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Abstract

Background: Recent cancer studies revealed, the interaction between pancreatic cancer cells and pancreatic
stellate cells is of importance in the cancer progression. The activation of stellate cells is mediated by some growth
factors and cytokines secreted by the cancer cells. In turn, the activated stellate cells will synthesize and secrete
multiple growth factors to continuously stimulate the growth of surrounding cancer cells through paracrine
pathways. The mechanism behind the evolution of stellate cells from quiescent state to a cancer-associated
phenotype is still not well understood.

Results: To systematically investigate the interaction between cancer cells and stellate cells, we constructed a
multicellular discrete value model, which is composed of several intracellular and intercellular signaling pathways
that are frequently mutated in the pancreatic cancer, to study the cell cycle progression and angiogenesis. We,
then, introduced and applied a formal verification technique, Symbolic Model Checking, to automatically analyze
the cells’ proliferation, angiogenesis and apoptosis in the proposed signal transduction model of tumor
microenvironment.

Conclusions: Our studies predicted some important temporal logic properties and dynamic behaviors in the
pancreatic cancer cells and stellate cells. The verification technique identified several signaling components,
including the RAS, RAGE, AKT, IKK, DVL, RB and PTEN, whose mutation or loss of function can promote cell growth
and inhibit apoptosis, some of which have been confirmed by existing experiments. Our formal studies
demonstrated that, the bidirectional interaction between cancer cells and stellate cells could significantly increase
cell proliferation, inhibit apoptosis, induce tumor angiogenesis, and promote cancer metastasis.

Tumor microenvironment signaling pathway, discrete value model, model checking, formal verification

Background
Pancreatic ductal adenocarcinoma (PDAC) is a form of
cancer in the pancreatic duct, which is the fourth lead-
ing cause of cancer death in the United States, and it
has an extremely poor prognosis. The pathological study
of PDAC has revealed a number of genetic mutations
[1], including the KRAS, CDKN2A, and TP53 genes. A
recent global genomic analysis [2] has identified around
ten cellular signaling pathways that are frequently
altered in pancreatic cancers, including the pathways of

Hedgehog, Wnt, Notch, KRAS, apoptosis, TGF-b, cJUN,
and G1/S phase transition. In addition, a number of
growth factors and cytokines, for example, the Insulin-
like growth factor (IGF), Insulin, Hedgehog (Hh), trans-
forming growth factor (TGF-b), and the Advanced Gly-
cation End products (AGEs) are overexpressed in the
microenvironment of pancreatic cancer cells, leading to
uncontrolled cancer cell proliferation, unorganized
angiogenesis and evasion of apoptosis.
Recent experimental studies in pancreatic cancer [3-5]

revealed, the interaction between pancreatic cancer cells
(PCCs) and pancreatic stellate cells (PSCs, stromal cells
of the pancreas) can stimulate cancer progression and
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tumor angiogenesis (formation of new blood vessels).
Pancreatic cancer cells can recruit and activate PSCs to
produce and maintain a growth-permissive environment
for cancer progression and drug resistance. The activa-
tion of PSCs is mediated by several growth factors and
cytokines, and many of which are secreted by the pan-
creatic cancer cells. In turn, the activated PSCs will
synthesize and secrete multiple cytokines and growth
factors, including Hedgehog and Wnt, through the para-
crine and autocrine feedback loops to continuously
stimulate cancer cells’ growth. These bidirectional inter-
actions [4] will promote cancer progression and unorga-
nized angiogenesis. Besides, PSCs can also secrete a
large amount of extracellular matrix (ECM) proteins,
which are important components of the fibrous tissue
along with stromal cells. Thus, the tumor microenviron-
ment of pancreatic cancer cells and the bidirectional
interaction with stellate cells can significantly increase
cell proliferation, inhibit apoptosis, induce tumor angio-
genesis, and promote cancer metastasis. The mechanism
behind the evolution of PSCs from quiescent state to a
cancer-associated myofibroblast-like phenotype is still
not very clear. Several findings [4,5] have indicated that
the pro-angiogenic factor VEGF is of considerable
importance in the stellate cell’s activation and angiogen-
esis. To systematically understand the tumor microen-
vironment and the bidirectional interaction between
cancer cells and stellate cells, it is imperative to investi-
gate the intracellular and intercellular signaling path-
ways that regulate the cell cycle progression and
angiogenesis.
Our previous work [6-9] developed Statistical Model

Checking and Symbolic Model Checking techniques to
study the intracellular signaling pathways in a single
cell. Since the pathways implicated in the tumor micro-
environment are highly interconnected, to the best of
the author’s knowledge, no computational multicellular
model has been developed to study the interaction
between pancreatic cancer cells and stellate cells due to
the complexity of networks. In this work, we construct a
novel in silico discrete value model of multicellular sig-
naling pathways, which are frequently mutated [2] in
pancreatic cancers, to study the interaction between
PSCs and PCCs. Our 3-cell model is composed of two
types of cells: two pancreatic cancer cells (PCCs) and
one stellate cell (PSC), which are regulated by the
Hedgehog, Wnt, AGE, Rb-E2F, P53, RAS, PI3K, VEGF
and IGF signaling pathways. Since the mechanism
behind the interaction between PCCs and PSCs is not
well understood, our model and analysis will provide
some insights into the study of tumor microenviron-
ment and the evolution of stellate cell from a quiescent
state to an active state.

In order to formally and automatically analyze the
complex network, we introduce a powerful verification
technique, called Model Checking [10], which deter-
mines whether or not a model (state-transition system)
satisfies a desired property expressed in a temporal
logic formula. Let M be a state-transition system or a
model, S0 be a set of starting states, and ψ be a tem-
poral logic formula. The Model Checking problem is to
verify that, for all states s ∈ S0 , the model M satisfies
ψ - denoted by M, s � ψ . Model Checker performs an
exhaustive search of the state space of the model to
verify or falsify the proposed temporal logic formula.
Model Checking has been successfully applied to verify
hardware systems and digital circuits design. In this
work, finally, we apply the Symbolic Model Checking
technique to analyze the complex intercellular network
of pancreatic cancer cells and stellate cells. A number
of important temporal logic and dynamic properties,
which specify certain behaviors of regulatory compo-
nents abstracted from the in vitro or in vivo experi-
ments in the literature, are proposed to investigate
the multicellular signaling pathways in the tumor
microenvironment.

