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SystemsBioIogyI

Tremendousimountof experimentaldataaccumulateaver theyears,

Which hasbeenusedby biologiststo build mentalmodelsof biological
processes

But suchmodelshave notbeenformally speci ed or computationally
analyzed

Goat Developmodelsof biologicalprocesseandtoolsto play with the
models

Sothatwetlab experimentscanbereplacedoy fasterandlessrisky
computationabnes

Analysisis nottheonly challenge
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Outline I

Three casestudies
Delta-Notchlateralinhibition
Sporulationnitiation in B. Subtilis

Humanbloodglucosemetabolism

For eachcasestudy:
Biology
FormalModel

Analysistechniqueandresults
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Inf ormation Metabolism.

Cellsarehighly responsie to speci c chemicalgn its environment
Cells receve, processand respondo informationfrom theerwv.

Signal ! Reception ! Transduction ! Response(s)

About half of 25 largestproteinfamiliesencodedy humangenomedeal
with informationprocessing

Signaltransductiorpathways senseand procesgheexternalstimuli

Informationmetabolism= Signaltransductionr Response
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\Signal Transduction'

Membrane-boundeceptoiproteinsensegxternalsignallingmolecules,
ligand by bindingto them

Causeghestructureof (theintracellulardomainof) thereceptotrto alter

This causesctvationof proteinkinases enzymeghattransferphosphoryl
groupfrom ATP to proteinsthus activatingthe protein

Proteinphosphatasesanundothis by removing the Phosphorygroup,
thusterminatingthe signallingprocess

Errorscanleadto cancer

Caveat Thereareexceptionsto everything,but above is acommonscenario.
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Responsj

Usuallyvia regulationof geneexpression

Rateof synthesi®of proteinschanges100Gfold in bacterian responséo
env. changes

Differencesn geneexpressiorcausedifferent cell typesin multicellular
organismg(e.g.muscleandnene), eventhoughthey containexactly the
sameDNA

Geneexpressiore transcriptiont+ translation

Transcriptions regulatedby proteinsthatbindto speci c DNA sites
(promoterregions)
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\Delta—Notch Lateral Inhibition I

Implicatedin cell differentiation

ExternalSignal : ExternalDelta : BindstoreceptomMNotch
Sensor . Notch . transmembranceeceptorprotein
Response . InternalDelta : Notchinhibits Delta
Deltais alsoatransmembranprotein
Notch
& %
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Delta-Notch: Array of CeIIsI

Causegpatternformationacrosanary biologicalspecies

Salt-and-Peppgratternin SouthAfrican claw-toedfrog's epidermalayer
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Coloredcellshave differentiatednto ciliatedcells(high Delta,low Notch)
while restas epidermalkells (low Delta,high Notch)
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‘I\/Iodeling'

Continuousdynamicalsystemg TraditionalSciencek

Formalmodels:

Discretestatetransitionsystemg ComputerSciencé

Hybrid systems Continuousanddiscretecomponents

Continuous Behavior

Discrete Mode
Changes
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Hybrid Systemj

Formalmodelsthatcombine differentialequationawith discreteboolean
logic
Naturalfor modeling

embeddedystems

softwarecontrolledsystems

multi-modaldynamicalsystems

Matlab supportanodelingandsimulationvia Simulinkand State ow
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ExperimentaData

DataPoints

&
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‘Traditional " Hybrid Model: II

Trying to build modelsfor the experimentaldata:

Modeling Formalism

Continuous

Hybrid

(Levelsof Abstractions) 9
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‘Traditional ' Hybrid Model: Il I

Dynamicsresultingfrom participationof smallnumberof moleculegs
discrete

Transcription Thereareonly a pair of genedn acell, andfew mRNAs in a
cell

Genedeing “on” or “off” canbeseenasadiscreteswitch

Sigmoidalfunctionsis oneway to modelbehaior

Discretestepfunctionis anothemway
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‘Delta-Notch: A Hybrid Model for One CeIII

