
cancers

Article

An Integrated Meta-Analysis of Secretome and
Proteome Identify Potential Biomarkers of Pancreatic
Ductal Adenocarcinoma

Grasieli de Oliveira 1, Paula Paccielli Freire 1 , Sarah Santiloni Cury 1 , Diogo de Moraes 1,
Jakeline Santos Oliveira 1 , Maeli Dal-Pai-Silva 1, Patrícia Pintor do Reis 2,3 and
Robson Francisco Carvalho 1,*

1 Department of Structural and Functional Biology, Institute of Biosciences, São Paulo State
University (UNESP), Botucatu 18618-689, São Paulo, Brazil; grasieli.oliveira@unesp.br (G.d.O.);
paula.freire@unesp.br (P.P.F.); sarahscury@gmail.com (S.S.C.); demoraesdiogo2017@gmail.com (D.d.M.);
jakoliveira.jo@gmail.com (J.S.O.); maeli.dal-pai@unesp.br (M.D.-P.-S.)

2 Department of Surgery and Orthopedics, Faculty of Medicine, São Paulo State University (UNESP),
Botucatu 18618-687, São Paulo, Brazil; patricia.reis@unesp.br

3 Experimental Research Unity, Faculty of Medicine, São Paulo State University, UNESP, Botucatu 18618-970,
São Paulo, Brazil

* Correspondence: robson.carvalho@unesp.br; Tel.: +55-14-3880-0473

Received: 7 February 2020; Accepted: 12 March 2020; Published: 18 March 2020
����������
�������

Abstract: Pancreatic ductal adenocarcinoma (PDAC) is extremely aggressive, has an unfavorable
prognosis, and there are no biomarkers for early detection of the disease or identification of individuals
at high risk for morbidity or mortality. The cellular and molecular complexity of PDAC leads to
inconsistences in clinical validations of many proteins that have been evaluated as prognostic
biomarkers of the disease. The tumor secretome, a potential source of biomarkers in PDAC, plays a
crucial role in cell proliferation and metastasis, as well as in resistance to treatments, which together
contribute to a worse clinical outcome. The massive amount of proteomic data from pancreatic cancer
that has been generated from previous studies can be integrated and explored to uncover secreted
proteins relevant to the diagnosis and prognosis of the disease. The present study aimed to perform
an integrated meta-analysis of PDAC proteome and secretome public data to identify potential
biomarkers of the disease. Our meta-analysis combined mass spectrometry data obtained from two
systematic reviews of the pancreatic cancer literature, which independently selected 20 studies of the
secretome and 35 of the proteome. Next, we predicted the secreted proteins using seven in silico tools
or databases, which identified 39 secreted proteins shared between the secretome and proteome data.
Notably, the expression of 31 genes of these secretome-related proteins was upregulated in PDAC
samples from The Cancer Genome Atlas (TCGA) when compared to control samples from TCGA
and The Genotype-Tissue Expression (GTEx). The prognostic value of these 39 secreted proteins in
predicting survival outcome was confirmed using gene expression data from four PDAC datasets
(validation set). The gene expression of these secreted proteins was able to distinguish high- and
low-survival patients in nine additional tumor types from TCGA, demonstrating that deregulation
of these secreted proteins may also contribute to the prognosis in multiple cancers types. Finally,
we compared the prognostic value of the identified secreted proteins in PDAC biomarkers studies
from the literature. This analysis revealed that our gene signature performed equally well or better
than the signatures from these previous studies. In conclusion, our integrated meta-analysis of PDAC
proteome and secretome identified 39 secreted proteins as potential biomarkers, and the tumor gene
expression profile of these proteins in patients with PDAC is associated with worse overall survival.
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1. Introduction

Pancreatic cancer includes both exocrine and endocrine tumors, of which the majority are
pancreatic ductal adenocarcinomas (PDACs)—one of the most aggressive and lethal human cancers
among solid malignancies [1]. Due to its poor prognosis, with the number of deaths (n = 432,000)
nearly equivalent to the number of cases (n = 459,000), pancreatic cancer is the seventh leading cause
of cancer death [2]. Less than 5% of patients survive up to 5 years after diagnosis [3,4]. Because of the
asymptomatic nature of the early stages of the disease and the lack of efficient methods for its detection,
most patients with pancreatic cancer have locally advanced and inoperable disease at diagnosis [5,6].
Also, about 90% of the PDAC cases are complex due to distant metastases [7,8]. The disease becomes
even more complicated in the advanced stages because chemotherapy, radiotherapy, and combined
therapies become severely impaired [3,9,10]. Less than 20% of patients are candidates for complete
surgical removal, and even after treatment, most relapse and die within a year [11].

The lack of significant progress in clinical treatment compared to other cancer types is attributable
to the current inability to develop new and effective therapies; current standard treatments still consist
of surgical resection and cytotoxic therapies [12]. Therapeutic options are limited, and the progress
in drug development is hindered because most PDACs are highly complex at the cellular, genomic,
epigenomic, and metabolic levels [13,14]. Furthermore, the interaction between neoplastic and stromal
cells in tumor microenvironment challenges medical treatment [15]. Current alternatives to study
the molecular complexity of PDAC lies in the integration of multi-omics profiles and experimental
meta-data, which might lead to the identification of new drugs and therapeutic targets, as well as the
discovery of biomarkers to improve diagnostic, prognosis, chemotherapy responses, and prediction of
tumor recurrence [16].

Several studies have identified gene expression signatures using tumor-derived transcriptome
data from PDAC patients, targeting the development of better prognostic tools able to stratify patient
survival, relapse, and treatment response [17–24]. Although these gene signatures predict patient
survival; the implementation of biomarkers in clinical practice has not yet been possible, in part
because many of these signatures were derived from gene expression data that may not accurately
reflect changes in plasma proteins [24–26]. Advances in RNA and DNA sequencing technologies that
enable large-scale analysis of the molecular characteristics from histopathologically indistinguishable
tumors have often shown substantial molecular differences that preclude the guidance of a significant
amount of clinical decisions [13]. This PDAC cellular and molecular heterogeneity culminate in an
immense dynamic range of protein quantity coupled with a plethora of isoforms that also challenge
the discovery of protein-based biomarkers [27].

Protein-based biomarkers have the potential to bring benefits to clinical predictions of the
disease [28]. Recent advances in cancer proteomics have paralleled the development of different
proteomics approaches and technologies [27], increasing the number of pancreatic cancer-related
proteins that have been identified in tissues, body fluids (such as pancreatic juice, plasma, and serum),
and in cancer cell lines [29–31]. The action of soluble secreted mediators (secretome) by cancer cells and
cells within the tumor microenvironment has been recognized as one of the main factors influencing
tumor biology [32]. The secretion of functional biomolecule-enriched exosomes not only allows
pancreatic cancer cells to model the activity of adjacent cells in their tumor microenvironment but
also enables them to exploit distant cells to optimize conditions for future metastatic seeding [33].
PDAC-derived exosomes expressing the Macrophage Migration Inhibitory Factor (MIF) induce the
formation of a pre-metastatic niche in the mouse liver, and therefore this protein can be used as a
prognostic marker for the development of liver metastasis [34]. Glypican 1 (GPC1) expression in blood
exosomes of pancreatic cancer patients was able to distinguish patients with benign or malign disease
with absolute specificity and sensitivity [35]. Therefore, this protein also has a noninvasive diagnosis
potential to detect the early stages of PDAC. These findings provide interesting information on how
tumor cells can communicate and promote tumor progression through oncogenic protein transfer [36].
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Thus, focusing on proteomic analyses of the cancer secretome is an exciting approach once it represents
the portion of the proteome expected to harbor promising biomarkers [37].

