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Pathway analysis of breast, colorectal, pancreatic cancers and 

glioblastoma 

Summary 

Cancer is a genetic disease, and due to the multi-step progression, mutated genes accumulate 
in genome, leading to a gene spectrum with a few frequently mutated genes and a bunch of 
infrequently mutated genes. Because of the complexity of mutation profile in gene level, this 
study tries to analyze cancer mutations in a pathway level, implemented as clusters in this 
case. 

Initial attempts used phylogenetic analysis, which gave a result that breast and colorectal 
cancers cannot be distinguished from each other only by information of mutated genes but 
pancreatic cancers and glioblastoma formed a cluster distinguishing with patients with 
pancreatic cancer or glioblastoma. Thus, to some extent, the pattern of mutated genes can 
distinguish different cancers or different patients with same cancer type, but the results are not 
clear enough to give a conclusion. So, I implemented network methodology to study 
mutational pathway patterns in breast, colorectal, pancreatic cancers and glioblastoma. 

The initial network was constructed based on gene-gene interaction pairs identified from 
literature mining and the STRING database. PubMed IDs were retrieved with Entrez Gene 
IDs as queries, and via checking the overlap of PubMed IDs, 135,863,922 potential gene-gene 
interaction pairs were found. Negative logarithms of co-occurrence probabilities were 
calculated and the number of pairs was reduced by setting the significance level at 99.7% in 
the Poisson distribution. Interaction pairs were also extracted from the STRING database, if at 
least two evidences out of seven supported interaction evidences at a high confidence. The 
intersection of set generated from the co-occurrence scheme and the set extracted from the 
STRING database was selected. Then this initial network was integrated with data from 
KEGG pathway database, followed by an optimization process. The Molecular Complex 
Detection algorithm was used to cluster the generated network and 11 clusters containing 
mutations were found. 

For constructing the initial network, all the criteria are relatively stringent: significance level 
at 99.7% when selecting interaction pairs in literature mining section and a high confidence 
level when extracting from the STRING database. Consequently many real interactions were 
probably lost and many genes were thus missing in final network. The generated clusters 
involved some known cancer genes that are not mutated in breast, colorectal, pancreatic 
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cancers and glioblastoma, which means this clustering method can provide information about 
important pathways. Because of the insufficient knowledge of current interaction information 
and cancer patients genome sequences, the result cannot give clear conclusion about whether 
a gene belong to a mutated pathway cluster or not. 
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Introduction 

The mutation of oncogenes, tumor-suppressor genes or stability genes can cause 
tumorigenesis, which lead to the conclusion that cancer is a genetic disease1. The 
genome-wide study of breast and colorectal cancers showed that the distribution of mutations 
consist of several prevalently mutated genes and dominated by plenty of infrequently mutated 
genes2. To analyze such a complex system, researches have shown that it is function of 
pathways instead of genes that govern the process of tumorigenesis3. 

Mutations in germline cells can lead to hereditary predispositions to cancer, for example, 
persons with the RB1 mutation have a higher risk to get hereditary retinoblastoma. More 
generally, we focus on somatic mutations, which cause sporadic tumors1. Tumorigenesis is a 
multi-step progression, and mutations accumulate in a so called clonal expansion fasion. 

The somatic mutation analysis of breast and colorectal cancers shows that they do not have 
many mutations in common neither for patients with same cancer type nor for patients with 
different cancer type2, 4. The present study is a pathway analysis of breast cancers, colorectal 
cancers, glioblastoma and pancreatic cancers, using bioinformatic tools, and the goal is to 
identify mutational pathway patterns in different cancer types. The reason why we selected 
those four specific cancer genetic data sets 2, 4-6 is that the methods used are similar in those 
studies and the results are comparable. 

Breast is a common cancer site in women, and breast cancer is the second most common type 
of cancer counting both sexes, among which in women it is 100 times more frequent than in 
men. Colorectal cancer is the third most common form of cancer in western world7. The 
genetic study of breast cancers and colorectal cancers may reveal the genetic loci that are 
crucial for diagnosis or treatment, which could reduce the incidence or mortality of breast and 
colorectal cancers. Pancreatic cancers and glioblastoma are two lethal types of cancers, and 
the pathway analysis may give a new point to investigate the tumorigenesis process. 

The main processes of this study are: (i) extraction of protein-protein interactions via 
literature mining, and parsing the STRING database8; (ii) the intersection of data generated 
from literature and STRING as an initial network; (iii) combination of KEGG pathway 
database 9 and the initial network; (iv) mapping mutated genes from given four kinds of 
cancers 2, 4-6 into generated network; and (v) clustering the network and analysis the mutation 
pattern. 

The pipeline of this study is shown in following chart: 
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RESULTS: 

Analysis of mutation pattern via phylogenetic method 

The gene mutational data of breast cancers (n1 = 11), colorectal cancers (n2 = 11), pancreatic 
cancers (n3 = 24), and glioblastoma (n4 = 22) (with prefix B-, Co- and Mx-, pa-, and br, 
respectively in figure 1) are mutations in discovery screens2, 4-6. (The criteria for discovery 
screen are discussed in materials and method section.) 

Figure 1 was generated with data sets from discovery screens. The main principle was to 
construct a distance matrix based on the mutated gene differences among patients, and then 
visualize the relative distance via tree viewer tool, Njplot10 in this case. 

As seen in figure 1, those four kinds of cancers cannot be clustered clearly via this 
phylogenetic method. In general, colorectal cancers and breast cancers mixed a lot, and 
pancreatic cancers mixed with glioblastoma (shown in red ellipse), which shows that patients 
might share more mutations in common within breast cancers and colorectal cancers as well 
as pancreatic cancers and glioblastoma, and also shows that different patients with same 
cancer type also display a varied mutation profile. Branches in blue ellipses represent part of 
pancreatic cancers and glioblastoma clustering with themselves. They also show less mixture 
with breast cancer and colorectal cancer, which may be due to that they have a different 
mutation pattern. One possible reason is that patient with pancreatic cancer or glioblastoma 
has less mutations compared with the other two cancer types. One exception is patient br27p 
(the outgroup of figure 1), who received radiation therapy and temozolomide and had over 
300 alterations. 

