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ABSTRACT 

PREDICTION OF PROGNOSIS AND CHEMOSENSITIVITY IN BREAST 

CANCER 

Muhammad Waqas Akbar 

Ph.D. in Molecular Biology and Genetics 

Supervisor: Ali Osmay Güre 

September 2020 

Breast cancer (BC) is responsible for the highest mortality and morbidity out of all the 

cancers in women which is primarily due to both inter and intra-tumoral molecular 

heterogeneity. This heterogeneity arises from stemness, epithelial to mesenchymal 

transition and the type of treatment given to patients. These three biological processes are 

highly related with each other. Traditional therapy when given to breast cancer patients 

generally results in the transition of epithelial cells to mesenchymal phenotype. Because 

treatment targets primarily non-stem cells, it can leave stem cells alive which can later 

result in a relapse of cancer. In this study we aimed to identify such markers that could 

classify breast cancer patients into stem/mesenchymal or non-stem/epithelial like 

phenotypes, to determine how generalized the above stated hypotheses are. We developed 

a gene list of 15 genes we term as CSC/non-CSC gene list (CNCL) which classifies tumors 

into stemness and/or EMT based phenotypes and can also classify tumor cells based on 

their relative sensitivity to treatment with traditional therapeutics such as paclitaxel and 

doxorubicin. When classified into stem/mesenchymal (CS/M) and non-stem/epithelial 

(NS/E) phenotypes, we showed that Lapatinib and Midostaurin have a specific growth 

inhibitory effects on NS/E cells, and CS/M cells, respectively. Surprisingly the CNCL 

showed prognostic significance only for patients who were treated with paclitaxel in neo-

adjuvant setting, while it could not prognosticate most other BC cohorts. We argue that 

this is due to the dynamic plasticity of these tumors, as studied within the third aim of this 

thesis. 
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Secondly, we aimed to identify chemotherapy biomarkers for paclitaxel, cisplatin and 

doxorubicin to stratify patients in groups that will or will not benefit from these drugs. 

Using biomarkers, we selected for this purpose, we performed linear regression analysis 

using breast cancer cell lines to generate cytotoxicity prediction models which can predict 

IC50 values for these drugs, based on the expression of two genes in each model. Two 

models were selected for doxorubicin and cisplatin, and three models were selected for 

paclitaxel. All models were validated both in silico and in vitro. 

Thirdly, we aimed to evaluate breast cancer plasticity that occurs upon treatment or when 

a tumor metastasizes. We noted that some breast tumors not only switch their clinical 

subtype but also change their molecular subtype upon treatment or metastasis. As breast 

cancer patient treatment in the routine practice is routed based on breast cancer subtype, it 

is very important to identify the subtype switches which can be critical for changes in 

treatment decisions. Additionally, we also identified metastatic biomarkers using large 

number of cohorts. 

Lastly, as CNCL genes did not show any prognostic importance in terms of both overall 

survival and metastasis free survival, we checked if the same is true for melanoma. We 

used Melanin A (MLANA) and Inhibin (INHBA) genes as the markers for 

invasive/proliferative, stem/non-stem and mesenchymal/epithelial phenotypes. High 

INHBA expression, which is epithelial, proliferative and non-stem phenotype biomarker, 

was associated with poor survival and high MLANA expression, which is mesenchymal, 

invasive and stem phenotype marker, was associated with good prognosis in melanoma 

patients. Therefore, these findings in melanoma supported our results in breast cancer. 

Keywords: Breast cancer, Stem cell, Paclitaxel, Cisplatin, Doxorubicin, Biomarker, 

Metastasis, Plasticity, INHBA, MLANA 
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ÖZET 

Meme Kanserinde Prognoz ve Kimyasal Duyarlılık Tahmini 

Muhammad Waqas Akbar 

Moleküler Biyoloji ve Genetik, Doktora 

Tez Danışmanı: Ali Osmay Güre 

Eylül 2020 

Meme kanseri kadınlarda görülen en yüksek hastalık ve ölüm oranına sahip kanser tipi 

olup,  bu durumun başlıca  sebepleri tümör-içi ve tümörler arası moleküler heterojenitedir. 

Kök hücre özellikleri, epitel-mezenkimal geçiş (EMT) ve hastalara verilen tedaviler bu 

heterojeniteye sebep olabilen etkenlerdir. Bu üç biyolojik süreç birbirleriyle yüksek oranda 

ilişkililerdir. Bilinen geleneksel tedavi yöntemleri, hastalara uygulandığında, epitelden 

mezenkimal fenotipe geçişe neden olmaktadır. Uygulama öncelikle kök hücre olmayan 

hücreleri hedef aldığından dolayı, kök hücreleri hayatta kalmakta ve daha sonrasında 

hastalığın nüksetmesine neden olabilmektedirler. Yukarıda verilen hipotezlerin 

geçerliliklerini görmek adına, bu çalışmada meme kanseri hastalarını kök 

hücre/mezenkimal ve kök hücre olmayan/epitel fenotipler olarak ayırabilecek belirteçlerin 

tanımlanmasını amaçladık. Kanser kök hücresi/ kanser kök hücresi olmayan fenotipler 

şeklinde tanımlanan ve 15 genden oluşan bir gen listesi oluşturulmuştur (CNCL). Bu 

listenin, tümörleri kök hücre ve/veya EMT özellikli fenotipler olarak sınıflandırabildiği, ve 

aynı zamanda tümör hücrelerini paklitaksel ve doksorubisin gibi geleneksel ilaç 

uygulamalarına  karşı gösterdikleri göreceli hassasiyetler ölçütünde ayırt edebildiği 

görülmüştür. Hücre hatları kök hücre/mezenkimal (CS/M) ve kök hücre olmayan/epitel 

(NS/E) fenotiplere göre sınıflandırıldığında, sırasıyla Lapatinib’in NS/E hücreleri üzerinde 

ve Midostaurin’in CS/M hücreleri üzerinde spesifik büyüme inhibisyonu sağladıklarını 

bulguladık. Şaşırtıcı bir şekilde, CNCL’in prognoz ile istatistiksel olarak anlamlı ilişkisi 

sadece Paklitaksel temelli neo-adjuvant tedavisi alan hastalar için geçerliyken, geriye kalan 

birçok meme kanseri kohortu CNCL ile prognoz edilememiştir. Bu tezin üçüncü amacında 
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da değinildiği üzere, bu durumun ilgili tümörlerin dinamik plastisitelerinden 

kaynaklandığına inanıyoruz.  

İkincil olarak, paklitaksel, sisplatin ve doksorubisin ilaçları ile tedavi gören hastaların 

tedavi yanıtılarının tahmin edilmesine yarayabilecek kemoterapi biyobelirteçlerinin 

tespitleri hedeflenmiştir. Meme kanseri hücre hatlarında bu doğrultuda seçtiğimiz 

belirteçler kullanılarak, yapılan doğrusal regresyon (linear regression) analizi ile ilaçların 

IC50 değerlerini 2 genin ifadesine bağlı olarak tahmin edebilen bir sitotoksisite tahmin 

modeli oluşturulmuştur. doksorubisin ve cisplatin için 2 model, paklitaksel için ise 3 model 

seçilmiştir. Modellerin tamamı in siliko ve in vitro olarak doğrulanmıştır.  

Üçüncü olarak meme kanseri plastisitesinin tedavi sonrası ve tümör metastazı 

gerçekleşmesi durumlarında değerlendirilmesi amaçlanmıştır. Tedavi ve metastaz sonrası 

bazı meme tümörlerinin klinik alt türlerini değiştirmelerinin yanı sıra moleküler alt türlerini 

de değiştirebildikleri gösterilmiştir. Rutin pratikte meme kanseri tedavisi meme kanseri alt 

türlerine göre yönlendirildiğinden, tedavi kararlarındaki değişiklikler için kritik öneme 

sahip olabilecek alt tür geçişlerinin tespiti bir hayli önem arz etmektedir. Ek olarak, yüksek 

sayıda hasta kohortu kullanılarak metastatik biyobelirteçler de tanımlanmıştır. 

Son olarak, çalışmamızda CNCL gen listesinin genel sağkalım ve metastazsız sağkalım 

açısından prognoztik bir önemi olmadığı görüldüğünden, benzer bir çalışma melanom için 

tekrarlanmıştır. Melanin A (MLANA) ve Inhibin (INHBA) genleri invazif/proliferatif, kök 

hücre/kök hücre olmayan ve mezenkimal/epitel fenotipler için belirteç olarak 

kullanılmıştır. Melanom hastalarında epitel, proliferatif ve kök hücre olmayan fenotip 

biyobelirteci INHBA’nin yüksek ifadesi kötü prognoz ile ilişkili iken, mezenkimal, invazif 

ve kök hücre fenotipi belirteci olan MLANA’in yüksek ifadesi iyi prognoz ile ilişki 

göstermiştir. Bu sebepten dolayı, melanomdaki bulgularımız meme kanserinde elde 

ettiğimiz sonuçları desteklemektedir. 

Anahtar sözcükler: Meme kanseri, Kök hücre, Paklitaksel, Sisplatin, Doksorubisin, 

Biyobelirteç, Metastaz, Plastisite, INHBA, MLANA 
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1. Introduction 

1.1. Breast cancer and its classification 

Breast cancer (BC) is one of the cancers responsible for the highest mortality and morbidity 

in women.  According to cancer statistics 2019 in the USA only, new estimated cases for 

breast cancer were the highest among all cancer patients (271270 cases). Similarly, for BC, 

mortality was estimated to be the second highest after lung cancer in women (41760 deaths 

in women) (Siegel et al., 2019). BC is a heterogeneous disease and is clinically classified 

based upon immunohistochemistry expression of estrogen receptor (ER), Progesterone 

receptor (PR) and human epidermal growth factor receptor (HER2, also known as ERBB2) 

expression. For both ER and PR, nuclear staining positive for >1% tumor cells, is 

considered positive by the American Society of Clinical Oncology (ASCO) but some 

countries such as France recommend 10% as the cutoff for these receptors. Additionally, 

by recommendations of ASCO, HER2 status is confirmed via two techniques at least and 

for this purpose approaches like immunohistochemistry (IHC), fluorescent in situ 

Hybridization and chromogenic in situ hybridization is used. Immunohistochemistry is the 

most preferred choice worldwide and 10% staining is used as the cutoff for HER2 staining 

(Harbeck et al., 2019). Moreover, BC is also molecularly classified into Luminal A 

(LumA), Luminal B (LumB), HER2 enriched (HER2), Basal and Normal like types. This 

molecular classification is being widely used and is known as PAM50 (van 't Veer et al., 

2002; Parker et al., 2009).  Apart from these classifications, BC can also be divided into 

cancer stem cells (CSC) and cancer non-stem cells (CNSC) which further shows the 

extremely heterogeneous nature of breast cancer (Hii et al., 2020). 

1.2. Breast cancer stem cells 

BC is thought to develop through the random accumulation of the right combinations of 

mutations in breast cancer cells. However, BC research has extensively supported the 

cancer stem cell hypothesis indicating two different kinds of populations which are CSC 

and CNSC to be present in tumors (Kakarla et al., 2012). There are two proposed models 

through which breast cancer stem cells are generated. The first model is hierarchical cancer 

stem cell model which states that CSCs are generated through cancerous transformation of 
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normal breast stem cells or early progenitor cells, and after transformation, these cells 

differentiate into CNSCs. Additionally, CNSCs are also generated through transformation 

of normal differentiated breast cells. The second model states that NCSCs generate CSCs 

when undergoing de-differentiation (Butti et al., 2019). Breast CSCs were first reported by 

Al hajj et al. in 2003. The authors identified cells that were CD44+/CD24-. These cells were 

sorted through fluorescence-activated cell sorting (FACS) and when as low as 200 cells 

were injected in NOD/SCID mice, highly aggressive tumors were generated. While 

injections of other cells which were CD24+, did not develop any tumors even at high 

numbers such as 20000 cells (Al-Hajj et al., 2003). The phenomenon of CSCs self-renewal 

along with the capability to differentiate, through which they generate phenotypically 

heterogeneous CNSCs, is known as asymmetrical division. Additionally, CSCs are 

considered highly important due to their significant role in malignancy, metastasis and 

relapse of BC (Velasco-Velázquez et al., 2012). 

1.2.1. Breast CSCs markers  

In breast cancer research, due to the heterogeneous nature of BC, many different markers 

have been used to identify and sort CSCs from CNSCs. The most accepted markers among 

these are CD44+/CD24- which were first described by Al-hajj et al (Al-Hajj et al., 2003). 

Others markers used for CSC identification include ALDH1, CD90, CD38, ABCB5, 

CD34, CD49f, GD2 (Chen et al., 2013a), CD133, EpCAM, PKH, CD271 and ANTXR1 

(Battula et al., 2012; Vieira et al., 2012; Liu et al., 2014a; Islam et al., 2015; Zhao et al., 

2017). These markers are used either individually or in combination with each other in 

breast cancer stem biology studies. The most important technique to sort CSCs from 

CNSCs is FACS. Other techniques used to characterize CSCs include RT-qPCR, IHC, and 

Magnetic-Activated Cell Sorting (MACS)(Islam et al., 2015).  

1.2.2. Cancer stem cells and epithelial to mesenchymal transition 

Epithelial to mesenchymal transition (EMT), as the name indicates, is the process through 

which cells with epithelial properties are transformed into mesenchymal cells. This 

phenomenon is of high importance as it plays a crucial part in embryogenesis and 

developmental biology. Additionally, the phenomenon where mesenchymal cells 
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transform into epithelial cells is termed as mesenchymal to epithelial transition (MET). 

Both EMT and MET play an important role in breast cancer development and metastasis. 

These phenotypes naturally co-exist as well in breast cancer tumors (Takebe et al., 2011). 

Importantly it has been reported that both CSCs and mesenchymal cancer cells generated 

through EMT show similar characteristics. These characteristics include the capability of 

tumor generation from minimal cells, resistance to chemotherapy and radiotherapy among 

other treatments, immunity to apoptosis, metastasis generation, migration and loss of 

differentiation (Floor et al., 2011). Interestingly ectopic expression of mesenchymal 

markers such as TWIST and SNAIL generates cells that also express stem cell markers 

such as CD44+/CD24-. Moreover, these cells upon proliferation generate both CSCs and 

CNSCs (Mani et al., 2008). Similarly, breast tumors with mesenchymal phenotype express 

stem cell markers as well both in mouse and human patients (Puisieux et al., 2014). Another 

important common mechanism expressed by both stem and mesenchymal cells is resistance 

to anoikis. Epithelial cells rely on interactions between cell and matrix for their survival 

and if these cells are grown in suspension where no anchorage is available, this results in 

programmed cell death termed as anoikis. To survive, these cells undergo EMT and 

develop a mesenchymal phenotype that is resistant to anoikis. Interestingly similar to 

mesenchymal cells, stem cells are also resistant to anoikis. Additionally, resistance to 

anoikis is necessary for metastasis (Frisch et al., 2013). These shared similarities between 

mesenchymal cancer cells and stem cells lead to conclusion that both processes might be 

induced and regulated by related biological pathways. 

1.2.3. Role of biological pathways and associated factors in breast cancer stemness 

Various signaling pathways such as Notch, Wnt, Hedgehog (Hh) and Hippo pathways 

show alterations in breast CSCs and manage the survival and maintenance of these cells 

(Clara et al., 2019). Wnt signaling plays an important role in the development of breast 

tissue and its deregulation is critical for breast cancer. In basal breast cancer, Wnt signaling 

is associated with worse prognosis and increased Wnt activity is associated with the 

increased tumor-initiating capacity of CSCs (which is a hallmark of CSCs) (Chakrabarti et 

al., 2014). Ras/MAPK signaling is another important mechanism whose activation in 

CNSCs results in the transition of those cells in CSC phenotype (Morel et al., 2008). Stem 
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cell renewal pathways such as Notch signaling play an important part in stemness and 

breast stem cells cultured in mammosphere culture show increased Notch receptors (Farnie 

and Clarke, 2007). Hh signaling is responsible for cellular polarity and plays an important 

part in stem cell maintenance (Takebe et al., 2011). Additionally, CSCs show increased 

expression of HH pathway components such as PTCH1, GLI1 and GLI2 when compared 

with CNSCs (Kasper et al., 2009). Hippo pathway is also an important regulator of 

stemness as TAZ, a transducer of Hippo pathway, is essential for sustaining tumor-

initiating properties of CSCs and also plays an important role in metastatic potential and 

chemoresistance of these cells (Cordenonsi et al., 2011; Bartucci et al., 2015).  

Several important factors have previously been reported for their importance in the 

induction of stemness in BC. In several studies, authors treated CNSCs with factors leading 

to their transition in CSCs. TNFα and TGFβ treatment over prolonged time converted 

CNSC into CSCs through EMT. Similarly, IL6 and IL8 treatment has been previously 

shown to induce stemness and chemoresistance in breast cancer cells (Chen et al., 2018). 

Moreover in one study, the serum levels of IL8 positively correlated with metastasis in BC. 

In another study, CCL2 (another cytokine) was shown to induce the self-renewing capacity 

of CSCs but this was not accompanied by CSCs differentiation to CNSCs. And inhibition 

of CCL2 in CSCs significantly inhibited tumorigenesis and NOTCH1 expression(Chin and 

Wang, 2014).  

1.2.4. CSCs resistance to therapy 

Breast cancer stem cells are highly resistant to radiotherapy and are enriched after 

radiotherapy (Phillips et al., 2006). Lagadec et al. showed that non-tumorigenic cells upon 

treatment with ionizing radiation, developed a CSC phenotype with increased expression 

of OCT4 and SOX2 (Lagadec et al., 2012). Several studies have shown that CSCs are also 

resistant to traditional chemotherapies. When breast cancer is treated with these therapies, 

mostly CNSC cells are targeted and CSCs escape this treatment and over time, these cells 

ultimately lead to the relapse of tumors. Gupta et al. showed that when breast cancer cells 

are treated with paclitaxel over a prolonged period of time, this results in increased CSC 

population in surviving cells (Gupta et al., 2009b). Van Phuc et al. showed that CSC cells 
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are resistant to doxorubicin and upon downregulation of CD44, these cells become 

sensitive to chemotherapeutics (Van Phuc et al., 2011). Similar results have been shown 

for tamoxifen, fulvestrant, cisplatin, 5-fluorouracil and gemcitabine (Fillmore and 

Kuperwasser, 2008; Shafee et al., 2008; Wang et al., 2012; Bhat-Nakshatri et al., 2013; 

Samanta et al., 2014). It is important to target both CSC and CNSC populations using 

combination therapy so that both populations can be eliminated from tumors (Liu and 

Wicha, 2010). In this regard Gupta et al. have previously shown that paclitaxel is effective 

against CNSC and salinomycin is effective against CSC population in breast cancer cells 

(Gupta et al., 2009b). Additionally, other compounds that can target Notch, Wnt, Hedgehog 

(Hh) and Hippo pathways can be identified and used in combination with traditional 

therapies to eliminate breast cancer.  

1.2.5. Presence of CSC in breast cancer cell lines 

CSCs are not only present in breast tumors but established breast cancer cell lines show 

the presence of these cells. The presence of CSCs in breast cancer cell lines varies among 

molecular classes. Cell lines can be divided into 3 groups based upon the presence of 

CD44+/CD24- stem cell marker, first group resembles the luminal subtype and shows the 

least stem cells (e.g. MCF7), and rest two groups are basal where the first one shows basal-

like morphology with reduced expression of stem cells (e.g. SUM149) while the other one 

has basal morphology and more than 90% of its cells are stem cells (e.g. MDA-MB-231) 

(Fillmore and Kuperwasser, 2008). Similarly using ALDH1 marker, CSCs can be 

identified in breast cancer cell lines and xenografts as well (Charafe-Jauffret et al., 2009). 

These studies suggest that breast cancer cell lines can be a suitable model for studying 

CSCs. 

1.2.6. CSCs enrichment in vitro 

Cancer cells who lose contact with surrounding cells or extracellular surface, undergo 

apoptosis known as anoikis. Resistance to this biological trait is important for the cells to 

achieve metastatic potential (Simpson et al., 2008).  In vitro, this trait is exploited to enrich 

cancer cells for stemness. CSCs cells are enriched in mammosphere culture (3D cell 

culture). CNSCs require a support surface for their attachment and cannot survive 
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mammosphere culture as low attachment flasks are usually used for this purpose. Only 

CSCs can survive this culture because of their resistance to anoikis and growth in spheres. 

Importantly if mammospheres are cultured in normal flasks as monolayers, they give rise 

to both CSC and CNSC populations (Grimshaw et al., 2008; Shaw et al., 2012; Wang et 

al., 2014). Alternative methods to mammosphere culture in low attachment flasks are 

hanging drop method, rotary culture and culture on matrigel (Vinci et al., 2012). 

Mammosphere is a cheaper method when compared with other methods but its biggest 

caveat is the requirement of several growth factors and a prolonged time for establishing 

culture. CSCs are also grown in vivo as a small number of cells are transplanted in mice 

which give rise to tumors resembling original tumor tissue. Limitations of this method 

include a lack of cytokines and altered niche (Valent et al., 2012).  

1.3. Chemotherapy in BC 

BC tumors are treated with chemotherapy in two settings, neoadjuvant therapy where 

patients are treated with chemotherapy to decrease the size of tumor for probable surgery, 

and adjuvant setting where patients are treated with chemotherapy after the surgery. Early 

breast cancer Luminal A and B subtype tumors are treated with endocrine therapy after 

surgery and/or radiotherapy if the risk of recurrence is low, but if this risk is high then these 

patients are treated with a combination of either anthracycline and taxane or docetaxel and 

cyclophosphamide. In HER2 subtype of early breast cancer, patients are treated with 

chemotherapy (adjuvant paclitaxel and trastuzumab for 1 year) if the pathological (P) stage 

is 1 but if it is above 1 then those patients are treated with dual anti-HER2 therapy 

(trastuzumab and pertuzumab) along with a combination of either anthracycline and 

paclitaxel or docetaxel, and cisplatin in neoadjuvant setting. For these patients, if pCR is 

achieved after surgery then they are treated with anti-HER2 therapy for 1 year and if pCR 

is not achieved then these are treated with T-DM1. For early triple-negative breast cancer 

(TNBC) or Basal subtype, chemotherapy is preferred in the neoadjuvant setting with 

anthracycline and paclitaxel (platinum-based chemotherapy might also be added) and if 

after surgery pCR is not achieved then those patients are treated with capecitabine. For 

advanced breast cancer, Luminal A and B subtype are treated with adjuvant endocrine 

therapy and chemotherapy options include anthracycline, paclitaxel, vinorelbine and 
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eribulin. For HER2 subtype, first-line adjuvant treatment includes trastuzumab and 

pertuzumab along with chemotherapy (taxane or vinorelbine), and the second line of 

treatment is T-DM1. Advanced TNBC or Basal subtype is treated with nab-paclitaxel plus 

atezolizumab. For some patients, platinum-based therapy is also a good option (Harbeck et 

al., 2019). Hence paclitaxel (taxane family), cisplatin (platinum-based drug) and 

doxorubicin (anthracycline family) are most commonly used in breast cancer treatment, so 

it’s important to identify therapeutic biomarkers for these drugs.          

1.3.1. Paclitaxel 

Paclitaxel is an antimitotic drug being used in multiple cancer treatments such as lung 

cancer, prostate cancer, gastric cancer, bladder cancer as well as breast cancer. It binds to 

microtubules and results in their stabilization by promoting α and β subunits assembly as 

these are building blocks of microtubules.  This stabilization of microtubule further 

hampers the cell’s ability to divide, halting the cell division in G2 or M phase of cell cycle 

leading to cell death. This drug was approved for breast cancer treatment in 1994 (Abu 

Samaan et al., 2019). Among breast cancer subtypes, paclitaxel is more effective on basal 

and ERBB2+ subtype compared to luminal and normal like cancers (Rouzier et al., 2005). 

Apart from the use of paclitaxel for the treatment of different intrinsic subtypes of breast 

cancer, paclitaxel is being used to treat metastatic breast cancer (Gradishar, 2012). Several 

studies have been performed to identify the probable biomarkers but none of the identified 

biomarkers have been applied to clinics yet. Parardiso et al. showed β–tubulin III 

immunohistochemical expression as a predictive biomarker for paclitaxel in a cohort of 72 

patients of advanced breast cancer (Paradiso et al., 2005). Chang et al. proposed 92 gene 

list capable of classifying breast cancer patients into docetaxel (a derivative of paclitaxel) 

sensitive and resistant groups in neoadjuvant setting (Chang et al., 2003). Sun et al. showed 

Phosphoglycerate kinase-1 (PGK1) as a prognostic biomarker for breast cancer treatment 

with paclitaxel (Sun et al., 2015). Murray et al. summarized different predictive biomarkers 

for taxane resistance which include Multidrug Resistance Protein 1 (MDR1), P-

glycoprotein (Pgp) and β-Tubulin (Murray et al., 2012). Xie et al. showed microtubule 

binding proteins such as MAP2, Tau, parkin and survivin as biomarkers for paclitaxel 

response (Xie et al., 2016). Pavlíková et al. compared MCF7 sensitive and resistant cells 
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to paclitaxel and found that HSP27 and cathepsin were upregulated in sensitive cells and 

TRIP6 was upregulated in resistant cells (Pavlíková et al., 2015). Xu et al. showed PDCD4 

as a biomarker for both paclitaxel and cancer progression (Xu et al., 2015). Hodgkinson et 

al. summarized differnet paclitaxel resistant biomarkers in breast cancer cell line among 

which downregulated markers are cytokeratin 19, HSP27 and phosphoglycerate kinase-1, 

and upregulated genes included 14-3-3 epsilon, proliferating cell nuclear antigen, sorcin 

and stathmin (Hodgkinson et al., 2010). 

