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ABSTRACT

Background: Pancreatic adenocarcinoma patients have low survival rates due to late-stage
diagnosis and high rates of cancer recurrence even after surgical resection. It is impor-
tant to understand the molecular characteristics associated with survival differences in

pancreatic adenocarcinoma tumors that may inform patient care.

Results: RNA sequencing was performed for 51 patient tumor tissues extracted from pa-
tients undergoing surgical resection, and expression was associated with overall survival
time from diagnosis. Our analysis uncovered 323 transcripts whose expression correlates
with survival time in our pancreatic patient cohort. This genomic signature was validated
in an independent RNA-seq dataset of 68 additional patients from the International Cancer
Genome Consortium. We demonstrate that this transcriptional profile is largely indepen-
dent of markers of cellular division and present a 19-transcript predictive model built from
a subset of the 323 transcripts that can distinguish patients with differing survival times
across both the training and validation patient cohorts. We present evidence that a subset
of the survival-associated transcripts is associated with resistance to gemcitabine treat-
ment in vitro, and reveal that reduced expression of one of the survival-associated tran-
scripts, Angiopoietin-like 4, impairs growth of a gemcitabine-resistant pancreatic cancer cell
line.

Conclusions: Gene expression patterns in pancreatic adenocarcinoma tumors can distin-
guish patients with differing survival outcomes after undergoing surgical resection, and
the survival difference could be associated with the intrinsic gemcitabine sensitivity of
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primary patient tumors. Thus, these transcriptional differences may impact patient care by

distinguishing patients who would benefit from a non-gemcitabine based therapy.
© 2016 Federation of European Biochemical Societies. Published by Elsevier B.V. All rights

reserved.

1. Introduction

Pancreatic adenocarcinoma cancer survival statistics are dis-
heartening, with only 7% of patients surviving to 5 years
post-diagnosis, and the majority of patients succumbing to
this disease within one year from diagnosis (Siegel et al,,
2015). The high mortality rate associated with pancreatic can-
cer is due to late-stage diagnosis and limited efficacy of the
current chemotherapeutic arsenal. Due to the asymptomatic
nature of pancreatic tumors, 53% of pancreatic cancer pa-
tients are not diagnosed until the tumor has metastasized. If
the tumor is detected prior to metastasis, surgical resection
can be combined with chemotherapy and radiation therapy,
increasing the 5 year survival rate to ~26%. However, only
~10-15% of patients are diagnosed early enough for surgical
resection to be feasible, and ~80% of these patients relapse
within 2 years of surgery because the chemotherapy does
not eradicate all tumor cells (Heinemann and Boeck, 2008;
Stathis and Moore, 2010). The CONKO-001 trial recently re-
ported a median survival time of 22.8 months for patients
that undergo curative resection and are treated with adjuvant
gemcitabine (Oettle et al., 2013). This indicates only marginal
improvements in survival time have been achieved in the
three decades since the GISTG trial, which reported a median
survival time of 21 months, highlighting the need for signifi-
cant progress to improve the outcomes of these early-stage
patients given the considerable risks and financial burdens
imposed by surgery (Kalser and Ellenberg, 1985).

We have conducted RNA-seq analysis on a cohort of 51
pancreatic adenocarcinoma primary tumor tissues with the
goal of understanding survival differences within early-stage
pancreatic cancer patients with localized disease. Our cohort
includes a significant fraction of long-term survivors (>3
years), which provide the opportunity to understand how
these patients differ from short-term survivors. Previous
studies investigating gene expression and pancreatic survival
have made valuable findings (Bailey et al., 2016; Collisson
et al.,, 2011; Donahue et al.,, 2012; Newhook et al.,, 2014;
Stratford et al., 2010; Wu et al., 2011). However, there is still
a need to identify distinguishing molecular phenotypes in
pancreatic tumors that will aid in directing patient care. We
present novel transcript expression differences in primary tu-
mors from early-stage pancreatic patients with vastly
different survival times, and we demonstrate that these
expression differences have prognostic value in multiple pa-
tient cohorts. We link a subset of these molecular alterations
to intrinsic transcriptome differences that drive the response
to gemcitabine treatment in vitro. Furthermore, we provide ev-
idence that reduction of Angiopoietin-like 4 (ANGPTL4) expres-
sion, a gene expressed higher in short-term survivors,
impairs chemoresistant pancreatic cancer cell growth.

2. Material and methods
2.1. Patient tissue

Pancreatic adenocarcinoma tissues used for this study were
collected at the University of Alabama at Birmingham between
November 2003 and June 2011 from patients undergoing cura-
tive surgicalresection to remove pancreatic tumor tissue under
an IRB-approved protocol (Table 1). Patients were treatment-
naive prior to tumor resection, and the majority of the patients
were treated with gemcitabine/nucleoside analog therapy
post-resection (Supplemental Table 1). Pancreatic tissue was
flash-frozen in liquid nitrogen and stored at —80 °C.

