolipid

metabolism
180.0359/15.16 [M 1 H] 2.39 (#) RP ,0.0001 S-carboxymethyl-L-cysteine -

aRetention time of RPLC.
bChange trend compared with controls. ("): up-regulated. (#): down-regulated.
cvalidated with standard sample.

Figure 4 | The box plots of six potential biomarkers in distinguishing OSCC patients at stage I–II and III–IV from healthy controls.
(A) propionylcholine, (B) succinic acid, (C) lactic acid, (D) acetylphenylalanine, (E) carnitine, (F) phytosphingosine. Horizontal lines represent from

bottom to top: the minimum, 25th, 50th, and 75th percentiles and the maximum.
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acid release31. Compared with control, a higher level of lactic acid was
observed in the early stage of OSCC patients. The excessive prolif-
eration of cancer cells requires more energy, and as a result, tumors
often produce large amounts of lactic acid by carrying out glycolysis
even under aerobic conditions. This phenomenon is known as the
‘Warburg effect’32. Lactic acid also associated with pyruvate metabol-
ism. Increased lactic acid may have the relationship with the
decreased pyruvate entering into tricarboxylic acidcycle (TCA)21,
which is a series of enzyme-catalyzed chemical reactions of key
importance in all living cells. Succinic acid is a dicarboxylic acid,
which is the intermediate metabolite in TCA cycle33. In the early
stage of OSCC, succinic acid content in saliva increased as compared

to the healthy people, probably because the increased metabolic util-
ization by the TCA cycle in oral cancer cells. We found that the levels
of ornithine were markedly higher in patients with OSCC than in
healthy controls. Over expression of ornithine has also been reported
in other researches34. Ornithine is an amino acid produced in the
urea cycle by the splitting off urea from arginine35. It is a central part
of the urea cycle and is also a precursor of citrulline and arginine36.
Another amino acid and derivative, N-nonanoylglycine is normally
minor metabolites of fatty acids. Elevated level of acylglycines
appears in the saliva of OSCC patients probably due to oxidation
disorders of various fatty acids. Hexanoylcarnitine is an acylcarni-
tine. Unusual acylcarnitines can be observed in disturbances in

Figure 5 | ROC analysis for potential biomarkers in diagnose OSCC. (A) Eight up-regulated metabolites of OSCC in OSCC I–II mode; (B) Six down-

regulated metabolites of OSCC in OSCC I–II mode; (C) Eight up-regulated metabolites in OSCC of OSCC III–IV mode; (D) Six down-regulated

metabolites of OSCC in OSCC III–IV mode.

www.nature.com/scientificreports
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energy production and in intermediary metabolism in the organism.
Detection of the qualitative pattern of acylcarnitines can be of dia-
gnostic and therapeutic importance. The hexanoylcarnitine content
is elevated in OSCC patients probably because energy metabolism is
up-regulated in OSCC. Propionylcholine is a choline derivative,
precursor of acetylcholine, an important neurotransmitter and syn-
thesis. Acetylcholine is critical substance in phospholipid biosyn-
thesis. The salivary propionylcholine content is higher compared
with healthy subjects probably due to the increased expression of
the process of choline phosphorylation. Hydroxyphenyllactic acid
is a tyrosine metabolite, in which the level is elevated with a defi-
ciency of the enzyme p-hydroxyphenylpyruvate oxidase. In the
OSCC patients, the content of salivary hydroxyphenyllactic acid is
higher compared with healthy subjects. This may be related to the
deficiency of the enzyme p-hydroxyphenylpyruvate oxidase. In our
study, a similar tyrosine metabolism disorder was found in OSCC as
in phenylketonuria and tyrosinemia37. 5-Hydroxymethyluracil, an
oxidation damage product, is formed when cells are under oxidative
stress. In the OSCC patients, the content of 5-hydroxymethyluracil
was elevated probably because the redox state of the body was chan-
ged resulting in oxidative stress in cancer patients. There are various
reasons, such as nutritional intake disorders and immune system
activation in OSCC patients. Similar oxidative stress disorder in
OSCC was found in other researches38.

