
Introduction

Ovarian cancer is the most lethal of all gynecologic can-
cers, causing more deaths than any other cancer of the fe-
male reproductive system [1]. It is reported to rank second
among gynecologic cancers in USA. In 2014, there are es-
timated 21,980 new cases of ovarian cancer and 14,270
deaths, accounting for almost 5% of cancer deaths among
women in the United States [1]. A rapid increase in ovarian
cancer cases were revealed in those metropolitan areas in
China with the altered lifestyle [2]. It was usually in late or
even metastatic stage when a ovarian cancer case was di-
agnosed [3]. There are usually no obvious symptoms in the
early stage of ovarian cancer. Up to now, there is no suffi-
ciently accurate screening test method that is proven to be
effective for the early diagnosis of ovarian cancer. A blood
test for the tumor marker cancer antigen 125 (CA-125) is
the only tumor marker with significant effect on the clinical
management of ovarian cancer [4]. Elevated CA-125 usu-
ally predicts a tumor burden, especially on the ovary; yet,
it may be elevated in a number of relatively benign condi-
tions such as endometriosis [5], several diseases of the
ovary, and pregnancy [6]. Therefore, CA-125 is more use-
ful for detecting the recurrence of ovarian cancer [7]. Clin-
ically, a thorough pelvic exam, transvaginal ultrasound, and
CA-125 may be combined to offer to women at high risk
of ovarian cancer.

During recent two decades, metabolomics has become a
new approach to study different diseases including various
cancers [8-10]. In terms of the ovarian cancer, Buckendahl
et al. reported a metabonomics study based on ovarian can-
cer tissues using gas chromatography coupled with time of
flight mass spectrometer and revealed a significantly higher
concentration of glucose in AMP-activated protein kinase
(AMPK) -negative carcinomas (p = 0.022), as well as over-
expression of other metabolites from carbohydrate
metabolism [11].

In this study, the authors reported a global metabolic pro-
filing research on the sera from patients of malignant ovar-
ian cancer, compared to those from the healthy controls.
They studied the endogenous differential metabolites in the
serum, and attempted to find some biomarker metabolites
to differentiate malignant ovarian cancer from the healthy
controls.

Materials and Methods
Fasted serum samples of 41 patients were obtained, in which

21 from ovarian cancer patients and 20 from healthy women. All
of the clinical samples were obtained from Cancer Hospital, Xin-
jiang Medical University (Urumqi, China). The ovarian cancer
patients were categorized according to histopathological features
and stages according to tumor node metastasis (TNM) classifica-
tion of tumors. The clinical diagnosis and pathological reports of
all the patients were obtained from the hospital. Clinical data such
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as age and histological staging are shown in Table 1. The protocol
for this study was approved by the Institutional Review Boards
of the Cancer Hospital, and all participants gave informed consent
before they were involved in the study. Data were analyzed anony-
mously.

Serum collection and processing were carried out according to
the authors’ SOP protocol. In brief, serum from women with ovar-
ian cancer were collected prior to surgery and chemotherapy. Age-
matched healthy controls were recruited through an ovarian can-
cer screening program. All serum samples, regardless of the col-
lection source, were processed with the same protocol; blood was
collected in 10 cc vacutainer serum separator tubes and allowed
to sit for 30 minutes at room temperature. The tubes were cen-
trifuged at 3,000 rpm for five minutes, then split into multiple 1-
ml aliquots of serum and stored at -80°C until analysis.

A 100 μl aliquot of serum sample in a 1.5-mL PE tube was
spiked with the internal standard (10 μl 4-chlorophenylalanine in
water, 0.3 mg/mL). The mixed solution was extracted with 300
μl of methanol/ chloroform (3:1, v/v) and vortexed for 30 seconds.
The samples were centrifuged at 13,200 rpm for ten minutes. An
aliquot of the 300 μl supernatant was transferred to a glass sam-
pling vial to vacuum dry at room temperature. The residue was
derivatized using a two-step procedure. First, 80 μl methoxyamine
(15 mg/mL in pyridine) was added to the vial, vortexed for 30 sec-
onds and kept at 30°C for 90 minutes followed by 80 μl BSTFA
(1% TMCS) at 70°C for 60 minutes. Each 1-μl aliquot of the
derivatized solution was injected in spitless mode into an gas chro-
matography coupled with a mass spectrometer. Separation was
achieved on a HP-5MS capillary column (30 m × 0.32 mm I.D. ×
0.25 μm film thickness) with helium as the carrier gas at a con-
stant flow rate of 1.0 mL/minute. The temperature of injection,
transfer interface, and ion source was set to 270°C, 260°C, and
200°C, respectively. The GC temperature programming was set
to two minutes isothermal heating at 80°C, followed by 10°C
/minute oven temperature ramps to 180°C, 5°C/minute to 240°C,
and 25°C/minute to 2490°C, and a final 9 minutes maintenance
at 290°C. Electron impact ionization (70 eV) at full scan mode
(m/z 30-550) was used, with an acquisition rate of 20
spectrum/second in the MS setting.