Vp VN : concentratiorof DeltaandNotchin acell
deltais on : vy < threshold
nothis on : ExternalDeltaconcentratior» threshold;

So,acell canbein four modes.

deltais “on” andnotchis “off” :

dVD =dt
dVN =dt

[
A
o
o
<
o

I
Z

<
Z

Composinghesehybrid models we cangetmodelsof 2; 4; 8; . : : cells
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‘ Delta-Notch: Analysis Results'

Challenge$n theanalysis:
Unknowvn parameters

Intercellularinteraction

In isolation,for given parametersgasyto prove thatthecell is bistable
If externalDeltais high,then Notchis high, Deltais low

If externalDeltais low, then Notchis low, Deltais high
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‘ Delta-Notch: Analysis Results'

Usinga symbolicapproachwe canshowv thattheaborve resultholdsfor any
setof parametewalueswithin certain(symbolic)bounds

Themultiple cell con gurationcanalsobeanalyzed
If acell differentiateghigh Delta),thennoneof its neighboursan

differentiate
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‘ Symbolic SystemsBiology: Analysis Approach'

Theapprochto analyzinghybrid systemmodelsusesan abstractiorbasedn
partitioningthespace

dVD =dt
dVN =dt

w J 1 Vv

VN j 1 VN

Concretestatespace<?
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Abstraction Algorithm: ChoosingPolynomials

Initial Polynomialsof Interest:vp ; vy

To tracktheir progresgincreasingdecreasinggonstant)] need(thesigns
of): vp andvy In all modes.Thus,we get

Vo, Wil vp;1 Wy

To tracktheir progresgincreasingdecreasinggonstant)] need(thesigns
of): 1 _vp andl _vy inall modes.But,thiswe have already
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Partitioning: ChoosingPolynomials
VN
1
0 1 vD
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Partitioning: ChoosingMor e Polynomials

deltais on : vy < 05
notchis on : ExternalDeltaconcentratiorr 0:2

Discretemodeswitchconditions:
We needto know wheneithervy < 0:5oruy > 0:2 changes.

To tracethis,weneed( vy =+ 0:5) and(uy —0:2).

Now, thesignof ( vy + 0:5), in all modesjs known from the signsof the
alreadycomputedoolynomials.

Thedervativeofuy  0:21s 0.

We alsoincludevp 0:2in theset.

Two new polynomialsivp  0:2and vy + 0:5.
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Partitioning: ChoosingMor e Polynomials
VN
1
0.5
0 0.2 1 vD
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Partitioning: ChoosingPolynomials

Assuming p > 0; >0, Rp >0, Ry >0; hp <0; hy > 0:
VN
RN/LN
-hD
0 hN RD/LD vD
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\Abstracting Continuous Dynamics'

Foreachmode | 2 Q:

If Opi; 0y areabstracwvariabless.t. p. = p; In model, thenapplyrulesof the
form:

if g = posandq, = pos, thennew valueg; is pos.
if opi = posandq, = zemw, thennew valueqy; is pos.

If qpi = posandqg, = neg, thennew valuqui IS eitherpos or zer.

If Gho = Op1 = Gp2;:::Chn 1 = Z€I0 andgy, = pos, thennew values
oo = Op1 = Op2s::Cpn 1 = POS.
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Mapping

Eachabstracstatecorrespond$o aregion wherethe computedoolynomials
aresign-invariant. We know the signsof polynomialsof interestandsignsof
someof its higherorderdervatives.

g0 @ Ry+( 1) w g3 I Wn

gl : Rp+( 1) vw b» g4 : un hy
g2 Vb go Vo hy
g6 W hp

For example,sign@3) in modeswhen* notchhigh” is equalto sign(go0).
sign@O) in thesamemodeis equalto sign@0).
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Abstracting Continuous Dynamics

deltalow AND notchhigh AND
(g4 =posORg4=zero)AND g6=negy !
g3'IN IF g3=posTHEN IF g0=posOR g0 = zeroTHEN f pog
ELSEf pos,zeraq ENDIF
ELSIFg3=neg THEN IF g0=neg ORg0=zeroTHEN f negg
ELSEf ngy, zeray ENDIF
ELSEIF gO=posTHEN f pog
ELSIFgO0=ney THEN f negg ELSEf zeray ENDIF
ENDIF;
gO0"IN :::
gl'IN :::

&
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\ Abstracting Discrete Transitions I

DiscreteTransition: (¢ (X); g% New(X)), where
a; 0> modes,
(X): enablingcondition,and

New(X ): assignments continuousvariables.