1.3.2.  Doxorubicin 

Doxorubicin is an important anticancer drug that belongs to anthracycline class of 

compounds and is used against both solid and liquid tumors. Different models have been 

presented regarding cell death in response to treatment of doxorubicin which include 

formation of DNA adducts leading to increased torsional stress at active promoters, 

trapping topoisomerase II at breakage site, oxidative stress and ceramide overproduction 

(Yang et al., 2014). Several studies have been proposed to identify doxorubicin sensitivity 

and resistance biomarkers. AbuHammad et al. concluded that doxorubicin resistant MCF7 

breast cancer cell line showed metabolizing genes such as CYP1A1 and CYP1A1 up-

regulation along with drug efflux pump genes and other genes such as TOP2A and MET 

were downregulated (AbuHammad and Zihlif, 2013). Liang et al. showed that a circular 

RNA KDM4C when upregulated, decreased doxorubicin resistance and tumor progression 

(Liang et al., 2019). Long et al. showed that microRNA miR-193b reverses doxorubicin in 

breast cancer by decreasing MCL-1 expression (Long et al., 2015). Piasecka et al. reported 

a miRNA cluster involvement in determining TNBC cells resistance/sensitivity to 

doxorubicin (Piasecka et al., 2018). Sun et al. showed that miRNA-574 is responsible for 

doxorubicin resistance as it downregulates SMAD4 (Sun et al., 2018). Zang et al showed 

that Notch signaling plays an important part in cancer cells' response to drugs and 

downregulation of Notch-1 increased breast cancer cells sensitivity to doxorubicin (Zang 

et al., 2010). Similar results were shown by Kim et al. (Kim et al., 2015). Moreover, TNBC 

cells’ sensitivity to doxorubicin is increased if BCL-2 expression is decreased (Inao et al., 

2018). Moriera et al. showed STAT3 as a potential biomarker for doxorubicin resistance 

in breast CSCs (Moreira et al., 2018). STAT3 importance in CSC drug resistance was also 
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reported by Cheng et al. which suggested Stat3/Oct-4/c-Myc signal circuit as liable for 

doxorubicin resistance (Cheng et al., 2018). Smith et al. performed antibody microarrays 

to determine doxorubicin resistance biomarkers and reported association of decreased 

expression of tyrosine phosphorylated form of ERK with doxorubicin resistance along with 

cyclin B1 and cytokeratin 18 (Smith et al., 2006). Munkácsy et al. reported PSMB7 as bad 

prognostic biomarker of breast cancer patients and its higher level were associated with 

doxorubicin resistance (Munkácsy et al., 2010). Loi et al. reported role of CD73 as poor 

prognosis biomarker of breast cancer and resistance to anthracyclines (Loi et al., 2013). 

Hodgkinson et al summarized several doxorubicin resistant biomarkers in breast cancer 

cell line among which downregulated markers alpha tropomyosin, cytokeratin 8, 

cytokeratin 19, peroxiredoxin 2 and septin 2, and upregulated markers included 14-3-3 

sigma (stratifin), ATP synthase β, cathepsin D chain B, cyclophilin B and mitotic 

checkpoint protein BUB 3 (Hodgkinson et al., 2010).   

 Several compounds have also been reported which are synergistic to doxorubicin and 

enhance its activity when breast cancer cells are treated with a combination of these drugs. 

Li et al. showed a gamma secretase inhibitor to increase MDA-MB-231 sensitivity to 

doxorubicin (Li et al., 2015). Marinello et al. showed that metformin is a potential drug to 

prevent doxorubicin resistance in breast cancer cell lines (Marinello et al., 2019). 

1.3.3.  Cisplatin 

Cisplatin is a chemotherapeutic drug which belongs with platinum-based compounds used 

in treatment of cancer. It is used in treatment of several cancers including breast cancer, 

bladder cancer, head and neck carcinoma, lung cancer, testicular cancer and ovarian cancer. 

Cisplatin induces apoptosis in cancer cells through crosslinking with purines bases on 

DNA, thus it causes DNA damage and hampers DNA repair. Its common side effects 

include kidney issues, allergic reactions, decreased immunity, gastrointestinal problems 

and hemorrhages (Dasari and Tchounwou, 2014). Silver et al. proposed cisplatin use in 

neoadjuvant setting for TNBC patients which show decreased BRCA expression (Silver et 

al., 2010). Byrski et al. reported high pathological response (pCR) in patients harboring 

BRCA1 mutations and treated with cisplatin (Byrski et al., 2010). Several studies have 
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previously reported cisplatin resistance/sensitivity biomarkers. Hodgkinson et al. 

summarized several cisplatin resistant biomarkers in breast cancer cell line among which 

downregulated markers are beta tubulin type 3, cytokeratin 17, glutathione S transferase 

mu 3, HSP27, isocitrate dehydrogenase, peroxiredoxin 4, ribosomal protein P0 and 

tropomyosim alpha, and upregulated markers included electron transfer flavoprotein beta, 

heterogeneous nuclear ribonucleoprotein A3, hydroxyprostaglandin dehydrogenase-15 

(NAD), matrix metalloproteinase 9,  peptidyl-prolyl isomerase B and proteasome beta 1 

subunit (Hodgkinson et al., 2010). Xu et al. reported ER-α promoter as resistance 

biomarker of cisplatin in TNBC patients (Xu et al., 2018a). Pyndiah et al. reported c-MYC 

as promoter of cisplatin resistance in cancer cells (Pyndiah et al., 2011). Chen et al. 

summarized several miRNAs which play important part in imparting breast cancer cells 

with cisplatin resistance/sensitivity (Chen et al., 2016). Xie et al. reported mir-519d as 

cisplatin sensitivity regulator by down regulating MCL1 expression in breast cancer stem 

cells (Xie et al., 2017). Leong et al reported p63 as good prognosis biomarker in a subset 

of sporadic TNBC breast cancer and is responsible for cisplatin sensitivity (Leong et al., 

2007). Liu et al reported collagen 1A1 as poor prognostic factor for breast cancer metastasis 

and its upregulation was associated with cisplatin sensitivity, emphasizing its role as a 

potential drug target for the patients with higher expression of this gene (Liu et al., 2018a). 

Zhu et al. proposed ER- α36 as cisplatin resistance biomarker and this process is mediated 

through nongenomic estrogen signaling in breast cancer cells (Zhu et al., 2018).  

1.4. Breast cancer plasticity 

Apart from EMT and stemness plasticity in breast cancer, hormone receptor biomarker 

based and PAM50 based subtype switching is observed.  

ER, PR and Her2 IHC biomarkers play an important role in decision making for breast 

cancer patients’ treatment plans. Based upon the expression of these hormone receptors 

either endocrine or chemotherapeutic treatment strategies, are selected in clinics. ER+ and 

PR+ breast cancer subtypes are treated with hormonal therapy for tumors with low risk of 

recurrence but if the risk of recurrence is high then chemotherapy treatment is also selected. 

For HER2+ subtype, trastuzumab or pertuzumab along with chemotherapeutics is used to 
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treat early breast cancer patients. And TNBC patients are treated with chemotherapeutics 

(Harbeck et al., 2019). So, it is very important to identify breast cancer subtype specifically 

and treat patients with an appropriate plan. Unfortunately, the expression of these IHC is 

not stable in breast cancer. Almost 33% of breast cancer patients express a change in the 

status of IHC markers and almost one out of seven patients show a change in HER2 status 

(Lindstrom et al., 2012). Hirata et al. showed that breast cancer patients when treated with 

neoadjuvant therapy showed a significant change in IHC status. The overall change in 

status was determined at 16%. And patients who switched their status and no hormonal 

therapy was used for treatment, showed worse overall and disease frees survival (Hirata et 

al., 2009). Kasami et al. showed a significant difference in PR status before and after neo 

adjuvant chemotherapy (Kasami et al., 2008). Neubauer et al. showed significant change 

for all 3 IHC markers and the overall change for this study was 23% (Neubauer et al., 

2008). Adams et al. showed a significant increase in HER2 IHC positivity in breast cancer 

patients before and after neoadjuvant chemotherapy (Adams et al., 2008). Tacca et al. 

showed 23% switch in hormonal receptors status in either direction before and after 

neoadjuvant chemotherapy (Tacca et al., 2007). Thompson et al. showed that out of 208 

breast cancer patients, ER status switch was observed among 10.2% patients. And this 

percentage for PR was 24.8% and HER2 was 2.9% (Thompson et al., 2010). Switch in IHC 

status is also reported in between primary and metastatic breast cancer tissue as well. Sari 

et al. reported significant difference for hormone receptor between primary and metastatic 

tumors where the change in ER status was 36%, change in PR status was 54% and for 

HER2, the switch in status was 14%(Sari et al., 2011). Aurilio et al. performed a meta-

analysis in which they observed 24% switch for ER status, 46% switch in PR status and 

for HER2 13% from negative to positive status between primary and recurrent tumor. 

Additionally 14% tumors showed gain of ER status, 15% showed gain of PR status and 5% 

showed gain of HER2 status on recurrence (Aurilio et al., 2014). A number of other studies 

have validated or showed the same results (Zidan et al., 2005; Broom et al., 2009; Ataseven 

et al., 2012; Niikura et al., 2012; Dieci et al., 2013; Kinoe et al., 2018; Yang et al., 2020). 

In literature previously, this switch of hormonal receptor status has been associated with 

administration of chemotherapy (Anand and Velayudhan, 2016; Erdem et al., 2017; Vogel 

et al., 2019).  
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As breast cancer is divided into 5 intrinsic molecular subtypes which are LumA, LumB, 

Her2, Basal and Normal. In clinics, breast cancer samples are subtyped using PAM50 test 

which uses the expression of 50 genes to assign each sample to its molecular class (Parker 

et al., 2009).  As opposed to IHC subtyping plasticity, not many studies have been 

performed to determine if PAM50 subtyping is switched upon chemotherapy treatment or 

metastasis. Cejalvo et al. analyzed primary and metastatic samples to study PAM50 

subtype switching in 123 patients. For these patients, metastasis was recorded for several 

organs including lymph node, lung, bone, skin and peritoneum among others. Basal 

showed the highest concordance for switching between primary and metastatic tissue as no 

switching was observed. HER2 and LumB showed similar switching as the rate of the 

switch was 23.08% and 30%. The highest switching percentage was observed for LumA 

at 55.32% and most of these samples switched to LumB and HER2 subtype (Cejalvo et al., 

2017). 

1.5. Metastatic biomarkers for BC 

Breast cancer mortality rate has significantly decreased during the last 20 years. But 

metastatic breast cancer still holds the major responsibility for breast cancer lethality as 

only 5% of breast metastatic patients survive long term as this disease have a median 

overall survival of 20-28 months (Gobbini et al., 2018). Breast cancer metastasis takes 

place through several steps sequentially which include migration of tumor cells after 

achieving migration properties towards blood vessels, transfer of these cells to blood 

supply known as intravasation, survival of tumor cells in blood circulation, extravasation 

to a different host organ, colonization and metastatic tissue growth with the manifestation 

of clinical symptoms (Lambert et al., 2017). Breast cancer metastasis is detected through 

clinical symptoms, biopsies of metastasis, radiological examinations, imaging techniques 

and metastasis biomarkers (Scully et al., 2012). Breast cancer metastasis is mostly observed 

for lymph node, brain, lungs and bone (Lorusso and Rüegg, 2012). EMT is reported to play 

an important role in metastasis as mesenchymal cells show increased migration and 

resistance to therapy along with increased tumorigenicity (Dongre and Weinberg, 2019). 

EMT transcription factors (Snail1 and Twist1) overexpression not only give metastatic 
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properties to expressing cells but also help neighboring cells in achieving metastasis as 

well (Neelakantan et al., 2017). 

In breast cancer, several metastasis biomarkers have been reported previously.  Cabioglu 

et al. showed that CCR7 and CXCR4 are axillary lymph node metastatic biomarkers in 

early stage breast cancer (Cabioglu et al., 2005). Cai et al. reported TPX2, KIF2C, CDCA8, 

BUB1B, and CCNA2 as prognostic markers for distant metastasis in breast cancer (Cai et 

al., 2019b). Merdad et al. showed MMP9 can be used as a biomarker for cancer invasion 

and metastasis (Merdad et al., 2014). Zurita et al. proposed hypermethylated promoters of 

genes 14-3-3-σ and ESR1 as breast cancer metastasis biomarkers in serum (Zurita et al., 

2010). Tseng et al. proposed a biomarker model to diagnose breast cancer metastasis and 

this model included clinical features such as TNM staging, Age, ER, PR and HER2 along 

with serum biomarkers (CA15-3, CEA, and sHER2). This proposed model can predict 

metastasis 90 days ahead of the event (Tseng et al., 2019). Fackler et al. proposed a 

methylation specific PCR assay for 10 genes which can be used for therapeutic and 

diagnostic purposes in breast cancer metastasis. Ten genes included in the assay were 

AKR1B1, COL6A2, GPX7, HIST1H3C, HOXB4, RASGRF2, TM6SF1, ARHGEF7, 

TMEFF2 and RASSF1 (Fackler et al., 2014). Chen et al. proposed 2 micro-RNAs (miRNA-

10b and miRNA-373) as biomarkers for lymph node breast cancer metastasis (Chen et al., 

2013b). Eichelser et al. showed increased expression of miR-17 and miR-155 in non-

metastatic samples when compared with metastatic samples in the serum of breast cancer 

patients (Eichelser et al., 2013). Roth et al. showed that the expression of miR-10b, miR-

34a, and miR-155 in the blood significantly correlated with overt metastasis (Roth et al., 

2010). Thomassen et al. performed a meta-analysis for 1200 patients in total to identify 

potential metastatic candidate genes. PSD3, FOS, LPL, EPHX2 and DIRAS3 were 

proposed as metastasis suppressor genes while AURKA, RECQL4, PRMT7 and GINS2 

were reported as metastasis promoter genes (Thomassen et al., 2009). Györffy et al. 

generated a dataset of 1079 patients by combining previously published datasets and 

identified a gene signature of 376 genes which can predict breast cancer recurrence 

(Györffy and Schäfer, 2009). Wang et al. identified 76 gene signature which could predict 

distant metastasis of breast cancer patients with lymph node negative status (Wang et al., 

2005). Minn et al. proposed a gene signature related with lung metastasis in breast cancer 
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patients and they named this “lung metastasis gene expression signature”. This signature 

included genes such as SPARC, TNC, PTGS2, ANGPTL4, MMP2, FSCN1, MMP1, 

KRTHB1, CXCL1, EREG, ID1, LY6E and RARRES3 (Minn et al., 2007).  Barraclough 

et al. performed a meta-analysis for breast cancer cohorts and propose dCOX2 and RPM2 

as metastasis biomarkers (Bell et al., 2017). GATA3 expression was decreased in 

metastatic tissue in a subset of ER+ irrespective of hormonal treatment (Mehra et al., 2005). 

Using matched primary and metastatic tissues of 16 breast cancer patients, Iwamoto et al. 

showed that VEGFA and DNMT3A are overexpressed in brain metastasis when compared 

with primary tissues (Iwamoto et al., 2019). Vargas et al. showed in their meta-analysis 

that ERRα is responsible for increased bone metastasis and this expression is unique to 

bone metastasis and is not observed for lung metastasis (Vargas et al., 2019). Matrone et 

al. showed that metastatic breast cancer overexpresses tau which leads to microtubule 

stabilization providing further support in metastasis (Matrone et al., 2010). Han et al 

proposed that NM23 is responsible for decreased lymph node metastasis (Han et al., 2017). 

Kim et al. correlated increased PD-L1 expression with increased lymph node metastasis 

(Kim et al., 2017). Li et al. integrated three datasets for meta-analysis and showed that 

CD80 and ISG15 leads to increased breast cancer progression and metastasis in breast 

cancer (Li et al., 2020). Pan et al. through a meta-analysis, showed that higher expression 

of STAB1 is related with increased metastasis leading to worse prognosis in breast cancer 

(Pan et al., 2016). CXCR4 was shown to be highly associated with breast cancer metastasis 

and is also expressed on breast cancer stem cells (Zhang et al., 2014). 

Additionally, Shriver et al. showed that loss of OBSCN gene is associated with EMT 

leading to increased tumorigenicity and metastasis (Shriver et al., 2015). In metastatic 

breast cancer, Imani et al. showed through meta-analysis that TWIST1, ZEB1, SLUG and 

SNAIL1 IHC expression was associated with worse prognosis (Imani et al., 2016). 

Chakrabarti et al. showed that ELF5 is responsible for EMT inhibition resulting in 

metastasis repression through decreased SNAIL2 (Chakrabarti et al., 2012). Yan et al 

showed that GATA3 expression results in MET leading to decreased breast cancer 

metastasis (Yan et al., 2010). Gjerdruma et al. showed that Axl expression is related to 

cancer survival and, cells who undergo EMT express increased Axil in metastasized tissue 

(Gjerdrum et al., 2010). DiMeo et al. showed that Wnt signaling in breast cancer, plays a 
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major role in EMT resulting in metastasis and Wnt signaling inhibition resulted in the loss 

of mesenchymal properties and metastasis as well (DiMeo et al., 2009). Cai et al. showed 

that ectopic overexpression of miR-374a promoted both EMT and metastasis in vitro and 

in vivo (Cai et al., 2013). Additionally, Yan et al. showed that a decrease in the number of 

circulating tumor cells is correlated with treatment response (Yan et al., 2017). 

Although these studies show different biomarkers for breast cancer metastasis but the 

limitation of these studies, is the number of patients and metastatic cohorts used. Metastatic 

biomarkers identified through analyzing multiple cohorts and with an increased number of 

patients will hold higher importance and will be the most suitable candidates for further 

validation. 

1.6. Role of MLANA and INHBA in Melanoma 

Through epidemiological studies, researchers have shown a link between cutaneous 

melanoma and breast cancer. Carriers of BRCA gene mutations have also a high risk of 

melanoma and similarly, carriers of CDKNA2 gene have a higher risk of developing breast 

cancer (Goggins et al., 2004). Similarly, Ho et al. analyzed the Irish Cancer Registry for 

identifying any correlations between malignant melanoma and breast cancer. And authors 

found a link between both conditions suggesting that survivors of both cancers should 

undergo routine check-ups for the second cancer (Ho et al., 2011). 

 Melanoma shows various phenotypes based upon stemness, EMT and 

invasion/proliferation. In our previous publication, we showed that these phenotypes are 

relatively related to each other in melanoma cells. Additionally, using only two genes 

Inhibin subunit A (INHBA) and Melanin A (MLANA), melanoma cells can be classified 

in their corresponding classes based upon stemness, EMT and invasion/proliferation. In 

this study, only two genes were used as a classifier as we wanted to find minimal number 

of genes for classification (Senses et al., 2017). MLANA is a critical regulator of 

pigmentation and is previously associated with the proliferative phenotype of melanoma 

(Arozarena and Wellbrock, 2019). In melanoma, a large proportion of cells express 

MLANA which also acts as melanoma antigen for T cells. And MLANA is downregulated 

in hypoxic conditions (EMT rich regions) which suggests that proliferative/epithelial cells 
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express MLANA and MLANA can be used as epithelial and melanocytic marker (Widmer 

et al., 2013).  

INHBA is overexpressed in the invasive phenotype of melanoma and is related to extra 

cellular microenvironment modifications, decreased proliferation and high motility(Hoek 

et al., 2008). INHBA knockdown in vitro was associated with decreased EMT (Sinnberg 

et al., 2018). So, this data shows that MLANA biomarker represents non-

stem/epithelial/proliferative phenotype of melanoma and INHBA represents 

stem/mesenchymal/invasive phenotype. Finally, these conclusions along with similarities 

of breast cancer and melanoma, warrants the question if stem/non-stem and 

mesenchymal/epithelial markers in melanoma can be used as melanoma prognostic 

biomarkers.   
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2. Aim of the study 

Breast cancer shows plasticity and switches among its various subtypes depending upon 

various factors such as treatment, metastasis and microenvironment. This plasticity has 

been reported to occur through EMT which in turn, has been associated with stemness. It 

is likely that when breast tumors are treated with traditional therapy, breast cancer stem 

cells are not killed; or due to EMT, mesenchymal cells are generated which are resistant to 

therapy. In this study, we aimed to identify a robust gene list that could classify BC samples 

regarding their stemness and EMT characteristics. Using this gene list, we aimed to 

determine whether a thus generated categorization can be applied to all BC cohorts, and 

whether this could be used to determine drug sensitivity and prognosis. We also aimed to 

generate a classification of BC based on the same gene list, but via continuous variables. 

We used this second approach to test if we could trace phenotype plasticity in BC, and how 

this related to chemosensitivity. We asked if our gene list had any prognostic importance, 

which could lead it to be used in the clinics.  

Secondly, we aim to identify specific biomarkers for paclitaxel, cisplatin and doxorubicin 

sensitivity, as these drugs are routinely used to treat breast cancer patients. By identifying 

such biomarkers, we hypothesized that these treatments can be personalized to patients 

which would show a higher response to these drugs. 

Thirdly, we aimed to highlight breast cancer plasticity for both IHC based (ER, PR and 

HER2) and PAM50 subtypes. In breast cancer, patients receive treatment based on their 

IHC marker expression and subtype classifications. Therefore, if subtype changes occur 

upon treatment or metastasis, the treatment plan should be revised according to the new 

subtype to better achieve the prognostic outcome. We also aimed to evaluate metastatic 

biomarkers in breast cancer using multiple cohorts in silico. 

Lastly, as we had previously shown two markers, Inhibin (INHBA) and Melanin A 

(MLANA), to subtype melanoma tumors into invasive/proliferative, 

epithelial/mesenchymal and stem/non-stem phenotypes similar to our stem/non-stem and 
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epithelial/mesenchymal classification in breast cancer, we aimed to study the prognostic 

significance of INHBA and MLANA in comparison to our breast cancer gene list.  
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3. Materials 

3.1. General laboratory reagents 

Reagents and chemicals for general use in the laboratory, were bought from several sources 

as shown in Table 3.1. 

Table 3.1: General laboratory reagents and vendors 

Reagent / Chemical Company 

Ethanol 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Isopropanol 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Chloroform 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

DMSO (Dimethyl sulfoxide) AppliChem (Darmstadt, Germany) 

RNAse Zap Ambion (Carlsbad, CA, U.S.) 

Nuclease Free Water Ambion (Carlsbad, CA, U.S.) 

Qubit™ RNA BR Assay Kit Invitrogen (Carlsbad, CA, USA) 

DNA-free™ Kit Invitrogen (Carlsbad, CA, USA) 

RevertAid First Strand cDNA Synthesis Kit 
Thermo Scientific (Waltham, MA, 

USA) 

OneTaq Quick-Load 2X Master Mix 
New England Biolabs (Ipswich, MA, 

USA) 

iTaq Universal SYBR Green Supermix 
Bio-Rad Laboratories, Inc., (Berkeley, 

CA, USA) 

50X TRIS acetate EDTA was prepared by dissolving 242 g of Tris Base, 57.1 ml of glacial 

acetic acid and 37.2 g of Tritiplex III (EDTA) in 1 liter of dd H2O.  

3.2. General laboratory equipment 

Thermo Scientific™ NanoDrop™ One Microvolume UV-Vis Spectrophotometer (Thermo 

Scientific (Waltham, MA, USA) and Qubit Fluorometer (Invitrogen, Carlsbad, CA, USA) 

were used to check the quality of RNA samples before and after DNAse treatment 

respectively. Gel electrophoresis was performed in Gel electrophoresis system (Hoefer 

Inc., Holliston, MA). For luminescence-based assays, Synergy HTX multi-mode reader 

(Biotek, VT, USA) was used.   
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3.3. Cell culture reagents 

Cell culture media and reagents were procured from different sources as shown in Table 

3.2. 

Table 3.2: Cell culture media and reagents 

Reagents Company 

Dulbecco's Modified Eagle Medium (DMEM) Lonza (Basel, Switzerland) 

Rosswell Park Memorial Institute Medium 

(RPMI) 
GIBCO (Carlsbad, CA, USA) 

B27 spheroid media supplement Invitrogen, Carlsbad, CA, USA 

Epidermal Growth Factor human (EGF) 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Fibroblast Growth Factor-Basic human (FGF) 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Heparin sodium salt 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Trypsin-EDTA 
SIGMA-ALDRICH (St. Louis, MO, 

USA) 

Fetal Bovine Serum (FBS) GIBCO (Carlsbad, CA, USA) 

L-Glutamine Lonza Group (Switzerland) 

Fetal Bovine Serum (FBS) Lonza Group (Switzerland) 

Penicillin –Streptomycin HyClone (Rockford, USA) 

CellTiter-Glo® Luminescent Cell Viability 

Assay 
Promega (Fitchburg, Wisconsin, USA) 

TrypLE™ Select Enzyme (1X), no phenol red 
Life Technologies (Waltham, MA, 

USA) 

TRIzol® Reagent 
Life Technologies (Waltham, MA, 

USA) 

3.4. Cell culture media and solutions 

Breast cancer cell lines BT474, BT20, CAL51, JIMT1, MCF7, MDA-MB-157, MDA-MB-

231, MDA-MB-453, MDA-MB-468, MDA-MB-436, ZR751, were cultured in DMEM 

media whereas HCC38, HCC70, HCC202, HCC1143, HCC1937, HCC1954 and T47D 

were cultured in RPMI media. 

To prepare cell culture media for 2D cell culture, 10% FBS, 1% L-Glutamine and 1% 

Penicillin –Streptomycin of total media, were filtered using 0.2 µm syringe filters and 

added to respective medium to make complete medium. 
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To prepare cell culture media for 3D cell culture (mammosphere culture), 1% L-Glutamine 

and 1% Penicillin –Streptomycin of total media, were filtered using 0.2 µm syringe filters 

and added to respective medium in addition to 1x B27, EGF 10ng/ml, FGF 20ng/ml and 

heparin 2 µg/ml to make complete medium. Once prepared medium was used for 7 days 

after which remaining medium was discarded and new medium was prepared. 

10X Phosphate buffer saline (PBS) was prepared by dissolving 80g of NaCl, 2g of KCl, 

14.4g of Na2HPO4 and 2.4g of KH2PO4 in 800 ml of ddH2O. pH of the solution was 

adjusted to 7.4 and volume was increased to 1 liter by adding more ddH2O. 100ml of 

prepared 10X PBS was added to 900ml of ddH2O generating 1X PBS. 1X PBS was then 

autoclaved and filtered before use in cell culture. 

To freeze cells in liquid nitrogen, 10ml DMSO was added to 90ml FBS to generate freezing 

medium. 

For cell cytotoxicity analysis Lapatinib was bought from CAYMAN and Midostaurin from 

Sigma Aldrich. Both drugs were dissolved in DMSO generating 50mM and 5mM stocks 

respectively.   
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4. Methods 

4.1. Cell culture conditions 

All cell lines were cultured in their respective medium (as explained in Materials section 

3.4) at 5% CO2 incubator at 37 0C.  

