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1. Introduction 

1.1 Leukemia 

Leukemia is listed as the 11th most frequent and the 10th most lethal cancer in the world (Miranda-

Filho et al., 2018). In 2020, there were total of 474 519 new diagnosed leukemia cases and 311 594 

new deaths worldwide, of which 67 008 new leukemia cases and 25 080 new deaths belonged to 

children between ages 0-14 (Sung et al., 2021). The number of new diagnosed leukemia cases has 

been rising. For example, the number of new cases in 1990 was 354 500, meaning a 1.3 times fold-

change in two decades. Even though the number of new cases has been rising, the incidence of total 

leukemia cases has been decreasing worldwide (Dong et al., 2020). The incidence of leukemia varies 

between age, sex, and ethnicity between different populations, mostly because due to different 

exposure to multiple genetic and environmental risk factors (Dong et al., 2020). These risk factors 

include for example ionizing radiation, herbicides, and pesticides (Dong et al., 2020) and especially 

in children and young adults, different genetic syndromes like Down’s and Li Fraumeni syndrome 

(Miranda-Filho et al., 2018). The prevalence of leukemia is 1.4 times higher in men than in women 

and in overall the highest incidence of leukemia is in the counties with very high human 

development index, even though the higher incidence in these countries might be partially ascribed 

with better access to healthcare services compared to lower human development index countries 

(Miranda-Filho et al., 2018). 

Leukemias are a heterogeneous group of life-threatening cancers of blood and bone marrow that 

are caused by genetic mutations, leading to the disturbed production of aberrant white blood cells 

(Miranda-Filho et al., 2018; Nemkov et al., 2019). These aberrant white blood cells cannot carry out 

their normal functions and they multiply erroneously. Over time, they crowd out healthy blood cells 

resulting in diminished amounts of healthy red blood cells, platelets, and white blood cells (Nemkov 

et al., 2019). The process where cellular components of the blood are produced is referred as 

hematopoiesis. Its purpose is to continuously regenerate blood cells and maintain the correct 

number of specific cell types. The process starts to develop in early embryogenesis, and finally takes 

place mainly in the niches of the bone marrow after birth (Rieger & Schroeder 2012). The niches 

provide a suitable microenvironment for the hematopoiesis, which is a complex and strictly 

controlled process with different intrinsic and extrinsic regulation networks, where hematopoietic 

stem cells (HSC) give rise to different cell lineages (Orkin & Zon 2008; Nemkov et al., 2019). The HSCs 
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are pluripotent cells, and they are capable of self-renewal. They give rise to common myeloid 

progenitors (CMP) and common lymphoid progenitors (CLP), which are multipotent precursors of 

the myeloid and lymphoid lineages. These progenitor cells give rise to different fate committed 

precursor cells, which eventually differentiate into mature cells. The myeloid cell lineage consists of 

red blood cells, platelets, granulocytes, and macrophages and the lymphoid cell lineage consists of 

B and T lymphocytes, and natural killer (NK) cells (Orkin & Zon 2008; Nemkov et al., 2019). The 

perturbation of the homeostatic balance of the hematopoiesis is a key feature of leukemogenesis 

(Orkin & Zon 2008). The hematopoiesis is illustrated in Figure 1. 

 

Figure 1. “Simplified hematopoiesis”. Illustration of the hematopoiesis, where the cellular 

components of the blood are produced. © by Rad & Häggström (2009) is licensed under CC-BY-SA 

3.0. 

 

1.2 Acute leukemia 

Few different classifications exist to describe the different manifestations of four major leukemia 

subtypes. The first classification scheme involves the oncogenic transformation of progenitor cell 
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lineage. In lymphocytic leukemia, the affected progenitor cells belong to a lymphoid cell lineage, 

while in myeloid leukemia, the affected progenitor cells belong to a myeloid cell lineage. The second 

classification scheme is characterized by the maturity of the cells before the leukemic 

transformation, and it broadly divides the disease into its acute and chronic form. Acute leukemia 

refers to a malignant transformation of immature hematopoietic cells whereas chronic leukemia 

refers to a malignancy of partly or fully matured hematopoietic cells (Miranda-Filho et al., 2018; 

Nemkov et al., 2019). These two classifications give rise to the four major subtypes of leukemia, 

which are acute myeloid leukemia (AML), acute lymphoblastic leukemia (ALL), chronic myeloid 

leukemia (CML), and chronic lymphoblastic leukemia (CLL) (Miranda-Filho et al., 2018). In general, 

acute leukemias develop much faster than chronic leukemias and are fatal within weeks without 

effective treatment, compared to chronic leukemia (Nemkov et al., 2019). This Master thesis focuses 

on acute leukemias.    

 

1.2.1 Acute lymphoblastic leukemia 

ALL is a malignancy of lymphoid progenitor cells in bone marrow and blood. It is the most common 

cancer in children, and the most common leukemia subtype in children accounting for 80% of 

childhood leukemias (Nemkov et al., 2019). ALL is also the second most common acute leukemia in 

adults (Terwilliger & Abdul-Hay 2017; Miranda-Filho et al., 2018). The incidence of ALL in United 

States is 1.6 per 100 000 individuals, and its onset follows a bimodal peak. The first disease peak 

typically appears in childhood, and the second peak appears approximately at the age of 50 

(Terwilliger & Abdul-Hay 2017). Approximately 80% of ALL cases are diagnosed in children 

(Terwilliger & Abdul-Hay 2017). 

The recent improvements in the treatment strategies have significantly improved the outcome of 

pediatric patients, and the remission rate is 95% with 5-year survival rate of 85-90% (Terwilliger & 

Abdul-Hay 2017; Nemkov et al., 2019). For adults, the remission rate is 85%, but unfortunately only 

30-40% of adults obtain long-term remission, and the 5-year survival rate is only 40% (Terwilliger & 

Abdul-Hay 2017; Nemkov et al., 2019).  

There are several recurring genomic alterations identified in ALL patients. Some examples include 

genetic alterations in PAX5 and IKZF1 genes, and gene fusion between ETV6::RUNX1, TCF3::PBX1, 

and BCR::ABL1 (Mullighan et al., 2007; Arber et al., 2021). The different genomic alterations within 
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ALL give rise to different molecular subtypes of the disease, which have impact on disease prognosis, 

treatment, and classification (Terwilliger & Abdul-Hay 2017; Arber et al., 2016). The ALL subtypes 

are presented in Table 1, according to the WHO classification of myeloid neoplasms and acute 

leukemia. 

 

Table 1. ALL subtypes. Official classifications of different ALL subtypes. Table modified from (Alaggio 

et al., 2022) 

B-cell lymphoblastic leukemias/lymphomas 

   B-lymphoblastic leukemia/lymphoma, Not otherwise specified 

   B-lymphoblastic leukemia/lymphoma with high hyperdiploidy 

   B-lymphoblastic leukemia/lymphoma with hypodiploidy 

   B-lymphoblastic leukemia/lymphoma with iAMP21 

   B-lymphoblastic leukemia/lymphoma with BCR::ABL1 fusion 

   B-lymphoblastic leukemia/lymphoma with BCR::ABL1-like features 

   B-lymphoblastic leukemia/lymphoma with KMT2A rearrangement 

   B-lymphoblastic leukemia/lymphoma with ETV6::RUNX1 fusion 

   B-lymphoblastic leukemia/lymphoma with ETV6::RUNX1-like features 

   B-lymphoblastic leukemia/lymphoma with TCF3::PBX1 fusion 

   B-lymphoblastic leukemia/lymphoma with IGH::IL3 fusion 

   B-lymphoblastic leukemia/lymphoma with TCF3::HLF fusion 

   B-lymphoblastic leukemia/lymphoma with other defined genetic abnormalities 

T-lymphoblastic leukemia/lymphoma 

   T-lymphoblastic leukemia / lymphoma, Not otherwise specified 

   Early T-precursor lymphoblastic leukemia / lymphoma 

 

1.2.2 Acute myeloid leukemia 

AML is an aggressive malignancy, which develops in the myeloid lineage of the hematopoiesis 

(Khwaja et al., 2016). The global incidence of AML is approximately 1.5 per 100 000 individuals (Dong 

et al., 2020). In adults, AML is 3-4 times more common than ALL (Khwaja et al., 2016). It is also the 

most common subtype of leukemia in adults with median age of diagnosis at 68 years in United 

States (Short et al., 2018). In children, AML is the second most common subtype of leukemia and 

accounts approximately 20% of childhood leukemia cases (Khwaja et al., 2016). 

Despite the improvements of diagnostics and treatment strategies, the 5-year survival rate for AML 

patients is only less than 30% (Nemkov et al., 2019). For patients younger than 60 years old, the 

long-time survival rate is 35-45%, and for patients elder than 60 years old the long-time survival rate 
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is only 10-15% (Short et al., 2018). In addition, the long-term survival rate can reach up to 70% in 

pediatric patients (Short et al., 2018). 

AML is a heterogenous subtype of acute leukemia with many characterizing mutations, and 

therefore no singular model of pathogenesis exists accounting all AML cases (Short et al., 2018). 

Some examples of recurrent genomic alterations are mutations in NPM1, FLT3, DNMT3A, CEBPA, 

TET2, RUNX1, and GATA2 genes, and different gene fusions with KMT2A gene (Khwaja et al., 2016). 

Also, like in ALL, different genomic features have impact on molecular subtype of AML and can be 

used for classification, treatment, and prognosis. The AML subtypes are presented in Table 2, 

according to WHO classification of myeloid neoplasms and acute leukemia (Arber et al. 2016). 

 

Table 2. AML subtypes. Official classifications of different AML subtypes. Table modified from 

(Khoury et al., 2022) 

Acute myeloid leukemia with defining genetic abnormalities 

   Acute promyelocytic leukemia with PML::RARA fusion 

   Acute myeloid leukemia with RUNX1::RUNX1T1 fusion 

   Acute myeloid leukemia with CBFB::MYH11 fusion 

   Acute myeloid leukemia with DEK::NUP214 fusion 

   Acute myeloid leukemia with RBM15::MRTFA fusion 

   Acute myeloid leukemia with BCR::ABL1 fusion 

   Acute myeloid leukemia with KMT2A rearrangement 

   Acute myeloid leukemia with MECOM rearrangement 

   Acute myeloid leukemia with NUP98 rearrangement 

   Acute myeloid leukemia with NPM1 mutation 

   Acute myeloid leukemia with CEBPA mutation 

   Acute myeloid leukemia, myelodysplasia-related 

   Acute myeloid leukemia with other defined genetic alterations 

Acute myeloid leukemia, defined by differentiation 

   Acute myeloid leukemia with minimal differentiation 

   Acute myeloid leukemia without maturation 

   Acute myeloid leukemia with maturation 

   Acute basophilic leukemia 

   Acute myelomonocytic leukemia 

   Acute monocytic leukemia 

   Acute erythroid leukemia 

   Acute megakaryoblastic leukemia 
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1.3 Diagnosis and treatment of acute leukemias 

Acute leukemia is diagnosed from blood and bone marrow samples (Short et al., 2018). The blood 

tests are usually taken form peripheral vein, whereas the bone marrow samples are usually 

aspirated from the hip bone. Different types of sample tubes, such as EDTA tubes can be used for 

the sample collection (Cloos et al., 2018). Morphological assessment and the detection of at least 

20% or more blasts in the peripheral blood or bone marrow is usually required to diagnose acute 

leukemia. Immunophenotyping with flow cytometry is also used side by side with the morphological 

assessment to detect the myeloid or lymphoid origin of the blast populations, and further categorize 

the acute leukemia subtype (Terwilliger & Abdul-Hay 2017; Short et al., 2018). In addition to 

morphological assessment and flow cytometry, cytogenetic analyses and molecular screening are 

executed to understand the molecular basis of the disease. The cytogenetic and molecular analyses 

are important in the diagnosis since the characterization and treatment of acute leukemias are 

based on the molecular subtypes (Short et al., 2018; Arber et al., 2016). Some exceptions can also 

be made for the 20% blast-count cutoff based on the molecular analysis. For example, acute 

leukemia can be diagnosed with lower blast proportion by the presence of a recurrent genomic 

aberration, such as CBFB::MYH11 gene fusion in AML (Short et al., 2018). 

The treatment protocol for acute leukemia falls into different phases. The induction chemotherapy 

is first used to kill most of the malignant cells, followed by consolidation chemotherapy or allogenic 

hematopoietic stem cell transplantation for the eligible patients (Short et al., 2018). The final phase 

is the maintenance phase, which uses lower doses of the drugs and aims to prevent the relapse of 

the disease. If the patient is not fit for the intensive treatment protocol due to patients age or 

condition, the prognosis is worse (Terwilliger & Abdul-Hay 2017; Short et al., 2018). It is also 

extremely important to monitor the response of the treatment and the risk of relapse. To do this, 

minimal residual disease is monitored regularly from patients during, and after the treatment (Short 

et al., 2018). 

Great progress has been made in the past decades in treating the acute leukemia patients (Short et 

al., 2018). For example, before the development of tyrosine kinase inhibitors, the one-year survival 

rate for BCR::ABL1 fusion positive ALL was only around 10%. The invention of tyrosine kinase 

inhibitors improved the patient survival drastically and therefore, the presence of BCR::ABL1 gene 

fusion is screened from all leukemia patients before starting the treatment. (Terwilliger & Abdul-

Hay 2017). Furthermore, other targeted therapies targeting on specific gene mutations, such as 
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mutations in IDH and FLT3 genes have also developed as well in recent years (Yu et al., 2020). In 

addition, the development of chimeric antigen receptor T-cell (CAR-T) therapy represents promising 

new strategy for treating acute leukemia (Sheykhhasan et al., 2022). These aspects also highlight 

the importance of molecular analyses of the acute leukemia patients. 

 

1.4 Fusion genes 

Fusion genes are strong drivers in cancer, and they have very important role for cancer initiation 

and progression (Annala et al., 2013). Fusion genes are identified as driver mutations in 16.5%, and 

as a sole driver in approximately 1% of cancers respectively. Overall, fusion gene positive cancers 

harbor 1-60 gene fusions with a median of 1 fusion gene (Gao et al., 2018). In acute leukemia, 

majority of fusion positive diseases also harbor one fusion gene (Chen et al., 2021). By mid-May 

2022, 32 962 unique fusion genes were identified in different cancers representing 14 016 different 

genes involved (Mitelman et al., 2022).  

Fusion genes are formed when parts from two or more original genes join and form a novel hybrid 

gene (Annala et al., 2013). Fusion genes are usually a result from different genomic rearrangements 

when the DNA strands are erroneously rejoined after a DNA double strand break. This leads to a 

situation, where the gene fusion is transcribed in a fused or abnormal transcript and translated to a 

chimeric or abnormal fusion protein, which has altered function compared to a normal protein 

(Xiaofeng et al., 2018). Usually, the genomic breakpoints resulting to gene fusions occur in intronic 

or intergenic regions, but gene fusions caused by exon disrupting DNA double strand breaks have 

also been reported (Annala et al., 2013). Four main canonical mechanisms exist leading to a fusion 

gene formation via genomic rearrangements, which are translocation, deletion, insertion, and 

inversion (Bruford et al., 2021). 

