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Introduction
Epithelial ovarian cancer (EOC) is the most lethal 
gynecological cancer with more than 14,000 
deaths/year in western countries.1 The high mor-
tality is mostly due to the frequent presentation at 
advanced stage, and to primary or acquired resist-
ance to platinum-based therapy. Different studies 
based on whole-genome, proteomic or transcrip-
tomic profiling studies have defined some of the 
mechanisms involved in the development of plati-
num resistance in ovarian cancer.2–4 However, 
these results have not yet been translated into 

effective therapeutic strategies to prevent or over-
come platinum resistance.

Metabolism has recently emerged as a new poten-
tial therapeutic target in oncology, and different tri-
als are currently ongoing targeting altered tumor 
metabolic pathways.5 Accumulating evidence sug-
gest not only that tumor metabolism differs from 
that of matched normal tissues,6,7 but also that 
metabolic reprogramming may indeed cause ther-
apy resistance.6,8,9 Proteomic analysis has been  
performed in ovarian cancer cell lines or patient 
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samples (biopsies, plasma specimens) to character-
ize the metabolic profile associated with cDDP 
resistance.10,11 Even if expression of some proteins 
correlated with resistance, a defined metabolic phe-
notype characterizing cDDP resistance is still lack-
ing. Alterations in the methionine degradation 
super pathway and cysteine biosynthesis segregated 
cDDP-resistant from cDDP-sensitive ovarian 
cells12 and low serum phospholipids and essential 
amino acids were correlated with a worse outcome 
in ovarian patients.13 Again, specific metabolic sig-
natures were associated with chemoresistance,14–17 
but unfortunately these results are often contradic-
tory and a long way from a clinical application.

We report here the metabolic profile of cDDP-
resistant ovarian cancer patient-derived xenografts 
(PDXs), obtained from cDDP-sensitive PDXs by 
in vivo repeated drug treatment. As most of the 
data on metabolism reprograming and resistance 
to therapy have been generated in in vitro systems, 
our in vivo models are more likely to be the clini-
cally relevant setting to investigate the role of 
metabolism in platinum resistance. We used differ-
ent and complementary approaches based on inte-
grated metabolomics (targeted and untargeted), 
gene expression, and functional assays to explore 
the metabolic scenario associated with in vivo 
acquired cDDP resistance. The data generated led 
to a therapeutic intervention based on the combi-
nation of metformin and cDDP that was able to 
reverse cDDP resistance in vivo.

Methods

In vivo studies
Animals. Female NCr-nu/nu mice obtained from 
Envigo Laboratories (Udine, Italy) were used when 
they were 6- to 8-weeks old. Mice were maintained 
under specific pathogen-free conditions, housed in 
isolated vented cages, and handled using aseptic 
procedures. The Istituto di Ricerche Farmaco-
logiche Mario Negri IRCCS, adheres to the prin-
ciples set out in the following laws, regulations, and 
policies governing the care and use of laboratory 
animals: Italian Governing Law (D. lg 26/2014; 
authorization no.19/2008-A issued 6 March 2008 
by the Ministry of Health); Mario Negri Institu-
tional Regulations and Policies providing internal 
authorization for persons conducting animal 
experiments (Quality Management System Cer-
tificate: UNI EN ISO 9001:2008, reg. no. 6121); 
the National Institute of Health (NIH)  Guide for 
the Care and Use of Laboratory Animals (2011 

edition) and EU directive and guidelines (Euro-
pean Economic Community [EEC] Council 
Directive 2010/63/UE). An institutional review 
board and the Italian Ministry of Health approved 
all the in vivo experiments performed with PDXs 
(authorization no. 705/2016-PR).

Isolation of cDDP-R ovarian cancer PDXs. Three 
high-grade serous/endometrioid cDDP sensitive(s) 
PDXs were selected and made cDDP resistant. 
Specifically, tumors were subcutaneously trans-
planted into nude mice, and when they reached a 
tumor weight of ~150 mg, mice were treated with 
multiple cycles of cDDP (each cycle consisting in 
cDDP given intravenously (i.v.) weekly for 3 weeks 
(q7x3) at the dose of 5 mg/kg). When tumor 
weights reached the ethical limits (10% of mice 
body weight), mice were sacrificed, and tumors 
transplanted into other mice to receive a new cycle 
of cDDP. After a total of five to seven cDDP cycles, 
we obtained three PDX models that were 
cDDP-resistant.

Antitumor activity of the combination of cDDP and 
metformin. Nude mice were transplanted subcu-
taneously with the different PDXs and were ran-
domized when tumor weight reached ~150 mg. 
cDDP was given i.v. at the dose of 5 mg/kg q7 × 3, 
metformin was given orally (p.o.) at 400 mg/kg for 
40 days (once daily for 40 days) in combination 
with cDDP (same schedule as single treatment). 
cDDP and metformin were dissolved respectively 
in Phosphate Buffer Saline (PBS) and in sterile 
water; control mice were treated with the same 
drug vehicles, following the same schedule.

