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Abstract 
Altered metabolism in tumor cells is required for rapid proliferation but also can influence other phenotypes which affect clinical outcomes such as metastasis and sensitivity to chemotherapy. GWAS-guided integration of NCI-60 transcriptome and metabolome data identified ecto-5’-nucleotidase (NT5E or CD73) as a major determinant of metabolic phenotypes in cancer cells.  NT5E expression and associated metabolome variations were also correlated with sensitivity to several chemotherapeutics including platinum-based treatment.  NT5E mRNA levels were observed to be elevated in cells upon in vitro and in vivo acquisition of platinum resistance in ovarian cancer cells and specific targeting of NT5E increased tumor cell sensitivity to platinum.  We observed that tumor NT5E levels were prognostic for outcomes in ovarian cancer and were elevated after treatment with platinum, supporting the translational relevance of our findings. In this work we integrated and analyzed a plethora of public data, demonstating the merit of such ‘systems oncology’ approach for discovery of novel players in cancer biology and therapy. We experimentally validated the main findings of NT5E gene being involved in both intrinsic and acquired resistance to platinum-based drugs. We propose that the efficacy of conventional chemotherapy could be improved by NT5E inhibition and that NT5E expression may be a useful prognostic and predictive clinical biomarker. 
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Introduction
Cancer is characterized by a high degree of genetic heterogeneity not only between different tumor types but also even between different cell populations within one tumor1. There are multiple mutations that can lead to a malignant cell with multiple downstream pathways being affected2. However, one common characteristic of cancer, irrespective of the causal mutations, is altered metabolism that supports tumor growth and persistence3. Altered metabolism allows malignant cells to survive in the abnormal tumor microenvironment and cope with hypoxia, low pH and low-nutrient content. Such adaptations are absolutely necessary for the survival of malignant cells and have been linked to clinical outcomes, such as metastasis and sensitivity to therapy4,5. Expanding the knowledge of metabolic regulation would not only help understanding the origins of malignant transformations, but also unravel possibilities for specifically disrupting cancerous metabolism and thus new therapeutic options6. 
Metabolic reprogramming of a cancer cell is a complex process, the origin and regulation of which is poorly understood. The precise metabolic alterations in a given tumor depend on a variety of factors, including driver mutations, overall genomic landscape and tumor microenvironment. Integrating system-level omics data can shed light on the inter-connectivity of those components and regulation of metabolism in cancer7. We approached such integration using systematic joint analysis of metabolic and gene expression data. For this we used prior knowledge of genetically influenced metabotypes 8 from genome-wide association studies (GWASs) and a statistical integration method, O2PLS, for combining metabolic and gene expression data from the well-characterized NCI-60 cell line panel. O2PLS is a method of bidirectional statistical modeling between sets of multidimensional data that allows focusing on the correlations of interest and improved interpretability of those correlations9. O2PLS has been successfully used for combining transcriptomic and metabolomic10, proteomic and metabolic profiling data11 and data on different classes of lipid metabolites12. Here our initial hypothesis was that using O2PLS to conduct a joint analysis of gene expression and metabolic profiles in a panel of diverse cancer cell lines could identify a gene or geneset with significant influence over cancer cell metabolism. Since tumour metabolism has been previously described to be associated with therapy resistance, tumour subtypes and outcome, we also hypothesised that the gene(s) thus defined through O2PLS analysis were related to such traits. 
