

  cancers-14-01776




cancers-14-01776







Cancers 2022, 14(7), 1776; doi:10.3390/cancers14071776




Article



Estrogens and Progestins Cooperatively Shift Breast Cancer Cell Metabolism



Ashley V. Ward 1[image: Orcid], Shawna B. Matthews 1, Lynsey M. Fettig 1, Duncan Riley 1, Jessica Finlay-Schultz 1[image: Orcid], Kiran V. Paul 2, Matthew Jackman 3, Peter Kabos 2, Paul S. MacLean 3 and Carol A. Sartorius 1,*





1



Department of Pathology, University of Colorado Anschutz Medical Campus, Aurora, CO 80045, USA






2



Division of Medical Oncology, Department of Medicine, University of Colorado Anschutz Medical Campus, Aurora, CO 80045, USA






3



Division of Endocrinology, Metabolism, and Diabetes, Department of Medicine, University of Colorado Anschutz Medical Campus, Aurora, CO 80045, USA









*



Correspondence: carol.sartorius@cuanschutz.edu; Tel.: +1-303-724-3937







Academic Editors: Ángel Luis García-Otín and Patricia Sancho



Received: 26 February 2022 / Accepted: 29 March 2022 / Published: 31 March 2022



Abstract

:

Simple Summary


Breast cancers are largely controlled by hormones, expressing abundant receptors for estrogen (ER) and progesterone (PR). Reprogramming of energy metabolism is a common feature of tumors, yet how estrogen and progestins (synthetic progesterone drugs) control breast cancer cell metabolism, particularly in combination, is understudied. Here we evaluated the impact of estrogens and progestins, alone or together, on breast cancer cell metabolism. Our results show that hormones significantly impact metabolism, especially in combination. Estrogens tend to target tumor-promoting genes that alter glucose metabolism while progestins target fat storage. Combined hormone treatment increases both glucose metabolism and fat storage, features advantageous for tumor progression. These results may explain, in part, why estrogen-progestin combinations increase breast cancer incidence in post-menopausal women. Targeting hormone-regulated metabolism is a potential novel therapeutic strategy for ER+PR+ breast cancer.




Abstract


Metabolic reprogramming remains largely understudied in relation to hormones in estrogen receptor (ER) and progesterone receptor (PR) positive breast cancer. In this study, we investigated how estrogens, progestins, or the combination, impact metabolism in three ER and PR positive breast cancer cell lines. We measured metabolites in the treated cells using ultra-performance liquid chromatography coupled with mass spectrometry (UPLC-MS). Top metabolic processes upregulated with each treatment involved glucose metabolism, including Warburg effect/glycolysis, gluconeogenesis, and the pentose phosphate pathway. RNA-sequencing and pathway analysis on two of the cell lines treated with the same hormones, found estrogens target oncogenes, such as MYC and PI3K/AKT/mTOR that control tumor metabolism, while progestins increased genes associated with fatty acid metabolism, and the estrogen/progestin combination additionally increased glycolysis. Phenotypic analysis of cell energy metabolism found that glycolysis was the primary hormonal target, particularly for the progestin and estrogen-progestin combination. Transmission electron microscopy found that, compared to vehicle, estrogens elongated mitochondria, which was reversed by co-treatment with progestins. Progestins promoted lipid storage both alone and in combination with estrogen. These findings highlight the shift in breast cancer cell metabolism to a more glycolytic and lipogenic phenotype in response to combination hormone treatment, which may contribute to a more metabolically adaptive state for cell survival.
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1. Introduction


The ovarian hormones estradiol and progesterone profoundly impact breast cancer etiology, growth, and treatment. The two hormones frequently act in coordination in target tissues, including the breast. Most breast cancer diagnoses occur in postmenopausal women and three-quarters are estrogen receptor alpha (ER) and usually progesterone receptor (PR) positive [1]. Since circulating levels of hormones are low in these women, tumor growth relies on local adipose tissue production of estrogen [2]. The role of progesterone is more enigmatic given its near-complete dissipation at menopause [3]. However, studies have repeatedly demonstrated that synthetic progestins given in combination with estrogens, versus estrogens alone in menopausal hormone therapy (MHT), increase breast cancer incidence [4]. Endocrine therapies that target ER through competitive ligands, degraders, or blockade of estradiol production remain the cornerstone of breast cancer treatment. More limited studies describe both synthetic progestins and antiprogestins as having some efficacy at attenuating breast cancer growth (reviewed in [5]). Most studies on estrogens and progestins in breast cancer focus on cell proliferation. There are fewer studies on emerging hallmark processes, such as tumor cell metabolism that impact the ability of cells to adapt and survive, particularly in the context of estrogen/progestin combinations.