Proteomics analyses of PDAC have identified a vast amount of cancer-associated proteins [32,38–46],
including secreted proteins [47]. Recent evidence supports the concept that protein biomarker
signatures, as opposed to individual biomarkers, may ensure the long-sought accuracy in cancer
diagnosis [48]. Thus, we used publicly available data to perform an integrative meta-analysis of
pancreatic cancer tumor cell secretome and tumor proteome to identify potential biomarkers of the
disease. This discovery set allowed us to identify 39 proteins that were confirmed as secreted by
prediction analyses using seven in silico tools or databases. We also compared the transcriptomic
profiles from PDAC and normal tissue samples using The Cancer Genome Atlas (TCGA) and The
Genotype-Tissue Expression (GTEx) data, which revealed that 31 secreted genes are upregulated in
PDAC. Next, we determined the prognostic value of the 31 secreted proteins for predicting survival
outcome using gene expression data from four PDAC datasets (validation set) and in nine additional
tumor types from TCGA. In all these datasets, the potentially secreted proteins were capable of
distinguishing better and worse prognosis (overall survival). Finally, we compared the prognostic
value of our set with sets of other PDAC biomarkers studies. Our gene signature performed equally
well or better than the signatures found in previous studies in terms of its ability to predict prognosis,
but it is the only one based on genes that are translated into secreted proteins and, therefore, can be
potentially used as plasma or tumor microenvironment biomarkers. In conclusion, the integration of
proteome and secretome mass spectrometry data from pancreatic cancer tumors and cells identified
39 secreted proteins, and tumor gene expression profile of these proteins in patients with PDAC
is associated with worse overall survival. This list of protein-coding genes in PDAC may serve as
potential biomarkers or as targets for new therapeutic approaches of the disease.

2. Results

2.1. Integration of Secretome and Proteome Meta-Analysis Identifies 39 Secreted Proteins in Pancreatic
Ductal Adenocarcinoma

We performed an integrative meta-analysis on pancreatic cancer secretome and proteome data
to identify clinically relevant diagnostic and prognostic biomarkers. According to the meta-analysis
study design and inclusion and exclusion criteria (Figure 1), 20 secretome studies and 35 proteome
studies in pancreatic cancer were selected, which reported protein data obtained by mass spectrometry
(Tables 1 and 2) [3,6,29,34,37,41,43,45–47,49–93]. These data identified 782 proteins in pancreatic cancer
secretome and 517 proteins in pancreatic ductal adenocarcinoma tumor samples. Interestingly, we did
not identify a protein shared by all secretome and proteome studies. Therefore, we chose to select
proteins present in two or more studies. This approach allowed us to obtain 156 and 132 proteins in the
pancreatic cancer secretome and proteome, respectively (Figure 2 and Tables S1–S4). The intersection
between the secretome and proteome protein lists revealed 43 proteins in common between the two
meta-analysis strategies (Figure 2). These 43 shared proteins were further verified as secreted using
prediction analysis regarding the nature of secretion (Figure 2). These analyses confirmed the selection
of proteins that are not be derived from other mechanisms such as cell death. Among the 43 proteins
verified by SignalP, SecretomeP, Exocarta, Vesiclepedia, TargetP, and TMHMM, the proteins Vimentin
(VIM), Glyceraldehyde-3-phosphate dehydrogenase (GAPDH), and Superoxide dismutase 2 (SOD2)
were predicted to contain mitochondrial sublocation (TargetP) and the Transforming growth factor
beta induced (TGFBI) protein was predicted to contain transmembrane helices (TMHMM). These four
proteins were eliminated, resulting in a final list of 39 proteins predicted as secreted. This set of proteins
is also detected in plasma, as confirmed in the Plasma Proteome database (Table 3 and Table S5).
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pancreatic cancer.

Table 1. Description of publicly available proteomic studies used in the secretome meta-analysis.

Ref. Cell Line /Tumor Tissue Labeling Technique Validation
Method

[37] Panc1 Silac LC-MS/MS WB, IHC, MA
[43] AsPC1, MiaPaCa2, Panc1 Free LC-MS/MS -
[41] Panc1 iTRAQ LC-MS/MS WB, ELISA

[45] Paca44, Panc1, BxPc3, MiaPaca2,
HPSC, A818-4 Free LC-MS/MS -

[46] BxPC-3, MIA PaCa-2, Panc1, AsPC-1 Free LC-MS/MS WB, IHC, ELISA
[93] CAPAN-2, RLT-PSC Silac LC-MRM/MS -
[47] PC-1.0, PC-1 (Hamster) Silac Nano-RPLC-MS/MS WB
[49] BxPC3, MiaPaca2, Panc1 Free ESI-MS/MS WB
[50] SOJ-6, BxPC-3, MiaPaCa-2, Panc-1 Free MALDI-TOF MS WB
[34] PAN02 (Mouse) Free MS/MS ELISA
[51] NIT-1 Free MS/MS WB
[52] Panc-1 Free LC-MS/MS -
[53] MiaPaCa-2, BxPc-3, Panc-1, AsPc-1 Free MALDI–TOF MS WB
[54] Adenocarcinoma tissue Free LC-MS/MS WB
[55] BON-1, NCI-H727, SHP-77 Free LC-MS/MS WB

[3] BxPc3, MIA-PaCa2, Panc1, CAPAN1,
CFPAC1, SU.86.86, HPDE, PJ Free LC-MS/MS ELISA

[56] KLM, PK-59, MIAPaCa2 Free MS/MS WB
[57] Panc-1, SW1990 iTRAQ LC-MS/MS -
[58] MIA PaCa-2 labeling MALDI-TOF MS WB
[59] CAPAN-2 Silac LC-MS/MS IHC

Ref.: reference; Rodent cell lines are specified in parentheses; Silac: Stable isotope labeling with amino acids in cell
culture; iTRAQ: Isobaric tags for relative and absolute quantitation; LC-MS/MS: Liquid chromatography-tandem
mass spectrometry; LC-MRM/MS: Multiplexed liquid chromatography multiple-reaction-monitoring mass
spectrometry; Nano-RPLC-MS/MS: Nanoscale liquid chromatography coupled to tandem mass spectrometry;
ESI-MS/MS: Electrospray ionization mass spectrometry; MALDI-TOF MS: Laser desorption ionization-time of
flight mass spectrometry; MS/MS: Tandem mass spectrometry, PJ: Pancreatic juice; WB: Western Blot; IHC:
Immunohistochemistry; MA: Microarrays.
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Table 2. Description of publicly available human proteomic studies used in the proteome meta-analysis.

Ref. Sample Labeling Technique Validation Method

[6] PTT CD nanoLC-ESI-MS/MS IHC
[60] PTT CD MALDI-TOF MS, nanoLC-ESI MS/MS -
[61] PTT Free MALDI-TOF/TOF MS, MS/MS IHC
[62] PTT Free MS/MS WB
[63] PTT Free MS/MS WB, IHC
[64] PTT Free LC-MS/MS ELISA
[65] PTT Free LC-MS/MS ELISA
[66] PTT Free MS/MS -
[67] PTT Free LC-MS/MS IHC
[68] PTT Free MALDI-TOF MS ELISA
[69] PTT Free LC-MS/MS IHC
[70] PTT Free MALDI-TOF MS IHC, WB
[71] PTT CD MALDI-TOF/TOF-MS WB, IHC
[72] PTT Free MALDI-TOF MS WB
[73] PTT Free MALDI-TOF/TOF-MS -
[29] PTT Free LC-MS/MS IHC, WB
[74] PTT Free LC-MS/MS -
[75] PTT SI LC-MS/MS -
[76] PTT Free LC-MS/MS IHC, WB
[77] PTT LP MS/MS -
[78] PTT Free LC-MS(MS)2 -
[79] PTT Free UHPLC/MS/MS2 -
[80] Urine CD MALDI-TOF MS IB
[81] Serum Free MALDI-QIT-TOF-MS
[82] Serum Free (MRM) WB
[83] Serum Free MS/MS -
[84] Blood Free MALDI-MS ELISA
[85] Serum CD MALDI-TOF/ TOF–MS ELISA, WB
[86] Serum IL LC-MS / MS -
[87] Urine Free LC/MS /MS -
[88] Plasma Free LC−MS/MS ELISA, WB, IHC, RT-qPCR
[89] PDF Free GeLC-MS/MS -
[90] Serum Free MALDI-TOF MS PCR, WB, IHC
[91] PJ Free MALDI-TOF MS MS/MS WB, IHC, ELISA
[92] Serum Free MALDI-TOF WB

