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Abstract

Pancreatic ductal adenocarcinoma (PDAC) is the third leading cause of cancer death in the
US. Despite multiple large-scale genetic sequencing studies, identification of predictors of
patient survival remains challenging. We performed a comprehensive assessment and inte-
grative analysis of large-scale gene expression datasets, across multiple platforms, to
enable discovery of a prognostic gene signature for patient survival in pancreatic cancer.
PDAC RNA-Sequencing data from The Cancer Genome Atlas was stratified into Survival+
(>2-year survival) and Survival—(<1-year survival) cohorts (n = 47). Comparisons of RNA
expression profiles between survival groups and normal pancreatic tissue expression data
from the Gene Expression Omnibus generated an initial PDAC specific prognostic differen-
tial expression gene list. The candidate prognostic gene list was then trained on the Austra-
lian pancreatic cancer dataset from the ICGC database (n = 103), using iterative sampling
based algorithms, to derive a gene signature predictive of patient survival. The gene signa-
ture was validated in 2 independent patient cohorts and against existing PDAC subtype
classifications. We identified 707 candidate prognostic genes exhibiting differential expres-
sion in tumor versus normal tissue. A substantial fraction of these genes was also found to
be differentially methylated between survival groups. From the candidate gene list, a 5-gene
signature (ADM, ASPM, DCBLD2, E2F7, and KRT6A) was identified. Our signature demon-
strated significant power to predict patient survival in two distinct patient cohorts and was
independent of AJCC TNM staging. Cross-validation of our gene signature reported a better
ROC AUC (> 0.8) when compared to existing PDAC survival signatures. Furthermore, vali-
dation of our signature through immunohistochemical analysis of patient tumor tissue and
existing gene expression subtyping data in PDAC, demonstrated a correlation to the pres-
ence of vascular invasion and the aggressive squamous tumor subtype. Assessment of
these genes in patient biopsies could help further inform risk-stratification and treatment
decisions in pancreatic cancer.
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query/acc.cgi?acc=GPL6244. Gene Expression
datasets to test signatures: Microarray downloaded
using GEOquery package in R from https://www.
ncbi.nim.nih.gov/geo/query/acc.cgi?acc=
GSE57495 and https://www.nchi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE71729. TCGA Methylation
data was obtained from cBioPortal: https:/github.
com/cBioPortal/datahub/blob/master/public/paad_
tcga.tar.gz. ICGC Data: https://dcc.icgc.org/
releases/release_22/Projects/PACA-AU. msigDB
Gene Sets: http://software.broadinstitute.org/gsea/
msigdb/download_file.jsp?filePath=/resources/
msigdb/5.2/msigdb.v5.2.symbols.gmt (Free login
required). GTEx: http://www.gtexportal.org/static/
datasets/gtex_analysis_v6p/rna_seq_data/GTEX_
Analysis_v6p_RNA-seq_RNA-SeQCv1.1.8_gene
rpkm.gct.gz (Free login required).
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Introduction

Pancreatic cancer is the third leading cause of cancer related death in the US and is predicted
to become the second leading cause of cancer mortality by 2020 [1]. Despite recent advances,
the 5-year survival rate remains less than 7% [2]. The majority of patients present with
advanced stage disease, and available treatments with FOLFIRINOX or nab-paclitaxel plus
gemcitabine chemotherapy provide only modest survival benefit [3,4]. In addition, patients
who undergo attempts at curative surgery plus adjuvant chemotherapy still have a very poor
5-year survival rate at roughly 15-20% with 80% of patients relapsing after resection [5]. These
poor outcomes highlight the need for novel development of biomarkers to predict patient sur-
vival and treatment response with potential linkage to different therapeutic options.

The American Joint Committee on Cancer (AJCC) TNM staging system is currently the
most widely used prognostic factor for predicting survival in patients with pancreatic cancer
[6]. The system relies primarily on accurate assessment of tumor size, lymph node involve-
ment, and presence of metastasis. In an effort to develop better prognostic tools to stratify
patient survival, probability of recurrence, and treatment response, several groups have devel-
oped gene expression signatures utilizing microarray datasets derived from pancreatic cancer
patients [7-10]. While these signatures performed better than AJCC TNM staging in predict-
ing patient survival, clinical uptake has been lacking, in part because many of these signatures
were derived solely from microarray data which does not capture mRNA expression as accu-
rately as RNA-Sequencing and limits the dynamic range for detecting gene expression differ-
ences between patient samples [11].

With the advent of next-generation sequencing technologies, it is now possible to obtain a
complete picture of the mutational and transcriptional landscape of most tumors. In pancre-
atic cancer, this has been elucidated through many large-scale studies such as the Cancer
Genome Atlas (TCGA) and the International Cancer Genome Consortium (ICGC). These
analyses have identified many of the core genetic pathways activated in PDAC and have
enabled identification of distinct molecular subtypes associated with differences in therapy
response [10,12-16].

Our current study aims to integrate transcriptional analyses from multiple data sets and
platforms in order to identify genes with expression profiles predictive of survival in pancreatic
cancer patients. To define genes associated with survival we first analyzed RNA-Sequencing
and paired survival data from the TCGA database. The resulting genes were then intersected
with existing tumor and matched normal datasets to identify genes associated with transfor-
mation and with minimal normal tissue expression [17]. The resulting survival associated dif-
ferentially expressed genes (DEGs) incorporated expression differences from both the tumor
and stromal compartments of the tumor-which in combination are thought to more accu-
rately reflect the underlying biology of pancreatic tumors [15,18,19]. This set of genes was then
trained on the ICGC pancreatic cancer cohort to identify a 5-gene prognostic signature. Our
signature was tested against three other predictive PDAC signatures and performed markedly
well in two independent microarray datasets (GSE57495, GSE71729) [8,15]. The gene signa-
ture was also found to correlate with vascular invasion on histology and was predictive of sur-
vival independent of AJCC stage. Finally, the genes identified were highly associated with
molecular features of aggressive pancreatic tumor subtypes.

Methods and methods

The use of human tissues for immunohistochemistry was approved by the institutional review
board at the University of Pennsylvania. Formalin fixed, paraffin-embedded tissues of human
PDAC following surgical resection were obtained from the Cooperative Human Tissue
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Network (CHTN: https://www.chtn.org/) and processed by Molecular Pathology and Imaging
Core (MPIC: http://www.med.upenn.edu/molecular/core_morphology.shtml) at the Univer-
sity of Pennsylvania.

Pancreatic cancer gene list development

TCGA Pancreatic RNA-Sequencing expression data and associated survival data were
obtained from the Broad GDAC Firehose site (https://gdac.broadinstitute.org/). RNA-Sequen-
cing data were first filtered to remove genes with general low expression (< 100 counts).
When multiple entries were found referencing the same gene, a single representative with the
maximum value was selected. These filtering steps dropped the number of candidate genes
from 20,330 genes to 12,959 genes. In addition, only samples with both RNA-Sequencing
expression and survival data were used for subsequent analysis comprising 178 patients. Sam-
ples were split into 2 groups for comparison, those surviving less than 1 year (Survival-) and
those surviving greater than 2 years (Survival+). Purity data for PDAC TCGA samples in Sur-
vival+/- groups was obtained from Raphael et. al. analysis of the TCGA PAAD dataset [20].
Data was available for 37 of the 47 samples on our survival cohort.

Microarray data for tumor versus normal comparison were obtained from GEO, entry
GSE28735 using the GEOquery R package [21]. Hugo Gene Symbols were mapped to each
probe in the platform (HuGene 1.0 ST) using the probeset annotation as specified in GEO.
Analysis was performed on the gene level and for each set of probesets mapping to the same
gene the one with the highest maximum value was chosen as the representative gene. This step
filtered the number of entries from 28,869 probes to 20,254 genes. The dataset itself were com-
posed of 45 tumor and normal-matched pairs comprising 90 samples in total, with associated
survival data. The patients were spread across different grades & stages. The ESTIMATE algo-
rithm was used to determine the relative purity of the 45 tumor samples [22].