One drawback of this study is that the original data sets of breast, colorectal, pancreatic 
cancers and glioblastoma are different, 18,191 genes were screened in former two types and 
20,661 genes in latter two types2, 4-6. But the fraction does not differ a lot, I assume the result 
would not vary much with same size of data sets. 

The tree in figure 1 has a series of hierarchically nested groups going all the way up to the 
terminals (individual patients). Due to the insufficient data, the topology of this tree is not 
separated from its down groups, and the four cancer types cannot be separated into different 
clusters based on mutational pattern. Due to this lack of resolution, I performed a pathway 
analysis. 
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Figure 1. Phylogenic tree based on mutation patterns of four kinds of cancers. Each branch 
represented an individual patient, and breast cancers, colorectal cancers, pancreatic cancers, 
glioblastoma are indicated with prefix B-, Co- and Mx-, pa-, br, respectively. 

Extraction of gene-gene interaction pairs via literature mining and the STRING 
database 

1. Co-occurrence analysis 

First, I added the corresponding geneIDs to genes from the ensembl database (data sets 
required were listed in Materials and Methods section ), and got 19,016 genes, using code1 in 
Appendix to retrieve all the PubMed paper which mentioned this gene as a main topic, and 
returned PubMed IDs. There were 222,420 papers in total for the given genes. I then checked 
each gene pairs whether they occurred in the same paper, and if yes, calculate the number of 
such overlap. So from this analysis I retrieved the PubMed ID number for each pair of gene i 
and gene j, as well as the overlap number. 

The total number of PubMed IDs is far higher than the number of papers that mention each 
individual gene. Also, the mentioning of one specific gene in a paper is independent with 
whether the paper also mentions another gene. Thus the distribution of the number of overlaps 
satisfies the requirement of a Poisson distribution. The plot of negative logarithm of 
co-occurrence probability is shown in figure 2, (see Materials and Methods for details). The 
black shadow represents the histogram of negative logarithm of those 107 probabilities that 
two genes share n or more than n paper in common, and the blue curve is the kernel density of 
this histogram. I generated 107 random values of Poisson distribution and χ  distribution at 
the region (0, 100), respectively. The density curves of them are shown in red and green. 
According to Figure 2, the histogram is roughly corresponding with Poisson density curve 
according to the kurtosis characteristics and fittness, so I assumed it satisfies Poisson 
distribution and did the parameter estimation. The Kolmogorov-Smirnov test also supports 
this hypothesis: 

 ks.test(x, dist=“pois”, mean(x)) 

The output is: D = 0.5423, p-value = 0.9304. Since the p-value is much higher than α = 0.005, 
the null hypothesis is accepted, that is the number series of -log p  satisfy Poisson 
distribution. A one-tail calculate the confidence interval at 99.7% significance level was 
calculated as: 

λ    [c + √T 2c 0.5   α ] = 13.59. In this formula, the individual parameters 

are listed as follows: 
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T = the summation of all numbers = 135,863,922. 

u α = 99.7% percentile of normal distribution = 2.75 

c = α    = 0.265625. 

n = 10,000,000. 

Thus the confidence interval is (0, 13.59). 

 

Figure 2. The histogram presentation of log p  values, is shown in black shadow. The blue 
curve is kernel density of the histogram, red curve is Poisson simulation and green curve is chi-square 
simulation. 

I also used a non-parametric estimation by ranking values and then pick out the 99.7% 
percentile number, which is 37.4. Then I have 99.7% certainty that if the log p  value is 
greater than 37.4, the corresponding gene pair have some relationship.  

To set the stringent criteria, the threshold should less than -37.4. Due to the computer memory 
limits, the Cytoscape software cannot handle too many interaction pairs, and the last threshold 
I set is -40.91173. 
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2. STRING datasets extraction 

STRING is a protein-protein interaction database based on seven types of evidences:  

(a) Neighborhood, the assumption is if proteins are functionally associated, genes encoded 
them need to be maintained together8. 

(b) Fusion, research showed genes encoding protein interaction complex are prone to fuse to a 
single gene, and translate into a polypeptide11. 

(c) Co-occurrence, functional partners usually have similar occurrence pattern in different 
organisms in which those genes are conserved8. 

(d) Co-expression is based on microarray data, functional related proteins usually 
up-regulated or low-regulated in a consecutive fashion. 

(e) Experimental evidence, experiments test direct physical binding. 
(f) Database, includes KEGG, PathwayInteractionDatabase, and other curated databases. 
(g) Text mining, finds co-occurring gene in one sentence in PubMed abstracts. 

The total number of interactions identified in Homo sapiens is 173,548. 

The first 7 categories of scores are evidences which will give out the combined score, since 
only one kind of evidence may be not reliable, I extracted entries with more than one type of 
evidence. The STRING database also gives a combined score for each interaction pair, which 
takes seven evidences into account. The combined score represents the confidence that 
specific interaction pair happens in cells, a high confidence is at level of 0.7 that is equal to 
combined score 700, and only those interaction pairs with combined score higher than 700 
were kept in final list. Joined those two limits, I got a list with interaction pairs from STRING, 
as a result, the amount reduced to 109,864. 

Using the interaction pairs derived from the co-occurrence scheme and STRING, the 
intersection of those two sets is my object for following analysis, which has 11,502 records in 
total. 

Visualization of network and integration of KEGG pathway 

I Imported the file with interaction pairs into Cytoscape (v2.6.2, http://www.cytoscape.org/ ), 
and got the overview shown in figure 3a. Nodes represent genes and edges represent 
interactions between two proteins. The pink spots represent proteins and blue edges linking 
two proteins which have interaction between each other. In the yellow block, there are many 
separated interactions off from the major network. Because those local protein interaction 
networks consist of proteins that have several subunits or several proteins involved in a 
protein superfamily, such as figure 3b, then they are usually mentioned together, but they may 
not affect on other downstream signals in a pathway point of view, so I deleted them 
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Figure 3 generation and annotation of gene interaction network. a. the overview of raw data. b. 
representative isolated cluster, which consists of components of vacuolar ATPase, zoom in from the 
region at the end of arrow. 