Using this methodology we identified the extracellular nucleotidase, NT5E – which encodes for an ecto-5’-nucleotidase as a major determinant of cancer cellular metabolism. NT5E (CD73) has been previously associated with impaired anti-tumor immune response via production of extracellular adenosine that suppresses T-cells 13 14. Aberrant expression of NT5E has been shown in a number of cancers: melanoma15, leukemia16, glioma17, colorectal18 and breast, notably triple negative,19 cancers. Subsequent bioinformatics investigation confirmed that NT5E was differentially expressed in cancer cell lines depending on oncogene, epithelial-mesenchymal transition (EMT) or hormonal receptor status and that both expression and NT5E activity was correlated with sensitivity to a number of cytotoxic drugs.
Importantly, we observed in several independent datasets that NT5E expression was elevated upon in vitro and in vivo acquisition of resistance to cisplatin in ovarian cancer cell lines.  We confirmed experimentally that cisplatin resistance could be reversed in vitro by targeting NT5E. The translational significance of our findings was supported by the association of NT5E expression to survival in ovarian cancer patients and its increased expression upon cisplatin therapy.  Collectively our data indicate a role for NT5E in mediating sensitivity to platinum chemotherapy in tumors via a direct, cell autonomous alteration in metabolism, and suggest that NT5E inhibition may be a potential therapeutic strategy in platinum resistant disease or for potentiating response in combination with platinum agents.
Experimental Procedures 
Data
List and details of all the publicly available datasets used for the analysis is available in Supplementary Table S1.
Data integration
To limit the number of genes used in the integrative analysis, we focused on the genes that have been previously described to have an influence on metabolic profiles in humans. For this we selected 7 published GWAS studies (Supplementary Table S2) that explored the influence of genetic loci on metabolites levels in blood and urine8. Collectively, 75 genes mentioned in these studies as associated to metabolism were selected for further analysis. The list of the selected genes can be found in Supplementary Table S3.
Orthogonal Projections to Latent Structures, OPLS20, is an extension of a supervised multivariate analysis method - Partial Least Squares (PLS)21 – with an integrated Orthogonal Signal Correction filter (OSC)22. The special feature of OPLS method is that it separates the variation of the data matrix X into the following parts: correlated to the response Y, systemically non-related (orthogonal) to Y and the residual variance. Such a separation allows examining the sources of variation separately and improves the interpretability of the model and makes the method widely applicable in the field of chemometrics and ‘omics’ data analysis23. O2PLS9,24 is a generalization of OPLS that allows prediction in both directions between multivariate matrices X and Y. The model is separated into the joint variation between the matrices and the orthogonal variation present in each of the matrices. O2PLS has been proposed as a method for integration of different ‘omics’ data and successfully used in a number of applications 10-12.
Gene expression and metabolite data were integrated using O2PLS modeling. X and Y data matrices were represented by mRNA and metabolite levels respectively. 7-fold cross-validation was performed to assess the predictive ability of the model, Q2 values were calculated for the model as a whole and for each of the variables in both matrices. The number of predictive O2PLS components was determined based on the scree plot of the PCA analysis of the matrix of covariance between X and Y. The number of orthogonal components was determined by maximizing joint Q2 values for prediction of both X and Y.  Sample permutation was also performed in order to estimate the significance of the obtained Q2 levels. Predictive X and Y loadings represent co-variance between gene expression and metabolomics data.
Survival analysis
Cox proportional hazard model was used to obtain hazard ratios in each of the ovarian cancer datasets separately. Meta-analysis was done with R package survcomp25, the set of Cox regression coefficients was combined using a random effect model.

