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Abstract

Introduction The metabolic shift induced by hypoxia in cancer cells has not been explored at volatilomic level so far. The
volatile organic metabolites (VOMs) constitute an important part of the metabolome and their investigation could provide
us crucial aspects of hypoxia driven metabolic reconfiguration in cancer cells.

Objective To identify the altered volatilomic response induced by hypoxia in metastatic/aggressive breast cancer (BC) cells.
Methods BC cells were cultured under normoxic and hypoxic conditions and VOMs were extracted using HS-SPME
approach and profiled by standard GC-MS system. Univariate and multivariate statistical approaches (p <0.05, Log,
FC>0.58/<-0.58, PC1>0.13/<—0.13) were applied to select the VOMs differentially altered after hypoxic treatment.
Metabolic pathway analysis was also carried out in order to identify altered metabolic pathways induced by the hypoxia in
the selected BC cells.

Results Overall, 20 VOMs were found to be significantly altered (p <0.05, PC1 > 0.13/< —0.13) upon hypoxic exposure to
BC cells. Further, cell line specific volatilomic alterations were extracted by comparative metabolic analysis of aggressive
(MDA-MB-231) vs. non-aggressive (MCF-7) cells incubated under hypoxia and normoxia. In this case, 15 and 12 VOMs
each were found to be significantly altered in aggressive cells when exposed to hypoxic and normoxic condition respectively.
Out of these, 9 VOMs were found to be uniquely associated with hypoxia, 6 were specific to normoxia and 6 were found
common to both the conditions. Formic acid was identified as the most prominent molecule with higher abundance levels in
aggressive as compared to non-aggressive cells in both conditions. Furthermore, metabolic pathway analyses revealed that
fatty acid biosynthesis and nicotinate and nicotinamide metabolism were significantly altered in aggressive as compared to
non-aggressive cells in normoxia and hypoxia respectively.

Conclusions Higher formate overflow was observed in aggressive cells compared to non-aggressive cells incubated under
both the conditions, reinforcing its correlation with aggressive and invasive cancer type. Moreover, under hypoxia, aggres-
sive cells preferred to be bioenergetically more efficient whereas, under normoxia, fatty acid biosynthesis was favoured when
compared to non-aggressive cells.

Electronic supplementary material The online version of this
article (https://doi.org/10.1007/s11306-020-1635-x) contains
supplementary material, which is available to authorized users.
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1 Introduction

Worldwide, breast cancer (BC) is the most prominent malig-
nant condition observed in women, with an overall incidence
rate only second to lung cancer and the fifth in terms of
mortality. Approximately 2.1 million new cases were diag-
nosed in 2018, accounting for 11.6% of total global cancer
burden (Bray et al. 2018). Although, recent trends of early
diagnosis and improved chemotherapeutic interventions
have led to enhanced overall disease free survival rate but
still, approximately 30% of the localized BC cases detected
at initial stages eventually progress into distant organ metas-
tases (O’Shaughnessy 2005).

Higher cell proliferation rate and increased oxygen con-
sumption in solid tumor lead to the development of intra-
tumoral hypoxic environment (Harris 2002; Vaupel et al.
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2007). It is well established phenomenon that hypoxic
microenvironment is a major driver of the cancer progres-
sion, invasiveness and metastasis (Chaturvedi et al. 2013;
Semenza 2016; Zhang et al. 2016). Hypoxic condition
induces several adaptive responses in the cancer cells which
allow them to adjust to hostile environment (Vaupel 2004).
These effects are carried out by the group of transcription
factors known as hypoxia inducible factors (HIF), which
comprise of the a and f heterodimers viz. HIF-1a, HIF-2a
and HIF-3a (Prabhakar and Semenza 2012; Semenza 2012).
In particular, HIFla is considered as a master regulator of
the hypoxia-driven responses that are critical for the malig-
nant features of the tumor (Semenza 2010a, b).