2.2. Macrodissection

Frozen tissues from pancreatic cancers were macrodissected
to enrich the specimens in cancer. For each case, the original
diagnostic slides were reviewed by the pathologist (WEG) to
determine the morphology of the pancreatic cancer. The
frozen tissue was embedded in optimal cutting temperature
compound (OCT) and a frozen section was cut that was orien-
tated by ink dots to the frozen tissue in the OCT block. Using
the orientated frozen section as a guide, areas of uninvolved
pancreas, lymphocytic infiltration, and other non-malignant
tissues were removed from the OCT block by carefully sepa-
rating unwanted tissues using a single edge razor blade. The
proportion of tumor and the percent tumor nuclei were esti-
mated in the macrodissected specimens. Of note, about 30%
of cases could not be macrodissected successfully, usually
due to an inadequate amount of cancer in the frozen tissue or
because intermixed non-malignant tissue could not be sepa-
rated adequately from the cancer cells. These were not
included in the cases evaluated.

2.3. Source and culture of pancreatic cancer cell lines

AsPC-1, Capan-1, Capan-2, CFPac-1, HPAF, and PANC-1 were
obtained from ATCC. L3.6pl was obtained from Isaiah J. Fidler
at The University of Texas MD Anderson Cancer Center (Bruns
et al., 1999). Panc 2.03 and Panc 6.03 were obtained from Eliz-
abeth M. Jaffee at Johns Hopkins University (Jaffee et al., 1998).
Suit-2, $2-013, and S2-VP10 were obtained from Michael A.
Hollingsworth at The University of Nebraska Medical Center
(Akisawa et al., 1999; Iwamura et al., 1997). S2-LM7-AA and
S2-LM7-YB were derived from liver metastases produced
from Suit-2 (LR McNally and D] Buchsbaum, unpublished).
All cell lines were expanded upon receipt to prepare frozen
cell stocks that were tested to confirm lack of mycoplasma
contamination and cultured in vitro for no longer than 3
months after thawing.
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Table 1 — Clinical information for 51 patients used in this study and 68 patients in the validation cohort.

Cohort Training cohort Validation cohort
Full Short survivors  Long survivors Full Short survivors  Long survivors
Total samples 51 14 13 68 16 11
T stage
1 3 0 2 0 0 0
2 12 3 4 4 0 3
3 31 10 5 60 14 7
4 5 1 2 1 0 0
TX 0 0 0 3 2 1
N stage
NO 14 3 5 19 5 6
N1 37 11 8 46 9
NX 0 0 0 3 2 1
M stage
MO 48 13 13 2 0 0
M1 1 0 0 3 2 0
MX 2 1 0 63 14 11
Median overall survival 572 (109.7) 216 (24.0) 1544 (230.2) 413.5 (45.2) 211.5 (23.6) 1054 (87.9)
days (Standard error)
Median age (Standard error) 66 (1.6) 71 (2.3) 64 (3.9) 68 (1.3) 70.5 (2.9) 64 (2.6)
Diabetes status
Yes 22 4 7 0 0 0
No 29 10 6 0 0 0
N/A 0 0 68 16 11
Sex
Male 32 9 8 33 7 5
Female 19 5 5 35 9 6
Race
Caucasian 44 10 12 0 0 0
African-American 6 3 1 0 0 0
N/A 1 1 0 68 16 11
2.4. Nucleic acid extraction from tissues and cell lines pooled into each lane and sequenced using lllumina HiSeq

To extract nucleic acid, tissues were homogenized in Qiagen
RLT buffer + 1% BME using an MP FastPrep-24 and Lysing Ma-
trix D beads for three rounds of 45 s at 6.5 m/s (FastPrep ho-
mogenizer, Lysing Matrix D, MP Bio, Santa Ana, CA, USA).
RNA was extracted from 350 pL tissue lysate (corresponding
to 10 mg of tissue) using Norgen Animal RNA extraction kit ac-
cording to manufacturer protocol (Norgen Animal Tissue RNA
Purification Kit, Norgen Biotek Corporation, Thorold, ON,
CAN).

A panel of 14 pancreatic cancer cell lines was screened for
gemcitabine sensitivity by exposure to serial dilutions of the
drug to calculate an ICso value for each line. The lines were
classified as sensitive or resistant based on resulting ICso
values. Subsequently, treatment naive cells were grown in
100 mm tissue culture dishes, scraped to dissociate cells
from the dish, pelleted, and frozen in liquid nitrogen. Upon
thawing, cells were resuspended in PBS, and total RNA was
extracted from ~ 2,500,000 cells from each cell line using the
Norgen Animal RNA extraction kit according to manufacturer
protocol.

