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Abstract

The cell cycle is the fundamental process of cell populations, it is regulated by environmental
cues and by intracellular checkpoints. Cell cycle variability in clonal cell population is caused
o . by stochastic processes such as random partitioning of cellular components to progeny

Citation:MuraM, FeilleC,BertolussdR, Delaunay . . . . . .
F KimmeM (2019)Mathematicahodelling cells at division and random interactions among biomolecules in cells. One of the important
revealsinexpecteihheritane andvariability biological questions is how the dynamics at the cell cycle scale, which is related to family
patternsof cellcycleparametes in mammalian dependencies between the cell and its descendants, affects cell population behavior in the
CeI.IS'PLoscom.p uBIol15(6):e1007054https:/ long-run. We address this question using a 2mechanistic® model, built based on observa-
doi.org/10.131/journal.pckil 007054 ) . . o

tions of single cells over several cell generations, and then extrapolated in time. We used
cell pedigree observations of NIH 3T3 cells including FUCCI markers, to determine patterns
of inheritance of cell-cycle phase durations and single-cell protein dynamics. Based on that
information we developed a hybrid mathematical model, involving bifurcating autoregres-
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existself-perpetuatingtem-celpopulationsthefunction of whichisto provideasteady
supplyof differentiatedprogenitorsthatin turn ensurepersistencef organismfunctions.
This2cell productionengine®s animportant elementof biologicalhomeostasisA similar
processalbeitdistortedin manyrespectsplaysamajorrolein cancerdevelopmenthere
therobustnes®f homeostasisontributesto difficulty in eradicationof malignancyAn
importantrole in homeostasiseemdo be playedby generatiorof heterogeneitgamong
cellphenotypeswhichthencanbeshapedy selectiorand othergeneticforcesn the
presentpaper wepresentamodelof aculturedcellpopulation,which factorsin relation-
shipsamongrelatedcellsandthe dynamicsof cellgrowth andimportant proteinsregulat-
ing celldivision. Wefind thatthe modelnot only maintainshomeostasidyut thatit also
responddo perturbationsin amannerthatis similar to that exhibitedby the Wright-
Fishermodelof populationgeneticsThe model-cellpopulationcanbecomedominated
by the progenyof thefittestindividuals,without invoking advantageousutations.If con-
firmed, this mayprovideanalternativemodeof evolutionof cellpopulations.

Introduction

Thecellcycleis aprocesdeadingto celldivision. It playsacritical role in tissuegrowth,devel-
opmentandregeneratiorof multicellularorganismsit consistof two critical phasesthe S
phasein whichthe cellreplicatests DNA, andthe M phaseawhereit dividesin two progeny
cells(mitosis).Thesephasedollow the G1and G2 phasesiespectivelyAfter division, progeny
cellsusuallyre-enterthe cellcycleandreturn to the G1phasd1, 2]. Dependingon avarietyof
factorstheymaybecomeyuiescen{pasgo thedormantGOphase).

Oneof theimportant biologicalquestionds howthe dynamicsatthe cellcyclescaleyhich
is relatedto family dependenciebetweerthe cellandits descendantsffectscellpopulation
behaviorin thelong-run. We addresghis questionusingamechanisticinodel,built based
on observation®f singlecellsoverseveratellgenerationandthenextrapolatedn time. We
follow aparadigmrecentlyexpressedmongothersby Sandleretal.[3] andDolbniak etal.[4]
statingthat stochastiprocessemm cellsareassociatewith fluctuationsin mRNA [5], protein
productionanddegradatior{6, 7], noisypatrtition of cellularcomponentsatdivision[8], and
othercellprocessed/ariability within aclonalpopulationof cellsoriginatesfrom suchsto-
chastigprocessesyhich maybeamplifiedor reducedby deterministicfactors[9].

Independentlyof recentapproacheur work hasbeeninspiredby earlierwork of Darzyn-
kiewiczetal.[10], who analyzedtyclingChinesehamsterovary(CHO) cellsusingflow cytom-
etry. Theyreportedvariabilityin G1phasecausednainly by unequaldivision of cytoplasmic
constituentdnto progenycells,andthe main conclusionwasthatthe cell-cycleneterogeneity
wasgenerateanostlyduring cytokinesisandto alessedegreeduring the G2phaseThese
datainfluencedthe mathematicamodelsof Kimmel etal.[11], and Arino andKimmel [12].

In thesemodelsthe heterogeneityrasbeengeneratednly by unequaldivision or RNA or
cytoplasmwith cellgrowthandthe cellcycleduration beingdeterministicfunctionsof the
birth-sizeof cell. Modelsinvolving cellcycleduration stochasticityfollowed,with the most
recentonebeingref. [4]. Thelatter modelis aprecursorof the presenione,yetwith amore
limited scopeandbasednly on literaturedata.

Understandingof the complexityof cell-cycledynamicsand of the specificpatternsof cell-
cycleprogressiomemainsincomplete Quantitativedynamicimagingcombinedwith mathe-
maticalmodellinghasbecomean essentiaapproacho understandingsuchcomplexdynamics
[13]. TherecentlydevelopedxperimentaFUCCI (fluorescenubiquitination-basedell-cycle
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indicator) reportersysteni14, 15] allowscontinuousimagingof cell-cycleprogressiorin sin-
glelive cells.In this systemtwo distinct proteinsCDT1 and GEMININ, fusedto fluorescent
markersjndicatethe GO/G1land S/G2/Mphase®f thecellcycle respectively.

FUCCI systemhasbeenusedto investigaténheritancemechanismén non-stimulated
dividing mammaliancells[3], aswell asin reoxygenateflL 6] and X-ray-irradiatedcells[17].
In ref.[3] theauthorsanalyzedhe correlationof cell-cyclephasedurationsbetweerfamily
membersVariability in cell-cycledurationis ubiquitous,andsource®of heterogeneitguchas
extrinsicandintrinsic noise[7] or unequaldivision[18] havebeenreported.Division times
mayalsobeepigeneticallyegulated19].

In the presentpaperweanalyzedxperimentahnd modelledcellpedigreeso determine
patternsof inheritanceof cell-cyclephasedurationsfor aggregate1and S/G2/Mphases,
basedn dynamicimagingof live NIH 3T3cells.Basedn this,wedevelopednintegrated
modelinvolving bifurcation autoregressioto describecellproliferationandcell-cyclephase
durations,andanordinary differentialequation(ODE) systento describesingle-celprotein
dynamicsTheideaof bifurcatingautoregressiors that eachine of descenfrom anancestral
cellfollowsthe autoregressiomodel(descendantgherit certainpropertiesfrom theances-
tor), whiletheinheritedand environmentaleffectdan progenyarecorrelated We developed
estimate®f the parameter®f bifurcatingautoregressionnderlognormallydistributednoise,
givenobservedell-cyclegphasedurations,andfitted single-celproteintrajectorieso the ODE
model.In this waywefound correlationsamongparametergor singlecells We validatedthe
model,usingthe cellpedigreegrom dynamicimagingdata.

Usingthevalidatedmodel,weemployedong-termsimulationsto addresghe long-term
behaviorof the population,including homeostasisnemoryof initial conditionsandheritabil-
ity. Specificallywewereinterestedn howregulationmechanism®f the cellcyclemaycon-
tribute to propagationof newgeneticor epigenetiocvariantsin the cellpopulation.This seems
importantbecausé hasbeenestablishethat manydiseas@rocessem living organisms
werecausedy the replacemenof original celldiversityby cloneswhich eitherproliferate
without control (asin cancer) pr dominatetissue-specifistemcells limiting their resilience
andability to regenerateasin agingbonemarrow (seg20] andreferencesherein). This
observatiorhasheenexploredin anumberof deterministicand stochastienodels(seereview
[21]). We summarizedbur findings usinga versionof the classicapopulation-genetics
Wright-Fishermodel,with variablepopulationsize,examplesandreferencesanbefoundin
[22,23]. Thisapproachis alsorelatedto the branchingprocesgaradigm althoughour cell
proliferationmodelis not aclassicabranchingprocesg24].

We employthe following vocabularyconventionfor family relationshipsn cell
pedigreesSupposeell A dividesinto cellsX andY; then X dividesinto L andM, while Y
dividesinto N and P.We callthe progenycellsof the sameparentcellsiblingpairs.X and Y, L
andM, andN andP, aresibling pairs.Cellswhoseparentsaresiblingswe call cousinpairs.
Thus,L andN, andM andP,arecousinpairs.