Hypoxia induced stabilization of HIFla drives an altered
gene expression pattern in cancer cells which results in
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proteomic and metabolic adaptations better suited to can-
cer cells survival and proliferation in hostile microenvi-
ronment (Denko et al. 2003; Favaro et al. 2011; Jaakkola
et al. 2001; Wang et al. 1995). The phenomenon such as
‘Warburg effect” where cancer cells prefer aerobic glycoly-
sis over mitochondrial oxidative phosphorylation to gener-
ate energy, even when adequate oxygen is available, is one
of the most notable metabolic shifts observed in malignant
condition (Warburg 1956; Warburg et al. 1927). It is now
well established that HIF1a once stabilized under hypoxic
condition, drives Warburg effect by repressing mitochondrial
oxidative phosphorylation and promoting aerobic glycoly-
sis (Weidemann and Johnson 2008). Moreover, HIF1a also
upregulates several cancer specific isoforms of glycolytic
enzymes including glucose transporter (Semenza 2010a, b).
Furthermore, it is also reported that, HIF1a control expres-
sion of hypoxia regulated miRNA (HRM) such as miR-210
by modifying the strength of hypoxia response elements
(HREs) (Huang et al. 2009). Interestingly, it is now known
that, miRNA-210 regulates the mitochondrial metabolic
shift from oxidative phosphorylation to aerobic glycolysis
by inhibiting electron transport chain complexes (Chen et al.
2010; Fasanaro et al. 2009).

Therefore, it is evident that, hypoxic microenviron-
ment induces prominent metabolic changes in cancer cells
to adapt, survive and proliferate in challenging surround-
ings. Consequently, several metabolomic studies have been
attempted to identify metabolic patterns associated with the
hypoxia-induced metabolic alterations. Such metabolic pat-
terns would be useful to monitor disease progression and
identify targets for better therapeutic management (Armit-
age et al. 2015; Intlekofer et al. 2015; Tsai et al. 2013; Yang
et al. 2018). In this regard, an isotope-assisted metabolomics
study by Metallo et al. reported that hypoxic cancer cells
undergo reductive glutaminolysis for de novo lipid synthesis
carried out by IDH1 enzyme (Metallo et al. 2012). Further-
more, Mashimo et al. employed C'> NMR and C'? labelled
tracers and identified acetate as an important energy source
for glioma (Mashimo et al. 2014). This observation was fur-
ther supported by another study which revealed that acetate
functions as an epigenetic modulator and activates lipogenic
genes in cancer cells under hypoxic stress (Gao et al. 2016).

Though, metabolic investigation of cancer is a routinely
followed tool to get meaningful insights of differential
metabolomics response but unfortunately, volatile compo-
nent of the metabolome is often ignored. Volatile organic
metabolites (VOMs) comprise significant part of the metab-
olome which could complement and shed light on crucial
aspects of metabolic dysregulations that occur during vari-
ous pathophysiologies (Cavaco et al. 2018; Silva et al. 2011;
Taunk et al. 2018; Taware et al. 2017, 2018).Therefore, in
this study, we have carried out characterization of the VOMs
produced by the MCF-7 (non-aggressive/non-metastatic)

and MDA-MB-231( aggressive/metastatic)BC cell lines
grown under normoxic and hypoxic conditions to identify
the hypoxia driven specific volatilomic signature. Moreover,
we also attempted to establish the hypoxia mediated volati-
lomic alterations as well as related metabolic pathways spe-
cific to the aggressive phenotype of breast cancer cells. To
the best of our knowledge, this is the first attempt to define
the hypoxia driven volatilomic signature of the breast cancer
in a cell line model.

2 Materials and methods
2.1 Cell culture and hypoxia treatment

Breast cancer cell lines MCF-7 and MDA-MB-231 were
acquired from American Type Culture Collection (ATCC,
USA). The MCF-7 and MDA-MB-231 cells hereafter
referred as non-aggressive and aggressive respectively. Cells
were seeded at a density of 2 x 10° cells/mL in high glucose
containing Dulbecco’s Modified Eagle Medium (GIBCO
USA) supplemented with 10% foetal bovine serum (GIBCO,
USA) along with penicillin (100 units) and 100 pg/mL
streptomycin (Himedia, India). Cells were incubated under
humidified condition at 37 °C and 5% CO, for 24 to 48 h
or until 80% confluency was achieved. Cells were washed
with serum free high glucose containing DMEM media to
remove the residual traces of FBS. Both cell lines were then
placed under normoxic condition (37 °C, 5% CO,, 74% N,
and 21% O,) or hypoxic condition (37 °C, 5% CO, 94% N,
and 1% O,) for 48 h in serum-free high glucose containing
DMEM medium. Moreover, same experiment was carried
out without cells and considered as a negative control of the
study. The hypoxia incubator chamber (StemCell Technolo-
gies, USA) was used for the hypoxic treatment.

