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Computational Analysis of Phosphoproteomics Data in
Multi-Omics Cancer Studies

Giulia Mantini, Thang V. Pham, Sander R. Piersma, and Connie R. Jimenez*

Multiple types of molecular data for the same set of clinical samples are

increasingly available and may be analyzed jointly in an integrative analysis to

maximize comprehensive biological insight. This analysis is important as

separate analyses of individual omics data types usually do not fully explain

disease phenotypes. An increasing number of studies have now been focusing

on multi-omics data integration, yet not many studies have included

phosphoproteomics data, an important layer for understanding signaling

pathways. Multi-omics integration methods with phosphoproteomics data are

reviewed in the context of cancer research as well as multi-omics methods

papers that would be promising to apply to phosphoproteomics data. Analysis

of individual data types is still the major approach even in large cohort

proteogenomics studies. Hence, a section is dedicated on possible integrative

methods for multi-omics and phosphoproteomics data. In summary, this

review provides the readers with both currently used integrative methods

previously applied to phosphoproteomics and multi-omics data integration

and other algorithms for multi-omics data integration promising for future

application to phosphoproteomics data.

!. Introduction

In the era of comprehensive, unbiasedmolecular profiling, global
analysis of post-translational modifications is of high interest for
obtaining functional insights. One of the most common post-
translational modifications that is involved in cell regulation and
intracellular signal transduction is reversible protein phosphory-
lation catalyzed by protein kinases.[! ] Through site-specific phos-
phorylation of protein substrates, kinases may modulate pro-
tein conformation, subcellular localization, protein–protein in-
teraction, and signaling important for development, survival,
and growth of all living beings. Importantly, signaling via tyro-
sine kinases is often deregulated in cancer as these enzymes
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mediate most growth and survival signal-
ing in multicellular organisms.[",# ] This
knowledge has led to the development
of selective kinase inhibitors and im-
portant clinical achievements in cancer
therapy. Examples of clinically success-
ful kinase inhibitors include imatinib to
block BCR-ABL fusion kinase in chronic
myeloid leukemia,[$ ] trastuzumab for
ERBB" blockade in HER"-positive breast
cancer,[% ] crizotinib for ALK inhibition in
anaplastic lymphoma,[& ] and gefitinib to
inhibit EGFR activity in lung cancer.[' ]

In recent years, focus in precision
medicine has shifted from identifica-
tion of single genomic events to a
more comprehensive assessment of tu-
mor biology through integration of ge-
nomic, transcriptomic, and proteomic
data.[(–!) ] In this context, integration of
mass spectrometry-based phosphopro-
teome data is especially relevant, yet has
only been explored in a limited number

of studies.[!!–!' ] Advances in the past decade in biochemical
procedures for phosphopeptide enrichment, mass spectrometry
technology, and computational approaches for phosphosite iden-
tification and quantification[!(–") ] have enabled the application of
phosphoproteomics for the large-scale analysis of clinical mate-
rials. Currently, phosphoproteome data analysis and its integra-
tion into a multi-omics framework are challenging. Many tools
simply collapse quantitative information frommultiple phospho-
sites into a single protein phosphorylation value. This approach
does not do justice to the site-specific phosphorylation behavior
involved in signaling networks. Di*erent sites in a protein have
di*erent functional consequences (e.g., activating vs inhibiting
phosphosites) that need to be preserved in multi-omics data in-
tegration.
In this review, we describe current methods and tools for

phosphoproteomics analysis as well as promising new meth-
ods for the integration of phosphoproteomics with other –
omics data, taking into account the enormous complexity of the
data.

#. Complexity of Phosphoproteome Data

Almost %)) ))) phosphorylation sites are included in
databases such as PhosphoSitePlus (PSP)["! ] and approxi-
mately %)) kinases and ")) phosphatases are encoded in the
human genome["","# ] that enable rapid regulation. Protein
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phosphorylation leads to a reversible cascade of signaling events
important for cell maintenance, proliferation, and survival.
One kinase or phosphatase may have multiple substrates.
These substrates can be phosphorylated at serine, threonine,
or tyrosine residues.[!" ] Each site may be targeted by several
kinases, depending on sequence context, resulting in an intri-
cate network of kinases, target proteins, and phosphatases.[!# ]

Bioinformatics tools such as PhosphoPredict,[!$ ] NetworKIN,[!% ]

and Phospho.ELM[!& ] are able to predict kinase-specific sub-
strates based on motif analyses, yet functional annotation of the
majority of phosphosites is incomplete. Thus, most research to
date has been restricted to clustering and enrichment methods.
These two methods group detected sites according to their quan-
titative behavior (clustering) and relate the mapped proteins
to cellular processes like canonical pathways, transcriptional
networks, or disease mechanisms via statistical testing against
databases (enrichment). Another limitation is that modeling of
phosphoproteomics networks is usually limited to few compo-
nents (<#') where phosphosite information is collapsed into
peptides or phosphoproteins[!# ] prior to obtaining functional
annotation.[!( ] Thus, the phosphosite information is usually lost.

!. Current State-of-the-Art in Phosphoproteomics
Data Analysis

!.". Quantitative Phosphoproteomics

To enable optimal detection in large-scale mass spectrometry-
based phosphoproteomics experiments, phosphopeptides need
to be enriched from the cell lysate after tryptic digestion.
Global phosphopeptide enrichment (phosphoserine, phospho-
threonine, and phosphotyrosine) is achieved using a)nity purifi-
cationmaterials, including titanium dioxide beads (TiO!)

[*'–*! ] or
immobilized metal a)nity chromatography (IMAC) resins like
Ti-IMAC[** ] and Fe(III)-IMAC.[*" ] Phosphotyrosine-containing
peptides can be enriched specifically using selective sequence-
context independent antibodies including "G+', pY!', and
pTyr-+'''.[*# ] After enrichment, phosphopeptides are submit-
ted to C+& nano-liquid chromatography coupled on-line to high-
resolution/high mass accuracy tandem mass spectrometry for
phosphopeptide identification and phosphosite localization. For
phosphoproteomics, several fragmentation methods have been
reported, including collision-induced (CID) fragmentation and
higher-energy dissociation (HCD) that both su,er from neu-
tral loss of threonine and serine phosphopeptides and electron-
transfer dissociation (ETD) and combinations like EtHCD that
result in more complete phosphopeptide sequence coverage.[*$ ]

Following LC-MS/MS data acquisition, peptides and phospho-
peptides are identified by a search engine like MaxQuant[*% ] or
Mascot.[*& ] Correct phosphosite localization, assigning a phos-
phorylation probability to each potential phosphosite (serine,
threonine, or tyrosine) in a given phosphopeptide, requires op-
timized algorithms like A-score,[*( ] MaxQuant PTM-score,["' ]

PhosphoRS,["+ ] or Mascot delta score.["! ] Upon phosphopeptide
identification and phosphosite localization, di,erential analysis
or pathway mapping requires phosphopeptide or site quantifi-
cation. Several proteomics strategies are available for accurate
and precise phosphorylation quantification, including label-free
quantitation, stable-isotope in cell culture (SILAC), and isobaric

labeling like iTRAQ and TMT, and their relative performance
has been assessed showing label-free quantitation and SILAC to
be most accurate in a mixed-species analysis while TMT MS!
resulted in the deepest data at the expense of accuracy due to
ratio-compression.[!' ] Label-free quantitation is advantageous for
large-scale clinical proteomics of heterogeneous samples and al-
lows for single sample kinase activity analysis methods like inte-
grative inferred kinase activity (INKA) discussed in Section *.!.!
of this review. Recently, label-free phosphosite quantitation has
been developed for data-independent analysis (DIA) and now in-
cludes a dedicated site localization algorithm that shows superior
performance in phosphosite depth and quantitative accuracy over
data-dependent analysis (DDA).["* ]

!.#. Strategies for Kinase Activity Analysis

To determine kinase activities and nominate drug targets, several
kinases ranking approaches have been previously described and
can be characterized as group-based or single sample approach.
For both approaches, dedicated data visualization is key.

!.".#. Group-Based Analysis Tools

A substrate-centered approach to infer upstream kinase activity
named kinase-enrichment analysis (KEA) was first reported by
Lachmann et al.["" ] in !''% and further improved into kinase-
substrate enrichment analysis (KSEA) to systematically infer the
activation of given kinase pathways by Casado et al. in !'+*. This
computational approach was then converted into a web-based
tool by Wiredja et al. in !'+%.["#,"$ ] To identify the substrates for
each kinase, the KSEA App sources K-S annotations from PSP[!+ ]

by default, but users have the option to include NetworKIN anno-
tations adjusting the inclusion stringency. In !'+", another tool
named PSEA (phosphorylation set enrichment analysis) was re-
leased from Suo et al.,["% ] where kinases characteristic of all col-
lected disease-related phosphorylation substrates were analyzed
using a kinase-specific predictionmethod. In the same year, Wei-
dner et al.["& ] developed PHOXTRACK (phosphosite-X-Tracing
analysis of casual kinases). In contrast to the other tools, this
user-friendly software uses the full set of quantitative proteomics
data and applies non-parametric statistics to calculate di,erences
in phosphosites based on di,erent biological conditions. Re-
cently, Mischnik and colleagues introduced a machine-learning
approach named inference of kinase activities from phosphopro-
teomics (IKAP)["( ] to estimate the activities of all kinases that are
known to phosphorylate at least one phosphosite in a phospho-
proteomics dataset. In contrast to KSEA, the output of IKAP is
not only a score for the activity of a kinase, but also a value rep-
resenting the strength of a kinase–substrate interaction in the
investigated cell type.
Next to scoring kinase activity, visualizing kinases in a sig-

naling pathway is also of great relevance. Pathway analysis
of post-translational modifications (PTM) data is typically per-
formed at a gene-centric level because of the lack of appropri-
ately curated PTM signature databases. In !'+(, Krug and col-
leagues presented the first version of PTM Signature Database
(PTMSigDB).[#' ] The database contains a rich data source consist-
ing of site-specific signatures of perturbations, kinase activities,
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and signaling pathways curated from more than !"## publica-
tions. The authors adapted the single sample Gene Set Enrich-
ment Analysis approach to utilize PTMSigDB for a PTM Signa-
ture Enrichment Analysis (PTM-SEA) of quantitative MS data.
PTMSigDB is the only available tool able to run a pathway en-
richment analysis related to phosphorylated sites. The result is
similar to a regular gene-set enrichment analysis where enriched
pathways are ranked based on false discovery rate (FDR) score.
The tool can only be applied for a group-comparison experiment.

!.".". Single-Sample Analysis Tools

To pinpoint hyperphosphorylated kinases as drug targets, Rikova
et al.[! ] performed large-scale phosphoproteomics of !!## lung
cancer cell lines and clinical samples and sorted tyrosine kinases
in single cancer samples on the basis of the sum of the spec-
tral counts for all phosphopeptides attributed to a given kinase.
The phosphokinases were then ranked by dividing the sum of
phosphopeptide spectral counts by the number of samples with
“non-zero” counts. Using this simple but e$ective approach, this
pioneering !##% study identified known and novel oncogenic ki-
nases in lung cancer. This type of analysis can be performed in
individual samples, but is limited by a focus on phosphorylation
of the kinase itself, and does not include its substrates.
Recently, two tools have been reported to infer kinases ac-

tivities in a single-sample manner: kinase activity ranking us-
ing phosphoproteomics data (KARP) (Wilkes et al., !#&%) and
INKA (Beekhof et al., !#&'). KARP measures the net kinase ac-
tivity as the sum of the intensities of its known substrates rel-
ative to the sum of the intensities of all phosphorylation sites
present in the dataset. The result of such analysis is called K-

score. INKA combines label-free kinase-centric (phosphokinase
and activation loop data) and substrate-centric information from
NetworKIN and PhosphoSitePlus to rank kinase activity (INKA
score) in a single sample manner. INKA has been extensively
benchmarked and applied, demonstrating that INKA scoring
can i) identify oncogenes in cancer cell lines with known ge-
nomic aberrations, ii) identify di$erential kinase activity in mod-
els (wild-type vs mutant, +/! drug) and clinical samples (pre-
and on-treatment tumor needle biopsies), iii) be correlated to
drug sensitivity data, and iv) enable drug selection. The latter was
shown for patient-derived tumor xenografts with functional test-
ing in organoids by Beekhof et al. !#&'["& ] and for AML cell lines
by Van Alphen et al. !#!#.["! ] The algorithm, easily accessible by
inkascore.org website or in R language, requires MaxQuant out-
put tables and enables a per-sample visualization of ranked ki-
nase activities as bar graph and kinase–substrate network. More-
over, benchmarking INKA and KARP on a set of cancer cell lines
with drug sensitivity data, INKA outperformed KARP in assign-
ing a highest score to the known drivers.
Besides the extensive attention to kinase–substrate enrich-

ment and kinase activity ranking, the functional role of many
phosphosites remains to be elucidated. Recently, Ochoa et al.["( ]

applied a machine learning approach to public datasets and con-
structed a curated functional landscape of > &## K phospho-
sites. Moreover, Ochoa condensed "' features indicative of pro-
teomic, structural, regulatory, or evolutionary relevance into a
single functional score that can be used to identify regulatory

phosphosites across di$erent molecular mechanisms, processes,
and diseases. This first study can be the basis of future functional
studies in the phosphoproteomics field.

!.".!. Tools for Phospho-Data Visualization

Cytoscape[") ] is the most widely used software for network anal-
ysis and visualization with a well maintained dedicated app
store["" ] with more than "## applications, among which the new
published Cytoscape app “Omics Visualizer”["* ] is particularly
useful for visualizing phosphoproteomics. Researchers and de-
velopers around the world have contributed new functionali-
ties and tailored solutions for a broad range of network-related
projects.
Raaijmakers et al. developed a Cytoscape plugin named “Phos-

phoPath” in !#&".["% ] The app was designed to visualize and an-
alyze quantitative proteome and phosphoproteome datasets by
importing publicly available data and allowing user to visual-
ize specific phosphosites. However, this app can only be used
for group-comparison experiments and data input needs to be
ready upfront following the rigorous app-guidelines. In the fol-
lowing years, Narushima et al. developed another Cytoscape app
“PTMapper” to integrate PPI data with publicly available kinase–
substrate relations at the resolution of phosphorylated amino
acid residues.["+ ] One year later, “PTMOracle” was released from
Tay et al.["' ] allowing the user to visualize and analyze their own
PTM data.
Besides Cytoscape, aforementioned tools such as INKA and

PTM-SEA provide both phospho-data analysis and visualization
(see Section (.!.! for details). Additional tools for phospho-data
visualization and databases sources are listed in Table !.
However, none of the above-mentioned tools reflect su,-

ciently the complexity of the phosphoproteomics layer when an-
alyzing multi-omics data. In many –omics integration studies,
results from phosphoproteomics data are usually shown alone
to avoid complexity in the figure. After accurately describing the
data integration method, a small and centered signaling path-
way is usually shown, highlighting the expression of phospho-
proteins but more often losing the phosphosite information. A
rather complete description and visualization ofmulti-omics data
centered to the phosphoproteome level and more in detail to the
phosphosite information is shown in Figure !. The figure rep-
resents a hypothetical interaction of kinase, phosphatase, and
substrates withmulti-omics information (protein and gene abun-
dances, phosphoproteomics signaling, mutations, and methyla-
tions) making use of kinase activity annotation from already ex-
isting tools such as INKA.

!. Phosphoproteomics Analysis in a Multi-Omics
Context

Recently, multiple studies showed that proteogenomic integra-
tion not only prioritized known genomics targets but also yielded
to novel findings for therapeutic hypothesis generation.[&&–&" ] It
stands to reason that the integration of phosphoproteomics, with
global proteomics and genomics, may provide greater clues to
these signaling events than single omics.
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Table !. Repositories and visualization tools for phosphoproteomics data.

Repositories and visualization tools for phosphoproteomics data

Name Computational
platform

Description Availability Reference

PRIDE Web Proteomics https://www.ebi.ac.uk/pride/archive/ EMBL-EBI & Elixir

LinkedOmics Web TCGA and CPTAC web portal http://www.linkedomics.org/login.php [!" ]

OmicsDI Web Contains data sets from ## repositories

in a common data structure

https://www.omicsdi.org/

cBioPortal Web Data repository, analysis and

visualization

https://www.cbioportal.org [!$ ]

TCPA Web Data repository, analysis and

visualization

https://tcpaportal.org [$% ]

PeptideAtlas

repository

Web Proteomics http://www.peptideatlas.org/repository/ Institute for System

Biology

PathVisio Local Integrative visualization of pathways https://github.com/PathVisio/pathvisio/releases Maastricht

University

G$G Web Collection of commercially available and

free tools for omics analysis

https://www.g$g-softwaredirectory.com Al Shapiro G$G Tech

qPhos Web Curated quantitative phosphoproteome

datasets in human tissues and cell

lines from published literatures

http://qphos.cancerbio.info/index.php [##% ]

PhosphoSitePlus Web Multiple type of phosphosite information https://www.phosphosite.org/homeAction Cell Signalling

Technology

dbPAF Web Integrative database of protein

phosphorylation in animals and fungi

http://dbpaf.biocuckoo.org/index.php [##& ]

PTMapper Cytoscape Integrate PPI data with publicly available

kinase–substrate relations at the

resolution of phosphorylated amino

acid residues

https://github.com/y-narushima/PTMapper ['( ]

iPTMnet Web Integrative bioinformatics approach

combining text mining, data mining,

and ontological representation to

capture rich PTM information,

including PTM enzyme–substrate-site

relationships, PTM-specific

protein–protein interactions (PPIs),

and PTM conservation across species

https:

//research.bioinformatics.udel.edu/iptmnet/

[#)% ]

x%kweb web X%K Web infers upstream regulatory

networks from signatures of

di*erentially expressed genes. X%K

Web produces inferred networks of

transcription factors, proteins, and

kinases predicted to regulate the

expression of the inputted gene list.

https://amp.pharm.mssm.edu/X%K/ [##+ ]

phosphoPath Cytoscape Visualization and analysis of quantitative

proteome and phosphoproteome

datasets. PhosphoPath imports

publically available data from BioGrid,

PhosphositePlus, and Wikipathways.

PhosphoPath further enables PTM

site-specific visualization of

information from quantitative time

series.

http://apps.cytoscape.org/apps/phosphopath ['" ]

PoGo Local PoGo allows the visualization of protein

sequences and the corresponding

gene with mutation, CNV, PTM, and

isoforms in one single environment

(IGV)

http://www.sanger.ac.uk/science/tools/pogo [##' ]
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Figure !. Phosphoproteomics and multi-omics data integration. The upper panel shows di!erent types of –omics data and the main data integration
strategies. The lower panel shows an example of signaling network from multi-omics data. Protein kinases are represented by triangles. Phosphatase
and substrates are shown in circles and squares, respectively. The left side color of the triangle/circle/square represents the gene expression and the
right side color represents the protein expression level. The small circles represent kinase/substrate phosphorylation sites. Green, white, and yellow
diamonds represent missense, no alteration, truncation mutation, respectively. Black triangles represent methylation. Red and blue arrows represent
activation and inhibitory e!ect of the kinase/substrate. Star on the arrows indicates kinase activity based on INKA, KARP, or others kinase activity ranking
tools.

Landmark cancer molecular profiling programs such as ge-
nomics (TCGA)[!" ] and proteomics (CPTAC,[!# ] TCPAv$."[!% ])
provide multi-omics characterization of individual patients.
Combining data from proteomics, phosphoproteomics, and
metabolomics with genomics and transcriptomics helps to prior-
itize disease drivers and channel the attention to specific signal-
ing that can explain the investigated phenotype with the common
goal to improve diagnosis, treatment, and cancer prevention. Ap-
plication studies to the analysis of cancer that include phospho-
proteomics are summarized in Table !.
Below we discuss large scale proteogenomics studies focused

on multi-omics data integration with phosphoproteomics ex-
panding on specific methods based on network modules and
correlation analysis. Moreover, we report on other methods for
multi-omics data integration. Those methods are currently not
applied to phosphoproteomics and multi-omics data and provide
novel opportunities to integrate this data type. Lastly, we men-

tion a list of public multi-omics databases to analyze genomics
and proteomics data without any computational knowledge, thus,
easily accessible to biologists.

".!. Proteogenomics

In a typical proteomics study, mass spectrometry data are
matched against peptide sequences in a reference proteome
database. However, mutated peptides cannot be identified when
using a reference proteomics database. This problem can be
avoided using an updated database that includes human protein
cancer variants[!$ ] or through the integration of multiple data
types, collectively called “proteogenomics”. Proteogenomics in-
tegrates genome, transcriptome, and proteome datasets allow-
ing for correlations of mRNA and protein pairs across samples.
Having a general overview of upstream data (genomics and/or
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Table !. Application studies with phosphoproteomics data integration.

Application studies with phosphodata integration

Data type Title Algorithm Type of cancer Comments Phopsho-data
level

Type of integration Reference

CNV, mutation,

mRNA,

phosphoproteins

Phosphoproteome

Integration reveals

Patient- Specific

Networks in

Prostate Cancer

TieDIE Prostate cancer The TieDIE algorithm

computes a subnetwork of

gene and protein

interactions. The

pathways derived in this

way predict interlinking

genes that may

correspond to essential

components of cancer

signaling

p-Peptide level

collapsed to

kinase

information

with

subsequent

di!erential

analysis

Network based ["" ]

SCNA, mutation,

mRNA, proteins,

phosphoproteins

Proteogenomic

Analysis of Human

Colon Cancer

Reveals New

Therapeutic

Opportunities

/ Colon cancer Proteogenomic integration

not only prioritized

genomically inferred

targets, such as

copy-number drivers and

mutation-derived

neoantigens, but also

yielded novel findings.

This study demonstrated

the utility of

proteogenomics in

therapeutic hypothesis

generation

p-Site level and

association

with

mutational

status

/ ["# ]

Mutation, CNA,

mRNA, proteins,

phosphoproteins

Integrated

Proteogenomic

Characterization of

HBV- Related

Hepatocellular

Carcinoma

/ HBV-related

hepatocellular

carcinoma

joint random forest to join

two co-expression

networks

p-Protein level ["$ ]

mRNA, epigenomics,

proteins,

phosphoproteins

Identification of

Therapeutic Targets

in Rhabdomyosar-

coma through

Integrated

Genomic,

Epigenomic, and

Proteomic Analyses

WCGNA Rhabdomyosarcoma WGCNA with DE protein

and DE phopshosite

p-Site level ad hoc gene ranking ["% ]

DNA, mRNA,

proteins,

phosphoproteins

Proteogenomic

Characterization of

Human Early- Onset

Gastric Cancer

iClusterPlus,

orthogonal

non-negative

matrix

factorization

(ONMF),

PLS-DA

Gastric cancer iClusterPlus on DE mRNA,

proteins,

phosphoproteins, and

PLS-DA to identify

association of

phosphopeptide

mutations

MAD score on

p-peptide

level

matrix-factorization/

cluster modeling

["& ]

mRNA,

phosphoproteins

Integrated

Phosphoproteome

and Transcriptome

Analysis Reveals

Chlamydia-Induced

Epithelial-to-

Mesenchymal

Transition in Host

Cells

/ Chlamydiaa) p-Peptides in Motif-X for

kinase upstream

regulators.

Kinase-substrate

prediction for up- and

down-regulated

phosphosites

p-Peptide and

p-site

/ ['' ]

(Continued)
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Table !. Continued.

Application studies with phosphodata integration

Data type Title Algorithm Type of cancer Comments Phopsho-data
level

Type of integration Reference

WXS and

phosphoproteins

Proteogenomic

systems analysis

identifies targeted

therapy resistance

mechanisms in

EGFR-mutated lung

cancer

Dcglob EGFR-mutated lung

cancer

A modified version of the

previously published

algorithm DCglob

Di!erential

covariances

of p-sites

/ ["## ]

DNA-seq, mRNA,

phosphoproteins

Linking Proteomic and

Transcriptional Data

through the

Interactome and

Epigenome Reveals

a Map of

Oncogene-induced

Signaling

Prize-collecting

Steiner tree

(PCST)

GBM An important aspect of the

PCST algorithm is that it

is able to naturally

account for missing data

and false positives. As a

result, the final networks

are compact, enriched for

functionally relevant

proteins and the most

reliable interactions that

include these proteins,

and can be used to guide

subsequent experiments.

p-Peptide level Network based [$% ]

mRNA, proteins,

phosphoproteins

Integrated systems

biology analysis of

KSHV latent

infection reveals

viral induction and

reliance on

peroxisome

mediated lipid

metabolism

Prize-collecting

Steiner tree

(PCST)

Kaposi’s Sarcoma

associated

Herpesvirus

This algorithm identifies

Steiner nodes, which are

proteins that were not

implicated in the

proteomic or TF analyses

but form crucial

connections between

other important proteins.

From OmicsIntegrator R

package

p-Peptide level Network based [$& ]

mutation, CNA,

mRNA, proteins,

phosphoproteins

Proteogenomics

connects somatic

mutations to

signaling in breast

cancer

Consensus

clustering

Breast cancer The breadth and depth of

proteomic and

phosphoproteomic

analyses displayed in this

study demonstrates the

strength of

mass-spectrometry-based

proteomics

p-Site level Correlations [%' ]

mRNA, proteins,

phosphoproteins

Reconstructing

targetable pathways

in lung cancer by

integrating diverse

omics data

Abundance

score and

Prize-

Collecting

Steiner Tree

(PCST)

Non-small cell lung

cancer

Using this approach on "(

KRAS-mutant NSCLC cell

lines known to be

KRAS-Dep or KRAS-Ind,

our integrative analysis

nominated ""' proteins

that were di!erentially

abundant between these

two groups

(Hochberg-adjusted

p-value < #.#')

p-Protein level Network based [)# ]

Mutation, CNV,

mRNA, proteins,

phosphoproteins

Proteogenomic

integration reveals

therapeutic targets

in breast cancer

xenografts

/ Breast cancer Collapsed the phosphosites

to gene-level

phosphorylation values by

averaging the phosphosite

expressions observed for

each gene and converted

to z-score

p-Site to

gene-level

/ ["#" ]

(Continued)
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Table !. Continued.

Application studies with phosphodata integration

Data type Title Algorithm Type of cancer Comments Phopsho-data
level

Type of integration Reference

mRNA, proteins,

phosphoproteins

Proteomic and

phosphoproteomic

comparison of

human ES and iPS

cells

/ Pluripotent stem

cellsa)
Grouped peptides

containing multiple sites

with other peptides

containing the exact same

combination of sites.

Therefore, we presented a

list of phosphorylation

isoforms rather than a list

of phosphorylated sites

From p-site to

p-isoforms

/ [!"# ]

WES, mRNA,circRNA,

miRNA, proteins,

phosphoproteins

Proteogenomic

Characterization of

Endometrial

Carcinoma

/ Endometrial

carcinoma

Kinase activity measure and

p-peptide collapsed to

gene-level for PTM-outlier

p-Peptide

collapsed to

gene-level for

PTM-outlier

/ [!"$ ]

Methylome, mRNA,

proteins,

phosphoproteins

Aberrant ERBB%-SRC

Signaling as a

Hallmark of Group

%Medulloblastoma

Revealed by

Integrative

Phosphoproteomic

Profiling

Similarity

network

fusion (SNF)

Medulloblastoma This method, described in

(Wang et al., #"!%),

consists of first

constructing

patient-to-patient

similarity networks for

each of the available data

types and, in a second

step, e&ciently integrating

and fusing them into a

final consensus network.

p-Peptide level Network based [!"% ]

Methylation, mRNA,

proteins,

phosphoproteins

Proteomics,

Post-translational

Modifications, and

Integrative Analyses

Reveal Molecular

Heterogeneity

within

Medulloblastoma

Subgroups

Prize-collecting

Steiner tree

(PCST)

Medulloblastoma / p-Peptide level Network based [!' ]

mRNA, proteins,

phosphoproteins

Insights into Impact of

DNA Copy Number

Alteration and

Methylation on the

Proteogenomic

Landscape of

Human Ovarian

Cancer via a

Multi-omics

Integrative Analysis

iProFun Ovarian cancer iProFun takes as input the

association summary

statistics from associating

CNAs and methylations of

genes to each type of

cis-molecular trait, aiming

to detect the joint

associations of DNA

variations and molecular

traits in various

association patterns

p-Protein level Multiple linear

regression

[!( ]

Genome, methylome,

mRNA, miRNA,

proteins,

phosphoproteins

A multi-omic analysis

of human naïve

CD%+ T cells

/ Human naïve CD%+

T cells

/ p-Site level / [!") ]

Proteins,

phosphoproteins

Integrating proteomic

and

phosphoproteomic

data for pathway

analysis in breast

cancer

/ Breast cancer Integration of proteomics

and phosphoproteomics

data to perform pathway

analysis

p-Protein level / [!"' ]

(Continued)
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Table !. Continued.

Application studies with phosphodata integration

Data type Title Algorithm Type of cancer Comments Phopsho-data
level

Type of integration Reference

Proteins,

phosphoproteins

Integrated analysis of

global proteome,

phosphoproteome,

and glycoproteome

enables

complementary

interpretation of

disease-related

protein networks

/ Gastric cancer / p-Peptide level / [!"# ]

mRNA, proteins,

phosphoproteins

A System-wide

Approach to

Monitor Responses

to Synergistic BRAF

and EGFR Inhibition

in Colorectal Cancer

Cells

/ Colorectal cancer / p-Site level / [!"$ ]

CNA,

mRNA,proteomics,

phosphoproteomics

Integrated

Proteogenomic

Characterization of

Human High-Grade

Serous Ovarian

Cancer

WCGCNA for

subtype

clustering

and

spearman

correlation for

proteomics

and CNA

Ovarian cancer / p-Peptide level / [%% ]

a)Epidemiologically associated with cervical and ovarian cancers.

transcriptomics) and downstream data (proteomics and/or phos-
phoproteomics) facilitates understanding how post-translational
modifications and specific signaling pathways are altered by up-
stream events such as genetic variants (eQTL), microRNAs, or
copy number aberrations. We will now focus on large-scale pro-
teogenomics studies that include phosphoproteomics data and
their application methods.
In !"#$, Zhang and colleagues[%$ ] performed the first large-

scale proteogenomics study analyzing proteomes of &' colon and
rectal tumors previously characterized by TCGA. This analysis
demonstrated how proteomics data can enable prioritization of
cancer drivers in amplified genomic regions and enable identifi-
cation of proteomic subtypes, that were only partially overlapping
with transcriptomics-based subtypes. These proteomics subtypes
also associate di(erently to clinical outcome. The phosphopro-
teomic information layer was generated in subsequent cancer
proteogenomic studies of the Clinical Proteomic Tumor Analysis
Consortium (CPTAC) network. Vasaikar et al. performed a deep
molecular characterization of human colon cancer and paired
normal adjacent tumors showing that proteogenomic integration
may correct inaccurate genomics data-based inferences and lead
to unexpected discoveries and therapeutic opportunities.[#! ] This
proteogenomic study not only prioritized genomically inferred
targets but also provided novel findings. Phosphoproteomics
data associated Rb phosphorylation with increased proliferation

and decreased apoptosis suggesting this protein known as tumor
suppressor also plays a role as a putative cancer driver.
Other large-scale proteogenomics studies of the CPTAC net-

work that included phosphoproteomics focused on breast, liver,
and ovarian cancer.[%$–%% ] Mertins and colleagues described the
integration of genomic and (phospho)proteomics information
of #"' genomically annotated breast cancers. This analysis also
showed the power of proteogenomics to pinpoint novel onco-
genic driver genes. First, mRNA and protein/phosphoprotein
abundance correlations for each gene/protein pair were ana-
lyzed. Identified proteins were mapped to gene names while
phosphosites were aggregated to their corresponding protein
identifier by calculating the median log-ratio for all sites aris-
ing from the protein. Phosphoproteins collapsed to gene names,
were subjected to single sample GSEA (ssGSEA) and resulted
pathwayswere clustered by consensus clustering (same approach
was used for proteomics). This multi-omics analysis revealed
metabolic functions such as amino acid, sugar, and fatty acid
metabolism, particularly enriched among positively correlated
genes whereas ribosomal, RNA polymerase, and mRNA splic-
ing functions were negatively correlated. An extra analysis was
performed for phopshoproteomics: outlier kinase analysis that
was carried out to compare the kinase at the level of DNA, RNA,
and protein expression within each sample. In this breast can-
cer study,[%' ] only the phosphoproteome data shed light on a
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G-protein-coupled receptor cluster that was not easily identified
from transcriptomics data.
Gao et al. demonstrated that phosphoproteome integration

into a multi-omics context of proteomics, transcriptomics, and
genomics data revealed alterations of metabolic pathways among
the most dramatic di!erences between tumor and non-tumor
hepatitis B virus (HBV)-related liver tissues. These results were
given by functional analysis done on the subtype classifications
based on transcriptomics, proteomics, and phosphoproteomics
data. Again, the data streams were analyzed first separately, then,
significance was estimated of the pathway enrichment scores
across the datasets using limma statistics to get a single final
score for each pathway. Together with metabolic alterations, pro-
liferation and microenvironmental dysregulation signaling strat-
ified patients into three distinct liver cancer subgroups.["# ]

Zhang and colleagues presented a proteogenomic integration
on "$% high-grade ovarian carcinomas yielding to several in-
sights regarding: i) copy-number alterations that influence the
proteome; ii) proteins associated with chromosomal instability;
iii) patient stratification by specific protein acetylations. Consen-
sus clustering was applied to compare proteomics subtypes to
previous subtypes identified by TCGA. Phosphoproteomics data
were mainly used to compare pathway activity between short and
long survivors. To avoid the issue of ranking pathways based
on phosphopeptides unique to a single pathway and phospho-
peptides that map to proteins shared between pathways, Zhang
and colleagues performed two analyses: one of all proteins as-
sociated with specific pathway and a second analysis in which
proteins shared between multiple pathways were excluded. Next,
they ranked the pathways based on proteomics, transcriptomics,
and CNA information. The results of this parallel analysis ofmul-
tiple data types showed that RhoA signaling, PDGFRB, integrin-
like kinases, NOTCH, and Her& signaling were more active in
patients having short survival. The most significant contribution
was given by phosphoproteomics data. Together, these studies
highlighted the importance of the phosphoproteomics layer for
drug target prediction and association with clinical outcome.
In short, large-scale proteogenomics cancer studies represent

an outstanding resource of multi-omics data and exemplify the
current state-of-the-art in applied integrativemethods. In the next
section, we review more in detail the tools used in integrative
studies when dealing with phosphoproteomics data that have
been applied or not to large scale proteogenomics studies.

!.". Data-Driven Discovery of Signaling Network Modules

Phosphoproteomics can inform on the state of intracellular phos-
phorylation both at the pathways level and at the whole cell level.
Cascades of protein phosphorylation induced by protein kinases
comprise a coremechanism in the integration and propagation of
intracellular signals. Hence, a phosphoproteomics layer is valu-
able in aiding a data-driven discovery of the activation state of
signaling network modules.
IOmicsPASS is a tool to search for predictive subnetworks

consisting of molecular interactions within and between related
omics data types in a supervised analysis setting.['$ ] Based on
user-provided network data and phenotype annotations, iOmic-
sPASS computes a score for each molecular interaction, and

applies a modified nearest shrunken centroid algorithm to the
scores to select densely connected subnetworks that can accu-
rately predict each phenotypic group. IOmicsPASS analysis of
TCGA/CPTAC with phosphoproteomics breast cancer data['$ ]

highlighted a new transcriptional regulatory network underlying
the basal-like subtype as positive protein markers, a result not
seen through analysis of individual omics data.
Another network-based approach is Mixed Network Integra-

tion (MiNETi) developed by Santra et al.['( ] on HeLa cell lines.
This algorithm operates in four stages. First, it analyzes pro-
tein interactome, phosphoproteomics, and transcriptomics data
to reconstruct protein-protein interaction (PPI), kinase-substrate
(KS), and transcription factor (TF)-DNA interaction networks.
These networks are then linked using prior knowledge from PPI
databases to construct integrated networks that can be used to
track signals emanating from multiprotein complexes and are
transmitted via phosphorylation networks to the nucleus, where
they modify the activities of transcriptional regulators to control
changes in gene expression. MiNETi is universally applicable to
datasets where PPI changes regulate gene transcription via phos-
phorylation networks. Santra et al. applied this method to an-
alyze HRAS signaling in HeLa cells from di!erent subcellular
compartments, showing that changes in HRAS protein interac-
tions at di!erent sites lead to di!erent kinase activation patterns
that di!erentially regulate gene transcription. The integrated net-
works provide a topologically and functionally resolved view of
HRAS signaling. They reveal distinct HRAS functions includ-
ing the control of cell migration from the endoplasmic reticulum
and TP)#-dependent cell survival when signaling from the Golgi
apparatus.['( ]

OmicsIntegrator is a software package that takes a variety of -
omics data as input and identifies putative underlying molecular
pathways.['* ] The approach applies advanced network optimiza-
tion algorithms to thousands of molecular interactions to find
subnetworks that best explain the data. These subnetworks con-
nect changes observed in gene expression, protein abundance, or
other global assays to proteins that may not have been measured
in the mass spectrometer due to stochastic sampling, inherent
bias, or noise in measurement. The strength of the approach is
that it reveals unannotated molecular pathways that would not
be detectable by searching pathway databases. The software com-
prises two individual classifiers, Garnet and Random Forest,[$+,$" ]

that can be run together or independently. The tool success-
fully identified heterogeneity in medulloblastoma subgroups,["' ]

samples collected from children’s hospitals in the United States,
highlighting MYC phosphorylation as a prognosis predictor for
medulloblastoma subgroup patients. In Sychev et al.[$& ] a Steiner
forest algorithm from the OmicsIntegrator package was used to
identify altered cellular pathways in Kaposi’s sarcoma associated
herpesvirus demonstrating that such pathways were not found
when analyzing single biology data stream.
Similarity network fusion (SNF) developed by Wang et al.[$# ]

and applied to genomics data of medulloblastoma samples
from Advanced Genomics International Consortium. SNF first
constructs a sample similarity network for each of the data
types and then iteratively integrates these networks using a
novel network fusion method. Working in the sample network
space allows SNF to avoid dealing with di!erent scale, collec-
tion bias, and noise in di!erent data types. Integrating data

Proteomics "#"$, !", !"##$!% © %#%# The Authors. Proteomics published by Wiley-VCH GmbH$%##&$" ($# of $')



36

Chapter 2

www.advancedsciencenews.com www.proteomics-journal.com

in a non-linear fashion allows SNF to take advantage of the
common as well as complementary information in di!erent
data types. Cavalli et al. demonstrated that the algorithm was
able to find intertumoral heterogeneity within medulloblas-
toma subgroups using DNA-methylation and gene expression
data.["# ]

Another method is the prize-collecting Steiner tree problem
(PCST).["$ ] This mathematical model was successfully applied
on GBM data by Huang and colleagues["% ] to find a network of
interactions that link phosphorylation events and di!erentially
transcribed genes. Basically the approach searches for a tree
structure in the interactome. The tree structure can be seen as
a group of connected nodes (e.g., genes, proteins, miRNAs) and
the interactome is usually given a priori using public databases
such as STRING,["" ] MiNT,["& ] and IntACT.["' ] As a result, the
PCST approach searches for a tree structure in the interactome
that connects as many of the experimental data as it can, giving
a score (probability). Briefly, in a large gene–gene or protein–
protein interaction network, PCST attempts to find sub-networks
where many genes are di!erentially expressed. This method
was also applied to address the challenge of data integration
in a study conducted by Balbin et al.,[&( ] where transcriptome,
proteome, and phosphoproteome were profiled in a panel of
non-small cell lung cancer (NSCLC) cell lines to reconstruct a
targetable network associated to KRAS. They first defined an
“abundance-score” combining the -omics data to nominate dif-
ferentially abundant proteins and then used the PCST algorithm
to identify functional sub-networks. Finally, LCK was validated as
critical gene for cell proliferation in KRAS-dependent NSCLCs
and nominated as possible druggable target. Despite the appli-
cation of this method to multiple cancer datasets, this approach
has a limitation of using already pre-defined interaction datasets.
While the Steiner tree algorithm was one of the most adopted
method in proteogenomic studies integrating PTMs with
other -omics, it was always applied to peptide-level phospho-
proteomics data, thereby losing important site-specific PTM
information.

!.". Correlation Analysis

Phosphoproteomics provides a regular datamatrix that can be in-
corporated into existing statistical, integrativemethods.Multiple-
block orthogonal projections to latent structures (OnPLS)[&) ] is a
projectionmethod that simultaneouslymodelsmultiple datama-
trices, reducing feature space without relying on a priori biolog-
ical knowledge and was successfully applied to transcriptomics,
proteomics, and metabolomics data showing multi-level oxida-
tive stress response in early onset gastric cancer.[)$ ]

Data clustering plays an important role in integrative -omics
analysis, for example, the re-classification of a sample based on
its molecular features. iCluster[&* ] is a penalized latent regression
model for joint modeling of multiple types of -omics data. The
result is a unique cluster assignment, which includes all –omics
data. iCluster achieves dimension reduction of the data and is
demonstrated to identify potentially novel subtypes of breast can-
cer and lung cancer.[&+,&# ] Mo et al. developed iClusterPlus,[&$ ]

which is an extension of the iCluster algorithm and incorporates
a diversity of data types, including binary mutation status, mul-

ticategory copy number states (gain/normal/loss), read count se-
quencing data, and continuous data, and adopts tailored model-
ing strategies such as logistic regression, multi-logit regression,
Poisson regression, and standard linear regression. The iClus-
terPlus algorithm has been widely used in subtyping prediction.
A recently published example of multi-omics data integration
with phosphoproteomics data is the early-onset gastric cancer
study from Mun et al.[)$ ] that provided new insights in stratifi-
cation and cancer-subtype biology from &( patients. The method
for subtyping is summarized in Figure ! adapted from publi-
cation. First, subtypes were obtained for each individual omics
data type (transcriptomics, proteomics, phosphoproteomics, N-
glycoproteomics) using orthogonal non-negative matrix factor-
ization (ONMF). The input for ONMF was based on the me-
dian absolute deviation (MAD) value using the top )(% or *(%
of MADs (depending on the data type). This analysis led to the
identification of two RNA subtypes (RNA)-*), four proteomics
subtypes (Prot)-#), three phosphoproteomics subtypes (Phos)-
+), and three N-glycoproteomics subtypes (Gly)-+). The same in-
put data used for clustering of the individual types of data was
used for iClusterPlus (Figure *A). The resulting clustering iden-
tified four di!erent subtypes clearly showing that proteomics and
phosphoproteomics data can further subdivide subtypes ) and *
where RNA data cannot. Two subtypes were associated with best
and worst survival (Figure *B) and the association of these sub-
types to the immune and invasion-related pathways were mainly
identified by phosphorylation (circled P) and glycosylation data
(circled G) (Figure *C). The authors concluded that the identifi-
cation of new subtypes in early-onset gastric cancer was not possi-
ble without the proteomics and phosphoproteomics information.
Particularly, it would be ine,cient to elucidate up-regulation of
signaling pathways in the immune and invasive (RHOA) sub-
types. Taken together, Mun and colleagues showed how a sim-
ple and ready-to-use tool such as iClusterPlus can integrate sev-
eral data types and extrapolate important features for subtype
biology, particularly relevant for patient stratification into drug-
sensitive versus resistance. The latter was computed by predict-
ing drug sensitivity based on phosphorylation of ARID)A, CDH)
(immune-subtype), and RHOA (invasive-subtype). However, this
publication presents some limitations such as the lack of an in-
depth study down to the phosphosite level and a functional vali-
dation of the data.
Recently, a new algorithm named iProFun based on multi-

ple linear regression was presented by Song et al.["& ] to facilitate
screening for cancer drivers and identify proteogenomics func-
tional traits perturbed by DNA copy number alterations (CNAs)
and methylations. This tool takes as input the association sum-
mary statistics from associating CNAs andmethylations of genes
to each type of cis-molecular trait, aiming to detect the joint asso-
ciations of DNA variations and molecular traits in various associ-
ation patterns. Of particular interest are the genes with “cascad-
ing e!ects” on all cis molecular traits of interest and the genes
whose functional regulations are unique at global/phospho pro-
tein levels. Downstream enrichment analysis is also embedded
into this pipeline. Song et al. demonstrated the feasibility of
the algorithm analyzing $"( tumors of ovarian cancer from the
TCGA and CPTAC project. The algorithm was able to iden-
tify CNAs (e.g., AKT)) driving perturbations on mRNA/proteins
levels.
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Figure !. Cancer multi-omics application using the iClusterPlus tool. A) On the left, identification of four subtypes in early-onset gastric cancer from
Mun et al. !"#$. The clustering shows the importance of di%erent datatypes (clusters pre-defined before) for subtype detection. On the right, percentages
in the explained variance with k ranges from ! to #" with k = & the optimal number of subtypes. B) A Kaplan–Meier curve for the predicted subtypes
to enhance clinical relevance. C) Signaling networks for the immune subtype (in blue) and the invasive subtype (in dark-green). Networks are manually
constructed based on protein–protein interaction (PPI) databases. The center and boundary colors of a node represent whether the corresponding gene
and protein were selected as the signatures for the respectively subtypes. Circled P and G of a node indicate that phosphorylated and N-glycosylated
peptides from the corresponding protein were selected as subtype’s signature. Solid arrows are direct activation and dotted arrows indirect activation.

".". Other Opportunities Suitable for Phosphoproteomics
Integration

A number of multi-omics integration methods have not been ap-
plied yet to phosphoproteomics data. Here, we highlight themost
widely used and promising approaches (listed in Table !).
A large number of publications showed the application of

weighted gene correlation network analysis (WGCNA)[!" ] as great
approach to find intramodular hub genes as potential biomarkers
or drug targets (depending on the research question). By select-
ing intramodular hubs in consensus modules, WGCNA can also
be applied to integrative data mining. Besides its extensive use in
integrative biology, there are no publications so far related to the
use of WGCNA and PTM datasets. It would be of a great interest
to see the application ofWGCNA to phosphoproteomics data and
at phosphosite level.
Multi-factor analysis (MFA) is devoted to the simultaneous ex-

ploration of multiple data tables (-omics data types) where the

same individuals are described by several tables of variables. The
aims of MFA are similar to those of PCA. Application of MFA to
single-cell analysis is done with MOFA (multi-omic factor anal-
ysis), a statistical method for integrating multiple modalities of
-omics data in an unsupervised fashion.[!# ] Importantly, MOFA
disentangles to what extent each factor is unique to a single data
modality or is manifested in multiple modalities, thereby reveal-
ing shared axes of variation between the di$erent -omics layers.
Once trained, the model output can be used for a range of down-
stream analyses, including visualization, clustering, and classi-
fication of samples in the low-dimensional space(s) spanned by
the factors, as well as the automated annotation of factors using
(gene set) enrichment analysis, the identification of outlier sam-
ples, and the imputation of missing values.
Meng et al. also provided an extension of common gene set en-

richment analysis (GSEA) tomulti-omics data calledMOGSA.[!! ]

This method does not require filtering data to the intersection of
features (gene IDs); therefore, all molecular features, including
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Table !.Methods and tools available for general data integration.

