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Abstract

Background: Most often, the patients with pancreatic diseases are presented with a mass in pancreatic head region
and existing methods of diagnosis fail to confirm whether the head mass is malignant or benign. As subsequent man-
agement of the disease hugely depends on the correct diagnosis, we wanted to explore possible biomarkers which
could distinguish benign and malignant pancreatic head masses.

Methods: In order to address that gap, we performed a case—control study to identify genome-wide differentially
expressed coding and noncoding genes between pancreatic tissues collected from benign and malignant head
masses. These genes were next shortlisted using stringent criteria followed by selection of top malignancy specific
genes. They subsequently got validated by quantitative RT-PCR and also in other patient cohorts. Survival analysis and
ROC analysis were also performed.

Results: We identified 55 coding and 13 noncoding genes specific for malignant pancreatic head masses. Further
shortlisting and validation, however, resulted in 5 coding genes as part of malignancy specific multi-gene signature,
which was validated in three independent patient cohorts of 145 normal and 153 PDAC patients. We also found that
overexpression of these genes resulted in survival disadvantage in the patients and ROC analysis identified that com-
bination of 5 coding genes had the AUROC of 0.94, making them potential biomarker.

Conclusions: Our study identified a multi-gene signature comprising of 5 coding genes (CDCA7Z, DLGAPS, FOXM]1,
TPX2 and OSBPL3) to distinguish malignant head masses from benign ones.
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Background

Pancreatic cancer is one of the most aggressive forms of
cancers, with 5-year survival as low as 7 per cent. Chronic
pancreatitis (CP) is considered as a major risk factor for
pancreatic cancer. In about 30-75% of CP cases, a benign
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inflammatory mass is formed in pancreatic head region
which is very much similar to malignant pancreatic head
mass which occurs in about 65-70% of PC [1]. Jaundice,
gastric outlet obstruction, weight loss, back-ache are
symptoms common to both. Diagnosis is difficult even
during the surgery as features like hard mass, vascular
invasion are present in both the cases. Distinguishing
benign and malignant head mass based on their clinical
and imaging features is very challenging but necessary
as they have very different treatment and management
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strategies. Misdiagnosis of benign head mass as malig-
nant head mass will result in unnecessary surgical treat-
ment and misdiagnosis of malignant head mass as benign
head mass could result in unnecessary delay in required
treatment. In doubtful situations radical approach is used
and pancreaticoduodenectomy is performed. The situ-
ation further worsens in regions where tropical calcific
pancreatitis (TCP) is more common. Pancreaticoduo-
denectomy in those patients is associated with very high
post-operative morbidity as the patients are nutrition-
ally deficient due to exocrine and endocrine insufficiency
[2, 3]. So, the need of distinction between benign and
malignant is even more pronounced in tropical country
like India. It has been shown that integration of dynamic
contrast-enhanced CT scan, MRI and "*F-FDG-PET/CT
imaging methods could be used for differential diagno-
sis of benign and malignant head mass, but evidences
are still not strong enough [4]. Platelet-Lymphocyte ratio
(PLR) along with CA19-9 has been shown to address the
issue to some extent but they have their own limitations
[5-7].

Hence, there is an urgent need for the identification
of some other parameter or method which could distin-
guish between the two types of head masses confirma-
tively. There are also studies looking into the proteome
profile of pancreatic cancer and pancreatitis but with not
much success [8, 9]. Analysis of transcriptome has also
been used to distinguish benign and malignant lesions in
other cancers [10, 11], but such studies directly address-
ing issues with benign and malignant pancreatic head
masses are lacking. The importance of transcriptome
analysis is that the investigation of identified DEGs not
only helps us to derive and validate potential signatures
specific for diagnosis of a disease condition but also help
to understand the biology as well.

In this study, we performed gene expression analysis
between benign and malignant pancreatic head masses
and identified differentially expressed mRNAs and non-
coding RNAs. In the next step, a small set of markers was
carefully shortlisted and validated by qRT-PCR. Addi-
tionally, their expression was checked in TCGA pancre-
atic cancer datasets and other publicly available datasets
and our findings were consistently replicated. Finally we
performed ROC analysis and were able to propose a 5
gene signature that can effectively distinguish malignant
pancreatic head masses from benign.

Methods

Sample collection

Tissue samples were collected from patients undergo-
ing surgery at IPGME&R, Kolkata, RG Kar Medical Col-
lege and Hospital, Kolkata and Chittaranjan National
Cancer Institute, Kolkata for benign pancreatic disease
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condition i.e. chronic pancreatitis as well as for malig-
nant pancreatic disease condition i.e. pancreatic cancer.
Additionally, adjacent normal pancreatic tissue samples
were also collected and all tissue samples were stored in
RNA-Later. All the tissues were collected while perform-
ing the surgery after careful investigation of the head
mass. Histopathological examination by expert patholo-
gists confirmed whether they were malignant or benign
in nature. For the present discovery set investigation, 9
normal, 6 CP and 11 PC samples were selected and 9 CP
and 9 PC samples were selected for validation. Relevant
patient information has been given in Additional file 1:
Table S1.

RNA extraction

About 20 mg of tissue sections were taken for each
samples and total RNA was extracted according to the
instructions mentioned in the manual of All-Prep DNA/
RNA/ miRNA isolation kit from Qiagen (catalog number:
80224). Quantification was done using multi-channel
spectrophotometer (Model number: ND 8000, Thermo
Fisher Scientific). Quality of RNA was checked by dena-
turing agarose gel electrophoresis for characteristic RNA
bands.

Microarray

Gene expression profiling was done by microarray using
Affymetrix human transcriptome array 2.0 (HTA 2.0)
platform, which consists of probes for both coding and
non-coding genes. cDNA was prepared from~10 pg
of RNA, biotinylated according to standard Affymetrix
protocol and then hybridized onto Affymetrix HTA 2.0
Arrays for overnight in the hybridization oven and then
the array chips were washed and stained in the Affym-
etrix Fluidics Station 450. GeneChips were scanned using
the Affymetrix GeneChip® Scanner 3000 7G and raw
files were obtained as CEL files.

Data acquisition and pre-processing

Raw data were obtained as CEL files which were further
pre-processed before calculating differential expression.
The raw data were first read into R as an affybatch object
and an expression set is created as an expression set
object. An expression set object is created from affybatch
object and then pre-processed for background correc-
tion, normalization, probe summarization. Background
correction and probe summarization was done by using
“Oligo” package of R Bioconductor [12]. Normalization
was done by ‘Invariant Set Method’ using “aftyPLM”
package of R [13]. In this method of normalization, a set
of genes whose expression is consistent in all the samples
were identified and based on those expression values, the
expression values of other genes were adjusted in each
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sample. The raw and processed data have been submitted
to GEO (GSE143754).