GC-MS raw data files were initially converted into NetCDF
format via DataBridge, then directly processed by the XCMS.
After alignment with statistic compare component, exclusion of
the internal standard peak and any known pseudo positive peaks,
such as peaks caused by noise, column bleed, and BSTFA deriva-
tization procedure, the resulting CSV file was obtained, encom-
passing peak indices (retention time-m/z pairs), sample names
(observations), and peak areas (variables). The detectable peaks
from GC-MS were 479 in total. The data set was normalized using
the internal standard in each sample.

The data set of the total 479 peaks was investigated for further
statistical analysis by uni- and multivariate statistical methods.
The data set was imported into SIMCA-P 12.0 software package.
Principle component analysis (PCA) and orthogonal partial least
squares-discriminant analysis (OPLS-DA) were carried out to vi-

sualize the metabolic alterations between ovarian cancer patients
and healthy controls after mean centering and unit variance scal-
ing. In this study, the default 7-round cross-validation was applied
with 1/7th of the samples being excluded from the mathematical
model in each round, in order to guard against over-fitting. The
variable importance in the projection (VIP) values of all the peaks
from the seven-fold cross-validated OPLS-DA model was taken
as a coefficient for peak selection. VIP ranks the overall contri-
bution of each variable to the OPLS-DA model, and those vari-
ables with VIP > 1.2 were considered relevant for group
discrimination. In addition to the multivariate approaches, the Stu-
dent’s t-test was also applied to measure the significance of each
metabolite. Metabolites with both multivariate and univariate sta-
tistical significance (VIP > 1.2 and p < 0.05) are considered mark-
ers responsible for the differentiation of ovarian cancer from
healthy controls. Differential metabolites annotation with NIST
05 standard mass spectral data-bases were manually checked with
a similarity of more than 70% in addition to the reference standard
compounds. To further interpret the biological significance asso-
ciated with ovarian cancer morbidity, the authors applied the
Kyoto Encyclopedia of Genes and Genomes (KEGG) database to
link these metabolites to metabolic pathways. Logistic regression
and receiver operating characteristic (ROC) analysis were per-
formed by SPSS software.

Results

A total of 479 mass spectral features were detected in the
serum samples with GC-MS after excluding internal stan-
dards, respectively. With the 479 features generated from
GC-MS, a PCA scores plot using five components
(R2Xcum=0.39, Q2

cum=0.29) was constructed, showing a
tendency of separation between ovarian cancer and healthy
subjects (Figure 1A). A cross-validated OPLS-DA model
(R2Ycum=0.90, Q2Ycum=0.75) was constructed, showing
a separation between ovarian cancer and healthy subjects
(Figure 1B). All of the cancer patients were correctly dis-
criminated from the healthy controls. This result indicates
great potential for early diagnosis of ovarian using these
serum metabolite markers.

A total of 65 differential metabolites were selected with
VIP threshold (VIP >1.2) and p-value (p < 0.001), in which
36 metabolites were annotated from the detected spectral
features from GC-MS using reference standards as well as
on-line database (NIST library 2005). This panel of 36
metabolites were selected as metabolite markers as shown
in Table 2. These metabolites represent key metabolic path-
ways involving glycolysis, tricarboxylic acid cycle (TCA
cycle), urea cycle, glutamine, and glutamate metabolism,
fatty acids metabolism, and proline metabolism.

To explore a simplified set of ovarian cancer biomarkers,
three most important metabolites in serum with higher area
under curve (AUC) values were selected as a panel of can-
didates, namely, beta-alanine, palmitic acid and proline for
further characterization. Logistic regression was used to
combine the three variables into a multivariable. The ROC
curve based on the multivariable yielded satisfactory results
using the sample set, as shown in Figure 2. The area under
the curve (AUC) reached 0.995 (95% confidence interval,

Table 1. — Clinical data for the serum samples in this study
Ovarian cancer (n=21)     Healthy control (n=20) 