Methods/tools/framework available for data integration

Name Computational
platform

Description Availability Number of
data types

Type of
integration

Reference

WGCNA R Integrate ! datatypes based on module’s

construction

https://cran.r-project.org/web/packages/

WGCNA/index.html

! Correlation

analysis

["# ]

MixOmics R O$ers a wide range of multivariate

methods for the exploration and

integration of biological datasets with a

particular focus on variable selection

https://www.bioconductor.org/packages/

release/bioc/html/mixOmics.html

Unlimited / [%%& ]

Multiple Dataset

integration

Matlab MDI can integrate information from a wide

range of di$erent datasets and data

types simultaneously (including the

ability to model time series data explicitly

using Gaussian processes)

https://warwick.ac.uk/fac/cross_fac/

zeeman_institute/zeeman_research/

software/

Unlimited Matrix fac-

torization

['! ]

OnPLS Python OnPLS extracts a minimal number of

globally predictive components that

exhibit maximal covariance and

correlation

https://github.com/tomlof Unlimited Correlation

analysis

[%%% ]

MCIA R Identifies co-relationships between

multiple datasets

https://bioconductor.org/packages/release/

bioc/html/omicade(.html

Unlimited Matrix fac-

torization

[%%! ]

Mogsa R Gene set analysis on multiple omics data https://bioconductor.org/packages/release/

bioc/html/mogsa.html

Unlimited Matrix fac-

torization

["" ]

iCluster R Joint Gaussian latent variable models http://www.mskcc.org/mskcc/html/")%*&.cfm Unlimited Matrix fac-

torization

["! ]

MFA R Combine multiple data sets and to add

formalized knowledge

https://cran.r-project.org/web/packages/

FactoMineR/index.html

Unlimited Matrix fac-

torization

MOFA R / Python Method for discovering the principal

sources of variation in multi-omics data

sets

https://github.com/bioFAM/MOFA Unlimited Matrix fac-

torization

["+ ]

MO network

based

R Network-based analysis of omics with MO

optimization

mimomics@itb.cnr.it Unlimited Network

based

['& ]

OmicsIntegrator Web / Python Package designed to integrate proteomic

data, gene expression data and/or

epigenetic data using a protein-protein

interaction network

http://fraenkel-

nsf.csbi.mit.edu/omicsintegrator/ or https:

//github.com/fraenkel-lab/OmicsIntegrator

* Network

based

[#' ]

MiNETi Matlab / Java /

R

Integration of multi-omics datasets that

reconstructs and integrates interaction

data

https://www.sciencedirect.com/science/article/

pii/S!!%%%!(+%'*&!&'"?via%

*Dihub#mmc"

Unlimited Network

based

[#" ]

LinkFinder web Integration and visualization of two -omics

datasets at time

http://www.linkedomics.org/admin.php ! Correlation

analysis

['+ ]

iProFun R Integrative analysis tool to screen for

proteogenomic functional traits

perturbed by DNA copy number

alterations (CNAs) and DNA

methylations

https://github.com/songxiaoyu/iProFun * Linear re-

gression

[+" ]

those that lack annotation may be included in the analysis. The
publication provides a use case of MOGSA on NCI-!" cell lines
panel with transcriptome and proteome data, but can be applied
to more than two –omics data types.
A di#erent approach is given by joint and individual variation

explained (JIVE) that partitions the variations of the multi-omics
data into the sum of three components: $) a low rank approxima-
tion accounting for common variations among -omics data from
all platforms, %) low rank approximations for platform-specific
structural variations, and &) residual noise. JIVE has been ex-

tended to joint and individual clustering analysis (JIC) to simul-
taneously conduct joint and omics-specific clustering on gene ex-
pression and miRNA levels on TCGA breast cancer.['( ]

Network-based multi-objective (MO) optimization is an-
other method to generate networks of biological compo-
nents that incorporate multi-omics information.[(" ] The
MO optimization procedure drives the identification of
networks that are enriched according to several statistical
estimators. The analysis can be applied to di#erent types
of -omics and biological interactions. The authors found
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protein networks that participate in the establishment
of the increased basal di!erentiation observed in breast tu-
mors of BRCA"-mutation carriers. Additionally, they carried out
a network-based comparison among several -omic datasets using
transcriptomic data from two types of breast tumors and the
corresponding epithelial cells. They found a protein network that
shows a strong and coherent (the same direction) di!erential
expression when comparing each tumor with its respective
epithelial tissue.
Finally, Bayesian-methods are particularly well suited for inte-

grating di!erent biological data sources, o!ering a natural set-
ting for integrative analysis including the possibility of incorpo-
rating prior information. In contrast, non-Bayesian approaches
typically assess di!erent data types in a sequential way or are
based on measures of the association between (two) data types
rather than on a joint analysis.[#" ] Multiple dataset integration
(MDI)[#$ ] is a Bayesianmethod for unsupervised integrativemod-
eling of multiple datasets. MDI can integrate information from
a wide range of di!erent datasets and data types simultaneously
(including the ability to model time series data explicitly using
Gaussian processes). Each dataset is modeled using a Dirichlet-
multinomial allocation mixture model, with dependencies be-
tween these models captured through parameters that describe
the agreement among the datasets.

!.". Open Source Software for Multi-Omics Visualization and
Integration

There are open source software platforms that are commonly
used for network or pathways visualization. As mentioned be-
fore, Cytoscape[%& ] is the most common used tool where ded-
icated app such as “Omics Visualizer” is relatively easy-to-use
for multi-omics data visualization. Recently, the Cytoscape com-
munity has released “omics analysis collection.” This app is a
collection of already published apps that enables the user to
generate a base network from STRING,['' ] WikiPathways,[#( ]

and AgilentLiteratureSearch[#& ] and subsequently projects -omics
data on top of them. Afterward, the user is able to perform cluster
analysis and functional enrichment while preferred network and
heatmap can be visualized as well.
Another extendable pathway analysis toolbox is PathVisio.[#% ]

Unlike Cytoscape, PathVisio allows users to visualize -omics
data directly on WikiPathways graphs.[#( ] Moreover, the user can
add/remove specific genes/proteins/metabolites and visualize
the specific expression. This tool is intended only for -omics visu-
alization and can be downloaded from https://pathvisio.github.
io.
Several databases are emerging as data collection, analysis,

and visualization. Databases such as cBioPortal,[#) ] TCPAv(.*,[)$ ]

LinkedOmics,[#' ] and OmicsDI[#+ ] collect multi-omics data pre-
viously characterized by TCGA and CPTAC and provide the
ability to visualize/analyze those data together with your own
data in a comprehensive way. The web portals are easily ac-
cessible via their websites (https://www.cbioportal.org, https:
//tcpaportal.org, http://www.linkedomics.org, and https://www.
omicsdi.org). CBioPortal is the most used website in terms of ge-
nomic data integration. The user can upload their own data and
run basic analysis like gene–gene correlation, survival analysis,
heatmap visualization of di!erent genomics data, and boxplots

related to the expression of a certain gene with specific muta-
tion. While cBioPortal, TCPA, and LinkedOmics relies on TCGA
and CPTAC sample characterization, OmicsDI is a database stor-
ing all data available from several species, tissues, and diseases.
The user can look for a specific disease and select the type of
data to analyze/download. In addition, cBioPortal provides the
option to analyze your own data by installing the instance avail-
able on GitHub (https://github.com/cBioPortal/cbioportal). Nev-
ertheless, none of these visualization tools do justice to phospho-
proteomics data, as they treat the phosphoproteomics layer as
phosphoprotein expression instead of focusing onmultiple phos-
phosites of the protein. At the moment, “Omics Visualizer” is the
only Cytoscape plugin available that shows phopshoproteomics
data at the phosphosite level together with others -omics data.
Here, network connections are based on the STRING database
and not yet customizable for di!erent types of input such as
kinase-substrate relations.

". Concluding Remarks and Outlook

Multi-omics analysis has yielded detailed insights into the hetero-
geneity and complexity of cancers. The main strength of -omics
data integration is the capability to track the information flow
from upstream (epigenomics, genomics) to downstream e!ects
(proteomics, phosphoproteomics, metabolomics). Recent analy-
ses highlighted the importance of phosphoproteome in under-
standing tumor complexity, subtypes, and therapeutic vulnera-
bilities. We have reviewed state-of-the-art methods for analysis
of kinase activities, the latest large-scale proteogenomics stud-
ies with phosphoproteomics data, and bioinformatics methods
where phosphoproteomics data can be treated as another -omics
layer. We have highlighted the importance of multi-omics data vi-
sualization and data portals to enable the incorporation of expert
knowledge in data analysis.
Integration of phosphoproteomics including site-specific pep-

tide information is important. The INKA method for analysis of
kinase activities illustrates the power of bringing to the equation
in-depth knowledge about phosphosites within kinase activation
loops. We expect that research in this direction will benefit from
advances inmass spectrometry-basedmethods formore compre-
hensive site-specific phosphorylation profiling and the ability to
integrate all available phosphorylation datasets for the analysis of
individual patients at hand. Developing new tools for -omics data
integration remains a constant evolving field. The joint e!orts
of mathematicians, physicists, bioinformaticians, and biologists
will allow cancer researchers to obtain more and more detailed
knowledge of tumor complexity, biology, and therapeutic vulner-
abilities.We expect these tools will become available for use in the
clinic, to enable patient stratification and personalized medicine.
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Abstract

Purpose Despite extensive biological and clinical studies, including comprehensive genomic and transcriptomic profiling efforts,
pancreatic ductal adenocarcinoma (PDAC) remains a devastating disease, with a poor survival and limited therapeutic options.
The goal of this study was to assess co-expressed PDAC proteins and their associations with biological pathways and clinical
parameters.
Methods Correlation network analysis is emerging as a powerful approach to infer tumor biology from omics data and to
prioritize candidate genes as biomarkers or drug targets. In this study, we applied a weighted gene co-expression network analysis
(WGCNA) to the proteome of 20 surgically resected PDAC specimens (PXD015744) and confirmed its clinical value in 82
independent primary cases.
Results Using WGCNA, we obtained twelve co-expressed clusters with a distinct biology. Notably, we found that one module
enriched for metabolic processes and epithelial-mesenchymal-transition (EMT) was significantly associated with overall survival
(p = 0.01) and disease-free survival (p = 0.03). The prognostic value of three proteins (SPTBN1, KHSRP and PYGL) belonging
to this module was confirmed using immunohistochemistry in a cohort of 82 independent resected patients. Risk score evaluation
of the prognostic signature confirmed its association with overall survival in multivariate analyses. Finally, immunofluorescence
analysis confirmed co-expression of SPTBN1 and KHSRP in Hs766t PDAC cells.
Conclusions OurWGCNA analysis revealed a PDACmodule enriched for metabolic and EMT-associated processes. In addition,
we found that three of the proteins involved were associated with PDAC survival.

Keywords Pancreaticcancer .Proteinco-expression .Systems
biology . Proteomics .WGCNA . Prognostic biomarkers

1 Introduction

Pancreatic ductal adenocarcinoma (PDAC) is the most com-
mon tumor type of the pancreas with a five-year survival rate
not exceeding 8% [1]. A lack of reliable markers for early
diagnosis, as well as its aggressive metastatic spread are the
main causes of this extremely poor survival rate [2, 3]. The
development of next-generation sequencing (NGS) has enabled
detailed analyses of genomic aberrations and dysregulated gene
expression patterns that underlie tumor development and pro-
gression, with KRAS, TP53, CDKN2A and SMAD4 as major
oncogenic drivers of this disease. As yet, a comprehensive pro-
teomic analysis of clinical PDAC samples is missing.

In recent years, multiple statistical methods and freely
available bioinformatics tools have been developed that can
extrapolate important features from high-throughput data, e.g.
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pinpointing genes associated with clinical parameters such as
cancer status or patient survival [4]. In this context, networks
based on co-expression data [5] have extensively been used to
identify densely interconnected genes associated with pheno-
typic traits. Most of the available algorithms have been ap-
plied to microarray- and RNAseq-based expression data [6,
7]. Using these approaches Tang et al. [8], for example, iden-
tified new prognostic markers in breast cancer. Additionally,
these approaches have been used to search for potential ther-
apeutic targets in small-cell lung carcinoma [9]. More recent-
ly, an integrative analysis of co-expression networks from
proteomics and transcriptomics data in Alzheimer’s disease
revealed protein-specific networks in both asymptomatic and
symptomatic patients [10, 11].

Weighted gene co-expression network analysis (WGCNA)
assumes that the strength of node-to-node connections is best
quantified by measures derived from their correlations. In co-
expression networks for biological data, we refer to nodes as
“genes” or “proteins”. A glossary of network-related terms is
reported in Table 1. Constructing co-expression networks is an
effective way to characterize correlation patterns among
nodes and to infer new biological functions of densely inter-
connected nodes called “modules”. Modules can be related to
external sample traits such as patient survival, recurrence and
disease/health state, in order to discover biomarkers or

therapeutic targets. Such modules are indicated by the Module
Eigenprotein (ME; with a size of 1 ! 20 in the current cohort,
this is the most representative vector of values for that module)
that can be related to external sample traits. In summary, the
goals of a WGCNA analysis are: (i) establishment of real asso-
ciations between proteins (instead of associations based on pre-
vious findings), (ii) identification of pathways specific for the
dataset under analysis, (iii) association of modules to external
information that provide biologically meaningful modules and
(iv) identification of key drivers in relevant modules that may
serve as candidate biomarkers and/or therapeutic targets.

Cancer proteomics aims to uncover the molecular basis of
this devastating disease and to elucidate associated pathway
features that cannot be detected by transcriptomics analyses.
In this study, we report a PDAC proteomics analysis based on
mass spectrometry (MS) data coupled to WGCNA to define
networks of highly correlated proteins with specific functions
associated with patient prognosis. We show that one module
strongly features metabolic pathways and mesenchymal
(EMT) signatures. This co-expression module was found to
be significantly associated with disease-free survival (DFS)
and overall survival (OS). The prognostic value of three key
proteins in this module was validated in an independent cohort
of 82 patients. These three proteins individually or in combi-
nation were able to predict patient survival.

Table 1 Glossary of network-related terms

Term Definition Reference

scale-free topology Description of a cellular network structure in a graph theory concept [20]

co-expression network The edges are determined by the pairwise correlations between two protein expression profiles. [6]

module Module is a cluster of highly interconnected proteins. [6]

connectivity In co-expression networks, the connectivity measures how correlated a protein is with all
other network proteins.

[6]

static tree cut The branches of the hierachical clustering are cut at the same height. This is the most simple
procedure for module identification.

[21]

dynamic tree cut The module are defined by a non-constant cut off on the hierarchical clustering branches.
This approach starts from a static tree cut and iteratively combine or remove proteins
from one module to the other one. The iteration stops only when the modules reach stability.

[21]

adjacency matrix Matrix containing pairwise correlations raised to the power ! of all proteins. [6]

weighted co-expression network The edges of a network are described by weights. In the study, the weight is the correlation
between two proteins raisd to the power !. This is essential to enhance strong correlations
and avoid random noise.

[6]

unweighted co-expression network Network that solely inform you if two proteins are connected or not [6]

signed co-expression network The edges of the network provide the sign of correlation (positive or negative) [6]

unsigned co-expression network The edges of the network do not provide the sign of correlation [6]

direct network The edges of this network described the action of one protein to another one (e.g. protein
A is a kinase that phosphorylates protein B). It gives the direction of the action.

[6]

undirect network The direction of the action is unknown. [6]

module eigenprotein The module eigenprotein ME is a vector with the most representative values of the given
module and corresponds to the first principal component of that module.

[6]

hub gene This term is used as an abbreviation of “highly connected gene” or specifically in this
study, highly connected protein.

[6]

Explanatory table of the main network-related terms including references
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2 Material and methods

2.1 Patient samples

Approval from the Local Medical Ethical committee at the
VU University Medical Center was received (#14038). All
patients provided informed consent for tissue sampling,
clinical data analysis, and molecular analysis. Snap-
frozen tumor samples from 39 patients included between
January 2014 until November 2015 were evaluated by the
Department of Pathology (Amsterdam UMC, Amsterdam).
After pathological revision, 20 samples were eligible for
further analysis. A minimum of 5–10% tumor surface was
needed for further processing in this study. Clinical param-
eters were collected prospectively, OS and DFS data were
obtained from electronic patient records. One patient was
censored for OS analysis, since this patient succumbed to
complications after surgery, defined as mortality within
60 days after surgery.

2.2 Protein isolation from bulk tumor tissue and
sample preparation for mass spectrometry

Protein isolation was performed as previously described [12].
Briefly, protein lysates were separated on pre-cast 4%–12%
gradient gels using the NuPAGE SDS-PAGE system
(Invitrogen, Carlsbad, CA, USA). Gels were fixed in 50%
ethanol/3% phosphoric acid solution, stained with
Coomassie brilliant blue G-250 and then washed and
dehydrated in 50 mM ammonium bicarbonate (ABC) once
and 50 mM ABC/50% acetonitrile (ACN) twice. Gel lanes
were cut into five bands, with each band sliced further into
approximately 1 mm3 cubes. The gel cubes were washed and
dehydrated once in 50 mM ABC and twice in 50 mM ABC/
50% ACN. Subsequently, the gel cubes were reduced in
10 mM DTT/50 mM ABC at 56 °C for 1 h, after which the
supernatants were removed and the gel cubes were alkylated
in 50 mM iodoacetamide/50 mM ABC for 45 min at room
temperature in the dark. Next, the gel cubes were washed with
50 mM ABC/50% ACN, dried in a vacuum centrifuge at
50 °C for 10 min and covered with trypsin solution
(Promega, 6.25 ng/ml in 50 mM ABC). Following rehydra-
tion with trypsin solution and removal of excess trypsin, the
gel cubes were covered with 50 mM ABC and incubated
overnight at 25 °C. Peptides were extracted from the gel cubes
with 1% formic acid (FA) (once) and 5% FA/50% ACN
(twice). All extracts were pooled and stored at !20 °C until
use. Prior to liquid chromatography-mass spectrometry (LC-
MS), the extracts were concentrated in a vacuum centrifuge at
60 °C, after which volumes were adjusted to 50!l with 0.05%
FA and filtered through a 0.45 !m spin filter into LC
autosampler vials [13].

2.3 NanoLC-MS/MS proteomic analysis and database
searching

NanoLC-MS/MS analysis was performed as previously de-
scribed [14]. In brief, peptides were separated using an
Ultimate 3000 nanoLC system (Dionex LC-Packings,
Amsterdam, The Netherlands) equipped with a 40 cm !
75 !m internal diameter (ID) fused silica column custom
packed with 1.9 !m 120 Å ReproSil Pur C18 aqua (Dr
Maisch GMBH, Ammerbuch-Entringen, Germany). The sam-
ples were injected by gel band, starting with gel band 1 at the
top of the gel for all samples, followed by gel band 2, until the
final gel band 5. The experiment was considered as one con-
tinuous injection series with a blank injection at the start of the
experiment. After injection, peptides were trapped at 6 !l/min
on a 1 cm ! 100 !m ID trap column packed with 5 !m 120 Å
ReproSil C18 aqua at 2% buffer B (buffer A: 0.05% formic
acid in MQ; buffer B: 80% acetonitrile +0.05% formic acid in
MQ) and separated at 300 nl/min in a 10–40% buffer B gra-
dient for 75 min (100 min inject-to-inject). Eluting peptides
were ionized at a potential of +2 kVa into a Q Exactive mass
spectrometer (Thermo Fisher, Bremen, Germany). Intact
masses were measured at resolution 70.000 (at m/z 200) in
the Orbitrap using an AGC target value of 3E6 charges. The
top 10 peptide signals (charge-states 2+ and higher) were sub-
mitted to MS/MS in the HCD (higher-energy collision) cell
(1.6 amu isolation width, 25% normalized collision energy).
MS/MS spectra were acquired at resolution 17.500 (at m/z
200) in the orbitrap using anAGC target value of 1E6 charges,
a maxIT of 60 ms and an underfill ratio of 0.1%. Dynamic
exclusion was applied with a repeat count of 1 and an exclu-
sion time of 30 s. MS/MS spectra were searched against a
Swissprot reference proteome FASTA file (release January
2018, 42,258 entries, canonical and isoforms, no fragments),
using MaxQuant version 1.6.0.16 [15]. Enzyme specificity
was set to trypsin and up to two missed cleavages were
allowed. Cysteine carboxamidomethylation (Cys,
+57.021464 Da) was treated as fixed modification and methi-
onine oxidation (Met, +15.994915 Da) and N-terminal acety-
lation (N-terminal, +42.010565 Da) as variable modifications.
Peptide precursor ions were searched with a maximum mass
deviation of 4.5 ppm and fragment ions with a maximummass
deviation of 20 ppm. Peptide and protein identifications were
filtered at a false discovery rate (FDR) of 1% using the decoy
database strategy. Proteins that could not be differentiated
based on MS/MS spectra alone were grouped to protein
groups (default MaxQuant settings). A protein was considered
identified when at least 1 unique peptide was identified in one
sample at high confidence (peptide and protein FDR < 1%).
Searches were performed with the label-free quantification
option selected. Proteins detected were quantified based on
MaxQuant (version 1.6.0.16) output data. Label-free quantifi-
cation (LFQ) intensities were filtered by contaminants and
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only proteins with observations across all samples were
retained. The MS proteomics data have been deposited to
the ProteomeXchange Consortium via PRIDE [16] with ac-
cession number PXD015744.

2.4 Weighted gene correlation network analysis
(WGCNA) and functional enrichment of identified
modules

A protein co-expression network is an undirected graph,
where each node corresponds to a protein, and each edge
connects a pair of proteins that are significantly correlated
[17]. The key concept in WGCNA is “connectivity”.
Connectivity describes direct and indirect relationships be-
tween two proteins/genes in networks [18].This metric has
e.g. previously been used in breast cancer for drug prioritiza-
tion by Neidlin et al. [19].

To investigate co-expressed proteins in resected patient
PDAC samples, we used the WGCNA package [6] in R ver-
sion 3.5.0 WGCNA defines modules as a group of densely
interconnected proteins [18]. In unweighted networks the only
information given is the correlation “yes” or “no”, while for
weighted networks, users can also gain information about the
strength of a correlation. To remove random noise and en-
hance the strength of correlation, a particular threshold is re-
quired from the user. In the WGCNA package and so in this
study, the choice was made by applying the scale-free topol-
ogy criterion [20] using a soft threshold also known as “beta
power”. Different soft thresholds were tested (from 1 to 20)
and power = 10 was retained to be enough to get an adjacency
matrix very similar to a scale-free topology (correlation =
0.90) as shown in Supplementary Fig. S1. More explicitly,
the adjacency matrix is obtained by using the correlation value
between two proteins raised to the power threshold
! (Formula 1)

a ij! " # s!
ij! "

where a(ij) is the weighted value of a protein in the adjacen-
cy matrix defined by rising the co-expression similarity s(ij) to
a power !. Finally, modules are obtained by setting a cut-tree
cut off on hierarchical clustering branches. In this study, a
dynamic cut-tree method was chosen. Briefly, the algorithm
starts by obtaining few large clusters by the static tree cut and,
next, implements an iterative process of cluster decomposition
and combination. The iteration stops only when the number of
clusters becomes stable [21]. The dynamic tree method is
essential to avoid relatively small modules. In this study, the
minimummodule size was set to 20 and the cut height was set
to 0.998 automatically by the WGCNA tool. Each module
was summarized by a vector of values (1 ! 20 in this analysis,
where 20 is the number of samples) that was called Module

Eigenprotein (ME) and corresponded to the first principal
component of the given module [22]. The final network was
defined using the weighted option and threshold = 0.02 based
on the value range of the data.

The GSEA of the modules was performed by mapping the
proteins to gene names and submitting the gene list of each
module to the GSEA Broad Institute browser [23]. Gene sets
were ranked by significant p value and number of overrepre-
sented genes. We adopted GSEA to perform functional en-
richment analysis for each subnetwork based on GO biologi-
cal process (BP) terms, cellular components (CC), hallmarks
of cancer (HC) and transcription factor binding sites (TFBS).
Each gene set was ranked using the FDR score and the num-
ber of overlapping genes between the module and the gene set.
Moreover, the top 5 over-represented terms of each module
were subjected to STRING analysis, in order to find the best
descriptive biology for each specific module.

2.5 Survival analysis and meta-analysis

Clinical data of patients undergoing resection were obtained
from electronic patient records and referral hospitals. Survival
data were obtained from government registration. The ME for
each module was then correlated to DFS and OS. Assuming to
have a trait T and a Module Eigenprotein (ME), correlation or
univariate regression models can be used to measure the extent
of their association. Modules with a high trait significance may
underlie biological pathways associated with the sample trait.
Meta-analysis was carried out by applying univariate Cox re-
gression, multivariate Cox regression and log-rank tests on our
proteomics dataset and on two different transcriptomics datasets
(TCGA [24] and Moffitt et al. [25]). Prognostic marker candi-
dates were ranked based on the number of significant p values
obtained from the above-mentioned statistical tests. Kaplan-
Meier curves were plotted using “survminer” package in R.

2.6 Immunohistochemical validation of prognostic
markers in an independent cohort

Immunohistochemistry (IHC) of tissue microarrays (TMAs)
was evaluated as previously described [26]. In brief, FFPE
tissues from resected patients were selected and combined in
TMAs, including four representative cores from 4 different
tumor areas for each patient. IHC staining of KHSRP,
SPTBN1 and PYGL was performed according to the manu-
facturer’s protocols. Anti-KHSRP monoclonal antibody
(1:200, anti-KHSRP rabbit ab150393 Abcam), anti-SPTBN1
monoclonal antibody (1:500, anti-SPTBN1mouseMA3–062,
Invitrogen) and anti-PYGL polyclonal antibody (1:150, anti-
PYGL rabbit ab198268) were used. Visualization was obtain-
ed using a BenchMark Special Stain Automation system
(Ventana Medical Systems, Export, USA). Protein staining
was evaluated by a molecular pathologist, assessing the
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amount of tumor and tissue loss, background and overall in-
terpretability. Cytoplasmic immunostaining intensity was clas-
sified into four grades: 0 (absent), 1 (weak), 2 (moderate) and 3
(strong), for both STPBN1 and PYGL. To reduce the scoring
complexity, samples were defined as “with high expression”,
when the staining score was >2 in at least 50% of the tumor
cells. The nuclear immunostaining intensity of KHSRP was
classified into two grades: 0 (absent) and 1 (present). All pa-
tients provided written informed consent for the storage and
analysis of their tumor material and survival data, respective-
ly. This study was approved by the Local Ethics Committee
of the University of Pisa (Ethics approval #3909, July 3rd,
2013).

Univariate and multivariate analyses were performed using
a Cox regression model. Proteins with HR (Hazard Ratio) < 1
were considered protective and those with HR > 1 were de-
fined as non-protective. Meanwhile, proteins with p values <
0.05 were considered statistically significant. A risk score
method was used to assess the association of the three prog-
nostic markers with OS in a multivariate analysis. The risk
score was evaluated by combining the TMA scores of prog-
nostic proteins weighted by their regression coefficients from
univariate Cox regression (Formula 2).

Risk score ! !
n

i!1
TMAscore*!i:

where n is the number of prognostic proteins, TMAscore is
the score of TMA for protein i, and !i the regression coeffi-
cient of protein i in the univariate Cox regression analysis.

Group comparisons were evaluated using the unpaired
nonparametric Mann-Whitney U test or unpaired Student’s t
test. Fishers exact test was used for categorical analysis.
Correlations with clinicopathological characteristics, includ-
ing DFS and OS, were tested using Kaplan-Meier curves
and the log-rank test, as described above.

2.7 Cell culture

Hs766t cells (ATCC, Manassas, USA) were grown in DMEM
(Lonza, Verviers, Belgium) supplemented with 10% heat-
inactivated fetal bovine serum and 1% penicillin-streptomycin
(10,000 U/ml, Gibco, Gaithersburg, MD, USA). Cells were
kept at 37 °C in an atmosphere of 5% CO2 in 75 cm2 tissue
culture flasks (Greiner Bio-One GmbH, Frickenhausen,
Germany) and, for all the experimental procedures, harvested
using trypsin-EDTA (Sigma, Zwijndrecht, The Netherlands) in
their exponentially growing phase. Cells were tested within the
last 3 months by microscopic morphology check and growth
curve analysis according to the Cell Line Verification Test
Recommendations (ATCC-Technical Bulletin No. 8, 2008).
Periodic assays were carried out to detect mycoplasma

contamination, and the identity of the cells was confirmed by
PCR profiling using short tandem repeats (STR).

2.8 Immunofluorescence assay

Immunofluorescence analysis was performed according to
a previously established protocol [27]. Briefly, cells were
seeded in a Chamber-Slides System (Lab-Tek, Thermo
Fisher Scientific, Waltham, USA) at a density of 5000
cells/well and allowed to attach overnight. Next, co-
expression of KHSRP and SPTBN1 was evaluated in
Hs766t PDAC cells, stained simultaneously with an anti-
KHSRP monoclonal antibody (1:400, anti-KHSRP rabbit
ab150393 Abcam) followed by an Alexa Flour 535 anti-
rabbit antibody (Red; 1:70), and an anti-SPTBN1 mono-
clonal antibody (1:100, anti-SPTBN1 mouse MA3–062,
Invitrogen) followed by an Alexa Flour 488 anti-mouse
antibody (Green; 1:70). Nuclear DNA was stained with 4!,
6-diamidino-2-phenylindole (DAPI). Images were cap-
tured using a Zeiss Laser Scanning Microscope, processed
and merged using Axiovision 4.1 software (Zeiss
Microimaging, Thornwood, USA). In vitro experiments
were performed with a minimum of three biological rep-
licates, evaluating at least 100 cells.

3 Results

3.1 PDAC tissue proteomics and co-expression
analysis

To obtain proteome level insight into PDAC cells, we used in-
depth proteomics based on label-free nanoLC-MS/MS of gel-
fractionated proteins to generate proteomic profiles of a cohort
of 20 patients. The clinical characteristics of the selected pa-
tients are listed in Supplementary Table S1. We ensured equal
protein loading of the samples to obtain optimal results
(Supplementary Fig. S2). The obtained dataset consisted of
5667 proteins (contaminants removed) encoded by 5494
genes. Unsupervised clustering using all proteins did not re-
veal any specific grouping of the samples (Supplementary Fig.
S3). The proteome dataset was subsequently used to establish
a PDAC protein network. To obtain robust co-expression net-
works, we restricted the analysis to 993 proteins identified in
all samples (Supplementary Table S2). Subsequent co-
expression analysis yielded 12 consensus modules (Fig. 1),
that were subsequently analyzed by GSEA to characterize the
associated biology. Each module was annotated with gene sets
and clinically relevant information. A complete list of genes
associated with the modules is presented in Supplementary
Table S3.

The modules covered a wide range of biological terms,
and the most frequently occurring terms were those
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implicated in metabolic processes in context of the mito-
chondrial compartment (black, green, magenta, turquoise
and yellow modules). Furthermore, five modules (blue,
green, green yellow, grey and yellow) consisted predom-
inantly of immune system and defense response, probably
regulated by STAT3 and ETS2 transcription factors
(shown in the TFBS column in Fig. 1), while one
module (brown) was linked to coagulation and platelet
activation. Four modules were associated with epithelial-
to-mesenchymal transition (EMT) processes (black, ma-
genta, pink and purple modules). One module was
enriched for transcription factors with STAT5A and E12
binding sites. However, these binding sites were predicted
based on the binding regions present in the targets. The
transcription factors did not show over-expression in our
PDAC cohort.

3.2 Modules as potential prognostic markers for
pancreatic cancer

The rationale behind the correlation network approach is to
use the network language, which is particularly intuitive to
biologists and allows for simple social network analogies.
This method indeed allows the detection of biologicallymean-
ingful communities in the network and the study of relation-
ships between them, helping the user to define interesting
modules associated to external traits. Since co-expressed pro-
tein modules were identified and associated with hallmarks of
cancer, we hypothesized that some modules may harbor po-
tential markers for PDAC prognosis. Indeed, the magenta
module, which presents EMT and glycolysis pathway compo-
nents, exhibited positive and significant correlations with DFS
and OS in our cohort (Fig. 1). Subsequently, we explored the

DFS OSName Color Size Biological Process Cellular compartment Hallmarks TFBS
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Fig. 1 Descriptive table of module characteristics. Module names, colors
and numbers of proteins are indicated. Enrichment of biological
processes, cellular compartments and hallmarks of cancer are described
for each module by GSEA. The last two columns show correlations and

significance levels of clinical endpoints for each module. The magenta
module shows a positive (red color) and significant correlation with DFS
(p value 0.036) and OS (p value 0.016) while the pink module shows a
positive and significant correlation with DFS (p value 0.031)
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network biology of the prognostic co-expression module and
found that this module is involved in metabolism, as can be
inferred from the presence of PYGL, SOD2, GSR, GSS,
PKM2, DDAH1 and TST, as well as EMT through ENO2,
PLOD1 and FMOD (Fig. 2). Moreover, factors exclusively
related to EMT were: COL12A1, TPM4, THBS1, FN1,
POSTN, COMP, THBS2, CALU and FBLN2 (Fig. 2).

3.3 The Magenta module comprises candidate
prognostic biomarkers for resected PDAC

For each module, we obtained the Module Eigenprotein (ME)
for further survival association analyses. Only one module was
significantly associated with DFS and OS in our proteomics
cohort. The same protein signature was tested for OS associa-
tion with transcriptomics data of the TCGA-PAAD project.
The p value for all overall tests (i.e., Likelihood, Wald and
Log Rank score) were 0.007, 0.01 and 0.01, respectively, indi-
cating that the same gene signature is significantly associated to
OS also in the transcriptomics data. Through subsequent inves-
tigation of epigenetic alterations of those genes, we found that
oxidative stress and ECM-EMT related genes were not meth-
ylated. Therefore, we conclude that epigenetic inhibition of
these genes was not prevalent. Additionally, we explored
whether it was possible to refine the prognostic signature list
by analyzing two publicly available independent transcripto-
mics datasets [24, 25]. To this end, different statistical tests
were applied to prioritize the prognostic candidates, and the
genes were ranked based on the frequency of significant obser-
vations among the tests (Supplementary Table S4). Our

analysis revealed three potential top candidate biomarkers
linked with prognosis: scaffold membrane protein spectrin beta
chain, non-erythrocytic-1 (SPTBN1), splicing regulatory pro-
tein KHSRP and glycogen phosphorylase (PYGL) (Fig. 3).
SPTBN1 is an actin-crosslinking protein that links the plasma
membrane to the actin cytoskeleton. KHSRP is a multifunc-
tional RNA-binding protein implicated in transcription, pre-
mRNA splicing and mRNA localization to control important
cellular processes such as metabolism, immune response, pro-
liferation and differentiation. PYGL is a crucial phosphorylase
that catalyzes the release of glucose molecules from glycogen,
the major carbohydrate storage source. Cells under hypoxic
conditions accelerate glycogen metabolism for an optimal glu-
cose utilization (Warburg effect). Thus, PYGL is required for
hypoxic cancer cells (as pancreatic cancer cells typically are)
for glycolysis and glycogen degradation [28]. Based on genetic
data from the TCGA consortium we found that alterations on
PYGL can discriminate patient survival (p value < 0.001) even
though the number of samples for short survival was relatively
small. Interestingly, we found that high expression of SPTBN1
was associated with good prognosis in the proteomics data, but
with poor prognosis in the transcriptomics data (Supplementary
Fig. S4). Correlations between mRNA and protein data have
been extensively studied and debated in the past years [29–31]
and includes two recent large-scale clinical cancer proteo-
genomics studies. A more recent study by Vasaikar and col-
leagues [32] showed that enzymes belonging to the tricarbox-
ylic acid (TCA) may be universally decreased at the protein
level, but not at the mRNA level. This suggests a protein-
level adaptation driving a strong Warburg effect in

Fig. 2 Network visualization of the magenta module that associates with
DFS and OS. Protein names are mapped to genes through Uniprot.
Edge’s widths represent the correlation strengths between genes (blue =

negative correlation, red = positive correlation). Gene colors represent
biological processes as indicated in the figure
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microsatellite instable (MSI) colorectal cancer. In agreement
with our study, the module where SPTBN1 belongs to is
strongly enriched for metabolic genes. More specifically, these
genes belong to glycolytic effects (PYGL, PKM, ENO2), thus
preceding the TCA cycle. Another study by Mertins and col-
leagues [33] on breast cancer showed that despite a C-terminal
truncation of GATA3, its protein expression level did not de-
crease, suggesting the occurrence of post-translational modifi-
cation. Furthermore, these researchers found that signaling
pathways such as PS1, ion channel transport and proteasome
and basic cellular mechanism pathways, including ribosome,
mRNA splicing, glycosylphosphatidylinositol biosynthesis and
RNA polymerase, were enriched for negative correlations be-
tween mRNA and protein levels when compared to copy num-
ber alterations. Overall these findings suggest that post-
translation modifications are more prone to occur in specific
pathways compared to others. Since SPTBN1 has also been
shown to carry genetic alterations in hepatocellular carcinoma
patients with a short OS [34], this may be a starting point for
future investigations on SPTBN1 mutations in PDAC patients.

3.4 Validation of KHSRP, SPTBN1 and PYGL as
prognostic candidates for resected PDAC

We used WGCNA with unsigned networks. This means that
the proteins in our modules can show both positive or negative
correlations and that poor or good prognostic markers can fall
in the same module because they are associated with the same
biology. The top 3 prognostic markers, SPTBN1, KHSRP and
PYGL, were chosen for subsequent IHC validation in an in-
dependent cohort of 82 resected PDAC patients (Fig. 4).
Representative IHC images of tumor cores from two selected
patients with highly divergent survival times and their
SPTBN1, KHSRP and PYGL expression patterns are shown
in Fig. 4a. In line with the proteome data, we found that
SPTBN1 and KHSRP correlated with each other and were
overexpressed in patients with good prognosis while PYGL,
that anti-correlates with KHSRP and SPTBN1, correlated
with poor prognosis. All three proteins had a significant

prognostic value for OS (Fig. 4b) and PFS (Supplementary
Fig. S5). Moreover, the signature of the three proteins taken
together successfully predicted patient prognosis with
p = 0.0025 (Supplementary Fig. S6). Co-expression of
SPTBN1 and KHSRP was further confirmed by immunoflu-
orescence in Hs766t cells. KHSRP (nuclear protein) and
SPTBN1 (cytoplasmic protein) were clearly co-expressed
(Fig. 4d) in the nucleus and in the cytoplasmatic compartment,
respectively.

Finally, univariate and multivariate Cox regression models
were used to assess the association of the three prognostic
markers to OS. We found that SPTBN1, KHSRP and PYGL
maintained significance in univariate and multivariate analy-
ses when correcting for external factors. To assess whether all
the three proteins were significantly associated with OS in a
multivariate analysis, a risk score was evaluated showing that
the prognostic signature of these three proteins was highly
associated with OS in this independent cohort (Table 2).

4 Discussion

In the present study, we generated a comprehensive proteome
dataset of 20 resected PDAC specimens and applied a weight-
ed gene co-expression network analysis (WGCNA) to the
data. WGCNA is a user-friendly and comprehensive software
tool that has already been applied to several clinical features
including brain cancer [35], diabetes [36] and chronic fatigue
[37]. We focused on co-expression network analysis to infer
biological functions and novel prognostic PDAC biomarkers.
We reported a proteome dataset of 5667 proteins comprising
993 proteins identified in all samples giving rise to twelve
modules in total. Protein co-expression modules were linked
to well-known PDAC hallmarks of cancer such as axon-guid-
ance, EMT, oxidative phosphorylation, MYC targets and
KRAS signalling, as well as potential new relationships to
biological processes. Importantly, one module was found to
be significantly associated with survival. This module, called
“magenta”, was functionally enriched for glycolysis, EMT,

Fig. 3 Candidate biomarkers deduced from PDAC proteomics data. Kaplan-Meier curves of KHSRP, SPTBN1, KHSRP and PYGL proteomics data
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apoptosis and reactive oxidative stress, highlighting a possible
interplay between these biological processes.

Despite considerable experimental and computational
modeling efforts, the role of EMT in cancer is still not fully
understood [38]. In particular, the connection of EMT to var-
ious properties of cancer cells such as stemness, drug resis-
tance, metabolism and metastasis is heavily discussed [39,
40]. In our current study, four modules showed overrepresen-
tation of different sets of EMT genes (black, magenta, pink,
purple), correlating with metabolic pathways, suggesting that
cell metabolism can influence the EMT state or vice versa.
Previously, tumor metabolism has been found to be associated
with EMT [40, 41], illustrating the complexity of the interplay
between EMT and metabolic reprogramming. Interestingly,
these four modules were regulated by different transcription
factors. In the magenta module transcription factors binding
sites (TFBS) for STAT5 and E12 were noted. STAT5 has
been shown to be overexpressed during EMT and aberrant
activity of this transcription factor has been found to induce

mitochondrial dysfunction and reactive oxygen species (ROS)
formation, leading to DNA damage [42]. In addition, E12 has
been found to be associated with repression of E-cadherin
(and thus EMT) in mouse models [43].

Of note, all modules with SP1 as transcription factor
binding site (yellow, turquoise, red, green, blue, black)
where found to be associated with MYC targets as pre-
viously described [44, 45]. SP1 has been shown to reg-
ulate the expression of thousands of genes implicated in
the control of a diverse array of cellular processes, such
as growth [44], differentiation [46], apoptosis [44], an-
giogenesis [47] and immune response [48]. These cellu-
lar processes are all linked to the proteomic modules of
our cohort that present SP1 as putative transcription
factor.

The magenta module comprised three prognostic
markers: SPTBN1, KHSRP and PYGL that were subse-
quently validated in an independent cohort of 82 patients.
These markers may be used in the future to evaluate and

a

b

c

Fig. 4 SPTBN1, KHSRP and
PYGL as prognostic markers for
resected pancreatic cancer patients.
a. Immunohistochemistry
validation of SPTBN1, KHSRP
and PYGL on TMAs of 82
patients. b. Kaplan-Meier curves
for SPTBN1, KHSRP and PYGL
with p values 0.0034, 0.0059 and
0.016, respectively.
c. Immunofluorescence of KHSRP
(red) and SPTBN1 (green) in
Hs766t cells
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predict clinical responses of PDAC resected patients.
SPTBN1 is a dynamic intracellular non-pleckstrin homol-
ogy-domain protein, which plays important roles in cellu-
lar shape formation, protection of membranes against
stress, positioning of transmembrane proteins, and molec-
ular trafficking. Spectrin is made up of four subunits.
Among these, the beta subunits are responsible for most
of the binding activity and its role as a transforming
growth factor-! signal transducing adapter protein that is
necessary to form Smad3/Smad4 complexes [49]. KHSRP
(KH-Type Splicing Regulatory Protein) controls important
cellular processes such as proliferation, differentiation and
metabolism. KHSRP (also known as FBP2) is a factor
interacting with an enhancer element upstream of the c-

MYC oncogene promoter [50]. In the past twenty years
additional roles of KHSRP in post-transcriptional control
of gene expression have been discovered with implica-
tions for pre-mRNA splicing [51], mRNA decay [52]
and microRNA biogenesis [53]. PYGL catalyzes the deg-
radation of glycogen [54] and is responsible for maintain-
ing blood glucose homeostasis by regulating the release of
glucose 1-phosphate from liver glycogen stores [55].

Importantly, transcriptomics data of all three biomarkers
revealed significant associations with survival. Interestingly,
SPTBN1 could be defined as a good prognostic marker based
on the proteomics as well as the protein-based IHC data, while
it was associated with poor prognosis based on the transcripto-
mics data (Supplementary Fig. S4A). Systematic studies have
revealed multiple processes beyond the “non-correlation” of
mRNA expression and protein concentration levels [56].
These include (i) specific translation rates of e.g. upstream
open reading frames (uORFs) [57] or internal ribosome entry
sites (IRES), (ii) translation rate modulation due to the binding
of regulatory proteins or binding of micro-RNAs [58], (iii)
modulation of a protein half-life involving the complex
ubiquitin-proteasome pathway [59], or autophagy, which
may influence protein concentrations independent of tran-
script levels.

Although we captured three new prognostic biomarkers
and the biology associated with these, there are some limita-
tions to our study that need to be noted. Due to the high
heterogeneity of PDAC and the limited number of samples,
we were not able to delineate proteomics-based PDAC sub-
types. Exploring correspondence or correlation with known

Table 2 Univariate and multivariate analysis of prognostic markers for resected PDAC

Overall survival 82 22 (23.97 - 19.60)

Age <= 65 36 21.5 (25.87 - 19.62) 1.0 (ref) 1 NS*

> 65 46 22 (24.17 - 17.90) 1.13 (0.7 - 1.7) 0.57

Gender Female 44 21 (24.58 - 17.86) 1.0 (ref) 1 NS*

Male 38 23 (25.29 - 19.60) 0.97 (0.6 - 1.5) 0.9

Grading g1-g2 45 23 (26.95 - 20.78) 1.0 (ref) 1 1.0 (ref) 4

g3 37 21 (22.24 - 16.29) 1.73 (1.1 - 2.7) 0.016 * 1.44 (0.9 - 2.3) 0.125

LN status no 12 25.5 (30.26 - 20.57) 1.0 (ref) 1 NS*

yes 70 21.5 (23.60 - 18.74) 1.36 (0.7 - 2.5) 0.32

resection margin no 50 22.5 (26.43 - 21.56) 1.0 (ref) 1 1.0 (ref) 4

yes 32 20 (22.25 - 14.43) 1.56 (0.9 - 2.4) 0.052 . 1.54 (0.9 - 2.4) 0.075 .

vascular infiltration no 35 22 (27.83 - 21.36) 1.0 (ref) 1 1.0 (ref) 4

yes 47 22 (22.57 - 16.82) 1.56 (0.9 - 2.4) 0.050 . 1.26 (0.7 - 2.0) 0.331

SPTBN1 High 27 27 (22.23 - 17.14) 1.0 (ref) 1

Low 55 18 (29.79 - 22.35) 0.49 (0.3 - 0.7) 0.003 **

KHSRP High 39 25 (22.08 - 16.05) 1.0 (ref) 1 Risk score 1.0 (ref) 4

Low 43 18 (27.74 - 21.84) 0.53 (0.3 - 0.8) 0.005 ** 1.47 (1.1 - 1.9) 0.008 **

PYGL High 39 25 (27.41 - 21.19) 1.0 (ref) 1

Low 43 18 (22.49 - 16.52) 1.72 (1.1 - 2.6) 0.016 *

df P -value

OS characteristics / protein expression Univariate analysis Multivariate analysis

N Median days (95% CI) Hazard ratio (95% CI) df P -value Hazard ratio (95% CI)

Validation cohort characteristics with univariate and multivariate analyses for factors associated with OS. SPTBN1, KHSRP and PYGL remain
significantly associated with OS together with grading stage, resection margin and vascular infiltration (significant p value in bold). In the multivariate
analysis, significant covariates from univariate analysis are included and SPTBN1, KHSRP and PYGL are combined under the risk score
*NS: not significant in univariate cox regression; CI: Confidence of interval; df: degree of freedom
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PDAC subtypes is challenging due to the lack of PDAC sub-
types based on proteomics data. Furthermore, because of the
limited number of samples, this study should be considered as
a first exploratory analysis and its prognostic relevance needs
to be validated in additional clinical studies.

Taking together, our data indicate that an EMT-metabolic
module is associated with the prognosis after surgical resec-
tion of PDAC patients and that the module’s proteins
SPTBN1, KHSRP and PYGLmay serve as potential prognos-
tic biomarkers. Our results also show that co-expression net-
works are able to extrapolate tumor-specific biology as well as
biological mechanisms empowering prognostic marker dis-
covery, even with a limited number of samples.
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Introduction
Large-scale omics efforts to identify key mediators of  tumor biology have typically focused on the tumor 
compartment as an entity by itself, and tissue samples for gene expression and genomic analyses are com-
monly selected based on high tumor purity (1). This bias toward the epithelial compartment understates 
the influence of  the microenvironment and its heterocellular composition (2). Further, by studying tumor 
tissue in bulk, the composition of  specific compartments within the tumor can be masked. Bioinformatics 
efforts to delineate the compartment-specific expression have overcome this problem partially and increased 
our understanding of  tumor biology (3). However, the inference of  cellular composition by bioinformatics 
remains an estimation that requires validation, for instance, by the analysis of  physically separated compart-
ments. Especially in light of  current molecular subtyping efforts to improve survival prediction and achieve 
a personalized treatment schedule, the characterization of  the specific expression profiles of  tumor cells and 
their microenvironment is key to identify patient groups more effectively and to discover therapeutic targets.

The relevance of  the tumor-stroma interaction is of  particular importance in tumors that are char-
acterized by high stromal content, such as pancreatic ductal adenocarcinoma (PDAC). PDAC typically 
consists of  small tumor islands surrounded by abundant extracellular matrix (ECM) and stromal cells, 
which together constitute the vast majority of  the tumor bulk (4). This stroma is known to drive mul-
tiple protumorigenic features in PDAC tumor cells; it stimulates proliferation and metastatic growth, 
creates an immune-suppressive environment (5), and activates signaling via mechanobiology (6).  