For the analysis of the TCGA RNA-Sequencing data the voom package in R was initially
used to transform the data from counts into values amenable for linear modeling [23]. Follow-
ing this, the limma package in R was used to determine genes that were differentially expressed
between Survival- and Survival+ samples. This package was used similarly to determine genes
differentially expressed between tumor and normal tissue in the GSE28735 microarray dataset.
No initial conversion was needed in this case because data coming from the GEO data reposi-
tory were RMA normalized and log-transformed allowing for linear modeling. For both com-
parisons, an adjusted P-value (Benjamini-Hochberg) cutoff of 0.05 and a fold-change cutoff of
1.5 were used to determine differentially expressed genes (DEGs). The two DEG lists were
intersected to define the genes expressed in common.

Methylation analysis

Methylation data for the TCGA PAAD dataset was downloaded from the cBioPortal github
(https://github.com/cBioPortal/datahub/tree/master/public). For analyses of the methylation
data we first converted the data to M values using the lumi package and then used the limma
package to compare gene methylation profiles between the same Survival+ (28 samples) and
Survival- (19 samples) groups used in the differential expression analysis [24]. To call differen-
tial methylation we used an adjusted p-value (Benjamini-Hochberg) threshold of 0.05 and
additionally had a cutoff of delta beta >0.2 or delta beta <-0.2.

Signature development & ROC analysis

To define a survival signature, pancreatic cancer RNA-Sequencing data from the International
Cancer Genome Consortium (ICGC) was retrieved. Specifically, we obtained the Australian
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Pancreatic Cancer data set from the ICGC (https://dcc.icgc.org/releases) encompassing 242
samples profiled on the Illumina HumanHT-12 V4.0 expression beadchip. The ICGC pancre-
atic cancer data were filtered to the set of genes (707 genes) stemming from the intersection of
the TCGA Survival Analysis and tumor versus normal comparison (GSE28735). From here
Survival+ (42 samples) and Survival- (61 samples) groups were defined in the ICGC data
according to the same guidelines employed previously with the TCGA survival analysis, con-
fining the analysis to 103 samples. S5 Fig shows a summary of the clinical data between the
two groups. We then used a sampling based method to iteratively (10 iterations) pull 15 sam-
ples (with replacement) from each group (Survival+ and Survival-) and used the limma pack-
age to determine DEGs (P-value < 0.05). Genes that were repetitively found significant in
more than 5 iterations (>50%) were included in the signature. After this step, there were 8
genes in the signature. From here, the signature was further filtered to remove genes that were
highly correlated to one-another. This was done manually through visual inspection of the cor-
relations, taking into account the predictive power of each gene, and resulted in the removal of
just 3 genes. Subsequently, the final signature (5 genes) was tested via receiver operating char-
acteristic (ROC) analysis on the ICGC data (42 Survival+ and 61 Survival- samples). The valid-
ity of signature was further established using ROC analysis on 2 separate pancreatic
microarray datasets in the GEO data repository, GSE57495 (63 samples, 12 Survival-/17 Sur-
vival+) and GSE71729 (357 samples, 41 Survival-/15 Survival+). Both datasets were down-
loaded using the GEOquery package in R. To perform ROC analysis each dataset was split into
Survival+ (alive greater than 2 years) and Survival- groups (survival of less than 1 year), similar
to thresholds employed in the discovery dataset and the ICGC data set. ROC analysis was also
performed on all three data sets using publicly available “gene signatures” for comparison [7-
9,25]. Area under the curve (AUC) calculation was ascertained using the AUC package in R.
For all three datasets 5000 random signatures composed of 5 genes were also generated and
signature scores were calculated. This was then used to generate a distribution of AUC’s, the
null distribution, to compare with our signature AUC with. In addition to ROC analysis,
Kaplan-Meier survival analysis was performed for both validation studies as well as the ICGC
data using the signature to delineate groups. In order to create groups for the Kaplan-Meier
analysis each dataset was iteratively split into two groups after sorting samples by the ordered
signature score. For each of these splits corresponding P-value was calculated by the Mantel-
Haenszel test and the lowest P-value was then chosen as the optimal breakpoint. As this
method suffers from an increased rate of false-positives a Benjamini-Hochberg correction is
applied to reflect the presence of multiple hypotheses testing. To prevent potential batch
effects, samples from all three datasets were normalized to a set of housekeeping genes (TBB,
ACTB, UBC, PPIA, and GUSB).

Correlation to subtype classification

To classify samples according to the Bailey molecular subtypes from studies GSE71729 and
GSE57495 we used the defined gene signatures for each subtype and calculated the sum of the
standardized gene expression measures for each of the four molecular subtypes and then nor-
malized it by the number of genes in the signature [12]. The class with the maximum normal-
ized standardized score was chosen as the assignment for that sample.

Multivariate testing of signature score with clinical parameters

In order to test whether the signature was able to accurately determine survival independent of
other clinical variables a Cox proportional hazard model was used taking into account tumor
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grade, sex, and age. This was performed on the ICGC dataset, comprising 237 samples (after
removing missing data).

Visualizations and statistical analysis

Volcano plots, scatter plots, boxplots, and ROC curves were generated using the ggplot2 pack-
age. Venn diagrams were generated using the VennDiagram package in R (Version 3.3). Subse-
quently, certain images were then amended and updated in Adobe Illustrator (AI) [26,27]. All
statistical analysis and data processing were performed in the R statistical language. Full code
and detailed descriptions of all packages and data sources required for this analysis can be
found in a Github repository (https://github.com/PichaiRaman/PDACSurvivalAnalysis).

Immunohistochemistry

Formalin fixed, paraffin-embedded tissues of human PDAC following surgical resection were
obtained from the Cooperative Human Tissue Network (CHTN: https://www.chtn.org/) and
processed by Molecular Pathology and Imaging Core at the University of Pennsylvania. Only
samples with accompanying pathology reports from a trained pathologist were used for analy-
sis (n = 10). Tumor stage, differentiation status, and histological evidence of vascular invasion
were extracted from the pathology reports (S5 Table). Tissues sections were deparaftinized,
hydrated, and immersed in 1x R-buffer (Electron Microscopy Sciences) for epitope retrieval in
a pressure cooker. Endogenous peroxidase activity was quenched in 3% hydrogen peroxidase
for 15 minutes, and slides were then incubated in 0.3% triton-x100 in PBS with 5% normal
donkey serum to block nonspecific immunoreactivity. The anti-ADM antibody (1:20, R&D
Biosystems, AF6108), anti-ASPM antibody (1:500; Novus Biologicals, NB100-2278), anti-
DCBLD?2 antibody (1:50, Sigma-Aldrich, HPA016909), anti-E2F7 antibody (1:500, Abcam,
ab56022), or anti-KRT6a antibody (1:100, Sigma-Aldrich, SAB2700299) was applied and incu-
bated at 4c overnight followed by staining with appropriate biotinylated secondary antibodies
(1:200, Jackson ImmunoResearch). Slides were developed with the DAB peroxidase substrate
kit (Vector laboratories, SK-4100) and counterstained with hematoxylin. Patterns of staining
were evaluated and quantified using the histological score (H-score) [28].

Results

Generation of a tumor gene expression profile that correlates with survival
in pancreatic cancer

To determine which genes expressed in pancreatic cancers are associated with survival, the
TCGA RNA-Sequencing pancreatic cancer data set was segregated into two groups, one with
poor survival (Survival-), and another with better survival (Survival+). With regard to survival
time, Survival- groups consisted of patients living less than one year (28 patients) whereas Sur-
vival+ groups corresponded to patients living greater than 2 years (19 patients). The split (a
full quartile difference) was made at the following intervals to maximize the survival differ-
ences in time (1 year) while also ensuring a reasonable number of samples in each group, facili-
tating detection of differentially expressed genes (DEGs) with potentially low effect sizes (S1
Fig). Aggregate statistics around clinical data between both groups revealed no significant dif-
ferences in age based on the Kolmogorov-Smirnov test (p-value = 0.39) or gender using the
fisher test (p-value = 0.34). In contrast, based on the fisher test, stage and tumor grade were
significantly different (p-value = 0.01 and 6x10™, respectively) (S2 Fig). Most Survival- patients
were grade 2 whereas many Survival+ patients were more likely to be grade 1. This was not
surprising given that tumor grade has been shown to be a marker of survival [29].
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TCGA samples are derived from bulk tumor tissue which contains tumor cells, stroma, and
normal tissue contamination. While this could confound tumor-cell specific analyses, recent
evidence suggests that therapy response and aggressiveness in many tumors, including pancre-
atic tumors, derive from the combination of tumor and stromal cell composition in the tumor
[15,18-20,30]. Thus, to incorporate gene expression differences in both the tumor and stromal
cells we compared the RNA expression profiles of the bulk tumors between the survival
groups. We identified a total of 3,588 DEGs (Fig 1). In total 2,100 genes were up-regulated and
1,488 were down-regulated (fold-change of 1.5 and an adjusted p-value of 0.05) in the Survival-
cohort compared to Survival+ (Fig 2A).

