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ABSTRACT
MULTIOMICS APPROACHES TO OVERCOME DRUG RESISTANCE IN
CANCER
Barış Küçükkaraduman
Ph.D. in Molecular Biology and Genetics
Supervisor: Ali Osmay Güre
September 2021

Chemotherapy resistance remains one of the major challenges in cancer treatment. Most of the
studies on drug resistance have focused on genetic evolution of cancer cells; however, this
focus has shifted to non-genetic and epigenetic mechanisms. There is accumulating evidence
that mechanisms of drug resistance are not mutually exclusive but instead coexist within a
given cancer to develop resistance and therapy failure. Hence, overcoming resistance requires
the comprehension of these complex biological processes. Here, we aimed to characterize drug
resistance mechanisms by performing both single omics interrogations and multi-omics
integrative analysis. For this purpose, we conducted Gene Set Enrichment Analysis (GSEA),
functional enrichment analysis on protein-protein interaction (PPI) networks and miRNAtarget networks for interpreting gene and miRNA expression data. To gain further biological
insights on resistance mechanisms, we focused on identifying a multi-omics molecular
signature that discriminates cancer cells based on their drug response profiles. Collectively,
these in silico analyses suggested the epithelial-to mesenchymal transition (EMT) as a
mediator of 5-FU/irinotecan resistance in colon cancer and irinotecan/gemcitabine resistance
in pancreatic cancer. Drug sensitive cancer cells exhibited a more epithelial phenotype with
increased cell proliferation. Multi-omics integration analysis revealed some EMT-related
genes such as TGM2 and FOSL1, to contribute differential drug response in cancer cells. On
the other hand, response of breast cancer cells to doxorubicin exhibited an opposite profile in
which mesenchymal phenotype is sensitive while resistant cells have epithelial phenotype.
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Secondly, we aimed to induce mesenchymal-to-epithelial transition to overcome EMTmediated drug resistance. We selected eight natural compounds and two re-purposed agents
that have been shown to reverse EMT in various studies. We noted transcriptional changes
suggesting a shift towards a more epithelial phenotype in 4 out of the 6 cell lines upon
treatment with at least one compound tested. None of the natural compounds or re-purposed
agents triggered MET in all cancer cells screened. In addition, compounds with clear or slight
MET induction did cause these effects in a specific cell line or only in specific cancer type.
We investigated next whether the treatment with natural compounds would result in
chemosensitization. MET induction by natural compounds is not uniformly related to
increased sensitivity to chemotherapeutics but can result in occasional synergistic or additive
effects.
Lastly, based on cytotoxic activity of a novel c-Src inhibitor 10a in 15 melanoma cells, we
report the identification of a new gene signature that can predict chemosensitivity to 10a. Two
distinct phenotypes of cells, defined as sensitive and resistant, were further analyzed to reveal
an underlying mechanism for this differential response to 10a. We found that proliferative or
mesenchymal features of the cells are associated with distinct sensitivity of 10a. Through a
protein−chemical interaction network analysis, we identified that three histone deacetylase
inhibitors, valproic acid, entinostat, and trichostatin A, were predicted to synergize with 10a.
The synergizing effect of valproic acid was validated in vitro. We also aimed to define a
minimal number of genes that could be used as biomarkers of 10a sensitivity. We show that
the expression level of four genes can be used to predict drug sensitivity against 10a.

Keywords: Chemotherapy resistance, Network analysis, 5-FU, Irinotecan, Gemcitabine,
Doxorubicin, EMT, Plasticity
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ÖZET
KANSERDE İLAÇ DİRENCININ ÜSTESİNDEN GELMEK İÇİN MULTİ-OMİK
YAKLAŞIMLAR
Barış Küçükkaraduman
Moleküler Biyoloji ve Genetik, Doktora
Tez Danışmanı: Ali Osmay Güre
Eylül 2021

Kanser tedavisinde karşılaşılan temel zorluklardan biri kemoterapiye oluşan dirençtir. Ilaç
direnci üzerine yapılan çalışmalar genellikle kanser hücrelerinin genetik evrimi üzerine
yoğunlaşmıştır, fakat epigenetik ve genetik olmayan mekanizmalar üzerine yapılan
çalışmalar da ağırlık kazanmaya başlamıştır. Son bulgular ilaç direncinin tek bir
mekanizmayla değil birden fazla direnç mekanizmasının bir araya gelmesiyle meydana
geldiğini göstermektedir. Bu yüzden, oluşan ilaç direncini kırabilmek için kompleks
biyolojik mekanizmaların daha iyi kavranması gerekmektedir. Bu çalışmada, omik verileri
tek tek veya birleştirici algoritmalarla analiz ederek ilaç direnç mekanizmalarını karakterize
etmeyi amaçladık. mRNA ve miRNA verisetleri yorumlamak için gen seti zenginleştirme ve
bu verisetleriyle oluşturulmuş protein-protein etkileşim ağları ve miRNA-hedef etkileşim
ağlarının fonksiyonel zenginleştirme analizlerini gerçekleştirdik. Kanser hücrelerini ilaç
yanıt profillerine göre ayırt edebilen multi-omik moleküler profiller keşfetmeyi amaçladık.
Yapılan analizler sonucunda epitelden mezenkimal’e geçiş (EMT) fenotipinin kolon
kanserinde 5-FU ve irinotecan direnciyle ve pankreas kanserinde irinotecan ve gemcitabine
direnciyle ilişkili olduğunu bulduk. Bu ilaçlara hassasiyet gösteren kanser hücrelerinin artan
hücre çoğalması gösteren epitel fenotipe sahip olduğunu bulduk. Multi-omik entegrasyon
analizimiz, EMT ilişkili TGM2 ve FOSL1 gibi genlerin ilaçlara oluşan yanıt farklılıklarıyla
ilişkili olabileceğini gösterdi. Öte yandan, meme kanseri hücrelerinin doxorubicin ilacına
gösterdiği yanıt tam aksi bir profil ortaya koydu. Bu hücrelerde mezenkimal fenotip ilaç
hassasiyetiyle, epitel fenotip ilaç direnciyle ilişkili bulundu.
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Bulgular ışığında EMT kaynaklı ilaç direncini kırmak için bu fenotipi tersine döndürmeyi
hedefledik. Bunu yapabilmek için daha önceki çalışmalarda EMT’yi tersine döndürebildiği
gösterilmiş sekiz doğal bileşik ve klinikte farklı amaçlarla kullanımda olan iki ilaç belirledik.
Altı hücre hattı ile yapılan çalışmada dört hücre hattında en az bir ilaç ile epitel fenotipe
geçiş gözlendi. Seçilen doğal bileşik ve ilaçlardan hiçbirinin taranan tüm hücre hatlarında
EMT’yi tersine çeviremediği gözlendi. Mezenkimalden epitel fenotipe geçiş belirli hücre
hatlarında yada belirli bir kanser türünde gözlenirken genel bir indüksiyon görülmedi.
Sonrasında kanser hücrelerinin doğal bileşikler ve klinikte kullanımda olan iki ilaçla
muamelesi sonrası kemoterapötik ilaçlara hassiyet kazanıp kazanamadığını inceledik.
Kombinasyonel terapinin nadiren sinerjistik veya additif etki oluşturduğunu fakat bu etkinin
tamamen mezenkimalden epitele geçişin indüklenmesiyle ilişkili olmadığını gördük.
Son olarak, yeni c-Src inhibitörü 10a’nın on beş melanoma hücre hattındaki sitotoksik
etkilerini analiz ederek, 10a kemo-hassasiyetini tahmin edebilecek bir gen listesi belirledik.
10a ilacına hassasiyet ve direnç gösteren hücre hatlarını iki gruba ayırarak hassaiyet
farklılıklarına sebep olan nedenleri araştırdık. Hassas olan grup proliferatif fenotip
gösterirken dirençli hücre hatlarının mezenkimal fenotipe sahip olduklarını bulduk. Proteinkimyasal etkileşim ağ analizi sonucu üç histon deasetilaz inhibitörünün 10a ile sinerji
gösterebileceği tahmininde bulunduk. Bir histon deasetilaz inhibitörü olan valproik asit’in
sinerji profilini in vitro olarak doğruladık. Son olarak, 10a hassaiyetini tahmin edilecek
minimum sayıda gen listesi oluşturduk ve bu genlerin ekspresyonunun 10a sensitivitesini
başarıyla tahmin edebildiğini gösterdik.

Anahtar sözcükler: İlaç direnci, Ağ analizi, 5-FU, Gemsitabin, Irinotekan, Doksorubisin,
Epitel, Mezenkimal, Plastisite
vi

I dedicate my thesis to my family for their endless support and love…

vii

Acknowledgements

First of all, I would like express my sincere gratitude to my advisor Prof. Dr. Ali Osmay
Güre for his enduring support and remarkable scientific guidance during my scientific
discoveries. His wide knowledge, support and inspiring suggestions helped me improve
myself in the field of science.
I also would like to thank Dr. Bala Gür Dedeoğlu and Dr. Bahar Değirmenci Uzun for being
part of my thesis committee for all these years and for sharing their constructive comments
towards my project. I would also like to thank Dr. Burçak Vural and Dr. Kerem Mert Şenses
for kindly accepting my invitation and sparing their time for evaluating my thesis and being
part of my thesis defense committee.
I also want to thank to my friends and colleges for their help and support during my PhD
studies. I received a lot of support during my PhD study in scientific manners as well as in
friendship. I would like to acknowledge Muhammad Waqas Akbar, Seçil Demirkol, Ege
Dedeoğlu, Murat İşbilen, Can Türk, Seyhan Türk for their remarkable efforts on our
collaborative projects. I am also grateful to our relatively new group members Shila Azizolli,
Marzana Ishraq, Isli Cela, Farid Ahadli and Farid Sadati for their help and friendship. I am
sincerely thankful to Unal Metin Tokat, Pelin Ersan, Oğuzhan Tarman and İrem Evcili for
sharing beautiful moments with me during this journey.
I would like to express my sincere appreciation to all Bilkent MBG family, especially Yavuz
Abi, Okan Bey, Pelin and Seda Hanım made this department as a home for all of us.
Above all, I would like to thank my family, my father Şinasi Küçükkaraduman, my mother
Elvan Küçükkaraduman, my sisters Burçin and Betül for their unconditional love and
support by all means. I also want to express my deep gratitude and my love for my wife
Büşrü Küçükkaraduman for his outstanding support, being great friend and life partner. But
most of all I want to thank god and my wife for their precious gift to me, my son, Ediz.
I was supported by TÜBİTAK 2211 scholarship program during my study, thereby I would
like to thank TÜBİTAK for giving me this opportunity.
viii

Contents

1. Introduction ................................................................................................................................. 1
1.1. Analysis on drug resistance mechanisms by using multi-omics data .............................. 1
1.1.1.

Gene set enrichment analysis (GSEA) ...................................................................... 2

1.1.2.

NetworkAnalyst 3.0 .................................................................................................. 2

1.1.3.

miRNet 2.0 ................................................................................................................ 3

1.1.4.

mixOmics .................................................................................................................. 3

1.2. Cancer and treatment options ........................................................................................... 4
1.3. Cancer therapeutic resistance ........................................................................................... 4
1.3.1.

Mechanisms for 5-fluorouracil resistance ................................................................. 5

1.3.2.

Mechanisms for irinotecan resistance ....................................................................... 6

1.3.3.

Mechanisms for gemcitabine resistance ................................................................... 6

1.4. EMT as a drug resistance mechanism .............................................................................. 7
1.5. Reversal of EMT to overcome drug resistance ................................................................ 8
1.6. Natural products and their roles in cancer ........................................................................ 9
1.7. Natural products as an EMT modulator and chemotherapy enhancer ........................... 10
1.8. Melanoma ....................................................................................................................... 11
1.8.1.

Treatment options and resistance mechanisms in melanoma ................................. 12

1.8.2.

c-Src as a therapy target for melanoma................................................................... 15

1.8.3.

Dasatinib and saracatinib ........................................................................................ 15

1.8.4.

Pyrazolo pyrimidine derivatives that targets c-Src ................................................. 16

2. Aim of the study........................................................................................................................ 17
3. Materials ................................................................................................................................... 18
3.1. General laboratory reagents ............................................................................................ 18
3.2. General laboratory solutions ........................................................................................... 18
3.3. General laboratory equipment ........................................................................................ 19
3.4. Cell culture equipment and reagents .............................................................................. 19
3.5. Cell culture solutions ...................................................................................................... 20
3.6. Primers ............................................................................................................................ 20
ix

3.7. Drugs and natural compounds ........................................................................................ 21
4. Methods..................................................................................................................................... 22
4.1. Cancer cell lines and maintenance of cells in culture .................................................... 22
4.2. Thawing, passaging and freezing cell lines .................................................................... 22
4.3. Cell viability analysis ..................................................................................................... 23
4.4. RNA isolation................................................................................................................. 24
4.5. RNA quantification ........................................................................................................ 24
4.6. DNase treatment ............................................................................................................. 24
4.7. cDNA synthesis .............................................................................................................. 25
4.8. End-point PCR analysis ................................................................................................. 25
4.9. Agarose gel electrophoresis ........................................................................................... 26
4.10.

Quantitative real-time PCR analysis ....................................................................... 26

4.11.

Bioinformatic methods............................................................................................ 27

4.11.1. Identification of sensitive and resistant cell lines ................................................... 27
4.11.2. Functional enrichment analysis by GSEA, NetworkAnalyst and miRNet ............. 27
4.11.3. Multi-omics data integration with mixOmics ......................................................... 28
4.11.4. Two-fold cross-validation with 1000 iteration ....................................................... 28
4.12.

Statistical Analysis .................................................................................................. 29

5. Results ....................................................................................................................................... 30
5.1. Characterization of resistance mechanisms for 5-FU in colon cancer ........................... 30
5.2. Characterization of resistance mechanisms for irinotecan in colon cancer .................... 38
5.3. Characterization of resistance mechanisms for irinotecan in pancreatic cancer ............ 46
5.4. Characterization of resistance mechanisms for gemcitabine in pancreatic cancer ......... 53
5.5. Characterization of resistance mechanisms for doxorubicin in breast cancer ................ 61
5.6. Reversal of EMT by natural compounds to overcome EMT-driven drug resistance ..... 70
5.6.1. Use of natural products to enhance 5-FU and Oxaliplatin sensitivity in KM12 colon
cancer cells…………………. ............................................................................................... 78
5.6.2.

Effects of natural products on cancer cell viability ................................................ 80

5.6.3.
cells

Combinatory effects of natural products and chemotherapy drugs on colon cancer
83

5.6.4.
lines

Combination of curcumin and resveratrol with irinotecan in pancreatic cancer cell
94

x

5.6.5.

Combinatory effects of natural compounds and gemcitabine in MIA PaCa-2 cells.
96

5.6.6. Combination treatment of natural products and targeted agent Gefitinib in MIA
PaCa-2 cells………. .............................................................................................................. 98
5.6.7. Combination treatment of natural products and targeted agent Selumetinib in MIA
PaCa-2 cells……. .................................................................................................................. 99
5.7. Intrinsic resistance against c-Src inhibitor in melanoma and strategies for overcoming
101
5.7.1.

Inhibitory effects of c-Src inhibitor 10a on 15 primary melanoma cells .............. 101

5.7.2.

mRNA based biomarkers to predict chemosensitivity against 10a ...................... 102

5.7.4. Protein−chemical interaction network analysis to further investigate resistance
mechanism ........................................................................................................................... 108
5.7.5.

Use of valproic acid to enhance chemotherapy against 10a ................................. 109

5.7.6.

Minimal number of predictive biomarkers of 10a sensitivity ............................... 111

6. Discussion ............................................................................................................................... 113
6.1. Characterization of chemotherapy resistance mechanisms .......................................... 113
6.2. Resistance mechanisms to 5-FU in colon cancer cells ................................................. 114
6.3. Resistance mechanisms to irinotecan in colon cancer .................................................. 116
6.4. Resistance mechanisms to irinotecan in pancreatic cancer .......................................... 117
6.5. Resistance mechanisms to gemcitabine in pancreatic cancer ....................................... 118
6.6. Resistance mechanisms to doxorubicin in breast cancer .............................................. 119
6.7. Targeting EMT to overcome drug resistance in cancer ................................................ 120
6.8. Mesenchymal/invasive phenotype in melanoma as a mechanism for c-Src inhibitor
resistance ……… ................................................................................................................ 122
7. Bibliography ........................................................................................................................... 124
8. Publications ............................................................................................................................. 136

xi

List of Figures
Figure 5. 1: Enriched gene sets in colon cancer cell lines sensitive to 5-FU. ................... 30
Figure 5. 2: Enriched gene sets in colon cancer cell lines resistant to 5-FU. ................... 31
Figure 5. 3: PPI network analysis with 5-FU sensitivity associated gene list. ................. 32
Figure 5. 4: PPI network analysis with 5-FU resistance associated gene list. .................. 33
Figure 5. 5: 5-FU resistance associated miRNAs-target network analysis. ...................... 34
Figure 5. 6: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on 5-FU sensitivity profiles of colon cancer cell lines. ............................ 35
Figure 5. 7: List of selected mRNA variables and their loading weights associated with 5FU sensitivity. ................................................................................................................... 36
Figure 5. 8: List of selected miRNA variables and their loading weights associated with
5-FU sensitivity. ................................................................................................................ 36
Figure 5. 9: List of selected protein variables and their loading weights associated with 5FU sensitivity. ................................................................................................................... 37
Figure 5. 10: List of selected methylation events and their loading weights associated
with 5-FU sensitivity......................................................................................................... 37
Figure 5. 11: Differential transglutaminase mRNA and protein levels in colon cancer
cells. .................................................................................................................................. 38
Figure 5. 12: Enriched gene sets in colon cancer cell lines sensitive to irinotecan. ......... 39
Figure 5. 13: Enriched gene sets in colon cancer cell lines resistant to irinotecan. .......... 39
Figure 5. 14: PPI network analysis with irinotecan resistance associated gene list. ........ 40
Figure 5. 15: miRNAs-target network analysis with irinotecan resistance associated
miRNAs. ........................................................................................................................... 41
Figure 5. 16: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of colon cancer cell lines. ..................... 42
Figure 5. 17: List of selected mRNA variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 43
Figure 5. 18: List of selected miRNA variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 43
Figure 5. 19: List of selected protein variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 44

xii

Figure 5. 20: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. ................................................................................................ 44
Figure 5. 21: Protein expression levels and mRNA expression levels of FOSL1 in
irinotecan-sensitive and –resistant cell lines. .................................................................... 45
Figure 5. 22: Enriched gene sets in pancreatic cancer cell lines sensitive to irinotecan. .. 46
Figure 5. 23: Enriched gene sets in pancreatic cancer cell lines resistant to irinotecan. .. 47
Figure 5. 24: PPI network analysis with irinotecan resistance associated gene list. ........ 48
Figure 5. 25: PPI network analysis with irinotecan sensitivity associated miRNA list. ... 49
Figure 5. 26: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of pancreatic cancer cell lines. ............. 50
Figure 5. 27: List of selected mRNA variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 51
Figure 5. 28: List of selected miRNA variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 51
Figure 5. 29: List of selected protein variables and their loading weights associated with
irinotecan sensitivity. ........................................................................................................ 52
Figure 5. 30: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. ................................................................................................ 53
Figure 5. 31: Enriched gene sets in pancreatic cancer cell lines sensitive to gemcitabine.
........................................................................................................................................... 54
Figure 5. 32: Enriched gene sets in pancreatic cancer cell lines resistant to gemcitabine.55
Figure 5. 33: PPI network analysis with gemcitabine resistance associated gene list. ..... 56
Figure 5. 34: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of pancreatic cancer cell lines. ............. 57
Figure 5. 35: List of selected mRNA variables and their loading weights associated with
gemcitabine sensitivity...................................................................................................... 58
Figure 5. 36: List of selected miRNA variables and their loading weights associated with
gemcitabine sensitivity...................................................................................................... 59
Figure 5. 37: List of selected protein variables and their loading weights associated with
gemcitabine sensitivity...................................................................................................... 60
Figure 5. 38: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. ................................................................................................ 60
Figure 5. 39: Enriched gene sets in pancreatic cancer cell lines sensitive to doxorubicin.
........................................................................................................................................... 62
Figure 5. 40: Enriched gene sets in pancreatic cancer cell lines resistant to doxorubicin. 63
xiii

Figure 5. 41: PPI network analysis with doxorubicin sensitivity associated gene list. .... 64
Figure 5. 42: PPI network analysis with doxorubicin resistance associated gene list. ..... 65
Figure 5. 43: PPI network analysis with doxorubicin resistance associated miRNA list. 65
Figure 5. 44: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on doxorubicin sensitivity profiles of breast cancer cell lines. ................. 66
Figure 5. 45: List of selected mRNA variables and their loading weights associated with
doxorubicin sensitivity. ..................................................................................................... 67
Figure 5. 46: List of selected miRNA variables and their loading weights associated with
doxorubicin sensitivity. ..................................................................................................... 68
Figure 5. 47: List of selected protein variables and their loading weights associated with
doxorubicin sensitivity. ..................................................................................................... 69
Figure 5. 48: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. ................................................................................................ 69
Figure 5. 49: Expression levels of EMT marker genes in cancer cell lines. ..................... 71
Figure 5. 50: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in Caco-2. .......................................................................................... 72
Figure 5. 51: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in KM12. ........................................................................................... 73
Figure 5. 52: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in LoVo. ............................................................................................ 74
Figure 5. 53: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in WiDr. ............................................................................................ 75
Figure 5. 54: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in MDA-MB-157. ............................................................................. 76
Figure 5. 55: Effect of natural compounds and repurposed agents on the expression of
EMT marker genes in MIA PaCa-2. ................................................................................. 77
Figure 5. 56: Combination treatment of KM12 cells with 5-FU and natural compounds. 79
Figure 5. 57: Combination treatment of KM12 cells with oxaliplatin and natural
compounds. ....................................................................................................................... 79
Figure 5. 58: Inhibitory effects of forskolin on different types of cancer cell lines. ........ 81
Figure 5. 59: Combination treatment of curcumin and irinotecan in pancreatic cancer cell
lines. .................................................................................................................................. 95
Figure 5. 60: Combination treatment of resveratrol and irinotecan in pancreatic cancer
cell lines. ........................................................................................................................... 96

xiv

Figure 5. 61: Combination treatment of natural compounds and gemcitabine in MIA
PaCa-2 pancreatic cancer cell line. ................................................................................... 97
Figure 5. 62: Combination treatment of natural compounds and gefitinib in MIA PaCa-2
pancreatic cancer cell line. ................................................................................................ 99
Figure 5. 63: Combination treatment of natural compounds and Selumetinib in MIA
PaCa-2 pancreatic cancer cell line. ................................................................................. 100
Figure 5. 64: Hierarchical clustering of cell lines according to 10a chemosensitivity
biomarker genes. ............................................................................................................. 104
Figure 5. 65: Sensitivity profiles of fifteen melanoma cells. .......................................... 105
Figure 5. 66: Comparative analysis of differentially enriched molecular gene sets among
sensitive and resistant cells by GSEA. ............................................................................ 106
Figure 5. 67: Comparative analysis of differentially enriched molecular gene sets among
sensitive and resistant cells by GSEA. ............................................................................ 106
Figure 5. 68: Protein-chemical interaction network with chemosensitivity associated
genes. .............................................................................................................................. 108
Figure 5. 69: Combination treatment of 10a-resistant M221 melanoma cells with 10a and
sodium valproate. ............................................................................................................ 109
Figure 5. 70: Combination treatment of 10a-resistant M193 melanoma cells with 10a and
sodium valproate. ............................................................................................................ 111
Figure 5. 71: Gene expression analysis of candidate biomarkers for 10a chemosensitivity. ....................................................................................................................... 112

xv

List of Tables

Table 3. 1: General use laboratory chemicals and kits ..................................................... 18
Table 3. 2: Cell culture equipment and reagents............................................................... 19
Table 3. 3: List of primers and sequences......................................................................... 20
Table 3. 4: Drugs and natural compounds. ....................................................................... 21
Table 5. 1: Summary table of MET induction experiments.............................................. 78
Table 5. 2: In vitro cytotoxicity analyses of natural compounds and repurposed agents in
breast cancer cell lines. ..................................................................................................... 80
Table 5. 3: In vitro cytotoxicity analyses of natural compounds and repurposed agents in
colon cancer cell lines. ...................................................................................................... 81
Table 5. 4: In vitro cytotoxicity analyses of natural compounds and repurposed agents in
pancreatic cancer cell lines. .............................................................................................. 82
Table 5. 5: Effects of apigenin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 83
Table 5. 6: Effects of curcumin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 83
Table 5. 7: Effects of EGCG treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 84
Table 5. 8: Effects of Fisetin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 84
Table 5. 9: Effects of forskolin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 85
Table 5. 10: Effects of procyanidin B2 treatment alone or in combinations with 5-FU on
cell viability of KM12 and analysis of combination index of treatments. ........................ 85
Table 5. 11: Effects of resveratrol treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 85
Table 5. 12: Effects of urolithin A treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 86
Table 5. 13: Effects of fulvestrant treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 86
Table 5. 14: Effects of metformin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments................................ 87

xvi

Table 5. 15: Effects of apigenin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 87
Table 5. 16: Effects of curcumin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 87
Table 5. 17: Effects of EGCG treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 88
Table 5. 18: Effects of fisetin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 88
Table 5. 19: Effects of apigenin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 88
Table 5. 20: Effects of procyanidin B2 treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments. ......................... 89
Table 5. 21: Effects of resveratrol treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 89
Table 5. 22: Effects of urolithin A treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 89
Table 5. 23: Effects of fulvestrant treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 90
Table 5. 24: Effects of metformin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments. ................................ 90
Table 5. 25: Effects of apigenin treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 91
Table 5. 26: Effects of curcumin treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 91
Table 5. 27: Effects of treatment alone or in combinations with irinotecan on cell viability
of SW837 and analysis of combination index of treatments. ........................................... 91
Table 5. 28: Effects of treatment alone or in combinations with irinotecan on cell viability
of SW837 and analysis of combination index of treatments. ........................................... 92
Table 5. 29: Effects of forskolin treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 92
Table 5. 30: Effects of procyanidin B2 treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments. ................. 92
Table 5. 31: Effects of resveratrol treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 93
Table 5. 32: Effects of urolithin A treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 93
xvii

