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A B S T R A C T

Aims: Despite of almost a hundred years of research on cancer metabolism, the biological background of can-
cerogenesis and cancer-related reprogramming of metabolism remains not fully understood. In order to com-
prehensively and effectively diagnose and treat the deadliest diseases, the mechanisms underlying these diseases
have to be discovered urgently. Among the gynecological malignancies, ovarian cancer is the most common
cause of death. The aim of the study was to search for potential cancer-related differences in concentrations of
metabolites and interactions between them in serum of women with ovarian cancer and benign ovarian tumor in
comparison with healthy controls using targeted metabolomics. These metabolites might serve as biomarkers in
the future.
Main methods: We used wide spectrum targeted metabolomics to evaluate serum concentrations of metabolites
related to ovarian cancer and compared them against benign ovarian tumors and healthy controls. The mea-
surements were performed using high performance liquid chromatography coupled with triple quadrupole
tandem mass spectrometry technique in highly-selective multiple reaction monitoring mode.
Key findings: In this study we confirmed our previous findings about the role of histidine and citrulline in ovarian
cancer as well as we indicated new lipid compounds (lysoPC a C16:1, PC aa C32:2, PC aa C34:4 and PC aa C
36:6) potentially involved in cancer metabolism.
Significances: We indicated interesting interactions between metabolites for further in-depth research which
could potentially serve as clinically useful biomarkers in future. Moreover, the presented work attempts to
visualize a possible 3D-network of relationships between the molecules found to be related to ovarian malig-
nancy.

1. Introduction

Despite extensive research on ovarian cancer (OC) metabolism our
knowledge is still very limited and the diagnostic methods are far from
ideal. OC is the most frequent cause of death among gynecological
cancers in women in Europe [1,2]. The main reason for the disease to
have a generally poor prognosis is late diagnosis and this is mainly due
to lack of early symptoms and lack of efficient early diagnostic
methods. In consequence,> 70% of patients are diagnosed in advanced
stages of the disease. The 5-year survival rates for stages III and IV of
OC (according to the staging by the International Federation of Gy-
naecology and Obstetrics – FIGO) are approximately 30%, whereas for
FIGO stage I it reaches 90% [3]. Therefore there is an urgent need for
specific diagnostic methods in order to improve the treatment

outcomes. Currently, there are no screening methods for OC. CA125
and HE4 are the most frequently used serum biomarkers, however their
clinical application is rather in differential diagnosis of ovarian tumors
and malignancy risk-assessment (e.g. as part of the ROMA test – Risk of
Ovarian Malignancy Assessment) than in screening a healthy popula-
tion. In addition, their sensitivity drops significantly in early-stage
disease and in premenopausal women [4,5]. Imaging methods like
transvaginal ultrasound or magnetic resonance have insufficient sensi-
tivity and are too expensive to be used in screening.

The process of cancerogenesis and cancer-related metabolism re-
mains not fully understood. Explaining biological mechanisms under-
lying OC is likely to give grounds for new diagnostic and/or treatment
methods. Following our previous studies on OC biomarkers and its
pathophysiology [5–9] we adopted yet another approach of searching
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for OC biomarkers. In the presented study we applied a technique of
wide-spectrum targeted metabolomics to compare the differences in
serum concentrations of 188 metabolites in patients with OC, benign
ovarian tumors (BOT) and healthy controls (HC). The study suggests a
few compounds which are promising targets for further evaluation as
OC biomarkers. In addition, the study attempts to visualize a possible
3D-network of relationship between the molecules found to be related
to OC.

