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Abstract 

An epithelial-mesenchymal transition (EMT) is a process that leads an epithelial cell to change 

by gaining a mesenchymal phenotype. During organogenesis, embryogenesis and metastasis of 

tumor cells, cells differentiate into epithelial or mesenchymal states via EMT and MET 

processes. Transforming Growth Factor Beta (TGFβ) and the signaling pathway is the most 

important EMT stimulator. TGFβ plays a prominent role as a tumor suppressor and a metastatic 

agent in cancer progression. From embryonic development to homeostasis, TGFβ and its 

downstream regulators in the signaling pathway are crucial that deficiencies and mutations in 

the gene or on the pathway cause developmental defects, immunological diseases and poor 

prognosis in cancer patients. TGFβ has three isoforms that are involved in these processes; 

TGFβ1, TGFβ2, and TGFβ3. Analyses in the thesis were performed computationally by R 

programming and tools like GSEA and GO Analysis among TGFβ1, TGFβ2 and TGFβ3 

isoform treated public datasets of human and mouse organisms. In line with the thesis’s 

hypothesis, significant differences in transcriptional level, gene sets, cancer types, mutations, 

pathways and molecular functions were identified between the isoforms of the TGFβ. These 

results of the thesis can illuminate further research in the TGFβ and EMT area and obtain new 

therapeutic aspects particularly in cancer diagnosis and treatment. 

Keywords: EMT, MET, TGFβ, Differential expression analysis. 
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Özet   

Epitelel- Mezenkimal dönüşüm (EMT), epitel bir hücrenin mezenkimal bir fenotip kazanarak 

dönüşümüne neden olduğu bir süreçtir. Bu olay transkripsiyon faktörlerinin aktivasyonu ile 

gerçekleşir. Organogenez, embriyonik gelişim ve tümör hücrelerinin metastazı sırasında, 

hücreler EMT ve MET süreçleri yoluyla epitelyal veya mezenkimal durumlara farklılaşır. 

Dönüştürücü Büyüme Faktörü Beta (TGFβ) ve sinyal yolağı, EMT'nin en önemli uyarıcısıdır. 

TGFβ, kanser ilerlemesinde tümör baskılayıcı ve metastatik ajan olarak önemli bir rol oynar. 

Embriyonik gelişimden homeostaza kadar, TGFβ ve sinyal yolağının diğer regülatörleri çok 

önemlidir. TGFβ'nin bu süreçlerde görevli TGFβ1, TGFβ2 ve TGFβ3 olmak üzere üç izoformu 

vardır. Bu araştırma çeşitli biyoinformatik analizler, R programlama dili ve GSEA ve GO 

analizi gibi araçlar kullanılarak gerçekleştirildi. Analizde TGFβ1, TGFβ2 ve TGFβ3 

izoformlarıyla muamele edilmiş insan ve fare hücrelerinin kullanıldığı genel veri kümeleri 

kullanılarak sonuçlar elde edildi. Tezin hipotezi doğrultusundaki bu analiz sonuçlarıyla, TGFβ 

izoformları arasında transkripsiyonel düzeyde, gen setleri, kanser tipleri, mutasyonlar, yolaklar 

ve moleküler fonksiyonlarda önemli farklılıklar tespit edildi. Araştırmanın bu sonuçları, TGFβ 

ve EMT alanındaki gelecek araştırmaları aydınlatma ve özellikle kanser tanı ve tedavisinde yeni 

terapötik bakış açıları geliştirilmesine önemli katkılar sağlayacaktır. 

Anahtar Kelimeler: EMT, MET, TGFβ, Diferansiyal ekspresyon analizi. 
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1 Introduction and Aim 

1.1 Aim of the Study 

Despite the similarities of the isoforms, differences among them, and how they affect gene 

expression, signaling pathways, transcriptional factors may play a critical role in their 

contribution to significant processes. The objective of this thesis is to identify the target genes, 

transcriptional factors and the gene sets that are common or showing substantial differences 

between TGFβ1, TGFβ2, and TGFβ3 isoforms by bioinformatic analysis to provide leading 

information for the better understanding of organogenesis, embryogenesis, and cell migration 

processes which will lead to metastasis and invasiveness in epithelial cancers. And will help 

further research in EMT/MET field that may provide new aspects into the possible therapeutic 

approaches. 

2 Hypothesis of the Study 

The study hypothesizes that there are differences among TGFβ isoforms at the transcriptional, 

functional and tumorigenic levels affecting EMT, leading to possible therapeutic approaches 

and further research.  

3 General Information 

3.1 EMT 

An epithelial-mesenchymal transition (EMT) is a process that causes an epithelial cell, which 

is embedded on the basement membrane, via ECM components, to undergo a transition by 

gaining a mesenchymal phenotype. EMT and MET processes play an important role in 

organogenesis, embryogenesis and metastasis of tumor cells. In addition to morphogenic 

changes in embryonic programming, a broader understanding of the EMT-MET processes is 

essential in the controlling metastatic diseases. During EMT, tight and adherens junctions are 

disrupted and reconstructed. Cells become motile by changing the cytoskeletal arrangements 

like ECM proteins (Gandalovičová et al., 2016). EMT is classified into three subtypes. Type 1 

EMT is associated with development, especially in embryogenesis. From gastrulation to germ 

layer formation, as cells migrate and differentiate between epithelial and mesenchymal states, 

EMT is crucial in developing works via Nodal and Wnt pathways. Type 2 EMT is related to 

inflammation, trauma caused organ fibrosis, and wound healing. After an inflammatory 

response, the cell’s basement membrane is disrupted by cell differentiation leading to EMT. 
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Finally, Type 3 EMT is associated with invasiveness, metastasis of cancer cells. Invasive cancer 

cells extravasate from the primary tumor site by gaining a mesenchymal phenotype and form a 

secondary tumor in a different site. Type 3 transformation occurs on cells that have undergone 

genetic and epigenetic changes for tumor development, and these changes have effects on 

oncogenes and tumor suppressor genes (Kalluri & Weinberg, 2009). 

 

Figure 1: Events during EMT with epithelial and mesenchymal marker genes (Aroeira et al., 

2007). 

 

Epithelial-Mesenchymal Transition (EMT) plays critical roles in various processes including 

embryonic development, tumor progression, cancer metastasis, cell reprogramming. 

Transforming Growth Factor Beta (TGFβ) is the most recognized and studied driver of the EMT 

(Moustakas & Heldin, 2016). EMT is recognized by transcriptional changes at the gene level 

and, by the morphological changes cells undergo. Cells that are induced by TGFβ change their 

structure to elongated fibroblast-like spindles. During epithelial to mesenchymal 

differentiation, cells lose their attachments, and interactions with each other and alterations in 

extracellular matrix proteins gain migratory features to become a fibroblast-like mesenchymal 

phenotype.  This switch is caused by transcriptional changes in genes like E-cadherin and N-

cadherin (cell adhesion molecules). TGFβ signaling pathway activates the transcription of those 

marker genes via transcription factors (TFs) like Zeb1,2, Twist1,2, Snail1,2. These EMT-

inducing transcription factors, induced by TGFβ, facilitate the acquisition of mesenchymal 

phenotype and suppress E-cadherin expression and increasing N-cadherin levels (Loh et al., 
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2019). Genes involved in EMT affect cell cycle also cause epigenetic changes like histone 

modifications. Environmental factors are also included in the changes.  

EMT is not only regulated during the transcription. Genes involved can be post-

transcriptionally activated or repressed at translation like repression of ZEB molecules by 

miRNAs and alternative splicing regulates the EMT (Janakiraman et al., 2018). 

3.1.1 Epithelial Cell Polarity 

During epithelial to mesenchymal transition, change in the cellular polarity is highly required. 

In the phenotypic manner, while cells gain new mobile abilities, they lose their adhesion to each 

other and their apical-basal polarity via disruption of tight and adherens junctions in apical and 

basolateral surfaces. Proteins that are building blocks for junctions and maintaining polarity are 

claudins, occludin, PAR, CRB and SCRIB. Key inducers of the change in polarity are 

cadherins. The transcription factors responsible for E-cadherin downregulation (SNAI, ZEB) 

also promote claudin and occludin interactions. Besides the gene expression level, cellular 

polarity differences due to epithelial to mesenchymal changes are also affected by post-

transcriptional changes mediated by miRNAs and non-coding RNAs (Moreno-Bueno et al., 

2008). 

3.1.2 Cellular Plasticity 

During the transition between epithelial and mesenchymal states, cells preserve their plasticity 

as the processes are reversible. Throughout the transition, cells gain a hybrid stage which they 

co-express epithelial and mesenchymal markers. This mixed epithelial and mesenchymal stage 

of the cells is present in development, wound healing, especially in cancer metastasis (Liao & 

Yang, 2017). The hybrid phenotype of the circulating tumor cells (CTCs) express both markers 

of the two phenotypes and they strengthen the metastatic ability of the cells to form secondary 

tumors and increase drug resistance risk (Chin & Lim, 2019). Some of the TGFβ induced 

transcription factors associated with EMT (ZEB1, TWIST1, SNAI1) are also involved in cell 

stemness by effecting their epithelial plasticity and causing recurrence of the cancer in patients. 

Although the processes are involved with the same TFs, EMT and cancer cell stemness are 

independent from each other (Ye & Weinberg, 2015). Besides the transcriptional effects, 

epigenetic regulations like alternative splicing, chromatin modifications, are associated with 

cell plasticity.   
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Figure 2: Epithelial cell plasticity states during EMT (EM: Epithelial and mesenchymal hybrid 

state.) (obtained from Nieto et al., 2016). 

3.1.3 MET  

Although Mesenchymal Epithelial Transition (MET) is defined as the inverse process of 

epithelial-mesenchymal transformation, recent studies and data from our lab researches 

emphasize the complex and dynamic nature of the MET process (Sengez et al., 2019). This 

process also implies a fundamental transformation mechanism of the same importance for 

embryonic programming. During MET, mesenchymal cells undergo transcriptional differences 

such as loss of N-cadherin and activation of E-cadherin expression, resulting in epithelial 

character. During the metastasis of cancer cells MET is also needed for secondary tumor 

formation in a distant site (Alotaibi et al., 2015). 

3.1.4 EMT/MET Marker Genes 

SNAI1 TF binds to DNA at the E-box element of the E-cadherin promoter region and 

suppresses its expression (Miyazono, 2009). TWIST1-2 increases the cell’s invasive profile  

downregulating E-cadherin and upregulating vimentin, N-cadherin levels (Xu J., Lamouille S., 

2016). The primary step of the EMT process is the downregulation of the levels of the E-

cadherin. E-cadherin, organizes epithelial cell adhesion complexes, suppressing cell 

proliferation, resulting in the loss of cells’ mesenchymal phenotypes. Claudin and occludin are 

downregulated for apical junction disruption (W. Guo et al., 2018).  
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ZEB family transcription factors act as a switch in transcription and are affected by miRNAs 

(Bendoraite et al., 2010). SNAI1, TWIST, ZEB downregulate epithelial genes and upregulate 

mesenchymal ones by binding to their E-boxes (Garg, 2013). 

3.2 Epigenetic Regulation 

GRHL2, ZEB1, TWIST1 are known epigenetic modifiers during EMT. Chromatin modifiers 

like HDAC1, HDAC2, LSD1 are recruited by SNAI1 and ZEB1 and repress CDH1 expression 

(Serrano-Gomez et al., 2016). During TGFβ induced EMT, CDH1 promoter hypermethylation 

at H3K9me2 and H3K27me3 by SNAI1 is a marker for epithelial cancers (Lin & Wu, 2020). 

TWIST causes H4K20me1 at CDH1 promoter and lead to EMT (Skrypek et al., 2017). 

Epigenetic regulator inhibitors are drug targets for circulating tumor cells of epithelial cancers. 

Targets include; BRD4770 for H3K9 methylation, Entinostat for HDACs, and GSK-126 for 

H3K27 methylation (Ning et al., 2015). However, the reversible role of EMT is causing some 

questions on the inhibitor therapies. Promoting MET by inhibiting the epigenetic repressions 

causes tumor invasion in some cancer types, which may be used in the tumor’s early stages 

(Mishra & Johnsen, 2014). 

3.3 TGFβ Signaling Pathway 

 

Figure 3: TGFβ superfamily tree based on their amino acid sequences (obtained from Chang 

et al., 2002). 
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Transforming Growth Factor Beta (TGFβ) signaling pathway is an important stimulator of the 

EMT. It is also known that in in-vitro studies, it induces EMT in certain cell lines and cancer 

cells like NMuMG (normal murine mammary gland), A549 (non-small cell lung cancer). In 

both adult and embryonic cells, TGFβ has a critical role for important cellular functions such 

as proliferation, differentiation and apoptosis. It is used as a differentiation factor, which 

transforms epithelial cells into mesenchymal cells in our in vitro studies with NMuMG cell line. 