4.2.  Culturing cryopreserved cells 

Cryovials containing cell lines were stored in liquid nitrogen. To start a culture, cryovials 

were removed and thawed immediately in a water bath at 37 0C. Cells from these vials 

were transferred then to 15ml falcon tubes. 5 ml medium was added to cells drop by drop. 

Then falcon tubes were centrifuged at 1500 rpm for 3 minutes. The supernatant from each 

falcon was removed and the cell pellet was dissolved in 6 ml of complete medium. These 

cells were then transferred to 25 cm2 flask and kept at 5% CO2 incubator at 37 0C.  

4.3. Cell culture 

Cell lines after achieving more than 70% confluency were passaged. For passaging, the 

medium was aspirated and cells were washed with 5ml of 1X PBS. Then trypsinization 

was performed. 1-2 ml Trypsin-EDTA was added to each flask and then flasks were placed 

in an incubator at 37 0C for 2-3 minutes. Upon detachment of cells, these were collected in 

5ml of the medium. This cell suspension was centrifuged in a falcon tube at 1500 rpm for 

3 minutes. After centrifugation, the supernatant was removed and the cell pellet was 

resuspended in 3 ml medium. 1 ml of this suspension was transferred to 75 cm2 flask 

containing 8 ml complete medium. 

4.4. Cell cryopreservation 

To cryopreserve cells in liquid nitrogen, cells grown in a flask were washed with 1X PBS 

and then trypsinized. 5 ml medium was added to those trypsinized cells and this mixture 

was centrifuged at 1500 rpm for 3 minutes. The supernatant was removed and cell pellet 

was resuspended in freezing media (explained in Materials section 3.4). This cell 

suspension was then transferred to cryovials. These vials were then labeled and stored at -

20 0C for 2 hours and then moved to liquid nitrogen. 
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4.5. Mammosphere culture (3D cell culture) 

Cells were cultured initially in 2D conditions and upon reaching 80-90% confluency, these 

were trypsinized and centrifuged at 800rpm for 4 minutes. The supernatant was removed 

and cell pellet was resuspended in 8 ml of sphere media. This cell suspension was then 

transferred to 75 cm2 ultra-low attachment flasks. These flasks were placed in an incubator 

for 3 days. Cells formed spheres after 3 days. Spheres were separated from single cells 

using 40 μm strainer. These spheres were then washed and resuspended in PBS. Spheres 

were then centrifuged at 800 rpm for 4 minutes. The supernatant was removed and 3 ml 

TrypLE was added to the cell pellet. The mixture was pipetted rigorously to dissociate 

mammospheres both physically and then was placed into an incubator. Then 6 ml of 1X 

PBS was added and the whole mixture was centrifuged again at 800 rpm for 4 minutes. 

The supernatant was removed and cells were suspended in 8 ml of media and transferred 

to 75 cm2 ultra-low attachment flask. This procedure was repeated for 6 passages of 

mammospheres.  

4.6. RNA extraction 

To extract RNA from cells grown in adherent (2D cell culture condition), 80% confluent 

75cm2 flask was washed with 1x PBS. Then 6 ml ice cold PBS was added and using cell 

scrapper, cells were scrapped. These cells were then collected and transferred to falcon 

tubes which was followed with centrifugation at 1500 rpm for 4 minutes at 4 0C. The 

supernatant was removed and the cell pellet was stored at -80 0C. 

To extract RNA from mammospheres, spheroids were centrifuged at 1500 rpm for 4 

minutes. The supernatant was removed and the cell pellet was resuspended in 6 ml ice cold 

1X PBS followed by centrifugation. At 1500 rpm for 4 minutes. Then the supernatant was 

removed and the cell pellet was stored at -80 0C. 

To extract RNA from cell pellet, 1 ml TRIzol reagent was added and samples were 

transferred to separate Eppendorf followed by 5 minutes incubation at room temperature. 

200 μl chloroform was added to each Eppendorf and pipetted vigorously followed by 10 

minutes incubation at room temperature. Samples were then centrifuged at 13000 rpm for 
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15 minutes at 4 0C. Upper phases from each tube which contained RNA, were then 

transferred to a separate tube. 500 μl isopropanol was added to each sample followed by 

10 minutes incubation at room temperature and 13000 rpm centrifugation for 15 minutes 

at 4 0C. Then the supernatant was removed and the pellet was washed with 1 ml of ethyl 

alcohol. Pellets were then incubated for 10 minutes incubation at room temperature 

followed by 13000 rpm centrifugation for 15 minutes at 4 0C. Then ethyl alcohol was 

removed and the pellets were dried. These pellets were then dissolved in Nuclease free 

water. Each sample was incubated for 15 minutes in the Thermolyne heater. RNA quantity 

and quality in each sample was measured by Nanodrop spectrophotometer ND-1000. 

4.7. DNAse treatment 

To remove DNA contamination in the samples, these were treated DNA Free kit. Each 

sample was diluted to 200 ng/μl. 44 μl of the sample was mixed with 1 μl DNAse I and 5 

μl DNAse buffer. These samples were incubated for 30 minutes at 37 0C. The reaction was 

terminated with 5 μl of DNAse inactivating reagent with vigorous pipetting. Then samples 

were centrifuged at 1000 rpm for 2 minutes. The supernatant contained DNA free RNA 

and was transferred to a newly labeled eppendorf. 

4.8. RNA quantification 

Qubit fluorometer was used to measure the quantity RNA using Qubit RNA BR assay. 1 

μl Qubit BR reagent was added to 199 μl buffer to prepare a working solution for each 

sample. Calibration of the instrument was performed using standards that were prepared 

by adding 10 μl of the standard to 190 μl of working solution. After calibration, 2 μl of 

each sample was added to 198 μl of working solution. Measurements were taken after 2 

minute incubation at room temperature. 

4.9. cDNA synthesis 

For each sample, 500 ng of total RNA was used to reverse transcribe into cDNAs using 

RevertAid First Strand cDNA synthesis Kit. Random hexamer primers were used for this 

reaction. 1 μl hexamer primer were added to 11 μl of RNA and water mixture containing 

500ng RNA. This mixture was incubated for 5 minutes at 65 0C. Samples were spun and 
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placed on ice. Reaction master mix was prepared with 1 μl of 5x reaction buffer, 1 μl of 

Riboblock RNAse inhibitor, 2 μl of 10mM dNTP master mix and 1 μl of RevertAid RT for 

each sample. To each sample, 8 μl of master mix was added to complete 20 μl reaction. -

RT controls were prepared using same mixture except reverse transcriptase was swapped 

with nuclease free water to check genomic DNA contamination. A no template control was 

also prepared where nuclease free water was used instead of sample RNA to check reagent 

contamination. All these samples were then incubated at 25 0C for 10 minutes, 420C for 60 

minutes followed by reaction termination at 700C for 5 minutes. All these samples were 

stored at -800C. 

4.10. End point polymerase chain reaction 

End point PCR reaction was performed to check if produced cDNAs were free of genomic 

contamination. All samples including control were amplified with 18S RNA primers 

(forward primer: 5’-CGTGCATTTATCAGATCAAAACCAACC-3’ and reverse primer:  

5’-ATGGTAGGCACGGCGACTAC-3’). OneTaq™ Quick Load® Master Mix (New 

England BioLabs) was used. Each reaction included 5 μl of 2X OneTaq master mix, 0.2 μl 

of forward and reverse primer each, 3.4 μl of nuclease free water and 1.2 μl of cDNA 

sample. Controls reaction were prepared with the same concentrations except nuclease free 

water was used instead of sample. Initial denaturation for this PCR was at 94°C for 5 

minutes which was followed by 30 cycles (denaturation at 94°C for 30 seconds, annealing 

at 60°C for 30 seconds and extension at 72°C for 30 seconds). The final extension was at 

72°C for 5 minutes. 

4.11. Agarose gel electrophoresis 

To detect genomic and reagent contaminations, Agarose gel electrophoresis was 

performed. 1% agarose gel solution was prepared in 1X TAE buffer via heating in a 

microwave oven. 5 μl EtBr was added to 100 ml agarose.  Agarose solution was then 

poured in a gel tray and comb was placed. Upon gel solidification, the tray was placed in a 

tank filled with TAE buffer and samples (8 μl of PCR product mixed with 2 μl of loading 

dye) along with the DNA ladder (#SM0373 Thermo Scientific Waltham, MA, USA) were 
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loaded in wells generated from removing comb. Gel was run at 110 volt for 30 minutes and 

visualized under UV. 

4.12. Quantitative Real time Polymerase Chain Reaction (qRT-PCR) 

qRT-PCR was performed using Light Cycler 480 (Roche) with iTaq Universal SYBR 

Green Supermix (Bio-Rad). Primers were generated as described previously in the 

Master’s thesis (Akbar, 2014). Each reaction was performed in triplicates with no template 

control for each plate. Reaction conditions were Polymerase activation and DNA 

denaturation at 95 0C for 30 seconds followed by 40 cycles (denaturation: 15 seconds at 

950C, annealing/extension: 60 seconds at 600C) followed by melt curve stage 65-950C 

(0.50C increments at 2 seconds/step). GAPDH was used as endogenous reference control 

and all data was calculated using the ΔΔCT method (Livak and Schmittgen, 2001).  

4.13. Drug cytotoxicity 

Drug cytotoxicity assays were performed both in 2D and 3D cell culture conditions using 

both CellTiter-Glo® Luminescent Cell Viability Assay Kit (Promega) and CyQUANT Cell 

Proliferation Assay Kit (Thermo Fisher Scientific) according to manufacturer’s 

instructions. For 2D cell culture, cells were counted using a hemocytometer and 3000 cells 

were cultured in each well of 96 well plate. After 24 hours, these cells were treated with 

drugs at 10 different concentrations (Lapatinib: 50 µM-0.001 µM, Midostaurin: 5µM-

0.0001 µM). 72 hours post drug treatment, percent cell viability and cytotoxicity were 

calculated using both assays and dose inhibition curves were drawn as described previously 

in the Master’s thesis (Akbar, 2014).  

Cell viability and cytotoxicity assays were performed for 3D cell culture the same way as 

2D assays except 96 well ultra-low attachment plates were used and cells were cultured in 

mammosphere media. 

4.14. siRNA Knockdown and Cell viability 

Using commercially available siRNAs at a concentration of 20nM, ZEB1 (D-006564-04, 

Dharmacon) and SNAI2 (D-017386-02, Dharmacon) were knocked down along with 
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control siRNA (SI03650318, Qiagen). Cells were seeded at a density of 2x105 in 6 well 

plate in complete medium. When cell confluency reached around 50-60%, complete 

medium was replaced with medium without antibiotics and Lipofactamine 2000TM-siRNA 

mixture was added. 48 hours after transfection, cells were collected and change in transcript 

levels was determined using qRT PCR. For cytotoxicity experiments, 3000 cells/well were 

seeded in 96 well plates. After 24 hours, cells were transfected with siZEB1, siSNAI2 and 

siControl. Cells were treated with 4 concentrations of 2 drugs (Midostaurin: 0.1, 0.5, 1 and 

5 µM and Lapatinib: 1, 5, 10 and 50 µM) after 24 hours. Cell viability was determined 72 

hours after drug treatment, with CellTiter-Glo® Luminescent Cell Viability Assay Kit. All 

treatments were performed in quadruplicates. 

4.15. In silico analyses 

For in silico analyses, all datasets were downloaded from ArrayExpress 

(https://www.ebi.ac.uk/arrayexpress/) and Gene expression Omnibus (GEO, 

https://www.ncbi.nlm.nih.gov/geo/). One selection parameter was that these datasets were 

generated using Affymetrix and Illumina microarray platform. Using BRB Array Tool, 

each dataset was RMA normalized. GSE73526 dataset was generated using RNA next 

generation sequencing platform and for this dataset normalized FPKM values were used. 

Data was clustered hierarchically using Cluster tree 3.0 program and Java Treeview 

program was used to draw heatmaps (de Hoon et al., 2004; Saldanha, 2004). GSEA (Gene 

set enrichment analysis) was performed using according to Broad institute guidelines 

(Subramanian et al., 2005). Gene ontology database “C5-all” was used in each GSEA 

analysis. PAM50 signature was used to classify breast cancer samples into 5 molecular 

classes as described previously: Luminal A (LumA), Luminal B (LumB), HER2 enriched 

(HER2), Basal and Normal like (Normal) (Parker et al., 2009).  

4.16. Statistical analysis 

Different groups were compared with each other using student t.test. GraphPad Prism v 

6.01 (GraphPad Software Inc.) was used to generate graphs. Cox regression analysis and 

Log rank test were performed using “Survival” package in R (Therneau and Grambsch, 

https://www.ebi.ac.uk/arrayexpress/
https://www.ncbi.nlm.nih.gov/geo/
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2000; Team, 2013). Kaplan Meier analysis was performed using IBM SPSS Statistics v.19 

and GraphPad Prism v 6.01. 
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5. Results 

5.1. Classification of breast cancer based on stemness and EMT 

5.1.1. Robustness of the CSC/non-CSC gene list (CNCL) classification 

In our previous work, we identified 15 genes (Table 5.1) which could identify cancer stem 

cells (CSC) from non-CSC cells (Akbar, 2014). Hierarchical clustering of CCLE 

(GSE36139) (Barretina et al., 2012) and CGP (E-MTAB-783) (Garnett et al., 2012) 

datasets showed that our genes were differentially expressed in some breast cancer cell 

lines which could thus be categorized as CSC like and non-CSC like cells. 

Table 5.1: CSC/non-CSC gene list (CNCL)  Table retrieved from (Akbar et al., 2020a). 

Gene 

Symbol 
Gene Name 

Behavior in CSC like 

cells 

IRF6 Interferon Regulatory Factor 6 Downregulated 

ST14 Suppression of Tumorigenicity 14 Downregulated 

CDH1 Cadherin 1 Downregulated 

BSPRY B-Box and SPRY Domain Containing protein Downregulated 

CLDN4 Claudin 4 Downregulated 

AP1M2 
Adaptor-related Protein Complex 1, mu 2 

Subunit 
Downregulated 

ZNF165 Zinc finger protein 165 (CT gene) Downregulated 

PVRL3 Poliovirus Receptor-Related 3 Upregulated 

SLIT2 Slit Homolog 2 Upregulated 

BNC2 Basonuclin 2 Upregulated 

DDR2 Discoidin Domain Receptor Tyrosine Upregulated 

VIM Vimentin Upregulated 

TMEM158 Transmembrane Protein 158 Upregulated 

FN1 Fibronectin 1 Upregulated 

DKK3 Dickkopf WNT Signaling Pathway Inhibitor 3 Upregulated 

To determine if CNCL could cluster the same breast cancer cell lines into same groups 

across when it was applied to different datasets and platforms, 3 more datasets (GSE24717 

(Shats et al., 2011) and GSE50811 (Dezső et al., 2014) (microarray) and GSE73526 

(Marcotte et al., 2016) (RNAseq.) were analyzed. Out of all cell lines, only 1 cell line 

(HCC1419) was misclassified while all other cell lines, present in more than one dataset, 
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were consistently classified in one of the two groups (CS/M or NS/E) as shown in Table 

5.2.  

Table 5.2: CNCL classification robustness across different datasets and platforms. 

N/A shows that the cell line was not present in that dataset.  Table retrieved from (Akbar 

et al., 2020a). 

Cell lines CCLE CGP GSE73526 GSE50811 GSE24717 

BT549 CS/M CS/M CS/M CS/M CS/M 

Hs578T CS/M CS/M CS/M CS/M CS/M 

MDAMB231 CS/M CS/M CS/M CS/M CS/M 

CAL51 CS/M CS/M CS/M CS/M NA 

MDAMB157 CS/M CS/M CS/M NA CS/M 

CAL120 CS/M CS/M CS/M NA NA 

HCC1395 CS/M CS/M CS/M NA NA 

MDAMB436 CS/M NA CS/M CS/M NA 

HBL100 NA NA CS/M NA NA 

Hs274T CS/M NA NA NA NA 

Hs281T CS/M NA NA NA NA 

Hs343T CS/M NA NA NA NA 

Hs606T CS/M NA NA NA NA 

Hs739T CS/M NA NA NA NA 

Hs742T CS/M NA NA NA NA 

SKBR7 NA NA CS/M NA NA 

SUM1315 NA NA CS/M NA NA 

SUM159 NA NA CS/M NA NA 

BT20 NS/E NS/E NS/E NS/E NS/E 

HCC1806 NS/E NS/E NS/E NS/E NS/E 

MCF7 NS/E NS/E NS/E NS/E NS/E 

T47D NS/E NS/E NS/E NS/E NS/E 

BT474 NS/E NA NS/E NS/E NS/E 

DU4475 NS/E NS/E NS/E NS/E NA 

HCC1143 NS/E NS/E NS/E NS/E NA 

HCC1428 NS/E NA NS/E NS/E NS/E 

HCC1937 NS/E NS/E NS/E NS/E NA 

HCC1954 NS/E NS/E NS/E NS/E NA 

HCC2218 NS/E NS/E NS/E NS/E NA 

HCC38 NS/E NS/E NS/E NS/E NA 

HCC70 NS/E NS/E NS/E NS/E NA 

MDAMB361 NS/E NS/E NS/E NA NS/E 

MDAMB453 NS/E NS/E NS/E NS/E NA 

MDAMB468 NS/E NS/E NS/E NS/E NA 

SKBR3 NS/E NA NS/E NS/E NS/E 

UACC812 NS/E NS/E NS/E NS/E NA 

AU565 NS/E NA NS/E NS/E NA 

BT483 NS/E NA NS/E NA NS/E 
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CAL148 NS/E NS/E NS/E NA NA 

CAL851 NS/E NS/E NS/E NA NA 

CAMA1 NS/E NS/E NS/E NA NA 

EFM19 NS/E NS/E NS/E NA NA 

HCC1187 NS/E NS/E NS/E NA NA 

HCC1419 NS/E NS/E NS/E CS/M NA 

HCC1500 NS/E NA NS/E NS/E NA 

HCC1599 NS/E NS/E NS/E NA NA 

MDAMB134VI NS/E NS/E NS/E NA NA 

MDAMB175VII NS/E NS/E NS/E NA NA 

MDAMB415 NS/E NS/E NS/E NA NA 

UACC893 NS/E NA NS/E NS/E NA 

ZR7530 NS/E NS/E NS/E NA NA 

EFM192A NS/E NA NS/E NA NA 

EVSAT NA NS/E NS/E NA NA 

HCC1569 NS/E NA NS/E NA NA 

HCC202 NS/E NA NS/E NA NA 

HCC2157 NS/E NS/E NA NA NA 

HDQP1 NS/E NA NS/E NA NA 

JIMT1 NS/E NA NS/E NA NA 

KPL1 NS/E NA NS/E NA NA 

MFM223 NA NS/E NS/E NA NA 

OCUBM NA NS/E NS/E NA NA 

ZR751 NS/E NA NS/E NA NA 

184A1 NA NA NS/E NA NA 

184B5 NA NA NS/E NA NA 

600MPE NA NA NS/E NA NA 

COLO824 NA NS/E NA NA NA 

HCC1008 NA NA NS/E NA NA 

HCC2185 NA NA NS/E NA NA 

HCC2688 NA NA NS/E NA NA 

HCC3153 NA NA NS/E NA NA 

HCC712 NA NA NS/E NA NA 

LY2 NA NA NS/E NA NA 

MACLS2 NA NA NS/E NA NA 

MB157 NA NA NS/E NA NA 

MCF10A NA NA NS/E NA NA 

MCF12A NA NA NS/E NA NA 

MDAMB330 NA NA NS/E NA NA 

MRKnu1 NA NS/E NA NA NA 

MX1 NA NA NS/E NA NA 

SKBR5 NA NA NS/E NA NA 

SUM102 NA NA NS/E NA NA 

SUM149 NA NA NS/E NA NA 

SUM185 NA NA NS/E NA NA 

SUM190 NA NA NS/E NA NA 
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SUM225 NA NA NS/E NA NA 

SUM229 NA NA NS/E NA NA 

SUM44 NA NA NS/E NA NA 

SUM52 NA NA NS/E NA NA 

SW527 NA NA NS/E NA NA 

UACC3199 NA NA NS/E NA NA 

YMB1 NS/E NA NA NA NA 

ZR75 NA NA NA NA NS/E 

ZR75B NA NA NS/E NA NA 

ZRT NA NA NA NS/E NA 

 

This analysis clearly shows that CNCL is robust in clustering cell lines into CSC like and 

non-CSC like groups across different platforms and datasets. 

5.1.2. Altered Molecular Mechanisms as indicated by differentially expressed genes 

between CSC and non-CSC like cell lines 

As the breast cancer cell line classification by CNCL was robust, next we aimed to identify 

altered molecular mechanisms identified by GSEA analysis between CSC and non-CSC 

like clusters, in CCLE and CGP datasets separately. Genesets enriched in both phenotypes 

were sorted by significance and were ranked for both CCLE and CGP separately. Geneset 

ranks from both datasets were added generating a rank sum value to identify commonly 

enriched genesets. In CSC like cells, genesets related to mesenchymal phenotype such as 

“Extracellular Matrix”, Basement Membrane” and “Cell Migration” were enriched as 

shown in Table 5.3. 
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Table 5.3: Gene sets upregulated in CSC like (CS/M) cell lines  Table retrieved from 

(Akbar et al., 2020a). 

 Selected Upregulated Genesets 
CCLE 

Rank 

CGP 

Rank 

Combined 

Rank 

PROTEINACEOUS_EXTRACELLULAR_MATRIX 1 1 2 

EXTRACELLULAR_MATRIX 2 2 4 

BASEMENT_MEMBRANE 5 5 10 

COLLAGEN 7 6 13 

METALLOPEPTIDASE_ACTIVITY 12 7 19 

BASAL_LAMINA 10 15 25 

SKELETAL_DEVELOPMENT 11 17 28 

MUSCLE_DEVELOPMENT 9 24 33 

CELL_MIGRATION 21 14 35 

SULFUR_METABOLIC_PROCESS 31 8 39 

TRANSFORMING_GROWTH_FACTOR_BETA_RE

CEPTOR_SIGNALING_PATHWAY 
33 12 45 

POSITIVE_REGULATION_OF_RESPONSE_TO_STI

MULUS 
35 11 46 

TRANSMEMBRANE_RECEPTOR_PROTEIN_SERI

NE_THREONINE_KINASE_SIGNALING_PATHWA

Y 

29 20 49 

CELL_CYCLE_ARREST_GO_0007050 34 16 50 

VASCULATURE_DEVELOPMENT 18 34 52 

AXON_GUIDANCE 22 33 55 

REGULATION_OF_CELL_MIGRATION 39 28 67 

REGULATION_OF_CELL_GROWTH 49 23 72 

METALLOENDOPEPTIDASE_ACTIVITY 30 64 94 

REGULATION_OF_G_PROTEIN_COUPLED_RECE

PTOR_PROTEIN_SIGNALING_PATHWAY 
74 35 109 

PEPTIDYL_TYROSINE_MODIFICATION 71 44 115 

  

In contrast, in the non-CSC like phenotype, genesets related to epithelial phenotype such 

as “Tight Junction” were enriched as shown in Table 5.4. 
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Table 5.4: Gene sets upregulated in Non-CSC like (NS/E) cell lines.  Table retrieved 

from (Akbar et al., 2020a). 

Selected Downregulated Gene sets 
CCLE 

Rank 

CGP 

Rank 

Combined 

Rank 

TIGHT_JUNCTION 1 1 2 

APICAL_JUNCTION_COMPLEX 3 3 6 

PROTEIN_BINDING_BRIDGING 10 16 26 

POTASSIUM_CHANNEL_ACTIVITY 15 15 30 

N_ACETYLTRANSFERASE_ACTIVITY 28 10 38 

RESPONSE_TO_HORMONE_STIMULUS 56 7 63 

MICROBODY 19 78 97 

KINASE_REGULATOR_ACTIVITY 64 65 129 

APICOLATERAL_PLASMA_MEMBRANE 2 4 6 

CALCIUM_INDEPENDENT_CELL_CELL_ADHESI

ON 
4 2 6 

INTERCELLULAR_JUNCTION 6 5 11 

CELL_JUNCTION 17 13 30 

ESTABLISHMENT_AND_OR_MAINTENANCE_OF

_CELL_POLARITY 
13 20 33 

HYDROLASE_ACTIVITY_ACTING_ON_CARBON_

NITROGEN_NOT_PEPTIDEBONDSIN_LINEAR_A

MIDES 

5 37 42 

REGULATION_OF_MAPKKK_CASCADE 29 14 43 

POTASSIUM_ION_TRANSPORT 24 21 45 

N_ACYLTRANSFERASE_ACTIVITY 33 12 45 

OXIDOREDUCTASE_ACTIVITY_ACTING_ON_TH

E_ALDEHYDE_OR_OXO_GROUP_OF_DONORSN

AD_OR_NADP_AS_ACCEPTOR 

11 41 52 

TRANSMEMBRANE_RECEPTOR_PROTEIN_TYRO

SINE_KINASE_SIGNALING_PATHWAY 
25 29 54 

RESPONSE_TO_BACTERIUM 50 6 56 

OXIDOREDUCTASE_ACTIVITY_ACTING_ON_TH

E_ALDEHYDE_OR_OXO_GROUP_OF_DONORS 
20 51 71 

 

This analysis showed that our CSC phenotype has mesenchymal features (therefore, from 

here on named as CS/M) and the non-CSC phenotype features epithelial characteristics 

(from here on named as NS/E). We validated this observation by analyzing E-cadherin (E-

cad / CDH1, an epithelial marker) protein expression in silico in 2 different datasets (TCPA 
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and Marcotte et al. GSE73526). As shown in Figure 5.1, E-cad expression was consistently 

and significantly higher in the non-CSC (CS/M) cell lines. 

 

Figure 5.1: E cadherin (CDH1) expression difference between CSC and non-CSC like 

clusters. CDH1 protein expression was significantly higher in non-CSC like phenotypes 

in TCPA (A) and Marcotte et al. (GSE73526) datasets. Table retrieved from (Akbar et al., 

2020a).  

In conclusion, CNCL robust classification of breast cancer cell lines into CS/M and NS/E 

phenotype shows that CS/M group is enriched for mesenchymal related genesets and NS/E 

group was enriched for epithelial related genesets. 

5.1.3.  CNCL can identify stemness in silico 

Next, we wanted to evaluate if CNCL could cluster breast cancer based on their stemness. 