2. Materials and methods

2.1. Study subjects

The protocol of the study was approved by the Bioethical
Commission of the Poznan University of Medical Sciences, Poland
(Consent No 165/16 and 80/17). The research was conducted in ac-
cordance with the Declaration of Helsinki. All study participants gave
written informed consent prior to the sample collection. This study was
performed using serum from 26 women with histologically confirmed
diagnosis of ovarian cancer (OC), 25 women with benign ovarian tumor
(BOT) and 25 age-matched control samples from patients who had no
pathology of the ovaries (HC) (Table 1). The exclusion criteria were:
presence of OC other than epithelial, presence of any other cancer
currently or in anamnesis and any cancer treatment history (surgery,
radiotherapy, chemotherapy, hormonal therapy) prior to the sample
collection.

2.2. Blood sampling

The venous blood samples were collected into 7.5mL S-Monovette
(Sarstedt AG & Co., Nümbrecht, Germany) tubes with a clotting acti-
vator. Immediately after blood collection, samples were allowed to clot
for 30min in room temperature and centrifuged (15min at 4000 rpm).
After centrifugation the obtained serum was aliquoted, frozen and
stored at −80 °C until analysis. Before loading on the plate the serum
samples were thawed and centrifuged at 2800×g for 5min.

2.3. Methodology

The targeted metabolomics assay was performed using AbsoluteIDQ
p180 kit (Biocrates Life Sciences AG, Innsbruck, Austria). This metho-
dology enables simultaneous quantification of 188 metabolites in 10 μL
of serum, including acylcarnitines, amino acids, biogenic amines,
hexoses, glycerophospholipids and sphingolipids. Sample preparation
and measurements were done according to the manufacturer's specifi-
cations. In brief, 10 μL aliquots of serum were put onto the filter of the
96-well kit plate which already contained stable isotope labeled in-
ternal standards and dried under nitrogen flow. Then 50 μL of 5%
phenylisothiocyanate as a derivatization agent was added and the
samples were dried under nitrogen flow again. In the next step, the
metabolite extraction with 300 μL of 5mM ammonium acetate in me-
thanol was performed. After 30min of room-temperature shaking at
450 rpm, the extract was transferred via a filter plate to the capture
plate using positive pressure nitrogen manifold. 200 μL of the final
extract was transferred to a second 96-deepwell plate and after dilution
with appropriate solvent both plates were covered by silicon mats
preventing evaporation and placed into autosampler until LC-MS/MS
analysis or FIA-MS/MS analysis.

The electrospray ionization liquid chromatography–triple quadru-
pole tandem mass spectrometry (LC-ESI-MS/MS) system comprising
1260 Infinity HPLC (Agilent Technologies, Santa Clara, CA, USA) cou-
pled with 4000 QTRAP mass spectrometer (SCIEX, Framingham, MA,
USA) was applied for metabolite separation and detection. Amino acids
and biogenic amines were separated on ZORBAX Eclipse XDB-C18
(3.0×100mm, 3.5 μm) column (Agilent Technologies, Santa Clara,
CA, USA), with a pre-column (C18, 4.0× 3.0mm) SecurityGuard

(Phenomenex, Torrance, CA, USA) followed by MS/MS quantification.
The analyses of lipids, acylcarnitines and hexoses were performed using
flow injection analysis (FIA-MS/MS method).

Metabolomic data was acquired using the Analyst software version
1.5.2 (Sciex, Framingham, MA, USA) and analyzed with Biocrates
MetIDQ software version Boron (Biocrates Life Sciences AG, Innsbruck,
Austria). Internal standards and quality control samples provided by
Biocrates in p180 Kit were used to evaluate the overall quality of the
assay and the calculation of the metabolites' concentrations.

2.4. Data analysis

After collection, the data was verified for completeness and the
missing data imputation procedure was applied. The variables with
missing data exceeding 20% were excluded from further statistical
testing. For the remaining analytes (missing data below 20%), the
missing values were replaced by half of the limit of detection (LOD).

In order to identify the most relevant metabolites involved in
ovarian cancerogenesis, the following statistical analyses were per-
formed. The normality of distribution was evaluated based on Shapiro-
Wilk test. One-way analysis of variance (ANOVA) was applied for

Table 1
Study group characteristics.