Following treatment, TGFβ increases the expression of N-cadherin and vimentin by 

suppressing the expression of E-cadherin, efficiently returning from the epithelial phenotype to 

the mesenchymal phenotype. TGFβ ligands are secreted and they are directly activated or 

embedded in ECM to be activated when needed. 

TGFβ was first discovered as a growth inducer factor in normal rat kidney cells (NRK) in 1978 

(De Larco & Todaro, 1978). TGFβ superfamily has more than 35 members (Figure 3)(Chang et 

al., 2002). TGFβ signaling stars with two serine/threonine kinase receptors, Type I and Type II. 

Autophosphorylated Type II receptors phosphorylate Type I. TGFβ activates receptor complex, 

leads to the activation of Smad2-Smad3, which form trimers with Co-Smad, Smad4 (Hata & 

Chen, 2016).  

That trimer complex translocates in the nucleus to associate and cooperate with DNA binding 

transcription factors, which will activate or repress target gene transcription. Besides the Smad 

dependent pathway, other signaling pathways are activated due to TGFβ response (Figure 4), 

for example MAPK signaling pathway, PI3K/AKT pathway, JNK, and p38 pathway (Y. E. 

Zhang, 2009). Erk-MAPK signaling increase the activity of TGFβ by decreasing E-cadherin 

levels. Receptor tyrosine kinase (RTK) signaling takes part in Smad signaling while they work 

as antagonists to BMP signaling by Smad1 ubiquitination (X. Guo & Wang, 2009). RTK 

signaling via Ras molecule leads to p53 phosphorylation. Liu et al. (2008) showed Ras signaling 

induces TGFβ pathway while TGFβ upregulates Ras signaling as well in NMuMG cells thus, 

inducing tumor invasion and EMT (Janda et al., 2002). 
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Figure 4: TGFβ SMAD and non-SMAD signaling pathway (obtained from Hao et al., 2019). 

3.3.1 Smads 

Smads are intracellular signaling molecules that are downstream of the TGFβ pathway. There 

are eight types of Smads in three categories. R Smads are receptor-regulated, Smad 2,4,5,8; 

Inhibitory Smads 6,7; and Co-Smad Smad4. Smad1,5, and 8 signals through receptors 

ALK1,2,3 and 6. Smad2 and 3 signals through ALKs 4,5 and 7. TGFβ activated Smad2,3,4 

expression directly affects EMT. It is shown that blocked Smad2 or Smad3 activation causes 

EMT processes to fail in in vitro experiments with NMuMG cell lines (Jian Xu et al., 2009). 

Depending on the context, some cell lines show adverse effects with Smads. While Smad3 

negative hepatocytes are showing no changes in phenotype, Smad2 negative keratinocytes and 

hepatocytes gained mesenchymal features with faster tumor development (Hoot et al., 2008). 

On the other hand, increased Smad7 levels cause EMT to stall in several types (Xu J., Lamouille 

S., 2016). Smad7 performs its inhibition effect by recruiting SMURF1,2 ubiquitin ligases for 

degradation (Figure 4). Smads may act differently in different organisms; an inhibitory complex 

in Drosophila works as an activation in mammalian cells (Upadhyay et al., 2017). Smads move 

between the nucleus and the cytoplasm constantly to maintain the signal transduction. This 

movement is achieved by Smad phosphorylation and dephosphorylation (L. Xu, 2006). Some 

Smads bind DNA directly, and some need interaction with DNA binding factors like CBP, p300 
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(Janknecht et al., 1998). Some transcription factors like FoxH1, Mixer, Milk, and Bix3 also 

help Smad2 to interact with DNA. Smad2-3 and Smad1-5-8 complexes interact with co-

molecule Smad4 for transcription regulation. But, without Smad4, these complexes find 

alternative regulators such as IKK, TRIM33 (Itoh et al., 2018). Smads also recruit histone 

modifier molecules like p300 and Brg1 (M. Y. Wu & Hill, 2009). 

3.3.2 Receptors 

TGFβ RII receptor has a size of 567 amino acids with 298 serine/threonine kinase domain. The 

core binding site of the receptor has a cysteine-rich region. PRE1 and PRE2 are related to the 

transcriptional regulation of TGFβ RII (Kim et al., 2000). 

It is known that most of the metastatic tumors overexpress TGFβ; besides, they are resistant to 

growth inhibition mediated by it, for the purpose of invasiveness. When dominant-negative 

TGFΒRII is used, it naturally blocks TGFβ signaling and, thus, EMT. In fact, in mesenchymal 

spindle tumor cells, blocked TGFΒR signaling induces MET (Ishigame et al., 2013). Depending 

on the EMT blockage and MET induction, metastasis and invasiveness of the colon carcinoma 

cells (CT26) are directly inhibited. Even when primary tumors are excised from the site, CT26 

cells remain their metastatic phenotype. But when the cells are expressing dominant-negative 

TGFβRII, they don't form metastasis. Therefore, TGFβ signaling is required even so a 

metastatic environment is present when the primary tumor is removed (Oft et al., 1998b). 

Invasiveness of mouse colon cancer cells is checked with collagen gel when TGFβRII signaling 

is blocked, and they again didn't manage to invade (Erdogan & Webb, 2017).  

In conclusion, TGFβRII signaling is necessary for metastatic tumors to form invasiveness via 

EMT regardless of the cell cycle (Oft et al., 1998a). Structural defects on the receptors cause 

gastric cancer cells to be resistant to growth inhibitory effects of TGFβ. DNA repair errors in 

human cervical carcinoma colon cancer establish a connection with a frameshift mutation in 

the TGFβ-RII coding region (De Miranda et al., 2015). These mutations are also detected in 

biliary tract tumors and sporadic cecum cancers. Defects and mutations on TGFβ-RI gene are 

observed in primary breast cancer carcinoma, human chronic lymphocytic leukemia (CLL), and 

human cervical carcinoma (Kim et al., 2000). 

3.3.3 MiRNAs 

Besides the TGFβ, the most known and studied driver of the EMT, microRNAs, noncoding 

RNAs are also involved in the process. ZEB and miR200 family have an adverse effect on each 

other; TGFβ downregulates miR200 family members. They function to maintain the epithelial 

state and inhibit invasive genes, just like miR34 and SNAIL1 act together as regulators of EMT 
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(Bendoraite et al., 2010). On the other hand, miR181 and miR182 work contrary to SMAD7 to 

increase invasiveness in some cancer cells (Suzuki, 2018). Long noncoding RNAs (LncRNA) 

are also related to TGFβ induced EMT in cancer. LncRNA activated by TGFβ cooperating with 

IL11, STAT3 act as an EMT inducer (Hao et al., 2019). From a developmental aspect of the 

TGFB superfamily members, Nodal signaling, which is one of the key players in development, 

is regulated by microRNAs in some organisms. For example, miR-430 is required for germ 

layer specification in Zebrafish and MiR-15/16 in Xenopus (M. Y. Wu & Hill, 2009). 

3.4 TGFβ and EMT in Cancer 

3.4.1 Tumor Suppressor and Metastatic Dual Role of TGFβ in Cancer 

TGFβ induced EMT is a key indicator of metastasis and invasiveness in many cancer types. 

Somatic mutations and deletions on TGFβ and TGFβ receptors cause defects in various cell 

types (Massagué, 2008). 

TGFβ acts as a tumor suppressor in early-stage tumors with epithelial cells. TGFβ leads to cell 

cycle arrest by suppressing cell growth and proliferation in the G1 phase. This process is done 

by inhibiting cyclin-dependent kinases (CDKs) like c-Myc (Iordanskaia & Nawshad, 2011). 

TGFβ causes cell death of tumor cells at an early stage by expressing TGFβ-SMAD dependent 

apoptotic factors like BIM, BIK, BCL-XL, and activating downstream pathways of the TGFβ 

signaling responsible for apoptosis (p38-JNK, MAPK) (Spender et al., 2009). TGFβ also leads 

to cell death through various events like reactive oxygen species (ROS) induction, autophagy, 

and epigenetic differences (Hao et al., 2019). In a recent study, the functional role change of 

TGFβ from tumor suppressor to enhancer has revealed as conserved14-3-3ζ molecule by 

changing the p53 levels in breast cancer cells (Jia Xu et al., 2016). In later stages, tumor cells 

become resistant to the growth inhibition caused by TGFβ. Thus, cancer cells start to produce 

TGFβ to enhance their invasive and migratory profile. TGFβ increases tumor invasiveness by 

activating factors for angiogenesis to supply oxygen for tumors and help for vessel formation 

(Pickup et al., 2013). Cytokines secreted for bone metastasis like IL11, CTGF, MMP1 and 

PMEPA1 are induce by TGFβ (Fournier et al., 2015). At the early stages of the cancer, high 

levels of PMEPA1 cause a decrease in the TGFβ leading a tumor suppressor function for itself. 

At the later stages, low levels of PMEPA1 is used as a bad prognosis factor  (Xie et al., 2018). 

 

Some breast cancer cells share the same regulated genes as EMT, such as INHBB, ELF3, FBN1, 

and TGFβ3. There is a high correlation between EMT levels and survival rates of brain, kidney, 
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and body cavity cancers and not as high but significant in thyroid, eye, and bladder cancers 

(Figure 5). From the TGFβ perspective, brain, bone, and skin tumors show high signaling levels 

of TGFβ (Foroutan et al., 2017). Gordian et al., created an EMT signature in cancer with a 

survival aspect. Genes like CDH1, LAG3, CTLA4, and PDL1 showed high levels of association 

with TGFβ induced EMT and metastasis-free survival rates (Gordian et al., 2019). Genes 

associated with EMT like PDGFA, COL6A1, IGFBP5, and IDB2 are used as bad prognosis 

markers in breast cancer (Valcourt et al., 2005). 

 

 

Figure 5: Overall survival rates of different cancer types with 10-year censoring (obtained from 

Foroutan et al., 2017). 

Increasing cell migration and morphological changes caused by EMT are TGFβ dose-dependent 

on A549 cells (adenocarcinoma) in vitro. Keshamouni et al. (2006) concluded that; 

differentially expressed genes in Adenocarcinoma cells from TGFβ induction are also 

upregulated in different cancer cell lines and metastatic affect processes like adhesion, 

migration and invasion (Batlle & Massagué, 2019). Since pancreatic cancers have a poor 

survival rate and glycosylation may effect differentiation and migration processes with EMT, 

Maupin et al. (2010) investigated glycosylation alterations within the TGFβ induced EMT. 

Glycoproteins like cadherin 15 (CDH15), integrin alpha 2, and 5 (ITGA2, ITGA5) showed 

increased expression rates. Thus, glycans play a role in EMT and mesenchymal state 

maintenance (Maupin et al., 2010).  
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3.5 Drug Targets for TGFβ 

TGFβ, its downstream signaling molecules and receptors are used in clinical trials as a drug 

target by itself or combined with other cancer therapy methods. Targeting is done by inhibiting 

receptor binding, blocking the expression of the ligand, and interfering with the translation. 

Targets such as; TGFβ2 inhibiting lung cancer vaccine Belagenpumatucel-L (Lucanix), TGFβ2 

mRNA inhibits antisense oligonucleotide Trabedersen(AP 12009) for pancreatic cancer, 

TGFβRI inhibitors Galunisertib and SM16, neutralizing antibodies Fresolimumab, 

Metelimumab, and  Lerdelimumab (Nemunaitis, 2013). Vactosertib is being used for immune 

checkpoint chemotherapies (Hao et al., 2019). There are some drugs in the market or in trials 

that use TGFβ1 and TGFβ receptors for various indications, such as Hyaluronidase as a TGFβ1 

inhibitor used for increasing the effectiveness of other drugs. Fostamatinib is used for chronic 

immune thrombocytopenia (ITP) treatment, and it’s an inhibitor of the TGFβ receptor (Table 1) 

(Wishart et al., 2018). 

Table 1: Drug relations of TGFβ1 and TGFβ receptors 

 

3.6 Role of TGFβ on Immunology  

Treg cells activate TGFβ derived by tumor cells to enhance tumor growth. Those tumors induce 

TGFβ, block T Cell differentiation to Th1 cells and lead them to differentiate into Tregs to 

block CD8+ activity. It represses the activity of neutrophils and natural killer (NK) cells, 
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inhibits dendritic cell proliferation and their antigen-presenting functions (Hao et al., 2019). 