2.2 Sample processing and VOMs extraction

The conditioned media of the normoxia or hypoxia treated
cancer cells were collected and centrifuged at 300xg for
10 min at 4 °C, supernatant separated, labelled and stored at
— 80 °C until further use. The VOMs from the conditioned
media were extracted using a Headspace Solid-Phase Micro-
extraction (HS-SPME) sampling approach as described
elsewhere (Silva et al. 2011). Briefly, 4 mL of sample were
acidified with 0.5 mL of 5 M hydrochloric acid (Merck, Ger-
many) and salting out effect was achieved by adding 0.8 g
of sodium chloride (Merck, Germany).The sample was con-
tinuously agitated at 800 rpm and incubated at 40 °C for
1 h with carboxen/polydimethylsiloxane SPME fibre (CAR/
PDMS, 75 pm, Supelco, USA) exposed into the headspace
of the sampling vial. The negative control samples were pro-
cessed in same manner as experimental samples.
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2.3 Volatilomic data acquisition and pre-processing

The VOMs adsorbed on the CAR/PDMS fibre were des-
orbed in the back inlet of the GC (Agilent 7890B, USA)
for 6 min at 250 °C. The VOMs were further separated
using BP-20 (SGE, Germany) fused silica capillary column
(60 mx0.25 mm X 0.25 pm) connected to quadrupole inert
mass selective detector (Agilent 5977A, USA).The GC oven
temperature programme and MS parameters are mentioned
in supplementary information 2. The m/z range of 30 to
300 was scanned for the data acquisition and spectra were
recorded at 70 eV. For each treatment, five biological rep-
licates of both the cell lines were randomly acquired. Each
biological replicate was acquired in technical duplicate.
Pooled sample was prepared by adding equal quantity of all
the samples together and acquired at regular interval of 5
runs which served as quality control measure (Supplemen-
tary Fig. 1). ChemStation data analysis software (Agilent,
USA) was used to integrate the chromatograms. Metabolite
identification was achieved by NIST11 mass spectral library
linked with the Agilent ChemStation data analysis software
using minimum match score of >75%. VOMs showing
missing values >20% of the samples were removed from
the analysis.

2.4 Statistical and pathways analysis

The data normalization and statistical analyses were carried
out using the web based application Metaboanalyst 3.0 (Xia
et al. 2009; Xia and Wishart 2011). The normalized data was
subjected to univariate and multivariate statistical analysis.
The univariate statistical analysis such as one-way ANOVA
or Wilcoxon rank sum t-test (p <0.05) and log, fold change
(=0.58/< —0.58) were performed to evaluate the significant
differences among the VOMs produced by non-aggressive
and aggressive cells under hypoxia and normoxia. The unsu-
pervised multivariate statistical classification model, namely
the Principal Component Analysis (PCA) was used to visu-
alise the distribution pattern of variables among hypoxic and
normoxic groups. Important metabolites were selected based
upon PCA loadings. To select the most important VOMs that
discriminate between the two groups, combination of the
univariate and multivariate statistical approach was used.
Hierarchical cluster analysis (HCA) was performed to iden-
tify inherent clustering patterns associated with hypoxic
and normoxic samples. Moreover, the volatilomic profiles
of hypoxic and normoxic samples were used to get a global
view of the altered metabolic pathways by using MetPA
tool in Metaboanalyst 3.0 web application (Xia et al. 2011).
Metabolomics standard initiative (MSI) guidelines were
strictly followed during the analysis of volatilomics data
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(Griffin et al. 2007). MSI compliant metadata for identified
VOMs is supplied as supporting information 2.