Variables Ovarian cancer Benign ovarian
tumors

Healthy controls

No. of subjects 26 25 25
% 34.2% 32.9% 32.9%

Age [years]
Median 58.5 50.0 59.0
Range 32–72 26–72 28–69

Weight [kg]
Median 67.6 69.6 67.0
Range 52.0–98.0 55.5–118.0 56.0–97.5

Body mass index [kg/m2]
Median 25.63 25.26 25.63
Range 20.69–36.89 21.16–39.89 20.94–40.06

Menopausal status
Post-
No 20 12 18
% 76.9% 48.0% 72.0%

Pre-
No 6 13 7
% 23.1% 52.0% 28.0%

FIGO stage n/a n/a
I 6
II 1
III 18
IV 1

CA125 n/a
Median 496.4 14.58
Range 46.7–5000.0 3.75–97.75

HE4
Median 321.05 50.59
Range 55.35–1500.0 32.81–120.8

ROMA n/a
Median 91.0 8.5
Range 11.3–99.7 2.8–44.1

Histological type n/a n/a
Serous adenocarcinoma 15
Mucinous
adenocarcinoma

1

Endometrioid
adenocarcinoma

3

Undifferentiated 7

n/a - not applicable.
FIGO - staging according to classification by International Federation of
Gynaecology and Obstetrics.
CA125 - cancer antigen 125.
HE4 - human epididymis protein 4.
ROMA - Risk of Ovarian Malignancy Algorithm.
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normally distributed data with equal variances confirmed by Levene's
test. The Kruskal–Wallis test was performed for non-parametric vari-
ables. For both ANOVA and Kruskal-Wallis tests, NIR post-hoc tests
were performed to reveal the significance of differences between groups
(Table 1). To control the false-discovery rate, Benjamini and Hochberg
procedure was applied (with the Benjamini-Hochberg FDR of 0.05)
[10]. Finally, the univariate receiver operating characteristic (ROC)
curves were plotted for the selected metabolites. Data auto-scaling was
used before drawing a heatmap to make the individual features more
comparable. All statistical tests were carried out using the STATISTICA
software version 13 (StatSoft, Tulsa, OK, USA) and the Metaboanalyst
4.0 [11].

2.5. Pathway analysis and network of interactions

The most affected metabolic pathways were identified and drawn
based on a comprehensive analysis of different databases and web
platforms such as: LIPID MAPS Lipidomics Gateway [12], Human Me-
tabolome Database [13], Metaboanalyst 4.0 [11], network visual ana-
lytics system OmicsNet [14]. All possible isomeric/isobaric lipids ac-
cording to ‘Annotation of potential isobaric and isomeric lipid species
measured with the AbsoluteIDQ p180 Kit’ [15] with available HMDB
IDs were selected as metabolites entering the pathway analysis. The
interaction networks were drawn using the network visual analytics
system OmicsNet [14].

3. Results

A total of 76 serum samples were analyzed using wide spectrum
targeted metabolomics approach. 41 out of 188 metabolites measured
had missing data exceeding 20% and were excluded from further ana-
lyses. After missing value imputation procedure with 0.5× LOD for
variables with 20% or less of the missing data, 147 metabolites from 5
different chemical groups: acylcarnitines, amino acids and biogenic
amines, glycerophospholipids, sphingolipids and hexoses were further
analyzed.