For this purpose, we analyzed CD44, CD24 and ALDH expression in CS/M and NS/E 

groups identified by CNCL in CCLE and CGP datasets. CD44 and CD24 were 

differentially expressed between these groups while ALDH did not show any significant 

difference (Table 5.5). 
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Table 5.5: Differential expression of CD44, CD24 and ALDH in CS/M and NS/E 

groups  Table retrieved from (Akbar et al., 2020a). 

Gene 

Symbol 

CCLE CGP 

p value (t-test) 
Fold 

change 
p value (t-test) 

Fold 

change 

CD44 <0.0001 2.62 0.005 1.89 

CD24 <0.0001 -4.82 0.003 -3.9 

ALDH1 0.792 0.19 0.526 0.68 

As CNCL is composed of 15 genes, the correlation between these genes and stem cell 

markers (CD44, CD24 and ALDH) was calculated individually. Almost all correlations 

between CNCL genes and stem cell markers (CD44 and CD24) showed an expected and 

significant correlation but the same pattern could not be found with ALDH as shown in 

Table 5.6. 

Table 5.6: CNCL genes showed a significant correlation pattern with CD44, CD24 

and ALDH in CCLE and CGP datasets.  Table retrieved from (Akbar et al., 2020a)  

CCLE Pearson Correlation p value 

Gene symbols CD44 CD24 ALDH1 CD44 CD24 ALDH1 

FN1 0.57 -0.73 -0.07 0 0 0.61 

VIM 0.69 -0.67 -0.04 0 0 0.8 

DDR2 0.49 -0.86 -0.06 0 0 0.69 

SLIT2 0.47 -0.66 0.08 0 0 0.54 

PVRL3 0.5 -0.74 0.07 0 0 0.59 

BNC2 0.55 -0.72 -0.03 0 0 0.82 

TMEM158 0.61 -0.74 -0.14 0 0 0.3 

DKK3 0.45 -0.84 -0.15 0 0 0.28 

CLDN4 -0.47 0.73 -0.06 0 0 0.64 

CDH1 -0.37 0.78 0.1 0 0 0.48 

ST14 -0.45 0.7 0.06 0 0 0.68 

IRF6 -0.35 0.7 0.04 0.01 0 0.79 

AP1M2 -0.43 0.73 -0.01 0 0 0.94 

ZNF165 -0.27 0.73 0.08 0.04 0 0.54 

BSPRY -0.53 0.78 -0.12 0 0 0.38 
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CGP Pearson Correlation p value 

Gene symbols CD44 CD24 ALDH1 CD44 CD24 ALDH1 

FN1 0.5 -0.57 -0.06 0 0 0.68 

VIM 0.6 -0.56 0.04 0 0 0.81 

DDR2 0.38 -0.54 0.15 0.01 0 0.35 

SLIT2 0.21 -0.38 0.33 0.17 0.01 0.03 

PVRL3 0.35 -0.66 0.31 0.02 0 0.05 

BNC2 0.34 -0.58 -0.01 0.03 0 0.97 

TMEM158 0.44 -0.71 -0.05 0 0 0.73 

DKK3 0.37 -0.55 -0.11 0.02 0 0.51 

CLDN4 -0.08 0.48 -0.08 0.6 0 0.61 

CDH1 -0.32 0.69 0.19 0.04 0 0.23 

ST14 -0.33 0.41 -0.05 0.03 0.01 0.74 

IRF6 -0.23 0.57 -0.11 0.14 0 0.48 

AP1M2 -0.25 0.59 -0.08 0.11 0 0.6 

ZNF165 -0.23 0.33 -0.13 0.15 0.03 0.41 

BSPRY -0.13 0.63 -0.22 0.41 0 0.17 

 

This analysis clearly showed that a classification based on CD44 and CD24 identifies the 

same groups as CNCL but ALDH1 expression does not reflect these groups. To identify 

ALDH relation with CD44 and CD24, we performed Pearson correlation but could not find 

any significant correlation between these in CCLE or CGP datasets as shown in Table 5.7, 

which shows that CD44 and CD24 expression are not related to that of ALDH1. 

Table 5.7: CD44 and CD24 correlation with ALDH in CCLE and CGP datasets. Table 

retrieved from (Akbar et al., 2020a). 

Pearson Correlation with 

ALDH 
CCLE CGP 

Gene Symbol Pearson r p value Pearson r p value 

CD44 0.18 0.18 0 0.99 

CD24 0.15 0.27 0.08 0.6 
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As we could show that CNCL can cluster CD44+/CD24- stem cells and CD44-/CD24+ 

non-stem cells separately from each other which were derived from MCF10A (GSE15192) 

(Bhat-Nakshatri et al., 2010; Akbar, 2014), we further evaluated the correlation between 

CD44, CD24 and ALDH1 with CNCL genes in this dataset (GSE15192). This analysis 

showed the same results as with our previous correlation analysis in CCLE and CGP 

datasets, CNCL genes were significantly correlated with CD44 and CD24 but not with 

ALDH1 Table 5.8. 

Table 5.8: CNCL genes correlation with CD44, CD24 and ALDH1. Table retrieved 

from (Akbar et al., 2020a). 

GSE15192 Pearson Correlation p value 

Gene symbols CD44 CD24 ALDH1 CD44 CD24 ALDH1 

FN1 0.72 -1 -0.65 0.04 <0.001 0.08 

VIM 0.69 -1 -0.61 0.06 <0.001 0.11 

DDR2 -0.2 0.38 -0.03 0.59 0.36 0.94 

SLIT2 0.67 -1 -0.72 0.07 <0.001 0.04 

PVRL3 0.68 -1 -0.61 0.06 <0.001 0.11 

BNC2 0.64 -0.9 -0.75 0.09 <0.001 0.03 

TMEM158 0.71 -1 -0.54 0.05 <0.001 0.17 

DKK3 0.36 -0.8 -0.43 0.38 0.03 0.29 

CLDN4 -0.8 1 0.61 0.03 <0.001 0.11 

CDH1 -0.7 1 0.62 0.06 <0.001 0.1 

ST14 -0.7 1 0.59 0.05 <0.001 0.13 

IRF6 -0.7 1 0.61 0.07 <0.001 0.11 

AP1M2 -0.7 0.99 0.62 0.08 <0.001 0.1 

ZNF165 -0.7 0.99 0.59 0.08 <0.001 0.13 

BSPRY -0.6 0.99 0.62 0.1 <0.001 0.1 

Further, we showed that CNCL could differentiate between stem and non-stem cells 

(GSE36643) (Battula et al., 2012) which were isolated from HMLER cell line by FACS 

using CD44 and CD24 markers as shown in Figure 5.2. 
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Figure 5.2: CNCL clustering in dataset GSE36643. CNCL classified CD44 high cells 

as CS/M and CD24 high cells as NS/E from HMLER cells isolated by FACS sorting as 

expected. Figure retrieved from (Akbar et al., 2020a). 

In another analysis, CNCL genes were highly correlated with CD44 and CD24 as expected 

but not with ALDH1 in GSE36643 upon Pearson correlation analysis as shown in Table 

5.9. 
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Table 5.9: Pearson correlation analysis between CNCL genes and stemness genes 

(CD44 and CD24)  Table retrieved from (Akbar et al., 2020a). 

  Pearson Correlation p value 

Gene 

symbols 
CD44 CD24 ALDH1 CD44 CD24 ALDH1 

FN1 -0.91 -0.88 -0.77 0.01 0.02 0.07 

VIM -0.9 -0.99 -0.69 0.02 <0.001 0.13 

DDR2 -0.99 -0.94 -0.93 <0.001 0.01 0.01 

SLIT2 -0.88 -0.85 -0.73 0.02 0.03 0.1 

PVRL3 -0.95 -0.94 -0.81 <0.001 0.01 0.05 

BNC2 0.09 -0.25 0.25 0.87 0.63 0.63 

TMEM158 -0.85 -0.92 -0.62 0.03 0.01 0.19 

DKK3 -0.74 -0.93 -0.47 0.1 0.01 0.34 

CLDN4 0.9 0.99 0.73 0.02 <0.001 0.1 

CDH1 0.97 0.98 0.84 <0.001 <0.001 0.04 

ST14 0.95 0.95 0.8 <0.001 <0.001 0.06 

IRF6 0.9 0.96 0.69 0.02 <0.001 0.13 

AP1M2 0.97 0.94 0.84 <0.001 <0.001 0.04 

ZNF165 0.96 0.88 0.86 <0.001 0.02 0.03 

BSPRY 0.84 0.97 0.63 0.03 <0.001 0.18 

Next, we selected a dataset (GSE52327) (Liu et al., 2014b) in which cells were selected for 

ALDH1 expression using flow cytometry. CNCL gene list separation of ALDH1+ cells 

from ALDH1- was incomplete, supporting our previous results that CD44 and CD24 

identify different cell state as compared to ALDH1 (Figure 5.3).  
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Figure 5.3. Clustering of primary breast cancer cells sorted by ALDH1 expression 

with CNCL. CNCL based separation could not show a clear separation between ALDH+ 

and ALDH- cells sorted by flow cytometry (GSE52327). Figure retrieved from (Akbar et 

al., 2020a).  

These results show that CNCL gene list can classify cells into CS/M (stem cells) and NS/E 

(non-stem cells) subgroups when correlated with CD44 and CD24 markers, but not if 

ALDH1 is used as a marker. 

5.1.4. CNCL can identify EMT in silico 

As CNCL genes contain genes that have been closely related to EMT we asked if CNCL 

could differentiate between epithelial and mesenchymal cell states. In dataset GSE9691 

(Onder et al., 2008) HMLER cells were treated with shRNA to knockdown E-cad alone, 

or both β-Cat (beta catenin) and E-cad, or cells were transfected with a dominant negative 

version of E-cad. CNCL classified cells, in which E-Cad was downregulated using shRNA 

or transfection, as CS/M, and cells in which E-cad downregulation was rescued with β-Cat 

downregulation along with the control cells as NS/E as expected (Figure 5.4). E-cad 

expression was significantly different between cells representing mesenchymal state CS/M 

and epithelial state NS/E.  
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Increased E-can is known to cause MET. This has been related to its blockage of β-catenin 

(β-Cat) function. Therefore, when E-cad is downregulated, β-Cat is activated causing 

EMT. This can be reversed if β-Cat is also downregulated (Schmalhofer et al., 2009) (Kim 

et al., 2002) (Yang et al., 2006) (Eger et al., 2004) (Morali et al., 2001)   

 

Figure 5.4:  CNCL clustering in dataset GSE9691. CNCL could classify mesenchymal 

phenotype cells which were induced by either E-cad downregulation or dominant 

negative E-cad version transfection from epithelial phenotype represented by control cells 

and cells where both E-cad and β-Cat were downregulated. The difference between both 

states was significantly different as shown in the bar graph. Figure retrieved from (Akbar 

et al., 2020a). 

In another dataset (GSE24202) (Taube et al., 2010), HMLER cells were identified as CS/M 

phenotype when these were retrovirally transfected with TGFβ, Twist, GSC or Snail, as 

expected by CNCL clustering (Figure 5.5). Unexpectedly cells in which E-cad was 

downregulated using shRNA, were identified as NS/E subtype. However, this is most likely 
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due to the incomplete down-regulation resulting from the shRNA used in this study, and 

EMT requires a more efficient down-regulation of E-cad. 

 

Figure 5.5: CNCL clustering in dataset GSE24202.  CNCL classification showed cells 

overexpressing TGFβ, Twist, GSC or Snail as CS/M when compared to controls. Figure 

retrieved from (Akbar et al., 2020a). 

In another dataset GSE7515 (Creighton et al., 2009), the authors generated mammospheres 

from primary breast cancer cells. CNCL classified 12/15 mammospheres as CS/M 

phenotype as expected and 10/11 primary cancer cell lines were clustered as NS/E and 

intermediary phenotype as expected (Figure 5.6). Exceptions to CNCL classification can 

be attributed to the fact that some primary cell lines can be mesenchymal to start with and 

mammosphere formation does not always lead to strong induction of EMT. 
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Figure 5.6: CNCL clustering in dataset GSE7515.  CNCL classified most 

mammospheres (12/15) as CS/M and primary cell lines (10/11) as either NS/E or 

intermediary as expected. Figure retrieved from (Akbar et al., 2020a). 

These results suggest CNCL can identify the mesenchymal state as CS/M and epithelial 

state of cells as NS/E phenotype in both cell lines and primary cancer cells. 

5.1.5.  CNCL can predict drug sensitivity in silico 

In literature, both CSC and mesenchymal cancer cells have been reported as having high 

resistance to the majority of chemo and targeted therapy regimens. To test if CNCL can 

cluster sensitive cells from resistant cells, further analysis was performed next. In 

GSE24460 (Calcagno et al., 2010), MCF7 cells were made resistant to doxorubicin with 

prolonged treatment. CNCL classified resistant MCF7 cells as CS/M and control/untreated 

cells were clustered as NS/E as expected (Figure 5.7). 
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Figure 5.7: CNCL clustering in GSE24460.  CNCL classified MCF7 doxorubicin 

resistant cells as CS/M and MCF7 control cells as NS/E as expected. Figure retrieved from 

(Akbar et al., 2020a). 

Additionally, breast cancer tumors develop resistance upon treatment with different 

therapies. In dataset GSE10281 (Creighton et al., 2009), 18 patients were treated for 3 

months with letrozole and their pre- and post-treatment expression data was available. 

Analysis with CNCL showed that most of the pretreatment samples showed NS/E 

phenotype and among post treatment samples, many showed CS/M phenotype. 

Interestingly when matched samples from each patient were compared, 7 tumor samples 

which were classified as NS/E transitioned to CS/M state and only 1 pretreatment sample 

with CS/M phenotype transitioned to NS/E phenotype (Figure 5.8 andTable 5.10). 
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Figure 5.8: CNCL clustering in GSE10281. CNCL clustered the majority of pre 

letrozole treated samples as NS/E and post treated samples as CS/M. Figure retrieved 

from (Akbar et al., 2020a). 
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Table 5.10: Phenotype comparison of matched tumor samples pre and post treatment 

with letrozole.  Table retrieved from (Akbar et al., 2020a) 

Patient 

ID 
Pre-TRX Post-TRX 

50 NS/E CS/M 

116 NS/E CS/M 

126 NS/E CS/M 

161 NS/E CS/M 

173 NS/E CS/M 

190 NS/E CS/M 

195 NS/E CS/M 

40 NS/E NS/E 

109 NS/E NS/E 

112 NS/E NS/E 

114 NS/E NS/E 

133 NS/E NS/E 

159 NS/E NS/E 

193 NS/E NS/E 

136 CS/M CS/M 

137 CS/M CS/M 

152 CS/M CS/M 

117 CS/M NS/E 

These results show that tumors with NS/E phenotype can transition to CS/E phenotype 

resulting in resistance to treatment. 

5.1.6. Stemness score (SS) based quantitative analyses 

To trace the change in CS/M and NSC/E phenotype we assigned a quantitative value of 

stemness to each sample in a dataset, by generating a CNCL stemness matrix. The matrix 

consisted of 2 columns, CS/M and NS/E, with each containing reference values 

corresponding to the median values obtained for each gene in the CNCL list, derived from 

clustered cell lines in that respective group after mean standardization in the CCLE dataset 

(Table 5.11). For every sample, the expression of all genes within the  CNCL gene list was 
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Pearson correlated with the reference CS/M and NS/E values generating CS/M(r) and 

NS/E(r) scores. 

Table 5.11: CNCL stemness reference matrix  Table retrieved from (Akbar et al., 2020a) 

(*shows mean standardized expression values in CS/M cells and ** shows mean 

standardized expression values in NS/E cells in CCLE dataset)  

Gene symbol/Probeset 

ID 

Gene related 

to 

CS/M 

matrix* 

NS/E 

matrix** 

DDR2\U\205168_at CS/M 1.87 -0.507 

DKK3\U\202196_s_at CS/M 1.866 -0.524 

SLIT2\U\209897_s_at CS/M 1.698 -0.588 

PVRL3\U\213325_at CS/M 1.601 -0.7 

BNC2\U\220272_at CS/M 1.544 -0.662 

TMEM158\U\213338_at CS/M 1.534 -0.689 

FN1\U\212464_s_at CS/M 1.498 -0.312 

VIM\U\201426_s_at CS/M 1.351 -0.815 

ST14\D\202005_at NS/E -1.447 0.544 

IRF6\D\202597_at NS/E -1.496 0.509 

BSPRY\D\218792_s_at NS/E -1.539 0.625 

ZNF165\D\206683_at NS/E -1.566 0.537 

CLDN4\D\201428_at NS/E -1.572 0.515 

CDH1\D\201131_s_at NS/E -1.672 0.717 

AP1M2\D\65517_at NS/E -1.807 0.518 

This approach classified paclitaxel sensitive (both control and paclitaxel resensitized cells 

after bexarotene treatment) and resistant MDA-MB-231 cells in dataset GSE12791 (Luo 

et al., 2011) as shown in Figure 5.9.  
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Figure 5.9: Stemness score-based clustering in dataset GSE12791. MDA-MB-231 cells 

which were grown resistant to paclitaxel over a prolonged treatment, showed higher 

CS/M(r) and lower NS/E(r) when compared to sensitive cells (control cells/ cells which 

were re-sensitized to paclitaxel after bexarotene treatment). Figure retrieved from (Akbar 

et al., 2020a). 

A similar phenotypic classification was observed when another dataset (GSE23399) (Chan 

et al., 2016) was analyzed containing expression data of cancer-associated fibroblast (CAF) 

treated with paclitaxel for 1, 3 or 7 days. CAF showed higher CS/M(r) and lower NS/E(r) 

with an increase in paclitaxel treatment time (Figure 5.10).  

 

Figure 5.10: Stemness score-based clustering in dataset GSE23399.  CAFs showed an 

increase in CS/M(r) and a decrease in NS/E(r) as the cells were treated with paclitaxel for 

a long period. Figure retrieved from (Akbar et al., 2020a). 
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In another dataset (GSE 16179) (Liu et al., 2009), BT20 cells were made resistant to 

Lapatinib and CNCL stemness score based analysis showed that resistant cells exhibited 

higher CS/M(r) and lower NS/E(r) when compared to sensitive cells as shown in Figure 

5.11. 

 

Figure 5.11: Stemness score-based clustering in dataset GSE16179. Lapatinib BT20 

resistant cells showed increased CS/M(r) and decreased NS/E(r) when compared to 

sensitive cells. Figure retrieved from (Akbar et al., 2020a). 

These results indicate that stemness as evaluated by CS/M(r) and NS/E(r) is indeed a 

dynamic and reversible process. We next asked if the same could be the case in tumors. 

For this we generated a single value from CS/M(r) and NS/E(r) by calculating SS Delta(r) 

as shown below where an increase in Delta(r) showed an increase in 

stemness/mesenchymalness and vice versa. 

Delta (r) = CS/M(r) - NS/E(r) 

GSE28844 (Vera-Ramirez et al., 2013) contained patient data before and after 

Anthracycline and Taxane based neo-adjuvant chemotherapy for 29 breast cancer patients. 

Upon Delta(r) based analysis, post-therapy patient samples showed increased Delta (r) 

when compared to pre-therapy samples, suggesting a general phenotypic switch induced 

from therapy in all tumors (Figure 5.12). There was no matching information available 

between pre and post therapy tumors so the phenotypic transition in each patient can’t be 

addressed in this dataset. 
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Figure 5.12: Delta(r) based analysis in GSE28844. Patient tumors post Anthracycline 

and Taxane based neo-adjuvant showed higher Delta (r) when compared with pre-therapy 

tumor samples. Figure retrieved from (Akbar et al., 2020a). 

These analyses show that similar to our previous CNCL clustering approaches, both the 

stemness score and the Delta(r) approach can identify a dynamic change between samples 

in which resistance is induced from prolonged exposure to drugs when compared with 

control or pre-therapy samples.  

5.1.7. CNCL validation in vitro 

To validate CNCL based classification in vitro, 18 different breast cancer cell lines were 

used to determine CNCL gene expression values using qPCR after which we performed 

the below described experiments. Indeed, gene expression data obtained through qPCR 

was highly concordant with the CCLE gene expression data (Table 5.12). Additionally, 

selected genes showed the expected pattern of intergenic correlations (Table 5.13). Using 

qPCR data, we generated a SS matrix and ultimately Delta(r) values for further 

experiments. 
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Table 5.12: qPCR data was highly concordant with CCLE gene expression data.  

Table retrieved from (Akbar et al., 2020a)   

Gene Pearson 

r 
p value 

VIM 0.94 <0.0001 

ST14 0.93 <0.0001 

CDH1 0.93 <0.0001 

AP1M2 0.92 <0.0001 

IRF6 0.91 <0.0001 

BSPRY 0.89 <0.0001 

DKK3 0.81 <0.0001 

PVRL3 0.8 <0.0001 

BNC2 0.78 0.0002 

FN1 0.72 <0.001 

TMEM158 0.7 0.002 

DDR2 0.69 0.002 

SLIT2 0.69 0.002 

ZNF165 0.64 <0.01 

CLDN4 0.46 0.06 

 

Table 5.13: CNCL genes showed a strong intergenic correlation pattern as expected.  

Table retrieved from (Akbar et al., 2020a) 
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Previously Midostaurin was found to be preferentially cytotoxic for CS/M cell lines and 

Lapatinib was cytotoxic for NS/E cell lines in silico(Akbar, 2014). This observation was 

here validated in 18 different cell lines using CyQuant (Figure 5.13 A) and CellTiter Glo 

assays (Figure 5.13 B). 

 

Figure 5.13: Midostaurin shows preferential cytotoxicity for CS/M cell lines and 

Lapatinib shows preferential cytotoxicity to NS/E cell lines. (A) CyQuant assay (t.test 

p values are Lapatinib IC50: 0.19; Lapatinib AA: 0.19; Midostaurin IC50: 0.01; 

Midostaurin AA: 0.03) (B) CellTiter Glo assay (Lapatinib IC50: 0.15; Lapatinib AA: 0.14; 

Midostaurin IC50: 0.08; Midostaurin AA: 0.4). Figure retrieved from (Akbar et al., 2020a). 

To test if phenotype switching in vitro can be detected by CNCL, mammospheres from 

MDA-MB-157 cell line were generated using 3D cell culture and gene expression of CNCL 

was measured using qPCR. Using CellTiter Glo assay, cytotoxicity of both Midostaurin 
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and Lapatinib was measured in both 2D and 3D cell cultures. For the MDA-MB-157 cell 

line, Delta (r) increased from -0.145 (2D cell culture) to +0.145 (3D cell culture) reflecting 

a shift towards CS/M phenotype. Additionally, Lapatinib sensitivity also decreased with 

this switch and Midostaurin sensitivity increased as expected (Figure 5.14). These results 

suggest that mammosphere generation from MDA-MB-157 cells causes a CNCL 

quantifiable phenotypic change which in turn causes a change in drug sensitivity.  
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Figure 5.14: Spheroid cytotoxicity alteration due to phenotypic switch. MDA-MB-157 

showed increased sensitivity to Midostaurin and resistance to Lapatinib upon 

spheroid generation. Figure retrieved from (Akbar et al., 2020a).  

Upon ZEB1 and SNAI2 knockdown CSC like/mesenchymal cells switch to non-CSC 

like/epithelial phenotype. So, these genes were downregulated in MDA-MB-157 cells 

using shRNAs (Figure 5.15). Upon gene downregulation, cells were checked for CNCL 

gene expression and cytotoxicity change for Lapatinib and Midostaurin. Delta(r) changed 

from +5.1 to -0.12 and -0.01 upon ZEB1 and SNAI2 knockdown respectively depicting a 

switch from NS/E to CS/M as expected. This phenotype switch also showed increased 

sensitivity to Lapatinib and resistance to Midostaurin as expected (Figure 5.16). The 

increase in Lapatinib sensitivity was higher for ZEB1 knockdowns when compared to 

SNAI2, depicting stronger phenotypic shift which was observed by lower Delta (r). 
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Figure 5.15: SiZEB1 and SiSNAI2 knockdown efficiency in MDA-MB-157 cell line. 

Figure retrieved from (Akbar et al., 2020a). 

 

Figure 5.16: ZEB1 and SNAI2 knockdown resulted in increased sensitivity to 

Lapatinib and resistance to Midostaurin in MDA-MB-157 cell line as expected.  Figure 

retrieved from (Akbar et al., 2020a). 
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Cumulatively these results show that CS/M cells are sensitive to Midostaurin and resistance 

to Lapatinib when compared to NS/E cells and if these phenotypes are switched then this 

phenotypic change results in drug sensitivity change as well. 

5.1.8. Prognostic significance of CNCL 

To investigate the prognostic importance of CNCL in tumor samples, we calculated Delta 

(r) values for each sample within multiple cohorts:  Metabric cohorts (British (n=994) and 

Canadian (n=997) (Curtis et al., 2012)), GSE1456 (n=159) (Pawitan et al., 2005), GSE2034 

(n=286) (Wang et al., 2005), GSE2603 (n=82) (Minn et al., 2005), GSE3494 (n=251) 

(Miller et al., 2005), GSE4922 (n=249) (Ivshina et al., 2006), GSE6532 (n=380) (Loi et 

al., 2007), GSE7390 (n=198) (Desmedt et al., 2007), GSE11121(n=200) (Schmidt et al., 

2008), GSE12276 (n=204) (Bos et al., 2009), GSE19615 (n=115) (Li et al., 2010), 

GSE20685(n=327) (Kao et al., 2011), GSE21653 (n=266) (Sabatier et al., 2011), 

GSE25066(n=508) (Hatzis et al., 2011) and GSE58812 (n=107) (Jezequel et al., 2015). 

Delta (r) based analysis of 15 patient cohorts with 29 different end point events, showed 

significant difference between CS/M and NS/E groups in only 7 tests (Table 5.14). In 

GSE25066 and GSE2603 patients with CS/M phenotype showed worse prognosis when 

compared to NS/E phenotype.  
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Table 5.14: Prognostic evaluation of 16 breast cancer cohorts based upon SS.  Table 

retrieved from (Akbar et al., 2020a). 