Pancreatic ductal adenocarcinoma (PDAC) is characterized by a relative paucity of cancer cells that 

are surrounded by an abundance of nontumor cells and extracellular matrix, known as stroma. The 

interaction between stroma and cancer cells contributes to poor outcome, but how proteins from 

these individual compartments drive aggressive tumor behavior is not known. Here, we report the 

proteomic analysis of laser-capture microdissected (LCM) PDAC samples. We isolated stroma, 

tumor, and bulk samples from a cohort with long- and short-term survivors. Compartment-specific 

proteins were measured by mass spectrometry, yielding what we believe to be the largest PDAC 

proteome landscape to date. These analyses revealed that, in bulk analysis, tumor-derived proteins 

were typically masked and that LCM was required to reveal biology and prognostic markers. We 

validated tumor CALB2 and stromal COL11A1 expression as compartment-specific prognostic 

markers. We identified and functionally addressed the contributions of the tumor cell receptor 

EPHA2 to tumor cell viability and motility, underscoring the value of compartment-specific protein 

analysis in PDAC.
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However, stromal depletion strategies had disappointing clinical results, suggesting that PDAC stroma 
also harbors tumor-restraining properties that suggest that a complex stromal plasticity exists (7–9).

PDAC responds poorly to systemic treatment, and only 9% of  all patients diagnosed with PDAC survive 
more than 5 years (10). New chemotherapeutic regimens have improved the survival rate by several months 
(11, 12), and, hopefully, (neo)adjuvant multimodal approaches will improve survival further (13, 14). How-
ever, a better understanding of  this tumor type is essential for the development of  more effective, targeted 
therapeutic approaches and to select patients for such therapies. Several gene expression–based classification 
efforts have delineated the heterogeneity that is thought to contribute to the typical poor outcomes (15, 16), 
but most studies have largely ignored the separate stromal and epithelial contributions. Moffitt et al. (17) 
established molecular PDAC subtypes specific to the epithelial and stromal compartment by using an in sili-
co deconvolution method on the transcriptomic landscape of  bulk tumor tissue. Recently, Maurer et al. (18) 
performed in-depth transcriptomics of  laser-capture microdissection (LCM) of  PDAC, validating stromal 
and epithelial subtypes. These data provided evidence of  the differential expression and pathways in both 
tumor cells and stroma and their divergent effects on prognosis. This compartment-specific complexity in 
PDAC warrants further understanding of  each contribution to the disease outcome.

To date, no large-scale proteomic studies have been performed to identify the tumor- and stroma-specific 
protein landscapes of  PDAC. Importantly, LCM can select compartment-specific areas and highly enrich the 
analysis for specific cell types (19). So far, LCM has predominantly been coupled with genomic or transcrip-
tomic analysis, whereas proteomic studies of  LCM material are rare due to the laborious efforts required 
to yield enough protein from the samples, especially from the stromal compartment (20). With the recent 
advances in sensitivity, throughput, and scan rate of  liquid chromatography–mass spectrometry–based 
(LC-MS–based) proteomics (21), coupling LCM with LC-MS has become an attractive approach for identi-
fying the functional proteomic landscape of  PDAC and unraveling compartment-specific biology.

We hypothesized that tumor and stromal proteomic landscapes can yield complementary molecular 
information downstream of  the transcriptome. Furthermore, we postulated that these data can be leveraged 
to dissect compartment-specific biology with prognostic value and to reveal targetable pathways. In this 
study, we report an extensive data set from LCM PDAC tissue and patient-derived xenografts (PDXs) and 
identify over 6000 proteins.

Results
Clinicopathological evaluation and depth of  analysis. Of  the 39 evaluated primary tumor samples, 16 were 
selected for LCM after confirmation of  PDAC histology, with selection based on tissue quantity, tissue 
quality, and a tumor percentage of  at least 5%. Additionally, bulk tumor analysis was performed on 11 sam-
ples matched with the LCM samples as well as on 5 unmatched bulk tumor samples. Baseline clinical char-
acteristics of  the total group (n = 21) are shown in Table 1 (additional information is provided in Supple-
mental Tables 1 and 2; supplemental material available online with this article; https://doi.org/10.1172/
jci.insight.138290DS1). Three patients showed no sign of  recurrence at last follow-up visit. The median 
overall survival (OS) of  the cohort was 358 days. Age, sex, disease stage, and nodal involvement showed no 
statistically significant association with OS in this surgical cohort, likely due to small group sizes. Eleven 
patients received adjuvant systemic therapy, which associated with improved OS (log-rank test, P = 0.04). 
Tumor purities ranged from 5% to 70% (Supplemental Figure 1A), reflecting the known abundance of, and 
variance in, stromal content in PDAC.

A visualization of  the workflow is shown in Figure 1A. Large areas of  tumor and adjacent stromal 
areas were successfully isolated by LCM (Figure 1B). Single-shot LC-MS/MS analysis identified a total of  
6214 unique proteins, yielding the deepest proteome data set of  PDAC to date to our knowledge. Technical 
replicates were highly correlated (Supplemental Figure 1B), confirming reproducibility of  the workflow. 
We identified 1866 unique epithelial proteins and 220 unique stromal proteins (Supplemental Figure 1C), 
indicating that protein expression is most heterogeneous in the tumor cell compartment.

Principal component analysis (Figure 1C) confirmed successful separation of  the compartments, and this 
was supported by unsupervised clustering (Figure 1D) and correlation analysis (Supplemental Figure 1D).  
Interestingly, bulk tumors were more similar to the stromal samples than to the tumor compartment, regard-
less of  tumor purity. Pearson correlation analysis confirmed the significantly higher correlation of  bulk sam-
ples to compared with that of  bulk samples to the tumor compartment (P < 0.0001, Supplemental Figure 
1E). This result is in agreement with the high fraction of  stroma in these tumors and emphasizes the caveats 
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of  bulk tumor analyses. Moreover, interpatient correlation of  tumor compartment samples was significantly 
lower (mean R2 = 0.5731) than interpatient correlation of  stromal samples (mean R2 = 0.7377; P < 0.0001, 
Supplemental Figure 1F), indicating that the tumor compartment is the predominant source of  heterogene-
ity in PDAC. This can partly be explained by the lower protein variety of  the stromal compartment, as is 
shown from the lower number of  different proteins expressed in stroma (Supplemental Figure 1C), but we 
propose that this is caused primarily by the relative genetic instability in the tumor compartment.

Biological characterization of  epithelial and stromal proteomes. Unsupervised clustering using known 
markers for epithelial and stromal cells (Figure 2A) confirmed successful separation of  compartments. 
This was also evident from per-sample analysis of  selected tumor marker proteins (Supplemental Fig-
ure 1G). To further validate our LCM approach and compartment specificity, proteome data from 10 
previously established PDAC PDXs (22) were generated. In these models, mouse cells and matrix pro-
teins rapidly replace the human stroma, and the limited homology in amino acid sequence between 
mouse host and human donor can be leveraged to identify stromal and tumor cell–derived proteins. 
Species-specific unique proteins were allocated to a human or mouse protein set if  they were identified 
in 5 of  10 samples. This approach yielded 1159 human- and 355 mouse-specific proteins, which we 
take to represent tumor and stroma proteins, respectively (Supplemental Data File 5). Single-sample 
gene set enrichment analysis (ssGSEA) showed strong correlation of  mouse proteins to the stromal 
proteins from the LCM approach. Likewise, human proteins associated with the epithelial/tumor LCM 
compartment, but this enrichment was less evident (Figure 2B). The latter is likely caused by human 
PDX (tumor cell) proteins that are also expressed in stroma, diluting the relative enrichment. Addi-
tionally, ssGSEA of  in silico identified stromal and tumor subtypes (17) showed an enrichment pattern 
confirming compartment specificity. Two tumor samples showed lower enrichment for both previously 
described Moffitt subtypes (17), implying the existence of  tumor cell clones of  other subtypes within 
these tissues or contamination by normal pancreatic tissue.

Regulation of  protein expression downstream of  RNA transcription is known to contribute to dispari-
ties between transcriptome and proteome data. To assess whether this is the case in models for PDAC, we 
correlated RNA-Seq data from the PDXs to their proteomics data and found an intermediate correlation 
of  0.55 between protein and mRNA transcripts, in line with previously reported data (Supplemental Figure 
2A) (23). Of  note, some proteins showed very high correlation to their transcripts, such as ENO1, while 

Table 1. Baseline characteristics of the cohort

Clinicopathological characteristics (n = 21)

Age at time of diagnosis, yr, median (range) 69 (50–80)

Sex, no. (%)

Female 11 (52.4)

Male 10 (47.6)

CA19.9 (U/mL), median (range) 319.5 (5–12,639)

ASA classification, no. (%)

1 1 (4.8)

2 14 (66.7)

3 6 (28.6)

Treatment, no. (%)

Resection of the primary tumor 21 (100)

Disease stage (AJCC 8th edition)

1B, no. (%) 1 (4.8)

2A, no. (%) 3 (14.3)

2B, no. (%) 9 (42.9)

3, no. (%) 7 (33.3)

4, no. (%) 1 (4.8)

Adjuvant therapy, no. (%)

No adjuvant therapy 10 (47.6)

Gemcitabine 11 (52.4)

Disease-free survival, d, median (95% CI)

Overall survival, d, median (95% CI) 369 (2–736) 
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others showed very poor correlation (PSMB1; Supplemental Figure 2, B and C). These findings suggest 
that a sizeable fraction of  proteins are not accurately reflected in transcriptome data and underscore the 
added value of  proteome analysis.

Next, we performed group GSEA of  canonical pathways and biological processes. These analyses con-
firmed the divergent biological functions of  tumor and the tumor microenvironment. Global pathway and 
signature analysis revealed characteristic pathways, such as ECM organization, complement cascade, and 
epithelial-mesenchymal transition, for the stroma (Figure 2C; Hallmark gene sets). In epithelial samples, 
enrichment of  spliceosome and glycan biosynthesis signatures were found (Figure 2D; KEGG pathway 
gene sets). These associations confirm the biology known to underlie the epithelial and stromal compart-
ments in PDAC. Moreover, the high enrichment for cancer cell populations also allowed the identification 
of  less-explored biological processes. This includes, for example, oxidative phosphorylation, which was not 
recognized in bulk human tissue samples that largely reflect stromal GSEA signatures (Figure 2, C and D).

Figure 1. Proteome analysis of PDAC samples. (A) Flowchart of the experimental set up of the proteome landscape analysis (n = 16 for the LCM anal-
ysis, n = 16 bulk tumor analysis). (B) Representative example images of 2 PDAC tumors during the LCM procedure. Slides show before and after tumor 
microdissection and after stroma microdissection. Original magnification, �10. (C) Principle component analysis (PCA) of MS/MS data shows separation 
of the epithelial compartment from stroma (n = 16), tumor (n = 15), and bulk samples (n = 11). (D) Unsupervised hierarchical clustering of all proteins shows 
compartment-specific expression of all samples (n = 42). Heatmap colors indicate relative expression levels.
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Furthermore, unsupervised clustering on the most variable compartment-specific proteins showed 2 
subclasses in the epithelial compartment, (Supplemental Figure 3A), of  which cluster 2 showed a trend 
toward improved OS (Supplemental Figure 3B). Comparison of  these groups with existing transcriptome 
tumor-specific subtypes revealed intermediate concordance (Supplemental Figure 3A), which might be due 
to sample size, precluding effective unsupervised clustering, or inapplicability of  RNA-based classifications 
on enriched tumor compartment proteome data.

Additionally, a mixture of  classical and basal-like protein expression in a single sample was iden-
tified in multiple tumors (Figure 2B), highlighting a degree of  intratumor heterogeneity that likely 
results from the existence of  populations of  cells from different subtypes, as was recently described 
using gene expression data (24, 25). In the stroma compartment, 2 groups were identified (Supple-
mental Figure 3A), and these associated with the Moffitt et al. stromal subtypes on the proteome level 
(17). The normal stroma subgroup showed a trend toward better disease-free survival (DFS, log-rank 
test, P = 0.081, Supplemental Figure 3C). The activated stromal phenotype was identified more often 
than normal stroma, as described previously (n = 12 vs. n = 4, respectively) (17). In conclusion, these 
data reveal a profound heterogeneity in the proteome landscape of  PDAC, with complex biological 
functionality of  both tumor and stroma.

Figure 2. Successful LCM yields compartment-specific protein identification and biology enrichment. (A) Unsupervised hierarchical clustering of known 
tumor and stromal protein markers shows mutually exclusive expression patterns. (B) ssGSEA of previously published and newly created mouse/human 
PDX tumor and stroma gene sets (17) was performed, showing enrichment in concordance with compartment specificity. Data are shown in heatmap. Each 
column represents a tumor (n = 15) or stroma sample (n = 16). Each row represents a gene set that was used for enrichment. Colors indicate the enrichment 
score. (C) Radar plots of GSEA performed on “Hallmarks of cancer” and “KEGG pathways” (D) between sample origin reveal divergent biology of PDAC 
tumor and stroma, where bulk samples resemble stromal biology. Significant enriched gene sets were identified with GAGE (56), and the top 5 gene sets 
from each tissue origin with a P value of less than 0.05 are visualized.
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Compartment-specific proteins are associated with poor prognosis. Based on the results above, we hypothe-
sized that LCM can enrich for prognostic proteins previously masked in bulk tissue analysis and that it can 
uncover tumor biology that underlies the poor disease outcome. To identify prognostic markers, patients 
with a short survival (n = 6) were compared with patients that survived more than 2 years following resec-
tion of  the tumor (n = 6). These analyses showed divergent compartment-specific biology associated with 
disease outcome (Figure 3, A and B). Tumor areas from patients with a poor outcome were enriched for 
DNA replication and multiple cardiovascular signatures (Figure 3A), which represent proliferation and 
contractility. Importantly, tumor and stromal areas of  patients with poor outcomes both showed enrichment 
for ECM receptor interaction, emphasizing the interaction of  these compartments. Stroma from patients 
with a worse survival was enriched for focal adhesion pathway genes (Figure 3B), previously described as 
possible mediators of  protumorigenic mechanosignaling (6). The majority of  prognostic proteins identified 
in the stromal compartment by our approach were not specifically expressed in the microenvironment but 
were also found expressed in tumorous areas. After filtering for compartment specificity, 23 epithelial (Fig-
ure 3C) and 5 stromal proteins (Figure 3D) were found to associate with poor prognosis.

A meta-analysis based on previously published transcriptomic data sets was implemented for further 
validation of  the identified markers (15–17, 26–28). Of  28 poor prognostic proteins identified, 17 were val-
idated in the meta-analysis (Figure 3E), of  which 15 were from the tumor and 2 from the stromal compart-
ment, respectively. Additionally, of  the 28 proteins, 16 were previously described in PDAC biology (Table 
2), supporting the validity of  our approach.

Next, prognostic stromal and epithelial markers were validated by IHC in 2 large independent cohorts 
of  patients with resected PDAC (Supplemental Table 3). The epithelial marker calretinin/calbindin 2 
(CALB2) was significantly correlated with OS in both cohorts (Figure 4, A and B; Supplemental Figure 
4A; and Supplemental Table 3; P = 0.009 and P = 0.006, respectively). Predicted stromal marker collagen 
Į-1(XI) chain (COL11A1) was significantly correlated with survival in the first independent cohort (Figure 
4, C and D; P = 0.016); however, in the second validation cohort, no significance was observed (Supple-
mental Table 3 and Supplemental Figure 4B). This might be explained by the use of  a tissue microarrays 
(TMAs) with cores selected for high tumor cell content that are therefore less representative of  the stroma.

Identification of  drug targets against PDAC. PDAC treatment currently depends on combinations of  non-
targeted cytotoxics (11, 12). The addition of  tyrosine kinase inhibitors (TKIs) could expand the horizon for 
PDAC treatment, but currently available TKIs have not shown sufficient efficacy. We hypothesize that stro-
mal proteins have masked targetable epithelial proteins in bulk proteome analyses, and we performed dif-
ferential analysis of  bulk samples versus the tumor compartment. Focusing on targetable receptor tyrosine 
kinases (RTKs), we identified 2 targetable RTKs in the LCM tumor cell compartment: epidermal growth 
factor receptor 1 (EGFR) and ephrin type-A receptor 2 (EPHA2; Figure 5A and Supplemental Figure 5A). 
EGFR has previously been targeted in an unselected population of  patients with PDAC; the results of  this 
study showed limited survival benefit (29). EPHA2 has not been targeted in clinical trials with patients 
with PDAC, whereas it has shown preclinical potential in modulating the immune evasive characteristic of  
PDAC (30). Indeed, a panel of  PDAC cell lines showed variable EPHA2 expression (Supplemental Figure 
5B), representative of  the variable EPHA2 expression identified in our tumor compartment (Figure 5A). 
We selected 2 cell lines, Capan-2 and Hs766t, with high EPHA2 expression and phosphorylation to func-
tionally evaluate EPHA2. Downregulation of  EPHA2 by shRNAs (Supplemental Figure 5C) resulted in a 
reduced proliferation rate in Capan-2 cells (Figure 5B) but not in Hs766t cells (Supplemental Figure 5D), 
possibly explained by the higher relative phosphorylation of  EPHA2 in the Capan-2 cell line (Figure 5D).

Recently, ALW-41-27, a EPHA2-specific inhibitor, was identified and was shown to target EPHA2 suc-
cessfully in preclinical studies in non–small cell lung carcinoma (31). Exposure to this drug resulted in sub-
stantial inhibition of  proliferation in a dose-dependent manner in PDAC cells (Figure 5C), with the stron-
gest effect again found in Capan-2 cells, which have the highest phosphorylation of  this kinase (Figure 5D). 

Figure 3. Di!erential expression of short-term versus long-term survival reveals prognostic protein markers. GSEA of compartment-specific 
prognostic biology of (A) tumor and (B) stroma compartments. Red, poor prognosis gene sets; blue, good prognosis gene sets. The size of the bar 
indicates the significant normalized enrichment score (NES). Volcano plots shows di!erential proteins between poor (n = 6) and good (n = 6) progno-
sis patients in the tumor (C) and stromal compartment (D) (P < 0.05, limma test). Filtering on compartment specificity (cut-o! at significance of P < 
0.1, limma test). Black triangles indicate compartment-specific filtering. Colored dots represent significant proteins. (E) Forest plot of meta-analysis 
of compartment-specific prognostic markers from proteome analysis. Hazard ratio with confidence interval is visualized (*P < 0.05, **P < 0.01, ***P 
< 0.001, ****P < 0.0001, random e!ects model). Of the 28 proteins, 17 were validated as poor prognostic markers in transcriptomic data sets.
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Drug treatment resulted in a reduction of  EPHA2 phosphorylation on the activating site phospho-Y588 
within 2 hours (Figure 5D), confirming reduced activation. After 24 hours, surviving cells expressed less 
total EPHA2, indicating a possible selection for an EPHA2-negative cell population.

To determine the contributions of  EPHA2 activity to tumor cell migration, Transwell migration 
assays were performed using EGF or FCS as chemoattractants. ALW-41-27 strongly inhibited migra-
tion (Figure 5E, P = 0.0005 and P = 0.0029, respectively). Interestingly, EPHA2-silenced cells were 
highly adherent to cell culture substrates and failed to release during trypsinization (Supplemental Fig-
ure 5E), providing further proof  for a possible role in attachment and migration of  these cells. Given 
the contributions of  tumor cell migration to metastatic disease, these results and those from the prolif-
eration assays suggest that the inhibition of  EPHA2 could be very effective against PDAC in a clinical 
setting as well and underlines the usefulness of  the current data set for exploration of  PDAC biology.

Discussion
This study reports an in-depth proteomic analysis of  LCM PDAC. It disentangles the stromal and 
tumor cell contributions to the proteome landscape of  this aggressive tumor. The analyses performed 
show that the abundance of  stroma in bulk tissue analysis masks important tumor biology and under-
scores the added value of  compartment-specific analysis. We found that protein heterogeneity was 

Table 2. Compartment-specific prognostic proteins

Stromal proteins

Protein FC P value Poor (n) Good (n) Meta-
analysis

Known in 
PDAC

Staining on 
HPA

AEBP1 1.4 0.0424 6 6 No No Both

C1QTNF5 8.1 0.0005 6 1 No No Stroma

COL11A1 4.8 0.0422 6 3 Yes Yes (49) NS

FHL3 4.8 0.0477 6 3 No Yes (57) NS

MFGE8 1.4 0.0440 6 6 Yes No Both

Tumor proteins

AHNAK2 6.2 0.0369 6 3 Yes Yes (58) Tumor

AKAP8L 4.7 0.0182 3 0 No No Tumor

ANXA8 9.5 0.0006 6 1 Yes Yes (59) NS

BAIAP2 5.8 0.0109 6 2 Yes No Tumor

CALB2 6.6 0.0026 6 2 Yes Yes (60) Tumor

CD151 6.7 0.0032 4 0 Yes Yes (61) Tumor

CDC42BPA 6.0 0.0166 5 1 No Yes (62) Tumor

CES2 5.6 0.0436 5 1 No Yes (63) Tumor

DERL1 6.7 0.0087 4 1 Yes Yes (64) Tumor

DYNLT3 5.6 0.0175 3 0 No No Tumor

ERGIC2 5.0 0.0365 3 0 Yes No Tumor

F3 7.2 0.0038 4 0 Yes Yes (65) Tumor

KRT19 9.7 0.0098 5 1 Yes Yes (66) Tumor

MUC4 5.5 0.0040 6 1 Yes Yes (67) Tumor

OSTC 5.1 0.0228 6 2 No No NS

PSCA 8.8 0.0023 5 0 Yes Yes (68) ND

RFC4 5.8 0.0147 5 1 Yes No Tumor

S100A11 1.2 0.0336 6 3 Yes Yes (69) Tumor

SLC2A1 3.8 0.0412 4 1 Yes Yes (70) Tumor

SRP14 5.8 0.0089 6 2 No No NS

TCIRG1 1.4 0.0364 6 5 Yes No Tumor

TRIM29 6.1 0.0322 6 3 No Yes (71) Tumor

VANGL1 5.0 0.0111 4 0 No No Tumor

FC, log
2
-transformed fold change, patients with poor outcomes (Poor) vs. those with good outcomes (Good); HPA, 

Human Protein Atlas (http://www.proteinatlas.org/); ND, not detected; NS, no staining performed. Bold font indicates 

proteins after meta-analysis with significant associations (meta-analysis with random effects model).
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more pronounced in tumorous areas as compared with stroma and used this to identify prognostic 
markers and therapeutic targets.

PDAC is known to harbor relatively small tumor islands in vast areas of  stroma, and the biology 
of  both compartments effects multiple oncogenic pathways and thus patient outcome. Despite this 
knowledge, most efforts to unravel tumor biology have relied on genetic aberrations and transcrip-
tomic networks (15–17, 27). Previous proteomic studies exploring PDAC used bulk tumor samples, 
performed LCM on very small sample sizes, did not reach the depth of  proteome landscape currently 
described, or did not evaluate the stroma (32, 33). Using our cohort and pipeline, we were able to find 
a much higher degree of  heterogeneity in the tumor compartment compared with the stroma. This can 
be explained by (a) the larger variety of  unique proteins identified in tumor areas and (b) the fact that 
tumor cells are genetically unstable (compared with stromal cells) and that this is likely reflected in the 
heterogeneous proteome landscape (34).

Proteins known to associate with previously established RNA-based tumor subtypes (e.g., the Moffitt 
classification, ref. 17) were identified in our landscape. However, tumors were occasionally found to express 
proteins from both basal-like and classical subtypes. We propose that this results from the presence of  
mixed populations within a tumor, as was also found in recent single-cell RNA-Seq analyses of  PDAC (25). 
Importantly, “normal” and “activated” stromal subtypes were fully recapitulated in our data, validating 
previously described stroma subtypes. Future studies on large cohorts are needed to validate the discrimina-
tive power of  transcriptomic subtypes in proteome data.

Figure 4. Validation of prognostic proteins CALB2 and COL11A1. (A) Representative IHC of TMA cores with CALB2-positive staining (original magnifi-
cation, �10 [left]; �40 [right]). (B) Kaplan-Meier survival analysis of high (red, n = 47) or low (blue, n = 48) expression of CALB2 in the first independent 
cohort shows significant correlation to OS (median OS, 13.5 versus 20 months, P < 0.0092, log-rank test). (C) Representative IHC of TMA cores with 
CALB2-positive and -negative staining (original magnification, �10 [left]; �40 [right]). Additional views of a positive and negative area inside 1 tumor core 
are highlighted. (D) Kaplan-Meier analysis of high (red, n = 50) or low (blue, n = 45) expression of COL11A1 shows correlation in the first cohort (median OS, 
15 versus 19 months, P < 0.016, log-rank test).
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Another proteome approach to evaluate extracellular matrix content is purification of  the matri-
some, a technique that measures enriched proteins after degradation of  cellular content. However, it 
does not take into account the importance of  cellular communication and warrants a large volume of  
bulk tumor samples, making it less appealing for biopsies or other samples of  limited quantity. One 
study explored the matrisome of  PDAC (35) and indicated that prognostic proteins originate mainly 
from the tumor cells, but this study did not measure contributions from both compartments. Impor-
tantly, 4 (AEBP1, C1QTNF5, COL11A1, and MFGE8) of  the 5 potential prognostic stromal proteins 
identified in the current study were significantly upregulated in the PDAC matrisome compared with 
normal tissue, validating our results on proteome level. Large PDAC transcriptomic (RNA) data sets 
have been published, and we validated our candidate marker proteins in a meta-analysis of  those gene 
expression data. We confirmed several known prognostic pancreatic markers and validated CALB2 as 
a poor prognostic tumor marker and COL11A1 as a poor prognostic stromal marker in PDAC. CALB2 
has previously been described as a diagnostic marker and tumor-promoting protein in mesothelioma 
(36). It is associated with poor prognostic basal-like subtypes in other cancers (37). This protein plays 
an important role in intracellular calcium regulation, and it is necessary for vital cellular functions 
and cell contractility (38). Its role in cancer has not been fully explored; however, the poor prognostic 
value could relate to altered mechanobiology known to contribute to PDAC (6). The validated stromal 
prognostic marker demonstrated in this study, COL11A1, is a recently discovered effector of  stromal 
activation and is suggested to play a pan-cancer role in tumor-stroma interaction (39).

Additionally, the comparison of  bulk versus tumor-enriched samples showed the advantage of  enrich-
ment in proteomic studies, since these, as do genomic and transcriptomic studies, do not rely on amplification 
methods. For example, the presence of  several kinases was masked in proteomes of  bulk tumor. However, by 
enriching for tumor areas, we uncovered EPHA2 and functionally validated this kinase as therapeutic target 
in PDAC. shRNA knockdown was effective against cell growth in 1 cell line of  2 tested, which correlated with 
the phosphorylation of  EPHA2. An additional explanation could be that, upon silencing, a bias is introduced 
for EPHA2-independent clones. A previously published study in which silencing of  EPHA2 was achieved by 
siRNAs showed an antiproliferative effect on PDAC cells upon knockdown (40). Interestingly, EPHA2 was 
recently identified as a key regulator of  the PDAC immune-suppressive microenvironment (30). Experimental 
work evaluating additional cell lines for the EPHA2-driven effect using inducible knockdown systems would 
strengthen study results; however, our study did revealed strong tumor-inhibiting and antimigration effects of  
the EPHA2 inhibitor ALW-41-27 in PDAC cells with high EPHA2 expression. This finding warrants further 
evaluation of  this compound against PDAC.

There are several limitations to our study, the most important being the relatively small sample size. For 
instance, disease stage did not correlate significantly with survival due to small group size. However, this 
study remains the largest PDAC proteome landscape to date to our knowledge, and our approach added to 
the current knowledge on protein localization in PDAC and validated previously described transcriptomic 
stromal subtypes. In addition, despite the lack of  association of  outcome with staging, associations of  sur-
vival with stromal proteome subtypes were strong. The limited sample size might also restrict evaluation of  
the full heterogeneity present in PDAC. This was apparent from the discordance between our unsupervised 
clustering analysis and the RNA-based tumor cell–specific classification.

A practical limitation was the surface needed to yield optimal proteome exploration. Adding to this 
is the fact that proteomics does not incorporate amplification steps, and low abundance proteins can be 
underrepresented. Therefore, to create the deepest data, identification and exclusion of  possible singular 
tumor cells that may exist in the isolated stromal areas was not performed, which could contaminate the 
stromal protein landscape to some degree. Despite this limitation, we were able to create a PDAC data set 
of  depth, with very little cross-compartment contamination.

Figure 5. EPHA2 phosphorylation in PDAC cells conveys sensitivity to the inhibitor ALW-II-27. (A) Di!erential expression of EPHA2 between bulk (n = 
16) and isolated epithelial compartments (n = 15) identified EPHA2 as specifically but heterogeneously expressed in the tumor compartment (limma test, 
corrected for multiple testing, P = 0.05) (mean ± SD). (B) Reduction of EPHA2 expression by shRNA in Capan-2 cells significantly reduced proliferation rate 
(P < 0.001, unpaired 2-way t test) (mean ± SEM) (n = 7). (C) Dose-response curves of cell lines treated with ALW-II-27. (D) Western blot analysis of cells 
after treatment with ALW-II-27 shows reduction of EPHA2 expression and phosphorylation of activation site pY-588. See complete unedited blots in the 
supplemental material. (E) Transwell migration of Capan-2 cells was reduced upon pretreatment with 1 ȝM ALW-II-27, irrespectively of attractant (EGF, P = 
0.0005, FCS P = 0.0029, 2-tailed t test with Welch’s correction) (mean ± SEM) (n = 3).
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The functional experiments were hampered by the limited number of  cell lines tested, and future stud-
ies will have to be performed to formally prove the association of  EPHA2 levels and phosphorylation with 
response to EPHA2 inhibitors. Despite this, our comprehensive exploration by IHC and functional investi-
gation of  markers/targets underscores the use of  our data set for future studies.

In conclusion, we report a large-scale compartment-specific proteome landscape of  PDAC. With this 
data set, future bulk tumor proteome data sets can be deconvolved and annotated. We have shown that our 
data can be the basis for in vitro analysis of  targets of  tumor signaling and bidirectional stimulatory com-
munication between PDAC and stromal cells. Moreover, we have shown that prognostic genes can exist in 
tumor or its microenvironment or can be expressed by both. Our data underline the need to understand the 
biology of  PDAC on multiple levels and warrant future large-scale proteome studies of  PDAC.

Methods
Further details are provided in the Supplemental Methods.

Sample collection. Snap-frozen tumor samples were evaluated for quality and tumor percentage. The 
workflow is shown in Figure 1A. Sixteen samples were eligible for further LCM analysis and prepared as 
described previously (41). Additionally, unseparated bulk tumor of  11 matched and 5 unmatched samples 
was prepared for single-shot MS/MS analysis. Two patients suffered from postoperative complications and 
were excluded from survival analysis but included in tumor biology analysis.

LCM procedure. LCM was performed on the Leica LMD7000 instrument to yield a total surface den-
sity of  3 ! 106 µm2 cells per compartment. Selected areas were captured in 0.1% RapiGest SF Surfactant 
(Waters) and stored until further use. Samples were sonicated and reduced to a final concentration of  5 mM 
dithiothreitol (MilliporeSigma) and 15 mM iodoacetamide (MilliporeSigma). Sequencing-grade modified 
trypsin (Promega) was added overnight to a final concentration of  7 ng/ȝl. Digestion was stopped with 
acidification by trifluoroacetic acid (MilliporeSigma). The peptide mixture was centrifuged, and the super-
natant was transferred to a glass-lined MS/MS auto sampler vials. Samples were brought to a volume of  20 
ȝl and stored at –80°C until further analysis.

Peptide preparations of  PDX models and bulk tumor tissue. Tissue from 10 previously established PDX 
models was used for proteome analysis (22). NSG mice were bred in-house. A minimum of  100 mg tissue 
was digested in lysis buffer (9 M urea, 20 mM HEPES pH 8.0, 1 mM Na3VO4, 2.5 mM Na4P2O7, 1 mM 
Na2C3H7PO6). 50 ȝg protein was loaded on a NuPAGE 4%–12% gradient gel (Invitrogen). Proteins were 
digested and extracted according to our whole-in-gel protocol, as described previously (42). Bulk PDAC 
tumors were lysed, and in-solution digestion was performed according to the protocol of  our laboratories 
after reduction and alkylation (43).

Nano-LC-MS/MS. Proteins were identified by nano-LC-MS/MS, as described previously (42). Peptides 
were separated by an Ultimate 3000 nano-LC-MS/MS system (Dionex LC-Packings). Eluting peptides 
were ionized into a Q Exactive HF mass spectrometer (Thermo Fisher Scientific). Intact masses were mea-
sured in the orbitrap using an AGC target value of  3 ! 106 charges. The top 15 peptide signals were sub-
mitted to MS/MS in a higher-energy collision cell in MS/MS. MS/MS spectra were acquired at resolution 
17.500 (at m/z 200) in the orbitrap.

Protein annotation and data analysis. MS/MS spectra were searched against the Swissprot FASTA file (LCM 
data: release March 2017; 42,161 entries, canonical and isoforms; proteome profiles from PdX data were searched 
with both human and mouse fasta files;uniprot_human_referenceproteome_2014_01_NO_fragments_42104en-
tries.fasta, 61,552 entries); Uniprot_Mus_musculus_reference_proteome_2015_06_NO_FRAGMENTS_
Canonical and isoforms _34331entries.fasta, 42,296 entries) using MaxQuant 1.5.8.0 (44). Enzyme specificity 
was set to trypsin, and up to 2 missed cleavages were allowed. Peptide and protein identifications were filtered 
at an FDR of 1% using the decoy database strategy. The minimal peptide length was 7 amino acids. A match-
between-runs setting was implemented for analysis of low abundant proteins in the LCM database. For the PDX 
data, peptides mapped to solely human proteins were retained and subsequently collapsed in protein groups. 
Protein compartment specificity was correlated to mouse- and human-specific proteins identified from PDX 
PDAC tumors (protein had to be uniquely mouse or human specific). The mass spectrometry proteomics data 
have been deposited at the ProteomeXchange Consortium via the PRIDE (45) partner repository (data set iden-
tifiers PXD011289 and PXD017393). Protein and peptide data are available in Supplemental Data Files 1–8.

RNA-Seq of  PDX models and correlation with protein expression. RNA-Seq of  PDX was previously per-
formed and described (EMBL-EBI ArrayExpress code E-MTAB-6830) (46). In short, total RNA was 
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extracted from PDX model tissue and amplified with the Total Prep RNA amplification kit (Illumina). 
RNA was sequenced on the Illumina HiSeq2500. Mapped reads were mapped to both mouse and human 
genomes. The RNA transcripts mapping solely the human genome were retained for further analysis. 
RPKM data were log2 transformed and filtered to include transcripts with an average read count !1 in all 
samples, obtaining 14,809 RNA transcripts in total. Human-specific spectral counts were log2 transformed 
and filtered to include proteins with an average spectral count !3 in all samples, obtaining 1705 protein 
groups in total. Spearman’s correlation was applied to the resulting transcriptome-proteome matched file 
with 1627 genes (proteins were collapsed at gene level) to evaluate PDX transcriptome and proteome cor-
relation. Methodology was described previously by Wang et al. (23).

In silico validation of  prognostic markers. Data from publicly available transcriptomic (microarray or RNA-
Seq) data sets (15–17, 26–28) with survival data were downloaded from GEObase, and each data set was 
scaled to a mean of  0, with a standard deviation of  1 to allow meta-analysis. Univariate cox proportional 
hazard regression models were evaluated for genes of  interest. The Metafor R package (47) was used to 
perform meta-analysis validation of  identified prognostic markers.

IHC validation on TMAs. Proteins of  interest in both compartments, COL11A1 and CALB2, were 
evaluated in 2 independent cohorts (n = 95 and n = 95) by staining TMAs as described previously (48). 
Assessment of  IHC staining of  COL11A1 was performed in 3 tumor cores per patient containing represen-
tatives regions of  the desmoplastic reaction. Expression was evaluated in relation to the stromal surface, 
as described previously (49). IHC of  CALB2 was evaluated in the tumorous areas, taking into account 
positivity and intensity of  the staining, as described previously (50).

Cell culture. PANC1 cells (ATCC) were cultured in RPMI medium (Lonza). Capan-2 cells (ATCC) 
and Hs766t cells (ATCC) were cultured in DMEM medium (Lonza). Media was supplemented with 10% 
heat-inactivated fetal calf  serum (Biowest) and 1% penicillin-streptomycin (Lonza). An immortalized pan-
creatic ductal cell line (HPDE, supplied by Ming Tsao, Ontario Cancer Institute, Toronto, Ontario, Cana-
da) (51) was cultured in supplemented KGM medium (Lonza).

Western blot validation of  EPHA2 expression. Cell lysates from PANC1, Hs766t, Capan-2, and HPDE cells 
were created with diluted �10 RIPA buffer (Abcam) containing protease and phosphatase inhibitors. 20 
ȝg protein was used for Western blot. Primary antibodies were incubated in 5% BSA (MilliporeSigma) in 
PBST followed by secondary antibodies in 5% blocking buffer. Visualization was performed by an Uvitec 
Imaging station (Cleaver Scientific). A list of  antibodies is provided in the Supplemental Methods.

Stable EPHA2 knockdown. Lentiviral plasmids were produced by transfecting HEK293T cells with 
EPHA2-targeting pLKO.1 constructs (MISSION shRNA Library clone numbers TRCN0000006403 and 
TRCN0000197131) and a scrambled control (shc002). Transfected supernatant was collected after 48 hours 
and filtered through a 0.45 ȝm filter (EMDMillipore). At 30% confluence, PDAC cell lines Capan-2 and 
Hs766t were transduced and subsequently selected after 48 hours with 2 ȝg/mL puromycin (MilliporeSig-
ma). Knockdown efficiency was evaluated by Western blot as described above.

In vitro validation of  drug target. Cells were plated in 96-wells plates and allowed to attach overnight. 
Growth was evaluated over 72 hours with respect to the control at the start of  the experiment. To evaluate 
proliferation, the doubling time was calculated. A specific EPHA2 inhibitor, ALW-II-41-27 (APExBIO), 
was evaluated for cytotoxic effect. DMSO (MilliporeSigma) was used as control. Effect on cell prolifera-
tion was quantified with Sulforhodamine B (MilliporeSigma) protein staining as described previously (52). 
Migration was evaluated by Transwell migration as described before (53) following 15 minutes pretreat-
ment. The AUC was calculated for each replicate of  the migration curve.

Statistics. Data were analyzed with R (version 3.5.2.). Zeros were imputed based on normal distribu-
tion SD of  log-transformed intensity data before differential expression analysis. Differential compart-
ment expression was tested by paired statistics analysis (Limma package) (54) and Benjamini-Hochberg 
corrected for multiple testing. Two patients succumbed to postoperative complication (PDAC10 and 
PDAC17) and were excluded from the survival analysis. These samples were, however, included in the 
proteomics and downstream nonclinical analyses. Prognostic proteins were identified by group compari-
son (short OS, <1 year versus long OS, >2 years). GSEA (55) was performed in R. In vitro experimental 
comparisons were evaluated by paired or unpaired 2-tailed Student’s t test. Correlation of  clinicopatholog-
ical characteristics and gene expression with DFS/OS were evaluated by Kaplan-Meier and log-rank test. 
The prognostic value of  IHC scoring was tested with uni- and multivariate analysis. Error bars show the 
mean ± SEM. A P value of  < 0.05 was considered statistically significant.
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ABSTRACT

Introduction: Most pancreatic cancer patients are diagnosed at advanced-stages and first-line regimens
(FOLFIRINOX and gemcitabine/nab-paclitaxel) provide limited survival advantage and are associated
with considerable toxicities. In this grim scenario, novel treatments and biomarkers are warranted.
Areas covered: MicroRNAs (miRNAs) emerged as biomarkers for cancer prognosis and chemoresistance
and blood-based miRNAs are being evaluated as indicators of therapeutic activity. Moreover, aberrant
metabolism, such as aerobic glycolysis, has been correlated to tumor aggressiveness and poor prog-
nosis. Against this background, innovative approaches to tackle metabolic aberrations are being
implemented and glycolytic inhibitors targeting lactate dehydrogenase-A (LDH-A) showed promising
effects in preclinical models. A PubMed search was used to compile relevant publications until
February 2019.
Expert opinion: Analysis of tissue/circulating miRNA might improve selection for optimal treatment
regimens. For instance, miR-181a modulation seems to predict response to FOLFIRINOX. However, we
need further studies to validate predictive miRNA profiles, as well as to exploit miRNAs for treatment-
tailoring. Several miRNAs have also a key role in regulating metabolic aberrations. Since preliminary
evidence supports the development of new agents targeting these aberrations, such as LDH-A inhibi-
tors, the identification of biomarkers for these treatments, including the above-mentioned miRNAs,
should shorten the gap between preclinical studies and personalized therapies.
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1. Introduction

Pancreatic ductal adenocarcinoma (PDAC) is currently the

seventh leading cause of cancer-related deaths worldwide

and despite the continuous improvements in its detection

and management, the 5-year survival rate still stands below

9% [1]. This dismal prognosis is mostly due to late diagnosis as

well as poor efficacy of current treatments [2]. In fact, because

of the lack of biomarkers for early detection and of the retro-

peritoneal location, which often determines the absence of

signs or symptoms in the early stages, this tumor is generally

diagnosed at advanced stages. Though for resectable or bor-

derline resectable patients surgical resection is the primary

treatment for PDAC, the diagnosis at advanced stages and

the invasive nature of this tumor impede the potential cura-

tive resection, rendering chemotherapy the sole treatment

option for patients with metastatic or locally advanced

PDAC [3].

In the last few years, several novel chemotherapeutic

regimes have been developed and some progress in term of

clinical response has been made. However, the impact on

patient overall survival (OS) is rather limited. Such failure is

caused, at least in part, by inherent or acquired chemoresis-

tance [4]. In addition, several new regimens cause a significant

increase in hematologic and extra-hematologic toxicities

compared to gemcitabine-alone. Thus, we urgently need stu-

dies to identify molecular biomarkers, such as microRNAs, that

could predict response to therapy in order to maximize the

efficacy of treatments and avoid useless side effects for non-

responding patients.

More effective therapeutic approaches are also warranted

and the renewed interest in tumor metabolism has gener-

ated hope that a new class of anti-cancer treatment strate-

gies could target aggressive tumors such as PDAC.

In fact, most PDAC cells exhibit profound metabolic altera-

tions [5]. Among these abnormalities, one of the most com-

mon is the Warburg effect, which consists in an increased

glycolysis even in the presence of oxygen [6]. Therefore, com-

pounds that inhibit components of the glycolytic pathway

could represent an innovative and effective anticancer

strategy.

In the present review, we summarize the main therapeu-

tic options for PDAC, and then critically discuss the use of

microRNAs as novel potential biomarkers to predict drug

activity. Moreover, we reported new experimental com-

pounds that target glycolytic metabolism, analyzing their

potential use to improve current therapies against PDAC.

To cover these issues a PubMed search was used to compile

relevant publications, until February 2019.

CONTACT Elisa Giovannetti elisa.giovannetti@gmail.com Department of Medical Oncology, VU University Medical Center, Cancer Center Amsterdam,
Amsterdam, Netherlands

EXPERT REVIEW OF CLINICAL PHARMACOLOGY
2019, VOL. 12, NO. 12, 1081–1090
https://doi.org/10.1080/17512433.2019.1693256
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2. Standard treatments

2.1. Gemcitabine and gemcitabine-based combinations

Gemcitabine is a pyrimidine analogue (2!,2!-difluorodeoxycytidine,

dFdC) which exerts its antiproliferative action after conversion into

active triphosphorylated nucleotides, interfering with DNA synth-

esis and targeting ribonucleotide reductase. It is extensively pre-

scribed to treat a variety of other solid tumors such as pancreatic,

breast, ovarian, bladder or non-small-cell lung (NSCLC) cancers [7].

Until a few years ago, gemcitabinemonotherapy has been used as

the first-line treatment for metastatic PDAC, since it provided an

increased clinical benefit compared to 5-fluorouracil (5-FU).

However, the median OS observed in metastatic PDAC patients

administrated with gemcitabine monotherapy was only 5.65

months,with a very low response rate (i.e. 5.4%) [8]. For this reason,

several studies were performed to improve patients’ prognosis,

testing the combination of gemcitabine with other treatment

modalities.

Unfortunately, the combination of gemcitabine with cape-

citabine or cisplatin showed only a marginal improvement in

term of OS, and no statistically significant differences were

observed when comparing different combinations of che-

motherapeutic agents to gemcitabine monotherapy [9,10].

Multiple clinical trials were also conducted to test the

combination of gemcitabine with biologically targeted agents,

including epidermal growth factor receptor (EGFR) tyrosine

kinase inhibitors, such as erlotinib. The combination of gemci-

tabine with erlotinib resulted in a slight, though significant,

improvement in terms of survival benefit, but it was not

considered clinically relevant [11]. This might be explained

by the fact that EGFR mutations, that are used to guide the

treatment of NSCLC with EGFR-tyrosine kinase inhibitors [12],

are extremely rare in PDAC samples [13]. Skin rash was initially

proposed as a surrogate marker of efficacy, but it failed to

identify patients with clinical benefit, as reported in

a randomized phase II dose escalation trial [14].

The first study of a gemcitabine-combined regimen which

showed clinically relevant results was the phase III trial

IMPACT, evaluating the combination of nab-paclitaxel

(Abraxane®) with gemcitabine as the first-line option for

patients with advanced or metastatic PDAC [15]. Nab-

paclitaxel is a nanoparticle albumin-bound paclitaxel and

represents the first nanotechnology-based drug in cancer

treatment [16]. Given the reduced diameter of these particles,

nab-paclitaxel has a greater distribution volume and a faster

clearance than conventional paclitaxel [17]. Moreover, since

albumin-paclitaxel complexes have sizes virtually identical to

the endogenous albumin molecules in blood, they are fully

capable of utilizing the physiological albumin pathways.

Indeed, nab-paclitaxel uses transcytosis mediated by albumin,

enhancing intracellular paclitaxel delivery, and should take

advantage of the overexpression of albumin-binding proteins

such as Secreted Protein Acid and Rich Cysteine (SPARC) in

stroma fibroblasts surrounding the tumor tissue. This should

increase the selective uptake of this drug in tumor cells

[17,18]. SPARC has indeed been evaluated as a biomarker of

the activity for gemcitabine/nab-paclitaxel regimens

because 1) it should enhance the selective uptake of this

drug in tumor cells and 2) SPARC protein expression has

been correlated to cancer cell proliferation and metastatic

features [19]. However, in vivo experimental studies in both

patient-derived xenografts and genetically engineered mouse

models showed that SPARC did not play a role in nab-

paclitaxel internalization. In addition, despite initial promising

data, immunohistochemical analyses in PDAC specimens from

patients treated with gemcitabine/nab-paclitaxel showed that

SPARC levels were not associated with clinical outcome [20].

Similarly, we do not have biomarkers which can predict the

toxicity of the gemcitabine/nab-paclitaxel regimen, and

a recent multicentre retrospective observational study in the

South Eastern Region of Sweden showed that neutropenia,

leukopenia, thrombocytopenia, and anemia were observed in

23%, 20%, 5%, and 4% of patients treated with this regimen,

respectively [21].

2.2. Folfirinox

FOLFIRINOX is a therapeutic regimen based on a combination

of a number of chemotherapeutic drugs including 5-FU, irino-

tecan, leucovorin, and oxaliplatin. Following the positive

results of the phase III clinical trial PRODIGE-4/ACCORD-11,

this regimen has been introduced as a standard treatment in

metastatic PDAC [22]. In an initial phase II trial, FOLFIRINOX

was tested on 46 patients with advanced PDAC, showing

a response rate of 26% (including 4% complete response),

a median time to progression of 8.2 months and a median

OS of 10.2 months [23]. Therefore, considering also the good

safety profile, and improved in quality of life (QOL),

FOLFIRINOX was further assessed in the above-mentioned

phase III trial. In particular, since oncologists were lacking

data on the efficacy and safety of FOLFIRINOX as compared

with gemcitabine, the randomized controlled trial enrolled

342 patients with histologically and/or cytologically confirmed

metastatic pancreatic adenocarcinoma and who had not pre-

viously been treated with chemotherapy. The median overall

survival was 11.1 months in the FOLFIRINOX group compared

to 6.8 months in the gemcitabine group (P < 0.001), while the

median progression-free survival (PFS) was 6.4 months in the

FOLFIRINOX and 3.3 months in the gemcitabine group (P <

0.001). Moreover, FOLFIRINOX regimen was associated with an

objective response rate of 31.6%. Unfortunately, this regimen

has also shown a severe grade 3–4 toxicity profile with 45.7%

of neutropenia, 5.4% of febrile neutropenia, 9.1% of

Article Highlights

! Pancreatic cancer has a dismal prognosis mostly due to late diagnosis
and poor efficacy of current treatments: new treatments and biomar-
kers are warranted

! MicroRNAs (miRNAs) are emerging as predictive biomarkers of
response and should be investigated to optimize new therapeutic
strategies

! Innovative approaches to tackle cancer metabolic aberrations, such as
glycolytic inhibitors targeting lactate dehydrogenase-A (LDH-A),
showed promising effects in preclinical models

! The parallel development of new drugs targeting LDH-A and of
biomarkers for these treatments, including miRNAs, should shorten
the gap between preclinical studies and personalized therapies.
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thrombocytopenia, 14.5% of vomiting and 12.7% of diarrhea.

