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ABSTRACT
The biochemical mechanism driving cancer metastasis and primary cancer invasion of new
sites are still unclear as the process can be complex. The mutations in somatic cells often include
mutation drivers and some passenger mutations. In this study, we have analyzed RNA-Seq datasets
from primary breast cancer and metastatic lung cancer for differentially expressed gene lists to
gain insight into transcriptomic profiles of the two conditions. The gene lists are analyzed for
pathway and functional enrichment annotations. It is interesting to note that the top enriched
pathways are major ones involving some connected cancer-related signaling processes. The
enriched gene sets from this analysis includes ones connected to cancer proliferation, progression,
and metastatic invasions. The pathways and genes show some overlapping networks and
connections that may be key to finding potential mutation driver genes.
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1
1.1

INTRODUCTION

Transcriptomic Profile Pathway Analysis of RNA Sequence
Transcriptomic profiling is a way of studying gene expression by analyzing the entire set
of RNA transcripts in a cell population at a given time or condition. RNA sequence (RNASeq) analysis has become one major approach for accessing and quantifying changes in
cellular transcripts by identifying genes and pathways that are either upregulated or
downregulated in cells. The cellular transcriptome is a term used to describe a complete set
of RNA transcripts in a cell or cell population [1].
Genes in the genomes of cells are transcribed into mRNA molecules that are either
translated into proteins or functions are tRNA or rRNA. This way, the encoded genetic
information - Adenine (A), Guanine (G), Thymine (T) and Cytosine (C.) - DNA sequences
in genes are copied into corresponding mRNA transcripts (with C replaced with U in
transcripts). The different forms of RNA molecules - mRNA, tRNA, rRNA, etc. – that are
transcribed from genes can be quantified to estimate the expression levels of gene
transcripts in a cell or tissue at a particular condition. This way cells dynamically express
and translate specific parts of the DNA blueprint to respond to need and changes, be it
internal or external [2]. This way, transcriptomic analysis of RNA sequences from RNA
extracts from experimental samples provides a means of tapping into the flow of
information in the central dogma of the molecular biology model [3]. One primary
objective of a transcriptomic analysis of RNA-seq has been found helpful as a guide to
interpret the functional elements of the genome and diseases [1].
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1.2

RNA-Seq Technique Analysis and Applications
RNA-Seq technique is a significant method for gene expression profiles from biological
samples. The approach uses high-throughput sequencing technologies to generate raw
RNA sequences from biological samples to provide insights into the cellular transcriptome.
It enables a means to characterize the RNA contents and profile of biological materials at
the time of collection. However, given the current limitation of RNA-seq tech, the
transcript information is not sequenced in its entirety but rather in a short piece of reads of
base-pair sections [4]. The RNA-Seq data analysis includes data preprocessing, checking
for quality, mapping of reads to the corresponding genes on a reference genome (in cases
where reference genomes are available), differential gene expression computation
(between different samples), and many statistical analyses and other downstream analyses
and interpretations [2, 4]. RNA-seq technologies have aided in understanding the
complexity of transcriptions, gene expression, and regulation of biological processes. It has
aided in differential gene expression of disease conditions, sRNA profiling and alternative
splicing activities, variant detections [5]. For instance, RNA-seq analysis has been helpful
in comparative studies of differential gene expression across different drug treatments and
disease conditions.
In the studies, RNA-seq has been applied to the functional analysis of RNA-seq data from
primary breast cancer and metastatic lung cancer sites for differential gene expressions and
annotation of genes to pathways and enriched gene sets that may be further explored for
mutational changes in the exome data of patient sources.

3
1.3

Cancer RNA-Seq Data Analysis and Functional Annotation
Breast cancers have been second on the list of cancer-related deaths among women in
America [6]. Most of these deaths are attributable to breast cancer metastasis. The
incidence rate of cancer worldwide is about 1.6 million cases per year [7]. U.S. breast
cancer statistics have it that about 1 out of 8 women will develop invasive breast cancer in
the United States [8].

