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Abstract 
The integrated stress response (ISR) has been associated with malignancy in cancer cells, with 

evidence for the eIF2α kinases PERK and GCN2 having important roles in tumor survival. For GCN2, 

this association has been described in the literature with an emphasis on its role as an eIF2α kinase, 

and in the activation of ATF4. However, recent findings have shown deviations from this main view. 

First, the lack of GCN2 can be compensated for by other eIF2α kinases in a cancer model. Second, 

several functions of GCN2 have been described that are independent of the ISR. These findings 

suggest that, although GCN2 indeed appears to be important in cancer development and 

progression, its involvement in the ISR is not the only and possibly not the main factor. The aim of 

this project was therefore, to identify functions of GCN2, which are relevant for development and 

progression of cancer. We analyzed gene expression data from a biobank of cervical cancer patient 

samples to obtain correlations between GCN2 and other genes in the samples. Then used a gene set 

enrichment analysis (GSEA) to compare the sets of genes correlated to GCN2 to a database of gene 

signatures. The analysis revealed the presence of several cancer-relevant functions reflected in our 

data. Some of these functions were consistent with sporadic reports of the involvement of GCN2 in 

processes other than the ISR, such as the Warburg effect. Genes related to mitosis and the 

centrosome were selected for further inspection because of the importance of these genes in 

chromosome missegregation, an important hallmark of cancer. The expression of these candidate 

genes was found increased in a cell line overexpressing GCN2, which indicates that the increase is a 

direct consequence of high GCN2 levels. With this study, candidates for novel functions of GCN2 are 

presented, which open new avenues for future research. 
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Introduction 
All cells are exposed to environmental stress in throughout their lifetime. These environmental 

stresses are diverse, and include for example the exposure to dangerous chemicals, damaging 

radiation or lack of nutrients. Cells respond to stress and have evolved different mechanisms to cope 

with it and adapt. 

One important aspect of many stress responses is the phosphorylation of eIF2a. The eIF2α factor 

mediates the initiation of translation. It requires GTP for each round of translation in a larger 

complex with other factors and ribosomal subunits. After GTP is hydrolyzed, the GDP must be 

exchanged for GTP by eIF2B to start a new round of translation. The phosphorylation of eIF2α in 

serine 51 inhibits the activity of eIF2B, blocking translation (Koromilas, 2015). The phosphorylation of 

eIF2a is thought to have two consequences; downregulation of global translation and upregulation of 

translation of selected transcripts (Castilho et al., 2014).  

Mammalian cells have different eIF2α –kinases, each activated by specific stress signals: 

General control nonderepressible 2 (GCN2), active in response to amino-acid starvation (Zhang et 

al., 2002) 

Heme-regulated inhibitor (HRI), active in response to heme-deficiency and other stimuli (Hwang, 

Kim, & Kim, 2000) 

Protein kinase, interferon inducible double-stranded RNA-activated (PKR), activated by doube-

stranded RNA (dsRNA), found activated in interferon-treated and virus-infected animal cells (Kuhen 

et al., 1996). 

Pancreatic eIF2a kinase (PERK), is active in response to accumulation of misfolded proteins in the 

endoplasmic reticulum (ER) (Harding, Zhang, Bertolotti, Zeng, & Ron, 2000). 

 

Since all these kinases phosphorylate eIF2α, many features of the stress response are similar 

between them, whichever type of stress and whichever eIF2α-kinase initiated it. Because of this, the 

different stresses can be integrated in a single pathway. This is the essence of the integrated stress 

response (ISR) theory (Harding et al., 2003). 

One way by which the ISR contributes to increasing the possibilities of cell survival in stressful 

conditions is the upregulation of a select group of genes. This translational reprogramming shifts the 

activities of the cell towards an adaptive survival mode. These select genes often have a certain 

sequences in their mRNA, which are called uORFs (upstream open reading frames). The uORF is a 

sequence found upstream of the protein coding sequence (CDS), at the 5’ end of the mRNA 

sequence. The uORF defines whether the downstream sequence is translated and at what rate it is 

translated (Wethmar, Barbosa-Silva, Andrade-Navarro, & Leutz, 2013). Some of these mRNA with 

uORFs include the activating transcription factor ATF4. This transcription factor targets other genes 

with specific functions that help the cell survive. Figure 1 includes a simplified diagram of the effects 

of eIF2α –kinase activation on translation  (Castilho et al., 2014).  

The way by which genes with uORFs are activated is thought to depend on eIF2a availability. During 

stress conditions, the phosphorylation of eIF2α causes a reduction in the availability of non-

phosphorylated eIF2α. The time that is required for the ribosome to start translation is increased due 

to the low availability of eIF2α. These longer periods allow the ribosome to pass by an inhibitory 
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uORF, which would inhibit ATF4 translation in normal conditions. The ribosome then can encounter 

the coding regions of ATF4, and the translation of ATF4 is initiated (Jackson, Hellen, & Pestova, 2010).  

There are several targets of ATF4, and many are involved in survival functions such as DNA repair and 

the balance of proliferation (Ameri & Harris, 2008). Interestingly, this kind of translational 

reprogramming involving ATF4 is not limited to stress survival. Other highly specific functions have 

been linked to it, for example synaptic plasticity and memory (Costa-Mattioli et al., 2005), and fatty 

acid metabolism in the liver (Guo & Cavener, 2007). 

 

 

 

Diverse environmental stresses are experienced by cancer cells. Starvation and hypoxia is 

experienced by cancer cells, as well as the exposure to alkylating agents in the form of medicines, 

and UV radiation is a carcinogenic. The eIF2α -kinase GCN2 responds to amino acid starvation (Zhang 

et al., 2002), UV radiation (Jiang & others, 2005), alkylating agents and oxidative stress (Krohn, 

Skjølberg, Soltani, Grallert, & Boye, 2008). These stresses activate GCN2 in different organisms, 

suggesting that GCN2 may be active in stressed cancer cells. The kinase function of GCN2 is well 

conserved from yeast to humans, and this conservation is extensive enough that the Gcn2 in yeast 

can be replaced by GCN2 (human), and the cell can continue to phosphorylate eIF2a (Dever et al., 

1993). The fact that these types of stress activate GCN2 inspired the analysis of GCN2 in a context of 

cancer, using the biobank of Radiumhospitalet.   

Radiumhospitalet counts with a database of transcriptomic data of cancer patients. One dataset in 

the biobank consists of transcriptomic data of cervical patients, and was obtained by Heidi Lyng and 

colleagues in collaboration with the Gynecology Institute. This dataset has clinical information and 

follow up of the patients, up to date. More information about the dataset is summarized in the 

supplementary table 1, appendix 1. The analysis of this dataset has shown a tendency of patients 

with high GCN2 expression to have poor survival. Figure 2 shows two cumulative survival plots with 

two groups of patients each (Heidi Lyng, Christina Fjeldbo, unpublished). The tendency suggests that 

GCN2 has an influence in the aggressiveness of the cancer in these patients. Here, GCN1 is included 

as validation. 

GCN1 is a putative coactivator of GCN2 that binds to the RWD domain of GCN2 (Castilho et al., 2014). 

GCN1 has been initially described in Saccharomyces cerevisiae (Marton, Crouch, & Hinnebusch, 

1993). GCN1 binds to the translating ribosomes, and then recruits GCN2 (Sattlegger & Hinnebusch, 

eIF2α-kinase 

eIF2α eIF2α P 

Downregulation  
of global translation 

ATF4 
Translation of 

specific genes 

Stress 

Figure 1. In mammals, phosphorylation of eIF2α mediates both the downregulation of global translation, and the 
selective translation of specific genes that serve the cell to survive the stressful situation. The selective translation of 
specific genes is induced by the activating transcription factor ATF4. 



3 
 

2005). GCN1 in Schizosaccharomyces pombe is required for GCN2 activation after other stresses like 

UV radiation and oxidative stress (Anda, Zach, & Grallert, 2017).  

The coactivator GCN1 is coded by a different chromosome than GCN2: GCN1 in 12q24.23 (OMIM: 

605614), and GCN2 in 15q15.1 (OMIM: 609280). The fact that GCN1 is found in a different 

chromosome increases the confidence that expression patterns observed in relation to GCN2 are not 

passenger effects (i.e. expression patterns attributed solely to close proximity within a chromosome 

(Roszik et al., 2016)). GCN1 is a good candidate to study next to GCN2 in transcriptomic analyses. 

Both GCN1 and GCN2 have a close relationship, and comparing observed patterns between them can 

be useful to detect unexpected differences caused by error.  

 

Figure 2. Cumulative survival of patients with either high or low gene expression of GCN2 (left) or GCN1 (right). 
Differences are considered significant when p-value < 0.05.  

The importance of GCN2 for cancer has been previously been described in the literature, by at least 

two main mechanisms involving the GCN2-ATF4 pathway: 

First, the integrated stress response (ISR). The ISR contributes to the enhanced survival of cancer 

cells. Cancer cells grow in tumors with suboptimal blood flow due to the abnormal vascularization. 

Chronic hypoxia and nutrient deprivation is developed in these tumors (Vaupel, Kallinowski, & 

Okunieff, 1989), which activates the ISR. The ISR activation causes a translational reprogramming 

that arms the cells for an enhanced survival and adaptation to the scarce conditions in the tumor. 

GCN2 and ATF4 are activated by amino acid starvation in tumors (human and mouse), and the 

removal of GCN2 or ATF4 has shown to inhibit tumor growth in-vivo (Ye et al., 2010). PERK is another 

eIF2α kinase that has been demonstrated to be directly responsible for ISR-mediated tumor growth 

(Bi et al., 2005). The evidence of ISR importance in cancer has inspired efforts to target it for therapy. 

For instance, the integrated stress response inhibitor (ISRIB) inhibits the effects of phosphorylation of 

eIF2α by a downstream mechanism, inhibiting ATF4 induction and activity (Sidrauski et al., 2013).  

Second, the Warburg effect: a metabolic abnormality observed in cancer cells. Normally, cells obtain 

their energy via mitochondrial oxidative phosphorylation. The abnormality of cancer cells consist of a 

preference for aerobic glycolysis, a far less optimal way of obtaining energy. The aerobic glycolysis 

has multiple steps with byproducts that can be incorporated into anabolic processes to build new 
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growing cells. Presumably, the Warburg effect contributes the production of biomass to sustain 

increased proliferation observed in tumor growth (Vander Heiden, Cantley, & Thompson, 2009). The 

pyruvate kinase (PK) is a glycolytic enzyme that has four isoforms. PKM2 (pyruvate kinase, muscle 2) 

is the isoform that contributes to the preference for aerobic glycolysis (W. Yang & Lu, 2013), and is 

modulated by serine and the GCN2-ATF4 pathway activating serine biosynthesis (Ye et al., 2012). 

The standing view in the literature has described the role of GCN2 in cancer with an emphasis on 

eIF2α phosphorylation and the activation of ATF4.  The principle of the ISR is that several kinases are 

able to phosphorylate eIF2a. Although each of them has specific activating signals, some types of 

stress can activate several of them. However, there are some recent findings that challenge this 

notion.  

In a genetically modified mouse (GEMM) model of soft tissue sarcoma, the lack of GCN2 was 

compensated by PERK. Surprisingly, in this model ATF4 was also activated independently of eIF2α 

phosphorylation (Lehman, Ryeom, & Koumenis, 2015). The authors of this paper do mention that the 

fact that GCN2 is completely absent in the GEMM model, which does not take into consideration the 

possible development of dependency on GCN2 from the initial signs of tumorigenesis. They suggest 

developing an alternative model in which GCN2 is blocked at the first sign of tumor development. 

This model would be able to show whether cells become reliant on GCN2 and tumor growth could be 

slowed by GCN2 inhibition. Nevertheless, the study by Lehman et al., 2015 offer evidence that GCN2 

can be compensated by other eIF2α kinases.  

At the same time, the analysis of the patient samples revealed a correlation of high GCN2 levels with 

poor survival, suggesting that high GCN2 levels contribute to cancer aggressiveness. This observation 

is difficult to reconcile with the ISR model and the results of the Lehman et al paper discussed above. 

Thus, an interesting question is whether the role of GCN2 in cancer is solely due to the ISR, or 

whether there are specific functions of GCN2 that are independent of the ISR, that contribute to 

malignancy. Recent findings have shown mechanisms of GCN2 that deviate from the well-established 

GCN2-eIF2αP-ATF4 axis. A study with UVB radiation in mammalian cells has shown that GCN2 

activation and eIF2α phosphorylation activate the translation of DNA repair genes through the 

modulation of their own uORFs (Powley et al., 2009). This finding is interesting because it shows that 

GCN2 can activate genes without the participation of ATF4. In this study, DNA damage checkpoint 

kinases (DNA-PKcs) seemed to mediate the activation of only GCN2, and not the other eIF2α-kinases 

(Powley et al., 2009). This means that GCN2 may not be simply interchangeable when DNA-PKc-

mediated activation of eIF2α kinases is required. Activation of GCN2 and eIF2α-phosphorylation is 

also able to upregulate the selective translation of p21 through its own uORF (Lehman, Cerniglia, et 

al., 2015). The molecule p21 is a cyclin-dependent kinase inhibitor (CKI) that inhibits cyclin/CDK 

complexes, causing an arrest in the G1 phase of the cell cycle (Weinberg, 2013, page 309). 

 Another study in fission yeast has shown that activation of GCN2 with UV radiation causes a delay in 

the assembly of the pre-replication complex (pre-RC) during the G1-S transition. The delay was 

dependent on GCN2 and eIF2α phosphorylation. The GCN2-eIF2α did not affect the translation of 

factors required for the assembly of the pre-RC, meaning that there may be a different mechanism in 

which GCN2 contributes to the delay (Tvegård et al., 2007). Taken together, these studies suggest 

that there is more to GCN2 function, and that the role of GCN2 as an eIF2α-kinase in the ISR alone 

does not define its importance for cancer. 
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Aims of the study 
Understand the mechanistic basis for the importance of GCN2 for cancer.  

Approach: analysis of transcriptomic data in a biobank of cervical cancer samples, to look for 

genes and pathways that correlate with GCN2 expression. 

Based on the analysis of transcriptomic data select some candidate genes and generate hypotheses 

about their expression in the GCN2-overexpressing cell line. Test the hypotheses using qPCR.  

Evaluate the phenotype of the GCN2-overexpressing cell line in the context of previously known 

functions of GCN2 and the predicted novel functions. 
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Materials 

Software 
R programming language version 1.1.423 
Python 3.2 programming language 
Microsoft Office Excel 2007 
Image processing GIMP 2 
MSigDB: http://software.broadinstitute.org/gsea/msigdb 
ImageJ (Schneider, Rasband, & Eliceiri, 2012) 
StepOne™ Real-Time PCR system (software), Applied biosystems 

 

Cervical cancer cell lines 
Cell line Histology Supplier 

HeLa Adeno Lab collection 
GCN2-overexpressing HeLa with Flag-tag and siRNA-resistant. 
Expression driven by EF1 promoter. 

Adeno Lab collection 

SiHa SCC Lab collection 
CaSki SCC Lab collection 
C33A Carcinoma Lab collection 
HT3 SCC Lab collection 
SW756 SCC Lab collection 
Me180 SCC Lab collection 

SCC: Squamous Cell Carcinoma 

Cell culture medium and sterile solutions 
Product Supplier Reference 

number 

Dulbecco’s Modified Eagles Medium (DMEM) 1X + GlutaMax™-I GIBCO 31966-021 
Phosphate Buffered Saline PBS pH 7.2 (1X) GIBCO 20012-019 
0.25 % Trypsin-EDTA (1%) GIBCO 25200-056 
Roswell Park Memorial Institute 1640 (RPMI-1640)  SIGMA R7509-500ML 
L-glutamine SIGMA G7513 
Fetal Bovine Serum GIBCO  
Penicillin-streptomycin (PS) ThermoFisher  

Prior cultivation of cells, prepare DMEM by adding: 10 % FBS, and 100 U/mL PS (penicillin-

streptomycin) 

 

 

 

 

 

 

 

http://software.broadinstitute.org/gsea/msigdb
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Materials, reagents and instruments for diverse methods 
Product Supplier 

Materials for handling of cultured cells  

T75 culture flask ThermoFisher 
35 mm dishes (sterile) ThermoFisher 
6-well plate (sterile) ThermoFisher 
Sterile tubes  ThermoFisher 
Autoclaved Eppendorf tubes Eppendorf 
Serological pipettes ThermoFisher 
Burker’s counting chamber SIGMA-ALDRICH 
Benzonase SIGMA-ALDRICH 

Materials for Western blot  

Mini-PROTEAN®TGX™ precast gel (BIO-RAD), 
polyacrylamide gel percentage 4-15 % 

BIO-RAD 

RTA transfer kit with PVDF membrane  BIO-RAD 

Materials for RNA and DNA methods  

RNA Master Pure kit  Epicentre 
High Capacity cDNA Reverse Tramscription kit ThermoFisher 
DreamTaq Green PCR master mix (2X) ThermoFisher 
Hoefer minigel caster and plates for 1mm thick gels BIO-RAD 
Gel loading buffer (Orange) for DNA samples ThermoFisher 
O’Generuler 1kb DNA ladder ThermoFisher 
SYBR safe stain for DNA ThermoFisher 

Materials for RT-PCR  

Power SYBR® Green PCR Master Mix Applied Biosystems 
MicroAmp™ Fast Optical 96-well Reaction Plate ThermoFisher 
MicroAmp™ Optical Adhesive film ThermoFisher 
Multipette®M4 for long pipetting series Eppendorf 
1 uL to 10 mL Combitips  Eppendorf 

Materials for microscopy  

Coverslips, circular  ThermoFisher 
Glass slides  ThermoFisher 
Immersion oil Merck 

 

Reagents Supplier 

Formalin solution 10 % - neutral buffered (4 % formalin w/v) SIGMA 
Bradford reagent BIO-RAD 
Membrane blocking agent  GE healthcare UK limited 
Immobilon™ Western, Chemiluminiscent HRP substrate Merck 
Absolute ethanol, Isopropanol VWR 
40 % Acrylamide solution BIO-RAD 
10 % APS SIGMA-ALDRICH 
TEMED (14.4 M, 99 % purity) SIGMA-ALDRICH 
Methylene blue 1 % (stock solution), Bromphenol blue SIGMA-ALDRICH 

ProLong Gold with DAPI (4′,6-diamidino-2-phenylindole) ThermoFisher 
BSA, DMSO, DTT, EDTA, SDS, Triton-X-100, Tween-20, Tris-
base, Tris-HCl, NaCl, MgCl2, glycerol, boric acid 

ThermoFisher 

EDTA PhosStop tablet SIGMA-ALDRICH 

Phalloidin dye (Rhodamin 576 ) 
 

Molecular probes, Invitrogen 
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Instruments Supplier 

Autoflow IR direct heat CO2 incubator with HEPA filter ISO class 5  
VWB18 water bath VWR 
Bio Wizard Golden line GL-130 Laminar flow hood class II KOJAIR 
Fume hood with UV lamp and protection glass  
Lab water purification system for MilliQ water  ELGA 
Heating block Grant Boekel  BBD 
Power source Power Pack 300 BIO-RAD 
Electrophoresis chamber Mini Protean®Tetra cell, power limit 
500W 

BIO-RAD 

Trans-Blot®Turbo™ Transfer system BIO-RAD 
Chemi-Doc Visualization system   
Chemi Genius Bio imaging system with transluminator  
Eppendorf Centrifuge 5417R Eppendorf 
Allegra X-12R Centrifuge Beckman Coulter 
96-well plate centrifuge  
NanoDrop spectrophotometer ThermoFisher 
C1000™Thermal Cycler BIO-RAD 
StepOne™ Real-Time PCR system (instrument) Applied Biosystems 
Microscope Scope A.1 Zeiss AXIO Zeiss 
Integra Pipetboy IBS Biosciences 
Vortex MSI Minishaker IKA® SIGMA-ALDRICH 
Stuart Scientific tube roller SRT1 Stuart Scientific 

 

 

Buffers 

Lysis Buffer mix 
Initial 
concentration 

Final 
concentration 

Volume 
added 

NaCl 5 M 100 mM 200 uL 
Tris-HCl pH 7.5 1 M 50 mM 0.5 mL 
MgCl2 0.5 M 2 mM 40 uL 
TX-100 100 % 0.5 % 50 uL 
1 tablet Mini EDTA: free 
protease 8nhibitor cocktail  

1 PhosSTOP 
tablet 

  

MiliQ water  Complete to: 10 mL 
Total volume*   10 mL 

 

Benzonase + Buffer  mix 
Initial 
concentration 

Final 
concentration 

Volume 
added 

Lysis buffer   10 mL 
Benzonase 25U/uL 100 U/mL 4 uL 

 

Laemmli Buffer 4X 
Initial 
concentration 

Final 
concentration 

Add 

Tris (pH = 6.8) 1 M 0.2 M 10 mL 
SDS  8.0 % 4.0 g 
Glycerol  40 % 20 mL 
Bromophenol blue  0.2 % 0.1 g 
MiliQ water Complete to: 50 mL 
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Loading buffer 
Initial 
concentration 

Final 
concentration Add 

DTT 0.5 M 50 mM 1 uL 
Laemmli Buffer 4X 4X 1X 2.5 mL 
Lysate - - 6.5 mL 
Total volume   10 mL 

 

Running buffer 10X  
Final 
concentration Add 

Glycine  14.4 % 288 g 
Tris-base  3.02 % 60.4 g 
MiliQ water Complete to: 2000 mL 

 

Running buffer 
Initial 
concentration 

Final 
concentration Add 

SDS 10 % 0.1 % 10 mL 
Running buffer 10X 10X 1X 100 mL 
MiliQ water Complete to: 1000 mL 

 

Transfer buffer Initial concentration  Add 
Transfer buffer   
(RTA kit BIO-RAD) 

5X  200 mL 

Absolute ethanol 100 %  200 mL 
MiliQ water Complete to: 1000 mL 

 

TBS 10X Initial concentration  Add 
NaCl   80 g 
Tris-HCl pH = 7.5 1M  200 mL 
MiliQ water Complete to: 1000 mL 

 

TBST 1X Initial concentration  Add 
TBS  10 X  100 mL 
Tween-20 10 %  10 mL 
MiliQ water Complete to: 1000 mL 
   

 

TBE 1X 
Initial 

concentration 
Final 

concentration Add 
Tris  1.08 % 21.6 g 
Boric acid  0.55 % 11 g 
EDTA  pH = 8 0.5 M 2 mM 8 mL 
MilliQ water  Complete to: 2000 mL 
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Antibodies 

Primary Antibody  Cat. No. Dilution Supplier 
GCN2 rabbit 3302 1:1000 Cell signalling 
TUBG mouse T6557 1:10 000 Sigma 
LMNA+C Rabbit ab133256 1:5000 Abcam 
     

 

Secondary Antibody – HRP linked Cat. No Dilution Supplier 
Anti-rabbit IgG 7074S 1:5000 Cell signaling 
Anti-mouse IgG 7076S 1:5000 Cell signaling 

 

Primers 
 Supplier: ThermoFisher 

 Gene Sequence (5'->3') 

ID GCN2  

1 fwd ○  CTATGTGGCCCTTGTCTCGG 
 rev ○ ATCGGAAGCTTCTCTGCCAT 

2 fwd ●  ATGGCAGAGAAGCTTCCGAT 
 rev ● GGCAAGGGAGGTCTGAAGTC 

 MAD2  

3 fwd ○  AGGTCCTGGAAAGATGGCAG 
 rev ○ AGTGGCAGAAATGTCACCGTAG 

4 fwd ●  AATACGGACTCACCTTGCTTG 
 rev ● CTGCCATCTTTCCAGGACCTC 

 NEK2  

5 fwd ○  TTCAGTTACAGGAGCGAGAGC 
 rev ○ CCGTTCCTTTAGCAAGCTGT 

6 fwd ●  GGACAAACTGGCTAGAGCAGA 
 rev ● AGCTGACTCTCAGAATTCTCACTC 

 SMC3  

7 fwd ○  GCATGGAAGTTTCAACCCAGC 
 rev ○ CAGTTAGAGCACCCCGATGG 

8 fwd ●  GGGTACTGTTCTCACAGCCAC 
 rev ● CCAGCGCTCCATACTCTTCTG 

 TUBGCP6  

9 fwd ○  CTCGCTCTCAAGTACCTGCC 
 rev ○ AGCCCTCGGTGATGACAATG 

10 fwd ●  TCAAGGACGTCTGCTTCCAC 
 rev ● CAGGATCTGGTTGGCGATGT 

 TBP variant 1  

11 fwd ○  GTGGGGAGCTGTGATGTGAA 
 rev ○ TGCTCTGACTTTAGCACCTGT 

12 fwd ●  TGTGCTCACCCACCAACAAT 
 rev ● TGCTCTGACTTTAGCACCTGTT 

13 GUSB variant 1 
 fwd ●  GACTGACACCTCCAAGTATCCCA 
 rev ● ACAGGTTACTGCCCTTGACAG 

14 GUSB variant 2 
 fwd ○  TGCCATCGTGTGGGTGAATG 
 rev ○ AGTGACGTCTGTGCAGTCAG 
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Methods  
The workflow for this project can be subdivided into two sections: 1) the analysis of transcriptomic 

(microarray) data from two cohorts of cervical cancer patient samples with the purpose of predicting 

novel functions and select candidate genes for further analysis; and 2) the experimental study of 

candidate using mammalian cell cultures. The complete codes used and developed for the first phase 

are presented in appendix 3. Codes written in R have the ending “.r”, and those written in Python 

end in “.py”. Data analysis was performed in R (version 1.1.423), Python version 3.2, and in Excel 

(Microsoft Office 2007). 

1. Analysis of transcriptomic data of cervical cancer patients 
Gene expression data were obtained from tumor biopsies of squamous cell carcinoma (SCC) of the 

uterine cervix. Tumor biopsies were taken at diagnosis. The biopsies were analyzed with microarrays 

that contained ca. 47 300 probes and 31 000 genes with splice variants, yielding a gene expression 

overview of the whole genome of each patient sample. Patients were separated into two cohorts, 

and each cohort corresponded to an Illumina BeadArray version.  

The gene expression data was used to calculate the Spearman correlation coefficients between GCN2 

expression and each gene in the dataset. The gene list with significant correlations was used to 

perform a Gene Set Enrichment Analysis (GSEA) and to obtain corresponding predicted functions and 

Gene Ontology (GO) terms. Candidate genes were selected according to the predicted functions and 

GO terms. 

a. Theoretical background 

Microarrays 

Microarrays are solid supports that hold probes made of single stranded DNA fragments. Such 

probes are able to hybridize to sample DNA or RNA, and upon binding a fluorescent signal is 

produced that can be quantified. The whole-genome Illumina gene expression bead microarray is 

used to obtain a profile of the mRNA transcripts in a sample (Liu et al., 2006).   

Gene filtering 

The transcriptomic data can be analyzed to detect which genes are activated or deactivated in each 

sample. These groups of genes form expression profiles that can be analyzed as a whole. The profiles 

have patterns of expression that are influenced by a variety of technical and biological factors. In 

order to study gene expression profiles, it is necessary to separate or filter out the different patterns 

of expression present in each sample (e.g. those patterns caused by technical variation or other 

confounding biological factors not of interest in the particular analysis). The first step involves using 

statistical testing to find a group of genes of interest, which are different from the genes that vary for 

technical reasons. The second step is to assess the variability of the set of genes of interest. 

Variability in the microarray can come from different sources: technical variability due to background 

noise, probe to probe, array to array. The majority of genes in microarrays have technical variability, 

and the genes with higher variability are more likely to be influenced by biological factors which add 

even more variability, instead of technical variability alone. Thus the variability of gene expression 

should be measured in order to choose sets of genes with high variability (Choi, 2010). Additional 

filters may be applied to narrow down the number of genes to study. 
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Spearman correlation 

Spearman’s rank correlation is a statistic that measures strength of association, particularly how well 

a relationship between two variables can be described by a monotonic function. Spearman’s 

correlation is appropriate for data that does not have a normal distribution or linear relationships 

(McDonald & of Delaware, 2014). The spearman correlation coefficient Rho ranges from -1 to +1, and 

as its value gets closer to 1, the relationship between the two variables that it represents is closer to 

a linear relationship (Mukaka, 2012). In this study, Spearman correlation was used to analyze the 

data because gene expression was assumed to not act linearly. 

False discovery rate (FDR) 

The false discovery rate (FDR) reflects the proportion of false positive results in hypothesis testing, 

for example finding significant p-values while the null hypothesis is true. In the Spearman correlation, 

multiple comparisons are performed between a large set of genes, thus the probability of obtaining 

false positives increases (McDonald & of Delaware, 2014).  In this project, the problem of multiple 

comparisons was overcome using the Benjamini-Hochberg (BH) method. In this method, each p-

value is compared to its corresponding BH critical value (q-value), and used to obtain an adjusted p-

value. If the adjusted p-value is smaller than the selected FDR, the test is significant (McDonald & of 

Delaware, 2014). In this project an FDR of 0.05 was selected to mean significance.  

Gene Set Enrichment Analysis (GSEA). 

The Gene Set Enrichment Analysis (GSEA) computes how much one gene set is represented or 

overlapping in another gene set. The examination of the overlap between gene sets is useful to 

highlight common processes, pathways, and biological implications (Liberzon et al., 2011; A. 

Subramanian et al., 2005). GSEA can be performed online in the Molecular Signatures Database 

(MSigDB). In this project, the gene set obtained from the correlation analysis is compared to the 

hallmark sets and Gene Onthology (GO) biological process terms within MSigDB. The GSEA consists of 

multiple hypothesis tests. Therefore the p-value correction is made according to the Benjamini-

Hochberg method. 

b. Data processing  

Normalization and probe quality 

Microarray data was previously anonymized, treated with quantile-normalization, and reannotated 

with the files illuminaHumanv3.db for cohort 1(WG6v3), and illuminaHumanv4.db for cohort 2 

(HT12v4). In a set of different microarrays, quantile normalization adjusts the distribution of probe 

signal intensities of each array so that distributions are similar and comparable (Bolstad, Irizarry, 

Åstrand, & Speed, 2003). Probes reannotated as a bad quality probe were removed, as were probes 

with a signal below the background noise (signal < 40). 

Logarithm base 2 transform 

Prior to the correlation analysis, samples were treated with logarithm base 2 (Log-2) transformation. 

These transformations are used to reflect proportional changes in data samples, which are useful to 

search for biologically relevant patterns. The transformation with Log-2 is symmetric, for example a 
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gene upregulated by a factor of two would be Log2(2) = + 1, while a gene downregulated by the same 

factor would be Log2(
𝟏

𝟐
) = -1 (Quackenbush, 2002). In single channel microarrays such as the Bead-

Illumina, signal corresponds to increases only, and the log-2 transformation in this case obtains a 

continuous range of positive fold-changes. 

Gene variability 

The interquartile range (IQR) across patient samples for each probe was quantified. The IQR is a 

measure of variability that is not affected by extreme points in the data as it includes only the middle 

points, while it ignores the top and bottom 25% of the data. The remaining 50% make up the IQR 

(Vaughan, for Information Science, & Technology, 2001). The IQR is obtained in the following way: 

𝐼𝑄𝑅 = 𝑄3 − 𝑄1 

IQR: Interquartile range, Q1: First quartile, Q3: third quartile 

Different datasets can be compared by their IQR. The larger the IQR, the higher the variability 

(Vaughan et al., 2001). In the gene expression dataset, only genes with higher variation were 

considered, as genes with an IQR lower than the median IQR were filtered out. After filtering, the 

Spearman correlation was computed.  

c. Complete analysis with the different R programs used 

Correlation analysis 

main_filter_and_correlate.r  takes as input the data from the Illumina microarray. The 

code handles the dataset as described above in section 1b, including the filtering steps, and then 

performs the Spearman correlation.   

The main code calls general_correlation.r code (Heidi Lyng and colleagues, unpublished).  

One gene is selected, and correlated to all the other genes in the sample. The code writes out a file 

with correlations. Only the selected scenario is shown in the appendix. The correlation code 

performs Spearman correlation wth the p-value adjustment method by Benjamini Hochberg. 

Filtering of duplicate genes  

The module Duplicates_VennD.r  was used for this step, and contains four functions: 

get_common_genes obtains genes common to both cohorts. Correlation (rho) sign should be the 

same in both cohorts per probe. Genes with adjusted p-value < 0.05 are kept. 

detect_duplicates detects genes with different probes, and checks if the different probes have 

conflicting correlation signs. Probes should have the same correlation sign to remain in the dataset. 

export_gene_list writes out three lists: all correlations, positive correlations, and negative 

correlations. The positive and negative correlation lists will be used in MSigDB to obtain Hallmarks. 
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get_Venn_diagram produces Venn diagrams used to compare pairs of genes. The program the 

gene list created by detect_duplicates function as input, then obtains the number of unique EntrezID 

(genes) per gene and displays the intersection between both genes. 

 Hallmark analysis  

The Entrez IDs of filtered genes were analyzed in MSigDB for a GSEA with overlaps in hallmark gene 

sets. Positive and negative correlations were analyzed separately. Hallmark overlaps were computed 

keeping a FDR q-value below 0.05. The results file was inspected manually to select hallmarks of 

interest with significant FDR q-values. MSigDB: http://software.broadinstitute.org/gsea/msigdb 

Adding hallmark results to correlations 

The overlaps results file generated in MSigDB is processed with MSigDB_parser.py, which loops 

through the file to obtain hallmark hits per gene. Genes without hallmark hits are kept. 

Match_files.py takes the hallmark hits per gene and matches them to the correlation file by 

EntrezID. This produces a correlations file with hallmark hits information. runme.py is a main script 

that calls the two previous modules.  

Gene filtering by hallmark of interest 

get_genes_in_hallmark.r takes the subset of genes in the hallmarks of interest and writes 

them to a file. Chromosome location obtained from HGNC BioMart is added in this step for manual 

inspection.  

GO term analysis 

With both positive and negative correlations in a single list, Entrez IDs of the genes in each hallmark 

of interest were used as input for GSEA with GO biological process terms in MSigDB. GO-term 

overlaps were computed keeping a FDR q-value below 0.05.  

Gene filtering by GO term of interest 

Results of the GO-term analysis (GSEA) are processed in GO_term_arrays_and_counts.py, 

which generates two files: an array in which each GO-term is listed as a header, and each gene is 

assigned either a 1 or a 0 if the GO term is related ( 1: GO term is related 0: GO term is not related). 

The other file is a  list of the GO terms with a count of genes per term. The purpose of the gene-

counts is to guide the selection of GO terms of interest.  

Get_genes_in_GO_of_interest.py compares the GO-term array and the handpicked GO 

terms of interest, and returns which genes have the GO term of interest with ENTREZ ID and a short 

description. Correlations obtained in step 1 and correlations using only low survival patients are 

added by add_correlation.r . Candidate genes were selected from this list. 

  

http://software.broadinstitute.org/gsea/msigdb
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2. Study of candidate genes and phenotypes in cervical cancer cell lines 
Different cervical cancer cell lines were cultivated to perform different assays, includying the study of 

gene expression in qPCR, and the quantification of GCN2 in Western blot. The cell lines included: 

HeLa, SiHa, C33A, Me180, Caski, HT3 and SW756. A GCN2-overexpressing HeLa cell line produced by 

B. Grallert was included in this study.  

a. Cell culture methods 

In the study of cancer, biopsies of different kinds of tumors have been studied in the form of cell 

cultures. Cells can be isolated from the original tissue and be maintained alive in controlled 

conditions. Cells can grow and multiply if the conditions are suitable. Nutrients (amino acids, 

carbohydrates, vitamins and minerals), growth factors and hormones must be included where the 

cells are cultivated. The standard temperature and gas composition is also controlled by the use of 

specialized incubators. Growing of cell cultures must be under sterile conditions to avoid infection by 

bacteria, virus or other exogenous organisms (DeliveReD, 2012).  

In this project, the mammalian cell cultures were cultivated in Dulbecco's Modified Eagle Medium 

(DMEM), which is a standard cell culture media designed for increasing media stability, minimize 

ammonia toxicity and increase cell performance. The medium includes L-alanyl-Lglutamine, which is 

a stable form of L-glutamine and helps avoid ammonia toxicity (Thermofisher). The medium should 

be complemented with Streptomycin to reduce the risk of infection (DeliveReD, 2012) and Fetal 

bovine Serum because it contains growth factors required for cells to grow (Brunner et al., 2010). 

Cells were cultivated at the standard conditions of 37 ⁰C with 5 % of CO2 and O2, maintained in a 

incubator. 