Age (median, range)     50, 33-70 46, 25-66 
TNM Stage I 1 / 
TNM Stage II               3 / 
TNM Stage III              16 / 
TNM Stage IV              1 / 
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0.983-1.008). Some representative metabolites with char-
acteristic expression levels are shown in box plots, which
are involved in three distinct metabolic processes-glycoly-
sis, TCA cycle, and fatty acids metabolism. Glucose-6-
phosphate, glucose, lactic acid, pyruvic acid, citric acid,
succinic acid, fumaric acid, and malic acid are provided in
Figure 3A, and myristic acid, palmitic acid, octa-decanoic
acid, oleic acid, arachidonic acid, and 8, 11, 14-
eicosatrienoic acid in Figure 3B. These box plots demon-
strate the individual metabolic differences between ovarian
cancer patients and healthy controls.

Discussion

In this study, the authors were able to discriminate the
ovarian cancer patients from the healthy controls in an
OPLS-DA analysis of serum metabolites, in which 36

metabolites were identified as markers of ovarian cancer
patients. Several key metabolic pathways including glycol-
ysis and TCA cycle, urea cycle, glutamine and glutamate
metabolism, fatty acids’ metabolism, and proline
metabolism were altered in association with ovarian cancer
morbidity. A panel of beta-alanine, palmitic acid, and pro-
line in the serum was found to be the potential metabolite
marker to differentiate the ovarian cancer patients from the
healthy controls, with a AUC of 0.995.

Presumably as a result of “Warburg effect” in cancer
cells, intermediates in glycolysis and TCA cycle were dif-
ferentially expressed. Increased glycolysis and impaired
TCA cycle were repeatedly observed in many cancer
metabolomic studies [12, 13]. In this study, many interme-
diates in the glycolysis and TCA cycle were found signifi-
cantly altered, as shown in Table 2 and Figure 3A. In the
glycolysis pathway, glucose-6-phosphate, glucose, lactic

Table 2. — Significantly differential metabolites in serum samples between ovarian cancer and healthy controls
No.   Metabolite Rt (min)    m/z          VIP a p-value b Fold change c       Metabolic pathways 
1      Glucose-6-phosphate              21.81     204       1.30       0.029686       2.56              Glycolysis 
2      Glucose 20.09     205       1.59       0.008075       1.60              Glycolysis 
3      Lactic acid 4.50       117       2.90       3.05E-08       1.87              Glycolysis 
4      Pyruvic acid 4.41       174       2.86       8.68E-08       1.88              Glycolysis/TCA cycle 
5      Citrate 16.39     157       2.19       0.001983       0.60              TCA cycle 
6      Succinic acid 4.95       147       2.83       0.000109       0.66              TCA cycle 
7      Fumaric acid 10.03     245       3.65       3.64E-05       0.72              TCA cycle 
8   Malic acid 8.61       73         2.56       0.000916       0.70              TCA cycle 
9      8,11,14-eicosatrienoic acid     24.20     67         3.52       0.000697       0.77              Fatty acid metabolism 
10    Myristic acid 7.47       285       3.30       3.62E-05       0.72              Fatty acid metabolism 
11    Palmitic acid 20.67     117       3.15       4.93E-10       0.70              Fatty acid metabolism 
12    Arachidonic acid 23.93     91         2.48       8.23E-06       0.55              Fatty acid metabolism 
13    Octadecanoic acid 26.22     117       2.27       0.009804       0.73              Fatty acid metabolism 
14    Oleic acid 22.27     117       1.94       0.017246       0.64              Fatty acid metabolism 
15    2-Hydroxybutyric acid           4.41       131       2.91       7.54E-08       1.70              Fatty acid metabolism 
16    Urea 8.38       171       1.52       0.022083       0.41              Urea cycle 
17    Citrulline 17.47     142       2.35       0.000628       0.48              Urea cycle 
18    Glutamine 13.11     156       1.58       0.02211         0.48              Glutamine and glutamate metabolism 
19    Arabitol 13.24     73         2.29       4.16E-05       3.02              Carbohydrates metabolism 
20    Inositol 18.47     73         2.96       2.11E-07       0.49              Carbohydrates metabolism 
21    Proline 9.59       142       3.39       0.001081       0.77              Proline metabolism 
22    5-Oxoproline 11.15     156       1.53       0.007309       1.23              Proline metabolism 
23    4-Hydroxy-proline 13.12     140       1.28       0.021243       1.43              Proline metabolism 
24    Hydroxyacetic acid 4.50       147       2.91       2.4E-08         1.72              Microbial metabolism 
25    β-Alanine 10.30     174       3.70       5.22E-11       1.45              beta-Alanine metabolism 
26    Glycine 9.59       174       3.15       0.0029           0.77              Glycine, serine, and threonine metabolism 
27    Serine 19.99     204       1.35       0.037327       0.35              Glycine, serine, and threonine metabolism 
28    Phenylalanine 13.11     218       2.65       8.22E-05       0.54              Phenylalanine metabolism 
29    Valine 7.64       144       2.12       0.001864       0.54              Valine metabolism 
30    Cysteine 11.28     220       1.89       0.01016         0.64              Cysteine and methionine metabolism 
31    Lysine 16.39     156       1.79       0.018943       0.66              Lysine metabolism 
32    Tyrosine 18.44     218       1.57       0.0232           0.66              Tyrosine metabolism 
33    Aspartate 12.26     232       1.56       0.020014       0.58              Alanine, aspartate, and glutamate metabolism 
34    Tryptophan 21.62     202       1.45       0.024466       0.36              Tryptophan metabolism 
35    Glyceraldehyde 4.49       73         2.83       1.09E-07       1.87              Others 
36    Ethanolamine 4.41       102       2.83       1.33E-07       2.01              Others 
a Variable importance in the projection (VIP) is obtained from OPLS-DA with a threshold of 1.2. b p-values are calculated from student’s t-test. c Fold change is
calculated from the arithmetic mean values of each group. Fold change with a positive value indicates a relatively higher concentration present in ovarian cancer
patients while a negative value indicates a relatively lower concentration as compared to the healthy controls.
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acid, and pyruvic acid were increased in the ovarian cancer
group, compared to the healthy control, indicating an up-
regulated glycolysis. Glucose was consistently reported to
be increased in previous literature [11, 14]. The metabolites
in the TCA cycle, including citric acid, succinic acid, fu-
maric acid, and malic acid, were decreased in the ovarian
cancer group, compared to the healthy control, indicating
an impaired TCA cycle.

