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Abstract
Pancreatic ductal adenocarcinoma (PDAC) is one of the most fatal malignancies worldwide. PDAC
prognostic and diagnostic biomarkers are still being explored. The aim of this study is to establish a
robust molecular signature that can improve the ability to predict PDAC prognosis. 155 overlapping
differentially expressed genes between tumor and non-tumor tissues from three Gene Expression
Omnibus (GEO) datasets were explored. A least absolute shrinkage and selection operator method
(LASSO) Cox regression model was employed for selecting prognostic genes. We developed a
6-mRNA signature that can distinguish high PDAC risk patients from low risk patients with
significant differences in overall survival (OS). We further validated this signature prognostic value in
three independent cohorts (GEO batch, P < 0.0001; ICGC, P = 0.0036; Fudan, P = 0.029).
Furthermore, we found that our signature remained significant in patients with different histologic
grade, TNM stage, locations of tumor entity, age and gender. Multivariate cox regression analysis
showed that 6-mRNA signature can be an independent prognostic marker in each of the cohorts.
Receiver operating characteristic curve (ROC) analysis also showed that our signature possessed a
better predictive role of PDAC prognosis. Moreover, the gene set enrichment analysis (GSEA)
analysis showed that several tumorigenesis and metastasis related pathways were indeed associated
with higher scores of risk. In conclusion, identifying the 6-mRNA signature could provide a valuable
classification method to evaluate clinical prognosis and facilitate personalized treatment for PDAC
patients. New therapeutic targets may be developed upon the functional analysis of the classifier
genes and their related pathways.
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Introduction
Pancreatic ductal adenocarcinoma (PDAC)
stands for more than 90% of cancer cases of the
pancreas. It currently ranks as the third common
cause of cancer mortality and is predicted to raise to

the second by the year 2030. While 5 year overall
survival is still lower than 10% and over 50% cases are
initially diagnosed in advanced stage where surgical
removal is impossible [1, 2], still no standard
http://www.ijbs.com
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screening programs are available for high risk
patients of pancreatic cancer (like patients with family
history or chronic pancreatitis) [3]. Currently, the only
potentially curative treatment is surgical resection,
while adjuvant therapies like chemotherapy with
gemcitabine or S-1 (an oral fluoropyrimidine
derivative) are usually provided after surgical
approaches. As for cases with un-resectable lesions,
FOLFIRINOX (fluorouracil, folinic acid [leucovorin],
irinotecan, and oxaliplatin) and gemcitabine with
nanoparticle
albumin-bound
paclitaxel
(nabpaclitaxel) are the current main therapeutic options.
Even targeted molecular therapy (TMT) and
immunotherapy are considered in PDAC with a lot of
open questions [3]. Lacking specific clinical symptoms
and biomarkers in early cases and effective therapies
based on precise targets are current major challenges
in PDAC.
Both tumor tissue biopsy and liquid biopsy
samples were applied in exploring potential
diagnostic and prognostic markers via high through
put technologies such as next generation sequencing
on genomics, transcriptomics and proteomics. TCGA:
The Cancer Genome Atlas, GEO: Gene Expression
Omnibus, and ICGC: International Cancer Genome
Consortium are some of the comprehensive database
that provide massive array or sequencing-based data
for researchers worldwide [4]. More and more
powerful bioinformatic methods were applied for
high through put data analysis. Recently, the cancer
Genome Altas Research Network updated an
integrated genomic, transcriptomic and proteomic
profiling
from
PDAC
samples
(including
macrodissection or laser capture micro-dissected
FFPE for low neoplastic cellularity), which included
KRAS mutational heterogeneity and other drivers in
wild type tumors, proteomic subtypes with
prognostic and therapeutic implications and
classification based on mRNA with non-coding RNAs
[5]. This work is a further development of PDAC
molecular signature based on these databases.
Recently, Sharma and colleagues reported that
an estimation of pre-diagnostic duration and
progression of pancreatic cancer may be provided by
fasting blood Glucose levels, indicating that
hyperglycemic patients with a mean period of 36 to 30
months before PDAC diagnosis [6]. In a different
study, Mellby LD et al. developed a liquid biopsy (29
serum biomarkers signature-based) that helps in
diagnosing early pancreatic cancer cases in a big
Scandinavian PDAC cohort from I to IV stage as
compared to 888 control samples and further
validated in an independent case-control cohort from
United states, the AUC has been achieved to 0.96 [7].
In addition, a non-invasive three-gene panel was
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developed from Urine for detecting pancreatic
adenocarcinoma as early as possible, while LYVE-1,
REG1A and TFF1 were distinguished from healthy
controls with a 0.89 by Receiver-operating
characteristic curve (ROC) analysis [8]. In addition,
for the update of PDAC prognostic markers,
increasing studies with promising results have been
proposed. Shi and the colleagues optimized a 16
mRNA signature from 10 GEO database as an
independent prognostic biomarker for recurrence of
PDAC patients [9]. However, for a practical clinical
application of prognostic biomarkers, it is necessary to
optimize the signature with the consideration of cost
and time.
The aim of this study was identifying potential
robust mRNA based signature with minimum
amount of genes that may provide a potential
prognostic value to develop a fast detection kit based
on multiplex PCR method. Therefore, based on
previous studies of PDAC biomarkers, we integrated
the database from GEO, ArrayExpress, TCGA and
ICGC cohort for a comprehensive molecular signature
identification and applied the least absolute shrinkage
and selection operator (Lasso) regression model to
build an optimized and shrunken signature with only
6 genes from mRNA level for predicting both the
overall survival and the recurrence of cancer.

Methods
PDAC gene expression data
Gene expression profiles or RNA sequencing
data of PDACs were downloaded from public GEO
(https://www.ncbi.nlm.nih.gov/geo/),
Array
Express
(https://www.ebi.ac.uk/arrayexpress/),
TCGA (http://cancergenome.nih.gov/) and ICGC
(https://icgc.org/). We retrieved data with respective
GSE identification numbers by using “pancreatic” in
title in the GEO Repository Browser or ArrayExpress
database. We then exported all searching results and
chose homo sapiens species datasets. After a careful
review of related summaries, five GEO and one
ArrayExpress human gene expression datasets were
chosen. Exclusion criteria included: un-analyzable
datasets; small number of DEGs (less than 100); or
incomplete annotated genes (less than 90% of total
transcriptomes genes (n< 18000)). For 181 PDAC
patients, TCGA database was used to obtain gene
expression profile (level 3 data) from RNA-seq and
relevant clinical and survival information for Lasso
regression. In addition, we also used the 251 cases of
GEO samples (including 30 ArrayExpress samples)
and 96 cases of ICGC samples with survival for a
validation. In addition, we consecutively collected 35
fresh frozen primary PDAC samples at Minhang
http://www.ijbs.com

Int. J. Biol. Sci. 2019, Vol. 15

2284

Hospital from February 2011 to February 2016.
Written informed consent were obtained from all
patients. The study was conducted in accordance with
the Declaration of Helsinki, and the Ethical
Committee of Minhang Hospital, Fudan University
approved the study.

samples. In addition, ICGC data and Fudan validation
series were also used to validate the prognostic
signature. A formula similar to test series was used to
calculate risk scores and datasets were split into two
groups of risks considering the optimal risk score, OS
differences were analyzed as mentioned earlier.