ER and PR function predominantly as ligand-activated transcriptional factors and are usually co-expressed in the same cells. ER upregulates genes involved in glucose, amino acid, and fatty acid metabolism, while PR increases expression of genes involved in cholesterol/steroid, fatty acid/lipid, and nucleotide/amino acid metabolism [6,7]. Furthermore, both ER and PR upregulate oncogenes, such as MYC, prospectively leading to pleiotropic effects on breast cancer cell metabolism (reviewed in [8,9]). Non-canonical actions of ER and PR may also impact tumor cell metabolism. For example, both receptors have extranuclear signaling activity through rapid activation of kinases, such as PI3K/AKT/mTOR, which could trigger metabolic changes [10,11]. ER and a truncated form of PR (PR-M) have been reported to localize to the mitochondrial matrix and membrane, respectively, in breast cancer cells, and may influence mitochondrial function [12,13,14,15]. One aspect that has been underexplored is the impact of simultaneous ER and PR activation on breast cancer cell bioenergetics and metabolism. This gap is notable as crosstalk between ER and PR has emerged as prototypical in regulating transcription, and measuring proliferation alone may be insufficient to discern distinct metabolic phenotypes that modulate cell survival (reviewed in [16]).



In relation to metabolic pathways, studies have generally found that estrogens increase several energy-generating processes to satisfy the increased energy and biomass needs of growing cells. Estrogens are reported to stimulate oxidative phosphorylation (oxphos) and glycolysis in a cell-line specific manner (reviewed in [6]). Glutamine uptake and consumption have also been found to increase with estrogen treatment in MCF7 breast cancer cells [17]. There are few studies on how progestins affect metabolic pathways in breast cancer. The synthetic progestin medroxyprogesterone acetate (MPA) increases fatty acid synthase in T47D breast cancer cells and increases de novo lipogenesis and accumulation of lipid droplets [18]. There are scarce reports on how estrogen-progestin combinations impact breast cancer cell metabolism specifically, although one study found glucose transporters were increased with the combination in ZR75-1 cells [19].



In this study, we performed a comprehensive evaluation of the effect of estrogens, progestins, and the combination on modulation of cell metabolism in ER+PR+ breast cancer cells. We found that each hormone alone had a distinct impact on cell metabolism while the combination consistently increased glycolysis. While estrogens promoted mitochondrial elongation, this was reversed by estrogen-progestin combination. Overall, we conclude that estrogen-progestin combinations have a distinct metabolic phenotype over either hormone alone and may promote more metabolic flexibility. These findings have clinical implications for the use of estrogen-progestin combinations in MHT in postmenopausal women, providing one potential mechanism for increased tumorigenesis, and foster further debate over the use of progestins or antiprogestins in combination with anti-endocrine therapy for breast cancer treatment.




2. Materials and Methods


2.1. Cell Lines and Cell Culture Methods


The breast cancer cell line T47D was obtained from the University of Colorado Cancer Center Tissue Culture core and was maintained in minimal Eagle’s medium, 5% fetal bovine serum (FBS), 1× non-essential amino acids, 1 × 10−9 M insulin, 0.1 mg/mL sodium pyruvate, and 2 mM L-glutamine. Generation of breast cancer cell lines UCD4 and UCD65 has been previously described [20]. The UCD4 and UCD65 cell lines were maintained in DMEM/F-12 1:1 with 10% FBS, 1 × 10−9 M cholera toxin, and 1 × 10−9 M insulin. Cell lines were authenticated using short tandem repeat (STR) analysis using the University of Arizona Genetics Core (University of Arizona, Tucson, AZ, USA). All cell lines were routinely tested for mycoplasma contamination using the MycoAlert mycoplasma detection kit (Lonza, Basel, Switzerland). In vitro hormone experiments were performed using phenol red-free media plus charcoal stripped FBS with the same additives described above. Hormone treatment was used as follows: vehicle (0.2% ethanol), 17-β-estradiol (E2), 10−8 M (Sigma-Aldrich, St. Louis, MO, USA); R5020, 10−8 M (PerkinElmer, Waltham, MA, USA); or progesterone (P4), 10−7 M (Sigma-Aldrich), or the combination of E2 plus R5020 (both 10−8 M) for 24 h unless otherwise indicated.




2.2. Metabolomics


Metabolites were extracted from T47D, UCD65, and UCD4 cell pellets treated as above with vehicle, E2, R5020, or E2 plus R5020 in quadruplicate using ice-cold lysis/extraction buffer (5:3:2 methanol:acetonitrile:water) at a concentration of 2 × 106 cells per mL. Metabolomics and analyses were performed using the University of Colorado Cancer Center’s Mass Spectrometry Metabolomics Shared Resource, essentially as described [21,22]. Briefly, after sample randomization, 10 μL of extracts were injected into a Thermo Vanquish UHPLC system (San Jose, CA, USA) and resolved on a Kinetex C18 column (150 × 2.1 mm, 1.7 μm, Phenomenex, Torrance, CA, USA) at 450 μL/min through a 5 min gradient from 5 to 95% organic solvent B (mobile phases: A = water, 0.1% formic acid; B = acetonitrile, 0.1% formic acid in positive ion mode or mobile phases: A = 18 mΩ H2O, 1 mM ammonium acetate; B = acetonitrile, 1 mM ammonium acetate for negative ion mode). Untargeted data acquisition, quality control, and targeted data analysis were performed as previously described [23]. Metabolomics intensity signals were normalized to cell count per sample. The metabolomics data set supporting the conclusions of this article has been deposited to the MetaboLights, a database for Metabolomics experiments and derived information, with the identifier MTBLS2138 [24]. The complete data set can be accessed the corresponding author.



