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Abstract

Ovarian high-grade serous carcinoma (HGSC) results in the highest mortality among
gynecological cancers, developing rapidly and aggressively. Dissimilarly, serous borderline
ovarian tumors (BOT) can progress into low-grade serous carcinomas and have relatively indolent
clinical behavior. The underlying biological differences between HGSC and BOT call for accurate
diagnostic methodologies and tailored treatment options, and identification of molecular markers
of aggressiveness could provide valuable biochemical insights and improve disease management.
Here we used desorption electrospray ionization (DESI) mass spectrometry (MS) to image and
chemically characterize the metabolic profiles of HGSC, BOT, and normal ovarian tissue samples.
DESI-MS imaging enabled clear visualization of fine papillary branches in serous BOT and
allowed for characterization of spatial features of tumor heterogeneity such as adjacent necrosis
and stroma in HGSC. Predictive markers of cancer aggressiveness were identified, including
various free fatty acids, metabolites, and complex lipids such as ceramides,
glycerophosphoglycerols, cardiolipins, and glycerophosphocholines. Classification models built
from a total of 89,826 individual pixels, acquired in positive and negative ion modes from 78
different tissue samples, enabled diagnosis and prediction of HGSC and all tumor samples in
comparison to normal tissues, with overall agreements of 96.4% and 96.2%, respectively. HGSC
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and BOT discrimination was achieved with an overall accuracy of 93.0%. Interestingly, our
classification model allowed identification of three BOT samples presenting unusual histologic
features that could be associated with the development of low-grade carcinomas. Our results
suggest DESI-MS as a powerful approach for rapid serous ovarian cancer diagnosis based on
altered metabolic signatures.

Introduction

Epithelial ovarian cancer is a complex disease that includes great molecular and histological
diversity, with serous carcinoma being the most common form (1). Ovarian cancer accounts
for the majority of deaths for gynecological malignancies due to the detection of advanced
and aggressive disease at a late stage (2). High-grade serous cancer (HGSC) is the most
aggressive ovarian epithelial cancer and accounts for 70% of all ovarian epithelial cancers
diagnosed (3). HGSC is characterized by extensive genetic instability and TP53 mutations
are universally found in these tumors (4). Conversely, borderline serous ovarian tumors
(BOT) or serous tumors of low-malignant potential are non-invasive neoplasms with
favorable patient prognosis, and represent approximately 15% of serous ovarian tumors (5).
BOTSs can progress to malignant low-grade serous carcinoma (LGSC), but the clinical
outcome is still advantageous in comparison to HGSCs (4,6). HGSC and BOTSs present
distinct tumor invasion behaviors, with HGSC growing rapidly and spreading among healthy
tissue, while BOTS slowly proliferate without stromal invasion. Although histopathologic
analysis is routinely employed for diagnosis of serous ovarian tumors, sensitive methods that
provide molecular information to diagnose and stratify patients could serve as
complimentary tools for more accurate and personalized diagnosis, as well as for the
detection of early molecular markers to improve disease management (7-9). Moreover,
characterization of the molecular differences between malignant and borderline serous
ovarian tumors could provide new insights to unravel the biological mechanisms driving
tumor invasion and aggressiveness (10,11).

Mass spectrometry imaging techniques have been increasingly used for spatial and
molecular characterization of cancerous tissues (12-14). In particular, desorption
electrospray ionization mass spectrometry (DESI-MS) imaging allows simultaneous
detection of hundreds of lipids and metabolites directly from tissue samples with minimal
sample preparation (15). DESI-MS employs an electrospray stream to desorb and ionize
molecular species present on the sample surface (16). When performed in the imaging mode,
chemical maps displaying the spatial distribution of molecular ions are obtained (17).
Multivariate statistical analysis of the large spatial and molecular data information obtained
is essential to derive molecular signatures that are predictive of disease state. DESI-MS
imaging is powerful for biomarker discovery as it allows visualization of tissue
heterogeneity and thus unambiguous correlation of histologic features and molecular
information to build tissue-based molecular classifiers. This methodology has been used to
investigate diagnostic lipid and metabolic signatures of human cancerous tissues including
brain (18), breast (19), gastric (20), and others (21-23). Mouse models of human ovarian
HGSC have been recently investigated using DESI-MS imaging, and differences in
metabolic species were observed between healthy and tumorous tissues (24).
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Here, we report the use of DESI-MS imaging to investigate the molecular profiles of serous
ovarian tumors and characterize lipids and metabolites that could potentially serve as
markers of aggressive disease. 2D molecular images allowed correlation between molecular
signatures and regions with specific histological features. Classification models built using
the least absolute shrinkage and selector operator (Lasso) technique (25,26) were tested to
predict disease state and tumor aggressiveness. Predictive species selected by the statistical
models were tentatively identified by high mass accuracy/high mass resolution and tandem
mass spectrometry analysis as lipids and metabolites of biological relevance. Our results
demonstrate the capabilities of DESI-MS characterizing serous ovarian tumors and for the
identification of potential predictive markers of disease aggressiveness.