In conclusion, as compared with gemcitabine, FOLFIRINOX

was associated with a survival advantage but it had also

increased toxicity [22].

In this regard, many efforts have been made in order to

reduce the toxic effects. A prospective phase II open-label

study evaluated a modified version of FOLFIRINOX

(mFOLFIRINOX) which consisted in 25% dose reductions of

irinotecan and bolus 5-FU given every 2 weeks (until progres-

sion, unacceptable toxicity, or surgical resection) [24].

mFOLFIRINOX given along with prophylactic pegfilgrastim

was associated with a similar response rate and improved

tolerability compared to full dose FOLFIRINOX [24].

Since the bolus 5-FU contributes to the toxicity, Mahaseth

and colleagues proposed a modified FOLFIRINOX regimen

which included discontinuation of the bolus 5-FU and admin-

istration of growth factors to all patients. Therefore, on day-3

after chemotherapy, prophylactic pegfilgrastim (6 mg) was

administered subcutaneously to each patient. This modified

FOLFIRINOX regimen showed a decreased incidence of grade

3–4 neutropenia to 3%, with a satisfactory response rate

(30%), showing an improved safety profile with maintained

efficacy in metastatic PDAC [25]. Similar results were obtained

in patients treated with FOLFIRINOX at 80% dose intensity

with routine use of growth factor support [26].

A phase III randomized trial of The Gruppo Oncologico

Nord Ovest (GONO) further demonstrated the efficacy of the

simplified FOLFOXIRI regimen in metastatic colorectal cancer.

This modified regimen included a higher dose of 5-FU contin-

uous infusion and a slightly lower dose of irinotecan [27].

More recently, Vivaldi and colleagues used the GONO-

FOLFOXIRI regimen (irinotecan 165 mg/m2 over 1 h, followed

by oxaliplatin 85 mg/m2 and leucovorin 200 mg/m2 concomi-

tantly over 2 h through a Y-connector, on Day-1, followed by

fluorouracil 3,200 mg/m2 as a 48-h continuous infusion start-

ing on Day-1) and a modified schedule (irinotecan 150 mg/m2

over 1 h, followed by oxaliplatin 85 mg/m2 and leucovorin

200 mg/m2 concomitantly over 2 h through a Y-connector,

on Day-1, and followed by 5-FU 2,800 mg/m2 as a 48-h con-

tinuous infusion starting on Day-1) in 137 stage III/IV PDAC

patients. One (0.6%) complete response and 52 (38%) partial

responses were observed in the whole population, with

a disease control rate of 72.2%. The median OS and median

PFS were 12 and 8 months, respectively. Regarding the toxicity

profile, the main hematologic grade 3–4 toxicity was neutro-

penia (35.7%), but only one patient (0.7%) experienced febrile

neutropenia. The main G3-4 non-hematological adverse

events included G3 diarrhea in 11 (8%), nausea in 10 (7.3%),

stomatitis in 9 (6.5%) and liver toxicity in 6 (4.4%) patients [28].

In conclusion, FOLFIRINOX introduction is arguably one of

the most important innovations in PDAC care since the intro-

duction of gemcitabine in 1996. This regimen has indeed been

shown to dramatically improve OS, but this comes at the price

of significantly increased toxicity (neutropenia, febrile neutro-

penia, thrombocytopenia, diarrhea, neuropathy), despite care-

ful patient selection and the generous use of growth factor

support. Moreover, clinical outcome (in terms of both efficacy

and toxicity) in individual patients is relatively unpredictable,

even when current clinical selection criteria (young age, good

PS, absence of a biliary stent) are employed. Here we propose

to describe and analyze new tools to improve the current

usage of FOLFIRINOX as well as of gemcitabine/nab-

paclitaxel, exploring new potential pharmacogenetic markers

and treatments.

3. New tools to overcome PDAC resistance

3.1. Personalizing treatments using microRNA as
predictive biomarkers of response

The prognosis of patients with PDAC is very poor because of

the inherent and/or acquired resistance to conventional treat-

ment modalities, which are also causing severe toxicities, as

described above for the FOLFIRINOX and gemcitabine/nab-

paclitaxel regimens [29]. Despite the constant efforts to for-

mulate new chemotherapy regimens, new strategies to target

these treatments are urgently warranted in order to achieve

significant clinical improvement [30,31].

In this regard, the discovery of appropriate markers could

help to determine which tumors will respond to which treat-

ments, predicting the likelihood of drug resistance and lead-

ing treatment decisions.

In the last few years, microRNAs (miRNAs) have emerged as

predictive biomarkers of response to conventional anti-cancer

treatments and miRNAs-based strategies could represent

a promising method to select the most appropriate pharma-

cological agent for personalization of the treatment [32].

Chemoresistance in PDAC is mediated by both genetic or

epigenetic alterations and miRNAs play a key role in the

epigenetic control. Indeed, miRNAs quickly respond to the

genotoxic stress environment caused by chemotherapy and

quickly modulate mRNA translation in cancer cells [4]. Most

importantly, each miRNA controls the expression of multiple

gene transcripts offering the possibility to identify critical

miRNAs that could be used as informative biomarkers for

detection, diagnosis, and prognosis of tumors that result

from the deregulation of multiple genes. For this reason,

a number of miRNA profiling studies have been conducted

to obtain diagnostic and prognostic signatures for a variety of

tumor type [33]. Therefore, several miRNAs playing a crucial

role in the regulation of gene expression offer new directions

for the quest of cancer biomarkers [34]

In the last few years, miRNAs expression in PDAC tissues

has been largely studied and the PDAC miRNome has been

extensively profiled [35]. However, only a few studies evalu-

ated the role of candidate miRNAs to predict the sensitivity/

resistance to conventional chemotherapy.

Several studies have shown the role of miR-21 expression

levels in predicting which patients achieve the optimal

response. For instance, Hwang and colleagues evaluated

miR-21 expression levels in two cohorts of PDAC patients

treated with gem and 5-FU and their results suggested that

miR-21 expression can affect the outcome of both gemcita-

bine and 5-FU-based treatment [36]. The association of miR-21

expression levels and chemoresistance to gemcitabine was

also observed in a study conducted on laser-microdissected

specimens and PDAC cells. In particular, tissues isolated by

laser microdissection were collected from 81 patients with
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metastatic (n = 31) or nonmetastatic (n = 50) PDAC and

normal ductal samples. The results of this study demonstrated

a correlation between high expression of miR-21 and worse

outcome after gemcitabine treatment. In particular, the

authors reported a significant association between miR-21

expression and both disease-free survival and OS. Patients

with high miR-21 expression had a significantly shorter OS

both in the metastatic and in the adjuvant setting. Moreover,

miR-21 expression in primary cultures correlated with expres-

sion in their respective tissues and with gemcitabine resis-

tance. Further analyses on PDAC cells delineated the

mechanism of action by which miR-21 induces gemcitabine

resistance. It has been indeed observed that miR-21-

downregulated PTEN and was associated with the activation

of PI3K/Akt/mTOR pathway, reducing apoptosis induction by

gemcitabine [37].

More recently, Wei and colleagues have proposed a similar

mechanism underlying the role of miR-21 in resistance to 5-FU

in human PDAC cells through the downregulation of tumor

suppressor genes, including PTEN and PDCD4 [38]. Their find-

ings confirmed high expression levels of miR-21 in resistant

primary cells in comparison to sensitive primary cells and

demonstrated that the suppression of miR-21 expression sen-

sitized cancer cells to 5-FU treatment. On the contrary, the

overexpression of mir-21 conferred resistance to 5-FU and

promoted proliferation, migration, and invasion of PATU8988

and PANC-1 cells.

However, a phase III randomized trial evaluated the expres-

sion of miR-21 in tumor cells or cancer-associated fibroblasts

(CAFs) in a cohort of 229 PDAC patients treated with 5-FU

o gemcitabine. The expression levels of miR-21 were assessed

by in situ hybridization, showing that miR-21 expression in

CAFs was associated with decreased OS in PDAC patients who

received 5-FU, but not gemcitabine. Conversely, strong expres-

sion of miR-21 in tumor cells was not correlated with survival

in gemcitabine or 5-FU treated patients [39].

MiR-21 is not the only miRNA that seems to play a crucial

role in chemoresistance to cytotoxic agents. In fact, Donahue

and colleagues have revealed that miR-142-5p would be

a promising predictive marker for gemcitabine treatment in

patients with resected PDAC. First, they identified 24 miRNAs

candidates that were up- or down-regulated in gemcitabine

resistant cells. The analysis of miRNA expression, in relation to

the survival time of PDAC patients after curative resection,

revealed that miR-142-5p expression correlated with survival

in patients treated with gemcitabine after surgical resection of

PDAC, but not in patients without gemcitabine treatment.

These findings could aid to select the appropriate and efficient

treatment of patients after resection of PDAC, improving their

prognosis [40].

More recently, in vitro and in vivo analyses have revealed

a correlation between miR-506 expression levels and chemo-

sensitivity to gemcitabine in PDAC cells. This study has high-

lighted that, after the transfection with miR-506 mimics, the

overexpression of this miRNA enhanced the chemosensitivity

of the cells to gemcitabine, whereas miR-506 inhibitors sig-

nificantly conferred chemoresistance to PDAC cells. Moreover,

sequencing analysis have revealed that the hypermethylation

of the promoter region of the miR-506 gene reduced the

expression levels of this miRNA in PDAC and significantly

associated with poor prognosis. Despite these promising find-

ings, further examination are needed to confirm the possibility

of using miR-506 as a predictive biomarker of response to

gemcitabine [41].

MiR-509-5p andmiR-1243 have also been proposed as poten-

tial biomarkers in PDAC. A recent study showed that the over-

expression of miR-509-5p and miR-1243 increased the sensitivity

of PDAC cells to gemcitabine, suggesting that the expression

status of these twomiRNAsmight predict gemcitabine efficacy in

patients with PDAC [42].

Moreover, Preis and colleagues proposed miR-10b as an

important tool for clinicians to guide clinical decision-making

about neoadjuvant treatment and surgery. The authors of this

study suggested, for the first time, that miR-10b expression in

samples from fine needle aspirates (FNA) can be used to

delineate a subgroup of patients that will truly benefit from

subsequent surgery. In fact, patients whose cancers express

low levels of miR-10b are predicted to have greater than 50%

survival rate after 2 years. In contrast, high levels of miR-10b

predict poor outcome and early disease progression even after

surgical resection. Moreover, miR-10b expression levels in FNA

samples correlated with the response to multimodality neoad-

juvant gemcitabine-based chemoradiotherapy, in patients

with resectable or locally advanced disease [43].

Of note, it has been demonstrated that also miR-211

expression modulates chemoresistance to gemcitabine. This

miRNA emerged from a microarray analyses in long versus

short-survival patients. In vitro studies showed that the over-

expression of miR-211, by transfection of PDAC cells with pre-

miR-211, led to a significant reduction of the percentages of

cell growth and an increased sensitivity to gemcitabine.

Instead, transfection with anti-miR-211 resulted in the oppo-

site effect. Most likely, miR-211 modulates sensitivity to gem-

citabine through the direct control of RRM2 expression.

Indeed, the overexpression of miR-211 leads to a reduction

of RMM2 expression levels, which represents a target of gem-

citabine activity [44]. These results were further confirmed in

a more recent study, where Maftouh and colleagues explored

the biological role of miRNA-211 in gemcitabine activity in two

subclones of SUIT2 cell line (SUIT2-028 and SUIT2-007). Their

results revealed that the less aggressive subclone SUIT2-028,

which was more sensitive to gemcitabine than the more

aggressive subclone SUIT2-007, reported higher miR-211

expression levels [45].

MiR-200b, miR-200c and many members of the tumor sup-

pressor let-7 family have been also suggested as a potential

biomarker of gemcitabine resistance. Indeed, it has been

found that their expression was significantly down-regulated

in gemcitabine-resistant cells [46].

Other possible miRNAs that could represent good candi-

dates as predictive biomarkers of response to chemotherapy

are miR-192 and miR-215. Indeed, their overexpression results

in reduced levels of thymidylate synthase which is the main

drug target of the fluoropyrimidine/(5-FU)-based therapy [47].

Not many data are available on miRNAs affecting nab-

paclitaxel, but several miRNAs have been associatedwith resis-

tance to paclitaxel. For instance, it has been demonstrated

that the ectopic expression of miR-200c downregulated
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TUBB3 and enhanced sensitivity to microtubule-targeting

agents, including paclitaxel [48]. Furthermore, miR-17-5p has

been identified as one of most significantly downregulated

miRNAs in paclitaxel-resistant lung cancer cells and it could

affect the sensitivity to paclitaxel through the regulation of

beclin1, which is one of the most important autophagy mod-

ulators [49]. On the contrary, it has been observed that miR-

17-5p is upregulated in PDAC where it is associated with

a poor prognosis and plays important roles in pancreatic

carcinogenesis and progression [50]. However, further studies

are needed to better evaluate the role of this miRNA as

a predictive biomarker in PDAC.

A recent study evaluated the use of circulating miRNAs to

predict and/or monitor patients with advanced PDAC treated

with FOLFIRINOX. Results obtained showed that a reduction of

miR-181a-5p expression levels in plasma is able to monitor

response to FOLFIRINOX chemotherapy in patients with

advanced PDAC. Conversely the same miRNA did not predict

the outcome of patients treated with gemcitabine/nab-

paclitaxel. In vitro analysis confirmed these findings and

allowed to study the potential mechanism exploited by miR-

181a-5b to affects FOLFIRINOX sensitivity. Interestingly, the

inhibition of miR-181a-5p led to increased expression of

tumor-suppressor protein ATM, enhancing sensitivity to oxali-

platin. However, the exact mechanisms of miR-181a-5p in

chemosensitivity to FOLFIRINOX therapy remain to be investi-

gated and the clinical utility of miR-181a-5p as a predictive

biomarker should be further validated in prospective, large-

scale clinical studies [51].

3.2. Targeting cancer cell glycolytic metabolism

3.2.1. Metabolic reprogramming in primary tumor and
cancer metastasis
Pioneer Otto Warburg first revealed that metabolic differences

exist between malignant tumor cells and adjacent normal

cells. The neoplastic diseases are indeed characterized by

a chronic and often uncontrolled cell proliferation which

results in corresponding adjustments of energy metabolism

in order to fuel cell growth and division. Despite the presence

of oxygen, cancer cells switch from oxidative phosphorylation

(OXPHOS) to the aerobic glycolysis, resulting in high rate

glycolysis followed by lactic acid fermentation. Therefore, can-

cer cells tend to promote glycolysis over mitochondrial

respiration, even under aerobic conditions. In tribute to Otto

Warburg, this metabolic alteration is known as ‘Warburg

effect’ [52,53].

Though aerobic glycolysis is an inefficient way to generate

energy, cancer cells use this peculiar metabolic adaptation to

increase the uptake and the incorporation of nutrients (such

as nucleotides, amino acids, and lipids) into the biomass,

conferring to cancer cell the advantage to obtain sooner all

the elements they need to produce new cells [54].

Of note, the Warburg effect is a metabolic phenomenon

involving the primary tumor but once cancer cell begin to

spread from the original tumor to other organs or tissue of the

body, their energy requirements change [55]. Emerging data

suggest that metabolic flexibility is required for the success of

the metastatic dissemination and is critical for efficient

colonization of distant sites. Cancer cells differentially engage

distinct metabolic strategies depending on their metastatic

site [56]. For instance, breast cancer cells enhance their meta-

static fitness to the liver by engaging a dominant metabolic

phenotype. Instead, lung and bone metastasis are more

dependent on OXPHOS [57].

3.2.2. Anti-cancer agents targeting the Warburg effect
Anti-cancer agents targeting the Warburg Effect include small

inhibitory molecules that target glycolysis through the inhibi-

tion of glucose uptake (mainly mediated by Glucose transpor-

ter 1 (GLUT-1)), glucose retention (due to the reaction

catalyzed by hexokinase (HK)) and lactate production (through

the inhibition of LDH-A) (Figure 1). Glycolysis initiation

requires glucose uptake that is mediated by the glucose

transporters GLUTs [58], and overexpression of GLUT-1 has

been found in various tumor types. This evidence can be

explained by the high glucose consumption rate of cancer

cell, which can be compensated by increased glucose influx

through the overexpression of this transporter [59].

Of note, Shibuya and colleagues supposed that the

increased glycolytic metabolism, characteristically seen in

human cancers, has a pivotal role in the maintenance of

cancer stem cells (CSCs) in several human cancer types. In

vitro and in vivo analysis demonstrated that WZB117,

a specific GLUT-1 inhibitor, could inhibit the self-renewal and

tumor-initiating capacity of the human CSCs from different

cancer types, including PDAC. Therefore, glucose metabolism-

targeted therapy through GLUT-1 inhibition, in combination

with other therapeutic modalities that effectively control the

tumor bulk, is expected to achieve better management of

cancers through a CSC-directed cancer therapy [60].

Moreover, a recent study conducted on primary PDAC resis-

tant cells demonstrated that the novel GLUT-1 inhibitor PGL13

supports the synergistic interaction between the Akt inhibitor

perifosine and gemcitabine, restoring the repression of aero-

bic glycolysis induced by Akt inhibitors [61].

Once glucose is inside the cell, the first critical and irrever-

sible step of glycolysis is performed by HK, which coverts

glucose to glucose-6-phosphate to ensure that glucose will

not diffuse back out of the cells [62,63]. For this reason, HK is

considered another promising potential target for antiglycoly-

tic therapies. As regard to the use of HK inhibitors in PDAC,

Bhardway and colleagues demonstrated that 3-bromopyru-

vate (3BP), an inhibitor of HK-II, used in combination with

IAA, an inhibitor of GAPDHase, effectively inhibited both

energy production and cell signaling in the PDAC cell line

PANC-1 [64].

Moreover, a recent study performed on PDAC cell lines,

showed that human in vitro derived tumor-associated macro-

phages (TAMs) utilize Warburg metabolism to promote tumor

growth and dissemination. Indeed, this alteration in macro-

phage metabolism supported angiogenesis, and augmented

the extravasation of tumor cells in a VEGF-dependent manner.

Furthermore, it induced epithelial-to-mesenchymal transition

(EMT) in a TGF!-dependent manner, facilitating tumor disse-

mination to secondary sites (such as the lung and liver).

Instead, the inhibition of glycolysis in TAMs, with

a competitive inhibitor to HK2, 2-deoxyglucose (2DG), was

EXPERT REVIEW OF CLINICAL PHARMACOLOGY 1085



111

5

New avenues in pancreatic cancer: exploiting microRNAs as predictive biomarkers and new 
approaches to target aberrant metabolism

sufficient to disrupt this pro-metastatic phenotype, reversing

the observed increases in TAM-supported angiogenesis, extra-

vasation, and EMT [65]. In a phase I dose-escalation trial, the

combination of 2-DG and docetaxel was tested in 34 patients

with metastatic or advanced solid tumors. The results

obtained prompt that the recommended dose of 2DG in

combination with weekly docetaxel is 63 mg/kg/day with

tolerable adverse effects [66], and further studies in PDAC

patients seem warranted.

In the last step of glycolysis, pyruvate and ATP are formed.

Then, pyruvate is taken up into mitochondria, converted into

acetyl coenzyme A (Acetyl-CoA) which enters the tricarboxylic

acid (TCA) cycle. But pyruvate can also be reduced to lactate

by LDH-A, which has been proven to be overexpressed in

many types of solid cancer, including PDAC [67]. FX11, a small-

molecule inhibitor of LDH-A, negatively affects cellular energy

supply, decreases cellular production of lactate, induces oxi-

dative stress and finally provokes cell death. Of note, FX11

efficiently reduced cancer cell growth in PDAC cell and xeno-

graft models [68,69]. This drug has been also tested in a more

aggressive human pancreatic tumor xenograft LZ10.7, where it

has been proven to be effective even as a single agent [68].

Unfortunately, to date, no clinical trial has been conducted to

evaluate the clinical activity of FX-11.

A more recently developed class of effective inhibitors of

LDH-A include N-hydroxyindole-based compounds [70].

Maftouh and colleagues demonstrated the synergistic interac-

tion between gemcitabine and two derivatives of these

compounds (NHI-1 and NHI-2). Indeed, they revealed that in

hypoxic models of PDAC, these two compounds affected

apoptosis, spheroid-growth, and invasiveness, reducing the

expression of metalloproteinases. The synergistic interaction

with gemcitabine was attributed to modulation of gemcita-

bine metabolism, overcoming the reduced synthesis of phos-

phorylated metabolites in hypoxia [71].

The glucose-conjugated methyl ester NHI-Glc-2 is

a weaker LDH-A inhibitor than NHI-2 on the isolate enzyme.

But anyway, it exploits the GLUT-1 overexpression, leading

to an increased uptake [72]. The combination of NHI-Glc-2

with deoxynyboquinone (DNQ) has been already tested in

cancer cells and in a mouse model of lung cancer [73].

Moreover, preliminary in vitro and in vivo studies showed

a potential synergistic interaction between NHI-Glc-2 and

gemcitabine in PDAC models [74].

Oncogenic KRAS mutations play a pivotal role in the initiation

and progression of pancreatic adenocarcinoma. These mutations

preventGAPstimulationand lead toanaccumulationofpersistently

GTP-bound and active K-Ras. In its activated form, K-Ras can trigger

multiple signaling pathways, such as MAPK and P13, impacting

a wide range of cellular processes, including cell survival and pro-

liferation [75]. To date, mutant K-Ras remains difficult to target and

some progress has been made only regarding the selective inhibi-

tion of G12C mutant KRAS isoform with a small molecule, which is

more common in lung cancer compared to PDAC [76,77].

However, several recent studies have reported that KRAS

plays a critical role in controlling cancer metabolism through

Figure 1. Scheme of selected components of the glycolysis pathway and inhibitors by small molecules targeting glucose transporter 1 (GLUT-1), hexokinase (HK)
and lactate dehydrogenase (LDH-A) that have been studied or are undergoing evaluation as new anticancer treatments.
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the stimulation of glucose metabolism, differential channeling

of glucose intermediates, reprogrammed glutamine metabo-

lism, increased autophagy, and micropinocytosis [78–81].

These findings could provide a novel and appealing alterna-

tive opportunity to targeting such a key determinant in PDAC.

In fact, specific compounds designed to target the effector

pathways of KRAS, can both alter PDAC cells metabolism and

impair the ability of the cancer cells to proliferate.

Notably, Ying and colleagues, using inducible KRAS-G12D-

driven PDACmousemodel, have already established thatmutated

KRAS enhances the expression of GLUT1 and several rate-limiting

glycolytic enzymes, including HK and LDH-A [82]. Moreover, pre-

clinical studies conducted on HK2-knockout models have shown

that the inhibition of this glycolytic enzyme may provide thera-

peutic benefit to mutant K-Ras lung tumors [83]. Similarly, Xie and

colleagues have reported that inactivation of LDH-A, in mouse

models of NSCLC driven by oncogenic KRAS or EGFR, leads to

decreased tumourigenesis and disease regression in established

tumors [84].

In conclusion, metabolic targeting strategies that have been

preclinically validated in lung cancer models could also represent

a valid method to effectively target K-Ras in other tumor types. In

particular, further studies on the use of anti-cancer agents target-

ing the Warburg effect in pancreatic tumors driven by KRAS are

warranted.

4. Conclusions

In the last few years, several progresses have been made in che-

motherapeutic treatment of PDAC, but current available treat-

ments provide a limited survival advantage and are associated

with severe toxicities. During the last decade, the growing interest

in glycolytic metabolism of cancer cells has generated hope that

a new class of effective anti-cancer treatment strategies could

finally be developed. In fact, over the years, numerous types of

small molecules have been tested for their hypothesized ability to

hampers glucose uptake and glycolysis, representing a promising

tool to target the Warburg effect in cancer cells. Unfortunately,

only a small portion of these small molecules has been tested in

clinical trials and novel preclinical and clinical development strate-

gies are warranted.

Personalized medicine could overcome, at least in part, the

current limits in chemotherapeutic treatment of PDAC, having

the potential to tailor therapy with the best response and highest

safety margin to ensure better patient care. In this regard, miRNAs

have been increasingly recognized as promising predictive bio-

markers of response to chemotherapeutic agents. In fact, accord-

ing to a number of studies, miR-21, miR-181a and other miRNAs

seems topredict response to specific treatments in PDACcells and/

or patients. However, further studies are needed to confirm their

possible use in clinical practice as well as to find new candidate

miRNAs to predict response to new therapeutic strategies.

5. Expert opinion

Alterations of miRNAs expression have an impact on patient-

specific pharmacokinetics and pharmacodynamics of cancer

drugs, rendering them closely related with resistance or sensi-

tization to specific cytotoxic drugs. For this reason, analysis of

miRNAs expression could represent a valuable tool to predict

the response to currently available treatments and to help

tailor treatment appropriate for individual patients [85].

MiRNA expression can be evaluated in tissues specimens as

well as in a tissue biopsy of the primary tumor. In fact, in

clinical practice, the source of biological material typically

comes from formalin-fixed paraffin-embedded tumor samples

obtained during standard of care surgical procedures or biop-

sies. Unfortunately, the tissue extraction is risky and painful for

the patient and in some cases the sample is limited because of

‘inaccessible’ tumor localization. Moreover, the procedure to

obtain a tissue biopsy is expensive, and cannot be applied

repeatedly [86]. In addition, because of intratumour genetic

heterogeneity, the molecular profile of the primary tumor

from the initial surgical specimen might significantly differ

from the molecular profile in a tumor sample obtained from

a biopsy and might not reflect molecular aberrations accumu-

lated as a consequence of selection pressure caused by cancer

therapies [87]. Importantly, liquid biopsies overcome most of

the limitations of tissue biopsies as they represent

a noninvasive, rapid, precise method, which can also bypass

the heterogeneity of tumors. Therefore, analysis of miRNAs

expression in liquid biopsies, such as in serum or plasma or

other body fluids, could represent a more effective way to

predict the response to cancer drugs and hopefully would

replace tissue biopsy in the near future [88].

In this review, we provided an overview of miRNAs that might

predict response to standard treatments in PDAC. However, we

also underlined the importance of new treatments, focussing on

therapies targeting aberrant cancer glycolytic metabolism. These

two topics should be further studied. To date, only a few studies

evaluated miRNAs that could predict response to drugs targeting

cancer cell glycolytic metabolism.

In particular, further studies should be conducted on miRNAs

that, through their altered expression, might affect the expres-

sion of GLUT-1, HK2 or LDH-A (Figure 2). For instance, it has been

demonstrated that miR-138, miR-150, miR-199a-3p andmiR-532-

5p downregulate GLUT-1 expression, whereas miR-19a, miR-19b,

miR-130b, and miR-301a increase GLUT-1 expression in renal cell

carcinoma. In addition, miR-144, which is downregulated in

PDAC tissues and PANC-1 cells [89], was found to target GLUT-

1 in lung cancer [90]. Therefore, the altered expression of these

microRNAs, through the regulation of GLUT-1 expression, could

modulate the chemoresistance toward GLUT-1 inhibitors such as

WZB117 and PGL13.

In breast cancer cells miR-143 negatively regulate HK2

expression, whereas miR-155 indirectly promote HK2 transcrip-

tion by repressing miR-143 [91]. Therefore, further studies on

these two microRNAs could confirm their possible use as

a marker of response to HK2 inhibitors such as 3BP and 2DG.

Finally, several microRNAs including miR-34a, miR-34c, miR-

369-3p, miR-374a, miR-30a-5p, miR-142-3p, miR-30d-5p, miR-

323a-3p, miR-199a-3p, miR-449a, and miR-4524a/b, have been

found to target the mRNA of LDH-A [92–101]. In particular, it has

been demonstrated that miR-34a re-sensitizes colorectal cancer

cells to 5-FU by directly targeting the expression of LDH-A. These

results suggest further studies on this miRNA as a predictive

factor for response to a combined therapy of 5-FU with LDH-A

inhibitors, such as FX11, NHI-1, NHI-2 and NHI-Glc-2 [102].
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In conclusion, future studies should evaluate the role of several

emerging miRNAs as biomarkers in PDAC as well as to validate

their use as potential predictive factors for the response to glyco-

lysis inhibitors. Moreover, additional candidate miRNAs could be

found by investigating the metabolism of glycolysis inhibitors.

Indeed, miRNAs could modulate the expression of several drug-

metabolizing enzymes, affecting the sensitivity to this class of new

drugs. Hopefully, the identification of biomarkers of response,

including the above-mentioned miRNAs, should shorten the gap

betweenpreclinical studies andpersonalized therapies using these

novel treatments.
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Simple Summary: Tumor cells are known to produce and secrete pro-coagulants that recruit blood
particles such as platelets, inducing hypercoagulability. However, platelets can also influence tumor
carcinogenesis and metastasis, creating a reciprocal, vicious loop with the tumors. Confrontation
of platelets with tumor cells via transfer of tumor-associated biomolecules or influencing platelets
biology (“education”) is an emerging concept, that has been recently proposed to create innovative
platforms for biomarkers within blood-based “liquid biopsies”. In this study, we explore the intrinsic
regulation and the potential “education” of platelets using -omics profiling in pancreatic cancer
patients. Our results showed: (i) a high activity on RNA splicing that can lead to subsequent
platelets education; (ii) enrichment of specific modified forms (isomiRs) of canonical miRNAs; and
(iii) inhibition of SPARC transcription by specific class of isomiRs. Moreover, we created an interactive
tool to visualize expected correlations, to facilitate further investigations on additional potential
biomarkers and therapeutic tools.

Abstract: Pancreatic ductal adenocarcinoma (PDAC) is traditionally associated with thrombocy-
tosis/hypercoagulation and novel insights on platelet-PDAC “dangerous liaisons” are warranted.
Here we performed an integrative omics study investigating the biological processes of mRNAs and
expressed miRNAs, as well as proteins in PDAC blood platelets, using benign disease as a refer-
ence for inflammatory noise. Gene ontology mining revealed enrichment of RNA splicing, mRNA
processing and translation initiation in miRNAs and proteins but depletion in RNA transcripts.
Remarkably, correlation analyses revealed a negative regulation on SPARC transcription by isomiRs
involved in cancer signaling, suggesting a specific ”education” in PDAC platelets. Platelets of benign
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patients were enriched for non-templated additions of G nucleotides (#ntaG) miRNAs, while PDAC
presented length variation on 3! (lv3p) as the most frequent modification on miRNAs. Additionally,
we provided an actionable repertoire of PDAC and benign platelet-ome to be exploited for future
studies. In conclusion, our data show that platelets change their biological repertoire in patients with
PDAC, through dysregulation of miRNAs and splicing factors, supporting the presence of de novo

protein machinery that can “educate” the platelet. These novel findings could be further exploited
for innovative liquid biopsies platforms as well as possible therapeutic targets.

Keywords: liquid biopsy; platelets; omics integration; regulatory mechanisms; gene expression;
miRNAs; proteins; pancreatic cancer

1. Introduction

Cancer death predictions in the US show pancreatic ductal adenocarcinoma (PDAC)
expected to become the second leading cause of cancer-related deaths by 2030 [1]. The
majority of PDAC patients are diagnosed late, with either locally-advanced or metastatic
disease, which are typically resistant to chemotherapy. The lack of reliable biomarkers for
preventive screening or early cancer detection, and the absence of effective therapies, are
the main causes for the poor survival rates, ranging between 2 and 9% [2,3].

Tumor cells are known to secrete pro-coagulants or fibrinolytic substances that recruit
platelets and this can induce hypercoagulability [4,5]. This is particularly common in
patients suffering from PDAC, with an incidence of thrombotic complications up to 36%,
and can be attributed to the procoagulant properties of PDAC cells, including the promotion
of platelet activation [6–8].

Recent studies reported the use of platelets as an extremely promising source for
cancer diagnosis and early detection biomarkers [9–13]. Platelets do not have a nucleus
but hold a pool of megakaryocyte-derived mRNAs [14,15] and the complete machinery for
de novo protein synthesis, resulting in dynamic modifications of protein expression [16].
Remarkably, platelets contain a vast amount of bioactive proteins which can be secreted
upon activation [17]. These proteins can be either synthesized by the platelets themselves
or taken up during circulation, making platelets profiling an extremely appealing tool to
obtain a representative “image” of the current status of the healthy or diseased body.

It has already been shown that platelets can alter their RNA profiles when cancer
cells are present, and they are referred as “tumor educated platelets” (TEPs) [18]. On this
basis, previous studies generated robust classifiers to identify the cancer status based on
the platelet signature in different tumor types, including PDAC [19–21]. However, further
studies to investigate the molecular mechanisms underlying the “education” of platelets
are warranted.

Evidence that platelets are capable of de novo protein synthesis [22], raised the issue of
whether there is a fine-tuning of their content depending on external stimuli. During RNA
splicing, intronic sequences of pre-mRNA are generally removed, while exonic sequences
are joined together. However, the splicing process can create several mRNA sequences by
varying the pre-RNA composition (e.g., by retaining introns or skipping exons), within a
process called alternative splicing. Denis et al. identified pre-mRNA splicing as a displaced
nuclear process that can occur in platelets [23]. Moreover, the presence of retained introns
transcripts has been suggested to be a biologically relevant phenomenon that contribute to
modulation of the platelet transcriptome [16,24].

Apart from RNA, circulating platelets are also enriched in small non-coding RNAs
(ncRNAs) such as miRNAs [25–27]. It is well recognized that many small ncRNAs play
a pivotal role in regulation of mRNAs expression in physiological and pathological con-
ditions [28–30]. In particular, miRNAs bind to specific regions in the target mRNAs, thus
leading to mRNA degradation or repression, subsequently resulting in suppression of
protein translation [31–34].
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Most miRNA genes are transcribed by RNA polymerase II in the nucleus. The pri-
miRNA is then cleaved by the microprocessor Drosha. The resulting pre-miRNA is then
exported by Exportin-5 in the cytoplasm where it is further cleaved by Dicer. Commonly,
one strand of the miRNA is bound to AGO protein and incorporated in the RISC complex
that will repress gene transcription [35]. However, malfunctions of Drosha and Dicer can
create modified forms of miRNA, called “isomiRs”. Additionally, isomiRs can be generated
by the addition of nucleotides to the 3! or 5! ends by nucleotidyltransferases such as TUT4
and GLD2. Remarkably, there are several types of isomiRs, depending on the miRNA
length and the addition of nucleotides with respect to the canonical form, and they have
already been described as potential biomarkers for prostate cancer detection [29].

A successful integration of data from those types of molecules (i.e., miRNAs, isomiRs,
mRNA and protein expression) can lead to the discovery of new biomarkers that reflect
their complex relationships as well as to understand which biological pathways are affected
in different diseases, including cancer [36].

Here, to further unravel the biology underlying TEP profiles in PDAC, we applied for
the first-time parallel deep omics approaches using Next Generation Sequencing (NGS) for
RNA and small-RNA and label-free LC-MS/MS for proteomics, using benign pancreatic
disease as ”control group” to elucidate the biology of platelets in patients affected by
malignant tumor platelets.

These studies provide an extensive catalog of -omics data that can be used in many
ways to explore non-coding RNAs, mRNAs and protein expression in platelets of PDAC
and benign lesions. To facilitate further research on diagnostic markers from non-invasive
biopsies, novel targets to inhibit metastases formation and the many further uses that can
be envisaged, all data are available in GEO (GSE160252), proteomeXchange (PXD022514)
and resulting biological networks from these analyses are presented in the R Shiny Web
App: http://platelnet.eu.ngrok.io while the R script code is available at: https://github.
com/Giulia221091/Platel-net.

2. Results

First, we investigated whether the inclusion of healthy donors can be useful in our
study setting. We analyzed age- and sex- matched healthy donors samples (HD, n = 19)
and their RNA expression profile when compared to PDAC and benign platelets. Based
on the different RNA profile of HD (Figure S1) we have excluded this group from the
following analyses. Indeed, HD cases classify aside from the other groups, suggesting that
the expression of RNA from blood platelets of healthy individuals is different from the RNA
expression of platelets from patients with PDAC or benign diseases. This difference might
be explained by the fact that all patients with benign diseases had some inflammatory
responses which could result in differences in RNA expression in platelets compared
to HD.

Our choice to compare PDAC to benign disease was also sustained by the actual
clinical challenge: distinguish PDAC patients from patients having non-malignant disease.
Unfortunately, clinical symptoms and diagnostic features of patients with PDAC show a
considerable similarity to those of patients with different benign diseases of the pancreas.
Currently, the diagnostic process relies on clinical suspicion, radiological investigation,
brush cytology or fine-needle aspiration for pathological confirmation, and measurement
of tumor markers. However, most clinically used biomarkers fail to discriminate PDAC
from benign diseases, substantiating the need for correction of the inflammatory signal in
-omic analyses.

To obtain a comprehensive overview of the regulation of the transcriptome and pro-
teome in platelets of PDAC and benign disease, we performed quantitative proteomic
analysis (~2000 identified proteins), small-RNA profiling (~44,000 canonical and isomiRs
type identified) and transcriptomics analysis (~50,000 RNA transcripts identified) on iso-
lated and highly purified platelets. Platelets were collected from patients with PDAC
(N = 11) and age- and sex matched patients with benign disease (N = 11). Clinical charac-
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teristics and age- and sex distribution are presented in Table S1 and Figure S2. In addition,
proteomics analysis was performed on a subset with sufficient protein content after care-
fully checking that age and sex were still matching between groups in proteomics and
transcriptomics datasets (Figure S2).

Figure 1 describes the workflow overview adopted in this study. Blood samples were
collected from patients with PDAC and benign disease, with subsequent platelets isolation.
After measuring and processing for small-RNAs, transcriptomics and label-free mass
spectrometry-based proteomics, we evaluated differential expressed profiles for each data
type. Moreover, we performed an intra group correlation analysis in PDAC and benign
patients and an integrative gene ontology mining to understand the common enriched
pathways between data types in PDAC and benign platelets.

�ĞŶŝŐŶ�EсϭϭW����Eсϭϭ
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WůĂƚĞůĞƚƐ�ůŽŽĚ�
ƐĂŵƉůĞ

WůĂƚĞůĞƚƐ͛�KD/�Ɛ�ƉƌŽĨŝůĞ

ŵŝZE�
ZE�

WƌŽƚĞŝŶ

ĐĂŶŽŶŝĐĂů

ŝƐŽŵŝZƐ
WƌĞͲŵZE�

ŵZE�

�ŝĨĨĞƌĞŶƚŝĂů�ĂŶĂůǇƐŝƐ
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Figure 1. Workflow of platelets omics profiling. Platelets were isolated from 22 age and sex-matched
patients with PDAC and benign diseases. Small-RNAs, RNA transcripts (PDAC samples = 11; benign
samples = 11) and proteins (PDAC samples = 8; benign samples = 11) were isolated and sequenced
following validated protocols [28,37]. Bioinformatics tools were adopted to quantify canonical as
well as isomiRs from smallRNA-seq, mRNA and intron-spanning reads from RNA-seq, and proteins.
Downstream analyses were carried out using standalone tools for differential analysis of all data
types comparing PDAC versus benign platelets; intra group correlation analysis between miRNAs,
mRNAs and proteins of matched PDAC and benign platelets and, lastly, gene ontology mining.
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A repertoire of 344 canonical miRNAs, 8357 isomiRs, 8695 intron-spanning reads,
49965 mRNAs and 2106 proteins were used for downstream analyses as reported in
Figure 2A. Next, differential expression analysis was computed separately for each data-
type including canonical miRNAs, isomiRs, intron-spanning reads, mRNAs and proteins
(Figure 2B,C).

Figure 2. Data summary and differential analysis. (A) summary of canonical miRNAs, isomiRs, mRNAs, intron-spanning
reads and proteins used in this study for subsequent analysis; (B) heatmaps of differentially expressed canonical miRNAs
and isomiRs; (C) heatmaps of differentially expressed intron-spanning reads and mRNAs; (D) heatmap of differentially
expressed proteins. Significance level was set to p-value < 0.05 and |Log2 FC| > 1.

2.1. Differential Analysis

First, we aimed to differentiate platelets of PDAC and benign patients using each
data-type. This analysis led to the identification of: (i) 41 differentially expressed (DE)
canonical miRNAs (28 up-regulated in PDAC and 13 up-regulated in benign platelets)
(Figure 2B left panel); (ii) 981 DE isomiRs (448 up-regulated in PDAC and 533 up-regulated
in benign) (Figure 2B right panel); (iii) 285 DE intron-spanning reads (217 up-regulated in
PDAC and 68 up-regulated in benign) (Figure 2C left panel); (iv) 1878 DE mRNAs (1466
up-regulated in PDAC and 412 up-regulated in benign) (Figure 2C right panel); (v) 52 DE
proteins (26 up-regulated in PDAC and 26 in benign) (Figure 2D). Raw-sequencing data
can be found at www.ncbi.nlm.nih.gov under the accession GSE160252.

Regarding the canonical miRNAs up-regulated in PDAC platelets, we observed that
many of them were expected to regulate genes of ECM-receptor interaction. In particular,
miR-128, miR-29a and miR-335 were the miRNAs targeting more genes involved in this
interaction. However, the same miRNAs were targeting genes enriched for proteoglycans
in cancer and PI3K-Akt signaling pathways. Those pathways have been described in
several studies reporting their aberration in PDAC and other cancer types [38–41].

Analyzing the differentially expressed intro-spanning RNA reads we found MAP2K4,
CDC42, CBL, SOS1, ROCK2, FOXO1 up-regulated in PDAC and associated to MAPK
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signaling, insulin signaling, TGF-beta and PDGF pathways. Previous studies already
showed the alteration of those signaling pathways in PDAC cells [42,43].

However, the analysis on mature-mRNA revealed enrichment of very broad terms
such as cell adhesion, cytoskeletal protein binding, and ion binding. This suggests that acti-
vated platelets in PDAC patients may require several proteins to affect different processes.
Indeed, we identified many proteins up-regulated in platelets from PDAC patients that are
involved in poly-A RNA binding, mRNA binding and transferase activity, suggesting a
clear “protein machinery” in action [16,44].

2.2. Regulatory Networks

Understanding the internal regulation of platelet activity in PDAC patients is one of
the main goals for this study. Thus, we used the negative correlations between miRNAs
(canonical and isomiRs) and genes (intron-spanning RNAs and mRNAs), and positive
correlations between genes and proteins that we call “expected” correlations. This has led
to 8 resulting networks in total: four networks for PDAC platelets and four networks for
benign platelets. These four networks were based on expected correlations of: (i) isomiRs-
mRNA-proteins; (ii) isomiRs-intronRNA-proteins; (iii) canonical miRNA–mRNA-proteins;
(iv) canonical miRNA-intronRNA-proteins.

Analyzing the resulting four correlation networks from PDAC platelets we discovered
that five RNA transcripts namely SNTB1, SPARC, PPM1A, TLN1 and ADD3 were repre-
sented in all four networks. Of those transcripts, SPARC showed to be between the top five
most connected nodes with a node degree ranging from three (in canonical networks) to 32
(in isomiRs networks).

Specifically, the mRNA transcript of SPARC was found to be down-regulated in PDAC
platelets patients. Figure 3 clearly show that SPARC down-regulation is mainly associated
by isomiRs. Each connection represents one specific class of isomiR (e.g., nta#A, mv, nta#C
etc.). The various number and type of isomiRs competing for SPARC down-regulation
is given by the biological effects in which several miRNAs compete for the same gene
target. In Figure 3A, we show the mRNA transcript SPARC is negatively correlated to
several isomiRs, namely miR-17-3p, miR-29a-3p, miR-22-3p and miR-221-5p, while panel
B shows canonical miRNAs associated to SPARC modulation that are not significantly
different between PDAC and benign blood platelets included in our study. Of note, high
expression of miR-22-3p is associated to poor survival in an external cohort of PDAC
patients (Figure S3) as reported previously [45]. Moreover, KEGG pathways analysis of
the above-mentioned miRNAs revealed an enrichment of classical PDAC pathways such
as PI3K-Akt signaling, mTOR pathway, focal adhesion and “pancreatic cancer pathways”
itself (Table S2). Additionally we have performed a multivariate analysis on SPARC and
miR-29a-3p expression correcting for age, sex and stage and assessed that those clinical
features are not confounding factors (Table S3).

The same analysis strategy was adopted in benign correlation networks. This time,
none of the RNA transcripts was found to be over-represented between the four networks.
However, we found spectrin-! non erythrocytic 1 (SPTBN1) of particular interest. This
RNA transcript was one of the most connected nodes in isomiRs-networks and found
to be down-regulated in benign platelets (Figure S4A,B) suggesting a key role of PDAC
progression for this gene.
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Figure 3. Networks focused on SPARC and based on correlation analyses of miRNAs, RNAs and proteins in PDAC platelets.
A node-to-node connection is only seen if the nodes satisfy the expected correlation rule (negative correlation between
miRNA and mRNAs, and positive correlation between mRNAs and proteins). (A) expected correlations between isomiRs
and mRNA data; (B) expected correlations between canonical miRNAs and mRNA data; In isomiRs data each connection
represents one isomiRs type, red and light blue colors represent up-regulation in PDAC and benign platelets, respectively.
Triangle, oval and circle represents miRNAs, RNAs and proteins, respectively.

Previous analysis from TCGA consortium already showed a significant down-
regulation of RNA transcript SPTBN1 in healthy and non-tumor matched samples when
compared to PDAC tissues (Figure S4C). In addition, proteomics analysis confirmed
transcriptomics results, showing elevated proteomic levels of SPTBN1 in CD24+ PDAC
tissues when compared with CD24! adjacent normal tissues [46]. However, divergent
results on transcriptomics and proteomics data are found when studying prognosis of
PDAC patients. Indeed, in a proteomics study of 55 pancreatic cancer patients, lower levels
of SPTBN1 correlate with advanced PDAC stage and worse prognosis [47], and similar
data were reported in a cohort of 82 resected PDAC patients [48] (Figure S3D). Contrary to
this, transcriptomics data show that high levels of SPTBN1 correlates with poor prognosis.
Therefore, different regulations at transcriptomics levels or post-translational modifications
may tune SPTBN1 expression from benign state to cancer progression.

2.3. SPARC Is a Direct Target of miR-29a-3p and Its Modulation Affect Cell Migration

To validate SPARC as an important target of miR-29a-3p, we evaluated previous
literature studies [49–53] using cloned 3"UTR regions of this transcript in luciferase vectors
and co-expressed them with precursor miRNAs (pre-miRs). Most of these studies showed
reduced luciferase levels upon miRNA over-expression and verified a direct miRNA-
mRNA interaction (Figure 4A). We then transfected both Panc-1 and LPC006 cells with
the pre-miRs and anti-miRs, individually, and performed RT-qPCR to assess and confirm
changes at the endogenous mRNA levels. Transfection efficiency of pre- and anti-miR-
29a-3p was evaluated by qRT-PCR analysis, 48 h post transfection, showing a significant
modulation of miR-29a-3p expression in both cellular models (Figure S5). Consistent with
the literature findings, we observed a reduction in the levels of SPARC mRNA in cells with
increased expression of miR-29a-3p. On the contrary, we observed a significant increase
of SPARC expression in cells with reduced miR-29a-3p expression (Figure 4B). The effect
of miR-29a-3p on cell migration was evaluated using the wound healing assay, which
showed that the hsa-miR-29a-3p mimic inhibited PDAC cell migration capability, while
the hsa-miR-29a-3p inhibitor enhanced it (Figure 4C). These findings demonstrate that
hsa-miR-29a-3p regulates the mRNA expression of its predicted target SPARC and affects
PDAC cell migration.
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Figure 4. Validation of miR-29a-3p inhibitory effect on SPARC mRNA expression. (A) Table on previous studies validating
the inhibition of SPARC caused by miR-29a-3p. (B) Modulation of SPARC mRNA expression levels after transfection with
pre-miR-29a-3p (green) or anti-miR-29a-3p (orange) in LPC006 and Panc-1 cells. (C) Modulation of migration in LPC006
cells after transfection with anti-miR-29a-3p (orange), pre-miR-29a-3p (green) or miR-negative control (blue–dashed line).
Significance was assessed with T-Student Test (* p < 0.05, ** p < 0.01, *** p < 0.0001). Dashed line refers to comparative levels
in miR-negative controls.

