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Abstract 

Oncogenes and tumor suppressor genes play a key role in cancer induction and progression. They 

directly or indirectly regulate critical metabolic pathways, phosphatidylinositol-3 kinase pathway 

being frequently activated pathway in cancer. The catalytic subunit of phosphatidylinositol-4,5-

bisphosphate 3-kinase (PI3K), p110α, is the most frequently mutated kinase in human cancer, E542K, 

E545K, and H1047R mutations being the most common. Expression of hepatic E545K and H1047R 

p110α mutants in vivo shows marked and rapid increase in hepatic lipid and glycogen accumulation 

in mice with developmental (chronic) liver-specific deletion of p110α, which was not seen in mice 

when wildtype p110α is overexpressed. To investigate the logical pathways that could explain the 

lipid accumulation in mutant expressing mice, RNA sequencing from wildtype, knockout and mutated 

mouse livers was performed.  Read alignment and count quantification was done using the Rsubread 

package and the statistical analyses are performed using the DeSeq2 package. Differentially 

expressed genes were identified with adjusted p-value of 0.05. Gene ontology analysis was 

performed on the differentially expressed genes using clusterProfiler, an R package to identify 

several key pathways which were upregulated and downregulated among the different sample 

groups. Signaling pathways related to cell cycle processes were mainly upregulated in the mutated 

samples when compared with the wildtype as well as knockout samples while signaling pathways 

related to many metabolic processes seem to be downregulated in mutated samples, even though 

these mutants showed upregulated metabolism by accumulation of lipids and glycogen 

physiologically. To confirm the results of gene expression data the results have to be cross validated 

with the gold standard quantitative Real Time Polymerase Chain Reaction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Popular scientific abstract 

“Cancer” is a broad term which we all are familiar with and its diagnosis can be scary and 

overwhelming. In simple words, cancer is described as a disease which results due to cellular changes 

that cause uncontrolled growth and division of cells which crowd the normal cells thus making it hard 

for the body to function the way it should. The genetic diversity of cancer and the ability of 

cancerous cells to adapt and evolve makes it extremely difficult to treat the disease. In order to fight 

the disease, one has to work towards identifying new ways to cure the disease and that can only be 

done by understanding the complexities behind cancer metabolism.  

Cells, basic building blocks of all living things, contain numbers of genes which they selectively turn 

on and off in order to become specialized. Any alteration or abnormal change in the genetic material 

of a cell can affect the cell in many ways. These mutational effects can be beneficial, harmful or 

neutral depending upon locations. Cancer being one of the leading causes of death is mainly due to 

interaction of many factors but all the causes leading to cancer exert their effects on a class of genes 

called “proto-oncogenes” which on mutation changes into its cancer causing “oncogenes”. Another 

class of genes associated with cancer are “tumor suppressor genes”, these genes are responsible for 

programmed cell death, that is, it tells the cells when to die. Mutation related to these genes leads to 

uncontrolled cell division thus leading to cancer. Both oncogenes and tumor suppressor genes are 

intricately linked to metabolic regulation and to alteration of metabolism in cancer cells relative to 

that of normal cells which helps gain and maintain malignant properties, making cancer metabolic 

reprogramming one of the cancer hallmarks.  

Understanding the basic cancer biology and mechanism behind altered metabolism can be 

incorporated into designing of newer therapeutic strategies and coming up with individual cancer 

treatment. This personalized approach to treating cancer patients is becoming widely popular with 

advances in newer technology. Next Generation sequencing with significant improvements over the 

years, can be customized in order to fit the requirements of a specific study, has gained popularity in 

field of oncology to help in diagnosis, classify the cancer, predict the risk associated as well as in 

providing personalized patient care.  

In this thesis, the most common pathway which is altered in cancer, phosphatidylinositol 3-kinase 

(PI3K) pathway, is studied in normal as well as mutated mouse liver cells using Next Generation 

sequencing. This pathway contains enzymes involved in cellular functions such as cell growth, 

proliferation, differentiation, motility, survival, lipid- and glucose metabolism, which in turn are 

closely involved in survival, growth, invasion of cancer cells. The key molecules involved in this 

signaling pathway are receptor tyrosine kinase, phosphatidylinositol 3-kinase (PI3K), 

phosphatidylinositol-4,5-bisphosphate, phosphatidylinositol-3,4,5-bisphosphate and AKT/protein 

kinase B. PI3K has a catalytic domain p110 and a regulatory domain p85. Abnormalities in the PI3K 

pathway are common in cancer, with PI3K being a frequent target of mutational activation. The most 

frequent mutations are seen in the oncogene PIK3CA gene encoding catalytic subunit isoform p110α.  

The differential gene expression profiles from the different sample groups belonging to liver cells of 

mice was studied using RNA sequencing, a method of RNA profiling using next generation 

sequencing. This technique enables us to investigate all the RNAs present in all the samples at the 



same time in high resolution, producing millions of reads, which are then mapped to a reference 

genome, mouse genome in this case, to give measure of different levels of gene expression. The 

differentially expressed genes are linked to the biological process which in turn helps us understand 

the molecular mechanism behind the metabolic reprogramming caused by altered PI3-kinase 

enzyme. 
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Introduction 

Oncogenes direct reprogramming of cellular metabolism to support cell 

growth 
Altered metabolism is a hallmark of cancer (Hanahan and Weinberg, 2000). Many proto-oncogenes 

and tumor suppressor genes encode mediators of signal transduction pathways. The role of these 

genes in carcinogenesis has traditionally been attributed to their ability to regulate the cell cycle and 

sustain proliferative signaling while also help cells escape growth suppression and /or cell death 

(Hanahan and Weinberg, 2011). However, evidence for an alternative concept has emerged over the 

last years, that the primary function of activated oncogenes and inactivated tumor suppressors is to 

reprogram cellular metabolism (Ward and Thompson, 2012). Proliferative cell metabolism differs 

from quiescent cell metabolism on the basis of active metabolic reprogramming by oncogenes and 

tumor suppressors. Tumor cells switch their core metabolism to meet the increased requirements of 

cell growth and division. Tumor metabolic reprogramming involves the enhancement of key 

metabolic pathways such as glycolysis, pentose phosphate pathway, glutaminolysis and lipid, nucleic 

acid and amino acid metabolism (Ward and Thompson, 2012). Thus, activation of oncogenic signaling 

pathways adapts tumor cells metabolism to the dynamic tumor microenvironment, where nutrient 

and oxygen concentrations are spatially and temporally heterogeneous (Cairns et al.,2011). The 

dependencies on specific metabolic substrates such as glucose or glutamine exhibited by tumor cells 

are determined by the alterations in their oncogenes and tumor suppressor genes. Thus, the 

characterization of the metabolic reprogramming of cancer cells is a promising approach to identify 

novel molecular-targeted strategies in cancer therapy. Tumor cells very frequently contain mutations 

that allow the PI3K-AKT-mTOR network to achieve high levels of signaling with minimal dependence 

on extrinsic stimulation by growth factors (Yuan and Cantley,2008). Many oncogenes and tumor 

suppressors reside in the PI3K-AKT-mTOR network, and aberrant activation of this pathway is among 

the most frequent alterations seen in a diverse set of cancers. 

PI3K provides a junction between growth and metabolic signaling systems 
Most intracellular signaling pathways are mediated by complex, highly integrated networks made up 

of hundreds of molecules, which function to control multiple metabolic and growth processes 

throughout the organism. However, certain points are particularly important and serve as critical 

nodes in these pathways. A “critical node” is an essential component of the signaling network as well 

as a junction for potential crosstalk with other signaling systems and plays important roles in normal 

physiology and disease states. The enzyme PI3 kinase (PI3K) and Akt/PKB are both critical nodes in 

many intracellular signaling pathways and are imperative for the actions of IGF -1, insulin, and other 

growth factors (Taniguchi et al.,2006). Phosphatidylinositol 3-kinases (PI3Ks) are a family of lipid 

kinases that phosphorylate the 3-OH of the inositol ring of phosphoinositide (Toker and Cantley, 

1997; Fruman and Rommel, 2014).  Thus, defining the factors regulating PI3K will lead to a better 

understanding of the basic biology of signal transduction, but more importantly, understanding 

disorders associated with metabolic dysfunction, such as cancer and to new targets of therapy and 

prevention. 

Class I PI3Ks are heterodimers catalyzing the phosphorylation of PIP2 to generate PIP3 consisting of a 

catalytic subunit p110 with a regulatory subunit p85, p101, or p84. PIP3 serves as a second 

messenger that plays important roles in fundamental cellular responses such as cell growth, survival, 

migration and metabolism (Frank et al., 1997 and Shepherd et al., 1998). It has high affinity for the 



downstream kinases such as Akt/PKB and the atypical isoforms of protein kinase C (PKC). The 

interaction of PIP3 with Akt enables phosphorylation of Akt (Figure 1), which results in important 

cellular processes such as lipogenesis, protein synthesis, and cell growth (Carnero and Paramio, 

2014). 