Results

Description of the mathematicalmodel and the wayit reproduces
experimentaldata

Thedataat our disposalncludesingle-celbbservatiorof NIH3T3 cellsusingthe FUCCI-2A
systen(seeMethodssection( ) for details)undertwo differentFetal
BovineSerum(FBS)concentrationsCellsweregrownin constantconditionsfor 72hours.
During the experimentfilms wererecordedin randomlyselectedreasWe collecteddata
from 123celllineagesincluding 890individual cellsfrom eightrecordedfilms for 15%FBS,
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Fig 1. Family relations amongcellsobserved . (A)Time-lapsemicroscoyy permitsthetrackingof individual

cellsidentifying divisionmoments family relations cellcycleandcell-cyclephaseduration,and protein concentation
atthetime of eachobservationIntroduced notationsand colorsindicatecellcycle(CC,blue),G1phasgG1,red)and
S/G2/Mphaseggreen).Correspondig simulation dataarerepresente by the graycolor. (B) Correlatimsbetween
family membershasedn experimenal andsimulatian data.Estimationof standarddeviatiosfrom experimentadata
is describedn detailin Supportinginformation (S1Text, ). Simulationresultsfor the autoregresion
bifurcation modelaredescribedn detailin Methods.

https://abi.org/10.1371djurnal.pbi.1007054001

and69celllineagesncluding 224individual cellsfrom five recordedmoviesfor 10%FBS.
Basedn experimentatesultswediscoveredhat cell-cycleduration is shorterwhenhigherFBS
concentrationis used Fastemprogressiorof cellcycleis causednainly by speedingip of S/G2/
M phasegrogressionDifferencedetweerthesewo experimentaremainly visible(S7EFig)
in thefraction of cellsenteringdormancy(G0). AlsoseeSupportinginformation (S1Text,

) for amore detaileddescriptionof
theseresults Furtheranalysisvasperformedfor 15%FBSdata,sincethe samplesizewassignif-
icantly higherthanin the 10%FBSexperimentand our modelis not focusedon dormantcells.

Cell cyclekineticsin the pedigreeasbifurcating autoregressiveprocess. Time-lapse
microscopyallowstrackingof individual cellsandidentifiesfamily relationsamongcells(Fig
1A). Usingthis information weinvestigatedheinheritedand environmentalcausesf cell
cycle(CC), cell-cyclephasesength(G1and S/G2/Mphasesand protein dynamicsvariability.
We observedtrongpositivecorrelationof cellcyclebetweersiblings whereashe samecorre-
lation for parentandprogeny() wassignificantlysmaller(Fig 1B).Correlationbetweercell-
cyclephasesdollow the samepattern,but the correlationbetweerdurationsof G1phasess
alwaydowerthan correlationbetweerdurationsof S/G2/M.

Our resultssuggesthat progenycellsinherit propertiesfrom their parents(Fig 1B).Consis-
tentwith this, weobservedvenstrongercorrelationsbetweersiblings.In theliterature,such
correlationsarefrequentlyexplainedby externalfactorsaffectingthe cell-cycldength,suchas
environmentalconditions,among-celcommunication,neighborhoodeffector the ageof cells
(seeref.[25] for theNIH 3T3cells).In our data,aftertwo generationshe correlationdisap-
pearsasshownby low-correlationcoefficientdbetweergrandparentandgrand-progenycells
(S3AFig).

Asis laterdemonstratedexperimentatesultsareconsistenwith the bifurcatingautore-
gressiormodel,in whichthe progenycellsinherit randombut correlatedractionsof agiven
featureof the parentcell[26]. Bifurcatingautoregressiohasbeensuccessfullysedpreviously
to fit cell-cyclekineticsdatarecordedasmagneticapevideos[27]. Theapproactpresentedn
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the currentpaperis more complex;it includesmodelingof phase®f cellcycleand protein
concentrationandis basedn asignificantlylargerdataset.

Analysisof cell-cyclekineticsin the pedigreewith resultsfor thethird generatiorof cells
(cousinsgrandparentbgrand-progey), including the physicalproximity andcellbirth time
which do not affectcell-cycleduration, arepresentedn Supportinginformation (S1Text,

|
).

Modelling the pattern of dependencéetweenG1land S/G2/Mphaseof cell cycle. Pre-
viously[3], the bifurcatingautoregressiomodelwasappliedto cell-cycleduration data,but
not to dependencéetweerdurationsof cell-cyclephaseswWe investigatedhe statistical
dependencef cell-cyclephasedurationsand overallcell-cycleimes,andfound astrongposi-
tive correlationbetweerdurationsof cell-cyclephasesndcell-cycleimes(Fig 2B).However,
thereexistsonly alow correlationbetweerdurationsof G1and S/G2/M phasdength(Fig 2B).
Basedn detailedanalysiof presentedesultsjncluding clusteringof cellswith differentpro-
gressiorratesin G1and S/G1/M(Supportinginformation, S1Text,

), wedecidedthatinheritanceof the durationsof
the phase®f the cellcyclecanbe modelledindependentlyAccordingly,we usedthe bifurca-
tion autoregressiomodelto estimatethe durationsof the G1and S/G2/M phasesn related
cells(cf. schematicef the modelin Fig2A.,and " usingthe methodof
momentsin Methods).Patternsn the experimentatiataarewell reproducedby the resultsof
modelling.In Fig 2C,we presentedhe distributionsof the experimentahnd simulateddata,
andin Fig 2Bthenoise-perturbedinearrelationshipdbetweerthetotal divisiontime andthe
durationsof the G1andcombinedS/G2/Mphaseén simulationdata.Resultconfirm thatwe
cantreatdurationsof cell-cyclephaseéndependentlywhichimpliesthatlengtheningone
phasedoesnot imply lengtheningof otherphases.

Modelling protein dynamicsin individual cells. Aswedescribedn ref.[4], wefitted
experimentatrajectoriesof individual cellsto amodelin the form of asystenof ordinary dif-
ferentialequationg ODE) and calculatedtorrelationsamongproduction parametersguration
of phase®f cellcycleandinitial levelsof proteins.Eachcellin the populationis describedy
severparametersvith cell-dependenstochasticvaluesBasedn the matrix of correlations
presentedn Fig 2D (left part) we proposeda proceduredescribedn the Methodssectionand
in Fig 2A, with the addednoisebeingcorrelatedbetweersiblings.Correlatednoisereproduces
weakcorrelationof protein dynamicsbetweerparentand progeny andstrongcorrelationof
siblingsevidentfrom correlationmatricesof proteinlevelsn relatedandunrelatedcells(diag-
onalarea,S5Fig). Comparisonof the correlationbetweemrotein production parameters
assumedh the simulationsandthoserecoveredirectly from the experimentatiata(see
Methods,Estimationof parametersjs presentedn Fig 2E.Detailedscatterplotof experimen-
talandsimulateddata(S11Fig) demonstratehe accuracyf the model.Simulationresults
reproducedmostof characteristicebservedn experimentatlata(Figs1+3).

Wright-Fisher model and the cell-cyclemodel

Long-term simulations: Memory and transients. We haverun themodelfor alarge
numberof cellgenerationg50generations)iecordingthe protein contentsin cellsof the
resultingpedigreeat constanttime intervals.Simulationwasstartedfrom asingleancestorcell
with definedor randomlysampledharametersandthe fatesof cellsfrom theresultingpopula-
tions havebeenrecorded During celldivision, the proteinsareunequallydistributedamong
progenycells[4]. Direct measurementf the extentto whichdivision of proteinsis unequalis
difficult dueto degradatiorof the FUCCImarkersin lateM phaseWe performedsimulations
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Fig 2. Analysisof protein dynamicsbasedon experimertal and simulation data. (A) Schematicsf the model.In
the population,eachcellis characteizedby severparametersAt division,theparent-celimasg# ,$ )is
randomly split betweerthetwo progenycells accordingto theexpressiort; = b# ;#2~ ...1 bt# inwhich is
therandomvariable Cell-cyclephasedurations(%, ; %, ) for progenycells( is progenynumber)arecalculatel using
autoregresionbifurcatingmodels. ,; ¢Dproduction rateof CdtlandGeminin proteins,arecalculatedisinglinear
regressio models % Bcell cycleduration, %;;,%;, BDG1 or S/G2/Mphasesengthof the parentcell,&;,&g> +
meanG1lor S/G2/Mcellcyclephasesength,’ 5;,' 3o +relationbetweerparentandprogenyGlor S/G2/Mcellcycle
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varianceandcorrelatio coefficients)We abandonedhe originally assumedivariatenormal distribution to
lognormalbecausef the positiveskewnessef the distributionsof cell-cycleduration. (B) Comparisorof linear
relationdipsbetweerthetotal divisiontime andthe duration of phasegor experimetal andsimulationdata.Solid
blacklinesshowthefitted linearrelationsof theform =( ) . (C) Compaisonof distributionsof thecellcycle
andthecell-cyclgphaseduration for experimertal dataand modellingresults (D) Lookingfor probableregulatory
mechaisms.Data-cerivedandsimulation-kasedcorrelations betweerpairsof variablecharacterizinghe protein
trajectorees.(E) Data-derivecandsimulation-tasedcorrelations betweerproduction parametersf family members
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Fig 3. Resultsof long term simulations. (A) Dynamicsof thetime seriesf the Cdt1and Geminin protein contentsin
arandomly choserlineageof descendantsf the ancestocell.(B) Phasgortrait of experimenal andsimulation data.
Tentrajectorief cellcyclewererandomly selectedrom theexperiment ) andsimulation( ) data.ln both
cased]uorescencéevelsverenormalizedto maximumvalues.