These cell lines are adherent, so it is necessary to use Trypsin to handle them. Trypsin is added to 

detach the cells from the cultivation flask. The FBS solution includes a1-antitrypsin, which is required 

to inactivate Trypsin (Chen, Mao, & Larsen, 1992) when new medium is added.  

Trypsin is required for subcultivation and seeding procedures. Table 1 contains information about the 

cell lines used and their cultivation recommendations. Every standard cell procedure must be 

performed in sterile conditions with aseptic techniques, under a laminar flow hood. If the procedure 

does not require sterile conditions, it will be stated in its corresponding section. 

Table 1. Overview of cervical cancer cell lines (Laboratory collection). 

Cell line Histology Dt 
(hour) 

CC 
 (*106) in 
T75 flask 

Subcultivation Trypsin 
(mL) 3 days 4 days 

HeLa Adeno 24 10 1:10 1:10 0.7 
SiHa SCC 28 - 1:10 - 0.7 
CaSki SCC 24 - 1:10 - 0.7 
C33A Carcinoma 25 25-30 2:10 1.5:10 1.5 
HT3 SCC 41 8-10 3.5:10 3:10 2 
SW756 SCC 36 25-30 3.5:10 2.5:10 1.5 
Me180 SCC 33 10-15 3.5:10 3:10 2 
Dt: Approximate doubling time 
CC: Number of cells in confluence 
SCC: Squamous Cell Carcinoma 
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Freezing and thawing of cells 

Mammalian cells can be preserved by freezing, a process known as cryopreservation. The 

preservation of cells in this way is applied to reduce genetic drift in continuously grown cell lines. 

Freezing medium contains complete medium (DMEM) and 10 % dimethylsulfoxide (DMSO), a 

cryopreservative that protects the cells from stress caused by freezeing and thawing. Cells to be 

cryopreserved should be in the log phase, and not confluent (ThermoFisher, n.d.-a).  

Thawing is a stressful process for the cultured cells. Therefore, the procedure must be done quickly 

to reduce the proportion of cells that die. The cryopreservative DMSO is toxic for the cells, so the 

freezing medium needs to be diluted with fresh DMEM as soon as possible. The next day, cells should 

be washed with PBS and new DMEM should be added (ThermoFisher, n.d.-a). 

Protocol:  

Cryopreservation of cells 

- When the cells are in the log phase, treat them with Trypsin: Add the recommended amount for the 

cell type (Table 1), then place the flask in the incubator for 5 minutes. 

- Resuspend in approximately 5 mL of DMEM. 

- Count the cells, there must be at least 106 cells per vial to freeze 

Centrifugate cells for 5 minutes at 2000 RPM 

- Resuspend the pellet in freezing medium prepared prior cell handling.  Freezing medium consists of 

FBS or DMEM with 10 % FBS, 100 U/mL PS (penicillin-streptomycin) and 10 % DMSO.  

-  Vials with cells and freezing medium should be frozen in a slow freezing box with isopropanol, and 

then stored at -80 ⁰C. 

Thawing cells 

- Work with aseptic technique and in a laminar flow hood. 

- Collect the frozen cells, and as soon as possible thaw them quickly. Use a water bath (37 ⁰C) and warm 

the cells for less than a minute.  

- Dilute the cells in pre-warmed DMEM, and store in a T75 cell culture flask. 

- Allow the cells to adhere to the flask surface overnight 

- The next day, wash the cells with pre-warmed PBS, and add new DMEM 

Subcultivation 

In order to maintain a population with an optimal growth rate, the cell culture needs to be 

subcultivated with supply of new fresh medium. Subcultivation is recommended when growth is in 

the log-phase. Cultured cells have a characteristic growth pattern with different phases. First is the 

lag phase (slow growth), followed by a phase of exponential proliferation (log-phase). Adherent cells 

in culture cover the available surface as they grow, and when there is no more space and nutrients, 

cell proliferation stops. Figure 3 shows the curve that represents the characteristic growth pattern of 

cultured cells (ThermoFisher, n.d.). Cells undergo contact inhibition when they reach confluence, and 

it is more difficult to recover them with subcultivation after confluence. Some transformed cells may 

continue proliferating after confluence, but deteriorate. Sampling of cells for experiments should be 

done during the log phase, and this can be achieved by keeping the population of maximum 75 % 

confluency (ThermoFisher, n.d.-a). 
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Figure 3. Growth pattern of cultured cells. The arrow shows the recommended period for 

subcultivation, during the exponential growth log-phase. 

Protocol: 

- When the cells are still in the log phase, and are no more than 75 % confluency, prepare for 

subcultivation. Work with aseptic technique and a laminar flow hood.  

- Wash the cells with pre-warmed PBS 

- Treat the cells with Trypsin: Add the recommended amount for the cell type, then place the flask in 

the incubator for 5 minutes. 

- Add 5 mL of DMEM, and use the pipette to mix well the solution. This step is required to separate 

further aggregates of cells (mononucleation). 

- Remove a fraction of the cell solution according to the desired subcultivation and cell type, see Table 

1. Dilute the cell solution with new DMEM, accordingly. 

Seeding of cells 

Cell solutions with a specific cell concentration are required in different assays. Their preparation 

requires an approximation of the amount of cells per milliliter (mL) of medium, and an adjustment by 

diluting with more medium to achieve the desired concentration. Cells must be cultivated until there 

are enough cells to obtain the desired concentration, and have not filled yet more than 75 % of the 

flask. When cells have reached the desired growth level, the medium is removed, and the cells are 

treated with Trypsin. The solution of cells in suspension is sampled to be analyzed in a counting 

chamber. The chamber is crafted so that the volume inside of it is known. Using the microscope, a 

grid in the chamber is visible, and is used to count cells (Absher, 1973). The protocol consists of 

counting five out of nine regions of the grid, and the average of the count is considered an estimate 

of the number of cells multiplied by 10 000, in one milliliter. Figure 4 shows the grid that the Burker 

counting chamber has (Brand, n.d.). 

Once the cell concentration is estimated, to obtain the desired number of cells to seed for an 

experiment, use the following formula: 

𝐷𝑒𝑠𝑖𝑟𝑒𝑑 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑒𝑙𝑙𝑠 
𝑐𝑒𝑙𝑙𝑠
𝑑𝑖𝑠ℎ

𝐶𝑜𝑢𝑛𝑡𝑒𝑑 𝑐𝑒𝑙𝑙𝑠 
𝑐𝑒𝑙𝑙𝑠
𝑚𝐿

= 𝑚𝐿 𝑜𝑓 𝑐𝑒𝑙𝑙 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 𝑡𝑜 𝑢𝑠𝑒 
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Figure 4. Grid in the Burker chamber. 

Cell fixation 

Cell fixation consists of the preservation of cells in a certain time point. Cells are not alive anymore, 

so dynamic processes cannot be studied in fixed cells. Cells are then permeabilized to allow the entry 

of dyes or larger molecules like antibodies. A commonly used fixative is formaldehyde, which creates 

chemical bonds between adjacent macromolecules in the cell (i.e. crosslinking). Polymeric 

formaldehyde (PFA) is one preparation often used in the laboratory, diluted in water or a buffer. Free 

methanediols in the PFA solution react with amine groups in macromolecules of the cell. PFA can also 

solubilize lipids in the membranes (ThermoFisher, n.d.-b).  

Protocol: 

Preparation of coverslips for microscopy and cell fixation 

- Wash coverslips with ethanol to remove grease or contamination. Let air dry in the laminar flow hood 

- Add the coverslips to 35 mm dishes. Coverslips should not overlap. 

- Seed 3-5 x 10 5 cells in 35 mm dishes, with a total volume of 2 mL DMEM 

- Allow the cells to adhere overnight to the coverslips 

- Continue with the fixation process the next day, fixation can be non-sterile 

- Remove medium with sucking pipette 

- Wash with PBS 

- In the fume hood, add formalin solution 10 %, neutral buffered  (1 mL) and wait for 10 minutes. 

- Remove formaldehyde and throw waste in a special container (Formalin is toxic). 

- Still under the hood, wash with PBS and throw the washing solution in the special container 

- Outside the fume hood, wash twice with PBS.  

- Add PBS and store dishes in the fridge. Be careful to not move the coverslips and avoid overlapping. 
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b. Protein methods 

Protein extraction from cell culture 

Before extraction, samples are rapidly frozen at -80 °C using a freezer. This process is called Snap-

freezing, and it achieves two goals: 1) reduce the formation of sharp water crystals that can destroy 

the integrity of the sample, and 2) slow down the protease and nuclease actvities to avoid the 

degradation of proteins and nucleic acids (Biocision, n.d.) 

In order to extract proteins from cultured cells, it is required to break the membrane to access the 

proteins. To achieve cell lysis, specialized lysis buffers are needed. The pH of the buffer has to be 

chosen according to the stability of the target protein to study. Tris is a salt added to have a buffered 

pH of 7.0 to 9.0. To disrupt the membrane, the detergent TritonX-100 (TX-100) is added to the 

solution that is able to solubilize the membrane of the cell. Other additives are included to increase 

solubility of proteins by stabilizing the protein to not unfold or aggregate. The additives that improve 

protein staibility are: TX-100 which also increases the solubility of proteins, EDTA that reduces 

oxidation damage and removes metal ions to inhibit proteases, and salts such as NaCl and MgCl that 

maintain the appropriate ionic strength for stabilization (EMBL, n.d.). Benzonase is a nuclease added 

to facilitate the processing of protein extraction. This enzyme disrupts nucleic acids that otherwise 

would add viscosity to the solution (Sigma-Aldrich, n.d.).   

Protocol: 

- Seed 4 x 105 cells in a 35 mm dish.  

- Complete volume to 2 mL of DMEM per dish. 

- Let cells adhere to the bottom of the dish overnight. 

- Remove the cell medium and softly wash once with PBS (this process can be non-sterile) 

- Remove PBS and snap-freeze the cells at 80 °C. Work with maximum two dishes at a time to avoid 

drying before freezing. 

- Prepare a cell scraper: wash in water, then ethanol and let dry. 

- Take the previously frozen dishes in a box with ice. Work one dish at a time to avoid sample 

degradation. 

- Add 80 uL of the Benzonase lysis buffer to the dish.  

- Use the cell scraper to rub the surface of the dish. Rub the surface several times. 

- Take the volume of lysis buffer with sample and store in an Eppendorf tube. 

- Leave the lysates on ice for an hour or a cold room overnight to improve protein extraction. 

Bradford assay 

The Bradford assay is a colorimetric assay in which the dye Coomassie Blue G250 is bound to protein, 

and then quantified in a spectrophotometer at wavelength 595 nm (Kruger, 2002). This assay is 

required for protein quantification of the cell extracts. The purpose of the protein quantification is to 

be able to adjust the protein concentration of the cell extracts of each cell line (i.e. protein 

normalization). With approximately equal protein concentrations, similar protein amounts can be 

analyzed with less variation.  
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Protocol:  

- Prepare and mix well the following dilutions: 

 Dilution number 

Reaction mix Blank D1 D2 D3 D4 6 (test) 

BSA (0.5μg/μl) μl 0 5 10 15 20 0 

Milliq water (μl) 800 795 790 785 780 798.5 

Bradford reagent 1x μl (BIO-RAD) 200 200 200 200 200 200 

Protein test - - - - - 1.5μl 

Final [protein] μg/μl 0 2.5 5 7.5 10 test 

Total volume 1ml 1ml 1ml 1ml 1ml 1ml 

       

- Incubate for 5 minutes at 20 ⁰C (room temperature). 

- Set the spectrophotometer at 595 nm, and use the blank dilution to calibrate (Set to zero absorbance). 

- Measure absorbance of the standard dilutions (D1 to D4) and the test samples.  

- With the quantified absorbance of the standard dilutions, calculate the linear regression and the line 

that represents the increase of protein.  

- Obtain an equation of the form y = mx + b (Excel can calculate it as a trend line). 

Where: y = absorbance, and x = final protein concentration.  

- Obtain the protein concentration by applying the obtained equation.  

Example: 

 
[Prot] = ug/uL ABS(595 nm) 

Blank 0 0 

D1 2.5 0.184 

D2 5 0.311 

D3 7.5 0.362 

D4 10 0.372 
 

 

 
[PROT] = (ABS - 0.0446)/0.037 

  
ABS [PROT]  

6 HeLa 0.291 6.659459 
 

 

Immunoblotting 

Immunoblotting or Western blotting is a method for detection of specific proteins in a biological 

extract. The detection is based by the recognition of antigens (i.e. target molecules) by polyclonal or 

monoclonal antibodies (Gallagher, n.d.-a). Samples are prepared in a loading buffer with the pH 

indicator Bromophenol blue (PubChem Compound, n.d.) that reversibly  turns blue in pH of 4.6 

(Sigma-Aldritch, n.d.). Glycerol is added to increase the density of the sample to facilitate the 

application to the wells of the electrophoresis wells.   

Loading buffer also contains the reducing agents dithiothreitol (DTT) and sodium dodecyl sulfate 

(SDS) required for protein denaturation. Protein denaturation is achieced is achieved with sodium 

dodecyl sulfate (SDS) and with the reducing agent dithiothreitol (DTT). Once the sample is ready, its 

proteins, glycoproteins and lipopolysaccharides are separated using SDS-PAGE (SDS- polyacrylamide 

gel electrophoresis) (Gallagher, n.d.-b).  Electrophoresis is a method that consists of the migration of 

charged molecules in an electric field (Thermofisher, n.d.). SDS-PAGE is used to separate polypeptide 

y = 0.0369x + 0.0614
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chains by their molecular weight across a polyacrylamide gel in an electrophoresis chamber. 

Separation depends on both the charge and the size of the molecules. SDS anions bind the proteins, 

creating an uniform negative charge in them (Weber & Osborn, 1969), that improves separation by 

weight in the gel electrophoresis. The electrophoresis uses the running buffer, which contains SDS 

and keeps the pH at 8.0 because of the added salts Tris-base and glyine.  

The target molecules are then transferred from the electrophoresis gel to a membrane in a semidry 

electroblotting unit. Polivinylidene difluoride (PVDF) is used to bind irreversibly the target molecules, 

where the target molecules are accessible for immunodetection. The area of the membrane that is 

unbound is blocked for any further binding by submerging the membrane in a solution with a 

blocking agent (Dry Milk). The primary antibody is added, and it attaches to the target protein of 

interest in the membrane. After washing out the excess, the secondari antibody is added to detect 

the spots in the membrane where the primary antibody was bound. The secondary antibody is 

coupled to the horseradish peroxidase (HRP) (Gallagher, n.d.-b), an enzyme used to obtain a 

detectable signal . The HRP catalyzes an oxidative reaction with a chemoluminiscent substrate called 

luminol. Oxidated luminol produces light while it decays to basal state and this signal is detected with 

a camera.  

For each target protein to test, one primary antibody is used. It is recommended to use only one 

primary antibody per membrane processing and development. To detect more than one target 

protein, the membrane can be cut into pieces to be processed separately with dfferent antibodies. 

During electrophoresis, a molecular weight marker (Dual-color BIO-RAD) is used to visualize the areas 

in the membrane where proteins are distributed by weight. The molecular weight indicators can be 

used as guides to cut the membrane by the desired molecular weight range. 

In addition to the target protein, a control protein or loading control must be detected in the 

immunoblot. Loading controls are proteins of stable expression, not correlated to the experimental 

variable protein of study. The detection of loading controls with primary antibodies is useful to 

observe whether the samples were initially loaded equally in all wells, and to check the quality of 

transfer (NOVUS-Biologicals, 2011). These proteins are used in western blot quantification to 

calculate ratios of signal between the target protein and the loading control. The normalized signal 

ratios can then be used to compare different samples. 

Protocol: 

A. Sample preparation 

- Adjust the protein concentration of all protein extracts. Use the same lysis buffer to dilute (Benzonase 

buffer).  

- Prepare loading buffer fresh. This buffer contains DTT, a destabilizer that is degraded a room 

temperature. Add protein extract (Lysate). See sample buffer preparation in page 8. 

B. Gel electrophoresis 

- Boil prepared extracts with loading buffer for 5 minutes (destabilizes proteins and separates protein 

aggregates) 

- Load samples  on Mini-PROTEAN®TGX™ precast gel (BIO-RAD), polyacrylamide gel percentage 4-15 % 

(Make sure to remove the green label at the bottom). 

- Add 6 uL of Dual-color molecular weight marker in the first well 

- Add each prepared sample to the other wells 

- Run electrophotesis for ca. 30 minutes, at 180 mV, or until the blue front is on the bottom of the gel.  
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C. Transfer with the RTA transfer kit with PVDF membrane (BIO-RAD) 

- Take the pre-cast gel and remove the plastic covers. Cut out the gel borders of the wells. Make a 

straight cut on the bottom and edges of the gel to facilitate handling.  

- Clean trays and tools, wear gloves when handling the gel or the PVDF membrane to avoid 

contamination. 

- Soak filter paper in transfer buffer. 

- Soak PVDF membrane in absolute ethanol. 

- Soak PVDF membrane in transfer buffer. 

- Assemble the sandwich: paper-gel- membrane-paper. Membrane should be in the bottom for a 

correct transfer. 

- Assemble the cassette and put it inside the Trans-Blot®Turbo™ Transfer system (BIO-RAD). 

- Select the transfer programme for mixed molecular weight (For a correct transfer of GCN2 and the 

loading control). 

D. Blocking and immunodetection with antibodies 

- Prepare blocking soltion: 5 % membrane blocking agent in TBST. 

- Cut the membrane if using different antibodies, and store in different vessels. 

- Incubate for 1 hour with blocking solution 

- Incubate overnight at 4°C with primary antibody.  

- Wash 4 times, 10 minutes each wash, with TBST 

- Add blocking solution with secondary antibody-HRP linked. Make sure that the secondary antibody is 

designed specifically to bind the primary antibody. 

- Wash 4 times, 10 minutes each wash, with TBST 

E. Signal development and visualization 

- Prepare substrate (Immobilon™ Western, Chemiluminiscent HRP substrate) 

- Add substrate and wat for 5 minutes 

- Remove excess substrate and visualize with specialized camera (Chemi-Doc). 

Densitometric analysis in ImageJ 

The densitometric analysis consists on the quantification of the band intensity observed in the 

immunoblot. The band intensity across different samples in a single immunoblot can be compared in 

terms of this quantified intensity. The National Institutes of Health (NIH) has an open source image 

analysis function available in ImageJ, which can be used to measure band intensity in immunoblots 

(Schneider, Rasband, & Eliceiri, 2012).  This software was used according to the recommendations by 

Peterson, n.d.  

Protocol 

- Scan gel with a desktop scanner in grayscale at DPI 300 or more. Save as TIFF file. 

- Open the scan file in ImageJ.  

- Substract background by: Go to Menu Process>substract background. Set method to Rolling ball with 

radius of 50.  

- Set the gel analyzer options. Go to Menu Analyze>Gels>Gel analyzer. Select “Label with percentages” 

and “Invert peaks”. 

- Select areas of band intensity by: Use rectangle tool and draw a rectangle on the first lane. Type key 1, 

which designates the first lane. Drag the rectangle to the next lane and type 2. The second lane is 

defined in this way. Continue with the following lanes by dragging and typing 2 to define each lane. 

- Plot histograms of band intensity by: Go to Menu Analyze>Gels>plot lanes. The plots will appear in a 

new window. 
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-  Select the area under the curve by: Use the line tool. Draw a line at the bottom of the peak to close 

the area. After the peak is closed, use the Magic wand tool. Select the enclosed area under the curve. 

A new window will appear with the quantification of the area under the curve. The quantification is 

given in pixels (8-bit) or the percentage of area occupied by the peak. These numbers can be copied to 

another data analysis program. 

c. RNA methods 

The study of gene expression with qPCR requires the extraction of mRNA, and then the production of 

cDNA with a retrotranscription enzyme.  

RNA preparation from cell lines 

Protocol: 

- Remove medium, and store in a separate 15 mL tube. 

- Wash cells with PBS, store the used PBS in the separate tube. 

- Trypsinate cells (0.7 mL) and add 2 mL of DMEM. Save all the cell solution in the tube. 

- Centrifugate the collected solution at 2000 RPM for 5 minutes.  

- Keep 1 mL of supernatant. 

- Resuspend pellet 

- Move to an Eppendorf tube 

- Centrifugate at 2000 RPM for 5 minutes 

- Remove supernatant 

- Freeze pellet at -80°C 

mRNA isolation 

mRNA extraction and purification was performed according to the instructions of the RNA Master 

Pure kit. The fundament of this kit consists of the use of Proteinase K, a protease that cleaves peptide 

bonds (ExPASy: EC 3.4.21.64). In samples of nucleic acids, the proteinase K degrades proteins, 

facilitating the purification of nucleic acids. Once a total nucleic acid preparation is obtained, DNA is 

removed by the DNaseI, an endonuclease that cleaves DNA at the phosphodiester bonds (Samejima 

& Earnshaw, 2005). After that, isopropanol is used to dissolve salts that can be associated with RNA, 

and precipitate the RNA (ThermoFisher, n.d.-d). 

The process of mRNA extraction needs to be performed with gloves and on ice. This is because of the 

possibility of contamination with RNase, an enzyme that digests RNA. In order to work RNase free, it 

is recommended to work with autoclaved tubes, and avoid using gloves that have touched 

contaminated surfaces (e.g. door knobs, fridges, dirty pipettes, etc). It is recommended to add RNase 

inhibitors to the finished RNA extract (ThermoFisher, n.d.-d).  

cDNA production  

The complementary DNA (cDNA) is a sequence of DNA created with a RNA template, and is used to 

study populations of RNA, specific for a tissue or a cell type. For the obtention of cDNA, it is required 

to have a correct RNA template, RNase-free reagents and materials, and the correct reaction 

conditions. Contaminants can inhibit the production of cDNA, therefore the starting RNA extract 

needs to be checked for purity. This can be achieved with a spectrophotometer, which provides UV 

measurements that help estimate RNA sample quality. Nucleic acids absorb light at 260 nm and 

proteins at 280 nm.  The absorbance of the sample is measured at these wavelengths, and a ratio is   
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calculated. The ratio 260/280 gives an estimate of the protein contamination, where a ratio of 2.0 or 

larger reflects a RNA sample with few contaminants (ThermoFisher, n.d.-c). The NanoDrop 

spectrophotometer was used to obtain these ratios and  the concentration of RNA in the sample. 

In this project, the High Capacity cDNA Reverse Tramscription kit was used to obtain cDNA. This kit 

uses a master mix with a MultiScribe™ Reverse Transcriptase that transcribes a template of mRNA 

into DNA.  The RT random primers are oligonucleotides with random sequence, and allow for binding 

with no template specificity, and can anneal to any RNA sequence in the sample. These primers are 

used for RNAs without polyA tails (ThermoFisher, n.d.-c). Once the master mix is prepared in the 

recommended proportions, it is loaded in the thermal cycler, with specific cycling conditions 

recommended by the kit.  

Master mix Initial concentration Final concentration Volume added 

RT Buffer 2X  2.0 uL 
dNTP Mix (100 mM) 25X  0.8 uL 
RT random primers 10X  2.0 uL 
MultiScribe™ Reverse transcriptase   1.0 uL 
RNase Inhibitor 20 U/uL 1.0 U/uL 3.7 uL 

Nuclease free water   4.2 uL 

Total*   10 uL 
*Add 10 uL of RNA solution to 10 uL of the master mix. Maximum 100 ng of absolute RNA 

 

Cycling conditions Step 1 Step 2 Step 3 
Step 4 

Temperature (°C) 25 37 85 4 
Time (minutes) 10 120 5 ∞ 

 

PCR amplification of DNA fragments 

In this project, the purpose of using PCR is to test whether a set of primers has the correct quality to 

be used to obtain a PCR product. The basic fundament of the Polymerase Chain Reaction (PCR) is the 

replication of specific DNA fragments. Primers are smaller fragments that align to the borders of the 

target sequence, and the primers are used by the DNA polymerase to start the replication. With 

every cycle of replication, the targer sequence is replicated exponentially. In this way, the specific 

target sequence can be multiplied and used for other purposes. The process of producing copies of 

the target sequence is called amplification (ThermoFisher, n.d.).  

Amplification is achieved in three main steps, depending on temperature cycles: 

- Denaturation: The double stranded DNA is separated by heat 

- Annealing: The primer pairs bind the flanking sequences of the target DNA fragment 

- Extension: The DNA polymerase catalyses the addition of deoxynucleotides (dNTPs), at the 

3’-end of each primer.  

These steps are repeated 25-35 times, and the product is exponentially copied (ThermoFisher, n.d.). 

The DreamTaq Green PCR master mix (2X) is a ready-to-use mixture that contains a DNA polymerase, 

optimized buffer, magnesium ions and dNTPs. The sample cDNA template and the primers of the 

candidate genes were tested with this kit. The master mix is prepared with the cDNA template and 

loaded in the thermal cycler with the conditions recommended by the kit. 
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Master mix 
Initial 

concentration 
Final 

concentration 
Volume 
added 

DreamTaq Green PCR master mix 2X 1X 10 uL 
Forward primer 10 uM  1 uL 
Reverse primer 10 uM  1 uL 
Template cDNA 10 pg to 1 ug  1 uL 
Nuclease free water   8 uL 

Total   20 uL 

 

Cycling conditions 

Step 1: 
Initial 

denaturation 
Step 2: 

Denaturation 
Step 3: 

Annealing 

Step 4: 
Extension 

Step 4: 
Final 

Extension 

Temperature (°C) 95 95 55 72 75 
Time (minutes) 2 0.5 1  1 10 

Cycles 1 30 1 

 

Poly-Acrylamide gel electrophoresis (PAGE) 

The PCR products can be checked in a polyacrylamide gel electrophoresis. Acrylamide monomers are 

crosslinked into long polymer chains (polyacrylamide) in a reaction between N,N,-

methylenebisacrylamide (bis) and the acrylamide monomers. Ammonium persulfate (APS) is a 

polymerizing agent that together with TEMED (N,N,N,N'-tetramethylenediamine) catalyzes the 

polymerization of acrylamide. The polyacrylamide product forms a gel, which has pores that vary in 

size depending on the ratio of bis to acrylamide added. With more acrylamide, the pores become 

smaller, which can be used in the electrophoresis of small molecules with higher resolution in the 

separation capacity (Thermofisher, n.d.).  

Protocol: 

- Clean the glass plates and spacers thoroughly. Avoid contamination of the plate surfaces. 
- Rinse the plates with deionized water and ethanol and set them aside to dry. Grease spots produce air 

bubbles in the gel. 
- Assemble the glass plates with spacers in gel caster. 
- Acrylamide is toxic, wear protection. 
- Prepare the gel solution to make 12 ml (sufficient for 2 Hoefer minigels of 1 mm thickness): 

6 % Acrylamide  for use with 0.5X TBE final concentration 

30%  29:1 Acrylamide-bisacrylamide solution 1.2 mL 
MilliQ water 1.7 mL 
1X TBE 3 mL 
10 % APS 100 uL 
TEMED (14.4 M or 99 %) 5 uL 

Total for 1 gel (0.75 mm – 1 mm) 6 mL 

- Work quickly after addition of TEMED to complete the gel before the acrylamide polymerizes.  
- Immediately insert the appropriate comb into the gel. Clamp the comb in place with the gel holder. 
- Allow the acrylamide to polymerize for 30-60 minutes at room temperature (20 °C). 
- After polymerization, the gel can be stored in a cold room. 
- Assemble the electrophoresis chamber. 
- Add running buffer (0.5X TBE) and carefully pull the combs from the polymerized gel. Use the same 

batch of electrophoresis buffer in both of the reservoirs and in the gel production. Even small 
differences can distort the migration of DNA. 

- Wash the gel wells with 0.5X TBE.  
- Mix the DNA samples with gel loading Buffer (Orange): 2 uL for 10 uL sample. 
- Load the sample into the wells: 5 uL 
- use the O’GeneRuler 1 kb DNA ladder in the first well. 
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- Run the electrophoresis at 120 mV for ca. 30 min, or until the front is at the end of the gel. 
- Stain gels with SYBR safe: 3 uL of dye for 30 uL of working buffer.  
- Incubate for 1 hour in the dark before visualization. 

 

Real-Time quantitative PCR  

The Applied Biosystems StepOne™ Real-Time PCR system (instrument and software) was used with 

the Power SYBR® Green PCR Master Mix (Applied Biosystems, 2010) for the quantification of gene 

expression in cell extracts. 

The StepOne system is desiged to detect fluorescent signals from the SYBR-green dye, during the 

reaction cycles of PCR. The PCR experiment is defined as Real-time (RT) because measurements are 

made during the PCR reaction, and the StepOne system collects data at each cycle in the extension 

phase.  The SYBR® green dye I is a fluorophore that binds to double stranded DNA (dsDNA) and when 

excited, it re-emits a fluorescent signal that can be detected. The dye is used to detect amplified DNA 

as it accumulates during PCR cycles.  

The binding-state of SYBR green varies during the PCR:  

1- Reaction mix: The dye binds to dsDNA  

2- Denaturation: The DNA strands separate, so the dye is released.  

3- Polymerization and extension: When the polymerization is completed, the dye binds the 

newly generated dsDNA. When excited, produces a fluorescent signal that contributes to the 

net increase in fluorescence that is detected by the StepOne instrument. 

Data collection following the extension step encompasses three steps: 

1- Excitation: Wells in the reaction plate are illuminated by the instrument, which excites the 

fluorophore (SYBR green ® dye I). 

2- Emission: The fluorescence emitted from the dye in the wells is detected by the instrument 

3- Collection: The instrument creates a digital representation of the fluorescence collected over 

time.  

At the end of the PCR cycles, the StepOne system determines the location and intensity of the signal 

in each well and the significance of each signal. For this purpose, it uses the calibration information 

(spatial, dye type, and background noise) (Applied Biosystems, 2010).  

Standard curve method for quantification in Real-time PCR 

The standard curve method consists of the measurement of amplification in a standard dilution 

series. The amplification data is then used to create a standard curve that is used to interpolate the 

absolute quantity of target in the samples (Applied Biosystems, 2010).  
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The StepOne software has a specific program for this method. The setup requires: 

- Sample: cDNA template, in which the target is not known. Dilute 1:20 

- cDNA dilutions: For each primer pair, one dilution curve has to be made. Use one non-diluted 

sample to create a dilution series. For example, cDNA from HeLa extracts.  

Template dilutions for calibration curve 36:4 

Sample % Water added 
(uL) 

Template volume 
(uL) 

Final volume 
(uL) 

Volume added 
per well (uL) 

100 - 4 16 2 

10 36 4 36 2 

1 36 4 36 2 

0.1 36 4 36 2 

0.01 36 4 36 2 

0.001 36 - 40 2 

- Sample replicates: Reactions with identical samples. Prepare two sample repeats. 

-  The master mix should be prepared per primer pair as follows: 

 

Master mix for one primer pair 1 reaction Final concentration 

Power SYBR®Green Master Mix 10 uL 1X 
Primer Mix (10 uM each) 0.2 uL 100 nM 
MilliQ water 7.8 - 

Total  18 uL + 2uL 
template 

 

Per reaction of 18 uL, add 2 uL of the template. 

The Power SYBR®Green Master Mix contains the enzyme, which is sensitive to changes of 

temperature. It is recommendable to keep the stock on ice while working, and do not thaw at room 

temperature. Keep the reaction mixes on a cold PCR plate holder. 

Given that each primer needs a curve, the number of reactions has to be estimated. Prepare a larger 

volume in case of error. For example:  

 Reactions needed 

Curve 6 
2 sample repeats 2 
Additional 2 

Total of reactions: 10 

Plate preparation 

- The reaction mixes are loaded on a MicroAmp™ Fast Optical 96-well Reaction Plate with a 

Multipette®M4 for long pipetting series. Use 1 uL to 10 mL Combitips.  

- After the reaction mix is loaded, add the templates for the dilution curves and the sample 

replicates (2 uL per well).  

- Cover the plate with a MicroAmp™ Optical Adhesive film. 

- Centrifuge the plate briefly to allow the mix to reach the bottom of the well. 

- Load the plate on the instrument and run the program for Power SYBR®Green Master Mix 

(ca. 2 h). 
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After the PCR cycles are complete, the StepOne software will report different kind of curves that 

must be reviewed for quality control. Figure 5 shows an example of a standard curve with the 

quantity values detected for the dilution curve (empty circle), and the quantities for the samples 

(solid circle). If the samples are out of range of the curve (higher or lower than the empty circles), the 

measurement is not accurate. In the example standard curve, all the sample points (solid circles) are 

within the standard curve (Applied Biosystems, 2010).  The CT values (Threshold Cycle) is the cycle in 

which the fluorescence level is above the background level (above a threshold).  The CT values should 

be larger than 8, and smaller than 35. If there is too much template in the sample, small CT values will 

be obtained, while a low amount of template will produce high CT values with high standard 

deviation (Applied Biosystems, 2010). 

 

Figure 5. Example of a standard curve with sample quantities (solid circle) and quantities of the curve dilutions (empty 
circle) 

Amplification curves are reported by the system. These plots show the ∆Rn per cycle. The ∆Rn is the 

magnitude of normalized fluorescence, which is plotted per cycle during the PCR. This plot needs to 

be reviewed to check for possible irregularities in the amplification process, and to set the threshold 

for background noise (Applied Biosystems, 2010). In Figure 6, an example of an amplification plot is 

shown. Here, each curve represents the amplification of a dilution in the standard curve. It is 

expected that the increase in amplification between each dilution is similar. The complete data can 

be exported to another data managing program like Excel, where the quantities detected can be 

further analyzed.  
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Figure 6. Example of amplification plot. ∆Rn is the magnitude of normalized fluorescence. Each line represents the 
amplification of each dilution in the standard curve. 

 

d. Clonogenic assay 

The clonogenic assay is a study of the survival of cells after irradiation. Cells that retain their 

reproductive ability after irradiation are able to form a colony, and these cells are called clonogenic. 

The survival fraction of cells that retained their reproductive capacity, against those that were 

seeded initially is calclulated, and used to compare different doses of irradiation or other agent 

(Munshi, Hobbs, & Meyn, n.d.). 

The calculation of survival fraction is achieved with these formulas (Buch et al., 2012): 

Plating efficiency: 

  𝑃𝐸 =  
# 𝑐𝑜𝑙𝑜𝑛𝑖𝑒𝑠 𝑓𝑜𝑟𝑚𝑒𝑑

# 𝑐𝑒𝑙𝑙𝑠 𝑠𝑒𝑒𝑑𝑒𝑑
 𝑋 100 % 

Survival fraction: 

𝑆𝐹 =  
# 𝑐𝑜𝑙𝑜𝑛𝑖𝑒𝑠 𝑓𝑜𝑟𝑚𝑒𝑑 𝑎𝑓𝑡𝑒𝑟 𝑖𝑟𝑟𝑎𝑑𝑖𝑎𝑡𝑖𝑜𝑛

# 𝑐𝑒𝑙𝑙𝑠 𝑠𝑒𝑒𝑑𝑒𝑑 × 𝑃𝐸 %
 × 100 % 

Protocol:  

- Work with asceptic technique in a laminar flow hood. 

- Seed total number of cells in three 6-well plates.  