The analysis of PDAC gene expression.

RNA extraction and quantitative reverse
transcription PCR (qRT-PCR)

Data processing was required before the
analysis. After downloading and normalizing the raw
data CEL files from GEO and ArrayExpress by a
robust multiarray averaging (RMA) method [10], we
used ‘Affy’ and ‘affycoretools’ packages of R software
(version 3.3.1, R Foundation for Statistical Computing
Vienna, Austria) and processed Affymetrix data. For
ICGC and TCGA, available RNA-Seq data were used
and log2-transformed.

Prognostic gene signature identification and
validation
‘limma’ package of R software (version 3.3.1)
was used for establishing the prognostic gene
signature by generating the differentially expressed
mRNAs with P-value less than 0.001 and fold-change
values of −2 to 2 between tumor and non-tumor
samples in GSE15471, GSE28735 and GSE62452
datasets. We then used TCGA dataset and separated
prognostic gene signature from other differentially
expressed mRNAs.
We then carried the LASSO Cox regression
model analysis in the test series of TCGA by using R
software (version 3.3.1) and the ‘glmnet’ package (R
Foundation for Statistical Computing, Vienna,
Austria). Achieving shrinkage and variable selection
simultaneously was guaranteed by using penalized
Cox regression model with LASSO penalty, we
determined the optimal values of the penalty
parameter lambda through 10-times cross-validations
[11, 12]. Considering the optimal lambda value, we
used the gene expression profiling and overall
survival (OS) data to screen out a series of prognostic
genes and related coefficients from prognostic
mRNAs. Prognostic mRNA expression levels of and
related coefficient were used to calculate the risk score
in each case. Besides, ‘Kaps’ package was used to find
the optimal cut-off value to split the cases into a low /
high risk groups. Finally, the Kaplan-Meier and
log-rank test assessed the differences in OS and
disease free survival (DFS) between the two groups.
To validate the results, we used COMBAT (empirical
Bayes) to gather samples of GEO and ArrayExpress
datasets before analysis, then included them in the
inSilicoMerging R/Bioconductor package, as a batch
effects removal method. The outcome set which was
named as GEO batch series included 251 tumor

The total RNA of 35 PDAC samples (Fudan
validation series) was extracted by using TRIzol
reagent (Invitrogen, USA). PrimeScript RT reagent kit
(Takara, Japan) was used to carry out reversetranscription. An ABI Prism 7500 Sequence Detection
0System (Applied Biosystems, Foster City, CA, USA)
was applied to do qRT-PCR through using SYBR®
Premix ExTaq™ (Takara, Japan). We used GAPDH as
an internal control to normalize the expression of
mRNAs. The –ΔCT method (ΔCT=CT mRNA – CT
GAPDH) was used to calculate mRNA expression
levels. The primers of related mRNAs were shown in
Table S1.

Statistical analysis
Cox regression (univariable and multivariable)
was carried to study if the prognostic gene signature
was affected by age, gender, histological grade, or
TNM stage. Associations between high or low-risk
groups and clinical pathological aspects were
considered using the Student’s t or the Fisher’s exact
test when appropriate. To test whether the risk score
can effectively distinguish the two groups of patients,
data stratification analysis was performed in the
combined datasets by Kaplan-Meier’s and the
log-rank test according to histological grade, TNM
stage, tumor subdivision of pancreas, age and gender.
We based the evaluation of specificity and sensitivity
of survival prediction on the multi-mRNA risk score,
age, histological grade, TNM stage, combined model
of risk score and other factors by using Receiver
operating characteristic (ROC) analysis. The area
under ROC curve (AUC) was considered as an
accuracy measure in diagnostic tests [13]. The ‘pROC’
package was adopted for ROC analysis, and the
‘delong’ method was used to investigate the ROC
curves significant differences. OS was identified as the
period of time between the diagnosis date and the
death date from pancreatic cancer or the date on
which data were taken. DFS was calculated from the
time of surgery to the time of recurrence or the date
on which data were taken. P < 0.05 was considered
significant for all the Cox regression, log-rank tests
and ROC analyses.

http://www.ijbs.com
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Gene set enrichment analysis
JAVA program (http://www.broadinstitute.
org/gsea) was used to complete Gene set enrichment
analysis (GSEA) by the use of MSigDB C2 CP:
Canonical pathways gene set collection. To make sure
that members of a given gene set were commonly
related to system of risk score, the GSEA, visualized in
Cytoscape (2.8.0), and the Enrichment Map software
were utilized [14]. Therefore, all mRNA genes in
TCGA datasets were ranked with enrichment scores
between most positive and most negative. With 1000
random samples per mutations performed, we set the
significance threshold at FDR < 0.25 when a gene set
had positive score, the majority of included members
had higher expression levels and risk score, and the
set was labeled “enriched”.

Results
Patient Population
The study flowchart was presented in Figure S1.
We retrospectively collected eight public mRNA
expression datasets of 719 PDAC patients, including
571 tumor tissues and 148 non-tumor tissues. All
eligible datasets were summarized in Table S2. Three
databases GSE15471, GSE28735 and GSE62452 via
affymetrix microarray platform were applied in
differentially expressed genes (DEG) analysis [15-17].
After the removal of samples with absent clinical
outcome information, 528 PDAC patients with
survival data were chosen from datasets (Table 1).

These included 181 patients from TCGA (test series),
96 patients from ICGC (validation series) and 251
patients from GEO or ArrayExpress (GSE28735,
GSE62452, GSE57495, GSE79668 and E-MEXP-2780) as
the GEO batch validation series. Table 1 shows that
patients ˃ 60y accounted for the vast majority
(67.07%), with 53.63% of patients being males. Most
cases (80.83%) of the tumor were located in the head
of pancreas, histologic grade 2 (55.06%), TNM stage I
or II (91.81%). In addition, Table S3 shows the
clinicopathological characteristics 35 patients from
Fudan validation series.

