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Summary 

Prolonged endocrine therapy is the mainstay of treatment for ER+ breast cancer patients. 

However, resistance develops in many patients which leads to more aggressive disease. 

Understanding the mechanisms of acquired resistance that emerge as a consequence of 

prolonged endocrine treatment remains critical. This study aimed to use gene expression 

profiling to discover induced mechanisms shared by a panel of MCF7-derived acquired resistant 

cells that underpin endocrine resistant growth. The in vitro panel represents resistance to 

oestrogen deprivation, tamoxifen or fulvestrant and includes long-term (3year) models to 

better-mimic clinical endocrine exposure. 

Affymetrix 1.0ST microarrays detected 572 genes induced in all resistant models versus MCF7. 

Over-represented ontologies, pathways and functional classification for these genes revealed 

induction of oxidative phosphorylation (OxPhos) and TCA cycle enzymes in the resistant models, 

a finding further confirmed by mass spectrometry. Increased oxygen consumption, NADH 

dehydrogenase and/or cytochrome C oxidase activity was detected in resistant cells, and 

targeting with OxPhos inhibitors Metformin or Antimycin A confirmed growth-dependency on 

OxPhos. Western blotting for AMPK (energy sensor) activity and its downstream anabolic targets 

(ACC, mTOR/P70S6K) showed Metformin reduced fatty acid and protein synthesis in growth-

sensitive endocrine resistant cells. In silico analysis inferred clinical relevance since many 

TCA/OxPhos genes associated with earlier relapse in ER+ and/or tamoxifen treated patients. 

Monitoring basal glycolysis (extracellular lactate) and growth impact of 2DG or glutamine 

restriction demonstrated glycolysis and glutaminolysis also contribute to endocrine resistance. 

The microarrays furthermore revealed that metabolic kinases PCK2, ALDH18A1 and PFKFB2, and 

components of cell response to Zn were commonly-induced which may additionally help 

endocrine resistant growth. 

This study has revealed increased OxPhos arises as a consequence of prolonged endocrine 

treatment and is a key bioenergetic pathway sustaining resistance. Since resistant growth is 

Metformin-sensitive, such targeting of this energy pathway (alongside further antihormones or 

glycolysis/glutaminolysis inhibitors) could help treat resistance. 
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ALDH7A1          Aldehyde Dehydrogenase 7 Family, Member A1 

ALDH9A1          Aldehyde Dehydrogenase 9 Family, Member A1 

ALG3                 ALG3, Alpha-1,3- Mannosyltransferase 

AMP                  Adenosine monophosphate 

AMPK                AMP kinase 

AOX1                 Aldehyde Oxidase 1 

AP-1                  activator protein 1 

APIP                   APAF1 Interacting Protein 

APS                    Ammonium Persulfate 

AR                      androgen receptor 

ARG2                 Arginase 2 

ASNS                 Asparagine Synthetase 

ASS1                 Argininosuccinate Synthase 1 

ATP                   Adenosine triphosphate 

ATP5J2             ATP Synthase, H+ Transporting, Mitochondrial Fo Complex, Subunit F2 

B4GALT7          Xylosylprotein Beta 1,4-Galactosyltransferase, Polypeptide 7 

BCKDHB            Branched Chain Keto Acid Dehydrogenase E1, Beta Polypeptide 

BCL-2                 B-Cell CLL/Lymphoma 2 

BRCA1               Breast Cancer 1 

BRCA2               Breast Cancer 2 

CAB 39              Calcium Binding Protein 39 

CAF                    cancer-associated fibroblast 

CARS                  Cysteinyl-TRNA Synthetase 

CBS                     Centre of Biotechnology Services 

CCD                    charge-coupled device 

CDH18               Cadherin 18 

CDH3                 Cadherin 3 

CDS2                  CDP-Diacylglycerol Synthase 

CERK                  Ceramide Kinase 

CHPT1               Choline Phosphotransferase 1 

CK17                 Cytokeratin-17 
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CK18                 Cytokeratin-18 

CK5                   Cytokeratin-5 

CK8                   Cytokeratin-8 

COASY              CoA Synthase 

COMT               Catechol-O-Methyltransferase 

CONFIRM         Comparison of Fulvestrant in Recurrent or Metastatic Breast Cancer 

COX                   cytochrome c oxidase 

COX7B               Cytochrome C Oxidase Subunit VIIb 

CREB                  cAMP response element-binding protein 

CS                       Citrate Synthase 

Cu                       Copper 

DAB                    diaminobenzidine 

DAVID                Database for Annotation, Visualization and Integrated Discovery 

DLAT                   dihydrolipoamide acetyltransferase  

DLD                     lipoamide dehydrogenase  

DLST                   Dihydrolipoamide S-Succinyltransferase  

DSC2                   Desmocollin 2  

DTT                     1,4-Dithiothreitol 

E2                        Oestradiol 

EC                        effective concentration 

ECA                     extracellular acidification 

ECHS1                enoyl-CoA hydratase, Short Chain, 1 

EFNA4                Ephrin-A4 

EFNA5                Ephrin-A5 

EFNB2                Ephrin-B2 

EGFR                  Epidermal Growth Factor Receptor 

ELOVL1              ELOVL Fatty Acid Elongase 1 

ELOVL4              ELOVL Fatty Acid Elongase 4 

EPT1                   Ethanolaminephosphotransferase 1 

ER                       Oestrogen Receptor  

ERE                     oestrogen response element 
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GSTA4               Glutathione S-Transferase Alpha 4 

GSTO1               Glutathione S-Transferase Omega 1 

HADH                Hydroxyacyl-CoA Dehydrogenase 

HADH                Hydroxyacyl-CoA Dehydrogenase 

HADHA             Hydroxyacyl-CoA Dehydrogenase/3-Ketoacyl-CoA Thiolase/Enoyl-CoA Hydratase 
(Trifunctional Protein), Alpha Subunit 

HADHB              Hydroxyacyl-CoA Dehydrogenase/3-Ketoacyl-CoA Thiolase/Enoyl-CoA Hydratase 
(Trifunctional Protein), Beta Subunit 

HARS                 Histidyl-TRNA Synthetase 

HCO3                hydrogen carbonate 

HER2                 Human Epidermal Growth Factor Receptor 2 

HK                     hexokinase 

HMGCS2          3-Hydroxy-3-Methylglutaryl-CoA Synthase 2 

HR                      Hazard Ratio 

HRT                    Hormone replacement therapy 

HSFCS                Heat deactivated Stripped Foetal Calf Serum 

IARS                    Isoleucyl-TRNA Synthetase 

ICK                      Intestinal Cell (MAK-Like) Kinase 

IDH1                   Isocitrate Dehydrogenase 1 (NADP+) 

IDH3B                Isocitrate Dehydrogenase 3 (NAD+) Beta 

IGF-1                  insulin-like growth factor 1 

IGF1R                 Insulin-Like Growth Factor 1 Receptor 

IMAC                  Immobilized metal affinity chromatography 

INPP4A              Inositol Polyphosphate-4-Phosphatase Type I A 

INPP5A              Inositol Polyphosphate-5-Phosphatase Type I A 

ISP                      iron-sulfur protein 

ITGB1                Integrin, Beta 1 

ITGB4                Integrin, Beta 4 

ITGB6                Integrin, Beta 6 

KEGG                 Kyoto Encyclopedia of Genes and Genomes 

KMO                  Kynurenine 3-Monooxygenase 

LARS                  Leucyl-TRNA Synthetase 
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LDH                    lactate dehydrogenase 

LDHB                 lactate dehydrogenase B 

LKB1                  liver kinase B1 

LONP1               Lon Peptidase 1 

LTED                  Long Term Oestrogen Deprived 

MARK1             MAP/Microtubule Affinity-Regulating Kinase 1 

MARS               Methionyl-TRNA Synthetase 

MATE               multidrug and toxin extrusion proteins 

MCF7                Michigan Cancer Foundation-7 

MCF7(X)           short-term oestrogen-deprived resistant (25 mo) 

MCF7(X)LT        long -term oestrogen-deprived resistant (36 mo) 

MDH1               malate dehydrogenase 1 

MDH2               Malate dehydrogenase 2 

ME1                  malic enzyme  

MGST1             Microsomal Glutathione S-Transferase 1 

mM                  milimolar 

MMP               mitochondrial membrane potential 

MRPL 15           Mitochondrial Ribosomal Protein L15 

MRPL 17           Mitochondrial Ribosomal Protein L17 

MRPL 2             Mitochondrial Ribosomal Protein L2 

MRPL 20           Mitochondrial Ribosomal Protein L20 

MRPL 21            Mitochondrial Ribosomal Protein L21 

MRPL 34            Mitochondrial Ribosomal Protein L34 

MRPL 37            Mitochondrial Ribosomal Protein L37 

MRPL 40            Mitochondrial Ribosomal Protein L40 

MRPL 47            Mitochondrial Ribosomal Protein L47 

MRPL15             Mitochondrial Ribosomal Protein L15 

MRPL17             Mitochondrial Ribosomal Protein L17 

MRPL2               Mitochondrial Ribosomal Protein L2 

MRPL21             Mitochondrial Ribosomal Protein L21 

MRPL34             Mitochondrial Ribosomal Protein L34 
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MRPL37             Mitochondrial Ribosomal Protein L37 

MRPL40             Mitochondrial Ribosomal Protein L40 

MRPL47             Mitochondrial Ribosomal Protein L47 

MRPS 15            Mitochondrial Ribosomal Protein S15 

MRPS 18A         Mitochondrial Ribosomal Protein S18A 

MRPS 18B         Mitochondrial Ribosomal Protein S18B 

MRPS 34           Mitochondrial Ribosomal Protein S34 

MRPS15            Mitochondrial Ribosomal Protein S15 

MRPS18A          Mitochondrial Ribosomal Protein S18A 

MRPS18B          Mitochondrial Ribosomal Protein S18B 

MRPS24            Mitochondrial Ribosomal Protein S24 

MRPS34            Mitochondrial Ribosomal Protein S34 

MRPS5              Mitochondrial Ribosomal Protein S5 

MRPS5              Mitochondrial Ribosomal Protein S5 

MT1E                Metallothionein 1E 

MT1F                Metallothionein 1F 

MT1G                Metallothionein 1G 

MT1H                Metallothionein 1H 

MT1X                Metallothionein 1X 

MT2A                Metallothionein 2A 

MT-ATP6          Mitochondrially Encoded ATP Synthase 6 

MT-CO3           Mitochondrially Encoded Cytochrome C Oxidase III 

MT-ND1           Mitochondrially Encoded NADH Dehydrogenase 1 

MT-ND2           Mitochondrially Encoded NADH Dehydrogenase 2 

MT-ND3           Mitochondrially Encoded NADH Dehydrogenase 3 

MT-ND4           Mitochondrially Encoded NADH Dehydrogenase 4 

MT-ND4L         Mitochondrially Encoded NADH Dehydrogenase 4L 

MT-ND5           Mitochondrially Encoded NADH Dehydrogenase 5 

MT-ND6           Mitochondrially Encoded NADH Dehydrogenase 6 

mTOR               mammalian Target Of Rapamycin 

NADH                Nicotinamide adenine dinucleotide 
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NADPH              Nicotinamide adenine dinucleotide phosphate 