Methods
Multicellular model of signaling pathways
Several signaling pathways, including KRAS, Hedgehog,
Wnt, Apoptosis, TGF-b, and G1/S phase transition,
have been identified as genetically altered in 100% of
pancreatic cancers by the global genomic analysis [2].
In addition, many growth factors and cytokines, for
example, insulin growth factor (IGF)/Insulin, Hedge-
hog, WNT and AGEs, can stimulate the growth of can-
cer cell and secretion of VEGF (a vascular endothelial
growth factor), which can promote the evolution of
pancreatic stellate cell from quiescent state to active
state, and also induce angiogenesis. An extensive litera-
ture search was performed to help us construct a mul-
ticellular model of signaling pathways, which are
composed of the Hedgehog, AGE, WNT-b-Catenin,
HIF-1, RAS-ERK, RB-E2F, NF�B, PI3K-P53, IGF, and
VEGF pathways in the pancreatic stellate cell and can-
cer cells. Figure 1 depicts the intercellular model
of some signaling pathways implicated in the PCCs and
PSCs, some of which have been discussed in our pre-
vious single-cell models [6-9]. Our aim is to study the
signaling components that regulate the proliferation,
apoptosis, and angiogenesis in the pancreatic cancer
cells and stellate cells, and bidirectional interactions in
the tumor microenvironment using Model Checking
technique. In the next sections, we use the symbol →
to denote activation (or promotion), while � denote
inhibition (or repression).
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Intracellular signaling pathways
The paracrine Hedgehog (Hh) signaling is critical for the
development of epithelial cells [1,2]. In particular, Hh
ligands secreted by the epithelial tumor cells can acti-
vate Hh signal transduction in the surrounding stromal
cells to stimulates the cell proliferation and contributes
to tumorigenesis.
Hedgehog pathway: Hh � PTCH � SMO → GLI

→ {Hh, CyclinD, ...}. The Hedgehog (Hh) ligand and its
receptor Smoothened (SMO) are continuously activated
or overexpressed in later-stage pancreatic carcinomas
[11], while tumor suppressor protein patched (PTCH) is
frequently mutated or loss-of-function, leading to a con-
stitutive activation of Hh pathway. In the quiescent cell
without Hh, SMO’s activity is inhibited by forming a
complex with PTCH. Once Hh binds to PTCH, SMO
will be released to activate the GLI (glioma-associated
oncogene homologue) to be an active form of transcrip-
tion factor. The Hh signaling pathway alone is sufficient
to drive pancreatic neoplasia [12], and it is known that
the activation of the Hh-GLI pathway is associated with
tumor proliferation and pancreatic cancer-related fibro-
blasts [13].

Wnt signaling pathway regulates the processes of
angiogenesis and inflammation, and several proteins are
genetically altered in most of pancreatic cancers accord-
ing to the global genomic analysis [2].
Wnt pathway: Wnt → FZD → DVL � GSK3b �

b-Catenin → TCF → {HIF1, CyclinD, ...}. The canoni-
cal WNT pathway is activated by the interaction of Wnt
and Frizzled (FZD), leading to the disassembly of Axin-
APC-GSK3b complex. Later, the b-Catenin is translocated
to the nucleus to activate the TCF-LEF transcription fac-
tors [14], promoting the transcription of Cyclin D and
HIF-1. However, when the Wnt ligand is absent, b-Cate-
nin is localized in the cytoplasm whose activity will be
inhibited by forming a complex with the Axin, APC, and
GSK3b [15]. The loss-of-function or continuous activation
of some regulatory components in Wnt pathway [16] is
responsible for the abnormal vascular development and
unorganized angiogenesis.
Recent pancreatic cancer study [17] revealed, the over-

expression of the Advanced Glycation End products
(AGEs), for example, HMGB1 and its receptor RAGE, is
associated with the pancreatic cancer cell’s survival. Our
previous stochastic and deterministic simulations

Figure 1 Multicellular model of signaling pathways in the tumor microenvironment. Schematic overview of intercellular and intracellular
signal transduction in the pancreatic cancer cells and stellate cell. This model is composed of two pancreatic cancer cells (module A and C) and
one stellate cell (module B). The suffix (a, b, c) in each node represents the cell (A, B, C) that a molecule belongs to. Blue nodes represent tumor-
suppressor proteins, red nodes represent oncoproteins or lipids, arrows represent activation, and circle-headed arrows represent deactivation.
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predicted a dose-dependent p53 and Cyclin E response
curve to increasing HMGB1 stimulus in a single cancer
cell [6]. AGE pathway regulates the processes of inflam-
mation and angiogenesis.
AGE-RAS-NF�B pathway: (1) AGE → RAGE →

NF�B-pathway; (2) AGE → RAGE → RAS-ERK-path-
way. The Advanced Glycation End products (AGE), e.g.,
HMGB1, released by stressed or dying cells, can activate
two key signaling pathways [6,7], the RAS pathway: RAS
→ RAF → MEK → ERK → CyclinD, which regulates
the cell cycle progression through G1 phase; and the
NF�B pathway: IKK � I�B � NF�B → {IGF, HIF-1,
Hh, Wnt, AGE, ...}. In the resting cell, NF�B is located
in the cytoplasm, bound to and inhibited by the tumor
suppressor I�B. Once activated by AGE, the I�B kinase
(IKK) will phosphorylate and deactivate I�B, leading to
the translocation of NF�B into the nucleus to promote
the transcription of several genes, including Cyclin D, its
inhibitors A20 and I�B (frequently mutated or loss of
function) [18,19], and AGEs [20]. The overexpression of
NF�B can also stimulate the secretion of VEGF through
activating the HIF-1 pathway.
The cell cycle progression is strictly regulated by tens

of signaling pathways, and one of the hallmarks is the
G1-S phase transition regulated by the RB-E2F-Cyclin E
pathway. The global genomic analysis [2] identified sev-
eral frequently altered regulatory components in this
pathway, for example, INK4a and ARF (encoded by
CDKN2A) mutations occur in 90% of pancreatic cancers
[1].
G1/S phase transition pathway: {ERK, TCF, GLI, ...}