 

Figure 1. Basic steps that are involved in intracellular signaling cascade of PI3K in response to insulin 

stimulation. 

 

Class IA PI3Ks consist of a regulatory subunit, usually designated p85, which binds to phosphorylated 

tyrosine residues in other proteins via its SH2 domain, leading to subsequent activation of the kinase, 

while the catalytic subunit, designated p110, contains the kinase domain. The three isoforms in Class 

IA includes PI3Kα, PI3Kβ and PI3Kδ. Class IB PI3Kγ consists of catalytic subunit p110γ and a regulatory 

subunit p101 or p84. PI3Kα and PI3Kβ are expressed ubiquitously, PI3Kδ and PI3Kγ plays important 

role in hemopoietic cells (Vanhaesebroeck et al.,1997). p110α, p110β and p110δ are encoded by 

three different genes, i.e. PIK3CA, PIK3CB and PIK3CD, respectively (Engelman et al.,2006), whereas 

p37δ(PIK3CD_v2) is a splice variant of p110δ. p110α is the major contributor to transmission of the 

insulin signal (Sopasakis et al.,2010; Knight et al.,2006; Foukas et al.,2006), whereas p110β becomes 

active primarily in response to G-protein-coupled receptor signaling and plays a role in proliferation 

(Ciraolo et al.,2008; Jia et al.,2008). p110δ is more cell specific than p110α and p110β and plays an 

important role in immune cells and the embryonic nervous system (Patton et al.,2007; Bilancio et 

al.,2006; Eickholt et al.,2007). 

p110α (PIK3CA) is composed of five domains: an adaptor-binding domain (ABD), a Ras-binding 

domain (RBD), a C2 domain, a helical domain, and a kinase domain. PIK3CA is the most frequently 

mutated kinase in human cancer (Parsons et al.,2005) and particularly three mutations, often 

referred to as the hot spot mutations, E542K, E545K and H1047R, are the most common in the 



PIK3CA gene and comprise 80% of all mutations (Ligresti et al.,2009). Although these mutations 

influence PI3K activity in different ways (Zhao and Vogt, 2008) they all enhance catalytic activity 

(Kang et al., 2005). They activate AKT and promote transcription (Link et al.,2005) that stimulates the 

oncogenic activity of the mutants (Bader et al.,2006). The activation of PI3K and AKT by gene 

amplification occurs in many cancer types (Parsons et al.,2005), including breast (Bachman et 

al.,2004), ovarian (Campbell et al.,2004), pancreas (Asano et al., 2004). 

p110α, but not p110β, plays a crucial role for glucose metabolism and 

homeostasis 
There is virtually nothing reported on the metabolic effects of PIK3CA mutations in vivo, even though 

p110α is an integral part of metabolic pathways such as IGF-1 and insulin signaling and furthermore, 

it has been shown that liver-specific ablation of p110β had little effect on insulin stimulation of 

Akt/PKB and showed only very mildly impaired insulin sensitivity and glucose tolerance (Jia et al., 

2008). As part of studies done on mice with developmental (chronic) liver-specific deletion of p110α 

(L-p110α KO), it was seen that liver p110α plays a critical and unique role in the metabolic actions of 

insulin and that disruption of this isoform in liver results in impaired insulin action and glucose 

homeostasis (Sopasakis et al.,2010). Chronic use of PI3K inhibitors in treatment of cancer (Ward and 

Finan, 2003) induced variety of metabolic disorders including overt diabetes. 

Expression of hepatic E545K-p110α and H1047R-p110α results in 

reprogrammed cellular metabolism 
The E542K, E545K, and H1047R mutants map to mutational hot spots of the PIK3CA gene. The sites 

most frequently affected by mutations include the helical domain for E542K and E545K mutations 

and catalytic domain for H1047R mutations. The E545K and H1047R mutations of PIK3CA increase 

PIP3 levels, activate Akt signaling and induce cellular transformation (Bader et al.,2005; Zhao et 

al.,2005 and Isakoff et al., 2005), but the exact molecular mechanism by which these mutations 

activate p110α has not been determined. It was found that hepatic expression of the E545K and 

H1047R p110α mutants in vivo (using the L-p110α KO mice) results in a marked and rapid increase in 

hepatic lipid and glycogen accumulation which was not seen in the overexpressed wildtype (normal) 

p110α. (Chaudhari et al.,2015). The observed difference in lipid accumulation between mice could 

neither be explained by upregulated glycolytic nor lipogenic pathways. Plasma triglyceride as well as 

plasma free fatty acid levels were unchanged indicating that mice expressing mutants did show 

altered expression of markers of hepatic lipid flux or fatty acid β-oxidation.  

Bile acid synthesis pathway 
Bile acids, amphipathic derivatives of cholesterol, facilitate absorption of dietary lipids. Bile salts also 

regulate glucose homeostasis (Ma et al.,2006), liver regeneration (Huang et al.,2006), and energy 

balance (Watanbe et al.,2006). In human liver, two primary bile acids, cholic acid (CA) and 

chenodeoxycholic (CDCA), are synthesized from cholesterol through two pathways (Figure 2). 

Conversion of cholesterol to bile acids involves 17 distinct enzymes located in the cytosol, 

endoplasmic reticulum, mitochondria, and peroxisomes. Studies have shown that insulin and glucose 

induce, while glucagon represses, CYP7A1 gene expression in primary human hepatocytes (Li et 

al.,2006; Li et al.,2010; Song and Chiang 2006). In vivo studies also show that glucose and insulin 

rapidly induce CYP7A1 gene expression and bile acid synthesis leading to an enlarged bile acid pool 

and elevated circulating bile acids (Li et al.,2012). Insulin signaling activates AKT/protein kinase B 

(PKB), and possibly also the mitogen-activated protein kinase (MAPK)/extracellular signal-regulated 



kinase 1/2 (ERK1/2) pathway to inhibit CYP7A1 gene transcription (Chiang 2013). A role of PI3K in 

bile formation is evident from a study (Folli et al.,1997) showing that wortmannin, a specific inhibitor 

of PI3K, inhibits bile formation, bile acid secretion and vesicle trafficking in isolated perfused rat liver. 

Studies in hepatic cells suggest that the opposing effects of bile acids may also be mediated via 

different isoforms of class I PI3K. (Anwer, 2012). Dysregulation of bile acid synthesis causes 

metabolic diseases, including cholestatic liver diseases, diabetes, and obesity. 

 

 

 

Figure 2. Basic steps in bile acid synthesis pathway. Two bile acid synthesis pathways are involved in the 

conversion of cholesterol to bile acids in the liver, the classical pathway and the alternative pathway. 

 

Next-generation Sequencing 
Next Generation Sequencing (NGS) is a common term for used for massively parallel sequencing of 

DNA or RNA molecules which has become a major component of molecular biology and medical 

research. The Human Genome Project which began with Sanger sequencing technology also known 

as “first generation sequencing”, introduced by Fred Sanger in 1977, took place over the span of 13 

years successfully sequenced the human genome (Moraes and Góes, 2016). The completion of the 

Human Genome Project in 2003 ushered in a new era of rapid, affordable, and accurate genome 

analysis called Next Generation Sequencing. Several NGS platforms have been developed that 

provide low-cost, high-throughput sequencing. The advent of NGS has revolutionized transcriptomics 

and quickly established RNA-sequencing as the preferred methodology for the study of gene 

expression (Wang et al., 2009). The powerful features of RNA-seq, such as high resolution and broad 

dynamic range, have boosted an unprecedented progress of transcriptomics research, producing an 



impressive amount of data worldwide (Finotello and Di Camillo, 2015). The application of NGS to 

study the gene expression reveals the complexities of different biological processes with much more 

accuracy than microarrays.  

 A basic workflow (Figure 3) of an RNA-seq data analysis pipeline for NGS data includes preprocessing 

the data to remove adapter sequences and low-quality reads, mapping of the data to a reference 

genome or de novo alignment of the sequence reads, and analysis of the compiled sequence. The 

obtained cDNAs are then amplified and subjected to sequencing. Illumina sequencer (http://www. 

illumina.com) is the most commonly used sequencing platform (Van Verk, 2013). The millions of 

short reads that are generated are mapped to a reference genome and the number of reads aligned 

to each gene, called ‘counts’, gives a digital measure of gene expression levels in the sample under 

investigation. (Finotello and Di Camillo, 2015). RNA-Seq measures the transcript abundance, thus 

revealing the expression levels of the mutant genes (Chepelev et al.,2009 and Atak et al., 2013). RNA-

Seq in cancer study thus helps in identifying biomarkers for cancer risks, stages and progression with 

crucial insights into cancer diagnosis, prognosis and potential for personalized therapies. 