Ref.: Reference; PDF: Pancreatic duct fluid, PJ: Pancreatic juice; PTT: Pancreatic tumor tissue; SI: Stable Isotopic;
IL: Isobaric Label; CD: CyDyes (Fluorescence Cyanine Dyes); LC-MS/MS: Liquid chromatography-tandem
mass spectrometry; LC-MRM/MS: Multiplexed liquid chromatography multiple-reaction-monitoring mass
spectrometry; Nano-RPLC-MS/MS: Nanoscale liquid chromatography coupled to tandem mass spectrometry;
ESI-MS/MS: Electrospray ionization mass spectrometry; MALDI-TOF MS: Laser desorption ionization-time
of flight mass spectrometry; MS/MS: Tandem mass spectrometry; MRM: Multiple Reaction Monitoring; IHC:
Immunohistochemistry; WB: Western Blot; IB: Immunoblotting.
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Figure 2. Schematic representation of the workflow used to identify secreted proteins in pancreatic
cancer studies. Two meta-analyses of publicly available proteomic studies were used to identify secreted
proteins in pancreatic ductal adenocarcinomas: meta-analysis 1 identified 782 proteins in the secretome,
and meta-analysis 2 identified 517 proteins in the proteome. Subsequently, the proteins present in two or
more studies were selected. This strategy resulted in a final list containing 156 proteins in the secretome
(meta-analysis 1) and 132 proteins in the proteome (meta-analysis 2). The intersection between the
proteins identified 43 shared proteins between the two meta-analyses. These 43 proteins were further
verified as secreted using the algorithms available at Center for Biological Sequencing Analysis (CBS):
SignalP [94] (identifies classical secreted proteins, presence of signal peptide); SecretomeP [95] (identifies
non-classical secreted proteins); and the databases Vesiclepedia [96] (protein data in secretory vesicles),
ExoCarta [97] (protein data in exosomes) and Plasma Proteome [98] (protein data identified in the
blood). Proteins were excluded from further analysis if detected by the CBS TargetP [99] (mitochondrial
protein) or TMHMM [100] (transmembrane helix protein) algorithms, resulting in a final list of 39
proteins in the pancreatic ductal adenocarcinoma shared by proteome and secretome studies.
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Table 3. Proteins shared between pancreatic cancer secretome and proteome studies.

Uniprot Access Gene Symbol Description

ALBU_HUMAN ALB Serum albumin
ENOA_HUMAN ENO1 Alpha-enolase
FINC_HUMAN FN1 Fibronectin
TRFE_HUMAN TF Serotransferrin
LEG1_HUMAN LGALS1 Galectin-1
APOE_HUMAN APOE Apolipoprotein E
CATD_HUMAN CTSD Cathepsin D
TPIS_HUMAN TPI1 Triosephosphate isomerase

GSTP1_HUMAN GSTP1 Glutathione S-transferase P
PARK7_HUMAN PARK7 Protein/nucleic acid deglycase DJ-1
TRY1_HUMAN PRSS1 Trypsin-1
MOES_HUMAN MSN Moesin
PGK1_HUMAN PGK1 Phosphoglycerate kinase 1

ANXA5_HUMAN ANXA5 Annexin A5
PPIA_HUMAN PPIA Peptidyl-prolyl cis-trans isomerase A

KPYM_HUMAN PKM Pyruvate kinase PKM
EF1A1_HUMAN EEF1A1 Elongation factor 1-alpha 1
TSP1_HUMAN THBS1 Thrombospondin-1
GELS_HUMAN GSN Gelsolin
LEG3_HUMAN LGALS3 Galectin-3

TIMP1_HUMAN TIMP1 Metalloproteinase inhibitor 1
COF1_HUMAN CFL1 Cofilin-1
FLNA_HUMAN FLNA Filamin-A
LG3BP_HUMAN LGALS3BP Galectin-3-binding protein
CALR_HUMAN CALR Calreticulin
CLIC1_HUMAN CLIC1 Nuclear chloride ion channel protein
TAGL2_HUMAN TAGLN2 Transgelin-2
LDHA_HUMAN LDHA L-lactate dehydrogenase A chain
NDKA_HUMAN NME1 Nucleoside diphosphate kinase A

TKT_HUMAN TKT Transketolase
1433S_HUMAN SFN 14-3-3 protein sigma

ALDOA_HUMAN ALDOA Fructose-bisphosphate aldolase A
ENOG_HUMAN ENO2 Gamma-enolase

PGAM1_HUMAN PGAM1 Phosphoglycerate mutase 1
GDIR1_HUMAN ARHGDIA Rho GDP-dissociation inhibitor 1
ACTB_HUMAN ACTB Actin, cytoplasmic 1
PDIA1_HUMAN P4HB Protein disulfide-isomerase
ACTS_HUMAN ACTA1 Actin, alpha 1, skeletal muscle

FETUA_HUMAN AHSG Alpha-2-HS-glycoprotein

2.2. Protein-Protein Interaction (PPI) Network of 39 Secreted Proteins Enriched in Pancreatic
Ductal Adenocarcinoma

The PPI network and gene ontology (GO) of the 39 proteins were generated using the Search
Tool for Retrieval of Interacting Genes (STRING) database [101]. Data from this database revealed
a complex interaction network between 26 proteins with strong associations represented by thick
lines; the disconnected nodes in the network were hidden (Figure 3). Gene Ontology analysis
revealed significant protein enrichment in categories of extracellular exosomes, membrane-bound
vesicles, extracellular part, and blood microparticles (Figure 3 and Table 4). This analysis also
showed involvement in biological processes such as glycolysis, regulation of apoptotic processes,
vesicle-mediated transport, and stress response. The enriched molecular function was enzymatic
and RNA binding (Table 4). These results further confirm our findings showing that the proteins
identified in our integrative pancreatic cancer secretome meta-analysis are secreted and located mainly
in extracellular compartments.
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Figure 3. Protein-protein interaction network of 39 secreted proteins enriched in pancreatic
ductal adenocarcinoma. Analysis using STRING [101] illustrates potential interactions between
secreted proteins with a minimum confidence score of 0.7. Proteins in the interaction network are
represented as nodes connected by lines whose thickness reflects a confidence index higher than
0.7. The top five enriched GO terms are represented by the network node colors for each protein:
red, extracellular exosome; blue, membrane-bounded vesicle; green, blood microparticle; yellow,
cytoplasmic membrane-bounded vesicle lumen; purple, secretory granule lumen.

Table 4. Gene Ontology (GO) enrichment analysis of secreted proteins in pancreatic cancer.