Treatment evaluation. Mice were monitored twice 
a week; tumor growth was measured with a Ver-
nier caliper, and tumor weight (mg = mm3) calcu-
lated as follows: [length (mm) × width2 (mm2)]/2 
and body weight was registered as indirect mea-
sure of drug toxicity. The efficacy of the treatment 
was expressed as best tumor growth inhibition 
[%T/C = (mean tumor weight of treated tumors/
mean tumor weight of control tumors) × 100]. 
Statistical analysis of antitumor effect at the last 
day of observation was performed by one-way 
analysis of variance (ANOVA) test by GraphPad 
Prism v.6 software (GraphPad Software).

Metabolomic analysis
Metabolite extraction. For each xenograft, three 
different pieces (frozen tumor tissue samples, 20–
50 mg) of the same tumor were taken from three 
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different animals (n = 3) and homogenized using 
an Ultra Turrax (VWR, Pennsylvania, USA) with 
10 µl/mg of extraction solvent (85:15 MeOH/
H2O). The homogenized sample were stored at 
−80°C for 20 min and subsequently centrifuged 
for 15 min at 13,000g. Supernatants were collected 
and used for targeted and untargeted metabolo-
mics analysis.

Untargeted metabolomics approach (FIA-QTOF-
MS/MS). Flow Injection Analysis/QTOF-Tandem 
Mass Spectrometry (FIA-QTOF-MS/MS) analy-
sis was performed on an Agilent 1290 infinity 
Series coupled to an Agilent 6550 iFunnel 
Q-TOF mass spectrometer (Agilent, Santa Clara, 
CA, USA) equipped with an electrospray source 
operated in negative and positive mode. The flow 
rate was 150 μl/min of mobile phase consisting of 
isopropanol/water (60:40, v/v) buffered with 
5 mmol/l ammonium at pH 9 for negative mode 
and methanol/water (60:40, v/v) with 0.1% for-
mic acid at pH 3 for positive mode. Reference 
masses for internal calibration were used in con-
tinuous infusion during the analysis (m/z 
121.050873, 922.009798 for positive and m/z 
11.9856, 1033.9881 for negative ionization). 
Mass spectra were recorded from m/z 50 to 1100. 
Source temperature was set to 320°C with 15 l/
min drying gas and a nebulizer pressure of 35 psig. 
Fragmentor, skimmer, and octopole voltages were 
set to 175, 65, and 750 V, respectively. Tandem 
mass spectrometry (MS/MS) fragmentation pat-
tern of the significantly features were collected 
and used to confirm metabolite identity. Before 
each sample was run, a blank sample [isopropa-
nol/water (60:40, v/v) negative, methanol/water 
(60:40, v/v) with 0.1% formic acid positive] to 
minimize the carry-over effect. This method 
allows a rapid metabolic profiling of polar and 
nonpolar compounds with the exclusion of lipid 
classes which were not considered in untargeted 
data elaboration due to the intrinsic method limi-
tation in the discrimination of isobaric forms.

All steps of data processing and analysis were per-
formed with MATLAB R2016a (MathWorks, 
Natick, MA, US) using in-house developed script 
following the workflow proposed by Fuhrer18. 
Centroid m/z lists were exported to .csv format. 
Briefly, in this procedure, we first subtract from 
each sample its relative blank sample to minimized 
the carry-over effect then, we applied a cutoff to 
filter peaks of less than 500 ion counts for negative 
and 1000 ion counts for positive ionization to 
avoid detection of features that are too low to be 

statistically significant. Centroid m/z lists from dif-
ferent samples were merged to a single matrix by 
binning the accurate centroid masses within the 
tolerance given by the instrument resolution (about 
10 ppm). The output m × n matrix contains the m 
peak intensities of each mass for the n analyzed 
samples. Because mass axis calibration is applied 
online during acquisition, no m/z correction was 
applied during processing to correct for potential 
drifts. Output m/z list was submitted to statistical 
analysis (univariate pairwise comparison Mann–
Whitney–Wilcoxon test, JMP pro12, SAS) in 
order to select features with a statistical signifi-
cance between groups of comparisons. Significant 
altered features were identified by database searches 
(HMBD, http://www.hmdb.ca/; METLIN, http://
metlin.scripps.edu) in positive and negative ioniza-
tion, considering only protonate/deprotonate ion. 
Confirmed identifications were reported only for 
metabolites with accurate mass match <10 ppm 
and an MS/MS fragmentation patterns similarity 
> 99% relative to the reference compound present 
on the database.

Targeted metabolomics analysis. A targeted quan-
titative approach using a combined direct-flow 
injection and liquid chromatography tandem MS/
MS assay (AbsoluteIDQ® p180 kit, Biocrates, 
Innsbruck, Austria) was applied as previously pub-
lished published19. The method of AbsoluteIDQ® 
p180 kit conforms with the US Food and Drug 
Administration Guideline ‘Guidance for industry: 
bioanalytical method validation,’ which implies 
proof of reproducibility within a given error range. 
The method combines derivatization and extrac-
tion of analytes with the selective mass-spectro-
metric detection using multiple reaction-monitoring 
pairs. Isotope-labeled internal standards are inte-
grated into the platform for metabolite absolute 
quantification. This strategy allows simultaneous 
quantification of 186 metabolites (40 amino acids 
and biogenic amines, 40 acylcarnitines, 90 glycero-
phospholipids, 15 sphingomyelins, 1 monosaccha-
ride). The list of measurable metabolites using the 
Biocrates Absolute IDQ® p180 kit and their bio-
logical relevance is provided in Table S1. Signifi-
cant metabolite changes were evaluated using 
univariate pairwise comparison Mann–Whitney–
Wilcoxon test (JMP pro12, SAS).

