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Simple Summary: Many studies have identified cancer subtypes based on the cancer driver genes, or
the proportion of mutational processes in cancer genomes, however, none of these cancer subtyping
methods consider these features together to identify cancer subtypes. Accurate classification of
cancer individuals with similar mutational profiles may help clinicians to identify individuals who
could receive the same types of treatment. Here, we develop a new statistical pipeline and use a
novel concept, “gene-motif”, to identify five pancreatic cancer subtypes, in which for most of them,
targeted treatment options are currently available. More importantly, for the first time we provide
a system-wide analysis of the enrichment of de novo mutations in a specific motif context of the
driver genes in pancreatic cancer. By knowing the genes and motif associated with the mutations, a
personalized treatment can be developed that considers the specific nucleotide sequence context of
mutations within responsible genes.

Abstract: It is now known that at least 10% of samples with pancreatic cancers (PC) contain a
causative mutation in the known susceptibility genes, suggesting the importance of identifying cancer-
associated genes that carry the causative mutations in high-risk individuals for early detection of PC.
In this study, we develop a statistical pipeline using a new concept, called gene-motif, that utilizes
both mutated genes and mutational processes to identify 4211 3-nucleotide PC-associated gene-motifs
within 203 significantly mutated genes in PC. Using these gene-motifs as distinguishable features for
pancreatic cancer subtyping results in identifying five PC subtypes with distinguishable phenotypes
and genotypes. Our comprehensive biological characterization reveals that these PC subtypes are
associated with different molecular mechanisms including unique cancer related signaling pathways,
in which for most of the subtypes targeted treatment options are currently available. Some of the
pathways we identified in all five PC subtypes, including cell cycle and the Axon guidance pathway
are frequently seen and mutated in cancer. We also identified Protein kinase C, EGFR (epidermal
growth factor receptor) signaling pathway and P53 signaling pathways as potential targets for
treatment of the PC subtypes. Altogether, our results uncover the importance of considering both the
mutation type and mutated genes in the identification of cancer subtypes and biomarkers.

Keywords: pancreatic cancer; cancer subtype identification; somatic point mutations; genotype and
phenotype characterization; therapeutic targets; personalized medicine
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1. Introduction

Pancreatic cancer (PC) is the third leading cause of death among all cancers, with
the lowest survival rate of 9% [1]. PC is predicted to become the second leading fatal
cancer [2]. Moreover, the advancement achieved in increasing survival time for lung
and pancreatic cancers has been slow compared to other types of cancers [1]. PC can
be categorized into different subtypes based on specifications of mutations, molecular
profile, and histopathological characteristics. Such subtypes can have different mechanisms
and different responses to treatments [3]. Therefore, identifying subtypes can lead to the
identification of unique biomarkers, more effective treatment approaches, and also directly
contributing to personalized medicine. Identification of subtypes for breast [4] and lung [5]
cancers has led to finding new effective treatments, and better-targeted drugs. Moreover,
determining subtypes can potentially play a vital role in increasing prognostic accuracy for
pancreatic cancer.

During the last decade, a wide range of studies has been conducted to identify corre-
sponding pancreatic cancer subtypes with a special focus on gene expression profiles as
features [6]. In 2011, Collisson et al. proposed a combined analysis to tackle the limitations
of the number of tumor samples for PC subtype identification [7]. They used combined
analysis of transcriptional profiles of primary pancreatic ductal adenocarcinoma (PDAC
is an exocrine type of pancreatic cancer) from several studies, along with the human and
mouse PDAC cell lines. By using gene expression, they identified three subtypes and
62-gene signatures for PC [7]. In 2015, Moffit et al. expanded the Collison et al. work by
adding stromal classifications [8]. They also employed the global gene expression analysis
with RNA sequencing validation and proposed two subtypes for each stroma-specific and
tumor-specific group. Remarkably, they reported an overlap between one of their identified
tumor-specific subtypes called “classical” and the Collisson et al. classical subtype [8]. Both
of these studies were served as the basic foundation of the Bailey et al. research [9]. They
proposed an integrated genomic analysis by using deep-exome and whole-genome with
gene copy number analysis, along with RNA-seq validation. They identified four subtypes,
namely, squamous, pancreatic progenitor, immunogenic, and Aberrantly Differentiated
Endocrine Exocrine (ADEX) for pancreatic cancer. Furthermore, they specified several
gene-based categories according to similarities among their pathways [9]. In another study,
Sivakumar et al. used expression profiles of 204 ICGC and 149 TCGA samples to tackle
this problem [10]. Using a network-based and community detection method, they identify
three main subtypes for PC. In their study, the focus was the activity and characteristics of
the KRAS gene in PC. In one of the latest works on PC subtyping, Puelo et al. used gene
expression of 309 resected primary PDAC and identified five different subtypes based on
features of cancer cells and the tumor microenvironment [11].

A mentioned earlier, pancreatic subtype identification by using the gene expression
data, is widely popular. However, gene expression is tissue and time specific. It means
that the gene expression of tissue can vary at different time points. Moreover, gene
expressions of different tissues are different at a single time point [12]. Hence, relying on
gene expression for cancer subtype identification might not provide a general and reliable
result. On the other hand, somatic mutations, as important players in cancer development
and disease progression, are less affected by factors that can influence gene expression [13].