Although the composition of the tumor stroma is a contributor to survival we wanted to
ensure our analysis of Survival+ and Survival- did not directly correlate with the amount of
stroma (i.e. tumor purity). To examine this relationship, we obtained data from Raphael et. al.
in which they classified PDAC TCGA samples into high and low purity based on several crite-
ria [20].We found that, of the 37 samples in our survival cohort that were classified, more than
twice as many Survival- tumors had high purity (19 high purity compared to 8 low purity),
whereas Survival+ tumors had an equal number of low and high purity tumors (S3A Fig).
While the sample size was small, there was not a high degree of association between stromal
content and poor survival (Survival- group) in this cohort. Additionally, we performed the
same survival analysis only using the high purity Survival- and Survival+ group and compared
the log fold change of the 3,588 DEG. There was a correlation of 0.68 corresponding to a p-
value of < 2.2 x 107' for this set of genes between the two analyses (S3B Fig). Although some
degree of correlation was expected, given this subset of high purity samples represents half of
the original samples used, the high degree of correlation and the similar direction of fold-
changes suggest that using low purity samples did not greatly impact the result except for
increasing statistical power.

To identify genes associated with transformation we performed a tumor versus normal
comparison on a separate dataset (GSE28735) from the Gene Expression Omnibus (GEO)
resource. This study, which encompasses many histologies, has much higher tumor purity,
with a median of 0.63 (95% CI: 0.60-0.67), based on the ESTIMATE algorithm (S4A Fig) than
the TCGA, which is 0.35 (95% CI: 0.32-0.38). Hence, intersecting this data has the added bene-
fit of potentially removing some of the stromal contamination. For this data analysis, we com-
pared the 45 tumors to their matched normal tissue. Using the same fold-change and adjusted
p-value cutoffs, we derived 1350 DEGs consisting of 830 up-regulated and 520 down-regulated
genes (S4B Fig), which likely represent gene changes associated with malignant transforma-
tion. We then performed an intersection of the two lists to identify which genes were associ-
ated with malignant transformation, survival, and aberrantly expressed in reference to normal
tissue. After removing genes that moved in opposite directions in the two comparisons (S4C
Fig), we identified 707 potential genes of interest (Fig 1 and S1 Table). Specifically, 602 genes
were found to be up-regulated in tumor and associated with poor survival whereas 105 genes
were down-regulated in tumor and associated with improved survival with only 32 or 4.3% of
the list not following the trend (S1 Table).

Validation of survival based DEG list

To assess the ability of our approach in detecting cancer-related gene expression changes that
reflect the underlying biology of PDAC, we first compared our list to those found in the public
gene database, mSigDB, and gene signatures found in the literature. Our list identified several
genes that have been found to be activated in pancreatic cancer such as MET, MAP4K4, and
ITGA2 [31,32]. To determine if the enrichment for PDAC associated genes in our list was
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Fig 1. Survival based gene expression gene analysis in PDAC. Flow diagram depicting analysis pipeline to identify 707 differentially expressed genes (DEG) between
Survival- and Survival+ groups with subsequent analysis to determine a survival signature.

https://doi.org/10.1371/journal.pone.0201751.9001

statistically significant, we compared it to a gene set from a meta-analysis performed to deter-
mine high-confidence pancreatic cancer associated genes across multiple studies [33]. Of the
357 genes found up-regulated in PDAC, 92 were in our list of 602 genes associated with poor
survival corresponding to a p-value of 6.2 x 10~°® based on the hypergeomtric test. Similarly,
of the 202 genes found down-regulated in PDAC, 12 were in our list of 105 genes associated
with better survival corresponding to a p-value of 5.6 x 10"

Next, we performed pathway analysis on our gene list and identified 46 genes sets that are
highly up-regulated in pancreatic cancer based on the Reactome database, including Extracel-
lular Matrix Organization (adjusted p-value of 6.91x10™"%) and Integrin cell surface interactions
gene sets (adjusted p-value of 5.63x10°10) (Fig 2B and S2 Table). These pathways are known to
regulate stroma formation in PDAC, which in turn influences the aggressiveness of the pheno-
type [34]. In addition, axon guidance, platelet-derived growth factor, and interferon-gamma
signaling pathways were also found to be highly up-regulated in concordance with the litera-
ture [35-37].

We next sought to determine if differences in methylation of our genes could explain the
differential gene expression between survival groups. Using the TCGA methylation profiles of
the same Survival- (28 patients) and Survival+ (19 patients) cohorts, we found that of our 707
genes, 676 were also found to be differentially methylated. Assuming that gene expression is
correlated inversely with methylation status, we found that in 83% of detected genes, methyla-
tion patterns were highly consistent with fold changes in expression (Fig 2C and see S3 Table).

To determine the extent of overlap between our DEG list and previous pancreatic survival
signatures we compared the genes from our discovery analysis with a prognostic 15-gene sig-
nature from the Moffitt Cancer Center, a 36-gene prognostic signature from Barts Cancer
Institute, and a 48-gene pancreatic cancer angiogenic signature developed at the Indiana Uni-
versity School of Medicine [8,9,25] (Fig 2D). Analysis of the overlap using the hypergeometric
test revealed that our list captured many genes from the Moffit (p-value of 2.02x10°°) and Barts
(p-value of 5.90x10°°) signature, and several genes from the angiogenesis gene list from Indi-
ana. Additionally, many genes not captured in any of the previous signatures were also identi-
fied; suggesting the potential for novel PDAC associated genes to interrogate.

Generation of a gene signature predictive of patient survival

From our list of 707 survival associated DEGs, we next sought to identify a set of genes from
our list that could accurately predict differences in patient survival (Fig 1). This was accom-
plished using the ICGC PDAC dataset to establish a training set of Survival+ and-samples (S5
Fig). Employing a sampling-based approach, we derived a 5-gene expression panel signifi-
cantly associated with survival (Table 1 and S6 Fig). Multivariate testing of the 5-gene signa-
ture in the ICGC PDAC dataset found that the signature is predictive of survival (p = 1.3x10
1%) independent of age, grade, and sex (54 Table).

Gene signature correlates with vascular invasion and aggressive tumor
subtypes
To determine the relationship of the 5-gene signature to histological features of PDAC we

examined expression of the 5 genes using immunohistochemistry (S7 Fig) in a panel (n = 10)
human pancreatic tumors obtained following surgical resection for either AJCC stage I (3/10)

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 8/18


https://doi.org/10.1371/journal.pone.0201751.g001
https://doi.org/10.1371/journal.pone.0201751

Survival gene signature and pancreatic cancer

Enriched pathways from up-regulated genes

o
&
L
o
<
[o]
H
o
3
@
tures

ing signa
Moffit
ignature

Indiana U.