- Make a set of three plates per cell line to compare:  

Control: No UV 

50 cells 50 50 

25 25 25 
 

 

UV dose: 10 J/m2 

10 000 10 000 10 000 

1 000 1 000 1 000 

UV dose: 20 J/m2 

1 000 1 000 1 000 

5 000 5 000 5 000 
 

 

- Measure radiation intensity with the UVX digital radiometer (UVP) 

 

∆
R

n
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- Calculate time of dose with: DOSE = INTENSITY X TIME  

Conversion factors: 

10 
𝐽

𝑚2
 = 1000 x  

𝑢𝑊𝑆𝑒𝑐

𝑐𝑚2
 = 1

𝑚𝐽

𝑐𝑚2
 

Example:  

Intensity detected: 339 uW/cm2 

Dose of  20 J/m2 is converted:  

20 
𝐽

𝑚2
×

1000 𝑚𝐽

1 𝐽
×

1𝑚2

10 000 𝑐𝑚2
×

1000 
𝑢𝑊𝑆𝑒𝑐

𝑐𝑚2

1
𝑚𝐽

𝑐𝑚2

= 2000 
𝑢𝑊𝑆𝑒𝑐

𝑐𝑚2
  

𝑇𝑖𝑚𝑒 =  
𝐷𝑜𝑠𝑒 × 1000

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦
=  

2000 
𝑢𝑊𝑆𝑒𝑐

𝑐𝑚2  

339 
𝑢𝑊
𝑐𝑚2

= 5.8 𝑠𝑒𝑐𝑜𝑛𝑑𝑠  

Application of UV-radiation dose 

o Use a fume hood with UV-radiation protection glass 

o Turn on the UV lamp and measure radiation intensity 

o lLeave UVX radiometer stabilize and the UV lamp to heat for 15 min 

o Calculate dose time 

o Remove medium from plates 

o Expose the plates to UV radiation only for the calculated time. 

o Work quickly to reduce cell death due to nutrient loss 

o Add sterile medium 

o Leave in the incubator for 10 days.  

o Add medium if the levels reduce due to evaporation 

After 10 days incubation 

- Proceed with cell fixation, this can be non-sterile 

- Remove medium 

- Add 70 % Ethanol and cover the bottom of the well 

- Leave for 15 to 30 minutes 

- Remove ethanol 

- Rinse wells carefully with water 

- Air dry 

Staining with methylene blue 

- Prepare methylene blue working solution:  

From a stock solution of 1 %, prepare a 1:20 dilution with water 

- Add working solution to the wells, cover the bottom 

- Remove methylene working solution (can be reused) 

- Rinse dishes in water and air dry. The blue dots are colonies formed by clonogenic cells. 
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e. Microscopy 

DAPI staining and micronuclei counting 

Miconuclei are round objects made of cytoplasmic chromatin, located next to the nucleus. Aberrant 

mitosis generate them, and consist of aberrant chromosomes or chromatide fragments. The analysis 

of cells under the microscope with DNA dyes that reveal micronuclei is used to assess genotoxic 

damage of cells exposed to mutagens or disease. A high number of micronuclei is a sign of increased 

risk of cancer (Belien, Copper, Braakhuis, Snow, & Baak, 1995).  

 DAPI (4′,6-diamidino-2-phenylindole) is a dye that binds the minor grove of A-T rich DNA sequences 

of DNA and becomes fluorescent. DAPI is used in fluorescence microscopy to observe DNA in cells. In 

the absorption spectrum of DAPI, the peak that is used in microscopy is the 340 excitation peak, and 

emission at 453 nm. When DAPI is free, the fluorescenct emission is low, but when bound to DNA, 

the fluorescence increases 20-fold (Kapuscinski, 1995).  

The criteria used to identify micronuclei in this project was the recommended by (Belien et al., 1995): 

- Micronuclei  are objects made of nuclear material, excluding non-nuclear Feulgen objects or 

stain artifacts. 

- Micronuclei  are completely separated from the nucleus.  

- Micronuclei  have an area smaller than the fifth of the parent nucleus.  

- Micronuclei  have a light intensity equal or higher than the parent nucleus, and is not 

fragmented. 

- Micronuclei  are round or oval 

- Micronuclei  are located within 4X the smallest axis of the parent nucleus 

Protocol: 

- Prepare coverslips with fixed cells to study (see cell culture methods) 

- Add a drop of ProLong-Gold (DAPI staining with mounting medium) to a glass slide 

- Put the coverslip with the cells facing down on the droplet 

- Leave drying overnight  (2-6 °C) 

- Observe in the microscope with filter for DAPI 

- Count cells and micronuclei 

- Perform statistical testing with Fisher’s test and Chi-squared for count data.  

Actin staining with Phalloidin 

Phalloidin is a bicyclic peptide that has a competitive binding for F-actin. At high pH, the binding is 

cleaved and the affinity for actin is lost. Phallotoxins are conjugated to fluorescent dyes (red) to stain 

actin filaments. The staining of cells with this conjugated dye requires the use of BSA (1 %) to reduce 

non-specific background staining (Invitrogen, 2006). Triton-X-100 is a detergent used at 0.1-0.5 % 

(v/v in PBS) that helps permeabilize the cell. The permeabilization removes cellular membrane lipids, 

allowing the entrance of dyes into the cell (ThermoFisher, n.d.).   
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Protocol:  

- Prepare coverslips with fixed cells to study (see Cell culture methods) 

- Put the coverslips with the cells facing up on a safe surface 

- Add 0.1 % Triton-X100 in PBS, and leave for 3-5 min 

- Wash with PBS twice 

- Add PBS + 1 % BSA, and leave for 20 – 30 minutes 

- Add one unit of the phalloidin working solution per coverslip, leave for 20 min 

- Wash with PBS twice 

- Air dry 

- Mount in ProLong Gold (DAPI staining) 

- Store in the dark at 2-6 °C 

- Observe at Excitation/Emission wavelengths of 493/517 nm 

Phalloidin working solution 1 unit 7 units  

Stock phalloidin dye 1 uL 7 uL  
PBS + 1 % BSA 199 uL 1393   

 

f. Statistical methods 

Analysis of the variance (ANOVA) 

ANOVA (analysis of the variance) is a statistical model used for the analysis of continuous data and 

the comparison between multiple groups. ANOVA provides a test to detect significant differences 

between the means of multiple groups. This model is similar to the t-test, but is applied to multiple 

groups. The analysis of data with ANOVA requires the use of a post-hoc test to compare between 

each of the multiple groups, and to detect the exact pairs that have significant differences.  

ANOVA is a linear model that requires independent measurements, normally distributed data and 

equal variances between the multiple groups tested. These assumptions must be confirmed before 

the application of the tests, and if the assumptions are not met, different statistical tests can be 

applied (McDonald & of Delaware, 2014).  

The tests used for confirming these assumptions are listed in This table includes the assumptions 

required to apply the test. If the assumptions of normal distribution and equal variances are not met, 

two alternative tests are listed. The purpose and interpretation of all tests are reported in the table. 

These tests can be used for drawing statistical and biological conclusions from the data (i.e. statistical 

inference). These tests and their assumptions are fully described in McDonald & of Delaware, 2014. 

In R programming language , the libraries FSA (Ogle, 2018) and CAR (Fox & Weisberg, 2011) are 

required to use ANOVA, and the library multicomp (Hothorn, Bretz, & Westfall, 2008) for the 

application of Tuckey’s multiple comparisons. Welch ANOVA and Games-Howell are available in Excel 

2007 and SPSS. 

Table 2. The table includes the purpose of each test and their interpretation depending on the p-

value calculated by the test. Both tests are included in the built-in functions of R programming 

language. Once the assumptions are confirmed, statistical testing can be performed. The statistical 

tests to compare means of groups are listed in Table 3. This table includes the assumptions required 
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to apply the test. If the assumptions of normal distribution and equal variances are not met, two 

alternative tests are listed. The purpose and interpretation of all tests are reported in the table. 

These tests can be used for drawing statistical and biological conclusions from the data (i.e. statistical 

inference). These tests and their assumptions are fully described in McDonald & of Delaware, 2014. 

In R programming language , the libraries FSA (Ogle, 2018) and CAR (Fox & Weisberg, 2011) are 

required to use ANOVA, and the library multicomp (Hothorn, Bretz, & Westfall, 2008) for the 

application of Tuckey’s multiple comparisons. Welch ANOVA and Games-Howell are available in Excel 

2007 and SPSS. 

Table 2. Tests for confirming assumptions of statistical tests. 

Test Purpose Interpretation 

Shaphiro-Wilk Test of normality p-value > 0.05 means that the distribution of 
the data is the same as a normal distribution 

Bartlett’s test Test of equal variance 
between groups 

p-value > 0.05 means that the variances are 
equal between groups  

 

Table 3. Statistical tests for comparison of groups and detection of significant differences 

Test Assumptions Purpose Interpretation 

ANOVA (Analysis 
of the variance) 

Normal distribution 
Equal variances 

Used for more than two 
groups to compare. 
Analyses the differences 
between groups of means  

p-value < 0.05 means 
that there is a significant 
difference in one of the 
means in the group.  

Multiple-
comparisons 
Tuckey’s test 

Normal distribution 
Equal variances 

Post-hoc test that 
performs comparisons 
between all the samples. 
This test 
is used to detect which 
group has a significant 
difference 

p-value < 0.05 means 
that the comparison is 
significantly different 

Welch-ANOVA Does not require 
normal distribution or 
equal variances 

Comparison of means, 
alternative to ANOVA 

p-value < 0.05 means 
that there is a significant 
difference in one of the 
means in the group. 

Games-Howell 
 

Does not require 
normal distribution or 
equal variances 

Post-hoc test that 
performs comparisons 
between all the samples.  
 

p-value < 0.05 means 
that the comparison is 
significantly different 

 

Use of mixed models for statistical analysis of grouped data 

This statistical method was of great importance in the present project; therefore it will be explained 

in great detail.  

When an experiment is performed in samples that are grouped due to technical reasons, data may 

have false correlations. For correct analysis, it is important to distinguish them. False correlations 

between samples derive from variation that affect data analysis. For example, biological repeats that 
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have differences between them due to technical error, or batches of samples have differences 

between them. Mixed models are a type of model that can take into consideration correlation or 

covariation patterns as sources of variation in data (Seltman, 2018). These models can therefore be 

used to analyze grouped data while considering different sources of variation such as differences 

between batches.  

The term mixed refers to the capacity of these models to include both fixed and random effects. 

Fixed effects are those variables of interest that are expected to change depending on a different 

treatment (Bolker et al., 2009) and that would be measured again if the experiment was going to be 

repeated (Seltman, 2018). Fixed effects are expected to remain the same even if they are tested in a 

different time or place (TUFTS University, n.d.). For example, one strain of bacteria should have the 

same phenotype, even if it is studied on different days, or different laboratories. 

Random effects are the variations that are not of interest in the experiment, but have an influence in 

the observed data (Seltman, 2018). For example, when animals from different farms are studied, it 

may be that animals from one farm have a tendency that animals from another farm do not have. 

This tendency may be caused by random factors in the first farm. Animals from different farms would 

differ, even though they are expected to be the same. One type of random effects is the block 

random effect. These affect equally the whole population within a block in an experiment (Bolker et 

al., 2009). In the example with the farms, the population is made up by the animals, and the block is 

the farm. Block random effects would be associated to the specific farm in which animals are 

maintained. Mixed models account for the random effects by taking into consideration the grouping 

as a random effect.  

Figure 7 shows an example of how a random effect is accounted in a mixed model. The data of this 

example is from an experiment that studies the differences in performance in a game. Subjects have 

serial trials, and have one score per trial. The purpose of the experiment is to detect whether there is 

an improvement with each new trial, and whether there are differences by age. Here, each subject is 

associated with a series of scores, so that each subject is one block of measurements. The data 

consists of the variables: trial number, score, age and subject (Seltman, 2018). 

Figure 7-A shows the scatterplot of the scores in each trial. Subjects are grouped by age. The mean 

between each group is compared, and each age group has a linear regression (Seltman, 2018). This is 

how a linear model such as ANOVA would be used to compare the means between groups. 

Figure 7-B shows the scatterplot of the same data, but here each subject has its own linear 

regression. The subject regression lines differ between them, meaning that each subject adds some 

variation, possibly due to individual differences. A mixed model for this experiment would use the 

variable subject as a random effect, as it appears to add variation. When each subject is treated as a 

single regression line, the errors between subjects are not correlated. The standard deviation of 

these individual regression lines, with respect to the mean per age group, represents how much 

variation is added by the different subjects, modeled as sources of variation or a random effect in the 

mixed model (Seltman, 2018).  
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Figure 7. Example of correlated data. A. Data points taken in serial trials, grouped by age, with a regression line per age 
group. B. The data points are no longer grouped, and each subject that had different trials has its own regression line. 

Before setting up a mixed model, it is important to check the structure of the data and the variables. 

Depending on the experiment, fixed effects and random effects need to be chosen. Next, one has to 

check whether the data is normally distributed or not, as this is important to choose which mixed 

model to apply. Mixed models require the specification of a distribution, which depends on the type 

of data. These distributions are, for example the log-normal, Poisson, binomial distribution, etc. The 

log-normal distribution is appropriate for continuous data.  

In the case of data with normal distribution, balanced designs and equal variances, use a linear mixed 

model performed by maximum likelihood (ML) (Bolker et al., 2009). Maximum-likelihood estimates 

the sizes of the effects in the model (TUFTS University, n.d.). 

In the case of non-normally distributed data, a generalized linear mixed model (GLMM) is used with 

penalized-quasilikelhood (PQL). The PQL method can handle non-normal data, unbalanced designs, 

crossed random effects and unequal variances. However, this method should not be used for binary 

count data (i.e. only two options available, yes and no). The PQL also becomes biased if the standard 

deviation of the random effects is large (Bolker et al., 2009). PQL should not be used when there are 

less than five measurements per group tested (TUFTS University, n.d.). 

The mixed model obtains an estimate of the size of the fixed and random effects. The sizes of fixed 

effects tell something about differences due to treatments, while the random effects are estimated 

by the standard deviation of the random effects.  If the standard deviation of the selected random 

effect is zero, this means that the random effect does not have an effect in the observed data  

(TUFTS University, n.d.).  

Once the fixed and random effect-parameters are estimated, statistical testing can be performed. In 

this project, we used ANOVA for hypothesis testing of the mixed model. ANOVA compares the 

parameter’s expected distribution with a null hypothesis, and to estimate a p-value to evaluate the 

null hypothesis (Bolker et al., 2009). These statistical tests need to be confirmed again with a Wald Z 

test, which tests for a null hypothesis of no effect, meaning that it tests for whether the selected 

fixed effects indeed have an influence in the observed data (Bolker et al., 2009). A significant p-value 

(p-value < 0.5 ) indicates that one should be confident about the reported estimates (TUFTS 

University, n.d.). 

A. B. 
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In R programming language, the lme4 package (Bates, Mächler, Bolker, & Walker, 2015) is required 

for linear mixed models, which can be tested with ANOVA and Tuckey’s multiple comparions, using 

the specialized function for mixed models glht() from the multicomp package (Hothorn et al., 2008). 

Generalized linear mixed models (GLMM) for non-normal data with the penalized-quasilikelihood 

(PQL) method requires the MASS package (Venables & Ripley, 2002). 
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Results 

1. Analysis of transcriptomic data of cervical cancer patients to predict 

functions related to GCN2 expression 
The purpose of this analysis is to find in what way GCN2 could contribute to cancer development 

because description of gene expression profiles correlated to GCN2 expression can be useful to 

explore with more specificity what are the processes in which GCN2 could be involved. 

Transcriptomic data obtained from microarrays of cervical cancer samples were analyzed, the data 

were contained in two separate cohorts. The Spearman correlation coefficient (Rho) between the 

expression of each gene in the microarray and the expression of GCN2 was computed, including the 

adjusted p-value. Figure 9-A describes the different steps required for the correlation analysis and 

handling of gene lists. 

Previously, probe reannotation revealed that the GCN2 probe in this microarray 

(illuminaHumanv3.db and illuminaHumanv4.db) is classified as a bad-quality probe. Therefore it is 

important to validate whether the GCN2 probe could provide representative information about 

GCN2 despite the poor classification. To find whether the data could reflect GCN2 function, different 

forms of validation were performed at different steps of the analysis.  

Genes located close to an oncogene can exhibit expression patterns almost identical to the adjacent 

genuine oncogene (Roszik et al., 2016). Because of this passenger effect, expression patterns alone 

are insufficient to distinguish genes that actively drive a phenotype from neighboring passenger 

genes. In this project, a correlation analysis between GCN1 and the rest of the sample was applied to 

compare the results with the GCN2-correlation. GCN1 is important for GCN2 activation (Castilho et 

al., 2014) and is found in a different chromosome: GCN1 in 12q24.23 (OMIM: 605614), and GCN2 in 

15q15.1 (OMIM: 609280).  

We analyzed GCN1 using the same analysis for GCN2. We anticipated that GCN1 should show similar 

results to those obtained for GCN2. This would demonstrate that tendencies observed with GCN2 are 

not just passenger effects. In addition, genes in the GCN2 pathway (including ATF4 and targets), 

where checked for expected patterns to ensure that the results reflected GCN2 function. 

a. First validation step: Comparison between GCN1 and GCN2 

The first validation step consisted in performing the correlation computation between the gene set 

and GCN1 (Symbol: GCN1L1), including every analytical step applied to GCN2. The coactivator GCN1 

is coded by a different chromosome than GCN2: GCN1 in 12q24.23 (OMIM: 605614), and GCN2 in 

15q15.1 (OMIM: 609280). The fact that GCN1 is found in a different chromosome increases the 

confidence that expression patterns observed in relation to GCN2 are not passenger effects (i.e. 

expression patterns attributed solely to close proximity within a chromosome (Roszik et al., 2016)).   

The similarities between both genes should be evident in every step of the analysis. Figure 8 shows 

the correlation between GCN1 and GCN2, which was significant and positive and. This means that 

both genes increase together.  
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Figure 8. Correlation between GCN1 and GCN2. Cohort 1(left) and cohort 2 (right). 

 

Table 4 contains an overview of the probes that were found correlated to either GCN1 or GCN2. 

More than 10 000 probes showed a significant correlation (FDR <0.05) to either GCN1 or GCN2 in 

each cohort and had a high variability (IQR > median IQR).  This number decreases by more than 50 % 

when including only probes that were found in both cohorts. If a gene with multiple probes had 

different probes with different correlation coefficient signs, the gene was removed from the analysis. 

This filtering criteria was used to reduce uncertainty about which genes should be included in the 

study. Unique genes were selected according to the criteria that: all the different probes of the 

specific gene should be significant in both cohorts, and with the same correlation direction (Rho 

sign).  

Table 4. Overview of the number of probes and genes during the analysis and filtering steps.  

A. Number of probes correlated to GCN1 and GCN2 

Gene Cohort 1 Cohort 2 

GCN1 10959 10198 
GCN2 10958 10197 

B. Probes common to both cohorts  

Gene Probes (consistent Rho) Positive Negative 

GCN1 3661 (3487) 1244  2243  
GCN2 4119 (3714) 898  2857 

C. Number of unique genes with consistent correlations 

Gene Unique genes Positive Negative 
GCN1 3128 1189 1939 
GCN2 3269 893 2376 

In general, the number of probes and genes are similar between GCN1 and GCN2. Nevertheless, the 

table alone is unable to show functional similarities between the two genes. A way to visualize 

functional similarities is by comparing the gene sets with a Venn diagram. In Figure 10,  two Venn 

diagrams are shown containing the number of genes correlated to either GCN2 or GCN1, including 

the genes correlated to both in the overlapping area. Each Venn diagram shows a quantification of 

how similar the GCN1- and GCN2- correlated genes are, and indeed it seems that a large fraction of 

correlating genes is shared between GCN1 and GCN2.   
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Figure 9. Summary of the complete analysis of transcriptomic data. A. Spearman correlation test and gene filtering prior 

to gene enrichment analysis (GSEA). B. GSEA for hallmarks and GO-terms, gene filtering and second Spearman 

correlation test with selected genes and patient clinical data. 

 

 

 

A. Spearman correlation 

Filter 

Log2 transformation 

Spearman correlation tests 
Cohort 1 (n = 150) Cohort 2 (n= 131) 
GCN2 vs all genes 
GCN1 vs all genes 

GCN2 vs all genes 
GCN1 vs all genes 

Benjamini-Hochberg method used for multiple testing 
error. Two correlation files generated per cohort. Four 
correlation files in total. 
 
 

 

 

Patient samples: Squamous cervical carcinomas 
47 300 probes and 31 000 genes 

Cohort 1 (n = 150) Cohort 2 (n= 131) 
WG-6 v3 HT-12 v4 

 
 

 

Adj.p-value < 0.05 kept 
Remove probes of the same 
gene with different 
correlation coefficient signs 
(Rho).  

Get common genes 

between cohorts 

Common genes between cohort 1 and 2 
GCN2 vs all genes GCN1 vs all genes 

Positive Rho 
Negative Rho 

Positive Rho 
Negative Rho 

 
Common genes divided in two separate lists by the 
sign of the Rho correlation coefficient. Four files 
produced. 

 

 

MsigDB: Hallmark and GO-term GSEA 

 

Signal  < 40 removed 
Bad probes removed 
IQR < median IQR removed 

Match correlations to hallmark results 

Manually Select Hallmarks 

B. Gene enrichment analyses in MSigDB 

Gene enrichment analysis (GSEA) of Hallmarks 

GCN2 vs all genes GCN1 vs all genes 
Positive hallmarks 

Negative Hallmarks 
Positive hallmarks 
Negative hallmarks 

Four hallmark overlap files are generated in this step. 

 

 

GSEA of Gene Onthology (GO) terms 

GCN2 vs all genes GCN1 vs all genes 
GO terms in hallmark 1 
GO terms in hallmark 2 
GO terms in hallmark 3 

 

GO terms in hallmark 1 
GO terms in hallmark 2 
GO terms in hallmark 3 

 
One GO-term list is generated per Hallmark of interest. 

 

 
Get number of genes in each GO term 

Get genes in hallmarks of interest 

GCN2 vs all genes GCN1 vs all genes 
Genes in hallmark 1 
Genes in hallmark 2 
Genes in hallmark 3 

Genes in hallmark 1 
Genes in hallmark 2 
Genes in hallmark 3 

 
Both positive and negative correlations are gathered in 
the same gene list. 

 

Select GO terms with high gene count 

in both GCN1 and GCN2 

Get genes in GO terms of interest 

Select candidate genes to test in qPCR 
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A. Positive correlations B. Negative correlations 

  
Figure 10. GCN1 and GCN2 Venn diagrams of the genes with significant correlation to either GCN1 or GCN2. A. 
includes the genes that were positively correlated to either GCN1 or GCN2, or both. B. Negative correlations 

included in this diagram. 

 
Other gene pairs were plotted in the same way to better enable the evaluation of the patterns 

observed with GCN1 and GCN2. Two gene pairs were selected, one known for sharing functions 

(CENPA/CENPN) and the other, a pair of genes that is not expected to share functions (RPSA/MCM2). 

The interaction between CENPA and CENPN are required for centromere assembly (Carroll, Silva, 

Godek, Jansen, & Straight, 2009). The ribosomal protein S1 (RPSA) is required for translation of 

mRNA (A.-R. Subramanian, 1983), while MCM2 is involved in DNA replication (Labib, Tercero, & 

Diffley, 2000). These two functions are performed at different levels and presumably there is no 

interaction across the different functions. Table 5 includes the correlation information for each 

control gene pair. The correlation coefficient for both pairs are in agreement with the predicted 

interactions. CENPA and CENPN are significantly and positively correlated, and RPSA with MCM2 are 

negatively correlated (but without significance).  

Table 5. Control correlation tests between control genes 

Genes  Probe IDs Adj.p-value  Rho Significance  Related 
function  

CENPA  
CENPN  

ILMN_4760577 1.00E-9  0.44 Significant  Interact  

ILMN_3890475 

RPSA  
MCM2  

ILMN_2320544 >0.1  -0.12 Not significant  No  

ILMN_6770408 

 

The diagrams for the control gene pairs are shown in Figure 11.  The interacting proteins CENPA and 

CENPN have an overlap with a size similar to the overlap observed in the GCN1/GCN2 pair. The non-

interacting proteins have the opposite pattern, with minimal to no genes in common. The small 

overlap in these pairs could be attributed to noise. As shown in Table 5, the Spearman correlation of 

the non-interacting pair is not significant. It can be concluded that the GCN2/GCN1 diagrams have an 

overlap of similar size compared to genes known to interact.  
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Positive correlations Negative correlations 

  

  
 

Figure 11. Common genes between control genes. One set represents the genes in the microarray correlated to the 
control gene, and the other set the genes correlated to the other control gene. The intersection represents the number 
of genes in common. 

 

b. Second step of validation: Search of genes related to GCN2 
 
The second step of validation consisted on the search of genes that belong to a known GCN2-

pathway (Koromilas, 2015), shown in Figure 12. Via eIF2α phosphorylation, GCN2 activates different 

genes that help the cell produce a stress response. Among the induced genes, the activating 

transcription factor ATF4 initiates the transcription of several targets, ultimately preparing the cell to 

activate functions important to survive during a stressful situation, for example DNA repair, 

proliferation balance, etc (Ameri & Harris, 2008). If these pathway genes are present in the list of 

genes correlated to GCN2, their presence would be an indication that the data is able to reflect GCN2 

function. However, it is also possible that these genes are not correlated to GCN2 at the transcript 

level, so the lack of their presence does not invalidate the data either. 

 

 

 
 

Figure 12. GCN2-pathway of the response to stress described by Koromilas, 2015. 

Stress 

GCN2 eIF2α-P 

NF-κβ PI3K 

Transcriptional activation 

ATF4-targets 

Ras ATF4 
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Table 6 contains some probes of genes directly activated by the GCN2-eIF2a axis. The probes shown 

were significantly correlated and include their correlation coefficient and adjusted p-values. Only 

significant probes are shown. NF-κβ was found positively correlated to GCN2, which is in agreement 

with the pathway. In the case of GCN1 (Symbol: GCN1L1), it was found positively correlated to GCN2, 

which is also in agreement with the similarities between GCN2 and GCN1 obseved in the first step of 

validation.  

 

 Table 6. Correlations between GCN1/2 and GCN2-pathway genes 

 
Genes described by Koromilas, 2015. 
ProbeID: unique number assigned to each probe 
EntrezID: Unique number assigned to each gene 
Cor1/2: Correlation to cohort 1 or 2 
PADJ1/2: Adjusted p-value of cohort 1or 2 C

o
rr

el
at

io
n

 
G

C
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1
 

Probe ID Entrez ID Symbol cor1 PADJ1 cor2 PADJ2 

ILMN_1799062 4791 NFKB2 0.20 5.04E-02 0.39 3.18E-05 

ILMN_2390859 4791 NFKB2 0.26 8.02E-03 0.44 1.96E-06 

  ILMN_1672128 468 ATF4 0.48 1.11E-07 0.22 2.90E-02 

ILMN_1783394 468 ATF4 -0.25 1.02E-02 -0.24 1.63E-02 

ILMN_2358457 468 ATF4 0.25 1.16E-02 -0.10 3.43E-01 

ILMN_1733305 83939 EIF2A -0.29 2.70E-03 -0.34 4.35E-04 

ILMN_1734312 10985 GCN1L1 1.00 0.00E+00 1.00 0.00E+00 

G
C

N
2

 

ILMN_1799062 4791 NFKB2 0.15 1.44E-01 0.36 8.79E-05 

ILMN_2390859 4791 NFKB2 0.21 3.00E-02 0.39 2.50E-05 

ILMN_1672128 468 ATF4 0.34 1.70E-04 0.33 5.71E-04 

ILMN_1783394 468 ATF4 -0.38 1.94E-05 -0.31 1.30E-03 

ILMN_2358457 468 ATF4 0.34 1.93E-04 0.02 8.80E-01 

ILMN_1733305 83939 EIF2A -0.24 1.03E-02 -0.27 4.57E-03 

ILMN_1734312 10985 GCN1L1 0.53 3.84E-10 0.63 8.50E-14 

 
Two ATF4 probes were positively correlated, as expected from a GCN2-mediated activation of ATF4. 

Surprisingly, some ATF4 probes were negatively correlated to GCN2. To analyze the ATF4-probe 

correlations further, the probe signal was plotted against the probe signal of GCN2, so that 

correlations between the genes and their probe signal level could be visually evaluated with trend 

lines.  Figure 13 shows the three ATF4 probes plotted. Interestingly, the ATF4 variants represented by 

the negatively correlating probes (ILMN_1783394 in both cohorts and ILMN_2358457 in cohort 2 

only) have a low signal level, suggesting that error related to the background level could influence 

the correlation profile of the probes.  
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Figure 13. Probe signal of GCN2 (x-axis) plotted against the signal of ATF4 (y-axis). Correlation is highlighted by trend 
lines.  

 

In order to check for possible specificity detection errors by the probes, the correlations between the 

ATF4 probes were checked, and the probes were significantly and positively correlated between 

them (not shown). This means that the ATF4 probes are effectively detecting ATF4. A check of the 

probes in BLAST revealed no previously reported unspecific targets. 

Several ATF4 targets were searched in the list of genes correlated to GCN2. For each ATF4 target, a 

significant positive correlation is expected because ATF4 is an activating transcription factor (Ameri & 

Harris, 2008). The ATF4-targets that were detected in the list are summarized in Table 7 with their 

complete name and their literature referring to ATF4, and in Table 8 with their correlations to GCN1 

or GCN2.  

Table 7. Summary of ATF4 targets and their associated literature. 

Entrez ID Symbol Description Reference 

16 AARS Alanyl-tRNA synthetase (EST*) Harding et al., 2003 

60 ACTB Alanyl-tRNA synthetase (EST*) Harding et al., 2003 

55054 ATG16L1 Autophagy (ATF4 only) B’chir et al., 2013 

64422 ATG3 Autophagy (ATF4 only) B’chir et al., 2013 

11337 GABARAP Autophagy (CHOP) B’chir et al., 2013 

2887 GRB10 Growth factor receptor bound protein 10 Harding et al., 2003 

2997 GYS1 Glycogen synthase 1 (muscle) Harding et al., 2003 

3097 HIVEP2 Human immunodeficiency virus type I enhancer binding protein 2 Harding et al., 2003 

3958 LGALS3 Galectin 3 Harding et al., 2003 

8864 PER2 period circadian clock  Koyanagi et al., 2011 

10769 PLK2 polo like kinase 2, serum-inducible kinase Harding et al., 2003 
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 Table 8. ATF4 targets and their correlation to GCN1 or GCN2.  

ProbeID: unique number assigned to each probe 
EntrezID: Unique number assigned to each gene 
Cor1/2: Correlation to cohort 1 or 2 
PADJ1/2: Adjusted p-value of cohort 1or 2 

Probe ID Entrez ID Symbol cor1 PADJ1 cor2 PADJ2 

G
C

N
1

 

ILMN_1662364 16 AARS 0.22 2.71E-02 0.29 2.50E-03 

ILMN_2038777 60 ACTB 0.24 1.50E-02 0.20 4.50E-02 

ILMN_1725707 55054 ATG16L1 0.26 8.03E-03 0.34 3.84E-04 

ILMN_1669617 2887 GRB10 0.22 2.37E-02 0.25 1.11E-02 

ILMN_1711289 2997 GYS1 0.20 4.69E-02 0.24 1.40E-02 

ILMN_1745447 3097 HIVEP2 0.35 1.34E-04 0.23 1.87E-02 

ILMN_1738095 8864 PER2 0.28 4.06E-03 0.24 1.46E-02 

G
C

N
2

 

ILMN_2163732 64422 ATG3 0.39 9.19E-06 0.32 6.84E-04 

ILMN_2050109 11337 GABARAP 0.35 9.90E-05 0.38 4.47E-05 

ILMN_1669617 2887 GRB10 0.27 4.15E-03 0.23 1.94E-02 

ILMN_1745447 3097 HIVEP2 0.56 4.66E-11 0.40 1.73E-05 

ILMN_1803788 3958 LGALS3 0.45 1.88E-07 0.23 1.67E-02 

ILMN_1717706 10769 PLK2 0.36 4.99E-05 0.34 2.88E-04 

 

Protein-protein interaction partners of ATF4, according to Ameri & Harris, 2008, were also searched 

in the list of GCN2-correlating genes. Three genes were found correlated to GCN1 and GCN2 in both 

cohorts, with significance and positive correlation coefficients. These genes are well known for 

having protein-protein binding with ATF4. For instance, GABA receptors are known to bind ATF4 in a 

neural signaling pathway (Vernon et al., 2001), and it was found with strong positive correlations 

(Rho = 0.75). In a similar way, ATF4 is a substrate of the ribosomal kinase (RPS6KA3) (X. Yang et al., 

2004), and it was found with significant correlation. Table 9 includes the correlations of the protein-

protein interaction partners of ATF4 detected in the gene list. 

The fact that there are observable correlations that reflect the previous knowledge about GCN2, 

increases the confidence that the function of GCN2 can be described using similar correlation 

analyses. 

Table 9. List of protein-protein interacting partners of ATF4 by described by Ameri & Harris, 2008. 

ProbeID: unique number assigned to each probe 
EntrezID: Unique number assigned to each gene 
Cor1/2: correlation coefficient (rho) in the cohort 1 or cohort 2 
PADJ1/2: Adjusted p-value in cohort 1 or cohort 2 

G
C

N
1 

Probe ID 
 

SYMBOL Entrez ID cor1 PADJ1 cor2 PADJ2 

ILMN_1746832 
 

CEP290 80184 0.45 8.05E-07 0.32 9.56E-04 

ILMN_2395373 
 

GABBR1 2550 0.46 3.01E-07 0.57 1.26E-10 

ILMN_1652736 
 

RPS6KA3 6197 0.22 2.71E-02 0.28 3.41E-03 

G
C

N
2

 ILMN_1746832 
 

CEP290 80184 0.39 9.68E-06 0.39 2.88E-05 

ILMN_2395373 
 

GABBR1 2550 0.33 3.49E-04 0.75 4.95E-21 

ILMN_1652736 
 

RPS6KA3 6197 0.28 2.60E-03 0.39 2.42E-05 
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c. Gene Set Enrichment Analysis with Hallmarks 

To reveal novel functions of GCN2, the GCN2-correlating genes were studied further to search for 

indications of possible functions. a gene set enrichment analysis (GSEA) was performed. The GSEA 

produces a list of functions or hallmarks that can be used to separate the gene sample in gene groups 

associated with more specific functions. With more specific functions, candidate genes can be 

selected and the function itself can be studied further. 

The list of significantly correlated genes (FDR q-value < 0.05) was used to perform a Gene Set 

Enrichment Analysis (GSEA) with hallmarks. The list was divided in two sets and two GSEA were 

performed separately, one for the positively- and the other for the negatively-correlated genes. The 

different steps involved in the handling of gene lists and the GSEA results are shown in Figure 9-B. 

The figure also includes the handling of GO-terms, which will be described after the hallmark 

selection. 

The GSEA of both positive- and negative- correlations obtained considerably large lists of hallmarks. 

Table 10 contains a summary of the number of hallmarks found. A large fraction of the hallmarks 

were shared between GCN1 and GCN2. Hallmarks included functions that are relevant for cancer, for 

example functions related to the mitotic spindle, cell cycle checkpoints, hypoxia and glycolysis. The 

top ten hallmarks are shown in Table 11 and Table 12. The complete list of hallmarks is included in 

Supplementary table 2 and Supplementary table 3. Hallmark hits include a significance p-value and a 

FDR q-value with adjustment for multiple testing (Benjamini-Hochberg). 

Table 10. Number of hallmarks obtained from the GSEA.  
The number outside of the parenthesis is the total of hallmarks found in the list. 
The number inside the parenthesis is the unique hallmarks to either GCN1 or GCN2 (not shared between them). 
Gene Negative correlation list Positive correlation list 

GCN1 45 (3) 24 (12, 9) 

GCN2 42 (0, 2) 16 (4, 4) 
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 Table 11. Gene set analysis of GCN1- and GCN2- correlating genes in cervical cancer. 
Overlap between the GCN1 or GCN2 POSITIVELY-correlating genes and MSigDB Hallmark gene sets. The 
significant gene sets (FDR q < 0.05) are shown. The shading corresponds to the hallmarks found in the 
searches of both GCN2- and GCN1-correlating genes (complete lists compared). 
 n = number of unique genes in the comparison that are correlated to GCN1 or GCN2. 

 

 

 Gene Set Name Genes in gene set Genes in overlap p-value FDR q-value 

G
C

N
1

(n
 =

  1
1

8
9

) 

Mitotic spindle 200 33 2.51E-17 1.26E-15 

Myc targets v2 58 15 1.47E-11 2.78E-10 

G2m checkpoint 200 26 1.67E-11 2.78E-10 

Apical junction 200 25 9.59E-11 1.20E-09 

Unfolded protein response 113 13 7.53E-06 5.38E-05 

Dna repair 150 15 8.79E-06 5.49E-05 

Estrogen response early 200 17 1.98E-05 1.10E-04 

Myogenesis 200 16 7.13E-05 3.24E-04 

Glycolysis 200 15 2.41E-04 1.00E-03 

Hypoxia 200 14 7.60E-04 2.71E-03 

Mtorc1 signaling 200 14 7.60E-04 2.71E-03 

G
C

N
2

 (
n

 =
 8

9
3

) 

Apical junction 200 21 3.19E-10 1.59E-08 
Epithelial mesenchymal 
transition 200 18 6.44E-08 1.07E-06 

Mitotic spindle 200 18 6.44E-08 1.07E-06 

Uv response downregulation 144 12 2.15E-05 2.69E-04 

Hypoxia 200 12 4.86E-04 3.47E-03 

Myogenesis 200 12 4.86E-04 3.47E-03 

Hallmark p53 pathway 200 12 4.86E-04 3.47E-03 

Myc targets v2 58 6 8.07E-04 5.04E-03 

Unfolded protein response 113 8 1.46E-03 6.91E-03 

Estrogen response early 200 11 1.66E-03 6.91E-03 

G2m checkpoint 200 11 1.66E-03 6.91E-03 

Glycolysis 200 11 1.66E-03 6.91E-03 

 

 

 

 

 

 

 

 

 

 



47 
 

 

The fact that hallmark are cancer-relevant indicate that GCN2-correlating genes may also have an 

importance for cancer. From these lists, three hallmarks were selected: G2-M transition, Mitotic 

spindle and DNA repair. The se hallmarks were selected because all three hallmarks were found in 

both lists of genes correlated to either GCN1 or GCN2, and the functions associated with them are 

relevant for cancer.  