All the analyses were performed using in-house scripts and publicly available packages in R statistical software (R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria. URL http://www.R-project.org/). Scripts are available upon request.
Gene Set Enrichment Analysis was performed using GSEA software (http://www.broad.mit.edu/gsea/)26 using the collection of gene ontologies as gene sets.
Reagents
Unless otherwise stated, reagents were obtained from Sigma (Sigma-Aldrich Ltd, Dorset, UK).
Cell Culture
PEO1 and PEO4 ovarian cancer cells were obtained from Euan Stronach, Imperial College London. BT549 and MCF7 breast cancer cells were obtained from the Developmental Therapeutics Program, National Cancer Institute. Cells were maintained in RPMI 1640 (phenol red; no glutamine; 10% FBS), supplemented with penicillin/streptomycin, L-glutamine and NEAA (hereafter referred to as growth media), incubated at 37°C and 5% CO2.
Transient NT5E knockdown and cisplatin sensitivity
NT5E expression was knocked down using the siPORT protocol. The siRNA’s used were either Silencer Select validated siRNA targeting NT5E ((Life Technologies Ltd, Paisley, UK; sense: 5’- GUAUCCAUGUGCAUUUUAAtt-3’, antisense: 5’-UUAAAAUGCACAUGGAUACgt-3’) or AllStars Negative Control siRNA (QIAGEN Ltd, Manchester, UK). Briefly, siPORT was diluted 1:20 in Opti-MEM and incubated at room temperature for 10 minutes. AllStars Negative Control siRNA and NT5E siRNA were diluted in Opti-MEM to the final concentration of 10nM. The siPORT (Life Technologies Ltd, Paisley, UK) was then added to each siRNA and incubated at room temperature for 10 minutes. 20μL of either AllStars Negative Control siRNA or siRNA targeting NT5E transfection solution was then added in to each well of a 96 well plate. 6 x 103 cells were added in to each well of the 96 well plates, and media was added to a total volume of 100μL. Cells were incubated at 37°C and 5% CO2 for 24 hours, at which point the media was replaced with growth media supplemented with cisplatin (0µM, 2.5µM). The cells were incubated at 37°C and 5% CO2 for 72 hours, at which point 7.5μL of CCK8 solution was added and they were placed back in to the incubator. After 4 hours the colour change was analysed on a Synergy H1 hybrid plate reader (BioTek UK, Bedfordshire, UK) at 450nm wavelength.
Western blot for NT5E protein
2.5 x 105 cells were added in to each well of a 6 well plate and transfected using the siPORT protocol mentioned above, using 50nM AllStars Negative Control siRNA or siRNA targeting NT5E in a total of 2.5mL of media, and left for 24 hours. The media was then removed and replaced with 2.5mL of normal growth media. After 72 hours, the media was removed and the cells were lysed using RIPA solution (RIPA buffer with 1X protease cocktail inhibitor), centrifuged at 15,000rpm for 15 minutes and the protein supernatant removed. The amount of protein was determined by BCA assay (Thermo Fisher Scientific UK, Hemel Hempstead, UK) with standard protein controls, and analysed on a Synergy H1 hybrid plate reader (BioTek UK, Bedfordshire, UK) at 562nm wavelength.
Western blot was carried out using a standard SDS polyacrylamide gel electrophoresis (PAGE) protocol. 15µg of protein was separated by gel electrophoresis using a 10% poly-acrylamide/bis-acrylamide gel (Tris 600mM, SDS 6mM, 0.75% weight/volume APS, 0.05% TEMED) in SDS PAGE running buffer (Tris 25mM, SDS 17mM, glycine 200mM), and then transferred on to a nitrocellulose membrane in transfer buffer (Tris 25mM, glycine 187mM, 20% methanol). Membranes were stained with ponceau to ensure protein was present, and then washed using wash buffer (1X PBS in dH2O with 0.5% TWEEN). The blots were exposed to blocking solution (wash buffer with 5% powdered milk), and then probed with the following antibodies in blocking solution: rabbit anti-CD73 mAb (1:800, Abcam PLC, Cambridge, UK), donkey anti-rabbit mAb linked to a horseradish peroxidase (HRP) reporter (1:5000, Abcam PLC, Cambridge, UK), mouse anti-β-actin mAb (1:10,000, Sigma Aldrich Ltd, Dorset, UK) and goat anti-mouse mAb linked to a HRP reporter (1:20,000, Abcam PLC, Cambridge, UK). The blots were exposed to enhanced chemiluminescent solution (Supersignal West Pico Chemiluminescent substrate by PIERCE, Thermo Fisher Scientific UK, Hemel Hempstead, UK) for 5 minutes, and immunoreactive bands were detected on a Kodak 4000MM Image Station (Kodak Ltd, Herts, UK).