S

Bart

3
5’.
f
£
S
O
$
o
Reactome pathway name
% overlap with exist

oxy ay, Oresy e o o o >
Oloeay < (] N - i

.2
Oe 0y ooeime ) SUopopey depiano 9,

5
o
Iy
>
@
=)
IS
Q
£
S
‘('3
q)t
S
&
o
o
<)
1
I
&
38
Q
£
L2
O
jol
Q
&

5
0

2]
(anjea-d g1 boJ-) a109s Aemyjed

0

5.0

9/18

0.3

0.2
August 9, 2018

0.1

25

0.0
Survival-/Survival+ Fold Change
change for survival DEG’s

Methylation status vs. gene expression

-2.5

0.0
Beta Delta

Anti-correlated ® True ®False

-0.1

-0.2

© < N o N
94 bo A1anoasiqg

PLOS |ox

)

01
1.00
o

anjea-d paisnipy

-0.3

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751


https://doi.org/10.1371/journal.pone.0201751

o @
@ : PLOS | ONE Survival gene signature and pancreatic cancer

Fig 2. Validation of survival DEG list. (A) Volcano plot highlighting genes associated with survival from TCGA dataset. (B) Bar graph depicting the top 26
enriched pathways based on Reactome pathways analysis of the 602 up-regulated gene from the 707 DEG list. (C) Scatter plot of log fold change of
differentially expressed genes vs delta beta of differentially methylated genes between Survival- and Survival+ samples. False indicates methylation status
opposite of predicted for gene expression change (total of 31 genes). True indicates concordance between methylation status and gene expression change (total
of 676 genes). (D) Bar chart showing percentage overlap of Pancreatic Cancer DEG list with indicated published signatures.

https://doi.org/10.1371/journal.pone.0201751.9002

or II (7/10) tumors. Samples were comprised of well-to-moderate (6/10) and poorly-differenti-
ated tumors (4/10) with histological evidence of vascular invasion in 4/10 tumors. Longitudi-
nal survival data was not available for this dataset. A composite H-score (which normalizes for
tumor cellularity differences between samples) was calculated for IHC staining (S7 Fig) for
each of the 5 genes in our signature [28]. Comparison of scoring between tumor samples
found no correlation between our signature and tumor grade or stage (Fig 3A). Interestingly,
the tumors with the highest signature score were those where tumor histology revealed evi-
dence of vascular infiltration (Fig 3A) suggesting that our signature may correlate with inva-
sive phenotypes that are seen on histology but not reflected in the AJCC stage [38].

We next sought to determine if our signature could capture the survival differences pre-
dicted by recent pancreatic subtype classification systems [12]. Utilizing two independent gene
expression datasets (GSE71729 and GSE57495), we compared the signature score to subtype
classification and found the median signature score was significantly higher in the squamous
tumors (Fig 3B and 3C) [12].

Gene signature provides improved survival prediction

We next compared our 5-gene signature to previous pancreatic cancer survival signatures
using ROC analysis [7-9,25]. Using these signatures to classify patient survival in the ICGC
pancreatic cancer dataset (Fig 4A), we found that our 5-gene signature had a significantly bet-
ter AUC. This was not surprising considering that our signature was derived using the ICGC
cohort, so we also performed ROC analysis on 2 separate pancreatic microarray datasets in the
GEO data repository, GSE57495 (63 samples, 12 Survival-/17 Survival+) and GSE71729 (357
samples, 41 Survival-/15 Survival+), which have been used previously to predict survival in
PDAC [8,15]. In both datasets, our signature had better ROC characteristics with an AUC of
.79 and .83 respectively (Fig 4B). The exception to this was the 15-gene Moffitt Cancer Center
signature, which had a better AUC than our signature in GSE57495. However, this was the
data set used to derive their initial signature. To account for multiple testing in comparing
gene signatures, we also generated 5000 random 5-gene signatures from each data set then
compared to our own. We found that in all 3 datasets, our signature significantly (P < 0.005)
outperformed randomly generated signatures (S8 Fig). In addition to AUC, we also performed
Kaplan-Meier analysis using our 5-gene signature in the ICGC, GSE57495, and GSE71729
datasets and found that our signature could predict survival differences of > 12 months in all
three data sets (Fig 4B).

Table 1. 5-Gene pancreatic cancer survival signature.

Gene P-value Direction Chromosomal location Gene Description

ADM 2.29x10* Up 11p15.4 Adrenomedullin

ASPM 2.35x10°° Up 1q31 Asp (abnormal spindle) homolog, microcephaly associated
DCBLD2 6.95x10°° Up 3ql2.13 Discoidin, CUB and LCCL domain containing 2

E2F7 7.37x107 Up 12q21.2 E2F transcription factor 7

KRT6A 2.51x10* Up 12q13.13 Keratin 6A

https://doi.org/10.1371/journal.pone.0201751.t001
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https://doi.org/10.1371/journal.pone.0201751.g003

Discussion

In the current study, we performed an integrative analysis of pancreatic gene expression data
derived from the TCGA, ICGC, and Gene Expression Omnibus (GEO) to derive a 5-gene
expression signature that predicts overall patient survival. The signature stratifies patients into
short (less than one year) and long (greater than two years) survivors. Importantly, the associa-
tion with survival is independent of AJCC TNM staging, age, gender, and other commonly
used clinical factors. Immunohistochemical analysis of human pancreatic tumor samples sug-
gests that our signature is correlated with vascular invasion which is indicative of more aggres-
sive tumor phenotypes [38]. Additionally, our signature was associated with the squamous
subtype of PDAC, which is known to have a poor prognosis. Finally, our signature outper-
formed previously reported signatures across the datasets we tested. From a personalized med-
icine standpoint, our signature offers a small set of genes that could be readily tested in patient
biopsy samples to help risk-stratify patients and inform treatment decisions. However, this
will require further validation in larger prospective studies.
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Fig 4. 5-gene signature enhances prediction of patient survival in PDAC. (A) ROC curve demonstrating predictive power of pancreatic survival signature
in the Pancreatic ICGC (left), GSE57495 (middle), and GSE71729 (right) datasets. (B) Kaplan-Meier plot demonstrating predictive power of pancreatic
survival signature in Pancreatic ICGC (left), GSE57495 (middle), and GSE71729 (right) datasets.

https://doi.org/10.1371/journal.pone.0201751.9004

While various gene signatures have been developed to predict patient survival in PDAC,
these studies were single center and often utilized microarray datasets, which limits the ability
to capture the heterogeneity in gene expression that exists in pancreatic tumors. Our integra-
tive approach capitalizes on the diverse patient populations present in the TCGA and ICGC
datasets and extends the dynamic range of detectable gene expression changes through analy-
sis of RNA-Sequencing data. Additionally, our initial 707 DEG list identified many of the
genes present in these separate studies. Thus, our analysis could capture the heterogeneity in
gene expression changes associated with patient survival in PDAC. Importantly, examination
of methylation patterns in short and long survivor groups captured a large fraction of the
genes in our DEG list and were consistent with the detected fold changes in expression. This
suggests that survival differences among patient groups may in part be regulated at the epige-
netic level.
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In addition to functioning as predictors of patient survival, the genes in our signature also
have important roles in the underlying biology of PDAC and other cancers. This may explain
their association with poor patient survival, vascular invasion, and correlation with the aggressive
squamous PDAC subtype. ADM is a multi-regulatory peptide known to regulate pancreas func-
tion through direct effects on insulin secretion in 3-cells and amylase secretion in acinar cells. In
the setting of pancreatic cancer, increased circulating levels of this hormone are associated with
poor prognosis. In part, this effect is mediated through secretion into exosomes that then directly
act on adipocytes to increase lipolysis leading to cachexia and on 8-cells resulting in diabetes
[39-41]. It is also thought to regulate angiogenesis in PDAC and is secreted in response to hyp-
oxia leading to increased invasiveness [42-44]. ASPM is a centrosomal protein that normally reg-
ulates neural development and brain size [45]. In PDAC, gliomas, ovarian cancer, and
hepatocellular cancer it is up-regulated and associated with poor survival [46-49]. In the context
of PDAC, ASPM promotes Wnt activity to regulate cancer stemness and thus enhances tumor
progression [49]. The roles of DCBLD2, E2F7, and KRT6A have not been explored in PDAC but
these proteins are known to have context dependent effects in various cancers. DCBLD2is a ner-
uopilin-like membrane protein that modulates PDGFR-B and increases during vascular injury.
In gastric cancer its down-regulation leads to progression however in glioblastoma, colorectal
cancer, and lung cancer it is up-regulated and associated with increased tumorigenesis and inva-
sion [50-53]. E2F7 is a known cell cycle regulator that is associated with poor survival in squa-
mous cancers, upregulates c-MYC in various cancer cell lines, and induces tamoxifen resistance
in breast cancer [54-56]. Finally, KRT6A is a cytoskeletal scaffolding protein whose increased
expression is associated with improved survival in breast cancer but portends a worse prognosis
in lung cancer and is associated with squamous differentiation [57-59].