Metabolic pathway analysis. For biological inter-
pretation of the metabolite dataset, we mapped 
the significant metabolites derived from both 
untargeted and targeted approaches into the 
KEGG pathway database (Kyoto Encyclopedia of 
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Genes and Genomes; www.genome.jp/kegg/), 
using MetaboAnalyst 3.0 (CA, USA), a compre-
hensive online tool suite for metabolomic data 
analysis and interpretation (www.metaboanalyst.
ca). Enrichment analysis (EA) tools were used to 
identify metabolic pathways most likely to be 
associated with the cDDP acquired resistance. 
Differential abundance score was calculated for 
each significant enriched pathway as reported by 
Hakimi et al., 2016.20

Gene expression analysis
Total messenger ribonucleic acid (mRNA) was 
extracted from cDDP-sensitive and cDDP-resist-
ant xenograft snap-frozen samples for each xeno-
graft by Maxwell technology (Promega, Madison, 
WI, USA). Tumor PDX samples were analyzed 
by real-time polymerase chain reaction (RT-PCR) 
to assess the percentage of murine deoxyribonu-
cleic acid (DNA) contamination using primers 
specifically designed to distinguish human from 
murine actin. All the samples had a similar human 
actin content of more than 85%. The RT2 Profiler 
PCR Arrays (Qiagen, Hilden, Germany) are 
designed to analyze a panel of genes related to the 
glucose metabolism. For each plate, two DDP-S 
and two DDP-R samples of the same xenograft 
were included. We considered a fold of regulation 
of ⩾2 and ⩽−2 as significant up- and downregu-
lation, respectively.21 If a gene was found to be 
differentially regulated between sensitive and 
resistant samples only in one/two xenograft 
couple/s according to our parameters, we searched 
the value of fold regulation in the other couple/s. 
If the value of its fold regulation were be approxi-
mated to 2 or −2 values, we included that gene 
also in the analysis.

Real-time validation assays
For validation assays, total mRNA was retrotran-
scribed by RT2 First Strand kit (Qiagen). Next, 
gene expression was evaluated by RT-PCR with 
ad hoc-designed primers (Primer3, http://primer3.
ut.ee/). Gene expression data were quantified 
through a calibration curve and were normalized 
by gene expression of a housekeeping gene (actin).

In vitro studies
Ovarian cancer PDXs were excised from mice at 
sacrifice. Tumors were mechanically disinte-
grated by scissors, and then enzymatically by 

collagenase (25,000 U/ml, Sigma-Aldrich, Saint 
Louis, MO, USA) at 37°C for 1 h. The cell sus-
pension was filtered through a gauze and plated 
for 30 min in a Petri dish (Corning, Corning, NY, 
USA) in order to make fibroblast cells attach to 
the plastic surface.

Seahorse analysis. Seahorse provides accurate real-
time measurements of oxygen consumption rate 
(OCR) and extracellular acidification rate (ECAR) 
at basal condition and after acute stress. The cell 
suspension (300,000 cell/ml) was plated for 30 min 
in tissue-treated Petri for 30 min as a cleaning pas-
sage, and the surnatant was counted with a Burker 
camera (Prodotti Gianni srl. MI, Italy). Cells were 
then seeded at a concentration of 40,000 cells/well 
in a Seahorse cartridge (Agilent Technologies), then 
the Mito Stress and the glycolysis stress tests were 
performed as specified in the manufacturer’s proto-
cols (Agilent technologies). Three replicates were 
performed for each group. Statistical analysis was 
performed by Bonferroni multiple comparison test 
(GraphPad Prism v6).

Results

Isolation of ovarian cancer PDXs with acquired 
resistance to cisplatin
We recently obtained a panel of PDXs from ovar-
ian human samples that well represent the hetero-
geneity of human tumor in their morphology, 
molecular profile and pharmacological response.22 
Among them, we selected three high-grade  
models (MNHOC124, MNHOC124LP, and 
MNHOC239, from now referred to as #124, 
#124LP, and #239) responsive to cisplatin 
(cDDP) treatment (sensitive, S) in order to obtain 
cDDP-resistant (R) models [Figure 1(a)]. #124 
is a mixed serous/endometrioid histotype carci-
noma; #124LP is a subline obtained from #124 
that has been passaged for nine passages in vivo; 
and #239 is a serous carcinoma. All the xeno-
grafts are high-grade tumors and TP53 mutated 
(Table S2). As already reported for #124 and 
#239,22,23 cDDP treatment was able to induce 
tumor regressions and was associated with a strik-
ing antitumor activity as indicated by the T/C% 
values. We obtained sublines resistant to cDDP 
after in vivo drug treatment of mice bearing sensi-
tive tumors, as specified in Materials and 
Methods. After a total of five to seven in vivo 
cDDP treatment cycles, we obtained three PDX 
models resistant to the drug (R). Indeed, no 
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tumor regressions or stabilizations were observed 
in resistant xenografts after cDDP treatment, 
and an increase in the T/C% values was observed 
[Figure 1], indicative of loss of cDDP activity 
[Figure 1(b–d)]. Histological analysis indicates 
no change in histotype after treatment with 
cDDP (data not shown). #124-R and #124LP-
R, but not #239-R sublines, displayed a statisti-
cally significant increase in tumor growth as 
suggested by a decreased median time to reach 
1gr (median of 32.8 and 30.9 days to reach 1 gr, 
respectively) compared with the corresponding 

S xenografts (median of 47.8 and 42.2 days to 
reach 1 gr, respectively; Table S2).