KEGG pathway database (http://www.kegg.com/kegg/pathway.html) is a highly curated 
pathway database9, and I selected 19 pathways (table 1)from it which might include cancer 
mutations. 

Table 1. Selected pathways in KEGG database to be integrated 

categories Pathway names 
Signal transduction MAPK signaling pathway 

ErbB signaling pathway 
Wnt signaling pathway 
Notch signaling pathway 
Hedgehog signaling pathway 
TGF-beta signaling pathway 
VEGF signaling pathway 
Jak-STAT signaling pathway 
Calcium signaling pathway 
Phosphatidylinositol signaling system 
mTOR signaling pathway 

Signaling Molecules and Interaction Cytokine-cytokine receptor interaction 
ECM-receptor interaction 

Cell Growth and Death Cell cycle 
Apoptosis 
p53 signaling pathway 

Cell Communication Focal adhesion 
Adherens junction 

Endocrine System PPAR signaling pathway 

The merged pathway was generated by the Cytoscape plugin --- RubyScriptingEngine Plugin 
(http://chianti.ucsd.edu/cyto_web/plugins/index.php). The size was 799 nodes and 1148 
edges. 
After that, I used another plugin AdvancedNetworkMerge 
(http://chianti.ucsd.edu/cyto_web/plugins/index.php) to merge the initial network with KEGG 
pathway. The pipeline is shown in figure 4. The resulting size is 3064 nodes with 8886 edges. 
There are 104 nodes in several separated clusters, and I deleted them, and the network was 
reduced to nodes 2960 and edges 8822. Because there are some compounds and ligands in 
KEGG maps, I also deleted entries with prefix cpd, ligand, undefined, and the final network 
has 2804 nodes, and 8540 edges. 
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Figure 4. the pipeline of network annotation. 

Mapping of mutated genes into the network 

The data sets of mutated genes involved breast cancer, colorectal cancer, glioblastoma and 
pancreatic cancer. The study of breast cancer and colorectal cancer used Reference Sequence 
(RefSeq) genes as targeted genes. The Discovery Screen included all the genes with somatic 
mutations (point mutations, focal deletions and amplifications) in 11 breast and 11 colorectal 
cancers, and excluded those alterations with germline variance by sequencing two normal 
samples and checking in the SNP databases, RCR artifacts, and silent mutation. Validation 
Screen was based on 24 additional samples with same histological type to identify those 
mutations present in at least one breast or colorectal tumors. 2, 4After this confirmation, the 
data I selected has 154 mutations in breast cancers and 160 in colorectal cancers. After 
mapping, there were 32/154 mutations of breast cancers and 45/160 present in network, as 
shown in Table 2. 

Glioblastoma multiforme (GBMs) data came from 20,661 protein coding genes from 22 
human tumor samples6. They found 1473 mutations identified in discovery screen, and further 
evaluation and a Prevalence Screen identified 42 mutated genes via analysis of additional 83 
GBMs. The criteria for those 42 mutations were: at least mutated in two Discovery screen 
tumors and a mutation frequency of >10 mutations per MB of tumor DNA sequenced. 6 
Excluding one pseudo gene and one predicted gene, the final list included 40 genes. After 
mapping, there were 12/40 mutations present in network (Table 2). 
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Pancreatic cancer mutations data was derived from 20,661 genes in 24 pancreatic tumor 
samples. With a similar method as illustrated in glioblastoma section, 83 mutated genes were 
identified in a Prevalence screen based on an additional 90 pancreatic tumor samples.5 
Excluding 4 non validated genes, there were 79 genes in the final list. After mapping, there 
were 17/79 mutations present in network (Table 2). 

Table 2. mutations present in network 

breast cancers colorectal cancers pancreatic cancers glioblastoma 
Entrez 
GeneID 

Canonical 
gene name 

Entrez 
GeneID 

Canonical 
gene name 

Entrez 
GeneID

Canonical 
gene name 

Entrez 
GeneID

Canonical 
gene name 

23054 NCOA6 19 ABCA1 23191 CYFIP1 5295 PIK3R1 
2934 GSN 7273 TTN 4089 SMAD4 7157 TP53 
7273 TTN 54106 TLR9 3845 KRAS 1956 EGFR 
7157 TP53 4133 MAP2 7157 TP53 1029 CDKN2A 
2735 GLI1 1838 DTNB 6597 SMARCA4 3417 IDH1 
1798 DPAGT1 7074 TIAM1 1029 CDKN2A 4036 LRP2 

10297 APC2 4036 LRP2 3561 IL2RG 6502 SKP2 
6872 TAF1 324 APC 8289 ARID1A 1019 CDK4 
267 AMFR 5339 PLEC1 7066 THPO 4763 NF1 

6709 SPTAN1 4763 NF1 2033 EP300 5728 PTEN 
5199 CFP 2074 ERCC6 1080 CFTR 5925 RB1 
2906 GRIN2D 862 RUNX1T1 23451 SF3B1 5290 PIK3CA 
672 BRCA1 8888 MCM3AP 9542 NRG2   

5290 PIK3CA 4703 NEB 55193 PBRM1   
4703 NEB 5290 PIK3CA 1741 DLG3   
8021 NUP214 5587 PRKD1 7048 TGFBR2   
4851 NOTCH1 3845 KRAS 1794 DOCK2   
2549 GAB1 3682 ITGAE     
7059 THBS3 1756 DMD     
5338 PLD2 4008 LMO7     
2316 FLNA 84033 OBSCN     
9759 HDAC4 2335 FN1     