 

This trend was most clear in GSE25066 and in this cohort, patients were primarily treated 

with paclitaxel in a neo-adjuvant setting. Patients with CS/M phenotype had shorter 

relapse-free survival times when compared with NS/E phenotype (Figure 5.17 A). The cut-

off values used for this KM analysis was generated using the log rank multiple cutoff 

(LRMC) test (Figure 5.17 B).  
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Figure 5.17: Survival analysis of GSE25066.  (A) CS/M phenotype showed worse distant 

relapse free survival when compared with NS/E phenotype. (B) 0.6459 was used as a cutoff 

for dividing patients into CS/M and NS/E subgroups. This was the best cutoff as shown by 

LRMC approach. Figure retrieved from (Akbar et al., 2020a). 

In this dataset, delta(r) distributions were significantly different among different molecular 

subtypes in GSE25066 (Figure 5.18) Nevertheless, CNCL based classification was a 

significant independent prognostic marker in a multivariate analysis including T stage, N 

stage and PAM50 subtypes in the same cohort (Table 5.15).  
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Figure 5.18: Delta (r) based distribution of breast cancer patients in molecular 

subtypes in GSE25066.  Figure retrieved from (Akbar et al., 2020a). 
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Table 5.15: Multivariate analysis of SS delta (r) with clinical parameters such as T 

stage, N stage and breast cancer molecular subtypes, showed SS delta (r) as a 

significant independent prognostic marker.  Table retrieved from (Akbar et al., 2020a) 

Parameters Sig. HR 

SS delta (r) 0.010 1.371 

N stage 0.0005 1.425 

T stage 0.002 1.398 

Luminal B 0.00003   

Basal 0.027 1.906 

HER2 0.169 1.647 

Luminal A 0.052 0.503 

This analysis clearly shows a strong relation between CNCL identified groups and 

paclitaxel treatment suggesting CNCL might be beneficial in determining outcomes in 

patients treated with paclitaxel in a neo-adjuvant setting. Additionally, our previous in 

silico analysis also points in the same direction as cell lines treated with paclitaxel for a 

longer period, switch from NS/E phenotype to CS/M phenotype.  

Lastly, in 22 survival tests performed for multiple cohorts with different endpoints, we did 

not find any compatible significant association between CNCL and survival end-measures. 

In light of our very consistent results both in silico and in vitro, we believe that this lack of 

association is due to breast cancer heterogeneity and lack of treatment data. 

5.2. Chemosensitivity markers of paclitaxel, cisplatin and doxorubicin in breast 

cancer 

As we have prevously shown in silico that CSC genes can predict sensitivity to paclitaxel 

and doxorubicin among cells treated with these drugs under a prolonged period. So next 

we asked if the same genes can predict differential sensitivity for triple-negative breast 

cancer cell lines. We used 4 CSC cancer cell lines (CAL51, MDAMB157, MDAMB231 

and MDAMB436) and 7 non-CSC cell lines (BT20, HCC1143, HCC1937, HCC38, 

HCC70, MDAMB453 and MDAMB468) to identify paclitaxel, cisplatin and doxorubicin 

sensitivity. Surprisingly, we did not find any significant difference between CSC 

cytotoxicity and non-CSC cytotoxicity for all 3 drugs (Figure 5.19). Pearson correlation 

between Delta (r) and in vitro cytotoxicity data showed no significant correlation as well 
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(Paclitaxel (r): -0.02, cisplatin (r): 0.07 and doxorubicin (r): -0.2). This discordance can be 

explained in terms of innate and acquired resistance. As in our in silico analysis, cell lines 

were treated with respective drugs over a prolonged period, granting these cell stem like 

properties and drug resistance. Similarly, in the cohort GSE25066 where CSC gene list 

showed prognostic importance, patients were treated with paclitaxel in neoadjuvant 

settings which generated CSC like tumors.   

 

Figure 5.19: Paclitaxel, cisplatin and doxorubicin cytotoxicity data in vitro.  

Cytotoxicity comparison of CSC and non-CSC like cancer cell lines for paclitaxel, cisplatin 

and doxorubicin showed no significant difference in vitro. 
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We found the similar results for docetaxel (paclitaxel), cisplatin and doxorubicin sensitivity 

for CSC and non-CSC classes in CCLE and CGP datasets (Figure 5.20). 
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Figure 5.20: Paclitaxel, cisplatin and doxorubicin cytotoxicity data in silico. 

Cytotoxicity comparison of CSC and non-CSC like cancer cell lines for docetaxel 

(paclitaxel), cisplatin and doxorubicin showed no significant difference in silico. 

CSC gene signature could not predict biomarkers for 3 drugs (paclitaxel, cisplatin and 

doxorubicin) so we next decided to analyze CGP drug data and our in vitro cytotoxicity 

data for these drugs along with gene expression data (CCLE and CGP). We correlated drug 

cytotoxicity values with gene expression data and found correlated genes. Then regression 

equations were derived using these genes to predict cell cytotoxicity in silico. 

5.2.1. Paclitaxel biomarkers 

We correlated our in silico cytotoxicity data (Activity area) with gene expression data of 

CCLE and CGP separately. Among correlated genes in either direction, we selected 

commonly correlated genes (10 genes) between both correlation analyses.  Additionally, 

as gene number was small so we also selected the top 10 up and down correlated genes in 

both analyses as well. We then used these genes to develop linear regression models using 

“Best Subset” option of Minitab with in vitro drug data as outcome. Models were generated 

using combinations of 9 genes at a time and analysis was repeated until all combinations 

were tested. Among resulting models, only those which contained 2 genes and could 

predict IC50 (17 models) were considered further for validation in 3 datasets in silico. All 
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models are reported in Table 5.16. Among these, we selected 3 models as they could be 

validated in at least 2 datasets which are highlighted in green. “Val” and “Un-Val” shows 

if the model was validated or not in that dataset. 

Table 5.16: Linear regression cytotoxicity models of paclitaxel.  

 

 

 

Figure 5.21: Pearson correlation analysis between paclitaxel predicted IC50 and in 

vitro cytotoxicity data for selected 3 models. Predicted IC50 of paclitaxel showed a high 

correlation with in vitro cytotoxicity data for Model 1, 2 and 3. 
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Model 1 =411+39.8(AMD1)-87.8(SLC25A28) 78.10% 0.001 Val Val Un-Val

Model 2 =139-36.8(TSPO)+44.3(WDR61) 73.90% 0.002 Un-Val Val Val

Model 3 =-323+15.9(LHX2)+39.8(WDR61) 70.20% 0.003 Un-Val Val Val

Model 4 =-1061+70.3(AMD1)+71.4(NFYC-AS1) 88.70% 0 Un-Val Un-Val Un-Val

Model 5 =-896+16.0(LHX2)+74.2(PSMA4) 79.70% 0.001 Un-Val Val Un-Val

Model 6 =1550-291(LOC101928833)-104(CYP3A43) 79.70% 0.001 Un-Val Un-Val Un-Val

Model 7 =-896+74.2(PSMA4)+16.0(LHX2) 79.70% 0.001 Un-Val Un-Val Un-Val

Model 8 =645-76.1(SLC25A28)+12.3(LHX2) 79.60% 0.001 Un-Val Val Un-Val

Model 9 =905-75.4(SLC25A28)-48.7(BANK1) 78.90% 0.001 Un-Val Val Un-Val

Model 10 =905-75.4(SLC25A28)-48.7(BANK1) 78.90% 0.001 Un-Val Val Un-Val

Model 11 =-532+72.8(PSMA4)-63.4(BANK1) 78.70% 0.001 Un-Val Un-Val Un-Val

Model 12 =-532-63.4(BANK1)+72.8(PSMA4) 78.70% 0.001 Un-Val Un-Val Un-Val

Model 14 =-356+46.5(IREB2)+12.5(LHX2) 72.60% 0.002 Un-Val Un-Val Un-Val

Model 15 =733-59.9(BANK1)-88.6(KCNIP2-AS1) 71.90% 0.003 Un-Val Un-Val Un-Val

Model 16 =725-57.0(BANK1)-88.0(C10orf12) 70.70% 0.003 Un-Val Un-Val Val

Model 17 =-276-69.8(BANK1)+82.6(PIGB) 63.80% 0.007 Un-Val Un-Val Un-Val

Model number Paclitaxel Activity Area
Adj. R 

square
p value

Validation Datasets
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For validation of linear regression models, we used GSE12791 (Luo et al., 2011), 

GSE23399 (Chan et al., 2016) and GSE28784 as validation datasets. GSE12791 contains 

the gene expression data for 4 groups: 1: MDAMB231 cells made resistant to paclitaxel 

upon 3 days treatment followed by 7 days exposure to control media (MDA-PR). 2: MDA-

PR cells further treated with 30nM paclitaxel for 3 days followed by 7 days of exposure to 

control media (MDA-PR-Paclitaxel). 3: MDA-PR cells treated with 1 µM Bexarotene for 

10 days (MDA-PR-Paclitaxel-Bexarotene). 4: Parent cells not treated with any drug. Only 

Model 1 could be validated in this dataset as shown in Figure 5.22 as predicted activity 

area was lower for MDA-PR and MDA-PR-Paclitaxel compared with MDA-Parental and 

MDA-PR-Paclitaxel-Bexarotene. 

 

Figure 5.22: Validation of 3 paclitaxel models in dataset GSE12791.  Model 1 

differentiated paclitaxel resistant groups (MDA-PR and MDA-PR-Paclitaxel) from 

paclitaxel sensitive groups (MDA-Parental and MDA-PR-Paclitaxel-Bexarotene). Model2 

and 3 could not be validated. 

In dataset GSE23399, Breast cancer associated fibroblasts were treated with paclitaxel and 

gene expression was measured at day1, 3 and 7. All 3 models could successfully predict 

higher activity area for cells collected at 1 and 3 days along with control cells when 

compared with cells collected at day 7 (Figure 5.23).  
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Figure 5.23: Validation of 3 paclitaxel models in dataset GSE23399.  All 3 models 

predicted higher activity area for control cells, paclitaxel treated cells collected at 1 and 3 

days (sensitive cells) when compared with cells collected at 7 days (resistant cells). 

In dataset GSE28784, MDAMB231 cells were either treated with paclitaxel (resistant cells) 

or verapamil which is an inhibitor of drug efflux pump proteins (sensitive cells). When we 

applied our models to these cells, both Model 2 and 3 predicted higher activity area for 

cells treated with verapamil (sensitive cells) when compared with the paclitaxel treated 

group (resistant group) as shown in Figure 5.24. 

 

Figure 5.24: Validation of 3 paclitaxel models in dataset GSE28784.  Model 2 and 3 

predicted higher activity area for cells treated with verapamil (sensitive cells) when 

compared with cells treated with paclitaxel (resistant cells). 

In conclusion, our 2 gene linear regression models have the potential to predict paclitaxel 

drug response in breast cancer cell lines. These models will be further validated both in 

silico and in vitro (using cell lines which were not part of our discovery dataset). 
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5.2.2. Cisplatin biomarkers 

We correlated our in silico cytotoxicity data (IC50) and CGP cytotoxicity data with gene 

expression data of CGP separately. Among correlated genes in either direction, we selected 

commonly correlated genes (16 genes) between both correlation analyses.  We then used 

these genes to develop linear regression models using “Best Subset” option of Minitab with 

in vitro drug data as outcome. Models were generated using combinations of 9 genes at a 

time and analysis was repeated until all combinations were tested. Among resulting 

models, only those which contained 2 genes and could predict IC50 (9 models) were 

considered further for validation in silico. All models are reported in Table 5.17. Among 

these, we selected 2 models as they could be validated in at least 2 datasets (in vitro data 

and GSE28274 (Alborzinia et al., 2011)) which are highlighted in green. “Val” and “Un-

Val” shows if the model was validated or not in that dataset. 

Table 5.17: Linear regression cytotoxicity models of cisplatin.  

 

As expected, our in vitro cytotoxicity data showed a high correlation with predicted IC50 

values as shown in Figure 5.25 for selected 2 models. 

Model No Cisplatin Models (Log10(IC50))
Adj R 

square
p value

in vitro 

data

G
S

E
2
8
2
7
4

Model 1 =-3.10+0.343(C14orf169)+0.388(DOHH) 47.30% 0.003 Val Val

Model 2 =0.59+0.326(C14orf169)-0.159(RBBP4) 42.30% 0.006 Val Val

Model 3 =-3.68+0.284(C14orf169)+0.351(DDX27) 46.10% 0.004 Val Un-Val

Model 4 =0.76+0.403(C14orf169)-0.226(DHX9) 46.90% 0.003 Val Un-Val

Model 5 =-3.71+0.241(SREK1)+0.315(DDX27) 45.50% 0.004 Val Un-Val

Model 6 =-3.19+0.335(DDX27)+0.207(GTF2F1) 45.10% 0.004 Val Un-Val

Model 7 =0.201+0.333(C14orf169)-0.132(PGRMC1) 45.00% 0.004 Val Un-Val

Model 8 =0.97-0.140(RBBP4)+0.219(GTF2F1) 37.20% 0.012 Val Un-Val

Model 9 =1.14-0.177(DHX9)+0.249(GTF2F1) 36.70% 0.013 Val Un-Val
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Figure 5.25: Validation of 2 cisplatin models with in vitro cisplatin cytotoxicity data. 

Predicted IC50 of cisplatin showed a high correlation with in vitro cytotoxicity data for 

both Model 1 and 2. 

Selected models were also validated in GSE28274 (Alborzinia et al., 2011). In this dataset, 

MCF7 cells were treated with 50 µM cisplatin. Cells were collected after 8- and 10-hours 

treatment. Both selected models showed higher IC50 predicted value for treated cells when 

compared with control cells as shown in Figure 5.26. 

 

Figure 5.26: Validation of 2 cisplatin models in dataset GSE28274.  Both cisplatin 

models predicted Lower IC50 for MCF7 control cells (sensitive cells) when compared with 

cells collected after 8- and 10-hours cisplatin treatment (resistant cells). 
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In conclusion, our 2 gene linear regression models have the potential to predict cisplatin 

drug response in breast cancer cell lines. These models will be further validated both in 

silico and in vitro (using cell lines which were not part of our discovery dataset). 

5.2.3. Doxorubicin biomarkers 

We correlated our in silico cytotoxicity data (IC50) and CGP cytotoxicity data with gene 

expression data of CGP and CCLE individually. Among correlated genes in either 

direction, we selected commonly correlated genes (19 genes) between all 4 correlation 

analyses.  We then used these genes to develop linear regression models using “Best 

Subset” option of Minitab with in vitro drug data as outcome. Models were generated using 

combinations of 9 genes at a time and analysis was repeated until all combinations were 

tested. Among resulting models, only those which contained 2 genes and could predict 

IC50 (10 models) were considered further for validation in silico. All models are reported 

in Table 5.18. Among these, we selected 2 models as they could be validated in at least 4 

datasets which are highlighted in green. “Val” and “Un-Val” shows if the model was 

validated or not in that dataset. 

Table 5.18: Linear regression cytotoxicity models of doxorubicin  

 

As expected, our in vitro cytotoxicity data showed a high correlation with predicted IC50 

values as shown in Figure 5.27 for selected 2 models.  

Model 

No
Doxorubicin Adj. R square P value

in vitro 

data
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Model 1 =10.1-0.826(FAM136A///LOC100287852)-0.663(NME5) 50.80% 0.001 Val Val Val Val Val

Model 2 =3.92-0.220(SCGB1D2)-0.694(FZD3) 40.00% 0.005 Val Val Un-Val Val Val

Model 3 =-3.90+0.729(STX4)-0.548(NME5) 51.80% 0.001 Val Un-Val Val Un-Val Val

Model 4 =-3.90-0.548(NME5)+0.729(STX4) 51.80% 0.001 Val Un-Val Un-Val Un-Val Val

Model 5 =-1.76+0.547(STX4)-0.760(PTPRD) 46.80% 0.002 Val Un-Val Un-Val Un-Val Un-Val

Model 6 =8.35-0.556(FAM136A///LOC100287852)-0.905(PTPRD) 45.40% 0.002 Val Un-Val Un-Val Un-Val Un-Val

Model 7 =8.35-0.556(FAM136A///LOC100287852)-0.905(PTPRD) 45.40% 0.002 Val Un-Val Un-Val Un-Val Un-Val

Model 8 =-11.3+0.738(STX4)+0.439(RAB2A) 42.10% 0.004 Val Un-Val Un-Val Val Un-Val

Model 9 =-4.84-0.649(FZD3)+0.662(EEF1D) 42.10% 0.004 Val Val Un-Val Val Un-Val

Model 10 =-11.2+0.696(STX4)+0.428(EEF1D) 41.40% 0.004 Val Un-Val Un-Val Val Un-Val
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Figure 5.27: Validation of 2 doxorubicin models with in vitro cytotoxicity data.  

Predicted IC50 of doxorubicin showed a high correlation with in vitro cytotoxicity data for 

both Model 1 and 2. 

Doxorubicin models were then validated in dataset GSE13477 (Stockwin et al., 2009). In 

this dataset, MCF7 cells were treated with doxorubicin for 24 hours. Both models predicted 

higher IC50 for treated cells when compared with control cells as expected (Figure 5.28). 

 

Figure 5.28: Validation of 2 doxorubicin models in dataset GSE13477.  Both 

doxorubicin models predicted Lower IC50 for MCF7 control cells (sensitive cells) when 

compared with cells treated with doxorubicin for 24 hours (resistant cells). 

Selected models were next validated in GSE24460 (Calcagno et al., 2010). This dataset 

contains expression data for MCF7 cells which were cultured in high dose doxorubicin 

(860 nM) every other passage (MCF-7 ADR multistep doxorubicin selected) and MCF7 
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control cells. Both models predicted higher IC50 for treated cells when compared with 

control cells as expected (Figure 5.29). 

 

Figure 5.29: Validation of 2 doxorubicin models in dataset GSE24460.  Both 

doxorubicin models predicted Lower IC50 for MCF7 control cells (sensitive cells) when 

compared with cells treated with doxorubicin (MCF-7 ADR multistep doxorubicin 

selected). 

Selected models were next validated in GSE72362 (O'Brien et al., 2015). In this dataset, 

SKBR3 cells were treated with 90 nM epirubicin (epimer of doxorubicin) for 3 days. These 

treated cells were FACS sorted in CD44 high and low. The expression of these cells was 

then compared with parental SKBR3 untreated cells. Among epirubicin treated samples, 

both models predicted higher IC50 for CD44 high cells when compared with CD44 low 

cells. And untreated cells showed the least IC50 as expected (Figure 5.30). 
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Figure 5.30: Validation of 2 doxorubicin models in dataset GSE72362.  Both 

doxorubicin models predicted Lower IC50 for SKBR3 control cells (sensitive cells) when 

compared with cells treated with epirubicin. Among epirubicin treated samples, predicted 

IC50 was higher for CD44 high cells when compared with CD44 low cells. 

Selected models were next validated in GSE3929 (Munkácsy et al., 2010). In this dataset, 

resistant MCF7 models were developed using long term treatment. Furthermore, additional 

cells were treated with 0.05 μg/ml of doxorubicin for 24 hours as well. Our model predicted 

higher IC50 for multistep resistant models when compared with cells treated for 24 hours 

or untreated parental cells (Figure 5.31). 

 

Figure 5.31: Validation of 2 doxorubicin models in dataset GSE3929.  MCF7 cells were 

treated with doxorubicin for 24 hours and for a longer period to develop resistant cells. 

Both short term treated and untreated parental cells predicted IC50s were lower when 

compared to multistep resistant cells for both models.  
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In conclusion, our 2 gene linear regression models have the potential to predict doxorubicin 

drug response in breast cancer cell lines. These models will be further validated both in 

silico and in vitro (using cell lines which were not part of our discovery dataset). 

5.3. Breast cancer plasticity 

Plasticity is the phenomenon where breast cancer cells switch from one class to another in 

response to either metastasis, microenvironment, or therapy. Three types of plasticity exist 

in breast cancer: PAM50 plasticity, IHC plasticity and EMT plasticity.  

5.3.1. PAM50 plasticity 

To study PAM50 plasticity, we analyzed different datasets that contained matched gene 

expression data for breast cancer samples, before or after therapy and primary or metastatic 

tissue.  

PAM50 classification is dependent on the biopsy collection method as various samples 

show different classification when different biopsy techniques are used to collect breast 

cancer samples. In dataset GSE32518 (Gonzalez-Angulo et al., 2012), patients matching 

samples were collected through fine needle aspiration and core needle biopsy. In total 37 

samples were analyzed. When these samples were subtype classified by using PAM50, 

78% (29/37) samples were classified in the same classes when both biopsy methods were 

compared (Table 5.19). Discordant subtype classification was seen for 22% (8/37) samples. 

Among samples that were identified as HER2 in core needle biopsy, one was identified as 

Basal and another one as LumB. Only one sample which was identified as LumA by core 

needle biopsy was identified as LumB by fine-needle aspiration. Normal subtype 

(identified by core needle biopsy) showed the most discordance as 4 samples were 

subtyped as Basal and one sample was classified as LumA (fine needle aspiration)  
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Table 5.19: Comparison of PAM50 subtyping for samples collected through fine 

needle aspiration and core needle biopsy (GSE32518). Table retrieved from (Akbar 

et al., 2020b). 

    Fine needle aspiration 

    Basal HER2 LumA LumB Normal 

C
o
re

 n
ee

d
le

 b
io

p
si

es
 Basal 7 0 0 0 0 

HER2 1 5 0 1 0 

LumA 0 0 9 1 0 

LumB 0 0 0 7 0 

Normal 4 0 1 0 1 

PAM50 plasticity is observed in breast cancer patients which go through chemotherapy as 

some samples switch from one subtype to another. We analyzed GSE10281 (Creighton et 

al., 2009) which contained expression data for patient’s matched samples before and after 

Letrozole therapy. In total 18 samples were compared. PAM50 subtype remained the same 

for 39% (7/18) samples and 61% (11/18) switched their subtype (Table 5.20). Basal (n=2) 

and LumB (n=1) subtype remained consistent through drug treatment. Among the samples 

which were HER2 subtype pre-therapy, 1 changed to Basal, 2 changed to LumB and 1 

remained unchanged. For LumA pre-therapy samples, 3 switched to LumB and 2 remained 

unchanged. For samples that were subtyped as Normal, 3 switched to Basal, 1 to LumA, 1 

to LumB and 1 did not show any switch. Additionally, the authors reported that residual 

tumors after chemotherapy switched to a mesenchymal phenotype as expected. 
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Table 5.20: Comparison of PAM50 subtypes pre- and post-Letrozole therapy 

(GSE10281). Table retrieved from (Akbar et al., 2020b). 

    Post-therapy 

    Basal HER2 LumA LumB Normal 
P

re
-t

h
er

ap
y
 Basal 2 0 0 0 0 

HER2 1 1 0 2 0 

LumA 0 0 2 3 0 

LumB 0 0 0 1 0 

Normal 3 0 1 1 1 

Nex, we analyzed dataset GSE28844 (Vera-Ramirez et al., 2013) which contained matched 

pre- and post-therapy expression data for breast cancer patients treated with neoadjuvant 

anthracyclines and taxanes. PAM50 subtype remained the same for 36% (10/28) samples 

(Table 5.21). 2 samples basal pre-therapy subtype switched to Normal subtype post-

therapy. Similarly, among HER2 pre-therapy subtype, 3 samples switched their subtype to 

Basal, LumB and Normal. Among pre-therapy LumA subtype samples, 4 samples switched 

to Normal subtype post-therapy. In this dataset, LumB pre-therapy showed the highest 

plasticity as 1 sample switched to Basal, 4 switched to LumA and 3 switched to Normal 

subtype post-therapy. Lastly, only one normal sample switched to LumA. Importantly in 

this dataset, most samples switched to Normal subtype post-therapy.    

Table 5.21: Comparison of PAM50 subtypes pre- and post-Anthracyclines and 

Taxanes based neoadjuvant chemotherapy (GSE28844). Table retrieved from (Akbar 

et al., 2020b).  

    Post-therapy 

    Basal HER2 LumA LumB Normal 

P
re

-t
h
er

ap
y
 Basal 2 0 0 0 2 

HER2 1 1 0 1 1 

LumA 0 0 3 0 4 

LumB 1 0 4 3 3 

Normal 0 0 1 0 1 
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Next, we analyzed dataset GSE32072 (Gonzalez-Angulo et al., 2012) which contained 

samples treated with neoadjuvant systemic therapy. In this dataset, 9 patients were treated 

with anthracycline based therapy, 8 were treated with anthracycline/taxane based therapy 

and 2 were treated with trastuzumab therapy. This dataset additionally contained 4 samples 

that were not treated with neoadjuvant chemotherapy and all of these samples retained their 

phenotype as expected. Among treated samples, 76% (16/21) samples kept their phenotype 

when matched pre- and post-therapy samples were compared. Only one sample switched 

from LumA (pre-Therapy) to LumB (Post-therapy) and among normal samples (pre-

therapy), 2 switched to Basal, 1 switched to LumA and 1 to LumB post-therapy Table 5.22.  

Table 5.22: Comparison of PAM50 subtypes pre- and post- neoadjuvant 

chemotherapy (GSE32072). Table retrieved from (Akbar et al., 2020b). 

    Post-therapy 

    Basal HER2 LumA LumB Normal 

P
re

-t
h
er

ap
y
 Basal 5 0 0 0 0 

HER2 0 4 0 0 0 

LumA 0 0 5 1 0 

LumB 0 0 0 1 0 

Normal 2 1 1 0 1 

 

Breast cancer cells when metastasized, can switch to another subtype when compared with 

their primary tumors. Next, we analyzed matched primary and brain metastasized tissue 

subtypes in dataset GSE125989 (Iwamoto et al., 2019). This dataset contained 16 patient 

samples. 50% (8/16) showed the same subtype for primary and metastatic tissues (Table 

5.23). Among the samples which switched their phenotype, one basal sample (primary 

tumor) switched to HER2 subtype (metastatic). 1 HER2 sample switched to Basal and 

another one switched to Normal subtype. All the normal samples switched to another 

subtype upon metastasis as 3 samples switched to Basal and 2 to HER2 subtype.      