While our study provides an improved survival gene signature in PDAC, the analysis was
primarily derived from patients with surgically resectable disease and annotated survival data
which may limit the prognostic value of our signature to a subset of the PDAC patient popula-
tion. Future studies aimed at replicating our findings in larger PDAC patient cohorts will be
needed. In addition to limitations in patient selection, our studies were also confined to the
analysis of RNAseq and microarray data derived from bulk primary tumor. In the TCGA
PAAD dataset, samples have high stromal content thus limiting direct assessment of tumor
cell specific gene expression. However, our approach sought to incorporate gene expression
differences reflective of both the tumor and stromal compartments. Recent evidence suggests
that in addition to the tumor cells, the composition of the stroma (rather than the actual
amount of stroma/tumor cell purity) is critical to the underlying biology of the tumor [15,18-
20]. This is supported by our finding that tumor cell purity is not predictive of survival and did
not significantly influence our survival associated DEGs. Thus, our approach sought to capture
the survival associated gene expression of the bulk primary tumor. In addition, a list that
includes tumor and stromal gene expression is likely clinically relevant as genomic analysis is
often performed on bulk tumor samples.

Conclusions

In the current study, we perform an integrative analysis of large-scale pancreatic gene expres-
sion datasets to define a gene signature predictive of survival. Our analysis identified a 5-gene
panel that performed well against previous signatures across multiple datasets and captures
subtype-specific differences in patient prognosis. Further testing in a larger cohort will be
needed to validate the prognostic value of our gene signature. We hope that our in silico
approach enables accurate prediction of patient survival from biopsy specimens in PDAC and
provides a framework for similar assessments in other cancers.

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 13/18


https://doi.org/10.1371/journal.pone.0201751

@° PLOS | ONE

Survival gene signature and pancreatic cancer

Supporting information

S1 Fig. Distribution of survival times and creation of groups in TCGA (discovery) dataset.
(PDF)

S2 Fig. Population cohort characteristics of survival groups form TCGA dataset. Clinical
summary information of age, stage, grade, and gender differences between the Survival- and
Survival+ groups. Stage and tumor grade were significantly different (p-value = 0.01 and 6x10-
4, respectively).

(PDF)

$3 Fig. Impact of tumor cell purity in TCGA PAAD dataset on survival based gene expres-
sion analysis. (A) Bar graph showing breakdown of the available high and low tumor cell
purity samples present within the Survival + and—groups. (B) Correlation of Survival associ-
ated DEGs in high purity PAAD samples to all PAAD samples in the survival cohort. Correla-
tion between DEGs was 0.68 with p < 2.2x 107"

(PDF)

$4 Fig. Tumor versus normal pancreatic tissue comparisons to identity genes likely rele-
vant to malignant transformation. (A) Analysis of tumor cell purity in GSE28735 using the
ESTIMATE algorithm. (B) Volcano plot of tumor versus normal pancreatic tissue from the
GSE28735 dataset. (C) Scatter plot of log fold change from tumor versus normal comparison
and log fold change from survival analysis with signature genes selected.

(PDF)

S5 Fig. Population cohort characteristics of ICGC training set. Clinical summary informa-
tion of (A) grade, (B) gender, (C) age, and (D) stage for the 103 samples in the Australian pan-
creatic cancer dataset from the ICGC database.

(PDF)

S6 Fig. Generation of a 5-gene survival signature. (A) Number of genes significant in N itera-
tions of differential expression analysis. (B) Correlation matrix of genes highly predictive of
survival to be considered for signature.

(PDF)

S7 Fig. Representative IHC images of human Pancreatic tissue samples stained for ADM,
KRT6a, ASPM, DCBLD?2, and E2F7. Left column represents tumor tissue from sample ID
716048 which had evidence of vascular invasion. Right column represents tumor tissue from
sample ID 1021055 which did not have evidence of vascular invasion. Scale bar is 50pm for all
images.

(PDF)

S8 Fig. Comparison of 5-gene survival signature to random gene signatures. Comparison
of null distribution of AUC values to AUC of pancreatic survival signature based on Pancreatic
ICGC (left), GSE57495 (middle), GSE71729 (right) datasets.

(PDF)

S1 Table. Differentially expressed gene list from survival and tumor vs. normal compari-
sons. DEG list of 707 genes derived from intersection of genes differentially expressed between
pancreatic Survival+ and Survival- patients and from pancreatic tumor versus normal compar-
ison.

(XLS)

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 14/18


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s009
https://doi.org/10.1371/journal.pone.0201751

@° PLOS | ONE

Survival gene signature and pancreatic cancer

S2 Table. Pathway analysis of pancreatic cancer DEG list. List of enriched pathways based
on Reactome pathway analysis of the 602 up-regulated genes from the initial 707 DEG list.
(XLS)

S3 Table. Methylation status of genes in the 707 DEG list. Genes that are significantly differ-
entially methylated from the survival based DEG list.
(XLS)

$4 Table. Multivariate testing of signature score with tumor grade, patient sex, and age.
Cox proportional hazard model used to take into account tumor grade, sex, and age. Total of
237 samples from ICGC pancreatic cancer dataset were used.

(XLS)

S5 Table. AJCC stage, differentiation status, and presence of vascular invasion as noted in
the pathology reports of human pancreatic tumor samples (n = 10) used calculated the
composite H-score.

(XLSX)

Author Contributions

Conceptualization: Pichai Raman, Ravikanth Maddipati, Aydin Tozeren.
Data curation: Pichai Raman.

Formal analysis: Pichai Raman, Ravikanth Maddipati.

Investigation: Pichai Raman, Ravikanth Maddipati.

Methodology: Pichai Raman.

Supervision: Ravikanth Maddipati, Aydin Tozeren.

Visualization: Kian Huat Lim.

Writing - original draft: Pichai Raman, Ravikanth Maddipati.

Writing - review & editing: Pichai Raman, Ravikanth Maddipati, Kian Huat Lim, Aydin
Tozeren.

References

1. RahibL, Smith BD, Aizenberg R, Rosenzweig AB, Fleshman JM, Matrisian LM. Projecting cancer inci-
dence and deaths to 2030: the unexpected burden of thyroid, liver, and pancreas cancers in the United
States. Cancer research. 2014; 74(11):2913-21. https://doi.org/10.1158/0008-5472.CAN-14-0155
PMID: 24840647

2. SEER Cancer Stat Facts: Pancreas Cancer. National Cancer Institute. Bethesda M, http://seer.cancer.
gov/statfacts/html/pancreas.html.

3. Conroy T, Desseigne F, Ychou M, Bouche O, Guimbaud R, Becouarn Y, et al. FOLFIRINOX versus
gemcitabine for metastatic pancreatic cancer. N Engl J Med. 2011; 364(19):1817-25. https://doi.org/10.
1056/NEJMoa1011923 PMID: 21561347

4. Von Hoff DD, Ervin T, Arena FP, Chiorean EG, Infante J, Moore M, et al. Increased survival in pancre-
atic cancer with nab-paclitaxel plus gemcitabine. N Engl J Med. 2013; 369(18):1691-703. https://doi.
org/10.1056/NEJMoa1304369 PMID: 24131140

5. Oettle H, Post S, Neuhaus P, Gellert K, Langrehr J, Ridwelski K, et al. Adjuvant chemotherapy with
gemcitabine vs observation in patients undergoing curative-intent resection of pancreatic cancer: a ran-
domized controlled trial. JAMA. 2007; 297(3):267—77. https://doi.org/10.1001/jama.297.3.267 PMID:
17227978

6. Allen PJ, Kuk D, Castillo CF, Basturk O, Wolfgang CL, Cameron JL, et al. Multi-institutional Validation
Study of the American Joint Commission on Cancer (8th Edition) Changes for T and N Staging in

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 15/18


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s010
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s011
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s012
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0201751.s013
https://doi.org/10.1158/0008-5472.CAN-14-0155
http://www.ncbi.nlm.nih.gov/pubmed/24840647
http://seer.cancer.gov/statfacts/html/pancreas.html
http://seer.cancer.gov/statfacts/html/pancreas.html
https://doi.org/10.1056/NEJMoa1011923
https://doi.org/10.1056/NEJMoa1011923
http://www.ncbi.nlm.nih.gov/pubmed/21561347
https://doi.org/10.1056/NEJMoa1304369
https://doi.org/10.1056/NEJMoa1304369
http://www.ncbi.nlm.nih.gov/pubmed/24131140
https://doi.org/10.1001/jama.297.3.267
http://www.ncbi.nlm.nih.gov/pubmed/17227978
https://doi.org/10.1371/journal.pone.0201751

@° PLOS | ONE

Survival gene signature and pancreatic cancer

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

Patients With Pancreatic Adenocarcinoma. Ann Surg. 2017; 265(1):185-91. https://doi.org/10.1097/
SLA.0000000000001763 PMID: 27163957

