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Abstract
Background: Genome instability is one of the signi�cant markers of cancers. This features is one of the
most fundamental mechanism regarding cancer cells evolution. This major mechanism has been found
mostly in some of cancer types and in less extends in other types. Majority of this instability occur mostly
in chromosome scale or satellites.

Results: In this regards whole exome data has been downloaded from Array express (EMBL-EBI). We
investigate the amount of instability of genetic variations such as SNP, MNP and other types in various
cancers. We also investigates this change in genome, chromosome and gene scale point of view in
various type of cancers. Our �ndings might enlighten some preservative mechanism in genome scale.

Conclusion: Although genome instability on chromosomal level is well studied and has been proved, on
micro scale genomic variation it might not be the case. The positive control and negative show right
pattern, however on other cancers from different stages and grades the instability could not be con�rm
on micro scale instabilities. 

Introduction
Genomic instability is one of the worst features of cancer cells (1). Although understanding of the
underlying mechanism and molecular basic of this signi�cant pathway is vitally important, a little
knowledge has been obtaining in this branch of science (2). There are different types of genomic
instability. Most cancers obtain chromosomal instability (CIN), refers to the high rate of alteration in
chromosome structure and number in cancer versus normal cells (3). Actually it might be consider as an
evolutionary approach for cancer cells to be alive and successful in the hostile environment such as our
body for them (4). Abnormal chromosome structures (5) and numbers alteration associated with
abnormal mitoses (6) have seen frequently. Of these chromosomal changes observed in some cells of a
tumor but not in all, suggesting heterogeneity in cancer cells are the legacy of a genetically instable single
cell, which acquire chromosomal abnormalities evolutionary (7, 8). It is notable that presence of CIN has
also been proven in cancer cells in-vitro. Regardless of chromosomal instability which is the major form
of genomic instability, other types of instability have also been reported (9, 10). One of these shifts are
genomic instability, characterized by increased frequencies of base pair mutation (11). Evidence obtained
by heredity cancers researches shows that loss of DNA repair genes, cell cycle checkpoints, mitosis
regulators and many more pathways will increased frequencies of base pair mutation including single
nucleotide polymorphism (SNP), multiple nucleotide polymorphism (MNP) and many mores (12). For
example, hereditary MYH-associated polyposis, in MYH, a DNA base excision repair (BER) gene, results in
increased SNPs. Microsatellite instability (MSI) characterized by change of the number of oligonucleotide
repeats in tandem nucleotide repeats, repetitive motifs of 1 to 6 nucleotides (12, 13). MSI has been
observed many cancers. An analysis indicates mixed result of MSI as element of prognosis in colorectal,
gastric, pancreatic and esophageal cancers but a poor one in non-small cell lung cancer. SNPs are one of
the evolutionary changes which could boost organism and cell to progress and cancer cells are no
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exceptions. SNPs could induce naturally and spontaneously to a resultant phenomenon of DNA repair
system malfunction. Regardless of causality, their position in chromosomes is determining their role.
SNPs could induce in exome, introns, 3-UTR, 5-UTR and other various position in genomic content (14, 15,
and 16). Generally, any change in expression or function of any transcript and gene in favor of disrupting
cancerous features could be bene�cial for induction and progression of cancer and malignancies. The
exonal SNPs affect cancer by suppressing or overexpression of gene transcription and translation. SNPs
in intron regions could affect splice variants or disrupt binding and function of long non-coding RNAs
which could even indirectly upregulated other genes. SNPs in the 5′-UTR change rate of translation,
although SNPs in the 3′-UTR could affect microRNA (miRNA) binding to their targets. SNPs in up or
downstream of genes could boost or reduce transcription of genes affecting cis or Trans elements (17,
18).

The promoter region SNP could induce down or upregulation of the transcript via alteration in binding site
a�nity for other proteins such as TATA box. Intronal sequences of cis-acting regulatory elements could
regulate expression of genes. The 5′ and 3′ UTRs of mRNAs control translation. The 5′-UTR regulates
translation but the 3′-UTR determines mRNA stability. Not to mention several nucleotide from each region
is most important and have been neglected by many investigations. Other signi�cant changed caused by
SNPs are protein structural shifts. If a change could occur in gene coding part, a structural change could
induce in protein structure. This changes could have no signi�cant changes in protein function such as
synonymous SNP, literally no effect, to termination of a protein function such as missense (17, 18, and
19). It would consist result to assume gain of function of oncogene, or loss of function of a tumors
suppressor could induce cancer and malignancy which has been seen in many genes such as TP53 and
RB (20).