Expression of genes belonging to the glycogen, 
glycolysis and TCA cycle pathways in cDDP-
sensitive and -resistant PDXs
We use these experimental settings to investigate 
whether tumors from S- and R-PDXs exhibited a 
different metabolic asset. We first investigated the 
expression of genes coding for key metabolic 
enzymes or regulators of glucose and glycogen 

Figure 1. cDDP antitumor activity in the different PDXs.
(a) Schematic representation of the isolation of R-PDX from S-PDX after multiple in vivo cDDP treatments and 
retransplantation of the treated PDX; (b), (c) and (d) antitumor activity of cDDP-S and cDDP-R #124, #124LP and #239 PDXs. 
Mice were transplanted with the S-PDX and R-PDX, and when tumor masses reached 100–150 mgr, they were randomized 
to receive vehicle (-□-; -■-) or treated with cDDP (-○-; -•-). Graphs start from time of randomization and show the mean 
of tumor growth for each group ± SE (8–10 mice per experimental group). Continuous arrows indicate each single cDDP 
treatment, and dashed arrows indicate treatment in the #239 resistant xenograft; (e) antitumor activity parameters. For 
each xenograft, the best T/C% value (mean treated tumor weight/mean control tumor weight*100) is reported. A T/C% value 
< 42 is indicative of drug activity.
cDDP, cisplatin; ID, identification number; PDX, patient-derived xenograft; R, resistant; S, sensitive; SE, standard error.
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metabolism, pentose phosphate pathway and tri-
carboxylic acid (TCA) cycle.

A similar number of deregulated genes in terms of 
fold regulation between resistant and sensitive 
xenografts (#124 n = 14; #124LP n = 12; #239 
n = 13; see Material and Method section) was 
observed [Figure S1(a)] in the expression of 85 
genes among sensitive and resistant xenografts in 
the three different couples. The genes differen-
tially expressed in the three xenografts are listed 
in Figure 2(a) and are genes coding enzymes of 
the glycolytic pathway, followed by TCA and gly-
cogen pathways. Of note, the pentose phosphate 
pathway was only marginally affected. We vali-
dated, by RT-PCRs with ad hoc-designed prim-
ers, the genes altered in two out of three PDX 
couples, and for most of the genes, the expression 
trend identified in the PCR profiler assay was 
confirmed [Figure 2(b)]. Indeed, we corrobo-
rated the statistically significant upregulation of 
IDH2 (isocitrate dehydrogenase 2) and PYGL 
(glycogen phosphorylase), and the downregula-
tion of PDK3 (pyruvate dehydrogenase 3) in the 
corresponding resistant xenografts. ALDOC 
(aldolase fructose-bisphosphate C) expression 
was found to be statistically upregulated only in 
#124LP-R and #239-R, while only a trend was 
observed in the #124 couple. RBKS and MDH1B 
were validated in downregulation of #124-R and 
#239-R versus -S xenografts. On the contrary, the 
downregulation of PGK2 was not validated 
[Figure S2(a)]. The RT2 Profiler PCR array did 
not include the monocarboxylate and glutamine 
transporters such as lactate transporters MCT1 
and MCT4 (SLC16A1, and SLC16A4), the glu-
cose transporter GLUT1 (SLC2A1), and the glu-
tamine transporter ASCT2 (SLC1A5), all 
involved in the regulation of glycolysis. We stud-
ied their gene expression levels and found that 
SLC16A4 and SLC1A5 were upregulated in two 
out of the three DDP-R xenografts [Figure 
S2(b)]. SLC2A1 and SLC16A1 were marginally 
altered [Figure S2(b)]. No modification of MCT4 
expression between resistant and sensitive tumor 
samples was found by immunohistochemistry 
(data not shown). These findings indicate a lack 
of change in the expression of genes regulating 
glycolysis in resistant tumor samples.

cDDP-resistant PDXs display a different 
metabolic layout
We used an integrative mass spectrometry-based 
metabolomic approach, combining targeted (T) 

and untargeted (UT) strategies, to increase the 
metabolome coverage, thus providing a wider 
perspective of the tumor metabolic pathways 
changes occurring in each sensitive and the cor-
responding resistant xenografts (#124, #124LP, 
#239, three biological replicates for each PDX, 
n = 3). OPLS-DA (orthogonal projections to 
latent structures discriminant analysis) reveals the 
presence of metabolic features able to segregate 
the three sensitive from the relative cDDP-resist-
ant PDXs [Figure 3(a)]. A closer segregation 
could be observed among #124- and #124LP- 
sensitive samples suggesting that both the in vivo 
passages do not greatly alter tumor metabolic  
layout and the in vivo cDDP treatment induces 
comparable metabolic changes.