https://abi.org/10.1371djurnal.pbi.1007054003

to calibratetheimpactof this distribution'swidth on the dynamicsof proteinlevelsn the
progenycells.Strongasymmetryin protein division doesnot affectthe regulationmechanisms
modelled andthereforeweusedthe parameterproposedn ref.[4], calculatedor mamma-
lian cells.A sampldong-termsimulationandresultingphaseportraitsarepresentedn Fig 3.
Stochasticityf cell-cycleduration andprotein production parametersesultin largevariabil-
ity in protein expressionattenuatecy regulatorymechanisms.

Phaseortraitsarethe usualwayof depictingsystemslynamicsin genera[28]. Fig 3B
depictsphaseportraitsbasedn experimentatlata( ) andon simulationresults( ),
which coincidequantitativelyfor mostobservedelltrajectorieswith the qualitativepattern
beingsimilarin almostall cells Discrepanciearelikely to bedueto high levelof measure-
ment-relatedhoisein the cellsfollowedexperimentallyAn exampleof such®noisy® measure-
mentis presentedn S12Fig

We designedong-termexperimentgo verifyif theinitial ancestorcellhasanimpacton
cellcycledurationsin latergenerationsOur first experimentwasbasedn simulationsfor 400
generation®f arandomlychoserline of descenbriginatingfrom asinglecell. Historiesof
cell-cycldgimesfor singlecellsshowedstabilizationproperties(S8Fig). Theinfluenceof the
ancestratell-cyclgime becamadissolvedn subsequengenerations.

Our secondexperimentwasbasedn simulationsof agrowingpopulation,started as
before from singleancestorcellswith differentcell-cycldengthsIn two extremecaseginitial
cell-cycldime 13.6h and61.3h), largedifferencesn the populationgrowth ratewere
observedWithin theintervalfrom 0to 200h, during whichthe cell-cycledurationin both
populationsreturnedto the stationarydistributions,the descendantef the cellwith the short
cell-cycldengthhaveformedasubpopulatiordOtimeslargerthanthe descendantsf the cell
with thelong cell-cycleduration. If theseiwo subpopulationsverepooled,the oneoriginating
from the ancestomwith the shortercell-cycldengthwould dominatethe other.

Theeffectdominancehason the descendants
of 8fastestycling®cells,describedn thelastparagraphof the previoussection,s not deter-
ministic (seefurther on). Our resultsshowthatit is similarto genetiadrift, andwe useawork-
ing term 2epigenetidrift®. Theclassicalorm of genetiadrift usedin populationgeneticg29],
isembodiedby the Wright-Fishermodel(Fig 4A), whichassumeatime constantpopulation
sizeequalto) anddiscretegenerationsEach( +1)-st generatiorindividual is aprogenyof a
randomlychoserindividual of the -th generationAsaresult,the numberof progenyof any
individual is binomially distributed,andthe randomvector* of progenycountsofall) indi-
vidualshasmultinomial distribution, i.e.*~)() L...) 1), Eventuallyfor time large
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Fig 4. Comparisan of simulation resultsobtainedby proposed model and Wright-Fisher model. (A) Main
assumptionsf Wright-Fishermodelandour modelarepresentedn separatéoxesThemostimportantdifference
concerngpopulaton size constanin Wright-Fisherandvariablein our model.Serieof experimentsvere
performedwith differentinitial populationsizesf 3,25,and100cellsdrawnfrom previouslygenerategopulations
Eachcellwascharacterize by differentcell-cyclgime andatthe time O cellswerenot synchronizd(i.e.cellswere
spreadoverdifferent cell-cyclgphases)B+D) Exampleof performedsimulatinsfor initial populationwith) =3.B)
Descendarstof ancestorcellsareidentified and counted.Total populationsizeis markedby blackdashedine.C) The
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fractionsof the progenyin populationwerecalculate. We analyzedhefraction of progenyin the populationattime
300,but thelevelis determinel after = 200.Simulatbnswererepeatedintil requiredsamplesizewasobtained D)
Cumulativedistribution functionsfor simulationdataand Wright-Fisher model.(E) Compaisonof simulatian data
andWright-Fishermodelfor threedifferentvaluesof initial cellcount). Histogramsof simulationdataset$ ) and
randomnumbersdrawnfrom estimatecinomid distributionwith + () representhefractionsof progenyin
populatbn after300h of simulatims.Cumulativedistribution functionsfor both casesirealsopresentedo compare
thetailsof distributions.

https://abi.org/10.1371djurnal.pbi.1007054004

andinverselyrelatedto ), the populationis dominatedby the progenyof asingleindividual
(effectknown as@fixation®). It is alsoknown [29] thatif the populationsize) =)() varies
with , thenthe Wright-Fishermodelincluding fixation holdsapproximatelywith 2effective®
populationsizebeingequalto the harmonicmeanof )(1),)(2),. ..,)(). Our simulation
resultsshowsimilar effectshoweverwith effectivgpopulationsizegleviatingfrom simplehar-
monic meangalso,seeViethods).

Fig 4 containsasummaryof hypotheseandresults Assumptionf the Wright-Fisher
modelandour modelarepresentedn separatéoxeqFig 4A). Themostimportant difference
concerngopulationsize constantin Wright-Fishermodelandvariablein ours.In Fig4B+4E,
the outcomef aserieof experimentsperformedwith differentinitial population
sizesareshown.In thesesimulationruns,100,25,100r 3 cellsweredrawnfrom previously
generategopulations Eachcellhaddifferentcell-cycldengthandat = 0 cellswerenot syn-
chronized(cellswerein differentcell-cyclephases)The numberof descendantir eachinitial
cellwasdetermined(markedby distinct colorsin Fig4B,for thecasd = 3). Total population
sizewasmarkedby ablackdashedine (Fig 4B).Thefraction of eachprogenyin the popula-
tion wascalculatedcolorsin Fig4C correspondo colorsin Fig4B).We analyzedhefraction
of descendanti the populationattime 300,whilein generathis fraction staysconstant
alreadyafter = 200.Simulationswvererepeatedintil appropriatesamplesizewasobtained.
Outcomesarepresentedn histogramsn Fig4E;the meanvalueis specifiedor eachhisto-
gram.Randomnumbersdrawnfrom estimatedinomial distribution with coefficient+ values
asspecifiedn thelegendarepresentedn Fig4E.Distribution tail functionscomparedo the
binomial arepresentedn Fig4E.

Basedn the Wilcoxon'stest,thereis no significantdifferencebetweerthe normalizedfre-
gquencieandthe binomial distribution. The estimate®f covarianceg¢Tablel) arenot equalto
theoreticakexpectedraluesalthoughtheyareof similar order,excepfor Datasetl, which
includesonly 3 ancestratells.Correlationcoefficientshavevery skewedlistributions[30],
which canbeoneof the reasondor the discrepancyAnother possibleeasonis deviationfrom
multinomial sampling Wright-Fishermodelis aspeciataseof the so-calledCanningsmodel,
whichallowsmore generalnot necessarilynultinomial) samplingdistributions,andmay
resultin differentcorrelationcoefficientsCanningsmodelis not frequentlyused howevelrit
wasappliedto modelstemcellsin humancolon[31]. Basedn currentdata,it seemdlifficult
to determinewhich of thesetwo modelsmight bemore appropriate.

