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SystemsBiology

� Tremendousamountof experimentaldataaccumulatedover theyears,

� Whichhasbeenusedby biologiststo build mentalmodelsof biological
processes

� But suchmodelshave notbeenformally speci�edor computationally
analyzed

� Goal: Developmodelsof biologicalprocessesandtoolsto playwith the
models

� Sothatwet labexperimentscanbereplacedby fasterandlessrisky
computationalones

Analysisis not theonly challenge

AshishTiwari, SRI Hybrid modelingof biologicalnetworks: 2
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Outline

� Three casestudies:

� Delta-Notchlateralinhibition

� Sporulationinitiation in B. Subtilis

� Humanbloodglucosemetabolism

� For eachcasestudy:

� Biology

� FormalModel

� Analysistechniqueandresults

AshishTiwari, SRI Hybrid modelingof biologicalnetworks: 3
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Inf ormation Metabolism

� Cellsarehighly responsive to speci�c chemicalsin its environment
Cells receive, process, and respondto informationfrom theenv.

Signal ! Reception ! Transduction ! Response(s)

� Abouthalf of 25 largestproteinfamiliesencodedby humangenomedeal
with informationprocessing

� Signaltransductionpathways: senseand processtheexternalstimuli

Informationmetabolism= Signaltransduction+ Response

AshishTiwari, SRI Cell SignalingBasics:4
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Signal Transduction

� Membrane-boundreceptorproteinsensesexternalsignallingmolecules,
ligand, by bindingto them

� Causesthestructureof (theintracellulardomainof) thereceptorto alter

� Thiscausesactivationof proteinkinases: enzymesthattransferphosphoryl
groupfrom ATPto proteins,thus activatingtheprotein

� Proteinphosphatasescanundothisby removing thePhosphorylgroup,
thusterminatingthesignallingprocess

� Errorscanleadto cancer

Caveat: Thereareexceptionsto everything,but above is a commonscenario.

AshishTiwari, SRI Cell SignalingBasics:5
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Response

� Usuallyvia regulationof geneexpression

� Rateof synthesisof proteinschanges1000-fold in bacteriain responseto
env. changes

� Differencesin geneexpressioncausedifferent cell typesin multicellular
organisms(e.g.muscleandnerve),eventhoughthey containexactly the
sameDNA

� Geneexpression= transcription+ translation

� Transcriptionis regulatedby proteinsthatbind to speci�c DNA sites
(promoterregions)

AshishTiwari, SRI Cell SignalingBasics:6
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Delta-NotchLateral Inhibition

Implicatedin cell differentiation

ExternalSignal : ExternalDelta : Bindsto receptorNotch

Sensor : Notch : transmembrancereceptorprotein

Response : InternalDelta : NotchinhibitsDelta

: Deltais alsoa transmembraneprotein
Notch

Delta

Delta

AshishTiwari, SRI Delta-NotchCell Signaling:7
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Delta-Notch: Array of cells

Causespatternformationacrossmany biologicalspecies

Salt-and-Pepperpatternin SouthAfrican claw-toedfrog's epidermallayer

AshishTiwari, SRI Delta-NotchCell Signaling:8
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Coloredcellshave differentiatedinto ciliatedcells(highDelta,low Notch)
while restas epidermalcells(low Delta,highNotch)

AshishTiwari, SRI Delta-NotchCell Signaling:9
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Modeling

Formalmodels:

� Continuousdynamicalsystems( TraditionalSciences)

� Discretestatetransitionsystems( ComputerScience)

� Hybrid systems: Continuousanddiscretecomponents

Continuous Behavior

Discrete Mode

Changes

AshishTiwari, SRI Delta-NotchCell SignalingModel: 10
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Hybrid Systems

� Formalmodelsthatcombine differentialequationswith discreteboolean
logic

� Naturalfor modeling

� embeddedsystems

� softwarecontrolledsystems

� multi-modaldynamicalsystems

� Matlabsupportsmodelingandsimulationvia Simulink and State�ow

AshishTiwari, SRI Delta-NotchCell SignalingModel: 11
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Traditional ! Hybrid Model: I

Trying to build modelsfor theexperimentaldata:

ExperimentalData � ! Model ModelingFormalism
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(Levelsof Abstractions)
AshishTiwari, SRI Delta-NotchCell SignalingModel: 12
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Traditional ! Hybrid Model: II