→ CyclinD � RB � E2F → CyclinE. Some upstream
components of the signaling pathway, for example, ERK,
TCF and GLI, can activate Cyclin D-CDK4/6 complex
which regulates cell cycle progression. In the normal
cell, the unphosphorylated RB (a tumor suppressor pro-
tein) inhibits E2F’s transcription activity by forming RB-
E2F complexes. E2F will be activated once its inhibitor
RB is phosphorylated and inhibited by Cyclin D. E2F
can promote the transcription of Cyclin E [21] and
CDK2 complex, which regulates the cell cycle progres-
sion from G1 to S phase.
Drug resistance presents a challenge to the treatment

of pancreatic cancer. Tumor microenvironment and
angiogenesis are two important factors contributing to
the drug resistance and cancer development. The envir-
onment surrounding a solid tumor is often hypoxic (low
oxygen), so that angiogenesis is necessary to provide
oxygen and nutrition to support the tumor’s growth.
The vascular endothelial growth factor (VEGF), a pro-
angiogenetic factor whose secretion is mediated by the
HIF-1 pathway, can induce angiogenesis. In hypoxic
conditions, HIF-1 will be activated and stabilized to reg-
ulate the transcription of VEGF [14]. Moreover, it has

been reported that the Wnt and NF�B pathways could
also upregulate the expression of HIF-1 and VEGF in
the cancer cell.

Intercellualr paracrine signaling pathways
New blood vessels formation (angiogenesis) is one of the
key processes in the pancreatic cancer metastasis, and
this process is regulated by several pro-angiogenic fac-
tors, for example, VEGF, PDGF and HGF. Xu et al’s
study [5] revealed that the interaction between pancrea-
tic cancer cells (PCCs) and pancreatic stellate cells
(PSCs) can stimulate cancer progression and angiogen-
esis. The activation of PSCs could be mediated by IGF
(insulin-like growth factor) and VEGF, which are pro-
duced and secreted by pancreatic cancer cells. In turn,
the activated PSCs will synthesize and secrete multiple
cytokines and growth factors, including Hh, Wnt, AGE,
VEGF, etc., to stimulate the growth of neighboring can-
cer cells and promote angiogenesis through paracrine
signaling pathways. In order to systematically investigate
the tumor microenvironment, a simple model, which is
composed of two PCCs and one PSC, was constructed
to investigate the intracellular and intercellular signaling
pathways that regulate the cell cycle progression and
angiogenesis. In our model, the cells share similar intra-
cellular signaling pathways that were discussed in the
last section, and the bidirectional interactions is
mediated by VEGF, IGF, WNT, AGE and Hedgehog
pathways.
VEGF-PI3K-NF�B pathway: (1) VEGF → VEGFR

→ PI3K → PIP3 → AKT → MDM2 → P53 →
Apoptosis; (2) VEGF → NF�B-pathway → {Hh, Wnt,
AGE, HIF1, IGF, ...}. VEGF secreted by the cancer cells
can bind to its receptor VEGFR on the surrounding stel-
late cells to activate the PI3K pathway, which will initi-
ate a series of reactions including the phosphorylation
of PIP2, AKT, and MDM2, and repression of P53’s tran-
scription activity in the nucleus [22]. The tumor-sup-
pressor protein P53, also called the “guardian of the
genome”, is mutated in more than 50% of pancreatic
adenocarcinomas [1]. It is known that P53 can activate
the transcription of oncoprotein MDM2 and tumor-sup-
pressor protein PTEN, which is an inhibitor of the AKT
pathway and can induce cell cycle arrest. VEGF can also
activate the NF�B pathway to promote the transcription
and secretion of Hh, Wnt, AGE, HIF1, IGF and VEGF,
stimulating the growth of surrounding cancer cells
through paracrine feedback loops.
Insulin or Insulin-like growth factor (IGF) pathway

can stimulate the growth of pancreatic cancer cells and
stellate cells, and inhibit apoptosis through binding and
activating its receptor (IGF-1R).
IGF-RAS pathway: Insulin/IGF → IGFR → RAS →

RAF → MEK → ERK → CyclinD. The overexpressed
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growth factors, e.g., the Insulin-like growth factor (IGF)
and/or Insulin, can activate the RAS protein (K-RAS has
a high mutation frequency in pancreatic cancers [1]),
leading to the phosphorylation and activation of its
downstream proteins RAF, MEK, and ERK [23]. Active
ERKs enter the nucleus to phosphorylate the transcrip-
tion factors myc and promote the expression of the cell
cycle regulatory protein Cyclin D, enabling the cell cycle
progression through the G1 phase.

Discrete value model
The interaction between the pancreatic cancer cells and
stellate cells is regulated by tens of proteins and cross-
talk of different signaling pathways. The traditional
computational techniques, including the ordinary differ-
ential equation and stochastic simulation methods [6,7],
need calculate the reaction rate of each biochemical
reaction in the signal transduction. But many para-
meters are unknown or difficult to be estimated from
existing experiments. Our aim is to qualitatively investi-
gate the bidirectional interaction between PCC and PSC
in the tumor microenvironment and compare with the
experiment. In this work, we develop a discrete value
model to describe the expression levels of different sig-
naling components and dynamics of the signaling path-
ways without introducing any unknown parameters in
the biochemical reactions.
In a discrete value model, each node represents a pro-