The performed univariate ANOVA and Kruskal-Wallis tests of all
serum samples (n=76), after Benjamini-Hochberg correction, showed
that the level of 21 metabolites differed significantly between the
compared groups of patients. Age, BMI and FIGO stage had no impact
on the concentrations of the evaluated metabolites (data not shown). To
reveal the between-group differentiation, the post-hoc NIR tests were
performed. Table 2 shows no separation between BOT and HC. On the
contrary, in the case of HC vs OC, as well as BOT vs OC comparisons,
there was an evident between-group separation. Diagnostic utility of
the selected metabolites was further evaluated by ROC curve analysis.
The highest area under the ROC curve values were found between OC
patients and HC group (4 metabolites had the AUC value above 0.8).
Metabolites with AUC exceeding 0.7, should be considered adequate for
further biomarker research [16]. These results strongly suggest that the
wide spectrum metabolomics approach is helpful in distinguishing OC
from both, BOT and HC and therefore could be potentially useful for OC
screening. 17 out of the 21 differentiating metabolites were lipid
compounds, the remaining 4 were small molecules: histidine, citrulline,
kynurenine, and spermine (Table 2). It is worth emphasizing that the
highest AUC values were obtained by the following lipid compounds:
lysoPC a C16:1, PC aa C32:2, PC aa C34:4 and PC aa C36:6.

The multivariate analyses were performed to confirm the findings
revealed by the univariate tests. Fig. 1 presents a heatmap showing the
differentiation of OC patients from HC using the top 25 metabolites
ranked automatically by Metaboanalyst based on the t-tests. The sig-
natures of each group stand out clearly. What is interesting, these re-
sults confirm the important role of lipid compounds in samples
grouping (21 out of 25 metabolites were lipids). What is important,
histidine and citrulline were found by us earlier as potentially related to
ovarian cancerogenesis [6]. The results of the current study are in line

with our previous findings concerning the potential involvement of
these two amino acids in OC growth and/or development.

The pathway analysis revealed 11 metabolic pathways potentially
related to OC (Table 3). Four of them are directly involved in lipid
metabolism (linoleic acid metabolism, alpha-linolenic acid metabolism,
glycerophospholipid metabolism and arachidonic acid metabolism).
The other four (beta-alanine metabolism, arginine and proline meta-
bolism, histidine metabolism, tryptophan metabolism) are closely as-
sociated with amino acids metabolism. The graphical representation of
the results of the pathway analysis is shown in Fig. 2, and the summary
of these results is provided in Table 3. In order to provide a compre-
hensive visualization of the network of molecular interactions, a three-
dimensional scheme showing the relationships between the selected
metabolites and genes/proteins was constructed (Fig. 3). Fig. 4 illus-
trates an analogous network of connections with molecules possibly
related to pathways engaged in ovarian cancer highlighted in blue (10
out of 11 pathways were matched and highlighted).

4. Discussion

Our recent paper concerning the role of amino acids in OC identified
histidine and citrulline as potential new OC biomarkers [6]. To make a
step forward in better understanding the biological background of OC,
we analyzed a wide spectrum of metabolites using the targeted meta-
bolomics approach. It is worth pointing out that we decided to quan-
titate a panel of compounds, in which some metabolites overlapped the
analytes tested previously (e.g. histidine, citrulline). The study aimed at
confirming our previous hypotheses about the role of histidine and ci-
trulline in metabolic pathways related to OC development and at in-
dicating new compounds that could be potentially valuable in ovarian
cancer diagnosis with special emphasize on lipids. In the presented
study we confirmed the findings from our previous paper [6], namely
that the levels of citrulline and histidine are significantly decreased in
the serum of OC patients as compared to BOT and HC. It might be due
to the linkage of histidine metabolism via alanine, aspartate and glu-
tamate metabolism and TCA cycle with de novo nucleotide synthesis
[17] and maintaining the upregulated mitochondrial biosynthesis,
crucial for cancer cells [18]. The work of Lyssiotis et al. [19] is in line
with our findings regarding the role of citrulline via arginine and pro-
line pathways, by enhancing nitric oxide (NO) synthesis and in-
tensifying glycolysis process in the malignant-transformed cells. Similar
results of significantly altered citrulline level in OC were presented by
Zeleznik et al. [20].