Results 
NT5E is a major determinant of metabolism in cancer cells
Transcriptomics data for 60 of the NCI60 cell lines was obtained using the Agilent-012391 Whole Human Genome Oligo Microarray G4112A chip (41000 probes); metabolite levels were available for 154 uniquely identified metabolites (Supplementary Table S4) across 58 cell lines. To reduce dimensionality in the analysis and to maximize the likelihood of identifying biologically meaningful associations, when integrating mRNA and metabolic data we focused on genes previously shown to be related to metabolic traits on a systemic level (genetically influenced metabotypes). Genetic variation in a number of genes (Table S2) was previously associated to metabolites concentrations in biofluids in genome-wide association studies (GWAS). 8. We limited our analysis to these GWAS-based genes, which corresponded to 75 unique genes in NCI60 gene expression data, which in turn equated to 119 mRNA probes. The matched gene expression and metabolite levels data for 58 cell lines were used as X and Y inputs for O2PLS analysis, respectively. The optimal O2PLS model comprised 2 predictive, 3 Y- and 3 X-orthogonal components. The amount of variation in mRNA data that correlated to metabolites was found to be 12% and the amount of variation in metabolite data correlated to gene expression 27%. The overall proportion of variance predicted in cross-validation (Q2 values) was 4 and 12%, for mRNA probes and metabolites respectively. To confirm the significance of this level of predictivity the null distribution of the model Q2 was estimated using 1000 datasets with random sample permutations: none of the permuted models produced Q2 values exceeding those of the initial model. The cross-validation procedure in combination with the generation of random null models indicated that the statistical model was not over-fitted. Subsets of variables in each matrix with the highest Q2 values, which contributed the most to the to model predictivity, were identified and are displayed in Figure 1. As can be seen from the scores plot the three probes of NT5E gene have the highest predictive Q2 value. This suggested that of the panel selected the expression of this gene was the most strongly associated to variation in the levels of metabolites across cancer cell lines in the NCI60 panel.
Using OPLS regression to create a model linking intracellular metabolite variation specifically to NT5E expression we then identified metabolites that were correlated explicitly to NT5E, namely: cholesterol, glycerol, guanine, guanosine, inosine, inositol 1-phosphate, N-acetylneuraminic acid, phosphate, uracil (Supplementary Figure S1). Significantly, inosine concentration has been previously shown to be associated with NT5E nucleotide polymorphism in a GWAS study27, in support of our observations.
Validation of the relationship between NT5E expression and metabolite levels was performed using an independent dataset which characterized consumption and release (CORE) profiles of metabolites from media across the NCI-60 cancer cell lines28. As anticipated, NT5E expression showed significant positive correlation to inosine (among other metabolites) and negative correlation to a number of nucleoside-monophosphates (Supplementary Figure S2).
In conclusion, NT5E is not only associated with certain metabolic traits on a systemic level, but also determines metabolic phenotype among cancer cell lines.
NT5E expression and related cellular metabolic phenotypes are associated to chemosensitivity in cell lines
Using the data on the sensitivity of NCI-60 cell lines to a panel of 118 ‘mechanism of action’ drugs29, we found that NT5E expression was negatively correlated with sensitivity to a number of the drugs (namely, high expression of NT5E is associated with low potency of the drug; Table 1).
Sensitivity to two nucleoside analogues, azacytidine and inosine-glycodialdehyde, exhibited the most significant correlations to NT5E expression. As the sensitivity to these chemotherapeutic agents is related to the expression of nucleoside transporters30, it is possible that elevated levels of extracellular nucleosides associated with increased NT5E expression, leads to competition for cellular uptake, thus resulting in less of the chemotherapeutics entering the cell and decreased potency. Interestingly, we also observed that sensitivity to a number of platinum-based drugs was significantly (4/5 compounds significant in univariate test and tetraplatin significant after stringent Bonferroni correction) negatively correlated with the expression of NT5E gene (Table 1). Using the CORE dataset we were further able to confirm that the metabolites associated with NT5E expression were also associated with the sensitivity to platinum agents (Supplementary Figure S3).  We have previously reported associations between a number of the metabolites (inosine, guanine, guanosine, uracil, cholesterol) found to be associated with NT5E expression in our current analysis and platinum sensitivity using a completely different bioinformatics approach of data integration based on over-representation31. These complimentary results obtained using different bioinformatics approaches suggest the existence of a specific metabolic phenotype that is associated with the sensitivity to cytotoxic agents, such as for instance platinum-based drugs.