Table 5.23: Comparison of PAM50 subtyping for primary tissues vs. brain metastatic 

tissues (GSE125989). Table retrieved from (Akbar et al., 2020b). 
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    Metastasized tissue 

    Basal HER2 LumA LumB Normal 

P
ri

m
ar

y
 t

is
su

e Basal 2 1 0 0 0 

HER2 1 2 0 0 1 

LumA 0 0 4 0 0 

LumB 0 0 0 0 0 

Normal 3 2 0 0 0 

Dataset GSE110590 (Siegel et al., 2018) contains expression data for 16 primary tumor 

samples and their multi-systemic metastasis to various tissues including brain, liver, lung, 

skin and pancreases among others. In total 67 different metastatic tissues were evaluated 

for gene expression from 16 patients. 55% (37/67) metastatic samples showed the same 

phenotype as of their primary tissue (Table 5.24). Basal subtype was mostly stable as only 

2 (sample A15 and A1) samples switched to Normal subtype upon metastasis and the rest 

retained their subtype in metastatic tissue. Importantly out of 27 metastatic events that 

happened for 6 patients, 23 metastatic tissues showed the same phenotype when compared 

with primary tissues. For Her2 subtype, all 4 metastatic tissues showed the same phenotype 

as of their primary tissue. LumA samples showed the highest level of switching as 78% 

(21/31) metastatic tissues switched their subtype. Similarly, for one Normal sample, its 5 

metastatic growths switched to Basal subtype.  
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Table 5.24: Comparison of PAM50 subtyping for primary tissues vs. metastatic 

tissues (GSE110590). Table retrieved from (Akbar et al., 2020b). 

Sample 

name 
Primary 

tissue 

PAM50 metastasis 

Basal HER2 LumA LumB Normal 

A11 Basal 5 0 0 0 0 

A15 Basal 2 0 0 0 3 

A1 Basal 4 0 0 0 1 

A23 Basal 5 0 0 0 0 

A5 Basal 2 0 0 0 0 

A7 Basal 5 0 0 0 0 

A8 HER2 0 4 0 0 0 

A12 LumA 0 0 2 4 0 

A17 LumA 2 0 0 0 0 

A26 LumA 3 0 0 0 0 

A28 LumA 0 0 3 3 0 

A2 LumA 0 1 0 2 0 

A30 LumA 5 0 0 0 0 

A34 LumA 0 0 4 0 0 

A4 LumA 0 1 1 0 0 

A20 Normal 5 0 0 0 0 

 

In conclusion, we show that some breast tumors switch their molecular subtype upon drug 

treatment or metastasis. As breast cancer patients are treated based on their subtype, so we 

recommend reevaluating the subtype of the non-responsive patient or upon metastasis to 

alter the treatment plan if necessary, based upon the subtype switch.  

5.4. Metastatic biomarkers 

To identify metastatic biomarkers, 7 patient datasets with metastasis free survival were 

used. Cohort treatment protocol and patient numbers are mentioned inTable 5.25. 
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Table 5.25: Patient number and treatment protocols for cohorts used for metastasis 

biomarker analysis. Table retrieved from (Akbar et al., 2020b). 

Dataset 
Patient 

number 
Treatment protocol References 

GSE2603 82 Treatment not disclosed (Bos et al., 2009) 

GSE6532 (U 133 A+B) 293 Tamoxifen treated (Loi et al., 2007) 

GSE6532 (U133 plus 2) 87 Tamoxifen treated (Loi et al., 2007) 

GSE7390 198 Systemically untreated 
(Desmedt et al., 

2007) 

GSE11121 200 Only surgery was performed 
(Schmidt et al., 

2008) 

GSE12276 204 
Adjuvant chemotherapy 

treated 
(Bos et al., 2009) 

GSE20685 327 
Adjuvant chemotherapy 

treated 
(Kao et al., 2011) 

GSE58812 108 
Adjuvant chemotherapy 

treated 

(Jezequel et al., 

2015) 

 

We performed Cox regression hazard analysis for all datasets. Only those genes were 

selected as metastatic biomarkers which showed the same direction (good prognosis with 

HR <1 or bad prognosis with HR >1) and were significant for at least 5 analyses, were 

selected. In total 40 probesets passed the selection criteria. These probesets were then 

ranked by their cox p value in each dataset and rank sum analysis was performed by adding 

the ranks of probesets in each dataset separately for good and bad prognostic biomarkers. 

From these top 10 good and bad prognostic biomarkers were selected with the least rank 

sum score. Additionally, for genes that have 2 or more probesets and showed least rank 

sum scores for those probesets, only one probeset with the least rank sum score was 

selected. All selected genes are shown in Figure 5.32. 



78 

 

G S E 2 6 0 3

ln  H R

-2 -1 0 1 2 3

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 6 5 3 2  U 1 3 3 A B

ln  H R

-2 -1 0 1 2 3

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 6 5 3 2  U 1 3 3 P lu s 2

ln  H R

-4 -2 0 2 4

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 7 3 9 0

ln  H R

-2 -1 0 1 2

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 1 1 1 2 1

ln  H R

-3 -2 -1 0 1 2 3

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 1 2 2 7 6

ln  H R

-1 0 1 2

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 2 0 6 8 5

ln  H R

-2 -1 0 1 2

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

G S E 5 8 8 1 2

ln  H R

-3 -2 -1 0 1 2 3

E P H X 2 \2 0 9 3 6 8 _ a t

T H Y N 1 \2 1 8 4 9 1 _ s _ a t

A R L 6 IP 5 \2 0 0 7 6 1 _ s _ a t

C R E B L 2 \2 0 1 9 9 0 _ s _ a t

P 2 R Y 1 3 \2 2 0 0 0 5 _ a t

F U C A 1 \2 0 2 8 3 8 _ a t

K IF 1 3 B \2 0 2 9 6 2 _ a t

P G R \2 0 8 3 0 5 _ a t

D IX D C 1 \2 1 4 7 2 4 _ a t

IG J \2 1 2 5 9 2 _ a t

S D S \2 0 5 6 9 5 _ a t

N A A 1 0 \2 0 3 0 2 5 _ a t

C E N P E \2 0 5 0 4 6 _ a t

A G O 2 \2 1 3 3 1 0 _ a t

E 2 F 8 \2 1 9 9 9 0 _ a t

B U B 1 B \2 0 3 7 5 5 _ a t

T M E M 2 0 8 \2 2 1 5 9 7 _ s _ a t

P S M D 2 \2 0 0 8 3 0 _ a t

T U B A 1 B \2 1 1 0 5 8 _ x _ a t

U B E 2 A \2 0 1 8 9 9 _ s _ a t

 



79 

 

Figure 5.32: Biomarkers for breast cancer metastasis: 20 genes were selected as 

biomarkers for breast cancer metastasis. Ln HR shows natural logarithm for hazard ration 

on the x-axis. Y-axis shows gene names and probe IDs. If good prognostic gene was 

significant, it is shown in green while bad prognostic significant genes are shown in red. 

Black bars show insignificant genes in each dataset. Figure retrieved from (Akbar et al., 

2020b). 

These identified genes will be further validated in silico and ex vivo in future studies.  

5.4.1. Prognostic importance of hematopoietic cells for metastasis 

Different immune cells play important role in the metastasis cascade. To evaluate this 

phenomenon, we used Cibersort tool. This tool can quantify relative levels of 22 mature 

hematopoietic populations and activation states in human cancer using gene expression 

data. We used this tool in relative quantification of 22 different cells for each tumor in 7 

cohorts with metastasis free survival. After cell quantification, these values were used to 

calculate HRs and cox p value to evaluate the prognostic importance of these cells for 

metastasis.  Table 5.26 and Table 5.27 show HR and cox p values for all cells whose 

relative quantification was performed. 
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Table 5.26: Hazard ratios (HR) of hematopoietic cells for metastasis free survival. 

Cells highlighted in green show good prognosis and red shows bad prognosis. Cells 

with thick borders show HR with significant Cox p value. 
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Table 5.27: Cox regression p values for Hazard ratios in Table 5.26. 

 

 Naive B cells showed good prognosis in 5 datasets and bad prognosis in 3 datasets. 

Memory B cells showed good prognosis in 6/8 datasets. Plasma cells showed good 

prognosis in 5 datasets and in 3 datasets, it showed bad prognosis with one being 

significant. CD8 T cells showed good prognosis in 5 datasets with one being significant.  

A similar pattern was seen for CD8 and CD4 naive T cells. CD4 memory resting cells 

showed bad prognosis in 6 datasets. CD4 memory activated, follicular helper gamma delta 

T cells showed good prognosis in 7 datasets. Regulatory T cells showed bad prognosis in 

5 datasets with one being significant. Among macrophages, M0 and M2 showed bad 
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prognosis in a greater number of datasets (7/8 datasets) while M1 showed good prognosis 

in a higher number of datasets (5/8 datasets). Additionally, resting cells showed both good 

prognosis and bad prognosis but activated dendritic cells showed worse survival in 6 

datasets with one being significant. Resting mast cells showed good prognosis (7/8 

datasets) and activated mast cells showed worse survival (6/8 datasets). Eosinophils 

showed good prognosis overall (5/8 datasets) while in 3 datasets, HR could not be 

evaluated. Lastly, neutrophils showed worse survival for 6 datasets with 2 being 

significant. 

In conclusion, we did not find Cibersort generated hematopoietic cell percentages of no 

prognostic importance significantly.  

5.5. Prognostic importance of INHBA and MLANA in melanoma 

Survival analysis using CNCL showed that in the majority of datasets in breast cancer, 

CS/M phenotype showed worse prognosis when compared with NS/E phenotype. We 

wanted to check if a similar pattern will be found in another cancer as we have discussed 

the role of EMT and drug response in melanoma in our previous publications (Senses et 

al., 2017; Kucukkaraduman et al., 2020). Previously, in melanoma our studies have shown 

that INHBA and MLANA genes can classify, melanoma in invasive/proliferative, 

stem/non-stem and mesenchymal/epithelial phenotype similar to CNCL. To identify the 

prognostic role of INHBA and MLANA in melanoma, TCGA (Akbani et al., 2015) data 

was analyzed. TCGA data contained overall survival information for 458 patients along 

with AJCC pathologic T, N and M stage. We performed Cox regression analysis for each 

clinical parameter along with INHBA and MLANA (Table 5.28). INHBA showed good 

prognosis but insignificantly and MLANA showed bad prognosis with a borderline 

significance of 0.059. Other clinical parameters such as T, N and M stage showed bad 

prognosis significantly as expected.   
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Table 5.28: Cox regression analysis for INHBA, MLANA and clinical parameters. 

 

Parameter Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

INHBA Continuous 0.285 0.966 0.907 1.029 

MLANA Continuous 0.059 1.038 0.999 1.078 

AJCC Pathologic M stage 0.04 1.896 1.029 3.493 

AJCC Pathologic N stage >0.00 1.366 1.197 1.559 

AJCC Pathologic T stage >0.00 1.441 1.254 1.656 

 

We then used LRMC analysis to divide patients in High and low expression groups using 

a cutoff. For INHBA, cutoff 0.137605 was selected and patients with higher expression 

than this were classified as “High” expression group and the rest of patients were classified 

as “Low” group. Upon Kaplan Meier analysis, High group showed better survival when 

compared with Low expressing group (Figure 5.33). For MLANA, cutoff 8.42132 was 

selected to classify patients into High and Low groups. The high group showed worse 

survival when compared with Low expressing group (Figure 5.34). Patient distribution, the 

median of survival and p value are shown in Table 5.29. 
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Figure 5.33: Prognostic evaluation of INHBA in TCGA cohort.  Patients were classified 

into High and Low group using LRMC analysis and High group showed better survival 

when compared with low expressing group. 

  

 

Figure 5.34: Prognostic evaluation of MLANA in TCGA cohort. Patients were 

classified into High and Low groups using LRMC analysis and the High group showed 

worse survival when compared with Low group. 

Table 5.29: Patient distribution, median survival and Log rank p value for INHBA 

and MLANA classifications. 
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  INHBA MLANA 

Groups High Low High Low 

N 162 294 116 340 

Median 

Survival 
3139 2030 1618 2993 

Log Rank p 0.0289 0.005 

 

Next we performed a multivariate analysis using backward Wald method, and patients’ 

classification using INHBA was an independent survival predictor for TCGA patients 

along with clinical parameters (Table 5.30). 

Table 5.30: Multivariate analysis for TCGA with parameters significant with 

univariate analysis. 

 

Backward 

Wald 
Parameters Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

Step 1 

AJCC Pathologic M stage 0.073 2.081 0.935 4.636 

AJCC Pathologic N stage >0.00 1.498 1.287 1.742 

AJCC Pathologic T stage >0.00 1.501 1.302 1.73 

INHBA Categorical 0.045 0.717 0.518 0.993 

MLANA Categorical 0.106 1.326 0.942 1.867 

Step 2 

AJCC Pathologic M stage 0.084 2.026 0.91 4.508 

AJCC Pathologic N stage >0.00 1.491 1.281 1.735 

AJCC Pathologic T stage >0.00 1.511 1.312 1.74 

INHBA Categorical 0.025 0.691 0.501 0.954 

 

This analysis showed us that INHBA is a good prognosis marker of melanoma patients and 

MLANA is a bad prognosis marker. Additionally, patients’ stratification using MLANA is 

an independent prognostic factor of clinical parameters. 
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Next we analyzed dataset GSE65904 (Cirenajwis et al., 2015) which contains both distant 

metastasis and disease specific survival information for 214 patients. We analyzed this 

dataset for prognostic importance for both MLANA and INHBA. Distant metastasis free 

survival data (DMFS) was available for 150 patients. Cox regression analysis showed that 

INHBA is good and MLANA is bad prognostic biomarker for melanoma distant metastasis 

free survival insignificantly (Table 5.31). 

Table 5.31: Cox regression analysis for INHBA and MLANA for GSE65904 DMFS 

 

Parameter Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

INHBA/ILMN_1719547 0.689 0.646 0.076 5.474 

MLANA/ILMN_1710217 0.55 1.036 0.923 1.162 

 

We then used LRMC analysis to determine the cutoffs for INHBA and MLANA. For 

INHBA cutoff 6.745493 was used and for MLANA, cutoff 12.64553 was used to divide 

patients in High and Low expression groups. INHBA showed good prognosis (Figure 5.35) 

and MLANA (Figure 5.36) showed bad prognosis upon Kaplan Meier analysis. Log rank 

p values for Kaplan Meier analysis are shown in Table 5.32. 
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Figure 5.35: Prognostic evaluation of INHBA in GSE65904 cohort for distant 

metastasis free survival data.  Patients were classified into High and Low groups using 

LRMC analysis and High group showed better survival when compared with Low 

expressing group.  

 

Figure 5.36: Prognostic evaluation of MLANA in GSE65904 cohort for distant 

metastasis free survival data.  Patients were classified into High and Low groups using 

LRMC analysis and High group showed worse survival when compared with Low 

expressing group. 
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Table 5.32: Patient distribution, median survival and Log rank p value for INHBA 

and MLANA classifications in GSE65294 DMFS. 

DMFS INHBA MLANA 

Groups High Low High Low 

N 123 27 36 114 

Median 

Survival 
811 331 288 1143 

Log Rank 

p 
0.032 >0.000 

 

Additionally, GSE65294 dataset contained disease specific survival data as well. We used 

this to evaluate prognostic importance for INHBA and MLANA as well. Upon cox 

regression analysis, INHBA showed good survival and MLANA showed bad survival but 

p value was insignificant (Table 5.33). 

Table 5.33: Cox regression analysis for INHBA and MLANA for GSE65904 DSS 

Parameter Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

INHBA/ILMN_1719547 0.412 0.437 0.061 3.15 

MLANA/ILMN_1710217 0.808 1.012 0.916 1.119 

We then used LRMC analysis to determine the cutoffs for INHBA and MLANA for 

classifying patients into High and Low group separately. For INHBA cutoff 6.954407 

(Figure 5.37) and for MLANA cutoff 12.807075 (Figure 5.38) was used to divide patients 

into High and Low groups. Upon Kaplan Meier analysis, High group for INHBA showed 

good prognosis when compared with Low group and for INHBA, opposite pattern was 

observed. Log rank p values are shown in Table 5.34. 

. 
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Figure 5.37: Prognostic evaluation of INHBA in GSE65904 cohort for disease 

specific survival data.  Patients were classified into High and Low groups using LRMC 

analysis and High group showed better survival when compared with Low expressing 

group.  

 

Figure 5.38: Prognostic evaluation of MLANA in GSE65904 cohort for disease 

specific survival data.  Patients were classified into High and Low groups using LRMC 

analysis and High group showed worse survival when compared with Low expressing 

group. 
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Table 5.34: Patient distribution, median survival and Log rank p value for INHBA 

and MLANA classifications in GSE65904 DSS. 

DSS INHBA MLANA 

Groups High Low High Low 

N 30 180 43 67 

Median 

Survival 
NA 849 591 1344 

Log Rank p 0.047 0.003 

Nex, we validated the prognostic importance of INHBA and MLANA in dataset GSE59455 

(Budden et al., 2016). This dataset contains expression data for 141 tumors with overall 

survival clinical data. All tissues were formalin fixed paraffin embedded and were 

diagnosed as stage 2 or greater.  We performed Cox regression analysis for MLANA, 

BRAF mutation, NRAS mutation and Berslow depth (Table 5.35). Only Berslow depth 

showed significance in this analysis. 

Table 5.35: Cox regression analysis for INHBA, MLANA, BRAF mutation, NRAS 

mutation, and Berslow depth in dataset GSE59455.  

Parameter Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

INHBA/ILMN_1719547 0.38 0.91 0.739 1.122 

MLANA/ILMN_1710217 0.492 1.023 0.959 1.091 

BRAF and NRAS mutated 0.137 0.872 0.728 1.045 

BRAF Mutation 0.86 1.019 0.83 1.251 

NRAS Mutation 0.074 0.82 0.659 1.02 

Breslow Depth 0.003 1.061 1.021 1.104 

We next performed LRMC analysis for determining cutoffs for INHBA and MLANA to 

classify patients in High and low groups. Any cutoff for INHBA did not show any 

significance. And MLANA showed significance. For MLANA 12.5554474 was selected 

to divide patients into high and low groups (Figure 5.39) and Kaplan Meier analysis 

showed that High group showed better survival when compared with Low group as 

expected. Log rank p value is shown in Table 5.36. 
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Figure 5.39: Prognostic evaluation of MLANA in GSE59455 cohort for overall 

survival data.  Patients were classified into High and Low groups using LRMC analysis 

and High group showed worse survival when compared with Low expressing group. 

Table 5.36: Patient distribution, median survival and Log rank p value for MLANA 

classifications in GSE59455 OS. 

OS MLANA 

Groups High Low 

n 80 42 

Median 

Survival 
122.143 181 

Log Rank 

p 
0.032 

 

Next, we performed multivariate analysis for MLANA classification and Berslow depth. 

Multivariate analysis showed that both MLANA and Berslow depth are independent 

prognostic factors for melanoma overall survival (Table 5.37). 
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Table 5.37: Multivariate analysis for MLANA classification and Berslow depth in 

dataset GSE59455.   

Variables Sig. Exp(B) 
95.0% CI for Exp(B) 

Lower Upper 

MLANA\classification 0.04 1.315 1.013 1.708 

Breslow Depth 0.01 1.054 1.013 1.097 

Next, we analyzed dataset GSE54467 (Jayawardana et al., 2015). This dataset expression 

data for 84 patients and samples were collected from lymph node specimens with 

macroscopic tumor. This data contained overall survival data. INHBA expression was 

missing from the normalized file downloaded from GEO so we performed the analysis only 

with MLANA. First, cox regression analysis was performed and MLANA showed bad 

prognosis insignificantly (Table 5.38) as expected. 

Table 5.38: Cox regression analysis for MLANA in GSE54467 

Parameter Sig. Exp(B) 

95.0% CI for 

Exp(B) 

Lower Upper 

MLANA/ILMN_1710217 0.571 1.045 0.898 1.215 

We next performed LRMC analysis and chose the cutoff 13.29367 to divide patients in 

High and Low group for MLANA (Figure 5.40). Kaplan Meier analysis showed that high 

expression group showed worse survival when compared with Low expression group. Log 

rank p value is shown in Table 5.39. 
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Figure 5.40: Prognostic evaluation of MLANA in GSE54467 cohort for overall 

survival data. Patients were classified into High and Low groups using LRMC analysis 

and High group showed worse survival when compared with Low expressing group. 

Table 5.39: Patient distribution, median survival and Log rank p value for MLANA 

classifications in GSE54467 OS. 

OS MLANA 

Groups High Low 

n 13 66 

Median 

Survival 
47.28 122.17 

Log Rank 

p 
0.01 

In conclusion, this analysis showed that high expression of INHBA and MLANA is 

associated with increased and decreased survival of melanoma patients and this observation 

was validated in several cohorts. Therefore, these findings in melanoma supported our 

results in breast cancer.  
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6. Discussion 

6.1. CNCL based classification of breast cancer into stemness and EMT subtypes 

Previously, in literature, a lot of markers have been reported to identify breast cancer 

subtypes such as stem and non-stem along with PAM50 molecular subtypes (Parker et al., 

2009; Bai et al., 2018). In our analysis, CNCL showed a high correlation with breast cancer 

stem markers, CD44 and CD24, but not with ALDH. EMT markers-based classification 

has been shown to exist across several cancers including breast cancer (Tan et al., 2014). 

Additionally, CNCL showed a great correlation with a previously published gene list (Tan 

et al., 2014) and it can classify both cell lines and tumor tissue. 

Cellular differentiation has been shown to play a strong role in inducing 

sensitivity/resistance to therapy (Housman et al., 2014). However, breast tumors have an 

increased tendency to switch phenotype, referred to as phenotype plasticity. This tendency 

is attributed to both de-differentiation and trans-differentiation states (Gupta et al., 2019). 

We showed in our analysis, both in silico and in vitro, that phenotype plasticity occurs both 

in cell lines and primary tumors without an exception and this switch leads to change in 

chemotherapy response. Both ZEB1 and SNAIL1 are mesenchymal markers and their 

induction in cells is related to EMT and chemotherapy resistance (Shang et al., 2013). 

Additionally, ZEB1 has been associated with tumor cell plasticity (Krebs et al., 2017). 

Based upon these observations, downregulating these genes results in increased sensitivity 

to chemotherapy as observed in our in silico analysis and knockdown experiments in vitro.  

Metastasis plays a major role in cancer-related mortality. Although, EMT plasticity has 

been related to metastasis but recent data shows that EMT plasticity of a tumor is not related 

to its metastatic potential (Pastushenko et al., 2018).  Instead, EMT plasticity rate is a better 

indicator of drug responses (Gupta et al., 2019).  It is, therefore, important to quantify EMT 

transition rate to predict chemotherapeutic response and CNCL is well-suited candidate in 

this regard for validation in bigger cohorts. 

Gene signatures in breast cancer have been previously associated with drug response 

prediction (Hsu et al., 2013) and EMT has been associated with resistance to EGFR 
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inhibitor (gefitinib) (Weng et al., 2019). Based on our analysis, we suggest a combinational 

therapy of two drugs targeting NS/E cells and CS/M cells separately. We know in line with 

our previous analysis (Isbilen et al., 2013) that Midostaurin and Lapatinib are candidates 

for such combinational therapy. Although EMT is a shared signature among many tumor 

types, our results for breast cancer analysis were different from our previous analysis for 

melanoma and colorectal cancer (Demirkol et al., 2017; Senses et al., 2017).  This 

discrepancy might be explained as CS/M and NS/E phenotypes defined here are different 

from other tumors as these phenotypes exist as a hybrid state in between epithelial and 

mesenchymal states. Indeed most of the CS/M cells of the colon are similar to NS/E cells 

of breast cancer and Melanoma cells show a similar phenotype to CS/M phenotype (Tan et 

al., 2014).  

CNCL clearly showed that NS/E phenotype cells pre-therapy, switched to CS/M phenotype 

post-therapy both in silico and in vitro. This observation elucidates the reason for 

secondary treatment resistance in breast cancer. Previously post neo-adjuvant 

chemotherapy, cells with higher proliferative potential are related with sensitivity to 

chemotherapy (Klintman et al., 2016). Moreover, post-chemotherapy breast cancer cells 

show higher stemness when compare with pre-therapy samples (Liu et al., 2018b). These 

observations are in line with our survival analysis, as post neo-adjuvant Taxane based 

chemotherapy, CS/M phenotype showed worse survival when compared to NS/E 

phenotype. In light of these results, it is important to further investigate and determine if 

neo-adjuvant taxane treatment switches cells from NS/E phenotype to CS/M phenotype, 

increasing drug resistance in treated patients and decreasing survival of these patients. 

Additionally, our gene list can be used to differentiate among NS/E and CS/M phenotypes 

providing the opportunity in selecting a suitable treatment for each phenotype. 

To summarize our findings, our identified list CNCL gene list can distinguish among 

different phenotypes of breast cancer induced through cancer plasticity including stemness 

and EMT phenotypes. This phenotypic switch correlates with cytotoxicity profiles of breast 

cancer and we propose that epithelial and non-stem phenotypes should be treated with 

Lapatinib, moreover mesenchymal and stem phenotypes should be treated with 

Midostaurin. CNCL is a unique signature and it was validated both in silico and in vitro. 
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Lastly, CNCL does not show any prognostic importance but its association with the 

prognosis of patients treated with neo adjuvant taxane therapy, signifies its importance and 

is worth validation in future studies ex vivo. 

6.2. Breast cancer plasticity 

Apart from stemness and EMT plasticity, breast cancer also shows plasticity in terms of 

clinical and molecular classification. Among IHC clinical classification, breast tumors 

switch their status regarding ER, PR and HER2 biomarkers. IHC status is so unstable that 

almost 33% of breast cancer patients switch their IHC status considering all 3 markers in 

both directions (both positive to negative and negative to positive switching). Additionally 

One out of seven HER2+ patients shows a switch in HER2 status(Lindstrom et al., 2012). 

Similar switching is shown by molecular classification achieved through PAM50 

subtyping. This switching can result from the difference from two different biopsy 

methods. As we showed in dataset GSE32518, 22% of samples (8/37) showed a difference 

in molecular classification between matched cancer specimens collected through fine 

needle aspiration and core needle biopsies. Core needle biopsies sample are rich in stroma 

when compared with fine needle aspiration biopsies. Bianchini et al. showed that although 

if the biopsies are from the same tumor but different collection techniques are used and 

when corresponding samples were compared for their gene expression, immune related 

metagenes showed prognostic significance, suggesting selection of the biopsy method can 

provide additional information in selecting treatment plan for breast cancer patients as 

immune response can give useful prognostic information. Among the analyzed samples, 

Basal was the most stable subtype while Normal subtype showed most switching 

(Bianchini et al., 2010).  