2.5. RNA-seq library construction

RNA sequencing libraries were constructed using Tn-RNA-
seq, a transposase-mediated construction method described
previously (Gertz et al., 2012). Four RNA-seq libraries were

2000 instruments to generate paired-end 50 reads (Illumina,
San Diego, CA, USA). Read-pairs (average of ~47 million
read-pairs per library across 51 RNA-seq libraries) were
aligned to Gencode (version 9.0) using TopHat (version 1.4.1),
and the relative abundance of each transcript was quantified
using Cufflinks (version 1.3.0) and BEDTools (Harrow et al,,
2006; Quinlan, 2002; Trapnell et al., 2010, 2009).

2.6. Differential expression analysis

The R package DESeq?2 (version 1.8.1) was used to evaluate dif-
ferential expression in pancreatic tumor tissues using a cate-
gorical variable. The two classes were: 1) patients who
succumbed to the disease within 300 days from diagnosis
(short-survivors) and 2) patients who survived for at least
900 days from diagnosis (long-survivors). DESeq2 assumes a
negative binomial distribution to account for the over-
dispersion in counts in RNA-seq data (Love et al., 2014). Tran-
scripts with a DESeq2 FDR-adjusted p-value <5% were classi-
fied as significant. Transcripts expressed from X and Y-
chromosomes were removed prior to differential expression
analysis. Pathway analysis was conducted using the web-
based tool LRPath using all GO term annotations, adjusting
to transcript read count with RNA-Enrich, including direction-
ality and limiting maximum GO term size to 500 genes (Kim
et al., 2012). The Cytoscape Enrichment Map plug-in was
used for visualization (Isserlin et al., 2014). The Genesetfile
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(-gmt) from July 24, 2015 was downloaded from http://down-
load.baderlab.org/EM_Genesets/. Mapping parameters were:
p-value cutoff = 0.005, FDR cutoff = 0.1 and overlap
coefficient = 0.5. Networks were exported as PDFs.

For the cell line analysis, DESeq2 version (1.8.1) was used to
evaluate differential expression in cell lines using a categori-
cal variable based on whether the cell line was sensitive
(ICso < 60 nM) or resistant (ICso > 300 nM) to gemcitabine treat-
ment after three days of treatment. Transcripts with a DESeq?2
FDR-adjusted p-value <5% were classified as significant. Tran-
scripts expressed from X and Y-chromosomes were removed
prior to differential expression analysis.

2.7. Random forest modeling

Random forest predictive models were trained using differen-
tially expressed transcripts (FDR < 0.05) between short- and
long-survivors in the training cohort, clinical data (patient
age, diabetes, gender, race and tumor stage), and 1000
randomly sampled transcript sets equivalent in size to the
number of differentially expressed transcripts via the R based
“randomForest” package (version 4.6—12). Models were gener-
ated as described by Griffith et al. except 501 trees were used
to generate each model (Griffith et al., 2013). Model perfor-
mance was assessed by out of bag error (OOB) reported by
the “randomForest” function.

2.8. Hierarchical clustering

Hierarchical clustering was performed on variance-stabilized
RNA-seq data using the hclust command in R (R version 3.2.1).

2.9. LASSO model selection

A predictive survival model was generated from transcripts
differentially expressed (DESeq FDR <0.05) between short-
and long-survival patients in the training set using multivar-
iate linear regression with L1 penalized log partial likelihood
(LASSO) (Simon et al., 2011; Tibshirani, 1996) for feature selec-
tion. LASSO was performed with the R package “glmnet”
(version 1.9—8) and the penalty parameter, A, was selected
based on three-fold cross-validation within the training set
(Friedman et al., 2010). The resulting model was evaluated
on the ICGC Australian cohort of patients as a validation.
The thresholds for dichotomization (300 and 900 days) used
in the validation set were identical to the training set. ICGC
data was retrieved from release 18 on January 21st, 2015 at
https://dcc.icgc.org/repository (Zhang et al., 2011). Model per-
formance was evaluated based on the ability to classify test
set patients as short-survivors or long-survivors and an area
under the curve (AUC) value was generated with the R package
“ROCR” (version 1.0—7) (Sing et al.,, 2005). Kaplan—Meier
curves, Cox proportional hazards models and Concordance-
indexes (C-Index) were generated with the R packages “sur-
vival” (version 2.38—1) and “survcomp” (version 1.16.0). C-In-
dex was assessed using the “concordance.index” function in
the “survcomp” package with default settings. C-Index is
one of the most widely used performance measures for sur-
vival models and represents a non-parametric ranking anal-
ysis interpreted as the proportion of all pairs of samples

whose predicted survival time is correctly ordered out of all
samples capable of being comparably ordered after censoring
(Harrell, 2001).

2.10. Tumor subtype classification

Tumors from the training and validation cohorts were classi-
fied into the subtypes previously described by Bailey et al.
(Bailey et al., 2016). Validation cohort classification was per-
formed by simply using the labels provided by Bailey et al. in
supplemental table 14. The training cohort was classified by
performing k-means clustering using the R “kmeans” function
with k = 4 on the 613 subtype informative transcripts listed in
Bailey et al. supplemental table 14. Assigned clusters showed
nearly identical expression patterns to the validation cohort
and transcript sets highly expressed in each validation cohort
subtype were used to assign the proper label to each subtype
in the training cohort.