Recently, Kuijjer et al. used somatic point mutations for identifying mutational di-
versities in pan-cancer to find new types of cancer among all cancers [14]. They classified
patients with similar mutation profiles into subgroups by applying biological pathways [14].
In another pan-cancer study, Kuipers et al. proposed a method for finding subgroups of
cancer based on interactions of mutations [15]. In the field of pancreatic cancer subtype
identification, Waddell et al. provided a pipeline for analysis of the pattern of structural
variations (including copy number variations, somatic and germline mutations) in 100
PDAC samples [16]. They identified four main subtypes and named them as “stable”,
“locally rearranged”, “scattered” and “unstable”. They have not included any samples
from the exocrine type (a rare type of PC) in their study.
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In 2013, Alexandrov et al. published a paper and showed that there are 78 mutational
signatures in cancers, most of them associated with a specific molecular mechanism to un-
cover the causality behind somatic point mutations across the genome [17]. The proposed
concept provided the importance of motifs in the analysis of somatic point mutations in
cancer genomics. To the best of our knowledge, nobody has used the context of mutations
in highly mutated genes for cancer subtype identification. As we discussed above, multiple
groups identified 3–5 PC subtypes, however, they did not consider the underlying muta-
tional context to cluster affected patients. In this study, we perform an integrative analysis
using “gene-motif” information extracted from somatic mutations to tackle this problem.
We hypothesize that accurate PC subtypes identification depends on both mutations and
their corresponding motifs as well as the respective mutated genes. Therefore, we pro-
posed a feature called “gene-motif” to accurately identify subtypes in pancreatic cancer.
We conducted our integrative analysis on the dataset from ICGC consortia consisting of
774 samples with PC. This dataset is by far larger than those used in the previous studies
which demonstrate the comprehensiveness of this study, and generality of our findings.
To build our model, we first identified candidate gene-motifs as our features to cluster
the PC samples. Such features were selected based on the empirical distribution of the
number of mutations in gene-motifs. After the candidate gene-motifs were identified,
we used a model-based clustering approach for clustering the PC samples to identify the
subtypes. We identified five subtypes with distinguishable relations between candidate
genes, phenotype, and genotype characteristics of PC subtypes. We also identified subtype-
specific mutational signatures and compared them with the latest COSMIC [18] mutational
signatures to investigate the molecular mechanisms behind mutations in each subtype. We
also investigated the mutational load in coding genes to identify subtype-specific genes.
Our gene ontology and pathway analyses also demonstrate common and subtype-specific
terms. We next analyzed RNA-Seq gene expression data of PC samples and investigated
the difference of gene expression between the identified subtypes. We also conducted a
complete survival analysis and studied the effects of histopathological information on
survival time prediction. An overview of the analysis pipeline used in this study is demon-
strated in Figure 1. Our proposed model and its related codes are publicly available online
at Github [19] https://github.com/bcb-sut/Pancreatic-Cancer-Subtype-Identification, ac-
cessed on 6 January 2021.

https://github.com/bcb-sut/Pancreatic-Cancer-Subtype-Identification
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Figure 1. The workflow of pancreatic cancer subtype identification and clustering tree. In the top left, an overall view of 
the 3-mer motif and the gene-motif concept is illustrated. (a) At first, we construct features named gene-motifs based on 
the 3-mer motif and the gene that motif has occurred in. These features were constructed for all samples and in all of their 
protein-coding genes. In the top right, the feature selection process is illustrated. (b) We calculated the number of samples 
each gene-motif has occurred in, and based on their distributions, we found the most frequent (and hence significant) 
gene-motifs. We also found the most frequent mutated genes or significantly mutated genes to filter out those gene-motifs 
that have not occurred in significant genes. This leads to significant features for clustering. (c) The clustering process and 
tree is illustrated. After constructing a matrix of occurrence for each feature in each sample, (each cell indicates whether a 
feature has occurred in a sample or not) the Mclust algorithm was employed to cluster samples into subtypes. After two 
rounds of clustering, five main subtypes revealed themselves. (d) Finally, comprehensive genotype and phenotype char-
acteristic study was performed to find differences and/or commonality in subtypes (bottom left). This includes gene asso-
ciation, mutational signature, deep mutational profile investigation, finding DEGs, survival analysis, etc. 

2. Materials and Methods 
2.1. Data 

Simple somatic mutation data for all pancreatic cancer projects from ICGC [20]. This 
dataset includes information of 17,284,164 simple somatic mutations of 827 samples. 
RNA-seq gene expression data of 534 PC samples were also available from the ICGC data. 

2.2. Data Cleaning and Filtration 
We collected all the information about the position of simple somatic mutation (SSM) 

from the ICGC dataset which includes chromosomal position, start and end position, gene 
ID, transcript ID, reference genome allele, and mutated allele. We also extracted the infor-
mation such as consequence type and project code from ICGC for analysis. Only simple 
somatic point mutations were considered for further analyses. 

To find the 3-nucleotide motifs, we used BSgenome.Hsapiens.UCSC.hg19, Ge-
nomicRnages [21], and SomaticSignatures [22] packages in the R programming language. 
3-nucleotide motifs and their respective genes were concatenated as the clustering 

Figure 1. The workflow of pancreatic cancer subtype identification and clustering tree. In the top left, an overall view of
the 3-mer motif and the gene-motif concept is illustrated. (a) At first, we construct features named gene-motifs based on
the 3-mer motif and the gene that motif has occurred in. These features were constructed for all samples and in all of their
protein-coding genes. In the top right, the feature selection process is illustrated. (b) We calculated the number of samples
each gene-motif has occurred in, and based on their distributions, we found the most frequent (and hence significant)
gene-motifs. We also found the most frequent mutated genes or significantly mutated genes to filter out those gene-motifs
that have not occurred in significant genes. This leads to significant features for clustering. (c) The clustering process and
tree is illustrated. After constructing a matrix of occurrence for each feature in each sample, (each cell indicates whether
a feature has occurred in a sample or not) the Mclust algorithm was employed to cluster samples into subtypes. After
two rounds of clustering, five main subtypes revealed themselves. (d) Finally, comprehensive genotype and phenotype
characteristic study was performed to find differences and/or commonality in subtypes (bottom left). This includes gene
association, mutational signature, deep mutational profile investigation, finding DEGs, survival analysis, etc.

2. Materials and Methods
2.1. Data

Simple somatic mutation data for all pancreatic cancer projects from ICGC [20]. This
dataset includes information of 17,284,164 simple somatic mutations of 827 samples. RNA-
seq gene expression data of 534 PC samples were also available from the ICGC data.

2.2. Data Cleaning and Filtration

We collected all the information about the position of simple somatic mutation (SSM)
from the ICGC dataset which includes chromosomal position, start and end position,
gene ID, transcript ID, reference genome allele, and mutated allele. We also extracted the
information such as consequence type and project code from ICGC for analysis. Only
simple somatic point mutations were considered for further analyses.

To find the 3-nucleotide motifs, we used BSgenome.Hsapiens.UCSC.hg19, Genomi-
cRnages [21], and SomaticSignatures [22] packages in the R programming language. 3-
nucleotide motifs and their respective genes were concatenated as the clustering features.
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For the analysis of gene expression data, samples that had the same sample ID from five
subtypes were used. Finally, the RNA-seq data from 307 samples remained for the down-
stream analysis. Consequently, PCS1 contains 22 samples and PCS2, PCS3, PCS4 and PCS5
contains 10, 108, 76, 91 samples, respectively. Some genes in this dataset had more than
one value for some samples, and we used the mean value from them. Protein coding genes
that had NA values were removed from the analysis.