Kynurenine, a metabolite of the amino acid L-tryptophan, was an-
other metabolite that was significantly altered in OC patients. Similar
results were presented in a study on plasma biomarkers for epithelial
ovarian cancer [21]. The researchers found a correlation between in-
creased kynurenine level and shorter overall survival of epithelial OC
patients. Moreover, the same team previously reported a disturbed
tryptophan and kynurenine metabolism in epithelial OC patients [22].
In the prospective study by Zhang et al. [23] on 38 plasma samples from
patients with epithelial OC, kynurenine was identified as one of the five
potential biomarkers that predicted recurrence (the other four being
tryptophan, bilirubin, lysoPC (14:0) and lysoPE (18:2)). The phenom-
enon of decreased tryptophan and increased kynurenine serum levels
might be explained by disturbances in tryptophan metabolism (Figs. 2
and 4). The upregulated metabolism of tryptophan and the increase in
kynurenine levels, through indoleamine 2, 3-dioxygenases (IDO1 and
IDO2) and tryptophan 2, 3-dioxygenase (TDO) activity entails the im-
munosuppression of the function of the effector T and NK-cells through
activation of T regulatory cell and myeloid-derived suppressor cells, as
well as the promotion of neovascularization of solid tumors [24]. Thus,
reversing immunosuppression by targeting IDO1 is one of the emerging
strategies to enhance the immune response to OC and currently a ‘hot
topic’ in anti-cancer therapy research. In our study we provided more
evidence on the importance of the disturbances in tryptophan
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metabolism in cancer development and thus reinforced the foundations
for research on IDO1 inhibitors and other immune-oncology drugs.

As we presented before [6] circulating citrulline might be involved,
among other metabolites, in arginine biosynthesis through the urea
cycle. Arginine, in turn, is the main substrate for polyamine biosynth-
esis. Spermine alongside spermidine and putrescine represent essential
cellular polyamines. They are crucial for DNA and RNA metabolism, for
maintaining the cellular membrane potential and for controlling gene
expression and thus they contribute to growth and differentiation of
cells [25]. The polyamines are thought to contribute to the creation of a

permissive microenvironment via the influence on immunosurveillance
processes [26]. We have presented spermine as a metabolite that sig-
nificantly differed between OC and HC as well as between OC and BOT.
The increased serum level of this polyamine in OC patients could be a
consequence of accumulation of spermine in the fast-growing tumor
tissue and/or in its microenvironment. On the molecular level the
polyamines could be also involved in enhancing cellular invasion/me-
tastasis. Under hypoxic conditions cancer cells demonstrate enhanced
polyamines uptake from surrounding tissues. This phenomenon is ac-
companied by a deregulation of the homeostasis of the adhesion

Fig. 1. Heat map combined with hierarchical clustering (Euclidean distance and Ward linkage) of 25 metabolites showing separation between OC and HC.
Higher serum concentrations of metabolites were marked in red. Decreased metabolites levels were presented in green. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

Table 3
Metabolic pathways potentially related to ovarian cancer.

No Pathway name Match status p -LOG(p) Holm p FDR Impact

1 beta-Alanine metabolism 2/28 0.0019023 6.2647 0.15219 0.14735 0.0
2 Glycerophospholipid metabolism 2/39 0.0036837 5.6038 0.29101 0.14735 0.1037
3 Arginine and proline metabolism 2/77 0.01394 4.273 1.0 0.37173 0.01997
4 Linoleic acid metabolism 1/15 0.036851 3.3009 1.0 0.73702 0.0
5 alpha-Linolenic acid metabolism 1/29 0.070217 2.6562 1.0 1.0 0.0
6 Glutathione metabolism 1/38 0.091154 2.3952 1.0 1.0 0.03456
7 Nitrogen metabolism 1/39 0.093456 2.3703 1.0 1.0 0.0
8 Histidine metabolism 1/44 0.10489 2.2548 1.0 1.0 0.13988
9 Arachidonic acid metabolism 1/62 0.14507 1.9305 1.0 1.0 0.0
10 Aminoacyl-tRNA biosynthesis 1/75 0.17315 1.7536 1.0 1.0 0.0
11 Tryptophan metabolism 1/79 0.18163 1.7058 1.0 1.0 0.03496
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molecules (CD44), thus promoting cancer metastasis [27]. A vast ma-
jority of the significantly altered compounds identified in our research
belongs to glycerophospholipids (Table 2), or more specifically – to
phosphatidylcholines (PC). The aberrant lipid metabolism of this sub-
group of glycerophospholipids seems to be directly engaged in cell
apoptosis/necrosis, cell proliferation as well as cellular signaling. The
proposal of integration of the metabolic pathways potentially related to