We also investigated the degree to which the link between NT5E and sensitivity to cytotoxic agents could be explained by differences in growth rates of the cell lines. Although NT5E expression correlated with the doubling times of the cell lines, and negatively with platinum sensitivity (Supplementary Figure S4 a-b), this correlation could not be completely explained by growth rates. Within a homogeneous group of fast-growing cell lines there was a considerable range of NT5E expression, which did not correlate to cell growth, but correlated significantly to drug potency (Supplementary Figure S4 c-d).
NT5E is upregulated in the models of intrinsic and acquired platinum resistance in ovarian cancer
The observed correlation between the NT5E expression and sensitivity to platinum-based drugs is of particular interest in the light of ovarian cancer, for which treatment options are currently limited and typically confined to chemotherapy32. 
To assess whether NT5E expression is associated with resistance to cisplatin treatment, we evaluated expression in the publicly available panel of ovarian cancer cell lines for which sensitivity to cisplatin was determined33. Consistent with our previous observations, we found NT5E expression elevated in the subgroup of ovarian cancer cell lines resistant to cisplatin (p = 0.006; Figure 2a).
However, the observed correlations are indicative of intrinsic sensitivity of the cell lines to the drugs, whereas the major challenge in ovarian cancer is the resistance to chemotherapy that develops after the initial response to the therapy in the majority of patients34. We analyzed several publicly available expression datasets of the ovarian cancer cell lines that are sensitive to platinum and resistant derivatives (in vitro acquired resistance), as well as sensitive and resistant cells derived from the same patient (in vivo acquired resistance). NT5E expression was elevated in 5/6 cell lines with acquired platinum-resistance compared to their sensitive counterparts across independent studies (Figure 2b).
NT5E silencing increases sensitivity to platinum 
Given our findings, we sought experimental validation and functional confirmation of the association between NT5E and platinum sensitivity.  In an initial experiment we characterized two breast cancer cell lines, BT-549 and MDA-MB-231, with relatively high expression of NT5E (as determined in NCI-60 cell line panel data). As we would predict from this, both cell lines showed relatively limited sensitivity to cisplatin (BT-549 being more sensitive then MDA-MB-231). Silencing of NT5E expression led to increased sensitivity to cisplatin in both these cell lines (Figure 3 a-b), supporting our hypothesis that high NT5E expression is causally involved in intrinsic cisplatin insensitivity.
Next, we examined two ovarian cancer cell lines that originated from the same patient tumor before and after the clinical acquisition of resistance to cisplatin: PEO1 (sensitive) and PEO4 (resistant)35. Western blot analysis confirmed that the resistant cell line PEO4 had a higher NT5E protein expression than the sensitive PEO1 cell line (Figure 3e), consistent with our observations on the transcriptional level (Figure 2a).   Silencing of NT5E in PEO1 cell line slightly, though not significantly, increased sensitivity to cisplatin (Figure 3c). While in resistant PEO4 cell line it significantly increased sensitivity to the drug (Figure 3d). These results support our hypothesis that NT5E is involved not only in intrinsic, but also acquired resistance to cisplatin.  Furthermore, they suggest that interfering with NT5E expression can re-sensitize resistant cancer cells to cisplatin.
NT5E expression predicts disease outcome in ovarian cancer patients and is elevated upon treatment with platinum-based agents
Sensitivity to chemotherapy is a crucial factor influencing patient survival in ovarian cancer particularly since debulking surgery is often suboptimal, especially in advanced cancers36. Association of NT5E expression and drug sensitivity is of potential clinical significance, since platinum- and taxane-based drugs are the major chemotherapeutic agents used for treatment of ovarian cancer 32. NT5E expression is strongly negatively associated to sensitivity of cancer cell lines to platinum-based drugs (Table 1). To evaluate the translational relevance of NT5E we conducted a meta analysis of survival outcomes in 6 cohorts of ovarian cancer patients. NT5E was significantly associated to overall survival of ovarian cancer patients (overall hazard ratio 1.21, p=0.005, Figure 4).
Using publicly available gene expression data, we also examined changes in NT5E expression in patient biopsies obtained before and after treatment with either carboplatin or paclitaxel37. We found that NT5E levels were significantly elevated in the post-treatment compared to the pre-treatment samples in patients that had been treated with carboplatin or a combination of paclitaxel/carboplatin (p = 0.0003 in paired t-test; Figure S5). NT5E levels remained unchanged upon treatment with paclitaxel alone (Figure S5). This suggests, in line with our hypotheses, that NT5E upregulation is part of the tumor cell response to stress induced by exposure to platinum-based chemotherapy.