TGFβ1 notably causes immune evasion of cancer cells. TGFβ signaling also regulates T cell 

tolerance, which restrain possible autoimmunity. TGFβ affects the tumor microenvironment in 

an immune suppressive way to the tumors favor. TGFβ drives immune evasion in cancer cells. 

TGFβ inhibits the antigen presentation by dendritic cells (Batlle & Massagué, 2019). 

3.7 Developmental Effects of TGFβ 

Besides TGFβ1, TGFβ2, and TGFβ3 isoforms, the TGFβ superfamily has more than 30 

superfamily members as bone morphogenetic proteins (BMPs), growth and differentiation 

factors (GDFs), and activins, which have prominent duties in developmental processes like 

embryonic development, differentiation, migration and axes generation (Namwanje & Brown, 

2016). For instance, Nodal is responsible for the induction of endoderm, mesoderm, and 

ectoderm germ layers, and other superfamily ligands have roles in tissue organogenesis and 

homeostasis. 

3.8 Diseases Caused by EMT and TGFβ Signaling Pathway 

Mutations 

TGFβ isoform deficiencies cause various developmental defects in different organisms. TGFβ 

is an inducer for EMT that plays a crucial role in cardiogenesis. It enhances angiogenesis to 

increase intravasation to the circulatory system during development. TGFβ induced EMT may 

also prompt cardiac fibrosis. TGFβ isoforms (1,2,3) are upregulated during different stages of 

heart valve development in mice and chicken. While TGFβ2 initiates EMT, TGFβ3 controls the 

migration during the process. (M. Y. Wu & Hill, 2009) In mice, TGFβ1 null embryos show 

defects in cardiogenesis, such as in atrioventricular junctions. Also, with TGFβ2 deficiency 

and, the atrioventricular parts, defects of the outflow tract occur in mice (Cui et al., 1996). There 

are different studies on all three isoforms and their developmental effects when deficient. 

TGFβ3 causes palatal shelve fusion error in null mice (Nawshad et al., 2007). As in cardiac 

fibrosis, TGFβ also acts in fibrosis of different organs due to tissue injury such as in kidney, 

pulmonary, and hepatic tissues, TGFβ1 knockout mice mostly die from embryonic 

developmental defects. TGFβ2 knockouts have defects in the skeleton, heart, and retina (Xu J., 

Lamouille S., 2016). 

Signaling failures in developmental steps can cause diseases. As an example, Polycystic ovary 

syndrome and Persistent Müllerian Duct Syndrome (PMDS) are caused by Anti-Müllerian 
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hormone (AMH) deficiency, which is a TGFβ family member (Korkmaz et al., 2017). 

Mutations in ligands like BMPR1B may cause loss or shortened limbs and chondrodysplasia 

(Stange et al., 2015). Hereditary Hemorrhagic Telangiectasia (HHT) and Rendu-Osler-Weber 

syndrome are caused by the defects in ALK1, a TGFβ receptor (Fernández-L. et al., 2006). 

Mutations in Smad4 are linked to Juvenile Polyposis. Excessive TGFβ induction and EMT 

causes fibrotic diseases due to ECM components like tubular atrophy (Johansson et al., 2015). 

Marfan Syndrome (MFS) is caused by connective tissue defects which have a mutation in the 

Fibrillin-1 gene. MFS type 2 occurs due to TGFβ2 mutations (Martínez-Quintana et al., 

2014). Germline mutations on TGFβ1 cause Camurati-Engelmann disease (Chang et al., 2002). 

3.9 Apoptosis and Stress 

TGFβ induced apoptosis is one of the tumor suppressor roles of TGFβ in early-stage tumors via 

the Smad pathway by regulating pro and anti-apoptotic genes (Song, 2007). In leukemia cells 

apoptotic genes are induced by decreasing Bcl-2 levels (Spender et al., 2009). Reduced levels 

of NFKβ causes cell death by inducing C-myc expression (Liao & Yang, 2017). Activation of 

the caspases by TGFβ also causes apoptosis (Ramesh et al., 2009).  

EMT takes a role in various stress types such as; mechanical stress, altered extracellular matrix 

composition, acidosis, genotoxic stress, extracellular mediators, and ER stress (Gjorevski et al., 

2012). Lipolysis products activate stress response in TGFβ signaling via Smad and non-Smad 

pathways, which cause apoptosis. Cell death by TGFβ downregulation is also caused by SAPK 

(Stress Activated Protein Kinase) pathways (Han et al., 2018). Oxidative stress causes TGFβ 

downregulation and leading cancer cells to undergo apoptosis. TGFβ rapidly activates RhoA-

dependent signaling pathways to induce stress fiber formation (Lee et al., 2019). Proteotoxic 

stress downregulates the expression of TGFβ RII and suppresses activation of the downstream 

effectors, thus inhibiting EMT (Tan et al., 2017). A mechanical type of stress, fluid shear stress, 

causes cells to change into spindle-like cells morphologically and increases TGFβ levels 

(Kunnen et al., 2017). 
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4 Materials and Methods 

4.1 Type of The Study 

The study was performed computationally.  

4.2 Time and Place of The Study 

The study took place at Izmir International Biomedicine and Genome Institute, Dokuz Eylul 

University in 2019-2020. 

4.3 Ethical Committee 

No ethical committee approval was required, as the study was only performed by computational 

analysis.  

4.4 Variables of The Study 

Publicly available datasets from the GEO (Gene Expression Omnibus) database of NCBI (The 

National Center for Biotechnology Information) portal were used. Human and mouse cell lines 

treated with TGFβ isoforms with EMT signs were analyzed.  

4.5 Computational Analysis 

All statistical and computational analyses were done by R version 3.6.0 (R Core Team, 2019) 

and Bioconductor package of R (Huber et al., 2015). 

4.6 Microarray Data Selection 

Public microarray data were collected from the GEO (Gene Expression Omnibus) database in 

the NCBI portal. Chosen data were collected depending on (1) only from the Affymetrix 

platform, (2) various cancer and normal cell lines from only human and mouse organisms. (3) 

valid expression levels of epithelial and mesenchymal marker genes like CDH1, VIM, ZEB1, 

SNAI2 for TGF induced EMT presence. (4) at least three repeats of each treatment. (5) clear 

knowledge of the TGFβ isoform (1-2-3) used.  
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Figure 6: Examples of valid expression levels of epithelial marker Cdh1 and mesenchymal 

markers Vim or Snail checked for data selection. GEO2R web tool of NCBI (which uses the 

GEOquery and limma R packages) was used. (A) Dataset GEO: GDS4106, (B) Dataset GEO: 

GSE114761, (C) Dataset GEO:GSE49644 (D) Dataset GEO: GDS3710.  

4.7 Population and Samples of The Study: TGFβ Induced 

Datasets 

In GEO: GDS3710 dataset, Human A549 (Adenocarcinoma) cell line was induced with five 

ng/mL of TGFβ1 for 72 hours. GPL570 Affymetrix platform was used for microarray data 

(Keshamouni et al., 2006). In GEO: GDS4106 dataset, Human Panc-1 (Pancreas) cell line was 

treated with five ng/mL of TGFβ1 for 48 hours. GPL570 Affymetrix platform was used for 

microarray data.(Maupin et al., 2010) In GEO: GSE13986 dataset, murine mammary gland 

cells (NMuMG) were treated with five ng/mL of TGFβ1 and TGFβ3 for 24 hours. GPL81 

Affymetrix platform was used for microarray data (Liu et al., 2008). In GEO: GSE114761 

dataset, human lung cancer cell lines A549, H1944, H292, and H358 were treated with five 

ng/mL of TGFβ1 for 48 hours. GPL570 Affymetrix platform was used for microarray data 

(Gordian et al., 2019). In GEO: GSE35830 dataset, human ectocervical epithelial cells were 

treated with 15 ng/mL of TGFβ3 for 10 hours. GPL570 Affymetrix platform was used for 

microarray data (Sharkey et al., 2012). In GEO: GSE49644 dataset, human non-small cell lung 

cancer cell lines (NSCLC) as; A549, HCC827, and H358 were treated with two ng/mL of 

TGFβ1 for three weeks. GPL570 Affymetrix platform was used for microarray data (Sun et al., 
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2014). In GEO: GSE40266 dataset, human normal ovarian fibroblast (NOF) line NOF151 was 

treated with five ng/mL of TGFβ1 and TGFβ2 for 48 hours. GPL570 Affymetrix platform was 

used for microarray data (Yeung  et al., 2013). In GEO: GSE40466 dataset, murine mammary 

gland cells (NMuMG) were treated with five ng/mL of TGFβ2 for 24 hours. GPL1261 

Affymetrix mouse platform was used for microarray data (Hussey et al., 2012). 

Table 2: Public datasets used from GEO Database. 

 

 

4.8 Differential Expression Analysis 

Differential expression analysis was performed using R programming. (Version 3.6.0 for 

Windows (32/64 bit)) R is a programming language developed for statistical and computational 

analysis, graphical visualization. Bioconductor is an open-source software for high throughput 

single-cell data analysis. The data analysis workflow in Bioconductor begins with quality 

control, which will eliminate low-quality cells, normalization, and remove batch effects and 

GEO Accession 

Number

Organism Cell Line Tissue Platform TGFB 

Isoform

Treatment 

Time

Reference

GDS3710 Homo Sapiens A549 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 72h

PMID:20007254

GDS4106 Homo Sapiens Panc-1 Pancreas

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID:20885998

GSE13986 Mus Musculus NMuMG Mammary Gland

Affymetrix - MG_U74Av2 

GPL81 B1 24h PMID: 19094238

GSE13986 Mus Musculus NMuMG Mammary Gland

Affymetrix - MG_U74Av2 

GPL81 B3 24h PMID: 19094238

GSE35830 Homo Sapiens Ect1

Ectocervical 

Epithelial

Affymetrix - HG-U133_Plus_2 

GPL570 B3 10h PMID: 22706080

GSE49644 Homo Sapiens H358 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 3w PMID: 25379179

GSE49644 Homo Sapiens HCC827 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 3w PMID: 25379179

GSE49644 Homo Sapiens A549 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 3w PMID: 25379179

GSE114761 Homo Sapiens A549 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID: 30783512

GSE114761 Homo Sapiens H358 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID: 30783512

GSE114761 Homo Sapiens H292 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID: 30783512

GSE114761 Homo Sapiens H1944 Lung

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID: 30783512

GSE40266 Homo Sapiens NOF151 Ovary

Affymetrix - HG-U133_Plus_2 

GPL570 B1 48h PMID: 23824740

GSE40266 Homo Sapiens NOF151 Ovary

Affymetrix - HG-U133_Plus_2 

GPL570 B2 48h PMID: 23824740

GSE40466 Mus Musculus NMuMG Mammary Gland
Affymetrix -Mouse430_2        

GPL1261 B2 24h PMID: 23285117
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biases. Then, cells are clustered based on their expression profile. The next step is differential 

expression analysis to identify genes in the separate clusters (Amezquita et al., 2020). 

Data were normalized by the RMA Method using the Affy package of Bioconductor (Gautier 

et al., 2004). Quality control charts of the Affymetrix microarray datasets were created by using 

the Simpleaffy package (Miller, 2019). Beta-actin and Gapdh genes were used as QC markers; 

the expression threshold was determined as 3. Using pOverA(0.25, log2(16)), filterfun and 

genefilter functions of Genefilter package, data were filtered (Gentleman et al., 2019). 

NA values, repeated genes were removed during filtration. Non-significant values based on 

their P-values were excluded during the analysis. With the Limma package, differential 

expression analysis was performed (Ritchie et al., 2015). Genes were ranked by their 

logarithmic fold change values (log2±0.6 and log2±1). Upregulated and downregulated genes 

from TGFβ1, TGFβ2 and TGFβ3 treated samples were intersected in Venn schemes using R to 

determine common and isotype-specific regulated genes. Additional PCA analysis, 

dendrograms, and quality control charts were created by the Chipster web tool (Kallio et al., 

2011). Volcano plot figures were plotted with an enhanced volcano package of Bioconductor/R  

(Blighe, 2019). 