Materials and Methods

Banked Human Ovarian Tissues

A total of 78 frozen human tissue specimens including 15 normal ovarian tissues, 15 BOT,
and 48 HGSC samples were obtained from the Cooperative Human Tissue Network and MD
Anderson Tissue Bank under approved IRB protocol. Tissue samples were sectioned at 16
um thick sections using a CryoStar™ NX50 cryostat (Thermo Scientific, San Jose, CA).
After sectioning, the glass slides were stored in a —80°C freezer. Prior to MS imaging, the
glass slides were dried for ~15 min.

DESI-MS imaging

A 2D Omni Spray (Prosolia Inc., Indianapolis, IN) coupled to an LTQ-Orbitrap Elite was
utilized for tissue imaging. DESI-MS imaging was performed in the negative and positive
ion modes from /m/z 100-1500, using a hybrid mass spectrometer which allows for tandem
MS experiments, high mass accuracy (<5 ppm mass error) and high mass resolution (60,000
resolving power) measurements. The spatial resolution was of 200 um. lon images were
assembled using Biomap and MSiReader software. The histologically compatible solvent
system dimethylformamide: acetonitrile (DMF:ACN) 1:1 (v/v) was used for negative ion
mode analysis, at a flow rate of 1.2 pL/min (27). For positive ion mode analysis, pure ACN
was used, at a flow rate of 3 uL/min. The N, pressure was set to 185 psi. For ion
identification, high mass resolution/accuracy measurements using the same tissue sections
analyzed were conducted using CID and HCD methods, using the Orbitrap for analysis.

Histopathology and light microscopy

The same tissue sections analyzed by DESI-MS imaging were subjected afterwards to
standard H&E staining protocol. Pathologic evaluation was performed by Dr. Jinsong Liu
and Dr. Li Liang using light microscopy. Regions of clear diagnosis were assigned and
delineated in the glass slides. Light microscopy images of the H&E stained slides were
taking using the EVOS FL Auto Cell Imaging System (Invitrogen, Thermo Fisher Scientific,
Waltham, Massachusetts, USA).

Statistical Analysis

MS data corresponding to the areas of interest was extracted from the ion images using
MSiReader software. The m/zrange was discretized by performing hierarchical clustering
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and cutting the resulting dendrogram at distance 0.05. Peaks appearing in more than 10% of
the pixels were kept for analysis. For two-class classification (normal vs HGSC, and HGSC
vs BOT), logistic regression was performed with Lasso regularization using the “glmnet”
package (26) in the R language. Regularization parameters were determined by 3-fold cross-
validation analysis. The data was randomly divided in a training and validation set of
samples, 50-50 per patient basis. For 3 class classification (normal vs BOT vs HGSC), a
customized training approach was employed as previously described (28).

Molecular imaging of serous ovarian cancers

DESI-MS imaging was performed in the negative and positive ion modes for a total of 78
tissue samples, including 15 normal ovarian, 15 BOT and 48 HGSC tissues obtained from
two independent tissue banks. A patient demographic table is included in Supplemental
Table 1. Characteristic metabolic profiles for HGSC, serous BOT, and normal ovary samples
were observed in both polarities and presented a remarkable diversity of metabolic species.
In the negative ion mode, small metabolites, saturated and unsaturated fatty acids,
sphingolipids (SP), and several classes of glycerophospholipids (GP) such as ceramides
(Cer); cardiolipins (CL), glycerophosphoethanolamines (PE), glycerophosphoglycerols
(PG), glycerophosphoserines (PS) and glycerophosphoinositols (PI) were observed (Figure
1A), while additional biologically relevant lipid species, such as glycerophosphocholines
(PC), triacylgycerols (TG) and sphingomyelins (SM) were seen in the positive ion mode
(Figure 2A).

After DESI-MS imaging, the same tissue sections were stained with H&E and subjected to
detailed pathologic evaluation (27). Specific histologic features characteristic of HGSC and
serous BOT tissues were observed and annotated for all samples analyzed, as shown in
Figure 1 and Figure 2 for four representative samples for negative and positive ion mode,
respectively. HGSCs exhibit solid growth or large and complex papillae, with heterogeneous
nuclei shape and sizes, and extensive stromal invasion (1,4). DESI-MS imaging in the
negative ion mode allowed visualization of regions with tumor clusters in HGSC, as outlined
in black for samples HGSC_9 and HGSC_11 in Figure 1B. For example, high relative
abundances of m/z885.547, m/z 747.516, m/z 724.484, and m/z 281.248 were observed in
regions with high density of tumor cells. In the positive ion mode, PC species including PC
36:3, PC 34:1 and PC 32:1 were found at high relative abundances in high-grade carcinoma
regions, allowing clear visualization of these regions in comparison to surrounding stroma.
Interestingly, m/z901.648, tentatively identified as ubiquinone or Coenzyme Q10 with a
mass error of —1.1 ppm, was noticeably selective to the presence of tumor in HGSC samples
(Figure 2B).

