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Abstract
Lung adenocarcinoma is one of the most common forms of lung cancer. Current treatment for
stage1 of this disease is radiotherapy or surgery to remove the tumour. The development of
targeted drug therapy for early onset lung adenocarcinoma, could have a significant impact on
patient survival of this disease. The aim of this study was to search for candidate metabolic
pathways and biological cellular processes suitable for targeted drug therapy of stage1A lung
adenocarcinoma.
To achieve this goal, mature mRNA expression datasets of paired normal and stage 1A tumour
samples from another study were analysed. This involved bioinformatics analyses of the
expression data in a super-computing environment, including the annotation of significant DE
genes with KEGG and GO terms. Data mining of the DE genes was then undertaken, in order to
reveal their known associations to cancer. GO clustering was used to reveal the hierarchy of
biological cellular processes enriched and suppressed in the cancer cells.
The results showed a total of 12862 DE genes in the dataset. Data mining revealed that whilst
many of these genes were known to be associated with cancer, there were a large number with
no previously known association to cancer, and an even larger number with no previously known
association to lung cancer. GO clustering illustrated which cellular processes were enriched (or
suppressed), the most notable of which was C-5 methylation of cytosine (enriched).
This study highlights a number of candidates for drug therapy of lung adenocarcinoma, which
could be validated with further research.
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Introduction
Cancer affects the lives of millions of people worldwide every year. Whilst there have been many
advances in the treatment in recent decades, research into the causes of cancer is still needed for
continued progress. One of the most common types of cancer is lung cancer, which has been
shown to be the most common cause of cancer death worldwide (Lung cancer mortality statistics,
2012). In 2008, it was estimated to be responsible around 1.38 million deaths (Lung cancer
mortality statistics, 2012).
Over 50 years ago the causal link between tobacco smoking and increased risk of lung cancer was
established, and in the UK, approximately 86% of all lung cancer deaths are caused by tobacco
smoking (Smoking statistics, 2012). As such, regions with larger numbers of smokers tend to have
higher lung cancer death rates than regions where smoking is less common. The dataset used in
my project came from a study of lung cancer patients from South Korea. Based on reports in 2009
from the Korean media concerning citizens aged 19 and over in the country, smoking is common
amongst men, of which 44-57% smoke, but uncommon among women (4-7% smokers) (Smoking
in Korea, 2011).
One of the main types of lung cancer is adenocarcinoma. Lung adenocarcinoma is one of three
common types of NSCLC, and develops from mucus producing cells that line the airway of the
lungs (Types of lung cancer, 2012). In the UK, incidences of lung adenocarcinoma are increasing. It
has been predicted that it will soon become the most common type of lung cancer, overtaking
squamous cell lung cancer (Types of lung cancer, 2012).
Treatment for NSCLC varies depending on the stage of disease progression. Standard treatment
options for stage 1A NSCLC patients include surgery to directly remove the tumour, or radiation
therapy, which can either kill the malignant cells or inhibit further proliferation (Non-Small Cell
Lung Cancer Treatment, 2013). However, most results of current standard treatment for NSCLC
are poor.
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As such, there is a growing need to develop alternative methods for the treatment of NSCLC and
other cancers, in order to reduce the risks associated with radiotherapy and chemotherapy, and
the need for surgical procedures to remove tumours. Radiotherapy and chemotherapy are both
cytostatic procedures, which have toxic side affects that can damage other organs and tissues.
The development of targeted drug therapies for specific types of cancer is one approach being
taken to combat these problems.

In recent years, the quantity of information being generated by high-throughput next-generation
sequencing (of DNA, RNA and polypeptides), has revolutionized the available methods for
research into the molecular mechanisms of cancer. Specific molecules (e.g. proteins) involved in
tumour growth and progression (or suppression), can be identified by comparing the
biochemistry of cancer cells with that of normal healthy cells (Targeted Cancer Therapies, 2012).
Comparisons such as these usually utilize DNA exon, RNA or protein expression data, and the
pathways identified can be targeted with interfering drugs (or other substances), which block the
growth and spread of the cancer (Targeted Cancer Therapies, 2012).

There are already many types of targeted cancer therapies that have been developed, including
several for NSCLC (Targeted Cancer Therapies, 2012). However, these therapies have been
developed for advanced and metastatic NSCLCs (Targeted Cancer Therapies, 2012). As
technologies for the early detection of cancer continue to develop, there exists a need to develop
targeted therapies for early onset cancers (including NSCLCs), which are likely to dramatically
improve the odds of patient survival. Newly diagnosed NSCLC patients are all potential candidates
for studies evaluating new forms of treatment, and it is this which forms the basis of the rationale
for my study, as I will go on to explain (Non-Small Cell Lung Cancer Treatment, 2013).

The aetiology of any given cancer is multi-factorial; as we have seen, lifestyle factors such as
smoking can cause lung cancer, but cancers in general are caused by a variety of genetic,
environmental, medical, and other lifestyle factors interacting to produce a given malignancy
7|Page

UP:20/03/2013-14:52:59 WM:20/03/2013-14:53:07 M:BS831-6-FY A:12a1 R:1003684 C:A2A7E1C1A50E25F0345F68E509D24E9CC6814E0C

(Cancer Genetics Overview, 2013). What this means is that the molecular profiles of different
cancer types can vary greatly, and there can also be variation between patients with the same
type of cancer. Identifying the biological processes that are altered in cancer cells is important for
determining suitable metabolic pathways for targeted drug therapy. The most important
processes are those which lead to proliferation of cancer cells and metastasis. Analyses of
sequence data can identify genes and proteins that are consistently up-regulated (or downregulated) in cancer cells (versus non-cancer cells), and are therefore likely to be involved in
tumour proliferation (or suppression).

The differential expression of particular genes in cancer cells, is a result of disruptions to the
mechanisms governing epigenetic control of gene expression. These disruptions can result in the
abnormal activation of oncogenes, or the expression of mutant proteins exhibiting oncogenic
activity (Feinberg, 2004, Feinberg and Tycko, 2004). For example, in a collaborative study to
discover somatic mutations in lung adenocarcinoma, Ding et al discovered mutated forms of
several known tumour suppressor genes including NF1, APC, RB1 and ATM. Mutation in genes
often results in the expression non-functional proteins. Therefore, the result of mutation in
tumour suppressor genes is likely to be a lack of tumour suppression. This is because functional
suppressor proteins are not expressed in cells that contain the mutant forms of the genes. What
this means is that Ding et al have provided clear evidence for mutation of tumour suppressor
genes as one potential cause of lung adenocarcinoma.

For the successful development of a targeted drug therapy for any type of cancer, it is necessary
first to explore all of the DE genes between cancer and non-cancer samples. This informs
researchers of candidate metabolic pathways for interference by therapeutic drugs, and provides
a starting point for the testing of potential drugs, where none existed prior. In my study, I have
chosen to investigate the differential expression of mature RNA transcripts between stage 1A
lung adenocarcinoma samples, and adjacent healthy non-cancer samples. The dataset used was
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generated by Illumina Hiseq sequencing of mRNA samples from stage 1A lung adenocarcinoma, in
a large scale RNA sequencing study of Korean lung adenocarcinoma patients by Seo et al. The aim
of my study was to identify candidate metabolic pathways and biological cellular processes
suitable for targeted drug therapy of this disease.

To achieve this goal, I would need to analyse RNA expression datasets of paired normal and stage
1A tumour samples (generated by Illumina HiSeq 2000). To do this I would use the R statistical
framework (R core team, 2012), which includes a set of libraries specifically designed for analysis
of RNA digital expression data. The specific package I would be using is called edgeR (Gentleman
et al, 2004). This package has become popular due to the good reproducibility of results obtained
in multiple tests with different datasets (Soneson and Delorenzi, 2013). In contrast to existing
analogous software, edgeR uses a negative binomial distribution model in its statistical evaluation
algorithm and takes into account all factors that could possibly lead to variance in the measured
data, derived from biological variability.

I will be characterising each of the DE genes using prior knowledge of their involvement in cancer.
This will involve separating them into four different groups: those known to be associated with
lung cancer (or lung cancer and other cancer types), those known only to be associated with
other cancer types (not lung cancer), those known to be associated with non-cancer diseases (but
not cancer) and those not known to be associated with any disease. Genes in the last group could
prove to be especially useful, as they could represent previously unknown biomarkers for
mechanisms of cancer development. I will also be performing GO clustering analysis on the data.
The purpose of this is to establish the network of biological processes which are overrepresented
in the cancer samples (versus normal samples). This may give an indication as to which biological
cellular processes could be the subjects of targeted therapy for stage 1A lung adenocarcinoma.
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In order to complete the objectives listed (above), I would first need to become familiar working
with a command line interface in the UNIX operating system. This would involve mastering some
basic skills in Bash (a UNIX command shell) and R console (a statistical high-level programming
language), in order to use the programs and algorithms required for certain parts of my data
analysis.