Translocation refers to a process where genetic material is switched between two non-homologous 

chromosomes. The event can happen in a reciprocal or non-reciprocal manner. In reciprocal 

translocation, DNA-segments from two nonhomologous chromosomes are exchanged, whereas in 

non-reciprocal translocation a DNA segment from one chromosome is transferred to another 

nonhomologous chromosome (Xiaofeng et al., 2018). For example, a gene fusion between BCR and 

ABL1 genes, also known as a Philadelphia chromosome, is caused by reciprocal translocation 

between the q arms of chromosomes 9 and 22 (Shtivelman et al., 1985). It was also the first evidence 
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of gene fusion event, detected by Nowell and Hungerford in 1960 from patients with CML (Nowell 

& Hungerford 1960). 

If a deleterious error happens during a DNA replication, it can lead to a fusion gene formation. In 

this situation, a DNA segment in a chromosome is lost between two genes, bringing them together 

(Xiaofeng et al., 2018). Inversion refers to a process when a single chromosome goes through double 

strand break where the detached DNA fragment is reversed end to end and rejoined. It can happen 

in a paracentric or pericentric way, where the latter one refers to an inversion where centromere is 

included. Insertion refers to a type of mutation where a DNA segment is inserted into a new position 

in the same or another chromosome. Insertion can happen, for example, as a result of a tandem 

duplication, where a part of genomic region is duplicated and then inserted into a new location. If 

the breakpoints of the amplified duplication are situated within genes, it can lead to formation of a 

fusion gene at the junction of original and copied region (Bruford et al., 2021; Annala et al., 2013). 

In addition, different combinations of the canonical mechanisms can give rise to fusion genes 

(Xiaofeng et al., 2018). The main mechanisms giving rise to fusion genes are illustrated in Figure 2. 

 

Figure 2. The main basic mechanisms giving rise to fusion genes. The upper row denotes the 

original situation, and the lower row denotes the situation after chromosomal rearrangement. 

Letters A and B denotes genes. © by Bruford et al., (2021) is licensed under CC-BY 4.0. 

 

Fusion genes can also arise through complex genomic rearrangements such as chromotripsis, where 

shattering and reassembling of the chromosome can form numerous fusion genes in a single event. 

It is also possible that fusion genes are formed without any genomic rearrangements. This can 
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happen for example with intergenic splicing or polymerase read through, which results in fusion 

gene formation at the transcriptional level (Xiaofeng et al., 2018).  

 

1.5 Fusion gene detection 

1.5.1 Traditional methods 

The most common methods used in fusion gene detection in clinics are the traditional methods. 

These methods include fluorescence in situ hybridization (FISH), reverse transcription polymerase 

chain reaction (RT-PCR), and immunohistochemistry (IHC). However, these methods are 

commercially available only for the most common gene fusions, which reduces their diagnostic 

scope (Heyer & Blackburn 2020).  

Conventional karyotyping under the microscope was the first method to study the chromosomal 

rearrangements from metaphase chromosomes (Wang et al., 2017). However, it is very time 

consuming, since it needs preliminary cell culturing, and it reaches only to a resolution of 5-10 Mb 

(Volpi & Bridger 2008). The invention of FISH in the early 1980s made it possible to narrow down 

the resolution and further study different genomic rearrangements (Volpi & Bridger 2008). 

FISH is a widely used technique with high sensitivity and specificity to visualize nucleic acid 

sequences at a single cell level (Heyer & Blackburn 2020; Volpi & Bridger 2018). It is very useful in 

detecting different genomic rearrangements, such as translocations, since it can detect the spatial 

position of the rearranged genes, and also the ratio of cells, which consists of the genomic 

rearrangement (Heyer & Blackburn 2020). The basic FISH procedure utilizes designed probes with a 

fluorescent marker to bind with the sequence of interest, which can be visualized under the 

fluorescent microscope (Volpi & Bridger 2018). The procedure is usually performed on DNA from 

metaphase chromosomes or from interphase nuclei, but it can also be performed on RNA (Tsuchiya 

2011). In addition, novel FISH techniques such as Fusion-Signal FISH have been developed in recent 

years, which are designed for fusion gene detection (Volpi & Bridger 2018). The disadvantages of 

the FISH are that it is limited at the resolution of around 10 kb and its multiplexing capacity is low. 

It also requires prior knowledge about the gene of interest, and the commercial probes are only 

available for the most common rearrangements (Heyer & Blackburn 2020). Furthermore, the typical 

FISH procedure analyzes 10 to 200 cells, which might obscure the detection of a rare cell population 

harboring a gene fusion (Alamri et al., 2017). 
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PCR is widely used low-throughput method for fusion gene detection. It has high sensitivity, and it 

is based on the designed primers, which can detect the fusion breakpoint (Heyer & Blackburn 2020; 

van Dongen et al., 1999). If the fusion gene occurs, the primers will amplify the fusion sequence and 

it can be detected. Fusion gene detection using PCR can be done either from DNA or RNA (van 

Dongen et al., 1999). The problem with the DNA is that the breakpoint of the gene fusion can span 

over 10kb distance between different patients. Therefore, it can be difficult to reliably detect all 

variants of a gene fusion using PCR. However, many fusion genes are transcribed, which allows the 

use of mRNA in PCR analysis after complementary DNA (cDNA) conversion with reverse 

transcriptase either in conventional RT-PCR (van Dongen et al., 1999), or in quantitative RT-PCR 

(qRT-PCR) (Heyer & Blackburn 2020).  

Currently, qRT-PCR among the most common methods used in clinic for fusion gene detection due 

to its cost effectiveness and its ability to produce results fast. There are lots of different qRT-PCR 

assays designed for leukemia fusion gene diagnostics in the market, which can detect multiple 

different fusion transcripts in a single experiment. The downside of the qRT-PCR method however 

is that it requires prior knowledge of both fusing genes and their breakpoints, and it is limited only 

to the targeted sequences (Heyer & Blackburn 2020). In addition, qRT-PCR can also be used in 

residual disease monitoring (Lyu et al., 2017). 

IHC is a method, which is used to visualize fusion genes at the protein level under a microscope. The 

fusion gene detection with IHC is based on high affinity antibodies, which bind to N-terminal and C-

terminal parts of the fusion protein (Barr 2016). IHC is not typically used only by itself in fusion gene 

detection in clinics, but because it is cheap, relatively simple, and quick method to perform, it can 

be used for example as an adjunct test in a two-step fusion gene screening in various cancers 

(Marchiò et al., 2019).  

 

1.5.2 Next generation sequencing based methods 

The invention of next generation sequencing has revolutionized the possibility to identify gene 

fusions at the DNA and RNA level without prior knowledge of the cytogenic properties (Bruford et 

al., 2021). The two most commonly used techniques for fusion gene detection are whole genome 

sequencing (WGS) and whole transcriptome sequencing (RNA-seq) (Panagopoulous et al., (2014b). 
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1.5.2.1 Whole genome sequencing 

WGS is used to examine genomes at the nucleotide level resolution in a single experiment 

(Panagopoulos et al., 2014b). WGS is accomplished briefly by first isolating the DNA from a sample, 

followed by DNA fragmentation, adaptor ligation, and library preparation (Heyer & Blackburn 2020). 

After this, the DNA is sequenced, for the pervasive genomic characterization (Panagopoulos et al., 

2014b). 

WGS has many applications, and it provides a powerful tool for fusion gene detection (Panagopoulos 

et al., 2014b). The WGS data provides unbiased information of the whole genome and due to this, 

it has some benefits compared to other methods (Heyer & Blackburn 2020). The main benefit of 

WGS is that it can identify genomic rearrangements, which are not transcribed, but might impact 

gene expression, such as rearrangements involving regulatory elements. Another major advantage 

of WGS is the possibility to precisely determine the genomic location of a fusion gene (Heyer & 

Blackburn 2020). 

Even though WGS data is highly reliable for fusion gene detection, it has its down sides. WGS needs 

deep sequencing to obtain high-confident results, which is relatively expensive and computationally 

demanding (Panagopoulos et al., 2014b). In addition, it does not provide information about the 

expression of fusion genes (Panagopoulos et al., 2014b). For example, the non-transcribed gene 

fusions may not impact cancer development and thus are poor therapy targets. In addition, WGS 

cannot recognize gene fusions, which are created by polymerase readthrough, due to absence of 

any genomic alteration (Heyer & Blackburn 2020). 

 

1.5.2.2 RNA sequencing 

RNA-seq is the most used NGS method for fusion gene detection. It uses RNA as a starting material 

to examine the whole or protein-coding transcriptomic profile of the sample and allows unbiased 

identification of both the known and novel fusion genes (Panagopoulos et al., 2014b). The typical 

workflow of RNA-seq is very similar to DNA based methods with some alterations. Most importantly, 

RNA needs to be converted to cDNA as a part of the library preparation, since the majority of NGS 

platforms are designed to sequence DNA. Also, ribosomal RNA and globin RNAs may consist over 

90% and over 70% of the total RNA content of the cell respectively, and thus are commonly removed 

(Heyer & Blackburn 2020). 
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RNA-seq has lots of benefits in fusion gene detection compared to other methods (Kerbs et al., 

2021). It is more sensitive at the equal sequencing depth compared to WGS, since the protein coding 

regions comprises only around 2% of the whole genome (Heyer & Blackburn 2020). RNA-seq is also 

based on transcript detection (Panagopoulos et al., 2014b). Due to this, RNA-seq can identify 

multiple different transcripts resulting from the single fusion event, but also the identical transcripts 

resulting from various intronic breakpoints (Panagopoulos et al., 2014b; Heyer & Blackburn 2020). 

RNA-seq also enables the detection of gene fusions without genomic rearrangements, and the 

inspection of different fusion splice variants at RNA level, which can have effect on targeted 

treatment. It is also possible to target the RNA-seq to specific locations in the genome, which offers 

more sensitive approach to inspect these desired regions. In addition, a major advantage of using 

RNA-seq is the possibility to analyze changes in gene expression (Heyer & Blackburn 2020). It is also 

an important aspect regarding gene fusions, since a possible functional outcome of a gene fusion 

can be gene silencing (Ågerstam et al., 2007). Furthermore, studies of differential expression of 

fusion genes provide crucial information regarding the function of gene fusions and their role in 

cancer development (Ågerstam et al., 2007).  

Even though RNA-seq is one of the best methods for fusion gene detection, it has downsides. One 

limitation is that RNA-seq cannot detect rearrangements involving non-transcribed regions, 

meaning that the fusion must be transcribed into RNA molecule (Mertens et al., 2014). Also, if the 

sample has low tumor content, RNA-seq with normal sequencing depth might not detect the fusion 

transcript due to limited sequencing depth. Even though, this can be solved by increasing the 

sequencing depth, it is not very cost-effective. RNA-seq also requires good quality RNA for starting 

material, which must be considered since RNA is much more sensitive molecule for degradation 

compared to DNA (Heyer & Blackburn 2020). 

 

1.5.2.3 RNA sequencing currently in clinical use for fusion gene detection in acute leukemias 

Fusion gene detection is an essential part of acute leukemia diagnostics, since 41% of AML cases 

and 29% of ALL cases harbor at least one fusion gene (Chen et al., 2021). The results from fusion 

gene detection are used for risk stratification, prognosis, minimal residual disease monitoring, and 

therapeutic treatment decision of the disease. Since acute leukemia can be a rapidly progressing 

cancer, and lead to death within weeks without treatment (Nemokov et al., 2019), the clinical 
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laboratories are striving to make a comprehensive diagnosis with increased efficiency and low costs 

(Engvall et al., 2020). 

The rapid development and reduced costs of sequencing technologies have made RNA-seq more 

accessible in clinical use, making it a recommended diagnostic tool for routine acute leukemia 

diagnostics (Chen et al., 2021). RNA-seq is the best method for comprehensive fusion gene analysis 

in clinics, since other methods are not capable of simultaneous detection of the large variety of 

possible expressed fusion genes (Heyer & Blackburn 2020). As an example, KMT2A-gene by itself 

can have more than 100 different fusion partners (Chen et al., 2021).  

In clinical use, fusion gene detection is done either with targeted RNA-seq or non-targeted RNA-seq. 

Targeted RNA-seq is one of the best methods, if at least one of the fusion partners is known, and it 

can detect all genes which are fused with the genes included in the used gene panel. Commercial 

targeted RNA-seq fusion gene panels are available in leukemia diagnostics, which are validated for 

clinical use. However targeted RNA-seq is not able to detect gene fusions, which are not included in 

the panel (Engvall et al., 2020).  

Non-targeted RNA-seq can be used to detect all known and novel fusions from leukemia patients, 

and it is the method of choice to detect all gene fusions from the sample (Chen et al., 2021). The 

detection of novel gene fusions is very important. For example, Lilljebjörn et al. (2014) detected 

novel MEF2D::CSF1R gene fusion from an ALL patient using non-targeted RNA-seq, which was 

sensitive to tyrosine kinase inhibitors in vitro. This suggests the possibility to have more personalized 

treatments in future. Also, the identification of novel gene fusions helps in designing more efficient 

and comprehensive gene panels for targeted RNA-seq (Engvall et al., 2020). The gene panels are 

usually designed for specific cancer types, such as leukemia. Therefore, they are not suitable for the 

diagnosis of other malignancies, hence making non-targeted approach more versatile for clinical 

purposes (Engvall et al., 2020; Chen et al., 2021). These features highlight the importance of the 

identification of novel gene fusions and the implementation of non-targeted RNA-seq in clinical use. 

 

1.5.2.4 Algorithms for fusion gene detection 

Fusion gene detection from RNA-seq data requires bioinformatic interpretation, which can utilize 

various analysis algorithms (Panagopoulous et al., 2014a). Overall, the algorithms follow broadly the 

same scheme for the fusion gene detection. First, the reads are mapped against the reference 
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genome. Then the alignment is evaluated, and the reads are filtered to discard the reads which are 

unrelated to fusion events. The algorithm then tries to detect the fusion junctions by inferring the 

fusion breakpoints based on the reads and/or read segments mapping to discordant genomic 

locations. Finally, the sequences of each candidate fusion can be deduced by merging the partner 

genes together (Wang et al., 2013).  

The fusion gene detection from RNA-seq data is complicated and it often provides a long list of 

candidate fusions dominated by false positives. The fusion gene detection is also affected by many 

issues, such as sequencing depth, read length, gene expression levels, and sequencing quality (Wang 

et al., 2013). Therefore, careful evaluation and validation of used algorithm is essential in clinical 

use due to potential misidentification of present fusion gene leading to false negative results 

(Panagopoulous et al., 2014a). For example, Panagopoulous et al., (2014a) showed that even though 

the fusion gene is present in raw reads, some algorithms fail to detect clinically important gene 

fusions in AML patients thus providing false negative results. 