NCOA3 (AIB1)  Nuclear Receptor Coactivator 3 

NCoR                 Nuclear Receptor Corepressor 

NCoR1               Nuclear Receptor Corepressor 1 

NCOR2 (SMRT) Nuclear Receptor Corepressor 2 

NCoR2               Nuclear Receptor Corepressor 2 

NDUB10            NADH Dehydrogenase (Ubiquinone) 1 Beta Subcomplex, 10 

NDUFA3            NADH Dehydrogenase (Ubiquinone) 1 Alpha Subcomplex, 3 

NDUFA7            NADH Dehydrogenase (Ubiquinone) 1 Alpha Subcomplex, 7 

NDUFA8            NADH Dehydrogenase (Ubiquinone) 1 Alpha Subcomplex, 8 

NDUFA9            NADH Dehydrogenase (Ubiquinone) 1 Alpha Subcomplex, 9 

NDUFAF2          NADH Dehydrogenase (Ubiquinone) Fe-S Protein 2 

NDUFAF4          NADH Dehydrogenase (Ubiquinone) Fe-S Protein 4 

NDUFB10          NADH Dehydrogenase (Ubiquinone) 1 Beta Subcomplex, 10 

NDUFB5            NADH Dehydrogenase (Ubiquinone) 1 Beta Subcomplex, 5 

NDUFB9            NADH Dehydrogenase (Ubiquinone) 1 Beta Subcomplex, 9 

NDUFS1            NADH Dehydrogenase (Ubiquinone) Fe-S Protein 1, 75kDa (NADH-Coenzyme Q 
Reductase) 

NDUFS2           NADH Dehydrogenase (Ubiquinone) Fe-S Protein 2, 49kDa (NADH-Coenzyme Q 
Reductase) 

NDUFS3           NADH Dehydrogenase (Ubiquinone) Fe-S Protein 3 

NDUFS7           NADH Dehydrogenase (Ubiquinone) Fe-S Protein 7, 20kDa (NADH-Coenzyme Q 
Reductase) 

NDUFS8           NADH Dehydrogenase (Ubiquinone) Fe-S Protein 8, 23kDa (NADH-Coenzyme Q 
Reductase) 

NDUFV1           NADH Dehydrogenase (Ubiquinone) Flavoprotein 1, 51kDa 

NDUFV2           NADH Dehydrogenase (Ubiquinone) Flavoprotein 2, 24kDa 

NEU1                Sialidase 1 

nM                    nanomolar 

NRP1                Neuropilin 1 

OAA                   Oxaloacetate 

OC                      oxygen consumption 

OCT                   Organic Cation Transporter 



15 

 

OGDHL             Oxoglutarate Dehydrogenase-Like  

OMIM               Online Mendelian Inheritance in Man 

ORA-O              Over Represented Analysis- Ontology 

ORA-P               Over Represented Analysis-Pathway 

OS                      overall survival 

OxPhos             Oxidative phosphorylation 

p53                   Tumor Protein P53 

P70S6K             Ribosomal Protein S6 Kinase, 70kDa, Polypeptide 1 

PBS                   phosphate buffer saline 

PC                     pyruvate carboxylase 

PCDH9             Protocadherin 9 

PCK2                Phosphoenolpyruvate Carboxykinase 2 

PDHA1               Pyruvate Dehydrogenase (Lipoamide) Alpha 1 

PDHB                 Pyruvate dehydrogenase B 

PDK1                  pyruvate dehydrogenase kinase  

PEP                     phosphoenolpyruvate 

PET                     positron emission tomography 

PFKFB2              6-Phosphofructo-2-Kinase/Fructose-2,6-Biphosphatase 2 

PGM1                 Phosphoglucomutase 1 

PGS1                   Phosphatidylglycerophosphate Synthase 1 

PI3K                    Phosphatidylinositol 3-Kinase 

PIGO                   Phosphatidylinositol Glycan Anchor Biosynthesis, Class O 

PLEC                   Plectin 

PMAT                 plasma membrane monoamine transporters 

PNP                    Purine Nucleoside Phosphorylase 

POLR2C             Polymerase (RNA) II (DNA Directed) Polypeptide C 

POLR2H            Polymerase (RNA) II (DNA Directed) Polypeptide H 

POLR2I              Polymerase (RNA) II (DNA Directed) Polypeptide I 

POLR3D            Polymerase (RNA) III (DNA Directed) Polypeptide D 

PPA2                 Pyrophosphatase (Inorganic) 2 

PPP                   pentose phosphate pathway 
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PR                      progesterone receptor 

PRKAA1            Protein Kinase, AMP-Activated, Alpha 1 Catalytic Subunit 

PRKAA2            Protein Kinase, AMP-Activated, Alpha 2 Catalytic Subunit 

PRKAB1            Protein Kinase, AMP-Activated, Beta 1 Non-Catalytic Subunit 

PRKAB2            Protein Kinase, AMP-Activated, Beta 2 Non-Catalytic Subunit 

PRKAG1            Protein Kinase, AMP-Activated, Gamma 1 Non-Catalytic Subunit 

PRKAG2           Protein Kinase, AMP-Activated, Gamma 2 Non-Catalytic Subunit 

PRKAG3           Protein Kinase, AMP-Activated, Gamma 3 Non-Catalytic Subunit 

PRKD3              Protein Kinase D3 

PRPS1               Phosphoribosyl Pyrophosphate Synthetase 1 

PRSS3                 Phosphoribosyl Pyrophosphate Synthetase 3 

PSMA1               Proteasome Subunit Alpha 1 

PSMA6               Proteasome Subunit Alpha 6 

PSMB6               Proteasome Subunit Beta 6 

PSMC4               Proteasome 26S Subunit, ATPase 4 

PSMD2               Proteasome 26S Subunit, Non-ATPase 2 

PSMD8               Proteasome 26S Subunit, Non-ATPase 8 

PSME1               Proteasome Activator Subunit 1 

PSME3               Proteasome Activator Subunit 3 

PSPH                  Phosphoserine Phosphatase 

PTDSS1              Phosphatidylserine Synthase 1 

PTEN                  Phosphatase And Tensin Homolog 

Q                        ubiquinone 

Raptor               Regulatory Associated Protein of MTOR  

RFS                     relapse free survival 

RIOK1                RIO Kinase 1 

ROBO1              Roundabout Guidance Receptor 1 

RPMI                 Roswell Park Memorial Institute 

RUNX2              Runt related transcription factor  

SCX-HPLC         strong cation exchange chromatography  

SDHB                 Succinate dehydrogenase B 
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SDS-PAGE        Sodium dodecyl sulphate polyacrylamide gel electrophoresis 

SEM                   standard error of the mean 

SEMA3A            Semaphorin 3A 

SEMA3C            Semaphorin 3C 

Ser                     Serine  

SERD                 selective oestrogen receptor down-regulators 

SERM                selective oestrogen receptor modulator 

SFCS                  Stripped Foetal Calf Serum 

SGPL1                Sphingosine-1-Phosphate Lyase 1 

SHMT2              Serine Hydroxymethyltransferase 2 

SLC1A5             Solute Carrier Family 1 (Neutral Amino Acid Transporter), Member 5 

SLC1A5             Solute Carrier Family 1 (Neutral Amino Acid Transporter), Member 5 

SLC22A1           Solute Carrier Family 22 (Organic Cation Transporter), Member 1 

SLC22A2           Solute Carrier Family 22 (Organic Cation Transporter), Member 2 

SLC22A3           Solute Carrier Family 22 (Organic Cation Transporter), Member 3 

SLC25A11         Solute Carrier Family 25 (Mitochondrial Carrier; Oxoglutarate Carrier), Member 
11 

SLC25A13         Solute Carrier Family 25 (Aspartate/Glutamate Carrier), Member 13 

SLC25A20         Solute Carrier Family 25 (Mitochondrial Carrier; Ornithine Transporter) Member 
2 

SLC25A3           Solute Carrier Family 25 (Mitochondrial Carrier; Phosphate Carrier), Member 3 

SLC25A31         Solute Carrier Family 25 (Mitochondrial Carrier; Adenine Nucleotide Translocator), 
Member 31 

SLC25A33         Solute Carrier Family 25 (Pyrimidine Nucleotide Carrier), Member 33 

SLC25A4            Solute Carrier Family 25 (Mitochondrial Carrier; Adenine Nucleotide Translocator), 
Member 4 

SLC25A5           Solute Carrier Family 25 (Mitochondrial Carrier; Adenine Nucleotide Translocator), 
Member 5 

SLC25A5           Solute Carrier Family 25 (Mitochondrial Carrier; Adenine Nucleotide Translocator), 
Member 5 

SLC25A6           Solute Carrier Family 25 (Mitochondrial Carrier; Adenine Nucleotide Translocator), 
Member 6 

SLC29A4            Solute Carrier Family 29 (Equilibrative Nucleoside Transporter), Member 4 

SLC2A1              Solute Carrier Family 2 (Facilitated Glucose Transporter), Member 1 
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SLC2A2              Solute Carrier Family 2 (Facilitated Glucose Transporter), Member 2 

SLC2A3              Solute Carrier Family 2 (Facilitated Glucose Transporter), Member 3 

SLC2A4              Solute Carrier Family 2 (Facilitated Glucose Transporter), Member 4 

SLC39A7            Solute Carrier Family 39 (Zinc Transporter), Member 7 

SLC47A1            Solute Carrier Family 47 (Multidrug And Toxin Extrusion), Member 1 

SLC47A2            Solute Carrier Family 47 (Multidrug And Toxin Extrusion), Member 2 

SLC7A5              Solute Carrier Family 7 (Amino Acid Transporter Light Chain, L System), Member 
5 

SLC7A6              Solute Carrier Family 7 (Amino Acid Transporter Light Chain, Y+L System), Member 
6 

SMPD1              Sphingomyelin Phosphodiesterase 1 

SP-1                    Specificity Protein 1 

SRC-1                 Steroid Receptor Coactivator-1 

SRC-2                 Steroid Receptor Coactivator-2 

SRC-3                 Steroid Receptor Coactivator-3 

STK11                Serine/Threonine Kinase 11 

STK35               Serine/Threonine Kinase 35 

STOML2            Stomatin (EPB72)-Like 2 

STR                    Short Tandem Repeat 

STRADA             STE20-Related Kinase Adaptor Alpha 

STRADB             STE20-Related Kinase Adaptor Beta 

STT3A                Subunit of the Oligosaccharyltransferase Complex 

TALDO1             Transaldolase 1 

TamR                 short-term tamoxifen resistant (18 mo) 

TamRLT             long-term tamoxifen resistant (36 mo) 

TBST                  Tris-buffered saline with Tween 20 

TCA                    tricarboxylic acid  

TdT                    terminal deoxynucleotidyl transferase 

TEK                    Tec Protein Tyrosine Kinase 

TEMED               Tetramethylethylenediamine 

TFF1                   Trefoil Factor 1 

Thr                     Threonine 
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TIMM                Translocase Inner Mitochondrial Membrane  

TIMM17A         Translocase Of Inner Mitochondrial Membrane 17 Homolog A 

TIMM44            Translocase Of Inner Mitochondrial Membrane 44 

TIMM8A            Translocase Of Inner Mitochondrial Membrane 8 Homolog A 

TIMM9               Translocase Of Inner Mitochondrial Membrane 9 

TiO2                    titanium dioxide 

TMT                    Tandem Mass Tag 

TOMM               Translocase Outer Mitochondrial Membrane  

TOMM20          Translocase Of Outer Mitochondrial Membrane 20 

TSC2                  Tuberous Sclerosis 2  

UDG                  uracil DNA glycosylase 

UniProt            Universal Protein Resource 

UQCRFS1          Ubiquinol-Cytochrome C Reductase, Rieske Iron-Sulfur Polypeptide 1 

UQH2                Ubiquinol 

UST                    Uronyl-2-Sulfotransferase 

VDAC                 voltage dependent anionic channels 

VRK3                  Vaccinia Related Kinase 3 

WARS                 Tryptophanyl-TRNA Synthetase 

XSFCS                charcoal stripped foetal calf serum 

XYLB                  Xylulokinase Homolog 

YARS                  Tyrosyl-TRNA Synthetase 

Zn                       Zinc 
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Moreover, germline mutation of BRCA1, BRCA2, p53 and PTEN genes have been associated with 

5-10% of hereditary breast cancer cases (Dumitrescu and. Cotarla, 2005). However, the vast 

majority of breast cancers are sporadic.  