4.9  GSEA and Go Enrichment Analysis 

Gene set enrichment analysis (GSEA) was performed with GSEA software, and The Molecular 

Signature Database (MSigDB) gene sets. Data were prepared in GenePattern modules (Reich 

et al., 2006). Gene set enrichment analysis is a software for analyzing microarray data to detect 

differentially expressed genes in certain phenotypes (Control or treated). It correlates the gene 

sets, which are “Groups of genes that share common biological function, chromosomal location, 

or regulation.” (Subramanian et al., 2005) with differentially expressed genes. This method is 

used to avoid the limitations of single-gene analysis. If the genes in a gene set are highly 

correlated with the given phenotype, they show higher correlation scores. (t-test) Enrichment 

score (ES) is defined as the gene’s expression difference between two phenotypes. A higher 

enrichment score means the gene is highly correlated with the phenotype. P-values and false 

discovery rates are calculated to maintain significance (Shi & Walker, 2008). 

50 Hallmark (H) gene sets from MSigDB collections were used as gene families. Regulated 

genes were ranked based on their enrichment scores (ES) on the assigned phenotype. Gene sets 

were filtered with parameters like minimum (50) and maximum gene set sizes (150). False 

discovery rate (FDR) was determined as less than 25% and P-value as less than 0.01. Gene sets 
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were correlated with the enriched regulated genes within the phenotype. Upregulated and 

downregulated genes, those genes with hallmarks of specific functions or pathways in the gene 

sets, were revealed (Mootha et al., 2003)(Subramanian et al., 2005). 

GO(Gene Ontology) enrichment analysis was performed via G: profiler (Raudvere et al., 2019) 

online tool. Gene Ontology (GO) enrichment analysis is a software developed to investigate the 

roles of the genes in the cell as; what are their molecular functions, which biological processes 

those genes are involved in and the cellular compartments where they actively reside (Gene 

Ontology Consortium et al., 2000). G: profiler is a web server where GO enrichment analysis 

can be performed and available online (https://biit.cs.ut.ee/gprofiler).  

Tools available within the g: profiler are KEGG, Reactome, Wikipathways, Transfacs. The 

server uses Ensembl as the data source.  

Overrepresented genes in the query are analyzed by hypergeometric tests. Significant 

information based on the logarithmic P values, about biological processes, molecular functions 

and cellular components are determined. Upregulated genes belonging to each isoform 

phenotype (TGFβ1, TGFβ2, TGFβ3) from differential expression analysis were used as input 

queries.   

4.10  Cancer Genomics Data Analysis 

Cbio portal (Gao et al., 2013) was used for cancer genomic data analysis. Cbio portal is an open 

source available online. (http:// cbioportal.org) It is developed to access the cancer genomic 

data collected from The Cancer Genome Atlas (TCGA) and International Cancer Genome 

Consortium (ICGC). Portal’s primary purpose for users to interpret data quickly and visualize 

it. Entered genes as a query are classified as altered or not. Altered genes are investigated in the 

cancer studies if they have mutations like amplifications, deletions (Cerami et al., 2012). 

Cancer types that TGFβ1, TGFβ2, and TGFβ3 genes are altered; alteration types as mutation, 

deletion, amplification; expression rates of the TGFβ genes in the cancer types were determined 

using the portal.  
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5 Results  

5.1 Quality Control Charts 

 

Figure 7: Quality Control Charts of the analyzed human Affymetrix microarray datasets. 

Percentage: the average background on the chip. Red numbers: number of probesets. Blue 

region: scaling factors less than 3-fold of the mean scale factors of all chips. Bars: scaling 

factors for the chips. Triangles: beta-actin 3':5' ratio, Circles: GADPH 3':5' ratios. (A) 

GEO:GD4106 (B) GEO: GDS3710 (C) GEO: GSE35830. 

Affymetrix microarray datasets used in the analyses were checked for quality control. QC Stats 

of human (Figure 7, Figure 8) and mouse (Figure 10) datasets showed that samples were qualified 

for analysis as Actin and Gapdh genes were within the threshold fold. Relative log expression 

value (RLE) graphs of human (Figure 9) and mouse (Figure 11) dataset samples show the overall 

quality of the expression levels. β2 samples of mouse dataset GEO: GSE40466 was excluded 

from the quality control analysis due to 2 sample sets. 
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Figure 8: Quality Control Charts of the analyzed human Affymetrix microarray datasets. 

Percentage: the average background on the chip. Red numbers: number of probesets. Blue 

region: scaling factors less than 3-fold of the mean scale factors of all chips. Bars: scaling 

factors for the chips. Triangles: beta-actin 3':5' ratio, Circles: GADPH 3':5' ratios. (A) GEO: 

GSE40266 (B) GEO: GSE49644. 

 

 

Figure 9: Relative log expression values (RLE) of all samples of human Affymetrix datasets 

used for analysis. From left to right; GEO:GD4106, GEO: GDS3710, GEO: GSE35830, GEO: 

GSE40266, GEO: GSE49644, GEO: GSE114761. 
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Figure 10: Quality Control Charts of the analyzed mouse Affymetrix microarray datasets. 

Percentage: the average background on the chip. Red numbers: number of probesets. Blue 

region: scaling factors less than 3-fold of the mean scale factors of all chips. Bars: scaling 

factors less than 3-fold of the mean scale factors of all chips. Bars: scaling factors for the chips. 

Triangles: beta-actin 3':5' ratio, Circles: GADPH 3':5' ratios. (A) GEO: GSE13986- β1 (B) 

GEO: GSE13986- β3. 

 

Figure 11: Relative log expression values (RLE) of β1 and β3 samples of mouse Affymetrix 

datasets used for analysis. From left to right; GEO: GSE13986- β1, GEO: GSE13986- β3. 
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5.2 Differential Expression Analysis  

Differential expression analysis was performed in R version 3.6.0 (R Core Team, 2019) and 

Bioconductor package of R (Huber et al., 2015). Public datasets from the GEO database (Table 

2) of TGFβ1, TGFβ2, TGFβ3 induced human, and mouse cell lines were analyzed, normalized 

and filtered. Differentially expressed genes (DEGs) were ranked by their logarithmic fold 

change values (log2) for each dataset and cell type. Genes were filtered using the Genefilter 

package of Bioconductor, and the number of genes after normalization and filtration were 

determined. 

 

Figure 12: Number of genes used in differential expression analysis before and after filtrated. 
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Table 3: Logarithmic fold change(log2) values of epithelial and mesenchymal marker genes 

from differential expression analysis. 

 

Epithelial and mesenchymal marker genes and their log2 fold change values were analyzed. 

(Table 3) GRHL3, CDH1, OVOL2, ELF3, and EHF were checked for epithelial markers where 

SNAI1, SNAI2, ZEB1, ZEB2, VIM, TWIST1, and CDH2 were marked as mesenchymal genes. 

Except for a few values, results were as expected.  

Values may differ in each gene set due to treatment time with TGFβ and cell type.  

CDH1 changing levels were around -2 (log2) in most of the datasets where it is even -6.7(log2) 

in GEO: GSE49644 dataset because of the three weeks long treatment time. The same 

difference can be seen in ZEB2 levels. When upregulated (+log2) (Table 4) and downregulated 

(-log2) (Table 5) genes were ranked based on their fold change values, top of the lists were 

visualized. Some of the genes were common between the dataset and will be analyzed in other 

parts.  

In the cluster dendrograms from Chipster (Kallio et al., 2011) of (Figure 13 A) human, from left 

to right; GEO:GD4106, GDS3710, GSE35830, GSE40266, GSE49644, and GSE114761 

(Figure 13 B) mouse, from left to right; GSE13986- β1, GSE13986- β3 datasets; control and 

treated samples were clustered within each other. 
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Figure 13: Cluster dendrograms of all samples from (A)Human, from left to right; 

GEO:GD4106, GEO: GDS3710, GEO: GSE35830, GEO: GSE40266, GEO: GSE49644, 

GEO:GSE114761. (B)Mouse, from left to right; GSE13986- β1, GEO: GSE13986- β3 datasets. 
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Figure 14: Principal Component Analysis (PCA) of samples from human datasets. TGFβ1; 

GEO:GD4106, GEO: GDS3710, GEO: GSE49644, GEO: GSE114761. TGFβ2; GEO: 

GSE40266. TGFβ3; GEO: GSE35830. 

 

The principal component analysis (PCA) of human datasets showed that different TGFβ 

isoform treated samples were clustered separately (Figure 14). 

Within the differential expression analysis in R, regulated genes were intersected to investigate 

the common genes with β1, β2, and β3 isotypes and genes regulated only in one isoform. 

Regulated genes were selected based on their logarithmic fold change levels (log2+ for 

upregulated, log2- for downregulated genes).   
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Table 4: Top 10 upregulated genes from differential expression analysis. Genes were ranked 

based on their logarithmic fold change (+log2). 

 

Table 5: Top 10 downregulated genes from differential expression analysis. Genes were ranked 

based on their logarithmic fold change (+log2). 

 

For Mus musculus (Mouse) cell line NMuMG, Datasets GSE13986 for β1 and β3; GSE40466 

for β2 were used.  Intersection was performed out of 1590 genes in β1, 1175 genes in β2, and 

1279 genes in β3. In Log2 fold change ±0.6 Mus musculus datasets (NMuMG cells), β1, β2, 

and β3 shared 246 genes. β2 phenotype had 859 regulated genes significant for itself. Even 

though β1 and β3 isoforms were from the same dataset and shared 1117 genes in common, β1 

had 377, and B3 had 96 genes differentially expressed only with this phenotype. Those 96 genes 

may represent significant results for mouse cell line research (Figure 15 A). When the threshold 

is set to Log2 fold change ±1 number of shared genes among all isotypes became 6.  