Normalized data was imported into MetaboAnalyst software [25], where data was log-transformed and autoscaled [26]. Partial least squares discriminant analysis (PLS-DA) was performed on all samples within cell lines for visual inspection of clustering patterns and outlier detection. Heatmaps were constructed using Pearson distance with average linkage and depict non-scaled PLS-DA variable importance in projection (VIP) averaged across replicates (n = 4) within treatment groups.




2.3. RNA-Sequencing (RNA-Seq)


Cells were plated in 6 well plates at 5 × 105 (T47D) or 1 × 106 (UCD4) cells/well in phenol red free media and treated with E2, R5020, or the combination as described above for 24 h. RNA was isolated using QIAzol lysis reagent and RNAeasy Mini Kit (Qiagen, Venlo, Netherlands) and treated with RNase-free DNase. Libraries were prepared by the University of Colorado Genomics Shared Resource using Illumina TruSeq Stranded mRNA Library Prep kit and sequenced using paired end 50 cycles 2 × 50 on the NovaSEQ 6000 with >30 million reads per sample obtained. Paired-end 150 nucleotide reads were aligned to the human genome version GRCh38.p13 using STAR. Downstream expression analysis was performed using Cufflinks. The resulting aligned files (BAM) were then used to infer the differentially expressed gene profiles using DESeq2. Pathway analysis was performed using the Molecular Signatures Database hallmark gene set collection.




2.4. Seahorse Metabolic Phenotyping


Metabolic phenotype was determined using the Seahorse Xfe96 Extracellular Flux Analyzer (Agilent, Santa Clara, CA, USA). T47D cells were plated at 1 × 104 cells/well and UCD4/UCD65 cells at 3 × 104 cells/well in the presence of vehicle, E2, R5020, or E2 plus R5020 for 24 h and assessed via the Glycolytic Rate Assay or Mito Stress Test kit (Agilent). Samples were analyzed with 6–8 replicates per treatment. Cell count at time of assay was used for data normalization and obtained using the Cytation 1 Cell Imaging Multi-Mode Reader (BioTek, Santa Clara, CA, USA) with Hoescht 33,342 (Sigma) fluorescent staining.




2.5. Transmission Electron Microscopy


Cells were cultured on PermaNox 60-cm dishes (VWR, Radnor, PA, USA) and treated with hormones, as described. For tumor xenografts, 1 × 106 T47D cells were injected into the mammary fat pad of female NOD/SCID/ILIIrg−/− (NSG) mice supplemented with subcutaneous silastic pellets containing E2 or E2 + P4, as previously described [27,28], and collected after 8–10 weeks. All animal experiments were approved by the University of Colorado Institutional Animal Care and Use Committee. Excised tumors were cut into approximately 1 mm3 pieces, two tumors per treatment were analyzed. Cultured cells and tumor pieces were fixed with 2% paraformaldehyde and 2.5% glutaraldehyde in 0.1 M phosphate buffer and then post-fixed with reduced osmium (1.5% potassium ferrocyanide + 1% osmium tetroxide) followed by 2% osmium tetroxide. Samples were dehydrated with a graded series of ethanol and embedded in a thin layer of Epon. Following Epon curing, small pieces were cut out and re-embedded in blocks that were sectioned at 65 nm on an ultramicrotome, collected on formvar coated slot grids, and post-stained with 2% osmium tetroxide and lead citrate.



At least 10 fields per treatment were imaged and blinded prior to analysis. Mitochondrial length along the longest axis was measured using Fiji and plotted via histogram, with bin mode indicated on the X-axis. Outliers greater than 3 standard deviations outside the mean of the full data set were excluded. Differences in distributions were analyzed using the Kolmogorov–Smirnov test for frequency distributions.




2.6. MitoGFP


T47D cells were labeled overnight with CellLights BacMam 2.0 MitoGFP (Thermo Fisher, Waltham, MA, USA) according to manufacturer’s protocol. Cells were treated for 24 h with vehicle (EtOH), E2 (10−8 M) or P4 (10−8), or E2 + P4 for 24 h then were fixed in 4% paraformaldehyde, counterstained with DAPI, and mounted on coverslips. Images were collected using confocal laser scanning microscopy (Zeiss LSM 780) with 40× objective.




2.7. Lipid Droplet Staining and Quantitation


T47D or UCD4 cells were plated on glass coverslips at 1.5 × 104 cells/well in phenol-free medium in the presence of vehicle, E2 (10−8 M), R5020 (10−8 M), or E2 plus R5020 (10−8 M each) for 5 days. Coverslips were fixed (10% buffered formalin), stained with Oil Red O in propylene glycol (PEG), counterstained with hematoxylin, mounted on slides, and imaged at 40× magnification (Olympus BX40). Neutral lipid stain was quantified on ImageJ and normalized to cell area (4 fields per condition).