2.4. Integration of Gene Set Enrichment Analyses

Defining and discovering a regulatory mechanism in a specific phenotype is often
challenging. For example, many miRNAs can compete to target the same gene and the
same gene can be targeted by many miRNAs simultaneously. Not only miRNAs, but the
entire family of small-RNAs can regulate gene expression by both mRNA degradation
and translational repression mechanisms and it has been shown that protein expression
not always correlate to gene expression due to post-translation modifications and/or
regulatory feedbacks.

We hypothesized that the most active and prominent pathway that describes the
current state of the cell/platelet should be maintained across all data-layers.

To this end, we performed a gene set enrichment analysis using Gene Ontology
terms for each data-type. Next, results of the separate gene ontology mining were inte-
grated retaining only the overlapped GO terms (Figure 5). Interestingly, a total of eight
pathways resulted significantly enriched for RNA splicing, mRNA processing, ribosome
biogenesis and translation initiation in miRNAs and proteins of PDAC platelets, in line
with previous findings [16,44]. Genes and intron-spanning reads were found to be down-
regulated in PDAC platelets. This can be well explained by the inhibitory mechanisms
of miRNAs acting on gene expression. Of note, proteins that are supposed to correlate
to RNA expression are on opposite direction. This outcome can have at least three ex-
planations: (i) the presence of alternative regulatory mechanisms and post translational
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modifications on RNAs; (ii) various proteins also non-tumor related can be ingested by
platelets; (iii) blood platelets can ingest miRNAs and proteins that can control internal
splicing events encoding for unfolded/non-functional proteins inducing a “specific” regu-
lation. Indeed, down-regulation of RNA splicing in platelets of cancer patients was already
shown by Best et al. [19] when biologically mining the selected features for their diagnostic
TEP model.

Figure 5. Gene ontology mining. Overlapped of significant GO terms for miRNAs, mRNAs, intron-spanning reads
and proteins. Red bars describe biological terms enriched in PDAC platelets while blue bars identify biological terms
down-regulated in PDAC platelets.

2.5. Different Isomirs Profile in PDAC and Benign Platelets of Patient

We performed an exploratory analysis on the different expression protein profile of
eight PDAC and 11 benign platelets patients using our proteomics data and four additional
datasets to validate our findings: (i) label-free quantification from DDA data of discovery
cohort; (ii) label-free quantification from DIA data of discovery cohort; (iii) iq implemen-
tation of DIA data of discovery cohort [54]; (iv) published study on proteomics platelets
using healthy controls and PDAC patients [9].

In this analysis, we found five highly expressed proteins in PDAC platelets: HBA1,
HBD, PRDX2, CA1 and 1 down-regulated protein in PDAC platelets: AGT. Results are
presented in Figure S6.

Next, we investigated whether there was a correlation with transcriptomics and
small-RNAs data based on the above-mentioned analysis. Unfortunately, none of the
six differentially expressed proteins were differentially regulated in transcriptomics data.
However, AGT, HBD and CA1 shared a miRNA target that is up-regulated in PDAC,
miR-26b-5p (Table S4).

Next, we generated an isomiRs profile based on differentially expressed canonical
miRNAs (Figure 6). Based on this profile, miR-26b-5p is stable in benign platelets (only
addition of #G base and the 5! ends), while several types of isomiRs of this miRNA are
produced in PDAC platelets (nta#A, lv5p, lv3p, mlv5p). We then investigated the frequency
of each isomiR class in PDAC and benign platelets, using only the isoform of DE canonical
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miRNAs (side barplots Figure 5). Strikingly, while benign platelets present a relatively
high number of isomiRs of nta#G, in PDAC platelets this class of isomiR is almost absent
and several different types of isomiRs appear to increase, with nta#T and lv3p being the
most frequent. These results suggest a different action of nucleotidyltransferases in the two
patient groups.

Figure 6. Heatmap of differentially expressed miRNAs and their average expression log2 transformed in benign (upper
panel) and PDAC platelets (bottom panel) following the type of isomiR: (i) canonical; (ii) length variant in 3!; (iii) non-
templated addition of base A; (iv) non-templated addition of base T; (v) exact nucleotide variant; (vi); length variant in
5! (vii) multiple variant; (viii) non-templated addition of base C; (ix) multiple variant in 3!; (x) multiple variant in 5!; (xii)
non-templated addition of base G. Side barplots represent the frequency of the isomiR class in benign platelets (blue) and
PDAC platelets (red).

3. Discussion

This study demonstrates a novel integrative interaction of miRNAs, mRNAs, and
protein expression in blood platelets of patients with PDAC, when compared to benign
lesions. Parallel deep omics approaches were applied to unravel the biology of TEPs and
correlate expression profiles. The intrinsic regulation of platelets was further explored using
–omics profiling. With an extensive catalog of data profiles, we demonstrated profound
regulations at multiple levels with high discriminatory power.

Next, correlation analysis of intron-spanning reads and mRNAs with corresponding
proteins were compared in PDAC and benign platelets to evaluate the presence of different
translational activity.

Importantly, SPARC resulted to be down-regulated in PDAC networks when using
isomiRs data. In particular, SPARC is negatively correlated with several isomiRs, such as
miR-221-5p, miR-29a-3p, miR-22-3p and miR-17-3p. We further validated the nhibitory
effects of miR-29a-3p on SPARC expression through RT-qPCR in PDAC cells. Ontology
mining for those miRNAs revealed an over-expression of classical PDAC pathways, such as
ErbB signaling, PI3K-Akt signaling, mTOR pathway, focal adhesion. Notably, high plasma
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levels of miR-22 appear to be prognostic for poor survival in an external PDAC cohort [45].
However, a clear relationship between miR-22 and SPARC has not yet been described.

SPARC is a multifunctional glycoprotein with different and somehow controversial
activities, it can modulate cellular interaction with the extracellular matrix (ECM) by
binding collagen and vitronectin, but also contributes to counteradhesive cells effects by
focal adhesion abrogation. In tumorigenesis, SPARC presents a downregulated pattern in
specific tumor cell types (e.g., epithelial) and an upregulated pattern in adjacent stromal
cells, as described in ovarian, pancreatic and lung cancers [55–57]. SPARC negatively
regulates cell proliferation, angiogenesis and adhesion, but is increased in gliomas (grades
II–IV) [58]. These opposing actions of SPARC may be clarified by differences in the
biological activities of several proteolytic molecules including matrix metalloproteinases,
cathepsins, elastases and serine proteases [59]. Moreover, SPARC regulates the activity of
several growth factors such as platelet-derived growth factor, basic fibroblast growth factor
and vascular endothelial growth factor that can all play a pivotal role in platelet molecular
mechanisms underlying cancer progression and metastases.

In this study, SPARC negatively correlates to the above-mentioned isomiRs suggesting
that alterative mechanisms such as malfunctioning on proteins involved in miRNAs bio-
genesis or ingestion of tumor-secreted miRNAs can potentially play a role in regulation of
SPARC gene transcripts and the subsequent inhibition of the tumor suppressor. However,
a still open question is if SPARC is produced by platelets and released on the tumor site, or
it is taken up by platelets from tumor cells.

Finally, a possible “pathway flow” from miRNAs to proteins going across mRNAs
and retained introns mRNAs was investigated. Integration of significantly enriched gene
ontology terms from differentially expressed miRNAs, mRNAs, intron-spanning reads and
proteins showed that RNA splicing, RNA transcription, mRNA processing and translation
initiation terms were enriched in PDAC platelets for miRNAs and proteins but not for
mature mRNAs and intron-spanning reads. This result is in line with previous findings [60]
suggesting that other mechanisms are acting at the level of mRNA processing. For example,
we found that many miRNAs related to the RNA splicing pathway, where up-regulated in
PDAC platelets, whereas the mature mRNAs associated to them where down-regulated.
This may suggest that other regulatory mechanisms are involved in mature-RNA degra-
dation such as 5! and 3! modifications on RNA extremities [61], RNA helicases, poly-A
tail elongation, chaperones and silencing RNAs (psiRNAs) [62]. However, integrated
pathway analysis showed that miRNAs correlated with protein levels, meaning that, also
when mRNA is degraded, proteins are still produced. A potential explanation for such
phenomenon could be that miRNAs and proteins secreted by CTCs or directly from the
tumor are recruited and ingested by platelets.

We demonstrated that differentially expressed canonical miRNAs of PDAC blood
platelets are enriched for different type of isomiRs class such as lv3p, nta#A and nta#T while
benign platelets solely show an enrichment for nta#G. There are two possible explanation
for these findings: (i) those miRNAs are not produced in the platelets but can be taken up
after contact with tumor, CTCs or tumor vesicles secreted; (ii) platelets contain nucleotidyl-
transferases that can alter the miRNA template and the subsequent interaction with the
gene target. Both mechanisms can result in a modification of the platelet transcriptome and
its subsequent education in response to external stimuli such as the presence of the tumor.

A seminal study performed in 2018 developed a non-invasive blood test called Can-
cerSEEK [63] that aimed to detect eight common cancer types based on eight circulating
protein biomarkers and tumor-specific mutations in circulating DNA. Depending on the
cancer type, this method detected cancer with a sensitivity ranging from 69 to 98% open-
ing a promising future in this field. More recently, an increasing number of studies has
shown that cell-free DNA (cfDNA) methylation could be utilized for the identification
of disease-specific signatures in pre-neoplastic lesions or chronic pancreatitis (CP), repre-
senting a sensitive and non-invasive method of early diagnosis of PDAC. An exhaustive
review by Gall and colleagues reported a summary of all cfDNA studies in PDAC, chronic
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pancreatitis (CP) and benign lesions [64]. A major limiting factor of the reproducibility of
(cf)DNA methylation data is the lack of a common reporting standard for DNA methyla-
tion detection. Furthermore, the heterogeneity of the cfDNA molecules and their genetic
variability associated with cancer make the results’ interpretation even more difficult. De-
spite technological advances in heterogeneity deconvolution [65–67] pinpointing of tissue-
and disease-specific subsets of molecules remains a difficult task. More insights in tumor
heterogeneity will surely boost the utilization of liquid biopsies and, thus, the discovery of
PDAC biomarkers.

Of note, a recent analysis reported the first methylation landscape on tumor suppressor
genes in PDAC [68]. In this study higher methylation indices for SPARC were able to
distinguish PDAC from CP, confirming previous observations [69]. Furthermore, SPARC
hyper-methylation was associated with stage IV, metastasized disease, and poor survival.
However, this study was conducted in small cohorts, and validation in larger independent
cohorts is warranted.

Overall, this is the first study where miRNAs, RNAs and proteins were profiled from
the same set of platelets samples in PDAC patients. Having in mind the limitation of the
sample size and the low detection rate for proteomics, this study aimed to explore the in-
trinsic regulation of platelets using -omics profiling. To this end, we generated an extensive
catalog of data profiles and an interactive tool to visualize expected correlations, in order to
facilitate further investigations on additional diagnostic biomarkers and therapeutic tools.

A recent study described how tumor educated platelets enable both brain tumor
diagnostic and therapy monitoring [70]. The strategy adopted behind in this study in-
terrogated intron-spanning RNA reads and their expression using a fine-tuned classifier
(swarm intelligence). This resulted in an accuracy of 0.95% when discriminating glioblas-
toma from asymptomatic healthy controls. Remarkably, the same method was adopted to
diagnose a non-tumor disease such as multiple sclerosis with 80% of accuracy [71]. These
findings demonstrate that spliced-RNA of tumor educated platelets could be a used for
different diseases.

To conclude, using a multi-omics profiling of platelets from PDAC and benign diseases
patients we (i) provide additional data supporting previous findings where signature of
RNA splicing is down-regulated in RNA of cancer platelets; (ii) illustrated that all the
-omics profiles can classify the two groups; and (iii) showed that specific isomiRs types are
present in PDAC platelets prompting future studies to further validate their biological and
clinical relevance.

4. Materials and Methods

4.1. Patients and Samples Collection

This study enrolled 11 patients with pathologically confirmed PDAC and 11 patients
with benign disease, both groups comprising male and female subjects aged between 39
and 81 years. Clinical characteristics of the study subjects are listed in Table S1.

Blood samples were obtained from the two University Hospitals of Amsterdam (VUmc
and AMC, Amsterdam Universities Medical Centers (Amsterdam UMC, Amsterdam, The
Netherlands), after receiving an informed consent of the patients (medical ethical approved
protocol: #14438). Healthy donors were reported to be without any type of cancer, currently
or in the past, as described previously [72]. The samples and associated clinical data of all
individuals was collected and stored with a retraceable code, and fully anonymized.

4.2. Isolation of RNA and Protein for miRNAs, mRNAs and Protein Profiling

To elucidate potential different regulatory mechanisms, miRNA, mRNA and proteins
were profiled from the same blood platelets samples.

Platelet pellets were isolated within 48 h after blood collection and stored in RNAlater
at !80". Total RNA was extracted from platelets using the MiRVAna kit (Ambion) while
the protein fraction was stored for proteomics analysis after removal of RNA. Platelets
isolation and extraction was performed as described previously [37].
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4.2.1. RNA-Seq Library Preparation
For RNA isolation and sequencing, all samples were subjected to the thromboSeq

protocol described previously [37].

4.2.2. miRNA-Seq Library Preparation
Preparation of miRNA libraries and sequencing was performed as described by

Koppers-Lalic et al. [28,29]. After RNA isolation, samples were adjusted to have the same
amount of total RNA concentration (500 pg in 7 µL). Libraries were prepared using the
standard small-RNA Library Prep Kit for Illumina. To assess samples’ quality before
sequencing, the concentration of the samples was determined using the Fragment Analyzer
and all samples met the quality requirements. Sequencing was performed using the HiSeq
4000 instrument (Illumina, San Diego, CA, USA) with 150 bp paired-ends.

4.2.3. Protein Extraction and MS/MS Sample Preparation
After RNA removal proteins were precipitated and loaded on SDS-PAGE. Image J

analysis was used to enable equal loading on a subsequent SDS-PAGE (12%). Proteins were
allowed to run just into the running gel before the voltage was stopped and stained with
Coomassie R-250. After washing in MQ, each stained protein blob was cut from the gel as
a single band and subjected to tryptic (Promega, Madison WI, USA) digestion. Peptides
were extracted, desalted and dried.

Peptides were separated by an Ultimate 3000 nanoLC system (Dionex LC-Packings,
Amsterdam, The Netherlands). After injection, peptides were trapped at 6 µL/min on a
10 mm ! 100 µm ID trap column packed with 5 µm 120 Å ReproSil Pur C18 aqua at 2%
buffer B (buffer A: 0.5% acetic acid in ultrapure water; buffer B: 80% ACN + 0.5% acetic
acid in ultrapure water) and separated at 300 nL/min in a 10–40% buffer B linear gradient
in 90 min (120 min inject-to-inject).

Eluting peptides were ionized into a Q Exactive mass spectrometer (Thermo Fisher,
Bremen, Germany). Intact masses were measured at resolution 70.000 (at m/z 200) in the
orbitrap using an AGC target value of 3E6 charges. The top 10 peptide signals (charge-
states 2+ and higher) were submitted to MS/MS in the HCD (higher-energy collision) cell
(1.6 amu isolation width, 25% normalized collision energy). MS/MS spectra were acquired
at resolution 17.500 (at m/z 200) in the orbitrap using an AGC target value of 1E6 charges,
a maxIT of 60 ms and an underfill ratio of 0.1%. Dynamic exclusion was applied with a
repeat count of 1 and an exclusion time of 30 s. More details on the sample processing and
for DIA method are reported in the metadata file of PXD with accession: PXD022514.

4.3. Downstream Analysis of miRNAs, mRNAs and Protein Profiles

4.3.1. Intron-RNA Processing Data
FASTQ files obtained from RNA-seq experiment were subjected to a standard pipeline

as described previously [60], selecting only the spliced intron-spanning RNA reads. Gene
counts were converted to counts per millions (CPM) before filtering procedures. Genes with
a total count of at least 1 CPM in more than 40% of the samples were retained. Black and
white cases were also retained allowing 0 values in max 18% of the positive samples group.
Gene counts were then converted to TMM values through the EdgeR package in R (version
3.5.0). Differential analysis was performed with EdgeR package in R (version 3.5.0).

4.3.2. mRNA Processing Data
FASTQ files were checked for quality reads and adapters were removed with Trim-

momatic [73]. Successfully quality passed reads were mapped to the human reference
genome (Hg19) with STAR mapping tool [74] and gene counts were extracted with HT-
Seq [75]. Normalization, quality filtering and data presence were previously described in
Section 4.3.1.
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4.3.3. miRNA Processing Data
cDNA libraries were sequenced at GenomeScan (Leiden, The Netherlands) and FASTQ

files were acquired. Trimming, mapping and miRNA counts was performed with sRN-
Abench tool (version 10/14) [76]. Profiled miRNAs were then converted to CPM following
the same filtering and normalization procedure for mRNA data processing. Differential
analysis was performed with EdgeR package in R (version 3.5.0).

4.3.4. Protein Processing Data
MS/MS spectra were searched against the Swissprot FASTA file (release September

2015, 20197 entries, canonical and isoforms) using MaxQuant version 1.5.2.8. Peptide and
protein identifications were filtered at an FDR of 1% using the decoy database strategy. The
minimal peptide length was seven amino-acids. Proteins that could not be differentiated
based on MS/MS spectra alone were grouped to protein groups (default MaxQuant set-
tings). Searches were performed with the label-free quantification option selected. After
contaminants removal proteins were normalized by global median. Differential analysis of
spectral counts was computed in R with “ibb” package [77]. Normalized spectral counts
data are reported in Table S5. Details in the data processing protocols and DIA samples are
reported in the metadata file in PXD with accession PXD022514.

4.4. Differential Expression Analysis

In this study, two different statistical tests were adopted to determine the difference
in the expression profiles of platelets in PDAC patients and patients with benign diseases.
Differentially expressed canonical and isoforms of miRNAs were analyzed separately with
the R package EdgeR (version 3.24.3) using cutoff of p-value < 0.05 and |Log2FC| > 1.
Same parameters were applied for mRNAs and pre-mRNAs differential expression analysis.
Finally, differentially expressed proteins were evaluated with the R package “ibb” and
significance was determined using a threshold of p-value < 0.05.

4.5. Correlation Analysis

Correlation analyses were computed in R version 3.5.1. with cor.test() function. Signif-
icance level was set to p-value < 0.05.

4.6. Cell Culture and Transfection

Panc-1 cells were purchased from the American Type Culture Collection (ATCC, Man-
assas, VA, USA), while the primary cells LPC006 were isolated from laser-microdissected
PDACs, as described previously [78]. Both were maintained in RPMI supplemented with
10% FCS, 1% penicillin/streptomycin, and 1% glutamine, at 37 !C under an atmosphere of
5% CO2 in 75 cm2 tissue culture flasks (Greiner Bio-One GmbH, Frickenhausen, Germany).
When the cells were ready for transfection, they were plated the day before and then
transfected with the precursor and antisense oligonucleotides (Pre-miR™ miRNA Precur-
sor pre-miR-29a-3p and Anti-miR™ miRNA Inhibitor anti-miR-29a-3p) purchased from
ThermoScientific/Ambion-Applied Biosystems, Waltham, MA, USA (Assay ID, PM12499
and AM12499, respectively) at 30 nM final concentration, as described previously [79].
Cells were plated at 5000 cells/well in 200 µL RPMI with 10% FBS and 1% antibiotics. After
24 h cells were exposed to 0.9 µL oligofectamine (Invitrogen, Paisley, UK) in serum-free
medium, mixed for 10 min at room temperature, followed by the addition of 0.3 µL of
6.25 µM miR-29a-3p precursor or inhibitor. Cells were also incubated with miRNA neg-
ative controls. After overnight exposure the medium was removed from the wells and
replaced with RPMI with 10% FBS, without antibiotics. Then cells were allowed to grow
for additional 48 h in drug-free medium before lysis and RNA extraction to evaluate the
transfection efficiency and modulation of SPARC mRNA level and cell migration.
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4.7. Quantitative Real-Time PCR (RT-qPCR)

Total RNA extracted was used to perform RT-qPCR using Taqman mature miRNA
primers and probes. RNA was extracted using a Trizol-chloroform protocol (Sigma, St.
Louis, MO, USA). RNA yields and purity were checked by measuring optical density at
260/280nm with a Nanodrop® spectrophotometer (NanoDrop-Technologies, Wilmington,
DE, USA). Briefly, both mature miRNA miR-29a-3p and SPARC mRNA expression were
measured using specific primers (assay-ID 002112 and Hs00234160_m1, respectively) for
complementary DNA (cDNA) synthesis followed by Taqman PCR analysis. PCR reactions
were performed on a 7500HT sequence detection system (Applied Biosystems, Foster City,
CA, USA), in accordance with the manufacturer’s instructions. Duplicate samples and
endogenous controls for miRNA and mRNA normalization (snRNA U6 and GAPDH) were
used throughout. Quantification of miRNA relative expression was performed evaluating
the threshold cycle (Ct) and normalized to U6, as described previously [79]. Similarly,
expression levels of SPARC mRNA were normalized to GAPDH, and quantitation of gene
expression was performed using the !!Ct calculation, where the amount of target gene,
normalized to GAPDH and relative to the calibrator (untreated control cells), is given as
2!!!Ct. Specimens were amplified in triplicate with appropriate non-template controls,
and the coefficient of variation was <1% for all replicates.

4.8. Migration Assay

For the migration assay the cells transfected with pre-miR-29a-3p or anti-miR-29a-3p
or miR-negative control, as described above, were plated at a density of 2 " 104 cells/well
onto 96 wells plates, and artificial wound tracks were created by scraping with a specific
scratcher within the confluent monolayers. After removal of the detached cells by PBS
washing, the medium was refreshed and cells ability to migrate into the wound area was
assessed by comparing the pixels of the wound tracks in the images taken at the beginning
of the exposure (time 0), with those taken after 8, 16, and 24 h, with the LeicaDMI300B-
station integrated with Scratch Assay software (Digital-Cell Imaging Labs, Keerbergen,
Belgium), as described previously [80].

4.9. Functional Pathways Enrichment

To investigate the regulatory role of miRNA in PDAC and benign disease, a GSEA was
performed with fgsea R package (version 1.8.0). Differentially expressed intron-spanning
reads and proteins were ranked based on their p-value and FC [!log10(p-value)*FC sign].
A compendium of Gene Ontology terms (biological processes, molecular function and
cellular component) was downloaded from the Broad Institute: MSigDB [81] version 6.0,
including Hallmarks of Cancer.

MiEAA web based tool [82] was used to evaluate biological processes enrichments in
miRNAs. Performing an over-representation analysis, the normalized enrichment score
(NES) was not given by the database and was set to 1.5 for each significant enrichment.

5. Conclusions

In the present study, we investigated the biological mechanisms acting in platelets of
PDAC patients. Patients with benign disease were included in this study as a reference
for inflammatory noise. Through an extensive gene ontology mining of different –omics
data we demonstrated that active RNA processing, splicing signals events and translation
initiation are specific terms in the biology of circulating platelets in patients with PDAC.
In particular, the differential regulation of some genes, such as SPARC, in PDAC and
benign platelets, makes platelets an interesting source for diagnostic tools, together with
the different miRNAs and proteomic profiles. Further understanding of the real function
of these profiles is essential for biomarker discovering when using a machine learning
approach. The analysis of specific platelets content could therefore provide a dynamic
and powerful approach for the specific diagnosis of PDAC, paving the way for early
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detection intervention strategies, which represent the greatest hope for making substantial
improvements in survival for this disease.

Supplementary Materials: The following are available online at https://www.mdpi.com/2072-669
4/13/1/66/s1, Figure S1. Clustering of Healthy donors (HD). (a) Age distribution of benign, HD and
PDAC patients included in the analysis. (b) clustering of differentially expressed intron-spanning
reads between HD, PDAC and benign patients. Dashed line underlines the separation between
the two main clusters. Figure S2. Age-gender match for transcriptomics and proteomics data in
platelets of PDAC and benign patients. Figure S3. KM curve on plasma levels of miR-22 in PDAC
patients. Figure S4. A. expected correlations with isomiRs and intron-spanning reads focused on
SPTBN1. B. expected correlations with isomiRs and mRNAs focused on SPTBN1. C. differential
analysis of SPTBN1 on RNA-seq data on PAAD-TCGA tissues and normal matched samples. D.
Immunohistochemistry validation of SPTBN1 in resected pancreatic cancer patients. Figure S5.
Modulation of miR-29a-3p levels reflecting the transfection efficiency of pre- and anti-miR-29a-3p, as
assessed by qRT-PCR, 48 h post transfection. Significance was assessed with T-Student Test (* p <
0.05, ** p < 0.01, *** p < 0.0001). Dashed line refers to comparative levels in miR-negative controls.
Figure S6. In silico validation of protein biomarkers for PDAC diagnosis from blood platelets. Table
S1. Clinicopathological characteristics of PDAC and benign patients included in this study. Table
S2. KEGG analysis on SPARC-MiRNA targets for intron-spanning reads and mRNAs. Table S3.
Multivariate regression of clinical features associated to SPARC and miR-29 expression. Table S4.
Putative protein biomarkers resulting from proteomics analysis. Table S5. Normalized spectral
counts data of matched proteomics samples.
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Abbreviations

lv3p length variant in 3!

lv5p length variant in 5!

nta#A non-templated addition of base A
nta#T non-templated addition of base T
nta#C non-templated addition of base C
nta#G non-templated addition of base G
exactNucVar exact nucleotide variant
mv multiple variant
mlv3p multiple length variant in 3!

mlv5p multiple length variant in 5!

References

1. McGuigan, A.; Kelly, P.; Turkington, R.C.; Jones, C.; Coleman, H.G.; McCain, R.S. Pancreatic cancer: A review of clinical diagnosis,
epidemiology, treatment and outcomes. World J. Gastroenterol. 2018, 24, 4846–4861. [CrossRef]

2. Ryan, D.P.; Hong, T.S.; Bardeesy, N. Pancreatic adenocarcinoma. N. Engl. J. Med. 2014, 371, 1039–1049. [CrossRef]
3. Giovannetti, E.; van der Borden, C.L.; Frampton, A.E.; Ali, A.; Firuzi, O.; Peters, G.J. Never let it go: Stopping key mechanisms

underlying metastasis to fight pancreatic cancer. Semin. Cancer Biol. 2017, 44, 43–59. [CrossRef]
4. Rickles, F.R.; Falanga, A. Activation of clotting factors in cancer. In Coagulation in Cancer; Kwaan, H.C., Green, D., Eds.; Springer:

Boston, MA, USA, 2009; Volume 148, pp. 31–41. ISBN 978-0-387-79961-2.
5. Ho-Tin-Noe, B.; Goerge, T.; Wagner, D.D. Platelets: Guardians of tumor vasculature. Cancer Res. 2009, 69, 5623–5626. [CrossRef]
6. Mandalà, M.; Reni, M.; Cascinu, S.; Barni, S.; Floriani, I.; Cereda, S.; Berardi, R.; Mosconi, S.; Torri, V.; Labianca, R. Venous

thromboembolism predicts poor prognosis in irresectable pancreatic cancer patients. Ann. Oncol. 2007, 18, 1660–1665. [CrossRef]
7. Ishigaki, K.; Nakai, Y.; Isayama, H.; Saito, K.; Hamada, T.; Takahara, N.; Mizuno, S.; Mohri, D.; Kogure, H.; Matsubara, S.;

et al. Thromboembolisms in advanced pancreatic cancer: A retrospective analysis of 475 patients. Pancreas 2017, 46, 1069–1075.
[CrossRef]

8. Ansari, D.; Ansari, D.; Andersson, R.; Andrén-Sandberg, Å. Pancreatic cancer and thromboembolic disease, 150 years after
trousseau. Hepatobiliary Surg. Nutr. 2015, 4, 325–335. [CrossRef]

9. Sabrkhany, S.; Kuijpers, M.J.E.; Verheul, H.M.W.; Griffioen, A.W.; Egbrink, M.G.A.O. Platelets: An unexploited data source in
biomarker research. Lancet Haematol. 2015, 2, e512–e513. [CrossRef]

10. Plantureux, L.; Crescence, L.; Dignat-George, F.; Panicot-Dubois, L.; Dubois, C. Effects of platelets on cancer progression. Thromb.
Res. 2018, 164, S40–S47. [CrossRef]

11. Nilsson, R.J.A.; Balaj, L.; Hulleman, E.; van Rijn, S.; Pegtel, D.M.; Walraven, M.; Widmark, A.; Gerritsen, W.R.; Verheul, H.M.;
Vandertop, W.P.; et al. Blood platelets contain tumor-derived RNA biomarkers. Blood 2011, 118, 3680–3683. [CrossRef]

12. Best, M.G.; Vancura, A.; Wurdinger, T. Platelet RNA as a circulating biomarker trove for cancer diagnostics. J. Thromb. Haemost.
2017, 15, 1295–1306. [CrossRef] [PubMed]

13. Franco, A.T.; Corken, A.; Ware, J. Platelets at the interface of thrombosis, inflammation, and cancer. Blood 2015, 126, 582–588.
[CrossRef] [PubMed]

14. Newman, P.J.; Gorski, J.; White, G.C.; Gidwitz, S.; Cretney, C.J.; Aster, R.H. Enzymatic amplification of platelet-specific messenger
RNA using the polymerase chain reaction. J. Clin. Investig. 1988, 82, 739–743. [CrossRef] [PubMed]

15. Gnatenko, D.V.; Dunn, J.J.; Schwedes, J.; Bahou, W.F. Transcript profiling of human platelets using microarray and serial analysis
of gene expression (SAGE). In DNA and RNA Profiling in Human Blood; Bugert, P., Ed.; Humana Press: Totowa, NJ, USA, 2009;
Volume 496, pp. 245–272. ISBN 978-1-934115-93-0.

16. Nassa, G.; Giurato, G.; Cimmino, G.; Rizzo, F.; Ravo, M.; Salvati, A.; Nyman, T.A.; Zhu, Y.; Vesterlund, M.; Lehtiö, J.; et al. Splicing
of platelet resident pre-MRNAs upon activation by physiological stimuli results in functionally relevant proteome modifications.
Sci. Rep. 2018, 8. [CrossRef]

17. Sabrkhany, S.; Griffioen, A.W.; oude Egbrink, M.G.A. The role of blood platelets in tumor angiogenesis. Biochim. Biophys. Acta
BBA Rev. Cancer 2011, 1815, 189–196. [CrossRef]

18. In ‘t Veld, S.G.J.G.; Wurdinger, T. Tumor-educated platelets. Blood 2019, 133, 2359–2364. [CrossRef]
19. Best, M.G.; Sol, N.; Kooi, I.; Tannous, J.; Westerman, B.A.; Rustenburg, F.; Schellen, P.; Verschueren, H.; Post, E.; Koster, J.; et al.

RNA-Seq of tumor-educated platelets enables blood-based pan-cancer, multiclass, and molecular pathway cancer diagnostics.
Cancer Cell 2015, 28, 666–676. [CrossRef]

20. Huang, G.; Yuan, M.; Chen, M.; Li, L.; You, W.; Li, H.; Cai, J.J.; Ji, G. Integrating multiple fitting regression and bayes decision for
cancer diagnosis with transcriptomic data from tumor-educated blood platelets. Analyst 2017, 142, 3588–3597. [CrossRef]

21. Large, T.Y.S.L.; Veld, S.G.I.; Sol, N.; Best, M.G.; Mantini, G.; van der Lelij, E.; Rustenburg, F.; Verschueren, H.; Funel, N.; Garajova,
I.; et al. Abstract 2596: Spliced messenger RNA of tumor-educated platelets yields a new diagnostic prospective for pancreatic
cancer. In Proceedings of the Clinical Research (Excluding Clinical Trials), American Association for Cancer Research, Chicago,
IL, USA, 1 July 2018; p. 2596.



153

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

Cancers 2021, 13, 66 18 of 20

22. Weyrich, A.S.; Lindemann, S.; Tolley, N.D.; Kraiss, L.W.; Dixon, D.A.; Mahoney, T.M.; Prescott, S.P.; McIntyre, T.M.; Zimmerman,
G.A. Change in protein phenotype without a nucleus: Translational control in platelets. Semin. Thromb. Hemost. 2004, 30, 491–498.
[CrossRef]

23. Denis, M.M.; Tolley, N.D.; Bunting, M.; Schwertz, H.; Jiang, H.; Lindemann, S.; Yost, C.C.; Rubner, F.J.; Albertine, K.H.; Swoboda,
K.J.; et al. Escaping the nuclear confines: Signal-dependent Pre-MRNA splicing in anucleate platelets. Cell 2005, 122, 379–391.
[CrossRef]

24. Braunschweig, U.; Barbosa-Morais, N.L.; Pan, Q.; Nachman, E.N.; Alipanahi, B.; Gonatopoulos-Pournatzis, T.; Frey, B.; Irimia, M.;
Blencowe, B.J. Widespread intron retention in mammals functionally tunes transcriptomes. Genome Res. 2014, 24, 1774–1786.
[CrossRef] [PubMed]

25. Sunderland, N.; Skroblin, P.; Barwari, T.; Huntley, R.P.; Lu, R.; Joshi, A.; Lovering, R.C.; Mayr, M. MicroRNA biomarkers and
platelet reactivity: The clot thickens. Circ. Res. 2017, 120, 418–435. [CrossRef] [PubMed]

26. Plé, H.; Landry, P.; Benham, A.; Coarfa, C.; Gunaratne, P.H.; Provost, P. The repertoire and features of human platelet MicroRNAs.
PLoS ONE 2012, 7, e50746. [CrossRef] [PubMed]

27. Edelstein, L.C.; Bray, P.F. Noncoding RNAs in platelet biology. In Platelets in Thrombotic and Non-Thrombotic Disorders; Gresele,
P., Kleiman, N.S., Lopez, J.A., Page, C.P., Eds.; Springer International Publishing: Cham, Swizerland, 2017; pp. 239–252; ISBN
978-3-319-47460-1.

28. Koppers-Lalic, D.; Hackenberg, M.; Bijnsdorp, I.V.; van Eijndhoven, M.A.J.; Sadek, P.; Sie, D.; Zini, N.; Middeldorp, J.M.; Ylstra,
B.; de Menezes, R.X.; et al. Nontemplated nucleotide additions distinguish the small RNA composition in cells from exosomes.
Cell Rep. 2014, 8, 1649–1658. [CrossRef]

29. Koppers-Lalic, D.; Hackenberg, M.; de Menezes, R.; Misovic, B.; Wachalska, M.; Geldof, A.; Zini, N.; de Reijke, T.; Wurdinger, T.;
Vis, A.; et al. Non-invasive prostate cancer detection by measuring MiRNA variants (IsomiRs) in urine extracellular vesicles.
Oncotarget 2016, 7. [CrossRef]

30. Masud Karim, S.M.; Liu, L.; Le, T.D.; Li, J. Identification of MiRNA-MRNA regulatory modules by exploring collective group
relationships. BMC Genom. 2016, 17. [CrossRef]

31. Bartel, D.P. MicroRNAs: Target recognition and regulatory functions. Cell 2009, 136, 215–233. [CrossRef]
32. Agarwal, V.; Bell, G.W.; Nam, J.-W.; Bartel, D.P. Predicting effective MicroRNA target sites in mammalian MRNAs. eLife 2015, 4.

[CrossRef]
33. Eulalio, A.; Huntzinger, E.; Izaurralde, E. Getting to the root of MiRNA-mediated gene silencing. Cell 2008, 132, 9–14. [CrossRef]
34. Fabian, M.R.; Sonenberg, N. The mechanics of MiRNA-mediated gene silencing: A look under the hood of MiRISC. Nat. Struct.

Mol. Biol. 2012, 19, 586–593. [CrossRef]
35. Pellegrino, L.; Stebbing, J.; Braga, V.M.; Frampton, A.E.; Jacob, J.; Buluwela, L.; Jiao, L.R.; Periyasamy, M.; Madsen, C.D.; Caley,

M.P.; et al. MiR-23b Regulates cytoskeletal remodeling, motility and metastasis by directly targeting multiple transcripts. Nucleic
Acids Res. 2013, 41, 5400–5412. [CrossRef] [PubMed]

36. Seo, J.; Jin, D.; Choi, C.-H.; Lee, H. Integration of MicroRNA, MRNA, and protein expression data for the identification of
cancer-related MicroRNAs. PLOS ONE 2017, 12, e0168412. [CrossRef] [PubMed]

37. Best, M.G.; Veld, S.G.J.G.I.; Sol, N.; Wurdinger, T. RNA sequencing and swarm intelligence–Enhanced classification algorithm
development for blood-based disease diagnostics using spliced blood platelet RNA. Nat. Protoc. 2019, 14, 1206–1234. [CrossRef]
[PubMed]

38. Tian, C.; Clauser, K.R.; Öhlund, D.; Rickelt, S.; Huang, Y.; Gupta, M.; Mani, D.R.; Carr, S.A.; Tuveson, D.A.; Hynes, R.O. Proteomic
analyses of ECM during pancreatic ductal adenocarcinoma progression reveal different contributions by tumor and stromal cells.
Proc. Natl. Acad. Sci. USA 2019, 116, 19609–19618. [CrossRef]

39. Iozzo, R.V.; Sanderson, R.D. Proteoglycans in cancer biology, tumour microenvironment and angiogenesis. J. Cell. Mol. Med. 2011,
15, 1013–1031. [CrossRef]

40. Jiang, N.; Dai, Q.; Su, X.; Fu, J.; Feng, X.; Peng, J. Role of PI3K/AKT Pathway in cancer: The framework of malignant behavior.
Mol. Biol. Rep. 2020, 47, 4587–4629. [CrossRef]

41. Vara, J.Á.F.; Casado, E.; de Castro, J.; Cejas, P.; Belda-Iniesta, C.; González-Barón, M. PI3K/Akt Signalling pathway and cancer.
Cancer Treat. Rev. 2004, 30, 193–204. [CrossRef]

42. Ahmed, S.; Bradshaw, A.-D.; Gera, S.; Dewan, M.; Xu, R. The TGF-!/Smad4 signaling pathway in pancreatic carcinogenesis and
Its clinical significance. J. Clin. Med. 2017, 6, 5. [CrossRef]

43. Alvarez, M.A.; Freitas, J.P.; Mazher Hussain, S.; Glazer, E.S. TGF-! inhibitors in metastatic pancreatic ductal adenocarcinoma. J.
Gastrointest. Cancer 2019, 50, 207–213. [CrossRef]

44. Cimmino, G.; Tarallo, R.; Nassa, G.; Filippo, M.R.D.; Giurato, G.; Ravo, M.; Rizzo, F.; Conte, S.; Pellegrino, G.; Cirillo, P.; et al.
Activating stimuli induce platelet MicroRNA Modulation and proteome reorganisation. Thromb. Haemost. 2015, 114, 96–108.
[CrossRef]

45. Meijer, L.L.; Puik, J.R.; Le Large, T.Y.S.; Heger, M.; Dijk, F.; Funel, N.; Wurdinger, T.; Garajová, I.; van Grieken, N.C.T.; van de Wiel,
M.A.; et al. Unravelling the diagnostic dilemma: A MicroRNA panel of circulating MiR-16 and MiR-877 as a diagnostic classifier
for distal bile duct tumors. Cancers 2019, 11, 1181. [CrossRef] [PubMed]

46. Zhu, J.; Nie, S.; Wu, J.; Lubman, D.M. Target proteomic profiling of frozen pancreatic CD24+ adenocarcinoma tissues by
immuno-laser capture microdissection and Nano-LC–MS/MS. J. Proteome Res. 2013, 12, 2791–2804. [CrossRef] [PubMed]



154

Chapter 7

Cancers 2021, 13, 66 19 of 20

47. Reduced expression of the membrane skeleton protein beta1-spectrin (SPTBN1) Is associated with worsened prognosis in
pancreatic cancer. Histol. Histopathol. 2010, 1497–1506. [CrossRef]

48. Mantini, G.; Vallés, A.M.; Le Large, T.Y.S.; Capula, M.; Funel, N.; Pham, T.V.; Piersma, S.R.; Kazemier, G.; Bijlsma, M.F.;
Giovannetti, E.; et al. Co-expression analysis of pancreatic cancer proteome reveals biology and prognostic biomarkers. Cell.
Oncol. 2020. [CrossRef] [PubMed]

49. Sengupta, S.; den Boon, J.A.; Chen, I.-H.; Newton, M.A.; Stanhope, S.A.; Cheng, Y.-J.; Chen, C.-J.; Hildesheim, A.; Sugden, B.;
Ahlquist, P. MicroRNA 29c is down-regulated in nasopharyngeal carcinomas, up-regulating MRNAs encoding extracellular
matrix proteins. Proc. Natl. Acad. Sci. USA 2008, 105, 5874–5878. [CrossRef] [PubMed]

50. Russ, A.C.; Sander, S.; Luck, S.C.; Lang, K.M.; Bauer, M.; Rucker, F.G.; Kestler, H.A.; Schlenk, R.F.; Dohner, H.; Holzmann,
K.; et al. Integrative nucleophosmin mutation-associated MicroRNA and gene expression pattern analysis identifies novel
micrornA—Target gene interactions in acute myeloid leukemia. Haematologica 2011, 96, 1783–1791. [CrossRef] [PubMed]

51. Wang, C.; Gao, C.; Zhuang, J.-L.; Ding, C.; Wang, Y. A combined approach identifies three MRNAs that are down-regulated by
MicroRNA-29b and promote invasion ability in the breast cancer cell line MCF-7. J. Cancer Res. Clin. Oncol. 2012, 138, 2127–2136.
[CrossRef]

52. Plaisier, C.L.; Pan, M.; Baliga, N.S. A MiRNA-regulatory network explains how dysregulated MiRNAs perturb oncogenic
processes across diverse cancers. Genome Res. 2012, 22, 2302–2314. [CrossRef]

53. Zhu, X.-C.; Dong, Q.-Z.; Zhang, X.-F.; Deng, B.; Jia, H.-L.; Ye, Q.-H.; Qin, L.-X.; Wu, X.-Z. MicroRNA-29a Suppresses cell
proliferation by targeting SPARC in hepatocellular carcinoma. Int. J. Mol. Med. 2012, 30, 1321–1326. [CrossRef]

54. Pham, T.V.; Henneman, A.A.; Jimenez, C.R. Iq: An R Package to estimate relative protein abundances from ion quantification in
DIA-MS-Based Proteomics. Bioinformatics 2020, 36, 2611–2613. [CrossRef]

55. Brown, P.O.; Botstein, D. Exploring the new world of the genome with DNA microarrays. Nat. Genet. 1999, 21, 33–37. [CrossRef]
[PubMed]

56. Koukourakis, M.I.; Giatromanolaki, A.; Brekken, R.A.; Sivridis, E.; Gatter, K.C.; Harris, A.L.; Sage, E.H. Enhanced expression of
SPARC/Osteonectin in the tumor-associated stroma of non-small cell lung cancer is correlated with markers of hypoxia/acidity
and with poor prognosis of patients. Cancer Res. 2003, 63, 5376. [PubMed]

57. Sato, N.; Fukushima, N.; Maehara, N.; Matsubayashi, H.; Koopmann, J.; Su, G.H.; Hruban, R.H.; Goggins, M. SPARC/Osteonectin
is a frequent target for aberrant methylation in pancreatic adenocarcinoma and a mediator of tumor–stromal interactions.
Oncogene 2003, 22, 5021–5030. [CrossRef]

58. Yunker, C.K.; Golembieski, W.; Lemke, N.; Schultz, C.R.; Cazacu, S.; Brodie, C.; Rempel, S.A. SPARC-induced increase in glioma
matrix and decrease in vascularity are associated with reduced VEGF expression and secretion. Int. J. Cancer 2008, 122, 2735–2743.
[CrossRef] [PubMed]

59. Motamed, K. SPARC (Osteonectin/BM-40). Int. J. Biochem. Cell Biol. 1999, 31, 1363–1366. [CrossRef]
60. Best, M.G.; Sol, N.; In ’t Veld, S.G.J.G.; Vancura, A.; Muller, M.; Niemeijer, A.-L.N.; Fejes, A.V.; Tjon Kon Fat, L.-A.; Huis In ’t Veld,

A.E.; Leurs, C.; et al. Swarm intelligence-enhanced detection of non-small-cell lung cancer using tumor-educated platelets. Cancer
Cell 2017, 32, 238–252.e9. [CrossRef] [PubMed]

61. Gagliardi, D.; Dziembowski, A. 5! and 3! modifications controlling RNA degradation: From safeguards to executioners. Philos.
Trans. R. Soc. B Biol. Sci. 2018, 373, 20180160. [CrossRef]

62. Houseley, J.; Tollervey, D. The Many pathways of RNA degradation. Cell 2009, 136, 763–776. [CrossRef]
63. Cohen, J.D.; Javed, A.A.; Thoburn, C.; Wong, F.; Tie, J.; Gibbs, P.; Schmidt, C.M.; Yip-Schneider, M.T.; Allen, P.J.; Schattner, M.;

et al. Combined circulating tumor DNA and protein biomarker-based liquid biopsy for the earlier detection of pancreatic cancers.
Proc. Natl. Acad. Sci. USA 2017, 114, 10202–10207. [CrossRef]

64. Gall, T.M.H.; Belete, S.; Khanderia, E.; Frampton, A.E.; Jiao, L.R. Circulating tumor cells and cell-free DNA in pancreatic ductal
adenocarcinoma. Am. J. Pathol. 2019, 189, 71–81. [CrossRef]

65. Liu, X.-D.; Wu, H.; Li, Y.; Liu, X.; Zhang, Z.; Yu, L.; Qin, Z.; Su, Z.; Liu, R.; He, Q.; et al. Early detection of pancreatic ductal
adenocarcinoma using methylation signatures in circulating tumour DNA. Ann. Oncol. 2019, 30, v261–v262. [CrossRef]

66. Lehmann-Werman, R.; Neiman, D.; Zemmour, H.; Moss, J.; Magenheim, J.; Vaknin-Dembinsky, A.; Rubertsson, S.; Nellgård, B.;
Blennow, K.; Zetterberg, H.; et al. Identification of tissue-specific cell death using methylation patterns of circulating DNA. Proc.
Natl. Acad. Sci. USA 2016, 113, E1826–E1834. [CrossRef] [PubMed]

67. Sun, K.; Jiang, P.; Chan, K.C.A.; Wong, J.; Cheng, Y.K.Y.; Liang, R.H.S.; Chan, W.; Ma, E.S.K.; Chan, S.L.; Cheng, S.H.; et al. Plasma
DNA tissue mapping by genome-wide methylation sequencing for noninvasive prenatal, cancer, and transplantation assessments.
Proc. Natl. Acad. Sci. USA 2015, 112, E5503–E5512. [CrossRef] [PubMed]

68. Singh, N.; Gupta, S.; Rashid, S.; Rashid, S.; Dash, N.R.; Saraya, A. Tu2033—Quantitation of methylation load of tumor suppressor
gene promoter methylation in pancreatic cancer. Gastroenterology 2019, 156, S-1176. [CrossRef]

69. Park, J.W.; Baek, I.H.; Kim, Y.T. Preliminary study analyzing the methylated genes in the plasma of patients with pancreatic
cancer. Scand. J. Surg. 2012, 101, 38–44. [CrossRef]

70. Sol, N.; in ‘t Veld, S.G.J.G.; Vancura, A.; Tjerkstra, M.; Leurs, C.; Rustenburg, F.; Schellen, P.; Verschueren, H.; Post, E.; Zwaan, K.;
et al. Tumor-educated platelet RNA for the detection and (Pseudo)progression monitoring of glioblastoma. Cell Rep. Med. 2020, 1,
100101. [CrossRef]



155

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

Cancers 2021, 13, 66 20 of 20

71. Sol, N.; Leurs, C.E.; Veld, S.G.I.T.; Strijbis, E.M.; Vancura, A.; Schweiger, M.W.; Teunissen, C.E.; Mateen, F.J.; Tannous, B.A.; Best,
M.G.; et al. Blood platelet RNA enables the detection of multiple sclerosis. Mult. Scler. J. Exp. Transl. Clin. 2020, 6. [CrossRef]