Table 5. 33: Effects of fulvestrant treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 93
Table 5. 34: Effects of metformin treatment alone or in combinations with irinotecan on
cell viability of SW837 and analysis of combination index of treatments. ...................... 94
Table 5. 35: Summary table of combinational treatments. ............................................. 101
Table 5. 36: The half-maximal inhibitory concentration (IC50) values for c-Src inhibitor
10a in melanoma cells ..................................................................................................... 101
Table 5. 37: Number of genes with a frequency of significance in more than 900, 800 and
700 iterations. .................................................................................................................. 102
Table 5. 38: List of 46 genes that were significantly associated with 10a cytotoxicity
values. ............................................................................................................................. 102
Table 5. 39: Enriched gene sets in 10a-sensitive and –resistant melanoma cells. .......... 107
Table 5. 40: Combination Index values of combinations in M221 melanoma cells....... 110
Table 5. 41: Combination Index values of combinations in M193 melanoma cells....... 111

xviii

Chapter 1
Introduction
1.1. Analysis on drug resistance mechanisms by using multi-omics data
With the help of recent developments, high throughput technologies has led to measure a
large number of biological molecules, such as mRNAs, miRNAs, proteins, metabolites etc.
Different methods are used to measure each type of such molecules which is called “omic”.
Analysis of single type of omics seldom provide causal relations and correlations, however,
combining such large-scale biological datasets can provide opportunities to understand
various biological processes and complex human diseases, such as cancer. Additionally,
multivariate analysis of biological datasets can lead to the discovery of important biological
insights on complex processes like drug resistance in cancer therapy. Many multi-omics
level analysis have been recently conducted by integrating genomics, proteomics,
metabolomics and epigenomics data [1]. Several studies have shown that integrative
analysis of multi-omics data contributes to elucidate complex biological mechanisms for
drug resistance [2-4].
Many large consortia performed several experiments on the same biological sample,
providing multi-omics datasets. TCGA (The Cancer Genome Atlas) and IGCG
(International Cancer Genome Consortium) focuses on characterization of different types
of human cancer, collecting multi-omics data from tens of thousands of tumors [5, 6].
CCLE (The Cancer Cell Line Encyclopedia) and Genomics of Drug Sensitivity in Cancer
(GDSC) projects aimed to characterize genetic and pharmacological features of a large
panel of human cancer cell lines [7, 8]. These datasets constitute an important tool in
revealing resistance mechanisms against cancer therapeutics. Additionally, translation of
cancer cell line integrative genomics into cancer patient’s stratification can further
improve the understanding of cancer biology and provide novel cancer therapy.
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1.1.1. Gene set enrichment analysis (GSEA)
GSEA is a powerful analytical method being used in interpretation of gene expression data.
This computational method focuses on a collection of annotated gene sets that share
common biological regulation, chromosomal location, or function. GSEA searches for the
gene sets that show statistically significant, concordant differences between two
phenotypes of interest [9]. In the method, the genes are ordered top to bottom according to
their differential expressions between defined phenotypes. Then, the genes in the set that
are over-represented at either the top or bottom of the list are counted to calculate
enrichment score. By a phenotypic based permutation test, statistical significance of the
enrichment score is calculated. Normalization is performed on enrichment scores and a
false discovery rate is calculated [10]. Cell line drug response data sets offer a many of
evaluable phenotypes and thus GSEA can be utilized to search for gene sets and pathways
associated with a particular drug response.

1.1.2. NetworkAnalyst 3.0

NetworkAnalyst 3.0 is a web based platform offering statistical, visual and network based
analytics for transcriptomic data. It accepts various types of data inputs including one or
multiple gene lists. By using NetworkAnalyst 3.0, data inputs can be used to create generic
protein-protein interaction networks, cell-type or tissue specific protein-protein interaction
networks, gene co-expression networks, gene regulatory networks as well as networks for
pharmacogenomics and toxicogenomic studies. Functional enrichment analysis can be also
performed via integrated knowledgebase like KEGG, Reactome and PANTHER SLIM/GO
[11, 12]. Consequently, NetworkAnalyst can be an user-friendly and powerful tool to gain
system-level understanding of gene expression patterns in drug resistance.
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1.1.3. miRNet 2.0

miRNet 2.0 is a web based tool designed to help understanding of microRNA functions
with existing knowledge via visual and network based analytics. The tool is depends on
three main steps, data input, network creation and visual analysis of networks. The latest
releases of miRNA annotation databases were embedded into miRNet’s underlying
interaction knowledgebase. It is also possible to include protein-protein interations in the
miRNA-target networks. miRNA-transcription factor and trancription factor-gene
interaction networks can be also integrated into networks for visual exploration. Functional
enrichment analysis can be also performed via integrated databases like KEGG, Reactome
and PANTHER SLIM/GO [13, 14]. Therefore, miRNet 2.0 is highly important tool for
understanding of various biological processes and disease conditions. The miRNet 2.0 can
provide for adaptation of system biology approach to integrate all important players.

1.1.4. mixOmics
mixOmics is an R package consisting of multivariate methods that are applied to
statistically integrate ‘omics data coming from different sources to identify the most
discriminant subset of biological features such as transcripts, proteins and metabolites.
mixOmics provides functions to enable feature selection that are key predictors of the
phenotypes of interest. In contrast to unvariate methods, mixOmics provides the
identification of a combination of discriminative features that meet biological assumptions
such as drug-sensitive and –resistant subgroups [15].
In the context of supervised analysis, mixOmics methods include Partial Least Squares
Discriminant Analysis, Generalized Canonical Correlation Discriminant Analysis and
multi-group Partial Least Squares Discriminant Analysis. Feature selection is performed
via L1 regularisation [16-18]. mixOmics can lead to the identification of crucial biological
insights and can be extremely valuable in determining what molecular signatures are
associated with drug resistance.
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1.2. Cancer and treatment options
Cancer is one the leading causes of death. In 2020, new cancer cases were estimated as
19.3 million and almost 10 million people died due to the cancer worldwide. Incidence rate
of cancer is expected to be almost 30 million cases in 2040, which infer ~50% increase
from 2020 [19]. Cancer is a disease where cells divide in uncontrolled manner and spread
into surrounding tissues and other parts of the body [20]. Inheritance, lifestyle habits, and
environmental factors can play a role in the development of cancer. Mutations in tumor
suppressor genes or oncogenes caused by these factors lead to abnormal protein
homeostasis in the cell, in turn, results in cancer initiation, development, progression and
metastasis [21, 22].
There are various types of cancer treatment. Types of treatment a patient receive depend
on the type of cancer, how advanced it is and its molecular profile. Treatments for cancer
include traditional techniques like surgery, radiotherapy and chemotherapy; and newer
techniques like targeted therapy and immunotherapy. Although the trend for cancer
treatment has evolved from non-selective cytotoxic agents to specific, mechanism-based
therapeutics, cancer continuous to be a leading cause of mortality [23, 24]. Therefore, there
is a need for more efficacious, tolerable and novel approaches to treat cancer.

1.3. Cancer therapeutic resistance
One of the reasons why cancer continues to be a leading cause of mortality is therapeutic
resistance [25]. Various resistance mechanisms led cancers to escape therapy-induced cell
death. However, many of resistance mechanisms remains incompletely understood [26].
Therapeutic resistance in cancer can be classified as intrinsic and acquired resistance.
Intrinsic resistance refers to the ability of cancer cells to escape from therapy-induce cell
killing due to pre-existing cellular phenotype or genetic alterations [27, 28]. On the other
hand, acquired or adaptive resistance develops after an initial response to therapy by
positive selection of cancer cells with pre-existing genetic alterations and/or by acquiring
specific genetic abnormalities in the drug target itself, protein alterations in parallel or
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downstream pathways, metabolic adaptations and epigenetic changes [29-32]. Increasing
evidence also suggest that tumor microenvironment is involved in acquired resistance of
cancer cells to various therapies [33].
Genetic evolution of cancer cells is often considered as the main driver of cancer drug
resistance. However, recent studies suggest that resistance mechanisms are multifactorial
and not solely consist of genetic alterations. Non-genetic and epigenetic mechanisms are
gaining greater recognition. There is accumulating evidence that mechanisms of drug
resistance are not mutually exclusive but instead coexist within a given cancer to drive
resistance development and therapy failure. Lineage switching, phenotypic plasticity and
epigenetic mechanisms that change gene expression patterns triggered by oncogenic stress
are increasingly recognized in cancer drug resistance [34-36].

1.3.1. Mechanisms for 5-fluorouracil resistance
5-fluorouracil (5-FU) is one of the commonly used chemotherapeutic drugs in cancer
treatments. It is a pyrimidine analog, which induces cytotoxicity through increasing DNA
damage by inhibiting the action of thymidylate synthase [37]. Despite the several
advantages, the 5-year survival in patients treated with 5-FU remains too low due to the
development of drug resistance after chemotherapy [38].
Various mechanisms were suggested to explain 5-FU resistance. One of these mechanisms
involves the alterations in thymidylate synthase levels or other enzymes that have roles in
5-FU metabolism and activation. High mRNA levels of thymidylate synthase levels were
found to be associated with 5-FU resistance [39]. MDR transporters were also shown to be
responsible with 5-FU resistance [40]. Another mechanism for 5-FU is quiescence and
metabolic adaptation in cancer stem cells. Additionally, several transcription factors like
FOXM1, TFAP2C and NRF2 were found to be associated with increased 5-FU resistance
[41-43].
Another proposed resistance mechanism for 5-FU is resistance to DNA damage. Hence,
the roles of mismatch repair and base excision repair in 5-FU resistance has been studied
extensively [44, 45].
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1.3.2. Mechanisms for irinotecan resistance
Irinotecan is an analog of camptothecin that is a DNA topoisomerase I inhibitor. Irinotecan
stabilizes the topoisomerase/DNA complex, in turn, resulting in DNA replication and
transcription. It is a promising cancer therapeutic but its clinical activity is limited due to
the intrinsic and acquired drug resistance [46].
There are some reported mechanisms of irinotecan resistance. The main factor for the
resistance is alterations in topoisomerase I expression levels [47]. Mutations in target
binding site is another reason for irinotecan resistance [48]. Carboxylase is the enzyme
required to create active metabolite from irinotecan. Decreased levels of carboxylase has
been shown to be responsible factor for irinotecan resistance [49]. Another mechanism for
irinotecan

resistance

is

the

increased

expression

of

uridine

diphosphate

glucuronosyltransferase that inactivates active metabolite of irinotecan. Increased levels of
multidrug resistance proteins were also shown to result in increased efflux of irinotecan
leading to resistance [50].

1.3.3. Mechanisms for gemcitabine resistance
Gemcitabine is a deoxycytidine analogue and the first-line treatment for pancreatic ductal
adenocarcinoma [51]. Despite initial responsiveness, pancreatic cancer eventually
develops gemcitabine resistance resulting in limited clinical efficacy [52].
Major factors responsible for gemcitabine resistance includes drug transporters, drug
metabolism by enzymes and competitive substrates to active metabolites of gemcitabine.
Expression levels of nucleoside transporters hEN1, hCNT1 and hCNT3 are highly
associated with sensitivity against gemcitabine. Downregulation of these proteins were
shown to result in resistance [53, 54]. Another mechanism for gemcitabine resistance is
related to deoxycytidine kinase that is required for intracellular drug activations. Studies
have showed that reduced levels of deoxycytidine kinase are associated with acquired
resistance to gemcitabine [55]. On the other hand, upregulation of cytidine deaminase,
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responsible for gemcitabine degradation and excretion, was found to result in gemcitabine
resistance [56]. Additionally, upregulations of ribonucleotide reductase and thymidylate
synthase were shown to cause gemcitabine resistance by competing in DNA synthesis [5759].

1.3.4. Mechanisms for doxorubicin resistance

Doxorubicin is an anthracycline antibiotic that is widely used as a cancer therapeutic.
Proposed mechanisms for doxorubicin action in cancer cell include inhibition of
topoisomerase II mediated DNA repair and damaging DNA, cellular proteins and
membranes by generating free radicals [60]. Although it is one of the most effective antineoplastic agents, resistance against doxorubicin is a problem limiting its use [61].
Major factors responsible for doxorubicin resistance includes upregulation of efflux pump
proteins, continued topoisomerase II function by mutation in binding site or upregulation
of topoisomerase II, and suppression of downstream apoptosis signaling [60]. The
amplification of ERBB2 was also shown to affect sensitivity against doxorubicin [62].

1.4. EMT as a drug resistance mechanism
Phenotype switching induced by cancer therapy is often thought as bidirectional in which
cancer cells switch between a sensitive and resistant state. This phenomenon is largely
regulated by reversible epithelial to mesenchymal transition (EMT/MET). Accumulating
evidence has suggested that EMT is not a binary epithelial-mesenchymal state; indeed,
there are several intermediate states showing distinct phenotypic characteristics [36]. The
EMT/MET driven cellular plasticity is exploited by cancer cells resulting in therapy
resistance [63].
Several factors affect EMT/MET plasticity in cancer. Genetic evolution of cancer cells may
result in mutational activation of the signaling pathways that induce EMT-driven cellular
plasticity. Similarly, growth factors and cytokines from tumor microenvironment, acidity
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and hypoxic conditions in tumor core, inflammatory microenvironment or exposure to
therapeutics regulate EMT-related gene expression changes in cancer cells [64].
EMT-mediated cellular plasticity has suggested as a mechanism that fuels resistance to
various conventional chemotherapeutics and targeted drugs. In a study, differences
between parental and 5-FU-resistant HT29 colon cancer cells has been characterized and
molecular alterations showed a marked increase in the expression of EMT-related genes
suggesting the role of EMT in 5-FU in resistance [65]. Likewise, irinotecan-resistant LoVo
colon cancer cells displayed invasive phenotype with cancer stem cell-like morphology
and increased expression of Twist1, an EMT transcription factor [66]. Furthermore,
resistance to another traditional chemotherapeutic gemcitabine has been associated with
cadherin switching mediated by EMT signaling [67]. Gefitinib resistance was also
associated with EMT and reversal of EMT has shown to result in recovery of tyrosine
kinase inhibitor. [68] In lapatinib resistant breast cancer cell models, EMT-related markers,
Snail and Vimentin were shown to be upregulated [69]. It was also shown that lapatinibresistant gastric cancer cell line SNU216 exhibit an EMT phenotype [70]. Likewise, studies
suggest that MEK inhibitor treatment results in phenotype switching in cancer [71]. Lung
cancer studies showed that EMT activates different feedback mechanisms and MAPK
activation in both epithelial like and mesenchymal-like cells following MEK inhibition
[72]. Taken together, studies suggesting the role of EMT in drug resistance provide insights
into approaches for preventing or overcoming this resistance in cancer.

1.5. Reversal of EMT to overcome drug resistance
The role of EMT in cancer therapeutic resistance has been widely investigated. Several
EMT-associated signaling pathways are found to be involved in therapy resistance in
cancer cells. Therefore, targeting EMT has been exhaustively discussed as a promising
strategy for overcoming drug resistance in cancer [73]. Accordingly, studies focused on
drugs targeting EMT to prevent and/or overcome drug resistance. Antibiotic salinomycin
is one of the drugs that are shown to target EMT. A study showed that salinomycin
inhibited doxorubicin-induced EMT in HCC cells and enhanced sensitivity to doxorubicin
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[74]. In addition to salinomycin, mocetinostat, a histone deacetylase inhibitor, was shown
to downregulate EMT-TF ZEB1 resulting in reversal of EMT phenotype in docetaxelresistant pancreatic cancer cell lines and this resulted sensitization of cells [75].
Zidovudine, an antiviral drug, is another example in which zidovudine was shown to
restrain Akt/GSK3B/Snail-driven EMT, thereby, sensitize pancreatic cells to gemcitabine
[76]. In a similar approach, metformin exhibited great promise and several studies
demonstrated that metformin inhibits EMT via different mechanisms in various cancer
types [77-80]. There are also cancer therapeutics which are repurposed and used to enhance
chemotherapy. Fulvestrant, a therapeutic targeting estrogen receptor in breast cancer, was
shown to inhibit EMT and increases sensitivity of lung xenografts to docetaxel [81]. These
and several other EMT-modulating molecules have been entered clinic in the hope of
enhancing cancer therapy efficacy. Natural compounds are also good candidates since they
are inexpensive, accessible, and readily applicable with minimum toxicity.

1.6. Natural products and their roles in cancer

Nutrition and diet have been considered as an effective strategy for reducing cancer risk.
Numerous dietary natural products have shown a potential role in prevention and treatment
of cancers [82-84]. Accumulating evidences showed that naturally occurring bioactive
compounds interfere with carcinogenesis by inhibiting the tumor cell proliferation and
targeting multiple abnormally activated signaling pathways [85, 86].
In clinics, conventional chemotherapy commonly leads to many-side effects caused by
systemic toxicity. Currently, combination of chemotherapeutics has been applied to various
cancer types, providing amelioration of side effects and enhancement of therapy with the
lowering doses [87]. Furthermore, use of plant-derived natural compounds with minimal
cytotoxicity has become more important in clinic. Recent studies show that naturally
occurring bioactive molecules combined with anticancer drugs have the potential to
enhance efficacy of chemotherapy and attenuate drug resistance [88]. An extract of
Solanum nigrum leaves was shown to enhance efficacy of doxorubicin, docetaxel, cisplatin
and 5-FU in colorectal cancer cells through autophagy induction [89]. Similarly, three
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natural phenolic acids (caffeic, rosmarinic and ursolic) were shown to potentiate paclitaxel
in ex vivo breast cancer cells by modulating tumor microenvironment [90]. Likewise,
Kaempferol, a dietary flavonoid, was shown to sensitize hepatocellular carcinoma cells
against sorafenib by decreasing the overexpression of p-glycoprotein that mediates
multidrug resistance in HCC [91]. Capsaicin, the ingredient of hot chili peppers, was also
tested in combination with docetaxel and combinational treatment were found to be
synergistic by activating AMPK [92]. Furthermore, many natural products have been
shown to modulate epithelial to mesenchymal cancerous transition. Therefore, impedition
or reversal of EMT by natural products can be also an effective strategy to overcome EMTinduced chemoresistance.

1.7. Natural products as an EMT modulator and chemotherapy enhancer
Curcumin is the one of the most studied natural products, present in turmeric. Many studies
showed that curcumin sensitizes cancer cells to chemotherapeutics by modulating EMT
[93]. In a study, curcumin treatment was found to upregulate EMT-inducing miRNAs in
5-FU-resistant colon cancer cells. Major polycomb repressive complex subunits that
mediate cancer stemness were also found to be downregulated by curcumin exposure
resulting in EMT inhibition and sensitization of 5-FU-resistant colon cancer cells [94].
Interestingly, curcumin could not only enhance chemotherapy but also increases the
efficiency of radiotherapy by modulating EMT. Curcumin was shown to inhibit γirradiation-induced EMT via the suppression of Gli1 and upregulation of Sufu, in turn,
resulting in the enhancement of radiotherapy [95]. Likewise, curcumin was found to
sensitize 5-FU-resistant HCT-116 colon cancer cells through reversal of EMT via
inhibiting TET1 and NKD2 expression and suppression of WNT signaling pathway [96].
Resveratrol (phytoalexin) is a polyphenol, found in grapes, chocolate and peanuts [97].
Regulatory roles of resveratrol in EMT leading to chemosensitization have also been
studied extensively. A recent study showed that resveratrol enhanced FL118-induced cell
death via regulating EMT through upregulation of E-cadherin and downregulation of
mesenchymal marker genes N-cadherin, Vimentin, Snail, Slug, Fibronectin, Twist and Zeb
family [98]. Similarly, doxorubicin resistance in gastric cancer cells were reversed by
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resveratrol through inhibition of Akt pathway achieving the reversal of EMT [99]. It was
also shown that resveratrol inhibits the cisplatin-induced Snail expression in ovarian cancer
cells; thus, reversal of EMT induced by resveratrol potentiates the efficacy of cisplatin in
ovarian cancer cells [100]. In a similar way, resveratrol sensitized doxorubicin-resistant
breast cancer cells by modulating EMT through SIRT1/ β-catenin signaling pathway [101].
Recently apigenin, a natural flavonoid, was shown to act as an inhibitor of Snail, which is
a key regulator of EMT [102, 103]. Apigenin were shown to inhibit IL-6 linked
downstream pathways resulting in epithelial marker E-cadherin upregulation and
downregulation of the mesenchymal marker N-cadherin [104]. Another natural product
EGCG, the most prevalent tea polyphenol, was also shown to reverse epithelial to
mesenchymal transition and synergistic effects of EGCG were shown in pancreatic cancer
cells when combined with gemcitabine through modulating EMT markers [105]. Fisetin, a
natural flavanol found in various fruits and vegetables, was shown to reverse EMT in vivo
in a xenograft model of the MDA-MB-231 breast cancer cell line [106]. Forskolin, a natural
product derived from the root of the plant Cleus Forskohlii, was shown to induce tumorinitiating cells to undergo mesenchymal to epithelial transition, and causing them to lose
their tumor initiating ability [107]. Procyanidin B2, an abundant polyphenol in red wine,
was shown to reverse high glucose induced-EMT in a human renal epithelial cell line [108].
Additionally, urolithin A, a metabolite of ellagitannins, was shown to inhibit metastasis in
SW620 colon cancer cell line, and increase sensitivity against 5-FU in Caco-2 colon cancer
cell line [109, 110].