For down-regulated metabolites, the obvious decrease of acetyl-
phenylalanine reveals an abnormal phenylalanine metabolism in
OSCC patients. Acetylphenylalanine is a product of enzyme pheny-
lalanine N-acetyltransferase in the pathway phenylalanine metabol-
ism18 (Supplemental Figure 3) which indicates a disturbance of
glycine N-acyltransferase in OSCC. Sphingolipid metabolism is
thus seen to be abnormal in OSCC patients compared to con-
trols. Sphinganine and phytosphingosine are down-regulated in
saliva of OSCC patients, which are all involved in ceramide
(N-Acylsphingosine) synthesis and metabolism (Supplemental
Figure 4). Ceramide is regarded as important cellular signals for
inducing apoptosis. Therefore, sphinganine and phytosphingosine
have attracted considerable interest. Sphinganine is a blocker post-
lysosomal cholesterol transport by inhibition of low-density
lipoprotein-induced esterification of cholesterol and cause unester-
ified cholesterol to accumulate in perinuclear vesicles39. Phy-
tosphingosine is structurally similar to sphingosine. In OSCC,
sphinganine and phytosphingosine are both down-regulated with
P value, 0.001. These bioactive sphingolipid metabolites may have
the potential to serve as biomarkers for OSCC. Carnitineis an essen-
tial factor in beta-oxidation of long chain fatty acids and its most
important known metabolic function is the transport of fat into the
mitochondria of muscle cells40. Carnitine is synthesized from lysine
and methionine41. The acetyl-CoA generated in beta-oxidation

Table 3 | ROC curve analysis of identified potential salivary biomarkers in OSCC I–II

Metabolite

HC vs OSCC I–II

AUCs 95% confidence interval Sensitivity (%) Specificity (%) Std. Errora

Lactic acid 0.708 0.539–0.876 46.2 93.3 0.086
Hydroxyphenyllactic acid 0.710 0.557–0.863 92.3 46.7 0.078
N-nonanoylglycine 0.721 0.549–0.892 69.2 73.3 0.088
5-hydroxymethyluracil 0.718 0.532–0.904 53.8 96.7 0.095
Succinic acid 0.785 0.636–0.933 69.2 83.3 0.076
Ornithine 0.710 0.530–0.891 53.8 86.7 0.092
Hexanoylcarnitine 0.733 0.574–0.893 61.5 83.3 0.082
Propionylcholine 0.946 0.882–1.011 76.9 96.7 0.033
Carnitine 0.700 0.546–0.854 92.3 50.0 0.079
4-hydroxy-L-glutamic acid 0.695 0.542–0.848 92.3 50.0 0.078
Acetylphenylalanine 0.838 0.705–0.972 92.3 76.7 0.068
Sphinganine 0.818 0.660–0.976 84.6 83.3 0.081
Phytosphingosine 0.910 0.816–1.005 92.3 83.3 0.048
S-carboxymethyl-L-cysteine 0.913 0.822–1.004 84.6 93.3 0.047

aUnder the nonparametric assumption.

Table 4 | ROC curve analysis of identified potential salivary biomarkers in OSCC III–IV

Metabolite

HC vs OSCC III–IV

AUCs 95% confidence interval Sensitivity (%) Specificity (%) Std. Errora

Lactic acid 0.837 0.723–0.951 100.0 73.3 0.058
Hydroxyphenyllactic acid 0.569 0.395–0.742 82.4 60.0 0.089
N-nonanoylglycine 0.527 0.328–0.727 52.9 73.3 0.102
5-hydroxymethyluracil 0.471 0.233–0.708 47.1 96.7 0.121
Succinic acid 0.786 0.658–0.914 88.2 66.7 0.065
Ornithine 0.671 0.490–0.851 82.4 73.3 0.092
Hexanoylcarnitine 0.612 0.446–0.777 70.6 60.0 0.084
Propionylcholine 0.788 0.655–0.921 64.7 80.0 0.068
Carnitine 0.629 0.470–0.789 94.1 46.7 0.081
4-hydroxy-L-glutamic acid 0.708 0.556–0.860 94.1 56.7 0.077
Acetylphenylalanine 0.765 0.628–0.902 82.4 70.0 0.070
Sphinganine 0.590 0.495–0.885 70.6 83.3 0.099
Phytosphingosine 0.875 0.776–0.973 76.5 83.3 0.050
S-carboxymethyl-L-cysteine 0.888 0.784–0.992 88.2 90.0 0.053

aUnder the nonparametric assumption.
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enters the TCA cycle, where it is further oxidized to CO2, producing
more reduced energy carriers. The carnitine content is lower in
OSCC patients probably because fatty acid metabolism is down-
regulated in OSCC.
Separation technology plays a critical role in metabolomics study.