More than 20 different algorithms are currently available for fusion gene detection (Kerbs et al., 

2021). A comprehensive analysis of different fusion gene detection algorithms made by Liu et al., 

(2016) shows that the performance of different algorithms varies. In the same analysis, the three 

best performing algorithms were SOAPfuse, FusionCatcher, and JAFFA (Liu et al., 2016). Some 

studies also suggest using at least two different algorithms for fusion gene detection, which is in the 

other hand more expensive and time consuming. Fortunately, new algorithms are becoming faster 

and more accurate in fusion gene detection, which decreases costs and the risk of false negatives, 

and are more suitable for clinical use (Uhrig et al., 2021). 

 

1.5.2.5 Optimal sampling process for RNA-seq based fusion gene detection in acute leukemias 

RNA-seq requires intact and good quality RNA for reliable fusion gene analysis. High amounts of 

RNA are also desirable for the analysis. For these reasons, proper sample handling is essential part 

of successful fusion gene detection from RNA-seq data. Multiple key concepts, for example, sample 

tubes, shipping and storage time and temperature, and sample processing time can have great 

impact on fusion gene analysis (Gillio-Meina et al., 2013). For example, Dvinge et al. (2014) showed 

that ex-vivo blood sample incubation can cause substantial biological changes in gene expression. 

Prolonged sample storage also increases the RNA degradation, since RNA is very prone molecule for 
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degradation, which can have direct impact on RNA-seq analysis (Dvinge et al., 2014). For example, 

Davila et al. (2016) showed that RNA degradation impaired the fusion gene detection, if the RNA-

seq library protocol utilizes poly-A capture. For this reason, the sample should be processed without 

delay. 

The sample tube should also be selected to fit for the purpose, and it should be stored at 4°C after 

the blood draw to avoid RNA degradation, since RNA degrades much faster at room temperature 

(Shen et al., 2018). In addition, there are also commercially available tubes, which are designed to 

preserve and stabilize RNA immediately after blood draw. These tubes are considered as the optimal 

tubes for RNA based analysis (Gautam et al., 2019). After RNA extraction, RNA should be stored at -

80°C to avoid degradation (Gillio-Meina 2013). By the time of writing this thesis, no optimal sampling 

process has yet been described for RNA-seq based fusion gene detection in acute leukemia 

diagnostics. 

 

2. Aims 

The overarching aim of this master´s thesis was to develop an optimal sampling protocol for fusion 

gene detection using RNA-seq for acute leukemia diagnostics. The optimization protocol was divided 

into three phases (Figure 3). First, the feasibility of different sample tubes and used RNA extraction 

method for RNA-seq was evaluated. This was done by taking whole blood samples from healthy 

volunteers to three different sample tubes (EDTA, CPT, and Tempus), and comparing the quality and 

integrity of the extracted RNA from these tubes. Second, the performance of RNA-seq on fusion 

gene detection was evaluated. The fusion genes detected using FusionCatcher algorithm were 

compared with findings from routine diagnostics. Commercially established fusion control samples 

(Seraseq Fusion RNA mix v4 reference material (SeraCare)) and RNA-seq metrics were also used to 

assess performance. Third, the impact of sample storage on fusion gene detection and on gene 

expression profile was evaluated. 
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Figure 3. Overview of the thesis work. The thesis work can be roughly divided into three phases. 1) 

Sample tube comparison. 2) RNA-seq and fusion gene detection. 3) Evaluation of the impact of 

sample storage on fusion gene detection and gene expression profile. 

 

3. Materials and methods 

3.1 Patient selection 

A total of 7 patients were included. They all were recruited from Helsinki University Hospital (HUH) 

and were selected based on their acute leukemia diagnosis. The study was conducted in accordance 

with the Declaration of Helsinki and an informed consent was received from all participants. In 
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addition, whole blood samples from two healthy volunteers were received for sample tube 

comparison.  

HUS routine diagnostic process for acute leukemia patients were performed for all patients. This 

includes qPCR testing and targeted RNA-seq for a possible manifestation of fusion genes. The qPCR 

test and targeted RNA-seq were performed by the laboratory of genetics. The qPCR was done using 

the HemaVision -28Q rt-pcr test (DNA Diagnostics), and the targeted RNA-seq was done using the 

FusionPlex Pan-Heme Kit (Invitae). The fusion genes assayed in HemaVision -28Q rt-pcr test panel 

are showed in Table 3. The possible fusion gene partners assayed in FusionPlex Pan-Heme Kit panel 

are showed in Table 4.  

 

Table 3. HemaVision -28Q rt-pcr test fusion genes. The set of gene fusions, which can be detected 

using the HemaVision -28Q rt-pcr assay. 

STIL::TAL1 KMT2A:: 
EPS15 

KMT2A:: 
MLLT11 

TCF3::PBX1 NPM1:: 
MLF1 

RUNX:: 
MECOM 

KMT2A:: 
AFF1 

ETV6:: 
PDGFRB 

NPM1:: 
RARA 

DEK:: 
NUP214 

KMT2A:: 
AFDN 

RUNX:: 
RUNX1T1 

SET:: 
NUP214 

KMT2A:: 
MLLT3 

ETV6:: 
ABL1 

BCR:: 
ABL1 

KMT2A:: 
MLLT10 

KMT2A:: 
MLLT6 

ZBTB16:: 
RARA 

KMT2A:: 
ELL 

KMT2A:: 
MLLT1 

ETV6:: 
RUNX1 

ETV6:: 
MN1 

PML:: 
RARA 

CBFB:: 
MYH11 

FUS::ERG TCF3::HLF KMT2A:: 
FOXO4 

 

 

Table 4. FusionPlex Pan-Heme fusion partner genes. The genes included in the FusionPlex Pan-

Heme assay.  

ABL1 ABL2 ALK BCL11B BCL2 BCL6 BCR BIRC3 CBFB 

CCND1 CCND3 CDK6 CHD1 CHIC2 CIITA CREBBP CRLF2 CSF1R 

DEK DUSP22 EBF1 EIF4A1 EPOR ERG ETV6 FGFR1 GLIS2 

IKZF2 IKZF3 JAK2 KAT6A KLF2 KMT2A MALT1 MECOM MKL1 

MLF1 MLLT10 MLLT4 MYC MYH11 NF1 NFKB2 NOTCH1 NTRK3 

NUP214 NUP98 P2RY8 PAG1 PAX5 PBX1 PDCD1LG2 PDGFRA PDGFRB 

PICALM PML PRDM16 PTK2B RARA RBM15 ROS1 RUNX1 RUNX1T1 

SEMA6A SETD2 STIL TAL1 TCF3 TFG TP63 TYK2 ZCCHC7 
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3.2 Samples 

The tube comparison samples were taken from healthy volunteers to ethylenediaminetetraacetic 

acid EDTA tubes (BD vacutainer), Tempus Blood RNA tubes (Applied Biosystems), and Cell 

preparation tubes (CPT) (BD vacutainer). The sampling was done simultaneously to EDTA and 

Tempus tubes and at the following day into CPT tube.  

The patient samples were taken into 10ml EDTA tubes in the HUS hematology ward as a part of the 

routine diagnostic practice. The patient samples were then shipped to the HUSLAB laboratory of 

genetics. The process mimicked the collection process of real leukemia sample in hematology ward. 

Both the tube comparison samples, and the patient samples were whole blood taken from 

peripheral veins. 

Seraseq Fusion RNA mix v4 reference material (SeraCare), which contains positive and negative 

control was used as a control for fusion gene detection. The gene fusions included in Seraseq Fusion 

RNA mix v4 positive control are showed in Table 5. 

 

Table 5. Fusion genes in Seraseq Fusion RNA mix v4 reference material. The genes marked with 

asterisk are not considered as fusion genes, and thus FusionCatcher is not able to detect them. 

CCDC6::RET EML4::ALK KIF5B::RET PAX8::PPARG1 TMPRSS2::ERG CD74::ROS1 

ETV6::NTRK3 LMNA::NTRK1 SLC34A2::ROS1 TPM3::NTRK1 *EGFR Variant 

III 

FGFR3::BAIAP2L1 

*MET exon 14 

Skipping 

SLC45A3::BRAF EGFR::SEPT14 FGFR3::TACC3 NCOA4::RET TFG::NTRK1 

 

 

3.3 RNA extraction 

The RNA extractions were done under UV-treated laminar, which was dedicated to RNA work. The 

laminar was wiped with 80% ethanol (Berner), and protective clothing was used during the RNA 

extractions to avoid any sample contamination.  
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The RNA was extracted 2 times from the tube comparison samples (EDTA, CPT, Tempus) at time 

points 0h (immediately after blood draw) and 32h. The EDTA tubes and Tempus tubes were stored 

at 4°C, and the CPT tubes were stored at room temperature between the extractions. The extracted 

RNA was stored at -70°C. 

EDTA tubes were used for the patient samples, and RNA was extracted 3 times using the same 

manufacturer’s protocol from each patient at time points 0h (immediately), 8h, and 32h after 

sample arrival to the laboratory. The patient samples were stored at 4°C between the extractions. 

Additional aliquots of 5µl were taken for RNA integrity analysis to avoid unnecessary thawing of the 

extracted RNA dedicated for RNA seq. The extracted RNA was stored at -70°C. 

 

3.3.1 EDTA tube 

Before the RNA extraction, white blood cells from the patient samples were counted from whole 

blood using pocH-100i hematology analyzer (Roche), due to possibility of excess white blood cell 

count. Based on the cell count, proper volume of whole blood was calculated for the RNA extraction. 

The Maxwell simplyRNA Blood kits (Promega) maximum capacity for RNA extraction is 2.5ml of 

whole blood or 25 million cells. If the sample contained less than 10 million cells/ml, 2.5ml was 

pipetted for the RNA extraction, otherwise a volume corresponding to 25 million cells was pipetted. 

Before pipetting, the EDTA tube was mixed thoroughly, by inverting the tube 15 times. The RNA was 

then extracted from whole blood sample according to manufacturer’s instructions using the 

Maxwell simplyRNA Blood kit. Briefly, this was done by first mixing the sample with solution A 

(Promega). The sample was then incubated at room temperature for 10 minutes to lyse the red 

blood cells. Next, the sample was centrifuged at 3000g with Rottina 38 centrifuge (Hettich) for 10 

min to pellet the white blood cells. Then the cell pellet was homogenized with Solution B (Promega) 

and 1-thioglyserol (Promega) and lysed with lysis buffer (Promega). Finally, the RNA was extracted 

with automated Maxwell RSC instrument (Promega) with the simplyRNA Blood extraction program. 

Deoxyribonuclease I (DNase I) (Promega) treatment was included in the manufacturers protocol. 

Immediately after the RNA extraction, RNA concentration and purity were measured with Nanodrop 

nd-1000 (Thermo Fisher).  
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3.3.2 CPT tube 

Before the RNA extractions, tubes were mixed thoroughly by inverting 15 times. White blood cells 

were isolated from CPT tubes and Tempus tubes according to manufacturer´s instructions. Briefly, 

the CPT tubes were first centrifuged at 1500g for 30 min using Rottina 38 centrifuge. Then the white 

blood cells were washed twice with phosphate buffered saline (PBS) (HUS) and centrifuged at 300g 

for 10 min using Rottina 38 centrifuge to pellet the white blood cells. Next, the RNA extraction was 

done from the cell pellet using Maxwell simplyRNA cell kit (Promega) according to manufacturer´s 

instructions. The cell pellet was homogenized with homogenization solution (Promega) and 1-

thioglyserol and lysed with lysis buffer. Finally, the RNA was extracted with automated Maxwell RSC 

instrument with the simplyRNA Cell extraction program. DNase I treatment was included in the 

manufacturer´s protocol. Immediately after the RNA extraction, RNA concentration and purity were 

measured with Nanodrop nd-1000 

 

3.3.3 Tempus Blood RNA tube 

The Tempus tubes were centrifuged at 4000g for 30 min at 4 °C to pellet the RNA. Next the RNA 

extraction was done from the RNA pellet like previously with the CPT-tubes using Maxwell 

simplyRNA cell kit according to manufacturer´s instructions. DNase I treatment was included in the 

manufacturer´s protocol. Immediately after the RNA extraction, RNA concentration and purity were 

measured with Nanodrop nd-1000.  

 

3.4 RNA integrity and quantity 

The RNA aliquots from previous steps were used to assess the RNA integrity. The RNA integrity was 

evaluated using the 2100 Bioanalyzer instrument (Agilent) using RNA 6000 Nano kit (Agilent) 

according to manufacturer´s instructions. Briefly, by first loading the RNA 6000 nano chip (Agilent) 

with pre-made gel-dye mix (Agilent) and RNA 6000 nano marker (Agilent). Samples and ladder 

(Agilent) were then pipetted into their designated wells in RNA 6000 nano chip. The chip was 

vortexed with horizontal MS 3 vortexer (IKA) and run with 2100 Bioanalyzer instrument, using the 

eukaryote total RNA Nano program.  
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RNA quantity and purity was measured using NanoDrop nd-1000 according to manufacturer´s 

instructions. Briefly, the blanking was done using the same elution buffer as in the samples. Next 

1.5µl of sample was pipetted on the analyzer to assess the RNA quantity and purity. 

 

3.5 RNA sequencing library preparation 

The RNA-seq libraries were prepared in two batches. Samples from patients 1 and 2, and Seraseq 

Fusion RNA mix v4 reference material controls were processed in the first batch, and the rest of the 

samples in the second batch. Before the library preparation, aliquots of the samples were diluted 

into a concentration of 50ng/µl by mixing with nuclease free ultra-pure water (Invitrogen). The 

concentrations of the diluted aliquots were then measured with Qubit 3.0 fluorometer (Invitrogen) 

according to manufacturer’s instructions. Based on the Qubit 3.0 concentrations, 100ng of the 

controls and 500ng of the samples (batch 1) or 100ng of the samples (batch 2) of the RNA per diluted 

aliquot was used for the RNA-seq library preparation. The RNA-seq libraries were made using the 

Illumina stranded total RNA prep, ligation with ribo-zero plus kit (Illumina) according to 

manufacturer’s instructions. Briefly, the probes for rRNA depletion were hybridized with the 

samples. Next the rRNA was depleted and probes were removed. After the probe removal, the 

samples were mixed with RNAClean XP beads (Agencourt) and the fragments were captured on a 

magnetic stand (Permagen). The fragments were then cleaned by washing them twice with 80% 

ethanol (Desipower). Next, the RNA was fragmented and denatured, followed by cDNA synthesis. 

After the cDNA synthesis, the cDNA fragments were captured and cleaned like previously, but using 

AMPure XP beads (Agencourt) instead of RNAClean XP beads. Next, the 3´ ends of the cDNA 

fragments were adenylated, and the pre-indexed anchors were ligated. Then the fragments were 

captured and cleaned like previously, and the libraries were amplified. During the library 

amplification, indexes were added to the samples. Finally, the libraries were purified like previously. 