2.3. Feature Selection

We used gene-motifs [23] as the feature for our analyses. For each gene, we counted
the number of mutated samples. Moreover, for each gene-motif, we counted the number
of samples in which that gene-motif has occurred. Afterward, we used the empirical
distribution of these counts to assign the probability of occurrence to each gene and gene-
motif. In this step, genes and gene-motifs with probability <= 0.01 were considered to
be significant genes and gene-motifs. For our dataset, the genes with mutations in at
least 312 samples, constitute about 0.01 of all protein-coding genes. Additionally, those
gene motifs that have occurred in at least 19 samples, are about 0.01 of all possible gene-
motifs. As a result, 203 genes and 5704 gene-motifs were above their respective criteria and
considered to be significant gene and gene-motif, respectively. All the significant gene and
gene-motifs are provided in Tables S1 and S2. Finally, the significant gene-motifs that their
respective genes were members of the significant gene set, were selected as the clustering
features. A matrix consisting of all the 4211 candidate gene-motifs (Table S3) for all samples,
was used for clustering.

2.4. Clustering Method

In this study, we used the Mclust method [24] to cluster samples. To identify the
optimum number of clusters, Mclust utilizes a Gaussian mixture model with the Bayesian
Information Criterion (BIC) that is the best criterion for finding optimal number of clusters
in mixture models [25,26]. We used the implementation of Mclust in the CRAN package.
Mclust does not make any assumption on the parameters of distribution function for
features, and it does not make any assumption on the number of clusters. These properties
make it a suitable clustering method. Mclust was applied recursively until no meaningful
new cluster was generated. A cluster is assumed to be meaningful if it contains at least
1% of the total number of samples (at least 7 samples). Hence, clusters with less than this
threshold were outliers. To illustrate the segregation and differentiation between clusters
we performed a PCA analysis. The first two principal components of our data demonstrate
that clusters are separated well (Figure S1).

The results of our clustering method are shown in Figure 1. On the first round of
clustering, 5 clusters with sizes of 70, 308, 275, 118, and 3 samples were found. On the
second round of clustering, clusters with 70 and 308 samples did not break into smaller
clusters. Hence, these two were considered as the main subtypes and were named PCS1
and PCS2. On the other hand, the cluster with 275 samples, split into 2 clusters with 161
(called PCS3) and 104 (called PCS4) samples, and 5 other clusters with 2 samples. The
cluster with 118 samples that were found in the first round was divided into 2 clusters
with 115 (called PCSS5) and 3 samples. Other small clusters with less than 7 samples were
considered as outliers.

2.5. Differential Analysis

We used the differential analysis to investigate differences in rates of samples with
mutation, in the protein-coding gene. We counted the number of samples with a mutation
in each gene, for all 5 subtypes. The rates of each gene in each cluster were deducted from
its rate in other subtypes. The same process was performed on clustering features.
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2.6. Mutational Signature Analysis

We used the CANCERSIGN package in R [27] to calculate the mutational signatures
of pancreatic cancer, and the level of exposures of each sample to each signature. This
tool implements the Non-negative Matrix Factorization (NMF) method to find patterns of
3-nucleotide motifs among samples. The signatures were extracted for all pancreatic cancer
samples as well as each subtype, individually. The input to CANCERSIGN is a matrix
of samples in rows, and features (including chromosome, mutation position, reference
allele, and mutated to allele) in columns. The analysis was performed with the number of
signatures ranging from 1 to 15, and the maximum bootstrap iterations for each step was
set to 780. The cosine distance was used to compare the signatures. The evaluation plot of
deciphering 3-mer mutational signatures is provided in Figure S2.

2.7. Motif Analysis

Each mutation and its context (left and right alleles of a mutated position), and
the substituted nucleic acid in that position, constructs a 3-nucleotide motif. There are
96 combinations of 3-nucleotide motifs. Patterns of these 3-nucleotide motifs can provide
important biological information about the molecular mechanism [28–30]. The relative
frequency of motifs was calculated cumulatively for subtypes (Figure S3), and common
associated genes (Table S4). Motif rates of outlier clusters are provided in Figure S4. Tests
for the piqued motifs in common associated genes were undertaken by utilizing the Fisher
exact test. For example, we counted the number of samples that had the motif TA-A.A and
also were in PCS1 (or PCS3) for the gene NRG1. We tested the relationship between these
two dichotomous variables by Fisher’s exact test.

2.8. Transcript Type Analysis

Each mutation can affect one or more transcripts of the gene. The differences in
subtypes indicate different effects on the organisms. To investigate these rates, the relative
frequency of samples in each subtype with a mutation in each transcript, for all protein-
coding genes were calculated.

2.9. Gene Association

The association of protein-coding genes to each subtype was done by utilizing Fisher’s
exact test. This test was applied to identify mutated genes as the potential biomarker for
each subtype. To identify such association using Fisher’s exact test we used a 2 × 2 con-
tingency matrix. This matrix contains information relating to the number of samples in
all possible combinations of two variables. These variables are (1) being categorized as a
member of a certain subtype or not, and (2) having at least one mutation in a given gene
or not. This test was used for all genes in all subtypes. To find a significant threshold
for p-values, a permutation test was conducted. To do this, first, a table of the number
of mutated samples for each gene was randomly generated, such that their total number
over all the genes remains the same. This table was created for all subtypes. Second,
Fisher’s exact test was conducted as described above on all genes and for all subtypes.
Third, these steps were repeated 10,000 times. Fourth, for each gene, 10,000 p-values were
generated. We considered the p-value of the lowest 0.05 percent of these numbers as the
significance threshold. For the final step, we chose the genes that were mutated at least
in 50% of samples of their respective subtype and considered them as associated genes to
subtypes (Table S5). A Venn diagram of common associated genes in subtypes is provided
in Figure S5.

2.10. Gene Expression Analysis

Raw read count of 19,104 protein-coding genes from 307 samples was gathered in
a matrix. The DESeq2 package and its guideline were used for finding differentially
expressed genes (DEGs) between the groups [31]. Genes with a p-value of less than 0.05
were considered as significantly differentially expressed genes. First, significant DEGs of
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PCS1 were compared to all other subtypes. This was also done for other subtypes. Second,
in five sets of DEGs, unique genes and common genes were distinguished, as shown in the
Venn diagram of Figure S6. Those genes that are only in the respective set of each subtype,
are considered as uniquely differentially expressed genes (UDEGs).

2.11. Gene Ontology and Pathway

Gene ontology and pathway analyses were performed by using the Enrichr online tool
(https://amp.pharm.mssm.edu/Enrichr/ (accessed on 6 January 2020)) [32]. Associated genes
to each subtype were used as input to this tool. For the p-value adjustment, the Benjamini–
Hochberg method was employed. Only ontologies with FDR < 0.05 were considered.