 

 

Figure 3. Basic pipeline involved in RNA sequencing. 

 

RNA-sequencing and real-time or quantitative polymerase chain reaction (RT-qPCR) produce relative 

gene expression measures. Comparing gene expression differences between samples is the most 

relevant approach to benchmark RNA-seq quantification workflows, hence RT-qPCR is considered the 

gold standard for validation of results from transcriptomic profiling studies such as microarray and 

RNA sequencing (Tan and Tan, 2017). It is a highly sensitive, straightforward and time-dependent 

method to determine the primary RNA or DNA copies, based on the signal detection limitations in 

the exponential phase (Arya et al.,2005). In this method the expression levels of target genes are 

compared with those of a stable endogenous control gene. Therefore, the gene expression levels 

require normalization using reference genes. 



Aim 
Based on the study done in relation to p110α hot spot mutations, from a perspective of a tumor cell, 

the metabolic reprogramming of the E545K and H1047R mutations of p110α would be largely 

beneficial to maintain the ability to grow and divide as the tumor cell needs a high lipid synthesis rate 

to form new cell membranes during rapid mitosis. Furthermore, since tumor cells consume massive 

amounts of glucose compared to non-tumor cells to maintain an elevated metabolism, the E545K 

and H1047R mutations could ensure availability of glucose by expanding glucose depots in the form 

of glycogen. Most of the obvious and logical pathways that explain the lipid accumulation in the 

mutant-expressing mice i.e. lipid synthesis, lipid breakdown and lipid secretion from the liver were 

previously tested and found unaltered between mice expressing the wildtype p110α and mice 

expressing the mutant p110α. 

The aim of this study is to further investigate the mechanism for lipid accumulation in the mutant-

expressing phenotype by specifically examining mediators of bile acid synthesis and short chain fatty 

acid uptake in the liver, or by any other pathway, which may appear during RNA seq analysis. 

Materials and Methods 

Animals 
L-p110α knockout (KO) was created by crossing p110α lox-lox mice with mice hemizygous for 

albumin-Cre recombinase transgene (Taniguchi et al.,2006a) detailed description of its creation has 

been stated previously (Sopasakis et al.,2010). Ten- to 14- week- old mice were used for this study. 

Mice were housed with a 12-h light cycle and fed a standard rodent chow and water ad libitum. 

Plasmids expressing wild-type p110α or the E545K or H1047R mutant were purchased from the 

Addgene repository (Cambridge, MA) (Zhao et al.,2005), described in detail previously (Chaudhari et 

al.,2015). Mutant expressing mice were created by Viral Gene Transfer method, in which viruses 

were injected into mice containing either WT, PIK3CA gene, E545K mutated gene or H1047R mutated 

gene. These genes were under control of albumin promoter, which is expressed only in the liver and 

not the other tissues. 

RNA extraction  
Total RNA was extracted by homogenization of tissue in RLT buffer followed by extraction using 

RNeasy kit (QIAGEN; Valencia, CA). cDNA was prepared using the High-capacity cDNA Archive Kit 

(Applied Biosystems; Foster City, CA) with random hexamer primers. The cDNA used was the same 

which was obtained from the livers of the mice that were used in the study of role of hepatic E545K-

p110α and H1047R p110α in reprogramming cellular metabolism (Chaudhari et al., 2015). cDNA-

concentration and purity were measured using a Qubit 2.0 and Nanodrop respectively (Thermo 

Fisher Scientific, USA), and cDNA-extracts were stored at -20°C. 

 

 

 

 



Table 1. The different samples belonging to the five experimental groups that was analyzed with RNA 

seq. 

Group Description Samples 

L-p110α KO mice that lack the p110α gene in the liver M234, M343 

L- p110α KO + WT L-p110α KO mice that has been given back the wildtype p110α 

gene  

 

M707, M509 

L- p110α KO + E545K L- p110α KO mice that express on the mutant form E545K of 

p110α in the liver 

 

M515, M516 

L- p110α KO + H1047R L- p110α KO mice that express on the mutant form H1047R of 

p110α in the liver 

 

M518, M233  

 

Library preparation, Next Generation Sequencing and Quality Control 
Library preparation of the samples (Table 1) along with paired-end, strand specific sequencing was 

carried out at SciLifeLab, Stockholm. Sequencing libraries were prepared following TruSeq® stranded 

mRNA protocol (Illumina). Clustering was done by 'cBot' and libraries were sequenced on 

NovaSeq6000 (Illumina) with a 2x51 setup using 'NovaSeqXp' workflow in 'S1' mode flowcell. 

Fragment analysis was formed using a Bioanalyzer (Agilent technologies, USA) on the PCR libraries to 

obtain abundances and average length of fragments for each sample. The Bcl to FastQ conversion 

was performed using bcl2fastq_v2.19.1.403 from the CASAVA software suite. Fastq-files in zip format 

(.gz) containing information about the sequencing and the quality scores was used for the analysis. 

The quality scale used was Sanger / phred33 / Illumina 1.8+. 

Quality Control and Trimming 

Assessment of the quality of the fastq files to ensure that the raw data looked good and free from 

biases, quality control was performed using the FASTQC software (v0.11.7) on a windows computer. 

FASTQC (Andrews,2014) is a Java based tool that is used to assess the quality of the reads produced 

by Next Generation DNA Sequencers. The quality of the pair end fastq files for each sample was 

assessed by determining per base sequence quality, per sequence quality scores, per base sequence 

content, per sequence GC content, overrepresented sequences and adapter content modules. Low-

quality reads i.e., reads with low Phred score or reads with any adapter content present were 

trimmed from the FASTQ files to improve the quality of the reads. Trimming was performed using 

Trimmomatic (version 0.36) (Bolger et al., 2014) on a windows computer, which is a Java based open 

source tool used for trimming illumina FASTQ data and removing adapters. 

Alignment 

The reads in FASTQ files were aligned to the reference genome using HISAT2, which is a fast-sensitive 

alignment program in Galaxy, an Open source, web-based platform developed at Penn State and 



Johns Hopkins University(https://usegalaxy.org). The trimmed fastq files were uploaded in galaxy. 

FASTQ Groomer tool was used to convert the uploaded files to correct format (all files were selected 

to run at the same time). HISAT2 analysis was performed on the groomed files by selecting “Paired 

end” and “Mouse (Mus Musculus):mm10” as the reference genome with the default settings. Again 

“multiple dataset” option along with all files was selected in order to run all files at the same time. 

Once the analysis was done, all the BAM files along with their respective index files (.bai files) were 

downloaded and saved for further analysis. 

Count aligned reads to genes 

To retrieve the information about gene locations, i.e. how many reads have been mapped to a 

certain gene, the function “featureCounts” (Liao et.al.,2014), available in R package called 

“Rsubread” (Liao et.al.,2013), was used to create a count file counting the counts of the reads 

mapping to genes of the mouse genome. This was done on a Linux computer. The BAM files along 

with inbuilt “mm10” Gene Transfer Format (GTF) annotation file was used as input to obtain counts 

file. 

Differentially Expressed Genes using DESeq2 

Exploratory Analysis and Visualization 

To visually explore the sample relationships, the count data has to be transformed and to test the 

data statistically, original raw counts are needed for calculating the precision of measurements. 

Therefore, to visualize sample relationships, the counts were transformed. To study the sample-to-

sample distances, i.e. how similar the samples are in their gene expression profile a principal 

component analysis (PCA) plot was plotted in R, using the function plotPCA that comes with DESeq2. 

Secondly, a correlation graph with the mean counts of the samples was also plotted against each 

other to study the correlation between different groups. 

Pre-filtering the dataset and Running the differential expression pipeline 

First the genes with zero or less than 10 counts for all samples were filtered out from the count file 

to obtain a filtered count matrix (fcts), and then the genes that were differentially expressed among 

the different experimental groups, were identified using DESeq2 (Love et.al.,2014), a Bioconductor 

package for R. DESeq2 tests for differential expression by use of the negative binomial distribution. It 

is a method for differential analysis of count data, using shrinkage estimation for dispersions and fold 

changes to improve stability and interpretability of estimates (Anders and Huber, 2010). The padj 

being the adjusted p-values, adjusted by the Benjamini-Hochberg procedure, which controls for false 

discovery rate (FDR) (Benjamini and Hochberg, 1995). The DESeq2 package uses statistical techniques 

to moderate log2 fold changes from genes with very low counts and highly variable counts, which 

was verified by plotting a MA-plot. Differentially expressed genes (DEGs) with an adjusted p-value 

less than 0.05, log2FoldChange (log2FC) greater than 2 were considered upregulated while those 

genes with log2FC less than -2 were considered downregulated genes. The quality plots of count 

matrix were obtained by plotting the total amount of counts in each sample of raw data and 

normalized data. 