An additional step to protocol was performed after the first clean-up of fragments, where 1µl aliquot 

was collected. This aliquot was used to evaluate the rRNA depletion performance with 2100 

Bioanalyzer instrument using RNA 6000 Pico kit (Agilent) according to manufacturer´s instructions 

with eukaryote total RNA Pico program. An overview of the RNA-seq library protocol workflow is 

illustrated in the Table 6.  

 



28 
 

Table 6. RNA-seq library preparation workflow. All the used reagents belong to the Illumina 

stranded total RNA prep, ligation with ribo-zero plus kit unless otherwise stated. The used thermal 

cycler was SimpliAmp (Thermo Fisher) 

Step Reagents Thermal cycler program 

1. Probe hybridization • Probe hybridization master 
mix 

• Preheat the lid to 100°C 

• Incubation at 95°C, 2min 

• Temperature decrease 0.1 
sec until 37°C 

• Hold at 37°C 

2. rRNA depletion • Depletion master mix • Preheat the lid to 100°C 

• Incubation at 37°C, 15min 

• Hold at 4°C 
 

3. Probe removal • Probe removal master mix • Preheat the lid to 100°C 

• Incubation at 37°C, 15min 

• Incubation at 70°C, 15min 

• Hold at 4°C 

4. Clean up fragments • RNAclean XP beads 

• 80% Ethanol 

• Elution buffer 

 

5. Fragment and denature 
RNA 

• elute, prime, fragment, 
3HC mix 

• Preheat the lid to 100°C 

• Incubation at 94°C, 2min 

• Hold at 4 °C 

6. cDNA synthesis (first 
strand) 

• First strand synthesis 
master mix 

• Reverse transcriptase 

• Preheat the lid to 100°C 

• Incubation at 25°C, 10min 

• Incubation at 42°C, 15min 

• Incubation at 70°C, 15min 

• Hold at 4°C 

7. cDNA synthesis (second 
strand) 

• Second strand synthesis 
master mix 

• Preheat the lid to 40°C 

• Incubation at 16°C, 60min 

• Hold at 4°C 

8. Clean up fragments • AMPure XP beads 

• 80% Ethanol 

• Elution buffer 

 

9. 3´ end adenylation • A-tailing mix • Preheat the lid to 100°C 

• Incubation at 37°C, 30min 

• Incubation at 70°C, 5min 

• Hold at 4°C 

10. Anchor ligation • RNA index anchors 

• Ligation mix 

• Stop ligation mix (after 
thermal cycler run) 

• Preheat the lid to 100°C 

• Incubation at 30°C, 10min 

• Hold at 4°C 

11. Clean up fragments • AMPure XP beads 

• 80% Ethanol 
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• Elution buffer 

12. Library amplification • Indexes 

• Enhanced PCR mix 

• Initial denaturation at 
98°C, 10sec 

• 13 cycles: 
o 98°C, 10sec 
o 60°C, 30sec 
o 72°C, 30sec 

• Incubation at 72°C, 5min 

• Hold at 4°C 

13. Clean up library • AMPure XP beads 

• 80% Ethanol 

• Elution buffer 

 

 

The final product of the RNA-seq library preparation from the Illumina stranded total RNA prep, 

ligation with ribo-zero plus kit is purified dual-indexed DNA library. The libraries were stored at -

20°C after the library construction. 

 

3.6 Library quantification 

The quality and average read length of RNA-seq libraries were evaluated with 2100 Bioanalyzer 

instrument using high sensitivity DNA kit (Agilent) according to manufacturer´s instructions with 

DNA high sensitivity program. Nanomolar concentrations of RNA-seq libraries were measured using 

KAPA qPCR library quantification kit (KAPABiosystems) according to manufacturer´s instructions. 

Briefly, 6µl of KAPA SYBR FAST qPCR master mix (KAPABiosystems) was pipetted into 96-well PCR 

plate (Applied Biosystems). Then 4µl of DNA standards 1-6 (KAPABiosystems), presenting a 10-fold 

dilution series from 20pM (standard 1) to 0.2fM (standard 6) was pipetted into designated wells of 

the PCR plate. Next, 1:10 000 and 1:20 000 dilutions from the libraries, and ultra-pure water as a 

negative template control were pipetted into designated wells of the PCR-plate. The qPCR was 

performed using step one plus real-time PCR system (Applied Biosystems). The qPCR program 

included initial denaturation at 95°C for 5 minutes, followed by 35 cycles of 30 second denaturation 

at 95°C, and 45 second annealing/extension at 60°C. 

The average read length results from Bioanalyzer, and the results from qPCR were then inserted 

into KAPA Library Quantification Data Analysis Excel Template (KAPAbiosystems) to calculate the 

size adjusted working concentrations for RNA-seq. 
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3.7 RNA sequencing 

Before sequencing, the samples were pooled into a single 1.5ml Eppendorf tube. Based on the 

calculations from library quantification step, designated volume of each sample was pipetted into a 

total volume of 100 µl of BE buffer (Qiagen) to obtain 1.5 nM concentrations per sample. In addition, 

0.6µl of 2.5nM PhiX control library (Illumina) was pipetted into the mix as well. 

A fresh 0.2 N natrium hydroxide (NaOH) was prepared on ice by mixing 5µl of 2N NaOH (Illumina) 

and 45µl of ultra-pure water. 25µl of 0.2N NaOH was pipetted to the samples and mixed thoroughly. 

The tube was then incubated at room temperature for 8 minutes to denature the DNA. 25µl of 

400nM Tris-HCl (Thermo Fisher) was pipetted into the tube and mixed thoroughly. The final volume 

of 150.6µl was then pipetted into a library tube (Illumina) for sequencing. 

The sequencing was performed using NovaSeq 6000 (Illumina) in two batches. The first batch was 

done with an SP flow cell (Illumina) and it included the samples from patient 1 and patient 2, and 

Seraseq Fusion RNA mix v4 reference material controls. The second batch was done with an S1 flow 

cell (Illumina) and it included the rest of the samples. For the sequencing, the NovaSeq 6000 was 

prepared according to manufacturer’s instructions. Briefly, the waste cartridge (Illumina) was 

emptied and washed. An SBS reagent cartridge (Illumina), a cluster reagent cartridge (Illumina), and 

a buffer cartridge (Illumina) were mixed by turning upside down 10 times and attached into their 

designated slots in NovaSeq 6000. The library tube containing the samples was then placed into its 

designated slot in cluster reagent cartridge. The flowcell was placed into NovaSeq 6000 and the 

sequencing run was executed with sequencing parameters of 200 cycles of 100bp of read 1, 10bp 

of index 1, 10bp of index 2, and 100bp of read 2. 

 

3.8 Data analysis 

3.8.1 RNA-seq pipeline 

Fusion gene detection, trimming, quality controls and read alignment for raw data in FASTQ format 

were performed using Finnish institute of Molecular Medicine´s (FiMM) RNA-seq pipeline (Kumar 

et al., 2017). Briefly, the pipeline uses FusionCatcher algorithm (Nicorici et al., 2014) for fusion gene 

detection, FastQC (Andrews 2010) for quality control, Trimmomatic (Bolger et al., 2014) to clean the 
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data, and STAR aligner (Dobin et al., 2013) for read alignment. The alignment was done against the 

GRCh38 human reference genome with the help of EnsEMBL gene models. From aligned BAM-files, 

the pipeline uses FeatureCounts (Liao et al., 2014) to produce counts matrix for differential 

expression (DE) analysis. The BAM-files were also visualized with Integrative Genomics Viewer (IGV, 

version 2.7.2) (Robinson et al., 2011). RNA-SeQC (Deluca et al., 2012) was used to produce RNA-seq 

quality metrics.  

Paired T-test and Welch two-sample T-test with Bonferroni corrections was used to assess 

differences in RNA yield and RIN-values. In the comparison of fusion gene detection between the 

routine diagnostics and RNA-seq, the precision was defined as the number of true positives divided 

by the sum of true positives and false positives. The recall was defined as the number of true 

positives divided by the sum of true positives and the false negatives. 

 

3.8.2 Differential expression analysis 

All the analysis steps were performed with R (version 4.1.2). Before DE analyses, the data was 

filtered and annotated. For data filtering, the raw counts matrix was first normalized to Trimmed 

Mean of M-values (TMM), and then normalized into reads per kilobase per million (RPKM) values. 

The data was annotated using biomaRt package (version 2.50.3) (Durinck et al., 2005), and 

org.Hs.eg.db package (version 3.14.0) (Carlson 2019).  

DE analyses were performed using edgeR package (version 3.36.0) (Chen et al., 2016), with read 

counts normalized to TMM-values. The genewise negative binomial generalized linear models with 

quasi-likelihood test was used to find the differentially expressed genes, with Benjamin-Hochberg 

correction method to calculate the false discovery rate for differentially expressed genes. The 

enrichment analyses for Gene Ontology (GO) terms and KEGG pathways were performed with 

limma package (version 3.50.0) (Smyth 2004) with p-value cut-off <0.05. The data visualization was 

performed using ggplot2 and pheatmap packages. 
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4. Results 

4.1 Overview of the study design 

RNA-seq was performed to evaluate the impact of sample handling and storage to whole blood 

samples from acute leukemia patients. To do this, the samples were stored at 4 °C and the RNA was 

extracted after arrival to the laboratory at three different timepoints (0h, 8h and 32h). The samples 

were then sequenced and analyzed bioinformatically. The data analyses focused on fusion gene 

detection and differential gene expression analysis from paired-end RNA-seq data. An overview of 

the study design is summarized in Figure 4. 

 

 

Figure 4. Overview of the study design. (A) The workflow of the sample tube comparison. (B) The 

workflow of RNA-seq from clinical samples. 
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4.2 Tube selection 

CPT tubes, EDTA tubes, and Tempus Blood RNA tubes were tested to evaluate their feasibility for 

fusion gene detection from whole blood samples. The whole blood samples were collected from 

two healthy volunteers. The RNA was extracted at timepoints 0h and 32h to evaluate the impact of 

storage to RNA yield and RNA integrity. The results showed that the RNA purity was high, ranging 

between 2.01 and 2.13 for A260/280 and 1.94 and 2.24 for A260/230. The RNA yields were ranging 

between 132.3 and 387.44 in all sample tube types. Furthermore, Tempus tubes showed the highest 

RNA yield, whereas the CPT tubes showed the lowest RNA yield (Figure 5). Paired T-test with 

adjusted p-values was used to evaluate differences in RNA yields between different timepoints. The 

RNA yield did not change remarkably during the 32h storage in EDTA tubes (padj =1.0), and in CPT 

tubes (padj =0.06). Changes in RNA yield were observed only in Tempus tubes (padj =0.015). The RNA 

integrity number (RIN) was high in all sample tube types (Figure 6) ranging between 7.6 and 10, with 

mean RIN-value of 9.0. Paired T-test with adjusted p-values was used to assess differences in RIN 

values between different timepoints. No marked differences were observed in RIN-values between 

0h and 32h timepoints in EDTA tubes (padj =0.6), CPT tubes (padj =0.9), and Tempus tubes (padj =0.6), 

suggesting that the RNA was not degraded during the 32h storage. The results showed that the 

extracted RNA from all tested sample tube types was suitable for RNA-seq. 
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Figure 5. RNA yield in different sample tubes and timepoints. 

 

Figure 6. RIN-values from sample tube comparison. 
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4.3 Leukemia patients 

Based on the results from the qPCR tests performed in routine diagnostic procedure, a total of 4 

fusion gene positive and 3 fusion gene negative patients (n = 7) were available for the study. The 

selected patients and clinical details are showed in Table 7.  

 

Table 7. Clinical features of selected patients. 

Patient Gender Age Diagnosis Number of cells in 

the sample 

(millions) 

Fusion gene 

(qPCR) 

1 Male 74 AML 3 KMT2A::AFDN 

2 Female 27 AML 3 CBFB::MYH11 

3 Male 80 B-ALL 11 Negative 

4 Female 69 AML 20 Negative 

5 Female 35 AML 32 KMT2A::MLLT3 

6 Male 25 AML 1 PML::RARA 

bcr1 

7 Male 68 AML 2 Negative 

 

4.4 RNA sequencing for acute leukemia 

RNA was extracted from whole blood samples in EDTA tubes at three different time points for RNA-

seq. The results showed that the RNA purity was high, ranging between 2.07 and 2.27 for A260/280 

and 2.13 and 2.35 for A260/230. The RNA yields were ranging from 142.1ng/µl to 755.4ng/µl, with 

mean yield of 415.7ng/µl (Figure 7). Paired T-test with adjusted p-values was used to evaluate 

differences in RNA yields between different timepoints. No differences in RNA yields were observed 

between timepoints 0h – 8h (padj=0.72), 8h – 32h (padj =0.63), and 0h – 32h (padj =0.33). The results 

also showed that based on the RIN-values, the quality of extracted RNA was high, with one exception 

of average RIN-value of 5.8 in patient 5 sample at 8h timepoint. The RIN-values were ranging from 

5.8 to 10, with mean RIN-value of 8.9 (Figure 8). Paired T-test with adjusted p-values was used to 

evaluate differences in RIN-values between different timepoints. No differences in RIN-values were 

observed between timepoints 0h – 8h (padj =1.0), 8h – 32h (padj =1.0), and 0h – 32h (padj =0.78). 

Welch two sample T-test with adjusted p-values was used to assess the differences in RNA yields 

between fusion gene positive patients and fusion gene negative patients in different timepoints. No 
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remarkable differences were observed in RNA yields between timepoints 0h – 8h (padj =1.0), 8h – 

32h (padj =1.0), and 0h – 32h (padj =1.0). Welch two sample T-test with adjusted p-values was also 

used to assess the differences in RIN-values between fusion gene positive patients and fusion gene 

negative patients in different timepoints. No remarkable differences were observed in RIN-values 

between timepoints 0h – 8h (padj =1.0), 8h – 32h (padj =0.75), and 0h – 32h (padj =0.75). 

 

Figure 7. RNA yields from the clinical samples. 
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Figure 8. RIN-values from the clinical samples. 

 

4.4.1 RNA-seq quality metrics 

The RNA-seq generated on average 217.3 million 99-base pair reads (108.7 million paired-end read 

pairs) per sample, of which on average 208.4 million reads mapped against the reference genome, 

yielding to average mapping rate of 95.9%. From the mapped reads, an average of 74% were unique 

mapped reads, and an average of 26% were duplicated reads. The intragenic rate of mapped reads 

was on average 93.1%, and the exonic rate of mapped reads was on average 32.8%. The quality of 

the reads was high across all samples and the estimated mean fragment length was on average 296 

base pairs. The rRNA rate was on average 0.014. The detailed RNA-seq metrics from all samples are 

showed in Table 8. 
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Table 8. RNA-seq metrics. Pat. refers to patient and letters a, b, and c denotes the timepoints 0h, 

8h, and 32h respectively. The intragenic rate includes reads mapping within genes (exons and 

introns). 