Cancer is a result of accumulations of mutations in somatic cells that impair normal cellgrowth regulations but give in selective abnormal proliferation to cancer cells. Metastasis
– the spread of tumor cells from their original sites to the rest or some specific areas in the
body – usually develops when cancer cells become genetically unstable and adapt to new
tissue microenvironments other than their primary site [9]. These mutations are called
drivers or driver mutations [10, 11]. Some accumulated somatic driver mutations include
single-nucleotide variants (SNVs), copy-number variants (CNVs), insertions, and deletions
(indels). The characterization of these mutations has been central to understanding cancer
invasions and metastasis and keys to diagnoses and therapeutics developments. Besides
driver mutations, there are passenger mutations that do not have any causative and
contributive effects on metastatic progressions. However only a fraction of these driver
mutations has been noted to reside in cancer genes. Fundamental difficulty is analyzing
and interrogating the cancer genome data to identify driver mutations differently from
passenger mutations from datasets [12][13].
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1.4

Aims of Analysis
In this study, we have conducted a comparative analysis of RNA-seq datasets of primary
breast cancer and metastatic lung cancer to identify differentially expressed gene lists and
identify lists of potential genes and associated enriched pathways. Here, We have used
functional enrichment analysis and annotation of these gene sets as steps for finding useful
biological insights underlying how mutational alterations in these genes lead to primary
breast cancer invading new sites generally - and specifically lung tissue sites, given basic
metadata we have about the sample sets for this work.
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2.1

CONCEPTS AND BACKGROUNDS

Differential Gene Expression
The cellular expression of genes is highly regulated and based on need. The relative
abundance of different RNA transcripts can be used to estimate and determine the
expression level of genes in a given biological condition. It is possible to determine which
genes are differentially expressed significantly in the pool of gene transcripts for
comparative studies of two or more conditions [14, 15]. This approach has been widely
applied for the comparative study between primary cancer and secondary cancer sites [16].
There are many available computational and statistical packages and software to
differentially quantify gene expression from raw RNA-Seq reads for different conditions
such as HISAT, edgeR, DESeq2, ISoEM2 and IsoDE2 [15, 17–19].

2.2

IsoEM2 and IsoDE2 Package for Differential Expression Analysis
In this study, we used IsoEM2 and IsoDE2 [18], which are bootstrapping-based estimations
for confidence intervals of differential gene (DE) expression levels from RNA-seq data.
IsoEM2 uses a probabilistic model that is based on Expectation- Maximization to estimate
fragments per kilobase million (FPKM) and RNA transcripts per million (TPM) level for
genes using bootstrapping. IsoDE2 computes the DGE analysis from FPKM/TPM values
from IsoEM2 estimates. IsoEM2 reportedly gives one of the highest accuracies compared
with some other RNA-seq quantification tools in the studies [19, 20]. Like many DE tools,
the output for differential gene expression includes mean values of gene expression, foldchange, Log2 of Fold Change, TPM, and FPKM with a cutoff of 0.05 for the P-value for
each generated gene list output.
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2.3

Pathway Annotation for DE Gene Lists
Pathway or pathway enrichment analysis is a crucial step in interpreting high-throughput
data for genomic data. The analysis of RNA-Seq typically yields a long list of differentially
expressed genes which can be challenging to interrogate for biological insights. Even after
gene lists are filtered, at fold change > |2| and or p-value < 0.05, the significant genes often
remain in a range greater than 1000s. Pathway enrichment analysis is often used to extract
meaning from such lists of genes to identify biological pathways, physical interaction and
protein functions [21, 22] . This way a long list of genes are grouped into smaller gene sets
of related functions and regulation based on publicly available knowledge of databases
such Gene Ontology (GO) terms [23] or Kyoto Encyclopedia of Genes and Genomes
(KEGG) [24].

2.4

Functional enrichment Analysis and Annotation of DE Gene Lists
Functional enrichment analysis (also called gene set analysis, GSA) is a statistical method
used to interpret and make sense of the huge lists of DE genes returned from RNA-Seq
analysis. Enrichment analysis is used basically to check if a group of genes shares some
functional properties more or less frequently than it can be expected or attributable to
chances. DE gene lists return may be over 1000 even after applying the P-value cut-off for
significant levels. Thus, enrichment analyses are conducted to sub-group genes together in
a few biological functions based on statistical significance and function relationship [25].
The aim is to find biological annotations that are over-represented in a list of genes
associated with an experimental condition studied with respect to reference backgrounds
[26]. Genes with similar gene expression often share related metabolic and cellular function
or common functions.
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2.4.1

Overrepresentation Enrichment Analysis (ORA)

ORA is a technique used to check if a set of biochemical processes is over-represented or
enriched in the gene lists generated from the experimental process (i.e., experimentally
derived genes). ORA identifies gene sets from pathways that are present more than would
be expected by chance. The p-value is calculated using equation(i) below. N stands for the
number of genes in the background, M for number of genes in a distribution, n for the size
of the gene list of interest and k is the number of the gene within that list which are
annotated to the gene set. The background distribution is all the genes that have been
annotated, and p-values is adjusted for multiple comparisons [27].

equation(i)
2.4.2

Gene Set Enrichment Analysis (GSEA)