1.3.3 Alcohol consumption and diet 
The study by Dumitrescu and Cotarla. (2005) also showed an association between increased risk 

of breast cancer and alcohol intake in a dose dependent manner. Based on this study, 0.75-1 L 

alcohol consumption per day appeared to increase the risk by 9%. Moreover, high fat diets (40% 

fat in calories, and seen in western diets) enriched with cholesterol (a precursor for steroid 

hormones including oestrogen) can drive development of breast cancer (Aguas et al. 2005). 

Interestingly, high fibre diets (35-45g per day) have an inhibitory role on intestinal resorption of 

oestrogens and reducing breast cancer incidence in African, Asian and South American women 

(Aguas et al. 2005). 

1.3.4 Obesity 
Obesity in postmenopausal women has been associated with increased risk of breast cancer 

development. The excess fat increases aromatization of androstenedione to oestrone and thus 

increases the plasma level of oestrogen (android obesity) (Aguas et al. 2005). The study by 

Dumitrescu and Cotarla (2005) showed each 5 kg of weight gain increases risk of breast cancer 

by 8% in obese women, supporting the idea that increased fat (cholesterol) plays an important 

role in synthesis of oestrogen in adipose tissue, promoting breast cancer. 

1.3.5 Age and steroid hormones 
Breast cancer incidence is associated with age, and the disease is rare before age 20 but 

increases gradually according to age. This is believed to be due to oestrogen secretion from the 

ovaries during the female reproductive period. Furthermore, the age at menarche and 

menopause (i.e. exposure time to oestrogen) contributes to breast cancer pathogenesis 

(Abdulkareem et al. 2013). A longer exposure time to endogenous oestrogen (early menarche 

or delayed menopause) in combination with genetic and life style factors all serve to increase 

the risk of breast cancer in women (Aguas et al 2005).  

1.3.6 Exogenous oestrogen 
Hormone replacement therapy (HRT) in postmenopausal women for >5 years has also been 

associated with increased breast cancer incidence (Aguas et al 2005). The meta-analysis study 

by Dumitrescu and Cotarla (2005) showed long term HRT is correlated with excess breast 

tumours in women aged 50-70. A large meta-analysis study involving 150,000 women also 

showed a modest adverse effect of oral contraceptives (containing oestrogen) on breast cancer 

incidence for those who start taking contraception before age 20 (Aguas et al 2005). 



22 

 

1.4 Oestrogen and ER signalling 
Overall, many of the above risk factors evidence a central importance for the steroid hormone 

oestrogen in driving breast cancer development. In premenopausal women, ovaries are the 

main source for oestrogen secretion which circulates in the blood to act on distal target tissues 

(Simpson et al. 2003). Local oestrogen production also occurs in both pre and postmenopausal 

women in the breast fibroblasts (Miller et al. 1976), while in postmenopausal women oestrogens 

are derived predominantly in adipose tissue and muscle by aromatization of androgens 

(Johnston et al. 2003). A high proportion of breast cancers are positive for the expression of the 

oestrogen receptor (ER, found in approximately 70%), and consequently patients with such 

tumours often benefit from endocrine measures which target the ER. ER signalling, however, is 

complex, as are the myriad of treatments which seek to deprive tumour cells of oestrogen.  

1.4.1 Genomic ER signalling 
Oestrogen receptor alpha (ER) is a nuclear receptor coded by ESR1 and is the principle receptor 

for oestrogen in breast cancers. ER has two transactivation domains: one at the amino-terminal 

(activation function (AF)-1) and the other at the carboxy-terminal (AF2) (Kumar et al. 1987). 

Growth factors and their associated kinases regulate the AF1 domain (Kato et al. 1995), while 

oestrogen binding to the receptor activates the AF2 domain (Kumar et al. 1987). Synergistic 

activity of both domains is required for maximal ER transcriptional activity.  

In ER+ breast tumours, oestrogen from the plasma or from breast tissue (fibroblasts) diffuses 

into the cancer cells and physically binds to the ligand binding domain in its receptor protein. 

This causes a conformational change allowing the helix 12 region to retain the hormone in its ER 

binding pocket and the ER to dissociate from its protective heat shock proteins, dimerise and 

enter the nucleus. ER interactions can occur with coactivators (such as steroid receptor 

coactivators SRC-1, SRC-2, and SRC-3) or corepressor (such as nuclear receptor corepressor 

NCoR1 and NCoR2) proteins in a tissue specific pattern (Klinge et al. 2000), and when oestrogen 

is bound coactivator recruitment enhances ER transcriptional activity. The oestrogen-bound ER 

can also suppress gene expression but this involves corepressor recruitment. The E2/ER complex 

subsequently associates via the ER DNA binding domain with oestrogen response element (ERE) 

sequences within the promoter of genes to exert transcriptional control (Johnston et al. 2003). 

In parallel to its classical genomic mechanism, the E2/ ER complex can bind additionally to AP-

1/SP-1 sites in gene promoters via tethering to other transcription factors to influence 

transcriptional events (Heldring et al. 2007). Critically, gene transcription promoted by 

oestrogen involves the upregulation of cell survival proteins (such as cyclins, survivin, growth 
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Perou et al. (2000) which analysed gene expression (using cDNA microarrays) of normal and 

malignant breast tissues, including ductal carcinoma in situ, lobular carcinoma, infiltrating ductal 

carcinoma, fibroadenoma and normal breast tissue, employing a hierarchical clustering analysis 

of 1,753 genes has enabled the molecular subtyping of breast cancers. This study identified four 

molecularly-defined subgroups comprising luminal (ER+), basal, HER-2 positive and normal. 

Molecular classification based on expression of specific subsets of genes has revealed variation 

in signalling pathways, cellular composition and growth rate between such breast tumours. 

Similarly, Sorlie et al. (2001) using hierarchical clustering of 427 genes in malignant and non-

malignant breast samples have classified breast tumours into 4 main groups involving luminal 

(termed A, B and C; characterized by different expression of the ER and oestrogen-regulated 

genes), basal, HER-2 positive and normal. Furthermore, in this study survival analyses (overall 

survival (OS) and relapse free survival (RFS)) of breast tumours from 49 patients with locally-

advanced disease and with no distant metastases was determined vs. molecular subtype. Basal-

like and HER2+ tumours which were characterized with distinct gene expression from the 

luminal tumours were associated with the shortest OS and RFS (Sorlie et al. 2001). Building 

further on these expression studies, breast tumours have been classified as follows, with two of 

the subtypes (luminal A and B) hallmarked by ER expression: 

1.5.1 Luminal A tumours 
Luminal A breast cancer is characterised by ER, oestrogen regulated genes PR and Bcl-2, and 

cytokeratin CK8/18 expression, an absence of HER2 overexpression, and a low proliferation rate, 

as measured by Ki67 staining (Perou et al. 2000 and Sorlie et al. 2001). This subtype accounts for 

50-60% of breast tumours. Breast cancer patients with luminal A subtype disease have a better 

prognosis, with a 27.8% relapse rate and median 2.2 years survival from the time of relapse, as 

compared to other subtypes (Kennecke et al. 2010). Bone metastases incidence (18.7%) is higher 

in luminal A subtype patients, as compared to central nervous system, lung and liver metastases 

which account for 10%. Many Luminal A tumours show growth dependency on oestrogen/ER 

signalling since they commonly respond to endocrine treatment such as tamoxifen and 

aromatase inhibitors (AIs) (Guarneri et al. 2009).  

1.5.2 Luminal B tumours 
The Luminal B subtype is again characterised by ER expression but has a more aggressive 

phenotype, higher proliferative index and worse clinical outcome as compared to luminal A 

tumours. It accounts for 10-20% of breast tumours. Luminal B tumours are associated with 30% 

bone metastases and 13.8% recurrence in other organs such as liver. A median 1.6 year survival 

has been estimated for breast cancer patients with luminal B tumours (Kennecke et al. 2010). 
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analysis from genome-wide RNA interference screens will be required for more accurate breast 

tumour taxonomy (Mackay et al. 2011). In addition to these molecular subtype studies, 

some successful molecular prognosis tools have been developed from gene expression 

signatures to predict recurrence risk (for 10 years) in cancer patients. Oncotype DX (Genomic 

Health) and Prosigna (NanoString Technologies) can help screen ER+ tumours for additional 

chemotherapy in patients treated with endocrine agents. Mammaprint (Agendia) predicts risk 

of distant recurrence and again screens patients for chemotherapy. These tools can help predict 

if a patient would get benefit from chemotherapy. However, in the clinic the most useful 

selection criteria for further breast cancer patient treatments remains those based only on ER 

status, together with PR and HER2. ER+ (as well as PR+) predicts increased likelihood of response 

to endocrine therapy, HER2+ predicts increased likelihood of response to HER-2 targeted 

therapy (e.g. trastuzumab) and a triple negative tumour status predicts possible response to 

chemotherapy (Clarke et al. 2015). 

1.6 Types of endocrine therapies available to treat ER+ breast cancer patients 
In 1896 George Beatson showed oophorectomy in an advanced breast cancer patient was able 

to reduce the size of her metastatic tumour and thus established, for the first time, a link 

between ovarian secretions (subsequently shown to be oestrogens) and breast cancer 

progression. Since that time, multiple endocrine therapies have been developed to either inhibit 

oestrogen synthesis within the body or block its capacity to activate oestrogen signalling within 

breast cancer cells (Miller et al. 2007). Characteristically, all such endocrine agents exert a 

cytostatic effect on tumours by causing a cell cycle arrest at G1/S phase (Doisneau-Sixou et al. 

2003) to reduce their rate of proliferation (Dowsett et al. 2005). ER+ tumours (i.e. luminal A and 

B subtypes) comprise the target patient group. The management of such tumours can include 

targeting ER activity/expression (antioestrogens: tamoxifen/fulvestrant) or inhibiting oestrogen 

production (with zoladex in premenopausal women and AIs in postmenopausal women). 75% of 

both ER+/PR+, and 50% of ER+ tumours, respond to one or more endocrine agents. 

1.6.1 Oestrogen receptor blockers: Antioestrogens 
The non-steroidal drug Tamoxifen was found to competitively bind to ER and to cause 

conformational changes involving a shift of helix 12 into the AF2 site (Wakeling et al. 2000). This 

blocks coactivator binding and reduces the transcription of oestrogen regulated genes (Wakeling 

et al. 2000 and Dowsett et al. 2006). Significantly, tamoxifen only blocks ER signalling through 

the AF2 site, while the AF1 site remains active to exert variable partial oestrogen (agonist) 

activity (Wakeling et al. 2000) in a tissue and species manner (Jordan et al. 1987). Because of 

this property, tamoxifen is categorised as a selective oestrogen receptor modulator (SERM). 
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(Howell et al, 2004). Such drugs which cause severe oestrogen deprivation can be subdivided 

into two categories: Reversible (competitive) non-steroidal inhibitors (anastrazole and letrozole) 

and irreversible steroidal inhibitors (e.g. exemestane) (Johnston et al. 2003). In each instance, 

these drugs have proved highly effective at delaying the recurrence of primary breast cancer 

and promoting tumour remissions in women with recurrent disease (Doughty et al. 2011). 

Indeed, when used as a neoadjuvant endocrine treatment they are able to shrink the size of 

tumours in postmenopausal women with large and inoperable cancers (Larionov et al. 2009).  

1.7 Resistance to endocrine treatment 
Endocrine therapy is an effective treatment in ER+ breast cancer patients. However, resistance 

can be present de novo, which involves lack of response to first line endocrine therapy, and can 

also occur as acquired resistance after initial response to the treatment via tumour recurrence. 