Quality control analysis

The quality of array was checked using “array-Quality-
Metrics” package in R [14]. It has four parameters for
checking the quality, as follows: (a) between array com-
parisons: The difference between the arrays was checked
using principal component analysis and distance between
individual arrays (Additional file 2: Figure S1). (b) Array
intensity distributions: These were checked by boxplots
and density plots (Additional file 3: Figure S2). (c) Vari-
ance mean dependence: It was checked by plotting a
graph between standard deviations in y-axis versus rank
of mean of intensities in x-axis (Additional file 4: Figure
S3). (d) Individual array quality: They were checked by
plotting MA plots (Additional file 5: Figure S4).

Differential expression

The differential expression between study groups was
calculated using the “limma” package of Bioconductor
after removing non-specific probes [15]. Model matrix
was designed based on the study groups. The expression
was fitted onto a linear model and then contrasts were
generated. Empirical Bayes moderation of the standard
errors was performed for computing moderated t-statis-
tics and detection of differential expression. The p-values
obtained were further corrected for multiple testing by
Benjamini—Hoechberg method [16]. Adjusted p-value
of 0.05 and absolute fold change of 2<FC>-2 was then
imposed to identify the differentially expressed genes.
DEGs from different groups were compared using Venny
2.1 [17].

Annotation of genes

Genes were annotated to KEGG and Reactome pathways,
OMIM and GAD diseases, GO terms and UniProt key-
words using DAVID functional annotation tool [18].

Validation of genes

The expression of genes was validated by quantitative
RT-PCR using PMM1 as housekeeping gene (expression
level of GAPDH was found to be altered in our results).
The primer sequences are given in Additional file 6:
Table S2. The experiment was carried out in Applied Bio-
system Step One Plus Instrument using Luna Universal
One-Step RT-qPCR Kit (Catalog number: E3005X) from
New England Biolabs, USA; following manufacturer’s
instructions. Unpaired t-test was performed for sta-
tistical significance. Gene expression was further vali-
dated in pancreatic adenocarcinoma (PAAD) dataset of
TCGA data using the web-tool GEPIA [19]. Moreover, a
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meta-analysis was done to identify differential expression
status of the selected genes. The normalized data from
GSE62452, GSE15471 and GSE28735 were combined to
form a single expression set and batch effects were cor-
rected using comBat function of “sva” package in R [20].
Differential expression was calculated using “limma”
package of Bioconductor [15]. Log2 transformed data
was used to calculate fold change or relative expression
between benign and malignant groups. The character-
istics of each dataset are described in Additional file 7:
Table S3. Lastly, we have used a fresh set of 9 benign and
9 malignant pancreatic head mass tissues and validated
the gene signature in them by quantitative RT-PCR. The
overall plan has been shown in Fig. 1.

Survival analysis

Survival analyses were done in PAAD dataset of TCGA
data using the web-tool GEPIA [19]. Kaplan—Meier sur-
vival curves were plotted for the 178 pancreatic cancer
samples were divided into two groups based on high and
low expression of the genes respectively. Then log rank
test was done to compare both the curves. Hazard ratio
was also calculated to find out the difference between
high expression group and low expression group. A
p-value of less than 0.05 was considered significant for
both log rank test and hazard ratio.

ROC Analysis
GSE62452, GSE28735 and GSE15471 were used as vali-
dation cohort for ROC analysis in multiple levels.

a. Level 1: Here, ROC curve was generated and sensi-
tivity, specificity and AUROC were calculated for
each gene in each of the three datasets. This was
done using “ROCR” package in R [21].

b. Level 2: A single ROC curve for each gene in the
merged dataset was generated as in ‘Level 1

c. Level 3: In order to evaluate the combined biomarker
potential of the genes, a ROC curve was generated
after combining the genes by linear modeling in a
cross validation approach. The detail steps are as fol-
lows:

Correlation of genes in merged datasets: Gene expres-
sion correlation was checked for the five selected coding
genes by using “Hmisc” and “corrplot” package of ‘R’ [22].

Data partitioning: Then the combined data was parti-
tioned into ‘training set’ with 70% of the samples and ‘test
set’ with remaining 30% of the samples. Thus, ‘training
set’ was created with 107 PC samples and 104 normal
samples and ‘test set’ were created with 46 PC samples
and 41 normal samples. Data partitioning was done using
“caret” package of R [23].
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Fig. 1 Schematic flowchart showing the study design followed in this study

LASSO regression model: After data partitioning, a
10-fold cross validation approach was taken to generate a
Lasso regression model from the training set using all the
5 genes and their interaction terms and predictions were
made on the test set. This was done using the R package
“glmnet” [24]. Then sensitivity, specificity and AUROC
was calculated from the predictions using “ROCR” pack-
age in R [21]. The overall plan has been shown in details
in Additional file 8: Figure S5.

Results:

Our primary objective was to distinguish benign and
malignant pancreatic head masses. We chose to explore
key transcriptomic alterations and focused on both
coding and long noncoding RNA expression changes.
It is established fact that SNPs modulate gene expres-
sion due to their variation in different populations
[25] and we don’t have much information regarding
genetic alteration of PDAC patients in India. Therefore,
instead of combining our results with other published
reports and do a meta-analysis, we decided to validate

the findings of our patients in TCGA data and other
expression datasets to assess their importance. Subse-
quent to identification of differentially expressed genes
and adequate statistical testing, we selected malignancy
specific genes which do not alter between normal and
CP but changes in PC. Resulting 55 coding and 13
noncoding genes were further validated by qRT-PCR,
in TCGA dataset and three other datasets from GEO.
Survival analysis was performed and their biomarker
potential was also investigated.

Identification of differentially expressed genes

To distinguish benign and malignant pancreatic head
masses, we chose to explore their transcriptomic pro-
files via microarray analysis. Total RNA was isolated
from surgically resected head mass tissues and gene
expression patterns of both coding and noncoding RNAs
were analysed in three study groups of 9 normal (N), 6
chronic pancreatitis (CP) and 11 pancreatic ductal ade-
nocarcinoma (PC) patients. After comparison between
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themselves, three differential gene expression patterns
were obtained as described below:

+ CP vs N: In this comparison 7 upregulated and 181
downregulated coding genes were obtained. Along
with that we also obtained 148 upregulated and 11
downregulated non-coding genes.