Identification of differentially expressed genes
To search for PDAC OS related gene signature,
we first used three cohorts (GSE15471, GSE28735 and
GSE62452) to analyze DEGs between tumor tissues
and non-tumor tissues. After that, we analyzed any
overlapping of DEGs. In each venn diagram in all
three series, overlapping DEGs were found to be
credible. As Figure 1A shows, 155 overlapping
differentially expressed mRNAs were identified
between the two groups from three cohorts. Figure
1B-D shows datasets’ volcano plots of DEGs. In
GSE15471, 1128 upregulated and 137 down regulated
genes were identified with statistical significance
while in GSE28735, we screened only 131 significantly
upregulated targets and 219 downregulated targets.
In GSE62452 database, among 229 enriched
dysregulated genes, there were 157 upregulated and
only 72 downregulated genes further identified.

Table 1. Patient and tumor clinicopathological characteristics of 528 pancreatic adenocarcinoma patients involved in the study.
Characteristics
Age at diagnosis, years
≤60
˃60
Gender
Female
Male
Tumor location of Pancreas
Head
Body
Tail
Histologic grade
G1
G2
G3
G4
TNM stage
I
II
III
IV

All (N=528)

Detailed data
TCGA (N=181)

GEO batch (N=251)

ICGC (N=96)

108 (32.93%)
220 (67.07%)

61 (18.60%)
120 (36.59%)

18 (5.49%)
33 (10.06%)

29 (8.84%)
67 (20.43%)

166 (46.37%)
192 (53.63%)

81 (22.63%)
100 (27.93%)

38 (10.61%)
43 (12.01%)

47 (13.13%)
49 (13.69%)

215 (80.83%)
20 (7.52%)
31 (11.65%)

139 (52.26%)
15 (5.64%)
16 (6.02%)

—
—
—

76 (28.57%)
5 (1.88%)
15 (5.64%)

33 (9.82%)
185 (55.06%)
113 (33.63%)
5 (1.49%)

30 (8.93%)
97 (28.87%)
50 (14.88%)
2 (0.60%)

2 (0.60%)
32 (9.52%)
29 (8.63%)
1 (0.30%)

1 (0.30%)
56 (16.67%)
34 (10.12%)
2 (0.60%)

47 (11.66%)
323 (80.15%)
16 (3.97%)
17 (4.22%)

21 (5.21%)
149 (36.97%)
4 (0.99%)
5 (1.24%)

17 (4.22%)
94 (23.33%)
11 (2.73%)
6 (1.49%)

9 (2.23%)
80 (19.85%)
1 (0.25%)
6 (1.49%)

TNM, tumor-nodes-metastasis; —: Without available data.
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Figure 1. Differentially expressing analyses of genes in GEO datasets. (A) Identification of 155 commonly changed differentially expressed genes (DEGs) from three cohort
profile datasets (GSE15471, GSE28735 and GSE62452). Different color areas represent different datasets. The cross areas showed the commonly changed DEGs. DEGs were
identified with classical t test; statistically significant DEGs were defined with P< 0.001 and |log2 fold change|> 1 as the cut-off criteria. (B) Volcano plots of the DEGs in GSE15471.
Among 1265 DEGs, 1128 were up-regulated and 137 were down-regulated. (C) Volcano plots of the DEGs in GSE28735. Among 350 DEGs, 131 were up-regulated and 219 were
down-regulated. (D) Volcano plots of the DEGs in GSE62452. Among 229 DEGs, 157 were up-regulated and 72 were down-regulated.

Establishment of the mRNA prognostic
signature
Using the 155 DEGs, we searched for the most
discriminating subset of genes that correlated with
clinical outcome. To analyze these 155 genes, we
applied LASSO Cox regression model in 181 cases
from TCGA test series (Figure S2). With this method,
we identified a 6-mRNA signature which can predict
OS in PDAC cases (Table 2).
Higher levels of genes expression were indicated
by positive coefficients. Interestingly, all of the 6 genes
had positive coefficients - Kynureninase (KYNU),
Hepatocyte growth factor receptor-MET Protooncogene
(MET),
Inositol
Polyphosphate-4-

Phosphatase Type IIB (INPP4B), Insulin Like growth
Factor 2 mRNA binding protein 3 (IGF2BP3), Ankyrin
Repeat Domain 22 (ANKRD22) and DNA
Topoisomerase II Alpha(TOP2A). We based the
calculation of each case’s risk score on the 6 genes’
expression levels and related coefficients in the
multivariate model (Table 2). Risk score =
(0.067744*expression
level
of
KYNU)
+
(0.332037*expression
level
of
MET)
+
(0.012583*expression level of INPP4B) + (0.003424*
expression level of IGF2BP3) + (0.012010* expression
level of ANKRD22) + (0.041295* expression level of
TOP2A). As expected, the classifier based on this
6-mRNA signature divides all cases into a high risk
(N=56) and a low risk group (N= 125), which can most
http://www.ijbs.com
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significantly distinguish the outcome of these PDAC
patients (Figure 2A). Notably, only up to 1.8%
patients of the high risk group survived beyond 50
months compared to 8% of the low risk group. In
addition, high and low-risk group displayed clear
statistical difference in both OS and DFS curve (P <
0.0001, Figure 2A-B).
Recently, a number of PDAC prognostic gene
signatures have been found to display robust and
independent prognostic value [18-20]. We evaluated
any genetic overlapping among these signatures and
our 6-mRNA signature. As shown in Figure S3, there
was only one gene (IGF2BP3) in common between our
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6-mRNA signature and Chen et al., and the overlap of
the signature was very low.
Table 2. mRNAs significantly associated with the overall survival
in the test series patients (N=181)
Gene symbol
KYNU
MET
INPP4B
IGF2BP3

Coefficient
0.067744
0.332037
0.012583
0.003424

ANKRD22
TOP2A

0.012010
0.041295

Description
Kynureninase (L-Kynurenine Hydrolase)
MET Proto-Oncogene, Receptor Tyrosine Kinase
Inositol Polyphosphate-4-Phosphatase Type II B
Insulin Like Growth Factor 2 MRNA Binding
Protein 3
Ankyrin Repeat Domain 22
DNA Topoisomerase II Alpha