tein or a lipid involved in the signaling pathway. The
expression level (state value) of each regulatory compo-
nent (node) in the pathway can take discrete values at
any specific time, for example {0, 1, 2, ..., n}, namely, 0
= “not expressed”, ..., n = “overexpressed”. Boolean Net-
work is a special case of discrete value model, which
can only take a Boolean value of either ON (1) or OFF
(0). The evolution (state update) of each node from time
t to t+1 is described by a discrete state transfer function,
which is dependent on the state of the neighboring
nodes. In this work, we assume each node can take a
value of {0, 1, 2} (it can be extended to n discrete
values). Similar to our previous work [8,9,24], the neigh-
boring nodes are classified as activators or inhibitors:
an activator node can promote or activate the expres-
sion of its downstream nodes, while the inhibitor node
will inhibit or repress the expression of its downstream
nodes. Since this work is the first attempt to investigate
the tumor microenvironment using a computational
method, for simplicity, in our discrete value model, we
assume all the nodes’ states are updated synchronously,
i.e., the state of each node evolves according to its
transfer function at any time step. This assumption
has worked well in others’ and our previous works on
Boolean modeling [8,9,25,26]. Since the biochemical

processes in the cells may evolve at different rates, and
the synchronous model cannot capture all the informa-
tion in the cells, we will develop an asynchronous
model to investigate the signal transduction in our
future work.
The discrete state (update) transfer function for the

node Xn , which is regulated by both activators Ai and
inhibitors Bj , in our model can be written as

Xn (t + 1) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

2 if
∑
i
ai(t) − ∑

j
bj(t) ≥ 2

1 if
∑
i
ai(t) − ∑

j
bj (t) = 1

Xn (t) if
∑
i
ai(t) − ∑

j
bj (t) = 0

0 if
∑
i
ai(t) − ∑

j
bj (t) < 0,

where, ai and bj are the values of the activators Ai

and inhibitors Bj of the node Xn , respectively. The
values “0”, “1”, and “2” denote the state of “inhibited”,
“active”, and “overexpressed” respectively. For example,
PIP3 is activated by PI3K but inhibited by PTEN. At
some time step t, if PI3K(t) = 1, PTEN(t) = 0, then, at
the next time step, PIP3(t + 1) = 1; if PI3K(t) = 2,
PTEN(t) = 0, then, PIP3(t + 1) = 2; if PI3K(t) = 1,
PTEN(t) = 1, then, PIP3(t + 1) = PIP3(t).
In our model, some node is regulated by the inhibitors

only. We assume, at time t, if all inhibitors of the node
Xn(t) take the value 0, then, at the next time step,
Xn(t + 1) = {1, 2} (it can take either 1 or 2, stochastic
effect); but if at least one of its inhibitors is active or
overexpressed, then, Xn(t + 1) = 0 . The state (update)
transfer function of these nodes will be written as

Xn (t + 1) =

⎧⎪⎨
⎪⎩

0 if
∑
j
bj (t) ≥ 1

{1, 2} if
∑
j
bj (t) = 0.

For example, the proteins RB and E2F, under normal
conditions, RB represses E2F’s transcription activity by
forming RB-E2F complexes. When RB is phosphorylated
by Cyclin D, E2F will be activated. So, RB(t + 1) = 0, if
CyclinD(t) ≥ 1; else, RB(t + 1) = {1, 2}. This assumption
is similar to previous work [8,9,25], and consistent with
some clinical observation and experimental studies.
Many tumor suppressor proteins, including P53, PTEN,
INK4a, and ARF, are either mutated or lost in the early
or late stages of PDAC. So, they cannot inhibit their
downstream oncoproteins; while the oncoproteins, e.g.,
KRAS and NF�B, are continuously activated or overex-
pressed, leading to uncontrolled cell growth.
If some node is regulated by the activators only in our

model, for example, protein PTEN (frequently mutated
or loss of function) whose transcription is regulated by
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P53 only, we write the transfer functions for these
nodes as

Xn (t + 1) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

2 if
∑
i
ai (t) ≥ 2

1 if
∑
i
ai (t) = 1

0 if
∑
i
ai (t) = 0.

However, the output signals, including, Proliferate(a,
b, c), Apoptosis(a, b, c) and Angiogenesis(a, b, c), are
Boolean variables, which are activated by Cyclin E, P53
and VEGF respectively. In this work, if the correspond-
ing activator’s value is greater or equal to 1, the output
signal will take a Boolean value of 1 (True); else, it will
take a value of 0 (False).
The discrete value model in Figure 1 describes the

interactions of different signaling components in the
tumor microenvironment, which is composed of m =
96 nodes, including 3 control nodes (input signals: Hh,
AGE, Wnt), and 9 output nodes (Angiogenesis, Prolif-
eration, Apoptosis in 3 different cells). The structure
depicted in Figure 1 represents a “circuit layout” of the
cancer-stellate cells model instead of a “state transi-
tion” system. Each node in the model is a variable tak-
ing n possible discrete values (n = 2 for 9 output
boolean nodes and n = 3 for the other 87 nodes in this
model), so the number of possible configurations is nm

(38729 , around 1.6 × 1044 possible states). When n
and m are large, the network will have an astronomical
amount of possible states. So, it is not realistic to use
traditional computational techniques, for example,
BooleaNet method [27] and stochastic simulation algo-
rithm [6,7], to analyze such a large network in a fast
and effective way. Given a large crosstalk model of
signaling pathways, one of our interests is to discover
and identify some key cellular components and signal
transduction sequences that will drive the system to a
pre-specified state (e.g., apoptosis, proliferation or
angiogenesis) [8,9,28] at or before a pre-specified time
point.
We propose to apply this multi-cellular computa-

tional model to investigate the cell-cell interactions of
cancer cells with their surrounding microenvironment,
in particular, with stellate cells; analyze the paracrine
signaling pathways regulating the angiogenesis; identify
important proteins that will drive different cells to the
“apoptosis”, “proliferation” and “angiogenesis” states;
simulate the temporal and dynamic behaviors of the
cancer cells and stellate cells in various conditions (i.e.,
drug interference, knockout, or overexpression). To
answer these questions, we will introduce the Model
Checking and temporal logic properties in the next
section.