Functional annotation of differentially expressed genes 

Before doing the enrichment analysis, since the result from the DESeq2 analysis with DEGs had the 

gene identifiers given by their Entrez id, for better understanding the genes, Bioconductor’s 

annotation package called AnnotationDbi (Pagès et al., 2018) was loaded in R along with 

org.Mm.eg.db which is the organism annotation package (“org”) for Mus Musculus(“Mm”),organized 



as an AnnotationDbi database package (“db”),using Entrez Gene IDs (“eg”) as primary key to help 

with mapping various ID schemes to each other.  

Functional relations between differentially expressed genes was done using clusterProfiler, R 

package was used for the classification of biological terms and enrichment analysis of gene clusters 

(Yu et al.,2012). The list of DEGs were annotated with each possible GO term from gene ontology 

(GO) database. The terms with gene ratio, gene counts, and adjusted p value were used to evaluate 

the enriched genes and pathways. 

RT-qPCR 
The gene expression of mediators of bile acid synthesis and short chain fatty acid transporters 

(Slc10a1, Slcob2, Gpr41, Gpr43) as well as important regulators of these (FXR and LXR) and couple of 

effectors (Fgfr4 and TLR4) was investigated by performing RT-qPCR. β2m (beta-2 microglobulin) and 

Hmbs (hydroxymethylbilane synthase) were used as reference genes to normalize the samples (Gong 

et al.,2016). cDNA (1:20 dilution) from five samples each belonging to the following groups described 

below (i.e. 25 samples for each gene) were investigated using TaqMan protocol (Applied Biosystems) 

by PikoReal PCR System. TaqMan probes (1:40 dilution in MilliQ-water) used for the same are listed 

in Table 2 along with the genes. 

• p110α flox: normal mice that express normal levels of wildtype p110α in the liver =Control 

sample 1 (M353; M231; M520; M527; M341). 

• L-p110α KO: mice that lack the p110α gene in the liver =Control sample 2 (M514; M528; 

M234; M343; M352). 

• L-p110α KO +WT: L- p110α KO mice that have been given back the wildtype p110α gene 

=Control Sample 3 (M357; M438; M354; M707; M509). 

• L-p110α KO + E545K: L- p110α KO mice that express on the mutant form E545K of p110α in 

the liver (M504; M515; M516; M359; M619). 

• L-p110α KO + H1047R: L- p110α KO mice that express on the mutant form H1047R of p110α 

in the liver (M518; M710; M233; M447; M448). 

Table 2. List of genes and associated TaqMan probes used for RT-qPCR. 

Gene Name Gene 

Symbol 

Applied 

Biosystems Assay 

Cholesterol 7 alpha-hydroxylase CYP7A1 Mm00484150_m1 

 

Sterol 12-alpha-hydroxylase CYP8B1 Mm00501637_m1 

 

Sterol 27-hydroxylase CYP27A1 Mm00470430_m1 

 



Cytochrome P450 3A4 CYP3A11 Mm00731567_m1 

 

Liver X receptor alpha Nr1h3 Mm00443451_m1 

 

Liver X receptor beta Nr1h2 Mm00437265_g1 

 

Farnesoid X receptor NR1H4 Mm00436425_m1 

 

Sodium/bile acid cotransporter 

 

Slc10a1 Mm00441421_m1 

 

Solute carrier organic transporter family, 

member 1b2 

Slco1b2 Mm00451510_m1 

Fibroblast growth factor receptor 4 Fgfr4 Mm01341852_m1 

 

G-protein coupled receptor 41 Ffar3 Mm02621638_s1 

 

G-protein coupled receptor 43 Ffar2 Mm02620654_s1 

 

Fibroblast growth factor 15 Fgf15 Mm00433278_m1 

 

Fibroblast growth factor 21 Fgf21 Mm00840165_g1 

 

Toll-like receptor 4  Tlr4 Mm00445273_m1 

 

Vitamin D receptor Vdr Mm00437297_m1 

 

 

For qPCR analysis, according to TaqMan gene expression protocol, two 96 well qPCR plates, one with 

β2m (Mm00437762_m1) reference gene and other with Hmbs (Mm01143545_m1) reference gene 

was prepared with triplicates of each sample and final volume of 2µl in each well. Similarly, five qPCR 



plates with first eight gene probes and another five qPCR plates with remaining eight gene probes 

was prepared in duplicates with one sample from each group on every plate to reduce any 

discrepancies that can occur during the analysis with 2µl being the final volume of each well. qPCR 

cycling condition for each plate consisted of initial denaturation step of 50°C for 2 minutes followed 

by 40 cycles of 95°C for 10 minutes and annealing/extension step of 1 minute at 60°C. Changes in 

fold amplification were analyzed by the comparative ΔΔCt method. Cycle threshold (Ct) values were 

recorded and corresponding relative fold changes in gene expression were calculated using the 

comparative 2−ΔΔCt method and normalized to the corresponding reference gene values. Statistically 

Kruskal-wallis test was performed on the mean fold changes of each gene across different groups. 

Samples were considered statistically significant when p-value was lower than 0.05. 

Ethical Approval 
All protocols for animal use and euthanasia were approved by Gothenburg Ethical Committee on 

Animal Experiments, in accordance with Swedish guidelines. The reference number of the ethical 

application is 218-2012. 

Results 
Prior to RT-qPCR and library preparation for the sequencing, the sample concentration and purity 

were measured using a Qubit 2.0 and Nanodrop respectively is given in Table 3. The purity of RNA 

samples seems fairly in accordance to generally accepted ratio of 2.0 for RNA samples (Thermofisher 

Scientific – Nanodrop). 

Table 3. The concentration and purity of the cDNA prior to RNA sequencing 

Sample Concentration (ng/µl) A260/A280 

M234 73 2 

M343 76 2.11 

M707 91 2.11 

M509 40 1.97 

M515 61 2.19 

M516 80 2.09 

M518 128 2.02 

M233 75 2.09 

 

RNA-Seq 
Qualitative assessment of the samples produced by FastQC gave information about different 

attributes for assessing the quality including Phred scores, GC content, adapter content, and 

sequence over-representation information of selected samples. The raw fastq files of both the 

samples from of L-p110α knockout (KO) group and E545K mutated group along with one sample 

from H1047R group exhibited similar warnings with respect to “Overrepresented sequences”, “Per 



base sequence content”, “Per Sequence GC content” and “Sequence duplication” level as seen in 

Figure 4a in Appendix A, which was similar in the forward and reverse files of both the samples. Basic 

statistics of these samples showed approximately 16684500 reads per file with sequence length of 51 

and 47% GC- content in the sequences. The quality of all reads across all positions is uniformly high 

with mean around 36. The variations in the proportion of bases which was seen in the first 12 bases 

appears to be normal, especially for RNA-seq protocols where generation of cDNA induces biases in 

the nucleotide composition at the beginning of the reads. The distribution of mean GC content of the 

reads agrees to the theoretical distribution and these sequences showed between 0.25-0.30% of 

overrepresented sequences. 

The raw fastq files of samples from L-p110α KO and the second sample from H1047R mutated group 

showed multiple warnings with respect to “Per base sequence quality”, “Per tile sequence quality”, 

“Per base sequence content”, “Per sequence GC content”, “Overrepresented sequence” and 

“Sequence duplication” level in both forward and reverse files as seen in Figure 4b in Appendix A. 

Basic Statistics of these sample group showed approximately 123500 reads per file which seemed 

very low, average sequence length of 51 and GC-content of 49%. There was huge variation in 

proportion of bases and the quality of reads across all positions was also poor. Per sequence GC 

content also showed sharp peaks and the file had around 67% of overrepresentation of sequences.  

Trimming of overrepresented sequences with respect to KO, WT, E545K mutated and H1047R 

mutated samples was done using Trimmomatic. Following trimming, there remained warnings for 

“Per sequence GC content”, “Sequence length distribution” and a fail warning was seen for “Per base 

sequence content”, “Sequence Duplication level” which can be observed in Figure 5a and 5b of 

Appendix A. Furthermore, it was observed that after trimming the ‘Overrepresented sequences” 

warning was corrected and “Per base sequence quality” remained uniformly high with respect to the 

KO and E545K samples as seen in Figure 5a whereas the warning for “Overrepresented sequences” 

still remained and the “Per base sequence quality” decreased towards the end of sequencing in WT 

and H1047R samples (Figure 5b). Poor sequencing of WT and H1047R sample group resulted in 

replacing the WT sample group from a previous study which fulfilled the experimental criteria. The 

data of wildtype sample group was downloaded from SRA database (GEO accession: GSM2533148). 