Previous literature reported that glutamine was exten-
sively used to replenish TCA cycle intermediates in cancer
cells through α-Ketoglutarate (α-KG) and oxaloacetate
(OAA) to maintain a stable supply source for fatty acid
biosynthesis, along with the active glycolysis providing the
major carbon [15]. More recent studies revealed that serine
synthesis is also extensively involved in the production of
α-KG to replenish TCA cycle, and that approximately 50%
of the glutamine-derived α-KG used in the TCA cycle orig-
inates from the serine synthesis pathway in cells with high
phosphoglycerate dehydrogenase expression [16, 17]. Con-
sistent with these previous studies, the authors found glu-
tamine and serine were reduced in the serum of ovarian
cancer patients, compared to the healthy controls. In the
meanwhile, several fatty acids were also decreased in the
serum of ovarian cancer patients as shown in Figure 3B,
which indicated the consistently altered metabolic path-

ways revolved in the replenishment of TCA cycle for fatty
acid biosynthesis. Furthermore, the authors previously
found that APOA4 had a decreasing tendency from the sera
in the healthy control to those in the ovarian cancer [18].
The decreased APOA4 in the serum from ovarian cancer
patients was also found in Dieplinger et al.’s study [19].
APOA4 is a member of the APOA1/C3/A4/A5 gene cluster
located on the long arm of human chromosome 11 [19, 20].
Members of this cluster are all involved in lipid and
lipoprotein metabolism and thus in many ways associated
with cardiovascular disease. It seems that the reduced
APOA4 protein and fatty acids’ metabolites in the serum
of ovarian cancer patients were supported by each other.

Conclusions

Overall, the present findings confirm a distinct serum
metabolic profile of ovarian cancer patients characterized
by altered levels of many metabolites derived from fatty
acid metabolism, as well as metabolites involved in glycol-
ysis and TCA cycle. A panel of metabolite markers com-
posed of three metabolites including beta-alanine, palmitic
acid, and proline was able to discriminate ovarian cancer
subjects from their healthy counterparts, with an AUC of
0.995. These metabolic changes provide important infor-
mation of ovarian cancer morbidity, as well as a novel
molecular diagnostic approach for the early detection of
ovarian cancer in the future.

Figure 2. — ROC curve analysis of the ability of serum metabo-
lites including beta-alanine, palmitic acid, and proline to discrim-
inate between samples from ovarian cancer patients (n=21) and
healthy controls (n=20). The area under the curve (AUC) is 0.995
(95% confidence interval, 0.983-1.008).

Figure 1. — PCA and OPLS-DA analysis of ovarian cancer group
and healthy control. A: PCA analysis. B: OPLS-DA analysis.
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