AbstractDiscreteTransition: ((c; 1);(q% »)) if
Theformula 1~ Issatis ableand

Theformula9X°: (X°) " X = New(X°) " ,(X) issatis able.
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Abstracting Discrete Transitions
CurrentMode Condition New Mode
not ( delta high vy hp anduy < hp deltahigh and
AND notchlow)
notchlow
IS abstractedo:
g4 =ney AND (g6 = posOR g6 = zero)
AND NOT( deltahighAND notchlow) !
notch' =low
delta' = high
whereg4 mapstouy  hy andgé mapsto vy hp.
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Discharging Proof Obligations'

Usinga sound but incompletg procedurdor reals
(Ref: Tiwari:CSLO5)

This givesan automatedibstractioralgorithmfor hybrid automatahatare
speci ed usingonly expressionsn thetheoryof realclosed elds.

We canalsodetect infeasibleabstracstateso generate globalinvariantof
theresultingabstracimodel.
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Model Checking Results'

If thesystemeverreaches state” deltahighAND notchlow” thenthe
systemcontinuedo remainin thatstatesubsequentlyorever.

G( deltahighAND notchlow ) G( deltanigh AND notchlow))

Underadditional“f airness”assumptionsT he systemalwayseventually
reahesoneof thesetwo equilibriumstates.

GF((deltahigh AND notchlow) OR ( deltalow AND notchhigh))
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Two Cell CIusterI

A two cell comple is createdoy composingwo singlecells.

Certainvariablegwhich arenot“local” to the module)needto berenamedo
avoid con icts. E.g.thenameddelta andnotch arerenamed.

Communications capturedoy renamingvariableso thesamename.E.g. g4
of onecell andg5 of the otherarerenamedo the samevariable.

twocells: MODULE =
LOCAL vdl,vd2IN

( (RENAME g4 TOvd2,g5TO vdlIN cell)

[
(OUTPUT delta2,notch2IN

(RENAME g4 TOvd1,g5TO vd2,deltaTO delta2,notchTO notch2IN cell)) );

N
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Two and Four Cells: Results'

Model checkingshawvs thatthe statesvhereonecell has high Deltaandlow
Notchconcentrationwhile theotherhas low Deltaandhigh Notch
concentrationarestablestatedor atwo cell complex.

Thecell fateis determinedy whetherinitially vp1 < vpo ™ VN1 > VN2

With four cells,thereare threestablestates:
Cells1 and4 differentiate
Only cell 2 differentiates

Only cell 3 differentiates
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Sporulation Initiation I

B. Subtilisis an Anthrax-lik e bacteria

Shavs avarietyof differentresponseshen stressed
A comple stresgesponsaetwork hasbeenproposed
motility, degradatve enzymesynthesis competencesporulation

Sporulations onepossibleresponse
Decisionto sporulatas a big onefor thebacteria

Cell undegoesseveraltransformationgfter commitment

How andwhendoesB.Subtiliscommitto sporulation?
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The BiologistSViewI
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Understanding the Network

Decisionto sporulateregulatedoy SpoOAP

SpoO0Aobtains P through phosphorelay
(ProteinKinase): SpoOFP. SpoOBP. SpoOAP

Regulationby phosphatasesSpoOE RapA

QuorumSensing RapAdephosphorate$po0FP however, underhigh
cell-density Pep5ibindsto RapA

StressSensor KinA phosphorolatesspoOF, but Kinl inhibits this. However,
understress,KipA bindsto Kipl