G2-M transition  

The transition between the G2 phase to mitosis is one of the major regulatory periods in the cell 

cycle. It has different processes highly regulated. During the G2-M transition, there is DNA replication 

control, growth control and centrosome duplication, among other processes (Weinberg, 2013, 276-

281).  Tvegård et al., 2007 showed that GCN2 is required for a cell cycle delay in the G1 to S phase. 

Via the phosphorylation of eIF2α, the delay is caused by a halted assembly of the pre-replication 

complex. In a similar way, GCN2 could have another role in the control of the cell cycle, but in a novel 

process not yet described. Altogether, deregulation of different processes during the cell cycle could 

produce an altered proliferation and enable the survival of cancer cells.  

 

 Table 12. Gene set analysis of GCN1- and GCN2-correlating genes in cervical cancer. 

 Overlap between the GCN1 or GCN2 NEGATIVELY-correlating genes and MSigDB Hallmark gene sets. The  
 significant gene sets (FDR q < 0.05) are shown. The shading corresponds to the hallmarks found in the 

searches of both GCN2- and GCN1-correlating genes (complete lists compared). 
n = number of unique genes in the comparison that are correlated to GCN1 or GCN2. 

 Gene Set Name Genes in set Genes in overlap p-value FDR q-value 

G
C

N
1

(n
 =

 1
9

3
9

) 

E2f targets 200 60 2.76E-34 1.38E-32 

Oxidative phosphorylation 200 49 6.74E-24 1.68E-22 

Myc targets v1 200 46 2.64E-21 4.40E-20 

Protein secretion 96 32 1.63E-20 2.04E-19 

Mtorc1 signaling 200 42 5.07E-18 5.07E-17 

Dna repair 150 36 1.25E-17 1.04E-16 

Adipogenesis 200 38 6.03E-15 4.30E-14 

G2m checkpoint 200 37 3.27E-14 1.63E-13 

Glycolysis 200 37 3.27E-14 1.63E-13 

Interferon gamma response 200 37 3.27E-14 1.63E-13 

Apoptosis 161 32 2.22E-13 1.01E-12 

G
C

N
2

 (
n

 =
 2

3
7

6
) 

E2f targets 200 78 5.78E-46 2.89E-44 

Myc targets v1 200 71 9.28E-39 2.32E-37 

Oxidative phosphorylation 200 69 8.72E-37 1.45E-35 

Dna repair 150 48 2.23E-24 2.78E-23 

Adipogenesis 200 54 2.89E-23 2.89E-22 

Mtorc1 signaling 200 53 1.89E-22 1.58E-21 

G2m checkpoint 200 48 1.55E-18 1.11E-17 

Interferon gamma response 200 46 4.73E-17 2.96E-16 

Fatty acid metabolism 158 40 1.49E-16 8.28E-16 

Apoptosis 161 36 2.85E-13 1.43E-12 

Protein secretion 96 27 7.84E-13 3.56E-12 
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Mitotic spindle 

During mitosis, the chromosomes must be distributed between the two daughter cells, and in order 

to achieve this, the cell uses the mitotic spindle. The spindle consist of microtubule fibers that are 

flexible and attach to the chromosomes during mitosis. Figure 14 shows a schematic of two cells 

dividing with the mitotic spindle separating a chromatide pair. The spindle fibers associate with a 

nucleoprotein body called the kinetochore, which is then associated with the centrosomes of the 

chromosomes. During mitosis, the spindle fibers pull one chromatide of the pair to each daughter 

cell (Weinberg, 2013, 560). Defects in the assembly of mitotic spindles cause defects in the 

segregation of chromosomes during mitosis, and cancer cells often exhibit defects in the spindle 

assembly checkpoint (SAC), a checkpoint that stops the entry into anaphase in case of defects in the 

attachment of spindle fibers to the chromosomes (Weinberg, 2013, 561). Defects in the mitotic 

spindle can lead to uneven distribution of chromosomes. Uneven distribution of genetic information 

enables mutagenesis in these cells, which can promote the acquisition of malignant traits (Fukasawa, 

2005).  

Upublished work by Mastrangelopoulou, Campsteijn and Grallert  showed that GCN2 knock down 

HeLa cells have a delay in mitosis, with alterations in markers associated with chromosome 

alignment, spindle integrity and microtubule dynamics. The hallmark of Mitotic spindle was of special 

interest because these findings suggest that GCN2 may be involved. 

 

Dna repair 

UV radiation induces the activation of GCN2, which phosphorylates eIF2α, and then a 

downregulation of translation is induced (Jiang & others, 2005). During this global downregulation 

period, some genes are still transcribed, and some of them are DNA repair enzymes. This selective 

transcription has been observed in mammalian cells (Powley et al., 2009). The increase in the 

expression of proteins involved in the cell cycle and DNA repair after UV radiation has also been 

observed in fission yeast (Knutsen, 2014). Having found the DNA repair hallmark in a GSEA of GCN2-

correlating genes is consistent with these previous findings. 

 

  

Centrosome 

Spindle fiber 
kinetochore 

Chromatide 
Figure 14.Organization of the mitotic spindle during the mitosis of a cell. Only two chromatide pairs are shown. 
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d. Search of specific functions and gene candidates using a GO term 

analysis  

With the selected hallmarks, the genes associated with them were used to perform another GSEA, 

but this time with Gene Onthology (GO) term sets for biological processes. The GO term search is 

useful to find more specificity within the functions previously selected in the hallmark analysis. The 

complete procedure is described in Figure 9-B.  

Each of the selected hallmarks assigned a maximum of 100 GO terms (limited by MSigDB). Table 13. 

summarizes the number of GO terms obtained and selected. GO terms with low specificity were 

excluded (e.g. “DNA repair”), while specific associated functions (e.g. “Nucleotide excision repair”) 

were selected for further analysis.  

Table 13. Number of GO terms obtained per hallmark.  
Numbers in parenthesis are the GO terms unique to either GCN1 or GCN2. T stands for Total, and includes 
the total of GO terms obtained from the GSEA, which gives a maximum of 100. The number in the right cell 
is the GO terms selected for its specificity with regard to function. 
Gene G2M transition DNA repair Mitotic spindle 

GCN1 T= 100(21) 24 (6) T= 100(24) 27 (6) T=100(15) 26 (4) 

GCN2 T=100(21) 26 (8) T= 100(24) 27 (7) T=100(15) 26 (4) 

 

From the list of specific GO terms, there were several genes with functions relevant for cancer. Some 

examples are summarized in Table 14, and their correlation information is in Supplementary table 7. 

Interestingly, in the DNA repair group, genes for nucleotide excision repair (NER) were identified as 

opposed to genes involved in other repair pathway. This finding indicates a function for GCN2 related 

to nucleotide excision repair, which is consistent with a previous report that UV radiation activates 

GCN2 and GCN2-dependent translation of NER genes (Powley et al., 2009). This strongly supports the 

notion that the correlation analysis is able to reveal functions of GCN2. The complete lists of GO 

terms per hallmark are in Supplementary table 4, Supplementary table 5 and Supplementary table 6. 
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Table 14. Selected genes with their GO terms.    

Only probes that comply with the filtering criteria were included in this list, that is: same sign of correlation 
coefficient  and significant correlation (adj.p-val < 0.05) in both cohorts. 

EntrezID SYMBOL GO term      

G
2

 t
o

 M
 C

h
ec

kp
o

in
t 546 ATRX DNA recombination 

993 CDC25A Regulation of cyclin dependent protein kinase activity 

1027 CDKN1B Mitotic cell cycle checkpoint 

1031 CDKN2C Cell cycle g1 s phase transition 

1058 CENPA Chromosome segregation 

1163 CKS1B Regulation of cyclin dependent protein kinase activity 

8451 CUL4A Cell cycle g1 s phase transition 

3091 HIF1A Positive regulation of cell proliferation 

24137 KIF4A Chromosome segregation 

4085 MAD2L1 Mitotic cell cycle checkpoint, Mitotic sister chromatid segregation 

4175 MCM6 Cell cycle g1 s phase transition 

4751 NEK2 Mitotic sister chromatid segregation, Mitotic spindle assembly 

4928 NUP98 DNA replication 

10733 PLK4 Positive regulation of cell cycle process 

5371 PML G1 DNA damage checkpoint 

10592 SMC2 Kinetochore organization, nuclear chromosome segregation 

10051 SMC4 Chromosome segregation 

M
it

o
ti

c 
Sp

in
d

le
 55835 CENPJ Microtubule polymerization or depolymerization 

2316 FLNA Spindle assembly 

8440 NCK2 Actin filament organization 

4751 NEK2 Mitotic spindle assembly 

10276 NET1 Regulation of rho protein signal transduction 

9126 SMC3 Chromosome segregation 

85378 TUBGCP6 Mitotic spindle assembly 

D
N

A
 r

ep
ai

r 1642 DDB1 Global genome nucleotide excision repair 

2067 ERCC1 Response to uv 

2068 ERCC2 Nucleotide excision repair dna incision 

5111 PCNA Mismatch repair 

5984 RFC4 DNA recombination 
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e. Selection of candidate genes for further analysis by qPCR 

From the list of genes with relevant functions for cancer, four genes were selected: NEK2, MAD2L1, 

SMC3 and TUBGCP6. These genes were selected because they have important functions in mitosis 

and the mitotic spindle. The expression levels of these genes was studied by qPCR, which is part of 

section 2 of this study. The genes selected for qPCR analysis are in Table 15 with their correlation 

information. 

Table 15. Candidate genes and their correlation to GCN2 

Cor1/2: correlation coefficient (rho) in the cohort 1 or cohort 2 
PADJ1/2: Adjusted p-value in cohort 1 or cohort 2 

Entrez SYMBOL Probe ID cor1 PADJ1 cor2 PADJ2 

4085 MAD2 ILMN_1777564 -0.43 7.93E-07 -0.46 4.05E-07 

4751 NEK2 ILMN_1653822 -0.42 1.55E-06 -0.38 4.50E-05 

9126 SMC3 ILMN_1718807 -0.43 6.42E-07 -0.47 1.87E-07 

85378 TUBGCP6 ILMN_1766803 0.39 1.10E-05 0.65 1.29E-14 

 

Never in mitosis A kinase- NEK2 

NEK2 was discovered in Aspergillus nidulans, and was described as a mitotic regulator. Cells with 

mutations in NEK2 are arrested in the G2 phase of the cell cycle, and NEK2 overexpression induces 

aberrant mitosis (Schultz, Fry, Sutterlin, Ried, & Nigg, 1994). In humans, NEK2 is not essential for 

mitosis, but it has important roles in the centrosomal function (Fry, Meraldi, & Nigg, 1998). In the 

correlation analysis, NEK2 had a negative correlation with GCN2. This leads to the hypothesis that 

cells with high GCN2, may have low NEK2. Cells could then have problems at entry into mitosis or 

during spindle formation.  

Structural maintenance of chromosomes 3  – SMC3 

SMC3  is part of a cohesin complex that participates in diverse mechanisms related to chromosome 

stability, DNA repair and gene regulation (Gil-Rodr’\iguez et al., 2015).  Correct cohesion is important 

to avoid aneuploidy (Duncan et al., 2012). A study of human colorectal cancers detected a 

downregulation of SMC3, which was correlated to chromosome instability (Barber et al., 2008). In 

the correlation analysis a negative correlation was detected between GCN2 and SMC3, which 

suggests that cells with high GCN2 would have low SMC3. This effect could be important for 

chromosome instability.  

Mitotic arrest-deficient 2, S. Cerevisiae, Homolog-like 1-MAD2L1  

MAD2L1 (Mitotic arrest-deficient 2, S. Cerevisiae, Homolog-like 1) is a direct inhibitor of mitosis, and 

is essential for the spindle-assemply checkpoint (SAC) (Li & Benezra, 1996). Binding of MAD2L1 

prevents the start of the anaphase (Marks et al., 2017). The anaphase is the step in mitosis in which 

the chromosomes are separated and distributed by the mitotic spindle to each daughter cell (Lewin, 

Cassimeris, Plopper, & Lingappa, 2007, page 474). Altered levels of MAD2L1 would suggest that the 

SAC is challenged. A study in a knock-down of GCN2 (Mastrangelopoulou, Campsteijn, and Grallert, 

unpublished) showed that these cells have delays and aberrations during the same phase when the 
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SAC is regulated. If MAD2L1 is altered with GCN2 overexpression, this could reflect a connection 

between GCN2 and mitotic spindle aberrations.  

Tubulin-Gamma complex-associated protein 6  – TUBGCP6 

TUBGCP6 is a fundamental component of centrioles (Murphy et al., 2001). The centrioles are the 

subunits that form the centrosome, a key structure during cell division. A pair of centrioles is held 

together by the pericentriolar material (PCM), forming a centrosome (Nigg & Raff, 2009). The two 

centrosomes then coordinate the function of the mitotic spindle at the poles of the cell during 

mitosis (Sir et al., 2013). The number of centrioles is carefully duplicated during the S and G2 phases 

of the cell cycle. Excess of centrioles is observed in cancer cells with overduplication. Here, pseudo-

polar mitotic spindles are formed by multiple centrosomes assembled in structures called 

centrosome-rosettes. Mitosis driven by these structures cause chromosome missegreggation and has 

been observed in cancers (Cosenza et al., 2017).  The positive correlation we observed in the patient 

samples suggest that GCN2 affects centrosome function. 

These gene candidates were then analyzed by qPCR (section 2). A GCN2-overexpressing cell line was 

included to observe whether there is a correlation between the expression of the candidate genes 

and the increased GCN2. If there was a correlation, this was compared to the correlation obtained 

with the transcriptomic patient data to assess the previously described hypotheses.  
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2. Evaluation of gene candidates in a GCN2-overexpressing cell line and 

cervical cancer cell lines 
As mentioned earlier, the results of the correlation analysis are not enough proof of a causal 

relationship between GCN2 and the candidate novel functions. While the transcriptomic data of 

patients offer a realistic overview, there is variation and complexity that may complicate their 

interpretation. Therefore, the gene candidates must be confirmed, and that can be performed in 

mammalian cell models with more controlled conditions. To this end, a GCN2-overexpressing cell line 

and cervical cancer cell lines were selected to be analyzed, and qPCR was used to check the 

expression of the candidate genes in these cell lines. 

On one hand, the GCN2-overexpressing cell line, GCN2 is the variable that may cause phenotype 

alterations. Such alterations in the  GCN2-overexpressing cell line can point to GCN2 having a direct 

role in the relevant function. On the other hand, the cervical cancer cell lines have the advantage 

over the transduced cell line in that they are more realistic because they derive from cancer patients. 

Alterations in gene expression in the cancer cell lines indicate that the observed patterns are cancer 

relevant, but the effect of GCN2 levels is more difficult to assess. 

Transcript levels do not always reflect protein levels, as observed previously in cervical cancers (Lyng 

et al., 2006). Findings at the level of mRNA transcripts, should be backed up by findings at the protein 

level, therefore the selection of cervical cancer cell lines was guided by protein level of GCN2, rather 

than transcript level. From the examined cervical cancer cell lines, those with high, medium and low 

protein levels were to be selected for analysis in qPCR, so that different levels of GCN2 were included 

in the study. Figure 15 shows a summary of the analysis of the different cell lines and Western blot, 

and the preparation of a qPCR to quantify the gene expression of the candidate genes in the selected 

cell lines.  
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Figure 15. Summary of the pipeline of analysis of the GCN2-overexpressing and cervical cancer cell lines in Western blot 
and Real-time quantitative PCR. 
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a. GCN2-overexpression in different transduced cell lines. 

The GCN2-overexpressing cell line was generated by lentivirus transduction (Grallert, B), a system in 

which the expression of GCN2 is driven by the EF1 promoter. Two batches of transduced cell lines 

were produced, one with no tags, and the other with FLAG tag. This tag consists of a peptide that can 

be used to locate the transgenic protein using antibodies (Hopp & Prickett, 1988). 

Lentiviral transduction results in the transgene being stably integrated in the genome at one or more 

random sites. The GCN2-FLAG transgene was tested by Lindbergsengen and Grallert, and it was 

found fully functional (i.e. able to phosphorylate eIF2α).  

First, it was required to test the transgene expression. Figure 16 shows the Western blot of different 

transduced cell lines with different titers of virus. The cell line no. 7 did not express the transgene,  

GCN2-overexpression, but the others show a marked strong signal. The loading control was very 

weak and difficult to quantify in most cell lines, but the difference in GCN2 expression is clearly 

visible. 
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Figure 16. Western blot of GCN2-overexpressing cell lines. The number corresponds to the volume of virus suspension 

added for transduction. Two different batches of transduced cell lines were produced. One without tag, and the other 

with FLAG tag.  

b. Quantification of GCN2 protein level in Western blot for the selection 

of cervical cancer cell lines  

Immunoblots were used to quantify GCN2 in different cervical cancer cell lines in order to select 

those with high, medium and low GCN2 levels. One immunoblot was performed using tubulin-g as a 

loading control, including seven different cervical cancer cell lines, shown in Figure 17-A. The loading 

control was consistently detected across all cell lines, which was useful for a densitometric 

quantification in imageJ. The initial quantification results are plotted in Figure 17-B. In light of these 

results, the cell lines C33A, SiHa and SW756 were selected to be analyzed in qPCR. The selection was 

done before statistical confirmation of the GCN2 protein levels because qPCR requires RNA 

extraction, cDNA production and optimization, processes that require time. Nevertheless, 

confirmation of these Western blot results continued during the project. 
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Figure 17. Quantification of GCN2 protein level in different cervical cancer cell lines. A. Immunoblot of cervical cancer cell 

lines with GCN2 and tubulin-g, B. Band intensity ratio of GCN2 to Tubulin-g (corresponding the immunoblot in A). 

During the correlation analysis, it was found that the probes for tubulin-g (TUBG) had a significant 

correlation to GCN2. Correlation information is contained in Table 16, and the probes are plotted in 

Figure 18. The correlations were relatively small and had a negative direction, so it is likely to have a 

small effect. However, one of the candidate genes is Tubulin gamma complex associated protein 6 

(TUBGCP6), one of the components of tubulin gamma complexes necessary for microtubule 

distribution in the centrosome (Murphy et al., 2001). Using tubulin gamma (TUBG) as a loading 

conrol may add bias to the study. In light of these findings , we decided to choose another loading 

control with no correlations to GCN2. 

         

Figure 18. Probe signal (gene expression) of GCN2 (x-axes) plotted against the signal of TUBG probes (y-axes) . Cohort 1 

(left), and cohort 2 (right). 
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Table 16. Correlation of TUBG (Entrez ID: 7283) probes and GCN2 

Cor1/2: correlation coefficient (rho) in the cohort 1 or cohort 2 
PADJ1/2: Adjusted p-value in cohort 1 or cohort 2 

Probe ID COR1 PADJ1 COR2 PADJ2 

ILMN_1695731 -0.21 0.029 -0.19 0.0636 

ILMN_1698646 0.12 0.253 -0.25 0.0090 

ILMN_1728024 -0.27 0.004 -0.34 0.0003 

ILMN_2367743 -0.15 0.143 -0.21 0.0327 
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c. Loading control selection 

To find a gene that is not correlated to GCN2, a list of loading control candidates suggested by Abcam 

(shown in Supplementary table 8) was searched in the list of genes correlated to GCN2. The 

correlation to GCN2 had to be computed again because in this correlation test, genes should not 

filtered by out by low variation. This is because loading controls should not vary much. Probe quality, 

noise filtering and log2-transform was performed. Five genes were found without significant 

correlations to GCN2, listed in Table 17. 

Every probe of each loading control gene was considered. In this correlation test, genes are not 

filtered by IQR because loading controls should not vary much. The IQR filter was used earlier to keep 

genes with large variation. The larger the IQR, the higher the variability (Vaughan et al., 2001). Probe 

quality, noise filtering and log2-transform was performed. Loading controls were selected according 

to the absense of correlation to GCN2 and the availability in the laboratory. 

plot_corrs.r and main_plot_corrs.r are the codes that filter the probes, calculate single correlations 

without p-value correction and plot the samples with a trend line.  

 LAMINA+C was selected as working loading control. Correlation information is shown in table x. No 

probe had significant adjusted p-values for the correlation to GCN2 (Table 18), and the plots show a 

similar trend (Figure 19). The correlations and adjusted p-values (PADJ) of all loading controls are 

reported in the supplementary material. 

Table 17. Loading control candidates that are not correlated 
to GCN2 

Gene EntrezID Name 

ACTA1 58 Actin alpha 1, skeletal muscle 

TBP 6908 TATA-binding protein 

ORC2L 4999 Origin recognition complex subunit 2 

ORC3L 23595 Origin recognition complex subunit 3 

LAMIN A+C 4000 Lamin alpha and C 

 

Table 18. Correlation of LMNA+C (Entrez ID: 4000) probes and GCN2 

Cor1/2: correlation coefficient (rho) in the cohort 1 or cohort 2 
PADJ1/2: Adjusted p-value in cohort 1 or cohort 2 

Probe ID COR1 PADJ1 COR2 PADJ2 

ILMN_1696749 0.17 0.091 0.17 0.102 

ILMN_1737394 -0.06 0.598 0.01 0.930 
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Figure 19. Probe signal of GCN2 (x-axes) plotted against the signal of LMNA+C probes (y-axes) 
 

d. Analysis of GCN2-protein levels with Western blot and LMNA+C as a 

loading control 

The cervical cancer cell lines were analyzed again in Western blot, using lamin (LMNA+C) as a loading 

control. The Western blot with Lamin did not produce reproducible results. Either the lamin or the 

GCN2 band did not appear in different cell lines. Figure 20 includes pictures of three western blot 

repeats. There is a chance for protein degradation in the cell extracts that could reduce the detection 

range of the Western blots.  It is possible that the degradation was caused by thawing and freezing 

the samples during the Western blot optimization, which would explain why the GCN2 band became 

weaker and weaker.  

New extracts of C33A and HeLa were obtained for the sole purpose of testing the linearity of the 

LMNA+C antibody. C33A was selected due to the previously observed high GCN2/TUBG ratio, which 

indicated a high level of GCN2, suggesting that C33A is a good candidate for further analysis. The 

Western blot results of a dilution curve of sample and 1:10000 LMNA+C (Abcam) revealed different 

patterns between HeLa and C33A. In HeLa, the two characteristic bands were detected, and had a 

linear decrease in intensity. Meanwhile, in C33A, only one band appeared, which was faint. It is 

possible that the lamin levels in C33A are influenced by a cancer phenotype, thus it becomes difficult 

to detect in comparison to other cancer cell lines. Another Western blot with a dilution curve of C33A 

sample was obtained with a 1:5000 dilution of the lamin antibody. The results showed slightly 

stronger single bands, but with a non-linear behavior.  

Taken these results together, it can be concluded that the LMNA+C antibody is not optimal for use as 

loading control across the different cervical cancer cell lines. Nevertheless, in the available Western 

blots, is worthy of attention that GCN2 in C33A has a strong intensity, meaning that GCN2 has a 

strong presence in this cell line. For instance, observe the GCN2 band in C33A in all three repeats 

(Figure 20). Despite being surrounded by an overall faded immunoblot, the bands are some of the 

most visible. The high GCN2 protein levels of C33A remains to be confirmed with a more reliable 

loading control.  
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Figure 20. Western blot repeats of GCN2 and LMNA+C in the different cervical cancer cell lines. 
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Figure 21. Antibody linearity of 1:10000 LMNA+C (Abcam) in C33A and HeLa protein extracts at different percentage 

dilutions (v/v) with lysis buffer. 
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Figure 22. Antibody linearity of 1:5000 LMNA+C (Abcam) in C33A protein extracts at different percentage dilutions (v/v) 

with lysis buffer. 

 

Despite having difficulties with the loading control, four cell lines had a visible LMNA+C band with 

quantifiable intensity in three repeated measurements each, see Table 19. With the LMNA+C loading 

control, it appears that SW756 has a higher GCN2 level than that previously estimated with TUBG. 

However, the LMNA+C antibody in this cell line could detect only one Lamin band, which had a faint 
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signal. It is possible that the high GCN2 level is an artifact of poor signal. The mean band intensity 

ratios of each cell line in the three technical repeats are plotted in Figure 23. The samples had a 

normal distribution, so differences could be tested with analysis of the variance (ANOVA). Statistical 

testing revealed no differences.  

Table 19. GCN2/LMNA ratio from immunoblot technical repeats. 

 
rep1 rep2 rep3 SD mean 

HeLa 0.465 0.594 0.575 0.070 0.545 

SiHa 0.281 1.718 0.105 0.885 0.701 

Me180 0.132 1.063 0.044 0.564 0.413 

SW756 1.033 2.697 0.219 1.263 1.316 

 

 

Figure 23. Average GCN2/LMNA ratios, from three technical repeats. Error bars show standard deviation. 

e. Quantification of gene expression of GCN2 and the candidate genes 

with qPCR  

From the list of selected genes by GO term,  six genes were handpicked for analysis with PCR, listed 

in Table 20. The genes were selected because they had significant correlations and key functions in 

the hallmarks that the gene set enrichment analysis (GSEA) revealed. Cell cultures of HeLa, C33A, 

SiHa, SW756 and the GCN2-overexpressing HeLa were used to obtain RNA extracts (Master Pure-RNA 

purification kit), which then were used to obtain cDNA (High Capacity cDNA Reverse Transcription 

kit). The cDNA extracts were used to test primers and ultimately quantify gene expression with qPCR.  

Table 20. Genes selected for qPCR    

Entrez SYMBOL GO term      

4085 MAD2L1 MITOTIC CELL CYCLE CHECKPOINT   

  MITOTIC SISTER CHROMATID SEGREGATION  

4751 NEK2 MITOTIC SISTER CHROMATID SEGREGATION  

  MITOTIC SPINDLE ASSEMBLY    

9126 SMC3 CHROMOSOME SEGREGATION    

85378 TUBGCP6 MITOTIC SPINDLE ASSEMBLY    
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Housekeeping genes are control genes used to normalize the signal of genes of interest in qPCR, and 

such control genes should not be biased towards the gene of interest. From a reference list of 

housekeeping genes suggested by Valente et al., 2009, genes were checked for correlations to GCN2. 

Two genes were selected from the list, shown in Table 21. with correlation information. Significant 

correlations have an adjusted-pvalue PADJ < 0.05. TBP (TATA-binding protein) which had no 

correlation to GCN2 (PADJ > 0.05), and GUSB (glucuronidase beta) with a significant correlation in 

only one probe (PADJ = 0.001). We decided to have two housekeeping genes available for qPCR 

quantification because cancer cell lines may have many unknown variations that could interfere with 

quantification. Even though GUSB had a significant correlation in the cohort 1, it was relatively weak. 

Only one probe out of two had a significant correlation in only cohort 2, and the correlation was 

weak (-0.26). Such correlation could mean that the more GCN2 is present, less GUSB would be found, 

representing in a possible weak underestimation of GCN2. Such bias should be taken into 

consideration in the interpretation of qPCR results. Figure 24 includes the correlation plots between 

GCN2 and either TBP or GUSB in the cohort 1 of patient samples. The negative correlation appears 

visibly weak, while the detected expression of the probe appears high enough to avoid error due to 

background noise.  

Table 21. Housekeeping genes and their correlation to GCN2 
ProbeID: unique number assigned to each probe 
EntrezID: Unique number assigned to each gene 
Cor1/2: correlation coefficient (rho) in the cohort 1 or cohort 2 
PADJ1/2: Adjusted p-value in cohort 1 or cohort 2 
Probe ID Entrez ID Symbol cor1 PADJ1 cor2 PADJ2 

ILMN_1697117 6908 TBP -0.06 0.604 0.01 0.929 

ILMN_1697117 6908 TBP -0.15 0.152 -0.06 0.609 

ILMN_1669878 2990 GUSB 0.07 0.544 0.16 0.112 

ILMN_1669878 2990 GUSB -0.26 0.006 -0.05 0.623 

 

       

Figure 24. Correlation plots of the selected housekeeping genes. Y-axis includes the gene expression of TBP or GUSB, and 

the X-axis the expression of GCN2 in the patient samples of cohort 1. 
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Primers were searched for the candidate and housekeeping genes in BLAST. Primer search included 

constrains such as exon-exon junction and intron-spanning to increase specificity and to avoid 

amplification of contaminating gDNA (Bustin S. 2004). Primers were checked for high specificity in 

BLAST. Only if no unspecific targets were found in the BLAST search, the primer was accepted. Two 

primer pairs were selected for each gene, and they are summarized in Table 22, with their alignment 

to their corresponding cDNA targets in Figure 25. Primers were supplied by Thermofisher custom 

primers. The quality of the primers was tested with PCR (DreamTaq Green PCR Master Mix), and the 

resulting PCR products were checked in a 0.6 % acrylamide gel (Figure 26). The DreamTaq PCR 

revealed that using most primers, it is possible to obtain a product of the expected size. For each 

candidate gene, a primer pair was selected for use in qPCR. The selection was based in how clear the 

band appeared in the acrylamide gel, but sometimes both primers had good quality, and then 

selection was more or less arbitrary. 

 Table 22. Primer pairs used in qPCR to detect genes of interest. Empty 
bullets correspond to one primer pair, and the solid bullets to the other 
pair. 

 Gene Sequence (5'->3') Tm % GC 

ID GCN2    

1 fwd ○  CTATGTGGCCCTTGTCTCGG 60 60 
 rev ○ ATCGGAAGCTTCTCTGCCAT 59 50 

2 fwd ●  ATGGCAGAGAAGCTTCCGAT 59 50 
 rev ● GGCAAGGGAGGTCTGAAGTC 60 60 

 MAD2    

3 fwd ○  AGGTCCTGGAAAGATGGCAG 58 55 
 rev ○ AGTGGCAGAAATGTCACCGTAG 58 50 

4 fwd ●  AATACGGACTCACCTTGCTTG 59 48 
 rev ● CTGCCATCTTTCCAGGACCTC 59 57 

 NEK2    

5 fwd ○  TTCAGTTACAGGAGCGAGAGC 56 52 
 rev ○ CCGTTCCTTTAGCAAGCTGT 58 50 

6 fwd ●  GGACAAACTGGCTAGAGCAGA 57 52 
 rev ● AGCTGACTCTCAGAATTCTCACTC 58 46 

 SMC3    

7 fwd ○  GCATGGAAGTTTCAACCCAGC 59 52 
 rev ○ CAGTTAGAGCACCCCGATGG 59 60 

8 fwd ●  GGGTACTGTTCTCACAGCCAC 59 57 
 rev ● CCAGCGCTCCATACTCTTCTG 60 57 

 TUBGCP6    

9 fwd ○  CTCGCTCTCAAGTACCTGCC 59 60 
 rev ○ AGCCCTCGGTGATGACAATG 60 55 

10 fwd ●  TCAAGGACGTCTGCTTCCAC 57 55 
 rev ● CAGGATCTGGTTGGCGATGT 59 55 

 TBP variant 1    

11 fwd ○  GTGGGGAGCTGTGATGTGAA 57 55 
 rev ○ TGCTCTGACTTTAGCACCTGT 57 48 

12 fwd ●  TGTGCTCACCCACCAACAAT 59 50 
 rev ● TGCTCTGACTTTAGCACCTGTT 57 45 

13 GUSB variant 1   
 fwd ●  GACTGACACCTCCAAGTATCCCA 59 52 
 rev ● ACAGGTTACTGCCCTTGACAG 59 52 

14 GUSB variant 2   
 fwd ○  TGCCATCGTGTGGGTGAATG 58 55 
 rev ○ AGTGACGTCTGTGCAGTCAG 59 55 
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Figure 25. Alignment sites of primers in the cDNA of the genes of interest GCN2, MAD2, NEK2, SMC3 and TUBGCP6, and 
housekeeping genes TBP (variant 1) and GUSB (variants 1 and 2). Fwd: forward primer, rev: reverse primer. Empty bullets 
correspond to one primer pair, and the solid bullets to the other pair. 
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Figure 26. PCR products obtained using primer candidates. Empty bullets indicate one primer pair, and the solid bullets 
the other pair. Shaded cells include the primers selected for quantification in qPCR. 

Candidate genes were checked by qPCR to quantify the level of mRNA transcripts in  the GCN2-

overexpressing cell line and the selected cervical cancers. Two repeats of each PCR reaction were 

performed per gene and cell line in a single qPCR plate. Then three plates were run in parallel in 

different days. The general plate setup is shown in Figure 27. 

 

 

Figure 27. General setup for the qPCR plates. Each plate included at least six genes (bold line), each gene with its 
corresponding calibration curve (dotted lines). 
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The expression of GUSB and TBP was compared between cell lines, and it was observed that TBP 

expression was higher than GUSB (Figure 28-A), and had a higher standard deviation as well. Due to 

this high expression, the ratio of gene-to-TBP expression would be smaller than gene-to-GUSB and 

small differences in TBP levels would considerably skew the results when comparing GCN2 or 

candidate gene levels. Therefore, GUSB-expression was selected to normalize expression levels of the 

candidate genes. 

 

A.  

   B.  
 

Figure 28. Housekeeping gene expression across cell lines. A. mean gene expression of GUSB and TBP, error bars show 

standard error of the mean (SEM). B. Quantile-Quantile plot of all GUSB measures had a normal distribution.  

 

Differences between housekeeping gene expression across cell lines were tested statistically. In order 

to be select the correct statistical test, the data was analyzed with descriptive statistics, including a 
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test of normality (Shaphiro-Wilk) and a test of equal variances between cell types (Bartlett’s test). 

Both normality and equal variances between groups are requisites for analysis of the variance and 

Tuckey contrasts.  

GUSB expression had equal variance between cell types (Bartlett test p-value > 0.05 ), and it was 

normally distributed (Shaphiro-Wilk’s test p-value > 0.05 , Figure 28-B). The ANOVA and Tuckey’s 

contrasts (Table 23) concluded that GUSB was significantly higher in SW756 compared to other cell 

lines. This means that GUSB could be used as a control for all the other cell lines, but for SW756 the 

2-fold increase in GUSB would produce gene expression ratios 2-fold smaller than the other cell lines. 

This 2-fold decrease has to be taken into consideration when comparing the gene expression ratios 

of the candidate genes. Ratios of gene-to-GUSB expression were calculated. Figure 29 contain plots 

of the mean expression ratios of all candidate genes by cell type. 

Table 23. Tuckey’s multiple comparisons of GUSB expression 
across cell lines. Only significant comparisons are shown. 

Comparison             
 

Estimate Std. Error t value p-value     

SW - Overexp_HeLa == 0     1056.96 193.8 5.454  < 0.001 *** 

SW - C33A == 0    833.93 193.8 4.303 0.00482 **  

SW - SiHa == 0    741.15 193.8 3.824 0.01218 *   

Signif. codes:  0 ‘***’,  0.001 ‘**’, 0.01 ‘*’, 0.05 ‘.’ 
Adjusted p values reported -- single-step method 

 

 

Figure 29. Mean transcript level across cell lines, normalized to GUSB. Error bars show standard error of the mean (SEM). 
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GCN2 expression was visibly higher in the GCN2-overexpressing HeLa, with at least 3-fold increase 

compared to the control-HeLa. Interestingly, each of the candidate genes had a higher expression 

level in the HeLa cell line overexpressing GCN2, compared to the untransduced parental cell line; a 

clear trend even though the error bars are large. 

Of the selected cancer cell lines, C33A had a high level of GCN2, with at least 2-fold increase 

compared to the control HeLa, while SiHa and SW756 had lower GCN2 levels. The fact that C33A had 

a high level of GCN2 compared to the other cervical cancer cell lines is consistent with the findings 

using immune-blotting (see page 56). 