Model Checking
Model Checking is a powerful and automatic formal
verification technique for finite state transition systems
modeled by a Kripke structure [10], which is written as
a tuple M = (S, S0,R, L) , where, S0 ⊆ S is a set of initial
states, R ⊆ S × S is a transition relation between states,
and L : S → 2AP is a function that labels each state s
with the set of atomic propositions (AP = {p, q, r, ...})
true in s. Given a Kripke structure M and a temporal
logic formula ψ expressing some desired property, the
Model Checking problem [10] is to find the set of all
states in S that satisfy ψ , i.e. to compute the set
Sψ = {s ∈ S|M, s � ψ} . The model M satisfies ψ if
S0 ⊆ Sψ , otherwise, the model checker will output a
counterexample (i.e., a sequence of transitions which
starts from a state in S0 ) that falsifies the formula ψ .
In the model checking, Computation Tree Logic

(CTL) is developed to describe the properties of compu-
tation trees. The root of the computation tree corre-
sponds to an initial state and the other nodes on the
tree correspond to all possible sequences of state transi-
tions (paths) from the root [10]. A CTL formula is con-
structed from atomic propositions (AP), Boolean logic
connectives (i.e., | (or, ∨ ), & (and, ∧ ), ! (not, ¬), ®
(implies)), temporal operators and path quantifiers. In
the CTL formula, four important temporal operators are
used to describe properties on a path [6-9]: Xp - p will
be true in the neXt state of the path; Fp - p will be true
at some state in the Future (eventually) on the path; Gp
- p is Globally true (always, at every state on the path);
p U q - p holds Until q holds. In a CTL formula, the
operators X, F, G, and U must be immediately preceded
by a path quantifier A - for All paths, or E - there Exists
a path. Previous work [10] has shown that any CTL for-
mula can be expressed in terms of ¬, ∨ , EX, EU and
EG. In this work, we proposed CTL formulas to describe
the behaviors or properties of some regulatory compo-
nents in the signaling pathway. For example, the
formula AG(MDM2active ® AXP53inhibited ) means,
whenever an MDM2 activation event occurs, it will
always inhibit P53’s transcription activity in the next
time step.
CTL formulas can be divided into state formulas ψ

and path formulas � , and the syntax of the CTL logic
is defined as [10]:

ψ ::= AP|ψ1 ∨ ψ2|¬ψ |E�|A�

� ::= Xψ |Fψ |Gψ |ψ1 ∪ ψ2

A path π in a Kripke structure M = (S, S0,R, L) is an
infinite sequence of states, that is, π = s0, s1 , ..., where
S0 is an initial state, si ∈ S and for every i ≥ 0,
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si . We use π i to denote the suffix of π starting at state
si . The semantics of CTL is defined as:
• M, s � p iff p ∈ L(s) ;
• M, s � ¬ψ iff M, s � ψ does not hold;
• M, s � ψ1 ∨ ψ2 iff M, s � ψ1 or M, s � ψ2 ;
• M, s � Xψ iff M,π1 � ψ ;
• M, s � Fψ iff there exists a k ≥ 0 such that

M,π k � ψ ;
• M, s � Gψ iff for all k ≥ 0, M,π k � ψ ;
• M, s � ψ1 ∪ ψ2 iff there exists a k ≥ 0 such that

M,π k � ψ2 and for all 0 ≤ j < k , M,π j � ψ1 ;
• M, s � E� iff there exists a path π from s such that

M,π � � ;
• M, s � A� iff for every path π from s, M,π � � ;
where M,π � � means, the path π in M satisfies the

path formula � . More details of CTL semantics can be
found in [10].

Symbolic Model Checking
Model Checking algorithm can automatically and
exhaustively search the state transition system to deter-
mine, whether or not, a given model M satisfies a
desired temporal logic formula � . The original Model
Checking algorithm [10] represents the state transitions
explicitly. It verifies or falsifies a CTL formula � by
recursively labeling the state graph with the sub-formu-
las of � , and then the graph is parsed to compute its
truth value in a state for each sub-formula according to
the CTL operators and the truth values of its sub-for-
mulas [10,24]. This algorithm could lead to a state
explosion problem.
To overcome the state explosion problem, the Symbolic

Model Checking algorithm [29] uses a Boolean function
to represent the transition relation between states impli-
citly. Moreover, the Boolean function is encoded by
means of an Ordered Binary Decision Diagram (OBDD)
[30] with a fixed variable ordering and shared sub-graphs.
OBDD is an efficient data structure for the representation
of Boolean functions. The first CTL model checker based
on OBDDs is called the Symbolic Model Verifier (SMV)
[10,29], which is an open architecture for model check-
ing. SMV has been widely and successfully applied for
the verification of circuit design and hardware systems.
Symbolic Model Checking algorithm is reiterated in the
Figure 2. In this algorithm, we assume the concurrent
system’s behavior is determined by n boolean state
variables v1, v2, . . . , vn , and the transition relation is
written as R(v1, v2, . . . , vn; v′1, v

′
2, . . . , v

′
n), where

v = (v1, v2, . . . , vn) and v′ = (v′1, v
′
2, . . . , v

′
n) represent the

current state and next state respectively, and, lfp and gfp
represent the least and greatest fixpoint respectively. The
interested readers can refer to [10,29,30] for details.
During model checking, a model or state transition

system (e.g., a signaling pathway) can be described

using the SMV language, and a desired cellular beha-
vior or phenomenon can be translated into a CTL for-
mula. Then, SMV model checker will automatically
verify or falsify the CTL formula of this model. The
output of the verification could be either “true” (prop-
erty is satisfied) or a counterexample trace showing
why the property is false (not satisfied). The complexity
of the Symbolic Model Checking algorithm is O(| ψ |
(|S| + |R|)), where |ψ | is the size of the CTL formula,
|S| and |R| are the number of states and transitions
respectively [10].
In Figure 3, we provide part of SMV code to illustrate

the procedure to verify a discrete value model of multi-
cellular signaling pathways in the tumor microenviron-
ment. Similar to the single cell Boolean models [8,9], in
the SMV code, we use the keyword VAR to declare
variables first, for example, PI3Ka can take a discrete
value of {0, 1, 2}, and “Proliferateb: boolean” means
“Proliferate” in cell B takes a Boolean value (0/1). The
keyword ASSIGN is used to define the initial state (init)
and state transition (update rules, next) of each node.
For example, “init(PIP3a) = {0, 1}” means, the initial
value of PIP3 in cell A can be either 0 or 1 (with a
probability). The verification of CTL formula is encoded
using the “SPEC“ statement. For example, in Figure 3,
SPEC AG(AKTa = 2 ® AF(Proliferateb)) means, over-
expressed AKT in the cancer cell A will finally promote
the stellate cell B’s proliferation for all paths. The SMV
code developed for this discrete value model of signaling
pathways is available at [31].