Tablel. Comparisan of data-esimated and Wright-Fi shermodel-predicted parametervalues variancesand correlation coeffidents, basedon simulated genealo-

giesof prolifer ating cells.

Datase 1
Datase 2
Datase 3
Datase 4

N
3
10
25
100

https://da.org/10.1371durnal.pbi.1007054001

K (Estim.)

Parameers V() ( ,)
Harmonic mean Estimated Expectel Estimated Expected
32 0.01005 0.01005 -0.04 -0.50
104 0.00153 0.00153 -0.01 -0.11
256 0.00027 0.00027 -0.02 -0.04
1063 0.00002 0.00002 -0.08 -0.01
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Table2. Comparisan of data-esimated and Wright-Fi shermodel-predicted parametervalues variancesand correlation coeffidents, basedon simulated genealo-
giesof prolifer ating cellsobtained by modelwhich doesnot include family relations;the cell-cyclelength for eachcellis arandom variable,drawn from lognormal

distribution .
Parametes V() (. )
(Estim.) Harmonic mean Estimated Expected Estimated Expected
Datasetl 3 39 31 0.005624 0.005624 -0.03 -0.50
Dataset2 10 115 101 0.000783 0.000783 -0.00 -0.11
Dataset3 25 285 262 0.000135 0.000135 -0.02 -0.04
Dataset4 100 1118 1051 0.000009 0.000009 -0.08 -0.01

https://da.org/10.1371durnal.pbi.1007054002

How correlation betweenrelated cellsaffectspopulation growth

Interpretationof resultsobtainedby cell-cyclemodelmaybedifficult becausd is not known
which effectsarecausedy populationgrowth andwhich by correlationsamongfamily mem-
bers.To separatéhesewo effectaveuseda simplified modelof cellcyclewhich doesnot
includecorrelationsamongfamily membersin themodel,cellcyclephaseduration of each
individual wasdrawnfrom lognormaldistribution andthe parametersvereestimatecased
on experimentablata.Long-termexperimentsveredesignedor differentinitial numbersof
ancestorsResultdor four caseintroducedin Tablel arepresentedn Table2. Estimated
effectivepopulationsize(+) is almosttwiceashigh asthat obtainedusingthe completemodel,
whichincludescorrelationsamongfamily membersand closeto harmonicmeanvaluecalcu-
latedfrom simulatedgenealogies.

To verify howthe valueof effectivepopulationsizedependon correlationsamongfamily
membersveusedthe modelpresentedn this paperwhich canreproducebehaviorof popula-
tionswith varyingcorrelationsamongfamily membersParametersf the modelwereesti-
mated,simulationswereperformedand+ valuesvereestimatedor all possiblecase$or three
differentnumbersof ancestorcells(Fig 5).

Discussion

In the currentpaper werelatedthe experimentatlatafrom dynamicimagingof proliferating
NIH 3T3cellsto amechanistioziewof the cellcycleand dynamicsof accumulationrand decay
of proteinsexpressedpecificallyin differentcell-cyclephasesThedataincludedrecorded
observation®f cellpedigreestartedfrom singleancestorandthenfollowedfor severatlivi-
sions(72h). Assumingconstantconditions,it seemgossibleo reconstructhelong-term
dynamicsof suchcellsby building arelevantmathematicamodel,estimatingit basecdn
short-termdata,and extrapolatinghe results tolongertimes.

Fig 5. Effectof epigenett drift on population development.Theeffectivepopulationsizes+ wereestimatedor
differentvaluesof parent-pra@enyandsiblingcorrelation coefficients

https://cbi.org/10.1371durnal.pbi.10070543005
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Importantly, weinvestigatedxistencen our simulationsof drift-like effectssimilarto
thoseexhibitedby the Wright-Fishermodelof populationgeneticsin brief, our findings sup-
port the following paradigmof interplayof regulationmechanismén the cellcycleandlong-
term proliferation:

1. Thereexistintrinsic source®f variabilityin eukaryoticcells suchasunequaldivisionand
variable(random)durationsof cell-cyclephasesTheterm @intrinsic® is understoodhereas
referringto dynamicsdependenbn processewithin cellsasopposedo thosedependent
on cellenvironment(seg32] for adifferentperspective).

2. Descendantsf cellswith extremeproperties suchasveryshortcellcycle graduallycon-
vergeto follow stationarydistribution, afterapossiblyprotractedtransient.

3. Duration of thetransientis sufficientfor the descendanof the2extreme®ellsto beover-
or under-representeih the after-transienjpopulation.

4. Representationf subpopulationsraceabldo specificancestratellsfollowspatternssimi-
lar to avariantof Wright-Fishermodelwith varyingpopulationsize In otherwords,prolif-
eratingcellpopulationsexperience specificform of epigenetidrift in additionto
mutation andselection.

5. Thelevelof correlationamongfamily membershasasignificantrole in populationgrowth,
andmodulateghe effectof drift.

Two important pointsregardingour approachare(1) selectiorof the cellsystemand (2)
generalizabilityo othercells. The NIH3T3 cellsgrowin flat-dishcultureswhichmakest pos-
sibleto track progressionthroughthe growthanddivision cyclesCellsgrownin suspension
poseunsurmountabldifficultiesin this respectAll publicationsknownto us,which
employedgrowth anddivisiontracking,usedflat-dishcultures.Thelist includesChinese
HamsterOvarycells[11], NIH 3T3cells,H1299non-smallcelllung cancercells[4, 33],and
L1210mouselymphocyticleukemiacell[3]. Usingflat-dishculturescanbeconsideredalimi-
tation. However it canalsobearguedthat suspensiorculturesareevenlesssimilarto cellsin
physiologicatonditions,which alwaysequiresubstratdor proliferation.In addition, mathe-
maticalandstatisticabnalysesf the datain paperdistedabovendicate,despitedifferencesn
details gualitativelysimilar patternsof cell-cycleregulation.

Modelling the multivariate statisticsof cell cycleand FUCCI protein
dynamics

Many modelsof cell-cycleprogressiorhavebeenproposedn theliterature:age-structuredell
populationmodels[34], branchingprocesseg!, 34],transition probability models[35+37]
andothernovelmodels[38], manyof thembasedn experimentatlata[4, 13,34,38,39]. The
importanceof developingafully integratedmodelwith differentsource®f noiseandhetero-
geneitywasdiscussedh ref.[40]. This motivatedusto developheterogeneougopulation-
growthmodelswith protein dynamicsincluded,suchasthe modelin the presentpaper,and
anearliermodelin ref.[4].

Theimportant featureof our modelisthatit reproducesnostof the characteristicebserved
in experimentatlata,asis evidentfrom Figs1, 2 and 3. Our modelis basedn parton bifurcating
autoregressiof26] appliedto cell-cyclgphasesndon ideasconcerningcell-cycleregulationand
unequaldivision thatweredevelopedy manyauthors;specificallyyereferhereto the modelby
Kimmel etal.[11]. In the model,chanceanddeterministicelementcontributeto its ability to
accuratelyiit multiple facetf cell-cyclekineticsin aheterogeneousellpopulation.
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Thistypeof modelmaybeimportant not only for understandinghe kineticsof cell prolif-
erationbut alsofor testingof theindividual responsesf the cellto stimuli, especiallyhen
sucharesponsaés cellcycle-dependent he modelsshouldalsobeusefulfor predictingthe
growth ratesof populationsconsistingof subgroupawith differentpropertiesand/orin which
epigenetieffectsarestrong.We know that tumor growthis the consequencef competition
amongafewcellpopulationslt seemshatevenasmalldifferencen cellcharacteristicssuch
asthe cell-cycleproliferationtime [41], mayincreasehe ability of acancerto survivechemo-
therapyandre-enterthe cellcycle.

Long-term behaviorof modeltrajectoriesincluding homeostasisand
8memory° of initial conditions

Oneof thefeaturesof our approachisintegrationof experimentswith statisticaand
simulations.Thefunction of the latteris to understandhe long-termbehaviorof cell
populationgiventhe setof rules(i.e.the mathematicamodel)inferred usingstatisticatools,
basedn alimited-time experimentQuestionghat canbeansweredn thisway
includethe homeostatigropertiesof the populationgrowth. Specificallydo the rulesof cell
growthanddivisionleadunderconstantenvironmentalconditionsto stabilizationof the dis-
tributions of important cellcharacteristicssuchascell-cycleime and durationsof cell-cycle
phasesaswellasconcentration®of cellproteins?A relatedquestionconcernghe natureof the
transientshatemergeafteracellwith extremeparameterbecomesmnancestoof its own
population.If this cellhasashortcellcycle will its progenytendto dominatethe population?