1.8. Melanoma
Melanoma is one of the most aggressive types of cancer with heterogeneous features [111].
There were an estimated 324,635 new cases of skin melanoma and 57,043 deaths in 2020.
Moreover, the incidence of melanoma continues to increase. On the other hand, with the
advancement in targeted therapies and immunotherapies, death rates were rapidly declined
worldwide. In high-incidence rate countries like Australia and New Zealand, supportive
environment and providing sun-protection products also helped decrease incidence rates
[19].
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The risk factors for melanoma include genetic predisposition and environmental exposure.
The most important environmental risk for malignant melanoma is exposure to ultraviolet
radiation because of its genotoxicity [112]. The number of melanocytic nevi and genetic
predisposition are the most important host risk factors. The number of total nevus were
found to be associated with increased risk of melanoma [113]. In familial melanoma cases,
mutations in CDKN2A and CDK4 have been primarily linked to increased risk of
melanoma [114]. Recently, another gene MC1R have been found to alter risk of familial
melanoma [115]. Additionally, other cancer-related inherited genes were found to raise
risk of developing melanoma [116].
According to WHO, melanoma can be divided into 9 distinct subtypes in relation to
clinical, histological features and genomic characteristics. These includes superficial
spreading melanoma, lentigo maligna melanoma, desmoplastic melanoma, spitz
melanoma, acral melanoma, mucosal melanoma, melanomas arising in congenital nevi,
melanomas arising in blue nevi and uveal melanoma. Superficial spreading melanoma is
the most common subtype, it is almost 70% of the cases with the best prognosis. On the
other hand, nodular melanomas which do not belong to any of the subtypes discussed
above, are thought to be heterogeneous subtype with worse prognosis [117].
1.8.1. Treatment options and resistance mechanisms in melanoma
Melanoma is one the most aggressive types of cancer with poor prognosis. Treatment
landscapes and success rates depend on factors, including applicability of surgery, stage of
the tumor, rate of tumor growth and presence of melanoma-associated genetic mutations.
While surgery remains the standard treatment for localized and early-stage melanoma,
advanced stages of melanoma may require lymph node dissection, radiotherapy and
systemic therapies including conventional chemotherapy, targeted therapy and
immunotherapy [118, 119].
For early stages of melanoma, stages I-to-IIIB, surgical resection is the primary treatment
[120]. Clinico-pathological features of the tumor help identify surgery procedures and
safety margins differ according to it [121]. On the other hand, adjuvant therapies are
advised for improved survival. For advanced stages of melanoma, conventional
chemotherapy is recommended in cases with metastatic melanoma while standard
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procedure includes surgical removal of metastases [122]. While use of radiotherapy is
highly rare in primary tumor treatment, treatment of skin, bone and brain metastases may
require radiotherapy [123].
It has been shown that adjuvant lymph node field radiotherapy can reduce the local
recurrence rate with no improvement in long-term survival [124]. Likewise, locally treated
brain metastases of melanoma were found to have no survival benefit from adjuvant brain
radiation [125]. On the other hand, advancement in radiotherapy techniques such as
stereotactic radiosurgery and stereotactic ablative radiotherapy show promising results in
treatment of metastatic melanoma with the combination with immunotherapy or targeted
therapy [126, 127].
First chemotherapeutic for metastatic melanoma was approved in 1974 by FDA, it is called
Dacarbazine. Despite the fact that dacarbazine continues to be standard first-line treatment
for metastatic malignant melanoma, studies reported very low efficacy in clinic with less
than 5% complete response and 2%-6% of patients 5-year survival [128]. It is also shown
that it has no survival benefit in brain metastases since dacarbazine is unable to cross bloodbrain barrier [129]. Additionally, several resistance mechanisms were suggested for
alkylating agent dacarbazine, its oral analog temozolomide. Most studied resistance
mechanisms for dacarbazine is the increased levels of expression/activity of O6methylguanine-DNA methyltransferase (MGMT) which removes the methyl and
chloroethyl adducts generated by dacarbazine [130]. Another mechanism for
chemotherapy resistance in melanoma were suggested as activation of Akt [131]. However,
combination of temozolomide with PI3K/AKT/mTOR pathway inhibitor did not improve
clinical efficacy of temozolomide in melanoma patients [132]. Still, several clinical trials
are ongoing to improve overall survival of patients by using dacarbazine in combination
with radiotherapy, targeted and immune-therapies since long-term efficacy of such
treatments is limited [133].
Key signaling pathways that regulate cell growth and survival were found to be overactive
in majority of melanomas. About half of all melanomas harbors mutations in BRAF [134].
Several BRAF inhibitors such as vemurafenib and dabrafenib were developed to inhibit
this signaling pathway. Response rates to Vemurafenib were found to be 48% in compared
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to dacarbazine alone with 5% [135]. Likewise, another BRAF inhibitor dabrafenib got
approval by providing 5.1 months progression free survival compared to 2.1 months with
dacarbazine alone [136]. However, clinical benefit of these therapies is limited due to rapid
development of various resistance mechanisms. Downstream reactivation via MEK is one
of the common resistance mechanisms against BRAF inhibition in melanoma. To
overcome this drug resistance, several MEK inhibitors were developed and used in
combination with BRAF inhibitors, resulting higher response rates compared to single
agent targeted therapy [137, 138]. Unfortunately, efficacy of BRAF-MEK inhibition is not
also long-lasting, mutational reactivation of MAPK pathway, non-genomic or immune
evasion mechanisms contribute to BRAF-MEK inhibitor resistance [139-141].
Melanoma is particularly immunogenic cancer type with a high mutational burden
compared to other cancers. Therefore, it is expected to be highly susceptible to
immunotherapy. Immune regulatory checkpoints are the main targets in immunotherapy
since cancer cells may evade the immune system by expressing ligands of these checkpoint
molecules, which results in inactivation of T cells [118]. For melanoma, ipilimumab is the
first immunotherapeutic that blocks CTLA-4 with great survival benefit. Then, another
immune checkpoint inhibitor, nivolumab, were developed to block PD-1 with increased
efficacy and lower cytotoxicity profile compared to ipilimumab monotherapy.
Furthermore, dramatic and durable responses for patients with melanoma were achieved in
combination immunotherapy with ipilimumab and nivolumab. 5-year survival was found
to be 52% in combination immunotherapy, 44% in nivolumab monotherapy and 26% in
ipilimumab monotherapy [142]. However, almost half of the patients with melanoma do
not achieve any significant immunotherapy response and disease relapse are observed
within 2 years in substantial proportion of patients with initial response [143]. Additionally,
50% of patients experienced grade 3-4 adverse effects of immunotherapy [144]. So, longterm efficacy of melanoma treatments is still limited by their adverse effects and innate or
acquired resistance. Therefore, defining new targets for therapy may help improve patient’s
quality of life and increase survival time.
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1.8.2. c-Src as a therapy target for melanoma

The cytoplasmic protein c-Src is a proto-oncogene and member of Src kinase family
composed of nine non-receptor tyrosine kinases. Src kinase family includes Src, Yes, Fyn,
Fgr, Lck, Hck Blk, Lyn and Frk [145]. c-Src is activated by different classes of cellular
receptors including adhesion receptors, cytokine receptors, G-protein coupled receptors
and receptor tyrosine kinases. c-Src activation, in turn, results in a diverse spectrum of
biological activities including cell adhesion, transformation, migration, apoptosis, cell
cycle progression, and various immune responses [146].
In normal cells, c-Src is strictly regulated by CSK and PTP1B. CSK inactivates c-Src by
phosphorylating a conserved tyrosine residue in c-terminal domain. Contrary, PTP1B
dephosphorylates this residue resulting in c-Src activation. Additionally, active growthfactor receptor can bind SH2 domain of c-Src resulting in activation of c-Src. Similarly,
binding of FAK and CAS to SH2 AND SH3 domains of c-Src can induce activation of cSrc. It is also strictly regulated at both transcriptional and post-transcriptional levels via
various mechanisms. Disruption of any of these regulatory mechanisms may be associated
with increased expression and activity of c-Src, in turn, advanced tumor progression,
growth, advanced stages of cancer and metastasis [147].
In small subsets of colon and endometrial cancers, constitutive catalytic activity was
associated with truncated c-terminal domain. Furthermore, mutational activation of c-Src
is highly rare event in cancer types. More commonly, increased expression and/or activity
of c-Src was observed in melanoma and other solid tumors [148]. Indeed, inhibition of cSrc with Dasatinib was shown to result in variable inhibition melanoma cell growth in vitro
[149]. Hence, c-Src represent a promising therapeutic target for the treatment of melanoma.

1.8.3. Dasatinib and saracatinib
Several c-Src inhibitors have been available for clinical assessment, including dasatinib
and saracatinib that are utilized in phase II clinical trials in melanoma. Dasatinib is a
small molecule inhibitor of tyrosine kinases including EPHA2, BCR-ABL fusion, c-KIT,
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PDGFβ receptor and SRC family including c-Src, Yes, Lck and Fyn. Further, dasatinib is
shown to inhibit c-Src in nanomolar levels and it was well tolerated in clinical trials for
CML and gastrointestinal stromal tumors. Phase II trial of dasatinib in 39 melanoma
patients showed that only two patients had partial responses lasting more than 24 weeks.
Three patients had minor responses lasting more than 28 weeks. Overall, 6-months PFS
rate was 13% suggesting minimal activity and dasatinib was poorly tolerated [150]. In
phase II trial of saracatinib in patients with metastatic melanoma, 23 patients received
oral saracatinib at a dose of 175 mg daily. Although it was well tolerated compared to
dasatinib, no objective clinical responses were observed [151]. Hence, there is a need for
more potent c-Src inhibitors, and/or a better definition of melanoma subtypes that would
be suitable for Src inhibitor-based treatment protocols.

1.8.4. Pyrazolo pyrimidine derivatives that targets c-Src
Pyrazolo pyrimidine core provides drug-like scaffold that is nitrogen-containing
heterocycle widely distributed in nature and playing important roles in the metabolism of
all living cells. This scaffold present in various pharmacologically active compounds.
Pyrazolo pyrimidine derivatives have been shown to have great potential as the basis of
pharmacological compounds. Over the years, studies focused on chemical modifications
of the pyrazolo pyrimidine scaffold to advance selective activity on kinases and biological
availability [152]. In 1996, first pyrazolo pyrimidine kinase inhibitors were shown to
inhibit SRC family of non-receptor kinases [153]. Additionally, many pyrazolo[3,4-d]
pyrimidine derivatives were synthesized as serine/threonine and tyrosine kinase inhibitors
showing antitumor activity. 10a is the 6-methylthio derivative of pyrazolo[3,4-d]
pyrimidine, which was shown to inhibit c-Src selectively [154].
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Chapter 2
Aim of the study

Innate and acquired resistance to chemotherapy are major obstacles to the effective treatment
of cancer. There are various resistance mechanisms such as decreased drug accumulation
and increased drug export, pre-existing genetic alterations and/or acquired genetic
abnormalities in the drug target itself and signalling transduction molecules, metabolic
adaptations, increased repair or tolerance to drug-induced DNA lesions, evasion of apoptosis
and epigenetic changes. Phenotypic plasticity driven by reversible epithelial to mesenchymal
transition (EMT/MET) are also increasingly recognized as one of the key factors in
chemotherapeutic resistance mechanisms. My first aim was to characterize drug resistance
mechanisms in colon, pancreatic and breast cancer cells by analyzing multi-omics data sets
with advanced bioinformatics tools such as GSEA, NetworkAnalyst, miRNet, mixOmics.
We hypothesized that reversal of EMT with natural compounds can be effective strategy to
overcome EMT-mediated drug resistance. Therefore, I next aimed to induce mesenchymal
to epithelial transition in cancer cells by treatment with natural compounds that were shown
to reverse EMT in several studies. I further aimed to combine chemotherapy with natural
compounds to enhance sensitivity to chemotherapeutics.
In melanoma cells, an improved profiling of drug resistance is needed. For this purpose, I
aimed to investigate underlying resistance mechanisms for novel c-Src inhibitor 10a. Our in
silico analysis revealed that mesenchymal/invasive features of the cells are associated with
increased resistance. We then aimed to identify a strategy to overcome 10a resistance and
minimal number of biomarkers that could help classify melanoma subtypes into 10a
sensitive and resistant subgroups.
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Chapter 3
Materials
3.1. General laboratory reagents
Chemical and kits for general use in the laboratory were listed in Table 3.1 with the
manufacturers.
Table 3. 1: General use laboratory chemicals and kits
Chemicals/Kits
Ethanol
Isopropanol
Chloroform
PureZOL™ RNA Isolation Reagent
RNAse Zap
Nuclease Free Water
DNA-free™ Kit
RevertAid First Strand cDNA Synthesis Kit
OneTaq Quick-Load 2X Master Mix with
Standard Buffer
iTaq Universal SYBR Green Supermix

Manufacturer
Sigma-Aldrich (St. Louis, MO, USA)
Sigma-Aldrich (St. Louis, MO, USA)
Sigma-Aldrich (St. Louis, MO, USA)
Bio-Rad Laboratories (Hercules, CA,
USA)
Ambion (Carlsbad, CA, USA)
Ambion (Carlsbad, CA, USA)
Invitrogen (Carlsbad, CA, USA)
Thermo Scientific (Waltham, MA, USA)
New England Biolabs (Ipswich, MA,
USA)
Bio-Rad Laboratories (Hercules, CA,
USA)

3.2. General laboratory solutions
Running buffer TAE was prepared as a 50X concentrated stock by dissolving 242 g of Tris
Base (Sigma-Aldrich, St. Louis, MO, USA), 37.2 g of EDTA (Sigma-Aldrich, St. Louis,
MO, USA) in 57.1 ml of glacial acetic acid (Sigma-Aldrich, St. Louis, MO, USA) and adding
up to 1 liter of ddH2O.
Gels for electrophoresis was prepared by dissolving 1.5 g of agarose (Sigma-Aldrich, St.
Louis, MO, USA) in 100 ml of 1X TAE. Then, 5 μl of 10 mg/ml concentrated ethidium
bromide (Sigma-Aldrich, St. Louis, MO, USA) was added and allowed to solidify.
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3.3. General laboratory equipment
To check RNA quantity and quality, NanoDrop™ One/OneC Microvolume UV-Vis
Spectrophotometer (Thermo Scientific, Waltham, MA, USA) was used before and after
DNase treatment. Centrifugation steps were performed by using Centrifuge 5810R
(Eppendorf, Hamburg, Germany). GeneAmp 9700 PCR system Thermo Scientific
(Waltham, MA, USA) was used to qualify cDNA synthesis. qPCR experiments were
performed by using LightCycler 480 II (Roche, Basel, Switzerland). Gel electrophoresis was
performed in Mini-Sub Cell GT Cell (Bio-Rad Laboratories, Hercules, CA, USA). Gel
imaging was performed by using ChemiDoc Imaging Systems (Bio-Rad Laboratories,
Hercules, CA, USA). Synergy HTX multi-mode reader was used to monitor luminescencebased assay.
3.4. Cell culture equipment and reagents
Cell culture equipment and reagents were listed in Table 3.2 with the manufacturers.
Table 3. 2: Cell culture equipment and reagents.
Eqipment/Reagents
CO2 Incubator
Class II Biosafety Cabinet
Axiovert 25 Microscope
Dulbecco's Modified Eagle Medium (DMEM)
Rosswell Park Memorial Institute Medium
(RPMI-1640)
Trypsin-EDTA
Fetal Bovine Serum (FBS)
L-Glutamine-Penicillin-Streptomycin
CellTiter-Glo® Luminescent Cell Viability
Assay
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Manufacturer
Nuaire (Minnesota,USA)
Nuaire (Minnesota,USA)
Zeiss (Oberkochen, Germany)
Biowest LLC (Nuaillé, France)
Biowest LLC (Nuaillé, France)
Sigma-Aldrich (St. Louis, MO, USA)
Biowest LLC (Nuaillé, France)
PAN-Biotech (Aidenbach, Germany)
Promega (Wisconsin, USA)

3.5. Cell culture solutions
10X phosphate- buffered saline (PBS) was prepared by dissolving 80g of NaCl (SigmaAldrich, St. Louis, MO, USA), 2g of KCl (Sigma-Aldrich, St. Louis, MO, USA), 14.4g of
Na2HPO4(Sigma-Aldrich, St. Louis, MO, USA) and 2.4g of KH2PO4 (Sigma-Aldrich, St.
Louis, MO, USA) in 800 ml of ddH2O. Then, pH of the solution was adjusted to 7.4 by
adding HCl (Sigma-Aldrich, St. Louis, MO, USA) and the final volume was completed to 1
liter by adding ddH2O. 1X PBS was prepared by adding 900 ml of ddH2O to 100 ml 10X
PBS. It is autocleaved and filtered before use in cell culture.
Complete cell culture media was prepared by adding 5 ml of 100X L-Glutamine-PenicillinStreptomycin solution and 50 ml FBS to 445 ml of DMEM or RPMI-1640 medium.
Freezing medium was prepared by adding 10 ml of DMSO to 90 ml of FBS.
3.6. Primers
Primers were designed by using NCBI’s Primer-BLAST tool and purchased from Oligomer
Biotechnology (Ankara, Turkey) [155]. 100 μM stock solution was prepared according to
manufacturer’s instructions and it is diluted to a 10 μM working stock. The sequences of
primers were listed in Table 3.3.
Table 3. 3: List of primers and sequences.
CDH1_F
CDH1_R
VIM_F
VIM_R
TMED7_F
TMED7_R
XRCC5_F
XRCC5_R
PLOD2_F
PLOD2_R
NSUN5_F
NSUN5_R
GAPDH_F
GAPDH_R

TCCAGGAACCTCTGTGATGGA
CGTAGGGAAACTCTCTCGGTC
CGGGAGAAATTGCAGGAGGA
AAGGTCAAGACGTGCCAGAG
CAGTGCTCTTACCCAGATGGA
TTCGGCCTTGAGCTTCTCTT
GCAGTGTCACCTCTGTTGGA
GCTGGTTACTCGCTTCCTCA
TCGAGCATCCCCACAGATAA
CCTTGACCAAGGACCTTCAC
GTGCGTGTGAACACTCTCAAG
TTGAGGGCTCGTAAGTCATCG
GCTCATTTCCTGGTATGACAACG
CTCTTGTGCTCTTGCTGGGG
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3.7. Drugs and natural compounds
Drugs and naturals compounds used in studies were listed in Table 3.4.
Table 3. 4: Drugs and natural compounds.
Drugs/Natural compounds
(−)-Epigallocatechin Gallate
5-FU
Apigenin
Curcumin
Fisetin
Forskolin
Fulvestrant
Gefitinib
Gemcitabine
Irinotecan hydrochloride
Lapatinib
Metformin
Oxaliplatin
Procyanidin B2
Resveratrol
Selumetinib
Sodium Valproate
Urolithin A

Manufacturer
Cayman Chemical (MI, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Selleck Chemicals (TX, USA)
Sigma-Aldrich
Cayman Chemical (MI, USA)
Cayman Chemical (MI, USA)
Selleck Chemicals (TX, USA)
Cayman Chemical (MI, USA)
Santa Cruz Biotechnology (TX, USA)
Selleck Chemicals (TX, USA)
Sanofi (Paris, France)
Cayman Chemical (MI, USA)
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Catalog Number
70935
S1209
S2262
S1848
S2298
S2449
S1191
S1025
S1149
I1406
11493
13118
S1224
19865
sc-200808
S1008
Depakin
22607

Chapter 4
Methods
4.1. Cancer cell lines and maintenance of cells in culture
Breast cancer cell lines, CAL51, MDA-MB-157, MDA-MB-231, MDA-MB-436, MDAMB-453 and MDA-MB-468 were cultured in DMEM medium. Colon cancer cell lines,
Caco-2, HCT-8, KM-12, LS513, LoVo, SW837, and WiDr were cultured in RPMI-1640
medium. Pancreatic cancer cell lines, AsPC-1, BxPC-3, SU8686 were cultured in RPMI1640 medium while MIA PaCa-2 cells were cultured in DMEM medium. M307, M133,
M189, SHM20A2, M187, M144, M24, M34, M77, M7, M1, M433, M2025, M221, M193
melanoma cells were cultured in RPMI-1640 medium. Respective media was supplemented
with 10% fetal bovine serum (FBS), 1% penicillin-streptomycin- L-Glutamine. Cells were
cultured in a humidified atmosphere with 5% CO2 at 37 OC. The culture medium was
replenished by passaging when cells reach to 70-80 % confluency.

4.2. Thawing, passaging and freezing cell lines
Each of cryovial of cell was thawed immediately at 37 oC in water bath. Half-melted cell
content was dissolved in 1 ml of respective medium and transferred to a 15 ml falcon that
have already 5 ml respective medium. The cells then were centrifuged at 900 rpm for 5
minutes. After removal of supernatant, the cell pellet was dissolved in 4-5 ml of
DMEM/RPMI medium and transferred to 25 cm2 cell culture flasks. Seeded cells were kept
in a humidified atmosphere with 5% CO2 at 37 OC. After an overnight incubation, cell culture
medium was changed.
Confluency were followed to decide on passaging of cultured cells. If the confluency of cells
reached to 80-90 %, cells were passaged to new flask. In passaging, stale media were
aspirated and cells were washed with 1X PBS. After removal of PBS, 1 ml of Trypsin-EDTA
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was added on cells to detach the cells from the flask. Then, the flask was incubated in cell
culture incubator for 3-5 min. After detachment took place, 5 ml of fresh cell culture medium
was added on cells to resuspend cells. Pipetting was performed to avoid clumping. 1-2 ml of
the resuspension was transferred to new flask that contain 10 ml of fresh medium.
To cryopreserve cells in liquid nitrogen, cells were frozen in freezing medium. Firstly, cell
media were aspirated and cells grown in the flask were washed with 1X PBS. After
aspiration of PBS, cells were trypsinized by adding 1 ml of trypsin-EDTA. 5 ml medium
was then added to trypsinized cells and it is transferred to 15 ml falcon. The mixture was
centrifuged at 1000 rpm for 5 min. the supernatant was removed and cell pellet were
resuspended in freezing media. The volume of freezing medium is determined according to
the amount of cell content to be frozen. 1 ml of the resuspension was then transferred to
cryovials. After labeling, the vials were stored at 20 oC for 2 hours then moved to liquid
nitrogen.
4.3. Cell viability analysis
Cancer cell lines were seeded at 2000 cells per well in 96-well plates (Corning, NY, USA).
After incubation for 24 hours, cells were treated with chemotherapeutics, targeted drugs and
natural compounds using 6 different concentrations. Cell viability was quantified with
CellTiter-Glo Luminescent Cell Viability Assay according to manufacturer’s instructions
after 72 hours of treatment. IC50 values were obtained by a method previously described.
Different methods were used to assess combination treatments. First approach was the
combination of single dose of a natural compound with six different doses of a
chemotherapeutic or targeted agent. In the second approach, three different doses of natural
compounds, two different doses of chemotherapeutics and their all combinations were
administered to cancer cell lines. In the third approach, six different doses of natural
compounds were combined with six different doses of chemotherapeutics. All combination
treatments were administered to cancer cell lines in 96-well plates after the cell line were
seeded and incubated for 24 hours. After 72 hours treatment, cell viability was quantified
with CellTiter-Glo Luminescent Cell Viability Assay.
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4.4. RNA isolation
Cell medium was aspirated and cells were washed with 5 ml of 1X PBS. After aspiration of
PBS, 1 ml of PureZOL RNA isolation reagent was added immediately to flask. The lysate
was pipetted up and down several times and incubated at room temperature for 5 minutes
once cells have been disrupted in PureZOL. Then, lysate was transferred to RNase-free tube.
0.2 ml of chloroform was added to lysate and the sample was shaken vigorously for 15 sec.
After 5 minutes incubation for 5 minutes at room temperature, the sample was centrifuges
at 12000 g for 15 minutes at 4 oC. The aqueous phase containing RNA was immediately
transferred to new RNase-free tube. Then, 0.5 ml of isopropanol was added to aqueous
phase. After mixing thoroughly, the sample was incubated at room temperature for 5
minutes. The mixture was centrifuged at 12000 g for 10 minutes at 4 oC. The supernatant
was discarded and the pellet (RNA) was washed with 1 ml of 75% ethanol. After vortexing,
the sample was centrifuged at 7500 g for 5 minutes at 4 oC. The supernatant was discarded
carefully and the RNA pellet was air-dried for about 5 minutes. Then, the pellet was
resuspended in the certain amount of nuclease free water determined by the quantity of the
pellet. In final, the resuspension was incubated at 55 oC for 10 minutes to completely dissolve
the RNA pellet. RNA samples were stored at -80 oC for further experiments.

4.5. RNA quantification
Total RNA concentration and purity were measured in NanoDrop™ One/OneC
Microvolume UV-Vis Spectrophotometer. RNA samples with A260/A230 ratio between
2.0-2.2 and A260/A280 ratio between 1.8-2.1 were assigned as qualified.
4.6. DNase treatment
To remove residual DNA in RNA samples, DNA-free™ Kit were used. After RNA
concentration was measured using NanoDrop™ One/OneC Microvolume UV-Vis
Spectrophotometer, RNA samples with concentration more than 200 ng/μl were diluted to
200 ng/μ or less. 44 μl of RNA sample was added to mixture of 1 μl DNase I and 5 μl DNase
buffer. The mixture was then incubated at 37 oC for 30 minutes. Then, 5 μl DNase
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inactivating reagent was added to mixture to terminate reaction. Mixing occasionally,
reactions were incubated for 2 minutes in room temperatures. After centrifugation of the
sample for 2 minutes at 1000 rpm, the supernatant containing DNA-free RNA was
transferred to a new RNase-free tube.
4.7. cDNA synthesis
2000-4000 ng of total RNA was reverse transcribed into cDNA using RevertAid First Strand
cDNA Synthesis Kit. 1 μl of random hexamer primers were added to reaction tube containing
2000-4000 ng/11 μl of total RNA. This mixture was incubated at 65 oC for 5 minutes and
placed on ice. Then, reaction master mix was prepared with 1 μl of 5X reaction buffer, 1 μl
of Ribolock RNase inhibitor, 2 μl of 10 mM dNTP mix and 1 μl of M-MuLV reverse
transcriptase for each sample. 8 μl of this reaction master mix was then added into the sample
containing RNA and random hexamer primers. Each sample was mixed gently by pipetting
and centrifuged briefly. The reaction tube was incubated at 25 oC for 5 minutes followed by
60 minutes at 42 oC. cDNA synthesis reaction was terminated by heating at 70 oC for 5
minutes. No template control reaction was performed using nuclease-free water instead of
RNA samples to check whether reagents were contaminated or not. -RT control reaction was
also performed using nuclease-free water instead of reverse transcriptase to check whether
RNA samples were contaminated with genomic DNA. cDNAs were stored at -80 oC for
further experiments.

4.8. End-point PCR analysis

All samples from cDNA synthesis, including control reactions, were amplified with primers
of GAPDH supplied with RevertAid First Strand cDNA Synthesis Kit in order to check for
cDNA synthesis and contamination. For PCR reaction, 12.5 μl of OneTaq Quick-Load 2X
Master Mix with Standard Buffer, 0.5 μl of 10 μM forward and reverse primers, 9.5 μl of
nuclease free water and 2 μl of samples were mixed. In no template control reaction, nuclease
free water was used instead of samples in order to check any contamination risk in reaction
setup. Initial denaturation with this PCR kit was at 94 oC for 30 seconds followed by 30
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cycles of 94 oC for 20 seconds, 55 oC for 30 seconds, 68 oC for 30 seconds. Final extension
was performed for 5 minutes at 68 oC.