+ PC vs N: Similarly we obtained 367 upregulated
and 249 downregulated coding genes, along with 40
upregulated and 75 non-coding genes in this com-
parison.

+ PCvs CP: We got 894 upregulated and 124 downreg-
ulated coding genes along with 47 upregulated and
475 downregulated non-coding genes in this com-
parison.in this comparison.

While heat maps demonstrate the expression status of
different genes between two groups, volcano plots show
the fold change along with their significance. Additional
file 9: Figure S6; panel A, B and C shows volcano plots
corresponding to the coding genes compared between
three groups while Additional file 9: Figure S6; panel
D, E and F shows the respective heat maps. Similarly,
Additional file 10: Figure S7; panel A, B and C and Addi-
tional file 10: Figure S7; panel D, E and F shows the vol-
cano plots and heat maps for noncoding gene expression
comparisons. The lists of differentially expressed genes
(both coding and noncoding) resulting from these three
comparisons are given as Additional file 11: Table S4,
Additional file 12: Table S5, Additional file 13: Table S6,
Additional file 14: Table S7, Additional file 15: Table S8
and Additional file 16: Table S9.

Identification of malignancy specific gene
signature

For a gene to be specific for malignancy, its expres-
sion should be unaltered in ‘normal’ (N) and ‘chronic
pancreatitis’ (CP) samples as both are benign condi-
tion and deregulated in ‘pancreatic cancer’ (PC) i.e. in
malignant condition. In other words, a gene specific
for malignancy should not be differentially regulated
in CP vs. N comparison but significantly deregulated
in PC vs. N and PC vs. CP comparisons. The g-value
and fold-change criteria used for this selection is shown
in Fig. 2, panel a. Here q-value refers to fdr (false dis-
covery rate) corrected p-value. The criteria was chosen
such that top genes specific for malignancy are selected.
The first criterion was to select the gene whose expres-
sion was not altered in CP as compared to N, both of
them being benign conditions. So a q-value >0.95 was
used to select such genes. The second criterion was to
select the gene whose expression is altered in PC as
compared to CP. Using both the criteria we identified
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55 coding and 13 non-coding genes as shown in Fig. 2,
panel b. The complete list of the malignancy specific
genes is shown in Table 1. Further short-listing of both
the coding and noncoding genes were made based on
their consistent expression in all the cases as compared
to controls and also based on previous reports of the
same in solid tumours, as shown in Additional file 17:
Figure S8.

Annotation of genes

Once we have the differentially expressed genes iden-
tified, it is very important to know what is their func-
tional importance and what are the major biological
pathways they alter or what are the diseases they are
associated with. Malignancy specific genes annotated
to KEGG and Reactome pathways and GAD diseases,
GO terms and UniProt keywords. We found that these
genes contributed to various pathways including Cell
cycle, pancreatic secretion, cytokine-cytokine recep-
tor interaction, chemokine signaling, metabolic path-
ways and signaling pathways like p53 signaling pathway,
PI3K-Akt signaling pathway, FoxO signaling pathway
among the important ones. Furthermore, many of the
genes could also be annotated to diseases like can-
cer, immunity-related diseases, aging and metabolic
diseases according to Genetic Association Database
(GAD) [26]. The detailed results could be found in
Additional file 18: Table S10.

Evaluation of the gene expression status in Global
dataset of PDAC

We selected 7 top hits from both coding and noncoding
malignancy specific genes (Additional file 17: Figure S8)
and initially performed the cross-platform evaluation
by testing their expression by quantitative RT-PCR. We
could confirm expression of 6 coding genes and 5 non-
coding genes as shown in Fig. 3. The qRT-PCR results
corroborated with the microarray results and confirmed
significant deregulation of those genes as seen in high-
throughput studies (panel b). Furthermore, we also
wanted to test the nature of expression of these genes in
TCGA data. We followed the GEPIA web-tool and found
all of our selected coding genes were also significantly
altered in same direction in the TCGA pancreatic cancer
samples (panel c). They might not be top hits in that pop-
ulation, but their similar deregulation supports that what
we have found must be important in disease context.
However, we couldn’t validate three of the noncoding
genes in TCGA dataset as it didn’t have expression infor-
mation for them. They got validated only by qRT-PCR
(panel g). Additionally, the expression status of these 6
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coding genes was also checked in the combined data gen-
erated from GSE62452, GSE28735 and GSE15471 (shown
in Additional file 7: Table S3). All the 6 genes were found
to be significant with adjusted p-value <0.05 (Fig. 3d).

Survival Analysis

It is apparent that a gene important for oncogenesis,
especially, if involved in metastasis, will have its direct
influence on patient survival. We wanted to assess
whether our malignancy specific coding and noncoding
gene signatures are also responsible for poor-progno-
sis. Survival analysis was done for them in 178 samples
of PAAD dataset from TCGA using GEPIA to identify
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Table 1 List of the malignancy specific genes identified in this study

Coding genes up-regulated in malignancy

NQOT, SERPINBS, CLRN3, ACSL5, CENPE, LGRS, SLC6A 14, TPX2, SLC5AT, SMIM24, NDC80, FAM 1118, ASPM, FAM72D, CDCA7, VSIG1, DLGAPS, GUCY2C, B2M,
CKAP2, C170rf78, CYP2C18, POSTN, SLC44A4, CCNB2, OTC, LRRC66, CCL24, GDA, OSBPL3, SEMA3C, CDC6, TMC7, KIF4A, MYOAT, FOXM1, MYOF, GPA33, ABCG2,
IL2RG, LAMAS3, PLEKHA2, C6orf47, RAD51AP1, ANO1, ADAM28, NAPEPLD, HPGD, KIAA1551, GBP1, MED27

Coding Genes Down-regulated in malignancy:

CPAT, REGI1B, C7, SPP1

Non-coding Genes Up-regulated in malignancy:

SAMD12-AS1, LINC00263, LINC00294, RCN1P2, MCTS2F, LINCO1133
Non-coding Genes Down-regulated in malignancy:

SNORD116-1, SNORD116-3, SNORD116-5, SNORD116-29, SNORD115-15, LOC100506281, SNORA76C

the total survival estimates. Statistically significant dif-
ference was observed in Kaplan—Meier plots between
higher expression group and lower expression group
for DLGAPS, FOXM1, KIF4A and TPX2, where higher
expression of these genes shows poor prognosis and
overall survival disadvantage as shown in Fig. 4. We have
also performed the disease-free survival analysis and the
results are similar (data not shown). In other words, these
genes seem not only to be important for distinguishing
pancreatic malignancy from benign conditions but also
important for prognosis of the disease. However, we
could only perform the analysis using two of the selected
noncoding genes (SAMDI12-AS1 and MCTS2P) and both
of them didn’t show any significant survival advantage. As
mentioned before, because of the unavailability of expres-
sion information in TCGA dataset, we couldn’t perform
the survival analysis for LOC100506281, SNORD116-1
and SNORD115-15.