Basedn simulationsjn two extremecase®f initial cell-cyclgime 13.6h and61.3h, large
differencesn the populationgrowthratehavebeenobservedWithin theintervalfrom 0to
200h, during whichthe cell-cycledurationin both populationsreturnedto the equilibrium
distributions,the descendantsf the cellwith the shortcell-cycldengthhaveformedasubpop-
ulation =40timeslargerthanthedescendantef the cellwith thelong cell-cycleduration. If
thesetwo sub-populationsveremixed,the oneoriginating from the ancestomith the shorter
cell-cycldengthwould dominatethe other.In bacterialcells theimportanceof long-term
dynamicsof cellularpopulationswasconsideredn recentstudieq42,43],in which mathe-
maticalmodelsweresupportedby biologicalexperimentaising . strains.In thefirst
paper[42], authorsdiscoveredhat (1) condition-dependenthangeof meancell-cycldimeis
stronglycorrelatedwith variabilityin cell-cycledurations;and(2) increaseof the heterogeneity
of generatiortimesin apopulationmaybethe methodto evolveto ahigherpopulationgrowth
ratein aconstantenvironment,whichis partly parallelto our conclusionsin our caseahigher
variability of cellcycletimeswasobservedn the populationwith shortermeancell-cycleimes
(10%FBSmeancellcycletime 21.6h, MAD =0.17,CV = 0.2515%FBS meancellcycletime
20.4h, MAD =0.21,CV =0.30).

In the secondoaper[43], amethodto predicthistoriesof singlecellsin anexponentially
growingpopulationwasproposedAnalysisrevealedhat physiologicatlifferencesn sister
cellshaveasignificantimpacton individual cell historiesandtheir contribution to the overall
population-growth.

Cell proliferation and Wright-Fisher model

As statedpreviously the modelsof cell proliferationandthe modelsof geneticchangen popu-
lationshavebeenhistoricallybasedn two apparentlycontradictoryhypotheses,e.the unlim-
ited branchingprocessaindacompletelyconstantpopulationsize respectivelyBy necessity,
whenit becamelearthat somaticmutationsin proliferatingeukaryoticcellsareimportant for
growthratesthe populationconstancyassumptiorin geneticnodelshasbeenrelaxed A

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1007054 June 3, 2019 12/26



©'PLOS

COMPUTATIONAL

BIOLOGY

Modelling of cell cycle inheritance and variability

seminalpaperconcernghe Wright-Fishercoalescentinderexponentiallygrowingpopulation
[44], followedby anumberof modelsdevelopedor othergrowth patterns suchasthe model
in ref.[45], wherelinear growth hasbeenconsideredPolanskiand Kimmel in ref.[22], devel-
opedcomputableexpressionor a Wright-Fishercoalescentith arbitrary growth pattern
(originally dueto [46]). We analyzedhe experimentaknd modelledcellpedigreeso deter-
mine patternsof inheritanceof cell-cyclephasedurationsfor aggregate1and S/G2/M
phaseshasedn dynamicimagingof live NIH 3T3cells.We developedstimate®f the
parameter®f bifurcatingautoregressiomodelwith lognormaldistributionsgivenobserved
cell-cyclephaseadurations,andfitted single-celprotein trajectorieso the ODE modeland
found correlationsamongparameterdetweersinglecells(sib-sib,parent-progenyand
other).Parent-progenyandsib-sibcorrelationsfrom the experimentabatawerewell-repro-
ducedby our modelling,asdemonstratedy comprehensiveomparisonsResultshowed
strongerinheritanceof the S/G2/Mduration comparedo G0/G1.Usingthe modeldeveloped,
wesimulatedits transientandlong-termbehaviorandinterpretedit in the termsof population
geneticsLong-termsimulationsdemonstratedhe modelhadhomeostatigropertiesHow-
ever progenyof asinglecellwith ashortinterdivisiontime hadahigh probability of eventually
dominatingthe population,dueto heritability of cell-cyclephasesAnalysisof modelsimula-
tions showedhat an effectsimilarto geneticdrift waspresentin themodel;howeverjt was
amplifiedby family relationshipsamongcells.This wasmanifestecby reductionof the effec-
tive populationsizecomparedo the standardWright-Fishermodelof drift. Suchpatternsof
epigenetideritability in proliferatingcellsareimportant for understandindong-termtrends
of cellpopulationswhich areeitherrequiredto provideinflux of maturing cells(suchas
hematopoieticstemcells),or which relaxedcontrolsand startedproliferatinguncontrollably
(suchascancercells).

Specificallyweinvestigatecadherencef our simulationsto the Wright-Fishermodel. We
found thatafter300h, populationstartedfrom ) ancestratellsconsistf their descendants
in randomproportionssimilar asin the Wright-Fishermodelwith effectivepopulationsize+
muchsmallerthanthe censusize(straightcountof individuals).Thisis differentfrom the
previousstudieditting cellpopulationdrift usingaMoran model(which maybeconsidered
asaversionof Wright-Fisher),in whichthe effectivepopulationsizewasequalto the census
sizecf.[47] andreferencesgherein.

In addition,weinvestigatedhe dependencef + on the correlationsexistingin our model.
Asdepictedin Fig5,+ islargesfor the casan which both parent-progenyandsib-sibcorrela-
tionsarecloseto 0. Alsoin this caset is almostidenticalto that obtainedfrom the harmonic
meanof populationsizest differenttimes,whichis the textbookmethodfor computingthe
effectivepopulationsizefor expandingpopulations([29], Equ.(2.13);alsoseeViethods,

( ). FornumericalcomparisonsseeTable2. These
findingsillustratetheimportanceof including the correlationsin the model.

Themostimportant conclusionis thatin the presencef family relations the estimated
effectivepopulationsize+ is smallerthanthat obtainedby usingthe harmonic-mearlaw.
Usingparent-progenyandsibling correlationsestimatedrom data,weobtain+ thatis
about45%lower.Asaconsequencaelrift actsin cellpopulationsstrongerthanunderthe
strict Wright-Fishermodelwith populationgrowth,whichincreasesheimpactof random
fluctuationsin suchpopulations(seethe lastsectionof Results)This seemdo beof impor-
tancein two contextsjn which continuedcellproliferationtakesplace One of theseis can-
cergrowth,in which aninitially smallpopulationexpandsinddiversifieshy somatic
mutationsbut alsoepigeneticchange$48+50].Geneticor epigenetidrift actsatthe stage
whenthetumor is verysmall,but alsoin isolatedsecondaryociin somecancersA
verywell-documentedtudyof neutralevolutionof this kind hasbeencarriedout for
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hepatocellulacarcinoma]51]. The othercontextis healthyhumanhematopoiesisn which
arelativelysmallpopulation(ca.10,00Qells)of hematopoieticstemcells(HSC) proliferates
throughoutthelifetime, diversifyinginto anumberof descendantineagesand producing
about10” maturebloodcellsperday[52]. In the courseof infections the HSCbecomeacti-
vatedandif theincidentsrecur,their numberandheterogeneitynaypermanentlydecrease
[20], which alsomakeghe healthyHSClesscompetitiveif amalignantclonearisesSince
HSCpopulationis distributedamongsmallerbone-marrowneighborhoodsalledniches,
drift islikely to actstronglyin this population.Reducedr amplifiestheseeffectsThis may
alsobethe casdn developmenbf otherstem-celtypessuchasin hippocampaheurogen-
esisTherole of heterogeneityn this systenis becominganintensiveresearctocus[53].
Oneof theinterestingphenomenas heterogeneityeductionwith age which hypothetically
might bedueto stem-celpopulationbottleneckswhich havebeendemonstratedisingthe
branchingprocessnodelby Li and co-workerg54].

Methods
Experimentalprocedures(Cell line)

Replication-defectiveself-inactivatingetroviral constructavereusedfor establishing
NIH3T3 FUCCI-2Acellline asdescribedn ref.[55]. Thesecellsstablyexpresshe Cdtland
Gemininsequencesodingfor G1and S/G2/Mprobesfusedto mKO2 and E2-Crimsonfluo-
rescenteporters respectivelyTheyareseparatedby a2A sequencéo allow post-translational
cleavagandfollowedby apuromycin-resistanceassettéor subsequenselection.