2.12. Gender and Project Code Analysis

Project codes of the ICGC database contain information related to the types of pan-
creatic cancer and the region where the data is gathered. We can also retrieve the gender
of donors in the meta-data of donors in this database. Here, this information was used to
investigate the possible relation between subtypes, their living location, and their gender.
We used genders and project codes in each subtype. Our samples were either male or
female, and belong to 4 project codes, namely Pancreatic Cancer Ductal adenocarcinoma
from Australia (PACA-AU), Pancreatic Cancer from Canada (PACA-CA), Pancreatic Cancer
Endocrine neoplasms from Australia (PAEN-AU), and Pancreatic Endocrine neoplasms
from Italy (PAEN-IT). Frequencies of genders and project codes are provided in Tables S6
and S7. We used the frequency of samples of each project in each subtype to investigate if
any meaningful relationship between this information and subtypes can be observed.

2.13. Literature Search for Non-Coding Interacting Genes

Our literature searches to identify cancer-associated genes were focused on human
studies and English language publications available in the PubMed, Scopus, and Web
of Science. We also used data and text mining techniques to extract additional related
studies [18,33–38]. A decision tree approach and a knowledge-based filtering system
technique were also used to categorize the texts from the literature search [37,39]. The
search terms included “noncoding RNA” or “lncRNAs” or “genes name + cancer”. “BC”
or “breast carcinoma” and “breast neoplasm”.

2.14. Survival Analysis

We used the donor survival time as the overall survival time for each donor, and
vital status was used for the Kaplan–Maier method to estimate the overall survival of each
subtype. To conduct survival analysis, we discarded the data for donors that had missing
or NA values for survival time (or survival time with zero days) or vital status.

Here, we also report the mean and median of overall survival for each subtype and
their 95% confidence interval in Table S8. We also studied differences of overall survival
between subtypes by using the log-rank test, Breslow test [40], and Taron-Ware test [41].
Pairs of subtypes with a p-value of less than 0.05 were considered to be unequal in terms of
their survival curves. Results are provided in Table S9.

We also used the Cox proportional hazards model to evaluate the prognosis power of
subtype indicators for survival prediction [15]. We applied several models with adjustment
for age at diagnosis, tumor stage, tumor grades, and subtype indicator variables to survival
data. As a result, tumor stage categories were aggregated into 5 categories (stages I to
IV and stage X; indicating samples with unknown staging status). We also assembled
grade categories in 7 levels, namely, (1) well differentiated, (2) moderately differentiated,
(3) poorly differentiated, (4) undifferentiated, (5) NET well differentiated, (6) NET moder-
ately differentiated, and (7) NET poorly differentiated. Samples without information or
false values (e.g., 0 or NA) were removed, leaving 625 samples for analysis.

A full model with adjustment for all variables is presented in Table S10. We also report
the p-values of the coefficient and likelihood ratio test of comparison with the null model

https://amp.pharm.mssm.edu/Enrichr/
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(a model without predictor) for each case. We also tested the effect of each variable on
survival prediction in the complete model using the likelihood ratio test. A likelihood
ratio test was conducted to compare the reduced model and complete model to assess the
effect of the removed variable in the complete model. To do this, variables were removed
from the complete model, one at a time, to generate the reduced model. A likelihood ratio
test comparing the complete model and the reduced model was employed to evaluate the
effect of the removed variables on the survival time. p-values of these tests are reported
in Table S11.

2.15. Comparing the Overall Mutation Rate in Subtypes

We conducted an independent t-test to explore the statistical differences between
subtypes, in terms of the relative frequency of samples with mutations in significant genes,
and all protein-coding genes. We also investigated the rate of mutation in significant
gene-motifs, and significant features (Table S12). After calculating the rate of samples that
had a mutation in each protein-coding gene for all subtypes, these rates were tested in
pairs, to compare means of mutation rates in subtypes. The same process was also carried
out for significant genes, significant gene-motifs, and significant features.

3. Results
3.1. Background Model to Identify Subtypes in Pancreatic Cancer

In this study, we used somatic point mutations in pancreatic cancer patients from the
ICGC dataset. This dataset contains information on mutations of PC samples, based on the
whole genome sequencing technology. These samples are collected from three different
regions including Australia, Canada, and Italy. In total, 57% of these samples were collected
from male and 43% from female donors. After the data cleaning process, (see methods
section) information of 774 samples was selected for further analysis.

Since somatic mutations are one of the important factors in the progression and
development of cancers [13], they were the main point of attention for integrative analysis
of PC subtype identification. There are different mutational processes in living organisms
causing mutations across the genome. These molecular mechanisms may cause mutations
based on the adjacent bases of a locus [42]. This means that mutational mechanisms may
act differently based on neighboring positions of a locus. According to [28], there are
96 possible mutation types in 3-nucleotide motifs (the original nucleic acid, the nucleic acid
which it has mutated to, and its right and left alleles). Rates of each 3-nucleotide motif may
vary in genes. To count each 3-nucleotide motif in each gene separately, we constructed
a new feature called “gene-motif”. For example, KRAS-CT-A.G refers to the number of
CT-A.G 3-nucleotide motif in the KRAS gene. “CT-G.A” stands for a mutation point that
its reference nucleobase is C, mutated to T, its right nucleobase is A, and its left nucleobase
is G. The main reason for studying this type of variation is that by depending solely on
genes we will overlook the information stored on mutations themselves. An overview of
the gene-motif context is shown in Figure 1.

In the first step, we used empirical distributions to select 4211 significant gene-motifs
as the features for clustering (see methods section). A full list of clustering features is
provided in Table S3. We then adopted the Mclust algorithm [24] (see methods section)
and identified five main clusters in pancreatic cancer individuals, which we refer to as
PCS1, PCS2, PCS3, PCS4, and PCS5. A PCA analysis also confirmed that clusters are
well identified and separated (Figure S1). The clustering tree for the process of finding
these subtypes is available in Figure 1. As Figure 1 shows, there are 70, 308, 161, 104, and
115 samples for subtypes PCS1, PCS2, PCS3, PCS4, and PCS5, respectively.