Data Set Cell LIne TGFB Top 10 Upregulated Genes

GDS3710 A549 B1 MAF, IGFBP5,IGFL1,SPOCK1,IL11,DHRS2,INHBA,LINC01279,CDH11

GDS4106 Panc-1 B1 CDH19,COL1A1,FOXS1,LTBP2,THBS1,TAGLIN,OXTR,MYO10

GSE13986 NMuMG B1 TTR,UGT2B34,SERPINA1E, ALDH1A1, GSTA4,ITIH2,CYP3A13,CYPCL5,VNN,FGB

GSE13986 NMuMG B3 RNASE4,UGT2B34,SERPINA1C, APOC2, ALDH1A1, SERPINA1E, HPX,TFF2,GSTA2,VNN1

GSE49644 H358 B1 IGFBP5,COL14A1,HS3STSB1,ALPK2,F2RL2,APCDD1L-DT,L1CAM,SPARC, ARHGEF40

GSE49644 A549 B1 INHBA,DNER,CDH11,IL33,VIP,BMP2,IL1A,BHLHE41,ANO4,LCE3D

GSE114761 A549 B1 INHBA,LCE3D,COL15A1,MAF,TNFAIP6,IGHL1,KANK4,COL1A1,SLN,MMP1

GSE114761 H1944 B1 NEDD9,RBP1,MAF,COL1A1,TSPAN2,LUM,PPBP,PTPRR,PMEPA1,LBH

GSE114761 H292 B1 HMGA2,CXCL8,SCEL,PHLDA1,TMCC3,PTPN22,KRT6A,ADGRF1,DNER,FST,SOX2

GSE114761 H358 B1 SERPINE1,MAF,ARHGEF40,MSC-AS1,ACKR3,AL11,LTBP2,LBH,CST6,PDLIM4

GSE35830 Ect1 B3 FN1,SERPINE1,LINC02551,NEDD9,PMEPA1,KANK4,IGFBP3,AKAP12,JUN,IGFBP3

GSE40266 Nof151 B1 COMP,ID4,TSPAN2,NEDD9,PLN,PMEPA1,ITGA4,DHRS2,MYOZ1,LDB3

GSE40266 Nof151 B2 COMP,TSPAN2,ID4,ATP10A,PLN,DHRS2,ITGA4,PMEPA1,RASGRP1,MYOZ1

GSE40466 E1kd B2 BC080696, TCSTV1,GM20767,PDGFRB,GM12800,AF067061,CEP55,SOX11,EGR2

GSE40466 NMuMG B2 KLHL30, AK1, LCE1F, CTLA2A, FN1, GJA1, CTSW, ACKR3, NCAM1,CLDN4

Data Set Cell LIne TGFB Top 10 Downregulated Genes

GDS3710 A549 B1 CP,TM4SF20,SMIM31,ALDH3A1, TRIM31, PDK4,CYP4F11,STS8SIA4,SOX2,RARRES1

GDS4106 Panc-1 B1 TXNIP, SCIN,SSTR5-AS1,KCNB1,CADM2,KLRC3,ARRDC4,TGFBR3,KLRC4,SORBS1

GSE13986 NMuMG B1 SERPINE1,PTGS2,FBLN2, IL11, GJA1, CTLA2B, CYR61, VEGFC, F2R, GJA1

GSE13986 NMuMG B3 SERPINE1, IL11, PTGS2, GJA1, WISP1, CTLA2B, CYR61, VEGFC, F2R, A1

GSE49644 H358 B1 ADGRF1, ESRP1, TMEM30B, ATP8B1, ERBB3, S100P, CYP4X1, PRRG4,MPZL2,GRHL2

GSE49644 A549 B1 TM4SF18,HPGD,MTUS1,CAVIN2,PDK4,PDE1C,CDH1,HPGF,AREG,CYP1B1

GSE114761 A549 B1 SCARA5,CYP4F3,CP,AGR2,SPX,MUC5AC,AGR2,FGA,S100P,AGR3

GSE114761 H1944 B1 GC,ALB,HAL,ADH6,ADH1C,DDC,S100A8

GSE114761 H292 B1 RASGRP1,ADAMTS15,SULT1E1,COL5A1,CAPN6,LGSN,ACKR3,GREM1,NEBL

GSE114761 H358 B1 HPGD,RGCC,EVI2B,ZNF750,INHBB,SHISA3,SMIM31,SLC27A2

GSE35830 Ect1 B3 CYP1A1,GPNMB,MYLIP,PTPRZ1,ALDH5A1,XK,GLRB,ETV1,ANKRD22,HSPA6

GSE40266 Nof151 B1 SERPINB2,IL33,CXCL6,SERPIND1,SLC14A1,ANXA10,ALDH1A3,CXCL8,ADAMTS1,TSPAN8

GSE40266 Nof151 B2 SERPINB2,IL33,CXCL6, CXCL1,IL24,SERPIND1,CXCL8,SLC14A1,ANXA10, ALDH1A3

GSE40466 E1kd B2 NDN,PRR32,MAMDC2,CAR6,AVİL,AKR1B7, MMP13, KRT7

GSE40466 NMuMG B2 MEOX2, CRİSP1, TTR, RANBP3L, S100A9, ARG2, CYP4A12A, ANXA10
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These genes were; SERPINE1, THBS1, SPSB1, LAMB3, GADD45B, and F3. SERPINE1 or 

plasminogen activator inhibitor 1 (PAI- 1) plays a role in wound healing and upregulated in 

EMT induced cancer cases like glioblastoma and gastric cancer (Seker et al., 2019). It is 

thought that SERPINE1 is strongly correlated with the TGFβ pathway and may be 

downstream of it (B. Xu et al., 2019). THBS1 is an ECM protein that appears in the tumor 

microenvironment and there are few studies about it is induced by TGFβ1 and expression of 

the gene activates TGFβ production (Radeke et al., 2015). Although SPSB1 is a negative 

regulator of TGFβ by decreasing the TGFβ receptor II levels, it was upregulated when treated 

with all three isoforms. LAMB3 plays a role in various cancer types, especially in pancreas 

cancer (H. Zhang et al., 2019). 

 

Figure 15: Differentially expressed genes shared in Mus musculus (NMuMG) datasets treated 

with TGFβ1, TGFβ2, TGFβ3. Datasets with GEO Accession numbers; GSE13986 for β1 and 

β3; GSE40466 for β2 were used from Gene Expression Omnibus (GEO), NCBI portal. (A) 

(log2 f old change ± 0.6) (B) (log2 fold change ± 1) 

 

It contributes to the invasive and metastatic properties of the tumor cells. It may contribute to 

apoptotic decisions in the cell cycle by regulating Akt pathway, and the expression level of the 

gene is correlated with the N-cadherin and Vimentin (Jung et al., 2018). GADD45B is a Smad 

dependent target gene for TGFβ. It is a growth arrest and DNA damage repair protein that may 

be activated in stress conditions by activating the p38/Jnk pathway. 
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It may be activated due to cells that are not able transform into mesenchymal phenotype and 

end up in apoptosis. Finally, F3 is a cell surface glycoprotein and responsible for cell surface 

assembly which is a feature expected to be regulated with TGFβ treatment. With lower gene 

numbers, genes specific for certain isotypes were 257 for β1, 436 for B2 and 66 for β3 (Figure 

15 B). 

 

Figure 16: Differentially expressed genes shared in Homo sapiens (Human) datasets treated 

with TGFβ1, TGFβ2, TGFβ3. (A) log2 fold change ± 0.6 (B) log2 fold change ± 1. TGFβ 

treated datasets with GEO Accession numbers; GSE35830 (ECT1) for β3, GSE40266 

(NOF151) for β1 and β2 and GSE114761 (A549, H358), GSE49644 (A549, H358) for β1 were 

used from Gene Expression Omnibus (GEO), NCBI portal. 

For Homo sapiens (human) data, datasets GSE35830 (ECT1) for B3, GSE40266 (NOF151) for 

β1 and β2 and GSE114761 (A549, H358), GSE49644 (A549, H358) for β1 were used. When 

genes were ranked based on log2 fold change (±0.6), even though TGFβ1 and TGFβ2 had the 

same datasets with different isotype treatment and they share 2034 genes in common, the 

TGFβ1 phenotype had 410, TGFβ2 had 435 specific genes only regulated in each phenotype. 

The highest number of specific genes are within the TGFβ3 phenotype (1202). Three isoforms 

have shared 278 genes in common (Figure 16 A). By changing the fold change levels from ± 0.6 

to ± 1, gene numbers decreased accordingly. Ninety-three genes shared by three isoforms, 271 

genes specific for TGFβ1, 164 for TGFβ2, and 208 for TGFβ3 (Figure 16 B).  
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Figure 17: (A) Upregulated and (B) Downregulated (log2 fold change +0.6) genes shared in 

Homo sapiens (Human) datasets treated with TGFβ1, TGFβ2, TGFβ3. TGFβ treated datasets 

with GEO Accession numbers; GSE35830 (ECT1) for β3, GSE40266 (NOF151) for β1 and β2 

and GSE114761 (A549, H358), GSE49644 (A549, H358) were used from Gene Expression 

Omnibus (GEO), NCBI portal. 

 

Figure 18: (A) Upregulated and (B) Downregulated (log2 fold change +0.6) genes shared in 

Mus musculus (NMuMG) datasets treated with TGFβ1, TGFβ2, TGFβ3 from differential 

expression analysis. TGFβ treated datasets with GEO Accession numbers; GSE13986 for β1, 

β3 and GSE40466 for β2 were used from Gene Expression Omnibus (GEO), NCBI portal. 

Besides the total regulated genes treated with all three isoforms and in both organisms, 

upregulated (log2 +0.6) and downregulated (log2 -0.6) genes were separately intersected for 

mouse and human datasets. In human data, common genes in three isoforms are higher in 

upregulated values. One hundred seventy-eight upregulated genes, and 100 downregulated 

genes were shared among all isotypes.  
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One hundred twenty-four genes were specific for TGFβ1 like; ID2, CCPG1, FOXS1, ITGB3, 

DOCK2, ZEB1, NGF, and LOXL1. Three hundred three genes were specific for TGFβ2 such 

as; IDH2, DAP, MALAT1, MAPK11, NES, and TNNT2. Some of  the 512 TGFβ3 specific 

genes were; SOX4, IL6, LAMA3, SMURF2, VEGFA, TUBA1A, GATA6, ITGA2, MAFF, 

CDK6, and OVOL1 (Figure 17). Also, upregulated (log2 +0.6) and downregulated (log2 -0.6) 

genes were analyzed for mouse data. Shared gene numbers were nearly equal. Such as common 

genes in all isotypes were 126 in upregulated and 120 in downregulated. TGFβ2 treated datasets 

have the highest number of specific genes for the isoform (Figure 18). 

In the lists obtained from differential expression analysis (log2 fold change ± 0.6), out of 1590 

genes from TGFβ1 treated mouse dataset and 2602 genes from human datasets had 395 

common genes. In TGFΒ2 treated datasets, out of 1151 genes from the mouse dataset and 1093 

human dataset there were 146 shared genes. In TGFβ3 treated datasets, out of 1279 genes from 

the mouse dataset and 420 genes from the human dataset, 70 genes were common. Between 

these shared values, an intersection of 3 isoforms were checked. 13 genes were common for all 

isotypes obtained from common genes of mouse and human. Those 13 genes were IL11, 

PTGS2, PDLIM7, GADD45B, LAMB3, IFIT3, SKIL, ID3, CXCL1, PCDH7, DHRS3, FN1, 

and MAP3K5 (Figure 20). TGFβ3 had 19 genes specifically upregulated in that isoform, which 

are; TUBA1A, IGF1R, GATA6, FOXQ1, KLF6, and IRF6. TGFβ1 only had a higher number 

of genes, 305, compared to the other two isotypes. As an example of TGFβ1 only genes; 

VEGFC, TSPAN8, ANKRD1, ID2, FDFR2, IGFBP7, BMP1, ACTN1 and so on. TGFβ2 had 

92 isotype-specific genes such as; CALD1, TNS1, SLCO2A1, and MAP6 (Figure 19) 

Later, all cancer cells within the TGFβ1 phenotype (GDS3710, GDS4106, GSE49644, 

GSE114761) were intersected. They shared 97 genes from differential expression analysis, such 

as IL11, COL1A1, TAGLN, THBS1, PMEPAI, JUN, and ADAM19. 
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Figure 19: (A) Number of differentially expressed genes (log2 ± 0.6) common between TGFβ 

treated mouse and human datasets. (B) Intersection of differentially expressed genes that are 

common between human and mouse datasets from part A. 

Also, upregulated genes with TGFβ induction were connected with related chromatin remodeler 

genes (Figure 21) based on their STRING interaction networks (Szklarczyk et al., 2019). 

 

Figure 20: Commonly regulated genes for all isotypes obtained from intersected mouse and 

human datasets. (Figure 19 B) 
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Figure 21: Interaction network between upregulated genes with TGFβ induction and chromatin 

remodeling genes. 

Upregulated genes intersected in all isoforms of TGFβ from human (Figure 17 A) and mouse 

(Figure 18 A) datasets were investigated in the STRING (Szklarczyk et al., 2019) interaction 

networks. (Figure 22) Genes in the network showed high interaction with each other as they are 

associated with similar functions and pathways based on the curated databases and experimental 

results.  

 

Figure 22: STRING interaction networks of upregulated genes intersected in all isoforms. 

(A)Human (B)Mouse. 
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Results of the differential expression analysis of the mouse (Figure 23) and human datasets 

(Figure 24) (Figure 25). Plots were based on logarithmic fold change values and adjusted p-

values. Significantly differentiated genes can be seen in their gene IDs with red color code. 

Some datasets were excluded whereat they did now show significant results using the current 

plot thresholds. Gene names of the IDs highlighted in the plots by showing a significant 

correlation in mouse (Table 6) and human (Table 7) datasets can be seen in the tables.  
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Figure 23: Volcano plots of differentially expressed gene sets in Mus musculus (NMuMG) 

datasets.  X-axis Log2 fold change threshold levels between -5, +5, and Y-axis for log10 P 

values are differentially expressed and plotted. Genes showing high correlation are marked with 

their gene IDs. (A) with GEO Accession Number GSE13986, treated with TGFβ1. (B) with 

GEO Accession Number GSE13986, treated with TGFβ3. (C) with GEO Accession Number 

GSE40466, treated with TGFβ2. 

 

GSE13986 – β1 A 

GSE13986 – β3 

B 

GSE40466 – β2 

C 
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Table 6: Gene names showing a higher correlation Mus musculus (Mouse) datasets in volcano 

plots in Figure 23. 

 

Table 7: Gene names showing a higher correlation in volcano plots of Homo sapiens (Human) 

datasets in Figure 24 and Figure 25. 