My hypothesis was that the analysis of RNA expression data would reveal marked differences in
the transcriptome of the cancer samples (versus non-cancer), including the over-expression of
known and unknown oncogenes. The analysis of the metabolic pathways associated with these
genes (and their proteins), could reveal new information about the molecular profile and
causative agents of lung adenocarcinoma, potentially yielding novel targets for anti-cancer drug
therapy that can be validated by further research.

10 | P a g e

UP:20/03/2013-14:52:59 WM:20/03/2013-14:53:07 M:BS831-6-FY A:12a1 R:1003684 C:A2A7E1C1A50E25F0345F68E509D24E9CC6814E0C

Methods
All the steps of the method are below, and the scripts used for the workflow in Bash and R can be
found in the appendix. All steps in the appendix are recorded in chunks and each step in the
methods refers to a corresponding chunk.

The first step was to download the sequence data to be used in the project from the GEO public
database (chunk 1). The deposited IRs came in a FASTQ format. Description files of the samples in
the dataset were also downloaded, as shown in table 1. The quality estimation of IR datasets was
evaluated using the R library ‘ShortReads’ to select the reads that passed a quality threshold.

The next step was to align all the IRs to the human genome (reference version 19) (chunk 2). The
purpose of this was to eliminate any non-human sequences from the dataset (from
contamination during the sample preparation procedure). To do this, an alignment program
called GSNAP (Wu, 2011) was utilised. This program was run using the command line
environment in Bash shell, in UNIX.

The SAM files then needed to be converted into BAM form, which could be imported for use in an
R workspace. The IRs were then sorted, duplicate reads were removed, they were indexed and
quality statistics were extracted and saved. This was done using the samtools utility in Bash shell
(chunk 3).The BAM files were imported into R using the Rsamtools package and IRs belonging to
‘transcript’ features of the human genome were counted. This was achieved by measuring the
number of times that a single IR overlapped a ‘transcript’ feature on the human genome. The
final data was generated as a ‘read count’ list. The read counts were converted into an edgeR
format count list, and were imported into the edgeR library (chunks 4,5).
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Differential expression in the dataset was then statistically evaluated in two steps: the fitting of
negative binomial models and the performance of GLM likelihood ratio tests (chunk 6). The
statistical significance of the resulting gene expression set was evaluated using the FDR
adjustment routine. The DE values with a threshold of p < 0.01 were considered significant.

The data was then sorted by logFC value and gene id tags were extracted. Lists of the genes that
were significantly up-regulated and down-regulated in the cancer samples (versus non cancer)
were compiled. These were annotated with KEGG and GO identifiers (chunks 7, 8). This showed
which GO clusters contained genes that were significantly up-regulated or down-regulated in the
cancer samples and enabled the creation of figures that display this, as well as the expression
levels of each gene.
The purpose of GO annotation, was to find functional links within the hierarchy of cellular
biological processes represented in the dataset. ‘Enrichment analysis’ was performed by the
topGO package (Gentleman et al, 2004) (in R workspace), to investigate which processes were
altered the most in the cancer cells (Chunk 9). The input for this step was the GO-annotated list of
DE genes, with corresponding p values for each gene tag. The package performed a statistical
evaluation of DE gene abundance, for each specific GO node using Fisher's exact test. This
produced a ranked list of GO nodes with the corresponding p values.

The GO term database is constantly being updated with new information about protein functions.
As these new terms appear, the old become redundant. My GO enrichment list was updated with
the online tool REVIGO (Supek et al, 2011). This removes redundant GO terms and summarises
the network of enriched biological processes using a graphical interface. This interface is ported
into Cytoscape (Smoot et al,2011) (biological network analysis software) and a final figure
representing the network of biological processes can be exported. For my study, this was a
network of the biological processes altered in stage1A lung adenocarcinoma cells.
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Results
The purpose of this study was to search for candidate metabolic pathways for targeted therapy of
stage 1A lung adenocarcinoma. A dataset would be required from an appropriate sequencing
study, which analyses could be performed on, and candidate biological processes could be
identified. The dataset I chose was generated by a large scale RNA sequencing study of lung
adenocarcinoma in Koreans by Seo et al (2012). It included 58 sample files from 31 lung
adenocarcinoma patients (31 cancer samples and 27 adjacent healthy tissue), each of which
contained all the mature mRNA expression data from one sample. The first step was to download
the sample files for my dataset.

Table 1. Overview of lung adenocarcinoma samples and adjacent healthy samples used
for differential profiling and gene-functional analysis of transcriptomic data, including the
relevant factors of age, gender and smoking status.

GEO_ID for
cancer tissue
GSM993606
GSM993608
GSM993613
GSM993618
GSM993623
GSM993624
GSM993627
GSM993629
GSM993631
GSM993632
GSM993633
GSM993634
GSM993637
GSM993638
GSM993639
GSM993643
N/A
N/A
GSM993649
GSM993650
GSM993658
GSM993659
GSM993661
GSM993663
GSM993669
GSM993674
GSM993675
GSM993686
GSM993687
GSM993691
GSM993694

GEO_ID for
adjacent healthy
tissue
GSM993695
GSM993697
GSM993699
GSM993702
GSM993705
GSM993706
GSM993709
GSM993711
GSM993712
GSM993713
N/A
N/A
GSM993716
GSM993717
N/A
GSM993721
GSM993724
GSM993725
GSM993727
GSM993728
GSM993735
GSM993736
GSM993738
GSM993740
GSM993746
GSM993751
GSM993752
GSM993763
GSM993764
GSM993768
GSM993771

Age at diagnosis

54
65
81
63
54
64
65
73
66
66
61
51
38
61
58
56
54
68
58
71
67
73
62
52
65
64
66
75
72
66
82

Gender

Male
Female
Male
Female
Female
Female
Male
Male
Female
Male
Male
Female
Female
Female
Male
Female
Male
Male
Male
Female
Female
Male
Male
Male
Male
Male
Female
Female
Male
Female
Female

Smoking status

Smoker
Never Smoker
Smoker
Never Smoker
Never Smoker
Never Smoker
Smoker
Smoker
Never Smoker
Smoker
Smoker
Never Smoker
Never Smoker
Never Smoker
Current Smoker
Never Smoker
Current Smoker
Never Smoker
Smoker
Never Smoker
Never Smoker
Smoker
Smoker
Current Smoker
Smoker
Smoker
Never Smoker
Never Smoker
Never Smoker
Never Smoker
Smoker

Table 1 shows that the samples in this dataset have been collected from a wide age range of
patients, both genders, and both smokers and non-smokers. This is important to know in the
13 | P a g e
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context of the results of this study, because it means that variation in expression patterns as a
result of age, gender and smoking are controlled, and any differences that are observed are due
to the presence or absence of the disease. The next step was to align the IRs to the human
genome, in order to eliminate non-human sequences from the dataset.

Table 2. Statistical analysis of alignment data, showing how well IRs of mature mRNA
transcripts from lung adenocarcinoma cells and adjacent healthy cells have aligned to the
human genome.
GEO_ID
GSM993606
GSM993608
GSM993613
GSM993618
GSM993623
GSM993624
GSM993627
GSM993629
GSM993631
GSM993632
GSM993633
GSM993634
GSM993637
GSM993638
GSM993639
GSM993643
GSM993649
GSM993649
GSM993650
GSM993658
GSM993658
GSM993659
GSM993659
GSM993661
GSM993663
GSM993669
GSM993674
GSM993675
GSM993686
GSM993687
GSM993691
GSM993694
GSM993695
GSM993697
GSM993699
GSM993702
GSM993705
GSM993706
GSM993709
GSM993711
GSM993712
GSM993713
GSM993716
GSM993717
GSM993721
GSM993724
GSM993725
GSM993727
GSM993728
GSM993735
GSM993736
GSM993738
GSM993740
GSM993746
GSM993751
GSM993752
GSM993763
GSM993764
GSM993768
GSM993771
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Total number of
reads
41938897
45267310
49744252
39695701
42214672
40947260
39859287
40022141
37694893
44780454
44921069
43745564
55332271
57727373
62588103
45893791
39494469
52421665
25025575
11947630
37508397
17666737
39894119
66348767
70325485
63791745
63166087
68514057
38089727
41095490
39599129
36113499
24743659
39506571
38784718
32406739
33014012
36152035
37847437
32475659
33476667
43589980
35804509
31581455
30544570
55075812
49370946
49850433
45947914
39932994
39776504
38232174
40246578
31975469
43157118
31973388
50973073
54703896
43137855
50543653