The 3 samples from the wildtype group was downloaded using fastq-dump v2.5x tool from SRA 

toolkit and FastQC analysis was done. The “Basic statistics” of FastQC of this WT sample is seen in 

Figure 7a. This group of samples showed similar result with respect to showing warnings for “Per 

sequence GC content”, “Overrepresented sequences” and fail warning for “Per base sequence 

content” and “Sequence duplication levels”. The H1047R sample was discarded from further analysis. 

Comparison of pass and fail samples with respect to “Per sequence GC content” and “Per base 

sequence content” is shown in Figure 6 in Appendix A. 

The fasta files were converted to BAM files by running HISAT2 analysis in galaxy. For each sample a 

BAM file along with its associated index file(.bai) was downloaded. These BAM files were used as 

input for the function “featureCounts” of Rsubread package in R studio to generate a count file 

containing information of gene counts for all the samples. The code for obtaining a count file is 

shown in Figure 8 of Appendix A. 

Next, to assess overall similarity between samples visually, principal component analysis was done on 

the regularized-logarithm transformation (r-log) transformed counts in R and plots for sample group 



was obtained. In this method, the data points (i.e. the samples) are projected onto the 2D plane such 

that they spread out in the two directions that capture the most of the variance across samples 

(Figure 9). The PCA plot reveals the different sample groups are well separated while the replicates of 

the samples from each group are clustered together. The correlation between the samples was 

obtained by plotting the mean counts of each group with another (Figure 10) which suggested a 

correlation between the groups and Pearson correlation coefficient which is a statistical measure to 

calculate the strength and direction of a linear relationship between two variables was obtained 

which also suggested a positive correlation between the sample groups. Table 4 shows the 

correlation coefficient along with the 95 % CI and the p-valve, from which it can be concluded that 

the different sample groups are positively correlated to each other. 

 

Table 4. Pearson correlation coefficient between the samples. 

Sample Correlation coefficient (r) 95 percent confidence 

interval 

p-value 

Knockout v/s Mutated 0.974 0.973- 0.975 < 2.2e-16 

Wildtype v/s Knockout 0.896 0.892- 0.899 < 2.2e-16 

Wildtype v/s Mutated 0.909 0.907- 0.913 < 2.2e-16 

    

 

Differentially expressed genes (DEGs) between WT and KO samples, WT and E545K mutated samples 

and between KO and E545K mutated samples were identified using DeSeq2 in R. DEGs were defined 

as the genes with FDR-adjusted p-values < 0.05. The DEGs were further classified based on log2FC 

value, greater than 2 as upregulated and downregulated genes with log2FC value less than -2. A total 

of 7382 DEGs were identified in KO samples when compared with WT samples with 638 genes 

upregulated and 987 genes downregulated. When E545K mutated samples were compared with the 

WT samples, a total of 8747 genes were identified as DEGs, with 1094 genes upregulated and 1083 

genes downregulated. 953 DEGs were identified when E545K mutated samples were compared with 

KO samples, out of which 263 genes were upregulated and 65 genes downregulated. A Venn Diagram 

(Figure 11 of Appendix B) was constructed in R which showed 382 DEGs were common among the 

three experimental groups.  

Gene Ontology (GO) Analysis was performed to identify key upregulated and downregulated 

pathways among the DEGs using clusterProfiler package in R. The upregulated pathway in KO 

samples when compared with WT samples mainly focused on the processes involved with the 

immune system whereas the upregulated pathway in E545K mutated samples when compared with 

WT as well as KO samples involved cell cycle related processes. The downregulated pathways in 

E545K mutated samples when compared with KO samples was associated with metabolic processes 

and in KO samples when compared with WT was related with growth and development of organs 

and organs system.  



RT-qPCR  
The Ct values from the real time PCR instrumentation was imported to a Microsoft Excel spreadsheet. 

The change in expression of each gene as mentioned was standardized to both the reference genes. 

The Ct values of Fgf15, Ffar3, Ffar2 genes were not detected in all the samples. The mean fold 

change in gene expression was calculated by 2−ΔΔCt for  each gene in p110α flox group (Table 5a of 

Appendix A), L-p110α KO  group (Table 5b of Appendix A), L-p110α KO+WT group (Table 5c of 

Appendix A), L-p110α KO+ E545K group (Table 5d of Appendix A), L-p110α KO+H1047R group (Table 

5e of Appendix A). Mean fold change in gene expression was almost similar (between 1.01-1.33) with 

respect to genes in the control group i.e. p110α flox group, whereas in the Knockout group i.e. L-

p110α KO group, NR1H4 gene showed the fold change of 0.50 while Fgf21 gene showed fold change 

of 1.53. In both the mutated groups, Fgf21 showed mean fold change of 2.53 (E545K mutated) and 

2.29 (H1047R mutated group). CYP8B1 had mean fold change of 0.22 in H1047R mutated group. To 

test the significance, Kruskal- wallis statistical analysis on gene expression values of the genes in 

various sample groups was performed in R. Table 5f of Appendix A shows the p-values of Kruskal-

wallis statistical analysis of each gene across the different groups. The table indicates that p values 

obtained for all the genes were all greater than 0.05, hence the genes were considered insignificant. 



 

Discussion and Conclusion 
In this study, the processes/pathway responsible for lipid accumulation in mutant-expressing mice 

were investigated via NGS technologies. The different methods and tools used are easily accessible 

and are the ones that were learned during the course of master’s programme. The fact that the NGS 

procedure begins with a relatively small amount of starting material, thereby pushing the limits of 

the laboratory procedures required, dictates that careful approaches for sample quality control (QC) 

are essential to reduce the impact of technical noise and sample bias in downstream analysis 

applications (Aevermann et al.,2016). Quality analysis performed on the raw fasta files revealed poor 

quality of sequences of both the samples from WT group and one sample from H1047R mutated 

group because they showed much smaller number of total sequences, with very high percentage of 

GC content, “Per base sequence quality” was poor across the bases, “Per sequence GC content” 

showed two peaks and “Overrepresented sequences” in high number (Figure 5b and Figure 6 of 

Appendix A) and therefore these samples were not considered in further analysis. 

Further, the reads from the sequencing were aligned to single reference mouse genome GRCm38 

(mm10) using HISAT 2, which provides greater alignment accuracy for reads with low memory 

requirements in Galaxy. This saved considerable memory space and was done quickly. It uses an 

indexing scheme based on the Burrows-Wheeler transform and the Ferragina-Manzini (FM) index, 

employing two types of indexes for alignment: a whole-genome FM index to anchor each alignment 

and numerous local FM indexes for very rapid extensions of these alignments (Kim et al.,2015). To 

quantify the reads, i.e. count the reads by gene Rsubread package was used as it satisfied the need of 

the experiment by being faster, using less memory space and providing read counts that accurately 

correlated with the true values. It was also easier to use this package in R, which created a count 

matrix directly as an R object easier for further downstream analysis. 

DESeq2 analysis was used to perform differential gene expression as it had number of advantages 

over the other methods such as more quantitative analysis of RNA-seq data using shrinkage 

estimators for dispersion and fold change, their estimates of standard error, including improved gene 

ranking and visualization, hypothesis tests above and below a threshold, and the regularized 

logarithm transformation for quality assessment and clustering of over dispersed count data. The 

statistical power of DESeq2 when compared with existing tools, had high sensitivity and precision, 

while controlling the false positive rate (Love et al., 2014). DESeq2 analysis on the count data RNA 

provided useful insights about the gene expression levels of different genes in the various sample 

group under study.  

The samples were visually explored by PCA (Figure 9 in Appendix A). It is seen that PC1 is associated 

with the separation between the sample groups i.e. WT, KO and mutated E545K groups and the 

genes that contribute the most to this direction are the ones in which the samples show strong 

differences in their transformed counts. The y-axis is the direction that separates the data the second 

most. The coordinates of the samples in this direction are written PC2. The amount of the total 

variance (i.e. 76% PC1 and 16% PC2) which is contained in the direction is printed in the axis label 

seems to be fairly good with the experimental groups. 



DEGs in Knockout group when compared with the Wildtype 

Upregulated DEGs 
7382 DEGs with padj < 0.05 were identified, of which 638 DEGs were upregulated and 987 DEGs were 

downregulated. Upregulated DEGs are listed in Table 6 of Appendix B. The normalized (counts that 

are normalized by size factor) counts of four of the many genes from the DESeqDataSet on a log scale 

involved in the upregulated processes in the KO group plotted in R using “plotCounts” function, is 

shown in Figure 12a. A plotCounts function normalizes counts by sequencing depth and adds a 

pseudo count of 0.5 to allow for log scale plotting. CCL5, CCl7, CCR3 and CCL27a genes are involved in 

the upregulated biological processes which is directly or indirectly related to immune system 

response. The top five enriched GO upregulated biological processes (Figure 14a of Appendix B) were 

leukocyte migration (GO:0050900), leukocyte chemotaxis (GO:0030595), T-cell activation 

(GO:0042110), cell chemotaxis (GO:0060326), and myeloid leukocyte migration (GO:0097529).  