The expression of the candidate genes varied across cell lines. NEK2 seems to have a pattern of 

expression that follows the levels of GCN2, however, the pattern is not visible in SiHa. MAD2L1 has a 

similar pattern, for example in the GCN2-overexpressing HeLa, MAD2L1 increases, and as other cell 

lines have a lower GCN2, MAD2L1 is found lower as well. SMC3 and TUBGCP6 were highly expressed 

regardless of GCN2 expression. However, it is noteworthy that SW756, which had the lowest GCN2, 

also had a relatively low presence of SMC3 and TUBGCP6, despite being these genes the most 

expressed in this cell line. Nevertheless, the overall lower expression in SW756 may be caused by the 

overall increased GUSB expression in this cell line. Taken together, the expression patterns do not 

reveal obvious and convincing correlations between the levels of GCN2 and the candidate genes in 

the examined cell lines. It is unlikely that GCN2 directly drives the expression of these genes, but it 

could possibly influence their expression indirectly. There is an increase in the gene expression of the 

candidate genes when GCN2 is overexpressed, and these differences can be tested statistically. 

The requirements for analysis of the variance (Normality and equal variance between cell types) 

were checked for the candidate genes and GCN2.  The distributions of all genes were normally 

distributed, except for GCN2. The other genes, NEK2, MAD2L1, SMC3 and TUBGCP6 complied with 

the requisites for analysis of the variance (ANOVA) and Tuckey’s multiple comparisons. The tests 

were conducted using the mean expression ratio of independent plates (two repeats and their mean 

per qPCR plate). The tests were unable to detect significant differences. GCN2 was tested with 

Welch-ANOVA, a test that does not assume normality, and it could not detect significant differences. 

Given that multiple genes were quantified within plates, and each plate may have differences due to 

technical error or random variation, we decided to use a mixed model to account for the plate as a 

source of random variation. In this model, the cell types were considered fixed effects (which are 

independent of technical error), and the qPCR plate was considered a random effect (do not remain 

fixed between samples, and represent technical errors) (TUFTS University, n.d.).   

For the candidate genes that were normally distributed, the correct method to apply is the  linear 

mixed model fitted via maximum likelihood (TUFTS University, n.d.). The resulting models were 

tested with ANOVA and Tuckey’s multiple comparions. For GCN2, given that its distribution was not 

normally distributed, it was fitted to a linear model via penalized quasilikelihood (PQL), a method 

able to handle non-normal data (Bolker et al., 2009).  

The distributions of the gene samples were checked with Q-Q plots, shown in Figure 30. Both the 

candidate genes and GCN2 fitted the lognormal distribution, therefore the log-normal distribution 

was selected to use in the mixed models. The GCN2 distribution had five data points fall outside of 

the lognormal distribution. Despite of this, the statistical method was applied.  
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Candidate genes without GCN2 

 
 

GCN2  

  
Figure 30. Probability distributions of the candidate genes analyzed in qPCR. Normal distribution (norm) and lognormal 

(lnorm) distribution are shown. The X-axis represents the quantiles modeled by the probability distribution. The solid 

line is the fitted distribution and the dashed lines the confidence intervals. The data points should be inside the dashed 

blue lines to be considered a good fit of the overlaid distribution.  

The candidate genes and GCN2 were found to have significant differences across cell lines. The 

hypotheses for comparisons between the candidate genes and their p-values are shown in Table 24. 

To be confident that the cell type has a significant effect on the gene expression, the Wald test was 

applied for each gene distribution, and was found significant for all candidate genes. The standard 

deviation of the random effect (i.e. plate) for all candidate genes was higher than zero, meaning that 

the random effect has an influence in the observed data. 

The linear mixed model fitted via PQL for GCN2 provides a different output, which is summarized in 

Table 25. In this kind of model, one cell line (control HeLa) is compared to the other cell lines. The 

results suggest that the GCN2-overexpressing HeLa was significantly more abundant in GCN2. If the 

number under the column “value” is positive, this means that the difference is an increase, while a 

negative number reflects a decrease. In this way, SW756 is significantly less abundant in GCN2, 

compared to the control HeLa. In the case of C33A, the increased GCN2 was in agreement with the 

previously described Western blots. The Wald test applied and it reported a significant p-value.  

The output from the mixed models in R is included in Appendix 2. 

Tr
an

sc
ri

p
t 

le
ve

l 

Tr
an

sc
ri

p
t 

le
ve

l 

Tr
an

sc
ri

p
t 

le
ve

l 

Tr
an

sc
ri

p
t 

le
ve

l 



69 
 

Table 24. Multiple comparisons for the linear hypotheses generated by the linear mixed models of 
candidate genes MAD2L1, TUBGCP6, NEK2 and SMC3. Only significant results are shown. 
 

 Linear hypotheses: Estimate Std. Error p-value 
 

M
A

D
2

 

Overexp_HeLa vs HeLa 1.6072 0.5115 0.0144 * 

C33A vs HeLa 1.0216 0.5115 0.2672 
 SiHa vs HeLa -0.4999 0.5115 0.8656 
 SW vs HeLa -2.1232 0.5115 <0.001 *** 

C33A vs Overexp_HeLa -0.5855 0.5115 0.7826 
 SiHa vs Overexp_HeLa -2.1071 0.5115 <0.001 *** 

SW vs Overexp_HeLa -3.7304 0.5115 <0.001 *** 

SiHa vs C33A -1.5215 0.5115 0.0244 * 

SW vs C33A -3.1448 0.5115 <0.001 *** 
SW vs SiHa -1.6233 0.5115 0.0131 * 

TU
B

G
C

P
6

 

Overexp_HeLa vs HeLa 1.3408 0.4656 0.0326 * 

C33A vs HeLa -0.3084 0.4656 0.96433 
 SiHa vs HeLa 2.0928 0.4656 <0.001 *** 

SW vs HeLa -1.6419 0.4656 0.0039 ** 

C33A vs Overexp_HeLa -1.6492 0.4656 0.00369 ** 

SiHa vs Overexp_HeLa 0.7521 0.4656 0.48743 
 SW vs Overexp_HeLa -2.9827 0.4656 <0.001 *** 

SiHa vs C33A 2.4013 0.4656 <0.001 *** 

SW vs C33A -1.3335 0.4656 0.034 * 

SW vs SiHa -3.7348 0.4656 <0.001 *** 

N
EK

2
 

Overexp_HeLa vs HeLa 1.4587 0.1284 <0.001 *** 

C33A vs HeLa -0.3044 0.1284 0.123 
 SiHa vs HeLa 0.2656 0.1284 0.234 
 SW vs HeLa -0.8984 0.1284 <0.001 *** 

C33A vs Overexp_HeLa -1.7631 0.1237 <0.001 *** 

SiHa vs Overexp_HeLa -1.1931 0.1237 <0.001 *** 

SW vs Overexp_HeLa -2.3571 0.1237 <0.001 *** 

SiHa vs C33A 0.57 0.1237 <0.001 *** 

SW vs C33A -0.594 0.1237 <0.001 *** 

SW vs SiHa -1.164 0.1237 <0.001 *** 

SM
C

3
 

Overexp_HeLa vs HeLa 1.4274 0.4198 0.00614 ** 

C33A vs HeLa 0.8402 0.4198 0.26506 
 SiHa vs HeLa 3.5693 0.4198 <0.0001 *** 

SW vs HeLa -1.0837 0.4198 0.07381 . 

C33A vs Overexp_HeLa -0.5872 0.4198 0.62847 
 SiHa vs Overexp_HeLa 2.1419 0.4198 <0.0001 *** 

SW vs Overexp_HeLa -2.5111 0.4198 <0.0001 *** 

SiHa vs C33A 2.729 0.4198 <0.0001 *** 

SW vs C33A -1.924 0.4198 <0.0001 *** 

SW vs SiHa -4.653 0.4198 <0.0001 *** 

 Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

(Adjusted p values reported -- single-step method) 
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Table 25. Summary of results of the linear mixed model via PQL for the 
GCN2 distribution. Significance testing corresponds to the difference 
between control-HeLa and the other cell types. 

 

 
Value Std.Error p-value  

Overexp_HeLa 2.039697 0.302132 <0.0001 *** 

C33A 0.829387 0.259985 0.0033 *** 

SiHa -0.37046 0.419344 0.384  

SW756 -0.43336 0.437998 0.3304  

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 

 

All candidate genes were significantly different between the control HeLa and the GCN2-

overexpression HeLa. The significant differences seem to be dependent on GCN2, since the GCN2 

level is the only difference between these cell lines. This finding was considered important, because 

it shows a direct effect of the GCN2 increase on the expression of the candidate genes.  

TUBGCP6 was positively correlated to GCN2 in the cancer patients and was found increased in the 

qPCR assay of HeLa cell lines. The fact that the same patterns of expression were observable in both 

assays indicates that the TUBGCP6 expression observed in HeLa may be similar to the patterns 

observed in patient samples.  

Meanwhile, the transcriptomic data had initially predicted a negative correlation in NEK2, MAD2 and 

SMC3. It seems that in HeLa, these genes may have a different relationship to GCN2. In cancer 

patients there is a complex pattern of gene expression that is affected by the cancer phenotype. It is 

possible that SMC3, NEK2 and MAD2 are affected in a different way than they are in a GCN2-

overexpressing cell line.  

The possible correlation of GCN2 to the candidate genes is more difficult to interpret in the cervical 

cancer cell lines. In particular, if C33A indeed has an increased GCN2, there is a chance that the 

cancer phenotype is influenced by such. Similarly, the expression patterns of SW756 could reflect the 

influence of low GCN2. Surprisingly, SiHa appeared to follow the predicted negative correlation for 

MAD2L1, SMC3 and NEK2. Taken together, these cell lines are affected by a cancer phenotypes that 

are complex, in which it may be difficult to track whether GCN2 alone, or other factors, are the 

responsible of the observed expression patterns. For example, SiHa has been shown to have a 

stronger response to growth factors compared to HeLa (Maliekal, Anto, & Karunagaran, 2004). 

Having found significant differences in the expression of the candidate genes, there are indications 

that GCN2 is correlated to these genes and their functions, which should be considered in future 

research.  
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3. Description of cell function in a GCN2-overexpressing cell line  
With the purpose of searching for possible abnormalities related to GCN2-overexpression, different 

cellular biology assays were designed to compare the GCN2-overexpressing and the parental-HeLa 

cell lines. Seemingly contradictory descriptions of GCN2 raise the question of whether GCN2-

overexpression could cause abnormalities in the stress response. In response to environmental 

stresses, the eIF2α is phosphorylated by GCN2, causing a global downregulation of translation (Wek, 

Jiang, & Anthony, 2006). However, Knutsen et al., 2015 observed that the general downregulation of 

translation can happen in yeast strains with non-phosphorylatable eIF2α, or a deletion of GCN2, and 

in mammalian cells with a GCN2 deletion. This finding suggests that GCN2 is not essential for the 

stress-related downregulation of translation. 

a. Survival fraction of GCN2-overexpressing cells after exposure to UV 

radiation 

UV radiation induces eIF2α-phosphorylation by GCN2 and the following global downregulation of 

translation (Jiang & others, 2005). To test the response of the GCN2-overexpressing cell line, a 

clonogenic assay with UV radiation was used. Two parallel assays were performed, with two different 

unique doses, 10 J/m2 or 20 J/m2. After the delivery of the dose, the cells were grown for ten days, 

and finally stained with methyl blue. Colonies were counted and the surival fraction was computed 

with the counts. Two biological repeats were performed. 

Figure 31 summarizes the mean survival fraction (%) of both assays for the two cell lines. The GCN2-

overexpressing cell line had a smaller survival fraction, compared to the control cell line at both 

doses.  

 

Figure 31. Survival fraction of the GCN2-overexpressing HeLa (OverExp) and the control-HeLa (Ctrl) cell lines, after 

exposure to two different doses of UV radiation. In parenthesis stands the number of cells seeded.  

The fact that the GCN2-overexpressing cell line had a poorer survival than the control-HeLa suggests 

that GCN2 overexpression does not improve the UV stress response. This is in agreement with the 

notion that GCN2 is not essential for the stress response, but it could also mean that somehow an 

excess of GCN2 dampens the capacity of the cell to perform a stress response.  Despite the fact that 

these results could be reproduced, at least a third repeat is necessary to be able to statistically test 

such differences.  
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b. Micronuclei counts in the GCN2-overexpressing cell line 

The micronuclei are small clumps observed next to the nucleus of mammalian cells, and are a sign of 

deficient mitotic mechanisms that can lead to chromosome instability (Luzhna, Kathiria, & Kovalchuk, 

2013). To test for possible alterations in functions associated with mitosis, micronuclei were counted 

in the GCN2-overexpressing cells stained with DAPI (4′,6-diamidino-2-phenylindole).  

Cells fixed to coverslips and DAPI stained were counted in the fluorescence microscope. Counts are 

summarized in Table 26. From the percentages, it seems that the control cell line has more 

micronuclei than the GCN2-overexpressing cell line. Possible differences in the counts were 

statistically assessed with the Fisher and Chi2 tests for count data. No significant differences could be 

detected. As a future follow up to this experiment, it was considered to apply anti-kinetochore 

antibodies (CREST antibodies), which could reveal kinetochores hidden inside micronuclei (Miller & 

Adler, 1990). In this case, the visualization of chromosome segregation defects could be facilitated. 

Table 26. Micronuclei counts in the GCN2-overexpressing and the control HeLa cell lines with DAPI staining. 

 Count 1    Count 2    

 OverExp % Ctrl % OverExp % Ctrl % 

Normal 228 90.2 206 81.4 200 90.9 190 86.3 
Micronuclei 25 9.8 47 18.5 20 9.1 30 13.6 

Total 253  253  220  220  

  

c. Actin staining of the GCN2-overexpressing cells in different nutrient 

availability 

While analyzing the gene set enrichment analyses (GSEA) of the Mitotic Spindle gene sets and Gene 

Onthology (GO) terms, several terms related to locomotion and cell migration were observed (Table 

27). This finding inspired the evaluation of migration related functions in the two cell lines. 

Table 27. Cell migration GO terms with the number of genes that are 
correlated to either GCN2,  GCN1, or both genes. 

GCN2 GCN1 

GO_LOCOMOTION 14 16 

GO_CELL_MOTILITY 12 13 

GO_REGULATION_OF_CELLULAR_COMPONENT_MOVEMENT 9 NA 

GO_BIOLOGICAL_ADHESION 9 NA 

 

We hypothesized that cells would change their actin structure to adopt a more mobile conformation 

when nutrients were deficient, and the cell required to move. If the GCN2-overexpressing cells had 

differences in the genes related to locomotion, there could be differences in migration or their actin 

structure. As a preliminary experiment, the actin structure of the cells was observed with Phalloidin, 

a conjugated fluorescent dye (Abcam). Cells were grown in different culture media with different 

levels of nutrients (high: DMEM, medium: RPMI, low: conditioned poor DMEM). Pairs of 

microphotographs are shown in Table 28. Across the different culture media, it is clear that cells have 

sharper filaments in a poor nutrient availability, while as nutrients increase, cells seem to become 

less sharp and fibrous-like. This could indicate that cells need to stretch more to search for more 

nutrients. However, there were no visible differences between the two cell lines. Nevertheless, this 

result does not rule out a possible altered migration, which can be studied in future research. 
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Table 28. Actin staining of HeLa lines in different nutrient availability. Scale bar: 20 mm. 

Control HeLa GCN2-overexpressing HeLa 

High nutrient availability –  DMEM 

 

 
Medium nutrient availability –  RPMI 

 

 

Low nutrient availability –  Conditioned poor DMEM 

  
 



74 
 

Discussion  
GCN2 is an eIF2α kinase that is involved in the integrated stress response (ISR) (Jiang & others, 2005). 

The ISR has been associated with malignancy in cancer cells, with both PERK (Bi et al., 2005) and 

GCN2 (Ye et al., 2010) having a role in tumor survival. The GCN2-ATF4 axis has also been implicated 

in other cancer-relevant processes, such as the Warburg effect (Ye et al., 2012). The current view in 

the literature of GCN2 in the context of cancer has an emphasis on its role as an eIF2α kinase, and 

the activation of ATF4, in the ISR. However, recent findings have shown deviations from this main 

view. First, the absence of GCN2 can be compensated for by other eIF2α kinase in a cancer model 

(Lehman, Ryeom, & Koumenis, 2015). Second, several functions of GCN2 have been described that 

are independent of ATF4, including the upregulation of DNA repair proteins (Powley et al., 2009), the 

GCN2-dependent delay in G1/S (Tvegård et al., 2007) and the upregulation of p21, a cell cycle 

regulator (Lehman, Cerniglia, et al., 2015). Taken together, these findings suggest that, although 

GCN2 may indeed have a role in cancer, it is not or not only due to the involvement in the ISR.  

The main aim of this project was therefore, to identify functions of GCN2, which are relevant for 

cancer, which could ultimately facilitate the development of novel therapies.  

The analysis of transcriptomic data of cancer patients predicted novel functions of GCN2 relevant 

for cancer 

With the purpose of finding indications of cancer-relevant functions of GCN2, we analyzed 

transcriptomic data of cervical cancer patients. In contrast with studies of model organisms alone, 

the analysis of transcriptomic data offers an insight in the gene expression profiles of patients with 

cancer, and of functions in which GCN2 could be involved. As compared to studies in model systems, 

transcriptomic data of patients has more information and can be analyzed without making 

assumptions while studying patterns detected in the data, but is accompatined with noise that needs 

to be taken into consideration during analysis.  

The study of transcriptomic data in the gene set enrichment analysis (GSEA) was used to study 

groups of genes correlated to GCN2 expression. Genes correlated to GCN1 expression were studied 

in the same way. The GSEA then predicted functions of these genes that were relevant for cancer. It 

is interesting that many of the GCN1 functions known in yeast appeared in the analysis of patient 

samples. GCN1 has been described in Saccharomyces cerevisiae, and not all the functions of GCN1 

have been fully confirmed in human cells. The GSEA results overlapping with functions of GCN1 

previously reported in yeast suggest that the function of GCN1 has been indeed conserved from 

yeast to human cells.  

The correlation analysis suggested other interesting functions with relevance for cancer that could be 

studied further (see page 45). Some of these functions were consistent with previous knowledge 

about GCN2, which indicates that the analysis of transcriptomic data was able to reflect relevant 

functions. Two examples will be discussed.  

First, the set of negatively correlated genes obtained an overlap with the inflammatory response. 

Previous reports have shown that GCN2 has an inhibitory effect on the immune response, for 

instance in the prevention of autoimmunity in a model of lupus (Ravishankar et al., 2015). Cancer 

cells depend on avoiding the immune response to avoid detection and destruction. This avoidance 

has been observed in the form of increased PD-L1 (Programmed death-ligand 1), which is an 
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inhibitory signal that protects normal tissue from damage (Alsaab et al., 2017). It is an interesting 

possibility if GCN2 is involved in the suppression of the immune response that cancer cells use to 

survive. Whether these functions are part of the eIF2αP-ATF4 is a question that could reveal if GCN2 

has additional functions independent of the ISR or the eIF2αP-ATF4 axis. 

Second, the analysis predicted functions in glycolysis and oxidative phosphorylation. Previous studies 

have shown that GCN2 is involved in the Warburg effect (i.e. the preference for aerobic glycolysis). 

GCN2 via ATF4 activates serine biosynthesis (Ye et al., 2012). Altered metabolism is one of the 

hallmarks of cancer, and thus a role for GCN2 in the Warburg effect is highly relevant. Serine is a 

modulator of the specific isoform of the glycolytic enzyme PKM2. This isoform contributes to the 

preference for aeroic glycolysis in cancer cells (W. Yang & Lu, 2013).  

In the present project, only some functions were studied further, but this does not mean that the 

other functions are not relevant. The list of predicted functions has other functions that were 

significant and cancer relevant, and therefore are also worthy of future research. 

Increased expression of the candidate genes in the GCN2-overexpressing cell line 

The GSEA results predicted several functions, and from these, candidate genes were selected: NEK2, 

SMC3, MAD2L1 and TUBGCP6. The gene expression of these candidates was analyzed with qPCR in a 

GCN2-overexpressing cell line and cervical cancer cell lines with varying GCN2 levels. Each of the 

candidate genes were selected because of their central role in the functions predicted by the 

analysis.  

The qPCR analysis revealed a significant increase in the gene expression of all candidate genes in the 

GCN2-overexpressing cell line. The only difference between the parental HeLa cell line and the GCN2-

overexpressing cell line is the increased amount of GCN2 in the second cell line. Therefore, the fact 

that the expression of the candidate genes was significantly higher strongly suggests that GCN2 

overexpression had a direct effect on the differences.  

The way in which GCN2 overexpression may lead to higher expression of the candidate genes could 

be described by two different mechanisms. The first is by activation of eIF2α-phosphorylation and 

ATF4 activation, or the activation of other transcription factors dependent on eIF2α-phosphorylation. 

As a consequence, there would be enhanced transcription of the candidate genes.  As mentioned 

above, whether these genes are dependent on ATF4 is an interesting possibility that could describe 

functions of GCN2 that differ from the ISR. The second possibility is that GCN2 overexpression affects 

cellular processes such as mitosis, spindle formation and cell cycle, in an unknown mechanism. The 

affected cellular mechanisms could indirectly lead to the up- or downregulation of other proteins or 

genes involved. The candidates may not be direct targets of GCN2, and instead their levels may 

depend on the level of other genes in a complex signaling network, in which GCN2 level may have an 

indirect effect.  

The transcriptomic data had initially predicted negative correlations for NEK2, SMC3 and MAD2L. 

TUBGCP6 had positive correlations with the GCN2 expression level in both the transcriptomic data 

and in the qPCR of cell lines. This suggests that it is more likely to find similarities in the TUBGCP6 

expression of the cell lines and the patient samples.  
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The discrepancy between the qPCR results and the patient data in NEK2, SMC3 and MAD2L can be 

interpreted as a sign of variation between cancer patients. Patient samples represent hundreds of 

tumors while the qPCR results represent a few selected cell lines. Each cell line can be viewed as 

single tumor in the patient data (i.e. a single point in a correlation plot). There may be cancers similar 

to HeLa in which these genes are increased with GCN2-overexpression. Furthermore, the extent of 

GCN2 overexpression was higher in the transduced HeLa cell lines than any of the cancer cell lines 

analyzed. Overall, the expression patterns detected were deemed worthy of further research.  

Expression of the candidate genes are associated with centrosome alterations and chromosome 

misseggregation 

The candidate genes studied in the present work are involved in centrosome function, which is 

important in the context of cancer development. Abnormal centrosome function and aberrant 

distribution of chromosomes accelerate the accumulation of genomic rearrangements and mutations 

in the cell, from which malignancy traits can be acquired (Fukasawa, 2005).  

TUBGCP6 is a protein that is required for the formation of the centrosomes, which then coordinate 

mitosis in the cell (Sir et al., 2013). Overduplication of centrosomes causes an excess of centrosomes 

that associate together and form centrosome-rosettes, which are abnormal mitotic spindles with 

multiple centrosomes. These structures drive an abnormal mitosis observed in cancer (Cosenza et al., 

2017). It would be interesting to check whether overexpression of TUBGCP6 is linked to excess of 

centrosomes or related function abnormalities. If the expression of TUBGCP6 has an impact in the 

quality of centrosome function, the increased GCN2 expression may also be linked to centrosome 

disturbances. Both the GCN2-overexpressing cell line and a GCN2 knock-down should be studied for 

disturbances in the centrosomes. 

GCN2 has a role in the G1-S transition (Tvegård et al., 2007), and in this period of the cell cycle, other 

processes related to the centrosome are active. First, biogenesis of the centrosome is regulated 

through the cell cycle to ensure that it happens only once per cycle, and with a single centrosome 

duplication per cycle. Centrosome biogenesis starts at the G1-S transition, reaching completion at the 

G2-M transition (Nigg & Holland, 2018). Second, the the polo-like kinase 2 (PLK2) is active at the G1-S 

transition, when it is localized at the centrosome and is required for centrosome duplication in 

human cells (Warnke et al., 2004). PLK2 is an ATF4 target that was found positively and significantly 

correlated to GCN2 in the transcriptomic patient data (Table 8, page 44). The facts that these 

centrosome-related functions are happening at the G1-S transition, and that GCN2 has been 

previously found to have a role in the same cell cycle phase, raise the question of whether GCN2 

could have a function at the G1-S transition associated with centrosome duplication.  

Alterations in the expression of MAD2L1, SMC3 and NEK2  

Alterations in the expression of MAD2L1, SMC2 and NEK2 are also associated with mitotic defects 

and chromosome missegregation. 

MAD2L1 overexpression causes a long mitotic arrest that in turn enables chromosome instability and 

aneuploidy (Sotillo et al., 2007). The severity of the mitotic arrest has been linked to the depletion of 

the MAD2L1-inhibitor, the thyroid hormone receptor interactor 13 (TRIP13) (Marks et al., 2017).  
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SMC3 is a cohesion complex necessary for chromosome cohesion and condensation (Gil-Rodr’\iguez 

et al., 2015), and correct cohesion is important to avoid aneuploidy (Duncan et al., 2012). SMC3 is 

overexpressed in colorectal cancer (Ghiselli & Iozzo, 2000) and the profiling of fibroblasts 

overexpressing SMC3 has revealed the upregulation of oncogenes important for tumorigenesis 

(Ghiselli & Liu, 2005).  

NEK2 is a kinase that phosphorylates C-NAP1, which triggers centrosome separation (Fry, Mayor, et 

al., 1998). Overexpression of NEK2 induces excessive separation of centrosomes and loss of correct  

activity of microtubules (Fry, Meraldi, et al., 1998). In breast cancer cell lines, excess of NEK2 has 

been associated with chromosome instability (Pitner & Saavedra, 2013).  

The altered levels of MAD2L1, SMC3 and NEK2 in the GCN2-overexpressing cell line are findings that 

connect GCN2 with mitosis and chromosome segregation. In cancer, chromosome missegregation is 

a double-edged sword. Low levels are mutagenic and ongocenig, but high levels of chromosome 

missegregation cause extensive DNA damage and trigger cell death (Weaver, Silk, Montagna, 

Verdier-Pinard, & Cleveland, 2007). Cancer cells often develop mutations that inactivate p53, a 

mediator of DNA repair and cell death. In this way, cells with increasing chromosome segregation 

defects and DNA damage can avoid programmed cell death (Pfau & Amon, 2012). In a model 

proposed by Pfau & Amon, 2012, cancer cells that have a low degree of chromosome segregation, 

that manage to tolerate aneuploidy and to adapt to aneuploidy stress, become tumorigenic.  

A study by Silk et al., 2013 has provided evidence for this model. They found that the rate of 

chromosome missegregation can predict whether cells become tumorigenic or die. After a certain 

threshold, increased missegregation leads to cell death. Some drugs for cancer therapy operate in 

the same principle. Taxol, for instance, is a microtubule destabilizer that induces delays by activating 

the spindle assembly checkpoint (SAC) and causes aneuploidy. However, cells with defects in the SAC 

seem to become resistant to the drug (Janssen, Kops, & Medema, 2009). Studying of the signaling 

that controls mitosis and mitotic checkpoints, may reveal ways by which cancer cells hijack these 

systems and manage to become tumorigenic. If GCN2 is involved in these systems, the study of GCN2 

in a context of mitosis could provide new perspectives of chromosome missegregation, as well as 

therapeutic strategies that are based on the role of GCN2 in the mitotic control systems. If GCN2 

overexpression is correlated with chromosome segregation, it would be a strong indication of the 

role of GCN2 in these processes, and might lead to clinically applicable findings. GCN2 could serve as 

a biomarker of cancers that are particularly vulnerable to anti-mitotic treatment strategies.  

Limitations of the study 

Despite having detected differences in the expression patterns, the levels of transcript (messenger 

RNA) does not always reflect the level of protein found in the cell. Differences in the levels of 

transcript and protein has been previously observed in cervical cancers (Lyng et al., 2006). Therefore, 

the patterns observed in the present analysis with qPCR need to be confirmed at the protein level. 

Furthermore, the test of hypotheses about the function of genes of interest should be accompanied 

by phenotypic studies. Alterations of the phenotypes associated with GCN2 and the candidate genes 

have not been described yet. This study served to generate hypotheses based on the observed 

correlations, and these hypotheses need to be confirmed in-vitro as well as in-vivo.  
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If there are phenotypic differences detected, such differences should be studied not only in cell lines. 

Even though cell lines are useful models to study cancer, they offer a narrow view that includes only 

the types of cancer that the cell lines can represent. For example, some cell lines may only represent 

cancers that are the most aggressive and already metastatic, while cancers of slower growth would 

be left out. This problem has been observed in the research of breast cancer (Burdall, Hanby, 

Lansdown, & Speirs, 2003). An alternative to the use of cell lines is the study of xenografts and 

genetically modified mice (GEMM).  

Future directions 

The patterns of expression observed in qPCR with the GCN2-overexpressing cell line need to be 

confirmed with more quantitative studies. The study of a GCN2-knock out with qPCR can confirm 

whether the genes are indeed correlated. Reduction of the expression of GCN2 should change the 

expression of the other gene, if the correlation between both genes is strong. A knockout is more 

appropriate than a knock down because in the latter, changes are transient. In a knockout, sublte 

changes may be more detectable because the absence of GCN2 is constant.   

Once these patterns are confirmed at the levels of both transcript and protein, the effects of GCN2 

on phenotype should be explored in models such as cell lines with GCN2-overexpresson, GCN2-

knockout and GCN2-knockdown. The functions associated with the expression of the candidate 

genes should be studied at the level of phenotype, for example their function in the mitotic spindle, 

the centrosomes and chromosome instability.  

TUBGCP6 is a good candidate for future research, because this gene could be related to centrosomes 

-rosettes and aberrant mitosis. Investigation of the centrosomes and the mitotic spindle by 

immunofluorescence (Donaldson, 1998) could reveal aberrant number or position of the 

centrosomes in the GCN2-knockdown  and the GCN2-overexpressing cell line.  

The study of the function in the mitotic spindle should be studied as well. The kinetochores are 

attached to the chromosomes and should be aligned in the metaphase plate during mitosis 

(Weinberg, 2013, 560). The visualization of chromosome segregation defects could be facilitated with 

the use of CREST antibodies. Chromosome segretation defects could be detected as an abnormal 

distribution of kinetochores, observable with the CREST antibodies.  

Phenotypic differences should be searched in the GCN2-overexpressing cell line and the GCN2-

knockdown. In the present study the survival fraction was measured after exposure to UV radiation 

in the GCN2-overexpressing and the parental cell lines. The GCN2-overexpressing cell line had a 

poorer survival, compared to the parental cell line (page 71). This result is consistent with the theory 

that the role of GCN2 in the ISR is not the reason why high GCN2 levels are advantageous to cancer 

cells. Other types of stress should be studied, particularly starvation because among the ISR kinases 

GCN2 is specifically activated by starvation (Harding et al., 2003).  

Other phenotypes of interest are those suggested by the gene set enrichment analysis (GSEA) of 

transcriptomic data of cervical cancer patient samples. The functions that were selected as hallmarks 

of interest can be a good start to search for phenotypic differences. For instance, the G2-M transition 

can be studied using flow cytometry. The G2-M transition is, however, short and difficult to measure. 

Therefore, one can measure the transition time from S to M, and have an indication of the length of 
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G2. This kind of experiment could reveal alterations in the regulation of entry into mitosis, which 

could be additional evidence of the importance of GCN2 in chromosome instability.  

Migration is another function that should be studied at the level of phenotype. The gene set 

enrichment analysis (GSEA) of genes in the mitotic spindle hallmark revealed gene ontology (GO) 

terms associated with locomotion and migration (page 72). In addition, the GSEA predicted a 

function associated with the Epithelial-Mesenchymal transition (EMT) (page 46), which describes a 

type of migration observed in metastasis (Christiansen & Rajasekaran, 2006). Multiple processes in 

embryogenesis and development of organs rely on the cellular transition between epithelial to 

mesenchymal types, and viceversa. These processes are critical, and are also active in adults, during 

wound healing (Lee, Dedhar, Kalluri, & Thompson, 2006). However, the EMT is also activated in 

tumor cells, where it promotes cell invasion. Environmental stresses such as hypoxia, oxidative stress 

and nutrient deprivation or inflammation induce EMT transcription factors (EMT-TFs), favouring the 

acquisition of malignant traits associated with tumor progression and metastasis (Santamaria, 

Moreno-Bueno, Portillo, & Cano, 2017). It could be possible that GCN2 is connected to EMT due to 

the ISR. Studies has shown that ATF4 protects cells from cell death caused by cell-matrix detachment, 

and that it can promote metastasis (Dey et al., 2015). The use of migration chambers in cell culture 

can be a first approach to the study of migration and GCN2 overexpression. These chambers can be 

used to observe cells migrate to regions of higher nutrition concentration (Shaw, 2005). Another 

general approach is the Wound-scratch assay, which can measure the time that cells require to close 

a wound made on a layer of cells (Liang, Park, & Guan, 2007).  

As it was mentioned earlier, the use of cell lines may have a narrow view of the cancer types studied. 

An alternative to the use of cell lines is the study of xenografts and genetically modified mice 

(GEMM). Xenografts consist of the injection of cancerous cells into immunocompromised 

experimental mice, where cells can proliferate and create tumors. Xenografts offer the possibility to 

study cancer from its beginning, following its development and establishment. Changes made in the 

tumors can be observed in their native microenvironment (Weinberg, 2013, page 587). While 

xenografts may offer a more realistic model of cancer development, they still represent a limited 

population of cancer cell lines. Here is where the use of GEMM can complement the study of 

xenografts. GEMM offer the possibility of select more specific alterations,  keeping a native 

microenvironment for the tumors (Sharpless & DePinho, 2006). A study of a GCN2-overexpressing 

GEMM could be paired to the study of xenografts of cancers having high GCN2, and whether the 

previously detected patterns of expression and phenotypes have an effect on cancer development 

and progression. 
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Conclusion 
We analyzed gene expression data from patient samples with the aim of gaining a better 

understanding of the importance of GCN2 for cancer development and progression. Our analysis 

revealed exciting correlations with pathways highly relevant for cancer. Our results are consistent 

with sporadic reports in the literature and unpublished results from the group, collectively suggesting 

novel functions for GCN2 that are relevant for disease. The search of novel functions of GCN2 was 

supported by the study of gene expression patterns in transcriptomic data. The patterns were 

detected in form of correlations to GCN2, gene sets and analyses that predict functions of such gene 

sets. The predicted functions were then used as a guide to select novel functions of GCN2 that can be 

tested in the laboratory. The study of candidate functions and genes lead to the observation of the 

increased expression of mitosis- and centrosome-related genes in a GCN2-overexpressing cell line, 

which are important for cancer development. With this study, candidates for novel functions of 

GCN2 are presented, which open possibilities for future research. 

 

  



81 
 

Bibliography 
Absher, M. (1973). Hemocytometer counting. In Tissue Culture (pp. 395–397). Elsevier. 

Alsaab, H. O., Sau, S., Alzhrani, R., Tatiparti, K., Bhise, K., Kashaw, S. K., & Iyer, A. K. (2017). PD-1 and 
PD-L1 checkpoint signaling inhibition for cancer immunotherapy: mechanism, combinations, 
and clinical outcome. Frontiers in Pharmacology, 8, 561. 

Ameri, K., & Harris, A. L. (2008). Activating transcription factor 4. The International Journal of 
Biochemistry & Cell Biology, 40(1), 14–21. 

Anda, S., Zach, R., & Grallert, B. (2017). Activation of Gcn2 in response to different stresses. PloS One, 
12(8), e0182143. 

Applied Biosystems. (2010). Applied Biosystems StepOneTM and StepOnePlusTM Real-Time PCR 
Systems Standard Curve Experiments. Retrieved from https://assets.thermofisher.com/TFS-
Assets/LSG/manuals/cms_046735.pdf 

B’chir, W., Maurin, A.-C., Carraro, V., Averous, J., Jousse, C., Muranishi, Y., … Bruhat, A. (2013). The 
eIF2$α$/ATF4 pathway is essential for stress-induced autophagy gene expression. Nucleic Acids 
Research, 41(16), 7683–7699. 

Barber, T. D., McManus, K., Yuen, K. W. Y., Reis, M., Parmigiani, G., Shen, D., … others. (2008). 
Chromatid cohesion defects may underlie chromosome instability in human colorectal cancers. 
Proceedings of the National Academy of Sciences, 105(9), 3443–3448. 

Bates, D., Mächler, M., Bolker, B., & Walker, S. (2015). Fitting Linear Mixed-Effects Models Using 
{lme4}. Journal of Statistical Software, 67(1), 1–48. https://doi.org/10.18637/jss.v067.i01 

Belien, J. A. M., Copper, M. P., Braakhuis, B. J. M., Snow, G. B., & Baak, J. P. A. (1995). Standardization 
of counting micronuclei: definition of a protocol to measure genotoxic damage in human 
exfoliated cells. Carcinogenesis, 16(10), 2395–2400. 