It has been suggested all of the cancer cells have not same rate of instability with a low amount in
squamosal head and neck cancer and high variation in blood related. Although the quanti�cation and
even limits of these change have been remaining to elucidate. It is notable that analysis of population of
cancer cells which show heterogeneity which has been proved by single cells could be intriguing and
cover many aspect of realities (21). However understanding the anatomy and underlying of cancer as
single unit regardless of their micro view complexity could elucidate many question which would be
bene�cial for understanding cancers better.

Material And Methods

Data collection
16 samples of various cancer samples with diverging sources has been collected. Other 10 samples have
been chosen from healthy donors and in some extends normal tissue adjust to cancer cells. Accession
number of samples exist in Table 1. Whole exon of samples has been downloaded from ENA. And
proceed for the analysis.
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Table 1
Accession number of entries

1 ERR1141789 10 ERR2528785 19 ERR3012003

2 ERR1141790 11 ERR3426262 20 ERR1663324

3 ERR1429282 12 ERR3426261 21 ERR637414

4 ERR1629990 13 ERR3426263 22 ERR166329

5 ERR1429984 14 ERR2990062 23 ERR166323

6 ERR1629991 15 ERR2990069 24 ERR166322

7 ERR2278800 16 ERR2990152 25 ERR166319

8 ERR2528757 17 ERR3426265 26 ERR166317

9 ERR2528759 18 ERR3012007    

Whole Exon Analysis
The data have been QC by FastQC software (22) and trimmed by trimmomatic (23) if it is needed. The
data have been aligned to human reference genome (hg19) by Bowtie2 (24). Variant calling has been
done by Freebayes (25) and Genetic variant annotation and functional effect prediction has been done by
SnpEff and SnpSift (26).

Graph Design
Graphs has been prepared by GraphPad prism 8. Heatmap has been set by heatmaper.

Statically Analysis
Statically analysis has been performing by GraphPad prism 8. T tests unpaired and two-way analysis has
been performing as it �ts in tests. It is notable that P values has been presented in text. For ROC curve
has been performing by Wilson/Brown method. For analyzing of heatmap, Manhattan has been chosen
as distance measurement method and average linkage as clustering method.

Results
To investigate an over view of genome variation in cancer 16 samples of whole exome of various cancer
types has been downloaded (Table 1). The cancer group contains squamosal head and neck,
hepatocellular carcinoma, acute myeloid leukemia, lymphoma, NK Malignancy, pleura lung cancer,
gallbladder adenocarcinoma cancer Type. Among them head and neck squamosal cancer as more stable
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cancer type and blood cancer as the most instable cancer type has been choose as well to validate our
analysis. Comparison among cancer and non-cancerous samples have been done. It is notable that non-
cancerous samples include normal samples in addition to normal adjust cancer tissues. Moreover, our
analysis has been shown that number of occurred variation in cancers are related to their type. In
comparison with normal samples which their incidence is more concentrate and predictable, cancer show
a high degree of divergence with highest number in blood related Cancers and lowest in cancer (Fig. 1A).
After this step analysis of chromosomes of each sample seems crucial. In this essence analysis of
chromosomal of cancer versus non-cancerous samples have been done. Although there was no
signi�cant result in Y chromosomes, X chromosome on the other hand shows more instability in control
samples (Fig. 1B). The same situation happen with other chromosomes in these comparisons. The
average of all of chromosomes of normal samples from 1 to 22, with no expectation, were more instable
and signi�cantly differ (P value < 0.0001) (Fig. 1C). To investigate the stability of all chromosomes of
each sample, we draw violin plat of each sample based on their stability of their chromosomes (Fig. 1D).
Once again stability of the normal group were signi�cantly lower than cancer group (P value < 0.05).
Although the two control groups of cancer such as squamosal of head and neck and blood related
cancers show the most stable and instable type in all of the samples subsequently.

To understand the underlying mechanism of this variation, analysis of their types, functions and other
features were important. These variations have been occurred as SNP frequently in both cancerous and
non-cancerous type. It is interesting MNP occur more in cancer type and SNP slightly higher in normal
cells. Other type of variation including insertion, deletion and mix changes were signi�cantly lower that
other two types. It is interesting that mix type has been occurred in cancer types more occasionally
(Fig. 2A). The most interesting data of ours are related to the position of variation in genes. More than 60
percent of variation occur on exon and intron in both groups however interionic variation are signi�cantly
higher in cancer group than normal one (P value = 0.0082). In opposite changes in exonal segments are
less in cancer group than normal type (P value = 0.0033) (Fig. 2B). Other group have less share in these
variations except intragenic segment which cancer cell show more instability. The impact of variation has
been classi�ed to 4 groups containing the modi�er, moderate, high and low. Each group represented in
supplementary table1. Modi�er changes affect more cancer group (P value = 0.0033) (Fig. 2C).
Interestingly high changes were fewer in cancer groups (P value = 0.0086). Percentage of missense were
slightly lower in cancer group versus the control group. Instead (P value = 0.0088), variation result in
silencing of protein were slightly higher in cancer group (P value = 0.0411) (Fig. 2D).