Validation of our results in a new Pancreatic Head
Mass Cohort

Initial validation of the six coding gene signature using
global gene expression datasets like TCGA and GEO
confirmed that these genes are significantly deregulated
in pancreatic tumour tissues from patients all over the
world. However, it is known that around 65-70% of all
the malignancy in pancreas is anatomically located in
‘pancreas head’ [27]. Hence, validation of our multi-gene
signature in global pancreatic cancer datasets might not
accurately reflect their expression status in malignant
pancreatic head masses. Therefore, to have a more con-
clusive picture, we further took a fresh set of 9 benign
and 9 malignant pancreatic head mass tissue samples
and checked the expression of all these genes in them by
quantitative RT-PCR. We found that five among the six
genes (DLGAPS, CDCA7, FOXM1, TPX2, and OSBPL3)
were still significantly upregulated in malignant pan-
creatic head masses (Fig. 5a—e). KIF4A couldn’t survive
the validation analysis. The finding clearly confirms the

candidature of those five genes to be tested for their bio-
marker potential for detection of malignant pancreatic
head masses.

ROC Analysis

Finally, we planned to perform the ROC analysis to
assess the biomarker potential of the validated coding
gene signatures for pancreatic malignancy using datasets
GSE62452, GSE28735 and GSE15471. As described in
Additional file 8: Figure S5, we followed rigorous analysis
methods. Firstly, analysis was done individually for each
gene in each of the three dataset (Table 2). Secondly, we
combined these three datasets and analyzed the AUROC
of each of the genes in the combined or merged dataset
and found that values for the all the genes were quite
impressive. Next, in order to find out the combinato-
rial effect of the genes, we first looked at correlation of
their respective expression pattern in the merged dataset
and found that the genes had varied degree of correla-
tions among themselves. Expression of DLGAPS5, FOXM1
and TPX2 emerged to be as most correlated (Additional
file 19: Figure S9). In order to improve the results further,
all the five genes were combined and the analysis was
repeated in the merged dataset. The diagnostic poten-
tial of multi-gene biomarker was found to be better than
individual gene biomarkers with AUROC of 0.94, 84.78%
sensitivity and 90.24% specificity. Detailed result is given
in Table 2 and Fig. 6 shows the AUROC plots for all the
genes in the merged dataset.

Discussion:

In majority of the cases the inflammatory mass result-
ing from chronic pancreatitis occurs in the head region
of the pancreas. On the other hand, malignant pancreatic
head masses are also predominant in the pancreatic head.
Hence, it is a diagnostic dilemma for the clinicians when
a patient comes to the clinic with a pancreatic head mass,
whether the mass is benign or malignant. We wanted to
identify potential biomarkers capable of distinguishing
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Fig. 4 Survival analysis: The survival plots with Kaplan—Meier curves for the selected coding genes as mentioned

these two types of masses and set out to explore the tran-
scriptome profile between them. We didn't restrict our
investigation to coding genes but focused on both coding
and noncoding genes together and our differential gene
expression analysis identified relevant alterations for
each of the three pairs of groups compared (Additional
file 9: Figure S6 and Additional file 10: Figure S7). Further
analysis of malignancy specific gene expression pattern
identified a set of 55 coding and 13 noncoding genes dif-
ferentially expressed in malignant head masses as com-
pared to benign ones (Table 1). As described in ‘Results’
section corresponding to Fig. 2, we focused our analysis
to identify genes which are unaltered in normal pancreas
and benign head mass both, but significantly changed
in malignant conditions. This list included both up and
down regulated genes and could be a good starting point
to explore their functions and importance as potential
diagnostic marker. We further explored the functional
annotations of these deregulated genes and found their
involvement in major biological pathways as well as could
connect their expression alterations to specific diseases
like cancer among others. The finding, as detailed in

Additional file 18: Table S10, supports the importance of
the DEGs we identified in pancreatic carcinogenesis.

Next, we rearranged the list to find out the genes which
are mostly altered in all of our samples and concentrated
on the top hits among them. Thus, 7 coding and 7 non-
coding genes were selected for subsequent validation. We
performed cross-platform validations by qRT-PCR and
could validate 6 coding and 5 noncoding genes and sub-
sequently checking their expression in TCGA and GEO
datasets confirm similar finding in patients belonging to
other populations.

Incidentally, all of these six genes were found to be
upregulated and was reported as promoters of tumouri-
genesis. However, there are no reports of CDCA7 and
KIF4A of their involvement in PDAC. CDCA?7 is cell
division cycle associated protein-7 which is a ¢-MYC
responsive gene and its role in ¢-MYC dependent
tumourigenesis has been established by several stud-
ies [28, 29], while KIF4A is a member of kinesis fam-
ily known to be a predictor and prognostic marker for
hepatocellular carcinoma, oral and colorectal cancer
[30-32]. We report here for the first time involvement of
CDCA7 and KIF4A in PDAC. On the other hand, there
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are multiple reports showing TPX2 and FOXMI being
involved in development and progression of PDAC [33—
36]. TPX2 is microtubule nucleation factor while FOXM I
is a member of Forkhead box transcription activator
proteins involved in cell proliferation. DLGAPS is DLG
associated protein 5, thought to play multiple roles in
carcinogenesis and has been established as a promising

early detection biomarker for lung adenocarcinoma and
bladder cancer [37-39]. Interestingly, one bioinformatics
study has also identified DLGAPS as a progression bio-
marker for PDAC, which, in turn, supports our finding
[33]. The last one is OSBPL3, oxysterol binding protein
like-3, involved in cell adhesion and organization of actin
cytoskeleton. The important fact about this gene is that it
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Table 2 ROC parameters
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Gene Parameters GSE15471 GSE28735 GSE62452 Merged Dataset
CDCA7 Sensitivity 0.769 0.689 0812 0673
Specificity 0.667 0.822 0.639 0.703
AUROC 0.736 0.79 0.747 0.722
DLGAPS Sensitivity 0.769 0.889 0.87 0.804
Specificity 0.692 0.756 0.721 0.731
AUROC 0.779 0.842 0.83 0814
FOXM1 Sensitivity 0.821 0.778 0.681 0.712
Specificity 0.641 0.756 0.738 0.724
AUROC 0.721 0.817 0.764 0.768
OSBPL3 Sensitivity 0.769 0.844 0.783 0.804
Specificity 0.744 0.778 0.803 0.759
AUROC 0.87 0.856 0.852 0.857
TPX2 Sensitivity 0.718 0.844 0.826 0.771
Specificity 0.744 0.844 0.754 0.786
AUROC 0.743 0.850 0.837 0818
CDCA7+DLGAP5 + FOXM Sensitivity - - - 0.847
1+ TPX2 4 OSBPL3 Specificity _ _ _ 0.902
AUROC - - - 0.942