4.9. Agarose gel electrophoresis
To check whether cDNA synthesis result in success and any reagents or samples are
contaminated with genomic DNA, end-point PCR products were run on agarose gel and
visualized in ChemiDoc Imaging Systems. 1.5 g of agarose was dissolved in 100 ml of 1X
TAE buffer by using microwave. After solution was cooled down to 50-55 oC, 5 μl ethidium
bromide was added and mixed well. The solution was then poured into gel tank and the comb
was placed. After solidification, end-point PCR reactions with loading dye and 3 μl of Gene
Ruler 50 bp DNA ladder (#SM0373 Thermo Scientific, MA, USA) were loaded into wells
generated from removing the comb. The gel was run at 125 V for 25 minutes and visualized
under UV via ChemiDoc Imaging Systems.

4.10.

Quantitative real-time PCR analysis

Quantitative real-time PCR was performed Light Cycler 480 II instrument and iTaq
Universal SYBR green supermix. Primers were designed using Primer-BLAST online tool
and sequences were listed in Table 3.3. Each qRT-PCR reaction was performed in triplicates
with no template control for each primer set in each plate. Each 10 μl reaction mix was
prepared with 5 μl iTaq Universal SYBR green supermix, 0.5 μl of 10 μM forward and
reverse primers, 2 μl of sample cDNA and 2 μl nuclease-free water. Thermal cycling
protocol includes initial DNA denaturation and polymerase activation at 95 oC for 30
seconds and amplifications step with denaturation at 95 oC for 15 seconds, 60 oC for 60
seconds in 35-40 cycles. Melt-curve analysis were performed with 0.5 oC increment between
65 oC-95 oC in every 2-5 seconds/step. Cq values were then obtained by instrument,
indicating quantification cycle. Based on Cq values, expression values of genes were then
normalized to housekeeping gene, GAPDH. All relative expression values was calculated
using the 2-DDCT method [156].
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4.11.

Bioinformatic methods
4.11.1. Identification of sensitive and resistant cell lines

Drug-tissue response curves were retrieved from PharmacoDB database [157]. Calculated
Area Above Curve (AAC%) and IC50 values were downloaded from the database. Cell
lines were ranked by AAC (%) or IC50 values from lowest to highest. Top-15 cell lines
ranked by IC50 values and bottom-15 cell lines ranked by AAC% were assigned as
sensitive for each drug response data sets (CCLE, CTRPv2, GDSC1000, gCSI). Bottom-15
cell lines ranked by IC50 values and top-15 cell lines ranked by AAC% were assigned as
resistant for each drug response data sets. Then, common cell lines in at least two of drug
response data sets were chosen as sensitive and resistant cell lines.
For the melanoma cells, sensitivity associated-46 genes were used to cluster cell lines and
to generate a heat map by heatmapper online tool [158]. Based on hierarchical clustering
and chemosensitivity profiles, two subgroups of melanoma cells were identified as
relatively sensitive and resistant to 10a.
4.11.2. Functional enrichment analysis by GSEA, NetworkAnalyst and miRNet
GSEA was performed using default settings on GSEA 4.0.2 software, and gene sets were
extracted from MysigDB v7.0 [9]. Phenotypes defined as sensitive and resistant, were
further analyzed to explore the potential resistance mechanisms against 5-FU, irinotecan,
gemcitabine, doxorubicin and c-Src inhibitor 10a.
For colon, pancreatic and breast cancer cell lines, sensitivity or resistance associated top-50
genes were selected from the differentially expressed gene list that was ranked by p-value
obtained with t test. These gene lists then were used to build protein-protein interaction
networks by using NetworkAnalyst 3.0 [12]. Functional enrichment analysis was then
performed with built-in tools in NetworkAnalyst. To build miRNA-target interaction
networks, significantly differentially expressed miRNA lists (p-value <0.05) were uploaded
to miRNet 2.0. Functional enrichments analysis then performed by integrating proteinprotein interaction networks to miRNA-target interactions. For melanoma cells, sensitivity
and resistance associated gene list from 46-genes was used to build and protein-chemical
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interaction networks by using NetworkAnalyst 3.0. Protein-chemical network data in
NetworkAnalyst is based on the data from Comparative Toxicogenomics Database (CTD)
[160].
4.11.3. Multi-omics data integration with mixOmics
Omics data sets including transcriptomics, mirnomics, proteomics and methylomics were
downloaded from CCLE database (https://sites.broadinstitute.org/ccle/). Based on
sensitivity subgrouping, data sets were pre-filtered according to differential expression
determined with t test (p-value < 0.05). perf.diablo function was used to select the component
number of data sets. In all analyses, first component resulted in the lowest error rate. Feature
selection was then performed with tune.block.splsda function by restricting number of
eligible variables to 5-12 for decreasing computational time. plot.diablo function was used
to show correlations among first component of data sets. plotLoadings function was used to
show loading weights of variables in the first components of data sets. Loading weights
indicated as a contribution score below the figures suggesting the importance of each
selected variable.
4.11.4. Two-fold cross-validation with 1000 iteration
Gene expression data of primary melanoma cell lines used were obtained previously by using
landmark transcripts whose expression levels infer the remainder of the transcriptome
computationally [159]. To identify individual genes whose expression profile shows
significant correlation with 10a chemosensitivity, two-fold cross-validation with 1000
iteration method was used. In this method, cell lines were divided into two groups randomly
with the same sample sizes. In each group, Pearson r and corresponding p-values were
calculated between cytotoxicity values (IC50) and expression of each gene. Significantly
correlated genes in both groups in the same direction with either a positive or negative
correlation in both groups were kept. Aforementioned analysis was performed 1000 times to
see how many times expression of the genes was found correlated with cytotoxicity
information in randomly generated groups.
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4.12.

Statistical Analysis

Different groups were compared with each other by using t test. GraphPad Prism v8.0.1
(Graphpad Software INC.) was used to generate graphs and perform statistical tests. Pvalue less than 0.05 were considered as statistically significant.
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Chapter 5
Results
5.1. Characterization of resistance mechanisms for 5-FU in colon cancer
To characterize drug resistance mechanisms for 5-FU in colon cancer cells, analyses were
performed with GSEA, NetworkAnalyst, miRNet and MixOmics. In order to identify 5-FU
sensitive and –resistant cell lines, drug response profiles were analyzed by using
PharmocoDB

web-application

that

integrates

multiple

high-throughput

cancer

pharmacogenomics datasets (See Methods section). Gene expression data of defined
subgroups were used to identify altered molecular mechanisms by using GSEA tool. In 5FU sensitive colon cancer cell lines, gene sets related to “MYC Targets” were enriched,
indicating the cell proliferation and cell cycle (Figure 5.1).

Figure 5. 1: Enriched gene sets in colon cancer cell lines sensitive to 5-FU. Enrichment
plots indicates the enrichments of gene sets related to increased cell proliferation and cell
cycle.
In 5-FU resistant phenotype, enriched gene sets included those related to epithelial to
mesenchymal (EMT) phenotype, invasiveness, LEF1 and TGFβ that are known to induce
EMT (Figure 5.2). These findings showed that colon cancer cell lines sensitive to 5-FU is
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more epithelial and proliferative in contrast to resistant cell lines which show mainly EMT
phenotype.

Figure 5. 2: Enriched gene sets in colon cancer cell lines resistant to 5-FU.Genes
associated with epithelial to mesenchymal transition and invasiveness signature were
enriched in colon cancer cell lines resistant to 5-FU.

To further analyze 5-FU resistance mechanisms, we performed a network analysis by using
sensitivity associated gene list (See Methods). Protein-protein interaction (PPI) network
mapping were performed via STRING interactome database with the gene list by using
NetworkAnalyst 3.0 tool. Functional enrichment analysis on PPI networks were then
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performed via integrated KEGG and Reactome databases. Cell cycle, cell proliferation,
transcriptional regulation and chromatin organization related genes were found to be highly
enriched in PPI network created by 5-FU sensitivity associated gene list (Figure 5.3).

Figure 5. 3: PPI network analysis with 5-FU sensitivity associated gene list. Analysis
resulted in enrichments of genes related to transcription, cell cycle, chromatin organization
and cell proliferation. Blue nodes indicates genes associated with mentioned enrichments.
To investigate enrichments in resistance phenotype, protein-protein interaction (PPI)
network mapping were performed via NetworkAnalyst by using resistance associated gene
list. Genes related to PI3K/AKT signaling pathway, the mediator of EMT, were highly
enriched in PPI network constructed by resistance associated gene list (Figure 5.4). These
results confirms the phenotypes of 5-FU sensitive and –resistant subgroups of colon cancer
cell lines, suggested by GSEA, as proliferative and mesenchymal, respectively.
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Figure 5. 4: PPI network analysis with 5-FU resistance associated gene list. Analysis
resulted in enrichments of genes related to PI3K/AKT signaling pathway.Blue nodes
indicates genes associated with PI3K/AKT pathway genes in the enrichment analysis.
To further identify the resistance mechanisms, miRNA functional analysis with miRNAtarget interactions in a network context were performed by using a web-based platform,
miRNet 2.0. We performed a network analysis in miRNet by mapping miRNAs and their
targets. Additionally, PPIs were included to target networks. Functional enrichment
analysis on PPI networks were then performed via integrated KEGG and Reactome
databases. In a target network analysis performed with resistance associated miRNAs,
genes associated with cell cycle were found to be higly enriched suggesting decreased
proliferation in 5-FU resistant colon cancer cell lines (Figure 5.5).
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Figure 5. 5: 5-FU resistance associated miRNAs-target network analysis. Analysis
resulted in enrichment in cell cycle related genes.Yellow nodes indicate cell cycle
associated genes in the enrichment analysis.
To gain further insight into differential drug response profiles, we identified most
discriminant subset of biological features by using mixOmics. In the context of supervised
analysis, transcriptomic, mirnomic, proteomic and methylomic data were subjected to
multi-omics integration, in turn, a highly correlated multi-omics signature that
discriminates the sensitive and resistant cell lines was identified. This signature then further
assessed to understand mechanisms underlying drug resistance. To do this, -omics data for
same sensitive and resistant subgroups of cell lines from GSEA were subjected to
integration. Feature selection process identified a multi-omics signature of 10 mRNA
features, 11 miRNA features, 5 proteomic features and 6 methylation features. Figure 5.6
showed that selected features of each omics were highly correlated between each other’s.
Sample scatterplot (upper diagonal plot) shows that the selected features were able to
discriminate sensitive and resistant cell lines. Lower diagonal showed the pearson
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correlation coefficients of selected features of each omics, suggesting a good correlation
between each other (Figure 5.6).

Figure 5. 6: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on 5-FU sensitivity profiles of colon cancer cell lines. Components of
different omics data sets shows the discriminative power of selected features (upper
triangular panel) and the high correlation between components (lower triangular
panel).Blue color indicates resistant cell lines, orange color indicates sensitive cell lines.

Figure 5.7 shows the loading weights of each selected features on the component in
transcriptomic data. TGM2 was most important feature for the component and it is highly
expressed in 5-FU resistant cell lines. DNAH6 is the only feature associated with
sensitivity, that shows upregulation in 5-FU sensitive cell lines (Figure 5.7).
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Figure 5. 7: List of selected mRNA variables and their loading weights associated with
5-FU sensitivity. Blue bars correspond to the 5-FU resistant subgroup in which the variable
is most abundant. Orange bars correspond to the 5-FU sensitive subgroup in which the
variable is most abundant.
Figure 5.8 shows the loading weights of selected miRNAs on the component from
mirnomic data. Members of miR-200 family, suppressors of EMT, miR-200a, Mir-200b
and Mir-429 were among the selected features associated with 5-FU sensitivity (Figure
5.8).

Figure 5. 8: List of selected miRNA variables and their loading weights associated
with 5-FU sensitivity. Blue bars correspond to the 5-FU resistant subgroup in which the
variable is most abundant. Orange bars correspond to the 5-FU sensitive subgroup in
which the variable is most abundant.
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Figure 5.9 shows the selected proteins on the component from proteomic data.
Interestingly, protein expression of transglutaminase also showed abundance in 5-FU
resistant cell lines, confirming mRNA levels. MAPK signaling pathway proteins were also
associated with increased sensitivity against 5-FU (Figure 5.9).

Figure 5. 9: List of selected protein variables and their loading weights associated with
5-FU sensitivity. Blue bars correspond to the 5-FU resistant subgroup in which the variable
is most abundant. Orange bars correspond to the 5-FU sensitive subgroup in which the
variable is most abundant.
Figure 5.10 shows the selected methylation events on the component from methylation
data. Increased methylation levels in TSS region of PRICKLE2 was most important feature
for the component in 5-FU resistant cell lines.

Figure 5. 10: List of selected methylation events and their loading weights associated
with 5-FU sensitivity. Blue bars correspond to the 5-FU resistant subgroup in which the
variable is most abundant. Orange bars correspond to the 5-FU sensitive subgroup in which
the variable is most abundant.
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Collectively, mixOmics analysis revealed the highly important variables that may explain
the resistance mechanisms for 5-FU. Apart from the increased expressions of miR-200
family miRNAs in sensitive cell lines, the correlation between mRNA and protein levels
of transglutaminase (Figure 5.11), as a regulator of EMT, can be potential target to
overcome drug resistance against 5-FU [160].
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Figure 5. 11: Differential transglutaminase mRNA and protein levels in colon cancer
cells. Protein (left) and mRNA (right) expression levels of transglutaminase were found to
be upregulated in 5-FU resistant cell lines. t-test with Welch’s correction were performed
in GraphPad Prism software.
5.2. Characterization of resistance mechanisms for irinotecan in colon cancer
To characterize irinotecan drug resistance mechanisms in colon cancer cells, analyses were
performed with GSEA, NetworkAnalyst, miRNet and MixOmics. Gene expression data
were used to identify altered molecular mechanisms by using GSEA tool. In irinotecan
sensitive colon cancer cell lines, gene sets related to “MYC Targets” were enriched,
indicating the increased cell growth and cell proliferation (Figure 5.12).
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Figure 5. 12: Enriched gene sets in colon cancer cell lines sensitive to irinotecan.
Enrichment plots of gene sets in irinotecan-sensitive colon cancer cell lines indicates
significant enrichments of gene sets related to increased cell proliferation and cellular
growth.
In irinotecan resistant subtype, enriched gene sets included those related to epithelial to
mesenchymal

(EMT)

phenotype

and

stem

cell

phenotype

indicating

highly

undifferentiated state of resistant cells (Figure 5.13). These findings showed that colon
cancer cell lines sensitive to irinotecan is proliferative in contrast to resistant cell lines that
show mainly EMT/stem cell phenotype.

Figure 5. 13: Enriched gene sets in colon cancer cell lines resistant to irinotecan.Genes
associated with epithelial to mesenchymal transition and stem cell signature were enriched
in colon cancer cell lines resistant to irinotecan.
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To further investigate the mechanisms of resistance to irinotecan in colon cancer cells, I
performed PPI network analysis on Network Analyst tool by using resistance associated
gene list. Functional enrichment analysis showed that genes related to EGFR tyrosine
kinase inhibitor resistance and PI3K-AKT signaling pathway (Figure 5.14). These results
suggest the role of EMT in drug resistance since both PI3K-AKT signaling pathway and
EGFR tyrosine kinase inhibitor resistance are associated with epithelial to mesenchymal
transition.

Figure 5. 14: PPI network analysis with irinotecan resistance associated gene list.
Functional enrichment analysis of PPI network mapping resulted in enrichments of genes
related to EGFR tyrosine kinase inhibitor resistance and PI3K-Akt signaling pathway. Blue
nodes indicate genes associated with the aforementioned enrichments.
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Analysis of resistance associated miRNAs-target networks including PPIs with miRNet
showed the functional enrichments of cell cycle related proteins (Figure 5.15). This
suggests that decreased cell proliferation may be regulated with resistance associated
miRNAs in irinotecan resistant colon cancer cells.

Figure 5. 15: miRNAs-target network analysis with irinotecan resistance associated
miRNAs. Functional enrichment analysis of irinotecan-resistance associated miRNAstarget network mapping with PPIs resulted the enrichments of cell cycle related
proteins.Yellow nodes indicate cell cycle related genes, square nodes show irinotecanresistance associated miRNAs.
To gain further insight into differential drug response profiles, we identified most
discriminant subset of biological features by using mixOmics. In the context of supervised
analysis, transcriptomic, mirnomic, proteomic and methylomic data were subjected to
multi-omics integration, in turn, a highly correlated multi-omics signature that
discriminates the irinotecan-sensitive and -resistant cell lines was identified. Feature
selection process identified a multi-omics signature of 7 mRNA features, 7 miRNA
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features, 7 proteomic features and 6 methylation features. Figure 5.16 showed that selected
features of each omics were highly correlated between each other’s. Sample scatterplot
(upper diagonal plot) shows that the selected features were able to discriminate irinotecansensitive and –resistant colon cancer cell lines. Lower diagonal showed the Pearson
correlation coefficients of selected features of each omics, suggesting a good correlation
between each other. For the selected features, highest correlation were observed between
the components of mRNA and methylome (Figure 5.16).

Figure 5. 16: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of colon cancer cell lines.Components
of different omics data sets shows the discriminative power of selected features (upper
triangular panel) and the high correlation between components (lower triangular panel).
Blue color indicates irinotecan-resistant cell lines, orange color indicates irinotecansensitive cell lines.
Figure 5.17 shows the loading weights of each selected features on the component in
transcriptomic data. Higher expressions of C8orf4, EGFL6, SLC6A4 and FOSL1 genes
were associated with irinotecan resistance while SLC17A4, TMEM158 and AKAP12
expressions were abundant in irinotecan sensitive colon cancer cell lines (Figure 5.17).
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Figure 5. 17: List of selected mRNA variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
Figure 5.18 shows the loading weights of selected miRNAs on the component from
mirnomic data. Similar to 5-FU sensitivity profile, one of the miR-200 family members,
miR-200a, was found to be associated with increased sensitivity to irinotecan (Figure
5.18).

Figure 5. 18: List of selected miRNA variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
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Figure 5.19 shows the selected proteins on the component from proteomic data.
Interestingly, protein expression of FRA1 (FOSL1) also showed abundance in irinotecan
resistant cell lines, confirming mRNA levels. RB1 pS807_S811 and Caveolin-1 protein
expression levels showed correlation with sensitivity to irinotecan

(Figure 5.19).

Additionally, five methylation events were selected by the mixOmics providing
discrimination of cell lines based on sensitivity to irinotecan (Figure 5.20).

Figure 5. 19: List of selected protein variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.

Figure 5. 20: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
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Collectively, mixOmics analysis revealed the highly important variables that may explain
the resistance mechanisms for irinotecan. FOSL1 (Fra1 protein) is one of the key variables
in the selected features, having a role in cancer aggressiveness and EMT activated by Wnt/
β-catenin signaling pathway [161]. Figure 5.21 shows increased expression of FOSL1 in
both mRNA and protein level.
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Figure 5. 21: Protein expression levels and mRNA expression levels of FOSL1 in
irinotecan-sensitive and –resistant cell lines. Expression levels are significantly higher
in resistant cell lines (p<0.05). t-test with Welch’s correction were performed in GraphPad
Prism software.
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5.3. Characterization of resistance mechanisms for irinotecan in pancreatic cancer
To characterize irinotecan drug resistance mechanisms in pancreatic cancer cell lines,
analyses were performed with GSEA, NetworkAnalyst, miRNet and MixOmics. Gene
expression data of defined subgroups were used to identify altered molecular mechanisms
by using GSEA tool. In irinotecan sensitive pancreatic cancer cell lines, gene sets related
to “epithelial differentiation” and genes upregulated after knockdown of EMT-activator
ZEB1 were enriched, indicating the increased epithelial phenotype of sensitive cells
(Figure 5.22).

Figure 5. 22: Enriched gene sets in pancreatic cancer cell lines sensitive to
irinotecan. Enrichment plots of highly enriched gene sets in irinotecan sensitive
pancreatic cancer cell lines, indicating enrichments of gene sets related to epithelial
phenotype.
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In irinotecan resistant cell lines, enriched gene sets included those related to epithelial to
mesenchymal (EMT) phenotype and multicancer invasiveness signature (Figure 5.23).
These findings showed that pancreatic cancer cell lines sensitive to irinotecan more
epithelial in contrast to resistant cell lines that show mainly EMT/invasive phenotype.

Figure 5. 23: Enriched gene sets in pancreatic cancer cell lines resistant to irinotecan.
Enrichment plots of highly enriched gene sets in irinotecan resistant pancreatic cancer cell
lines, indicating enrichments of gene sets related to EMT and invasive phenotype.
To further investigate the mechanisms of resistance to irinotecan in pancreatic cancer cells,
I performed PPI network analysis on Network Analyst tool by using resistance associated
gene list. Functional enrichment analysis showed that genes related to FGFR tyrosine
kinase signaling were highly enriched in the network (Figure 5.24).
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Figure 5. 24: PPI network analysis with irinotecan resistance associated gene list.
Functional enrichment analysis of PPI network mapping resulted in enrichments of genes
related to FGFR tyrosine kinase signaling.Blue nodes indicate genes associated with the
aforementioned enrichments.
Analysis of sensitivity associated miRNAs-target networks including PPIs with miRNet
showed the functional enrichments of Wnt signaling pathway proteins (Figure 5.25).
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Figure 5. 25: PPI network analysis with irinotecan sensitivity associated miRNA list.
Functional enrichment analysis of irinotecan-sensitivity associated miRNAs-target
network mapping with PPIs resulted the enrichments of Wnt signaling proteins. Yellow
nodes indicate Wnt signaling pathway related genes, square nodes show irinotecansensitivity associated miRNAs.

To gain further insight into differential drug response profiles, we identified most
discriminant subset of biological features by using mixOmics. In the context of supervised
analysis, transcriptomic, mirnomic, proteomic and methylomic data were subjected to
multi-omics integration, in turn, a highly correlated multi-omics signature that
discriminates the irinotecan-sensitive and -resistant cell lines was identified. Feature
selection process identified a multi-omics signature of 11 mRNA variables, 12 miRNA
features, 8 proteomic features and 7 methylation features. Figure 5.26 showed that selected
features of each omics were highly correlated between each other’s. Sample scatterplot
(upper diagonal plot) shows that the selected features were able to discriminate irinotecansensitive and –resistant pancreatic cancer cell lines. Lower diagonal showed the Pearson
correlation coefficients of selected features of each omics, suggesting a good correlation
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between each other For the selected features, highest correlation were observed between
the components of mRNA and methylome (Figure 5.26).

Figure 5. 26: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of pancreatic cancer cell lines.
Components of different omics data sets shows the discriminative power of selected
features (upper triangular panel) and the high correlation between components (lower
triangular panel). Blue color indicates irinotecan-resistant cell lines, orange color indicates
irinotecan-sensitive cell lines.

Figure 5.27 shows the loading weights of each selected features on the component in
transcriptomic data. Higher expressions of ENPP1, NECAB1, CHST10, SLC26A10,
GOLGA8R and TRPC1 genes were associated with irinotecan resistance while TNNI2,
SYT8, UPK2 and SCEL expressions were abundant in irinotecan sensitive pancreatic
cancer cell lines (Figure 5.27).
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Figure 5. 27: List of selected mRNA variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
Figure 5.28 shows the loading weights of selected miRNAs on the component from
mirnomic data. miR-302c, miR-576-3p, miR-219-2-3p, miR-508-3p and miR-1288 were
found to be associated with increased sensitivity to irinotecan. On the other hand, miR140-5p and miR-96 were associated with irinotecan resistance (Figure 5.28).

Figure 5. 28: List of selected miRNA variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
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Figure 5.29 shows the selected proteins on the component from proteomic data.
Interestingly, protein expressions of beta-catenin, porin, bid, alpha-catenin and bcl-xl
showed abundance in irinotecan sensitive cell lines. DJ-1 and PI3K-p110-alpha showed
abundance in irinotecan resistant cell lines (Figure 5.29).
Additionally, five methylation events were selected by the mixOmics providing
discrimination of cell lines based on sensitivity to irinotecan (Figure 5.30).

Figure 5. 29: List of selected protein variables and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.
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Figure 5. 30: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant. Orange bars correspond to the irinotecan sensitive
subgroup in which the variable is most abundant.

5.4. Characterization of resistance mechanisms for gemcitabine in pancreatic cancer
To characterize gemcitabine drug resistance mechanisms in pancreatic cancer cell lines,
analyses were performed with GSEA, NetworkAnalyst, miRNet and MixOmics. Gene
expression data of defined subgroups were used to identify altered molecular mechanisms
by using GSEA tool. In gemcitabine sensitive pancreatic cancer cell lines, genes associated
with epithelial differentiation and gene set including genes upregulated in basal-like breast
cancer cell lines as compared to the mesenchymal-like ones were enriched, indicating the
increased epithelial phenotype of sensitive cells (Figure 5.31).
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Figure 5. 31: Enriched gene sets in pancreatic cancer cell lines sensitive to
gemcitabine. Enrichment plots of gene sets in gemcitabine-sensitive pancreatic cancer cell
lines show significant enrichments of gene sets contain genes that are upregulated after
ZEB1 knockdown and in basal-like breast cancer cell lines as compared to the
mesenchymal-like ones.