In our work, an integrated separation approach by combining RPLC
and HILIC with TOF-MS has been developed for performing global
metabolomics analysis in human saliva and identifiedmore potential
biomarkers for the early diagnosis of OSCC. The results demon-
strated that different separation approaches enlargedmetabolite cov-
erage. A total of fourteen potential biomarkers have a close
relationship with early stage of OSCC. Eight potential biomarkers
were up-regulated in saliva of OSCC patients and six potential
biomarkers were down-regulated. Five salivary biomarkers (propio-
nylcholine, acetylphenylalanine, sphinganine, phytosphingosine,
and S-carboxymethyl-L-cysteine) in combination yielded satisfact-
ory accuracy (AUC 5 0.997), sensitivity (100%), and specificity
(96.7%) in distinguishing OSCC patients at stage I–II from the con-
trol. In the future, subsequent research should be carried out to
clinically validate these potential biomarkers in large patient cohorts
before they can be used in real clinical diagnostics.

Methods
Chemicals. Acetonitrile (HPLC grade) and methanol (HPLC grade) were purchased
from Fisher (USA). Distilled water (18.2 MV) was purified ‘‘in-house’’ using an
ULUPURE system (Chengdu Ultrapure Technology Co., Ltd, Chengdu, China).
Ammonium acetate and ammonium formate (Ke long Chemical Reagent Factory,
Chengdu, China) were used in this work. Formic acid (HPLC grade), lactic acid and
carnitine were purchased from J&K Chemical Ltd (Beijing, China). Succinic acid and
ornithine were purchased from Damas-beta (Shanghai, China).

Study participants. Thirty Chinese diagnosed with OSCC were recruited from the
West China Hospital of Stomatology, West China School of Stomatology, Sichuan
University (25males and 5 females, clinical stage: 4 of stage I, 9 of stage II, 3 of stage III
and 14 of stage IV). The mean age was 55 years (range: 29–72). All OSCC patients
were diagnosed based on clinical and histopathologic criteria. The detailed clinical
characteristics of saliva samples used in this study were provided in the Supplemental
Table 1. OSCC stage was established according to the Tumor Nodes Metastasis
(TNM) staging system (based on a combination of tumour size or depth (T), lymph
node spread (N), and presence or absence of metastases (M)), promulgated by the
American Joint Committee on Cancer (AJCC). The disease status and staging of
OSCC patients were obtained from clinical records. The OSCC patients were all
recruited with no history of receiving medication and surgical operation and none
had been treated with chemotherapy and radiotherapy before sample collection. The
control group contained thirty age-gender matched cancer-free healthy Chinese
volunteers with 25 males and 5 females, whose mean age was 47 years (range: 25–69).

Ethics statement. The Ethical Committee of the West China Hospital of
Stomatology, Sichuan University, approved the protocol. All of the volunteers and
patients signed an Ethical Committee consent form agreeing to serve as saliva donors
for the experiments. The methods were carried out in ‘‘accordance’’ with the
approved guidelines.

Saliva collection and preparation. All the donors were asked to refrain from
smoking, eating, drinking, or oral hygiene procedures for at least 1 hour prior to
samples collection, and then rinse their mouth thoroughly with water. Saliva samples
were collected between 9:00 and 11:00 a.m. in a private room using standard
techniques. Roughly three milliliters of unstimulated whole saliva was obtained. The
samples, once collected, were centrifuged at 12000 rpm for 20 min at 4uC to remove
insoluble materials, cell debris and food remnants. Equal amounts of supernatant
(400 mL) were transferred to fresh tubes and frozen at 240uC until the laboratory
analysis.

Before the analysis, frozen saliva was thawed and dissolved at room temperature. A
mixture of acetonitrile/methanol (75525 v/v, 800 mL) was added to saliva (400 mL) in
a 1.5 mL Eppendorf tube to precipitate proteins. Themixture was allowed to stand for
10 min after vortexing for 60 s, and then the samples were centrifuged at 12000 rpm
for 20 min at 4uC. The supernatant were filtered through syringe filters (0.22 mm,
Jinteng) before UPLC-MS analysis.