In the following sections, genotype and phenotype characteristics of these five PC
subtypes are analyzed and discussed in detail to represent their unique and differentia-
tive properties.
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3.2. Relative Frequency of Mutations in the PC Subtypes

We investigated the differences in the mutational rate of all protein-coding genes and
also significantly mutated genes to determine the mutational specification of our identified
subtypes and explore if the PC subtypes are different concerning their mutational load.
As shown in Figure 2, the level of mutational load in all coding genes and significantly
mutated genes within the identified subtypes is different. This difference is much clearer
in subtypes PCS1, PCS2, and PCS3, while PCS4 and PCS5 have almost similar patterns. To
investigate the mutational difference between the subtypes, we performed a differential
mutation analysis (see method section) to explore the difference between the frequency of
mutations in each gene and gene-motifs in each pair of subtypes. As shown in Figure 2, the
difference between PC samples in subtypes PCS4 and PCS5 is more significant, indicating
they are correctly grouped in two different subtypes. The figure also shows that the
mutational frequency of the candidate gene-motifs in the subtypes are different, suggesting
the different mutational mechanisms among the identified subtypes. We also conducted
an independent sample t-test and determined when the difference between subtypes in
the differential mutation analysis is more evident (see method section). We performed this
analysis in three different scenarios by using all protein-coding genes, significant genes,
and significant gene-motifs. Our results demonstrate that all subtypes are significantly
different in terms of their mutational load in protein-coding genes and the significant
gene-motifs (Table S12).

3.3. Biological Characterization of Each Subtype

We next investigated different aspects of the biological characterization of each sub-
type. Here, we searched for unique genes, motifs, and transcripts in each subtype to
investigate the differences of subtypes in each experiment. The 3-nucleotide motifs of each
mutation were also constructed for further mutational signature analysis. Furthermore,
pathways and GOs of associated genes were analyzed to discover molecular and functional
characteristics of each subtype. We also examined molecular data that was available for
a subset of the pancreatic cancer samples. Lastly, we investigated the difference between
survival curves of PC subtypes.

3.4. Motif Rates and Signatures Analysis

There are 96 different types of mutations concerning their 3-nucleotide motifs in DNA.
The occurrence rate of these motifs in subtypes is related to specific molecular mechanisms
behind mutations in cancers [28]. To study the 3-nucleotide motifs rates in PC subtypes,
the relative frequency of each 3-nucleotide motif among samples in each subtype was
calculated and plotted in Figure S3.

In our gene association analysis, we identified several genes that were significantly
mutated in multiple subtypes. Here, we explore if the mutations in these genes have
different motif preferences in each subtype. To do this, we investigated the mutational
load in 3-nucleotide motifs in the highly mutated genes that were associated to multiple
subtypes. As shown in Figure 3, even though some genes are associated with more than
one subtype, the mutations within these genes are enriched in different 3-nucleotide motifs.
We showed two oncogenes which were associated with more than one subtype in Figure 3.
As demonstrated in this figure, PTPRD has significantly different motifs when the rates
of each motif in subtypes are being considered. CT-A.G, CT-C.G, and CT-G.G occurred
more frequently in PCS3, compared to PCS1. In ROBO2 gene, four motifs (CG-T.A, CT-A.T,
TA-A.T, and TA-T.A) occurred more frequently in PCS4, compared to PCS3. We also found
21 different motifs in PCS4 and PCS5. A full list of genes that significantly mutated in
multiple subtypes, but in different 3-nucleotide motifs, is provided in Table S4.
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We also investigated the mutational signatures in each PC subtype, separately [28].
Alexandrov et al. studied mutational signatures to find molecular mechanisms concerning
the occurrence of each signature [43]. As it was discussed in [43], different signatures can be
interpreted as different molecular mechanisms of mutations. Here, we used CANCERSIGN
tool [27] to identify mutational signatures in the identified PC subtypes. Patterns of
extracted mutational signatures are provided in Figure S7 (considering Alexnadrov et al.
signatures profile, we excluded unknown and artifact signatures from our analysis) [28].
The importance and commonality of signatures in each subtype are shown in terms of
boxplots of levels of exposures of samples in Figure 4a. We also calculated the angular
similarity between identified signatures in each subtype and the signatures reported by
Alexandrov et al. [17,43]. In total, 12 signatures in our study had angular similarity
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more than 70% with Alexandrov’s signatures. SBS1, a spontaneous deamination of 5-
methylcytosine was presented in all the subtypes (signature 3 of PCS1 with 72% similarity,
signature 1 of PCS2 with 81% similarity, signature 2 of PCS3 with 79% similarity, signature
2 of PCS4 with 87% similarity, and signature 2 of PCS5 with 71% similarity). This signature
is potentially associated with the most active mutational molecular mechanism in PC and
is related to spontaneous or enzymatic deamination of DNA in which the failure in its
detection causes fixation of T substitution for C, before the DNA replication (Figure 4b).
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two subtypes. However, they have mutated in different motifs. (a) PTPRD and (b) ROBO2 are two oncogenes that are
good examples of this phenomenon. Although they are associated with four subtypes, as it is evident in their bar plot of
motif rates, there are multiple differently mutated motifs when rates in subtypes are compared. Each arrow represents
a significant difference in the rate of occurrence of the motif that is pointed to, and the color of the arrow indicates the
comparison that motif was significant in. The p-values can be found in Table S4.

SBS3 is presented in PCS4 and PCS5 (with similarity rate 74% and 81% with PCS4 and
PCS5, respectively). This is a defective homologous recombination-based DNA damage
repair. SBS3 in pancreatic cancer is related to responders to platinum therapy. Our clinical
investigation for these two subtypes revealed that most of the patients in these subtypes
were under platinum therapy. Our analysis also showed that SBS5 was presented in PCS1
and PCS3 with similarity rates more than 75% and 74% to PCS1 and PCS3, respectively.
This signature is associated to tobacco smoking. Interestingly, we found genes PDE4D and
HECW1 are the highly mutated genes in PCS1 and PCS3, respectively. Mutations in these
genes are known to be associated with smoking behavior [44,45]. SBS17b is only presented
in PCS5 (with similarity rate 70%). This signature is possibly associated to fluorouracil
(5FU) chemotherapy treatment. Interestingly, we found out that at least 29% of patients in
this subtype were under chemotherapy treatment. SBS18 and SBS36 are other Alexandrov’s
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signatures that are highly associated with subtypes PCS4 and PCS5, suggesting these two
subtypes are also under pressure of DNA damage due to reactive oxygen species or somatic
MUTYH mutations.
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3.5. The Mutational Rate in Transcripts