Figure 2. Kaplan-Meier estimates of the overall survival (OS) or disease free survival (DFS) using the six-mRNA signature. The Kaplan-Meier plots were used to visualize the OS
or DFS probabilities for the low-risk versus high-risk group of patients based on the best cut-off points (0.1868) of risk score from corresponding TCGA, GEO, ArrayExpress or
ICGC datasets. (A) Kaplan-Meier curves for OS in TCGA test series patients (N= 181); (B) Kaplan-Meier curves for DFS in TCGA series patients (N= 181) (C) Kaplan-Meier
curves for OS in GEO batch validation series patients (N= 251); (D) Kaplan-Meier curves for OS in ICGC validation series patients (N= 96). The tick marks on the Kaplan-Meier
curves represent the censored subjects. The differences between the two curves were determined by the two-side log-rank test. The number of patients at risk was listed below
the survival curves.

http://www.ijbs.com
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Validation of the 6-mRNA prognostic
signature and clinicopathological associations
For results confirmation, the validation of our
6-mRNA signature was carried in two independent
datasets (GEO batch series and ICGC series). By using
6-mRNA signature classifier, cases were split into
high / low risk groups in the validation series.
Consistent with the previous findings, high risk group
in GEO batch series showed a significantly shorter
median OS compared to the other group (HR = 1.94,
95% CI 1.43-2.62, P < 0.0001) (Figure 2C). Importantly,
analysis in the ICGC and Fudan validation series also
showed similar results (HR = 2.14, 95% CI 1.27-3.61, P
= 0.0036; HR = 3.11, 95% CI 1.07-9.05, P = 0.029)
(Figure 2D, Figure S4), thus it confirms the prognostic
value. Interestingly, Chi-square test was also
implemented to study whether the 2-year OS is
associated with risk classification (low vs. high risk
group), and the difference was significant in TCGA,
GEO batch and ICGC series (Table S4). In conclusion,
6-mRNA prognostic signature represents an optimal
combination of highly reproducible and robust
prognostic genes.
In addition, we investigated associations
between the 6-mRNA signature-based classification
(in the two groups) and clinicopathological variables
of samples in TCGA, GEO batch, ICGC and Fudan
validation series. As Table S4 shows, no significance
was found regarding patients’ age, gender, tumor
location of Pancreas or TNM stage. Conversely,
histologic grade was found to be significant between
the low and high risk groups in TCGA test series and
GEO batch series (P = 0.043, P = 0.004; respectively).

Univariate and multivariate analyses of the
6-mRNA signature prognostic abilities
To verify the prognostic value of 6-mRNA
signature independently from the clinicopathological
characteristics, we performed COX univariable and
multivariable analysis that included 6-mRNA risk
score, age, gender, histologic grade and TNM stage
(When available) as co-variables in three datasets. In
univariate analysis (Figure 3), three variables were
found to be associated with OS, including the Grade,
Age, TNM stage, and our 6-mRNA signature. The
multivariate modelling results further supported the
contention that the 6-mRNA risk score was indeed
associated with OS even after considering other
clinical factors in each dataset (Figure 3A-F) and
combined datasets (Figure S5A-B). Additionally, the
univariate and multivariate analyses in Fudan
validation series also had the similar results (Figure
S6A-B). Therefore, the prognostic values of 6-mRNA
signature are independent from all other clinical
variables tested.
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The stratification analysis based on
clinicopathological characteristics
Since clinicopathological characteristics may also
possess prognostic value, we evaluated the predictive
ability of our molecular signature in different clinical
factors. Based on histologic grade, cases were split
into two sub-groups with histologic grade I and II
defined as well differentiated stratum and grade III
and IV as poor differentiated stratum. The
stratification analysis indicated that the 6-mRNA
signature could help in identifying differences in
prognosis among patients in the two tumor grade
subgroups. (Figure 4A-B). In addition, further
analysis by stratification of the TNM staging variable
showed that the 6-mRNA signature could also divide
cases into low and high risk in each stage with a
statistically significant difference at stage II&III
(HR=2.38, 95% CI: 1.82-3.12, P < 0.0001) (Figure 4C).
The results indicated that the 6-mRNA signature
prognostic value is independent from histologic grade
and tumor stage.
According to locations of the tumor entity for
PDAC, patients in all combined series were split
between three subgroups (Head, Body, and Tail). The
stratification analysis showed that 6-mRNA signature
may indeed help in identifying cases with prognostic
differences in each subgroup (HR=2.13, 95%CI:
1.48-3.06, P < 0.0001; HR=2.8, 95% CI: 1.12-7.0, P =
0.022, respectively) despite the absence of statistical
significance in the tumor subdivision in the body of
pancreas (Figure 4D-F). This might be due to the small
sample size (20 patients only, Figure 4E). However,
6-mRNA signature still showed a tendency to
distinguish cases with different prognoses.
Aging is one of the factors affecting cancer
progression [21]. Data stratification analysis was
carried which split these cases into ≤ 60y and ˃ 60y
subgroups. After age stratification, 6-mRNA based
signature remained powerful for predicting OS. In
patients from the two different age groups, the
6-mRNA signature could identify cases with different
prognosis (Figure S7A-B). Regarding the gender of
PDAC patients, 6-mRNA risk score also had the
ability to predict the OS in either female or male
population within the combined series (HR=1.92, 95%
CI: 1.28-2.88, P = 0.0013; HR=2.69, 95% CI: 1.85-3.92, P
< 0.0001; Figure S7C-D). The results indicated that
6-mRNA signature prognostic value is indeed
independent from age and gender.

ROC analysis for the comparison between the
models with other prognostic factors
ROC analysis was performed to evaluate if the
6-mRNA
signature
could
improve
the
clinicopathological characteristics for predicting
http://www.ijbs.com
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better prognosis and demonstrate the survival
prediction specificity and sensitivity with and without
other parameters combination. As Figure 5 shows, the
6-mRNA risk score possessed a better predictive role
of PDAC prognosis than age, histology grade and
TNM stage in combined datasets patients. What’s
more, when 6-mRNA risk score was combined with
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age, grade and tumor stage, significant differences
were found among the combined factors and the
6-mRNA risk score (0.73 versus 0.62, 95% CI 0.67-0.79
versus 0.58-0.65, P < 0.0001). That could indicate a
stronger role of 6-mRNA signature in OS prediction
when combined with other prognostic factors in ROC
analysis.

Figure 3. Forest plot summary of analyses of overall survival (OS). Univariable and multivariable analyses of the six-mRNA risk score, age, gender, histological grade and TNM
stage on TCGA (A, B), GEO batch (C, D) and ICGC datasets (E, F). The green squares on the transverse lines represent the hazard ratio (HR), and the red transverse lines
represent 95% CI. Risk score and age are continuous variables, gender, histological grade and TNM stage are discontinuous variables.
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Figure 4. Kaplan–Meier survival analysis to evaluate the independence of the six-mRNA signature from histological grade, TNM stage and tumor subdivision of pancreas. The
patients from combined datasets were stratified into subgroups. The six-mRNA signature was applied to the low histological grade patients (A), high histological grade patients
(B), TNM stage II and III patients (C), patients with tumor subdivision in head (D), body (E) and tail (F) of pancreas, separately. The number of patients at risk was listed below
the survival curves. The tick marks on the Kaplan–Meier curves represent the censored subjects. The differences between the two curves were determined by the two-sided
log-rank test.