This table shows the ROC parameters for the selected genes individually in each datasets, merged dataset as well as all genes combined in merged dataset

has emerged as one of the novel predictive biomarker for
PDAC in an integrative gene expression profiling analysis,
further endorsing our results [40]. In case of noncoding
genes, we didn’t find much information from published
literature. Among the two upregulated noncoding genes,
the most important is SAMDI2-AS1, known to promote
malignant progression in glioma and high-risk neuro-
blastoma [41, 42]. We are the first to report the possible
involvement of this long noncoding RNA in pancreatic
malignancy. The other upregulated noncoding gene is
MCTS2P, which is a pseudogene for MCTS1, a criti-
cal cell cycle regulator. No available information is there
regarding contribution of this long noncoding RNA in
cancer. With respect to the down regulated noncod-
ing genes, we report LOC100506281, SNORD116-1 and
SNORD115-15 found to be down regulated for the first
time in PDAC. Interestingly enough, LOCI100506281,
another long noncoding RNA, has not been associ-
ated with any pancreatic disease before. However, it has
been reported as hugely overexpressed in normal pan-
creas [43]. Therefore, our observation of its down regu-
lation in PDAC could be necessary for tumourigenesis
and would really be worth exploring for further details.
Similarly, snoRNAs SNORD115 and SNORD116 are con-
sidered to be orphan C/D box snoRNAs and reported
to alter expression of multiple genes [44]. Members of
these families of RNAs have been found to be involved
in tumourigenesis and loss of these gene clusters has also
been linked with other diseases [45, 46]. SNORD116 gene

cluster has also been found to be important for devel-
opment of pancreas. Thus, detailed exploration of pub-
lished reports on our top selected genes shows that we
have found some new players both in terms of coding
and noncoding genes, significantly altered in our patients
with malignant head mass. This further supports our ini-
tial hypothesis that there could be population specific
differences in gene expression. Furthermore, the higher
expression of our upregulated genes demonstrated poor
survival of the patients (Fig. 4) and DLGAPS5, FOXM],
KIF4A and TPX2 emerged having significant survival dis-
advantages when overexpressed, indicating their possible
involvement in poor-prognosis. However, establishment
of this fact needs further investigation. Unfortunately, we
couldn’t perform similar analysis for the noncoding genes
as the expression information of those genes were not
available in that database.

We have increased the stringency of selection criteria
of the genes by another level considering the fact that
validation in TCGA or GEO datasets of pancreatic can-
cer might not exactly reflect the true scenario as results
from malignant head masses constitute a fraction in
them. Hence we further validated expression of those 6
coding genes in additional 9 benign and 9 malignant pan-
creatic head mass tissue samples and DLGAPS, FOXM1,
CDCA7, TPX2 and OSBPL3 showed similar expression
pattern. Finally, we performed the ROC analysis at mul-
tiple levels (Fig. 6) using the individual genes where all
of them had impressive AUROC values (Table 2). The
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Fig. 6 ROC Analyses: a—e ROC plots for the selected coding genes individually and f ROC plot of the combined genes

obvious approach at this point was to evaluate whether
the combined multi-gene signature could perform better
and we found the plot to have AUROC of 0.942, clearly
having diagnostic edge over any of the single genes. In
this context, it will be important to mention that CA19-9
has been used clinically for the diagnosis of Pancreatic
Cancer. In various systematic reviews, it has been found
that the sensitivity of CA19-9 is in the range of 78-81%
and specificity is in the range of 80-85% [47-49]. The
combined sensitivity and specificity we are getting is bet-
ter than CA19-9 alone. However, we couldn’t evaluate

CA19-9 in combination with the five-gene signature as
none of these datasets had relevant CA19-9 information
for the patients.

Conclusions:

Therefore, considering the importance of diagnos-
tic dilemma related to the nature of pancreatic head
mass, here we have first identified a set of differen-
tially expressed coding and noncoding genes between
benign and malignant pancreatic head masses. Next,
we validated the top deregulated genes by qRT-PCR
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in separate validation cohort and glso in TCGA and (") itional file 13: Table S6. Coding DEGs-PC vs. CP: This table shows the
GEO datasets and reported a multi-gene signature of list of coding DEGs in Pancreatic cancer tissues as compared to Chronic
5 coding genes (CDCA7, DLGAPS, FOXM1I1, TPX2 and Pancreatitis tissues

OSBPL3) capable of acting as potential biomarker to Additional file 14: Table S7. Non-Coding DEGs-PC vs. N: This table shows
distinguish malignant pancreatic head masses from the list of non-coding DEGs in Pancreatic cancer tissues as compared to

. Normal tissues
benign ones.
Additional file 15: Table S8. Non-Coding DEGs-CP vs. N: This table shows

the list of non-coding DEGs in Chronic Pancreatitis tissues as compared to

Supplementary information Normal tissues
Supplementary information accompanies this paper at https://doi. Additional file 16: Table $9. Non-Coding DEGs-PC vs. CP: This table
0rg/10.1186/512967-020-02597-1. shows the list of non-coding DEGs in Pancreatic cancer tissues as com-
pared to Chronic Pancreatitis tissues
Additional file 1: Table S1. Patient characteristics: This table shows the Additional file 17: Figure S8. Selection of top malignancy specific genes:
patients characteristics for the samples used in this study A schematic flow chart showing the selection of top malignancy specific

enes from all the identified malignancy specific genes
Additional file 2: Figure S1. Array quality metrics-Between array com- g 9 ysp g

parisons: This figure shows between-array comparisons. (A) shows the dis- Additional file 18: Table S10. Functional Annotation of genes: This table
tance between arrays and (B) shows Principal Component analysis (PCA). shows the functional annotation of malignancy specific genes.
Additional file 3: Figure S2. Array quality metrics-Array intensity distribu- Additional file 19: Figure S9. Correlation of genes: This figure shows cor-
tions: This figure shows the array intensities in (A) boxplots and (B) density relation plot for the selected genes in the merged dataset.