Mutations in genes can affect their transcripts and consequently their corresponding
proteins based on their respective transcripts. To investigate the effect of mutations con-
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cerning transcripts in pancreatic cancer subtypes, we calculated the difference between our
identified subtypes concerning the mutational load in different transcripts of the coding
genes. Our analyses showed that for many of the candidate protein-coding genes, the
mutations occurred in specific transcripts of the genes. To this end, the somatic point
mutations were enriched in different transcripts of the genes. For instance, although
CTNNA2 has a 100% mutation rate in both PCS3 and PCS5, their mutational patterns were
different from their transcripts (Figure 5). In PCS3, 52% of samples mutated in transcript
ENST00000493024, while 88% of samples in PCS5 have mutated in the same transcript. In
the TTN gene, PCS2 samples had more mutation compared to the CTNNA2 gene. Inter-
estingly, in various transcripts of this gene, the rates of mutation in subtypes are different.
Another interesting point is that in transcript ENST00000425332 only PCS5 and PCS2 had
mutations, while the other three subtypes had no mutation at all. In 4 out of 15 transcripts
of the DPP6 gene, only PCS3, PCS4 and PCS5 had the mutation and the other two subtypes
had none. This analysis revealed the importance of de novo somatic mutational load in
transcripts, which can be used in a better understanding of the underlying mechanisms.
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3.6. Gene Expression Analysis and Finding Differentially Expressed Genes

To study the impact of de novo mutations in the PCS subtypes on the expression level
of coding genes, RNA-seq data of 307 samples were analyzed. This analysis was conducted
by using the DEseq2 package [31] and its defined workflow (see methods section). The gene
expression level of each gene in PC subtypes was compared to the level of gene expression
in other subtypes. As a result, we identified 303 uniquely differentially expressed genes
(UDEG) in PCS1, 2427 UDEG genes in PCS2, 267 UDEG genes in PCS3, 136, and 940 UDEG
genes in PCS4, and PCS5, respectively. For example, KRAS was differentially expressed in
PCS2 only; interestingly, it is the only gene that was significantly mutated to this subtype.
Another example is DMD gene in PCS1. This gene has a tumor suppression activity, and
alterations in the expression of this gene in pancreatic tumors have been discussed in [46].
Boxplots of expression of these two genes in the five subtypes are shown in Figure 6. A list
of UDEGs for each subtype is provided in Table S13.
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3.7. Gene Ontology and Pathway Analyses

We then performed gene ontology (GO) and gene pathway analyses to investigate
whether candidate genes in PCS subtypes are significantly associated with any specific
term [47]. We employed gene set enrichment analysis for all associated genes (see methods
section) for each subtype. There are some common GO terms in two or more subtypes
and some unique terms for each subtype as listed in Table S14. For example, “regula-
tion of protein kinase C signaling (GO:0090036)” is only associated with PCS3, “DNA
damage response, signal transduction by p53 class mediator resulting in cell cycle arrest
(GO:0006977)” and “G1 DNA damage checkpoint (GO:0044783)” are unique to PCS4. On
the contrary, the “epidermal growth factor receptor signaling pathway (GO:0007173)” is an
example of common gene ontologies enriched in subtypes PCS2 and PSC5. Some terms like
“regulation of cell proliferation (GO:0042127)” are common in all subtypes. Interestingly, a
large number of GO terms across subtypes are related to the nervous system and axons, and
there is a known relation between pancreatic nerve alterations and pancreatic cancer. These
alterations in size and density of nerves have also some effects on non-neural pancreatic
cells [48]. A table of all GO terms related to genes of each subtype is provided in Table S14.

Our pathway analysis also revealed known pathways that are related to pancreatic
cancer. For example, the cell adhesion molecules (CAMs) pathway that is enriched in PCS3,
PCS4, and PCS5, is a well-known pathway in PC development [49–51]. The axon guidance
pathway was also enriched in all subtypes. Mutations and other genomic variations were
seen in genes of this pathway for PC samples and have been shown to have a critical
role in the PC mechanism [52]. Pathways related to associated genes of each subtype are
provided in Table S15. We also provided a summary of known cancer related pathways
that overlapped with the pathways identified in our study (Figure S8).

3.8. Clinical Report and Survival Analysis of the Identified Subtypes

To study and understand the characteristics of each pancreatic cancer subtype, we also
examined clinical data and phenotypic information including age, gender, and location of
the samples. Moreover, we studied the impact of tumor information including stage and
grade on the survival of patients of each subtype, to gain more insight on their effect on
patient’s health status. To this end, the frequency of samples for each project in each subtype
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was counted to investigate if any meaningful relationships between this information and
subtypes can be observed. The frequencies of gender and project are provided in Tables S6
and S7 which illustrate distinguishable patterns among our identified subtypes.

As demonstrated in Tables S6 and S7, about 70% of all endocrine samples are in PCS1.
Pancreatic cancer endocrine neoplasm is a rare type of pancreatic cancer that occurs in less
than 1 per 100,000 persons per year in the general population [53]. Other remaining ductal
samples (9 out of 70 samples) in this subtype may have similar molecular functionalities to
those endocrine samples. Additionally, men are twice as likely as women in this subtype.
For PCS2, all samples (except one sample) are of ductal adenocarcinoma type. Pancreatic
ductal adenocarcinoma is the most common and more lethal type of pancreatic cancer that
is more resistant to drugs and existing treatments [54]. For this subtype, about 75% of
samples were gathered from Australia, meaning that this subtype is more likely to happen
in this country. Moreover, PCS2 is more common among men (about 58% are men and
48% are women). The majority of samples in PCS3 have a ductal adenocarcinoma type,
and one-tenth of this subtype has an endocrine tumor. It is also observed that PCS4 and
PCS5 have approximately the same proportion of ductal and endocrine types. This may
indicate that these two subtypes are based on a common functionality between ductal and
exocrine types. Moreover, 60% of samples of PCS4 are women, and 66% of samples in
PCS5 are men.

We next conducted a survival analysis to estimate the overall survival of each subtype.
Kaplan–Meier curves of each subtype are shown in Figure 7. The overall survival of PCS1
could not be estimated by its median due to their large amount of censorship. PCS1 mostly
contains samples with an endocrine type that is the least lethal type of pancreatic cancer.
Hence, donors with this type of cancer may skip follow-ups due to their good health
conditions which in turn cause censorship. However, the mean overall survival time of the
endocrine is 12.5 years.
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Among other subtypes, PCS3 has the longest overall survival time (25.8 months) which
is followed by PCS2 (20.2 months), PCS5 (18 months), and PCS4 (15.5 months) (Table S8).
The log-rank test also shows that the overall survival of all subtypes is statistically different
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(p-value of 0.0001). We also made pairwise comparisons between subtypes with multiple
testing methods (see methods section). Among all subtypes, PCS1 has a significantly different
survival curve from others, based on all the testing methods. The survival curve of PCS4 is
different from PCS1, PCS2, and PCS3 while indicating some similarities to PCS5. PCS2,
PCS3, and PCS5 have similar survival curves (Table S9).