the role of glycerophospholipids metabolism in cancerogenesis is pre-
sented on Fig. 5. The PC and phosphatidylethanolamine (PE) are syn-
thesized de novo from choline and ethanolamine, respectively. These
multistep reactions constitute the two branches of the Kennedy
Pathway [28,29]. Furthermore, PC can be transformed into lysopho-
sphatidylcholines (LPC) by phospholipases A1 and A2 (plA1 and plA2)
[30]. Then LPC can be converted into lysophosphatidic acid (LPA) by

Fig. 2. Graphical representation of results of pathway analysis based on metabolites significantly altered between the groups (Kruskal-Wallis and ANOVA tests).

Fig. 3. The visualization of the network of molecular interactions created based on list of metabolites quantified using the applied methodology.
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lysophospholipase D enzyme (lpD) [31]. LPA in body fluids can consist
of a mixture of various fatty acids (saturated and unsaturated), and thus
it might play various roles in the body by activating different LPA re-
ceptors (LPAR) [32,33]. In our study, we observed decreased serum
levels of the group of PC (Table 2). Fig. 1 shows group clustering of
these metabolites showing correlation between OC and decreased
concentration of PC. We speculate that it may be the result of an in-
creased PC catabolism. We suppose that PC are converted into LPC
followed by extensive transformation into LPA. The decreased levels of
some LPC might be the result of overexpression of lpD, which, as
mentioned before, is the enzyme responsible for conversion of LPC to
LPA. In turn, LPA has been recently shown to be a pro-tumorigenic
factor, involved in cell proliferation, differentiation, adhesion migra-
tion and invasion as well as promoting tumor cell survival and pro-
liferation [33,34].

It should be noted that due to the specificity of the lipid particle
composition, it is possible that over 1000 lipid species exist in a single
eukaryotic cell. Moreover, they are geographically restricted within the
cell [35]. Therefore, to uncover the molecular background of the lipids
involvement into e.g. cancerogenesis, further lipidomic research with

special emphasis on cell, tissue and biofluid compartmentation of lipids
are needed.

Considering ROC curve analysis results (AUC > 0.8) we propose 4
new lipid compounds for further investigation: lysoPC a C16:1, PC aa
C32:2, PC aa C34:4 and PC aa C36:6 (Fig. 6). The same metabolites
were previously found to correlate with the overall survival of high
grade serous OC patients [36]. Moreover, Wang et al. [37] analyzed the
effects of the knockout of branch chain amino-acid transaminase 1
(BCAT1) gene, which was previously found to be significantly hypo-
methylated in OC tissue [38]. The study revealed that silencing BCAT1
gene was related to inhibition of cell proliferation, migration and in-
vasion and has indicated glycerophospholipids alterations in BCAT1
knockdown clones, which partially correspond with our results. For
example, decreased levels of PC aa C32:2; PC aa 34:4 and PC aa 36:6 –
metabolites selected by us, as the ones which most significantly dif-
ferentiated OC patients from HC in ROC curve analysis, were observed.
Taking into account such convergence with the cited studies, we believe
that those lipid compounds are strongly correlated with OC-induced
metabolic alterations and potentially involved in OC growth and pro-
gression. This finding could be a step forward to better understand the

Fig. 4. The visualization of the network of interactions with highlighted molecules possibly related to pathways engaged in ovarian cancer. (For interpretation of the
references to colour in this figure, the reader is referred to the web version of this article.)