3 Results

3.1 Establishment of the hypoxia induced BC cell
volatilomic signature

HS-SPME coupled to GC-MS detected total 71 VOMs in
the conditioned media of the non-aggressive and aggressive
cells grown under normoxic and hypoxic conditions. Total
47 VOMs found to be endogenous in nature with criteria of
either exclusively found in the culture media with cells or
average abundance fold change > 3 as compared to negative
control (Supplementary Table 1). Univariate and multivari-
ate statistical approaches were used for the identification
of volatilomic signature associated with the hypoxia. Data
normalization was carried out to remove the bulk differ-
ences from the data matrix and to make variables more
comparable. The combination of median normalization,
cube root transformation and auto scaling yielded Gaussian
distribution of the data. Furthermore, data thus normalized
were subjected to univariate statistical analysis using one-
way Analysis of Variance (ANOVA) to select the metabolites
showing statistically significant differential abundances. A
total of 26 metabolic features were identified by the ANOVA
with the threshold of false discovery rate corrected p <0.05
(Supplementary Table 2). Moreover, multivariate statistical
analysis such as PCA was also carried out in order to visu-
alise the pattern associated with the hypoxia-induced meta-
bolic changes (Fig. 1).The PCA score plots depict the sepa-
ration of the four groups belonging to non-aggressive and
aggressive cells grown under normoxia and hypoxia (Fig. la
and b).The segregation of the groups in PCA model indi-
cate that metabolic differences are dependent of the cell line
and growing conditions. These findings were further com-
plemented by Hierarchical Cluster Analysis (HCA) which
indicates the robust separation of all groups based upon
metabolic concentration variation owing to difference in cell
type and treatment (Fig. 1c). Combination of univariate and
multivariate approaches (FDR <0.05, PC1>0.13/<-0.13)
identified 20 VOMs significantly altered upon hypoxic expo-
sure in both the cell lines (Table 1).

3.2 Comparative analysis of hypoxia-induced
metabolic reconfiguration in aggressive
and non-aggressive BC cells

To understand if hypoxia induces different metabolic
responses in aggressive with respect to non-aggressive
cells, we carried out a comparative volatilomic analy-
sis of both cell types grown under hypoxic and normoxic
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Fig. 1 Multivariate statistical analysis of the hypoxia-inducible vola-
tilome of BC cells. a PCA 2D score plot and b PCA 3D score plot
of the VOMs produced by non-aggressive and aggressive cells under
normoxic and hypoxic conditions and ¢ hierarchical cluster analysis
(HCA) of VOMs produced by non-aggressive and aggressive cells

conditions. Combination of univariate and multivariate sta-
tistical approaches (PC1>0.13/<—-0.13, p<0.05 and log,
FC>0.58/<—0.58) were used to select the 15 VOMs with
statistically significant differential abundance in aggres-
sive cells as compared to non-aggressive cells in hypoxic
condition (Supplementary Fig. 2A). Robust segregation
was observed in PCA as well as HCA plot which indicate
differential metabolic response of the cells to the hypoxic
condition (Fig. 2). To make sure that the VOMs selected
are hypoxia-specific and differentially altered, comparative
volatilomic analysis between aggressive and non-aggressive
cells under normoxic condition was also carried out. Vigor-
ous separation was observed in PCA score plots indicating
differential volatilomic response to normoxic condition in
aggressive phenotype of the BC cells (Fig. 3, and Supple-
mentary Fig. 2B). Finally, the discriminatory VOMs identi-
fied for hypoxic (n=15) and normoxic conditions (n=12)
were compared with each other using Venn diagram analysis
(Venny 2.0). Nine unique VOMSs for hypoxic, six specific
for normoxic condition as well as six common metabolites

=~ —

grown under normoxic and hypoxic conditions represented as heat-
map. Clustering was performed using ‘complete’ algorithm and dis-
tance was measured by correlation. Complete algorithm used for the
clustering and distance measured by correlation calculations

to both conditions were identified (Fig. 4, Supplementary
Fig. 3).

3.3 Hypoxia-induced metabolic pathway analysis

MetPa tool of the MetaboAnalyst web application was used
to decipher the metabolic pathway alterations in the aggres-
sive cells compared to non-aggressive cells in hypoxic as well
as normoxic conditions. The pathway topography analysis
showed in Fig. 5 reveals that under normoxia, the fatty acid
biosynthesis is the most significantly altered pathway, while
under hypoxia the nicotinate and nicotinamide metabolism
was most affected. In contrast, the metabolic routes of meth-
ane, glyoxylate and dicarboxylate and pyruvate are relatively
conserved among the conditions assayed. The differentially
altered metabolic pathways are summarised in the Supple-
mentary Table 3.
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Table 1 Significant metabolic features altered upon hypoxic expo-
sure in BC cells. The metabolites were selected by PCA loading
score >0.13/<—0.13, p-value <0.05 and FDR <0.05