  

Figure 12a. The normalized counts of Ccl5, Ccl7, Ccr3 and Ccl27a in Knockout and Wildtype samples. It is clearly 

seen that the counts are much higher in the Knockout group in all the four genes in comparison to the 

Wildtype. 

The protein encoded by CCR3 (Chemokine (C-C Motif) Receptor 3) gene is a receptor for C-C type 

chemokines. It belongs to family 1 of the G protein-coupled receptors which binds and responds to a 

variety of chemokines, including CCL7 (C-C Motif Chemokine Ligand 7), CCL5 (C-C Motif Chemokine 

Ligand 5). CCL27a (C-C Motif Chemokine Ligand 27) is a protein coding gene which specifically binds 

to chemokine receptor 10. Chemokines have roles in a wide variety of inflammatory and immune 

responses through the chemoattraction of innate and adaptive immune cells (Blanchet et al.,2012). 

Studies have shown that chemokines play an important role in cell migration, development, immune 

surveillance, inflammation as well as in many pathological conditions (Raman et al.,2010). They are 



involved in tumor growth, senescence, angiogenesis, epithelial mesenchymal transition, metastasis 

and immune evasion. The expression of chemokines and their receptors is altered in many 

malignancies and subsequently leads to aberrant chemokine receptor signaling. This alteration 

occurs due to inactivation of the tumor suppressor genes or constitutive activation of the oncogenes 

that play a role in the regulation of the chemokine (Sarvaiya et al.,2013). The class IB p110γ/p101 

PI3Kγ is activated by Gβγ on stimulation of G protein–coupled receptors thereby controlling 

important cellular functions such as proliferation, survival, or chemotaxis (Brock et al.,2013). When 

p110α gene was knocked out in mice liver cells, it showed similar increase in expression of 

chemokines and cytokines due to which immune response processes were considerably increased 

compared to wildtype mice. Studies have shown that PI3-kinase p110α catalytic subunits are 

expressed by CD4+ T lymphocytes, or T cell lines at levels comparable to those of p110δ subunits 

(Acosta et al.,2011). In another study done on mice it was seen that loss of p110α catalytic subunit 

resulted in enhanced cytokine production and antitumor response (Aragoneses et al.,2018). 

One plausible explanation as to why immune response processes is upregulated in the KO group 

compared to the WT group can be related to the viral gene transfer method that was used to create 

the KO and WT groups in the first place. All mice (including the KO control group) were injected with 

viruses containing either of the genes (mutated or wildtype) or a control virus (no gene). Injecting the 

groups with a virus is likely to cause some degree of immune reaction in all groups. However, since 

the WT group that was initially created for this study was not possible to use in our analysis, we used 

data from another database of WT mice. The mice in this data material had not been injected with 

virus. It is therefore likely that the difference in immune response can be explained by one group 

having received viral gene transfer and one group that did not. The only way to be sure whether this 

is a true difference between the groups or not is to do RT-qPCR for the genes involved in these 

pathways with the original samples.  

Downregulated DEGs 

 

 

Figure 12b. The normalized gene counts of Adamts12, Shh, Etv4 and Bmp7 in Knockout and Wildtype samples. 

It is clearly seen that the counts are much higher in the Wildtype group in all the four genes in comparison to 

the Knockout group. 



The top five enriched GO downregulated biological processes (Figure 14b in Appendix B) were 

regulation of morphogenesis of an epithelium (GO:1905330), branching involved in salivary gland 

morphogenesis (GO:0060445), salivary gland morphogenesis (GO:0007435), mechanoreceptor 

differentiation (GO:0042490) and urogenital system development (GO:0001655). Downregulated 

DEGs in KO group are listed in Table 7 of Appendix B. The normalized counts of four genes on log 

scale plotted in R using “plotCounts” function are shown in Figure 12b, which clearly shows that the 

counts are higher in the WT than the KO group. These genes are linked to organs and organ system 

development GO biological processes, which showed considerable downregulation in knockout mice. 

Out of the many DEGs involved in downregulated processes, Adamts12 (a disintegrin and 

metalloprotease with thrombospondin domains) has a putative role in inflammation. Adamts12-

deficient mice exhibited severe inflammation and a delayed recovery from these challenges 

compared with their wild-type littermates (Moncada-Pazos et al.,2012). This could also be one of the 

logical explanations to the fact that KO group showed upregulation of inflammatory markers 

including chemokines and cytokines. Mouse strain lacking Adamts12, also exhibits significant 

differences in cancer susceptibility compared with control mice, indicating Adamts12-deficient mice 

are more susceptible to cancer development, displaying increased angiogenesis and tumor invasion 

thus protecting the host against tumor angiogenesis, growth and invasion (El Hour et al.,2010). 

DEGs in E545K group when compared with the Wildtype and Knockout 

group 

Upregulated DEGs 
8747 DEGs with padj < 0.05 were identified which is considerably a huge number, of which 1083 

genes were downregulated and 1094 genes upregulated when E545K mutated group was compared 

with the wildtype.  

When E545K mutated group was compared with the knockout group, 953 DEGs with padj < 0.05 

were identified of which 263 genes were upregulated and 65 genes were downregulated.  

According to the GO enrichment analysis, the upregulated biological process in the E545K mutated 

group in comparison with the WT (Figure 15a in Appendix B) was related to chromosome segregation 

(GO:0007059), sister chromatid segregation (GO:0000819), nuclear chromosome segregation 

(GO:0098813), nuclear division (GO:0000280), organelle fission (GO:0048285), while the upregulated 

biological process in E545K mutated group in comparison to the KO group (Figure 16a in Appendix B) 

was related to DNA replication (GO:0006260), chromosome segregation (GO:0007059), cell cycle 

phase transition (GO:0044770), positive regulation of cell cycle phase transition (GO:1901989), 

positive regulation of cell cycle process (GO:0090068). The normalized counts of two upregulated 

genes (Cdc20 and Cenph) on log scale plotted in R using “plotCounts” function are shown in Figure 

13a, shows higher counts inE545K mutated group when compared with KO and WT.  In both the 

cases, the biological processes related to cell cycle phase were upregulated in E545K mutated group. 

The upregulated DEGs were nearly same in the E545K mutated group when compared with wildtype 

and knockout group (Table 8 and Table 10 of Appendix B). Thus, it can be inferred that mutated 

samples, i.e. mice which express on the mutant form E545K of p110α in the liver showed increase in 

cell growth and proliferation. 

Cyclin b1 encoded by CCNB1 gene (Sartor et al.,1992) is essential for the control of the cell cycle at 

the G2/M (mitosis) transition. This along with other cyclins play vital roles at various phases of the 



cell cycle by activating specific cyclin-dependent kinases. In normal conditions, expression level of 

CyclinB1 is very low and increases sharply only at the G2-M phase transition. Deregulation of 

CyclinB1 can result in unrestricted cell-cycle progression and malignant transformation (Nimeus-

Malmstrom et al.,2010; Zang et al.,2016). In agreement with the cell proliferation experiments, the 

E545K mutation increased the expression of CyclinB1, which demonstrated that the E545K mutation 

promoted the cell cycle and thus improved cell proliferation, cell migration and invasion (Zhao et 

al.,2016). Thus, indicating a vital role of the upregulated biological processes associated in E545K 

mutated group. 

Studies have also been done to investigate the role of PIK3CA mutation, one of which suggested 

mutant PIK3CA promotes cell proliferation as well as invasion and metastasis by activating Akt 

pathway (Yardena et al.,2005).  We can thus hypothesize that mutation has an effect on signaling 

pathway related to cell growth and proliferation and this alteration to the pathway could be the 

reason for lipid accumulation in the mutant forms. Since the sequencing data from samples which 

expressed mutant form of H1047R of p110α in the liver was poor in quality and not considered in the 

analysis, it would be wrong to generalize the finding. Further investigations need to be carried out to 

see how both the mutation affect the genes involved in this pathway. 

 

 

Figure 13a. The normalized gene counts of Cdc20 and Cenph in E545K mutated group when compared with the 

Knockout as well as Wildtype group. It is clearly seen that the counts are much higher in the E545K mutated 

group in both the genes in comparison to the Knockout and the Wildtype group. 



 

Downregulated DEGs 
The top five enriched GO biological process downregulated in mutated group when compared with 

the WT (Figure 15b in Appendix B) involved mainly, positive regulation of cell migration 

(GO:0030335), positive regulation of cell motility (GO:2000147), gland development (GO:0048732), 

morphogenesis of a branching structure (GO:0001763), organ growth (GO:0035265). Most of the 

processes that are downregulated play a critical role in the formation of many organs and tissues. 

The list of downregulated DEGs is given in Table 9 of Appendix B. The normalized counts of four 

genes on log scale plotted in R using “plotCounts” function are shown in Figure 13b, which clearly 

shows that counts of these genes are higher in the WT than the E545K 

group.