Dynamicsresultingfrom participationof smallnumberof moleculesis
discrete

Transcription: Thereareonly a pairof genesin acell, andfew mRNAs in a
cell

Genesbeing “on” or “off ” canbeseenasadiscreteswitch

Sigmoidalfunctionsis oneway to modelbehavior

Discretestepfunctionis anotherway

AshishTiwari, SRI Delta-NotchCell SignalingModel: 13



'

&

$

%

Delta-Notch: A Hybrid Model for OneCell

vD ; vN : concentrationof DeltaandNotchin acell

deltais on : vN < threshold2

notch is on : ExternalDeltaconcentration> threshold1

So,acell canbein four modes.

deltais “on” andnotch is “off ” :

dvD =dt = RD � � D vD

dvN =dt = � � N vN

Composingthesehybrid models,wecangetmodelsof 2; 4; 8; : : : cells

AshishTiwari, SRI Delta-NotchCell SignalingModel: 14
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Delta-Notch: AnalysisResults

Challengesin theanalysis:

� Unknown parameters

� Intercellularinteraction

In isolation,for givenparameters,easyto prove thatthecell is bistable:

� if externalDeltais high, then Notchis high, Deltais low

� if externalDeltais low, then Notchis low, Deltais high

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:15
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Delta-Notch: AnalysisResults

Usinga symbolicapproach, wecanshow thattheabove resultholdsfor any
setof parametervalueswithin certain(symbolic)bounds

Themultiplecell con�gurationcanalsobeanalyzed:
If a cell differentiates(highDelta),thennoneof its neighbourscan

differentiate

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:16
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SymbolicSystemsBiology: AnalysisApproach

Theapprochto analyzinghybrid systemmodelsusesan abstractionbasedon
partitioningthespace

dvD =dt = � vD j 1 � vD

dvN =dt = � vN j 1 � vN

Concretestatespace:< 2

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:17
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Abstraction Algorithm: ChoosingPolynomials

� Initial Polynomialsof Interest:vD ; vN

� To tracktheirprogress(increasing,decreasing,constant),I need(thesigns
of): _vD and _vN in all modes.Thus,weget

� vD ; � vN ; 1 � vD ; 1 � vN :

� To tracktheirprogress(increasing,decreasing,constant),I need(thesigns
of): _1 � vD and _1 � vN in all modes.But, thiswehave already.

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:18
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Partitioning: ChoosingPolynomials

vD

vN

10

1

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:19
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Partitioning: ChoosingMor e Polynomials

deltais on : vN < 0:5

notch is on : ExternalDeltaconcentration> 0:2

� Discretemodeswitchconditions:
Weneedto know wheneithervN < 0:5 or uN > 0:2 changes.

� To tracethis,weneed _(� vN + 0:5) and _(uN � 0:2).

� Now, thesignof _(� vN + 0:5), in all modes,is known from thesignsof the
alreadycomputedpolynomials.

� Thederivative of uN � 0:2 is 0.

� WealsoincludevD � 0:2 in theset.

Two new polynomials:vD � 0:2 and� vN + 0:5.

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:20
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Partitioning: ChoosingMor e Polynomials

vD

vN

10 0.2
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1

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:21
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Partitioning: ChoosingPolynomials

Assuming� D > 0; � N > 0; RD > 0; RN > 0; hD < 0; hN > 0:

vD

vN

RD/LD

RN/LN

-hD

hN0

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:22
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Abstracting ContinuousDynamics

For eachmode l 2 Q:
if qpi ; qpj areabstractvariabless.t. _pi = pj in model, thenapplyrulesof the
form:

� if qpi = pos andqpj = pos, thennew valueq0
pi is pos.

� if qpi = pos andqpj = zero, thennew valueq0
pi is pos.

� if qpi = pos andqpj = neg, thennew valueq0
pi is eitherpos or zero.

� : : :

If qp0; qp1; qp2; : : : ; qpn is s.t. _pi = pi +1 in model, then

� if qp0 = qp1 = qp2; : : : qpn � 1 = zero and _qpn = pos, thennew values
q0

p0 = q0
p1 = q0

p2; : : : q0
pn � 1 = pos.

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:23
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Mapping

Eachabstractstatecorrespondsto a region wherethecomputedpolynomials
aresign-invariant.Weknow thesignsof polynomialsof interestandsignsof
someof its higher-orderderivatives.

g0 : RN + (� 1) � vN � � N g3 : vN

g1 : RD + (� 1) � vD � � D g4 : uN � hN

g2 : vD g5 : vD � hN

g6 : � vN � hD

For example,sign( _g3) in modeswhen“ notchhigh” is equalto sign(g0).
sign( _g0) in thesamemodeis equalto � sign(g0).