Many factors affect the survival of a pancreatic cancer patient. Among them, clinical
and histopathological information can help to improve the assessment of a patient’s health
condition and survival time. We employed the Cox proportional hazard models to predict
the survival time of subtypes by incorporating information such as age, gender, tumor
grade, tumor stage, and our subtype indicators [15]. Their power of improving prediction
accuracy was also measured by likelihood ratio tests. Here, we first conducted the Cox
proportional hazard model with each variable, separately. These single-variable models
show the power of improvement of survival prediction only based on the variables in the
model (Table S10). Our results demonstrate that subtype indicators are highly significant
in predicting survival (p-value < 2.2 × 10−16). All other variables also performed well
in the single variable models (p-value < 1.2 × 10−16). There is only one category in the
stage variable (stage III), and one category in the grade variable (Undifferentiated) that had
non-significant effects in their respective models (p-value > 0.05).

We then tested the performance of all variables in a complete model (Table S10). The
effects of each variable in a full model are tested by removing them one by one from
the complete model and comparing the accuracy of the reduced models with the full
model. All variables except age (p-value = 0.088) are shown to have a significant effect in
prediction accuracy of the complete model (p-value < 1.2 × 10−16) (Table S11). The results
demonstrate that all of these properties (e.g., staging, grading, etc.) are important in the
survival time prediction.

4. Discussion

Despite the large numbers of whole genome and exome sequencing data that are
available for cancers, in particular pancreatic cancer, there are still some ambiguities on
the vast number of mutations, their types, and causes, leading to significant challenges in
identifying mutational subtypes in pancreatic cancer. However, different mutation rates of
samples may shed some light on different molecular mechanisms behind mutations among
the groups of patients. Mutation is the hallmark of cancer genomes, and many studies have
reported cancer subtyping based on the type of frequently mutated driver genes [14,28,55],
or the proportion of mutational processes [28], however, none of these existing cancer
subtyping methods consider these features simultaneously. In other words, the sequence
context of somatic point mutations in driver genes have not been taken into consideration
in cancer subtyping and biomarker discovery. Here, we integrated these two features
(frequently mutated genes and sequence context of mutated sites) and implemented a
bioinformatics pipeline for pancreatic cancer subtyping using 774 pancreatic cancer samples
from ICGC consortia. We found 4211 significantly mutated gene-motifs in the pancreatic
cancer samples and used them as the features for clustering, resulting in five subtypes
among the pancreatic cancer samples (PCS1 to PCS5). PCS1 is potentially the subtype
known as ADEX that consists of many samples with the endocrine neoplasm type of PC.
ADEX tumors are shown to be involved in the upregulation of genes that regulate networks
involved in KRAS activation, exocrine (NR5A2 and RBPJL), and endocrine differentiation
(NEUROD1 and NKX2-2) [9]. PTPRD (Protein Tyrosine Phosphatase, Receptor Type D) has
been mutated in 81.4% of the patients in this subtype (57 samples out of 70). It is shown
that the PTPRD gene is a tumor suppressor and mutation/downregulation in this gene
was observed in multiple cancers including lung and glioblastoma multiforme (a fatal
form of brain cancer) [56]. PTPRD acts as a regulator for STAT3, which is shown to be
activated in colon tumors and cell lines. Mutations in PTPRD restrict its ability to regulate
STAT3, which promotes cancer progression [57]. PCS2 which is the largest subtype with
308 samples, is a KRAS addicted subtype as KRAS was mutated in more than 89.28% of



Cancers 2021, 13, 4376 17 of 22

samples in this subtype. Previous subtyping studies demonstrated that the RAS family
are highly mutated genes in the lung, colorectal and pancreatic cancers [58]. Moreover,
pancreatic ductal adenocarcinoma (PDAC) was reported as the most RAS-addicted among
all cancers, which impacts cell differentiation, proliferation, and apoptosis [58]. The clinical
trials using small molecule inhibitors targeting KRAS, resulted in promising anti-tumor
effect for KRAS-mediated subtypes in pancreatic cancer [59].

The other three subtypes have a higher rate of mutation compared to PCS1 and PCS2,
we therefore can call these three subtypes as hypermutated subtype. PCS3 samples were
highly mutated in SLIT2 and ROBO1. Bailey et al. in the previous pancreatic cancer studies
demonstrated that ROBO/SLIT signaling pathways play contradictory and anti-angiogenic
roles in tumorigenesis, endometriosis and renal ischemia-reperfusion injury [9,60–63].
Therefore, the ROBO/SLIT signaling pathway might be a promising target in pancreatic
cancer therapy. TP53 was the highly mutated gene in PCS4. Previous PC subtyping by
Bailey et al. demonstrated that squamous tumors are enriched for TP53 mutations which
interacts with ASCOM complex constituents MLL2 and MLL3, and upregulation of the
TP63∆N transcriptional network [9]. As like as PCS3, PCS5′s samples are also highly
mutated in many genes including ROBO1 and SLIT2 demonstrating the contribution of
ROBO/SLIT signaling pathway in tumorigenesis of PCS5′s samples. However, mutations
in PSC5′s samples were also enriched in ROBO2, which is a stroma suppressor gene in
the pancreas and acts via TGF-β signaling [64], which may suggest that both ROBO/SLIT
and TGF-β signaling pathways play a role in tumorigenesis of PCS5. A previous study on
pancreatitis and PDAC mouse models showed that Robo2 can act as a stroma suppressor
gene by restraining myofibroblast activation and T-cell infiltration [64].