Inherent resistance in the neoadjuvant setting can be observed in 30-50% of patients (Colleoni 

et al. 2012). In the adjuvant setting, approximately 40-50% of initial responders eventually 

relapse during or after completion of adjuvant treatment with acquired resistance (Ma et al. 

2009). Clinical studies showed 10-15% of early stage breast cancer relapse within 5 years 

(Dowsett et al. 2010) and 30% recurrence was observed by 15 years (Early Breast Cancer Trialists' 

Collaborative Group: EBCTCG, 2005). In addition, virtually all advanced disease patients 

ultimately progress on endocrine therapy with acquired resistance. 

In vitro mechanistic studies of acquired resistance to endocrine treatment have involved ER+ 

breast cancer cells continuously treated with anti-oestrogens (tamoxifen or fulvestrant), or by 

oestrogen depleting culture media, for various time points from 6-18months to investigate 

molecular changes in response to endocrine treatment and on acquisition of resistance 

(Knowlden et al. 2003, Staka et al. 2005, Nicholson et al. 2007). Moreover, breast cancer cells 

transfected with aromatase genes (CYP19) have aimed to model tumour response to AIs in 

postmenopausal women (Masri et al. 2008) and in vivo study of xenograft models by Brodie et 

al. (2010) has investigated the mechanism of acquired resistance to AIs.  

Clinical studies to investigate response and resistance mechanisms can involve study of tumour 

samples taken from either the neoadjuvant or adjuvant setting. In the neoadjuvant setting, the 

tumour remains in place during the treatment course and thus mammography or 3D ultrasound 

(measuring tumour size) can be used to determine clinical tumour response to the neoadjuvant 

endocrine treatment. Sequential biopsies can thus be used to investigate molecular changes 

(both gene expression and protein expression) in responsive and inherently resistant tumours 

during treatment (Miller et al. 2007 and 2009). The effect of endocrine treatment in the adjuvant 

setting can be monitored when the primary tumour has been surgically removed, by analysing 
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patient survival and recurrence over long term follow up. Samples can be taken at surgery for 

mechanistic study and this can be related to subsequent time to recurrence. Two issues are 

associated with this type of study in relation to recurrence in the adjuvant setting: first, patient 

sample group size should be large enough for statistical analysis of recurrence rate after 

endocrine treatment (Larinov et al. 2009) and the second is related to tumour assessment to 

determine if the recurrence has been acquired during the course of endocrine treatment (rather 

than due to inherent tumour aggressiveness) (Dixon et al. 2014). Furthermore, it is usually not 

possible to study mechanisms within clinical acquired endocrine resistant samples because 

relapsed, metastatic tissue remains scarce as it often occurs in life-threatening, inaccessible 

sites. Consequently, cell models have proved an important research tool in understanding 

mechanisms underpinning acquired endocrine resistance in breast cancer. 

1.8 Previously-studied resistant mechanisms to endocrine treatment 
1.8.1 ER status 
ER negative breast cancers are de novo resistant to endocrine treatment and Brouckaert et al. 

(2013) showed tumours with low ER expression also can respond poorly to endocrine therapy 

but may benefit from adjuvant chemotherapy. Approximately 40-60% of tumours with enriched 

ER expression respond to endocrine treatment. The response rate and clinical benefit is up to 

75% in tumours when ER expression is accompanied with PR expression (Brouckaert et al. 2013). 

PR expression (an oestrogen regulated gene) can indicate ER activity in tumour cells, and in 

addition a recent study showed PR can also dictate ER chromatin binding events and thus 

regulates gene expression profile associated with better clinical outcome (Mohammed et al. 

2015). Most tumours which recur on endocrine treatment with acquired resistance remain ER+ 

and thus ER signalling is the main driver of proliferation. Therefore, such tumours can be treated 

with sequential endocrine therapy (Carlson and Henderson, 2003). Up to 20% ER loss has been 

reported by some researchers (Drury et al., 2011), although a study by Ellis et al. (2008) showed 

less than 10% of tumours lose ER+ and become ER-. Epigenetic events (e.g. methylation of the 

ER promoter and chromatin remodelling), ER proteolysis, and also growth factor pathway 

hyperactivity have all been implicated in driving loss of ER (Brinkman and El-Ashry, 2009). During 

the course of adjuvant therapy, a further hypothesis is that ER loss occurs in heterogeneous 

tumours (with both ER+ and ER- cell populations) that have small numbers of ER+ clones, and 

thus continued treatment eliminates these remaining ER+ cells and leads to tumour recurrence 

when the ER- clones dominate over ER+ clones.  
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1.8.2 Coregulators 
ER associated coregulator proteins including coactivators (AIB1) and corepressors (NCoR and 

SMRT) increase and decrease transcription of ER regulated genes respectively. A study by 

Osborne et al. (2003) revealed an association between induced coactivator expression and 

increased agonist activity of tamoxifen which contributes to endocrine resistance. Another study 

showed an association between reduced corepressor expression and resistance to tamoxifen 

treatment in xenograft models (Lavinsky et al. 1998). Based on these studies the 

coactivator/corepressor ratio appears to play an important role for response or resistance to 

endocrine treatment (Osborne et al. 2003). A study by Naughton et al. (2007) suggested a 

progressive loss of coregulator recruitment (NCoR and SMRT) from responsive cells through to 

tamoxifen resistant cells which contributes to cell proliferation and survival.  

1.8.3 ER mutation 
ER mutation (codons 537 and 538) within the ligand binding domain of ER has been implicated 

in acquired endocrine resistance clinically, particularly with AIs. It has been exclusively reported 

in at least 12% of ER+ metastatic lesions, while ER mutation was not detected in primary tumours 

(Jeselsohn et al. 2014). In tumours, hypersensitivity of the mutated ER to oestrogen and the 

presence of constitutively active mutant ER protein may explain resistance to endocrine 

treatment in some patients (Fuqua et al. 2014).  

1.8.4 Pharmacokinetics and pharmacodynamics of tamoxifen 
Tamoxifen metabolism involves production of both antioestrogenic and oestrogenic metabolites 

(Clarke et al. 2001). Different forms of CYP2D6 gene (P450 cytochrome) were detected in the 

liver and breast tissue which metabolize tamoxifen to endoxifen, 4-OH tamoxifen and N-

desmethyltamoxifen (Coller et al. 2002). Endoxifen is the main metabolite and the two other 

metabolites are present at relatively higher concentrations in the serum as compared to the 

tumour tissue (Clarke et al. 2001). CYP2D6 alleles can be inactivated in breast cancer.  In patients 

with functional CYP2D6 the serum concentration of endoxifen is 10 times higher than 4-OH 

tamoxifen. A relatively higher intratumour concentration of 4-OH tamoxifen is detected which 

can compete with oestrogen for binding to the ER (Clarke et al. 2001). Based on CYP2D6 

genotype, breast cancer patients have been divided into three groups; extensive metabolizer, 

intermediate metabolizer and poor metabolizer in response to tamoxifen treatment, and some 

reports have indicated patients with the poor metabolizer genotype may get less benefit from 

adjuvant tamoxifen treatment. An ongoing study by International Tamoxifen Pharmacogenetics 

is examining the effect of CYP2D6 genotype on tamoxifen responsiveness. A study by Province 

et al. (2014) suggested a possible link between tamoxifen metabolism and response to adjuvant 

endocrine treatment. However, this remains a controversial area. 
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1.9 Cotargeting ER and growth factor signalling in pre-clinical models 
Based on the considerable evidence that induced growth factor signalling after endocrine 

therapy leads to acquired endocrine resistance in breast cancer cells in the laboratory, 

cotargeting with signal transduction inhibitors against growth factor receptor and their 

signalling molecules has been substantially studied in pre-clinical models. For example, 

Knowlden et al. (2003) showed, elevation of EGFR/HER2 phosphorylation in the tamoxifen 

resistant compared to responsive MCF7 control cells. Targeting such molecules with gefitinib 

(EGFR inhibitor), trastuzumab (HER-2 inhibitor), and their downstream signalling with PD098059 

(MAPK inhibitor) reduced ERK1/2 activity, ER phosphorylation and ER-regulated genes including 

decreasing amphiregulin, and inhibited growth in the TamR cells. Another study by Gee et al 

(2003) revealed cotargeting MCF7 cells by tamoxifen and gefitinib reduced cell growth by 

inhibiting downstream MAPK and AKT phosphorylation. Also, such treatment cotargeting 

delayed acquired resistance in MCF7 cells by 5 weeks compared to tamoxifen treatment alone. 

An in vivo study of stably transfected HER2-positive MCF-7 xenografts similarly showed 

cotargeting gefitinib with tamoxifen delayed tumour growth and overcame tamoxifen agonist 

activity in vivo (Shou et al. 2004). There are also examples of targeting further growth factor 

receptors and kinases alongside antihormonal agents in pre-clinical studies. For example, 

cotargeting insulin-like growth factor I receptor (IGF1R) with ER signalling via IGF1R antagonists 

(a-IR3, AG1024) and antihormone (tamoxifen or fulvestrant) drastically inhibited growth in 

MCF7 and BT474 as compared to the single agents (Chakraborty et al. 2010). A study by Larsen 

et al. 2015 showed increased Src kinase in both tamoxifen and fulvestrant resistant models 

compared to responsive T47D control cells. In this study combined treatment with dasatinib and 

fulvestrant effectively reduced growth in the tamoxifen resistant T47D cells compared to 

dasatinib alone, although combined dasatinib with tamoxifen did not show additional effects 

compared to single agent treatment in the fulvestrant resistant cells. Finally, cotargeting of 

either tamoxifen resistant cells (TamR) or oestrogen deprived resistant cells (MCF7(X)) with an 

mTOR inhibitor (AZD8055) and fulvestrant provided superior growth inhibition as compared to 

either agent alone (Jordan et al. 2014). 

1.10 Cotargeting ER and growth factor signalling in clinical breast cancer 
The considerable successes in the laboratory for co-targeting growth factor pathways alongside 

ER have provided strong support for evaluation of cotargeting strategies with antihormones and 

various anti-growth factors to overcome resistance in breast cancer patients (Fig 1.1). Successful 

clinical cotargeting of ER and growth factor receptor signalling could potentially delay 

progression in advanced disease and perhaps reduce the risk of recurrence to adjuvant 
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endocrine treatment. The following provide details of some of the clinical trials examining such 

strategies:  

 

 

 

 

1.10.1 Cotargeting ER and EGFR 
Targeting EGFR activity via small molecule inhibitors (gefitinib) in combination with endocrine 

therapy has been studied in two randomized phase II trials that showed modestly-improved 

outcome with the gefitinib/antihormone co-treatment in ER+ patients:  

1. The effect of gefitinib in combination with anastrazole vs. anastrazole in postmenopausal 

metastatic breast cancer was studied by Cristofanilli et al. (2010). Median free survival was 

14.7 months for the gefitinib co-treated patients vs. 8.4 months for the anastrazole plus 

placebo arm. 

2. The gefitinib effect in combination with tamoxifen was studied by Osborne et al. (2011) 

in ER+ metastatic breast cancer (regardless of HER-2 status). Median progression free 

Fig 1.1. Targeting both ER signalling and growth factor signalling in breast cancer cells. 
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survival (PFS) was 10.9 months for the gefitinib co-treated patients vs. 8.8 months for the 

tamoxifen plus placebo group of patients.  

However, these successes remain controversial, since no clear benefit was apparent in further 

clinical co-treatment studies including those from Carlson et al. (2012). 

1.10.2 Cotargeting ER and HER-2 

Trastuzumab (Herceptin®) a recombinant humanized monoclonal antibody against HER-2 is 

used in breast cancer patients with HER2 positive (HER2 overexpressing) tumours. Clinical trials 

(phase III) have studied combination treatment of trastuzumab alongside AIs and some 

successes have been seen in the ER+/HER2+ patient cohort, for example: 

1. A clinical study in breast cancer patients with HER2+ locally advanced tumours or 

metastatic disease (TAnDEM trial) showed trastuzumab in combination with anastrazole 

improved PFS to 4.8 months as compared to 2.4 months in the anastrazole alone arm 

(Kaufman et al. 2009). 