NT5E and cancer subtypes
NT5E showed differential expression throughout the NCI60 panel (Figure S6), with one of the highest variation being in breast cancer cell lines (Figure 5a). This variation corresponded to key clinical subtypes of breast cancer – estrogen receptor positive (ER+) and negative (ER-) disease. NT5E was also found to exhibit higher expression in androgen-insensitive prostate cancer cell lines compared to androgen-sensitive38 (Figure 5b). Ovarian tumors can also be characterized by hormone receptor status39. Using the gene expression data from the cancer genome atlas (TCGA) we stratified ovarian cancer patients into estrogen-positive or -negative based on the median expression of estrogen-receptor alpha gene (ESR1).  We found that the expression of NT5E was higher in tumors with ESR1 expression below the median, compared to the tumors with ESR1 expression above the median, i.e. an inverse association between NT5E and ESR1 expression (p < 10-5; Figure 5c). Examination of other datasets showed that silencing of estrogen-receptor (ER) in breast cancer cells induces upregulation of NT5E expression (Supplementary Figure S7) which is consistent with previous reports40. 
NT5E expression has been previously shown to correlate positively to a known component of cell migration (PLAU) in breast cancer tumors41, and implicated in cell adhesion in glioma17. To investigate whether NT5E is involved in epithelial-mesenchymal transition (EMT), we explored correlation of expression to known markers of EMT42 in NCI60 panel. There was a strong positive correlation of NT5E expression and expression of genes associated with EMT (Supplementary Figure S8a), such as the well known mesenchymal markers, SLUG and Fibronectin (Supplementary Figure S8b-c). Similarly, there was a moderate negative correlation to the expression of the genes decreasing in EMT. This suggests that high NT5E expression might be associated with a more mesenchymal, and thus more aggressive, metastatic phenotype.
In order to get a global view on the potential pathways associated with NT5E expression we performed correlation and geneset enrichment analysis of gene expression across the cancer cell line encyclopedia (CCLE) panel. Gene Ontology terms related to extracellular matrix, regulation of cell migration and cell junctions were enriched among the genes positively correlated with NT5E expression (Supplementary Table S5). Nucleic acid-related metabolic processes, mRNA processing and splicing, as well as DNA repair and replication processes were enriched among the genes negatively correlated to NT5E expression (Supplementary Table S5).
There is a continuous effort to stratify different cancers into subtypes based on their genomic architecture which can be differentially managed in the clinic43. We investigated whether NT5E exhibits various levels of expression in cell lines depending on their mutational status. A panel of 474 cancer cell lines from CCLE44 was used, for which both mutational and gene expression data are available. We found that NT5E expression was significantly elevated in the cell lines that have an oncogenic mutation in either KRAS and/or BRAF, compared to wild type, while expression was lower in cells with mutations in the tumor suppressors PTEN and/or TP53 compared to wild type (Supplementary Figure S9). This result is in accordance to the results of in vivo transcriptomics analysis, in which NT5E expression was reported to be up-regulated in BRAF-mutant serous ovarian tumors compared to wild type tumors45. These findings suggest that NT5E elevation may contribute to any differential response to chemotherapy associated with genomic subtypes of disease.
Discussion 
In the present study we identified NT5E (CD73) as a major determinant of metabolism in cancer cell lines and demonstrated its importance for survival of ovarian cancer patients and resistance to chemotherapy, in particular platinum-based treatment. While the role of NT5E in immunosuppression has been widely reported 13,14,46, our work suggests an additional, cell-autonomous role for NT5E in intrinsic sensitivity to chemotherapy and acquired resistance. We also show that for ovarian cancer cell lines the in vivo acquired resistance to cisplatin can be reversed by blocking the activity of NT5E. Ovarian cancer is generally characterized by very poor prognosis with the treatment options being limited and consisting of cytoreductive surgery followed by platinum- or taxane-based treatment. Despite the initial response to chemotherapy in the majority of cases the resistance to therapy develops and disease recurs. Identification of new targets for overcoming resistance could therefore have a major impact on patient survival.