2.11. Meta-PCNA analysis

Meta-PCNA, a previously established index of transcripts posi-
tively correlated with the proliferation marker PCNA, was
used to determine if the survival transcript signature was pro-
liferation independent (Venet et al., 2011). The meta-PCNA
value was established for each patient by using the median
variance stabilized expression value for the 130 meta-PCNA
genes expressed in our patient cohort. Mann—Whitney tests
were performed to demonstrate that meta-PCNA values
were not significantly different between short-surviving and
long-surviving patients (p-value > 0.05). Likelihood ratio tests
were performed with the R package “Imtest” (version 0.9—33)
(Zeileis and Hothron, 2002) to determine if our prognostic
model still significantly improved classification of patients
as short-surviving or long-surviving compared to a reduced
model containing only the meta-PCNA value in both the
training cohort of patients and the validation cohort.

2.12. WGCNA analysis

The gene co-expression network for ANGPTL4 was defined us-
ing the R package “WGCNA” (version 1.51) (Langfelder and
Horvath, 2008). Clustering was performed on the 5000
protein-coding transcripts with highest standard deviation
across the training cohort using the “blockwiseModules” func-
tion with a minimum module size of 30. Pathway analysis on
the genes present in co-expression module containing
ANGPTL4 was performed using DAVID (da Huang et al., 2009)
and the 5000 genes used in the WGCNA clustering analysis
were used as the background gene set.

2.13. ANGPTL4 knockdown

PANC-1 cells were transfected using the appropriate Lonza
(Cologne, Germany) Nucleofection kit (Kit R, Program X-005)
with either one of two siRNA directed towards ANGPTL4 (Ther-
moFisher, Massachusetts, USA) or a scrambled control siRNA.
Transfected cells were seeded in 96 well opaque tissue
culture-treated plates (Greiner-Bio One, North Carolina, USA)
at a density of 5000 cells/well, and incubated overnight to
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allow for cell adherence. Twenty-four hours post-
nucleofection, cells were dosed with gemcitabine (Thermo-
Fisher, Massachusetts, USA) at concentrations ranging from
0 to 500 pM. Cytotoxicity levels were measured using the
CellTiter-Glo luminescent cell viability assay (Promega, Wis-
consin, USA) 24, 48, and 72-h post-gemcitabine treatment.
Knockdown efficiency of ANGPTL4 was measured via qPCR us-
ing an ANGPTL4 tagman probeset (ThermoFisher, Massachu-
setts, USA). CyQUANT proliferation assay (ThermoFisher,
Massachusetts, USA) was used as an orthogonal method for
measuring cell viability 48 and 72-h post-gemcitabine
treatment.

To generate stable ANGPTL4 knockdown cells, three
shRNAs targeting ANGPTL4 were obtained from Sigma (Sigma,
Missouri, USA) and lentiviral vectors were generated for the
ANGPTL4 shRNAs and a GFP control shRNA as previously
described (Kutner et al., 2009). One million Panc-1 cells were
transduced with the lentiviral vectors and treated with puro-
mycin (2 ng/ml) to generate stable cell lines. Cytotoxicity mea-
surements and qPCR were performed as described above, with
the exception that we plated 1000 cells/well for the cytotox-
icity assays. To measure ANGPTL4 protein expression levels,
we collected media from each of the cell lines, and performed
a human ANGPTL4 enzyme-linked immunosorbent assay
(ELISA) as per manufacturer instruction (ThermoFisher, Mas-
sachusetts, USA).

To investigate if ANGPTL4 expression associated with sur-
vival in TCGA (The Cancer Genome Atlas) data, Level 3 TCGA
RNA-seq and clinical data was downloaded from the TCGA
data portal (https://tcga-data.nci.nih.gov/tcga/) on November
13th, 2015. “Days_to_death” and/or “Days_to_last_follow_up”
columns in the clincal patient paad file were used to acquire
censored survival times from the patient cohort. Kaplan—Me-
ier analysis was performed as described above to compare
survival differences between the top quartile of ANGPTL4 ex-
pressers to the bottom quartile.