2.8. Statistical Analyses


Metabolomics data were analyzed using MetaboAnalyst 5.0 (see Metabolomics section for details). Other statistics were performed using GraphPad Prism 9.3.0 (GraphPad Software, San Diego, CA, USA). Two-tailed Student’s t-tests, one-way ANOVA followed by Tukey multiple comparison tests were used to compare groups where noted. Significance at p < 0.05 is indicated in figures and legends.





3. Results


3.1. Estrogens and Progestins Alter Metabolites in Breast Cancer Cells


We assessed the metabolic impact of hormones in three ER+PR+ breast cancer cell lines: the well characterized T47D line, plus two new cell lines we recently developed, termed UCD4 and UCD65 [20]. T47D cells have wild-type ER and constitutive PR expression. UCD4 cells harbor an activating D538G mutation in ER and have low PR that is modestly increased by estrogens. UCD65 cells have high levels of wild-type ER, and express PR in the absence of estrogens that increases to levels similar to T47D with estrogen treatment [20]. We first measured the impact of estrogens (E2) and the synthetic progestin R5020, alone or in combination, on cell proliferation. Compared to vehicle, E2 increased proliferation in each cell line (modestly in UCD4 likely due to activated ER), while R5020 had variable effects (Supplementary Figure S1). In T47D and UCD4 cells, R5020 did not impact cell growth alone and counteracted E2-stimulated growth. In UCD65 cells, R5020 alone and E2 plus R5020 stimulated growth over vehicle-treated cells. These results underscore the mitogenic effects of estrogens in ER+PR+ breast cancer cells and the well described context specific effects of progestins on cell growth [28].



To measure hormone impact on metabolites, we performed global untargeted metabolomics on T47D, UCD4, and UCD65 cells given the same treatments for 24 h. PLS-DA scores plots show that the metabolite signatures of E2, R5020, and E2 plus R5020 differed from vehicle in all three cell lines, but shared some overlap with each other, particularly in the UCD cell lines (Figure 1A, Supplementary Figure S2A). Total metabolites detected for each hormone treatment can be found using MetaboLights Identifier MTBLS2138 [24]. We stratified total metabolites by positive or negative fold change compared to vehicle for each cell line (Figure 1B, Supplementary Figure S2B). E2 increased three times as many total metabolites in each cell line, while R5020 increased total metabolites in two cell lines (T47D, UCD65), and E2 plus R5020 increased relatively more total metabolites in T47D and UCD4 cells. Heatmaps of the top 25 features by variable importance (VIP) scores were generated using MetaboAnalyst (Figure 1C, Supplementary Figure S2C). In T47D and UCD4 cells, E2 and E2 plus R5050 increased most of the top metabolites, while R5020 effects were equivocal (around half of metabolites increased and half were neutral/decreased). Conversely, in UCD65 cells, R5020 produced a robust increase in almost all of the top metabolites. There was minimal overlap in individual hormone-altered top metabolites between cell lines with the exception of UDP-glucose, which was increased by E2 and E2 plus R5020 in T47D and UCD4 cells, and by R5020 in UCD65 cells. Lactate and L-glutamine, and several other L-amino acids increased with hormone treatments in both UCD cell lines. Collectively, these results show that estrogens and progestins alone or in combination significantly alter metabolites in ER+PR+ breast cancer cells, with a trend towards increasing most of the top metabolites. Note that UCD4, with low PR expression, was less affected by R5020 alone.




3.2. Estrogen and Progestins Enrich Metabolites Associated with Glucose Metabolism


To determine metabolic pathways altered by hormones treatments, we utilized the SMPDB metabolite database and enrichment analysis feature in MetaboAnalyst. The top 25 pathways compared to vehicle are indicated for E2, R5020, and E2 plus R5020 for T47D and UCD4 cells (Figure 2A,B) and UCD65 cells (Supplementary Figure S3). Top ranking pathways with E2 treatment shared in all three cell lines include Warburg Effect, Pentose Phosphate Pathway, Citric Acid Cycle, Glutathione metabolism, and metabolism of multiple amino acids. R5020 treatment alone enriched metabolites involved in Warburg Effect, Gluconeogenesis, and Glutathione metabolism in all three cell lines. In addition, R5020-induced fatty acid metabolism in T47D (glycerolipid metabolism) and UCD65 cells (phosphatidylcholine (PC) and phosphatidylethanolamine (PE) biosynthesis). The combination of E2 plus R5020 enriched for most of these processes in addition to glycolysis across the three cell lines. A summary of metabolite pathway analyses is presented in Table S2. Together, these data demonstrate that estrogens and progestins impact multiple metabolic processes in breast cancer cells, with a consistent pattern of elevated glucose metabolic pathways with each hormone alone or together.