NT5E expression has been demonstrated to be implicated in a number of cancers: melanoma15, colorectal cancer18, chronic lymphocytic leukemia16, glioma17 and breast cancer19,41,47,48. The mRNA expression and methylation status of NT5E have been correlated to the clinical survival outcome19,41 in breast cancer patients. Antibody therapy against NT5E was suggested as a possible treatment in breast cancer14 and has been shown to suppress metastasis49 and tumor angiogenesis50. Recently NT5E expression has been shown to be negatively associated with ovarian cancer outcome in serous high grade ovarian tumors 51. This confirms our observation of NT5E as a favorable prognostic marker in a broader selection of ovarian cancer patients. Importantly, we show that NT5E expression is also upregulated in ovarian tumors upon chemotherapy. We investigated if upregulation of NT5E expression was a characteristic feature of acquired resistance to cisplatin in ovarian cancer cell lines and if inhibiting its activity could reverse the resistance. We show, using publicly available datasets, that in isogenic pairs of cell lines originated from in vivo and in vitro acquired resistance, NT5E expression is increased upon the acquisition of resistance in the majority (with one cell line as an exception) of cell lines and is consistent through multiple datasets available. The reverse association of NT5E expression in cell lines and sensitivity to chemotherapy was confirmed experimentally. We also demonstrated in vitro that silencing NT5E can reverse the acquired resistance to cisplatin. To the best of our knowledge there are no previous reports regarding the role of the enzyme in sensitivity to chemotherapy in ovarian cancer. 
Despite the suggested importance of metabolism in cancer cells, its relationship to drug sensitivity is rarely discussed52. Our results, as well as previous observations by Cavill et al.31, suggest that metabolism, and nucleotide salvage pathway in particular, can play a pivotal role.
Previously the role of NT5E in promoting survival of cancer cells and metastasis was attributed to its immunosuppressive role due to extracellular accumulation of adenosine in various cancers 13,53, including ovarian 54,55. Recently it has been shown that the inhibition of NT5E does not influence the sensitivity to a chemotherapeutic drug, namely docetaxel, in vitro in breast cancer cell lines, however, is efficient in vivo, indicating the importance of the immune response41. By contrast we show that sensitivity and, more importantly, acquired resistance to cisplatin can be modulated in vitro, which suggests that there are mechanisms other than immunosuppression by which NT5E can influence chemo-sensitivity and resistance. Analysis of the clinical data for ovarian cancer patients provides translational validity of the findings. Surprisingly, a recent paper Virtanen et al. has shown that extracellular adenosine, generated by NT5E, can be rapidly taken up by cells, inhibiting cell invasion and motility, as well as phospho-AMPK1α 56. The latter, if confirmed in our cell lines system, might explain the NT5E involvement in cisplatin resistance: phosphor-AMPK1 inhibits mTOR, inhibition of which has been shown to sensitize resistant ovarian cancer cells to cisplatin 57. It is also possible that NT5E could regulate the availability of nucleotide triphosphates required for DNA synthesis and repair processes58.  Our gene set enrichment analysis also shows correlation between NT5E expression and processes related to mRNA and DNA metabolism, processing and replication. However, the exact mechanism that leads to the effect we observe is still to be elucidated.
Furthermore, NT5E is differentially expressed in cell lines and tumors that correspond to different subtypes of cancer and can be potentially used for identifying more invasive, metastasis-prone subtypes of various cancers. NT5E is highly expressed in cell lines corresponding to the more aggressive ER-negative breast tumors compared to ER-positive cells. In a large panel of cancer cell lines it is differentially expressed between cell lines baring KRAS/BRAF or TP53/PTEN mutations. It has been shown for a number of cancer subtypes that KRAS and TP53 mutations are mainly mutually exclusive and represent two distinct tumor origins59,60. Recently, ovarian cancers have been classified into two distinct groups: Type I with frequent KRAS/BRAF mutations and Type II characterized by TP53 aberrations61. Such classification has therapeutic implications with Type I being less responsive to platinum-based chemotherapy62,63. 
Additionally, Ras oncogenes have been associated to clinical and experimental resistance to platinum-based drugs in ovarian cancer64,65. Our analysis suggests that high NT5E expression is associated with a more mesenchymal phenotype of cancer cells due to the correlation of expression to known markers of EMT, such as TWIST, SNAIL, SLUG and Vimentin. Association of NT5E expression and EMT has also recently been shown for ovarian cancer patients 51. EMT has been implicated in resistance to cisplatin 66,67. This is in contrast to the recent paper by Miow et al. 33, in which epithelial ovarian cancer cell lines are shown to be more resistant to cisplatin than the mesenchymal cell lines. While NT5E expression in these ovarian cell lines is consistent with our hypothesis of high NT5E expression in cisplatin-resistant cell lines, the association and sole definition of the epithelial/mesenchymal status might need further refinement. 
Collectively, this suggests NT5E expression being an important marker relevant for subtyping and assessing difference in chemosensitivity in various types of cancer.