GlobalSwitcht  SinRrepressefranscriptionof spoOA Sinl bindsto SIinR;
SpoO0APpromotessinl transcription, SinRrepressesg
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The SinIR component

Exampleof a“component”:Sinl-SinRglobal bistableswitch

‘ ~ influences spo0A
Sinl + SinR < > [Sinl.SinR]
Sinl SinR
_ I 920
T sinl sinR
SpoO0AP2

Tetrameric SinRrepressespoOA
Sinl inactvates SinRrepressiorby bindingto it

sinl expressions controlledby SpoOA-R SIinR,Hpr, andAbrB
dSinl =dt = | 1 Sinl  kSinl SInR
dSinR=dt = R rSINR  kSinl SINR
= If (SpOAP = high and SinR = low)
then lelsif (:::) else (::)
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‘SinI-SinR Componentﬂ

In isolation,assumingsimpledynamicsor SppOAP, the Sinl-SIinR
componengxhibits bistability

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

But only for certainvaluesof the parameters

Thesearedervedas constraintaisinga re nementparadigm
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\Our View.

A componenbasedview of the Sporulationinitiation Network in B.Subitilis

strefss nuitrients si%nal SigmaA
Kipl/KipA Soj/ Oscillator SinlR/Siwtch
Stress/Nutrient
streiss kipl
Main S
ain Sensor Kinp
sigInaA SOj sinR
density,hpr,comA PhosphoRelay
RapA/Quorum
Sensing
SPOOE——=
SpoOAP

&
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‘Analysis: B.Subl I

Model Re nement Unknowvn parameterseedto be constrainedo obsene
desiredstablestates

GiventhatSinR 4 low andSpd0AP mediumis a stablestate

A sufcient conditionisthat ow eld vectorspointinwardsin each
polygonalface:( boxinvariance

Equwalentto aquanti ed formula,whichis equvalentto

Vbm 3 Vba=2 Vbmp+ Vbap> 0

where

V bm;Vbmp: forwardandreverseratefor phosphatéransferfrom SpoOFo
Spo0B

V ba;V bap forwardandreverseratefor phosphatéransferfrom SpoOBto

SpoOA
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‘Analysis: B.Subll I

Usingour| abstractiont model-checkinq;approachwe checktheabstract
modelfor stability properties

Obsenrationt Thesetof stateswvith SinR4low andSpo0OAPhigh cannotbea
stableregion.

Why?. SinR4low, andSpo0APIs high,
Implies transcriptionof SpoOAis switchedoff
Implies concentratiorof SpoOAdrops
Implies dropin theconcentratiorof SpoOAP
Implies systemout of the stableregion

Themodelcheclersproduceghis behavior
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Analysis: B.Sublll I

Incorrecttranscriptionatontrollogic:

Undertheinitial logic proposedor Sinl-SinRoperon,obsenedthatsystem
doesnotreachahigh SpoOAPandlow SinR4state

Forcedus (andour collaboratingbiologists)to changethelogic
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‘Analysis: B.SublV I

SinR4low andSpoOAPmediumstill not stable!

thecell producesSpo0OFP Spo0OBP andconsequentigomeSpoOAP
(becaus®f baselineéSpo0Asynthesis);

eventually SpoOAPgoeshighandAbrB getslow;

this causessinR4to go low;

but SpoOAPrevertsbackto low; andSigmaHgoeshigh;

now, AbrB becomesigh, Sinl drops,andSinR4becomesigh.

Reason Stochasti@ndnoisebahaior thatis capturedoy the
HybridAbstractor

Reachstableregion asa“transient”

Hadto constraintheresponseatesof AbrB, Hpr, andSigmaHfurther
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\ Human Blood Glucosel\/letabolisml

Glucoseconcentratiomemainsn anarrav rangethroughoutheday
Glucoseturnover is approx.2 mg/kg/min(in 70 kg adult)

Plasmaglucoseconcentratiorbalancebetween
Intake (glucoseabsorptiorfrom the gut)
tissueutilization (glycolysis,otherpathways,glycogensynthesis)

endogenuouproduction(glycogenolysisgluconeogenesis)