In gemcitabine resistant cell lines, enriched gene sets included those related to epithelial to
mesenchymal (EMT) and “MYC Targets” (Figure 5.32). These findings showed that
pancreatic cancer cell lines sensitive to gemcitabine are more epithelial in contrast to
resistant cell lines that show mainly EMT phenotype.
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Figure 5. 32: Enriched gene sets in pancreatic cancer cell lines resistant to
gemcitabine. Enrichment plots of highly enriched gene sets in gemcitabine resistant
pancreatic cancer cell lines, indicating enrichments of gene sets related to EMT
phenotype.

To further investigate the mechanisms of resistance to gemcitabine in pancreatic cancer
cells, I performed PPI network analysis on Network Analyst tool by using resistance
associated gene list. Functional enrichment analysis showed that genes related to FGFR
tyrosine kinase signaling and PI3K-Akt signaling were highly enriched in the network
(Figure 5.33).
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Figure 5. 33: PPI network analysis with gemcitabine resistance associated gene list.
Functional enrichment analysis of PPI network mapping resulted in enrichments of genes
related to FGFR tyrosine kinase signaling and PI3K-Akt signaling. Blue nodes indicate
genes associated with the aforementioned enrichments.
To gain further insight into differential drug response profiles, we identified most
discriminant subset of biological features by using mixOmics. Feature selection process
identified a multi-omics signature of 7 mRNA variables, 7 miRNA features, 7 proteomic
features and 5 methylation features. Figure 5.34 showed that selected features of each
omics were highly correlated between each other’s. Sample scatterplot (upper diagonal
plot) shows that the selected features were able to discriminate gemcitabine-sensitive and
–resistant pancreatic cancer cell lines. Lower diagonal showed the Pearson correlation
coefficients of selected features of each omics, suggesting a good correlation between each
other. For the selected features, highest correlation were observed between the components
of mRNA, mirnome and proteome (Figure 5.34).
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Figure 5. 34: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on irinotecan sensitivity profiles of pancreatic cancer cell lines.
Components of different omics data sets shows the discriminative power of selected
features (upper triangular panel) and the high correlation between components (lower
triangular panel). Blue color indicates gemcitabine-resistant cell lines, orange color
indicates irinotecan-sensitive cell lines.
Figure 5.35 shows the loading weights of each selected features on the component in
transcriptomic data. Higher expressions of CAMK1 gene were associated with gemcitabine
resistance while ALDH3B2, CLEC7A, ATP2C2, FAM83H-AS1, LIPM, and SYT7
expressions were abundant in gemcitabine sensitive pancreatic cancer cell lines (Figure
5.35).
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Figure 5. 35: List of selected mRNA variables and their loading weights associated
with gemcitabine sensitivity. Blue bars correspond to the gemcitabine resistant subgroup
in which the variable is most abundant. Orange bars correspond to the gemcitabine
sensitive subgroup in which the variable is most abundant.

Figure 5.36 shows the loading weights of selected miRNAs on the component from
mirnomic data. Similar to irinotecan sensitivity profile in pancreatic cancer cell lines, miR140-5p was found to be associated with increased resistance to gemcitabine. Additionally,
let-7g, miR-128, miR-29a, and miR-425 were associated with gemcitabine resistance.
Sensitivity associated miRNAs included miR-876-3p and miR-141 (Figure 5.36).
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Figure 5. 36: List of selected miRNA variables and their loading weights associated
with gemcitabine sensitivity. Blue bars correspond to the gemcitabine resistant subgroup
in which the variable is most abundant. Orange bars correspond to the gemcitabine
sensitive subgroup in which the variable is most abundant.
Figure 5.37 shows the selected proteins on the component from proteomic data. Protein
expression E-Cadherin, claudin-7 of RAB25 also showed abundance in gemcitabine
sensitive cell lines, confirming enrichment analysis results. TSC1 and STAT5-alpha
expressions were associated with resistance to gemcitabine (Figure 5.37).
Additionally, five methylation events were selected by the mixOmics providing
discrimination of cell lines based on sensitivity to gemcitabine (Figure 5.38). Two regions
of TJP2 were found to be hypermethylated in sensitive cells. Nevertheless, mRNA levels
were not correlated with methylation levels in TJP2 gene (data not shown).
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Figure 5. 37: List of selected protein variables and their loading weights associated
with gemcitabine sensitivity. Blue bars correspond to the gemcitabine resistant subgroup
in which the variable is most abundant. Orange bars correspond to the gemcitabine
sensitive subgroup in which the variable is most abundant.

Figure 5. 38: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. Orange bars correspond to the gemcitabine sensitive subgroup
in which the variable is most abundant.
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5.5. Characterization of resistance mechanisms for doxorubicin in breast cancer
To characterize drug resistance mechanisms for doxorubicin in breast cancer cells, analyses
were performed with GSEA, NetworkAnalyst, miRNet and MixOmics. In order to identify
doxorubicin sensitive and –resistant cell lines, drug response profiles were analyzed by using
PharmocoDB

web-application

that

integrates

multiple

high-throughput

cancer

pharmacogenomics datasets. Gene expression data of defined subgroups were used to
identify altered molecular mechanisms by using GSEA tool. In contrast to identified
resistance mechanisms in colon and pancreatic cancer cells for 5-FU, irinotecan and
gemcitabine, mechanisms for doxorubicin drug sensitivity in breast cancer cells showed clear
distinction. In doxorubicin sensitive breast cancer cell lines, gene sets related to “EpithelialMesenchymal Transition” and “MYC Targets” were found to be enriched. Additionally,
genes upregulated in invasive ductal carcinoma and in response to TGFB1 were enriched in
doxorubicin sensitive cells (Figure 5.39).
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Figure 5. 39: Enriched gene sets in pancreatic cancer cell lines sensitive to
doxorubicin. Enrichment plots of highly enriched gene sets in doxorubicin sensitive breast
cancer cell lines, indicating enrichments of gene sets related to mesenchymal/invasive
phenotype.

In doxorubicin resistant subgroup, GSEA analysis showed the enrichments in gene sets
related to early and late estrogen response and upregulated genes in ESR1 positive cells
(Figure 5.40).
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Figure 5. 40: Enriched gene sets in pancreatic cancer cell lines resistant to
doxorubicin. Enrichment plots of highly enriched gene sets in doxorubicin resistant breast
cancer cell lines, indicating enrichments of gene sets related to estrogen receptor positive
phenotype.

To further investigate the mechanisms of sensitivity to doxorubicin in breast cancer cells,
we performed PPI network analysis on Network Analyst tool by using sensitivity
associated gene list. Functional enrichment analysis showed that genes related to TGF-beta
receptor signaling that activates SMADs were highly enriched in the network (Figure 5.41).
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Figure 5. 41: PPI network analysis with doxorubicin sensitivity associated gene
list.Functional enrichment analysis of PPI network mapping resulted in enrichments of
genes related to TGF-beta receptor signaling activates SMADs.Blue nodes indicate genes
associated with the aforementioned enrichments.

We performed PPI network analysis on Network Analyst tool by using resistance
associated gene list. Functional enrichment analysis showed that genes related to ERBB
signaling pathway were highly enriched in the network (Figure 5.42).
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Figure 5. 42: PPI network analysis with doxorubicin resistance associated gene list.
Functional enrichment analysis of PPI network mapping resulted in enrichments of genes
related to ERBB signaling pathway. Blue nodes indicate genes associated with the
aforementioned enrichments.

Analysis of resistance associated miRNAs-target networks including PPIs with miRNet
showed the functional enrichments of PI3K-Akt signaling pathway proteins (Figure 5.43).

Figure 5. 43: PPI network analysis with doxorubicin resistance associated miRNA list.
Functional enrichment analysis of doxorubicin-resistance associated miRNAs-target
network mapping with PPIs resulted the enrichments of PI3K-AKT signaling proteins.
Yellow nodes indicate PI3K-AKT signaling related genes, square nodes show doxorubicinresistance associated miRNAs.
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To gain further insight into differential drug response profiles, we identified most
discriminant subset of biological features by using mixOmics. Feature selection process
identified a multi-omics signature of 7 mRNA variables, 7 miRNA features, 7 proteomic
features and 5 methylation features. Figure 5. showed that selected features of each omics
were highly correlated between each other’s. Sample scatterplot (upper diagonal plot)
shows that the selected features were able to discriminate doxorubicin-sensitive and –
resistant cell lines. Lower diagonal showed the Pearson correlation coefficients of selected
features of each omics, suggesting a good correlation between each other. For the selected
features, highest correlation were observed between the components of mRNA, mirnome
and proteome (Figure 5.44).

Figure 5. 44: Sample scatter plot and pearson correlation coefficients of mixOmics
analysis based on doxorubicin sensitivity profiles of breast cancer cell lines.
components of different omics data sets shows the discriminative power of selected
features (upper triangular panel) and the high correlation between components (lower
triangular panel). Blue color indicates doxorubicin-resistant cell lines, orange color
indicates doxorubicin-sensitive cell lines.
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Figure 5.45 shows the loading weights of each selected features on the component in
transcriptomic data. Higher expressions of ALG1L, REEP6, TFF1 and EPX genes were
associated with doxorubicin resistance while RANGRF, TRIB2 and ZSCAN23
expressions were abundant in doxorubicin sensitive breast cancer cell lines (Figure 5.45).

Figure 5. 45: List of selected mRNA variables and their loading weights associated
with doxorubicin sensitivity. Blue bars correspond to the doxorubicin resistant subgroup
in which the variable is most abundant. Orange bars correspond to the doxorubicin
sensitive subgroup in which the variable is most abundant.
Figure 5.46 shows the loading weights of selected miRNAs on the component from
mirnomic data. All selected miRNAs ahowed correlation with increased resistance to
doxorubicin. miRNAs included miR-301a, miR-454, miR-16, miR-339-3p, miR-203, miR193b and miR-26a (Figure 5.46).
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.
Figure 5. 46: List of selected miRNA variables and their loading weights associated
with doxorubicin sensitivity. Blue bars correspond to the doxorubicin resistant subgroup
in which the variable is most abundant.
Figure 5.47 shows the selected proteins on the component from proteomic data. Protein
expression of GATA3, ER-Alpha, AR, HER3 and E-Cadherin showed abundance in
doxorubicin resistant cell lines. On the other hand, cyclin E1 and ERK2 proteins were
associated with doxorubicin sensitivity (Figure 5.47).
Additionally, five methylation events were selected by the mixOmics providing
discrimination of cell lines based on sensitivity to doxorubicin (Figure 5.48).
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Figure 5. 47: List of selected protein variables and their loading weights associated
with doxorubicin sensitivity. Blue bars correspond to the doxorubicin resistant subgroup
in which the variable is most abundant. Orange bars correspond to the doxorubicin
sensitive subgroup in which the variable is most abundant.

Figure 5. 48: List of selected methylation events and their loading weights associated
with irinotecan sensitivity. Blue bars correspond to the irinotecan resistant subgroup in
which the variable is most abundant.
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5.6. Reversal of EMT by natural compounds to overcome EMT-driven drug resistance
Our in silico analyses revealed that EMT is a main player in chemotherapy resistance in
different types of cancer. Therefore, we hypothesized that reversal of EMT with natural
compounds can be effective strategy to overcome EMT-mediated drug resistance. To
investigate the role of natural compounds in the modulation of epithelial/mesenchymal
phenotypes of cancer cells, we used six cell lines from three different cancer types to
explore whether treating these cancer cell lines with natural products results in switching
of their epithelial/mesenchymal phenotype. First, we measured their EMT marker gene
levels in cancer cell lines. These six cell lines displayed distinct characteristics based on
expression of epithelial and mesenchymal marker genes, CDH1 and VIM respectively
(Figure 5.49). Caco-2 exhibited high levels of CDH1 expression. KM12, LoVo and WiDr
colon cancer cells had intermediate expression levels of CDH1 while MDA-MB-157 breast
cancer cells and MIA PaCa-2 pancreatic cancer cells had highly low levels of CDH1
expression. On the other hand, VIM expression was high in MDA-MB-157 and MIA PaCa2 cells while KM12 exhibited intermediate levels of expression and Caco-2, WiDr, LoVo
cells had highly low levels of VIM expression. These data suggest that Caco2-, LoVo and
WiDr have more epithelial characteristics compared to intermediary phenotype of KM12
and mesenchymal phenotypes of MDA-MB-157 and MIA PaCa-2 cells (Figure 5.49).
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Figure 5. 49: Expression levels of EMT marker genes in cancer cell lines. Expression
levels of epithelial marker CDH1 gene and mesenchymal marker VIM gene in Caco-2,
KM12, LoVo and WiDr colon cancer cells, MDA-MB-157 breast cancer cell line and MIA
PaCa-2 pancreatic cancer cell line was measured with qRT-PCR. GAPDH was used as
reference gene to normalize expression levels; relative quantification is based on Caco-2
VIM expression that was set to 1.
To measure effects of natural compounds on epithelial/mesenchymal phenotype of cancer
cell lines, we treated these cells with the eight natural compounds, Fulvestrant and
Metformin at multiple doses and quantified the expression of CDH1 and VIM via qRTPCR upon 48-hour treatment. An increase in CDH1, and a decrease in VIM expression
upon treatment compared to the untreated control cells were considered as indicators of
MET induction, and vice versa for EMT induction. In Caco-2 cells, MET induction was
achieved with none of the treatments. On the contrary, treatments with 5, 20 μM of
Apigenin, 5, 20 μM of Fisetin, 20 μM of Resveratrol and 1, 5 μM of Metformin resulted in
upregulation of VIM. Forskolin and Fulvestrant treatments resulted in downregulation of
both CDH1 and VIM. Furthermore, none of treatments were observed to upregulate CDH1
expression (Figure 5.50).

71

CDH1
VIM

2

1

0

Caco-2 Control
Apigenin 5 µM
Apigenin 20 µM
Curcumin 2 µM
Curcumin 5 µm
EGCG 2 µM
EGCG 10 µM
Fisetin 5 µM
Fisetin 20 µM
Forskolin 1 µM
Forskolin 5 µM
Procyanidin 5 µM
Procyanidin 20 µM
Resveratrol 5 µM
Resveratrol 20 µM
Urolithin 5 µM
Urolithin 20 µM
Fulvestrant 2 µM
Fulvestrant 10 µM
Metformin 1 µM
Metformin 5 µM

Relative mRNA Expression

Caco-2

3

Figure 5. 50: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in Caco-2. The cells were treated with indicated concentration for
48 h. Gene expression levels were evaluated by qRT-PCR and normalized according to
GAPDH expression levels. Relative expressions of CDH1 and VIM were calculated by
comparing to untreated Caco-2 cells.

In KM12 cells, MET induction were highly selective. Treatment with 5 μM of apigenin
resulted in downregulation of VIM but had no effect on CDH1 expression levels. 20 μM
of apigenin increased the downregulation of VIM but still had no effect on CDH1. Both
doses of curcumin treatment downregulated CDH1 but only 10 μM of curcumin was shown
to downregulate VIM. 20 μM of fisetin showed most promising induction of MET by
upregulating CDH1 expression levels 100% and downregulating VIM expression levels
almost 80%. Similarly, forskolin treatments resulted in 80% downregulation of VIM
expression levels while CDH1 upregulation was limited. Urolithin treatments did not affect
the expression levels of CDH1 and VIM while 1 μM of fulvestrant were shown to
downregulate both genes and treatment with 5 μM of fulvestrant downregulated VIM
expression slightly (Figure 5.51).
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Figure 5. 51: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in KM12. The cells were treated with indicated concentration for
48 h. Gene expression levels were evaluated by qRT-PCR and normalized according to
GAPDH expression levels. Relative expressions of CDH1 and VIM were calculated by
comparing to untreated KM12 cells.

In LoVo colon cancer cell line, 5 μM of apigenin was shown to upregulate CDH1 and
downregulate VIM. On the other hand, treatment with 20 μM of apigenin resulted in
downregulation of both genes. Curcumin did not induce the change in expression levels.
Treatment with 5 μM and 20 μM of fisetin was shown to downregulate VIM levels
similarly, only 20 μM of fisetin was observed to downregulate CDH1 levels. 10 μM of
forskolin was shown to downregulate VIM, but higher dose did not exhibit similar effect.
Only slight upregulation of CDH1 was observed with 30 μM of forskolin. Low dose of
urolithin A downregulated VIM slightly with no effect on CDH1 while higher dose was
shown to downregulate both. Both doses of fulvestrant achieved upregulation of CDH1 but
only 5 μM of fulvestrant downregulated VIM expression (Figure 5.52).
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Figure 5. 52: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in LoVo. The cells were treated with indicated concentration for
48 h. Gene expression levels were evaluated by qRT-PCR and normalized according to
GAPDH expression levels. Relative expressions of CDH1 and VIM were calculated by
comparing to untreated LoVo cells.

In WiDr cells, 5 μM of apigenin downregulated VIM expression, however, higher dose
reversed this effect by upregulating VIM and downregulating CDH1. 2 μM of curcumin
upregulated both CDH1 and VIM while high dose of curcumin only upregulated of CDH1
with no effect on VIM. Only 20 μM of fisetin affected the expression levels of CDH1 and
VIM by downregulating. Treatments with forskolin were shown to downregulate both
genes with more than 50% reduction in VIM levels. Slight upregulation in CDH1 with 5
μM urolithin A treatment were observed but 20 μM urolithin A treatment resulted in
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downregulation of CDH1. 1 μM of fulvestrant was shown to downregulate both genes
while 5 μM of fulvestrant had no effect on gene expression of these genes (Figure 5.53).

WiDr

1.5

1.0

0.5

0.0

WiDr Control
Apigenin 5 µM
Apigenin 20 µM
Curcumin 2 µM
Curcumin 10 µM
EGCG 2 µM
EGCG 10 µM
Fisetin 5 µM
Fisetin 20 µM
Forskolin 10 µM
Forskolin 30 µM
Procyanidin 10 µM
Resveratrol 5 µM
Resveratrol 20 µM
UrolithinA 5 µM
UrolithinA 20 µM
Fulvestrant 1 µM
Fulvestrant 5 µM
Metformin 1 µM
Metformin 5 µM

Relative mRNA Expression

2.0

Figure 5. 53: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in WiDr. The cells were treated with indicated concentration for
48 h. Gene expression levels were evaluated by qRT-PCR and normalized according to
GAPDH expression levels. Relative expressions of CDH1 and VIM were calculated by
comparing to untreated WiDr cells.

In MDA-MB-157 breast cancer cell line, only treatment with 20 μM resveratrol resulted
in CDH1 upregulation with slight decrease in VIM expression. All other treatments had
no effect on CDH1 expression or resulted in 50% downregulation of CDH1 expression.
Indeed, 2 μM EGCG, 20 μM procyanidin B2, 5 μM resveratrol, fulvestrant and
metformin treatments resulted in slight upregulation of VIM expression. Slight decreases
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in VIM expression were observed in 20 μM apigenin, fisetin and forskolin treatments

MDA-MB-157
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1.0
0.5
0.0

MDA-MB-157 Control
Apigenin 5 µM
Apigenin 20 µM
Curcumin 2 µM
Curcumin 5 µm
EGCG 2 µM
EGCG 10 µM
Fisetin 5 µM
Fisetin 20 µM
Forskolin 1 µM
Forskolin 5 µM
Procyanidin 5 µM
Procyanidin 20 µM
Resveratrol 5 µM
*Resveratrol 20 µM
Urolithin 5 µM
Urolithin 20 µM
Fulvestrant 2 µM
Fulvestrant 10 µM
Metformin 1 µM
Metformin 5 µM

Relative mRNA Expression

(Figure 5.54).

Figure 5. 54: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in MDA-MB-157. The cells were treated with indicated
concentration for 48 h. Gene expression levels were evaluated by qRT-PCR and
normalized according to GAPDH expression levels. Relative expressions of CDH1 and
VIM were calculated by comparing to MDA-MB-157 untreated cells.

In MIA PaCa-2 pancreatic cancer cell line, treatments were performed at single dose. All
drug treatments resulted in upregulation of CDH1 expression. However, treatments
downregulated VIM expression levels slightly except curcumin treatment which resulted
in upregulation of VIM (Figure 5.55). Nevertheless, this increase in CDH1 expression may
be considered as mild phenotypic switch since CDH1 levels were already very low even
after the treatments when compared to CDH1 expression levels in colon cancer cell lines
(Figure 5.55).
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MIA PaCa-2
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*Metformin 2.5 mM

*Fulvestrant 10 µM

Urolithin A 40 µM

Resveratrol 10 µM

*Procyanidin B2 20 µM

Forskolin 40 µM

*Fisetin 20 µM

EGCG 40 µM

Curcumin 10 µM
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*Apigenin 20 µM
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Figure 5. 55: Effect of natural compounds and repurposed agents on the expression
of EMT marker genes in MIA PaCa-2. The cells were treated with indicated
concentration for 48 h. Gene expression levels were evaluated by qRT-PCR and
normalized according to GAPDH expression levels. Relative expressions of CDH1 and
VIM were calculated by comparing to MIA PaCa-2 untreated cells.
Overall, only a few of natural compound treatments were able to induce MET in specific
cancer cell lines in our experiments, suggesting a highly selective cell-line specific action
(Table 5.1). Interestingly, none of the compounds were able to induce MET in the WiDr
and Caco-2 cell lines. In LoVo cell line, apigenin and fulvestrant treatments resulted in
MET induction. In KM12 cell line, Fisetin and Forskolin treatments resulted in MET
induction. Resveratrol was the only natural compound that induces MET in MDA-MB157. In MIA PaCa-2 cell line, partial EMT was observed almost all treatments.
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Table 5. 1: Summary table of MET induction experiments.

Apigenin
Curcumin
EGCG
Fisetin
Forskolin
Procyanidin B2
Resveratrol
Urolithin A
Fulvestrant
Metformin(mM)

LoVo
complete
no
no
no
no
no
no
no
complete
no

Induction of MET
Caco2
KM12
no
no
no
no
no
no
no
complete
no
complete
no
no
no
no
no
no
no
no
no
no

WiDr
no
no
no
no
no
no
no
no
no
no

MDA-MB-157
no
no
no
no
no
no
complete
no
no
no

MIA PaCa-2
partial
no
partial
partial
partial
partial
partial
partial
partial
partial

*complete: it indicates upregulation in CDH1 and downregulation in VIM expression.
* partial: it suggests that treatments resulted in mild inductions, only upregulation in CDH1.

5.6.1. Use of natural products to enhance 5-FU and Oxaliplatin sensitivity in KM12 colon
cancer cells
Since MET induction were highly selective in different cell lines, we first sought to
characterize the ability of natural products in enhancing sensitivity to conventional
chemotherapeutics, 5-FU and oxaliplatin. We selected KM12 colon cancer cell line to
perform combinational treatments, since most obvious MET inductions were observed
with 20 μM fisetin and 30 μM forskolin treatments. KM12 cells were treated with 5-FU at
six different concentrations (5-FU:100 μM -0.01 μM) alone or in combination with single
dose of natural compounds. With the lowest dose of 5-FU, we observed that most of natural
compounds affected cell viability of KM12. Curcumin, apigenin, fisetin and forskolin
decreased cell viability more than 60%. With these doses, it was difficult to understand
efficacy of natural compounds and fulvestrant in combination with 5-FU (Figure 5.56).
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5-FU + Forskolin 30 µM
5-FU + Urolithin A 20 µM
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Figure 5. 56: Combination treatment of KM12 cells with 5-FU and natural
compounds. KM12 cells were treated with six different doses of 5-FU (100 μM-0.5 μM)
alone or in combination with natural compounds and fulvestrant.