Fig. 5. The metabolic pathways presenting the potential role of glycerophospholipids metabolism on cancerogenesis.
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molecular background of OC initiation and progression.
So far, acylcarnitines have been extensively investigated as potential

indicators of metabolic diseases or different cancers: lung [39], prostate
[40], or kidney [41]. One of the important findings of this research is
that among the 40 quantified acylcarnitines none were significantly
differentiating the analyzed groups (after Benjamini-Hochberg correc-
tion) and thus this set of acylcarnitines could practically be disqualified
from further research as OC biomarkers. The aforementioned study on
BCAT1-silenced ovarian cell lines [37] shows quite similar results –
among the wide spectrum of evaluated acylcarnitines only 1 was sub-
stantially decreased in OC. Thus, we suggest that the development of
ovarian cancer does not have a significant impact on the oxidative
catabolism of fatty acids which is reflected in alterations of serum levels
of acylcarnitines.

Bearing in mind the limitations of different kinds of multiple com-
parison corrections, we decided to apply the Benjamini-Hochberg pro-
cedure. Assuming that the quantified metabolites might be partially
dependent on one another and to avoid type II errors (false negatives), a
more sensitive and less strict correction was applied compared to the
Bonferroni's one [42]. Nevertheless, we suspected that some metabo-
lites with a potential role in OC growth/development could have been
lost by applying the multiple comparison correction. To reveal these
possibly hidden metabolites, we created the network of molecular in-
teractions presented on Figs. 3 and 4. Based on that, it could be pointed
out that glutamine-glutamate axis has the crucial role in OC growth/
development. This phenomenon might be explained by the increased
glutamine turnover during cancerogenesis and was described by us
earlier [6]. This seems to be confirmed by another study where cancer
cells exhibited increased glutamine dependency during growth and
proliferation. This dependency is based on the conversion of glutamine

to glutamate which is included in TCA cycle to produce energy for
cancer cells [43]. Presented by us (Fig. 4) central role of glutamine-
glutamate axis in cancer could be also explained by its connections with
serine and proline, which were previously linked with regulation of
cancer cell growth [44,45].

To the best of our knowledge, this is the first study that demon-
strates such a comprehensive network of molecular interactions in OC
on the basis of wide spectrum targeted metabolomics. The identified
metabolic pathways might indicate new directions for further studies.
We made an effort to explain the role of the main intermediates in
cancer growth and development. Special attention to early stages of OC
should be given in order to evaluate the possibilities of earlier OC de-
tection The presented work should provide the basis for further in-
depth, multi-omic research leading to novel translational opportunities
in biomarkers searching, targeted anticancer therapy development and
other medical interventions focused on cancer treatment.

5. Conclusions

In summary, we confirmed that citrulline and histidine play a role in
ovarian cancerogenesis and should be considered as OC biomarkers. We
found other metabolites that are most probably linked with some sig-
naling and metabolic pathways of cancer growth and development. The
serum levels of several metabolites (kynurenine, spermine) were altered
in OC patients. We confirmed a dominant role of lipid alterations in OC.
The following lipids: lysoPC a C16:1, PC aa C32:2, PC aa C34:4 and PC
aa C36:6 were characterized by a satisfactory AUC>0.8, setting new
paths for further lipidomic studies, with high potential for clinical ap-
plication. We suggest that the metabolism of acylcarnitines has little
significance in OC development. In addition, the identified metabolic

Fig. 6. Receiver operating characteristic curves with corresponding box and whiskers plots for compounds which yielded AUC above 0.8 for ovarian cancer vs
healthy controls comparison.
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pathways, with a presented for the first time - comprehensive network
of molecular interactions in OC, might indicate new directions for
further studies on bigger populations, which will be able to fully in-
terpret these findings.
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