Conversely, serous BOTs are commonly associated with non-invasive components,
characterized by increased epithelial proliferation and nuclear atypia, exhibiting multiple
papillae with ordered branching (5,6). Serous BOT samples present a distinct histological
architecture characterized by tumor growth within the lining of the stroma. lon images of
serous BOT samples BOT _4 and BOT_16 are shown in Figure 1C and Figure 2C. As
observed for HGSC samples, high relative abundance of P1 18:0/20:4 was seen in the tumor
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region in comparison to stromal areas. Yet, high relative abundances of ceramide species
such as Cer d42:1, Cer d42:2, Cer d40:1 and Cer d34:1 was highly specific to the discrete
tumor regions in BOT samples. In the positive ion mode, ubiquinone (/m/z901.648) also
presented higher relative abundances in serous BOT regions. Other species such as PC 36:3
or 36:4 were also abundant within the tissue slides but not as specific to the BOT tumor
areas. On the other hand, cholesteryl ester (CE) 18:2 was observed to be more abundant in
the surrounding stromal regions.

Normal ovarian tissue samples presented stromal regions with heterogeneous features such
as corpus luteum, follicles or benign cysts (Supplemental Figure 1). Healthy stromal ovarian
tissue consistently displayed a lower overall signal intensity for lipid species when compared
to HGSC tissue samples in the negative ion mode. Moreover, a higher relative abundance of
Pl 20:4/18:1, m/z885.547, in comparison to PS 18:0/18:1, m/z788.547, was consistently
observed in both BOT and HGSC tumors, when compared to normal ovarian tissues.
However, certain species, such as ascorbic acid, m/z175.025, were more prominent in
normal tissue. In the positive ion mode, characteristic mass spectra were observed from
normal stromal regions, with high relative abundance of PCs such as PC 34:1, and other less
abundant lipid species such as PC 36:1 or diacylglycerol (DG) 28:4.

Notably, the spatial resolution used for DESI-MS imaging (200 pm) enabled visualization of
key features of tumor heterogeneity in serous ovarian tumor tissues. Figure 3 shows
magnified regions for three tumor samples; with selected ion images which directly correlate
and clearly outline histological details of these tissues. For example, necrotic regions within
the HGSC _1 tissue sample (outlined in red Figure 3C) showed a very distinct lipid profile,
characterized by high relative abundance of ceramide species such as m/z682.591 and m/z
600.513 (Supplemental Figure 2). Necrosis is a typical cell injury present in high-grade
carcinomas, and was absent in BOT tumors (1,4). In HGSC and BOT samples, the molecular
composition of tumor regions allowed clear visualization and discrimination of cancer and
adjacent stromal regions. The distinct molecular compositions associated to normal ovarian
tissues, and borderline and high-grade tumors strongly suggest lipid and metabolite species
as potential biomarkers for cancer diagnosis and aggressiveness.

Statistical prediction and molecular diagnosis of HGSC

DESI-MS imaging of tissue samples results in a large amount of molecular and spatial
information (hundreds of molecular ions/hundreds of data points/sample) and thus calls for
refined statistical evaluation to define what changes in molecular expression are significantly
different between phenotypes and to build robust statistical classifiers. The Lasso method
was performed on a random training set of samples to yield a model with parsimonious sets
of m/zvalues for discriminating between the classes. A mathematical weight for each mass
spectral feature was calculated by the Lasso depending on the importance that the feature
had in characterizing a certain class. The predictive accuracy of the model with the selected
features was evaluated using an independent validation set, and presented as agreement (%)
with pathological results.

To classify HGSC pixels in comparison to normal tissue, MS data was extracted from tumor
concentrated regions or stromal areas within the selected tissues slides. First, we built a

Cancer Res. Author manuscript; available in PMC 2018 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sans et al.

Page 6

classifier for HGSC using a training subset of samples (8 normal, 23 HGSC). Three-fold
cross-validation (CV) was performed on a pixel-by-pixel basis using a total of 20,082 pixels
evaluated in the negative ion mode, resulting in an overall agreement of 97.1%. The
statistical model was then applied to the validation set of samples (7 normal, 25 HGSC)
which resulted in an overall agreement of 96.5% for 18,671 pixels (Figure 4A). The area
under the curve values (AUC=0.98 for cross validation, AUC=0.97 for validation set)
demonstrate the high performance for normal versus HGSC discrimination. Analysis per
patient allowed correct classification of 100% of the patients in CV, while 1 HG sample was
misclassified as normal out of the total 25 validation set samples (Supplemental Table 2). A
subset of 25 m/z values selected by the Lasso as most significant contributors to the model
were tentatively identified as small metabolites, saturated and polyunsaturated fatty acids,
and GPs (Supplemental Table 3). The positive ion mode data was also analyzed by the Lasso
to predict HGSC. Following the same strategy, overall agreements of 96.7% (AUC=0.96)
and 95.5% (AUC=0.95) for CV and validation sets were achieved, respectively (Figure 4B).
The Lasso selected 21 m/z values characteristic for the model, the majority of which were
identified as PCs, CEs, and TGs (Supplemental Table 3). These results demonstrate DESI-
MS and Lasso’s capabilities of diagnosing the most aggressive form of serous ovarian
cancers, which is relevant due to the high occurrence and poor prognosis of HGSC
compared to other subtypes (4).