Sr.No  Compounds PCA loading score
1 2-1,1-Dimethylethyl-phenol 0.218
2 Formic acid 0.199
3 Methyl benzoate 0.180
4 2-Ethyl-1-hexanol 0.172
5 2,5-Dimethyl-benzaldehyde 0.163
6 3-Heptanone 0.139
7 4,6-Dimethyl-2 heptanone 0.136
8 1-Propanol —-0.144
9 Benzaldehyde —0.145
10 n-Propylacetate —0.148
11 Ethanol -0.159
12 1,10-Decanediol —-0.169
13 Dodecanal -0.178
14 Hexanoic acid —0.182
15 3-Methyl- benzaldehyde —0.193
16 2-Methyl- benzaldehyde -0.197
17 Octanoic acid —0.200
18 Hex-3-yl isobutyl ester phthalic acid  —0.205
19 1,2-Benzenedicarboxylic acid, bis2- —-0.205
methylpropyl ester
20 n-Decanoic acid -0.214

4 Discussion

The reduced oxygen tension in the tumor microenvironment
results in the activation of HIF transcription factors. In turn,
HIFs drive the expression of numerous genes involved in
adaptation of cancer cells to challenging surroundings. It
is known that hypoxia influences the metabolic adaptation
in cancer cells and several studies have already been car-
ried out to identify the metabolic dysregulation that occurs
during the hypoxic condition (Armitage et al. 2015; Intle-
kofer et al. 2015; Tsai et al. 2013; Yang et al. 2018). In this
study, for the first time, we have carried out a comprehen-
sive volatilomic analysis of non-aggressive and aggressive
BC cells under hypoxic and normoxic microenvironments
to understand if hypoxia induces any significant volatilomic
alterations which could then be correlated with the aggres-
siveness of BC.

First objective of the study was to check if hypoxia
induces any significant volatilomic changes in the breast
cancer cells. Multivariate statistical analysis (PCA) of both
cell lines in hypoxic as well as normoxic conditions revealed
distinct group segregation in score plot. This result indi-
cated that hypoxia induces cell-specific volatilomic altera-
tions. Accordingly, 20 VOMs including alcohols, aldehydes,
organic acids and ketones were found significantly altered
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in both BC cell types after hypoxic treatment. Further, to
identify the aggressive cell specific volatilomic alterations,
comparative univariate and multivariate statistical analyses
between both the cell lines were undertaken, which revealed
15 differentially abundant VOMs in hypoxic as well as 12
differentially altered in normoxic condition. When these
metabolite panels were compared to each other, we observed
that 9 VOMs were specific to hypoxia, 6 were unique to nor-
moxia and 6 were common to both conditions. Furthermore,
the abundance of these common VOMs, either up or down,
was conserved among the conditions assayed.

Formic acid was identified as a common metabolite which
was found at elevated levels in aggressive as compared to
non-aggressive cells in hypoxic as well as normoxic condi-
tion. It’s recently known that serine to formate catabolism
is up regulated in metastatic breast cancer animal model
(Meiser et al. 2018). In same study, they also reported that
increased production of formate in tumor is correlated with
higher formate concentration in the plasma. Furthermore,
it was also reported that increased formate overflow pro-
motes cancer cell invasion in glioblastoma in a concentration
dependent manner. Knockdown of MTHFDI1L, the mito-
chondrial gene responsible for the synthesis of formate,
leads to significant reduction of the invasion potential of
glioblastoma. This phenotype was further rescued by the
exogenous supply of formate to glioblastoma cells. These
observations support the correlation between formate over-
flow and aggressive phenotype of the cancer.

Medium chain fatty acids such as octanoic and hexanoic
acids were found to be reduced in aggressive cells when
compared to non-aggressive cells in normoxic as well as
hypoxic condition. In addition, another medium chain
fatty acid n-decanoic acid was also found at lower levels in
aggressive cells under normoxic condition. Overall, medium
chain fatty acids showed reduced expression in aggressive
cells under normoxic condition. These results specify that,
medium chain fatty acids were getting consumed at higher
rate in aggressive cells indicating excessively active fatty
acid biosynthesis pathway under normoxic condition. On
the other hand, propanoic acid, a short chain fatty acid level
was elevated during hypoxic condition in aggressive cells. It
is reported to be involved in immune-regulatory and inflam-
matory processes but, its role in malignant disease patho-
physiology is not well scrutinized (Al-Lahham et al. 2010).