Beforerecording,cellswereseedeat 7+10%confluencg10° cellsperwell) in a6-wells
plate(Falcon) with white DMEM medium (high glucoselontaining1%Penicillin/Strepto-
mycin, 10mM HEPESandeither10%or 15%FBS Cellswereleft undisturbedfor 48hours.
Forrecording,cellswereplacedn aZeissAxiovert200MmicroscopgZeisswith a20XPh
objective A culturechambertemperatureand CO2controller (Peconwereusedto ensure
constantsuitableconditionsfor long-termrecordingof the cellsImageswvererecordedevery
15minutesfor 72hours,usingaCoolsnagHQ/Andor NeosCMOScameraCellswerebriefly
illuminatedwith aFluoArcHBO lamp (Zeiss)at reducedntensity.Epifluorescencsignals
wererecordedasfollows:mKO2:300ms (filter cube:Ex534/20+Di 552+Em572/38),
E2Crimson800ms (filter cube:Ex600/37DDi 650DLP 664).

Model of cell cycle

Themodellingparadigmwe employis basedn the hypothesighat the timing of major events
in the cellcycleis heritablein proliferatingcells.Thistiming andits heritability arecontrolled
by anintricate mechanismyhich hasbeenpartly elucidated56], but its detailsrequiremore
resolutionthanwecanbuild into our model.Other processesuchassynthesiof FUCCI pro-
teins,occurwithin thistime. Anotherdriving factoris unequaldivision of proteinsamong
progenycells.It hasbeendemonstratedheoretically{12,57] and confirmedby fitting models
to data[4, 11],thatmodelsbasedn similar hypothesesxhibithomeostatiproperties This
amountsto regulatoryfeedbacksactingin the model.Howevernoneof thesemodelshasbeen
basedn dataof suchresolutionasthe presenine.

Heritable cell cyclephasetimes. Residencéimesin progenyGlandS/G2/Mcellcycle
phasegsgiventhe parentsresidencdimes,follow the bifurcatingautoregressioequations

2 T S N ) alt (&

) : L1t
%, o1 F Vo1 %0 alt (&
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wherethe superscript = 1,2denoteshe numberof progenycell;%,; %,, areGlor S/G2/M
phasesengthof progenycell , %, %, areGlor S/G2/Mphasesengthofthe parentcell.
Constants g;, g2 areequalto meanGlor S/G2/Mcell-cyclephasedurationsplusacor-
rectiveterm requiredto ensurdong-termequilibrium (seefurtheron);' ¢1,' o  arefractions
of thedurationsof the G1or S/G2/M phasesnheritedfrom the parent;andthe noiseterms

( ¢1:( g arerandomvectorsfrom exchangeableivariatelognormaldistributions(compo-
nent-wisetransformationby exponentiafunction of bivariatenormal with equalmeansand
variances)Cell-cycletime isthe sumof residencdimesin GlandSG2M

.2t

% " %,7%s,

Thismodeldeviatesrom the original bifurcatingautoregressioof Cowanand Staudte
whichassumebsivariatenormal distribution. The modificationaccommodatethe nonnega-
tivity andpositiveskewnessf the distributionsof cell-cyclephaselurations.

Unequaldivision of FUCCI proteins betweenprogenycells. We usedthe following sto-
chastiomultiplicativelaws

I O R 3
$17 *$ 827 L1 TS

where# #* #2,$,$1,$2 arethe parent,progenyl andprogeny2 amountsof Cdt1 and Gemi-
nin, respectivelyandindependentandomvariables » * ¢ havebetadistributionsB( , ),
suchthatE(* ;) = E(*g) = 0.5andcv(*y) =cv(*s) = . Valueof hasbeenfoundbasedn
dataasexplainedater.Thisresultsin = =( 2 1)/2, consideringhatwith = , =(2
+1)%°, Betadistribution is usedbecausé constitutesaflexiblefamily of randomvariables
restrictedto the unit intervalof therealline.

FUCCI Protein synthesis(coefficientsbasedon linear regressionusinginitial concen-
trations of proteins and cell cyclephaselengths). In normalcells,Cdtlandits inhibitor
Gemininplayarolein cell-cycleregulation(S13Fig),andonecanindirectly affectthe dynam-
icsof the other.However,our measurementarebasedn fluorescencef markerscontaining
only fragmentsof Cdtland Geminin. Asaconsequencehe markersareproducedand
degradedn proportion to the3full-scale®Cdt1 and Geminin, but theydo not interactwith
other proteins[14, 15]. Single-celdynamicsof the concentration®f thetwo markersare
describedusingthe following equationgasearlieron, # variablefor Cdt1,$ for Geminin):

w1, Tt TR
$.1° 5 St g oISt

.3t

wherefollowing variablesareusedto describehetwo phases:
#Dproduction rateof Cdtlprotein,constantin time,
gDPproduction rateof Geminin protein,constantin time,
s#tbackgrounddegradatiorrateof Cdtl protein, constantin time,
stbackgroundlegradatiorrateof Geminin protein, constantin time,
#32 ()= (% $1)1( %s1)Pdegradationrateof Cdtl protein, linearlyincreasingn
time during the G/S2/Mphase®f the cellcycleand equalto 0 otherwise,
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s31() = (%g1 )1(%s, )Pdegradation rateof Geminin protein, linearlydecreasingn

time during the G1 phaseof the cellcycleandequalto 0 otherwise.

Thephase-dependemtegradatiorrateswereassumedo provideasimplified description
of alargenumberof regulatoryprocessemsidecells,suchasformation of complexestheir
activationanddeactivationAsit is known, the cellcycleis controlledby ubiquitin (Ub)-medi-
atedproteolysisActivity of two complexesAPC*9" and SCF*?oscillatereciprocallyduring
thecellcycle.CdtlandGemininaredirectsubstratesf thesecomplexe$14].

For purpose®f long-termsimulations the protein production ratesof simulatedcellsare
drawnfrom linearregressiorequationsfollowing the assumptionshat:

1. 4 dependdinearlyon %;; and#g, and
2. gdependdinearlyon%s, and$,.

Mathematically,

. o1 ¥ 151781 ¥ 2170 Fw a4t

$ $2 + s Y s 2;$2 $,%F $2

where#and$, arethe amountsof the Cdtland Geminin,respectivelyat the beginningof
thecellcycleand ¢ and g arerandomerrorterms.Randomnumbersaredrawnfrom
two-dimensionahormal distribution to reproducecorrelationbetweersiblings:

r,~ 0166 . " 0:54.Parametersvereestimatedisinglinearregressiorfrom single-cell
data.Thereis generallyhigh agreemenamongparametersimulatedin this manner,andthe
single-celbatais depictedin Fig 2E.

Estimation of parameters

Estimation of the bifurcating autoregressiorparameters. We accomplishthistask
usingthe methodof moments;n this casethefirst and secondnoments For clarity, we omit
the subscriptsorrespondingo cellcyclephase$1and SG2M.It is understoodthat estima-
tion is carriedout separatelyor Gland SG2M.

Thenoisetermsin Eqsl and?2 aredistributedaccordingto the versionof exchangeable
bivariatelognormaldistribution, which arisesvhencoordinateof anexchangeableivariate
normalvector* aretransformedby the exponentiafunction. Supposg = (* Lx~ )&,

1r
S), where&= (&,&)isthevectorof expectedraluesandS = s2 1 isthevariance-
r

covariancematrix of rv *. Theresultingbivariatelognormalrv ( = (( *( 9 = (exp(*%),exp
(* ?) hasajoint densityfunction that canbederivedin astandardway,andthefirst- andsec-
ond-ordermomentshavetheform

L MR (o e

1t (5 2 st 1t
hencethe correlationcoefficientis equalto
Moy W0 1= 1t

We assumeaow that

1. Equilibrium distribution arisesn thelong-timelimit in the model,sothattimes%and%
areallidenticallydistributed.Thisis the consequencef the generatheoremon time series
models seeeg.the monograph([58], Theorem4.3.1.p. 304).
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2. Cellmeasurementeepresensuchequilibrium,
3. In thebifurcatingautoregressionight-handsides( and% areindependentv's.
This allowsderivingthe following momentequations

7, SR VIR, -7/ N G ¢
L%ty L wtE (T
L AR 7 NG

YR y L%t

Rememberinghatunderequilibrium, E(%) = E(%)and Var(%) = Var(%)weobtain

mis2=2
R B .51
1y
2ms? s? 1
.96t” —ZT ...671
1y
Y ) rs2 1
Fwoe Y+ 1 ¥V — 1 A
oo Y .8t
andcombiningexpressionfor parent-progenyand progeny-progenyovariancesyeobtain
cousin-cousircorrelationcoefficient
Fogop  Togopy .9t

We cannow solvetheseequationgor thefour unknown parameters- %&,and , assum-
ing avaluefor parameter. Followingthis, wecansubstitutefor the momentsk(%)andVar

(%)andcorrelationcoefficients o, o, andr o, their sample-basedstimatesq o 9.6t
rd, 5, andi,,,, andobtainthe method-of-momentsstimate®f the unknown parameters,
givenassumed. Subsequentlyyecanadjust. sothatthedistributionsof residence¢imes%
fit databest.