Pa

t 

Read 

lengt

h 

Total 

reads 

(million

s) 

Mapped 

reads 

(millions

) 

Unique 

rate of 

mappe

d 

Duplicatio

n rate of 

mapped 

Mean 

fragment 

length 

rRNA 

rate 

Intrageni

c rate 

Exoni

c rate 

1a 98 187.9 183.1 0.75 0.25 277 0.01 0.928 0.33 

1b 98 179.5 174.8 0.75 0.25 266 0.012 0.933 0.32 

1c 98 154.1 150.1 0.76 0.25 238 0.014 0.926 0.32 

2a 98 135.1 132.7 0.75 0.25 227 0.009 0.932 0.36 

2b 98 114.4 112.3 0.76 0.24 169 0.018 0.931 0.34 

2c 98 128.6 126.1 0.76 0.24 191 0.005 0.941 0.34 

3a 98 257.9 247.4 0.76 0.24 342 0.011 0.925 0.31 

3b 98 217.0 206.2 0.78 0.22 290 0.008 0.926 0.31 

3c 98 244.3 234.7 0.76 0.24 319 0.008 0.928 0.30 

4a 98 136.4 128.7 0.79 0.21 172 0.007 0.943 0.30 

4b 98 208.5 199.7 0.77 0.23 276 0.007 0.945 0.30 

4c 98 275.8 260.0 0.75 0.25 359 0.009 0.94 0.31 

5a 98 153.9 144.5 0.74 0.26 201 0.015 0.923 0.30 

5b 98 304.7 283.0 0.70 0.30 363 0.019 0.918 0.30 

5c 98 326.7 319.8 0.73 0.27 410 0.012 0.926 0.30 

6a 98 309.1 295.6 0.60 0.40 413 0.042 0.927 0.39 

6b 98 248.0 236.1 0.69 0.31 376 0.028 0.936 0.39 

6c 98 132.6 126.3 0.71 0.29 224 0.026 0.932 0.40 

7a 98 319.2 305.1 0.74 0.27 400 0.011 0.93 0.32 

7b 98 270.7 258.5 0.75 0.25 363 0.01 0.933 0.32 

7c 98 261.0 251.9 0.75 0.25 343 0.015 0.934 0.32 

 

4.5 Fusion gene detection 

4.5.1 Overview of fusion gene detection 

The RNA-seq pipeline used FusionCatcher algorithm to detect gene fusions from the RNA-seq data. 

At the sample level (n=21), a total of 995 fusion gene candidates were observed, of which 278 had 

≥ 5 spanning unique reads supporting the FusionCatcher call. The mean and median values for 

spanning unique reads were 5.3 and 3 respectively, ranging between 1 and 171 spanning unique 
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reads. On average, FusionCatcher reported 47 fusion gene candidates per sample, ranging from 2 

to 158 fusion gene candidates per sample. 

When the samples from different timepoints were combined and the results were inspected at the 

patient level (n=7), a total of 818 fusion gene candidates were observed across the patients, of which 

680 were unique fusion gene candidates. From the detected 818 fusion gene candidates, the 

majority (77.1%) were classified as unknown gene fusions. 4.6% were classified as already known 

fusions, 3.1% were classified as reciprocal fusions, and 0.7% were classified as false positive events. 

In addition, 14.4% were classified as readthrough fusions. 

 

4.5.2 Comparison between RNA-seq and routine diagnostics 

The results from FusionCatcher were compared to the findings from HemaVision -28Q rt-pcr test 

(qPCR) and FusionPlex Pan-Heme Kit (targeted RNA-seq) used in routine diagnostics. FusionCatcher 

observed the same gene fusions in all fusion gene positive patients compared to routine diagnostics 

(Table 9A) with the recall of 1 and precision of 0.12. The FusionCatcher recognized the previously 

known fusion gene in all three samples from patients 1 and patient 6. In addition, fusion catcher 

recognized the previously known fusion gene in two of the three samples in patient 2 (timepoints 

0h and 32h), and in one of the three samples in patient 5 (timepoint 8h) (Table 9B), resulting in a 

sample-level recall of 0.75 and precision of 0.17. However, these false negative results were 

visualized reliably with IGV, suggesting that the algorithm did not detect the spanning read. The IGV-

images are showed in Appendix A. 
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Table 9. Contingency table from fusion gene detection. (A) Fusion gene detections at the patient 

level. (B) Fusion gene detections at sample level. Routine diagnostics means the detected fusion 

genes using the HemaVision -28Q rt-pcr test. Only the fusion genes, which were classified as already 

known by FusionCatcher were used in the comparison.  The unknown field represents the number 

of fusion genes detected using RNA-seq, which were not classified as already known gene fusions, 

and were not detected in routine diagnostics. 

A. 

RNA-seq   

Pos Neg Unknown 

Routine diagnostics 
Pos 4 0 

652 
Neg 29 - 

  
 

 

B. 

RNA-seq    

Pos Neg Unknown  

Routine diagnostics 
Pos 9 3 

784 
 

Neg 45 -  

 

FusionCatcher also detected 29 gene fusions, which were categorized as already known fusions but 

not detected by qPCR test in routine diagnostics. One of the 29 fusion genes was PIK3AP::BLNK gene 

fusion in patient 3, which was detected in routine diagnostics with targeted RNA-seq assay. 

However, the PIK3AP::BLNK fusion gene was categorized as a low confident gene fusion by Pan-

Heme software, and therefore the patient was diagnosed as a fusion gene negative patient in 

routine diagnostics. The PIK3AP::BLNK gene fusion found in RNA-seq was supported with high 

number (>33 in every sample) of spanning unique reads by FusionCatcher, suggesting a possibility 

that the patient truly was fusion gene positive. The gene fusion was also visualized with IGV 

(Appendix A). 

 

4.5.3 Control samples 

Performance of RNA-seq for finding gene fusions was also validated using Seraseq Fusion RNA mix 

v4 reference material, including 18 different gene fusions. FusionCatcher recognized in total of 64 

different fusion gene candidates from the positive control sample (Table 10) with the recall of 0.61 

and precision of 1. In addition, 51 fusion gene candidates were observed from the negative control. 
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The mean and median values for spanning unique reads were 3.7 and 3 for positive sample, and 3.8 

and 3 for negative sample respectively. The number of unique spanning reads were ranging between 

2 and 14 for both positive and negative sample. 

 

Table 10. Contingency table of fusion gene detection from Seraseq Fusion RNA mix v4 reference 

material. Only the fusion genes, which were classified as already known by FusionCatcher were used 

in the comparison.  The unknown field represents the number of fusion genes detected using RNA-

seq, which were not included in manufacturer´s reference list. 

 

RNA-seq  
Pos Neg Unknown 

Seraseq validation 
Pos 11 7 

53 
Neg - - 

 

FusionCatcher recognized 11 out of 18 fusion genes from the positive control sample. From the 

remaining 7 false negative events, EGFR variant III and MET exon 14 skipping are not gene fusions 

and thus not in the scope of FusionCatcher. Furthermore, 3 out of 5 remaining false negatives could 

be visualized with IGV (Appendix A), suggesting that FusionCatcher did not detect the spanning 

reads. The last two undetected gene fusions did not show any evidence of spanning reads when 

visualized in IGV. The FusionCatcher results from control sample are illustrated in Figure 9. 

 

CCDC6::RET EML4::ALK KIF5B::RET PAX8::PPARG1 TMPRSS2::ERG CD74::ROS1 

ETV6::NTRK3 
LMNA::NTRK

1 
SLC34A2::ROS1 TPM3::NTRK1 EGFR Variant III 

FGFR3::BAI

AP2L1 

MET exon 14 

Skipping 

SLC45A3::BR

AF 
EGFR::SEPT14 FGFR3::TACC3 NCOA4::RET TFG::NTRK1 

Figure 9. Fusion gene detection from positive control. Different colors represent the findings, 

where green represents a positive finding. Red represents negative finding in both FusionCatcher 

and IGV. Yellow represents negative finding in FusionCatcher but positive finding in IGV Blue 

represents the variants included in control, which are not truly gene fusions. 
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4.5.4 Significance of sample incubation for fusion gene diagnostics 

The effect of the sample storage time on fusion gene detection was evaluated by comparing the 

FusionCatcher results from different timepoints to the results from routine diagnostics and RNA-seq 

metrics. The results showed that FusionCatcher was able to observe gene fusions from each 

different time point, suggesting that the 32h storage time did not have effect on fusion gene 

detection. Furthermore, no consistent changes were observed in RNA-seq metrics (Table 8) 

between the false negative samples and true positive samples, indicating that RNA-seq metrics did 

not explain the false negative results in patients 2 and 5 samples. Also, the starting RNA 

concentration for RNA-seq library preparation did not have effect on fusion gene detection. In 

addition, the RIN-values (Figure 8) did not explain the false negative results. In addition, the RPKM-

normalized gene expression values for all the fusion gene partners detected in routine diagnostics 

across all samples were evaluated to verify that the false negative (patient 2, timepoint 8h, and 

patient 5 timepoints 0h, and 32h) patients truly were expressing the genes (Figure 10). The results 

showed that all the fusion gene positive patients were expressing the gene fusion forming genes. 

  

Figure 10. RPKM-normalized gene expression values from all fusion gene forming genes. The false 

negative samples from FusionCatcher are marked with arrows. 
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4.6 Differential gene expression analysis 

4.6.1 Overview 

The FeatureCounts algorithm observed in total of 61 541 ENSEMBL gene IDs from 40 different 

biotypes, of which 19 988 were classified as protein coding genes. The data was further filtered to 

contain only the protein coding genes with minimum expression threshold of PRKM value over 0.125 

(Hackett et al., 2012) in more than 10 samples. This filtering discarded 8 108 low expressed protein 

coding genes and resulted in total of 11 880 protein coding genes for subsequent DE analyses. The 

overview of the DE analysis workflow is illustrated in Figure 11. 

 

 

Figure 11. Overview of the DE analysis workflow. 

 

4.6.2 Exploratory statistics 

Various exploratory analyses were performed to assess the quality of the data and relationships 

between the samples and different timepoints. A principal component analyses (PCA) were 

performed to visualize whether samples group based on timepoints. The first PCA was performed 

from the unfiltered RPKM normalized data (Figure 12). Only the samples from patient 4 had very 
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little variation over the timepoints, while the other patient samples varied more over timepoints. 

Also, the patient 3, which was the only ALL sample, separated from other samples. 

 

Figure 12. PCA plot from the unfiltered and RPKM normalized data. The data contains all the 61 541 

ENSEMBL gene IDs. X-axis denotes the first principal component, and the Y-axis denotes the second 

principal component. The explained variance is showed in the figure in brackets.  

 

Another PCA was performed from the filtered data containing the 11 880 protein coding genes 

(Figure 13). The filtering removed noise from the data and the timepoints were forming groups 

within the patients after the processing. Nevertheless, there was still variation left between the 

timepoints within the patients, suggesting changes in gene expression. However, this variation was 

smaller compared to variation between the patients. The patient 3 (ALL sample) separated even 

more from other patients as a result of data filtering. 
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Figure 13. PCA plot from the filtered and RPKM normalized data. The data contains 11 880 protein 

coding genes. X-axis denotes the first principal component, and the Y-axis denotes the second 

principal component. The explained variance is showed in the figure in brackets. 

 

A multidimensional scaling (MDS) was performed from the filtered data containing the 11 880 

protein coding genes to evaluate the distances between the samples (Figure 14). The results 

corroborate with the PCA and the timepoints are clustering within each patient. 
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Figure 14. MDS plot from the filtered and RPKM normalized data. The data contains 11 880 protein 

coding genes. Leading log-fold-change is the root-mean-square average of the largest log2 -fold-

changes between each pair of samples. 

 

A hierarchical clustering heatmap (Figure 15) was plotted from the filtered data containing the 

11 880 protein coding genes to visualize the variation between the samples and timepoints. The 

heatmap showed that there were differences in gene expression between the patients and between 

the timepoints within the patients. Also, the patient 3 (ALL patient) were most distinct from other 

patients, whereas patients 1, 2 and 7 had very similar gene expression profile. In addition, the 

presence of a gene fusion did not influence on the clustering of the patients. A heatmap from 

Euclidean distances between the samples (Figure 16) was plotted to evaluate the clustering of the 

samples. The results showed that all the samples from the individual patients were clustering 

together. Furthermore, the 0h and 32h timepoints were never clustering closest together suggesting 

that the largest changes in gene expression were between these two timepoints. 
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Figure 15. Heatmap from the filtered data. The data contains 11 880 protein coding genes. The top 

rows are labeled with colors denoting timepoint, patient, and fusion gene status.  
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Figure 16. Heatmap from Euclidean distances between the samples. The colors are scaled from 

blue to red. Dark blue denotes small distance and high correlation between samples, whereas dark 

red denotes large distance and low correlation between samples. 

 

4.6.3 Differentially expressed genes 

The DE analysis was performed to compare the differences in gene expression profiles between the 

time points 0h – 8h, 8h – 32h, and 0h – 32h. The paired T-test was performed using edgeR and a 

model that included variables for timepoint and patient. The observed number of differentially 

expressed genes (DEGs) with threshold of FDR < 0.05 is showed in Table 11, and volcano plots from 

DEGs from different timepoint comparisons are illustrated in Figure 17. 

 

Table 11. Differentially expressed genes with threshold FDR < 0.05 in different timepoints. LogFC 

denotes logarithmic fold change. 

Timepoint Number of 

DEGs, FDR 

< 0.05 

Up regulated DEGs (LogFC > 0) Down regulated DEGs (LogFC < 0) 

0 - 8h 163 152 11 

8 - 32h 22 22 0 

0 - 32h 743 442 301 
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Figure 17. Volcano plots from differentially expressed genes at different timepoints. The X-axis 

represents the log-base-2 fold-change and the Y-axis -log10 FDR. Red dots are considered as 

significant with FDR threshold < 0.05, and black dots are considered as not significant with FDR 

threshold > 0.05. 

 

The results from DE analysis showed that the majority of DEGs were upregulated. Also, the majority 

of DEGs, which were downregulated were significant only in comparison between the 0h and 32h 

timepoints. It is also worth noting that the majority of DEGs were between -1 and 1 in logarithmic 

fold change (logFC) scale, which means that most of the changes in gene expression were less than 

two-fold changes. The top 10 upregulated and downregulated DEGs based on their logFC are 

showed in Appendix B. 

 

4.6.4 Gene Ontology enrichment analysis 

The Gene Ontology (GO) enrichment analyses were performed using limma package in R to observe 

the relationship between the DEGs and different gene ontologies with p-value threshold < 0.05. The 

gene ontologies are categorized to cellular component (CC), biological process (BP), and molecular 
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function (MF). The results showed that most of the GO terms were associated with BP-category, 

and most of the GO terms were related to upregulated DEGs. Also, the downregulated DEGs were 

mostly associated with the timepoint 0h – 32h. In addition, none of the downregulated DEGs were 

associated with 8h – 32h timepoint. The observed number of GO categories at different timepoints 

are showed in Table 12. 