A

. Long-Survivor

.Short-Survivor

Scaled Expression Level
0

3 -2 -1

3. Results

3.1. Gene expression correlates with pancreatic patient
survival time

To investigate gene expression patterns with clinical utility in
pancreatic cancer, we performed RNA-seq on a cohort of 51
fresh-frozen pancreatic tumor tissues (Table 1). Specifically,
we were interested in exploring whether RNA transcript
expression patterns correlated with patient survival. We
employed a dichotomized approach, investigating transcrip-
tional differences occurring in the tumors of patients with
extreme survival differences, and included the top and bot-
tom ~25% of our total patient cohort. We observed 323 differ-
entially expressed transcripts (FDR p-value < 0.05) between
the short-survivors (n = 14) and the long-survivors (n = 13).
Of these 323 transcripts, 176 have higher expression in the
short-survival patients, and 147 have a higher expression in
the long-survival patients (Figure 1A; Supplemental Table
2). Expression patterns in our cohort strongly overlap with
an independent cohort with 20 transcripts significant
(FDR < 0.05) in both cohorts (Fisher's Exact p = 2.87e-14).
Transcripts with higher expression in the long-survivors
were enriched for immune response cellular pathways and
calcium signaling pathways, whereas transcripts with higher
expression levels in the tumors of short-survivors were
enriched for cell cycle regulation, EGFR signaling, cell adhe-
sion, vesicle transport, peptidase regulation, apoptosis, pro-
tein glycosylation and keratinocyte development (Figure 1B,
Supplemental Table 3). We broadly assessed the prognostic
utility of these significant transcripts relative to randomly
generated sets of transcripts and clinical information
(including patient age, gender, race, tumor stage, nodal
involvement and diabetes status) using random forest
models and found that our significant transcripts far

B

Keratinocyte
Development

Figure 1 — Transcripts significantly different between pancreatic short- survivors and long-survivors. A) Heatmap of 323 transcripts significantly

different between the short-survivors and long-survivors. Blue is low expression and yellow is high expression. B) Network diagram of enriched

pathways. Blue is higher expression in short-survivors and red is higher expression in long-survivors.
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outperformed both random transcripts and clinical data
(Supplemental Fig. 1).

3.2. A 19-transcript signature successfully predicts
patient survival

To prioritize transcripts most predictive of patient survival,
we employed the multivariate linear regression with L1 penal-
ized log partial likelihood (LASSO) for feature selection
(Figure 2) (Simon et al, 2011; Tibshirani, 1996). A 19-
transcript model was identified that successfully discrimi-
nated short-survival from long-survival patients in the
training cohort, and this model differentiated the short- and
long-surviving patients in an independent cohort of pancre-
atic RNA-seq data from ICGC (Zhang et al., 2011) (Figure 3;
Supplemental Table 4). The 19-transcript model also demon-
strated success as a continuous Cox proportional hazards
model, generating a concordance index of 0.82 (p = 1.46e-23)
in the training cohort and a concordance index of 0.60
(p = 0.04) in the validation cohort (n = 68). Furthermore,
Kaplan—Meier curves demonstrate that patients in the top
and bottom tertiles of predicted survival have significantly
different survival times in both cohorts (Figure 4). Thus,
despite being optimized for distinguishing patients on the ex-
tremes of the prognosis spectrum, our model has significant
predictive power when applied to full patient cohorts as a
continuous model. We further investigated the performance
of our survival model in the context of each of the four sub-
types described by Bailey et al. (Bailey et al., 2016). Although
sample sizes are insufficient to make definitive interpreta-
tions in either cohort, it appears our model successfully dis-
tinguishes the squamous subtype previously associated with
poor prognosis from the other three subtypes in both the vali-
dation cohort and training cohort (Supplemental Fig. 2).

Training Patient Cohort (n=51)

Patient
Dichotomization

<300 Days N > 900 Days

Short-Survivors Long-Survivors
(n=14) (n=13)

Model Training

Dict

Cohort Performance Evaluation ICGC Validation Cohort
Short-Survivor (n=16) €= (n=68)

Long-Survivor (n=11)

Full Validation Cohort
Continuous Performance
Evaluation

Figure 2 — Analysis workflow for prognostic model training and
validation. Patients in the training cohort were dichotomized into
long- (survived > 900 days, n = 13) and short-survivor

(survived < 300 days, n = 14) groups. A multivariate linear
regression model with LASSO for feature selection capable of
classifying patients as long- or short-survivors was developed on the
training cohort. Next the model was applied to an independent
validation cohort. We applied the model both to pre-dichotomized
long (n = 11) and short (n = 16) survivors as well as the whole cohort
as a continuous model.

The 19-transcript model includes genes with a variety of
functions, many of which have been implicated in cancer pre-
viously (Supplemental Table 4). Solute Carrier Family 16, mem-
ber A3 (SLC16A3) has a higher expression level in the short-
surviving patient tumors, and encodes a monocarboxylate
transporter involved in a broad range of cellular metabolic
pathways including energy metabolism of tumor cells and
drug transport (Halestrap, 2013). SCL16A3 has higher expres-
sion in breast cancer metastases in comparison to breast pri-
mary tumors, and is a component of a gene signature that has
been linked to poor outcome in multiple cancers, including
breast, lung, and glioblastoma (Hu et al., 2009). Regulator of
G-Protein Signaling 20 (RGS20) also has higher expression in
the short-survivor patient tumors. RGS20 inhibits signal trans-
duction of G-protein signaling, and RGS20 has higher expres-
sion in metastatic melanoma when compared to primary
melanoma (Riker et al., 2008). Trinucleotide Repeat Containing
6C (TRC6C ) has higher expression in long-surviving patient tu-
mors and functions to promote microRNA-mediated gene
silencing (Huntzinger et al., 2010; Jinek et al., 2010). Finally,
WAP Four-Disulfide Core Domain 1 (WFDC1), which has higher
expression in the long-surviving patient tumors, is a secreted
protease that is involved in inhibiting cell proliferation of tu-
mor cells (Madar et al., 2009).