 

Figure 13b. The normalized gene counts of Foxc1, Foxo3, Foxc2 and Foxf1 in E545K mutated group when 

compared with the Wildtype group. It is clearly seen that the counts are much lower in the E545K mutated 

group when compared with the Wildtype group. 

Among the large number of DEGs which were downregulated, FOXO3 seemed to be an interesting 

find. Genes belonging to Forkhead box (FOX) proteins are a large family of transcription factors with 

important functions in multiple biological processes, such as cell cycle control, cell differentiation, 

proliferation and development (Hannenhalli and Kaestner, 2009; Myatt and Lam, 2007; Zhu, 2014; 

Coffer and Burgering, 2004). A central regulatory mechanism of FOXO proteins is phosphorylation by 

the serine-threonine kinase Akt/protein kinase B (Akt/PKB), downstream of phosphatidylinositol 3-

kinase (PI3K), in response to insulin or several growth factors. Similarly, to our finding, FOXO3a 

protein is significantly downregulated in renal cancer, compared with adjacent normal kidney tissues 

(Dong et al.,2014). In a study done to understand the role of FoxO transcription factors in lipid 

metabolism, it was observed that, hepatic deficiency of FoxOs leads to triglyceride accumulation in 

mouse liver, suggesting FoxO1/3/4 transcription factors play a critical role in lipid metabolism 

because the KO mice exhibited elevated levels of hepatic triglycerides and developed severe hepatic 

steatosis on a high fat diet (Tao et al.,2011). Therefore, genes associated in FOXO signaling pathway 



need to be further analyzed which could account for the lipid accumulation seen in the liver of the 

mutants.  

The top five downregulated biological process in mutated group when compared with the knockout 

group (Figure 16b in Appendix B) mainly involved metabolic processes such as, ATP metabolic 

process (GO:0046034), purine ribonucleoside triphosphate metabolic process (GO:0009205), purine 

ribonucleoside monophosphate metabolic process (GO:0009167), purine nucleoside monophosphate 

metabolic process (GO:0009126), ribonucleoside monophosphate metabolic process (GO:0009161). 

The list of downregulated DEGs is given in Table 11 of Appendix B. The normalized counts of four 

genes (COX2, COX3, ATP6, ATP8) plotted in R using “plotCounts” function on a log scale are shown in 

Figure 13c, which clearly shows that counts of these genes are higher in the KO than the E545K 

group. 

 

 

Figure 13c. The normalized gene counts of Cox2, Cox3, Atp6 and Atp8 in E545K mutated group which are much 

lower when compared with the Knockout group.  

ATP6, ATP8, COX2, COX3, ND3 and ND4L among the various genes downregulated in the mutated 

group are major source of ATP which they form by process of oxidative phosphorylation (OXPHOS) in 

mitochondria. Studies done on mutant form of PI3K to study multiple metabolic alterations that 

exists, also reveals the reduced expression of genes associated with oxidative phosphorylation in 

mutants (Foster et al., 2012). Our findings that metabolic processes are downregulated in E545K 

mutation, is rather contradictory to our knowledge about E545K and H1047R mutations which is the 

other way. Hence more tests, for e.g. at protein level need to be done to exactly detect effect of the 

mutation on these processes before drawing a conclusion. 

RT-qPCR analysis on the genes involved in bile acid synthesis pathway did not show any significant 

change in their gene expression (Table 5f of Appendix A), suggesting that bile acid synthesis pathway 

is not involved in phenomenon of lipid accumulation in mutant mice livers. To conclude, even though 



some sequencing samples were of poor quality and could not be used in the analysis, high 

throughput RNA-seq analysis resulted in large number of DEGs which could be linked to many GO 

analyses biological processes to identify different key processes involved in the wildtype, knockout 

and mutated group when compared with each other. Confirmatory RT-qPCR with selected DEGs and 

original samples need to be done to verify these findings. 



 

Ethical aspects and impact of the research on the society 
 

The study was performed as extension of experiments done by researchers to study role of hepatic 

p110α in metabolic homeostasis as well as to study expression of hepatic E545K-p110α and H1047R-

p110α in reprogrammed cellular metabolism. Experiments were performed on ten- to 14-week old 

male mice in all the three studies. In order to safeguard a high bioethical standard within animal 

experimental research across Europe, the European Parliament in 2010 adopted Directive 

2010/63/EU on the protection of animals used for scientific purposes, which was followed 

throughout. All protocols for animal use and euthanasia were approved by Gothenburg Ethical 

Committee on Animal Experiments, in accordance with Swedish guidelines (218-2012). 

The Three Rs, i.e. Refinement, Reduction and Replacement, devised by W. Russell and R. Burch in 

1959, was the basic guideline in creating the animal models. Mouse being the obvious choice for 

such experiments because of the striking genomic homology between human and mouse (Waterston 

et al., 2002) was used as animal model in all three experiments. In this study particular, the cDNA 

preserved from the previous two experiments was used. Animal distress and suffering was 

considered while performing different procedures for creating mice with desired experimental 

requirements and procedures like euthanasia was in accordance with NIH guidelines. The study was 

done in order to understand the pathways or processes that could explain the lipid accumulation in 

the liver of mutant-expressing mice. Thus, by defining the pathway and genes involved in this 

mechanism would be revolutionary as it would help in better understanding of disorders associated 

with metabolic dysfunction leading to development of new targets of therapy and prevention. 

 

 

 

 

 

 

 

 

 



Future Perspectives  
 

For this study, a top-down approach which encompasses metabolic network reconstructions using 

‘omics’ data (e.g., transcriptomics, proteomics) generated through RNA-Seq high-throughput 

genomic technique using appropriate statistical and bioinformatics methodologies (Shahzad and 

Loor, 2012) was used to study the upregulated and downregulated genes with associated metabolic 

pathways and processes which could provide a possible explanation to lipid accumulation in the liver 

of the mutants.  The workflow designed for the RNA-seq was simple, reproducible and can be applied 

for any gene expression analysis using RNA seq.  

The exploratory workflow resulted in large number of differentially expressed genes associated with 

variety of processes, which need to be investigated further with confirmatory RT-qPCR or repeat of 

RNA seq with the original samples as sequencing of few of the samples was poor and could not be 

used in the analysis. Furthermore, Protein-Protein Interaction analysis, which could not be carried 

out due to time constraints, can be performed to uncover and understand unique functional 

implications of these interactions in the different sample groups. 
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Appendix A: Results 
 

 

Figure 4a. Basic statistics of fastq forward file of KO sample before trimming (A) and after removal of 

overrepresented sequences (B). The green tick marks represent a “normal” result on the report, a yellow mark 

represents a “slightly abnormal” result, and the red mark represents a “very unusual” result. Even after 

trimming the sequence duplication level still shows a red warning sign which is normal with respect to RNA-

seq. 

 

 

 

 



 

Figure 4b. Basic statistics of raw fastq forward file of WT sample before trimming (A) and after removal of 

overrepresented sequences (B). The green tick marks represent a “normal” result on the report, a yellow mark 

represents a “slightly abnormal” result, and the red mark represents a “very unusual” result. Even after 

trimming there are many red warnings, suggesting bad sequencing of the sample. 

 

 

 

Figure 5a. FastQC report of Per base sequence quality of KO sample forward file A) Quality of raw FastQ files 

and B) Quality of trimmed FastQ files after removal of Overrepresented sequences. The yellow warning of 

overrepresented sequences changes to green after removal and the Per base sequence quality remains fairly 

high after removal of overrepresented sequences. 

 



 

Figure 5b. FastQC report of Per base sequence quality of WT sample forward file A) Quality of raw FastQ files 

and B) Quality of trimmed FastQ files after removal of Overrepresented sequences. The red warning of 

overrepresented sequences still remains red along with warnings for per tile sequence quality, per base 

sequence content, per sequence GC content and sequence duplication level. 

 

 

Figure 6. FastQC results of Per sequence GC content and Per base sequence content used to identify pass (A 

and C) and (B and D) fail samples. 

 



 

Figure 7a: Basic statistics of a forward file of WT sample obtained from SRA database. The green tick marks 

represent a “normal” result on the report, a yellow mark represents a “slightly abnormal” result, and the red 

mark represents a “very unusual” result. Even after trimming the sequence duplication level still shows a red 

warning sign which is normal with respect to RNA-seq. This is very normal for an RNA-seq data. 

 

 

 

Figure 7b. Per base sequence content of forward file of WT sample obtained from SRA database. Large 

variations in the proportion of bases in the first 12 bases in normal, especially for RNA-seq protocols where 

generation of cDNA induces biases in the nucleotide composition at the beginning of the reads. 

 

 

 

 

 



 

Figure 8. R code for obtaining a count file using Rsubread package. 