Number of reads
mapped
40242965
43485382
48129836
38709762
41011210
39816642
38750269
38922421
36699326
43706723
43519993
42410108
52918868
55791268
60309140
44797618
38425656
49617564
23873931
11579573
36011151
17241926
38339944
64247806
67717674
61955119
62176233
67418212
37455927
40507967
39082138
35188443
24096536
38585215
37869220
31737329
32396146
35572970
36902585
31755624
32798050
42433022
34994422
30839377
29914175
53834318
48374246
48746805
45035639
39282000
39185506
37737952
39717275
31422259
42427996
31165241
49904508
53736032
41806366
49547980

Percentage of reads
mapped
95.96%
96.06%
96.75%
97.52%
97.15%
97.24%
97.22%
97.25%
97.36%
97.60%
96.88%
96.95%
95.64%
96.65%
96.36%
97.61%
97.29%
94.65%
95.40%
96.92%
96.01%
97.60%
96.10%
96.83%
96.29%
97.12%
98.43%
98.40%
98.34%
98.57%
98.69%
97.44%
97.38%
97.67%
97.64%
97.93%
98.13%
98.40%
97.50%
97.78%
97.97%
97.35%
97.74%
97.65%
97.94%
97.75%
97.98%
97.79%
98.01%
98.37%
98.51%
98.71%
98.68%
98.27%
98.31%
97.47%
97.90%
98.23%
96.91%
98.03%
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In order to eliminate RNA sequence reads that did not belong to the human genome (from
contamination during the sample preparation procedure), the IRs in my dataset were aligned to
the human genome in GSNAP (Wu, 2011). Table 2 shows the results of the quality alignment of
the IRs to the human genome. As expected, the dataset (generated with the latest generation of
Illumina sequencer) was of a high quality, with more than 90% of the reads successfully mapped
to the reference genome. Only two samples were discarded, because they did not pass the
quality tests. Using the RSamTools library, I imported the alignment data into an R workspace.
The number of times that a single IR overlapped a ‘transcript’ feature on the human genome was
counted. This generated a ‘read count’ list, that was subsequently imported into the edgeR library.

The read count data was statistically analysed by the fitting of a negative binomial model. Tagwise dispersion values were generated, which were used for distinguishing between significant
and non-significant read counts. Figure 1 (overleaf) is a graphical representation of the expression
levels of the DE genes (mRNA transcripts). The fold change indicates the extent to which each
gene is up-regulated or down-regulated in the cancer samples. Each black node indicates a single
DE gene that is not expressed above (or below) a significant threshold value. Each red node with a
fold change value above zero indicates a single gene that is significantly up-regulated in the
cancer samples. Each red node with a fold change value below zero indicates a single gene that is
significantly down-regulated in the cancer samples. Figure 1 shows that there are more
significantly up-regulated genes than down-regulated genes in the dataset.
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Figure 1: Dispersion analysis of differential expression in the dataset. This graph shows the log2 values of gene expression (CPM) against fold
change, for the differential profiling of mRNA expression data between lung adenocarcinoma cells and adjacent healthy cells.
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Table 3. Table to show the number of significantly DE genes between lung
adenocarcinoma cells and adjacent healthy cells, based on the differential profiling of
mRNA expression data.
Total number of DE genes
12862

Number of genes upregulated in cancer samples
7759

Number of genes downregulated in cancer samples
5103

Table 3 displays the total number of genes that were up-regulated and down-regulated between
the cancer and non-cancer samples. It shows that the number of up-regulated genes is higher
than the number of down-regulated genes.
Table 4. Top 50 up-regulated and down-regulated genes, from the differential
profiling of mRNA expression data in lung adenocarcinoma cells and adjacent
healthy cells.
RefSeq

Top 50 up-regulated genes
Gene Name

NM_001009562

RefSeq

Top 50 down-regulated genes
Gene Name

solute carrier organic anion transporter family, member 1B7
(non-functional)
S100 calcium binding protein A7A
somatostatin
glycine-N-acyltransferase-like 3
actin-like 8
calmodulin-like 5
sucrase-isomaltase (alpha-glucosidase)
melanoma antigen family A, 3

NM_003825

synaptosomal-associated protein, 23kDa

NM_014824
NM_001123355
NM_002721
NR_037715
NM_001123369
NM_004783
NM_130798

FCH and double SH3 domains 2
protein phosphatase 6, catalytic subunit
protein phosphatase 6, catalytic subunit
ribonuclease, RNase K
protein phosphatase 6, catalytic subunit
TAO kinase 2
synaptosomal-associated protein, 23kDa

NM_201279

neuropilin 2

NM_152997
NM_018974
NM_001143947
NM_206966
NM_017410
NM_001008536
NM_001018049

solute carrier family 6 (neutral amino acid transporter), member
19
follicular dendritic cell secreted protein
unc-93 homolog A (C. elegans)
unc-93 homolog A (C. elegans)
chromosome 5 open reading frame 46
homeobox C13
trichohyalin-like 1
progestagen-associated endometrial protein

NM_001168398
NM_006309
NM_018225
NM_012425
NM_032270
NM_001025598
NM_001130685

solute carrier family 35 (CMP-sialic acid transporter), member A1
leucine rich repeat (in FLII) interacting protein 2
smu-1 suppressor of mec-8 and unc-52 homolog (C. elegans)
Ras suppressor protein 1
leucine rich repeat containing 8 family, member C
Rho GTPase activating protein 30
guanylate cyclase 1, soluble, alpha 3

NM_002571
NM_004677
NM_001002906
NM_006944

progestagen-associated endometrial protein
XK, Kell blood group complex subunit-related, Y-linked
XK, Kell blood group complex subunit-related, Y-linked 2
secreted phosphoprotein 2, 24kDa

NM_016142
NM_152724
NM_020412
NM_015885

hydroxysteroid (17-beta) dehydrogenase 12
Ras suppressor protein 1
charged multivesicular body protein 1B
PCF11, cleavage and polyadenylation factor subunit, homolog (S.
cerevisiae)

NM_021951
NR_002159
NR_001530
NM_005247
NM_152539
NM_006507
NM_006215

doublesex and mab-3 related transcription factor 1
testis-specific transcript, Y-linked 9B (non-protein coding)
testis-specific transcript, Y-linked 9A (non-protein coding)
fibroblast growth factor 3
chromosome 3 open reading frame 30
regenerating islet-derived 1 beta
serpin peptidase inhibitor, clade A (alpha-1 antiproteinase,
antitrypsin), member 4
solute carrier organic anion transporter family, member 1B3
chromosome 11 open reading frame 86
serine peptidase inhibitor, Kazal type 1
solute carrier organic anion transporter family, member 1B1
solute carrier family 9 (sodium/hydrogen exchanger), member 4
deleted in azoospermia 2
deleted in azoospermia 2
LIM homeobox 8
LIM homeobox 8
melanoma antigen family C, 2
chloride channel accessory 1
synaptotagmin XIV
DMRT-like family C2
preferentially expressed antigen in melanoma
preferentially expressed antigen in melanoma
selenoprotein V
keratin associated protein 2-1

NM_145279
NM_004036
NM_001099274
NM_001178040
NM_004672
NM_001080497
NM_004177

MOB kinase activator 3C
adenylate cyclase 3
TERF1 (TRF1)-interacting nuclear factor 2
syntaxin 3
mitogen-activated protein kinase kinase kinase 6
multiple EGF-like-domains 9
syntaxin 3

NM_032233
NM_001025100
NM_017742
NM_002499
NR_027390
NM_001172624
NM_000285
NM_153186
NM_015532
NM_181720
NM_006742
NM_014943
NM_005768
NM_001166056
NM_201403
NM_138632
NM_012335

SET domain containing 3
myelin basic protein
zinc finger, CCHC domain containing 2
neogenin 1
polymerase (RNA) II (DNA directed) polypeptide M
neogenin 1
peptidase D
KN motif and ankyrin repeat domains 1
polymerase (RNA) II (DNA directed) polypeptide M
Rho GTPase activating protein 30
protein serine kinase H1
zinc fingers and homeoboxes 2
lysophosphatidylcholine acyltransferase 3
peptidase D
MOB kinase activator 3C
TRIO and F-actin binding protein
myosin IF

NM_176823
NM_001048
NM_001010904
NM_030812
NM_017422
NM_001041
NM_005362
NM_001003841

NM_019844
NM_001136485
NM_003122
NM_006446
NM_001011552
NM_020363
NM_001005785
NM_001001933
NM_001256114
NM_016249
NM_001285
NR_027459
NM_001040283
NM_206955
NM_206956
NM_182704
NM_001123387
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NM_006361
NM_206953
NM_001005786
NM_012275
NM_021186
NM_173170

homeobox B13
preferentially expressed antigen in melanoma
deleted in azoospermia 2
interleukin 36 receptor antagonist
zona pellucida glycoprotein 4
interleukin 36 receptor antagonist

NM_015147
NM_004240
NM_080430
NM_002834
NM_032409
NM_017575

centrosomal protein 68kDa
thyroid hormone receptor interactor 10
selenoprotein M
protein tyrosine phosphatase, non-receptor type 11
PTEN induced putative kinase 1
smg-6 homolog, nonsense mediated mRNA decay factor (C.
elegans)

Table 4 displays the 50 most highly up-regulated and down-regulated genes in the dataset.
Annotation of all the DE genes in the dataset was required to obtain gene names that would be
useful for data mining later on. Table 4 shows the some of the results of this annotation, where
only the ‘RefSeq’ could be used to identify each gene prior. The annotation was carried out by the
GO.db package (Gentleman et al, 2004) in R (see appendix chunk 8 for details).