Statistical prediction of cancer aggressiveness for HGSC and BOT tissues

HGSC and BOT tumors present very distinct behaviors including tumor invasion and
aggressiveness. Investigating the molecular differences between HGSC and BOT subtypes
can assist in the identification of potential biomarkers of disease aggressiveness. Molecular
classifiers to predict BOT and HGSC were built using the Lasso for DESI-MS data. In the
negative ion mode, the classifier was developed using a training set of samples (32 samples,
18,190 pixels) resulting in an overall agreement of 93.2% with pathologic analysis by cross-
validation. The remaining data (31 samples, 13,422 pixels) used to test the molecular model
yielded 91.8% agreement with evaluation by pathology. Using positive ion mode data,
agreements of 90.4% (29 samples, 20,852 pixels) and 97.5% (32 samples, 15,134) were
obtained for the training and test sets, respectively (Supplemental Table 4). From the species
selected as predictive markers by the molecular classifier, 41 m/zvalues were identified as
metabolites, fatty acids, complex sphingolipids or glycerophospholipids in the negative and
positive ion modes (Supplemental Table 5).

Per patient analysis revealed 3 BOT samples misclassified overall: BOT_2, BOT_6 and
BOT_13, which were then re-evaluated by pathology (Supplemental Table 4). Remarkably,
invasive carcinoma features were identified within the tissue sample for BOT_2, which are
commonly associated with the development of LGSC. The surgical report for BOT_6
revealed that the patient’s contralateral ovary consisted of well-differentiated (low-grade)
adenocarcinoma, indicative of malignant behavior. Samples BOT_6 and BOT_13 were
defined by pathology as serous BOT with unusual extensive micropapillary growth patterns
and architectural complexities, thus supporting the distinct molecular features detected by
DESI-MS that are not characteristic of the BOT molecular model.
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Statistical prediction of serous ovarian cancers and normal ovarian tissues

Next, we evaluated the ability of our method to discriminate three classes of ovarian tissues;
normal, BOT and HGSC. Lasso was performed on negative ion mode DESI-MS data from
15 normal, 15 BOT and 48 HGSC tissue samples. A customized training approach was
utilized to provide localized molecular models for predicting each data subset, which has
been previously applied to MS imaging data (28). A total of 20,225 pixels (39 samples) were
used for CV leading to an overall agreement of 92.5%. The remaining 22,513 pixels (39
samples) were evaluated as an independent validation set with an overall 88.6% agreement
(Figure 4A). Positive ion mode analysis from a total of 10 normal, 15 BOT and 46 HGSC
tissue samples, provided an overall agreement of 91.0% in CV (25,839 pixels), and 96.7%
overall accuracy for the validation set of samples (18,249 pixels) (Figure 4B). In all of the
analyses, the highest error rates were due to misclassification of pixels diagnosed as BOT by
histopathology by Lasso as either normal or HGSC, while higher accuracy was observed for
normal and HGSC classes (Supplemental Table 6). Interestingly, the same BOT samples
misclassified by the two-class comparison between HGSC and BOT were also predicted as
carcinomas by the three-class molecular model for normal, BOT and HGSC. These results
emphasize that metabolic features detected by our method can serve as a robust predictive
signature of cancer and disease aggressiveness.

To evaluate the overall discrimination between healthy and tumor samples, per-pixel results
for HGSC and BOT were combined, and compared to the results for normal tissues. Overall
agreements of 95.7% and 96.3% were achieved in the negative ion mode for the CV and
validation sets, respectively (Figure 4A). Positive ion mode data also enabled successful
discrimination between healthy and tumorous tissues with overall agreements of 94.8% for
CV and 98.4% for the validation set (Figure 4B). The few normal pixels classified as HGSC
were from samples NL_13 and 14, which presented higher stromal cell density compared to
the remaining normal samples (Supplemental Table 2). Collectively, these results support
lipid and metabolites profiles as predictive molecular features to distinguish healthy,
borderline and aggressive serous ovarian cancers.

Molecular markers of ovarian cancer aggressiveness

Lasso analysis of normal, HGSCs and serous BOTSs selected subsets of molecular features
that were highly predictive and characteristic of disease state. An ion whose peak abundance
is important for characterizing a certain class is given a positive weight, whereas ions whose
low abundances or absence are important receive a negative weight. Note that trends of
increased or decreased mass spectral relative abundance and 2D distributions in tissues were
in agreement with the mathematical weight given by the Lasso for all of the selected
molecular features. Figure 4C shows the statistical weights for the selected m/z values for
the three-class normal, versus BOT, versus HGSC classification model, showing a high
diversity of molecular species. Tentative chemical identification of the selected ions was
performed using high mass accuracy/high mass resolution and tandem MS analyses in
comparison to literature reports, lipids and metabolites databases, and chemical standards.
Table 1 provides a list of the m/z values contributing to the model and the attributed weights,
which were identified as 38 and 21 molecular species in the negative mode and positive ion
mode, respectively. Attributed molecular formulas are included in Supplemental Table 7,
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with corresponding mass errors for each assigned m/zvalue. Similar m/z values were
selected for the two-class molecular model for high-grade versus borderline tumors
(Supplemental Table 5), supporting the potential role of those metabolic species as markers
of tumor aggressiveness.