Bi, M., Naczki, C., Koritzinsky, M., Fels, D., Blais, J., Hu, N., … others. (2005). ER stress-regulated 
translation increases tolerance to extreme hypoxia and promotes tumor growth. The EMBO 
Journal, 24(19), 3470–3481. 

Biocision. (n.d.). Snap Freezing. Retrieved from 
http://biocision.com.s219960.gridserver.com/applications/snap-freezing 

Bolker, B. M., Brooks, M. E., Clark, C. J., Geange, S. W., Poulsen, J. R., Stevens, M. H. H., & White, J.-S. 
S. (2009). Generalized linear mixed models: a practical guide for ecology and evolution. Trends 
in Ecology & Evolution, 24(3), 127–135. 

Bolstad, B. M., Irizarry, R. A., Åstrand, M., & Speed, T. P. (2003). A comparison of normalization 
methods for high density oligonucleotide array data based on variance and bias. Bioinformatics, 
19(2), 185–193. 

Brand. (n.d.). Counting chambers. Retrieved from 
https://www.brand.de/fileadmin/user/pdf/GK900/Zaehlkammern/GK900_05_Clinical_Lab_Zae
hlkammern_e.pdf 

Brunner, D., Frank, J., Appl, H., Schöffl, H., Pfaller, W., & Gstraunthaler, G. (2010). The serum-free 
media interactive online database. ALTEX-Alternatives to Animal Experimentation, 27(1), 53–62. 

Buch, K., Peters, T., Nawroth, T., Sänger, M., Schmidberger, H., & Langguth, P. (2012). Determination 



82 
 

of cell survival after irradiation via clonogenic assay versus multiple MTT Assay - A comparative 
study. Radiation Oncology, 7(1), 1. https://doi.org/10.1186/1748-717X-7-1 

Burdall, S. E., Hanby, A. M., Lansdown, M. R. J., & Speirs, V. (2003). Breast cancer cell lines: friend or 
foe? Breast Cancer Research, 5(2), 89. 

Carroll, C. W., Silva, M. C. C., Godek, K. M., Jansen, L. E. T., & Straight, A. F. (2009). Centromere 
assembly requires the direct recognition of CENP-A nucleosomes by CENP-N. Nature Cell 
Biology, 11(7), 896. 

Castilho, B. A., Shanmugam, R., Silva, R. C., Ramesh, R., Himme, B. M., & Sattlegger, E. (2014). 
Keeping the eIF2 alpha kinase Gcn2 in check. Biochimica et Biophysica Acta (BBA)-Molecular Cell 
Research, 1843(9), 1948–1968. 

Chen, L., Mao, S. J., & Larsen, W. J. (1992). Identification of a factor in fetal bovine serum that 
stabilizes the cumulus extracellular matrix. A role for a member of the inter-alpha-trypsin 
inhibitor family. Journal of Biological Chemistry, 267(17), 12380–12386. 

Choi, S. (2010). Systems Biology for Signaling Networks. Springer New York. Retrieved from 
https://books.google.no/books?id=-cnVcd5X4oEC 

Christiansen, J. J., & Rajasekaran, A. K. (2006). Reassessing epithelial to mesenchymal transition as a 
prerequisite for carcinoma invasion and metastasis. Cancer Research, 66(17), 8319–8326. 

Cosenza, M. R., Cazzola, A., Rossberg, A., Schieber, N. L., Konotop, G., Bausch, E., … others. (2017). 
Asymmetric centriole numbers at spindle poles cause chromosome missegregation in cancer. 
Cell Reports, 20(8), 1906–1920. 

Costa-Mattioli, M., Gobert, D., Harding, H., Herdy, B., Azzi, M., Bruno, M., … others. (2005). 
Translational control of hippocampal synaptic plasticity and memory by the eIF2$α$ kinase 
GCN2. Nature, 436(7054), 1166. 

DeliveReD, G. (2012). ATCC®ANIMAL CELL CULTURE GUIDE. 

Dever, T. E., Chen, J.-J., Barber, G. N., Cigan, A. M., Feng, L., Donahue, T. F., … Hinnebusch, A. G. 
(1993). Mammalian eukaryotic initiation factor 2 alpha kinases functionally substitute for GCN2 
protein kinase in the GCN4 translational control mechanism of yeast. Proceedings of the 
National Academy of Sciences, 90(10), 4616–4620. 

Dey, S., Sayers, C. M., Verginadis, I. I., Lehman, S. L., Cheng, Y., Cerniglia, G. J., … others. (2015). ATF4-
dependent induction of heme oxygenase 1 prevents anoikis and promotes metastasis. The 
Journal of Clinical Investigation, 125(7), 2592–2608. 

Donaldson, J. G. (1998). Immunofluorescence staining. Current Protocols in Cell Biology, (1), 3–4. 

Duncan, F. E., Hornick, J. E., Lampson, M. A., Schultz, R. M., Shea, L. D., & Woodruff, T. K. (2012). 
Chromosome cohesion decreases in human eggs with advanced maternal age. Aging Cell, 11(6), 
1121–1124. 

EMBL. (n.d.). Protein Purification - Extraction and Clarification - Choice of lysis buffer and additives. 
Retrieved from 
https://www.embl.de/pepcore/pepcore_services/protein_purification/extraction_clarification/l
ysis_buffer_additives/ 

Fox, J., & Weisberg, S. (2011). An {R} Companion to Applied Regression (Second). Thousand Oaks 



83 
 

{CA}: Sage. Retrieved from http://socserv.socsci.mcmaster.ca/jfox/Books/Companion 

Fry, A. M., Mayor, T., Meraldi, P., Stierhof, Y.-D., Tanaka, K., & Nigg, E. A. (1998). C-Nap1, a novel 
centrosomal coiled-coil protein and candidate substrate of the cell cycle--regulated protein 
kinase Nek2. The Journal of Cell Biology, 141(7), 1563–1574. 

Fry, A. M., Meraldi, P., & Nigg, E. A. (1998). A centrosomal function for the human Nek2 protein 
kinase, a member of the NIMA family of cell cycle regulators. The EMBO Journal, 17(2), 470–
481. 

Fukasawa, K. (2005). Centrosome amplification, chromosome instability and cancer development. 
Cancer Letters, 230(1), 6–19. 

Gallagher, S. (n.d.-a). Immunoblot Detection. Current Protocols in Food Analytical Chemistry, 2(1), 
B3.4.1-B3.4.11. https://doi.org/10.1002/0471142913.fab0304s02 

Gallagher, S. (n.d.-b). Immunoblot Detection. Current Protocols in Food Analytical Chemistry, 2(1), 
B3.4.1-B3.4.11. https://doi.org/10.1002/0471142913.fab0304s02 

Ghiselli, G., & Iozzo, R. V. (2000). Overexpression of bamacan/SMC3 causes transformation. Journal 
of Biological Chemistry, 275(27), 20235–20238. 

Ghiselli, G., & Liu, C.-G. (2005). Global gene expression profiling of cells overexpressing SMC3. 
Molecular Cancer, 4(1), 34. 

Gil-Rodr’\iguez, M. C., Deardorff, M. A., Ansari, M., Tan, C. A., Parenti, I., Baquero-Montoya, C., … 
others. (2015). De Novo Heterozygous Mutations in SMC3 Cause a Range of C ornelia de L ange 
Syndrome-Overlapping Phenotypes. Human Mutation, 36(4), 454–462. 

Guo, F., & Cavener, D. R. (2007). The GCN2 eIF2$α$ kinase regulates fatty-acid homeostasis in the 
liver during deprivation of an essential amino acid. Cell Metabolism, 5(2), 103–114. 

Harding, H. P., Zhang, Y., Bertolotti, A., Zeng, H., & Ron, D. (2000). Perk is essential for translational 
regulation and cell survival during the unfolded protein response. Molecular Cell, 5(5), 897–904. 

Harding, H. P., Zhang, Y., Zeng, H., Novoa, I., Lu, P. D., Calfon, M., … Ron, D. (2003). An integrated 
stress response regulates amino acid metabolism and resistance to oxidative stress. Molecular 
Cell, 11(3), 619–633. https://doi.org/10.1016/S1097-2765(03)00105-9 

Hopp, T., & Prickett, K. S. (1988). A short plypeptide marker sequence useful for recombinant protein 
identification and purification. Nature Biotechnology, 1542, 33–36. 
https://doi.org/10.1017/CBO9781107415324.004 

Hothorn, T., Bretz, F., & Westfall, P. (2008). Simultaneous Inference in General Parametric Models. 
Biometrical Journal, 50(3), 346–363. 

Hwang, S.-Y., Kim, M.-K., & Kim, J.-C. (2000). Cloning of hHRI, human heme-regulated eukaryotic 
initiation factor 2$α$ kinase: down-regulated in epithelial ovarian cancers. Molecules and Cells, 
10(5), 584–591. 

Invitrogen. (2006). Phallotoxins. 

Jackson, R. J., Hellen, C. U. T., & Pestova, T. V. (2010). The mechanism of eukaryotic translation 
initiation and principles of its regulation. Nature Reviews Molecular Cell Biology, 11(2), 113. 

Janssen, A., Kops, G. J. P. L., & Medema, R. H. (2009). Elevating the frequency of chromosome mis-



84 
 

segregation as a strategy to kill tumor cells. Proceedings of the National Academy of Sciences, 
106(45), 19108–19113. 

Jiang, H.-Y., & others. (2005). GCN2 phosphorylation of eIF2$α$ activates NF-$κ$B in response to UV 
irradiation. Biochemical Journal, 385(2), 371–380. 

Kapuscinski, J. (1995). DAPI: A DMA-Specific fluorescent probe. Biotechnic and Histochemistry, 70(5), 
220–233. https://doi.org/10.3109/10520299509108199 

Knutsen, J. H. J. (2014). Mechanisms regulating the G1-S transition in fission yeast. University of Oslo. 

Koromilas, A. E. (2015). Roles of the translation initiation factor eIF2$α$ serine 51 phosphorylation in 
cancer formation and treatment. Biochimica et Biophysica Acta (BBA)-Gene Regulatory 
Mechanisms, 1849(7), 871–880. 

Koyanagi, S., Hamdan, A. M., Horiguchi, M., Kusunose, N., Okamoto, A., Matsunaga, N., & Ohdo, S. 
(2011). cAMP response element-mediated transcription by activating transcription factor-4 
(ATF4) is essential for circadian expression of the Period2 gene. Journal of Biological Chemistry, 
jbc--M111. 

Krohn, M., Skjølberg, H. C., Soltani, H., Grallert, B., & Boye, E. (2008). The G1-S checkpoint in fission 
yeast is not a general DNA damage checkpoint. J Cell Sci, 121(24), 4047–4054. 

Kruger, N. J. (2002). The Bradford method for protein quantitation. In The protein protocols 
handbook (pp. 15–21). Springer. 

Kuhen, K. L., Shen, X., Carlisle, E. R., Richardson, A. L., Weier, H.-U. G., Tanaka, H., & Samuel, C. E. 
(1996). Structural organization of the human gene (PKR) encoding an interferon-inducible RNA-
dependent protein kinase (PKR) and differences from its mouse homolog. Genomics, 36(1), 
197–201. 

Labib, K., Tercero, J. A., & Diffley, J. F. X. (2000). Uninterrupted MCM2-7 function required for DNA 
replication fork progression. Science, 288(5471), 1643–1647. 

Lee, J. M., Dedhar, S., Kalluri, R., & Thompson, E. W. (2006). The epithelial--mesenchymal transition: 
new insights in signaling, development, and disease. J Cell Biol, 172(7), 973–981. 

Lehman, S. L., Cerniglia, G. J., Johannes, G. J., Ye, J., Ryeom, S., & Koumenis, C. (2015). Translational 
upregulation of an individual p21Cip1 transcript variant by GCN2 regulates cell proliferation and 
survival under nutrient stress. PLoS Genetics, 11(6), e1005212. 

Lehman, S. L., Ryeom, S., & Koumenis, C. (2015). Signaling through alternative Integrated Stress 
Response pathways compensates for GCN2 loss in a mouse model of soft tissue sarcoma. 
Scientific Reports, 5, 11781. 

Lewin, B., Cassimeris, L., Plopper, G., & Lingappa, V. R. (2007). Cells. Jones and Bartlett Publishers. 
Retrieved from https://books.google.no/books?id=2VEGC8j9g9wC 

Li, Y., & Benezra, R. (1996). Identification of a human mitotic checkpoint gene: hsMAD2. Science, 
274(5285), 246–248. 

Liang, C.-C., Park, A. Y., & Guan, J.-L. (2007). In vitro scratch assay: a convenient and inexpensive 
method for analysis of cell migration in vitro. Nature Protocols, 2(2), 329. 

Liberzon, A., Subramanian, A., Pinchback, R., Thorvaldsdóttir, H., Tamayo, P., & Mesirov, J. P. (2011). 
Molecular signatures database (MSigDB) 3.0. Bioinformatics, 27(12), 1739–1740. 



85 
 

Liu, Y., Shin, S., Zeng, X., Zhan, M., Gonzalez, R., Mueller, F.-J., … others. (2006). Genome wide 
profiling of human embryonic stem cells (hESCs), their derivatives and embryonal carcinoma 
cells to develop base profiles of US Federal government approved hESC lines. BMC 
Developmental Biology, 6(1), 20. 

Luzhna, L., Kathiria, P., & Kovalchuk, O. (2013). Micronuclei in genotoxicity assessment: from genetics 
to epigenetics and beyond. Frontiers in Genetics, 4, 131. 

Lyng, H., Brøvig, R. S., Svendsrud, D. H., Holm, R., Kaalhus, O., Knutstad, K., … Stokke, T. (2006). Gene 
expressions and copy numbers associated with metastatic phenotypes of uterine cervical 
cancer. BMC Genomics, 7(1), 268. 

Maliekal, T. T., Anto, R. J., & Karunagaran, D. (2004). Differential activation of Smads in HeLa and SiHa 
cells that differ in their response to transforming growth factor-$β$. Journal of Biological 
Chemistry, 279(35), 36287–36292. 

Marks, D. H., Thomas, R., Chin, Y., Shah, R., Khoo, C., & Benezra, R. (2017). Mad2 overexpression 
uncovers a critical role for TRIP13 in mitotic exit. Cell Reports, 19(9), 1832–1845. 

Marton, M. J., Crouch, D., & Hinnebusch, A. G. (1993). GCN1, a translational activator of GCN4 in 
Saccharomyces cerevisiae, is required for phosphorylation of eukaryotic translation initiation 
factor 2 by protein kinase GCN2. Molecular and Cellular Biology, 13(6), 3541–3556. 

Mastrangelopoulou, Campsteijn, G. (2017). GCN2-knock down phenotypes. 

McDonald, J. H., & of Delaware, U. (2014). Handbook of Biological Statistics. Sparky House Publishing. 
Retrieved from https://books.google.no/books?id=AsRTywAACAAJ 

Miller, B. M., & Adler, I.-D. (1990). Application of antikinetochore antibody staining (CREST staining) 
to micronuclei in erythrocytes induced in vivo. Mutagenesis, 5(4), 411–415. 

Mukaka, M. M. (2012). A guide to appropriate use of correlation coefficient in medical research. 
Malawi Medical Journal, 24(3), 69–71. 

Munshi, A., Hobbs, M., & Meyn, R. E. (n.d.). Clonogenic Cell Survival Assay. Chemosensitivity, 110, 
021–028. https://doi.org/10.1385/1-59259-869-2:021 

Murphy, S. M., Preble, A. M., Patel, U. K., O’Connell, K. L., Dias, D. P., Moritz, M., … Stearns, T. (2001). 
GCP5 and GCP6: two new members of the human $γ$-tubulin complex. Molecular Biology of 
the Cell, 12(11), 3340–3352. 

Nigg, E. A., & Holland, A. J. (2018). Once and only once: mechanisms of centriole duplication and their 
deregulation in disease. Nature Reviews Molecular Cell Biology. 

Nigg, E. A., & Raff, J. W. (2009). Centrioles, centrosomes, and cilia in health and disease. Cell, 139(4), 
663–678. 

NOVUS-Biologicals. (2011). Beta Actin and GAPDH: The Importance of Loading Controls. Retrieved 
from https://www.novusbio.com/antibody-news/antibodies/the-importance-of-beta-actin-and-
gapdh-loading-controls 

Ogle, D. H. (2018). FSA: Fisheries Stock Analysis. 

Peterson, T. (n.d.). Densitometric Analysis using NIH Image. Retrieved from 
http://www.navbo.info/DensitometricAnalysys-NIHimage.pdf 



86 
 

Pfau, S. J., & Amon, A. (2012). Chromosomal instability and aneuploidy in cancer: from yeast to 
man:“Exploring aneuploidy: the significance of chromosomal imbalance”review series. EMBO 
Reports, 13(6), 515–527. 

Pitner, M. K. H., & Saavedra, H. I. (2013). Cdk4 and nek2 signal binucleation and centrosome 
amplification in a her2+ breast cancer model. PLoS One, 8(6), e65971. 

Powley, I. R., Kondrashov, A., Young, L. A., Dobbyn, H. C., Hill, K., Cannell, I. G., … Willis, A. E. (2009). 
Translational reprogramming following UVB irradiation is mediated by DNA-PKcs and allows 
selective recruitment to the polysomes of mRNAs encoding DNA repair enzymes. Genes and 
Development, 23(10), 1207–1220. https://doi.org/10.1101/gad.516509 

PubChem Compound. (n.d.). Bromophenol Blue - Use and Manufacturing. Retrieved from 
https://pubchem.ncbi.nlm.nih.gov/compound/8272#section=Use-and-Manufacturing 

Quackenbush, J. (2002). Microarray data normalization and transformation. Nature Genetics, 32, 496. 

Ravishankar, B., Liu, H., Shinde, R., Chaudhary, K., Xiao, W., Bradley, J., … McGaha, T. L. (2015). The 
amino acid sensor GCN2 inhibits inflammatory responses to apoptotic cells promoting tolerance 
and suppressing systemic autoimmunity. Proceedings of the National Academy of Sciences, 
112(34), 10774–10779. 

Roszik, J., Wu, C.-J., Siroy, A. E., Lazar, A. J., Davies, M. A., Woodman, S. E., & Kwong, L. N. (2016). 
Somatic copy number alterations at oncogenic loci show diverse correlations with gene 
expression. Scientific Reports, 6, 19649. 

Samejima, K., & Earnshaw, W. C. (2005). Trashing the genome: the role of nucleases during 
apoptosis. Nature Reviews Molecular Cell Biology, 6, 677. Retrieved from 
http://dx.doi.org/10.1038/nrm1715 

Santamaria, P. G., Moreno-Bueno, G., Portillo, F., & Cano, A. (2017). EMT: present and future in 
clinical oncology. Molecular Oncology, 11(7), 718–738. 

Sattlegger, E., & Hinnebusch, A. G. (2005). Polyribosome binding by GCN1 is required for full 
activation of eukaryotic translation initiation factor 2$α$ kinase GCN2 during amino acid 
starvation. Journal of Biological Chemistry, 280(16), 16514–16521. 

Schneider, C. A., Rasband, W. S., & Eliceiri, K. W. (2012). NIH Image to ImageJ: 25 years of image 
analysis. Nature Methods, 9(7), 671. 

Schultz, S. J., Fry, A. M., Sutterlin, C., Ried, T., & Nigg, E. A. (1994). Cell cycle-dependent expression of 
Nek2, a novel human protein kinase related to the NIMA mitotic regulator of Aspergillus 
nidulans. Cell Growth and Differentiation-Publication American Association for Cancer Research, 
5(6), 625–636. 

Seltman, H. J. (2018). Chapter 15 Mixed Models: A flexible approach to correlated data. In 
Experimental Design and Analysis (pp. 357–378). Retrieved from 
http://www.stat.cmu.edu/~hseltman/309/Book/Book.pdf 

Sharpless, N. E., & DePinho, R. A. (2006). Model organisms: The mighty mouse: genetically 
engineered mouse models in cancer drug development. Nature Reviews Drug Discovery, 5(9), 
741. 

Shaw, L. M. (2005). Tumor cell invasion assays. In Cell Migration (pp. 97–105). Springer. 



87 
 

Sidrauski, C., Acosta-Alvear, D., Khoutorsky, A., Vedantham, P., Hearn, B. R., Li, H., … others. (2013). 
Pharmacological brake-release of mRNA translation enhances cognitive memory. Elife, 2, 
e00498. 

Sigma-Aldrich. (n.d.). Benzonase Nuclease. Retrieved from https://www.sigmaaldrich.com/technical-
documents/articles/biology/answers-to-questions-about-benzonase-nuclease.html 

Sigma-Aldritch. (n.d.). Bromophenol blue, product specification. Retrieved from 
https://www.sigmaaldrich.com/Graphics/COfAInfo/SigmaSAPQM/SPEC/B0/B0126/B0126-
BULK________SIAL_____.pdf 

Silk, A. D., Zasadil, L. M., Holland, A. J., Vitre, B., Cleveland, D. W., & Weaver, B. A. (2013). 
Chromosome missegregation rate predicts whether aneuploidy will promote or suppress 
tumors. Proceedings of the National Academy of Sciences, 110(44), E4134--E4141. 

Sir, J.-H., Pütz, M., Daly, O., Morrison, C. G., Dunning, M., Kilmartin, J. V, & Gergely, F. (2013). Loss of 
centrioles causes chromosomal instability in vertebrate somatic cells. J Cell Biol, 203(5), 747–
756. 

Sotillo, R., Hernando, E., D’\iaz-Rodr’\iguez, E., Teruya-Feldstein, J., Cordón-Cardo, C., Lowe, S. W., & 
Benezra, R. (2007). Mad2 overexpression promotes aneuploidy and tumorigenesis in mice. 
Cancer Cell, 11(1), 9–23. 

Subramanian, A.-R. (1983). Structure qnd Functions of Ribosomal Protein S1. In Progress in nucleic 
acid research and molecular biology (Vol. 28, pp. 101–142). Elsevier. 

Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., … others. 
(2005). Gene set enrichment analysis: a knowledge-based approach for interpreting genome-
wide expression profiles. Proceedings of the National Academy of Sciences, 102(43), 15545–
15550. 

Thermofisher. (n.d.). Protein gel electrophoresis technical handbook. Retrieved from 
https://www.thermofisher.com/content/dam/LifeTech/global/Forms/PDF/protein-gel-
electrophoresis-technical-handbook.pdf 

ThermoFisher. (n.d.). Guidelines for Maintaining Cultured Cells. Retrieved from 
https://www.thermofisher.com/no/en/home/references/gibco-cell-culture-basics/cell-culture-
protocols/maintaining-cultured-cells.html 

ThermoFisher. (n.d.). PCR basics. Retrieved from https://www.thermofisher.com/no/en/home/life-
science/cloning/cloning-learning-center/invitrogen-school-of-molecular-biology/pcr-
education/pcr-reagents-enzymes/pcr-basics.html 

ThermoFisher. (n.d.). Preparing Fixed Cells for Labeling. Retrieved from 
https://www.thermofisher.com/no/en/home/life-science/cell-analysis/cell-analysis-learning-
center/molecular-probes-school-of-fluorescence/imaging-basics/sample-
considerations/preparing-fixed-cells-imaging.html 

ThermoFisher. (n.d.). Reverse Transcription Reaction Setup—Seven Important Considerations. 
Retrieved from https://www.thermofisher.com/no/en/home/life-science/cloning/cloning-
learning-center/invitrogen-school-of-molecular-biology/rt-education/reverse-transcription-
setup.html 

ThermoFisher. (n.d.). Technical Bulletin #159: Working with RNA. Retrieved from 
https://www.thermofisher.com/no/en/home/references/ambion-tech-support/nuclease-



88 
 

enzymes/general-articles/working-with-rna.html 

Tvegård, T., Soltani, H., Skjølberg, H. C., Krohn, M., Nilssen, E. A., Kearsey, S. E., … Boye, E. (2007). A 
novel checkpoint mechanism regulating the G1/S transition. Genes & Development, 21(6), 649–
654. 

University, T. (n.d.). Guide to mixed models in R. Retrieved from 
https://ase.tufts.edu/gsc/gradresources/guidetomixedmodelsinr/mixed model guide.html 

Valente, V., Teixeira, S. A., Neder, L., Okamoto, O. K., Oba-Shinjo, S. M., Marie, S. K. N., … Carlotti, C. 
G. (2009). Selection of suitable housekeeping genes for expression analysis in glioblastoma 
using quantitative RT-PCR. BMC Molecular Biology, 10, 1–11. https://doi.org/10.1186/1471-
2199-10-17 

Vander Heiden, M. G., Cantley, L. C., & Thompson, C. B. (2009). Understanding the Warburg effect: 
the metabolic requirements of cell proliferation. Science, 324(5930), 1029–1033. 

Vaughan, L., for Information Science, A. S., & Technology. (2001). Statistical Methods for the 
Information Professional: A Practical, Painless Approach to Understanding, Using, and 
Interpreting Statistics. American Society for Information Science and Technology. Retrieved 
from https://books.google.no/books?id=EEuYo-bEzHMC 

Vaupel, P., Kallinowski, F., & Okunieff, P. (1989). Blood flow, oxygen and nutrient supply, and 
metabolic microenvironment of human tumors: a review. Cancer Research, 49(23), 6449–6465. 

Venables, W. N., & Ripley, B. D. (2002). Modern Applied Statistics with S (Fourth). New York: Springer. 
Retrieved from http://www.stats.ox.ac.uk/pub/MASS4 

Vernon, E., Meyer, G., Pickard, L., Dev, K., Molnar, E., Collingridge, G. L., & Henley, J. M. (2001). 
GABAB receptors couple directly to the transcription factor ATF4. Molecular and Cellular 
Neuroscience, 17(4), 637–645. 

Warnke, S., Kemmler, S., Hames, R. S., Tsai, H.-L., Hoffmann-Rohrer, U., Fry, A. M., & Hoffmann, I. 
(2004). Polo-like kinase-2 is required for centriole duplication in mammalian cells. Current 
Biology, 14(13), 1200–1207. 

Weaver, B. A. A., Silk, A. D., Montagna, C., Verdier-Pinard, P., & Cleveland, D. W. (2007). Aneuploidy 
acts both oncogenically and as a tumor suppressor. Cancer Cell, 11(1), 25–36. 

Weber, K., & Osborn, M. (1969). The reliability of molecular weight determinations by dodecyl 
sulfate-polyacrylamide gel electrophoresis. Journal of Biological Chemistry, 244(16), 4406–4412. 

Weinberg, R. (2013). The biology of cancer. Garland science. 

Wek, R. C., Jiang, H.-Y., & Anthony, T. G. (2006). Coping with stress: eIF2 kinases and translational 
control. Portland Press Limited. 

Wethmar, K., Barbosa-Silva, A., Andrade-Navarro, M. A., & Leutz, A. (2013). uORFdb—a 
comprehensive literature database on eukaryotic uORF biology. Nucleic Acids Research, 42(D1), 
D60--D67. 

Yang, W., & Lu, Z. (2013). Nuclear PKM2 regulates the Warburg effect. Cell Cycle, 12(19), 3343–3347. 

Yang, X., Matsuda, K., Bialek, P., Jacquot, S., Masuoka, H. C., Schinke, T., … others. (2004). ATF4 is a 
substrate of RSK2 and an essential regulator of osteoblast biology: implication for Coffin-Lowry 
syndrome. Cell, 117(3), 387–398. 



89 
 

Ye, J., Kumanova, M., Hart, L. S., Sloane, K., Zhang, H., De Panis, D. N., … Koumenis, C. (2010). The 
GCN2-ATF4 pathway is critical for tumour cell survival and proliferation in response to nutrient 
deprivation. The EMBO Journal, 29(12), 2082–2096. 

Ye, J., Mancuso, A., Tong, X., Ward, P. S., Fan, J., Rabinowitz, J. D., & Thompson, C. B. (2012). Pyruvate 
kinase M2 promotes de novo serine synthesis to sustain mTORC1 activity and cell proliferation. 
Proceedings of the National Academy of Sciences, 109(18), 6904–6909. 

Zhang, P., McGrath, B. C., Reinert, J., Olsen, D. S., Lei, L., Gill, S., … others. (2002). The GCN2 eIF2$α$ 
kinase is required for adaptation to amino acid deprivation in mice. Molecular and Cellular 
Biology, 22(19), 6681–6688. 

 

  



90 
 

Appendixes 
 

Appendix 1.  Supplementary material: tables with additional information 

Appendix 2. Output for mixed models in R 

Appendix 3. Programs for the transcriptomic data correlation analysis and candidate gene selection 

  



91 
 

Appendix 1. Supplementary material: tables with additional information 
 

Supplementary table 1. Summary of clinical information of patient samples 

Patients were prospectively recruited for chemoradiotherapy at the Norwegian Radium Hospital 

(Oslo, Norway) from 2001 to 2012. Informed consent was provided and the study was approved by 

the Regional Committee for Medical and Health Research Ethics in southern Norway (S-01129). 

Tumor volume was measured with magnetic resonance imaging (MRI) or computed tomography (CT). 

Lymphatic node stage was recorded whether there was metastasis present. All samples were graded 

with an aggressiveness stage defined by the Federation International de Gynecologie et d’Obstetrique 

(FIGO stage). 

 Cohort 1 (n=150) Cohort 2 (n=131) 

Dataset information   
Number of patients 150 131 
Illumina BeadArray version WG-6 v3 HT-12 v4 
Reannotation file illuminaHumanv3.db illuminaHumanv4.db 
Diagnostic information   
FIGO stagea No. % No. % 
 1 - 2 103 69  99 75 
 3 - 4 47 31  32 25 
Pelvic lymph node statusb   
 Positive 64 43 57 44 
 Negative 86 57 74 56 
Relapsec   
 Positive 46 31 31 24 
 Negative 104 69 100 76 
Abbreviations: FIGO, Federation International de Gynecologie et d’Obstetrique. 
aSamples were grouped by FIGO stages, so that stages 1 and 2 were one group, and 3 and 4 the second. bLymph node 
metastasis detected at diagnosis with MRI or CT. 
FIGO stages: 1- Cervival carcinoma (CC) confined to cervix, 2- CC invades beyond the uterus, 3- CC extends to the pelvic 
wall, lower third of vagina, and causes non-functional kidney, 4- Tumor invades mucosa of bladder or rectum, extends 
beyond true pelvis (Pecorelli, 2009).  

cRelapse or death after five years of follow up corresponds to positive. 
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Supplementary table 2. Gene set analysis of GCN1- and GCN2- correlating genes in cervical 
cancer. 

 Overlap between the GCN1 or GCN2 positively-correlating genes and MSigDB Hallmark gene sets. The 
significant gene sets (FDR q < 0.05) are shown. Gene sets common between GCN1 and GCN2 are highlighted in 
grey. 

 

 Gene Set Name Genes in set Genes in overlap p-value FDR q-value 

  Genes in comparison, GCN1-correlated n = 1189       

 MITOTIC SPINDLE 200 33 2.51E-17 1.26E-15 
 MYC TARGETS V2 58 15 1.47E-11 2.78E-10 
 G2M CHECKPOINT 200 26 1.67E-11 2.78E-10 
 APICAL JUNCTION 200 25 9.59E-11 1.20E-09 
 PI3K AKT MTOR SIGNALING 105 15 8.85E-08 8.85E-07 
 ADIPOGENESIS 200 19 1.28E-06 1.07E-05 
 UNFOLDED PROTEIN RESPONSE 113 13 7.53E-06 5.38E-05 
 DNA REPAIR 150 15 8.79E-06 5.49E-05 
 ESTROGEN RESPONSE EARLY 200 17 1.98E-05 1.10E-04 
 HALLMARK HEME METABOLISM 200 16 7.13E-05 3.24E-04 
 MYOGENESIS 200 16 7.13E-05 3.24E-04 
 GLYCOLYSIS 200 15 2.41E-04 1.00E-03 
 HYPOXIA 200 14 7.60E-04 2.71E-03 
 MTORC1 SIGNALING 200 14 7.60E-04 2.71E-03 
 NOTCH SIGNALING 32 5 1.29E-03 4.28E-03 
 Genes in comparison, GCN2-correlated n = 893 

 
 

      

APICAL JUNCTION 200 21 3.19E-10 1.59E-08   

EPITHELIAL MESENCHYMAL TRANSITION 200 18 6.44E-08 1.07E-06   

MITOTIC SPINDLE 200 18 6.44E-08 1.07E-06   

UV RESPONSE DN 144 12 2.15E-05 2.69E-04   

HYPOXIA 200 12 4.86E-04 3.47E-03   

MYOGENESIS 200 12 4.86E-04 3.47E-03   

P53 PATHWAY 200 12 4.86E-04 3.47E-03   

MYC TARGETS V2 58 6 8.07E-04 5.04E-03   

UNFOLDED PROTEIN RESPONSE 113 8 1.46E-03 6.91E-03   

ESTROGEN RESPONSE EARLY 200 11 1.66E-03 6.91E-03   

G2M CHECKPOINT 200 11 1.66E-03 6.91E-03   

GLYCOLYSIS 200 11 1.66E-03 6.91E-03   
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Supplementary table 3. Gene set analysis of GCN1- and GCN2- correlating genes in cervical cancer. 

Overlap between the GCN1 or GCN2 negatively-correlating genes and MSigDB Hallmark gene sets. The significant 
gene sets (FDR q < 0.05) are shown. Gene sets common between GCN1 and GCN2 are highlighted in grey. 