26088 GGA1 6431 SFRS6     
4361 MRE11A 5728 PTEN     
1756 DMD 23542 MAPK8IP2     

55746 NUP133 2778 GNAS     
84033 OBSCN 7048 TGFBR2     

3841 KPNA5 5609 MAP2K7     
6531 SLC6A3 4035 LRP1     
1543 CYP1A1 7157 TP53     
5473 PPBP 4087 SMAD2     
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5690 [ PROTEASOME SUBUNIT, BETA-TYPE, 2] PSMB2 
5687 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 6] PSMA6 
5718 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 12] PSMD12 
5684 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 3,  PROTEASOME 

COMPONENT 8] 
PSMA3 

5698 [ PROTEASOME SUBUNIT, BETA-TYPE, 9] PSMB9 
5713 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 7] PSMD7 

10197 [ PROTEASOME ACTIVATOR SUBUNIT 3] PSME3 
5706 [ PROTEASOME 26S SUBUNIT, ATPase, 6] PSMC6 
5689 [ PROTEASOME SUBUNIT, BETA-TYPE, 1] PSMB1 
5708 [ PROTEASOME 26S SUBUNIT, NON-ATPASE, 2] PSMD2 
5707 [] PSMD1 
5691 [ PROTEASOME SUBUNIT, BETA-TYPE, 3] PSMB3 
5682 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 1] PSMA1 
5702 [ PROTEASOME 26S SUBUNIT, ATPase, 3] PSMC3 
5709 [] PSMD3 
5705 [ PROTEASOME 26S SUBUNIT, ATPase, 5] PSMC5 
5683 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 2] PSMA2 
5717 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 11] PSMD11 
5694 [ PROTEASOME SUBUNIT, BETA-TYPE, 6] PSMB6 
5721 [ PROTEASOME ACTIVATOR SUBUNIT 2] PSME2 
5695 [ PROTEASOME SUBUNIT, BETA-TYPE, 7] PSMB7 
5688 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 7] PSMA7 
5701 [ PROTEASOME 26S SUBUNIT, ATPase, 2] PSMC2 
5692 [ PROTEASOME SUBUNIT, BETA-TYPE, 4] PSMB4 
9861 [] PSMD6 
5696 [ PROTEASOME SUBUNIT, BETA-TYPE, 8] PSMB8 
5714 [] PSMD8 
5700 [ PROTEASOME 26S SUBUNIT, ATPase, 1] PSMC1 
5719 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 13] PSMD13 
9491 [] PSMF1 
5715 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 9] PSMD9 
5716 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 10] PSMD10 
5704 [ PROTEASOME 26S SUBUNIT, ATPase, 4] PSMC4 
5710 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 4] PSMD4 
5685 [ PROTEASOME SUBUNIT, ALPHA-TYPE, 4] PSMA4 

10213 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 14] PSMD14 
5720 [ PROTEASOME ACTIVATOR SUBUNIT 1] PSME1 
5711 [ PROTEASOME 26S SUBUNIT, NON-ATPase, 5] PSMD5 

Cluster 
2 

5438 [ POLYMERASE II, RNA, SUBUNIT I] POLR2I 
5439 [ POLYMERASE II, RNA, SUBUNIT J] POLR2J 
6908 [ TATA BOX-BINDING PROTEIN] TBP 
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2963 [ GENERAL TRANSCRIPTION FACTOR IIF, POLYPEPTIDE 2, 30-KD] GTF2F2 
6878 [ TAF6 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF6 

2068 [ EXCISION-REPAIR, COMPLEMENTING DEFECTIVE, IN CHINESE 
HAMSTER, 2] 

ERCC2 

2960 [ GENERAL TRANSCRIPTION FACTOR IIE, POLYPEPTIDE 1] GTF2E1 
5435 [ POLYMERASE II, RNA, SUBUNIT F] POLR2F 
6883 [ TAF12 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF12 

2961 [ GENERAL TRANSCRIPTION FACTOR IIE, POLYPEPTIDE 2] GTF2E2 
5430 [ POLYMERASE II, RNA, SUBUNIT A] POLR2A 
5440 [ POLYMERASE II, RNA, SUBUNIT K] POLR2K 
5437 [ POLYMERASE II, RNA, SUBUNIT H] POLR2H 
2959 [ GENERAL TRANSCRIPTION FACTOR IIB] GTF2B 
2958 [ GENERAL TRANSCRIPTION FACTOR IIA, GAMMA SUBUNIT] GTF2A2 
6877 [ TAF5 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF5 

2967 [ GENERAL TRANSCRIPTION FACTOR IIH, POLYPEPTIDE 3] GTF2H3 
6882 [ TAF11 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF11 

5432 [ POLYMERASE II, RNA, SUBUNIT C] POLR2C 
6884 [ TAF13 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF13 

6881 [ TAF10 RNA POLYMERASE II, TATA BOX-BINDING 
PROTEIN-ASSOCIATED FACTOR,] 

TAF10 

6880 [ TAF9 RNA POLYMERASE II, TATA BOX-BINDING 
PROTEIN-ASSOCIATED FACTOR,] 

TAF9 

5434 [ POLYMERASE II, RNA, SUBUNIT E] POLR2E 
6875 [ TAF4B RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF4B 

2957 [ GENERAL TRANSCRIPTION FACTOR IIA, ALPHA/BETA 
SUBUNITS] 

GTF2A1 

5441 [ POLYMERASE II, RNA, SUBUNIT L] POLR2L 
2965 [ GENERAL TRANSCRIPTION FACTOR IIH, POLYPEPTIDE 1] GTF2H1 
1022 [ CYCLIN-DEPENDENT KINASE 7] CDK7 
5436 [ POLYMERASE II, RNA, SUBUNIT G] POLR2G 
5431 [ POLYMERASE II, RNA, SUBUNIT B] POLR2B 
6872 [ TAF1 RNA POLYMERASE II, TATA BOX-BINDING 

PROTEIN-ASSOCIATED FACTOR,] 
TAF1 

Clusters in figure 7 contain mutated genes, and the corresponding gene descriptions are listed 
in table 4. 
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9343 [ ELONGATION FACTOR Tu GTP-BINDING DOMAIN-CONTAINING 
2] 