Identification of 6-mRNA signature related
biological pathways / processes
For the identification of possible related
biological process and signalling pathways, GSEA
was performed by using 6-mRNA signature based on
risk scores for prognostic classification. Several
cancer-related networks were found to be up
regulated in high risk score cases including cell
cycle/DNA replication, cancer microenvironment,
Hypoxia metagene associated pathways/HIF1
pathway and some therapeutic targets correlated
signalling such as RAS, ERBB1/2/4, PI3K PLC TRK,
IGF1, mTOR, TGF-b receptor, HDAC1/2 targets, and
CDH1 associated pathways (Figure 6A-D, Table S5).
For instance, HDAC (histone deacetylase) enzymes
which play an essential role in cancer development
and progression and HDACIs (HDAC inhibitors)
have been found to affect differentiation and cell cycle
arrest, activate the apoptosis related extrinsic /

intrinsic pathways, prevent metastasis and
angiogenesis, and restore the chemotherapy
sensitivity in different cancer cell lines including
pancreatic cancer. More preclinical evidences and
clinical trials are necessary to determine the efficiency
of these novel epigenetic modulation associated
therapies [22, 23]. We suggested that the 6-mRNA
signature may indeed be involved in such networks.

Discussion
The biggest challenges of pancreatic cancer are
the early diagnosis, precise prediction of tumor
progression and the intervention of the late stage of
the disease. Promising biomarkers and advanced
imaging techniques as well as interdisciplinary
treatments of this disease will help to develop
precision medical strategies in pancreatic cancer.
In our study, we found a novel mRNA signature
that can serve as a prognostic biomarker for overall
http://www.ijbs.com
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survival of the disease. To obtain 155 DEGs, we used a
strategical stepwise analysis to spot any possible
overlapping. Afterwards, LASSO COX regression
model was constructed based on these genes. Ten fold
cross validation was applied to choose the optimal
choice with minimum error of mean cross validation
from a models’ sequence. In addition, LASSO
coefficient profiles were used while we produced a
coefficient profile plot against the Log Lambda
sequence and optimal Lambda that resulted in 6
non-zero coefficients. All 6 genes enriched in our
signature were identified as upregulated in tumor
samples. We found that MET has the highest
coefficient value, which indicated that the significance
of this gene might be involved in PDAC. A number of
studies have demonstrated that poor prognosis is in a
correlation with abnormal MET activation in cancer,
and cancer growth, angiogenesis, and metastasis are
triggered by MET activation [24, 25]. MET is found to
be deregulated in many human cancers, including
breast, kidney, stomach, liver, and brain cancer. That
led to proposing MET amplification as a potential
biomarker for cell tumor [26]. MET role in pancreatic
cancer has also been highlighted. Cuneo and the team
used tissue microarray to show high levels of c-MET
expression in tumor was linked to faster distant
failure in neoadjuvant therapy patients (median 8.9
months vs 22.0 months, P = 0.0010) [27].
Beside the fact that a well known oncogene
(MET) was included, some metabolic regulating genes
were also enriched. For example, KYNU is an enzyme
regulating serum kynurenine metabolites. Higher
serum
concentrations
of
(HAA/HK)
ratio
(3-hydroxyanthranilic
acid
/
HAA:
3-hydroxykynurenine) (PLP in vivo functional
measure) was significantly correlated with reduced
risk of pancreatic cancer [28]. Chen and the team
found that the overexpression of INPP4B (a
phosphatidylinositol signalling pathways involved
enzyme) can suppress the invasion, migration, and
angiogenesis of prostate cancer, they also were able to
show INPP4B reversed docetaxel resistance and EMT
(epithelial to mesenchymal transition) through
PI3K/Akt pathway [29, 30]. Kofuji’s work further
discovered that in PTEN deficiency, INPP4B acts as
tumor suppressor with very important functions [31].
Our findings indicated a future interest of this gene
modulation in pancreatic cancer progression.
IGF2BP3 has been also reported as biomarker with
clinical relevance in different type of cancers
including Glioma, colorectal, lung, liver, and breast
cancer [32]; accumulating evidence also demonstrated
this gene role in pancreatic cancer with the
perspectives of migration, invasion, and adhesion as
well as IGF2BP3-mediated translation in cell
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protrusions [33, 34]. It is very interesting to get some
hints of this signature in DNA metabolism, since
TOP2A was screened in our analysis. TOP2A acts as a
target for many anti-cancer agents, with many
mutations in it being associated with drug resistance.
Several new studies updated its prognostic role as a
powerful therapeutic target in pancreatic cancer [35,
36]. This may also indicate a potential correlation of
this signature with PDAC chemotherapy response.
In our study, we proved that 6-mRNA signature
is an independent powerful factor for PDAC patients
OS prognosis. Compared to other known signatures
to predict OS [18-20], our model was obtained from
more comprehensive databases and it seemed to be
easier to manipulate in practical clinical application
with minimum amount of genes. Furthermore,
Raman et al used the similar database to generate a
5-gene signature to predict the outcome of PDAC
patients, but they adopted iterative sampling based
algorithms [37]. In addition, to our knowledge, Shi et
al established a 16-mRNA based signature at a
minimum lambda with minimum error of mean cross
validation via LASSO model in PDAC and could
predict RFS for PDAC patients[9]. So we also tried our
best to test whether our 6-mRNA signature can
predict DFS for PDAC patients in TCGA series which
survival data can be acquired, and we found that our
signature had the ability to predict in both overall and
disease free survival curves.

Figure 5. Receiver operating characteristic (ROC) analysis of the sensitivity and
specificity of the overall survival (OS) prediction by the six-mRNA risk score, age,
histological grade, TNM stage and all combined factors in combined datasets patients
(N= 528). P values were from the comparisons of the area under the ROC (AUROC)
of all combined factors versus six-mRNA risk score, age, histological grade and TNM
stage, respectively. As can be seen, the six-mRNA risk score combined with other
factors showed a better prediction of OS than age (P < 0.0001), histological grade (P
< 0.0001) and TNM stage (P < 0.0001).
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Figure 6. Gene Set Enrichment Analysis Delineates Biological Pathways and Processes associated with risk score. Cytoscape and Enrichment Map were used for visualization of
the GSEA results. Nodes represent enriched gene sets, which are grouped and annotated by their similarity according to related gene sets. Enrichment results were mapped as
a network of gene sets (nodes). Node size was proportional to the total number of genes within each gene set. Proportion of shared genes between gene sets was represented
as the thickness of the green line between nodes.