Results and discussion
The multicellular model of tumor microenvironment
illustrated in Figure 1 is composed of two pancreatic
cancer cells (PCCs, cell A & C) and one stellate cell
(PSC, cell B). The suffix a, b, c in each node represent
the cell (A, B, C) that a molecule belongs to. For exam-
ple, “PI3Ka“ represents a “PI3K molecule” in the cancer
“cell A”. In this model, we use “Proliferate”, “Apoptosis”
and “Angiogenesis” to represent the fates of the cells,
whose initial values are set to be FALSE (0). While, the
other nodes, initially, can take a value of either 0 (inhib-
ited) or 1 (active) (a stochastic effect is introduced). We
apply SMV model checker to exhaustively and automati-
cally analyze some temporal and dynamic behaviors in
the signaling pathways. For simplicity, in this work, we
sometimes put (a, b, c) behind the temporal logic for-
mulas to represent some regulatory components in the
cell A, B and C respectively.
In the cancer studies, we expect to predict the cancer

cell’s fate in various conditions (i.e., gene knockout,
drug interference, loss of function, overexpression),
identify key signaling components which play an
important role in the tumorigenesis, and explore
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temporal and dynamic properties in the tumor micro-
environment, in a fast and effective way. We first
investigate the fates of pancreatic cancer cells (A and
C) and stellate cell (B) in a predefined initial condition,
that is, all the growth factors are overexpressed in the
beginning.

Cell fate
Property 1: AF (Proliferate(a, b, c)); and AF (VEGF(a,
b, c) ≥ 1).
Property 1 means, when the proteins Hh, Wnt, AGE

(input signals) surrounding the cancer cell A are all
overexpressed (i.e., initially HH(a) = 2, WNT(a) = 2,

Figure 2 Symbolic Model Checking algorithm. Symbolic Model Checking algorithm uses a Boolean function to represent the transition
relation between states implicitly, and the Boolean function is encoded by means of an Ordered Binary Decision Diagram (OBDD).

Figure 3 Illustration of SMV code for the discrete value model. SMV code can be divided into three parts: variable declaration which is
defined by the keyword VAR, initialization and state update which are defined by the keyword ASSIGN, and the property verification is encoded
by SPEC.
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and AGE(a) = 2), the pancreatic cancer cells and stellate
cell will finally reach the “Proliferate” state, and VEGF
molecules in all three cells (A, B, C) will be in a state of
“active” or “overexpressed”, for all paths. These two
properties are verified to be true. That is, overexpression
of some growth factors will stimulate the synthesis and
secretion of VEGF from the cancer cell (A), which
might activate the stellate cell (B) by the paracrine sig-
naling pathways, promoting the growth of stellate cell B
and cancer cell C finally.
Property 2: a) AF (!Apoptosis(a, b, c) &P53(a, b, c) <

1); b) AF (Apoptosis(a, b, c)).
Property 2 a) tests, for all paths, whether or not, the

cancer cells (A, C) and stellate cell (B) will finally reach
“Apoptosis” state when Hh, Wnt, and AGE are overex-
pressed. SMV model checker verified that, all cells can-
not reach “Apoptosis” state and the tumor suppressor
P53’s expression is suppressed (taking a value of 0);
while the property b) is falsified (a counterexample trace
is provided by SMV). Property 1 and 2 can be summar-
ized as one property which is verified to be true using
the SMV model checker:
Property 3: AF (P53 < 1 & !Apoptosis &Angiogenesis

&Proliferate)(a, b, c).
This property means, the cancer cell or stellate cell

will reach a state in which apoptosis is inhibited while
cell proliferation and angiogenesis are activated. This
property is consistent with [5]’s discovery, and explains
why the overexpressed growth factors and bidirectional
interaction between pancreatic cancer cells and stellate
cells can promote cancer progression and angiogenesis,
and inhibit the cell’s apoptosis.
Next, we will apply the SMV model checker to iden-

tify key regulatory components (the most frequently
mutated genes or driver genes, etc.) and signal transduc-
tion sequences that will drive the system to a pre-speci-
fied state (e.g., apoptosis, proliferation or angiogenesis)
in the tumor microenvironment of pancreatic cancer.
We assume the initial values for all nodes, except the
output signals, can take a value of either 0 or 1.

