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Exploration of the cancers association based on somatic data in TCGA
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Abstract. As the widely development of Next-generation sequencing (NGS), many studies
conducted the somatic data analysis of cancers, which provides the valuable information for
understanding cancer incidence and progression. In this paper, we conducted a somatic data analysis
for eight cancers, they are: Glioblastoma Multiforme, Head and Neck squamous cell carcinoma,
Kidney renal clear cell carcinoma (Kirc), Lung Adenocarcinoma (Luad), Lung squamous cell
carcinoma (Lusc), Ovarian Cancer (Ov), Skin Cutaneous Melanoma (Skcm) and Thyroid carcinoma
(Thca). We explored the potential association between these cancers based on the somatic signatures
identification and the association rules analysis. We found that TTN, TP53, CSMD3, MUC16 and
PCDHGC5 were genes haboring the highest mutations ratio for eight cancers. Furthermore, we found
the potential association among Hnsc, Skcm and Luad using association rules method. Some
evidences have approved the common risk factors and molecular abnormalities in cell-cycle
regulation and signal transduction predominate among these three cancers. Our analysis might help
shed light on the links between different cancers as a whole.
1. Introduction
Recently, as the widely development of Next-generation sequencing (NGS), many studies
conducted the somatic mutations analysis of cancers, which provides the valuable information for
understanding cancer incidence and progression. Some of mutated cancer genes have been proven to
be tractable targets for new anticancer drug [1]. For example, Wang et al. found that alterations of the
PTEN gene occur in glioblastoma multiforme, and PTEN thus is the major target of inactivation on
chromosome 10q in glioblastoma multiforme [2]. Recent studies have reported high frequencies of
somatic mutations in the phosphoinositide-3-kinase catalytic alpha (PIK3CA) gene in several human
solid tumors. A specific kinase inhibitor to PIK3CA was found to be potentially effective therapeutic
reagent against head and neck squamous cell carcinoma [3]. In addition, some studies also provide
the evidences of somatic mutations in primary lung adenocarcinoma for several tumour suppressor
genes involved in other cancers [4]. For example, previous studies support that a tumour suppressor
mechanism for BRCA1; somatic mutations and loss of heterozygosity (LOH) may result in
inactivation of BRCA1 in at least a small number of ovarian cancers [5].
Interestingly, we found that some somatic mutations of genes are shared by different cancers. For
example, TP53 somatic mutation are frequent in most human cancers and germline TP53 mutations
predispose to a wide spectrum of early-onset cancers (Li-Fraumeni (LFS) and Li-Fraumeni-like
syndromes (LFL)) [6]. Specially, we found the special metastatic sites of some cancers. For example,
a recent case report presented a patient who developed metastatic thyroid lesions of a primary small
cell lung cancer [7]. Therefore, our study aims to explore the potential association between different
cancers based on the somatic data analysis and somatic signatures identification.
Here, we conducted a somatic data analysis for eight cancers involved in The Cancer Genome
Atlas (TCGA) database (http://cancergenome.nih.gov), and these eight cancers are: Glioblastoma
Multiforme (Gbm), Head and Neck squamous cell carcinoma (Hnsc), Kidney renal clear cell
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carcinoma (Kirc), Lung Adenocarcinoma (Luad), Lung squamous cell carcinoma (Lusc), Ovarian
Cancer (Ov), Skin Cutaneous Melanoma (Skcm) and Thyroid carcinoma (Thca). We explored the
association between these cancers based on the somatic signatures identification and the association
rules analysis. The results showed the potential association between Hnsc, Skcm and Luad. In fact,
some previous evidences have approved the common risk factors and molecular abnormalities in
cell-cycle regulation and signal transduction predominate among these three cancers. Our analysis
might help shed light on the links between different cancers as a whole.
2. Methods
2.1. Data source
In the present study, we used The Cancer Genome Atlas (TCGA) (http://cancergenome.nih.gov)
which includes a variety of data types such as gene expression data, DNA methylation data, copy
number changes, somatic mutations and so on. We selected the somatic data of eight cancers: Gbm,
Hnsc, Kirc, Luad, Lusc, Ov, Skcm and Thca. The number of patients for Gbm, Hnsc, Kirc, Luad,
Lusc, Ov, Skcm and Thca are 291, 319, 293, 519, 178, 142, 264 and 403, respectively. The Sequencer
is Illumina GAIIx. The number of somatic variants for Gbm, Hnsc, Kirc, Luad, Lusc, Ov, Skcm and
Thca are 19,938, 67,125, 24,158, 208,724, 61,485, 5,872, 200,589 and 6,716 respectively. We used
SomaticCancerAlterations package which includes the data of these eight cancers [8] of R software
(http://www.r-project.org) to compute the somatic mutations frequency of genes for each cancer.
Specially, we recorded those genes haboring the most somatic mutations of each cancer.
2.2. Identification of somatic signatures
In the current study, we used the somatic signatures identification method described by Gehring et
al. to implement our analysis [9]. The basic idea of this method is divided into two steps. In the first
step, each somatic mutation is described in relation of the sequence context in which it occurs. Then a
matrix Mij is used to represent the frequency of motifs across multiple samples. Where i indicate the
number of motifs and j indicates the number of samples. In the second step, the matrix M is
r