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:24
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Abstracting ContinuousDynamics

deltalow AND notchhighAND
(g4 = posORg4= zero)AND g6 = neg � !

g3' IN IF g3= posTHEN IF g0= posOR g0= zeroTHEN f posg
ELSEf pos,zerog ENDIF

ELSIFg3= neg THEN IF g0= neg OR g0= zeroTHEN f negg
ELSEf neg, zerog ENDIF

ELSEIF g0 = posTHEN f posg
ELSIF g0= neg THEN f negg ELSEf zerog ENDIF

ENDIF;
g0' IN : : :
g1' IN : : :
...

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:25
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Abstracting DiscreteTransitions

DiscreteTransition: (q;  (X ); q0; New(X )) , where

� q; q0: modes,

�  (X ): enablingcondition,and

� New(X ): assignmentsto continuousvariables.

AbstractDiscreteTransition: ((q; � 1); (q0; � 2)) if

� Theformula� 1 ^  is satis�ableand

� Theformula9X o :  (X o) ^ X = New(X o) ^ � 2(X ) is satis�able.

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:26



'

&

$

%

Abstracting DiscreteTransitions

CurrentMode Condition New Mode

not ( delta high
AND notchlow)

� vN � hD anduN < hN deltahigh and
notchlow

is abstractedto:

g4= neg AND (g6= posOR g6= zero)
AND NOT( deltahighAND notchlow) � !

notch' = low
delta' = high

whereg4 mapsto uN � hN andg6 mapsto � vN � hD .

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:27
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Discharging Proof Obligations

Usinga sound, but incomplete, procedurefor reals
(Ref: Tiwari:CSL05)

Thisgivesan automatedabstractionalgorithmfor hybrid automatathatare
speci�edusingonly expressionsin thetheoryof realclosed�elds.

Wecanalsodetect infeasibleabstractstatesto generateaglobalinvariantof
theresultingabstractmodel.

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:28
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Model CheckingResults

If thesystemever reachesa state“ deltahighAND notchlow” thenthe
systemcontinuesto remainin thatstatesubsequentlyforever.

G( deltahighAND notchlow ) G( deltahighAND notchlow ))

Underadditional“f airness”assumptions:Thesystemalwayseventually
reachesoneof thesetwo equilibriumstates.

GF((deltahighAND notchlow) OR ( deltalow AND notchhigh))

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:29



'

&

$

%

Two Cell Cluster

A two cell complex is createdby composingtwo singlecells.

Certainvariables(whicharenot “local” to themodule)needto berenamedto
avoid con�icts. E.g. thenamesdelta andnotch arerenamed.

Communicationis capturedby renamingvariablesto thesamename.E.g. g4
of onecell andg5 of theotherarerenamedto thesamevariable.

twocells:MODULE =
LOCAL vd1,vd2 IN
( (RENAME g4TO vd2,g5TO vd1 IN cell)

[]
(OUTPUTdelta2,notch2IN
(RENAME g4TO vd1,g5TO vd2,deltaTO delta2,notchTO notch2IN cell)) );

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:30
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Two and Four Cells: Results

Model checkingshows thatthestateswhereonecell has highDeltaandlow
Notchconcentration,while theotherhas low Deltaandhigh Notch
concentration,arestablestatesfor a two cell complex.

Thecell fateis determinedby whether initially vD 1 < vD 2 ^ vN 1 > vN 2

With four cells,thereare threestablestates:

� Cells1 and4 differentiate

� Only cell 2 differentiates

� Only cell 3 differentiates

AshishTiwari, SRI Delta-NotchCell SignalingAnalysis:31
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Sporulation Initiation

B. Subtilisis anAnthrax-like bacteria

� Showsavarietyof differentresponseswhen stressed
A complex stressresponsenetwork hasbeenproposed
motility, degradative enzymesynthesis, competence, sporulation

� Sporulationis onepossibleresponse

� Decisionto sporulateis a big onefor thebacteria

� Cell undergoesseveraltransformationsafter commitment

How andwhendoesB.Subtiliscommitto sporulation?