Identification of key oncoproteins
Property 4: AG{(RAS(a) = {1, 2}) ® AF(Proliferate(a))};
Property 5: AG{(RAS(a) = 2) ® AF(VEGF = 2 &Pro-

liferate &Angiogenesis & !Apoptosis)(a, b)}.
K-RAS mutation occurs in more than 90% of pancrea-

tic cancers [1], especially in the precancerous stage.
Constitutively active RAS pathway can stimulate the
production of other key proteins during the tumorigen-
esis. Property 4 verified that, if the oncoprotein RAS in
the cancer cell A is active or overexpressed (taking a
value of 1 or 2), cell A will finally reach a “Proliferate”
state, for all paths. If RAS is mutated or overexpressed

(with a value 2) in the cancer cell A, it will stimulate
the production and secretion of VEGF, which promotes
both cancer cell A and stellate cell B to eventually enter
the “Proliferate & Angiogenesis” state, while “Apoptosis”
is inhibited. The verified “Property 5” demonstrated
that, abating (or turning “off”) the signaling function of
RAS could provide a rational therapy for pancreatic can-
cer, and paracrine pathways play an important role in
mediating the PSC-PCC interaction in the tumor
microenvironment.
Using model checker, besides RAS protein, we can

propose similar properties to identify other key onco-
proteins whose constitutive activation or mutation in
the corresponding signaling pathways will influence the
cell’s fate. Several oncoproteins, including RAGE, DVL,
AKT, and IKK, were verified to play an important role
in the tumorigenesis. The following properties were
checked.
Property 6: AG{(RAGE(a) = 2) ® AF(NF�B = 2

&Proliferate &Angiogenesis & !Apoptosis)(a, b)};
Property 7: AG{(DVL(a) = 2) ® AF(NF�B = 2 &Pro-

liferate &Angiogenesis & !Apoptosis)(a, b)};
Property 8: AG{(AKT(a) = 2) ® AF(VEGF = 2 &

Proliferate &Angiogenesis & !Apoptosis)(a, b)};
Property 9: AG{(IKK(a) = 2) ® AF(HIF1 = 2 &Prolif-

erate &Angiogenesis & !Apoptosis)(a, b)}.
Property 6 and 7 predicted that, overexpression of

RAGE or Dishevelled (DVL) will promote the expres-
sion of NF�B in both types of cells. This is consistent
with Kang et al’s discovery [17], expression of the
receptor for advanced glycation endproducts (RAGE)
can limit apoptosis and promote pancreatic cancer
cell’s survival. The oncoprotein AKT and IKK’s expres-
sion is elevated in many cancers [32,33]. Our previous
work [6,7], using stochastic simulation and ordinary
differential equation methods, predicted a dose-depen-
dent P53, NF�B and CyclinE response curve to the
increase of AKT and IKK. Property 8 and 9, using SMV
model checker, revealed that, overexpression of AKT
and IKK can increase the production and secretion of
VEGF and HIF1 (Hypoxia-inducible factor 1), promote
the cancer cell and stellate cell to the “Proliferate &
Angiogenesis” state and inhibit “Apoptosis”. These
properties suggest some possible ways to inhibit tumor
growth and promote apoptosis through inhibiting AKT
and IKK pathways, e.g., using the AKT kinase inhibitor
(such as the drug GSK-690693) and IKK inhibitor (e.g.,
Manumycin A).

Identification of key tumor suppressors
The cell cycle progression is regulated by both oncopro-
teins and tumor suppressors. Next, we apply SMV
model checker to identify key tumor suppressors whose
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activation can promote apoptosis and inhibit prolifera-
tion. We analyzed the following properties:
Property 10: EG{(RB(a) = 2) ® AF(ERK = 0 &Apop-

tosis & !Proliferate & !Angiogenesis)(a, b)};
Property 11: EG{(PTEN(a) = 2) ® AF(CyclinD = 0

&Apoptosis & !Proliferate & !Angiogenesis) (a, b)};
Property 10’: AG{(RB(a) = 2) ® AF(ERK = 0 &

Apoptosis & !Proliferate & !Angiogenesis)(a, b)};
Property 11’: AG{(PTEN(a) = 2) ® AF(CyclinD = 0

&Apoptosis & !Proliferate & !Angiogenesis) (a, b)}.
Property 10 and 11 were verified to be true, which

means, in the RB- or PTEN-treated cells, there EXISTS
a path, such that both cancer cell and stellate cell could
reach the “Apoptosis” state finally, and the oncoprotein
ERK and Cyclin D’s expression is repressed. It explained
why some single-gene targeted therapies had anti-tumor
effects in some pre-clinical studies. However, property
10’ and 11’ were falsified by the SMV model checker,
which means, targeting RB or PTEN in the cancer cell
can NOT, for ALL paths, eventually promote the cells
to enter a state that “Apoptosis” is ON and “Proliferate
& Angiogenesis” are OFF. These properties demonstrate
that, the crosstalk between different signaling pathways
may be responsible for the pancreatic cancer cell survi-
val even if some pathways are blocked by certain single-
gene targeted therapies.

Necessary checkpoint
Property 12: !E{(CyclinD ≤ 1 &P53 ≥ 1 &HIF1 ≤ 1) U
(!Apoptosis &Proliferate &Angiogenesis)}(a, b);
Property 12’: !E{!(CyclinD >1 ∨ P53 < 1 ∨ HIF1 >1)

U (!Apoptosis &Proliferate &Angiogenesis)}(a, b);
Property 13: !E{VEGF(a) ≤ 1 U (!Apoptosis &Prolifer-

ate &Angiogenesis)(b)}.
Here, we want to identify a necessary checkpoint that

the pancreatic cancer and stellate cell will go through
before they reach a predefined state. A possible check-
point encoded in the Property 12 and 12’ is verified to
be true. It is worth to note that, property 12 and 12’ are
equivalent. And in this property, the operator “U“
means “until”. This formula means, there is no path in
which the state “!Apoptosis & Proliferate & Angiogen-
esis” (state S2) is satisfied without satisfying “CyclinD >
1 ∨ P53 < 1 ∨ HIF1 > 1” (state S1) first. In other
words, S1 is a necessary checkpoint for S2. This prop-
erty demonstrated that, before reaching the cancerous
state, the tumor suppressor P53 should have lost func-
tions or been repressed, while oncoproteins Cyclin D or
HIF1 are overexpressed or continuously activated in the
cells. This property is consistent with existing experi-
mental results that P53 is frequently mutated and Cyclin
D is overexpressed in many pancreatic cancers [34].
Property 13 is false, which means, VEGF secreted by the

cancer cell is not a checkpoint before the stellate cell
reaches proliferation state.
Finally, we apply the SMV model checker to analyze

some dynamic behaviors in the multicellular network.
Oscillation is an interesting phenomenon in the signal-
ing pathway, which has been studied in the single cell
models [6-9] due to the existence of negative feedback
loops.