For further analysis of my high throughput dataset, a GO clustering algorithm was used. This
allowed me to identify DE functional groupings of genes. To do this, the topGO library in R
framework was utilised (see appendix chunk 9).
Table 5. Top 20 GO clusters containing DE genes, found in the differential profiling
of the transcriptome in normal and lung adenocarcinoma cells.
GO clusters containing DE genes
GO clusters containing genes up-regulated in
cancer samples
GO Identifier
Term

GO clusters containing genes down-regulated
in cancer samples
GO Identifier
Term

0006978

DNA damage response, signal
transduction by p53 class mediator
resulting in transcription of p21 class
mediator
Positive regulation of histone H3-K4
methylation
Mitotic prometaphase
Positive regulation of histone H4
acetylation
Positive regulation of transcription from
RNA polymerase II promoter in response
to stress
Chromatin remodelling
Post-translational protein modification
G1/S transition of mitotic cell cycle

0060402

Calcium ion transport into cytosol

0010810

Regulation of cell-substrate adhesion

0007568
0001657

Ageing
Ureteric bud development

0030036

Actin cytoskeleton organization

0007165
0007155
0050729
0006955
0032570
0007411
0006112
0006936
0046449
0007202

0006029

O-glycan processing
DNA unwinding involved in replication
Spindle organization
Response to X-ray
Glycolysis
Mitotic sister chromatid segregation
Negative regulation of histone H3-K9
methylation
Proteoglycan metabolic process

Signal transduction
Cell adhesion
Positive regulation of inflammatory
response
Immune response
Response to progesterone stimulus
Axon guidance
Energy reserve metabolic process
Muscle contraction
Creatinine metabolic process
Activation of phospholipase C activity

0090103
0000075
0048546
0010332

Cochlea morphogenesis
Cell cycle checkpoint
Digestive tract morphogenesis
Response to gamma radiation

0007156
0055093
0007567
0051150

0051571
0000236
0090240
0036003

0006338
0043687
0000082
0016266
0006268
0007051
0010165
0006096
0000070
0051573
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0000122

Negative regulation of transcription
from RNA polymerase II promoter
Homophilic cell adhesion
Response to hyperoxia
Parturition
Regulation of smooth muscle cell
differentiation
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Table 5 shows that the DE genes belonged to a range of GO clusters. Some of the most
significantly overrepresented GO clusters, which contained genes up-regulated in the cancer
samples, were used for data mining. These results of data mining are shown in table 6.

Table 6. Table to show the results of data mining for up-regulated genes in the
transcriptome of lung adenocarcinoma cells (versus adjacent healthy cells) from a
number of overrepresented GO clusters, with regard to their known relationships to
cancer and other diseases.
Gene/Protein name

Genes with known
associations to
cancer
Lung
cancer

tumor protein p63
forkhead box M1
mucin 1, cell surface associated
breast cancer 2, early onset
breast cancer 1, early onset
tumor protein p73
transcription factor AP-4 (activating enhancer binding protein 4)
tumor protein p53
breast cancer 1, early onset
v-myb myeloblastosis viral oncogene homolog (avian)
DNA (cytosine-5-)-methyltransferase 3 beta
O-linked N-acetylglucosamine (GlcNAc) transferase (UDP-N-acetylglucosamine:polypeptide-Nacetylglucosaminyl transferase)
DNA (cytosine-5-)-methyltransferase 1
centromere protein F, 350/400kDa (mitosin)
budding uninhibited by benzimidazoles 1 homolog beta (yeast)
kinesin family member 2B
NUF2, NDC80 kinetochore complex component, homolog (S. cerevisiae) (CDCA1)
kinesin family member 2C (MCAK)
excision repair cross-complementing rodent repair deficiency, complementation group 6-like
cell division cycle 20 homolog (S. cerevisiae)
budding uninhibited by benzimidazoles 1 homolog (yeast)
aurora kinase B
baculoviral IAP repeat containing 5
(Survivin)
cancer susceptibility candidate 5
(D40)
centromere protein E, 312kDa
centromere protein A
cell division cycle associated 8
(Borealin)
shugoshin-like 1 (S. pombe)
(SGOL1)
polo-like kinase 1
cyclin B1
NDC80 kinetochore complex component homolog (S. cerevisiae) (CDCA1)
ZW10 interactor
SPC24, NDC80 kinetochore complex component, homolog (S. cerevisiae)
spindle and kinetochore associated complex subunit 1
centromere protein M
MAD2 mitotic arrest deficient-like 1 (yeast)
centromere protein I
kinetochore associated 1
centromere protein K
SPC25, NDC80 kinetochore complex component, homolog (S. cerevisiae)
kinesin family member 18A
centromere protein H
nucleoporin 107kDa
coiled-coil domain containing 99
regulator of chromosome condensation 2
shugoshin-like 2 (S. pombe)
MLF1 interacting protein (MLF1IP)
centromere protein L
apoptosis-inducing, TAF9-like domain 1
kinesin heavy chain member 2A
inner centromere protein antigens 135/155kDa
Zwilch, kinetochore associated, homolog (Drosophila)
nucleoporin 43kDa
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Other
cancer