M ij  Wik H kj

i 1
numerically decomposed into two matrices W and H. The formula is as following:
.
Where r indicates the fixed number of signatures. W indicates the composition of each signature in
term of somatic motifs. For each sample, H shows the contribution of the signature to the alterations
[9]. The Principal component analysis (PCA) was used to employ the eigenvalue decomposition of M
[10].We used SomaticSignatures package [9] of R software (http://www.r-project.org) to implement
this analysis.

2.3. Exploration of the potential association between cancers using the association rules
analysis
In order to explore the potential association between eight cancers, we used association rules
method [11] to perform the analysis. Association rule is one of data mining methods, and the Apriori
algorithm is often used to discover association rules. Association rule is expressed with the form
X⇒Y. Where X is called antecedent (left-hand-side or LHS) and Y is called consequent
(right-hand-side or RHS) of the rule. The strength of an association rule in the Apriori algorithm is
often determined by its support and confidence. The support of a rule is calculated as:
Support ( X  Y )  P( X  Y )
.
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The support determines how often a rule is observed in the data. Therefore, a low support indicates
that a rule has simply occurred by chance, and thus means that the rule might have a lower reliability.
The confidence of a rule is defined as: Conf ( X  Y )  Support( X  Y ) / Support ( X ) .
The confidence determines how often items in Y appear in records that contain X. The confidence
is the certainty of a rule. Another popular measure for association rules used is lift, which is defined
as the following: Lift( X  Y )  Support ( X  Y ) /(Support ( X ).Support (Y )) .
Lift can be interpreted as the deviation of the support of the whole rule from the support expected
under independence given the supports of both sides of the rule. Greater lift values indicate the
stronger associations.
Here, we construct a gene-cancers association matrix. For 16,383 genes and 8 cancers, the element
of the matrix mij is defined as 1 if the ith gene has mutations in jth cancer whereas is defined as 0 if
the ith gene has no any mutation in jth cancer. In order to get more effective rules, we set 0.8 as the
support threshold and the confidence threshold respectively. In the present study, we used arulesViz
package (http://lyle.smu.edu/~mhahsler) of R software (http://www.r-project.org) to implement the
analysis and visualize the obtained association rules.
3. Results
3.1. Mutation gene frequency analysis and mapping the specially gene regions
We used SomaticCancerAlterations package of R software (http://www.r-project.org) to compute
the mutations frequency of genes for each cancer. In Table 1, we listed the top five genes showing the
most mutations sum of eight cancers. From Table 1, we can see that TTN, MUC16, TP53, CSMD3
and PCDHGC5 were the most frequently mutated genes identified in this study.
Table 1 The top five genes showing the most mutations sum of eight cancers
Gene
TTN
MUC16
TP53
CSMD3
PCDHGC5