The selected molecular ions identified include metabolites, fatty acids, and complex lipids
which play important biological roles. Within the small metabolites, gluconic acid (/2
195.051) was given a positive weight for HGSC class and a negative weight for BOT class.
Fragmentation patterns for /m/2195.051 and gluconic acid standard obtained with tandem
MS analyses for structural confirmation as well as DESI-MS ion images are provided in
Supplemental Figure 3. Interestingly, the non-oxidized form of gluconic acid, hexose or
glucose (/m/z 215.033), was observed in higher relative abundance in BOT tissues. An ion at
m/z174.041, identified as N-acetylaspartic acid (NAA), was selected as an important
predictive feature for HGSC. Interestingly, NAA has been previously reported as a marker of
normal brain parenchyma when compared to gliomas (29). Amino acid taurine and ascorbic
acid were also selected as predictive markers of healthy ovarian tissues when compared to
tumor tissue, both receiving positive weights for the normal tissue class. On the other hand,
succinate and malate received negative weights for normal tissue class in comparison to
serous ovarian tumors. Note that identification of metabolite species was performed using
DESI-MS, tandem MS analyses in comparison to standards and literature reports, and high
accuracy measurements (<1.7 ppm), although isomeric interferences at the same
monoisotopic mass could still occur. Representative tandem MS spectra for the metabolites
described are provided in Supplemental Figure 4.

Differences in fatty acid abundances and degree of saturation were also observed between
the three tissue subtypes. Polyunsaturated fatty acids, such as FA 20:3 and FA 22:4 were
given positive weights for characterizing the HGSC class. Interestingly, monounsaturated
fatty acids FA 18:1 and FA 20:1 were given positive weights for characterizing serous BOTSs,
while saturated fatty acids (FA 16:0 and FA 18:0) and monoacylglycerol (MG 16:0) were
given negative weights for serous BOTs. These results suggest fatty acid metabolism
including their abundances and degree of saturation could play a role in serous ovarian
tumor proliferation and aggressiveness, as previously shown for other cancers types (30,31).

Several GP species were also selected as important molecules in characterizing the three
classes. In the negative ion mode, PG and PI species such as PG 16:0/18:1 or Pl 18:0/18:1
received positive weights by the Lasso almost exclusively for HGSC classification. Positive
weights for characterizing healthy ovarian tissue were obtained for PS species such as m/z
760.515 (PS 16:0/18:1). Furthermore, the molecular model built by the Lasso to discriminate
between HGSC and healthy tissue (Supplemental Table 3) pinpointed additional GP markers
such as CL. Positive weights were assigned to CL 72:8 and CL 72:7 to characterize HGSC,
suggesting a role for these lipids in tumor growth and proliferation (32). In the positive ion
mode, several PC species were selected as predictive markers. For example, several C32 PC
species were given positive weights for characterization of HGSC class, while PC 34:1
received positive weight for healthy ovarian tissue. For BOT, several PC species received
negative weights, while PC 36:2 provided positive correlations for characterizing the serous
tumor subtype. The overall positive weights and increase in the relative abundances of PC
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species observed for HGSC class was in agreement with the positive weight attributed to m/z
104.107, identified as the choline head group. Notably, previous studies have also reported
elevated levels for PC species in human epithelial ovarian cancer cells, which was related to
tumor proliferation and differentiation (33,34). Representative tandem MS spectra for lipid
species detected in the negative ion mode and positive ion mode are provided in
Supplemental Figure 4 and Supplemental Figure 5, respectively.

Glycosphingolipids such as ceramides were also selected as predictive by our classification
models. In the negative ion mode for example, Cer d42:3 and Cer d42:2 were given positive
weights to characterize the healthy ovary class, while Cer d42:1 and Cer d34:1 received
negative weights. On the other hand, Cer d34:1 and GlcCer d34:1 received positive weights
for serous BOT tissue class, while Cer d34:2 received negative weights. In the positive ion
mode, the SM 34:1 received a positive weight for the normal ovarian tissue class. Changes in
glycosphingolipids expression have been previously reported in epithelial ovarian cancer by
MALDI-MSI (35). These variations in ceramides in normal tissue and BOT present
interesting insights to the disease, as different fatty-acid chain lengths of ceramide species
have been associated to different functions in cancer pathogenesis (36).