Cellular Component (GO)

Pathway ID Pathway Description Gene Count FDR

GO.0070062 Extracellular exosome 35 1.29 × 1024

GO.0031988 Membrane-bounded vesicle 34 4.57 × 1020

GO.0005615 Extracellular space 25 1.79 × 1019

GO.0044421 Extracellular region part 31 3.35 × 1015

GO.0072562 Blood microparticle 11 1.15 × 1014

GO.0005576 Extracellular region 31 4.02 × 1013

GO.0060205 Cytoplasmic membrane-bounded vesicle lumen 8 4.29 × 1010

GO.0034774 Secretory granule lumen 6 2.35 × 107

GO.0005925 Focal adhesion 9 1.88 × 106

GO.0031093 Platelet alpha granule lumen 5 2.83 × 106

GO.0031091 Platelet alpha granule 5 7.61 × 106

GO.0044433 Cytoplasmic vesicle part 9 2.46 × 105

GO.0005829 Cytosol 19 3.4 × 105

GO.0030141 Secretory granule 7 7.44 × 105

Biological Process (GO)

Pathway ID Pathway Description Gene Count FDR

GO.0006165 Nucleoside diphosphate phosphorylation 9 1.99 × 1011

GO.0006096 Glycolytic process 8 3.4 × 1011

GO.0002576 Platelet degranulation 9 5.25 × 1011

GO.0061621 Canonical glycolysis 7 5.25 × 1011

GO.0019674 NAD metabolic process 8 8.75 × 1011

GO.0046496 Nicotinamide nucleotide metabolic process 8 1.47 × 109
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Table 4. Cont.

Biological Process (GO)

Pathway ID Pathway Description Gene Count FDR

GO.0030168 Platelet activation 10 5.73 × 109

GO.0046364 Monosaccharide biosynthetic process 7 5.73 × 109

GO.0009611 Response to wounding 14 9.81 × 109

GO.0006090 Pyruvate metabolic process 7 1.09 × 108

GO.0042981 Regulation of apoptotic process 17 1.51 × 108

GO.0042060 Wound healing 13 3.84 × 108

GO.0006094 Gluconeogenesis 6 8.46 × 108

GO.0016192 Vesicle-mediated transport 15 1.23 × 107

GO.0006950 Response to stress 23 1.39 × 107

Molecular Function (GO)

Pathway ID Pathway Description Gene Count FDR

GO.0005515 Protein binding 24 0.000171
GO.0019899 Enzyme binding 12 0.00461
GO.0044822 Poly(A) RNA binding 11 0.0069
GO.0003723 RNA binding 12 0.0117
GO.0004634 Phosphopyruvate hydratase activity 2 0.0174

2.3. Secretome-Related Gene Expression is Enriched in Pancreatic Ductal Adenocarcinoma

The gene expression levels of the secretome proteins identified in our integrative meta-analysis
were analyzed using the online Gene Expression web-based Profiling Analysis (GEPIA) tool [102].
This tool allows the comparison of transcriptome profiles from TCGA and GTEx using uniformly
processed and unified RNA sequencing data by Toil Pipeline [103]. We obtained gene expression profiles
of 4743 tumors comprising 10 cancers (TCGA) and 2737 corresponding normal tissues (TCGA and GTEx)
(Table S6). The tumors types: gastric carcinoma (GC), colon adenocarcinoma (COAD), Hepatocellular
carcinoma (HCC), Lung squamous cell carcinoma (Lung SCC), Breast carcinoma (BC), Head and neck
squamous cell carcinoma (HNSCC), Esophageal carcinoma (ESCC), Lung adenocarcinoma (Lung AD),
and Acute myeloid leukemia (AML) were selected to allow a comparison between some prevalent
cancers. The expression profile of the 39 genes encoding secreted proteins was analyzed using the
GEPIA tool to identify prognostic biomarkers of pancreatic ductal adenocarcinoma. The analysis
revealed that 31 genes are significantly upregulated in PDAC (Log2 fold change > one and q-values
cutoff = 0.01) when compared to normal tissues (Figure 4). When we extended the analysis to other
TCGA cancers types, the gene expression profile of the 39 secreted-related proteins genes was enriched
in PDAC, despite sharing a high number of significantly upregulated genes with other cancers types
such as GC, COAD, and HCC (Figure 5, Figure S1A). In this analysis, we can also observe that
ARHGDIA and PARK7 are exclusively upregulated in PDAC (Figure S1A). The Euclidean cluster
analysis performed on the 39 secretome genes demonstrates that PDAC exhibits a gene expression
profile that is clearly distinct from other cancers (Figure 5). This analysis also demonstrated the
opposite expression profile for acute myeloid leukemia (AML) (Figure 5). The principal component
analysis (PCA) of the expression profiles of the 39 secretome genes in 10 tumor types showed that
PDAC and AML are distinguished between cancer types based on the gene expression profile of the 39
secretome proteins and are capable of clearly distinguish PDAC from other cancer types (Figure S2).

We also evaluated the expression profile of the secretome proteins in normal tissues in order
to find pancreas-specific proteins deregulated in PDAC. With the help of the GTEx database [104],
the expression profiles of the majority of the proteins identified in our study are uniformly expressed
across the tissues analyzed (Figure S1B); however, trypsin-1 (PRSS1) is upregulated explicitly in normal
pancreatic tissue when compared to other normal tissues (Figure S1B). Interestingly, we found that
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PRSS1 is negatively expressed in PDAC (Figure 4 and 5), although it has often been related to pancreatic
cancer [105,106].Cancers 2020, 12, x 11 of 32 
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Figure 4. Differential gene expression of transcripts translated into secreted proteins in pancreatic
ductal adenocarcinoma. Differential expression levels were calculated using the web-based Gene
Expression Profiling Analysis tool (GEPIA) [102]. GEPIA analysis revealed that most of the 39 genes of
the proteins identified as secreted are positively regulated in pancreatic ductal adenocarcinoma (PDAC).
Genes were considered positively or negatively regulated (written in red and green, respectively)
in PDAC (n = 179) relative to normal tissue (TCGA, n = 4; GTEx, n = 167) when absolute values
of fold-change were >1.0 and the q-value < 0.01 (ANOVA). Red dots: pancreatic tumor samples;
Green dots: normal pancreatic samples.
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Figure 5. The upregulation of secretome genes is strongly associated with pancreatic ductal
adenocarcinoma (PDAC). Heatmap of expression levels of genes [log2 (TPM + 1)] encoding 39
secreted proteins identified as secreted in PDAC, in 10 different tumor types from TCGA compared to
their respective normal tissues. Genes that are specifically upregulated or downregulated genes in
each tumor type (absolute values of fold-change > 1.0 and q-value < 0.01; ANOVA) are shown in red
and blue, respectively. Both columns (tumor types) and rows (secretome genes) were clustered using
Euclidian distance. Three genes (ARHGDIA, AHSG, and EEF1A1) presented missing values in 90%–100%
of the tumor types and are not represented in the heatmap (constant rows were removed during
data pre-processing). The differential expression levels from tumor tissue versus combined normal
TCGA and GTEx data were calculated using the web-based Gene Expression Profiling Analysis tool
(GEPIA) [102]. GC: Gastric carcinoma; COAD: Colon adenocarcinoma; HCC: Hepatocellular carcinoma;
Lung SCC: Lung squamous cell carcinoma; BC: Breast carcinoma; HNSCC: Head and neck squamous
cell carcinoma; ESCC: Esophageal squamous cell carcinoma; Lung AD: Lung adenocarcinoma; AML:
Acute myeloid leukemia.