2. The eLEcTRA trial recruited patients with HER2+ locally advanced tumours or metastatic 

disease to receive letrozole plus trastuzumab or letrozole alone. Patients in the letrozole 

arm had more previous treatment with tamoxifen as compared to the combination arm 

and the combination arm had more patients with liver metastases, so the two studied 

arms were not well matched. Nevertheless, time to progression (TTP) of disease was 

14.1 months in the combination arm vs. 3.3 months in the letrozole alone arm. In this 

study TTP did not reach significance due to the small number of patients (Huober et al. 

2012). 

1.10.3 Cotargeting ER, EGFR and HER-2 
A dual tyrosine kinase inhibitor against EGFR and HER2 activity (lapatinib) was used in 

combination with letrozole in a phase III clinical trial. Postmenopausal women with ER+/PR+ 

tumours were recruited for this trial. 17% of patients in either the combination arm or letrozole 

arm were HER2+. Median PFS for the combination arm in the intention to treat ER+ cohort was 

11.9 months vs. 10.8 months for the letrozole arm. However, median PFS in patients with HER2+ 

tumour was 8.2 months in the combination treatment arm vs. 3 months in letrozole alone 

(Johnston et al. 2009), showing benefit in ER+/HER2+ disease as seen with trastuzumab (1.10.2). 

These co-treatment findings are promising, as are the findings with trastuzumab described 

above, but it is apparent that resistant disease still emerges using strategies for HER2 blockade. 

Various resistance mechanisms have been proposed for resistance to agents such as lapatinib, 

herceptin and also gefitinib, including compensatory increases in alternative receptor activity 
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following mTOR blockade have been reported, including those that maintain AKT activity which 

may contribute to emergence of everolimus resistance (Jordan et al., 2014). 

1.10.6 Cotargeting ER and IGF-1R 
A human monoclonal antibody against IGF-1R (ganitumab) blocks binding of IGF-1 and IGF-2 to 

the receptor. A phase II clinical trial evaluated treatment of ganitumab in combination with 

either fulvestrant or exemestane vs. endocrine agent alone in ER+ postmenopausal patients with 

locally advanced or metastatic breast cancer. Disappointingly, median PFS was only 3.9 months 

for combination treatment vs. 5.7 months for the placebo arm (Robertson et al. 2013).  

1.10.7 Cotargeting ER and Src 
Dasatinib is an oral Bcr-Abl tyrosine kinase inhibitor and Src family kinase inhibitor. A phase II 

clinical trial of dasatinib plus letrozole was studied on ER+/HER2 negative metastatic breast 

cancer. PFS was 20.1 months in the combination arm vs. 9.9 months in letrozole alone. However, 

CBR was not different between the two arms (71% for combination arm vs. 66% for letrozole 

arm). Additional studies with dasatinib and another Src inhibitor, saracatinib, are ongoing. 

However, a further phase II clinical trial evaluated efficiency of dual Src/Abl inhibitor (bosutinib) 

in combination with either letrozole or exemestane in ER+/HER2 negative locally advanced or 

metastatic breast cancer. This trial was terminated due to high toxicity and poor clinical benefits 

(Moy et al. 2014 a and b).  

1.10.8 Cotargeting ER and CDKs 
CDK4/6 inhibitor (Palbociclib) is a cytostatic agent which causes cell cycle arrest at G1. Clinical 

trials have evaluated efficacy of Palbociclib in combination with endocrine treatment: 

1. A phase II clinical trial (PALOMA-1/TRIO-18) studied the combination effect of 

palbociclib plus letrozole vs. letrozole alone in ER+/HER2 negative postmenopausal 

women with advanced breast cancer. Median PFS was 20.2 months for the combination 

arm vs. 10.2 months for letrozole alone (Finn et al. 2015).  

2. Based on these interesting data, an ongoing phase III trial (PALOMA-2) is comparing the 

combination of letrozole plus palbociclib vs. letrozole plus placebo in ER+/HER2 negative 

pre or perimenopausal patients (who are taking zoladex) with metastatic breast cancer 

who have not been previously treated with endocrine agents (Finn et al. 2013), and 

further co-treatment trials are also ongoing with palbociclib including examining 

whether it is valuable in endocrine resistant patients.  
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1.10.9 Cotargeting ER and HDAC 
Both histone acetyltransferases (HATs) and histone deacetylases (HDACs) affect histone 

acetylation. HATs regulate gene transcription while HDAC mediate gene silencing, and have 

been implicated in epigenetic loss of ER expression (Brinkman and El Ashry 2009). HDAC 

inhibitors such as vorinostat and entinostat are in clinical trials alongside endocrine treatment 

in ER+ breast cancer patients. 

1. A phase II trial studied the combination of vorinostat and tamoxifen in ER+/PR+ pre 

and postmenopausal women with metastatic cancer who recurred on endocrine 

therapy. CBR was 40% and median response duration was 10.3 months in patients 

who received combination treatment (Munster et al. 2011). 

2. A phase II clinical trial examined the effect of entinostat in combination with 

exemestane vs. exemestane alone in either ER+ postmenopausal women who 

relapsed after 12 months on nonsterodial AIs or postmenopausal women with 

metastatic disease who relapsed on nonsterodial AIs after 3 months. Median PFS 

was 4.3 months for combination arm vs. 2.3 months for exemestane alone (Yardley 

et al. 2013). Further studies are underway. 

In summary, although endocrine therapy is the mainstay of treatment for ER+ breast cancer 

patients, both de novo and acquired resistance remain a clinical challenge. Most clinical trials 

cotargeting ER and growth factor signalling aim to delay or treat resistance. Although there have 

been some positive studies, in further instances targeting growth factor signalling has proved 

quite disappointing in the clinic (particularly for growth factor receptors), with non-responders 

and also responses of limited duration. This contrasts the considerable promise of co-treatments 

seen pre-clinically. One contributory mechanism appears to be that targeting of growth factor 

signalling can promote other compensatory mechanisms to drive proliferation in cancer cells, 

which in turn limits co-treatment impact. Targeting downstream mTOR, CDK4/6-driven 

proliferation or epigenetic mechanisms have promise, but further clinical studies are needed 

and it seems probable that responses with these approaches will again be of finite duration. 

Gutierrez et al. (2005) have also reported that HER2 overexpression or amplification emerges 

on tamoxifen relapse in only ~11% of HER2-negative tumours, which infers the existence of as 

yet unknown mechanisms underpinning antihormone relapse. Hence, further resistance 

research remains needed to discover new drug targets better able to control endocrine 

resistance. 
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Interestingly, this model was growth inhibited in the presence of oestradiol (Song et al. 2001) 

suggesting there may be further changes in resistance mechanisms that develop during more 

prolonged endocrine exposure. MCF7 derived acquired tamoxifen resistant models serially re-

transplanted long-term in vivo have also been described by the Jordan group that are sensitive 

to oestrogen-induced apoptosis (Osipo et al. 2003), providing further proof of principle that 

mechanistic pathways can indeed be further altered in long-term resistance. Since pathway 

targeting of EGFR/HER2 receptors, implicated from shorter term models, has proved inadequate 

for many patients in the clinic, it is possible that including models to also consider more 

prolonged duration of endocrine exposure in vitro may better reflect resistance mechanisms 

emerging during adjuvant treatment timeframes in the clinic.  

For this purpose, our Breast Cancer Molecular Pharmacology group has developed a small panel 

of acquired resistant models which encompasses shorter and longer-term continuous endocrine 

treatment in vitro. Various strategies were taken to develop multiple endocrine resistant models 

in the research group. ER + breast cancer cells (MCF7) were exposed to endocrine agents for up 

to 3 years aiming to more fully mimic clinical acquired endocrine resistance in breast cancer 

patients. Two resistant models were developed for each major endocrine strategy that differed 

from each other with regards to duration of resistance (shorter and also longer- term), 

comprising acquired tamoxifen resistance models (TamR/TamRLT), fulvestrant resistance 

models (FasR/FasRLT) and oestrogen deprived resistant models (MCF7(X)/MCF7(X)LT). The 

earlier resistant models TamR, FasR and MCF7(X) represented 18 months-2 years exposure to 

endocrine agents (Knowlden et al. 2003, Staka et al. 2005, Nicholson et al., 2007), whereas the 

longer term resistant models (TamRLT, FasRLT and MCF7(X)LT) were developed by maintaining 

these shorter term resistant models for up to 36 months with endocrine agent (Gee et al. 2011).  

Using the panel of acquired endocrine resistance breast cancer models for this thesis gives an 

opportunity to study whether there are resistance mechanisms that span multiple endocrine 

agents and earlier/later resistance. As potentially key resistance mechanisms, their targeting 

might provide new ways to control antihormone resistance 

1.12 Large scale genomic/bioinformatics approach to investigate mechanisms of 
endocrine resistance in the new endocrine resistant breast cancer cell panel 

Screening large numbers of genes for biomarker discovery and determination of induced cellular 

pathways in breast cancer samples can be achieved through gene microarray studies for 

expression profiling (Perou et al. 2000 and Sorlie et al. 2001) and can also be applied to cell 

model studies in some instances yielding relevant pathways. Bioinformatics tools for gene 

analysis can provide users with gene profiles, ontological data and functional clustering for 
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2.2.5 Affymetrix genechip human WT 1.0ST array study 

All three independent RNA samples from each cell model were sent by the BCMP group to 

Cardiff University Centre of Biotechnology Services (CBS) Affymetrix GeneChip® profiling service 

to perform microarraying using an Affymetrix-recommended procedure and associated kits. All 

samples passed an initial quality control assessment by CBS using an Agilent analyser to check 

for any RNA degradation and DNA contamination. In brief, for the subsequent arraying 100ng 

RNA of each sample was subjected to a ribosomal RNA (rRNA) reduction procedure where the 

28S and 18S rRNA was depleted from the total RNA samples to minimize background and 

enhance sensitivity of detection of gene expression. Double stranded cDNA was then 

synthesized with random hexamer tagged with a T7 promoter sequence and it was used as a 

template for synthesis of cRNA via T7 RNA polymerase. In the second cycle, single stranded DNA 

in the sense orientation was synthesized from cRNA and dUTP was incorporated into DNA during 

first-strand reverse transcription reaction. A combination of uracil DNA glycosylase (UDG) and 

apurinic/apyrimidinic endonuclease 1(APE 1) was added to single stranded DNA to detect 

unusual dUTP residues and break the DNA strand. DNA was then labelled by terminal 

deoxynucleotidyl transferase (TdT) which is covalently linked to biotin (Affymetrix GeneChip WT 

terminal labelling kit). By this procedure, sufficient target was generated to hybridize to a single 

Affymetrix array GeneChip (WT human 1.0ST microarray, Table 2.1) for every sample analysed. 