Genes with no
known
associations to
cancer
Other
No
diseases disea
se

X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
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cytoskeleton associated protein 5
(chTOG)
nucleoporin 85kDa
SET and MYND domain containing 1
bromodomain, testis-specific (BRDT)
forkhead box P3 (FoxP3)
forkhead box A1 (FOXA1)
K(lysine) acetyltransferase 2A
HNF1 homeobox A
v-myb myeloblastosis viral oncogene homolog (avian)
suppressor of variegation 3-9 homolog 2 (Drosophila)
chromodomain helicase DNA binding protein 1-like
SATB homeobox 2
SRY (sex determining region Y)-box 9
bromodomain adjacent to zinc finger domain, 1A
chromobox homolog 3
(HP1γ)
SWI/SNF related, matrix associated, actin dependent regulator of chromatin, subfamily a, member 4
multiple endocrine neoplasia I
actin-like 6A
histone deacetylase 1
mucin 17, cell surface associated
mucin 6, oligomeric mucus/gel-forming
mucin 13, cell surface associated
mucin 21, cell surface associated
glucosaminyl (N-acetyl) transferase 3, mucin type
mucin 2, oligomeric mucus/gel-forming
coagulation factor IX
UDP-GlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 6 (core 3 synthase)
UDP-GlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 3
mucin 5B, oligomeric mucus/gel-forming
mucin-like 1 (SBEM)
mucin 7, secreted
mucin 16, cell surface associated
ST8 alpha-N-acetyl-neuraminide alpha-2,8-sialyltransferase 2
mucin 4, cell surface associated
protein C (inactivator of coagulation factors Va and VIIIa)
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 14 (GalNAcT14)
coagulation factor II (thrombin)
mucin 20, cell surface associated
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 6 (GalNAc-T6)
mucin 1, cell surface associated
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 7 (GalNAc-T7)
(GALNT7)
fucosyltransferase 8 (alpha (1,6) fucosyltransferase)
coagulation factor VII (serum prothrombin conversion accelerator)
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 3 (GalNAc-T3)
SEC24 family, member A (S. cerevisiae)
UDP-Gal:betaGlcNAc beta 1,4- galactosyltransferase, polypeptide 4
asparagine-linked glycosylation 10, alpha-1,2-glucosyltransferase homolog (S. pombe)
glucosaminyl (N-acetyl) transferase 1, core 2
(C2GnT1)
core 1 synthase, glycoprotein-N-acetylgalactosamine 3-beta-galactosyltransferase, 1
glutamine--fructose-6-phosphate transaminase 1
asparagine-linked glycosylation 3, alpha-1,3- mannosyltransferase homolog (S. cerevisiae)
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 10 (GalNAcT10)
GDP-mannose pyrophosphorylase A
SEC24 family, member D (S. cerevisiae)
phosphatidylinositol glycan anchor biosynthesis, class M
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 4 (GalNAc-T4)
phosphomannomutase 2
asparagine-linked glycosylation 1, beta-1,4-mannosyltransferase homolog (S. cerevisiae)
dolichyl-phosphate (UDP-N-acetylglucosamine) N-acetylglucosaminephosphotransferase 1 (GlcNAc1-P transferase)
dolichyl pyrophosphate phosphatase 1
UDP-N-acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase 12 (GalNAcT12)
UDP-Gal:betaGlcNAc beta 1,4- galactosyltransferase, polypeptide 2
phosphatidylinositol glycan anchor biosynthesis, class U
(CDC91L1)
mannosyl-oligosaccharide glucosidase
dolichyl-phosphate mannosyltransferase polypeptide 2, regulatory subunit
mannosidase, alpha, class 1A, member 2
UDP-GlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 7
(beta3GnT7)
UDP-Gal:betaGlcNAc beta 1,4- galactosyltransferase, polypeptide 3
mannosidase, alpha, class 2A, member 1
prolactin regulatory element binding
protein disulfide isomerase family A, member 3 (ER60)
ribophorin II (RPN2)
asparagine-linked glycosylation 13 homolog (S. cerevisiae)
ER degradation enhancer, mannosidase alpha-like 3
STT3, subunit of the oligosaccharyltransferase complex, homolog A (S. cerevisiae)
(STT3A)
cyclin-dependent kinase inhibitor 2A (melanoma, p16, inhibits CDK4)
IQ motif containing GTPase activating protein 3
minichromosome maintenance complex component 10
cyclin E1
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cell division cycle 6 homolog (S. cerevisiae) (Cdc6)
ribonucleotide reductase M2
origin recognition complex, subunit 6
cell division cycle 45 homolog (S. cerevisiae)
cyclin B1
chromatin licensing and DNA replication factor 1 (cdt1)
minichromosome maintenance complex component 2
cell division cycle 25 homolog A (S. pombe)
cyclin-dependent kinase inhibitor 3
protein kinase, membrane associated tyrosine/threonine 1
regulator of chromosome condensation 1
cell division cycle associated 5
(CDCA5)
primase, DNA, polypeptide 2 (58kDa)
cyclin-dependent kinase 1
minichromosome maintenance complex component 4 (MCM4)
E2F transcription factor 1
(E2F-1, E2F1)
minichromosome maintenance complex component 8
origin recognition complex, subunit 1
(ORC1)
calcium/calmodulin-dependent protein kinase II beta
branched chain amino-acid transaminase 1, cytosolic (ECA39)
polymerase (DNA directed), epsilon 2 (p59 subunit)
cyclin E2
pim-2 oncogene
thymidylate synthetase
minichromosome maintenance complex component 6 (MCM6)
CDC28 protein kinase regulatory subunit 1B
(Cks1) (CKS1B)
proliferating cell nuclear antigen
(PCNA)
DBF4 homolog (S. cerevisiae)
minichromosome maintenance complex component 3
eukaryotic translation initiation factor 4E binding protein 1
cell division cycle 7 homolog (S. cerevisiae)
proteasome (prosome, macropain) activator subunit 2 (PA28 beta)
proteasome (prosome, macropain) 26S subunit, non-ATPase, 4 (S5a)
S-phase kinase-associated protein 2, E3 ubiquitin protein ligase
polymerase (DNA directed), epsilon
origin recognition complex, subunit 5
minichromosome maintenance complex component 5
minichromosome maintenance complex component 7 (MCM7)
cyclin-dependent kinase 4
retinoblastoma binding protein 8 (CtIP)
proteasome (prosome, macropain) 26S subunit, non-ATPase, 11
proteasome (prosome, macropain) subunit, beta type, 3
proteasome (prosome, macropain) 26S subunit, non-ATPase, 14
origin recognition complex, subunit 2
minichromosome maintenance complex component 2
RAD51 homolog (S. cerevisiae)
high mobility group AT-hook 1 (HMGA1)
minichromosome maintenance complex component 6
chromosome 10 open reading frame 2
minichromosome maintenance complex component 7
NIMA (never in mitosis gene a)-related kinase 2 (Nek2A)
citron (rho-interacting, serine/threonine kinase 21)
NDC80 kinetochore complex component homolog (S. cerevisiae)
nucleolar and spindle associated protein 1
ZW10 interactor
extra spindle pole bodies homolog 1 (S. cerevisiae)
sperm associated antigen 5
MAD2 mitotic arrest deficient-like 1 (yeast)
DEAD/H (Asp-Glu-Ala-Asp/His) box helicase 11
kinesin family member 25
chromosome 15 open reading frame 23
structural maintenance of chromosomes 4
paired box 5
breast cancer 1, early onset
DNA (cytosine-5-)-methyltransferase 3 beta
DNA (cytosine-5-)-methyltransferase 1
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Table 6 shows the results of data mining for a range of genes from GO clusters that were
significantly over-represented in the cancer samples. These results were obtained by searching
through the literature of each gene in ‘PubMed’ and other internet sources, for any known
association to lung cancer, other cancers or other diseases. Each X in Table 6 shows which of the
four disease association groupings each gene has been put into. The ‘Lung cancer’ group contains
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all the genes with a known association to lung cancer, of any kind. This includes genes that have
specific roles in lung cancer, as well as genes that are expressed in all cancers, including lung
cancer. The ‘Other cancer’ group contains all the genes with known associations to cancer, but
not lung cancer. The ‘Lung cancer’ and ‘Other cancer’ groups also contain genes involved in both
tumour proliferation and tumour suppression. The ‘Other diseases’ group contains all the genes
with known associations to non cancer diseases. The ‘No disease’ group contains all the genes
with no known association to disease of any kind.

To keep my data annotated with the most recent GO terms and to remove redundant or
duplicated GO terms, the web-based software Revigo (Supek et al, 2011) was used. This program
produced generalized visual maps for both the enriched and suppressed GO networks of
biological processes altered in the cancer cells. These maps were subsequently imported into
Cytoscape (Smoot et al, 2011) for analysis. The summarized networks of biological processes are
presented in figures 2 and 3.