Many studies have proved that tumor grade was
a highly important prognostic factor in PDAC [38, 39].
Compared to other PDAC molecular signatures, our
6-mRNA signature was able to predict the OS in both
well and poor differentiated cases. In addition, our
data also showed that this unique signature was able
to predict the survival with in the tumor stage II&III.

However, the TNM stage was not an independent
marker for prognosis neither in TCGA, ICGC nor
GEO batch cohort. Although in combined univariable
cox regression analysis, TNM I, II and IV (compared
to TNM I) showed statistical significance in hazard
ratio, yet only TNM II kept the statistical difference in
multivariable cox regression analysis. This might be
http://www.ijbs.com
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due to the disproportion of subgroups distribution.
Nearly more than 50% patients were in II stage
tumors but not high proportion in III and IV stages.
The importance of the location of PDAC as
predictor of survival has also been described by many
studies [40, 41]. Our study is the first to demonstrate
that 6-mRNA signature had the ability to predict OS
with in different tumor subdivision of pancreas either
in head or in the tail. Due to the small size of the
population, there was no statistical significance for the
tumor in the body of pancreas. However, 6-mRNA
signature still showed a tendency to distinguish cases
with different prognosis.
Beside, as we know in pancreatic cancer, aging is
considered as a high risk factor, most patients are
diagnosed in old ages [21]. Within our model, both
young and old patients could be split into high / low
risk for prognosis. However, one consideration was
the cut-off value of young and old patients. In a
deutch pancreatic cancer group study, they used the
age of 75 year-old to group the young and old
patients, and found that older age is independently
associated with worse OS in non-resected,
non-metastatic pancreatic cancer [42]. Furthermore,
our 6-mRNA signature independently predicted
patients’ survival (stratifying patients with gender),
which suggests that this signature could serve as a
powerful prognostic indicator for both female and
male patients.
ROC analysis showed that in PDAC prognosis
evaluation (in combined datasets), this 6-mRNA
signature was superior to age, histology grade and
TNM stage. Many clinical parameters might affect the
survival after PDAC surgery like histologic grade,
TNM stage, serum CA19-9, perioperative blood
transfusion, and metastasis to lymph nodes [43-49].
To enhance prognostic prediction, 6-mRNA risk score
was combined with age, histologic grade and tumor
stage. Significant differences were found between the
combined factors and the 6-mRNA risk score,
indicating that our 6-mRNA signature combined with
other prognostic factors may have a stronger power
for OS prediction.
As the 6-mRNA signature was able to
distinguish high risk cases based on risk score, the
involved molecular mechanisms still need to be
studied. The biological behavior of 6-mRNA signature
supported the layout of GSEA we produced in this
study. A number of important functional pathways
were highlighted such as cancer microenvironment,
Hypoxia metagene associated pathway, and IGF1
pathway. In addition, HDAC, HIF1, ERBB, E2F, TGFb,
and CDH1 were also visualized in the map for
therapeutic targets indication. Therefore, significant
signalling pathways may indeed support that
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6-mRNA signature has OS and DFS prediction ability
and provide potential methods for any future targeted
therapies.
Nonetheless, there are some limitations in our
study. First, preoperative serum CA19-9 level is the
only U.S. FDA (Food and Drug Administration)
approved biomarker and the most widely used in the
U.S. [29, 30]. Since it can serve as a diagnostic and
prognostic biomarker, we, however, did not acquire
and generate the correlation of our mRNA signature
genes with this marker or combine these serum
markers (such as CA19-9 or CA125) with our risk
marker for a combination score to predict the
prognosis. Second, our validation datasets (GEO
batch and ICGC) consisted only of OS, which cannot
further validate our signature effectively. Third, our
study is retrospective and large prospective cohorts
are needed to validate the utility of this signature in
prognostic classification.
Last but not least, as an important integrated
analysis of pancreatic cancer mentioned in the
introduction part, a precise prediction of PDAC
characterization and prognosis via multi-platform
analysis
combing
genomics,
transcriptomics,
epigenetics and proteomics will be beneficial for a
complex molecular landscape of PDAC and provide a
road map for precision medicine.

Conclusions
Our data defined a unique 6-mRNA signature
based on comprehensive bioinformatics analysis and
associated with prognosis independently of classical
prognostic factors. Moreover, this 6-mRNA predictive
signature remained significant in patients with
different subtypes. Our finding indicated that our
6-mRNA signature may contribute to personalized
management of PDAC patients. Of course, future
investigations on the prospective and large sample
study for the 6-mRNA signature will be of great
clinical significance. In addition, with novel therapies
being developed, some classifier genes or pathways in
which our 6-mRNA signature is involved may
represent novel therapeutic targets for PDAC
treatment.

Abbreviations
AUC: Area under the curve; CI: Confidence
interval; DEGs: Differentially expressed genes; DFS:
Disease free survival; FDR: False discovery rate; GEO:
Gene Expression Omnibus databases; GSEA: Gene set
enrichment analysis; HR: Hazard ratio; ICGC:
International Cancer Genome Consortium; LASSO:
least absolute shrinkage and selection operator;
Limma: Linear Models for Microarray Data; mRNAs:
Messenger RNAs; OS: Overall survival; PDAC:
http://www.ijbs.com

Int. J. Biol. Sci. 2019, Vol. 15
Pancreatic ductal adenocarcinoma; RMA: Robust
multiarray averaging; ROC: Receiver operating
characteristic curve; TCGA: The Cancer Genome
Atlas.

Supplementary Material
Supplementary Figures and Tables.
http://www.ijbs.com/v15p2282s1.pdf
Supplementary Table S2.
http://www.ijbs.com/v15p2282s2.xlsx

Acknowledgements
This work was financially supported by grants
from the National Key Research and Development
Program
of
China
(2017YFC1308604
and
2017YFC0908402), the National Natural Science
Foundation of China (81472672), the Shanghai
International Science and Technology Collaboration
Program (18410721900), Program for Outstanding
Academic Leader in Minhang District, Shanghai
(201709) and the European Fund for Regional
Development (EFRE) for the project “Autonomy in
old”.