Gbm
121
68
101
11
62

Hnsc
401
155
323
130
3

Kirc
125
46
8
24
4

Eight Cancers
Luad
Lusc
945
441
643
200
361
154
540
145
735
165

Ov
30
12
118
8
9

Skcm
1609
1158
44
176
12

Thca
14
22
3
5
9

Sum
3686
2304
1112
1039
999

We graphed the mutation ratio of eight cancers for these top five genes (See Figure 1). We found
that TTN and TP53 were genes harboring the highest mutations ratio across eight cancers. From
Figure 1, we can see that TTN showed more mutations in Lusc and Skcm than other cancers.
However, although TTN displayed the most frequently mutation, it is presently hard to determine
whether mutations in TTN act as drivers or are only passengers in lung cancer [12]. As the second
gene which has the highest mutation ratio, TP53 showed more mutations in Lusc and Ov than other
cancers. We know that mutations of TP53 gene are common genetic change in the malignant
progression of many human cancers. Previous findings approved that alterations of TP53 play a
major role in ovarian cancer, and suggest a possible mechanism for somatic mutations leading to
ovarian cancer [13]. In addition, we also found that CSMD3 showed more mutations in Luad, Lusc
and Skcm than other cancers. A recent study has found that CSMD3 is the second most frequently
mutated gene (next to TP53) in lung cancer. This study demonstrated that loss of CSMD3 might
cause the increased proliferation of airway epithelial cells [14]. However, from Figure 1, we can find
that MUC16 showed the lower mutations, and PCDHGC5 showed fewer mutations across eight
cancers.
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Fig.1 The top five genes showing the highest mutation ratio for eight cancers

3.2. Identification of somatic signatures
In this analysis, we used SomaticSignatures package which includes the data of these eight cancers
[9] of R software to identify the somatic signatures. First, the observed occurrences of the somatic
motifs were visualized across cancers as the following graph (See Figure 2). From Figure 2, we can
see the obvious distribution difference of the motifs between the eight cancers. For example, the
contribution of C>T was higher in Gbm and Skcm than in other cancers.

Fig.2 The obvious distribution difference of the motifs between eight cancers
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Consider decomposition into smaller number signatures is nevertheless meaningful, and
decompositions with more signatures naturally approximate the data better, we therefore select to
decompose the data into 8 signatures in this analysis [8, 9]. We selected the Principal component
analysis (PCA) to employ the eigenvalue decomposition of matrix. The eight somatic signatures
(named S1 to S8) were visualized as a heatmap which was shown in Figure 3. In Figure 3, each
signature represents different properties of the somatic spectrum observed in the data. We can see that
signature S1 showed the most alterations, which are followed by signature S2 and signature S3.
Signature S4-S8 showed the similarity distribution across the motifs.
From Figure 4, we can see that signature S1 is specially associated with Kirc and Thca. Signature
S3 showed the strong association with Skcm. Signature S4 showed the strong association with Kirc.
Signature S5 showed the association with Gbm and Thca. Signature S6 showed the strong association
with Thca. Signature S7 showed the strong association with Ov. Signature S8 showed the strong
association with Lusc. Furthermore, we clustered the somatic motifs, and the cluster graph was
shown in Figure 5.

Fig.3 The heatmap of eight somatic signatures (S1-S8)

Fig.4 The association between eight somatic signatures
(S1-S8) and cancers

Fig.5 The cluster graph based on the somatic motifs

From Figure 5, we can see that Thca, Ov and Kirc and Gbm were clustered to one group whereas
Lusc, Luad, Hnsc and Skcm were clustered to another group. Next, we will use association rules
analysis to explore the association between these eight cancers.
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3.3. Exploration the cancers association based on the association rules analysis
In this analysis, we used association rules method to explore the potential association between
eightcancers. Applying Apriori algorithm, with the cut off of support of 0.8 and confidence of 0.8, we
obtained 12 association rules. The matrix graphs of 12 rules (2D and 3D) along with the lift values
were shown in Figure 6a and Figure 6b, respectively.