plots

Additional file 4: Figure S3. Array quality metrics-Variance Mean
dependence: This figure shows the Variance Mean dependence of the
arrays, where the red line connect the medians of each probe in the

Abbreviations
PC: Pancreatic cancer; CP: Chronic pancreatitis; TCP: Tropical calcific pancreati-
tis; CT: Computed tomography; MRI: Magnetic resonance imaging; F-FDG-PET:

arrays. Fluorodeoxyglucose (18F)-positron emission tomography; PLR: Platelet-lym-
Additional file 5: Figure S4. Array quality metrics-Individual array qual- phocyte ratio; CA 19-9: Carbohydrate antigen 19-9; DEGs: Differently regulated
ity: This figure shows the MA plots where, M=log 2 (I;)- log 2 (I,) and genes; RT-PCR: Reverse transcriptase PCR; TCGA: The Cancer Genome Atlas;
A=1/2(log 2 (I;)+log 2 (1,)). I, represents intensity of array studied and ROC: Receiver operating characteristics; GEO: Gene Expression Omnibus;

I, represents intensity of pseudo array containing median of intensities of KEGG: Kyoto Encyclopedia of Genes and Genomes; GO: Gene ontology; GAD:
all arrays. Hoeffding's statistic D, was calculated to detect outlier. The top Genetic association database; DAVID: Database for annotation, visualiza-

panel of figure shows 4 arrays with the highest values of D, and the bot- tion and integrated discovery; GEPIA: Gene expression profiling integrative
tom panel show 4 arrays with the lowest values of D, analysis; PMM1: Phosphomannomutase 1; PAAD: Pancreatic adenocarcinoma;

AUROC: Area under ROC; LASSO: Least absolute shrinkage and selection

Additional file 6: Table S2. List of the primers used for qRT-PCR in this operator; KRAS: Kirsten RAS; PDAC: Pancreatic Ductal Adeno Carcinoma; N:

study. Normal; DLGAPS5: DLG associated protein 5; FOXM1: Forkhead box M1; KIF4A:
Additional file 7: Table S3. Dataset description: This table shows the Kinesin Family Member 4A; TPX2: Targeting protein for Xklp2; CDCA7: Cell
description of datasets used in this study. division cycle associated 7; OSBPL3: Oxysterol binding protein like 3; SAMD12-

AS1: SAMD12 Antisense RNA 1; MCTS2P: Malignant T cell amplified sequence
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for the selected coding genes.

Additional file 9: Figure S6. Differential expression in coding genes: Vol- Acknowledgements

cano plots, where the differentially expressed coding genes with adjusted Not applicable

p-value <0.05 and (-2) >fold change > [2] are shown for each of the three

comparison (A) Chronic Pancreatitis vs. Normal Tissue (CP vs. N) (B) Pan- Authors’ contributions

creatic cancer vs. Normal tissue (PC vs. N) (C) Pancreatic cancer vs. Chronic BC carried out the molecular genetic studies, along with transcriptome
Pancreatitis (PC vs. CP). Heat maps, where the expression of coding genes analysis, meta-analysis and also helped in manuscript drafting. MM performed
are shown in cases and control for each of the three comparison (E) Chronic specific portions of the transcriptome analysis and carried out the validation
Pancreatitis vs. Normal Tissue (CP vs. N) (E) Pancreatic cancer vs. Normal tis- studies. BS helped with specific portions of data curation. SG conceptual-

sue (PCvs. N) (F) Pancreatic cancer vs. Chronic Pancreatitis (PC vs. CP) ized, designed and supervised the study and drafted the manuscript. SR, SL,

SH, IG, SK'and KD also helped in finalizing the study design and drafting the
manuscript apart from executing the clinical components of the study. SB and
SKM especially contributed to the transcriptome data analysis and statistical
analysis part apart from helping in the overall study design and drafting of
the manuscript. All authors read and approved the conception and design or
acquisition of data or analysis and interpretation of data. They have also been
involved in drafting the manuscript or revising it critically for important intel-
lectual content. All authors read and approved the final manuscript.

Additional file 10: Figure S7. Differential expression in noncoding genes:
Volcano plots, where the differentially expressed noncoding genes with
adjusted p-value <0.05 and (-2) > fold change > [2] are shown for each of
the three comparison (A) Chronic Pancreatitis vs. Normal Tissue (CP vs.

N) (B) Pancreatic cancer vs. Normal tissue (PC vs. N) (C) Pancreatic cancer
vs. Chronic Pancreatitis (PC vs. CP). Heat maps, where the expression

of coding genes are shown in cases and control for each of the three
comparison (E) Chronic Pancreatitis vs. Normal Tissue (CP vs. N) (E) Pan-
creatic cancer vs. Normal tissue (PC vs. N) (F) Pancreatic cancer vs. Chronic

Pancreatitis (PC vs. CP) Funding . .

The study has been supported by funding from Department of Biotechnol-
Additional file 11: Table S4. Coding DEGs-PC vs. N: This table shows the ogy, Government of India (Grant no.: 6242-10/RGCB/PMD/DBT/SKGS/2015 to
list of coding DEGs in Pancreatic cancer tissues as compared to Normal Srikanta Goswami). BC, MM and BS received fellowship from Department of
tissues Biotechnology, University Grants Commission and Council for Scientific and
Additional file 12: Table S5. Coding DEGs-CP vs. N: This table shows the Industrial Research, Government of India, respectively.

list of coding DEGs in Chronic Pancreatitis tissues as compared to Normal
tissues



https://doi.org/10.1186/s12967-020-02597-1
https://doi.org/10.1186/s12967-020-02597-1

Chhatriya et al. J Trans| Med (2020) 18:420

The funding body has approved the design of the study by Dr. Srikanta Gos-
wami. However, it had no role in collection, analysis, and interpretation of data
and in writing the manuscript.

Availability of data and materials
The raw and processed data generated during the current study has been
submitted to GEO (GSE143754).

Ethics approval and consent to participate

The study has been approved by Institutional Ethics Committee of National
Institute of Biomedical Genomics, Kalyani, West Bengal, India, Institute of Post
Graduate Medical Education & Research, Kolkata, West Bengal, India, R G Kar
Medical College and Hospital, Kolkata, West Bengal, India and Chittaranjan
National Cancer Institute, Kolkata, West Bengal, India. Appropriate prior written
informed consent from the study participants have been taken following the
guidelines of the Ethics committees and in an approved format. We also do
not intend to publish individual patient data in the form of images, videos,
voice recordings etc. The study does not involve any animals.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

! National Institute of Biomedical Genomics, PO N.S.S, Kalyani 741251, West
Bengal, India. 2 School of Digestive and Liver Diseases, Institute of Post Gradu-
ate Medical Education and Research, Kolkata, West Bengal, India. > Department
of Surgery, R G Kar Medical College and Hospital, Kolkata, West Bengal, India.