Glycolipids such as TG presented high relative abundances in the mass spectra of both
tumor subtypes, with distinctive chain lengths and saturation levels characteristic of HGSC
and BOT. Sterol lipids such as CEs, which are important for cell membrane functionality,
were selected as predictive markers of HGSC. For example, CE 20:4 was attributed a
positive weight for HGSC class, while CE 18:2 received a negative weight. For the normal
ovarian tissue class, CE 18:1 received a negative weight by the statistical model. The largest
weight for the model was attributed to ubiquinone, the fully oxidized form of coenzyme Q,
one of the electron carriers of the electron transfer chain that is used for ATP synthesis and
cell signaling for proliferation (37). Ubiquinone presented notably increased relative
abundances in tumorous areas in comparison to surrounding normal stroma (Figure 2),
which suggests a potential role for this molecule as a marker for serous ovarian cancer.

Statistical prediction of intra-tumor heterogeneity

All of the previous analyses described were performed by comparing normal, BOT and
HGSC pixels across tissue samples obtained from a total of 78 different patients. To evaluate
our method performance in detecting tissue heterogeneity within the same patient tissue
sample, we selected 5 HGSC samples that contained clear regions of stroma tissue adjacent
to tumor within the same tissue section. Individual statistical classifiers were built for each
patient using negative ion mode data. Lasso prediction results are presented in Supplemental
Table 8. Excellent agreements with pathological classification were observed for all 5
patients (5,440 pixels), with an overall accuracy of 99.5% obtained for all patients
combined. To visualize our method’s performance in predicting heterogeneous tissue
regions within the same tissue section, we plotted the statistical results for 4 patients
analyzed, showing pixels classified as HGSC in red, and pixels classified as stroma in green
(Figure 5). As observed, high spatial agreement between the predictive images and the
pathologic diagnosis delineated in the optical images of the H&E stained sections was
achieved.
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Discussion

DESI-MS analysis of serous ovarian tumors allowed a detailed investigation of metabolic
profiles characteristic of disease state and aggressiveness in the negative and positive ion
modes. Different metabolic composition and relative abundances allowed clear identification
of healthy ovarian tissues, HGSC, and serous BOT, within adjacent normal stroma and
necrotic regions. DESI-MS imaging and pathological evaluation of the same tissue section
was essential for study, allowing high specificity for selecting areas of interest and extracting
molecular information for statistical evaluation. MS imaging enabled visualization of
features within heterogeneous tumor regions, even for fine papillary branches present in
serous BOT. This approach is powerful for investigating diagnostic molecular signatures as
it accounts for cellular heterogeneity and thus increases the performance of the tissue-trained
statistical classifiers. Here, we report an extensive investigation into the molecular profiles
for HGSC and serous BOT, identifying metabolites, fatty acids and complex lipids as
potential markers to discriminate aggressive and non-invasive tumors.

Alterations in the abundances of lipids and metabolites between healthy ovarian and
tumorous serous tissues were detected by DESI-MS imaging, which reflect abnormalities in
cancer cell metabolism. High relative abundance of ascorbic acid (vitamin C), a natural
oxidant from dietary origin, was observed in normal ovarian tissue. The role of Vitamin C in
maintaining proper functioning of the ovary has been previously described in the literature,
such as for the development and survival of ovarian follicles (38). Several molecules were
identified as important predictive markers of disease state and cancer aggressiveness, which
may become important diagnostic markers and serve as novel targets for therapeutic
approaches. Gluconic acid, a metabolite that connects the glucose and pentose phosphate
pathways, was identified as a predictive marker for discrimination between HGSC and
serous BOT, and is thus a possible marker of ovarian cancer aggressiveness. Remarkably,
gluconic acid has been previously found to discriminate between stages pT2 and pT3 of
prostate cancer (39). Succinate and malate, intermediates in the citric acid cycle, were also
identified as predictive markers of serous ovarian cancers. The oncogenic activity of
succinate has been previously reported and accumulation of malate has been shown to
enhance fatty acid and cholesterol biosynthesis, enabling tumor growth (40).

Alterations in fatty acid and complex lipid metabolism were also detected by our approach.
Previous studies have outlined the importance of fatty acid synthesis in tumor biology due to
their ability to modulate the fluidity of lipid membranes and affect cellular machinery (41).
Moreover, unsaturated fatty acids have been associated with clinically aggressive tumors,
and were reported to stimulate the proliferation of human breast cancer cells, while saturated
fatty acids induced cell death (30,31). Our results suggest that alterations in fatty acid
unsaturation levels may play a role in serous ovarian cancer proliferation and aggressiveness.
For example, polyunsaturated fatty acids, such as FA 20:3 and FA 22:4, were observed at
high relative abundances in HGSC tissues and were given positive weights by the Lasso for
this tissue class. To satisfy the high proliferating necessities of tumor cells, GPs are
synthesized for continuous membrane production (42). During the review of this paper, a
related study was published aiming to diagnose different types of epithelial ovarian cancer
based on lipid profiles by DESI-MS (43). Our results show good agreement with some of the
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changes in GPs identified for normal and carcinoma differentiation, such as PS 36:1 and PS
34:1, which showcases the potential of DESI-MS as a robust tool for tissue characterization.
In our study, several PG and PI species were identified as predictive markers for tumor
aggressiveness, with increased relative abundance in HGSC samples. CLs, which are
complex GP species present almost exclusively in the inner mitochondrial membrane, were
also observed in increased relative abundances in HGSC tissue when compared to normal
tissue (32). Moreover, increased relative abundances of ubiquinone, a component of the
mitochondrial respiratory chain, was also found to be characteristic of serous ovarian tumors
(37). Interestingly, mutations in mitochondrial DNA have been reported for human ovarian
carcinomas, suggesting that alterations in mitochondria play a role in ovarian cancer
tumorigenesis (44).