Ketonic metabolites such as 4-methyl-3-penten-2-
one, and 3-hexen-2-one were found at reduced levels in
the aggressive cells, indicating their higher consumption
as compared to non-aggressive cells under hypoxia. It is
not surprising to find the lower levels of ketones, as these
molecules are considered as preferred choice for energy
generation due to their higher energy yield compared to
other mitochondrial substrates under hypoxic condition
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tion. ¢ Hierarchical cluster analysis (HCA) of the VOMS secreted by

(Martinez-Outschoorn et al. 2012). These findings indicate
that aggressive cells are more efficient than non-aggressive
cells in generating energy under hypoxic microenviron-
ment. Moreover, several metabolic pathways were found to
be altered in aggressive cells as compared to non-aggressive
cells under hypoxic as well as normoxic condition. The
most obvious find refers to nicotinate and nicotinamide
metabolism which suggests that mitigation of hypoxic stress
by aggressive cells involves bioenergetics adjustments. In
contrast, under normoxia, fatty acid biosynthesis and glyc-
erolipid metabolism were significantly altered indicating
the enhanced predisposition of aggressive cells towards
membrane synthesis and cell proliferation as compared to
non-aggressive cells.

Taken together, results obtained from the volatilomic
analysis of the BC cells differing in their aggressive-
ness under hypoxia as well as normoxia, revealed unique
volatilomic signature. Further biochemical investigations
into the differential volatilomic response could help to
strengthen these observations. Moreover, additional fol-
low up studies could be undertaken with other malignant
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non-aggressive and aggressive cells grown under hypoxic condition
represented as heatmap. Euclidean algorithm was used for the cluster-
ing and distance was measured by Ward Distance calculations

cell lines in order to identify the unique as well as com-
mon volatilomic signature associated with different types
of cancers.

5 Conclusions

Hypoxia induces distinct volatilomic responses in BC cells
which can be efficiently extracted, analyzed and identified
by HS-SPME coupled to GC-MS. A panel of 20 statistically
significant VOMs were differentially altered in BC cells
upon hypoxic exposure indicating a cell line and treatment-
specific metabolic adaptation. In cell line specific compara-
tive volatilomic analysis, total 15 VOMs were found to be
differentially abundant in aggressive cells with respect to
non-aggressive cells in hypoxic condition and 12 VOMs in
normoxic conditions respectively. Out of these 27 VOMs,
nine VOMs were found to be uniquely associated with the
hypoxic condition whereas six VOMs were specific for the
normoxic condition and six VOMs were observed to be com-
mon for both the conditions. Formic acid was identified as
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the most prominently abundant VOM in aggressive cells
under both hypoxia and normoxia, indicating an existence
of formate overflow in aggressive cells as compared to non-
aggressive BC cells. Moreover, medium chain fatty acids
such as n-decanoic acid and octanoic acid were observed
at reduced levels in aggressive cells under normoxic condi-
tion specifying their higher consumption for fatty acid bio-
synthesis. While, ketonic metabolites such as 4-methyl-3-
penten-2-one, and 3-hexen-2-one show reduced abundance
in aggressive cells as compared to non-aggressive cells,
which indicate their higher rate of utilization under hypoxic
condition. These data suggest that under hypoxic condition,
aggressive cells prefer to be energetically efficient while
under normoxic condition fatty acid biosynthesis is favoured

a Scores Plot c

Fig.4 Comparative volatilomic analysis of aggressive and non- p

aggressive cells grown in either hypoxic or normixic condition. a
Hypoxia associated unique VOMs identified in aggressive vs. non-
aggressive comparison. b Normoxia associated unique VOMs identi-
fied in aggressive vs. non-aggressive comparison. ¢ VOMs common
in both hypoxic as well as normoxic condition in aggressive vs. non-
aggressive comparison. Green colour of box plot represents aggres-
sive and red colour box plot represents non-aggressive BC cell line

as compared to non-aggressive cells indicating preference
towards cell proliferation. This study further paves way for
more mechanistic studies to understand the role of identified
VOMs in the cancer aggression under hypoxic condition.
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