Controlledmainly by hormones: insulinand glucagon

& %
AshishTiwari, SRI Blood GlucoseBiology: 42




\ GIucoseHomeostasisControIIersI

Insulinandanti-insulinhormone, glucagon
Secretedy pancreatigsletsof Langerhang$ - and -cells)
In responseao glucoseevels

Insulin works by promoting
uptale of glucoseinto tissues,
glycogensynthesis

Intracellularglucosemetabolism

Glucagon:

glycogen! glucose

glucosesynthesis
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‘I\/Iodeling Human Blood Glucosel\/letabolisml

Differentlevel of details
Organ/tissue-leel compartmentamodel

Intracellularsignalingandresponsenodel

Organ-level compartmentamnodel:
Inputs Meals,Exercises)njectedinsulin,

Outputs GlucoseandInsulin concentrationn differentorgans

& %
AshishTiwari, SRI Blood GlucoseModeling: 44




\I\/Iodel: Human Blood Glucosel\/letabolisml

A moduleeachfor Glucose,Insulin, Glucagonand Pancreasnsulin
Response.

4 _________
~--=  Glucagon
: 1 cont. var. Insulin N
! g Glucose
! 7 cont. vars. 8 cont. vars.
| Pancreatic R
' __» Insulin Release -
3 cont. vars. :
& %
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Dynamical SystemModel I

Modelingbloodglucosemetabolismn humanbody:
i

Co: ! CBO
Bl CAPILLARY BLOOD

— —

Ceo VB

INTERSTITIAL FLUID

GV

#

Themassbalancedor atypical physiologiccompartment:

VBCso = QB(Cgi Cgo)t+ PA(C, Cgy)
ViG = PA(Cgo C) rr

V: volume,C: concentrationQ): ow, r: rate

Modeling convection, diffusion,and metabolicsink.
&

'RBC
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Discrete Componentsin the Model I

'k ce . Kidney glucoseexcretionrate

ContinuoudVodel:

8
S 71+ 71tanh[0:11(Gx 460)] 0 Gk  460mgd|
'KGe =
330+ 0:872Gk Gk 460mg=d|
DiscreteModel:
8
<0 0 Gy 460mgd|
'KGe =
330+ 0:872X5k Gk 460mg=d|

Faulty modesan biology indeedbehave like discreteswitches
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‘ Discrete Componentsof Model I

As consenrative modelsof the experimentaldata

ExperimentaData ! Modeling Formalism

% Continuous
DataPoints
& Hybrid
& W7 ... (Levelsof Abstractions) %
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‘I\/Iodeling'

Humanbloodglucosemetabolism:

Thebodyis dividedinto six compartmentsbrain,heartandlungs,gut,
liver, kidney, periphery

Eachcompartmenis modeleausingthe genericframewvork
(interstitial spacgdiffusion) neglectedoften)

Mostly lineardynamicsexcept
Pancreasnsulin Respons¢PIR)
Certainmetabolicuptale andsinks(all modeledusingsigmoidal
functions)

Type-l diabeticpatientmodeledoy eliminatingPIR

Treatmenvwia insulininjection: extra input termin the equationdor heart
2 andlung compartment %
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‘The Insulin Component'

Insulin BRAIN

- | B -

'HEART & LUNGS
> I H -

LIVER ! GUT

KIDNEY

A

'
PERIPHERY
- PV |-

| PI

t I
V . Insulin source/sink
Y
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‘Analysis: Glucosel I

Glucagonconcentratiorthangewery slowly

Obsenations:

If changan environment, rst insulin concentrationstabilize followed by
glucoseconcentrations

If insulinconc.drop,thenglucoseconc.increaseandvice-versa.
Insulin modulecanbeanalyzedn isolation

Insulin Module:
Input: Insulininjection
Output: Insulin concentrationg variouscompartments
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‘Analysis: Glucosell I

If therateof insulininjectionis changedsayfrom 20 units/sedo 25 units/sec,
whatis the maximumrangesof uctuation in theconcentrationsf insulinin
variouscompartments.