 

 

 

 Figure 9. PCA plot showing similarity of the sample groups in their gene expressions. All the three experimental 

groups are well separated from each other while maintaining sample similarity.  

 



 

Figure 10. Correlation between the samples was obtained by plotting the mean counts of KO with mean counts 

of WT (A), Mean counts of mutated group with mean counts of WT (B) and finally mean counts of mutated with 

the KO group. 

 

 

 

 

 

 

 

 

 

 



Table 5a. The fold changes of different genes in the Control 1 sample group 

Sample Gene Mean Fold Change in gene 

expression 

 CYP7A1 1.33 

p110α flox (Control 1) CYP8B1 1.32 

 CYP27A1 1.15 

 CYP3A11 1.11 

 Nr1h3 1.01 

 Nr1h2 1.02 

 NR1H4 1.02 

 Slc10a1 1.32 

 Slco1b2 1.35 

 Fgfr4 1.12 

 Fgf21 1.15 

 Tlr4 1.05 

 Vdr 1.06 

 

 

Table 5b. The fold changes of different genes in Control sample 2. 

Sample Gene Mean Fold Change in gene 

expression 

 CYP7A1 0.75 

L-p110α KO (Control 2) CYP8B1 1.03 

 CYP27A1 0.96 

 CYP3A11 1.27 

 Nr1h3 0.84 

 Nr1h2 0.67 

 NR1H4 0.50 

 Slc10a1 0.83 



 Slco1b2 1.04 

 Fgfr4 0.84 

 Fgf21 1.53 

 Tlr4 1.25 

 Vdr 0.62 

 

 

 

 

 

 

Table 5c. The fold changes of different genes in Control sample 3. 

Sample Gene Mean Fold Change in gene 

expression 

 CYP7A1 0.53 

L-p110α KO+WT (Control 3) CYP8B1 0.27 

 CYP27A1 0.48 

 CYP3A11 2.01 

 Nr1h3 0.81 

 Nr1h2 0.45 

 NR1H4 0.37 

 Slc10a1 0.30 

 Slco1b2 0.50 

 Fgfr4 0.53 

 Fgf21 2.08 

 Tlr4 0.91 

 Vdr 1.47 

 

 



Table 5d. The fold changes of different genes in E545K mutated samples. 

Sample Gene Mean Fold Change in gene 

expression 

 CYP7A1 0.64 

L-p110α KO+ E545K 

mutation 

CYP8B1 0.47 

 CYP27A1 0.59 

 CYP3A11 1.89 

 Nr1h3 0.68 

 Nr1h2 0.42 

 NR1H4 0.44 

 Slc10a1 0.47 

 Slco1b2 0.69 

 Fgfr4 0.64 

 Fgf21 2.53 

 Tlr4 0.88 

 Vdr 0.69 

 

 

Table 5e. The fold changes of different genes in H1047R mutated group. 

Sample Gene Mean Fold Change in gene 

expression 

 CYP7A1 0.43 

L-p110α KO+ H1047R 

mutation 

CYP8B1 0.22 

 CYP27A1 0.41 

 CYP3A11 2.23 

 Nr1h3 0.67 

 Nr1h2 0.36 

 NR1H4 0.43 



 Slc10a1 0.24 

 Slco1b2 0.52 

 Fgfr4 0.46 

 Fgf21 2.29 

 Tlr4 1.16 

 Vdr 0.87 

 

 

 

 

Table 5f. The p-values of Kruskal-wallis statistical analysis on the deltaCt values of each gene across 

the different groups. 

GENE P-value 

Tlr4 0.41 

CYP8B1 0.46 

CYP27A1 0.53 

Nr1h2 0.46 

Nr1H4 0.40 

Slc10a1 0.40 

Slco1b2 0.46 

CY3A11 0.42 

CYP7A1 0.42 

Fgf21 0.46 

Fgfr4 0.42 

Nr1h3 0.40 

Vdr 0.47 

 

 

 



Appendix B: Differentially expressed genes 
 

 

 

 

Figure 11. Venn diagram showing DEGs in all the three groups, 7382 DEGs when KO is compared with WT, 8747 

DEGs when mutated is compared with WT and 953 DEGs when mutated is compared with KO. Of which 382 

genes are differentially expressed that are common to all the three groups. 

 

 

Table 6. Upregulated DEGs in KO group when compared with WT. 

Gene id Gene symbol log2FoldChange Adj.p value 

16846 Lep 7.68 0.01 

20292 Ccl11 5.22 0.02  

14347 Fut7 4.73 0.0004 

12771 Ccr3 4.66 1.56E-11 

20301 Ccl27a 4.57 1.27E-07 

20304 Ccl5 4.45 4.83E-12 

14289 Fpr2 4.16 1.70E-13 

20306 Ccl7 4.06 3.51E-07 

20302 Ccl3 3.95 0.004 

20345 Selplg 3.78 9.10E-16 



Table 7. Downregulated DEGs in KO group when compared with WT. 

Gene id Gene symbol log2FoldChange padj 

11835 Ar -5.50 1.97E-05 

239337 Adamts12 -5.30 0.009 

22418 Wnt5a -5.04 6.07E-05 

20423 Shh -4.83 0.04 

18612 Etv4 -4.55 0.05 

12162 Bmp7 -4.19 3.43E-10 

57764 Ntn4 -3.12 2.92E-10 

13982 Esr1 -3.12 3.39E-08 

52906 Ahi1 -3.09 0.0005 

14368 F2d6 -2.94 0.0004 

 

 

 

Figure 14a. Gene Ontology (GO) upregulated biological processes in KO samples when compared with the WT 

samples. 



 

 

Figure 14b. Gene Ontology (GO) downregulated biological processes in KO samples when compared with the 

WT samples. 

Table 8. Upregulated DEGs in E545K group when compared with WT. 

Gene id Gene symbol log2FoldChange Adj.p value 

384619 Ccdc155 7.36 0.001 

268697 Ccnb1 5.57 7.69E-25 

56742 Psrc1 4.99 2.27E-22 

114714 Rad51c 4.78 2.44E-35 

22137 Ttk 4.67 2.41E-11 

107995 Cdc20 4.58 1.28E-31 

68612 Ube2c 4.38 6.98E-47 

67849 Cdca5 4.37 2.30E-25 

70645 Oip5 4.26 2.02E-27 

11799 Birc5 4.24 1.46E-26 



Table 9. Downregulated DEGs in E545K mutated group when compared with WT. 

Gene id Gene symbol log2FoldChange Adj.p value 

13869 Erbb4 -8.24 1.77E-06 

384783 Irs2 -6.66 1.21E-35 

20423 Shh -6.61 0.001 

268857 Nlrc3 -6.07 0.004 

14234 Foxc2 -5.95 0.005 

15379 Onecut1 -5.92 4.47E-31 

15227 Foxf1 -5.66 8.36E-07 

17300 Foxc1 -3.37 0.04 

56484 Foxo3 -3.29 1.98E-15 

19651 Rbl2 -2.23 3.33E-11 

 

 

Figure 15a. Gene Ontology (GO) upregulated biological processes in E545K mutated samples when compared 

with the WT samples. 



 

Figure 15b. Gene Ontology (GO) downregulated biological processes in E545K mutated samples when 

compared with the WT samples. 

Table 10. Upregulated DEGs in E545K mutated group when compared with KO. 

Gene id Gene symbol log2FoldChange Adj.p value 

26886 Cenph 7.45 0.002 

70385 Spdl1 4.88 0.045 

114714 Rad51c 4.29 7.46E-13 

56739 Rec8 3.47 9.47E-10 

56742 Psrc1 3.33 0.01 

71878 Fam83d 3.26 0.007 

70645 Oip5 3.07 0.015 

268697 Ccnb1 2.62 0.0001 

107995 Cdc20 2.39 8.40E-06 

68612 Ube2c 2.31 1.55E-06 



 

 

Table 11. Downregulated DEGs in E545K mutated group when compared with KO. 

Gene id Gene symbol log2FoldChange Adj.p value 

21956 Tnnt2 -8.25 0.03 

50873 Park2 -3.53 6.68E-08 

17720 ND4L -3.23 3.40E-07 

17705 ATP6 -2.81 2.21E-08 

17706 ATP8 -2.70 3.32E-10 

17710 COX3 -2.69 1.05E-07 

17996 Neb -2.68 3.73E-07 

17709 COX2 -2.48 3.26E-06 

110877 Slcl8a1 -2.14 0.0002 

20410 Sorbs3 -2.04 6.47E-12 

 



 

Figure 16a. Gene Ontology (GO) upregulated biological processes in E545K mutated samples when compared 

with the KO samples. 

 



 

Figure 16b. Gene Ontology (GO) downregulated biological processes in E545K mutated samples when 

compared with the KO samples. 

 

 

 

 

 

 

 