 

Table 12. Number of GO categories observed at different timepoints with p-value threshold < 0.05. 

                        Upregulated                     Downregulated 

Timepoint CC MF BP Total CC MF BP Total 

0h - 8h 47 84 597 728 16 7 95 118 

8h - 32h 18 29 120 167 0 0 0 0 

0h - 32h 38 95 578 711 53 63 194 310 

 

The results from the GO analyses showed that the GO terms related for example to different 

metabolic processes, cellular responses to stress and starvation, apoptosis, and cellular responses 

to external stimulus were enriched already at the timepoint 0h – 8h, suggesting rapid changes in 

cellular functions during the first hours after the blood draw. The results at 8h – 32h timepoint 

showed that different GO terms were related for example to chromatin conformation, nucleosome 

organization, and different protein - DNA interactions, suggesting that the changes in chromatin 

structure came out after the metabolic changes. At the final 0h – 32h timepoint, different GO-terms 

from both previous timepoint comparisons were observed. Examples from the GO analyses are 

showed in Appendix C. 

 

4.6.5 KEGG pathway enrichment analysis 

KEGG pathway analysis was performed using limma package in R to further investigate the biological 

role of DEGs at different timepoints. The results showed that most of the pathways were 

upregulated at every timepoint. Also worth noting was that almost all downregulated pathways 

were observed at the timepoint 0h – 32h, suggesting that the downregulation of the pathways was 

not rapidly happening during the first hours after the blood draw. The observed number of 

upregulated and downregulated pathways are showed in Table 13. 
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Table 13. Number of observed upregulated and downregulated pathways at different timepoints. 

Timepoint Upregulated Downregulated 

0h - 8h 41 1 

8h - 32h 25 0 

0h - 32h 31 14 

 

The results showed upregulation in pathways related to cell death, such as apoptosis, ferroptosis, 

and necroptosis. Also, pathways related to protein biosynthesis, such as spliceosome, and protein 

processing were upregulated. Upregulation in various cancer related pathways, such as p53-

signaling pathway, were observed. In addition, pathways related to immune system and various 

diseases (other than cancer) were also upregulated. The downregulated pathways were mostly 

associated with cell metabolism, such as carbon metabolism, citrate cycle, pentose phosphate 

pathway, and amino acid biosynthesis. Also, pathways related to cell proliferation, such as cell cycle 

and DNA replication were downregulated. Examples from the KEGG pathway analyses are showed 

in Appendix D. 

 

5. Discussion 

5.1 Evaluation of the RNA extraction 

Sample tubes can significantly affect the biological outcomes (Gillio-Meina et al., 2013) and their 

selection is therefore a crucial part of the design of an experiment. For example, tubes contain 

different preservatives (Gillio-Meina et al., 2013), and they can differ in their ability to preserve 

nucleic acids (Duale et al., 2014). As the first aim of this study, suitability of EDTA tubes, CPT tubes 

and Tempus tubes were assessed for RNA-seq based fusion gene detection, and EDTA tubes were 

selected based on the results from sample tube comparison. To do this, different features and the 

impact of 32-hour storage time on RNA degradation was evaluated from EDTA tubes, CPT tubes, 

and Tempus tubes. The results showed that the RNA-yield (Figure 5) and RIN values (Figure 6) were 

mostly high, suggesting that the extracted RNA from all the tube types would be suitable for RNA-

seq.  
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EDTA tubes, CPT- tubes, and Tempus tubes are commonly used tubes for various assays in HUSLAB. 

The RNA preserving tubes, such as Tempus tubes, are optimal for RNA based studies and they are 

recommended to use due to their ability to halt the gene expression and preserve the RNA for years 

(Duale et al., 2014). However, along with fusion gene detection, this Master´s thesis evaluated the 

impact of sample storage on changes in gene expression, and therefore Tempus tubes were not 

used. Furthermore, CPT tubes require initial centrifugation within two hours after the blood draw, 

which limits their use to the vicinity of well-equipped laboratories. In addition, CPT-tubes and 

Tempus tubes are more expensive than EDTA tubes. EDTA tubes are also currently used in HUSLAB 

for routine fusion gene diagnostics in acute leukemia patients. 

High quality RNA is a key for successful RNA-seq and its subsequent analyses (Heyer & Blackburn 

2020). In this thesis work, the whole blood was collected from acute leukemia patients, and the RNA 

was extracted using Maxwell simply RNA blood kit at three different timepoints (0h, 8h, and 32h). 

The RNA-extraction method was selected since it was already in use for EDTA tubes in HUSLAB. In 

addition, the method is semi-automatic, which reduces possible contaminations. The results from 

the RNA extractions showed that the selected method mostly resulted in high quality RNA across all 

patients. The RNA yield (Figure 7) was ranging between 142.1 ng/µl and 755.4ng/µl. The cause for 

this is most likely that the blood samples from patients varied in white blood cell count (Table 7) 

and therefore the number of cells for the RNA extraction varied. For example, patients 3, 4, and 5 

had the highest white blood cell counts and the highest RNA yields, whereas the rest of the patients 

had much lower white blood cell counts, and lower RNA yields. All in all, the results showed that the 

RNA extraction protocol using Maxwell simply RNA blood kit from whole blood sample in EDTA tube 

resulted in high quality RNA (Figure 7 & Figure 8), which was suitable for RNA-seq after 32-hour 

sample storage. 

 

5.2 Evaluation of the RNA sequencing results 

The RNA-seq quality metrics provide essential information of the sequencing run and help to 

understand whether a sample is suitable for the downstream analyses. One important factor to 

evaluate from the sequencing metrics is the rRNA ratio (Conesa et al., 2016), if the protocol has 

involved steps for the enrichment of protein coding transcripts. If the intention is to study the 

protein coding genes, it is extremely important for RNA-seq based studies to remove the rRNA, 
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which accounts approximately 90% of the total RNA from the sample (Heyer & Blackburn 2020). 

This can be done for example with poly-A capture or rRNA depletion as a part of the library protocol, 

of which the latter one was used as a part of this thesis. The performed RNA-seq in this thesis work 

yielded uniformly very low rRNA ratios across all samples (Table 8) indicating high rRNA depletion 

efficiency. 

Another important factor for successful RNA-seq is sequencing depth, since deeper sequencing 

allows more accurate transcript detection, and quantification (Conesa et al., 2016). The 

recommended sequencing depth varies for different purposes. For example, to reliably quantify low 

expressed genes from human genome, a sequencing depth of 100 million reads per sample is 

recommended (Sims et al., 2014). In this thesis work, the RNA-seq generated on average 217.3 

million reads (108.7 million paired-end read pairs) per sample. The acquired sequencing depth is 

sufficient for the subsequent DE analyses. However, the situation is complicated for the fusion gene 

detection, and it is discussed in more detail later in discussion. 

Various RNA-seq metrics related to mapping also provide crucial information about the sequencing 

run. For example, 70% to 90% of reads are expected to map against the human reference genome, 

and over 90% mapping rate is considered as very high. (Conesa et al., 2016; Dobin & Gingeras., 

2015). Furthermore, duplication rates can vary in RNA-seq experiments depending on for example 

sequencing depth, but very high (>90%) duplication rates suggest potential PCR over-amplification 

in library preparation (Ji & Sadreyev 2018). Read duplication via PCR over-amplification usually 

occurs, when the amount of starting material for library preparation is low, and therefore the 

number of PCR cycles is increased (Bansal., 2017). Furthermore, high intergenic mapping rates 

indicate possible DNA contamination in RNA-seq library (Griffith et al., 2015). In this thesis work, the 

RNA-seq reached in very high average mapping rate of 95.9% across all samples (Table 8). 

Furthermore, the average duplication rate of 26% was normal (Table 8), suggesting that there was 

no PCR over-amplification during the library preparation. Also, the intragenic rate was very high 

(Table 8), indicating that there was no significant DNA contamination in RNA-seq libraries, and the 

DNase I treatment was efficient during the RNA extraction. Furthermore, the exonic rate of mapped 

reads was on average 32.8% (Table 8). The likely cause for this is the presence of nascent RNAs, 

which are undergoing transcription (Ameur et al., 2011). All in all, the RNA-seq protocol used in this 

thesis work generated high quality raw data, which was suitable for subsequent analyses based on 

the evaluated RNA-seq quality metrics. 
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5.3 Evaluation of the fusion gene detection 

Fusion genes are common drivers in acute leukemias and in many other cancers (Annala et al., 

2013). The detection of different gene fusions is an important part of the diagnostic process in acute 

leukemias for various reasons. For example, the information about the gene fusions can be used in 

prognosis and classification. Also, some gene fusions can be used as targets for treatment (Heyer & 

Blackburn 2020). Furthermore, the discovery of novel gene fusions offers lots of new possibilities. 

For example, it offers a possibility to create novel therapies for cancer treatment and allows to 

create more comprehensive diagnostic tools. Also, it offers valuable information regarding cancer 

biology (Engvall et al., 2020). 

A major challenge in gene fusion detection is to differentiate the true from false fusion events (Wang 

et al., 2013). This thesis work used FusionCatcher algorithm for fusion gene detection from acute 

leukemia samples. A previous algorithm comparison study conducted by Liu et al., (2016) showed 

that FusionCatcher was one of the best performing fusion detection algorithms, achieving precision 

of 0.8 and recall of 0.72. The recall rate is similar to the results of this thesis work (1.0 at patient 

level and 0.75 at sample level) (Table 9), but the precision rate of this thesis work (0.12 at patient 

level and 0.17 at sample level) (Table 9) is much lower. The reason for this is most likely that all 

fusion gene calls from FusionCatcher were included in this thesis work without filtering, thus 

increasing the rate of false positives and further lowering the precision rate.  

The FusionCatcher reported on average 46 fusion gene candidates per sample. In this thesis work it 

was particularly easy to identify some of the true gene fusions from the list of fusion candidates 

since the fusion genes were already known beforehand from the routine diagnostics. However, this 

raises a problem in clinical use when the gene fusions are not known in advance. Even though the 

FusionCatcher reports the breakpoints for every gene fusion it finds, it would be very impractical 

and time consuming to manually assess them with IGV. Also, the findings from the RNA-seq require 

a secondary verification for example with qPCR, which might also cause a problem due to limiting 

amount of RNA, and possible problems with primer design. These reasons highlight the need of 

fusion detection algorithms with low false positive rates while still not missing any true positives. 

One solution to narrow down the number of false positives is to set a threshold for gene fusion 
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spanning reads. However, extreme caution should be taken care not to miss the true positives, since 

the detection of true gene fusions is crucial for the patient.  

It is previously reported that some algorithms fail to detect the gene fusions even though they are 

present in raw reads (Panagopoulous et al., 2014a). The same phenomenon occurred also in this 

thesis work where the FusionCatcher failed to detect some of the gene fusions even though they 

were present in the raw data. For example, FusionCatcher failed to detect the CBFB::MYH11 gene 

fusion from the 8-hour time point in patient 2 sample, and the KMT2A::MLLT3 gene fusion from 0-

hour, and 32-hour timepoints in patient 5 sample. In addition, FusionCatcher also failed to detect 

the CCDC6::RET, SLC45A3::BRAF, and EGFR::SEPT14 gene fusions from the control sample. All of 

these gene fusions were visualized with IGV (Appendix A) suggesting their true presence in raw data.  

Several reasons e.g., insufficient number of fusion-supporting reads or very stringent filters in used 

algorithm can lead to a misidentification of a present gene fusion (Uhrig et al., 2021). For example, 

the false negative samples from patient 5 only had one breakpoint supporting read per sample 

visualized in IGV. Furthermore, CCDC6::RET and EGFR::SEPT14 gene fusions in Seraseq control 

sample had only a few breakpoint supporting reads visualized in IGV. In addition, TMPRSS2::ERG 

and SLC34A2::ROS1 gene fusions in Seraseq control sample did not have any breakpoint supporting 

reads when visualized in IGV indicating complete absence of the breakpoint supporting reads. The 

results suggests that a possible cause for the misidentification of these gene fusions stems from the 

lack break point supporting reads. Furthermore, the results suggest that even though the 

sequencing coverage was high across the samples, it was still too low in the breakpoint locations for 

some of the false negative samples. This indicates that for at least in some cases, a higher 

sequencing coverage is needed for adequate fusion gene detection. A possible solution for this is 

that the samples need to be sequenced deeper to produce more breakpoint-spanning reads. It is 

also worth noting that when fusion genes are formed, they only include one of the two alleles per 

gene, leaving the other allele intact (Ågerstam et al. 2007). This leads to a situation where the reads 

in RNA-seq are coming from the intact genes and from the fusion gene. Furthermore, the blood 

samples contain a heterogenous population of malignant cells and healthy cells, thus decreasing the 

relative number of reads coming from the fusion event in RNA-seq. In addition, a possible result for 

a gene fusion is a downregulation of the fusion gene (Ågerstam et al. 2007), which also decreases 

the relative number of reads coming from the gene fusion in RNA-seq. These aspects highlight the 

importance higher sequencing coverage for adequate fusion gene detection. 
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The scarcity of the spanning reads did not explain all the false negative events. Some of the false 

negative events had similar numbers of breakpoint-spanning reads as true positive events when 

visualized in IGV. As an example, the SLC45A3::BRAF (false negative) gene fusion in control sample 

had 10 spanning reads in IGV, when the patient 1 timepoint 0-hour sample (true positive) had 7 

breakpoint-spanning reads. The reason behind this remains obscured, but one possible explanation 

is a failure in the algorithm, or a misidentification based on the set filters in FusionCatcher. A 

possible solution is to use multiple algorithms to lower the ratio of false negative events as 

suggested by Uhrig et al. (2021). However, this might lead to increase in false positive events, which 

in clinical use is not very convenient as discussed above. 

Patient 3 was diagnosed as a fusion gene negative patient in routine diagnostics. However, 

FusionCatcher identified PIK3AP::BLNK gene fusion in all samples from patient 3 with high number 

of spanning reads and classified it as already know fusion. In addition, the gene fusion was also 

visualized in IGV (Appendix A). Interestingly, the same gene fusion was detected in targeted RNA-

seq with FusionPlex Pan-Heme Kit but classified as low confident gene fusion by the Pan-Heme 

software. This raises a question whether the patient was truly fusion gene negative or positive 

patient. The results from this master´s thesis suggest a possibility for a true positive gene fusion, but 

a secondary verification for example with qPCR is needed to verify the finding. 

 

5.4 Evaluation of the impact of storage time on gene expression 

Gene expression profiling using RNA-seq has lots of potential in enhancing our knowledge of various 

diseases, such as cancer. Blood is very attractive substance to conduct these studies, since blood is 

relatively easy to obtain from donors. However, previous studies have reported that for example 

sample storage can have impact on gene expression (Baechler et al., 2004; Dvinge et al., 2014). In 

this master´s thesis the RNA-seq results from the three different time points (0h, 8h, 32h) were 

compared to evaluate the impact of sample storage on gene expression and fusion gene detection. 