3.3. Survival is not explained by cellular proliferation
differences

A recent study suggested that, in breast cancer, transcripts
can be associated with patient outcome simply due to the
high correlation of global gene expression patterns with pro-
liferation, and demonstrated that 90% of randomly selected
sets of 100 transcripts or more are statistically correlated
with patient outcome (Venet et al., 2011). This study points
to the underlying importance of cellular proliferation in over-
all patient outcome in breast cancer and leads to a larger ques-
tion of whether the effect of cellular proliferation rates on
gene expression predicts prognosis in other cancer types.

We used the established meta-PCNA index of 131 tran-
scripts (130 of which were expressed in our data set) presented
in the Venet et al. study (Venet et al., 2011) to address whether
the RNA expression pattern we present here is dependent on
cellular proliferation. The meta-PCNA index is composed of
the top 1% of transcripts most highly correlated with Prolifer-
ating Cell Nuclear Antigen (PCNA), in gene expression measure-
ments from 36 different human normal tissues (Ge et al.,
2005). In both the training and validation cohorts, the meta-
PCNA values were not significantly different between the
short-survival and long-survival patient populations (Man-
n—Whitney p-value = 0.4583 and p-value = 0.1779, respec-
tively) (Supplemental Figure 3A).

To investigate the effects of proliferation on our datasets
further, we explored whether the meta-PCNA index affected
the power of our 19-transcript LASSO model for distinguishing
short-survival and long-survival patients. We performed a
likelihood ratio test using the meta-PCNA index as the null
model for both the training and validation cohorts, and
discovered that in both patient cohorts, the 19-transcript
model added predictive information over the meta-PCNA in-
dex alone (training p-value = 4.443e-05; validation p-
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Figure 3 — Receiver operating characteristic (ROC) curve and corresponding waterfall plots for the 19-transcript LASSO regression model. A)
Model performance on the training cohort (AUC = 1). B) Model performance on the validation cohort (AUC = 0.90). Waterfall plot data is
centered at the optimal classifier threshold as defined in the training cohort.

value = 8.124e-04). Furthermore, Principle Component Anal-
ysis (PCA) demonstrated that our 19-transcript model, both
prior to and after normalization to the meta-PCNA index,
was able to distinguish the short-survival and long-survival
patient populations (Supplemental Figure 3B). These data pro-
vide evidence to suggest that our gene signature is largely in-
dependent of established markers for cellular proliferation.

3.4. A subset of gemcitabine sensitivity genes is
differentially expressed between the short-survival and
long-survival patients

To explore the idea that resistance to adjuvant therapy may
play a role in the survival time and contribute to our gene
expression signature, we investigated whether any of our
323 significant transcripts overlapped with transcripts that
are intrinsically differentially expressed in pancreatic cancer
cell lines that are sensitive or resistant to gemcitabine
(Supplemental Table 5A). The majority of the short-survival
and long-survival patients for which we have complete treat-
ment treated with gemcitabine
(Supplemental Table 1). We performed RNA-seq and

information were

compared gene expression patterns in seven gemcitabine-
sensitive pancreatic cancer cell lines and seven gemcitabine-
resistant pancreatic cancer cell lines, and we identified
~1300 differentially expressed transcripts. In vitro expression
differences strongly overlapped with patient data, as twenty-
two transcripts were significant in both analyses (Fishers-
exact p-value = 2.587e-04; Supplemental Table 3B).

A subset of the overlapping transcripts has intriguing bio-
logical links to cancer (Figure 5). One of these overlapping
transcripts, UDP-GIcNAc:betaGal beta-1,3-N-acetylglucosaminyl-
transferase 5 (B3GNT5), is an enzyme responsible for transfer-
ring N-acetylglucosamine (GlcNAc) to glycolipid substrates
and is associated with breast cancer survival (Potapenko
et al., 2015). Cathepsin H (CTSH ) is a proteinase that has been
implicated in angiogenic switching, vascularization, and
growth of mouse models of pancreatic islet cell cancer
(Gocheva et al., 2010). Sterile alpha motif domain containing 9
(SAMD?9) encodes for a protein that localizes to the cell mem-
brane and is thought to play a role in regulating cellular prolif-
eration and apoptosis (Tanaka et al., 2010). Periplakin (PPL) is a
component of desmosomes, and expression of PPL results in
cisplatin resistance in endometrial carcinoma cells (Suzuki


http://dx.doi.org/10.1016/j.molonc.2016.05.004
http://dx.doi.org/10.1016/j.molonc.2016.05.004
http://dx.doi.org/10.1016/j.molonc.2016.05.004