Figure 2 (overleaf) shows the enriched GO nodes of biological processes, for the DE genes
between the normal and cancer samples. Figure 2 illustrates that the ‘C-5 methylation of cytosine’
node is the most represented in the general GO hierarchy of biological processes. This points
toward a possible epigenetic control mechanism of gene expression in the cancer cells. Similarly
Figure 3 (overleaf) shows the results of GO for biological processes found to be suppressed in the
cancer samples. Each node (in both figures) represents one functional grouping of genes. In figure
2, these are groups that are enriched in the cancer samples (they contain genes that are upregulated), whereas in figure 3, these are groups that are suppressed in the cancer samples (they
contain genes that are down-regulated). The larger the node, the more significant the functional
grouping it represents is and the more functional groupings (of genes) it is linked to. The darker
the colour of the node, the higher the difference in expression levels is for genes in this grouping.
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Figure 2. Diagram to display the network of enriched GO terms from the differential profiling of the transcriptome in normal and lung
adenocarcinoma cells.
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Figure 3. Diagram to display the network of suppressed GO terms from the differential profiling of the transcriptome in normal and lung
adenocarcinoma cells.
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Discussion
Lung adenocarcinoma is one of the most common types of lung cancer and is a growing problem
in the UK and other countries. The purpose of this study was to identify potential biomarkers that
could be used for targeted therapy of stage1A lung adenocarcinoma.
One important consideration when undertaking work such as this, is that the data being analysed
is of acceptable quality. This study used data from an RNA sequencing study of lung
adenocarcinoma by Seo et al (2012). The high-throughput sequencing method used by Seo et al
(2012) was Illumina HiSeq 2000. The quality of the reads generated by this method are expected
to be high, with a good mapping ratio. Table 2 shows that more than 90% of the IRs were
successfully mapped to the human genome. This means that the dataset used in this study was of
good quality, with minimal contamination from the sample preparation procedure.
Table 3 shows there are many DE genes between the lung adenocarcinoma samples, and adjacent
healthy tissue. It also shows there are a lot more up-regulated genes in the cancer samples, than
down-regulated. Looking at figure 1, we can see that the large majority of the significantly DE
genes (red nodes) are clustered around the centre of the graph, around the region of DE genes
judged to be less than significant (region filled with black nodes). There are however, a number of
red nodes with a much higher log fold change (genes with a fold change above zero are upregulated in the cancer samples). Table 4 shows the top 50 significantly up-regulated and downregulated genes. Figure 3 illustrates that the top 50 up-regulated genes are much more significant
than the top 50 down regulated; each of the top 50 up-regulated genes has a log fold change
above 5.
Information on individual genes that are highly DE in cancer cells is important. However, when
looking for potential targets for interfering drug therapy, it is useful to assess which biological
cellular processes are altered the most in cancer cells. To do this, a list of the GO clusters
containing the most DE genes was compiled (table 5). Figure 1 had shown that some of the genes
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up-regulated in the cancer samples, were much more highly significant than the rest of the DE
genes. The enriched GO clusters were therefore chosen for data mining over the suppressed
clusters (the time-scale of the project was limited). Specifically 12 of the 20 enriched GO clusters
(containing genes up-regulated in cancer samples) were selected for data mining, the results of
which are shown in table 6. These were the GO clusters that I considered to have the most
significance to cancer. They were: DNA damage response, signal transduction by p53 class
mediator resulting in transcription of p21 class mediator, positive regulation of histone H3-K4
methylation, mitotic prometaphase, positive regulation of histone H4 acetylation, positive
regulation of transcription from RNA polymerase II promoter in response to stress, chromatin
remodelling, post-translational protein modification, G1/S transition of mitotic cell cycle, DNA
unwinding involved in replication, mitotic sister chromatid segregation and negative regulation of
histone H3-K9 methylation.
The results of data mining are shown in table 6. The genes were split into four groups, based on
their known significance to cancer or other diseases. One of these groups was ‘Lung cancer’,
which included all the genes with known associations to lung cancer. One example of a gene in
this group is tumor protein p63. The protein encoded by this gene is involved in many different
types of cancer, and has been shown to be a useful marker for the detection of NSCLC (Jorda et al,
2009). Genes such as this were expected to be found in the results for this study.
There are however some more unexpected up-regulated genes to be found in this group. One
such example is GalNAc-T3. Gu et al (2004) report that low expression of this gene is associated
with tumour recurrence in lung adenocarcinoma. Gu et al (2004) go on to say that GalNAc-T3 may
be a useful marker for predicting poor prognosis, particularly in patients with stage1 diseases. In
this study however, GalNAc-T3 has been found to be up-regulated in stage1 lung adenocarcinoma
samples. What this may suggest, is that the GalNAc-T3 protein has a role in tumour suppression;
it could be that the high expression found in cancer samples from this study, are as a result of the
cells attempt to inhibit tumour development.
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The next group in table 6 is ‘Other cancer’. This group contains all the genes with known
associations to cancer, but not lung cancer. One unusual example from this group is CtIP, which is
known to be associated with breast cancer. Wu et al (2007) report that the silencing of this gene
may represent a novel mechanism for the development of Tamoxifen resistance in breast cancer
(Tamoxifen is a breast cancer treatment drug). This would seem to be an unusual gene to be
found up-regulated in lung cancer. As such, this study may indicate a previously unknown role for
this gene in lung cancer, or in tumour development in general.
Some of the genes in the ‘Other cancer’ group are associated with many different types of cancer.
One example like this is CENPF, which is implicated in head and neck squamous cell carcinoma,
breast cancer, astrocytic gliomas and salivary gland tumours (Shigeishi et al, 2008). Genes like
CENPF are important, because finding them highly expressed in a type of cancer they are not
known to be associated with, indicates they may have a more general significance to cancer than
previously realised.
The third group in table 6 is ‘Other diseases’. This group contains all the genes that data mining
revealed to have associations with non cancer diseases, and were not known to be associated
with cancer. There were only five genes in this group, one of which was ST8 alpha-N-acetylneuraminide alpha-2,8-sialyltransferase 2. This has been identified by McAuley et al (2012) as a
generalized susceptibility gene for psychotic and mood disorders, including schizophrenia, bipolar
disorder and autism. Finding ‘Other diseases’ genes up-regulated in lung cancer cells, suggests
these genes may have previously unknown functions involved in cancer development.
For the same reason, genes with no known disease associations are very important. This study
has revealed many of these genes, which can be found in the ‘No disease’ group of table 6. These
genes may be the most important results of this study. The high number of them found to be upregulated in the cancer samples, suggests that at least some have a previously unknown function
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in the progression of lung adenocarcinoma; it is not likely that all of these genes are up-regulated
due to random chance.
One unusual gene found in this group was UDP-GlcNAc:betaGal beta-1,3-Nacetylglucosaminyltransferase 3. This gene encodes a type II transmembrane enzyme which is
involved in the biosynthesis of poly-N-acetyllactosamine chains and the biosynthesis of the
backbone structure of dimeric sialyl Lewis a (B3GNT3 UDP-GlcNAc:betaGal beta-1,3-Nacetylglucosaminyltransferase 3 [ Homo sapiens (human) ], 2008). It also plays dominant roles in
L-selectin ligand biosynthesis, lymphocyte homing and lymphocyte trafficking (B3GNT3 UDPGlcNAc:betaGal beta-1,3-N-acetylglucosaminyltransferase 3 [ Homo sapiens (human) ], 2008).
Another unusual gene in this group was DEAD/H (Asp-Glu-Ala-Asp/His) box helicase 11. The
protein encoded by this gene is an RNA helicase, which may function to maintain chromosome
transmission fidelity and genome stability (DDX11 DEAD/H (Asp-Glu-Ala-Asp/His) box helicase 11
[ Homo sapiens (human) ], 2008). Genes such as these could be recognised as potential targets for
interfering drug therapy if their up-regulation was shown to be linked to lung adenocarcinoma.
The results of this study suggest this may be the case. However, further research into these genes
is required to assess their potential to be classified as novel oncogenes.
Many of the ‘No disease’ genes have known functions in cellular processes. Some of these are
known to be involved in cell division. Examples of this type include: kinetochore associated 1
which encodes a protein involved in mechanisms to ensure proper chromosome regulation during
cell division (KNTC1 kinetochore associated 1 [ Homo sapiens (human) ], 2008), centromere
protein K which encodes part of a complex required for kinetochore function and mitotic
progression (Okada et al, 2006), and regulator of chromosome condensation 2 which is required
for the completion of mitosis and cytokinesis (Mollinari et al, 2003). Finding genes like these upregulated in cancer cells is not that surprising. One key aspect of cancer is uncontrolled cell
division. Genes that have a function in cell division, are therefore likely to be over-expressed in
cancer cells. To classify the three genes listed (above) as oncogenes wouldn’t necessarily be
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correct, because their high expression may not have the potential to cause cancer, when not in
conjunction with the over-expression of other genes. Genes such as these don’t present a
particularly useful target for interfering drug therapy, because drugs that interfere with
components of cell division may have an adverse effect on non-cancer cells.
The regulation of expression for genes involved in the process of cell division, is often altered in
cancer cells. The same holds true for other cellular processes that are altered in cancer e.g.
apoptosis. Genes found to regulate the expression of genes involved in these processes, could be
useful targets for interfering drug therapy, if there over-expression was shown to be linked to
cancer. In this regard, perhaps the most important GO cluster over-represented in the dataset is
‘chromatin remodelling’, as this contains genes whose expression affects the expression of other
genes. There are many genes in this group that were found up-regulated in the cancer samples,
most of which had known associations to cancer. There were however two that were categorised
in the ‘No disease’ group of table 6. These were: K(lysine) acetyltransferase 2A which is a HAT that
functions primarily as a transcriptional activator (Mao et al, 2009), and bromodomain adjacent to
zinc finger domain, 1A which encodes a sub-unit of a chromatin remodelling complex (Racki et al,
2009). It’s possible that these genes have a function in regulating the expression of oncogenes.
Figures 2 and 3 illustrate the networks of enriched and suppressed GO nodes (of biological
cellular processes) respectively. In figure 2, the ‘C-5 methylation of cytosine’ node is the most
represented in the general GO hierarchy of biological processes. This means there a lot of upregulated genes in the cancer samples, which are involved in cytosine methylation. The
methylation of cytosine residues in DNA, is a mechanism for epigenetic regulation of gene
expression. The methylation of DNA results in the formation of heterochromatin; this is a densely
packed form of chromatin, which inhibits transcription of the DNA (Bracht et al, 2012). Therefore,
the enrichment of cytosine methylation implies there was a higher level of transcriptional
silencing in the cancer cells, compared with the adjacent healthy cells. It could be that in the
cancer cells, tumour suppressor genes are being silenced, resulting in a lack of tumour
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suppression. For example, genes that induce apoptosis could be being silenced. This would result
in a lack of cell death, and contribute towards the growth of the tumour. Alternatively, the high
level of DNA methylation could be as a result of the cells attempt to halt the progress of cancer,
by the silencing of genes associated with tumour growth and development. For the cancer
samples in this study however, this is not likely. As we have seen, there are many genes
associated with cancer that are significantly up-regulated in the cancer cells.