To identify metabolites associated with cDDP 
resistance, we used pairwise comparison (Mann–
Whitney p < 0.05) in resistance relative to their 
sensitive counterparts. We found 72 (48 T, 24 
UT), 46 (16T, 27 UT), 32 (10T, 22UT) signifi-
cantly deregulated metabolites respectively in 
#124, #124LP, #239-resistant relative to their 
sensitive counterparts (Tables S3, S4 and S5). 
#124-R PDX showed the highest number of 
deregulated metabolites, followed by #124LP-R 
and #239-R PDXs [40 versus 10 versus 9, Figure 
S1(b)]. Targeted metabolomics reveal a signifi-
cant reduction in the levels of glycerophospholip-
ids and sphingomyelins in the #124 DDP-R 
xenograft only, while #124LP-R and #239-R 
showed only a marginal alteration of lipid profile, 
mainly related to lysophosphatidylcholine and 
sphingolipid species (Tables S2, S3, and S4). 
Eleven metabolites were found commonly altered 
in all the cDDP-resistant xenografts [Figure 
S1(b)]. Metabolic EA (MetaboAnalyst), using all 
(from T and UT metabolomics) the significant 
deregulated metabolites in each xenograft pair 
(Tables S3, S4, S5), highlighted the TCA and 
urea cycle as the most enriched pathways (p < 
0.05, FDR < 0.05) [Figure 3b–d)]. Among the 
metabolites belonging to the TCA pathway, only 
pyruvic acid and fumarate showed a comparable 
and consistent downregulation in all the R-PDXs 
as compared with the corresponding S-PDXs 
(Figure 4 and Tables S3, S4, S5). We observed a 
consistent, even if different, deregulation of urea 
cycle metabolites in the three R- and S-PDX cou-
ples (Figure 4 and Table S6). When we investi-
gated the expression of genes coding the key 
enzymes of the urea cycle, xenograft #124 showed 
a significant alteration in gene coding for ornith-
ine transcarbamylase (OTC) and arginosuccinate 
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synthase (ASS1) associated with a general dereg-
ulation of all metabolites of the cycle (Figure S3). 
#124LP-R showed the significant upregulation of 
ARG1 gene and of ASS1 associated with a signifi-
cant lower level of its metabolic substrate citrul-
line (Figure S3). Interestingly, #239-R was the 
most deregulated xenograft with significant 

alteration of all genes belonging to the urea cycle 
(OTC, ASS1, ASL and ARG1), although no rel-
evant alterations were found with associated 
metabolites (Table S6). The urea cycle, impor-
tant for the synthesis of nitrogen-containing com-
pounds, also fuels the polyamine metabolism 
through the generation of ornithine. Significant 

Figure 2. Genes differentially expressed in sensitive and resistant ovarian cancer PDXs.
(a) List of genes found to be differentially up- or downregulated between resistance and sensitivity in each PDX couple (#124, 
#124LP, #239). Genes differentially regulated between resistance and sensitivity in two out of three xenografts are marked 
in bold, while those found in all three PDXs are marked as both bold and italic. Colors refer to genes involved in the different 
metabolic pathways as specified in the figure; (b) validation of genes found to be differentially regulated between resistant 
and sensitive xenografts. The mean ± SD of the normalized gene expression of three biological samples (three technical 
replicates per sample) is reported. Statistical analysis was performed using the Mann–Whitney test (****p < 0.0001, 
***p < 0.005, *p < 0.05).
PDX, patient-derived xenograft; SD, standard deviation; S, sensitive; R, resistant.
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decreased levels of all polyamines (putrescine, 
spermidine, spermine) were found in #239-R 
xenograft compared with its sensitive counter-
part, whereas they increased (although not always 
significantly) in both #124-R and #124LP-R 
(Figure 4).

Within each pair of xenografts, we observed alter-
ations in specific biochemical pathways intercon-
nected with the above over-represented pathways 
(i.e. the TCA and urea cycle) in resistant xeno-
grafts. In particular, we observed enriched argi-
nine and proline metabolism in #124-R, alanine 
metabolism in #124LP-R, alanine metabolism, 
malate–aspartate shuttle, ammonia recycling and 
gluconeogenesis in #239-R. Interestingly, alanine 
metabolism was significantly over-represented in 
both #124LP-R and #239-R [Figure 3(b–d)].