Wefirst notethat by Eq(8)

9 B 'd’/();%
Now,weuseEq(7) in theform

rs 2 1. rd/q;ﬂ/@ 92

1 g b2 .01t
to write atranscendentagquationfor ~  °...>1t
o1t b1t
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Since=1] ., 1, thereforefor .>/, thereexists = ¢>1, whichsatisfieshis equation.
Thisprovides

&
Theremainingtwo estimatesreobtainedby simpleinversionof Eqs(5) and(6)

d 2
o Ly STl H2t
20 b b gy

b D=,
19

Estimation of the parametersof the distribution of unequaldivision of FUCCI proteins
betweenprogenycells. Valueof the coefficientof variation of therandomvariable* in
the multiplicativemodelof unequaldivision hasbeenfound, basecn comparisonwith simu-
lations.Direct measuremenof the extentto which the proteinsareunequallydistributed
betweerprogenycellsis difficult dueto degradatiorof the FUCClmarkersin lateM phase.
We performedsimulationsto calibratethe impactof spreacof this distribution on dynamics
of proteinlevelsn the progenycells We assumedhe = 0.13the sameasthatin ref.[4], cal-
culatedfor mammaliancellsVarying did not alterthe outcomein asubstantiamanner,
therefore =0.13hasbeenkept,whichcorresponddo parametervalues = =29.3of the
betadistribution model.

Estimation of FUCCI protein synthesisODE model. It isassumedhatdynamicsof pro-
tein synthesicanbedescribedusingEq(3). Experimentatrajectoriesof protein levelsn indi-
vidualcellshavebeenusedto find individual productionrateswith degradatiorrates
assumedhe samein all cells. Theseandotherparametersuchas , ,theamountof Cdtl
proteinattheendof G1phaseand , theamountof Geminin protein atthe endof thecell
cyclewerefitted iterativelyusingEq (4) andthefollowing heuristicrelationships

~ e
%,

b~ 9o

W;

- 3
%;,

$ W:

Empiricalparameter®, andOg link protein productionrateswith theratiosof the protein
peakvaluesandthe respectivalurationsof cell-cyclgphasesThis amountsto linearinterpola-
tion of the arcsof exponentiafunctions.

Cell-cyclephaseadurationsfor all cellshavebeenestimatedusingan original technique(S14
Fig) basedn information aboutdivisiontimesof the cellsandtheir parentsandfluorescence
levelsof FUCCI proteins.It allowsdetectingcellcycleand phaseendpoints but alsoverifying
if thetrajectoryis of appropriatequality and canbesubjectof further analysisBriefly, it
includesthefollowing stepqS14Fig): (i) determinationof thelevelof noiseandof the parame-
ter valuedor smoothing,(ii) computingof numericalderivativesof thetrajectoriesof Cdt1,
Gemininproteinlevels(iii) detectionoflocalminima of differentiateddatato identify division
times,and(iv) detectionof Cdt1 protein maxima,thetiming of which providesthe estimated
momentof transitionfrom G1to Sphaseof cellcycle(in this stepweanalyzeonly theinterval
of Cdtlproteintrajectorylocatedbetweerdivisiontimes).The maximaof the expressiorof
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the Cdtl protein,justbeforearapid drop, aredetectablén 99.7%of cells.In generalproblems
at eachstepof analysisveremostlycausedy aberrantprotein trajectoriesn somecells,such
asthe protein levelnot changingn time, or the almostconstantnoiselevelbeingextremely
high, whichmadeit impossibleto retrievethe protein dynamicssignal.

Applicationof the procedureresultedin the following estimate®f parametershatare
identicalfor allcells, 4 =0.08, » g» =0.0880,=6, ¢=0.0,5¢1 =0.1240=4.

Wright-Fisher model and the cell cyclemodel

Mathematicalframework. In the canonicaWright-Fishermodelof populationgenetics,
time ismeasuredn discreteunits (generations)andthe numberof individualsin eachgenera-
tion isconstantandequatlto . Individualsof generation contributeto the +1-stgeneration
by multinomial samplingIn mathematicaterms,letusdenote thenumberofthe +1-st
generatiordescendantsf the -th individual of the -th generationThen =( 1, 2,..., )
~MN( *,..., *:), which,amongotherthings,impliesthat ~Binom( *:). Thecell
proliferation processveconsiderrunsin continuoustime andthe cellcountchangesvith
time. Letusconsiderapopulationstartedattime =0by cellsLetusconsideratimeinter-
valoflength i anddenote (1) =#{progenyof attime i}. If thedistribution of vector
=[O approximategmultinomial distribution, thenwemayconsiderthe cell
proliferation processsapproximatelyconformingto a Wright-Fishermodelwith effective
populationsize (whichdependn 7). Technically, isalsoadiscreterandomvector,
althoughnot integer-valuedHowever,comparisondasedn distribution tailsarevalid for
anyrandomvariables.

Therationalefor our approachollowsfrom practicewell establisheéh populationgenet-
ics,of approximatingreal-lifepopulationsby populationsobeyingWright-Fishermodelwith
aeffectivepopulationsize®thatis differentfrom the actuafcensugpopulationsize®.For exam-
ple,if the populationsizehasbeenvaryingin the past the effectivepopulationsizeis fre-
guentlyapproximatedasa harmonicmeanof the censugpopulationsizesn successivpast
generationg[29], Equ.(2.13)).

In our notation, this harmonic-mearestimateof + hasthe form of

1

+° D! 1.ttt

0 0

( ZDhX) i )1

Assumingthat 1 () areequalto their expectedraluesj.e.thatl () =1 (0) ,where isa
growthrateestimatedrom simulatedtrajectorieqfor exampleby representinghemin semi-
logarithmicscaleand estimatingthe slope of the graphusinglinearregression)yweobtain

~ D)o w ) %

+ —

Yo Jo Do

Wewill seghatthesewo estimateprovidealmostidenticalvaluesof +.

However it hasbeenestablisheatleastsincethe well-knownpublicationof Rogersand
Harpending(1992)[59] thatthe Wright-Fishermodeldoesnot generallyapplywith agood
approximationwhenpopulationundergoeslemographichangeNeverthelessyedemon-
strateherethatthe approximationis acceptablatleastn thetermsof marginaldistributions
(seeResults)Explanationof possibleeasongor this is postponedo Discussion.

Statisticalconsiderations. To obtainaninformal test,weconsiderthe marginaldistribu-
tions,which undermultinomial joint distributionsarebinomial,andthe secondnoments As
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statedweexpecthat
FTOLEr gt L) ha) h+t) o L) L+t
Upon rescalingpy the effectivepopulationsize+ sothat2 = */+,
L2ty R L2t L) 1) &+ 22t ) o h L2t 2251
") M+ 1 673

Fromsimulationsweobtain  samplédrajectorieggeneratedyy our model,whichcan
berescaledy the estimatecdeffectivgpopulationsize This latter canbeaccomplishedby
fitting the empiricaldistributionsof * to theBinom() *;+) distribution. Asaresult,we

obtain asample’n theform of atable:f2 Tgl) . We considertwo statistics |2:>A
L)y tt o2ty Hand 20 L) tY L2t 2 where2 ) 2T
Then,rememberinghattheentriesof 200 arenot independentyve obtain

I R I L2240 L) Mot L2 h

Usingthesewo expressionsye canestimateby the methodof moments the varianceand
covariancainderexchangeabilitassumptionTheresultsaredepictedin Tablel.

Supporting information

S1Fig. Comparisonof repetitions of the sameexperiment(15%FBS).Boxplotsrepresent
cell-cycldength.During observationfandomlyselectedreais recordedduring 72hours.
Moviesdiffer with respecto initial numberof cellsandtheir location.

(TIF)

S2Fig. Comparisonof repeatsof the sameexperiment(15%FBS).Thecorrelationbetween:
1) cellcycleand G1phase) cellcycleand S/G2/Mphasesind3) Gland S/G2/Mphases4)
samplesizes.