1176

MOLECULAR ONCOLOGY 10(2016) 1169-1182

A Training Cohort
p = 5.88e-09
|
_|
-_ O
©
2
=
=3
7
b < _|
° o
o
s N_|
e o
<_|
e T T T T 1
0 1000 2000 3000
Days

B Validation Cohort
p = 0.0381
o
©_|
-_ O
]
2
g 3
=
(/2]
= ~_
° o
(3]
& N_|
o o
o_| |1
°© T T T T T
0 1000 2000 3000
Days

Figure 4 — Kaplan—Meier analysis of the 19-transcript model on the full training cohort (left) and validation cohort (right). A Cox regression

model was trained on the full training cohort using the 19 transcript predictive model on short-survival and long-survival patients and evaluated on

the full validation cohort. The short-survival curve (red) represents patients in the lowest tertile of predicted survival time and the long-survival

curve (blue) represents patients in the top tertile of predicted survival time.

et al., 2010). Kruppel-Like Factor 6 (KLF6) is a transcription factor
with multiple splice variants, and expression of one of these
splice variants in HepG2 cell lines increases gemcitabine
sensitivity (Hanoun et al., 2015). Furthermore, specific splice-
isoforms of KLF6 have been previously associated with
pancreatic cancer prognosis and tumor grade (Hartel et al.,
2008; Stratford et al., 2010). Increased expression of Signal pep-
tide, CUB domain, EGF-like 1 (SCUBE1) in prostate cancer associ-
ated fibroblast cells reduced prostate tumor size in mouse
models (Orr et al., 2013). Given our findings that these tran-
scripts are associated with survival in pancreatic cancer and
gemcitabine sensitivity in pancreatic cancer cell lines, these
transcripts represent potential targets for sensitizing patients
to adjuvant gemcitabine treatment.

3.5. Knockdown of ANGPTL4 expression in a
gemcitabine-resistant pancreatic cancer cell line affects cell
proliferation

We were particularly interested in further investigating the
functional role of Angiopoietin-Like 4 (ANGPTL4) in pancreatic
cancer cells. ANGPTL4 had higher expression in pancreatic
cancer cell lines resistant to gemcitabine therapy and patients
with shorter survival, and these expression patterns were
confirmed via gPCR (Supplemental Figure 4A and B). Further-
more, we observed ANGPTL4 expression significantly associ-
ated with survival time in the validation and TCGA cohorts
of pancreatic adenocarcinoma RNA-seq datasets
(Supplemental Figure 4C). We again separated patients into
the four Bailey et al. pancreatic cancer subtypes, and observed
that ANGPTL4 is expressed highest in the squamous subtype
(Supplemental Figure 5A and B) and ANGPTL4 expression
levels are able to prognostically stratify patients within the
squamous subtype of both cohorts (Supplemental Figure 5C
and D) (Bailey et al.,, 2016). We used Weighted Gene Co-
Expression Network Analysis (WGCNA) to determine what
protein-expressed genes are being co-expressed with

ANGPTL4, and observed enrichment for genes involved in
ectoderm and epidermis differentiation (Supplemental Table
6).

PANC-1 cells are resistant to gemcitabine treatment
(ICso > 300 nM after 3 days of treatment), so we were inter-
ested in knocking down ANGPTL4 expression in this cell line
to determine effects of knockdown on gemcitabine response.
We reduced ANGPTL4 expression in PANC-1 cells using siRNA
or shRNA knockdown, and we confirmed efficient knockdown
through qPCR analysis of ANGPTL4 expression and ANGPLT4
ELISA of cell culture media (Figure 6A, Supplemental
Figure 6A and B). We observed a striking reduction of PANC-
1 cell growth at all time points after ANGPTL4 knockdown
(Figure 6B, Supplemental Figure 5C). This growth effect was in-
dependent of the effects of gemcitabine treatment as cells
treated with both a siRNA targeting ANGPTL4 and gemcitabine
doses ranging from 0 to 500 uM showed less proliferation than
cells treated with gemcitabine alone (Figure 6C).

4. Discussion

With a 7% overall 5-year survival rate, there is a clear and pre-
sent need for improvement of the clinical care of pancreatic
cancer patients, regardless of stage at diagnosis. While the
survival time for patients diagnosed with operable disease is
considerably longer than those diagnosed with inoperable dis-
ease, it is still a relatively short time frame given the morbidity
associated with surgical resection. Among patients with
resectable disease, median survival has only improved from
21 months in 1985 to 22.8 months in 2014 (Oettle et al., 2013).
Recent studies in metastatic disease found combination ther-
apy with gemcitabine-based and non-gemcitabine containing
therapy are superior to single-agent gemcitabine toward
progression-free and overall survival (Conroy et al., 2011;
Von Hoff et al, 2011). As these treatment regimens are
increasingly explored in the earlier stages of disease, our
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expression signature may aid in stratifying patients that may with survival differences in pancreatic patients with similar
benefit from a non-gemcitabine based therapy regimen. clinical characteristics. Our study identified a set of tran-