1

35

0.951-

30
09

0.85- 25

o8- 20

0.75-
15

0.7 L 1 1 1 1 1 I | |
0 20 40 60 80 100 120 140 160 180 200

10

)

I I I I I I
20 40 60 80 100 120 140 160 180 200
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Approximate Reachabillity for Linear Systemﬂ

Linearsystenme = Ax

Let + beaneigervectorof AT correspondingo eigervaluek < 0
Consideff (%) = "%

Question:Whatis {2

fo= £T% = T A% = ke'x

) inall reachablestates f lies betweerD andf ({0))

This givesan over-approximatiorof thereachset

Thisanalysiscanbeextendedo comples eigevaluestoo

&
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Using| approximataeachability

we can automaticallycompute

‘Analysis: Glucoselll I

computatiorfor linearsystemdechniques,

Insulin Concentration| stablel stable2 Reachabl&kange

Brain 26
Heart 26
Gut 26
Liver 14
Kidney 23
Peri.Vascul. 20
Peri. Interst. 2.2

33
33
33
18
29
20
2.8

26—38
26-35
25-34
8-19
23-34
20-29
1-3

&
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Analysis: GlucoselV I

The worstcaseansulin concentrationsanbe usedto determinaangedor
theglucoseconcentrations

To verify that bloodglucoseconcentratiomemainswithin 80-120mg/dl.

Thiscanbeusedto designor verify controllersof pumpsfor automatic
Insulininjection

Thisanalysigs tolerantto minorchangesn parametewalues
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The HybridSal Abstractor I

Createsa consenative discreteapproximatiorof the hybrid model

Thediscreteabstractiorhasall behaiors of theoriginalnondeterministic
(partially unspeci ed)model

Theabstractomworks compositionallyandabstractshe modelsby
abstractingts component®f themodel

It can ignorecertainpartsof themodeland focuson otherpartsof interest
to thebiologist

It cancreate multiple abstracwiews of the samebasemodel

Unknownn rateconstante€anbe symbolicallyconstrainedsuchas(
K12 > k1)
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\The SalModel Checker.

Thediscreteabstracimodelis exploredusinga symbolicmodelchecler
Routinelysearchthroughstatespaceof size2'°° andbeyond

Canextract interestingoehaiors thatthe modelexhibits:
Underthegivenernvironmentcanthecell gointo a high SppoAP state?

Canalso provably verify thatcertainthings never happen

It is iImpossibleor the concentationsof proteinsA andB to behigh
simultaneously

If the cell entes a particular con guration, it doesnotgetoutof it unless
theenvironmentakignalschance.
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‘The HybridSal Tool Ar chitecture'

HybridSAL Model

|

{ yorid |

Abstractor

Decision ’( SAL Model Yes/No/Reachable States
Procedure L Checker

The decisionprocedurdor the quanti er-freetheoryof realspowersthe
2 HybridSaltools

™ Abstract Model (SAL)

%

AshishTiwari, SRI Toolsoverviewn: 58



‘Summary'

Modeling biologicalsystemss challenging whatlevel of abstractionyhat
guestiondo you wantto ask

Hybrid systemsrovidesarich languagdor modelingsuchsystems
Unknown parameterandnoiseneedto be handled

Automatedanalysigtoolscanhelpre ne modelsandsuggesexperiments
Modelsare robust parameterspoise
Techniquedasedn abstractiorwell-suited

Abstractionveri es robustnesk
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‘Summary: Analysis Techniqueﬂ

Qualitatve abstractionfor creatingsounddiscreteabstractionsf hybrid
systems

Approximatingreachsetsusingstructuralanalysisof the differential
equations:
linearalgebraalgebraicanddifferentialgeometry
Decisionprocedurdor reals
Abstractionbasedheoremproving: Theoemprovers shouldabstact
Sound but incompletehierarchief decisionproceduredasedn
abstraction,re nement

Model reduction

Modelre nement
& %
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