KM12 cells were treated with oxaliplatin at six different concentrations (50 μM -0.01 μM)
alone or in combination with single dose of natural compounds. Similarly, we could not
understand the efficacy of natural compounds and fulvestrant in combination with
oxaliplatin since Curcumin, apigenin, fisetin and forskolin decreased cell viability more
than 60% (Figure 5.57). These results prompted us to measure effects of natural compounds
on cell viability.
KM12

% Viability

150

Oxaliplatin
Oxa + Curcumin 10 µM
Oxa + Forskolin 30 µM

100

Oxa + Urolithin A 20 µM
Oxa + Fisetin 20 µM
Oxa + Apigenin 20 µM
Oxa + Fulvestrant 5 µM

50

0
-2

-1

0

1

2

logDose µM

Figure 5. 57: Combination treatment of KM12 cells with oxaliplatin and natural
compounds. KM12 cells were treated with six different doses of oxaliplatin (25 μM-0.05
μM) alone or in combination with natural compounds and fulvestrant.
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5.6.2. Effects of natural products on cancer cell viability
We sought to characterize the inhibitory effects of natural products and re-purposed agents
on various breast, colon and pancreatic cancer cell lines. We observed that breast cancer
cell lines were highly resistant to most of the compounds screened, since IC50 was not
reached in 28 out of 51 compound-cell line combinations (Table 5.2). On the other hand,
curcumin exhibited a remarkable dose-dependent inhibition of cell viability with IC50
ranging from 12 to 40 μM. Additionally, apigenin and resveratrol showed variance in the
inhibitory activity on cell viability whereas fisetin and forskolin exhibit highly selective
cytotoxicity on cell lines. MDA-MB-453 was the only breast cancer cell line that is
sensitive to fulvestrant which may be a result of HER2-overexpression in this cell line
while other cell lines were triple-negative. On the other hand, EGCG, procyanidin B2,
urolithin A and metformin in micromolar concentrations do not have an effect on cell
viability in breast cancer cell lines at all.
Table 5. 2: In vitro cytotoxicity analyses of natural compounds and repurposed
agents in breast cancer cell lines.
CAL- MDA-MB- MDA-MB- MDA-MB- MDA-MB- MDA-MB51
157
231
436
453
468
Apigenin
34
78
106
52
36
43
Curcumin
24
23
40
12
14
30
EGCG
NS
NS
RES
RES
RES
RES
Fisetin
41
39
RES
86
72
RES
Forskolin
48
RES
RES
RES
38
RES
Procyanidin B2 NS
NS
RES
NS
RES
RES
Resveratrol
NS
NS
33
54
64
30
Urolithin A
RES
RES
RES
RES
RES
RES
Fulvestrant
RES
RES
RES
RES
29
RES
Metformin
NS
NS
RES
RES
RES
RES
IC50 (μM)

Similar to our findings in breast cancer, curcumin was the most effective compound for
inhibition of viability in colon cancer cell lines with IC50 ranging from 6 to 15 μM. We
observed moderate inhibition of cell viability with apigenin, EGCG, fisetin, resveratrol and
urolithin A in micromolar levels. In addition, metformin in millimolar levels showed
cytotoxic activity against colon cancer cell lines. The fact that KM12 is the only cancer
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cell line sensitive to forskolin among our colon cancer cell line panel, is also evident in
NCI-60 drug sensitivity data (Figure 5.58). On the other hand, procyanidin B2 and
fulvestrant did not exhibit an inhibitory effect on colon cancer cell viability (Table 5.3).
Table 5. 3: In vitro cytotoxicity analyses of natural compounds and repurposed
agents in colon cancer cell lines.
IC50 (μM)
Apigenin
Curcumin
EGCG
Fisetin
Forskolin
Procyanidin B2
Resveratrol
Urolithin A
Fulvestrant
Metformin(mM)

HCT8
19
12
14
35
RES
RES
35
40
RES
2

KM12
26
10
17
16
4
RES
47
RES
RES
13

LS513
12
6
17
26
RES
RES
24
30
RES
2

LoVo
28
9
23
24
RES
RES
27
28
RES
10

SW837
50
15
15
38
RES
RES
25
40
RES
23

WiDr
40
8
20
66
RES
RES
39
52
RES
10

Figure 5. 58: Inhibitory effects of forskolin on different types of cancer cell lines.
KM12 is the only colon cancer cell line that show sensitivity against forskolin in NCI-60
drug sensitivity data.
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Pancreatic ductal adenocarcinoma (PDAC) is among most lethal cancer types, and a
number of naturally occurring molecules in preclinical studies exhibit promising
pharmacological features. We, next, examined the effects of natural compounds on
viability of four pancreatic cancer cell lines (Table 5.4). As seen in breast and colon cancer
cells, curcumin was the most effective natural compound on pancreatic cancer cell
viability. We observed moderate cytotoxicity with apigenin EGCG, fisetin and resveratrol.
Also, forskolin and urolithin A exhibited selective and mild effects on pancreatic cancer
cell lines. Millimolar levels of metformin had also growth inhibitory effects in these cells.
Similar to colon cancer cell lines, procyanidin B2 and fulvestrant had no effect on cell
viability (Table 5.4).

Table 5. 4: In vitro cytotoxicity analyses of natural compounds and repurposed
agents in pancreatic cancer cell lines.
IC50 (μM)
Apigenin
Curcumin
EGCG
Fisetin
Forskolin
Procyanidin B2
Resveratrol
Urolithin A
Fulvestrant
Metformin(mM)

AsPC-1
34
29
35
90
RES
RES
65
RES
RES
40

BxPC-3
18
3
26
25
45
RES
23
92
RES
7

MIA PaCa-2
40
11
87
38
RES
RES
23
96
RES
27

SU8686
21
17
22
45
RES
RES
40
RES
RES
4

Collectively, 12, 13 and 15 cancer cell lines (out of 16) were resistant (IC50 has not
reached) to forskolin, procyanidin B2 and fulvestrant, respectively, suggesting these
compounds were not much effective in inhibition of cancer cell viability. Apigenin,
curcumin and resveratrol were the only three compounds for which IC50 values could be
generated for all cell lines tested. Among these compounds, lowest mean IC50 was
obtained for curcumin in all three cancer types, 23.8 μM, 10 μM, 15 μM for breast, colon
and pancreatic cancer cells, respectively.
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5.6.3. Combinatory effects of natural products and chemotherapy drugs on colon cancer
cells
We next asked whether the treatment with natural compounds will result in chemosensitization. For this purpose, KM12 and WiDr colon cancer cell lines were treated with
various doses of natural products alone or in combination with two doses (1 μM and 10
μM) of 5-FU after twenty-four hours of cell seeding. Cell viability assays were then
performed 72 hours after treatments. In KM12, combination index analysis showed that
none of the combinations of apigenin and 5-FU is synergistic; even we observed
antagonisms in all treatments (Table 5.5).
Table 5. 5: Effects of apigenin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments.
0 μM
0.2 μM
2 μM
5 μM
10 μM Apigenin
FU 0 μM 99.3 100.7 102.4 103.5 99.3 99.2 99.9 99.3 90.7 86.1
FU 1 μM 95.0 94.2 97.6 95.1 94.8 96.7 96.5 102.2 87.7 80.3
FU 10 μM 57.9 58.5 59.1 59.2 60.5 58.1 65.9 62.3 61.5 61.6
5-FU Dose Apigenin Dose Effect
CI
1
2
0.04
1
5
0.01
1
10
0.16
10
2
0.41
10
5
0.36
10
10
0.39

1.53
5.94
1.17
1.15
1.54
1.69

Further, combination index analysis showed that none of the combinations of curcumin
and 5-FU is synergistic; even we observed antagonisms in all treatments (Table 5.6).
Table 5. 6: Effects of curcumin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments.
0 μM
0.1 μM
0.5 μM
2 μM
5 μM Curcumin
FU 0 μM 98.7 101.3 102.2 102.6 102.6 105.5 99.8 99.8 97.2 98.3
FU 1 μM 94.4 93.1 99.7 99.8 98.6 99.4 98.4 94.6 92.5 91.5
FU 10 μM 53.5 55.2 56.5 56.4 57.5 59.9 52.4 58.9 63.7 61.0
5-FU Dose Curcumin Dose Effect
CI
1
2
0.04
1
5
0.08
10
2
0.44
10
5
0.38
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2.23
1.54
1.14
1.61

Combination index analysis showed that none of the combinations of EGCG and 5-FU is
synergistic; even we observed antagonisms in all treatments (Table 5.7).
Table 5. 7: Effects of EGCG treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments.
0 μM
0.2 μM
1 μM
6 μM
12 μM EGCG
FU 0 μM 100.2 99.8 100.4 103.8 100.5 106.2 99.5 98.8 94.4 89.8
FU 1 μM 102.1 105.4 109.8 109.0 110.7 108.4 103.8 105.4 93.6 88.8
FU 10 μM 63.7 66.5 66.3 69.0 66.7 65.5 65.1 65.4 69.9 65.5
5-FU Dose EGCG Dose
Effect
CI
1
6
0.00
52.96
1
12
0.09
1.56
10
6
0.35
1.31
10
12
0.32
1.75

Fisetin is one of the natural compounds that induced MET in KM12 cell line. Combination
index analysis showed that 10 μM of fisetin and 1 μM 5-FU treatment resulted in a slight
synergism. On the other hand, we observed antagonisms in all other combinations (Table
5.8).
Table 5. 8: Effects of Fisetin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
2 μM
10 μM
20 μM Fisetin
99.5 100.5 102.6 100.0 101.1 98.5 78.8 77.1 50.5 48.6
86.8 88.8 91.7 91.4 93.1 91.0 70.3 71.0 49.9 47.9
55.8 58.3 57.3 56.3 57.0 57.0 57.5 56.4 49.0 50.4
5-FU Dose Fisetin Dose
1
1
1
10
10
10

2
10
20
2
10
20

Effect CI
0.08 2.16
0.29 0.98
0.56 1.10
0.43 1.12
0.43 1.61
0.55 1.57

Forskolin is one of the natural compounds that induced MET in KM12 cell line. Except
lowest doses of forskolin and 5-FU, all combinations resulted in synergy. Most synergistic
effects were observed in combinations of 10 μM 5-FU with 1, 4, and 10 μM of forskolin
(Table 5.9).
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Table 5. 9: Effects of forskolin treatment alone or in combinations with 5-FU on cell
viability of KM12 and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.1 μM
1 μM
4 μM
10 μM Forskolin
97.1 102.9 94.9 96.0 77.5 77.2 51.5 47.3 26.1 20.0
85.9 87.5 86.7 88.3 70.2 64.2 40.9 34.9 27.5 25.5
51.2 56.5 50.6 52.2 26.3 32.0 20.4 18.2 12.6 12.8
5-FU Dose Forskolin Dose
Effect CI
1
0.1 0.13 1.34
1
1 0.33 0.91
1
4 0.62 0.75
1
10 0.74 0.99
10
0.1 0.49 0.91
10
1 0.71 0.37
10
4 0.81 0.37
10
10 0.87 0.41

In procyanidin B2 combinations, we observed that increasing doses of procyanidin induced
cell viability. This prevent the calculations of combination index. However, based on
percentages of viable cells we may say that 10 μM of procyanidin B2 and 10 μM of 5-FU
combination indicated a synergy (Table 5.10).
Table 5. 10: Effects of procyanidin B2 treatment alone or in combinations with 5-FU
on cell viability of KM12 and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
2 μM
5 μM
10 μM Procyanidin B2
98.2 101.8 105.2 102.5 102.6 106.0 113.1 111.1 111.3 111.1
93.4 101.4 101.0 101.7 99.7 100.8 101.6 101.4 98.9 103.0
63.0 65.3 64.0 64.3 64.0 61.7 63.3 62.5 61.6 60.7

Combination index analysis showed that none of the combinations of resveratrol and 5-FU
is synergistic; even we observed antagonisms in all treatments (Table 5.11).
Table 5. 11: Effects of resveratrol treatment alone or in combinations with 5-FU on
cell viability of KM12 and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
1 μM
5 μM
10 μM Resveratrol
99.3 100.7 100.2 99.0 99.6 102.0 100.3 98.0 86.0 98.6
91.6 95.9 99.2 98.1 99.0 96.3 93.0 93.0 86.0 85.7
59.3 58.8 63.9 60.9 64.0 63.0 64.6 68.4 64.6 63.5
5-FU Dose Resveratrol Dose Effect CI
1
5 0.07 1.40
1
10 0.14 1.21
10
5 0.34 1.65
10
10 0.36 1.77
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Urolithin A is one of the natural compounds that show no effect on EMT marker gene
expressions in KM12 cell line. On the other hand, combination index analysis showed that
some synergistic and additive effects of urolithin A and 5-FU combinations. Lower doses
of 5-FU and urolithin A showed antagonisms. High doses of urolithin A with 1 μM of 5FU showed additive effects. Similarly, high doses of 5-FU with high doses of urolithin A
showed additive effects. On the other hand, 10 μM 5-FU and urolithin A combinations
showed slight synergy with the CI ranging from 0.95 to 0.77, even though there was no
significant MET induction with urolithin A in this cell line (Table 5.12).

Table 5. 12: Effects of urolithin A treatment alone or in combinations with 5-FU on
cell viability of KM12 and analysis of combination index of treatments.
0 μM
0.2 μM
2 μM
10 μM
20 μM Urolithin A
FU 0 μM 100.5 99.5 97.9 95.6 92.7 96.4 99.9 97.4 98.3 98.5
FU 1 μM
91.3 92.1 91.3 91.5 90.3 92.9 87.5 90.5 88.9 89.0
FU 10 μM 55.4 54.6 51.6 49.6 49.4 49.1 51.8 53.6 55.0 52.8
5-FU Dose Urolithin A Dose Effect CI
1
0.2 0.09 1.21
1
2 0.09 1.18
1
10 0.11 0.89
1
20 0.11 0.90
10
0.2 0.49 0.82
10
2 0.51 0.77
10
10 0.47 0.90
10
20 0.46 0.95

Fulvestrant is one of the ineffective agent in MET induction with KM12 cell line. On the
other hand, we observed synergistic and additive effects in combinations with 5-FU. Only
lowest doses of fulvestrant and 5-FU showed antagonism (Table 5.13).
Table 5. 13: Effects of fulvestrant treatment alone or in combinations with 5-FU on
cell viability of KM12 and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
1 μM
2 μM
5 μM
Fulvestrant
99.6 100.4 89.1 99.0 107.9 103.4 102.5 99.5 93.1 91.3
96.9 100.5 99.4 99.4 100.0 94.2 89.7 90.0 75.8 73.5
55.6 55.8 57.6 55.9 54.0 55.4 52.5 53.5 45.6 44.8
5-FU Dose Fulvestrant Dose Effect CI
1
0.2 0.01 1.96
1
5 0.25 0.24
10
0.2 0.43 1.02
10
5 0.55 0.80
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Interestingly, we observed additive and slight synergy in combinations with metformin that
upregulates both CDH1 and VIM in KM12 cell line (Table 5.14).
Table 5. 14: Effects of metformin treatment alone or in combinations with 5-FU on
cell viability of KM12 and analysis of combination index of treatments.
0 μM
0.1 mM
0.5 mM
1 mM
4 mM
Metformin
FU 0 μM 100.2 99.8 100.0 109.5 102.7 103.2 88.4 92.5 71.9 71.5
FU 1 μM
99.0 99.3 109.4 105.5 103.3 104.2 92.0 85.1 75.1 70.3
FU 10 μM 61.9 63.9 57.7 58.6 56.6 55.5 51.2 48.8 51.0 43.8

5-FU Dose Metformin Dose Effect CI
1
1 0.11 0.88
1
4 0.27 1.05
10
1 0.50 0.83
10
4 0.53 1.02

Natural compound treatments in WiDr showed no MET induction. On the other hand,
combinations of 5 μM and 10 μM of apigenin with 1 μM of 5-FU resulted in synergy. With
10 μM of 5-FU, we observed slight antagonisms in combinations (Table 5.15).
Table 5. 15: Effects of apigenin treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
2 μM
5 μM
10 μM Apigenin
98.1 101.9 98.1 99.1 89.3 96.5 92.0 90.5 90.7 90.1
87.6 88.2 84.9 86.2 89.6 85.2 86.6 83.8 77.9 77.4
43.5 45.8 45.3 45.2 47.0 46.8 45.8 48.2 47.8 46.3
5-FU Dose Apigenin Dose
Effect CI
1
5 0.15 0.78
1
10 0.22 0.46
10
5 0.53 1.09
10
10 0.53 1.09

In curcumin combinations, we observed that increasing doses of curcumin induced cell
viability. This prevent the calculations of combination index (Table 5.16).
Table 5. 16: Effects of curcumin treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.1 μM
0.5 μM
2 μM
5 μM Curcumin
94.3 105.7 105.1 97.2 102.3 104.2 103.1 103.8 95.6 96.6
89.9 88.6 92.2 90.2 92.8 93.2 90.0 90.0 83.0 82.7
46.5 47.5 51.2 49.7 54.4 49.9 54.2 57.2 51.9 49.3

Synergisms were observed with combination of 1 μM and 10 μM of 5FU with various 12
μM of EGCG. We observed antagonisms in combinations of 10 μM of 5-FU with 1 and 6
μM of EGCG. Other combinations resulted in additive effects (Table 5.17).
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Table 5. 17: Effects of EGCG treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments.
0 μM
0.2 μM
1 μM
6 μM
12 μM EGCG
FU 0 μM 100.4 99.6 94.8 100.7 98.0 98.8 90.0 79.8 91.8 83.4
FU 1 μM
84.2 83.4 91.4 88.3 82.5 82.6 78.5 74.4 58.9 58.7
FU 10 μM 53.0 61.0 62.1 57.3 65.7 62.6 59.1 60.6 48.6 44.4
5-FU Dose EGCG Dose
1
1
1
10
10
10

1
6
12
1
6
12

Effect CI
0.18 0.94
0.24 0.88
0.41 0.52
0.36 1.70
0.40 1.44
0.54 0.75

In fisetin combinations, we observed slight synergy with lower doses of 5-FU. Higher
doses of 5-FU combinations resulted in additive effects (Table 5.18).
Table 5. 18: Effects of fisetin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments.
0 μM
0.2 μM
2 μM
10 μM
15 μM Fisetin
FU 0 μM 100.4 99.6 96.0 92.8 91.5 93.7 92.6 91.1 93.3 89.9
FU 1 μM
79.2 78.5 76.3 77.9 78.3 76.7 76.6 77.7 75.9 76.1
FU 10 μM 45.5 40.7 43.6 44.4 46.6 44.8 44.6 44.9 43.7 42.6
5-FU Dose Fisetin Dose
1
1
10
10

10
15
10
15

Effect CI
0.23 0.85
0.24 0.78
0.55 1.12
0.57 1.00

Combination index analysis showed that none of the combinations of forskolin and 5-FU
is synergistic; even we observed antagonisms in all treatments (Table 5.19).
Table 5. 19: Effects of apigenin treatment alone or in combinations with 5-FU on cell
viability of WiDr and analysis of combination index of treatments.
0 μM
0.1 μM
1 μM
4 μM
10 μM Forskolin
FU 0 μM 100.1 99.9 94.6 93.6 83.6 93.0 92.5 93.0 92.0 86.0
FU 1 μM
64.4 63.5 60.2 63.7 64.6 60.8 79.2 80.6 79.2 75.8
FU 10 μM 42.9 41.0 43.1 36.9 44.0 43.5 44.0 40.7 43.5 41.4
5-FU Dose Forskolin Dose Effect CI
1
5 0.20 10.16
1
10 0.23 6.97
10
5 0.58 1.02
10
10 0.58 1.09
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In curcumin combinations, we observed that increasing doses of procyanidin B2 induced
cell viability. This prevent the calculations of combination index (Table 5.20).
Table 5. 20: Effects of procyanidin B2 treatment alone or in combinations with 5-FU
on cell viability of WiDr and analysis of combination index of treatments.
0 μM
0.2 μM
2 μM
5 μM
10 μM Procyanidin B2
FU 0 μM 101.3 98.7 108.6 101.2 102.4 102.2 98.8 100.6 105.3 99.2
FU 1 μM
84.2 87.9 88.6 88.4 89.7 90.4 87.6 89.5 87.1 85.4
FU 10 μM 52.2 52.2 54.8 54.4 54.3 54.8 54.2 52.9 53.9 48.6

Combination index analysis showed that none of the combinations of resveratrol and 5-FU
is synergistic; even we observed antagonisms in all treatments (Table 5.21).
Table 5. 21: Effects of resveratrol treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
1 μM
5 μM
10 μM Resveratrol
98.1 101.9 101.2 103.4 105.3 103.0 101.5 96.6 95.2 92.8
82.4 83.6 85.7 96.7 97.9 98.5 97.2 94.6 92.9 95.4
47.1 47.0 45.2 46.7 47.8 45.2 46.5 46.0 43.1 42.1
5-FU Dose Resveratrol Dose Effect CI
1
5 0.04 9.17
1
10 0.06 5.83
10
5 0.54 1.13
10
10 0.57 1.12

In WiDr cell line, combination index analysis showed that none of the combinations of
urolithin A and 5-FU is synergistic; even we observed antagonisms in all treatments (Table
5.22).
Table 5. 22: Effects of urolithin A treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
2 μM
10 μM
20 μM Urolithin A
99.6 100.4 102.0 101.9 99.9 101.7 98.7 100.8 95.2 94.1
77.7 79.8 81.9 83.0 86.1 87.8 83.2 81.6 80.4 76.1
33.9 36.1 37.5 38.0 35.3 38.8 37.8 37.7 36.6 35.7
5-FU Dose Urolithin A Dose Effect CI
1
10 0.18 1.67
1
20 0.22 1.63
10
10 0.62 1.41
10
20 0.64 1.53
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5-FU and fulvestrant combinations showed synergy with the CI ranging from 0.95 to 0.54,
even though there was no significant MET induction with fulvestrant in this cell line (Table
5.23).
Table 5. 23: Effects of fulvestrant treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 μM
0.2 μM
1 μM
2 μM
5 μM
Fulvestrant
98.3 101.7 99.6 99.9 100.0 99.0 94.9 91.5 87.1 81.2
90.9 89.8 87.8 93.1 90.8 92.7 88.5 81.6 73.8 73.0
42.0 40.1 44.7 42.4 48.5 39.1 36.3 38.6 32.7 32.2
5-FU Dose Fulvestrant Dose Effect CI
1
2 0.15 0.95
1
5 0.27 0.58
10
2 0.63 0.88
10
5 0.68 0.74

Interestingly, we observed slight synergy in combinations with metformin that upregulates
both CDH1 and VIM in WiDr cell line. (Table 5.24)
Table 5. 24: Effects of metformin treatment alone or in combinations with 5-FU on
cell viability of WiDr and analysis of combination index of treatments.
FU 0 μM
FU 1 μM
FU 10 μM

0 mM
0.1 mM
0.5 mM
1 mM
4 mM Metformin
99.1 100.9 105.2 111.5 107.6 101.6 96.2 102.4 89.5 84.3
77.5 82.7 85.8 81.0 77.5 76.0 75.5 74.9 75.3 73.4
36.7 39.0 38.8 37.2 36.4 36.7 34.8 34.7 32.4 29.7
5-FU Dose Metformin Dose Effect CI
1
1 0.25 0.87
1
4 0.26 1.32
10
1 0.65 0.91
10
4 0.69 0.94

Additionally, we used rectal cancer cell line SW837 in our analysis to examine the ability
of natural products and repurposed agents as a chemotherapy enhancer by combining
irinotecan, which is a component of FOLFIRI that is routinely used in colorectal cancer,
mainly as a second line treatment. Combination of 2 μM of irinotecan and 1 μM of apigenin
resulted in synergy. Other combinations showed additive effect and antagonisms (Table
5.25).