AshishTiwari, SRI B.SubtilisBiology: 32
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The BiologistsView

AshishTiwari, SRI B.SubtilisBiology: 33
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Understanding the Network

Decisionto sporulateregulatedby Spo0AP

Spo0Aobtains P through phosphorelay:
(ProteinKinase): Spo0FP: Spo0BP: Spo0AP

Regulationby phosphatases: Spo0E, RapA

QuorumSensing: RapAdephosphoratesSpo0FP; however, underhigh
cell-density, Pep5ibindsto RapA

StressSensor: KinA phosphorolatesSpo0F, but KinI inhibits this. However,
understress,KipA bindsto KipI

GlobalSwitch: SinRrepressestranscriptionof spo0A, SinI bindsto SinR;
Spo0APpromotessinI transcription,SinRrepressesit

AshishTiwari, SRI B.SubtilisBiology: 34
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The SinIR component

Exampleof a “component”:SinI-SinRglobalbistableswitch

sinI sinR

SinI SinR

SinI + SinR <��> [SinI.SinR]

Spo0AP2

influences spo0A

� TetramericSinRrepressesspo0A

� SinI inactivates SinRrepressionby bindingto it

� sinI expressionis controlledby Spo0A-P, SinR,Hpr, andAbrB

dSinI =dt = � I � � I SinI � kSinI SinR

dSinR=dt = � R � � R SinR � kSinI SinR

� I = if (Spo0AP = high and SinR = low)

then 1 elsif (: : :) else (: : :)

AshishTiwari, SRI B.SubtilisModeling:35
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SinI-SinR Components

In isolation,assumingsimpledynamicsfor Spo0AP, theSinI-SinR
componentexhibits bistability

Either
(1) Spo0AP is highandSinR is low, or
(2) Spo0AP is low andSinR is high

But only for certainvaluesof theparameters

Thesearederivedas constraintsusinga re�nementparadigm

� I ; � R > 0

� I = � R > 0

AshishTiwari, SRI B.SubtilisModeling:36
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Our View

A componentbasedview of theSporulationInitiation Network in B.Subtilis

PhosphoRelay

SinIR/SiwtchKipI/KipA

Stress/Nutrient

Soj

RapA/Quorum

Sensing

Main Sensor

/ Oscillator

sigmaA

spo0E

density,hpr,comA

stress

stress nutrients signal sigmaA

spo0AP

sinRsoj

KinP

kipI

AshishTiwari, SRI B.SubtilisModeling:37
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Analysis: B.SubI

ModelRe�nement: Unknown parametersneedto beconstrainedto observe
desiredstablestates

GiventhatSinR 4 low andSpo0AP mediumis a stablestate

A suf�cient conditionis that�o w �eld vectorspoint inwardsin each
polygonalface:( box invariance)

Equivalentto aquanti�ed formula,which is equivalentto

V bm� 3 � V ba=2 � V bmp+ V bap> 0

where
V bm;Vbmp: forwardandreverseratefor phosphatetransferfrom Spo0Fto
Spo0B
V ba;Vbap: forwardandreverseratefor phosphatetransferfrom Spo0Bto
Spo0A

AshishTiwari, SRI B.SubtilisAnalysis:38
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Analysis: B.SubII

Usingour abstraction+ model-checkingapproach,wechecktheabstract
modelfor stabilityproperties

Observation: Thesetof stateswith SinR4low andSpo0APhighcannotbea
stableregion.

Why?: SinR4low, andSpo0APis high,
implies: transcriptionof Spo0Ais switchedoff
implies: concentrationof Spo0Adrops
implies: dropin theconcentrationof Spo0AP
implies: systemoutof thestableregion

Themodelcheckersproducesthisbehavior

AshishTiwari, SRI B.SubtilisAnalysis:39
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Analysis: B.SubIII

Incorrecttranscriptionalcontrollogic:

Undertheinitial logic proposedfor SinI-SinRoperon,observedthatsystem
doesnot reachahighSpo0APandlow SinR4state

Forcedus(andourcollaboratingbiologists)to changethelogic

AshishTiwari, SRI B.SubtilisAnalysis:40
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Analysis: B.SubIV

SinR4low andSpo0APmediumstill not stable!

� thecell producesSpo0FP,Spo0BP,andconsequentlysomeSpo0AP
(becauseof baselineSpo0Asynthesis);

� eventually, Spo0APgoeshighandAbrB getslow;

� this causesSinR4to go low;

� but Spo0APrevertsbackto low; andSigmaHgoeshigh;

� now, AbrB becomeshigh,SinI drops,andSinR4becomeshigh.

Reason: Stochasticandnoisebahavior thatis capturedby the
HybridAbstractor.