To obtain deeper insights, we sort genes base on their variation index as high impact and determine their
functional pathways. Genes have been categorized and classi�ed. It has been found that more than 100
genes with high impact changes has been belonged to metabolic pathways. Further pathways such as
signaling, proteoglycans and viral carcinogenesis were also signi�cant as it has been shown (Fig. 3A).
More over a list of genes whom their present was dominated in all of the cancerous samples has been
prepared, and a network of them has been prepared (Table2 and Fig. 3B).
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Table 2
Genes most appear in cancer group with high impact effects

CHI3L1 WARS PTPRB ALDH4A1 STAG2 TLR8 CHI3L2

FOLH1 LDHA FASN CYP11B2 XYLB TP53 ADAM17

NMRK1 NOTUM IDUA PCSK9 TP73 MEN1 PTK2

CES1 ADSL BLVRB EGFR PPIA LGALS8 MAPKAPK2

SYK UBC NEU2 PNP IDE DPP4 CBS

HDAC8 GAPDH FDFT1 EPHX2 RAB8A OAT FURIN

CSF1R PKM NAGA PDE4B CHIA PPP5C KDR

HRAS PTGR1 CSNK1D GRHPR MAOB TYMP PFKP

Among candidates, TP53 were the key to cancer. Two signi�cant pathways also has been link to TP53.
First were metabolic pathway including FASIN and LDHA which could regulate energy pathway. Other
was MEN1, a tumor suppressor (Fig. 3B and C).

In the next step, we were wondering if the sample could be classi�ed based on their variation on their
chromosomes. Furthermore, an over view of each sample based on their chromosomes also seems
curial. In this essence, their heatmap has been set. It is interesting that heatmap could categorize most of
the samples in their groups. In addition, most of the normal and cancerous groups show the same
signature of each other (Fig. 4A). Furthermore, we perform a ROC cure analysis to see if this method
could predict cancerous cells e�ciently. The P-Value of Roc curve were 0.1742 with area of 0.6667
(Fig. 4B).

Discussion
Genome instability is one of the most devastating features of cancers. It has appeared that many cancer
stem cells or in other word progenitors of malignancy have risen and evolve from this features.Although
Genome instability is well known generally based on chromosomes instability and microsatellite
rearrangements, little known regarding variations in the micro environment of the genome such as SNP,
MNP and many more. Here we selected several cancer types and compare their genomic variation with
each other and normal genomes. Our data suggest that there are no meaningful relationships between
two groups. Although different cancer show Insurgent among them self and normal group an interesting
consistency. This data show that micro variation in the genome of cancers generally is not in accordance
with or MSI which is intriguing. It could be bene�cial to group cancer sample in stages or grades however
most of samples have lesser incidence than mean of control group which might disprove this hypothesis.
We believed this data represented a population view of cancer sample. This occurrence might be due to
cancer type which the molecular pathway in cancer cells trying to suppress them even in the middle of
cancer. This data also could be seen in chromosomes study of cancers versus normal samples which
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frankly is clearer. Other signi�cant �ndings would be reducing of SNP and increase of MNP in cancer
group.The increase intronal change and diminishing exonal change in cancer group also is one of the
signs of suppression in cancer cells. The same situation goes for high impact and low impact changes. It
is interesting that stages and grade of cancer have not been effective in our analysis which need future
investigation. Pathway analysis of genes with most number of changes in order of high impact changes
show meaningful changes in metabolism pathways. They might be outstanding target due to their high
number genes and low value of each of them with eventually could changes many. In our study once
more the impact of TP53 has been seen. Two pathways also could have most in�uence including MEN1
and metabolic pathway. In the last cancer group could be clustered by their chromosomal changes in
right order.
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Figure 1

An overview of genomic variations. A. Number of incidents per samples in cancerous and non-cancerous
groups. B. variation in sexual chromosomes. C. variation in somatic chromosomes. D. stability of each
sample.
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Figure 2

Classi�cation of variations. A. type of each variations. B. Position of each variations on genes. C. Effects
of each variations. D. Function classi�cation of each variation.
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Figure 3

Pathway analysis of cancer grups. A. classi�cation of varitions in cancers. B. Network of most affected
genes. C. Pathway analysis of netwok.
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Figure 4

Clustering and Roc curve of samples. A. Heatmap of samples and their clustering (Based On number of
entries). B. ROC curve chromosomes stability in cancerous and non-cancerous groups.