Author contributions
N.R. and Q.D. were responsible for the study
design and participated in evaluation of results. C.Z.,
Y.Z. and Y.Y. drafted the manuscript. H.M., Q.Z.,
W.T. and P.W. participated in collection of samples
and data. C.Z., Y.Z., Y.Y., Z.H., M.A. and W.C. did the
data analysis and interpretation. Z.M., Z.L. and J.W.,
prepared the figures and tables. C.B., M.P., F.P., N.R.
and Q.D. reviewed and revised the manuscript. All
authors approved the final manuscript.

Competing Interests
The authors have declared that no competing
interest exists.

References
1.

2.
3.
4.
5.
6.
7.

Rahib L, Smith BD, Aizenberg R, Rosenzweig AB, Fleshman JM, Matrisian
LM. Projecting cancer incidence and deaths to 2030: the unexpected burden of
thyroid, liver, and pancreas cancers in the United States. Cancer research.
2014; 74: 2913-21.
Siegel RL, Miller KD, Jemal A. Cancer Statistics, 2017. CA: a cancer journal for
clinicians. 2017; 67: 7-30.
Kamisawa T, Wood LD, Itoi T, Takaori K. Pancreatic cancer. Lancet (London,
England). 2016; 388: 73-85.
Tomczak K, Czerwinska P, Wiznerowicz M. The Cancer Genome Atlas
(TCGA): an immeasurable source of knowledge. Contemporary oncology.
2015; 19: A68-77.
Cancer Genome Atlas Research Network. Electronic address aadhe, Cancer
Genome Atlas Research N. Integrated Genomic Characterization of Pancreatic
Ductal Adenocarcinoma. Cancer Cell. 2017; 32(e13): 185-203.
Sharma A, Kandlakunta H, Nagpal SJS, Feng Z, Hoos W, Petersen GM, et al.
Model to Determine Risk of Pancreatic Cancer in Patients With New-Onset
Diabetes. Gastroenterology. 2018; 155(e3): 730-9.
Mellby LD, Nyberg AP, Johansen JS, Wingren C, Nordestgaard BG, Bojesen
SE, et al. Serum Biomarker Signature-Based Liquid Biopsy for Diagnosis of
Early-Stage Pancreatic Cancer. Journal of clinical oncology : official journal of
the American Society of Clinical Oncology. 2018; 36: 2887-94.

2294
8.
9.
10.
11.
12.
13.
14.
15.

16.

17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.

28.
29.
30.

31.
32.
33.

34.
35.

Radon TP, Massat NJ, Jones R, Alrawashdeh W, Dumartin L, Ennis D, et al.
Identification of a Three-Biomarker Panel in Urine for Early Detection of
Pancreatic Adenocarcinoma. Clin Cancer Res. 2015; 21: 3512-21.
Shi G, Zhang J, Lu Z, Liu D, Wu Y, Wu P, et al. A novel messenger RNA
signature as a prognostic biomarker for predicting relapse in pancreatic ductal
adenocarcinoma. Oncotarget. 2017; 8: 110849-60.
Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf U, et
al. Exploration, normalization, and summaries of high density oligonucleotide
array probe level data. Biostatistics. 2003; 4: 249-64.
Goeman JJ. L1 penalized estimation in the Cox proportional hazards model.
Biometrical journal Biometrische Zeitschrift. 2010; 52: 70-84.
Tibshirani R. The lasso method for variable selection in the Cox model.
Statistics in medicine. 1997; 16: 385-95.
Bunger R, Mallet RT. Metabolomics and Receiver Operating Characteristic
Analysis: A Promising Approach for Sepsis Diagnosis. Critical care medicine.
2016; 44: 1784-5.
Merico D, Isserlin R, Stueker O, Emili A, Bader GD. Enrichment map: a
network-based method for gene-set enrichment visualization and
interpretation. PLoS One. 2010; 5: e13984.
Idichi T, Seki N, Kurahara H, Yonemori K, Osako Y, Arai T, et al. Regulation of
actin-binding protein ANLN by antitumor miR-217 inhibits cancer cell
aggressiveness in pancreatic ductal adenocarcinoma. Oncotarget. 2017; 8:
53180-93.
Zhang G, Schetter A, He P, Funamizu N, Gaedcke J, Ghadimi BM, et al. DPEP1
inhibits tumor cell invasiveness, enhances chemosensitivity and predicts
clinical outcome in pancreatic ductal adenocarcinoma. PLoS One. 2012; 7:
e31507.
Yang S, He P, Wang J, Schetter A, Tang W, Funamizu N, et al. A Novel MIF
Signaling Pathway Drives the Malignant Character of Pancreatic Cancer by
Targeting NR3C2. Cancer research. 2016; 76: 3838-50.
Birnbaum DJ, Finetti P, Lopresti A, Gilabert M, Poizat F, Raoul JL, et al. A
25-gene classifier predicts overall survival in resectable pancreatic cancer.
BMC medicine. 2017; 15: 170.
Chen DT, Davis-Yadley AH, Huang PY, Husain K, Centeno BA, Permuth-Wey
J, et al. Prognostic Fifteen-Gene Signature for Early Stage Pancreatic Ductal
Adenocarcinoma. PLoS One. 2015; 10: e0133562.
Stratford JK, Bentrem DJ, Anderson JM, Fan C, Volmar KA, Marron JS, et al. A
six-gene signature predicts survival of patients with localized pancreatic
ductal adenocarcinoma. PLoS medicine. 2010; 7: e1000307.
Falandry C, Bonnefoy M, Freyer G, Gilson E. Biology of cancer and aging: a
complex association with cellular senescence. Journal of clinical oncology :
official journal of the American Society of Clinical Oncology. 2014; 32: 2604-10.
Koutsounas I, Giaginis C, Theocharis S. Histone deacetylase inhibitors and
pancreatic cancer: are there any promising clinical trials? World J
Gastroenterol. 2013; 19: 1173-81.
Lee HS, Park SB, Kim SA, Kwon SK, Cha H, Lee DY, et al. A novel HDAC
inhibitor, CG200745, inhibits pancreatic cancer cell growth and overcomes
gemcitabine resistance. Scientific reports. 2017; 7: 41615.
Dean M, Park M, Le Beau MM, Robins TS, Diaz MO, Rowley JD, et al. The
human met oncogene is related to the tyrosine kinase oncogenes. Nature. 1985;
318: 385-8.
Pennacchietti S, Michieli P, Galluzzo M, Mazzone M, Giordano S, Comoglio
PM. Hypoxia promotes invasive growth by transcriptional activation of the
met protooncogene. Cancer Cell. 2003; 3: 347-61.
del Carmen MG, Birrer M, Schorge JO. Clear cell carcinoma of the ovary: a
review of the literature. Gynecologic oncology. 2012; 126: 481-90.
Cuneo KC, Morgan MA, Griffith KA, Hawkins PG, Greenson JK, Ben-Josef E,
et al. Prognostic Value of c-MET Expression in Patients With Pancreatic
Cancer Receiving Adjuvant and Neoadjuvant Chemoradiation Therapy.
International journal of radiation oncology, biology, physics. 2018; 100: 490-7.
Huang JY, Butler LM, Midttun O, Ulvik A, Wang R, Jin A, et al. A prospective
evaluation of serum kynurenine metabolites and risk of pancreatic cancer.
PLoS One. 2018; 13: e0196465.
Chen H, Li H, Chen Q. INPP4B overexpression suppresses migration, invasion
and angiogenesis of human prostate cancer cells. Clinical and experimental
pharmacology & physiology. 2017; 44: 700-8.
Chen H, Li H, Chen Q. INPP4B reverses docetaxel resistance and
epithelial-to-mesenchymal transition via the PI3K/Akt signaling pathway in
prostate cancer. Biochemical and biophysical research communications. 2016;
477: 467-72.
Kofuji S, Kimura H, Nakanishi H, Nanjo H, Takasuga S, Liu H, et al. INPP4B Is
a PtdIns(3,4,5)P3 Phosphatase That Can Act as a Tumor Suppressor. Cancer
discovery. 2015; 5: 730-9.
Gong Y, Woda BA, Jiang Z. Oncofetal protein IMP3, a new cancer biomarker.
Advances in anatomic pathology. 2014; 21: 191-200.
Pasiliao CC, Chang CW, Sutherland BW, Valdez SM, Schaeffer D, Yapp DT, et
al. The involvement of insulin-like growth factor 2 binding protein 3 (IMP3) in
pancreatic cancer cell migration, invasion, and adhesion. BMC Cancer. 2015;
15: 266.
Taniuchi K, Furihata M, Hanazaki K, Saito M, Saibara T. IGF2BP3-mediated
translation in cell protrusions promotes cell invasiveness and metastasis of
pancreatic cancer. Oncotarget. 2014; 5: 6832-45.
Pei YF, Yin XM, Liu XQ. TOP2A induces malignant character of pancreatic
cancer through activating beta-catenin signaling pathway. Biochimica et
biophysica acta Molecular basis of disease. 2018; 1864: 197-207.