In figure 3, one of the most significant nodes is ‘Immune Response’. One way in which the
immune system deals with cancer, is the targeting of tumour specific cell surface antigens (by
antibodies). The down-regulation of genes involved in the immune response, suggests that there
may be specific antigen(s) targeted by the immune system in lung adenocarcinoma. If this was
shown to be the case, the down-regulation of ‘Immune Response’ genes would be of critical
importance to tumour development in this disease. What’s more, a successfully identified tumour
antigen could provide a novel target for anti-cancer therapy.

Looking at the top 50 up-regulated genes (table 4), we can see several genes that encode
antigens. One of these genes is PRAME (preferentially expressed antigen in melanoma), which is
expressed in melanomas (and leukemias) and is recognized by cytolytic T lymphocytes (PRAME
preferentially expressed antigen in melanoma [ Homo sapiens (human) ], 2008). In a study to
identify genes associated with NSCLC promotion and progression, Bankovic et al (2010) reported
that PRAME probably plays an important role in NSCLC genesis. Finding this gene up-regulated in
stage1A lung adenocarcinoma then is not completely unexpected. It does however offer an
interesting suggestion: that antigens such as this are normally targeted by lymphocytes, but the
lack of ‘Immune Response’ gene expression in the cancer cells from my study prevents this
somehow. Therefore the cancer cells are not targeted for apoptosis, and continue to proliferate.
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To conclude, the aim of this work was to establish possible metabolic pathways and biological
cellular processes, which could be specifically targeted by therapy in stage1A lung
adenocarcinoma. The analysis of DE genes from Illumina HiSeq RNA sequencing of lung
adenocarcinoma and adjacent healthy cells, revealed a number of important findings.
A variety of over-expressed oncogenes were discovered in tumour samples, of which some were
known to be associated with the lung cancer, and others with different tumour types.
A number of genes not known to be associated with any kind of cancer, were also found to be
over-expressed in the tumour samples. This suggests that these genes have an as yet
undiscovered role in cancer development, which could be validated with further research.
GO analysis revealed that the process with the highest activity in the cancer samples (of the
hierarchy of biological cellular procceses), was involved in epigenetic governance of the cell. This
finding is particularly important in defining a strategy for future study, which could focus on the
genes particularly affected by this process.
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Appendices
#CHUNK 1
# Get project description file from GEO database and save it to file: GSE40419.desc.txt
# Extract sample identifiers for samples stage1A and samples stage1A adjacent from
description file and save them to 'samples_stage1A.xsl' and
samples_stage1B_adjacent_normal.xsl respectively.
# Extract archive link for corresponding datasets from GEO using sample identifiers:
# SampleId= samples_stage1A.xsl | samples_stage1B_adjacent_normal.xsl
cat SampleId | while read F; do wget
"http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=$F&form=xml" -O $F.xml; done
#
# Make download links:
for F in *.xml; do BN=`echo $F | sed 's/\..*$//'`; grep -E 'ftp://.*sra' $F > $BN.link;
done
# Downland archived fastq files from GEO database:
for F in *.link; do BN=`echo $F | sed 's/\.link//'`; wget -r -nd -A '*.sra' `cat $F` -O
$BN.sra; done
# Using NCBI archive tool extract fastq file from the archive:
for F in *.sra
do ~/sratoolkit.2.1.16-centos_linux64/bin/fastq-dump $F
done
#CHUNK 2
# Alignment using cluster bsstream3 environment
# Create working variables:
# FILES = fastq file to process
# WORK = working directory
# Login on bstream3. Using <gsnap node manager> start the process on each free node. One
process per node (not per core!)
for F in $FILES
do
FHOSTS=( `/users/igor/devel/getfree.gsnap.sh` )
if [ ! "$FHOSTS" ]
then echo There is no free hosts available
break
fi
ssh -f $FHOSTS "nohup /usr/bsbinfo/bin/rgsnap.sh $WORK $F &>/dev/null"
BN=`basename $F .fastq`
while [ ! -f $WORK/$BN.WORKING ]
do sleep 1
done
done
# Delete processed fastq files in the working directory
ls -1 *.FINISHED | sed 's/\.FINISHED/\\\*/' | while read F; do rm $F; done
#CHUNK 3
# Coverting SAM -> BAM
# Sorting
# Removing duplicates
# Indexing
# Extracting stats
#
for F in ../SAM/*.sam.gz
do
BNAME=`basename $F .sam.gz`
echo "1 Making $F --> $BNAME.bam"
samtools view -bhS $F -o $BNAME.bam
echo "2 Sorting $BNAME.bam"
samtools sort $BNAME.bam $BNAME.tmp
echo "3 Removin duplicates from $BNAME.bam"
samtools rmdup $BNAME.tmp.bam $BNAME.bam
rm $BNAME.tmp.bam
echo "4 Indexing $BNAME.bam"
samtools index $BNAME.bam
echo "5 Writing statistics in $BNAME.bam.stat"
samtools flagstat $BNAME.bam > $BNAME.gen.stat
done
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###CHUNK 4
#### Import Alignments from <BAM> data file:
library(Rsamtools)
files = list.files('~/data/BAM/', pattern="*.bam$", full=TRUE)
load('hg19gff.rda')
counts = matrix(nrow = length(hg19gff$transcript), ncol = 0)
for(file in files){
print(paste('Importing file: ', file))
reads = readBamGappedAlignments(file)
print(paste('Counting overlaps found in:', file))
ovl = findOverlaps(reads, hg19gff$transcript)
shits = subjectHits(ovl)
counts = cbind(counts, sapply(1:length(hg19gff$transcrip), function(x) sum(shits == x)))
}
#ANNOTATE DATASET
sample_names = gsub('^.*/(.*)\\..*', '\\1', files)
# Set column names
colnames(counts) = sample_names
#extract gene names as well
txx = unlist(hg19gff$transcript, use.names=FALSE)
x = values(txx)
Ugenes = x[!duplicated(x$tx_id),]
GSE40419_transcript_counts= data.frame(Ugenes$tx_id, Ugenes$gene_id, counts)
colnames(GSE40419_transcript_counts)[1:2] = c('tx_id', 'gene_id')
###CHUNK 5
###
#IMPORTING DATASET INTO edgR
library(edgR)
counts = GSE40419_transcript_counts[,3:ncol(GSE40419_transcript_counts)]
rownames(counts) = GSE40419_transcript_counts$tx_id
#extract sample ids
names = colnames(GSE40419_transcript_counts)[3:ncol(GSE40419_transcript_counts)]
#
# PREPARE SAMPLE TABLE. We will need this to assign a sample order for stat analysis with
replicates
#
Samples = sample_table[,2:ncol(sample_table)]
colnames(Samples) = sapply(Samples[2,], as.character)
sample_names
### Remove extra symbols from sample names so they will match to sample names in the sample
table
sample_names = gsub('\\..*$', '', sample_names)
I = match(sample_names, colnames(Samples))
### indexing sample order
Samples[8,I]
sample_order = Samples[8,I]
####CHUNK 6
### Binomial test in edgeR
### converting to vector
conditions = as.vector(sapply(sample_order, c))
#
### Create sample list for comparison between groups
control = 'Adjacent lung normal cells'
cancer = 'Lung cancer cells'
############################################################################
## Pairwise Comparisons Among Two or Mores Groups with Linear Model edgeR ##
############################################################################
#
### Load edgeR library
library(edgeR)
# Create a GDElist that the stat package will be able to read:
counts = GSE40419_transcript_counts[,3:ncol(GSE40419_transcript_counts)]
rownames(counts) = GSE40419_transcript_counts[,1]
dge = DGEList(counts, group=conditions)
# Calculate normalisation factors (libraries might have different sizes)
dge = calcNormFactors(dge)
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# Create design matrix: this is a matrix that will hold positional indexes of sample order
group = rep(1, length(sample_order))
group[sample_order == 'Lung cancer cells'] = 2
# create a model design matrix:
group = factor(group)
design = model.matrix(~group)
## Fit a negative binomial generalized log-linear model to the read
## counts for each gene or transcript. Conduct statistical tests
## based on the fitted models.
#### WE USE *estimateGLMTrendedDisp(D, design)* function:
#
#
Estimates the dispersion parameter for each transcript (tag) with