Reachstableregion asa “transient”

Hadto constraintheresponseratesof AbrB, Hpr, andSigmaHfurther

AshishTiwari, SRI B.SubtilisAnalysis:41
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Human Blood GlucoseMetabolism

� Glucoseconcentrationremainsin anarrow rangethroughouttheday

� Glucoseturnover is approx.2 mg/kg/min(in 70 kg adult)

� Plasmaglucoseconcentrationbalancebetween

� intake (glucoseabsorptionfrom thegut)

� tissueutilization (glycolysis,otherpathways,glycogensynthesis)

� endogenuousproduction(glycogenolysis,gluconeogenesis)

� Controlledmainlyby hormones: insulin and glucagon

AshishTiwari, SRI BloodGlucoseBiology: 42
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GlucoseHomeostasisControllers

Insulinandanti-insulinhormone,glucagon,

� Secretedby pancreaticisletsof Langerhans(� - and� -cells)

� In responseto glucoselevels

� Insulinworksby promoting

� uptake of glucoseinto tissues,

� glycogensynthesis

� intracellularglucosemetabolism

Glucagon:

� glycogen! glucose

� glucosesynthesis

AshishTiwari, SRI BloodGlucoseBiology: 43
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Modeling Human Blood GlucoseMetabolism

Differentlevel of details

� Organ/tissue-level compartmentalmodel

� Intracellularsignalingandresponsemodel

Organ-level compartmentalmodel:

Inputs: Meals,Exercises,InjectedInsulin,

Outputs: GlucoseandInsulinconcentrationin differentorgans

AshishTiwari, SRI Blood GlucoseModeling:44
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Model: Human Blood GlucoseMetabolism

A moduleeachfor Glucose,Insulin, Glucagon,and PancreasInsulin
Response.

Glucagon
Insulin

Glucose

Pancreatic

7 cont. vars. 8 cont. vars.

1 cont. var.

Insulin Release
3 cont. vars.

AshishTiwari, SRI Blood GlucoseModeling:45
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Dynamical SystemModel

Modelingbloodglucosemetabolismin humanbody:

VB

CI VI

CBo

CBo

INTERSTITIAL FLUID

CAPILLARY BLOOD
CBi

Themassbalancesfor a typicalphysiologiccompartment:

VB _CB o = QB (CB i � CB o) + PA(CI � CB o) � r R B C

VI
_CI = PA(CB o � CI ) � r T

V : volume,C: concentration,Q: �o w, r : rate

Modeling convection, diffusion,and metabolicsink.

AshishTiwari, SRI Blood GlucoseModeling:46
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DiscreteComponentsin the Model

rK GE : kidney glucoseexcretionrate

ContinuousModel:

rK GE =

8
<

:
71+ 71tanh[0:11(GK � 460)] 0 � GK � 460mg=dl

� 330+ 0:872GK GK � 460mg=dl

DiscreteModel:

rK GE =

8
<

:
0 0 � GK � 460mg=dl

� 330+ 0:872GK GK � 460mg=dl

Faultymodesin biology indeedbehave like discreteswitches

AshishTiwari, SRI Blood GlucoseModeling:47
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DiscreteComponentsof Model

As conservative modelsof theexperimentaldata

ExperimentalData � ! Model ModelingFormalism
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AshishTiwari, SRI Blood GlucoseModeling:48
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Modeling

Humanbloodglucosemetabolism:

� Thebodyis dividedinto six compartments:brain,heartandlungs,gut,
liver, kidney, periphery

� Eachcompartmentis modeledusingthegenericframework
(interstitialspace(diffusion)neglectedoften)

� Mostly lineardynamicsexcept

� PancreasInsulinResponse(PIR)

� Certainmetabolicuptake andsinks(all modeledusingsigmoidal
functions)

� Type-I diabeticpatientmodeledby eliminatingPIR

� Treatmentvia insulin injection:extra input termin theequationsfor heart
andlungcompartment

AshishTiwari, SRI Blood GlucoseModeling:49
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The Insulin Component

BRAIN

HEART & LUNGS

LIVER GUT

KIDNEY

PERIPHERY

I_B

I_H

I_L I_G

I_K

I_PV

I_PI

Insulin

Insulin source/sink

AshishTiwari, SRI Blood GlucoseModeling:50
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Analysis: GlucoseI

Observations:

� Glucagonconcentrationchangesvery slowly

� If changein environment,�rst insulinconcentrationsstabilize,followedby
glucoseconcentrations

� If insulinconc.drop,thenglucoseconc.increase,andvice-versa.