EFTUD2 

6429 [ SPLICING FACTOR, ARGININE/SERINE-RICH, 4] SFRS4 
3187 [ HETEROGENEOUS NUCLEAR RIBONUCLEOPROTEIN H1] HNRNPH1 
6625 [ SMALL NUCLEAR RIBONUCLEOPROTEIN, 70-KD] SNRNP70 

23451 [ SPLICING FACTOR 3B, SUBUNIT 1] SF3B1 
27316 [ RNA-BINDING MOTIF PROTEIN, X CHROMOSOME] RBMX 

4670 [ HETEROGENEOUS NUCLEAR RIBONUCLEOPROTEIN M] HNRNPM 
3192 [ HETEROGENEOUS NUCLEAR RIBONUCLEOPROTEIN U] HNRNPU 
6629 [ SMALL NUCLEAR RIBONUCLEOPROTEIN POLYPEPTIDE 

B-DOUBLE PRIME] 
SNRPB2 

6432 [ SPLICING FACTOR, ARGININE/SERINE-RICH, 7] SFRS7 
10291 [ SPLICING FACTOR 3A, SUBUNIT 1] SF3A1 

8683 [ SPLICING FACTOR, ARGININE/SERINE-RICH, 9] SFRS9 
6431 [ SPLICING FACTOR, ARGININE/SERINE-RICH, 6] SFRS6 
3183 [ HETEROGENEOUS NUCLEAR RIBONUCLEOPROTEIN C] HNRNPC 
6428 [ SPLICING FACTOR, ARGININE/SERINE-RICH, 3] SFRS3 
6627 [ SMALL NUCLEAR RIBONUCLEOPROTEIN POLYPEPTIDE 

A-PRIME] 
SNRPA1 

23020 [ ACTIVATING SIGNAL COINTEGRATOR I COMPLEX SUBUNIT 
3-LIKE 1] 

SNRNP200 

10921 [ RNA-BINDING PROTEIN S1] RNPS1 
3185 [ HETEROGENEOUS NUCLEAR RIBONUCLEOPROTEIN F] HNRNPF 

10946 [ SPLICING FACTOR 3A, SUBUNIT 3] SF3A3 
5093 [ POLY(rC)-BINDING PROTEIN 1] PCBP1 

Cluster
 7 

5747 [ PROTEIN-TYROSINE KINASE, CYTOPLASMIC] PTK2 
5331 [ PHOSPHOLIPASE C, BETA-3] PLCB3 

84812 [ PHOSPHOLIPASE C, DELTA-4] PLCD4 
5336 [ PHOSPHOLIPASE C, GAMMA-2] PLCG2 
5728 [ PHOSPHATASE AND TENSIN HOMOLOG] PTEN 
5330 [ PHOSPHOLIPASE C, BETA-2] PLCB2 

23533 [phosphoinositide-3-kinase, regulatory subunit 5] PIK3R5 
23236 [ PHOSPHOLIPASE C, BETA-1] PLCB1 
51196 [ PHOSPHOLIPASE C, EPSILON-1] PLCE1 

7157 [ TUMOR PROTEIN p53] TP53 
5335 [ PHOSPHOLIPASE C, GAMMA-1] PLCG1 
5332 [ PHOSPHOLIPASE C, BETA-4] PLCB4 
5333 [ PHOSPHOLIPASE C, DELTA-1] PLCD1 
5305 [phosphatidylinositol-5-phosphate 4-kinase, type II, alpha] PIP4K2A 
3633 [inositol polyphosphate-5-phosphatase] INPP5B 
4194 [ MOUSE DOUBLE MINUTE 4 HOMOLOG] MDM4 
4193 [ MOUSE DOUBLE MINUTE 2 HOMOLOG] MDM2 
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5297 [phosphatidylinositol 4-kinase, catalytic, alpha] PI4KA 
113026 [ PHOSPHOLIPASE C, DELTA-3] PLCD3 
200576 [phosphoinositide kinase, FYVE finger containing] PIKFYVE 

Cluster
 15 

1021 [ CYCLIN-DEPENDENT KINASE 6] CDK6 
595 [ CYCLIN D1] CCND1 

1019 [ CYCLIN-DEPENDENT KINASE 4] CDK4 
896 [ CYCLIN D3] CCND3 

1031 [ CYCLIN-DEPENDENT KINASE INHIBITOR 2C] CDKN2C 
1017 [ CYCLIN-DEPENDENT KINASE 2] CDK2 
1029 [ CYCLIN-DEPENDENT KINASE INHIBITOR 2A] CDKN2A 
1030 [ CYCLIN-DEPENDENT KINASE INHIBITOR 2B] CDKN2B 
1032 [ CYCLIN-DEPENDENT KINASE INHIBITOR 2D] CDKN2D 

Cluster
 16 

2952 [ GLUTATHIONE S-TRANSFERASE, THETA-1] GSTT1 
2947 [ GLUTATHIONE S-TRANSFERASE, MU-3] GSTM3 
1571 [ CYTOCHROME P450, SUBFAMILY IIE] CYP2E1 
1543 [ CYTOCHROME P450, SUBFAMILY I, POLYPEPTIDE 1] CYP1A1 
2950 [ GLUTATHIONE S-TRANSFERASE, PI] GSTP1 
1545 [ CYTOCHROME P450, SUBFAMILY I, POLYPEPTIDE 1] CYP1B1 
1544 [ CYTOCHROME P450, SUBFAMILY I, POLYPEPTIDE 1,  

CYTOCHROME P450, SUBFAMILY I, POLYPEPTIDE 2] 
CYP1A2 

2052 [ EPOXIDE HYDROLASE 1, MICROSOMAL] EPHX1 
2944 [ GLUTATHIONE S-TRANSFERASE, MU-1] GSTM1 

Cluster
 18 

6598 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 
REGULATOR OF CHROMATIN,] 