a

b

Fig.6 The matrix graphs (2D and 3D) of 12 association rules

Excluding three rules which are no sense, the rest 9 association rules along with their support,
confidence and lift values were shown in Table 2.
Table 2 9 association rules obtained from Apriori algorithm
Rules
{Hnsc}⇒{Luad}
{Luad}⇒{Hnsc}
{Hnsc}⇒{Skcm}
{Skcm}⇒{Hnsc}
{Luad}⇒{Skcm}
{Skcm}⇒{Luad}
{Hnsc,Luad}⇒{Skcm}
{Hnsc,Skcm}⇒{Luad}
{Luad,Skcm}⇒{Hnsc}

Support
0.843
0.843
0.879
0.879
0.867
0.867
0.815
0.815
0.815

Confidence
0.918
0.918
0.958
0.940
0.944
0.927
0.968
0.928
0.940

Lift
1.000
1.000
1.024
1.024
1.010
1.010
1.035
1.010
1.024

From the results of association rules, we can see that Hnsc, Skcm and Luad have potential
association. Here we used a new visualization technique [15] that enhances matrix-based
visualization using grouping of rules via clustering to handle a larger number of rules. The arulesViz
package (http://lyle.smu.edu/~mhahsler) of R software was used to make this graph. A balloon plot
with antecedent groups as columns and consequents as rows is used to visualize the grouped matrix
(See Figure 7). The colors of the balloons represent the aggregated interest measure in the group with
a certain consequent and the size of the balloon shows the aggregated support. From Figure 7, we
observed that there are one rule which contain “Hnsc" and up to 1 item in the antecedent and the
consequent is “Skcm”. We also observed another rule which contain “Luad” and up to 1 item in the
antecedent and the consequent is “Hnsc”.
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Fig.7 Visualize the grouped matrix of the obtained 12 association rules

Fig.8 Graph-based visualization of the obtained association rules
In addition, we used another graph-based technique (http://lyle.smu.edu/~mhahsler) which offers
a very clear representation of rules to visualize the obtained 12 association rules (See Figure 8). In
this graph, the vertices represent items or item sets and the edges indicate the relationship in rules.
From Figure 8, we can see that Luad, Skcm and Hnsc are linked indirectly by sharing some items.
In summary, the potential cancers association was found between Luad, Skcm and Hnsc by
sharing some items. This result is completely consistent with the cluster analysis results. That is,
Luad, Hnsc and Skcm were clustered to one group. Some previous evidences have approved the
common risk factors and molecular abnormalities in cell-cycle regulation and signal transduction
predominate among these three cancers. For example, for those patients with head and neck
squamous cell carcinoma, the development of squamous cell carcinoma in the lung may signal a new
primary or the onset of metastatic dissemination [16]. Previous study suggested that the INK4a/p16
germline mutation associated with familial atypical multiple mole melanoma syndrome can also be
associated with familial head and neck squamous cell carcinoma syndrome [17]. These evidences
support our analysis results.
4. Discussions
Currently, Next-generation sequencing (NGS) has been used to characterize the overall genomic
landscape of human cancers. During carcinogenesis, the somatic alterations are often existed in tumor
suppressor genes or oncogenes. Therefore, the identification of genomic regions with recurrent copy
number alterations in tumor genomes is an efficient way to detect cancer genes [18]. In the practice,
many studies involved in the somatic mutations analysis of cancers have provided the valuable
information for understanding cancer progression.
Here, we conducted a somatic data analysis for eight cancers, and we explored the association
between these cancers based on the somatic signatures identification and association rules methods.
Our studies found the potential association between Head and Neck squamous cell carcinoma (Hnsc),
Skin Cutaneous Melanoma (Skcm) and lung adenocarcinoma (Luad). Some evidences have approved
the common risk factors and molecular abnormalities in cell-cycle regulation and signal transduction
predominate among these three cancers. Our analysis might help understand the potential links
between different cancers as a whole.
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Certainly, it should be pointed out the limitation of our study. For example, we only used the
somatic mutation data of eight cancers. In the practice, different data types should be used in the data
integration analysis, such as SNP genotype data, gene expression data, DNA methylation data, and so
on. In addition, the current biology network context and pathway information will help improve the
power of data analysis results. Thus, more available data and biology context will be used to valid the
results in future studies.
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