Arrays were incubated at 45°C for 17 hours followed by washing and staining for detection, prior 

to CBS scanning the chip using an Affymetrix GeneChip Scanner for the expression of exons for 

all genes in the samples. CBS subsequently performed pre-processing of the Gene Chip scan data 

which included background correction, data normalisation, and summarisation of gene 

expression level using RMA. These gene expression data in triplicate for the breast cancer 

models were provided to the BCMP group as CHP files and displayed following file upload into 

Genesifter for further investigation.  



http://www.genesifter.net/




http://www.innatedb.c/
http://www.kegg.jp/
http://www.genecards.org/


http://www.ncbi.nlm.nih.gov/gene
http://www.ncbi.nlm.nih.gov/Blast
http://www.ncbi.nlm.nih.gov/tools/primer-blast
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Separated proteins on the gel were then transferred to a nitrocellulose membrane (GE 

Healthcare, UK) in the presence of transfer buffer (0.25M TRIS base, 1.92M Glycine (Sigma-

Aldrich, UK), and 20 % methanol (Fisher Scientific, UK)) by applying a voltage of 120V for 60 

minutes. The membrane was stained with Ponceau-S (Sigma-Aldrich, UK) to visualize the 

proteins and thus ensure adequate transfer efficiency before Western blotting. The membrane 

was then blocked with 5% non-fat milk (Marvel, Premier International Foods, UK) prepared in 

TBS Tween-20 (0.05%) (TBST) for 1 hour at room temperature. The membrane was then washed 

with TBST three times (each time for 10 minutes) prior to incubation with primary antibody 

(Table 4) at 4°C overnight (on a roller bed) with a further 1 hour incubation at room temperature 

the following morning. The membrane was then washed with TBST (three times) and incubated 

with an appropriate Horseradish peroxidise (HRP)-conjugated secondary antibody (Table 2.4) 

for 1 hour at room temperature. Membranes were then washed with TBST prior to 

chemiliminescent detection. 

 

 

 

 

 

Table 2.4. List of primary antibodies used for Western blotting analysis with their corresponding 
dilution, molecular weight (MW) (kDa) and source of purchase.  
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phosphorylation. The probe is excitable between 360-400nM and emits at 360-680nM. A BMG 

LABTECH CLARIOstar plate reader (BMG LABTECH, UK) was adjusted to 380nM (maximum 

excitation peak)/ 650nM (maximum emission peak) to optimally detect the phosphorescent 

signal.  

The extracellular lactate level is proportionally correlated with intracellular glycolysis, and the 

lactate released from cells into their cell culture media can be measured by addition of lactate 

dehydrogenase which converts the extracellular lactate to pyruvate. In this reaction, the formed 

NADH reduces a tetrazolium substrate to give a highly coloured formazan which can be detected 

(absorbed) at 490-520nM. 

For these assays, cells for each model were seeded at 80,000 cells/ well in their respective basal 

experimental medium for 24hrs prior to addition of the inhibitors 2-deoxy glucose (glycolysis 

inhibitor 0.5mM-5mM), metformin (complex I inhibitor 0.5-2mM) and antimycin A (complex III 

inhibitor 5nM and 10 nM). OC and ECA was measured 24hrs after administration of inhibitors, 

as well as under untreated conditions to evaluate basal oxygen consumption and glycolysis 

respectively. Three independent experiments were performed for all measurements to calculate 

mean OC and ECA, and data were then presented as % of respective control (+/-SEM). 

2.9 Analysis of genes of interest in publically-available clinical breast cancer 

transcriptome datasets using KMplotter 

Clinical datasets from antihormone relapse material are not publically available to examine 

clinical prevalence of genes of interest in acquired resistance. However, it is possible to use 

publically-available transcriptome datasets to explore relation between the intrinsic expression 

of a gene at diagnosis and subsequent outcome in ER+ breast cancer patients. To achieve this, 

the online tool KMplotter can be used. This tool is furthermore able to interrogate the publically 

available Affymetrix microarray gene expression datasets (www.kmplot.com) to determine 

associations of the gene of interest with endocrine outcome in such breast cancer patients. The 

datasets interrogated in this thesis include mRNA expression data from ER+ breast cancer 

patients prior to subsequent tamoxifen treatment to analyse relation to relapse free survival 

(RFS). Kaplan Meier Survival plots are generated by the tool that splits patients into two groups 

according to expression level of the particular gene (i.e. higher or lower expression; with the 

software optimising this cutpoint). This gauges how gene expression links to clinical outcome in 

the breast cancer patients (Györffy et al., 2010). For the Kaplan-Meier survival analysis in this 

thesis, the optimal Jetset gene probe was used (Li et al. 2011). Hazard ratio (HR) and log rank 

value (p<0.05) for each analysis was automatically calculated using the tool. Such gene 

http://www.kmplot.com/
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CHAPTER 3 

Microarray gene expression profiling of endocrine resistant breast 
cancer cells 

3.1 Introduction 

Gene microarray analysis monitors transcriptional activity of genes and for the human can track 

20,000-25,000 protein coding genes (International Human Genome Sequencing Consortium, 

Lander et al. 2001). Gene expression profiling via gene microarray studies has revealed breast 

cancer is a complex disease with multiple subtypes. This approach was first described for 

molecular taxonomy of breast cancer by Sorlie et al. (2001), classifying the disease into 4 

subtypes, with more recent expression studies further expanding on subtype number. Since that 

time, gene microarrays have been widely used for discovery of reliable prognostic biomarker 

signatures that can assist stratification of breast cancer patients who may or may not require 

more stringent adjuvant treatment. Clinical microarray-based gene expression profiling 

signatures, such as MammaPrint® (70 genes signature), have been developed (van de Vijver et 

al 2002) to estimate risk of recurrence in early stage breast cancer patients. Mammaprint and 

also PCR-based expression signatures such as the 21-gene Oncotype DX test (Sparano et al. 

2015) can help to determine whether a patient is at high risk of recurrence necessitating 

chemotherapy alongside adjuvant endocrine treatment. 

Efficacy of individual breast cancer biomarkers in predicting ER+ response or failure with 

treatment has been limited. At the mRNA level, it has become clear that use of large scale gene 

expression profiling to discover predictive multi-gene signatures may perform better than single 

biomarker discovery (Hartwell et al. 2006). Multiple-gene signature analysis and network 

interaction studies were postulated by several researchers to have potential to predict clinical 

outcome in breast cancer patients (van de Vijver et al. 2002 and Pawitan et al. 2005). In this 

regard, there is some evidence for potential of such microarray analysis in the context of 

predicting response to endocrine treatment. For example, Jansen et al (2005) used gene 

expression profiling (81 discriminatory genes) to categorise oestrogen receptor positive (ER+) 

breast cancer tumours based on sensitivity/resistance to tamoxifen treatment. A similar 

approach has been applied by Miller et al. (2007) to determine a gene signature (143 genes) of 

response to Letrozole treatment. Both studies revealed involvement of deregulated genes in 

diverse molecular pathways in response to endocrine treatments. 
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Gene signatures derived from large scale genomic analysis can thus be used to stratify breast 

cancer subtypes and prognosis and are of emerging value in predicting adjuvant treatment 

outcome. However, the majority of them are not based around genes within specific biological 

pathways whose molecular function might feasibly contribute to acquisition of endocrine 

resistance and relapse. One important factor contributory towards this limitation is that 

pathways ultimately relevant following acquisition of resistance at relapse may not be 

adequately represented in samples prior to treatment. Such predictive signatures therefore 

have not generally yielded targets in the context of endocrine resistance. 

To achieve such target discovery, high-throughput gene analysis must first determine 

differential expression between appropriate biological sample sets (such as from patients during 

treatment through to relapse, or from cell models reflecting endocrine response versus acquired 

resistance). Robust computational and statistical analysis of over-represented genes is then 

required to cluster genes based on biological association with cellular pathways and subcellular 

compartments. Many annotation analysis tools for exploring genes in cancer research have been 

launched (such as InnateDB, DAVID bioinformatics and GO). InnateDB uses gene ontology (GO) 

terms for ontological analysis and is supplemented with multiple cellular pathway databases 

(such as KEGG, REACTOME, BIOCARTA and NETPATH) for pathway analysis. This database is 

suitable for large gene expression analysis to determine associated interaction networks (with 

more than 98,760 interaction databases) and pathways (from 2500 pathways) within the list of 

uploaded genes. The over-representation tool associated using this database is able to identify 

particular pathway or ontology terms that are enriched in uploaded data sets and is 

strengthened by a hypergeometrical distribution test (with Benjamini and Hochberg post hoc 

correction) for the false discovery rate. Additionally, the Database for Annotation, Visualization 

and Integrated discovery (DAVID) bioinformatics tool includes a biological analysis tool to 

condense gene data sets (no more than 400 genes) into functional clusters (Jiao et al. 2012). 

This Chapter aimed to use GeneChip® gene 1.0ST microarrays to discover deregulated gene 

expression and perform such pathway analysis using a panel of acquired endocrine resistant 

models as compared to their ER+/HER2-, endocrine responsive parental line MCF7. The model 

panel not only reflects acquired resistance to multiple types of antihormones but also shorter 

and longer-term (~3 yr) endocrine treatment in vitro. This potentially allows discrimination of 

key pathways that are deregulated and may drive acquired resistance irrespective of treatment 

duration or type. Such study could potentially provide novel targets amenable to diverse 

endocrine resistant states. In this project an initial basic growth characterisation of the models 
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Fig 3.1. (A) Growth curve represents mean number of cells for 
endocrine resistant models in comparison with MCF7 up to 7 days for 
three independent experiments ± SEM (B) Growth of endocrine 
resistant models vs. MCF7 compared at day 7. Statistical analysis 
(ANOVA with Dunnett post hoc correction) was done using GraphPad 
Prism 5 (** p<0.01, *** p<0.001). 

Table 3.1. Fold changes for growth of endocrine resistant models 
vs. MCF7 at day 7 

 









71 

 

 

 

 

 

 

 

Fig 3.4. Log 2 intensity plots generated using Genesifter displaying mean (+/-SEM) of three 
independent microarray experiments (N=3) for HER2, ER and pS2 mRNA expression in the 
model panel. Statistical analysis (ANOVA with Tukey post hoc correction) was performed to 
compare gene expression in each resistant model vs. MCF7 (*p<0.05, ** p<0.01 & *** 
p<0.001). Heatmaps represent gene expression in resistant models vs. MCF7 (Green: 
reduced gene expression, Red: induced gene expression and Black: no changes in gene 
expression as compared to MCF7). Fold changes for gene expression in resistant models vs. 
MCF7 are also tabulated. 

 



72 

 

 

 

 

 

 

 

 

 

Fig 3.5. Representative gels following RT-PCR and graphs display normalized mean volume of HER2, 
ER and pS2 expression signals across the model panel (Mean of three independent experiments, +/-
SEM for each cell line). Statistical analysis (ANOVA with Dunnett post hoc correction) was performed 
to compare gene expression in each model vs. MCF7 (*** p<0.001). Fold changes for gene 
expression in resistant models vs. MCF7 are tabulated. 





http://www.david.abcc.ncifcrf.gov/
http://www.innatedb.com/
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was significant and the most prominent pathway in the gene lists from the resistant models 

irrespective of endocrine strategy.  

 

 

 
Table 3.9. Number of significantly induced gene probe IDs from the microarrays, corresponding 
ENSEMBL gene IDs after conversion in DAVID bioinformatics, ORA ontology terms and ORA 
pathways obtained using Innatedb for all cell model comparisons.  
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linked glycosylation 3 (ALG3) which are associated with glycan biosynthesis on the smooth 

endoplasmic reticulum and glycoprotein synthesis for the membrane (Fig 3.8D, Table 3.16).  

The fifth cluster with a modest 1.6 enrichment score contained N=4 ENSEMBL gene IDs coding 

for RNA polymerase polypeptides (POLR2C, POLR3D, POLR2H and POLR2I). RNA polymerase is 

associated with RNA polymerization in the nucleus (Fig 3.8E, Table 3.16). The last cluster with a 

lower 1.5 enrichment score contained N=4 ENSEMBL gene IDs coding for GalNAc-T6/12/14 and 

galactosyltransferase 1 (GALNT6, GALNT12, GALNT14 & B4GALT7) which are associated with 

cation/ion binding, glycan biosynthesis and carbohydrate binding in the Golgi apparatus for 

membrane biosynthesis (Fig 3.8F, Table.3.16). 

