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Abstract

Ovarian cancer is a heterogeneous disease of low prevalence, but poor survival. Early diagnosis is
critical for survival, but is often challenging because the symptoms of ovarian cancer are subtle
and become apparent only during advanced stages of the disease. Therefore, the identification of
robust biomarkers of early disease is a clinical priority. Metabolomic profiling is an emerging
diagnostic tool enabling the detection of biomarkers reflecting alterations in tumor metabolism, a
hallmark of cancer. In this study, we performed metabolomic profiling of serum and tumor tissue
from 158 patients with high-grade serous ovarian cancer (HGSOC) and 100 control patients with
benign or non-neoplastic lesions. We report metabolites of hydroxybutyric acid (HBA) as novel
diagnostic and prognostic biomarkers associated with tumor burden and patient survival. The
accumulation of HBA metabolites caused by HGSOC was also associated with reduced expression
of succinic semialdehyde dehydrogenase (encoded by ALDH5AI), and with the presence of an
epithelial-to-mesenchymal transition (EMT) gene signature, implying a role for these metabolic
alterations in cancer cell migration and invasion. In conclusion, our findings represent the first
comprehensive metabolomics analysis in HGSOC and propose a new set of metabolites as
biomarkers of disease with diagnostic and prognostic capabilities.
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INTRODUCTION

Ovarian cancer is the eighth most frequent cause of cancer death among women, and
associated with poor overall survival. According to the World Health Organization (WHO)
statistics worldwide there were estimated to be 239,000 new cases and 152,000 deaths due to
ovarian cancer in 2012 (1). High-grade serous carcinoma (HGSOC) is the most common
type of ovarian epithelial carcinoma, accounting approximately 70% of the cases (2). Early
diagnosis is critical for the survival of the patients, as for the stage | patients the 5-year
survival rate is around 90%, whereas for the stage 111 and 1V patients it is only around 20%
(3). However, the diagnosis of ovarian cancer is challenging because symptoms often tend to
mimic those of other diseases and appear only in advanced stages of cancer.

The main diagnostic methods for ovarian cancer at the moment include pelvic examination,
CA-125 blood test and transvaginal ultrasound. CA-125 and HE4 proteins are the only two
biomarkers US FDA approved for monitoring disease recurrence or progression, but not for
screening purposes (4). CA-125 levels are raised in approximately 90% of patients with
advanced epithelial ovarian cancer, but only in 50% of patients with stage | disease (3).
Many studies have suggested CA-125 to be a prognostic factor for overall and progression-
free survival in ovarian cancer, but also studies showing contradictory results exist (3). Thus,
CA-125, the golden standard for ovarian cancer diagnostics, is relatively good in detecting
patients with advanced disease, but its expression is elevated in benign conditions, such as
endometriosis, and fluctuations associated with menstrual cycle and pregnancy (5).
Therefore new biomarkers, either alone or in combination of the aforementioned proteins,
are warranted for more specific and sensitive ovarian cancer diagnostics and prognostics.

Several lines indicate that cancer cells undergo profound metabolic reprogramming to
sustain increased energy demand for growth and proliferation (6). This metabolic
reprogramming leads to the accumulation of small molecule metabolites in the tumor tissue
that can also be secreted in the blood stream, becoming potential biomarkers for cancer
detection and disease progression. Of note, metabolic differences in the blood of ovarian
cancer patients have already been described (7-9), but the clinical utility of these biomarkers
has remained limited due to small study populations, lack of validation by other studies or
orthogonal methodologies, as well as lack of clinicopathological data to elucidate the most
relevant pathways for progression of the disease. To overcome these challenges, we
performed global metabolomics profiling in a large and well-characterized cohort of
HGSOC patients. This analysis revealed profound deregulation of hydroxybutyric acid
(HBA) metabolism in the blood and tumor tissue of these patients, which can be used as
diagnostic and prognostic biomarkers of the disease. We also found that these metabolic
alterations were associated with the emergence of EMT, a feature of most invasive and
aggressive tumor, suggesting a potential role of HBA metabolism in EMT. Finally, we
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validated the prognostic signature by analyzing independent, publicly available, gene
expression data sets.