� Insulinmodulecanbeanalyzedin isolation

InsulinModule:
Input: Insulin injection
Output:Insulinconcentrationsin variouscompartments

AshishTiwari, SRI BloodGlucoseAnalysis:51
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Analysis: GlucoseII

If therateof insulin injectionis changed,sayfrom 20units/secto 25units/sec,
whatis the maximumrangesof �uctuation in theconcentrationsof insulin in
variouscompartments.
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AshishTiwari, SRI BloodGlucoseAnalysis:52
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ApproximateReachability for Linear Systems

Linearsystem_~x = A~x

Let ~r beaneigenvectorof AT correspondingto eigenvaluek < 0

Considerf (~x) = ~r T ~x

Question:Whatis _f ?

_f = ~r T ~x = ~r T A~x = k~r T ~x

) in all reachablestates, f lies between0 andf (~(0))

Thisgivesan over-approximationof thereachset

Thisanalysiscanbeextendedto complex eigenvaluestoo

AshishTiwari, SRI BloodGlucoseAnalysis:53
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Analysis: GlucoseIII

Using approximatereachability computationfor linearsystemstechniques,
wecan automaticallycompute:

InsulinConcentration stable1 stable2 ReachableRange

Brain 26 33 26–38

Heart 26 33 26–35

Gut 26 33 25–34

Liver 14 18 8–19

Kidney 23 29 23–34

Peri.Vascul. 20 20 20–29

Peri. Interst. 2.2 2.8 1–3

AshishTiwari, SRI BloodGlucoseAnalysis:54
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Analysis: GlucoseIV

� The worstcaseinsulinconcentrationscanbeusedto determinerangesfor
theglucoseconcentrations

� To verify that bloodglucoseconcentrationremainswithin 80–120mg/dl.

� Thiscanbeusedto designor verify controllersof pumpsfor automatic
insulin injection

� Thisanalysisis tolerantto minorchangesin parametervalues

AshishTiwari, SRI BloodGlucoseAnalysis:55
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The HybridSal Abstractor

� Createsa conservative discreteapproximationof the hybrid model

� Thediscreteabstractionhasall behaviors of theoriginalnondeterministic
(partiallyunspeci�ed)model

� Theabstractorworks compositionallyandabstractsthemodelsby
abstractingits componentsof themodel

� It can ignorecertainpartsof themodeland focusonotherpartsof interest
to thebiologist

� It cancreatemultipleabstractviewsof thesamebasemodel

� Unknown rateconstantscanbe symbolicallyconstrained,suchas(
k12 > k21)

AshishTiwari, SRI Toolsoverview: 56
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The Sal Model Checker

� Thediscreteabstractmodelis exploredusinga symbolicmodelchecker

� Routinelysearchthroughstatespaceof size2100 andbeyond

� Canextract interestingbehaviors thatthemodelexhibits:
Underthegivenenvironment,canthecell go into a highSpooAP state?

� Canalso provablyverify thatcertainthings neverhappen
It is impossiblefor theconcentrationsof proteinsA andB to behigh
simultaneously.
If thecell enters a particular con�guration, it doesnotget outof it unless
theenvironmentalsignalschange.

AshishTiwari, SRI Toolsoverview: 57
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The HybridSal Tool Ar chitecture

Decision

Procedure Checker

HybridSAL Model

Hybrid
Abstractor Abstract Model (SAL)

SAL Model� Yes/No/Reachable States

The decisionprocedurefor the quanti�er-freetheoryof realspowersthe
HybridSaltools

AshishTiwari, SRI Toolsoverview: 58
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Summary

� Modelingbiologicalsystemsis challenging: whatlevel of abstraction,what
questiondoyouwantto ask

� Hybrid systemsprovidesa rich languagefor modelingsuchsystems

� Unknown parametersandnoiseneedto behandled

� Automatedanalysistoolscanhelpre�ne modelsandsuggestexperiments

� Modelsare robust: parameters,noise

� Techniquesbasedon abstractionwell-suited

� Abstractionveri�es robustness!

AshishTiwari, SRI Toolsoverview: 59
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Summary: AnalysisTechniques

� Qualitative abstraction: for creatingsounddiscreteabstractionsof hybrid
systems

� Approximatingreachsetsusingstructuralanalysisof thedifferential
equations:
linearalgebra,algebraicanddifferentialgeometry

� Decisionprocedurefor reals:

� Abstractionbasedtheoremproving: Theoremprovers shouldabstract

� Sound,but incompletehierarchiesof decisionproceduresbasedon
abstraction,re�nement

� Model reduction

� Model re�nement

AshishTiwari, SRI Toolsoverview: 60