Newhook TE, Blais EM, Lindberg JM, Adair SJ, Xin W, Lee JK, et al. A thirteen-gene expression signa-
ture predicts survival of patients with pancreatic cancer and identifies new genes of interest. PLoS One.
2014; 9(9):e105631. https://doi.org/10.1371/journal.pone.0105631 PMID: 25180633

Chen DT, Davis-Yadley AH, Huang PY, Husain K, Centeno BA, Permuth-Wey J, et al. Prognostic Fif-
teen-Gene Signature for Early Stage Pancreatic Ductal Adenocarcinoma. PLoS One. 2015; 10(8):
e€0133562. https://doi.org/10.1371/journal.pone.0133562 PMID: 26247463

Haider S, Wang J, Nagano A, Desai A, Arumugam P, Dumartin L, et al. A multi-gene signature predicts
outcome in patients with pancreatic ductal adenocarcinoma. Genome Med. 2014; 6(12):105. https://doi.
org/10.1186/s13073-014-0105-3 PMID: 25587357

Stratford JK, Bentrem DJ, Anderson JM, Fan C, Volmar KA, Marron JS, et al. A six-gene signature pre-
dicts survival of patients with localized pancreatic ductal adenocarcinoma. PLoS Med. 2010; 7(7):
e€1000307. https://doi.org/10.1371/journal.pmed.1000307 PMID: 20644708

Zhao S, Fung-Leung WP, Bittner A, Ngo K, Liu X. Comparison of RNA-Seq and microarray in transcrip-
tome profiling of activated T cells. PLoS One. 2014; 9(1):e78644. https://doi.org/10.1371/journal.pone.
0078644 PMID: 24454679

Bailey P, Chang DK, Nones K, Johns AL, Patch AM, Gingras MC, et al. Genomic analyses identify
molecular subtypes of pancreatic cancer. Nature. 2016; 531(7592):47-52. https://doi.org/10.1038/
nature16965 PMID: 26909576

Collisson EA, Sadanandam A, Olson P, Gibb WJ, Truitt M, Gu S, et al. Subtypes of pancreatic ductal
adenocarcinoma and their differing responses to therapy. Nat Med. 2011; 17(4):500-3. https://doi.org/
10.1038/nm.2344 PMID: 21460848

Jones S, Zhang X, Parsons DW, Lin JC, Leary RJ, Angenendt P, et al. Core signaling pathways in
human pancreatic cancers revealed by global genomic analyses. Science. 2008; 321(5897):1801-6.
https://doi.org/10.1126/science.1164368 PMID: 18772397

Moffitt RA, Marayati R, Flate EL, Volmar KE, Loeza SG, Hoadley KA, et al. Virtual microdissection iden-
tifies distinct tumor- and stroma-specific subtypes of pancreatic ductal adenocarcinoma. Nature genet-
ics. 2015; 47(10):1168-78. https://doi.org/10.1038/ng.3398 PMID: 26343385

Waddell N, Pajic M, Patch AM, Chang DK, Kassahn KS, Bailey P, et al. Whole genomes redefine the
mutational landscape of pancreatic cancer. Nature. 2015; 518(7540):495-501. https://doi.org/10.1038/
nature14169 PMID: 25719666

Zhang G, Schetter A, He P, Funamizu N, Gaedcke J, Ghadimi BM, et al. DPEP1 inhibits tumor cell inva-
siveness, enhances chemosensitivity and predicts clinical outcome in pancreatic ductal adenocarci-
noma. PLoS One. 2012; 7(2):e31507. https://doi.org/10.1371/journal.pone.0031507 PMID: 22363658

Balli D, Rech AJ, Stanger BZ, Vonderheide RH. Immune Cytolytic Activity Stratifies Molecular Subsets
of Human Pancreatic Cancer. Clin Cancer Res. 2017; 23(12):3129-38. https://doi.org/10.1158/1078-
0432.CCR-16-2128 PMID: 28007776

Takahashi K, Ehata S, Koinuma D, Morishita Y, Soda M, Mano H, et al. Pancreatic tumor microenviron-
ment confers highly malignant properties on pancreatic cancer cells. Oncogene. 2018; 37(21):2757-72.
https://doi.org/10.1038/s41388-018-0144-0 PMID: 29511349

Cancer Genome Atlas Research Network. Electronic address aadhe, Cancer Genome Atlas Research
N. Integrated Genomic Characterization of Pancreatic Ductal Adenocarcinoma. Cancer cell. 2017; 32
(2):185-203 e13. https://doi.org/10.1016/j.ccell.2017.07.007 PMID: 28810144

Davis S, Meltzer PS. GEOquery: a bridge between the Gene Expression Omnibus (GEO) and BioCon-
ductor. Bioinformatics. 2007; 23(14):1846—7. https://doi.org/10.1093/bioinformatics/btm254 PMID:
17496320

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia W, et al. Inferring tumour
purity and stromal and immune cell admixture from expression data. Nat Commun. 2013; 4:2612.
https://doi.org/10.1038/ncomms3612 PMID: 24113773

Law CW, Chen Y, Shi W, Smyth GK. voom: Precision weights unlock linear model analysis tools for
RNA-seq read counts. Genome biology. 2014; 15(2):R29. https://doi.org/10.1186/gb-2014-15-2-r29
PMID: 24485249

Du P, Kibbe WA, Lin SM. lumi: a pipeline for processing lllumina microarray. Bioinformatics. 2008; 24
(13):1547-8. https://doi.org/10.1093/bioinformatics/btn224 PMID: 18467348

Craven KE, Gore J, Wilson JL, Korc M. Angiogenic gene signature in human pancreatic cancer corre-
lates with TGF-beta and inflammatory transcriptomes. Oncotarget. 2016; 7(1):323—41. https://doi.org/
10.18632/oncotarget.6345 PMID: 26586478

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 16/18


https://doi.org/10.1097/SLA.0000000000001763
https://doi.org/10.1097/SLA.0000000000001763
http://www.ncbi.nlm.nih.gov/pubmed/27163957
https://doi.org/10.1371/journal.pone.0105631
http://www.ncbi.nlm.nih.gov/pubmed/25180633
https://doi.org/10.1371/journal.pone.0133562
http://www.ncbi.nlm.nih.gov/pubmed/26247463
https://doi.org/10.1186/s13073-014-0105-3
https://doi.org/10.1186/s13073-014-0105-3
http://www.ncbi.nlm.nih.gov/pubmed/25587357
https://doi.org/10.1371/journal.pmed.1000307
http://www.ncbi.nlm.nih.gov/pubmed/20644708
https://doi.org/10.1371/journal.pone.0078644
https://doi.org/10.1371/journal.pone.0078644
http://www.ncbi.nlm.nih.gov/pubmed/24454679
https://doi.org/10.1038/nature16965
https://doi.org/10.1038/nature16965
http://www.ncbi.nlm.nih.gov/pubmed/26909576
https://doi.org/10.1038/nm.2344
https://doi.org/10.1038/nm.2344
http://www.ncbi.nlm.nih.gov/pubmed/21460848
https://doi.org/10.1126/science.1164368
http://www.ncbi.nlm.nih.gov/pubmed/18772397
https://doi.org/10.1038/ng.3398
http://www.ncbi.nlm.nih.gov/pubmed/26343385
https://doi.org/10.1038/nature14169
https://doi.org/10.1038/nature14169
http://www.ncbi.nlm.nih.gov/pubmed/25719666
https://doi.org/10.1371/journal.pone.0031507
http://www.ncbi.nlm.nih.gov/pubmed/22363658
https://doi.org/10.1158/1078-0432.CCR-16-2128
https://doi.org/10.1158/1078-0432.CCR-16-2128
http://www.ncbi.nlm.nih.gov/pubmed/28007776
https://doi.org/10.1038/s41388-018-0144-0
http://www.ncbi.nlm.nih.gov/pubmed/29511349
https://doi.org/10.1016/j.ccell.2017.07.007
http://www.ncbi.nlm.nih.gov/pubmed/28810144
https://doi.org/10.1093/bioinformatics/btm254
http://www.ncbi.nlm.nih.gov/pubmed/17496320
https://doi.org/10.1038/ncomms3612
http://www.ncbi.nlm.nih.gov/pubmed/24113773
https://doi.org/10.1186/gb-2014-15-2-r29
http://www.ncbi.nlm.nih.gov/pubmed/24485249
https://doi.org/10.1093/bioinformatics/btn224
http://www.ncbi.nlm.nih.gov/pubmed/18467348
https://doi.org/10.18632/oncotarget.6345
https://doi.org/10.18632/oncotarget.6345
http://www.ncbi.nlm.nih.gov/pubmed/26586478
https://doi.org/10.1371/journal.pone.0201751

@° PLOS | ONE

Survival gene signature and pancreatic cancer

26.