MATERIALS AND METHODS

Patients and samples

The data from a global metabolomic profiling were obtained from serum samples of 100
subjects without malignant disease (control group) as well as from 158 ovarian high-grade
serous carcinoma patient serum samples. Clinicopathological characteristics of the study
cohort are summarized in Supplementary Table S1. Before metabolomic analyses, the case
and control group samples were combined into one set and randomized. In addition, the data
from tumor tissues were obtained for 124 ovarian cancer patients, of which 112 had
matching serum samples in the study.

Serum samples were collected from preoperative and pretreated primary ovarian cancer
patients as well as from patients without ovarian cancer. All tissue and serum samples were
collected at the Tumor Bank Ovarian Cancer (www.toc-network.de) at the Charité Medical
University (Berlin, Germany) between 09/2000 and 02/2011. The Ethics Committee
approved the use of the samples for the study. The patient’s informed consent was obtained
prior sample collection and documentation of clinical and surgical data. A validated
documentation system was used to record the surgical data (IMO-intraoperative mapping of
Ovarian Cancer (10)). The study population without ovarian cancer consisted of a group of
pelvic mass patients with benign tumors, endometriosis, uterus myomatosus, adnexitis and
other conditions. Blood was collected using serum tubes containing clot activators
(Vacutainer, BD, Medical-Pharmaceutical System, Franklin Lakes, NJ), and clotted for 30
min to 2 h at room temperature. Serum was separated by centrifugation at 1200g for 15
minutes, aliquoted and stored at —80°C until further analysis.

Tumor tissue samples were collected at the time of surgery and immediately frozen in liquid
nitrogen within 15 minutes of the removal and then stored at —80 °C. All tissue samples
underwent histopathological assessment to verify histological subtype and high tissue
quality. Only specimens presenting at least 50% of tumor area were included in the
metabolomic analyses. The majority of tissue samples had approximately 80% of tumor
area.

Metabolomic analysis

Tumor samples were prepared by homogenizing 3-4 mg of tissue with Retsch homogenizer
(3 min, 20 Hz). The samples were homogenized into 0.9% NaCl, and the volume was
adjusted to get tumor tissue concentration of 0.05 mg/ul. 400 ul methanol and 5 ul standard
mixture (valine-d8 (37.6 mg/l), heptadecanoic acid (186.5 mg/l), succinic acid-d4 (62.9
mg/1)) were added to 70 pl of the homogenate. For the serum samples 400 pl methanol and
10 ul standard mixture (valine-d8 (37.6 mg/l), heptadecanoic acid (186.5 mg/l), succinic
acid-d4 (62.9 mg/l), glutamic acid-d5 (103.5mg/I)) was added to 30 pl of the sample. The
samples were vortexed for 2 min. After 30 minutes at room temperature the samples were
centrifuged for 5 min at 10000 rpm. 200 pl of the supernatant was moved to a gas
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chromatography (GC) vial and evaporated to dryness under nitrogen. The samples were
derivatized with 25 pl methoxyamine (45°C, 60 min) and 25 pl N-
methyltrimethylsilyltrifluoroacetamide (45°C, 60 min) and 50 pl of hexane with retention
index compounds and injection standard (4,4’-dibromooctafluorobiphenyl) was added to
samples.