Our pathway analysis also revealed cell cycle and the axon guidance pathways as
the most common pathways in all PC subtypes identified in this study. Interestingly, the
axon guidance pathway was previously observed in murine Sleeping Beauty transposon-
mediated somatic mutagenesis models of pancreatic cancer. In addition to common path-
ways, some subtype-specific pathways were also seen. For example, we identified Protein
kinase C signaling pathway, EGFR (epidermal growth factor receptor) signaling pathway
and p53 signaling pathway and as potential targets for treatment of the PSC1, PSC2, and
PSC4 subtypes, respectively. It is worth mentioning that targeted treatment options are
available for some of the pathways observed in our subtypes. For example, cell adhesion
molecules (CAMs) are glycoproteins expressed on the surface of cell membranes that act as
oncogenes or tumor suppressors in signal transduction; they also act as tumor progression
and metastasis regulators [49–51]. We identified CAMs as potential therapeutic targets
in PCS3, PCS4, and PCS5 subtypes. By considering somatic mutations in all of the genes
associated with our PC subtype-specific mutation of signaling pathways, we might be able
to find additional cancer patients who could benefit from targeted treatment options. On
the one hand, the pathways identified in our analysis are mutated in a large number of PC
patients, and on the other hand, targeted treatment options are currently available for most
of these pathways. We therefore believe that these treatment options are worthy of further
investigation to develop better therapeutic targets.

Our analysis also revealed subtype-specific mutated genes which may be the main
cause of functionality among each subtype. Although there are some genes that signifi-
cantly mutated in multiple subtypes, however, these genes are mutated in different motifs,
indicating the context of the mutation is different in these genes in each subtype. This
is also true for non-associated genes. For example, about 30% of samples in PCS5 had
TTG-to-TGT mutations in LRP1b gene while PCS1 and PCS2 had no mutation in this
gene-motif, and only 7% of samples in the other two subtypes had mutation in this gene-
motif. PTPRD is another example that significantly mutated in PCS4 and PCS5 subtypes,
however, the mutations were enriched in different motifs in each subtype (Figure 3). This
would suggest that, rather than only investigating mutations in well-known oncogenes,
we should consider the context of the mutations within driver genes (frequently mutated
genes) to accurately identify cancer subtypes as well as targeted treatment biomarkers. By
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identifying subtype-specific gene-motif profiles, in addition to subtype-specific targeted
therapeutics, we may obtain a clearer picture of the molecular mechanisms that cause a
high rate of mutations (and consequently a high number of associated genes), in subtypes.

Our mutational signature analysis in the identified subtypes also revealed some
new and subtype-specific signatures in addition to the well-known COSMIC signatures
in the identified subtypes in this study; these signatures may be utilized to find the
molecular mechanisms that are responsible in these subtypes (Figure 4 and Figure S2).
These molecular mechanisms systematically make changes across the genome, and hence
they can leave a trace of their activity that corresponds to a different rate of motifs. We also
found some signatures that are common among all subtypes, but with different exposures.
Although the etiology of many COSMIC signatures is still unknown, some of them contain
critical information. For instance, signature 1 of PCS4 and PCS5 are similar to SBS10a of
COSMIC, and it is known that samples with this signature are hypermutator. The driver of
some signatures such as signature 6 of PCS4 (similar to SBS31 of COSMIC) is chemotherapy
with platinum drugs, and the driver of those that are similar to SBS3 and SBS6 of COSMIC,
are DNA repair mechanism deficiency. The combination of these molecular mechanisms
and their effect becomes dominant and drives cancer to different subtypes.

It is now well known that molecular mechanisms underlying the mutational processes
can cause mutations across the genome, blindly, because of their shape and structure.
However, different rates of gene-motifs may point to different accessibility of molecular
mechanisms to genome in different genes. This can possibly be a result of different
epigenetic factors in genes. However, this could not be investigated in this study due to
lack of epigenetic data but can be a lead for future works.

With genomic medicine emerging as a routine part of the health system, tumor
mutational profiling will help to better understand the underlying genetic causes of cancers.
The current treatments options are usually based on assessing single gene mutations. Our
study and the proposed pipeline to identify PC subtype associated genes and the context of
the mutations within these genes (either by identifying gene-motifs or mutation signatures)
could help more precise diagnoses by assigning patients to available therapeutic targets
or ongoing clinical trials targeting specific mutations, and identifying subtype-specific
pathways that might be useful treatment targets for therapeutic intervention.

The gene expression analysis also revealed genes that are differentially expressed
in the subtypes. This may be due to the centrality of associated genes or the genes they
affect in the pathways or regulatory (co-expression) network. In other words, expression
levels of some of our identified subtypes are only driven by mutations, while some others
such as PCS2 and PCS5 are only influenced by mutations besides other factors. To verify
this claim, we extracted downstream neighbors of associated genes in pathways of each
subtype, up to four levels. We discovered that 16, 65, 27, 19, and 166 of UDEGs of PCS1
to PCS5 are among the neighbor genes, respectively (Table S16). Interestingly, “Pathways
in cancer” that has been observed for PCS5 contains 30 PCS5 associated genes 14 UDEGs
in PCS5 (see the number of associated genes and UDEGs in each pathway in Table S17).
The “RAS signaling pathway” in PCS2 has also the largest number of UDEGs (equal to 20).
Interestingly, KRAS gene was the only associated gene to PCS2 and has probably a strong
effect on the expression alteration.

Our investigations of clinical information, available for a subset of the patients, re-
vealed an association between the survival time of PC patients and histopathological factors
such as grading and staging. For example, PCS1 has the longest survival time, and its curve
is differentiated compared to the other subtypes (Figure 7). This is because most PCS1
samples were from the endocrine type of PC that has lower lethality. More investigations
on the centers that have collected the samples demonstrate that the PCS2 samples mainly
came from Australia, and the PCS5 samples from Canada (60%) (Table S6). There is a
possibility that some molecular mechanisms associated with the mutational signatures are
influenced or driven by ethnicity or geographical variables. There were also some biases
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towards genders in some subtypes (Table S7), in which 60% of samples in PCS1 are male,
and about 60% of samples in PCS4 are female.

5. Conclusions

High-throughput sequencing has provided many improvements in finding the key
mutations and molecular events by providing a high number of samples. This will lead to
accurate classification of patients based on their mutational profiles, and consequently, and
better clinical decisions on their treatment. In this manuscript, we provided a list of subtype-
specific gene-motifs which can be useful in better understanding the underlying genetic
causes of pancreatic cancer, by exploiting the context of the mutations in the driver genes.
Considering the genes with significant mutation rates in PC, and the contexts of the muta-
tions in the genes can provide a more effective and personalized treatment for pancreatic
cancer. We showed that our proposed pipeline helps discover mutational patterns associ-
ated with cancer related pathways, clinical phenotypes, and potential therapeutic target
options for cancer-specific subtypes, as well as mutational patterns that are observed across
multiple pancreatic cancer types. Our proposed model and its related codes are publicly
available online at: https://github.com/bcb-sut/Pancreatic-Cancer-Subtype-Identification
(accessed on 10 August 2021).
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