The functional clustering results (Table 3.16) and superior enrichment scores for the induced 

genes as well as the ORA-O (small molecule metabolic process for biological process (Table 3.12) 

and mitochondrion for cellular components (Table 3.10)) and ORA-P pathway (Table 3.15) data 

described above show oxidative phosphorylation and also TCA cycle as being particularly 

prominent metabolic pathways induced in all endocrine resistant models and so worthy of 

further study in the thesis. 
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Table 3.16. Functional classification and associated enrichment scores were generated using the 
functional classification tool within the DAVID bioinformatics resource for shared induced metabolic 
genes in resistant models.  
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Fig 3.8. (A) Heatmap representing cluster 1 following functional classification analysis using DAVID 
bioinformatics tool. The cluster had an enrichment score of 7.8 and includes genes associated with 
electron transport chain and oxidative phosphorylation in the mitochondria as indicated by the gene 
ontology (GO) terms. 
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Fig 3.8. (B) Heatmap representing cluster 2 following functional classification analysis using DAVID 
bioinformatics tool. The cluster had an enrichment score of 6.5 and includes genes associated 
with TCA cycle, acetyl CoA catabolic process, generation of precursor metabolites and energy in 
the mitochondria as indicated by the GO terms. 
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Fig 3.8. (C) Heatmap representing cluster 3 following functional classification analysis using 
DAVID bioinformatics tool. The cluster had an enrichment score of 2.2 and includes genes 
associated with lipid/phospholipid biosynthesis process and organophosphate metabolic process 
integral to the membrane as indicated by the GO terms. 
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Fig 3.8. (D) Heatmap representing cluster 4 following functional classification analysis using 
DAVID bioinformatics tool. The cluster had an enrichment score of 1.7 and includes genes 
associated with glycan biosynthesis and glycoprotein synthesis on the endoplasmic reticulum 
membrane as indicated by the GO terms 
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Fig 3.8. (E) Heatmap representing cluster 5 following functional classification analysis using 
DAVID bioinformatics tool. The cluster had an enrichment score of 1.6 and includes genes 
associated with RNA biosynthesis and transcription process in the nucleus as indicated by the 
GO terms 
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Fig 3.8. (F) Heatmap representing cluster 6 following functional classification analysis using 
DAVID bioinformatics tool. The cluster had an enrichment score of 1.5 and includes genes 
associated with glycan biosynthesis and carbohydrate binding in the Golgi apparatus as 
indicated by the GO terms 
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3.2.3.2 Cellular metabolic pathways with induced genes in resistance compared with initial 

endocrine treatment 

The project then focussed on more specifically-evaluating whether any shared induced 

metabolic genes in endocrine resistance were also commonly-induced by initial endocrine 

treatment. Those genes that were induced on the arrays by all the 10 day endocrine treatments 

in MCF7 which encode genes in metabolic pathways were identified using Innatedb database. 

These were compared to shared induced metabolic genes identified from the resistant panel 

(Table 3.15). For this detailed study, metabolic pathways were broadly subdivided to 

carbohydrate metabolism, energy metabolism, lipid metabolism, nucleotide metabolism, amino 

acid metabolism, glycan metabolism, cofactors and vitamin metabolism, xenobiotic metabolism 

and terpenoids/polyketides metabolism pathways to enable the comparison. Induced metabolic 

genes shared by all resistant cell lines and during endocrine treatment were ALDH9A1 

(implicated in carbohydrate, lipid and amino acid metabolism indicated in red, Tables 3.21B, 

3.23B, 3.25B and 3.26), B4GALT7, UST and GALNT12 (implicated in glycan biosynthesis indicated 

in red, Table 3.27B). Although further genes in some metabolic pathways were also induced in 

the AH treated panel they were not significant (Appendix 19). Furthermore, there was evidence 

that the various metabolic pathways that contained induced genes differed between the 

endocrine resistant and responding panel (Table 3.21-3.30). Various carbohydrate metabolic 

pathways were examined in resistant and AH treated panels. TCA cycle, butanoate metabolism, 

glyoxylate and dicarboxylate metabolism were only induced across the resistant panel but not 

in the AH treated panel (Table 3.21A versus Table 3.21B). 
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Table 3.21A. Shared induced genes in the resistant panel which take part in carbohydrate 
metabolism pathways. 
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While some components of oxidative phosphorylation for energy metabolism were induced in 

the AH treated and resistant panels, the gene identities were always non-overlapping. Of note, 

only 2 OxPhos genes were induced in AH treated cells compared to 13 in resistant lines (Table. 

3.22).  

Several genes which were related to ether lipid metabolism, arachidonic acid metabolism, 

synthesis and degradation of ketone bodies, fatty acid degradation and fatty acid elongation in 

metabolism of fatty acids were only induced across the resistant panel but not the AH treated 

panel (Table. 3.23A), with fewer overall changes in such pathways during initial treatment (Table 

3.23B). Some components of nucleotide metabolism including purine/pyrimidine metabolism 

were induced in both responsive and AH treated panels but again the gene identities were not 

overlapped and there were fewer changes in the endocrine treated MCF7 cells (Table 3.24). 

Table 3.21B. Shared induced genes in endocrine treated MCF7 cells 
which take part in particular carbohydrate metabolism pathways. 
ALDH9A1 (highlighted in red) induced in this category that overlaps 
with resistance (see Table 3.21A). Of note there was no evidence 
of TCA cycle gene induction in the endocrine treated cells.  
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Table 3.22. Shared induced genes in the resistant lines (left 
table) compared with those shared in endocrine treated 
MCF7 cells (right table) which take part in mitochondrial 
energy metabolism. Note: NDUFA3 and ATP5J2 are 
manually curated shared induced genes in all resistant 
cells. 

Table 3.23A. Shared induced genes in the resistant panel which take part in lipid metabolism.  

Table 3.23B. Shared induced genes in endocrine 
treated MCF7 cells which take part in lipid metabolism. 
ALDH9A1 (highlighted in red) is induced in this category 
and overlaps with resistance (see Table 3.23A) 
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Expression of different genes involved in amino acid metabolism was also induced in both the 

resistant and AH treated cells. Thus, genes in tryptophan metabolism, cysteine and methionine 

metabolism, alanine, aspartate and glutamate metabolism, and phenylalanine metabolism were 

only induced across the resistant panel (Table 3.25A) compared with responding cells (Table 

3.25B). Expression of different genes for valine, leucine and isoleucine degradation, arginine and 

proline metabolism, lysine degradation, tyrosine metabolism, glycine, serine and threonine 

metabolism were induced in resistant and AH treated models (Fig 3.25A-3.25B), with only 

ALDH9A1 implicated as a shared gene in many of these metabolic pathways. Moreover, gene 

expression for metabolism of other amino acids including beta-alanine metabolism (which again 

included ALDH9A1) were induced in both resistant and AH treated panels but induced 

glutathione metabolism genes were only detected in the resistant lines (Table 3.26). 

 

Table 3.24. Shared induced genes in the resistant lines (left table) 
compared with those shared in endocrine treated MCF7 cells (right 
table) which take part in nucleotide metabolism.  
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Table 3.25A. Shared induced genes in the resistant panel which take part in amino acid metabolism.  

Table 3.25B. Shared induced genes in the endocrine treated MCF7 panel which take part in 
amino acid metabolism. ALDH9A1 (highlighted in red) induced in this category that overlaps 
with resistance (see Table 23A). 
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Components of glycan biosynthesis and metabolism including mucin type O-glycan biosynthesis, 

glycosaminoglycan biosynthesis and other glycan degradation were induced in both resistant 

and AH treated models but in general had differing identities (Table 3.27A and 3.27B). However, 

the expression of B4GALT7, UST and GALNT12 within such pathways was induced in both 

resistant and AH treated panels (Table. 3.27A and 3.27B). Genes which participate in 

glycosaminoglycan degradation and N-glycan biosynthesis were only induced in the resistant 

panel (Table 3.27A). The expression of different genes for metabolism of cofactors and vitamins 

including porphyrin metabolism were induced in both resistant and AH treated panels (Table. 

3.28). Moreover the expression of some genes in one carbon pool by folate metabolism was 

only induced in the resistant panel (Table 3.28). Some components of drug/ xenobiotic 

metabolism (CYT P450) within xenobiotic biodegradation and metabolism pathway were 

induced in both resistant and AH treated panels (Table 3.29). The induction of differing genes 

for metabolism of terpenoids and polyketides was only seen in the resistant panel (Table 3.30).  

 

Table 3.26. Shared induced genes in the 
resistant (left table) compared with those 
shared in endocrine treated MCF7 cells 
(right table) which take part in metabolism 
of other amino acids.  
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Table 3.27A. Shared induced genes in the resistant panel which take part in glycan synthesis 
and metabolism.  

Table 3.27B. Shared induced genes in the endocrine 
responding MCF7 cells which take part in glycan 
synthesis and metabolism. Genes in red also induced 
in resistance. 

Table 3.28. Shared induced genes in the resistant lines 
(left table) compared with those shared in endocrine 
treated MCF7 cells (right table) which take part in 
metabolism of cofactors and vitamins.  
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3.2.3.3 Profiling of the induced genes in TCA cycle and OxPhos pathways in endocrine 

resistance models and comparison with initial endocrine treatment of MCF7 cells 

It was apparent that TCA cycle and oxidative phosphorylation were deregulated in all the 

acquired endocrine resistant models. In contrast, there was no evidence for induction of these 

pathways as a common event shared by all initial endocrine treatments in MCF7 cells. Expression 

of each shared induced gene (n=20) from the resistant panel involved in the TCA cycle (PDHA1, 

ACO2, IDH1, IDH3B, SDHB, FH, MDH2 and PCK2) and OxPhos pathways (NDUFA3, NDUFA7, 

NDUFA8, NDUFA9, NDUFB5, NDUFB9, NDUFB10, NDUFS3, COX7B, UQCRFS1, ATP5J2 and PPA2) 

(Fig 3.9-3.10, Table 3.31-3.32), was therefore detailed in the resistant lines using heatmap 

profiles and examining fold change. Comparison was also made for these gene profiles with 

endocrine-treated MCF7 cells (Fig 3.9-3.10, Table 3.32).  

Table 3.29. Shared induced genes in the resistant lines (left table) compared 
with those shared in endocrine treated MCF7 cells (right table) which take 
part in xenobiotic biodegradation and metabolism.  

Table 3.30. Shared induced 
genes in the resistant panel 
which take part in 
metabolism of terpenoids 
and polyketides. 
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Fig 3.9. The 8 shared induced genes for the TCA cycle profiled by heatmaps in 
endocrine treated MCF7 (-E2 or oestrogen deprivation in HSFCS; 10-7M Tamoxifen or 
Fulvestrant for 10 d) (left panel) and endocrine resistant cells (right panel). On the 
heatmap, red, green & black indicate induced, reduced & no change in gene 
expression respectively as compared to the E2-treated MCF7 for the AH treatment 
panel and control MCF7 cells for the resistant panel. 

Fig 3.10. The 11 shared induced genes for the OxPhos pathway profiled by heatmaps in endocrine 
treated MCF7 (-E2 or oestrogen deprivation in HSFCS; 10-7M Tamoxifen or Fulvestrant for 10 d) 
(left panel) and endocrine resistant cells (right panel). On the heatmap, red, green & black indicate 
induced, reduced & no change in gene expression respectively as compared to the E2-treated for 
the AH treatment panel and MCF7 cells for the resistant panel. Probe IDs for NDUFB9 & NDUFB10 
were not found on the U133A array for the AH treated panel. Note: NDUFA3 and ATP5J2 are 
manually curated shared induced genes in all resistant cells. 