The results from this thesis work showed that most of the DEGs were upregulated and the 

downregulated DEGs were mainly present only in the 0h – 32h comparison (Table 11). Also, the 

changes in gene expression were less than twofold in most of the DEGs (Table 11 & Figure 17). 

Furthermore, to determine which pathways were affected due to sample storage GO and KEGG 

pathway enrichment analyses were performed (Table 12 & Table 13). The results showed that most 
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of the affected pathways were upregulated, and the downregulated pathways were mainly present 

only in 0h – 32h comparison. The results revealed changes in various pathways, which were related 

to different cellular processes. For example, pathways related to cell death, and protein processing 

were upregulated. Also, pathways related for example to cell cycle, DNA replication, and different 

cellular metabolic processes were downregulated. These findings are logical due to fact that the 

cells are exposed for example to stress, and lack of nutrients and oxygen when they are taken out 

from their natural environment during the blood draw. In addition to changes in pathways related 

to different cellular processes, changes in different cancer related pathways were also observed. 

These findings were in line with a previous study by Dvinge et al., (2014) where changes in gene 

expression related to various biological processes related to cancer were observed due to ex-vivo 

sample incubation. 

All in all, this thesis work showed that gene expression was altered due to sample storage, which 

highlights the importance of sample handling and rapid processing of samples as a part of a 

successful RNA-based research. Furthermore, this thesis work raises a question of a possibility that 

some previous publications might have biased results due to prolonged sample storage.  

 

5.5 Future prospects 

RNA-seq is an attractive tool for clinical use since it offers a transcriptomic wide screening of 

transcriptional perturbations and identification of known and novel gene fusions. Furthermore, the 

detection of novel gene fusion will improve our knowledge of cancer biology, which helps us to 

develop new therapeutic methods among others. The increased knowledge of cancer biology also 

increases the demand of diagnostic tools. Therefore, clinical laboratories are striving to have more 

comprehensive diagnostic methods in the future. The demands can be answered with 

advancements in new sequencing technologies and computational methods. For example, invention 

of more robust algorithms for fusion gene detection can lower the rate of false positives and make 

fusion gene detection using RNA-seq more suitable for clinical use. Furthermore, the improvements 

in sequencing technologies and computational tools can lower the costs and turnaround time of 

RNA-seq allowing more accurate and faster diagnosis. 

In recent years, the development of single-cell RNA-seq (scRNA-seq) has provided new insights for 

cancer research. Furthermore, scRNA-seq has been used already for fusion gene studies and novel 
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algorithms for fusion gene detection have also been developed for scRNA-seq (Jin et al., 2022). 

There is no doubt that the future improvements in scRNA-seq technologies might bring it to clinical 

use. Furthermore, scRNA-seq technologies in clinical use can offer a possibility for more accurate 

detection of rare gene fusions compared to bulk RNA-seq. However, the sc-RNA-seq data is very 

noisy and can lead to long list of false positive fusion gene findings. Therefore, careful validation and 

invention of scRNA-seq techniques, which are suitable for clinical use are needed in the future. 

Even though various RNA-preserving tubes, such as Tempus tubes, are already in market, the sample 

tubes can be improved in the future. For example, the invention of cheaper RNA-preserving 

reagents would lower the costs of the relatively expensive RNA-preserving tubes. Furthermore, 

Tempus tubes lyse the blood cells, which further prevent the cell sorting and thus cannot be used 

for example in scRNA-seq studies.  

To acquire more comprehensive understanding about the nature of cancer, it is crucial to 

understand the differences between healthy and malignant cells. RNA-seq offers a great tool to 

study differences between the healthy and malignant cells by studying differences in their gene 

expression and genetic constitutions. The increasing knowledge of altered gene expression will also 

provide great opportunities for novel diagnostic assays for clinical uses in the future. In fact, various 

assays, such as Oncotype DX, are designed to detect changes in gene expression are already in 

market for clinical use (Kwa et al., 2017). This thesis work showed that sample storage has 

substantial effect on gene expression in agreement with previous similar studies. Therefore, it is 

important to pay more attention to the sample handling to minimize the effects caused by sample 

handling. This thesis work also showed that the 32h sample storage did not affect on fusion gene 

detection. However, this thesis contained only four fusion gene positive patient, and a larger cohort 

is required to verify the results in the future. All in all, RNA-seq with all its applications offers 

tremendous possibilities for clinical use, but not without its challenges. 
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Appendix A. IGV-Images from patients 2, 3 and 5, and false negative controls 

 

Figure A18. IGV-Image from patient 2. The figure shows both genes involved in the gene fusion event from patient 2 samples. The red box on 

reference sequence denotes the reverse complementary sequence of the soft clipped bases from the reads. The soft clipped reads (reads with 

colored bases) span both fusion gene partners and originate from the fusion transcript. The 8h timepoints false negative result from 

FusionCatcher is sample “PAT2_SAMPB.bam” and is showed in the middle of the figure. 
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Figure A19. IGV-Image from patient 5. The figure shows both genes involved in the gene fusion event from patient 5 samples. The red box on 

reference sequence denotes the reverse complementary sequence of the soft clipped bases from the reads. The soft clipped reads (reads with 

colored bases) span both fusion gene partners and originate from the fusion transcript. The 0h, and 32h timepoints false negative results from 

FusionCatcher are samples “PAT5_SAMPA.bam” and “PAT5_SAMPC.bam” and are showed on the top and on the bottom of the picture 

respectively. 
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Figure A20. IGV-image from patient 3. The figure shows examples of the reads, spanning the possible gene fusion in patient 3. The patient 3 

was diagnosed as fusion gene negative but FusionCatcher recognized a gene fusion between PIK3AP1 and BLNK genes. The red boxes on 

reference sequence denotes the reference sequence of the soft clipped bases (colored in the picture). 
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Figure A21. False negative finding from Seraseq Fusion RNA mix v4 reference material from CCDC6::RET fusion gene. The FusionCatcher 

failed to detect the CCDC6::RET gene fusion, even though it was present in raw data and visualized in IGV. Red boxes on top of the reference 

sequence denotes the sequence of the soft clipped bases (colored in the picture). 
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Figure A22. False negative finding from Seraseq Fusion RNA mix v4 reference material from EGFR::SEPT14 fusion gene. The FusionCatcher 

failed to detect the EGFR::SEPT14 gene fusion, even though it was present in raw data and visualized in IGV. Red boxes on top of the reference 

sequence denotes the sequence of the soft clipped bases (colored in the picture). 

 

 

Figure A23. False negative finding from Seraseq Fusion RNA mix v4 reference material from SLC45A3::BRAF fusion gene. The FusionCatcher 

failed to detect the SLC45A3::BRAF gene fusion, even though it was present in raw data and visualized in IGV. Red boxes on top of the 

reference sequence denotes the sequence of the soft clipped bases (colored in the picture). 
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Appendix B. Top upregulated and downregulated DEGs based on the log foldchange.  

Table B14. Top upregulated DEGs based on the log foldchange at different timepoints. 

 

Time Ensembl gene id logFC FDR Chr Gene name Description

ENSG00000123689 1.139 0.031 1 G0S2 G0/G1 switch 2 [Source:HGNC Symbol;Acc:HGNC:30229]

ENSG00000137267 1.028 0.002 6 TUBB2A tubulin beta 2A class IIa [Source:HGNC Symbol;Acc:HGNC:12412]

ENSG00000177606 1.025 0.008 1 JUN Jun proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:6204]

ENSG00000170345 0.931 0.006 14 FOS Fos proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:3796]

ENSG00000148926 0.783 0.039 11 ADM adrenomedullin [Source:HGNC Symbol;Acc:HGNC:259]

ENSG00000162772 0.740 0.013 1 ATF3 activating transcription factor 3 [Source:HGNC Symbol;Acc:HGNC:785]

ENSG00000168556 0.696 1.65E-04 4 ING2 inhibitor of growth family member 2 [Source:HGNC Symbol;Acc:HGNC:6063]

ENSG00000285133 0.622 0.015 12 novel protein

ENSG00000197019 0.606 0.021 19 SERTAD1 SERTA domain containing 1 [Source:HGNC Symbol;Acc:HGNC:17932]

ENSG00000244476 0.559 0.001 6 ERVFRD-1 endogenous retrovirus group FRD member 1, envelope [Source:HGNC Symbol;Acc:HGNC:33823]

ENSG00000283268 1.124 0.040 11 TEX54 testis expressed 54 [Source:HGNC Symbol;Acc:HGNC:53729]

ENSG00000177606 1.015 0.040 1 JUN Jun proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:6204]

ENSG00000276410 0.971 0.040 6 H2BC3 H2B clustered histone 3 [Source:HGNC Symbol;Acc:HGNC:4751]

ENSG00000273802 0.606 0.006 6 H2BC8 H2B clustered histone 8 [Source:HGNC Symbol;Acc:HGNC:4746]

ENSG00000158373 0.537 7.20E-06 6 H2BC5 H2B clustered histone 5 [Source:HGNC Symbol;Acc:HGNC:4747]

ENSG00000099860 0.524 0.006 19 GADD45B growth arrest and DNA damage inducible beta [Source:HGNC Symbol;Acc:HGNC:4096]

ENSG00000275714 0.489 0.018 6 H3C1 H3 clustered histone 1 [Source:HGNC Symbol;Acc:HGNC:4766]

ENSG00000100652 0.456 0.048 14 SLC10A1 solute carrier family 10 member 1 [Source:HGNC Symbol;Acc:HGNC:10905]

ENSG00000205710 0.446 0.040 17 C17orf107 chromosome 17 open reading frame 107 [Source:HGNC Symbol;Acc:HGNC:37238]

ENSG00000184205 0.445 0.040 X TSPYL2 TSPY like 2 [Source:HGNC Symbol;Acc:HGNC:24358]

ENSG00000177606 2.040 1.79E-06 1 JUN Jun proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:6204]

ENSG00000090104 1.735 4.54E-05 1 RGS1 regulator of G protein signaling 1 [Source:HGNC Symbol;Acc:HGNC:9991]

ENSG00000137267 1.587 4.60E-06 6 TUBB2A tubulin beta 2A class IIa [Source:HGNC Symbol;Acc:HGNC:12412]

ENSG00000283268 1.581 1.33E-04 11 TEX54 testis expressed 54 [Source:HGNC Symbol;Acc:HGNC:53729]

ENSG00000123358 1.431 4.50E-04 12 NR4A1 nuclear receptor subfamily 4 group A member 1 [Source:HGNC Symbol;Acc:HGNC:7980]

ENSG00000125740 1.318 0.001 19 FOSB FosB proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:3797]

ENSG00000162772 1.253 1.78E-05 1 ATF3 activating transcription factor 3 [Source:HGNC Symbol;Acc:HGNC:785]

ENSG00000170345 1.213 1.10E-04 14 FOS Fos proto-oncogene, AP-1 transcription factor subunit [Source:HGNC Symbol;Acc:HGNC:3796]

ENSG00000197019 1.206 5.83E-06 19 SERTAD1 SERTA domain containing 1 [Source:HGNC Symbol;Acc:HGNC:17932]

ENSG00000285133 1.192 5.19E-06 12 novel protein

0h - 8h

8h - 32h

0h - 32h
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Table B15. Top downregulated DEGs based on the log foldchange at different timepoints. 

 

 

 

  

Time Ensembl gene id logFC FDR Chr Gene name Description

ENSG00000198553 -0.482 4.29E-04 13 KCNRG potassium channel regulator [Source:HGNC Symbol;Acc:HGNC:18893]

ENSG00000163599 -0.480 0.041 2 CTLA4 cytotoxic T-lymphocyte associated protein 4 [Source:HGNC Symbol;Acc:HGNC:2505]

ENSG00000162614 -0.319 0.041 1 NEXN nexilin F-actin binding protein [Source:HGNC Symbol;Acc:HGNC:29557]

ENSG00000204977 -0.287 6.77E-05 13 TRIM13 tripartite motif containing 13 [Source:HGNC Symbol;Acc:HGNC:9976]

ENSG00000186638 -0.280 0.023 9 KIF24 kinesin family member 24 [Source:HGNC Symbol;Acc:HGNC:19916]

ENSG00000196329 -0.276 0.006 7 GIMAP5 GTPase, IMAP family member 5 [Source:HGNC Symbol;Acc:HGNC:18005]

ENSG00000167380 -0.244 0.043 19 ZNF226 zinc finger protein 226 [Source:HGNC Symbol;Acc:HGNC:13019]

ENSG00000188343 -0.218 0.038 8 CIBAR1 CBY1 interacting BAR domain containing 1 [Source:HGNC Symbol;Acc:HGNC:30452]

ENSG00000170989 -0.209 0.023 1 S1PR1 sphingosine-1-phosphate receptor 1 [Source:HGNC Symbol;Acc:HGNC:3165]

ENSG00000166012 -0.185 0.012 11 TAF1D TATA-box binding protein associated factor, RNA polymerase I subunit D [Source:HGNC Symbol;Acc:HGNC:28759]

8h - 32h

ENSG00000155659 -1.479 0.001 X VSIG4 V-set and immunoglobulin domain containing 4 [Source:HGNC Symbol;Acc:HGNC:17032]

ENSG00000163599 -0.703 6.21E-04 2 CTLA4 cytotoxic T-lymphocyte associated protein 4 [Source:HGNC Symbol;Acc:HGNC:2505]

ENSG00000198553 -0.640 3.16E-06 13 KCNRG potassium channel regulator [Source:HGNC Symbol;Acc:HGNC:18893]

ENSG00000131153 -0.558 0.001 16 GINS2 GINS complex subunit 2 [Source:HGNC Symbol;Acc:HGNC:24575]

ENSG00000204511 -0.506 0.011 6 MCCD1 mitochondrial coiled-coil domain 1 [Source:HGNC Symbol;Acc:HGNC:20668]

ENSG00000198569 -0.482 0.001 9 SLC34A3 solute carrier family 34 member 3 [Source:HGNC Symbol;Acc:HGNC:20305]

ENSG00000212123 -0.442 0.006 19 PRR22 proline rich 22 [Source:HGNC Symbol;Acc:HGNC:28354]

ENSG00000111087 -0.435 3.35E-04 12 GLI1 GLI family zinc finger 1 [Source:HGNC Symbol;Acc:HGNC:4317]

ENSG00000162614 -0.433 0.001 1 NEXN nexilin F-actin binding protein [Source:HGNC Symbol;Acc:HGNC:29557]

ENSG00000167380 -0.401 1.87E-04 19 ZNF226 zinc finger protein 226 [Source:HGNC Symbol;Acc:HGNC:13019]

0h - 8h

0h - 32h
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Appendix C. Top upregulated and downregulated GO terms at different timepoints. 