Limitations of the study.  The variables entering the initial O2PLS model were limited by the number of genes described to be associated with metabolic profiles in GWAS studies as well as by the metabolomics data publicly available to date. O2PLS analysis could be redone with the larger panel of genes and metabolites, possibly bringing new knowledge on metabolic control in cancer.   For selective interference experiments, work in other cell lines and ultimately in vivo experiments would add further confidence in our findings.

Conclusions 
Using a systems oncology approach that integrates knowledge of metabolic alterations on a systemic level (through GWAS studies) with omics- data on a cellular level, we identified NT5E as a major determinant of metabolism in cancer cell lines. Although a role for NT5E in cancer is known, our data demonstrates its involvement in sensitivity and acquired resistance to chemotherapy, which is independent of immune system. The strong influence of NT5E on cellular metabolism suggests that metabolism and regulation of extra- and intra- cellular metabolic homeostasis is pivotal in NT5E-promoted metastasis and treatment-resistance. Taken all our data together, we propose that NT5E could represent a novel target for treating platinum-resistance in ovarian cancer. 
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Tables
Table 1  - Analysis of correlation of NT5E expression and sensitivity to chemotherapeutic drugs in NCI60 panel 
	Name
	Pearson correlation coefficient
	p
	p adjusted*

	Inosine-glycodialdehyde
	-0.59
	1.00E-06
	0.0001

	Tetraplatin
	-0.52
	3.00E-05
	0.004

	5-6-Dihydro-5-azacytidine
	-0.49
	0.0001
	0.01

	Nitrogen mustard hydrochloride
	-0.48
	0.0001
	0.01

	Dichloroallyl-lawsone
	-0.48
	0.00015
	0.02

	Fluorodopan
	-0.47
	0.0002
	0.02

	Daunorubicin hydrochloride
	-0.47
	0.0002
	0.02

	Melphalan
	-0.45
	0.0004
	0.05

	…
	…
	…
	…

	Iproplatin
	-0.43
	0.0006
	0.08

	Diaminocyclohexyl-Pt-II
	-0.43
	0.0007
	0.08

	cis-Diamminedichloroplatinum(II) (cisplatin)
	-0.26
	0.05
	1

	Carboplatin
	-0.21
	0.1
	1


* Bonferroni corrected



Figures Legends
Figure 1  - O2PLS analysis
Loadings plots of O2PLS model integrating gene expression (a) and metabolite data (b). In this display the relative position of each point in the two loadings plots indicates if regression coefficients for a given pair of mRNA probe and metabolite correlated or anti-correlated to each other, while distance from the origin and color indicate the magnitude of the association and magnitude of contribution to Q2 respectively.  Variables with Q2 values above 0.2 are labeled.
Figure 2  - NT5E expression in ovarian cancer cell lines with acquired and intrinsic resistance to cisplatin
(a) Fold change of NT5E expression in resistant cell lines (PEO4, A2780CP, CHICisR, M41CisR, TYKnuCisR, OV90C) relative to their parental sensitive counterparts (PEO1, A2780, CHI, M41, TYKnu, OV90). ±SD of biological replicates is shown where applicable. (b) Boxplot of the NT5E expression in two groups of ovarian cell lines: intrinsically sensitive and resistant to cisplatin.
Figure 3  - Effect of NT5E silencing on cisplatin sensitivity in breast and ovarian cancer cell lines.
Barplots show cell number relative to control in MDA-MB-231 (a), BT-549 (b), PEO1 (c) or PEO4 (d) cells transfected with NT5E siRNA (white bar) or with scrambled control (black bar) upon treatment with 0 or 2.5 uM of cisplatin. Error bars show standard deviation over biological replicates (n = 5 for breast cancer cell lines, n = 3 for ovarian cancer cell lines). Below: Western blot analysis of the efficiency of knockdown. (e) Western blot analysis of NT5E protein level in PEO1 and PEO4 cell lines (representative of 3). n.s. not significant, * p < 0.05, ** p < 0.005 (independent t-test)
Figure 4  - Meta-analysis of survival data
Forest plot of NT5E expression association with survival in 6 ovarian cancer studies.  Solid blue lines denote HRs 95% confidence intervals; boxes denote the relative influence of each study over the results; diamond marks the overall HR and its 95% confidence interval.
Figure 5  - NT5E expression and cancer subtypes
NT5E expression according to sex-hormone sensitivity in (a) breast cancer ER+ (white) and ER- (grey) cell lines, error bars indicate standard deviation across multiple probes; (b) prostate cancer cell lines that are androgen-sensitive (AS, white) or insensitive (AI, grey); (c) ovarian cancer tumors stratified by estrogen-receptor level.
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