 

GDS3710-B1 GDS4106-B1 GSE49644-B1 GSE114761-B1 GSE40266-B2 GSE35830-B3

MAF CDH19 INHBA INHBA POSTN PMEPA1

RUNX2 COL1A1 SCG2 LCE3D KRT14 LOC100507431

INHBA TUBA4A SLC6A15 TNFAIP6 PLN ITGB6

SCG2 SPOCK1 NOX4 KANK4 SULF1 FLRT2

CDH11 HEY1 DNER DOCK2 OPCML JUN

TSPAN2 ANGPTL4 VIP ADAM19 NALCN SMAD7

COL5A1 S100A2 BHLHE41 SLCO5A1 RBP1 SLITRK6

COL4A1 HRH1 ADAMTS6 LPAR5 LDB3 NEDD9

DSE KIAA1549L BMP2 ALOX5AP CNN1 MICAL2

COL1A1 PROC CXCL8 MMP10 ADAM12 LAMC2

BMP2 TMEM51-AS1 COL22A1 ANGPTL4 CDKN2B KANK4

DACT1 MYO10 COL15A1 TNS1 NEDD9 SERPINE1

IGFL2 CLN8 MMP1 DOCK2 SLC16A2 SLITRK6

FAM43A ENAH PDGFC COL4A1 FBXO32 G0S2

SLN BCAT1 GPAM ADAMTS15 COL4A1 LOC101929475

XYLT1 TRIM9 PID1 VGLL3 SEPT11 COL4A1

GPR87 MCL1 FAM198B DHRS2 PRR5L

KANK4 ST3GAL1 GLS IGFBP3

HOXD10 PPP1R14C ITIH3

BEAN1 ATP8A2 RHOJ

TAGLN DCLK1 CAVIN4

LINC01943 MCC PMEPA1

SERPINE2 OPCML

SLC26A2 POSTN

FBXO32 JADE1

SYTL5

INHBE

GSE13986-B1 GSE13986-B3 GSE40466-B2

Pald1 Serpine1 Klhl30

Serpine1 Pald1 Ak1

Gja1 Wisp1 Lce1f

Fbln2 Fbln2 Ctse

Ext1 Gja1 Pdgfa

Gldc Vegfc

Spsb1 Zc3h14

Ctla2b F2r

Pdlim7 Ctla2a /// Ctla2b

Gadd45a Sox11

Procr Spsb1

Fam101b Ncam1

Csrp1 Myzap

Myzap Gldc

Actn1 Ccrn4l

Foxq1 Actn1

Litaf Frmd6

Wwc2 Tnk2

Myo7a Foxq1

Glce
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Figure 24: Volcano plots of differentially expressed gene sets in Homo sapiens (Human) 

datasets.  X-axis Log2 fold change threshold levels between -5, +5 or -10, +10 and Y-axis for 

log10 P values are differentially expressed and plotted. Genes showing high correlation are 

marked with their gene IDs. (A) with GEO Accession Number GSE4106, treated with TGFβ1. 

(B) with GEO Accession Number GSE114761, treated with TGFβ1. (C) with GEO Accession 

Number GSE49644, treated with TGFβ1. 

B
GSE114761 – β1 

GSE4106 – β1 
A 

GSE49644 – β1 

C 
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Figure 25: Volcano plots of differentially expressed gene sets in Homo sapiens (Human) 

datasets.  X-axis Log2 fold change threshold levels between -5, +5, and Y-axis for log10 P 

values are differentially expressed and plotted. Genes showing high correlation are ma marked 

with their gene IDs. (A) with GEO Accession Number GDS3710, treated with TGFβ1. (B) with 

GEO Accession Number GSE40266, treated with TGFβ2. (C) with GEO Accession Number 

GSE35830, treated with TGFβ3. 

A GDS3710 – β1 

B 
GSE40266 – β2 

C GSE35830 – β3 
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5.3 GSEA Analysis 

Table 8: (A) GSEA: Top 20 upregulated genes in control and TGFβ treated phenotype. Genes 

were ranked based on their enrichment score (ES). (B) Genes were color-coded as unique for 

only one dataset or presented in more than one dataset from yellow to dark green. 

 

Gene set enrichment analysis (GSEA) was performed to reveal the missing points from the 

single gene expression analysis like affected pathways and cellular processes. Overrepresented 

genes were ranked based on their expression differences and correlations with two different 

phenotypes (control vs. TGFβ treated).  Twenty genes that are on the top of the ranked list based 

on their enrichment score (ES) in control and TGFβ treated phenotype were listed. Genes that 

are present in more than one dataset and present in only one dataset were color-coded (Table 8). 

Genes like SERPINE1, IL11, TSPAN2, MAF, and CTGF appeared in more than three datasets 

in TGFβ treated phenotype as upregulated and in all isotypes regardless of the organism.  
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Out of 13 datasets, SERPINE1 is in the seven datasets of the top 20 upregulated genes. It has 

the highest number of datasets to be upregulated, including TGFβ1, TGFβ3 phenotypes, lung 

cancer cells, mammary gland cells, and ovarian cells. It is also upregulated in other datasets, 

even if it is not in the top 20 list. Regardless of the organism or the isoform, SERPINE1 can be 

used as a TGFβ induced EMT marker.  IL11 is correlated with non-small cell lung cancer and 

bad prognosis (Zhao et al., 2018). It is upregulated along with the TGFβ induced EMT through 

the PI3K/AKT/STAT pathway and increases the invasiveness of lung and thyroid carcinoma 

cells (Zhong et al., 2016). It is in the six datasets top 20 upregulated genes. Also, it was one of 

the 13 genes in the intersected common genes among isotypes and both organisms (Figure 19). 

 

Figure 26: Gene set enrichment analysis; Regulated genes common in more than one dataset 

in the TGFβ phenotype. The X-axis represents the number of datasets of each gene where they 

are regulated. (A) Downregulated common genes. (B) Upregulated common genes. 

Collagens responsible for fibrosis and myofibroblast formation are upregulated in various EMT 

cases, and cancers like COL4A1, COL5A1 and COL1A1 (Sayarlioglu et al., 2016) were in the 

top 20 upregulated list with more than two datasets. CXCR7 was upregulated in three datasets 

with adenocarcinoma cell line in the top 20 list. This chemokine receptor has a significantly 

high upregulation levels in cancers like bladder, ovarian, head and neck with TGFβ induced 
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EMT and associated with late-stage lung cancers when upregulated with TGFβ1 (Y. C. Wu et 

al., 2016). PMEPA1 or TMEPA1 which is a bad prognosis sign in TGFβ induced cancers as 

mentioned before, was upregulated in TGFβ3 treated endocervical cell line, TGFβ1 induced 

lung cancer, and pancreas cancer cell line. 

NEDD9, which regulates TGFβ induced EMT in cancer and used as a marker gene for various 

cancer types like prostate and breast cancer (Kong et al., 2011) was upregulated in the top 20 

genes in 3 datasets, including ovarian and lung cancer cell lines with TGFβ1 and TGFβ2 

phenotype. In the downregulated top 20 genes; epithelial marker CDH1, pluripotency-

associated transcription factor SOX2, which helps to maintain the epithelial phenotype 

(Thierauf et al., 2017), and ELF3 which is an essential keeper for the epithelial state (Sengez et 

al., 2019) were present as expected (Figure 26). 

Upregulated genes of GSEA treated with TGFβ1 and TGFβ3 had differences among them. As 

mentioned before, SERPINE1, PMEPA1, CTGF, INHBA and COL4A1 were common in both 

phenotype where TSPAN2, MAF, NEDD9, CXCR7 were specific for TGFβ1 while GADD45, 

LAMB3, SKIL, and PTGS2 were upregulated in TGFβ3 (Figure 27). GADD45 is a  

 

Figure 27: Gene set enrichment analysis; Upregulated genes common in more than one dataset 

in the TGFβ phenotype. (A) TGFβ1 common genes. (B) TGFβ3 common genes. 
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downstream agent of the MAPK pathway associated with growth arrest, and LAMB3 regulates 

the Akt pathway (Levy & Hill, 2005).  

Upregulated genes correlated with certain gene sets and functions were listed and separated by 

the TGFβ phenotype. Out of 13 datasets (11 TGFβ1 and 2 TGFβ3), all the genes were associated 

with myogenesis, EMT, and TGFβ signaling, which is accurate as all the datasets were treated 

with TGFβ to induce EMT. Although gene sets are almost the same, with some differences, 

some of them were not highly correlated with the other phenotype. For example, apoptosis was 

seen in all the TGβ3 phenotype genes but only 5 out of 11 TGFβ1 phenotype genes were 

correlated with apoptosis. Also, the ROS pathway and complement system were correlated with 

the TGFβ1 phenotype genes while they were not present in TGFβ3. 
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Figure 28: Gene set enrichment analysis (GSEA): Gene sets correlated with upregulated genes. 

(A) TGFβ1 phenotype (B) TGFβ3 phenotype. 
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 Reactive oxygen species (ROS) induce EMT via inducing SNAIL and are activated in various 

cancers (Lee et al., 2019). ROS pathway is correlated in two datasets of TGFβ1. In one study, 

crosstalk between TGFβ1 and complement system was investigated in fibrosis (Gu et al., 2014).  

Signaling pathways that are downstream of TGFβ were expected to be correlated. Such as; 

Hedgehog, Notch, Wnt- Beta Catenin, PI3K/Akt, p53, and Jak/Stat signaling pathways. Also, 

some of those pathways play an important role in development by EMT. Androgen and estrogen 

responses are important regulators of prostate, ovarian, and breast cancers. As can be seen, 

TGFβ induced genes and pathways are correlated with those responses.  

As mentioned before, glycosylation is affected by EMT and maintains the mesenchymal 

phenotype. Both phenotypes were correlated with glycolysis. As angiogenesis is one of the key 

functions of EMT of the tumor cells, it is correlated with both phenotypes. 

In the cell cycle, EMT occurs in the G1/S phase while apoptosis occurs in the G2/M phase 

(Song, 2007). G2/M checkpoint here is correlated with the upregulated genes where DNA 

damage repair occurs. Not all the epithelial cells survive the EMT process when induced with 

TGFβ, as it may lead to DNA damage during the cell cycle. The survived cells manage to 

transform into the mesenchymal phenotype in the G1/S phase (Figure 28).  

5.1 GO Enrichment Analysis 

GO (Gene Ontology) analysis was performed via G: profiler. The platform’s data source is 

based on Ensembl. Genes that are upregulated only in certain isoform were used as query and 

analyzed. Each gene set belonging to a certain isotype (TGFβ1, TGFβ2, and TGFβ3) was 

revealed based on their molecular functions, biological processes that they take part in, and 

cellular components they belong to. Lists were ranked based on their logarithmic P-values. 

Adjusted P-values were color-coded from yellow to dark blue as significance increases. Genes 

that are correlated with certain terms can be seen under term IDs as GO annotations. For the 

TGFβ1 phenotype, the most significant molecular functions are adenyl nucleotide, adenyl 

ribonucleotide, nucleotide, nucleoside phosphate, ATP, and protein binding (Figure 29). TGFβ1 

is mostly found in the cytoplasm, then membrane-bound organelle and membrane-enclosed 

lumen. Beside the organelles and organelle lumens, TGFβ1 can also be found in extracellular 

exosomes and vesicles, nucleus, cytoskeleton, as revealed by the cellular component analysis 

(Figure 30).  
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Biological processes highly correlated with TGFβ1 genes are; mitotic cell cycle, cell division, 

cell cycle phase transition, regulation of cell cycle, and cellular component organization (Figure 

31). TGFβ2 had molecular functions with high logarithmic significance as; enzyme binding, 

protein binding, RNA binding and heterocyclic compound binding (Figure 32). For cellular 

components, TGFβ2 is highly present in intracellular parts; intracellular membrane bound 

organelles, cytoplasm, and intracellular organelle lumen (Figure 33). In biological processes, 

TGFβ2 functions in metabolic cellular processes, organic substance, macromolecule and 

nitrogen compound processes (Figure 34). Finally, TGFβ3 has similar molecular functions with 

TGFβ1, like protein binding, ATP binding, and nucleotide binding. TGFβ3 took part in distinct 

biological processes like cellular response to chemical stimulus, regulation of localization and 

positive regulation of cell death. TGFβ3 resides in the cell’s intracellular parts, membrane-

bound organelle, cytoplasm, and nucleus (Figure 35). 
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Figure 29: GO Analysis: Molecular functions of TGFβ1 upregulated genes. Terms were ranked 

based on their logarithmic P values. Genes involved in the terms can be checked from term IDs. 

 

  

GO: Molecular Function - TGβ1 
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Figure 30: GO Analysis: Cellular components of TGFβ1 upregulated genes. Terms were 

ranked based on their logarithmic P values. Genes involved in the terms can be checked from 

term IDs. 

 

  

GO: Cellular Component –TGβ1 
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Figure 31: GO Analysis: Biological processes of TGFβ1 upregulated genes. Terms were ranked 

based on their logarithmic P values. Genes involved in the terms can be checked from term IDs. 

GO: Biological Process – TGβ1 
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Figure 32: GO Analysis: Molecular functions of TGFβ2 upregulated genes. Terms were ranked 

based on their logarithmic P values. Genes involved in the terms can be checked from term IDs. 

 

Figure 33: GO Analysis: Cellular components of TGFβ2 upregulated genes. Terms were 

ranked based on their logarithmic P-values. Genes involved in the terms can be checked from 

term IDs 

  

GO: Molecular Function – TGβ2 

GO: Cellular Component – TGβ2 



65 

 

 

Figure 34: GO Analysis: Biological processes of TGFβ2 upregulated genes. Terms were 

ranked based on their logarithmic P values. Genes involved in the terms can be checked from 

term IDs. 