72. Heinhuis, K.M.; In ’t Veld, S.G.J.G.; Dwarshuis, G.; van den Broek, D.; Sol, N.; Best, M.G.; van Coevorden, F.; Haas, R.L.; Beijnen,
J.H.; van Houdt, W.J.; et al. RNA-sequencing of tumor-educated platelets, a novel biomarker for blood-based sarcoma diagnostics.
Cancers 2020, 12, 1372. [CrossRef]

73. Bolger, A.M.; Lohse, M.; Usadel, B. Trimmomatic: A flexible trimmer for illumina sequence data. Bioinformatics 2014, 30, 2114–2120.
[CrossRef]

74. Dobin, A.; Davis, C.A.; Zaleski, C.; Schlesinger, F.; Drenkow, J.; Chaisson, M.; Batut, P.; Jha, S.; Gingeras, T.R. STAR: Ultrafast
universal RNA-Seq aligner. Bioinformatics 2012, 29, 15–21. [CrossRef]

75. Anders, S.; Pyl, P.T.; Huber, W. HTSeq—A python framework to work with high-throughput sequencing data. Bioinformatics 2015,
31, 166–169. [CrossRef] [PubMed]

76. Rueda, A.; Barturen, G.; Lebrón, R.; Gómez-Martín, C.; Alganza, Á.; Oliver, J.L.; Hackenberg, M. SRNAtoolbox: An integrated
collection of small RNA research tools. Nucleic Acids Res. 2015, 43, W467–W473. [CrossRef] [PubMed]

77. Pham, T.V.; Piersma, S.R.; Warmoes, M.; Jimenez, C.R. On the beta-binomial model for analysis of spectral count data in label-free
tandem mass spectrometry-based proteomics. Bioinformatics 2010, 26, 363–369. [CrossRef] [PubMed]

78. Giovannetti, E.; Funel, N.; Peters, G.J.; Del Chiaro, M.; Erozenci, L.A.; Vasile, E.; Leon, L.G.; Pollina, L.E.; Groen, A.; Falcone, A.;
et al. MicroRNA-21 in pancreatic cancer: Correlation with clinical outcome and pharmacologic aspects underlying its role in the
modulation of gemcitabine activity. Cancer Res. 2010, 70, 4528–4538. [CrossRef]

79. Giovannetti, E.; van der Velde, A.; Funel, N.; Vasile, E.; Perrone, V.; Leon, L.G.; de Lio, N.; Avan, A.; Caponi, S.; Pollina, L.E.; et al.
High-Throughput MicroRNA (MiRNAs) arrays unravel the prognostic role of MiR-211 in pancreatic cancer. PLoS ONE 2012, 7,
e49145. [CrossRef]

80. Giovannetti, E.; Wang, Q.; Avan, A.; Funel, N.; Lagerweij, T.; Lee, J.-H.; Caretti, V.; van der Velde, A.; Boggi, U.; Wang, Y.; et al.
Role of CYB5A in pancreatic cancer prognosis and autophagy modulation. JNCI J. Natl. Cancer Inst. 2014, 106. [CrossRef]

81. Subramanian, A.; Tamayo, P.; Mootha, V.K.; Mukherjee, S.; Ebert, B.L.; Gillette, M.A.; Paulovich, A.; Pomeroy, S.L.; Golub, T.R.;
Lander, E.S.; et al. Gene Set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles.
Proc. Natl. Acad. Sci. USA 2005, 102, 15545. [CrossRef]

82. Backes, C.; Khaleeq, Q.T.; Meese, E.; Keller, A. MiEAA: MicroRNA enrichment analysis and annotation. Nucleic Acids Res. 2016,
44, W110–W116. [CrossRef]



156� ��

�
� � � � �
� � � � �
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�



157�

��33....**  ++  ,,22��0077����....  ,,��%%66����$$��..22  00��WW�
�+%�1��,�*71%1�-"���3��2 ���*�2 * 21�%,���,� 0��,��� ,%#,��%1 �1 �-"�2$ ���,�0 �1�

�
�
�
�
�
�
�
�
�



158

Chapter 7

�

������$$������EE99���$!&!�'(�, '$'�!��$�� �*��,�*!+,!�+�'��, ��!&�$-����(�,!�&,+�/!, �������&����&!�&��!+��+�9�
��

� ���������� �� ����&&!!��&&�� �� (;.�$-�>�

� <�QEE=� � <�QEE=� � �

������;;11**++�� �� � � � D9EMI�

���&�<��=� JM�<TED=� � JF�<TEH=� � �

����00;;����''99��<<PP==�� �� � � � D9IFE�

��$�� I�<HI=� � F�<EL=� � �

��%�$�� J�<II=� � M�<LF=� � �

��,,������33��;;��''99��<<PP==�� �� � � � ��

�� E�<M=� � �� � �



�� H�<GJ=� � �� � �



�� J�<II=� � �� � �

����&&!!��&&����!!����&&''++!!++�� �� � � � ��
� '$�$!, !�+!+� �� � J�<IH=� � �

�!�*'+!+�'��, ��(�&�*��+� �� � F�<EL=� � �

��&�*��,!��(+�-�'�1+,� �� � E�<D9DM=� � �

��$$��$����*����&'%�� �� � F�<EL=� � �

����EEMM;;MM��;;����''99��<<PP==�� �� � � � DD99DDDDJJ>>>>��

�'*%�$�<D;GK��:%=� G�<FK=� � M�<LE=� � �

���,'�U�EDD� G�<FK=� � E�<D9DM=� � �

���,'�S�EDD� I�<HI=� � �� � �

�!++!&�� �� � E�<D9DM=� � �

����EEMM;;MM��<<��::%%==�� �� � � � DD99DDGGLL>>��

���!�&�<��=� EDD�
<TGFIH=�

� K�<TFH=� � �

��!!$$!!**--��!!&&��;;����''99��<<PP==�� �� � � � DD99DDGGII>>��

	!� � I�<HI=� � �� � �

'/� J�<II=� � EE�<EDD=� � �

��!!$$!!**--��!!&&��<<WW%%''$$::==�� �� � � � DD99DDDDMM>>��

���!�&�<��=� EH�<THM=� � J�<TF=� � �
�



159

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

�

������$$������FF99�������&�$1+!+�'&������;�!����,�*��,+��'*�!&,*'&;+(�&&!&��*���+��&��%���+9��

����������((��,,  //��11�� ((;;..��$$--���� AA����&&��++�� AA%%!!������++��

���;*���(,'*�!&,�*��,!'&� E9DJ�;LJ� FI� H�
�%'��!�+!+� F9HK�;ED� FH� H�
�*',�'�$1��&+�!&���&��*� E9MF�;DK� GF� H�
�*',�!&��!��+,!'&��&����+'*(,!'&� I9FG�;DK� FL� H�
1+!&�����*���,!'&� E9IE�;DJ� ED� H�
�
G�;�#,�+!�&�$!&��(�, /�1� F9JJ�;DI� JD� H�
�$�,�$�,���,!.�,!'&� D9DDDEFEGK� FL� H�
�'��$��� �+!'&� D9DDDFLLFH� HD� H�
�%�$$���$$�$-&����&��*� D9DDGJIILJ� FD� H�
%����+!�&�$!&��(�, /�1� D9DEEEJIKM� EI� H�
� 1*'!�� '*%'&��+!�&�$!&��(�, /�1� D9DEGKDKEH� EM� H�
�*'$��,!&�+!�&�$!&��(�, /�1� D9DHGGJEIM� EF� H�
�$!'%�� E9DG�;DJ� EK� G�
��$�&'%�� D9DDIJDLFG� EJ� G�
��&�*��,!����&��*� D9DGEJIFEJ� EE� G�
�'&;+%�$$���$$�$-&����&��*� D9DGGKDMDH� EE� G�

�
������$$������GG99��-$,!.�*!�,��*��*�++!'&�'���$!&!��$����,-*�+��++'�!�,���,'��������&��%!�;FM��0(*�++!'&9�
��
� ���� ��;;..��$$--����<<����������==�� ��;;..��$$--����<<%%!!��;;FFMM==��
�������� � D9LL� D9FL�
'/�<RJI=� M� � �
	!� �<SQJI=� EG� � �
����00�� � D9DJ� D9EE�
��$�� K� � �
��%�$�� EI� � �
��,,�������� � D9IM� D9EE�

;

�� I� � �


�� J� � �
�
��
��
��
��
��
��
��



160

Chapter 7

�

������$$������HH99��-,�,!.��(*',�!&��!'%�*#�*+�*�+-$,!&���*'%�(*',�'%!�+��&�$1+!+9��
� �

��**'',,��''%%!!��++�� ��**��&&++��**!!((,,''%%!!��++�� ��%%��$$$$;;��������
��������������
������

��		����
��������������������

�*',�'%!�+� 
&,*'&;
+(�&&!&������

%���� %!���;
��&'&!��$�


+'%!�+�

� � � � � �

����

�� �����&!�&� &',���,��,��� &',���,��,��� ��8�%!�;FJ�;I(�
<�������=�

����8�
%$.I(6$.G(6$.I(6&,

�A��� � � � � �

���������� �������� &'��!���*�&��� &'��!���*�&��� &'�%!����
,�*��,+�

�

� � � � � �

�������� �������� &'��!���*�&��� &'��!���*�&��� ��8�%!�;FJ�;I(�
<�������=>�

����8�
%$.I(6$.G(6$.I(6&,

�A�>�

��		������ �������� &'��!���*�&��� &'��!���*�&��� &'��!���*�&���
�

� � � � � �

�������� �������� &'��!���*�&��� &'��!���*�&��� ��8�%!�;FJ�;I(7�
%!�;EGF;G(�<���

����=>�

����8�
%$.I(6$.G(6$.I(6&,

�A�>�
�
�
�
�
������$$������II99��'*%�$!2���+(��,*�$��'-&,+���,��'��%�,� ���(*',�'%!�+�+�%($�+�-+���!&�, !+�+,-�19��

�
�
�
�

https://github.com/Giulia221091/Chapter7/raw/main/TableS5.xlsx


161

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

��
��!!��--**������EE99��$-+,�*!&��'��	��$, 1��'&'*+�<	�=9�<�=������!+,*!�-,!'&�'����&!�&6�	���&�������(�,!�&,+�
!&�$-����!&�, ���&�$1+!+9�<�=��$-+,�*!&��'���!���*�&,!�$$1��0(*�++���!&,*'&;+(�&&!&��*���+���,/��&�	�6�
������&����&!�&�(�,!�&,+9���+ ���$!&��-&��*$!&�+�, ��+�(�*�,!'&���,/��&�, ��,/'�%�!&��$-+,�*+9�

�
��!!��--**������FF99����;��&��*�%�,� ��'*�,*�&+�*!(,'%!�+��&��(*',�'%!�+���,��!&�($�,�$�,+�'��������&����&!�&�
(�,!�&,+9��

��
�

��
	�
 �� ����

� �

Transcriptomics Proteomics

0.0

2.5

5.0

7.5

10.0

PDAC Benign

C
ou
nt
s

sex F M

0.0

2.5

5.0

7.5

10.0

PDAC Benign

sex F M

��

0

25

50

75

100

PDAC Benign

Ag
e

0

25

50

75

100

PDAC Benign



162

Chapter 7

��
��!!��--**������GG99�����-*.��'&�($�+%��$�.�$+�'��%!�;FF�!&������(�,!�&,+9��

�
��!!��--**������HH99��9��0(��,����'**�$�,!'&+�/!, �!+'%!�+��&��!&,*'&;+(�&&!&��*���+��'�-+���'&������E9��9�
�0(��,����'**�$�,!'&+�/!, �!+'%!�+��&��%���+��'�-+���'&������E9��9��!���*�&,!�$��&�$1+!+�'�������E�
'&����;+�)���,��'&�����;�����,!++-�+��&��&'*%�$�%�,� ���+�%($�+9��9�
%%-&' !+,'� �%!+,*1�
.�$!��,!'&�'�������E�!&�*�+��,���(�&�*��,!����&��*�(�,!�&,+9��

�

��

����������	

0.00

0.25

0.50

0.75

1.00

0 20 40 60
OS in months

Su
rv

iv
al

 p
ro

ba
bi

lit
y

miRNA�22 � �High Low

�
 � � �
�
 � � �Low

High

0 20 40 60
OS in months

miRNA�22

Number at risk

� �

� �

��������������������������������� ��������������
��

������

����

��������

�������

���	�����

������

�
�

	



�
�

�
	



�

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��
��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��
��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��
��

��

��

��

��

��
��

��

��

��

��

��

��

��

��

��

��

��

��

��
��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��
��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

�� ��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

�

����
�����

������
�����

����
�������
�������� ���
�	�����
�������������
�������
�����
���	�
����
����	����

	�
� �
���
�


��
��

���
����������������������������

���������
�

�����������������
������	�����������

���



163

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

�

�
��!!��--**������II99��'�-$�,!'&�'��%!�;FM�;G(�$�.�$+�*��$��,!&��, ��,*�&+���,!'&����!�!�&�1�'��(*�;��&���&,!;%!�;
FM�;G(6��+��++�++����1�)��;���6�HL� �('+,�,*�&+���,!'&9��!�&!�!��&���/�+��++�++���/!, ��;�,-��&,���+,�
<>���R�D9DI6�>>���R�D9DE6�>>>���R�D9DDDE=9���+ ���$!&��*���*+�,'��'%(�*�,!.��$�.�$+�!&�%!�;&���,!.��
�'&,*'$+9��
�
�

�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�

�

�

�

�

����� ������

�
��
��
	�
��
��
��
��
��
���
��
��
��
��
��
��
��

Anti�miR�29
Pre�miR�29

���

���

���

��

�
��
��
��
��
��
	�



��
��
�

��
��

�� �



164

Chapter 7

�

�
�
�
�
�
�
�
�
�

�
�
�
�
�
�
�

�HBA1

PDAC Benign

20
40

60
80

12
0

DDA counts: p�value = 0.04739 FC �1.658

Sp
ec

tra
l c

ou
nt

s

�

�

��

�

�

�

�

��

�

�

�

�

�
�

��

�

�

�

�

PDAC Benign

33
34

35
36

DDA LFQ: p�value = 0.02655 log2FC �1.021

Lo
g2

(L
FQ

)

�

�

�
�

��
�

�

��

�

�

�

�

�

��
�

� �

PDAC Benign

22
23

24
25

26

DIA: p�value = 0.05675 log2FC �1.121

Lo
g2

(L
FQ

) �

�

��

�
�

�

�

�

�

�

�

�

�

�

�

�

��

PDAC Benign

17
18

19
20

21

Max_DIA: p�value = 0.00937 log2FC �1.361

Lo
g2

(L
FQ

) �
�

�

�

�
�

�

�

�

�

�
���

�

�

�
�

�

PDAC Healthy

10
0

20
0

30
0

40
0

Siamack_counts: p�value = 0.02064 FC �1.717

Sp
ec

tra
l c

ou
nt

s

�
�

�

�

�

�

�

�

�

�

�

��

�

�



165

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

�

�
�
�
�
�

�
�
�
�
�
�
�
�
�
�
�

���� �

�

�

PDAC Benign

0
5

10
15

DDA counts: p�value = 0.0218 FC �2.379

Sp
ec

tra
l c

ou
nt

s

�

�

�

�

�

�
�

�

��
�
�

�

�

�

�
��

�

� ��

PDAC Benign

0
5

10
15

20
25

30

DDA LFQ: p�value = 0.63856 log2FC �2.421

Lo
g2

(L
FQ

)

�
�
�

�

���� ���
������

�� �

�

PDAC Benign

19
20

21
22

DIA: p�value = 0.08492 log2FC �0.846

Lo
g2

(L
FQ

) �
�

�
�

�
�

�

�

�

�
�
�

�

�

�

�

�

�
�

�

PDAC Benign

15
16

17
18

19
20

Max_DIA: p�value = 0.01573 log2FC �1.225

Lo
g2

(L
FQ

) �
�

�

�

�
�

�
�

�

�

�
��
��
�

�
�

�

�

PDAC Healthy

15
20

25
30

Siamack_counts: p�value = 0.00911 FC �1.475

Sp
ec

tra
l c

ou
nt

s

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�



166

Chapter 7

�

�
�
�
�
�
�

�
�
�
�
�
�
�
�
�
�

�AGT
�

�

PDAC Benign

5
10

15
20

DDA counts: p�value = 0.03785 FC 1.591

Sp
ec

tra
l c

ou
nt

s

�

��
�
��

�

�

�

�

�

�

�

�

�

�

�

�

�

PDAC Benign

29
.5

30
.0

30
.5

31
.0

31
.5

DDA LFQ: p�value = 0.12102 log2FC 0.508

Lo
g2

(L
FQ

)

�
�

�

�

�

�

�
�

�

�

�

�
�

�

�

�

�

�

�

PDAC Benign

18
.0

19
.0

20
.0

DIA: p�value = 0.07885 log2FC 0.583

Lo
g2

(L
FQ

)

�

�

�

��

�

��

�

�

�

�

�

�

�

�

�

�

�

�

PDAC Benign

15
.5

16
.0

16
.5

17
.0

17
.5

Max_DIA: p�value = 0.17932 log2FC 0.342

Lo
g2

(L
FQ

)

�

�

�

�

�

�
�
�

�

�

�

�
�

��

�

�

�
�

PDAC Healthy

0.
0

0.
5

1.
0

1.
5

Siamack_counts: p�value = 0.01024 FC �10000

Sp
ec

tra
l c

ou
nt

s

��

�

�

�����������



167

7

Omics Analysis of Educated Platelets in Cancer and Benign Disease of the Pancreas

�

�
�
�
�
�
�
�
�
�
�
�
�
�
�
�

������
�

�

PDAC Benign

0
2

4
6

8

DDA counts: p�value = 0.04067 FC �1.67

Sp
ec

tra
l c

ou
nt

s

�
�

�

�

�

�

��
�

�

���
�

�
�

�

�

�

PDAC Benign

0
5

10
15

20
25

30

DDA LFQ: p�value = 0.04241 log2FC �10.667

Lo
g2

(L
FQ

)

����
���
� �

�

��
�

�

���

��

�

�

PDAC Benign

17
.0

17
.5

18
.0

18
.5

19
.0

DIA: p�value = 0.20958 log2FC �0.409

Lo
g2

(L
FQ

)
�

�

��

��

�

�

�

�

�

�

�
�

�

�

�

�

�

�

�

�

PDAC Benign

14
.5

15
.5

16
.5

17
.5

Max_DIA: p�value = 0.00133 log2FC �1.006

Lo
g2

(L
FQ

) ��

�

�

��
�

�

�

�

�

��
��
�

�

�

�
�

�

�

�

PDAC Healthy

10
15

20
25

30
35

Siamack_counts: p�value = 0.03745 FC �1.689

Sp
ec

tra
l c

ou
nt

s

��

�

�

���

�

�

��

�
��

�



168

Chapter 7

�

�
�
�
�
�
��!!��--**������JJ99�
&�+!$!�'�.�$!��,!'&�'��(*',�!&��!'%�*#�*+��'*�������!��&'+!+��*'%��$''��($�,�$�,+9��

�
�
�
�
�

�CA1 �

PDAC Benign

5
10

15
20

DDA counts: p�value = 0.00294 FC �2.47

Sp
ec

tra
l c

ou
nt

s

��

�

�

�
�

�

�
�

�

�
�

�

���

�

�

�

�

PDAC Benign

0
5

10
15

20
25

30

DDA LFQ: p�value = 0.18562 log2FC �4.109

Lo
g2

(L
FQ

)

����
����

����
�
�����

�

PDAC Benign

17
18

19
20

DIA: p�value = 0.00102 log2FC �1.436

Lo
g2

(L
FQ

)
�

��

�

�

�

�

�

�

����

�

�

�
�

�

�

PDAC Benign

14
15

16
17

Max_DIA: p�value = 5e�05 log2FC �1.619

Lo
g2

(L
FQ

)

�

�

�
�

�

�

�
�

�

�

�

���
�

�
��
�

PDAC Healthy

0
20

40
60

80
10

0

Siamack_counts: p�value = 0.064 FC �2.781

Sp
ec

tra
l c

ou
nt

s

��

�

�

�

�

�

�

�

���
��

�



169� ��

�
� � � � �
� � � � �
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�



�

�
�

����������������������
�
�
�
�
�
�
�
�



�

��
��

��������������

��		����

��
��������		������

�
�
�
�
�
�
�
�
�
��



172�

��
�� ��



173

To Combine or Not Combine:
Drug Interactions and Tools for Their 
Analysis. Reflections from the EORTC-
PAMM Course on Preclinical and 
Early-phase Clinical Pharmacology 

Chapter 8

Anticancer Research, 2019 

El Hassouni B, Mantini G, Li Petri G, Capula M, Boyd L, Weinstein HNW, Val-
lés-Marti A, Kouwenhoven MCM, Giovannetti E, Westerman BA, Peters GJ; 
EORTC PAMM Group 



174

Chapter 8

Abstract. Combination therapies are used in the clinic to

achieve cure, better efficacy and to circumvent resistant

disease in patients. Initial assessment of the effect of such

combinations, usually of two agents, is frequently performed

using in vitro assays. In this review, we give a short summary

of the types of analyses that were presented during the

Preclinical and Early-phase Clinical Pharmacology Course

of the Pharmacology and Molecular Mechanisms Group,

European Organization for Research and Treatment on

Cancer, that can be used to determine the efficacy of drug

combinations. The effect of a combination treatment can be

calculated using mathematical equations based on either the

Loewe additivity or Bliss independence model, or a

combination of both, such as Chou and Talalay’s median-

drug effect model. Interactions can be additive, synergistic

(more than additive), or antagonistic (less than additive).

Software packages CalcuSyn (also available as CompuSyn)

and Combenefit are designed to calculate the extent of the

combined effects. Interestingly, the application of machine-

learning methods in the prediction of combination

treatments, which can include pharmacogenomic, genetic,

metabolomic and proteomic profiles, might contribute to

further refinement of combination regimens. However, more

research is needed to apply appropriate rules of machine

learning methods to ensure correct predictive models. 

Even as early as the 1960s, the majority of clinical treatments

consisted of combination regimens. Combinations such as

mechlorethamine, vincristine, procarbazine and prednisone

(MOPP), and cyclophosphamide, hydroxydaunorubicin and

oncovin with prednisone (CHOP) represented a breakthrough

in the cure of lymphoma, while other combinations led to a

high curation rate in childhood leukaemia (1). Depending on

the type of combination used, the treatment rationale is to i)

increase the efficacy of each separate drug without increasing

toxicity, ii) add a drug which offers protection against toxicity,

iii) bypass resistance development, or iv) target different

subpopulations in a heterogeneous tumour. The initial clinical

rationale was to achieve a better therapeutic effect (e.g. a

complete response) than accomplished by each drug separately

(e.g. only a partial response) (2). Historically, the selection of

drugs to apply in combination therapies was based on the

observation that each of the drugs showed antitumor activity

against a certain tumour type, preferably with different

toxicities of the two drugs. Doses and schedules were

determined by trial and error. Soon thereafter, a

complementary scientific approach was used to select

combinations based on the mechanisms of action of each drug

(3). An excellent example is the gemcitabine–cisplatin

combination, which was initially developed by our group (4)

(with the aim of preventing repair of DNA–platinum adducts)

and is now standard therapy for tumours such as non-small

cell lung cancer and bladder cancer. Another combination is
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5-fluorouracil (5-FU) and leucovorin (folinic acid) for which

we demonstrated in model systems (cell lines, experimental

tumours and in tumours of patients) that leucovorin increased

and prolonged the inhibition of the 5-FU target, thymidylate

synthase (5). 5-FU and leucovorin are part of the standard

combination of drugs used in regimens of folinic acid, 5-FU

and oxaliplatin (FOLFOX), folinic acid, 5-FU and irinotecan

(FOLFIRI) (colon cancer) and FOLFIRI with oxaliplatin

(FOLFIRINOX) (pancreatic cancer). The increased toxicity

which is often observed with these combinations is usually

controlled by combinations with anti-emetics or a

corticosteroid such as dexamethasone. The latter may also

have (or influence) antitumor effects (6). 

Currently most combinations are established using various

in vitro assays either focusing on the interaction of drugs on

a specific target in a cell-free system, or using a

pharmacological assay as summarized previously (7-9).

However, an often observed mistake is the lack of proper

controls (simply testing the effect of the single agent and

combined effect over the whole tested concentration range

on cells). 

The effect of combination treatment compared to

monotherapies can be described as synergistic, additive or

antagonistic. The definition is dependent on the mathematical

model used, but in general it can be stated that additivity

means that the predicted effect of the combination is

equivalent to either the sum or the product of each separate

effect. Synergism is better than the expected theoretical effect

(higher than the sum or lower than the product) and

antagonism is worse than the expected theoretical effect

(lower than the sum or higher than the product). 

In this review, we give a short summary of the types of

analyses that can be used to determine the efficacy of drug

combinations. Furthermore, we summarize the advantages

and disadvantages of these methods and lastly discuss

emerging computational approaches. 

Methods for Determining the Effect 

of Drug Combinations 

Several mathematical models were initially used to evaluate

drug interactions in cell-free systems, in which the definition

of the reference state (meaning no interaction) was the basis.

In the Loewe additivity model (10), it was hypothesized that

when drug A is combined with itself, the effect would be the

sum of: A+A=2A. When another drug was used, the

reference state would be A+B=2A. In the Bliss independence

model (11), which is most commonly used, the reference

state (additivity) is a product of the fractional response, in

which 0.5!0.5=0.25. Almost all current models are either a

modified use of the Bliss and Loewe models, or are

predominantly based on the Bliss model. Application of cell-

free models to cellular systems assumes a sigmoidal dose–

response curve based on the Hill equation allowing (a)

fractional-effect analysis, (b) isobolograms, (c) the response

surface area model, based on a mixed Loewe-Bliss; and (d)

median effect analysis (Figure 1). 

Fractional-effect Analysis 

Fractional-effect analysis determines the theoretical additive

effect of a combination by multiplying the effect of each

drug alone (12). When drugs A and B are combined at an

equitoxic concentration, e.g. achieving 50% growth

inhibition (IC
50

), the theoretical fractional effect is 0.5 for

each drug, and additivity is 0.5!0.5=0.25. When drug C has

a moderate effect, e.g. 25% growth inhibition at a specific

concentration (IC
25

), the fractional effect (fa) is calculated

as: (fa)=(1-g Growth inhibition in %)/100 resulting in a

value of 0.75. When treatment with drug D has only a minor

effect e.g. 2% growth inhibition, the fractional effect is 0.98.

The additivity of the combination of drugs C (fa=0.75) and

A (fa=0.5) is equal to their product, i.e. 0.375, and that for

drugs D (fa=0.98) and A (fa=0.5) is similarly computed to

give 0.49. Synergism is achieved for these combinations

when the experimentally determined fractional effect is

lower than 0.25 (A combined with B), 0.375 (A combined

with C) or (A combined with D) 0.49, respectively.

Antagonism is achieved when these values are higher than

0.25, 0.375 or 0.49, respectively. This method is rather

straightforward, but a linear concentration–effect relationship

is assumed with sigmoidal dose–response curves. The model

does not allow calculation of the variation (confidence

interval) within each experiment, only between experiments,

and cell kill (a negative fraction) cannot be evaluated.

Isobologram 

The first isobolograms were designed in the 1950s by Nobel

laureates Elion and Hitchings (13), in which, for each given

level of toxicity, the dose of one drug is plotted on the x-

axis and that of the second drug on the y-axis (Figure 1B),

e.g. equitoxic doses of the single drugs. When there is

additivity, there should be a straight line connecting the

plotted IC
50 

values and when the effect of the combination

treatment is synergistic, the plotted line falls to the left of

this line and when antagonistic, to the right of this line (14).

Subsequently Chou and Talalay (15), computerized the

model applying the CalcuSyn program (Biosoft, Cambridge,

UK) (see below). Despite the simplicity and accuracy of this

method, the extent of synergism or antagonism cannot be

quantified, nor is it possible to calculate the variation

between experiments, in contrast to fractional-effect

analysis. Cell kill cannot be evaluated either. However, this

model proved very valuable to move the first combinations

into the clinic. 
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The Response Surface Area Approach 

According to several mathematicians (14-16), the response

surface area model is to be preferred, since this method

allows calculation of the extent of synergism/antagonism

(called the envelop of synergism), a confidence interval, and

the evaluation of more than two drugs. The results of such

analysis are presented in various forms, and usually include

a 3-D plot or a contour plot. In the 3-D plot, the

concentration of the drugs is plotted on two corresponding

horizontal axes and the effect of the combination (response)

on the vertical axis (Figure 1C, left). In the initial

presentations, synergism was considered a combination

index (CI) value >0 and antagonism as less than 0. Later

presentations of the 3-D plots used different units for the

response (i.e. synergy/antagonism), such as a ratio,

percentage change or % relative to the control. Synergism is

usually presented as a different colour/peak. An alternative

presentation is a contour plot, in which the concentration of

a drug is on one of the axes and synergism is shown as a

‘contour’ of a different colour, either white in black/white

presentation, or red or blue according to the preference of

the mathematician (Figure 1C, right). Despite ready-to-use

mathematical models, evaluation of response surface area

plots requires a considerable insight into mathematics.

Moreover, the presentation of the plots does not allow for

determination of whether synergism is observed under

clinically relevant conditions, since the extent of growth

inhibition is often not shown and also cell kill is often not

considered in the calculation. However, in more recent

applications, the so-called Bliss index (a measure for

synergy) can be given for each effect of a combination.

However, in order to optimally predict the efficacy of the

combination, experience with the model and sufficient

statistical knowledge is essential.

Median Drug-effect Analysis

In order to provide a pragmatic and easy-to-use method to

evaluate combinations, Chou and Talalay (15) developed the

median-effect principle based on the first models of Loewe

(10) and Bliss (11). However, the median-effect principle is

based on the mass-action law and not on statistics, and

provides a diagnostic plot, including an isobologram. The

median drug-effect equation is based on the four equations of

Henderson–Hasselbach (19), Michaelis–Menten (20), Hill

(21) and Scatchard (22), and therefore the dose–response

curves of the single drug and combinations should be

sigmoidal. Curves are plotted based on the doses of a drug

(D1 and D2), and the effect of a drug, expressed as fraction

affected (Fa) and fraction unaffected (Fu). An Fa of 0.5

means 50% growth inhibition, and Fa of 0.75 means 75%

El Hassouni et al: To Combine or Not Combine: Drug Interactions (Review)
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Figure 1. Examples of plots to determine the effect of combination treatments. A: Fractional-effect analysis, reprinted with permission from (3). B:

Isobologram. C: The response surface area model (left) and a contour plot (right). D: Median-effect analysis. CI: Combination index.
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growth inhibition (or 25% growth); this means that Fa+Fu=1.

The effect of a drug can be described as the ratio between

Fa/Fu=(D/D
m

)
m

. Log transformation yields the median-effect

equation: log(Fa/Fu)=m log(D) – m log(D
m

), in which D is

the dose, m the sigmoidicity of the curve and D
m

equals the

dose that results in an Fa of 0.5 (i.e. IC
50

). By transforming

Fa+Fu=1 to Fu=(1!Fa), the formula can be transformed into

Fa/(1!Fa)=(D/D
m

)
m

, and assuming m=1 to Fa=[1+(D
m

/D)]
!1

.

When the effects for two drugs are combined and the formula

for the CI is derived: CI=[(D)1/(D1-Fa)1]+[(D)2/(D1-

Fa)2]+["(D)1(D)2/(D1-Fa)1(D1-Fa)2], in which (D)1 and

(D)2 are doses used for combination, (D1!Fa)1 and

(D1!Fa)2 are the doses of the individual drugs resulting in

1!Fa; the slope is m, while "=1 for mutually nonexclusive

drugs. A CI above 1.2 is considered to be antagonistic,

between 0.8 and 1.2 additive, and below 0.8 synergistic. 

The usual presentation of the results requires a normal

growth-inhibition curve and a plot of CI versus Fa (Figure

1D). The growth-inhibition curves are essential for proper

evaluation, since it should be determined whether the curves

are sigmoidal or hyperbolic, whether there are outliers, and

whether sigmoidicity is similar for each drug. A simple

quality check includes the comparison of the D
m

value

calculated by the program with the IC
50

value from the

curve, which should be similar. The CI–Fa plot evaluates

synergism over the whole Fa range from 0-1. However, CI

values above an Fa of 0.95 are usually not reliable, while CI

values obtained at Fa<0.5 can be considered as not relevant,

since Fa<0.5 represent minor, clinically not relevant growth

inhibition. In order to combine the data of more experiments,

it is recommended to calculate the average of the CI values

at Fa of 0.5, 0.75 and 0.90 for each separate experiment.

Subsequently, the averages of each experiment can be used

to calculate the means and SEM for the experiments. In this

model, it should be specified whether the combined drugs

act on a common target or have a similar mechanism of

action, i.e. are mutually exclusive, where one agent may

prevent the action of the other. The agents may have

different mechanisms of action or targets and therefore act

in a mutually nonexclusive manner. 

In order to digitalize the median-effect method, the

CalcuSyn software was designed based on the formulas given

above by Chou and Talalay, allowing the user to plot the dose–

response curves of the single agents and the combination

treatment to determine the CI. CalcuSyn can be downloaded

from http://www.biosoft.com/w/calcusyn.htm, however a fee

dependent on the intended number of users is required. In

2005, Chou published another software program based on the

median-effect of the mass-action law, CompuSyn, which can

be downloaded free of charge from www.combosyn.com. The

program does not allow values above 1 or below 0 to be

entered, which can be solved by plotting these values all at

either 0.95 or 0.05, respectively. Although this limitation does

not allow evaluation of cell kill, this can be solved by using a

modified calculation of Fa as described by Bijnsdorp et al. (8).

Even though the program advises combining drugs at a fixed

ratio based on the IC
50

, the current version also allows

evaluation of non-fixed ratios. Loewe synergy using surface-

area models can be calculated using Combenefit, which can be

downloaded for free from https://sourceforge.net/projects/

combenefit/.

Models evaluating the effect of two agents combined are

valuable in the development of novel treatment strategies.

Nevertheless, researchers should be aware of the limitations

and pitfalls that these models carry. A concise summary of

the advantages and disadvantages of the aforementioned

methods are listed in Table I. 

How Should Novel Tyrosine Kinase-directed 

Drugs Be Combined?

The models described above were developed primarily to

evaluate combinations of two or more conventional

anticancer chemotherapeutics. This raises the question of

whether the model can also be used to evaluate combinations

of conventional chemotherapy agents with novel

chemotherapeutics drugs, such as tyrosine kinase inhibitors

(TKI) or combinations of TKIs. There is sufficient evidence

in literature that Calcusyn can be used to evaluate

combinations of drugs such as pemetrexed or gemcitabine

with a TKI, such as erlotinib or crizotinib, respectively (23,

24). However, for these studies, it is even more evident that

genetic properties of the cells should be taken into account,

while the concentration of a TKI should be chosen in a range

high enough to modulate its target. For instance, in the case

of erlotinib, it is not sensible to combine these drugs for

tumours that have a RAS mutation (23), while for crizotinib,

either a MET proto-oncogene receptor tyrosine kinase (c-

MET) amplification or mutation is required to achieve an

effect (24). This also means that the drugs can better be

combined at a non-fixed ratio, for which the current version

of CalcuSyn has a separate option.

Similarly, combinations of one or more TKIs can be

evaluated using the above-mentioned programs on the

condition that genetic and biochemical properties are taken

into account when combining these drugs. An example is the

combination of erlotinib, an epidermal growth factor receptor

(EGFR) inhibitor, with crizotinib, which inhibits c-MET.

Resistance to erlotinib can be due to increased c-MET

signalling, which can be inhibited by crizotinib. This

combination appeared to be synergistic in cells with active

EGFR and c-Met signalling, and additive when one of the

pathways was active. Antagonism was observed in a cell line

lacking these properties (25).

These considerations indicate that a lower concentration of

one drug may be sufficient for modulating cellular signalling.

ANTICANCER RESEARCH 39: 3303-3309 (2019)
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This has led some investigators to use ultra-low concentrations

in the ‘homeopathic’ range, arguing that patient toxicity might

also be reduced. However, when no clear effect on signalling

is observed in mechanistic experiments, such combinations

should be considered with care.

Translation of Combinations to In Vivo Models

When combining drugs in vivo, additional aspects should be

taken care of. Ideally a synergistic effect on the tumour would

be associated with an antagonistic effect on normal tissues.

Unfortunately, this is not often observed and initial dosing in

vivo (usually mice) should be done with care; moreover, the

outcome often cannot be predicted with current in vitro

alternative models, including organoids, since the whole in

vivo mechanism of drug absorption, distribution, metabolism

and excretion is not present therein. Usually one of these

aspects can be investigated in a proper model (e.g. cytochrome

p450 (CYP)-mediated metabolism or glucuronidation and

other phase I and II metabolic pathways or ATP-binding

cassette transporter-mediated efflux) and can be used to adapt

the in vivo scheduling. Therefore, it is advised to start with a

lower dose of at least one of the drugs. Usually it is advised

to give one drug at the maximal tolerated dose (MTD) of the

single agent and the other at its 0.66!MTD, although most

investigators start with each drug at its 0.66!MTD. Serial

two-fold dilutions can be tested before an efficacy experiment

in case severe toxicity is expected. In vitro experiments can

provide guidelines on the scheduling for animal experiments,

but toxicity might also be synergistic, necessitating alternative

scheduling. Mechanistic pharmacological studies in animals

will provide essential information on proper dosing and

scheduling in vivo. The above-mentioned example of

gemcitabine and cisplatin showed pre-treatment of cell lines

with gemcitabine would increase the formation of DNA–

platinum adducts and prevent repair of these adducts.

However, dosing for both drugs had to be reduced, but the

combined effect was superior to that of each drug alone at its

MTD (26). The same principle was applied to the

combination of gemcitabine and crizotinib in mice, in which

the combination was based on in vitro synergism in a

pancreatic cancer cell line with a c-MET amplification. It was

decided to give gemcitabine at its 0.83!MTD. The

combination of gemcitabine and crizotinib was superior to

that of each drug separately, while crizotinib increased the

accumulation of the active metabolite of gemcitabine by

inhibition of gemcitabine degradation (24). In short, it can be

concluded that for in vivo combinations, the schedule can

often be deduced from in vitro data, while dosing should be

reduced slightly.

New Computational-based Approaches 

for Capturing Cellular and Signalling Complexity 

The rapid development and application of machine-learning

methods is now also being applied in biomedical sciences. The

utilisation of several machine-learning methods for assessment

of combination drug therapy for HIV, hypertension, infectious

diseases and cancer is described elaborately by Tsigelny (27).

For example, machine-learning networks can implement

various parameters, such as i) compound-specific physical and

chemical properties; ii) biochemical response of target

molecule(s); iii) cellular response; and iv) patient

characteristics, including genomic, proteomic and metabolomic

profiles, which sounds promising. 

Current predictive models for drug-combination effects are

commonly based on high-throughput testing of drug

combinations for each cell line. These data are then used to

identify the molecular features that predict therapy response

(28). A pan-cancer DREAM community challenge, the

El Hassouni et al: To Combine or Not Combine: Drug Interactions (Review)
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Table I. Methods for determination of combination effects and their advantages and disadvantages. 

Method Advantages   Disadvantages

Fractional-effect analysis   Straightforward method for mutually   Model assumes linear concentration-effect

non-exclusive drugs   curve in contrast to reality (sigmoidal)

  No confidence interval quantification 

Isobologram Simple and accurate method Level of synergy or antagonism cannot be determined

  The isobole based on the dose pair is often curvilinear 

  instead of linear due to variability in drug potency 

  No experimental variation quantification 

The response surface approach   Model assumes sigmoidal    Output interpretation requires expertise

concentration–effect relationship   since it is aggregated 

  Sufficient statistical knowledge essential

Median drug-effect analysis   A distinction between mutually exclusive    Synergy evaluation can be complicated

and non-exclusive acting agents can be made Fa values <0 or >1 cannot be included in calculations, 

  but by adapting the model this can still be achieved (8)

Fa: Fraction affected.
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AstraZeneca Drug Combination Prediction Challenge, showed

such findings on a pan-cancer scale (29). Synergy prediction

based on models of drug interactions are appearing.

Given that most therapy combination approaches are based

on an aggregated index of synergy, the analytical methods that

exist today might need additional refinements to capture

intercellular (cell identity) as well as intracellular

heterogeneity (signalling activity) and their combined effects

on efficacy of drug combinations. Single-cell tracing methods,

such as single-cell genetic/mRNA profiling, fluorescent

reporter systems and cell-tracing barcode technologies can

provide relevant insight into population changes as well as

fluctuations in the mechanism of action that result in therapy

efficacy. These computational models should provide

sufficient complexity to predict the effect of combination

therapies on a cellular/signalling level accurately. Given this

high complexity, more advanced machine-learning methods,

such as deep learning, might be needed to enable adequate

modelling. 

Conclusion

Drug combinations have been used for decades in the clinic

to enhance the treatment of patients, and are therefore not a

novelty in the field of pharmacology. Various in vitro models

together with mathematical equations based on the Bliss

independence model, Loewe additivity model or a

combination of both, i.e. the median drug effect, enable the

prediction of the effect of two agents combined. Nonetheless,

application of these models should be tailored to the context

of each study and with awareness of the limitations and

advantages of each method. Considering the increment in the

development of novel therapeutics, the number of

combinations that can be made is substantial. Aside from

more complex single-cell assay read-outs that are able to

capture cellular and signalling heterogeneity, more advanced

computational models might be needed, including deep-

learning methodologies. Therefore, we anticipate that

refinements of the classical synergy models with emerging

artificial intelligence-based models will benefit the

investigation of new combination treatments in the near

future. 
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Simple Summary: Despite the enormous advance in biomarker discovery, many potential biomarkers
of drug activity are unable to satisfy the clinical need due to inadequate sensitivity and specificity.
The nucleoside transporter hENT-1 has been studied as a potential biomarker to predict the e!ect
of the widely used anticancer drug gemcitabine in pancreatic cancer. However, several studies
showed controversial results regarding the predictive value of hENT-1, prompting new analyses
with larger cohorts of patients and standardized methodologies. Improved insights on molecular
mechanisms underlying hENT-1 expression and activity should also help in the identification of
subsets of patients who are more likely to benefit from specific treatments and improve their clinical
outcome. The establishment of such biomarker is especially valuable in pancreatic cancer, which is
frequently characterized by complex disease biology and high mortality.

Abstract: Pancreatic ductal adenocarcinoma (PDAC) is an extremely aggressive tumor characterized
by early invasiveness, rapid progression and resistance to treatment. For more than twenty years,
gemcitabine has been the main therapy for PDAC both in the palliative and adjuvant setting. After
the introduction of FOLFIRINOX as an upfront treatment for metastatic disease, gemcitabine is still
commonly used in combination with nab-paclitaxel as an alternative first-line regimen, as well as a
monotherapy in elderly patients unfit for combination chemotherapy. As a hydrophilic nucleoside
analogue, gemcitabine requires nucleoside transporters to permeate the plasma membrane, and
a major role in the uptake of this drug is played by human equilibrative nucleoside transporter 1

Cancers 2020, 12, 3206; doi:10.3390/cancers12113206 www.mdpi.com/journal/cancers
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(hENT-1). Several studies have proposed hENT-1 as a biomarker for gemcitabine e!cacy in PDAC.
A recent comprehensive multimodal analysis of hENT-1 status evaluated its predictive role by both
immunohistochemistry (with five di"erent antibodies), and quantitative-PCR, supporting the use of
the 10D7G2 antibody. High hENT-1 levels observed with this antibody were associated with prolonged
disease-free status and overall-survival in patients receiving gemcitabine adjuvant chemotherapy.
This commentary aims to critically discuss this analysis and lists molecular factors influencing
hENT-1 expression. Improved knowledge on these factors should help the identification of subgroups
of patients who may benefit from specific therapies and overcome the limitations of traditional
biomarker studies.

Keywords: pancreatic cancer; drug resistance; human equilibrative nucleoside transporter 1;
clinical outcome

1. Introduction

In the story of “Ali Baba and the Forty Thieves” from the book One Thousand and One Nights,
“Open sesame” is the magical phrase that opens the mouth of a cave in which the thieves have
hidden a treasure. This statement has been commonly used to define something that allows a person
to do or enter something easily, or something that unfailingly brings about a desired end. Several
cellular transporters are essential for the entry (or efflux) of anticancer drugs [1,2] but, despite a
number of preclinical and clinical studies on their role as biomarkers and targets, they have not yet
been exploited or exploited correctly to improve clinical outcome.

The human equilibrative nucleoside transporter (hENT-1) represents a quintessential example of such
a transporter. This protein is indeed the main transporter involved in the entrance of nucleoside analogs
and has attracted extensive attention for its potential role as predictive biomarker for the anticancer activity
of gemcitabine [3], as well as for the development of drugs bypassing this transporter in order to overcome
gemcitabine resistance in pancreatic ductal adenocarcinoma (PDAC) [4–6]. In particular, we have read with
great interest the recent comprehensive multimodal analysis of hENT-1 status, which has been performed by
Raffenne and collaborators in the largest cohort of PDAC patients to date [3]. In the present commentary, we
summarize the key findings of this analysis and discuss further insights on molecular and pharmacological
factors influencing the role of nucleoside transporters in the uptake and cytotoxicity of gemcitabine in PDAC.

2. Pancreatic Ductal Adenocarcinoma (PDAC)

Pancreatic ductal adenocarcinoma (PDAC) is the most common form of pancreatic cancer and
is amongst the deadliest solid malignancies [7]. Despite extensive genetic mapping elucidating key
mechanisms in PDAC initiation and progression [8], both conventional and experimental drugs showed
limited e"ects [7].

PDAC is indeed a highly invasive and aggressive disease with an overall 5-year survival rate
lower than 10% [7]. Several factors are responsible for this grim prognosis, including late diagnosis
and lack of effective therapies [9,10]. Surgery represents the only curative intervention available
for patients with local disease. However, even after successful tumor resection and adjuvant
chemotherapy, the 5-year survival rate is around 25–30%, with most of the patients experiencing
tumor recurrence and metastatic disease within 6–24 months from surgery [11,12]. Chemotherapy is
the only treatment available for patients with advanced or metastatic disease, which includes the
vast majority of diagnosed PDAC cases [7].

Unfortunately, PDAC is an inherently resistant disease, with low percentages of response rate
to all current treatment regimens. Moreover, even when chemotherapy is initially effective,
chemoresistance typically occurs after a few cycles, leading to disease progression and
mortality [13,14]. This resistance is caused by both cellular intrinsic and extrinsic factors such
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as cancer stem cells (CSCs), activation of the epithelial-mesenchymal transition (EMT), and
presence of a highly desmoplastic and immunosuppressive tumor microenvironment (TME) [15–18].
Understanding these molecular mechanisms of chemoresistance is an essential step towards
increasing the efficacy of treatments and clinical outcome.

Despite the development of more effective multi-drug regimens such as FOLFIRINOX
(a chemotherapy regimen made up of the following four drugs: FOL—folinic acid, F—fluorouracil
(5-FU), IRIN—irinotecan, OX—oxaliplatin), gemcitabine is still widely used for PDAC treatment,
both combined with nab-paclitaxel (Abraxane®, Celgene, Summit, NJ, USA), and as monotherapy,
especially in patients who are unfit for more toxic poly-chemotherapy regimens [14]. Several studies
have focused on molecular intracellular determinants of gemcitabine activity and metabolism.
Among these molecular determinants, mRNA and protein expression of the equilibrative
transporter-1 (hENT-1) emerged as potential predictors of drug activity in a number of preclinical
and clinical studies in PDAC.

3. Nucleoside Transporters Involved in Gemcitabine Uptake

The two major classes of nucleoside transporters that have been described in mammalian
cells include the concentrative nucleoside transporters (CNTs) and the equilibrative nucleoside
transporters (ENTs). These transporters are transmembrane glycoproteins that localize to the
cellular and mitochondrial membranes, but can also be found in lysosomes [19] and mediate the
cellular uptake of nucleosides required for nucleotide synthesis in cells that lack de novo nucleotide
synthesis pathways.

CNTs mediate the inward Na+-dependent transport whereas ENTs are bi-directional facilitators
of the transmembrane flux of nucleosides [20]. ENTs can be found in almost all cell types unlike
CNTs, which are present in intestinal and renal epithelia [21], as well as in hepatocyte cells and in
chorionic villi of human term placenta [22].