3.3. Estrogen plus Progestins Target Oncogenes That Alter Metabolism and Fatty Acid Metabolism Genes


Prior studies have demonstrated the treatment of breast cancer cells with estrogens or progestins alters the expression of genes involved in cell metabolism [8,9]. To interrogate the contribution of gene regulation by estrogen and progestins alone or together on metabolic pathways, we performed RNA-seq on T47D and UCD4 cells following 24 h of hormone treatments. We conducted pathway analysis using the Molecular Signature Database (MSigDB) hallmark gene set collection (Figure 3A,B, Supplementary Table S2). In both T47D and UCD4 cell lines, E2 upregulated MYC and E2F target genes and mTORC1 signaling, each of which regulate the enzymes controlling metabolic nodes, such as glycolysis [29,30]. In both cell lines, R5020 enriched for genes involved in fatty acid metabolism, TNF alpha signaling, and hypoxia. Combination E2 plus R5020 treatment increased transcripts involved in each of the single hormone processes in a cell line specific-manner in addition to adipogenesis and oxphos (T47D cells), and glycolysis (UCD4 cells). In summary, the combination of estrogens plus progestins increases oncogenes that drive metabolic changes in addition to fatty acid metabolism that would support both energy needs and the generation of macromolecules required for growth.




3.4. Glycolysis Is Increased by Estrogen plus Progestin Treatment in Breast Cancer Cells


Our metabolomics and RNA-seq data sets implicate alterations in metabolic processes related to energy production are the top targets of hormone treatments in all three cell lines. To further investigate how hormone treatments impact energetic profiles we used the Seahorse Glycolytic Rate Assay and Mito Stress Test to measure glycolysis and oxidative phosphorylation rates, respectively, in T47D, UCD4, and UCD65 cells (Figure 4). In Figure 4A, graphs indicate proton efflux rate (PER) over time (glycolytic rate), basal glycolysis, compensatory glycolysis under the inhibition of complex I and III (Rot/AA) in the electron transport chain, and the percent PER from glycolysis. E2 alone had a limited impact on glycolysis, increasing basal glycolysis only in T47D cells with no impact on compensatory or glycolytic PER. R5020 alone increased basal and compensatory glycolysis, and glycolytic PER in T47D and UCD65 cells (the two cell lines with constitutive PR expression). Interestingly, in all three cell lines, E2 plus R5020 increased each glycolysis measurement compared to vehicle or E2 alone. The Mito Stress Test (Figure 4B) detected increased oxygen consumption only in E2 and E2 plus R5020 treated T47D cells. Hormone treatments did not change or decreased maximal respiration or spare capacity in each cell line. In summary, estrogens alone had little to no impact on glycolysis, progestins increased glycolysis in highly PR+ cell lines, and the combination treatment uniformly augmented glycolytic rate. These results highlight progestins as drivers of glycolysis in combination treatments and the trend towards decreased oxphos suggests a preferential shift towards Warburg-like energy metabolism in combination treated breast cancer cells.




3.5. Progestins Revert Estrogen-Induced Mitochondrial Length in Breast Cancer Cells


Since shifts in cell energy metabolism are often accompanied by altered mitochondria, we examined mitochondrial morphology under different hormone treatments. To grossly visualize mitochondrial networks within cells, T47D cells were labeled with a baculovirus GFP construct (MitoGFP) and then treated for 24 h with hormones. Representative confocal microscopy images are shown in Figure 5A. We observed that E2 treatment, compared to vehicle, generally increased mitochondria network density, while R5020 and E2 plus R5020 did not appear to alter mitochondrial density.



To quantitate mitochondrial morphology, we performed transmission electron microscopy (EM) on T47D cells given different hormone treatments and T47D tumors grown in mice supplemented with E2 vs. E2 plus P4 (Figure 5B). We measured mitochondrial axis length, which can indicate capacity for oxidative respiration (Figure 5C). In T47D cells, E2 treatment increased whereas R5020 did not alter mitochondrial axis length compared to vehicle. In cells treated with E2 plus R5020, mitochondrial length was not different from vehicle, suggesting that R5020 blocks the elongating effect of E2. Mitochondria in T47D tumors supplemented with E2 were more elongated than tumors grown with E2 plus P4 (Figure 5D,E). We observed this same trend in UCD65 cells and UCD4 tumors, with E2 alone increasing mitochondrial length and progestin treatment counteracting E2 affects (Supplementary Figure S4A–D). We also measured mitochondrial turnover in T47D cells using the inducible MitoTimer system (Supplementary Figure S4E–G). Estrogen trended towards increased mitochondrial biogenesis while progestins reversed this effect. These results indicate that while estrogens generally expand mitochondria, progestins blunt expansion of mitochondrial networks in a dominant manner.




3.6. Glycerolipid Metabolism Is Increased in Breast Cancer Cells Treated with Progestins and Estrogen/Progestin Combination


Progestin treatment was associated with increased fatty acid metabolism by our metabolite and RNA-seq pathway analysis, which has been previously reported in T47D cells [18]. In support of this data, we performed a lipidome analysis of R5020 compared to vehicle treated T47D cells. Glycerolipids (which include storage lipids such as triglycerides and diacylglycerides) increased in abundance in R5020-treated cells (Supplementary Figure S5). To test whether the lipid storage phenotype occurs in other cell models and with estrogen-progestin combination treatment, we stained T47D and UCD4 cells with Oil Red O (ORO), a neutral lipid stain, after 5 days of hormone treatment (Figure 6A). In both cell lines R5020 and E2 plus R5020 robustly increased cytoplasmic lipid droplets compared to vehicle (Figure 6B). These results support previous data that progestins stimulate glycerolipid biosynthesis in ER + PR+ breast cancer cells alone or in tandem with estrogen treatment.