2.4. Secretome-Related Gene Expression Profile of 39 Proteins Predict Shorter Survival in Patients with
Pancreatic Ductal Adenocarcinoma

Secretome components from the tumor environment, including proinflammatory cytokines,
play a fundamental role in the development of alterations that result in proliferation, metastasis,
and resistance to treatments [32,36,44]. Considering that these alterations contribute to the worse
prognosis of patients with PDAC, we determine whether the levels of tumor expression of the 39
secretome genes correlate with the patient’s prognosis. We used the SurvExpress platform [107],
a web-based biomarker validation tool that provides survival analysis and risk assessment of cancer
datasets, to assess whether our set of secretome proteins was able to discriminate overall survival in
patients with PDAC. SurvExpress generated a prognostic index (risk score) based on gene expression
of the 39 secretome proteins and survival data of the patients with PDAC. These patients were divided
into two groups, high- and low-risk, maximizing the number of patients in risk groups by employing
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an ordered prognostic index optimization algorithm in SurvExpress (Table S7). We evaluated the
prognostic value of the gene expression of the 39 secreted proteins and analyzed their association
with survival of patients with PDAC (Cox regression analysis) in four different data sets with patient
survival information (TCGA, PACA-AU—ICGC, GSE21501, GSE28735). The 39 secretome genes
initially analyzed in the TCGA dataset identified patients with significantly shorter survival (hazard
ratio (HR) = 5.36; log-rank p-value = 1.16–16; concordance index (CI) = 74.75; n = 176). In order to
validate our findings, survival analysis was performed on three additional independent data sets.
These 39 secretome genes were also significantly associated with patient´s outcome in the ICGC datasets
(HR = 4.42; CI = 72.57, p =6.661–16, n = 189), GSE21501 (HR = 7.46; CI= 76.68; p = 2.144–10; n = 132),
and GSE28735 (HR = 11.69; CI= 84.52; p = 2.22–15; n = 90) (Figure 6). This analysis also demonstrated
increased expression of LDHA, ENO1, and PGK1 in the TCGA, PACA-AU—ICGC, and GSE21501
datasets; NME1 was upregulated in all PDAC datasets (Table S8). Enrichment of secretome genes
in PDAC patients with low survival (high-risk group) can be observed in the heatmap generated by
cluster gene expression analysis (Figure S3). This shows the robustness of the gene expression signature
of our set of secreted proteins, which demonstrated significant association with patient survival in the
independent PDAC validation sets.
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Figure 6. The expression of secretome genes predicts cancer outcomes across four pancreatic ductal
adenocarcinoma (PDAC) studies. Survival analysis, based on the expression of 39 mRNAs translated
into proteins identified as secreted in PDAC, was calculated using the online platform SurvExpress [107],
in four additional and independent PDAC datasets. Cancer patients were stratified into high- (red)
and low-risk (green) groups. The adjusted risk ratio (HR) with the corresponding 95% confidence
interval, log-rank p-value (P), and the number of successfully stratified patients (N) determined by Cox
univariate regression analysis is shown in each Kaplan–Meier survival plot. Datasets of PDAC patients:
PDAC-TCGA [108], PACA-AU—ICGC [109], GSE21501 [19], and GSE28735 [20,79].
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2.5. Secretome Gene Expression Predicts Cancer Outcomes in Different Cancer Studies

Considering that several of our 39 secretome genes are upregulated in other cancer types,
we decided to evaluate the prognostic value of the genes in the additional nine different malignancies
from TCGA. We found that, in addition to PDAC, our set of 39 genes of secretome-related proteins
predicts a worse prognosis in HNSCC, ESCC, GC, HCC, Lung SCC, Lung AD, COAD, BC, and AML
(Figure 7 and Table S9). The heatmap for each of these cancer types shows that the expression profile
of our set of 39 secretome-related proteins is able to distinguish patients into high- and low-risk groups
(Figure S3). The robustness of our 39 secretome genes in stratifying patients with high confidence in
risk-groups was confirmed by high hazard ratios in nine TCGA cohorts, showing that changes in the
expression of these 39 secretome genes are associated with worse overall survival (Figure 7). Therefore,
these results suggest that the set of these 39 secretome genes are predictors of cancer survival outcomes.
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Figure 7. The expression of secretome genes predicts cancer outcomes. Survival analysis based
on the expression of 39 transcripts translated into secreted proteins by using the online platform
SurvExpress [107] in nine The Cancer Genome Atlas (TCGA) studies. Cancer patients were stratified
into high- (red) and low-risk (green) groups. The adjusted risk ratio (HR) with the corresponding
95% confidence interval, log-rank p-value (P), and the number of successfully stratified patients
(N) determined by Cox univariate regression analysis is shown in each Kaplan–Meier survival plot.
HNSCC: Head and neck squamous cell carcinoma; ESCC: Esophageal squamous cell carcinoma;
GC: Gastric carcinoma; HCC: Hepatocellular carcinoma; Lung AD: Lung adenocarcinoma; Lung SCC:
Lung squamous cell carcinoma; COAD: Colon adenocarcinoma; BC: Breast carcinoma; AML: Acute
myeloid leukemia.

2.6. Comparison with Prognostic Gene Signatures of Pancreatic Ductal Adenocarcinoma

Several prognostic gene signatures for PDAC have been proposed [17–24,110]. However, we found
no gene overlapping with our set of secreted-related genes with these previous signatures from
the literature. We also compared the performance of our signature with nine gene expression
signatures [17–24,110] in predicting worse survival in PDAC, which was tested in four different PDAC
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datasets (TCGA, ICGC, GSE21501, GSE28735) available in the SurvExpress tool. These signatures
were able to separate risk-groups based on the gene expression profiles (data are not shown).
The signatures proposed by Collisson et al. [23] and Donahue et al. [18] showed slightly better
results than the set of secretome-related genes identified in our meta-analysis; however, Donahue’s
signature, which corresponds to a set of 171 genes, had a lower performance in the dataset GSE28735
(Figure 8). Our signature also had comparable results with Haider et al. [22] (Figure 8). However,
it is important to emphasize our dataset comprises proteins that are expressed and secreted in PDAC,
constituting a rich source of biomarkers.

2.7. In Silico Validation of Secreted Proteins

Immunohistochemical staining for 31 proteins identified with increased gene expression in PDAC
tumoral samples by the GEPIA was retrieved from the HPA database [111]. PDAC immunohistochemical
images were analyzed, and six proteins (L-lactate dehydrogenase A chain, LDHA; Phosphoglycerate
kinase 1, PGK1; Pyruvate kinase, PKM; 14-3-3 protein sigma, SFN; Fibronectin, FN1; Galectin-1,
LGALS1) showed medium or high immunostaining in PDAC tumor tissue, while low or not detected
in normal pancreatic tissue, indicating that these proteins are also potentially biopsy-based markers
to screening PDAC patients with high-risk (Figure 9 and Figure S4). Additionally, four proteins
(Triosephosphate isomerase, TPI1; Galectin-3, LGALS3; Galectin-3-binding protein, LGALS3BP;
Filamin-A, FLNA) showed average immunostaining in normal tissue and high in tumor tissue
(Figure S4).
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Figure 8. Performance of expression profile from the 39 secretome genes as potential pancreatic
ductal adenocarcinoma (PDAC) biomarkers compared to nine previously gene signatures proposed
for PDAC [17–24,110]. The color of the circles in the heat scatter plot represents the agreement index,
while the size of the circle is based on the log-rank p-value of the risk group separation based on the
SurvExpress tool. Rows and columns were grouped based on the Euclidean distance between the
agreement index values. Datasets of PDAC patients: PDAC-TCGA [108], PACA-AU—ICGC [109],
GSE21501 [19], and GSE28735 [20,79].
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3. Discussion

Several studies have focused on the investigation of PDAC secretome-proteome in order to identify
molecular mechanisms and biomarkers of this malignancy. However, the molecular complexity of
pancreatic cancer and the failure of validation for most proposed biomarkers increase the urgency of
effective strategies for identifying promising biomarkers of the disease. The heterogeneity of pancreatic
cancer proteomic research using different samples, and fractionation and mass spectrometry techniques
generates a rich source of datasets that can be explored, integrated, and compared to identify potential
biomarkers of the disease. Here, we integrated the proteomic profiles of pancreatic cancer cell lines
and tumors obtained by a meta-analysis of the secretome and proteome. This analysis identified
39 biologically relevant secreted proteins in PDAC. The gene expression profile of these proteins
predicted worse overall survival in four independent cohorts of PDAC patients. The expression of these
secretome-related genes also predicted worse overall survival in nine additional tumor types from
the TCGA. Our meta-analysis approach using different proteomic datasets provided higher statistical
power to address the biological heterogeneity of PDAC as well as overall patient survival. This strategy
allowed us to identify a panel of proteins in pancreatic cancer proteomic studies, which are potential
prognostic biomarkers.