For the analysis, a Leco Pegasus 4D GCxGC-TOFMS instrument (Leco Corp., St. Joseph,
MI) equipped with a cryogenic modulator was used. The GC part of the instrument was an
Agilent 6890 gas chromatograph (Agilent Technologies, Palo Alto, CA), equipped with
split/splitless injector. The first-dimension chromatographic column was a 10-m Rxi-5MS
capillary column with an internal diameter of 0.18 mm and a stationary-phase film thickness
of 0.18 um, and the second-dimension chromatographic column was a 1.5 m BPX-50
capillary column with an internal diameter of 100 um and a film thickness of 0.1 um. A
methyl deactivated retention gap (1.5 m x 0.53 mm i.d.) was used in the front of the first
column. High-purity helium was used as the carrier gas at a constant pressure mode (40
psig). A 4-s separation time was used in the second dimension. The MS spectra were
measured at 45 — 700 atomic mass units with 100 spectra/sec. For the injection, a splitless
injection (1.0 pl) at 240 °C was utilized. The temperature program was as follows: the first-
dimension column oven ramp began at 50 °C with a 2 min hold after which the temperature
was programmed to 240 °C at a rate of 7 °C/min and further to 300 °C at a rate of 25 °C/min
and then held at this temperature for 3 min. The second-dimension column temperature was
maintained 15 °C higher than the corresponding first-dimension column. The programming
rate and hold times were the same for the two columns.

ChromaTOF vendor software (LECO) was used for within-sample data processing, and in-
house made software Guineu (11) was used for alignment, normalization and peak matching
across samples. The peaks were first filtered based on number of detected peaks in the total
profile of all sample runs. The normalization for uncalibrated metabolites was performed by
correction for internal standard C17:0. 26 of the metabolites were checked manually in each
serum sample and 29 metabolites in each tumor tissue sample for correct integration and
identification. Other mass spectra from the GCxGC-TOFMS analysis were searched against
NISTO05 mass spectral library. After data processing, 1107 metabolite peaks were obtained
from serum samples. To remove potential batch effects due to sample preparation or running
order, or because of differences in sample storage time at —80 °C, correlation of each
metabolite to these variables was inspected by using maximal information coefficient (12)
and visual inspection, and filtered out in case correlation was observed. Finally, all the peaks
showing zero values in more than 75% of the samples were filtered out. After these filtering
steps, 497 metabolites were left for the final analyses. Group information of the samples was
not used to guide the data processing or filtering steps at any point. For the tumor tissue
samples, only the metabolites aligning to the final serum data were included in the analyses.
Supplementary Table S2 provides lower limit of quantification (LLOQ) values for quantified
metabolites as well as for each metabolite the number of detected peaks across the whole
serum data set.

In some cases GCXxGC-TOF-MS data contains several peaks with same identification. This
may be due to analytical reasons or e.g. stereoisomeric structures. In cases where the
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GCxGC-TOF-MS analysis included a reference standard compound, always the peak
matching the standard compound was selected as the major peak, otherwise the largest peak
was selected to be the main result. The results for all the peaks are shown in Supplementary
Table S2.

Nutritional analyses

The following nutritional and lifestyle variables were collected from the patients and
investigated for their association with metabolite levels: reported change in food intake,
reported feeling of sickness, smoking, BMI, weight change in 3 months, weight change 10
days after operation, daily calorie recall (also divided into protein, fat and carbohydrates) as
well as fat percentage (Supplementary Table S4).

Statistical analyses

All statistical analyses were performed using R, version 3.1.2. For comparing mean values
between two groups, unpaired t-tests and fold changes were calculated after log2
transformation of the data. In case there were zero values in the data, the data was imputed
with a value corresponding to the half of the minimum value of the corresponding molecule
across all the samples. Principal component analysis was performed for the full log2-
transformed data applying centering and scaling (zero mean, unit variance), and the analysis
was blinded to the class information. Analysis of Variance (ANOVA) was used for multiple
group comparisons. Correlation analyses were performed either by Pearson or Spearman
method, as indicated in each case. Multiple hypothesis correction was evaluated by reporting
false discovery rate g-values in addition to p-values. The predictive models for the ovarian
cancer diagnosis from serum with metabolites and CA-125 were based on binary logistic
regression models. For estimating the performance of the predictive models, random subset
cross-validation was applied as follows: the dataset was 1000 times split randomly into
training set (comprising 2/3 of the samples), and the constructed model was tested in the
validation set (comprising 1/3 of the samples); the RFOCR library (13) was used in the
analyses.

Survival analysis

Association of the metabolites and genes to survival was investigated by Kaplan-Meier plots
with a median split and logrank test (package survival version 2.37-7). In addition, Cox
proportional hazards regression test was performed for each metabolite with and without
accounting for the residual tumor mass after surgery / age / FIGO stage information. In these
models, the metabolite levels were normalized to follow standardized normal distribution.