The impact of estrogen and progestins on breast cancer cell metabolism is summarized in Figure 7. In the presence of estrogens, ER+PR+ breast cancer cells exhibit a basal level of glycolysis and active oxphos in a cell line specific manner. Amino acid metabolism and pentose phosphate pathways are also active in the presence of estrogen. Progestins preferentially shift cellular metabolism towards glycolysis, lactate production, and condensed mitochondria, all characteristics of the Warburg effect. In addition, progestins activate fatty acid biosynthesis, glycerolipid metabolic pathways, and lipid droplet accumulation. The estrogen plus progestin combination cooperatively enhances glycolysis, fatty acid biosynthesis, and condensed mitochondria, which are reported cancer stem cell (CSC) characteristics. The presence of estrogen in the combination treatment also increases PR expression, enhancing the observed phenotypes.





4. Discussion


Metabolic reprogramming is an established hallmark of cancer cells that occurs in conjunction with oncogene activation and transformation. In this study, we investigated the impact of estrogens, progestins, and the combination on global breast cancer cell metabolism in several ER+PR+ cell lines. Hormone treatments significantly altered metabolite profiles with several glucose metabolism pathways including glycolysis, gluconeogenesis, and the pentose phosphate pathway, for example, which were elevated in a hormone and cell-line specific manner. Energetic analysis confirmed that progestins and estrogen-progestin combinations impacted energy metabolism more than estrogen alone, increasing glycolysis with little impact on oxphos. Here we discuss the potential implications of hormone induced shifts in breast cancer cell metabolism with an emphasis on estrogen-progestin combinations, which have not been widely studied.



The seminal discovery that cancer cells activate aerobic glycolysis despite its lower ATP yield (the Warburg effect) has long intrigued scientists [29]. One theory for this phenomenon is that increased expression of glucose transporters in cancer cells leads to ample supplies of glucose for glycolysis and, in addition, provides metabolic intermediates for biosynthetic pathways [30]. A recent multi-omics study conducted on basal, luminal progenitor, and mature luminal cell populations isolated from a normal human breast revealed that basal cells are enriched for glycolysis, while luminal progenitors were enriched for oxphos [31]. Whether these lineage specific metabolic phenotypes persist in breast cancer is unknown. Conventional dogma posits that ER+ breast cancers favor mitochondrial oxphos, while triple negative (TN) breast cancers are highly glycolytic [32,33]. However, estrogens have been described as increasing oxphos and glycolysis in breast cancer cells, although these studies are predominantly limited to the MCF7 cell line [6]. In our metabolite enrichment studies, we found that Warburg effect was significantly altered by estrogens, progestins, and the combination in all three cell lines tested, and glycolysis (or lactate production) was an enriched pathway with progestins and combination treatment. Surprisingly, using functional metabolic analyses, we found that estrogens alone had a limited impact on oxphos or glycolysis, modestly increasing basal glycolysis and respiration only in T47D cells (Figure 4). On the other hand, progestins and estrogens plus progestins significantly increased glycolysis, but not oxphos. Interestingly, progestins blocked estrogen-induced mitochondrial elongation, favoring smaller, rounder mitochondria in cell lines and tumors (Figure 5), which is consistent with lower functional capacity and glycolysis [34]. These results highlight that glycolysis is specifically targeted by progestins alone or with estrogens. Estrogens may have a more significant impact on other glucose metabolic processes not directly measured in our studies.



The impact of progestins on breast cancer cell metabolism alone or with estrogens is particularly interesting, as this has been rarely studied. Progesterone is the key hormone necessary for mammary stem cell fluxes during the estrous cycle and in pregnancy where E2 and P4 are both present (reviewed in [35,36]). In breast cancer, progestins increase mammosphere and tumor initiation, properties of CSCs [37]. While CSCs show considerable metabolic plasticity, in many cases they preferentially utilize glycolysis, prospectively to avoid damaging effects of reactive oxygen species generation during oxphos [38]. Notably, glutathione metabolism, which is elevated in breast CSCs as an antioxidant defense [39], was increased by metabolite analysis with all hormone treatments including estrogen plus progestins. By metabolite analysis and RNA-seq, progestins alone or with estrogens altered fatty acid metabolism. The progestin MPA was previously found to increase expression of stearoyl-CoA desaturase (SCD-1), a lipogenic enzyme that synthesizes monounsaturated fatty acids, and lipid droplets in T47D cells [18]. We confirmed that progestins, alone or with estrogens, increase cytosolic lipid droplet accumulation in T47D and UCD4 breast cancer cells (Figure 6), a feature recently associated with CSCs [40]. Together, the combination of estrogen plus progestin imparts a unique metabolic phenotype that has been associated with cancer cell metabolic resiliency.



