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Abstract HMGBI1 Simulation Results 1.2 Symbolic Model Checking (SMV)

Pancreatic ductal adenocarcinoma (PDAC), a 4th leading cause of cancer-related mortality in the United ‘ = Laxi A sSA MODULE MAIN SMV code can be divided into three parts:
States, is characterized by a number of genetically altered cellular signaling pathways and overexpressed % —tn, VAR .
growth factors. Model Checking is a formal verification technique widely used for the automated Tg / ::: | Obesity, Hyperglyeemia, Hyperinsuliniemis: boolesn: Variable declarations (“boolean”);
verification and analysis of hardware systems and digital circuits. 2 1000 R
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Recent studies on pancreatic cancer cells have found that the overexpression of HMGB1, a DNA-binding j\f—’_‘—’\ 2000} 3 007: InIAMPKL=10.1) ln_':, {z:ﬂon offtilsiateajiongeachiraiable
protein, can decrease apoptosis and increase cancer cell’s survival time. To systematically understand the T e E ' update ruke H‘ IS¢ WAL
signaling components that link HMGB1 and cancer risk, we constructed a rule-based model [1, 2] of the = 5 ; Implementation dating the state of each
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HMGBI network which was implemented using the BioNetGen language. In [1,2], we applied Statistical | / o node in the state transition diagram with next
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Model Checking method to verify some linear temporal logic (LTL) properties in the rule-based stochastic | £ | & I’

E
models of HMGBI1. s 3/ 1 s . " The verification of CTL properties is encoded
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Accumulating evidence that p. cancer might be associated with diabetes |£ s J— ki using the SPEC statement.
mellitus, especially Type I diabetes which is characterized by hyperinsulinaemia, hyperglycaemia, obesity, P e e o | FFPEC AGIART == ARGesiimce & Fobferoia)l:  oroparty Meifieation
and overexpression of multiple WNT pathway components. In [3], we constructed a single-cell Boolean B o B o oo B o M d l V . f. t.
q q 8 q q q B Ly ey Figure 4. Overexpression of HMGBI leads to the increase of DNA ode eriication;s

network model, and applied Symbolic Model Checking method to verify some computation tree logic Figure 3. Bascline simulation results for the SSA (A-C) and ODE (D-F) roplication rofeins Cyclin E and NFKB, decrease of ps5. 131

(CTL) properties related to insulin resistance, cancer cell proliferation and apoptosis. Tk, . . . . L . .
Question 1: Could the diabetes risk factors induce the oscillations of NFAB’s expression level in the

Verification of HMGB1 Stochastic Model 11,2 nucleus; and negative feedback of PS3-MDM2?
Rule-based Model of HMGBI 1.2 AG{ (INFKB > AF (NFAB)) & (NFAB > AF (INFAB))}

Property 1: Overexpression of HMGB1 will induce the expression of the cell cycle regulatory protein CyclinE
AG! (P53 > AF (MDM2)) & (MDM2 = AF (1P53))}
Py s F ( CyclinE > 900 )

AMGB1L Fsamples  #Success  Result Question 2: Do diabetes risk factors influence the risk of cancer or cancer prognosis?
I ® ® R “ywithin 600 minutes, the number of CyclinE AF(Proliferate) #’: EF(Proliferate)
10° 55 16 False ; "
x 0 : 4
e s = — molecules will be greater than 900 AF(Apoptosis) b EF(Apoptosis)
: P RIS T == . 4 5 :
Property 2: p53 is expressed at low levels in normal human cells:| P, FI(G'™(p53 <33x 10%)) % AEReisonce) £ EREssian)
- - Normal Cells: Properties ¢ and b’- ¢’ are true, while the rest are false. Diabetes risk factors might
t (min) #Samples # Success Result Time (s) G . . . » . . ..
‘within t minutes, p53 will stay low for 900 minutes not increase the risk of cancer under normal conditions.
400 53 4 True 597.59 0 X Precancerous or cancerous cells: All but property b are true. Under the influence of diabetes
500 23 22 True 271.76 4 lime risk factors, cancer cell proliferation and insulin resistance are unavoidable.
600 22 22 True 263.79 ; . S - 9
900 minutes Question 3: What signaling components are common and critical to both diabetes and cancer?

Property 3: Expression level of HMGBI influences the 1% peak of p53°s level AG{RAS > AF (Resistance & Proliferate & 1Apoptosis) }

PooF!W(p53>a& F(p53=<4x10')) AG{ AKT = AF (Resistance & Proliferate & !Apoptosis) }

AG{ NFkB = AF (Resistance & Proliferate & !Apoptosis) }

HMGB1  a(x10%) #Samples #Success Result Time (s)
Apoptosis Inflammation deg AG{ ROS 2 AF (Resistance & Proliferate & !Apoptosis) }
DOINOSAS S Phase 10° 55 20 3 False 29.02 “within 100 minutes, p53 will pass a, and in the il
Figure 1. Schematic view of HMGBI signal transduction. Blue nodes represent tumor suppressor proteins, red nodes 102 55 2 22 True 19.65 next 100 minutes it will eventually be below Continuous activation or overexpression of RAS, AKT, NFiB or ROS will induce the
represents oncoproteins/lipids. Solid lines with arrows denote protein transcription, degradation or changes of molecular : : 210 proliferation of precancerous or cancerous cells, inhibit apoptosis and augment insulin resistance
species; dashed line with arrows denote activation processes. 107 6.0 45 12 False 56.27 regardless of presence of diabetes risk factors ’
We formulated a reaction model corresponding to the reactions illustrated in Fig.1 in the form i Go € & e ¢HED .
of rules specified in the BioNetGen language, The ordinary differential equation (ODE) j Conclusions
method and stochastic simulation algorithm (SSA) are used to simulate the model. Example Dlabetes'cancer BOOlean Network MOdel 131 1. Overexpression of HMGBI will promote the expression of cell cycle regulatory protein
ODE and BioNetGen rules: Cyclin E and NF£B, inhibit the pro-apoptotic protein p53.
SMDM 2,00 iAKT,(1MDM2() s MDM2 phosphorylation: MDM2(a~U) + AKTp = MDM2(a—p) + AKTp K1 I. GraphG 2 aleail:ef::e:c:lisoknsfactors could increase the risk of cancer after the proteins ARF and INK4a lose
MM, (1) LI dephosp}}or?/ lation: MDM2(a~p) > MDM2(a~U) al 2. Boolean transfer 3. Statistical Model Checking and Symbolic Model Checking techniques can be effectively
A MM, (r) SYEedesradation: DM )l resh) @ function combined in the signaling pathway and verify some important temporal properties.
A ARE (M2, *MDM2)p degradation : MDM2(a~p) + ARF > ARF d3 3. State of each node
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Figure 2. Flow chart and Pseudocode for Statistical Model Checking