Survival analysis based on gene expression and copy humber was performed for genes of
those selected Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways that showed
significant diagnostic or prognostic metabolomics alterations: fatty acid import and beta
oxidation, omega oxidation, ketone body production, pentose phosphate pathway reactions
related to 3-erythritol accumulation, leucine degradation reactions related to 3-
hydroxyisovaleric acid accumulation, peroxisomal biogenesis factors related to Zellweger
syndrome as well as ALDH5A1 gene encoding for SSADH enzyme. TCGA mRNA
expression and corresponding clinical information for 489 HGSOC patient samples were
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obtained from TCGA data portal (14). Copy number alterations for 316 tumors were
obtained from cBioPortal (15). Another independent data set and online tool was used to
analyze the association of ALDH5A1 to survival in ovarian cancer patients (survival =
overall survival, histology = serous carcinoma, follow up threshold = 10 years) (16).
Supplementary material for all the TCGA survival analyses are shown in Supplementary
Methods and all the R code used to perform these analyses are stored at https://github.com/
InesdeSantiago/survivalTCGAOC.

Gene set enrichment analysis

RESULTS

Gene set enrichment analysis (GSEA) (17) was used to identify pathways that are correlated
with the expression of the ALDH5A1 gene. KEGG pathways from MSigDB curated
collection C2 (17) and gene expression signatures of the epithelial-to-mesenchymal
transition (EMT) were included in the analysis. EMT signatures were collected, i.e. sets of
genes that are known to be upregulated in EMT (EMT+) and downregulated in EMT (EMT
-), as described previously (18).

HBAs as serum biomarkers of HGSOC

In order to identify metabolic biomarkers of ovarian cancer, we performed global
metabolomic profiling of serum samples of 158 ovarian cancer patients and 100 subjects
affected by benign ovarian neoplasia and non-neoplastic diseases (Supplementary Table S1).
Unsupervised principal component analysis (PCA) revealed that ovarian cancer patients
could be separated from the control group (Fig. 1A). Among the metabolites that most
significantly differed between the two groups, several amino acids, including tryptophan,
alanine, and methionine, were the most depleted (Fig. 1B, C, Supplementary Table S2-3).
Interestingly, the depletion of tryptophan in cancer patients is in line with two recent studies
(7,19). However, the most significant difference between the cancer patients and control
group was observed for 3,4-dihydroxybutyric acid and 3-hydroxybutyric acid, which were
found at higher levels in the cancer patients (Fig. 1C, D, Supplementary Table S3). In
addition, other HBAs and ketone bodies, sugars, and free fatty acids were accumulated,
whilst metabolites related to glycolysis and TCA cycle were found in lower concentrations
in the cancer patients. The accumulation of 3-hydroxybutyric acid most likely reflects
upregulation of fatty acid oxidation that has been described in ovarian cancer tumors (20)
and metastases (21). These results indicate that ovarian cancer exhibits a distinct metabolic
signature (Fig. 1A-D) and elevate HBAS appear as key biomarkers for ovarian cancer.

To investigate the diagnostic power of these metabolites, predictive models were constructed
and cross-validated, i.e. the study population was split randomly 1000 times into discovery
and validation sets, having 2/3 and 1/3 of the samples, respectively. Based on the results,
metabolites belonging to the HBA metabolites class showed the highest cross-validated
mean AUC value (Supplementary Fig. S1). With the two most significantly altered
metabolites, i.e. 3,4-dihydroxybutyric and 3-hydroxybutyric acids, the mean AUC value
reached 0.91, and was in the same order as for the clinically used CA-125 (0.96). When the
information of these metabolites was combined with CA-125, the mean cross-validated AUC
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value was 0.98, thus approaching perfect separation of the groups (Supplementary Fig. S2).
As a comparison, with 3 random metabolites selected 1000 times the mean AUC was 0.66.