Different ability to respond to energy demand 
between resistant (R) and sensitive (S) 
xenografts
As a whole, the expression of metabolic genes  
and metabolic profile supports a perturbation of 
the glycolytic axis, that is, increased PYGL and 
ALDOC mRNA expression, to fuel the TCA cycle 
and a sustained mitochondrial respiration in 
R-PDXs. This prompted us to perform functional 
experiments with Seahorse technology to measure 
in RT the OCR and the extracellular acidifica-
tion rate (ECAR) to indirectly explore the mito-
chondrial and glycolytic functions; in fact, OCR 
is an indicator of mitochondrial respiration, and 
ECAR is largely the result of glycolysis. Cell sus-
pensions obtained from the digestion of fresh 
#124LP tumors (S and R) were processed, as 
detailed in Materials and Methods, and after 

Figure 3. Metabolic changes in the R-PDXs.
(a) Representative OPLS-DA score plot using the untargeted negative features showing classes separated according to 
their metabolic signature. Classes correspond to S- (red dots) and R-PDX (black dots) samples (b–d) metabolic networks 
representative of the significant (p < 0.05, FDR < 0.05) enriched pathways (MetaboAnalyst) using all the significant altered 
metabolites (targeted and untargeted metabolomics approaches)  
(p < 0.05, Mann–Whitney–Wilcoxon test) between S- and R-PDXs. The red circles indicate significant enriched pathways in 
R-PDXs (p < 0.05, FDR < 0.05).
FDR, False Discovery Rate; OPLS-DA, orthogonal projections to latent structures discriminant analysis; IDH2, isocitrate 
dehydrogenase 2; PDX, patient-derived xenograft; R, resistant; S, sensitive.
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48 h, cells underwent acute stress stimuli. The 
#124LP-R cells showed higher adenosine 
triphosphate (ATP) production in basal condi-
tions [Figure 5(a), right] as compared with cells 
derived from #124LP-S xenografts. When cells 
underwent acute stress (treatment with oligomy-
cin, a complex V inhibitor) with p-trifluorometh-
oxyphenylhydrazone, a protonophore, and lastly 
with antimycin A and rotenone, (inhibitors of 
complex III and I) #124LP-R cells showed 
stronger ability to respond to an energetic 
demand, and a higher rate of respiration than S 
cells [Figure 5(a), right]. Similar results were 
obtained with #124 xenograft pair [Figure 5(c)]. 
We then measured glycolysis and glycolytic 
capacity to calculate the glycolytic reserve and 
nonglycolytic acidification in both #124LP-S 
and -R xenografts by evaluating the ECAR in 
response to a glycolytic stress. We did not find 
any differences between “Raud S PDXs” [Figure 

5(b)] in line with results of RT-PCR and immu-
nohistochemistry (IHC) analysis.

Metformin treatment reverses cDDP resistance 
in vivo
Based on the data obtained from metabolomic 
analysis, gene expression, and functional assays, 
we hypothesized that resistant xenografts have an 
increased mitochondrial activity compared with S 
xenografts. To test if cDDP resistance could be 
reversed by interfering with the increased mito-
chondrial activity, we tested the combination of 
cDDP and metformin (a drug able to interfere 
with mitochondrial function) in vivo. We trans-
planted #239-R and when tumor masses reached 
about 150 mg, mice were randomized to receive 
vehicle, cDDP or a combination with cDDP and 
metformin. As shown in Figure 6(a), the addition 
of metformin increased cDDP antitumor activity. 

Figure 4. Specific metabolic alterations between resistance and sensitivity in each PDX couple (#124, #124LP, 
#239).
Measured metabolites and genes are labeled as color-coded circles and rectangles. Colors correspond to the fold change in 
abundance relative to the cDDP sensible counterpart: red indicates increase; blue indicates decrease; gray circle indicates 
unmeasured metabolite; black cross-circle indicates nonstatistically significant metabolite. Metabolites and genes are 
reported using standard abbreviation.
cDDP, cisplatin; PDX, patient-derived xenograft.
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At this dose (400 mg/kg daily for 40 days) met-
formin does not exert any antitumor activity (data 
not shown) and it was able to activate adenosine 
monophosphate kinase (AMPK; Figure S4). 
Indeed, even if two out of eight mice in the group 
treated with the combo were sacrificed for tumor 
burden at day 50, at the last day of observation 
(day 62), mean values of tumor weight of the 
combination and of the single cDDP-treated 
groups were statistically different [Figure 6(b)]. 

Similar results were obtained when treating mice 
bearing #124-R tumors, even if in this case no 
statistical significance was reached, likely due to 
the lower number of mice used [Figure 6(c, d)].

Discussion
EOC is often initially responsive to a first-line plat-
inum-based treatment (~70% of patients respond 
to therapy), but unfortunately, most of the patients 

Figure 5. Metabolic measurements in the #124LP and #124 PDX pair.
Left panel: Mito Stress and glycolytic stress analysis in#124LP (a) and (b) and Mito Stress analysis in #124 (c). OCR or ECAR 
analysis in sensitive (S; -○-) and resistant (R) (-•-) cells were derived from the corresponding PDXs. Each point corresponds 
to the mean ± SD for each group (n = 3). Right panel: Metabolic parameters calculated for the Mito Stress [#124LP (a), #124 
(c)] and the Glyco stress test in S (□) and R (■) cells derived from PDXs. The bars show the mean ± SD for each group (n = 
3).
***p < 0.009; ****p < 0.0001; two-way ANOVA, Bonferroni multiple comparison test.
ANOVA, analysis of variance; ATP P, adenosine triphosphate production; CE (%), coupling efficiency (%); ECAR, extracellular 
acidification rate; MR, maximal respiration; NMR, non-Mito respiration; OCR, oxygen consumption rate; PDX, patient-derived 
xenograft; PL, proton leak; SD, standard deviation; SRC (%), spare respiratory capacity percentage; NGA, Non-Glycolytic 
Acidification; G, Glycolysis; GC, Glycolytic Capacity; GR, Glycolytic Reserve; GR(%), Glycolytic Reserve percentage.
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will relapse with platinum-resistant disease. The 
development of resistance to a platinum therapy is 
an important issue, as it represents one of the 
causes of poor prognosis of these patients (5-year 
survival of less than 30% in most cases). With this 
work we have raised awareness of the possible 
mechanisms for acquired resistance to cDDP and 
suggested new therapeutic interventions.