SMARCB1 

8819 [ SIN3-ASSOCIATED POLYPEPTIDE, 30-KD] SAP30 
9612 [] NCOR2 
5928 [ RETINOBLASTOMA-BINDING PROTEIN 4] RBBP4 
8289 [ AT-RICH INTERACTIVE DOMAIN-CONTAINING PROTEIN 1A] ARID1A 

86 [ ACTIN-LIKE 6A] ACTL6A 
5931 [ RETINOBLASTOMA-BINDING PROTEIN 7] RBBP7 
6597 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 

REGULATOR OF CHROMATIN,] 
SMARCA4 

10014 [ HISTONE DEACETYLASE 5] HDAC5 
25942 [ SIN3, YEAST, HOMOLOG OF, A] SIN3A 
53615 [ METHYL-CpG-BINDING DOMAIN PROTEIN 3] MBD3 

6605 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 
REGULATOR OF CHROMATIN,] 

SMARCE1 

9759 [ HISTONE DEACETYLASE 4] HDAC4 
9734 [ HISTONE DEACETYLASE 9] HDAC9 
6601 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 

REGULATOR OF CHROMATIN,] 
SMARCC2 

9219 [ METASTASIS-ASSOCIATED 1-LIKE 1] MTA2 
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1107 [ CHROMODOMAIN HELICASE DNA-BINDING PROTEIN 3] CHD3 
8932 [ METHYL-CpG-BINDING DOMAIN PROTEIN 2] MBD2 
6599 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 

REGULATOR OF CHROMATIN,] 
SMARCC1 

6595 [ SWI/SNF-RELATED, MATRIX-ASSOCIATED, ACTIN-DEPENDENT 
REGULATOR OF CHROMATIN,] 

SMARCA2 

9611 [ NUCLEAR RECEPTOR COREPRESSOR 1] NCOR1 
60 [ ACTIN, BETA] ACTB 

8841 [ HISTONE DEACETYLASE 3] HDAC3 
1108 [ CHROMODOMAIN HELICASE DNA-BINDING PROTEIN 4] CHD4 

Cluster
 22 

6714 [ V-SRC AVIAN SARCOMA (SCHMIDT-RUPPIN A-2) VIRAL 
ONCOGENE] 

SRC 

4790 [] NFKB1 
2885 [ GROWTH FACTOR RECEPTOR-BOUND PROTEIN 2] GRB2 
5291 [ PHOSPHATIDYLINOSITOL 3-KINASE, CATALYTIC, BETA] PIK3CB 
2549 [ GRB2-ASSOCIATED BINDING PROTEIN 1] GAB1 
5296 [ PHOSPHATIDYLINOSITOL 3-KINASE, REGULATORY SUBUNIT 

2] 
PIK3R2 

5290 [ PHOSPHATIDYLINOSITOL 3-KINASE, CATALYTIC, ALPHA] PIK3CA 
207 [ V-AKT MURINE THYMOMA VIRAL ONCOGENE HOMOLOG 1] AKT1 

6850 [ PROTEIN-TYROSINE KINASE SYK] SYK 
6464 [ SHC TRANSFORMING PROTEIN] SHC1 
1147 [ CONSERVED HELIX-LOOP-HELIX UBIQUITOUS KINASE] CHUK 
5295 [ PHOSPHATIDYLINOSITOL 3-KINASE, REGULATORY SUBUNIT 

1] 
PIK3R1 

1956 [ EPIDERMAL GROWTH FACTOR RECEPTOR] EGFR 
5970 [ V-REL AVIAN RETICULOENDOTHELIOSIS VIRAL ONCOGENE 

HOMOLOG A] 
RELA 

4792 [ NUCLEAR FACTOR OF KAPPA LIGHT CHAIN GENE ENHANCER 
IN B CELLS INHIBITOR,] 

NFKBIA 

1950 [ EPIDERMAL GROWTH FACTOR] EGF 
3551 [ INHIBITOR OF KAPPA LIGHT CHAIN GENE ENHANCER IN B 

CELLS, KINASE OF,] 
IKBKB 

208 [ V-AKT MURINE THYMOMA VIRAL ONCOGENE HOMOLOG 2] AKT2 
Cluster

 23 
4091 [ MOTHERS AGAINST DECAPENTAPLEGIC, DROSOPHILA, 

HOMOLOG OF, 6] 
SMAD6 

4090 [ MOTHERS AGAINST DECAPENTAPLEGIC, DROSOPHILA, 
HOMOLOG OF, 5] 

SMAD5 

658 [ BONE MORPHOGENETIC PROTEIN RECEPTOR, TYPE IB] BMPR1B 
7046 [ TRANSFORMING GROWTH FACTOR-BETA RECEPTOR, TYPE I] TGFBR1 

92 [ ACTIVIN A RECEPTOR, TYPE II] ACVR2A 
91 [ ACTIVIN A RECEPTOR, TYPE IB] ACVR1B 
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7040 [ TRANSFORMING GROWTH FACTOR, BETA-1] TGFB1 
7049 [] TGFBR3 
3624 [ INHIBIN, BETA A] INHBA 

93 [ ACTIVIN A RECEPTOR, TYPE IIB] ACVR2B 
657 [ BONE MORPHOGENETIC PROTEIN RECEPTOR, TYPE IA] BMPR1A 

7042 [ TRANSFORMING GROWTH FACTOR, BETA-2] TGFB2 
4089 [ MOTHERS AGAINST DECAPENTAPLEGIC, DROSOPHILA, 

HOMOLOG OF, 4] 
SMAD4 

7048 [ TRANSFORMING GROWTH FACTOR-BETA RECEPTOR, TYPE II] TGFBR2 
659 [ BONE MORPHOGENETIC PROTEIN RECEPTOR, TYPE II] BMPR2 

4092 [ MOTHERS AGAINST DECAPENTAPLEGIC, DROSOPHILA, 
HOMOLOG OF, 7] 