GO: Biological Process – TGβ2 
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Figure 35: GO Analysis of TGFβ3 upregulated genes. Terms were ranked based on their 

logarithmic P values. Genes involved in the terms can be checked from term IDs. (A) Molecular 

function (B) Biological Process (C) Cellular Component. 

  

A   GO: Molecular Function – TGβ3 

B   GO: Biological Process– TGβ3 

C   GO: Cellular Component – TGβ3 
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5.1 CbioPortal Analysis 

Cancer genomic analysis was performed via CbioPortal. 46760 samples from 176 studies in 

TCGA PanCancer Atlas were used in the analysis. Out of 46760 samples almost 30000 samples 

were profiled. Alteration frequencies and cancer types are shown. 1503 (3%) of samples were 

altered in the TGFβ1 gene, and 1079 (2%) were altered in TGFβ2. Bladder/Urinary tract cancer 

has the highest alteration frequency in the gene; TGFβ1 is amplified 9.7% of this cancer’s cases. 

In sarcoma, TGFβ1 is 0.39% mutated, 3.53% amplified, and 0.39% had multiple alterations. 

TGFβ1 is altered in 4.31% of sarcoma cases. Prostate cancer, small cell lung cancer, 

endometrial carcinoma, and ovarian tumor have more than 3% alteration in the TGFβ1 gene. 

TGFβ2 is highly altered in breast cancer. 18.9% of the breast cancer cases have TGFβ2 

amplification. Also, in invasive breast carcinoma, 7.57% of the cases have a mutated TGFβ2 

gene. TGFβ2 is altered in more than 5% of the cases of Hepatocellular carcinoma, endometrial 

cancer, and cholangiocarcinoma. Endometrial Carcinoma has the highest alteration in the 

TGFβ3 gene. 4.27% of the cases have alterations in TGFβ3. TGFβ3 gene is mutated, amplified, 

and deleted in 3.19% of the cervical squamous cell carcinoma cases. Prostate cancer and colon 

adenocarcinoma have high alteration levels in TGFβ3 (Figure 36). 

Table 9 : Number of cases that are different or co-occurred in each phenotype 

Some of the cases have alterations in both genes or none of the genes. Thirty-five of cases have 

alterations in both TGFβ1 and TGFβ2. TGFβ1 and TGFβ3 are altered together in 19 of the 

cases. TGFβ1 and TGFβ2 have more co-occurrence in alteration (Table 9).  

There were 96 missense, 16 truncating, 2 inframe and total 120 mutations on the TGFβ1 gene. 

Eight mutations are caused by a missense G29R/E amino acid change in non-small cell lung 

cancer, invasive breast carcinoma, and hepatocellular carcinoma. In the TGFβ2 gene, there 

were 138 missense, 35 truncating, and 176 total mutations. The highest number of mutations 

were a R131*/Q amino acid change truncating mutation, which affects colon and colorectal 

adenocarcinoma. 86 missense, 19 truncating, 4 inframe, and 109 total mutations on the TGFβ3 

gene were spotted. In three of the inframe mutations, there was a K38del/N amino acid change 

on the gene (Figure 38). 
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TGFβ1, TGFβ2, and TGFβ3 expression levels in various cancer studies were analyzed. In 

TGFβ1, head and neck cancer, sarcoma, bladder cancer, and clear cell renal cell carcinoma 

(CCRCC) had the gene’s highest expression levels with mostly truncating alterations. In 

TGFβ2, expression levels were higher in invasive breast carcinoma, low-grade glioma and 

glioblastoma. On the other hand, TGFβ3 levels in mesothelioma, sarcoma, prostate, and breast 

invasive carcinoma were the highest (Figure 37). These findings were consistent with the 

mutation data shared (Figure 36). Different isoforms of the TGFβ gene had different expression 

levels and mutations on other cancer types.  
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Figure 36: TGFβ gene alterations of cancer types. Y axis represents the percentages of 

alteration frequencies. X axis shows the cancer types. Color coding shows the mutation type; 

red: amplification, green: mutation, blue: deletion, purple: fusion. (A)TGFβ1 (B) TGFβ1 

(C)TGFβ3 

 

 

A 

B 

C 
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Figure 37: TGFβ gene expression levels in various cancer types. (A) TGFβ1, (B) TGFβ2, (C) 

TGFβ. 

B

 

C 

A 
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Figure 38: Number and amino acid points of the mutations in the TGFβ gene. The highest 

number of changes in the amino acid is shown. (A)TGFβ1, (B)TGFβ2, (C) TGFβ3. 

 

 

 

 

 

 

 

 

 

 

 

 

A 

B 
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6 Discussion 

EMT is involved in plenty of processes from development to wound healing and cancer 

metastasis (Nieto et al., 2016). Since the TGFβ molecule is the key regulator of this transition, 

due to its central role in many processes and therapeutic possibilities, a large amount of data 

already exists in the literature about TGFβ and EMT. However, studies in the literature are 

mostly carried out with only one isoform of the TGFβ. Suppose the comparison among the 

isoforms is the case. In that case, it is only investigated in a cell line of interest like breast cancer 

(Hachim et al., 2018) (Chen et al., 2015) or in a specific topic like gonadal development 

(Memon et al., 2008). Thus, there is a lack in the literature of a broad range research on TGFβ 

isoforms and its transcriptional effects on many aspects, including datasets from different cell 

lines and different organisms. As indicated in this thesis’s aim, differences among the isoforms 

of such a critical molecule are noteworthy for future research and therapeutic approaches.  

To evaluate the research questions in a broad spectrum, 15 public datasets from 2 organisms of 

different ranges were analyzed with Bioconductor, R programming language, and a variety of 

online research tools (GO, GSEA). On the other hand, the study results are limited as it is 

performed only computationally, and further experimental validation is needed. As the 

significance and quality control measures were relevant, datasets are from different cell lines 

and have different treatment times.  

Results are consistent with the hypothesis; the differential expression and gene set enrichment 

analysis results indicate a significant difference in transcriptional level between TGFβ isoforms. 

Withal, there are common genes and functions among all three isoforms, some regardless of 

the organism. Mutations on particular isotype of TGFβ are upfront in some cancer types; they 

differ in molecular functions; they reside in different cellular components and are associated 

with different pathways in some processes. The data contributes a better understanding of the 

TGFβ isoforms and their transcriptional effects. 

Thirteen genes were shared among all three isoforms of intersected human and mouse 

differentially expressed genes. PDLIM7 a cytoskeletal protein and is expected to be in a TGFβ 

induced EMT gene list. CXCL1 cytokine is associated with metastasis of various types of 

cancers by activating the NF-κB pathway and related as a tumor-associated macrophages 

cytokine (Xiang et al., 2015). IL11 and PTGS2 will be mentioned in the later parts as they show 

some relevant results in further analysis. GADD45B and LAMB3 are two common genes 

among all isotypes in mouse datasets (Figure 15 B). Id proteins are one of the critical regulators 
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of TGFβ response to cell differentiation and so cell fate. ID3 is repressed by TGFβ induction 

and directly affects the E-cadherin levels to decrease (Kowanetz et al., 2004). Studies on Id 

proteins are with TGFβ1, but It can be seen inferentially that all isoforms raise the same 

interactions with ID3. Although it is studied as a cancer marker especially for lung cells, besides 

the adenocarcinoma cell lines, it has one of the highest enrichment scores in NMuMG cells both 

in TGFβ1 and TGFβ3 phenotypes of GSEA results.  These genes can be considered as TGFβ 

induced EMT markers as they do not depend on isoform, organism and tumorigenic or normal 

cell type.   

TSPAN2 is associated with invasiveness and bad prognosis especially when there is a p53 

mutation in lung cancer cells (Otsubo et al., 2014). It is present in 5 datasets in the list, including 

ovarian fibroblast cells besides the adenocarcinoma cell lines. CTGF is responsible for tissue 

fibrosis and differentiation, also associated with poor prognosis in cancer (Zhu et al., 2015). As 

it is related with EMT induction, poor outcomes may be caused by EMT. It is upregulated in 

four datasets within the lung and NMuMG cells. MAF transcription factor is a proto-oncogene 

involved in development. There are no further studies about its relationship with TGFβ or EMT. 

It appears in 5 datasets of top 20 upregulated genes with high enrichment scores, all 

adenocarcinoma cell lines with TGFβ1 phenotype. Regarding this result, it may be used as a 

possible marker for metastatic lung cancer. 

Whereas genes selected for the query were specific for each phenotype, similar results in the 

GO analysis may show that different genes can be correlated with the same biological process 

or molecular function. Numbers in the intersected Venn schemes (Figure 16) are now worthy of 

attention with the biological processes they participate in, molecular functions they regulate, 

and cellular components they reside.  

As in further research besides the experimental validations, these results can be considered 

when planning a target-oriented new research on TGFβ and EMT. They may affect the choice 

of isoform in the practice. Common genes of all TGFβ isotypes from differential expression 

analysis results can be considered as TGFβ induced EMT markers. It can lead to a more specific 

way for possible drug targets and predictive markers. Especially in cancer research, since TGFβ 

has a dual role in tumor suppression and tumor invasion, different therapeutic approaches can 

develop for early and late-stage cancers based on the possible future research that may be 

carried out with this thesis’s findings. 
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7 Conclusion and Suggestions 

− There are significant differences and similarities between TGFβ isoforms at the 

transcriptional level even within the same dataset. Diversity of the analyzed datasets and 

methods let the research have a broad range of perspective. 

− In upregulated genes from human datasets, 124 genes for TGFβ1 like ID2, CCPG1, FOXS1, 

ITGB3, DOCK2, ZEB1, NGF, LOXL1; 303 genes for TGFβ2 like IDH2, DAP, MALAT1, 

MAPK11, NES, TNNT2 and 512 genes for TGFβ3 like SOX4, IL6, LAMA3, SMURF2, 

VEGFA, TUBA1A, GATA6, ITGA2, MAFF, CDK6, OVOL1 were specific to isotype. In 

upregulated genes from mouse datasets, 172 genes for TGFβ1, 443 genes for TGFβ2 and 

62 genes for TGFβ3 were specific to isotype.  

− These isoform-specific upregulated genes are associated with different, thus important 

molecular functions and biological processes. 

− All cancer cell lines within the TGFβ1 phenotype datasets shared 97 upregulated genes like; 

IL11, COL1A1, TAGLN, THBS1, PMEPAI, JUN, ADAM19.   

− In the intersected datasets from human and mouse organisms, TGFβ3 had 19 genes 

specifically upregulated in that isoform such as; TUBA1A, IGF1R, GATA6, FOXQ1, 

KLF6, IRF6. TGFβ1 only genes like; VEGFC, TSPAN8, ANKRD1, ID2, FDFR2, IGFBP7, 

BMP1, ACTN1.  

− All isoforms of human and mouse dataset intersection shared 13 genes regardless of the 

organism such as; IL11, PTGS2, PDLIM7, GADD45B, LAMB3, IFIT3, SKIL, ID3, 

CXCL1, PCDH7, DHRS3, FN1 and MAP3K5, which can be considered as TGFβ induced 

EMT markers.  

− Each isoform of TGFβ has specific levels and types of mutations for a certain type of cancer.  

− Common regulated genes for all isotypes are associated with histone modification factors. 