27.
28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

Chen H, Boutros PC. VennDiagram: a package for the generation of highly-customizable Venn and
Euler diagrams in R. BMC Bioinformatics. 2011; 12:35. https://doi.org/10.1186/1471-2105-12-35 PMID:
21269502

Wickham H. ggplot2. WIREs. 2011; 3:6.

Budwit-Novotny DA, McCarty KS, Cox EB, Soper JT, Mutch DG, Creasman WT, et al. Immunohisto-
chemical analyses of estrogen receptor in endometrial adenocarcinoma using a monoclonal antibody.
Cancer research. 1986; 46(10):5419-25. PMID: 3756890

Wasif N, Ko CY, Farrell J, Wainberg Z, Hines OJ, Reber H, et al. Impact of tumor grade on prognosis in
pancreatic cancer: should we include grade in AJCC staging? Ann Surg Oncol. 2010; 17(9):2312—20.
https://doi.org/10.1245/s10434-010-1071-7 PMID: 20422460

Rhim AD, Oberstein PE, Thomas DH, Mirek ET, Palermo CF, Sastra SA, et al. Stromal elements act to
restrain, rather than support, pancreatic ductal adenocarcinoma. Cancer cell. 2014; 25(6):735-47.
https://doi.org/10.1016/j.ccr.2014.04.021 PMID: 24856585

Nones K, Waddell N, Song S, Patch AM, Miller D, Johns A, et al. Genome-wide DNA methylation pat-
terns in pancreatic ductal adenocarcinoma reveal epigenetic deregulation of SLIT-ROBO, ITGA2 and
MET signaling. Int J Cancer. 2014; 135(5):1110-8. https://doi.org/10.1002/ijc.28765 PMID: 24500968

Liang JJ, Wang H, Rashid A, Tan TH, Hwang RF, Hamilton SR, et al. Expression of MAP4K4 is associ-
ated with worse prognosis in patients with stage Il pancreatic ductal adenocarcinoma. Clin Cancer Res.
2008; 14(21):7043-9. https://doi.org/10.1158/1078-0432.CCR-08-0381 PMID: 18981001

Grutzmann R, Boriss H, Ammerpohl O, Luttges J, Kalthoff H, Schackert HK, et al. Meta-analysis of
microarray data on pancreatic cancer defines a set of commonly dysregulated genes. Oncogene. 2005;
24(32):5079-88. https://doi.org/10.1038/sj.onc.1208696 PMID: 15897887

Xie D, Xie K. Pancreatic cancer stromal biology and therapy. Genes Dis. 2015; 2(2):133—43. https://doi.
org/10.1016/j.gendis.2015.01.002 PMID: 26114155

Cortez E, Gladh H, Braun S, Bocci M, Cordero E, Bjorkstrom NK, et al. Functional malignant cell hetero-
geneity in pancreatic neuroendocrine tumors revealed by targeting of PDGF-DD. Proceedings of the
National Academy of Sciences of the United States of America. 2016; 113(7):E864—73. https://doi.org/
10.1073/pnas.1509384113 PMID: 26831065

Tezel E, Kawase Y, Takeda S, Oshima K, Nakao A. Expression of neural cell adhesion molecule in pan-
creatic cancer. Pancreas. 2001; 22(2):122-5. PMID: 11249065

Lange F, Rateitschak K, Fitzner B, Pohland R, Wolkenhauer O, Jaster R. Studies on mechanisms of
interferon-gamma action in pancreatic cancer using a data-driven and model-based approach. Mol
Cancer. 2011; 10(1):13. https://doi.org/10.1186/1476-4598-10-13 PMID: 21310022

Hong SM, Goggins M, Wolfgang CL, Schulick RD, Edil BH, Cameron JL, et al. Vascular invasion in infil-
trating ductal adenocarcinoma of the pancreas can mimic pancreatic intraepithelial neoplasia: a histo-
pathologic study of 209 cases. Am J Surg Pathol. 2012; 36(2):235—41. https://doi.org/10.1097/PAS.
0b013e3182376e36 PMID: 22082604

Sagar G, Sah RP, Javeed N, Dutta SK, Smyrk TC, Lau JS, et al. Pathogenesis of pancreatic cancer
exosome-induced lipolysis in adipose tissue. Gut. 2016; 65(7):1165-74. https://doi.org/10.1136/gutjnl-
2014-308350 PMID: 26061593

Javeed N, Sagar G, Dutta SK, Smyrk TC, Lau JS, Bhattacharya S, et al. Pancreatic Cancer-Derived
Exosomes Cause Paraneoplastic beta-cell Dysfunction. Clin Cancer Res. 2015; 21(7):1722-33. https:/
doi.org/10.1158/1078-0432.CCR-14-2022 PMID: 25355928

Aggarwal G, Ramachandran V, Javeed N, Arumugam T, Dutta S, Klee GG, et al. Adrenomedullin is up-
regulated in patients with pancreatic cancer and causes insulin resistance in beta cells and mice.
Gastroenterology. 2012; 143(6):1510-7 e1. https://doi.org/10.1053/j.gastro.2012.08.044 PMID:
22960655

Hollander LL, Guo X, Salem RR, Cha CH. The novel tumor angiogenic factor, adrenomedullin-2, pre-
dicts survival in pancreatic adenocarcinoma. J Surg Res. 2015; 197(2):219-24. https://doi.org/10.1016/
j.jss.2014.11.002 PMID: 25982376

Keleg S, Kayed H, Jiang X, Penzel R, Giese T, Buchler MW, et al. Adrenomedullin is induced by hyp-
oxia and enhances pancreatic cancer cell invasion. Int J Cancer. 2007; 121(1):21-32. https://doi.org/
10.1002/ijc.22596 PMID: 17290391

Garayoa M, Martinez A, Lee S, Pio R, An WG, Neckers L, et al. Hypoxia-inducible factor-1 (HIF-1) up-
regulates adrenomedullin expression in human tumor cell lines during oxygen deprivation: a possible
promotion mechanism of carcinogenesis. Mol Endocrinol. 2000; 14(6):848—62. https://doi.org/10.1210/
mend.14.6.0473 PMID: 10847587

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 17/18


https://doi.org/10.1186/1471-2105-12-35
http://www.ncbi.nlm.nih.gov/pubmed/21269502
http://www.ncbi.nlm.nih.gov/pubmed/3756890
https://doi.org/10.1245/s10434-010-1071-7
http://www.ncbi.nlm.nih.gov/pubmed/20422460
https://doi.org/10.1016/j.ccr.2014.04.021
http://www.ncbi.nlm.nih.gov/pubmed/24856585
https://doi.org/10.1002/ijc.28765
http://www.ncbi.nlm.nih.gov/pubmed/24500968
https://doi.org/10.1158/1078-0432.CCR-08-0381
http://www.ncbi.nlm.nih.gov/pubmed/18981001
https://doi.org/10.1038/sj.onc.1208696
http://www.ncbi.nlm.nih.gov/pubmed/15897887
https://doi.org/10.1016/j.gendis.2015.01.002
https://doi.org/10.1016/j.gendis.2015.01.002
http://www.ncbi.nlm.nih.gov/pubmed/26114155
https://doi.org/10.1073/pnas.1509384113
https://doi.org/10.1073/pnas.1509384113
http://www.ncbi.nlm.nih.gov/pubmed/26831065
http://www.ncbi.nlm.nih.gov/pubmed/11249065
https://doi.org/10.1186/1476-4598-10-13
http://www.ncbi.nlm.nih.gov/pubmed/21310022
https://doi.org/10.1097/PAS.0b013e3182376e36
https://doi.org/10.1097/PAS.0b013e3182376e36
http://www.ncbi.nlm.nih.gov/pubmed/22082604
https://doi.org/10.1136/gutjnl-2014-308350
https://doi.org/10.1136/gutjnl-2014-308350
http://www.ncbi.nlm.nih.gov/pubmed/26061593
https://doi.org/10.1158/1078-0432.CCR-14-2022
https://doi.org/10.1158/1078-0432.CCR-14-2022
http://www.ncbi.nlm.nih.gov/pubmed/25355928
https://doi.org/10.1053/j.gastro.2012.08.044
http://www.ncbi.nlm.nih.gov/pubmed/22960655
https://doi.org/10.1016/j.jss.2014.11.002
https://doi.org/10.1016/j.jss.2014.11.002
http://www.ncbi.nlm.nih.gov/pubmed/25982376
https://doi.org/10.1002/ijc.22596
https://doi.org/10.1002/ijc.22596
http://www.ncbi.nlm.nih.gov/pubmed/17290391
https://doi.org/10.1210/mend.14.6.0473
https://doi.org/10.1210/mend.14.6.0473
http://www.ncbi.nlm.nih.gov/pubmed/10847587
https://doi.org/10.1371/journal.pone.0201751