SMAD7 

7043 [ TRANSFORMING GROWTH FACTOR, BETA-3] TGFB3 
90 [ ACTIVIN A RECEPTOR, TYPE I] ACVR1 

Cluster
 24 

2072 [ EXCISION-REPAIR, COMPLEMENTING DEFECTIVE, IN CHINESE 
HAMSTER, 4] 

ERCC4 

2074 [ EXCISION-REPAIR CROSS-COMPLEMENTING, GROUP 6] ERCC6 
2067 [ EXCISION-REPAIR, COMPLEMENTING DEFECTIVE, IN CHINESE 

HAMSTER, 1] 
ERCC1 

2073 [ EXCISION-REPAIR, COMPLEMENTING DEFECTIVE, IN CHINESE 
HAMSTER, 5] 

ERCC5 

7508 [ XERODERMA PIGMENTOSUM, COMPLEMENTATION GROUP C] XPC 
7507 [ XPA GENE] XPA 
5887 [ RAD23, YEAST, HOMOLOG OF, B] RAD23B 

Cluster
 29 

5933 [ RETINOBLASTOMA-LIKE 1] RBL1 
1870 [ E2F TRANSCRIPTION FACTOR 2] E2F2 
5925 [ RETINOBLASTOMA] RB1 
1874 [ E2F TRANSCRIPTION FACTOR 4] E2F4 
1869 [ E2F TRANSCRIPTION FACTOR 1] E2F1 
7027 [ TRANSCRIPTION FACTOR DP1] TFDP1 

Cluster
 31 

55770 [] EXOC2 
10640 [ SEC10, S. CEREVISIAE, HOMOLOG-LIKE 1] EXOC5 
11336 [ SEC6, S. CEREVISIAE, HOMOLOG OF] EXOC3 
60412 [ SEC8, S. CEREVISIAE, HOMOLOG OF] EXOC4 

149371 [] EXOC8 
23265 [] EXOC7 

Cluster
 33 

7013 [ TELOMERIC REPEAT-BINDING FACTOR 1] TERF1 
10111 [ RAD50, S. CEREVISIAE, HOMOLOG OF] RAD50 

4361 [ MEIOTIC RECOMBINATION 11, S. CEREVISIAE, HOMOLOG OF, 
A] 

MRE11A 

580 [ BRCA1-ASSOCIATED RING DOMAIN 1] BARD1 
26277 [ TRF1-INTERACTING NUCLEAR FACTOR 2] TINF2 
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65057 [ ACD, MOUSE, HOMOLOG OF] ACD 
25913 [ PROTECTION OF TELOMERES 1] POT1 

4683 [ NBS1 GENE] NBN 
672 [ BREAST CANCER 1 GENE] BRCA1 

7014 [ TELOMERIC REPEAT-BINDING FACTOR 2] TERF2 
54386 [ TERF2-INTERACTING PROTEIN] TERF2IP 

Known cancer genes are highlighted with red color, and mutated genes in these four cancer 
kinds are with yellow backgrounds. 

Table 5. MCODE score of above clusters 

Cluster Score 
(Density*#Nodes) 

Nodes Edges 

1 19.244 41 789
2 14.645 31 454
4 10.174 23 234
7 4.25 20 85

15 3.333 9 30
16 3.333 9 30
18 3.083 24 74
22 3 18 54
23 2.889 18 52
24 2.857 7 20
29 2.5 6 15
31 2.5 6 15
33 2.455 11 27

Parameters: 
   Network Scoring: 
      Include Loops: false  Degree Cutoff: 2 
   Cluster Finding: 

Node Score Cutoff: 0.2  K-Core: 2 Max. Depth from Seed: 100 
 

  



28 

 

Discussion 

The data set used to construct the initial network are from literature mining and the STRING 
database, and since both of them have high fraction of false positive rate, I applied a relatively 
stringent criteria, and used a significance level at 99.7% when selecting interaction pairs in 
literature mining section and picked a high confidence level when extracting from the 
STRING database. So, there were probably many undetected interactions and underestimated 
of genes in the final network. On another hand, due to the imperfect nature of the current 
database (STRING), and high false positive rate of literature mining method, genes which I 
think may be involved in certain pathway may not have function in tumorigenesis. 

Only part of the mutations were mapped into network, 20.8%, 28.1%, 21.5%, 30% in breast 
cancers, colorectal cancers, pancreatic cancers, glioblastoma, respectively. Thus the pattern 
shown in figure 4 is highly dispersed, and the MCODE algorithm has a low sensitivity in this 
case. The reason for such a low coverage of mutation is that knowledge on protein – protein 
interaction is not sufficient, so some proteins may have interactions with each other but due to 
the missing of “linker” proteins, they are not present in this network. Another reason is the 
high diversity of individual patient with same cancer type, thus I can assume that if there are 
more genome data sequenced in future, more mutations will show up and the pattern may 
become clear. It is important to predict whether an alteration has function or not based on 
known mutation data sets. In this study, cluster 7 mainly contains genes in 
phosphatidylinositol signaling pathway and p53 pathway; cluster 18 consists of genes that 
control G1/S phase; Wnt/Notch pathway, TGF-β pathway, apoptosis pathway in cluster 22, 23, 
33, respectively. It is reasonable to expand known mutation data set to include all the genes in 
those clusters. 

According to figure 4 and 6, although different kinds of cancers have different mutation 
profile, in general those alterations do not quite separate from each other. Still, colorectal 
cancers are prone to have mutations in the TGF-β pathway and glioblastoma have more 
mutations in cell cycle signaling compare with the other three. From current data, there is no 
clear boundary between different cancers at the gene level, because branches in phylogeny of 
four kinds of cancers mixed a lot (figure 1), and gene clusters can contain mutations from 
more than one kind of cancers (figure 7).  