Dynamic behaviors
Property 14: AG{(P53 > 1 ® AF(MDM2 > 1)) &
(MDM2 > 1 ® AF(P53 < 1))}(a, b, c);
Property 15: AG{HH(a) > 1 ® AG((P53 > 1 ® AF

(MDM2 > 1)) &(MDM2 > 1 ® AF(P53 < 1)))(a, b, c)};
Property 16: AG{AGE(a) > 1 ® AG((P53 > 1®AF

(MDM2 > 1)) &(MDM2 > 1 ® AF(P53 < 1)))(a, b, c)};
Property 17: AG{WNT(a) > 1 ® AG((P53 > 1 ® AF

(MDM2 > 1)) &(MDM2 > 1 ® AF(P53 < 1)))(a, b, c)};
Property 18: AG{(HH > 1 ∨ WNT > 1 ∨ AGE > 1)

(a) ® AG((P53 > 1 ® AF(MDM2 ≥ 1)) & (MDM2 >
1 ® AF(P53 < 1)))(a, b, c)}.
Recent experimental study [35] in a single cell

observed a dynamic phenomenon of P53 and MDM2,
whose expression levels in the nucleus continuously
oscillated for more than 72 hours following g irradiation.
This phenomenon was studied in our previous statistical
model checking based on stochastic simulations [6,7]
and Boolean network models in a single cell in response
to HMGB1 stimulus [8]. Property 14 demonstrates that,
this phenomenon also exists in the discrete value model
of cancer cells and stellate cells due to a self-contained
negative feedback loop. Moreover, our multi-cellular
model predicts that (Properties 15-18), the external sti-
mulus, for example, overexpression of Wnt, Hedgehog
and AGE molecules around the cancer cell, can also
induce the oscillation of P53 and MDM2’s expression
levels in the nucleus in the surrounding stellate and can-
cer cells. Properties 15-18 were verified by the SMV
model checker. Compared with [6,7], the oscillation
phenomenon is parameter-independent in our discrete
value model using the Symbolic Model Checking
method.

Conclusions
In this work, we developed a discrete value model of
multicellular signaling pathways to study the interac-
tions between pancreatic cancer cells and pancreatic
stellate cells. The model incorporates several signaling
pathways that are frequently mutated in the pancreatic
cancer. The powerful Symbolic Model Checking techni-
que is introduced and applied to analyze and validate
this model formally. Several interesting temporal logic
properties, which encode the cell fate, protein-protein
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interaction and dynamic behaviors of some regulatory
components, are proposed and verified. Compared with
our previous statistical model checking work based on
stochastic simulations [6,7] and Boolean network
method [8,9], the beauty of this technique lies in its
flexibility and universality. The signaling components in
the model can take any kind of discrete values (3 possi-
ble values in this work), and it is easy to be extended to
n possible values. Without introducing any unknown
parameters, the proposed technique has checked up to
1044 possible states of the multicellular network in tens
of minutes, which is not realistic in the traditional simu-
lation methods based on Gillespie’s stochastic simulation
algorithm and ordinary differential equations. Moreover,
the Statistical Model Checking algorithm [6,7] can only
verify that a property is true with a probability, and it
cannot output a counterexample if some property is not
satisfied.
This work identified several genes or proteins, includ-

ing RAS, RAGE, AKT, DVL, IKK, RB and PTEN, whose
mutation or loss of function could promote the cancer
cell and stellate cell’s proliferation and inhibit apoptosis,
leading to uncontrolled growth and unorganized angio-
genesis in the future. The verified properties also
explained, why certain single-gene targeted therapies, for
example, the RB- and PTEN-treatment, might not
always inhibit the growth of pancreatic cancer cells, due
to the crosstalk of different signaling pathways, even if
some pathway is blocked. These properties are either
consistent with existing experimental studies, or could
be verified or falsified by the future experiments.
We also investigated the dynamic behaviors in the

PCCs and PSCs. The expression levels of P53 and
MDM2 have been shown to oscillate in a single cell in
the previous experimental study and our stochastic simu-
lations [6,7]. This work verified that, in response to exter-
nal stimulus, the P53-MDM2 network oscillation also
exists in the discrete value model of multicellular signal-
ing pathways. Our work revealed, the bidirectional inter-
action would continuously stimulate the neighboring
cell’s growth through activating the paracrine signaling
pathways, in particular, VEGF pathway. Using Model
Checking technique and discrete value model, we can
only qualitatively compare with existing experimental dis-
coveries. But formal analysis of this multicellular model
still provides valuable information about the interactions
between pancreatic cancer cells and stellate cells.
Since the proposed model is only composed of the sig-

naling pathways that are frequently altered in the pancrea-
tic cancer, we are far from capturing all the information in
the tumor microenvirnoment, which is, in fact, regulated
by tens of signaling pathways and hundreds of proteins.
Experimental study [5] found that, the pancreatic stellate
cells could secrete a large amount of extracellular matrix

(ECM) proteins, which are important components of the
fibrous tissue in the pancreatic cancer progression. Since
this work attempts to investigate the interaction between
PCCs and PSCs for the first time, we only consider the
Hedgehog, WNT, AGE, VEGF and IGF proteins secreted
by PCCs and PSCs, ECM was not incorporated into our
model. A larger network of multicellular signal transduc-
tion in the tumor microenvironment will be explored in
our future work. Moreover, in this work we assume all the
reactions occur synchronously, i.e., the state of each pro-
tein (node) is updated at the same time. The synchronous
model works well in this work, several interesting proper-
ties are consistent with existing experiment. However, bio-
chemical processes may evolve at different rates,
sometimes, the synchronous model cannot correctly
describe the temporal and dynamic behaviors in the cell.
We plan to apply Model Checking to study an asynchro-
nous model in the future work. With the help of Model
Checking, a comprehensive understanding of the signaling
networks and their crosstalk will help cancer researchers
to develop effective multi-gene targeted therapies for the
pancreatic cancer patients.
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