Tables are representing the top upregulated and downregulated GO terms with P-value threshold 

of 0.05 at different timepoints. Ont refers to Gene Ontology classes, where CC refers to cellular 

component, BP refers to biological process, and MF refers to molecular function. The value in 

upregulated and downregulated column refers to number of DEGs found associated to given GO 

term. 

 

Table C16. Top upregulated GO terms at the timepoint 0h – 8h. 

GO id Term Ont Upregulated P-value 

GO:0005634 nucleus CC 100 1.52E-07 

GO:0051171 regulation of nitrogen compound metabolic 
process 

BP 74 1.24E-06 

GO:0080090 regulation of primary metabolic process BP 75 1.83E-06 

GO:0031323 regulation of cellular metabolic process BP 77 2.24E-06 

GO:0019222 regulation of metabolic process BP 82 3.16E-06 

GO:0033554 cellular response to stress BP 38 3.64E-06 

GO:0051173 positive regulation of nitrogen compound 
metabolic process 

BP 48 4.35E-06 

GO:0060255 regulation of macromolecule metabolic process BP 77 4.82E-06 

GO:0035976 transcription factor AP-1 complex CC 3 7.86E-06 

GO:0097190 apoptotic signaling pathway BP 18 8.89E-06 

GO:0009991 response to extracellular stimulus BP 15 1.26E-05 

GO:0034976 response to endoplasmic reticulum stress BP 12 1.33E-05 

GO:0042594 response to starvation BP 10 1.57E-05 

GO:0031325 positive regulation of cellular metabolic process BP 48 2.59E-05 

GO:0071496 cellular response to external stimulus BP 12 2.65E-05 

GO:0010941 regulation of cell death BP 29 2.76E-05 

GO:0097193 intrinsic apoptotic signaling pathway BP 12 3.29E-05 

GO:0009893 positive regulation of metabolic process BP 52 3.48E-05 

GO:0016607 nuclear speck CC 15 3.97E-05 

GO:0043065 positive regulation of apoptotic process BP 15 4.23E-05 

 

Table C17. Top upregulated GO terms at the timepoint 8h – 32h. 

GO id Term Ont Upregulated P-value 

GO:0000786 nucleosome CC 6 3.63E-09 

GO:0044815 DNA packaging complex CC 6 6.22E-09 

GO:0006334 nucleosome assembly BP 6 1.24E-08 

GO:0031497 chromatin assembly BP 6 3.82E-08 

GO:0034728 nucleosome organization BP 6 7.03E-08 

GO:0006333 chromatin assembly or disassembly BP 6 1.22E-07 
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GO:0006323 DNA packaging BP 6 1.94E-07 

GO:0065004 protein-DNA complex assembly BP 6 2.18E-07 

GO:0032993 protein-DNA complex CC 6 2.27E-07 

GO:0071824 protein-DNA complex subunit organization BP 6 7.07E-07 

GO:0006338 chromatin remodeling BP 6 1.19E-06 

GO:0071103 DNA conformation change BP 6 2.62E-06 

GO:0006325 chromatin organization BP 6 2.06E-05 

GO:0000785 chromatin CC 8 2.21E-05 

GO:0046982 protein heterodimerization activity MF 5 5.14E-05 

GO:0070412 R-SMAD binding MF 2 4.34E-04 

GO:0005694 chromosome CC 8 8.62E-04 

GO:0000791 euchromatin CC 2 1.11E-03 

GO:0051276 chromosome organization BP 6 1.20E-03 

GO:0061614 pri-miRNA transcription by RNA polymerase II BP 2 1.76E-03 

 

Table C18. Top upregulated GO terms at the timepoint 0h – 32h. 

GO id Term Ont Upregulated P-value 

GO:0000786 nucleosome CC 31 8.78E-25 

GO:0044815 DNA packaging complex CC 31 2.14E-23 

GO:0032993 protein-DNA complex CC 36 1.68E-19 

GO:0046982 protein heterodimerization activity MF 38 8.79E-15 

GO:0006334 nucleosome assembly BP 24 3.19E-14 

GO:0031497 chromatin assembly BP 26 4.13E-14 

GO:0034728 nucleosome organization BP 25 3.82E-12 

GO:0006333 chromatin assembly or disassembly BP 26 5.08E-12 

GO:0006323 DNA packaging BP 26 3.21E-11 

GO:0065004 protein-DNA complex assembly BP 24 1.57E-09 

GO:0000785 chromatin CC 60 2.18E-09 

GO:0071824 protein-DNA complex subunit organization BP 25 1.99E-08 

GO:0006338 chromatin remodeling BP 26 2.93E-08 

GO:0071103 DNA conformation change BP 28 3.30E-08 

GO:0005634 nucleus CC 259 7.65E-08 

GO:0051173 positive regulation of nitrogen compound 
metabolic process 

BP 118 1.75E-07 

GO:0060255 regulation of macromolecule metabolic process BP 201 1.76E-07 

GO:0031323 regulation of cellular metabolic process BP 197 3.27E-07 

GO:0051171 regulation of nitrogen compound metabolic 
process 

BP 186 3.63E-07 

GO:0019222 regulation of metabolic process BP 212 5.20E-07 

 

 

Table C19. Top downregulated GO terms at the timepoint 0h – 8h. 

GO id Term Ont Downregulated P-value 
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GO:0003245 cardiac muscle tissue growth involved in heart 
morphogenesis 

BP 1 1.93E-03 

GO:0005668 RNA polymerase transcription factor SL1 
complex 

CC 1 1.93E-03 

GO:0003241 growth involved in heart morphogenesis BP 1 2.90E-03 

GO:1902260 negative regulation of delayed rectifier 
potassium channel activity 

BP 1 2.90E-03 

GO:1903817 negative regulation of voltage-gated potassium 
channel activity 

BP 1 2.90E-03 

GO:0120031 plasma membrane bounded cell projection 
assembly 

BP 3 3.50E-03 

GO:0030031 cell projection assembly BP 3 3.71E-03 

GO:0097749 membrane tubulation BP 1 3.86E-03 

GO:0045590 negative regulation of regulatory T cell 
differentiation 

BP 1 3.86E-03 

GO:0000120 RNA polymerase I transcription regulator 
complex 

CC 1 3.86E-03 

GO:0001955 blood vessel maturation BP 1 4.82E-03 

GO:0070593 dendrite self-avoidance BP 1 4.82E-03 

GO:1902259 regulation of delayed rectifier potassium 
channel activity 

BP 1 4.82E-03 

GO:0038036 sphingosine-1-phosphate receptor activity MF 1 4.82E-03 

GO:0005814 centriole CC 2 5.61E-03 

GO:0120036 plasma membrane bounded cell projection 
organization 

BP 4 5.96E-03 

GO:0030030 cell projection organization BP 4 6.66E-03 

GO:0045125 bioactive lipid receptor activity MF 1 7.71E-03 

GO:0030061 mitochondrial crista CC 1 7.71E-03 

GO:1901017 negative regulation of potassium ion 
transmembrane transporter activity 

BP 1 7.71E-03 

 

Table C20. Top downregulated GO terms at the timepoint 0h – 32h. 

GO id Term Ont Downregulated P-value 

GO:0071162 CMG complex CC 5 1.29E-06 

GO:0031261 DNA replication preinitiation complex CC 5 4.52E-06 

GO:0000727 double-strand break repair via break-induced 
replication 

BP 5 7.59E-06 

GO:0042555 MCM complex CC 4 2.81E-05 

GO:1902292 cell cycle DNA replication initiation BP 3 6.69E-05 

GO:1902975 mitotic DNA replication initiation BP 3 6.69E-05 

GO:1902315 nuclear cell cycle DNA replication initiation BP 3 6.69E-05 

GO:0006271 DNA strand elongation involved in DNA 
replication 

BP 4 4.75E-04 

GO:0006268 DNA unwinding involved in DNA replication BP 4 4.75E-04 

GO:0098974 postsynaptic actin cytoskeleton organization BP 3 5.53E-04 

GO:0099188 postsynaptic cytoskeleton organization BP 3 5.53E-04 

GO:0032508 DNA duplex unwinding BP 8 6.19E-04 
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GO:0035814 negative regulation of renal sodium excretion BP 2 6.65E-04 

GO:0021940 positive regulation of cerebellar granule cell 
precursor proliferation 

BP 2 6.65E-04 

GO:0000981 DNA-binding transcription factor activity, RNA 
polymerase II-specific 

MF 35 7.39E-04 

GO:0019321 pentose metabolic process BP 3 8.68E-04 

GO:0008094 ATP-dependent activity, acting on DNA MF 9 9.53E-04 

GO:0032392 DNA geometric change BP 8 1.04E-03 

GO:0003678 DNA helicase activity MF 7 1.15E-03 

GO:0051156 glucose 6-phosphate metabolic process BP 4 1.24E-03 
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Appendix D. Top upregulated and downregulated KEGG pathways at different timepoints. 

Tables representing the top upregulated and downregulated KEGG pathways with P-value threshold 

0.05 at different timepoints. 

 

Table D21. Top upregulated KEGG pathways at the timepoint 0h – 8h. 

Pathway id Pathway Upregulated P-value 

path:hsa04210 Apoptosis 9 1.89E-05 

path:hsa03040 Spliceosome 9 3.63E-05 

path:hsa05202 Transcriptional misregulation in cancer 9 6.55E-05 

path:hsa04115 p53 signaling pathway 6 1.09E-04 

path:hsa05210 Colorectal cancer 6 3.50E-04 

path:hsa05167 Kaposi sarcoma-associated herpesvirus infection 8 6.27E-04 

path:hsa04141 Protein processing in endoplasmic reticulum 8 6.56E-04 

path:hsa04216 Ferroptosis 4 7.75E-04 

path:hsa05322 Systemic lupus erythematosus 6 1.12E-03 

path:hsa05034 Alcoholism 7 1.12E-03 

path:hsa05131 Shigellosis 9 1.55E-03 

path:hsa05222 Small cell lung cancer 5 1.60E-03 

path:hsa05014 Amyotrophic lateral sclerosis 10 3.32E-03 

path:hsa04064 NF-kappa B signaling pathway 5 3.50E-03 

path:hsa03015 mRNA surveillance pathway 5 3.69E-03 

path:hsa04625 C-type lectin receptor signaling pathway 5 3.89E-03 

path:hsa04215 Apoptosis - multiple species 3 4.25E-03 

path:hsa04668 TNF signaling pathway 5 5.01E-03 

path:hsa05164 Influenza A 6 5.86E-03 

path:hsa05323 Rheumatoid arthritis 4 6.29E-03 

 

Table D22. Top upregulated KEGG pathways at the timepoint 8h – 32h. 

Pathway id Pathway Upregulated P-value 

path:hsa05322 Systemic lupus erythematosus 5 7.30E-07 

path:hsa05034 Alcoholism 5 3.47E-06 

path:hsa04613 Neutrophil extracellular trap formation 5 8.99E-06 

path:hsa05203 Viral carcinogenesis 4 3.25E-04 

path:hsa05210 Colorectal cancer 3 3.72E-04 

path:hsa04210 Apoptosis 3 1.45E-03 

path:hsa05161 Hepatitis B 3 2.13E-03 

path:hsa05202 Transcriptional misregulation in cancer 3 2.27E-03 

path:hsa05169 Epstein-Barr virus infection 3 4.16E-03 

path:hsa04115 p53 signaling pathway 2 5.90E-03 

path:hsa05222 Small cell lung cancer 2 7.31E-03 

path:hsa05131 Shigellosis 3 7.55E-03 
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path:hsa05224 Breast cancer 2 8.85E-03 

path:hsa05162 Measles 2 0.02 

path:hsa05200 Pathways in cancer 3 0.02 

path:hsa03040 Spliceosome 2 0.03 

path:hsa04932 Non-alcoholic fatty liver disease 2 0.03 

path:hsa05130 Pathogenic Escherichia coli infection 2 0.03 

path:hsa00511 Other glycan degradation 1 0.03 

path:hsa05167 Kaposi sarcoma-associated herpesvirus infection 2 0.03 

 

Table D23. Top upregulated KEGG pathways at the timepoint 0h – 32h. 

Pathway id Pathway Upregulated P-value 

path:hsa05322 Systemic lupus erythematosus 30 1.15E-20 

path:hsa05034 Alcoholism 32 2.62E-18 

path:hsa04613 Neutrophil extracellular trap formation 30 5.82E-14 

path:hsa05203 Viral carcinogenesis 23 1.76E-07 

path:hsa04657 IL-17 signaling pathway 11 1.43E-05 

path:hsa03040 Spliceosome 15 8.95E-05 

path:hsa04217 Necroptosis 14 1.75E-04 

path:hsa05202 Transcriptional misregulation in cancer 15 2.09E-04 

path:hsa04210 Apoptosis 13 4.80E-04 

path:hsa04141 Protein processing in endoplasmic reticulum 15 5.18E-04 

path:hsa05200 Pathways in cancer 23 1.90E-03 

path:hsa05131 Shigellosis 17 2.68E-03 

path:hsa05222 Small cell lung cancer 8 3.49E-03 

path:hsa05014 Amyotrophic lateral sclerosis 20 5.09E-03 

path:hsa04380 Osteoclast differentiation 10 6.07E-03 

path:hsa05224 Breast cancer 8 6.43E-03 

path:hsa04115 p53 signaling pathway 7 7.00E-03 

path:hsa03015 mRNA surveillance pathway 8 0.01 

path:hsa04215 Apoptosis - multiple species 4 0.02 

path:hsa05417 Lipid and atherosclerosis 12 0.02 

 

 

Table D24. Top downregulated KEGG pathways at the timepoint 0h – 8h. 

Pathway id Pathway Downregulated P-value 

path:hsa05320 Autoimmune thyroid disease 1 0.02 

 

Table D25. Top downregulated KEGG pathways at the timepoint 0h – 32h. 

Pathway id Pathway Downregulated P-value 

path:hsa05168 Herpes simplex virus 1 infection 21 1.21E-03 

path:hsa03030 DNA replication 5 2.20E-03 

path:hsa01200 Carbon metabolism 7 7.29E-03 
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path:hsa01210 2-Oxocarboxylic acid metabolism 3 7.51E-03 

path:hsa01230 Biosynthesis of amino acids 5 0.01 

path:hsa05100 Bacterial invasion of epithelial cells 5 0.02 

path:hsa05415 Diabetic cardiomyopathy 9 0.02 

path:hsa00030 Pentose phosphate pathway 3 0.02 

path:hsa04110 Cell cycle 7 0.03 

path:hsa05130 Pathogenic Escherichia coli infection 8 0.03 

path:hsa00020 Citrate cycle (TCA cycle) 3 0.03 

path:hsa04672 Intestinal immune network for IgA production 3 0.03 

path:hsa04611 Platelet activation 6 0.03 

path:hsa05012 Parkinson disease 10 0.04 

 

 

 

 

 