Our approach also demonstrated the lack of overlap between the studies selected by the two
meta-analysis strategies. We found no protein shared between all secretome and proteome studies.
This discrepancy may be due to the diversity of proteomic techniques used by different studies;
or limitations in proteomic analysis related to sample preparation and sample heterogeneity, proteome
complexity to be analyzed, especially regarding protein expression levels; and limitations of the
analytical methods [112–115]. To overcome these limitations, we selected the proteins presented in
two or more studies, aiming to increase the possibility of detecting proteins involved in pancreatic
cancer. We also integrated both secretome and proteome meta-analysis to select tumor proteins that are
secreted or found in biological fluids. When we compared our list of 39 secretome proteins with PDAC
gene signatures from the literature, we found no overlap between these previous studies [17–24,110].
This may be because global gene transcription levels insufficiently reflect global protein levels or
due to limitations related to the sensibility of proteomics techniques, which point to the need to
integrate transcriptomic and proteomic analyses to identify critical molecular changes of cancer in
its essence [112,115–118]. Interestingly, our results show that tumor transcription levels of our set
of proteins that are expressed and secreted in pancreatic cancer are useful as potential prognostic
biomarkers when compared to previously proposed transcript-based signatures for PDAC.

We found a set of differentially expressed proteins with prognostic power that are biologically
important in human cancers. For example, albumin (ALB), which was listed in 10 proteome and three
secretome studies, has been identified as a poor prognostic factor in cancer patients [119,120]. Serum
ALB is the most abundant blood protein in mammals; however, in diseases such as PDAC, its low
level may be associated with an advanced stage of the disease [120]. The lower serum ALB levels can
increase the risk of venous thromboembolism, which is the second leading cause of death in pancreatic
cancer patients [119,121,122]. Triosephosphate Isomerase 1 (TPI1), found in seven secretome and four
proteome studies, is a crucial enzyme in carbohydrate metabolism. Proteomic analysis of sera from
pancreatic cancer patients showed TPI1 as one of the most abundant proteins in patients with poor
survival before and after chemotherapy and could be further investigated as a prognostic marker as its
levels gradually increase as the disease progresses [123]. The prognostic value TPI1 was also evaluated
in gastric cancer, where patients with higher TPI1 expression had lower overall survival [124].

We also identified the alpha-enolase (ENO1), a glycolytic enzyme involved in the synthesis of
pyruvate found in the cytoplasm, cell surface, and nucleus [125]. In addition to its glycolytic function,
ENO1 plays a crucial role in cancer cell invasion and metastasis, in part because it also acts as a
plasminogen receptor [126–130]. This ENO1 plasminogen receptor function, coupled with its high
expression on the cell surface of tumor cells, facilitates the binding of large amounts of plasminogen
on the cell surface, enabling plasmin activation, and enhancing the ability of PDAC cells to degrade
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extracellular matrix and, thus, benefiting the tumor invasion [127]. ENO1 also regulates pancreatic
cancer adhesion, invasion, and metastasis by controlling the expression ofαvβ3 integrin [128]. Theαvβ3
integrin signaling is known to play a crucial role in tumor growth, angiogenesis, and metastasis.
The protein αvβ3 integrin is the target of preclinical experiments in cancer treatment, demonstrating
positive anti-angiogenic and anti-tumor effects [131,132]. These effects have been observed for cell
surface ENO1, which has been found as significantly increased in tissues and plasma of PDAC patients
with shorter survival [133]. Thus, further studies should be performed to investigate the role of secreted
ENO1 in tumor biology. Additionally, ENO1 has also been seen as a potential prognostic biomarker in
breast, head and neck cancers, and gliomas [125,134,135].

Our enrichment analysis also showed changes in the regulation of glycolytic processes. Increased
aerobic glycolysis (Warburg effect) is observed exclusively in cancers and is highly dependent on
unregulated metabolic enzymes [136]. In addition to the glycolytic enzymes ENO1 and TPI1, lactate
dehydrogenase A (LDHA) was also identified in our study and corresponds to a central enzyme
in regulating the Warburg effect; it catalyzes the conversion of lactate to pyruvate in the final stage
of anaerobic glycolysis and is upregulated in various cancers [137,138]. In gastric cancer, LDHA
was upregulated in tumor tissues and promoted tumor cell migration and invasion [137]. Moreover,
LDHA has been reported to improve growth and inhibit apoptosis in pancreatic tumor cells [138].
Mohammad et al. [139] showed that increased expression of LDHA and PKM2 in pancreatic biopsy
specimens from patients correlates with poor survival. Studies investigating the LDH expression levels
in tumor and serum found that high tissue expression is not entirely consistent with elevated serum
levels, indicating that tumor LDHA expression and serum levels are two independent predictors of
the disease [140]. In our analysis, LDHA was identified in six secretome studies and only two from
the proteome, suggesting that this enzyme may be secreted to perform its functions in tissues distant
from the primary tumor focus, exacerbating the tumor progression. In addition to its prognostic
role, further studies verifying the biological significance of serum LDHA levels need to be performed.
Therefore, the high expression of glycolytic enzymes combined with their canonical and non-canonical
functions may partly explain the aggressiveness of cancers, such as the pancreatic, influencing different
prognostic outcomes and playing a pivotal role in defining personalized treatments [123,141].

Nucleoside diphosphate kinase A (NME1/NDPK-A) is a tumor suppressor with increased
expression in different PDAC datasets and in other cancers types. The increased expression may be
linked to anticancer mechanisms, as it exhibits anti-metastatic function [142]. Several studies support
our findings, showing that NME1 is highly expressed in pancreatic cancer samples and predicts worse
prognosis in patients [143–145]. Contrary to our results, Liu et al. [146], evaluated the prognostic value
of NME1 by meta-analysis and concluded that negative regulation of NM1 was associated with a
poor prognosis in breast, esophageal, nasopharyngeal, and lymphoma cancer. Negative regulation
and worse prognosis of NME1 was also demonstrated in colon cancer [147]. Further investigations
are needed to clarify the controversy between NME1 expression in other cancer types to address the
relationship between expression and clinicopathological features.

Pancreatic cancer chemotherapeutic resistance is one of the characteristics that make it so
aggressive. Among our protein pool, we found Galectin-1 (LGALS1), a glycan-binding protein
that is highly expressed in PDAC stroma, and a significant contributor to pancreatic cancer
progression [148]. Increased LGALS1 expression in cancer cells such as lung, liver, ovarian, glioblastoma,
and lymphoma has been associated with drug resistance (temozolomide, sorafenib, rituximab,
and cisplatin) [149–156]. Proteins with increased expression in cancers identified here, such as
Galectin-3 (LGALS3), Peptidyl-prolyl cis-trans isomerase A (PPIA), Alpha-enolase (ENO1), L-lactate
dehydrogenase A chain (LDHA), Protein/nucleic acid deglycase DJ-1 (PARK7), and Cathepsin D (CTSD),
also confer resistance to chemotherapy [157–165]. These proteins use PI3K/AKT and AKT/NFKB
pathways to inhibit apoptotic processes and promote survival in cancer cells [149,153,158,159,166,167].
Our results suggest that increased expression of secreted proteins identified in our integrative



Cancers 2020, 12, 716 18 of 31

meta-analysis is also likely to be involved in the chemotherapy resistance processes, which in turn
contributes to cancer progression and pancreatic cancer lethality.