@° PLOS | ONE

Survival gene signature and pancreatic cancer

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Williams SE, Garcia |, Crowther AJ, Li S, Stewart A, Liu H, et al. Aspm sustains postnatal cerebellar
neurogenesis and medulloblastoma growth in mice. Development. 2015; 142(22):3921-32. https://doi.
org/10.1242/dev.124271 PMID: 26450969

Bikeye SN, Colin C, Marie Y, Vampouille R, Ravassard P, Rousseau A, et al. ASPM-associated stem
cell proliferation is involved in malignant progression of gliomas and constitutes an attractive therapeutic
target. Cancer Cell Int. 2010; 10:1. https://doi.org/10.1186/1475-2867-10-1 PMID: 20142996

Bruning-Richardson A, Bond J, Alsiary R, Richardson J, Cairns DA, McCormack L, et al. ASPM and
microcephalin expression in epithelial ovarian cancer correlates with tumour grade and survival. Br J
Cancer. 2011; 104(10):1602—10. https://doi.org/10.1038/bjc.2011.117 PMID: 21505456

Lin SY, Pan HW, Liu SH, Jeng YM, Hu FC, Peng SY, et al. ASPM is a novel marker for vascular inva-
sion, early recurrence, and poor prognosis of hepatocellular carcinoma. Clin Cancer Res. 2008; 14
(15):4814-20. https://doi.org/10.1158/1078-0432.CCR-07-5262 PMID: 18676753

Wang WY, Hsu CC, Wang TY, Li CR, Hou YC, Chu JM, et al. A gene expression signature of epithelial
tubulogenesis and a role for ASPM in pancreatic tumor progression. Gastroenterology. 2013; 145
(5):1110-20. https://doi.org/10.1053/j.gastro.2013.07.040 PMID: 23896173

Kim M, Lee KT, Jang HR, Kim JH, Noh SM, Song KS, et al. Epigenetic down-regulation and suppressive
role of DCBLD2 in gastric cancer cell proliferation and invasion. Molecular cancer research: MCR.
2008; 6(2):222-30. https://doi.org/10.1158/1541-7786.MCR-07-0142 PMID: 18314483

Feng H, Lopez GY, Kim CK, Alvarez A, Duncan CG, Nishikawa R, et al. EGFR phosphorylation of
DCBLD2 recruits TRAF6 and stimulates AKT-promoted tumorigenesis. The Journal of clinical investiga-
tion. 2014; 124(9):3741-56. https://doi.org/10.1172/JCI73093 PMID: 25061874

Pagnotta SM, Laudanna C, Pancione M, Sabatino L, Votino C, Remo A, et al. Ensemble of gene signa-
tures identifies novel biomarkers in colorectal cancer activated through PPARgamma and TNFalpha
signaling. PLoS One. 2013; 8(8):72638. https://doi.org/10.1371/journal.pone.0072638 PMID:
24133572

Koshikawa K, Osada H, Kozaki K, Konishi H, Masuda A, Tatematsu Y, et al. Significant up-regulation of
anovel gene, CLCP1, in a highly metastatic lung cancer subline as well as in lung cancers in vivo. Onco-
gene. 2002; 21(18):2822-8. https://doi.org/10.1038/sj.onc.1205405 PMID: 11973641

Mitxelena J, Apraiz A, Vallejo-Rodriguez J, Malumbres M, Zubiaga AM. E2F7 regulates transcription
and maturation of multiple microRNAs to restrain cell proliferation. Nucleic acids research. 2016.

Hazar-Rethinam M, de Long LM, Gannon OM, Boros S, Vargas AC, Dzienis M, et al. RacGAP1 Is a
Novel Downstream Effector of E2F7-Dependent Resistance to Doxorubicin and Is Prognostic for Over-
all Survival in Squamous Cell Carcinoma. Mol Cancer Ther. 2015; 14(8):1939-50. https://doi.org/10.
1158/1535-7163.MCT-15-0076 PMID: 26018753

Chud, ZhuY, LiuY, SunL, LvX, WuY, et al. E2F7 overexpression leads to tamoxifen resistance in
breast cancer cells by competing with E2F1 at miR-15a/16 promoter. Oncotarget. 2015; 6(31):31944—
57. https://doi.org/10.18632/oncotarget.5128 PMID: 26397135

Holloway KR, Sinha VC, Toneff MJ, Bu W, Hilsenbeck SG, Li Y. Krt6a-positive mammary epithelial pro-
genitors are not at increased vulnerability to tumorigenesis initiated by ErbB2. PLoS One. 2015; 10(1):
e0117239. https://doi.org/10.1371/journal.pone.0117239 PMID: 25635772

Dejmek JS, Dejmek A. The reactivity to CK5/6 antibody in tumor cells from non-small cell lung cancers
shed into pleural effusions predicts survival. Oncol Rep. 2006; 15(3):583—7. PMID: 16465416

Karachaliou N, Rosell R, Viteri S. The role of SOX2 in small cell lung cancer, lung adenocarcinoma and
squamous cell carcinoma of the lung. Transl Lung Cancer Res. 2013; 2(3):172-9. https://doi.org/10.
3978/j.issn.2218-6751.2013.01.01 PMID: 25806230

PLOS ONE | https://doi.org/10.1371/journal.pone.0201751 August 9, 2018 18/18


https://doi.org/10.1242/dev.124271
https://doi.org/10.1242/dev.124271
http://www.ncbi.nlm.nih.gov/pubmed/26450969
https://doi.org/10.1186/1475-2867-10-1
http://www.ncbi.nlm.nih.gov/pubmed/20142996
https://doi.org/10.1038/bjc.2011.117
http://www.ncbi.nlm.nih.gov/pubmed/21505456
https://doi.org/10.1158/1078-0432.CCR-07-5262
http://www.ncbi.nlm.nih.gov/pubmed/18676753
https://doi.org/10.1053/j.gastro.2013.07.040
http://www.ncbi.nlm.nih.gov/pubmed/23896173
https://doi.org/10.1158/1541-7786.MCR-07-0142
http://www.ncbi.nlm.nih.gov/pubmed/18314483
https://doi.org/10.1172/JCI73093
http://www.ncbi.nlm.nih.gov/pubmed/25061874
https://doi.org/10.1371/journal.pone.0072638
http://www.ncbi.nlm.nih.gov/pubmed/24133572
https://doi.org/10.1038/sj.onc.1205405
http://www.ncbi.nlm.nih.gov/pubmed/11973641
https://doi.org/10.1158/1535-7163.MCT-15-0076
https://doi.org/10.1158/1535-7163.MCT-15-0076
http://www.ncbi.nlm.nih.gov/pubmed/26018753
https://doi.org/10.18632/oncotarget.5128
http://www.ncbi.nlm.nih.gov/pubmed/26397135
https://doi.org/10.1371/journal.pone.0117239
http://www.ncbi.nlm.nih.gov/pubmed/25635772
http://www.ncbi.nlm.nih.gov/pubmed/16465416
https://doi.org/10.3978/j.issn.2218-6751.2013.01.01
https://doi.org/10.3978/j.issn.2218-6751.2013.01.01
http://www.ncbi.nlm.nih.gov/pubmed/25806230
https://doi.org/10.1371/journal.pone.0201751