http://www.ijbs.com

Int. J. Biol. Sci. 2019, Vol. 15

2295

36. Zhou Z, Liu S, Zhang M, Zhou R, Liu J, Chang Y, et al. Overexpression of
Topoisomerase 2-Alpha Confers a Poor Prognosis in Pancreatic
Adenocarcinoma Identified by Co-Expression Analysis. Dig Dis Sci. 2017; 62:
2790-800.
37. Raman P, Maddipati R, Lim KH, Tozeren A. Pancreatic cancer survival
analysis defines a signature that predicts outcome. PLoS One. 2018; 13:
e0201751.
38. Luttges J, Schemm S, Vogel I, Hedderich J, Kremer B, Kloppel G. The grade of
pancreatic ductal carcinoma is an independent prognostic factor and is
superior to the immunohistochemical assessment of proliferation. The Journal
of pathology. 2000; 191: 154-61.
39. Macias N, Sayagues JM, Esteban C, Iglesias M, Gonzalez LM,
Quinones-Sampedro J, et al. Histologic Tumor Grade and Preoperative Bilary
Drainage are the Unique Independent Prognostic Factors of Survival in
Pancreatic Ductal Adenocarcinoma Patients After Pancreaticoduodenectomy.
J Clin Gastroenterol. 2018; 52: e11-e7.
40. van Erning FN, Mackay TM, van der Geest LGM, Groot Koerkamp B, van
Laarhoven HWM, Bonsing BA, et al. Association of the location of pancreatic
ductal adenocarcinoma (head, body, tail) with tumor stage, treatment, and
survival: a population-based analysis. Acta oncologica. 2018: 1-8.
41. Ruess DA, Makowiec F, Chikhladze S, Sick O, Riediger H, Hopt UT, et al. The
prognostic influence of intrapancreatic tumor location on survival after
resection of pancreatic ductal adenocarcinoma. BMC surgery. 2015; 15: 123.
42. van der Geest LGM, van Eijck CHJ, Groot Koerkamp B, Lemmens V, Busch
OR, Vissers PAJ, et al. Trends in treatment and survival of patients with
nonresected, nonmetastatic pancreatic cancer: A population-based study.
Cancer medicine. 2018; 7: 4943-51.
43. Nishio K, Kimura K, Amano R, Yamazoe S, Ohrira G, Nakata B, et al.
Preoperative predictors for early recurrence of resectable pancreatic cancer.
World journal of surgical oncology. 2017; 15: 16.
44. Xu HX, Chen T, Wang WQ, Wu CT, Liu C, Long J, et al. Metabolic tumour
burden assessed by (1)(8)F-FDG PET/CT associated with serum CA19-9
predicts pancreatic cancer outcome after resection. European journal of
nuclear medicine and molecular imaging. 2014; 41: 1093-102.
45. Poorman CE, Postlewait LM, Ethun CG, Tran TB, Prescott JD, Pawlik TM, et
al. Blood Transfusion and Survival for Resected Adrenocortical Carcinoma: A
Study from the United States Adrenocortical Carcinoma Group. The American
surgeon. 2017; 83: 761-8.
46. Kneuertz PJ, Patel SH, Chu CK, Maithel SK, Sarmiento JM, Delman KA, et al.
Effects of perioperative red blood cell transfusion on disease recurrence and
survival after pancreaticoduodenectomy for ductal adenocarcinoma. Annals
of surgical oncology. 2011; 18: 1327-34.
47. Wentz SC, Zhao ZG, Shyr Y, Shi CJ, Merchant NB, Washington K, et al. Lymph
node ratio and preoperative CA 19-9 levels predict overall survival and
recurrence-free survival in patients with resected pancreatic adenocarcinoma.
World journal of gastrointestinal oncology. 2012; 4: 207-15.
48. Arima K, Hashimoto D, Okabe H, Inoue R, Kaida T, Higashi T, et al.
Intraoperative blood loss is not a predictor of prognosis for pancreatic cancer.
Surgery today. 2016; 46: 792-7.
49. Aoyama T, Murakawa M, Kazama K, Kanazawa A, Satoyoshi T, Atsumi Y, et
al. [Safety and Feasibility of Pancreatic Surgery for Pancreatic Cancer in
Elderly Patients]. Gan to kagaku ryoho Cancer & chemotherapy. 2016; 43:
1521-2.

http://www.ijbs.com