 







131 

 

3.3 Discussion 

Targeting oestrogen/ER signalling is an effective strategy to inhibit growth of ER+ breast cancer 

cells, and is particularly beneficial in ER+/HER2- (luminal A) disease (Howell et al. 2008). This can 

be achieved by either competitively inhibiting oestrogen-promoted ER activity (tamoxifen/ 

fulvestrant treatment) or by suppressing oestrogen production in the body so reduced ligand is 

available (aromatase Inhibitor or zoladex treatment). Unfortunately, many ER+ patients who are 

treated with such antihormonal strategies eventually relapse at some point during or 

subsequent to the treatment, having acquired resistance. This can lead to more aggressive 

disease behaviour. Therefore, resistance to endocrine treatment remains a clinical problem 

(Johnston et al.2015). It is important that underlying resistance mechanisms are uncovered as 

this may lead to new targets for therapeutic strategies to control resistance. This chapter has 

described use of high throughput 1.0ST gene microarrays to discover deregulated gene 

expression and thereby associated pathways whose induction or suppression is shared 

irrespective of endocrine treatment type or duration of treatment. This has been achieved using 

a panel of acquired endocrine resistant models versus responsive control cells (MCF7, an 

established model for ER+, HER2- breast cancer). It is feasible that the identified shared 

pathways may comprise key resistance mechanisms.  

Analysis of Coulter counting and proliferation (Ki-67) data revealed significant growth of TAMR, 

TAMRLT, FASR, FASRLT, MCF7(X) and MCF7(X)XLT cells despite being maintained under 

antihormone-treated conditions, indicating resistance had been acquired. Indeed, such studies 

revealed growth of all the resistant models was induced as compared to the MCF7 baseline 

control. Moreover, growth and proliferative capacity (Ki-67 expression) of the longer term 

resistant models (TamRLT and FasRLT) was further induced. Both these data indicate alternative 

mechanisms must have been acquired to substantially drive growth of resistant models as 

compared to MCF7.  

Analysis of deregulated gene expression (both down/upregulated) was performed via 1.0ST 

gene array analysis after first testing the array performance with RT-PCR verification for HER2, 

ER and oestrogen/ER regulated pS2 gene expression. This profiling also served to characterise 

the baseline expression of key elements reflective of the luminal A (ER+/HER2-) phenotype and 

to gauge any marked change in ER or HER2 signalling at the mRNA level. In general, RT-PCR 

profiles for HER2, ER and pS2 broadly followed microarray and thus verified their 

appropriateness for further exploratory gene analysis. There was no substantial HER2 expression 

observed in the resistant models, although modest HER2 expression was detected in MCF7(X) 
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there was a slightly larger number of down or upregulated gene probes shared by long-term 

resistant models as compared to short-term resistant models suggesting further gene changes 

may accumulate as the disease progresses (Table 3.2 and 3.9). Ontological analysis (ORA-O) of 

the shared downregulated genes revealed significant reduction of genes whose encoded 

proteins are associated with cell junction assembly such as cadherins (CDH3 and CDH18), 

integrins (ITGB1 and ITGB4) and plectin (PLEC) (Table 3.7). Cell junctions mediate passage of 

small molecules such as Ca2+, cyclic nucleotides and inositol phosphates through cells (Donahue 

et al. 2003). On the arrays, expression of several cell junction-related genes which encode 

proteins binding to calcium ions including cadherins (CDH3 and CDH18), desmosome 

glycoprotein (DSC2), desmoglein (DSG2) and protocadherin (PCDH9) were significantly reduced 

across the resistant models (Table 3.6). Loss of cell junctions and cell-cell adhesion is also 

associated with breast cancer progression (Locke et al. 1998). Moreover, loss of cell adhesion 

has previously been reported for the TAMR cell line along with gained migratory and invasive 

capacity compared with the parental MCF7 model (Hiscox et al. 2006a), while the FASR line is 

also highly aggressive (Hiscox et al. 2006b). Reduction in expression of cell junction assembly 

genes may thus be an important underlying event contributing towards progression associated 

with endocrine resistance. According to further ontology of the shared downregulated genes, 

genes encoding extracellular vesicular exosome-related proteins, including integrins 

(ITGB1/4/6), plectin (PLEC) desmosome glycoprotein (DSC2) and desmoglein (DSG2), were also 

significantly reduced in the resistant models (Table 3.3). Extracellular exosome vesicles are lipid 

bilayer structures containing mRNAs, microRNAs, non-coding RNAs, proteins and bioactive lipids 

(Sato-Kuwabara et al. 2015, Valadi et al 2007 and Kim et al. 2002). Interestingly, proteomic 

analysis of colorectal cancer cells has recently revealed their exosomal vesicles are enriched with 

cell adhesion molecules, suggesting a role for reduction in exosomal vesicles in facilitating 

metastasis of cancer cells (Choi et al.2012). Based on the downregulated gene ontology, such 

events may also be important during progression in endocrine resistance. Loss of extracellular 

vesicular exosome related genes was more prominent in earlier resistant models, and loss of 

cell-cell adherens junction genes was more prominent in longer term models suggesting there 

may be temporal pattern of changes in genes and their associated mechanisms during 

progression. Also signal transduction was enriched for downregulated genes in the short term 

models, while cell adhesion was the most enriched downregulated category for the longer-term 

models: this further backs up concept of aggressive disease progression over time in endocrine 

resistance. Moreover, further ontologies associated with the shared downregualted genes could 

be relevant to resistance such as loss of certain receptor complexes (loss of IGF1R: an ER 

regulated gene that is an important pathway interactive with ER signalling to drive endocrine 
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responsive cells such as MCF7 (Dupont et al. 2001) and loss of negative regulators of growth 

may all reflect preferential gain of alternative signalling in resistance and mechanisms to 

promote resistant cell growth. Subsequent over-represented pathway analysis (ORA-P) of the 

shared reduced genes revealed decline in axon guidance pathway elements, including ephrins 

(EFNA4/5 and EFNB2), integrin (ITGB1), neuropilin (NRP1), semaphorins (SEMA3A and SEMA3C) 

and slit receptor (ROBO1), could also in some way comprise an important mechanism in resistant 

models (Table 3.7). This pathway was overrepresented for decreased genes for all antihormone 

resistance types, and also particularly in longer term resistant lines. Axon guidance molecules 

(AGMs) have been reported to not only maintain proliferation but also adhesion of cells during 

mammary gland development (Strickland et al. 2006), and so again loss of molecules such as 

EFNB2, NRP1, SEMA3A, SEMA3C and ROBO1 may contribute to loss of adhesion and thereby 

progression in resistance.  

In contrast, over-represented ontological analysis of shared induced genes (and indeed in all 

resistant models) revealed genes associated with the mitochondrion including TCA cycle 

enzymes (ACO2, IDH3B, SDHB, FH and MDH2), components of oxidative phosphorylation 

(NDUFA3/8, NDUFAF2/4, NDUFB5/9/10, NDUFS3, SDHB, UQCRFS1, COX7B, PPA2 and MT-ATP6), 

translocase inner mitochondrial membrane (TIMM8A, TIMM9, TIMM17A and TIMM44), 

mitochondrial ribosomal subunits (MRPL15, MRPL17, MRPL2, MRPL21, MRPL34, MRPL37, 

MRPL40, MRPL47, MRPS15, MRPS18A, MRPS18B, MRPS24, MRPS34 and MRPS5) and 

mitochondrial ADP/ATP carriers (SLC25A5) were induced in resistant models versus MCF7 (Table 

3.10). Mitochondrion play a critical role in biogenesis via TCA cycle and bioenergetics via 

oxidative phosphorylation in proliferative cells (Ahn and Metalo, 2015). Elevated mitochondrial 

biogenesis, translation and translocase machinery have also been reported in epithelial breast 

cancer cells as compared to the adjacent glycolytic fibroblast compartment in clinical tumours 

(Sotgia et al. 2012). In the panel of endocrine resistant models, the GO term associated with 

aminoacyl-tRNA ligase activity (CARS, HARS, FARS2, IARS, LARS, MARS, WARS and YARS) was also 

significantly enriched for the induced genes (Table 3.11). Aminoacyl tRNA synthases (ARSs) 

mediate ligation of amino acids to their corresponding tRNA for synthesis of polypeptides, thus 

deregulated ARS function may have a potential effect on protein synthesis machinery which may 

contribute to proliferation of the resistant cells. ARS expression was correlated with proliferative 

and mesenchymal prognostic signatures in glioblastoma patients (Kim et al. 2012). Moreover, 

association of elevated tRNA expression was reported in breast cancer cells and tumours versus 

normal cells (Pavon-Ethernod et al. 2009). The Go term associated with small molecule 

metabolic process was also enriched in all endocrine resistant models (Table 3.12). This Go term 
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likely to contribute in all endocrine resistant states, it was notable that the increased fold 

changes were particularly marked in in long-term resistant as compared to short term resistant 

models. This expression profile cumulatively re-enforces the concept that these metabolic gene 

changes are likely to be important in aiding disease progression during endocrine treatment. 

Furthermore, the observation that their increases are also more prominent in ER- fulvestrant 

resistant models as compared to ER+ tamoxifen or oestrogen deprived models is in keeping with 

a contribution to aggressive tumour growth, since ER negative tumours have a particularly poor 

prognosis in the clinic (Putti et al. 2004).  

Further investigation was subsequently carried out to determine whether the expression of 

genes in the TCA cycle and OxPhos pathway were enhanced during initial AH treatment or 

gained only during acquisition of resistance. Study of AH treated MCF7 cells revealed that the 

induced gene cohort (n=551) shared by all AH treatments (10 days) had a significantly 

overrepresented lysosome pathway (Table 3.17). Induction of some genes (n=72) which were 

associated with small molecule metabolic process were discovered in ORP-O ontology analysis 

of these AH-treated MCF7 cells (Table 3.20), but they appeared to participate in lipid 

metabolism, amino acid metabolism, phosphate pentose pathway and inositolphosphate 

metabolism. This clearly differed from the enrichment of induced metabolic genes involved in 

TCA cycle and OxPhos seen in the resistant models. Indeed, only 2 OxPhos pathway genes 

(NDUFB2 and COX7C) were induced in AH treated cells. Further assessment confirmed there 

were virtually no TCA and OxPhos genes induced by initial treatment with all AHs , although  

expression of many TCA cycle (PDHA1, ACO2, IDH1, IDH3B, SDHB, FH, MDH2 and PCK2) and 

OxPhos genes (NDUFA3, NDUFA7, NDUFA8, NDUFA9, NDUFB5, NDUFB9, NDUFB10, NDUFS3, 

UQCRFS1, COX7B, ATP5J2 and PPA2) were induced in E2-deprived MCF7 cells after 10 days 

treatment (-E2/ HSFCS), with further induction of such genes after acquisition of resistance to 

oestrogen deprivation emerged. This indicates such OxPhos/TCA genes are commonly E2-

suppressed, a regulation that has been described for further gene species including growth 

factor receptors previously implicated in endocrine resistance (Gee et al. 2011). In summary, 

based on ontology and pathway analysis it can be concluded that proliferative endocrine 

resistant breast cancer cells are most prominently enriched with expression of mitochondrion 

biogenesis (TCA cycle, ribosomal sub units and TIMMs) and bioenergetics (OxPhos sub units) 

genes which may permit their resistant proliferation and growth. Thus, the mechanism of TCA 

cycle and OxPhos pathways comprised a key focus of this project, and further investigations into 

the role of induced TCA cycle and OxPhos genes in endocrine resistant cells are carried out in 

Chapter 4. Finally, a Go term associated with biological process for cellular response to zinc ion 
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(MT1E, MT1F, MT1G, MT1H, MT1X and MT2A) was overrepresented in all resistant cells which 

suggest an evidence for zinc deregulation in such cells. Metallothionein (MTs) expression was 

reported in proliferative epithelial cells of breast tumours (Cherian et al. 2003) and induced 

expression of a zinc influx transporter (SLC39A7) has been previously detected in tamoxifen 

resistance cells (TamR) (Taylor et al. 2008). Thus, further investigation for induced expression of 

genes related to response to zinc was carried out in Chapter 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 




















































































































































































































































































































































































































































