(TIF)

S3Fig. Family relations and differencesbetweenexperiments.(A) Correlationsbetween
family memberdasedn experimentatlata.Estimationof standarddeviationss describedn
detailin Methods.(B) Correlationsof cellcyclelengthbetweerfamily memberdor two
selectednovies.75%of information aboutcousinscamefrom thesemovies.Strongcorrelation
betweercousings specificfor case?. (C) Verification of the hypothesighat cell-cycleduration
dependson the birth dateof the cell. Cells'birth datesroundedto the nearesmultiplicity of 2
hoursarepresentedisboxplotsto addresshe hypothesis(D) Cross-plotof cells'birth date
andthecell-cycldengthfor cellsfrom two selecteanovies(E) Individual tracesfor cousins.
Eachcolor denotesonepair of cousinsalargedot indicatesposition of cellsat the beginning
of the cellcyclejinformation aboutcell-cycledurationis alsoincluded.

(TIF)

S4Fig. Relationshipsbetweendurations of the cell cycleand the G1and S/G2/Mphases.
(A) Experimentadata.Linearrelationshipbetweerthe total divisiontime andthe duration of
phasesSolidblacklinesshowthefitted linearrelationsof theform =( ) . (B)Linear
relationspresentedn the histogramswherethe distribution of proportionality is shown.In
80%o0f samples1phaseoccupies35+55%f the cellcycle (C) Cross-plotof thetimesof G1
andS/G2/Mcell-cyclephases. , 2normal®cells; , extendeccell-cycle-lengtitellswith
longerS/G2/Mphasesand , extendectell-cycle-lengtirellswith longerG1phase(D)
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Gaussiammixture modeldistinguishingthe2normal® from extendedtell-cycle-lengtteells,
combinedwith the EM (ExpectatiorMaximization)algorithm,to estimatehethreshold(22

h) for separatiorof cellsinto two groups.(E) Correlationbetweerphasesndcell-cycldengths
for family members.

(TIF)

S5Fig. Correlation matricesrepresentchangesn protein dynamicsin relatedand unre-
lated cells.X andY axegepresenfractions(0 to 1) of cellcycleprogressedyith the gaps
betweermeasurementsormalizedto 0.01.Correlationsbetweerprotein expressionateach
time of cellcyclearefound usingcorrespondingcoordinatesCorrelationmatricescanhelp
finding partsof the cellcyclewith similar dynamicsasit is shownin the diagonalareaof the
progeny-progenynatrix.

(TIF)

S6Fig. Time trajectories of Cdtl and Geminin levelsin singlecells,and meanand median
trajectories. Two cases(A) Movies41+48+47Measurementand (B) Movie 49+17/ea-
surements.

(TIF)

S7Fig. Populationswith different growth factors concentrations.(A) Comparisonof cell
cycle,G1phaseandcombinedS/G2/M phaseslurationsfor two serum(FBS)concentrations.
Calculationsvereperformedbasedn 105and642measurementtor 10%and 15%of FBS,
respectivelyHistogramswverenormalized the heightof eachbaris equalto the probability of
selectingan observatiorwithin the correspondingoin interval,andthe heightof all of the bars
sumsup to 1. All distributionshavecharacteristitognormal-likeshapeadditionalinformation
aboutmediansareincludeddirectly on the plots.Lowerdoseof serumcausegxtensiorof G1
and S/G2/Mphasesndasaconsequencef thewholecell-cycldength.Changesn thelengths
of the cellcycleandof the S/IG2/M phasesrestatisticallysignificant(Wilcoxon rank sumtest).
(B) Pearsorrank correlationsbetweerengthsof the phasesndthe cellcycle Standarddevia-
tionswerecalculatedisingMonte Carlocrossvalidationand 10,000terations.(C) Comparison
betweerprotein dynamics Eachline denotenecell,blacksolidline ismeantrace black
dashedine is mediantrace.Thedivision momentswereselectedisingproceduredescribedn
Methodssection(D) G1phasdakesproportionallylessime under 10%FBS(Wilcoxon rank
sumtest),asit is shownin the boxplot(105samplegor 10%FBS andthe samenumberof ran-
domly selectedamplegor 15%FBS)(E) Survivalfunction mappingdivision eventsonto time,
basedn cellsthat dividedat leastwiceduring the experimentsothetime of birth anddeath
couldbeestimatedKaplan-Meiercurvemapsdivision eventonto time, including cellswhich
dividedonly once,sothateithertheir birth or deatharenot known. Significantdifference
betweernl0%FBSand 15%FBSis observednly whenincompletecellcyclesareincluded.
(TIF)

S8Fig. Resultsof long-term behavior predicted by the model. (A) Histogramsof cell-cycle
lengthsfor asingleancestorcellandits progeny After eachof 4,000divisionsalongasingle
line of descentpnerandomlychoserprogenywasusedfor analysis!  and  colorrepre-
sentcasesvith low (13.6h) andhigh (61.3h) initial cell-cycldength,respectivelyThe medians
in both casesresimilar (21.9h and21.8h). (B) Thescattemplot of initial cell-cycldengthand
mediancell-cycldengthafter400generationsNo correlationis observeds significantstatisti-
cally(. =-0.04).(C) Heatmapsrepresentinghangesn cell-cycledurationsin nextgenera-
tions. Threecolorsrepresentifferentcell-cycldengths:  for measurementbelowthefirst
quartile;  for measurementabovethird quartile,and for measurementwithin the
interquartilerange.(D) Histogramsof cell-cycldengthsfor apopulationstartedfrom asingle
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ancestomat200h of observation!  and  colorsrepresentasesvith low (13.6h) andhigh
(61.3h) initial cellcyclelength,respectively(E) Scatteiplot of initial cell-cycldengthandpop-
ulation sizeafter200h. Strongnegativecorrelationis observed. =-0.65).Growth curvesfor
two extremecases. and  colorsrepresentasesvith low (13.6h) andhigh (61.3h) ini-
tial cell-cycldength(respectively)(F) Descendantsf ancestorcellsareidentified and
counted.Growth curvesshowdifferencedetweertwo cellpopulations.

(TIF)

S9Fig. Cell-cycleduration for acrossseveralgenerations.(A, B) Tenextremecasepre-
sentedn theform of chart,wherex axisrepresentgeneratiomumber,y axiscell-cycldength.
(C, D) Fifty extremecasegresentedn theform of aheatmap,wherex axisrepresentgenera-
tion number,y axisrepresensingle-cellineageand color denote<ell-cycldength.

(TIF)

S10Fig. Scatterplots for cell-cyclelength differencefor pair of cousinsand their physical
distance.
(TIF)

S11Fig. Detailed scatterplotsof experimentaland simulated datafor model parameters.
(PDF)

S12Fig. An exampleof 2noisy® measurementPhaseortraitsfor casevherequalitativepat-
ternisdifferentthanin majority of cells,it is causedy high noiselevel.
(TIF)

S13Fig. Interaction betweenfunctional FUCCI proteins. Cdtlandits inhibitor Geminin
areimportant regulatorsof replicationlicensing[60]. In normal cells a critical balance
betweerthesewo proteinsensureghatfiring of eachorigin alongthe genomewill takeplace
only oncepercellcycleIn our casavemeasurexpressiorf dysfunctionalproteins,but regu-
latedin the samewayasoriginal ones Source[61].

(TIF)

S14Fig. The secondmethod of estimation of the cell-cycleendpoints. It includesseveral
steps(1+2)identification of the levelof noiseand determinationof the appropriateparameter
valuedor smoothing,(localregressionusingweightedinearleastsquaresanda2nd degree
polynomialmodel);(3) numericaldifferentiationof Geminin protein levels(4) detectionof
localminima of differentiateddatato identify division moments and (5) detectionof Cdtl
protein maxima,the timing of which providesthe estimatednomentof transitionfrom G1to
Sphaseof cellcycle(in this stepweanalyzeonly fragmentof Cdt1 protein dynamiclocated
betweerdivisionmoments).

(TIF)

SlData.S_Data_15% FBS_All_Cellsleasuredntensitiesfor Cdtland Gemininextracted
from tracking (15%FBS).
(XLSX)

S1Movie. Changeof Cdtl and Geminin protein acrossthe cell cycle.Blackandbluedots
represenexperimentahndsimulationdata,respectively.
(AVI)

S1Text. Supplement-Mura-Feillet.Thefile containsadditionalresultsdiscussiongescrip-
tion of methodsandreferences.
(DOCX)
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