This work can be improved by substituting co-occurrence analysis with a more sophisticated 
semantic extraction of literature, which can parse sentences into interaction pairs and 
interaction type, such as phosphorylation, activation, repression and so on. In addition, more 
curated databases can be integrated into initial network, so the final network will contain 
more genes, which may give a better cluster profile. 
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Materials and Methods 

Phylogenetic analysis 

In breast and colorectal cancers studies, the genetic analysis was separated into two parts: 
discovery screen and validation screen. In the discovery screen, 11 cell lines or xenografts 
were used respectively, and identified mutations found out were further evaluated in 
additional samples with same histologic types2, 4. In pancreatic cancers and glioblastoma 
studies, the concept of prevalence screen was used instead of validation screen, and the output 
from the prevalence screen is genes with mutation frequencies higher than 10 mutations per 
Mb of DNA sequenced and the specific genes were altered in at least twice in discovery 
screen5, 6. I used data sets from patients’ samples that generated the discovery screen. 

First, I extracted information about patients and their corresponding mutation condition, and 
combined all genes with non-synonymous mutation, marked all these genes with same letter, 
so got a string, for example, AAA…AAA (3700 in total). I then mapped the individual 
information using this sequence to create 68 sequences, one for each cancer type sample. For 
each individual sequence, remained as A if no mutation in the corresponding position, if 
harbored a mutation marked as T, so got the 68 different sequences. (11 breast cancer samples, 
11 colorectal cancer samples, 24 pancreatic cancer samples and 22 glioblastoma samples) 

Then, I used MAFFT to multiple align the constructed sequences, and generated a 
phylogenetic tree file with clustalw, and produced figure 1 with Njplot. 

Initial network building 

The pipeline that I used combines two approaches. The first is a co-occurrence scheme in 
which I calculate the log-odds ratio between the observed number of papers in which two 
given genes co-occur as main topic and the number of such gene pair that would be expected 
by random chance. This log-odds ratio correlates well with the reliability of the interaction, as 
interactions supported by many paper are inherently more reliable than those supported by 
only one or two paper14. The second approach was based on extraction of interaction pairs 
from the STRING database, which is based on seven evidences: neighborhood, gene fusion, 
co-occurrence, co-expression, experiments, databases and text mining8. I extracted all the 
interaction pairs in Homo sapiens with at least two present evidences. 

1. Co-occurrence analysis 

Data sets:  
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I need the total human protein coding genes as a reference set, and also mutations in each 
tumor samples. First I downloaded “Homo_sapiens.NCBI36.53.gtf” from ensembl ftp, 
(ftp://ftp.ensembl.org/pub/current_gtf/homo_sapiens/, 13-March-2009) and extracted all the 
protein coding genes from this file, and compared with “Homo_sapiens.gene_info” from 
(ftp://ftp.ncbi.nlm.nih.gov/gene/DATA/GENE_INFO/Mammalia/, 2-March-2009). Besides, 
Elink in Entrez Programming Utilities, which are tools providing users’ access to Entrez data 
independent on regular web query interface 
(http://eutils.ncbi.nlm.nih.gov/entrez/query/static/eutils_help.html), was used in code1 (in 
Appendix section)to get PubMed IDs from NCBI PubMed database. 

The probability of the occurrence of gene A (PA)is the number of paper (a) that mention gene 
A, and the same as PB, so the probability of their co-occurrence (PAB) is PA*PB. 

PAB = PA*PB = . (s is the amount of papers retrieved with total Gene ID from PubMed, a 

and b are the number of papers that mention gene A and B, respectively.) 

Lambda represents the number of events happening at the given time or space, which is P*s. 

λ = PAB*s = . 

and the probability of two genes share n or more than n papers in common is P = 1 – F(x=n-1), 
in which F(x) is the cumulative distribution function of Poisson distribution. The value can be 
calculated by R package with codes: 

 ppois(n-1, lambda, lower.tail=FALSE, log.p=TRUE) 

and results are the logarithm values of probability. Then I took the negation of those values 
and plotted them. Since the total records (gene-gene interaction pairs) are so large for my 
computer’s memory that it cannot do any calculation with this data set, I randomly selected 
107 records from it and distribution is shown in Figure 2.  

2. STRING datasets extraction 

I downloaded “protein.links.detailed.v8.0.txt” from STRING website 
(http://string.embl.de/newstring_cgi/show_download_page.pl?UserId=0nguhzrSOrKV&sessi
onId=_WAU_EjUo2As ), and extracted all protein-protein interaction pairs from Homo 
sapiens, together with their scores, including neighborhood, fusion, co-occurrence, 
co-expression, experimental evidence, database, text mining, and combined score. 
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I used SQL language to extract entries with more than one type of evidence and combined 
score larger than 700.  

Network analysis 

The network visualization tool is Cytoscape (v2.6.2, http://www.cytoscape.org/ ) in this study, 
the following plugins are required: 

Network/Attribute import clients, including Pathway Commons Plugin, NCBIClient Plugin, 
NCBIEntrezGeneUserInterface Plugin, IntActWSClient Plugin, BiomartClient Plugin, 
AgilentLiteratureSearch Plugin, MiMI Plugin, GPML Plugin; 

Data Merge, AdvancedNetworkMerge Plugin; 

Scripting, involving RubyScriptingEngine Plugin and ScriptingEngineManager Plugin; 

Search, Enhanced Search Plugin; 

Clustering plugin, MCODE. 

After the setup, the merge and search functions can be done automatically. 
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Appendix 
Code 1 
use strict; 
use warnings; 
use LWP::Simple; 
 
 
open (IN, "gene_id.txt"); 
open (OUT, ">ensembl_url.out"); 
 
my $base = 
"http://eutils.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?&db=pubmed&dbfrom=gene"; 
my @id_file = <IN>; 
my $retmax = 20; 
 
for (my $retstart = 0; $retstart <= $#id_file; $retstart += $retmax){ 
    my $id; 
    my $url; 
    for (my $loop = $retstart; $loop < $retstart + $retmax; $loop++){ 
 my ($ensembl, $name, $id_gene, $others) = $id_file[$loop] =~ 

/(.*?)\t(.*?)\t(.*?)\t(.*)/; 
 $id_gene = "&id=".$id_gene; 
 $id .= $id_gene;  
 $url = $base.$id; 
    } 
    my $out = get ($url); 
    print OUT "$out"; 
} 