Gene Set Name 
Genes in 
gene set 

Genes in 
overlap p-value FDR q-value 

Genes in comparison, GCN1-correlated n = 1939 

   E2F_TARGETS 200 60 2.76E-34 1.38E-32 
OXIDATIVE_PHOSPHORYLATION 200 49 6.74E-24 1.68E-22 
MYC_TARGETS_V1 200 46 2.64E-21 4.40E-20 
PROTEIN_SECRETION 96 32 1.63E-20 2.04E-19 
MTORC1_SIGNALING 200 42 5.07E-18 5.07E-17 
DNA_REPAIR 150 36 1.25E-17 1.04E-16 
ADIPOGENESIS 200 38 6.03E-15 4.30E-14 
G2M_CHECKPOINT 200 37 3.27E-14 1.63E-13 
GLYCOLYSIS 200 37 3.27E-14 1.63E-13 
INTERFERON_GAMMA_RESPONSE 200 37 3.27E-14 1.63E-13 
APOPTOSIS 161 32 2.22E-13 1.01E-12 
COMPLEMENT 200 35 8.70E-13 3.63E-12 
KRAS_SIGNALING_UP 200 34 4.27E-12 1.64E-11 
HEME_METABOLISM 200 33 2.02E-11 7.21E-11 
ALLOGRAFT_REJECTION 200 31 4.07E-10 1.36E-09 
FATTY_ACID_METABOLISM 158 27 5.88E-10 1.84E-09 
IL2_STAT5_SIGNALING 200 30 1.72E-09 5.07E-09 
INTERFERON_ALPHA_RESPONSE 97 18 1.14E-07 3.16E-07 
UV_RESPONSE_DN 144 22 1.75E-07 4.61E-07 
P53_PATHWAY 200 26 3.77E-07 9.38E-07 
PI3K_AKT_MTOR_SIGNALING 105 18 3.94E-07 9.38E-07 
ANDROGEN_RESPONSE 101 17 1.07E-06 2.44E-06 
ESTROGEN_RESPONSE_LATE 200 25 1.31E-06 2.84E-06 
PEROXISOME 104 17 1.63E-06 3.41E-06 
TNFA_SIGNALING_VIA_NFKB 200 24 4.34E-06 8.67E-06 
UNFOLDED_PROTEIN_RESPONSE 113 17 5.26E-06 1.01E-05 
UV_RESPONSE_UP 158 20 1.20E-05 2.22E-05 
HYPOXIA 200 23 1.38E-05 2.29E-05 
INFLAMMATORY_RESPONSE 200 23 1.38E-05 2.29E-05 
MITOTIC_SPINDLE 200 23 1.38E-05 2.29E-05 
BILE_ACID_METABOLISM 112 16 1.92E-05 3.10E-05 
REACTIVE_OXIGEN_SPECIES_PATHWAY 49 10 3.14E-05 4.91E-05 
XENOBIOTIC_METABOLISM 200 22 4.16E-05 6.31E-05 
CHOLESTEROL_HOMEOSTASIS 74 12 5.87E-05 8.63E-05 
TGF_BETA_SIGNALING 54 10 7.55E-05 1.08E-04 
EPITHELIAL_MESENCHYMAL_TRANSITION 200 21 1.20E-04 1.67E-04 
COAGULATION 138 15 7.44E-04 1.01E-03 
APICAL_JUNCTION 200 19 8.58E-04 1.13E-03 
IL6_JAK_STAT3_SIGNALING 87 10 3.61E-03 4.62E-03 
ESTROGEN_RESPONSE_EARLY 
 
 
 
 

200 17 4.96E-03 6.20E-03 
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Genes in comparison, GCN2-correlated n = 2376 
 

   E2F_TARGETS 200 78 5.78E-46 2.89E-44 
MYC_TARGETS_V1 200 71 9.28E-39 2.32E-37 
OXIDATIVE_PHOSPHORYLATION 200 69 8.72E-37 1.45E-35 
DNA_REPAIR 150 48 2.23E-24 2.78E-23 

ADIPOGENESIS 200 54 2.89E-23 2.89E-22 

MTORC1_SIGNALING 200 53 1.89E-22 1.58E-21 

G2M_CHECKPOINT 200 48 1.55E-18 1.11E-17 

INTERFERON_GAMMA_RESPONSE 200 46 4.73E-17 2.96E-16 

FATTY_ACID_METABOLISM 158 40 1.49E-16 8.28E-16 

APOPTOSIS 161 36 2.85E-13 1.43E-12 
PROTEIN_SECRETION 96 27 7.84E-13 3.56E-12 
ESTROGEN_RESPONSE_LATE 200 36 2.13E-10 8.21E-10 
HEME_METABOLISM 200 36 2.13E-10 8.21E-10 
ANDROGEN_RESPONSE 101 24 6.64E-10 2.37E-09 
COMPLEMENT 200 35 8.30E-10 2.77E-09 
UNFOLDED_PROTEIN_RESPONSE 113 25 1.47E-09 4.60E-09 
ALLOGRAFT_REJECTION 200 34 3.12E-09 8.22E-09 
IL2_STAT5_SIGNALING 200 34 3.12E-09 8.22E-09 
P53_PATHWAY 200 34 3.12E-09 8.22E-09 
PEROXISOME 104 23 6.63E-09 1.66E-08 

REACTIVE_OXIGEN_SPECIES_PATHWAY 49 15 2.66E-08 6.34E-08 

UV_RESPONSE_UP 158 27 1.12E-07 2.55E-07 

KRAS_SIGNALING_UP 200 31 1.35E-07 2.81E-07 

MITOTIC_SPINDLE 200 31 1.35E-07 2.81E-07 

GLYCOLYSIS 200 30 4.39E-07 8.45E-07 

XENOBIOTIC_METABOLISM 200 30 4.39E-07 8.45E-07 

PI3K_AKT_MTOR_SIGNALING 105 20 8.19E-07 1.52E-06 

INTERFERON_ALPHA_RESPONSE 97 19 9.81E-07 1.75E-06 

TGF_BETA_SIGNALING 54 13 4.60E-06 7.93E-06 

UV_RESPONSE_DN 144 22 1.07E-05 1.78E-05 

APICAL_JUNCTION 200 27 1.21E-05 1.95E-05 

INFLAMMATORY_RESPONSE 200 26 3.37E-05 5.27E-05 

MYC_TARGETS_V2 58 12 5.41E-05 8.19E-05 

ESTROGEN_RESPONSE_EARLY 200 25 9.02E-05 1.29E-04 

TNFA_SIGNALING_VIA_NFKB 200 25 9.02E-05 1.29E-04 

BILE_ACID_METABOLISM 112 17 1.12E-04 1.55E-04 

SPERMATOGENESIS 135 19 1.29E-04 1.74E-04 

CHOLESTEROL_HOMEOSTASIS 74 12 5.97E-04 7.86E-04 

HYPOXIA 200 22 1.32E-03 1.70E-03 

IL6_JAK_STAT3_SIGNALING 87 12 2.53E-03 3.16E-03 
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Supplementary table 4. GO terms of interest for DNA repair hallmark genes. 

GO terms obtained from searching genes in the DNA repair hallmark in MSigDB. GO terms shown 
were selected according to their specificity and number of genes  

Hallmark: DNA repair 
  GO Term GCN2 GCN1 

NUCLEOTIDE EXCISION REPAIR 12 16 

NUCLEIC ACID PHOSPHODIESTER BOND HYDROLYSIS 12 15 

TRANSCRIPTION COUPLED NUCLEOTIDE EXCISION REPAIR 11 14 

NUCLEOTIDE EXCISION REPAIR DNA INCISION 8 11 

DNA RECOMBINATION 8 10 

MITOTIC RECOMBINATION 8 10 

TELOMERE ORGANIZATION 8 10 

TELOMERE MAINTENANCE VIA RECOMBINATION 7 9 

POSTREPLICATION REPAIR (NER) 7 8 

REGULATION OF SIGNAL TRANSDUCTION BY P53 CLASS MEDIATOR 7 8 

TRANSLESION SYNTHESIS 7 8 

DNA DAMAGE RESPONSE DETECTION OF DNA DAMAGE 7 7 

ERROR PRONE TRANSLESION SYNTHESIS 6 7 

NUCLEOTIDE EXCISION REPAIR DNA GAP FILLING 6 7 

ERROR FREE TRANSLESION SYNTHESIS 5 6 

RESPONSE TO UV (Similar to BER) 5 6 

NUCLEOTIDE EXCISION REPAIR PREINCISION COMPLEX ASSEMBLY 4 6 

NUCLEOTIDE EXCISION REPAIR PREINCISION COMPLEX STABILIZATION 4 6 

GLOBAL GENOME NUCLEOTIDE EXCISION REPAIR 3 5 

MISMATCH REPAIR 4 4 

ESTABLISHMENT OF LOCALIZATION IN CELL 13 NA 

CELL CYCLE PROCESS 9 NA 

NUCLEAR TRANSPORT 7 NA 

NUCLEAR EXPORT 6 NA 

NUCLEOBASE CONTAINING COMPOUND TRANSPORT 6 NA 

PEPTIDYL LYSINE MODIFICATION 6 NA 

RNA LOCALIZATION 6 NA 

RESPONSE TO RADIATION NA 7 

DOUBLE STRAND BREAK REPAIR NA 5 

BASE EXCISION REPAIR NA 4 

DNA GEOMETRIC CHANGE NA 4 

NUCLEOTIDE EXCISION REPAIR DNA DUPLEX UNWINDING NA 4 

UV PROTECTION NA 3 
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Supplementary table 5. GO terms of interest for Mitotic Spindle hallmark genes 
 

GO terms obtained from searching genes in the Mitotic spindle hallmark in MSigDB. GO terms shown 
were selected according to their specificity and number of genes  

Hallmark: Mitotic Spindle 
  GO Term GCN2 GCN1 

REGULATION OF MICROTUBULE POLYMERIZATION OR DEPOLYMERIZATION 13 18 

ORGANELLE FISSION 13 16 

VESICLE MEDIATED TRANSPORT 15 14 

ORGANELLE LOCALIZATION 10 13 

MICROTUBULE ORGANIZING CENTER ORGANIZATION 9 11 

CELL CYCLE G2 M PHASE TRANSITION 8 11 

REGULATION OF RAS PROTEIN SIGNAL TRANSDUCTION 11 10 

REGULATION OF RHO PROTEIN SIGNAL TRANSDUCTION 9 10 

CHROMOSOME SEGREGATION 8 10 

NUCLEAR CHROMOSOME SEGREGATION 7 9 

SISTER CHROMATID SEGREGATION 7 9 

MITOTIC SPINDLE ORGANIZATION 8 8 

ACTIN FILAMENT ORGANIZATION 7 8 

ESTABLISHMENT OR MAINTENANCE OF CELL POLARITY 6 8 

MICROTUBULE BASED MOVEMENT 6 8 

CENTROSOME CYCLE 5 8 

SPINDLE ASSEMBLY 7 7 

CYTOSKELETON DEPENDENT INTRACELLULAR TRANSPORT 6 7 

ESTABLISHMENT OF LOCALIZATION BY MOVEMENT ALONG MICROTUBULE 5 7 

MEIOTIC CELL CYCLE 5 7 

MITOTIC SPINDLE ASSEMBLY 7 6 

ACTIN CYTOSKELETON REORGANIZATION 5 5 

REGULATION OF ACTIN FILAMENT LENGTH 5 NA 

REGULATION OF CELL SHAPE 5 NA 

ESTABLISHMENT OF CELL POLARITY 4 NA 

MICROTUBULE ANCHORING 3 NA 

CYTOKINESIS NA 7 

SPINDLE LOCALIZATION NA 6 

CENTROSOME DUPLICATION NA 5 

MICROTUBULE POLYMERIZATION OR DEPOLYMERIZATION NA 5 

   LOCOMOTION 14 16 

CELL_MOTILITY 12 13 

REGULATION_OF_CELLULAR_COMPONENT_MOVEMENT 9 NA 

BIOLOGICAL_ADHESION 9 NA 
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Supplementary table 6. GO terms of interest for G2M Checkpoint hallmark genes 

  

GO terms obtained from searching genes in the G2M checkpoint hallmark in MSigDB. GO terms 
shown were selected according to their specificity and number of genes  

Hallmark: G2M Checkpoint 
  GO Term GCN2 GCN1 

REGULATION OF MITOTIC CELL CYCLE 12 16 

REGULATION OF CELL PROLIFERATION 12 12 

CHROMOSOME SEGREGATION 10 12 

CHROMATIN MODIFICATION 9 12 

NEGATIVE REGULATION OF CELL CYCLE PROCESS 8 12 

NUCLEAR CHROMOSOME SEGREGATION 8 12 

REGULATION OF CELL CYCLE PHASE TRANSITION 9 11 

DNA REPLICATION 8 11 

SISTER CHROMATID SEGREGATION 7 11 

CYTOSKELETON ORGANIZATION 8 10 

POSITIVE REGULATION OF CELL CYCLE PROCESS 8 10 

CELL CYCLE G1 S PHASE TRANSITION 9 9 

CELL CYCLE CHECKPOINT 8 9 

DNA RECOMBINATION 5 9 

DNA PACKAGING 5 8 

DNA INTEGRITY CHECKPOINT 7 7 

REGULATION OF CELL CYCLE G1 S PHASE TRANSITION 7 7 

MITOTIC CELL CYCLE CHECKPOINT 6 7 

MITOTIC SISTER CHROMATID SEGREGATION 5 7 

REGULATION OF CYCLIN DEPENDENT PROTEIN KINASE ACTIVITY 7 6 

CELL CYCLE ARREST 5 6 

MITOTIC DNA INTEGRITY CHECKPOINT 5 6 

G1 DNA DAMAGE CHECKPOINT 4 5 

KINETOCHORE ORGANIZATION 3 3 

POSITIVE REGULATION OF CELL PROLIFERATION 8 NA 

REGULATION OF GENE EXPRESSION EPIGENETIC 5 NA 

DNA REPLICATION INITIATION 4 NA 

MITOTIC SPINDLE ORGANIZATION 4 NA 

MITOTIC SPINDLE ASSEMBLY 3 NA 

REGULATION OF CELL CYCLE CHECKPOINT 3 NA 

REGULATION OF CENTROSOME CYCLE 3 NA 

REGULATION OF DOUBLE STRAND BREAK REPAIR 3 NA 

REGULATION OF CYTOSKELETON ORGANIZATION NA 8 

POSITIVE REGULATION OF MITOTIC CELL CYCLE NA 6 

SISTER CHROMATID COHESION NA 6 

CHROMOSOME CONDENSATION NA 4 

NEGATIVE REGULATION OF CHROMOSOME SEGREGATION NA 4 

PROTEIN LOCALIZATION TO CHROMOSOME CENTROMERIC REGION NA 3 
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Supplementary table 7. Candidate genes selected from GO-term lists with 
correlations. 
Only probes that comply with the filtering criteria were included in this list: same sign of 
correlation coefficient  and significant correlation (adj.p-val < 0.05) in both cohorts. 
Correlations to either GCN1 or GCN2 are shown.  

 Entrez SYMBOL Probe ID cor1 PADJ1 cor2 PADJ2 

 G2 to M Checkpoint 
    

G
C

N
1

 

546 ATRX ILMN_1666885 -0.28 3.18E-03 -0.35 2.76E-04 

1031 CDKN2C ILMN_1656415 -0.28 3.04E-03 -0.50 4.55E-08 

24137 KIF4A ILMN_1799667 -0.26 8.66E-03 -0.41 1.11E-05 

4085 MAD2L1 ILMN_1777564 -0.30 1.86E-03 -0.37 7.66E-05 

4751 NEK2 ILMN_1653822 -0.26 7.95E-03 -0.30 2.04E-03 

10592 SMC2 ILMN_1748923 -0.38 3.38E-05 -0.51 2.02E-08 

G
C

N
2

 

993 CDC25A ILMN_1733396 -0.41 4.15E-06 -0.41 7.09E-06 

1027 CDKN1B ILMN_1722811 -0.26 6.00E-03 -0.45 6.46E-07 

1058 CENPA ILMN_1801257 -0.30 1.32E-03 -0.44 1.65E-06 

1163 CKS1B ILMN_1719256 -0.37 3.07E-05 -0.55 2.69E-10 

8451 CUL4A ILMN_2331163 0.46 8.85E-08 0.35 1.59E-04 

3091 HIF1A ILMN_2379788 0.55 5.98E-11 0.34 3.22E-04 

4085 MAD2L1 ILMN_1777564 -0.43 7.93E-07 -0.46 4.05E-07 

4175 MCM6 ILMN_1798654 -0.33 3.19E-04 -0.49 3.82E-08 

4751 NEK2 ILMN_1653822 -0.42 1.55E-06 -0.38 4.50E-05 

4928 NUP98 ILMN_1732776 -0.39 8.97E-06 -0.29 2.53E-03 

10733 PLK4 ILMN_1789123 -0.23 1.65E-02 -0.34 2.93E-04 

5371 PML ILMN_1728019 0.40 6.79E-06 0.61 6.40E-13 

10592 SMC2 ILMN_1748923 -0.43 7.06E-07 -0.50 1.40E-08 

10051 SMC4 ILMN_2251804 -0.26 4.79E-03 -0.55 2.76E-10 

 Mitotic Spindle 
    

G
C

N
2

 

55835 CENPJ ILMN_1661776 0.28 2.41E-03 0.39 2.81E-05 

2316 FLNA ILMN_1687335 0.31 6.24E-04 0.39 2.04E-05 

8440 NCK2 ILMN_2356632 -0.41 3.15E-06 -0.54 5.03E-10 

4751 NEK2 ILMN_1653822 -0.42 1.55E-06 -0.38 4.50E-05 

9126 SMC3 ILMN_1718807 -0.43 6.42E-07 -0.47 1.87E-07 

85378 TUBGCP6 ILMN_1766803 0.39 1.10E-05 0.65 1.29E-14 

 DNA repair 
     

G
C

N
1

 

2068 ERCC2 ILMN_1815859 0.23 2.33E-02 0.51 1.84E-08 

5984 RFC4 ILMN_2370365 -0.27 5.72E-03 -0.49 9.89E-08 

G
C

N
2

 1642 DDB1 ILMN_1748105 -0.37 3.52E-05 -0.38 4.23E-05 

2067 ERCC1 ILMN_1797172 -0.38 2.56E-05 -0.55 4.61E-10 

5111 PCNA ILMN_1685682 -0.28 2.24E-03 -0.44 1.46E-06 
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 Supplementary table 8. Genes recommended by Abcam for loading control in Western blot.  
Entrez ID Symbol in dataset Name 

7283 TUBG1 Tubulin gamma 1 

7846 TUBA1A Tubulin alpha 1a 

6117 RPA1 Replication protein A1 

58 ACTA1 Actin alpha 1, skeletal muscle 

60 ACTB Actin beta 

2597 GAPDH Glyceraldehyde-3-phosphate dehydrogenase 

7414 VCL Vinculin 

4176 MCM7 Minichromosome maintenance complex component 7 

983 CDC2 Cyclin dependent kinase 1 (CDK1) 

4998 ORC1L Origin recognition complex subunit 1 

4999 ORC2L Origin recognition complex subunit 2 

23595 ORC3L Origin recognition complex subunit 3 

5000 ORC4L Origin recognition complex subunit 4 

5001 ORC5L Origin recognition complex subunit 5 

23594 ORC6L Origin recognition complex subunit 6 

4000 LMNA Lamin alpha 

4001 LMNB1 Lamin beta-1 

84823 LMNB2 Lamin beta-2 

3065 HDAC1 Histone deacetylase 1 

7528 YY1 Ying and Yang 1 transcription factor 

6908 TBP TATA-binding protein 

5111 PCNA Proliferating cell nuclear antigen 

8350 H3 Histone 3 

1072 CFL1 Cofilin 1 

5479 PPIB Peptidylproplyl isomerase B 
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Appendix 2. Output for mixed models in R 
 

gene_sets <- list(MAD2,NEK2,SMC3,TUBG) 
 
> i = 0 
> for (dataset in gene_sets){ 
+   i = i +1 
+   print(i) 
+    
+   dataset$value.t <- dataset$value + 1 
+   #PQL <- glmmPQL(value.t ~ cellType, ~1 | plate, family = gaussian(link = "log"), 
+   #               data = dataset, verbose = FALSE) 
+   #print(summary(PQL)) 
+   #print(Anova(PQL)) 
+    
+   lmm <- lmer(value.t ~ cellType + (1 | plate), data = dataset, 
+               REML = FALSE) 
+   print(lmm) 
+   print(Anova(lmm)) #Wald test, how confident of the effect of Cell type on value 
+   #print(summary(glht(lmm, linfct=mcp(cellType="Tukey")))) 
+  
+ } 
 

MAD2 

 
[1] 1    
Linear mixed model fit by maximum likelihood  ['lmerMod'] 
Formula: value.t ~ cellType + (1 | plate) 
   Data: dataset 
     AIC      BIC   logLik deviance df.resid  
100.1338 109.9422 -43.0669  86.1338       23  
Random effects: 
 Groups   Name        Std.Dev. 
 plate    (Intercept) 1.0748   
 Residual             0.8859   
Number of obs: 30, groups:  plate, 3 
Fixed Effects: 
 (Intercept)   cellType563  cellTypeC33A  cellTypeSiHa    cellTypeSW   
      3.9933        1.6072        1.0216       -0.4999       -2.1232   
Analysis of Deviance Table (Type II Wald chisquare tests) 
 
Response: value.t 
          Chisq Df Pr(>Chisq)     
cellType 64.096  4  3.989e-13 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
 

NEK2 

 
[1] 2 
Linear mixed model fit by maximum likelihood  ['lmerMod'] 
Formula: value.t ~ cellType + (1 | plate) 
   Data: dataset 
     AIC      BIC   logLik deviance df.resid  
 99.1071 108.9155 -42.5535  85.1071       23  
Random effects: 
 Groups   Name        Std.Dev. 
 plate    (Intercept) 2.1667   
 Residual             0.8064   
Number of obs: 30, groups:  plate, 3 
Fixed Effects: 
 (Intercept)   cellType563  cellTypeC33A  cellTypeSiHa    cellTypeSW   
      4.9967        1.3408       -0.3084        2.0928       -1.6419   
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Analysis of Deviance Table (Type II Wald chisquare tests) 
 
Response: value.t 
          Chisq Df Pr(>Chisq)     
cellType 78.688  4  3.304e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
 

SMC3 

 
 
[1] 3 
Linear mixed model fit by maximum likelihood  ['lmerMod'] 
Formula: value.t ~ cellType + (1 | plate) 
   Data: dataset 
     AIC      BIC   logLik deviance df.resid  
 31.1582  42.8032  -8.5791  17.1582       32  
Random effects: 
 Groups   Name        Std.Dev. 
 plate    (Intercept) 0.5414   
 Residual             0.2473   
Number of obs: 39, groups:  plate, 4 
Fixed Effects: 
 (Intercept)   cellType563  cellTypeC33A  cellTypeSiHa    cellTypeSW   
      2.2141        1.4587       -0.3044        0.2656       -0.8984   
Analysis of Deviance Table (Type II Wald chisquare tests) 
 
Response: value.t 
          Chisq Df Pr(>Chisq)     
cellType 397.95  4  < 2.2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 

TUBGCP6 

 
 
[1] 4 
Linear mixed model fit by maximum likelihood  ['lmerMod'] 
Formula: value.t ~ cellType + (1 | plate) 
   Data: dataset 
     AIC      BIC   logLik deviance df.resid  
 87.7528  97.5612 -36.8764  73.7528       23  
Random effects: 
 Groups   Name        Std.Dev. 
 plate    (Intercept) 0.8031   
 Residual             0.7271   
Number of obs: 30, groups:  plate, 3 
Fixed Effects: 
 (Intercept)   cellType563  cellTypeC33A  cellTypeSiHa    cellTypeSW   
      3.5515        1.4274        0.8402        3.5693       -1.0837   
Analysis of Deviance Table (Type II Wald chisquare tests) 
 
Response: value.t 
          Chisq Df Pr(>Chisq)     
cellType 137.78  4  < 2.2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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Generalized linear mixed model for GCN2 by Penalized-quasilikelihood (PQL) 

 
> gene_sets <- list(GCN2) 
>  
>  
> i = 0 
> for (dataset in gene_sets){ 
+   i = i +1 
+   print(i) 
+    
+   dataset$value.t <- dataset$value + 1 
+   PQL <- glmmPQL(value.t ~ cellType, ~1 | plate, family = gaussian(link = "log"), 
+                  data = dataset, verbose = FALSE) 
+   print(summary(PQL)) 
+   print(Anova(PQL)) 
+    
+    
+ } 
[1] 1 
Linear mixed-effects model fit by maximum likelihood 
 Data: dataset  
  AIC BIC logLik 
   NA  NA     NA 
 
Random effects: 
 Formula: ~1 | plate 
        (Intercept) Residual 
StdDev:   0.6609803 1.329915 
 
Variance function: 
 Structure: fixed weights 
 Formula: ~invwt  
Fixed effects: value.t ~ cellType  
                  Value Std.Error DF   t-value p-value 
(Intercept)   0.3188916 0.4445700 30  0.717303  0.4787 
cellType563   2.0396967 0.3021319 30  6.751014  0.0000 
cellTypeC33A  0.8293865 0.2599845 30  3.190138  0.0033 
cellTypeSiHa -0.3704627 0.4193444 30 -0.883433  0.3840 
cellTypeSW   -0.4333621 0.4379983 30 -0.989415  0.3304 
 Correlation:  
             (Intr) clT563 cTC33A cllTSH 
cellType563  -0.574                      
cellTypeC33A -0.491  0.723               
cellTypeSiHa -0.305  0.448  0.521        
cellTypeSW   -0.292  0.429  0.499  0.309 
 
Standardized Within-Group Residuals: 
       Min         Q1        Med         Q3        Max  
-2.8197224 -0.4115372  0.2371453  0.5708438  3.1197493  
 
Number of Observations: 38 
Number of Groups: 4  
Analysis of Deviance Table (Type II tests) 
 
Response: value.t 
          Chisq Df Pr(>Chisq)     
cellType 90.343  4  < 2.2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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Appendix 3. Programs for the transcriptomic data correlation analysis and 

candidate gene selection 
All the codes used for correlation analysis. Files written in R have the ending “.r”, and files written in 

Python, the “.py” ending.  

1. IQR filtered correlation 

main_filter_and_correlate.r   

A variant of this code (Correlation_multi_probe.r) was used to calculate correlations of control genes 

This code calls the multiple-scenario_general_correlation.r  

library(tidyverse) 

cohort1 <- read.table( 

"data/NormRaadataIllumina_alleprober_cohort1_150pasienter.txt", 

                   sep="\t", header=TRUE, dec=".", comment.char="", quote="") 

cohort2 <- read.table( 

                   "data/Illuminadata_NyeABrix_cohort2_131pas_allePROBER.txt", 

                    sep="\t", header=TRUE, dec=".", comment.char="", quote="") 

# raw_data: select which cohort file of microarrays 

# columns: number of patients. 154 for Cohort 1, 135 for cohort 2 

# Gene_of_interest: Which gene will be correlated to all other samples. e.g. GCN2 

# probenr:  number of probe used for the correlation. GCN2 has only one probe 

# Cohort and case are strings used for the filename.  

# outfile: filename between "_", include which gene  

main_correlation_function <- function(raw_data, cols, Gene_of_interest, probenr, 

cohort, case){ 

  GOI <- Gene_of_interest 

  # IQR function 

  Calculate.IQR <- function(x){ 

    res <- quantile(x, 3/4) - quantile(x, 1/4) 

    return(as.numeric(res)) 

  } 

  Exp_data <- raw_data[,5:cols]  

  

  ##  First: Filter by IQR  

   IQR_data <- apply(Exp_data, 1, Calculate.IQR) 

  IQR_median <- median(IQR_data)   

  # IQR_median should be 5.000393 

  Filtered_by_IQR <- raw_data %>%  filter(IQR_data > IQR_median) 

  # Second: Filter by expression > 40 and remove entries without Entrez 

  Mean_Exp_data <- apply(Filtered_by_IQR[,5:cols] , 1, mean) 

  Filtered_by_40 <- Filtered_by_IQR %>%  filter(Mean_Exp_data > 40, ENTREZ_GENE_ID > 

0) 
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  ##  Probe-quality filtering. Get  reannotation file 

  raw_probe_data <- read.table("data/illuminaHumanv3fullReannotation_mars2017.txt", 

                                      sep="\t", header=TRUE, dec=".", 

comment.char="", quote="") 

  probe_quality <- raw_probe_data %>%  select(IlluminaID, ProbeQuality) 

  #IlluminaID ProbeQuality 

  #1 ILMN_1673753      Perfect 

  #2 ILMN_1670437          Bad 

  #3 ILMN_1705648          Bad 

   

  temp <- left_join(Filtered_by_40, probe_quality, by="IlluminaID", match="all") 

   

  ## One column is added to the rightt: +1 column. eg. 154+1 = 155, column 155 is 

quality 

  ## Filtering by quality step: 

  Filtered_by_PrQ <- temp %>%  

    filter( !ProbeQuality == "Bad", !ProbeQuality == "No match") 

  ## Recover GCN2 entry and join to filtered data---- after removing bad probes 

  # GCN2 is a bad probe 

  GCN2_entry <- raw_data %>%  filter(ENTREZ_GENE_ID == 440275)  

  test_me<-bind_rows(Filtered_by_PrQ, GCN2_entry) 

  test_me %>% filter(ENTREZ_GENE_ID == GOI)  

  # to test if GCN2 is in the filtered dataset: 

   Filtered_by_PrQ %>% filter(ENTREZ_GENE_ID == 440275)  

  ## log 2 transform 

  log2_Data <- data.frame(test_me[,1:4], log(test_me[,5:cols],2)) 

  ####### Select gene for correlation ########### 

  selected_gene <- log2_Data %>%  

    filter(ENTREZ_GENE_ID == GOI) 

  selected_gene[,1:4] 

  gene_symbol <- selected_gene[,3] 

  #         PROBE_ID ProbeID  SYMBOL ENTREZ_GENE_ID 

  #8215 ILMN_1755114 5050753 EIF2AK4         440275 

 ## Get general correlation code 

## general_correlation.r 

  source("C:/Users/Laura/Documents/1-

MolecularBiologyMaster/Beata_Grallert/Bioinformatics/R/Laura/IQR-filtered-

correlation/generellkorrelasjon.r") 

 # Code by Clara-Cecilie 

  # Scenario = 1: All rows (probes) against one variable 
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  # Data input: 

  # Input1: x = Matrix with Log2 of Illuminadata for all 48803 probes for 150 

patients: patients in columns, probes in rows (probeinfo in columns 1-4)  

  # Input2: y = Matrix with Log2 Illuminadata for GCN2 for 150 patientes (probeinfo 

in columns 1-4). 

  x <- log2_Data 

  y <- as.numeric(selected_gene[1,5:cols]) 

  test <- calculateCorrelation(1,x,y,NULL,4,NULL,"spearman",NULL,NULL,  

                               paste(GOI, gene_symbol, cohort, case, sep="_", 

".csv")) 

} 

## example of calling the function 

## Genes of interest 

## GCN2 ID: 440275 

## GCN1L1 ID: 10985 

 main_correlation_function(cohort1, 154, 440275, "cohort1", "general") 

 main_correlation_function(cohort2, 135, 440275, "cohort2", "general") 
 

 

general_correlation.r 

This code has different modules to calculate correlations in different scenarios. For this project, only 

scenario one was used: Calculation of correlation with one clinical variable (i.e. one gene). Only the 

module used is shown. 

Two functions that are called from the main program. The first function my.cor.test() calculates the 

correlation coefficient of a specified test, either Spearman or Pearson.  The second function uses the 

results of my.cor.test() to calculare the adjusted p-value by the Benjamini-Hochberg method.  A file 

in .csv format is saved into the directory. Code is written in R.  

#Scenario 1: Expression values are correlated with a single clinical variable 

#test<-calculateCorrelation(x,y,4,"spearman", 

       "Spearman_GCN2_genekspr_Cohort1Cervix150pas.csv") 

##input1: x == Matrix of all other genes 

##input2: y == GCN2 row 

#ninfocols1: Number of columns with probeinfo in cohort 1.  

#These columns should be in the first columns in the datafile = 4 

#cortype: Set as "pearson" or "spearman" 

#resfile: Enter the desired name of the output  e.g. 

"M:\Resultater\korrelasjoneksprmetyl.csv"   

# ”.csv” should be included in the desired name 

my.cor.test <- function(x,y,method=c("pearson","spearman")){ 

  res <- cor.test(x,y,method=method) 

  return(c(res$estimate,res$p.value)) 

} 
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calculateCorrelation<-function(input1,input2,ninfocols1,cortype="pearson",resfile){ 

  #Calculate correlation with one clinical variable 

  data <- as.matrix(input1[,-c(1:ninfocols1)]) 

  cormat <- t(apply(data,1,my.cor.test,y=input2,method=cortype)) 

  colnames(cormat) <- c("cor","p.value") 

  adj.p.value <- p.adjust(cormat[,2],method="BH") 

  res <- data.frame(input1[,1:ninfocols1],cormat,adj.p.value) 

  write.csv(res,file=resfile,row.names=FALSE) 

  return(res) 

} 
 

 

2. Filtering of duplicate genes  

Duplicates_VennD.r contains four functions. 

get_common_genes  

library(tidyverse)   

get_common_genes <- function(cohort1_path, cohort2_path){ 

  #read files 

  raw1 <- read_csv(cohort1_path) 

  raw2 <- read_csv(cohort2_path) 

  sign1<- raw1 %>% select(-p.value) %>% filter(adj.p.value < 5e-2) 

  sign2<- raw2 %>% select(-p.value) %>% filter(adj.p.value < 5e-2) 

  join_cors <- inner_join(sign1, sign2, by = "IlluminaID") %>%   

    rename(ProbeID = ProbeID.x, SYMBOL = SYMBOL.x,  

           ENTREZ_GENE_ID = ENTREZ_GENE_ID.x,  

           cor1 = cor.x, PADJ1 = adj.p.value.x,  

           cor2 = cor.y, PADJ2 = adj.p.value.y) %>%  

          select(IlluminaID, ProbeID, SYMBOL,  

          ENTREZ_GENE_ID, cor1, PADJ1, cor2, PADJ2) 

  ## Filter: correlation sign should be the same for both cohorts 

  cors_same <- bind_rows(join_cors %>% filter(cor1>0, cor2>0),  

                         join_cors %>% filter(cor1<0, cor2<0)) 

  return(cors_same) 

} 
 

 

detect_duplicates  

  

  # Get a column with a FALSE/TRUE statement of whether the entry is duplicated (TRUE= 

duplicated, FALSE = unique) 

  # note that the first detected duplicate gets a "FALSE" label. Therefore, we will 

create a vector of unique ENTREZ genes 

  # from the list of duplicates with an extra column that says Duplicate = TRUE 
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  ## Take the EntrezID and the TRUE duplicate tag. Join to original correlations to get 

the TRUE label into original dataset.  

  ## All probes with the same EntrezID will get the TRUE tag. 

detect_duplicates <- function(cors_same){   

dups <- cors_same %>%  mutate(Duplicates = duplicated(.$ENTREZ_GENE_ID, incomparables = 

FALSE)) %>%  

    filter(Duplicates == TRUE) %>% select(ENTREZ_GENE_ID, Duplicates)  %>% unique(.) 

%>%  

    right_join(cors_same, by = "ENTREZ_GENE_ID") 

  ## NA should be changed to a FALSE tag, which means the gene is not a duplicate 

  dups[is.na(dups)] <- FALSE 

  #########  Unique lists and duplicate lists ####### 

  ## Separate duplicates. 

  unique <- dups %>% filter(Duplicates == FALSE) 

  ## 3- Duplicates (both positive and negative) 

  only_duplicates <- dups %>% filter(Duplicates == TRUE ) 

  ## From duplicates list, separate probes that are both positive and negative at the 

same time. 

  plus_dups <- only_duplicates %>% filter(cor1 > 0) %>%  select(ENTREZ_GENE_ID)  

  minus_dups <- only_duplicates %>%  filter(cor1 < 0) %>%  select(ENTREZ_GENE_ID)  

  plus_minus <- intersect(plus_dups, minus_dups) 

  filtered_dups <- anti_join(only_duplicates, plus_minus, by = "ENTREZ_GENE_ID") 

  main_gene_list <- bind_rows(unique, filtered_dups) %>% arrange(.,PADJ1)  #You want 

this list 

  uncertain_dups <- semi_join(only_duplicates, plus_minus, by = "ENTREZ_GENE_ID") 

  return(main_gene_list) 

} 
 

 

export_gene_list  

# Export list to use in MSigDB to search Hallmarks 

export_gene_list <- function(main_gene_list, gene, probe){ 

  main_gene_list %>%   

    write_csv(path = paste("Results/", paste("main_all_cors", gene, probe, sep="_", 

".csv"))) 

  main_gene_list_positive %>%  filter(cor1 > 0) %>%  

    write_csv(path = paste("Results/", paste("main_positive_cors", gene, probe, 

sep="_", ".csv"))) 

  main_gene_list_negative %>%  filter(cor1 < 0) %>%  

    write_csv(path = paste("Results/", paste("main_negative_cors", gene, probe, 

sep="_", ".csv"))) 

} 
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get_Venn_diagram  

library(tidyverse) 

library(eulerr) 

 

get_Venn_diagram <- function(main_gene_list1, gene1, probe1, main_gene_list2, gene2, 

probe2){   

#separate positive and negative correlations 

   

  posi1 <- main_gene_list1 %>% filter(cor1 > 0, cor2 > 0)  

  negs1 <- main_gene_list1 %>% filter(cor1 < 0, cor2 < 0) 

   

  unique_posi1 <- posi1 %>% select(ENTREZ_GENE_ID) %>% unique(.) 

  unique_negs1 <- negs1 %>% select(ENTREZ_GENE_ID) %>% unique(.) 

   

   

  posi2 <- main_gene_list2 %>% filter(cor1 > 0, cor2 > 0)  

  negs2 <- main_gene_list2 %>% filter(cor1 < 0, cor2 < 0) 

   

  unique_posi2 <- posi2 %>% select(ENTREZ_GENE_ID) %>% unique(.) 

  unique_negs2 <- negs2 %>% select(ENTREZ_GENE_ID) %>% unique(.) 