Another interesting group of lipid molecules identified as potential biomarkers by DESI-MS
analysis were ceramides. Ceramides are sphingolipids which have been studied for their role
in apoptosis, and have been found to be overexpressed in necrotic tissue (36,45). Here, we
identified many ceramide species with different fatty acid chain lengths and saturation,
which can help understand many of the underexplored biological functionalities of these
molecules (36). LGSC, which evolve from BOTs, commonly present more chemoresistant
responses than high-grade carcinomas (46). Notably, ceramides have been investigated for
their role as potential biomarkers of chemotherapy response, and in this study, high relative
abundances of ceramide species such as Cer d34:1 or GalCer d34:1 were characteristic of
BOT (36). This finding could be of clinical importance, as it could help understand the
mechanisms involved in chemotherapy response of serous carcinomas (4). Future studies
will be pursued to investigate the biological pathways related to the expression of the
molecules identified, which may help elucidate the pathogenesis of serous ovarian cancers
and identify novel markers for early detection.

The classification models generated by the Lasso were successful in interpreting the large
data sets, identifying molecular predictors of each tissue type as well as providing robust
statistical classifiers. HGSC was classified with high accuracy in comparison to healthy
stromal ovarian tissues, for both negative and positive ion mode data (96.4% overall
agreement). Due to the recent findings proposing the distal end of the fallopian tube as the
site of origin of HGSC (4), we plan to analyze fallopian tube molecular profiles to
investigate the biological processes by which high-grade carcinoma initiates. A three-class
classification model to differentiate between normal, BOT and HGSC was also built
resulting in an overall agreement of 91.9% with pathologic evaluation. Overall, our method
allowed discrimination between normal tissue and tumorous tissues including BOT and
HGSC with 96.2% overall agreement.

Importantly, we also investigated predictive markers of tumor aggressiveness by directly
comparing borderline and aggressive serous tumors using a two-class molecular model. Due
to the contrasting biological pathways involved in BOT (which can develop to LGSC) and
HGSC, both serous ovarian cancers were anticipated to entail distinct molecular features (4).
The two-class classification models DESI-MS imaging data presented an overall accuracy of
93.0% in predicting HGSC and BOT, which demonstrates the clinical value of this technique
in differentiating tumors with distinct invasive and aggressive behaviors. Remarkably, the

Cancer Res. Author manuscript; available in PMC 2018 June 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Sans et al.

Page 12

three BOT samples misclassified as HGSC were re-evaluated by pathologic analysis and
presented unusual histologic features associated with the development of low-grade
carcinomas. The results suggest that changes in molecular composition detected by DESI-
MS could be indicative of malignant behavior in borderline samples. We plan a follow up
study to investigate more clinically relevant cases as well as to further explore the molecular
mechanism of development from borderline to malignant tumors.

Proposed priorities to reduce ovarian cancer incidence and improve patient outcome include
the identification of biomarkers for prevention and early disease detection and the
development of an integrated molecular view of the disease (7,47,48). Our results suggest
that DESI-MS addresses these concerns by providing molecular information of a diverse
group of lipids and metabolites that can serve as potential new markers of serous ovarian
cancer. Moreover, predictive markers of HGSC and BOT tumors were identified which may
be used for the development of new therapeutic targets and preventive screening.
Importantly, the ease and speed by which diagnostic molecular information can be obtained
by DESI-MS and other relative ambient ionization techniques makes this technology
attractive for clinical use (49). Thus, we suggest DESI-MS as a potential clinical technology
to integrate metabolic markers with clinical and pathological approaches to provide more
accurate tissue diagnosis and improve management of serous ovarian cancer patients.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Analysis by DESI-MSI in the negative ion mode. A) Representative metabolic profiles for
high-grade SOC and serous borderline. Top: High-grade. Bottom: Borderline B)
Representative ion images for high-grade SOC tissue samples. C) Representative ion images
for borderline tumor samples. Tumor areas are outlined in black on H&E slides. Areas of red
intensity within the ion images represent highest (100%) and black lowest (0%) relative
abundances. PI: glycerophosphoinositol PG: glycerophosphoglycerol CL: cardiolipin FA:
fatty acid Cer: Ceramide. Lipid species are described by number of fatty acid chain carbons

and double bonds.
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Figure2.
Analysis by DESI-MSI in the positive ion mode. A) Representative metabolic profiles for