Among other factors that can lead to breast cancer plasticity, the most important is drug 

treatment (similar to our results with CNCL analysis). These observations are validated in 

3 different datasets in which corresponding tumor samples were available both before and 

after therapy. In dataset GSE10281, gene expression data of 18 patients is available and 

among these patients, 39% of samples changed their molecular subtype. Creighton et al. 

reported that switched samples converted to a more mesenchymal phenotype similar to our 
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results shown in CNCL project (Creighton et al., 2009). In dataset GSE28844, 28 patients’ 

expression data is available and these patients were treated with anthracyclines and taxanes 

in neoadjuvant setting. Here 36% of samples switched their molecular class. Contrary to 

our other analyzed datasets, most samples here switched to normal like phenotype. Vera-

Ramirez et al. showed that genes related to extra-cellular matrix, oxidative stress response 

and developmental processes. These pathways are often related with drug response and 

EMT (Vera-Ramirez et al., 2013). Dataset GSE32072 contained 4 control samples which 

were not treated with any neoadjuvant therapy. As expected, none of these samples 

changed their molecular subtype throughout disease progression. Additionally, 9 patients 

were treated with anthracycline based therapy, 8 were treated with anthracycline/taxane 

based therapy and 2 were treated with trastuzumab therapy. Normal was the most unstable 

class and basal was the most stable. Gonzalez-Angulo et al showed that when pre and post 

treatment differentially expressed genes were related to Notch and Wnt signaling 

(Gonzalez-Angulo et al., 2012). These results show that Normal subtype is more prone to 

switch when compared with other subtypes and Basal subtype is most stable one. 

Additionally, residual cancer tissues show more mesenchymal features or the upregulated 

pathways are related to these. Based upon observations regarding subtype switching and 

acquisition of mesenchymal features in residual cancer tissue, one can conclude that both 

of these phenomena might play a role for each other and are related. 

Moreover, tumor cells upon metastasis, also show molecular subtype switching. We 

analyzed 2 datasets in which both primary and metastatic tissue gene expression data was 

available. GSE125989 contained 16 patients’ gene expression data for both primary and 

metastatic tissue. 50% of these samples switched molecular class upon metastasis. Normal 

subtype was the most unstable subtype. Similarly, dataset GSE110590 contains expression 

data for 16 patients with multiple metastases. Among these samples, Basal was the most 

stable subtype as most of the metastases tissue was also subtyped as Basal as well. And 

LumA was the most unstable subtype. Similar results were obtained by Cejalvo et al. 

authors compared 123 primary tissues with their respective metastasis and found that Basal 

was the most stable phenotype in terms of molecular switching upon metastasis, followed 

by HER2, then LumB and lastly LumA (Cejalvo et al., 2017). 
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So here we propose that patients treated with neo adjuvant therapy, should be re-subtyped 

for molecular classification to better identify and suggest appropriate treatment strategy. 

Similar is the case for metastatic events, so while treating metastasis, metastasis molecular 

subtype should always be considered in treatment strategy. 

6.3. Chemosensitivity markers of paclitaxel, cisplatin and doxorubicin in breast 

cancer 

Our CNCL gene list can differentiate between CS/M and NS/E phenotype. So, we next we 

asked if there is a cytotoxicity difference between TNBC CSC phenotype and Non-CSC 

phenotype for paclitaxel, cisplatin and doxorubicin which are commonly used for TNBC 

treatment. For this analysis, we used 7 TNBC Non-CSC and 4 TNBC CSC cell lines. Upon 

drug screening, we could not find any significant cytotoxicity difference between these two 

groups. Similar results were obtained from CCLE and CGP datasets for docetaxel 

(paclitaxel), cisplatin and doxorubicin. Although previously we showed that CNCL gene 

list can clearly differentiate between drug resistant and sensitive cells but this discrepancy 

can be explained using innate resistance and acquired resistance. We believe that treatment 

of cells with these drugs over a prolonged period can shift their phenotype from CSC to 

Non-CSC/epithelial to mesenchymal as shown previously for doxorubicin (Saxena et al., 

2011), paclitaxel (Gupta et al., 2009a) and cisplatin (Zeng et al., 2020). And our CNCL 

does not identify innate resistance to these drugs but rather identifies acquired resistance 

over a prolonged period. Then we aimed to identify genes that could be used as biomarkers 

for these drug sensitivity. And using these markers linear regression analysis models were 

generated which could predict IC50 for cell lines using gene expression values of those 

markers. Previously in several studies, Cox regression analysis has been used to calculate 

the risk of relapse/prognosis (Parker et al., 2009; Klein et al., 2013; Li et al., 2016). 

Popiołkiewicz et al. used a similar regression analysis to correlate IC50 in vitro data with 

LD50 in vivo for anticancer drugs (Popiołkiewicz et al., 2005). Brown et al used similar 

analysis to generate regression model for Adriamycin inhibitors (Brown et al., 1995).  
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6.3.1. Paclitaxel biomarkers 

We selected genes that showed high correlation values with in vitro cytotoxicity data. 

These genes were used to generate 17 linear regression models and only three of these were 

further validated. The first validation model has two genes (AMD1 and SLC25A28). 

AMD1 showed a positive correlation (sensitive marker) and SLC25A28 showed a negative 

correlation (resistant marker) with paclitaxel activity area. Heng et al. reported AMD1 to 

be upregulated in breast cancer which showed pathological characteristics of necrosis, 

inflammation, nuclear polymorphism and high mitotic count in the same cancer (Heng et 

al., 2017). The role of AMD1 is not well studied in breast cancer but in melanoma, AMD1 

silencing resulted in increased EMT and metastasis (Zingg et al., 2015). So, an increase in 

AMD1 expression in breast cancer tumors with higher mitotic count along with its tumor 

suppressor properties, makes it an ideal biomarker for paclitaxel which targets microtubule 

leading to defects in the cell cycle. SLC25A28 is responsible for transporting iron to inner 

mitochondria and previously was reported as a sensitivity inducer for photodynamic 

therapy(Jong and McKeage, 2014). SLC25A28 is a member of solute carrier family 25. In 

cancer, solute carriers play a dual role as they transport both anti-cancer drugs and nutrients 

to cancer cells and thus their role in sensitivity/resistance to the drug is drug dependent (Li 

and Shu, 2014). In pancreatic cancer, Kang et al. reported that degradation of SLC25A28 

results in decreased growth of cancer cells (Kang et al., 2019). In our analysis, we found 

SLC25A28 as a paclitaxel resistance marker. 

Second model consisted of TSPO and WDR61. WDR61 showed a positive correlation 

(sensitive marker) and TSPO showed a negative correlation (resistant marker) with 

paclitaxel activity area. WDR61 is a member of PAF1 complex and plays an important role 

in transcription, DNA repair and cell cycle. It was reported as overexpressed in breast 

cancer at the protein level when tumors were compared with normal adjacent tissue (Da 

Costa et al., 2015). TSPO protein is a part of the mitochondrial permeability pore complex 

and plays an important part in apoptosis regulation. Its expression is increased in cancer 

when compared with normal tissue and also is highly expressed in metastasis in several 

cancers including breast cancer (Austin et al., 2013).  
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The third model consisted of LHX2 and WDR61. WDR61 is common in models two and 

three. LHX2 showed a positive correlation (sensitive marker) with the paclitaxel activity 

area. LHX2 is involved in cell differentiation, proliferation and embryogenesis (Shi et al., 

2015). Increased expression of LHX2 is increased during cancer development and it plays 

an important role in metastasis in breast cancer (Kuzmanov et al., 2014). In non-small cell 

lung cancer, LHX2 is targeted by miR-1238 which leads to decreased cell proliferation 

(Shi et al., 2015). It is important to note here that selected genes which were paclitaxel 

sensitivity markers show involvement in proliferation and resistant genes are involved in 

mitochondrial mechanisms. 

6.3.2. Cisplatin Biomarkers 

We selected 16 genes that showed a high correlation with cisplatin cytotoxicity data and 

used these genes to generate 9 linear regression models. Only 2 of these models were 

validated consistently. The first model consisted of two genes which are C14orf169 

(RIOX1, MAPJD, HOXD9) and DOHH. Both genes were positively correlated (resistance 

markers) with cisplatin IC50. C14orf169 also known as RIOX1 is upregulated in non-small 

cell lung cancer and Suzuki et al. showed that this is a member of MYC complex and 

transactivates kinases and cell signal transducers which are related with cancer cells 

proliferation (Suzuki et al., 2007). RIOX1 also shows selective expression in colorectal 

cancer and its high expression shows increased metastasis and invasion. Additionally, it 

was reported as an independent prognostic factor for colorectal cancer (Nishizawa et al., 

2017). RIOX1 is upregulated in lung cancer when compared with normal tissue and 

patients with lower expression of RIOX1 show a better survival. Additionally, authors 

reported RIOX1 as a potential target for treating platinum resistant tumors(Pernía et al., 

2020). Role of RIOX1 in breast cancer is clear but literature in lung cancer is in agreement 

with our finding that this gene is related with cisplatin resistance. DOHH is involved in the 

cell cycle and previously ciclopirox is reported as its inhibitor (Mémin et al., 2014). Using 

a knockout mice model, Sievert et al. showed that DOHH plays an important role in 

embryonic development and malignant transformation (Sievert et al., 2014). DOHH knock 

out mice do not survive which shows the high importance of DOHH in embryogenesis 

(Pällmann et al., 2015). Epis et al. showed that increased levels of miR-331-3p and miR-
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642-5p decrease DOHH expression leading to decreased proliferation in prostate cancer 

(Epis et al., 2012). Liu et al. showed the blocking DOHH in cervical squamous carcinoma 

leads to apoptosis of carcinoma cells (Liu et al., 2018c). DOHH role in breast cancer and 

cisplatin sensitivity is not well explored. 

Second model also consisted of 2 genes C14orf169 (common with the first model) and 

RBBP4. RBBP4 showed a negative correlation (sensitive marker) with cisplatin IC50. 

RBB4 regulates gene transcription, cell cycle and proliferation. In breast cancer, increased 

expression of RBBP4 was related with decreased overall survival and increased lymph 

node metastasis (Guo et al., 2020). Similar results were reported for hepatic metastasis and 

colon cancer prognosis (Li et al., 2019). In our results increase in RBBP4 expression was 

related to cisplatin sensitivity. 

6.3.3. Doxorubicin Biomarkers 

We selected 19 genes which showed a significant correlation with doxorubicin IC50 data 

and used these to generate 10 models among which two models were selected. The first 

model consisted of 2 genes (FAM136A///LOC100287852, NME5). Both genes were 

negatively correlated (sensitive biomarkers) with doxorubicin IC50. Zhao et al. showed 

that FAM136A knockdown resulted in decreased proliferation and migration along with 

increased apoptosis. Additionally, FAM136A was proposed as an independent prognostic 

factor for lymph node metastasis (Zhao et al., 2020). NME5 is upregulated in breast cancer 

stem cells upon irradiation (Konge et al., 2018). Bensimon et al. reported downregulation 

of NME5 in non-stem cells upon irradiation (Bensimon et al., 2016). In TNBC, high 

expression of NME5 was related with poor prognosis (Zhai et al., 2019). In our analysis, 

both genes were sensitivity markers for doxorubicin treatment. 

The second model consisted of SCGB1D2 and FZD3. Both genes were negatively 

correlated (sensitive biomarkers) with doxorubicin IC50. SCGB1D2 gene is specifically 

expressed in breast cancer (Watson et al., 1998). Smid et al. found SCGB1D2 commonly 

upregulated in HER2 patients and patients with bone relapse in breast cancer when 

compared with patients with other breast cancer subtypes and patients with site of relapse 

(Smid et al., 2008). SCGB1D2 shows a high correlation with metastatic marker SCGB2A2 
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and both proteins form heteroduplex. Additionally Carter et al. proposed that serum 

antibodies against SCGB1D2 can be used as breast cancer diagnostic marker (Carter et al., 

2003). Doebar et al. reported that SCGB1D2 was upregulated in patients with ductal 

carcinoma in situ (DCIS) tumors with invasive breast cancer when compared with DCIS 

tumors only (Doebar et al., 2017). The upregulation of SCGB1D2 was associated with 

doxorubicin sensitivity in our data. FZD3 is mapped to chromosome 8p21 and this region 

plays an important role in Wnt signaling. Mo et al. reported that the downregulation of 

FZD3 resulted in Wnt/β-Catenin signaling inhibition along with decreased proliferation 

and migration in breast cancer cells (Mo et al., 2019). Additionally, Bell et al. proposed 

FZD3 as a breast cancer onset marker and its expression was higher in metastasis when 

compared with primary tumor tissues (Bell et al., 2017). Szwed et al. showed that leukemia 

cells upon treatment with doxorubicin-transferrin conjugate, showed decreased expression 

of FZD3 (Szwed et al., 2015). In our analysis, both genes were sensitivity markers for 

doxorubicin treatment. 

In conclusion, identified models for doxorubicin, paclitaxel and cisplatin have the potential 

for predicting IC50s for each drug and will be validated in future studies in further 

experiments both in silico and in vitro. 

6.4. Biomarkers for metastasis 

We identified 20 genes as metastasis biomarkers in breast cancer. 10 genes were termed as 

good prognostic genes as their high expression was found related with decreased metastasis 

and the other 10 were termed as bad prognostic genes as their higher expression was related 

to increased metastasis.  

6.4.1. Good prognostic genes 

Epoxide hydrolase 2 (EPHX2) was identified as a good prognosis gene as its high 

expression was found to be related to decreased metastasis. Biologically EPHX2 plays its 

role in epoxy fatty acid metabolism and is involved in cardiovascular and renal systems 

along with pain and inflammation response (Tanaka et al., 2008). In breast cancer in a 

previous study by Ellsworth et al., authors showed that EPHX2 is upregulated upon 
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metastatic suppression and for LN metastasis, its expression was higher in tumors with 

lymph node negative samples when compared with lymph node positive samples 

(Ellsworth et al., 2010). Similarly, Thomassen et al. showed in their meta-analysis that 

EPHX2 is related with drug metabolism, response to inflammation and reactive oxygen 

species metabolism and acts in metastasis suppression capacity (Thomassen et al., 2009). 

Increased breast cancer proliferation and metastasis are associated with high glucose levels 

(Sun et al., 2019) and Oguro et al. showed that EPHX2 is downregulated in response to 

increased glucose levels under the influence of specificity protein 1 (sp1)(Oguro et al., 

2015). In addition to these findings, EPHX2 plays an important role in breast cancer 

recurrence as shown by Naoi et al. (Naoi et al., 2011).  

Thymocyte nuclear protein 1 (THYN1, THY28) is an important regulator of biological 

processes as in B cell development and is found conserved across species from bacteria to 

mammals (Fujita et al., 2015). In Ramos B lymphoma, downregulation of THYN1 is 

associated with apoptosis (Jiang et al., 2003). In our analysis, THYN1 was associated with 

decreased metastasis but its role in breast cancer is not fully explored. Loi et al. associated 

its role in breast cancer with better survival (Loi et al., 2009). Naoi et al. showed a similar 

association with decreased breast cancer recurrence and THYN1 expression (Naoi et al., 

2011). Roschke et al. showed a negative correlation between THYN1 expression and 

numerical chromosomal heterogeneity in cancer cell lines (NCI60 dataset). Additionally, 

authors found increased chromosomal instability leads to EMT, invasiveness and 

metastasis (Roschke et al., 2008). 

ADP ribosylation factor like GTPase 6 interacting protein 5 (ARL6IP5, JWA) is 

microtubule associated protein and plays an important part in biological processes such as 

stress response, differentiation and apoptosis. Importantly, ER mediates ARL6IP5 

expression(Chen et al., 2005). Chen et al. showed that an increase in H2O2 levels increased 

ARL6IP5 expression in NIH3T3 and HELF cell lines (Chen et al., 2007). In breast cancer 

cell line MDA-MB-231 cell line, upon ARL6IP5 knockdown, cells showed increased 

invasion, migration and decreased apoptosis (Chen et al., 2015). Similarly, an important 

breast cancer marker’s expression (CXCR4) was inversely related to ARL6IP5. And an 

increased expression of ARL6IP5 showed decreased migration and invasion due to CXCR4 
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proteomic degradation (Xu et al., 2018b). Similar to these results in breast cancer, 

ARL6IP5 plays an important part in decreasing metastasis and invasion in melanoma and 

gastric cancer (Bai et al., 2010; Chen et al., 2013c; Lu et al., 2013b). 

CAMP responsive element binding protein like 2 (CREBL2) is an important metabolic 

regulator (Tiebe et al., 2019). Boersma et al. compared two cell lines with low (T47D) and 

high (MDA-MB-435) metastatic potential and CREBL2 expression was significantly 

downregulated in a high metastatic cell line (Mellick et al., 2002). In inflammatory breast 

cancer which is a highly aggressive subtype of breast cancer CREBL2 expression is found 

to be downregulated (Boersma et al., 2008). Similarly, Cava et al. showed decreased 

expression of CREBL2 in grade three breast cancer samples (Cava et al., 2014). 

Importantly Myhre et al. also identified CREBL2 downregulation in metastatic patients 

when compared to non-metastatic patients (Myhre et al., 2010). CREBL2 also plays an 

important role in drug resistance as it was found downregulated OVCAR paclitaxel 

resistant cell line (Duan et al., 2005). 

Purinergic receptor P2Y13 (P2RY13) is a G-protein-coupled receptor. Upon EMT 

induction due to EGF and hypoxia induction in breast cancer cells, P2RY13 was found 

downregulated (Davis et al., 2011; Azimi et al., 2016). In hepatocellular carcinoma, 

Maynard et al. reported better recurrence free survival for patients with increased 

expression of P2RY13 (Maynard et al., 2015). 

Alpha-L-Fucosidase 1(FUCA1) is a lysosomal enzyme that plays an important role in the 

cleavage of terminal fructose residue. Its decreased expression has been related to several 

aggressive cancers including breast, colorectal and neuroblastoma cancers. In breast 

cancer, lymph node positive patients with decreased expression of FUCA1 showed 

decreased recurrence and cancer free survival (Bonin et al., 2018). Daves et al. reported an 

association between decreased expression of FUCA1 and increased metastasis in solid 

tumors (Daves et al., 2011). Ezawa et al. showed that p53 controls FUCA1 function and 

FUCA1 plays an important role EGFR signaling. Additionally, they reported FUCA1 as a 

survival biomarker for breast cancer (Ezawa et al., 2016). In TNBC patients, decreased 
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expression of FUCA1 was related to decreased survival as FUCA1 plays an important role 

in the modulation of glycosylation status (Cheng et al., 2015b).  

 

Kinesin family member 13B (KIF13B) is a member of Kinesin 3 family. In breast cancer, 

E2 stimulation of breast cancer cell proliferation resulted in decreased KIF13B expression 

(Zou et al., 2014). The role of KIF13B is not fully explored in cancer. KIF13B is 

responsible for VEGFR2 trafficking and contributes in angiogenesis (Yamada et al., 2014). 

Park et al. reported KIF13B upregulation in MCF7 cells treated with paclitaxel for a longer 

period (Park et al., 2019).   

Progesterone receptor (PGR, PR) is an important biomarker in breast cancer and is used 

clinically to subtype breast cancer. Its role in breast cancer plasticity is discussed in the 

previous section. Aurilio et al. reported that 46% of the tumors analyzed switched from PR 

positive to negative status upon metastasis(Aurilio et al., 2014). Similarly, Amir et al 

showed that when primary and metastatic tissues were compared for PR, 40.4% of tissues 

showed a difference in PR status and 74% of these switched statuses were due to loss of 

PR positive status (Amir et al., 2012).  

DIX domain containing 1 (DIXDC1) gene plays an important role in Wnt pathway. 

Additionally, its increased expression is related to god prognosis and metastasis repression 

in lung adenocarcinoma(Goodwin et al., 2014; Mao et al., 2017). Glioma cells showed 

decreased proliferation and migration upon DIXDC1 knockdown (Chen et al., 2017). 

Moreover decreased expression of DIXDC1 was associated with decreased survival in both 

hepatocellular carcinoma (Zhou et al., 2016) and intestinal type gastric carcinoma (Wang 

et al., 2015). 

Joining chain of multimeric IgA and IgM (JCHAIN, IGJ) was reported to be downregulated 

in ductal carcinoma in situ and invasive ductal carcinoma when compared with normal 

stroma (Loi et al., 2009). Boersma et al. reported that both tumor stroma and tumor 

epithelium, in inflammatory breast cancer subtype, show decreased expression of JCHAIN 

when compared with non-inflammatory breast cancer (Boersma et al., 2008). 
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6.4.2. Bad prognostic genes 

In our analysis, 10 genes were selected as bad prognosis genes because increased 

expression of these genes was related to increased metastasis. Serine dehydratase (SDS) is 

responsible for the conversion of L-serine to pyruvate and ammonia. Its role in breast 

cancer metastasis has not been fully explored. Mehrmohamadi et al. reported that SDS 

expression in tumor samples was higher in breast cancer when compared with normal 

tissues (Mehrmohamadi et al., 2014). 

N-Alpha-Acetyltransferase 10, NatA Catalytic Subunit (NAA10, ARD1) is associated with 

post-translational modifications. And its overexpression has been associated with increased 

breast cancer proliferation (Yu et al., 2009b). When compared with normal cancer adjacent 

tissue, NAA10 expression was higher in cancer tissue (Yu et al., 2009a). Yu et al. showed 

a positive correlation between NAA10 expression and lymph node metastasis in breast 

cancer (Yu et al., 2009a). Surprisingly Zeng et al. reported NAA10 as an inhibitor of breast 

cancer metastasis which is opposite of our results and other studies reported here (Zeng et 

al., 2014). 

Centromere protein E (CENPE) is identified as a hallmark of cancer along with 

chromosomal misalignment. It is involved in cancer cell proliferation as it plays an 

important role in capturing and positioning the chromosomes to mitotic spindle (Yardimci 

et al., 2008; El-Arabey et al., 2018). In breast cancer, CENPE inhibition was related to cell 

death and tumor regression (Kung et al., 2014; Ohashi et al., 2015).  

Argonaute-2 (AGO2) is responsible for the post-transcriptional downregulation of gene 

expression through guided small-RNAs. It is part of the Argonaute protein family with 3 

other members. AGO2 is solely responsible for catalytic activity among its family and thus 

causes gene silencing along RISC complex (Meister, 2013; Fischer et al., 2015). In the 

literature, several studies have associated AGO2 role in cancer development (Voller et al., 

2013; Zhang et al., 2019). AGO2 expression is increased in tissue when compared with 

cell lines which shows the involvement of the microenvironment. AGO2 expression is 

higher in HER2 and Basal subtype of breast cancer and is a marker of relapse free survival 

(Casey et al., 2019). Additionally, in a subset of ER-positive breast cancer subtype AGO2 
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is expression is increased and this expression is related to decreased survival. Moreover, 

AGO2 overexpression also plays an important role to endocrine therapy (Conger et al., 

2016). Adams et al reported that AGO2 overexpression in breast cancer cells resulted in 

increased proliferation and expression of pro-oncogenic microRNAs (Adams et al., 2009). 

E2F Transcription Factor 8 (E2F8) is a member of E2F family and is responsible in several 

biological processes including cellular proliferation, differentiation, cell apoptosis, DNA 

repair and cell cycle (Logan et al., 2005; Lv et al., 2017). E2F8 is responsible for cell cycle 

progression as it binds to E2F1 and decreases its expression and thus allows the cell to 

transition from G1 to S phase (Kim et al., 2020). This process is exploited by cancer cells 

with higher E2F8 levels, in which E2F8 transcriptionally activates CCNE1 and CCNE2 

leading to transition from G1 to S phase. This results in an increased proliferation of these 

cells (Ye et al., 2016). Lino et al. reported that E2F8 is responsible for increased 

proliferative potential due to post-transcriptional regulation through RNA binding proteins 

in breast cancer (Iino et al., 2020). Li et al. associated higher expression of E2F8 with poor 

breast cancer prognosis when analyzing TCGA breast cancer dataset (Li et al., 2018a).  

BUB1 Mitotic Checkpoint Serine/Threonine Kinase B (BUB1B) expression shows a clear 

correlation with the grade and stage of breast cancer patients. Lower-grade breast cancer 

patients show decreased expression of BUB1B when compared with higher-grade tumors. 

Additionally, increased expression of this gene was related with decreased metastasis free 

survival (Cai et al., 2019a). Mansouri et al. showed that BUB1B expression was 

significantly higher among metastatic patients when compared with non-metastatic breast 

cancer patients (Mansouri et al., 2016). 

Transmembrane Protein 208 (TMEM208) is a highly conserved gene and its protein is 

localized on endoplasmic reticulum. Increased expression of TMEM208 is related with ER 

stress and autophagy inhibition (Zhao et al., 2013). Additionally, oxygen levels in cells 

affect TMEM208 transcription. Upon hypoxic conditions, HIF-1α binds at the promoter 

site of TMEM208 resulting in increased expression (Lei et al., 2020). So this gene can be 

used bad prognostic marker of breast cancer as an increase in hypoxia results in increased 
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invasion potential of cancer cells and this mechanism is controlled by HIF-1α (Ren et al., 

2015). 

Proteasome 26S Subunit, Non-ATPase 2 (PSMD2) is responsible for protein part of 

proteasome subunit of the ubiquitin proteasome system (UPS). PSMD2 is highly 

overexpressed in breast cancer when compared with normal adjacent tissue by almost 3-

fold (Deng et al., 2007). Increased expression of this gene is associated with shorter overall 

and distant metastasis free survival. Tomida et al. included this gene in their metastatic 

signature (Tomida et al., 2007). Additionally, Li et al. reported that knockdown of PSMD2 

resulted in decreased proliferation and increased apoptosis (Li et al., 2018b).  

Tubulin Alpha 1b (TUBA1B) belongs to the tubulin family which is responsible for major 

components of microtubules. TUBA1B is responsible for major biological processes 

including cell adhesion, migration, and division. Its role in breast cancer metastasis is not 

explored but Lu et al. reported increased expression of TUBA1B with decreased survival 

in hepatic cancer (Lu et al., 2013a). 