In contrast to CA-125 and 3-hydroxybutyric acid, 3,4-dihydroxybutyric acid, 2,4-
dihydroxybutyric acid and 4-hydroxyphenyllactic acid, were statistically significantly
associated with the success of tumor reduction during surgery (Table 1), a reflection of
tumor spread in the patients. These poorly characterized metabolites showed progressive
elevation from patients with benign tumors to patients with incomplete tumor reduction (Fig.
1D), making them better predictors of tumor burden than the clinically used tumor marker
CA-125.

Correlation of serum biomarkers with tumor metabolic signatures

Serum metabolic alterations may be affected by nutritional and health status of the patients.
Therefore, we investigated whether physiological and nutritional variables affect the
abundance of these diagnostic metabolites. To this aim, nutritional data of 27 patients of the
study cohort were obtained and correlated to metabolite levels. BMI was determined at the
time of diagnosis and the weight change in 3 months was recorded. 3-hydroxybutyric or 3,4-
dihydroxybutyric acids did not show statistically significant association to BMI or weight
change, supporting their validity as tumor biomarkers (Supplementary Table S4). These
results also suggest that these HBAs may originate from the tumor and do not depend on
metabolic processes in other parts of the body. To investigate this hypothesis, tumor tissue
samples were analyzed from 112 patients with matching serum sample data. The highest
correlations were observed for 3- and 2-hydroxybutyric acids (Fig. 2 and Supplementary
Table S5). In addition, concentration of 3,4-dihydroxybutyric acid (Fig. 2) and several
molecules of the amino acid and sugar classes showed significant correlations between
serum and tissue (Supplementary Table S5). It was also investigated whether tumor samples
obtained from different locations showed different metabolic profiles. In general, tumor
samples from ovaries, intestine or peritoneum did not show major differences, as only a few
metabolites showed statistically significant result (Supplementary Figure S3). In summary,
these findings revealed a linear correlation of diagnostically relevant biomarkers between
serum and tumor tissue.

Correlation of metabolic signature with cancer patients’ survival

We then investigated whether the observed metabolic features of ovarian cancer could
predict cancer progression and survival of the patients. The association with overall survival
was investigated by Kaplan-Meier plots with median split together with log-rank test as well
as Cox proportional hazards regression models. For comparison, the analyses were
performed also for CA-125. Table 1 shows the results for those metabolites with statistically
significant result both in the malignant vs. control group comparison as well as in log-rank
test for overall survival. In contrast to CA-125, which did not show association with
survival, the concentrations of specific metabolites before surgery were found to be strong
predictors of the overall survival of the patients and able to predict the survival
independently of the success of tumor reduction in the surgery (Fig. 3A, B, Table 1). The
most significant result was found for 4-hydroxyphenyllactic acid, which was the only
metabolite showing statistically significant result also for progress-free survival
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(Supplementary Fig. S4). Interestingly, higher levels of 4-hydroxyphenyllactic acid in the
serum of ovarian cancer patients was reported recently, although in the previous study the
association with survival was not investigated (7). Another significant metabolite was 3-
hydroxyisovaleric acid, which showed p-value 0.003 in the cox regression analysis, even
after adjusting for tumor reduction and FIGO stage (Supplementary Table S6 and
Supplementary Fig. S4). 3-hydroxyisovaleric acid is related to leucine catabolism (22), and
especially the reported elevation due to ketogenesis (23) may explain its role as prognostic
marker for ovarian carcinomas.

Finally, we found that higher concentrations of 3,4-dihydroxybutyric, 2,4-dihydroxybutyric,
and adipic acids were associated with worse overall survival of the patients (Fig. 3A, Table
1), which led us to investigate these poorly characterized metabolites in depth. 3,4-
dihydroxybutyric and adipic acids showed significant results even when tumor reduction
information was incorporated into the model. Addition of patient age into the model raised
the p-values for the metabolites, and this observation could be explained by the fact that
older patients were associated with poorer survival, together with higher levels of 3,4-
dihydroxybutyric acid (Supplementary Fig. S5), potentially linked to extremely low energy
intake (Supplementary Fig. S5). Thus, our data indicate an association between 3,4-
dihydroxybutyric acid and overall health and nutritional status. However, 3,4-
dihydroxybutyric acid showed a statistically significant result and 2,4-dihydroxybutyric a
trend with overall survival, even though their concentrations were measured directly from
tumor tissue from fewer number of patients (Supplementary Fig. S6). This confirmed that
higher concentrations of these metabolites, which are associated with worse survival,
originate from altered metabolism of the tumor and not from other physiological processes.