90

Table 5. 25: Effects of apigenin treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
1 μM
10 μM
Apigenin
97.2 102.1 99.6 101.3 97.2 98.9 77.6 81.2 83.6 89.1
88.8 94.4 92.5 90.5 85.8 84.7 68.2 78.6 78.2 82.1
49.8 53.0 48.9 50.9 51.5 51.4 47.6 50.6 51.5 52.2
Irinotecan Dose Apigenin Dose
2
2
40
40

1
10
1
10

Effect CI
0.12 0.74
0.23 0.96
0.49 1.01
0.49 1.29

In SW837 cell line, combination index analysis showed that none of the combinations of
curcumin and irinotecan is synergistic; even we observed antagonisms in all treatments
(Table 5.26).
Table 5. 26: Effects of curcumin treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
1 μM
10 μM
Curcumin
98.8 101.2 98.7 97.5 100.0 103.5 61.5 59.2 55.7 55.7
94.6 94.9 100.3 106.9 104.6 100.8 62.5 63.3 60.4 59.3
54.8 55.5 63.3 62.9 58.0 57.1 28.1 33.2 31.7 29.3
Irinotecan Dose Curcumin Dose
2
2
40
40

1
10
1
10

Effect CI
0.00 76.65
0.39 1.11
0.40 1.35
0.69 1.01

Combination index analysis showed that none of the combinations of EGCG and irinotecan
is synergistic; even we observed antagonisms in all treatments (Table 5.27).
Table 5. 27: Effects of treatment alone or in combinations with irinotecan on cell
viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
2 μM
99.6 101.2 92.5 92.4 100.7 93.7
91.7 94.1 86.9 92.8 89.7 85.5
54.8 48.1 57.7 52.4 46.3 46.2
Irinotecan Dose EGCG Dose
2
2
40
40

2
20
2
20

20 μM
EGCG
6.3 1.8 2.0 1.3
7.4 8.4 8.3 7.3
2.5 3.3 2.0 2.4
Effect CI
0.11 1.29
0.92 1.45
0.49 1.33
0.97 1.02

Combination index analysis showed that none of the combinations of fisetin and irinotecan
is synergistic; only 15 μM Fisetin and irinotecan combinations resulted in additive effect.
(Table 5.28).
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Table 5. 28: Effects of treatment alone or in combinations with irinotecan on cell
viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
1.5 μM
15 μM
Fisetin
97.2 102.8 97.4 103.4 96.3 102.6 79.7 81.6 83.5 82.1
91.9 94.9 97.1 95.4 98.3 95.3 73.4 73.9 73.9 73.6
49.1 56.0 58.8 58.2 53.6 55.1 40.2 41.3 39.2 40.5

Irinotecan Dose Fisetin Dose
2
2
40
40

1.5
15
1.5
15

Effect CI
0.04 2.42
0.26 0.97
0.44 1.21
0.60 0.99

Combination index analysis showed that none of the combinations of Forskolin and
irinotecan is synergistic; even we observed antagonisms in all treatments (Table 5.29).
Table 5. 29: Effects of forskolin treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
1 μM
10 μM
Forskolin
99.9 100.8 102.4 100.9 98.9 96.2 100.7 99.7 103.1 93.5
92.8 93.6 94.1 96.1 94.7 95.2 93.6 88.4 99.2 92.7
48.2 52.1 58.3 60.4 57.6 57.0 56.3 54.8 55.8 51.5
Irinotecan Dose Forskolin Dose
2
2
40
40

1
10
1
10

Effect CI
0.05 1.74
0.07 1.69
0.42 1.44
0.45 1.22

Procyanidin B2 which has an effect on neither inhibition of cellular viability, nor induction
of MET in colon cancer cell lines, exhibited synergism with the CI ranging from 0.89 to
0.35 in SW837 (Table 5.30).
Table 5. 30: Effects of procyanidin B2 treatment alone or in combinations with
irinotecan on cell viability of SW837 and analysis of combination index of treatments.
0 μM
2 μM
20 μM
Procyanidin B2
Irinotecan 0 μM 103.2 96.1 93.4 90.3 94.3 92.8 87.8 90.3 87.9 87.1
Irinotecan 2 μM
91.5 86.4 85.8 81.9 85.9 84.7 80.0 77.0 79.7 73.7
Irinotecan 40 μM 52.5 46.8 48.5 45.0 48.1 49.4 45.0 45.3 43.0 41.0
Irinotecan Dose Procyanidin B2 Dose Effect CI
2
2
0.15 0.64
2
20
0.22 0.35
40
2
0.52 0.89
40
20
0.56 0.71
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Combination index analysis showed the combinations of resveratrol and irinotecan is
slightly additive (Table 5.31).
Table 5. 31: Effects of resveratrol treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
0 μM
1 μM
10 μM
Resveratrol
Irinotecan 0 μM 101.4 98.6 94.3 94.5 100.3 95.1 77.7 75.6 72.7 76.4
Irinotecan 2 μM
84.6 91.1 90.3 91.9 95.5 91.7 77.4 73.7 75.6 71.7
Irinotecan 40 μM 50.5 50.4 53.9 52.6 55.9 51.8 46.7 44.8 46.2 44.6
Irinotecan Dose Resveratrol Dose
Effect CI
2
1
0.08 1.08
2
10
0.25 1.07
40
1
0.46 0.99
40
10
0.54 0.91

In SW837 cell line, urolithin A combinations with 40 μM of irinotecan resulted in synergy.
2 μM of irinotecan and 20 μM of urolithin A combination resulted in a slight additive effect
(Table 5.32).
Table 5. 32: Effects of urolithin A treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
2 μM
20 μM
Urolithin A
98.8 100.8 100.0 96.0 99.4 96.9 78.9 78.8 77.2 77.2
87.7 94.3 87.5 92.0 92.2 90.8 77.3 76.2 70.3 67.1
51.8 57.4 57.6
51.5 59.6 49.1 44.7 44.1 41.5
Irinotecan Dose Urolithin A Dose
Effect CI
2
2
0.09 1.17
2
20
0.27 0.94
40
2
0.58 0.50
40
20
0.55 0.84

Interestingly, 40 μM of irinotecan and 5 μM of fulvestrant combination resulted in synergy,
other combinations also showed additive effect (Table 5.33).
Table 5. 33: Effects of fulvestrant treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 μM
0.5 μM
5 μM
Fulvestrant
98.6 101.4 96.0 90.5 97.8 94.2 72.9 72.6 73.5 67.7
86.7 86.2 84.5 94.2 92.0 88.7 66.2 69.1 65.2 63.3
52.3 49.8 48.7 49.3 53.2 50.8 35.7 39.1 34.9 34.7
Irinotecan Dose Fulvestrant Dose
Effect CI
2
0.5
0.10 2.17
2
5
0.34 0.86
40
0.5
0.49 1.04
40
5
0.64 0.54
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We observed that irinotecan and 4 μM of metformin combinations resulted in synergy
(Table 5.34).
Table 5. 34: Effects of metformin treatment alone or in combinations with irinotecan
on cell viability of SW837 and analysis of combination index of treatments.
Irinotecan 0 μM
Irinotecan 2 μM
Irinotecan 40 μM

0 mM
0.4 mM
4 mM
Metformin
99.6 100.4 98.3 100.0 97.0 101.9 87.0 84.6 82.6 78.7
85.9 93.0 83.9 91.7 91.0 89.9 72.2 74.2 73.6 73.9
54.5 49.3 50.7 54.7 51.5 50.7 44.0 40.7 43.1 41.2
Irinotecan Dose Metformin Dose
Effect CI
2
0.4
0.11 1.26
2
4
0.26 0.46
40
0.4
0.48 1.00
40
4
0.58 0.57

5.6.4. Combination of curcumin and resveratrol with irinotecan in pancreatic cancer cell
lines
We next investigated the combinatory effects of natural products and chemotherapy drugs
using constant-ratio combinations of irinotecan, commonly used chemotherapeutic in
pancreatic cancer, with widely studied natural compounds curcumin and resveratrol in
pancreatic cancer cell lines, AsPC-1, BxPC-3, MIA PaCa-2 and SU8686 (Figure 5.59 and
Figure 5.60). Most of the curcumin/irinotecan combinations resulted in antagonistic effect
while 15 μM irinotecan and 20 μM curcumin combination in AsPC-1 and SU8686 cell
lines showed synergy. Only the highest dose combinations of irinotecan and resveratrol
resulted in slight synergy in BxPC-3, MIA PaCa-2 and SU8686. Although we observed
mild induction of MET by natural products in MIA PaCa-2 cell line, this did not enhance
irinotecan sensitivity.
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Figure 5. 59: Combination treatment of curcumin and irinotecan in pancreatic cancer
cell lines. The cells were treated with indicated concentrations for 72 h. Data are presented
as the mean ±SD of 4 replicates. CI=Combination Index Value, CI<1 indicates synergy.
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Figure 5. 60: Combination treatment of resveratrol and irinotecan in pancreatic
cancer cell lines. The cells were treated with indicated concentrations for 72 h. Data are
presented as the mean ±SD of 4 replicates. CI=Combination Index Value, CI<1 indicates
synergy.

5.6.5. Combinatory effects of natural compounds and gemcitabine in MIA PaCa-2 cells.
Gemcitabine is considered the standard agent for the treatment of pancreatic cancer either
alone or in combination. Therefore, we evaluated the combinatory effects of natural
products in MIA PaCa-2 cell line, with gemcitabine (Figure 5.61). Six different
combinations of gemcitabine were combined with the single dose of natural products.
Synergy was observed in only 10 μM of resveratrol and two doses of Gemcitabine
combinations. On the other hand, combinations of low dose gemcitabine showed additive
effects in MIA PaCa-2, however, the effect evolved from additive into antagonistic at
higher doses. The fact that synergy was observed with only gemcitabine among three
conventional drugs (irinotecan, gemcitabine, gefitinib) combined with resveratrol shows
that synergistic effects of a specific natural compound cannot be generalized even within
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one cell line, instead the specific molecular cascades targeted by natural com-pound-drug
pair are most likely critical factors. Overall, these data indicated that there is no perfect
overlap between MET inducing and chemo-sensitizing compounds, which is likely to stem
from the existence of more complex mechanisms underlying synergy patterns.

Figure 5. 61: Combination treatment of natural compounds and gemcitabine in MIA
PaCa-2 pancreatic cancer cell line. The cells were treated with indicated concentrations
for 72 h. Data were presented as the mean ±SD of 4 replicates.
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5.6.6. Combination treatment of natural products and targeted agent Gefitinib in MIA
PaCa-2 cells
We then evaluated the combinatory effects of natural products in MIA PaCa-2 cell line and
the targeted agent gefitinib, an EGFR inhibitor; since EGFR inhibition has shown
promising activity in pancreatic cancer (Figure 5.62). Six different combinations gefitinib
were combined with the single dose of natural products. No synergistic effect was noted
for gefitinib. On the other hand, combinations of low dose gefitinib, showed additive
effects in MIA PaCa-2, however, the effect evolved from additive into antagonistic at
higher doses. The fact that synergy was observed with only gemcitabine among three
conventional drugs (irinotecan, gemcitabine, gefitinib) combined with resveratrol shows
that synergistic effects of a specific natural compound cannot be generalized even within
one cell line, instead the specific molecular cascades targeted by natural compound-drug
pair are most likely critical factors. Overall, these data indicated that there is no perfect
overlap between MET inducing and chemo-sensitizing compounds, which is likely to stem
from the existence of more complex mechanisms underlying synergy patterns.
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Figure 5. 62: Combination treatment of natural compounds and gefitinib in MIA
PaCa-2 pancreatic cancer cell line. The cells were treated with indicated concentrations
for 72 h. Data are presented as the mean ±SD of 4 replicates.

5.6.7. Combination treatment of natural products and targeted agent Selumetinib in MIA
PaCa-2 cells
We then evaluated the combinatory effects of natural products in MIA PaCa-2 cell line and
the targeted agent selumetinib , MEK kinase inhibitor (Figure 5.63). Six different
combinations selumetinib were combined with the single dose of natural products. No
synergistic effect was noted for selumetinib.
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Figure 5. 63: Combination treatment of natural compounds and Selumetinib in MIA
PaCa-2 pancreatic cancer cell line. The cells were treated with indicated concentrations
for 72 h. Data are presented as the mean ±SD of 4 replicates.
Among the compounds we examined in this study, almost none were found to both trigger
MET and induce chemosensitization. (Table 5. 35) In KM12, although fisetin and forskolin
induced MET, the fisetin and 5-FU combination did not show a synergistic effect. On the
other hand, Urolithin A synergized with 5-FU in KM12, in the absence of MET induction.
Furthermore, slight MET induction in MIA PaCa-2 with natural compounds did not lead
to improved sensitivity to irinotecan, gemcitabine and gefitinib in almost all combinations.
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Table 5. 35: Summary table of combinational treatments.
Synergy with chemotherapeutics
Chemotherapeutic

5-FU
WiDr

5-FU
KM12

Iritonecan
SW837

Iritonecan
AsPC-1

Iritonecan
BxPC-3

Iritonecan
MIA PaCa-2

Gemcitabine
MIA PaCa-2

Gefitinib
MIA PaCa-2

Iritonecan
SU8686

Apigenin
Curcumin
EGCG
Fisetin
Forskolin
Procyanidin B2
Resveratrol
Urolithin A
Fulvestrant
Metformin(mM)

strong
no
strong
weak
no
no
no
no
weak
weak

no
no
no
no
strong
no
no
weak
strong
weak

no
no
no
no
no
strong
no
strong
weak
strong

strong
no
-

no
weak
-

no
weak
-

no
no
no
strong
no
no

no
no
no
no
no
no

no
weak
-

*-: no data

*no: CI>1
*strong: CI<0.7
*weak: 1<CI<0.7

5.7. Intrinsic resistance against c-Src inhibitor in melanoma and strategies for overcoming
5.7.1. Inhibitory effects of c-Src inhibitor 10a on 15 primary melanoma cells
To investigate the efficacy of c-Src inhibitor 10a, cytotoxic responses to 10a tested on 15
melanoma cells. After seeding and incubation of melanoma cells for 24 hours, cells were
treated with 10 using 8 different concentrations ranging from 0.01 μM to 50 μM. Drug
sensitivity against 10a occurred over a remarkably wide range of doses with IC50 values
ranging from 0.09 to 9.01 μM (Table 5.36).
Table 5. 36: The half-maximal inhibitory concentration (IC50) values for c-Src
inhibitor 10a in melanoma cells
IC50 (μM)
0.09
0.17
0.23
0.36
0.72
1.88
2.10
2.43
4.32
4.86
5.90
5.90
7.75
8.95
9.01

Melanoma cells
M307
M133
M189
SHM20A2
M187
M144
M24
M34
M77
M7
M1
M433
M2025
M221
M193
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5.7.2. mRNA based biomarkers to predict chemosensitivity against 10a
The variation in drug response to 10a strongly encourage us to reveal underlying molecular
differences among these cells. Thus, gene signature of chemosensitivity against 10a were
investigated by using gene expression data from these melanoma cells. For this purpose,
the gene expression data were correlated with IC50 values using 2-fold cross validation with
a 1000 iteration method. Briefly, in each iteration, cells were randomly divided into two
groups, and a Pearson’s r value between 10a IC50 and gene expression data for each gene
was calculated for these groups. This was repeated 1000 times. We then determined
whether the correlations obtained for a given gene were consistently in the same direction
(either positively or negatively correlated in both groups) where the results were
statistically significant in all groups. This analysis showed that expression of 9 genes was
consistently and significantly correlated with IC50 values in more than 900 iterations in the
same direction. In more than 800 iterations, expression levels of 24 genes showed
consistent and significant correlations with IC50 values in the same directions. We chose
46 genes whose expression profile showed significant concordance with chemosensitivity
of 10a in more than 700 iterations for classifying melanoma cells (Table 5.37). Gene list
with their significant iteration numbers in 1000 iterations can be shown in Table 5.38.
Table 5. 37: Number of genes with a frequency of significance in more than 900, 800
and 700 iterations.

Table 5. 38: List of 46 genes that were significantly associated with 10a cytotoxicity
values.
Gene
PDLIM4
GNAS
IL13RA1
PLOD2
TMED7
ERLIN2

Same Direction Positive r
982
949
945
934
926
918

Same Direction Negative r
0
0
0
0
0
0
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Opposite Direction
0
0
0
0
0
0

CREG1
PROCR
C5orf15
LAMP2

909
894
847
835

0
0
0
0

0
0
0
0

SGCB
PTGES
PGK2
C1GALT1C1
TBC1D9B
CAST

804
794
768
743
717
716

0
0
0
0
0
0

0
0
0
0
0
0

ING4
CCNG2
PTBP1
DDX19A
PARVB
NCL

715
711
0
0
0
0

0
0
972
923
889
878

0
0
0
0
0
0

NSUN5
RRP1B
FUBP1
MDC1
SMCR7L
EXOSC7

0
0
0
0
0
0

871
868
859
857
843
834

0
0
0
0
0
0

RRP1
KATNB1
HUWE1
UBAP2
DUS1L
CAD

0
0
0
0
0
0

822
812
802
798
792
783

0
0
0
0
0
0

AZIN1
USP13
RBM12
MTERFD2
TTC15
GNL3L

0
0
0
0
0
0

782
776
767
765
749
746

0
0
0
0
0
0

C14orf169
TBRG4
PSME3
XRCC5
HIRIP3
SAP30BP

0
0
0
0
0
0

744
744
730
726
718
716

0
0
0
0
0
0
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Hierarchical clustering analysis using gene expression data of chemosensitivity associated
46 genes revealed two subgroups of cells which are relatively sensitive and resistant to cSrc inhibitor 10a (Figure 5.64) According to hierarchical clustering, these subgroups of
melanoma cells and their IC50 distribution were depicted in Figure 5.65.

Figure 5. 64: Hierarchical clustering of cell lines according to 10a chemosensitivity
biomarker genes.
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Figure 5. 65: Sensitivity profiles of fifteen melanoma cells. Cytotoxicity is expressed in
terms of IC50 (y-axis).

5.7.3. Biological characteristics of 10a-sensitive and resistant subgroups
In order to perceive the biological differences between 10a-sensitive and resistant
subgroups of melanoma cells, gene set enrichment analysis (GSEA) were performed.
GSEA revealed a significant enrichment (FDR q value<0.25) in gene sets, including E2F
target genes associated with cell cycle and DNA strand elongation related genes in the
sensitive group, suggesting a proliferative phenotype in these melanoma cells (Figure
5.66).
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Figure 5. 66: Comparative analysis of differentially enriched molecular gene sets
among sensitive and resistant cells by GSEA. Gene sets including cell cycle related
targets of E2F transcription factor and DNA strand elongation related genes were enriched
in 10a-sensitive melanoma cells.

On the other hand, resistant melanoma cells showed significant enrichments of gene sets
associated with epithelial-to-mesenchymal transition and multicancer invasiveness
signatures, indicating an invasive/differentiation phenotype in resistant melanoma cells
(Figure 5.67).

Figure 5. 67: Comparative analysis of differentially enriched molecular gene sets
among sensitive and resistant cells by GSEA. Gene sets defining EMT as in wound
healing, fibrosis, and metastasis and multicancer invasion associated genes showed
enrichment in 10a-resistant melanoma cells.
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Significant gene sets (FDR q value<0.001) enriched in either sensitive and resistant
melanoma cells by using “Hallmark”, “Curated” and “Gene Ontology (GO)” databases of
Broad Institute were also listed in Table 5.39.
Table 5. 39: Enriched gene sets in 10a-sensitive and –resistant melanoma cells.

Hallmark
Gene Sets

Gene Set
HALLMARK_E2F_TARGETS
HALLMARK_G2M_CHECKPOINT
HALLMARK_MYC_TARGETS_V1
HALLMARK_MYC_TARGETS_V2
HALLMARK_MITOTIC_SPINDLE

187
195
188
56
174

0.77
0.71
0.59
0.65
0.48

3.29
3.02
2.52
2.26
2.02

Curated
Gene Sets

ROSTY_CERVICAL_CANCER_PROLIFERATION_CLUSTER
SOTIRIOU_BREAST_CANCER_GRADE_1_VS_3_UP
CROONQUIST_IL6_DEPRIVATION_DN
DUTERTRE_ESTRADIOL_RESPONSE_24HR_UP
MANALO_HYPOXIA_DN

136
145
89
253
277

0.85
0.82
0.88
0.74
0.72

3.49
3.43
3.33
3.26
3.24

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

GO
Gene Sets

Enriched Gene Sets in 10a-Sensitive Cell Lines

GO_DNA_DEPENDENT_DNA_REPLICATION
GO_SISTER_CHROMATID_SEGREGATION
GO_DNA_REPLICATION
GO_NUCLEAR_CHROMOSOME_SEGREGATION
GO_CHROMOSOME_SEGREGATION

117
141
215
181
225

0.71
0.68
0.64
0.64
0.63

2.82
2.81
2.8
2.75
2.75

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

SIZE

ES

NES

NOM p-val FDR q-val FWER p-val
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

Hallmark
Gene Sets

Gene Set
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
HALLMARK_HYPOXIA
HALLMARK_UV_RESPONSE_DN
HALLMARK_TNFA_SIGNALING_VIA_NFKB
HALLMARK_ANGIOGENESIS

196
189
143
197
34

-0.77
-0.6
-0.6
-0.57
-0.68

-3.21
-2.52
-2.4
-2.38
-2.12

Curated
Gene Sets

REN_ALVEOLAR_RHABDOMYOSARCOMA_DN
BOQUEST_STEM_CELL_UP
SCHUETZ_BREAST_CANCER_DUCTAL_INVASIVE_UP
ONDER_CDH1_TARGETS_2_UP
ANASTASSIOU_MULTICANCER_INVASIVENESS_SIGNATURE

393
252
347
251
64

-0.71
-0.71
-0.67
-0.68
-0.81

-3.2
-3.05
-2.97
-2.91
-2.9

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

GO
Gene Sets

Enriched Gene Sets in 10a-Resistant Cell Lines

GO_EXTRACELLULAR_MATRIX_STRUCTURAL_CONSTITUENT
GO_EXTRACELLULAR_MATRIX
GO_BASEMENT_MEMBRANE
GO_COLLAGEN_CONTAINING_EXTRACELLULAR_MATRIX
GO_EXTRACELLULAR_STRUCTURE_ORGANIZATION

134
422
74
334
368

-0.7
-0.58
-0.72
-0.57
-0.56

-2.78
-2.64
-2.59
-2.53
-2.51

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001
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SIZE

ES

NES

NOM p-val FDR q-val FWER p-val
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

5.7.4. Protein−chemical interaction network analysis to further investigate resistance
mechanism
To further investigate mechanisms behind resistance to 10a, we performed
protein−chemical interaction network analysis with 46 genes using the NetworkAnalyst
online tool. This revealed that, out of 18 resistance associated proteins, 15 extensively
interact with a pyrazolopyrimidine derivative and three histone deacetylase (HDAC)
inhibitors, valproic acid, trichostatin A, and entinostat (Figure 5.68). Expectedly, our
analysis revealed (6-(4-(2-piperidin-1-ylethoxy) phenyl))-3- pyridin-4-ylpyrazolo(1,5-a)
pyrimidine, as a hub chemical, which is structurally similar to pyrazolopyrimidine
derivative 10a, showing interactions with 12 resistance related proteins. Interestingly, three
HDAC inhibitors have interactions mostly with resistance-associated genes, and are also
known as differentiating agents. Valproic acid was a hub chemical with the highest number
of interactions.

Figure 5. 68: Protein-chemical interaction network with chemosensitivity associated
genes. Network was constructed using the NetworkAnalyst online tool to identify chemical
interacts with 10a-sensitivity associated proteins. Red squares represent the chemicals,
green nodes represent proteins interacting with chemicals and edges connect proteins to
interacting chemicals. Betweenness filter was applied to obtain hub chemicals. Valproic
acid interacts with 15 proteins represented in the network while (6-(4-(2-piperidin-1ylethoxy) phenyl))-3-pyridin-4-ylpyrazolo (1,5-a) pyrimidine interacts with 12 proteins,
Trichostatin a interacts with 10, Entinostat interacts with 9.
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5.7.5. Use of valproic acid to enhance chemotherapy against 10a
Because our previous findings validated proliferative and invasive phenotypes in
chemosensitive and resistant cells, respectively, protein chemical network analysis
prompted us to use valproic acid to induce differentiation to enhance sensitivity of resistant
cells to 10a. Cell viability was assessed 72 h after treatments. In M221 cells, 20 μM 10a
treatment resulted in a 55% reduction in viability, whereas little or no decrease in viability
was observed with 50, 200, and 800 nM of sodium valproate treatment alone. However,
combining 50 nM sodium valproate with 20 μM 10a resulted in a 75% decrease in viability.
This effect increased to 84% when 200 nM sodium valproate was used. The most
significant effect was observed at 20 μM 10a and 0.8 mM sodium valproate treatment,
where a 92% decrease in cell viability was seen (Figure 5.69).

Figure 5. 69: Combination treatment of 10a-resistant M221 melanoma cells with 10a
and sodium valproate. After 24 hours of cell seeding, cells were treated with different
doses (0.05 mM to 0.8 mM) of Sodium Valproate in the absence or presence of 10a. Viable
cells were quantified using Cell-Titer Glo assay after 72 hours. *p <0.05 (t-test).
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To quantify the degree of synergism, the combination index (CI) was calculated by the
Chou−Talalay method in which CI < 1 shows synergistic effects, CI = 1 shows additive
effects, and CI > 1 shows antagonistic effects.19 Combined 10a and sodium valproate
treatment showed synergistic effects for all combinations with CI values ranging from
0.766 to 0.603 (Table 5.40).
Table 5. 40: Combination Index values of combinations in M221 melanoma cells.

Similarly, the sodium valproate−10a combination showed synergy in the more resistant
M193 cells as well (Figure 5.70). Twenty micromolar 10a treatment alone, decreased
viability to 47% in M193 cells, whereas 0.8, 4, and 6 mM of sodium valproate showed little
or no decrease in viability. Adding 0.8 mM sodium valproate to 20 μM of 10a resulted in
a 75% decrease in viability. Combining 20 μM 10a and 4 mM sodium valproate treatment
resulted in an 84% reduction in viability. Twenty micromolar 10a and 6 mM sodium
valproate combination resulted in 89% decrease in viability. CI values ranging from 0.835
to 0.698 suggested synergism in all combinations (Table 5.41).
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Figure 5. 70: Combination treatment of 10a-resistant M193 melanoma cells with 10a
and sodium valproate. After 24 hours of cell seeding, cells were treated with different
doses (0.05 mM to 0.8 mM) of sodium valproate in the absence or presence of 10a. Viable
cells were quantified using Cell-Titer Glo assay after 72 hours. *p <0.05 (t-test).

Table 5. 41: Combination Index values of combinations in M193 melanoma cells.

5.7.6. Minimal number of predictive biomarkers of 10a sensitivity
To identify a minimal number of biomarkers that could help classify melanoma subtypes
which show differential 10a sensitivity, we selected 4 genes out of the 46, based on highest
fold-change (log2FC > 0.2 and < −0.2) in both directions and significance (p-value < 0.001)
between sensitive and resistant cells (highlighted in Figure 5.65). TMED7 and PLOD2,
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whose increased expression correlates with resistance to 10a, along with XRCC5 and
NSUN5 whose increased expression is indicative of sensitivity were chosen to be validated
in vitro. Expression of these four genes were quantified by RT-qPCR analysis in four
sensitive cells (M307, M189, SHM20A2 and M24) and five resistant cells (M34, M433,
M2025, M221, and M193). Quantification of gene expression levels of four genes revealed
that TMED7 and PLOD2 were upregulated in 10a-resistant cells, whereas XRCC5 and
NSUN5 were relatively downregulated, as expected (Figure 5.71).