GSEA is an analytical method for interpreting gene expression data at the level of gene sets
- meaning a group of genes that share common biological functions, chromosomal location,
or regulations. The gene sets are known based on available biological knowledge for
biological pathways and co-expression from experimental procedures [26]. At the
conception of the idea of GSEA, Mootha et al. in their work, thought that changes in the
expression of genes that is associated with diseases may be manifest in the levels of
biochemical pathways or co-regulated genes, rather than it is for individual genes[28]. The
technique aggregates genes per statistics across genes in a gene set to make it easily detect
cases where all genes in a predefined set change in a small and coordinated way. This
technique works by ranking genes based on their phenotypes and then checking if members
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of a predefined set of genes (S) are distributed randomly in a ranked gene list (L) or primarily
found at the top or bottom of ranks. The method also computes an Enrichment Score (ES),
Significant Level or p-value of the ES, and adjustment Multiple Hypothesis Testing for the
analysis. ES indicates the degree to which a set of genes S, is over-represented at the top of
a ranked gene list, L. A null distribution is generated using a permutation test of gene labels
in the gene list L. The p-value of the observed ES is then calculated relative to null
distribution, and q-values are calculated for FDR control [25].
2.5

Other Tools and Concepts for Analysis
2.5.1

GATK-HaplotypeCaller

GATK-HaplotypeCaller[29] is a terminal-based tool to call SNPs and indels
simultaneously via a local de-novo assembly of haplotypes in the active region of DNAseq data. The input for the program is BAM files from exome - metastasis and primary
datasets – from which variant calls are made compared with the human reference genome.
The GATK Haplotype Caller returns a VCF file with inferred SNVs, CNVs, and indels and
substituted or altered nucleotides, fig.2. The red part shows identified alterations – for ID
rs84825. It indicates ‘Some insertion of 'AAGG' modifies 'A' from the human reference
genome in this sample of patients [29].
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Table 2.1 GATK table Sample

2.5.2

Proveans Annotation Tool

PROVEANS [30] is a bioinformatic software tool to predict whether amino acid
substitutions or indels will impact the biological function of proteins and genes. The device
is used to filter the VCF variants – output from GATK caller -identified variants – to
identify nonsynonymous and indel variants that may have potential functional imports
cellular activities [30].
Table 2.2 A Sample of Provean Analysis Output
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3.1

DATA SETS AND METHODS

Datasets for Analysis
The datasets used for this analysis include RNA sequences collected from breast cancer
patients in Norway through collaborator Ritu Aneja’s lab and groups. The data include two
sets of RNA-Seq for primary breasts and metastasis (lungs) sites, Figure 3.1. Differential
analysis was done on the two sets of pairs such that primary cancer sites are compared with
metastatic (sites in the case being lungs) in the following analysis.

Figure 3.1 Chart for Sample Used for Analysis

3.2

IsoEM2 and IsoDE2
IsoDE2 is used to estimate gene differential expression for the three different conditions
based on the output generated from IsoEM2 components of the package. The tool is run on
the Galaxy platform [31]. The final output data from the tool are the differential gene ID and
the associated fold changes for the metastasis and primary tumors. The IsoDE2 device
returns a differential expressed gene and associated fold-change value for comparing gene
sets from primary RNA-seq and metastatic RNA-seq data for three conditions considered in
the analysis. The ratio of folds greater than 1 indicates an increased gene expression level.
The log_FC is reported alongside and calculated in equation (i) below.
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equation(i)
3.3

KOBAS Web-based Pathway Annotation
KOBAS [32] – the web-server tool annotates the identified gene sets - from IsoDE2
analysis of RNA-seq reads – as input by mapping the genes with known pathways and
diseases in the KEGG database, Gene Ontology. The outputs from the tool include the
pathway ID and the cluster of genes set for it and p-value calculations for the pathway. The
statistical significance value of P-value of 0.05 is used to screen the returned output from
KOBAS gene-enrichment annotation. KOBAS results for all patients are collected for
analysis, where means, average, and corrected p-values are calculated using the equation
in equation(ii) below. The k value = P_1*P_2*…. P_n for p-value for identical pathways
across each patient for each pathway ID.

equation(ii)
3.4

ClusterProfiler Package
ClusterProfiler package is an R package for performing statistical analysis and
visualization of functional profiles genes and gene clusters for thousands of species. It
supports a tidy interface for manipulation and visualization of gene enrichment results easy
interpretation of gene list, gene clusters and pathway annotations. The ClusterProfiler
library is equipped to efficiently conduct over-representation analysis (ORA) and gene set
enrichment analysis (GSEA) using database information of KEGG and GO [25].
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4
4.1