of HBA metabolism with low activity of succinic semialdehyde dehydrogenase

We then wanted to investigate the possible mechanisms of accumulation of these
dihydroxybutyric and adipic acids in ovarian cancer. Intriguingly, these metabolites
accumulate in patients affected by succinic semialdehyde dehydrogenase (SSADH)
deficiency (OMIM #271980) (24,25). This syndrome is caused by mutations in the
ALDH5A1 gene, which encodes for succinic semialdehyde dehydrogenase, and causes
accumulation of gamma-aminobutyric (GABA) and gamma-hydroxybutyric (GHB) acids in
the body, leading to various neurological problems in the patients (26). As illustrated in Fig.
3C, 3,4-dihydroxybutyric and 2,4-dihydroxybutyric acids are derived from gamma-
hydroxybutyric acid (GHB) (27). Although not identified in our dataset, the dysregulation of
SSADH pathway is supported by elevated concentration of GABA in the urine of ovarian
cancer patients (28). Furthermore, as mentioned above, only three amino acids were found to
be in higher abundance in patients with malignant tumors, two of these (glutamine and
glutamate) are directly involved in this pathway and elevation of glycine has been reported
in patients with SSADH deficiency (26). Interestingly, the elevation of glutamine, glutamate
and GABA have also been reported when comparing the invasive and borderline ovarian
tumors (29). Thus, the metabolomics analysis of HGSOC patients revealed a prognostic
signature of metabolites related to lowered activity of the SSADH enzyme.
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To further validate the metabolomics findings with gene expression data, we analyzed The
Cancer Genome Atlas (TCGA) data and selected genes from those pathways that showed
significant diagnostic or prognostic metabolomic alterations. Intriguingly, the most
significant findings were obtained for the ALDH5A1 gene, as among the selected genes only
for ALDH5A1 both low expression and loss in copy number were associated with worse
overall survival of the patients (Fig. 3D, Supplementary Table S7). These data (14) show that
only three genes (ALDH5A1, PCK2and GMPR) significantly correlated with patients’
survival across all cohorts (Supplementary Table S8). Thus, the association of decreased
expression of ALDH5A1 to worse overall survival was replicated in four different cohorts.
These results were also confirmed in another manually curated gene expression database
(16) (Fig. 3E). In conclusion, our results indicate that the prognostic metabolomic signature
observed in our study is linked to the downregulation of ALDH5A1 and a subsequent
lowered activity of the SSADH enzyme.

of loss of SSADH to epithelial-to-mesenchymal transition

We then investigated whether the loss of SSADH is associated with molecular signatures
that could explain its link to poor prognosis in ovarian cancer. To this aim, correlation and
gene set enrichment analyses were performed. This analysis revealed that the most
significant pathways, negatively correlated with ALDH5A1, were related to cellular
adhesion and EMT (Supplementary Table S9). Indeed, low expression of ALDH5A1 was
associated with high expression of vimentin and EMT-related transcription factors (Fig. 4).
As expected, significant correlation to EMT signature was also found for some other ALDH
enzymes (Fig. 4, Supplementary Table S10), including ALDH1A3, which is highly
expressed in mesenchymal stem cells (30).

DISCUSSION

In this study we have performed metabolomics investigation of HGSOC, the most common
type of ovarian cancer. Our analysis revealed that HGSOC exhibit a distinct metabolic
signature characterized by the accumulation of ketone bodies and HBAs in serum and tumor
tissue. Importantly, we have demonstrated that these metabolites can be used for both
diagnostic and prognostic purposes, offering valuable clinical opportunities.