− These results should be considered for target-specific further research and therapeutic 

approaches particularly in the treatment and diagnoses of early and late-stage cancers.  
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9 Appendix 

9.1 List of differentially expressed (log2 fold change +0.6) genes shared 

in Homo sapiens (human) datasets treated with TGFβ1, TGFβ2, 

TGFβ3 

CXCL8 FBXO32 G0S2 CXCL1 FSTL3 BMP2 STC1 CLDN11 ASS1 TGFBR3 UNC5B 

RFLNB CDKN2B GPRC5B FN1 NEDD9 CEBPG COL12A1 SLC46A3 CLEC2B PTGS2 

SLC43A3 GLS SLC1A4 COL4A1 PLIN2 DLC1 LAMB3 PHLDA1 GPRC5A TFPI2 RAB27B 

GADD45B SLIT2 CALD1 HMGA2 KCTD11 ID1 OPN3 IL11 TOP2A TPM1 DHRS2 

MAMDC2 SLC7A5 OXTR SMAD3 LPXN PAWR SERPINB2 NUAK1 TP53I3 LAMC2 

TSPAN2 TGM2 CHST11 AKAP12 CTSC SEMA7A SEC14L2 TUFT1 COL8A2 PCDH18 

LTBP2 PDGFA CHAC1 SOCS2 PMEPA1 IQGAP3 C15of48 TJP2 FST FAM107B PRR15

 O GFRL1 PLA2G4A IGFBP3 SPHK1 PTPRG STAMBPL1 HMGCS1 ENC1 PXDC1 

TMEM97 CCND1 FZD7  IRAK2 FHL1 FERMT1 HPCAL1 CASP1 COL4A2 CTGF COL1A1 

KITLG PLAU FGD4 SESN2 GOPC MAP3K5 AMIGO2 ERRFI1 HECW2 THBS1 

TMEM200A CD44 SGPL1 GPAM CXCL3 MBOAT2 TFRC PDGFC JUNB TNFAIP3 

SMAD7 SKIL PRKAB2 FADS3 SEL1L3 MIR181A2HG KCNK2 LBH TMEM117 WNT5B 

ATF3 SLCO2A1 PCDH7 CSF2 SOX4 ABLIM3 CORO6 PLCB4 MAPRE2 SARS ID3 

TXNRD1 PTPN21 TBC1D4 MAP4K4 TMCC1 RAPH1 CCL20 KLF12  AKR1C3 BMPR2 

IL1A DCBLD1 AQP3 ANTXR2 SPECC1 SLC8A1 PRKCA DHRS3 LOX CDH2 LAMP3 

PPIF APBB2 LDLR FERMT2 C9orf3 LAYN ATXN1 COL5A2 OSR1 EDIL3 TNIP1 LRIG1 

EXOC6 ANKLE2 ABHD17C HMGB2 INHBA PGM3 PAG1 HIVEP1 MICAL3 GLIPR2 

GM2A PDLIM4 BAG2 VAV2 STK17B ST6GALNAC5 DPP4 CEMIP KLHL5 NCF2 SYNC 

NDRG1 CCDC50 MTSS1 IL15 GLIS2 ACSL1 FGD6 TGFBI LOC101928076 PPP1R13L 

ETS2 MLKL RTTN ADAM19 ZNF281 ETS1 MKNK2 CDH10 S1PR3 ADAMTS15 DUSP10 

TFEB DLEU1 NR4A2 ANAPC13 SNX24 AGPS ITGAV NLRP1 LINC00842 CASC10 

SLC25A37 JUN SLC41A2 ETV1 CTSB RBM24 CRYAB CITED2 MCC TEAD1 PPP4R4 

FUCA1 DNAJB2 ARHGEF40 F2RL1 RNF19B SLC25A19 C1S SERPINE1 IFIT3 FOXC1 

PDLIM7 HK2 GLMP ATF4 SLC6A6 RNF217 SPRY1 JDP2 KLF10 BHLHE40 

F3 TTC39C VEGFC ETV6 TRERF1 

 

9.2 List of differentially expressed (log2 fold change +0.6) genes 

shared in Mus musculus (mouse) datasets treated with 

TGFβ1, TGFβ2, TGFβ3 

SERPINA1C LGALS4 APOC2 UGT2B34 GSTA4 GJA1 VNN1 IL11 KRT19 AW112010 

PTGS2 RBP4 SERPINE1 VEGFC SERPINA1B TTR MUC1 FBLN2 ALDOC GCLC HPX 

ANXA10 TSPAN8 PDGFA CYP2S1 GLDC C4BP SLFN2 ITIH2 TNNT2 HABP2 PDLIM7 

GADD45A ENTPD2 GJB3 CXCL5 FOXF2 SULT1D1 GADD45B LAMB3 ID2 BNC1 

ALDH1A1 CTSW AK1 TBC1D1 ACVR1 RIDA CYSTM1 FGF1 GADD45G SGK1 VCAM1 

EPHX1 APBB2 GK ERMP1 MSN RHOB ANGPT2 HSD17B2 RFLNB ABCC3 CSRP1 
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SPHK1 IFIT3 VIL1 C3 GSTA3 SELENBP1 FGFR2 S100G FKBP7 KLF10 ALB MAN1A 

CSRP2 TPBG GSTM1 MYO6 AKR1B7 RNF19B BMP1 SLC39A4 MYZAP MMP14 

DUSP6 TMPRSS2 ACTN1 PDK1 PLIN2 CP KITL FOXQ1 ACKR3 FOXA2 MT2 S100A13 

ACSL4 PRSS23 ADSSL1 CTLA2B ANXA8 BHLHE40 SCX NCAM1 SKIL MT1 HAL 

CAPG QK SPRR1A ID3 RAB11FIP5 CNN3 ADORA1 CXXC5 FZD2 LCP1 CLRN3 PFKM 

PDGFB LTBP1 CLDN4 CDH16 SMAGP HS3ST1 HELLS SLCO3A1 SMC2 DDHD1 

FHOD3 GGCX RHPN2 RHOQ SHMT1 CXCL1 PFKL TNFRSF1B NEDD9 DUSP1 GM3716 

E2F8 CREG1 IQGAP2 SPSB1 GJB4 ENTPD5 PCDH7 PDE7A PITPNC1 SKI PCGF5 

LGALS3BP CACNA1G RAB17 CAST AFM DHRS3 SLC46A1 RUNX1 BNIP3

 ITGB5 NGEF PKP2 COL7A1 PNKD CTS  ABCA1 MYO10 MYO7A WIPF1 

SLC26A2 NEDD4L CDH6  DTL SLC2A2 NEU1 HSPA4L CYBB KLF9 CTSF  JUP 

SH3BP2 GSN HHEX TRAF3 PRNP KPNA3 RGL1 FN1 PIP4K2A LRRC8C TNFSF9  

TSC22D1 HNF4A HSD3B7 ENO2 ARL4A ABCC2 HSPA2 TGFBR1 CCL7 HIVEP2 JAK2 

PLEKHO1 IFI204 MAPT CHRNA1 TIMP1 KLF5 SNAP47 IFI202B EHF EFNA1 UBE2F 

PELI1 FGD1 SEMA3E CCDC88A DBN1 PKHD1 NREP SORBS1 CSF2 ZAN CTNND1  

MAP7D1 PDXK  LPGAT1 PACRG  LPIN1 SCEL NRIP1 ARL2 MAP3K5 TPGS2 SEMA3C 

MTMR10 MARCKS FXYD5 SNCA SLC12A2 ELL2 MARCKSL1 KIF1B TRIM59 CASP3 

AQP1 SPA17 EPB41L2 C1RA CAMK2D ROBO1 ME1 CREBRF PKIA CDC7 RLIM 

ALCAM ITPR2 NFIX CELF2 

9.3 List of upregulated (log2 fold change +0.6) genes shared in 

Homo sapiens (human) datasets treated with TGFβ1, TGFβ2, 

TGFβ3 

DHRS2 LTBP2 FN1 CALD1 HECW2 SGPL1 BPGM  CRYAB LINC00842 PMEPA1 NEDD9 

FBXO32 TCP11L1 KLF12 NLRP1 PDLIM7 ID3 THBS1 TGFBR1 FNBP1L UBASH3B 

PTPN21 JDP2 BMPR2 COL1A1 ITGAV DNAJB5 PDGFC PDLIM4 ANKLE2 ABHD4 

C9orf3 TEAD1 COL4A2 SLC41A2 TPM1 KCNMB4 ST6GALNAC5 C14orf28 SLC1A4 

TEPP PTHLH MICAL3 MBOAT2 INHBA SYNC FADS3 GOPC TGM2 TMCC1 MICALCL 

IGFBP3 MRAP2DCBLD1 WNT5B EDIL3 PRKAB2 COL5A2 VAV2 PHLDB2 FGD6 

COL12A1 PXDC1 IL11 IL15 SESN2 RAPH1 STK17B ENC1 SEC14L2 LBH KLF10 PRKCA 

JUNB AMIGO2 SKIL CTGF SMAD7 ATF3 SPECC1 PAWR GLS SEMA7A ID1 GADD45B 

HIVEP1 SPHK1 SARS FERMT1 CORO6 CST6 MIR181A2HG COL4A1 PDGFA NUAK1 

CEBPG DLC1 LAMC2 TP53I3 ZNF365 OPN3 KCTD11 CASC10 CHST11 INAVA PLCB4 

RFLNB SLC46A3 CHAC1 TUFT1 TSPAN2 LOC101928076 FSTL3 C15orf48 MAMDC2 

CDKN2B SLCO2A1 MFAP2 CDC42EP3 VMP1 ARHGEF40 FILIP1L GADD45 APBB 

PHACTR4 TNC LIMA1 ATF4 CSPG4 KIF3C KDM7A BAIAP2L1 ETV6 PLEK2 LOX 

GTPBP2 BMT2 TGFBI AKT3 BHLHE40 CNN3 CHST15 MN1 CDA JAZF1 RUNX1-IT1 

SH3RF1 GLIS2 FOXC1 ZNF281LFN SMURF1 RNF27 SPIRE1 SNX24 ADAM19 TINAGL1 

FLNB AGPS PPP1R13L RNF19B PGM3FERMT2 CEMIP2 ITPRID2 GLIPR RBM24 IGF1R 

MYL12A BLOC1S2 CDH2 DIXDC1 CHML TFEB SERPINE1 ATXN1 HTR1D NT5E 
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9.4 List of upregulated (log2 fold change +0.6) genes shared in 

Mus musculus (mouse) datasets treated with TGFβ1, TGFβ2, 

TGFβ3 

SERPINE1 GJA1 FBLN2CTLA2B VEGFC SPSB1 Q GADD45A AK1 ACKR3 LAMB3 

APBB2 GJB3 GLDC TNNT2 PDGFA CAPG GADD45B FOXF2 MSN RHOB PDLIM7 

RFLNB FHOD3 SGK1 NCAM1 BNC1 ACVR1 PDE7A LTBP1 TBC1D1 RHOQ MYZAP 

LRRC8C CTSW PKHD1 CTSE FKBP CCL7 SKI CLDN4 NRIP1 ACTN1 CSRP1 CXXC5 

KLF10 TPBG CAST PITPNC1 SKIL BMP1 RNF19B CCDC88A ADSSL1 RAB11FIP5 

CNN3 SCX PLIN2 CDH6 NEDD9 FZD2 ANXA8 COL7A1 SH3BP2 PDGFB RUNX1 

MYO10 FOXQ1 MYO7A PKP2 CACNA1G GJB4 TNFRSF1B DDHD1 CHRNA1 JAK2 

SLC46A1 FXYD5 ITGB5 TSC22D1 DBN1 EPB41L2 WIPF1 KPNA3 TRAF3 PIP4K2A 

PRSS23 BHLHE40 SPHK1 PCDH7 MMP14 TGFBR1 SLCO3A1 CSF2 GADD45G IL11 

CTNND1 IFI202B PLEKHO1 KLF9 FN1 GSN HIVEP2 IFI204 SNCA PRNP LPGAT1 

ELL2 TIMP1 SNAP47 MARCKS FGD1 UBE2F HSD3B7 KIF1B MAP7D1 MARCKSL1 

NFIX NREP ROBO1 TPGS2 TRIM59 PKIA RLIM ARL2  

 

9.5 List of upregulated (log2 fold change +0.6) genes shared in 

cancer cell line datasets treated with TGFβ1, TGFβ2, TGFβ3 

SERPINE1 IL11 LOX COL1A1 PTHLH TAGLN SRPX GLIPR1 THBS1 COL27A1 NPTXR 

CRLF1 PMEPA1 NAV1 TOX3 CALD1 COL5A2 ITGB3 JUN FN1 FAM43A GXYLT2 

PIK3CD SCG2 COL7A1 FLRT3 GLIPR2 FRMD6 ST20-AS1 SPHK1 CTGF CSRNP1 

HBEGF PXDC1 SLC2A12 MIR181A2HG AK4 SKIL EPHB1 CCDC50 LMCD1 C3orf80 

TPM1 BMPR2 KDM7A STC1 GLS SH3KBP1 CD59 PLEK2 ADAM19 KLHL24 P4HA3 

CHST3 PLAUR DOCK4 SERPINE2 OSBPL6 HRH1 LGR4 HMGA2 ATP8B1 AGR2 GRTP1 

ARHGAP29 MYO5C PPL CDH1 IFIT3 EMP1 RGCC FAM84B ERMP1 TGM2

 PARD6B AQP3 GSE1 THRB RAB27B SYNE2 ITGA2 SLC44A1 NAV2 SERPINB1 

PPP1R14C CHDH SLC6A6 GRB10 TNFAIP2 PHLPP1 MXD1 ARHGAP26 SLC20A1 

C1orf115 PIK3AP1 PHLDA1 DEPTOR 

 