#
a trend that depends on the overall level of expression for the
#
transcript for a DGE dataset for general experimental designs by
#
using Cox-Reid approximate conditional inference for a negative
#
binomial generalized linear model for each transcript (tag) with
#
the unadjusted counts and design matrix provided.
dge = estimateGLMTrendedDisp(dge,design)
# here we estimate tag-wise dispersion
dge = estimateGLMTagwiseDisp(dge, design, prior.n = 10)
# Generate LM fit object:
fit = glmFit(dge,design)
# Compare control group vs cancer
control_tumour = glmLRT(dge,fit,coef=2)
# Find out how many genes are expressed differently in the dataset
n = sum(p.adjust(control_tumour$table$PValue, method = "fdr") < 0.01)
# Copy all significant data in dataset 'D'
D = topTags(control_tumour, n = n)$table
# Sort them by logFC value
D = D[order(D$logFC, decreasing = T),]
# extract gene id tags
detags = rownames(D)
plotSmear(control_tumour, de.tags = detags, main = "Normal vs tumour tissue: Fold Change
dispersions", ylab = 'log2FoldChange')
#####
pdf("adjacent-cancer.dispersion.pdf", height=8, width=8)
###png("test.png", height=400, width=200)
plotSmear(control_tumour, de.tags = detags, main = "Normal vs tumour tissue: Fold Change
dispersions", ylab = 'log2FoldChange')
dev.off()
### Prepare result dataset for up/down regulated DE genes
contast.control_tumour=list()
###We will need FC and p values from it:
contast.control_tumour[['up']] = D[D$logFC > 0,c(1,4)]
contast.control_tumour[['down']] = D[D$logFC < 0,c(1,4)]
####CHUNK 7
# Annotation of dataset
###ANNOTATION BITS###
# Loading annotation library
library(org.Hs.eg.db)
#keytypes(org.Hs.eg.db)
### Select the columns that we need for annotation:
cols <- c("ENTREZID","SYMBOL", "GENENAME", "GO")
## Extract annotation bits
annot = select(org.Hs.eg.db, keys=detags, cols=cols, keytype="REFSEQ")
### remove extra bits we don't need
annot = annot[,1:5]
### Remove empty entries
annot = annot[!is.na(annot$ENTREZID),]
### create annotation table compatible with data
annot_data = data.frame()
### Fill up the data object with the data
for (id in detags) {
W = which(annot$REFSEQ == id)
if (any(W))
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annot_data = rbind(annot_data, data.frame(REFSEQ = id, ENTREZID =
unique(annot$ENTREZID[W]), SYMBOL = unique(annot$SYMBOL[W]), GENENAME =
unique(annot$GENENAME[W]), GO = paste(annot$GO[W], collapse=';')))
}
#### KEGG Annotation ####
KEGG = mget(as.character(annot_data$ENTREZID), org.Hs.egPATH, ifnotfound=NA)
annot_data = data.frame(annot_data, KEGG = as.character(cbind(KEGG)))
#
# CHUNK 8
#### GO Annotation ####
library(GO.db)
### Reading through GO data ####
for (N in names(contast.control_tumour)) {
ids = rownames(contast.control_tumour[[N]])
A = annot_data[annot_data$REFSEQ %in% ids,]
write.table(A[1:50,], file = paste('results/', N, '/top50.xls', sep = ''), sep = "\t",
row.names = FALSE)
for (i in 1:nrow(A)) {
gname = A$GENENAME[i]
go = A$GO[i]
if (!is.na(go))
{
# split 'go' identifiers
G = unlist(strsplit(as.character(go), ';'))
# retrieve GO info from database:
GoResult = mget(G, GOTERM, ifnotfound = NA)
# iterate through results
# for (L in GoResult) {
#
writeLines(Definition(L))
# }
gname = gsub('/', ' ', gname)
fd = file(paste('results/', N, '/', gname, '.go.txt', sep=''),"w")
### Write definitions in file:
for (L in GoResult) {
writeLines(Definition(L), con = fd, sep="\n")
}
close(fd)
}
}
}
## CHUNK 9
###### GO CLUSTERING ######
library(topGO)
### Load GO translation table
geneID2GO = readMappings(file = 'G2GO.tab')
geneList = control_tumour$table$PValue
names(geneList) <- rownames(control_tumour$table)
### First we find gos for upregulated genes.
D = control_tumour$table$logFC ### select logFC threshold
topDiffGenes = function(allScore) {
return (p.adjust(allScore, method = "fdr") < 0.01 & D > 0)
}
GOdata = new("topGOdata", description = "GO analysis", ontology = "BP", allGenes = geneList,
geneSel = topDiffGenes, annot = annFUN.gene2GO, gene2GO = geneID2GO)
#GOdata = new("topGOdata", description = "GO analysis", ontology = "MF", allGenes =
geneList, geneSel = topDiffGenes, annot = annFUN.gene2GO, gene2GO = geneID2GO)
weight = runTest(GOdata, statistic = "fisher")
allRes = GenTable(GOdata,weight = weight, topNodes = 20)
showSigOfNodes(GOdata, score(weight), firstSigNodes = 5, useInfo = 'def')
printGraph(GOdata, weight, firstSigNodes = 10, fn.prefix = "control_tumour.", useInfo =
"def", pdfSW = TRUE)
write.table(allRes, file ='results/control_tumour.up.go.xls', sep = "\t", row.names = F,
quote = F)
### Now for dwnregulated genes:
D = control_tumour$table$logFC ### select logFC threshold
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topDiffGenes = function(allScore) {
return (p.adjust(allScore, method = "fdr") < 0.01 & D < 0)
}
#topDiffGenes = function(allScore) {
#
return (allScore < 0.05 & D < 0)
#}
GOdata = new("topGOdata", description = "GO analysis for downregulated genes", ontology =
"BP", allGenes = geneList, geneSel = topDiffGenes, annot = annFUN.gene2GO, gene2GO =
geneID2GO)
#GOdata = new("topGOdata", description = "GO analysis", ontology = "MF", allGenes =
geneList, geneSel = topDiffGenes, annot = annFUN.gene2GO, gene2GO = geneID2GO)
weight = runTest(GOdata, statistic = "fisher")
allRes = GenTable(GOdata,weight = weight, topNodes = 20)
showSigOfNodes(GOdata, score(weight), firstSigNodes = 5, useInfo = 'def')
printGraph(GOdata, weight, firstSigNodes = 10, fn.prefix = "control_tumour.GOnodes.",
useInfo = "def", pdfSW = TRUE)
write.table(allRes, file ='results/control_tumour.down.go.xls', sep = "\t", row.names = F,
quote = F)
###################################################
# EXTRACT GENES ALLOCATED TO EACH OF TEN CLUSTERS
###################################################
for (i in 1:20) {
GO = allRes[i,1]
### what do we extract in this step?
allgo = annot_data[grep(GO,annot_data$GO),c(1,4)]
genes_identified = allgo$GENENAME[allgo$REFSEQ %in%
rownames(contrast.control_tumour[['up']])]
write.table(unique(genes_identified), file = paste('results/gocluster_',
as.character(i), '_.up.xls', sep = ''), sep = "\t", col.names = FALSE, row.names = FALSE,
quote = FALSE)
}
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Proposal for Future Work
The results and discussion of this study focussed on the enriched GO clusters, and the genes they
contained. With extra time, more information could have been revealed by the data mining of the
genes from the suppressed GO clusters in this study. Like many types of cancer, lung
adenocarcinoma has multiple stages of disease progression. Also downloaded from the GEO
repository, were FASTQ files containing mRNA expression data from stage1B of the disease (plus
paired adjacent healthy cell data). The analyses carried out in this project could be duplicated for
this data. Genes that were differentially expressed (and biological cellular processes that were
enriched or suppressed) in both stage 1A and stage1B, could be assessed as less specific targets
for stage1 of the disease. This could prove more useful than developing a therapy specific to
stage1A, as it would benefit a larger number of patients. A focus should also be put on genes and
processed involved in epigenetic governance of the cell, which had a high activity in the original
study.
Objectives for future work would include:
Analysis of RNA expression sets of paired normal and stage 1B tumour samples.
Mapping of DE transcripts, analysis with a clustering algorithm and annotation with GO
and KEGG pathway references.
Data mining of DE genes found in analysis of stage1A and 1B lung adenocarcinoma.
Comparison of results for DE genes and enriched/suppressed GO terms in stage 1A and
1B

The approach and methods for this work would be the same as in the original study. My
hypothesis is that the additional information revealed with regard to potential targets for drug
therapy, will validate the information already discovered, and provide an accurate description of
the molecular profile of stage1 lung adenocarcinoma.
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