We utilized three breast cancer cell lines that, while they share ER+PR+ status, are heterogeneous in their oncogene mutations and growth response to hormones. For example, UCD4 harbors a homozygous somatic activating mutation in the ligand binding domain of ER (D538G) [20]. Therefore, UCD4 is relatively less estrogen responsive than the other cell lines, exhibiting baseline growth without E2 supplementation in vitro and in vivo (Supplementary Figure S1) [28]. Interestingly, exogenously expressed Y537S and D538G ER mutants in MCF7 cells have been associated with increased oxphos with or without glycolysis [41,42]. In UCD4 cells, hormones had no effect on oxphos, but increased glycolysis with estrogen plus progestins (Figure 4). We speculate this is due to estrogen induction of PR that facilitates progestin-induced glycolysis. UCD65 cells were unique in that both estrogens and progestins stimulated growth and progestins had a more profound impact on metabolites (Figure S2). We have observed that progestins attenuate estrogen driven growth of UCD65 tumors in vivo [28], and speculate some of these effects could be through the tumor microenvironment. ER and PR target several oncogenes that are known to impact tumor cell metabolism including MYC and PI3K/AKT/mTOR that increase glucose transport, glycolysis, and lipid synthesis. By RNA-seq, progestin treated cells were enriched for hypoxia, which is indicative of glucose to lactate conversion during glycolysis. Progestins increased TNF alpha signaling, a cytokine involved in both lipid metabolism and breast cancer progression [43]. Collectively, our studies implicate that ER and PR signaling produces an extremely flexible metabolic phenotype.



There are clear implications for estrogen plus progestins altering breast cancer cell metabolism. Incidence rates of ER+PR+, as opposed to TN breast cancer, continue to climb with age and constitute >80% of diagnoses in women >50 [44]. At menopause, the major source of estrogen production transitions to adipose tissue. Obesity is a specific risk factor for ER+PR+ breast cancer in postmenopausal women, prospectively due to increased adipose estrogen production [45]. It is important to note that estrone (E1) is the dominant estrogen produced post menopause and has been associated with increased breast cancer incidence in postmenopausal obesity [46]. Thus, future studies on the impact of E1 vs. E2 on breast cancer cell metabolism could shed light on the increased prevalence of ER+ breast cancer in post vs. premenopausal women. PR was shown to be central to oncogenesis in a rat model of obesity and mammary tumorigenesis [47]. The contribution of progestins to breast cancer incidence was revealed by large trials on MHT. Surprisingly, the use of estrogens alone was not associated with significantly increased breast cancer risk, but rather estrogen plus progestin therapy (EPT) significantly increased the incidence of ER+PR+ breast cancer [48]. These observations have been repeatedly observed with multiple synthetic progestins, while the role of the natural hormone progesterone remains under debate [4,49]. Moreover, mechanisms for EPT-induced breast cancer are speculated to involve awakening of dormant tumor cells and/or expansion of CSCs [50,51]. Our studies support that EPT targets glycolysis and a lipid biogenesis phenotype in breast cancer cells, which are both reportedly enhanced in breast CSCs. We, therefore, speculate that the EPT combination may cause metabolic flexibility in early tumor cells that could trigger their expansion. EPT exposure in existing breast cancers could also be detrimental as a meta-analysis found that tumors expressing high levels of glycolytic proteins corresponded to shorter overall survival of breast cancer patients [52]. Anti-progestins are being explored for treatment of metastatic ER+ breast cancer [53], although their role in modulation of breast cancer metabolism is unknown.