UPLC-MS analysis.RPLC separationwas performed on anACQUITYUPLCTMBEH
C18 column (50 mm 3 2.1 mm i.d., 1.7 mm, Waters, Milford, USA). HILIC
separation was performed on ACQUITY UPLCTM BEH Amide column (100 mm3

2.1 mm i.d., 1.7 mm, Waters, Milford, USA). The column was maintained at 45uC.
The injected sample volume was 10 mL for each run in the full loop injection mode.
The flow rate of the mobile phase was 0.2 mL/min. In RPLC mode, gradient elution
was performed with the following solvent system: (A) 0.1% formic acid-water with

1 mM ammonium formate, (B) acetonitrile (ACN). The gradient started with 95% A
and decreased to 50%A in 2 min, 50%, 5%A in 13 min, holding at 5%A for 1 min,
then turned to 95% A immediately, and holding at 95% A for 5 min. Isocratic elution
was performed in HILIC mode with the following solvent system: (A) 9555 ACN-
10 mM aqueous ammonium acetate, (B) 50550 ACN-10 mM aqueous ammonium
acetate; 65% A and 35% B over 19 min.

Mass spectrometry experimentswere performed on an orthogonal accelerated time
of flight mass spectrometer (Waters, Milford, USA) equipped with an electrospray
ion source. Data were acquired in both positive- and negative-ion V-geometry mode
for each chromatography separation technique which generated four separate UPLC-
MS analysis. The capillary and cone voltages were set to 2000 and 100 V, cone gas
30 L/h, desolvation gas 750 L/h, source temperature 110uC, desolvation temperature
300uC. The scan range was fromm/z 50 to 1000 in the full scan mode and data were
collected in centroid mode. Independent reference Lock-mass ions via the
LockSprayTM interface was used to ensure mass accuracy during data acquisition.
Leucine-Enkephalin (Sigma-Aldrich, [LE 1 H]1, m/z, 556.2771) was used as the
reference compound. The solution of LE was infused through the reference probe at
the flow rate of 0.04 mL/min with the help of a second LC pump (Waters).

Data handling and statistical analysis. The UPLC-TOF/MS data from the saliva
samples of both separation modes were analyzed to identify potential discriminant
biomarkers. Data acquisition and handling were performed by Masslynx 4.1
(Waters). MarkerLynx applicationmanager (Waters, Manchester, UK) has been used
for peak finding, filtering, and alignment. The parameters used were retention time
range 0–19 min; retention time window was set to 0.2 min; mass range 50–1000 Da.
After a suitable processing, the resulting three dimensional data matrix containingm/
z-retention time pairs, sample names and their normalized chromatographic peak
areas (variables) was exported into SIMCA-P 11.0 (Umetrics, Sweden) for subsequent
processing by multivariate data analysis including principal component analysis
(PCA) and orthogonal partial least squares discriminant analysis (OPLS-DA). These
statistical methods were carried out on data to identify discriminant metabolites in
saliva between OSCC patients and healthy individuals. The discriminating variables
were selected according to Variable Importance in the Projection (VIP) values and
VIP . 1.0 is considered relevant for group discrimination28. The nonparametric
Mann-Whitney U test was applied to assess the differences in these potential
biomarkers between the OSCC and healthy control group. Results were considered
significant at a 2-tailed P value of ,0.05. The areas under curve (AUC) of receiver
operating characteristic (ROC) curves were constructed to evaluate the diagnostic
effectiveness of potential biomarkers using SPSS 16.0. The ROC curve procedure is a
useful method for evaluating the performance of classification schemes that
categorize cases into one of the two groups. AUC value is known to be a useful
measure of overall predictor quality, with a value of 1.0 for a perfect predictor and 0.5
for a random predictor.

Metabolites were identified by searches of databases: Human Metabolome
Database (http://www.hmdb.ca/), MASS Bank (http://www.massbank.jp/), KEGG
(http://www.genome.jp/kegg/ligand.html), and PubChem compound database
(http://www.ncbi.nlm.nih.gov) using exact molecular weights. Commercial standard
reagents were used to support identification of metabolites.
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