As bi-directional carriers, ENTs regulate both the influx and efflux of substrates. The human ENT
homologues (hENTs) are classified into four groups: hENT-1 (SLC29A1), hENT-2 (SLC29A2), hENT-3
(SLC29A3) and hENT-4 (SLC29A4) [23]. The hENT-1 is sensitive to nitrobenzylmercaptopurine
ribonucleoside (NBMPR) to which it binds with a high affinity [24]; while hENT-2 is insensitive to
inhibition by NBMPR. However, the hENT1–3 shows selectivity to the NBMPR substrate which also
blocks hENT-4 albeit at higher concentration than required for hENT-1 [25]. Of note, hENT-4 is
better known as the plasma membrane monoamine transporter because it carries organic cations
such as biogenic amines and neurotoxins. This transporter mediates the transport of adenosine
in a pH-dependent manner and its activity increases in acidic conditions (optimal transport at
pH 6.0) [26].

These transporters are involved in the uptake of several drugs (Figure 1) with di!erent chemical
structures (Figure S1).
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Figure 1. Nucleoside transporters in mammalian cells. CNTs facilitate the Na+-dependent
transport while ENTs are bi-directional and Na+-independent transporters, facilitating the uptake
of di!erent anticancer drugs [27–30]. Of note, hENT-1 (es) is NBMPR-sensitive and the
figure shows its crystalized structure [30]. Acronyms: 5-HT, 5-hydroxy-tryptamine; NBMPR,
nitrobenzylmercaptopurine ribonucleoside.

Gemcitabine (2!,2!-difluorodeoxycytidine, dFdC) is a pyrimidine analog and relies on membrane
transporters for its intracellular uptake [31,32]. The uptake of gemcitabine can be mediated by hENT-1/2
and hCNT-1/3. However, hENT-1 and hCNT-1 appear to be the most e"cient transporters involved in
the entry of gemcitabine into cells. Notably, hENT-1, the most widely expressed nucleoside transporter
in human tissues, is overexpressed in di!erent tumor types, including PDAC (Figure S2A). This is
reported in the GEPIA web server, analyzing the RNA sequencing expression data of 9736 tumors
and 8587 normal samples from the TCGA and the GTEx projects [33]. However, the comparison of
TCGA-PAAD data of pancreatic cancer specimens with the matched non-tumor samples as well as
the analysis of similarly matched transcriptomics and proteomics public datasets did not show a
significance di!erence in hENT-1 expression levels (Figure S2B).

Structurally, hENT-1 is a 456-residue protein (50 kDa) with 11 transmembrane domains and
three N-linked glycosylation sites, which are essential for localization, function and oligomerization.
The first glycosylation site (Asn 48) is located between the first and second transmembrane domains in
the hydrophilic loop, whereas the other two sites (Asn 277 and 288) are between the sixth and seventh
transmembrane domains [32]. The Km for purine and pyrimidine nucleosides transport range from
0.05 mM to 0.60 mM according to a study performed in Xenopus laevis [34].

4. Role of hENT-1 in Gemcitabine Activity as Potential Predictive Biomarker

Several studies showed that hENT-1 expression is essential for gemcitabine cytotoxic e!ects [35,36].
Higher expression levels of hENT-1 have indeed been associated with higher uptake and activity of
gemcitabine in cancer cells, using di!erent preclinical models [37–40].

A number of retrospective studies on hENT-1 mRNA and protein expression with PCR and
immunohistochemical (IHC) methodology demonstrated that high levels of hENT-1 correlated with
a statistically significant longer survival (Figure 2), both in the adjuvant and in the metastatic
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setting, though the number of patients in the latter cohort was extremely small [41–52]. For instance,
a retrospective analysis of a cohort of PDAC patients from the RTOG9704 phase III clinical trial, which
compared gemcitabine with 5-FU after surgical resection, showed an association between high tumor
hENT-1 expression and increased overall survival (OS) in patients who received gemcitabine (n = 91),
but not in those who received 5-FU [43]. These data support the role of hENT-1 as a specific predictive
biomarker for the e!cacy of gemcitabine.

Figure 2. Association of hENT-1 expression levels and survival. Bar graph summarizing the survival data
of PDAC patients in studies supporting the role of hENT-1 as a predictive biomarker for the efficacy of
gemcitabine. The clinicopathological and treatment details of studies before 2014 [41–48] were reviewed
systematically by Nordh et al. [49], while a more recent systematic review by Bird et al. [51] evaluated also
the data from the European Study Group for Pancreatic Cancer 3 (ESPAC-3) trial [50]. n = number of
patients, p = statistical p values.

Conversely, high expression levels of hENT-1 emerged as a prognostic biomarker of poor outcome
in cholangiocarcinoma. Indeed, while a first study showed a significant association between disease-free
survival (DFS) and high expression of membrane hENT-1 in gemcitabine-treated patients [53,54],
hENT-1 overexpression was associated to high proliferation rate and significantly shorter survival
in resected intrahepatic cholangiocarcinoma patients who did not receive adjuvant treatments [55].
This might be explained by the di"erent levels of hENT-1 expression and proliferative rates in di"erent
tumor types and warrants further, larger studies.

Up to now, the largest prospective study on hENT-1 in PDAC has been performed within the
European Study Group for Pancreatic Cancer 3 (ESPAC-3) trial. This study highlighted a significant
association between high hENT-1 protein expression and longer OS and DFS in PDAC patients receiving
gemcitabine-based chemotherapy post-surgery [50]. Moreover, a quantitative metanalysis including
7 studies with a total of 770 patients (405 hENT-1-negative and 365 hENT-1-positive). showed that
hENT-1 expression was significantly associated with both prolonged DFS (HR 0.58, 95% CI, 0.42–0.79)
and OS (HR 0.52, 95% CI, 0.38–0.72) in patients receiving adjuvant gemcitabine-based therapy [52].

In contrast, Kawada et al. [56], who evaluated hENT-1 expression in PDAC patients undergoing
neoadjuvant chemoradiation, showed only a trend towards statistically significant better disease-specific
survival in patients with low expression of hENT-1. These results might be explained by the potential
preferential eradication of tumor cells with high expression of hENT-1 by the neoadjuvant treatment
before the tumor samples collection. This issue can be overcome by the use of fine-needle aspiration
biopsy (FNAB) for retrieving cancer cells before treatment and resection of the tumor. Indeed,
a study on pretreatment hENT-1 expression in endoscopic ultrasonography-guided FNAB specimens
obtained from resectable, borderline-resectable, and locally advanced PDAC, showed that hENT-1
expression was an independent prognostic factor in both whole patients and those with resection [52].
Regardless of T3 and T4, hENT-1-positive patients with resection had significantly better prognosis
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than hENT-1-negative patients, whose prognosis was similar to those without resection, suggesting
that the evaluation of hENT-1 expression using FNAB samples before chemoradiation provides useful
information on patients who might benefit from curative-intent resection.

However, other recent studies on the evaluation of hENT-1 status using IHC in PDAC patients
reported conflicting results, possibly due to the use of di!erent antibodies. In particular, the analysis
of samples from 156 patients enrolled in the CONKO-001 phase III trial did not show a significant
association of high hENT-1 expression with improved median DFS or OS [57]. Similar negative results
were observed within a retrospective translational subgroup analysis for hENT-1 in 130 samples from
patients enrolled in the AIO-PK0104 multicenter phase III trial [58]. In both cases the researchers used
the rabbit monoclonal antibody SP120 and suggested to perform a parallel study using the rabbit
10D7GD antibody. Such study was performed by Marechal and collaborators as well as by Svrcek
and collaborators who reported that hENT-1 status was predictive of gemcitabine benefit in patients
receiving gemcitabine-adjuvant chemotherapy when evaluated with the 10D7G2 antibody, yet no
predictive value was observed when hENT-1 status was assessed using the SP120 antibody [46,59].

In contrast, Kalloger and collaborators, who performed the staining with 10D7G2 and SP120
antibodies (both optimized to run on the Ventana platform), in samples from 227 patients, suggested
that both these antibodies can be used to predict gemcitabine sensitivity in resected PDAC [60].
This study suggested also that the use of both antibodies and of the percentage of cells staining positive
for hENT-1, instead of the H-score methodology, add critical information that enables the stratification
of patients with good, intermediate, or poor response to adjuvant gemcitabine. However, as recognized
by the authors: “these findings need to be externally validated in cohorts derived from randomized
controlled trials” [60].

Overall, these controversial findings question the predictive value of the available anti-hENT-1
antibodies and call for the establishment of a standardized IHC methodology before hENT-1 status
could be used as a predictive biomarker in the clinical setting.

5. Evaluation of the Study “hENT-1 Status in PDAC Patients—Are We Ready Yet?”

In a recent study Ra!enne and collaborators provided the most comprehensive multimodal
analysis of hENT-1 status in the largest cohort of PDAC patients to date (i.e., 471 patients with
resected PDAC) [3]. In this study the expression of hENT-1 evaluated using the 10D7G2 antibody
was predictive of both prolonged DFS and OS in PDAC patients receiving gemcitabine adjuvant
chemotherapy. In contrast, no predictive value of gemcitabine benefit was observed when hENT-1 status
was assessed using the SP120 clone when comparing surgery-gemcitabine vs. surgery-only groups.
Three additional antibodies (PAB2255, MC-9777, and 11337-1-AP) manufactured by three di!erent
companies (MBL™, Woburn, MA, USA; Abnova™, Taipei, Taiwan; and Acris™-OriGene™, Rockville,
MD, USA) were further evaluated to establish their potential for the analysis of hENT-1 status. None of
these antibodies showed a predictive value of gemcitabine benefit over controls, providing compelling
evidence that commercially available anti-hENT-1 antibodies are not suitable for the evaluation of
hENT-1 status. Interestingly, all tested antibodies, except the 10D7G2 clone, detected multiple bands on
Western blot that did not correspond to the expected glycosylated forms of hENT-1, hence suggesting
that these antibodies may recognize and bind to non-completely functional forms of the hENT-1 protein.

Ra!enne and collaborators also evaluated the predictive value of mRNA expression levels of
hENT-1 which was assessed using microarray data and qRT-PCR analyses performed on formalin-fixed
para"n-embedded (FFPE) tissues from resected specimens. No di!erence in both DFS and OS was
observed when the median hENT-1 mRNA value was used to discriminate between hENT-1 high-
and low-expressing tumors. Nonetheless, an increasingly predictive trend was detected when more
stringent thresholds were employed (top 25% for OS and top 10% for DFS). Further increase of the
threshold (top 10% vs. bottom 10% or bottom 90%) allowed the selection of a population of exceptional
gemcitabine responders.
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These results might be explained by the fact that the authors used whole tumors. Because of
the dense stromal reaction, the analysis of PCR data in PDAC specimens should indeed be
performed only after careful evaluation of the percentage of tumor cells and, when feasible,
after laser-microdissection [61].

For instance, our PCR analysis of 22 non-microdissected (no LMD, including tumor and
stroma tissues) samples showed a minor gene expression variability, with coe!cient of variation values
of the hENT-1 expression values ranging from 7% to 16% compared to the respective microdissected
(LMD, including only tumor tissues) specimens (Figure 3A,B). This could potentially a"ect the
stratification of the patients in the “low” vs. “high” expression categories and the correlation
with clinical outcome. Additionally, proteomics analyses of LMD matched epithelial and stromal
compartments showed an up-regulation (p= 0.017) of hENT-1 in the epithelial compartment (Figure 3C).
Of note, although the presented cohort is relatively small (n = 13), epithelial hENT-1 expression was
associated with significantly longer survival while no di"erence in the OS curve were observed for
hENT-1 stromal expression (Figure 3C). Successful dissection of tumor and stromal compartment is
reported in Figure S3. Recent studies showed the impact of LMD on the quality of both mRNA and
protein content in PDAC specimens [61,62], and might explain why a not laser-assisted microdissection
did not result in the association of hENT-1 expression levels with disease- specific survival, as reported
by Jiraskova and collaborators in a retrospective study on a cohort of 69 resected PDAC patients treated
with gemcitabine [63].

Figure 3. Impact of laser-microdissection on mRNA expression levels of hENT-1 in PDAC
samples (A) Representative pictures of PDAC epithelium and stroma before and after laser-assisted
microdissection, performed on frozen tissue with the Leica LDM7000 microscope, as described
previously [62]. (B) Comparison between hENT-1 gene expression values in microdissected (LMD) and
non-microdissected (no LMD) samples from 22 PDAC tissues. Expression of hENT-1 was evaluated
by Real-Time Quantitative PCR and normalized to GAPDH expression, as described previously [42].
t-test statistics was performed using Graph Pad version 7. Clinicopathological features of this subgroup
of patients are reported in Table S1 [64–66]. (C) Comparison between hENT-1 protein expression values
(evaluated by nanoLC-MS/MS) in LMD stromal and tumor compartments (* = p < 0.05) in n = 15
matched samples with respective survival curves. Protein values are represented in log10(LFQ). Patients
were grouped in high and low hENT-1 protein expression according to the median cuto". [62,67].
T-test statistics and Kaplan-Meier plots were performed in R version 3.5.2.
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Of note, the data of this study also suggested a limited proportional dependence between
hENT-1 gene expression evaluated by qRT-PCR in FFPE samples and protein levels as assessed by
immunohistochemistry with the 10D7G2 antibody [63]. This is in agreement with the study by
Ra!enne and collaborators, where a higher degree of concordance was observed between hENT-1
mRNA expression levels and the SP120 rabbit clone [3]. These findings suggest that this antibody
might recognize an unprocessed form of hENT-1 which is directly linked to the mRNA level,
whereas the 10D7G2 clone recognizes the active glycosylated stabilized form, hence explaining
its better predictive value. Remarkably, a significant correlation between mRNA level and IHC was
also found, for another non-commercial rabbit anti-hENT-1 antibody developed by Pastor-Anglada
and collaborators, who observed similar results in tumor cells with a di!erent pathology [40,68].

Lastly, in the study by Ra!enne and collaborators, the hENT-1 status was assessed by IHC using
the 10D7G2 antibody also on coupled samples from both primary and metastatic tumors. Concordance
between primary tumor and metastases was excellent for synchronous metastases. In contrast, a lower
concordance was reported between metachronous metastases and primary tumors. As postulated by
the authors, this discrepancy could be the result of the gemcitabine treatment that led to the selection
of hENT-1-low clones in the metachronous metastases [3]. In this regard, further limitations might be
represented by the relatively small sample size and other determinants influencing hENT-1 expression,
such as disease stage and parameters discussed in Section 6. This is an extremely important aspect
that could explain why the role of hENT-1 expression as a biomarker could not be validated when a
comparison of gemcitabine with its lipophilic analog CO-101 was carried out within the prospective
biomarker-stratified Low hENT1 Adenocarcinoma of the Pancreas (LEAP) trial, which enrolled PDAC
patients in the metastatic setting [5]. However, another potential explanation of the lack of association
between hENT-1 expression and response to gemcitabine is the use of the rabbit monoclonal antibody
SP120, as reported above.

6. Factors Involved in hENT1 Regulation and Gemcitabine Activity

6.1. Genetics: Mutations and Polymorphisms

Structure and function studies have reported that hENT-1 transmembrane domains (TMDs 3–6)
might be involved in interaction of nucleosides with the transporter [69]. Based on that,
SenGupta et al. [70] explored the role of point mutations on glycine 179 and glycine 184 located
in transmembrane domain five (TMD 5), using a GFP-tagged hENT-1 in a yeast nucleoside transporter
assay system. As a result, substitution of glycine 179 with leucine, valine, or cysteine caused the lack
of transporter activity without a!ecting its targeting to the plasma membrane. On the other hand,
mutation of glycine 179 to alanine or serine influenced neither the activity of hENT-1 nor its targeting
to plasma membrane. Hence, it could conceivably be suggested that glycine 179 may have an indirect
but vital role in the permeation pathway of hENT-1.

Single nucleotide polymorphisms (SNPs) have been mentioned to a!ect the gene expression of
hENT-1 and thus influencing gemcitabine clinical e"cacy [71,72]. Three SNPs were confirmed in
the proximal promoter of hENT-1 by Myers et al. [72]: !1345C > G, !1050G > A, and !706G > C.
Higher expression levels were observed for two haplotypes (CGC, CAG) when cloning the four naturally
occurring haplotypes (CGG, CAG, CGC, GAG) into a Luciferase expression system. Individuals with
such haplotypes presented increased hENT-1 expression in comparison to those with normal haplotypes.

The distribution of variants in genes involved in gemcitabine pharmacology and their association
with non-small lung cancer was further characterized by Soo et al. [73]. Their results revealed that the
non-synonymous variant CNT1 + 1561 G > A is correlated with increased uptake of gemcitabine and
hematologic toxicity. However, as the study was limited by the small sample size, larger studies are
needed to validate these findings.
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6.2. Epigenetics and microRNAs

6.2.1. Epigenetics

The expression of drug transporters, drug metabolizing enzymes, and nuclear receptors, is under
epigenetic control a!ecting the regulation of various genes and response to chemotherapeutic drugs [74].
The cellular levels of three histone modifications (H3K4me2, H3K9me2, H3K18ac), were examined
by tissue microarrays from two cohorts with PDAC patients by Manuyakom and collaborators.
Low H3K4me2 and H3K9me2 levels were associated with worse overall and disease-free survival
(Adjusted HR: 1.48 and 1.44, respectively) [75]. Later, methylation of lysine H3K9 was extensively
studied by Candelaria, et al. [76]. More specifically, they exposed CaLo cells to increasing concentrations
of gemcitabine which eventually became resistant. This state was accompanied by down regulation
of hENT-1. To determine whether gemcitabine resistance was associated with gene silencing induced
by increased histone deacetylase activity, they performed ChIP assays, which finally showed a decrease
in H3 and H4 acetylation at the hENT-1 promoter. They proposed that this mechanism could silence
the expression of hENT-1 and therefore lead to gemcitabine resistance in cervical cancer cell lines.

6.2.2. microRNAs

In the recent years it has become clear that protein expression levels can be regulated by microRNAs.
microRNAs are small non-coding RNAs, of 19 to 25 nucleotides, that interact with the mRNA of
coding genes, directing their post-translational repression. They are known to influence various
cellular processes such as cell proliferation and cell death, mainly through negative regulation of gene
expression [77]. In pancreatic cancer, several miRNAs have been reported to be aberrantly expressed,
including miR-34 [78], miR-21, miR-155, miR-221, and miR-222 [79]. The regulation of nucleoside
transporters by microRNAs is still poorly understood. Theoretically microRNAs could target the
mRNA of nucleoside transporters, down-regulating their expression levels.

Using a collection of databases of microRNA-gene interactions (“multimir” R package),
175 miRNAs emerged as miRNA potentially targeting hENT-1 (Table S2). Of note, four of these
microRNAs are overexpressed in PDAC as reported in Table 1.

Table 1. MicroRNAs potentially influencing hENT1 expression.

microRNA microRNA acc Experiment Type Database Source Comments Reference

hsa-miR-196a-3p MIMAT0004562 PAR-CLIP mirtarbase
Up-regulated

in exosomes of
PDAC’s serum

[67]

hsa-miR-221-5p MIMAT0004568 Degradome sequencing tarbase
Up-regulated

in PDAC cancer
stem cells

[70]

hsa-miR-23b-3p MIMAT0000418 Degradome sequencing tarbase

Up-regulated
in exosomes of
PDAC’s serum
and correlated

to CA19–9

[68]

hsa-miR-155-5p MIMAT0000646 Degradome sequencing tarbase
Up-regulated in
GEM resistant

PDAC cells
[69]

Of note, the presence of tumor-derived microRNAs in both tissues and body fluids o!ers an
opportunity for their potential application as liquid biopsy-based biomarkers, and future studies
should evaluate whether emerging circulating microRNAs could be a useful tool for minimally-invasive
estimation of hENT-1 levels and prediction of gemcitabine activity in PDAC patients.

MiR-196a-3p is up-regulated in exosomes of pancreatic cancer cell lines and in serum’s exosomes
of localized PDAC patients (stage I and IIA, n = 15) when compared to healthy subjects (n = 15) [80].
However, data on outcome or to response to gemcitabine are missing.
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Conversely, miR-23b-3p was found to correlate with pancreatic cancer progression in a cohort
study in patients with chronic pancreatitis (CP) and pancreatic cancer. Furthermore, in this study, the
authors did not provide data on gemcitabine activity, but assessed the expression level of miR-23b-3p
in exosomes isolated from patients’ serum demonstrating the association of miR-23b-3p to CA19–9
levels [81].

High levels of miR-155–5p were associated to gemcitabine resistance in a study conducted by
Mikamori and colleagues [82]. They reported three important findings: (i) long-term exposure to
gemcitabine resulted in an increasing level of miR-155–5p; (ii) miR-155–5p levels were positively
associated to exosome secretion that promoted gemcitabine resistance; (iii) increasing level of
miR-155–5p in PDAC cell while blocking exosome secretion did not induce gemcitabine resistance.
This later finding suggests an indirect activity which might be mediated by the miRNA mediated
modulation of hENT-1 levels and deserves further research.

Similarly, Zhao and colleagues validated the antagomir for miR-221–5p (a group of miRNA
antisense oligonucleotides) to restore chemosensitivity in gemcitabine-resistance cell lines. This miRNA
was over-expressed in PDAC cancer-stem-cell subpopulation and regulated some stemness markers
such as CDK6, C5ORF41, EFNA1, IRAK3, KLF12, MAPK10, NRP1, SMAD7, SOCS6 and ZBTB41 [83].
However, more research needs to be performed to determine the prognostic and/or predictive
characteristics of both tissue and circulating microRNAs regarding their role in nucleoside transport.

6.3. Tumour Microenvironment

6.3.1. Hypoxia

PDAC is characterized by a unique desmoplastic stroma and by the presence of an intense
fibro-inflammatory reaction, known as desmoplastic reaction (DR). DR causes the continuous deposition
of extracellular matrix components, including collagen type I and III, hyaluronic acid, and fibronectin,
by activated pancreatic stellate cells (PSCs) [84]. As a result of increased intratumoral pressure and
the subsequent compression of tumor vasculature, tumor cells experience hypoxia and metabolic
stress [85]. Koong et al. were the first to observe hypoxia in PDAC [86], reporting areas of pancreatic
carcinoma tissues with median pO2 levels of 0–5.3 mmHg. In contrast, normal tissues had a median
pO2 level of 24 to 92.7 mmHg. Later, Buchler and collaborators [87] showed that hypoxia-inducible
factor 1 (HIF-1), an important regulator of cellular response to hypoxia, is activated in PDAC in
response to low oxygen conditions. High levels of HIF-1! promote angiogenesis via increased
VEGF expression [87], hence promoting PDAC proliferation and metastatic potential [88]. Based on
this rationale, clinical trials using drugs targeting angiogenesis have been conducted. However,
despite promising preliminary results, anti-angiogenic drugs demonstrated low e!cacy in PDAC. Low
drug delivery due to vasculature collapse and poor tumor perfusion might explain, at least in part,
the modest e"ectiveness of anti-angiogenic drugs (e.g., bevacizumab) in PDAC [89].

Remarkably, hypoxia also influences nucleoside transporters, as described by Eltzschig and
collaborators [90]. Using in vitro and in vivo models of extracellular adenosine signalling, it was
shown that hENT-1 and hENT-2 gene expression and function are negatively regulated by HIF-1!.

In particular, hENT-1 and hENT-2 are involved in the passage of adenosine through the
endothelial membrane acting as bi-directional channels in normoxic conditions. In contrast, under
hypoxic conditions the adenosine movement is unidirectional but predominantly inward because the
extracellular adenosine concentration is much higher than the intracellular. Therefore, the repression
of NTs induced by hypoxia causes an extracellular increase of adenosine concentration and signaling
e"ects. Additionally, HIF-! forms a heterodimer with HIF-" during hypoxia which also causes the
nuclear translocation of HIF-1 and the binding to the promoter of hypoxia-responsive element of
hENT-1 (Figure 4). Thus, a downregulation of hENT1 occurs and consequently a decrease of adenosine
uptake. These mechanisms represent a transcriptional pathway to limit the inflammatory response
and to ensure the integrity of the vascular barrier during hypoxic conditions [91].
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Figure 4. Tumor microenvironment a!ects hENT-1 expression causing chemoresistance. Components of
the TME trigger PDAC hENT-1 downregulation and decreased activity. In order: PSCs secrete chemical
factors, such as CYR61 and deoxycytidine, which downregulate hENT-1 and compete with drug
metabolizing enzymes, respectively; mechanical signaling, such as TGF-! and ROCK, and EMT,
triggered by TWIST and ZEB-1, also contribute to hENT-1 decreased activity; hypoxia induces
HIF-"/HIF-B heterodimerization, which activates transcription of hypoxia-related genes further
decreasing hENT-1 expression. Together these factors cause chemoresistance to drugs which are taken
up via hENT-1 (e.g., gemcitabine (GEM) and RX-3117).

6.3.2. Mechanobiology

PDAC stroma, which accounts for the majority of tumor mass, is involved in resistance to
gemcitabine, and a recent publication by Dalin et al. suggested a role of PSCs through an indirect
influence on hENT-1. In this case the stroma compartment does not directly a!ect hENT-1 expression,
but most likely bypasses it by producing elevated amounts of deoxycytidine. High deoxycytidine
levels are taken up by PDAC cells, via hENT-1, and compete with gemcitabine’s intracellular pool
for phosphorylation and activation of the drug, therefore causing resistance [92]. Although further
investigations are necessary [93] these promising preliminary results suggest that hENT-1 activity
is indirectly influenced by the tumor stroma and that this interaction has a relevant role for PDAC
gemcitabine chemoresistance.

Mechanical cues and hENT-1 are also intertwined, playing an additional role in PDAC EMT and
resistance to gemcitabine. EMT is characterized by cellular physical changes, e.g., viscoelastic and
sti!ness properties modulation [94]. Notably, hENT-1 has been reported as a regulator of cellular
mechanical properties, by means of EMT induction. Indeed, knockdown of hENT-1 was shown
to induce cell elongation, sti!ness reduction, increased migration potential and expression of EMT
markers [95]. Consistently, recent studies reported that gemcitabine resistant cells, which had hENT-1
downregulation, were accompanied by an EMT phenotype. Additionally, these studies highlighted
that the EMT was triggered by TWIST and ZEB-1 transcription factors. By inhibiting TWIST and ZEB-1
the cells had an increased hENT-1 expression and reversed EMT phenotype, increasing gemcitabine
e"cacy [96,97]. These interesting results suggest that reversing cellular mechanical changes, i.e., EMT,
could at least in part contrast the phenomenon of gemcitabine resistance relying on hENT-1.

Lastly, mechanical signaling, that is signaling induced by or causing mechanical stress is also
involved in hENT-1 regulation. In lung cancer, hENT-1 together with ROCK1-Rho A—kinases involved
in actin organization, cell contractility and motility—are regulated by miR-26b. miR-26b mimic
indeed is responsible for downregulation of the aforementioned proteins, leading to reduced tumor
invasion and migration [98]. The exact mechanism behind hENT-1-ROCK interaction and whether
this is also valid in PDAC has yet to be confirmed. Nevertheless, since both hENT-1 and ROCK
are generally overexpressed in PDAC it is not a surprise that they are involved in the aggressive
behavior and chemoresistance of this tumor type. Moreover, experimental data showed that in
PDAC at least one mechanical signaling pathway is responsible for hENT-1 regulation. PSCs in the
tumor microenvironment are a source of cysteine-rich angiogenic inducer 61 (CYR61) and this is
due to upregulated TGF-! signaling, a pathway involved in mechanical signaling, ECM remodeling
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and motility. Hesler et al. reported that this high concentration of CYR61 a!ected PDAC cells by
downregulating hENT-1, therefore causing gemcitabine chemoresistance [99].

In conclusion, emerging evidence highlight the interaction of hENT-1 with tumor stroma and
mechanical signaling, yet more evidence has to be obtained to have potential new targets to overcome
pancreatic cancer progression and chemoresistance (Figure 4).

7. Discussion

The increasing use of a non-gemcitabine-based therapeutic option (FOLFIRINOX), both in the
palliative and adjuvant setting, should prompt further development of predictive biomarkers for
gemcitabine-based regimens. The validation of these biomarkers may indeed pave the road to the
selection of patients who are likely to receive a benefit from gemcitabine-based adjuvant chemotherapy,
and therefore has an immediate clinical relevance.

Remarkably, results obtained in several studies demonstrate that hENT-1 expression level is
predictive of gemcitabine benefit, but only when assessed with the 10D7G2 mouse clone. Nevertheless,
since this clone is not commercially available, this approach is not clinically-feasible and other strategies
for the evaluation of hENT-1 status should be investigated. The quantification of hENT-1 mRNA
levels could represent an alternative technique to IHC for the clinical evaluation of hENT-1 status
in PDAC patients. A predictive role for hENT-1 mRNA expression in the treatment of PDAC with
gemcitabine was previously reported in PDAC laser-microdissected specimens [42]. However, Ra!enne
and collaborators found that the threshold required to achieve statistical significance was higher with
qRT-PCR compared with IHC, probably because no laser-microdissection was performed, leading
to heavy microenvironment contamination and falsely decreased mRNA level [3]. In this regard,
future studies involving laser microdissection techniques and larger cohorts of patients are required to
validate the analysis of mRNA as a potential strategy for the clinical assessment of hENT-1 status.

Several additional factors are involved in cancer cell sensitivity to gemcitabine. For instance, the
expression level and activity of gemcitabine-activating enzymes such as deoxycytidine kinase (dCK),
and inactivating enzymes such as cytidine deaminase (CDA) and nucleotidase (NT5C1A/NT5C3) may
provide a rational explanation for the discrepancy between high hENT-1 level and the poor response
to gemcitabine-based chemotherapies [46]. In this regard, the study of more complex gemcitabine
sensitivity/resistant signatures using both preclinical models and clinical samples, as well as novel
technologies is warranted. For instance, a recent study on proteomics in gemcitabine resistant PANC1
cells and xenografts did not show a significant increase (p = 0.29) of hENT-1 expression in the resistant
cells, though the fold-change was 1.5, while revealing that proteins associated with gemcitabine
resistance are correlated with microtubule regulation [100]. Notably, this data provides an explanation
as to why the combination of gemcitabine with nab-paclitaxel is e!ective in PDAC patients. However,
hENT-1 is tra"cked to the plasma membrane in association with microtubules suggesting a potential
correlation with this system [101]. These findings are extremely interesting because another main
challenge for the use of hENT-1 as a clinical biomarker is its validation in patients undergoing treatments
with combination of gemcitabine and nab-paclitaxel and not only with gemcitabine monotherapy.

The role played by di!erent cancer cell subpopulations, such as CSCs, as well as non-cancerous cells
within the TME, in gemcitabine e"cacy represents another critical issue, requiring further elucidation.
Of note, recent studies showed that extracellular vesicles (EVs) can confer resistance to gemcitabine
by miR-155-mediated suppression of dCK, which catalyzes the rate-limiting reaction in gemcitabine
activation [102]. Future studies should investigate whether miRNAs a!ecting hENT-1 expression
could also be involved in the transfer of a resistant phenotype through EVs.

The reliability of a predictive biomarker is assessed through the analysis of sensitivity, specificity,
and positive and negative predictive values. However, these parameters need extensive validation
studies and quality assessment prior to approval and application in clinical setting. Therefore,
the expression levels of hENT-1 should be evaluated within trials testing therapeutic strategies/drugs
than can bypass hENT-1 mediated gemcitabine resistance. For instance, NUC-1031 (Acelarin®, NuCana,
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Edinburgh, UK), which is the first anti-cancer ProTide to enter the clinic, is a phosphoramidate
modification of gemcitabine designed to overcome several mechanisms a!ecting gemcitabine e"cacy.
According to pre-clinical data, the increased hydrophobicity of NUC-1031 allows it to enter the cells
bypassing the hENT-1 transporter [6], similarly to the previously tested lipid-drug conjugate CO-101
(CP-4126) [103,104]. However, the trials on CO-101 resulted in a disappointing failure in PDAC patients.
In particular, in a randomized prospective study in patients with untreated metastatic PDAC, CO-101
was not superior to gemcitabine in the low tumor hENT-1 (assessed with the SP120 antibody) and an
adverse e!ect profile similar to gemcitabine [5] was found, such as recently described for NUC-1031.
Of note, hENT-1 is not the only potential mechanism mediating the favorable e!ect of NUC-1031, since
this drug does not require the phosphorylation to difluorodeoxycytidine monophosphate (dFdCMP)
by dCK and it preserves higher concentrations of the active triphosphate metabolite (dFdCTP) than
gemcitabine at equimolar doses inside the tumor cells [6,105]. However, in the future trials on this
drug in PDAC patients, standardized IHC technique for the detection of hENT-1 would be essential to
overcome the criticisms about the previous CO-101 trial.

Several studies support the association between no or low hENT-1 expression in tumors and poor
response to gemcitabine in other cancers, including bladder, biliary tract, and lung cancers. Thus,
the validation of hENT-1 standardized IHC techniques would be useful also for other cancer types.
For instance, Matsumura and colleagues evaluated the predictive potential of hENT-1 expression
in patients with metastatic bladder cancer treated with gemcitabine-cisplatin-based combination
chemotherapy. The IHC results showed that hENT-1 was localized in the cytoplasm of bladder
tumor cells, and patients with high hENT-1 expression levels had a significantly longer median
survival (17.3 months) compared to patients with lower levels (11.6 months) [106]. Similar results
were observed by the IHC analysis of hENT-1 in a panel of patients with advanced Biliary Tract
Cancer (BTC). Moreover, this study suggested that hENT-1 mediates the intracellular transport not
only of gemcitabine but also of capecitabine, because a subpopulation of BTC patients treated with
these two drugs showed a correlation between hENT-1 and OS [107]. Finally, Oguri and colleagues
evaluated the hENT-1 expression in non-small cell lung cancer (NSCLC) patients who received
gemcitabine-containing chemotherapy, showing that the absence of hENT-1 expression may be useful
to predict resistance to gemcitabine-containing chemotherapy in NSCLC [108]. Of note this study
showed that the protein expression of hENT-1 in a panel of cell lines with acquired resistance to
di!erent drugs, including gemcitabine, cisplatin and paclitaxel, was similar to the expression levels in
their respective parental cells. These results suggest that hENT-1 is important in inherent resistance,
but does not have a role in acquired resistance. Moreover, this transporter might still be used as
potential predictive biomarker of gemcitabine e"cacy also after pretreatment with other drugs, such
as after neoadjuvant regimens, which are gaining momentum in the multidisciplinary treatment of
even potentially resectable PDAC [109].

8. Conclusions

In the present article, we explored the contradictory data related to the predictive value of
hENT-1 for gemcitabine activity in PDAC. We also considered the issues related to commercial
and not commercial antibodies for IHC and laser-microdissected specimens for PCR analysis.
Finally, we discussed the potential impact of di!erent biological mechanisms on hENT-1 regulation,
supporting the need of integrating additional (tissue and circulating) biomarkers and further
exploring the uncertainty regarding the clinical significance within larger prospective trials using
standardized methodologies.

The emergence of “omics” technologies (i.e., genomics, transcriptomics, proteomics,
and metabolomics) has encouraged the discovery of new biomarkers. However, the identification of
solid and reproducible molecular markers is amongst the biggest challenges in personalized cancer
medicine. Therefore, in the present article, we have also reported molecular mechanisms influencing
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the expression and activity of hENT-1, because we reckon that the integration of existing molecular
knowledge should help to adjust for clinical data heterogeneity and limitation.

Last but not least, as reported in the tale of Ali Baba, in order to discover the secret of the cave,
he was at right place at right time, suggesting that a relentless pursuit of the goals will lead to achieving
success. Thus, persistent and appropriate studies are needed in order to validate e!ective biomarkers
and will hopefully guide the selection of the best (sequence of) anticancer therapy in PDAC patients.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6694/12/11/3206/s1,
Table S1: Clinicopathological characteristics of PDAC patients evaluated for hENT-1 mRNA levels. Table S2:
List of MicroRNA Targeting hENT-1. Figure S1: Chemical structures of the drugs transported by nucleoside
transporters. Figure S2: Studies evaluating hENT-1 expression levels in pancreatic tumors and normal specimens.
Figure S3: Stromal and tumor makers for accurate dissection.
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Interrelationship between miRNA and splicing factors in pancreatic ductal 
adenocarcinoma
I Gede Putu Supadmanaba a,b*, Giulia Mantini a,c*, Ornella Randazzo a,d*, Mjriam Capulac,e, Ittai B. Mullerf, 
Stella Cascioferrod, Patrizia Dianad, Godefridus J. Peters a,g, and Elisa Giovannetti a,c
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Studies, Pisa, Italy; fDepartment of Clinical Chemistry, Amsterdam UMC, VU University Medical Center (VUMC), Amsterdam, The Netherlands; 
gDepartment of Biochemistry, Medical University of Gdansk, Poland

ABSTRACT
Pancreatic ductal adenocarcinoma (PDAC) is one of the most lethal cancers because of diagnosis 
at late stage and inherent/acquired chemoresistance. Recent advances in genomic profiling and 
biology of this disease have not yet been translated to a relevant improvement in terms of disease 
management and patient’s survival. However, new possibilities for treatment may emerge from 
studies on key epigenetic factors. Deregulation of microRNA (miRNA) dependent gene expression 
and mRNA splicing are epigenetic processes that modulate the protein repertoire at the transcrip-
tional level. These processes affect all aspects of PDAC pathogenesis and have great potential to 
unravel new therapeutic targets and/or biomarkers. Remarkably, several studies showed that they 
actually interact with each other in influencing PDAC progression. Some splicing factors directly 
interact with specific miRNAs and either facilitate or inhibit their expression, such as Rbfox2, which 
cleaves the well-known oncogenic miRNA miR-21. Conversely, miR-15a-5p and miR-25-3p signifi-
cantly downregulate the splicing factor hnRNPA1 which acts also as a tumour suppressor gene 
and is involved in processing of miR-18a, which in turn, is a negative regulator of KRAS expression. 
Therefore, this review describes the interaction between splicing and miRNA, as well as bioinfor-
matic tools to explore the effect of splicing modulation towards miRNA profiles, in order to exploit 
this interplay for the development of innovative treatments. Targeting aberrant splicing and 
deregulated miRNA, alone or in combination, may hopefully provide novel therapeutic 
approaches to fight the complex biology and the common treatment recalcitrance of PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one 
of the most lethal cancers worldwide [1,2]. 
Although its incidence and prevalence are lower 
than several other cancers, such as lung, head and 
neck, colorectal and breast cancer, the mortality 
rate almost matches the incidence rate [3]. 
Furthermore, early detection is difficult in PDAC 
because of the lack of accurate biomarkers [3,4]. 
Current biomarkers still have low sensitivity and 
specificity and, therefore, are not suitable as 
screening methods [5]. The problem becomes 
even more complicated as this type of cancer is 
hard to treat or to manage. PDAC has a rapid 

progression and only 20% of newly diagnosed 
patients are eligible for surgical resection, the 
most effective treatment option for this disease 
[1]. In addition, PDAC is highly resistant to any 
therapy upfront and tends also to rebound rapidly 
after first response/stabilization [3].

Recent studies provided new insights into the 
underlying mechanism of PDAC evolution, sug-
gesting that, in addition to the specific mutational 
load, including the concurrent mutations in KRAS, 
TP53, p16, and DPC4, and to the tumour and 
stromal heterogeneity, microRNAs (miRNAs) and 
splicing deregulation could be major players in 
directing tumorigenesis and tumour evolution 
[6–9].
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MiRNAs have been studied extensively and 
there is a wide array of functionally relevant 
miRNAs that play an important role in PDACs 
[7]. For instance, miR-21 has been implicated in 
carcinogenesis and tumour progression in many 
types of solid cancers, including PDAC [10,11]. It 
may be a strong biomarker for early detection, but 
lacks specificity as it is upregulated in many types 
of solid cancers and other diseases [12]. Another 
well-known miRNA in PDAC is miR-155 that is 
important for inflammation and metastatic pro-
cesses, while miR-121 and miR-21 contribute to 
chemoresistance [13].

Contrary to miRNA, splicing deregulation is 
a relatively new concept in cancer progression, 
especially in solid cancers [8]. The discovery of 
mutations in genes encoding splicing factors 
increased the interests in this topic, prompting 
several recent studies. Splicing deregulation due 
to mutation of splicing factors is especially impor-
tant in non-solid cancers, such as leukaemia, but 
their overexpression is widely observed also in 
solid cancers [14,15]. Despite a low mutational 
rate of splicing factor 3B subunit 1 (SF3B1) in 
mesothelioma, its overexpression is diffusely pre-
valent and significantly associated with increased 
malignant characteristics and patients survival 
[16]. In lung cancer, Serine and Arginine Rich 
Splicing Factor 2 (SRSF2) has been implicated in 
patient’s survival and tumour progression while 
Serine/arginine-rich splicing factor 7 (SRSF7) is 
highly expressed in chemoresistant colorectal can-
cer [17].

Although miRNA and splicing deregulation 
draw extensive interest among cancer scientists, 
the possibility of their interaction emerged only 
recently. Rodriguez-Aguayo et al. [18] showed 
that miR-15a-5p and miR-25-3p significantly 
downregulate tumour suppressor gene splicing 
factor hnRNPA1 which is a key player in the 
processing of miR-18a, the negative regulator of 
KRAS expression. On the other hand, splicing 
factors themselves could affect miRNA expression 
as shown by Chen et al., who reported a inhibition 
of miR-21 by Rbfox-2 [18]. These evidences indi-
cate that there could be a relationship between 
miRNA and gene splicing, which might influence 
different oncogenic processes and provide new 
crucial concepts to be exploited towards more 

efficient cancer treatments. Therefore, this review 
discusses this intricate relationship, with a focus 
on the basic concept of miRNA and splicing 
deregulation, and on how miRNA and splicing 
factors affect each other. Additionally, this review 
concludes with consideration on how to exploit 
this relationship for future strategies in PDAC 
management and treatment.

Biology of miRNA and its relevance in PDAC

By definition, a miRNA is a non-coding RNA 
which typically consists of 19–24 nucleotides with 
a pivotal role in post-transcriptional regulation [7]. 
MiRNAs were first discovered in Caenorhabditis 
elegans and thousands more have been identified 
in all kinds of organisms [19]. In humans, around 
2500 different miRNAs have been identified along 
with their sequence, transcript annotation, and 
their location within the genome [20]. MiRNAs 
biogenesis begins with their transcription by 
RNA polymerase II which generates long precur-
sors known as primary miRNA transcripts (pri- 
miRNAs) (Figure S1). This transcript has a wide 
variability in their length, but it typically ranges 
between 100 and 1000 base pairs. The pri-miRNAs 
are then processed by Drosha-DGCR8 ribonu-
clease complex in the nucleus, producing 70–100 
nucleotides long intermediate pre-miRNAs with 
hairpin shape. Then, this intermediate will be 
transported into the cytoplasm by Exportin-5 and 
RanGTP6 where it will further be processed by the 
endoribonuclease Dicer (also known as endoribo-
nuclease RNase III). Dicer cleaves the terminal 
loop and produces mature double stranded 19–24 
nts RNA. One strand of this mature miRNA will 
be degraded, while the other is incorporated into 
Argonaute heteromultimer protein to form highly 
specialized RNA Induced Silencing Complex 
(RISC) [21]. The seed sequence in miRNA leads 
to the complex towards target mRNA by means of 
RNA-RNA base pairing. The target mRNAs can 
either be degraded or translationally repressed, 
which depends on whether the seed sequence 
matches the target sequence within the mRNA. 
Complete base pairing between the seed sequences 
and target mRNAs usually leads to degradation of 
mRNA while incomplete pairing results in transla-
tional suppression [22]. However, this 

2 I. G. P. SUPADMANABA ET AL.
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phenomenon also underlies the reason why 
miRNA is so versatile. It has been shown that 
a single miRNA can indeed control mRNAs from 
several genes, while a single mRNA can be targeted 
by several different miRNAs [23]. In addition, it is 
estimated that 60% of all genes are controlled by 
miRNAs which further underscores their impor-
tance in the control of gene expression [24]. 
MiRNAs are also involved in important cellular 
processes, such as cell proliferation, metabolism, 
differentiation, apoptosis, and cell signalling[25].

Extensive studies on miRNA gave insight in its 
important role in many types of cancer, including 
PDAC. Cancer cells are known to have aberrant 
miRNA expression: where tumour suppressors’ 
miRNAs are often downregulated, miRNAs pro-
moting carcinogenesis or tumour progression is 
usually over-expressed [25]. This deregulation 
often leads to aberrant cellular processes, such as 
uncontrolled mitosis, apoptosis, drug resistance, 
invasion, metastasis and angiogenesis [7,13,14,25].

The first evidence of miRNA dysregulation in 
PDAC was reported by Poy et al. [26] through 
a profiling study using mouse pancreas. Follow- 
up studies using different types of samples con-
firmed the initial finding that PDAC has a specific 
miRNA expression profile [17,27,28]. In particular, 
a study comparing PDAC tissue with adjacent 
normal pancreatic tissue reported a total of 158 
miRNAs differentially expressed [29]. Fifty-one 
miRNAs were upregulated including miR-196, 
miR-200a, miR-21, and miR-27a, while 107 
miRNAs were downregulated, with miR-96, miR- 
200, and miR-217 being the most significant [29].

In Table 1 we report an overview of the clinical 
evidence on miRNA deregulation in PDAC as well as 
the most interesting preclinical findings on candidate 
miRNAs emerging from these studies. Schultz and 
colleagues [28] reported that 43 miRNAs were upregu-
lated while 41 were downregulated when comparing 
paraffin-embedded PDAC tissue samples with normal 
ones. The expression of key miRNAs was also different 
between resectable and non-resectable PDAC patients 
as reported by Calatayud et al. [30]. Around 22 
miRNAs were differentially expressed with miR-64, 
miR-136, miR-196, miR-492, and miR-622 being the 
most significant. A separate study by Papaconstantinou 
et al. showed a different but also some consistent results 
[31]; miR-21, miR-155, miR-205, miR-221, and miR- 

222 were consistently overexpressed while miR-31, 
miR-122, miR-146, and miR-375 were downregulated 
in PDAC samples. Preclinical and functional analysis 
showed that miR-21 and miR-155 are the only two 
miRNAs that were consistently overexpressed and 
linked to cancer progression [17]. However, several 
profiling studies showed consistent overexpression of 
miR-21, miR-155, and miR-221, while miR-34 and 
miR-145 were downregulated [32]. Remarkably, miR- 
21 and miR-155 obtained from pancreatic tissue could 
differentiate malignant from benign lesions with high 
accuracy [33] and have both been proven to be able to 
differentiate between pancreatic intra-epithelial neo-
plasia (PanIN) with normal pancreatic [34,35]. 
Clinically, miRNAs have been assessed to differentiate 
benign and malignant lesions, determining the stage of 
PDAC, as a biomarker for metastasis, and to predict the 
therapeutic outcome, as illustrated in Figure 1. The 
potential role of specific miRNA in early diagnostics 
is particularly important in PDAC since screening 
modalities are very limited and the disease tends to be 
diagnosed in advanced stage which has a high risk of 
metastasis and low therapeutic response [3]. 
Furthermore, miR-155 is increasingly expressed as 
early as PanIN-1 while miR-21 is beginning to be 
abundant in PanIN-2 and !3, suggesting that miR-21 
is more suitable for advanced disease marker. Another 
microRNA that has increased expression in advanced 
PanIN (PanIN-3) is miR-196b while the expressions of 
miR-133, miR-185, miR-200 c, and miR-34 c are higher 
in low-grade neoplasia [36].

The expression levels of miR-21 and miR-155 
were also up-regulated also in invasive intraductal 
papillary mucinous neoplasms (IPMNs) of the 
pancreas, compared to non-invasive IPMNs, as 
well as in non-invasive IPMNs compared with 
normal tissues. Conversely, miR-101 levels were 
significantly higher in non-invasive IPMNs and 
normal tissues compared with invasive IPMNs. 
Furthermore, miR-21 emerged as an independent 
prognostic biomarker in invasive IPMNs [37].