5. Conclusions


Estrogens and progestins are commonly used in women’s medicines, often in combination, and are involved in breast cancer tumorigenesis and progression. Our studies support that estrogens plus progestins target tumor cell metabolism in ER+PR+ breast cancer cells by simultaneously increasing both glycolysis and lipid storage. Surprisingly, progestins appeared to dominantly drive the metabolic phenotype, with estrogens necessary to boost PR in some cell lines. Several other processes, including glutathione antioxidant defense, heightened with estrogen-progestin treatment. Interestingly, each of these processes is reportedly heightened in CSCs. We conclude that EPT may impart metabolic advantages to cancer cells that are not evident by measuring proliferation alone. These observations highlight potential mechanisms of EPT-induced tumorigenesis at menopause and suggest that targeting hormone-driven metabolic phenotypes, particularly lipid metabolism, which has seen some promising recent advances, could be a novel therapeutic vulnerability.
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Figure 1. Estrogens and progestins alter global metabolites in T47D and UCD4 breast cancer cells. Untargeted metabolomics was conducted on samples of T47D and UCD4 breast cancer cell lines treated with E2 (10−8 M), promegestone (R5, 10−8 M), E2 + R5 (10−8 M each), or ethanol (Veh) for 24 h (n = 4 per treatment condition). Metabolomics data were normalized to cell count, log transformed, and auto-scaled in MetaboAnalyst. (A) PLSDA scores plots of T47D or UCD4 samples stratified by hormone treatment. Shaded areas indicate 95% confidence regions; (B) directional summary of metabolites for T47D and UCD4 samples with each hormone treatment compared to vehicle. Decreased and increased metabolites were determined by a negative or positive fold change value from vehicle samples, respectively; (C) hierarchical clustering heatmaps of the top 25 significant metabolites in T47D and UCD4 samples by ANOVA multiple comparisons. Heatmaps were generated using Euclidean distance measure and Ward clustering method. Samples were averaged by treatment (n = 4). 
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Figure 2. Estrogens and progestins enrich metabolites associated with glucose metabolism and fatty acid metabolism. Metabolite enrichment analysis of T47D (A) and UCD4 (B) metabolomics samples for each hormone treatment using a positive 1.2−fold change cutoff from vehicle. Bar charts generated using enrichment over representation analysis feature and SMPDB metabolite database on MetaboAnalyst. Enrichment ratio is calculated by the proportion of observed hits to expected hits. Enrichment scores and p-values are given in Supplementary Table S1. 
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Figure 3. Estrogens and progestins transcriptionally upregulate genes associated with glycolysis, oxidative phosphorylation, and fatty acid metabolism. RNA-seq was conducted on samples of T47D and UCD4 breast cancer cell lines treated with estradiol (E2, 10−8 M), promegestone (R5, 10−8 M), combination (E2 + R5, 10−8 M), or ethanol (Veh) for 24 h (n = 3 per treatment condition). （A,B) Over-representation analysis (ORA) of upregulated pathways in T47D (A) and UCD4 (B) cells for each hormone treatment compared against vehicle. Analysis conducted in CU Anschutz Genomics Core Shiny App using the Molecular Signatures Database (MSigDB) hallmark gene set collection. Tables of pathways and p-values values are given in Supplementary Table S2. 
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Figure 4. Estrogen plus progestin treatment increases glycolytic activity by Seahorse assay. Glycolytic rate (A) and Mito Stress Test (B) assays were conducted on T47D, UCD4, and UCD65 cells treated with estradiol (E2, 10−8 M), promegestone (R5, 10−8 M), combination (E2 + R5, 10−8 M each), or ethanol (Veh) for 24 h to assess glycolytic and mitochondrial oxidative activity, respectively (n = 5–7 per treatment condition). ns = not significant, * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001 for the indicated comparisons using one-way ANOVA. 
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Figure 5. Estrogens elongate while progestins blunt alter mitochondrial length. (A) MitoGFP: representative fields from laser scanning confocal images at 40X magnification in T47D cells treated with estradiol (E2, 10−8 M), progesterone (P4, 10−8 M), combination (E2 + P4, 10−8 M each), or ethanol (Veh) for 48 h then labeled overnight with CellLights BacMam 2.0 MitoGFP. Cells were fixed in paraformaldehyde, counterstained with DAPI, and mounted on coverslips. Images were collected using confocal laser scanning microscopy (Zeiss LSM 780) with 40X objective. (B) Cultured T47D cells treated with estradiol (E2, 10−8 M), promegestone (R5, 10−8 M), combination (E2 + R5, 10−8 M each), or ethanol (vehicle) for 24 h were fixed, sectioned, and imaged using transmission electron microscopy. A representative image set is presented for each cell line and treatment (top). (C) T47D xenograft tumors (2) from mice supplemented with E2 alone or E2 + P4. A representative image set is presented for each tumor and treatment (top). (D) Quantitation of mitochondrial length in T47D cells was measured along the longest axis in Fiji in >200 mitochondria across 10–14 fields per treatment. Histograms represent mitochondrial length corresponding to 100-nm bins. T47D cells, mode: E2 + R5 = 400 nm; Veh, R5 = 500 nm, E2 = 700 nm. (E) Quantitation of mitochondrial length in T47D tumors (two individual tumors plotted separately) was measured and plotted as in D. T47D tumors, mode: E2 + P4 tumors 1,2 = 300; E2 tumors 1,2 = 500 nm. ** p < 0.01, *** p < 0.001 for the indicated comparisons using Kolmogorov–Smirnov test for frequency distributions comparing hormone treatments. 
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Figure 6. Progestins activate glycerolipid metabolism in breast cancer cell lines. (A) Oil Red O (ORO) neutral lipid staining of fixed T47D and UCD4 cells treated with estradiol (E2, 10−8 M), promegestone (R5, 10−8 M), combination (E2 + R5, 10−8 M each), or ethanol (Veh) for 5 days. (B) ORO quantification conducted in ImageJ, normalized to cell area, and fold change (FC) compared against vehicle. Four fields were used per treatment condition. * p < 0.05, *** p < 0.001, ns = not significant. 
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Figure 7. Summary schematic of the metabolic influence of estrogens (E) and progestins (P) on breast cancer cellular metabolism. Estrogens activate oxphos and pentose phosphate pathway (PPP) in a cell line specific manner. Progestins activate glycolysis, lactate production, and fatty acid biosynthesis. The combination further shifts cellular metabolism towards glycolysis and glycerolipid metabolism. Amino acid metabolism, AA Metab; Fatty acid biosynthesis, FA Biosyn; glucose, Glc; Glucose transporter 1, GLUT; oxidative phosphorylation, OXPHOS; pyruvate, Pyruv; tricarbocylic acid cycle, TCA. 
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