While many factors contribute to a patient’s overall sur- scripts differentially expressed in tumors of pancreatic cancer
vival, we explored biological differences that are associated patients that were diagnosed early enough for curative
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Figure 6 — ANGPTL4 knockdown in Panc-1 cells. A) qPCR data
demonstrates efficient knockdown of ANGPTLA4 at 48 h post-
nucleofection. B) ANGPTL4 knockdown in Panc-1 cells results in a
decrease of cell proliferation. C) The cell proliferation effect of
ANGPTLA knockdown is independent of the effects of gemcitabine
treatment.

surgery, but who had vastly differing survival times. Our con-
fidence in these biological differences is bolstered by the abil-
ity of these expression patterns to distinguish patients with
differing survival times in the validation cohort of pancreatic

tumor tissues, which, to our knowledge, is the largest pancre-
atic cancer RNA-seq dataset available at this time. We
confirmed in the validation cohort that neither the short-
survival or long-survival patients could be classified by muta-
tions in pancreatic cancer driver genes and other clinically
relevant genes such as KRAS, TP53, CDKN2A, SMAD4, and
USP9X (Biankin et al., 2012; Jones et al., 2008; Pérez-Mancera
et al,, 2012; Waddell et al., 2015). Furthermore, the short-
survival and long-survival patients are not enriched for a
particular pancreatic cancer subtype, although interestingly,
our data suggest that the 19-transcript model can distinguish
the Squamous subtype, which has a significantly worse sur-
vival time than the ADEX, Immunogenic and Progenitor sub-
types (Bailey et al., 2016; Collisson et al., 2011).

The biology within these 323 transcripts suggests novel
therapeutic interventions, especially for those patients with
the very short survival times. We are especially intrigued
by the transcripts that we discovered with similar expression
comparisons in short- vs. long-survival patients and gemci-
tabine-resistant vs. gemcitabine-sensitive cell lines. It is
perhaps not surprising that a mechanism for a shorter sur-
vival time after surgery would be resistance to adjuvant
chemotherapy. A recent large retrospective study examining
the clinical characteristics of pancreatic adenocarcinoma pa-
tients surviving 10 years or more highlighted adjuvant
chemotherapy as the second most important predictor of
extreme survivorship behind lymph node positivity ratio
(Paniccia et al.,, 2015). The comparison of these two genomic
analyses has provided us with several genes, many not pre-
viously implicated in gemcitabine resistance, which might
provide insight into new pathways for therapeutic
intervention.

ANGPTL4 is a secreted protein that regulates lipid and
glucose metabolism; however, other complex cellular roles
are emerging for this protein, including roles in cancer pro-
gression and drug response (Tan et al., 2012). ANGPTL4 expres-
sion was recently associated with chemosensitivity to
cisplatin in ovarian cancer (McEvoy et al., 2015). However,
overexpression of ANGPTL4 is associated with lower disease-
free survival in basal breast tumors in young women, and
ANGPTL4 copy number gain within circulating tumor cells in
breast cancer patients is associated with higher tumor aggres-
siveness (Johnson et al., 2015; Kanwar et al., 2015). Intrigu-
ingly, treatment of orthotopic liver tumors in xenograft
models with an antibody to ANGPTL4 resulted in inhibition
of tumor growth and metastasis (Ng et al., 2014). These con-
flicting roles of ANGPTL4 may be driven by differing functions
of the N-terminus and C-terminus of ANGPTL4, which result
from post-translational cleavage of the protein. Our data sug-
gests that ANGPTL4 functions to promote cell proliferation
and is a member of a gene expression network involved in
epidermal differentiation and development. Similarly,
ANGPTL4 expression is highest in the tumors classified as
Squamous subtype and may hold future utility as a simple
marker for patients in this subtype with particularly poor
prognosis. Therefore, we believe ANGPTL4 represents a novel
putative therapeutic target for pancreatic cancer patients
and merits further investigation in patients or tumor model
systems that demonstrate resistance to gemcitabine.
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5. Conclusions

Our investigation has identified gene transcripts that are
differentially expressed in pancreatic adenocarcinoma tumor
tissues from patients with similar clinical characteristics but
vastly differing survival times. We present a 19-transcript
signature that is capable of distinguishing patients with
differing survival times, and importantly, we validate the
prognostic value of this signature in an independent cohort
of patients. It is important to note that currently available
pancreatic cancer patient cohorts, including our own, are
limited in size and future studies will elucidate the value of
this expression signature across larger cohorts of pancreatic
adenocarcinoma patients. We discovered that a subset of
the survival-associated transcripts is also differentially
expressed in pancreatic cancer cell lines with differing sensi-
tivity to gemcitabine treatment. Through siRNA knockdown
experiments, we provide evidence that ANGPTL4, a transcript
with higher expression in short-term survivors and
gemcitabine-resistant pancreatic cancer cells, has a newly
discovered role in pancreatic cancer growth, and thus pro-
vides a novel therapeutic target for pancreatic cancer
treatment.
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