The source of the observed accumulation in HBAs is likely to emerge from the deregulation
of multiple metabolic pathways. For instance, the increase of 3-hydroxybutyric is due to
upregulated fatty acid oxidation, a metabolic feature previously observed in ovarian cancer
tumors (20) and metastases (21). The dysregulation of fatty acid metabolism is supported by
elevated concentrations of acylcarnitines that have been reported in ovarian cancer patient
serum (7), and regions of nuclear magnetic resonance (NMR) spectra including 3-
hydroxybutyric acid that have shown signal to separate ovarian cancer patients from controls
(8). Previous studies have also reported high AUC values when using principal components
or regions of NMR spectra, incorporating also 3-hydroxybutyric acid as predictors of
malignancy (8,9). In the present study, we focused our analysis on individual metabolites,
which are needed for follow-up studies or when used in clinical practice, confirming that the
signal obtained from a small panel of metabolites is sufficient to obtain high cross-validated
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AUC values. Nevertheless, since the cross-validation may lead to over-optimistic results due
to potential selection bias, comparison of novel biomarkers, especially 3,4-dihydroxybutyric
acid, against CA-125 has to be validated in independent data sets. Interestingly, the
accumulation of 3,4-dihydroxybutyric and 2,4-dihydroxybutyric acid, observed in the
metabolic disorder SSADH deficiency (24,25,31), suggested a link between SSADH activity
and HGSOC. Indeed, the low mRNA expression of ALDH5A1, the gene encoding for
SSADH, was found to be significant prognostic marker in all the investigated data sets.
Importantly, our analysis also revealed an unexpected correlation between the loss of the
ALDH5A1 and the presence of EMT, a molecular signature associated with invasion and
metastasis, another cancer hallmark together with cancer energy metabolism (32). Although
we have not provided the molecular link between deregulated metabolism and EMT, recent
studies have revealed that decreased activity of the TCA cycle induce EMT. For instance,
decreased succinate dehydrogenase activity in ovarian cancer (33), pheochromocytomas and
paragangliomas (34); mutations in isocitrate dehydrogenase (35) and loss of citrate synthase
in cervical cancer (36) have been linked to EMT. Therefore it is tempting to speculate that
lower levels of succinate due to SSADH deficiency may lead to TCA cycle dysfunction and
EMT induction. However, it should be noted that the results of the present study are only
correlative and more work is required to establish a mechanistic link between SSADH
deficiency and EMT.

Among the significant metabolites that were not associated with HBAs or lipid metabolism
was 4-hydroxyphenyllactic acid, a product of phenylalanine degradation. Interestingly, a
lowered level of amino acids in the cancer patient serum samples was observed, supporting a
deregulation of amino acid catabolism in HGSOC. Of note, 4-hydroxyphenyllactic and
adipic acids have been reported to elevate in Zellweger syndrome (37,38), which is a
peroxisomal disorder caused by mutations in genes participating in peroxisomal biogenesis.
Although these genes did not show significant association to survival in the TCGA data set,
peroxisomal dysfunction in HGSOC patients cannot be excluded.

Most of the patients in our study population were affected by late-stage ovarian cancer and
we had only limited number of patients with early-stage disease. Although CA-125, the
golden standard biomarker for ovarian cancer, showed high specificity and sensitivity, as
expected, the utility of HBAs as disease biomarkers is underlined by their prognostic power.
Furthermore, some of these metabolites can be found accumulated in blood and acetone,
which is usually elevated along other ketone bodies, can also be detected in breath (39)
suggesting that these metabolites can be detected by minimally invasive techniques.
Combining ketone body measurements with CA-125 determination could be used as a
powerful diagnostic tool for HGSOC. However, it is worth noting that the level of ketone
bodies are affected by co-morbidities, as for instance diabetes and starvation elevate their
levels. In the present study, the samples were not taken under fasting conditions, which may
cause variability in the nutritional status and affect the results, but importantly, there was no
systematic bias in the sample collection between the patients with malignant and benign
disease. Nevertheless, as future development of our work is to test the validity of these
metabolic biomarkers in a clinical setting, especially in patients with early-stage disease,
which still lack appropriate diagnostic tools. Also, the value of these biomarkers in tracking
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response to therapy should be assessed. Appropriate longitudinal studies are required to fully
understand the potential of these markers in clinical use.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Malignant ovarian tumors cause dramatic metabolic differencesin serum