In particular: (a) we obtained three new PDX 
models of acquired cDDP resistance after in vivo 
treatment; (b) we found, through metabolomic 
and gene expression approaches, that glycolysis, 
TCA and urea cycle pathways were deregulated 
in R- versus S-PDXs; (c) we observed that OCR 
and mitochondrial respiration were higher in 
R-PDXs than in S-PDXs under acute stress con-
ditions; and (d) we proved that metformin, a drug 
able to inhibit the mitochondrial activity, was able 
to partially reverse cDDP resistance in vivo.

The acquisition of therapy resistance has been 
recently associated with metabolic switching in 
different tumors, including ovarian carcino-
mas.13–15,22–28 However, the majority of these 
results have been obtained using cancer cell lines 
or cell-line-derived xenografts,12 and very few 
studies have been carried out using in vivo models 
that represent the clinical setting.29

We have recently established an ovarian PDX 
xenobank that reproduces the complexity and het-
erogeneity of human ovarian carcinoma.22 Starting 
from three high-grade ovarian carcinomas, we 
obtained, by in vivo cDDP treatment, three sub-
lines with acquired resistance to cDDP. In this 
study, they have been used to investigate the possi-
ble role of metabolic rewiring in the resistance to 
cDDP. Even though a different metabolic profile 
has been reported between sensitive and resistant 
ovarian cell lines in vitro,12 this is the first report that 

Figure 6. cDDP and metformin treatment in ovarian cancer PDXs.
Antitumor activity of cDDP and metformin in #239-R (a) and #124-R (c) xenograft models. Mice bearing tumors were 
randomized to receive or not (vehicle-treated, -•-) cDDP (-○-), and a combination of cDDP with metformin (-- ---). The 
graph reports the tumor weight curves of the mean ± SE for each group (5–8 mice per group). Single black arrows indicate 
each cDDP treatment (q7 × 3). The dashed arrow indicates the duration of metformin treatment. The mean ± SD and 
the single tumor weight of each mouse for each group (vehicle-treated -•-; cDDP -○; combo cDDP + metformin -- --- is 
reported at day 62 in #239-R [(b); *p < 0.05, ANOVA, Tukey’s multiple comparison test] and at day 35 in #124-R (d), when 
most of mice of control group were still alive.
ANOVA, analysis of variance; cDDP, cisplatin; PDX, patient-derived xenograft; SD, standard deviation; SE, standard error.
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applies a multilevel pipeline (MS-based metabo-
lomics and metabolic gene expression profiling) on 
ovarian PDXs made resistant in vivo to cDDP.

Despite the heterogeneity of metabolic responses 
after acquisition of platinum resistance among 
the PDXs, our multilayer strategy pointed toward 
major metabolic alterations in glycolysis, TCA 
and urea cycle biochemical routes in all the resist-
ant PDXs relative to sensitive counterparts. We 
found an induction of glycolytic genes and a con-
comitant downregulation of the gluconeogenic 
axis counterpart, associated with decreased pyru-
vate level and unchanged lactate production. The 
increase in the glycolytic genes was combined 
with the induction of the PYGL. The glycogen 
degradation by PYGL is a source of glucose-6 
phosphate, which can be used not only to sustain 
glycolytic reactions, but also to fuel the pentose 
phosphate pathway, providing the synthesis of 
nucleotides and reduced Nicotinamide Adenine 
Dinucleotide Phosphate (NADPH).30

Together, these findings suggest the presence of 
an enhanced glycolytic pathway in the cDDP-
resistant sublines that seems to fuel oxidative 
phosphorylation, rather than aerobic glycolysis, 
to support the bioenergetic function. In concord-
ance with this hypothesis, we observed a reduc-
tion of pyruvate dehydrogenase kinase 3 (PDK3), 
which plays a critical role in the control of  
the glycolytic–mitochondrial axis. It has been 
reported that PDK3 knockdown indeed pro-
motes the oxidative decarboxylation of pyruvate 
to produce acetyl coenzyme A and Nicotinamide 
Adenine Dinucleotide (NADH) to fuel the  
TCA pathway and mitochondrial respiration.31 
Although the TCA deregulation among the dif-
ferent resistant xenografts was heterogeneous, 
the alterations of both TCA genes and related 
metabolites in cDDP-resistant xenografts were 
coherent with the presence of perturbed mito-
chondrial functions. We observed that all resist-
ant xenografts displayed a common decrease in 
levels of fumarate and increased isocitrate dehy-
drogenase 2 (IDH2), both supporting a more 
processive TCA and enhanced mitochondrial 
respiration. IDH2, along with IDH1, is a key 
metabolic enzyme that converts isocitrate to α-
ketoglutarate and is frequently mutated in differ-
ent cancers,32 and the mutation is associated with 
an enzymatic gain of function.33 While no muta-
tions have been reported in ovarian carcinoma, 
1.9% of the The Cancer Genome Atlas (TCGA) 
cases displayed IDH2 amplification. However, 

when we looked for correlation, no association 
between IDH2 expression levels and patient 
overall survival in the TGCA data set could be 
found (data not shown).