Figure 5. 71: Gene expression analysis of candidate biomarkers for 10a chemosensitivity. TMED7, PLOD2, XRCC5 and NSUN5 expressions were quantified by realtime qPCR. GAPDH was used as endogenous control. M307 and SHM20A2 represent
sensitive cells and M2025 is a 10a-resistant cell. p-values indicate t test comparison of
expression levels between sensitive and resistant cells.
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Chapter 6
Discussion
6.1. Characterization of chemotherapy resistance mechanisms
Cancer continues to be leading cause of mortality because many of therapeutic resistance
mechanisms remains incompletely understood. While genetic mechanisms undoubtedly play
a role in mediating resistance to conventional chemotherapeutics and some targeted agents,
non-genetic mechanisms are also gaining greater recognition in the absence of a clear genetic
cause. [36] We therefore wanted to characterize resistance mechanisms in a comprehensive
manner by using multiple omics data sets and bioinformatics tools that help understanding
of complex biological processes.
In recent years, detecting biological molecules with high-throughput technologies is giving
researchers more data to understand various biological processes and complex human
diseases, such as cancer. Large-scale projects like Cancer Cell Line Encyclopedia (CCLE)
provide comprehensive genetic and chemical characterization of cancer cell lines. [162]
Here, we revealed important mechanisms that have role in differential responsiveness of
cancer cell lines to chemotherapeutics. We performed GSEA to interpret gene expression
data of cancer cells that show differential response to chemotherapeutics. By using
differentially expressed genes and miRNA, we constructed PPI networks and miRNA-target
networks to assess the potential drug resistance mechanisms. Furthermore, we performed
multi-omics data integration to reveal key features (mRNA, microRNA, protein and
methylation event) that discriminates drug-sensitive and –resistant cell lines. Our findings
from in silico analyses showed the role of EMT and EMT-associated signaling pathways in
drug resistance. On the other hand, sensitivity to chemotherapeutics was found to be
associated with increased cell proliferation and suppression of EMT-phenotype.
Interestingly, we observed a distinct sensitivity profile in breast cancer cell lines in which
EMT was associated with increased sensitivity to doxorubicin.
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6.2. Resistance mechanisms to 5-FU in colon cancer cells
Our in silico analyses to characterize 5-FU resistance mechanisms in colon cancer cells
revealed that key molecular mechanisms and molecules are associated with drug response.
GSEA showed that gene sets related to “MYC Targets” are enriched in sensitive cells,
suggesting a proliferative phenotype. It is expected since conventional chemotherapies
mainly target proliferating cancer cells [163].
In 5-FU resistant cell lines, enriched gene sets include those related to EMT, multi-cancer
invasiveness signature, LEF1 and TGFB-mediated gene signature. Several studies have been
reported that EMT is associated with 5-FU resistance in colon cancer cells [65, 164, 165]. It
is also known that multi-cancer invasion associated gene signature includes many EMT
markers [166]. LEF1, a stemness regulator and an EMT inducer, was shown to have a role
in 5-FU resistance. Targeting LEF1-DCLK1 axis by niclosamide led to sensitization of colon
cancer cells to 5-FU [167, 168]. TGFB is also known as a major mediator of EMT [169].
Altogether, GSEA suggested a resistance profile associated with EMT, invasive and
stemness phenotypes.
Further analyzing sensitivity and resistance-associated gene list in network-based tools can
improve understanding of how these genes contributes to chemotherapy resistance.
Functional enrichment analysis on PPI network constructed with sensitivity associated gene
list indicated the enrichments of gene sets related to cell cycle, cell proliferation,
transcriptional regulation and chromatin organization. This confirms GSEA analysis results
that show enrichments in “MYC targets”. On the other hand, functional enrichment analysis
on PPI network constructed with resistance associated gene list suggested the role of PI3KAKT signaling pathway on 5-FU resistance. It is not surprising since studies relates overactivation of AKT pathway and decreased E-cadherin expression with increased 5-FU
resistance [170]. This suggests that PI3K-AKT pathway-mediated EMT can be main player
in mechanisms underlying 5-FU resistance in colon cancer cells.
We then constructed miRNA-target networks combined with PPIs to understand the role of
miRNAs in 5-FU resistance. Functional enrichment analysis suggested the role of resistance114

associated miRNAs in the regulation of cell cycle-related genes, suggesting inhibition of cell
proliferation.
We then performed multi-omics integration analysis to identify multi-omics signature that
discriminates the sensitive and resistant cell lines. 10 mRNA variables were identified in
feature selection method. Among these, TGM2 was associated with resistance and had the
highest importance with its discriminative power. TGM2 is a member of transglutaminase
family, which catalyzes protein cross-linking. In several studies, TGM2 was shown to have
a role in the development, progression and metastasis of cancer. Also, an implication of
TGM2 in EMT, stemness and invasion has long been discussed [171]. L1CAM is another
resistance associated feature, it is also shown to associate with EMT [172]. These findings
suggest the importance of EMT in resistance, even if they don’t directly promote 5-FU
resistance. They can be just biomarkers of resistance. Furthermore, multi-omics integration
analysis with mixOmics provided 11 miRNA variables, including three members of the miR200 family. These miRNAs function as tumor suppressors, they are commonly
downregulated in cancer cells. They have a pivotal role in the suppression of EMT by
inhibiting ZEB1 and ZEB2 transcription factors [173]. Here, we found an association
between 5-FU sensitivity and increased expressions of miR-200a, miR-200b and miR-429.
Additionally, miR-181a and miR-181c, that are associated with metastasis, invasion and
recurrence, are found to be associated with 5-FU resistance [174, 175]. Features selected in
proteomic data included TGM2 protein. This confirms the mRNA levels and raises the
importance of TGM2 as a candidate molecule in 5-FU resistance. Altogether, these show that
TGM2 can be a candidate target to overcome 5-FU resistance in colon cancer.
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6.3. Resistance mechanisms to irinotecan in colon cancer
Although irinotecan is a standard chemotherapeutic of the first-line treatments for metastatic
colorectal cancer, irinotecan resistance appears to develop by some mechanisms [176]. Here,
we aimed to further characterize drug resistance mechanisms via single-level and multiomics approaches. GSEA analysis resulted in a similar profile with 5-FU resistance in colon
cancer cells. Genes related to “MYC Targets” were highly enriched in sensitive cells,
suggesting a proliferative phenotype. On the other hand, EMT and stem cell-related gene
signature were enriched in resistant cell lines. So, distinction in sensitivity profile seems to
be originated from EMT phenotype.

Construction of a PPI network with resistance-associated gene list uncovered the functional
enrichments of gene signature related to PI3K-AKT signaling and EGFR tyrosine kinase
inhibitor resistance. PI3K-AKT signaling was also at the forefront in 5-FU resistance. Here,
we found that irinotecan resistance correlates with EGFR inhibitor resistance. Several studies
suggest that EGFR inhibitor resistance is mediated by EMT [63, 177]. In this sense,
irinotecan and EGFR inhibitors may share a common fate. Next, similar to miRNA profile
in 5-FU sensitivity, we found that resistance-associated miRNAs-target network resulted in
enrichments of cell cycle related genes.

Multi-omics integration analysis revealed a molecular signature consisting of 7 mRNAs, 7
miRNAs, 7 proteins and 5 methylation events. Among these mRNAs and proteins, both
mRNA and protein levels of FOSL1 were associated with increased resistance to irinotecan.
FOSL1 is a transcription factor that is highly expressed in colon cancer patients and
associated with poor prognosis [161]. Recent studies revealed the role of FOSL1 in stemlike cell reprogramming processes and its contribution to EMT by binding TGFB1, ZEB1
and ZEB1 promoters [178, 179]. This finding suggests FOSL1 as a candidate target to
overcome irinotecan resistance in colon cancer. Among the miRNA variables, miR-200a has
the highest contribution for discrimination of sensitive and resistant cell lines. High
expression was observed in the irinotecan-sensitive cell lines, similar to 5-FU sensitive cell
lines. The only miRNA that is associated with resistance was miR-215. This can be related
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to its role in cell proliferation. A study suggests that miR-215 reduces cell proliferation
through the suppression of DTL expression by causing G2-arrest [180].

6.4. Resistance mechanisms to irinotecan in pancreatic cancer
Irinotecan is also second-line treatment option for patients with metastatic pancreatic cancer
[181]. Similar to previous analyses, GSEA analysis with gene-expression data of sensitive
and resistant subtypes revealed that cell cycle, cell proliferation and epithelial phenotypes
related gene sets were enriched in sensitive cells. In irinotecan resistant pancreatic cancer
cell lines, enriched gene sets included those related to EMT signature and gefitinib resistance
profile. Since gefitinib is an EGFR inhibitor, these results confirm the similarities in
irinotecan resistance profile in pancreatic and colon cancer cell lines [182].
PPI network analysis done with resistance associated gene list resulted in functional
enrichment of FGFR signaling pathway. Studies suggested that mechanism of FGFR
mediated resistance can be related to EMT [183]. miRNA-target network constructed with
sensitivity associated miRNAs resulted in functional enrichment of WNT signaling pathway,
known to induce EMT [184].

Multi-omics integration analysis revealed a molecular signature consisting of 11 mRNAs, 7
miRNAs, 8 proteins and 5 methylation events. Among these mRNAs and methylation events,
correlation between expression of TRPC1 and methylation of its TSS region draws attention.
Data suggest that demethylation of its TSS results in upregulation of TRPC1 in resistant cell
lines. Although its role in cancer remains poorly understood, some researches support its role
in EMT [185]. Additionally, ENPP1, another selected features, is associated with induction
of EMT and stem cell features [186].
Among miRNA variables, the highest contribution to discrimination of sensitive and
resistant cell lines was made by miR-302c which is shown to restrain AKT-mediated EMT
in hepatocellular carcinoma cells [187]. miR-140-5p was one of the selected variables by
MixOmics and associated with irinotecan resistance. This can be related to ability of miR140-5p to inhibit cell proliferation [188]. Among selected proteins, DJ-1 is one the protein
associated with resistance to irinotecan. Li et al. recently suggested that DJ-1 enhances FGF9,
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in turn, resulting in induction of EMT. So, FGFR signaling mediated EMT may be a key
player in irinotecan resistance in pancreatic cancer cell lines.

6.5. Resistance mechanisms to gemcitabine in pancreatic cancer
Despite the development of chemoresistance after initial response, gemcitabine is still the
leading chemotherapeutic for the treatment of pancreatic cancer [189]. GSEA revealed
enrichments of gene sets in relation to epithelial phenotype in gemcitabine sensitive
pancreatic cancer cell lines. In gemcitabine resistant cell lines enriched gene sets included
those related to EMT and “Myc Targets”, suggesting mesenchymal and proliferative
phenotype. It is a controversial finding since gemcitabine works by killing proliferative cells.
On the other hand, there are some studies showing that decreased cell proliferation results in
reversal of gemcitabine resistance [190, 191].

Multi-omics integration analysis revealed a molecular signature consisting of 7 mRNAs, 7
miRNAs, 7 proteins and 5 methylation events. Among these mRNAs, CAMK1 is the only
gene related to gemcitabine resistance. Azorsa et al. found that CAMK1 knockdown can be
a way to sensitize gemcitabine resistant pancreatic cancer cells. They suggest the role of
CAMK1 in preventing apoptosis as how it contributes to gemcitabine resistance [192].
Among miRNAs, miR-141 was found to be associated gemcitabine sensitivity. So,
continuously we found different members of the miR-200 family in correlation to drug
sensitivity. miR-29a was also in the list of miRNAs associated with gemcitabine resistance.
Nagano et al. suggested the miR-29a induced Wnt/β-catenin signaling pathway activation as
a resistance mechanism for gemcitabine [36]. Among selected protein variables, E-Cadherin
had the highest contribution to discrimination, confirming epithelial phenotype in sensitive
cell lines as an epithelial marker. Additionally, Claudin-7 was one of the sensitivityassociated proteins, which shows also association with epithelial characteristics [193].
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6.6. Resistance mechanisms to doxorubicin in breast cancer
Doxorubicin is one of the main chemotherapeutics applied for breast cancer treatment but
doxorubicin resistance has been widely reported. Our findings in characterization of
resistance mechanisms are highly controversial. Firstly, we identified an opposite pattern
seen in 5-FU/irinotecan resistance in colon cancer and irinotecan/gemcitabine resistance in
pancreatic cancer cell lines in which EMT has been shown as a main driver of resistance.
Further, most of research supports the role of EMT in drug resistance [194]. However, we,
in these analyses, found that EMT was associated with increased sensitivity to doxorubicin.
In GSEA, gene sets related to EMT, invasion and TGFB signaling were found to be enriched
in sensitive cells. As expected, cell proliferation-related gene set had shown enrichment. In
resistant cell lines, we observed enrichments of estrogen receptor associated gene sets. In
terms of molecular breast cancer subtypes, we realized that sensitive cell lines mainly consist
of basal subtypes while resistant cell lines consist of luminal subtypes.
Further functional enrichment analysis on PPI network constructed with sensitivity
associated gene list revealed that genes related to TFGB receptor signaling that activates
SMADs were enriched. On the other hand, functional enrichment analysis resulted in
enrichment ERBB signaling pathway associated genes in PPI network constructed with
resistance associated gene list. When we map resistance-associated miRNA-targets network,
functional enrichment refers the inhibition of PI3K-AKT signaling in doxorubicin-resistant
breast cancer cell lines. Nevertheless, these findings are contradiction with literature.
Multi-omics integration analysis revealed a molecular signature consisting of 7 mRNAs, 7
miRNAs, 7 proteins and 5 methylation events. Among selected mRNA variables, TFF1 is
one the genes associated with increased resistance to doxorubicin. Pelden et al. also
suggested that it is upregulated by estrogen and involved in doxorubicin induced apoptosis
resistance [195]. Among selected miRNA variables, there was no miRNA associated with
sensitivity. miR-301a is one of these, and it is shown to promote doxorubicin resistance
through targeting AMPKa1 in osteosarcoma cells [196]. Selected protein variables
associated with resistant phenotype reflect epithelial and ER+ characteristics of cell lines.
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Overall, these finding manifests that drug response data sets or discovered doxorubicin
resistance mechanisms should be carefully reviewed. Different drug response data sets show
good correlation in response profile of breast cancer cell lines to doxorubicin. This may
suggest its reliability, but in vitro studies have also strong arguments. So, there can be more
complex mechanisms underlying doxorubicin resistance which cannot be explained with
these in silico approaches.

6.7. Targeting EMT to overcome drug resistance in cancer
EMT is a well-known phenomenon whereby tumor cells lose their epithelial characteristics
and acquire mesenchymal characteristics. Emerging evidence suggests a molecular and
phenotypic association between EMT and chemotherapy resistance in several cancer types
[197]. Therefore, targeting EMT has been considered a promising strategy to overcome
therapy resistance in cancer.
A wide range of natural products has been reported as being cytotoxic for cancer cells and
therefore useful in cancer therapy. Natural products can act as therapeutic, preventive or
chemosensitizer agents. Enhancement of chemotherapy sensitivity in tumor cells using
naturally occurring biomolecules is a new and promising strategy aiming to promote the
efficacy of conventional chemotherapeutics and targeted drugs [198]. Several studies suggest
that inhibition or reversal of EMT by natural products results in resensitizing drug resistant
cancer cells [80, 99, 101, 199].
In the present study, we used eight natural compounds and 2 repurposed agents that were
previously shown to modulate EMT in different types of cancer cell lines, to test their
capability to sensitize cancer cells to chemotherapy in a comprehensive manner. Although
there are studies supporting the modulatory effects of all these compounds on EMT, only a
few of them were able to induce MET in specific cancer cell lines in our experiments,
suggesting a highly selective cell-line specific action. Interestingly, none of the compounds
were able to induce MET in the Caco-2 cell line, which can easily be induced to undergo
EMT and MET under various other conditions [200]. In fact, some treatments resulted in
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upregulation of VIM suggesting the induction of EMT. Moreover, the MET induction with
fisetin and forskolin seen in KM12 was not observed in other colon cancer cell lines. This
suggests that MET induction with these natural compounds may vary according to cellular
and molecular characteristics of cell lines even within the same cancer type. Similarly, the
breast cancer cell line MDA-MB-157 exhibited MET only with resveratrol. Since various
cellular mechanisms are affected by resveratrol, including mammalian target of rapamycin
(mTOR) signaling, miRNA modulation, AMP-activated protein kinase (AMPK) activation,
NF-B activation, nitric oxide production, histone deacetylase (HDAC) inhibition, and cytochrome P450 inhibition [201], it might be that MET induced in this cell line is managed
through one or more of these mechanisms which may not have been targeted or effected
enough by other compounds in our panel.
Induction of MET has been assessed based on reduction in expression of VIM, and increase
in expression of CDH1 upon treatment throughout this study. Exceptionally, MIA PaCa-2
which had a very low basal expression of CDH1, had a very dramatic increase in CDH1
expression induced by multiple natural compounds. Almost no change was recorded for VIM
expression, therefore we did not consider these changes as markers of MET in this cell line.
Evaluation of expression changes of multiple mesenchymal markers may be needed to better
identify if these compounds can induce MET in this cell line.
Among the compounds we examined in this study, almost none were found to both trigger
MET and induce chemo-sensitization. In KM12, although fisetin and forskolin induced
MET, the fisetin and 5FU combination did not show a synergistic effect. On the other hand,
Urolithin A synergized with 5-FU in KM12, in the absence of MET induction. Furthermore,
slight MET induction in MIA PaCa-2 with natural compounds did not lead to improved
sensitivity to irinotecan, gemcitabine and gefitinib in almost all combinations.
These

findings

show

that

synergy

between

natural

compounds

and

chemotherapeutics/targeted agents can be observed only for some cell lines and that the
underlying mechanism is likely not the simple induction of MET but possibly a combination
of several other mechanisms. The fact that synergistic effects were also quite variable across
cancer types as well as in cell lines within a given cancer type suggests that the mechanisms
underlying these observations are highly cell line specific.
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6.8. Mesenchymal/invasive phenotype in melanoma as a mechanism for c-Src inhibitor
resistance
Several Src inhibitors have been available for clinical assessment including dasatinib and
saracatinib, which are utilized in clinical trials in melanoma [150, 151]. However, increased
risk of toxicity and minimal effectiveness of these drugs uncover a need for more potent cSrc inhibitors and/or a better definition of melanoma subtypes that would be suitable for Src
inhibitor-based treatment protocols.
The in vitro and in silico data we report here indicate that melanoma cells with proliferative
or mesenchymal features clearly exhibit distinct sensitivity patterns for a novel c-Src
inhibitor 10a. This is in agreement with our previous work, where a proliferative or invasive
phenotype corresponded to 10a-sensitive and resistant cells, respectively [202]. Proteinchemical interaction network analysis with sensitivity associated gene list revealed that
valproic acid is one of the hub chemicals in the network. This can be explained by phenotypic
differences between sensitive and resistant melanoma cells. Resistant cells exhibited a
mesenchymal/invasive phenotype, suggesting a dedifferentiated state. Several studies
suggest valproic acid as a differentiating agent [203-205]. on the other hand, the role of
valproic acid on EMT is highly controversial. Some studies suggest that valproic acid
promotes EMT while some shows its role in inhibition of EMT [206-209]. Expecting the
reversal of mesenchymal/resistant phenotype, we performed combination of 10a with the
histone deacetylase inhibitor, valproic acid. Results indicated that valproic acid can be used
to enhance 10a cytotoxicity in resistant cells. However, we did not check the expression
levels of EMT markers after treatment with valproic acid.
Last, we want to identify a minimal number of biomarkers that could help classify melanoma
subtypes which show differential 10a sensitivity. Our expression data show TMED7,
PLOD2, XRCC5, and NSUN5 are capable of classifying in vitro responses to 10a. The role
of TMED7 in cancer is poorly understood. Sheng et al. suggested that PLOD2 may promote
cancer stem-cell like phenotype, in turn, induces drug resistance [210]. Sensitivity associated
gene, XRCC5, was shown to promote cell proliferation through modulation of COX-2 in
colon cancer cells [211]. Similarly, NSUN5 was also found to be associated with increased
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cell proliferation [212]. Collectively, these biomarkers reflect the phenotypes that they are
enriched. Further studies of 10a in vivo, combination treatments with valproic acid, and
clinical validation of biomarker genes would yield further insights into mechanisms of drug
action, degree of cotreatment synergy, and clinical reliability of sensitivity biomarkers.
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Abstract
Alın.l:

Molecubr heuı,ogtnE:11)' olbrean cınctt results in v.ıriaOOn in morphology. mewutıc p0<tntlal
to the,ap7: We prt.ııi<>uslt showe,d that b«ıast carıce, <tll lın,e sub~O\lps obtalned bt a
duscerını app<«ııdı uslrıg hlghlf\'arlable: ıerıes ()'lltrlaı,ped a lmost completely wlth s~
ps genoerated
by a «ug cytotoxlcity-p«>flle bued a pproach. Two dlsdrıc.t e,ell populıdorıs thus ldentill,ed wtre
CSC(caııcer steın c.ell)-like ıınd no~CSC-llke, in thls study ~ a,ked Yotı,etheı- an mRNA bl1ed g,ene
,ıgrıııture lde,tı(if7!rı.g th.ese two cel typ,es w01.ıld eıı:plaln vatiadon in ııemtı,es,. 91T. dru&; sl!l'lsltiYit:7. and
progrıosıs ki sill<o ıınd ki t1vo. M aln methods: ı.,, sillco ıırı.:ı.lyses weı-e ıı,trl«med ınlr'\g publid y tvall ııble
«ıı la'ı,e andJ».tient w ,nor dııweu. Jn ııiUoıtııılyses of ph.enot)'PIC plut:Jdty and dru.g responslvtness wtre
obttined usln.g hu,n:ın bf"eas< cıırıc.er cell ı.ı,u. Key fl nd ings: We flnd a no,ıel gene 11st (CNCL) dlo3.t can
genen.tc both c:ıte.goriul al'd continuous ııvi:ıble:s corresponding to thc stc1McsslEMT (cpid~ li~ co
mesendırmal tnııuition} ıttte of tvmon. Wc :ıre prescnting a noııe,I robun gene sigmıtı.ırc th:ıt vnite,
preııiovs obscn-uions rcb tcd either to ENT or stemnı::ss in bren-ı c.:ıncer. Wc sftow kı silk'o, th:ı.t thb
sigrı:ıı.ı.ıre pcrl'ecıl7 prcdicu bchııııiOf' ol w,nor c:ells ı..estcd in ı•itıo. :ınd can rcRcct tuınor pl:utiô l7. 'Wc
thu, dcınorutrate for thı: fiı-st time, that brc.:m cancı:< ,utMypc:s :ı.re scıuiıtiYc to c ithcr La~tinib or
Midostaurin. The same zene lirt is not Qf>:ıbl e or predktinz prognosis in mort cohor u., eıı:ccpt (or one
th:ı.t iod udeı paticrıu rcccivinz n-adjvııant uıı:cnc thcrapy. Siıni riauıcc : CNCt is :ı. roburt gene list
th:ıt c:ın idcrıti(y both stcml'Css and thc EHT state of cdl lincs .ıılMI twııors. it c:ın be used to tncc wmor
cdlıs durinı thc coı.ırs.c o4 pfıenot7Pic c:h~nccs dıcy undcr e:o, th~t rcsı.ılt U'l :ıl tcrcd tcSponses to
thcr;ıpculic: azctıu. Thc b et th;ıt such :ı liu c:ınnot be uscd to idcntify prov,osis in most p:ı dcrıt cohoru
svıgcus tl\;ıı pt'CSCI\CC of f.act0f'S othcr th.uı stcnwıcs.s anıl EMT ;ıffcc:t mortılity.
and

reıponse

lntroduction
Brcast canccr {BC) is thc sccond le.ıding causc ol
mortalit)' afte-r lung caılt'.er in wcıment. Currently the
ın<>lt-<:ular cht...~ific..ı.tion ()( 8C is based on ı.·.l(pn,ss i<>n
o( F..strogen Rcceptor (ER), Progesterone Receptor

(PR) a_nd Erb-82 Rectptor Tyrosine KlnaS(': 2 (ERBB2).
Anothe r dassiftcation. which is also based on gene
e>.ı>n~ssi oı) d lffereıll.'tS ldc:nıiJic$ luınJ.nat A, lumJı\.'l.l 8,
Mer2 cnrkhcd, basal, and normal likc subgroups, and
pro\'ides a beue.r predicı i on of prognosis and drug

N.'SJXmscU, Somc sttıdks idcntifit-d .ı canccr stcm celi
(CSC}-like subpopulation İl) DC. w hkh was suggested
as being n:.ı:.pı)nsibk f<>r mctastttsis and rdıı.~ of
diseasc4-'. in general, CSCs are generally d efined as
CD44· / C024· cells thıı.t pos~ss the cap.1city of
self-renewal•. 1'he
h)'pothcsis suggcsts . by

ese

d efioiıion

• th.'lt noı)·CSC cells w<.>uld lxı gcoer.1 ı ed
from CSC cclls. On the othcr hand, a related but
distinct ınechan ism, i.e. epilhelial to ınesıe.nchymal
hup:l/www.jcanccr.orı
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