RESULTS AND DISCUSSION

Results for IsoDE2 Analysis and Annotation
Some of the results obtained are reported here. IsoDE2 results for condition one that select
upregulated genes for primary breast cancer. Table 4.1. and Table 4.2 shows snapshots of
sample output for a cutoff of p-value 0.05. A total of 1274 and 1847 genes were estimated
to be upregulated in primary breast cancers and metastatic lung cancer respectively for
NO_02 sample.
Table 4.1 The DE Gene Lists for Primary Result Sample
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Table 4.2 The DE Gene Lists for Metastasis Result Sample

Combined analysis of annotated pathways from KOBAS tool, Table 4. The statistical
significance cutoff on the P-values was set at 0.05 for all the red-painted values. The
pathways are literature mined for information on the pathways. The results are further sorted
based on the pathway database used for the annotation

Table 4.3 The KOBAS Annotation Result Sample
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4.2

Provean Annotation Result Sample
This sample output, table 4.4 from PROVEAN tool. The predicted functional effects of
mutation include damaging and neutral and the associated mutation, genes, and protein.
This is an ongoing analysis. Further co-analysis and integration of RNA-seq and DNA-seq
data will identify and characterize drivers – SNVs, CNVs, Idels, and SNPs associated with
the different metastatic sites and pathways.

Table 4.4 The Provean Annotation Output Sample

4.3

Enrichment Analysis for Gene Lists Analysis Results
4.3.1

Overrepresentation Enrichment Analysis (ORA) Results

Usually not all pathways identified enriched in ORA may have relevance for further,
however, as seen Fig 4.1 and 4.2, 4.4, some of the upregulated pathways identified in the
ORA analysis of sample NO_O2 and NO_07 are known key pathways for breast cancer
progression. PI3K-Akt (phosphatidylinositol 3-kinase) signaling pathway, for instance, has been
known to be aberrantly activated by various mechanisms related to mutation in PIK3CA of various
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cancer types. Mutation in PIK3CA genes will result in unchecked cell growth and proliferation and
as such has been a target for drug development and therapy [33–35].

(a)

(b)

Figure 4.1 Dot Plot Chart for ORA for NO_02 Samples (a) Primary Cancer upregulated
pathways- seven pathway identified to be significantly over represents including PI3K-Akt
signaling pathway, PPAR signaling pathway and ECM-receptor interactions (b)
Metastatic Cancer 20 over-represented pathway including some known pathway for breast
and lung cancer progression.
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PPAR signaling pathway, identified to be enrich in primary breast cancer, is a key
participant in regulation of cellular processes associated with carcinogenesis, cell
differentiation, proliferation, survival and apoptosis affecting family of nuclear hormone
receptor, peroxisome proliferator-activated receptor (PPARs).There is accumulating
evidence showing that PPARy (a subtype of PPAR - agonists tend to prevent cancer cells
from acquiring potential for the migratory and metastatic invasion into new sites. The
complexity of the PPAR family in lung cancer has been well documented and identified to
be significant for potential therapy [36–38]. Thus, PPAR signaling pathway identified to
be among the over-represented pathway in primary breast cancer for NO_02 primary breast
cancer may be a pointer to further investigate these pathways, other connecting pathways
and associated genes and their relevance to metastatic lung cancer for more insights.

T helpers - Th1, Th12, Th17 - cell differentiation have been identified in many human
tumor micro-environments even though their roles of some are unclear. Recent study
identifies Th17 as a prognostic composite biomarker for T cell non-inflamed triple negative
breast cancer (TNBC). As such with Th cell differentiation - being identified as upregulated
in NO_02 sample Figure 4.3 of enriched pathway in metastatic lung cancer, it may be good
exploration to examine further associated genes in Figure 4.4 for key participation as
drivers in this sample.
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(a)

(b)

Figure 4.2 UpSet Plot for ORA for NO_02 Samples (a) primary breast cancer identifies six
pathways: PI3K-Akt signaling pathway, focal adhesion, ECM-receptor signaling, PPAR
pathway shows shared connection (b) metastatic lungs overrepresented pathway includes
cytokine-cytokine receptor related pathway, Th17, Th1 and Th2 cell differentiation
pathway with multiple connecting dots which key play in cancer and breast cancer
progressions.

(a)

(b)

Figure 4.3 Upsets Plot for ORA for NO_07 Samples (a) Primary breast cancer identifies
10 pathways of with PI3K-Akt signaling pathway, Focal adhesion, ECM-receptor
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signaling, TNF pathway show shared connection as cancer associated pathways (b)
metastatic lungs overrepresented pathway includes cell cycle, p53 signaling, one carbon
pool by folate, pyrimidine metabolism connecting dots which key play in cancer and breast
cancer progressions.