   

  ### Venn diagram    

  ## Compare all correlations 

  #positive 

  intersection <- as.numeric(nrow(intersect((unique_posi1 %>% select(ENTREZ_GENE_ID)),  

                                            (unique_posi2 %>%   

                                             select(ENTREZ_GENE_ID))))) 

  only_A <- as.numeric(nrow(setdiff((unique_posi1 %>% select(ENTREZ_GENE_ID)),  

                                    (unique_posi2 %>% select(ENTREZ_GENE_ID)))))  

  only_B <- as.numeric(nrow(setdiff((unique_posi2 %>% select(ENTREZ_GENE_ID)),  

                                    (unique_posi1 %>% select(ENTREZ_GENE_ID)))))  

  fit <- euler(c("A" = only_A, "B" = only_B, "A&B" = intersection)) 

  png(paste("Pos_VennD", gene1, probe1, gene2, probe2, ".png", sep="_"), width=5, 

height=5, units="in", res=300) 

  par(mar=c(4,4,1,1)) 

  p <- plot(fit, main = paste("Common genes in positive correlations", "\n", "Unique 

Entrez ID"),  

       sub = paste("Intersection: ", intersection) ,  

       labels = c( 

         paste(gene1, " ", probe1, "\n", only_A), 

         paste(gene2, " ", probe2, "\n", only_B))) 

  print(p) 

  dev.off() #only 129 Kb in size 
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  #negative 

  intersection <- as.numeric(nrow(intersect((unique_negs1 %>% select(ENTREZ_GENE_ID)),  

                                            (unique_negs2 %>%  

                                             select(ENTREZ_GENE_ID))))) 

  only_A <- as.numeric(nrow(setdiff((unique_negs1 %>% select(ENTREZ_GENE_ID)),  

                                    (unique_negs2 %>% select(ENTREZ_GENE_ID)))))  

  only_B <- as.numeric(nrow(setdiff((unique_negs2 %>% select(ENTREZ_GENE_ID)),  

                                    (unique_negs1 %>% select(ENTREZ_GENE_ID)))))  

  fit <- euler(c("A" = only_A, "B" = only_B, "A&B" = intersection)) 

  png(paste("Neg_VennD", gene1, probe1, gene2, probe2, ".png", sep="_"), width=6, 

height=6, units="in", res=300) 

  par(mar=c(4,4,1,1)) 

  p <- plot(fit, main = paste("Common genes in negative correlations",  

                              "\n", "Unique Entrez ID"),  

       sub = paste("Intersection: ", intersection ) ,  

       labels = c( 

         paste(gene1, " ", probe1, "\n", only_A), 

         paste(gene2, " ", probe2, "\n", only_B))) 

  print(p) 

  dev.off() #only 129 Kb in size 

} 
 

 

4. Adding hallmark results to correlations 

Three codes are used in this step. MSigDB_parser.py takes the file obtained from MSigDB Hallmark 

GSEA, and loops through each hallmark hit to create lists with Entrez gene ID that will be matched to 

correlation files with Match_files.py. The main file runme.py gathers all functions needed to match 

different MSigDB results with correlation files. 

MSigDB_parser.py  

import sys 

import fnmatch 

# Overlap file from MSigDB is the input file, Results the output 

def parse_overlaps(overlap_file, include_non_hallmarks=False): 

    fh = open(overlap_file, "r") 

    lines = fh.read() 

    fh.close() 

    split = lines.split("\n") 

    overlaps_shown = int(split[4].split('\t')[1]) 

    header_length = overlaps_shown + 15 

    result = [] 

    for gene in split[header_length:-1]: 

        elements = gene.split("\t")  

        entrez = elements[0] 

        GENE_NAME = elements[1] 
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        Description = elements[2] 

        Hallmarks = elements[3:] 

        filtered = fnmatch.filter(Hallmarks, 'HALLMARK*')  

        if filtered: 

            result.append([entrez, GENE_NAME, str(filtered), Description]) 

        elif include_non_hallmarks: 

            result.append([entrez, GENE_NAME, "No Hallmark hits", Description]) 

             

    return result 

def parse_header(overlap_file): 

    fh = open(overlap_file, "r") 

    lines = fh.read() 

    fh.close()     

    split = lines.split("\n") 

    overlaps_shown = int(split[4].split('\t')[1]) 

    header_length = overlaps_shown + 10 

    header = split[0:header_length]  

    return header 

     

def unique_entrez_filter(parsed_overlaps):  

    overlaps_by_entrez = {} 

    for overlap_row in parsed_overlaps: 

        entrez = overlap_row[0] 

        overlaps_by_entrez[entrez] = overlap_row 

    return [overlaps_by_entrez[k] for k in overlaps_by_entrez] 

      

def main():  

    infile = sys.argv[1]   # overlap file 

    outfile = sys.argv[2] 

    result = parse_overlaps(infile) 

    lines = ['\t'.join(gene) for gene in result] 

    all_text = '\n'.join(lines) 

    print('writing %i lines to %s' % (len(lines), outfile)) 

    with open(outfile, 'w') as fo:  

        fo.write(all_text + '\n') 

      

if __name__ == '__main__': 

    main() 
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 Match_files.py  

import sys 

#compare entrez ID in both files and write only the genes with hallmarks 

def parse_correlations(correlations_filename): 

    fh = open(correlations_filename, "r") 

    lines = fh.read() 

    fh.close() 

    list_of_lines = lines.split("\n") 

    result_genes = [] 

    for gene in list_of_lines[1:-1]: 

        elements = gene.split(",") 

        IlluminaID = elements[0] 

        entrez = elements[1] 

        duplicates = elements[3] 

        PADJ1 = elements[5] 

        PADJ2 = elements[7]  

        cor1 = elements[4] 

        cor2 = elements[6] 

        ATF4 = elements[8] 

        gene_tuple = (IlluminaID, entrez, duplicates, cor1, float(PADJ1), cor2, 

float(PADJ2), ATF4) 

        result_genes.append(gene_tuple) 

    return result_genes 

 

def match_gene_lists(overlaps, correlations): 

    result = [] 

    for correlation_elements in correlations: 

        IlluminaID = correlation_elements[0]  

        Corr_entrez = int(correlation_elements[1]) 

        duplicates = correlation_elements[2] 

        cor1 = correlation_elements[3] 

        PADJ1 = float(correlation_elements[4]) 

        cor2 = correlation_elements[5] 

        PADJ2 = float(correlation_elements[6]) 

        ATF4 = correlation_elements[7] 

        for gene_elements in overlaps: 

            Res_entrez = int(gene_elements[0]) 

            GENE_NAME = gene_elements[1] 

            Hallmarks_temp = gene_elements[2] 

            Hallmarks = Hallmarks_temp[1:-1].replace(",", "\t") 

            Description = gene_elements[3]         

            if Res_entrez==Corr_entrez: 

                result.append([IlluminaID, Res_entrez, GENE_NAME, duplicates, cor1, 

str(PADJ1), cor2, str(PADJ2), ATF4, Description, Hallmarks]) 

    return result 
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def main(): 

    overlaps_file = sys.argv[1] 

    correlations_file = sys.argv[2] 

    outfile = sys.argv[3] 

    #Open first input file 

    fh = open(overlaps_file, "r") 

    overlap_lines = fh.read() 

    fh.close() 

    #Open second input file 

    fh = open(correlations_file, "r") 

    correlation_lines = fh.read() 

    fh.close() 

    #Get each line of Results file and the pAdjusted correlation file 

    overlap_split = overlap_lines.split("\n") 

    correlation_split = correlation_lines.split("\n") 

    correlations = [gene.split('\t') for gene in correlation_split[0:-1]] 

    overlaps = [gene.split('\t') for gene in overlap_split[0:-1]] 

    matched = match_gene_lists(overlaps, correlations) 

    with open(outfile, "w") as fo: 

        matched.sort(key=lambda cols: cols[0]) 

        print('Number of lines: %i' % len(matched)) 

        print('Number of unique genes: %i' % len(set([cols[0] for cols in result]))) 

        fo.write('\n'.join(['\t'.join([str(col) for col in cols]) for cols in result])) 

if __name__ == '__main__': 

    main() 
 

 

 runme.py 

import msigdb_parser 

import MatchFiles 

def multiple_parsing(overlap_infile, correlations_infile, outfile): 

    overlaps = msigdb_parser.parse_overlaps(overlap_infile) 

    correlations = MatchFiles.parse_correlations(correlations_infile) 

    matched_genes_by_entrez_id = MatchFiles.match_gene_lists(overlaps, correlations) 

     

    #Header = msigdb_parser.parse_header(overlap_infile) 

    with open(outfile, 'w') as out: 

        out.write('IlluminaID' + '\t' + 'ENTREZ_GENE_ID' + '\t' + 'SYMBOL' + '\t' +  

'Duplicates' + '\t' + 'cor1' + '\t' + 'PADJ1' + '\t' + 'cor2' + '\t' + 'PADJ2' + '\t' + 

'ATF4 target' + '\t' + 'Description' + '\t' +  'Hallmark' + '\n') 

        out.write('\n'.join(['\t'.join([str(col) for col in line]) for line in 

matched_genes_by_entrez_id])) 

         

    return outfile 

#multiple_parsing('overlap.txt', 'correlations.csv', 'outfile') 
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  #Example:   

multiple_parsing('overlap_positive_GCN1.txt', 'main_GCN1L1_positive_ATF4_.csv', 

'main2_pos_GCN1_matched.csv') 
 

  

5. Gene filtering by hallmark of interest 

get_genes_in_hallmark.r  

library(tidyverse) 

library(stringr) 

library(venneuler) 

library(eulerr) 

Chromo_loc <- read_tsv("chromosome_location.txt") %>%  rename(SYMBOL = Approved_symbol) 

%>% select(SYMBOL, Chromosome_location) 

EIF2AK4_n   <- read_tsv("data/Corrected_files_Sep/main_neg_EIF2AK4_matched_sep.csv") 

%>% left_join(Chromo_loc, by = "SYMBOL")  

EIF2AK4_p   <- read_tsv("data/Corrected_files_Sep/main_pos_EIF2AK4_matched_sep.csv") 

%>% left_join(Chromo_loc, by = "SYMBOL")  

GCN1L1__n   <- read_tsv("data/Corrected_files_Sep/main_neg_GCN1L1_matched_sep.csv")  

%>% left_join(Chromo_loc, by = "SYMBOL")  

GCN1L1__p   <- read_tsv("data/Corrected_files_Sep/main_pos_GCN1_matched_sep.csv")    

%>% left_join(Chromo_loc, by = "SYMBOL")  

UNIQUE_EIF2AK4_n <- EIF2AK4_n %>%  select(ENTREZ_GENE_ID) %>% unique(.) 

UNIQUE_EIF2AK4_p <- EIF2AK4_p %>%  select(ENTREZ_GENE_ID) %>% unique(.)  

UNIQUE_GCN1L1__n <- GCN1L1__n %>%  select(ENTREZ_GENE_ID) %>% unique(.) 

UNIQUE_GCN1L1__p <- GCN1L1__p %>%  select(ENTREZ_GENE_ID) %>% unique(.) 

 

## Printing tables with selected genes 

# If sep (separation) is true, write correlations in  

# two separate files for positive and negative correlations. 

# If sep is false, print the correlations in a single file including both. 

write_genes_in_hallmark <- function(Hallmark_name, sep){ 

  Pos_H_GCN1 <- GCN1L1__p %>% mutate(str_detect(Hallmark, Hallmark_name)) %>%  

    rename(query = `str_detect(Hallmark, Hallmark_name)`) %>%  

    filter(query == TRUE)  

  Pos_H_EIF2AK4 <- EIF2AK4_p %>% mutate(str_detect(Hallmark, Hallmark_name)) %>%  

    rename(query = `str_detect(Hallmark, Hallmark_name)`) %>%  

    filter(query == TRUE)  

  Neg_H_GCN1 <- GCN1L1__n %>% mutate(str_detect(Hallmark, Hallmark_name)) %>%  

    rename(query = `str_detect(Hallmark, Hallmark_name)`) %>%  

    filter(query == TRUE)  

  Neg_H_EIF2AK4 <- EIF2AK4_n %>% mutate(str_detect(Hallmark, Hallmark_name)) %>%  

    rename(query = `str_detect(Hallmark, Hallmark_name)`) %>%  

    filter(query == TRUE)  
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  if (sep == TRUE){ 

    Pos_H_GCN1 %>%  write_csv( 

      path = paste("Results/", paste( 

        "GCN1", Hallmark_name, "POS", "chrom", sep="_", ".csv"))) 

    Pos_H_EIF2AK4 %>%  write_csv( 

      path = paste("Results/", paste( 

        "EIF2AK4", Hallmark_name, "POS", "chrom", sep="_", ".csv"))) 

    Neg_H_GCN1 %>% write_csv( 

      path = paste("Results/", paste( 

        "GCN1", Hallmark_name, "NEG", "chrom", sep="_", ".csv"))) 

    Neg_H_EIF2AK4 %>% write_csv( 

      path = paste("Results/", paste( 

        "EIF2AK4", Hallmark_name, "NEG", "chrom", sep="_", ".csv"))) 

  } else { 

    bind_rows(Pos_H_GCN1, Neg_H_GCN1) %>% write_csv( 

      path = paste("Results/", paste("GCN1", Hallmark_name, "full", sep="_", 

".csv"))) 

    bind_rows(Pos_H_EIF2AK4, Neg_H_EIF2AK4) %>% write_csv( 

      path = paste("Results/", paste("EIF2AK4", Hallmark_name, "full", sep="_", 

".csv"))) 

     

  } 

} 

 

write_genes_in_hallmark("MITOTIC_SPINDLE", FALSE) 

 
  

 

7. Gene filtering by GO term of interest 

GO_term_arrays_and_counts.py Takes as input the results file from the GO term GSEA and produces 

two files.  

import fnmatch 

from tabulate import tabulate 

# Returns the number of genes per GO term (count_outfile) 

# Returns an array with whether each GO term is present in each gene (0=not, 1=yes) 

def main(input_file, array_outfile, counts_outfile): 

    fh = open(input_file, "r") 

    lines = fh.read() 

    fh.close() 

    split = lines.split("\n") 

    overlaps_shown = int(split[4].split('\t')[1]) 

    header_length = overlaps_shown + 10 

    gene_start = header_length + 5 

    GO_Header = [] 

    for gene in split[10:header_length]: 
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        elements = gene.split("\t") 

        GO_test = elements[0] 

        GO_description = elements[2] 

        GO_Header.append([GO_test, GO_description]) 

    GO_gene = [] 

    all_genes = [] 

    for gene in split[gene_start:-1]: 

        elements = gene.split("\t")  

        entrez = elements[0] 

        SYMBOL = elements[1] 

        GO_terms_raw = elements[3:]  

        GO_terms = fnmatch.filter(GO_terms_raw, 'GO*')  

        if GO_terms: 

            GO_gene.append(GO_terms) 

         

        all_genes.append((entrez, SYMBOL, GO_terms)) 

    Matches = [] 

    for GO_list in GO_Header: 

        GO_test = GO_list[0] 

        Match_count = 0 

             

        for GO_terms in GO_gene: 

            Match_count += GO_terms.count(GO_test) 

         

        Matches.append([GO_test, Match_count]) 

# Returns the array of GO terms with genes (arrays) 

    with open(array_outfile, 'w') as genes_file: 

        all_go_terms = [] 

        for header_line in GO_Header: 

            GO_test = header_line[0] 

            all_go_terms.append(GO_test) 

        # use all_go_terms to write top_line_go_terms on the file 

        top_line_go_term_names = [] 

        for g_name in all_go_terms: 

            top_line_go_term_names.append(g_name) 

        genes_file.write("Entrez\tSymbol\t" + "\t".join(top_line_go_term_names) + "\n") 

        for (entrez, symbol, GO_terms) in all_genes: 

            gene_line = [entrez, symbol] 

            for term in all_go_terms: 

                gene_line.append(str(GO_terms.count(term))) # either 1 or 0 

            genes_file.write("\t".join(gene_line) + "\n") 

# Returns the number of genes per GO term (counts) 

    with open(counts_outfile, 'w') as counts_file: 

        counts_file.write("GO_Term\tCount\n") 

        for match in Matches: 

            counts_file.write("\t".join([str(m) for m in match]) + "\n") 
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if __name__ == "__main__": 

    main("GCN1.txt", "GCN1_array2.csv", "GCN1_count2.csv") 

    main("GCN2.txt", "GCN2_array2.csv", "GCN2_count2.csv") 
 

 

Get_genes_in_GO_of_interest.py  (gets genes with correlationss) 

This code needs several input files and uses handles to work with them. A list of GO terms of interest  

are matched to gene descriptions and the GO term array produced in the previous step. The code 

generates a list with genes that have any of the GO terms of interest and include ENTREZ IDs and 

descriptions. 

def get_genes_in_goterm(goterms_of_interest_fn, gene_descriptions_fn, 

matrix_fns_by_goi, outfile_fn):   

goterms_of_interest = [] 

   

  with open(goterms_of_interest_fn, "r") as goterms_of_interest_handler: 

    goterms_of_interest = [goterm.replace("\n", "") for goterm in 

goterms_of_interest_handler.readlines()] 

  gene_descriptions = {} 

  with open(gene_descriptions_fn, "r") as gene_descriptions_handler: 

    for gene_line in gene_descriptions_handler.readlines(): 

      (entrez_gene_id, desc) = gene_line.replace("\n", "").split("\t") 

      gene_descriptions[entrez_gene_id] = desc 

  gois = [key for key in matrix_fns_by_goi] 

  genes_in_goterm_by_goterm = {} 

   

  for goterm in goterms_of_interest: 

    genes_in_goterm = {} 

    for goi, matrix_fn in matrix_fns_by_goi.items(): 

      matrix_header = [] 

      gene_matrix_body = [[]] 

      with open(matrix_fn, "r") as matrix_file_handler: 

        matrix_header = matrix_file_handler.readline().replace("\n", "").split("\t") 

        gene_matrix_body = [gene_line.replace("\n", "").split("\t") for gene_line in 

matrix_file_handler.readlines()] 

      for gene_line in gene_matrix_body: 

        entrez = gene_line[0] 

        symbol = gene_line[1] 

        desc = gene_descriptions[entrez] 

        if goterm in matrix_header: 

          goterm_index = matrix_header.index(goterm) 

          is_gene_in_goterm = gene_line[goterm_index] == "1" 

           

          if is_gene_in_goterm: 

            if not symbol in genes_in_goterm: 

              genes_in_goterm[symbol] = { "entrez": entrez, "desc": desc } 
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            genes_in_goterm[symbol][goi] = 1 

     

    if len(genes_in_goterm) > 0:     

      genes_in_goterm_by_goterm[goterm] = genes_in_goterm   

       

  matched_genes_header = ["Goterm", "Gene", "Entrez", "Description"] 

  for goi in gois: 

    matched_genes_header.append(goi) 

  matched_genes = [] 

  for goterm, genes_in_goterm in genes_in_goterm_by_goterm.items(): 

    for symbol, data in genes_in_goterm.items(): 

      data_line = [goterm, symbol, data["entrez"], data["desc"]] 

      for goi in gois: 

        data_line.append(data[goi] if goi in data else 0) 

      matched_genes.append(data_line) 

  with open(outfile_fn, "w") as outfile_fh: 

    outfile_fh.write("\t".join(matched_genes_header) + "\n") 

     

    for row in matched_genes: 

      outfile_fh.write("\t".join([str(col) for col in row]) + "\n") 

  return 0 

if __name__ == "__main__": 

  get_genes_in_goterm( 

    goterms_of_interest_fn="GO_of_interest_G2M.txt",  

    matrix_fns_by_goi={"EIF2AK4": ".\data\G2M_GO_and_genes_EIF2AK4.csv", "GCN1L1": 

".\data\G2M_GO_and_genes_GCN1L1.csv"},  

    gene_descriptions_fn="gene_descriptions.tsv",  

    outfile_fn=".\out\G2M_genes_in_goterm.txt") 

   

  get_genes_in_goterm( 

    goterms_of_interest_fn="GO_of_interest_MIT.txt",  

    matrix_fns_by_goi={"EIF2AK4": ".\data\MIT_GO_and_genes_EIF2AK4.csv", "GCN1L1": 

".\data\MIT_GO_and_genes_GCN1L1.csv"},  

    gene_descriptions_fn="gene_descriptions.tsv",  

    outfile_fn=".\out\MIT_genes_in_goterm.txt") 

  get_genes_in_goterm( 

    goterms_of_interest_fn="GO_of_interest_DNAR.txt",  

    matrix_fns_by_goi={"EIF2AK4": ".\data\DNA_rep_GO_and_genes_EIF2AK4.csv", "GCN1L1": 

".\data\DNA_rep_GO_and_genes_GCN1L1.csv"},  

    gene_descriptions_fn="gene_descriptions.tsv",  

    outfile_fn=".\out\DNAR_genes_in_goterm.txt") 
 

 

 

 Add_correlation.r 
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library(tidyverse) 

### Add correlation and PADJ to the genes 

G2M__Py <- read_tsv("data/Genes_in_Go/G2M_genes_in_goterm.txt")   %>% select(Goterm, 

Entrez, EIF2AK4, GCN1L1) 

# Get cors 

EIF2AK4_n   <- read_tsv("data/Corrected_files_Sep/main_neg_EIF2AK4_matched_sep.csv")  

EIF2AK4_p   <- read_tsv("data/Corrected_files_Sep/main_pos_EIF2AK4_matched_sep.csv")  

GCN1L1__n   <- read_tsv("data/Corrected_files_Sep/main_neg_GCN1L1_matched_sep.csv")   

GCN1L1__p   <- read_tsv("data/Corrected_files_Sep/main_pos_GCN1_matched_sep.csv")     

EIF2AK4_cors <- bind_rows(EIF2AK4_n, EIF2AK4_p) %>% mutate(Correlation = "EIF2AK4") 

GCN1L1_cors  <- bind_rows(GCN1L1__n, GCN1L1__p) %>% mutate(Correlation = "GCN1L1") 

DATA <- bind_rows(EIF2AK4_cors, GCN1L1_cors) %>% rename(Entrez = ENTREZ_GENE_ID) 

DATA_G2M <- inner_join(DATA, G2M__Py, by = "Entrez" ) %>%  select(Goterm, Entrez, 

SYMBOL, IlluminaID, cor1, PADJ1, cor2, PADJ2, Description, Correlation, EIF2AK4, 

GCN1L1) %>%  

  write_tsv(path = paste("Results/", paste("DATA_G2M", sep="_", ".csv"))) 
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plot_corrs.r 

Code with two different filtering functions.  Filter_function() uses the same filters than the main 

correlation experiment. Filter_less() removes only low quality probes. The second filter function is 

used to access probes with low variation to have as candidates for control genes. 

plot_all_GOIs() is another function in this module that obtains multiple scatterplots for each probe in 

the gene of interest. This function calls corr_n_plot_set_up(),  which includes plotting commands 

and correlation without FDR adjustment.  

library(tidyverse) 

filter_function <- function(raw_data, probe_data, cohort_number){ 

  if (cohort_number == 1){ cols <- 154 } 

  if (cohort_number == 2){ cols <- 135 } 

 

  # IQR function 

  Calculate.IQR <- function(x){ 

    res <- quantile(x, 3/4) - quantile(x, 1/4) 

    return(as.numeric(res)) 

  } 

  Exp_data <- raw_data[,5:cols]  

  ## Filter by IQR  

  IQR_data <- apply(Exp_data, 1, Calculate.IQR) 

  IQR_median <- median(IQR_data)   

  length(IQR_data) 

  # IQR_median should be 5.000393 

  Filtered_by_IQR <- raw_data %>% filter(IQR_data > IQR_median) 

   

  # Filter by expression > 40 and remove entries without Entrez 

  Mean_Exp_data <- apply(Filtered_by_IQR[,5:cols] , 1, mean) 

  Filtered_by_40 <- Filtered_by_IQR %>% filter(Mean_Exp_data > 40, ENTREZ_GENE_ID > 

0) 

  ##  Probe-quality filtering 

  probe_quality <- probe_data %>% select(IlluminaID, ProbeQuality) 

  ## Filtering by quality step: 

  Filtered_by_PrQ <- left_join(Filtered_by_40, probe_quality, by="IlluminaID", 

match="all") %>%  

    filter( !ProbeQuality == "Bad", !ProbeQuality == "No match") 

  ## Recover GCN2 entry and join to filtered data---- after removing bad probes 

  GCN2_entry <- raw_data %>%  filter(ENTREZ_GENE_ID == 440275)  

  test_me<-bind_rows(Filtered_by_PrQ, GCN2_entry) 

  ## log 2 transform 

  log2_Data <- data.frame(test_me[,1:4], log(test_me[,5:cols],2)) 

  return(log2_Data) 

} 

filter_less <- function(raw_data, probe_data, cohort_number){ 
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  if (cohort_number == 1){ cols <- 154 } 

  if (cohort_number == 2){ cols <- 135 } 

 

  Exp_data <- raw_data[,5:cols]  

  ##  Probe-quality filtering 

  probe_quality <- probe_data %>% select(IlluminaID, ProbeQuality) 

  ## Filtering by quality step: 

  Filtered_by_PrQ <- left_join(raw_data, probe_quality, by="IlluminaID", 

match="all") %>%  

    filter( !ProbeQuality == "Bad", !ProbeQuality == "No match") 

  ## Recover GCN2 entry and join to filtered data---- after removing bad probes 

  GCN2_entry <- raw_data %>%  filter(ENTREZ_GENE_ID == 440275)  

  test_me<-bind_rows(Filtered_by_PrQ, GCN2_entry) 

  ## log 2 transform 

  log2_Data <- data.frame(test_me[,1:4], log(test_me[,5:cols],2)) 

  return(log2_Data) 

} 

plot_all_GOIs <- function(results, GOI, GCNn, cohort_number){ 

  ### Use this function to obtain multiple scatterplots.  

  ### Correlation between selected_gene (i.e. GCN2), and a probe 

  if (cohort_number == 1){ cols <- 154 } 

  if (cohort_number == 2){ cols <- 135 } 

  if (GCNn == 2){ gentrez <- 440275 } 

  if (GCNn == 1){ gentrez <- 10985 } 

  # Select GCN2 or GCN1 

   

  selected_GCNn <- results %>% filter(ENTREZ_GENE_ID == gentrez) 

  selected_GCNn[,1:4] 

  # Select test gene (e.g. loading control). Get all probes for that gene 

  # for each gene in GOI list, select GCNn and probe, obtain correlation and plot. 

   

  for (gene in 1:length(GOI)){ 

     

    test_gene <- GOI[gene] 

    selGen <- selected_GCNn[,5:cols] 

    corr_n_plot_set_up(results, test_gene, selGen, cols, GCNn, cohort_number) 

  } 

} 

   

   

corr_n_plot_set_up <- function(results, test_gene, selGen, cols, GCNn, 

cohort_number){ 

  test_gene_with_probes <- results %>% filter(ENTREZ_GENE_ID == test_gene) 

  selected_probes = c(test_gene_with_probes[,"IlluminaID"]) 

  gene_symbol = toString(test_gene_with_probes[1, "SYMBOL"]) 
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  for(probe in 1:length(selected_probes)){ 

    the_probe <- selected_probes[probe] 

    selProbe <- results %>% filter(IlluminaID == the_probe) %>% .[,5:cols] 

    print(the_probe) 

    #         IlluminaID ProbeID  SYMBOL ENTREZ_GENE_ID 

    #8215 ILMN_1755114 5050753 EIF2AK4         440275 

    temp_rho <- cor.test(as.numeric(selGen),  

                         as.numeric(selProbe),  

                         alternative = "two.sided", 

                         method = "spearman") 

    rho<-as.numeric(temp_rho[4]) 

    pval<-as.numeric(temp_rho[3]) 

    rho 

    pval 

    the_probe 

    ## Reshape dataset 

    Xgene <- selGen %>%  gather(key = patients, value = "X") 

    Ygene <- selProbe %>%  gather(key = patients, value = "Y") 

       

    plotData <- left_join(Xgene, Ygene, by = "patients") 

     

    ## Plot with ggplot 

    x_label <- paste("GCN", toString(GCNn), sep="") 

    y_label <- paste(toString(gene_symbol), toString(the_probe), sep="_") 

    cohort <- paste("cohort", cohort_number, sep="") 

     

    ggplot(data=plotData, aes(x=X, y=Y)) + 

      geom_jitter(shape=1) +     

      geom_smooth(method=lm) +            

      labs(title = cohort, 

           subtitle = paste("r =", rho, "\n", "pvalue =", pval, sep = ' '),  

           x= x_label, y= y_label) 

     

    filename <- paste(y_label, x_label, cohort, sep="_") 

    ggsave(paste(filename, ".png", sep=""),  

           width=10, height=9, units = "cm") 

     

  }} 
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main_plot_corrs.r 

This code calls all the functions needed from plor_corrs.r to obtain the desired scatterplots 

library(tidyverse) 

raw_data_1 <- read.table( 

"NormRaadataIllumina_alle prober_cohort1_150pasienter.txt", 

sep="\t",header=TRUE,dec=".",comment.char="",quote="") %>%  

rename(IlluminaID = PROBE_ID) 

 

raw_data_2 <- read.table( 

"Illuminadata_NyeABrix_cohort2_131pas_allePROBER.txt", 

sep="\t",header=TRUE,dec=".",comment.char="",quote="") %>%  

rename(IlluminaID = PROBE_ID) 

## Get Christina's reannotation 

probe_data <- read.table("illuminaHumanv3fullReannotation_mars2017.txt", 

sep="\t",header=TRUE,dec=".",comment.char="",quote="") 

#loading control candidates 

GOI <- c(7283, 7846, 6117, 58, 60,      #TUBG1 and TUBG2 RPA70, ACT1, ACTB 

            2597, 7414, 4176, 983,                    # GAPDH, Vinculin 

            4998, 4999, 23595, 5000, 5001, 23594, #ORC1 to ORC6 

            4000, 4001, 84823,                          #Lamins 

            3065, 7528, 6908, 5111, 8350, 1072, 5479) # HDAC1, 8350= histone H3  

#Cohort1 

results1 <- filter_function(raw_data_1, probe_data, 1)  

plot_all_GOIs(results1, GOI, 1, 1)   

plot_all_GOIs(results1, GOI, 2, 1) 

# Plots of ACT1 in Cohort 2. ACT1 has low variation. 

GOI <- c(58) 

results2 <- filter_less(raw_data_2, probe_data, 2)  

plot_all_GOIs(results2, GOI, 1, 2)   

plot_all_GOIs(results2, GOI, 2, 2) 

results1 <- filter_less(raw_data_1, probe_data, 1)  

plot_all_GOIs(results1, GOI, 1, 1)   

plot_all_GOIs(results1, GOI, 2, 1) 
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Additional support codes 

check_correlation.r 

Loop through a gene list and obtain their correlation values. This code was used to search for 

correlations of specific genes in the correlations-results files 

library(tidyverse) 

# Read results files for each cohort, and GCN1-correlations, GCN1-correlaitons 

GENES <- c(16, 60, 81631, 9546, 394, 440, 1386, 467, 83734, 9140) #Use Entrez IDs 

whole_tbl<- data.frame() 

for (gene in 1:length(GENES)){ 

  test_gene <- GENES[gene] 

  G1_1 <- GCN1L1__1 %>% filter(ENTREZ_GENE_ID == test_gene) %>% select(IlluminaID, 

ENTREZ_GENE_ID, SYMBOL, cor, adj.p.value, Cohort)  

  G1_2 <- GCN1L1__2 %>% filter(ENTREZ_GENE_ID == test_gene) %>% select(IlluminaID, 

ENTREZ_GENE_ID, SYMBOL, cor, adj.p.value, Cohort)  

  G2_1 <- EIF2AK4_1 %>% filter(ENTREZ_GENE_ID == test_gene) %>% select(IlluminaID, 

ENTREZ_GENE_ID, SYMBOL, cor, adj.p.value, Cohort)  

  G2_2 <- EIF2AK4_2 %>% filter(ENTREZ_GENE_ID == test_gene) %>% select(IlluminaID, 

ENTREZ_GENE_ID, SYMBOL, cor, adj.p.value, Cohort)  

   

  G1 <- left_join(G1_1, G1_2, by = "IlluminaID") 

  G2 <- left_join(G2_1, G2_2, by = "IlluminaID") 

  G1_G2 <- rbind(G1, G2) 

  whole_tbl <- rbind(whole_tbl, G1_G2) 

  #bind_rows(whole_tbl, G1, G2)  

  print(whole_tbl) #write_csv(path = paste("Results/", "HIST3_all_cors.csv")) 

} 

ATF4_targets <- whole_tbl %>% filter(adj.p.value.x < 0.05, adj.p.value.y < 0.05) 
 

 

Correlation_multi_probe.r 

This version of the main correlation code is adjusted for genes with more than one probe. With a 

loop that for each probe in gene, performs a correlation test. The code was used to calculate the 

correlation between control genes (Venn diagrams of CENPA/CENPN, RSPA/MCM2) 

library(tidyverse) 

cohort1 <- read.table("data/NormRaadataIllumina_alleprober_cohort1_150pasienter.txt", 

                      sep="\t",header=TRUE,dec=".",comment.char="",quote="") 

  #GOI = entrez ID of the gene of interest to correlate do all dataset 

  #raw_data = dataset 

  #cohort = string name for the output filename 

correlation_multi_probe <- function(raw_data, GOI, cohort){ 

  if (cohort == "cohort1"){ cols <- 154 } 

  if (cohort == "cohort2"){ cols <- 135 } 

  # IQR filter 
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  Calculate.IQR <- function(x){ 

    res <- quantile(x, 3/4) - quantile(x, 1/4) 

    return(as.numeric(res)) 

  } 

  Exp_data <- raw_data[,5:cols]  

  IQR_data <- apply(Exp_data, 1, Calculate.IQR) 

  IQR_median <- median(IQR_data)   

  length(IQR_data) 

  # IQR_median should be 5.000393 

  Filtered_by_IQR <- raw_data %>%  

    filter(IQR_data > IQR_median) 

  # Second: Filter by expression > 40 and remove entries without Entrez 

  Mean_Exp_data <- apply(Filtered_by_IQR[,5:cols] , 1, mean) 

  Filtered_by_40 <- Filtered_by_IQR %>%  

    filter(Mean_Exp_data > 40, ENTREZ_GENE_ID > 0) 

  ##  Probe-quality filtering, Get  reannotation file   

  raw_probe_data <- 

read.table("data/illuminaHumanv3fullReannotation_mars2017.txt",sep="\t",header=TRUE,d

ec=".",comment.char="",quote="") 

  probe_quality <- raw_probe_data %>%  

    select(IlluminaID, ProbeQuality) 

  temp <- left_join(Filtered_by_40, probe_quality, by="IlluminaID", match="all") 

  ## Filtering by quality  

  Filtered_by_PrQ <- temp %>%  

    filter( !ProbeQuality == "Bad", !ProbeQuality == "No match") 

  ## Recover GCN2 entry and join to filtered data---- after removing bad probes 

  GCN2_entry <- raw_data %>%  filter(ENTREZ_GENE_ID == 440275) 

  test_me<-bind_rows(Filtered_by_PrQ, GCN2_entry) 

  ## log 2 transform 

  log2_Data <- data.frame(test_me[,1:4], log(test_me[,5:cols],2)) 

  ## Get general correlation code 

  source("C:/Users/Laura/Documents/1-

MolecularBiologyMaster/Beata_Grallert/Bioinformatics/R/Laura/control_correlation_test

/generellkorrelasjon.r") 

 

  ####### Select gene for correlation ########### 

  ## here the code loops through probes 

  ## Get all probes of the gene of interest, and put their ProbeID in a vector 

  ## Get gene symbol in a sigle string. Gene symbol will be used later to set the 

test. 

   

  selected_gene_with_probes <- log2_Data %>% filter(ENTREZ_GENE_ID == GOI) 

  selected_probes = c(selected_gene_with_probes[,"ProbeID"]) 

  gene_symbol = toString(selected_gene_with_probes[1, "SYMBOL"]) 

  x <- log2_Data #for the test. The same for all probes. Can be defined before the 

loop. 
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  # Loop that for each probe in the gene, takes the data in columns 5 to end, and 

performs the corr test. 

   

  for(probe in 1:length(selected_probes)){ 

    the_probe <- selected_probes[probe] 

    selected_gene <- log2_Data %>% filter(ProbeID == the_probe) 

    print("Processing probe:") 

    print(selected_gene[1,1:4]) 

    #         PROBE_ID ProbeID  SYMBOL ENTREZ_GENE_ID 

    #8215 ILMN_1755114 5050753 EIF2AK4         440275 

     

    y <- as.numeric(selected_gene[1,5:cols]) 

     

    test <- calculateCorrelation(1,x,y,NULL,4,NULL,"spearman",NULL,NULL,  

                                 paste(GOI, gene_symbol, cohort, the_probe, sep="_", 

".csv")) 

  } 

} 

## Genes of interest 

# Control interactions, correlations calculated to compare expected interacions to 

GCN1 and GCN2 

 #interaction 1: CKS2 vs CDK1 

 #for each gene in list, do function, function for cohort 1 and 2 

 # CKS2: 1164, CDK2: 1017, XPA: 7507, ERCC1: 2067, CENPA: 1851,  

 # CENPB: 1059, CENPN: 55839, RPSA: 3921, MCM2: 4171 

 list_of_genes <- c(1058, 1059, 55839, 3921, 4171, 440275, 10985) 

  

for (gene in 1:length(list_of_genes)){ 

    

   test_gene <- list_of_genes[gene] 

   correlation_multi_probe(cohort1, test_gene, "cohort1") 

   correlation_multi_probe(cohort2, test_gene, "cohort2") 

 } 
 

 

  