(A) PCA plot showing the 15t and 2" principal components and separation of the patients
with and without malignant tumors. (B) Summary of the global metabolic differences
observed in ovarian cancer patient serum samples. (C) Volcano plot illustrating the most
significantly altered metabolites in the serum of patients with malignant tumors. For clarity,
only main peaks are shown, and the unidentified compounds and sugars/sugar alcohols are
omitted from the figure. (D) Concentration of the most significantly altered metabolites and
CA-125 in patients without malignant tumors as well as in patients with malignant tumors
that were either completely or incompletely removed during the surgery.
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Figure 2. Correlation of (A) 3-hydroxybutyric and (B) 3,4-dihydroxybutyric acidsin the tumor

tissue and serum samples.
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Figure 3. Low activity of SSADH enzyme isreflected in the metabolite concentrations and poor
overall survival

Higher concentrations of (A) 2,4-dihydroxybutyric, 3,4-dihydroxybutyric and adipic acids in
serum were all associated with poor overall survival of the patients. In contrast, (B) CA-125
did not show association with the survival. (C) Illustration of the pathway and metabolites
that are altered due to loss of SSADH activity. Arrow means that the metabolite was
upregulated in patients with malignant tumors, and circle that high concentration was
associated with worse overall survival. The data for GABA was obtained from (28). The
accumulation of adipic acid has been associated with SSADH deficiency, but the mechanism
leading to the higher concentration of this metabolite has not been elucidated, and therefore
the arrows in this figure refer only to a hypothetical mechanism. (D) Low expression and
loss in copy number of ALDH5A1 in tumors were associated with poor survival in TCGA
data and. (E) The association of low expression of ALDH5A1 in tumors to poor survival
was replicated also in publicly available survival analysis tool of ovarian serous carcinoma
patients (n=1137).
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Figure 4. Positive (red) or negative (blue) correlation of ALDH genesto EMT markersor
transcription factors.
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Table 1
Diagnostic and prognostic metabolites for ovarian cancer

Statistical results and associated metabolic deficiencies/pathways for those metabolites that were significantly
altered in ovarian cancer patients and also showed significant result in the log-rank test for overall survival.
Results for the CA-125 biomarker are shown as comparison. Statistically significant (p<0.05) results are
shown in bold.

Overall survival

Malignant vs.control group Tumor reduction Deficiency, pathway or

KM Cox regression condition involved
M etabolite name p-value log2 fold p-value log2fold p-value p-value hazardratio
3,4-Dihydroxybutyric acid 5.6E-27 0.87 0.002 0.33 0.023 0.013 1.26 SSADH deficiency (25)
SSADH deficiency (31),
Adipic acid 1.9E-07 0.52 0162 018 0011 0003 134 fatty acid omega

oxidation, ketosis (40),
Zellweger syndrome? (37)

Deficiencies related to
Erythritol 2.8E-05 0.33 6.0E-05 0.47 0.028 0.010 1.29 pentose phosphate
pathway (41,42)

3-Hydroxyisovaleric acid

(B-hydroxy f - 1.3E-04 1.01 0.562 0.21 0018  0.003 1.28 Leuc'”fefgts?g‘(’é'g?‘ (22),
methylbutyric acid)
2,4-Dihydroxybutyric acid 0.001 0.28 0.004 0.35 0.012 0.430 1.07 SSADH deficiency (24,25)
4-Hydroxyphenyllactic acid 0.016 0.22 0.003 031  40E-04 4.6E-04 1.34 Zellweger syndrome?

(38), tyrosinemia (43)

CA-125 7.2E-52 5.01 0.112 0.68 0.513 0.729 1.04 -

a . . .
Zellweger syndrome is a peroxisomal disorder
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