Our meta-analysis used proteomic data, while our validation was performed with TCGA
transcriptomic data. However, only one-third of the RNA species are significantly correlated with
the corresponding proteins in human cells [168]. Thus, it is essential to emphasize that a combination
of different factors influences a direct association between protein levels and their coding transcripts.
These include the availability of a wide range of resources for protein biosynthesis, as well as temporal
and spatial variations resulting from transcriptional and post-transcriptional mechanisms that control
gene expression [26,169,170]. Previous integrated multi-platform analysis in PDAC has revealed
associations of non-coding RNAs with tumor-specific mRNA subtypes [171]. These authors also
showed that the differential regulation of gene expression via DNA methylation and microRNAs
(miRNAs) could also distinguish tumor subtypes [171]. Recently, our research group has provided
data on the role of miRNAs in the regulation of gene networks, including pathways of the adaptive
and innate immune response involved in PDAC [172]. Thus, although transcript levels are not enough
to predict protein levels in different conditions, the expression of 31 genes out of the 39 identified in
our PDAC proteome-secretome meta-analysis was found upregulated in PDAC samples.

The transcripts and proteins identified in our study have the potential to be used in conjunction
with miRNAs to increase the sensitivity and specificity of the PDAC diagnosis. To exemplify this
point, the TIMP1 protein—which was identified in our study—has been indicated along with LCN2
as potential serum markers for the early detection of familial pancreatic cancer [173]. However,
the combination of both LCN2 and TIMP1 with miR-196b was able to distinguish high-grade lesions
and stage I from controls with absolute sensitivity and specificity [174]. Also, in accordance with
our data, plasma extracellular vesicle long RNA profiling has identified a diagnostic signature,
which includes the TIMP1 transcript, for the detection of pancreatic cancer [175]. This increased
detection of TIMP1 transcript and protein might be partially explained by the effects of miRNAs such
as miR-221/222 and miR-21. These miRNAs are overexpressed in pancreatic cancer cells, and, as a
result, they promote cellular proliferation, invasion, and chemoresistance by targeting TIMP-2 or
inducing the expression of the invasion-related genes matrix metalloproteinase-2 and -9 [176,177].

The additional TCGA cancer types that we analyzed also shared many upregulated genes of the
39 secretome-related proteins, indicating that, at least in part, these tumors may share programs that
promote oncogenesis and cancer progression. Some studies suggest that cancer may be categorized by
gene and protein expression patterns of the secretome since similarities are observed between tumors
originating from different tissues [134,178,179]. An explanation for these similarities is proposed by
Robinson et al. [179], which shows a potential mechanism by which cancer cells relieve secretory stress
by decreasing tissue-specific gene expression, facilitating the secretion of invasion-promoting proteins
and proliferation. Recently, we have demonstrated that tumor types highly associated with cachexia
share a high number of upregulated secretome genes [178]. These observations are in accordance
with our findings since only PRSS1 was explicitly expressed in the normal pancreas among the 39
proteins that we identified. However, it is important to note that ARHGDIA (Rho GDP-dissociation
inhibitor 1) and PARK7 (Protein/nucleic acid deglycase DJ-1) are specifically upregulated in PDAC,
and the increased expression of ARHGDIA and PARK7 can be considered as potential biomarkers
of the disease. ARHGDIA—a specific regulator of Rho protein exchange reactions crucial for JNK
pathway—was previously identified by a bioinformatic pipeline that searched for candidate genes
related to pancreatic cancer using protein-protein interactions and a shortest path approach [180].
Also, in accordance with our results, PARK7 was found to be significantly elevated in PDAC [181],
correlated with tumor invasion and worse patients’ outcome, and responsible for promoting invasion
and metastasis of pancreatic cancer cells [182].

Our main contribution using this strategy consists of the selection of secreted proteins identified
in pancreatic cancer proteomic analysis that stratify patients with low and high survival. However,
our study has some limitations that should be pointed out, such as the reuse of proteomic data from



Cancers 2020, 12, 716 19 of 31

studies with different biological samples, different protein fractionation approaches, and different
mass spectrometry techniques employed. Another limitation of our investigation was the use of
proteins present only in the body of the studies, not extending to supplementary data, which could
broaden our range of identified proteins. We also noticed that some proteins identified in our analysis
correspond to high abundance proteins in samples, suggesting that less abundant proteins may not
have been identified by the proteomic techniques used in the studies retrieved by our meta-analysis.
Also, our gene expression and survival analysis were performed in silico with the help of databases and
bioinformatics tools available online, and experimental validation of the secreted proteins identified in
this meta-analysis may help to correlate the results obtained herein with patient’s prognosis. Many of
the observations made in this study were based on functions investigated at the cellular level, but the
molecular mechanisms underlining the secretion of these proteins should be better studied, clarifying
whether they are secreted to perform autocrine or paracrine functions, or if they have different functions
and modes of action in different tissues. Thus, further research is needed to identify the molecular
pathways and contributions of these secreted proteins in the pathophysiology of pancreatic cancer.

Importantly, the molecular subtyping of PDAC is in its infancy and remains without clinically
relevant molecular subtypes [13]. Despite the extensive genomic characterization, gene signatures
have provided limited prognostic information for the disease [183]. However, it is only by assessing
the clinical importance of molecular subtypes that a relevant molecular profile may be identified [13].

4. Materials and Methods

4.1. Integration of Secretome and Proteome Meta-Analysis to Identify Pancreatic Cancer Biomarkers

We integrated two meta-analyses to identify proteins as potential biomarkers of pancreatic cancer:
a meta-analysis of pancreatic cancer secretome and meta-analysis of pancreatic ductal adenocarcinoma
proteome. We searched protein data identified in these studies, published from 2005 to 2017, through
the PubMed Central (PMC) electronic database at the U.S. National Institutes of Health’s National
Library of Medicine (NIH/NLM). The study design of each meta-analysis followed the stages of the
PRISMA statement [184].

4.1.1. Pancreatic Cancer Secretome Meta-Analysis

To search for pancreatic cancer secretome studies, we used the following keywords: pancreatic
cancer, pancreatic cancers, pancreatic neoplasm, pancreas cancer, pancreas cancers, cancer of the
pancreas, cancer of pancreas and secretome, “cell secretome”, “cancer secretome”, “secretome analysis”,
“secretome proteomic”, “secretome proteomics”, “secretome profiling”, “secretome mass spectrometry”,
“microvesicles and proteome”, “microvesicles and proteomic”, “microvesicles and proteomics”,
“microvesicles and protein profiling”, “microvesicles and mass spectrometry”, “exosome and proteome”,
“exosome and proteomic”, “exosome and proteomics”, “exosome and protein profiling”, “exosome and
mass spectrometry”, apoptotic bodies and proteome, apoptotic bodies and proteomic, apoptotic bodies
and proteomics, apoptotic bodies and protein profiling, apoptotic bodies and spectrometry, extracellular
vesicles and proteome, extracellular vesicles and proteomic, extracellular vesicles and proteomics,
extracellular vesicles and proteomics, extracellular vesicles and protein profiling, extracellular vesicles
and mass spectrometry, "secreted proteins" and proteome, "secreted proteins" and proteomic, "secreted
proteins" and proteomics, "secreted proteins" and spectrometry mass, conditioned medium and
proteome, conditioned medium and proteomic, conditioned medium and proteomics, "conditioned
medium and protein profiling“, conditioned medium, and spectrometry mass. The criteria for study
inclusion in this meta-analysis were: proteomic studies in pancreatic cancer samples (tumor tissue
or pancreatic sulcus) or pancreatic cancer cell lines; only mass spectrometry studies were considered,
and only data with statistical significance were included for the integrative analysis. Studies were
excluded if they did not meet the criteria mentioned above, conducted in non-pancreatic cancer,
reviews, studies with treatments prior to proteomic analysis, studies without proteomic analysis,
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in silico studies, unpublished studies, and studies published before 2005. As this analysis revealed
that most studies involved in PDAC, we performed a meta-analysis of the proteome using only this
histological type.