(a)

(b)

Figure 4.4 Enrichment Map for NO_02 Samples (a) primary breast cancer (b) Metastasis
lung cancer showing the connection between enriched pathways involving pathways for
cancer progression and metastasis

TNF (Tumor necrosis factor) signaling pathway is annotated to be enriched in NO_O7
primary sample, which may be another point of interest for investigation. Increasing
findings have implicated TNF - for example, TNF-α is known for modulating cancerrelated inflammation and promoting tumor progressions - which are vital to cancer invasion
and metastasis progression. Studies have identified TNF-α, in conjunction with the NF-kB
pathway, to activate JNK, MAPKs, AKT, and other non-canonical NF-kB pathways. In
fact, TNF-α is recorded to up-regulate more than 400 inflammatory genes involved in celladhesion molecules, inflammatory cytokines, and chemokines [39–43]. In fact, TNF-α is
recorded to up-regulate more than 400 inflammatory genes involved in cell-adhesion
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molecules enriched in pathways for crosstalk between tumor cell, stromal and immune
cells with primary and secondary cancer sites, Figures 4.1 and 4.4.
4.3.2

Gene Enrichment Analysis (GSEA) Results

The enriched gene sets in Figure 4.5 and 4.6 from the GSEA - particularly the one involving
interconnection between two or more cancer-related pathways - are critical for exploration
and mutation analysis - alongside the critical genes identified over-represented in pathway
enrichment analysis (ORA).
ErbB2 gene identified enriched in NO_12 Figure 4.5. The over-expression of ErbB2 has
been identified to contribute to some breast cancer growth by activating PI3K/AKT
signaling pathways crosstalk with ER-α [44]. The ErbB2 is found enriched for the estrogen
signaling pathway and estrogen resistance pathway, Figure 4.5. Overlapping genes may be
further studied for more insight. IGF1 (insulin-like growth factor 1) gene is identified to be
enriched for EGFR HIF-1 signaling pathway, tyrosine kinase inhibitor resistance and
Hypertrophic cardiomyopathy, Figure 4.5. IGF-1 is essential for the growth and survival
of cancer cells and has a connection with the initiation of downstream signal transduction
pathways involving Ras/Raf/ERK and PI3k/AKT/mTOR[45], Figure 4.4 – 4.5.
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(a)

(b)

Figure 4.5 Gene Concept Network (C-netplot) for NO_02 Samples (a) primary and (b)
metastasis samples show genes in selected enriched pathways for gene overlaps with other
pathways. Gene linkage across pathways is shown for c-neplot for the map for upregulated
pathways in primary samples. In metastasis, it shows Endocrine resistance and estrogen
signaling pathway gene overlapping.

(a)

(b)

Figure 4.6 Enrichment Map for sample NO_07 (a) primary and (b) metastasis show genes
involved in the enriched pathways for gene overlaps between pathways. Gene linkage
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across pathways as shown for c-neplot for map for upregulated pathways in primary
samples. Both primary and metastasis show multiple gene overlap

(a)

(b)

Figure 4.7 Gene Concept Network (C-netplot) for NO_07 Samples (a) primary and (b)
metastasis show genes involved in the enriched pathways for gene overlaps between
pathways. Gene linkage across pathways is shown for c-neplot for map for upregulated
pathways in primary samples. Both primary and metastasis show multiple gene overlap.
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5

CONCLUSION

In this thesis, we have successfully analyzed RNA-Seq data for primary breast cancer and
metastasis lung cancer for differentially expressed gene lists for each of pairs of samples.
The annotated enriched pathways and gene from this analysis that can be explored further
for more biological insight and mutational analysis. The critical cancer-related pathways
identified in this analysis include PI3K-Akt signaling pathway, PPAR signaling pathway,
T helpers - Th1, Th12, Th17 - cell differentiation and ECM-receptor interactions, Ras
signaling pathways, TNF signaling pathway, estrogen signaling pathway, and estrogen
resistance pathway. All of which have some associations and implications in breast cancer
progression, proliferation, and invasion of secondary sites. The enriched genes identified
include ErbB2, IGF-1, FOXA2 for there is increasing evidence they have associated with
cancer proliferation, invasion, and metastasis. Future work will include comprehensive
annotation of the identified enriched genes for mutational changes and studies how these
changes may be contributing to their biochemical participation in driving metastatic
invasion and other related activities.
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