# Chittaranjan National Cancer Institute, Kolkata, West Bengal, India.

Received: 18 May 2020 Accepted: 29 October 2020
Published online: 07 November 2020

References

1. Perumal S, Palaniappan R, Pillai SA, Velayutham V, Sathyanesan J. Predic-
tors of malignancy in chronic calcific pancreatitis with head mass. World J
Gastrointest Surg. 2013;5(4):97-103 (Epub 2013/05/30).

2. Barman KK, Premalatha G, Mohan V. Tropical chronic pancreatitis. Post-
grad Med J. 2003;79(937):606-15 (Epub 2003/12/05).

3. Jayasingh S. Our experience with surgical treatment for tropical chronic
pancreatitis (TCP) in a tertiary care hospital in Odisha. Ann Int Med Dental
Res. 2017,3(3):9-11.

4. Ruan Z Jiao J, Min D, Qu J, Li J, Chen J, et al. Multi-modality imaging
features distinguish pancreatic carcinoma from mass-forming chronic
pancreatitis of the pancreatic head. Oncol Lett. 2018;15(6):9735-44 (Epub
2018/05/29).

5. Kakkat S, Rajan R, Sindhu RS, Natesh B, Raviram S. Comparison of platelet-
lymphocyte ratio and CA 19-9 in differentiating benign from malignant
head masses in patients with chronic pancreatitis. Indian J Gastroenterol.
2017,36(4):263-7 (Epub 2017/09/17).

6.  Rammohan A, Cherukuri SD, Palaniappan R, Perumal SK, Sathyanesan J,
Govindan M. Preoperative platelet-lymphocyte ratio augments CA 19-9
as a predictor of malignancy in chronic calcific pancreatitis. World J Surg.
2015;39(9):2323-8 (Epub 2015/04/29).

7. Miglani RK, Bhateja N, Bhat RS, Kumar KV. Diagnostic Role of Plate-
let lymphocyte Ratio(PLR) in pancreatic head masses. Indian J Surg.
2013;75(1):4-9 (Epub 2014/01/16).

8. Kunovsky L, Tesarikova P, Kala Z, Kroupa R, Kysela P, Dolina J, et al. The use
of biomarkers in early diagnostics of pancreatic cancer. Can J Gastroen-
terol Hepatol. 2018;2018:5389820 (Epub 2018/09/07).

9. Sanh N, Fadul H, Hussein N, Lyn-Cook BD, Hammons G, Ramos-Cardona
XE, et al. Proteomics profiling of pancreatic cancer and pancreatitis for
biomarkers discovery. J Cell Sci Therapy. 2018,9:4 (Epub 2018/01/01).

10. Gesthalter YB, Vick J, Steiling K, Spira A. Translating the transcriptome
into tools for the early detection and prevention of lung cancer. Thorax.
2015;70(5):476-81 (Epub 2015/01/30).

20.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

Page 14 of 15

. Prasad NB, Somervell H, Tufano RP, Dackiw AP, Marohn MR, Califano JA,

et al. Identification of genes differentially expressed in benign versus
malignant thyroid tumors. Clin Cancer Res. 2008;14(11):3327-37 (Epub
2008/06/04).

. Carvalho BS, Irizarry RA. A framework for oligonucleotide microarray

preprocessing. Bioinformatics. 2010;26(19):2363-7 (Epub 2010/08/07).

. Bolstad B. Low-level analysis of high-density oligonucleotide array data:

background, normalization and summarization. Berkeley: University of
California; 2004.

. Kauffmann A, Gentleman R, Huber W. arrayQualityMetrics—a bioconduc-

tor package for quality assessment of microarray data. Bioinformatics.
2009;25(3):415-6 (Epub 2008/12/25).

. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers dif-

ferential expression analyses for RNA-sequencing and microarray studies.
Nucleic acids Res. 2015;43(7):e47.

. Benjamini Y. Controlling the false discovery rate: a practical and powerful

approach to multiple testing. J R Stat Soc. 1995;57(1):289-300.

. JCO.VENNY. An interactive tool for comparing lists with Venn Diagrams.

https://www.bioinfogpcnbcsices/tools/venny/indexhtml. 2007.

. da Huang W, Sherman BT, Lempicki RA. Systematic and integrative analy-

sis of large gene lists using DAVID bioinformatics resources. Nat Protoc.
2009;4(1):44-57 (Epub 2009/01/10).

. Tang Z, Li C,Kang B, Gao G, Zhang Z. GEPIA: a web server for cancer and

normal gene expression profiling and interactive analyses. Nucleic Acids
Res. 2017;45(W1):W98-102 (Epub 2017/04/14).

Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for
removing batch effects and other unwanted variation in high-through-
put experiments. Bioinformatics. 2012,28(6):882-3 (Epub 2012/01/20).

. Sing T, Sander O, Beerenwinkel N, Lengauer T. ROCR: visualizing clas-

sifier performance in R. Bioinformatics. 2005;21(20):3940-1 (Epub
2005/08/13).

FE H. Hmisc: Harrell Miscellaneous. R package version 4.0-2. 2016.

Kuhn M. Building predictive models in R using the caret package. J Stat
Softw. 2008,28(5):1-26.

Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. J Stat Softw. 2010;33(1):1-22 (Epub
2010/09/03).

Pastinen T, Ge B, Hudson TJ. Influence of human genome polymorphism
on gene expression. Human molecular genetics. 2006;15:R9-16 (Epub
2006/05/03).

Becker KG, Barnes KC, Bright TJ, Wang SA. The genetic association data-
base. Nat Genet. 2004;36(5):431-2 (Epub 2004/05/01).

Artinyan A, Soriano PA, Prendergast C, Low T, Ellenhorn JD, Kim J. The
anatomic location of pancreatic cancer is a prognostic factor for survival.
HPB. 2008;10(5):371-6 (Epub 2008/11/05).

Gill RM, Gabor TV, Couzens AL, Scheid MP. The MYC-associated pro-
tein CDCA7 is phosphorylated by AKT to regulate MYC-dependent
apoptosis and transformation. Mol Cell Biol. 2013;33(3):498-513 (Epub
2012/11/21).