The information on circulating miRNAs in preneo-
plastic lesions is limited while circulating miR-10b, 
miR-20a, miR-21, miR-24, miR-25, miR-99a, miR- 
100b, miR-155, miR-185, and miR-191 showed 
a high accuracy in differentiating PDAC with pancrea-
titis and normal pancreas. Regarding metastasis, both 
miR-21 and miR-155 have been proven to actively play 
important role in inducing cell migration and 
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metastasis [38]. However, other microRNA, such as 
miR-10b, miR-200b, and miR-200 c, miR-218, miR- 
194, and miR-429 are also emerging biomarkers for 
metastasis in PDAC [39]. In blood, only miR-221 and 
miR-18a had been evaluated to be significantly asso-
ciated with metastasis [40,41]. Unsurprisingly, all of the 
aforementioned miRNAs are also associated with 
patient’s prognosis. The tissue expression of miR-10, 
miR-21, miR-155, miR-let-7 family, and miR-216 are 
known to predict an unfavourable prognosis, while 
expression of miR-34 and miR-200 family correlated 
with a better prognosis. For circulating miRNAs, only 
miR-21 and miR-221-3p have been consistently pro-
ven as indicators of poor prognosis. Despite the 
urgency in detecting metastasis in pancreatic cancer, 
there are only limited number of studies regarding the 
predictive value of microRNA in metastasis which 
limit their clinical validation and application.

MiR-21 in combination with miR-23a and miR- 
27a was also associated with more malignant 
PDAC phenotype and shorter overall survival 
after tumour resection [42]. In addition, expres-
sion of miR-21 determines PDAC response against 
gemcitabine with a lower expression correlating 
with better treatment outcome [43–45]. However, 
tumoural miR-21 overexpression emerged in 
a pooled meta-analysis assessing miRNAs as prog-
nostic biomarkers in PDAC, independent of other 
clinicopathologic factors, including adjuvant che-
motherapy use [44].

Differential expression of miRNA is not only 
observed in tissue samples but also in blood. For 
instance, miR-18a, miR-21, miR-22, miR-24, miR- 
25, miR-27a, miR-155, miR-185, miR-191, miR- 
196a, miR-642b and miR-885-5p were significantly 
upregulated in PDAC patients’ blood plasma 

Figure 1. Clinical role of miRNAs in early PDAC detection, diagnosis, metastatic prediction, survival and treatment monitoring. The 
scheme shows different miRNAs, tissue and blood-derived, which could serve as biomarkers for discriminating the different stages of 
the disease, as well as for early diagnosis and metastasis prediction. Furthermore, some miRNAs could be associated with prognosis 
and monitoring of PDAC patients.
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[17,41]. Most importantly, blood-based miRNA 
profiling not only helps to differentiate PDAC 
patients from healthy individuals but also from 
other conditions that usually are considered as 
differential diagnosis such as acute or chronic 
pancreatitis and benign pancreatic tumours[32]. 
Another recent study showed that miR-486-5p 
and miR-938 could differentiate patients with 
PDAC from those who were healthy or had pan-
creatitis [46]. Additionally, circulating miRNAs 
can also be used as therapeutic biomarker. For 
example, downregulation of miR-181a-5p after 
FOLFIRINOX therapy correlates with better survi-
val in PDAC but not in those who were treated 
with nab-paclitaxel and gemcitabine [47].

MiRNA dysregulation drives tumorigenesis 
through a close link with cellular signalling and meta-
bolism. Several studies demonstrated that miR-21 
enhanced PI3K/AKT and MAPK/ERK signalling 
that promote cell proliferation [48–50]. MiR-21 also 
suppresses the expression of phosphatase and tensin 
homolog (PTEN) and programmed cell death protein 
4 (PDCD4) which facilitate cellular invasion induced 
by TGF-! signalling [51,52]. MiR-21 is also known to 
activate pancreatic stellate cells and cancer associated 
fibroblasts (CAF) to actively produce extracellular 
matrix proteins which contribute to its dense stroma 
[53,54]. On the other hand, miR-155 suppresses sup-
pressor of cytokine signalling 1 (SOCS1) and MLH1 
expression within cancer cells and enhance cancer 
invasion [55,56]. MiR-155 knock down is known to 
reduce membrane-type 1 matrix metalloproteinase 
(MT1-MMP), EGFR, and K-Ras expression in 
PDAC cell lines which led to lower proliferation 
rates and colony formation [57]. The functionality of 
other miRNAs has also been studied but seems less 
clear compared to miR-21 and miR-155.

Splicing factors and alternative splicing in 
PDAC

During malignant transformation, cancer cells 
experience aberrant splicing processes which result 
from mutations at the splice sites, mutations of 
splicing factors, and/or over/under expression of 
certain splicing factors [14]. Splicing deregulation 
could suppress protein expression by directing the 
inappropriately spliced mRNAs towards non-sense 
mediated decay or producing more active splice 

variants of oncogenic proteins [8,9,14]. The clin-
ical application and implication of this process 
have also been studied both as therapeutic targets 
and biomarkers [8,15,58] and only recently 
received attention in PDAC.

Normal splicing is a post-transcriptional process 
where the introns are removed from primary tran-
scripts, leaving only exons in the final transcript 
[14] (Figure 2a). In alternative splicing, exons can 
also be removed and different transcripts can be 
produced from a single gene [8]. RNA splicing 
occurs in the nucleus and is facilitated by splicing 
factors (SFs) which will assemble themselves in 
a sequential manner during the splicing process. 
The typical process is initiated by binding of 
a small nuclear ribonucleoprotein (snRNPs) to 
the primary transcript. Initially, U1 snRNP binds 
to the 5’ splice site (5’SS) while U2 snRNP binds to 
a branch point at the other end of the intron. U1 
and U2 then attract more snRNPs (U5, U4/U6) 
which then form a complete spliceosome and bend 
the intronic section, forming a lariat-like structure 
in which the 5’ side of the intron is ligated to the 
branch point. Then, U4 is removed while the 5’SS 
site is hydrolysed [15]. In this process, the two 
extremities of the exons are held together by the 
spliceosome complex. Consecutively, the 3’SS is 
cut and the two exons are ligated, forming the 
final transcript that will be transported to the 
cytoplasm for translation [8,15,58].

Splicing is regulated by a wide array of splicing 
factors which bind to specific sites in primary 
transcripts [15,59]. The binding sites of those fac-
tors can be located in an exon or intron and can 
induce or repress the splicing process. The most 
important splicing factors and their binding sites 
are presented in Figure 2b. Splicing factors act 
early in the splicing process, facilitating snRNPs 
binding to primary transcripts [59]. Typically, 
SRSF2 binds the exonic splicing enhancer in 
exons flanking the intron and facilitate U1 and 
U2 binding. It connects to U1 by 70 K linker 
protein while its interaction with U2 is much 
more complex. It interacts with the U2 Small 
Nuclear RNA Auxiliary Factors U2AF1 and 
U2AF2, as well as with Zinc Finger CCCH-Type, 
RNA Binding Motif and Serine/Arginine Rich 2 
(ZRSR2) and RNA-binding motif 10 (RBM10) in 
facilitating U2 binding. Additionally, SF3B1 
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facilitates U2 binding by interacting with a branch 
point site [15]. After U1 and U4 dissociate from 
spliceosome, all of the splicing factors are also 
dissociated except SF3B1 which firmly binds to 
U2 and SRSF262.

RNA splicing and alternative splicing are crucial 
steps in protein expression and the isoforms of the 
proteins that are expressed by a certain gene are 
determined by these processes [8]. In cancer, these 
processes can be altered and this alteration can 
drive carcinogenesis [60]. In fact, in many types 
of cancer, splicing factors are either mutated or 
overexpressed, which strongly indicates an aber-
rant splicing process in cancer [8,15].

Mutations in splicing factors have been identi-
fied in several types of cancer as the driving force 
of carcinogenesis, most notably in haematologic 
cancers. SF mutations are detected in 78% of 
refractory anaemia with ringed sideroblasts and 
60% of chronic myelomonocytic leukaemia 

(CMML) while it only happens in less than 5%
in pancreatic, lung, breast, and head and neck
cancer [15]. However, despite a lower mutational
frequency, several SFs are over/under expressed in
solid cancer including PDACs [8,14]. For example,
SF3B1 and heterogeneous nuclear ribonucleopro-
tein K (HNRNPK) are consistently overexpressed
in PDAC and are linked to an unfavourable prog-
nosis [61–64]. Several important SFs in PDAC and
their functions are summarized in Table 2.

Of note, in PDAC, SF3B1 and U2AF1 are the 
only known SFs with mutations and occur at 
a very low frequency [15,65]. However, these 
mutations are interesting because they can be tar-
geted and induce synthetic lethality [66]. 
Furthermore, it appeared that PDAC relies on 
the normal form of SFB31, U2AF1, and RBM10 
since patients with these mutations tend to have 
better prognosis compared to the wild types 
[9,14,15].

Figure 2. The mechanism of splicing mediated by splicing factors. The splicing is initiated by binding of U1 at 5’SS and U2 at 3’SS, 
bending the intron segment. Both SFs (U1 and U2) then recruit another SF which induced loop formation, cleaved the intron 
segment and ligated the exons [14,15]. Splicing is regulated by splicing factors which bind the primary transcript at several 
regulatory sites. Several essential regulatory sites and splicing factors are presented in the right part. SRSF2 is particularly important 
in initiating splicing by facilitating U1 and U2 binding to the primary transcript while SF3B1 mediates U2 binding to BPS. After U1 
and U4 detached from spliceosome, only SRSF2 and SF3B1 remain in the complex while the other SFs detached [59]. ESE: Exonic 
splicing enhancer; ESS: Exonic splicing suppressor; ISE and ISS: Intronic splicing enhancer/suppressor; 5’SS and 3’SS: 5’ or 3’ splice 
site; BPS: Branch point site; Py-tract: Polypyrimidine-tract.
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A more frequent form of splicing deregulation 
in PDAC consists in the overexpression of SFs 
[8]. Several SFs are upregulated in PDAC such 
as SF3B1, SRSF1, SRSF6, hnRNPK, 
Heterogeneous Nuclear Ribonucleoprotein A1 
(hnRNPA1), and Polypyrimidine Tract Binding 
Protein 1 (PTBP1), while Rbfox2 tends to be 
downregulated . These splicing factors are 
thought to mediate many of PDACs unique char-
acteristics, such as dense stromal, low immuno-
genicity, immune avoidance, as well as early 
metastasis, and invasion [9,64,65]. The pivotal 
role of splicing deregulation in PDAC was 
described by Wang et al. [8,58,59,61,64–66] who 
compared alternative splicing in PDAC to normal 
pancreatic tissue through Affymetrix exon array. 

Alternative splicing tends to occur in genes 
encoding extracellular matrix (ECM), ECM- 
receptor interaction, and focal adhesion protein. 
In addition, pyruvate kinase and acyl-CoA 
synthetase long-chain family member 5 (ACSL5) 
were also present, which suggests that alternative 
splicing may have an impact on tumour 
metabolism.

Splicing deregulation drives pancreatic carcino-
genesis by shifting the expression of pivotal onco-
gene and tumour suppressor proteins [5,8,14]. 
A clear example is the shifting of RON isoform 
expression of the tyrosine kinase receptor recep-
teur d’origine nantais (RON) [67,68]. Normally, 
RON has a low expression in normal pancreatic 
epithelial cells, but its expression increases gradu-
ally from low to high grade pancreatic intra- 
epithelial neoplasia [68]. In PDAC, it is expressed 
in 69–96% of cases [68]. However, it is not only its 
higher expression that makes RON so important 
in PDAC; RON has indeed also several splicing 
alterations which lack exon 10, 11, or have 5 + 6 
exon skipping [67]. These isoforms are constitu-
tively active and, therefore, have more oncogenic 
potential compared to native isoform [67].

Another example is Pyruvate Kinase M2 (PKM2) 
whose expression has been observed in almost all 
types of tumours [69]. Normally, pancreatic epithe-
lial cells express PKM1 instead of embryonic PKM2. 
This shift is mediated by PTBP1 which is also over-
expressed in PDAC [70]. PTBP1 associates directly 
to intron 8 of PKM mRNA and induces alternative 
splicing. Therefore, the higher expression of PKM2 
facilitates an oncogenic glycolytic metabolism and 
increases cancer cell resistance towards genotoxic 
drugs. This effect was confirmed by a knock-down 
study where PDAC cell lines with suppressed expres-
sion of PTBP1 or PKM2 are much more sensitive to 
Gemcitabine.

Deregulated splicing factors in PDAC and 
their interaction with miRNA expression

Several important splicing factor aberrations have 
been identified in PDACs and, most recently, their 
association with miRNA expression has been 
described in different cancer types. Although 
many known splicing factors are deregulated in 
cancer, PDAC is relatively unexplored and tends 

Table 2. Splicing factors in PDAC and their biological and 
clinical effects in preclinical studies.

Splicing 
Factors Biological and Clinical Significance Reference

Upregulated in PDAC [76,80]

Upregulated by Myc [76,80]

SRSF1 Promote resistance to gemcitabine [76]

Promote oncogenic splice variant of Bcl- 
xs, !RON and MCL-1s alternative splicing 
preferring their oncogenic variant

[77–79]

SRSF6 Increased proliferation and cellular 
transformation

[72]

Prognostic factor for PDAC [75]

SF3B1 Overexpression is associated with poor 
prognosis 
Mutated in 4% PDAC with mutation 
associated with better survival

[15,79 

][65]

Important in branch point regulation 
and alters the splicing process of several 
oncogenes and tumour suppressor 
genes

[8,14]

Often downregulated as its control 
cellular proliferation

[97]

Rbfox2 Moderate upregulation in cancer tissue 
increased invasive potential

[98]

May specify the mesenchymal tissue- 
specific splicing profiles both in normal 
and in cancer tissues

[8]

Superfamily of RNA-binding proteins [8]

HnRNPs hnRNPA2B1 and hnRNPA1 altered Bcl-x 
alternative splicing and facilitate KRAS 
expression

[8,112]

Higher expression associated with poor 
survival

[8]

HnRNPK Wide range of effect including alteration 
in alternative splicing, gene transcription 
and RNA stability

[8,59,63,106,108,113]

Altered PKM expression by favouring 
PKM2 and induces a Warburg effect

[70,124]

PTBP1 Upregulation of PTBP1 after chronic 
exposure to gemcitabine, conferring 
resistance against the drug

[70]
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to be limited to SF3B1. Overall, there are four 
splicing factors which have been studied in more 
detail and which will be discussed in detail.

SRSF6

SRSF6 is one of the most important splicing fac-
tors in PDAC and is often upregulated but not 
mutated [8,71]. SRSF6 is classified as an oncogenic 
splicing factor since it enhances cellular prolifera-
tion. Jensen et al. [72] reported that SRSF6 over-
expression induces excessive keratinocyte 
hyperplasia in sensitized skin. Cohen-Eliav et al. 
[73] reported that SRSF6 overexpression increased
proliferation rate of immortalized lung epithelial
cells, transforming these into malignant cells. In
addition, the human protein atlas considers SRSF6
as a potential prognostic marker in renal cancer,
liver cancer, and PDAC [74]. Interestingly, and in
contrast with the other two above-mentioned can-
cers, lower SRSF6 expression is correlated with
poor prognosis in PDAC.

Keeping with these findings, Li et al. [75] 
showed that miR-193a-5p downregulates SRSF6, 
increasing the metastatic potential of PDAC cell 
lines. Apparently, SRSF6 downregulation was ben-
eficial for cancer cells because it enhanced the 
invasive properties through the alteration of oxo-
glutarate dehydrogenase-like and ECM1 protein 
by alternative splicing. Thus, SRSF6 has a dual, 
apparently contradictive function since high 
expression of SRSF6 induces PDAC while 
a downregulation promotes tumour invasiveness. 
SRSF6 downregulation probably occurs late in the 
PDAC evolution, whereas at an early stage of 
carcinogenesis SRSF6 upregulation is preferred 
due to its beneficial effect on promoting cellular 
proliferation and survival. However, further stu-
dies in primary cells as well as in patient samples 
are needed to confirm this hypothesis.

SRSF1

SRSF1 is a well-characterized SR protein in cancer 
and one of SR proteins that is overexpressed in 
different cancers, including PDAC [8,59,71]. 
SRSF1 is a versatile protein, promoting carcino-
genesis through several important mechanisms 
including increased proliferation rate and 

apoptosis resistance [76]. Furthermore, SRSF1 is 
a known splicing factor that influences the expres-
sion of Bcl-x, RON and MCL-1 isoform expres-
sion, changing their anti-apoptotic to pro-mitotic 
variants in cancer [77–79]. High expression of 
SRSF1 is induced by the Myc oncogene which is 
commonly upregulated in many cancers including 
PDAC [80].

Interestingly, besides its role in processing 
mRNA splicing, SRSF1 facilitates miRNA proces-
sing. SRSF1 is indeed involved in the final cleaving 
process mediated by Drosha, serving as an auxili-
ary factor [81]. The miR-7 family depends on 
SRSF1 for its maturation. However, miR-7 itself 
would suppress the expression of SRSF1, forming 
a negative feedback loop. Other miRNAs that 
depend on SRSF1 include miR-221, miR-222 and 
miR-17-9286[82]. MiR-221/222 contribute to the 
progression of PDAC by increasing the expression 
of MMP-2 and MMP-9, increasing stromal remo-
delling and the invasive properties of the cancer 
cells [83]. For miR-17-92 which consists of four 
members, namely miR-17, miR-18, miR-19, and 
miR-92, an oncogenic effect was shown [84–87]. 
In PDAC, miR-19 actually promoted invadopodia 
and increased the invasiveness [88]. Therefore, it is 
important to further investigate the interaction 
between SRSF1 with miR-7, miR-221/222, and 
miR-17-92 to better understand the feedback 
loops that exist among them and also to assess 
why their overexpression favour carcinogenesis 
instead of tumour suppression.

SF3B1

SF3B1 is a well-known protein with a key role in 
PDAC [8,14,15]. It has the highest mutation rate 
among splicing factors and is also often overex-
pressed in PDAC [15]. Furthermore, this is one of 
the only three splicing factors that can be inhibited 
by small-molecule inhibitors so far, making its 
therapeutic potential higher than other SFs [89].

However, despite the wealth of information 
regarding the biological role of SF3B1 and its 
modulation, its relationship with miRNA is poorly 
understood. Their association has only been stu-
died by Aslan et al. [90] in myelodisplastic syn-
drome in which they reported that the SF3B1 
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mutation was associated with global downregula-
tion of tumour suppressor miRNAs from the let-7 
family, especially miR-103a and miR-423. 
However, the mechanism of downregulation was 
not evaluated and there is still the possibility that 
this downregulation is not directly related to 
a SF3B1 mutation but might relate to other signal-
ling aberrations.

Pianigiani et al. [91] demonstrated that there is 
a relationship between SF3B1 and splice site over-
lapping miRNAs (SO-miRNA). The precursors of 
these miRNAs are generated on the intron-exon 
junctions, from which the name ‘splice-site’ 
belongs. SF3B1 knockdown did not affect SO- 
miRNAs in HeLa and HaCAT cells, but increased 
the level of 52 SO-miRNA including miR-636, 
miR-6510-5p, miR-3614-3p, miR-3655, miR-3656, 
miR-4260, miR-5187-3p, miR-7109-5p, and miR- 
8069. Some of these miRNAs are classified as 
tumour suppressors [92–95]. However, these in- 
vitro results cannot be generalized to PDAC and 
gene silencing using siRNA is different than pro-
tein inhibition by a small molecule because there 
might be a different active site involved in miRNA 
processing than the inhibited site. Nevertheless, 
this finding suggests that SF3B1 modulation 
could have an additional beneficial effect by 
enhancing tumour suppressor miRNA expression. 
In addition, when these miRNAs are secreted to 
the extracellular compartment, they could also 
serve as biomarker for therapeutic monitoring.

Rbfox2

The RNA-binding Fox (Rbfox) proteins (Rbfox1, 
Rbfox2 and Rbfox3) constitute an important class 
of regulators of alternative splicing, and Rbfox2 
(RBM9) can influence small and non-coding 
RNA in PDAC [8,59,96]. This RNA-binding pro-
tein is highly conserved in mammals [97], and it is 
different from Rbfox1 and Rbfox3, whose expres-
sion is limited to neuron and muscle cells. Rbfox2 
is indeed widely expressed, especially in stem cells, 
haematopoietic stem cells, and embryos, where it 
regulates cellular proliferation [8]. In PDAC, 
Rbfox2 is downregulated, similar to other types 
of cancer [96]. These findings seem controversial 
because Rbfox2 is essential for cancer cell invasion, 
and the level of Rbfox2 increased moderately after 

the induction of EMT [98]. However, the same 
study showed that after the initial induction the 
levels of Rbfox2 were decreased. Notably, Rbfox2 
is also subject to regulation by other proteins, and 
this might also momentary increase its expression 
[99]. Moreover, this mechanism might enable can-
cer cells to exploit the EMT promoting ability 
while evading excessive tumour suppressing effect 
by Rbfox2.

Rbfox2 is known to upregulate tumour suppres-
sor miRNA, such as miR-20b and miR-107 while 
cleaving the oncomiR-21 [18–100]. The regulation 
of miRNA expression by Rbfox2 is mediated by 
direct binding to cognate sequences in miRNA or 
indirectly affects miRNA expression by altering 
Dicer expression. Of note, mutations in the 
DICER gene as well as in other components of 
the miRNA biogenesis pathway are not commonly 
detected in PDAC, and miRNA upregulation is 
more common than downregulation [100–102]. 
Additionally, several studies showed that miRNAs 
are broadly required for the development and 
maintenance of pancreatic cell lineages and play 
a role in carcinogenesis [103–105]. These findings 
suggest that miRNAs play a pivotal role in pan-
creatic tumorigenesis, and that loss of function 
mutations in the miRNA processing machinery 
are selected against during tumour evolution, but 
the impact of Dicer in later stages of pancreatic 
tumorigenesis or progression remains limited.

HnRNPs

Heterogeneous nuclear ribonucleoproteins 
(HnRNPs) are essential members of the RNA- 
binding proteins (RBPs) that act as regulators of 
alternative splicing, particularly, in linking the pri-
mary transcript with splicing machinery [106]. 
Several of its family members have been studied 
in relation to their role in carcinogenesis [106– 
108]. In PDAC, HnRNPA2B1 and HnRNPA1 are 
known for their role in tumour progression by 
shifting the Bcl-x isoform expression and facilitat-
ing KRAS expression, respectively [18,109]. In 
addition, HnRNPs are prognostic factors in 
PDAC with a higher expression associated with 
significantly shorter survival [108].

While there is no direct evidence of HnRNP 
and miRNA interaction in PDAC, their 
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interaction has been identified in ovarian cancer. 
Aguayo et al. [18] reported that HnRNPA1 sup-
presses miR-18a expression in docetaxel-resistant 
ovarian cancer cell lines. MiR-18a normally sup-
presses KRAS expression, but its downregulation 
enhanced KRAS expression and facilitated resis-
tance to docetaxel [110,111]. MiR-18a has also 
been investigated in PDAC and elicited the same 
effect towards KRAS [112]. HnRNPA1 expres-
sion was also suppressed by miR-15a-5p and 
miR-25-3p [18]. These two miRNAs are also 
known as tumour suppressor miRNAs in 
PDAC [7]. Therefore, the same molecular 
mechanism might exist in PDAC, and inhibiting 
or blocking HnRNPs could be explored as a new 
way to fight chemoresistance in this disease.

Another member of HnRNPs that was recently 
investigated regarding its role in PDAC is HnRNPK 
[6,8,14,106]. Much of the biology of HnRNPKs is still 
under investigation because these proteins are not only 
involved in RNA splicing but also in DNA transcrip-
tion and RNA stability [113]. They are also responsible 
for the downregulation of some tumour suppressor 
genes in PDAC [63,64]. Remarkably, HnRNPKs inter-
act with miR-223, an oncomiR that enhances cell pro-
liferation and migration [63]. These effects have been 
attributed to downregulation to miR-223 targets 
FBXW7 and PDS5B, two tumour suppressor proteins 
which inhibit cellular migration and induce apoptosis 
[63,114]. A similar finding on the importance of miR- 
223 was also found in pancreatic cancer cells when 
using the naturally occurring isoflavonic phytoestrogen 
genistein that inhibited miR-223 expression which in 
turn enhanced FBXW7 expression [115]. These effects 
resulted in inhibition of cell growth and induction of 
apoptosis.

PTBP1

PTBP1 has been investigated for its role in PDAC 
metabolism [70,108]. The expression of PTBP1 
was increased in two Gemcitabine resistant 
PDAC cell lines (PANC-1 and Pt45P1) where it 
modulated alternative splicing alteration of PKM, 
resulting in overexpression of the cancer-related 
PKM2 isoform, whose high expression also corre-
lated with worse prognosis in PDAC patients [70]. 
PTBP1 is also considered a prognostic factor and 

a potential therapeutic target due to its role in 
enhancing PDAC metabolism [108].

The only proven miRNA that directly interacts 
with PTBP1 in PDAC is miR-124, which directly 
downregulates PTBP1 mRNA and shifts PKM iso-
form expression from PKM2 to PKM1. The 
importance of miR-124 and PTBP1 interaction 
was shown by ectopic expression of miR-124 or 
administration of PTBP1 siRNA which increased 
sensitivity to gemcitabine and relieved autophagy 
in gemcitabine resistant PDAC cell lines [116]. 
However, in PDAC, miR-124 is mostly downregu-
lated which facilitates increased PTBP1 expression, 
favouring Warburg effect [117,118]. In neural dif-
ferentiation, Yeom et al. [119] observed that 
PTBP1 could repress miR-124 maturation by 
directly binding to pri-miR-124 and blocked tran-
script cleavage by DROSHA. Therefore, we can 
assume that a low expression of miR-124 could 
also result from increased expression of PTBP1 
and this potential feedback loop adds to the com-
plexity of splicing factors-miRNA interaction in 
cancer.

Another miRNA known to interact with PTBP1 
is miR-133b [119]. Although there are no data 
regarding their interaction in PDAC, miR-133b is 
downregulated in PDAC and has been considered 
as a tumour suppressor miRNA based on findings 
in other cancer types [120–123]. In colorectal can-
cer, miR-133b silenced PTBP1 expression and 
inhibited the Warburg effect by promoting the 
expression of the PKM1 isoform [124]. Due to its 
low expression in PDAC, miR-133b could also 
exert a similar effect in PDAC. Despite the limited 
direct evidence, there is a strong indication of 
interaction between splicing deregulation and 
miRNA in PDAC. A summary of relevant splicing 
factors and the miRNAs that interact with each 
other as well as their main biological effects is 
presented in Table 3. Remarkably, further studies 
exploring this field of research are now extremely 
timely since splicing inhibitors are becoming avail-
able as novel anticancer drugs and could offer 
a new therapeutic strategy for PDAC.

5 miRNA profiling methods

Accurate detection and quantification of miRNAs 
represent a major challenge due to the small size of 
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miRNAs (approximately 22 nucleotides), the high 
sequence homology among members of the same 
family and the low abundance in biofluids. 
Currently, miRNAs profiling is a growing field of 
study, although conventional methods for detect-
ing miRNAs still remain the gold-standards used 
to confirm the results of new detection techni-
ques [125].

Northern blot is a widely used historical method 
to measure the expression of miRNAs ranging 
from the primitive miRNA to the mature form. It 
is based on molecular hybridization and gel elec-
trophoresis and is able to simultaneously deter-
mine the size of miRNAs. However, Northern 
blot has several disadvantages: it is a time- 
consuming technique, requires large amounts of 

samples and reagents, with low sensitivity (pM- 
nM range) and low throughput [126].

Current miRNA detection strategies include 
reverse transcription-quantitative polymerase 
chain reaction (RT-qPCR), which is so far the 
undeniably gold-standard method for routine test-
ing, especially for diagnostic purposes. It is com-
monly used to detect miRNAs at any stage of 
maturation, but does not allow the identification 
of new miRNAs. RT-qPCR is less time-consuming 
technique than Northern blotting and displays 
higher sensitivity, specificity and reproducibility 
than Northern blot. In addition, it converts small 
miRNA sequences into longer sequences by add-
ing a poly(A) tail (poly(A)-tailed RT-qPCR) or 
a stem-loop structure (stem-loop RT-qPCR) 

Table 3. Relevant splicing factors and miRNAs affecting key aggressive biological features of PDAC in preclinical studies.
Main 
Effect

Splicing 
Factor Associated miRNA Interaction Biological Impact Reference

PROLIFERATION
SF3B1 miR-636, miR-6510-5p, miR-3614-3p, 

miR-3655, miR-3656, miR-4260, miR- 
5187-3p, miR-7109-5p, miR-8069, miR- 
155-3p, miR-148a-3p, miR-98-5p, and 
miR-21-3p

Upregulation miR-636, miR-6510- 
5p, miR-3614-3p, miR-3655, miR- 
3656, miR-4260, miR-5187-3p, 
miR-7109-5p, and miR-8069 
Downregulation miR-155-3p, miR- 
148a-3p, miR-98-5p, and miR-21- 
3p

Decreased cellular proliferation 
Enhanced keratinocyte differentiation

[43,91]

HnRNPs miR-18a, miR-15a-5p, miR-25-3p Downregulation of miR-18a by 
HnRNPA1 
Suppression of HnRNPA1 by miR- 
15a-5p and miR-25-3p

Increased KRAS activation resulted 
from miR-18a downregulation

[18]

miR-223 Increased expression of miR-223 
by HnRNPK

Increased cancer cell proliferation by 
FBXW7 and PDS5B suppression

[63]

EPITHELIAL-TO-MESENCHYMAL TRANSITION AND METASTASIS
SRSF1 miR-7 family, miR-17, miR-18 Facilitate miR-7 family 

biosynthesis 
Increased miR-221/222 expression

Increased invasion and metastasis 
through MMP-2 and !9 upregulation

[81,83]

SRSF1 miR-19, miR-92 Facilitate miR-17-92 family 
biosynthesis

Increased invasion and metastasis 
through MMP-2 and !9 upregulation

[82,83]

SRSF6 miR-193a-5p SRSF6 downregulation by miR- 
193a-5p

Facilitate metastasis by alteration in 
oxoglutarate dehydrogenase-like 
(OGDHL) and extracellular matrix 
protein 1 (ECM1) alternative splicing

[75]

Rbfox2 miR-20b, miR-21 Upregulation of miR-20b 
Suppressing miR-21 expression

Considered as anti-cancer splicing 
factors; suppressing cellular 
proliferation at normal tissue

[180]

miR-107 Upregulation of miR-107 Considered as anti-cancer splicing 
factors; suppressing cellular 
proliferation at normal tissue 
Enhancing EMT in PDAC when 
moderately increased in PDAC

[181]

TUMOUR METABOLISM
PTBP1 miR-124 In neuron: PTBP1 suppress miR- 

124 cleavage (not confirmed in 
cancer)

Enhanced resistance against 
gemcitabine

[116,119]

miR-124, miR-133b PTBP1 downregulation by miR- 
124 and miR-133b

Altered cancer metabolism favouring 
Warburg effect by promoting PKM2 
expression

[124]
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overcoming the primer design limitation [127]. An 
innovation is represented by the ddPCR (droplet 
digital PCR) which offers greater performance, 
improved sensitivity, and accuracy as it allows for 
absolute quantification of miRNAs without the 
need for a reference gene [128].

PCR techniques cannot detect nucleotide 
sequences in cells and tissue sections, while 
in situ hybridization (ISH) can visualize miRNAs 
within cells and can determine the spatiotemporal 
expression of miRNAs, elucidating their biological 
role as well as their pathologic involvement in 
numerous diseases [129]. This technique is labour 
intensive and is limited by its low-throughput 
nature but the recent development of directly 
labelled fluorescence probes and multiplexed 
miRNA ISH methods allowed to detect multiple 
miRNAs per reaction.

Microarray is a hybridization-based method sui-
table for relative quantification. Locked nucleic 
acids (LNAs) can be incorporated into capture 
probes to normalize the melting temperature 
(Tm) whose variance is related to miRNA GC 
content [128,130]. The strength of this method is 
the multiplexed detection of multiple miRNAs in 
a single reaction, although it cannot discriminate 
between miRNA variants and has poor sensitivity 
compared to RNA-seq because it lacks the ampli-
fication step. On the other hand, microarray assays 
are fast, expensive and high-throughput [131].

Finally, Next-Generation Sequencing (NGS) is 
a highly accurate miRNA profiling technique that 
can simultaneously measure expression level and 
sequence changes, as well as detect unknown 
miRNAs. It should be noted that NGS has the highest 
multiplexing capability as specific primers are not 
required for each targeted miRNA detection 
[125,132]. Drawbacks to NGS include time- 
consuming for converting a sample into a library for 
sequencing, expensive analyses due to sophisticated 
software and qualified personnel for data analysis and 
it is not a fully automated technique as well [126].

Since multiplexing capability plays a crucial role 
in miRNAs detection, in addition to the above- 
mentioned multiplexing approaches, it is worth 
citing the suspension arrays (i.e., on-particle), 
which represent promising emerging methods for 
highly multiplex analysis of complex samples due 
to the versatility of the encoded microspheres used 

in conjunction with flow cytometry [133]. 
Furthermore, Rondelez et al. recently reported an 
isothermal amplification mechanism for multiplex 
and digital detection of miRNAs using the rational 
building of a molecular circuit that suppresses 
non-specific amplification due to cross-talk reac-
tions [134]. In conclusion, extensive efforts have 
been made so far to develop efficient and sensitive 
methods for miRNA detection, but there still 
remains a need for a standardized method that 
should be highly sensitive, specific and 
multiplexable.

Predicting the effect of splicing modulation 
and its effect towards miRNA profile of PDAC

Splicing modulation is a new emerging therapeutic 
approach that had been tested in several types of 
cancer either pre-clinically or clinically 
[15,66,89,135–137]. Splicing modulation is promis-
ing because of its high potency to induce apoptosis 
and suppress cellular migration. Cancer cells har-
bouring mutations in genes encoding splicing factors 
are the most promising targets [15,89,136,137]. 
However, splicing modulation could also be applied 
in cancer cells with splicing factors overexpression 
[9,89,135].

The important role of splicing deregulation in 
PDAC carcinogenesis and the potency of several 
splicing modulators might increase the potential 
application of splicing inhibitors in PDAC. 
However, there have not yet been studies evalu-
ating the efficacy of splicing inhibitors/modula-
tors in PDAC. Preclinical studies have 
demonstrated that the SF3B1 inhibitors pladie-
nolide B and E7107 were effective in gastric 
cancer, cervical cancer, and peritoneal mesothe-
lioma [135,138–140]. In particular, pladienolide 
B has high efficacy in gastric cancer with com-
plete tumour elimination in SCID mice in just 2 
weeks and has an IC50 in the nanomolar range. 
Similar findings were observed in peritoneal 
mesothelioma where pladienolide B and E7107 
inhibited cell proliferation and migration [135]. 
Remarkably, in vivo treatment with E7107 
resulted in complete regression of peritoneal 
tumours in the second week. SF3B1 inhibition 
also showed similar efficacy in cervical cancer 
and cutaneous squamous cell carcinoma but, in 
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these tumours they apparently showed more effi-
cacy towards cells with mutated p53[140].

Unfortunately, clinical trials with splicing mod-
ulators have been limited by toxicity. Indeed, in 
a phase I pharmacokinetic and pharmacodynamic 
study of E7107 in advanced solid tumours, when 
using doses above 4.3 mg/m2, several patients suf-
fered from gastrointestinal side effects, such as 
diarrhoea, vomiting, dehydration, and in two 
cases there was vision loss [141].

H3B-8800 is another SF3B1 inhibitor and 
entered phase I clinical trial in 2016, with 
a focus on patients with MDS, AML and CMML 
(NCT02841540). Initial results revealed dose- 
dependent target engagement, a predictable phar-
macokinetic profile and a favourable safety pro-
file, even with prolonged dosing. Although 
objective therapeutic responses have not been 
achieved to date, 14% of patients had reduced 
requirements for red blood cell or platelet trans-
fusions [142].

A number of other drugs targeting splicing factors 
have shown encouraging preclinical effects in mouse 
models of cancer, such as inhibitors of SRPK and 
CLK protein kinases that phosphorylate SR proteins 
and thereby inhibit angiogenesis by inducing changes 
in the alternative splicing of VEGF [143,144]. Other 
splicing inhibitors targeting a variety of spliceosomal 
components also reduce cancer cell proliferation 
in vitro [145–148], but their effects in animal models 
of cancer are not yet known.

However, toxicity may be prevented by the use 
of a lower dose of splicing modulators, and the 
risk of reduced efficacy can be avoided by rationale 
combinations with different antitumor strategies, 
including modulation of selected miRNAs.

There are no data yet on the potential effect of 
splicing inhibitors on miRNA in PDAC. The 
most plausible candidates as therapeutic targets 
are PTBP1 and HnRNPK because their role has 
been already established in PDAC [63,70]. 
Moreover, SF3B1 has the advantage as 
a therapeutic target due to the availability of 
small-molecule inhibitors [89,137,139,140,149]. 
Of note, SF3B1 inhibition resulted in upregula-
tion of tumour suppressor SO-miRNAs in 
a cervical cancer cell line [91]. Therefore, similar 
studies should be performed to demonstrate this 
effect in PDAC cell lines.

The effect of splicing inhibitors targeting 
those three splicing factors might however be 
predicted using available data. Calabreta and 
colleagues [70] provided initial evidence that 
targeting the splicing factor PTBP1 in gemcita-
bine resistant PDAC cell line by siRNA shifted 
PKM isoform expression towards PKM1 which 
was accompanied by increased sensitivity 
towards gemcitabine and an enhanced level of 
cleaved caspase-3. Li et al. [116] studied the long 
non-coding ROR in PDAC and found that 
PTBP1 was the target of tumour suppressor 
miR-124 which could effectively block its 
expression. However, in PDAC, long non- 
coding ROR acts as sponge that binds miR-124, 
preventing it to regulate PTBP1 expression and 
increasing PKM2 expression. This study sug-
gested that miR-124 could be used as a marker 
for Warburg effect in PDAC as well as 
a therapeutic agent candidate to target PTBP1 
in gemcitabine resistant PDAC. However, the 
other targets of miR-124 should be elucidated 
to minimize unfavourable off-target effects.

Another potential SF target candidate is 
HnRNPK which is known for its role in enhancing 
cancer cellular proliferation, invasion and metas-
tasis in PDAC [63]. HnRNPK is associated with 
miR-223 which suppressed FBXW7 as previously 
described. However, the sister chromatid cohesion 
protein PDS5 homolog B (PDS5B) is another 
important target of miR-223. The downregulation 
of miR-223 led to increased expression of PDS5B 
which resulted in inhibition of cellular prolifera-
tion and migration [114].

Inhibition of SF3B1 could possibly be effective 
and may produce the most pronounced miRNA 
profile changes in PDAC. In cervical cancer, 
SF3B1 inhibition resulted in an increase of several 
tumour suppressor miRNA, most notably miR- 
636, miR-6510-5p, miR-3614-3p, miR-3655, miR- 
3656, miR-4260, miR-5187-3p, miR-7109-5p, and 
miR-8069 [96]. In addition, four miRNAs were 
downregulated, namely miR-155-3p, miR-148a- 
3p, miR-98-5p, and miR-21-3p. Apparently, 
SF3B1 inhibition can suppress the expression of 
miR-155 and miR-21 which play important roles 
in PDAC. However, this should be further inves-
tigated in PDAC preclinical models.
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The effect of upregulation of tumour suppres-
sor miRNAs or downregulation of oncogenic 
miRNAs is expected to have a wide impact 
[25]. A summary of potential effects of splicing 
modulation on the miRNA profile in PDAC as 
well as their biological effects is depicted in 
Figure 3. For example, miR-21 and miR-155 
have many targets that are involved in carcino-
genesis and metastasis [11,12,50,53,55,56]. 
Suppression of these oncogenic miRNAs can 
thus potentially lead to tumour suppression and 
inhibition of metastasis. However, these miRNAs 
can also serve as potential biomarkers of tumour 
progression or response to treatment, and could 
improve the clinical management of PDAC 
patients by monitoring the modulation of these 
miRNAs in samples that can be collected during 
treatment/follow-up, such as in liquid biopsy 
studies.

Bioinformatic tools to predict the effect of 
splicing modulation towards miRNA profiles

Bioinformatics uses advanced computing, mathe-
matics and biological knowledge to store, manage, 
analyse and get insights into biological data. In 
recent years, there has been a boom of publicly 
available computational tools, online data analysis 
modules, biological data repositories, and bioinfor-
matics workflow management systems [150]. In 
order to assess how splicing modulation can affect 
miRNA profiles, alternative splicing detection 
tools such as rMATS [151], SUPPA2 [152] or 
MISO [153] can first detect differential splicing 
between conditions, after which splicing motif 
analysis tools like MEME [154] or RNAContext 
[155] can use these splicing motifs to identify
regulators of alternatively spliced junctions.
Lastly, potential miRNA targets of splicing

Figure 3. The interaction of relevant splicing factors in PDAC and their associated miRNA. PTBP1 and HnRNPK are considered as the 
relevant targets in pancreatic cancer and have demonstrated their interaction with miRNAs in PDAC (miR-124 and miR-223, 
respectively). Despite lack of evidence in PDAC, cervical cancer experiment demonstrated that SF3B1 inhibition resulted in extensive 
change in miRNA expression and potentially brings more profound effects than PTBP1 and HnRNPK [63,70,89,91].
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modulation can be detected using miRNA-target 
databases such as mirTarBase [156] where experi-
mentally validated miRNA-target interactions are 
curated, or mirDB [157] where the predictive algo-
rithm MirTarget is used to analyse thousands of 
miRNA-target interactions from high-throughput 
experiments. An example of analysis pipeline to 
identify splicing factors modulated by miRNAs is 
reported in Figure 4.

The first step is the identification of alternative 
spliced (AS) events. While there is a plethora of 
available tools, no current tool can be regarded as 
the golden standard and the matter of choice 
strictly depends on the research question and 
familiarity. Research into which tools are superior 
is currently incomplete. One example of a tool that 
detects differential alternative spliced RNA tran-
scripts is MISO, published in 2010 [157]. This 
statistical model estimates expression of alterna-
tively spliced exons and isoforms using mapped 
reads as input format. MISO then uses Bayesian 
inference to compute the probability that an RNA- 
seq read originated from a particular isoform. 
Despite being the most cited and used tool for 
alternative spliced differential analysis, it has no 

longer been maintained since its publication, and 
it has high computational time. rMATS [151] is 
a more recent and often-cited tool used in differ-
ential splicing analysis, it analyses replicates and 
includes a function to handle paired and unpaired 
replicates. Another common tool recently pub-
lished is SUPPA2156. This type of algorithm 
requires two biological replicates because it 
accounts for biological variability, which is impor-
tant for the reliability of the estimations that are 
drawn from the data. However, it can work with 
multiple conditions and includes the possibility to 
perform hierarchical clustering on differentially 
spliced events to identify common regulatory 
mechanisms. Other tools capable of detecting AS 
and compare AS patterns between sample groups 
are DEXSEq, SplicingCompass, Altanalyze, BitSeq, 
EBSeq, and Cuffdiff2 whose performances are 
extensively reviewed in Lahat and Grellsheid [158].

Once differentially expressed AS events are 
identified, prediction of splicing factors is 
the second step of the analysis. Motif analysis 
tools may be used to identify the direct regulators 
of alternative spliced junctions. For example, 
MEME suite [154] provides a unified portal of 

Figure 4. Bioinformatic pipeline for splicing factor and miRNA modulation discovery with RNA-seq data. Raw data or mapped BAM 
files are used as input for alternative splicing (AS) tools such as MISO, rMATs and SUPPA2 to identify differential alternative splicing 
events. Next, a motif analysis is performed to identify the splicing factor (SF) specific for that RNA isoform. Lastly, miRNA-target 
databases are used to retrieve possible miRNA targeting SF. Additional miRNA profile can be useful to detect miRNA modulation 
through SFs.
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online discovery tools for DNA binding sites and 
protein interaction domains. MEME is an online 
web-based module that includes three sequence 
scanning algorithms that allow to scan different 
DNA and protein databases. Next, transcription 
factor motif can be further analysed for putative 
functions using GOMo tool [159,160]. Previous 
tools such as RNAcontext [155] and GraphProt 
[143] work with classification and regression
model settings and are not capable of de novo
sequence-structure motifs. Other tools for motif
analysis recently published are SSMART [161]
and TrawlerWeb [162] which is a web version of
the previous published standalone tool.
Trawlerweb is currently the fastest online de
novo motif discovery tool and it displays resulting
scores allowing the user to prioritize the choice for
validation experiments. Validation analysis, such
as in vitro/in vivo binding assays, cross-linking
immunoprecipitation sequencing (CLIP-seq),
minigene splicing reporter assays (invitro) or anti- 
sense oligonucleotides which block splicing factor- 
binding sites are needed to validate results from
the (splicing) motif analysis.

The last step of the analysis is the identification of 
putative miRNAs that are targeting the splicing factors 
based on previously performed motif analysis. 
Nowadays there is a plethora of miRNAs-target data-
bases available on the web, such as miRTarBase [156], 
mirDB [157], miRBase [163] and TarBase [164]. In 
addition, a new R package multimiR [165] includes 
a compilation of around 50 million records in human 
and mouse from 14 different databases and it expands 
on miRNAs involved in drug response and disease 
annotation.

However, an integrative analysis with miRNA 
profile can be useful to detect miRNA modulation 
(e.g., inhibition) through the predicted SFs. 
Nowadays, there are several ways to analyse 
miRNA-seq profiles, and here we describe the 
general downstream analysis pipeline with the 
most commonly used tools.

After trimming and quality check, the resulting 
reads are aligned to a reference database containing 
miRNA sequences. miRbase [163] is the primary data-
base of published miRNA sequences which is often 
used for miRNA mapping. A broader database of 
small-RNA and miRNA sequences is mirGeneDB 2.0 
[166] resulting in more precise annotation while 

avoiding misleading miRNA annotation from other 
types of small-RNAs. The read sequences are mapped 
to reference databases through mapping tools. There is 
an increasing number of mapping tools for small-RNA 
sequences and the most used are: miRanalyzer [167], 
miRDeep2 [168] and sRNAbench [169]. All these tools 
rely on Bowtie algorithm [170] (allowing mismatches 
and improving speed of alignment).

sRNAbench and its downstream analysis tool 
sRNAtoolbox includes an automatic processing 
of the five most used library preparation proto-
cols (including new reference genomes from 
Ensembl, NCBI and MirGeneDB), a consensus 
differential expression analysis, target prediction, 
analysis of unmapped reads, batch mode to pro-
file several samples at once with the same set of 
parameters and improved visualization and map-
ping statistics. This also enables users with 
a ‘non-bioinformatics’ background to analyse 
small-RNA high-throughput data from raw 
fastq files (standard output files from sequencing 
machines) to post-processed data for differential 
analysis and miRNA-target prediction.

The ever-expanding field of bioinformatic stu-
dies and the enormous availability of wet-lab data 
has given rise to several predictive models that are 
extremely useful for target prediction and to prior-
itize experimental validation targets.

Conclusions and Future Perspectives

The interaction of miRNAs and splicing deregula-
tion is an understudied field, but evidence of their 
close interconnection is increasing. Currently, the 
application of miRNAs is focused on their role as 
biomarker while splicing inhibitors are under 
investigation as a novel therapeutic strategy.

Increasing evidence shows that splicing dereg-
ulation resulting from mutation or overexpres-
sion can produce a pronounced aberration in 
miRNA expression in different cancer types, 
including PDAC. For instance, the upregulation 
of tumour suppressing miRNAs may mediate an 
anti-cancer effect of splicing modulation as was 
shown by the inhibition of PTBP1 and SF3B1 in 
cervical cancer. Potentially similar inhibitory 
effects and the impact of other SFs on cancer 
progression and miRNA profile still need to be 
investigated in PDAC. Moreover, specific 
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miRNAs could be used as a target to downregu-
late specific SFs and also for combined thera-
peutic approaches.

Remarkably, novel bioinformatics tools are provid-
ing extensive data that can be used to deepen our 
knowledge in the biological effects of the interplay 
between splicing and miRNAs, as well as several pre-
dictive models for target prediction in order to prior-
itize future experimental and clinical validation. In- 
depth analysis of PDAC aberrant splicing patterns 
associated with miRNA profiling may indeed further 
provide mechanistic insight to successfully target key 
PDAC drivers. Targeting aberrant splicing and the 
reciprocal interaction with deregulated miRNA could 
therefore provide more effective therapeutic approach 
to combat the complex biology of PDAC and its che-
moresistant features.
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