Resistant PDXs showed a perturbation of genes 
and metabolites belonging to the urea cycle, even 
though a common trend of deregulation could 
not be found. Acute cDDP treatment in pluripo-
tent stem cells has been shown to induce modifi-
cation in metabolites and enzymes related to the 
urea cycle;34 however, no data are available on 
multiple cDDP treatments leading to drug resist-
ance. We found a common lower level of fuma-
rate in all the R-PDXs. At the biochemical level, 
fumarate is the metabolic link between the TCA 
and urea cycle where, during the generation of 
arginine, fumarate is generated as a byproduct; 
these data would again suggest a more processive 
TCA and urea cycle pathway. The urea cycle is 
not only important for the synthesis of nitrogen-
containing compounds, but also for providing 
polyamines, which are small aliphatic polycations 
ubiquitously present in cells. It is known that 
polyamines bind to DNA, and modify its second-
ary structure, including chromatin condensation 
and DNA-matrix association.35,36 However, even 
if we found modulation of polyamine levels 
(putrescine, spermidine, and spermine) in our 
resistant models, the deregulation was different 
(upregulation and downregulation) in the three 
resistant PDXs, both suggesting an unrelated 
effect or specific underlying cDDP-resistant 
associated mechanisms.

Overall, our metabolic profiling suggests an adap-
tive oxidative phosphorylation in cDDP-resistant 
ovarian PDXs to sustain growth. Such adaptation 
partially corroborates our recent findings,24,37,38 in 
which ovarian cancer cells derived from ascites of 
nonresponding patients are much less sensitive to 
glucose deprivation in vitro than cells derived  
from platinum-responding patients. This meta-
bolic snapshot was also functionally confirmed by 
the increased OCR and ATP and lower ECARs in 
primary resistant cultures as compared with sensi-
tive culture derived from the corresponding PDXs. 
These findings agree and support other work that 
suggested the association of the resistance to cDDP 
with an increased oxidative metabolism,24,38 and 
lead us to hypothesize that its interference could be 
of therapeutic value. As our data support support 
this hypothesis, we tested whether metformin,  
the most commonly prescribed drug for type II 
diabetes, able to affect both complex I and ATP 
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synthase in mammalian mitochondria, could 
resensitize resistant tumors to cDDP. Cotreatment 
of metformin and cDDP could partially reverse 
cDDP resistance in vivo, as suggested by the lower 
mean resistant tumor weights of mice treated with 
the combination than single cDDP-treated mice. 
It can be hypothesized that chronic treatment with 
metformin inhibits mitochondrial metabolism 
reversing the tumor metabolic properties to that of 
cDDP-sensitive PDX with a regain of drug sensi-
tivity. Metformin has been shown to have pleo-
tropic effects in normal and cancer cells, including 
interference with the mitochondrial complex I, 
with derangement of the AMP/ATP balance and 
activation of AMPK, described as one of the cen-
tral regulators of cell growth and metabolism.39 As 
for any drug, metformin in vivo effects largely 
depend on the levels reached in plasma and tumor 
tissue. Dowling and colleagues40 have shown that a 
dose of 5 mg/ml in drinking water for 16 days or 
intraperitoneal dose of 125 mg/kg achieved, respec-
tively, an average tumor concentration of 32µmol/l 
(range 9.1–55.7 µmol/l) and 77 µmol/l (range 
41.6–99.0 µmol/l), doses able to activate AMPK. 
The dose of 400 mg/kg given per os for 40 days 
should enable achieving active drug tumor con-
centration in tumors of mice treated with this 
dose, as demonstrated by the activation of AMPK 
(Figure S4). However, considering the pleiotropic 
effect of metformin on cells, as recently 
reviewed,41,42 we cannot rule that other nonmeta-
bolic mechanisms are occurring. It has been 
reported that cancer stem cells are enriched in 
resistant tumors and that metformin preferentially 
kills cancer stem cells.43 This hypothesis is, how-
ever, challenging to test in our experimental set-
ting, as the phenotypical and functional traits of 
stem cells in ovarian cancer are still elusive.44 To 
add to the variety and complexity of in vivo met-
formin effects, very recently, metformin has been 
found to repress the cDDP-stimulated interleukin 
6 expression in ovarian cancer tumor stroma, 
reported to be associated with cDDP resistance45; 
in addition, Li and colleagues showed metformin 
treatment’s ability to block the suppressive func-
tion of myeloid-derived suppressor cells in ovarian 
cancer patients.46

Conclusion
The data herein presented strongly reinforce the 
idea that the development of acquired cDDP 
resistance in ovarian cancer can be associated 
with a rewiring of tumor metabolism and this can 
be exploited therapeutically.
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