Osthus RC, Karim B, Prescott JE, Smith BD, McDevitt M, Huso DL, et al.
The Myc target gene JPO1/CDCA7 is frequently overexpressed in
human tumors and has limited transforming activity in vivo. Can Res.
2005;65(13):5620-7 (Epub 2005/07/05).

Hou PF, Jiang T, Chen F, Shi PC, Li HQ, Bai J, et al. KIF4A facilitates cell
proliferation via induction of p21-mediated cell cycle progression and
promotes metastasis in colorectal cancer. Cell Death Dis. 2018;9(5):477.
Hou G, Dong C, Dong Z, Liu G, Xu H, Chen L, et al. Upregulate KIF4A
enhances proliferation, invasion of hepatocellular carcinoma and
indicates poor prognosis across human cancer types. Sci Reports.
2017;7(1):4148.

Minakawa Y, Kasamatsu A, Koike H, Higo M, Nakashima D, Kouzu Y, et al.
Kinesin family member 4A: a potential predictor for progression of
human oral cancer. PloS ONE. 2013;8(12):e85951.

Zhou Z, ChengV, Jiang Y, Liu S, Zhang M, Liu J, et al. Ten hub genes
associated with progression and prognosis of pancreatic carcinoma iden-
tified by co-expression analysis. Int J Biol Sci. 2018;14(2):124-36 (Epub
2018/02/28).

CuiJ, Shi M, Xie D, Wei D, Jia Z, Zheng S, et al. FOXM1 promotes the
warburg effect and pancreatic cancer progression via transactivation
of LDHA expression. Clin Cancer Res. 2014;20(10):2595-606 (Epub
2014/03/19).


https://www.bioinfogpcnbcsices/tools/venny/indexhtml

Chhatriya et al. J Trans| Med

35.

36.

37.

38.

39.

40.

41.

42.

43.

(2020) 18:420

Huang C, Du J, Xie K. FOXM1 and its oncogenic signaling in pancreatic
cancer pathogenesis. Biochem Biophys Acta. 2014;1845(2):104-16 (Epub
2014/01/15).

Warner SL, Stephens BJ, Nwokenkwo S, Hostetter G, Sugeng A, Hidalgo
M, et al. Validation of TPX2 as a potential therapeutic target in pancreatic
cancer cells. Clin Cancer Res. 2009;15(21):6519-28 (Epub 2009/10/29).
Wang Q, ChenY, Feng H, Zhang B, Wang H. Prognostic and predictive
value of HURP in nonsmall cell lung cancer. Oncol Rep. 2018;39(4):1682—
92 (Epub 2018/02/28).

Shi 'YX, Yin JY, ShenY, Zhang W, Zhou HH, Liu ZQ. Genome-scale analysis
identifies NEK2, DLGAPS and ECT2 as promising diagnostic and prognos-
tic biomarkers in human lung cancer. Sci Rep. 2017;7(1):8072.

Eissa S, Matboli M, Mansour A, Mohamed S, Awad N, Kotb YM. Evaluation
of urinary HURP mRNA as a marker for detection of bladder cancer: rela-
tion to bilharziasis. Med Oncol. 2014;31(2):804.

LiH,Wang X, Fang Y, Huo Z, Lu X, Zhan X, et al. Integrated expression
profiles analysis reveals novel predictive biomarker in pancreatic ductal
adenocarcinoma. Oncotarget. 2017;8(32):52571-83 (Epub 2017/09/09).
Yu BX, Zou L, Li S, Du YL. LncRNA SAMD12-AS1 down-regulates P53 to
promote malignant progression of glioma. Eur Rev Med Pharmacol Sci.
2019,23(19):8456-67 (Epub 2019/10/28).

Khan FH, Pandian V, Ramraj S, Natarajan M, Aravindan S, Herman TS, et al.
Acquired genetic alterations in tumor cells dictate the development of
high-risk neuroblastoma and clinical outcomes. BMC cancer. 2015;15:514
(Epub 2015/07/15).

Fagerberg L, Hallstrom BM, Oksvold P, Kampf C, Djureinovic D, Odeberg J,
et al. Analysis of the human tissue-specific expression by genome-wide
integration of transcriptomics and antibody-based proteomics. MCP.
2014;13(2):397-406 (Epub 2013/12/07).

44,

45.

46.

47.

48.

49.

Page 15 of 15

Falaleeva M, Surface J, Shen M, de la Grange P, Stamm S. SNORD116 and
SNORD115 change expression of multiple genes and modify each other’s
activity. Gene. 2015;572(2):266-73 (Epub 2015/07/30).

Braicu C, Zimta AA, Harangus A, lurca |, Irimie A, Coza O, et al. The
function of non-coding RNAs in lung cancer tumorigenesis. Cancers.
2019;11:5.

Burnett LC, Hubner G, LeDuc CA, Morabito MV, Carli JFM, Leibel RL. Loss
of the imprinted, non-coding Snord116 gene cluster in the interval
deleted in the Prader Willi syndrome results in murine neuronal and
endocrine pancreatic developmental phenotypes. Hum Mol Genet.
2017;26(23):4606-16 (Epub 2017/10/04).

Su SB, Qin SY, Chen W, Luo W, Jiang HX. Carbohydrate antigen 19-9 for
differential diagnosis of pancreatic carcinoma and chronic pancreatitis.
World J Gastroenterol. 2015;21(14):4323-33 (Epub 2015/04/22).
Huang Z, Liu F. Diagnostic value of serum carbohydrate antigen 19-9
in pancreatic cancer: a meta-analysis. Tumour Biol. 2014;35(8):7459-65
(Epub 2014/05/03).

Poruk KE, Gay DZ, Brown K, Mulvihill JD, Boucher KM, Scaife CL, et al.
The clinical utility of CA 19-9 in pancreatic adenocarcinoma: diagnos-
tic and prognostic updates. Curr Mol Med. 2013;13(3):340-51 (Epub
2013/01/22).

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Transcriptome analysis identifies putative multi-gene signature distinguishing benign and malignant pancreatic head mass
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Sample collection
	RNA extraction
	Microarray
	Data acquisition and pre-processing
	Quality control analysis
	Differential expression
	Annotation of genes
	Validation of genes
	Survival analysis
	ROC Analysis

	Results:
	Identification of differentially expressed genes
	Identification of malignancy specific gene signature
	Annotation of genes
	Evaluation of the gene expression status in Global dataset of PDAC
	Survival Analysis
	Validation of our results in a new Pancreatic Head Mass Cohort
	ROC Analysis
	Discussion:
	Conclusions:
	Acknowledgements
	References