high-grade SOC and serous borderline. Top: High-grade. Bottom: Borderline B)
Representative ion images for high-grade SOC tissue samples. C) Representative ion images
for borderline tumor samples. Tumor areas are outlined in black on H&E slides. Areas of red
intensity within the ion images represent highest (100%) and black lowest (0%) relative
abundances. Adjacent tissue sections were used for negative and positive ion mode analysis.
PC: glycerophosphocholine CE: cholesteryl ester. Lipid species are described by number of
fatty acid chain carbons and double bonds.
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Figure 3.
Magnified regions for samples A) HGSC_11 B) BOT_16 C) HGSC_1; with selected ion

images that correlate to and outline the presented histological heterogeneities. PG:
glycerophosphoglycerols. Cer: Ceramide. Lipid species are described by number of fatty
acid chain carbons and double bonds. The tumor areas are outlined in black, necrotic areas
in red. Areas of red intensity within the ion images represent highest (100%) and black
lowest (0%) relative abundances.
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Lasso per pixel prediction results for normal, HGSC and BOT classification. A) Negative
ion mode B) Positive ion mode. Agreements are calculated based on percentage of correctly
classified pixels over total pixels classified. See Supplemental Table 2, 4, and 6 for complete

pixel and patient classification results. C) Weights attributed to selected m/z values by the

Lasso, represented by nominal mass, for negative ion mode (top) and positive ion mode
(bottom). Positive weights represent higher relative abundances; negative weights represent
lower relative abundances. Chemical attribution for selected species is provided in Table 1.
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Figureb.
Prediction images of tumor and stroma tissue regions by the Lasso for 4 HGSC patients.

Regions of tumor (red) and stroma (green) are outlined on the optical images of H&E
stained tissues in the left column. The right column shows the corresponding predictions by
the Lasso for the areas selected.
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Table 1

Identified species selected by the Lasso as significant contributors to the molecular model for normal,
borderline and high-grade SOC classification with attributed statistical weights. Chemical species were
tentatively identified by high mass accuracy/high mass resolution and tandem MS analyses. Positive weights
represent higher relative abundances; negative weights represent lower relative abundances. Double negative
and double positives correspond to greater contributions to the model. Negative ion mode: Lasso weights; ‘++’
-T2 | 0.001 | e | 0.001 | . Positive ion mode: Lasso weights: “++” ‘= =" > | 0.0001 | R

< | 0.0001 | . Molecular formulas and mass errors are provided in Supplemental Table 7. Representative
tandem mass spectra for selected m/z species are provided in Supplemental Figs. 3-5.

NEGATIVE ION MODE
Weights by L asso
Attribution Detected m/z
Normal Borderline High-Grade
Succinate -- ++ 117.020
Taurine ++ 124.008
Malate -- 133.014
Glutamic acid - ++ 146.046
N-acetylaspartic acid -- ++ 174.041
Ascorbic acid + - 175.025
Gluconic acid - ++ 195.051
Hexose ++ -- 215.033
Phosphatidic acid + -- 226.996
FA 16:0 - 255.233
FA 18:2 - 279.233
FA 18:1 - + 281.248
FA 18:0 - 283.264
FA 20:4 + - 303.233
FA 20:3 - ++ 305.248
FA 20:1 ++ 309.280
FA 22:4 + 331.264
MG 16:0 -- 365.246
Cer d34:2 -- 570.466
Cer d34:1 - + 572.481
Cer d42:3 + 680.575
Cer d42:2 ++ - 682.590
Cer d42:1 -- + 684.607
GlcCer d34:1 ++ 734.535
PE 36:2 + 742.538
PG 16:0/18:1 -- ++ 747.520
PS 16:0/18:1 ++ 760.515
PG 18:1/18:1 + 773.533
PG 18:0/18:1 + 775.548
PS 18:1/18:1 or 18:0/18:2 + 786.528
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NEGATIVE ION MODE
Weights by L asso
Attribution Detected m/z
Normal Borderline High-Grade
PS 18:0/18:1 ++ - 788.547
PG 20:4/18:1 + 795.515
PS 18:0/20:3 + 812.544
PS 18:0/22:4 ++ 838.560
PI 18:0/18:2 + 861.552
Pl 18:0/18:1 ++ 863.567
PI1 18:0/20:4 - ++ 885.552
PI1 18:0/20:3 - + 887.563
POSITIVE ION MODE
Weights by Lasso
Attribution Detected m/z

Normal  Borderline  High-Grade

Choline group
DG 36:3
CE 18:2
CE18:1
CE 20:4
SM 34:1
PC 32:1
PC 32:0
PC 34:1
PC 34:2
PC 34:1
PC 36:4
PC 36:3
PC 36:2
PC 38:4

22:1-Glc-Cholesterol
TG 52:3
Ubiquinone
TG 54:4
TG 56:6
TG 56:4

++

++

++

++

++

104.107
657.487
671.575
673.591
711.548
725.558
770.511
772.527
782.569
796.526
798.542
820.526
822.542
824.558
848.558
891.704
895.716
901.648
921.729
945.729
949.759
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