Ubiquitin Conjugating Enzyme E2 A (UBE2A, RAD6A) is responsible in protein 

metabolism as a ubiquitin conjugating enzyme. Several studies have associated increased 

expression of UBE2A with aggressive breast cancer and metastasis (Shekhar et al., 2002) 

(Haynes et al., 2016). Its expression is also associated with cancer stem cell phenotype in 

ovarian cancer. Thus leading to disease recurrence and metastasis (Somasagara et al., 

2017).  

In conclusion, our identified metastatic biomarkers are good candidates for validation in 

future studies. 

6.4.3. Prognostic importance of hematopoietic cells for metastasis 

We used Cibersort tool to quantify twenty-two hematopoietic cells in breast tumors and 

checked if these values can be used to as metastatic prognostic markers for breast cancer 

metastasis. These cells did not show any statistical significance across eight datasets 

consistently. But their prognostic direction was found the same as previously described in 

the literature. Naive B cells showed good prognosis in 5/8 datasets. Zehran et al. reported 
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that with increase in grade of breast cancer patients, number of naïve B cells decrease 

(Zahran et al., 2020). Memory B cell s showed good prognosis in 6 datasets. Garaud et al. 

reported that tumor infiltrating B cells play a critical role in generating humoral immune 

response and different B cell differentiation states, memory B cells show a consistent 

increase across breast cancer (Garaud et al., 2019). Plasma cells showed good prognosis in 

the majority of datasets and Yeong et al. related increases plasma cell levels with improved 

prognosis in TNBC (Yeong et al., 2018). CD8 T cells showed a better prognosis for breast 

cancer patients in 5 datasets and one of these was statistically significant. Mahmoud et al. 

reported that increased CD8 T cells is a favorable and independent prognostic marker for 

breast cancer (Mahmoud et al., 2011). CD4 naïve T cells also showed good prognosis but 

Su et al. reported that inhibition of CD4 T cells recruitment to breast cancer results in 

decreased tumor progression(Su et al., 2017). CD4 memory resting T cells and regulatory 

T cells showed bad prognosis. Reported that regulatory B cells play an important role in 

lung metastasis in metastasis as they are responsible for resting T cells to regulatory T cells 

and thus cause immune escape (Olkhanud et al., 2011). CD4 memory activated (Savas et 

al., 2018), follicular helper (Gu-Trantien et al., 2013)and gamma delta T cells showed good 

prognosis in 7 datasets. Surprisingly in literature tumor infiltration by gamma delta T cells 

has been associated with worse prognosis (Ma et al., 2012).  

M1 macrophages showed good prognosis and M2 macrophages showed bad prognosis as 

expected in majority of datasets. But M0 showed an overall bad prognosis which is 

opposite to what was reported in the literature previously (Edechi et al., 2019). Resting 

mast cells showed good prognosis (7/8 datasets) and activated mast cells showed worse 

survival (6/8 datasets). The role of mast cells in breast cancer is not completely understood 

and further studies are needed (Aponte-López et al., 2018). Activated dendritic cells were 

associated with bad prognosis in 6/8 datasets. 

Lastly, eosinophils showed good prognosis (Sakkal et al., 2016) while neutrophils showed 

bad prognosis in majority of the datasets (Coffelt et al., 2015). 

In conclusion, although these cells did not show any significant prognostic association but 

their HR direction was found the same as previously described in the literature in majority 
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of datasets. Cibersort tool is still being refined and developed further and this analysis if 

repeated, after certain developments to the tool, will result in significant survival 

associations. 

6.5. Prognostic importance of INHBA and MLANA in melanoma 

To examine the effects of EMT on cancer survival and metastasis in another cancer, role 

of INHBA and MLANA in melanoma was further evaluated. INHBA is a mesenchymal 

marker and MLANA is an epithelial marker for EMT. In our previous study, we have 

shown that these two genes collectively can classify melanoma in different subtypes such 

as stem/non-stem, invasive/proliferative and mesenchymal/epithelial (Senses et al., 2017). 

To identify if these genes can be used as prognostic biomarkers for melanoma, we 

performed the survival analysis in TCGA, GSE65904, GSE59455 and GSE54467 datasets 

for endpoints such as overall survival, DMFS and DSS. In all cases, cox p regression 

analyses performed yielded no significant results for MLANA and INHBA but using a 

cutoff selected through LRMC analysis to divide patients into High and Low expression 

groups, yielded significant relation between genes (MLANA and INHBA) and survival 

data. INHBA being a mesenchymal, invasive and stem cell marker was consistently found 

as good prognosis marker in melanoma patinets and MLANA which is a epithelial, 

proliferative and non-stem marker was found consistently across datasets as bad prognostic 

gene. These analyses are in line with previous data regarding melanoma survival. 

Sinneberg et al. showed that INHBA was significantly overexpressed in the invasive 

phenotype when compared with the proliferative phenotype. Additionally, survival 

analysis showed INHBA as good prognosis marker similar to our analysis (Sinnberg et al., 

2018). Luo et al reported PGC1α as a metastasis suppressor gene. Additionally, they used 

INHBA as a member for their PGC1α regulated metastasis/invasion associated gene 

signature (Luo et al., 2016). Gorlov et al. reported that INHBA plays a role in 

melanoma(Gorlov et al., 2018). Additionally, Jiang et al. showed that increased expression 

of INHBA is associated with increased overall and disease free survival in diffuse large B-

cell lymphoma (Jiang et al., 2018). Surprisingly, INHBA overexpression was associated 

with poor survival in gastric (Katayama et al., 2017), lung adenocarcinoma (Seder et al., 
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2009) and colorectal cancer (Okano et al., 2013) suggesting that INHBA’s role as a 

prognostic marker is cancer specific.  

MLANA has been reported as a biomarker to differentiate between invasive and 

proliferative melanoma subtypes (Cheng et al., 2015a). In line with our results, where we 

Identified MLANA as a bad prognostic marker for melanoma, Aya-Bonilla et al. compared 

circulating tumor cells (CTCs) in melanoma patients before and after therapy. CTC scores 

were observed to be increased in these patients along with MLANA transcript number 

(Aya-Bonilla et al., 2020). MLANA plays an important role in melanoma metastasis as 

cancer cells overexpressing MLANA enter the blood circulation and become CTCs which 

then give rise to metastasis (Clawson et al., 2012). Role of MLANA-positive CTCs has 

been studied extensively (Curry et al., 1999; Kitago et al., 2009; Fusi et al., 2010). 

Koyanagi et al. reported that after therapy increased MLANA expression in blood 

specimens, was significantly associated with decreased RFS survival (Koyanagi et al., 

2005). Raskin et al. identified increased expression of MLANA in primary cutaneous 

melanoma when compared with normal skin (Raskin et al., 2013). Increased antibody 

levels against MLANA was associated with better survival in melanoma patients (Fässler 

et al., 2019). Berset et al showed that in addition to being a diagnostic marker, MLANA 

can be used to refine melanoma patients for prognostic importance in malignant melanoma 

(Berset et al., 2001). Gadiot et al. showed that 90% of their analyzed melanoma metastases 

were positive for MLANA by IHC (Gadiot et al., 2011). Reid et al. reported a multimarker 

qPCR based assay to detect CTCs in advanced melanoma patients. As expected MLANA 

showed high prognostic significance in terms of disease recurrence even when patients 

were considered disease-free (Reid et al., 2013). 

In conclusion, this analysis showed that high expression of INHBA and MLANA is 

associated with increased and decreased survival of melanoma patients and these markers 

can be used as prognostic biomarkers for melanoma patients. Moreover, these findings in 

melanoma supported our results in breast cancer with CNCL gene list. 
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7. Future Perspectives 

 

7.1. Classification of Breast cancer based upon stemness and EMT 

Breast cancer is a heterogeneous disease that is responsible for the highest mortality in 

women. Breast cancer contains cancer stem cells which also show mesenchymal and drug-

resistant properties. Here we identified CNCL gene list which can classify breast tumors 

based on stem cell-like and EMT like features into CS/M and NS/E phenotypes. We 

validated this in breast cancer cell lines, primary cancer cells and breast cancer tumor 

tissues in silico. Moreover, CNCL clusters drug-resistant cells separately from drug-

sensitive cells for traditional drugs such as doxorubicin and paclitaxel. Additionally, when 

breast cancer cells were treated with drugs to generate resistant cells, granting them CS/M 

properties, CNCL could identify this dynamic shift quantitatively. We also identified drugs 

such as midostaurin which can selectively target CS/M phenotype and lapatinib can target 

NS/E phenotype of breast cancer. We validated these findings in vitro as well. CNCL gene 

expression qPCR data was highly correlated with CCLE microarray data and cell lines 

were clustered in the same CS/M and NS/E groups. Midostaurin and lapatinib sensitivity 

towards CS/M and NS/E phenotype were validated as well and when MDA-MB-157 cells 

were grown in 3D cell culture, they became more sensitive to midostaurin and resistant to 

lapatinib. Similarly, upon ZEB1 and SNAI2 knockdown in MDA-MB-157, cells became 

more epithelial leading to increased resistance to midostaurin and sensitivity to lapatinib. 

Although CNCL did not show any prognostic importance for patients treated with adjuvant 

therapy, it showed prognostic significance for patients treated with paclitaxel in the 

neoadjuvant setting. So CNCL can be used as a prognostic marker for these patients. 

Surprisingly most of the patient datasets treated with adjuvant therapy upon survival 

analysis, showed that patients with NS/E phenotype show worse survival when compared 

with CS/M phenotype patients. We believe this difference in prognosis for adjuvant and 

neoadjuvant therapy is because, in the neoadjuvant setting, exposure of cancer cells with 

drugs makes them resistant to therapy and mesenchymal, which results in more aggressive 

tumors. While in adjuvant setting the most of the tumor is removed in surgery and patients 

with increased proliferative potential tumors show worse survival. As discussed in the last 

section, recently in literature it has been shown that cancer cells with a combination of 
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epithelial and mesenchymal properties show an increased tendency to metastasize and 

generate aggressive tumors when compared with cells that show either epithelial or 

mesenchymal features. So, in the future, such gene lists should be identified which can 

classify breast cancer into different intermediary EMT stages as opposed to just binary 

classification. 

7.2. Chemosensitivity markers of paclitaxel, doxorubicin and cisplatin in breast 

cancer 

In breast cancer, doxorubicin, paclitaxel and cisplatin are commonly used to treat patients 

who need chemotherapy. To identify biomarkers for these drugs’ sensitivity, we correlated 

breast cancer cell lines gene expression data with their respective drug cytotoxicity data. 

For paclitaxel, we identified 20 potential biomarkers and these markers were used to 

generate two gene linear regression models. These two gene regression models are very 

promising as the gene expression of just two genes present in each model, can predict 

sensitivity to the drug for breast cancer cells when used in the linear regression formula. 

For paclitaxel 17 different models were generated and out of these only 3 models were 

selected as they were validated in 3 different datasets. Similarly, we identified 16 genes as 

potential biomarkers for cisplatin and 9 models were generated with regression analysis. 

We selected 2 cisplatin models as they were validated in 2 different datasets. For 

doxorubicin, 19 genes were selected as potential biomarkers and 10 linear regression 

models were generated. Out of these, only 2 models were selected as these could be 

validated in 4 out of 5 datasets. The two gene models for three drugs have the potential to 

predict cytotoxicity in cancer cell lines using gene expression data. But additional 

validation is required. For our future analysis, more datasets will be used to further validate 

our models and additionally, these models will also be validated in vitro by using cell lines 

that were not part of previous validations. Moreover, as these models can predict drug 

response, they also might show the prognostic significance for which survival analysis 

using multiple patient datasets will be performed in silico. 

7.3. Breast cancer plasticity 

Breast cancer is classified based on the expression of IHC markers clinically and it is 

molecularly subtyped by PAM50. We evaluated the plasticity of breast cancer in response 
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to drug treatment or metastasis. We showed that PAM50 subtyping is highly plastic as even 

different biopsy collection methods such as core needle (stroma rich) and fine needle 

(stroma poor) biopsies can result in different molecular subtyping for certain patients. 

Additionally, we compared the molecular subtype of breast cancer patients before and after 

neoadjuvant chemotherapy and found that certain tumors can switch their subtype in 

response to treatment. Similar results were observed when primary and metastatic tissues’ 

subtype were compared. Different subtypes of breast tumors show a different switch rate 

as LumA showed the highest plasticity while Basal subtype was most stable in response to 

drug treatment or metastasis. In breast cancer, as patients are treated according to their 

specific subtype such as LumA tumors are mostly treated with hormonal therapy and basal 

patients are treated with chemotherapy. So it is highly imperative that patients who show 

decreased response to therapies or show metastasis formation, should be re-evaluated for 

their subtype and treatment plan should be updated if such subtype switch is found. We 

could not perform any pathway analysis to explain the biology behind this switch. But we 

plan to perform such analysis in the future where patients’ tumors will be compared before 

and after chemotherapy for gene expression to discover the biological pathways 

responsible for such switching. 

7.4. Biomarkers for metastasis and the role of hematopoietic cells in metastasis 

Breast cancer mortality rate has decreased over the last 20 years but its metastasis remains 

responsible for a high number of deaths as only 5% of patients with metastasis show long 

term survival. We identified 20 gene signature which can be used to determine the 

prognosis of such patients. Our signature includes 10 genes whose high expression is 

associated with good prognosis and 10 genes whose increased expression is associated with 

bad prognosis of breast cancer patients with metastasis. We used 8 different datasets to 

identify this signature and each gene was at least significant in at least 5/8 datasets. For 

future studies, we plan to validate this signature ex vivo. Additional analysis will also be 

performed to check if this signature can be used for the patients with lymph node 

metastasis. Additionally, we used Cibersort tool to quantify 22 hematopoietic cells’ 

percentages in breast tumors using gene expression datasets. We further evaluated the 

prognostic importance of these cells as tumor microenvironment plays an important role in 
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breast cancer metastasis. Unfortunately, most of the cells did not show any prognostic 

significance. Importantly, most of the cells showed the same HR as previously reported in 

the literature in the majority of datasets. Cibersort tool is still being refined and developed 

further and this analysis if repeated, after certain developments to tool, will result in 

significant survival associations. 

7.5. Role of INHBA and MLANA in melanoma 

In breast cancer, we observed that NS/E phenotype showed worse survival when compared 

with CS/M phenotype in the majority of datasets. We wanted to validate these findings in 

another cancer. Previously we have shown that INHBA (mesenchymal marker) and 

MLANA (epithelial marker) can stratify melanoma patients into invasive/proliferative, 

stem/non-stem and mesenchymal/epithelial groups. We used these genes to determine 

whether epithelial phenotype of melanoma sows better/worse survival when compared to 

mesenchymal phenotype. High expression of INHBA was associated with increased 

survival and high expression of MLANA was associated with decreased survival of 

melanoma patients. Thus, validating our results in breast cancer that epithelial phenotype 

shows worse survival when compared with mesenchymal phenotype. In the future, we plan 

to identify a pan-cancer gene signature that can be used to not only identify epithelial and 

mesenchymal phenotypes but also the stages in between EMT transition. 
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9. Appendix 

Table 9.1: Datasets used for validation of CNCL gene list.  

Dataset Original findings Findings of this study 

GSE36139 

(CCLE) 

Authors developed and analyzed 

a data resource which contained 

gene expression, copy number 

and drug cytotoxicity data for 

947 cell lines. They showed that 

cell lines do represent subtypes 

of various cancer and drug 

response data generated here 

could help in development of 

personalized therapeutic 

regimens. 

We used 56 breast cancer cell lines' 

gene expression data to find 

differentially expressed genes 

between CS/M and NS/E groups. 

Drug cytotoxicity data was used to 

identify drugs which could target 

discovered groups separately. 

E-MTAB-

783 (CGP) 

Cell lines were screened with 

130 different drugs. 

We used 39 breast cancer cell lines' 

gene expression data to find 

differentially expressed genes 

between CS/M and NS/E groups. 

Drug cytotoxicity data was used to 

identify drugs which could target 

discovered groups separately. 

GSE24717 

Authors developed a stemness 

signature to differentiate 

between cancer stem cell 

enriched samples. This signature 

has prognostic importance and 

authors recommend to treat stem 

cell enriched samples with 

topoisomerase inhibitors and 

resveratrol. 

To identify this signature, authors 

did not used breast cancer specific 

cancer stem cell markers 

(CD44/CD24) but used CD133. But 

they later showed if they classify 

stem enriched cell lines from the 

rest then both markers show same 

pattern. But on the other hand our 

signature can identify not only 

CS/M group (CD44+/CD24-) from 

NS/E group (CD44-/CD24+) but 

can also differentiate between 

resistant and sensitive cell lines to 

several commercial drugs and also 

our classification overlaps with 

epithelial and mesenchymal 

classification as evidenced in 

literature as well. We used this 

dataset to show that using our 
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differentially expressed signature 

can classify breast cancer cell lines 

in the same groups which were 

formed in our discovery dataset, 

CCLE and CGP. 

GSE50811 

Authors performed gene 

expression profiling of breast 

cancer cell lines and used this 

data to identify genes which can 

be related with paclitaxel and 

eribulin sensitivity. They showed 

that EMT genes were related 

eribulin sensitivity. 

In this paper authors treated cell 

lines with paclitaxel and eribulin 

only for 24 hours before checking 

their gene expression. This time is 

not enough for such experiment. So 

we used only untreated cell line 

data to further validate our gene 

signature in clustering breast cancer 

cell lines. Cell lines were clustered 

into same groups which were 

formed in our discovery dataset, 

CCLE and CGP. 

GSE73526 

Authors performed shRNA 

dropout screens on 77 breast 

cancer cell lines to identify 

vulnerabilities in breast cancer 

and associated this data with 

genomic and proteomic data of 

those cell lines. Additionally 

comparing those vulnerabilities 

with drug data showed potential 

resistance mechanisms, 

anticancer effects and need for 

combination therapies. 

We used this dataset to show that 

using our gene signature can 

classify breast cancer cell lines in 

the same groups which were 

formed via our discovery datasets, 

CCLE and CGP. 

GSE15192 

Authors showed that a 

subpopulation of MCF-10A cells 

acquire CD44+/CD24- 

phenotype, and that a few EMT 

related genes play a role in this 

switch. They found 2035 genes 

as differentially expressed, and 

validated some. 

We developed a gene signature that 

can differentiate between 

CD44+/CD24- and CD44-/CD24+ 

phenotypes. And we used gene 

expression data uploaded by the 

authors to validate this signature 

and successfully clustered samples 

as expected. 
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GSE36643 

Authors investigated a new CSC 

marker GD2, in HMLER cells 

and proposed to use this as a 

single marker of CSC as 

opposed to CD44 and CD24 

markers for breast cancer. 

We utilized CD44 and CD24 based 

distinctions to validate our gene list 

successfully. 

GSE52327 

Authors sorted patient derived 

breast cancer cells based on 

ALDH, another marker for 

stemness. 

We showed that CD44 and CD24 

gene expression does not correlate 

with ALDH gene expression. We 

used this dataset to validate this 

observation. 

GSE9691 

Authors investigated the role of 

E-cadherin loss in promoting 

metastasis and concluded that its 

loss in breast cancer HMLE cells 

not only increases their 

metastatic potential but also 

increases their invasiveness, 

motility and resistance to 

apoptosis. 

We could identify E-cad 

downregulated samples as CS/M 

from control and beta catenin 

downregulated samples as NS/E. 

GSE24202 

Authors used this dataset to 

associate EMT with breast 

cancer stem cells. They 

generated mesenchymal cells 

HMLE cells by overexpressing 

TGF beta, Twist, Gsc and by 

downregulating E-cad. They 

identified a gene signature of 

159 transcription factors 

responsible for clustering 

mesenchymal/stem cells from 

Epithelial/non stem cells. 

We used this dataset to successfully 

distinguish epithelial and 

mesenchymal cell groups generated 

by the authors with the exception of 

siE-cad cells, which we explain in 

figure 3. 

GSE7515 

Mammosphere culture is 

associated with enriching cells 

for cancer stem cells. Authors 

generated this dataset from 

human breast tumor cells 

cultured in adherent conditions 

and mammosphere culture. Their 

aim was to identify genes which 

We used this datasets to further 

validate CNCL and most of 

mammospheres were clustered as 

CS/M and primary breast cancer 

cell lines as NS/E. 
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could distinguish adherent cells 

from mammospheres. 

GSE24460 

Authors generated doxorubicin 

resistant MCF7 cells which were 

highly invasive, tumorigenic and 

formed mammospheres when 

compared to control cells. 30% 

of these MCF7 doxorubicin 

resistant cells showed 

CD44+/CD24- phenotype. 

Genes responsible for drug 

resistance and stem cell 

characteristics were high in 

resistant cells when compared to 

sensitive cells. 

We used this dataset to find if 

CNCL can identify resistant MCF7 

cells from controls. Upon 

hierarchical clustering, as expected 

resistant cells were clustered as 

CS/M separately from control cells 

as NS/E. 

GSE10281 

Stem cells are responsible for 

drug resistance. Authors took 

biopsies from patients before 

treatment and after treatment 

with letrozole for 3 months. 

They looked at the mesenchymal 

and epithelial markers and these 

were differentially expressed in 

samples before and after 

letrozole therapy. 

We used this dataset to show that 

CNCL can identify patients before 

and after undergoing treatment. 

Half of NS/E samples switched to a 

CS/M phenotype and only one 

patient switched in the opposite 

direction while others maintained 

their phenotype. 

GSE12791 

In this dataset, authors 

developed paclitaxel resistance 

in breast cancer cell line 

MDAMB231 by prolonged drug 

treatment and studied the effect 

of Bexarotene in switching 

resistant phenotype back to 

sensitive. 

We used this dataset to successfully 

cluster paclitaxel resistant 

phenotype (CS/M) from sensitive 

phenotype (NS/E). 

GSE23399 

Breast cancer associated 

fibroblasts (CAF) were isolated 

from patients’ tumor specimens 

and were treated with paclitaxel 

over a prolonged time. These 

chemotherapy resistant CAFs are 

We used this datasets to 

successfully demonstrate that drug 

resistant phenotype behaves as 

CS/M and control cells behave like 

NS/E cells. 
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responsible for tumor growth 

and aggression. 

GSE16179 

Authors treated breast cancer 

cell line BT474 with lapatinib 

over a prolonged period of time 

and demonstrated that AXL 

plays a novel role in acquiring 

resistance to Lapatinib. 

We used Lapatinib sensitive and 

resistant cell models to successfully 

demonstrate that the resistant 

phenotype is of a CS/M, while the 

sensitive phenotype is classified as 

NS/E. 

GSE28844 

In this study authors aimed to 

identify such pathways which 

confer resistance to tumors post 

chemotherapy. 

We used this dataset to show that 

tumors treated with Taxane have a 

higher CS/M score when compared 

to pretreated samples 

 

Table 9.2: Datasets used in prognostic evaluation for CNCL gene list 

Dataset Original findings Findings of this study 

GSE1456 

Authors developed a 64 gene 

signature which can estimate 

breast cancer patients’ response 

to adjuvant therapy. 

Our survival analysis using CNCL 

revealed that patients with NS/E 

phenotype showed worse prognosis 

significantly when compared with 

CS/M phenotype, using disease 

specific survival, Overall survival 

and relapse free survival data. 

GSE2034 

Authors developed a 76 gene 

signature which can identify 

patients at high risk of distant 

recurrence from patients with 

favorable prognosis. 

CNCL showed no difference in 

recurrence between CS/M and 

NS/E patients. 

GSE2603 

Authors identified genes which 

are responsible for breast cancer 

metastasis to bone and lung 

tissue. 

CNCL showed that patients with 

CS/M phenotype had worse 

prognosis when compared with 

NS/E patients for lymph node 

metastasis free survival. 

GSE3494 

Authors identified a 32 gene 

signature which can differentiate 

between p53 wild type and 

mutant samples, and predicts 

CNCL showed no significant 

difference when patients with 

CS/M phenotype were compared 

with NS/E patients. 
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survival independent of all other 

prognostic factors. 

GSE4922 

Authors identified a genetic 

grade signature which can 

separate low and high grade 

disease and can improve 

therapeutic decision making for 

breast cancer patients. 

CNCL showed patients with CS/M 

phenotype showed better prognosis 

when compared with NS/E patients 

with border line significance. 

GSE6532 

Authors developed a gene grade 

index which defined histologic 

grade and found 2 distinct ER+ 

subgroups with survival 

difference. 

CNCL showed patients with CS/M 

phenotype showed significantly 

better prognosis when compared 

with NS/E patients. 

GSE7390 

Authors validated a 76 gene 

signature for distant metastasis 

free survival, overall survival, 

relapse free survival, time to 

distant metastasis survival. 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 

GSE11121 

Authors generated and 

associated several metagenes 

with distant metastasis free 

survival (proliferation metagene 

and B cell metagene) 

CNCL showed patients with CS/M 

phenotype showed better prognosis 

when compared with NS/E patients 

which was statistically 

insignificant. 

GSE12276 

Authors identified genes which 

are responsible for breast cancer 

metastasis to brain (COX2, 

HBEGF and ST6GALNAC5). 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 

GSE19615 

Authors identified 2 genes 

(LAPTM4B and YWHAZ) as 

responsible for generation of 

chemoresistance to 

anthracyclines. 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 

GSE20685 

Authors identified molecular 

subtypes of breast cancer and 

proposed these subtypes to better 

customization of breast cancer 

treatment. 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 
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GSE21653 

Authors suggested ECRG4 as 

tumor suppressor gene which 

can be used to better breast 

cancer prognostication. 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 

GSE58812 

Authors identified 3 subtypes of 

triple negative breast cancer and 

proposed that immune mediation 

in these tumors can be channeled 

to treat specific subtypes. 

CNCL showed patients with CS/M 

phenotype showed better prognosis 

when compared with NS/E patients 

significantly for metastasis free 

survival and insignificantly for 

overall survival. 

GSE25066 

Authors developed a genomic 

predictor for patients treated 

with taxane and anthracycline 

chemotherapy. 

CNCL showed patients with CS/M 

phenotype showed worse prognosis 

when compared with NS/E patients 

with statistical significance. 

Metabric 

British 

Cohort 

Authors performed unsupervised 

analysis of paired DNA RAN 

profiles and found novel groups 

with distinct clinical outcomes 

and then validated these in 

another cohort. 

CNCL showed patients with CS/M 

phenotype showed worse prognosis 

when compared with NS/E patients 

with statistical significance. 

Metabric 

Canadian 

Cohort 

CNCL showed no survival 

difference between CS/M and NS/E 

patients. 
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