4.1.2. Pancreatic Ductal Adenocarcinoma Proteome Meta-Analysis

To search for PDAC proteome studies, we used the following keywords: “pancreatic ductal
adenocarcinoma” and proteome, “pancreatic ductal adenocarcinoma” and proteomic, “pancreatic
ductal adenocarcinoma" and proteomics, “pancreatic ductal adenocarcinoma" and “protein profiling”,
and “pancreatic ductal adenocarcinoma” and mass spectrometry. The following criteria were used to
include studies in this meta-analysis: proteomic studies in human pancreatic ductal adenocarcinoma
samples, only mass spectrometry studies were considered, studies that included normal tissues for
comparison (case-control), and only data with statistical significance were included for the integrative
analysis. Studies were excluded if they did not meet the criteria mentioned above or were studies
on pancreatic ductal non-adenocarcinoma cancers, reviews, studies on experimental models, studies
with treatments prior to proteomic analysis, studies without proteomic analysis, studies without
case-control, studies without full access, in silico studies, protocols, and studies published before 2005.

4.2. Extraction of Meta-Analysis Data and in Silico Confirmation of Secreted Proteins

The studies were independently analyzed, and those that met the inclusion criteria were selected.
The following information was extracted from each study: (1) study details: authors, year of publication,
scientific journal, experimental model, mass spectrometry technique used, and validation strategies;
(2) outcome measures: the proteins identified by the selected studies were tabulated to a Microsoft
Excel file, mapped to the same gene symbol, and those identified simultaneously in two or more
studies were selected for the study. The proteins shared between the two meta-analyses were identified
by a Venn diagram tool (http://bioinfogp.cnb.csic.es/tools/venny/).

To confirm that all proteins commonly identified in the meta-analysis (secretome and proteome)
are secreted, their amino acid sequences (FASTA file) were obtained from the UniProtKB database
from the UniProt consortium. Next, the amino acid sequences or symbols of each protein were used to
predict secreted proteins using the online tools SignalP 4.1, SecretomeP 2.0, TargetP 1.1, TMHMM v. 2.0,
Vesiclepedia e Exocarta [94–97,99,100]. The SignalP 4.1 server has selected classically secreted proteins
that have the signal peptide and D value above 0.45 [94]. The predicted proteins belonging to the
non-classical secretion pathway without signal peptide were selected with the aid of the SecretomeP
tool, and the cut-off point used was the neural network score (NN) >0.6 [95]. The Vesiclepedia and
Exocarta databases were used to designate secreted proteins in exosomal fractions [96,97]. After secreted
proteins were established by either the classical, nonclassical pathways or exosomes, and these proteins
were challenged on the TargetP and TMHMM servers [99,100] for the exclusion of mitochondrial or
transmembrane helix proteins, respectively.

4.3. Protein-Protein Interaction Network and Gene Ontology Analysis

The proteins identified as secreted were submitted to the STRING database (Search Tool for
Retrieval of Interacting Genes, version 10.5; [101] for the construction of a protein-protein interaction
network and analysis of ontology of pancreatic cancer secretome components. For the construction of
networks, we consider experiments, databases, co-expression, neighborhood, and co-occurrence as
sources of active interaction. The minimum interaction score required was 0.700 (high confidence),
and nodes disconnected from the network were hidden to simplify the display. The PPI enrichment
p-value indicates the statistical significance provided by STRING. For ontology analysis, we consider
the top 15 terms with the lowest False Discovery Rate (FDR). Access in September 2018.

http://bioinfogp.cnb.csic.es/tools/venny/
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4.4. Gene Expression Profile in Pancreatic Ductal Adenocarcinoma

The transcriptional profile of genes encoding proteins identified in our meta-analysis as secreted
in human pancreatic cancer was evaluated in 10 different cancers from the TCGA database [108]
and compared with normal tissues from the TCGA and GTEx [104] databases after being uniformly
processed and unified by Toil Pipeline [103] with the web-based Gene Expression Profiling Analysis
tool (GEPIA) [102]. Differentially expressed genes between tumor samples and normal samples were
determined by one-way ANOVA, applying the log2 fold-change > 1 and q-value <0.01 statistical
cutoffs. These differentially expressed genes were further filtered for genes encoding predicted secreted
proteins obtained from the HPA database (The Human Protein Atlas) [111], for 10 cancer types (PDAC,
HNSCC, ESCC, GC, HCC, Lung AD, Lung SCC, COAD, AML, and BC) and compared with the set of
secreted proteins identified by our meta-analysis. For data visualization, we constructed Heatmaps
and performed Principal Component Analysis (PCA) in the ClustVis web tool [185]. Additionally,
secreted proteins identified with corresponding increased gene expression in pancreatic tumor samples
by GEPIA were submitted to the HPA database aiming at the immunohistochemical analysis of selected
proteins in tumor and normal tissues.

4.5. Prognostic Value of Secreted Protein Translated Transcripts in the Predicting Pancreatic Ductal
Adenocarcinoma Outcome

The SurvExpress database [107] was used for survival analysis and risk assessment in four
different datasets of PDAC patients (PDAC-TCGA [108], PACA-AU—ICGC [109], GSE21501 [19],
GSE28735 [20,79]), and in nine different cancers types from TCGA [108]. This tool allowed the
association between the expression of the 39 secreted genes identified in pancreatic cancer with the
survival of cancer patients using Cox Proportional Risk Regression, according to risk groups estimated
by an optimization algorithm. Morpheus [186] was applied to select the best set of biomarkers from
SurvExpress results, using a clustering analysis based on Euclidian distance.

5. Conclusions

Our integrative secretome and proteome meta-analysis in pancreatic cancer identified a set of
39 secreted proteins as potential biomarkers of the disease. The tumor gene expression profile of
these 39 proteins predicted shorter survival in four different PDAC datasets (TCGA, ICGC, GSE21501,
GSE28735) and nine different cancer types from the TCGA. The differential expression profile of this
set of secreted proteins predicted worse overall survival in cancer patients and may also be used as
potential therapeutic targets by acting on progression and resistance processes of pancreatic cancer.
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Figure S1: Expression profile of 39 secretome genes in normal and tumor tissues from GTEx (Genotype-Tissue
Expression) and TCGA (The Cancer Genome Atlas), respectively, Figure S2: Principal component analysis (PCA) of
39 secretome genes in 10 different tumor types from TCGA compared to their respective normal tissues, Figure S3:
The expression profile of 39 secretome genes by PDAC stratifies patients into low- and high-risk groups, Figure S4:
Validation of secreted protein expression in normal and pancreatic ductal adenocarcinoma (PDAC) tissues using
immunohistochemical staining available at the Human Protein Atlas database, Table S1: Total number of proteins
identified in proteomic studies of pancreatic cancer, Table S2: Secretome proteins (n = 156) identified in two or
more pancreatic cancer proteomic studies, Table S3: Proteins (n = 132) identified in two or more pancreatic cancer
proteomic studies, Table S4: Selected studies and proteins included in the secretome and proteome pancreatic
cancer meta-analyses, Table S5: Verification of secretion nature of 43 proteins, Table S6: The Cancer Genome
Atlas (TCGA) and The Genotype-Tissue Expression (GTEx) samples used for gene expression analyses, Table S7:
Expression of 39 secreted proteins based on samples from four different PDAC tumor data sets predicts poor
overall survival, Table S8: Secretome genes with increased expression in high-risk groups from different datasets
for PDAC in SurvExpress, Table S9: The expression of 39 secreted proteins based on The Cancer Genome Atlas
(TCGA) tumor samples predicts poor overall survival.
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